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Abstract: Sign languages are complex, but there are ongoing research efforts in engineering and data
science to recognize, understand, and utilize them in real-time applications. Arabic sign language
recognition (ArSL) has been examined and applied using various traditional and intelligent methods.
However, there have been limited attempts to enhance this process by utilizing pretrained models
and large-sized vision transformers designed for image classification tasks. This study aimed to create
robust transfer learning models trained on a dataset of 54,049 images depicting 32 alphabets from
an ArSL dataset. The goal was to accurately classify these images into their corresponding Arabic
alphabets. This study included two methodological parts. The first one was the transfer learning
approach, wherein we utilized various pretrained models namely MobileNet, Xception, Inception,
InceptionResNet, DenseNet, and BiT, and two vision transformers namely ViT, and Swin. We
evaluated different variants from base-sized to large-sized pretrained models and vision transformers
with weights initialized from the ImageNet dataset or otherwise randomly. The second part was
the deep learning approach using convolutional neural networks (CNNs), wherein several CNN
architectures were trained from scratch to be compared with the transfer learning approach. The
proposed methods were evaluated using the accuracy, AUC, precision, recall, F1 and loss metrics. The
transfer learning approach consistently performed well on the ArSL dataset and outperformed other
CNN models. ResNet and InceptionResNet obtained a comparably high performance of 98%. By
combining the concepts of transformer-based architecture and pretraining, ViT and Swin leveraged
the strengths of both architectures and reduced the number of parameters required for training,
making them more efficient and stable than other models and existing studies for ArSL classification.
This demonstrates the effectiveness and robustness of using transfer learning with vision transformers
for sign language recognition for other low-resourced languages.

Keywords: Arabic sign language; transfer learning; VGG; ResNet; MobileNet; Xception; Inception;
DenseNet; InceptionResNet; ViT; Swin; BiT

1. Introduction

Hearing loss refers to the inability to hear at the same level as individuals with normal
hearing, who have thresholds of 20 decibels or above in both ears. It can range from
mild to profound and can occur in one or both ears. Profound hearing loss is typically
observed in deaf individuals, who have minimal or no hearing ability. Various factors
can contribute to hearing loss, including congenital or early-onset hearing loss during
childhood, chronic infections of the middle ear, exposure to loud noises, age-related changes
in hearing, and the use of certain drugs that can cause damage to the inner ear [1]. The
World Health Organization estimates that more than 1.5 billion people (nearly 20% of the
global population) suffer from hearing loss, and this number could rise to over 2.5 billion
by 2050 (https://www.who.int/news-room/fact-sheets/detail/deafness-and-hearing-loss,
accessed on 17 September 2023). According to the General Authority for Statistics in Saudi
Arabia, there are approximately 289,355 deaf people in the Kingdom of Saudi Arabia,
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according to the latest update for 2017 (https://www.stats.gov.sa/ar/904, accessed on
17 September 2023). Sign language (SL) is a visual form of communication used by deaf
and hearing-impaired individuals. It involves the use of hand movements and facial
expressions to convey meaning, following specific grammar rules. Each SL has a wide
variety of signs, with slight variations in hand shape, motion, and position. Additionally, SL
incorporates non-manual features and facial expressions, including eyebrow movements, to
enhance communication. Like spoken language, SL develops naturally because of groups
of people interacting with one another. Regions and cultures additionally play an essential
role in their development [2]. Understanding SL outside the deaf community is uncommon,
which makes communication between deaf individuals and ordinary individuals difficult.
Some deaf children are born to ordinary parents, and consequently, communication gaps
exist within the family. Moreover, there is no standardized form among SLs, which makes
learning a SL challenging [3].

There are two main types of SLs, namely, alphabet and ideographic [4]. First is the SL
alphabet (SLA), wherein each word is spelled letter by letter, used by deaf individuals to
participate in the traditional educational and pedagogical process. Second is ideographic
SL (ISL), which expresses each meaningful word by a specific hand gesture; for instance, the
word “father” is represented by a sign. ISL shares four main components: hand movements,
facial expressions, lip movements, and body movements [4,5]. One difficulty to mention
here is that people from different areas might use various gestures to represent the same
word just like different dialects in natural languages. There are two main types of SL
recognition systems. Device-based systems involve wearable tools, such as gloves to track
and interpret gestures [6]. Vision-based systems, on the other hand, utilize techniques for
processing and analyzing images and videos of SL’s speakers using artificial intelligence
(AI). Images and videos are captured by cameras, and there is no need to be equipped with
devices or sensors. Vision-based SL recognition systems are in their developmental stages
and have varying degrees of success [6].

Arabic SL (ArSL) is a natural language that is used by the deaf and hearing-impaired
people in the Arab world and has a large community. ArSL differs from an Arab country
to another based on the local dialects and cultures. ArSL recognition is a challenging
task because Arabic contains hundreds of words which could be very similar in their
hand poses. The gestures are not only played with hands but also include other different
nonverbal communication means such as facial expressions and body movements [7].
Different research works have investigated the use of sensors and device-based techniques
for ArSL [5,8,9]. These studies have developed a speech recognition engine to convert
common Arabic words into ArSL and vice versa. Some studies were designed to measure
sign language motion using data gloves [8,9]. To the best of our knowledge, few research
works have investigated ArSL vision-based methods which rely on AI techniques including
image processing, computer vision, machine learning [3], and deep learning [7,10–12].
Therefore, the contributions of this work can be highlighted in the following points:

• This study explores the use of transfer learning approach using pretrained deep
learning models such as VGG, ResNet, MobileNet, Inception, Xception, DenseNet, and
InceptionResNet for ArSL classification using a large-size dataset. Additionally, a state-
of-the-art pretrained model, BiT (Big Transfer), by Google Research, was evaluated for
ArSL classification.

• This study investigates the use of vision transformers namely ViT and Swin, with
the transfer learning approach for ArSL classification. Since the literature review
studies have shown successful vision-based transformer models applied to other
sign languages, these vision transformers are also investigated and evaluated for
ArS classification.

• Finally, this research work investigates several deep learning convolutional neural
network (CNN) architectures trained from scratch for ArSL classification and compares
their results with the proposed transfer learning models for ArSL classification. An

https://www.stats.gov.sa/ar/904
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ablation study was conducted to compare different architectural models of CNN for
the classification of Arabic sign language alphabets.

The rest of the paper is organized as follows. Section 2 gives an extensive review of
SL recognition methods and resources, moving from machine learning to deep learning
methods, and transfer learning-based methods for SL classification. Section 3 introduces the
methodology framework. Section 4 presents the experimental setup, datasets for ArSL and
evaluation metrics. Section 5 presents our experimental results using different architectures
of deep learning CNN models, pretrained models, and vision transformers, and finally, in
Section 6, we give the conclusion and future remarks to be continued.

2. Related Works

During the past two decades, many research works have been published for automatic
SL recognition in different languages and countries [13–16], most of them used device-
based sensors such as gloves and wearable devices [17], and Leap Motion Controller
(LMC) [7,15,18–22]. As device-based methods are expensive and need the person to be
equipped with sensors and due to the recent advances in AI, the current trend and efforts in
SL research has been directed to the use of vision-based techniques combined with machine
learning and deep learning [23–26]. In this section, extensive literature review studies in
SL classification field are discussed from 2020 until present. Prior to these years, review
papers by [18,27,28] have investigated SL research works in the gap between 1998 to 2021,
which provide a systematic analysis of research employed in SL recognition-related studies.
Spanning over a period of two decades, these reviews cover various stages involved
in the process, such as image acquisition, image segmentation, feature extraction, and
classification algorithms. They also highlight the accomplishments of different researchers
in achieving high recognition accuracy. Additionally, the reviews discuss several limitations
and obstacles faced by vision-based approaches, including a lack of available datasets,
the complexity of certain techniques, the nature of signs themselves, the complexity of
backgrounds, and illumination conditions in images and videos.

2.1. Overview of SL Classification Research Based on Methods

For the recognition and classification of hand gestures, several machine learning meth-
ods have been employed such as principle component analysis (PCA) [4], support vector
machine (SVM) [4,28–30], K-nearest neighbor (KNN) [3,28], and linear discriminant analysis
(LDA) [4,31]. Recently, deep learning methods have been employed widely in the literature
and we focus on them in this paper. The following methods are commonly used for SL recog-
nition: multilayer perceptron (MLP) [28], convolutional neural network (CNN) [23,30,32–36],
recurrent neural network (RNN) [37,38], long short-term memory (LSTM) [32,34], and transfer
learning-based methods [14]. Table 1 shows the SL classification research studies using various
feature extraction techniques coupled with different machine learning and deep learning
methods. As can be seen in the table, different research works have employed CNN for SL
classification [23,30,32,34,36]. In ref. [34], researchers developed a real-time sign language
recognition system using CNN and a convex hull algorithm to segment the hand region from
input images, employing YCbCr skin color segmentation. The CNN model they proposed
consisted of an input layer, two convolution layers, pooling layers, a flattening layer, and two
dense layers. When tested with real-time data, the system achieved an accuracy of 98.05%.
A 3D CNN model was trained from British SL and achieved a 98% accuracy, outperforming
state-of-the-art results on British SL [36]. A real-time system was created in ref. [32] to teach
SL to beginners, which utilized a technique called skin-cooler modeling to separate the hand
region from the background, and CNN was used to classify images. The system achieved a
72.3% accuracy on signed sentences and 89.5% on isolated sign words. In ref. [30], CNN was
employed for hand gesture recognition using a modified structure from AlexNet and VGG16
models for feature extraction and SVM for classification of SL numbers and letters. Their
two-level models achieved a 99.82% accuracy, better than the state-of-the-art models. Similarly,
in ref. [23], CNN and VGG19 were applied for SL classification using single-handed isolated
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signs, which achieved 99% with VGG19 and 97% with CNN. RNN is a type of neural network
that handles sequential data of different lengths. Unlike other neural networks, RNNs are not
limited to fixed-size inputs, allowing for the processing of sequences with varying lengths
or images of various sizes [28]. To address the issue of long-term dependencies, LSTM is
a specific type of RNN. Regular RNNs struggle with predicting words stored in long-term
memory and rely on recent information for predictions. However, LSTM networks have a
built-in ability to retain information for extended periods. This is achieved through a memory
cell as a container for holding information over time, making them highly suitable for tasks
such as language translation, speech recognition, and time series forecasting [28]. Research
works introduced RNN for SL classification [37,38], to recognize static signs which attained a
95% accuracy in ref. [37], and to improve a real-time sign recognition system for American
sign language, which obtained 99% in ref. [38]. In ref. [32], RNN and LSTM were used to
classify SL based on breaking continuous signs into smaller parts and analyzing them with
neural networks. This approach eliminated the need to train for different combinations of
subunits. The models were tested on 942 signed sentences containing 35 different sign words.
The average accuracy achieved was 72% for signed sentences and 89.5% for isolated words.

Table 1. Summary of intelligent vision-based methods using various feature extraction techniques.

Method SL Feature Extraction/Characterization Accuracy Ref.

SVM

Indian HOG based on Taguchi and TOPSIS 92% for ISL and 99.2% for ASL [29]

American Used images captured in
complex backgrounds 99.80% [4]

KNN Arabic Classified 28-letter Arabic alphabet using
9240 images. 90.25% [3]

LDA American Used five classes with 50 input images. 62% [31]

MLP American Used static ASL gesture 96.96% [28]

CNN

Italian Used multiangle images, frontal
images only.

99% with VGG19, 97%
with CNN [23]

American CNN based on AlexNet and VGG16 for
hand gestures 99.82% [30]

British 3D CNN for 26 BSL
alphabets classification 98.00% [36]

Turkish
Employed feature extraction module

designed with parallel convolutions with
different dilation rates

Best baseline model achieved
a 62.02% accuracy. [34]

Indian

Used a 2D CNN for feature extraction,
where twelve 3D features at time t

were processed

72.3% on signed sentences
and 89.5% on isolated

sign words.
[32]

3D CNN for videos for eight
emergency situations 82% [2]

Arabic

Each captured sign was represented by
five modalities: color, depth, joint points,

face, and face-HD

MobileNet-LSTM 99.7% for
signer dependent and 72.4%

for signer-independent
[33]

3D CNN was used to recognize
25 gestures

98% for observed data and
85% for new data [7]

3D CNN skeleton network and a 2D point
convolution network using 80 static and
dynamic signs that were repeated five

times by 40 signers

In dependent mode: 98.39%
for dynamic, 88.89% for

static signs. In independent
mode: 96.69% for dynamic,

86.34% for static.

[35]
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Table 1. Cont.

Method SL Feature Extraction/Characterization Accuracy Ref.

RNN
American

Sphere radius, angles between fingers,
and distance between finger positions

using 2600 samples
99.44% [38]

Arabic Recurrent neural networks (RNN) 95.11%. [37]

LSTM Indian

942 signed sentences using 35 different
sign words

72.3% for signed sentences
and 89.5% for isolated sign

words
[32]

Recurrent neural network with long
short-term memory (RNN-LSTM) 98% [2]

Transfer
Learning

American VGG-19 98.44% [14]

Arabic VGG-16 and ResNet152 with ArSL
classification 99% [39,40]

Indian
VGG-16 and YOLO (You Only Look Once)

v5, for advanced object
detection‘algorithm

99.60% [2]

In transfer learning, the insights, features, or representations learned from the source
task are transferred and utilized to enhance the learning process or performance on the
target task. The network’s features of the pretrained model are reused, the output of the last
layer is removed and replaced by a new layer for a different set of classes of the new task.
Transfer learning was used for SL classification in ref. [14], wherein a YCbCr segmentation
technique using skin color as a basis and the local binary pattern were utilized to accurately
segment shapes and capture texture features and local shape information. The VGG-19
model was adjusted to obtain features, which were then combined with manually crafted
features using a serial fusion technique. This approach achieved an accuracy of 98.44%. In
ref. [2], a combination of three models including 3D CNN, mixed RNN-LSTM, and YOLO
for advanced object recognition in a video dataset created for eight different emergency
situations. The frames were extracted and used to evaluate these models, which attained
82% for 3D-CNN, 98% for RNN-LSTM, and 99.6% for YOLO models.

2.2. Overview of SL Classification Research Based on Languages

Many types of SLs have been used in previous studies based on countries and spoken
languages. Languages used in SL research are numerous including American [16,22,41–46],
Mexican [47], Arabic [3,7,10,11,39,40,48,49], Algerian [50], Pakistani [51], Indian [52–54],
Bangla [55], Chinese [56,57], Indonesian [58], Italian [23], Peruvian [59], Turkish [34], and
Urdu [24]. Based on [60], which analyzed SL classification research studies published from
2014 to 2021, another breakdown of literature works was presented according to the local
variation in the SL they referred to. Most of the works were dedicated to the American SL,
but Arabic was also included. Chinese SL was the second after American SL. Table 2 shows
a summary of research works in SL based on languages presented in our work in the years
between 2020 until the present. According to the number of studies in this very near range
of years, American SL is still the most dominant in SL research, and other SLs borrowed
many principles from it.

2.3. Overview of SL Classification Research Based on Datasets

Many studies in the literature have utilized public datasets, with a focus on American
SL due to its accessibility. Other SLs often require researchers to create their own datasets,
which they then publish for other researchers to use. In our review of the previous litera-
ture, we found that ArSL itself was diverse due to variations between cities and dialects.
One significant challenge for SL research is the limited data availability, particularly for
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ArSL [33]. Datasets, also called databases in earlier research on SL, can be obtained through
public or private repositories [16,23,47,59]. Datasets of SL can be divided into three main
categories: finger spelling, isolated signs, and continuous signs. Finger spelling datasets are
based primarily on the shape and direction of the finger. Most of the numbers and alphabets
for SL are static and use only fingers. Isolated datasets are equivalent to spoken words and
can be static (i.e., images) or dynamic (i.e., videos). Continuous SL datasets are formed
from videos of signers representing words and sentences in the language. The evaluation
of SL datasets should consider several factors including size, background conditions, and
sign representation. One of the factors that determine the variability of an SL database is
the number of signers, which is important for evaluating the generalization of recognition
systems. Signer-independent recognition systems are evaluated on signers other than those
involved in the system training by increasing the number of signers. The number of samples
per sign is another factor whereby having several samples per sign with some variations
per sample is important for training deep learning models. Samples in SL datasets can be
grayscale or RGB format. Any researcher interested in this field can obtain an SL dataset
from online repositories such as Kaggle or by building a dataset [3,33–35,51,63,64]. Table 3
summarizes various datasets in terms of isolated vs. continuous, static vs. dynamic, lan-
guage, recognition model, lexicon size, acquisition mode, signs, signers, single vs. double
handed, and background conditions. Existing datasets available for ArSL were explored
from the point of view of isolated and continuous signing. To the best of our knowledge,
there were only two datasets available for ArSL, where the second was developed from the
first by Latif et al. [12]. The ArSL alphabets dataset consisted of 54,049 images compiled by
more than 40 volunteers for 32 signs and alphabets. More details are given in Section 4.

Table 2. Summary of SL research reviewed in this work from 2020 to 2023, listed alphabetically
according to their acronyms.

Sign Language Acronym No of studies Studies [2020–2023]

Arabic ArSL 7 [3,7,10,11,39,40,48]

Algerian AlSL 1 [50]

American ASL 11 [16,22,38,41–46,61,62]

Bangla BdSL 1 [55]

British BSL 1 [36]

Chinese CSL 2 [26,28,56,57]

Indian ISL 2 [52–54]

Indonesian ISINDO 1 [58]

Italian LIS 1 [23]

Mexican MSL 1 [47]

Pakistani PKSL 1 [51]

Peruvian PSL 1 [59]

Turkish TSL 1 [28]

Urdu USL 1 [24]

2.4. Overview of SL Classification Research Based on Arabic Language

ArSL classification deals with the identification of alphabets (SLA) and ideographic
(ISL), whereby the latter is based on the diversity of Arabic dialects in countries and their
cultures. In 2001, the Arab Federation of the Deaf designated ArSL as the official language
for individuals with speech and hearing impairments in Arab countries. Despite Arabic
being widely spoken, ArSL is still undergoing development. One major challenge faced by
ArSL is “Diglossia,” where regional dialects are spoken instead of the written language in
each nation. In this regard, different spoken dialects made different ArSLs [18], but still,
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few studies have addressed this problem. The focus of existing works has been given to
alphabetic ArSL classification [3,10,12]. The datasets used in ArSL research works were
mostly collected by the researchers themselves. In ref. [7], a feature extractor with deep
behavior was used to deal with the minor details of ArSL. A 3D CNN was used to recognize
25 gestures from the ArSL dictionary. The system achieved a 98% accuracy for observed
data and an 85% average accuracy for new data. The results could be improved as more
data from more different signers were included. In ref. [11], a vision-based system by
applying CNN for recognizing ArSL letters and translating them into Arabic speech was
proposed. The proposed system automatically detected hand sign letters and spoke out the
result in Arabic with a deep learning model which achieved a 90% accuracy. Their results
assured that using deep learning such as CNN was highly dependable and encouraging. In
ref. [35], a 3D CNN skeleton network and 2D CNN models were used for ArSL classification
using 80 static and dynamic signs. The dataset was created by repeating each sign five times
by 40 signers. Their models attained accuracies of 98.39% for dynamic, 88.89% for static
signs in the dependent mode, and 96.69% for dynamic, 86.34% for static in the independent
mode: When mixing both dependent and independent modes, the results achieved were
89.62% for signer dependent and 88.09% for signer independent. Additional recent research
works presented a model utilizing fine-tuning with deep learning for the specific task of
recognizing ArSL [39,40], which initiated the research direction of using transfer learning
for ArSL and also created the datasets used in this study. CNN models reducing the size of
the dataset required for training and at the same time, reaching a higher accuracy, were
investigated [40]. Models like VGG-16 and ResNet152 were adjusted using the ArSL dataset.
To address the class size imbalance, random undersampling was utilized, reducing the
image count from 54,049 to 25,600. Moreover, the study in ref. [39] presented a modified
ResNet18 model and reported the best accuracy score compared to the previous models,
which was 1.87% higher than the existing works using ResNet. A recent study [49] explored
continuous ArSL classification using video data and CNN-LSTM-SelfMLP models with
MobileNetV2 and ResNet18 backbones for feature extraction. Their study achieved an
87.7% average accuracy.

Table 3. Summary of the key parameters of sign language recognition studies.

Ref. Background
Conditions Hands Signers Signs Acquisition

Mode Lexicon Size Method Dataset

[23] - - 11 22 signed
letters - 11,008 CNN LIS

St
at

ic

Pu
bl

ic

Is
ol

at
ed

[59] - Double-
handed - 24 static

gestures

HTC Vive,
Vive Hand

Tracking SDK
0.8.2.

35,400

MLP,
SVM
KNN,

RF

PSL

[47] - - 150
570 words

and
30 phrases

Kinect sensor 90,000 MLP MSL

[16] Nonuniform
background

Single-
handed - 26 letters

and 10 digits - - LMC ASL

St
at

ic
+

dy
na

m
ic[55] White

backgrounds
Double-
handed -

50 sets of
36 Bangla
basic sign
characters

Camera
1800-

character
images

CNN BdSL

[3]

Uniform
background

+
nonuniform
background

Single-
handed 10

28-letter
Arabic

alphabet

Integrated
laptop

webcam, smart
Huawei

mobile camera

9240 images KNN
classifier ArSL

Se
lf

-b
ui

lt

[34] Nonuniform
background

Single +
double 43 226 signs Microsoft

Kinect v2 38,336 CNN TSL
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Table 3. Cont.

Ref. Background
Conditions Hands Signers Signs Acquisition

Mode Lexicon Size Method Dataset

[63] Nonuniform
background

Single +
double 4

20
meaningful

words of
Arabic signs

Microsoft
Kinect v2
camera

7350 RGB
videos, 7350
depth videos

single
deep net-

works
ArSL

dy
na

m
ic

Se
lf

-b
ui

lt

C
on

ti
nu

ou
s

[49] Uniform
background Both 4

Manual,
nonmanual
gestures for

signs

Kinect V2
acquisition

system
6667 videos

MobileNetV2,
ResNet18,

CNN-
LSTM-

SelfMLP

ArSL

[33] Nonuniform
background

Single +
double 4 50 signs Kinect V2

sensors
6748 video

samples CNN CSL

[64] Nonuniform
background

Single +
double 50

10,000
utterances
each with

10–30
characters

Microsoft
Kinect 2.0

50,000
videos CNN CSL

[50]

22
background

simple to
cluttered

41 65 sign
classes 6238 videos

SVM,
VGG16-

GRU,
I3D, I3D-

GRU-
Attention

AlSL

[51] Uniform
background

Single-
handed 10

36 static
alphabet
signs + 3
dynamic

signs

48MP smart
phone camera

5120 images,
353 videos

Bag of
words +

SVM
PKSL

St
at

ic
dy

na
m

ic

Se
lf

-b
ui

lt

M
ix

ed

[65] Uniform
background

Single-
handed 40 80 signs Kinect V1, V2,

Sony cam 16,000 × 3

Concatenation
of 3D

and 2D
CNN

ArSL

St
at

ic

Pu
bl

ic

3. Methodology
3.1. General Framework

The framework in this study was developed using vision-based approaches instead
of sensor-based approaches. Several proposed models were designed, developed, and
evaluated to obtain the optimum possible results with ArSL recognition and classification.
In particular, this work aims to investigate the following:

Problem: Few research works have investigated ArSL vision-based methods which
rely on AI techniques. The use of transfer learning with recently built large-sized deep
learning models and vision transformers remains a relatively unexplored area of research
with ArSL.

Solution: To address the abovementioned problem, this work utilized two method-
ological parts for the classification of Arabic signs to alphabets. First was the transfer
learning approach using pretrained deep learning models including VGG, ResNet, Mo-
bileNet, Xception, Inception, InceptionResNet, DenseNet, and BiT, and vision transformers
including ViT and Swin. Second was the deep learning approach using CNN architectures,
namely, CNN-1, CNN-2, and CNN-3 with data augmentation and batch normalization
techniques. The aim of the latter was to be compared with the pretrained models and vision
transformers for the ArSL classification task. The general framework of the methodology
is shown in Figure 1. The input dataset at a glance was split into training and test splits
to ensure that our study did not suffer from data leakage and inflation of accuracy results
problems [66]. Different pretrained models using transfer learning were used to classify
images in the training and test splits. Each model has its own hyperparameters that we
initialized, then, fine-tuning was performed on each model separately using an added
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dense layer and one classification layer. On the other hand, three CNN architectures with
some variants were proposed with a set of layers which include convolutions, pooling, and
other fully connected layers, in order to produce an output of one of a number of possible
classes. We proposed three different CNN architectures as can be seen in the figure and
trained them from scratch on the dataset. The first two CNNs differed in the number of
convolution layers, and the third CNN used image augmentation, batch normalization,
and dropout techniques to train the models.
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3.2. Transfer Learning for ArSL Classification

Image classification is the process of learning features from images and categorizing
them according to these features. Throughout this section, different pretrained small- and
large-size deep learning models for image classification were utilized. By fine-tuning these
models, they learned an inner representation of images that could then be used to extract
features useful for downstream tasks. In our research, an ArSL dataset of labeled images
were used to train a standard classifier by placing a linear layer on top of the pretrained
models. We utilized the transfer learning approach in our experiments, following a series of
stages: preprocessing the data, dividing it into segments, fine-tuning the hyperparameters,
determining the loss function and optimizer, defining the model architecture, and training
it. Once trained, we validated and tested the results. Several deep learning pretrained
models were utilized in this study as follows.

VGG was introduced by the Oxford Vision Group and achieved second place in the
ImageNet challenge [67]. The VGG family of networks remains popular today and is
often used as a benchmark for comparing newer architectures. VGG improved upon
previous designs by replacing a single 5 × 5 layer with two stacked 3 × 3 layers, or a single
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7 × 7 layer with three stacked 3 × 3 layers. This approach has several benefits, as using
stacked layers reduces the number of weights and operations compared to a single layer
with a large filter size. Moreover, stacking multiple layers enhances the discriminative
capabilities of the decision function. We utilized in this study two variants: VGG16, as one
of the baselines in [39], and VGG19.

ResNet, short for residual neural network, is a deep learning architecture that was
introduced by researchers at Microsoft [68]. It has become one of the most popular and
influential network architectures in the field of computer vision. The main idea behind
ResNet is the use of residual connections, which aim to overcome the degradation problem
that arises when deep neural networks are trained. The degradation problem refers to the
observation that as the network depth increases, the network’s accuracy starts to saturate
and then rapidly degrade. To address this problem, ResNet introduces “skip connections”
that allow the network to bypass some layers and learn residual mappings. These skip
connections connect layers that are not adjacent to each other, allowing the network to
skip over certain layers and reuse the learned features from previous layers. By doing
so, ResNet ensures that the gradient signals during the training process can flow more
easily, preventing the degradation problem. The main building block in ResNet is called
a residual block. It consists of two or more convolutional layers, usually with a size of
3 × 3, and a skip connection that adds the input of the block to the output of the block. This
skip connection enables the network to learn the residual mapping, which is the difference
between the input and the output of the block. ResNet-152, as another baseline in [40], and
ResNet-50, with the number indicating the total number of layers in the network, were
used in this study.

MobileNet [69] and MobileNetV2 [70] were also utilized in this study. MobileNet is
a convolutional neural network architecture designed to be lightweight and efficient for
mobile and embedded devices with limited computational resources. MobileNet achieves
this efficiency by using a combination of depthwise separable convolutions and a technique
called linear bottlenecks. Depthwise separable convolutions split the standard convolu-
tion operation into two separate operations: a depthwise convolution and a pointwise
convolution. This reduces the number of parameters and computations required, resulting
in a lighter model. Both variants were applied to the ArSL classification dataset used in
our study.

Inception [71] and InceptionResNet [72] were fine-tuned for ArSL in this work. The
Inception architecture, also known as GoogleNet, is characterized by its use of an Inception
module designed to capture multiscale features in an efficient manner. It achieves this by
using multiple convolutional filters of different sizes (1 × 1, 3 × 3, and 5 × 5) in parallel
and concatenating their outputs. By doing so, the Inception module can capture features at
different scales without significantly increasing the number of parameters.

InceptionResNet, on the other hand, combines the Inception architecture with residual
connections to allow the network to directly propagate information from one layer to a
deeper layer. This helps to alleviate the problem of vanishing gradients and enables the
network to learn more easily, even when it becomes very deep. The combination of the
Inception module and residual connections in InceptionResNet results in a powerful and
efficient architecture, has demonstrated state-of-the-art performance on various benchmark
datasets, and has been widely adopted in both research and industry applications. We
utilized two variants called InceptionV3 and InceptionResNetV2 for ArSL classification.

Xception, proposed in 2016, stands for “Extreme Inception”, as it is an extension of
Google’s Inception architecture [73]. The main goal of Xception is to improve the efficiency
and of deep learning models. It achieves this by replacing traditional convolutional layers
with a modified version called depthwise separable convolutions which separate the spatial
filtering and channel filtering processes. It applies spatial filtering on each input channel
separately, followed by a 1 × 1 convolution that combines the filtered outputs. This reduces
the number of parameters and allows for better learning capabilities. We utilized Xception
in our study and evaluated it for ArSL classification.
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DenseNet, developed in [74], has a primary building block called the dense block,
which consists of a series of layers that are connected to each other in a dense manner.
Within a dense block, each layer receives the feature maps of all preceding layers as
input, resulting in highly connected feature maps. This encourages feature reuse and
enables the network to capture more diverse and abstract features. To ensure that the
network does not become excessively large and computationally expensive, DenseNet
incorporates a transition layer between dense blocks. The transition layer consists of a
convolutional layer followed by a pooling operation, which reduces the number of feature
maps, compresses information, and controls the growth of the network. We utilized one
variant called DenseNet169.

BiT (Big Transfer by Google Research) [75] was additionally utilized in this study
as one of the large-scale pretrained models. It was designed to transfer knowledge from
pretraining tasks to downstream tasks more effectively. The BiT model follows a two-
step process: pretraining and transfer learning. During pretraining, the model is trained
on large datasets containing diverse and unlabeled images. The goal is to learn general
visual representations that capture various concepts and patterns in the images. This helps
the model develop a strong understanding of the visual world. After pretraining, the
knowledge learned by the BiT model is transferred to specific downstream tasks. Transfer
learning involves fine-tuning the pretrained model on a smaller labeled dataset that is
specific to the target task. By starting with a pretrained model, the transfer learning process
benefits from the rich visual representations learned during pretraining. This often leads
to improved performance and faster convergence on the target task compared to training
a model from scratch. BiT offers a range of model variations, each with a different size
and capacity. In this study, BiT helps accelerate transfer learning by fine-tuning it on
our ArSL dataset. This approach enables the model to leverage the knowledge gained
during pretraining, leading to improved performance and efficiency for the classification
of sign language alphabets. This study utilized two variants of BiT architectures namely
BiT-m-r50x1 and BiT-m-r50x3 for ArSL recognition.

Additionally, two pretrained vision transformers were utilized for ArSL classification
in this study as follows. ViT, introduced in ref. [76], is a vision transformer which treat an
image as a sequence of patches, similar to how words are treated in NLP tasks. The image
is divided into small patches, and each patch is flattened into a 1D vector. These patch
embeddings serve as the input to the transformer model. The transformer architecture
consists of multiple layers, including multihead self-attention and feed-forward neural
networks. The self-attention mechanism allows the model to attend to different patches
and capture the relationships between them. It helps the model understand the context
and dependencies between different parts of the image. ViT also incorporates positional
embeddings, which provide information about the spatial location of each patch. Two
variants of ViT namely ViT_b16 and ViT_132 were used in our work.

Swin transformer was also utilized in this study. According to ref. [77], Swin was built
on the Transformer architecture, which consists of multiple layers of self-attention mech-
anisms to process and understand sequential data. Swin has shifted windows that work
by dividing the input image into smaller patches or windows and shifting them during
the self-attention process. This approach allows Swin to efficiently process large images
without relying on computationally expensive operations, such as sliding window mecha-
nisms or convolutional operations. By shifting the patches, Swin extends the receptive field
to capture global dependencies and enables the model to have a better understanding of
the visual context. We employed in this work the variant named SwinV2Tiny256 for ArSL
classification.

3.3. CNN for ArSL Classification: An Ablation Study

To further validate the performance of pretrained models and vision transformers,
we conducted an ablation study on CNN deep learning architectures. The purpose of the
study was to investigate and understand the individual contributions and importance of



Appl. Sci. 2023, 13, 11625 12 of 28

different components of the CNN models. The study involved systematically removing or
disabling specific features, layers, or components of the model and evaluating its impact
on the model’s overall performance. We targeted three questions in this study: Which
layers or modules of the model are essential for achieving a high performance? What is the
relative importance or contribution of convolution filters and size to the model? How does
the model’s performance change when using batch normalization and data augmentation?
To this aim, three CNN architectures were utilized. CNN-1 had three convolution layers,
three max-pooling layers, one fully connected (dense) layer, and one output classification
(softmax) layer. CNN-2 network had five convolution layers, five max-pooling layers, one
fully connected (dense) layer, and an output classification (softmax) layer. The convolution
layers in both CNN-1 and CNN-2 used filters, which were applied to the entire input data.
Each filter was characterized by a set of adjustable weights. The max-pooling layers were
used to select the neuron with the highest activation value within each local receptive field,
forwarding only that value. The output from the last convolutional layer was flattened.
The fully connected layer, also known as the dense layer, was responsible for receiving
the flattened input and pasted their weights to the final classification (softmax) layer. This
was necessary because the fully connected layer expected a one-dimensional input, while
the output of the convolutional layer was three-dimensional. The final layer acted as a
classification layer, utilizing the softmax function. This is typically employed in the output
layer of a classifier to generate probabilities for each input’s class identification. The CNN-3
network was the same as CNN-2 but also applied batch normalization, dropout, and data
augmentation. Batch normalization provides a method to process data in the hidden layers
of a network, similar to the standard score. It ensures that the outputs of the hidden layer
are normalized within each minibatch, maintaining a mean activation value close to 0 and
a standard deviation close to 1. This technique can be applied to both convolutional and
fully connected layers. When the training data are limited, the network may become prone
to overfitting. To address this issue, data augmentation was used to artificially increase
the size of the training set. We used common image augmentations including random
rotation with 0.2 degrees and random horizontal and vertical flipping. The proposed CNN
architectures for ArSL classification are shown in Table 4. ArSL images with three RGB
color channels were resized to 224 × 224 pixels before fed as input to the CNN models. In
all of our CNN models, we used the leaky ReLU (rectified linear unit) activation function
as follows:

LeakyReLU(x) =
{

x i f x > 0,
α × x i f x ≤ 0

where x represents the input to the activation function, and α is a small constant that
determines the slope of the function when x is less than or equal to 0. Typically, the value
of α is set to a small positive number, such as 0.01, to ensure a small gradient when the
input is negative. This helps to address the issue of dead neurons in the ReLU activation
function, where neurons can become inactive and stop learning if their inputs are always
negative. Leaky ReLU allows for a small gradient and thus enables the learning process
even for negative values. By conducting this ablation study into our methodology, we
gained insights into which components were critical for the model’s performance and
which were less important or redundant. This helped understand the underlying behavior
of the model, leading to better model design choices for ArSL classification, as shown in
Section 5.

Table 4. Architectural details of CNN models for ArSL classification.

Model Input Shape No Convolution Layers Conv. Filters Conv. Size Max Pool Trainable
Params ≈Time (s)

CNN-1
CNN-1V1 224 × 224 conv1, conv2, conv3 +

leaky ReLU, fully
connected layer + softmax

224, 112, 56 3 × 3 2 × 2 1,693,640 5646

CNN-1V2 224 × 224 64, 64, 64 3 × 3 2 × 2 1,681,312 1499
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Table 4. Cont.

Model Input Shape No Convolution Layers Conv. Filters Conv. Size Max Pool Trainable
Params ≈Time (s)

CNN-2
CNN-2V1 224 × 224 conv1, conv2, conv3,

conv4, conv5 + leaky
ReLU, fully connected

layer + softmax

224, 112, 56,
28, 14 3 × 3 2 × 2 328,346 4262

CNN-2V2 224 × 224 64, 64, 64, 64,
64 3 × 3 2 × 2 249,888 1128

CNN-3

CNN-3V1 224 × 224 conv1, conv2, conv3,
conv4, conv5 + leaky

ReLU, fully connected
layer + softmax, data

augmentation

64, 64, 64, 64,
64 3 × 3 2 × 2 250,144 1793

CNN-3V2 224 × 224
224, 112, 56,

28, 14 3 × 3 2 × 2 353,612 4306

CNN-3V3 224 × 224 +1 batch normalization,
1 dropout

256, 126, 64,
62, 16

5 × 5, 3 ×
3 2 × 2 430,798 3852

CNN-3V4 224 × 224 +1 batch normalization,
1 dropout (30 epochs)

256, 126, 64,
62, 16 3 × 3 2 × 2 431,146 11,322

4. Experimental Setup
4.1. Dataset

To evaluate the proposed models, the ArSL dataset presented in ref. [12] was utilized
in this work. The dataset contains 54,049 images distributed around 32 classes of Arabic
signs. The dimensions of the images are 64 × 64, and many variations of images are
presented using different lighting and backgrounds. A sample from the dataset were
randomly generated as can be seen in Figure 2. One observation noted was that the number
of images per each class was not balanced. Table 5 shows the classification of the Arabic
alphabet signs, with labels, the English transliteration of each alphabet, and the number
of images, which is also visualized in Figure 3. It has been claimed in ref. [12] that this
dataset is sufficient for the training and classification of ArSL alphabets. We did not make
any attempts to identify and eliminate the noisy features, as we think their inclusion would
enhance the model’s resilience and ability to apply them to various situations.
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Table 5. The classification of the Arabic alphabet signs, with labels and number of images.

No Letter in Arabic Transliteration No. of Images No Letter in Arabic Transliteration No. of Images

1


@ aleff 1672 17 	

  dha 1723

2 H. bb 1791 18 ¨ ain 2114

3 �
H taa 1838 19 	

¨ ghain 1977

4 �
H thaa 1766 20 	

¬ fa 1955

5 h. jeem 1552 21 �
� gaaf 1705

6 h haa 1526 22 ¼ kaaf 1774

7 p khaa 1607 23 È laam 1832

8 X dal 1634 24 Ð meem 1765

9 	
X thal 1582 25 	

à nun 1819

10 P ra 1659 26 �ë ha 1592

11 	P zay 1374 27 ð waw 1371

12 � seen 1638 28 
ø ya 1722

13 �
� sheen 1507 29 �

è toot 1791

14 � saad 1895 30 È@ al 1343

15 	
� dhad 1670 31 B la 1746

16   ta 1816 32 ø



yaa 1293
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4.2. Baselines

This work was compared to four baselines from existing work reported in the studies
in refs. [39,40]. In these two studies, VGG16, and ResNet152 were fine-tuned for ArSL
recognition and classification using our dataset. We also tested VGG19 and ResNet 50 vari-
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ants using our dataset to establish comparisons between the performance of the proposed
pretrained models and vision transformers and that of the baselines.

4.3. Resources and Tools

The resources utilized in this research included three machines used for our initial
experiments, each with Intel (R) Core (TM) i7-10700T 3.2 GHz processors and 16 GB of
RAM. For our final experiments, we used a Tesla A100 offered by Google Collab Pro
for accelerated deep learning tasks. The A100 GPU is a powerful and high-performance
GPU that excels in deep learning workloads by offering NVIDIA Ampere architecture,
6912 CUDA Cores, 432 Tensor Cores and 40 GB of high-bandwidth memory (HBM2).
Model training and testing were implemented using TensorFlow 2.8.0, which uses Keras
as a high-level API. Complementary libraries for training the proposed models, including
Scikit-Learn, Matplotlib, Pandas, NumPy, os, seaborn and glop, were used.

4.4. Evaluation

The effectiveness of the proposed ArSL classification was evaluated based on four ma-
jor outcomes [32]: true positives (tp), false positives (fp), true negatives (tn), and false
negatives (fn). The accuracy determines the ability to differentiate ArSL signs correctly,
which was computed by the following formula:

Accuracy =
tp + tn

tp + tn + f p + f n

In deep learning, the loss metric is a measure of how well the model is performing
in terms of its ability to make accurate predictions. It represents the discrepancy between
the predicted output of the model and the actual output or target value. The loss metric
is commonly used to quantify the error or cost associated with the model’s predictions.
The goal is to minimize this error by adjusting the model’s parameters during the training
process. The loss measure in this study was computed by the following formula:

Loss f unction =
1
N ∑

(
ypred − ytrue

)2

where ypred is the predicted output of the model, and ytrue the ground-truth output or target
value. We also used AUC, precision, recall, and F1-score to evaluate our models. The AUC
(area under the receiver operating characteristic curve) measures the overall performance
of a binary classification model across various classification thresholds. It quantifies the
model’s ability to distinguish between positive and negative samples.

The AUC represents the area under the curve of the receiver operating characteristic
(ROC) curve, which plots the true positive rate (recall) against the false positive rate
(1 − specificity) at various classification thresholds. Precision measures the proportion of
true positive predictions out of all positive predictions made by the model. It indicates how
well the model correctly identifies positive samples.

Precision = tp / (tp + f p)

Recall, also known as sensitivity or true positive rate, measures the proportion of true
positive predictions out of all actual positive samples. It indicates how well the model
captures the positive samples.

Recall = tp / (tp + f n)

The F1 score is the harmonic mean of precision and recall. It provides a balanced mea-
sure of the model’s performance by considering both precision and recall simultaneously.

F1 Score = 2 × (Precision × Recall) / (Precision + Recall)
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The F1 score ranges between 0 and 1, with 1 indicating perfect precision and recall,
and 0 indicating poor performance.

5. Experimental Results
5.1. Experimental Results from the CNN Approach

CNN-1, CNN-2, and CNN-3 utilized different convolutional and max-pooling layers
with various sizes and number of filters. Following the convolution and pooling layers, two
fully connected layers were utilized to flatten the output. Eight variants of CNN models
were tested wherein the number of filters were changed in the convolution layers. To obtain
initial results from these models, the models were trained in one cycle (i.e., one epoch)
on 48645 images for training and 5404 files for validation. Then, we used 10 epochs to
show the performance of the suggested architectures. The model which showed robust
performance was trained for more epochs (30 epochs and 100 epochs).

Figure 4 illustrates the performance of the proposed CNN architectures in terms of
accuracy and loss over epochs. Meanwhile, Table 6 presents the results of our ablation
study, showcasing metrics such as loss, accuracy, precision, recall, AUC, and F1-score. After
noting the unstable performances of CNN-1 and CNN-2 models, we observed that the
performance became more consistent with CNN-3 when we implemented augmentation
and batch normalization techniques. To further improve the CNN-3 model, we increased
the number of training epochs and closely monitored training progress, as illustrated in
Figure 5. The results indicated that the model became more resilient and displayed a
gradual improvement in accuracy, accompanied by a decrease in loss values. Specifically,
after 100 epochs, the CNN-3 model achieved an accuracy of 0.6323. Consequently, we
decided to compare its performance with transfer learning methods, which is discussed in
Section 5.2.
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Table 6. Ablation study results from deep learning CNN models trained for ArSL classification.

Model
One-Cycle After Training/Fine-Tuning

Accuracy Loss Recall Precision AUC Accuracy Loss F1

CNN-1
CNN-1V1 (10 epochs) 0.7048 1.6866 0.1995 0.3775 0.7975 0.2644 3.6616 0.2612

CNN-1V2 (10 epochs) 0.7557 1.5515 0.1208 0.1277 0.6039 0.1244 9.0458 0.1158

CNN-2
CNN-2V1 (10 epochs) 0.7618 1.4914 0.7578 0.9745 0.9936 0.8890 1.1705 0.8487

CNN-2V2 (10 epochs) 0.8447 1.2781 0.8929 0.9938 0.9982 0.9556 0.9266 0.9402

CNN-3

CNN-3V1 (10 epochs) 0.1778 3.1198 0.2759 0.6394 0.9375 0.4574 2.2542 0.3398

CNN-3V2 (10 epochs) 0.0433 3.7693 0.1356 0.6222 0.9163 0.3708 2.4147 0.1962

CNN-3V3 (10 epochs) 0.0298 4.9315 0.1514 0.7491 0.9308 0.4099 2.2581 0.2104

CNN-3V4 (10 epochs) 0.0696 4.2459 0.2097 0.6267 0.9258 0.4016 2.3162 0.2682

CNN-3 best (30 epochs) 0.0744 3.3914 0.3932 0.8294 0.9748 0.6377 1.7238 0.5033

CNN-3 best (100 epochs) 0.0653 4.1342 0.3819 0.8582 0.9734 0.6323 1.7599 0.4842

5.2. Experimental Results from the Transfer Learning Approach

Table 7 shows the experimental results from transfer learning for ArSL classification
using 15 variants from the following models: VGG, ResNet, MobileNet, Xception, Inception,
InceptionResNet, DenseNet, BiT, ViT, and Swin. In these transformers, the top layer of the
model, which is responsible for classification was removed and our own classification layer
was added on top. The proposed pretrained models, except for MobileNet, were initialized
with pretrained weights from the ImageNet dataset, which contains millions of images and
thousands of object categories. MobileNet models were initialized with random weights
instead of pretrained weights. VGG19 and ResNet were used to provide powerful base
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models for extracting rich features from input images that can be used to train a classifier.
As can be seen in the left-half from the table below, using one-cycle of fine-tuning (i.e., one
epoch) showed promising results with some models such as ResNet152, while it showed
poor performance with large-sized models such as ViT132. The results after one cycle
of fine-tuning the models indicated that the pretrained models and vision transformers
required additional training to achieve competitive performance.
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To further validate the performance of our models, we also fine-tuned them for several
epochs and reported their accuracy and loss results. The right-half of Table 7 shows the
experimental results after implementing and fine-tuning the transformers for 10 epochs on
32 classes of signs, 48,645 images for training, and 5404 files for validation. Additionally,
we used several figures to monitor the performance of the pretrained models and the
vision transformers and that of the baseline models. Figure 6 shows the visualization of
pretrained model performance values used for ArSL classification including MobileNet,
MobileNetV2, Xception, InceptionV3, InceptionResNetV2, and DenseNet169. We noticed
that the pretrained models MobileNet, MobileNetV2, and Xception showed robust learning,
while InceptionV3, InceptionResNetV2, and DenseNet169 showed instable performance.
Based on the results, after fine-tuning the transformers for ArSL classification, the pretrained
models model achieved superior accuracy results in the range between 0.88 and 0.96.

The InceptionResNetV2 model attained the highest accuracy of 0.9817 followed by
MobileNet variants which attained an accuracy of 0.96. DenseNet169 achieved the lowest
accuracy of 0.5587. Notably, the deep learning CNN-based architecture which was trained
from scratch achieved an accuracy of 0.6323, which was low compared to using transfer
learning with pretrained models. However, the CNN-3 experimentally chosen structure,
the randomly initialed weights, and the long-time of training could change these results.
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Hence, we believe that the effectiveness of using transfer learning is highly promising for
ArSL recognition.

Table 7. Experimental results from transfer learning for ArSL classification using the baseline models
and the proposed models.

Method Model Variants
One-Cycle After Training/Fine-Tuning

Accuracy Loss Recall Precision AUC Accuracy Loss F1

Deep Learning CNN-3 - 0.0653 4.1342 0.3819 0.8582 0.9734 0.6323 1.7599 0.4842

Transfer Learning

MobileNet
MobileNet 0.9467 0.9608 0.9145 0.9912 0.9992 0.9641 0.8794 0.9500

MobileNetV2 0.9467 0.9624 0.9169 0.9898 0.9993 0.9665 0.8851 0.9510

Xception Xception 0.0365 3.4626 0.8731 0.9778 0.9967 0.9408 0.8821 0.9205

Inception
InceptionV3 0.8542 1.1860 0.7661 0.9530 0.9953 0.8851 1.0381 0.8420

InceptionResNetV2 0.7913 7.9896 0.9700 0.9900 0.9995 0.9817 0.7415 0.9800

DenseNet DenseNet169 0.6743 1.6610 0.2889 0.8711 0.9276 0.5587 2.0299 0.3888

BiT
BiT-m-r50x1 0.8690 0.4054 0.9128 0.6505 0.9582 0.9508 0.1901 0.7749

BiT-m-r50x3 0.8784 0.4404 0.9510 0.4009 0.9570 0.9004 0.5046 0.6185

ViT
ViT_b16 0.8919 3.4436 0.8414 0.9519 0.9961 0.8919 0.9930 0.8925

ViT_132 0.0883 3.2602 0.8457 0.9483 0.9934 0.8868 1.0146 0.8928

Swin SwinV2Tiny256 0.8769 1.0149 0.9713 0.9820 0.9993 0.9765 0.7284 0.9765

Baselines

VGG
VGG16 [39] 0.8220 15.205 0.8621 0.8629 0.9413 0.8625 16.906 0.8641

VGG19 0.8312 15.084 0.8558 0.8566 0.9380 0.8558 17.744 0.8558

ResNet
ResNet50 0.9589 0.8674 0.9719 0.9904 0.9991 0.9824 0.7254 0.9808

ResNet152 [40] 0.9702 0.8146 0.7948 0.9660 0.9933 0.9110 1.0331 0.8360
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Additionally, our findings highlight the importance of selecting appropriate model
architectures and hyperparameters to achieve the best possible performance for ArSL tasks.
Figure 7 shows the performance of the BiT (Big Transfer) model used for ArSL classification.
As can be seen, different variants of BiT may result in different performance values. The
accuracy of BiT was above 90%. As another example, different variants of the vision
transformers achieved different results as shown in Figure 8. ViT and Swin transformer
models achieved great performance with stable learning over time. They achieved an
88–97% accuracy after fine-tuning for classification.
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As a comparison with other baseline works in ArSL in refs. [39,40], we retrained the
VGG16 VGG19, ResNet50, and ResNet152, which attained an 85–98% of accuracy when
applied to our dataset. Our findings highlight that these baselines initiated the research
direction of using pretrained models and transfer learning for ArSL classification and
recognition, and our results from 11 variants of other state-of-the-art models confirmed it as
a successful direction. Figures 9 and 10 illustrates the performance of the VGG and ResNet
baselines. The results reveal that pretrained CNN architectures can exhibit rapid learning,
but they are also susceptible to sudden drops in performance. We found that ResNet and
InceptionResNet achieved a higher accuracy compared to the other models. This can be
justified by looking at the InceptionResNet architecture that combines the advantages
of both the Inception and ResNet models. By combining the concepts of both Inception
and ResNet, it leverages the strengths of both architectures to achieve better results in
ArSL image classification. Moreover, InceptionResNet incorporates residual connections,
allowing for the reuse of features across different layers. This helps to combat the vanishing
gradient problem and enables a more efficient training of deep models.
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Our experimental study focused on examining the performance of various pretrained
models and vision transformers on an isolated ArSL dataset. The results indicated that
certain pretrained models, such as MobileNet, Xception, and Inception, tended to overfit
the data, as depicted in Figure 6. On the other hand, models such as our CNNs, ViT, and
the Big Transfer models exhibited superior learning performance without any signs of
overfitting, as demonstrated in Figures 7 and 8.

6. Conclusions and Future Works

This research paper investigated various methods for recognizing Arabic Sign Lan-
guage (ArSL) using transfer learning. The study utilized pretrained models, originally
designed for image classification tasks like VGG, ResNet, MobileNet, Xception, Incep-
tion, InceptionResNet, and DenseNet. A pretrained Google Research model named BiT,
Big Transfer, was also evaluated on our dataset. Additionally, the paper explored state-
of-the-art vision transformers, specifically ViT and Swin, for the task at hand. Different
deep learning CNN-based architectures were also employed and compared against the
pretrained models and vision transformers. Experimental results revealed that the transfer
learning approach, using both pretrained models and vision transformers, achieved a
higher accuracy compared to traditional CNN-based deep learning models. Although the
pretrained models performed better in terms of accuracy, the vision transformers exhibited
more consistent learning. The findings suggest that using recently designed pretrained
models such as BiT and InceptionResNet, as well as vision transformers like ViT and
Swin, can enhance accuracy, parameter efficiency, feature reuse, scalability, and overall
performance in ArSL classification tasks. These advantages make these models a promising
choice for future ArSL classification tasks involving words and sentences in image and
video datasets. In particular, transfer learning can be a valuable tool for image classification
tasks in other sign languages with limited resources and data, outperforming traditional
CNN deep learning models in many scenarios. Some limitations of this work are as follows.
The dataset was not representative enough to capture the complexity and variability of
ArSL words and sentences as a whole. A larger and more diverse dataset could potentially
provide a more comprehensive evaluation. Furthermore, practical implementation chal-
lenges such as computational resources, model deployment, real-time performance, and
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user usability could potentially pose challenges that need to be addressed for real-world
applications.

We propose several areas of future research that can enhance the progress of ArSL
recognition and sign language understanding. These suggestions can also offer valuable
guidance for the creation of robust and efficient models for other sign languages. Some of
the recommended future works are as follows:

• Address the imbalance in datasets: Imbalanced datasets can affect the performance
of deep learning models. Future work can focus on handling the class imbalance
present in ArSL datasets to ensure a fair representation and improve the accuracy of
minority classes.

• Extend the research to video-based ArSL recognition: The paper focused on ArSL
recognition in images, but future work can expand the research to video-based ArSL
recognition. This would involve considering temporal information and exploring
techniques such as 3D convolutional networks or temporal transformers to capture
motion and dynamic features in sign language videos.

• Investigate hybrid approaches: Explore hybrid approaches that combine both pre-
trained models and vision transformers. Investigate ways to leverage the strengths of
both architectures to achieve an even higher accuracy and stability in ArSL recogni-
tion tasks. This could involve combining features from pretrained models with the
attention mechanisms of vision transformers.

• Further investigate the fine-tuning strategies and optimization techniques for transfer
learning with pretrained models and vision transformers. Explore different hyperpa-
rameter settings, learning rate schedules, and regularization methods to improve the
performance and stability of the models.

• Explore techniques for data augmentation and generation specifically tailored for
ArSL recognition. This can help overcome the challenge of limited data and enhance
the performance and generalization of the models. Techniques such as generative
adversarial networks (GANs) or domain adaptation can be investigated.

• Investigate cross-language transfer learning: Explore how pretrained models and
vision transformers trained on one sign language can be used to improve the per-
formance of models on another sign language with limited resources. This can help
address the challenges faced by sign languages with limited data availability.

• Finally, continue benchmarking and comparing different architectures, pretrained
models, and vision transformers on ArSL recognition tasks. Evaluate their perfor-
mance on larger and more diverse datasets to gain a deeper understanding of their
capabilities and limitations. This can help identify the most effective models for
specific ArSL recognition scenarios.
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