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ABSTRACT  

Sign language serves as an essential medium of communication for individuals with hearing impairments. 
However, limited public understanding continues to create barriers between deaf individuals and the 
broader community. This study aims to develop an AI-based mobile application capable of recognizing and 
translating Indonesian Sign Language (BISINDO) gestures in real time. The system integrates the YOLOv8 
model for gesture detection within a mobile environment. The YOLOv8n model was trained using the 
BISINDO dataset and evaluated through precision, recall, and mean average precision (mAP) metrics. The 
model obtained a mAP@50 of 98% under the given experimental settings. These results indicate that the 
YOLOv8 architecture can be applied to mobile-based real-time gesture recognition and may serve as a 
foundation for future research on assistive communication technologies. 
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INTRODUCTION 
Communication accessibility remains one of the most significant challenges for 

individuals with disabilities, particularly those with hearing and speech impairments. Public 
awareness of individuals with hearing and speech impairments remains limited, primarily 
due to communication barriers arising from the use of sign language, which is not widely 
understood by the general population. People with typical hearing generally rely on spoken 
language and lip movements, while individuals who are deaf or speech impaired use sign 
language as a visual medium to communicate. The use of sign language is crucial in 
facilitating interaction between hearing-impaired individuals and the broader community. 
(Pradikja et al., 2018). 

According to Law No. 8 of 2016 on Persons with Disabilities, people with disabilities 
in Indonesia are divided into five categories: physical, intellectual, mental, sensory, and 
multiple disabilities. The Central Bureau of Statistics (BPS) and the Ministry of Social Affairs  
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(Kementrian Sosial Republik Indonesia, 2020) reported that there were over 22.5 million 
people with disabilities in Indonesia, which accounted for around 5% of the country's total 
population.  According to the World Federation of the Deaf (WFD), there are around 72 
million deaf individuals in the globe, 80 percent of whom reside in developing nations and 
speak over 300 distinct sign languages.  About 223,655 people with hearing impairments 
and 73,560 people who are both deaf and mute were reported in Indonesia in the 2012 
National Socioeconomic Survey (Susenas) (Komisi Nasional Anti Kekerasan Terhadap 
Perempuan, 2020). These statistics demonstrate how crucial it is to create inclusive 
communication tools in order to close the gap between non-signers and the deaf 
community.  

Sign language is a visual communication method in which words or letters are 
represented by body language, facial expressions, and hand gestures.  Sistem Isyarat Bahasa 
Indonesia (SIBI) and Bahasa Isyarat Indonesia (BISINDO) are the two primary sign languages 
that the deaf community in Indonesia uses most frequently (Pangestu et al., 2024). 
However, communication barriers between hearing-impaired people and non-signers are 
sometimes caused by the general public's poor comprehension of sign language. 

Numerous investigations have been carried out to create systems for recognizing 
sign language utilizing a variety of deep learning and computer vision approaches.  Using 
the YOLOv5 algorithm, Permana & Sutopo (2023) created an application for identifying the 
alphabets in Indonesian Sign Language (SIBI).  Although their technology only recognized 
the alphabet and did not provide real-time translation, it showed encouraging results in 
detecting static hand movements. However, the lack of dynamic gesture recognition limited 
its practical usability for real-time communication contexts. 

Another study by Arrozaq & Latipah (2024) implemented a computer vision 
approach to translate SIBI alphabet gestures on Android devices using Convolutional Neural 
Networks (CNN). The proposed system was capable of identifying gestures from image 
inputs, yet its detection process was not performed in real time since it relied solely on still 
images for classification. This highlights the trade-off between model complexity and real-
time performance, which remains a challenge for mobile-based implementations. 

Similar to this, Pramono et al. (2024) used the CNN approach to create a real-time 
sign language translation model.  The method was not suited for mobile implementation, 
which limited accessibility for a wider range of users, even if their research accomplished 
real-time processing in a desktop context.  These investigations show that Indonesian sign 
language translation systems continue to struggle with real-time performance and mobile 
deployment.  By creating an AI-based mobile application utilizing the YOLOv8 model, which 
offers more recent architectural advancements than earlier methods, this work seeks to 
overcome these constraints. Their study demonstrated the potential of CNNs for gesture 
recognition, but the lack of mobile optimization highlights the need for a more lightweight 
and mobile-oriented detection model. 

These studies indicate that challenges in achieving real-time performance and 
mobile deployment persist in Indonesian sign language translation systems. Previous 
research primarily focused on recognizing static gestures or performing translation in 
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desktop environments, which limited their practicality for everyday use. Therefore, a 
research gap remains in developing a real-time and mobile-compatible BISINDO translation 
system that leverages recent deep learning architectures such as YOLOv8. 

Building upon these studies, the present research aims to design a sign language 
recognition system capable of real-time detection and translation of Indonesian Sign 
Language gestures on mobile devices. The primary goal is to enhance communication 
accessibility between the general public and individuals with hearing or speech impairments 
through the application of an AI-based approach using the YOLOv8 model. 

In conclusion, while earlier research has established the groundwork for 
Indonesian sign language recognition, a fully integrated, real-time, and mobile-compatible 
system has not yet been developed. By using the YOLOv8 model to improve BISINDO 
gesture detection's accuracy and responsiveness, our study fills in these gaps. This research 
focuses on developing a useful, adaptable, and user-friendly mobile application to facilitate 
inclusive communication, in contrast to previous efforts that were restricted to desktop 
environments or static picture detection. 
 
METHOD 

According to Judijanto et al. (2024), this study employs a Research and 
Development (R&D) methodology, which tries to develop or enhance a product through 
methodical phases of analysis, design, implementation, and assessment.  The ADDIE model, 
which consists of phases for analysis, design, development, implementation, and 
evaluation, is used in the development process.  According to Rayanto et al. (2020), this 
model offers a structured and interactive framework that guarantees coherence across the 
whole product development process.  The ADDIE model framework used in this study is 
depicted in Figure 1. 

 
 

Figure 1: ADDIE 
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Each phase of the ADDIE model was applied systematically in this research to guide 
the development of the sign language translation application. The detailed explanation of 
each phase is described as follows. 
1. Analysis 

Based on the issues discovered, the analysis phase seeks to establish system 
requirements and choose the best solution design (Deli & Hendy, 2021).  In order to 
investigate sign language translation technologies and earlier studies on YOLO-based 
gesture recognition, a survey of the literature was done for this project.  The outcomes of 
this phase form the basis for developing a BISINDO sign language translation system that is 
mobile based. 

 
2. Design 

The design phase involves planning the conceptual and technical framework of the 
application, including architecture and interface layout (Deli & Hendy, 2021). UML diagrams 
such as Use Case and Class Diagrams were created to describe the workflow, and a user 
interface prototype was designed using Figma as a reference before development. 

 
3. Development 

The development stage focuses on transforming the design into a functional 
product (Saleh et al., 2024). At this stage, the YOLOv8 model was trained using the BISINDO 
dataset and integrated into a mobile application to perform real-time gesture detection. 
The translation and dictionary modules were also implemented to support instant text 
output and sign vocabulary access. 

 
4. Implementation 

The implementation phase involves testing and deploying the developed system in 
a real environment (Deli & Hendy, 2021). The application was run on an Android device 
equipped with a camera to test its ability to detect BISINDO gestures and display real-time 
translation outputs. 

 
5. Evaluation 

The implemented application's performance and functionality are evaluated 
during the evaluation phase (Deli & Hendy, 2021). To make sure that gesture detection and 
translation outputs matched the intended BISINDO indications, testing concentrated on 
usability and conformance concerns.  Performance and interface improvements were made 
using the input received.  However, the evaluation phase's acknowledged limitation is its 
exclusive focus on controlled environment testing; in order to fully evaluate the 
application's robustness in public use and address external validity, future research should 
include field testing with a variety of lighting and background conditions. 
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Data Collection 
The BISINDO Sign Language dataset from the Roboflow platform is made freely 

available for use in this study. The dataset includes 6,433 tagged photos from 38 gesture 
classes, including 12 typical language signs like "Love," "Sorry," and "Help," as well as 26 
letter signs (A-Z). To maximize and assess the performance of the YOLOv8 model, the data 
were divided into 90% for training (5,823 images) and 10% for validation (610 images). The 
validity of the training inputs was strengthened by manually spot-checking the labeling 
quality of the publically accessible dataset to make sure that bounding boxes correctly 
captured the BISINDO gestures. This was done to assure data reliability. 

 
Data Preprocessing 

Before training, all images were resized to 640 × 640 pixels to match the YOLOv8 
input format. Several data augmentation techniques including flipping, rotation, brightness 
adjustment, and scaling were applied to increase dataset diversity. Image annotations were 
then converted into YOLO format (class ID and normalized bounding boxes) and organized 
into separate training and validation directories for structured model training. 

 
You Only Look Once (YOLO) 

One of the object identification techniques that transformed the detection 
methodology by approaching it as a regression problem is YOLO.  This enables YOLO to 
estimate the class probabilities associated with each bounding box and spatially separate 
bounding boxes (Ariansyah, 2024).  In particular, YOLO splits an image into many S × S grid 
cells, each of which is in charge of forecasting confidence ratings and bounding boxes.  This 
procedure is formalized by the following equation: 

𝐶𝑜𝑛𝑓𝑖𝑑𝑒𝑛𝑐𝑒 = Pr(𝑜𝑏𝑗𝑒𝑐𝑡) × 𝐼𝑜𝑈𝑡𝑟𝑢𝑡ℎ 𝑝𝑟𝑒𝑑 (1) 
In this study, the YOLOv8n model was used for BISINDO gesture recognition, 

trained for 80 epochs with a batch size of 8 and image resolution of 640×640. Training and 
validation were performed simultaneously to monitor Precision, Recall, and mAP values as 
performance indicators. 

 
Mean Avarage Precision 

The average value of Average Precision (AP), which measures the area under the 
precision-recall curve for a single class, is called Mean Average Precision (mAP). To 
determine mAP, the average value of the Average Precision for each of the current classes 
is computed. (Pangestu et al., 2024). 

𝑚𝐴𝑃 =  
1

𝐶
∑ 𝐴𝑃𝐶

𝐶

𝐶=1

 (2) 
 

Precision 
Precision is a statistic that describes how accurate the model's positive predictions 

are given the information supplied. It is determined as the ratio of true positive predictions 
to the overall number of positive predictions made (Pangestu et al., 2024). 
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𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
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Recall 

The model's ability to find pertinent data that fits the query is measured by a metric 
called recall. Recall, also referred to as sensitivity, quantifies the percentage of pertinent 
data that is successfully identified relative to the entire quantity of relevant data that is 
accessible (Pangestu et al., 2024). 

𝑅𝑒𝑐𝑎𝑙𝑙 =  

∑
𝑇𝑃𝑖

𝑇𝑃𝑖 + 𝐹𝑁𝑖

𝑛

𝑖

𝑛
 

(4) 
 

 

FINDING AND DISCUSSION 

RESEARCH RESULT 

Analysis 

The analysis identified that communication barriers between hearing-impaired 

individuals and the general public occur due to the limited understanding of BISINDO sign 

language. To address this issue, a system capable of translating BISINDO gestures into text 

in real time is needed. Therefore, this study proposes the development of a mobile-based 

BISINDO translation application using the YOLOv8 model to facilitate more inclusive 

communication. 

 

Design 

The design phase presents the conceptual and technical framework of the sign 

language translation application. This includes the system architecture, which illustrates the 

interaction between the mobile camera, the YOLOv8 detection module, and the translation 

output. Additionally, UML diagrams such as Use Case and Class Diagrams were created to 

describe the workflow and relationships among system components. The user interface 

prototype was also designed to provide a reference for layout and feature placement. 

a. System Architecture 

The system captures hand gestures through the smartphone camera, processes 

them using the YOLOv8 model for gesture recognition, and outputs the corresponding 

text on the device. Figure 2 illustrates this data flow. 
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Figure 2: System Architecture 

 

b. Use Case Diagram 

The use case diagram highlights the key elements that each actor can access 

and shows the functional interactions between users and the system.  The user and the 

administrator are the two main characters engaged, as seen in Figure 3. 

 

 
Figure 3: Use Case Diagram 

 

The User can access several main features through the application interface, 
including select feature, which is further implemented through the landing page; detect 
sign language, which details the Real-time Detection process; and view dictionary, which 
extends from the sign language dictionary feature. These use cases represent the core 
functionalities available to end-users for translating and learning sign gestures. 

Meanwhile, the Admin is responsible for system management tasks such as 
setup library, manage dataset, and add dictionary entry. These administrative use cases 
ensure that the dataset and dictionary content remain updated and accurate, supporting 
the overall functionality of the sign language translation system. 

 
c. Class Diagram 

The class diagram illustrates the structural design of the BISINDO sign language 

translation system, showing the relationships and interactions between its main 
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components. As shown in Figure, the User interacts through the UIController, which 

manages the camera preview and displays translation results. The CameraHandler 

captures images that are processed by the Preprocessor through resizing and 

normalization steps. The processed images are analyzed by the SignDetector using the 

YOLOv8 model, and the Translator converts detection results into meaningful text using 

data from the DictionaryDatabase. Meanwhile, the Developer is responsible for training 

the model and updating the dictionary to maintain system accuracy and adaptability. 

 

 
Figure 4: Class Diagram 

 

Development 

The main goal of the development phase was to train the YOLOv8n model using 
the BISINDO sign language dataset. The model was trained for several epochs with the 
configurations summarized in Table 1. These settings were designed to balance 
computational cost and recognition capability, allowing the model to be deployed on 
mobile devices while maintaining acceptable performance. 
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Table 1: Training Configuration of YOLOv8n Model 

Parameter Value 

Epochs 80 

Batch Size 8 

Image Size 640 x 640 

Optimizer SGD 

Learning Rate 0.01 

Dataset Split 90% Training / 10% Validation 

 
The model's learning progress was tracked during the training process using 

important performance indicators such box loss, classification loss, distribution focal loss, 
precision, recall, and mean average precision (mAP).  Figure 5 illustrates how training and 
validation losses steadily declined over the course of the epochs, while precision, recall, and 
mAP values increased as well.  These findings show that the model attained a stable training 
convergence and progressively learned to identify the unique characteristics of BISINDO 
hand gestures. 

 

 
Figure 5: Loss 

 

Implementation 
At this implementation stage, the mobile-based sign language translation 

application was developed using the Flutter framework. The trained YOLOv8 model was 
integrated into the system to enable real-time BISINDO gesture detection. The application 
consists of several main interfaces, including the home page, real-time detection page, and 
sign dictionary page, designed to help users recognize and translate BISINDO gestures 
directly through the smartphone camera. 
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Figure 6: Home Page 
 

The home page serves as the main interface that provides users with access to the 
application’s primary features. It consists of four main menu options: Gesture Detection, 
which directs users to the real-time BISINDO recognition feature; Alphabet Dictionary and 
Vocabulary Dictionary, which display lists of sign gestures along with their corresponding 
meanings; and About Application, which provides information about the system’s purpose 
and functionality. The interface was designed with a straightforward layout to facilitate 
clear navigation between available features. 

 

    
 

Figure 7: Detection Page 
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The Gesture Detection page functions as the core feature of the application, enabling real-
time recognition of BISINDO hand gestures using the trained YOLOv8 model. Through the 
smartphone camera, the system detects and classifies hand movements, then instantly displays the 
recognized sign as corresponding text on the screen. As illustrated in Figure 7, several examples of 
detection results demonstrate the model’s ability to accurately identify various gestures under 
different lighting and hand orientation conditions, ensuring responsive and reliable translation 
performance.  

 

 
 

Figure 8: Dictionary Page 
 

The Alphabet and Vocabulary Dictionaries act as supporting features that help 
users learn and understand BISINDO gestures interactively. The Alphabet Dictionary 
provides visual representations of A–Z hand signs, while the Vocabulary Dictionary displays 
common BISINDO gestures such as “Love,” “Sorry,” and “Help,” each accompanied by a 
reference image and textual description. These dictionaries complement the detection 
feature by enhancing user understanding of sign language meanings and usage contexts. 
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Figure 9: About Page 
 

Finally, the About Application page provides general information about the 
application. This page helps users understand the motivation behind the system and its role 
in supporting communication accessibility for individuals with hearing impairments. 

 
Evaluation 

Using the YOLOv8n architecture and training it on the BISINDO sign dataset, the 
aim of this study was to develop a real-time sign language recognition model. The 
experiment involved training across 80 epochs, using a batch size of 8, and utilized a dataset 
comprising 5,823 training and 610 validation images. The model's performance was 
evaluated using metrics like Mean Average Precision (mAP), Precision, and Recall.  Table 2 
displays the YOLOv8n model's quantitative performance outcomes from the validation 
phase. 

Table 2: Performance 

Metric Value 

Precision 0.959 

Recall 0.982 

mAP@50 0.986 

mAP@50-95 0.756 

 
Table 2 shows that the YOLOv8n model obtained Precision of 0.959 and Recall of 

0.982 during validation. The average mAP@50–0.95 score of 0.75 was obtained during 
validation. Figure 3 illustrates the model’s training process in terms of accuracy and loss 
across epochs. 
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Figure 10: Confusion Matrix 

 

The distribution of accurate and inaccurate predictions for each gesture class is 
shown in the confusion matrix.  Figure 4's normalized confusion matrix makes it easier to 
see how accurate each label's classification is. 

 

 
Figure 11: Normalized Confusion Matrix 

 

To further evaluate the model’s classification performance, additional 
visualizations were generated, including the Precision (P), Recall (R), and F1-score curves, 
as illustrated in Figures 5–7. 
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Figure 12: Precision Curve 

 

 
Figure 13: Recall Curve 

 

 

 
Figure 14: F1-Score Curve 
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After evaluating the model performance using quantitative metrics, a black-box 
testing was also conducted to assess the functionality of the mobile application. This testing 
aimed to ensure that the integration of the YOLOv8n model with the Flutter-based interface 
operated as intended and that all main features performed correctly. 

 
Table 3: Blackbox Testing 

Testing Scenario Expected Result Status 

User accesses the detection 
feature from the home page 

The detection page opens successfully Valid 

User performs hand gesture in 
front of the camera 

The system detects and displays the 
corresponding sign translation 

Valid 

User toggles dark mode Application switches interface to dark 
theme 

Valid 

User searches for a word in the 
dictionary 

Related sign images are displayed Valid 

User activates flash or flips the 
camera 

The camera flash turns on or 
front/back view switches 

Valid 

 
DISCUSSION  

The evaluation results show that the YOLOv8n model was able to recognize 
BISINDO sign motions with high accuracy, as seen by its 0.959 precision, 0.982 recall, and 
0.986 mAP@50 score (mAP@50–95 score of 0.756). These findings show that the model 
can accurately identify and categorize hand gestures in real time with minimal error rates. 
The majority of gesture classifications were accurately detected with little misclassification, 
as further confirmed by the confusion matrix display. The YOLOv8 architecture's resilience 
for intricate hand motion detection tasks, where temporal responsiveness and spatial 
accuracy are crucial, is confirmed by this result. 

Compared to previous studies, the proposed model shows substantial 
improvements in real-time performance and mobile deployment. Prior research by 
Permana & Sutopo (2023) who used YOLOv5 for SIBI alphabet recognition, reported an 
accuracy of 77%. Similarly, Arrozaq & Latipah (2024), utilizing a CNN architecture for SIBI, 
achieved a peak accuracy of 81.48% under ideal lighting conditions. These studies, which 
primarily focused on static alphabet recognition, lacked comprehensive real-time detection 
capabilities. Furthermore, Pramono et al. (2024) developed a CNN-based model for 
translation, achieving a detection rate of 70.2%, but the system remained limited to desktop 
platforms, restricting broad user accessibility. In contrast, the present study advances this 
line of research by integrating the lightweight YOLOv8n into a mobile environment, 
achieving a mAP@50 of 98.6% and enabling responsive real-time BISINDO gesture 
recognition directly on portable devices. This integration fundamentally bridges the gap 
between high accuracy and practical, accessible deployment, a key limitation in existing 
assistive technology research. 
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The superior performance of YOLOv8 can be attributed to several architectural 
advancements. As noted by Hussain (2024), YOLOv8 employs an anchor-free detection 
mechanism and a C2f module, which together simplify the network structure while 
improving feature extraction efficiency. These innovations contribute to faster inference 
and greater accuracy than prior YOLO versions. Furthermore, Abhinand et al. (2024) 
demonstrated the model’s effectiveness on lightweight devices, underscoring YOLOv8’s 
suitability for edge-based and mobile applications. In this study, these design features 
translated into smooth and responsive real-time detection, validating YOLOv8n’s 
practicality for mobile deployment. 

Despite these promising results, several limitations remain. The dataset used in 
this study includes a limited number of BISINDO gesture categories, which may reduce 
generalization to more complex or continuous sign sequences. Moreover, while YOLOv8n 
provides a balance between accuracy and computational efficiency, larger variants (e.g., 
YOLOv8s or YOLOv8m) could further enhance detection accuracy at the cost of higher 
resource demands. As emphasized by Goodfellow et al. (2016), model performance in deep 
learning is significantly influenced by data diversity and hyperparameter tuning. Future 
work should therefore consider expanding the dataset, optimizing model parameters, and 
applying compression or quantization techniques to further improve YOLOv8’s deployment 
on low-end mobile devices. 
 
CONCLUSION  

This study used the YOLOv8n model to create a real-time Indonesian Sign Language 
(BISINDO) recognition system. According to the evaluation results, the model performed 
consistently under the specified dataset and experimental setting, achieving precision of 
0.959, recall of 0.982, mAP@50 of 0.986, and mAP@50–95 of 0.756. These results imply 
that there is room for adaption of the YOLOv8 architecture in mobile-based gesture 
detection challenges. In order to enhance performance on devices with limited resources 
and facilitate broader applications in inclusive communication technology, future research 
may concentrate on broadening the dataset to encompass a greater variety of gestures, 
signer diversity, and environmental variations. Additionally, optimization techniques like 
model compression or quantization may be investigated. 
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