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Preface

Recently, the United States and China have made great progress in the field of
quantum computing and quantum computer research. This year, China has won major
victories in landing on the moon and fighting COVID-19, some leading information
technologies have played an important role. Up to now, Strong network and computing
power has brought great convenience to our work, study, and life.

In order to stimulate the future development, explore novel applications, exchange
ideas, and express opinion, the 2020 17th IEEE International Computer Conference on
Wavelet Active Media Technology and Information Processing (ICCWAMTIP2020)
will be held at University of Electronic Science and Technology of China (UESTC) in
Chengdu on December 2020. The aim of this conference is to provide a good forum for
teachers and researchers working on both theory and applications on computer science,
artificial intelligence, machine learning, big data, cloud computing, wavelet analysis,
active media technology and information processing.

This conference is following the success of the series former conferences from the
first conference in 1999. The ICCWAMTIP2020 emerged as a leading conference on
new computing architectures and new information processing algorithm. We have
received a lot of full papers submitted from all over the world. To ensure the quality of
the conference and proceedings, each paper was reviewed by different reviewers. After
a thorough review process, the program committee and academic committee selected
final papers as regular papers and short papers. These papers cover wide range, such as
computer science, wavelet analysis, active media technologies, information security,
bioinformatics, sensor network, Al, BI, ANN, Big Data, cloud computing, Internet of
things (IoT), and so on. The papers study the hot issues in their researching fields,
present many valuable ideas. The proceeding of ICCWAMTIP2020 was published by
UESTC Press. There are some invited talks delivered by distinguished researchers in
the world. We must add that the conference organizing committee, the conference
program committee, the conference academic committee and the reviewers did most
excellent job within a very tight schedule.

We wish to thank all the authors for submitting their work to ICCWAMTIP2020
and all the participants, whether you came as a presenter or an attendee. We hope that
there was ample time for discussion and opportunity to make new acquaintances, and
you experienced an interesting and exciting conference and enjoyed your stay in
Chengdu. We hope that all of you will enjoy and benefit from the papers in this book.

The ICCWAMTIP2020 was supported by the Scientific Research Project of
Ministry of Science and Technology of P.R.China, the National Natural Science
Foundation of China (Grant No.61370073), the National High Technology Research
and Development Program of China (Grant No.2007AA01Z423), New Century
Excellent Talent Support Project of Chinese Ministry of Education, the Scientific
Research Project of Sichuan Province, the Scientific Research Project of Chongqing



Municipality, the Scientific Research Projects of Chengdu Civil-Military Integration
Project Management Group, Chengdu Chengdian Network Technology Co., Ltd.,
Sichuan Yin Ten Gu Technology Group, Chinese Computer Association, State
Administration of Foreign Experts Affairs of P.R.China, China International Talent
Exchange Foundation, Doctor Station Foundation of Chinese Ministry of Education,
IEEE Chengdu Section.

Jian Ping Li, Ph.D., Professor
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In the 5G communication, it asks for high quality and good efficiency. Base station
antennas use omnidirectional or sectored pattern, which could cause the power waste
in unexpected direction and interference for the others. In a smart antenna system,
SDMA can allocate space to many users by using an angle separation and create a
different beam for each user in the same frequency channel simultaneously. Each
beamformer creates a maximum toward the desired one of its users while nulling the
other users. Its spatial separation ability can avoid making interferences one another.
Therefore, the system capacity can be increased. Smart antenna radiation patterns not
only adjust maximize the main lobes toward the directions of the desired signals, but
suppress interferences by placing nulls in the directions of interfering. A smart antenna
system can make MIMO-SDMA optimization come true and satisfy the 5-G
communication system.
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Abstract:

The increasing demands and requirements of mobile
communication are gradually rendering the numerous current
waveform designs obsolete. For example, in the realization of
5G, several waveforms are proposed. These waveforms are
promising, but not without their respective drawbacks.
Considering the ever-increasing demands, these drawbacks
might make them unsuitable in higher generations of mobile
networks such as 6G. Wavelet-based waveforms are
considerable alternatives in meeting the ever-growing demands
of future mobile communication. In this work, we investigate a
wavelet Orthogonal Frequency Division Multiplex (WOFDM)
algorithm that automatically adjusts to the constellation order
according to the channel state. This we refer to as Link
Adaptive Wavelet OFDM (LA-WOFDM). With this, we achieve
a spectral efficient waveform while maintaining a balance in
link quality. A spectral efficient waveform system yields higher
power efficiency. Finally, our results show that Link Adaptive
Wavelet-OFDM can compete with the state of the art.

Keywords:
Link-adaptive; Wavelet-OFDM; 5G; 6G

1. Introduction

Emerging mobile technologies will make possible a
fully automated and remote management system. They are
supported by the advancement of mobile generation
networks; 5G drives the effective adoption of smart life; a
commercial term used to describe the interconnection of
millions of sensors embedded into materials, people, and
environments. The classes are autonomous driving,
immersive gaming, robotics and drones, Internet of Things,
etc. Some of the emerging applications described above
indicate that 5G operates with a high degree of diversity in
terms of requirements and services. Some of these
requirements, relative to 4G, are characterized by high
spectral efficiency, multi-gigabit-per-second (Gbps) data
rates, high spectral efficiency, low latency, high mobility, and
high connection density. Lately, the increasing number of
certain new-sprung applications, as well as yet to be
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conceptualized applications will require improved Quality of
Service (QoS) higher than what 5G can offer [1]. To combat
5G limitations, research directions are outlined in [2].

A close look at wireless systems architecture reveals
that waveform plays a key role in physical layer solutions
and it is centric to the overall efficiency of a mobile
communication system. In a broad form of explanation, the
performance of a wireless system depends largely on the
radio access technology. It is a determinant of different
parameters. Such as robustness against channel impairments,
Transmission (Tx) and Reception (Rx) energy efficiency,
data transfer rate, and compactness of symbols in the time-
frequency plane. This paper is therefore focused on the
design of an efficient waveform.

This work is structured as follows: Section 2 highlights
the existing research contributions relating to this paper;
Sections 3 describes the major contributions of this proposed
work; Section 4 gives the detailed system description, setup
and simulation of this work while Section 5 brings this work
to conclusion.

2. Background of related work

OFDM simple design makes it an easy choice for
wireless systems engineers. This is also evident in the
waveform selection for 5G release 15. Amongst the proposed
waveform, the International Telecommunications Union
chooses Cyclic Prefix OFDM (CP-OFDM) for downlink and
Single-Carrier OFDM (SC-OFDM) for uplink. Aside
simplicity of the OFDM waveform, other reasons are that the
wireless societies are familiar with OFDM’s use including in
4G LTE and other standards. Therefore, we can conclude it
is a mature technology. The technical attempts at mitigating
OFDM’s drawbacks result in the evolvement of OFDM to
other waveforms. These drawbacks are not limited to high
PAPR, sensitivity to Carrier Frequency Offset (CFO) and
Out of Band (OOB) emissions, and reduction in transmission
throughput due to cyclic prefix inclusion. A distinct approach
is the Discrete Wavelet Transform (DWT) in OFDM. This is



generally known as OWDM. The application of DWT in
signal coding was introduced in [3]. Some of the subsequent
articles are [4] and [5]. The work reported in these references
are narrow in scope and therefore do not provide enough
guidelines in extending the results to application in future
mobile communication. A broader scope of OWDM’s
application guidelines is provided in [6].

Link adaptive channel systems have been reported in
several articles. [7] expands knowledge base by discussing
adaptive transmission systems that share spectrum resources.
In this scheme, users (primary and secondary) utilize
Alamouti Orthogonal Space-Time Block Coding (OSTBC)
system under mutually related antennas over Rayleigh fading
channels. It derives expressions for the average spectral
efficiency, average Bit Error Rate (BER) and outage
probability of the system for each individual transmission
technique. [8] reports a fairly different approach to reducing
Peak To Average Power Ratio (PAPR) that are caused by
nonlinear distortion in Radio Over Fiber (RoF) system. It
modulates subcarriers with considerable distortion and
suitably reduces the modulation level on the subcarriers to
secondary levels. Results show this technique improves the
BER performance significantly while the decrease in data
rate for a system with 64 subcarriers and 16QAM as primary
and 4QAM as secondary modulation levels is around 4%. A
similar link adaptive 2 x 2 MIMO employed wavelet-
OFDM-Radio Over Fiber is discussed in [9]. Diverse
wavelets were incorporated to maintain small side-lobes and
low PAPR resulting in high power efficiency. Specifically,
the dbl wavelet in the orthogonal category and wavelets of
order 1.3 in the bi-orthogonal (or reverse) category gives the
best power efficient and spectral efficient transmission link
quality. [10] explains the 5G base stations performance of
adaptive modulation and coding based on the feedback from
the user on channel state information. This improves the
spectrum efficiency by selecting different combinations of
code rates and modulation types.

3. Major contributions

The references discussed in section II are the various
attempts at realizing a more spectral and power-efficient
waveform suitable to meet the ever-evolving mobile
generation network. The aim of this work is similar, however
with a different approach. A careful look at the above

discussed references shows that they are mostly limited to
non-adaptive Wavelet-OFDM. [9] is adaptive but limited to
RoF system. As stated above, this work aims to investigate
and develop both an energy-efficient and power-efficient
waveform while limiting waveform complexity. The
fluctuations in the channel link quality (channel state) are
high, so there is the need for a self-adaptive (to the current
channel state), reliable and spectral efficient waveform
system. The adaptive algorithm is designed based on the
classic threshold BER algorithm under the assumption of
perfect channel estimation for M-PSK modulation schemes.
The results are compared to the non-adaptive scheme.

4. System description

For the purpose of coherency and sequential description
of this work, effects of SNR variations on BER (under un-
adaptive modulation order) are first discussed. Fig.2 shows
the BER response to the varying SNR. An observation of the
graph shows that at low SNR of around 0dB, constellation
orders 16PSK to 128PSK have very close BER values. As
the SNR increases the BER values gap widens. For example,
for a given maximum BER value of 1x1073, it requires a SNR
value increase of about 5dB from QPSK to 8PSK, and
roughly the same SNR value increase for the rest of the
constellation orders.

Here, we present an end-to-end working principle of
LA-WOFDM from the transmitter, through the channel, to
the receiver. Firstly, User data-bits are mapped to a suitable
constellation (M-PSK) order. The suitable constellation
order is set to a minimum (QPSK) at default by the link
adaption control subsystem. At this stage, the channel state
is unknown. After mapping, the symbol-data is wavelet
coded by convolution to generate a wavelet-OFDM signal.
For the processing of received signals, this process is
reversed. The link adaptation control subsystem in the
receiver continuously updates the transmitter of the SNR
data. With this, the transmitter and receiver subsystems
select or switch modulation orders accordingly to maintain
the BER below the specified threshold value of 1x10-2. The
SNR values are defined in the link adaptation control as
shown in Fig.1.
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Fig.2 Haar Wavelet-OFDM with diverse PSK modulation
orders

In fig.3, at QPSK order, the system targets the set
maximum BER of 1x102. It peaks at 2.5dB. Further
increment of the SNR triggers the switching of the
modulation to the next higher order of 8PSK. This process is
the same for the rest of the operation. Fig.3, in comparison
to fig.2 shows that the algorithm maintains a constant peak
BER at varying SNR; QPSK to 128PSK, the algorithm
maintains the BER at or below 1x1072.
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Fig.3 Haar Wavelet OFDM system with adaptive PSK
modulation schemes as described in Fig.1

5. Conclusions

An adaptive Haar wavelet-OFDM system has been
demonstrated in this work. With this, high power efficiency
through link quality management is achieved. For a test, an
arbitrary BER number was chosen to test the efficiency of
the system. Based on the input test parameters, the BER was
successfully kept at a peak BER of 1x10 even at higher
constellation orders. In the future, we will extend this work
to include the Multiple Input Multiple Output (MIMO)
antenna system alongside code rate.
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Abstract:

Signal classifications have benefited from the successes of
ML and DNN architectures. Cough classification techniques
mainly extract features such as the Mel Frequency Cepstral
Coefficients for training. Most of these works also focus on
obtaining information from single data modalities. However,
multimodal analysis has been shown to aggregate useful
information from different modalities thereby improving the
internal capacity of ML models at data analysis. In this
research, we propose a multimodal cough data classification
approach with scalograms images obtained by decomposing
cough signals using continuous wavelet transform and clinical

information of subjects obtained from the COUGHVID dataset.

Our result shows improved precision as compared to expert
analysis.

Keywords:
Multimodal analysis; Wavelet transform; Deep learning;
Transfer learning

1. Introduction

Deep learning techniques have fueled recent data-
driven technologies in diverse sectors including medicine
and clinical practices due to their ability to internally identify
features and capitalize on patterns and traits from such large
datasets. The urgency of finding a solution to the COVID-19
pandemic had resulted in the application of such DL method
over data collected on image, sound, and demographic data
of patients[1-2]. The use of multimodal data had been shown
to be effective at revealing characteristics from the different
modalities that could help in recommendation systems or
prediction of diseases[3-4].

Signal processing techniques have also been
extensively used in medical data analysis to extract useful
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features from ECG, cough sounds, etc. Wavelet Transform
had been particularly researched for its trait of
decomposition, denoising and compression of signals[5-6].
In this work, continuous wavelet transform is used to
decompose cough signals and the resulting coefficients in
form of a scaleogram are used in a multimodal DL training
pipeline.

1.1. Organization

The rest of the paper is organized as follows; We state
the motivation and some recent works in section 2. Section 3
describes our proposed approach and results. We then gave a
conclusion in section 4.

2. Motivation and Related Works

The response by the research community towards
obtaining solutions to the COVID-19 pandemic has resulted
in a number of proposed techniques based on different
datasets collected across the globe. Cough data is one that
could be easily collected with most personal mobile devices
equipped with microphones. This has enabled institutions to
gather data for cough analysis without getting into direct
contact with the donor of the data. Orlandic et al released
their ~ large-scale = crowdsourced  dataset = named
COUGHVID[7] which was motivated by a recent cough
analysis paper by Imran et al. [8]. Their paper was based on
the hypothesized that that “Cough sounds of COVID-19
patients contain unique enough latent features to be used as
a diagnosis medium”. They further investigated the
uniqueness of COVID-19 cough and found that it was
enough to produce a diagnosis based on Al, thus, dissimilar



pathomorphological alternations are present in the
respiratory system as a result of COVID-19. They performed
their training and testing on their single modal cough sounds
dataset of which 96 were bronchitis, 130 were pertussis, 70
were COVID-19, and 247 were normal cough examples
collected from different people.

In a much more related work, Brown et al [9] proposed
a multimodal machine learning pipeline that utilizes both
cough and breath data in their analysis. The authors
crowdsourced their respiratory sounds data using the web
and an Android App. A total of 141 cough and breathing
samples of different COVID-19 patients were used for their
final. Over 2200 cough and breath data were also collected
from their control group labelled as non-COVID based on
different criteria.

In this paper, we show that using the coefficients
obtained by decomposing cough signals using continuous
wavelet transforms together with some clinical features
offers a good prospect for classifying the cough signals. We
thus propose a multimodal classification pipeline that takes
the decomposed coefficients in form of a scalogram and
relevant clinical features from the COUGHVID dataset.
These two modalities are passed to a DNN for training and
subsequent testing.

3. Methodology
3.1. Dataset and Preprocessing

To the best of our knowledge, as at the time of
conducting this research, the largest publicly available cough
dataset of COVID-19 patients was the COUGHVID
dataset[7]. We opted to use this dataset because of the clinical
information provided as metadata. We first filtered the data
by removing all records for which no cough was detected.
Then as an essential step before performing the
decomposition, we trimmed out all the silent parts of the
signals.

3.2. Signal Decomposition

Continuous Wavelet Transform analysis is similar to the
STFT analysis, but CWT analyzes the cough sound signals
in time-frequency. The CWT of 1D sound signals is shown
below as:

CWT (x, ) (s, 7) = f_+wx(t)1/)* (5)ae @

The output of CWT coefficients which are functions of
scale(s) and time (t).

Scale

Amplitude

WAVELET .
~ | TRANSFORM

Time Time

—

Fig.1 Continuous Wavelet Transform

The 1-D cough signals were decomposed using
continuous wavelet transform. The analytic Morlet (Gabor)
wavelet was used in the filter banks. Figure.2 shows the
original signal, the scalogram of all the coefficients and the
signal of the 32" scale. The Scalograms were obtained using
the jet color map. The sampling frequency was kept the same
as was used in sampling the cough sounds (48 kHz).
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Fig.2 (a) Plot of the original cough signal. (b) Scalogram
after decomposing the original signal into 61 scales. (¢) A
plot of the coefficient of the 32nd scale.

3.3. Transfer Learning

In order to improve the accuracy of our model, we first
implemented a transfer learning to learn the initial weights
of the image network. This was achieved using autoencoder
which usually includes the encoding and decoding
processes[10]. Thus, given an input x, the first step is for the
autoencoder to encode x to some hidden layers following
some encoding processes, after which comes the decoding of
the hidden layers to get an output X. The deviation of
X from the input x is minimized by the autoencoder.



Encoding: & = f(Wyx + b,) 2)

Decoding: X = f(W/& + by) 3)

Where f is a nonlinear activation function, W; €

R¥*™ and W, € R™** denote weight matrices. b; €

R¥*1 and b; € R™*! denote bias vectors. The output of

the hidden layer is § € R¥*1. The aim here is to learn some

weight matrices and bias vectors that will minimize the
reconstruction error:

min

Wy,by, Wy b}

We use our base CNN architecture for the image as

described in the next subsection for the transfer learning. The

weights are used to initialize the training of the model.

=l = x|I? (4)
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Fig.3 Proposed multimodal architecture
3.4. Fusion-based Classification

From the metadata, we selected and encoded the
following features: age, respiratory condition and fever
muscle pain, as one modality. These features are first fed into
a dense layer with 20 units. The output was then passed into
another dense layer with 10 units. ReLU activation layer is
used in both layers.

The second modality is the scalogram images. These
images were all kept at equal size of 224 x 224 x 3 and fed
into the CNN based classifier. The input scalogram images
were first passed through two convolutional layers with a
filter size of 16 each. The high dimensional output is then
sent through a 2 x 2 max-pooling layer thereby reducing the
complexity of the model. The next layers are two
convolutional blocks with filter sizes of 32 and 64
respectively. Each of the convolutional blocks is made up of
two 2-D convolutional layers with a 3 x 3 kernel size, a batch
normalization layer and a 2 X 2 max-pooling layer. A dropout
of 0.2 is applied to the output features and passed to a fully
connected layer. The output features are then passed to a
dense block. The dense block is made up of a dense layer
with 512 neurons, a batch normalization layer and another
dropout of 0.2. The final layer is comprised of a dense layer
of 10 neurons.

The features from the two modalities are merged
together and fed into a dense layer with 3 neurons and a
softmax activation layer for prediction.

3.5. Implementation

The base architecture for the scalogram was used to
train a transfer learning on all the images that were not used
for either training or test set. To obtain this set, all records for
which the cough detection confidence is less than or equal to
0.79 or records where there was no age information were
reserved for training the transfer learning model. In addition,
844 records with confidence above 0.79 were also included.
A total of 18562 cough sounds were used for the transfer
learning. The Training set contains 1116 records of which
each class had 372 records. The test set includes 340 records
analyzed by experts. Here, the three classes (upper infection,
lower infection and obstructive disease) were condensed into
a symptomatic class so we can compare the expert accuracy
with our model’s accuracy. During training, we set our batch
size to 16 and used the Adam optimizer with learning rate of
0.0001.

To evaluate our model, we calculated and compared the
specificity, sensitivity and precision [11-18] of our model

with that of experts’ diagnosis over the test set.
TN

Specificity = P (5)

Sensitivity = P (6)

Precision = —— 7
TP+FP

3.6. Results

The results of our proposed model, together with the
expert’s prediction performance is showed in Table 1.It can
be deduced that our model outperformed the experts’
diagnosis due to the discriminative feature extraction
capability of the deep learning model. Most often, the
experts failed to predict the true status of one of the three
groups (COVID-19, Healthy and Symptomatic) leading to a
very low sensitivity values 0.29, 0.18 and 0.38 respectively.

Table 1 Performance metrics

Specificity | Sensitivity | Precision
Experts
COVID-19 0.78 0.29 0.35
Healthy 0.76 0.18 0.28
Symptomatic 0.49 0.38 0.38
Proposed Model

COVID-19 0.81 0.43 0.56
Healthy 0.80 0.51 0.58
Symptomatic 0.63 0.69 0.64




4. Conclusion

Cough classifications have mainly been approached
using features extracted from Mel Frequency Cepstral
Coefficients. In this paper, we show that scalograms obtained
by wavelet decomposition could be fused with clinical data
for a multimodal classification. COUGHVID crowdsourced
public dataset was used for the implementation. To the best
of our knowledge, this work is the first to use the dataset for
a multimodal classification. We compared our result with
that of the experts and had a higher precision. We will
explore using discrete wavelet transforms with different
wavelet families in further work.
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Abstract:

In this paper, a new image haze removal algorithm is
proposed by jointly utilizing dark channel prior and guided
filtering in dual-tree complex wavelet transform domain. The
algorithm firstly uses guided filtering to smooth the hazing
image, then adopts dual-tree complex wavelet transform to
decompose the hazing image into low-frequency and high-
frequency sub-band components, and then uses the dark
channel prior model to process the low-frequency sub-band of
the image, finally adopts inverse dual-tree complex wavelet
transform to get the dehazed image. The dark channel prior
comes from the statistical law of the outdoor fog-free image
datasets. Since dual-tree complex wavelet transform has
approximate translation advantages such as degeneration,
higher positioning accuracy, computational efficiency, and
guided filtering can increase the scope of application of haze
removal, which can greatly reduce the optimization time of
initial transmittance and the complexity of the entire algorithm.
Therefore, the new proposed algorithm outperforms traditional
dark channel prior based defogging algorithm. The
experimental results show that the proposed algorithm can
effectively improve the contrast and clarity of the image.

Keywords:
Dehaze; Dark channel prior; Guided filtering; Dual-tree
complex wavelet transform

1. Introduction

Due to fog or poor air quality, the visibility of the
outside scene will reduce and the decrease of the amount of
light will cause distortion and lower contrast in the images
when shooting some outside scenes. Nowadays, because of
the limitations of single image analysis, the processing
results of many computer vision technologies such as object
detection and image classification are not optimistic. In 2011,
He[1] proposed an image defogging algorithm based on the
dark channel prior. He found that in a foggy image, some
RGB three-channel pixels with at least one low intensity
value will be in the atmosphere. When the light rises under
the irradiation, these pixels can be repaired to play the role
of defogging. In 2013, He [2] proposed guided filtering. On
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the one hand, this wave filter has good characteristic of
maintaining smooth edges, on the other hand, it can make the
filter output more structured than the input. By combining
the two algorithms, the guided filtering algorithm can
compensate for the slower calculation speed of the dark
channel prior due to the higher computational complexity [4].
In 2019, Bi [3] proposed that the two-dimensional double-
tree complex wavelet’s real and imaginary wavelet
coefficients can extract high-frequency information in six
directions to approximate translation invariance, multi-
directional selectivity, higher positioning accuracy and
calculation efficiency and other advantages. This paper
proposed a new algorithm jointly utilize guided filtering and
dark channel prior in dual-tree complex wavelet transform
domain. The comparison of experiments under the same
conditions shows that the algorithm can effectively improve
the image contrast and clarity.

2. Method
2.1. Dark channel prior

In the field of computer vision and computer graphics,
McCartney [5] proposed a famous atmospheric scattering
model. This model expression is simplified and widely used
in the field of image defogging. The expression is as follows:

I(x)=J(x0)t(x)+A(d—-t(x)) (1)

Among them, I(x) is the image to be processed

(original foggy image), J(X)is the intensity of the scene

1(x) is called the

transmittance, which reflects the information of the
defogging image. A is the atmospheric light intensity. The
goal of defogging is to recover J from I. In the algorithm
research of He [1], the statistical law of dark channel theory
was proposed, which shows that: after decomposing an
image into multiple regions, each local region has at least one
pixel which has low intensity value on one RGB channel. So
the dark channel image is defined according to the following

light and the image we want to get.



expression:

J**(x)= min | min (J° 2
()= min (min(7°(2))] @

For (1)(2), we then adopt minimum filtering processing
to obtain the final expression [5] as shown in the following

expression:
)

A 3)

Among them, the parameter @ is introduced to retain a
certain fog effect, so as to play a certain role in the perception
of depth of field. If this parameter is removed, the image will
be distorted and appear unnatural. The value of @ is 0.95
under normal conditions. Because the transmittance obtained
by the dark channel prior algorithm is only a rough
transmittance. Need to use soft matting algorithm to refine
the transmittance. The optimization problem for f can be
approximated by solving the following sparse linear system:

(L+AU)t =2t (4)

Among them, U is an identity matrix equal to [, and
L is the matting Laplacian matrix proposed by Levin,

f =1—omin ( min
c yeQ(x)

which is usually a parameter value, the purpose of ; is to
make certain constraints on f . According to the above
formula (5) and the a priori law of the dark channel, the
atmospheric light value can be used to calculate the final
dehazing result. The final result expression is:

J (x)= +A

®)

2.2. Guided filtering

Image filtering is a type of edge smoothing filter, which
can realize the functions of image edge smoothing and image
fusion denoising. Its principle is to filter the input image
through a guide image, and the output image can fully obtain
the change details of the guide image while retaining the
overall characteristics of the input image [6]. Guided
filtering adopts the idea of least squares method, which is
calculated by Box Filter and image integration. It has good
edge retention and detail enhancement performance. Its
execution speed is independent of the filter window size and
runs fast. The expression is:

q; :ZVVU(I)P,- (6)
J

In the formula, I is the guide image, and this paper
uses the grayscale image of the original image as the guide
image; P is the input image; ¢ is the output image; i
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and J are pixel labels; W; is the filter kernel function,

which is defined as:

W= Y o ma),

| k(i,j)eo; o-k2 +é&
In the formula, @) is the k-th kernel function window;

| @ | is the number of pixels in the window; 4, and o are

the mean and variance of the guided image in [ the window;
€ is the smoothing factor.

2.3. Dual-tree complex wavelet transform

Dual-tree complex wavelet transform (DTCWT) can be
realized by applying two pairs of filter banks to the input data
at the same time. The complex wavelet can be expressed as:

v (O=y (O+ jy,(t) (8)

In the formula, W, () represents the real part of the
complex wavelet; ¥;() represents the imaginary part of
the complex wavelet. ¥, (¢) and ¥, (¢) are real functions.
Therefore, DTCWT can be expressed as two independent
real wavelet transforms, including two parallel wavelet trees:
tree a and b. In order to ensure that the impulse response of
the wave filter corresponds to the real and imaginary parts of
the complex wavelet transform coefficients, the filter lengths
of two trees are used to be odd and even and linear phase
respectively. The basic principle is to use a pair of real filter
trees to decompose the input signal at the same time to
generate the real and imaginary parts of wavelet coefficients.

The two-dimensional dual-tree complex wavelet’s real
part and imaginary part wavelet coefficients can extract high-
frequency information in six directions of £15° , +45° |
and +75° . Compared with Discrete Wavelet Transform, it
has approximate translation Advantages such as degeneration,
higher positioning accuracy and computational efficiency [7].
In contrast, DWT has 3 wavelet sub-bands on each scale,
which can only reflect the vertical and diagonal directions of
horizontal numbers.

3. Algorithm

After experiments, we found that the image is
decomposed into low-frequency and high-frequency parts by
dual-number complex wavelet transform. The fogging part
caused by the refraction of atmospheric light in the fog
component is mainly concentrated in the low-frequency area
in the image. After the dual-tree complex wavelet transform,
the low-frequency part of the two-dimensional image is
subjected to the dark channel prior defogging process, and



the defogging image can be obtained more efficiently. The
specific algorithm steps are as follows:

(1) Input a foggy image.
(2) Use guided filtering to obtain the filtered image of
the foggy image.

(3) Use the dual-tree complex wavelet transform to
obtain the low-frequency and high-frequency components of
the input image.

(4) Use the dark channel prior model to process the
low-frequency sub-band image.

(5) Adopt inverse dual-tree complex wavelet

transform on the new low-frequency sub-band and the old
high-frequency sub-band to reconstruct the image.

guided fiitering

Filtered image

dual-tree comples wavelet transform

The low-frequency
subband image

dark channed priar

Dehazed low-frequency

subband image
nverse dual-tree complex wavelet transform
Fig.1 Algorithm flow chart

4. Experimental results and analysis

Compared with the traditional single dark channel prior
model, the dual-tree complex wavelet transform combined
with guided filtering in dark channel prior domain performs
better, because only the extracted low frequency sub-bands
need to be processed accordingly. This algorithm can greatly
reduce the algorithm time complexity. In order to
qualitatively and quantitatively evaluate the results of the
image, the results of the dark channel prior algorithm and the
result of the dark channel prior image dehazing combined
with guided filtering are obtained in the experiment. The
contrast and information entropy of the dehazing image are
compared in the experiment, as shown in Table 1 below. It
can be seen from the table that the algorithm proposed in this
paper has increased information entropy and contrast
compared with the dark channel prior dehazing algorithm.
From the visual observation, the defogging image obtained
by this algorithm is obviously higher than the defogging
image obtained by the defogging algorithm of other models.
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() (d)
Fig.2 Comparison of woods with fog, (a) Hazing Image, (b)
He’s method, (¢) Guided Filtering with Dark Channel Prior,
(d) Our method

7

(c) (d)
Fig.3 Comparison of a garden with fog, (a) Hazing Image,
(b) He’s method, (¢) Guided Filtering with Dark Channel
Prior, (d) Our method

(a) (b)
(c) (d)
Fig.4 Comparison of a foggy night city, (a) Hazing Image,

(b) He’s method, (c¢) Guided Filtering with Dark Channel
Prior, (d) Our method

Tablet 1 Comparison of experimental data



Ilrilll;lglz Algorithm Entropy Coitra
Hazing Image 71956 27.3?12
Method 1 7.4020 34-1587
1 Method 2 7.3559 35;”7
Ourmethod |  7.4425 35~6825
Hazing Image 7.4136 37?41
Method 1 7esi | 2003
i Method 2 7566 | 2707
Our method |  7.7205 55-2689
Hazing Image 5.7625 21 -;87
Method 1 60000 | 74
’ Method 2 6.0469 33-9912
Ourmethod | 67755 | 203

5. Conclusions

The algorithm that combines the dark channel prior
model proposed in this paper, after introducing the dual-tree
complex wavelet transform and guided filtering, indeed
effectively improves the efficiency of the algorithm. In
addition, since the algorithm only dehzed the low-frequency
sub-band components, the next step will consider improving
the high-frequency components of the image. Moreover,
because the dark channel prior is a statistical law, it may not
be effective for some very special images. For example,
when the scene is essentially close to the air layer and there
is no shadow covering it, the dark channel theory is Invalid.
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DECOMPOSITION OF EARLY WEAK SIGNAL OF ROLLING BEARING
BASED ON ARTIFICIAL BEE COLONY ALGORITHM

ZHANG SHUO!, LI FUSHENG?

1-2School of Automation Engineering, University of Electronic Science and Technology of China, Chengdu 611731, China
E-MAIL: zhangshuo951227@hotmail.com, lifusheng@uestc.edu.cn

Abstract:

The transient components in the early weak fault vibration
signals of rolling bearings are easily obscured by intense
background noise and cannot be detected quickly. Based on the
sparse representation principle, an artificial bee colony (ABC)
optimization sparsity method of the Laplace wavelet dictionary
is proposed to realize the transient characteristic components
in the signal extraction. Sparse decomposition with Orthogonal
Matching Pursuit (OMP) algorithm is a signal adaptive
decomposition algorithm, and it is one of the effective methods
for weak feature extraction under strong noise background.
Aiming to select and construct an over-complete dictionary for
the sparse representation of rolling bearing fault vibration
signals, based on the analysis of fault signals' characteristics, an
improved Laplace wavelet atomic library was constructed. For
solving extensive calculation and low efficiency of the
orthogonal matching pursuit algorithm, this paper combines
the ABC algorithm's fast operation characteristics to select the
improved Laplace wavelet atom that best matches the fault
through the inner product operation, thereby improving the
calculation efficiency. Experiments show that the method has a
proper matching with the early weak fault signals of rolling
bearings and can adequately characterize fault information and
judge the fault type more accurately.

Keywords:
Fault diagnosis; Improved Laplace wavelet; Sparse
decomposition; Artificial bee colony algorithm; Rolling bearing

1. Introduction

As an essential part of the mechanical system
components, rolling bearings often fail during the automatic
system operation. Once the failure occurs, it will have a
considerable impact on the normal functioning of the
equipment. Therefore, it is incredibly essential to perform
condition monitoring and early fault diagnosis on rolling
bearings to ensure the material's safe operation in the later
stages. Rolling bearings are subject to pitting, spalling, and
other failures[1-3]. The existence of these failures will cause

978-0-7381-4259-3/20/$31.00 ©2020 IEEE

periodic impulse vibration. The basic waveform is a
combination of a sine wave and an impulse attenuation
response waveform. Its characteristic frequency depends on
the fault location, speed, and bearing parameters; this
coexistence of different typical waveforms brings specific
difficulties to bearing fault feature extraction and failure
location diagnosis [4-6].

Unlike traditional signal characterization methods, the
signal sparse characterization theory aims to find the sparsest
expression from the redundant basis function library and
then realizes the capture of the essence of information and
the most efficient illustration. The specific components of
mechanical faults often show sparseness in the overall signal.
Suppose the sparsest representation of the original message
based on a particular feature dictionary can be found, and a
matching dictionary with signal fault characteristics can be
selectively constructed. In that case, the dictionary selection
and update can be more matchable to the original signal
structure. Built on the time-frequency theory, Mallat et
al.[7]proposed a Gabor atomic library. The local aggregation
of Gabor atoms in the time-frequency domain conducts well,
which can adequately represent the signal's regional
characteristics. Still, because Gabor atoms' frequency does
not change with time, it is sometimes difficult to match some
typical FM signals [8].In 1999, Buttlan et al.[9] proposed
that Chirplet atoms were constructed by adding chirp
parameters based on Gabor atoms, and the Chirplet
frequency changed linearly with time. There was a certain
degree of distortion in matching bearing fault signals.
Xiaohui Gu et al.[10]formed a Laplace wavelet. The single
attenuation characteristic of the wavelet base effectively
matches the fault signal, but the lack of orthogonality limits
its application. Aiming at this problem, the improved
Laplace wavelet is introduced to represent bearing fault
signals sparsely. The main algorithm of traditional atomic
search is the matching pursuit (MP) search method, which
approximates the original signal of the optimal local value
found in each iteration. Take into account this, the orthogonal



matching pursuit algorithm (OMP) is developed. Although
this method has high accuracy, the calculation effectiveness
is low, and the real-time performance is not superior. Owing
to the relative efficiency of smart algorithms in optimization,
intelligent algorithms can significantly improve search
efficiency. Therefore, to speed up the ability of the atomic
search, Yousef Zanjireh et al.[11] proposed an optimization
algorithm for selecting dictionary atoms based on genetic
calculations, but this algorithm has a slower search speed and
quickly falls into a local optimum.

Aiming at the above problems, this paper proposes a
signal sparse decomposition method based on the ABC
algorithm to optimize the Laplace wavelet dictionary. First,
the signal is sparsely decomposed using the improved
Laplace wavelet atoms. The optimized OMP algorithm is
utilized to perform atomic optimization, and then the
reconstructed signal is extracted. Sensitive features are used
as feature parameters and applied to the analysis of rolling
bearing fault simulation and measured signals.

The rest of this article is organized as follows. The
second part introduces the methods and related background
theories proposed in this paper. The third part analyzes the
simulation signals and compares them with other methods
(GA-OMP). In Section Four, the experimental verification
and engineering applications are performed, which solves
detecting the rolling bearing's early weak fault. Finally,
Section five concludes.

2. Optimization of Laplace wavelet dictionary based
on ABC algorithm

2.1. Improved Laplace wavelet dictionary

The frequency component of a rolling bearing signal
often changes over time due to bearing defects and faults.
When the bearing surface is damaged, periodic waveforms
and impulsive attenuation waveforms often appear in the
collected vibration signals. To further improve the matching
performance of time-frequency atoms to nonlinear FM
signals, Laplace wavelet atoms are used to build a sparse
dictionary:

<
2m ===
g, =Axe */P_‘fxsin27rft (1)

Atomic parameter set y=(f,{), where A, f, &

are the coefficients of normalized wavelet functions,
oscillation frequency, and Damping coefficient, respectively.

The Laplace wavelet and impact signals' correlation
coefficient is high, while the Laplace wavelet and noise and
other signals are low. Finding an appropriate Laplace
wavelet can accurately identify impact signals. Atoms are
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applied to the analysis of bearing fault signals. To obtain an
over-complete dictionary with high redundancy, its time-
frequency parameters need to be discretized by the
optimization algorithm.

2.2. Principle of the improved OMP algorithm

This paper optimizes the OMP algorithm by the ABC
algorithm. Secondly, the ABC OMP algorithm is tuned by
changing the residual update's timing to accelerate the speed
of signal decomposition. D={g (O)} . ('={y,,i=12,..})
is a group of an over-complete dictionary of Hilbert space
H, g, isadictionary atom defined by parameter group 7y,

and this atom is standardized, e.g., "gY " =1. f isasignal

to be analyzed. The process of ABC_OMP is as follows:
Step 1: Input signal to be decomposed f . OMP algorithm

initialization, set the number of iterations, let £ =0.

Step 2: Initialization of ABC algorithm, search times limit,
and the maximum number of loop iterations max. Randomly
generated N initial viable atoms, corresponding to the hired
bee;

Step 3: Calculate the fitness function value of the
corresponding atom of the hired bee, and record the optimal
atomic parameter vector y~ and the maximum fitness

function value fitness(y’) ; According to the formula

Vig =Yg TR (1 —1g) 5 the
neighborhood search and calculate the fitness function value
of the corresponding new atom ( The parameter vectoris V,),

hired bee performs a

if fitness(v,) > fitness(y,) , then vy, =v,, or 7y, is

constant. And update the optimal atomic parameter vector
#*

v

value fitness(y’);

Step 4: The waiting bee chooses the atom randomly, and
perform a neighborhood search to generate new atoms
according to the formula v =v,+R, (y;-7v,) , the

parameter vector is V,, and calculate the fitness function

at the same time and the maximum fitness function

value for the new atom. Hiring bees through a limit cycle
determine whether the corresponding initial atom is updated.
If the kth atom is not updated, the hired bee turns into a scout
bee and generate a new atom (the parameter vector is I, ).

Step 5: repeat step 3~step 4, up to the maximum number of
iterations max. Save the optimal atomic parameter vector at

this time y, =y" and the maximum fitness function value

fitness(y, ) = fitness(y") .
Fig.1 is a flowchart based on improved OMP.
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k=k+1 <_| < The reconstructed signal >

Fig.1 Flow chart of the proposed method

3. Results and analysis

This section evaluates the proposed method's
effectiveness and analyzes the bearing outer ring fault signal
as a simulation signal. For a faulted bearing with a partial
outer ring defect, the following formula is used to simulate
its vibration signal:

2

where y, and ¢ arescale factor and damping coefficient,

y(t) = yye " sinm,\[1- £

respectively, @, =2z f, , f, is the normal operating
frequency of the bearing. Lety,,¢, f,be 5, 0.1, 3000Hz,
impact repetition cycle is 0.01s. The sampling frequency of
the signal is 20kHz; the number of sampling points is 4096.
Add Gaussian white noise to the simulated signal (the noise
intensity d = 0.6 ), as Fig.2 (a), (b), and (c) show.

This paper uses Laplace wavelet atoms for sparse
decomposition. The atom formula is:

£
27 ft =
g, = Axe V¢ xsin2zft, t=0 (3)
0, , t<0

v=(f.¢), and the
parameter range is set as follows: f €[1000,5000] ,

The atomic parameter set is

¢ €[0.01,0.3]. To evaluate the advantages of the proposed

method, the comparison is also made in this paper by
analyzing the sparse decomposition using traditional genetic
algorithms. The maximum number of genetic algorithm and
the ABC algorithm and the number of individuals is 200 and
1000. The maximum number of sparse decompositions is 90.
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Fig.3 (a), (b), 4 (a), and (b) show the reconstructed and
residual signals obtained by the two methods, respectively.

SRR

-5

)

=

Amplitude(m/s

2048
Time(ms)

Fig.2(a) Simulation signal

2 T T T
] mm
I ! bl
2 I L i
1024 2048 3072 4096

Time(ms)

Fig.2(b) The Gaussian white noise signal

T T
L L
1024 2048 3072 4096
Time(ms)

Fig.2(c) Synthesized signal of simulated signal and noise
signal

L
0 1024 3072 4096

Amplilude(m/‘sz)

o

=

n

.-\mpli(ude{m/ﬁz)

th

=

Amplirude(m/\z)

n

2048 3072

Time{ms)

Fig.3(a) Signal reconstructed using genetic algorithm
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Table 1 Comparison of parameters in simulation results

Method ABC-OMP GA-OMP
The correlation coefficient 0.67 0.42
SNR(dB) -2.695 -5.442
Residual signal
enerey(m/s?) 1363 2155




For simulation signals with white Gaussian noise, both
can reconstruct the signal. Still, the proposed method has
higher reconstruction accuracy and could effectively
reconstruct valid signals in the same number of
reconstructions. The remaining signals are mostly noise
signals. Simultaneously, due to the advantages of the
involved Laplace wavelet atomic dictionary, the proposed
dictionary OMP has excellent advantages in mixed-signal
reconstruction. Through the above analysis and comparison,
the effectiveness and superiority of the technique are proved.
This method can reconstruct the bearing fault signal well,
which shows that the method can still effectively extract
bearing fault characteristics even when the bearing fault
signal contains inevitable component noise.

Fig.5 The bevel gear and rolling element bearing failure test
bench

Fig.6 Fault bearing rolling element

In this section, the bearing fault vibration signal is based
on the data obtained from the bevel gear and rolling bearing
failure experiments of the University of Electronic Science
and Technology of China. Fig.5 shows the experimental
system, including the motor, coupling, rotor, eight-channel
data collector, acceleration sensor, speed sensor, bevel
gearbox, load, bearing (rolling and sliding) bevel gear, and
faulty rolling body is presented in Fig.6. The test bearing
model is rolling bearing ER-16K. Table 2 illustrates the
specifications. The vibration signal is acquired at a rotation
frequency of 30 Hz. The vibration signal is obtained by a data
collector mounted on the motor drive side's bearing housing.
The sampling frequency is 20kHz, the data point N1 is 4096,
and the analysis is performed on a laptop. According to the
rotation frequency f, and bearing specifications, the tested

bearing's characteristic fault frequency is calculated.

Table 2 Parameter table of faulty bearing components

Parameters Value

Ball diameter (inch) 0.3125

Pitch circle diameter (inch) 1.318
Contact angle (°) 0
Number of balls 9
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Table 3 Measured bearing fault characteristic frequency

Fault type Frequency (Hz)
Inner race fault 167.0087
Outer race fault 102.9913

Cage fault 11.4435

Ball fault 59.7075

Fig.7 (a) and Fig.7 (b) show the time-domain and
frequency-domain waveforms of the original vibration
signals of the tested bearings. It can be seen from the figure
that the signal-to-noise ratio (SNR) of the vibration signal is
meager, so it is difficult to find its periodic impact part in the
time domain waveform. Although the fault characteristic
frequency can be observed, the characteristic fault signals are
almost entirely submerged in many interference signals,

which affects the accuracy and efficiency of fault diagnosis.
01z T T
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Fig.7(a) Time-domain diagram of a 4096-point bearing
outer ring fault vibration signal

2000 4000 5000 6000
Frequency(Hz)

%107

[T S

Amplitude(m/s’)

Frequency k)

!
0 1000 T000 8000 9000 10000

Fig.7(b) Frequency domain diagram of a 4096-point
bearing outer ring fault vibration signal

Next, the method proposed in this paper is used to
analyze bearing vibration signals. The time-domain
waveform, residual signal waveform, and envelope spectrum
of the reconstructed signal are shown in Fig.8 (a), Fig.8 (b),
anﬁquig.S (c).
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Fig.8(a) Sparse reconstructed signal obtained by the
method in this paper

memwwwmm

0.0512 0.1024
Time(ms)

Fig.8(b) Residual signal after sparse reconstruction
obtained by the method in this paper
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Fig.8(c) Envelope demodulation spectrum of the
reconstructed signal
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The impact component can be observed in the figure,
and the amplitude of the remaining signal is limited to 0.6 to
obtain a reconstructed signal with a high signal-to-noise ratio,
and the fault frequency can be found through the envelope
spectrum ( f,=58.59 Hz ). Besides, the harmonics of the

characteristic frequency of the fault can be observed from the
envelope spectrum of the reconstructed signal (for example

2f,=117Hz,3 f,,1.5 f, ). Nevertheless, we cannot find 3 f,
1.5f, in the spectrum of the original signal. The fault

diagnosis results are almost the same as the value in Table 3
of the real experiment. The process in this paper has a
superior performance.

4. Conclusion

The improved Laplace wavelet dictionary under the
OMP framework optimized by the ABC algorithm is applied
to bearing fault diagnosis. First, a novel and effective
optimization algorithm namely ABC algorithm is introduced.
This method is applied to the OMP framework to optimize
the atomic parameters and then use the atoms in the atomic
library to best match the original signal. Secondly, by
analyzing the bearing fault simulation signals and comparing
them with those obtained by optimizing the atomic
parameters through the traditional genetic algorithm, we
can know the proposed method's effectiveness and authority.
The main conclusions are summarized as follows:

(1) The proposed ABC optimization algorithm based on
OMP can better select the atoms which fit the fault signal.
Simulation and experimental cases can well prove.

(II') Compared with other schemes, the one proposed in this
paper shows a better ability to extract bearing fault
characteristics, so it has absolute practical value in bearing
fault diagnosis.
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Abstract:

Dynamic imaging technology has a wide range of
applications. High dynamic image (HDR) can obtain better
realism and has irreplaceable advantages over traditional
image. Compared with the hardware implementation, the
software algorithm using multiple photos with different
exposures has the advantages of simpler and lower cost.
However, multiple images are prone to different degrees of
displacement, which requires image registration technology for
image registration. The main contents of this paper are image
registration related technology, image synthesis, camera
response function fitting, color synthesis and so on. The core
problem is to study image registration technology, including
mean binarization (MTB). This is an important link in the
process of HDR image synthesis and has important practical
significance.

Keywords:
Tracking; HDR; MTB; SIFT; Multi-exposure

1. Introduction

Dynamic range refers to the ratio between the
maximum pixel value and the minimum pixel value in an
image. The traditional digital image can only store the
brightness level of a pixel with 8bit (255 level) or 16bit
(65536 level), which is called low dynamic range (LDR)
Imagine that the white clouds and the midday sun in the low
dynamic range images are pure white, but their brightness
difference is huge, which is far from being able to be
distinguished by hundreds or tens of thousands of levels.
Therefore, the traditional LDR digital image cannot restore
the real world. With the development of technology, the
emergence of high dynamic range (HDR) image solves this
problem very well. It uses floating-point number to represent
each pixel value, and it is linearly proportional to the actual
brightness of the real world, which can better represent the
optical characteristics of the real world.

The cost of high dynamic range image obtained by
upgrading the hardware is very high, which is not suitable
for promotion to ordinary consumers. Therefore, we need
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software imaging method to obtain high dynamic range
image under lower hardware requirements. High dynamic
range image synthesis technology emerges as the times
require.

In the next few chapters will describe several
commonly used images processing methods, using different
methods to get a high dynamic range image. And trying to
noise the best method.

2. MTB Algorithm

A fast registration algorithm MTB based on pixel value
was proposed in Greg Ward's paper [1]. Median threshold
Bitmap (MTB) is a widely used and simple algorithm. To
obtain the image offset, the most direct method is to compare
the edge-based contours of different images. However, the
general edge binarization algorithm is not stable enough for
images with different exposures, so an MTB algorithm uses
the mean binarization algorithm. The first is to get the
binarized image.

2.1. Get MTB Image

To get the MTB image, you must first determine the
average value of the image pixels, and then set the pixels
larger than the average value in the original image to 255,
and the pixels smaller than the average value to 0. The pixel
average value can be calculated by grayscale Picture pixel
histogram, take the median value M.

n={y " (0
L V=M

The value V; is the pixels of the image that it processed
by the MTB algorithm. V is the pixel value of the original
image? If it is a color image, it should be converted to a
grayscale image. Not only should it be converted to a
grayscale image in the mean binarization algorithm, it should
be converted to a grayscale image in all subsequent
algorithm summaries. First convert the picture to grayscale,
because those algorithms can only handle grayscale images.



The RGB image can be converted into a single-channel
grayscale image by the following formula:

(54xred+183xgreen+19xblue)
256

2

The picture should only have two kind of pixel value 0
and 255 at the 8-bit situation.

The edge binarization method is usually used for
comparison with MTB. So, we apply the MTB method and
the edge binarization method to two pictures with different
exposures will get different effects (Fig

grey =

Fig.1 In the middle are two images with different
exposures, the left is the image after edge binarization, and
the right is the image after median binarization.

Edge binarization will get the edge information of the
objects in the image. We used two different MTB methods,
one of which got the contour of the image, and the other
without contour. Through comparison, it can be seen that the
median binarization (MTB) algorithm is more stable than
edge binarization, which is beneficial to improve the
accuracy of registration. We can see that the MTB method
obtain more information about the picture, however, both of
these methods have a disadvantage that there is obvious
noise, but MTB is obviously better. which is obviously
unfavorable for the subsequent processing?

In order to solve the noise problem, we can give the
median value a left and right range, for example, in this work
the range is 4. We can set the pixel value as this formula:

{O; [V —-M| <4
V2:

Vi, [V—M|>4

After the MTB image is obtained, the offset of the two
needs to be obtained. This requires the XOR operation of the
two MTB images to obtain the difference between the two.

€)
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The error amount is the number of 1 after the XOR. If you
want to get the specific cheap quantity, you can use the brute
force search method to search in the XY direction to get the
Ax and Ay that minimize the error after the exclusive OR.
error = Y upixet XOR(imagel, image2) (4)

However, for high resolution images, if the above
method is used to directly perform translation comparison, it
will consume very high time, and an alternative method is
needed. In his paper, Ward proposed to decompose each
MTB image in multi-resolution, and perform a small-scale
brute force search at a low scale, that is, to build an image
pyramid, which greatly speeds up the search.

If there is a rotation angle between the images, the offset
between the images cannot be completely described
accurately, which will affect the synthesis of HDR images.
Therefore, in order to make the MTB method more
applicable, we have to study the rotation How to get the
offset in the rotation angle under the circumstances.

After obtaining the relative translation offset of the
image, we need to keep the common part of the binary image
of the first two top-level images, and obtain a new pair of
images. The center pixel of the two images is taken as the
center of the circle, and the image. The smaller value of the
length and width is used as the diameter, and the minimum
value of the search error for the pixels on the circumference
at a certain angle is similar to the translation registration
method. Every time the image to be registered is rotated by
one pixel, it is performed with the reference image. The XOR
operation is summed to find the smallest value among all
sums, which is the best matching position. After obtaining
the corner offset, the image is registered, and the two images
are cropped, and their common part is retained as the final
matching position. Accurate results.

If the rotation angle deviation between the images is too
large, it may cause a translation and deflection registration to
be inaccurate. Therefore, the above translation and deflection
operations can be repeated, namely
‘translation’->"rotation’->"translation’->"rotation’, until the
rotation angle offset is 0.

3. Registration algorithm based on SIFT features

SIFT (scale-invariant feature transform) is an image key
point (or interest point) detection method proposed by UBC
professor David Lowe in 1999 and perfected in 2004 [2], and
the key point Local scale invariant features are depicted. A
paper published on WSCG2007 by A. Tomaszewski et al. [3]
proposed a multi-exposure image registration algorithm
based on SIFT features. SIFT feature points are widely used
in image recognition and registration. The SIFT feature
points can be used to easily match related points on two



images. The SIFT algorithm is an algorithm for extracting
local features. The key technical point is the extraction of
SIFT feature points. It is necessary to find the extreme points
of the image scale space and extract their position, scale, and
direction information.

3.1. The feature of SIFT

The SIFT feature is a local feature of the image, which
keeps its rotation, scale scaling, and brightness changes
invariant, and it also maintains a certain degree of
stability against viewing angle transformation, affine
transformation, and noise.

Uniqueness number, rich in information, used for faster
matching in a large amount of data.

Multi-quantity, seemingly simple objects can also
generate a large number of SIFT feature vectors.

High speed, the optimized SIFT matching algorithm has
a faster calculation speed.

Scalability, SIFT features can be easily combined with
other forms of feature vectors.

3.2. Extremum point detection in scale space

To use SIFT to extract potential points of interest, the
scale space of the image should first be constructed. Two-
dimensional scale space of the image I(x,y)at different
scales is expressed as, L(X,y, o), Gaussian blur is performed
by the image I(X,y).

Lxy0) =Gxy0) *1(xy) (5
Convolution with a two-dimensional Gaussian
function to get.
_(24y?)
G(x,y,0) = —¢e 202 (6)

We perform Gaussian blurring by choosing different
standard deviations o, we make t = ¢, at this time our
two-dimensional Gaussian function is:

) _(2+y?)
g y;t) =s—e (7)

As the variance t becomes larger, the smoothing effect
of the image after filtering becomes more and more obvious,
and the corresponding image also loses many details.

This problem can be solved by building an image
Gaussian pyramid by down sampling. After obtaining the
Gaussian pyramid, in order to find the stable and unchanging
extreme points, use the Gaussian difference equation

The difference of Gaussian DOG (Difference of
Gaussian) pyramid is established by subtracting two adjacent
layers (as shown in Figure 2-3). The Gaussian difference
equation D(x,y,0) is the difference between two adjacent
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images of adjacent scales, as formula (8):
D(X, Y 6) = (G(X! Y kG) - G(X, Y 0)) * I(X, Y)
D(x,y,0) = L(x,y,ko) — L(x,y,0) (8)

The reason for adopting the method of Gaussian
difference is that the Gaussian difference algorithm
approximates the Laplacian of Gaussian algorithm LOG
(Laplacian of Gaussian). The Laplacian of Gaussian is a very
stable feature extraction method. The so-called LOG is the
image Second derivative, able to detect the fixed point of the
image at different scales.

After obtaining the Gaussian difference pyramid, in
order to find the point of interest in the image, we need to
find the local extremum in the 3x3 neighborhood, and add
the pixel value of the center point to 8 in the scale space plus
two adjacent scales 18 adjacent pixels in the space. If the
center point is greater than the surrounding 26 pixels, then
the center point is the local extremum, this point is the
extremum point, and so on to find all extremum points.

Number section and subsection headings consecutively
in Arabic numbers and type them in bold. Use point size 10
for section headings and 10 for subsection headings. Avoid
using too many capital letters. Keep section and subsection
headings always flushed left. If any further subdivision of a
subsection is needed the titles should be 10 point.

3.3. Specify direction for feature points

Analyze the gradient direction  distribution
characteristics of the pixels near the key points, and specify
the direction parameters for the key points, so that the

operator has rotation invariance.
(L(x.y+1)—L(x,y—1)]}

0(x,y) = arctan{[[L ety L]

)

3.4. Generate SIFT feature vector and feature point
matching

Each seed point is composed of an §-dimensional vector,
so a feature point is represented by a 16x8=128-dimensional
vector. The final 128-dimensional vector is the descriptor of
the SIFT feature. The SIFT feature points at this time have
removed geometric factors such as translation, scale
transformation, and rotation.

In the SITF algorithm, a search algorithm based on the
nearest neighbor method of feature points is adopted. The
nearest neighbor method is an effective method to find
matching points for feature points. The nearest neighbor
point is the point with the shortest Euclidean distance from
the invariant descriptor vector of the feature point. Figure .3
shows all the matching points obtained by the SITF
algorithm.



Fig.2 SIFT feature point matching point found by nearest
neighbor method

4. Conclusions

In this paper, we have used two different methods to try
to register the image, and both have good results. Each
method has its own advantages and disadvantages. We
should judge which algorithm to use according to the actual
application scenario.

MTB is simpler and less costly, while SIFT algorithm is
more complex, but the effect is higher. There are other
algorithms worthy of in-depth study like SURF [4] and
Registration algorithm based on Fourier transform [5], which
are my next research directions.
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Abstract:

In the present study, a simple Terahertz(THz) polar-
ization-excitation-based method is proposed to examine the
refractive index of planar medium. This method is devised for
low THz band (i.e., 0.2 THz). Inspired by classical Fresnel
formula, the method utilizes circularly polarized antenna to
excite circularly polarized wave. Then, the reflected s-polarized
wave and p-polarized wave are directly received through
respective linearly polarized antenna. The refractive index thus
can be easily obtained from the Brewster’s angle of the object,
which is the incident angle yielding the maximal s-component
to p-component ratio. The overall measurement reliability is
guaranteed from both the transmitting end and the receiving
end. The transmitted THz wave is collimated and focused
through the properly optical path for anti-interference, while
the s-component and the p-component are received based on
two balanced paths against the stimulation and disturbance. A
high-resistance silicon is taken as a specimen, whose refractive
index is estimated as 3.37 on average in 75 GHz-110 GHz band.
This high agreement with the result measured by THz time
domain spectroscopy verifies the effectiveness of the proposed
method.

Keywords:
Polarized THz wave; Refractive index;Fresnel formula;
Brewster’s angle

1. Introduction

Terahertz (THz) is the electromagnetic wave region
between microwave and the infrared, generally considered as
the frequency going from 0.1 to 10 THz [1-6]. Recently a
booming development in various THz applications, e.g.,
security imaging [3], nondestructive testing [4], THz
spectroscopy [5], biomedical imaging/detection [6], etc.,
requires an urgent demand for electromagnetic parameters
measurement of dielectric materials over THz band [7-8].

THz time domain spectroscopy (THz- TDS) has been
widely used for decades to test planar materials through
transmission and reflection techniques [5-8]. Among those
work, it is obvious to observe that the starting frequency of

978-0-7381-4259-3/20/$31.00 ©2020 IEEE

the reliable spectrum of THz-TDS usually begins with 0.2
THz, even much higher. The limited band-width of the
photoconductive antenna which is popularly used in THz-
TDS may account for it [9-10]. Therefore, in low THz band,
especially referring to the frequency between 0.1 THz-0.2
THz, the planar material measurements can be developed
from the electronics sides. The classically well-known
methods of electromagnetic parameters measurement in the
microwave band include transmission line method, resonant
cavity method, single probe method and the free space
method [11-13]. However, the former three methods are hard
to implement in low THz band due to the lack of suitable
fixture/holder and the difficulty in sample fabrication. The
fourth one, the free space method who sets least amount of
constraints on sample size and environments, can potentially
evaluate a sample in a non-contact fashion in THz band [14-
16]. The authors in [14] utilized the metal MUT (material
under test) holder with a circular hole on each side to reduce
edge diffraction effect of MUT holder in the W-band free-
space system for measuring the transmission coefficients.
The authors in [15] proposed a scanning free-space measure-
ment setup for the evaluation of microwave absorption
properties of microwave absorbing materials. However,
those free-space methods in a transmission-fashion way
would suffer from the multi-value problem due to the
thickness-resonance problem [16]. Therefore, we can have
that the above mentioned methods cannot work straightfor-
wardly in the low THz band (60.2THz) due to the bandwidth
limitations of photoconductive antenna in THz-TDS, the lack
of fixtures/holder, the difficulties in making samples or the
multi-value problem in conventional microwave solutions.
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Motivated by the above considerations, this paper aims
to propose a simple measurement method in lower THz band,
called as THz polarization-excitation-based method, which
can be easily implemented in laboratory. This method works
in a reflection fashion to avoid the multi-value problem and
is devised based on polarization measurement for breaking
the rigid constraints on sample, fixture and environment by
conventional methods. It is a kind of free space method and
provides an easy way to implement the refractive-index
measurement. Inspired by Fresnel formula in classical optics,
this method achieves to measure refractive index of planar
medium by finding its Brewster’s angle. Specifically, it
utilizes one circularly polarized transmitter to simulate the
unpolarized incident wave and two orthogonal linearly
polarized receivers to separately receive the s-polarized
component and the p-polarized component of the echo
reflected on the sample surface. A rotating mechanism
consisting of two rotary platforms makes the movement of
the sample and the receiver synchronously, to equivalently
achieve the incident angle variation. The Brewster’s angle of
the sample then can be derived from the incident angle which
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corresponds to the maximum of the received s-component to
the received p-component ratio. The refractive index
therefore can be estimated by Fresnel formula when the first
medium is air in free space. Moreover, this reflection-fashion
measurement makes it perform anti-interference because of
the balanced paths between the s-polarized component and
the p-polarized component. Due to the geometry of the whole
experiment, this proposed method can have the effective
range of incident angle as [45°,90°], so does the Brewster’s
angle. This gives the ability to measure the refractive index
over [1.2,5.5] by our proposed method. Experiments are
implemented to achieve the THz wave transmitting and
receiving by a Keysight Technolgies performance network
analyzer (PNA) and two Virginia Diodes (VDi) THz
extension modules. Two specimens are high-resistance
silicon slice and a metal plate, while the metal plate is taken
as a reference. The average estimated refractive index of
silicon sample as 3.37 in 75 GHz-110 GHz band has shown
the effectiveness of the proposed method.
2. Measurement Principles
Refractive-index measurement is one of the most basic
physical quantities of electromagnetic characteristics of
materials. As Fig. 1 shows, when electromagnetic waves are
incident on one medium from another medium, reflection
and refraction would occur at the interface according to the
law of reflection and refraction. The incident wave consists
of a pair of orthogonal electric-field components, where one
vibration direction perpendicular to the incident surface is
called the s-component, and the other vibration direction
parallel to the incident surface is called p-component. The
Fresnel formula [17] gives the expressions of the reflection
and transmission coefficients of the s- and p-components
when the wave is incident from mediuml to medium2, i.e.,
F(0) = n, cos @, —n, cos b, (0) = n, cosf, —n, cos 6,

I
n, cos 8, +n, cos 6, n,cos@, +n, cos6,

(1)

2n, cos b, 2n, cos 6,

t,(0) = 5 (0) =

n, cos @, +n, cos 6, n, cosd, +n, cos 6,

Where n, and n, is the refractive index of medium
1 and medium 2, respectively; 6, and 6, is the incident

r[’

angle and the refraction angle, respectively; r),n5,

t), and
tl, denote the reflection coefficient of s-component, the re-

flection coefficient of p-component, the transmission coeffi-
cient of s-component and the transmission coefficient of p-
component when the electromagnetic wave is incident from
medium 1 to medium 2, respectively.

Similarly, when the electromagnetic wave is incident
from medium 2 to medium 1, we can have



—n, cos @, +n, cosb, —n, cos @, +n, cos 6,

5,(6) = 4(6) =
n, cos b, +n, cos 0, n, cos 6, +n, cos o, )
2n, cos 6, 2n, cos 6,
t5,(6) = : 15,(6) = : '
n, cos@. +n, cos b, n,cosd, +n, cos6,
Where 7y, , 1) , t;, and ], denotes the reflection

coefficient of s-component, the reflection coefficient of p-
component, the transmission coefficient of s-component and
the transmission coefficient of p-component when the elec-
tromagnetic wave is incident from medium 2 to medium 1,
respectively.

Assuming the incident signal intensity is 1, the intensity
of s- and p-compo nents finally received by the receiver at
the side of medium 1 are

R (6)=1,(0)+1,(0)1,,() 1, (6)
R7(6) =15(0)+1;5(6)-1,,(6,)15,(8)

Where R’and R’ are the amplitude of reflected s-

component and reflected p-component, respectively.

3)

3. Measuring Method
According to Fresnel formula, there is a Brewster’s
angle, denoted as 6, . When the electromagnetic wave enters
the dielectric surface with the incident angle as 8, , it can give
a zero reflected p-component, i.e., 55(6,)=r)(6,)=0,
shown as dotted line in Fig. 1 (b).
Therefore, according to (1) or (2) and the refraction law,
the refractive index of medium 2 can be obtained as follows
n, =n, tan6, 4
Thus, the refraction index of medium 2 can be directly

derived from the Brewster’s angle and the known refraction
index of medium 1. Thus we would have (3) as

R (0p) = 15(0p) +1,,(6) - 13,(6,) - 15, (6,) )

R (6,)=0
Inspired by (4) and (5), the schematic of the THz
polarization-excitation-based free space method for
refractive-index measurement of planar medium is shown in
Fig. 2. The experiment adopts the reflective measurement
method. Medium 1 is air, i.e., n, =1, and medium 2 is the

planar sample under the test. In transmitting, THz waves is
generated by the combination of the radio frequency
generator, i.e., PNA (A) and the multiplier, i.e., VDi extender
(B), and is transmitted by a circularly polarized antenna (C).
The transmitted THz wave will be collimated and focused on
sample surface(G) through the optical path who consists of
the parabolic mirror 1 (D), 2 (E) and 3 (F). The reflected
signal is then received by the receiver (J), who is achieved
by another VDi extender. It is equipped with the linearly
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polarized antenna (K) to make a time-sharing measurement
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Fig.3 Simulation of an example with refractive index
n, = 3.4and Brewster’s angle 8, =73.6"
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Fig.4 Photography of the experimental setup.

of the reflected s-component by horizontally linear-
polarization antenna and the reflected p-component by
virtually linear-polarization antenna, respectively. A sample-
rotary platform (H), on which the sample is fastened,
together with the receiver (J) is positioned on another
module-rotary platform (I). The synchronous movement of
the sample rotary platform (H) and the module rotary
platform (I) is controlled by the host computer (M) through
their respective server driver (L). Both the movements of the
platforms equivalently achieve the change of incident angle.

After collecting the reflected signals over a range of
incident angles, examining the maximal ratio of the reflected
s-component over the p-component can locate the Brewster’s
angle 6, ,i.e.,



R (6.
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Therefore, the medium 2 can be estimated by (4) if the
refractive index of medium 1 is give, e.g., n, =1 for air.

For example, when there is a material with refractive
index of 3.4, its Brewster’s angle can be computed as

6, =73.6". We simulate its s-component and p-component

(b)

Amplitude (V)

(© °

(d) T T e
Fig.5 Experiment Results at frequency of 88 GHz and
94 GHz. (a)The photograph of sample, left-metal plate,
right-silicon slice, (b)The reflected amplitude of silicon
slice, (c) the reflected amplitude of metal plate, (d) the
computed ratio.

based on (3) when 6, varies from 0° to 90° with the step of
1°, shown in Fig. 3 the with left coordinate system. Then the
Brewster’s angle can be estimated based on (5) as 8, =74,

as Fig. 3 shows with the right coordinate system. The
accuracy is affected by the gridding of angle dimension.
Therefore, decreasing the step angle can increase the
estimation accuracy of Brewster’s angle.

4. Experiments

The experiment is shown in Fig. 4 with low constraints
on the environment. The PNA is Keysight Tech. N5222B,

and VDi extender is chosen for 75 GHz-110 GHz band. Both
the rotary motors are OSM-160 YAW by Optosigma. The
parabolic mirror 1 (D) and the parabolic mirror 2 (E) are with
the diameter of 3 inches and the reflected effective focal
length (EFL) of 3 inches, while the parabolic mirror 3 (F) is
with the diameter of 2 inches and the reflected EFL of 2
inches. Considering the physical limitation of the receiving
movement, the rotating mechanism consisting of the sample
rotary platform (H) and the module rotary platform (I) can
efficiently test the range of incident angle over [45° ,90°].
This implies 8, €[45° ,90°].Therefore, according to (4), we
can use this method in free space (i.e., medium 1 is air and
n, =1) to quickly measure the sample whose refractive index
isin[1.2,5.5].

The room temperature is 25°C and humidity is 30%.
The system works in frequency sweep mode, and the step of
incident angle is set as 0.5°. As Fig. 5 (a) shows, the first
specimen is a metal plate, taken as a reference with no
Brewster’s angle, and the second specimen is a high-
resistivity silicon slice, whose refractive index is already
known as 3.4 by THz-TDS in 0.2 THz-3 THz in [5]. Based
on (4), the measured s-component, p-component and the
computed ratio versus incident angle are shown in Fig. 5 (b),
(c) and (d). (b) and (c) show the recorded amplitude of s-
component and p-component at frequency of 88 GHz and 94
GHz for metal plate and silicon slice, respectively. By
computing the ratio shown in Fig. 5 (d), we can see that there
is no Brewster’s angle of the metal plate and its ratio in (4)
is almost a constant. This is because metal plate has a well-
known ideal mirror reflection, both the reflected s-compo-
nent and p-component keeps the similar activity of change.
As to the silicon slice, Fig. 5 (¢) shows that its maximal ratio

happens at the incident angle of 74°, i.e., 8, = 74" . Bringing
6, =74"and n, =1 into (4), the refractive index of this

silicon slice is estimated as 3.48 at both the frequency of 88
GHz and 94 GHz.
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Fig. 6 The estimated Brewster angle and refractive
index with varying frequency for silicon slice.

s 1o

Furthermore, the relationship of Brewster’s angle of
silicon slice by (5) and that of the estimated refractive index
by (4) versus frequency is examined in Fig. 6. We can have
that over 75 GHz -110 GHz band, the variation of Brewster’s



angle versus frequency is in [73.5°, 74.5°] and its average is
73.47°. Then, the corresponding refractive index with vary-
ing frequency is in [3.28,3.49] and its average is 3.37. The
agreement with the measured refractive index of silicon as
3.4 by THz-TDS in [5] and [17] really verifies the effect-
tiveness of our proposed method.

5. Conclusion

In this paper, a simple THz polarization-excitation-
based method has been proposed. This method is devised to
fill the gap of measurement difficulty in low THz band (i.e.,
6 0.2THz), no matter by the conventional microwave
methods or by THz-TDS. Based on well-known Fresnel
formula, the method is simple to build up experiment
platform by utilizing the polarization measurement
technique and obviously puts less constraints on the
experiment setting. Both the simple optical paths for
transmitting and two balanced paths for receiving make the
proposed method have anti-interference performance. They
guarantee the reliability of the measurement. The results in
experiment section are obtained in a single experiment. This
verifies the effectiveness of the proposed method to easily
implement the refractive-index measurement of planar
medium in low THz band. Although the experiment is
conducted on 75 GHz-110 GHz band, the proposed method
in principle can work well on other THz band.
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Abstract:

A reconfigurable multiband band-pass filter is proposed in
this paper, using the structures and techniques of the Stub-
loaded Stepped-Impedance Resonators dual-mode
configuration. This design uses the source-load link and the
shorted T-shaped stub lines. The proposed structure has the
advantages of compact size, high selectivity, and a single control
bias voltage applied. Four adjustable transmission zeroes were
attained by the suggested filter, with more than 40 dB rejection
between the two passbands. Employing the coupling paths

effectively yielded the independent control of the two passbands.

For the purpose of tuning, two identical varactor diodes were
loaded onto the open ends of the resonators. A frequency tuning
range of 1.08 GHz to 1.5 GHz and 1.99 GHz to 2.7 GHz is
achieved in the two passbands respectively. The designed filter
realized an insertion of 1.2 dB to 1.32 and 0.86 dB to 1.11 dB
respectively in the tuning process. The overall filter size of

0.134, x0.034, is achieved.

Keywords:

Stub-loaded stepped-impedance resonator (SLSIR);
Reconfigurable filter; Bandpass filter (BPF); Microstrip; High
selectivity; Transmission zeroes (TZ)

1. Introduction

The increase in the number of applications in the
wireless communication system has made it necessary, the
design of filters with multi-band functions. Currently, the
drawbacks in some aspects namely, poor insertion and return
losses, interference of the spurious frequency during the
tuning of the center frequency, poor frequency selectivity,
and low-frequency tuning range have been counted in
several reports, which needs more inputs of work in the
research work. For this, several reports have been studied on
BPFs [1-8].

Reconfigurable bandpass filters have in recent times
become the talk of the moments, attracting several
investigations and reports. In a quest to realize a BPF with
tunable functionality, a two-way independently designed and
cascaded approach was employed in [1], for the achievement

978-0-7381-4259-3/20/$31.00 ©2020 IEEE

of the lower and higher frequency cut-off efficiency.
Meanwhile, the techniques of stepped-impedance resonators
(SIR) and SLSIR have also been adopted in designing a dual-
band BPF in [3][5], both with the tri-mode structure, and
exploiting the advantages that come with the dual coupling
paths. A report has been uncovered in [8] where short
parallel-coupled lines are used to design a BPF with tuned
frequencies and bandwidths. The stub-loaded theory and
application were investigated in [7], designing a dual-band
BPF with independent control of the bandwidths and
frequencies.

The study of these earlier reported papers leaves
adequate information on the fact that though the trends have
designs with good filter characteristics, there is still the need
for improvement with the current dynamism of trends and
technical demands. This paper reports on a reconfigurable
dual-band BPF function, through the use of SLSIR and a
single bias voltage supply at each filter side for effective
tuning.

Fig.1 The layout of the proposed dual-band bandpass filter
with SLSIR configurations and the varactor circuits.

The proposed filter is symmetrically structured and has
similar parameters at both resonators. Carefully and
technically studying this configuration it was prudent to vary
the varactors installed at the openings of the resonators as
illustrated in Figure 1. Hence the passbands’ frequency of the
filter can be widely changed. To demonstrate, the proposed
dual-band tunable bandpass filter is designed and executed
in order to verify the proposed idea.
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2.  Circuit design

The model circuit for the microstrip transmission line
has been illustrated in Fig 2, together with its design
specifications and optimized physical and electrical
parameters for the study and analysis. Following its
symmetrical nature, the even-and odd-mode analysis is used
to establish the resonant frequencies.

YZr 92

(b)

()
Fig. 2 (a) Circuit of the SLSIR structure. (b) Odd-mode
equivalent circuit. (¢) Even-mode equivalent circuit.

The model consists of a pair of a quasi T-shaped stub-
loaded SIR dual-mode resonator with each loaded with two
variable capacitances (varactors) and a shorted stub. The
varactors are loaded at the open ends of each resonator.
These two sections of the SLSIR are evenly coupled with the
I/O lines. Also, the source to load (of the I/O lines) coupling
is employed in this design to enhance the realization of the
required coupling effects in order to achieve the desired
bandwidth. Inherently, in the top stopband, the SLSIR dual-
mode structure has a transmission (TZ). These TZs are
toppled by the source-load coupling, which also adds more
TZs in the lower stopband, which increases the number of

TZs to four (4), indicating a high selectivity at each passband.

Each passband has two TZs located at each end. The T-
shaped stub technique, as a strategy, was employed to limit
the complexity and the number of control voltages when
installing the tuning devices.

A thorough study of the structure indicates that each
resonator could generate two resonant modes. Thus, for each
resonator, the even-and odd-modes are obtained in a similar
way as reported in [9-11] as

30

. Yload+j(y2tan92+yltangl)
Yo o= 127fCy +Y, ~ 0, tand M
- Yy Y paq @00 @0,
)/inio =j27fCy = jY COt(Q) (2
Y, Jj(Ytan6,+27fC))
),load :Es' (3)

Y, —j%tané’3 - j2rnfC,

For the tunability effect in this filter design, a total of
four identical varactors are loaded onto the open ends of the
resonators, as depicted in Figure 1. The entire tuning circuit
is designed such that it is controlled by only one type of
control voltage for each passband, unlike the usual stub-
loaded tunable filters that demand two types of control
voltages
3. Results and analysis
Fig 3 illustrates the results simulated on HFSS, on
Taconic RF35 substrate with a relative dielectric constant of
3.5, the thickness of 0.508mm, and a conductor thickness of
0.018mm. After optimization, the various dimensions with
which the result was realized are as given below (unit: mm).

The design achieved an absolute bandwidth of 110MHz
(¥5MHz) and 220MHz (£5MHz), in the lower and higher
frequency passbands respectively, as well as insertion loss
varying from 1.2dB to 1.32dB and 0.86dB to 1.11dB in the
lower and higher frequency passbands respectively, with the
return loss more than 20dB in each passband. A frequency
tuning range of 1.08 GHz to 1.5GHz and 1.99GHz to 2.7GHz
is achieved in the two passbands respectively.

Tablel Dimensions of the proposed filter

Filter [wo | w1 | w2 |ws |l L
A 1.11 1 0.90 | 235225522 | 84
B 1.11 | 1.08 | 2.30 | 2.13 | 5.22 | 5.15
Filter | [, h Iy S1 S
A 13.0 {80514 |0.16 | 0.2
B 5.00 | 8.05]10.7 |0.16 | 0.2

After the design and optimization of the proposed filter, the
results are as observed in the figure below with all the
transmission zeroes shown. The various plots of the S11 and
S21 are also displayed, showing the evidence of the
practicality of the work. The two passbands were separately
tunned to demonstrate the concept discussed and the
functions of the reconfigurability of our proposed multi-band
bandpass filter.
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Fig.3 Plots of S-parameter results. (a) S-parameter results
without tuning. (b) S, plot of lower frequency passband
tuning. (c) S11 plot of lower frequency passband tuning. (d)
S21 plot of the higher frequency passband tuning. () S11
plot of the higher frequency passband tuning (in all tuning
cases, the other passband remained fixed).

4. Conclusions

The results and other necessary features of the multi-
transmission pole dual-band bandpass filter designed based
on the theoretical framework of stub-loaded stepped-
impedance resonators have been discussed in this paper. This
study reported on a reconfigurable multi-band bandpass filter.
This proposal has to an extent suggested a solution to the
problems of the filter size, return loss, insertion loss, and
independent tunability. It mainly reported on a design
structure with two identical varactors in each filter. emp
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Abstract:

Financial time series prediction is usually considered as
one of the most difficult challenges because of huge external
factors, which are usually stochastic and sensitive so that we can
hardly recognize the patterns from historical information.
Besides, traditional time series prediction models cannot adapt
to the changes in financial circumstances. To overcome these
problems, we design a prediction model based on recurrent
neural network with gating units, which can learn historical
information and adapt the market changes through a specific
inner structure. Experiments carried on the Shanghai
Securities Composite Index show that the prediction results of
our model have more competitive performance compared to
those of other traditional models. Our model has good
interpretability, and the effects of model hyperparameters on
prediction accuracy are also analyzed. On the basis, we proceed
with the long-term trend analysis and estimate precisely the
tipping points of the stock market. These results give
application prospects in risk assessment and portfolio
management for the finance industry.

Keywords:
Financial time series; Prediction model; Recurrent neural
network

1. Introduction

Algorithms of time series prediction have been general
studied in different fields, like economics, biology,
meteorology, and specific applications including financial
market prediction [1], weather prediction [2], complex
dynamic system analysis [3], urban traffic flow prediction
[4], and so on.

In the past decades, there are many mathematical
models that aim to describe time series mechanisms like
stochastic and wvolatility. The most representative works
include the Autoregressive Model (AR), Move Average
model (MA), and ARMA with the two models integrated [5].
After this, ARIMA has been proposed used to describe
unstable time series [6]. However, to get better results,

978-0-7381-4259-3/20/$31.00 ©2020 IEEE

complex hypotheses are
universality of the models.

Recently, Machine Learning (ML) models, such as
linear regression, support vector machine [7], random forest
[8], have been paid much attention because of higher
expressive ability and relatively better performances
compared to the classical models. Within the ML field, Deep
Learning (DL) is the most powerful predictor, which is a kind
of artificial neural networks consisting of multiple
processing layers.

On the basis, Recurrent Neural Network (RNN), a type
of DL network, is designed for sequential data analysis like
speech recognition [9]. RNN works through adjustment in
internal parameters, which optimizes the loss function for
date feature extraction and finally realizes the future
prediction. Nowadays, RNN is widely applied for the
prediction of various time series, such as traffic flow [4],
exchange rate [12], chaos time series [3], etc. There are two
weaknesses of RNN, i.e., the inability to learn long-term
dependencies, and the exploding and vanishing gradients. To
solve these problems, Gate Recurrent Unit (GRU) and Long-
Short-Term Memory (LSTM) networks are designed.

Despite RNN performs well in most cases, the
mechanism is hard to understand why it works well. As a
result, it’s difficult to build a simple and efficient network
structure for specialized financial time series prediction. In
this paper, we aim to address these problems by adding
gating units in the cell of the RNN model, which is designed
to adjust the influence weights of historical and current
information at different time steps. We evaluate the
prediction ability by testing the Shanghai Securities
Composite Index (SSCI). The experimental results of both
predicted financial prices and tipping points confirm the
effectiveness and efficiency of our model. The performance
of various hyperparameters in the model is tested as well.
The main contributions of this paper are summarized as
follows:

(1) We propose a RNN model based on specific gating unit

required, leading to poor
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designed for financial time series prediction.

(2) A variety of hyperparameters setting of the model are
tested to find influence factors.

(3) The prediction results are used to implement long-term
trend analysis and tipping points searching.

2. Related Work

DL has successful applications in financial time series
prediction [13-15]. For instance, spatial neural networks are
designed to explore information from the Limit Order Book
(LOB) for stock price prediction [16]. Convolution Neural
Network (CNN) and RNN are both applied for analyzing
large amounts of high-frequency financial trading orders and
predicting the change of stock price [17-18]. Besides, LSTM
is applied for predicting stock price trends, and before
training LSTM mode, stock time series are processed by
wavelet transform and stacking auto-encoder for feature
extraction [19]. Furthermore, Temporal Attention-
augmented Bilinear Network (TABL) adds attention
mechanism in a condensed forward neural network for
financial time series prediction [20].

Nevertheless, though the competitive performance of
DL has been proved in these works, it can hardly obtain the
mechanism of the training targets of each hidden layer,
making it difficult to explain the features of each layer. Here,
we build a specific RNN cell structure, which is used to train
influence weights and can adjust the weights according to
learning historical and current price information. Results
shows the model has good interpretability and adaptability.

3. Model

Consider a financial time series of stock trading prices
{p:It = 1,2,... T}, Our goal is to make a 1-step prediction on
DPe+k+1 based on the history prices from p; to peyg -
Formally, the 1-step prediction formula is below:

Pe+k+1 = f (Do Pes1r o) Desic) (1)

In Eq. (1), function f denotes the model, which maps
the history prices to future price. [pg, Pes1s - Peak] 1S k-
dimensional vector for function input, p;,,41 is ascalar for
function output.

First, we can build an explicable and traditional linear
regression prediction model for function f, which can
capture first-order linear correlation with historical data:

De+k+1 = WoPe + WiDey1s o) WDeske T b (2)

Once the model has been trained, the parameters are
determined and cannot be modified. As a result, when the
financial market changes, the model will give bad prediction.

In order to fix this problem, we change the function f
to the formula as below:

Pek+1 = 2iea Wi(Pe Deats o Pesi) * Peai + DPes o Peai) 3)

We change the constant parameters w, b in Eq. (2) to
functions w,b of history prices in Eq. (3). From the
equation, when the market environment remains unchanged,
the values of w and b remain the same, and in few time
steps when the market environment changes, the values of
w and b will change accordingly. Consequently, the new
RNN model with
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Fig.1 The schematic descrition of finnaical time series predction model

specialized RNN cell structure is designed for judging the
variation of financial market environment from weight
function w and bias function b.

In Figure 1, input, is the k-th input of RNN,
corresponding to py,j inEgs. (1-3). And input;, is the k-th

output of RNN, which is wy (ps, D1, - Prak) * Pesr 0 Eq.
(3) above. After k times recurrence we can get totally &
input's, and calculate sum = Y5, w;(Pg, Des1, - Deai) *
Pe+i- Next, according to Eq. (3), the predicted result pgipiq
is obtained by adding the result of function b through a



fully-connected layer to the value sum.

The vital component of our model is the RNN cell.
RNN cell is designed specifically to learn complicated and
nonlinear historical information and can adapt to the
influence of financial market changes. The calculations in
the RNN cell are as follows:

wy, = tanh(W;input, + by) + tanh(Wowy,_, + b,) (4)
input;, = tanh(Wsinput, + bs) * wy 5)

Here, wy, = Wi, (bs, Dr41s - Pr+k)> W is a matrix and b

is a biased vector. And tanh() is gating unit function

defined as:

sinh x x

eX-e”
coshx - eX4+e™X (6)

Compare to traditional sigmoid gating unit function, the
output of which is restricted to [0,1], fanh function can
expand the range to [-1,1]. Because in financial market, wy,
the influence weight of historical prices, can be either
positive or negative, fanh function is more proper here.
Besides, the Taylor expansion of tanh function gives infinite
high degree polynomials, which makes it possible to
simulate arbitrary nonlinear function patterns.

In Eq. (4), the influence weight of current information
wy, is affected by both current input input, (the first term
in the equation) and the weight of history information wy,_,
(the second term), through gating unit function. The model
can adapt the parameters to environment changes explained
as follows: When the first term is zero, current input cannot
influence current weight of information w,,, indicating that
financial environment remains unchanged. On the other hand,
when the first term is non-trivial, w;, will change along with
the market environment.

From Eq. (5), we process the input by gating unit like
Eq. (4), and multiply the input after processing and the
weight wy. The result input; is similar to p,,, * w;, in
Eq. (3), which can be regarded as the influence at t + k
time on prediction.

tanhx =

4. Experiment

4.1. Dataset
We evaluate our model based on the SSCI daily price

data sampled from 4%, November, 2009 to 1%, November,
2019. The dataset is retrieved from Yahoo Finance. The data
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is normalized to range in [0,1], with p,= _pemint

max _t—-min_t
(min_t/max_t is the minimum/maximum prize of training
data), so that models have faster convergence. We split the
whole data into two sections: the training data section is the
first 80 percent of data from 4™, November, 2009 to 1%,
November, 2017 (total length 1928 days) for training data,
and the testing data section is the past 20 percent of data from
2" November, 2017 to 1%, November, 2019 (total length 482

days) for testing and model evaluation.
4.2. Experiment Settings

For comparison purpose, we test the performance of
other three representative models, i.e., LSTM, CNN, and
TABL, except for our model.

The following experimental settings are applied to all
network configurations. We choose mean square error (MSE)
for loss function, defined as MSE =¥, (ple* —

redict? . . . redict
p ). Here, p{® is real price at time ¢ and p}

is predicted price. As for the evaluation metrics of the model,
we consider mean absolute percent error (MAPE), denoted

predict
143 |

real

mapg =y P
as Y=ty

relative error, which reflects the quality of models accurately.
We adopt Adam optimizer to train the model, in which
the learning rate is set to 0.001. Also, Gaussian Distribution
is applied to initialize the model parameters. All models are
trained for 200 epochs with a minibatch size of 4 samples.

real
real
, because MAPE measures

4.3. Experiment Result

For visual comparison, we show the prediction results
of different models over the SSCI data in Figure 2. All
models perform well in the overall period, with prediction
results having the same trend. Nevertheless, in detail, there
are transparent deviations from the real prices in the
predicted prices from CNN and TABL, while in our model,
prediction results fit the real price much better, indicating a
better prediction accuracy.

To compare the performance, we calculate MAPE of the
models, as in figure 3, the value of daily MAPE changing
with time is shown. Each model has different error peak
values, which shows that they may learn
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Fig.3 Comperation between prediction result and real price of different models based on the SSCI.
different prediction patterns. Besides, we compare when the state dimension increase from 20 to 40. This is

approximate interval of errors. CNN and TABL errors
range from 0 to 0.04, LSTM and our model errors range from
0 to 0.02, which means our model can get less error in
predictions. Furthermore, we calculate MAPE of the whole
testing dataset, which is plotted with red horizontal lines in
Figure 3. The MAPE of the whole testing dataset in our
model is 0.0124, better than LSTM in 0.0125, CNN in
0.0173 and TABL in 0.0234. The results proves the high
effectiveness of our model.

4.4. Hyperparameters Influence

In Table 1, we list two hyperparameters as two main
influential factors of the model. One is the length of input
times series. We find that when the input length increases
from 10 to 20, the error of results decreases, and then
increases when the length continues to increase from 20 to
40. The reason is that this hyperparameter characterizes the
information capacity, and if the value is low, there is no
enough information for prediction, resulting in a high error.
On the contrary, when input length is too long, the model
may learn some invalid information including noise, leading
to increasing prediction error.

The other hyperparameter learned in the model is the
RNN cell state dimension, denoting the RNN cell's
information capacity. From table 1, the error decreases when
the state dimension increase from 10 to 20 but increases

because the small value of the state dimension is not able to
learn complicated patterns, which is called underfitting. In
contrast, the large value of the state dimension will lead to
overfitting. Therefore, we should employ appropriate
hyperparameters to get more accurate predictions.

Table 1 MAPE for different Hyperparameter setting

Hyperparameters setting MAPE
Input 10 0.0137
Length 20 0.0124
40 0.0184

RNN cell 10 0.0178
state 20 0.0124
dimension 40 0.0197

4.5. Trend Analysis

Though our model can give accurate predictions of
daily prices, it is more concerned with long-term information
other than everyday fluctuation for those “fundamental”
long-term investors. To achieve this, we use Hodrick-
Prescott filtering algorithm [21] to predict long-term trend by
filtering certain details from our predicted daily prices. The
algorithm is optimized by

2
2
, t—z [IDz]|
z = argmm{” mHZ +hx— 2

()
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where z is the filtered result series, t is our prediction
series, m and k is the scaling factor to adjust the filter
frequency threshold, and D is a filter matrix to filter high
frequency. We minimize the 2-norm of vector ||t — z||% to
ensure the similarity between prediction series and filter
results. The minimization of ||Dz||§ can filter high

frequency and get long-term trend results.

Price

f
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Fig.4 Results using Hodrick-Prescott filtering algorithm.

The results via Hodrick-Prescott filtering algorithm are
presented in figure 4. After filtering, there are mainly four
periods, corresponding to four tipping points. The first period
with descent trend is from January 2018 to December 2018,
in which the trade dispute occurred between China and
America, with increasing trade tariff, and the economic
situation was not clear. The second period is from December
2018 to April 2019, in which the two countries start a series
of trade negotiations, reflected in the stock market. The third
period is from April 2019 to August 2019, with another
decreasing trend, because the relationship froze out again
between the US and China. From August 2019 to November
2019, China and the US restarted trade negotiations, and
index price trended up. Overall, the index price trend after
the H-P filter strongly correlates with the trade war process
between China and the US.Besides, there are four tipping
points which identify the crash and recovery tipping
moments in the SSCI, which gives phase transitions in
current financial market systems.

5. Conclusion

In this paper, we build a new model for financial time
series prediction. The model uses an RNN structure based on
gating units, through which the model can recognize
complicated information patterns and adapt to the change in
the financial market. The experimental results show that the
model gives more accurate prediction compared to other
classical models. Moreover, trend analysis and tipping points
prediction are also implemented by filtering short-term
fluctuations. These results provide a window to risk
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assessment and portfolio management for the finance
industry.
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Abstract:

Recommender system in information retrieval systems
recommends relevant items to consumers by inspecting the
consumer’s preferences and objective behaviours. We received
recommendations daily regarding what to take in as food, buy,
and choices about the wear trends. However, we can
understand our recommendations, and even less, we can tune
our preferences efficiently. One main concern is those
undesired or irrelevant recommendations, not only wasting our
time, but they also cost media companies millions of dollars
every year. Considering this issue, we proposed a tunable and
explainable recommendation system where the attributes that
determined the recommendations are explainable and tunable
for every individual consumer. Irrelevant recommendations
waste the consumer's time and the company's money, but if we
put the power of the recommendations in the consumer's hands,
we have a win-win situation. The suggested method addresses
recommendation algorithms issues, which creates negative
feedback loops and allows consumers to be aware of the profile
they are building and tune it to see the content that interests
them most.

Keywords:
Recommender System; Information Retrieval; Tunable
Preferences; Explainable Recommendations.

1. Introduction

The World Wide Web has brought many variations in
the way of our lives. Nowadays, people trust the web and
related technologies such as search engines, which look up
and take out content and each prospect of life. The data
accessibility on the internet allows the user to select from a
vast list of products, movies or restaurants, etc. However,
these vast choices bear the information cost and their
associated cognitive overload on a particular user searching
for the most relevant and more reliable Web search
information. For addressing these issues, a recommendation
system (RS) was developed [1]. RS is the most leading
techniques that manage information overloading and advise
users with suitable and applicable recommendations [2].

978-0-7381-4259-3/20/$31.00 ©2020 IEEE

Today, several RS’s have been developed for different
domains to fulfil the information needs of users. RS aids the
user to explore the set of items in a system and find the most
relevant items to him/her [3]. The two basic RS categories
are the context-based and score-based ones. The first
category exploits users' and items' characteristics, while the
latter depends on the users' item scores [4]. Traditional
implementations of RS are based on TF-IDF and nearest
neighbours techniques, while more recent RS follow
machine learning (ML) approaches, like matrix factorization
and neural networks. ML algorithms' increase in popularity
and the “black boxes” of neural networks in deep learning
(DL) become the industry standard, pulling out the
demographic information, and the user history responsible
for each undesired RS becomes next to impossible to achieve.

A genuine issue that comes along with
recommendations is whether a user or even the system
designer understands the results of the RS. This problem has
given rise to the so-called explainable recommendation.
Personalized recommendation algorithms for explainable
recommendations help in addressing the problem of why [5].
It is not only giving support to system designers or users in
terms of recommendation-related results but also clarifies
why such a particular product is recommended to him/her.
Explainable recommendation helps system designers better
debugging of the system and improved transparency,
persuasiveness,  effectiveness,  trustworthiness, and
satisfaction for RS [6].

Scientists and researchers have long acknowledged a
speed vs. accuracy trade-off in tech fields, but in the recent
booming world of artificial intelligence (AI), we are now
entering a trade-off between sophisticated models and the
interpretability of their predictions. This lack of transparency
in RS led us to propose a Tunable and Explainable Attributes
(TEA) for the recommender model. In our model, the
attributes  that determine the recommendations are
explainable and tunable to the individual users.

The Paper further has an overview of related literature
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discussed in Section 2, including general concepts and
techniques based on the explainable RS. Further, Section 3 is
on the presentation of the proposed methodology. Whereas
Section 4 presents results and findings of experimental work.
At last, Section 5 concludes all discussion, also withdrawn
future direction and implication.

2. Literature Review

Nowadays, organizations such as YouTube, Amazon,
and Netflix, and many other e-commerce-based companies
pay great attention to  generate  high-quality
recommendations. Every model or methods have their
limitation to some extent. For that purpose, it facilitates the
system designer or users with explanations. Explainable
recommendations and search attempt to develop the methods
or models where explanations can come either directly or
indirectly from the explainable model. To the best of our
knowledge, some significant overview of the literature is
discussed in this section.

Many researchers work on the prediction model and try
to improve accuracy. Various methods are proposed to do the
same work to help the users to interpret the predictions but
often are unclear and not so accurate. Scott et al. [7]
addressed the problem and proposed a SHAP (SHapley
Additive exPlanations) framework to explain the prediction.
They also show improved computation in terms of
performance and consistency concerning human notions
with that previously proposed approaches.

Nicole et al. [8] give two significant contributions to his
proposed work. The first contribution is to provide a unified
framework based on polynomials for why-not explanations
that consider all databases under probabilistic semantics in a
unified manner. His work's second contribution is the
algorithm Ted++, which efficiently figure out why-not
explanation subordinate with semantics. The main pros
achieved by the algorithm is that it significantly reduces time
and space consumption. Experimentally proved that the
Ted++ algorithm is efficient compared to other existent
algorithms and provides useful insights for the developer in
its why-not explanation quality.

Zhang et al. [6] presented a comprehensive survey,
which is designed in three folds. The first fold of the survey
is regarding categorizing the recommendation problem into
5W, i.e., what, when, who, where, and why. The second fold
of the survey is regarding three perspectives of explainable
recommendation, such as user study approaches and model-
based approaches, two-dimensional taxonomy for
classification of explainable recommendation, and
summarizing the tasks that apply on the explainable as social
recommendations. The third fold of the survey is about
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promoting explainable recommendations by devising the
potential future directions.

Shah et al. [4] describe the current hot spots and trends
in RS, such as the cold start problem, shilling attacks, and
privacy-related issues. He also discussed RS techniques such
as content-based, collaborative and hybrid filtering and
challenges faced in them like Grey sheep, sparsity, scalability,
latency problem, etc. Besides, it also highlights some future
research directions to handle these gaps in RS. Afterwards,
investigating research opportunities for the high quality and
trust-able RS are presented to mitigate these issues.

Azin et al. [9] proposed a mechanism PRINCE
(Provider-side Interpretability with Counterfactual Evidence)
that is the provider side solution that aimed to detect the
actual causes behind the recommendations heterogeneous
network of information like with users, items, etc. It is a
polynomial-time algorithm because it finds the minimal set
of user’s actions from the search space in polynomial time.
Experimental evaluation is also carried out on two datasets,
which shows that PRINCE gives more compact explanations
concerning intuitive baseline.

Brian et al. [10] describe a controlled study comparing
the four questions design in why, why not, how-to, and what
if. In this regard, they developed the web-based I/O interface
as intelligent prototypes with different explanations. The
experimental evaluation shows that by providing the trace
explanation and Why explanation to the novice, the user can
improve the user’s trust and understanding in the system.

Yongfeng et al. [S] work based on explainable
recommendations, improved system trust, effectiveness, and
transparency. The focus is on search algorithms and their
application in real-world systems like e-commerce, social
networks, etc., for explainable recommendations.

3. Proposed Methodology

We start our proposed methodology by providing an
example of understanding a typical movie RS pipeline with
a user having the name Lee. Lee has a list of personal
attributes and a set of criteria for his movie recommendations.

To address the cold start problem, we will assume Lee
is a new user and will generate recommendations for him
without knowing his past movie ratings. For this particular
case, match Lee with similar users and then make movie
recommendations for Lee based on their movie ratings.

Once Lee has entered some characteristics about
himself (male, engineer, age 30, from CA) and some movie
preferences (genres: action and adventure, minimum average
movie rating: 3-star, and the number of movies to be
recommended: 3 movies), Using these factors and a cosine
similarity function using Equation (1), ETA generates the



following three movies for Lee: (Indiana Jones, Star Wars,
and Star Wars) as a return.
Zl 1plql

||p||||q|| \/Zn \/Zl 1q1

Since we are interesting to calculate the cosine
similarity for two vector and their expected output. The
output always ranges from -1 to 1. The output 1 means that
two items are similar whereas output -1 means that two items
are dissimilar to each other. So here we used the cosine
similarity in context to know how the movies are similar to
each other.

Similarity (p,q) = cos@ =

LEE

Age
User Input Baiidar
Occupation
Zip Code
Movie
List
Based on 10 Demographic
user profiles Explainable breakdown
that were >97% of 10 users
similar to your
profile
Tune the influence  Tuneable
of your attributes

Fig.1 Proposed Approach of TEA

Lee is made aware that his movie recommendations are
determined from the 10 (default) most similar user profiles
to his own, where the average similarity is 98%. The number
of most similar users, in this case, is a tunable factor.
Increasing the number of similar user profiles can generate a
more diverse set of movies but might result in movies, Lee
would be less interested in.

Lee is also led into the attribute breakdowns of those ten
most similar user-profiles and can draw his conclusions
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about the impact his attributes have on his recommendations.
For example, all the movies recommended to Lee were rated
by male users, and 6 of the ten most similar user profiles had
a technical profession. Lee may be satisfied with these
numbers and will move on to enjoy his movie night, or he
may choose to customize his recommendations further.

So, any user can scale the importance of each of their
attributes from 0-100. So, if Lee's most important factor in
determining his movie recommendations is occupation, he
must weigh that attribute relatively higher than the rest of his
attributes. After Lee scaled his engineering occupation as the
highest attribute, his movie recommendations shifted to Sci-
Fi! as shown in figure 1.

We also needed to figure out a way to best match Lee
with similar users to provide movie recommendations. The
problem with one-hot encoding is that each attribute vector
is equidistant from every other attribute vector.

While this is fine for continuous values like age, which
fall on a continuous scale and are easy to normalize, one-hot
encoding is not ideal for categorical data like occupation
because some occupations are more similar than others.

LEE

Male Engineer

A ' |

b ZIP Code:

word2vec |Age: 0190 [ g
v

[[0.7], [0.6]. [0.3], [[0.9]

Normalized 0-1
Fig.2 User-Attribute Vector

As shown in figure 2, an engineer might have more
movies in common with a technician than an entertainer. For
this reason, after taking the user profiles that have a
similarity score to Lee higher than .7, we used Google’s
word2vec and the distance to a given word to vectorize
specific attributes. We chose to do this for occupation and
gender but would like to extend the future to more non-
binary attributes. We again used a cosine similarity function
to find the ten most similar users to Lee.



4. Experimental Analysis

This section covered the experimental analysis that is
performed on the real-world dataset and reports the results
accordingly.

4.1. Datasets

Since the usefulness of CF models is dependent on how
large and robust your dataset is, we used the MovieLens [11]
Dataset complete with 100K movie ratings, 1,682 movies,
and 943 users (with the same latent attributes as Tom).
Movielens provides 1M/10M/20M datasets for a larger
variety of recent movies (but use with caution as the file
structure may have changed).

To evaluate of our proposed method in terms of better
performance, we divide under consider data set into 10 parts
comprises of test and training dataset, whereas 1 part

comprises of test sets and remaining 9 part are in training sets.

So by this we get an average of 10 test as final results from
experimentation.

4.2. Evaluation Metric

Mean absolute Error (MAE) and Root Mean Square
Error (RMSE) are the two evaluation metric which is used to
assess the predictive accuracy related to ratings that are
generated by the recommendation system. As the predictive
accuracy is higher, when smaller their values are, we get the
better performance as a result. The Evaluation metric are
shown below in Equation (2) and (3).

MAE = N_DSZ(ui,pj)EDSIfuipj—ruipjl (2)
1 ~
RMAE = \/N_DSZ(ui,pi)EDS(ruin‘ruin)z 3)

Where Tup; is the actual ratings of item p; from u,
fum; is its predicted rating, and Nps is the total number of
items in the test dataset DS.

Table 1 MAE and RMSE Results Comparision

Methods Mean Root Mean
Average Average Error
Error (MAE) (RMAE)
Sklearn-k-means 0.748 0.969
Sklearn-k-NN 0.733 0.942
Skleran-SVD 0.737 0.925
Keras-MF (TEA) 0.693 0.894

We used Keras to solve matrix factorization and it has
been outperforming other ML algorithms for predicting
ratings as shown in table 1.
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4.3. Results Discussion

It is a reality; we probably exit the movie as soon as it
ends without submitting a rating. As you might suspect, this
leads to a very sparse user-movie matrix (only 7% of the
entries are filled). We have to address the sparsity problem
before we can give movie recommendations to Lee.
Moreover, since some users consistently rate movies
conservatively (1-2 stars), while other users are more
generous with their movie ratings (4-5 stars), we need to
normalize all user’s movie ratings to average three stars.

Next, we use low-dimensional representations to
predict user ratings for unseen movies. This is done by
decomposing a high dimensional matrix into two lower-
dimensional matrices using Keras. Matrix factorization in
Keras with an Adam optimizer is used because it outperforms
other machine learning algorithms for predicting ratings
(Mean Average Error = 0.693). Not only does this address
the sparsity issue but, by using matrix factorization, we
increase the likelihood of excellent but not well-known
movies being recommended.

Now, when Lee gets his movie recommendations, he
has options for explainability and adjustability. Lee not only
can see why these particular movies were recommended to
him, but he can also tune his attributes to align with his
preferences.

Another exciting result occurs after changing Lee’s
gender to female and scaling it to 100 while scaling the three
other attributes to 0. This changes Lee’s top Action &
Adventure recommendations from Die Hard to Titanic. What
we see from this is the bias present in movie
recommendations. However, what comes first, the click or
the recommendation? While this chicken or egg scenario is
still up for debate, identifying a way to reduce that bias by
tuning the factor directly related to the recommendation is a
step in the right direction for putting ad control back in
consumers' hands.

5. Conclusions

While RS’s consider many more than four attributes
and the user history and are much more complicated than this
method, this concept shows that each ad recommendation we
receive on media sites can be understood. Neither companies
nor consumers benefit from users clearing their history due
to irrelevant ads. With the right combination of models and
tools, we will adjust our preferences transparently across
multiple platforms, and we can finally be rid of the mermaid
movies. The innovation of this method in contrast to other
advanced RS’s is that our method provides recommendations
to users with explanations on why they are getting these



movies as recommendation. Also, it gives power to the users
to tune their preferences according to their interest and get
more personalized recommendations. This method can be
applied in real applications such as Netflix, Amazon Prime
and other movies RS platforms.

In future, we aim to explore Why-Not, machine
learning-based explainable recommenders. In a second phase,
we aim to extend the recommenders so that they can leverage
the Why-Not explanations for auto-tuning.
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Abstract:

Two major functions required in textual data modelling
and knowledge discovery especially in modern customer
interaction and research are search and sentiment analysis.
Recent research has however not been able to combine these
two in a way that instils flexibility into the iterative process of
textual analysis for decision making. In this work, the Opinion
and Context-Aware Inverted Index graph model is proposed
for performing sentiment search and analysis on textual data.
Unlike previous works, the use of the proposed model retrieves
needed information without requiring re-processing of
sentiment information. The proposed approach clarifies the
difference between sentiment search and sentiment
categorization. Furthermore, it shows how to perform opinion
aware search based on graph traversals, pattern matching and
aspect opinion filtering. To evaluate the flexibility and
capabilities of the proposed scheme, the feature interest range,
customer feature satisfaction/dissatisfaction intensity, feature
co-mentions, and sentiment based ranking metrics of various
bipartite projections for feature co-mention sub graphs using
PageRank are extracted from a well-studied dataset on online
product reviews with an extension of the proposed model. The
chosen design and methodology is shown to be suitable for big
data scale implementations.

Keywords:

Information Search and Retrieval; Opinion mining;
Online product reviews; Labelled property graph; Graph
database

1. Introduction

Due to phenomena like electronic commerce, increased
competition, and shorter product lifecycles, traditional
techniques used by product and service developers to
establish a high-quality information channel between
themselves and their customers no longer suffice. Such
techniques include in-person interviews, focus groups, and
observation of the products in use [4]. These activities are
expensive, heavily dependent on direct interaction with
customers, and are often slow. For instance, a typical
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interview in the product design industry is about one to two
hours long [4]. Product and service designers are now more
inclined to pursue digital engagement with customers and
products. Techniques like natural language processing and
opinion mining are employed to process the resulting data in
support of decision making. With some proposed opinion
mining schemes displaying high-performance metrics [3], it
is only natural that there should be a corresponding and
related body of research into the democratization of the
results of these techniques. The collection of raw data from
customers and the interpretation of this data according to the
needs of the customers are two important steps of the process
of identifying customer needs [4].

Whiles the source, format, and size of data have
changed, the intrinsic goals for processing the information
within have not. A reliable form of representation of
customer data as a digital knowledge base and the
subsequent seamless interaction for search and analysis
remains a reigning business goal.

Whiles significant effort has been invested in extracting
product and service aspects and opinions polarities from
documents [1], not much consideration has been given to
providing functionality for using the results. Akin to search
engines and recommender systems, opinion mining
initiatives work mainly to reduce the information overload
faced by decision-makers. Contrary to these technologies,
opinion mining solutions are neither widely available nor
user friendly for the non-technical decision-makers. Product
and service users, designers and researchers stand to benefit
from intuitive and flexible opinion-aware aspect-based
search and analysis on review data.

In this work, a brief definition of sentiment search is
given and contrasted with sentiment categorization or
classification. A Label Property Graph-based opinion-aware
inverted file model for aspect-sentiment search is proposed
for performing sentiment search. An extension of this model
that achieves semantic and context-based functionalities is
proposed and applied to the product design domain. This



work shows how to perform opinion aware search based on
graph traversals, pattern matching and aspect opinion
filtering.

2. Related work

Most of the works that attempt to deliver on providing
the function of sentiment search take a somewhat
counterintuitive approach. As explained earlier, the primary
reason why the effort expended in building huge indexes like
those used for the World Wide Web is that the gains in the
utilization of the resulting index are great. Using the concept
of sentiment queries from users and standard inverted
indexed documents stored in Oracle Text, [13] pursues the
goal of sentiment aware queries. Based on a two-part query
(a lexical query component and a sentiment query
component), matching documents are first extracted and then
sentiment classifications are generated for the retrieved data.
For sentiment-based search in a big data scenario, the user
will have to wait for this computation to complete for each
query thereby affecting the user experience.

In the sentiment search scheme proposed by [5], online
reviews are classified according to the overall sentiment
expressed on them. Although different from topical
categorization [10] which groups web search results
according to topics, the technique still lacks the feature to
engage search at the sentence or word level. Users typically
search by keywords or key phrases and without the
knowledge of the sentiment polarity of those keywords, it is
impossible to tell which exact documents/reviews satisfy the
information need. The work in [7] follows a similar pattern
by performing sentiment categorization of web search results.
Deployment sentiment analysers are not instantaneous, and
depending on the size of data and choice of algorithm, it will
be counterproductive for a user to wait for computation and
subsequent filtering of search results into positive, negative
and neutral before final results are made available. A
knowledge graph-based approach was used in similar entity
search in [11]. The search was done at the entity level and
did not consider complete retrieval of documents based on
the sentiment score they expressed on existing entities.

The proposed sentiment management framework in [18]
allows for filtering of sentences by the topics of an input
entity. The challenge is this case is that users have no control
over which keywords should be the focus of the sentiment
analysis as they are determined by the number of topics are
produced by an LDA technique. LDA methods tend to
leave out non-noun aspect terms with these errors
propagating deep into the extraction phase. There is also the
tendency of keywords in various topics to intersect in LDA
techniques and so results may not be as clean as those of
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targeted keyword search. Extra techniques are often required
to mitigate such fallouts [1]. Furthermore, as sentiment
categorization is not used as a pre-processing task in [18],
the user needs to wait for the computation of sentiments once
the target sentences are identified.

3. A proposed method for sentiment-based search
(sentiment search)

Based on the traditional inverted index, the concept of
information retrieval is explained as follows; users have
information needs which they expect to find in documents.
These needs and the documents have their respective
representations (query representation and document
representation) based upon which a system tries to ascertain
how well a document or set of documents satisfies the
information need [9]. The primary feature of search engines
and information retrieval systems, in general, is their ability
to index documents and evaluate queries [12]. In the sections
that follow, the detail of how to achieve sentiment search to
match the sentiment needs of users to documents is provided.
SID: 1- The iphone is a great device.

SID: 2- My phone calls drop frequently with the iphone.
SID: 3- Great device, but the calls drop frequently.
SID: 4- The iphone is worth the price

Inverted index for “iphone” : [2: [ [1:2], [2:8], [4:2] ] ]

Fig.1 Representation of an inverted index

3.1. Sentiment search

We define sentiment search as an Information Retrieval
(IR) task for which an appropriate data model enables the
sentiment polarity of the key document tokens to form an
essential part of the metadata of a document indexing scheme.
This means that most of the processing related to the
document representation is approached as a pre-processing
task. This task includes the sentiment categorization and
indexing of tokens. This makes the search activity launched
by a user fast and user friendly.

Fig.1 shows the extraction of the inverted index of the
“iphone” token in a corpus of four (4) sentences. At a high
level, metadata captured are the sentence IDs and a collection
of token-sentence ID pairs for all occurrences of the token in
the corpus sentences. Besides the total occurrences, other
metadata can be captured as well. This basic concept is
modified in a flexible way to achieve the goals of this paper
in the following sections.



3.1.1. Document representation: Opinion and
Context-Aware Inverted Index (OCAII) graph
data model

In this work, we propose the Opinion and Context-
Aware Inverted Index (OCAII) graph data model. It is based
on a labelled property graph and allows the search of a
corpus by using specific keywords and a further filter based
on the sentiment polarity expressed on the keywords. This is
especially useful for conducting aspect-based sentiment
analysis in customer reviews analysis. Neo4j graph database
is used because it is a native labelled property graph capable
of supporting our model, performing full-text search
(inverted index) and handling millions of nodes and a billion
relationships on a Big Data scale[14][15]. In a property graph,
both the edges and their constituent vertices can have
properties assigned. The resulting construct, a multi-
relational property graph, presents enough flexibility to
expediently model complex domains into efficient,
searchable spaces [17].

Fig.2 illustrates the Labelled Property Graph model of an
inverted index graph model for the same index structure in
Fig.1. With the flexibility of this data structure, it becomes
possible to attain a context richer index by defining the
relationship between tokens and sentences with token
positions, sentiment polarity/scores, and the Part Of Speech
properties.

O

position: 8

POS: PROPN

SID: 4 o Polarity: negative
fulltext: sent_text Has T
OKEIV

position: 2
POS: PROPN

Polarity: positive

Fig.2 Opinion and Context-Aware Inverted Index graph
model view with arrows incoming to the token node to
signify that sentences have semantic and sentiment
influence on it.

By taking a reverse view (Fig.3) from the OCAII graph
model, all token nodes and their properties can be reached
from a given sentence node for extraction or modification.
Fig.4 enumerates the steps needed to generate a standard
dataset that can support this graph model.

46

position: 6
POS: NOUN
ADJ| | Polarity: positive

HAS TOKEN Y HAS TOKEN O

s
postion: | postion: 7
POS: DET SID: | POS: PUNCT|

Fig.3 Reverse OCAII graph model view showing the reach
of a sentence node and sentiment relationships with tokens.

position: 2
POS: PROPN!
Polarity: positive

Algorithm 1: Algorithm for generating a data set for

a labeled Property Graph-based inverted index model
/* Part of Speech (POS)
Input: Reviews

1 foreach reviewinReviews do

/* Clean and split Reviews into sentences

sentences = Preprocess(review)

foreach sentinsentences do

sent_no= sent_no + 1
sent_no=0
for roken € sent do
token_position=token_position + 1
row = [sent_no,token_position,token.text,
token.POS ]

- T LY TR S

£

append
GraphSete—— row

()—ulpul: GraphSet

Fig.4 Algorithm for generating the OCAII graph dataset.

3.1.2. Aspect based sentiment analysis: classification
/ annotation / categorization

This step can be handled by either machine learning
methods or by using a human annotator as a pre-processing
step. Based on the tags assigned to tokens and word phrases
in the preceding steps (Fig.5), the sentiments of select (target)
tokens (nouns) are computed using three algorithms to
capture the sentiment strength from various perspectives on
line 12. Firstly, an algorithm which leverages the proximity
of opinion words to target words is used to compute the
sentiment score on these targets.

The second algorithm is based on the segmentation of
sentences into parts separated by comparison words ([but,
however, albeit, although, in contrast, despite, though, on
one hand, on the other hand, then again, even so, unlike,
while, conversely, nevertheless, nonetheless,
notwithstanding, yet]). The sentiment of the word is then
solely produced based on the segment of the sentence where
it is located. Thirdly, the semantic dependencies accessed
through natural language dependency parsing is used to



score the sentiments of target tokens. Opinion bearing words
are naturally close to targets (nouns) when dependency
parsing is applied [16]. All three scores are then aggregated
by an aggregation function to get the final sentiment score
which is used as an aspect sentiment polarity tag.

Algorithm 2: Algorithm for enriching tokens with se-
lected tags with sentiment scores

[* List of target lags (T'TAGS)
Input: TTAGS
aspect_tokens=|[]
token_position={)

it token.tag € TTAGS then
| end

[ -

app
aspect_tokens «

s foreach roken € aspect_tokens do

/¥ Ql

sentence_ids = get_distinct_sentence_ids(token)

foreach seni_id € sentence_ids do

[*Q2

sent_text= get_sorted_tokens ({sent_id},
HAS TOKEN. token)

sentence="""

for rext € sent_text do
| sentence = sentence + 7 + text

token

/* Use Algorithm 3 to compule sentiment score

polarity = compiled_sentiment(sentence,token)

set_polarity(sent_id,
HAS_TOKEN/{Polarity:polarity}. token)

dﬁtput: GraphSet

Fig.5 Algorithm for enriching tokens with selected tags
with sentiment scores.

Application of the proposed graph model: product
design aspect-based opinion search and analysis on
customer reviews

With graph traversal, pattern matching and property
filtering, it is possible to reach any connected part of a large
labelled property graph. The SemEval-2014 dataused for
evaluating the proposed approach comprises more than 3000
sentences extracted from customer reviews of laptops. Two
annotations (aspect term, polarity(negative, positive, neutral,
conflict)) have been provided by experienced human
annotators. The base OCAII graph model (Fig.2) is enriched
(Fig.6) with the HAS ASPECT edge, assigned sentiment
property and connected to its aspect term node.

Adopting the notation in [17][19], the traversal of
equation (1) starts at a given token node t, follows its
incoming edge, includes (lab+) the edge on the path if it has
the HAS TOKEN label and then includes the polarity
property from it. Equation (2) follows a similar path but
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extends further to extract the sentence ID of the sentence
node at the end of the path. A typical use case for equation
(3) is token extraction and sorting according to the token
position number, the whole sentence can be assembled and
extracted.

_ polarity HAS_TOKEN
g1 = Ep+ ©€ap+ ° ein)(t) (1)
t HAS_TOKEN
g2 = (Ezin e o Vout © €lab+ ° ein)(t) (2)
HAS_TOKEN
gs = (fz";(iken © Uiy © €lab+ ° eout)(s) (3)

Token extraction can also be achieved with fine-grained
filtering to extract by sentiment score or POS tag (e.g. all of
the instances of “google” as a verb). A version of equation (3)
traversing the HAS APSECT edge is used to extract a count
of aspect terms of interest to reviewers and displayed in Fig.7
Customer interest range distribution (top 20 aspect terms).
Two similar traversals are executed to compute the in-degree
on the top 10 results in Fig.8, one for positive sentiments and
another of negative sentiments.

Aspect

Fig.6 Schema for extended OCAII graph model for product
design analysis

token<>a and token.polariy<0

_ HAS _TOKEN
s = (€py ° Vin ©€ap+ ©
HAS_ASPECT
€out ° Sout © €lab+ °e ein)(a) (4)
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From Fig.7, it is observed that “battery” aspect term is
ranked 5" in total edge in-degree after “battery life” but has
the highest dissatisfaction rank in Fig.8. The traversal pattern
in equation (4) is generated to perform sentiment search on
all co-negative tokens mentioned in sentences where the
“battery” aspect term is found. In addition to battery

complaints, the set of tokens {'netbook': 1, 'repair': 1, 'side":

1, 'software': 1, 'mac': 1, 'lot': 1, 'iwork': 1, 'downfall': 1,
'macconnection': 1, 'research': 1, 'rate': 1} also have
negative sentiments on them. We go further to generate more
sentiment search metrics for “battery life” term, “battery”
token and “life” token to gain clarity on their relationships.
The counts for tokens are structured as [total count, negative
count, positive count] as follows; “battery” aspect term
[45,30-,10+, 1 conflict, 1 neutral |, “battery life” aspect term
[51,15-,30+, 3 neutral, 3 conflict] and for “battery” token
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[101,18-,83+]. Out curiosity to find combinations of “batter”
& “life” tokens, we found 7 sentences. Ordering the position
IDs for the “battery” and “life” tokens gave us ([2,3], [16,17],
[10,11] ,[6,14], [12,13], [9,10],[2,3]) showing that “batter
life” was used explicitly in all but one sentence.

This shows clearly that most of the opinions (negative
in context) on “battery life” were made implicitly by
reviewers whiles explicit “battery” opinions were generally
positive.

The top 5 results of applying PageRank to top 10 sub
graph of aspect terms are; {'battery life': 0.1644, 'screen':
0.1439, 'use": 0.1422, 'price": 0.1233, 'features”: 0.1158}. For
Page rank of the co-mentions sub graph over all (+, -, neutral)
aspects and sentiments; {'keyboard': 0.0177, 'screen":
0.0144, 'battery life': 0.0114, 'software': 0.0113, 'hard drive":
0.0111}, and for Page rank over co-negative sub graph of top
10 aspects {'battery life': 0.1919, 'keyboard": 0.1, 'screen':
0.1, 'software: 0.1, 'price’: 0.1}. Interestingly, “battery”
aspect is not as dominant in the real ranking metrics.

5.  Conclusions

Much needed solutions for sentiment search have not
been pursued and given much attention by recent research.
The consumers of sentiment analysis in positions of decision
making within organizations require flexible and intuitive
solutions to understand customer sentiment without waiting
for NLP pipelines to be executed after each query. In this
paper, we proposed the OCAII graph model and applied it to
the field of product design to analyse user sentiment on
Laptops. We show that once the model is built, it becomes a
trivial task to access sentences containing specific tokens or
aspect terms based on specific sentiment polarity orientation.
The solution was easily extended to extract the user feature
interest range, feature satisfaction/dissatisfaction intensity
and co-negative feature mentions in a product reviews
analysis. By leveraging bipartite co-mentions sub graph
networks (using co-mention counts as edge weights),
sentiment based aspect ranking was performed by filtering
the edges according to sentiment polarity. The proposed
graph model supports sentiment search since it indexes every
token along with its position in a sentence, its POS tag and
its sentiment within the sentence.

The flexibility of the approach stimulates further
research and so in future work, we intend to expand the size
and richness of context in the space of search engines and
knowledge graphs for aspect-based opinion mining.
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Abstract:

In landslide disaster prevention project, landslide profile
is an important research object, which contains rich geological
information of landslide. When we get the profile image of the
landslide, if we can recommend several landslide cases with
similar geological characteristics by the landslide profile image
for research, the landslide disaster prevention project can be
carried out quickly. In this paper, we propose a
recommendation system based on similarity of landslide
geological characteristics. The recommendation system is
divided into two steps. Firstly, we construct a classification
model to obtain the categories of landslide geological
characteristics from the profile image by random forest
algorithm and supervised machine learning approach. Then,
according to the categories of landslide geological
characteristics, the landslide case recommended model is
constructed, and 5 landslide cases with similar geological
characteristics are recommended for the landslide. According
to the evaluation index of the recommendation system, the
evaluation results show the effectiveness of the
recommendation system.

Keywords:
Landslide; Landslide disaster prevention project; Image
classification; Profile; Recommendation system.

1. Introduction

In the field of landslide disaster prevention project, if
refer to the research results of landslide cases with similar
geological characteristics, the landslide disaster prevention
project will be more efficient. When designing a prevention
scheme for a landslide, it is necessary to fully consider the

978-0-7381-4259-3/20/$31.00 ©2020 IEEE

landslide profile, which contains many landslide geological
characteristics. If several landslide cases with similar
geological characteristics are recommended for reference,
the economic and applicable landslide treatment scheme can
be formulated quickly. The geological characteristics of
these landslides can be easily extracted from the landslide
profile images, but the influence of these geological
characteristics on the landslide treatment project should be
considered comprehensively. Among them, different
landslide geological characteristics have different effects on
landslide disaster prevention project. In order to select
suitable landslide cases for reference, this paper designs a
recommendation system to recommend 5 landslide treatment
cases with the similar geological characteristics for the
landslide to be treated. The recommendation system fully
considers the weight of different landslide geological
characteristics. Finally, the results show that the landslide
cases recommended by the recommendation system have
high similarity with landslide.

2. Method

Our proposed approach is depicted in Fig. 1.

Image of N Image N Multi Label
Landslide Profile Classification Categories

Recommended
Results

Landslide Cases » Similarity Calculation >

Fig.1 Flowchart of recommendation system of landslide cases



First, we clean the collected landslide profile data and
make the landslide profile images needed in this study.

Then, these images are divided into training set and test
set, and the classifier is trained by RF [1-3]. The classifier
can be used to obtain the multi label categories of landslide
geological characteristics reflected by the landslide profile
image.

Finally, after obtaining the multi label categories of the
landslide, we calculate the similarities among the landslide
and the landslide cases, and recommend the first five similar
landslide cases.

3. Data

3.1. Data source

The data in this paper was from the Sichuan Research
Institute for Eco-System Restoration & Geo-disaster
Prevention. The landslide profile images are mainly included
in the field investigation form and the landslide disaster
prevention project design survey map, which are saved as the
vector image with the big scale of 1:2000, 1:800 and so on.

3.2. Landslide profile image

In ArcGIS editing state, the landslides of different
scales are zoomed to the same scale. Then, different attribute
values are assigned to the landslide body and sliding bed of
the landslide profile as the distinction. Finally, the vector
map is transformed into raster map and then converted into
ASCII text. During the research process, image data will be
extracted from the text and saved as an array of 32%32. The
landslide profile image is shown in Fig.2, and the yellow part
is the landslide body and the green part is the sliding bed.

Fig. 2 Landslide profile image

4. Image classification

In this paper, in order to describe the geological
characteristics of the landslide more precisely, we classify
the landslide profile images by multi label. Only when the
geological characteristics of the landslide are described more
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precisely, the good recommendation results can be obtained
in the subsequent recommendation system.

4.1. Multi label categories

The multi label categories here refer to the categories of
landslide geological characteristics. We describe the
landslide geological characteristics by classifying the images
of landslide profile.

Landslide profile image has sufficient research value
and is widely wused in landslide dynamic analysis,
characteristic description and stability analysis [4]. In this
paper, the classification of landslide profile is mainly based
on 7 geological characteristics of landslide [5], as follows.
(1) Ecxistence of free face on the foot of slope (EF):
Generally speaking, the existence of free face on the
foot of slope is caused by human excavation or
rainwater scouring. It has a great impact on the stability
of the landslide, and it should be considered when
taking treatment measures.

Slope steepness (SS): Generally, the steep slope is
more prone to landslide than the gentle slope

Length of landslide (LL): The length of landslide is
related to the quantity and scheme of treatment
measures.

Strength of sliding force (SF): The sliding force of
traction type landslide (the lower part of the landslide
slides first) and the push type landslide (the upper layer
slides and the lower part deforms) is stronger.
Thickness of the back edge (TB): It used to describe
the scale of landslide.

Thickness of the middle (TM): Same as (5).
Thickness of the front (TF): Same as (5).

@)
3)

“

)

(6)
(N

4.2. Construction of landslide classification model

In this paper, we use random forest algorithm to classify
landslide profile image according to the landslide geological
characteristics, and then obtain the detailed categories of
landslide geological characteristics. The 500 training data
are divided into verification set and training set. The
validation set takes 20% of the data set, and the training set
takes 80% of the data set. Each landslide profile image is
saved as an array of 32 * 32. In the aspect of feature
extraction, we scan the rows and columns of the array, and
then calculate the total number of attribute value in each row
and column. Finally, we get a feature array with length of 64
as the feature representation. In order to improve the
classification accuracy of the whole model, we divide the
classification task into four classifiers. The parameters of



each random forest classifier are adjusted by grid search
method, and the parameters of n_estimators and
max_features are mainly adjusted [1]. It is found that when
the values of n_estimators and max_features of the four
classifiers are [(n_estimators, max_features)] = [(70, 11),
(130, 5), (70, 15), (160, 15)], the whole classification model
is best. Finally, the training accuracy of the whole model is
92%, and the verification accuracy is 87%. The model has
good effect and meets the expectation.

5. Landslide case recommendation system

After obtaining the multi label classification results of
landslides by image classification, we calculate the similarity
among the landslide and landslide cases.

Euclidean distance [6] is the most common distance
measure, which measures the absolute distance between
points in multidimensional space. The formula is as follows:

dist(X,Y) = Xz, (i — ¥1)? ey

where X and Y are two samples, x; and y; represent

the eigenvalues of the ith feature of two samples
respectively.

Due to the different influence degree of different
landslide geological characteristics in the field of landslide
treatment project, it is necessary to fully consider their
respective weights. The weighted Euclidean distance is a
distance measure with weight taken into account. The
formula is as follows:

dist" (X, Y) = ¥, ai(x; — ¥0)° 2
where a; represent the weight of the ith feature, which
is obtained by domain knowledge and factor analysis.

So, we use the weighted Euclidean distance as the
similarity measure, in which the weight is determined by
professional domain knowledge and the correlation analysis
of landslide characteristic factors. The weight array is [EF,
TB, TM, TF, SS, LL, SF] =[1.6, 0.6, 1.7, 0.7, 0.6, 0.3, 1.7].

6. Experiments and discussions

For the landslide profile image of a landslide, we first
classified the image by classifier to obtain the multi label
categories of the landslide, and then calculated the similarity
among landslide cases and the landslide. Finally, five
landslide cases with the highest similarity were obtained as
the recommendation results. The results of recommended
were shown in Fig.3, the first line of the map was the testing
landslide, and the five images in the second line were
recommended landslides case, and the similarity decreases
from left to right. In order to evaluate the recommendation
system more fully, we chose the Precision, Recall, and F-
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measure [7] as the evaluation. In the recommended test, we
used 50 landslide cases for testing. The results were shown
in Fig.4.

It could be seen from Fig.3 that the five recommended
landslide cases (second line in Fig 3) are similar in these
landslide geological characteristics with the testing landslide
(first line in Fig.3). Please note that we only focus on the
landslide body (yellow part). The sliding bed (green part) of
the map is to show the landslide profile completely.
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Fig.4 Precision, Recall, F-measure and PR curve

First, it can be also seen from Fig.3 that the slope of the
testing landslide (first line in Fig.3) is steep, the thickness of
the back edge and middle are thick, the thickness of the front
is thin, the foot of slope is gentle without free face, and the
length is long.

Then, we analyze the similarity between the five
recommended landslide cases (second line in Fig 3) and the
testing landslide (first line in Fig 3), as follows.

1) The five recommended landslide cases are relatively
steep in aspect of slope steepness. It has a high



similarity with the testing landslide and meets the
recommended requirements.

2)  The first three of the five recommended results have the
characteristics of thick back edge, thick middle part,
and thin front edge. Meet the recommendation
requirements with high similarity.

3) Among the five recommended results, except for the

third landslide case that has free face on the foot of

slope, the other four recommended landslide cases and

the testing landslide do not have free face.

In terms of landslide length, four of the five
recommended results are close to the testing landslide, while
the third recommended landslide case is not so good.
Because the importance of length features is not high, so the
weight of similarity calculation is low.

Finally, in general, the 5 recommended landslide cases
are similar to the testing landslide to a certain extent,
especially the first recommended landslide case has high
similarity with the testing landslide, which has high
reference value.

From the Fig.4, we can get the following observations:
the precision (Fig.4 a) of the first result of recommendation
exceeds 0.75. From the PR curve (d), we can know that if we
refer to more recommended results for each time, we can
obtain more similar landslide cases. However, the precision
will be reduced at the same time. F-measure (c) considers
this situation, and the value of F-measure reaches the peak
when the number of recommended landslide cases is 4. This
shows that, considering the precision and recall rate at the
same time, the reference effect reaches the maximum when
referring to the first four landslide cases.

7. Conclusion and Future Work

At present, most of the research on landslide disaster
prevention project relies on expert experience, and there is
little research on the combination of landslide and big data.
In this paper, we used data mining and machine learning
methods to describe the landslide more precisely and
standard by classifying the landslide profile image. And then
we build a recommendation system to provide 5 similar
landslide cases, the precision of the first recommended result
of each recommendation exceeds 0.75.
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Abstract:

In this paper, we propose an extraction method for
landslide topographic features and based on these fine features,
we trained a landslide stability classification model.
Topographic factors have a huge impact on the stability of
landslides, and our new feature extraction methods can provide
more accurate portraits of landslides. Considering the factors
affected landslide stability, this paper studied the factors used
in traditional quantitative stability calculations and analyzed
the factors affecting stability based on landslide data. So, the
proposed method is a combination of theoretical method and
numerical method. Based on support vector classification
(SVC), random forest (RF), and extreme gradient boosting
(XGBoost) models, this paper compares and analyzes the
rationality and reliability of the landslide stability classification
results output by three models. After adopting the new fine
feature extraction method, the accuracy of the stable
classification results has been improved by about 5% on
average, and the interpretability of the classification results has
also been greatly enhanced.

Keywords:
Landslide stability classification; Feature extraction;
Topography feature; Machine learning.

1. Introduction

Landslides are common natural disasters that often
cause serious impact and damage to human society.
Landslide stability evaluation is crucial. Landslide stability
evaluation methods are mainly divided into qualitative and
quantitative methods. The qualitative method is highly
subjective, and sometimes it just relies on expert judgment.
The quantitative method, the method based on statistical
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learning is currently popular, and there are many successful
cases [1]. This method uses machine learning or statistical
models to modeling and analysis of landslide data.

Up-to-date studies on landslides stability, many studies
use the topography data in the landslide disaster field survey
to study the stability of landslides through machine learning
methods. The landslide disaster field survey has topographic
data as average slope, main aspect, curvature and elevation
range. But topography data in the landslide disaster field
survey is not enough fine to reflect the characteristics of the
landslide [2]. This paper used 129 samples of landslide
treatment projects to analyze and extract their fine
topographic features. Then we built multiple landslide
stability classification models based on original topographic
feature and fine topography features and selected the optimal
models from a number of models.

2. Method

Our proposed approach is depicted in Fig. 1.
Data Preprocessing Data Feature
Analyze Extract

Model Evaluation B.Ui.l d .

. - Classification
and Selection
Model

Fig.1 Flowchart of classification of landslide stability

First, we collected landslide topographic data from the
landslide treatment engineering data. We preprocessed the
landslide topographic data, and converted the topographic



data of the landslide area into TXT format. In order to
facilitate further analysis, we converted the landslide
topographic data into a two-dimensional matrix.

Then, in order to ensure that the selected topographic
factors can well reflect the stability of the landslide, this
paper used the chi-square test to evaluate the correlation
between topographic factors and landslide stability.

Next, we used selected topographic factors with the
highest chi-square test scores for feature extraction. We
carried out feature extraction based on some engineering
experience of landslide treatment, this may also be beneficial
to explain why our models perform better than others. We
used the original topographic features and fine topographic
features for comparison.

Finally, we trained various classification models such
as SVC, RF, XGBoost. And we got good results through
these models.

3. Feature Engineering

3.1. Data Preprocessing

This paper extracted data such as elevation points and
landslide range from the preliminary design drawings of the
landslide treatment project. Using the tools in the
ArcToolbox, the elevation point data is used to generate the
DEM (Digital Elevation Model) of the landslide area. Then,
based on the landslide range, we can accurately cut out 129
landslide DEMs. Based on the DEM data of landslide, we
used the tools in Arctoolbox to get the slope data, aspect data,
curvature data. Finally, we exported the raster data of each
landslide into TXT format and read it automatically by the
python program.

After the previous data processing, we obtained 129
landslide samples, and each landslide sample has data on
elevation, slope, aspect, curvature and shape. The data of
elevation, slope, aspect, curvature and shape are all two-
dimensional matrices. In order to facilitate the subsequent
analysis, each matrix was transformed into 64x64 matrix.

3.2. Data Analyze

In previous landslide stability studies, the slope,
aspect, elevation, and curvature were considered when
considering topographic features.

In this paper, we used the chi-square test method [3] to
evaluate the correlation between the selected topographic
factors and the stability of the landslide.

Here we choose x? score:

R Z; (Ae)” = Z; (22" (1)

x? ——=

Among them, Ai is the horizontal observation frequency
of i, E1iis the expected horizontal frequency of i, n is the total
frequency, pl is the expected frequency for the level of i. The
calculated result is used as the score of the chi-square test.
The higher the score, the higher the importance of the
feature.

Table 1 x? test score of factors

Factors x? test score
Slope 20.18
Elevation 14.70
Curvature 11.42
Aspect 6.46
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In the chi-square test results of all topographic factors,
slope, elevation, and curvature have greater influence on the
stability of the landslide than the aspect.

3.3. Feature Extract

In some previous machine learning studies on
landslides, for topographic features, only the average slope,
main slope direction, curvature, and elevation interval of the
landslide were roughly extracted. This paper refines the
topographic features of landslides, and proposes a more
refined way of extracting topographic features of landslides
based on landslide stability theory and treatment experience.

Thanks to the precious field survey data, we can extract
the topographic features of each part of each landslide.

For elevation data, its influential features include
average elevation, maximum elevation, minimum elevation,
and variance of elevation. The relative elevation and height
difference can better reflect the stability of the landslide.

For slope data, we are not only concerned about its
maximum and minimum values, we are more concerned
about the trend of slope changes along the landslide. The
slope distribution has a huge impact on the stability of the
landslide. For example, when the slope of the front edge of a
landslide is relatively large, an empty surface will be
produced, which is very detrimental to the stability of the
landslide.

For aspect data, statistical analysis is performed to get
histogram features. The aspect value is distributed between
0 to 360. The range of aspect is divided into multiple sections
with an interval of 45 degrees: [22.5, 67.5, 112.5, 157.5,
202.5, 247.5, 292.5, 337.5]. These eight sections represent
the eight directions of north, northeast, east, southeast, south,
southwest, west, and northwest.

For curvature data, we extract the absolute value of the
curvature and the positive and negative distribution. The plus
or minus of the curvature value can determine whether a



certain part of the surface is convex or concave. This is
related to groundwater and surface runoff.

4. Model of classification

We try to use SVC, RF, and XGBoost methods to
evaluate the stability of landslide. We divide the landslide
data into two parts, a training set and a test set. We randomly
split the training set and test set according to the ratio of 8:2.
Each landslide has its stability label. Then, we begin to build
classification model through machine learning methods.

SVC is a classification algorithm. It is a classification
model. Its basic model is defined as the linear classifier with
the largest interval in the feature space, that is, the learning
strategy of the support vector machine is to maximize the
interval, which can finally be transformed into the solution
of a convex quadratic programming problem.

RF is a member of the ensemble learning family, and
it’s a bagging method. Random forest is a combination of a
series of decision trees, and the samples when each tree is
constructed are sampled from the training set after
replacement [4].

GBDT is also a member of the ensemble learning
family, and its weak learner can be Classify and Regression
Tree (CART) [5]. The XGBoost classification algorithm is
evolved from the GBDT algorithm. The base classifier of the
algorithm is a decision tree, which improves the
classification effect of the model while continuously
increasing the number of decision trees in the classifier.

We use the original features extracted from the
landslide field survey form and the fine features extracted
through the refined landslide feature extraction method to
train the landslide stability classification model. We build the
classification of landslide stability with SVC, RF, and
XGBoost models. In the classification model, to evaluate the
effect of the model, the commonly used evaluation indicators
include accuracy and recall. We also use test set data to
evaluate the classification models. The results were shown in
Table 2.

Table 2 Accuracy and Recall of models

Method Accuracy Recall
SVC (original feature) 0.71 0.85
RF (original feature) 0.82 0.89
XGBoost (original 0.85 0.92

feature) 0.76

SVC (fine feature) ' 0.86
RF (fine feature) 0.88 0.91
XGBoost (fine feature) 0.89 0.94
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5. Experiments and discussions

It could be seen from Table 2 that for SVC model has
the lowest accuracy and recall rate. Ensemble learning
methods have better performance than single machine
learning methods. We use accurate and fine landslide
measurement data to extract influential feature. Based on
fine topographic features, we get better landslide stability
classification model. The accuracy of the classification
model with fine topographic features is 0.04 to 0.05 higher
than the classification model trained with the original
topographic features. The RF and XGBoost models perform
well in classification accuracy and recall rate. XGBoost has
an accuracy rate of 0.89 and the highest recall rate, reaching
0.94. From the result of classification, the performance of
XGBoost and RF are apparently better than SVC, mainly
because they are all ensemble models, which have a good
suppression of noise in data.

The results of stability classification are consistent with
the results of quantitative analysis of landslide stability,
indicating that the classification results have high reliability
and the model has good application value.
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From Fig.1 to Fig.4, we can see that the topographic of
landslide of Peach Garden, Santai County. The color shade
in the picture represents the value, and the value decreases
from yellow to green to blue. According to the stability
classification model, this landslide is relatively stable. We
can see that the lateral distance of this landslide is much
longer than its longitudinal distance, the middle part is
steeper and the front and rear edges are gentler. The
curvature changes smoothly and there is no mutation site. Its
front edge does not have an empty surface where landslide is
easy to slide out. So, landslide of Peach Garden, Santai
County is in good stability. The classification results are



consistent with the conclusions drawn from the theoretical
and practical experience of the landslide survey.

6. Conclusion and Future Work

At present, when using machine learning to study
landslide stability, the extraction of topographic features is
very rough. Existing research simply regards the landslide,
and uses the average slope, main slope direction, curvature
and elevation interval as the topographic features of the
landslide for machine learning classification. In this paper, a
new feature extraction method is used to better reflect the
topographical features of the landslide. In addition to
considering the overall characteristics of the landslide, the
features of each part of the landslide are also extracted. The
new features can better represent the topographic of the
landslide, which is more beneficial to the study of landslide
stability. By adopting new and more refined features, the
accuracy and recall rate of the landslide stability
classification model have been improved.
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Abstract:

Short text data is being continuously generated by many
social streams such as Facebook and Twitter. Clustering the
temporal text, data for the sake of identifying new topics, over
huge volume of data has become very challenging task recently.
Apart from supervised approaches, most of the existing
clustering approaches assume that the input data belong to one
language. Whereas, generally it has been observed that multi-
lingual short text on social media exist in bulk amount. In this
paper, we propose a model to cluster unknown number of topics
in temporal environment for multi-lingual data. The proposed
framework integrates non-parametric dirichlet model with
language translation component (NDML) to cluster the
temporal stream of short text data, and transforms the cluster
feature into uniform language vector representation. We
conducted experiments on real time crisis data to evaluate the
accuracy of our proposed model.

Keywords:
Dirichlet model; Temporal data; Stream clustering; Multi-
lingual Text

1. Introduction

During the past decade, social media and digital news
platforms have become vital source of information for many
global events or emergencies. A huge volume of text data is
generated everyday containing critical events over time. The
task of clustering such stream of text data has attracted
attention of researchers in recent years. However, due to
temporal dependencies of text data and unknown number of
events make this task very challenging. Along with these
constraints, generally a massive amount of generated text
data belongs global events such as disaster, crisis and safety
warnings thus contain multi-lingual information [1].

A series of models to deal with multi-lingual data has
been proposed in the literature. Each model has its own
benefits and disadvantage. [2] proposed a cross-lingual tweet
classification M-BERT model with employing mixup
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manifold. However, it is necessary to pre-define the number
of classes to train M-BERT for downstream task. In addition,
class specific features highly rely while training phase.
Usually previous models used original terms to fed the
classification model, but [3] explored exploited semantic and
statistical features to improve the classification accuracy on
multi-lingual text data. Previous research on event discovery
from news using evolution graph has been introduced [4],
but it is not fit for short text [12]. Additionally, it needs a pre-
defined number of classes to train the model. Most
approaches are supervised and do not consider temporal
dependency [5]. Where, [6] and [7] proposed short text
clustering model, however their approach deal with
monolingual text data. Therefore, there exist need a general
framework to overcome mentioned issues together.

In this paper, we propose a framework which builds a
bridge between clustering model and language translation
component. We employ non-parametric dirichlet clustering
model (NDML) to cluster the temporal short text data and
build a bridge to identify the events based on change in
probability distribution. The temporal data is splitted into
fixed window, then dirichlet model update the existing model
either by merging each instance into existing cluster or create
a new cluster. The continuous updated model having active
clusters is then processed to label the cluster related to
different language using translation component. Furthermore,
we exploit the word hypernym to expand the cluster features
for performance improvement. The main contributions of our
work are defined as follows.

e We propose a model to cluster multi-lingual temporal
text data.

e Proposed approach can identify evolving number of
events from generated text from social streams.

e  We conducted empirical study to evaluate and prove
the significance of our model.



2. Proposed Model

To solve the problem of identifying continuous arrival
of events from temporal text data, we propose a framework
(NPML), a non-parametric dirichlet model based clustering
for multi-lingual data. Figure 1 shows our proposed
architecture. In the initial step, streamingl data is sliced into
chunks. These chunks are either based on time-window or
fix-sized window. The former type of chunk consider
instances in time unit i.e., hour, day, or week. The latter type
of chunk consider static number of instances for each
window. Then, each chunk is fed into dirichlet model to
group the short text instances. Within the existing model,
each instance of chunk either merged into existing cluster or
create a new cluster. Afterwards, each cluster’ features are
passed into translation process where clusters having same
topics (based on similarity discussed in Section III) with
different language are assigned with common label. We

define each component in detail.
ERNIE

Temporal Data Dirichlet Model

@

Clusters

Language Detect
Language Translate
Babelfy

| m=EEsn

—————

=

/z

Identified Topics
Fig.1 The proposed model for multi-lingual text clustering.

2.1. Non-parametric Dirichlet Model (NDM)

It is a type of stochastic model which models the
random procedure of generated objects from a pre-defined
distribution. A variety of dirichlet models have been
proposed in the past, however, recently, [ 7] proposed a model
based on Chinese Restaurant Process (CRP) to deal with
temporal data to capture infinite number of topics. We
exploit this model to cluster the incoming documents from
temporal stream. This model is specifically designed for
short text stream clustering task. The model specifies the

! https://detectlanguage.com
2 https://translate.google.com
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probability to calculate incoming document and existing
cluster, defined in Equation (1).

p(zd=z|3):[ j

To create a new cluster, the defined probability is give
n in Equation (2).
3)2( j

Here, n_ represents total number of documents in the
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cluster, N total unique terms in the document, D rep

resents the current number of clusters in the model, V
specifies the total vocabulary of current cluster, N, is

the length of document in terms of words, and v re

present frequency count of term w in cluster z. The n
otation ¢ and f are model parameters. The incoming d

ocument can create new cluster if probability in Equati
on (1) is greater than Equation (2) for all existing clus
ters.

2.2. Cluster Feature Set

The vector space model (VSM) is generally used for
clustering task. However, to represent a cluster into subspace,
we employ cluster feature set (CF) [8]. A CF is defined as
Each cluster is represented by words of related documents.
In our model, we followed [7] and define CF set as a 3-tuple

{nz,v;’,lz}. Here, n_ represents number of documents in

the cluster, d.' represents frequency of each unique term in

cluster and [, is total words in cluster.

2.3. Language Translation Component

We build a translation component by cascading
detectlanguag', google-translate?> and Babelfy>. The first
library detects the language to transfer the input for
translation into English language. Afterwards, Babelfy
library is used to fetch hypernyms of key terms of cluster
features. The extracted hypernyms of terms help to calculate

3 https://babelfy.org



similarity between two different clusters of different
language [9]. The reason to identify the language is to avoid
calculating distance between clusters of same topics. We
calculate both probabilities in Equation [1] and Equation [2]
to calculate similarity to relate two clusters of same topics.
Here, instead of using model vocabulary, V represent the
cluster local vocabulary.

3. Experiments

This section discusses the experimental setup of
evaluate our model. We define the process of constructing
dataset. We also describe selected state-of-the-art algorithms
to compare the performance with detail discussion. As we
already mentioned that we employ NDM for clustering the
short text, which relies on two parameters. Therefore, we
also demonstrate the effect of these parameters in terms of
three different evaluation measures.

3.1. Data set

For our empirical study, we downloaded SOSItalyT44,
ChileEarthquakeT1, and CrisisLexT26 from the CrisisLex
platform to construct a dataset. It contains 26 crisis or
disaster events occurred during 2009 to 2014 around the
world, hence documents are related to different languages.
Along with removing the special characters, we deducted all
duplicate instances from the individual datasets to reduce
content redundancy. Table 1 shows the statistics of
constructed dataset.

Table 1 Dataset Statistics

Language Documents  Vocabulary  Topics
English 5171 18140 26
Italian 3239 11301 26
Spanish 3788 12133 26
Total 12198 41574 26

3.2. Models for Comparison

To compare with our model, we choose two supervised
deep neural network model, M-BERT and FastText [10]. M-
BERT is multi-lingual pre-trained BERT [11] model on
multi-lingual data from wikipedia. We set batchsize = 32,
a learning rate between 10-3 and a fine-tuning rate of
2 X 107>, We run each selected model five times and then
calculate the average performance. As we already mentioned,
these models are fully supervised, therefore we employ 3-

4 https://crisislex.org
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fold cross validation to evaluate the models. Although, our
proposed model follows fully unsupervised setting.

3.3. Results Discussion

We trained the chosen models on two types of feature
sets. The VSM representation on actual terms of text,
referred as "ofs" and extended feature set using hypernyms
of key terms referred as "hyper". As the results of all the
models can be seen in Table 2. In terms of accuracy and recall,
our model outperformed the BiLSTM and FastText. The
reason behind is the limited training dataset to learn the
network weight in multi-lingual instance. Whereas, M-BERT
is specifically pre-trained to multi-lingual data that is the
reason it performed well with limited training instances. It
can be clearly observed that using hypernym as additional
information improves the model performance.

Model ofs hyper ofs hyper
Accuracy Recall
M-BERT 81.39 83.49 83.59 84.33
FastText  73.79 74.90 74.83 75.55
BIiLSTM  72.40 73.10 73.44 74.20
NDML 79.22 83.51 80.32 84.48

3.4. Parameter Sensitivity

We analyzed the two hyper-parameters of NDM for
further investigation of clustering quality. The Figure 2 and
Figure 3 show the sensitivity of ¢ and S, respectively,

with respect to Normalized mutual information (NMI),
accuracy, and homogeneity (Ho). From the the given plots
we can clearly observe that the model in the streaming
environment does not show a high variance over a significant
range of values.

4. Conclusion

In this paper, we propose short text clustering
framework by integrating non-parametric dirichlet model (to
cluster short text) with language translation module to
identify event in multi-lingual social stream. In contrast to
existing approaches, NDML do not require pre-defined
number of events and cluster continuous arrival of text
instances in temporal dependency scenario. More
importantly, we tried to explore the hypernym using Babelfy
to expand the core terms of each cluster. The given empirical
results demonstrate the significance of our model.
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Abstract:

The popularity of using pre-trained models results from
the training ease and superior accuracy achieved in relatively
shorter periods. The paper analyses the efficacy of utilizing
transformer encoders on the ISEAR dataset for detecting
emotions (i.e., anger, disgust, sadness, fear, joy, shame, and
guilt). This work proposes a two-stage architecture. The first
stage has the Bidirectional Encoder Representations from
Transformers (BERT) model, which outputs into the second
stage consisting of a Bi-LSTM classifier for predicting their
emotion classes accordingly. The results, outperforming that of
the state-of-the-art, with a higher weighted average F1 score of
0.73, become the new state-of-the-art in detecting emotions on
the ISEAR dataset.

Keywords:
Natural language processing; Transfer learning; Emotion
detection; BERT

1. Introduction

The use of computational approaches is heavily gaining
traction for the detection of emotions from human-written
texts. It can be attributed to the fact that challenges of word
ambiguity and insufficient linguistic resources in the
keyword approach have since been tackled by the emergence
of various publicly available datasets and computational
methods emanating from numerous natural language
processing (NLP) competitions. The different available
datasets are ridden with unique characteristics that make
them exciting to use and quite challenging to handle. Notable
among the datasets inciting text-based emotion detection
activities is the ISEAR dataset [1]. The ISEAR also has its
peculiar characteristic, i.e., a limited number of data samples,
same sentence mapping to different emotion class labels.
These make it exciting and challenging to work on the
ISEAR dataset. Notwithstanding, the dataset has been

978-0-7381-4259-3/20/$31.00 ©2020 IEEE

explored using various statistical and deep learning models
to provide competitive results in detecting emotions from
texts [2]-[7]. However, most of these proposed models, the
context of emotion-conveying words, were often overlooked
or subtly considered [8]. Transfer learning for computational
intelligence activities is gathering momentum due to the
enormous advantages, viz., improved performance using
fewer data samples, and shorter training time. The limited
number of data samples in the ISEAR dataset makes it an
appropriate candidate to utilize transfer learning.

The popularity of transformers [9] for language
understanding is tremendous due to the enhanced
performance they achieve in everyday text-based emotion
detection tasks and other NLP tasks [10]-[12]. The encoder
and self-attention layers implemented in transformers aid in
the extraction of intrinsic details from texts. Notably, the Bi-
directional Encoder Representations for Transformers
(BERT) [13] model is a pre-trained encoder-transformer
model that produces useful context representations and
providing state-of-the-art results in various NLP tasks [14].

The contribution of this paper is thus;

e To analyze the efficacy of utilizing encoders and
transformers on the ISEAR dataset for detecting
emotions (i.e., anger, disgust, sadness, fear, joy,
shame, and guilt).

e To propose a two-stage architecture for detecting
fine-grained emotions from sentences in the ISEAR
dataset.

e To demonstrate the performance of BERT by fine-
tuning on the ISEAR dataset.

The paper's organization is as follows; section 2
discusses related works; section 3 highlights the emotion
detection pipeline and the model architecture. The
experimental setup of the study, the dataset used, and how
the model was evaluated are presented in section 4. The



results obtained and their corresponding analyses are
presented in section 5. In section 6, the conclusion and future
works are highlighted.

2. Related Works

Mozafari and Tahayori [5] presented a Similarity
Technique based on Vector Similarity Measure (VSM) [15]
and STASIS [16] method. Their work initially implemented
Stasis for extracting semantic relationships from texts and
then determined the similarity measure of texts using the
VSM method. Their STASIS approach, however, did not
leverage the co-occurrence ability of words in a sentence;
thus, ignoring contextual semantics. After evaluating the
ISEAR dataset [1], they found that the VSM method
outperformed the Stasis and Keyword method to detect
emotions into joy, sadness, anger, fear, shame, disgust, and
guilt categories. Their approach attained an F1-score of 0.53.

The two-staged text feature extraction model proposed
by Singh et al. [17] aimed at extracting semantics based on
statistical scores. After applying a Parts of Speech (PoS)
tagger to select the nouns, verbs, adverbs, and adjectives in
a sentence, the chi-square [18] was used to remove features
considered to be semantically weak. The model was
evaluated using the ISEAR dataset and the Support Vector
Machines (SVM) classifier and obtained an accuracy of
72.43%. The model, however, reportedly did not take into
account the relationship between features.

Alotaibi [7] overcame some of the issues identified in
work by Mozafari and Tahayori [5] and Singh ef al. [17] by
proposing a supervised logistic regression approach to detect
emotions from texts. The data they obtained from ISEAR
was divided for training and testing. In the training process,
sentences carrying emotions were fed into their logistic
regression model and their emotion labels. Only the unseen
emotion labeled sentences were passed through the trained
classifier for prediction in their testing process. They
evaluated the performance of their model using the precision,
recall, and F1 score. They reported an F1-score of 0.76, 0.64,
0.73, 0.62, and 0.57 for joy, fear, sadness, shame, and guilt
emotion classes. They hinted that a deep learning model
could perform better on engineering the features for
classification.

The work by Seal et al. [19] searched for emotion words
from a pre-trained emotional keyword database with a focus
on extracting phrasal verbs that convey semantic and
contextual meanings in sentences. Using the ISEAR dataset,
they created a list of phrasal verbs and constructed a database
for the phrasal verbs and their synonyms. Using the WordNet
emotion lexicon, the power thesaurus, and their built phrasal
verb database, they identified keywords and phrasal verbs
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associated with specific emotions and classified them
accordingly. They obtained a percentage F1 score of 66.18%.
Still, they highlighted that their method did not resolve
problems presented in existing systems, such as the
preliminary list of emotional keywords and disregard for
word semantics based on context.

3. Proposed Model

3.1. Model Overview

An overview of this work shown in Figure 1 involves
pre-processing data acquired from the ISEAR dataset and
fine-tuning the data using the BERT pre-trained model.
Extracted vector transformations are then fed into a classifier
to classify sentences into seven fine-grained emotions, i.e.,
anger, disgust, fear, guilt, joy, sadness, and shame.

| BERT Model Emotion
Fine-tuning. Classification

Fig.1 Overview of our proposed text-based emotion
detection process

»

3.2. Detailed Architecture

The detailed architecture proposed is made up of two

stages: BERT fine-tuned training stage and the Bi-
LSTM classification stage, as shown in Figure 2.

The BERT fine-tuning stage assumes a bidirectional
pre-training approach to modeling language using self-
attention and transformers. This approach enables BERT to
learn the context of a word considering other words in its
environment.

In this work, BERT is adopted as a substructure due to
this capability. Specifically, the BERT-base-uncased made
up of 12-layered transformer blocks with each block
containing 12-head self-attention layers and 768 hidden
layers and producing approximately 110 million parameters
in total, is used. The input sentences are split into tokens and
mapped to their indexes in the BERT tokenizer library,
indicated as input ids. It is worth mentioning that the [CLS]
(classification token) and [SEP] (separate segment token) are
unique tokens appended at the beginning and end of every
sentence, respectively. To handle the limitations of varying
lengths, an input attention mask of fixed length with 1,
indicating tokens that were not padded and 0 showing
padded tokens, was applied. Each of the transformers was
showed a list of token embeddings and produced a feature
vector of the same length at the output. The output of [CLS]
for the 12¢th transformer layer containing vector
transformations of prediction probabilities are used as



aggregated  sequence  representation from  which
classification is made. In the Bi-LSTM classifier stage, a Bi-
LSTM with four layers, i.e., the Input layer, the Mask layer,
the Bidirectional LSTM layer, and the dense layer, were
attached to the BERT model. The input layer received the
output of the [CLS]. The bidirectional layer consisted of 100
neurons or units and a dense layer containing seven neurons
or units to predict the seven emotion classes using the
softmax activation function.

4. Experiments

Fig.2 Proposed model showing the BERT and the Bi-
LSTM-based classifier

The dataset used, how experiments were carried out,
and the metrics used to evaluate the model is presented in
this section.

4.1. Dataset and Setup

The ISEAR dataset comprises 7666 sentences, out of
which 7503 are unique. There are seven emotion classes in
the ISEAR dataset: joy, anger, sadness, shame, guilt, surprise,
and fear. The data set distribution in the dataset, as seen in
Table 1. The table shows that the data set does not suffer
from class imbalances. It indicates that there would be no
need to implement strategies to mitigate class imbalances in
this data since it's already balanced. All the data samples in
the dataset were used.

Table 1 Characteristics of the ISEAR Dataset

Emotion Labels Quantity
Anger 1096
Disgust 1096
Sadness 1096
Shame 1096
Fear 1095
Joy 1094
Guilt 1093
Total 7666
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Table 2 Evaluation of the ISEAR Dataset on the Model.

Classes Precision | Recall F1-Score
Anger 0.56 0.74 0.64
Disgust 0.83 0.62 0.71
Fear 0.89 0.84 0.86
Guilt 0.54 0.60 0.57
Joy 0.89 0.94 0.92
Sadness 0.85 0.73 0.78
Shame 0.64 0.64 0.64
Macro Average 0.74 0.73 0.73
Weighted Average | 0.74 0.73 0.73

The data samples were cleaned to remove tags, double
spacing, and some special characters observed to affect the
detection's performance. The seven emotion classes were
encoded to a numerical scale (i.e., 0, 1, 2, 3, 4, 5, 6) before
the samples were split into two groups, i.¢., 80% for training,
20% for testing. It was realized that the longest sentence in
the dataset had 178 words; this helped in setting a maximum
sentence length of 200 for the tokenizer. It was done to
ensure that no sentence is truncated as BERT requires all
supplied sentences to have the same size. The training and
test samples were tokenized using the BERT tokenizer to
generate the tokens. These tokens were encoded to create the
input IDs, input mask, and segment id for each sentence
denoted as input ids, input mask, and segment ids,
respectively. These were then fed to the tuned BERT model
as features for training and evaluation. The training set (i.e.,
trainFeatures) was provided to the adjusted BERT model's
input. The batch size, learning rate, warm up, and the number
of epochs was set to 16, 2*107, 0.1, and 1. A total of 383
steps was used for the training per epoch. The evaluation of
the model was carried out using the testing set (i.e.,
valFeatures). The model was optimized using the rectified
Adam, and the loss parameter was set to
sparse_categorical_crossentropy. The model was trained for
ten epochs before being tested on the testing set.

4.2. Evaluation Metrics

To ensure the constructive and extensive comparison of
the proposed model with existing models, the accuracy,
precision, recall, and F1-score evaluation metrics were used.
The evaluation accuracy, false positives, false negatives, loss,



Table 3 Performance of the proposed model compared with other models for joy, fear, anger, sadness, disgust, shame, and
guilt emotion classes

Joy Fear Anger Sadness Disgust Shame Guilt
Models ™p™T R [ F1 | P | R | F1 | P | R | F1 | P | R | F1 | P | R | F1 | P | R | F1 | P | R | F
SVM 0.7 0.6 0.7 0.6 0.6 | 0.6 0.5 0.4 0.4 0.5 06 | 0.6 0.5 0.6 0.5 0.4 0.4 0.4 0.4 0.4 0.4
2 9 1 7 8 7 3 1 6 4 7 5 1 8 6 3 9 4 6
Naive 0.4 0.6 0.5 0.4 0.5 0.5 0.5 0.2 0.3 0.3 0.5 0.3 0.3 0.4 0.3 0.0 0.3 0.1 0.3 0.2 0.3
Bayes 7 3 4 9 7 3 5 3 3 2 9 6 8 9 1 3 4 8
Random | 0.7 0.5 0.6 0.6 0.5 0.5 0.4 0.3 0.3 0.4 0.5 0.5 0.5 0.4 0.5 0.3 0.4 0.3 0.3 0.4 0.4
Forest 1 7 3 1 6 9 9 9 7 9 2 5 8 2 4 6 9 9 1
Balahur 0.4 0.4 0.4 0.4 0.5 0.5 0.3 0.4 0.3 0.7 07 | 07 0.2 0.2 0.2 0.4 0.4 0.4 0.4 0.3 0.4
etal. 3 7 5 8 5 1 5 1 8 6 3 9 4 6 4 1 2 6 8
Razeket | 0.2 0.5 0.3 0.2 0.5 0.3 0.2 0.5 0.2 0.2 06 | 03 0.2 0.4 0.3 0.2 0.4 0.2 0.2 0.5 0.2
al. 6 4 6 5 5 2 9 7 7 2 6 8 8 1 9
Alotaibi 0.7 0.8 0.7 0.6 0.6 | 0.6 - - - 0.7 0.7 0.7 - - - 0.7 0.5 0.6 0.5 0.5 0.5
3 6 2 7 4 3 3 3 S 2 8 6 7
Polignan | 0.8 0.7 0.7 0.7 06 | 0.7 0.5 0.5 0.5 0.6 06 | 0.6 0.6 0.7 0.6 0.4 0.5 0.5 0.5 0.5 0.5
oetal. 7 8 8 5 1 8 2 5 4 6 5 4 6 8 6 2 6 7 7
Our 0.8 0.9 0.9 0.8 08 | 08 0.5 0.7 0.6 0.8 0.7 0.7 0.8 0.6 0.7 0.6 0.6 0.6 0.5 06 | 05
Model 9 4 2 9 4 6 6 4 4 5 3 8 3 2 1 4 4 4 4 7

true negatives, and true positives were 0.6988, 98, 82, 0.8929,
141, and 1213. The classification report is highlighted in
Table 2. The weighted averages for precision, recall, and the
F1 score was 0.74, 0.73, 0.73, respectively.

5. Analyses of Results

Table 3 shows our proposed architecture/model against
the related models acting on the ISEAR dataset. The F1 score
for the proposed model was better than all the associated
works, especially the current state-of-the-art in the area of
emotion detection using the ISEAR dataset. It indicates the
efficacy of the proposed model against the state-of-the-art
[20] to the best of our knowledge.

Our model outperformed the works by [17] in terms of
model accuracy, attaining an overall accuracy of 72.64%.
The highest F1 score for the guilt class was shared amongst
the logistic regression, FastTextEmb, and the proposed
model. Notwithstanding the relatively low F1 scores for the
anger, guilt, and shame classes, the proposed model still
came out among the tops.

The work by Polignano et al. which used an ensemble
of Bi-LSTM, convolutional neural network (CNN), and self-
attention, and that of Alotaibi [7], which used a logistic
regression approach slightly outperformed the proposed
model in the precision metric with a difference of 0.02 and
0.06 for anger and guilt emotion classes respectively. For the
sadness and disgust emotion classes, the proposed model
attains the highest precision and F1 score values but
succumbs to a recall value of 0.76 and 0.74 by Balahur et al.
[21] and Polignano et al. [20] respectively against our
model's 0.73 and 0.62 values for same emotion classes.
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Finally, the recall and F1 score for the guilt emotion class
outperform the other models' recall and F1 scores.

6. Conclusion and Future Work

In conclusion, the paper designed a two-stage
architecture based on encoders and transformers to detect
fine-grained emotions from sentences, considering the
context under which emotion-conveying words occurred.
The result assesses the efficacy of encoder-transformers on
the detection accuracy of emotions in the ISEAR dataset. It
also ascertained the capabilities of BERT in extracting
emotions from the ISEAR dataset. The proposed model
outperformed the state-of-the-art in emotion detection on the
ISEAR dataset. For all the emotion classes, the proposed
model achieved better F1 scores than all other state-of-the-
art models. However, since the architecture is based on
BERT, it suffered from vocabulary word limitation. In the
future, strategies to mitigate this limitation can be proposed
to enhance the word embedding further, thus increasing the
likelihood of performance for this proposed model.

References
[11 K. R. Scherer and H. G. Wallbott, "Evidence for
universality and cultural variation of differential
emotion response patterning.," Journal of personality
and social psychology, vol. 66, no. 2, p. 310, 1994.

M. Suhasini and B. Srinivasu, "Emotion detection
framework for twitter data using supervised
classifiers," in Data Engineering and Communication
Technology, pp. 565-576, Springer, 2020.



(3]

(4]
(5]

(6]

(7]

(8]

(9]

(10]

[11]

[12]

[13]

[14]

[15]

(16]

(17]

W. Ragheb, J. Az'e, S. Bringay, and M. Servajean,
"Attention-based modeling for emotion detection and
classification in textual conversations," arXiv preprint
arXiv:1906.07020, 2019.

H. Nida, K. Mahira, M. Mudasir, M. M. Ahmed, and M.
Mohsin,

"Automatic emotion classifier,” in Progress in
Advanced Computing and Intelligent Engineering, pp.
565-572, Springer, 2019.

F. Mozafari and H. Tahayori, "Emotion detection by
using similarity techniques," in 2019 7th Iranian Joint
Congress on Fuzzy and Intelligent Systems (CFIS), pp.
1-5, IEEE, 2019.

F. Ghanbari-Adivi and M. Mosleh, "Text emotion
detection in social networks using a novel ensemble
classifier based on parzen tree estimator (tpe)," Neural
Computing and Applications, vol. 31, no. 12, pp. 8971—
8983, 2019.

F. M. Alotaibi, "Classifying text-based emotions using
logistic regression,” VAWKUM Transactions on
Computer Sciences, vol. 16, no. 2, pp. 31-37, 2019.

F. A. Acheampong, C. Wenyu, and H. Nunoo-Mensah,
"Text-based emotion detection: Advances, challenges
and opportunities,” Engineering Reports, vol. 2, no. 6,
pp- 1-24, 2020.

Vaswani, N. Shazeer, N. Parmar, J. Uszkoreit, L. Jones,
A. N. Gomez, L. Kaiser, and 1. Polosukhin, "Attention
is all you need," in Advances in neural information
processing systems, pp. 5998-6008, 2017.

K. Yang, D. Lee, T. Whang, S. Lee, and H. Lim,
"Emotionxku: Bert-max based contextual emotion
classifier," arXiv preprint arXiv:1906.11565, 2019.

[W. Antoun, F. Baly, and H. Hajj, "Arabert:
Transformer-based model for arabic language
understanding," arXiv preprint arXiv:2003.00104,
2020.

P. Zhong, D. Wang, and C. Miao, "Knowledge-
enriched transformer for emotion detection in textual

conversations," arXiv preprint arXiv:1909.10681, 2019.

J. Devlin, M.-W. Chang, K. Lee, and K. Toutanova,
"Bert: Pre-training of deep bidirectional transformers
for language understanding,” arXiv  preprint
arXiv:1810.04805, 2018.

B. Shmueli and L.-W. Ku, "Socialnlp emotionx 2019
challenge overview: Predicting emotions in spoken
dialogues and chats," arXiv preprint arXiv:1909.07734,
2019.

N. Riahi and P. Safari, "Implicit emotion detection from
text with information fusion," Journal of Advances in
Computer Research, vol. 7, no. 2, pp. 85-99, 2016.

[Y. Li, D. McLean, Z. A. Bandar, J. D. O'shea, and K.
Crockett, "Sentence similarity based on semantic nets

(18]

(21]

(22]

and corpus statistics,” IEEE transactions on knowledge
and data engineering, vol. 18, no. 8, pp. 1138-1150,
2006.

L. Singh, S. Singh, and N. Aggarwal, "Two-stage text
feature selection method for human emotion
recognition," in Proceedings of 2nd International
Conference on Communication, Computing and
Networking, pp. 531-538, Springer, 2019.

Y. Yang and J. O. Pedersen, "A comparative study on
feature selection in text categorization," in Icml, vol. 97,
p. 35, Nashville, TN, USA, 1997.

D. Seal, U. K. Roy, and R. Basak, "Sentence-level
emotion detection from text based on semantic rules,"
in Information and Communication Technology for
Sustainable Deelopment, pp. 423—430, Springer, 2020.
M. Polignano, P. Basile, M. de Gemmis, and G.
Semeraro, "A comparison of word-embeddings in
emotion detection from text using bilstm, cnn and self-
attention,” in Adjunct Publication of the 27th
Conference on User Modeling, Adaptation and
Personalization, pp. 63—-68, 2019.

Balahur, J. M. Hermida, and A. Montoyo, "Building
and exploiting emotinet, a knowledge base for emotion
detection based on the appraisal theory model," IEEE
Transactions on Affective Computing, vol. 3, no. 1, pp.
88-101, 2011.



PLANT DISEASE CLASSIFICATION USING TWO PATHWAY ENCODER
GAN DATA GENERATION

GETINET YILMA!, SEID BELAY!, ZHIGUANG QIN", KUMIE GEDAMU?, MELESE AYALEW!

ISoftware Engineering, School of Information and Software Engineering, University of Electronic Science and Technology
of China, Chengdu, China
2Center for Future Media, School of Computer Science and Engineering, University of Electronic Science and Technology
of China, Chengdu, China
E-MAIL: getinetyilma @ gmail.com, seidatgm@gmail.com, alemugedamu @ gmail.com, meleawima @ gmail.com,
ginzg@uestc.edu.cn

Abstract:

Deep learning is used to mitigate plant disease in early
stages. Improving training sample size, feature distribution and
overall sample quality impacted deep learning models
correctness. In this work we proposed a generic plant disease
recognition architecture with a two path way Encoder GAN
data generation network. This network incorporated
conditional sample generation and conditional reconstruction
tasks that enabled the generation of unseen data feature. Using
the tomato samples extracted from PlantVillage dataset, we
were able to efficiently generate plausible images that boosted
plant disease recognition. We tested the performance of our
approach on popular CNN architectures such as ResNet50,
GoogLeNet, VGG19 and AlexNet. The experiment result
proved that the approach achieved good result both in terms of
generation quality and plant disease classification performance
compared to existing state of the art works. Therefore, our
proposed architecture is a robust candidate for plant disease
recognition.

Keywords:
Deep learning; Plant disease classification; Resnet; Two
pathway encoder GAN

1. Introduction

Deep learning has been used to identify, analyze, and
monitor crop health in detecting and mitigating plant
diseases at the early stages[1]. Deep learning-based
techniques for the automated diagnosis of plant disease have
been developed with the aim of disease classification [2-5],
disease segmentation[4], disease severity estimation, disease
feature visualization and further analysis[8]. Due to image
quality issues, collection challenges, and other factors plant
disease recognition model training has faced with several
difficulties.

To address training data challenges [2] and [10] used

978-0-7381-4259-3/20/$31.00 ©2020 IEEE

geometric transformation to augment tomato images
however, it is not learning based. AR-GAN [9], [10] and [11]
tried to generate high quality synthetic data to solve data
scarcity for plant disease recognition. AC-GAN [12]
generated high quality 128x128 pixel spatial resolution
images with higher discriminability while [13] employed
CR-GAN for a self-supervised learning to generate multi-
view image from single view image for object and action
recognition tasks. Apart from aforementioned common train
dataset challenges in plant disease classification, there is also
a need to generate unseen data features, improve feature
distribution of generated data, introduce more controlled
data generation process and guide data generation towards
target feature space in order to achieve better performance.
To bridge these gaps, we proposed two-pathway encoder
GAN data generation model that uses sample generation and
reconstruction paths which is inspired by supervised CR-
GAN and auxiliary classifier loss from AC-GAN to boost
plant disease classification performance.

The overall generic architecture of plant disease
recognition model is shown in fig..l. Employing the
potential benefit of unseen data feature in the generated data,
disease classification accuracy can be boosted. The
contribution of this work is (1) Provide plant disease image
generation technique using Two-pathway Encoder GAN to
enlarge training sample (2) Proposed generic plant disease
classification architecture that combine naturalistic image
generation and deep convolutional neural network
architecture. (3) Evaluate the performance of the proposed
approach in terms of data generation quality and
classification accuracy using PlantVillage tomato dataset
which is tested for the first time in this method.
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2. Related Work

Data Generation and Augmentation: There are
several data augmentation techniques in [2], [10] with
geometric transformation to enlarge train sample lack

sufficient discriminant features as they are not learning based.

Mostly generated samples from GAN variants are plausible
but GAN is difficult to train [14]. VAE generates blurred
samples and subjected to vanishing gradient [15]. Both
vanilla GAN and VAE are not either combined or have no
conditional attribute for generated samples which is
challenging to control the generation process. [16] presented
a combined approach using VAE and GAN to generate more
naturalistic images preserving discriminative features.
CGANTJ17] conditioned the generator and discriminator of
the model with additional class attributes to direct data
generation process. SGAN [18] rebuilds the class label
information by the discriminator. AC-GAN [12] combined
the benefit of CGAN and SGAN not only making use of class
label for training, but also reconstructs the label information
for every generated image and stabilizing the training
process whilst learning a representation in the latent space
that is independent of the class label. CR-GAN[13] is a self-
supervised learning to generate multi-view image from
single view image for action recognition. Encoder combined
with GAN can reconstruct image feature, GAN can support
plausible sample generation and conditioning their combined
effort helps to control the generation process towards the
target feature. Therefore, we proposed two-pathway encoder
GAN data generation model that uses sample generation and
reconstruction paths inspired by supervised CR-GAN and
auxiliary classifier loss from AC-GAN to boost plant disease
classification performance.

Classification: There are several convolutional neural
network architectures used for crop disease classification
using plant village dataset with several experimental setting
as stated in [1] used AlexNet, GoogLeNet with and without
transfer learning, other disease recognition works in
[2],[19].,[3], [20] , and [21] demonstrated performance of
different CNN architectures. In addition summary of plant
disease detection as reviewed in [4] [4] is also presented with
details. PlantDiseaseNet [10] architecture proposed PDNet-
1 for leaf detection by species and PDNet-2 disease
classification. PlantDiseaseNet still needs more data with
sufficient detail to improve disease recognition. Papers [1],
[41, [5] , [10], [19] use deep CNN architectures ResNet,
AlexNet,  GoogLeNet and VGG for plant disease
recognition performing best when supported by massive but
diverse training data.

The present approach has not been achieving a
promising result due to data set feature distribution for
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training deeper models, homogeneity in data quality, train
sample size, and the reduced testing time accuracy. Therefore,
we proposed a deep generative model based on two pathway
Encoder GAN to enlarge training set sample to improve the

performance of plant disease classification.
Data Generation Model

Generated
Data

Two Pathway

Dataset Encoder-GAN

CNN Architecture

Train +
Gen Data

”

Fig.1 Disease classification architecture

Classification Architecture

3.  Proposed Method

Data Generation and Augmentation: In this work we
proposed Two-pathway encoder GAN for data generation
task as shown in Fig.2. This data generation approach has
two explicit paths. The first path exhibits the conditioned
GAN characteristics which is the generation path
(Generator-discriminator) G, tries to generate from noise z.
The second path exhibits the Encoder GAN ak.a
reconstruction path, i.e. Encoder-Generator followed by
Discriminator which tries to reconstruct image feature at
pixel level. The two pathway encoder GAN offers a high
resolution data generation for better discriminability, extract
unseen data feature with the help of noise and conditional
generation (G,) process. In generation pathway Generator
G,(z,d) takes random noise z and disease class label d to
generate an image gen_z. Then in the reconstruction
pathway the Encoder E(x) receives train image x to
produces encoded latent feature space Z and estimated class
label d. The latent space Z and label d are used as input to
Encoder-Generator G; ( Z ,d). The discriminator Dy
discriminates the real data samples from synthetic.
Simultaneously, it encourages the G, and E to fit the true
distribution by minimizing the loss for both networks. The
G; acts as a decoder network which takes optimized output
from E and so it is not directly optimized by D rather
indirectly through the E network. The G, and E use the
discriminator’s loss information to generate plausible images
so that their generation sufficiently fools the discriminator
network.

The two generators G, and G; share a single disease
class label d to guide the training towards a common feature.
The approach is formulated as follows Generation from



random noise, the G, takes in a random noise z and one
hot vector class label d as input to generates an image
gen_z. Then the task of D network is to minimize loss from
G, and gradient penalty for stable GAN training as used in

[22]. D is minimized as,
Epp, [Ds(Gz(Z' d))] — Exp, [Ds(¥)]
A1 Ee o [([IVeD®)|, — 177
_7\2Ex~px[Dd(x) =d]
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where z denote random noise and z is true data, d refers to
disease class label, p, and p, refers to the noise and true
data distribution, respectively. The loss from D is maximized
by the generator to fool the discriminator through the
equation,

E,,[Ds(Go(z, )] + A2E;~p, [P(Da(G,(d, 2)) = d)] (2)

Training Phase

Generate from noise

Update Generator

Encoder £

Update Generator Encoder

Reconstruction from image
feat

Image

Fig.2 Two pathway Encoder GAN data generation training
phase.

Image Generation Phase

Disease Label d

Encoder_Weight
E

Generator_Weight
G

Images

Train Image

Fig.3 Two pathway Encoder GAN image generation phase.

From the reconstruction E takes a sample train image
x produces latent vector Z and estimated class label d as
output. The generator takes in Z from the E network
and shared class label d to generate an image Gen_img as
shown in fig..2, so D minimizes eqn. (1) and E helping
Gz_bar by maximizing,

Ds(%;) +A;P(Da (%) = d;) — AsLa (%5, ))
A (E(x), dy)
where A;=10, A,=1 and A; = 0.01 are the constant

E

Xi Xj~Dx
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values to control the relative loss weight in the objective
function and are recommendation from WGAN-GP[22]. L,
loss is used to compute pixel wise distance loss. Once the
generation network was trained, a new synthetic sample that
enlarge the training set were generated by the generation
phase as shown in fig..3.

Disease Classification: For the purpose of discase
classification deep CNN architectures such as ResNet,
AlexNet, VGG and GoogLeNet are commonly popular CNN
architectures. These models are suggested as the most
frequently used architectures in [19] based on the
performance score in different works. As shown in fig.1 the
data generation section enlarges training sample size and
classification part handles plant disease recognition. For our
work we employed ResNet50, AlexNet, VGG19 and
GoogLeNet architectures for plant disease classification task.
Our approach we used similar train and test data split,
parameter settings and softmax cross entropy loss with Adam
optimizer to train the classifiers. The classification loss is as
defined in eqn. 4.

exp (wF(X,,6))

Tiexp (wF (X, 6;))

y={uyz -V}
—ylog(®»)
Where 7y is predicted class probability, wF (Xt, Gf) is the soft
max function

Generation assessment: To investigate the quality of

generated images comparing with the real image we used
CW-SSIM [23] assessment method. This method is  robust
and tolerant to geometric distortion such as rotation,
translation and scaling [23]. Therefore, CW-SSIM, used to
measure quality of generated image CW-SSIM as in eqn. (5).

CW — SSIM (x4, Xq;) =
1$N 2| IM_ ) xgi(m)xg(m)|+k
ﬁzn:l M 2 M _ 2
Ym=1 1Xai(m)| +Xm=1 Xqi(M)| +k

c

C))

)

Where x4 the ground truth image in disease class di, Xg;is
the generated image, k is small constant for function stability.
4. Dataset and Experiment setting

To demonstrate the applicability of our approach, we
conducted experiments for data generation and plant disease
classification. Generally, to enlarge the train data we used
two additional approaches for comparison 1) Built in data
augmentation using transformation functions: zoom, rotate,
flip_left_right, zoom random, and shear functions. 2) CGAN
is used to generate synthetic images using class label d as a
condition variable, 50% train and 50% test split was used for
training the model.



Dataset: The tomato image in PlantVillage [4] dataset
is extracted for experiment because of more no of classes
than other plant types in the dataset. It has 256x256 spatial
resolution, 18154 images, 10 classes among which nine
classes unhealthy and one class healthy also described in
table 1 and fig.4 below.

Fig.4 Sample mages and classes showing disease name,
disease class and image sequence number.

Table 1 Tomato dataset showing class information, number
of train-test split and number of generated images.

Target Name Train Test Generated
BacterialSpot 0 1064 1064 | 1064
EarlyBlight 1 500 500 500
Healthy 2 796 796 796
LateBlight 3 955 955 955
LeafMold 4 476 476 476
Septorial.eafSpot 5 886 886 886
TwoSpottedSpiderMites | 838 838 838
TargetSpot 7 702 702 702
MosaicVirus 8 187 187 187
YellowLeafCurlVirus 9 | 2679 2679 | 2679

9077 | 9077 | 9077

Implementation Details: GPU GForce GTX 2080Ti,
11GB memory and Pytorch framework. using Adam
optimizer where learning rate 1*e-4, batch size 32 and epoch
100 was used to train the generation. For classification
network Adam optimizer, initial learning rate of 1*e-1 with
batch size 16, and a total of 50 epochs were used.

5. Discussion

Data generation Assessment: To demonstrate the data
generation, we conducted three experiments with the same
experimental configuration, the same data source, and data
split 50% for train 50% for test. We also compared our

approach with CGAN and auto augmented data in terms of
CW-SSIM [23] value and classification accuracy.

Sample Original
S Image (a)

CGAN (b)

Augmented
Image (c)

Encoder GAN
Our approach
(d)

Fig.5 Sample images (a) original dataset, (b) generated
using CGAN, (c¢) augmented using built in transformation
functions and, (d) generated from proposed approach

Late Blight Late Blight Late Blight

Late Blight Late Blight Healthy

Fig.6 Failed images generated by the proposed approach.
This is due to size of the image, the disease behavior on the
leaves and the leaf background color.

To investigate the quality of generated images
comparing with the true data as displayed in fig.5 visually
the CGAN generation (b) produced blurry samples that
failed to clearly show disease spots, the augmentation (c)
generated clear images when seen visually but cropped some
parts of the image deforming the whole sample structure, two
pathway Encoder GAN (d) has produced better quality than
CGAN and less quality than augmentation when inspected
visually. CW-SSIM is a robust quantitative method which is
tolerant to geometric distortion such as rotation, translation
and scaling.

Shown in table 2 For CGAN and augmented generated
images the CW-SSIM values are smaller than the proposed
approach.

Table 2 CW-SSIM quality assessment for generated images compared with the ground truth images for each class

Class | 0 1 2 3 4 5 6 7 8 9
CGAN | 68.7 69.7 | 513 68.4 65.0 67.2 71.3 69.3 65.3 67.4
Aug | 78.5 74.3 1593 71.5 66.9 70.0 72.5 65.2 65.8 69.5
Ours | 83.1 85.7 | 77.0 83.8 83.2 84.5 83.9 84.2 81.2 87.3
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The average CW-SSIM for our approach for each class
is above 83% and higher than other approaches, this reveals
the plausibility of the generated image for disease
recognition.

Table 3 Tomato disease classification accuracy via data
generation for selected CNN architectures in %

CNN Arch Wit Aug CGAN | Ours

AlexNet 87.25 | 88.25 87.86 | 87.97
GoogLeNet | 91.47 | 96.36 92.38 | 96.98
VGG19 92.29 | 96.13 85.19 | 98.04
ResNet50 93.02 | 97.41 91.01 | 98.74

Plant Disease Classification Assessment: As given in
table 3 and fig.7 we have compared classification results
from four CNN architectures ResNet50, AlexNet,
GoogLeNet, and VGG19 to verify the generated data
contribution towards disease recognition accuracy. From the
table, we can see that data generation outperformed when
compared with the data without generation. Except CGAN
other two generation methods contributed discriminative
feature towards classification accuracy. Data generation
based on the proposed approach has produced improved the
model performance. Among the trained models ResNet50
scored the best result 98.74%.

Classification Accuracy

100
95
90
85
80
75
Original CGAN Augmented Ours
mAlexNet GoogleNet VGG19 ResNet50

Fig.7 Classification accuracy comparison between CNN
architectures across data settings

Comparison with state of the art works: for the
purpose of comparison, we have presented three works
which have similar dataset source and focusing deep learning
technique.

Table 4 Experiment configuration for training tomato
disease classification via data generation in %

Author | Method Dataset Accu
[2] ResNet 9 classes, 5550 images | 97.28
[21] SCRNN 9 classes, 18,148 images | 90
[20] AlexNet 10 classes, 18,148 | 95.65
Ours | ResNet50 | 10  classes, 18,160 | 98.74

The table 4 shows different authors use methods such
as ResNet50, SCRNN and AlexNet deep learning
architectures for classification on tomato images extracted
from PlantVillage dataset. The author [20] had similar
dataset configuration with our dataset, but [2] and [21] had
different preprocessing, number of images, and parameters.
Disease classification state of the art result comparison using
the same data source PlantVillage[4] tomato dataset, our
approach has a score 98.74% accuracy where as others are
below the proposed approach. This demonstrates
classification via the proposed data generation approach
boosts training accuracy.

6. Conclusion

Training deeper networks require more diverse,
balanced and massive amount of training data for preventing
the risk of model overfitting and boost performance of
disease classification. In this paper we used two pathway
encoder GAN, built in data augmentation functions and
CGAN data generation techniques to expand training data in
an attempt to solve dataset related issues. The two pathway
encoder GAN has enabled generation of more plausible
image than other approaches. Two pathway Encoder GAN
data generation enabled both to enlarge training data and
construct unseen data feature hence, prevented model
overfitting and boosted training accuracy. With the proposed
generic architecture plant disease recognition model
outperformed the state of the art works. We also recommend
that this work can be extended to semi supervised or
unsupervised technique.
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Abstract:

Deep learning (DL) has gained success in image
classification. However, DL always needs a large number of
labeled training data which are not usually available for
gastroscopic image analysis. Therefore, the pre-trained
convolutional neural networks (CNNs) models are important.
The transfer learning (TL) method could leverage the pre-
trained model in natural images to gastroscopic images. In this
paper, we have studied different TL methods on small dataset
of gastroscopic images. We have fine-tuned the current deep
CNNs: EfficientNet, ResNet and DenseNet on three kinds of
gastroscopic images from Kkvasirv2 dataset. The results
demonstrated that the pre-trained models of current deep
CNNs s can get considerable classification results on gastroscopic
images with small dataset.

Keywords:
Gastroscopic image;
Transfer learning; Lesion

Classification; Deep learning;

1. Introduction

Deep learning (DL) has gained success in image
classification. However, DL always needs a large number of
labeled training data which are not always available for
gastroscopic image analysis. Therefore, the pre-trained

convolutional neural networks (CNNs) models are important.

Many exploring works of transfer learning (TL) method on

gastroscopic images have been carried out by the researchers.

Liu et al. [1] proposed a TL framework by fine-tuning the
pre-trained CNNs to classify gastric narrow-band imaging
images into three classes: chronic gastritis, low grade
neoplasia and early gastric cancer. They fine-tuned four
CNNs: VGG16 [2], InceptionV3 [3], ResNet50 [4] and
InceptionResNetV2 [5], and they got the best classification
result from ResNet50. Similarly, Van Riel et al. [6] also
applied the TL method based on the current popular CNNs
such as AlexNet, VGGNet, and GoogLeNet, to build an
esophageal cancer detection and annotation method. Ohmori

978-0-7381-4259-3/20/$31.00 ©2020 IEEE

et al. [7] fine-tuned the single shot detector (SSD) [8] and
realized the detection and differentiation of esophageal
squamous cell carcinoma lesions (ESCC). Kumagai et al. [9]
developed an Al diagnosis system based on the TL via
GoogleNet, which can classify malignant (ESCC) and non-
cancerous lesions in endocytoscopic system images. Zhu et
al. [10] constructed a CNN computer-aided detection system
based on gastroscopic images to determine gastric cancer
invasion depth and screen patients for endoscopic resection.
This fully demonstrates the powerful capabilities of TL.

Although TL method has showed its powerful
capabilities on the classification of gastroscopic images,
there is still lack of the works that exploring more about
which TL method is more efficient. What’s more, the above
works only focused on the classification of esophageal or
gastric lesions, none of them simultaneously focused on both
esophageal and gastric lesions. As we all known that the
esophageal and gastric images were all collected by
gastroscopy from a clinical examination. Thus, the doctor
usually diagnosis these gastroscopic images including
esophagus and stomach at one time. In other words, if we can
develop a CNN model that could classify esophageal and
gastric lesions gastroscopic images at the same time, this
algorithm would be with more application prospects. In this
work, we developed a multi-classification method on both
esophageal and gastric images based on TL of current deep
CNNs. We studied different TL methods on small dataset. We
fine-tuned the current deep and efficiency CNNs:
EfficientNet [11], ResNet and DenseNet [12] on three kinds
of gastroscopic images from kvasirv2 dataset. We also
explored the effect of different TL methods on the training
process and the classification results. We found that fine-
tuning all the layers of the CNNs is more efficient, and we
got the best classification results from fine-tuning
ResNet152.



Fig.1 Structure of the classification method

2. Materials and methods
2.1. Materials

Three classes of gastroscopic images with high
resolution, including normal z-line, esophagitis and normal
pylorus were downloaded from kvasirv2 database [13], with
1000 images for each class. All the z-lines and esophagitis
lesions can be seen clearly in the kvasirv2 images, and the
mucous membrane of normal pylorus can be seen very
clearly. Each class of images were randomly split to three
groups: train, validation and test groups with the ratio of 60%,
20% and 20% respectively. In other words, there are 600, 200
and 200 images in the training, validation and testing groups.

In this work, the programming language implemented
is python 3.6.4, and the deep learning framework is PyTorch
1.0.0 (https://pytorch.org/). All the experiments were
performed on a server based on Uuntu 16.04.6 LTS
(GNU/Linux 4.8.0-36-generic X86 64) and equipped with
four graphics processing units of Nvidia GeForce RTX 2080
Ti, 10989 MiB.

2.2. Methods

The main steps of the proposed method are shown in
Figure 1. The pre-proposing step was first performed to
remove the black background regions of gastroscopic images.
Then the image augmentation method was performed to
increase the data scale and diversity. Next, the augmented
images were send to the fine-tuned CNN. After several
epochs training and validating, the final classification results
for three classes of gastroscopic images were obtained. The
details of the above steps are systematically described as
follows.
2.2.1. Pre-processing

Most of the gastroscopic images include large areas of
black background regions (as shown in C1 of Figure 1)
which are useless areas for lesion identification, so we firstly
cropped these regions through a window with fixed size [14],
as shown in C2. Then a series of data augmentation
operations including uniformly resized to 224 X 224, random
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horizontal flip and random affine were carried out on C2.

2.2.2. Classification of gastroscopic images using
transfer learning method

After pre-processing, the pre-processed images were
sent to a fine-tuned CNN. In the fine-tuning steps, the FC
layers of the original CNN were removed and replaced by
three new FC layers which changed the output categories to
N (N=3).

There are mainly three ways of TLs: only fine-tuning
the FC layers in the former 20 epochs, then fine-tuning all
the layers in the left 80 epochs (TL-1); fine-tuning all the
layers from the beginning (TL-2); only fine-tuning the last
FC layers (TL-3) [15].

In all the experiments, the training epochs were set to
100, learning rate (Lr) as 0.005.

3. Experiments and results

In order to find the more efficient CNN and better TL
method, we designed some comparison experiments.

3.1. Metrics

The accuracy (Acc), recall (Rec), precision (Pre) and
Fl-score (F1) were used to evaluate the classification
oerformance of each method, as shown in equations (1)-(4).
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where i,j refers to the index of each disease, n;; indicates
the number of the disease i predicted as j. Similarly, n;; and
n;; refers to the number of disease i and j predicted as 7 and j,
respectively. Acc and F1 evaluate the comprehensive
classification abilities. Pr represents the precision rate of the
disease recognition. Rec represents the sensitivity.

3.2. Comparison among three transfer learning
methods

We designed a validation experiment among three TL
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Table 1 Comparison of classification results.

Metrics | Method | z-line | esophagitis | pylorus | Acc
TL-1 0.8293 | 0.8505 0.9950 | 0.8917

Pre TL-2 0.8133 | 0.9029 1.0000 | 0.9017
TL-3 0.7333 | 0.7592 1.0000 | 0.8300
TL-1 0.8500 | 0.8250 1.0000

Rec TL-2 0.9150 | 0.7900 1.0000
TL-3 0.7700 | 0.7250 0.9950
TL-1 0.8395 | 0.8376 0.8395

F1 TL-2 0.8612 | 0.8427 0.8612
TL-3 0.7512 | 0.7417 0.7512

methods to explore which TL method is more efficient. The
validation accuracy (denoted by val-acc) changes with
training epochs (Figure 2 and Table 1), where TL-1, TL-2
and TL-3 correspond to the three TL methods as described in
section 2.2.2. It can be seen from Figure 1 that the val-acc of
TL-2 method increased faster at the first 20 epochs, then the
val-acc of TL-1 method raised to be almost the same with
TL-1 in the 20-50 epochs. In the left 50-100 epochs the val-
acc curves of TL-1 and TL-2 were intertwined and the val-
accs were saturated. The TL-3 method performed the worst.
We further compared the test accuracies between three TL
methods and the results can be seen in Table 1, where the
optimal values were bolded. In summary, TL-2 method was
more efficient.

3.3. Comparison among three state-of-the art CNNs

We compared the classification performances of
ResNet152, DenseNetl161 and EffiocientNet-b7 via TL, and
the Pre, Rec, F1 and Acc on the test dataset were shown in
Table 2. The optimal values of each evaluated parameters
were bolded, which revealed that ResNet152 was the best.

75

However, the gaps of the classification results among three
CNNs were small. The overall classification accuracy of
ResNet152 was only 0.0067 higher than DenseNet161.

Table 2 Classification performance of three CNNs

with TLs.
Metrics | CNNs z-line | esophagitis | pylorus | Acc
Res152 | 0.8133 | 0.9029 1.0000 | 0.9017
Pre Denl61 | 0.8216 | 0.8757 0.9901 | 0.8950
E-b7 0.8504 | 0.8778 1.0000 | 0.8917
Res152 | 0.9150 | 0.7900 1.0000
Rec Denl61 | 0.8750 | 0.8100 1.0000
E-b7 0.8456 | 0.7900 0.9950
Res152 | 0.8612 | 0.8427 1.0000
F1 Denl61 | 0.8475 | 0.8416 0.9950
E-b7 0.8456 | 0.8316 0.9975

Note: Res152=ResNet152; Denl61=DenseNet161; E-b7=EfficientNet-b7

Table 3 Comparison of classification results between
different EfficientNets

CNN Acc M-Pre M-Rec M-F1

E-b0 0.8833 0.8837 0.8833 0.8831
E-bl 0.8867 0.8867 0.8867 0.8865
E-b2 0.8833 0.8855 0.8833 0.8829
E-b3 0.8800 0.8801 0.8800 0.8794
E-b4 0.8900 0.8908 0.8900 0.8899
E-b5 0.8850 0.8863 0.8850 0.8848
E-b6 0.8850 0.8899 0.8850 0.8846
E-b7 0.8917 0.8944 0.8769 0.8916

Note: E-bi=EfficientNet-bi, i=0,1,...,7; M-Pre=Mean Pre; others are the
same.

The effect on more complex and deeper CNNs were
further studied by comparing the classification results
between different EfficientNets. As ResNet and DenseNet
were well known and had been well studied, and EfficientNet
was new to us, so the EfficientNet was selected. We trained
EfficientNet-bO to EfficientNet-b7 on the three kinds of
gastrpscopic images and tested all the EfficientNets on the
test dataset. The comparison results were shown in Table 3,
which shows the performance of Efficient-b7 was the best.
However, the gaps of each EfficientNets’ classification
results were quite small. For instance, the overall
classification accuracy of E-b0O and E-b2, E-b5 and E-b6
were the same. This indicated that the classification ability
of deep and complex CNNs via TL on the small gastroscopic
dataset used in this work was saturated.

In summary, the TL methods of current state-of-the-art
deeper CNNs have saturated on the small dataset used in this
work, and the overall classification results would be almost
the same no matter which deep CNN was used. More images
were needed for better classification results.



4. Conclusions

In this paper, we proposed a gastroscopic image
classification method by fine-tuning three current deeper and
efficient CNNs: EfficientNet, ResNet and DenseNet. We
found that the best results can be gotten by fine-turning all
the layers of ResNet152, and the classification results of deep
CNNs on the small gastroscopic dataset used in this work
were almost saturated.
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Abstract:

We provide a novel model architecture for learning
Chinese word representations with semantic dependency
information. These representations can solve two problems, the
first is to avoid polysemy, the second is to capture remote
features. Our representations are learned from a Chinese
semantic dependency model and a normal word embedding
model (e.g.,CBOW or Skip-gram). Using CBOW or Skip-gram
model, the word representations can get some semantic
information from the position of words. Semantic dependency
model can find different word pairs in the sentence and predict
the semantic relationship between each word pair.The first
word of each word pair represents the current word, and the
second word represents the target word. By fusing the semantic
information after semantic analysis into the basic word
representations, we can get more accurate and dynamic word
representations. More importantly, we have achieved advanced
results when we use these word representations in sentiment
classification task and subject classification task.

Keywords:
Word representation; Semantic dependency; Feature
fusion; Sentiment classification; Subject classification

1. Introduction

Pre-trained word representations are important to many
nature language processing tasks. Mikolov et al. has
provided methods for learning word representations in [1]
and [2]. However, the quality of word representations by
these methods is not high enough. The following are two
reasons: (1) the same word can only be mapped to a fixed
vector space in different contexts, which will lose a lot of key
information, (2) due to the limitation of window size, the
model cannot fully capture the relationship between long-

distance words, resulting in the loss of long-distance features.

In this paper, we propose a new method to generate word
representations, which contain rich semantic dependency
information and solve the above problems well. Our word
representations can be easy to use before other existing
models and can significantly improve the performance of
downstream tasks.

978-0-7381-4259-3/20/$31.00 ©2020 IEEE

Our representations add more semantic information to
the traditional word vector representations in [1]. We use the
semantic dependency parser in [3] to express a sentence as
many pairs of related words and the dependency between
each pair. The word representation we proposed is formed by
the fusion of these semantic dependency information and the
traditional word representation. For this reason, we call them
SDE (Semantic Dependency Embedding).

The dependent (the first word in a word pair) and the
head (the second word in a word pair) can enrich semantic
information and strengthen the semantic connection by
identifying a word and its dependent words, while the
dependency relationship between the head and the dependent
can solve polysemy.

A larger number of experiments on natural language
processing tasks show that SDE representations perform
extremely well in practice. We can easily integrate SDE
representations into the existing model, and achieve
excellent indicators on six data sets of sentiment
classification task and subject classification task.

2. Related work

Because of the ability to capture some syntactic and
semantic information, pre-trained word vectors in [1] and [2]
play an important role in many natural language processing
tasks, such as question answering task in [13], textual
entailment in [14] and the semantic role labeling in [15].
However, these word vectors have only a small amount of
semantic information captured from the context within the
window. In addition, since all words are mapped to a same
vector space, the same word can only express one meaning
in different contexts.

Some existing works try to overcome the above
shortcomings by using different methods. For example, [5]
and [6] extracted more sub-word features to enrich the word
vector of the target word. Their methods benefit from sub-
word units through the use of character convolutions. [7]
used a novel method to learn the separate vector for each
word. In recent years, more and more word was focused on



how to integrate the context features into the word vectors to
get context-dependent representations. For example, [8] used
bidirectional Long Short-term Memory (LSTM) to extract
the information before and after the pivot word, and encoded
the information into the pivot word to enrich the word
representation. [16] used a supervised neural machine
translation system and [17] used an unsupervised language
model to learn contextual embedding. [10] has also address
the problem of semantic similarity of different words in the
same position by obtaining emotion-enriched word
representations. [18] used a self-organizing map to get
sentiment-based information. In our work, we also make full
use of context-dependent information by semantic
dependency parser in [3], which is based on Long Short-term
Memory (LSTM).

3. SDE:Semantic Dependency Embedding

Unlike most widely used word embedding, Semantic
Dependency Embedding is a more accurate word vector
representation by fusing more semantic and syntactic
information from semantic dependency analysis (Sec.3.3).
Semantic Dependency Embedding consists of two parts,one
is the word embedding obtained by traditional methods in [1]
(Sec.3.1), and the other is the result obtained by semantic
dependency parser (Sec.3.2).

3.1. Traditional word representation

The First architecture is Continuous Bag-of-Words
Model[1]. The reason why CBOW model can achieve good
results is that it uses the first few words and the last few
words of the target word to predict the occurrence probability
of the target word.

The model architecture is shown at fig. 1. In the input
layer, each word is represented as a vector with dimension V
after one-hot encoding operation, and V represents the total
vocabulary. If the context has N words, the input dimension
is Nx V. In the hidden layer, the input vector is projected
into a new vector space using a matrix of dimension size
V xD. D is the word vector dimension we choose. In the
output layer, the input vectors are summed and averaged, and
then mapped by a matrix of dimension size D %V . Finally,

a vector with dimension of 1x 'V is obtained after a softmax
layer. The i-th value in the vector represents the probability
that the target word is the i-th word in the dictionary.

The second architecture is Continuous Skip-gram
Model [1]. Skip-gram model is similar to CBOW model,
except that skip-gram model uses headwords to predict the
occurrence probability of context words. After one-hot
coding of the head word, the vector is mapped into the new
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vector space by a matrix with dimension V x D, and the
probability of context word is obtained by using softmax
layer after transformed by the matrix with dimension
D xV . The model architectures is shown at fig. 2.

Input Layer

Hidden Layer Output Layer

Xt
NxV dim 1xD dim 1xV dim
Fig.1 The CBOW model.
Input Layer Hidden Layer Output Layer

1xV dim

1xD dim
Fig.2 The Skip-gram model.

NxV dim

3.2. Semantic Dependency Parser

Semantic dependency parser aims at expressing a
sentence as many pairs of related words and the dependency
between each pair. The dependent (the first word in a word
pair) and the head (the second word in a word pair) can
enrich semantic information and strengthen the semantic
connection by identifying a word and its dependent words,
while the dependency relationship between the head and the
dependent can solve polysemy.

For a sentence S=<w,w,,.,w,> , Semantic

Dependency Parser will list all possible word pairs and



predict the possible dependency labels for each word pair.
For example, the parser will split S into word pairs < wi, wi>,
<wi, W2 >, < Wi, Wy >,... , < Wp, Wp >. Then the parser will
predicted the dependency labels of these word pairs. For
cases like <wj;, wi>, there is no dependency between the two
words in this pair. We use this type of word pair to predict
the root of a sentence.

The structure of the parser is shown in Fig. 3. The
whole structure is composed of two layers, the lower layer
is composed of bidirectional LSTM, and the upper layer is
composed of a LSTM and an output layer.

In the lower layer, the input to the bidirectional LSTM
is a sequence of n time steps, each representing a word in
the sentence. In the training process, a hidden state is
generated for each time step from the forward and
backward directions at the same time. Then, we can get a
forward hidden state and a backward hidden state. The two
states are concatenated to form a hidden state as the output,
which contains forward information and backward
information. For one of the time steps x; in a time series
X =< X, Xy yeery X, > after the processing of low layer, there

are two hidden layers states: forward hidden state h; and
backward hidden state h;’, which are concatenated together
as the output of this layer.

¥

!

Softmax

Fig.3 Sentiment Dependency Parser.

In the upper layer, the LSTM has two inputs, one is
the feature representation ( hy, h;”) obtained from the lower
layer, and the other is the input x;”’. After these two inputs
pass through LSTM, we get a hidden state h;”’, which will
be converted into the probability distribution of labels after
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passing through softmax layer. fig. 4 illustrates an example
of semantic dependency graph. Here, “Utfi(she)” is the head
of “fi&tf(face)” and at the same time it is an head of “Ji
(disease)”. Meanwhile, the relationship between the two
word pairs is different, one is “Poss” and the other is

“Exp” . Using these information can make the word
representation have more semantic dependency information
to improve the effect of downstream tasks.

ROOT _— s
{imie elnf
N
X
Exp 'unc
A,m mM \ mTone

e \"a
g ]

seem disease already

o N
ROOT Hife 1 fofs
now she face

i

terrible-looking

Fig.4 An example of semantic dependency representation.
3.3. Fusion For SDE

Through traditional word vector model in Sec.3.1, we
can get the basic word vector. Using continuous distributed
representation of the context, these basic word vector can
record some simple semantic information by position. fig. 5
shows us how we get the basic word vector, where E is the

basic word vector.
(E )

L&) (&

CBOWY/Skip-gram

[wordd {wordg]

| wordn|

Fig.5 The process of obtaining basic CBOW/Skip-gram
word vector.

When input is a sentence containing n words(e.g. S= <
Wi, Wa,... , Wn> ), Semantic Dependency Parser will output n
word pairs (e.g. < wi, Wx >) and corresponding n
relationships. We call the first word in the pair “dependent”
and the second word ‘“head”. For each word, the header
information and corresponding relationship information
have rich semantic information, the head information
indicates which word in the sentence the word depends on,
and the relation information indicates which kind of
dependency the two words belong to.

We use two weight matrices to encode head information



and relation information respectively, and the size of the
weight matrix is N x D, where N represents the total size of
head or relation, and D is the dimension of the encoded
vector. The header information can be obtained through a
projection layer, which is the same as the one in the
traditional word vector model. We construct the matrix of the
relationship according to the sum of relationship from the
Semantic Dependency Parser to encode the relationship
information. This process is shown in fig. 6, where EH and
ER represent the result vector of head information and
relation information respectively.

EDRED EA, (Er]  (ERe] (&R
[ ‘ word lookup table | | . relation lookup table |
¥ . T

Semantic Dependency Parser

| word, word, | $

Fig.6 The process of using Welght matrices to encode head
information and relation information.

Finally, by fusing these vectors(e.g.E, EH, ER) we have

obtained, Semantic Dependency Embedding(SDE) is formed,

which can be divided into Semantic Dependency Embedding
from CBOW(SDEC) and Semantic Dependency Embedding
from Skip-gram(SDES) according to the basic word vector.
SDEC has less training time than SDES, while SDES
handles rare words better than SDEC. fig. 7 shows the

integration process.

SDE

Embedding of relation - -
Embedding of head - -
Embedding of word - -

Fig.7 The formation process of SDE.

4. Experiments

In this section, we use SDE and apply it to sentiment
classification and topic classification. The advantages of
SDE are illustrated by a large number of experiments.

m

4.1. Datasets

We choose three public data sets for sentiment
classification: Hotel Review Polarity (Hotel.P), Weibo
Review Polarity (Weibo.P) and Takeaway Review Polarity
(Takeaway.P), and three for topic classification: Goods
Classification data set (Goods), News Classification data set
(News) and News Title data set (News Title). Table 1 and
Table 2 give more detailed information on these data sets.

Table 1 Features of sentiment classification data sets.

Data set Positive Negative Total
Hotel.P 5,322 2,443 7,765
Weibo.P 59,993 59,995 119,998
Takeaway.P 4,000 7,987 11,987
Table 2 Features of subject classification data sets.
Data set Categories Total

Goods 5 5,000

News 15 150,000
News Title 13 130,000

4.2. Preprocessing and postprocessing

First,we use regular expressions to filter punctuation
marks and stop words in the sentences. After filtering,
sentences less than 5 in length are excluded. Then we use
Semantic Dependency Parser(SDP) for word segmentation
to get the word, the head of the word as well as their semantic
relationship and consider words with less than three
occurrences as OOV. The SDP model we use mentioned in
Sec.3.2. During the training of the SDP model, we choose
Negative Log-likelihood function as the loss function. The
goal of training is to minimize the gap between the predicted
dependency and the real dependency for each word pair. We
use mini-batch update and Adagrad[12] to optimize the
parameter learning. We will also pre-train the CBOW and
Skip-gram models. In the training process, the window size
is set to 5, min-count is set to 3, and the dimension of word
vector is set to 128.

For down-stream tasks, we built a basic classification
framework, which consists of a bidirectional LSTM layer
and a fully connected layer. The bidirectional LSTM with a
hidden size of 256 uses the preprocessed SDE as input. A
hidden state is generated for each time step from the forward
and backward directions at the same time. Then, we can get
a forward hidden state and a backward hidden state. The two
states are concatenated to form a hidden state as the output,
which contains forward information and backward
information. Finally, after passing through a full connection
layer and softmax layer, we can get the predicted results.



4.3. Results

From table 3 and table 4,we can see that the accuracy of
SDEC and SDES on the six data sets are higher than the word
vectors based on the traditional CBOW and Skip-gram
models. It can be seen from the table that the SDE based on
CBOW(SDEC) performs well on sentiment classification
tasks, while SDES performs better on topic classification
tasks. In fig. 8-10, We choose several of these data sets to
show the accuracy and loss of different word vectors in the
training process. In the training process,we used the early-
stop mechanism and ensured that the parameters of the
model were determined by the iteration with the smallest loss.
Obviously, the word representation proposed in this paper
has achieved state-of-art in these six public data sets, which
performs well than the word representations based on
CBOW and Skip-gram.

Table 3 Accuracy of sentiment classification data sets.

Model Hotel.P Weibo.P Takeaway.P
CBOW 0.83 0.69 0.87
Skip-gram 0.67 0.68 0.85
SDEC 0.86 0.72 0.9
SDES 0.7 0.72 0.89
Table 4 Accuracy of subject classification data sets.
Model Goods News News Title
CBOW 0.89 0.82 0.83
Skip-gram 0.89 0.81 0.84
SDEC 0.88 0.84 0.83
SDES 0.89 0.82 0.84
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Fig.8 Accuracy on News data set.
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5. Conclusions

We have introduced a general approach for learning
high-quality word representation by fusing semantic
dependency information,which solves problems well and
show improvements when applying SDE to sentiment
classification task and topic classification task. Through a
large number of experiments, the performance of this method
is compared with that of CBOW and Skip-gram model. It
shows SDE contains rich semantic dependency
information,which can better express the meaning of a
sentence. In the future, SDE can be used as a pre-training
word representation to serve more NLP tasks to improve the
quality of tasks.
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Abstract:

The breast cancer is a critical female disease and its proper
identification is very essential for better cure and recovery. The
diagnosis of BC is a critical issue for clinical specialists and
scholars. Different researchers proposed breast cancer
diagnosis methods using deep learning techniques. However,
these proposed methods not diagnosis breast cancer accurately.
In order to tackle the issue of accurate detection of breast
cancer we proposed a 3-layers CNN architecture for accurate
detection of breast cancer. The proposed model has been
trained and tested on Breast histology images data set. The
cross validation method Hold out has been applied for best
model selection and hyper parameters tuning. Furthermore,
different model evaluation metrics have been used for model
performance  evaluation. The experimental results
demonstrated that propped method is more suitable for breast
cancer and it would be incorporated in health care successfully.

Keywords:

Breast cancer; Classification; Deep Learning;
Convolutional neural network; Image data set; Prediction
accuracy

1. Introduction

Breast Cancer (BC) is one the most chronical disease of
women in the world and women death 5th major reason is
breast cancer comparatively to other kinds of cancers [1, 21].
A group of splitting cells inside the breast tissues are
develops which is called Tumors and these tumors can be
cancerous non-cancerous. To diagnosis breast cancer
numerous invoice based techniques have been used for
detection of BC. Biopsy [2] method breast tissues use for
diagnosis and obtained results are highly accurate. While
mammogram [3] method of detection of breast cancer

978-0-7381-4259-3/20/$31.00 ©2020 IEEE

2Dimensionals projection image is created from breast.
Another invasive based method Magnetic Reasoning
imaging (MRI) [4] has been used for BC detection. However,
invoice based techniques for breast cancer diagnosis are not
accurately and efficiently detect BC.

These issues of invasive based BC diagnosis can be
effectively address by non-invasive based methods such as
machine learning and deep learning. Specifically, deep
learning models such as Convolutional neural network (CNN)
[5] are mostly used for detection of breast cancer and the
performance of CNN in clinical imaging is very high [6].
CNNs model from training image dataset automatically learn
and selects more relevant features for classification [7]. In
literature mostly lately Xu et al. [8] used U-NET CNN
architecture for detection of BC. Leyy at al. [9] employed
CNN, AlexNet, GoogleNet for breast cancer detection using
ImageNet dataset. Rasti et al. [10] designed a CNN Model
based mixture ensemble for classification of benign and
malignant.

In this research study main aim to classify cancerous
images (IDC: invasive ductal carcinoma) vs non-IDC images
using CNN model. The CCN model has very high
performance in classification of image medical data and
extract relevant features from image automatically. Breast
histology images data set has been used for training and
testing of the proposed model. Cross validation method Hold
out has been employed for model validation. Additionally,
performance evaluation metrics have been used for CNN
performance evaluation.

The rest sections of the paper organized as: In section 2
Breast histology images data set and proposed 3- layer CNNs
model have been described in details. Section 3 is
experimental work section in we performed different



experiments and discussed experimental results. The section
4 in conclusion and future work

2. Materials and methods

2.1. Data set

Invasive Ductal Carcinoma (IDC) is the most common
subtype of all breast cancers. In order to classify cancerous
IDC and non-cancerous IDC images, we used Breast
histology images data set which available on kaggle Machine
learning repository [11]. This dataset consists of 5547 breast
histology images of size 50 x 50 x 3, curated from Andrew
Janowczyk website and used for a data science tutorial at
Epidemium. The goal is to classify cancerous images (IDC:
invasive ductal carcinoma) vs non-IDC images. In fig. 1
the data set is given.

Fig.1 Breast histology images data set
2.2. Deep learning model

In this research work deep learning model (CNN) for
Breast cancer detection has been employed. Deep Learning
is a kind of Algorithm of Machine Learning which integrate
Feature Selection, and Classification process for better
performance [12, 13, 14, 15]. Extraction of feature from
Input Data are incorporate to build CNN Model and
evaluating model performance on testing phase. CNN is
deep learning model which have neurons, weights, loss
function and other parameters. In architecture of CNN have
layers of three types, such as Convolutional layer, pooling
layer, and lastly fully linked layer [16, 17]. The input data to
CNN convolved by convolutional layer and map into
features, then these feature passed from pooling layer which
prevents overfitting by dropping parameters and
computation in Network Structure. Finally, the fully
Connected Layer is used for grouping. Furthermore, learning
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rate is parameter which defined the model learning process
through training. CNN also use some activation function
such as ReLU, tanh and softmax for layers’ activation.
Different optimizers have been used for optimization
purpose such as stochastic gradient descent, Adam, Adadelta,
RMSprop in CNN model. The generic CNN model is given
in fig. 2.

Feature map

Convolution

Pooling

Fully connected  OUtPUt

Fig.2 Generic CNN model for breast cancer detection

2.3. Proposed Deep Convolution Neural Network
Model

We proposed a DnCNN model for classification of
cancerous IDC and non-cancerous IDC images. In
development of the CNN model three layers have been used
in which one is input layer and use for inputting image data,
three layers are hidden which are used for internal
transformation, and last layer is fully connected output layer
which has been used to classify cancerous IDC and non-
cancerous IDC images. The input image data has been used
for training and evaluation of the model. In the proposed
DnCNN model hold out cross validation method has been
used for model training and validation.  Activation function
such as ReLU has been used for all layers, and softmax for
output layer has been used. We used different optimizer
Adam in our model [12, 18, 19] with different learning rates.
The dropout has been adjusted 0.5. For model performance
evaluation, various evaluation metrics have been used such
as accuracy, sensitivity, specificity, F1-score, MCC, and
AUC.

The inputs of model of shape 50x50x3 Image used at
the first Convolutional Layer along 32 kernels of shape
32x7x7x1 and stride of pixel 1. The Convolutional Layer
second inputs the layer 1 output with 64 kernels of shape
5%5x32. The third layer has 128 kernels of shape 3x3x64 to
output layer connected. Max-pooling, batch normalization
layers are interconnected with each convolutional layer. With
last layer dropout layer applied before to stop overfitting of
DnCNN model.

The other important parameters of different layers of
DnCNN model have been reported in Table 1.



Table 1 DnCNN model parameters and layers description

No of | Layer name structure Activation parameters Number of
layer parameters
1 Input image 50x50%3 50x50%3 - 0
2 2D Convolution 32x7x7x1convolution with [1 1] | 46x64x32 7x7x1x32  weights | 1600
Stride &[1 1 1] Padding 1x1x32 bias
3 Batch normalization 32 filters 46x64%32 1x1x32 offset | 64
1x1x32 scale
4 Activation function Re-LU 46x64x32 - 0
5 2D-Max-pooling 2x2 Pooling [2 2] Stride & [1 1 1] | 23%2346x64x3264 - -
Padding
6 2D convolution 64x5x32 Convolution with[1 1] | 21x21x64 5x5%32%x64 weights | 51264
Stride & [1 1 1] Padding 1x1x64 bias
7 Batch normalization 64 filters 21x21x64 1x1x64 offset | 128
1x1x64 scale
8 Activation function Re-LU 21x21x64 - 0
9 2D-Max-Pooling 2x2 pooling [2 2] stride & [0 0 0] | 10x10x64 - 0
padding
10 2D convolution 128x3x3x64 convolution [1 1] | 1x1x128 3x3x64x128 9437184
stride & [1111] weights 1x1x128
11 Batch normalization 128 filters Ix1x128 1x1x128 offset | 16384
1x1x128 scale
12 Activation function ReLU 1x1x128 - 0
13 Dropout 0.5% 1x1x128 - 0
14 Fully connected 2 1x1x2 2x128 weights 2x1 | 16384
layer bias
15 Activation function | Softmax Ix1x2 - 0
output
16 output cancerous IDC and non-cancerous | - - 9523008
IDC images.
TPXTN—FPXFN
2.4. DnCNN model cross validation mechanism MCC = x100%  (5)

To train and test our model DnCNN we have been used
Hold [26, 27, 28, 29] out cross validation method. The image
data set splits into two parts 80% for training and 20% for
testing of the model.

2.5. DnCNN model performance evaluation criteria

The proposed model DnCNN performance has been

evaluated by employing various performance evaluation
metrics such as accuracy, specificity, sensitivity, MCC,
precision, F1-score, AUC and model processing time [20, 21,
22, 23, 24,25]. Mathematically these metrics have been
written in equations (1), (2), (3), (4) and (5) respectively.

Accuracy = %xloo% €))
Sensitivity = ——— x100% Q)
Specificity = —"— x100% 3)
Precision = Tp:ip x100% @)

J(TP+FP)(TP+FN)(TN+FP)(TN+FN)

2.6. Proposed DnCNN model Procedure
The Pseudo-code of the proposed DnCNN model is
given in Algorithm1.

Alg.1 Pseudo-code of proposed DnCNN model for Breast
cancer diagnosis

Step1: Begin

Step2: Pre-processing of Breast histology images data set;
Step3: Trained DnCNN on training data set with different
parameters;

Step4: Validated DnCNN on testing data set;

Step5: Computes DnCNN performance;

Step6: End

3. Experimental results analysis and discussion

The DnCNN model has been trained and validated on
Breast histology images data set. The hold out cross
validation method has been employed with 80% and 20% for
training and validation respectively. The others parameters
need for DnCNN have been reported in Table 2. The model
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performance evaluation metrics such as accuracy, specificity,
sensitivity, MCC, precision, F1-score and processing have
been computed and reported in Table 3. The DnCNN model
has been developed in programming language python using
keras and running on computer system with configuration of
Intel Core TM 15-2410M, 4GB random access memory with

MCC, 85% precision, Fl-score 82% and AUC value was
85%. The model computation time was 30 minutes
respectively. The training loss and validation loss and
training accuracy and validation accuracy of the DnCNN
model has been shown in fig. 3 for better understanding the
model performance. The experimental results demonstrated

640BG hard drive, window 10. that proposed model performance is high and its
According to Table 3, the proposed DnCNN model recommended for diagnosis of breast cancer.
obtained 79 % accuracy, 98% specificity, 96% sensitivity, 97%
Table 2 DnCNN model others parameters
No of | Learning rate | Training part of Testing part Optimizer Batch size Dropout Output Inner
maximum data set activation activation
epochs function function of
layers
60 0.0001 (4437)80% (1109)20% Adam 128 0.5 Softmax ReLU
Table 3 DnCNN model performance evaluation results
Acc(%) | Sp(%) | Sn(%) | MCC(%) | Pre(%) | Flscore(%) | AUC(%) | Time(m)
79 98 96 97 85 82 85 30
0675
— Tain Loss
0.650 \ Validation Loss
0.625 \
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M 0575
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0.525 — TV
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0475 =
b 5 bt 5 P = Y s
Epochs
0.50
e
—._.—_._._/“‘-—-—--._,—o—-/n_\_‘_'_ﬂ"""-—-/_"“—/
075 /_/_/
% 070
Eﬂ 065
0.60 — Tain Accuracy
Validation Accuracy
o 5 10 15 20 25 30 35
Epochs
Fig.3 Accuracy and loss of the proposed model
breast cancer images data sets.
4. Conclusions

The deep learning convolution neural network (DnCNN)
model is more suitable for medical image data processing.
To diagnosis breast cancer through breast image data we
proposed DnCNN model and the proposed model obtained
very high performance in terms of accuracy. The accuracy
has been obtained 79% and computation time of model was
30 minutes. Due to excellent performance of DnCNN model
we recommend it for diagnosis of breast cancer. In future
work we will performance more experiments with others
deep learning models for diagnosis of breast cancer using
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Abstract:

Maha mrityunjaya hymn is Hindu religious belief to
control the mind to dedicate Lord Shiva. Many seers have been
practicing it since ancient time. The main aim of this paper is to
find the changes in brain signal using C4-A1 channel of the
Electroencephalogram (EEG) signal during recitation of this
hymn. This study was completed in some steps such as real time
EEG recording, extraction of the C4-A1 channel, preprocessing,
calculation of the power spectral density, and classification
using Decision Tree (DT) and K-Nearest Neighbor (KNN) on
five yoga practitioners. The KNN classifier having 5-fold cross
validation model achieved the highest recall (97.4%) and
accuracy (97.4%) of the system. We obtained that the average
frequency of the EEG wave increased prominently. This study
will be helpful for the people to understand in the scientific way
for the recitation of the religious hymn.

Keywords:
Brain; Maha mrityunjaya hymn; Hinduism; Decision tree;
KNN; EEG; Yoga

1. Introduction

The ultimate goal of life is to achieve the original state
or self-realization for every human. The great saints around
the world had recognized this. Most of them had used the
path of surrender to their master (almighty Lord/Gods) based
of their cultures or the religions. They have communicated
to the master through their prayer prescribed in their
religious text. Most often they pray for duration regularly

978-0-7381-4259-3/20/$31.00 ©2020 IEEE

everyday by repetition of a syllable or a sentence. This
exercise over a time period helps them to achieve a state of
meditation. In general it brings a state of mindfulness,
developed concentration, and provides alter-full relaxation.
The beneficial effect of meditation had been well
documented in scientific literature that meditator found to
gain better psychological health and good control over
emotions.

In specific to the Muslim prayer found to be enhancing
relaxation by reducing the anxiety by increasing the
parasympathetic activity during Salat prayer [1]. Further,
while reciting prayer during Salat practice the mean gamma
activity increased significantly in comparison to the mimic
Salat practice. This is an indication of enhancing the
cognitive and attention process which may lead to focus
attention meditation mood [2]. It was also observed that
alpha activity saw higher values while performing
prostration position in Dhuha prayer at a partial and occipital
area in comparison to the resting condition [3]. In
transcendental meditation practitioner used a hymn provided
by his spiritual master repetition of this hymn as a part of this
meditation which pushes the practitioner to a state of a higher
plane of consciousness. Scientific indications were
documented by observing in decrease in oxygen
consumption, breath rate and heart rate, and blood lactate
levels while increase in alpha and theta activity of EEG
signal [4], [5]. This was an indication of autonomic stability
and a feeling of calming state of mind [6].



Neurohemodynamic deactivation was documented during
the chanting of “OM” in different brain regions while no
changes occur by mimic “SSSS” pronouncing in
comparisons to the resting state. This is an indication of
limbic deactivation suggested that clinical application of
psychiatric patients [7]. Further in an fMRI study showed a
deactivation of brain regions during “OM” chanting [8]. In
another study of “OM” hymn meditation found that higher
theta amplitude after meditation at all regions in comparison
to the before meditation [9].

In the proposed work, we used C4-A1l channel of the
EEG signal to find the effect of “maha mrityunjaya hymn”
recitation in human brain. We used the Blackman window
having a finite impulse response filter for the preprocessing
of the signal. After preprocessing, we used the welch method
for the extraction of the Power Spectral Density (PSD) of the
signal as a feature. Finally, we applied the DT and KNN
classifier for the performance of the proposed system.

2.  Proposed Dataset

In total, five male yoga practitioner without any heart
and mental disease recruited from a Swami Vivekananda
Yoga Anuasandhana Samsthana, Yoga University, Bangalore
in India. Their ages range from 18 to 22 and health were
checked by the public hospital. The participants were gave
their written consent for the study. The study was approved
through the ethical committee of the university. We used
sleep polysomnography for the recording of the EEG signal
on the yoga practitioner. The data collected phase is divided
into three parts: 1) 5 minutes of pre-condition, 2) 10 minutes
of maha mrityunjaya hymn recitation, and 3) 5 minutes of
silently sat. In this work, we extracted single C4-A1 channel
of the EEG signal to analyze the data.

3. Methods

3.1. Calculation of Power Spectral Density (PSD)

We estimated the PSD using the Welch method, it is
introduced in 1967. It converts time series into segment data,
calculating a modified periodogram of every segment, and
take the average of power spectral density. The average
altered periodogram tends to reduce the variance. As well,
estimate the relation to a single periodogram of aggregate
data. While overlay among segments introduces irrelevant
facts, this result is reduced using a non-rectangular window,
which decreases weight given to the end samples of the
segment [10-16]. The Welch techniques are described in
equations (1), (2), and (3) below:
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Where U is equal to compensate for the loss of signal,
L and D is the data of the segment, w(n) is the hamming
window, X! & X} are the real and imaginary part of the i**
segment, and P is the Welch method.

3.2. 3.2. Decision Tree (DT) classifier

DT is a simple demonstration for categorizing problems.
It is one of the supervised machine-learning algorithms,
where data are continuously dividing based on certain
parameters. It consists of edges or branches, nodes, and leaf
nodes [17]. It is divided into two parts such as classification
tree and regression tree [16]. We used classification tree in
this work. Our parameters of this classifier are two minimum
numbers of instances in leaves, the split subset must be
smaller than five must, and maximal limit of the tree depth
is one hundred. The advantages of the DT classifier are
inexpensive, fast, excluded noises, easy to interpret, and
more accurate than other classifiers. DT is described in
equation (4) and (5):
E(H,) = X PiH; “)
R, =H —E(H,) (5)
Where, H, is the average uncertainty after performing
test t, P;is the probability that the test has j outcome, and R,
is the average reduction in uncertainty achieved by test t.

3.3. K- Nearest Neighbor (KNN) classifier

KNN is a procedure that stores all accessible cases and
classifies novel cases based on a distance function. KNN has
been used in pattern recognition and statistical estimation in
1970. The case is categorized by a popular vote of its
neighbors. KNN is used in both classification and regression
analytical problems [18]. The distance functions of the KNN
in equation (6), (7), and (8) are described below:

Euclidean Distance Function

k
Drg = Zi=1(xi —¥i)? (6)
Manhattan Distance Function
Dey = Xilxi — yil 7N
Minkowski Distance Function
1
Dppp = [Zi‘(=1(|xi - yiDq]q (8)

Where, x and y are the features of the dataset. We have



used Euclidean distance function in this work.

Table 1 Normalized value of the PSD of the C4-A1 channel

of the EEG signal

are 60 seconds. After segmentation, we used 2048 order
Blackman window having finite impulse response filter
having sampling frequency are 200 Hz was used to remove

- the noise of the channel. After filtration, we extracted PSD
EEG Phase Max. Avg. Min.
Wave of the channel as a feature of the C4A1 channel of the EEG
Before 1512718 4431731378 | 0.000000738 s1gngl. Thgn, we normahzec.l the value of the power spectral
Delta | Recitation | 32128.84 | 452549673 | 0.00000295 density as input of the classifier (Table 1).
After 41782.04 60.683844 0.0000035
Before | 1267.875704 | 10.37119227 | 0.000000594 | 4.2. Performance of the proposed system
Theta Recitation 930.3524 10.12340646 | 0.000000569
After 1241.47 9.341830491 | 0.000000361 After PSD as a feature, we applied DT and KNN
Before 5429.8826 15.175557 0.0000017 classifiers having two cross validation model such as 2 and
Alpha | Recitation | 4616.132 13.80179011 | 0.000000191 5 fold for the performance of the system. The standard
After 5341.167 12.981429 0.0000011 performance measures are precision, recall, accuracy, and F1
Before 564.91515 20.879796 0.0000019 are described in equations (9), (10), (11), and (12).
Beta Recitation 601.118 20.23 0.00000145 precision = ( P ) 9)
After 679.5706 19.07039684 | 0.000000486 TP+FP
Before | 520.7451879 | 15.77289635 | 0.000000738 recall = ( i ) (10)
Gamma | Recitation | 7076479 | 1421803803 | 0.000000832 NPT
After 560.2475 | 13.4547986 | 0.00000261 accuracy = (m) (11)
Fl1=2x recallxprec%s%on (12)
4. Results recall+precision
Table 2 Performance of the proposed system
4.1. Analysis of the signal Fold Classifier Precision Recall Accuracy F1
2 DT 0.745 0.745 0.745 0.745
We extracted the C4-Al channel of the EEG signal in 5 g?N gjgzg gjgzg gjgzg gjgzg
the experimental data set. The each segment of the channel KNN 0.974 0.974 0.974 0.974
1 - 1 -
L. L -
0 0 04 06 08 0 02 04 06 08 1
1-Specificity 1-Specificity

(a)

(b)

Fig.1 ROC curve for the classification of the proposed system in the cross-validation models such as (a) 2 fold and (b) 5
fold. It is clear that KNN classifier has highest and DT (brown line) has lowest performance in both cross-validation
models.

5. Discussion

After hymn

recitation average delta frequency

increased prominently which is an indication of deep sleep.
This was also an observation in the previous study after “OM”
hymn meditation [19]. The present study was evaluated both
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by using KNN and DT classifiers along with the performance
of hymn recitation. This finding is also supported by the
religious chanting of different religious studies [1]-[3]. Table
2 represented the performance of the proposed system. Our
KNN classifier achieved the highest accuracy in both cross-
validation models of 2 and 5 fold. The performance of the



KNN classifier having 2 fold cross validation model in terms
of precision, recall, accuracy, and F1 was found to be 0.970,
0.970, 0.970, and 0.970, respectively. In addition, the KNN
classifier having 5 fold cross-validation model in terms of
precision, recall, accuracy, and F1 were found to be 0.974,
0.974, 0974, and 0.974, respectively. The Receiver
Operating Characteristics (ROC) curve for the KNN
classifier, holding the highest performance as compared to
DT is shown in Figure 1. The limitations of this study are the
number of subjects, single gender, and only one feature for
analyzing the data. Further study will add more subjects with
gender equality to design the system.

6. Conclusions

In this work, we have developed a PSD based model
with DT and KNN classification to detect the changes in

human brain during recitation of the maha mrityunjaya hymn.

To be best of our knowledge, this study easily finds the effect
in the brain with 97.4% accuracy. Further study will apply
this method to the other hymns of the Hindu religious belief.
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Abstract:

Safety Helmet wear detection is a very important task in
the field of industrial applications which can greatly reduce the
safety risk and provide a guarantee for better industrial
production. Most of the popularly used detection methods
realized by enumerating all the possible locations of detection
objects, the classifier is then run to identify the final rectangular
bounding box that wraps the target and the category to which
it belongs. In this paper, we design a multi-scale key-point
network to solve the size difference of the objects, coming up
with a new loss function and training strategy to improve the
accuracy of the result. Our method achieves 100 FPS 92% mAP
on the SHWD dataset, which achieves the best trade-off
between speed and accuracy.

Keywords:
Key-point Estimation; Helmet wearing detection; Industry
landing application; Objection detection;

1. Introduction

The basic goal of the object detection task is to
demarcate the position of the object to be detected in the
image and correctly distinguish the class of the object. As a
cornerstone of computer vision research, it is to solve
problems such as instance-segmentation [1], scene Content
perception, object tracking [2], event recognition, and other
more complex task foundation, because of its universal value
and academic attention. With the development of deep
learning, the application of deep convolutional neural
network, which can extract high dimensional features from
images, makes the research of object detection into a new
level in a short time. It is the main trend that academia and
industry combine closely and promote each other. But it can’t
be ignored that the focus on the algorithm itself between the
academia and Industry Complex application scenario is still
difficult to achieve efficient compatibility. In this paper, we
provide a simple, efficient, and accurate detection

978-0-7381-4259-3/20/$31.00 ©2020 IEEE

implementation for helmet wearing, a common industrial
security task. Our detector is based on the key-point
estimation method [3,5], which is different from the
traditional bounding box with an anchor box. Corresponding
to the scene characteristic of helmet wearing, we improved
the key-point estimation network to generate the fine heat
map and then extracted the peak point of the class heat map
for each image as the center point of the bounding box we
located, the regression produces other properties of the
center point corresponding to the object.

Our method is robust and scene-compatible, and the
specific network design and the whole pipeline process make
the algorithm maintain a high accuracy rate based on
realizing high-speed detection, a 100FPS 92% mAP is
obtained on the industry open-source dataset SHWD, which
achieve faster reasoning and more accurate identification
compared with the industry optimal algorithm.

2. Related work

DCNN. Multi-layer neural networks have become more
and more mature after years of precipitation. Conventional
fully connected neural networks have poor performance in
image representation and are difficult to extract high-
dimensional features of images, the deep neural network
structure based on convolution computation emerges as the
Times require. The Deep convolutional neural network can
reliably aggregate local perceptual domain features with
minimal computational effort, and shared weighted network
features can greatly encode the structural features of the
space to which they belong, this provides strong support for
the generalization of input. Our approach is based on the idea
of a full-convolutional neural network taking into account
the DCNN’s inability to achieve pixel-level awareness,
through a full-convolutional neural network, we were able to
input an image into the network and then output a precise



point heat map, which effectively enhanced the detector’s
sensitivity to the image and provided a solution for better
key-point estimation.

Object Detector base on anchor. At the beginning
of deep learning in the field of object detection, a two-stage
detector is the main method to realize it [7,8,12], in the initial
stage, all possible positions of the object in the input image
are exhausted to prepare sample points for the subsequent
stage, which is often referred to as the proposal box, this
stage can be accomplished by traditional Algorithms or
specific neural networks. To improve the performance of the
network, the idea of anchor frame is put forward, and the
anchor frame with different length-width ratio and multi-
scale is generated by using the anchor mechanism in the
sliding window to better meet the needs of covering objects
of different sizes like YOLOV3 [4], the invention effectively
solves the generating malpractice of the inefficient proposal
box. In this paper, we use a method similar to the traditional
single-stage object detection, which can be called anchor-
free estimation, it encodes the position of the object without
paying attention to the overall coverage of the object; for
each object, there is only one key point that can be produced,
this avoids the NMS post-processing operations [5,11]. we
specially designed the key point estimation network to
generate a larger feature convolution graph to solve the scale
problem

Key-point estimation. In the research of object
detection realization theory, the detection algorithm based on
the estimation of key points is not new, the conventional
detection can be realized based on corner points, for example,
CornerNet [5] has predicted three points for each target in
the realization, they are upper left, the bottom right, and the
center point, and after the generation of re-grouping, the
point and the object one-to-one correspondence. However,
the dense and small-scale scene characteristics make the
generation of grouping and point messy and rough, which
can’t meet the requirement of high accuracy, therefore, we
adopt center point estimation [3], only focus on the single
center of an object, avoid grouping conflict, and improve the
application reliability of the algorithm.

3. Method

A good algorithm for the industrial scene should
combine the task characteristics closely and encode the
potential prior information completely to help the algorithm
produce correct output to any input in the application. In this
paper, we fully consider the characteristics of this industry,
and integrate the scene information into the Algorithm’s
design.
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3.1. Backbone

In this section, we describe in detail the backbone
network structure (Fig.1) used to generate the key-points of
an object.

Fig.1 Stack Hourglass with three stacks

The basic network structure used in this paper is the
stack hourglass network structure [6]. The basic component
of the network is a residual module, which uses a jumper to
add by-pass, and splices the low-dimension feature and the
high-dimension feature to encode the image information
better. The key design of the hourglass network is the
structure of'its sub-network. Before each down-sampling, the
original scale information is reserved in the upper half, and
after each up-sampling, the data of the previous scale is
added which makes scale information of the superposed
image feature map is rich and the information loss is minimal.
We reduce the number of network stacks which increased the
output feature size by 1.5 times.

3.2. Mapping of GT

We use the normal Gaussian kernel [5] to scatter the GT
points on the feature map. For the corresponding object on
the image (X, Y), according to the Gaussian kernel, the
calculation radiates to the surrounding with this point as the
center, the center value being 1, in this way, the closer to the
center on the thermodynamic chart, the closer it is to 1, the
farther it is to 0. When the thermodynamic charts overlap,
simply take the maximum value.

3.3. Design of Loss Function

Confidence loss. We follow the philosophy of Focal
loss and make some targeted improvements based on the
helmet-wearing scenario. Because of the imbalance of
positive and negative samples in the open-source data set and
the big difference in the size of the objects to be tested, we
add the judgment condition of the prediction value to
increase the penalty of the loss when the network prediction
has a big error. In the formula, Yxyc represents the



confidence level of GT, Yxyc represents the predicted
value of the network, N is the number of key-points in GT
with value 1, which is normalized. Alpha and Beta are the
super-arguments to Focal loss [9], which we set to 3 and 4 in
this article. Here is the formulation.

( (1 = Pxyc)“ log(Pxyc) if Yxyc =1 (D
—z a- nyc)ﬁ(nyc) log(l - nyc) if 0.2 <Yxyc
la- nyc)z (nyc)

Floating-point offset loss. In this paper, stride = 3 is
used to scale the input image (R = 3), this will result in a
certain precision error when the feature map after
convolution is resampled back to the original image (for
example, there is only a one-pixel difference on the feature
map due to the floating-point loss of down rounding and up
rounding, which corresponds to the difference of three pixels
on the original map), so for each center point, an offset error

. . l .
is used to correct it. where - uses the lower sampling to get

the GT position, [ is the downward integral coordinate
position of the Pixel position, and 6; is the predicted offset

value. Z . (_ i ) |

Object size loss. Where s, is the size of the object,
and is calculated by:

Sp = (Xz(") - X1(0).J’2(0) - J’1(0))

(2)

offset

(3)

which is calculated before the neural network is trained,
to reduce the computation and the difficulty of Network
Regression, stride = 3 is used to calculate the length and
width of the sample. Considering the small target size
problem in the scene, L2 distance is used to further improve
the penalty level in case of error

Z|Szo Sol?
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4. Experiment
4.1. Dataset

The training and testing dataset of this paper are all
carried out on SHWD, which is an open-source data set about
helmet wearing and head detection. It contains 7,581 images,
including 9,044 positive helmet wearing samples and 111514
negative helmet wearing samples in VOC style [10]. SHWD
has strict requirements on data classification, for example,
non-safety Helmet data such as people wearing hats are
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log(l - nyc) if Yxyc <0.2

labeled as negative samples, which has very realistic
classification significance. The images are from Google,
Baidu, and SCUT-HEAD, all of which are tagged in VOC
format.

4.2. Training details

In this experiment, we used the popular technology of
multi-image combination, spliced the images of different
scenes according to the reasonable logic, and formed a new
scene image. At the same time, we also used the conventional
image enhancement method, include classical geometry and
optical variations, random occlusion, and blur processing
techniques. In designing our training strategy, we paid
particular attention to the idea of transfer learning, so we
innovatively trained the network first on a pure head dataset
BrainWash and then on an SHWD dataset after pre-training
the 100epoch, through this training strategy, we are surprised
to find that the accuracy of the model has been significantly
improved, and training stability and speed has been
improved. The input resolution is 768 * 768, the output
tensor is 256 * 256 after network calculation. NVIDIA GTX
2080Ti GPUS has been trained for 140 rounds. The network
is optimized by using Adam optimizer. The initial learning
rate is set to 0.001, round 80 set at 0.0001, round 120 set at
0.00001. The whole training process takes three days.

4.3. Result
The output of the model is shown in Fig.2, Fig.3 The
single image processing time is only 0 01 ;icgnd

Fig.3 Complicated background result

We also compared the results with Yolov3 and
conventional key-point CenterNet(Fig.4). It is clear that the
model has good generalization ability and precision for small



scale and complex background, which is the best Algorithm
of the current security helmet wear detection task.
% S ~k ~ » = S

b

YOLOvV3 CenterNet Our Model

Fig.4 Comparison results
4.4. Test and verify

High real-time and accurate safety helmet wear
detection can greatly reduce the cost on the security of
human, the significance of safety production is extraordinary,
our method achieves the highest accuracy under the same
detection speed of the same kind of scene algorithm. The
following is a quantitative comparison table of performance
parameters.

Table 1 Performance comparison

AR mAP Average

speed

Faster-RCNN 80% 85% 15FPS
YOLOV3 [8] 85% 88.5% 50FPS
CenterNet [3] 90% 90% 90FPS
Our Model 95% 92% 100FPS

We selected the highest number of processing frames,
average precision, and average recall to compare the
performance of different algorithms. As can be seen from the
table, our algorithm achieves the best results in all three
accepted metrics.

5. Conclusion

In this paper, considering the particularity and
complexity of the detection task, an end-to-end security
helmet-wearing detection algorithm based on scenario
correlation is proposed, we achieve the best recognition and
accuracy performance under the same real-time condition.
After extensive real-world testing, the effectiveness of our
algorithm is verified.
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Abstract:

Graph Convolutional Network (GCN) has been proved to
be an effective method to process graph-structured data.
Concurrently, deep mutual learning has shown significant
improvements in network performance. In this paper, we
propose a model: Multi-Mutual learning Networks of
GCN(MM-GCN), which combines these two lines of work. At
its core, MM-GCN trains multiple GCNs, which may be the
same or different, and the final loss function is jointly
determined by these networks, which can be used for
backpropagation to train the network. Our experiments show
that the effect of MM-GCN proposed by us improves state-of-
the-art baselines on node classification tasks.

Keywords:
Tracking; Graph Convolutional Network; Deep mutual
learning; Node classification

1. Introduction

Graphs are important non-Euclidean structural data that
can be modeled by a set of nodes(objects) and
edges(relationships). In recent years, due to the powerful
representation of graphs, which can be used in social science
(social networks), natural science (physical systems and
protein-protein interaction networks), knowledge graphs,
and many other research areas [1], more and more scholars
have paid attention to the use of machine learning methods
to analyze graph data.

The convolutional neural network has achieved great
success in processing Euclidean structural data (such as
images, videos) [2]. It is natural to wonder whether the
operation of convolution can be applied to the graphs.
However, the core of the convolution operation is to maintain
translation invariance. However, non-European data does not
have translation invariance [3]. There are only two ways to
solve this problem:

1.Find a kernel that can process non-Euclidean data
2.Map non-Euclidean data to Euclidean space for
processing
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The spatial domain approach is the first approach, while
the spectral domain approach is the second approach.

Our approach is mainly based on the latter. in this work,
we start multiple networks. During the process of training,
these networks learn from each other. In each iteration, we
calculate the predictions of the multiple networks, and
update the networks according to the results of those models,
until convergence.

2. Related work

Non-spectral approaches define convolutions directly
on the graph, operating on spatially close neighbors. The
main challenge of this approach is to define convolution
operations of different sizes without losing local invariance.

DCNN [4] proposed the diffusion-convolutional neural
network (DCNN), which defines a hop matrix for each node,

denoted as P" . For node N, its h-hop node is the node that
can be reached after h steps starting from node N. The node
classification task can be calculated by the following formula:

H=f(W OPX) 6]

Xe ™ is the input feature matrix ( N is the

number of nodes and F is the number of features). P* is
an NxKxN tensor that contains the power series

{P,P?,..,PX} of P, which is the degree-normalized

transition matrix from the adjacency matrix A . P'X
represents the information after K-hops of the node's F-
dimensional feature diffusion. Finally, these features are
aggregated by the Hadamard product.

Graph attention network (GAT) [5] uses the attention
mechanism, through which the convolution function is
defined. The graph sampling aggregation network
(GraphSAGE) [6] also implements the spatial domain
method by defining the convolution function by sampling the
adjacent nodes randomly.

The spectral domain convolution defines the Fourier
transform on the graph domain and simplifies the calculation

where



by the eigendecomposition of the Laplace matrix.
Spectral Network [7] defines the convolution operation
in spectral-domain by convolution theorem on graph space:
g "o x=Ug, (MU'x (2)
is the kernel, is the

convolution operation in the spectral domain. U is the

matrix of eigenvectors of the normalized graph Laplacian
1 1

matrix L=I,-D2?AD2=UAU" . Where A is the
adjacency matrix of the graph and D is the degree matrix of
A, Ais the eigenvalue matrix of L.

ChebyNet [8] uses truncated Chebyshev polynomials
T, (x) to approximate g,(A):

K
g, % x~ Y 6T (L)x
k=0

*

where g, ¢

x is the input,

A3)

where L =/1LL—I A

N ° “"max

is the largest eigenvalue of L .
Thus, we do not need to compute the eigenvectors of the
Laplacian.

GCN [9] set the K to 1 and approximated 4, to 2, thus

the equation simplifies to:
1 1

g% x~0x+0 (L-I)x=0x-0D?AD x  (4)
with two parameters ¢, and 6,. We can get the following

expression by setting 0=6, =—6,:

1 1

g, %, x~0(I, + D 2AD 2)x (5)

Using a renormalization trick:
LI 1 1

I,+D2AD 2 - D 2AD ? (6)

with A=A+I, and Di= ZA,-,- , we get the final
J
feature maps:
H"" = c(AH"W") (7)

1 1
with A=D 2AD 2, where H” and H"*" are the input and
output for layer i. W' is a trainable weight matrix, theta
is an activation function.

3. Method

3.1. Network Architecture

Our MM-GCN is a multi-network structure, with two
subnetworks as an example (see Figure 1). It is also natural
to extend to multiple networks, as shown in 3.3. For a task,
start training with two identical or different networks called
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student networks [10]. After the predicted value of the two
networks is generated, we calculate the KL divergence of the
two networks and add to the final loss function. Then do
backpropagation and update the weights.

Predictions Labels

Fig.1 Network Architecture

3.2. Loss Function

We donate the probability of the sample X; belongs to
class m which is given by network 1 as p;"(x;) :

exp(z")

M

2.

where z," is the output of the softmax layer of network 1.

p(x)= ®)

m

_exp(z")

The total loss function is composed of two parts, one is
the cross-entropy function, the other is the KL divergence
loss.

The cross-entropy function calculates the cross-entropy
error between the predicted value of the network and the true
labels:

=> > 1(y,.m)In(p;" (x,)

Lc1 = (9)
i=1 m=1
where [(y,,m)is indicator function defined as:
I y=m
I(y,,m)= (10)
0 y#m

KL divergence can be used to measure the matching
degree between two distributions. Since the true value is the
same, it is natural that we expect the prediction results of the
two student networks to be the same.

The KL divergence from p, to p, is calculated as:

DKL(pzup.)ifpé" (x;)1n i E;

=1 m=1 1

(11)

The KL divergence from p, to p, is calculated as:



N M
Dy, (pllpy) =22 p"(x

i=1 m=1

The total loss function of network 1 is defined as:
L =L, +xDy(p,ll p) (13)

where x is the KL weight to control the KL loss.
Similarly, the total loss function of network 2 is defined as:

L, =Lc, + Dy (p; |l P,) (14)

It should be noted that KL divergence is asymmetric, in

general, Dy, (p, Il p,) # Dy, (p, |l p,) So the values
calculated by these two loss functions are not the same.

3.3. Extension to More Student Networks

3.1 and 3.2 describe how MM-GCN is learned in the
case of two student networks. MM-GCN can also be
extended to multiple student networks.

Given N student networks (N>=2), the loss function of
the network n. The cross-entropy loss function is unchanged,
while the KL loss function can calculate the KL divergence
of network N from other N-1 networks respectively, and then
calculate the average Value'

L =L +Km z Dy, P/”Pk)

1=1,1#k

(15)

The extended multi-network structure here can use the
same network or different networks under the same task.
Different networks may achieve better results. Detailed
information is discussed in section 4.

3.4. Experiments and Results

In this section, we will introduce the training and test
results of our model on the Cora dataset and compare the
results with GCN [9]. Specific experimental steps and results
are as follows:

3.5. Datasets

We train models on the classic citation network dataset:

Cora. Cora contains 2708 articles published in the journal of
corresponding papers, each paper has a category as a tag,
Cora contains sparse bag-for-words feature vector of each
paper and a list of citation relations between papers. We set
the relationships as (undirected) edges and papers as nodes,
to construct a binary adjacency matrix as the input of the
network.

3.6. Parameters Setting

We implement all network and train models in Torch
and conduct all experiments on the NVIDIA GeForce GTX
1050Ti GPU. We use [9] as the baseline and adopted the
experimental settings used by Kipf in the paper. Specifically,
we train our models using Adam optimizer for a maximum
of 200 epochs, with an initial learning rate of 0.01 that decays
by 0.01 percentage. We use L2 regularization on the weights
with a dropout rate of 0.5 and set the KL weight as 1. GCNs
with hidden layers of 18, 36, and 54 neurons are trained as
the baseline. We noticed that the Cora dataset is sensitive to
initializations, so we trained all models 50 times, and report
the average value of the top 20 accuracy rates as the final
accuracy rates.

3.7. Results and Comparing

Table 1 compares the accuracy of the various
architectures of the MM-GCN with double student networks
on the Cora dataset. From this table, we can draw the
following conclusions: (i) All different network
combinations of GCN-18, GCN-36 and GCN-54 improve
the performance compared to learning independently,
indicated by the all positive values in the "MM-GCN vs
Independent" columns; (ii) Although GCN-54 is a much
larger network than GCN-138, it is improved by learning from
a smaller peer; (iii) Usually, networks with different
structures are put together to learn from each other and get
more improvements than those with the same structure.

Table 1 Average accuracy (%) on the Cora dataset of MM-GCN with double student networks

MM-GCN vs

Network Types Independent MM-GCN Independent
Net 1 Net 2 Net 1 Net 2 Net 1 Net 2 Netl Net 2
GCN-18 GCN-18 82.92 82.92 83.02 83.40 0.10 0.48
GCN-18 GCN-36 82.92 83.06 83.03 83.36 0.11 0.30
GCN-18 GCN-54 82.92 83.10 83.46 84.50 0.54 1.40
GCN-36 GCN-54 83.06 83.10 83.64 84.20 0.58 1.10

99



GCN-36 GCN-36 83.06 83.06 83.84 83.74 0.78 0.68
GCN-54 GCN-54 83.10 83.10 83.69 83.59 0.59 0.49
Table 2 Average accuracy (%) on the Cora dataset of MM-GCN with 10 student networks
Network Types Independent MM-GCN MM-GCN vs Independent
GCN-18 82.92 83.51 0.59
GCN-36 83.06 83.72 0.66
GCN-54 83.10 84.05 0.95

Table 2 compares the accuracy of MM-GCN with
multiple student networks (each MM-GCN trains 10
networks with the same structure) on the Cora dataset (the
accuracy of MM-GCN is the average of the accuracy of each
student network). From the table we can make the following
observations: (i) Training a group of MM-GCN with the
same structure can still improve the accuracy compared with
independent learning; (ii) More improvement was achieved
by training multiple groups of MM-GCN than by training
only two groups of MM-GCN.

4. Conclusion

In this paper, we propose a new graph convolutional
neural network architecture based on mutual learning, and
design a citation network classification model based on
Torch deep learning framework. In the experiment, we used
Cora dataset to train our model and GCN with different
structures. The results show that this method can improve the
performance of small networks, and more complex networks
can benefit from mutual learning with small networks. Even
networks with the same architecture can be significantly
improved when the number of student networks is large
enough.
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Abstract:

Most of the current researches on 3D shape reconstruction
based on deep learning only focus on clean-background images.
In this paper, we propose a system that segments furniture
object from a single real indoor image and reconstructs their
3D meshes. This system takes Pixel2Mesh, a 3D shape
reconstruction network, as a branch of the state-of-the-art
instance segmentation network Mask Scoring R-CNN. We
trained our system on 3D-FUTURE dataset, and the results
show that our method can effectively reconstruct 3D shape of
furniture objects from real indoor images by designing proper
loss functions and combining instance segmentation and 3D
shape reconstruction network.

Keywords:
3D shape reconstruction; Real indoor image; Furniture
object; Deep learning; Instance segmentation

1. Introduction

Due to the interference of complex background, slightly
occluded or partial absence, it is difficult to reconstruct 3D
shapes of furniture object from a single real indoor image.
At present, most of the researches about three-dimensional
shape reconstruction focus on images without background.

We propose a system, which equips a 3D reconstruction
branch to the instance segmentation network MS R-CNN [6].
This branch takes the region feature of each target object as
the inputs of the three-dimensional shape reconstruction
network Pixel2Mesh(P2M) [1], and outputs the 3D mesh of
the object by deforming an original sphere. In general, the
input of this system is real-world RGB images containing
furniture objects, and the outputs are the category, bounding
box, mask and three-dimensional mesh of furniture objects.

We trained our system on 3D-FUTURE [5], a large real
indoor scenes dataset released by Alibaba. The experimental
results show this system can effectively reconstruct the 3D
shape of furniture objects in single real indoor scenes images.

The contributions of this paper are highlighted as
follows:
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* Designing a system that can reconstruct 3D mesh of
furniture objects from single view real indoor RGB images
quickly and cheaply.

* Designing loss functions for this system properly.

2. Related works
2.1. Traditional modeling from images

Most traditional modeling methods focus on multi-view
such as using 3D reconstruction software like Meshroom, 3D
models can be generated with high resolution based on the
Alice Vision Photogrammetric Computer Vision framework.
It infers the geometry of a scene from a set of unordered
photographs or videos.

These methods need multiple images of objects and
spend a lot of time for professional designers to obtain
accurate 3D models. Ideally, people expect three-
dimensional CAD models can be modeled from a single real-
world image quickly and cheaply.

2.2. Instance segmentation

Instance segmentation network Mask R-CNN [3], a
learning-based method, extends the object detection network
to get regions of object instances, and then give masks for
every region. MS R-CNN [6] moves further forward, it adds
a MaskloU branch for mask score based on mask head,
which solves the potential problem of Mask R-CNN only
using classification score to measure mask quality.

2.3. Learning-based 3D shape reconstruction
In recent years, neural-network researchers have

proposed a variety of forms of 3D representations based on
deep-learning methods and computer graphics.



Point Clouds
Fig.1 3D representations

Mesh

Voxel

Image

3D-R2N2 [6] reconstruct 3D voxels from single or
multiple pictures end-to-end; besides, there are methods
based on point cloud representation, such as PSG [1],
attempts to reconstruct 3D shape from RGB or RGB-D
images. Moreover, Pixel2Mesh [1], based on triangular mesh
representation, uses Graph Convolution Network (GCN) to
represent 3D mesh information, and gradually deforms the
ellipsoid mesh by using the features, which extracted from
the input RGB image, to generate the desired 3D geometry
shape. These methods only focus on the clean-background
images.

2.4. Datasets

ShapeNet [8] is a large three-dimensional CAD model
dataset, whose 3D CAD are rendered to generate synthetic
pictures. Pix3D [3] is a single-image 3D shape modeling
dataset, which provides more accurate 2D-3D alignment for
395 3D shapes of 9 object categories. Lately, Alibaba
released 3D-FUTURE [5], which contains more than twenty

thousand realistic synthetic images in 5,000+ different tidy
indoor scenes. These images involve more than ten thousand
unique industrial three-dimensional instances of furniture
object with high-resolution information-rich textures
developed by a bunch of professional designers.

3. Methods
3.1. Network architecture

The instance segmentation network MS R-CNN
consists of 2 branches. R-CNN Branch is responsible for the
object detection task and outputs the classification results
and bounding boxes of the detected objects, while the
Mask/MaskloU Branch is responsible for the instance
segmentation task and outputs the masks and mask scores of
the target objects.

As shown in Figure 2, we augment MS R-CNN with
P2M as a Shape Deformation Branch, which uses an
ellipsoid mesh with 156 vertices and 462 edges as the initial
shape of any objects, and then gradually uses the 2D image
features to adjust the node state of the Graph Convolution
Network in 3D mesh to deform the ellipsoid into a target
object mesh with 2562 vertices and 5120 faces. Instead of
using the feature maps from different layers of VGG in [4],
we take ResNeXt-101 and FPN as our feature-extractor and
use feature maps resulting from RolAlign to feed the Shape
Deformed Branch.

RolAlign

—— —

R-CNN Branch

— Box, Class

RolAlign

—— —

Mask/MaskloU

— Mask Score, 2D Mask

Branch

RolAlign

—— —

Shape Deformation

— | Feature Maps

Branch

Input Image

Ellipsoid Mesh

A 4

3D GCN

Output Mesh

Fig.2 Network architecture
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3.2. Loss functions

We properly design the loss functions for our system.
X and Y are defined as the point clouds uniformly sampled
from the surface of the output mesh and the ground truth
mesh. The chamfer distance is used to improve the similarity
between X and Y, which is given by

Lea = ) minyerllx = ylI2 + ) minyeylly = xl? - (1)
X€X YEY
A normal distance between X and Y point clouds is
used to ensure the smooth surface of the output shape. We set
p as the nearest neighbor point of g in Y, then let
4 =<xy>={pqlpeEX qeY} (2)
to represents the set of pairs <p,q>, and let vy be the
observed surface normal to point x from ground truth. Then
the absolute normal distance is given by

2 2
D eewnll® D oy ewd
X,YEA V,XEA

IX] o @

Last, we use a Laplacian regularization defined in [1] to
penalizes the unsmooth edges and vertices to guarantee the
superior quality mesh predictions, which we named Lggge
in our system. All the loss functions in our system can be
concluded as:

Leotar = Leis + Lpox + Limask + Aca * Lea + Anorm * Lnorm
+ Aedge * Ledge (4)
all A, are to ensure the balance of all loss functions of
whole system. Finally, our system combines object detection
losses, instance segmentation losses and mesh prediction
losses for training.

Lyporm = _(

4. Experiments
4.1. Datasets

For three-dimensional shape reconstruction task, 3D-
FUTURE [5] provides 5203 unique precision furniture CAD
models with textures.

For evaluating our system on 3D-FUTURE, we used
Blender engine to render 12 view textured renderings (with
gray background) and masks for each CAD model, and then
we split a validation set with 1000 clean-background images
and corresponding models for measuring the quality of the
predict meshes, which was called D;. The resolution of each
image is 256%256.

Besides, 3D-FUTURE offers 11676 real interior images
containing furniture objects of 2851 different models, which
was named D,. For this part, we reserve 5% of the training
models and images to measure the performance of our

system on real pictures.
4.2. Implementation details

To train our system on 4 Tesla M60 GPUs, we set batch-
size is 8 and epoch is 50. Our system optimized using Adam
with weight decay 2e-4. The learning rate is initialized as 2e-
3 and warm up 3 epochs and then decays to (2e-4, 2e-5) at
epoch (35, 45). Hyper parameters A, used in Equation (4)
are Aeqg =1, dyorm = 0.1 and Aggqe = 1.

4.3. Evaluation

Following [1], we also take Chamfer Distance and
Fscore as our metrics to measure the quality of the 3D shape
reconstruction. Lower is better for CD, and higher is better
for Fscore. To compute CD, we random sample 2048 points
uniformly from the meshes surface.

4.4. Results and discussion
To validate the performance of our system in real indoor
images and compare with the latest method, we trained our

system and Pixel2Mesh on D; and D,, respectively.

‘able_1.000]

dllan Mo B ¢

™

Pixel2Mesh

Our System
Fig.3 Comparison of results

As shown in the bottom left corner of Figure 3. Due to
the interference of complex background and slight occlusion,
P2M fails to find the furniture object that needs to be
reconstructed. Benefit from RolAlign proposed in [3], our
system can segment and reconstructs furniture objects from
real-world images correctly after adequate training.

To measure the quality of our method while compared
with the latest method, we take Chamfer Distance and the
harmonic mean of precision and recall (Fscore) as our
metrics to measure the quality of the shape reconstruction.

The following Table 1 shows the CD and Fscore of our
system and P2M on dataset D;.
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Table 1 Performance on D,

Methods Dataset CD Fscore
P2M D, 0.061 76.42
Ours D, 0.062 76.35

Due to the images of D, has complex backgrounds
and slight occlusions, P2M can't get an effective result on
D,. The Table 2 shows the Performances of our system on
dataset D,.

Table 2 Performance on D,

Methods Dataset CD Fscore
P2M D, / /
Ours D, 0.079 65.87

In real indoor scenes, our system has achieved good
results. The following Figure 4 shows some examples of our
system's reconstruction results on real images.

pgeOfficeChair 1,000

-

Fig.4 Results on realsi‘mwailges

5. Conclusions

In this paper, we propose an effective 3D shape
reconstruction system for single-view real-world images. In
contrast to most existing methods, our goal is to segment
furniture objects from real indoor images, then reconstruct
their 3D meshes and output their classifications, bounding
boxes and masks by combining instance segmentation
network MS R-CNN and 3D reconstruction network P2M.
Extensive experiments have been conducted to demonstrate
its effectiveness. This system can be easily applied in 3D
games, AR/VR, home decoration and house rental and sale
fields.
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Abstract:

The head detector can effectively handle the Angle change
of the head caused by motion, and the features required to
capture are smaller. Therefore, human head detection is widely
used in the practical application scenes of people positioning
and counting. The existing head detector uses a large number
of anchors which makes the detection efficiency low. And
additional post-processing is required, which may result in the
loss of real objects in a crowded scene. In this paper, we return
to the bounding-box of the head by estimating the center point
of the human head without using anchors and post-processing,
which improves the detection efficiency. At the same time, we
designed a random combination of data augmentation methods
and improved the backbone network to improve the accuracy
and robustness of the head detector in crowded scenes. Our
method achieves excellent speed and precision performance on
the SCUT-HEAD dataset, with 0.91 AP and 0.70 EER at 61.5
FPS.

Keywords:
Human head detection; Center point estimation; Object
detection; Crowded scene;

1. Introduction

In recent years, significant research achievements have
been made in the object detection area, while face detection
and pedestrian detection, as two important research branches
of object detection, have also made great progress. There are
still some limitations in the practical application of the face
detector. The face detector focuses on capturing face features
and uses certain strategies to return the position and size of
the face. However, in practical application scenes, the
movement of the object in the camera often occurs. When
the face is facing one side or the back of the camera, it is
usually difficult for the face detector to catch it. In some
crowded scenes, especially indoor scenes, the human body is
obscured by other objects, or between human bodies is very

978-0-7381-4259-3/20/$31.00 ©2020 IEEE

serious. In such scenes, it is difficult to ensure high accuracy
of pedestrian detection. Human head detection will not be
limited by the change of head Angle. Comparing with the
human body, the head object is smaller and easier to be
captured by the detector in crowded scenes. Therefore,
human head detection is more suitable for people positioning
and counting, and performs better in specific tasks such as
population statistics, density estimation, and personnel entry
and exit detection.

Our detector is based on Keypoint Triplets for Object
Detection [3]. Unlike the one-stage or two-stage detectors
using anchors, we use the center point estimation method to
detect the object. In order to better adapt to the crowded
scene and improve the efficiency of the detector in industrial
applications, we only estimate the center point of the head.
This is different from [3] of the object's center point and two
corner points. Our method proposes a data augmentation
method of image random combination to obtain images with
more crowded heads and enhance the robustness of the head
detector. By improving the DLA network [4], the resolution
of the feature map can be improved and the heatmap of the
center point can be obtained in a crowded scene. According
to the thermal value, the center point of the head is predicted
to return the size and position information, and finally, the
bounding-box is obtained. Our method had excellent speed
and precision performance on the SCUT-HEAD data set,
with 0.91 AP and 0.70 EER at 61.5 FPS, and achieved
excellent test results in the actual scenario test.

2. Related work

Object detection. Object detection is a basic research
field in computer vision and has been widely studied in the
past decades. Object detection aims to find objects with a
specific object class with precise positioning in a given
image and assign a corresponding class label to each object
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instance. As a basic technology of artificial intelligence in
practical application, object detection is widely used in
various fields, such as people detection. Our method is
dedicated to using human head detection to quickly and
efficiently complete specific tasks such as population
statistics, density analysis, and personnel entry and exit
detection in crowded scenes, in order to avoid the defects of
face detection and pedestrian detection in practical
applications.

Anchor-based methods. The anchor-based method
was first proposed in the Faster R-CNN [5] and has been
widely used as the main proposal generation of object
detection framework in the subsequent one-stage and two-
stage detectors. In this method, a large number of anchors
with different sizes and aspect ratios are set in each window
area of the feature map by means of sliding Windows, and
thresholds are set manually to distinguish between
foreground and background. Our method only predicts the
center point of the human head, which is equivalent to
assigning the anchor to the corresponding position without
considering the size and aspect ratio. It also does not
manually classify the foreground and background. Because
there is no need to set up a lot of anchors, the work efficiency
of our human head detector is improved in crowded scenes.

Post-processing. At present, mainstream detectors only
use a large number of anchors, so they will get a large
number of bounding-boxes and corresponding scores, and
there are cases of bounding-boxes containing or overlapping
each other. Therefore, NMS (Non-Maximum Suppression)
[6] is needed as post-processing means to select those
bounding-boxes with the highest scores in the neighborhood
and suppress those with low scores. However, using NMS
usually cannot relate the context information of the whole
image, and can only infer from the attributes of the
bounding-box. When object instances are crowded or
overlapped, the NMS erroneously identifies two adjacent or
overlapping objects as one and retains the bounding box with
a higher score. This will cause the detector to fail due to false
positives or missing positives. As shown in Figure 1, our
method focuses only on the center point of the human head
without the need for an anchor, therefore does not require the
use of the NMS. The prediction of the center point is
obtained from the local peaks of the heatmap, which can
effectively focus on global features, thereby reducing the
loss of object instances in crowded scenes and improving
accuracy.

Our method

Iinal predictions based on
anchor approach (with NMS)

Fig.1 Original image and comparison diagram of different
head detection methods

3. The proposed method
3.1. Data augmentation

We proposed a random combination data augmentation
(RCDA) method to solve the problem of unbalanced sample
distribution between different regions and an unbalanced
head scale in a single image in the existing human head data
set.

As shown in Figure 2, we randomly selected four
images in the dataset for random combination, and the length
and width of each image is defined as | and w, so the
aspect ratio of the original input image is 7,yigina = Liw.
We set the common scaling factor k € (0,10] N Q@ for the
four selected images, which is random. After uniform scaling
of the four images, two randomly selected images were
rotated 90 degrees. The two images will be scaled equally
again and their lengths combined with the width of the
unrotated image to form an image in the four ways shown in
Figure 2. The aspect ratio of the newly generated image can
be calculated by the formula (1).

Toow = k(l+WTZ):2kw (1)

At the same time, the traditional geometric distortion
augmentation methods such as symmetry and inversion are
randomly adopted for each image combination, and
photometric distortion augmentation methods such as image
brightness, contrast, hue, and saturation are randomly
adjusted. Therefore, our data augmentation method greatly
increases the variability of the input image, thus making the
designed head detector more robust to images in different
environments and with different crowding degrees.
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Fig.i Random combination data augmentation method
3.2. Backbone

Our backbone network is based on DLA-34. Different
from DLA-34, in order to enable the network to pay attention
to more subtle details in crowded scenes, we added more skip
connections and more aggregation nodes (the network
structure is shown in Figure 3).

Output

-
Stage Aggregation Node |

| Our New Aggregation Node
o Upsample 2x - 7% Iterative Deep Ageregation 2% Our new links
Fig.3 Improved DLA-34 network structure

Our method uses full convolutional up-sampling and
hierarchical skip connections in DLA-34 networks for dense
prediction. The iterative depth aggregation is used to
improve the resolution of the feature map symmetrically.
Specifically, we added three 3 X 3 aggregation nodes with
256 channels from the bottom layer and added skip
connections before these aggregation nodes and the stage
output heads of each resolution. A final 1 X 1 output
convolution then produces the desired. This allows our
backbone network to pay more attention to detail at all scales
and make better use of layers in aggregate. The human head
detector trained by our improved DLA-34 network can
effectively focus on the global features and integrate the

context information, thus reducing the loss of object
instances in crowded scenes and improving the accuracy.

3.3. From center point to bounding-box

We used the improved DLA-34 backbone to train the
center point prediction network and sampled the truth value
of the head label at low resolution. Similar to [3], we also use
the Gaussian kernel function (the formula is shown in
formula (2)) to disperse the effective truth value and form the

center point heatmap Y € [0,1]%X¥XC"(L and W are the
length and width of the input image, R is output stride and
Cy is the number of key points, in our task C, = 1), but the
difference is that we only focus on the center point of the
object, not the corner point.

2

nyc = exp(— 20%
Suppose the human head object H coordinate is

(xl(h) , yl(h) , xP . yz(h) ) . According to the heatmap, the
local peak is taken as the predicted center point P, =

), (R ), . (h
(x1 +xz e Whrs, )of the human head. An offset

(x=Px)%+(y—Py)?
#) (2)

2
prediction and a size prediction are designed to calculate
the local offset O and size S for returning bounding-box
from the center point. Therefore, two loss-functions L,
and L; are designed based on L1 Loss respectively, where
Sy = (xéh) — xl(h) , yz(h) - yl(h)) is regression size (the

loss functions are shown in formula (3)).
1 A P_ =
Lo = ;ZP |0ﬁ - (E - p)|
1 A
Ly = ﬁzllelsph - Shl
Finally, ¥ is used as the degree of confidence to

return the bounding-box B(%; + 6%; — %, 9; + 69; —

&)

%'fi +6%; + %»fﬁ +6y; + %) of the object.
4. Experiments
4.1. Dataset

Our head detector training, testing, and validation
were conducted on the SCUT-HEAD dataset. SCUT-
HEAD is a large-scale head detection dataset, including 4405
images labeled with 111251 heads. The dataset consists of
two parts. Part A includes 2000 images sampled from
monitor videos of classrooms in a university with 67321
heads annotated. Part B includes 2405 images crawled from
the Internet with 43930 heads annotated. This dataset follows
the standard of Pascal VOC.
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4.2. Training details

During the training, we added the random combination
(RCDA) method designed by us to increase the scene
diversity and crowding degree of the original data set.
According to the original data set, we adjusted the resolution
of the original input image to 1100 X 550, and the aspect
ratio was adjusted to 2:1. At the same time, we set the
scaling factor k = 1 for data aggregation, so that the aspect
ratio of the processed image become 5:4. We used two
NVIDIA GTX 1080Ti for training and comparative testing.
We set the epoch as 200, batch size as 4, and validated it
every 20 epochs. The initial learning rate was set as 1.25¢e-4.
Adam optimizer was used in the training process. The whole
training process takes 29 hours.

4.3. Results

The detector trained using our method has an inference
speed of only 0.02 seconds for head detection in a single
image. We use our detector and the two current mainstream
human head detectors (one is Overfeat-AlexNet [5] and the
other is End-to-end [7]) to carry out a human head detection
test under the same test image. Our detector loses fewer real
objects in crowded scenes, has faster inference speed and
higher accuracy (the comparison experimental results are
shown in Fig

Overfeat-AlexNet 'F.n(:to—e;ul Our mell;od
Fig.4 Comparison of experimental results
We use AP (average precision), EER (equal error rate), and
average inference speed as performance indicators, and
calculate the relevant indicator data between our method
and the mainstream head detectors under the SCUT-HEAD

dataset. The results are shown in Table 1.

Table 1 Performance

Method AP ERR Average
Inference Speed
Overfeat-AlexNet [5] 0.62 0.66 4.5FPS
Overfeat-GoogleNet [5] 0.67 0.71 4.7FPS
FCHD [6] 0.70 0.77 11FPS
End-to-end [7] 0.78  0.81 21FPS
YoLov3 [8] 0.85 0.78 54FPS
Ours (without RCDA) 0.88 0.72 61FPS
Ours (with RCDA) 0.91 0.70 61.5FPS

It can be concluded from Table 1 that our method has
better AP and ERR performance in a crowded scene, and
has a faster inference speed.
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5. Conclusions

In this paper, we propose a new human head detection
method for a crowded scene based on center point estimation.
The head detector trained by designing a new data
aggregation method and improving the backbone network
effectively reduces the loss rate of real objects and improves
the speed and accuracy of human head detection. A large
number of application tests have proved that our head
detector can efficiently and accurately complete crowd
positioning and counting tasks in crowded scenes, and is
suitable for the airport, subway and other application scenes.
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Abstract:

Fire is a major disaster in the world, and the fire detection
system should accurately detect the fire in the shortest time to
reduce economic loss and ecological damage. Traditional
sensors are still widely used in a large number of applications,
but they do not perform well in remote high-dome
environments or the early stages of low-flame fires, and now the
method of using image and video to predict fire is becoming
more and more popular. This paper proposed an improved
YOLOV4 fire detection method based on Convolutional Neural
Networks (CNN). We improve the accuracy of the model
through the self-built high-quality fire dataset, use the changed
loss function to improve the detection ability of small-scale
flames, and combine the Soft-NMS post-processing and DIoU-
NMS post-processing to improve the suppression effect of the
redundant Bounding box and reduce low recall rate. The
experimental results of the model on our dataset show that the
model has an excellent performance in fire detection and can
detect multi-scale fire in real-time.

Keywords:
Fire detection; YOLOv4; DIoU-NMS; CIoU-Loss

1. Introduction

With the development of the scientific society and the
dependence of human beings on fire, fires occur frequently.
The spread and destructive nature of fire pose a great threat
to human life and property safety. According to statistics, the
forests devoured by fire around the world account for more
than one percent of the world's total forest coverage and are
also one of the culprits of global warming. In 2019,
thousands of people died from indoor fires in China alone.
These consequences all indicate the severity of fire disasters
and the necessity of fire detection.

Traditional fire detection methods are widely used and
mostly based on fire sensors such as temperature sensing or
smoke sensing, but these methods may miss the flame in the
remote high-dome environment or the early stage of fire.
With the development of deep learning, fire detection

978-0-7381-4259-3/20/$31.00 ©2020 IEEE

methods through video surveillance platforms have begun to
attract researchers' attention due to their wide detection range,
fast detection speed, and little environmental interference.

Considering the strict requirement of fire detection for
the real-time performance of the method, and based on the
fact that YOLOV4 is one of the most excellent algorithms so
far. This paper is based on the YOLOvV4 and combined with
the complex fire scenarios to make the following
improvements:

1. We collect a large number of fire pictures and build a
fire dataset containing nearly 10,000 pictures, including the
open fire dataset, network fire dataset, and experimental fire
dataset.

2. We improve the regression box loss function for
better application in multi-scale (especially small-scale) fire
detection scenarios.

3. We combine DIoU-NMS with Soft-NMS to make the
model better to eliminate redundant Bounding box and
reduce low recall rate.

The experimental results show that our improved
YOLOvV4 method can achieve 86.2% mAP (mean average
precision) and 62.0 FPS (Frames Per Second). Our method
has an excellent performance in fire detection and high
practical application value.

2. Related Work

In recent years, fire detection methods based on video
and image are usually divided into two methods:

The traditional method is based on the handwork
characteristics of flame. Through the collection of color,
texture, shape, and other features, the BP neural network or
SVM is used for training, and the training model is used to
detect the video frame. Ashraf et al. [1] proposed a smoke
and fire detection method based on LBP and SVM.
Dr.D.Jayashree et al. [2] proffered a method for fire detection
under a monitored area based on Matlab image processing
and Micro-controller unit.
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The CNN and deep learning methods can easily process
high-dimensional data and automatically extract features
without adding other manual features. Guangyi Wang et al.
[3] proposed a new forest fire detection framework based on
CNN to make a dense prediction of flame area. Kun Zhou et
al. [4] proposed a fire detection method that has a good
performance in the complex environment.

3. Method

The core idea of YOLO is using the entire image as the
input, then directly return the position of the bounding box
and its category in the output layer. Compared with YOLOVI,
YOLOV2 has the characteristics of "Faster, Better, Stronger",
but it also has some shortcomings. YOLOvV3 uses a multi-
scale prediction and logistic classifier to support multi-label
images and gets a better basic classification network
Darknet-53 from ResNet. YOLOv4 introduces the CSP
network into the backbone to build a more powerful
CSPDarknet53 on the original basis, and pick an optimal
framework through numerous experiments on the current
object detection tricks. Yolov4 is the mainstream excellent
algorithm in the industrial field today.

3.1. Architecture

In this part, we will introduce the whole architecture
used.

Input Backbone Neck Dense Prediction

f—

y e

Fig.1 Object detector

We used Darknet53 network which introduces the idea
of CSP as the backbone of the system as it has a higher input
network size for detecting multi-scale objects and more
layers to cover the ever-expanding input network and more
parameters so that the model has greater ability to detect
multi-objects that of different sizes just in a single image.

We added the SPP module to the backbone for it
significantly increases the receptive field, isolates the most
significant context features, and hardly reduces the network
speed. We used PANet instead of FPN in YOLOvV3 as the
method of parameter aggregation, and perform parameter
aggregation from different backbone layers for different
detector levels.

3.2. Design of Loss Function

The loss function consists of three parts, regression box

loss, confidence loss, and classification loss. When designing
the regression box loss, we introduced CloU loss and we
thought that the IoU loss was similar, so we chose to
introduce the A4,, parameter to add the CloU loss branch

to the basic L1 loss. Considering the uncertainty of flame
labeling and the difficulty of labeling flame pictures, we
hope to keep the IOU loss as low as possible within the
allowable range, so we introduced the A4 and S

coord
parameters for training and debugging. We also do not want
the unrecognizable part of the object, or the background part,
to make up too much of the loss function, so we use the
parameter A as a penalty. In the process of training the

noobj

model, we will optimize the following loss functions:
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The above formula that we give, I means whether object
appears in box i or not and Ii?bj means that the j th

bounding box predictor in box i is “responsible” for the
prediction.

3.3. Non-Maximum Suppression

Since our task is a kind of object detection, our research
focus is not only on whether the model can correctly classify
the objects but also on the position information of the
recognized objects in the whole image. We hope that the final
detection results can give a more accurate description of the
location of the classified objects and clearly box them for us
to check. Hence the post-processing is also very significant
and NMS technology is an important post-processing way in
object detection to remove duplicate boxes and leave the
most accurate box.

In the traditional NMS, IoU is used to eliminate the
overlapping area, but in the suppression criterion, not only
the overlapping area must be considered, but also the center
point distance between the two boxes. Considering this
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problem, we chose the distance-based IoU- Loss. DIoU
NMS considers the central point to help alleviate occlusion
cases and can achieve higher recall while keeping the NMS
threshold unchanged.

To solve the problem of undetected error and low recall
rate of Hard NMS, we introduced Soft-NMS. Soft NMS
adopts a scoring penalty mechanism and uses a penalty
function that is positively related to IoU to punish the scores.
While the linear penalty is not smooth so we use a Gaussian
penalty.

We combined DIoU NMS and Soft NMS and finally
designed Soft-DIoU-NMS.

_loU (M ,B; )
5. =dse e, DIoU(M,B;) = thresh Q)
s, , DIoU(M,B,) < thresh
4. Experiments

4.1. Datasets

The number of fire videos published on the Internet is
small, the types of scenes are tiny, the flame scale is
relatively single, and the video quality is low. So we built a
high-quality fire dataset containing 10,000 fire pictures to
train and test the model to improve the generalization and
robustness of our model. Based on the original public fire
dataset, we found many high-quality fire pictures with multi-
scale on the Internet. To improve the model’s performance
for the recognition rate of small-scale flames and the
performance in complex scenes, we also took part of the
flame videos in many different experimental scenes for video
interception.

We used the labellmg tool to label our self-built fire
dataset. Compared with the crowd-sourced labeling fire
dataset, we will try to unify labeling standards and achieve
high-quality flame labeling as much as possible to improve
the accuracy of our model.

Our self-built fire dataset contains a total of 10,000 fire
pictures. The training set is composed of 8,400 fire pictures
and the testing set is composed of 1,600 fire pictures. The
fire dataset contains a variety of scenes ranging from simple
to complex background, small-scale to large-scale, single
object to multiple objects, indoor to outdoor environment,
day and night illumination, which guarantees the good
generalization ability of the improved YOLOv4 model
proposed in this paper.
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4.2. Training Details

In this experiment, Mosaic and Cutmix technology are
used for data argument. And we also used 2 Nvidia GTX
1080Ti GPUs to train our fire detection model. We used SGD
optimizer in our training and set the input to 608*608, the
batch size to 128, the maximum of epochs to 60000, the
learning rate to 0.001, momentum to 0.949, the weight decay
rate to 0.0005. When we trained for 40,000 times, the
learning rate is reduced to 0.0001; when we trained for
50,000 times, the learning rate is further reset to 0.00001.
The whole training process took about four days.

4.3. Results

To verify the fire detection effect of our method for the
detection of multi-scale (especially small-scale) flames in
different complex scenes, we tested our trained fire detection
model on multiple actual and experimental fire videos, and
the self-built fire detection dataset was based on the flame
scale to account for the proportion of the image. It is divided
into small-scale, medium-scale, large-scale, and extra-large-
scale flame samples. Some of the prediction results are
shown below.



lab actual

small

medium

Fig.4 Prediction results of actual and lab test fire videos

4.4. Test and Verify

To further verify the specific performance of our
method in fire detection, the method we proposed and other
mainstream object detection methods such as SSD, YOLOvV3,
YOLOV4 are compared and analyzed on the same fire dataset.
The performance test results of four methods as shown below.

Table 1 Performance comparison

Method mAP FPS
SSD 0.76 45
YOLOvV3 0.81 50
YOLOv4 0.84 55
Our Method 0.862 62

As we can see from the table, our method achieves the
best results in both accepted metrics.

5. Conclusion

This paper proposed a new network architecture based
on the YOLOV4 and designed the fire detection model based

on the Darknet deep learning framework. In the experiment,
we used a large number of self-built fire dataset including
multi-scale for training and testing. The results showed that
our model has a better performance in fire detection.
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Abstract:

Most existing deep learning platforms only focus on
helping users to start task training quickly, but they tend to
ignore the application scenario of multi-team collaboration
using one resource pool. In this paper, we propose an improved
scheduling algorithm oriented to a multi-tenant model, in which
team users are modeled as virtual clusters and cluster load will
be monitored regularly. We apply the optimized Kubernetes
scheduling algorithm to the Docker-based deep learning
platform, our method can ensure the load balance and meet the
needs of users.

Keywords:
Kubernetes; Docker; Deep Learning

1. Introduction

The development of deep learning has brought new
solutions to traditional problems in the computer field. As a
hot topic in academia and a new opportunity in the industry,
it has received high attention and extensive support. As an
infrastructure for performing algorithm training and
optimizing network models, building a deep learning
platform for data processing and model training has
important significance.

The traditional methods of deep learning training are
individuals or organizations purchasing hardware facilities,
configuring the corresponding deep learning environment on
a computer or server, and directly performing training in the
completed environment. This series of steps has a high
threshold in terms of economy and experience, and it is
difficult to promote to all walks of life. It provides many
obstacles for the public to carry out deep learning research
and development. For colleges and universities, laboratory
teams are often equipped with server clusters of a certain size,
but students need to manually carry out environment
configuration work by themselves, which is not only difficult
to get started but also easily affects the experimental
environment of others.

978-0-7381-4259-3/20/$31.00 ©2020 IEEE

In recent years, major cloud service providers have
begun to develop and launch deep learning platforms
gradually. Google cloud platform [1] can provide users with
deep learning cloud server trial applications. Baidu Paddle
Paddle [2] provides users with a deep learning one-stop
platform, including Al model customization services, Al
training tutorials, and model training deployment. Tencent
uses Java and Scala development With Angel [3], a model
training platform for machine learning and graph computing.
FloydHub [4] provides users with mainstream data sets and
deep learning frameworks to facilitate users to conduct
model training as soon as possible. Most of the existing deep
learning platforms can bring convenience to users in training,
but they have poor adaptability to the application scenario of
multi-team collaborative development in university
laboratories.

In this paper, we propose an improved multi-tenant
model-oriented Kubernetes scheduling algorithm. Based on
the HiveDScheduler scheduling strategy that models users as
virtual clusters, we measure the load situation of the cluster
periodically, the pod on the node is scheduled to make the
cluster load balancing. Our method improves the stability
and availability of the platform, and perform well in multi-
team collaborative development scenarios.

2. Related works
2.1. Virtualization

The mainstream virtualization technologies include
platform virtualization technology and operating system-
level virtualization technology.

The typical representative of platform virtualization
technology is KVM [5]. The principle is to provide users
with a unified management abstract computing environment
by setting up control programs on actual physical machines.
The operating system running on the actual physical machine
is called Host OS, and the computing environment provided

113



to users is called a virtual machine.

The operating system-level virtualization technology is
implemented by the Host OS kernel directly. The original
system kernel is virtualized and an independent abstract
computing environment is divided, so that different
computing environment can share the underlying hardware
resources. The computing environment generated by
operating system-level virtualization technology is also
called a container, and its typical representative is LXC [6].

The comparison of the architecture of the two
virtualization technologies is shown in Fig.1. The
virtualization technology based on the container occupies

fewer resources and has better portability.
VM
Container
app A app B app C
app A app B app C
Libs Libs Libs
Libs Libs Libs
Guest OS A Guest OS B Guest 0S C
I Hypervisor I I Container engine I
| Host OS I I Host OS I
| Server I | Server |

Fig.1 Structure of VM and Container
2.2. Docker

Docker [7] uses API to expand and further package
based on Linux Container to make user operations easier, it
uses Cgroups and Namespace to complete core virtualization
operations. The Namespace mechanism provides different
namespaces for processes. This mechanism implements the
isolation of container technology permissions by placing
different processes in isolated containers to run. The Cgroups
mechanism forms a hierarchical control group through
hierarchical division and process control, sets upper and
lower limits for the resources that can be used by the
container, and realizes the isolation of the container
technology on resources.

Docker uses Union File System as the basis of the image.

Union FS is a hierarchical file system that can modify files
by creating and overlaying layers. The Docker hierarchy is
shown in Fig.2. The image is a static file system obtained by
overlaying multiple read-only layers. The container is a
dynamic process that adds a read-write layer to the image.
Different containers can share the same read-only mirroring
layer, so they will not reuse resources. When users use
docker technology, the docker will add a new layer that can
be read and written on top of the original layer and generate
a container. All modification operations will be written to the
top layer without affecting the bottom layer image.
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2.3. Kubernetes

Kubernetes [8] is an open-source container
orchestration engine optimized based on the container
management systems Borg and Omega used by Google
internally. The purpose of its development is to design a
mechanism for configuring, deploying, managing, and
maintaining containers to make the deployment of
containerized applications easier and more efficient. Now,
Kubernetes has been widely used in the public cloud, private
cloud, hybrid cloud, and other scenarios due to its good
portability and scalability.

Kubernetes is often used for cluster management to
deploy containerized applications. It sets the nodes in the
cluster as two identities: Master and Worker. Master is the
central node that performs control and management
operations in the entire cluster, and Worker is the working
node in the cluster that maintains Pod and provides the
component operating environment.

The Master includes the following components:

a) ETCD: It is used to store data in the Kubernetes
cluster and is the default backend database.

b) Kube API server: As an API server in the cluster, it
provides an interface for resource request/call.

¢) Kube Controller manager: As the control manager in
the cluster, it compiles the background processes in the
cluster into binary files to manage processes and services.

d) Kube Scheduler: Regards pods as the basic unit of
cluster scheduling to ensure that newly created pods can be
allocated to nodes in the cluster.

The Worker includes the following components:

a) Pod: As the basic unit of scheduling in the cluster, it
guarantees the scalability and scalability of the cluster. One
or more containers will be placed in the pod to form an
application and run. The Kubernetes cluster monitors the pod
to ensure the normal operation of the container.

b) Kubelet: As the main agent and communication
engine of the nodes in the cluster, it monitors the running
status and health check of the containers in the pod on the
node.

¢) Kube proxy: Maintain network rules in the cluster
and ensure the availability of container services running in



the cluster.

__________________________

Master Node

Kube Controller
manager

Kube API
server

[ Kube
Scheduler

__________________________

Fig.3 Structure of Kubernetes
3. Design and implementation
3.1. Docker-based platform construction

We built the platform based on Microsoft's open-source
platform OpenPAI. The components needed to build the
platform were packaged in the Docker image and uploaded
to the Docker hub. In the process of deploying the platform,
image files are pulled according to the scale of the cluster
and distributed to nodes. Docker hub provides version
control of image files, which makes it easy to modify and
replace the components of the platform. The components in
the system are lightweight and reusable. The entire platform
is composed of a modular structure.

We configure the deep learning environment according
to the hardware conditions of the nodes in the cluster and
upload it to the Docker hub. When using the platform for
deep learning training, users can directly select the
configured environment, the cluster selects the appropriate
node according to the scheduling algorithm and pulls the
docker image.

3.2. Kubernetes scheduling algorithm optimization

This paper designs an improved Kubernetes scheduling
algorithm, based on the combination of the improved
HiveDScheduler scheduling strategy and the default Kube-
scheduler. Our method can meet the needs of users while
ensuring cluster load balancing.

HiveDScheduler. On the premise that users of multiple
teams use the same resource pool, HiveDScheduler puts
forward the concept of virtual clusters, which models
different users into different virtual clusters, and sets fixed
computing resources for each virtual cluster. For a single

virtual cluster, users within the cluster have the highest
priority and can use the allocated resources at will. When a
virtual cluster has a high degree of idleness, users outside the
cluster can also use the computing resources in the cluster for
work, but their priority is lower. This design can meet the
needs of users from multiple teams to share the same
resource pool while improving resource utilization.

The default Kube-scheduler. Kube-scheduler
includes two steps: filtering and scoring. In the filtering step,
the filter checks whether a node meets the requirements for
resource requests of a pod, and gets the set of available nodes
to schedule the pod. In the filtering step, the scheduler
chooses the optimal node by ranking the set of available
nodes. The scheduler can find nodes with more remaining
resources and fewer existing pods.

The optimization algorithm we proposed has made
some modifications. In the scoring steps, we use the CPU
occupancy rate, GPU occupancy rate and memory utilization
rate of the nodes in the cluster to calculate and measure the
busyness of nodes.

Define the number of CPU cores of the node i as Cepy,
the number of GPU cores as Cypy,, the CPU frequency as
Score(cpu;), the GPU frequency as Score(gpu;), and the
memory size as Score(memory;), whose weights are A.p,,
Agpu and Amemor, respectively, where:

Acpu + Agpu + Amemory = 1 1)

The performance score of the node i is Score(p;):

Score(p;) = Acpy X Cepy X Score(cpu;) +
Agpu X Cgpu X Score(gpu;) +
Amemory X Score(memory;) 2)

Define the CPU utilization rate of the node i as
U(cpu;) , GPU utilization rate as U(gpw;) , memory
utilization rate as U(memory;), and total load as Load(n;):

Load(n;) = Agpy X U(cpuy) + Agpy X U(gpuy) +
Amemory X U(memory,-) (3)

Define the total score of the node as Score;, the busier
the node, the lower the score, the more idle the node, the
higher the score:

Load(n;)

Score; = 10 — [10 X o s &)

By calculating the average score of nodes, nodes with a
lower score than the average are obtained and marked as
busy nodes. The scheduler periodically checks the node load
through a timer and does not schedule the POD to the busy
node.

The improved scheduling algorithm flow for the multi-
tenant model that we finally obtained:

Step 1: Set up virtual clusters in the Kubernetes cluster
configuration according to the needs of different teams, and
set the required hardware resources for a single cluster.
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Step 2: Set the weight factor of the node scoring and the

timer monitoring period according to the usage requirements.

Step 3: Check the load of each node in the cluster
according to the cycle time set by the timer periodically.

Step 4: Calculate the scores of nodes in the cluster
according to the collected load conditions, and mark busy
nodes according to the average scores.

Step 5: On the premise of ensuring the isolation of the
virtual cluster, schedule pod to unmarked nodes as much as
possible until the cluster reaches load balancing. When the
cluster enters a new load, return to the second step.

4. Result

We use a cluster with 3 nodes to test. Each node is
equipped with 4 Nvidia Tesla M60 GPU. The nodes are
named master, node0l, and node02. The software
configuration selected in the platform is shown in Table 1.

Table 1 Software configuration

5. Conclusion

This paper presents an improved Kubernetes scheduling
algorithm for a multi-tenant model. The experiment shows
our method can meet the needs of users of different teams,
and detect the load of the cluster to ensure load balance
periodically.
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Abstract:

Transformers' feat is attributed to its better language
understanding abilities to achieve state-of-the-art results in
medicine, education, and other major NLP tasks. This paper
analyzes the efficacy of BERT, RoBERTa, DistilBERT, and
XLNet pre-trained transformer models in recognizing emotions
from texts. The paper undertakes this by analyzing each
candidate model’s output compared with the remaining
candidate models. The implemented models are fine-tuned on
the ISEAR data to distinguish emotions into anger, disgust,
sadness, fear, joy, shame, and guilt. Using the same
hyperparameters, the recorded model accuracies in decreasing
order are 0.7431, 0.7299, 0.7009, 0.6693 for RoOBERTa, XL Net,
BERT, and DistilBERT, respectively.

Keywords:
Natural Language Processing; Transfer Learning;
Emotion Detection; BERT; DistiiBERT; RoBERTa; XLNet

1. Introduction

The advent of social media and its gains have led to
exponential increases in social media users. The number of
active social media users, notwithstanding the global effect
of the COVID-19 pandemic, has increased by over a hundred
million representing a growth of more than 10 percent from
the previous year-2019. Harnessing these social media users'
profiles for polarity assignment serve as a bedrock for
sentiment analysis (SA). However, the coarse granular
attribute of SA in representing user profiling makes it
ineffective. A subtler granular method has been shown to
portray users' detailed view and thus more suited for user
profiling. The detection or recognition of emotions happens
to be an extraction of finer-grained user sentiments. Text-
based emotion recognition is a sub-branch of emotion
recognition (ER) that focuses on extracting fine-grained
emotions from texts. Though research in the field is fast
gaining traction, the challenge of identifying appropriate

978-0-7381-4259-3/20/$31.00 ©2020 IEEE

embedding techniques for extracting the relationship
between long term dependent texts and parallel processing of
text sequence has for long inhibited the pace of attaining
state-of-the-art results. The proposal of transformers [1] and
the transformer language model [2] provided a breakthrough
in solving these limitations.

The Bidirectional Encoder Representations from
Transformers (BERT) pre-trained model [3], using the
vanilla transformer language model [2] released by Google
in 2018 as a substructure, has been described as the
rediscovery to the Natural Language Processing (NLP)
pipeline due to the improved level of language understanding
it offers [4]. However, the BERT model suffers from fixed
input length size limitations, wordpiece embedding problems,
and computational complexities [5]. The Generalized Auto-
regression Pre-training for Language Understanding
(XLNet), Robustly optimized BERT pre-training Approach
(RoBERTa), and DistilBERT pre-trained models were
necessary proposals for mitigating different underpinning
problems associated with BERT. While BERT and its
variants are being used actively in question answering (QA),
natural language inference (NLI), text summarization (TS),
and other NLP tasks to solve human-related and
environmental problems, little has been seen in recognizing
emotions from texts.

This paper aims to shed light on the efficacy of the
BERT, RoBERTa, DistilBERT, and XLNet models in
recognizing emotions from the International Survey on
Emotion Antecedents and Reactions (ISEAR) dataset [6].
The experiments and results obtained from the four models
are comparatively discussed concerning their accuracy,
precision, and recall on the ISEAR dataset's emotion classes.
It is worth stating that no work has comparatively analyzed
the efficacy of BERT, RoBERTa, DistilBERT, and XLNet on
the ISEAR dataset to the best of our knowledge.

The organization of the paper is as follows; Section 2
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discusses related works; Section 3 highlights the emotion
detection pipeline and model implementation. The model
experiments are outlined in Section 4. The results obtained
are presented and discussed in Section 5. In Section 6, the
conclusion and future works are highlighted

2. Related Work

Alotaibi [7] proposed a supervised logistic regression
approach to detect emotions from texts. The data they
obtained from ISEAR was divided for training and testing.
In the training process, sentences carrying emotions were fed
into their logistic regression model and their emotion labels.
Only the unseen emotion labeled sentences were passed
through the trained classifier for prediction in their testing
process. They evaluated their model's performance using
precision, recall, and F1-score. They reported an F1-score of
0.76, 0.64, 0.73, 0.62, and 0.57 for joy, fear, sadness, shame,
and guilt emotion classes. They hinted that a deep learning
model could perform better on engineering the features for
classification.

In response to Alotaibi’s recommendation, Polignano et
al. [8] designed a model that implemented Bi-LSTM, Self-
Attention, and Convolutional Neural Networks (CNN)
together. They focused on the extraction of word embeddings
as a fundamental feature to improving the recognition of
emotions from texts. Thus, they compared the Google word
embedding performance, the GloVe embedding, and the
Fast-Text embedding using the Bi-LSTM, Convolutional
Neural Network (CNN) ensemble, and a Self Attention
model. They evaluated their model on the ISEAR dataset, the
SemEval-2018 Task 1 dataset, and the SemEval-2019 Task 3
dataset. They reported improved performance on all the
datasets with the FastText embedding. They, therefore,
recommended that a robust pre-trained word embedding
could enhance the model performance.

Kazameini et al. [9] extracted contextualized word
embeddings from text data using the BERT pre-trained
model and used the bagged-SVM classifier to predict the
authors' personality traits automatically. The input to their
model was essays. The essays were divided into sub-
documents, preprocessed, and fed into a BERT base model.
Feature vectors for the document were extracted and fed into
ten SVM classifiers to produce a prediction. The final
prediction was obtained by majority voting. They obtained
an increased performance of 1.04% in comparison with
baseline methods.

3. Methodology

This section elucidates the various blocks of the
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machine learning pipeline used for the detection task, as
illustrated in Figure 1. The dataset was acquired,
preprocessed, and fed to the various candidate models. The
candidate models were all fine-tuned on the data before final
predictions were carried out.

3.1. Data Acquisition

The ISEAR dataset [10] is a publicly available dataset
constructed through cross-culture questionnaire studies in 37
countries. It contains 7666 sentences classified into seven
distinct emotion labels: joy, anger, sadness, shame, guilt,
surprise, and fear. Its balanced class feature makes it ideal for
making generalized predictive inferences; hence, its use for
this study. Table 1 presents the data distribution of the ISEAR

dataset.
Data
Preprocessing

Fig.1 The Machine Learning pipeline for the detection task
Table 1 Data Distribution of the ISEAR Dataset

Emotion Labels Quantity
Anger 1096
Disgust 1096
Sadness 1096
Shame 1096
Fear 1095
Joy 1094
Guilt 1093
Total 7666

3.2. Data Preprocessing

The obtained data contained several columns; the
columns containing individuals' responses and the emotion
labels were the columns of interest to this work. These two
columns were, therefore, extracted for further processing. It
was also realized that some columns contained emotion
labels but no textual responses. These were again removed
and the total amount of data reduced from 7666 to 7589.
Special characters, double spacing, tags, and other irregular
expressions found in the remaining data were removed. They
were noticed to affect recognition performance negatively.
Stop words were further removed, and the seven emotion
labels encoded to a numerical scale (i.e., 0, 1, 2, 3, 4, 5, 6).
All the above preprocessing schemes were carried out before
the final data samples were split into two groups, i.e., 80%
for training and 20% for testing purposes. Investigations
revealed that the longest sentence in the dataset had 178



words; this helped set the maximum sentence length of 200
for the tokenizer. The decision was to ensure that no sentence
was truncated, and all sentences had the same length. As a
result, all sentences were padded to attain a length of 200.
The training and test samples were tokenized to generate the
tokens, which were then fed to the fine-tuning candidate
models.

3.3. Model Fine-Tuning and Classification

The generated tokens were converted to vector
representations and fed to the pre-trained models during the
fine-tuning process. Thus, the models were trained on the
input vector transformations and their outputs generated. The
output was then evaluated using the designated test data, and
results were obtained. Emotions were then classified into joy,
sadness, fear, anger, guilt, disgust, and shame for each of the
pre-trained models in the emotion classification process.

4. Model Experiments

Experiments were carried out using Google Colab’s
GPU hardware accelerator platform. The extracted features
for the training set were fed to the input of the tuned models.
The batch size and learning rate were set to 16 and 4*107,
respectively. The models were optimized using the Adam
optimizer, and the loss parameter was set to
sparse_categorical crossentropy. The models were trained
for ten epochs.

The BERT-base-uncased model consisting of twelve
layered transformer blocks with each block containing
twelve head self-attention layers and 768 hidden layers
resulting in approximately 110 million parameters, was used.
A single sentence was fed into the model at a time. The input
sentences were split into tokens and mapped to their indexes
using the BERT tokenizer library, indicated as input_ids. The
[CLS] (classification token) and [SEP] (separate segment
token) were appended at the beginning and end of every
sentence, respectively. An input attention mask of fixed
length with O indicating padded tokens, and 1, indicating
unpadded tokens was applied. Each of the transformers
indicated received a list of token embeddings and produced
a feature vector of the same length at the output. The output
of [CLS] for the 12¢h transformer layer containing vector
transformations of prediction probabilities was used as
aggregated  sequence representation  from  which
classifications were made.

The RoBERTa-base model was made up of twelve
transformer layers with 768-hidden layers, twelve attention
heads, and 125 million parameters used in the experiment.
The RoBERTa tokenizer was used to encode the input texts

into tokens and designated them as the input_ids. These ids
were padded to a fixed length to avoid variations per row.
Features were then extracted from these tokens from which
sentence pair classification was made.

The DistilBERT-uncased model was used in this
experiment. It contained six transformer layers, 768-hidden
layers, and twelve attention heads. After tokenizing the input
texts and converting the tokens into input ids, they were
padded and fed into the DistilBERT model for the
multiclassification task.

The XLNet-base-cased model was made up of twelve
transformer layers with 768 hidden layers. Twelve attention
head layers were used. The XLNet tokenizer was used to
split the sequences into tokens. The tokens were then padded,
and classifications were made.

5. Results and Discussion

This section discusses in detail the results obtained for
the individual models. The time taken for each model to run
to completion, model accuracy, performance in detecting the
seven emotion labels, and the revealed difficulties are
elucidated.

Emotion Class Detection
Accuracy: 0.7009

fear dsgust  anger

Tue Label
quilt

oy

shame  sadness

anger disqust quilt oy sadness shame
Predicted Label

Fig.2 Confusion Matrix for BERT

The confusion matrices attained after the experiments
are presented as Fig.2, Fig.3, Fig.4, and Fig.5 for BERT,
RoBERTa, DistilBERT, and XLNet. The classification report
presented in Table 2 indicates the various precision, recalls,
and F1-scores for the individual emotion classes after testing
the various candidate models on the test data.
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Emotion Class Detection
Accuracy: 0.7431

rue Lapel
quilt fear disqust  anger

oy

shame sadness

anger disgust fear quilt oy sadness shame

Fig.3 Confusion Matrix for RoOBERTa

Emotion Class Detection
Accuracy: 0.6693

fear disqust  anger

e Label
quilt

Joy

shame sadness

anger disgust quilt sadness shame

Predicted Label

Fig.4 Confusion Matrix for DistiIBERT

Emotion Class Detection
Accuracy: 0.7299

fear  disgust  anger

Fue Label
quilt

oy

shame sadness

anger disgust fear quilt

Predicted Label

Fig.5 Confusion Matrix for XLNET

oy sadness shame

As shown in the confusion matrices, the order of
emotion recognition accuracy in decreasing order are

RoBERTa, XLNet, BERT, and DistilBERT, with a
recognition accuracy of 0.7431, 0.7299, 0.7009, and 0.6693,
respectively. Since all models were capable of recognizing
emotions from the data, we posit that not only are these
models efficient in other NLP tasks but are also efficient in
recognizing emotions from texts. Secondly, from the results,
we posit that under the same conditions, the RoBERTa pre-
trained model outperforms the other pre-trained models
under investigation in this work. Observations made during
this work showed that even though the DistilBERT yielded
the least accurate results, it was the fastest computationally.
The XLNet model, on the other hand, was computationally
the slowest. RoBERTa slightly outperformed the BERT
model in speed. The order of computational resource demand
in decreasing order can be given as XLNet, BERT, RoBERTa,
DistilBERT. It is worth mentioning that the pre-trained
models under discussion in this paper were all fine-tuned on
the ISEAR dataset to obtain results. It makes us believe that
the RoOBERTa pre-trained model can be highly effective in
recognizing emotions from texts when thoroughly optimized
for the purpose. The classification report presented in Table
2 clearly shows that RoBERTa responded well to most
emotion classes. The report further buttresses that ROBERTa
is an optimal candidate for detecting emotions on the ISEAR
dataset. XLNet also demonstrated some level of efficacy in
some aspects of the seven classes. DistiIBERT and BERT, on
the other hand, could not achieve any high scores in any of
the seven emotion classes for the precision, recall, and F1-
score. The lower computational complexity of RoBERTa
over XLNet also reinforces the recommendation of
RoBERTa for emotion recognition in text.

6. Conclusion and Future Work

In conclusion, the paper set out to assess the efficacy of
the BERT, RoBERTa, DistilBERT, and XL Net pre-trained
transformer models in recognizing emotions from the ISEAR
dataset. The models proved efficient in detecting emotions
from the text, with RoBERTa attaining the highest
recognition accuracy. The precision, recall, and F1-scores
further proved the efficacy of RoBERTa over the other
candidate models in recognizing emotions on the ISEAR
dataset. In the future, an ensemble of the model would be
considered to improve recognition performance. Also,
strategies to inculcate commonsense knowledge into the
model would be considered to improve its generalization
ability.
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Table 2 Comparison of Precision, Recall And F1-scores of BERT, RoBERTa, DistilBERT, and XLNET on the ISEAR

Dataset
Anger Disgust Fear Guilt Joy Sadness Shame

Models P R F1 P R F1 P R | F1 P R F1 P R | FI P R F1 P R F1

BERT 056 | 057 | 057 | 071 | 063 | 067 | 0.74 | 0.76 | 075 | 0.65 | 0.69 | 0.67 | 0.84 | 091 | 088 | 0.76 | 08 | 078 | 0.63 | 057 | 06
RoBERTa | 0.67 | 059 | 0.62 | 0.76 | 069 | 0.73 | 0.8 | 0.81 | 0.8 | 062 | 0.76 | 0.68 | 09 | 0.96 | 093 | 0.77 | 0.81 | 0.79 | 0.69 | 0.62 | 0.65
DistlBERT | 052 | 057 | 055 | 0.69 | 065 | 067 | 07 | 076 | 0.73 | 0.63 | 0.6 | 0.61 | 088 | 081 | 0.85 | 0.76 | 0.8 | 0.78 | 054 | 0.51 | 0.52

XLNET 059 | 057 | 058 | 069 | 073 | 0.71 | 076 | 0.81 | 078 | 0.7 | 0.72 | 071 | 0.91 | 093 | 092 | 0.76 | 0.81 | 0.79 | 0.69 | 057 | 0.63
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Abstract:

Previous methods which generate 3D shape usually use
volume or a point cloud. These 3D shapes would lose details and
are not smooth on the surface. This paper aims to introduce an
end-to-end deep learning architecture which can generate 3D
shape in triangular mesh from a single image. The architecture
uses the graph attention network to continuously deform the
initial ellipsoid based on the features extracted from a single
image. The deformation process is constantly refined. The
method can produce high precision mesh mode with richer de-
tails.

Keywords:
Graph attention neural network; 3D shape generation;
Mesh reconstruction

1. Introduction

3D reconstruction technology is a core direction of
computer vision. The existing representations can be roughly
divided into four categories: depth map; voxel-based repre-
sentations [2], point-based representations [3], and mesh rep-
resentation [1]. The depth map is a 2D picture expressed in
grayscale. Each pixel records the distance from the view-
point to the object. The 3D reconstruction algorithm based
on the depth map is not yet available, because it is more used
to visualize specific 3D information in 2D pictures than to
process data. The concept of volume pixels is similar to the
definition of pixels in 2D. Like pixels, voxels (Fig.1(b)) do
not contain position coordinates in space. Point cloud
(Fig.1(a)) uses points that record coordinates information to
represent 3D objects. However, the representation based on
voxels and point clouds has lost important surface details,
and the surface model cannot be reconstructed well. The
mesh representation (Fig.1(c)) method has the characteristics
of lightweight and rich shape details. It is important to have
connections between adjacent points.

For the representation and processing of the network,
we use graph attention neural network [4]. The structure of
the graph is generally very irregular and can be considered

978-0-7381-4259-3/20/$31.00 ©2020 IEEE

as infinite-dimensional data. So it has no translation invari-
ance, which makes both conventional feature extraction net-
work invalid. The mesh describes 3D objects by vertices,
edges, and faces, which exactly corresponds to the graph
neural network.

(a)Point Cloud (b)Voxel (c)Mesh
Fig.1 It can be seen that the 3D reconstruction based on
point cloud and voxel has lost many details. 3D reconstruc-
tion based mesh has higher quality and better details.

In this paper, we base on the architecture of Pixel2Mesh
[1] which uses GCN to represent 3D objects. Pixel2Mesh ex-
tracts feature from pictures and then merges them with three-
dimensional features to continuously refine the deformation.
We introduce an attention mechanism in the graph algorithm
to improve GCN used by Pixel2Mesh. GAT can assign dif-
ferent weights to different nodes and eliminate the noise of
graph structure data. By calculating the current node and the
attention coefficient of neighbors, the graph neural network
can pay more attention to important nodes to reduce the im-
pact of edge noise, which can make deformation better.

2. Related work

The traditional 3D reconstruction field generally uses
multi-view geometry (MVG) [5]. The direction of MVG
mainly includes SFM [6] and SLAM [7]. SFM is a passive
monocular vision algorithm. SFM only uses a single camera
as the acquisition device, which has the advantages of low
cost and easy deployment. SLAM requires real-time and is
often used for navigation and positioning. MVG cannot re-
construct the invisible part of the object, so it usually takes a
long time to get enough views for a good reconstruction.

The 3D reconstruction of deep learning has made great
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progress due to the release of large 3d data sets such as Shap-
Net. There are three methods for directly using deep learning
algorithms for 3D reconstruction: point cloud, voxel, and
mesh. Qi et al. [8] used point cloud as a representation for
identifying deep learning tasks for the first time. Fan et al. [9]
used point clouds to make a 3D reconstruction. The voxel
representation is relatively simple but the accuracy is limited
by memory. Due to memory limitations, there is some work
to perform voxel reconstruction with multi-resolution, which
is also difficult. The rich details represented by the mesh
have a better effect. N. Wan and others proposed an end-to-
end deep learning structure[1]. Based on the structure of
Pixel2Mesh, we add an attention mechanism.

3. Method
3.1. System overview

The overview of the 3D reconstruction structure which
generates a 3D mesh from a single picture is in Figure 2. In-
put the system single RGB picture and an initial ellipsoid
represented by graph network. CNN can extract the features
of pictures well. We use CNN to extract features from the
picture and perceptual features to integrate two-dimensional
features into three-dimensional shape features

D £

Deformation | Projection layer 3x3 Conv 64

3x3 Conv 64

2x2 pooling

3x3 Conv 128
Graph
unpooling 2x2 pooling
Deformation Projection layer

3x3 Conv 256

2x2 pooling

3x3 Conv 512

Graph
unpooling

3x3 Conv 512

3x3 Conv 512

Deformation Projection layer

2x2 pooling

3x3 Conv 512

3x3 Conv 512

Fig.2 This is the entire 3D reconstruction process.

3.2. Graph attention network

we also introduced an attention mechanism in the graph
network. Graph attention network can assign different
weights to different nodes and make the characteristics of the
nodes independent of the structure of the graph so that the
model has better generalization. The self-attention mecha-
nism is implemented for each node and the attention coeffi-
cient is:
eij =a(W hi, W hj) (1)
eij expresses the importance of node j to nodei without
considering the information of the graph structure. The atten-
tion mechanism & is a single-layer feedforward neural net-
work. W is the weight matrix obtained by training.
h={hihz. . hn}is the feature vector of the node. e; only
allocates attention to the neighbor node set Vi of nodes i . To
make the attention coefficient easier to calculate and facili-
tate comparison, we introduce a softmax function to regular-
ize all the adjacent nodes j ofi .

exp(eij)
3, explen)

In the end, we get the complete attention ¢r;j mecha-
nism as follows:

(@)

softmaxi(ei) =

exp(LeakeReLu(;zT [Whi || Wh])) 3)
Z reni exp(LeakeReLu(aT[WE I Whi]))

ij =

—

a is the weight matrix between the connection layer
and the layer in the neural network. The LeakyReLu function
which assigns a no-zero 0.2 slope to all negative values is
added to the output layer of the feedforward network. The
attention coefficient can be used to predict the output char-
acteristics of each node

3.3. Projection layer

The VGG16 network is used to extract the picture fea-
tures. To use the feature of the picture in the 3D mesh, pro-
jection mapping is required. The projection layer projects
three-dimensional coordinates onto a plane. Use bilinear in-
terpolation to calculate new feature points for the four pixels
adjacent to the projection point. The formula for bilinear in-
terpolation is as follows:

X2—X —

QOn+

X2 — X1 X2 — X1

X — X1

0>

X—X1 —

Q2

Ri=

“
_ X2—X Q—lz+

X2 — X1

|

X2 — X1
PV R Y
y2—y1 y2—y
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Qijis the feature vector corresponding to the four adja-
cent pixels gy of the projection point p . The feature Qij ex-
tracted by VGG16 from the picture has 1280 dimensions.
First, interpolate the vectors Riand Rz in the horizontal di-
rection. Then interpolate in the vertical direction to calculate
vector P .

3.4. Deformation block

The attention coefficient between different nodes after
regularization can be used to predict the output characteris-
tics of each node.

hi= G(Z aiW hj) (5)
jeNi

W is the weight function obtained by training. ¢ij is the
calculated correlation coefficient of attention. O is the non-
linear activation function. The formula defines the process of
updating the feature vector of the [ layer to obtain the feature
vector of the [ + 7 layer, which is equivalent to performing

deformation.

3.5. Graph unpooling layer

The graph unpooling layer function is to gradually in-
crease the number of vertices in the 3D mesh. Because the
direct generation of high-precision mesh will take up too
much memory and affect the quality of the generation. The
graph unpooling layer adds endpoints at the center of the tri-
angle sides and then connects the endpoints.

3.6. Loss

We use three loss functions: chamfer distance, Normal
loss, Laplacian Regularization. X is the predicted mesh ver-
tex, y is the corresponding vertex on the ground truth. N(y)
is the neighboring pixel. The three loss functions are as fol-
lows.

Chamfer distance: Chamfer distance is used to limit the po-
sition of the mesh vertices.

leo=" min[lx—y[l+Y minl|y-x[} (6
Normal loss: the function is used to enhance the normal con-
sistency of the mesh surface and increase the smoothness.
k € N(y)is the adjacent pixel of y, <,> is the inner product

of two vectors, nyis the surface normal observed from the
ground truth.

=Y Y =argmin,(ly-x[P) < y-kem > ()

Laplacian Regularization: it is used to maintain the relative
position of the vertex so that the vertex position cannot be

changed too freely. Ax is a laplacian coordinates. We use the
weighted sum of the three-loss functions as the final loss

function: liotat = led + Atln + A2liap . 21=0.3,12=0.3.

1
Axr=y— —k
y ZkeN(x) ” N(x) ”

2o W= Al

4. Experiment

®)

In this part, we will compare the accuracy of the model
reconstructed by the graph attention network with
Pixel2Mesh and show our different kinds of reconstruction
results. In addition to using the Shapenet dataset[10], we also
use real pictures for reconstruction. We have some analysis
and conjectures about the real reconstruction results

4.1. Experimental setup

Dataset: We use the Shapenet dataset provided by Choy et
al.[2]. The dataset contains images that render 50k models
belonging to 13 object categories in ShapeNet. We divide the
data set into training and a validation set, on which we can
track the loss of the method and all baselines to determine
when to stop training.

Baseline: For the 3D reconstruction of a single image, we
mainly added an attention mechanism to the Pixel2Mesh
graph network. Compare on the Shapenet dataset.

Metrics: To evaluate the 3D reconstruction model, we use
IoU and Chamfer-L1 distance. The volume IoU is defined as
the quotient of the volume of the union of two meshs and the
volume of the intersection. We randomly sample 100k points
and determine whether these points are outside the ground
truth. The bigger the IOU, the better, and the ideal situation
is to completely overlap. Chamfer-L1 distance defines the
average distance from a point on the output mesh to the near-
est point on the ground truth mesh. By randomly sampling
100k points from the two meshs and using the KD tree to
estimate the corresponding distance, we can effectively esti-
mate the two distances. For chamfer-L1 smaller is better.

4.2. Results

The results of metrics are in Table 1 and the reconstruc-
tion results are shown in Figure 3. In Table 1, we use IoU and
CD as evaluation indicators. Our performance level has
reached the baseline level. Some categories have better re-
sults. In Figure 3, there are six reconstructions of common
items. The reconstructed mesh model has good accuracy.
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Table 1 Comparison to Pixel2Mesh.

IoU?t CD]

Category P2M Ours P2M Ours

car 0.521 0.526 0.266 0.262
chair 0.362 0.360 0.586 0.584
table 0.350 0.353 0.470 0.472
plane 0.369 0.365 0.467 0.468
couch 0.571 0.569 0.493 0.490
phone 0.615 0.618 0.433 0.431
mean 0.465 0.465 0.452 0.451

Fig.3 3D models of some classes generated from a single
RGB picture.

4.3. Reconstruction of real-world pictures

We reconstruct the results based on the pictures on the
Internet(Figure 3). Compared with the reconstruction results
of the Shapenet dataset, some real pictures have good recon-
struction results, and some are worse. We suspect that the
neural network may learn classification rather than recon-
struction. Real pictures similar in style to the training set may
perform better.

Real image Real image

B A =

©

Fig.4 3D reconstruction from real image.

5. Conclusions

Based on the general network architecture of Pixel2meh,
we generate a 3D mesh end-to-end from a single RGB image.
We use a graph neural network to represent the 3D mesh, and
an attention mechanism is introduced during deformation.
GAT can assign different weights to neighbor node features,

which can better deform the ellipsoid. Our reconstructed
mesh has good accuracy on the Shapenet dataset. Some pic-
tures from the real world have good reconstruction results,
some are not good. How to make the network learn to reason
about the shape and contour of the 2D object in the picture is
a question worth considering.
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Abstract:

Occupancy networks introduces the decision boundary of
neural network classifier to express arbitrarily complex three-
dimensional topological structure, thereby solving the problem
of incompatibility between the efficiency of calculation and the
validity of storage in the field of 3D reconstruction. We briefly
introduced the principle of occupancy network and its single-
object 3D reconstruction effect. When further applying occu-
pancy network to real online images, we propose a feasible
resizing strategy to improve the versatility of occupancy net-
work. We believe this will help occupancy network move to-
wards a broader scene.

Keywords:
3D reconstruction; Occupancy Networks; Single object;
Resizing strategy;

1. Introduction

3D reconstruction is a research hotspot of computer
graphics[1-3], which aims to recover geometric models from
a given image dataset. Recently, learning-based 3D recon-
struction methods have attracted attention and produce many
refreshing research results. Brock et al. contributed methods
for training voxel-based variational autoencoders[1]. Fan et
al. introduced point clouds to represent 3D output[4]. Aiming
at the three-dimensional surface simulation problem, Liao et
al. conducted in-depth research on the marching cube
method, and finally realized the high-resolution construction
of various three-dimensional structures[5].

Nevertheless, existing 3D output representations are not
compatible with the efficiency of computation and the ability
to express high-resolution geometric figures of arbitrary to-
pology. Here we will introduce a 3D graphics generation
technology called Occupancy Networks.

Mescheder et al. proposed Occupancy Networks crea-
tively in last year[6]. Occupancy Networks can solve the in-
compatibility problem mentioned above and is applicable in
scenes with point cloud, voxel, etc. as input. In this article
we introduce the Occupancy Networks and our experimental
results. Further, we propose a strategy that can improve the

978-0-7381-4259-3/20/$31.00 ©2020 IEEE

versatility of occupancy network.
2. Method

In this section, the construction method of occupancy
network will be briefly described. Further, we will show how
it is utilized in 3D reconstruction practice.

2.1. Occupancy Networks

For every possible point p € R® in three-dimensional
space, occupancy function assigns occupancy probability be-
tween 0 and 1. The function is as follows:

0:R3 - {0,1} €))

To approximate this 3D function, the key tool is the
neural network. Occupancy Networks utilizes a Peer-to-peer
mapping. Take estimated occupancy of three-dimensional
space points x € X as a part of input. And It is further
spliced with selected points to form the original mapping
image (p,x) € R3 x X. The mapping from p € R3 to R
outputs the corresponding image which is a value between 0
and 1. This input to output mapping relationship can be
parameterized by a neural network fj :

fo :R3x X - [0,1] (2)

2.2. Training

In order to obtain the mapping coefficients 8 of the f,
the random sampling method is used here for the 3D body
edge of observed target. More specifically, in the i-th
training process trainer extracts K spots p;; € R3,j=1,....K.

Calculate the minimum of the loss £, afterwards:
bl Kk

1
L,(0) = WZZL(fG(pij’xi)’oij) 3)
i=1 j=1
Here, x; is the i’th point-group of b, 0;; indicates the prob-
ability of existence at spot p;;. L(.,.) is the cross entropy
loss.

126



2.3. Multiresolution IsoSurface Extraction

Then we introduce Multiresolution IsoSurface Extrac-
tion (MISE), an isosurface extraction algorithm with pro-
gressive accuracy. MISE can refine high-resolution grids
through gradually constructing an octree[8,9]. Simultane-
ously, we only need to estimate the occupancy grid for part
of high-dimensional points, which helps improve efficiency
of computation.

We first voxelize the three-dimensional space. Next, we
map the input to get the occupancy network fu(p,x) of all
p in the voxelized three-dimensional space. All grid spots p
with a greater probability than a certain threshold 7 will be
recorded. Next, we mark all voxels that have multiple spots
with different occupied probability as active ones. If we ap-
ply the marching cube algorithm at the current resolution,
these voxels will intersect the grid. Make voxels will be di-
vided equally to gain 8 sub-voxels. Then estimate proprieto-
rial new grid spots generated through the division step. We
iteratively perform the above process until the target resolu-
tion is reached. Finally, we introduce the following mathe-
matical form to express an isosurface.

{peR?| folp.x) =1} 4
In general, it takes 3s to extract a grid from the occupancy
network.

3. Experiments

We will introduce the content of this section in two parts.

First, we reveal evaluation results of the performance of the
occupancy network and the extent to which it solves the
problems we mentioned in the introduction.

3.1. Dataset

For experiments Mescheder et al.[6] used the ShapeNet
[7] subset of Choy et al.[2]. ShapeNet is a large, annotated
library of 3D objects[7]. ShapeNet includes 3D models that
belong to multiple semantic classification. It is a collection
of datasets that provide many semantic annotations for each
3D model, for instance, precise alignment of spatial features,
smooth and uniform double-sided surfaces, physical dimen-
sions, keywords, and other planned annotations.

3.2. Metrics

For evaluation, Mescheder et al.[6] selected the follow-
ing three-dimensional topological indicators.

Volumetric IoU: The full name of IoU is Intersection
over Union. IoU calculates the quotient of union of the “es-
timated bounding box” and the “true bounding box™ and the

overlap. Correspondingly elaboration on volumetric IoU
here is the ratio of predicted and actual 3D models’ intersec-
tion and their union.

Chamfer-L; Distance: The definition of Chamfer-L,
distance is the average of the accuracy and incompleteness
measures. The definition of the accuracy here is the average
length from a point on the 3D reconstruction grid to the most
adjacent point in the real model data. Chamfer-L; distance
is mainly used for point cloud reconstruction or 3D recon-
struction. It is defined as follows:

1
dep(S1,52) = 2z ) minlix = YL
X€S1
1 ,
+57 ), gl
X€ES1
- yli; 5)

Normal Consistency: In order to measure the degree to
which these algorithms extract higher order conditions, the
consistency assessment is defined of normal on one grid, the
product of absolute values, and the normal of the most adja-
cent neighbors on another grid.

In our continuation experiment, we utilized input data
from network sources.

Online Products data: These data are pictures of prod-
ucts we randomly sampled on the Internet. In next section,
we will introduce the problems that we encountered when
using these data for single-object 3D reconstruction and
elaborate on our strategy which makes the occupancy net-
work work better.

3.3. Results

First, we used occupancy network to perform a single-
object 3D reconstruction task. We reconstructed eight types
of objects and got the results. The reconstruction results is
shown in the figure below. From these results, we can see
that the method of occupancy network can catch complicated
shapes, generate complete grid and retain particulars to the
greatest extent.
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Fig.1 Single Object 3D Reconstruction.

Images of the reconstruction task is marked in red font. And
the eight types all come from the ShapeNet dataset.

In table 1[6], the performance evaluation results of oc-
cupancy network have reached the most advanced standards
when it was published. And for IoU, the excellent character-
istics of occupancy network is also reflected in its realization
of higher IoU does not depend on the number of parameters.

4. Our Problem and Strategy

When we observe the excellent performance of occu-
pancy network, we naturally want to apply it to more 3D re-
construction practices.

Table 1 Performance Evaluation.

category ToU Champer-L NOSirl;ilnS;n—
airplane 0.571 0.147 0.840
bench 0.485 0.155 0.813
cabinet 0.733 0.167 0.879
car 0.737 0.159 0.852
chair 0.501 0.228 0.823
display 0.471 0.278 0.854
lamp 0.371 0.479 0.731
loudspeaker 0.647 0.300 0.832
rifle 0474 0.141 0.766
sofa 0.680 0.194 0.863
table 0.506 0.189 0.858
telephone 0.720 0.140 0.935
vessel 0.530 0.218 0.794
mean 0.571 0.215 0.834

But when the resolution and size of the real images are

far different from the images in the data set, the 3D recon-
struction effect of occupancy newwork appears to be signif-
icantly reduced. The following figure can intuitively reflect
the decline of its 3D reconstruction effect. Based on OpenCV,
we designed a strategy to adjust the pixels of the input im-
ages to make it close to the form of the ShapeNet dataset.

Original Our
mesh strategy

Fig.2 Sofa Resizing.

Input

Original Our
Input
mesh strategy

o

Fig.3 Bench Resizing.

As shown in Fig.2 and Fig.3, we have verified our strat-
egy through the practice of 3D reconstruction of sofas and
benches. For product images from the Internet, the perfor-
mance of occupancy network is not as usual, but there is a
significant decline and distortion. The redundant information
of the mesh is well cleaned up. By resizing the input images,
we get better 3D reconstruction results. Our strategy allows
occupancy network to be more effectively applied to a wider
range of scenarios.

5. Conclusions

Mescheder et al. proposed Occupancy Networks crea-
tively that can capture complex topologies, generate closed
meshes and retain most details. We introduced the actual
principle of occupancy network and its experimental results
on the dataset. According to the mentioned metrics and the
actual generated meshes, occupancy network undoubtedly
performs well on datasets such as ShapeNet.

When we tried to apply occupancy network to a wider
range of online product images, its performance dropped sig-
nificantly. Then we introduced our response strategy and ver-
ification results. We believe that this will enhance the versa-
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tility of occupancy network and adapt it to more 3D recon-
struction tasks.
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Abstract:

In this paper, we present a cascading incremental training
approach for large-scale and unevenly distributed data based
on Support Vector Machine. Instead of using training data
directly, data’s distribution and scale are concerned , so
Synthetic Minority Oversampling Technique and Generative
Adversarial Networks are both used to synthesize new samples
and add them to the data set to achieve a balanced sample
number. Then, we propose a cascading model and divide
samples into groups and apply the multi-layer convolutional
neural network for pre-training to collect the embedding
vectors of training samples. Finally, features extracted from the
pre-training will be used for incremental training on Support
Vector Machine. A multi-layer convolutional network and
cluster are applied to maintain some key information and train
features for classification. Additionally, uncertainty strategy is
used to obtain potential features. In the comparative
experiments with the above dataset, our proposed method
performs the state-of-the-art competitors.

Keywords:
Incremental learning; Classification; Cascade model;
Convolutional network; Clustering; Support Vector Machine

1. Introduction

Support vector machines (SVMs)is a classic and
popular technique for its high performance in many fields of
machine learning and artificial intelligence, which is
proposed by Dr. Vapnik[1]and his research team. SVMs
classifies through mapping the training samples to high-
dimensional space. Then a hyperplane is constructed in this
feature space, which divides the different categories into two
and maximizes the distance between itself and the point
closest to it. This decision surface can be used as the basis of

978-0-7381-4259-3/20/$31.00 ©2020 IEEE

unknown classification vector classification. The advantage
of support vector machine is that it can prevent overfitting.
SVM is a convex optimization problem, so the local optimal
solution must be the advantage of the global optimal solution.
The training SVM requires a coefficient equal to the number
of training examples to solve the quadratic programming
(QP) problem. For large scale datasets, QP's standard
numerical techniques become infeasible[2][3].Therefore we
can take advantage of the incremental training approach for
the natural properties of SVM. The incremental training has
two merits: 1) Discarding some old data to reduce the storage
cost;2) Past training results help speed up the next training[4].
In the past, many people combined incremental training with
support vector machines, applied them to many scenarios,
and achieved good results. In this paper, we mainly focus on
large scaled and unevenly distribution dataset with a
cascading incremental training approach on SVM. Our
proposed method can effectively overcome some
shortcomings of existing methods and improve accuracy.
The structure of this paper as follows: Chapter2 our proposed
approach will be introduced. Then Chapter3 is experiments
results and analysis. Finally, Chapter4 is the conclusion.

2. The Proposed Cascading Incremental Training
Approach

The proposed approach is a cascading model, before
dividing the dataset into several sub-data and doing
classification task for samples, it uses the SMOTE algorithm
to analyze the minority samples to get k neighboring
samples, and use GANs to build new samples to achieve
positive and negative samples balance. Then, a multi-layer
convolutional network is applied for embedding x; into a
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feature space, obtaining effectively information than using
the samples directly. During the incremental training, we
should concern four kinds information, they are support
vectors (SVs), Non- support vectors (Non-SVs) of the
previous training vectors and wrong classified and correctly
classified vectors of the next data set. SVs of the previous
training data set act as the basis for the current solution; Non-
SVs of the previous training data set hardly works in this
training, However, when new information is added, a few
portion of them has a probability of turning into SVs; the
wrong classified samples of the next data set describes the
next data changes emphatically, providing new information
for the next SVM solution; the correctly classified samples
of the next data is unable to provide valid information to the
new classifier, while a small percentage of them may become
SVs in incremental training too.

In summary, the importance of the above four different
information is as follows{SVs} = {Wrongclassified} >
{Non — SVs} = {Correctlyclassified}

First of all, to the data set may be large and unevenly
distributed, we mainly consider the unevenly distribution of
samples. We use the SMOTE algorithm to analyze the
minority samples and GANs synthesize new samples based
on the minority samples and add them to the data set. Then
we use a multi-layer convolutional network embedding the
samples of sub-set into a feature space to extract the
effectively information and a clustering to extract and get the
distribution information. At the same time, with the
uncertainty strategy, some further useful or potential samples
can be extracted. Through the above methods, we can get
distribution information in the data. With the experiments,
our proposed the cascading incremental training approach
can be proved have a better performance.

2.1. Synthesizer

In large-scale datasets with uneven distribution, there is
usually a large difference in the number of positive and
negative samples. We use SMOTE and GANSs to analyze a
small number of samples and synthesize new samples to
achieve sample homogeneity. For example, if the ratio of
positive samples to negative samples is 20:1, then we can
generate 19 negative samples to reach the ratio of positive
samples to negative samples at 1:1, and then carry out the
following training task.

First, for each sample in the minority class, we use the
Euclidean distance as the standard to calculate the distance
from all samples in the minority class sample set to get its
k proximity; then, set a sampling ratio according to the
sample imbalance ratio to determine the sampling ratio N,
for each minority x,randomly select several samples from
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the vicinity of k to form a new training set K, and then use
a GAN-based synthesizer to synthesize the examples and add
them to the original data set, which can be constructed as

mGin max Eyvex logD(x)] + Exec(n) [log(l — D(x’))]

+ uEx’eG(z)[DKL(v(y’)l|P9(y|x,))] (1)
WhereD (x), G(x)are discriminator and generator; are
samples from a new training set k and synthesized set ;z is

gaussian distribution; Ey¢; [log(D (x))] + Exec(n) [log (1 —
D(x ))] make the synthesized instances has the same

distribution as the original samples; Dg; attempts to make
synthetic instances classified by Py have less confidence.

2.2. Pretraining of multilayer convolutional network

Our proposed method uses two kinds of technologies to
obtain the data’s distribution information, A multi-layer
convolutional network and a clustering.

We suppose that the samples in our data set are in
vector form, we can change the shape of all samples into an
M X M matrix and fill in the missing values. Suppose the
given dataset is {(x;,y;), .., ¥} i=12,..,n,%; €
RM>*M 1. € {1,..., K},where x; is a sample from sub-data set
and [; is its label, K is the number of the sub-data set. x; is
mapped to a feature space through a multi-layer
convolutional network H and the extracted features are then
classified through multiple full connection layers C. The

well-known cross entropy will be used as the loss function
N K

1055crassigy O 00) = = > " P (1) 10gqex)  (2)
i=1 k=1
Where 6y, 6. are the parameter set of convolutional
networks H and classifier C . When label k is I; , p, (1;)
represents 1, and when label k is not [;, py (l;) represents
0. q,(l;) is the probability of being divided into k by the
classifier C.

2.3. Clustering

Clustering is a technique that divides a group of sample
data into several different categories, among which the
samples of the same category have high similarity and the
samples of different categories have great differences.
According to different data types and clustering purposes,
the clustering algorithms selected are quite different. The
well-known clustering algorithms include K-means,
hierarchical clustering, SOM clustering, FCM clustering, etc.

To improve the effect of the classifier, we take two
samples (x;", 7)), (x;, 1) for each x; at random, where
I =1;,l7 #1;. First of all, the features of x;, x;", x; are



extracted by multi-layer convolutional network H as
follows
fi=HE) fit =HG&, 7 =H0) (3)
We assume that samples with same characteristics
should be closer , while samples with different
characteristics should be separate. Based on this assumption
we can train the samples with the same characteristics closer
and the samples with different characteristics farther as
follows

min [1f; = £* |l max|1f; = £l @
H On
So, the loss function on clustering can be expressed as

N
l05Stuster ) = ) (lfi= e = Ifi= Tl (®)

Where|| - ||is Euclidean distance,||f; — f;*||,and||f; —
fi"||are both trained to decrease with the gradient descend
of the loss function, so the classes of the same label will
close to each other more and more and classes of the
different label will keep away from each other.

2.4. Uncertainty Strategy

In order to select the samples from the correctly
classified data in the new subset that are most likely to be
converted into SVs in the next training, we propose to rank
the samples based on an uncertainty strategy. Entropy is the
expected value(average) of the information contained in each
message received. It is conceivable that the greater the
entropy value, the greater the degree of information change.

Assuming that the dataset consists of n samples, each
sample contains m-dimensional information, and
x;j represents the i — th sample of the j — th dimension, as
shown below, each sample is processed by non-negative and
translational processing

_ x;j —min(xyj, ..., Xnj, ) ©
max(xlj, ...,xnj,) — min(xlj, ...,xn]-,)
i
Dij = =i @)

Zln:ﬁ‘ii
Where p;; represents the weight of { —th sample in
j — th dimension. The entropy of j — th can be expressed

as

+1

xij

Y, pijIn(pi;)
e =—" i (0<e<1) )

Then we can obtain the diversity factor and the weight

of 1—th dimension as follow
1—61'

— . m .=
gi_m_zﬁlejl(o'slg]SLZ}:lgj 1) (9)
W, = ok—, (1< j < m) (10)

j=19j
Finally, the samples’ scores can be expressed as

’
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N Z;Zl Wi pij' (l = 1, ...,Tl,j =1, ,m)
We can sort these samples by a ranking of samples, and
the samples with higher score can be separated and added to
the new training set.

(11)

2.5. Framework and Model Structure of Proposed
Method

| —

GANs |4

I | Convolutional
black

Convolutonal

3. Experiments

In this experiment, two datasets with different scales
and uneven distribution that are widely used in the field of
SVM-based incremental learning are ready to be used[5][5].
They are Banana dataset from IDA benchmark repository
and Skin Segmentation dataset from UCI machine learning.
Among them, the Banana dataset is small, with 8800 training
samples and 1000 test samples; the Skin dataset is larger,
with a total of 245057 samples, of which 50859 samples are
skin samples and 194198 samples are non-skin samples. In
this experiment, 4 evaluation criteria are included: Accuracy
(ACC), Precision(PRE), Specificity(SPE) and False Positive

Rate(FPR).

Firstly, compare our proposed method with Redundant-
ISVM[6]and the KKT-ISVM[7]commonly used in the

Banana dataset.

Table 1 Comparison with current ISVM in Banana

Banana Proposed Redundant KKT
ACC 0.9060 0.8600 0.8200
PRE 0.9087 0.7946 0.7409
SPE 0.9208 0.7830 0.7038
FPR 0.0792 0.2170 0.2962

Obviously, the cascading incremental training method
we proposed has better performance on the Banana dataset.



Table 2 Comparison with current ISVM in Skin

Segmentation
Skin Segmentation | Proposed | Redundant KKT
ACC 0.9986 0.9970 0.9970
PRE 0.9998 0.9995 0.9995
SPE 0.9999 0.9998 0.9998
FPR 4.6430e-5 | 1.7873e-4 | 1.7873e-4

Then we compare these algorithms on the large data set

Skin Segmentation. From the four evaluation criteria, we can
see that our proposed model, a cascading incremental

approach, performs better on the large data set.

Table 3 Comparison with current ISVM in Banana

Banana Batch Training Proposed ISVM
ACC 0.9070 0.9060
PRE 0.9255 0.9087
SPE 0.8893 0.9208
FPR 0.0623 0.0792

TIME 1 1.1420

Next, we compare the performance of incremental

training and batch training on the banana dataset. From Table
3, we can see that there is almost no difference in accuracy
between the two performances, and other evaluation criteria

are also relatively similar.

Table 4 Comparison with Batch training in Skin

Segmentation
Skin Segmentation | Batch Training | Proposed ISVM
ACC 0.9991 0.9986
PRE 0.9995 0.9998
SPE 0.9999 0.9999
FPR 1.3976e-5 4.6430e-5
TIME 1 0.0098

Finally, we compare incremental training and batch
training on a large data set Skin Segmentation. It is obvious
that the two methods are similar in performance of each
parameter, but the incremental training method is more than
100 times faster than batch processing in training time. It can
be seen that the computational performance of incremental
training is much higher than batch processing on large and
unevenly distributed data sets.

4. Conclusions

In this paper, we constructed a cascading incremental
training model, while large-scale unevenly distributed
datasets under analyzed. With SMOTE and GANs
algorithms to balance the unevenness of the dataset samples,
while a multi-layer convolutional network and likewise a
clustering are used to extract the key information, and the
next uncertain strategy is applied to obtain potential samples,
performance on the large-scale unevenly distributed datasets

will be improved on condition that the execution of
incremental training. In future research work, we will further
study the incremental training based on an open-set scenario
which might be more common in the real world.
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Abstract:

In the field of few-shot learning, different methods are
proposed to optimize the model by changing the network
structure or optimizing the algorithm. Although, by designing
the end-to-end algorithms, the classification performance on a
specific task can be improved. But when the amount of data is
limited, it is still difficult to obtain generalization ability for
different tasks. At the same time, a single loss function in the
end-to-end training is always ineffective, because it is difficult
for a shallow network to learn an effective image feature
representation from complex natural images. In this paper, a
constructive representation algorithm for few-shot learning
without end-to-end training is proposed, which is suitable for
few-shot learning in the natural images classification task.
Through self-supervised representation learning, the proposed
encoding model generates an effective feature representation.
Then, a few-shot learning model is further constructed and
trained for supervised classification tasks. Without the end-to-
end training, the proposed learning method at different
training stages use different loss functions. In the experiments,
on the classification task of the public competition data set
ISIC2018[11], our method has a 30% performance
improvement over the state-of-the-art methods.

Keywords:
Few-shot learning; Self-supervised learning; Dermoscopy
image classification; Skin lesion analysis

1. Introduction

In the task of classification for dermoscopy images, we
have two main difficulties. First, for some rare skin lesions,
it is difficult to find a large number of image samples to make
a data set. Second, it is not easy for non-professionals to
distinguish different melanomas, same type of targets may
have very different appearances. In order to solve these
problems, we decided to use a few-shot learning method for
classification and use self-supervised representation to help
the model train in the case of insufficient data labels.

*Corresponding Author: Chen Juan (chenjuan@uestc.edu.cn)

978-0-7381-4259-3/20/$31.00 ©2020 IEEE

The most commonly used network for few-shot
classification are matching networks [1] and Prototypical
networks[2] .They constructed a convolution-based Siamese
network structure for calculating image feature embedding.
The similarity is calculated between the embedding of the
positive and negative examples, then compared with the real
label to obtain a contrast loss. In the aspect of feature
embedding similarity evaluation, the matching network uses
cosine similarity as the similarity evaluation, while the
prototype network uses Euclidean distance to calculate the
similarity of feature embedding.

In common few-shot learning methods [1-4], simpler
network structures are usually used. It’s hard for shallow
networks to learn complex image semantics. This makes the
usual few-shot learning methods perform well in simple
target classification tasks which have similar characteristics
(like handwritten characters in Ominiglot dataset); but they
perform poorly on complex classification tasks (like natural
image in Mini-Imagenet dataset). In the proposed methods
[5-6], the representation model is trained through self-
supervised methods to make the image features accepted by
the downstream model easier to learn. In our method without
the end-to-end training mode, few-shot classification model
is performed based on the use of self-supervised image
feature encoder.

2. Method
2.1. Self-supervised model construction

The CPC model mainly consists of two parts: the
encoder and the autoregressive model. The training model
predicts future observations from historical observations. For
all images in the data set D, the feature encoder extracts the
current I, = F,,.(x;), at this time we have got the current
observation value I,. Then we use the autoregressor to
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summarize all the observations in the historical record and
generate the latent state C, = Fy,.(I;;) of the current
context. After obtaining the current observation result I, and
the latent state C,, a simple transition prediction can be
constructed to predict the observation result after k steps
using C;. From this, the information relevance between the
latent state C; and the future input I;,, can be quantified,
which we call mutual information. The mutual information
is described as a form of probability density function as
follows:

p(11+k |Ct)
p(ll+k)

For the description of mutual information in Eq.1, we
use a logarithmic bilinear model to quantify as follows:
fill . C) =exp(I[, W,C) )
It can be seen that we use the linear transition matrix
W, to predict the model observations after k steps. We
maximize the probability density in Eq.2 to achieve the
model training goal of maximizing mutual information. We
perform feature encoding and autoregression for each region
blocks and select C; as the only positive example. At the
same time, we randomly extract N-1 grid feature codes X =
{Ii, I, ...,Iy_1} as negative examples, and perform the
above encoding and autoregression operations by optimizing
the following loss shown in Eq.3.

E log fk(1t+k’ct)
X ijsX fk (xj’Cf)

We define this loss function as infoNCE. From Eq.3, we
can see that the loss function can be reasonably applied to
the autoregressive binary classification task by randomly
selecting negative examples. We process some data
augmentation on the original data set, which including
random clipping, color jitter, random rotation and affine
transformation. For the problem of imbalance between
classes, this work simply uses random rotation to expand
weak classes.

After getting the trained self-supervised representation
model, we use the feature encoder F,,. obtained by self-
supervised learning to help the downstream supervised few-
shot learning task to train, that is to say, we directly discard
the autoregressive model F,,., and only use the feature
encoder to provide the feature embedding for downstream
tasks.

fild e, C) e (1)

L 3)

NCE —

2.2. CPC-ProtoNetwork model construction

We organize the data set substructure as follows. For
the data set D = {Di,qin, Diest}> Dirain 18 used for model
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training, and D;,g; is used for testing. For all data in the data
set D = {X;,Y;}),, Few-shot classification is performed on
the isic2018 data set with support set Sgppore and the query
set Sguery constructed using the M Way — N Shot method.
That is, M categories are randomly sampled in the whole data
set, and N samples of each category form the support set
Ssupport> then Kgy e, samples from the same M category
are randomly sampled to form the support set Sgyery -

The traditional few-shot learning method (like Match
Network) maps all samples to a low-dimensional feature
space Z . Then, a similarity measure S(-,) is used to
evaluate the similarity between f(x..;) and g(x;) one by
one, and the support set sample x; label y; with the
highest similarity is assigned as the model prediction label
for the query set sample x;.. However, in end-to-end
training network uses single loss function, it is difficult to
achieve the purpose of extracting features and feature space
mapping at the same time, which results that the actual few-
shot learning method generally performs a low classification
accuracy for complex natural image.

Feature encoder

Fenc
Output:  (8x8x256)

P

Conv layer
Output:  (8x8x256)
Conv layer
Output:  (8x8x128)
Conv layer
Output:  (8x8x64)
maxpooling
Output:  (1x1x64)

Raw picture input
Size: (64x64x3)

TransNet

h(.)

Ssupport
Prototypes’ embeddings
for all 5 classes target

Squery
embedding

Fig.1 Proposed framework for few-shot learning

In Fig.l, we replace four-layer feature extracting
network (which used in MatchNet) with the self-supervised
feature encoderF,,,, that has been trained to map the input to
the easier-to-learn semantic representation space C
(Represented by green square). For generalizing the features
to the embedded matching feature space Z (Represented by
yellow square), We constructed translation network
(TransNet, hereafter referred to as h(.)) for processing
translation from feature space € to Z. The structure of the
TransNet is similar to the original four-layer convolutional
neural network which used in MatchNet.

At the same time, in order to enhance the robustness of
feature space conversion and speed up network training, we



decided to use the prototype proposed by ProtoNetwork for
calculation. Which means, we pick up all samples of one
class from Sgyppore in the feature space Z, as the
Representative, the prototype of the k-th category can be
calculate as Eq.5.

1

- m (x;,; V€S,

X h(F,, (x,)) (4)
After calculating the prototype x = (X1, X2, «-» Xm)
for all M category, the model evaluates the similarity
between every X;.s; and prototypes, then classifying them
with probability in Eq.6.
pa(y = k | ‘xtcsl)
— exp(S(h(F:znc(xlesl)’ Zk)) (5)
2 o SXPS((F,, (X))

Finally, we train the network by minimizing the
negative log-likehood [7]. So the loss function used for
stochastic gradient descent is expressed as Eq.7.

l’triple = _log(pg(y = k | x[gs[ )) (6)

We summarize the training algorithm of the proposed
model in Table 1.

Table 1 Training Algorithm for CPC-ProtoNetwork
Input : The support image set Sgppor: and the query image set
Squery» given  Kgyery, sample images in Sgyery .

Output : The trainning loss Lgep-

Initialize Ly, < 0
for kin {1,..,M} do

1
P t —_
roto, « E

(x4, Yi)€Ssupport
yi=k

h(Fenc(Xi))

end for
for kin {1,..,.M} do
for (x, y) in Sgyery do
innerloss « S(h(F,n.(x)), Proto,)
outerloss « log ¥ . exp (—S(h(FenC(x)), Protoj))
innerloss + outerloss
M X Kquery

Lstep < Lstep

end for
end for

3. Experiments

For the experiments in this paper, the data comes from
the third task of the open competition ISIC2018[11], i.e.,

Skin Lesion Analysis Towards Melanoma Detection (disease
classification for seven categories of dermoscopy images).
The public data set contains 10015 RGB images. At the same
time, we compress the image to a uniform size of
64pixs X 64pixs to facilitate input from different networks.
For the experiment in this paper, the training set D;pqin 1S
obtained by randomly extracting 80% of the data from each
type of disease; Dy, is obtained by extracting 10% of each
type of disease; We use the remaining 10% of data to build
the validation set.

3.1. Self-supervised experiment of CPC model

With reference to the original setting[4], we scale the
input image to 72pixs X 72pixs by linear interpolation.
The model is trained by CPC, which is to divide the grid on
the output feature map of the encoder F,,., and perform
autoregressive prediction between grid embedding. In the
actual training environment, we randomly sampled 16
negative examples from 64 grids of a picture.

This experiment follows the enviroment settings of the
proposed method[10], using the first three convblocks of
resNet-34 to build the feature encoder F,,., and constructing
an autoregressive model F, with the structure of pixel CNN,
just the same as CPC-V2 [5]. The autoregressive model takes
the output of feature encoder (a 256-dimensional current
state observation ;) and the previous state C;_; as model
input. After the same 256-dimensional latent state
representation C; was calculated by autoregressive, we use
the k-step transition matrix W), multiplied C; to predict
I; 4. In the actual algorithm, we set k=5, which means that
our model makes predictions on the fifth grid below.

Further, we trained a convolutional network
(CPC_Res101) using the feature embedding infer from F,,
and true label corresponding to the feature, while the
comparison experiment (Resl01) wused the same
convolutional network and loss function, but train on the raw
data and label. We used the medical image classification
evaluation index recommended in the isic competition to
evaluate the two models. The experimental results are shown
in Table 3. It can be seen that the our method(CPC_Res101)
got a classification accuracy much higher than the
comparison group. Our method has higher true positive rate
(TPR) and true negative rate (TNR), which means The model
has a low probability of mistake or omission diagnostic in
the classification of skin lesions.
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Table 2 Comparison result with supervised classification Methods on ISIC2018 task3 (Our method: CPC_Res101)

Group name | Precision Recall TNR | FPR F1 NPV | AUC
(PPV) (TPR)

Res101[9] 0.6686 0.6743 0.9471 | 0.0529 | 0.6686 | 0.9486 | 0.8075
CPC Resl101 0.8457 0.8486 0.9757 | 0.0243 | 0.8443 | 0.9771 | 0.9100
Table 3 Comparison results for few-shot learning (Our method: CPC_ProtoNet)

Group name | Precision (PPV) | Recall (TPR) | TNR | FPR F1 NPV [ AUC
MatchNet[1] 0.4920 0.4940 0.8720 | 0.1280 | 0.4900 | 0.8740 | 0.6830
ProtoNet[2] 0.6860 0.6820 0.9220 | 0.0780 | 0.6800 | 0.9220 | 0.8032
MAML][8] 0.5080 0.5100 0.8760 | 0.1240 | 0.5060 | 0.8780 | 0.6933

Reptile[3] 0.5060 0.5060 0.8740 | 0.1260 | 0.5020 | 0.8800 | 0.6921
CPC _ProtoNet 0.9120 0.9120 0.9800 | 0.0200 | 0.9080 | 0.9820 | 0.9449

3.2. CPC_ProtoNet model experiment

We constructed five experiments, the few-shot learning
method CPC_ProtoNet,which we proposed to build 5 Way —
5 Shot's support set S ppore and query set Sgyery, from the
data set Dg,.; and as comparative experimental group,
MatchNet, ProtoNet, MAML [8], Reptile [3] model, built
their 5 Way —5 Shot's support set and query set from Dg,.g.

The network model used to extract features in other
groups is completely consistent with the ProtoNet group.
There are no advantages in network structure between
models. After also using adam as the optimizer, setting a
learning rate of 1e-3, and using 100 Sg,ppore and Sgyery to
train for 100 epochs per epoch, we get the result which is
shown in Table 4. Table 4 can prove that our method
(CPC_ProtoNet) uses a encoder to pre-coding the model
input into a feature space that is easier to divide, so that the
downstream few-shot learning model has a greatly improved
classification accuracy compared to the original model.

4. Conclusions

In the algorithm we proposed, the shallow network can
learn from a more effective feature space C, then getting
better classification accuracy. Obviously, this training mode
can be extended to other algorithms, and we will continue
our research in this direction.
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Abstract:

In recent years, the objects detection algorithm of deep
learning neural network has been widely used in scene
monitoring fields such as intelligent transportation and ground
observation. But scene changes always happen caused by the
seasons and the ground feature cover change, which makes the
training sample (source domain) different from the application
scene (target domain), and causes the original effective model
to generate a lot of false alarms. This paper proposes a domain
adaptation algorithm for Unmanned Aerial Vehicle (UAV)
objects detection based on semi-supervised learning. Firstly
applying the source domain model on target domain to generate
pseudo-labels for semi-supervised learning, during fine-tuning
the model with Pseudo-Label, the scale-aware loss is introduced
to suppress false alarms in abnormal scale, which realize the
domain adaptability of network model migration from source
domain to target domain. Experiments on our dataset for
monitoring ground objects show that: the proposed method
avoids the catastrophic forgetting caused by the direct domain
adaptation method without denoising, and maintains the target
detection rate of the network model in different scenarios.

Keywords:
Objects detection in UAV; Scene change; Semi-supervised
learning; Scale-aware loss; Domain adaptation;

1. Introduction

In recent years, objects detection algorithms based on
deep convolutional networks [1-2] have made great progress
both in speed and accuracy, such as YOLOv4[3],
EfficientDet [4], etc., and they have been widely used in
scene monitoring fields such as intelligent transportation and
earth observation.

However, this type of objects detection algorithm relies
on a large amount of data for supervised training, but in some
application scenarios, such as battlefield objects detection,
ground target monitoring target detection, etc., it is very
difficult to obtain a large amount of labeled data. In addition,
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scene changes caused by changes in seasons and ground
coverage will also cause a lot of false alarms in the originally
effective model, as shown in Figure 2(b). It is a common
practice to use the domain adaptation algorithm [5-8] to fine-
tune the pre-trained model on the open source datasets to
realize the migration of the source domain model to the target
domain. Pseudo Label Algorithm [9] directly uses all pseudo
labels to fine-tune the model, which is easy to cause the
problem of catastrophic forgetting [10-12].

In this paper, we proposed a domain adaptation method
for object detection in UAV based on semi-supervised
learning[13,14]. The source domain model is obtain by pre-
training RetinaNet [15] in visdrone2018[16], and then
pseudo labels are generated by directly applying the source
domain model to the target domain of Ground target
surveillance scene, by introducing the technique named
scale-aware loss, the objects of abnormal scale are greatly
suppressed during fine-tuning. Based on the principle of
entropy regularization [17], the domain adaptation loss of the
model is considered based on the Pseudo-Label algorithm,
and the source domain model is fine-tuned and trained
through pseudo-labels to find the low density in the source
domain and target domain category distribution area to
implement model migration.

2. Proposed Method

2.1. Semi-supervised learning of pseudo-labels

The Pseudo-Label algorithm [9] is based on the
principle of entropy regularization [17], which uses the high-
confidence samples in the pseudo-label as the maximum
posterior estimation of the model, and reduces the inter-class
by minimizing the conditional entropy of the class
probability of unlabeled data density:

H(ylx'h—%izP(y;"=1|x‘”">logP<y,-"‘=1|x‘m) (1)

m=1 i=l
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n'is the number of unlabeled samples, C is the total

class amount, yl.m is the unknown label of the mth unlabeled

sample, x""is the input vector of mth unlabeled sample.
Since entropy measures the degree of overlap between
classes, the entropy minimization principle can find the low
overlap area between classes to obtain a more accurate
classification boundary. The following formula defines the
maximized posterior distribution

C(0,2) =Y log P(y" | x";0)~ AH (y| x50) ()
m=1

where n is the number of labeled data, X" is the mth
labeled sample, A is a coefficient balancing two terms. By
maximizing of the conditional log-likelihood of labeled data
(the first term) with minimizing the entropy of unlabeled data
(the second term), we can get the better generalization
performance using unlabeled data.

The algorithm uses the results given by the source
domain model on the target domain data as labels. These
labels are not supervised and labeled by humans, so they are
called pseudo labels. Pseudo-label learning is in the fine-
tuning stage, using pseudo-label samples to perform multiple
rounds of weight fine-tuning on the supervised training
model on the source domain data set. The loss of the model
in the adaptive learning process from the source domain to
the target domain consists of two parts:

()lal Z Z L (y

n =1 i=1 (3)

+a(r>—ZZL(y, S

m=1 i=1
The first item of the loss formulate the difference
between predictions of model and labeled samples, while the
second item is the difference between unlabeled samples and
pseudo labels.

2.2. Domain adaptation of our method

In our method, we found that most of the noisy
predictions comes from small targets, and these objects are
either out of normal scale or out of scale with other class of

objects.
total Z z L(yl ’ f )

mlzl (4)

+a(t) - Z z chale aware (.y/ s f )

m=1 i=l

Motivated by DIOU loss [18], we proposed a scale-

aware loss to maintain the relative ratio of the predicted
target, while restricting the absolute scale of the target within
a certain range based on the GPS information of the drone,
the scale-aware loss is formulated as follow

C
Lscale—aware = ﬂ’l Z (pii o p(bl ’ b.f ))2
= (6)

+A,(area(b,, H) —area(C,,1)* H)’

contains two parts, the first item is used to
‘scale—aware

limit the scale ratio of b; to other categories of bounding-
box, while p(b;,b;) compute the the ratio of category i to
categoryj, and P isthe scaleratio based on visdrone2018

statistics. The second item compute the area of b; to limit

its absolute scale, H is flying-height of drone from its GPS

system, C ;18 the average area of category i.
Target
Domain
Denoise Souce
Module Domain

Scale -
Aware loss
Classifying

loss

Fig.1 network architecture of our method

The proposed network architecture is shown as figure 1,
the scale-aware loss is introduced during computing the loss
of bounding-box predicting bench. And a denoised module
based on the same principle as scale-aware loss is adapted to
furtherly suppress false alarm noise.

3. Experiments
3.1. Datasets and evaluation indicators

We use the Visdrone2018 datasets for pre-training
(source domain data). The data set mainly shoots scenes of
streets, communities, parking lots, etc. It contains 10
categories and more than 340,000 targets. After training, it
can be used in retinanet. Get a model that performs well. The
target domain data is self-labeled UAV side patrol data,
including 5 categories: person, car, horse, sheep, and animal,
with a total of 11495 objects.

Result evaluation uses two indicators: mAP and
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Average Recall (AR), similar to the evaluation protocol in
MS COCO[19].

3.2. Implement detail

All experiments are done on an RTX Titan, the selected
target detection network is RetinaNet, which implemented
by mmdetection [20].In the pre-training phase, the model is
trained using the SGD optimizer, in the first 500 iter, we use
warmup method to adjust the learning rate, from 0.001 to
0.01. In epochs 7 and 15, the learning rate is set to 0.2 times
the previous. In the fine-tuning stage, the model fine-tunes
10 epochs with a learning rate of 0.001.

3.3. Domain adaption of semi-supervised learning

() ()

Fig.2 (a) Ground Truth; (b) False Alarms when directly
applying the pre-trained model to other scence; (c) directly
domain adaption without denoising; (d) our domain adption

method based on semi-supervised scale-aware loss

The red bouding-box is the pedestrian target, the green
is the truck, and the yellow is the car. Figure 2(a) shows the
real labels of the three targets. However, in Figure 2(b), the
pre-training model generates a lot of pedestrian noise in the
snow scene.

After using these prediction results as pseudo-labels for
model fine-tuning, the result is shown in Figure 2(c), only a
small part of false alarms are suppressed. Figure 2 (d) is the
result after the introduction of scale-aware loss for fine-
tuning, most of false alarms are suppressed.

The proposed scale-aware loss is based on the statistics
of Visdrone2018, as shown in Table 1.

Table 1 the statistics of categoried and objects of
Visdrone2018-det-train datasets

Visdrone2018-det-train

Prop avg H avg W

class num (%)  (pixel) (pixel)
pedestrian 79338 23.12 30.73 16.21
people 27059 7.88 24.7 16.41
bicycle 10480 3.05 31.21 29.46
car 144865  42.21 40.61 51.26
van 24956 7.27 47.53 54.33
truck 12875 3.75 60.72 67.73
tricycle 4812 1.4 40.41 45.09
aw-tricycle 3246 0.95 45.05 45.27
bus 5926 1.73 65.63 67.07
motor 29647 8.64 27.72 26.64

In Bianxun datasets, we apply the RetinaNet pretrained
in Visdrone2018 to get the initial pseudo labels, we counted
the number of denoised pseudo-labels after 10 epochs of
semi-supervised training, the results are shown in Table 2.

Table 2 the number of pseudos labeled objects in diferent
datasets phase before and after semi-surpervised denosing

Phase | inital denoised propotion
Train | 344519 182503 52.973%
Test 71685 33287 46.435%
Valid 71500 35121 49.120%

In order to compare the effect of Pseudo-Label
algorithm (PL) under different sample conditions, we use
unsupervised (directly fine-tune the model with original
pseudo-labels), fully supervised, and semi-supervised (our
method) to fine-tune the model.We compare the results of
different ways of domain adaption, as shown in Table 3.

The way of directly fine-tuning the model with original
pseudo-labels cause a huge drop compared to other ways,
this shows that the model has been disastrously forgotten.

Table 3 the number of pseudos labeled objects in diferent
datasets phase before and after semi-surpervised denosing

Method AP AP50 AP75 | AR

Without PL[9] 0.7 1.6 0.5 5.4
Directly PL 33 120 0.9 23.5
Supervised fine-tuning[ 8] 94 249 5.9 41.9
Ours 63 199 1.7 30.6

Among the various indicators of AP, AP50, AP75, AR,
our method has a significant improvement compared with
direct fine-tuning, which improved by 90.9%, 65.8%, 88.9%,
30.2%. Fully supervised domain adaption using manual
annotation, among the indicators of AP, AP50, AR, only
improved by 49.2%, 25.1%, 36.9%, which means that our
method greatly improves the performance of model fine-
tuning using pseudo-labels. At the same time, on some
indicators, our semi-supervised domain adaptation method
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conditions.

performance fully-supervised

4. Conclusions

Directly applying a pre-trained model from source
domain to target domain can cause a lot of false alarms noise.
The proposed domain adaption method which introduces
scale-aware loss while model fine-tuning can greatly
surpress such noise.

Experiments on the ground target monitoring data set
show that the proposed semi-supervised domain adaptation
algorithm achieves similar results to the supervised domain
adaptation, making it possible to quickly migrate semi-
supervised models. Since the scale information is used to
remove a large number of false alarms, the catastrophic
forgetting of the model caused by the direct domain
adaptation method is avoided, which improved the detection
performance of the target detection model in different
environments.
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Abstract:

In recent years, opioids have been widely used in the field
of analgesia treatment, and they are irreplaceable in some
aspects. However, when opioids are effective, they can suppress
the human immune system to some extent and are addictive.
The overuse of opioids will seriously affect our social stability.

In the behavior of transmission model, the dynamic model
of many nodes are based on average method, the differential
equation based on the mean field theory to analyze propagation
behavior, it is difficult to reflect the status and evolution of each
node in the network situation, cellular automata can effectively
solve this problem, so we use cellular automata as a simulation
system, transmission rules, based on the SIS model combining
both drug state propagation prediction model is established.

Considering that the traditional SIS model is unable to
evaluate the degree of propagation (the number of drug
propagation) of each node, we used the Support Vector
Regression (SVR) model to predict the number of propagation
of each node in the network. SVR model has the ability to deal
with nonlinear multi-dimensional small samples, which has a
good effect on the nonlinear regression prediction of time series,
and provides a new choice for the prediction of opioid
prevalence.

Keywords:
Cellular Automata; Susceptible-Infected-Susceptible;
Support Vector Regression Machine

1. Introduction

In recent years, the analysis of transmission dynamics
and transmission mechanism based on network has been
deepened along with the research of network theory. The
research on network behavior not only focuses on the
dynamic process of network nodes on the network, but also
focuses on understanding the structural evolution of the
network itself. These studies on dynamic processes have
important practical application value in analyzing
propagation behavior in the real world.

In real life, every individual has a certain amount of
self-control. When people in a certain county or city are
informed of the epidemic of opioids, local authorities or

978-0-7381-4259-3/20/$31.00 ©2020 IEEE

people will take adaptive measures to reduce the scale of the
spread of illegal opioids, which can lead to the improvement
of the situation at their own nodes. For example, some Gross
et al. in the Susceptible to infection to Susceptible
(Susceptible-infected- Susceptible (SIS) model [1], and
Shaw et al. In their study of the Susceptible to infection —
infected - Susceptible (Susceptible to infection - immune -
Susceptible (SIRS)) model of adaptive networks, both of
them believe that when Susceptible nodes have infected
neighbors, Vulnerable nodes will take protective measures to
ensure that there is a certain probability of recovery.

In the quantitative analysis of propagation simulation,
the prediction of time series data is an important part, which
needs to achieve the effect of simulation prediction through
regression prediction of the data on the geographic network.
In fact, the prediction of the temporal data is a
multidimensional data regression problem. In machine
learning, there are many models that can deal with linear or
nonlinear regression prediction of multidimensional data,
such as multi-layer perceptron, autoregressive sliding
average model, support vector machine and so on.

2. Materials and methods
2.1. Data Set

Based on the number of opioid reports provided by the
US Centers for Disease Control (CDC) from 2010 to 2017,
461 counties in five US states (Ohio, Kentucky, West
Virginia, Virginia and Tennessee) were selected for
transmission behavior analysis projections.

2.2. Opioid spread model based on Cellular Automata

In this part, we compared the transmission of opioid to
the transmission of infectious diseases, and then built an SIS
(Susceptible-Infected-Susceptible) contagion model based
on Cellular automata (CA) to analyze the transmission
characteristics of Opioids. The structure of CA is shown as
below.
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Fig.1 The structure of CA

Cellular automata (CA) is a discrete dynamical system
with simple structure but complex self-organizing behavior.
CA can overcome the defects of the differential equation
model based on the mean field method. It is an effective
alternative method to study complex systems and their
dynamics. The existing research shows that CA has its
inherent advantages in reflecting the interaction between
individuals, the expression of network topology, the spatial
characteristics of nodes and the description of probability
events in the process of propagation [2].

In this article, we set each county as a node and utilize
the connections between nodes to form a WS small-world
network. Then the node state and state change rules are
defined according to the actual situation, and the rules can be
divided into propagation rules and reconnection rules. The
specific steps of CA construction are as follows:

Step 1. Define the following quaternion to describe the
CA:

A=(C.QV.f) (1)

where 4 is the CA system, C is the Cellular space, Q is

the finite state set of cellular, V'is the cellular domain, fis the
cellular state transition rule function.

Step 2. Define the evolution rule of f, which can be
expressed as:

i =f(Qj1, Qjz - Q) ()
where Qf*! represents the state of the i, cell at time
t+1, (Q]t-l, sz, . Q]t-N) is the set of all neighbors.

2.3. SIS spread rules

According to the SIS propagation process, any node can
only be infected by its neighbor at each time step. The 7 state
node tries to infect each of its neighbors in the S state with
probability . This process is called infection. Meanwhile,
nodes in state / are restored to state S by probability §. This
process is called healing [3].

The corresponding differential equation of SIS model is

as follows:
BO — _pI)S(E) + 5I(b)

aice G)
£8 = p1(t)s(e) - s1(t)

Where, I(t) is the proportion of the number of infective
nodes at time t, and S(t) is the proportion of the number of
susceptible nodes at time t. Since there are only susceptible
states (S state) and infective states (I state) in SIS model, the
result is I(t)+S(t)=1.

Connections between states and counties not only
depend on fixed geographic locations, but also on the
movement of people between regions. Accordingly, the
network structure of each state and county is a time-varying
network that changes constantly with time. To simulate
population flow between regions, we introduce the rule of
network reconnection.

The general method of reconnection is to disconnect
one end of each selected connection and randomly connect it
to other nodes, without allowing self-connection and
repeated connection.

For this, we combine gravity model to optimize the
reconnection rule. Use the following formula to calculate the
degree of connection between any two nodes (counties).

Tij = Kijpiapiji;e 4)

Where T;; is the population flow; F;; is the
generalized distance between zone i and j (here is the actual
distance); P;, P; the populations of the two regions; K;; is
the socio-economic adjustment coefficient of zone i and zone
J; a,y,8 are correction factor.

2.4. Opioid spread prediction model based on SVR and
CA-SIS

The CA model mentioned above only makes qualitative
analysis of opioid propagation, so quantitative analysis of the
propagation process is also needed. In order to ensure the
objectivity and accuracy of prediction results, we built the
opioid propagation prediction model based on SVR (Support
Vector Regression).

Proposed by Corinna Cortes and Vladimir Vapnik in
1995, SVM is a supervised learning model for data
classification, regression analysis and outlier detection. Its
advantage is that it is effective in high dimensional space,
and can effectively implement the nonlinear classification
case through the introduction of the nuclear mechanism. In
the case of linear indivisibility, the kernel function is
introduced to overcome the dimension disaster effectively.
Another feature of SVM is that it minimizes the structural
risk and can effectively solve the problem of local minimum
and over-learning [4].

There are many subprograms in SVM. SVR, which is
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one of them, has a strong non-linear processing power. This
method usually combine with Time Series Forecasting to
make predictions.

The specific steps of constructing SVR are as follows:

Step 1: For a given data set, construct a regression
function. The calculation formula is as follows:

Nx)=w-pXx)+b (5)

Where w is weight vector, b is bias.

Step 2: Introduce insensitive loss functions & and
relaxation variables & , &. The support vector regression
machine can be expressed as a quadratic programming
problem. The calculation formula is as follows:

min R(w,b) = |0 + BIL (& +&)  (6)
St{)’i—w'fﬂ(x)—bﬁf‘Fs{i'fiZO )
Tl +b-yse+é, 620

where B >0, is penalty factor

Step 3: Introduced Lagrangian coefficients a; and a;,
convert the above equation into a dual problem. The
calculation formula is as follows:

Lo
1
max W = EZ Z(ai —a;)(a; — a))K(x; — x;)

i=1j=1
1 1
—e Y @ra)+ ) yi@w—a) (8
i=1 i=1

S.t.{ 5:1(ai —a;)=0
B=a;,a; =0
where K(x; — x;) is Kernel function
Step 4: The final support vector machine model
function formula is as follows:
N =Y1(a;—a)K(x;—x;)+b (10)
MAE will be used as the evaluation indicator below.

)

3. Experimental results analysis
3.1. Future evolution of CA-SIS
With the CA-SIS model we can estimate future opioids

transmission. Thus, we evolve the opioid transmission in
2018, as shown in the figure below:

Buprenorphine
in 2010

<X NentucKy - virginia
R e &

i - Y
Fig.2 The evolution of Buprenorphine in 2010

Fig.3 The evolution of Buprenorphiné in 2018

In this map, Fig 2 shows the 2010 levels of
Buprenorphine transmission, while Fig 3 shows the
predicted 2018 levels. Where 0 indicates that no such drug
has been reported and 1 indicates that Buprenorphine has
been found.

The changing trend reflected in the figure shows that if
the United States government does not take effective
measures to control the situation, the scope of influence will
expand further, which may eventually lead to the abuse of
opioids in the whole region.

The figure below shows the predicted and actual
infection rates.
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Fig.4 Graph of predicted and true infection rates

As can be seen from the figure, our predicted results
match well with the actual results, which shows that our CA-
SIS model has a good prediction effect.

3.2. Analysis results of propagation characteristics

Since CA can only conduct qualitative analysis on the
prediction of propagation and cannot describe the
characteristics of propagation in detail, we visualized the
propagation by combining the SVR model in Section 2.3.
Our CA-SIS is based on the Drug Reports of 2010. After
evolution, the spread of opioids in 2011 and 2018 is shown
below.
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Based on the SIS transmission rules, it can be observed
that the spread of opioids is central, multi-source and
endemic. Moreover, due to the impact of the developed
transportation system on modern society, opioids have the
nature of trans-regional transmission.

Upon examination, from 2011 to 2017, the state of the
simulation accuracy is over 83%, the test set of the mean
absolute error (MAE) is 88.8, due to some county in more
than 1000 the number of drug transmission, driving up this
kind of error average, so in the process of error detection, this
paper is divided into three categories: the counties and cities
in the number of class 1 for drug spread in 200 counties and
cities, under 2 classes for drug spread the number under 200
more than 1000 counties and cities, three kinds of drug
quantity in more than 1000 counties and cities. The average
absolute error of category 1 is 29.8, category 2 is 103.3, and
category 3 is 265.7, which is acceptable.

4. Conclusion

We study the predictive model of drug transmission
based on machine learning. First of all, in the form of cellular
automata, the simulation of opioid propagation based on
geographic network is made. By referring to the transmission
dynamics model SIS (susceptibility-infection-susceptibility
model), the evolution rules in cellular automata, namely the
transmission rules, were established. Based on this, the
opioid transmission at a certain location could be determined,
and the qualitative analysis model of opioids was completed.
On this basis, the classical machine learning model support
vector regression machine was used to carry out regression
prediction for the time series of opioid quantity, and a certain
test set was selected to verify the accuracy.

Due to the complexity of social network, the real drug
transmission will be affected by many factors. This paper
mainly considers geographical network, socio-economic
factors, the real number of opioid transmission and other
factors, but there are still insufficient considerations. Further
research can be carried out from the following point:

Due to the lack of traffic flow data in the five selected
states, the influence of population mobility factors was not
considered in the study of this paper. When the network
structure of cellular automata is further optimized, the
complex network model can be considered to obtain traffic
data to improve the model.

According to the model in this paper, we can not only
apply to drug transmission. By adjusting the model
parameters, it can also be applied to many propagation
behaviors, such as public opinion propagation.
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Abstract:

Identity corroboration has gained a substantial deal of
attention with the high usage of smart devices and dedicated
systems accommodating sensitive data and applications
magnitudes. In this paper, we develop a behavioral biometric
authentication system based on deep learning. Specifically, an
android application is developed as a dedicated tool for
capturing the touch behavioral biometrics information, the
electronic signature information alongside their corresponding
accelerometer and gyroscope sensor readings. Finally, the
generated sensor readings are fed into a multi-input
convolutional neural network architecture for classification.
Extensive experimental results show that our proposed
approach uniquely identifies users with a classification
performance of 93.46% as compared to other baseline
approaches, where only a single sensor reading is considered.

Keywords:
Behavioral biometrics; Human identity corroboration;
Smartphones; Multi-input Convolutional neural networks.

1. Introduction

In recent digital authentication researches, biometric
authentication has increasingly become a research hotspot.
The primary objective of biometric authentication is the
automated verification of a living person's identity by
proving over some unique feature that only the person
possesses. However, non-biometric authentication is not
based on an individual's inherent attributes, which exposes
some challenges of a weak authentication method and poor
experience vulnerable to external malicious attacks to solve
security issues for user authentication within mobile phones.

One type of biometric authentication is physiological-
oriented such as fingerprint, retina, iris, the geometry of face,
ear, hand, etc. This is generally called 'static modality'
because, supposedly, these biological properties do change

978-0-7381-4259-3/20/$31.00 ©2020 IEEE

very little or not at all over time. Moreover, these static
biometric features are grounded from stationary body
surfaces, be it an image of hand palm or the pattern of
vascular veins, tissues on a hand, or face. However, the static
biometric features alone do not guarantee safety from
unauthorized users, raise privacy concerns, and are
convenient only for limited applications since the system
becomes very slow for a large number of users.
Touch ToucEcortrolh;-r

sensor

Display

Fig.1 Behavioral biometric features for the proposed
framework.

More profoundly, behavioral biometrics, which is
apparent in a person's interaction with the environment, such
as signatures, gaits, and keystroke, are more likely to ensure
a robust digital authentication system because it both defines
a person and provide unique features. However, due to
pressing security reasons, it is always desirable to enhance
the robustness of behavioral biometrics signature acquisition
systems by other means using digital sensor readings of
gyroscope and accelerometer.

This paper proposes a new concept for behavioral
biometric authentication using deep learning on digital
sensory  gesture-signatures  from  gyroscope  and
accelerometer readings. The contributions of this work are:

e A deep multi-input convolutional neural network
architecture for behavioral biometric authentication.

e  The authentication is based on the electronic signature
information alongside  their  corresponding
accelerometer and gyroscope sensor readings.

e The performance of our proposed biometric
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authentication approach is empirically validated and
reports promising results.

e A new graphical user interface for behavioral
biometric user authentication.

2. Related Work

Passwords, PINs, and Patten as entry methods for user
credential corroboration have been enormous in both
computer technologies and mobile devices and/or
applications. This paper's primary purpose is established on
the innovative enhancement of traditional entry methods,
which has led to various researchers' questing into this
context.

2.1. Touch Behavioral Biometrics and Keystrokes

According to findings in [2] Keystroke dynamics have
been predominantly targeted by researchers to establish the
validity of users. Research has been conducted to explore and
discover diverse techniques to make available addition layers
of safeguards to protect client credentials' integrity and
accessibility for accessing their devices, etc.

Another method or scheme that possesses its pros and
cons [3], took the interest of other researchers to delve into
is the graphical password schemes [4].

According to [5], the typing nature or pattern of online
users as they browse can be reassembled and used to detect
a user. This information, together with [6], which talks about
how operators of telegraphs exhibit individualistic typing
regularity, clearly indicates that individual users have
peculiar behaviors in keying or typing habits.

2.2. Accelerometer and Gyroscope sensors.

According to [7], sensing and reacting based on an
environment is a vital goal and role in mobile computing. In
referring to Android documents for detailed descriptions of
available sensors [8], it can be identified that various kind of
embedded sensors such as Accelerometer, Barometer,
Gravity sensor, Gyroscope, Light sensor, Magnetometer,
Proximity sensor, Humidity sensor, and the like are available
on these mobile devices. These sensors are now a very rich
source of data to measure a user's daily life's numerous
characteristics. As a result, smartphones and devices are
rising rapidly to be an excellent source for human activity
recognition.

2.3. eSignature Dynamics

In accordance to the United States Federal ESIGN Act
[10], and the United States legislation & Electronic Signature
& Records Association (ESRA) [11], an electronic signature
is "an electronic sound, symbol, or process, attached to or
logically associated with a contract or other record and
executed or adopted by a person with the intent to sign the
record" [12].

Its simplest form can be described as an electronic
expression of a signatory's agreement to a set term of a
particular deed. The versatile nature of its definition with the
inclusion of process, sound or symbol raises the opportunity
for potential vendors as AssureSign to provide a beneficial
number of solutions with the power to capture electronic
signatures [12].

2.4. Deep Learning on Biometric Recognition

Using deep learning for biometric recognition, one can
learn a hierarchy of concepts as we go deeper into the
network. Xin et al. [13] proposed a palmprint recognition
using a deep learning framework. The authors designed a
deep neural network using unsupervised training and fine-
tuned the model parameters toward a robust accuracy on the
test set. Zhang et al. [14] proposed a hybrid classifier in
conjunction with a DC-GAN network to learn to extract the
signature features in an unsupervised manner. In another
work [1], they proposed an iris recognition network based on
a convolutional neural network, which provides a,
discriminative model, resulting in a very high accuracy rate,
in cross-sensor recognition of iris images. Zhang et al. [15]
also proposed a Siamese neural network for gait recognition,
where the sequences of images are converted into gait energy
images.

3. Proposed Approach

Aforementioned, the objective of this current work is to
use gesture-based signatures alongside their corresponding
accelerometer and gyroscope sensor readings to design a
behavioral biometric authentication using a multi-input
convolutional neural network. The entire methodology
involves three stages: Accelerometer sensor readings,
electronic signature behavioral data capturing, and the Multi-
input fusion convolutional neural network architecture.
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Fig.2 Behavioral biometric authentication proposed framework.

For the extraction of behavioral data, user pattern
information will be established via the Android
MotionEvents, GestureListener, onTouchListener, among
others. With the aid of features embedded in Android devices
such as Accelerometer, gyroscope, Barometer, Gravity
sensor and Magnetometer, very precise information may be
obtained and implemented to richly enhance the overall
significance and robust performance of this work.

Research works from a number of related researchers
had to rely on 3rd party applications that were not overall
specific to their needs, with others even having to combine
different apps to capture different aspects of their research on
varying apps, one at a time with the same user. In this work,
we develop our own user interface application tailored
towards the capturing of the electronic signatures and the
sensor readings for the purpose of this current paper. The
general framework of this paper is showed in Figure 2.

3.1. Touch Behavioral Biometric Sequence Graph
Generation

This section involves the first part of the user touch
biometrical behavior recording session, by how the user
interacts with four infinite touch buttons. They are
programmed to handle an infinite number of touch
behavioral sequence as desired by the wuser. The
accelerometer sensor readings are initiated once any of the
available options are touched. Specifically, a four-button
user interface is provided in the form of an android graphical
user interface. As the user interacts with these buttons in the
form of a chosen pattern, a graph is generated using the
recorded sensor readings with respect to time. Each user is
made to repeat the whole process one hundred and fifty (150)
times to generate more accelerometer pattern graphs for a
fair model. All 150 repetitions (for each participant) were
captured from 4 different sessions in 9 days.

It should be noted that for all referencing and session
tracking, accelerometer readings are sensed and recognized
as behavioral data as individuals interact with the application.
They are rendered in Unicode Transformation Format using
8-bit blocks to represent a character (UTF-8) mode, for
display.

Alg.1 Accelerometer Sensor Reading
Precondition: Android hardware library, SensorEvent,
SensorManager, SensorEventListener
Input: isRunning, fileWriter, captureNo =150: Number
of session instances
Output: sensorGraphs: Accelerometer pattern graphs
1: if AllPreconditionsSatisfied then

2: isRunning < startApp();

3: ifisRunning == True then

4 for n <=1 to captureNo do;

5 SensorManager.registerListener();
6: while patternInteraction do;

7: SensorManager.registerListener();
8 spikeTime«— getCurrentTime();
9 sensorReading «

startAccelerometerReading( );
10: sensorGraph « fileWriter.generateGraph
(spikeTime, sensorReading);

11: sensorGraphs <« sensorGraph.insert()
12: endwhile

13:  endfor

14: endif

15: endif

16: return sensorGraphs;
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3.2. Electronic Signature Behavioral Data Capturing

After capturing the user touch patterns with the
accelerometer readings, an electronic signature is also



captured with a different user interface in the same app. The
captured electronic signature behavioral information section
is involved in the mannerism in which user interacts with the
provided signing pad section. They are programmed to
handle an infinite number of signature stroke sequence as
desired by the user. But in this work, each user has a five
hundred signature signing session.

Gyroscope sensor readings are initiated once any sign
pad is touched (when touch behavior readings commence).

Alg.2 Gyro Sensor eSignature Reading

Precondition: Android hardware library, SensorEvent,
SensorManager, SensorEventListener
Input: firstSession: flag to check if first stage is completed,
fileWriter, elnstances = 150: Number of session instances.
Output: eSignature: Electronic signatures,
1: if firstSession == True then
for n <=1 to elnstances do;
SensorManager.invokeGyroscope();
while signatureStrokes do;
SensorManager.registerSensorChange();
strokeTime«< getCurrentTime();
gyroReading <« startStrokeReading();
eSignature < convertTolmage(gyroReading)
fileWriter.saveSignature(eSignatue)
10: endwhile
11:  endfor
12:  endif
13: endif

Each background information is cumulatively recorded,
converted, and saved in both seconds and microseconds in
all sensor readings. It is used as the baseline for graph limit
rendering. Hence, it is activated on first touch instance
recording when a touch or click event listener is triggered
and deactivated on a successful commit request.

D e A A A

3.3. Multi-Input Convolutional Neural Network (CNN)

We implemented a convolutional siamese network
(CSN) upon the raw captured accelerometer reading graph
and the gyroscope sensors' electronic signatures. Siamese
networks are comprised of twin neural networks that learn to
predict whether or not a pair of input images are similar or
dissimilar. Pairs of each data were fed into the CSN and the
convolutional sub-networks of the CSN learned to produce
representative feature vectors of each case for the behavioral
biometric authentication.

Our siamese network exploits a standard CNN as the
base network. Each of the twin networks has convolutional
network layers, batch normalization, and max-pooling as its
base. Specifically, the base CNN model utilized for twin

networks has four convolutional layers channel with filters
of sizes 16, 32, 64, and 64 feature maps, respectively. Each
convolutional layer operates on a stride of 1 and a kernel size
of 3 x 3. Each convolutional layer is followed by a batch
normalization layer and a max-pooling layer of 2x2,
operating at a stride of 1. All convolutional layers in our base
CNN have Rectified Linear Units (ReLU). The output of
each of the twin network's final max pool layer is flattened
into a vector, concatenated, and fed into the succeeding fully
connected dense layer having 512 hidden units, followed a
dropout layer of value 0.5 and finally 50 sigmoid units
representing the class probabilities.

Each network's model parameters (weight and biases)
are shared by both individual twin networks, resulting in
fewer learning parameters. Consequently, Siamese Networks
require relatively fewer data to train and are less susceptible
to overfitting. We trained the siamese network for 150
epochs with a learning rate of 0.0001. For training the
siamese network architecture, the categorical cross-entropy
loss L. function is used. The cross-entropy function
measures a classification model's performance whose output
is a probability value between 0 and 1. Cross-entropy loss
increases as the predicted output diverge from the actual
class. For this task, the cross-entropy loss is calculated as:

L. =—XL, yilog(p) (1
Where M is the number of classes (users), y; and p; is
the binary target indicator and predicted class probability of
observation i, respectively.

We tested that the network had learned feature vectors
representing the original cases by comparing this to a
threshold to identify whether a pair of examples belonged to
the same class (a genuine pair) or different classes (an
impostor pair). If we determined that the classification
probability is above a set threshold, then a real pair and an
impostor pair are less than the threshold. We reasonably
assume that the network has authenticated a user if after
mapping an input pair to a user and has its confidence
probability above the specified threshold. We, therefore,
used the percentage of correctly identified pairs as our
accuracy metric.

4. Experiment

This section empirically evaluates the efficiency and
effectiveness of our proposed multi-input convolutional
behavioral biometric authentication system. We compared
the multi-input proposed method with two approaches:

(1) Captured accelerometer pattern graphs (CAP): A
single base of the siamese convolutional neural network
is used to train on the captured accelerometer reading
of the four-button user interface.
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(2) Electronic signatures (ES): The same single base of
the siamese convolutional neural network is trained on
the captured electronic signatures.

4.1. Dataset

We collected real-world dataset from 50 individuals
from different university campuses using our android
graphical user interface application to conduct our
experimentation. Each sensor reading captured as described
in section 3.1 and 3.2, each individual generated 150 sample
pair for both the accelerometer graph and the electronic
signatures. In total, 7500 image pairs (input) were used as the
dataset, which are randomly divided into a group of 6000 and
1500; for training, and test sets, respectively. We applied data
augmentation to increase diversity in the training data
sample pairs and make our model more robust. We applied
Gaussian blur with sigma value ranging between 0 and 1.3,
both vertical and horizontal flip, with a probability of 0.5,
and image rotation between the angle of -45 and 45. We
produced an increasing amount of training dataset for each
user with the formulae.

T.=n.xK (2)
Where T, is the new amount of dataset for each individual
¢, n, is the initial number of each class before data
augmentation, K =2 is the increment factor and
ce{1,2,..50}. After the augmentation, total number of
training dataset pair becomes 12000.

Each image is assigned a label from the 50 categories
representing the number of individuals. For all the
experiments, the resolution of both input pair images was set
to 250x235 with an input channel of 3. All datasets were
normalized between 0 and 1 with the formulae:
A o ag,j—mean(aj)

norm(i,j) — std(a;)
where a; isthe jth column of the matrix (A).

3)

4.2. eSignature Exposition

The captured electronic signature is accompanied with
associated attributes. The gyroscope sensor is initiated once
the sign pad receives a touch event and ends when user
commits. The application user interface is programmed to be
both assistive and user friendly. Due to this, participants are
given the opportunity to save a successful session to commit,
or discard a session that experienced an extremely unusual

occurrence.

Fig.4 Captured signature session
4.3. Behavioral graph exposition

The graph exploration on the four-button display
showed an identifiably distinct representation based on the
individual participants interacting and exhibiting their traits
while interacting with the application.
Touch Behaviour Vrs Time(cs)

Bio4 -

Bio3
Bio2

Biol

>mite

aph Gener

Fig.3 Results from Touch behavioral biometrics captured.
4.4. Network Architecture

The siamese network was optimized using Adam
optimizer and the hyperparameters in Table 1. The output of
the concatenated sub-networks was a predicted 50-unit
softmax probability. To be comparable with the two baseline
approaches, we maintained one of the single base networks
of the siamese network for comparison purposes as a close
replica of one of the sub-networks. Implementations were
run for 150 epochs as the loss had reached a sufficiently low
value by this point. Experiments were repeated ten times and
a mean percentage of accuracy calculated using a probability
threshold of 0.7 for the test set.
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Table 1 Network hyperparameter settings.

Hyperparameter Value
Learning Rate 0.0001
Epoch 150
Dropout 0.5

4.5. Evaluation Metric

In this work, 80% of the dataset's sample pairs were
used for training and 20% for testing. The performance of
our approach is evaluated with the accuracy metric defined
as

Acc = (TP4TN)
(TP+TN+FN+FP)

“)

. Specifically, if a user A is classified as A, this is
deemed as a TP and otherwise as FN. Also, TN denotes the
number of users truly classified not to be the users, and FP
denotes the number of users classified to be the users but are
not. It should be noted if a user A is classified as A but the
classification probability is less than the confidence
threshold (0.7), it is a FP. This is because in a security
authenticating system, access guarantee with high
confidence is of maximum priority.

4.6. Classification results

We evaluate the performance of our proposed method,
together with the two baseline approaches. For each
approach, we report the classification accuracy for the
scenario where the threshold confidence (0.70) is considered
and when there is no threshold (0). We are more interested in
the case where the threshold is set because it makes more
intuitive sense to authenticate users with high confidence
than allowing unauthorized users to access a security
authenticating system. We report our results in Table 2.

Table 2 Test prédiction accuracy of all approaches.

o Test Accuracy
oprscn s 0005 i
threshold
ES 99.81 90.15
CAP 97.92 89.73
Multi-input 98.69 93.46
ES = Electronic signatures convolutional neural

network; CAP = Captured accelerometer pattern graphs with
convolutional neural network; Multi-input = Multi input
behavioral biometric convolutional neural network.

It could be deduced from Table 2 that the performance
of the multi-input behavioral biometric authentication
approach performed better than the other baseline
approaches when a threshold confidence is set. Though the
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ES approach recorded a greater classification accuracy than
the Multi-input when there is no threshold, it does not
guarantee a higher confidence of the system authenticating
the right user. The multi-input behavioral biometric
convolutional neural network shows a high integrity
performance and accurately validates a user before
authentication.

5. Conclusions

This paper introduces a behavioral biometric
authentication system using gesture-based signatures
alongside their corresponding accelerometer and gyroscope
sensor readings. The sensor readings are fed as a multi-input
pair into a deep convolutional neural network for
classification. We compared the proposed approach with
single sensor readings classification performance for
scenarios with and without a set threshold.

Experimental results (ES=90.15%, CAP=89.73% and
Multi-input=93.46%) prove that the multi-input behavioral
biometric authentication approach shows more robust
performance as it has a high capability of uniquely
identifying users' behavioral patterns and making it more
secured. Together, the two sensor input pairs make up for
each other's disadvantage in the real-life scenario. Our
prime idea focused on by this research dwells upon the
benefits of the input merger for a behavioral biometric
authentication system.
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Abstract:

Due to the complex models and large amount of calculation,
deep neural networks cannot be deployed on resource-
constrained devices. In order to apply deep neural networks to
resource-constrained devices, this paper proposes a QCS-CNN
neural network optimization algorithm. It can compress the
input image, while reducing the number of parameters, it can
quantize the precision of all parameters in the network from 32
bits to 8 bits. The experiments on MNIST data set show that
QCS-CNN neural network optimization algorithm can
effectively reduce the amount of calculation and accelerate the
inference speed of the model.

Keywords:
Resource constraint; Neural network; Model optimization;
Network quantification

1. Introduction

In recent years, with the substantial improvement of
computer hardware capabilities, deep neural networks have
received more and more attention. With the continuous
increase of the depth of the network layer, the learning ability
of deep neural network is also enhanced. Deep neural
networks are used in many fields, such as computer vision
[1- 6], natural language processing (NLP) [7] and speech
recognition [8]. Complex models certainly have better
performance. However, due to its large amount of
computations and high storage cost, for example, VGG16
has more than 130 million parameters, making it difficult to
use on resource-constrained equipment. Therefore, under the
condition of ensuring the accuracy of the model, accelerating
the inference speed of the network model has become an
urgent problem to be solved.

At present, many researchers are studying how to
compress and accelerate neural networks. The main methods
are quantization network pruning [9-10], network weight
decomposition [11-12] and knowledge extraction [13].

SHEN et al. proposed a new network architecture CS-
CNNJ[14], which can significantly reduce the number of

978-0-7381-4259-3/20/$31.00 © 2020 IEEE

parameters in the input layer and accelerate the inference
speed of the model. Because of the deep neural network has
many layers, but CS-CNN only considers the input layer and
does not process the data in the middle layer, resulting in
limited acceleration effects. This paper introduces network
quantification on this basis. Quantization is to approximate
the weights and biases represented by floating-point numbers
(high-precision) with low-precision integers (usually INTS).
In this paper, the 32 bits floating point is quantified to 8 bits,
which can effectively reduce the parameter of the entire
network and speed up the inference speed of the model.
The main contributions of this paper are:
1) Analyzed and studied the performance bottlenecks
in deep neural networks and the current solutions.
2)  The CS-CNN model is optimized, and the network
quantization is introduced to process the middle
layer of the network, which speeds up the
inference speed of the model. And named it QCS-
CNN.

2. Related Work

Quantization and pruning are effective methods to
speed up model inference and reduce model size.

Network pruning is to reduce a large number of
parameters by removing some unimportant parameters from
the trained network. Through continuous pruning and
retraining, it can be ensured that the accuracy is not lost or
the loss is small. [15] Reduce the parameters by deleting the
weights close to zero in the network. Pruning the filter can
also effectively speed up the inference speed of the model.
Compared with weight pruning, the advantage of filter
pruning is that it does not cause network irregularities. There
have been many methods for filter pruning, including weight
norm [9], statistics of the next layer of information [16], scale
of multiplier coefficient [17],etc. By pruning and retraining
the network, these methods can reduce the network
parameters while ensuring the accuracy of the model.
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Quantization is also an effective way to compress the
network. Quantization converts floating point operations to
fixed point operations, that is, replacing high-precision
numbers with low-precision numbers. Quantization can
quantize the precision of all parameters in the network from
32 bits to 8 bits or lower [18]. In extreme cases, the weights
in the network can even be quantified as binary [19-22] or
ternary [23-24].

Knowledge distillation is to extract useful information
from a complex network and migrate it to a smaller network
to achieve the effect of network compression. Knowledge
distillation was first proposed by Hinton [13] in 2015. The
main idea is to distill the characteristics learned by the
complex and strong learning ability network of teachers, and
pass them to the student network with small parameters and
weak learning ability. [25] proposed a method of FitNets,
which trains student networks by combining intermediate-
level hints in the hidden layer of the teacher. [26] By defining
the attention of the network, the student network imitates the
attention map of the teacher network, thereby improving the
performance of the student network.

3. Method

SHEN et al [14] proposed a network similar to LeNet-5
called CS-CNN. It has a total of 6 layers, a custom
convolutional layer after the input layer, uses SVD to
compress the image, removes redundant information in the
image, and then sends it to the convolutional network for
convolution, which can effectively reduce the input layer
parameters. At the same time, it can avoid overfitting.

Suppose matrix A is an m Xn matrix, and the
definition of SVD is:

A=UzVT €))

Where U is an mXm matrix. 2 is an mXn
matrix, which is all 0 except the elements on the main
diagonal. Each element on the main diagonal is called a
singular value. V is an nXn matrix. U and V are
unitary matrices. If we multiply the transformation of A
into A, we will get a square matrix A”A. Then obtain its
eigenvalues and eigenvectors by the following formula:

(ATA)ul- = Ay, 2)

Then find the singular matrix X through the following
process, where o represents a singular value.

A=USVT 5 AV = UZVTV - AV = UX - Av; =
Av;
o 3)

In the singular value matrix, the singular values are
arranged in descending order. The sum of the top 10% or
even the top 1% of singular values accounts for more than
99% of the total singular value sum, which can compress the

ou; o 0; =

image and reduce the data the amount.

Quantization is to convert the floating-point operations
of the neural network into fixed point operations. Since
floating point operations in computers are more complex and
less efficient than fixed-point operations. Neural networks
are composed of floating-point operations, so convert
floating-point operations into fixed-point operations. The
calculation speed is greatly accelerated afterwards. The
quantified formula is shown in the next.

Xt = round (i) 4
xQ = Clamp(_(Nlevels/z): Nleuels/2 1rxint)
if signed 5)

xq = clamp(0, Nigpers — 1, X)  if unsigned(6)

Where A represents the quantized scaling factor, and x

and x;,, represent the numbers before and after

quantization, respectively. When the quantization is 8 bits,

N, 01s—28> When the quantization is 4 bits, N, ,._,4+. By

dividing by the scaling factor, the original floating point
number can be converted into a cell.

The Figure.1l shows the framework description of the

network.
l L

weights elght: weight:
Fig.1 framework description
4. Experiments

In order to test the performance of the algorithm, this
paper selects the MNIST handwritten digit recognition data
set commonly used in image classification tasks as the
experimental data set of this paper.

4.1. MNIST Handwritten Digit Dataset

MNIST is a handwritten digit recognition data set
widely used in the performance test of image classification
algorithms. It contains 70,000 handwritten digit image with
a size of 28%28. Among them, 60,000 image are training data,
and 10,000 image are test data. Each image in the MNIST
data set represents a number from 0-9 and the number will
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appear in the middle of the image.
4.2. Experimental Design

In order to verify the performance of the improved
algorithm QCS-CNN in this paper, we use the MNIST
handwritten digits data set to train the model. We evaluate
the performance of the algorithm through the length of the
training time of the model, the length of the test time and the
accuracy.

4.3. Experimental Results

In Table 1, the time unit is seconds. We can see from the
table that compared with the CS-CNN model, the training
time and test time of the improved algorithm QCS-CNN are
significantly reduced. This is because of the introduction of
network quantification, which significantly reduces the
amount of computations. The significant reduction in
training time and test time shows that our improved
algorithm performs better than the original algorithm. In the
case of limited resources, we need to make an appropriate
trade-off between resource consumption and algorithm
accuracy. From Table 1, we can see that the accuracy of
QCS-CNN is reduced by 0.48% compared to CS-CNN. This
is due to the introduction of network quantization, which
converts high-precision floating-point numbers into low-
precision data, and some information will be lost. The
training speed increased by 23.26%, and the test speed
increased by 55.15%. At this time, the accuracy loss of 0.48%
is within our acceptable range.

Table 1 result data

Model Train Time Test Time Accuracy
CS-CNN 11.076 0.2796 98.41
QCS-CNN 8.5 0.1254 97.94

5. Conclusion

In this paper, we analyze and study the performance
bottlenecks in deep neural networks and the current solutions.
We propose an optimization algorithm QCS-CNN. On the
basis of the CS-CNN algorithm, we introduced a method of
network quantification. Quantization converts 32 bits
floating point numbers into 8 bits int data, which reduces the
amount of data computations and speeds up the model's
inference speed. Through experiments, we proved the
effectiveness of the QCS-CNN algorithm and achieved its
goal of being applicable to resource-constrained devices.
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Abstract:

At present, most Trojan detection methods are based on
the features of host and code. Such methods have certain
limitations and lag. This paper analyzes the network behavior
features and network traffic of several typical Trojans such as
Zeus and Weasel, and proposes a Trojan traffic detection
algorithm based on machine learning. First, model different
machine learning algorithms and use Random Forest algorithm
to extract features for Trojan behavior and communication
features. Then identify and detect Trojans’ traffic. The accuracy
is as high as 95.1%. Comparing the detection of different
machine learning algorithms, experiments show that our
algorithm has higher accuracy, which is helpful and useful for
identifying Trojan.

Keywords:
Trojan detection; Traffic analysis; Machine learning;
Network behavior analysis

1. Introduction

Compared with other security threat programs, Trojan
are more concealed and difficult to be detected by users in
the background execution process. At the same time, this
strong concealment feature also makes Trojan more harmful.
Unlike other computer virus programs, it is different from
many other virus programs that damage the important and
private information of the user or the computer system, but
collect and obtain the important information of the user,
which unknowingly causes the privacy of the user damage.
Under the attack of botnet Trojan, some computers will
become so-called "bot host", and computer terminals can be
used to carry out corresponding secondary attacks, causing
greater security hazards.

With the emergence of many Trojan and the occurrence
of Trojan attacks, researchers have attracted widespread
attention to the problem of Trojan. The update and
development of Internet technology is rapid, and the
emergence and replacement of Trojan is also rapid. Today,
the Internet is globally interconnected, and the major harm
caused by Trojan attacks should arouse our close attention
and research to help the healthy development of the Internet.

978-0-7381-4259-3/20/$31.00 © 2020 IEEE

2. Related Work

H Thimbleby, Anderson S, Cairns P[1] analyzed the
behavior features of Trojan based on the host, and gave a
relatively formal definition of Trojan model. Christodorescu
M, Jha S, Seshia SA, etc. [2] developed a malware detection
model based on program semantics, trying to overcome the
evasion technology of signature detection by encryption and
deformation. Wang et al. [3] studied the characteristic paths
of Trojan that are different from normal applications, and
tried to detect Trojan by scanning the characteristic paths in
the memory. Wu Xianda[4] used the monitoring and analysis
of the entire traffic to detect the remote control Trojan
program, and further processed the imbalanced data set
through the Borderline-SMOTE algorithm. The entire
process was exchanged between the Trojan control terminal
and the controlled terminal. The asymmetry of the content is
the feature to detect abnormal traffic. The Trojan detection
method based on the attack tree model proposed by Yang
Weijun and Zhang Shu[5] is to combine the features of the
Trojan attack to establish the attack tree model of the related
Trojan. However, the complexity of the entire algorithm
makes the efficiency of traffic detection insufficient. Li
Jianbin[6] proposed a method to establish a flow-based
Trojan detection model to analyze the flow, classify and
study massive amounts of flow data, and put forward
corresponding solutions for P2P flow, Web flow, and
conventional application flow. Recorded, and proposed a
detection model based on knowledge base and behavior
analysis. Wang et al.[7] used a detection method based on
packet payload to detect data traffic, using deep packet
inspection technology (Deep Payload In Spection, DPI) to
detect Trojan communication traffic, and proposed that it can
analyze the sensitive data in the communication load. The
presence or absence of information can be used to detect
network attacks and related malicious software. However,
this method has a weaker ability to detect encrypted traffic
and cannot better screen important information in a timely
manner.
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3.  Our Methods

First, we need to capture Trojan traffic, distinguish the
known Trojan traffic data packets from normal traffic data
packets, and then match them in a certain proportion to form
the final sample data set for machine learning algorithm
model training. Part of the data extracted from the training
data set is used as the test set to perform performance
detection and evaluation on related algorithm models. The
model will be trained by three different machine learning
algorithms to ensure that the content of the training sample
data set is basically the same for algorithm detection
evaluation. As shown in Figure.1.

Data Extraction

Feature Extraction

Feature Data J—PL Test Set J

(il

[

Training Set

Detection Model

Test Result

i

Fig.1 The basic flow of the detection method

The feature extraction work of CICFlowmeter is based
on the original address and destination address of the flow
data, that is, it can extract the relevant features during the
conversation between hosts, including the size of the data
flow and the session time of the communication between the
hosts. , The size of the number of bytes of data packets
transmitted by the two parties per second, etc., many of
which are in line with the Trojan traffic features obtained
after our analysis of the Trojan network behavior, so in order
to obtain the features of the Trojan traffic data more
accurately For the training set, we only need the feature
information in the extracted feature files to filter, so as to wait
for the training set of Trojan traffic features we finally need.
As shown in Figure.2.
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Fig.2 Generated feature CSV file

This paper uses three different machine learning
algorithms for model training and construction, namely
Decision Tree, Naive Bayesian and Random Forest. The
operation and use of related machine learning algorithms are
realized by calling the API of the Weka platform. The single-
room work of the model can be performed by calling the
algorithm, and the algorithm can be adjusted and optimized
to obtain different model training results.

4. Feature Extraction and Model Training

After obtaining the corresponding Trojan data traffic
and normal application traffic, we need to extract the traffic
features to obtain the feature training set for machine
learning modeling. Here, the feature extraction method used
in this article is to perform preliminary feature extraction

through the open source feature extraction tool
CICFlowmeter.
5. Experiment and Evaluation

5.1. Experimental Environment and Data

The experiment is conducted in a virtual machine
intranet experiment environment built by a local computer
and VMware, and the data set used is the IDS-2017 Trojan
data set. Through the processing of the obtained data set, we
selected three kinds of Trojan traffic data from various
Trojan traffic data to conduct experiments, namely Weasel,
Zeus and Zero Access Trojan traffic data. As shown in Table
1.



Table 1 Proportion of Trojan traffic in the data set

Zeus 26.4%
Zero Access 19.5%
Weasel 20.4%
Darkcomet 13.6%
Vantom 20.1%

5.2. Results and Evaluation

The model evaluation method of this experiment uses
the percentage division method to evaluate the relevant
machine learning algorithms, which ensures the fairness of
the data to a certain extent. The training data set is divided
into two parts. 70% is used for model training and 30% is
used for detection.

The evaluation standard is the machine learning
classification evaluation method [11], which detects and
evaluates the three types of Trojan traffic respectively. The
relevant introduction of this evaluation algorithm is as
follows:

False Negative, FN. False Positive, FP. True Negative,
TN. True Positive, TP.

Accuracy:
TP+TN
Accuracy = ———— )
TP+FN+FP+TN
Precision:
.. TP
Precision = 2)
TP+FP

The results of the experiment on Weasel:

Weasel
0.9750.963 0.9330.941 0.9840.976

1
0

Decision Tree Naive Bayesian Random Forest

M Accuracy M Precision
Fig.3 Model training Evaluation of Weasel Trojan

As can be seen from the data results in Figure.3,
compared with the other two machine hash algorithms, the
Random Forest has better detection performance for the
Weasel Trojan traffic training model. The accuracy and
precision are higher than the corresponding values of the
other two machine learning algorithm models.

The results of the experiment on Zeus:

Zeus
0.9530.948 0.9460.932 0.9510.955

1
0

Decision Tree Naive Bayesian Random Forest

M Accuracy M Precision

Fig.4 Model training Evaluation of Zeus Trojan

As can be seen from the above figure, the evaluation
results of the models trained by each algorithm are relatively
similar, but by comparison, the difference between the
accuracy and precision of the Decision Tree algorithm and
the Random Forest algorithm model is relatively small. and
the accuracy is more than 95%.

The results of the experiment on Zero Access:

Zero Access
0.9320.921 0.9020.884 0.9580.947
1

Decision Tree Naive Bayesian Random Forest

M Accuracy M Precision

Fig.5 Model training Evaluation of Zero Access Trojan

Through the observation of the accuracy data in the
above table, we can see that only the Random Forest
algorithm reaches more than 95% and the precision is about
95%, while the precision of the Naive Bayesian algorithm is
only less than 90%, and its accuracy is only about 90%.

In addition, this paper also uses F1 score (F1-Score) and
recall rate to evaluate different machine learning algorithm
models. F1 score is usually used to measure the accuracy of
two-classification or multi-task two-classification model,
taking into account the accuracy and recall rate of the
classification model.

The formula for scoring F1 is as follows:

1

recall~Y+precision™ precisionxrecall
PO sttt

_ -1 _
F1= ( 2 ) =2 precision+recall (3)
The recall rate formula is as follows:
TP
T =P EN S

Weasel:
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Weasel
0.943 0.925 0.971

, 1 W B

Decision Tree Naive Bayesian Random Forest

W F1-Socre

Fig.6 Model score for Weasel

Zeus:

Zeus
0.961 0.932 0.967

1
. ] ]
Decision Tree Naive Bayesian Random Forest

M F1-Socre

Fig.7 Model score for Zeus

Zero Access:

Zero Access
0.938 0.902 0.956

., 1 H N

Decision Tree Naive Bayesian Random Forest

M F1-Score
Fig.8 Model score for Zero Access
6. Conclusions

By comparing the various data in the above statistical
graphs, we can see that the performance of the three different
models established by the Naive Bayesian algorithm for the
three types of Trojan traffic is relatively lower than that of
the other two machine learning algorithms. In terms of the
fluctuation of values, the fluctuation of the relevant values of
each model of the Decision Tree algorithm is relatively small,
and the performance is relatively stable. However, from all
aspects, the evaluation accuracy and precision of the model
trained by the Random Forest algorithm are higher than the
other two machine learning algorithms, and it can also be
seen from the evaluation of each model performed by the F1-
Score value that the Random Forest algorithm Compared
with the other two machine learning algorithms, the Random
Forest algorithm has a better model detection effect.
Compared with the other two machine learning algorithms,

the model of the Random Forest algorithm is composed of a
large number of base learners. The cooperation of different
base learners makes the algorithm have better classification
capabilities. It can be understood that the model based on the
Random Forest algorithm has better performance for Trojan
traffic detection than the other two machine learning
algorithms, and is more suitable for the detection of Trojan
traffic data.
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Abstract:

Since the novel Coronavirus (COVID-19) pandemic
showed up in China, it became a big problem for health
authorities to counter this life-threatening disease. Early light
signs such as fever and nonproductive cough give a chance for
early detection of disease and appropriate treatment. Imaging
features that can be obtained using computed tomography (CT)
images are of the most significant aspects of COVID-19 for
screening, examination, therapy evaluation, and follow-up.
This paper proposes an intelligent method for early detection of
COVID-19 based on CT images and deep neural networks. In
the developed method, the convolutional neural network (CNN)
is used for automatic feature extraction from CT images and
long-short term memory (LSTM) is used for final classification.
Moreover, the Harris hawk optimization (HHQO) algorithm is
implemented for finding the best possible value of internal
parameters of CNN and LSTM, such as the number of
convolution/pooling layers, size, and the number of convolution
kernels with the aim of increasing the classification accuracy.
The developed method tested on data collected in Mashi
Daneshvari Hospital in Iran. The obtained results showed that
the developed method could detect the COVID-19 with high
accuracy without needing radiologist experts.

Keywords:
CNN; LSTM; Biomedical image processing; Machine-
learning algorithms; Optimization

1. Introduction

Coronavirus disease 2019 (COVID-19) was firstly
identified in Wuhan city, China, in December 2019, and has
since been distributed around the world, which leads to a
continuing pandemic. As of 24 October 2020, more than 42.4
million cases have been identified throughout 187 different
countries and territories, resulting in more than 1.15 M

978-0-7381-4259-3/20/$31.00 © 2020 IEEE

deaths. [1]. Due to COVID-19 's strong and growing
infectivity, fast and effective diagnostic methods are
immediately aimed to determine, isolate, and treat patients as
quickly as possible [2].

The signs of this infective respiratory disease are
nonspecific, ranging from asymptomatic to severe
pneumonia and death. Low-grade or high-grade fever and
nonproductive cough are the most frequent medical
symptoms [3]. In order to validate the diagnosis of COVID-
19, a particular viral nucleic acid assay using real-time
transcription-polymerase chain reaction (RT-PCR) was
grown rapidly. However, some patients with a probable
COVID-19 infection might just have initial negative RT-
PCR results from the recently published research literature.
The major reason for falsified-negative RT-PCR testing
generally involves insufficient cellular material for detection
and improper nucleic acid removal from clinical materials
[4]. In accordance with obtained experiences through the
past four months, chest computed tomography (CT) imaging
may manifest abnormalities in advance of the RT-PCR
approach. Currently, high-resolution chest computed
tomography imaging has been included as one of the main
tools for screening, primary diagnosis, and evaluation of
disease severity [4].

Particularly in comparison to RT-PCR, a chest
computed tomography scan may be a much more reliable,
effective, and rapid technique for the classification and
evaluation of COVID-19, especially in the epidemic region
[5]. Nearly all hospitals have CT imaging machines; thus, the
computed tomography images of the chest can be used to
classify and identify COVID-19 patients in advance. The
existence of infected air sacs (called alveoli) inside the lungs
is usually reflected in the computed tomography images.
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However, using computed tomography images for COVID-
19 detection is not a perfect approach. Radiologists still find
it challenging to distinguish between infected and uninfected
lungs. Unfortunately, with a visual inspection, this suffers
from the unavoidable human mistake and malfunction,
which can be further amplified by the low quality of
computed tomography images. Many researchers believe
that automating computed tomography screening analyzes
tends to increase the early detection rate [6].

In the recent time, thresholding [7-8], neural network
[9-10], and several deep learning algorithms, especially
convolutional neural networks (CNN) and long-term
memory (LSTM), have been proposed for solving numerous
complex tasks in all forms of image de-noising
(preprocessing) and analysis, e.g., neuro, retinal, digital
anatomy, abdominal, musculoskeletal pulmonary, breast,
neurological, and the other medical image processing [11].
In recent years, end-to-end trained CNNs have now become
the preferred approach for interpreting medical imaging [12].
If the input image is not noise-free, CNNs may derive useful
and important information from it because of its noise-
insensitivity. These output characteristics are expressed in a
network structure that is layer by layer. ~As the layers in the
network deepen, features are learned and represented more
abstractly and concisely.

Aside from CNN, LSTM is another form of deep
learning algorithm commonly used for time series analysis.
It has been utilized in other applications, such as natural
language processing, voice synthesis, and synthesis of
handwriting [13]. The connections between the LSTM units
allow information to cycle over the adjacent time-steps
through a loop. This provides an internal feedback
environment, which helps the network to understand the
meaning of time and to learn about the temporal structure
within the data presented.

Considering the importance of early and accurate
detection of COVID-19, a simple, fast and accurate method
is proposed in this study. The proposed method does not
require the extraction of new features manually from chest
CT images or human-based interpretation. In the proposed
method, ConvNet is used for the extraction of new features
from chest CT images, and LSTM is used for classification.
Moreover, Harris hawk optimization (HHO) algorithm is
used to find an optimal value of internal parameters of the
CNN and LSTM, such as a number of convolution/pooling
layers, size, and the number of the filter with the aim of
increasing the classification accuracy and reducing the
computational complexity. The HHO algorithm is one of the
most accurate and fast nature-based optimization algorithms
that mimic Harris hawk’s behavior in nature [14] and it has
been applied in various problems [15-19]. In recent years,
nature-based optimization algorithms have been successfully

used in many engineering tasks [20-24] [26-32].
2. Proposed Method

Given the important role of chest computerized
tomography images in COVID-19 detection in early stages,
it is significantly essential for physicians and practitioners to
become acquainted with the regular features of computerized
tomography images resulting from COVID-19. Despite the
fact that regular and irregular computerized tomography
images findings of COVID-19 are announced in the
literature, the computerized tomography image features of
COVID-19 overlies with those of viral pneumonia and other
breathing illnesses. Consequently, it is an extremely difficult
task for radiologists to make an exclusive and accurate
diagnosis. Moreover, it is found that the COVID-19-infected
patients show some pattern on chest computerized
tomography images, which is not easily detectable by the
human eye. Therefore, it is significantly important to
develop an automatic method for computerized tomography
images analysis for accurate detection of COVID-19. This
paper proposes an intelligent method based on CNN and
LSTM for chest CT image analysis and COVID-19 detection.
The proposed method includes three main modules: a feature
extract module, a classification module, and an optimization
module.

In the case of any pattern recognition problem, extracting
as much information as possible from the available data sets is
crucial to creating an effective solution. Most of the time,
researchers extract new features from raw data based on their
experience that is called handcrafted feature engineering. This
type of feature engineering has some drawbacks. First, manual
feature engineering can be a tedious process. Secondly, it is
boring. Moreover, the influence of human bias can lead the
feature extraction process to the wrong route. These problems
can be solved using CNNs. Numerous convolutional and
pooling layers in the CNN structure shape a deep and rich
network for extracting the fundamental characteristics form
the input image.

In the feature extraction of the proposed method, we used
CNNs for generating effective and abstract features from
computerized tomography images that cannot be seen or
detected by a human expert. The automatically extracted
features lead to more accurate infection detection and
classification. The LSTM network has the ability to learn
chronological correlations and long-term dependencies. The
LSTM network and CNN could complement each other by
learning long-term dependency and local trends
independently. Therefore, in the classification module of the
proposed method, we used LSTM for the final classification.
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Fig.1 Extracted features from CT images by CNN

One great obstacle for implementing CNN and LSTM
networks on a new problem is that it requires the amount of
considerable experience and skill to select fitting hyper-
parameters such as activation function type in CNN, number
of convolution, and pooling layer in CNN and number of
memory blocks in LSTM network. Since these hyper-
parameters have internal relations, their tuning is notably
expensive and time-consuming. These hyper-parameters are
the number of layers, learning rate, activation function type,
number and size of kernels zero-S, P, pooling method type,
size of kernels in pooling layer, stride, and the number of
memory blocks in LSTM. This paper proposes the application
of the HHO algorithm for finding the optimal value of hyper-
parameters in CNN and the LSTM network.

3. Results
3.1. Dataset

In this study, the chest CT images dataset collected in the
National Research Institute of Tuberculosis and Lung
Diseases (NRITLD), Daneshvari Hospital, Tehran, Iran, is
used for evaluation of the developed method [25]. The dataset
is collected by three experienced radiologists with 15, 10, and
17 years of clinical experience between March 2020 and May
2020. From the 315 cases, 174 cases are patients confirmed
with COVID-19, and 141 cases are patients with other
respiratory diseases such as Pneumonia, Emphysema, and
Asthma that are confirmed by an experienced radiologist.
Table 1 lists the details of a dataset.

Table 1 Details of dataset

Class Gender No. Age range
cases

COVID-19 Male 93 [18 73]

Female 81 [23  79]

Other respiratory Male 73 [19 75]

diseases Female 68 [20 74]

We used K-folds cross-validation with K=4 to split our
data into training and test subsets. All the simulations are
performed using a personal computer with core i7 processing
cores and 16 GB RAM and Python programming language.

3.2. Performance of the proposed method

In this subsection, the performance of the proposed
method is evaluated. For this purpose, hyper-parameters are
selected using the optimization algorithm. In the HHO
algorithm, 30 hawks are generated randomly in the search
space, and the optimization process is iterated 100 times. The
selected hyper-parameters using HHO algorithm are listed in
Table 2. According to the HHO algorithm, CNN with five
layers (NL=5) and learning rate equal to 0.0018 and LSTM
network with 43 memory blocks (NMB=43) leads to the
highest accuracy.

Figure.l1 shows the extracted features by convolution
layers with optimal structures. It can be seen that the input CT
images are converted to a vector with 24 arrays. Each array in
the feature vector indicates the deep feature of CT image.
Using CNN, 24 effective features were extracted and used as
the input of LSTM. The simulations showed that the proposed
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method, CNN-LSTM optimized by the HHO algorithm, could
classify the COVID-19 with 99.37% accuracy.

Table 2 Optimal configuration

z

T NK SK, S, TWM SK S )

Raw _ _ _ _ _ _ _ _

data

Layer | RReLU 64 5x5 1 1 L 4x4 | 1
1 v

Layer | PReLU | 128 4x4 | 2 |1 L 3x3 |1
2 .

Layer | PReLU | 256 | 4x4 | 1 | 2 | Mixed | 3x3 | 2
3

Layer | PReLU 32 3x73 2 2 L 2%x2 | 1
4 ,

Layer | RReLU 32 3x3 1 1 L 2x2 | 1
5 ,

4. Conclusion

The number of cases of COVID-19 continues to rise in
Iran and around the world. In this condition, timely diagnosis
of the disease in the early stages can help physicians to adopt
the right decisions and choose appropriate remedies methods,
and ultimately increase the chances of survival of the patient
to a very high level. According to the importance of the issue,
in this study, a new hybrid method was presented to process a
CT scan of chest images and diagnosis of COVID-19 disease.
In this method, CNN was used for the automatic extraction of
characteristics and the LSTM network for the final
classification of images. Also, the HHO algorithm was used to
select the optimal parameters of CNN and the LSTM neural
network. The proposed method can diagnose the disease with
an accuracy of 99.37%. The results showed the superiority of
the proposed method over other techniques available in the
literature.
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Abstract:

In recent years, the rapid development of deep learning has
made great progress in artificial intelligence-related
technologies. With the deepening of artificial intelligence
research, machine learning is applied to more and more fields.
Although machine learning has many advantages and has
achieved considerable results, machine learning and its related
learning algorithms still face some related challenges. That is,
the lack of sufficient training data or uneven class balance in
the data set. In deep artificial neural networks, a large amount
of training data is needed to learn effectively, and collecting
such training data is often expensive and laborious. Data
Augmentation overcomes this problem by artificially
expanding the training set and label retention conversion. In
this article, we propose a method to expand the data set based
on ball k-means. The experiments on the Four-class, Digits, Iris
and Breast-cancer data sets prove the efficiency of the method-
-fast execution speed, low computational complexity, and the
effectiveness of the method. In these experiments, the quality of
the training model has been improved, but the learning time
stays the same as when the enhancement method is unused.

Keywords:
Data augmentation; Machine learning; Deep learning; K-
means

1. Introduction

With the continuous development of artificial
intelligence technology, more and more industries can use
machine learning methods to make breakthroughs. However,
the lack of a large number of available data sets has become
a bottleneck in the progress of artificial intelligence.
Traditional data augmentation methods are mainly used in
the field of image classification, and there are a series of
problems such as manual extraction, cumbersome and
difficult feature processing, and low efficiency. Data
augmentation is an important part of the training process
applied to machine learning models. The reason is that the
training process for machine learning models, especially
deep learning, relies on large labeled data sets, which are
expensive to acquire, store, and process. Therefore, a
reasonable alternative is to be able to use a process called

978-0-7381-4259-3/20/$31.00 © 2020 IEEE

data augmentation to automatically generate new labeled
training samples. The main method of Data augmentation in
this field is to assume that new training samples can be
obtained through random geometry or appearance
transformation applied to the tagged training samples, but
this is a strong assumption as it is not clear for whether this
is a reliable generation model for generating new training
samples. Therefore, how to effectively expand data has
become one of the hot research directions in the field of
artificial intelligence. At present, researchers have conducted
a lot of studies on data augmentation. The existing data
augmentation methods mainly include:

Chatfield et al. [1] explored the differences between
them by evaluating different CNN architectures on a
common data set. His research mainly focuses on the
rigorous evaluation of deep structure and shallow coding
methods, also, it includes the evaluation of three
enhancement methods. Mash et al. [2] used a fine-grained
data set containing 10 classes to classify various geometric
enhancement methods for aircraft classification tasks. The
extended methods tested the objects include cropping,
rotation, rescaling, polygon occlusion, and combinations of
these methods. Luke Taylor et al. [4] used a relatively simple
CNN based on the use of CNN by Zeiler and Fergus [3] to
evaluate various popular geometric and photometric
enhancement schemes on the coarse-grained Caltech101
data set, with the goal of contributing to deep learning
Empirical data in the field so that researchers can choose the
most suitable general amplification scheme for the data set
for the given conditions.

On the whole, the current research methods for
expanding data sets are mainly aimed at the field of image
classification, but there is a lack of research on traditional
classification tasks. How to select features reasonably,
process feature values properly, and expand effectively is
still a difficult problem to face. At the same time, there is
currently no universal expansion scheme for different data
sets. Therefore, in view of the limitations of the current
mainstream data augmentation methods, this paper proposes
a general data augmentation method that does not rely on
feature value extraction and preprocessing based on the

166



unsupervised learning method. The method in this paper
combines ball k-means cluster [ 5], normal distribution model
and purity theory to expand data simply and efficiently.

The main contributions of this paper are as follows: (1)
Introduce the granular ball theory in the ball k-means and the
normal distribution in statistics, and then perform
unsupervised learning clustering on the original data set, and
divide the stable area. A large number of new data
conforming to the normal distribution is generated in the
stable area of the ball cluster, which greatly reduces the
clustering time and ensures that the expanded data is highly
correlated with the center of the ball cluster. (2) Introduce
the purity to perform simple and effective automatic labeling
of clustered ball cluster data to further accelerate it. (3)
Multiple comparative experiments show that the method
proposed in this paper can make the classifier have higher
accuracy and precision.

2. Data augmentation method

The general architecture of the data augmentation
method proposed in this paper is shown in Figure 1. We first
divide the data set into training set and test set according to
the proportion of 7:3, and then input the training set into the
ball k-means cluster. After the clustering results are obtained,
the data in the sphere cluster expanded, then the expanded
data is marked according to the purity theory, and a large
number of data with obvious characteristics and marked data
are obtained. After that, it needs to be input into the training
module to obtain the classifier model. Finally, the test set is
input into the classifier model for verification and output the
results. Next, the proposed method will be introduced in
detail according to the modules.

2.1. Ball k-means

In this paper, the ball k-means algorithm and granular
ball theory are introduced to cluster the training set. This
cluster uses hyper spheres to divide the metric space clusters,
in order to obtain neighbor relationships more accurately
without additional parameters, to eliminate a single sample
The upper and lower bounds that need to be maintained
greatly to improve the efficiency of the Kk -means
algorithm.The ball k-means algorithm divides ball clusters
and neighboring ball clusters to obtain the stable areas of
each ball cluster. The relationship between ball cluster and
the stable area is shown in Figure 2. Each blue circle
represents a ball cluster, and each red circle represents the
stable area of the corresponding ball cluster.
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Fig.2 Ball clusters and stable areas

In the ball k-means cluster, we only need to enter the
number of clusters called n. Then we can quickly and
efficiently obtain the divided ball clusters and the
corresponding stable domains. We initialize n equal to the
number of categories of the data set, and continuously adjust
the value of n according to the model verification results to
receive the best effect. Since the hyper sphere model only
uses the radius and center to describe a cluster, a more
accurate description of the spatial relationship is obtained,
which is simple but efficient, and the speed is greatly
improved. The following describes in detail about the
process of using the ball k-means cluster to obtain ball
clusters and the stable areas. Here come the steps:

(1) Input the training set, and initialize the center
randomly, and then set the initial cluster number n as the
number of categories of the data set. Output the final ball
cluster center ¢, which is the mean value of all points in the
ball cluster.

(2) According to the multi-granularity-particle sphere
calculation theory, the radius r = max(||x; —c||) of the
sphere cluster is calculated, and r represents the distance
from the farthest point in the sphere cluster to the center (c)
of the sphere cluster, and X; represents any single point in
the sphere cluster.

(3) Calculate the distance between the centers of each
sphere cluster, and get the neighbor sphere cluster {N¢,} of
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each sphere cluster. The definition of the neighbor sphere
cluster is as follows:
Given two ball clusters CjandC;, the corresponding

centers are ¢; and ;. If the radius 1; of C; is satisfies the
condition %Hci —¢Gl| <rj, we insist C; is the neighbor
ball cluster of C;.

(4) By searching the neighboring ball clusters of each
ball cluster, the stable area is obtained. The definition of
stable area is as follows:

If Cj € {Ng,}, then the stable area of C; is centered on

the center of the ball clusterC;, and émin(”ci =gl |) /G €
N, is used to calculate the radius.

2.2. Data augmentation

In the ball k-means cluster, the points in the stable
domain do not need to be adjusted during the next iteration.
We can think that the points in the stable area are highly
correlated with the center of the ball cluster. At the same time,
we introduce the normal distribution in statistics to generate
a large number of points conforming to the normal
distribution in the stable area to achieve the effect of data
augmentation. These expanded points have the
characteristics of normal distributions, and a strong
correlation with the center of the ball cluster, which can
effectively represent the real data. The amount of data we
initially set to expand is consistent with the original data set.
The expanded data in the ball cluster is shown in Figure 3.
The blue dots represent the data expanded by the normal
distribution model.

2.3. Data marking

After using the ball k-means to cluster the training set
and utilizing the normal distribution to expand data, the
expanded data needs to be labeled. This article introduces the
purity which is used for marking the extended data. Purity is
a simple and transparent evaluation method, and it is
convenient for calculation. This method improves the effect
of the model in this paper greatly. The following describes
the process of using the purity algorithm to label data in
detail.

(1) For a cluster, we first calculate P, Py refers to
the probability that whether a point in cluster i belongs to
class j.

(2) We input clustering results and the expanded data
of ball k-means cluster, and then calculate the purity of each
ball cluster through clustering results. What is more, we
mark the points in the corresponding ball clusters according
to the purity.

The label of each ball cluster is marked on the expanded
data. Finally, output the labeled extended data and mix it with
the original training set to obtain a new one. At this point, the
data augmentation work has completed, and then the new
training set can be input into the classifier for training.

-1.0 -0.5 0.0 0.5 1.0

Fig.3 Use the normal distribution model to expand the data
2.4. Classification module

This article chooses to use SVM classifier, Naive Bayes
classifier and random forest classifier to train the model
separately respectively. These three classifiers are the most
commonly used classifiers in machine learning, and the
trained model is very representative.

3. Experimental analysis
3.1. Experimental setup

This article selects the following criteria to evaluate the
proposed methods: accuracy, recall and precision. The
experimental results are expressed by the expanded index
minus the original data index and they are named: AD
(Accuracy Difference), RD (Recall Difference), and PD
(Precision Difference). Namely: AD=new accuracy-old
accuracy.

3.2. Data sets

This article uses a number of classic data sets for
experiments, namely: Four-Class data set, Digits data set, Iris
data set and Breast-cancer data set.

3.3. Experimental data
3.3.1. Comparative experiment
In the comparative experiment part, we used the four

classifier models in section 2.4 to test the original and
extended data sets.
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3.3.2. Experimental comparison results

This article uses the three indicators mentioned in
section 3.1 and the results are shown in Table 1.

It can be seen that whether the accuracy, recall or
precision of the method proposed in this article has been
improved on several classic classifiers, indicating that the
data augmentation method used in this article can effectively
solve few problems related to the amount of data. This
method uses a data augmentation model which is more
suitable for classification tasks. At the same time, it uses a
hyper sphere model based on the theory of multi-granularity-
particle sphere computing to obtain a more accurate spatial
measurement relationship, and we receive the result that the
expanded data is more representative and relevant. Then the
hyper sphere model eliminates the upper and lower bounds
of a single sample, which is simple and efficient. After the
experiment, we find that the execution speed is much higher
than that of the traditional k-means algorithm, which makes
the data augmentation process less expensive
computationally, faster, and lower in storage. It can be used
in a relatively short time. Small data sources make feasible
and effective expansion. The method used in this paper
introduces ball k-means algorithm's neighbor sphere clusters,
the stable areas, convenient calculation, the feature of easy
to understand, and strong interpretability.

Table 1 Experimental results

Data sets  Classifiers AD RD PD
Four- SVM 0.0154 0.0414 0.0280
class

NB 0.0386 0.0683 0.0051

RF -0.0040  -0.0034 -0.0010

Digits SVM 0.0019 0.0018 0.0019

NB 0.0740 0.0522 0.0744

RF -0.0019 0.0002 -0.0017

Iris SVM 0.0002 0.0010 0.0003

NB -0.0067  -0.0076  -0.0109

RF -0.0023  -0.0046  -0.0106

Breast- SVM 0.0051 0.0091 0.0078
cancer

NB 0.0117 0.0308 -0.0040

RF 0.0176 0.0176 0.0205

4. Conclusions

The method in this paper consists of four modules in
total: ball k-means cluster, data augmentation, data marker
and classifier. In ball k-means cluster, the algorithm utilized
this paper uses the method of dividing the stable area in order
to efficiently and quickly find the most obvious regions of
the data set; after finding the stable areas of the ball cluster,
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using the normal distribution in the stable areas can generate
a large amount of strongly correlated data; then we add the
expanded data as input, using purity to label it, and after that
we obtain a large amount of completely labeled data. In
this paper, the method expands the data set by combining ball
k-means cluster, and makes a full use of the hyper sphere
model and ball k-means idea. The method we proposed does
not require manual extraction of processing features, which
avoids a large scale of tedious data processing, and it reduces
errors in manual selection. Experiments have proved that
using the data augmentation method proposed in this paper
for classification can provide higher accuracy and precision.

In the experiment, we can find that the method we use
has problems because it is difficult to grasp the k value of
different data sets and to converge to non-convex data sets.
The next step of our study will be put on conducting research
towards this problem. In order to improve the convergence
ability of this method on non-convex data sets.
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Abstract:

Stress is one type of epidemic of current world. It generates
many diseases and is a big source of human suicide. The main
aim of this paper is to determine the work of this study
conducted on stress using emerging techniques such as machine
learning. This study created a comprehensive image for the
work of machine learning in stress management. This study
completed in some steps including data collection using closest
keywords on Web of Science (WoS) database, design network
visualization based on previous data, evaluation of selected
research article, and finally conclude the all results. We used 4
closest keywords, 5 research articles, 3 publishers, and 4
journals to analyze the work. The results showed that Support
Vector Machine (SVM) easily classify the signals. This study
mentioned the future direction for the upcoming research in
more scientific and significant manner.

Keywords:
Detection; Machine learning; Prediction; Stress; SVM;
Web of Science

1. Introduction

Stress is considered as a cancer of mind [1], it has been
health epidemic of twenty first century [2]. Stress is
considered to be one of the special characteristics of our life
and everybody experiences it in their life as it is an inevitable
aspect [3]. It is considered to be one amongst the foremost
aspects of our current life, which has occasioned from the
modernity and changes in human beings. Consequently, this
period is known as age of stress [4]. Any event or factor that
can cause actual or perceived threat to an organism and
contribute to stress is called as ‘stressor’[5-6]. Stressors can
be of several types: life events, physiological or physical
changes in body, environmental changes, and social
influence. Sometimes imaginary situations tend to act as a

978-0-7381-4259-3/20/$31.00 ©2020 IEEE

stressor. Therefore our perceptions towards any event or
situation play a major role in today’s stressful life.
Depending on the nature, influence of stress on individual
and duration of exposure, stress can be categorized into
various categories: Physiological stressors are also called as
homeostatic or systemic stressors. These aims several
physiological parameters, and their outcome is refereed
through receptors system, viscera sensory pathways and
directly affects stress-related motor neurons. It causes
damage to body tissue and is indicated by an emotional
experience. Psychological stressors are also known as
emotional or neurogenic stimuli. This type of stress is
encountered under situations arising due to social threats like
social exclusion, evaluation and achievements situation. If
the gratification of the needs like to maintain social-self, to
get affiliated by others is threatened; for example getting
negatively judged for a performance by others [7-8]. Acute
stress is common in people that worry excessively and lives
extremely busy and disorganized life. Generally the
symptoms are irritability, anxiety, anger. If acute stress
occurs frequently, it is termed as episodic stress. People face
episodic stress when they encounter series of stressful
challenges continuously one after the other. When stress
remains for a longer period of time, it is termed as chronic
stresses. Long term exposure to stressors can lead to chronic
stress. It can severely affect the physical, emotional and
psychological health. The effect of stress on body may vary
from person to person depending upon several factors like
age, sex, past experiences, physiological conditions, type of
stress. Stress increases cortisol levels and affect the activity
of insulin and thus shows negative effect on maintenance of
blood glucose levels on type I and II both diabetic patients
[6]. Chronic stress outcome in atrophy of mind and gradually
reduction its weight over a period of time [9]. Stress
hormones can cause vasodilation and raises blood pressure.

170



Therefore stress can worsen the condition of an individual
who is suffering from diseases like asthma, emphysema [10].
It has been found from studies that stress mediators can exert
their effects on the immune system by crossing the blood-
brain barrier. Excessive stress reduces the activity of
natural killer cells and cytotoxic T-lymphocytes in our body
which allows growth of malignant cells and contribute to
expansion of tumor [11].

Machine learning is a basically ability by which
computer can learn by self without being especially program.
It is the scientific study of statistical model and algorithms
that computer system usages to complete a specific duty
without using patterns, obvious instructions, and implication
as an alternative. It is divided into four parts including

-

- = »
,“Mental stress’ |
AYe 1

Human

supervised, unsupervised, semi  supervised, and
reinforcement machine learning. The many physiological
signals are used in the detection, diagnosis, and prediction of
the different diseases like heart diseases, mental disorders,
skin disorders, and eye disorders [12-15]. Lai, Siddiqui and
Heyat group’s and used physiological signals and different
machine learning classifiers to detect sleep disorders [16-25].
Machine learning methods opened the new way to easily
detect, diagnose, predict, and calculate the risk of any
diseases. This study provides an outline of the stress and use
of machine learning methods in the stress management. Fig.
1 demonstrated the role of machine learning in assessing the
stress of human.

NO Under Stress
Human

l

Fig.1 Role of machine learning in stress assessment.

2.  Screening method

Publications were retrieved by accessing to Web of
Science database by computerized search to collect the
previous data related to the human stress. We applied this
method TITLE: ("Stress") AND TITLE: ("Machine
Learning") AND TOPIC: ("Human") AND TOPIC:

("Health") to find the exact result. Research articles written
only in English were included in this study, whereas review
articles, book chapter, abstract and other articles written in
Spanish, Chinese, and Japanese language were excluded. We
got eight articles for above method and after screening five
articles which reported the best relevance for this study were
selected. The selected papers are indexed in various popular
databases such as WOS, DIIDW, KJD, MEDLINE, RSCI,
and SCIELO.
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Fig.2 Comprehensive image of the (a) network visualization and (b) word cloud as of this study.

Table 1 Previously published article based on closest keywords such as stress, machine learning, human and health.

Author Year Major Classifier Objective Journal Name Publisher

Zhangetal. | 2020 PHATE, MI KNN, RF, Protection | Analytica Chimica Elsevier
[26] SVM Acta

Zhangetal. | 2020 MEG, EEG wave SVM Diagnosis | Scientific Reports Nature
[27]

Dubey etal. | 2019 ART SVM Treatment | Scientific Reports Nature
[28]

Papinietal. | 2018 Medical features, LR Prediction | Journal of Anxiety | Elsevier
[29] Demographic features Disorders

Subhani et al. | 2017 T-test, Bhattacharya LR, SVM, Detection IEE Access IEEE
[30] distance NB

PHATE: Potential of Heat-diffusion for Affinity-based Transition Embedding; MI: Mutual Information; KNN: K-Nearest
Neighbor; RF: Random Forest; SVM: Support Vector Machine; MEG: Magnetoencephalography; ART: Assisted

Reproductive Technology, LR: Logistic Regression
3. Discussion

In Table 1, we evaluate the five research articles based
on author, year, major, classifier, objective, journal, and
publication house. Additionally, the Fig. 2 (a) and Fig. 2 (b)
represented the network visualization [31]-[34] and world
cloud of this study, respectively. Previously, Zhang et al. [26]
used novel Potential of Heat-diffusion for Affinity-based
Transition Embedding (PHATE) and Mutual Information
(MI) techniques to imagine the data of Raman spectral. They
used KNN, RF, and SVM machine learning classifiers for the
analysis, effectiveness, and treatment of the oxidative stress.
Zhang et al. [27] used EEG and MEG wave to detect the Post
Traumatic Stress Disorder (PTSD) using SVM supervised
machine learning classification. They used 23 subjects and
extracted EEG waves such as theta, gamma, alpha, and beta
as a feature extraction and classify the signals using SVM
classifier on MEG signals. Dubey et al. [28] studied that
Assisted Reproductive Technology (ART) used for the

counting of sperm cell and treatment of infertility. They used

SVM and achieved 91.18 % sensitivity of the system.

Papini et al. [29] used hospital and demographic features for

the prediction of stress using LR classifier. Subhani et al. [30]
extracted Bhattacharya distance as features and discriminate

the control and stress group using different classifiers such

as LR, SVM, and NB.

4. Conclusions

Globally, stress is one of the health epidemics of 21%
century. Consequently, it is essential to control and monitor
of stress, to prevent the harmful consequences in future. We
obtained that SVM would be helpful in the detection and
prediction of stress disorder. In addition, several emerging
techniques such as unsupervised machine learning, deep
learning methods, quantum techniques, and block chain
technology can be of great importance to diagnose, and
predict the stress with high accuracy.
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