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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 (""", """,
”3", "ﬁ", "_{_5\", "3", ", P, "G, "¢T"), 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 BASL
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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Bengali Sign Language (BSL) using a dataset of 1,147 images covering 37 one-
handed signs. The system achieved an accuracy of 96.33% on training data and
84.68% on test data, demonstrating strong performance across various conditions
[10]. Bora et al. introduced a real-time Assamese sign language recognition system
using MediaPipe and deep learning techniques. Their approach, which utilizes a cus-
tom dataset and Feed Forward Neural Network, provides faster and more accurate
classification of hand signs compared to traditional methods. MediaPipe’s hand track-
ing ensures precise gesture recognition and broad device compatibility, with plans to
extend the system to include additional signs and dynamic gestures in future work [4].

3. Methodology

The ASLR System is implemented in four essential steps: Data preparation, model
building and training, real time recognition of signs, threading of sign characters to
form words. The figure below shows the overall ASLR system workflow chart.

Workflow Diagram/Chart
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desired tune the
hyperparameters.

Fig 1: Workflow Diagram of ASLR System

Data Collection:

In the data collection process, we have prepared a dataset of 10 static hand gestures of
the Assamese sign language was created to represented the Assamese alphabets. The
10 alphabets are"D", HD"’ "D", "D", njn’ ] jn’ ] D", "D", "D", """ These
signs were originally evolved by the Vaani® Foundations in 2021. The data collection
for these signs was done by using OpenCV for capturing of frames and MediaPipe for
landmark detection to accurately analyse hand gestures and movements.The choice to
incorporate these 10 alphabets was chosen since our model only considers Assamese
sign language's static gestures where dynamic motions are not included. For funda-
mental sign language applications, the alphabet, and commands, the static hand ges-
ture recognition is perfect because it is easy, quick, and more computationally effi-
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cient.As demonstrated in the sample variation of each alphabet in figure 2, various
hand and background variants are used for data collecting.

Fig 2. Sample frame of each alphabet

After data collection the dataset is further labelled and divided into 10 classes. The 10
classes are e, g, g, rge, g, rgn, g, o, g, o, The size of
each image in the collection is 128 by 128 pixel. The whole dataset is roughly about
55.3MB.

In this system, data augmentation is employed to increase the generality and robust-
ness of the model. During model training, Keras uses Image Data Generator to add
data in real time about the image the data augmentation parameters used are rescale =
1. /255 shear range = 0.2, zoom range = 0.2, horizontal flip = true respectively. The
stratified K fold cross validation has been used in this study to assess performance
across several splits.The performance across several splits is displayed in table 1 be-
low.

Table 1: Cross Validation Results

K- Val- Model Accuracy Precision Recall F1-
ue Score

5 CNN 1.00 1.00 1.00 1.00

10 CNN 0.98 0.97 0.98 0.98
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Table 2: Overview of Dataset

Class Total Dataset Training dataset Testing dataset
per class

O 800 640 160
O 800 640 160
O 800 640 160
O 800 640 160
O 800 640 160
O 800 640 160
O 800 640 160
O 800 640 160
O 800 640 160
O 800 640 160

Total 8000 6400 1600

class. The static hand gestures that contain 7 out of 11 vowels and 3 out of 41 conso-
nants of the Assamese sign language.

Architecture and Parameters of CNN Model:

In this approach we design a 2D CNN model. Numerous experiments were done with
various hyper parameters settings to optimize performance of the model and minimize
the loss as possible. The CNN architecture comprising an input layer, followed by two
Convolution layers each accomplished by max-pooling layers respectively. In this
model 2x2 size pooling layers is used. The output layers of the CNN or the fully con-
nected layers is used for classification of the alphabets: "(J", (1", " ()", """, """,
" [ ", " [ ", " D ", " D ", " D ".

Fig3. Architecture of CNN Model
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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

Challenges and Potential Solutions

The system encountered limitations when displaying non-ASCII labels such as (""",
" [ H, H[ ", " [ ", H[ ", " j "’ " j "’ " j "’ " j "’ " j ".) due tO lack Of SuppOI‘t for non-
ASCII characters in OpenCV. OpenCV only supports three types of fonts Hershey
Font, True Font, and Custom Font. To resolve this issue,we haveutilized the ‘“Noto
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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.

Confusion Matrix

Fig 4: Confusion Matrix
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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 (“[1[1”) by
using threading. The image shows in figure 7 the different words which were formed
by using our own dataset and ASLR System

§ Sign Language to Text = a X
T T &7 I TR
Delete Last Clear
Space

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

M. N. Rajuet al.

Sign Language Authors Approach Accu-
racy
Indian Sign Lan- Chandra CNN 100%
guage Mani Sharma
etal. [11],
(2021)
Bangla Sign Lan- Md. Jhid CNN+KNN-+S 95%
guage Hasan, Kazi VM (CNN
Saced Alam, Model)
[12], (2022)
Assamese Sign Lan- Jyotishman CNN 99%
guage Bora et al. [4],
(2023)
Bangla Sign Lan- Sunanda CNN + Random 91.67%
guage Das et al. [13], Forest
(2023)
Indian Sign Lan- A K. Gupta TCN 99.6%
guage et al. [14],
(2024)
Assamese Sign Lan- This ap- CNN 100%
guage proach (2025)
(10 Alphabets)

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.
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