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Abstract — Communication is an important aspect of 

social life, including for deaf people who rely on sign language 

as their primary means of interaction. However, the limited 

understanding of sign language in society, especially 

BISINDO (Bahasa Isyarat Indonesia), is often a barrier to 

effective communication. This study aims to develop a simple 

sign language translator system using TensorFlow and Keras-

based machine learning technology, as well as image 

processing support from OpenCV. The system is trained to 

recognize six basic signs in BISINDO, namely “Halo”, 

“Nama”, “Saya, “A”, “D”, and “I”, using hand images as 

training data. Each word is represented by 20 images with 

variations in horizontal position. The test results show that the 

system is able to recognize signs with fairly good accuracy 

under certain conditions, but still has difficulty when faced 

with variations in hand positions that are different from the 

training data. This study shows the potential of sign language 

recognition technology in supporting inclusive 

communication, as well as the importance of data enrichment 

and variation in viewpoints in the model training process so 

that the system can function more optimally in various real 

conditions. 
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I. INTRODUCTION 

Communication is a fundamental aspect of human life, 
and sign language is the primary means for deaf people to 
interact with their surroundings. Deaf people face unique 
challenges in communicating in various aspects of life, 
from social interactions to work and education 
environments [1]. However, the limited understanding of 
Indonesian sign language by the general public is still a 
barrier to realizing inclusive communication. Sign 
language is a unique language because it differs in each 
country. In Indonesia, there are two categories of sign 
language development, namely SIBI (Indonesian Sign 
Language System) and BISINDO (Indonesian Sign 
Language). This is a sign language that can help deaf 
people communicate [2]. Indonesian Sign Language 
(BISINDO) was created naturally by deaf people to 
communicate what deaf people want, feel, know, think, and 
do in everyday life [3]. Therefore, a technological solution 
is needed that is able to bridge the communication gap 
between deaf people and the wider community. 

 The development of artificial intelligence (AI), 
especially in the fields of image recognition and natural 
language processing, has opened up great opportunities in 
the development of automatic sign language translation 
systems [4]. One of the frameworks widely used in the 

development of AI models is TensorFlow, an open-source 
software library developed by Google for numerical 
computing, which is now widely used by many large 
companies. Tensorflow provides an interface for 
expressing machine learning algorithms and applications 
for executing these algorithms [5], [6]. TensorFlow is also 
very powerful for building and training neural networks 
(such as CNN, RNN, LSTM). Supports automatic 
differentiation for backpropagation. TensorFlow is now 
tightly integrated with Keras as a high-level API, which 
makes the process of training and evaluating models easier 
and more intuitive [7], [8]. An open-source library that 
supports efficient training and deployment of deep learning 
models. Using TensorFlow, AI models can be trained to 
recognize hand gestures from images or videos, then 
translate them into text or voice [9][10], [11]. 

In recent years, various studies have been conducted to 
develop artificial intelligence (AI) systems capable of 
translating sign languages, especially English sign 
languages such as American Sign Language (ASL) [12], 
[13]. Researchers have utilized technologies such as 
computer vision, machine learning, and deep learning to 
build systems that can recognize hand gestures and facial 
expressions, then translate them into text or voice in real-
time [14], [15][16]. The results of these studies indicate that 
AI has great potential in bridging communication between 
deaf people and the wider community. This innovation not 
only increases the accessibility of communication but also 
opens up new opportunities in the fields of education and 
inclusive public services. However, most of the 
development of this technology is still focused on 
international sign languages, especially in the context of 
English, while development for local sign languages such 
as Bahasa Isyarat Indonesia (BISINDO) is still very 
limited. 

This study aims to develop and train a TensorFlow-
based AI model that is able to translate Indonesian Sign 
Language in real-time [17]. The main focus of this study is 
the process of training the model using the BISINDO hand 
gesture dataset, as well as evaluating the model's 
performance in recognizing and translating gestures with 
high accuracy. It is hoped that the results of this study can 
be the first step in the development of sign language 
translator technology that can be implemented on mobile or 
wearable devices, so that it can facilitate daily interactions 
for the deaf. 
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II. METHODS 

The research methods used in this study include data 
collection techniques, as well as the stages of development 
and testing of the designed system. This study uses a 
quantitative approach with software engineering methods, 
which aims to build and evaluate an artificial intelligence 
(AI) system in translating sign language. In addition, a 
model training process was also carried out using sign 
language image data, as well as testing the accuracy of the 
system in recognizing and translating hand gestures into 
text. Details regarding tools, materials, implementation 
stages, and analysis techniques will be explained 
systematically in the following sub-chapters.  

A. Software Design 

Software development in this study was carried out by 
utilizing the TensorFlow and Keras frameworks as the main 
tools in building machine learning models. TensorFlow is 
an open-source platform developed by Google and is 
widely used for numerical computation and the 
development of machine learning and deep learning models 
[18]. Keras itself is a high-level API that runs on 
TensorFlow and is designed to facilitate the process of 
creating and training neural network models with simpler 
and more intuitive syntax [19]. In addition, OpenCV 
(Open-Source Computer Vision Library) is also used to 
support the image processing process. The data used is a 
collection of photos taken directly by researchers while 
performing sign language movements, which are then 
processed into a digital image dataset. OpenCV is used to 
perform various stages of image pre-processing, such as 
color conversion, normalization, edge detection, and hand 
area segmentation, so that the data is more ready to be 
analyzed by machine learning models [20]. Each photo 
represents one letter or word in sign language and is labeled 
according to the movement shown. The model is then 
trained to recognize and differentiate these gestures, so that 
it can automatically translate sign language into text. This 
approach is expected to be a technological solution that 
supports inclusive communication for the deaf. 

In recognizing sign language, the system is designed to 
detect hand patterns formed from hand movements or 
positions when performing a gesture. These patterns 
include finger shape, hand direction, wrist orientation, and 
relative position to the body. The system utilizes image 
processing techniques to extract visual features from input 
images, such as hand contours, object edges, and key 
points. With the help of libraries such as OpenCV, this 
process includes segmenting the hand from the 
background, converting colors, and normalizing the size 
and position of the image to be consistent. Once the hand 
features are identified, a pre-trained machine learning 
model will compare the pattern to known data to determine 
what gesture is displayed. The system's ability to accurately 
recognize hand patterns is key in the process of classifying 
sign language into text. 

The system that is built utilizes hand landmarks as the 
main component in the sign language recognition process. 
Hand landmarks are key points on the hand that accurately 
represent the position and anatomical structure of the hand, 

such as fingertips, finger joints, and wrists. The system 
detects and generates a total of 21 landmark points on one 
hand, which are then connected by lines to form a hand 
skeleton. These points are obtained through image 
processing using libraries such as OpenCV, and can be 
strengthened with the help of hand pose detection models 
such as MediaPipe. Information from hand landmarks is 
then processed by the machine learning model to recognize 
the displayed gesture patterns [21]. 

 

 

Figure 1. Hand Landmark [21] 

 

B. Model Training 

In training the system built, a number of sample images 
are needed that represent hand movements or articulations 
according to BISINDO signs. These images serve as 
training data that are the basis for the model to learn the 
visual patterns of each form of hand gesture. Each image is 
taken with adequate position and lighting to ensure good 
visual quality, so that important features of the hand can be 
accurately recognized by the system. The gestures used 
include certain letters and sentences in BISINDO, and each 
is recorded in the form of images repeatedly with various 
hand positions. This is done to increase data diversity and 
allow the machine learning model to recognize patterns 
more generally and robustly to differences in 
environmental conditions. In its application in this study, 
three words and three letters were chosen to represent 
everyday conversations. The three words taken as research 
objects are “Halo”, "Nama", and "Saya", when translate to 
english become “Hallo”, “Name” and “My”. The selection 
of these two words is based on the consideration that both 
are part of the basic expressions in self-introduction in 
everyday communication. While the letters are taken as a 
representation of the name of the sign language user, so for 
testing the name with a fairly short number of letters was 
chosen, namely "A", "D", and "I". For each sign word, 20 
data images were taken, so that each word or letter in the 
sign language taken for model training could total 120 
image data. 

Figure 2 and Figure 3 show examples of training data 
used in the system training process, which show hand 
patterns when performing the BISINDO gesture. The 
images were taken directly from the data collection process 
using a camera, then processed with the help of OpenCV to 
detect and extract hand features. It can be seen that the 
system reads hand patterns based on points (keypoints) and 
connecting lines that represent the position of finger joints 
and hand joints. These points describe important parts of 
the hand, such as the fingertips, joints, and base of the palm, 
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while the lines between them form the hand skeleton that 
the system uses to recognize the shape and direction of the 
gesture. This pattern is then used as the basis for gesture 
classification, where each combination of the position and 
orientation of these points is associated with a certain word 
label. This approach allows the system to understand the 
structure of hand movements in more detail and precisely. 

 

 

Figure 2. Training data from the word "Halo" 

 

Figure 3. Training data from the letter "I" 

  

C. System Accuracy Testing 

System accuracy is tested directly with user hand 
movements. In this stage, the user performs sign language 
movements in real-time in front of the camera, and the 
system is asked to recognize and display the classification 
results. This test aims to observe whether the output 
produced by the system matches the gesture movements 
performed. If the system displays the correct label 
according to the gesture given, then the recognition is 
considered successful. Conversely, if the results do not 
match, then it is recorded as a classification error. Through 
this observation, the level of accuracy of the system in real 
conditions can be determined, as well as how stable the 
system is in recognizing hand gestures from various 
positions and individual variations. The results of this test 
also serve as the basis for evaluating and improving the 
system to make it more reliable and responsive in its use. 

III. RESULTS AND DISCUSSION 

After testing, the results showed that the system was 
able to recognize hand gestures for the word and the letter 
signs with a fairly good level of accuracy. Most of the input 

given was successfully classified correctly by the system, 
according to the previously trained gesture labels. 
However, there were several cases where the system 
experienced errors in recognizing gestures, especially when 
the hand position was incorrect and when only one hand 
moves even though two hands are needed to translate, the 
system immediately translates, so this could be a translation 
error. Overall, the system showed adequate performance in 
recognizing simple sign language, indicating that the 
machine learning-based approach with OpenCV and 
TensorFlow support has the potential to be further 
developed. These results are the basis for evaluating and 
improving the system to be able to handle more variations 
of gestures and more complex usage conditions. 

The results of hand movement recognition can be seen 
in the results Figure 4-9. It can be observed that the system 
has been able to correctly translate signals using either one 
hand or two hands. 

 

Figure 4. System translates the word “Halo” 

 

Figure 5. System translates the word “Nama” 

 

Figure 6. System translates the word “Saya” 
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Figure 7. System translates the letter “A” 

 

Figure 8. System translates the letter “D” 

 

Figure 9.  System translates the letter “I” 

 

However, the system that was built still has several 
shortcomings that need to be considered. In a number of 
tests, it was found that the system failed to translate certain 
gestures, one of which occurred when the user showed the 
word “Saya” with a vertical hand position. The system was 
unable to recognize the gesture correctly because during the 
training process, the data used only included hand positions 
in a horizontal orientation. This causes the model to not 
have sufficient generalization ability to recognize 
variations in positions that are different from those 
previously learned. This failure shows that in order for the 
system to recognize sign language more naturally and 
accurately in various conditions, it is necessary to add 
variations in training data, especially in terms of angle and 
orientation. By training the model using more diverse data, 
it is hoped that the system can adapt to the way users sign 
in real situations, so that the translation results become 
more reliable and inclusive. 

IV. CONCLUSION 

This research has successfully developed a simple 

BISINDO sign language translator system using 

TensorFlow and Keras-based machine learning 

technology, with image processing support from OpenCV. 

The system is able to recognize six basic gestures, namely 

“Halo”, “Nama”, “Saya, “A”, “D”, and “I”, with a fairly 

good level of accuracy under certain conditions. Testing 

shows that the system works effectively when the hand 

position matches the trained data, but still has difficulty 

recognizing variations in hand positions that have never 

been recognized before, such as vertical orientation. This 

shows the importance of diverse training data in building a 

more responsive and natural system. Overall, this system 

has the potential to be further developed to support 

inclusive communication for the deaf, especially if the 

number of vocabularies, movement variations, and 

accuracy are added through further training with more 

complete and representative data.  
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