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In face recognition systems, light direction, reflection, and emotional and physical changes on the face 
are some of the main factors that make recognition difficult. Deep metric learning algorithms called 
representative learning are frequently preferred in this field. However, in addition to the model’s success 
in feature extraction, factors such as the distribution of samples in this database and appropriate classifier 
preferences also affect the overall performance of the face recognition system. This study it is aimed to 
create integrity in the database of a pre-trained deep neural network model by obtaining augmented 
data for classes with a limited number of samples. Thanks to this method called Graded Similarity Rates 
(GSR), augmented data that could disrupt class integrity has been removed from the database. This way, 
classes with limited examples are kept integrity, and classifier behavior is used more effectively. The 
model proposed in the experimental study reached 99.38% accuracy values compared to traditional data 
augmentation models. Experimental results have shown that the database has an acceptable level of 
success even at smaller vector sizes and is more organized.

© 2023 Elsevier Inc. All rights reserved.
1. Introduction

The basis of facial recognition systems is to extract facial fea-
tures and make comparisons using these features. Deep Learn-
ing (DL) models offer an approach that has successfully extracted 
the features of the analyzed data [1–4]. Advanced face recogni-
tion technologies are needed in many applications, such as ob-
taining face information, human-computer interface applications, 
multimedia communication, creating artificial faces, and managing 
content-based face databases [5]. Proximity values of each compar-
ison process are calculated by comparing the distinctive features 
of the image questioned in the recognition process with the other 
feature sets in the face database. Then, the result is obtained by 
considering all these calculated proximity values. The quality of 
face recognition applications is directly proportional to the creation 
of the face recognition database, and the quality of the face poses 
obtained in the face recognition processes [6–10]. The most critical 
point of face matching is determining the representations of the 
features of two different faces that will ensure correct matching 
[8]. Although excellent results are obtained when suitable con-
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ditions are provided, small changes in environmental conditions 
adversely affect face recognition processes [5].

For many computer vision tasks, increasing the data size is a 
crucial way to expand the training dataset, allowing the model 
to learn different conditions and preventing “overfitting” situa-
tions defined as memorization or overfitting [11]. This approach 
is the easiest for classification. In this way, the diversity of data 
is increased by artificial methods and significantly affects learn-
ing performance. Pictures are subject to some distortions with 
data augmentation processes. Operations such as angular rotation, 
perspective-changing, panning, and zooming are performed on the 
picture to increase the variety of pictures [3,12].

This study aims to create integrity in the database of a pre-
trained deep neural network model by obtaining augmented data 
for classes with a limited number of samples. Thanks to this 
method called Graded Similarity Rates (GSR), augmented data that 
could disrupt class integrity has been removed from the database. 
This way, classes with limited examples are kept in integrity, and 
classifier behavior is used more effectively. In summary, the con-
tributions of the study can be presented as items such as:

• optimally augmenting classes with limited data
• limiting excessive data augmentation
• more efficient use of the classifier
• high performance even with small-size vectors
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2. Related studies

2.1. Data augmentation

Data augmentation methods are widely used in many fields 
and data sets, significantly contributing to success. Şahin O. In his 
study, he increased the number of images he used from 1540 to 
2640 using data enlargement techniques. He calculated the con-
sistency of the ResNet50 model on the training data as 100% by 
applying the 90-degree angular rotation, pan, and zoom filters to 
different models to obtain their different positions in the banknote 
data set [12]. Duman and Akın increased the data set they used 
in their study by 1000, 3000, and 20000 rates and increased the 
test success from 4% to 57% according to training [13]. Krishevsky 
et al., in the AlexNet model they designed, used two techniques 
called data augmentation and dropout to eliminate the overfit-
ting problem and stated that the depth of the neural networks 
and the amount of data used during the training phase are sig-
nificant for the classification performance [14]. Arpacı and Varlı 
studied the effect of the mixup method on retinal vessel segmenta-
tion performed with the U-Net model in IOSTAR dataset images. In 
this direction, they tested different variations in which the mixup 
method was applied in addition to traditional data augmentation 
processes such as horizontal mirroring, clipping, and flipping. Ac-
cording to this study, while low performance was obtained in the 
tests applied only to Mixup, the test results in which traditional 
and mixup methods were used together had a higher success rate 
[15].

2.2. Data augmentation for face recognition

Many data augmentation studies are developed in facial recog-
nition studies, especially for real-time systems. In general, these 
studies can be listed as recognizing pose angle changes and rec-
ognizing despite the factors that make it difficult to recognize in 
the face region. Jiang-Jing Lv et al. in their study, they compared 
the performance between data augmentation-based augmentation 
and manual dataset expansion on five different methods by in-
creasing the CASIA-WebFace dataset to an almost twice as large 
dataset containing 25,580 subjects, 2,545,659 face images. Finally, 
combining all these models achieved 99.33% training and 94.08% 
test success [16]. Kutlugün et al., in their study, wanted to deter-
mine which different data augmentation method was more effec-
tive in the face recognition system they proposed. They increased 
the number of images from 150 to 3300, 6300, and 9450, respec-
tively, by filtering 22, 42, and 63 times for each face image. They 
found that this data augmentation process increased the recogni-
tion performance by 26% more in the last case than in the first 
case [3].

Studies in this area generally aim to train models by extracting 
much better features from the data and thus recognizing differ-
ent situations. However, causing excessive data growth with data 
augmentation can waste training time. In this study, data augmen-
tation was used not to better train the model but to classify the 
dataset of a pre-trained model more effectively. In this respect, our 
study is unique from other studies we have investigated in the lit-
erature.

3. Method

3.1. Aim

It is aimed to preserve class integrity in models where high-
quality 128-dimensional vector features obtained from deep metric 
learning-based face recognition systems, especially k-nn classifiers, 
are used. Therefore, excessive data growth away from the targeted 
2

Fig. 1. Data distribution with ideal class distinction.

class should be filtered out or excluded. GSR proposes that it can 
take advantage of the classifier threshold value by introducing a 
new way to determine this distance. This way, only truly distinctive 
features will remain in the class, and integrity will be created in 
the database. The targeted distribution is presented in Fig. 1 as a 
representation. The details of filtering with GSR are explained in 
the section titled GSR.

3.2. Model and architecture

In the study, as a model, the open-source Dlib face recogni-
tion library created by Davis King [17] and developed by Adam 
Geitgey [18] in 2017 was used. The k-NN algorithm was used as 
a classifier also. This library is built with state-of-the-art facial 
recognition trained with 3 million images. The default classifier 
tolerance value according to the dlib library is 0.6, and lower rates 
make face comparisons more stringent. This optimum threshold 
value has a 99.38% accuracy rate in the Labeled Faces in the Wild 
(LFW) dataset [16]. The model uses embedding, which can be rep-
resented by a 128-dimensional vector space for each face image. 
The Histogram of Oriented Gradient (HOG) algorithm, developed 
by Dalal and Triggs [19] in 2005, was preferred for face detection.

As shown in the flow diagram in Fig. 2, the original picture 
is augmented by applying some filters. Each augmented picture 
is converted into 128-dimensional vectors with the Convolutional 
Neural Networks (CNNs) model. In the classifier stage, only data 
that conforms to the accepted threshold value will remain, and 
other augmented artificial data will be discarded.

3.3. GSR

Let c1 and c2 be the elements of two different classes with a 
limited number of data. Let the first instance derived from class 
c1 by data augmentation methods be named c′

1,1, the second c′
1,2, 

and the first instance derived from class c2 as c′
2,1. Let’s assume 

that as a result of data augmentation processes, data distribution 
is formed as in Fig. 3.

In this case, if each derived data were stored in the database, 
the second data derived from c1 would be incorrectly classified as 
false positive because it was closer to the c2 class. For c′

1,2, it can 
be said that it is subject to excessive distortion by excessive data 
augmentation. Thus, it caused an uneven distribution by moving 
away from its own class and getting closer to another class. With 
the proposed GSR method to prevent such problems, the classifier 
tries to keep the data augmentation under control by considering 
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Fig. 2. Architecture.
Fig. 3. Threshold relationship with GSR action.

the threshold value. Accordingly, when the two vectors are com-
pared with the Euclidean distance formula [20,21] in equation (1), 
samples that exceed the classifier threshold value will be discarded 
according to the equation (2) rule. Instead, c′

1,1 and c′
2,1 samples 

that do not exceed the classifier threshold value will be located in 
the appropriate areas of the class.
3

d
(
x, x′) =

√√√√ N∑
i−1

(
xi − x′

i

)2 (1)

GSR Action =
{

0,discard r < d
(
x, x′)

1,accept r ≥ d
(
x, x′) (2)

GSR will filter the fields corresponding to each different percentile 
separately for the data within the boundary. Suppose we want to 
get six synthetic data from an original image with a data aug-
mentation filter. In that case, we can do it with GSR as in Fig. 4. 
However, it should be noted that dummy data corresponding to 
the 50% and 40% slices cannot be used as they are outside the 
classifier threshold. In other percentiles, the remaining four artifi-
cial data are limited to one data per percentile. In this way, a more 
homogeneous distribution of data is achieved.

Otherwise, positioning four artificial data in the closest position 
to the original data is not suitable in terms of quality, although it 
is suitable in number. Because the main purpose of data augmen-
tation is to learn different situations and classify them correctly by 
providing data diversity.

4. Experimental study

Many different data augmentation methods have been applied 
for experimental studies, especially with different data sets con-
taining a limited number of samples. As a result of these applica-
tions, the effect of the proposed method was measured by examin-
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Fig. 4. Data distributed by gradual similarity ratios.

ing the GSR action according to the similarity rates obtained from 
the model.

The LFW dataset, frequently used in face recognition studies, 
contains more than 13000 face images. These contain two or more 
pictures of 1680 people. In the application, the facial images of 
4069 people, excluded from these and only one sample are avail-
able, are used. Data enlargement filters were applied to the original 
data with this limited sample in groups of 150 people.

In the first stage, for each face image using data augmentation 
techniques, traditional methods such as angular rotation, panning, 
cropping, zooming, and lighting filters were applied. Augmented 
images in Fig. 5 are representatively shown with different similar-
ity ratios and GSR action from the original image.

In the second phase, apart from traditional methods, the “state-
of-the-art” MixUp [22] method (with alpha: 0.2) was applied to 
images between different classes. The new images created from 
these processes are shown in Fig. 6 with the GSR effect.

In the third stage, different data augmentation was applied to 
the original image belonging to the same class, and then new 
images were obtained with the MixUp method (with alpha: 0.2 
value). The new images obtained from these processes are shown 
in Fig. 7 with the GSR effect.

In the fourth stage, the MixUp method was applied to datasets 
other than face databases. As a result of this application, the im-
ages obtained from the FashionMNIST data set [23] are as in Fig. 8
with the effect of GSR.

The CutMix [24] method was applied to two classes in the last 
stage. The new image created by the CutMix process and the GSR 
effect is shown in Fig. 9.

4.1. Experimental results

In this section, the results obtained from the applications per-
formed with different methods are presented in Table 1. The Pre-
cision [25] (P) metric in equation (3) was used in this evaluation 
process.

P = NT P

NT P + N F P
(3)

In addition, a comparison with the test video detailed in Table 2
was made to measure the effect of GSR on the real-time face 
recognition system. First, random data augmentation was made by 
adding pictures of Aleksandra Wozniak and Maria Sharapova to the 
4

Table 1
3-Level performance chart of different data augmentation methods.

Method
Number of Data

Level-1 Level-2 Level-3

Traditional without GSR 3300 6300 9450
Performance Rate (%) 62.38% 66.56% 76.84%
Traditional + GSR 2400 5250 6150
Performance Rate (%) 93.74% 96.36% 98.82%
Traditional + Class based MixUP + GSR 2250 4650 5700
Performance Rate (%) 94.9% 97.86% 99.38%

Table 2
Features of the test video.

Label of the video clip “Wozniak and Sharapova”

Duration (s) 324
Number of Frames 8103
FPS 25
Dimension 854x480
Category Sports-Tennis
Characteristics of the video clip It includes summary match images of 

different players taken with a motion 
camera in the quarter-finals.
Original title in Youtube-8M dataset: 
“2015 Aegon International Eastbourne 
Quarterfinal WTA Highlights”

existing data set. The obtained 516 artificial images were compared 
without any filtering (without applying GSR) as in Fig. 10(a). Then, 
it was filtered with GSR up to 25 pieces each, and the results in 
Fig. 10(b) were obtained.

All 128 dimensional vectors stored in the database were re-
duced to two dimensions with the t-SNE [26] method and com-
pared visually. Accordingly, a randomly augmented database distri-
bution with traditional data augmentation methods will be as in 
Fig. 11. It is seen in the figure that the data are distributed with 
an accuracy of about 77%.

The data distribution obtained from discarding the data filtered 
by the GSR method is as in Fig. 12. It is seen that the data are 
distributed with approximately 99% accuracy.

In Fig. 10(a), the artificial data obtained from the random data 
augmentation methods show that the distance between classes is 
quite close. Therefore, elements of the two classes can be mixed, 
and losses may occur at different face exposure angles. In this test 
video, approximately 80% accuracy value was obtained with the 
traditional method.

In Fig. 10(b), more stable results can be obtained since artifi-
cial data is filtered with GSR. In this test video, approximately 88% 
accuracy has been reached with the GSR method.

The performance distribution graph obtained as a result of the 
comparison of the different methods obtained from our proposed 
method with the studies (Method-1 [3], Method-2 [15]) conducted 
in other fields and different data sets similar to our study is as in 
Fig. 13.

5. Conclusion and evaluation

Deep learning methods are proven methods with effective fea-
ture extraction, especially in structures where the number of data 
is relatively high. Many different models are generally accepted in 
this field today. However, there may be difficulties that each model 
may face. Especially for systems with limited sample data, addi-
tional methods such as data augmentation are needed. Indiscrim-
inate data augmentation will result in unnecessary data storage 
and misclassification. A much more complex structure will emerge 
in structures where the data set grows.

The method proposed in this study is provided to shape the 
database in a systematic order. Data augmentation steps are ob-
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Fig. 5. Augmented images by applying traditional methods.

Fig. 6. Images obtained with the MixUp method applied between different classes.

Fig. 7. MixUp images applied to images belonging to the same class.

Fig. 8. MixUp example for the FashionMNIST dataset.
5
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Fig. 9. Images obtained with the CutMix method applied between different classes.

Fig. 10. Comparison of face recognition performance in test video of data augmentation with GSR.

Fig. 11. Random augmented training dataset distribution.
6
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Fig. 12. Dataset distribution after GSR.
Fig. 13. Dataset distribution after gradual augmentation.

tained by using the threshold value to determine the target im-
age’s class. This stratification will ensure effective data samples 
with appropriate criteria instead of having many irregular data in 
the dataset. For example, in the case of augmentation with many 
pictures consisting of precisely the same images belonging to the 
same class, data distribution that almost overlaps or is very close 
to each other in that class is obtained. This situation will cause 
the system to become more rigid in the classifier stage. However, 
the fact that it contains different examples from each level within 
acceptable limits will lead the system to behave much more con-
sistently. This way, classes with limited examples are kept in in-
tegrity, and classifier behavior is used more effectively. The model 
proposed in the experimental study reached 99.38% accuracy val-
ues compared to traditional data augmentation models. Experi-
mental results have shown that the database has an acceptable 
level of success even at smaller vector sizes and is more organized.
7

Discussion and limitations

According to this study, it has been suggested that the classi-
fication reference threshold should be considered in the data aug-
mentation method, which is often preferred in applications with a 
limited number of datasets, as it has the effect of deciding whether 
a person is real or fake.

However, the proposed method determines the boundaries of 
the classes more sharply and can be preferred to create a stable 
face recognition system. Because this method, which aims to re-
duce the FP and FN ratios, will increase the “Unknown” person 
identification in cases where the threshold value is not determined 
appropriately. In addition to the distribution of the dataset, the 
data augmentation capacity (i.e., the number of data in each class 
to be found in the database) is also essential, especially in models 
using k-nn classifiers.

The proposed model can be preferred in the applications given 
below, where it is necessary to monitor up-to-date data constantly 
and require more stringent classification.

– Employee tracking systems,
– Airport passenger control systems,
– Passport, visa, and driver’s license control systems.
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