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With around 1 % of the population of the Republic of 
Kazakhstan being affected by hearing disabilities, Kazakh 
Sign Language holds great importance as a means of com-
munication between citizens of the state. The limitations 
of tools for Kazakh Sign Language (KSL) create significant 
challenges for people with hearing impairments in education, 
employment, and daily interactions. This research addresses 
these challenges through the development of an automated 
recognition system for Kazakh Sign Language gestures, aim-
ing to enhance accessibility and inclusivity of communication 
using artificial intelligence. The approach employs advanced 
machine learning techniques, including Convolutional 
Neural Networks (CNNs) for recognizing spatial gesture pat-
terns and Recurrent Neural Networks (RNNs) for processing 
temporal sequences. By combining these methods, the system 
recognizes both hand gestures and facial expressions, pro-
viding a dual-stream model that surpasses single-stream ges-
ture recognition systems focused solely on hand movements. 
A dedicated dataset was created using Mediapipe Holistic, 
an open-source tool that identifies 543 landmarks across 
hands, faces, and poses, effectively capturing the multifac-
eted nature of sign language. The findings showed that the 
hybrid model significantly outperformed standalone CNN 
and RNN models, achieving up to 96 % accuracy. This demon-
strates that integrating facial expressions with hand gestures 
greatly enhances the precision of sign language recognition. 
This system holds immense potential to improve inclusivi-
ty and accessibility in various settings across the Republic of 
Kazakhstan by facilitating communication for hearing-im-
paired individuals, paving the way for expanded research 
and application in other sign languages
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1. Introduction

The rapid development of science and technology has signifi-
cantly contributed to solving various societal challenges, partic-
ularly those faced by individuals with disabilities. For people 
with hearing impairments, effective communication remains a 
vital but often complex aspect of daily life. Sign language, which 
involves the use of hand movements and facial expressions, 
serves as their primary mode of communication. However, 
communication barriers between hearing-impaired individuals 
and the rest of society frequently lead to social isolation [1].

In the Republic of Kazakhstan, there are 200,000 people 
with hearing impairments, which constitutes about 1 % of 
the country’s 20 million population [2, 3]. These individuals 
encounter numerous challenges in education, employment, 
and social inclusion, primarily due to the limited availability 
of sign language interpretation services. Currently, the state 
provides only 60 hours of interpretation services annually per 
person [4], while several regions face a severe shortage of pro-
fessional interpreters [5]. These issues underscore the need 
for innovative solutions that can either support or replace 
traditional interpretation services, improving accessibility 
and the overall quality of life for this group.

Advancements in artificial intelligence (AI), machine learn-
ing (ML), and computer vision have opened up new possibilities 
for addressing such challenges. Machine learning techniques, 

including Convolutional Neural Networks (CNNs) and Re-
current Neural Networks (RNNs), have already demonstrated 
considerable success in recognizing sign languages through 
the analysis of hand gestures and facial expressions. Research 
in this field highlights the effectiveness of these technologies. 
For instance, studies have successfully developed recognition 
systems for Assamese Sign Language using MediaPipe com-
bined with deep learning models [6]. Other efforts have ap-
plied machine learning techniques to recognize the Amharic 
alphabet [7]. Indian Sign Language recognition has utilized 
CNNs for dynamic gesture modeling and Support Vector Ma-
chines (SVMs) for image analysis [8, 9]. Additionally, Arabic 
Sign Language [10] and Indonesian Sign Language [11] have 
been the focus of similar research, incorporating hand gesture 
recognition to improve communication tools for hearing-im-
paired individuals.

Nevertheless, many existing systems primarily concentrate 
on recognizing hand gestures, neglecting the significant role 
that facial expressions play in effective sign language commu-
nication. This research aims to address this gap by developing a 
dual-stream model that integrates CNN and RNN technologies 
to recognize the Kazakh Sign Language (KSL). By utilizing Me-
diapipe Holistic, an open-source framework capable of detecting 
543 key points, including 33 body poses, 21 landmarks for each 
hand, and 468 facial landmarks [12], the proposed system will 
capture both hand and facial gestures. Such a tool could provide 
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and complex gestures, may require tailored approaches for 
multi-modal datasets.

In paper [18], the authors conducted research on Kazakh dac-
tylic sign language recognition using machine learning meth-
ods like Random Forest and Support Vector Machines (SVM). 
Their dataset of 5,000 images per gesture yielded respectable 
accuracy. However, their models did not support the recognition 
of sequential and dynamic gestures in KSL, which necessitates 
the use of advanced methods such as Convolutional Neural 
Networks (CNNs) and Recurrent Neural Networks (RNNs).

In the study [19], an ensemble method combining ResNet-50 
and VGG-19 architectures was applied to KSL gesture recog-
nition, achieving a recognition accuracy of 95.7 %. While this 
method demonstrated effectiveness in static gesture recognition, 
it did not incorporate facial expressions, which are critical for 
accurately interpreting the full meaning of gestures in KSL. In-
corporating multimodal inputs, such as hand gestures and facial 
expressions, could significantly improve recognition accuracy.

All this allows to argue that it is appropriate to conduct a 
study devoted to developing advanced methods for the recog-
nition of Kazakh Sign Language (KSL). Despite substantial 
progress in sign language recognition, critical gaps remain in 
addressing the unique characteristics of KSL, including its dy-
namic gestures and reliance on facial expressions. Addressing 
these challenges requires the development of specific methods, 
including the creation of large-scale annotated datasets and the 
application of dual-stream methods that utilize Convolutional 
Neural Networks (CNNs) for static gesture recognition and 
Recurrent Neural Networks (RNNs) for processing sequential 
data. Such methods can significantly enhance the recognition 
of complex gestures and facial expressions in KSL, ultimately 
enhancing communication tools for individuals with hearing 
impairments in the Republic of Kazakhstan. 

3. The aim and objectives of the study

The aim of this study is to develop a hybrid CNN-RNN 
model to accurately recognize dynamic and facial gestures in 
Kazakh Sign Language (KSL). The research focuses on creating 
a practical translation system that enhances communication 
for individuals with hearing impairments in the Republic of 
Kazakhstan, promoting social inclusion and bridging commu-
nication gaps through advanced gesture recognition technology.

To accomplish this aim, the next objectives were set:
– to create a comprehensive dataset with precise coordinates 

of facial and hand landmarks, covering both static and dynamic 
gestures in KSL to ensure diverse and accurate gesture repre-
sentation;

– to design a hybrid architecture the Gesture Recognition 
System;

– to evaluate the performance of the hybrid model in 
recognizing dynamic and static gestures of KSL, comparing its 
accuracy with traditional single CNN-based models;

– to apply the developed model in practical tools, such as 
real-time translation systems, to improve communication for 
individuals with hearing impairments.

4. Methods and materials

4. 1. Object and hypothesis of the study
The object of this study is the process of recognizing dynam-

ic and facial gestures in Kazakh Sign Language (KSL) using a 

an innovative solution to improve communication for people 
with hearing impairments in the Republic of Kazakhstan.

Kazakh Sign Language differs from many other sign lan-
guages in its dynamic nature and its extensive use of facial ex-
pressions alongside hand gestures. These unique characteristics 
make it particularly challenging for conventional recognition 
systems. Therefore, the exploration of methods that can effec-
tively recognize the Kazakh Sign Language is highly relevant. 
Such research not only addresses a critical societal need but also 
contributes to the broader field of sign language recognition 
technologies, fostering inclusion and enhancing the quality of 
life for individuals with hearing impairments in the Repub-
lic of Kazakhstan.

2. Literature review and problem statement

Several studies have been conducted by researchers and or-
ganizations to address challenges in sign language recognition, 
leveraging advancements in machine learning and computer 
vision technologies. Despite these efforts, Kazakh Sign Lan-
guage (KSL) remains an underexplored area due to its unique 
characteristics, such as dynamic gestures and the use of facial 
expressions. This analysis explores existing studies, highlight-
ing their contributions, limitations, and relevance to the recog-
nition of KSL.

The paper [13] proposed a vision-based system for recog-
nizing gestures in Thai Sign Language (TSL). Their method 
employed Zernike moments to reduce computation time when 
analyzing single-handed and double-handed gestures. This ap-
proach is particularly effective for real-time applications, such as 
mobile platforms. However, its adaptability to dynamic languag-
es like KSL remains unclear, especially given the importance 
of integrating gestures with facial expressions. Developing al-
gorithms that incorporate both elements is a potential solution.

In this study [14], researchers combined surface electro-
myography (sEMG) signals with Temporal Convolutional Net-
works (TCN) and Long Short-Term Memory (LSTM) models. 
This multi-modal framework significantly improved the recog-
nition accuracy of complex gestures. For KSL, however, the lack 
of annotated datasets for hand gestures and facial expressions 
limits the direct application of such techniques. Expanding 
these datasets and integrating facial landmarks into the frame-
work could enhance its relevance.

A significant contribution was made in this study [15] with the 
creation of a large-scale dataset for Greek Sign Language (GSL), 
which demonstrated improved recognition accuracy through 
deep learning models. The absence of a similar dataset for KSL 
remains a barrier to robust model training. Collaborative efforts 
to build a comprehensive KSL dataset could address this issue, 
enabling better performance in recognition systems.

The fusion of handcrafted skeleton-based features with 
pixel-based deep learning features for Japanese Sign Language 
(JSL) recognition was explored in this study [16]. This approach 
enhanced robustness against variability in gestures and signer 
styles. For KSL, employing similar techniques alongside tools 
like Mediapipe Holistic, which can simultaneously capture 
hand and facial landmarks, could offer a holistic solution to 
recognition challenges.

In this study [17], a hybrid-metaheuristic algorithm for 
feature selection achieved an impressive 98 % accuracy rate in 
gesture recognition. The optimized feature sets proved essential 
in enhancing machine learning model performance. However, 
applying such optimization methods to KSL, with its diverse 
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hybrid CNN-RNN model, focusing on developing a robust 
method that integrates both manual and facial gesture rec-
ognition to enhance communication for individuals with 
hearing impairments. 

The main hypothesis of the study is that the hybrid CNN-
RNN model will demonstrate significantly higher accuracy 
in recognizing dynamic and facial gestures of KSL compared 
to traditional single-stream CNN models. 

Assumptions made in the study are that all gestures are 
performed in a controlled environment with consistent light-
ing and a neutral background, that the dataset accurately 
represents the diversity of gestures and facial expressions 
in KSL, and that the hybrid model will maintain perfor-
mance consistency in varied real-world scenarios. 

Simplifications adopted in the study are the recognition 
process is simplified by limiting the dataset to a predefined set 
of gestures and facial expressions, restricting dynamic gestures 
to specific motion patterns to reduce model complexity, and 
minimizing background noise and non-relevant movements 
during data collection to improve model accuracy. 

This structured method ensures that the study not only 
validates the effectiveness of the proposed hybrid model 
but also explores its potential for real-world applications, 
contributing to the broader goal of enhancing social inclu-
sion for the hearing-impaired community in the Repub-
lic of Kazakhstan.

4. 2. Theoretical methods
The recognition system was based on a hybrid architecture 

combining Convolutional Neural Networks (CNNs) and Re-
current Neural Networks (RNNs). CNNs were used to analyze 
spatial features such as hand shapes and facial expressions, 
essential for static gesture recognition. RNNs captured tempo-
ral dependencies in sequential frames, making them suitable 
for dynamic gestures. The hybrid model was selected for its 
ability to handle multimodal data effectively, as demonstrated 
in similar sign language recognition studies [6, 7].

Additionally, Mediapipe Holistic was employed for ex-
tracting multimodal features, including 21 hand landmarks, 
468 facial points, and 33 body posture points [12].

4. 3. Data collection
The data collection process was carefully structured to 

ensure high-quality and representative inputs for training 
the models:

Video recording:
− gestures were recorded using OpenCV, utilizing Full 

HD cameras under controlled lighting conditions to reduce 
noise and enhance clarity;

− a neutral background was used to eliminate distractions;
− the dataset included a diverse set of both static gestures 

and dynamic gestures;
− an automated data collection algorithm was imple�-

mented to streamline the capture of video data and prepro-
cessing of frames for analysis.

Feature extraction:
− mediapipe Holistic was employed to extract spatial and 

temporal features from the recorded videos;
− the extracted features included hand shapes, facial 

expressions, and body postures, ensuring a comprehensive 
representation of gestures.

This structured data collection ensured that the dataset 
accurately represented the complexity and diversity of KSL 
gestures.

4. 4. Data preprocessing
The collected data underwent meticulous preprocess-

ing to ensure its readiness for model training. The extracted 
features were stored as NumPy arrays, where each array 
contained the (x, y, z) coordinates of all detected landmarks. 
Missing values were replaced with zeros to maintain unifor-
mity across the dataset. To enhance model efficiency, data 
normalization was performed, standardizing the input values 
and ensuring compatibility with machine learning algorithms. 

The dataset was then divided into two subsets: 80 % al�-
located for training to facilitate pattern learning and 20 % 
reserved for testing, providing a robust framework for evalu-
ating model performance. 

This comprehensive preprocessing pipeline ensured the da-
ta’s consistency, clarity, and suitability for training and validation.

4. 5. Model development
Three distinct models were developed to process the pre-

processed data:
1. Convolutional Neural Networks (CNNs).
CNNs were developed to analyze spatial features, focus-

ing on static gestures such as hand shapes and facial expres-
sions. These models excel at recognizing stationary gestures 
in Kazakh Sign Language (KSL) by extracting patterns from 
individual video frames. Their proven ability to detect spatial 
features made them a vital component of the system [8, 10].

2. Recurrent Neural Networks (RNNs).
RNNs were utilized for the analysis of sequential data, 

capturing the temporal relationships required for interpret-
ing dynamic gestures. This approach was well-suited for 
recognizing movements that spanned multiple frames, such 
as directional gestures, by processing frame-to-frame depen-
dencies. The inclusion of RNNs ensured the system could 
accurately track motion patterns [7, 11].

3. Hybrid CNN-RNN Model.
A hybrid model was implemented to integrate the 

strengths of CNNs and RNNs, allowing simultaneous pro-
cessing of static and dynamic gestures. This combined 
approach ensured effective recognition of complex KSL 
gestures, leveraging CNNs for spatial feature extraction and 
RNNs for temporal sequence analysis.

The models were implemented and configured to address 
the unique requirements of KSL gestures.

4. 6. Validation
The developed models underwent a rigorous validation 

process to ensure their reliability and effectiveness. Each 
model was trained over 1,000 epochs, enabling the networks 
to learn and generalize gesture patterns effectively. The per-
formance was evaluated by comparing the predicted gestures 
with ground truth labels, using metrics such as categorical 
accuracy and recognition rates to assess their ability to rec-
ognize both static and dynamic gestures. 

Categorical accuracy measures how well a model predicts 
the correct class in a dataset where each class is represented 
by a unique label (e. g., letters like A, B, V). For each record, 
the model predicts probabilities or scores for all classes, and 
the class with the highest value is selected as the predicted 
label. This predicted label is then compared with the actual 
label. If they match, it is counted as correct; otherwise, it is 
incorrect. The accuracy is calculated as the percentage of cor-
rect predictions out of the total records. For example, if there 
are 100 samples and the model correctly predicts 92 of them, 
the accuracy is 92 %. Categorical accuracy is a simple and 
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effective way to measure performance, especially in tasks 
like recognizing letters, where each class is distinct, and the 
model aims to match the predicted letter with the actual one:
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where N is total number of frames, ( )i
predy  is predicted class for 

i-th frame, ( )
true

iy  is actual class for i-th frame. Arg max func-
tion is used to find maximum value from found values and 
1(•) is indicator function that results in 1 if condition inside 
is true and in 0 if not.

Extensive testing of the hybrid CNN-RNN model demon-
strated its capability to handle the multimodal complexities 
of Kazakh Sign Language (KSL) gestures. This validation 
process confirmed the robustness and adaptability of the 
hybrid model, underscoring its potential for real-world appli-
cations in KSL translation systems.

5. Results of hybrid CNN-RNN model application for 
recognizing KSL gestures 

5. 1. Creation of a comprehensive dataset for Ka�-
zakh Sign Language gestures

To enable accurate recognition of Kazakh Sign Lan-
guage (KSL) gestures, a robust dataset was developed. This 
dataset integrates hand and facial landmarks to ensure a 
precise representation of gestures.

To collect the data, OpenCV was used to process each 
frame of the video, where algorithms were then applied to ex-

tract key features as can be seen in Fig. 1. A major task at 
this stage was ensuring the clarity of the video material and 
accuracy in capturing the movements to guarantee the cor-
rectness of the data passed to the next stage.

After collecting data using OpenCV, Mediapipe Holistic 
was used to analyze the movements. This solution captures 
543 key points covering both the hands and face, making it 
an ideal tool for analyzing Kazakh Sign Language gestures. 
Mediapipe Holistic extracts 21 key points on each hand, al-
lowing precise tracking of finger and palm positions. These 
data are particularly important for static gestures like letters 
and numbers, where the shape of the hands is a key element. 
For facial analysis, 468 key points were captured, and 33 key 
points were recorded for body posture. Facial expressions 
play an important role in Kazakh Sign Language, and these 
data provide accurate recognition of emotional and contextu-
al elements of gestures.

The built-in Mediapipe Landmark Drawing Tool was used 
for visualizing the data, displaying key points on the face and 
hands directly on the video as displayed in Fig. 2. This allowed 
real-time tracking of gesture and facial expression recognition 
accuracy, making it easier to identify and fix errors, which 
improved the data quality for training the models.

After extracting key points from each video frame, they 
were saved as NumPy arrays, with each array containing 
the coordinates (x, y, z) of all detected points on the hands, 
face, and body in Fig. 3. If any point was not detected, its 
coordinates were filled with zeros. These arrays were com-
bined into a general dataset where each frame contains 
information about the position of all key points in space. For 
training purposes, the data was normalized and split into 
training and testing sets.

  

 
Fig. 1. Algorithm of dataset collection
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This dataset provides a detailed and diverse foundation for 
training machine learning models, ensuring precision and ro-
bustness in gesture recognition.

5. 2. Development the hybrid architecture 
CNNs were used for spatial analysis, focusing on static ges-

tures such as hand shapes and facial expressions, while RNNs 
captured the sequential nature of dynamic gestures through 
temporal analysis. The integration of these two components into 

a hybrid architecture, as depicted in Fig. 4, allowed the system 
to process both spatial and temporal features simultaneously.

The overall structure of the gesture recognition system is 
illustrated in Fig. 5, showcasing the stages from video input, fea-
ture extraction using Mediapipe, preprocessing, and ultimately 
classification using the hybrid model.

This robust architecture enabled accurate recognition of 
both static and dynamic gestures, addressing the KSL com-
plexity.

 

Fig. 2. Displaying face and hand landmarks using Mediapipe Holistic and Mediapipe Drawing Tools

 
a                                                           b                                                           c 

Fig. 3. Coordinates (x, y, z) of positions of landmarks: 	
a – face landmarks; b – right hand landmarks; c – left hand landmarks
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5. 3. Performance evaluation of machine learning 
models

The performance of the three machine learning models 
in recognizing Kazakh Sign Language (KSL) gestures was 
evaluated through comparison of the first and the last epoch 
of the training. The results indicate significant improvements 
in accuracy as the training progressed, highlighting the ef-
fectiveness of the hybrid model.

In the first epoch, as shown in Table 1, the accuracy rates 
for recognizing three letters of KSL were relatively low across 
all models. The CNN resulted in 25 % accuracy for the recog�-
nition of letter “V,” 28 % of letter “O,” and 29 % of letter “P.” 
The RNN performed better, with 38 %, 37 %, and 37 % pre�-
cision of recognition, respectively. The hybrid model, which 
combines both CNN and RNN, demonstrated a marked 
improvement, reaching 47 % for “V,” 43 % for “O,” and 40 % 
for “P.” These initial results underscore the potential of the 
hybrid approach in recognizing KSL gestures.

By the end of the training period at the epoch 1000, 
the performance of the models improved significantly, as 
depicted in Table 2. The CNN model achieved accuracies of 
75 % for “V,” 74 % for “O,” and 71 % for “P.” The RNN model 

showed moderate improvement with Categorical accuracy 
rates of 59 %, 61 %, and 60 %, respectively. In contrast, the 
hybrid model exhibited exceptional results, with accuracies 
soaring to 96 % for “V,” 93 % for “O,” and 91 % for “P.” These 
final results demonstrate the effectiveness of using a hybrid 
approach for KSL recognition, as it not only improves cate-
gorical accuracy but also captures the nuances of both ges-
tures and facial expressions over time.

Table 1

Results in epoch 1 out of 1000 for 3 letters of Kazakh Sign 
Language in three different approaches

Machine learning models V O P
CNN 25 % 28 % 29 %
RNN 38 % 37 % 37 %

Hybrid of CNN and RNN 47 % 43 % 40 %

To further illustrate the dataset used in this study, Fig. 6 
provides a frame showcasing the letter “V” in Kazakh Sign 
Language. This visual representation emphasizes the impor-
tance of incorporating diverse data points, including various 

 

 
  

Fig. 4. Hybrid CNN-RNN gesture recognition process

 

 
  Fig. 5. Structure of the gesture recognition system
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hand positions and facial expressions, to train the models ef-
fectively. Overall, the findings suggest that the hybrid model 
significantly outperforms individual models, particularly in 
the context of recognizing KSL gestures. This validates the 
hypothesis that combining CNN and RNN architectures can 
enhance the recognition categorical accuracy of sign lan-
guage, making it a promising approach for future research 
and applications in KSL translation.

Table 2

Results in epoch 1000 out of 1000 for 
3 letters of Kazakh Sign Language in 

three different approaches

Machine learning models V O P
CNN 75 % 74 % 71 %
RNN 59 % 61 % 60 %

Hybrid of CNN and RNN 96 % 93 % 91 %

These results demonstrate the hybrid 
model’s superiority in handling both static 
and dynamic gestures, validating its mul-
timodal recognition capabilities.

5. 4. Practical implementations 
and future applications

The system developed for recogniz-
ing hand and facial gestures in Kazakh 
Sign Language (KSL) has the potential 
to make a significant difference in the 
lives of people with hearing disabilities. 
One of the most promising outcomes is 
the creation of a mobile application that 
translates KSL gestures into spoken lan-
guage in real time. This app could help reduce the isolation often 
experienced by hearing-impaired individuals, enabling them to 
communicate more easily with others. By combining gesture 
recognition with facial expression analysis, the app ensures pre-
cise translations that capture not just the gestures but also their 

meaning and context, making it an essential tool for everyday 
communication.

The app is designed to be user-friendly and accessible to 
people of all ages and technical backgrounds. It will include 
features like:

– a gesture library: users can explore and learn KSL gestures 
at their own pace;

– real-time conversation mode: this mode allows instant 
translation of gestures into speech, making live conversations 
seamless;

– customization options: to make the app accessible to 
everyone, users can personalize settings such as text size or 
background colors.

The design of the application is shown in Fig. 7, highlight-
ing: how the app looks before recognition starts; the detection 
of key points on the hands and face during gesture recognition; 
the final step where the gesture is translated into text or spoken 
language.

Beyond daily communication, this app could be a 
game-changer in sectors like education, healthcare, and cus-
tomer service. In schools, it could help translate lessons into 
KSL, ensuring that students with hearing impairments have 
equal opportunities to learn. In healthcare, it could bridge com-
munication gaps between patients and medical professionals, 
leading to better care. In customer service, businesses could 
use the app to interact more effectively with hearing-impaired 
customers.

This application isn’t just a communication tool – it’s a step 
toward a more inclusive society. By making interactions more 
accessible and recognizing the needs of the hearing-impaired 
community, it has the potential to foster understanding, reduce 
barriers, and create meaningful connections.

6. Discussion of results of comparison of three 
machine learning models 

The results obtained from this study highlight the signifi-
cant advantages of the hybrid CNN-RNN model in recognizing 

 

 
  

   
  a                                        b                                        c 

Fig. 7. The design of application: a – before recognition; b – highlighting key 
points; c – translation

Fig. 6. Frame from dataset where letter V 	
in Kazakh Sign Language
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Kazakh Sign Language (KSL) gestures, as shown in Ta-
ble 2. The model achieved accuracy rates of 96 %, 93 %, 
and 91 % for the letters “V,” “O,” and “P,” respectively, by 
the 1000th epoch. These results underscore the effective-
ness of combining CNNs for spatial analysis and RNNs for 
temporal sequence processing, as shown in Fig. 4, 5. This 
combination allows for more effective recognition of both 
static and dynamic gestures, addressing the limitations 
of standalone CNN and RNN models. The robustness of 
these results can also be attributed to the detailed dataset 
developed, with key point coordinates extracted using Me-
diapipe Holistic, as depicted in Fig. 3.

What makes the hybrid model particularly effective 
is its ability to balance high accuracy and computational 
efficiency. Advanced systems like the C3D-BiLSTM model 
for American Sign Language (ASL) have achieved slight-
ly higher accuracy rates, such as 98.91 % [20]. However, 
these systems rely on significant computational resources, 
making them unsuitable for real-time or mobile appli-
cations. In contrast, the hybrid model proposed in this 
study achieves comparable accuracy while remaining 
lightweight enough for deployment in practical scenarios, 
including mobile devices.

The capability of the hybrid model to handle complex 
gestures is another notable feature. Existing systems for 
Indian Sign Language (ISL), for instance, perform well for 
simpler gestures but are limited when it comes to recog-
nizing more intricate gestures involving multiple hands or 
the integration of facial expressions [8, 21, 22]. This lim�-
itation is addressed by the hybrid model, which combines 
hand landmarks with facial expressions to provide a more 
comprehensive understanding of gestures. This broader 
recognition capability is evident in the model’s high per-
formance, as illustrated by the consistent improvement 
in accuracy from the first epoch (Table 1) to the final 
epoch (Table 2).

Despite its promising results, the study has certain 
limitations that should be addressed. The dataset used 
in this research, while detailed, includes only a specific 
range of KSL gestures. This restricts the system’s ability 
to generalize to less common gestures or variations influ-
enced by regional or individual differences. Expanding the 
dataset to incorporate more diverse gestures and contexts 
is a critical next step [5, 19]. Furthermore, the system’s per�-
formance under controlled conditions has been validated, 
but real-world factors such as varying lighting, cluttered 
backgrounds, and overlapping gestures may pose chal-
lenges [6, 18]. These environmental sensitivities highlight 
the need for additional testing in diverse, uncontrolled 
settings.

Another limitation is the reliance on Mediapipe Ho-
listic for feature extraction [12]. While this tool provides 
accurate and detailed landmarks, dependence on an exter-
nal framework could limit adaptability if alternative tools 
or proprietary feature extraction methods are required. 
Developing a custom feature extraction pipeline tailored 
specifically for KSL recognition could mitigate this reli-
ance and enhance system flexibility [18].

In addition to limitations, the study also has certain 
disadvantages. One key drawback is that the system re-
quires preprocessing of data in controlled environments, 
which may not always be feasible in practical applications. 
To overcome this, future research could explore adaptive 
preprocessing techniques and the integration of noise 

reduction methods to improve system robustness in re-
al-world scenarios [12].

Looking forward, the hybrid model offers several 
opportunities for further development. A practical appli-
cation of this system would be a mobile application for 
real-time KSL translation, as envisioned in Fig. 7, which 
could bridge communication gaps in everyday life, educa-
tion, and healthcare [23]. However, deploying the system 
on low-power mobile devices will require optimization of 
the model architecture to maintain its performance with-
out increasing computational demands. Expanding the 
system to recognize gestures from other sign languages or 
incorporating multilingual capabilities could significantly 
broaden its scope and impact [21, 24–26].

Challenges in the development of this system may 
include managing the mathematical and algorithmic com-
plexity of optimizing the hybrid architecture for re-
source-constrained devices, as well as the logistical diffi-
culties of collecting and labeling a more diverse dataset. 
Real-world testing with diverse user groups and in varied 
environments will also be essential to validate the model’s 
effectiveness and identify any further adjustments needed 
for widespread adoption [1, 2, 4].

In conclusion, while there are limitations and chal-
lenges to address, the results of this study demonstrate the 
hybrid CNN-RNN model’s strong potential for advancing 
KSL recognition. Its balance of accuracy, efficiency, and 
adaptability positions it as a viable solution for improving 
communication accessibility for the hearing-impaired 
community in the Republic of Kazakhstan and beyond. 
Future efforts should focus on expanding the dataset, 
optimizing the model for mobile use, and testing it in re-
al-world settings to ensure its effectiveness and usability. 

7. Conclusions

1. A detailed dataset for Kazakh Sign Language (KSL) 
was developed, capturing 543 key landmarks, including 
hand, facial, and body posture points. This dataset, fea-
turing both static and dynamic gestures, proved sufficient 
for training machine learning models effectively. No over-
fitting was observed during training, confirming that the 
dataset size was appropriate without requiring additional 
augmentation.

2. The hybrid CNN-RNN model showed excellent re�-
sults in recognizing KSL gestures, achieving accuracy 
rates of 96 % for “V,” 93 % for “O,” and 91 % for “P.” These 
outcomes underline the strength of combining CNNs for 
analyzing static features with RNNs for processing gesture 
sequences. The model’s ability to handle complex gestures 
involving hand movements and facial expressions makes it 
highly effective and versatile.

3. The use of Mediapipe Holistic for extracting hand 
and facial landmarks played a key role in the model’s 
success, ensuring precision in feature detection. However, 
some gestures, particularly those with intricate or overlap-
ping movements, could benefit from further refinement. 
Addressing these challenges will enhance the model’s 
overall recognition accuracy.

4. The study establishes a practical basis for developing 
a mobile application for real-time KSL-to-speech transla-
tion. Such an app could significantly improve communica-
tion for people with hearing impairments in Kazakhstan, 
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enhancing accessibility in education, healthcare, and 
daily life. Practical recommendations include focusing 
on refining complex gesture recognition, integrating the 
model into mobile platforms, and conducting usability 
tests to validate the application in diverse real-world  
scenarios. 
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