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ABSTRACT Sign language is a communication system used by Deaf and hard of hearing people and serves
as a bridge between Deaf and hearing communities. Since sign language uses numerous visuomotor elements
that include both visual perception (hand shapes, facial expressions) and physical movements (hand and arm
movements), it represents a multimodal input source for Sign Language Recognition (SLR) systems. In this
study, a novel deep learning-based architecture using EfficientNet and multi-feature attention mechanism
is proposed to accurately recognize SL signs. Initially, general visual features are acquired through the
EfficientNet model, leveraging the transfer learning paradigm. Subsequently, dataset-specific contextual
features are extracted utilizing distinct network types; spatial dependencies are modeled via Convolutional
Neural Networks (CNNs), whereas temporal dynamics are learned through Recurrent Neural Networks
(RNNS5). These features are adaptively weighted using an attention mechanism and focus on the most critical
information for the classification task. This approach ensures that the most information-rich and useful
components of both methods are emphasized, leading to a significant increase in final performance. Utilizing
RGB video images, the proposed model, on the BosphorusSign22k General dataset comprising Turkish
Sign Language (TSL) signs, achieved accuracies of 99.01% and 96.84% for sign classes of 50 and 174,
respectively. Furthermore, the generalization ability of the model was demonstrated by its high accuracy of
99.84% in the Argentinian Sign Language dataset (LSA64) and 98.41% in the Indian Sign Language dataset
(INCLUDES50). Experimental results indicated that the proposed model architecture has a competitive
performance compared to existing SLR models reviewed in the literature.

INDEX TERMS Attention mechanism, computer vision, deep learning, sign language recognition, SLR
datasets, vision-based recognition.

I. INTRODUCTION

According to World Health Organization (WHO) data for
the year 2025, more than 5% of the world’s population
(430 million people) is hearing impaired, and 34 million of
these people are children [1]. It is predicted that by 2050,
approximately 2.5 billion people will have varying degrees
of hearing loss, and more than 700 million people, or one in
10 people, will be hearing impaired. It is clear that hearing
loss is a widespread and increasing global health problem.
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It is evident how urgent and important it is to develop and
disseminate methods that will help overcome communica-
tion barriers. Sign language (SL) is a primary means for
hearing-impaired people to communicate with each other.
However, if they want to communicate with someone who
does not speak sign language, this situation becomes unsolv-
able. Understanding and using sign language is essential for
hearing impaired people to participate in their education,
business and daily life. SL is a basic means of communication
for hearing impaired people, and the development of recog-
nition systems has the potential to significantly improve the
accessibility of this community. In this context, video-based
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SLR has become a research area of great interest in recent
years. SLR systems analyze sign language to understand
gestures and convert them into text or audio. Kumari and
Anand [2] stated in their study that there are two categories of
SLR: one is the isolated word or letter level, and the other is
the continuous sentence level. Word-level SLR is especially
critical for basic communication, emergency communication
systems, access to educational materials, sign language train-
ing, and real-time word-level translation applications.

There are two different approaches to SLR systems: vision-
based and sensor-based, depending on the type of data
collection. Although sensor-based methods promise higher
accuracy, they are likely to result in physical limitations and
inconveniences for users. Vision-based methods are among
the leading methods of sign recognition technology because
of their non-invasive nature and comprehensive data collec-
tion potential. In this approach, cameras are used for image
capture and analysis, whereas machine learning algorithms
are often used to interpret the collected data [3]. The transition
to deep learning in the field of visually based character recog-
nition has brought about a groundbreaking change. CNNs
overcome the limitations of traditional methods by learn-
ing rich spatial representations from visual inputs, whereas
RNNs have played a crucial role in modeling the dynamic
structure of sign language by processing these spatial features
over time. However, LSTM networks have come to the fore
because standard RNNs cannot cope with the gradient explo-
sion problem for learning long sequential data. LSTMs are
designed with special gate mechanisms (forget, input, output
gates) to essentially solve the ‘““gradient vanishing” problem.
GRU, which has a simpler structure compared to LSTM,
becomes quite efficient in resource-constrained environments
as the model is trained faster and requires less computational
resources. There are many successful studies that design
SLR models using these methods alone or in combination,
CNN+RNN [4], CNN-+LSTM [5], in different variations in
feature extraction.

Since SL is a combination of different gestures, shapes,
hand-body-facial expressions, and postures known as manual
and non-manual [6], visual recognition of sign language is
a complex area of research in computer vision [7]. Deep
learning has made significant progress in recent years in
tasks such as SLR and sign language generation (SLG),
but large amounts of labeled data are usually required
to train these models from scratch. Furthermore, collect-
ing and labeling sign language data can be difficult and
costly. This is where transfer learning (TL) comes into play,
which significantly increases the benefits of deep learn-
ing for SL. In our proposed Deep Learning-based Efficient
Multi-Feature Attention Mechanism (DeepEMA) for SLR,
both dataset-specific features (contextual features) and basic
visual features derived from EfficientNet, a transfer learning
model pre-trained on large-scale datasets, are used in the fea-
ture extraction phase. Classification is performed with deep
networks using the strongest feature representations from
both methods. In this way, the obtained features become parts

VOLUME 13, 2025

that complement each other’s weaknesses and emphasize
their stronger aspects for the classification task.

This study makes the following important contributions
and benefits to the field of video-based SLR. I) A novel
two-channel feature learning architecture is proposed that,
unlike standard two-stream architectures, simultaneously
processes general visual features (via transfer learning)
and dataset-specific contextual features (with CNN+RNN),
while dynamically weighting the contribution of these two
distinct feature sources through a source-based attention
mechanism. II) To dynamically determine the importance
of the extracted basic and contextual features, an atten-
tion mechanism that can weight these two different feature
sources is integrated. In this way, the model is expected to
focus on the most relevant information during the recog-
nition process and improve performance. III) For the task
of word-level SLR, the powerful EfficientNet-B7 model
is used as a transfer learning method. IV) By compil-
ing the studies in the literature, a diagram was created
showing the different categories into which SLR sys-
tems are divided by researchers. V) The fact that the
dataset used in the study consists only of RGB videos
provides a practical approach that allows the system to
perform signing in real-life scenarios, in the natural envi-
ronment of the signers, without additional hardware or
constraints. This is an important step for the widespread
use of SLR systems and the development of user-friendly
interfaces.

The rest of the article is organized as follows: Section II
describes the previous studies in the field of SLR, their
contributions to the literature, their current limitations, and
the potential benefits of the proposed method. Section III
provides detailed information about the datasets used in
the study. Section IV provides detailed explanations of
the methodology and architecture of the proposed model.
Section V includes the metrics used to evaluate the model.
Section VI presents the Results and Discussion, showing the
performance of the proposed model on various datasets, pro-
viding a comparative analysis with existing studies. Finally,
Section VII provides conclusion of the study and the proposed
model, followed by outlining potential avenues for future
research.

Il. RELATED WORK

SLR is a field of research that deals with the interpretation of
sign language (SL) from visual or sensor-based data. Studies
in this area use various techniques to analyze and recognize
signed communication. These methods can be classified into
different categories according to the type of sign to be recog-
nized, such as letter/word/sentence recognition, the method
of data acquisition, such as image/sensor-based, the method
of data usage, such as RGB/depth/skeleton, the method of
feature extraction strategy, such as manual/automatic, or the
general modelling approach, such as traditional/machine
learning/deep learning. Fig. 1 illustrates the variety of clas-
sifications presented in different sources for each processing
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FIGURE 1. Taxonomy of key aspects in sign language recognition systems.

step of SLR systems, based on the literature we have
reviewed.

There are two different approaches to SLR, depending on
the type of data acquisition: vision-based and sensor-based.

In the vision-based approach, the input data refers to
images/videos captured using methods such as camera, cell
phone camera, depth camera, Kinect [8], [9], [10], [11],
whereas in the sensor-based approach, the input data refers to
signals obtained using methods such as smart gloves, smart
watches, RFID, EMG [12], [13], [14], [15].
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Yuan et al. [13] developed a hand gesture recognition sys-
tem based on a wearable sensor. This study, which consists of
2 main parts, namely hardware and software, conducted data
collection using the developed glove in the hardware part. The
designed glove has sensors that capture fine-grained motion
features such as accelerometer, bend sensor and gyroscope.
Bluetooth, Wi-Fi and USB are also present in the designed
glove so that the collected data can be transferred to the
software. A Deep Feature Fusion Network (DFFN) model
combining Deep Convolution Neural Network (DCNN) and
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LSTM was proposed to combine and classify the data coming
from the sensors. In the study, 5178 hand movement samples
belonging to 24 English ASL letters were collected, and a
precision of 99.93%was achieved with the DFFN model.
34452 hand movement samples were collected for 72 signs
of CSL, and precision of 96.1% was achieved. Although
sensor-based approaches are a method that is not affected
by lighting conditions or cluttered backgrounds, the user
must wear a device that can prevent the naturalness of hand
movement [16].There are studies that use sensors on the glove
to report the data generated by the hand/finger movements
to the system and recognize the movement by measuring the
similarity [17], [18]. However, in many cases, users refuse to
wear gloves as they restrict their movement and are different
from traditional interaction methods. Since all letters in TSL
are gestured using two hands [19], glove sensors become
even more difficult for users. Another sensor-based approach
is hand movement detection studies using infrared or RFID
sensors. In such studies, the movement data is captured with a
sensor that is usually placed near the location where the hand
movements are performed. In their study, Zhang et al. [12]
proposed a model for recognizing SL based on RFID phase
signals. In their study, they first calculated the environmental
noise by taking the difference between the dynamic signals
measured during sign language movement and the static sig-
nals measured when there was no movement. After using the
Varri+ segmentation algorithm to segment the sign signals,
they used the CNN and BILSTM (Bidirectional Long Short-
Term Memory) model for recognition. They identified six
code numbers for six different sentences belonging to daily
spoken language and achieved an accuracy of 96.8% in the
system trained with these six codes. Such methods require the
hand to be at a certain distance from the sensor. In addition,
there are many overlaps in letters and words that are similar
to each other.

Vision-based systems can use cameras that are now built
into many devices such as smartphones, tablets, laptops and
security cameras. This makes it easier to develop and deploy
SLR systems with existing infrastructure without the need
for additional hardware costs and installations. It is also
more functional in terms of capturing broader information.
Whereas sensor-based systems typically focus on specific
types of movements (e.g., hand movements, body position),
image-based systems provide richer data in the form of
hand shapes, hand movements, posture, facial expressions, lip
movements, and contextual information (e.g., environment,
other objects). Vision-based approaches require capturing
images or videos of hand movements via a video cam-
era [20]. In addition to static finger alphabets, vision-based
approaches are also a good choice for dynamic recognition of
words and sentences. In some of vision-based studies, hand
recognition is primarily performed. Some hand recognition
studies rely on segmenting images into skin and non-skin
areas, using the detected skin region for identification. How-
ever, this approach often fails in the presence of dynamic
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backgrounds, which can interfere with accurate segmenta-
tion. Furthermore, the extensive image processing techniques
frequently employed in such morphological operation-based
methods can negatively impact their feasibility for real-time
applications due to computational overhead.

For vision-based approaches, SLR with only RGB images
is not an easy task. Therefore, researchers resort to methods
based on other modalities [21]. Most studies use other image
features in addition to RGB video images such as depth
information [22], [23], [24], [25], [26], [27] and skeleton
information [28], [29], [30]. Renjith et al. [31] conducted a
study that consisted of three steps: identification of indicator
frame (IIF) representing the completion of the movement,
identification of key frames (IPF) representing important
movements, and generation of skeleton sequence (GSS) rep-
resenting the sign language word. They also used CNN to
recognize and classify skeletal image sequences. They ana-
lyzed 25 samples each from the Word-Level American SL
(WLASL-100), Swiss German SL (DSGS) and Indian SL
(INCLUDESO) datasets and achieved 91.26%, 92.47% and
95.42%, respectively, according to the Weighted Average
Accuracy (WAA) metric. In the study, they also achieved
93.26%, 93.48% and 96.64% accuracy in the respective
datasets. Sincan and Keles [32] developed two models trained
using motion history images (MHI) from RGB video images
to perform word-level recognition. In the first model, they
used RGB-MHI to focus on spatial regions, and in the second
model, they used a fusion approach by combining RGB and
RGB-MHI. They used the TSL datasets AUTSL and Bospho-
rusSign22k as datasets and achieved an accuracy of 93.53%
and 94.83% respectively. Khartheesvar et al. [33] achieved
87.4% and 94.8% accuracy in their study on INCLUDE
dataset and its subset INCLUDESO. In their study, they
extracted 258 key points from each video frame with Medi-
aPipe holistic and used LSTM for classification. Although the
use of these additional features could increase the success,
each additional method requires additional computational
cost. Besides additional features may not be available in many
daily applications. For example, applications recorded with
public internet sources, TV broadcasts or cell phone cameras
are only suitable for models that can work with RGB video.

Sign language consists of manual features that express
the hand and finger movements that form the basis of its
movements, and non-manual features such as face, head and
gestures that accompany these main features. These addi-
tional features play an important role in the recognition of
SL movements [34]. All these features are present as a whole
in the full frame of the video. In many studies, features such
as cropped body posture, head posture, face and mouth are
considered in addition to the main full frame [29], [35], [36],
[37]. Although the use of additional features besides the full
image in SLR has the potential to increase success, it can also
bring disadvantages. The algorithms required to recognize
hands in a SL video require additional processing steps and
further complicate the model.
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TABLE 1. Overview of sign language datasets.

Dataset Language Level Data Type Class  Sample Link
B ASLLVD Vid different
oston ASL LV American SL W ideos (different 3300 9800 www.bu.edu/aslirp/av/dai-aslivd htm
[48] perspectives)
Vid
WLASL American SL W 1eeos 2000 21083  https://dxli94.github.io/ WLASL/
[49] (public int sources)
RWTH-BOSTON-50 . Videos (different www-i6.informatik.rwth-
A L 4
[50] merican SL W perspectives) 50 83 aachen.de/aslr/database-rwth-boston-50.php
BosphorusSign22k . RGB video, https://ogulcanozdemir.github.io/bosphorussi
Turkish SL 44 22542
[51], [52] urkish 8L W depth, skeleton 2 i
AUTSL Turkish SL W RGB video 226 38336 https:/cvml.ankara.edu.tr/datasets/
[27] depth, skeleton
ESN;]:LUDE Indian SL w Videos 263 4292 https://zenodo.org/records/4010759
LSA64 . . . .

[54] Argentina SL. W Videos 64 3200 https://facundoq.github.io/datasets/Isa64/
PSL Kinect 30 Poland SL W Videos & Depth 30 300 https://vision.kia.prz.edu.pl/dynamickinect.p
[55] From Kinect hp

Videos &Depth
FSSSI]J Tok 84 Poland SL W erniOTsoF Cf;fn 84 1680 https:/vision.kia.prz.edu.pl/dynamictof.php
DGS Kinect 40 . www.sign-lang.uni-
SL W Vid Depth 40 3186
[56] German ideos&Dep hamburg.de/Irec/data/kinectdgs40.html
4
[SSI 7(]; NUM German SL W& S Videos 728\;/ 33210  www.bas.uni-muenchen.de/Bas/SIGNUM/
L . 310 W 40785 .
[(?52] Greek SL W& S  RGB-Video, Depth 131S 10290 https://vcl.iti.gr/dataset/gsl/

(W: Word Level, S:

The increased computational cost and complexity cause
difficulties in real-time applications and increase training and
resource requirements. Since in our work the whole image is
used directly without performing morphological operations
on the video frames, there are significant advantages such
as simplicity, low computational cost, end-to-end learning
potential, data-friendliness and efficiency. Especially in
resource-constrained environments, it can be assumed that
only full-frame based RGB approaches will be a practical
and efficient solution for rapid prototyping development
processes.

Transfer learning (TL) allows models trained on large
datasets (e.g. ImageNet) to capture general features These
pre-trained models are effective in recognizing different
objects and patterns by using its prior knowledge in the sec-
ond model where there is limited data. From machine learning
(ML) perspective, it can be defined as reusing the stored
weights of a previously trained model to train or improve the
accuracy of one’s own model [38]. Das et al. [39] achieved
an accuracy of 91.67% in character recognition and 97.33%
in digit recognition in their study with the datasets ‘Ishara-
Bochon’ and ‘Ishara-Lipi’, which consist of numbers and
alphabets of Bangladeshi SL. After extracting features using
the pre-trained TL architecture on the ImageNet dataset,
they performed classification using the Random Forest (RF)
method. In the literature, there are studies that use TL for
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Sentence Level)

feature extraction in SLR [38], [40], [41], studies that use
deep networks [42], [43] and studies that apply deep networks
after TL [44].

Recent advancements in SLR have yielded improved accu-
racy; however, this progress has often been accompanied
by a commensurate increase in computational and storage
demands. Recognizing that not all frames within SL videos
contribute equally to the recognition task, Hu et al. [45].
introduced AdaSize as a strategy to mitigate computa-
tional overhead. AdaSize can model the frame resolution
decision as an end-to-end learnable task. In their exper-
iments with four large datasets, including PHOENIX14,
PHOENIX14-T, CSL-Daily and CSL, they showed that Ada-
Size increases efficiency while reducing computational and
memory requirements. Another method for reducing compu-
tational costs while increasing efficiency in SLR is the use of
an attention mechanism in key frame selection [46]. Whereas
conventional neural networks (NN) process the entire input
equally, attention mechanisms give the network the ability
to learn which parts of the input are more important for the
current output. In this way, the network can produce more
accurate and meaningful results by focusing on more relevant
information [47].

The attention mechanism not only focuses on the important
parts in the input sequences but also can be used as an intelli-
gent feature selection mechanism by determining the relative
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importance of different features extracted from a dataset [59],
[60], [61]. In our proposed model, the attention mechanism
is not used to directly weight the extracted features, but
to determine the importance levels of the features obtained
by 2 different methods. The features extracted by transfer
learning and the features extracted by CNN+RNN are com-
bined in the attention layer by weighting them according to
their importance levels. This combination process allows the
model to create a richer and more comprehensive feature
representation. With the attention mechanism, the most useful
features from both methods are weighted and the impact of
unimportant features on the classification is reduced.

The most used traditional methods in dynamic hand ges-
ture recognition systems are HMM (Hidden Markov Model),
statistical methods, eigenspace-based methods, curve fitting,
dynamic programming, SVM (Support Vector Machines) and
active contour. Non-traditional methods used in SLR are
neural network-based methods [62]. In recent years, neu-
ral networks and deep networks have been widely used in
areas such as speech recognition and digital signal process-
ing. Unlike traditional methods, deep learning-based methods
do not depend on the processing of previous data and
automatically extract features. Utilizing multiple processing
layers, deep learning methods identify complex patterns and
structures within very large datasets. This occurs through
hierarchical learning, where each layer builds representations
based on the concepts learned by the layer before it.

Deep learning is also invaluable in the context of big data,
as it extracts high-level information from very large amounts
of data [63]. Obi et al. [64] developed a desktop application
that uses CNN to recognize SL letters and convert them to
text. They achieved an accuracy of 96.3% for 26 letter classes
from the American Sign Language (ASL) dataset. CNN is
known to deliver good results for a single image. However,
it is not sufficient for an input consisting of a sequence of
images. Since CNN is structurally unsuitable for such a task,
deep learning methods such as RNN and LSTM models,
which are a type of RNN, have been developed [65].

Although it is a popular myth, there is no universal sign
language [66]. Just as each country has a different spoken
language, SL is also different. Although it is known that
there are currently 160 different SL in the world according
to data from the website Ethnologue.com [67], research to
determine the SL in the world is still ongoing. SIL Inter-
national [68] estimates that the actual number could exceed
400. For instance, Central Taurus Sign Language (CTSL),
discovered in 2012, is a SL that occurs naturally in a remote,
mountainous area in southern Turkey. It developed in three
neighboring villages with little or no influence from Turkish
SL [69].

Sign languages, like spoken languages, have their own
grammatical structure. Most of the studies conducted in the
field of SL recognition refer to the SL spoken in the country
where the study was conducted or to languages in existing
datasets around the world. Some of the datasets used in
SLR and their summary information are listed in Table 1.

VOLUME 13, 2025

The aim of this study is to develop a novel model using
Turkish Sign Language (TSL) data. Whereas acknowledging
the significant contributions in TSL research, we believe
our proposed model can offer a complementary perspective
and contribute to the ongoing exploration within the field.
Recognizing the inherent value of any contribution to the
TSL literature, we expect our work to be a valuable addition
to this field. With this study, we aim to provide a powerful
model for word-level TSL recognition, paving the way for
future TSL research and applications. The model will also be
validated against other country SL datasets such as LSA64
and INCLUDESO.

1Il. DATASETS USED IN THIS STUDY

The proposed DeepEMA model was developed based on
BosphorusSign22k and subsequently validated by testing
with the LSA64 and INCLUDESO0 datasets. The datasets
used in the study and the summary information about these
datasets are listed in Table 2.

A. BOSPHORUSSIGN22K

22542 video recordings in the dataset, consisting of 744 signs
belonging to Turkish SL, were recorded using Microsoft
Kinect v2. The dataset contains RGB video, depth map and
skeleton information for each sign gloss. Whereas the dataset
provides RGB, depth map, and skeleton information for each
sign gloss, this study focuses exclusively on RGB videos.
Depth map and skeletal information were not used. The
dataset is available to anyone for research purposes with the
permission of the authors. It consists of 3 main categories:
General, Health and Finance. There are 174 signs in the
General category, 428 in the Health category, and 163 in
the Finance category. The General category, which is a sub-
set of the dataset, is also used in many scientific studies.
In this study, we utilized two specific subsets derived from
the BosphorusSign22k dataset for model development and
evaluation, each serving a distinct purpose. The 174-class
‘General’ subset was selected as it is commonly used bench-
mark in numerous TSL research studies. Using this standard
subset allows for a direct and fair comparison of our model’s
performance against other methods in the literature. The 50-
class subset, which was randomly sampled from the ‘General’
category, was created to facilitate more extensive and rapid
experimentation. This approach enabled us to efficiently test
various architectural designs and tune hyperparameters.

B. LSA64
The dataset contains a total of 3200 videos created by 5 rep-
etitions for 64 signs from 10 people who have no experience
with Argentine SL. The dataset, which contains both verbs
and nouns, was selected from the most frequently used signs
in LSA. Some of the signs are one-handed, others 2-handed.
Some recordings were made outdoors in natural light,
others indoors in artificial light. In all recordings, the sub-
jects performed the signs while standing or sitting. This
variability in lighting conditions serves as a natural data
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TABLE 2. Datasets used in this study.

Dataset Class ::::::)le Signer Kle(:)(l)l-ltion ll:::;ne Language
BosphorusSign22k 744 22542 6 1920x1080 30 fps Turkish SL
221‘::2;“55@221" 174 5788 6 1920x1080  30fps  Turkish SL
BosphorusSign22k 50 50 1652 6 1920x1080 30 fps Turkish SL
LSA64 64 3200 10 1920x1080 60 fps Argentinian SL
INCLUDE 263 4292 7 1920x1080 25 fps Indian SL
INCLUDE-50 50 958 7 1920x1080 25 fps Indian SL

*BosphorusSign22k-50 is a randomly selected subset used for initial experiments.

augmentation, testing the model’s robustness. The data set is
available for academic, educational or personal use. Although
LSA64 encompasses fewer distinct sign classes compared to
established datasets such as ASLLVD, RWTH-PHOENIX-
Weather, it provides a larger number of samples per sign than
many comparable SL resources.

C. INCLUDE/INCLUDE50

The INCLUDE dataset, which consists of 4292 videos from
263 classes of Indian SL, comprises a total of 0.27 million
frames. The dataset was recorded with the help of 7 high
school students who were educated at a school for the deaf
in SL. The videos were recorded in a bright, naturally lit
classroom with no additional clothing or landscaping. The
data set, selected from popular signs in ISL, includes 15 dif-
ferent major categories. The sign videos are 2-4 seconds
long. The INCLUDE-50 dataset is a subset consisting of
50 randomly selected signs from 263 classes. They created
this subset to reduce computational costs, which is a draw-
back when training deep learning models on a large video
dataset, and to enable fast evaluations with different models.
The INCLUDE-50 dataset contains 958 example videos and
60897 frames. To evaluate the proposed model, INCLUDE-
50 dataset is used in this study.

IV. METHODOLOGY

To address the potential loss of detail when resizing video
frames from their original 1920 x 1080 resolution to 600 x
600, a deliberate preprocessing pipeline is used to preserve
critical features. First, to mitigate the loss of important infor-
mation, we did not downscale the entire frame. Instead,
we began by cropping the frame to a central 1080 x 1080 area,
which contains the most relevant information such as hand
movements and facial expressions, while discarding irrele-
vant background from the edges. Second, the final 600 x
600 resolution was empirically chosen after experimenting
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with various input sizes (e.g., 224 x 224, 300 x 300, 456 x
456), as it yielded the optimal performance in our archi-
tecture. Most importantly, this 600 x 600 dimension was
specifically selected to match the native input resolution of
the pre-trained EfficientNet-B7 model. This alignment is cru-
cial as it ensures that the powerful, pre-learned features of the
model can be effectively transferred to our task. This strategy
compensates for any potential loss of fine-grained detail from
the resizing process and is fundamental to achieving the high
recognition accuracy reported in our results

The videos in the dataset, we worked with varied in
length (35-180 frames) and contained very similar frames.
To standardize the variable-length videos to a fixed temporal
dimension of 20 frames while preserving the most significant
information, a dynamic keyframe extraction algorithm was
employed. For each video, this process started with a strict
similarity threshold to select only the most unique frames.
The algorithm then iteratively relaxed this threshold, pro-
gressively including more frames, until exactly 20 keyframes
were extracted. This adaptive approach ensures that every
sample fed into the model has a uniform length, representing
the most distinct moments of each sign gesture and discarding
redundant information

Fig. 2 shows the architecture of the proposed DeepEMA
model. For word-level sign language recognition from video,
the proposed model integrates two distinct feature types:
general visual features obtained via transfer learning, and
contextual features extracted using a dedicated CNN+RNN
component. These features go through an attention mecha-
nism, their weights are calculated and combined according to
their importance.

With this method, different features can be combined into
a single representation. In this way, a richer and more robust
feature space is created.

The features resulting from the attention mechanism were
analyzed by different deep networks (GRU, LSTM, and BIL-
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FIGURE 2. Architecture of proposed model.

STM) in the training phase. The best and fastest classification increased by including the average of the results obtained in
was obtained with GRU. The reliability of the model is the 5-fold cross-validation in the model.
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The similarity check process effectively filters out highly
similar or identical images, thereby enabling the identifica-
tion of genuinely unique visual content. With this approach,
we captured the changes in the video content and important
moments. In addition, video frames of different lengths were
represented with the same number of frames.

The model extracts features from the input data in two
different ways. The first are the features extracted from
the model trained on ImageNet using the transfer learning
method, and the second are the features we trained and
extracted on our own dataset using CNN-+RNN. Transfer
learning allows models trained on large datasets (e.g. Ima-
geNet) to capture general features. This pre-trained model
is effective in recognizing different objects and patterns by
using its prior knowledge in the second model with lim-
ited data. To improve the performance in our SLR system
with limited dataset, feature extraction was performed with
EfficientNet BO-B7 models trained on the ImageNet dataset.
The best results were obtained with the features we extracted
using EfficientNet-B7.

EfficientNet is a pure convolutional model that proposes
a new scaling method that scales all depth/width/resolution
dimensions equally. Tan and Le [70] systematically investi-
gated the scaling of the model in their study. They determined
that precisely optimizing network parameters such as depth,
width, and resolution is key to achieving better performance.
Based on this observation, they proposed a new scaling
method, EfficientNet, which scales all depth/width/resolution
dimensions equally, using a simple and highly effective com-
posite scaling

Definition 1: If you use 2V times computational resources
then increase network depth by oV, width by BV, image size
by ¥V, where a, 8, y are constant coefficients on the original
small model.

According to the logic of EfficientNet, the larger the input
image, the more layers and channels the network should
have. EfficientNet can adapt to different tasks and hardware
requirements by scaling the basic dimensions of the model
such as depth, width, and resolution in a balanced way.
It ensures efficiency by aiming to optimize the computational
cost and size of the model while increasing the accuracy of
the model, which is an important feature for real-time appli-
cations such as gesture recognition. EfficientNet-B7 achieves
a top 1 accuracy of 84.3% in ImageNet while being 8.4x
smaller and 6.1x faster in inference than the best existing
ConvNet [70]. With all these features and the ability to
achieve high accuracy even with smaller datasets, Efficient-
Net is the TL method we used in this study.

Both spatial (with CNN) and temporal (with RNN) features
are extracted from the sign language videos. Whereas CNN
extracts spatial features (hand movements, facial expressions,
etc.) from video images, RNN learns the sequential structure
of movements by processing these features temporally. The
combination of CNN+RNN, which focuses specifically on
the task of action recognition, learns temporal and spatial
relationships in the video. This helps to capture the dynamics
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and sequential structure of movements. By combining these
two approaches, the model can learn both general and specific
features, resulting in a richer feature representation. Deep
networks such as GRU (Gated Recurrent Unit) and LSTM
(Long Short-Term Memory) can perform better in classifying
movements by analyzing these combined features. The sys-
tem learns both general basic visual and specific contextual
features, leading to a better understanding of the movements.

The features obtained with transfer learning and the fea-
tures obtained with CNN+-RNN are combined in the attention
layer by weighting them according to their importance. This
combination process enables the model to create a richer and
more comprehensive feature representation.

The core of this combination process is a multi-feature
attention mechanism. The concept of self-attention was
famously introduced in its modern form by Vaswani et al.
[71] becoming the foundational component of the highly
influential Transformer architecture. Inspired by this pow-
erful principle, our DeepEMA model employs an attention
mechanism specifically tailored to our architectural chal-
lenge: effectively fusing two heterogeneous feature sources.

The attention mechanism was applied separately to TL and
RNN features in our study, and separate attention weights
were computed for each feature type. These weights are then
used to determine the importance of the relevant features.
Specifically, this weighting is accomplished in a two-stage
process. First, intra-sequence attention scores («) are com-
puted to identify the most salient time steps within each
individual feature stream. Second, a learnable, scalar source
weight (w) is applied to each entire stream to determine its
overall contribution to the final prediction. This two-level
approach allows the model to learn the information from
both feature types in an integrated way and achieve better
performance.

The following equations describe this two-stage attention
process for both the contextual (crnn) and transfer learning
(t]) streams. First, the intra-sequence attention scores are
computed.

Equations (1) and (2) are for the contextual (CNN-+RNN)
stream:

ecrnn = tanh(Xern Wl,cmn + bl,crnn) (€))
Cernn = soﬁmax(ecmnw2,crnn + b2,crnn) 2)

Equations (3) and (4) are for the general (Transfer Learning)
stream:

e; = tanh (thWI,tl + b],ﬂ) G
oy = softmax (eqWa.u + b2.u) “)

where X is the input feature sequence,W;, W are learnable
weight matrices, and by, b, are learnable bias vectors.

In the second stage, the model learns the overall reliabil-
ity of each feature source through a single, learnable scalar
parameter, (w). These weights, wem, and wy are optimized
during training via backpropagation, allowing the model to

VOLUME 13, 2025



E. Yenisari, S. Yavuz: Deep Learning-Based SLR Using Efficient Multi-Feature Attention Mechanism

IEEE Access

decide which stream’s information is more valuable for the
classification task.

The final output of the attention layer is produced by
weighting the original features with both the intra-sequence
attention scores («) and the source-specific reliability
weight (w). This process yields the “Weighted RNN” and
“Weighted TL” outputs shown in (5) (6).

CRweighted = Xernn © Aernn © Wernn )
TLyveightea = Xu © o © wy (6)

Here, ©® denotes the element-wise multiplication. These two
weighted feature streams are then concatenated to form a
single, enriched feature vector that is passed to the classifi-
cation head.

Then weighted features are combined. The combined fea-
tures are used as input for the deep model (LSTM, GRU,
BILSTM). This model classifies SL gestures by analyzing
the features. The model was trained and evaluated using
5-fold cross-validation. With cross-validation, it is possible to
evaluate how the model performs on different data segments.
Finally, the model outputs a prediction indicating the specific
SL class to which the input video corresponds.

Reset Gate

I

Update Gate

he—y

A 4

Hidden state

Wk

Input X,

FIGURE 3. Gated recurrent unit (GRU) block.

The best results were obtained with the GRU-based classi-
fier from deep networks fed with the obtained dual features.
GRU was first introduced by Cho et al. [72] and is a type of
RNN architecture that addresses the problem of short-term
memory. GRU is an RNN method used in modeling sequen-
tial data when computational resources are limited. GRU
offers a simpler structure than LSTM. The GRU architecture
simplifies the gating mechanism by merging the separate
input and forget gates of an LSTM into a single update gate.
GRU, which operates with a simpler structure and without
the high computational cost of LSTM without sacrificing
performance, provides successful results for many sequential
tasks. As shown in Fig. 3, GRU consists of two main gates
(Update, Reset). The reset gate determines how much of the
information in the previous hidden layer is forgotten (7). The
update gate determines how much of the input data is used to
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update the hidden layer (8).
Ry = sigmoid (W, - [h—1, x;]) N
U; = sigmoid (Wy, - [h;_1, x;]) 3

X; is the current input in the form of a sequence with which
the GRU is fed, h;_ is the hidden state in which the recurrent
calculation is performed, W is the weight matrix learned
during training.

h} is the hidden candidate state (9) and h; is the new
hidden state (10) computed in the update gate by weighing
the previous hidden state and the hidden candidate state.

h, = tanh(Wy, - [R; - hy—1, x]) ©)
hy=0—=U) -h_1+U -h (10)

y; the output of the GRU, which is generated in the output
layer depending on the desired task (single number, sequence
or probability distribution).

GRU uses special gates that adaptively control the updating
and storage of information within the unit. By managing this
information flow, the gates ensure that the gradients remain
informative during backpropagation over long sequences.
This allows the network to selectively remember important
past contexts while incorporating new relevant inputs.

V. EVALUATION METRICS

There are many criteria that can be used to evaluate the
performance of SLR model. For isolated SL, the commonly
used evaluation metric is Accuracy rates [73]. Precision,
Recall and F-score are other commonly used metrics besides
accuracy. For the proposed system, accuracy is the chosen
criterion to make comparisons with other studies in the lit-
erature. The performance metrics we used in this study are
given in (11), (12), (13), and (14).

TP + TN
Accuracy = (11)
TP+ TN + FP+ FN
. TP
Precision = —— (12)
TP + FP
TP
Recall = —— (13)
TP + FN
2TP
FScore = —————— (14)
2TP 4+ FP + FN

where TP is True Positive, TN is True Negative, FP is False
Positive and FN is False Negative

VI. EXPERIMENTAL RESULTS AND DISCUSSION

Utilizing only RGB information from sign language videos,
we first performed frame elimination based on a similarity
threshold. Subsequently, we extracted dual features—both
specialized (via a CNN+RNN architecture) and generalized
(via Transfer Learning)—from this filtered data. These dual
features were then weighted using a Self-Attention mech-
anism before being fed into a GRU deep neural network.
Thus, before reaching the classification layer with GRU,
we extracted more meaningful and summarizing features
from the data we had at each stage.
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TABLE 3. Performance results of the proposed model on the BosphorusSign dataset.

Class Method Accuracy Precision Recall F-score
50 TL (EfficientNet) GRU 97.58 97.96 97.53 97.51
CNN+RNN
50 GRU 96.31 96.23 96.25 95.78
Multi-Features
50 GRU 97.94 98.25 97.99 97.93
Multi-Features
50 Attention 99.01 99.34 99.15 99.19
GRU
Multi-Features
174 GRU 95.92 95.52 95.86 95.42
Multi-Features
174 Attention 96.84 97.30 96.58 96.37
GRU

The proposed model was evaluated in 3 different sign
languages and comparison tables of previous studies con-
ducted on the same datasets are presented together. Although
the datasets examined are the same, the parts of the dataset
used as input in the studies (skeletal joints, hand posture,
heat maps) may differ. In the studies, the BosphorusSign22k
dataset was first used to develop the model. The model was
then evaluated on the LSA64 and Include50 datasets.

The studies carried out with BosphorusSign22k and the
values resulting from the 5-fold average values are listed in
Table 3. The table provides a comparative evaluation of the
hand gesture recognition models that we tested to investigate
the effects of different architectural choices. The comparison
is performed for two different test setups defined by the
number of gesture classes: 50 and 174. For each model, the
table reports the test accuracy, precision, recall, and F-score
to allow a comprehensive analysis of the performance char-
acteristics.

On the 50-class dataset, we first evaluated the performance
using individual feature streams. The model utilizing TL
features achieved a respectable test accuracy of 97.58%.
The model employing features extracted via the CNN+RNN
architecture yielded a test accuracy of 96.31%. Combining
both feature types ‘Multi-Features’ demonstrated a synergis-
tic effect, improving the test accuracy to 97.94%. Notably,
the most significant performance gain was observed when
incorporating an attention mechanism with the multi-feature
approach. Proposed DeepEMA model, ‘Multi-Features +
Attention + GRU’ configuration achieved the highest perfor-
mance on this dataset, reaching a test accuracy of 99.01%.
This highlights the efficacy of the attention mechanism in
selectively focusing on the most informative parts of the
combined feature representations. The experiments were
extended to a more challenging scenario using the 174-class
dataset. The proposed model obtained a test accuracy of
96.84%.

Table 4 presents a comparative analysis of the pro-
posed DeepEMA model’s performance against several
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state-of-the-art methods conducted on the BosphorusSign22k
dataset. The table details the publication year, reference,
input modality, number of classes, technique employed, and
the reported accuracy (%) for each study. As observed,
the input modalities vary significantly across the compared
methods, ranging from heat maps and hand shape to more
complex combinations involving RGB data, pose informa-
tion (body, finger, face), optical flow, hand skeleton joints,
and facial expressions combined with hand gestures. The
proposed DeepEMA model, evaluated on RGB full frames,
demonstrates notable accuracy compared to the existing lit-
erature. Specifically, when trained and tested on a dataset
with 50 classes and 1652 samples, our model achieves an
accuracy of 99.01%. Even when challenged with a larger
and more complex dataset comprising 174 classes and
5788 samples, DeepEMA maintains a competitive accu-
racy of 96.84%, outperforming the other listed methods.
The high accuracy achieved across different dataset scales
also suggests the robustness and generalizability of our
approach.

Table 5 compares the proposed model with other studies
conducted with the LSA64 dataset, their input modality and
the techniques used. It shows that the proposed model is more
successful than the other compared methods with 99.84%
accuracy.

LSAG64 dataset contains videos recorded under varied light-
ing conditions (both indoor artificial and outdoor natural
light). This result highlights the model’s inherent robustness
and its ability to generalize across challenging real-world
scenarios without explicit light normalization preprocessing.
Furthermore, this high level of success is likely supported
by the LSA64 dataset’s structure, which offers a relatively
large number of training samples per class (3200 samples
for 64 signs) compared to some other datasets, potentially
enabling more robust learning. This finding serves as further
evidence that a greater number of examples per sign facili-
tates more effective model training and generalization in sign
language recognition.
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TABLE 4. Accuracy comparison with advanced methods for BosphorusSign dataset.

Year Reference Input Modality Class Method Acc %
Heat maps skeleton joints .
2019 [74] from sensor. 174 Temporal Accumulative 81.58
Features
Hand shape
RGB, Pose, Inception 3D
2021 (73] optical flow 174 LSTM-RNN 89.35
Finger, full-body, MultiChannel
2024 (761 face features 174 MobileNetV2 97.15
Hand skeleton Graph Conv. Networks
2024 (771 Hand Joint connections 744 (GCNs) 89.67
Facial expressions ResNet-18
2024 (78] Hand gestures 744 LSTM MSE 94
Pr a4 EfficientNet
2025 opose RGB full frame 50 MultiFeature Attention 99.01
DeepEMA
GRU
P d EfficientNet
2025 ropose RGB full frame 174 MultiFeature Attention 96.84
DeepEMA
GRU
TABLE 5. Accuracy Comparison with advanced methods for LSA64 dataset.
Year Reference Input Modality Class Method Ace %
2016 [79] RGB-Hand 64 BoW + SubCls 91.70
2022 [80] RGB Full Frame 64 Pruned VGG 95.50
2022 [80] RGB Full Frame 64 InceptionV3-GRU 74.22
2024 [81] Hand Face Keypoints 64 Transformer 98.25
2024 [76] Finger Body Face Pose 64 MultiChannel-MobileNetV2,  99.78
EfficientNet
2025 Proposed RGB 64 MultiFeature Attention 99.84
DeepEMA Full Frame GRU

Table 6 presents a comparative analysis of hand gesture
recognition accuracy achieved by various state-of-the-art
methods and the proposed DeepEMA model. The table
details the publication year, reference, input modality,
number of classes, sample size, technique employed, and the
reported accuracy (%) for each study. All compared methods,
except [86], were evaluated on a dataset with 50 gesture
classes and 958 samples, allowing for a direct compari-
son under similar experimental conditions. The surveyed
literature demonstrates a variety of input modalities and
techniques employed for hand gesture recognition. Methods
utilizing pose information, either as video or hand pose,
achieve competitive accuracies, as seen in [53] with 94.5%
in [87] with 97.44%. RGB video-based approaches also
show promising results, with [82] reporting 91.30% and [84]
achieving 92.46% using advanced temporal modeling with
attention mechanisms. Notably, [86], although using a sig-
nificantly larger and more complex dataset, reported an
accuracy of 96% using transfer learning with a deep learning
CNN. The proposed DeepEMA model achieves a state-of-
the-art accuracy of 98.41% on the 50-class dataset with
958 samples.
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The integration of multi-feature extraction and the atten-
tion mechanism within the GRU network appears to be highly
effective in capturing the relevant spatio-temporal features for
accurate hand gesture recognition.

Our work builds upon the established multi-stream
paradigm demonstrated in studies like [75] and [76]. How-
ever, its primary novelty lies in the specific fusion strategy.
We introduce a two-stage attention mechanism where atten-
tion is first applied within each feature stream to identify
salient temporal information. Subsequently, a learnable scalar
weight is applied to each entire stream to adaptively control
the overall contribution of each feature channel to the final
prediction.

To evaluate the effectiveness of our proposed DeepEMA
model in a broader context, we compare its performance
against several state-of-the-art methods reported in the litera-
ture on various sign language recognition datasets. Table 7
summarizes this comparison, detailing the dataset char-
acteristics (number of classes, samples), input modalities,
techniques employed, and reported accuracies alongside the
results obtained by our model on the BosphorusSign22k,
LSA64, and Include50 datasets.
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TABLE 6. Accuracy comparison with advanced methods for INCLUDE dataset.

Year Reference Input Modality Class Method Acc %
2020 [53] Pose video 50 MobileNetV2 BILSTM 94.5
2023 [82] RGB videos 50 DCDW-LSTM 91.30
Mediapipe Pose BERT
2023 [83] Hands >0 Transformer 89.5
2024 [84] RGB videos 50 C3D-BIiLSTM MHAttention ~ 92.46
RGB videos Meta-Learning
2023 [83] Full frame >0 +LSTM RNN 84.52
2023 [86] RGB videos 263 Transfer Learning 96
Deep Learning
2024 [87] Hand Pose 50 MediaPipe CNN BILSTM 97.44
Mediapipe Pose Mediapipe
2024 [88] Face Hands >0 Attention-based BILSTM 88.63
MediaPipe
2024 [33] Pose, Hand, Body 50 LSTM 94.8
Pr d EfficientNet
2025 opose RGB video frames 50 MultiFeature Attention 98.41
DeepEMA
GRU
TABLE 7. Accuracy comparison with advanced methods for different datasets with similar scale.
Dataset Reference Input Modalitiy Class Sample Method Acc %
ISL Words [10] RGB videos 17 340 Hybrid LSTM 83.36
11SL2020 [42] RGB videos 11 1160 LSTM-GRU 97.1
3D skeletal hand and End-to-end Fourier CNN
GSL 89 . 20 ~840 90.69
(89] multi-body poses. (EFCNN).
. LSTM with ttenti
DArSL50 [43] hand and body key points 50 7500 mech with an attention 85
. Graph meets Attention and
BSL-38 [8] RGB images 38 12160 CNN (GmTC) 93
KSU-SSL [9] RGB videos 40 16000 CNN-BILSTM 94.46
FSL [22] Hand movements, head 1188 HMM 93.87
pose, gaze direction
Bosph Proposed EfficientNet
OSphorus roP RGB videos 50 1652 MultiFeature Attention 99.01
Sign22k DeepEMA
GRU
Pr d EfficientNet
LSAG4 opose RGB videos 64 3200 MultiFeature Attention 99.84
DeepEMA
GRU
Proposed EfficientNet
Include50 P RGB videos 50 958 MultiFeature Attention 98.41
DeepEMA GRU

VIl. CONCLUSION

In this study, a novel deep learning approach for video-based
sign language recognition is presented. The proposed model
uses both general (obtained by transfer learning) and dataset-
specific (extracted by CNN+RNN) feature representations
via a two-channel architecture to recognize signs at the word
level. In the existing literature, the sequential use of fea-
ture extraction methods is common. In our model, the aim
is to increase the performance by using feature extractors
simultaneously rather than sequentially. A key aspect of the
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proposed model is the role of its attention mechanism, which
dynamically weights the contributions of the general and
specific feature streams. This approach to source-specific
weighting for multi-feature fusion is a central contribution of
our work. Furthermore, this study investigated the application
of the EfficientNet-B7 model for word-level sign language
recognition, evaluating its effectiveness in this context.

The integration of general features obtained by transfer
learning with spatial and temporal features extracted from
CNN and RNN layers demonstrated the potential of the
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model to create a more powerful, robust and effective model
for different types of data. This integrated approach aims
to overcome the limitations of the features used alone and
eliminate the mutual shortcomings. The analyses performed
indicated that promising results can be achieved in this
direction. The proposed model was tested on datasets in
different languages with different sized classes and its perfor-
mance was verified. The model obtained 96.84% accuracy,
97.30% precision, 96.58% recall, and 96.37% F-score on
the BosphorusSign22k General dataset of TSL. In addition,
the model achieved accuracies of 99.84%, and 98.41% on
the LSA-64 and INCLUDESO datasets, respectively, which
were the highest values found in the literature we reviewed.
Since the datasets used in the study consist only of RGB
videos, the model, when developed and used in real-life
scenarios, would allow signers to perform their signing in
their natural environment without additional hardware or
constraints. This increases the practical applicability and
scalability of the proposed system.

In future studies, the performance of the proposed model
on different and more extensive sign language datasets will be
investigated in detail. In addition, we aim to further increase
the recognition accuracy of the model on larger datasets by
investigating different variants of the attention mechanism
and merging strategies. A crucial direction for future work
will be a direct benchmark of the DeepEMA model against
Transformer-based architectures. Such a study would pro-
vide valuable insights into the performance and efficiency
trade-offs between our hybrid CNN+RNN approach and the
self-attention mechanisms central to Transformers. Further-
more, real-time applications of the model and its performance
in resource-constrained environments will be among the
future research topics.
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