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ABSTRACT 
Deep learning models have been successful and shown to perform 
better in terms of accuracy and efficiency for facial recognition 
applications. However, they require a huge amount of data samples 
that were well annotated to be successful. Their data requirements 
have led to some complications which include increased processing 
demands of the systems where such systems were to be deployed. 
Furthermore, the unavailability of well-annotated data has also 
affected the success of deep learning facial recognition models. 
Reducing the training sample sizes of deep learning models is still an 
open problem. This paper proses in reducing the number of samples 
required by the convolutional neural network used in training a facial 
recognition system. A Facial Image Deviation Estimation and Image 
Selection Algorithm (FIDE-ISA) was developed to select appropriate 
training samples incrementally based on their facial deviation. The 
model was tested using an online dataset called Face94 facial image 
dataset. The results indicated that training a CNN model with at least 
3 images per individual produces a 100% accuracy of recognition. This 
is an indication of the effectiveness of the developed algorithm. 
 
INTRODUCTION 

Face recognition is a biometric method 
used in recognizing an element using facial 
features. It is characterized by the high accuracy 
of a physiological approach without being intrusive 
(Ogbuju et al., 2020). Face recognition as a 
biometric method has brought the attention of 
many researchers in different faces ranging from 
computer vision, psychology, business, security 
and image processing (Alqadi et al., 2020; Coskun 
et al., 2017). Despite their importance, some 
factors affect the performance of face recognition 
systems. This include; changes in postures, scene 
illumination, orientation, the field of view and 
database sizes (Ogbuju et al., 2020; Almabdy & 
Elrefaei, 2019; Arafah et al., 2020; Coskun et al., 
2017).  

Several techniques have been 
proposed for face recognition applications, this 
includes deep learning which has shown better 
performance than other models in terms of 

accuracy and processing (Coskun et al., 2017; 
Filippidou & Papakostas, 2020; Ling et al., 2020; 
Marsot et al., 2020; Swapna et al., 2020; Tao et 
al., 2019). CNN's had been applied successfully to 
solve several computer vision problems with great 
success attributed to using large-scale data 
samples (Pei et al., 2019). However, due to 
difficulties in sample collection and the 
requirement for training with large-sample data, 
deploying CNNs for daily attendance 
management remains a challenge  (Pei et al., 
2019; Parkhi et al., 2015). Training a deep 
learning model with a huge amount of data allows 
the model to learn from different variations that  
exist in the images and that may be required for 
recognition (Peng et al., 2016). 

To address the sample requirement 
issues of CNN face recognition, Pei et al., (2019) 
proposes the application of data augmentation to 
enlarge the datasets by deploying several 
geometric transformations, filters and 
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enhancement mechanisms. The result indicated 
an improvement in the accuracy of the system, 
however, the complexities of the system also 
increased. Reducing the computational 
complexities of deep learning networks, and their 
dependence on large accurately annotated 
databases for training deep learning models is still 
an open research area that requires urgent 
attention (Nagpal et al., 2019).  Peng et al., (2016) 
applied modelling methods to reduce the need for 
huge datasets. This was achieved in three 
phases; application of spatial transformation 
learning for aligning faces spontaneously and 
design of a robust face recognition system.  
This paper proses the reduction of the number of 
training samples a CNNs will require for training 
and still obtain a state of the art performance. A 
Facial Image Deviation Estimation and Image 
Selection Algorithm (FIDE-ISA) was developed to 
select appropriate training samples based on their 
deviation in an incremental manner. The method 
adopted in this paper will ensure that images with 
closely related features, that is, minimum 

deviation are avoided while those with wider 
deviations are selected to capture the diversity of 
the samples. The remaining part of the paper is 
organized as: In section two, methods and 
materials used were described, and in section 
three, the results and discussion were presented. 
 
MATERIALS AND METHODS 
Facial Image Deviation Estimation and Image 
Selection Algorithm (FIDE-ISA) 

FIDE-ISA is an algorithm that was 
designed to estimate the deviations within facial 
images of an individual and selects the best 
images for training a deep learning facial 
recognition model.  To achieve this successfully, 
five facial landmarks were detected which are: 

i. Left eye 
ii. Right eye 
iii. Nose 
iv. The left side of the mouth  
v. The right side of the mouth 

Figure 1 shows a facial image with the facial 
landmarks of interest. 

 
Figure 1: Facial landmarks 

 
The facial landmarks used in Figure 1 

were detected using the MTCNN model which 
stands for (Multi-task Cascaded Convolutional 
Neutral Network) used in face detection. MTCNN 

was adopted for both facial landmark detection 
and face detection because it produces better 
results than any face detection model. After 
detecting the facial landmarks, the Euclidean 
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distances between the coordinates of the base 
image and the deviated image is calculated as 
illustrated in Figure 2. 

 
Figure 2: Coordinates of Facial Landmarks for Base Image and Deviated Image 

 
Given a facial image ‘I’, with five facial 

landmarks, the landmarks can be represented as: 
  �� = [{��, 	�}, {��, 	�}, {��, 	�}, {�, 	}, {��, 	�}(1) 

 
Where ��: �� are the x-coordinate of 

the left eye, right eye, nose, left mouth and right 

mouth respectively. Similarly, 	�: 	� are the y-
coordinates of the left eye, right eye, nose, left 
mouth and right mouth respectively. The 
landmarks of the image I can be represented as a 
vector V as follows: 

 �� = {��, 	�}, {��, 	�}, … , {��, 	�}(2) 
 

Where N = Number of facial landmarks, 
i=1:N. For M number of images, jth image 
landmarks can therefore be represented as: 

 �� = [{��}, {��}, {��}, . . . , {��}]   (3) 

 
The Euclidean distance (D) between two images, 
the base image (Ib) and the deviated image (Id) 
was calculated using Equation 3.4. 

��� = �� �� − ��"�#
�$�                          4" 

 

For  ' − 1" deviated images, the 
Euclidean distances of the images becomes a 1 
by (M-1) matrix as shown in Equation (3.5): 

 � = )��,��, ��,. . . , ��*�+                             5" 

 
The deviation between the base image 

and the deviated images was calculated by 
obtaining the difference between the base 

coordinates �� and ��  as shown in Equation (3.6). 

 - =  [{�� − ��}, {�� − ��}, {�� − ��}, . . . , {��− ��*�}]                       6" 

 

From the deviation (∅), the images were 
sorted in order of maximum deviation from the 
base image from which the most deviated images 
will be selected for training. The FIDE-ISA 
algorithm is shown in Figure 3. 

 



JOURNAL OF SCIECNCE TECHNOLOGY AND EDUCATION 9 (2), JUNE, 2021 
ISSN: 2277-0011; Journal homepage: www.atbuftejoste.com 

   

*Corresponding author: Hassan, O.S.  alhassan77077@gmail.com   Department of Computer Science, University of Abuja. © 
2021 Faculty of Technology Education, ATBU Bauchi. All rights reserved 

228 

 
Figure 3: FIDE-ISA Algorithm 

 
Experimentation 

In this study, the hardware and software 
that will be used for the proposed designed CNN 
face recognition model are presented in Table 1.  
MATLAB R2020a software will be used to train 
and test the model, and perform performance 
evaluation. The experiment was carried out using 
an available online face dataset (faces94). The 
experiment was conducted by first loading the 
images, pre-process the image, select training 
samples using FIDE-ISA, extract features using 
AlexNet CNN for training. The trained model will 
then be tested by loading test images, classify the 
images using Softmax transfer learning and 

calculate model performance as described in the 
flowchart in Figure 4.  

Nine (9) sub-experiments were 
performed to determine the effectiveness of the 
image selection algorithm on the performance of 
the system. Nine different models were created 
using an incremental number of training samples. 
18 individuals were selected comprising of 20 
images per individual. The last three images from 
each individual were combined to form the test 
dataset. The first 17 images per individual make 
the training images. For each individual, the 
algorithm selects the appropriate images for 
training starting from 2, 3, 5, 7, 9, 11, 13, 15 and 
17 respectively.  



JOURNAL OF SCIECNCE TECHNOLOGY AND EDUCATION 9 (2), JUNE, 2021 
ISSN: 2277-0011; Journal homepage: www.atbuftejoste.com 

   

*Corresponding author: Hassan, O.S.  alhassan77077@gmail.com   Department of Computer Science, University of Abuja. © 
2021 Faculty of Technology Education, ATBU Bauchi. All rights reserved 

229 

 
Figure 4: Flow chart of CNN Model Development Process 

 
For Experiment 1, the system was 

trained with 36 faces comprising of two faces per 
individual. Experiment two is a model trained with 
54 faces, three faces per individual, while 
experiment three was a model trained with 90 
faces comprising of 5 faces per individual. 
Experiments four, five, six, seven and eight have 
their models trained with 126, 162, 198, 234 and 
270 faces respectively comprising of 7, 9, 11, 13 
and 15 faces per individual. Lastly, in experiment 
nine, the system was trained with 306 faces 
comprising 17 faces per individual. Each model 
developed was evaluated by measuring the 
systems accuracy, time of convergence and rate 
of convergence. The best model was selected 
based on the minimum training time and highest 
accuracy achieved. The other databases will also 
be trained and evaluated accordingly. The 
experiment was implemented using MatLab 
R2020a in a system with a 2.6 GHz processing 
speed. 

 
Performance Evaluation  

The developed face detection and 
recognition system were evaluated using 
accuracy, time of training and iteration rate. The 
accuracy measures the total number of correctly 
recognized faces against all the faces and it is 
given by Equation 7: 01123415 =  6789:8                                      7" 

 
These metrics was adopted by most 

researchers in the field of face recognition (Ma, et 
al., 2019). The time metrics were used to measure 
the time complexity of the system (in seconds), 
which will be one of the bases for selecting or 
rejecting a model. The number of iteration per 
epoch was also measured for each model to 
ascertain the relationship between a number of 
training samples, accuracy and convergence time. 
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RESULTS AND DISCUSSION 
Training Results 

Table 1 shows the systems training 
convergence results for experiment 1 to 9. The 
results comprise convergence time and the 
convergence rate for all the experiments. From 
Table 1, when the number of training images is 36, 
the time of convergence is 108s, training with 54 
images increases the convergence time to 149s, 
training with 90 images converges at 154s, and 
with 126 images, it converges at 169s. Also, 

training with 162, 198, 234, 270 and 306 images 
converges at 331s, 455s, 484s, 600s and 664s 
respectively. Similarly, the number of iterations 
required for convergence in experiment 1, 2, 3, 
and 4 are 20, where the maximum images per 
individual are 7. For experiment 5, with 9 images 
per individual, the convergence rate rose to 40, 
while, the convergence rate increases to 60 for 
experiments 6 and 7 with 11 and 13 individuals per 
image respectively. Finally, in experiment 8 and 9, 
the convergence rate rose to 80. 

 
Table 1: Training convergence result 

Experiments Number of 
Training Images 

Images per 
Person 

Convergence 
Time (s) 

Convergence 
Rate 

1 36 2 108 20 

2 54 3 149 20 

3 90 5 154 20 

4 126 7 169 20 

5 162 9 331 40 

6 198 11 455 60 

7 234 13 484 60 

8 270 15 600 80 

9 306 17 664 80 

 
The results obtained during the training 

phase of the developed face recognition system 
for experiments 1 to 9 are analyzed in two ways. 
The first is the analysis of the number of training 
images and time of convergence analysis shown 
in Figure 5 and the second is the analysis of the 
number of image per individual, the convergence 

time and convergence rate shown in Figure 6. 
From Figure 5, as the number of training samples 
increases (the pink curve), the time of 
convergence (the green curve) also increases. 
The increase in convergence time from the fifth 
experiment to the ninth experiment exceeds the 
increase from the first to the fourth iteration. 

 
 

Figure 5: Training Convergence Time Analysis 
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This is attributed to the fact that as the 
number of images exceeds 300, the number of 
epoch per iteration increases to 2. Similarly, as the 
number of images reaches 600, the epoch per 
iteration increases to 4. This lead to a 
consequential increase in the time taken to train 
the system. Figure 6 shows three curves, the 
yellow curve represents the number of images per 
individual, the pink curve represents the time of 
convergence in minutes and the blue curve 
represents the convergence rate. From 
experiment 1 to experiment 4, the number of 
images per individual is 2, 3, 5, and 7 respectively, 

resulting in a single epoch per iteration with a 
convergence iteration of 20. The fifth experiment 
was trained with 9 images per individual which 
converges in 40 iterations with 2 epoch per 
iteration. Experiments 6 and 7 have 11 and 13 
images per individual and converges in 60 
iterations with 3 epoch per iteration. Experiments 
8 and 9 converge in 80 iterations with 4 epoch per 
iteration. These results indicated that the number 
of epoch per iteration is proportional to the number 
of images per individual used to train the system 
which also affects the training time. 

 

 
 

Figure 6: Training Performance Analysis 
Testing Results 

Three images from each individual not 
used for training were used for testing the system 
for each experiment. The 54 test images were 
checked to determine if they belong to a particular 
individual or not. Table 2 shows the summary of 
the numbers of correctly classified and wrongly 

classified faces for experiments 1 to experiments 
9. From the table, 51 faces were correctly 
recognized and 3 were wrongly recognized for 
experiment one. For experiment 2 to experiment 
9, 54 faces were correctly and recognized and 
none was wrongly recognized. 

 
Table 2: Summary of test recognition results 

Experiments Number of Correctly  
Recognized Faces 

Number of Wrongly  
Recognized Faces 

1 51 3 

2 54 0 

3 54 0 

4 54 0 

5 54 0 
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Experiments Number of Correctly  
Recognized Faces 

Number of Wrongly  
Recognized Faces 

6 54 0 

7 54 0 

8 54 0 

9 54 0 

 
Test Performance Evaluation and Analysis 

Table 3 shows the performance 
evaluation results of the system testing for the 9 
experiments. The accuracy of the system for 
experiment 1 is 94.44%, while the accuracy for 
experiments 2 to 9 is 100% respectively. The 
result shows an increase in the number of training 

image (red bar) 36 to 54 images improves overall 
performance from 94.44% to 100% (green bar). 
Further increase of the training samples from 54 
to 90, 90 to 126, 126 to 162, 162 to 198, 198 to 
234, 234 to 270, and 270 to 306 (the red bar) all 
produces 100% accuracy as shown in the green 
bar in Figure 7. 

 
Table 3: Test Performance evaluation 

Experiments Number of 
Training Images 

Convergence 
Time (s) 

Accuracy 
(%) 

1 36 108 94.44 

2 54 149 100 

3 90 154 100 

4 126 169 100 

5 162 331 100 

6 198 455 100 

7 234 484 100 

8 270 600 100 

9 306 664 100 

 

 
 

Figure 7: Test Performance Analysis 
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 From Figure 7, it can be deduced that 
experiment two with 54 training images, 3 images 
per individual produces the most desirable results 
with 100% accuracy achieved in 149 seconds. 
This result indicates that training a face 
recognition model with a fewer number 
appropriate images produces the same result in 
terms of accuracy in a much faster time. The 
proposed algorithm and face recognition model 
proposed in this research work successfully 
reduced the training time from 664s to 149s. This 
results in 345.64% training time reduction which is 
very significant in reducing the time spent in 
training face recognition systems.  
 
CONCLUSION 

The training result of the developed 
system for the nine experiments performed 
indicated that the time of convergence is 
proportional to the number of training samples or 
a number of images per individual selected for 
training. The convergence rate, which is the 
number of epoch per iteration is also proportional 
to the number of images per individual. Training 
with less than eight images per individuals 
required only one epoch per iteration to converge. 
Training with 9 images per individual requires two 
epochs per iteration, while 11 to 13 images per 
individual results in three epochs per iteration. 
Finally, above 13 images per individual, required 
four epochs per iteration. For all the models 
trained with the increasing number of training 
samples, the convergence accuracy is 100%. This 
indicated that selecting the appropriate type of 
images based on the deviation of the facial 
features produces the same result in terms of 
accuracy when compared with models trained with 
a higher number of images.  

In terms of testing the developed trained 
system, the results obtained indicated that models 
trained with 54 images and above produce 100% 
accurate authentication of faces. Only the model 
trained with less than 54 images produces less 
than 100% accurate authentication. This is an 
indication that training a facial recognition system 
with few images can produce better results when 
it comes to accuracy and time of convergence. 
This research has contributed immensely to 
knowledge by developing an algorithm that selects 
appropriate and few images for training a facial 

recognition system thereby enhancing the training 
and testing phases of a facial recognition system. 
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