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Abstract. This research introduces a system for recognizing Assamese Sign 

Language (ASLR) aimed at improving communication for individuals in the 

Assamese deaf community. The system utilizes advanced computer vision and 

deep learning methods to accurately identify and convert static hand gestures 

representing Assamese alphabets into readable text. A custom dataset was cre-

ated, consisting of images of 10 selected Assamese alphabet signs ("অ", "আ", 

"ই", "ঈ", "উ", "ও", "এ", "ক", "জ", "ল"), with image capture performed us-

ing OpenCV and hand landmarks detected through MediaPipe. A Convolutional 

Neural Network (CNN) was then trained to classify these gestures, achieving 

impressive accuracy with near-perfect precision and recall scores. The system 

seamlessly converts recognized letters into coherent Assamese words, enabling 

real-time translation. Issues related to the display of non-ASCII characters were 

addressed by employing Unicode-compatible fonts. The results of the experi-

ments highlight the system's effectiveness in recognizing sign language, offer-

ing significant potential for improving accessibility and communication tech-

nologies for people with hearing impairments. Future improvements will in-

volve expanding the dataset to include dynamic gestures and complete sentenc-

es, as well as implementing the system for real-time use in mobile applications. 

This work contributes to the ongoing efforts to create an inclusive environment 

for individuals with hearing impairments in the Assamesespeaking population 

Keywords: Assamese Sign Language, Computer Vision, Convolutional Neural 

Network, Hand Gesture Recognition. 

1.  Introduction 

According to the June 2023 census, around 63 million people in India, or approxi-

mately 6% of the population, are affected by auditory impairments. Globally, more 

than 1.5 million people experienced hearing loss in the past year, and many rely on 
sign language for communication. [1]. Sign language is a visual-gestural communica-

tion system that uses hand gestures, facial expressions, and body movements to con-

vey ideas, following specific vocabulary and grammatical rules. Key elements include 

hand shapes, positions, and movements. Different regions have their own sign lan-

guages, with American Sign Language used in the U.S. and Indian Sign Language 
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(ISL) in India, which gained official recognition in 2016. ISL comprises 33 gestures, 

with 10 for numbers and 23 for letters [2]. 

In Assam, the deaf community uses Assamese Sign Language, where each letter of 

the Assamese alphabet is represented by a unique sign. Sign Language Recognition 

(SLR) systems have been developed to help bridge the communication divide be-

tween the hearing and deaf communities [3]. These systems employ vision-based or 

glove-based technologies to recognize sign language. While research has been con-
ducted on various global sign languages, Assamese Sign Language has received rela-

tively little focus [4]. 

Our project seeks to develop a system for recognizing Assamese Sign Language by 

creating a specialized dataset of the ten Assamese alphabet letters (Biyonjonborno and 

Swaraborno). This dataset will feature individual signs and two-letter phrases, with 

machine learning techniques used to classify and identify these signs, ultimately ena-

bling the recognition of logical words. 

2. Literature review

2.1  American Sign Language 

In the research by Sundar et al., a vision-based system was developed to accurately 

recognize ASL alphabets and convert them into text using MediaPipe and LSTM 

models, achieving 99% accuracy. This system demonstrates potential for human-

computer interaction, enabling gestures to be translated into text for applications such 

as typing or search engines. It also holds promise for future expansion into real-time 

and multi-letter recognition [5]. Chong et al. created a sign language recognition sys-

tem focusing on 26 ASL letters and 10 digits, using the Leap Motion Controller. Their 

study emphasized fingertip distance as an essential feature, with the DNN classifier 

outperforming the SVM in accuracy. Future work will explore depth information, 
finger orientation, and extend the system to recognize words and sentences [6]. 

2.2    Indian Sign Language 

Sharma et al. developed a CNN DSC model that achieved accuracy rates of 92.43%, 

88.01%, and 99.52% across three datasets. The model's robustness and performance 

were enhanced through data augmentation techniques, which allowed it to effectively 

handle variations and scale changes [7]. In the study by Shenoy et al., the system 

demonstrated 99.7% accuracy in classifying 33 ISL hand poses and 97.23% accuracy 

for 12 gestures. By using techniques such as object stabilization and skin color extrac-

tion, along with HMM and kNN models, the system enabled precise real-time recog-

nition, with processing times of 0.2s for hand poses and 0.0037s for gestures [8]. 

2.3Regional Sign Language 

Huda et al. proposed a two-way communication system between Bangla Sign Lan-

guage (BdSL) and Bangla, aiming to address the limitations of previous models. 

While the system focuses on real-time BdSL recognition, converting Bangla to BdSL 

requires large datasets and well-defined grammatical structures, which are not yet 

fully developed [9]. Sultana et al. developed a DCNN-based framework to recognize 
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Table.3 Model Configuration 

Layer Output Shape 

 Conv 2D (None, 128, 128, 32) 

Maxpooling 2D (None, 64, 64, 32) 

Conv 2D (None, 64, 64, 32) 

Maxpooling 2D (None, 32, 32, 32) 

Flatten (None, 32768) 

Dense (None, 128) 

Dense (None, 96) 

Dense (None, 10) 

Table.4 Hyper Parameter Setting 

Epochs 10 

Batch Size 128 

Learning Rate 0.001 

Activation Function ReLu 

Optimizer Adam 

Loss Function Categorial Cross En-

tropy 

Padding Same 
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Sans Bengali Font” from google as it’s compatible with OpenCV and supports 

Unicode, ensuring accurate rendering of Bengali characters.  

4. Result
In this section, the result of the proposed system is displayed through tables and fig-

ures. The analysis is based on the key metrics such as validation accuracy and loss 
score, which provide insights into the model learning efficiency and error. Figure 5 

show the average validation accuracy and loss score of the proposed CNN model.The 

results of several tests with different configurations showed that the recommended 

CNN model with the parameters given in Table 3 gave us a 100% accuracy rate.The 

number of training iterations is shown on the X-axis in Figure 5 (a) and the accuracy 

percentage and loss score are shown on the Y-axis in Figure 5 (b). The average learn-

ing curve in Figure 5 (a) shows a steady improvement in accuracy percentage with 

increasing training, indicating that models are successfully learning from data. Fig. 5 

(b) shows that the errors are immediately declining.

Fig 4:  Confusion Matrix 

Fig 5: a) Training and Validation Accuracy b) Training and Validation Loss

The images showcasein figure 6 are snapshots of the real-time recognition process 

with the different users and background. The result illustrates that the developedsys-
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tem is successfully and is accurately identifies gestures from Assamese sign language 

and convert them into text efficiently. 

Fig 6: Real Time Recognition of Assamese alphabets 

The recognition of the alphabets is further converted into words such as 

using threading. The image shows in figure 7 the different words which were formed 

by using our own dataset and ASLR System

.

Fig 7: Real Time Sign Language to Text Translation System 

Comparative analysis: 

A comparison of the findings from this study with earlier research on sign language 

recognition is shown in Table 5. This table compares our model with existing research 

work in the sign language recognition system. 
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Table 5:Comparison to previous Sign language recognition System 

Sign Language Authors Approach Accu-

racy 

Indian Sign Lan-

guage 

Chandra 

Mani Sharma 

et al. [11], 

(2021) 

CNN 100% 

Bangla Sign Lan-

guage 

Md. Jhid 

Hasan, Kazi 

Saeed Alam, 

[12], (2022) 

CNN+KNN+S

VM 

95% 

(CNN 

Model) 

Assamese Sign Lan-

guage 

Jyotishman 

Bora et al. [4], 

(2023) 

CNN 99% 

Bangla Sign Lan-

guage 

Sunanda 

Das et al. [13], 

(2023) 

CNN + Random 

Forest 

91.67% 

Indian Sign Lan-

guage 

A.K. Gupta 

et al. [14], 
(2024) 

TCN 99.6% 

Assamese Sign Lan-

guage 

(10 Alphabets) 

This ap-

proach (2025) 

CNN 100% 

5. Conclusion

In this research, we developed an Assamese Sign Language (AaSL) recognition sys-

tem that not only identifies individual static AaSL letters with high accuracy using 

Convolutional Neural Networks (CNNs) but also combines these recognized letters to 
form meaningful Assamese words. By leveraging advanced computer vision tech-

niques such as OpenCV and MediaPipe, we ensured precise hand gesture recognition, 

that enhanced the reliability of our dataset and model performance. Our results illus-

trate the effectiveness of CNNs in learning the distinct features of AaSL gestures, 

facilitating accurate letter classification and subsequent word formation. This marks a 

significant step toward real-time sign language translation, making communication 

more accessible for the Assamese deaf community. The ability to generate words 

from recognized letters extends the practical utility of our system, moving closer to a 

seamless interaction between the deaf and hearing populations. 

Despite the promising outcomes, our future research would focus on expanding the 

dataset to include a wider range of signs, including dynamic gestures and complete 
sentences. Additionally, integrating real-time processing capabilities and deploying 

the system in mobile or web applications would enhance its usability in everyday 

scenarios. Ultimately, this work contributes to the broader mission of fostering inclu-

sivity by breaking down communication barriers and empowering individuals with 

hearing impairments through innovative technology. 



491Machine Learning on User Profiles and Market Trends for Job …

References 
[1] R. R. Verma, A. Konkimalla, A. Thakar, K. Sikka, A. C. Singh, and T. Khanna,

“Prevalence of hearing loss in India,” NMJI, vol. 34, pp. 216–222, Jan. 2022, doi:

10.25259/NMJI_66_21.

[2] A. Hussain, N. Saikia, and C. Dev, “Advancements in Indian Sign Language

Recognition Systems: Enhancing Communication and Accessibility for the Deaf and

Hearing Impaired,” AJES, vol. 12, no. 2, pp. 37–49, Dec. 2023,

https://doi.org/10.51983/ajes-2023.12.2.4132.

[3] A. K. Sahoo, “Indian Sign Language Recognition Using Machine Learning Tech-

niques,” Macromolecular Symposia, vol. 397, no. 1, p. 2000241, Jun. 2021, doi:

10.1002/masy.202000241.

[4] J. Bora, S. Dehingia, A. Boruah, A. A. Chetia, and D. Gogoi, “Real-time As-

samese Sign Language Recognition using MediaPipe and Deep Learning,” Procedia
Computer Science, vol. 218, pp. 1384–1393,

2023,https://doi.org/10.1016/j.procs.2023.01.117.

[5] B. Sundar and T. Bagyammal, “American Sign Language Recognition for Alpha-

bets Using MediaPipe and LSTM,” Procedia Computer Science, vol. 215, pp. 642–

651, 2022, doi: 10.1016/j.procs.2022.12.066.

[6] T.-W. Chong and B.-G. Lee, “American Sign Language Recognition Using Leap

Motion Controller with Machine Learning Approach,” Sensors, vol. 18, no. 10, p.

3554, Oct. 2018, doi: 10.3390/s18103554.

[7] S. Sharma and S. Singh, “Recognition of Indian Sign Language (ISL) Using Deep

Learning Model,” Wireless Pers Commun, vol. 123, no. 1, pp. 671–692, Mar. 2022,

doi: 10.1007/s11277-021 09152-1.
[8] K. Shenoy, T. Dastane, V. Rao, and D. Vyavaharkar, “Real-time Indian Sign Lan-

guage (ISL) Recognition,” 2021, doi: 10.48550/ARXIV.2108.10970.

[9] Professor Dr. M N Huda, I. Alam, S A. Siddique (5-6 December, 2019). Automat-

ed Bangla Sign Language Conversion System: Present and Future. Presented at Pro-

ceedings of the Language Technologies for All (LT4All), pages 61–65 Paris,

UNESCO Headquarters.

[10] M. A. Hossen, A. Govindaiah, S. Sultana, and A. Bhuiyan, “Bengali sign lan-

guage recognition using deep convolutional neural network,” in 2018 Joint 7th Inter-

national Conference on Informatics, Electronics & Vision (ICIEV) and 2018 2nd

International Conference on Imaging, Vision & Pattern Recognition (icIVPR), Kita-

kyushu, Japan: IEEE, Jun. 2018, pp. 369–373.

https://doi.org/10.1109/ICIEV.2018.8640962.

[11] C. M. Sharma, K. Tomar, R. K. Mishra, and V. M. Chariar, “Indian sign lan-

guage recognition using fine-tuned deep transfer learning model:,” in Proceedings of

the 1st International Conference on Innovation in Computer and Information Science,

Ganzhou, China: SCITEPRESS - Science and Technology Publications, 2021, pp.

63–68. doi: 10.5220/0010790300003167.

[12] Hasan, Md Jahid, et al. ‘Deep Convolutional Neural Network- Based Bangla

Sign Language Detection on a Novel Dataset.’ Machine Intelligence and Data Science

Applications, edited by Vaclav Skala et al., Springer Nature, 2022, pp. 157-68.

Springer Link, https://doi.org/10.1007/978-981-19-2347-0_13.

https://doi.org/10.1016/j.procs.2023.01.117
https://doi.org/10.1109/ICIEV.2018.8640962
https://doi.org/10.1007/978-981-19-2347-0_13


492 M. N. Raju et al.

[13] S. Das, Md. S. Imtiaz, N. H. Neom, N. Siddique, and H. Wang, “A hybrid ap-

proach for Bangla sign language recognition using deep transfer learning model with

random forest classifier,” Expert Systems with Applications, vol. 213, p. 118914, Mar.

2023, doi: 10.1016/j.eswa.2022.118914.

[14] Sharma, V., Gupta, A. K., Sharma, A., & Saini, S. (2024). A unified approach

for continuous sign language recognition and translation. International Journal of Data

Science and Analytics. https://doi.org/10.1007/s41060-024 00549-2

Open Access This chapter is licensed under the terms of the Creative Commons Attribution-
NonCommercial 4.0 International License (http://creativecommons.org/licenses/by-nc/4.0/),
which permits any noncommercial use, sharing, adaptation, distribution and reproduction in any
medium or format, as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons license and indicate if changes were made.
        The images or other third party material in this chapter are included in the chapter's
Creative Commons license, unless indicated otherwise in a credit line to the material. If material
is not included in the chapter's Creative Commons license and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.

http://creativecommons.org/licenses/by-nc/4.0/

	Automated Translation of Assamese Sign Language through Deep Learning and Computer Vision Techniques



