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Abstract: Human face recognition is a complex task, and it is
important as it can be applied to assist people worldwide, such as
those in the medical field or security. For example, human faces
can be used for detecting pain or emotion. Nevertheless, a
drawback of deep learning methods that need a lot of data to
process is key. In this study, a deep-learning-based technique,
which is used to classify, that generates a synthetic image of the
facial expression and orientation by utilizing the Wasserstein
generative adversarial network (WGAN) is presented. The WGAN
can improve the performance of the deep learning method. The
proposed system certainly generates images with a small number
of datasets compared to the large datasets. This research aims to
solve the problem of deep learning by increasing the accuracy of
the system. The generated output coincides with the real image
dataset. The application using ResNet-50 and RetinaNet as a
pre-model for the prediction and detection of the human faces
revealed a rapid prediction time and accuracy during the
assessment test.
Keywords: Classification, Deep Learning, Facial Expression,
Generative Adversarial Networks, Human Faces, Orientation.

I. INTRODUCTION
In the past, when people felt ill or felt pain, they needed to
go to the hospital. The doctor diagnosed patients based on
their symptoms. As a result, considerable money is required
as payment for diagnosis. Following this method, the
self-report method for pain became useful to medical staff.
Consequently, it becomes standard to measure pain levels.
However, it still exhibits drawbacks. For example, the
concept of pain between the people and clinicians is different
[1]. Subsequently, the observer rating method apparently
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improves the self-report. On the other hand, the observer
rating cannot be used in some cases, such as cases that require
long-term monitoring, such as in the ICU. Moreover, the
self-report and observer measurements are extremely
subjective. Nevertheless, patients may suffer from various
types of pain. Asking patients to describe their pain may not
be sufficient to guide medical staff to suitable interventions
for specific types of pain. Currently, several techniques can be
employed to assess pain, such as pathological examination,
neurological examination, or imaging technologies, but they
can be invasive or expensive for patients. Thus, for screening
of pain [2], some researchers have proposed facial expression
as a potential solution for pain detection. The most standard
database used to measure pain algorithms is the
UNBC-McMaster shoulder pain expression archive. Human
face data have been used to classify and recognize pain in this
system, which resembles an array of faces that detects moving
faces and posture of humans. Patients are shown these images
when they receive diagnosis. In the past [3], artificial neural
networks used for image detection or security systems can
achieve that goal in several years, and several enhancements
in different duties. Deep learning is an algorithm that is an
improvement from the artificial neural network. Nevertheless,
deep learning exhibits disadvantages: It requires a
considerable amount of data, and the data must be manually
labeled to function correctly. The facial expression of humans
is apparently a sensitive, limited resource. For example, it is
difficult to predict the shape of the faces in expressions and
orientations. Furthermore, the collecting method requires
crystal clear pictures. Hence, a generative adversarial network
(GAN) model is used to generate image data, which are used
for training and testing. GANs constitute one of the most
popular topics in deep learning that has been proposed by
Goodfellow et al. [4]. Currently, some researchers have
employed GAN for performing several things, including
flower models or an MNIST database. It functions similar to
neural networks, which comprise two deep neural networks:
the generator and discriminator [5]. The generator can
generate fake images that the discriminator attempts to
distinguish with real images [6]. It continues this process until
the discriminator cannot classify between the real and
generated images. In this study, a method that improves the
performance of deep learning for classification and
recognition via the generation increased amount of data using
GAN is proposed. Fig. 1 shows the structure of the proposed
GAN combined with deep
learning.
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The facial expressions of patients with shoulder pain and
several postures are focused. The real images are
programmed in GAN during the training process. Next, GAN
generates vectors. Finally, GAN results are applied to deep
learning for classification and recognition. In the next section,
the manner in which the proposed method trains the
sequential images of human faces with several orientations is
defined.
II. METHODOLOGY
A. GAN structure and implantation
The Wasserstein generative adversarial network (WGAN)
structure used by Martin et al. [7] was implemented as it can
improve our system, and training GAN is complicated and
unstable. WGAN used the Earth-Mover distance
approximation to solve the optimization problem. One of the
benefits of WGAN is that datasets can be trained until the
optimal state. When datasets are trained to achievement, it
basically offers loss to the generator that can be trained as any
other neural network, implying that an equilibrium between
the generator and discriminator is no longer required.
Furthermore, WGAN is considerably more robust than
another GAN. The TensorFlow-based WGAN source code
available in the GITHUB project is used as the basis code [8].
However, some researchers [9] have attempted to utilize
Graphics processing unit (GPU) on cloud to run GAN
because Central processing unit (CPU) alone is slow for
training. GPU is considerably more rapid than CPU for most
deep learning computations. Currently, Tesla V100 is the
most rapid NVDIA GPU on the market [10]. Google has
created cloud tensor processing units (TPUs) that speed up
the implementation of linear algebra computations, which is
considerably used in machine learning applications. TPUs
[11] reduce the time to accuracy when huge, complex neural
network models are trained. Models that typically take over
weeks to train on other hardware platforms can converge in
hours on TPUs. The disadvantage of this method is the cost
required to pay for the use of service, but some services are
free. For example, Google Colaboratory [12] is free. It is a
Jupyter notebook system with a good user experience. It
mixes with GitHub and Google Drive. Google Colaboratory
permits collaborators to leave comments in the notebook.
Google Colaboratory is super-fast to get started with Keras or
TensorFlow, but it needs some knowledge for the system
set-up. Another popular cloud service is Amazon Web
Services (AWS) [13] from Amazon. It is difficult to configure
the system in this platform. AWS support users with NVDIA
Tesla K80 with 4 CPUs and 61 RAM. AWS is scalable,
secure, and reliable. The Floydhub[14] is another cloud
service in which the knowledge for the system set-up or
configuration is less complex than that required for the
alternative set-up on AWS or Google Cloud Platform. On the
other hand, every cloud that provides GPU cannot support
datasets that are created by us. For example, Floydhub can run
only some datasets such as MNIST [15], cat and dog [16], or
flower [17]. Thus, our PC is used to generate images. Data
processing is carried out using PC with a processor Intel Core
i7, CPU 3.40 GHz, 16 GB RAM.
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Fig. 1.(top) A standard architecture of a Deep Learning
convolutional neural network. (middle) GAN
architecture. (bottom) Overall architecture of the
proposed model.
B. Image Preparation
The sequential image of the human faces is taken from the
UNBC database [18]. Raw images of the facial expression
and orientation with a size of 320  240 are collected by the
two Sony digital video cameras [19] under active and passive
conditions. In the active part, patients rotate their shoulders by
themselves, while in the passive part, medical staff is required
to help movement. Furthermore, under the active condition,
researchers focus on the frontal camera orientation, whereas
under the passive condition, the camera orientation is set at
70 from the frontal orientation. The database is composed of
129 participants, comprising 63 men and 66 women ( age =
42.23 years, SD = 14.48) that are sick from shoulder pain.
Moreover, patients are recruited from physiotherapy clinics
and by advertisements placed at McMaster University [20].
The University contains almost 50,000 images comprising 25
subjects and 225 directories.
C. Synthetic-image-based Deep Learning method
For predicting human faces, the ResNet50 pre-model by
Microsoft Research is used [21], which exhibits a rapid
prediction time and high accuracy. ResNet is an abbreviation
for residual network. As specified by the name of the network,
residual learning is the new terminology presented by this
network. Deep convolutional neural networks have led to a
series of advances for image classification.
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Several other recognition assignments have also significantly
profited from deep models. Thus, there is a trend to delve
deeper, to answer more difficult tasks, and further improve the
classification and recognition accuracy. However, if we go
lower, the training of neural networks will become difficult,
and the precision will start to saturate and then worsen.
Residual learning attempts to solve this problem. Typically, in
a deep convolutional neural network, some layers are stacked
and trained to perform the task. The network discovers a few
level features at the end of its layers. Residual can basically
understand as the subtraction of features is learned from the
input of that layer. Hence, ResNet50 [22] is a 50-layer
residual network. Moreover, it has other variants such as
ResNet101 and ResNet152. For the classification of facial
expressions, RetinaNet [23] is used, [24] which is a pre-model
that exhibits high performance and precision with a long
detection time. RetinaNet [25] is a unified network
comprising a backbone network and two job-specific
subnetworks. The backbone is responsible for calculating a
convert feature map over an entire input image. The first
subnet works on the classification of the backbone output,
while the second subnet works on the convolution bounding
box regression.

When an experiment is conducted on cases 1–3, a satisfactory
result is not obtained as long time is needed for training, and
some images cannot generate high quality. Next, cropping of
images of only the interested areas, such as facial areas or
facial areas with the hand, is attempted. Fig. 4 shows the
example of input for case 4. The result demonstrated that case
4 generates more realistic results than other cases although it
uses a smaller number of iterations than other examples.
Moreover, case 4 uses less time to generate images during the
training phase than every case. Hence, case 4 exhibits the best
performance. Cases 1 and 2 generate human faces, but some
problems occur. For example, it exhibits a rough overall
texture and some brightness areas compared to the real
images. Furthermore, it uses more time for generation than
other cases. The human faces generated from WGAN are
1024 × 638 pixels, and these faces are added into the deep
learning model for the classification and detection.

III. RESULT AND DISCUSSION
A. Synthetic human faces image generation
Synthetic human face images are generated by the proposed
GAN architecture. For comparison, four cases are separated:
1. normal datasets with 46 samples, 2. transfer learning for
normal datasets, 3. less datasets with 16 samples, and 4. crop
only interested areas such as the face and remove the
background with 46 samples. Case 4 exhibits good results in
various benchmark datasets as well as less time consumption
compared to other cases. Moreover, GAN can create a
background although it is attempted to be cut during the
pre-processing stage, displaying its advantages. However,
case 3 affords one of the most disappointing results as realistic
images cannot be generated [26]. Fig. 2–Fig. 4 show the input
of human faces. WGAN is the type of GAN that improves the
stability of learning or reduces the mode collapse [27], [28]
which is used for the test. Table 1 summarizes the batch size,
epoch, and number of samples. Each combination of these
parameters is selected and examined on the basis of previous
studies that utilized WGAN [29]. Fig. 5–Fig. 9 show the
output of the generated images. The results revealed that case
3 cannot produce any image; only dot data are created even by
performing several trials. This problem known as the mode
collapse, where only identical images are generated in one test
batch, is experimental during the test. Mode collapse [30] is
one of the toughest problems to explain in GAN. The whole
collapse is not typical, but partial collapse always occurs.
Fig. 8 shows another GAN in which the mode collapses and
rotates to another mode when the discriminator catches up.
During training, the discriminator is regularly updated to
detect adversaries. Hence, it is less possible for the generator
to be overfitted. In practice, our understanding of the mode
collapse is still limited. However, GAN training is still an
exploratory process. Partial collapse is still common.
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Fig. 2. Example of input for facial expression and
orientation for case 1 and case 2.

Fig. 3. Example of human faces input for case 3.
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Fig. 4.Example of human faces input for case 4.
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Fig. 9.Result from GAN for case 4 at epoch 13800.

Fig. 5.Example of output from GAN for case 1 at epoch
6500.

Table- I: Training hyper-parameters of the GAN
Sample size
Batch size
Epoch
Number of
days to train
Train result

Case 1
46
40
29800
14

Case 2
46
40
29800
14

Case 3
16
10
29800
3

Case 4
46
40
13800
7

o

o

x

o

o Indicate whether the GAN was successfully trained while x was showed mode collapse.

Fig. 6. Result from GAN for case 1 at epoch 29800.

Fig. 10. Example of recognition for case 4.
Table- II: Summary of recognition phase
Number of
successful
recognitions

Fig. 7. Result from GAN for case 2 at epoch 29800.

Fig. 8. Result from GAN for case 3 at epoch 29800.
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Case 1
11

Case 2
12

Case 3
0

Case 4
17

B. Deep Learning for classification and recognition
Deep learning is extremely beneficial for facial detection
[31], and it is more outstanding than the other state-of-the-art
methods [32]. Several previous studies have used it to classify
emotion [33] due to its acceptable accuracy. In this study,
human faces are classified from GAN and recognized by deep
learning. Fig. 10 show the results obtained. RetinaNet is used
for detection, and it exhibits high performance and accuracy,
albeit with a longer detection time. Moreover, the pre-model
has more than RetinaNet, such as YOLOv3 or TinyYOLOv3.
Some researchers [34] have used YOLOv3 for recognition,
but its accuracy and performance are less than those observed
by employing RetinaNet, with a moderate detection time.
TinyYOLOv3 is another pre-model that is optimized for
speed and moderate performance, with a rapid detection time.
However, the performance and accuracy are focused; hence,
RetinaNet is used. Table 2 summarizes recognition phase.

2181

Published By:
Blue Eyes Intelligence Engineering
& Sciences Publication

International Journal of Innovative Technology and Exploring Engineering (IJITEE)
ISSN: 2278-3075 (Online), Volume-9 Issue-2, December 2019
In addition, a successful rate per round in WGAN for
recognition is attempted; hence, data in case 1–case 4 and plot
graph about epoch and accuracy are used to consider the
convergence trend. Fig. 11–Fig. 13 show the successful
detection rate in WGAN.

Fig. 14. Example of recognition for special case 2.

Fig. 11. Successful rate for case 1.

Fig. 15. Example of recognition for special case 3
(greyscale images).

Fig. 12. Successful rate for case 2.

Collage [35] is a sculpture production method, which is
predominantly used in graphical arts, where the creation is
made from a collection of various forms, creating a new
whole. The backgrounds of a collage were discovered
hundreds of years ago, but this technique returned in the early
20th century as an art type of innovation. A collage may be
seen in magazines, newspapers, photographs, and other
objects. In the beginning of the 20th century, Georges Braque
and Pablo Picasso invented the term collage, and it became a
unique part of contemporary art.
Table 3 show the prediction and detection results for special
cases 1–3.
Table- III: Summary of recognition phase for special case

Fig. 13. Successful rate for case 4.
The algorithm used for the classification and recognition in
real images needs to be confirmed; hence, it is examined for
special cases 1–3. Each of the special cases 1–3 have RGB
and grayscale images. Fig. 14–Fig. 15 show examples of
special cases 1–3. Special cases 1 and 2 comprise 46
sequential images, while special case 2 is a crop-only
interested area to show facial expression and orientation.
Special case 3 is different from other cases as we must
confirm that the algorithm cannot solve 683 sequential images
if collage images such as Fig. 15 are created.
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Number of
successful
recognitions

C1
35

C1*
35

C2
37

C2*
25

C3
0

C3*
0

* Mean greyscale images.

To demonstrated method that increase performance of
Deep Learning. We are sampling result of GAN about 15
images mix with 46 real images and tried to classification and
recognition. Four extra cases are made: 1. GAN color images
with case 1–2 color images 2. GAN color images with case 4
color images 3. GAN grayscale images with case 1–2
grayscale images 4. GAN grayscale images with case 4
grayscale images.
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Fig. 16–Fig. 17 show the results from each category, and
Table 4 show the prediction and detection for categories 1–4.
Fig. 18 show the full flowchart of our system.

Fig. 16. Example of recognition for extra case 1.

Fig. 17. Example of recognition for extra case 4.
Table- IV: Summary of recognition phase for extra case
Number of
successful
recognitions

1

2

3

4

29

35

27

34
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have claimed that grayscale images can improve the accuracy
of the system. The input of grayscale images into GAN will be
advantageous to the process. Moreover, our research can be
applied for the detection of pain levels and emotions of
humans.

Fig. 19. The block diagram of our system.
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Fig. 18. Flowchart of the system.
IV. CONCLUSIONS AND FUTURE WORK
In this study, a newly developed technique using GAN and
deep learning was described to solve the image generation
problem in a small dataset. Human faces were used as an
example to confirm that the proposed method effectively
works in cases that cannot be solved by using less data. The
proposed method led to the enhanced stability and accuracy of
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