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Abstract: This research is aimed to achieve high-precision
accuracy and for face recognition system. Convolution Neural
Network is one of the Deep Learning approaches and has
demonstrated excellent performance in many fields, including
image recognition of a large amount of training data (such as
ImageNet). In fact, hardware limitations and insufficient training
data-sets are the challenges of getting high performance.
Therefore, in thiswork the Deep Transfer Learning method using
AlexNet pre-trained CNN is proposed to improve the performance
of the face-recognition system even for a smaller number of
images. Thetransfer learning method isused to fine-tuning on the
last layer of AlexNet CNN model for new classification tasks. The
data augmentation (DA) technique also proposed to minimize the
over-fitting problem during Deep transfer learning training and
to improve accuracy. The results proved the improvement in
over-fitting and in performance after using the data augmentation
technique. All the experiments were tested on UTeMFD, GTFD,
and CASIA-Face V5 small data-sets. As a result, the proposed
system achieved a high accuracy as 100% on UTeMFD, 96.67%
on GTFD, and 95.60% on CASIA-Face V5 in less than 0.05
seconds of recognition time.

Keywords : CNN; Data Augmentation; Face Recognition;
Transfer Learning.

. INTRODUCTION

Face recognition technology has a long history, but

related studiesare still popular today [1]. Facerecognitionisa
biometric technology in the field of computer vision, aimed to
identifying facesin still image or videos. It is widely used in
the fields of biometrics, payment, business, advertising,
health care. Moreover, it has been used extensively as security
systems and crime identification, for access to the restricted
areas[2]. Face recognition isalso one of the most challenging
biometric methods. The performance of it has been improved
steadily from conventional to deep learning methods [3].
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M. D.Kélly et al. (1971), had conducted the research on the
face recognition and the first face recognition agorithm was
developin early 1970s[4]. Inthelate 1980s, the devel opment
of computer technology and optical imaging technology was
improved and the real entry into the application phase of face
recognition in the late 1990s. In early research on face
recognition, the researcher mainly focuses on methods called
geometry methods used to match simple features with image
processing techniques [3]. Later, the holistic method such as
principal component analysis (PCA) and linear discriminant
analysis (LDA) appeared and become popular. Then, the
feature-based method developed for matching al the local
features across face image. As time passed, a holistic and
feature-based method keeps development and then combined
into hybrid methods. Hybrid methods remained the
state-of-the-art until recently when deep learning emerged as
a leading approach to most applications of computer vision,
including face recognition. Deep Learning is a machine
learning technique that gets attention lately because it can
achieve high accuracy when trained with large amounts of
data[5]. In addition, Convolutional Neural Networks (CNNSs)
is one of the deep learning algorithms and it is the most
popular neural network model used for image classification
problemsafter thefirst won in the ILSVRC competitionin the
years 2012 [6]. The ImageNet Large-Scade Visud
Recognition Challenge (ILSVRC) was held annually starting
in 2010, after the birth of the large-scale dataset, ImageNet.
Recently, CNN models are deeper and deeper and achieved a
good result in the ILSVRC competition. But the main
problems are large scales labelled data might be difficult to
collect and we do not have powerful hardware for train adeep
neural network. Therefore, training deep neural network is
time-consuming. As a result, a CNN based deep transfer
learning for face recognition using small datasetsis proposed.
Transfer learning is a popular deep learning approach where
the knowledge gained from a related task is transferred to a
new task [7]. Compared with training deep neural networks
from scratch, this proposed method can reduce training time.
In addition, high accuracy can be achieved even with small
data sets.

[I. METHODOLOGY

The evaluation of face recognition system using transfer
learning techniques with pre-trained CNN model will be
presented in this work.

A. Software

The proposed system, of face recognition algorithm is
implemented in MATLAB R2019b environment.
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Many toolbox functions are available as source. Deep
Learning Toolbox, Deep Learning Toolbox Moded for
AlexNet Network, Computer Vision Toolbox, and Parallel
Computing Toolbox™ are the toolboxes used in this
proposed system.

B. Databases

Three different face data-sets are used for training,
validation, and testing on the proposed method. There are
Georgia Tech face database (GTFD), CASIA Face Image
Database Version 5.0 (FASIA-FaceV5), and (UTeMFD)
from UTeM students. The UTeM FD data-set, consists of 420
images in total, from 14 student’s faces from University,
Teknikal Malaysia Melaka (UTeM) collected as a sample in
which each student had 30 images. The images are captured
usingaUSB 2.0 HD IR UV C Webcam in one session, and the
resol ution of theimagesare 1280x720 pixels. For GTFD [10],
it was constructed by Georgia Ingtitute of Technology, which
contains 750 imagesin total, which taken from 50 individuals.
The resolution of the images is 640x480 pixels and the
average size of the faces in these images is 150x150 pixels.
Thelast databaseis CASIA-FaceV5 [11] was collected by the
Chinese Academy of Sciences’ Institute of Automation
(CASIA) which contains 2,500 color facial images of 500
subjects. The images are captured using a Logitech USB
camerain one session. Figure 2 until 4, show the sample face
images of UTeMFD, GTFD, and CASIA-FaceV5 data-sets.
Detail information of three data-sets shown in Table 1.

Tablel: Details | nformation of the Datasets.

No Image
Database pixels images per Subjects | Format
subject
UTeMFD 1280x720 420 30 14 JPG
GTFD 640x480 750 15 50 JPEG
CASIAFA | gaoxag0 | 2500 5 50 | BMP
ceV5

Figure 3: Sample Face I mages of GTFD Dataset [8].
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Figure 4: Sample Face Images of CASI A-FaceV5 Dataset
[9].
C. Data Splitting

The first step is to split the dataset into a few sets. In
MATLAB, input images were stored inside data-store by
using the ‘imageDatastore’ function and the dataset is
randomly split into two sets which are training and test set
using the ‘splitEachLabel’ function. Images from the training
set are then randomly split into training and validation set for
train and evaluate the model. The training set is used to train
the network while the validation set is used to predict the
accuracy of the trained model. The flow chart of the dataset
splitting is shown in Figure 5.

|
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Training Set
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7

Training Set

Figure5: Flow Chart of Dataset Splitting.

Validation Set

D. Pre-processing

Pre-processing is one of the important steps in the
face-recognition system. It can help in improving the
performance of the system. The input data are processed by
following step: face detection, crop face, and data
augmentation. For the first step, a cascade object detector is
used to detect the human frontal face by the Viola-Jones
agorithm. Then, the ROI face region is cropped. Apart from
that, the data augmentation technique also be used. The
augmented process, will make the image data-store can be
transformed batches of training and test set with optional
pre-processing such as resizing, rotation, and reflection. The
augmented image data-store is used to resize the training
images to 227x227 pixels, which match with the input image
of the AlexNet CNN pre-trained model.

The ‘RandXReflection’ function is used to flip the train
images along the vertical axisrandomly, of x and y axiswith a
pixel range of -20 and 20 is used to trandate the training
image up to 20 pixels horizontally and verticaly,
respectively. This data augmentation helps prevent the
network from over-fitting and memorizing the exact details of
the training images. Figure 6, the pre-processing steps are
shown.
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Figure 6: Pre-processing Steps.

E. Composethe model

In this proposed system, pre-trained CNN is used as a
feature extractor and transfer learning by fine-tuning
technique is used to transfer the extracted features from the
pre-trained CNN model to a new task. In this section, the
pre-trained CNN architecture and the fine-tuning pre-trained
CNN architecture is described in detail.

1) Pretrained CNN Model as Feature Extractor

AlexNet pre-trained CNN model is selected as the feature
extractor in this proposed system. AlexNet has been trained
on more than a million images from the ImageNet database
and it can classify images into 1000 object categories with
about 60 million parameters. The architecture of AlexNet
consists of eight learned layers, five convolution layers
followed by three fully connected layers. The eight layers
AlexNet architecture is shown in Figure 7 below. In
MATLAB platform, AlexNet architecture consists of 25
layers: The first 23 layers are for feature extraction, whereas
thelast threelayersare for classifying these featuresinto 1000
classes. AlexNet has an image input size of 227x227x3
images with ‘zerocenter' normalization. Then, the first
convolution layer filters the 227x227x3 image input image
with 96 kernels of size 11x11x3 with a stride of 4 pixels and
followed by ReLU non-linear activation, cross channel
normalization with five channel per element, and 3x3 max
pooling with the stride of 2 and zero padding layer. For the
second convolution layer, 256 feature kernels with a size of
5x5x48 filters 27x27x96 feature image and carry out further
feature extraction. Same asthefirst convolution layer, second
convolution layer also followed by RelLU nonlinearity
activation, cross channel normalization with 5 channels per
element, and a 3x3 max pooling with the stride of 2 and zero
padding and output of 13x13x256 image.

Fully Connected Layers

—
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N

convl 8

Input
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=l —»f —» = > | |
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Figure7: AlexNet Pre-trained CNN Architecture.

Table 2: The Detail of AlexNet Layersin MATLAB

15 relus 13x13x256
16 pool5 3x3 2 6X6x256
17 fc6 1 1x1x4096
18 relué 1x1x4096
19 drop6 1x1x4096
20 fc7 1 1x1x4096
21 relu7 1x1x4096
22 drop?7 1x1x4096
23 fc8 1 1x1x1000
24 prob 1x1x1000
25 output -

After that, third and fourth convolution layers followed by
ReLU nonlinearity activation given an output image of
13x13x384.

For layer 14, fifth convolution layer (convb) filters
13x13x384 image by 256 feature kernels with 3x3x192
kernelssize with padding of 1 and get an output of 13x13x256
image.

Then, it followed by a ReLU activation and a 3x3 kernel
max pooling with the stride of 2 to 6x6x256 image.
Furthermore, fully connected layers, ‘fc6’ and ‘fc7’ is
followed by a ReLU activation and a 50% dropout to
overcome over-fitting.

A total of 4096 of 6x6x256 kernels perform convolution
operation on the input data and output the operation result
through 4096 neurons. 4096 neurons from both ‘fc6’ and ‘fc7’
are fully connected. Lastly, fully connected layer ‘fc8” which
has 1000 neurons are connected to the input which consists of
4096 neurons from ‘fc7’, and softmax activation is used for
classification. The detail of AlexNet layersin the MATLAB
platform is shownin Table 2.

F. Fine-tuning pre-trained CNN model

In this research, transfer learning by fine-tuning of a
pre-trained CNN model isused to classify the images by using
asmaller number of training images. Pre-trained CNN model
has learned rich feature representations for a large scale of
images. Therefore, transfer learning from the pre-trained
CNN model is much faster and easier than training a network
from scratch.

This proposed approach is using AlexNet pre-trained CNN
architecture and transfer the layers to the new classification
task by replacing the last three layers with a fully connected
layer, a softmax layer, and a classification output layer for a
new task.

From layer 23 which name ‘fc8’ with 1000 fully connected
layer is replaced to the fully connected layer which has the
same size asthe number of classesinthe new data by using the
function 'WeightL earnRateFactor' of 10 and
'‘BiasLearnRateFactor' of 20 for increase the learning rate in
the new replaced layers for learning faster compared to the
transferred layers.

Besides, the output layer from pre-trained architecture is
replaced to match the number of target class exist on the
dataset used. Therefore, the output layer from AlexNet

Platform. . . e :
o [ Name | Nomba o | Kandszm | Sride | Paddng St architecturewhich can classify into 1000 classesis changed to
Kernels 14 classes, 50 classes for the GTDB dataset, and 500 classes
1 data 227x227x3
2 convl 9% 11x11x3 4 - 55x55x96 for the CASIA-Face_V5 dmm- ) ] o
3 relul 55x565x96 Then, the fine-tuning model isretrained with the training set
4 norml 55x55x96 e
5 boolL G 2 - 2nanos | Of the task specified dataset.
6 conv2 256 5x5x48 1 2 27x27x256 The detail of the fine-tuned Alexnet by replaced the last
7 relu2 27x27x256 . .
8 norm2 maase | three layersis shownin Table 3 below.
9 pool2 3x3 2 - 13x13x256
10 conv3d 384 3x3x256 1 1 13x13x384
11 relu3 13x13x384
12 conv4 384 3x3x192 1 1 13x13x384
13 relu4 13x13x384
14 convs 256 3x3x192 1 1 13x13x256
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Table 3: Replacement of Last Three Layersof AlexNet
for Three Datasets.

AlexNet Name Description
fc8 FCL (1000), pre-trained weight &
biases
prob SoftMax Layer
outpu Classification Layer (1000 classes)
t
Fine-tuned Name Description
Alexnet (GTFD) | fc8 2 | FCL (50), weight of 10 & biases of 20
prob SoftMax Layer
outpu Classification Layer (50 classes)
t
Fine-tuned Name Description
Alexnet fc8 2 | FCL (500), weight of 10 & biases of 20
(CASIA-Face prob SoftMax Layer
V5) outpu Classification Layer (500 classes)
t
Fine-tuned Name Description
Alexnet (UTeM fc8 2 | FCL (14), weight of 10 & biases of 20
FD) prob SoftMax Layer
outpu Classification Layer (14 classes)
t

Besides, there are five different settings used to compare the
effectiveness of the model in this study.

AlexNet CNN model consists of 8 layers such as five
convolutional layers (CL1, CL2, CL3, CL4, CL5) and there
fully connected layers (FC6, FC7, FC8), the different setting
can be tested by varied the numbers of transferred layers.

For setting A, thefirst layers (CL 1) to the seventh layer (FC7)
are transferred directly from AlexNet and only the last layer
from AlexNet is fine-tuned.

For setting B, layers FC7 and FC8 are fine-tuned by the three
layers mentioned in Table 3.

Besides, layersfrom CL1 to CL5 aretransferred directly from
AlexNet in setting C and layers from CL1 to CL4 are
transferred directly from AlexNet in setting D. Lastly, only
layers from CL1 to CL3 are transferred from AlexNet in
setting E.

The details of the five different transfer learning setting are
shown in Figure 8.

Settings

A B C

i A A
v

CL2

'

CL3

!
CL4

!
CLS v

!
FC6 h 4

!
FC7 v

¢ |:| Transferred

FC8 Fine-tune

D E
A H.

Figure 8: Different Transfer Learning Settings.

G. Train and Evaluate the M odel

From the figure 9, the flow chart of the train and evaluate
the model was shown in detail. In this section, both the
training and evaluating process was described in detail .

Retrieval Number: 100.1/ijitee.K77760991120
DOI: 10.35940/ijitee.K7776.0991120
Journal Website: www.ijitee.org

288 and Sciences Publication

7

Training Set
1

]

Test Set

13

]

Validation Set

@*

Training Set

¥
Transfer
Learning
]
A
Training .| TrainModel |, Trained
Options Model
L Modify options Evaluate Model
A
Final
Model

Figure 9: Flow Chart of Train and Evaluate the M odel
1) Training Process

In transfer learning, training data with labels, fine-tune
network, and training algorithm options were the three
important things that need before train a network. Training
data is store in an augmented data store and pre-processed
while the fine-tuned network is the network that transfers
learning from AlexNet CNN pre-trained network to performa
new task. Training data and fine-tune networks are described
in detail in 3.5 and 3.6 respectively. For training algorithm
options, it was the most important component in the training
process as it can control the behavior of the training
algorithm. In MATLAB, the ‘trainingoptions’ function is
used to set up the training options such as optimizer uses,
initial learning rate, mini-batch size, maximum epochs,
optimizer, validation frequency, and many more should be
specified before starting to train the model. In this proposed
system, stochastic gradient descent with momentum (SDGM)
optimizer is used as the solver for atraining network with the
default momentum of 0.9. Optimizer is updated the weight
parameters to minimize the loss function. For the learning
rate, it was the most important hyper-parameter when
configuring the network asit controls the change of the model
inresponseto the estimated error each time the model weights
are updated.

Choosing a learning rate is chalenging as the value too
small may result in a long training process that could get
stuck, whereas the value too large may result in learning a
sub-optimal set of weights too fast or an unstable training
process. At first, | am fine-tuning the learning rate and choose
asuitable learning rate for the network.

A larger value such as 0.1 is started to try on the network
then reduce the initial learning rate exponentially until
0.0001. Finaly, the learning rate was set to a small value as
0.0001 to slow learning down, since the pre-trained CNN is
used.

Besides, the size of the mini-batched is set to 30. In this
study, different number of epochs are used to test the model
until it reaches a good accuracy. The loss and gradient
calculated for each mini-batched approximates the loss and
gradient for the full training set.
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2) Evaluatingon Trained M odel

Inthis study, training accuracy, validation accuracy, testing
accuracy, mini-batch loss, and validation loss are the
evaluation parameters used for the experiments.

For the training process, the validation set is used to
evaluate and validate the performance of during training. In
MATLAB, training progress can be plot using ‘Plots’ and
‘training-progress’ function in training options.

From the training progress, training accuracy, validation
accuracy, training loss value, and validation loss value can be
observed to prevent over-fitting.

It happens if the training accuracy is greater than the
validation accuracy and the validation loss value training loss
value is greater than the training loss value.

In the other hand, if the validation accuracy is higher than
the training accuracy and the validation loss value is lower
than the training loss value, it was under-fitting. Apart from
that, the confusion matrix table also used to observe the
correct and error between the ground truth images and the
predicted images.

H. Test on final model

]

Test Set

|
l

Final — Test Model
Model 1

Figure 10: Flow Chart of Testing on Trained Model.

In this study, training accuracy, validation accuracy, testing
accuracy, mini-batch loss, and validation loss are the
evauation parameters used for the experiments. For the
training process, the validation set is used to evaluate and
validate the performance of during training.

I11. RESULT AND DISCUSSION

In this session, al the results are presented in table and
graph and discussed in detail. Different experiments were
done to evaluate the performance approach such as
fine-tuning the hyper-parameter to get better accuracy,
compared the transfer learning setting, and transfer leaning
AlexNet with and without data augmentation technique.
Besides, this approach was aso compared with other
state-of-art models.

A. Setting

This proposed method was conducted using the platform of
Windows 10 with the Intel (R) Core (TM) i5-8265U CPU @
1.6GHz and 1.80GHz processor and 12.0GB of installed
RAM. All the algorithms, performance, and analysis were
done in MATLAB 2019b tool. All the experiments were
tested on three small datasets which are GTFD,
Casia-FaceV5, and collected dataset. The dataset was divided
into three groups such as training, validation, and testing set
with 60%, 20%, and 20% respectively. The dataset split for
training, validation, and testing per class are shown in Table
4.
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Database T_ralnlng T_ralnlng T_ramlng Total
images images images
UTeMFD 18 6 6 30
GTFD 9 3 3 15
CASIA-Face
V5 3 1 1 5

B. Data Pre-processing and Augmentation

Thefirst step for face recognition algorithmsisto detect the
human face. In this step, ‘vision.CascadeObjectDetector’
function is used to create a face detector object with default
classification model, 'FrontaFaceCART' and MinSize of
[150 150], size of the smallest detectable object. Then, a
bounding box with annotated with ‘face’ is created and the
detected ROI region was cropped. The pre-processing
algorithm and the step are shown in Figure 11 and 12,
respectively.

Step 1: Recognize human face, size 150x150, using

‘vision.CascadeObjectDetector’.

Step 2: Bounding box with annotated ‘face’,

‘insertObjectAnnotation’

Step 3: Detect ROI

Step 4: Crop region, by the ratio ‘1:size(bbox,1)’
%Create a face detector object

faceDetector = vision.CascadeObjectDetector('FrontalFaceCART', ...
' size', [150,150]);

bbox=step (faceDetector, I);

IFaces = insertObjectAnnotation(I, 'rectangle',bbox, 'Face');
figure

imshow (IFaces)

title('Detected faces');

for i=1:size (bbox,1)
J=imcrop (I,bbox(i,:));
figure
imshow (J)
title('Cropped face'
end

Figure 11: Pre-processing Algorithm.

Figure 12: Pre-processing Steps. (a) Original Image (b)
Detected Face (c) Cropped Face
Furthermore, data augmentation techniques were used to
prevent overfitting and enhance the performance of the
model. In this research, DA techniques such as automated
resize, reflection, and trand ation are used.
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The training sets are automatically resized to 227 x 227
pixels which match the input size of the AlexNet pre-trained
CNN model by using augmented image datastore with
‘augmentedImageDataStore’ function. Besides,
‘imageDataAugmenter’ function is used for additional data
augmentation such as randomly flip the training images along
the vertical axis, trandate them up to 20 pixels horizontally
and vertically. Figures 13 until 15 show the data augmentation
techniques used in the experiment on the GTFD dataset.

Figure 13: Randomly Flip the Train Images Along the
Vertical Axis.

Figure 14: Randomly Trandate up to 20 Pixels
Horizontally.

Figure 15: Randomly Trandate Up to 20 pixelsvertically.

C. Experiments Result and Discussion

The purpose of this research is to verify the effectiveness
and accuracy of the proposed method on three different small
datasets. UTeMFD (18 training images per class), GTFD (9
training images per class), and CASIA-Face V5 (3 training
images per class). Three different experiments are done to
achieve the objectives. In this research, different types of
datasets as the number of images per subject are different are
used where UTeM FD consists of 18 training images per class,
GTFD consists of 9 training images per class, and
CASIA-Face V5 consists only 3 training images per class.
The performance of the proposed method is assessed
according to the accuracy and the time discussed in in
methodol ogy.

1) Experimentsl1: Fine-tuning Hyper-parameter

In deep learning, there is no fixed hyper-parameter used to
train amodel. Here different number of epochsis used to test
the model until it reached a good accuracy, 20" epochs have
the best performance as shown in Figure 16. The setting
mini-batch size equal to 30 and the global learning rate is
0.0001. The validation set with the validation frequency of 10
is used for validating the network during training.
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Figure 16: Recognition Accuracy for CNN M odel.

From Figure 16, the highest accuracy was obtained with an
epoch equal to 20 for three of the datasets. Besides, UTeMFD
achieved 100% in less than 4 epochs. For the GTFD, it
achieved 100% within 16th to 20" epochs while the
CASIA-FaceV5 achieved 100% at 20" epochs. All the
experiment is tested in 5 times on GPU environment which
can speed up on training process. In this research, Stochastic
Gradient Descent with momentum (SGDM) optimization
algorithm with 0.9 momentum is used to update the parameter
during training. The detailed hyper-parameter settings are
shown in Table 5 below. The settings are used for
experiments 2 and 3.

Table5: Hyper-parameter Settings.

Hyper -par ameter Selected value
Learning Rate 0.0001
Epochs 20
Mini-batch size 30
Validation Frequency 10
Momentum 0.9
Executive Environment GPU

290 and Sciences Publication

Besides, the performance of the CNN model can be
evaluated and observed from the training progress graph as
shown in Figure 17.

Accuracy

Training (smoothed)

% & ® 100 120 140 160
Reration

Reration

@
Figure 17: Training Progress Graph for Accuracy and
Lossfor Different Datasets (a) UTeMFD (b) GTFD (c)
CASIA-Face V5
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(Continued) Figure 17: Training Progress Graph for

Accuracy and Lossfor Different Datasets (a) UTeM FD
(b) GTFD (c) CASIA-Face V5

From the training progress plot, overfit model is easily
diagnosed by monitoring the training accuracy, validation
accuracy, training loss, validation loss by evaluating on both
training and validation set. If the model is overfitting, the
training accuracy will greater than the validation accuracy
while the validation loss value will greater than the training
loss value. Besides, the average values for 5 run of the results
using the same hyper-parameter settings are shownin Table 6
below.

Table 6: Resultsof Training, Validation and Testing on
Different Datasets.

Data Training | Validation | Mini-Batch | Validation | Training
Accuracy, | Accuracy, Loss, % Loss, % Times, s
% %
UTeMFD 100 100 0.18 0.02 121
GTFD 100 96.40 3.04 15.48 231
CASIA- 100 94.72 5.80 23.27 1265
Face V5

As a result, the number of images inside per subject in a
dataset will affect the performance of the model. For collected
dataset, UTeMFD has the largest number of images in each
subject which got 100% accuracy during training and
validation and it got the lowest training and validation loss
value as 0.18% and 0.02% respectively. For the GTFD
dataset, it has a medium number of images per subjects and
get the 100% training accuracy while the validation accuracy
islower 3.6% than UTeMFD dataset. The mini-batch losswas
3.04% while the validation loss is 15.48% which was also
higher than the UTeMFD dataset. For the CASIA-Face V5
dataset, it consisted of 5 images per subject which was
referred to as a small number size per subject. It gets 100%
training accuracy while the validation accuracy was the worst
as getting only 94.72%. Besides, it also gets a higher
mini-batch and validation loss as 5.80% and 23.27%
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respectively. In thisexperiment, | also found that alarger size
of the subjects will have alonger training time. CASIA-Face
V5 has 500 subjects which was a large size and the average
training time was 1265 seconds while the training time for
UTeMFD was only 121 seconds. Besides, the model starts
over-fitting at 80 iterations in Figure 17 (b) while 600
iterations in Figure 17 (c). Smaller training sets have the
opportunity to obtain over-fitting models.

2) Comparison of Transfer Learning Setting

Thisexperiment isaimed to select suitable layersto transfer
as the feature extractor from three datasets. In this
experiment, five different TL setting which described in detail
in methodology are compared on the validation set. The
experiment is conducted in 5 times for each setting. Then, the
results are compared accuracy on the validation set, training
and validation loss, and the training time. Besides, | calculate
the standard deviation to test the stability of the model. The
comparison results for the five run of validation performance
of transfer learning using setting A to E for three datasets are
shownin Table 7, 8, and 9.

Table 7: Comparison of Different Settingon UTeMFD

dataset
. Mini-Batch Validation Training
Setting | Accuracy, % L oss, Loss Time s
A 100 0.0018 0.0002 121
B 100 0.00007 0.00006 96
C 100 0.0001 0.0006 76
D 15 2.3336 2.4612 69
E 75.48 0.6775 0.7938 66
Table 8: Comparison of Different Setting on GTFD
Dataset.

. Mini-Batch Validation Training
Setting | Accuracy, % Loss L oss Time, s
A 96.40 0.0304 0.1548 231
B 93.47 0.0366 1.2823 209
C 76.93 0.0041 0.9648 153
D 12.26 3.3339 3.3950 127
E 23.73 2.4108 3.2809 120

Table 9: Comparison of Different Setting on
CAS|A-FaceV5 Dataset.

. Mini-Batch Validation Training
0,
Setting | Accuracy, % L oss L oss Time, s
A 94.72+1.24 0.056 + 0.02 0.23+0.04 1265
B 91.36+1.97 0.014 £ 0.01 0.41+0.05 1124
0.003 +

C 78.48 +1.67 0.001 0.96 + 0.10 962
0.001 +

D 68.52 + 2.66 0.001 1.84+0.32 1165
0.158 + 2462 +

E 62.16 + 8.74 0.261 0.679 1089
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Comparison of Validation Performance
with TL on Different Setting
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Figure 18: Comparison of the Validation Accuracy of
Transfer Learning using Different Settings.
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From Table 7, | found that setting A, B and C have 100%
accuracy on the validation set while the lowest training loss
was 0.0002% and 0.00006% of validation loss using setting B
on the UTeMFD dataset. Besides, Setting B had the lowest
standard deviation values. On the other hand, setting D which
transferred only four layers where C1 to CL4 as the feature
extractor has the worst results as the accuracy was only 15%
and has the highest training and validation loss value. As a
result, the best setting of transfer learning on UTeMFD is
setting B which fine-tuned the last two layers, FC7 and FC8.
For the GTFD dataset, Setting A which only fine-tuned the
last layer (FC8) achieved the highest performance among all
five settings concerning all measures which show in Table 8.
Setting A achieved 96.40 + 0.89% accuracy, 0.030 + 0.02
mini-batch loss, and 0.15 + 0.03 validation loss. While setting
D obtained the worst performance which only achieved 12.26
+ 5.00% accuracy and the highest training and validation loss
valuewhich are 3.33 + 0.40 and 3.40 + 0.23, respectively. For
the CASIA-Face V5 dataset, Setting A was the best
performance compared to others as shown in Table 9. The
average results run for 5 times achieved 94.72 + 1.24%
accuracy, 0.056 + 0.02 training loss, and 0.23 + 0.04 in 1265
seconds. On the other hand, setting E has the worst
performance asit only achieved 62.16 + 8.74% accuracy and
the highest mini-batch loss and validation loss which are
0.158 + 0.261 and 2.462 + 0.679, respectively. From Figure
18, the comparison of the accuracy of TL using different
settings is shown in the chart. The accuracy was decreased
gradually from setting A to E on CASIA-Face V5. While the
accuracy of the Setting D was dramatically dropped below
20% on the other two datasets, UTeEMFD and GTFD. As a
result, Setting B in which fine-tuning FC7 and FC8 layers are
selected for UTeMFD while Setting A which only fine-tuning
thelast layer (FC8) is selected for GTFD and CASIA-FaceV5
datasets.

3) Experiments 3. The Effects of Data Augmentation
Techniques

This experiment is conducted to answer the question: Does
the data augmentation technique can prevent overfitting and
improve the performance for training on small datasets? In
this experiment, the comparison of the performance of runthe
transfer learning with data augmentation against runs the
transfer learning without data augmentation was discussed.
DA techniques are applied on the training set such as resize,
reflection, and trandation. This technique can be used to
prevent overfitting as the network is unable to memorize the
exact details of the training data and enhance the
performance. For UTeMFD dataset, transfer learning with
Setting B was used for the experiment as it shown the best
performance obtained from Table 7. Apart from this,
configuration of transfer learning for GTFD and CASIA-Face
V5 datasets were set to Setting A. All the experiments were
runs in 5 times on validation set and the performance of
transfer learning without using DA are shown in Table 10
below. The results in terms of training and validation
accuracy are above 94%. Besides, Table 11 show the transfer
learning’s performance with using DA and Table 12 show the
comparison of TL with DA against without DA on three
datasets. From Table 10, by using UTeMFD, data-set
achieved the best performance with 100 % for the training and
validation accuracy. Furthermore, it has the lowest training
and validation loss value, which are 0.0002 + 0.0001 and
0.0001 + 0.0001, respectively. Besides, it's found that strong
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over-fitting was occurred since the training accuracy is
greater than validation accuracy. For training loss value is
smaller than validation loss value on both GTFD and

CASIA-Face V5 data-sets.

Table 10: The Performance of the Transfer Learning
without using DA.

Dataset Training Validation Training Validation
Accuracy, Accuracy, Loss Loss
% %
UTeMFD 100+ 0 100+ 0 0.0002 + 0.0001 +
0.0001 0.0001
GTFD 100+ 0 96.40 + 0.89 0.030 +0.02 0.15+0.03
CASIAFace-V 100+ 0 94.72+1.24 0.06 £ 0.02 0.23+£0.04
5

Table 11: The Performance of the Transfer Learning

with using DA.
Dataset Training Validation Training Validation
Accuracy, Accuracy, Loss Loss
% %
UTeMFD 100+ 0 100+ 0 0.00005 + 0.0000004 +
0.00003 0.0000002
GTFD 93.33+0 96.40 + 1.00 0.26 £ 0.01 0.16 +0.02
CASIAFace-V 91.33+1.82 95.24 +1.04 0.27+£0.05 0.22£0.04
5

Using UTeMFD still achieved the best performance where
it is obtained the highest training and validation accuracy and
the lowest training and validation loss value. 100% training
and validation accuracy was achieved, and the training and
validation lossismuch lower than the resultsfrom Table 11 as
it decreases from 0.0002 + 0.0001 to 0.00005 + 0.00003 and
0.0001 + 0.0001 to 0.0000004 + 0.0000002, respectively.
The over-fitting problems, can be solved after applied data
augmentation (DA) technique on both GTFD and
CASIA-Face V5 data-sets.

Table 12: Comparison the Performance of TL with DA
and without DA.

Dataset

Accuracy
without DA, %

Accuracy with
DA, %

Different, %

UTeMFD

100

100

GTFD

96.40

96.40

CASIA-Face V5

94.72

95.24

0.52
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From Table 12, the comparison of the performance of TL
with DA and without DA shown. The performance of both
UTeMFD and GFTD dataset remains the same as 100% and
96.40% validation accuracy with and without using DA. On
the other hand, the validation performance is improved by
0.52% which from 94.72% to 95.24% on CASIA-Face V5
after applying DA. From this experiment, it show that the data
augmentation technique helped in prevent over-fitting and
improve the performance.

D. Resultson Proposed M ethod

In this research, hyper-parameter settings used for training
is shown in Table 5. Moreover, Setting A is chosen and
applied on GTFD and CASIA-Face V5 as shown in Table 8
and 9. On the other hand, Setting B is chosen and applied to
collected dataset, UTEMFD as shown in Table 7. Besides,
data augmentation techniques are used to prevent over-fitting
and improve the performance. In this section, the retrained
neural network was tested on the test set and each dataset was
run 5 times to get the average recognition accuracy and time.
Table 13 shows the results of the proposed method on the test
set.
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By refer form Table 4.13, the average recognition accuracy
achieved 100% while the recognition time only 0.03 seconds
on the UTeMFD dataset. Besides, 96.67% of recognition
accuracy and 0.03 secondsrecognition timeisachieved on the
GTFD dataset. Furthermore, the proposed method achieved
95.60% of recognition accuracy and 0.04 seconds of
recognition time on the CASIA-Face V5 dataset.
Table 13: Results of Proposed M ethod on the Test Set.

Dataset Recognition Accuracy, Recognition Time, s
%
UTeMFD 100 0.03
GTFD 96.67 0.03
CASIAFace-V5 95.60 0.04

E. Comparison with Previous Researches

In this section, the results obtained from the proposed
study, have been compared with the findings of other
researchers. The comparisons are in terms of benchmarking
performance measure, as shown in Table 14. The statistical
analysis was performed based on the recognition accuracy
and time. All the comparative test results among the
state-of-the-art methods submitted on the GTFD and
CASIA-Face V5 databases. The comparison of my proposed
system and other researcher’s methods for on GTFD and
CASIA-FaceV5 datasets, including TCLBP [10],
HOG+SVM [11], sgFKNN1 [12], GC-RF [13], SCN [14],
fLLC—SPMSchemel [15], and SESRC + LDF [16].

Table 14: Comparison with Different State-of-the-Art

Approach.
Source Method Dataset Accuracy, .
% Time s
Ternary-Colo Color FERET 86.73
ZeLuet. Al [38] rLBP GTFD 94.57
(TCLBP) FRGC 75.32
LFW 78.57
(Hariharaet a. 2016) | HOG + SVM ColorFERET 68.50
[39] Yale Database 92.00
BiolD 75.67
GTFD 81.25
FEI 80.13
LFW 64.60
(Kasemsum sgFKNN1 GTFD 79.57
ranetal.
2016)
[40]
(Secetal GC-RF 89.20
2017) PCA GTFD 50.40
[41] LDA 65.60
Gabor-PCA 55.60
(Minaee et Scattering GTFD 90.00
a. 2018) Convolutiona
[42] |
Network
Source Method Dataset Accuracy, )
% Time s
(Umer et al. fLLC-SPMS
2015) c CA S'\'/AS Face 67.56
[43] hemel
SESRC +
(Mengmeng LDF 9243
et al. 2020) VGGFace GTFD 90.27
[44] VGGFace2 91.43
ArcFace 92.00 -
UTeMFD 100 0.03
'T\r/l"et??;d TL + CNN GTFD 96.67 0.03
CASIA-FaceV5 95.60 0.04

For the GTFD dataset, this proposed system is 2.1% better
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than other researchers’ methods. The higher results among
these six methods, TCLBP [10] achieved the highest
performance which is 94.57%. Where other researcher
methods such as HOG+SVM [11], Scattering Convolutional
Network [14], and SESRC+LDF [16] achieved 90% accuracy
and above. Besides, sgFKNN [12] is the worst performance
compared to others as it only achieved 79.57%. This is
because the GTFD dataset is captured at different scale
(sections), so the system cannot function properly and a
misclassification has occurred. For the CASIA-FaceV5, my
proposed system is 28.04% improvement compared to
fLLC—SPMSchemel [15]. CASIA-FaceV5 consists only 5
images in each subject and the image quality is low,
conventional machine learning method cannot perform well
in this dataset.
V. CONCLUSION

In this experiment, a face-recognition agorithm using
transfer learning and AlexNet pre-trained CNN model on
small data-sets is proposed. Three data-sets such as
UTeMFD, GTFD, and CASIA-Face V5 are used. Since
training deep learning using small data-set, hence the data
augmentation technique is applied. This can prevent
over-fitting and enhance the performance of the model.
Several experiments were conducted get the best performance
of the model. From the experiments, found that by increasing
the training set will achieve better performance. This
experiment achieved 100% validation accuracy on UTeMFD,
96.40% accuracy on the GTFD, and 95.24% on the
CASIA-Face V5 data-set. For recognition time for three
data-setsisless than 0.05 seconds for recognition single face.
Besides, AlexNet pre-trained CNN model was the only model
used as a transfer learning model in this project. For future
work, other deeper pre-trained CNN models such as ResNet,
DenseNet, VGG-Net, GoogleNet can be applied for the
transfer learning model by comparing and analyzing which
model can give good performance and stability.
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