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Abstract—In the law enforcement investigation, the police use
sketching techniques to identify suspects from an eyewitness's
memory. Many automatic face sketch recognition systems that
determine the perpetrator’s appearance from the face image
datasets have been proposed. The aim is to conduct the arrest of
the right offender. We propose this work to carry out a search
based on the ethnicity criterion to speed up this automatic
identification and to help authorities execute fast responses by
launching the retrieval process only in a part of the dataset of face
images. The goal of this study is to enhance the accuracy of ethnic
face sketch classification by using the convolutional neural
network built on the VGG16 architecture. The FairFace dataset,
which includes seven ethnic face images: White, Black, Indian,
East Asian, Southeast Asian, Middle Eastern, and
Latino|Hispanic, was employed in the study. We convert the face
images dataset to face sketch images, and we optimize the VGG16
model for seven classification outputs. This work shows that the
VGG16 deep learning model offers a reliable, automated
approachfor ethnic face sketch classification and recognition. The
used model achieved an accuracy reaching above 94% and
produced a low false negative rate, which is crucial for minimizing
undetected cases.

Keywords—Forensic face sketch; ethnic classification; deep
learning; transfer learning; optimized VGG16 model

I.  INTRODUCTION

Race is basically defined as a mixture of physical,
behavioral, and cultural attributes, but ethnicity recognizes
differences between people mostly based on language and
sharedculture [1]. In other words, raceis inherent in our biology,
and therefore inherited across generations, while ethnicity is
based on native region or culture and acquired; it can be tied to
the self-ascribed.

VGG16 (Visual Geometry Group-16 deep layers)is a deep
convolutional neural network model introduced by the team at
the University of Oxford [2]. It is most famous for its
architectural simplicity and its performance, especially in image
classification, but it needs many calculations, and it’s a slow
algorithm without a GPU. Among its applications, in addition to
image classification, are feature extraction, object detection, and
image segmentation. Generally, VGG16 is one of the most
experimented CNN architectures for facial soft biometrics
analysis. It achieved a significant success thanks to its deep

architecture (around 138 M parameters, 13 convolutional layers,
and 3 fully connected layers), which allows it to better generate
results even in the presence of small training sets.

Human Face Ethnic Groups Identification and Recognition
(FEGIR) is an area of non-verbal language in day-to-day life
communication. Ethnic facial features are some of the most
important face features, but humans struggle and find it hard to
try to differentiate between members of social outgroups,
including different races [3]. Moreover, FEGIR systems have
attracted numerous researchers and have been conducted and
utilized in various fields since they attemptto overcome the
problems and factors weakening these systems, including the
problem of image classification, also due to their large-scale
applications in face analysis, particularly face recognition [4];
sharpening the global focus on ethnicity and race in the time of
COVID-19 disease [5],[6], career progression analysis [7],
disentangling the stress process [8], and social crime [9].

Ethnic-basedseparationamonghumansis classified into six
minimum categories: American Indian or Alaska Native, Asian,
Black or African American, Hispanic or Latino, Native
Hawaiian or Other Pacific Islander, and White [7]. However,
based on their skin colors, we have five kinds of ethnicity:

red, white, black, brown, and yellow. It can also be tied up
to some specific geographic regions, countries, or nationalities:
symbolized relationships between the "races" and the countries.
The U.S. Census Bureau also considers five race categories:
White, Black or African American, American Indian or Alaska
Native, Asian Native, and Hawaiian or Other Pacific Islander.
The census considers some regions of origin for each race
category. We use seven ethnic kinds of faces: White, Black,
Indian, East Asian, Southeast Asian, Middle Eastemn, and
Latino, referring to the used dataset of face sketch images.

Ethnic group identification and recognition systems aim to
automatically classify ethnicity in a dataset of photos or sketches
(Fig. 1). It is based on a two-dimensional image of human
subjects. The automatic task of ethnicity recognition is
challenging work and explicitly difficult: Ethnic face
classification and recognition can be done in many ways, butthis
study is concerned with the ethnic face sketch [10],[11]
classification and recognition based on two-dimensional images
of people’s sketched faces.
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Fig. 1. Examplesof ethnic groups face sketch classification and recognition.

There are a large number of datasets available for human
ethnicity classification research, some of which are private and
some public. The FairFace database [ 10]is mostcommonly used
in ethnicity classification, but until the redaction of this article,
there was no face sketch dataset labeled with ethnic features
used or cited in any related research. To resolve this situation
and this problem, we created our ethnic face sketch dataset by
converting face images of the FairFace dataset to face sketch
images based on a method encompassing image inversion,
Gaussian blur, and dodging fusion techniques.

VGGFace achieved an impressive accuracy in face
recognition [12] and age estimation [13],[14] and has been
successfully experimented with also for gender recognition
[15],[16]. For this reason, we believe it can be effective for
ethnicity recognition and classification purposes. In our
proposed approach, we optimized the VGG16 model for seven
classification outputs relative to our used face sketch dataset
since it contains seven ethnic classes. The results of this work
show that deep learning models, including VGG16, can offera
strong and automatic means of face sketch ethnicity
classification and recognition. Beyond their intellectual value,
these findings have practical ramifications for authorities in law
enforcement investigation since they allow faster and more
consistent ethnicity recognition and automatic face sketch
recognition [17],[18].

The rest of the study is organized as follows: In Section II,
related studies, an overview of the proposed VGG16 model is
presented, emphasizing different modern searches when it's
used. Many areas are mentioned, like computer vision, health
disease classification, agriculture disease classification, and the
civil engineering & construction sector. In Section Il We
presentabriefexplanationofthe VGG16 models. In Section IV,
we explore our approach in detail and describe the performance
of our proposed algorithm. Section V presents the tests and
experiments carried out during this study. Finally, we
summarize this article with a conclusion.

II. RELATED WORKS

Ethnicity classification, a crucial facet in computer vision
and artificial intelligence, has witnessed significant
advancements in recent years. VGG16 is a VGGFace model
trained from scratch for face recognition on almost 1 000 000
images. This CNN is probably the most adopted architecture for
facial soft biometrics analysis, and we believe it can also be
effective for ethnicity recognition and classification purposes.
There has been a wealth of research onthe VGG16 model, as
well as on its application in areas such as computer vision.
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Specifically, it’s used in various subfields such as image
recognition

[19]-[21], health disease classification [22]-[24], agriculture
disease classification or food security [25]-[26], and the civil
engineering & construction sector [27], the lasttwo areas were
cited to indicate the performance of the use of VGG16 and
considered as a related works to the use of the VGG16 model.:

In the image recognition subfield, for example, the study
suggested by Zhu & Li [19] offers an improved version of
VGG16 combined with wavelet analysis and marginal Fisher
analysis (dimensionality reduction) to improve image
recognition on different animal images. Their approach
recognitionaccuracyreached 97%. Although in[20],R. Sewada
and H. Goyal propose an adaptation of VGG-16 for the
classification of multispectral satellite images. The used images
are visible and near-infrared images. Their proposed
modifications to the VGG-16 approach attain a higher
classification accuracy rate 0of£96.7%. While Geng¢ & Yalman
[21] propose an approach to recognize aircraft using satellite
images based on CNN models. They detail a comparison study
of VGG16 and VGG19 architectures. Based on their obtained
results, VGG16 achieves an accuracy of approximately 82.67%,
and VGG19 reaches ~89.29%.

However, in the medical domain, specifically in the health
disease classification subfield, the authors of [22] propose a
hybrid approach to detect heart disease by combining deep
learning, machine leaming, and explainable artificial
intelligence. The explainable artificial intelligence techniques
allow for theidentificationof themostdecisive clinical variables
in predicting cardiac risk. They use the pre-trained VGG16
model to extract 14 features from medical data converted to
image format. These features are then merged with the original
clinical data and classified using several machine learning
algorithms: SVM, Random Forest, K-NN, etc. The VGGI16
combined with the random forest model achieves the best
performance, with an accuracy of approximately 92%. All the
heart disease datasets used for their study are from Kaggle,
comprising publicly available and synthetic data samples. In
another health disease classification case [23], F. Tanjim and S.
Hamdy describe and detail a method based on learning transfer
with VGG16 to detect breast cancer from histopathological
images. The authors use the pre-trained VGG16 model and
adapt it to the BreaKHis medical dataset to distinguish between
benign and malignant tumors. They improve the number of
images using modern techniques such as data augmentation,
dynamic tuning of the learning rate, and data regularization.
They also propose a modified version of the pre-trained VGG16
model, which they named M-VGG16. The results show that the
M-VGG16 model achieves an accuracy of approximately 94%.
Although, in study [24], a retinal disease detection case, Jaimes
et al. offer an approach foridentifying four categories of retinal
diseases from optical coherence tomography (OCT) images
from the Kaggle database using a VGG16 transfer learning-
based model. It relies on the pre-trained VGG16 model, adapted
and refined for this specifictask. The results achieve an accuracy
of approximately 95%. The authors also use the Grad-CAM
technique to visualize areas of the image that influence the
prediction, thus improving the interpretability of the model.
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Also,intheagriculture disease classification subfield related
to the food security subdomain, in [25], the authors propose a
CNN approach to improve the classification of tomato leaf
diseases by adapting the classic VGG16 architecture to this
agricultural domainandby optimizingits hyperparameters using
Bayesian optimization. The innovative aspect of the used
technique lies in the use of Bayesian optimization to
automatically selectthe besthyperparameters for themodel. The
experiments are conducted on the Tomato Leaf Disease
Detection (TLDD) dataset, a dataset of images of healthy and
diseased tomato leaves, which is publicly available on the
Kaggle platform. The results show that the proposed model
achieves approximately 97% accuracy, surpassing the standard
version of VGG16 (89.0%). The authors improve and modify
the original VGG16 architecture by adjusting certain layers and
adding regularization mechanisms to adapt it for plant disease
detection. Although in a second agricultural classification
disease case [26], Sahputra et al. compare two deep leaming
models, VGG16 and MobileNet, for classifying rice leaf
diseases such as bacterial leaf blight, brown spot, leafblast, and
narrow brown spot. They use a set of images of infected and
healthy leaves by using a dataset of 2,190 rice leaf images
divided into five classes, apply preprocessing and data
augmentation, and then evaluate the two models based on
accuracy, speed, and complexity. The results show that VGG16
achieves superior accuracy, offering better classification
performance. In contrast, MobileNet is lighter and faster. The
VGG16 model achieved an accuracy of 98%, while the
MobileNet model reached 95% accuracy.

In the civil engineering & construction sector, one example
related to urban construction and infrastructure is the study
carried outby Chenetal.[27];itis a smartsolution for structural
health monitoring of buildings and dwellings. The authors
propose a steel-reinforced concrete corrosion crack detection
method based on improved VGG16. They propose a deep
learning approach for detecting corrosion cracks in reinforced
concrete using an improved VGG16 model. They adapt the
VGG16 architecture to better capture fine crack details in
images of concrete structures, while simultaneously reducing
computational complexity. Chen et al. use the SDNET2018 and
DeepCrack concrete crack datasets for training and testing
experiments, and their proposed model achieved a precision of
94.4%.

As a contribution, this article proposes an ethnic face sketch
classification and recognition method based on an improved
VGG16 model. Our work is inspired in part by the recent and
successful method thathas shown that the use and integration of
the VGG16 model in classification scenarios leads to obtaining
a better score; it could be used to perform well. We believe it
can also be effective for ethnicity recognition and classification
purposes. As partof our research project, in which a face sketch
recognition systemwas developed. We achieved an impressive
accuracy in the face sketch recognition task [17], face sketch
gender recognition task [11],[18],[28],[29], face sketch age
estimation and recognition task [30], and face sketch emotions
classification and recognition task [31]-[33]. What remains is
the developmentof a phase ofthe overall project thatallows for
face sketch ethnicity recognition. For this reason, our project
aspires to blaze new trails in the realm of face sketch ethnicity
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classification. We explore the possibilities of creating custom
models tailored specifically to the challenges posed by this
complex classification task. Our objective is to develop a
classification system that surpasses conventional standards and
excels in capturing the intricate subtleties of ethnicity. We
leverage the capabilities of deep leamning to advance the science
of ethnicity and human race classification, fostering a world that
values and appreciates the beauty of our differences.

III. VGG16 DEEP CONVOLUTIONAL NEURAL NETWORK
MODEL

VGG16 is a well-known pre-trained CNN model from
ImageNetthatconsists of 16 layers with learned weights, mainly
using 3%3 convolutions and 2X2 max pooling to extract and
reduce image features. It’s trained from scratch for face
recognition on almost a million images from the ImageNet
dataset. This pre-trained CNN model is one of the most
experimented-with CNN architectures for facial soft biometrics
analysis, and it is very effective at extracting useful features
from images.

The diagram of Fig. 2 illustrates multiple layers of
interconnected neurons (nodes), which allow the network to
learn complex, hierarchical features from data. The different
sections, indicated by varying colors and structures, include
multiple and different layers: 2D convolution layers, 2D max
pooling, flatten, and dense. We have already explained the main
function and task of convolutional layers and max pooling in
section 2.1, while the primary role of dense flatten is to convert
the 3D output from the VGG16 base to 1D so thatit can be used
in fully connected layers, and the dense layers are the fully
connected layers. As evident from the name, it consists of 16
levels and requires an input of 224x224 pixels.

B T lE SRR BRI
[l convap

B vaxpooling2p
[l Flatten

. Dense

Fig.2. VGGI16 architecture scheme.
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Fig.3. VGGI16 simple architecture 3D scheme.
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Fig. 3, thus, clearly highlights the network's progression, in
particular: gradual reduction of spatial size, increase in feature
depth, and finally, classification via the fully connected layers.
The architecture follows a very regular pattern: consistent filter
sizes, double or triple convolution per block, then pooling,
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which simplifies optimization while allowing the extraction of
increasingly abstract visual features. The VGG-16 architecture
begins with an input layer receiving images of size 224x224x3,
and during the progression, outputs a unique prediction,
allowing classification among 1000 outputs. Fig. 3 clearly
illustrates the model's ability to effectively reduce the
dimensions of the input image before flattening it into a simple
final vector.

The number of used parameters in each layer and for each
block is detailed in Table [; in addition to the type of layer, it
indicates the output shape obtained at the end of each layer. The
number of parameters is zero for the input layer, all the
MaxPooling2D layers used, and the flatten layer. The model
uses 1 792 in the first 2D convolution layer and 4097000 in the
lastone. 102 764 544 parameters areused inthe firstdense layer;
it’s the biggest number of parameters used in the model. The
total parameters of the model are 138357544 (527.79 MB), and
the trainable parameters are 138 57544 (527.79 MB), so the

model doesn’t have a non-trainable parameter (0.00 B).

TABLE . TYPE LAYERS, OUTPUT SHAPE AND PARAMETERS OF VGG16
MODEL
Layer (type) Output Shape Parameters
input_layer (InputLayer) (None, 224,224, 3) 0
blockl_convl (Conv2D) gj‘)’“e’ 224,224, 1792
block1_conv2 (Conv2D) (6N4‘)’ne° 224,224, 36928
blockl pool (None, 112,112, 0
(MaxPooling2D) 64)
block2_convl (Conv2D) (1N2‘§r)‘e 12,112, 73 856
block2_conv2 (Conv2D) (17\2'%‘;‘3 112,112, 147 584
block2_pool
(MaxPooling2D) (None, 56,56, 128) 0
block3_convl (Conv2D) (None, 56, 56,256) 295168
block3 _conv2 (Conv2D) (None, 56, 56,256) 590 080
block3_conv3 (Conv2D) (None, 56, 56, 256) 590 080
block3_pool
(MaxPooling2D) (None, 28,28,256) 0
block4_convl (Conv2D) (None, 28,28,512) 1180160
block4 conv2 (Conv2D) (None, 28,28,512) 2359808
block4 _conv3 (Conv2D) (None, 28,28,512) 2359808
block4 pool
(MaxPooling2D) (None, 14,14, 512) 0
block5_convl (Conv2D) (None, 14, 14,512) 2359808
block5_conv2 (Conv2D) (None, 14, 14,512) 2359 808
block5_conv3 (Conv2D) (None, 14, 14,512) 2359808
block5 pool
(MaxPooling2D) (None, 7,7, 512) 0
flatten (Flatten) (None, 25088) 0
fcl (Dense) (None, 4096) 102 764 544
fc2 (Dense) (None, 4096) 16781312
predictions (Dense) (None, 1000) 4097 000
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In Fig. 4, the VGG16 deep and detailed architecture is
shown; it’s composed of several successive blocks of
convolutional layers followed by max-pooling layers. The first
block applies two convolutions with 64 filters of size 3x3,
maintaining the input resolution at 224 %224, before reducing it
to 112x112viamax-pooling. The second block repeats the same
structure but with 128 filters, reducing the size to 56x56 after
pooling. The third block consists of three convolutions with 256
filters each, followed by pooling that reduces the resolution to
28x28.The fourth block applies three convolutions of 512 filters
before pooling, which reduces the size to 14x14. The fifth and
final convolutional block applies three more layersof 512 filters,
then a final max-pooling, resulting in a feature map of
dimensions 7x7x512. The outputofthe convolutions is flattened
into a vector of 25088 values, which feeds two fully connected
layers of 4096 nodes each. The final dense layer has 1000 nodes
and SoftMax activation, corresponding to 1000 possible output
classes. The total ofthese output classes is chosen relative to the
ImageNet dataset.

IV. PROPOSED APPROACH

The proposed framework for classifying ethnic groups from
face sketches consists of several successive steps. First, images
from a specialized dataset of face sketches are fed into the input
system. This raw data then undergoes preprocessing, including
automatic face detection, pixel intensity normalization, and
image resizing to the format required by the VGG1 6 architecture
(224%224x3).

The proposed system takes as input an image I € R #*W*3
from the face sketches dataset. A facial detection operation D(I)
extracts the face region If, and the D operation encompasses
exactly the HOG and SVM methods. The resulting image It is
then normalized as in Eq. (1):

=1r
L= (M

Input images from face sketch ethnic group classification
dataset

i

Data Preparation and Preprocessing : Face

detection, Normalize, Resize

Proposed VGG16 base for face sketch ethnicity
recognition and classification

Soft Max Function

White Black Indian East Asian Southeast Asian Middle Eastern Latino| OQutput

Fig. 5. Our proposed framework based on the VGG16 Model for face sketch
ethnic group classification and recognition: An overview.

The normalization step converts pixel values to a 0-1 scale
by dividing all pixel values by 255. Then, the resulting image I
is resized to Ir through Eq. (2). The resize function resizes the
image to 224x224 to conform to the VGG16 model shape.
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I = Resize(l,,,224 X 224 X 3) 2)

In the feature extraction phase, a tailored VGG16 model is
used as the basis network. This acts as a deep feature extractor,
capable of efficiently capturing the facial structures present in
the sketches. The pre-trained convolutional layers can be
retained or fine-tuned to optimize performance on this type of
non-photographic data.

The preprocessed image Ir is then propagated through a
modified VGG16 network, consisting of 3%3 convolutional
blocks followed by ReLU activation functions and max-pooling
layers. Each block b performs a nonlinear transformation of the
image described by Eq. (3):

Fp=0W;*F_4 +b)) (3)

where W, is the convolutional filter of layer [, * is the
convolution operation, and o is the ReLU function.

After the last convolutional block, a flatten operation
produces a feature vector z € Rd. Finally, the representations
generated by VGG16 are passed to a dense layer equipped with
a SoftMax activation function, ensuring a probability
distribution across all defined categories. The dense classifier
then applies the following equation as in Eq. (4):

y=W,+b C))
where y € RK and K is the number of classes.

The final Softmax layer calculates a probability distribution
as in Eq. (5):

eYi

P(y) = S &)

For C ethnic groups, the predicted probability for class c is
P(y = ¢ | F), calculated as mentioned in Eq. (5). The loss
function L in Eq. (6) is categorical cross-entropy:

L=-%t1ylog (P(y=cl|F )) (6)

The predicted class corresponds to the result ofthe equation
in Eq. (7):

¢ = argmax; P(y;) (7)

The class with the highest probability is selected as the
model output. An overview of our proposed framework based
on the VGG16 model for face sketch ethnic group classification
and recognition is shownin Fig. 5. This framework thus enables
automatic and structured classification of face sketches
according to the seven predefined categories in the used dataset.

The details of the proposed VGG16 base algorithm for face
sketch ethnic group classification and recognition can be
summarized as follows: Fig. 6. The pseudocode is also shown in
Fig. 7.

Step1: A face sketch is input to the trained VGG16-based
model (face sketch preprocessing)

Step 2: Deep feature extraction by convolutional layers
(feature learning)
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Step3: The classifier ethnic

label(classification)

predicts the group

Step4: The class with the highest softmax probability is

selected (ethnic group recognition)

Fig. 6. Main stages of the proposed system.

Input: Face sketch dataset D = {(Is, C)}
# Is=Face sketch image, C= Ethnic group class
# Pre-trained VGG16 model
Output: Predicted ethnic group label ¢
1- Load pre-trained VGG16 model
2- Remove fully connected layers
3-Freeze early convolutional layers
4- Fine-tune deeper layers on sketch dataset
5- For each sketch image Is in D do
Resize Is to 224x224
Normalize Is
Extract features with VGG16 Model
# £=VGG16(Is)
end for
6- Train classifier Softmax using features f
7- For a test sketch Itest:
Extract feature ftest
Predict ethnic group ¢
end for
8- Return ¢

Fig. 7. Pseudo-code of the proposed algorithm: VGG16-based face sketch
ethnic groups classification and recognition.

Each face sketch image is preprocessed by resizing to
224x224x3 and normalizing pixel values before being passed
through the modified VGG16 network to extract high-
dimensional deep feature vectors. Partial layer freezing allows
for the preservation of generic descriptors. The extracted
features are subsequently used to train the SoftMax classifier,
which predicts the ethnic group label for test face sketches.

V. EXPERIMENTS AND RESULTS

A. Dataset and Ethnicity Groups Taxonomy

To demonstrate the effectiveness of the proposed method,
we proceeded to acquire a dataset of ethnic groups' face sketch
pictures. We used the FairFace [34] face images dataset that we
converted to face sketch images. It is used as a source of real
face images to generate sketches using inversion, Gaussian blur,
fusion, “dodging,” and sketch-synthesis methods. In the context
ofethnicface sketch classificationandrecognition, FairFace can
serve as the best source ofreal face images from which sketches
can be generated.
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Fairface Ethnicity Distribution (Ethnically balanced)

. White
B Black
I (atino/Hispanic
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B Indian
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Fairface

Fig. 8. FairFace ethnicity balanced distribution.

FairFace is a face image dataset that is ethnically balanced.
It is a large-scale facial image dataset and contains 108501
images of faces in the wild, annotated with seven ethnicity
categories [ White, Black, Indian, East Asian, Southeast Asian,
Middle Eastern, and Latino/Hispanic], gender labels (male and
female), and age group ranges. Images were collected from the
YFCC-100M Flickr dataset and labelled with race groups,
gender, and age groups. FairFace [35],[36] is ethnically
balanced, as shown in Fig. §, ensuring thatall groups are fairly
represented, which makes it particularly suitable for training
models for ethnicity group classification and recognition. Its
images exhibit natural variations in pose, lighting, and
background, providingrealistic and perfect conditions for model
training. Fig. 9 details the FairFace ethnic groups' class
distribution, Table II. gives a summary dataset description, and
Fig. 10 includes random samples fromthe same dataset, where
each line in Fig. 10 represents and corresponds to an ethnic
group. These ethnic groups are illustrated from the white
ethnicity to the Latino| Hispanic ethnicity, suitable to order in
Fig. 9.

Face Sketch Dataset - Ethnicity Distribution (FairFace-based)
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Fig.9. FairFace ethnicity distribution.
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TABLE II. FAIRFACE DATASET DESCRIPTION (ETHNICITY)
Number of Characteristics Annotations Ethnicity Classes Ethnic groups Description Number of % of Total
images Images (~)
-White -Caucasian heritage 15600 ~14.4%
-Varied, mostly -Race/ Ethnicity: 7 ~14.3%
high-quality images categories -Black -African descent 15500 ’
. . . . ~14.3%
- Contains in-the- -Gender: M|F -Indian -Indian subcontinent 15550
wild images, (faces ~143%
~108000 with natural -Age groups: -East Asian -East Asian heritage 15500 ’
conditions) 0-2,3-9,
10-19, 20-29, -Southeast Asian -Southeast Asian heritage 15500 ~14.3%
-variations in pose, | 30-39, 40-49, =
lighting, 50-59, 60-69, -Middle Eastern -Middle Eastern heritage 15550 ~14.3%
& background. 70+ ’
-Latino / Hispanic -Latin American heritage 15800 ~14.6%

Fig. 10. Random samples from the FairFace dataset.

We divide the dataset into seven data subsets suitable for
each kind of basic ethnicity: White, Black, Indian, East Asian,
Southeast Asian, Middle Eastern, and Latino [Hispanic. Table Il
shows the percentage of each ethnic group; for each ethnicity
class,the numberofimages is approximately 15500, with 14.4%
of the average total. The reduction in the number of images is
intended to simplify calculations, and the choice ofimages for
the subclassesis arbitrary. Our chosen number of images in each
ethnicity class is approximately seven thousand (~7000).

The generated face sketch ethnicity dataset from FairFace is
used fortraining, validation, and testing our proposed approach.
As shown in Table III., sixty percent (60%) of the images
(29400) are used for the training phase, nineteen percent (20%)
of'the images (9800) are used for the validation task, while the
remaining twenty percent (20%) of the images (9800) are
reserved for the testing phase to assess the generalization
performance of the proposed approach on unseen face sketch
images. The dataset was divided proportionally to ensure that

each ethnicity class was represented in all seven subsets. To
achieve a complexity that is feasible on our machine, in our
experimented and generated face sketch ethnicity dataset, the
number of images in each ethnicity class is approximately seven
thousand (~7000), 49000 images in total. Images were
determined by data availability and the requirements of the
VGG16 model training and testing process.

TABLE III. OUR DATASET SPLIT DISTRIBUTION ACROSS TRAINING,
'VALIDATION, AND TESTING PHASES
Phase task Number of images % of Total
Training ~29400 ~60%
Validation ~9800 ~20%
Testing ~9800 ~20%
B. Tools

The proposed VGG16 model was developed, trained, and
tested in Python using TensorFlow [39] to give access to pre-
trained networks. Pandas was used for label file extraction and
oversampling, CV2 for data preprocessing and facial
recognition, and Scikit-learn for splitting data into training,
validation, andtestingsets. All computations were runin Google
Colab using GPUs. The pre-trained VGG16 was downloaded
via Keras through TensorFlow and subjected to transfer
learning.

C. Image Pre-Processing

This stage prepares the data for the training process. Several
steps are performed, including face detection, sketch image
generation, normalization, and image resizing. We used the
methods and operations detailed and mentioned in section IV to
normalize and to resize to 224x224 all FairFace dataset images.
We also convertall face images of the FairFace dataset to face
sketch images by using a combination of inversion, Gaussian
blur, and fusion image techniques. Fig. 11 shows a random
sample of ethnic groups' face sketches generated and converted
fromFairFaceby usingthesetechniques. They includeall ethnic
classes:
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Fig. 11. Random samples of ethnic groups face sketches generated from the
FairFace dataset images.

In our proposed approach, the first step in the preprocessing
process is the face detection task. We use for this stage the
famous Viola and Jones algorithm [40]-[42]. Fig. 12 illustrates
some obtained results; the used method, based on the Viola-
Jones technique, enables the faces to be detected perfectly.
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Fig. 12. Random Samples face sketch detection.

Fig. 13 summarize the experimental workflow for the data
preparation and preprocessing task. The outputimage from the
preprocessing phase will be the input image of the ethnic
classifier based on the VGG16 model; it is an image containing
only the detected face sketch area, which has beenresized to a
224x224-pixel image and normalized.
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FairFace Dataset Preprocessing
Face Sketch

(resize+ normalize)

Face Sketch Genaration Face sketch Detection

(Face images+ Ethnicity Labels} (inversion + Gaussian blur + fusian] [Viola - jones algorithm)

Fig. 13. Detailed experimental workflow for data preparation and
preprocessing task.

D. Performance Metrics

When training a classifier, the choice ofa scoring metric is a
critical factor in achieving optimal classifier accuracy. The
selection of the appropriate evaluation scale is of paramount
importance to discriminate and ensure superior performance
[37],[38]. Meanwhile, the model evaluation stage was carried
out to assess the accuracy, consistency, and performance of the
modelin ethnic group facesketch classification and recognition.
Model performance measurements used a confusion matrix and
metrics suchas accuracy (Eq. 8), precision (Eq. 9), recall (Eq.
10) and F1-score (Eq. 11). To compare model predictions with
actual data, below are some equations for the proposed VGG16
model evaluation:

TP+TN
Accuracy = ——— (®)
TP+TN+FP+FN
.. TP
Precision = )]
TP+FP
Recall (sensitivity) = s (10)
Y) =N
Precision xRecall
F1 —Score =2 X ——MM (11)
Precision+Recall
Precision XRecall
Fg — Score = (1 + 3%) x - ————— (12)
3“ XPrecision+Recall

The Fg-score in Eq. (12) is a generalized version of the
classic F1-score, which allows more weight to be given to
precision or recall, depending on the specific application. The
score results will be the same asthe classic F1-score, while 3 is
equal to one. While f3 is greater than one, the focus is onrecall;
if less precision is needed and 3 is less than one, more emphasis
is placed on precision.

A True Positive (TP) occurs when the model predicts a
positive output and the actual outcome is also positive,
indicating a correct prediction for the positive class. Similarly, a
True Negative (TN) occurs when the model predicts a negative
outputand the actual output is also negative, indicating a correct
prediction for the negative class. Conversely, a False Positive
(FP) occurs when the model incorrectly predicts a positive
output when the actual output is negative. And finally, a false
negative occurs when the model incorrectly predicts a negative
output when the actual output is positive.

E. Results and Discussion

The generated dataset for this study consists of face sketches
labeled by ethnicity. Seven classes were identified: White,
Black, Indian, East Asian, Southeast Asian, Middle Eastern, and
Latino|Hispanic. A total of 49000 face sketch images were
randomly collected and generated from FairFace and divided
into three subsets: training data, validation data, and test data.
This proportional distribution ensured that each class was
represented in all three subsets, thus optimizing the training,
validation, and testing of the VGG16 model. The number of
images used for each ethnic group class is balanced as detailed
in Table IV below:
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TABLEIV. FACE SKETCH IMAGE DATA DISTRIBUTION
Image Ethnicity Tlg;li;ng Valll)g::;wn Testing Data

Class
White ~4200 ~1400 ~1°00
Black ~4200 ~1400 ~1400
Indian ~4200 ~1400 ~1400
East Asian ~4200 ~1400 ~1400
Southeast Asian ~4200 ~1400 ~1400
Middle Eastern ~4200 ~1400 ~1400
Latino|Hispanic ~4200 ~1400 ~1400
Total (7000) ~29400 ~9800 ~9800

Tests were conducted on 49000 data face sketch images
distributed across seven classes of ethnic group face sketches:
each ethnicity class contained approximately 7000 images. To
evaluatethe learning performance ofthe VGG16 model, we first
present the performance of optimized VGG16-based ethnic
groups classification on the face sketches generated from the
FairFace dataset,and we present theaccuracy and lossplots. The
obtained results are shown in Fig. 14 and Fig. 15. These plots
illustrate the model's ability to learn from the training and
validation data, as well as the stability of the training process.
The accuracy, precision, recall, Fz-1-score Fp—- score and
Fp-0.5-score for the face sketch ethnic group classification and
recognition using our adopted approach are shown in Table V.

TABLE V. PERFORMANCE OF OPTIMIZED VGG16-BASED ETHNIC
GROUPS CLASSIFICATION ON THE FACE SKETCHES GENERATED FROM THE
FAIRFACE DATASET

etric Accurac Precisio | Recal | Fp - | Fg-, Fo-os
Mo y n 1 score | score -
score
Adopted
VGGl6 947 | 34.6
(Proposed | +00 93.80 94.60 | o i 93.62
)

The optimized VGG16 model accuracy graph (Fig. 14)
shows a consistent increase in accuracy since the beginning of
training, reaching above ~95% at the 100th epoch. The training
and validation data accuracy patterns are similar, with no
significant differences. This indicates that the model has good
generalization capabilities and does not experience overfitting.
The consistency between training and validation accuracy also
indicates that the model is able to lear effectively from the data
provided.

Training vs Validation Accuracy of Optimized VGG16 for Face Sketch Ethnicity Classification and Recognition

o5 | —8— Training Accuracy
Validation Accuracy

1 10 20 n 40 50 60 70 80 0 100
Epochs

Fig. 14. Optimized VGG16 accuracy graph.
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Meanwhile, the loss plot of the optimized VGGI6
model(Fig. 15) shows a sharp decrease during the early epochs
for both the training and validation data. Subsequently, the loss
tends to stabilize at a low value (close to ~0), despite slight
fluctuations in the validation loss at certain epochs. However,
these fluctuations remain small and within acceptable limits.
This behavior confirms that the training is proceeding correctly
and that the model does not exhibit overfitting or underfitting
problems.

Training and Validation Loss of Optimized VGG16 for Face Sketch Ethnicity Classification and Recog

Fig. 15. Optimized VGG16 loss graph.
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Fig. 16. Class-wise precision (%) for face sketch ethnicity classification and
recognition (Optimized VGG16).

Once the model is trained, it is tested on the test data. The
results of this test are presented in the visualization in Fig. 16.
The figure illustrates the class-wise precision performance for
face-sketch-based ethnicity classification and recognitionacross
seven basic ethnic groups. The results show clearly high
precision values for all ethnicity classes, ranging from 92.3% for
Middle Eastern to 94.2% for the White ethnic group, indicating
strong discriminatory capability of the optimized VGGI16
proposed model. The highest precisionis achieved forthe White
(94.2%) and Black (94.00%) ethnic groups, while slightly lower
performances are obtained for Middle Eastern (92.3%) and
Southeast Asian (92.4%) ethnic groups. Overall, the balanced
distribution of precision scores across ethnicities demonstrates
the robustness and fairness of the optimized VGG16 proposed
model for face sketch ethnicity classification and recognition.
We deduce that class-wise precision (%) for face sketches,
ethnicity classification, and recognition using an optimized
VGG16 model shows consistently high performance across all
seven basic ethnic groups.
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Normalized Confusion Matrix (%) - Face sketch ethnicity classification and recognition (Optimized VGG16 )
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Fig. 17. Optimized VGG16 confusion matrix (%) in face sketch-based
ethnicity classification and recognition.

Fig. 17 presents the normalized confusion matrix (%) for
face sketch ethnic group classification and recognition using the
optimized VGG16 model. The matrix brings to the fore strong
diagonal dominance, indicating high correct classification rates
across all seven basic ethnic groups. Precision values on the
main diagonal exceed 92% for all classes, demonstrating the
effectiveness of the proposed approach: White (94.2%), Black
(94.0%), East Asian (93.0%), Southeast Asian (92.4%), Indian
(92.9%),Middle Eastern (92.3%),and Latino|Hispanic (93.1%).
Minor misclassifications are observed between visually similar
ethnic groups, such as East Asian and Southeast Asian, as well
as Middle Eastern and Indian.

Fig. 18 also illustrates the inter-class confusion matrix for
face sketch—based ethnicity classification and recognition using
the optimized VGG16 model. The matrix emphasizes
misclassification patterns between ethnic groups (distribution of
misclassification errors). Overall, the confusion rates remain
low, indicating strong class separability.

Inter-Class Confusion Matrix (%) - Face sketch ethnicity classification and recognition (Optimized VGG16 )
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Fig. 18. Inter-class confusion matrix (%) for face sketch ethnic group
classification and recognition using optimized VGG16.
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The most noticeable and slight confusions are observed
between visually related ethnic groups, such as between East
Asian and Southeast Asian ethnic classes, which can be
attributed to shared facial sketch features and characteristics.
Similarly, moderate confusion is observed between Indian and
Middle Eastern ethnicity classes, reflecting visual similarities in
facial characteristics commonly found in sketch representations.
Especially, these confusions are symmetrical and very low in
magnitude, proving that the model does not exhibit systematic
bias toward any particular ethnic group.

For example, VGG16 incorrectly classified some cases
shown in Fig. 19. The first case is classified as Indian with 54%
precision, so in fact the real class ethnic group is Southeast
Asian. The prediction ofthe second case is East Asian with 57%
precision; however, the real ethnicity is Southeast Asian. For the
third case, in which the real class is East Asian, its prediction is
60% Southeast Asian. The last caseis classified as Indian with
55% precision, so in reality, it is a Middle Eastern face sketch.
This indicates that face sketches exhibit similar spot patterns or
discoloration, making them difficult for the model to
distinguish.

4

Fig. 19. Sample fails classified cases.

However, the model correctly identified the other ethnicity
classes shown in Fig. 20. The figure illustrates some cases
correctly classified as all seven basic ethnic groups,
demonstrating the model's strong ability to identify ethnic
groups with more distinctive characteristics. The first case in
Fig. 20. is classified as Black with 91.7%; the second case is
predicted Latino/Hispanic with 87.4%; the third one is classified
as 82.6% Middle Eastern; the fourth case is predicted to be
Southeast Asianwith 81.9%; the fifth case is classified as 87.9%
East Asian; the sixth case is predicted to be 95% White; and the
last case is 93.16% Indian.

It is reported that for some face sketch images, the enhanced
approach doesn't even allow for face detection in the image, and
this problem is because the image doesn'tinclude both eyes or
the image isn't clear enough, as in the examples in Fig. 21:
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Fig.21. Samples of face sketches with failed face detection and their corresponding real photos from the FairFace dataset.

VL

This study proposes a new deep learning method for face
sketch ethnic group classification and recognition. The method
is based on the optimized VGG16 model. We used seven ethnic
group sub-datasets for all ethnicities: White, Black, Indian, East
Asian, Southeast Asian, Middle Eastern, and Latino. We tested
our method on generated face sketches from the FairFace dataset
usingacombination of inversion, Gaussian blur, and fusion, and
the results are very satisfactory. The accuracy is reaching above
94% and produced a low false negative rate. Our work is
inspired by the recent successful methods that showed that a
relatively mothered output VGG16 feature could be used to give
good performance in a classification and recognition-based
framework. To address the challenge of the lack of data and
comparative models in the state of the art of the topic under
study, the future work will include a decrease in the number of
features used and the use of other competitive deep learning
models.

CONCLUSION
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