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Abstract—  With current widespread computer vision study, 
research with a particular culture and aesthetic contexts lead to 

enhanced performance with improved user experience. Despite 

a large number of deaf and dumb people, Bangla Sign 

Language has been less-focused on the research area. This 

paper proposes the building of identifying Bangla Sign 

Language using hand gestures to reduce the isolation of the 

hearing-impairment world. For the last little advancement in 

deep learning, Convolution Neural Network (CNN) has been 

used to classify Bangla Sign Language with higher accuracy. 
Our methodology overcomes all constraints from existing 

research of Bangla hand gesture recognition. In this paper, we 

presented a novel real-time method for Bangla sign digits (0-9) 
that focuses on three sections: image acquisition, preprocessing, 
and lastly, recognition of Bangla sign digits. For training, we 

have created a dataset of 1674 images from different people 

from various conditions. The proposed CNN model architecture 

classifies all Bangla sign digits with an overall accuracy of 
97.63% on real-time video that ensures a potential gesture 

model that contributed significantly in the domain of Bangla 

sign number recognition compared to previous researches.

Keywords— A dataset for Bangla Sign digits, Bangla Sign 

Digits Recognition, Deep Convolution Neural Network, Real 
Time Recognition.

I. In t r o d u c t i o n

Only communication can spell all aspects of living a life. 

Technology is helping aid this process. Disability is a vital 
issue and cannot be disregarded. Sign language stands 
dominantly for hearing and speech impaired people to 
communicate. Sign languages differ from country to country 

and culture to culture. Like other countries, Bangladesh also 
has its sign language named Bangla Sign Language (BaSL). 
According to the Bangladesh Bureau of Statistics (BBS), the 
estimated total percentage of hearing (13%) and speech 
impairment (9%) is 22% by the distribution of disabled by 
type of disability [1]. Though nowadays different developed 
countries have focused on the learning process of physically 
disabled people Bangladesh is still far away from the 
experience of such technical development. To fill up the gap 
of naturalness and reaching out to the problem of impaired 
people, sign language recognition has become a more 
iterative topic in the computer vision field.

Using advanced technological infrastructure, large 
numbers of research projects are dedicated to translating 
ASL (American Sign Language) in real-time. Following a 
few years, deep learning techniques have proven a flawless 
performance [2] to suppress traditional systems in computer 
vision. Such as Peijun Bao et al. [2] applied a deep 
convolution neural network composed with an accuracy of 
97.2%. At the same time, recognition of gestures with both 
written words and audible speech was proposed [3] by image 
matching with an overall accuracy of 85%-90%.

978-1-6654-2254-3/20/$31.00 ©2020 IEEE

Compared with different sign language recognition, Bangla 
sign language recognition has drawn the leading fascination 
of researchers. Before the beginning, K-Nearest Neighbors 
(KNN) algorithm was used to classify the Bangla alphabets 
[4]. Beyond hand detection, Bangla hand signs are directly 
classified by Shayhan Chowdhury et al. [5] using Support 
Vector Machine (SVM). In [6] neural network is introduced 
to classify Bangla sign language. Follow this NN trend, in
[7] deep convolutional neural network has been used on the 
validation dataset to accurately recognize Bangla signs with 
an accuracy of 84.68%. For improvement in this research 
area, they used a multi-layered Convolutional Neural 
Network (CNN). CNN can automate the structure 
formulation process. [8]. Very recent research conducted by 
Shahjalal Ahmed et al. on Bangla sign digits gained a mean 
accuracy of 92% over validation data [9] that outperforms all 
other previous research for Bangla digits. Very recent 
research was conducted on Bangla sign language, by hand 
skeletal features and CNN to recognize and classify hand 
images [10].

To facilitate deaf and dumb people of Bangladesh in 
many aspects such as education, medical as well as safety 
and social purpose, this paper proposed a real-time hand 
gesture recognition system on our new dataset, “Bangla Sign 
Digits’’. Fig. 1 presents Bangla sign digits.

I. Da t a s e t  De s c r i p t i o n

Dataset plays a crucial role in the significance of research by 
posing challenging problems. Despite having some works 
with Bangla sign language, there is not enough dataset 
available to work. The existing dataset for Bangla sign digits 
is a lack image quantity. Development in this field has 
become complicated for lacking proper datasets. For 
increasing classification accuracy, a large dataset plays a 
significant role. In this research paper, a Bangla sign digits 
dataset has been created. [16]
[https://github.com/MehediCSERUET/Bangla-Sign-Digits]. 
Images of different people (male and female) have been 
captured to originate the dataset. The training images for 
Bangla sign digits have been taken by the webcam captured 
within a specific time frame. The dataset assimilates 1066 
images composed for one-handed Bangla sign digits images 
for training, 271 images for validation, and 337 images for
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testing. The number of data for each class is shown in T able 

I.
Table I. Number of Images for Each Class

Class No. of
Training Data

No. of Validation 

Data
No. of Test 

Data
0 163 41 51

1 166 42 52

2 163 41 51

3 48 12 16

4 64 16 20

5 86 22 27

6 112 29 36

7 85 22 27

8 83 21 26

9 96 25 31

Total 1066 271 337

In Fig. 2 Data sample images of each class are shown.

Fig. 2 Data sample of each class (The number around each image denotes 

the class label)

II. Pr o p o s e d  Fr a m e w o r k

In this present section of the paper, the detailed system for 
the recognition of Bangla sign digits has been elaborated. 
Our proposed system detects hand area from a real-time 
video extracts hand features after preprocessing, and trains a 
deep CNN model to recognize correct gestures. Fig. 3 
illustrates the flowchart of the proposed real-time Bangla 
sign number recognition system.

Fig. 3 Methodology of the proposed framework

A. Image Acquisition
Though a small amount of tasks has been done for Bangla 

hand gestures, it is limited to a variable environment having 
environmental noise. The proposed system gives the facility 
to capture a hand from a video. For each position of the 
hand, images have been captured from video frames. All 
hand images have been stored in .png format.

B. Preprocessing
Without enough preprocessing, it is burdensome to expect to 
get a tantalizing result no matter how good the data we have.

a) Gaussain mixture-based background algorithm 

Detection of moving objects is an essential process in visual 
surveillance.It contributes a better adaption capability to 
varying scenes due illumination changes[13]. In order to 

adapt to possible changes the training set should be updated.
A appropriate time conversion period T has chosen. At time 

T, r t t_T > For every current sample, updated
X T = x  , . . . . . . . . . ,x [

training dataset, X T and reestimates the density,

p ( x | X T, BG) Although, among from the past samples 

there could be values that belong to foreground objects. The 

estimation is denotaed as, p (x | X T, BG + FG)

We use a GMM with M components:
M

p  ( x | XT  , BG + FG ) = £  n  mN  ( x |; fl  m ; i f  2 m l ) (1)

Where f l , .... ,flM are the estimates of the averages and

f  21, f 2M  are the estimates of the variances that define

the Gaussian components [14]. For a new sample the 

ownership o (t)m is set to 1 for the ’close’ component with 

largest n  m and the others are set to zero. If there are no 

’close’ components a new component is generated with

n  M+1 = a , n  M+1 = f 0 (2)

and n  m +1 = f o (3)
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where <70 is some appropriate initial variance [11]. If the 

maximum components is reached we remove the component 

with smallest n m [13,14]. For a new static object, a 

secondary stabile cluster will be created. Since the old 

background is occluded the weight n  B+1 of the new cluster 

will be non-stop rising. If the object stand static for a long 

period, its weight becomes greater than C f  and it can be 

reviewed to be background portion [14].

b) Gaussian Blur
Gaussian blurring uses normal distribution along with 

convolution function. The convolution function creates a 

Gaussian distribution of pixel rate, weave some of the 
volatility. Separate pixel will give a new value for every 
pixel to a weighted mean of its neighboring pixels, with 
more weight given to the closer ones than to those remote 
pixels.

c) Binary Image Conversion
This filtering approach facilitates the recognition process. It 
is relatively easier to deal with binary image than multiple 
color channels. Thresholding transforms images into binary 
images. Pixels below threshold value (128) are converted to 
0 and pixels above the threshold value are converted to 1. 
We resize a full image to size 64X 64 before feeding it to 
our network.

d) Normalization
Normalization is the process of making all the data fall 
under the same range. It helps because if there were 
different ranges of data, the optimizer algorithm would take 
more time to converge and even hurt the accuracy of the 
model. We used equation 1 to normalize our images.

x„, = XX ~XX" w
max min

C. Proposed CNN Model Architecture
In neural networks, a convolutional neural network is one of 
the main categories to do image analysis. Convolutional 
Neural Network is one of the algorithms that have been 
constructed with the growth in computer vision with deep 

learning. Roughly convolutional neural network contains 
three layers: convolutional layer, pooling layer, and fully 
connected layer. Convolutional layers start working with the 
input. Output information is then sent on to the next layer. 
The outputs of clusters of neurons are combined into a 
single neuron in the next layer. Fully connected layers attach 
each neuron in one layer to each one neuron in the next 
layer.
The performance of the CNN model relies on the 
architecture design with a proper choice of convolution 

layer and numbers of the neuron. There is no particular 
guidance for choosing the number of convolution layers and 
neurons [15]. For Bangla sign digits recognition, the 

proposed CNN model architecture consists of four 
convolution layers, four pooling layers, and four fully 
connected layers, and a dropout layer with a 40% drop out 
in between the last two fully connected layers. The proposed 
CNN model is shown in Fig. 4.

III. Ex p e r i m e n t a l  Re s u l t  An a l y s i s

This part of the study broadly analyzes experimental results 
of the proposed framework of recognizing Bangla sign 
digits from a video. The experiment was executed on Intel 
core i5-7300HQ Processor, 8GB RAM, and NVIDIA 
Geforce GTX 1050 4GB using python 3.7 environments. It 

is important to mention that the proposed framework is 
trained with 1066 frames and tested on 337 frames.

We trained the model on our dataset and to 
understand the progress of neural networks and direction of 
network learning, we draw the accuracy and loss curve. The 
accuracy and loss curve of the model are given below in Fig.

The accuracy and loss curve shows high training accuracy 
with lower overfitting. The accuracy of the proposed 
architecture is 97.63%. The performance of the proposed 
architecture for Bangla sign language recognition from input 
video in terms of accuracy, precision, recall, f1-score, and 
support are given below in Table II.
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Ta b l e  II. Pe r f o r m a n c e  o f  t h e  pr o po s e d  a r c h it e c t u r e

Class Accuracy Precision Recall F1-
Score

Support

0 1.0 0.98 1.00 0.99 51

1 0.9807 0.98 0.98 0.98 52

2 0.9803 1.00 0.98 0.99 51

3 0.9375 0.94 0.94 0.94 16

4 0.9 0.95 0.90 0.92 20

5 0.9630 0.93 0.96 0.95 27

6 0.9722 0.97 0.97 0.97 36

7 1.0 0.96 1.00 0.98 27

8 0.9615 1.00 0.96 0.98 26

9 1.0 1.00 1.00 1.00 31

In Fig. 6 confusion matrix of the classification performance 

of Bangla hand sign language is enumerated. Columns and 
rows are comparable to the true and predicated label 
respectively [15].

0 0 0 0 0 0 0 0 0

° o
0 0 0 0  1 0 0

0 0 0 0 0 0 0

Fig. 6 Confusion matrix of the proposed CNN

Real time Bangla sign digits recognition system using 

proposed methodology is sketched out in Fig. 7.

Fig.7 Real Time example using the proposed methodology

IV. Co n c l u s i o n

In this study, a real-time hand gesture recognition system 
has been proposed lessen the communication troublesome of 
hearing-impaired people. Our proposed methodology 
incorporates four convolution layers together with four 
pooling layers including four fully connected layers and a 
dropout layer with a 40% dropout. To keep pace with the 
apparent advancement of convolutional neural networks, our 
proposed system comes up with an accuracy of 97.63%. 
Such a recognition system compared to earlier proposed 

models in this field gives a prominent performance. We 
developed a new dataset of 1674 images of Bangla sign 
digits. The development of this dataset might reduce the 
limitation of future research in this field. Our next target is

to build a wide-ranging dataset and emphasizing to 
implement a more realistic real-time Bangla sign language 
recognition system.
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