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Individuals with hearing impairments often face communication barriers when interacting with people unfamiliar
with sign language. One officially recognized sign system in Indonesia is the Indonesian Sign System (SIBI),
which conveys meaning through hand gestures. Most existing sign language recognition studies focus on single-
hand gestures, limiting expressiveness. This study proposes a two-hand gesture recognition system based on digital
image processing to translate SIBI gestures into alphabetic letters, while additional gestures enable text control
functions. The dataset consists of 29 gesture classes with 1,000 images per class, totaling 29,000 images, and is
divided into training and testing sets using a train—test split. A Random Forest classifier is employed to handle
high-dimensional landmark coordinate data. Experimental results demonstrate a classification accuracy of 99.97%.
The system is implemented as a real-time, user-friendly application. Although high accuracy is achieved, potential
overfitting due to the controlled dataset is identified as a limitation. Future work will focus on improving
generalization using more diverse real-world data.
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INTRODUCTION

For individuals with hearing impairments, communication takes place in a silent but expressive world.
Their thoughts and feelings are conveyed through body language and hand movements, which serve as their
primary voice. Unfortunately, most people cannot understand this form of communication, creating significant
barriers in daily interaction. In Indonesia alone, there are 27,983 Deaf students across public and private schools
(Aptik, 2023), showing the urgent need for more inclusive communication tools.

Deaf individuals are those who cannot hear sounds due to physical limitations, making it difficult for them
to communicate using speech (Hidayat, 2024). They communicate through facial expressions, natural gestures,
and sign languages such as BISINDO or the Indonesian Sign System (SIBI). SIBI follows Indonesian grammar
and uses one hand to represent letters (Sari, 2021), while BISINDO is more natural and develops through daily
interactions within the Deaf community (Citra, 2024). These differences illustrate how communication challenges
arise, especially when many people cannot “hear” sign language (Febriansyah, 2022).

Advancements in Artificial Intelligence and the digital revolution have transformed computers into systems
capable of recognizing and learning patterns through Computer Vision (Marpaung et al., 2022). This technology
has broad applications ranging from healthcare and surveillance to robotics and autonomous systems—and is
increasingly relevant in supporting human communication.

By combining Computer Vision, Machine Learning (Permana et al., 2023), and image processing
techniques, it is now possible to build a system that reads SIBI hand gestures and translates them into letters or
meaningful words. This study develops a real-time gesture translation system using OpenCV (Srimulia, 2022),
MediaPipe (Kukil & Durai, 2022), NumPy (Radya, 2024), and the Random Forest algorithm. The system can
detect gestures, identify hand positions, and classify letters with a high accuracy of 99.97%.

Most previous gesture recognition studies focus on translating single-hand gestures into text, with limited
interactive features such as text editing, spacing, deletion, or speech output, which restricts practical
communication use. In contrast, this study introduces a dual-hand interaction approach, where one hand recognizes
SIBI gestures and the other controls commands such as spacing, deletion, and text-to-speech, enabling more natural
and efficient communication.

66

This work is licensed under a Creative Commons Attribution-ShareAlike 4.0 International License.
Copyright (c) 2026 The Autour(s)


http://jurnal.bsi.ac.id/index.php/co-science/sertifikatakreditasi
http://jurnal.bsi.ac.id/index.php/co-science/sertifikatakreditasi
http://creativecommons.org/licenses/by-sa/4.0/
mailto:fourtamatech@gmail.com
mailto:ahmad.ajn@bsi.ac.id

Computer Science (CO-SCIENCE)
Volume 6 Issue 1 January 2026| E-ISSN: 2774-9711 | P-ISSN: 2808-9065

Based on this background, the aim of this research is to design a SIBI-based gesture translation program
called Gesture Recognition (Oudah et al., 2020), which supports communication between individuals with hearing
impairments and the general public (Nugroho et al., 2021). Practically, this application is expected to reduce
communication barriers in daily interactions by integrating gesture recognition and interactive control features
within a single system, and serve as an educational tool. Academically, the study contributes to the development
of knowledge in Computer Vision and Artificial Intelligence (Hindarto et al., 2023), particularly in the design of
interactive, real-time gesture recognition systems..

RESEARCH METHOD

This study collected data through observations of communication activities among individuals with hearing
impairments, interviews with special education teachers, and literature reviews on sign language, computer vision,
and machine learning. The software was developed using a prototyping approach involving iterative model
development, user testing, and refinement based on user feedback.

In its training process, this machine learning system employs the Random Forest method (Abdi et al., 2024).
This algorithm was chosen for its high accuracy and robustness in handling complex data. Random Forest
effectively manages large datasets and reduces overfitting by combining multiple decision trees, making it suitable
for recognizing SIBI gesture letters in this study.Several SIBI gestures used in the research are shown in Figure 1.
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Figure 1. SIBI gesture images

In the application development process using the prototype method, the following figure illustrates the
stages of the method. This approach allows continuous interaction between users and developers until the final
system meets the desired requirements. The workflow of the system is shown in Figure 2.
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Figure 2. Prototyping-Based Application Design Method Workflow

Based on Figure 2, this study applied the Prototyping Model, which was suitable because the system required
repeated testing with real users—teachers and Deaf students—to ensure that gesture recognition matched actual
communication needs. This method allowed early system versions to be evaluated and refined through continuous
feedback.

The development process began with needs identification, including observing Deaf students’
communication, interviewing special education teachers, and reviewing literature on SIBI, Computer Vision, and
Machine Learning.

A rapid design phase followed, producing the system’s basic structure and UML diagrams (Use Case,
Sequence, Deployment, Flowchart, and ERD). An initial prototype was also created with features such as login,
gesture input, gesture checking, and a feature extractor.

The prototype was then developed using OpenCV, MediaPipe, NumPy, and the Random Forest algorithm. A
dataset of SIBI gesture images and videos was collected, and all features such as “Start Gesture Recognition,”
“Check Gesture,” and “View Tutorial” were integrated.

A flowchart is used to describe the overall workflow of the system. It illustrates the sequence of processes,
user interactions, and decision points within the application. Figure 3 shows the flowchart of the SIBI Gesture
Recognition Application.
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Figure 3. Prototyping-Based Application Design Method Workflow

Based on the flowchart in Figure 3, the application process begins with login or registration and account
verification. Verified users then access the main menu according to their roles as administrators or users. The
flowchart also illustrates the gesture data processing stages, including dataset extraction, model training, and
gesture recognition. Finally, the system displays real-time recognition results, including gesture expressions, input
visualization, and corresponding spoken letters. This workflow reflects the prototyping-based development
approach used in this study.

In the initial development stage, a dataset of hand gesture images was collected using an external camera
(a smartphone connected via USB). Each gesture class consisted of 1,000 images, resulting in a total of 29,000
images across 29 SIBI gesture classes. Sample images are shown in Figure 4.

aldlaladlala
PPUNET U U T T (T |

13 1@ 1) 16 1 20

D U7 U U YN

24 3@ 30 364

'l & 22 2 12’’’

39 3@ 3 4@ 43 4@ 4(3)

@& 2 ' 2 'z 'ia &

4(8) B 5 5@) 564 5 56

Source: Research Results (2025)
Figure 4. Collection of Gesture Image Dataset

As shown in Figures 4, the dataset must have a balanced distribution to avoid bias during the model training
process. Subsequently, the image data were processed using MediaPipe to extract the hand landmark coordinates,
and the extracted dataset was compiled into a single data file in the form of a pickle. The illustration is presented
in Figure 5.
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Figure 5. Illustration of Landmark Conversion into Coordinate Points

In Figure 5, the landmark data obtained are then used as input features for training with the Random Forest
method. At the implementation stage, the detection process is carried out in real time, enabling the system to
directly recognize hand movement patterns during use. The figure 6 below illustrates the hand landmarks,
including their numbers, associated regions, and designated names.
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Figure 6. Figure showing the landmarks with their numbers and names

Based on the finger patterns in Figure 6, 21 landmark points—including fingertips, knuckles, and the
wrist—are identified as numerical features that represent specific hand shapes or movements. These features are
then learned by the model to consistently recognize letters or gestures.

The process involves several simple steps. First, the (x, y) coordinates of each hand point are extracted,
typically ranging from 0O to 1 within the image frame. Then, the coordinates are normalized by subtracting the
minimum x and y values from all points to ensure that recognition is not affected by the hand’s position in the
image.

Tmin = min(z1, T3, ..., 221)
Ymin = miﬂ(yl,yz, ----.'921)
Then, for each point, the xand yvalues are subtracted by these minimum values.

r
iL; = I — Cmin

y: = Y¥i — Ymin
The purpose of this process is to shift all coordinates so that they are positioned relative to the top-

leftmost point of the hand. After normalization, all coordinate values are arranged into a single row of data,
forming what is known as a feature vector, as illustrated in the following example.
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The processing generates a feature vector that numerically represents the hand-shape pattern. This vector
becomes the input to the Decision Tree model during training and recognition, making landmark extraction an
essential bridge between image data and classification.

In the training stage, the Random Forest algorithm builds multiple Decision Trees. Each tree splits the
data using metrics such as Gini Impurity or entropy. Gini Impurity measures how mixed the classes are in a
node—the lower the value, the purer the node. A Gini value of zero means the node contains only one class.
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p;represents the proportion of data belonging to the i-t4 class (for example, class A, B, or C), while ndenotes
the total number of classes. Meanwhile, Entropy (Information Gain) measures the level of disorder (impurity)
within a node. The higher the entropy value, the more random or mixed the data is. This metric helps determine
how effectively a feature can split the data into distinct classes, aiming to reduce uncertainty and increase the
purity of the resulting nodes.

n
Entropy = —»_ p; - log,(p:)
i=1

p; represents the proportion of data belonging to the i-th class, and n denotes the total number of classes.
The purpose of this splitting process is to find the optimal division that separates the data into the purest (most
homogeneous) classes. Finally, the overall prediction is determined through a majority voting process among all
the trees in the forest.

The extracted features were first saved in a .pickle file to efficiently store and reuse the feature vectors
without repeated preprocessing. These stored features were then used to train the Random Forest model, ensuring
consistent input during training. After training, the finalized model was saved as a .model file, allowing it to be
reused for classification without retraining. This workflow improved efficiency and ensured reproducibility from
data extraction to model deployment.

The process begins with the feature vectors and labels generated by the Dataset Extractor and stored in the
.pickle file. These features are split into training and testing sets. During training, the Random Forest algorithm
builds multiple decision trees using random subsets of the data and features, increasing model robustness and
reducing overfitting. Once trained, the model is saved for future gesture recognition tasks.

The testing set is then used to evaluate the model’s performance on unseen data. Metrics such as accuracy,
precision, and recall are measured to validate the model's effectiveness in recognizing different hand gesture
patterns. The overall Random Forest workflow is illustrated in Figure 7.

e A
Dividing the Dataset into

Training and Testing Sets

v

Training the Random

Output Data from the ] —p> Forest Model Forest | Dataset Extractor
J

Output (.model)

Dataset Extractor
(.pickle format) J

Model Evaluation

) Evaluation and Accuracy

Assessment
. J

Source: Research Results (2025)
Figure 7. The training process of the Random Forest

Random Forest was chosen as the classification algorithm because machine learning models cannot directly
process raw image data. The images were therefore converted into simplified hand-landmark coordinates, which
serve as numerical features that the algorithm can analyze. Using these features, Random Forest builds the gesture
classification model.

The algorithm also offers strong performance on large and complex datasets and helps reduce overfitting
through its ensemble of multiple decision trees. This makes Random Forest highly suitable for image-based gesture
recognition.

RESULTS AND DISCUSSION

This section presents the results of system implementation and evaluation of the SIBI-based gesture
recognition application. The discussion focuses on the training and testing outcomes, system performance, and
user evaluation obtained after the development process was completed.

System training was conducted through the Gesture Model Training menu. The training data came from
gesture images that were converted into landmark coordinates using MediaPipe. The design of this training process
is shown in Figure 8.
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Figure 8. Information on Gesture Model Training In The Application

In Figure 8, the training process was conducted using a supervised learning approach to develop the gesture
recognition model (Wijoyo A et al., 2024). The dataset was divided into 80% for training and 20% for testing. The
training results of all gesture accuracies are presented in Figure 8, where the model demonstrated stable and
consistent convergence. The evaluation of the trained model showed that the system achieved an accuracy of
99.97% on the test data and 100.00% on the training data. These results indicate that the Random Forest algorithm
is capable of classifying SIBI gesture letters with almost no errors. The accuracy values after training are shown
in Figure 9.
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Figure 9. Training Accuracy Values Using Random Forest In The Application

http://jurnal.bsi.ac.id/index.php/co-science 71



Computer Science (CO-SCIENCE)
Volume 6 Issue 1 January 2026| E-ISSN: 2774-9711 | P-ISSN: 2808-9065

In Figure 9, several gesture training accuracy results are presented with the following descriptions:

1.  Distribution of Data by Class
The data distribution graph shows that the number of samples in each class (0-29) is relatively balanced
(around 500 samples per class). This ensures that the model training process does not suffer from bias caused
by class imbalance. With evenly distributed data, Random Forest can learn the patterns of each class fairly.

2. Confusion Matrix

The evaluation results using the confusion matrix show that all predictions lie exactly on the main diagonal
with a value of 100%. This indicates that the Random Forest model is able to classify the test data correctly
in every class without any prediction errors.

The accuracy of this application was then implemented to evaluate its real-world performance. At the
implementation stage, the system was tested to recognize letters A to Z with various hand movements. The testing
results showed that the system was able to recognize the letters with high accuracy, even when performed by
different users.

The menus in this application still consist of commonly used components such as image or dataset
acquisition, dataset extraction, model training, and application testing. The interface of the gesture detection
application is shown in Figure 10.
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Figure 10. Interface of the Gesture Recognition Page In The Application

In Figure 10, the application interface was designed to be simple in order to ensure ease of use for the users.
The main display consists of right and left camera areas to capture hand movements, with the following
differences:
1. Main Camera (Right Camera), used to capture gestures A—Z and other gestures, as well as to display SIBI
letter gestures.

2. Secondary Camera (Left Camera), used to capture gestures of the left hand while also serving as the input
for gesture letters displayed on the right hand.

The prediction results function to display letters according to the recognized gestures, Check Gesture is used
to view the SIBI gestures detected or utilized by the application, and History Gesture shows the history of gestures
performed. This interface was developed using the PyQt6 framework in Python, with OpenCV integration for
image processing.

The application is designed to be user-friendly and does not require advanced technical skills. It provides a
structured interaction workflow in which the right hand is used to perform SIBI letter gestures, while the left hand
functions as a control mechanism for adding characters, deleting input, and inserting spaces.

Users present letter gestures in front of the camera for recognition, and confirmed letters are added through
control gestures. Space insertion and text-to-speech activation are also performed using predefined left-hand
gestures, allowing the system to read the formed words aloud.

The accuracy of the Random Forest—based application was evaluated using a black-box testing approach,
which assesses system outputs based on given inputs without examining internal processes. Model performance
was measured by the accuracy of the resulting predictions. The black-box testing results are presented in the
following table.
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Table 1. Black Box Testing

Experimental

No Test Scenario Test Case Expected Results Conclusion
Results
The real-time detection system . The system
. . . misclassified only
The testing was carried . . successfully recognizes SIBI
Displaying hand . the gesture
out on letters A-Z . gestures corresponding to the ino th
using right-hand finger gestures representing alphabet letters A—Z, accurately representing the .
1 . the alphabet letters A— . ’ letter O as C, Almost Valid
gestures while the matching the expected hand
. Z based on the SIBI : . whereas all other
gesture recognition shapes and displaying the
. standard. . . gestures were
camera was operating. recognized letters on the main
interface accurately
’ identified.
. The dedicated space gesture is
The space, input, or . . . . . -
Displaying a dedicated identified as a space input and
delete gesture was . . .
. hand gesture triggers the text-to-voice function
tested using the left . . . .
2 . representing the space, to vocalize the generated word, Meets Expectations Valid
hand while the gesture . . .
. input, or delete input to register letters detected, or
recognition system was
actively running command. delete to erase one character from
’ the constructed word.
. Acqulrlng image data The system successfully acquires
Executing the photo according to the .
P and saves image data based on the . .
3 data acquisition defined number of Meets Expectations Valid
o configured frame count and
application. samples and gesture
selected gesture classes.
classes.
Extracting image data
Executing the image into a matrix The system processes and
4 g & representation of transforms the image data into a Meets Expectations Valid
data extraction process.
finger landmark structured dataset.
coordinates.
Executing the Random Conducting model Priisc(;ggi?]g t&ztr:;ﬁlel?ie%u:gggzs’
5 Forest model training training on the gthes Meets Expectations Valid

process.

extracted dataset.

data and corresponding accuracy
results.

Source: Research Results (2025)

Overall, the developed SIBI-based gesture recognition system successfully meets the objectives of this study,
which aim to provide an application that assists individuals with hearing impairments in communication. The high
recognition accuracy and the simple interface design indicate that the application has strong potential to be used
as an alternative communication medium in real-world situations.

To support this result, the prototype was tested with teachers and Deaf students after the core functions had
been implemented. Feedback from these users focused on usability and recognition accuracy and was used to
refine both the classification model and the user interface. One of the main improvements addressed the frequent
misclassification of the letter “C” as “O.” After these improvements, final evaluation using Black Box Testing
confirmed that all features worked properly. The Random Forest model reached 99.97% accuracy, demonstrating
that the application can operate reliably in real time and effectively support communication between Deaf
individuals and the general public (Febriyanti et al., 2021).

To position this study within existing research, a comparison was made with the previous work titled
“Classification of SIBI Alphabet (Indonesian Sign Language System) Using Mediapipe with Deep Learning
Method)”. In that study, the authors implemented a Fully Connected Layer (FCL) deep learning model and
achieved 94.32% accuracy on training data (Maryamabh et al., 2023). In contrast, this study employs the Random
Forest algorithm, which demonstrates stable performance and offers a simpler alternative to deep learning,
particularly for real-time systems with low computational requirements.

CONCLUSIONS

This study demonstrates that the developed SIBI-based hand gesture recognition application performs
effectively in real-time conditions. Using MediaPipe and OpenCV for hand landmark detection and a Random
Forest classifier for gesture recognition, the system achieves an accuracy of 99.97%, indicating reliable
performance.

The proposed system supports communication for individuals with hearing impairments by translating SIBI
hand gestures into understandable outputs for non-disabled users. Most SIBI alphabet gestures are recognized
accurately, although minor misclassifications occur for visually similar gestures such as “O” and “C”.
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Despite its high accuracy, the study has limitations, including gesture similarity and the current desktop-
based implementation. Future work will focus on expanding the dataset, developing mobile-based platforms, and
exploring dual-hand recognition and more advanced Al methods to enhance usability and performance.
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