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1. Introduction 
A fundamental component of human life, communication allows people to exchange ideas, 

information, and feelings [1]. Nonverbal communication is just as important as verbal communication, 

despite the latter being more widespread. Nonverbal communication techniques, such as sign language, 

are crucial for individuals with speech or hearing impairments [2]. In order to ensure the clarity of the 

conversation, effective communication with a deaf person requires the use of real-time communication 

techniques like sign language [3], [4]. In sign language, each sign has a distinct meaning that helps 

people with speech and hearing impairments communicate effectively [5]. Despite not being widely 

available, sign language has become an essential tool for communication in this context, helping to 

bridge gaps in interactions. In situations when verbal communication is difficult, including in noisy 

settings, sign language is beneficial for everyone, not only people with disabilities [6]. There are two 

types of Indonesian Sign Language (ISL): Sistem Isyarat Bahasa Indonesia (SIBI) and Bahasa Isyarat 
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 This study addresses the urgent need for digital inclusivity by developing a 

high-precision, real-time recognition system for Bahasa Isyarat Indonesia 

(BISINDO). The main new idea in this study is the creation of the Telkom 

University Database (TUD)-BISINDO, a robust, diverse collection of data 

designed to address the limitations of current sign language databases, such 

as insufficient variation in environments and camera angles. The TUD-

BISINDO was created using 1,040 original images and added 780 more to 

address issues such as lighting, angles, and hand features that were often 

found in earlier datasets. The YOLOv8l model, improved with the AdamW 

optimizer and a flexible learning rate, performed exceptionally well with a 

mAP50 of 99.30%, mAP50-95 of 85.40%, 99.80% precision, and 99.70% 

recall. These results demonstrate that the model significantly outperforms 

the previous YOLOv5 baseline across all primary metrics. The model has 

outstanding precision in recognizing real-time finger movements. 

However, complex gestures, including the G and Z letters, require further 

refinement. This research enhances sign language recognition technology, 

encouraging inclusion and improving accessibility for real-time 

communication. Future studies should focus on diversifying the dataset and 

maximizing performance in challenging conditions. 
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Indonesia (BISINDO) [7]. SIBI, a system of body gestures that expresses Indonesian words, is the official 

sign language used at Special Schools (Sekolah Luar Biasa, or SLB) throughout Indonesia [7]. 

Simultaneously, BISINDO developed naturally within the deaf community, becoming more in line 

with their natural method of expression [5], [6]. However, a way or technology to facilitate 

communication between the public and those who are hard of hearing or deaf is crucial. Developing 

machine-learning and computer-vision technologies is one way to overcome the limitations of the 

general public's understanding of sign language. Deep learning models, successful in object detection 

tasks like hand and face movements, offer a promising method [7], [8], [9], [10], [11], [12]. You Only 

Look Once version 5 (YOLOV5) was utilized to create a BISINDO identification system in one of the 

many experiments that have been conducted for sign language detection [13]. YOLOv5 can swiftly 

identify linguistic signals in videos. The study utilized an initial dataset of 4,547 images, demonstrating 

that the optimal configuration comprises a distribution of 80% training data and 20% test data. At a 

rate of 8 frames per second (FPS) [14], the mAP@0.5 Intersection over Union (IoU) value reaches 

99.91%, precision 100%, recall 93.1%, accuracy 72.97%, and F1 score 84.38%. However, YOLOv8l 

offers several improvements over YOLOv5 in terms of accuracy and real-time performance [15]. 

YOLOv8l has improvements, such as better data augmentation methods and a stronger backbone 

architecture to boost performance across diverse computer vision tasks and for real-time use. However, 

applying YOLOv8l to a specific scenario, such as BISINDO, still requires significant modification and 

retraining using relevant datasets [16]. The study [17] reported excellent results when the data were 

divided into 80% for training, 10% for validation, and 10% for testing, using a special dataset of 

Malayalam Sign Language (MSL). Using the YOLOv8l model, the accuracy of this study is 97.21% with 

mAPx-95 (0.70) and mAP50 (0.90). The National Institute of Speech and Hearing provides a dataset 

comprising 51 classes, each with one to three images from YouTube videos. The model effectively 

identified MSL indicators despite the small dataset; however, the results are difficult to interpret because 

this study focuses on idea generation and lacks sufficient comparison samples and data variety in both 

positive and negative examples. 

While digital recognition of BISINDO is essential for bridging communication divides, progress has 

been consistently stalled by a critical research gap: the scarcity of diverse, realistic datasets that capture 

environmental complexities such as varying lighting and camera perspectives. Due to training on overly 

sanitized data, most existing models suffer from poor generalization, making them ineffective in real-

world deployment. To address these limitations, this study offers the following contributions: First is 

the development of the TUD-BISINDO Dataset, a newly curated dataset featuring a wide array of hand 

gestures captured under diverse illumination and environmental settings to ensure model robustness 

[14], [17], [18]. Second is optimized real-time detection to   implement the state-of-the-art YOLOv8l 

architecture [19]-[24] leveraging its speed and accuracy to provide a dependable digital solution for sign 

language interpretation. 

2. Method 

2.1. BISINDO 
There are two varieties of Indonesian Sign Language (ISL): Sistem Isyarat Bahasa Indonesia (SIBI) 

and Bahasa Isyarat Indonesia (BISINDO) [7]. BISINDO is the natural and community-developed sign 

language used by the deaf community across Indonesia for daily communication. In contrast to SIBI, a 

manually translated system based on spoken Indonesian grammar that is mainly utilized in educational 

settings, BISINDO has a distinct and simpler grammatical structure that makes use of body language, 

gestures, and facial expressions that have naturally developed within the deaf culture [25], [26]. Although 

there are many regional varieties of BISINDO, Deaf Indonesians support its formal recognition over the 

non-native SIBI because it reflects their true linguistic identity [27], [28]. 

2.2. YOLO 
YOLO is incredibly fast and suitable for real-time applications because its basic idea is a single-stage 

detector that processes the entire image in a single forward pass through a single neural network to 
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predict bounding boxes and class probabilities at once, a class of detectors called single-stage detectors 

[25], [26], [29]. The basic architectural distinction between single-stage and two-stage object detectors 

is depicted in Fig.1. 

 

(a) 

 

(b) 

Fig. 1. The faster, more effective family of detectors (like YOLO) is represented by (a), and the slower, more 

accurate family (like R-CNN variations) is represented by (b). 

To achieve speed, YOLO as a single-stage detector (a) process the image by a Feature Extractor to 

build a Feature Map, which is then directly delivered into a single Detection Head. In a single forward 

pass, this head simultaneously conducts Box Regression (predicting bounding box coordinates) and 

Classification (predicting the object's class). This method's main advantage is its outstanding speed, 

which qualifies it for real-time applications. On the other hand, Panel (b) shows a two-stage detector 

(like Faster R-CNN), which splits the task into two successive stages and gives localization accuracy 

precedence over speed. In the first step, the Feature Map is analyzed using a Region Proposal Network 

(RPN), which then proposes coarse regions that are likely to contain objects ("Object: True/False?") 

along with preliminary box forecasts. These suggested regions are fed into a different, specialized 

Classifier block in the second stage, which carries out important Box Refinement and fine-grained 

classification. The two-stage method's devoted refining step has historically produced better item 

localization accuracy, although it is much slower than the single-stage method. 

To increase speed and accuracy, YOLOv8l incorporates training and architectural enhancements from 

previous versions [30], [31]. Important advancements include simplifying the prediction head, changing 

the loss function to increase generalization and localization accuracy, and switching from the 

conventional anchor-based detection to a more adaptable anchor-free method [32], [33]. To balance 

detection performance with computing efficiency, it provides a range of model sizes (Nano, Small, 

Medium, Large, and Extra-Large) and is very modular in its design [34], [35]. 

2.3. Model System 
In this study, deep learning and computer vision are used to design a BISINDO recognition system 

in real-time.  This system goes through several different phases of development, starting with the 

important process of gathering datasets and ending with the automatic recognition of individual sign 

letters. F2shows the overall design, which includes data collection from (TUD)-BISINDO and the use 

of the cutting-edge YOLOv8l deep learning model for gesture identification. 
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Fig. 2. Proposed method: system identification of BISINDO using YOLOv8l. 

The YOLOv8l architecture was chosen purposefully because it can offer the best possible balance 

between inference speed and detection accuracy, which is essential for real-time BISINDO gesture 

recognition. Faster processing is possible with smaller variations (n, s, and m), but they do not have the 

depth required to capture the subtleties of hand motions. On the other hand, the larger YOLOv8x 

variant offers excellent accuracy but at the expense of higher computational load, which can impair real-

time performance. This study uses the "large" variation to guarantee high-fidelity detection while 

preserving the responsiveness required for real world use. The training process for the YOLOv8l model 

followed a specific set of settings aimed at improving recognition performance for the TUD-BISINDO 

dataset. The model was trained using the AdamW optimizer with a learning rate of 0.000333 and a batch 

size of 12 over 50 epochs. These values were selected to ensure stable convergence and efficient weight 

updates throughout the training phase. 

2.4. Data Acquisition 
To ensure data consistency, the TUD-BISINDO dataset was developed using a standardized 

acquisition setup within a controlled laboratory environment. High-definition image capture was 

performed in a typical indoor space with moderate artificial lighting. A Nemesis Nyk A50 Crusher 

webcam with a resolution of 1920 x 1080 pixels was used to acquire the images. To ensure variety to 

hand gestures and appearances, a total of six volunteers were involved in the data collection process. 

provided by Telkom University’s Greentech Laboratory. The computational experiments were conducted 

on a system equipped with 16 GB of RAM and an NVIDIA GeForce RTX 3060 GPU to handle the 

intensive software pipeline. This process used the YOLOv8l architecture, which was improved with the 

AdamW algorithm, a learning rate of 0.000333, and a batch size of 12 to make model training efficient 

over 50 epochs. Under operational testing, the pipeline achieves an inference speed of approximately 3 

FPS, which facilitates fluid gesture-to-text transformation for real-time BISINDO recognition. The 

acquisition process closely adhered to the official BISINDO alphabet standard. A sample of TUD-

BISINDO that provides for each letter (A-Z) is shown in Fig. 3. 

 

Fig. 3.  The 26 letters of the BISINDO alphabet in TUD-BISINDO. 
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The dataset is made more diverse by applying five augmentation techniques to each parameter, as 

shown in Fig. 4a (flip, rotation, shear, grayscale, hue, saturation, brightness, exposure, blur, and noise). 

This directly improves the YOLOv8l model's ability to generalize under diverse conditions.  Among the 

augmentation techniques, a shear transformation of about 10° changes the viewpoint, rotation between 

-15° and +15° helps with different window angles, and horizontal flipping makes a mirror image. Ahead 

of the use of YOLOv8l for TUD-BISINDO recognition, experiments were conducted using YOLOv5 

for BISINDO image-to-text recognition.  The results show that the YOLOv8l model is better than 

YOLOv5 at recognizing complex hand movements and different surroundings because it has a more 

advanced design and better ways to improve the data. 

Fig. 5 illustrates the comprehensive workflow of the proposed study for BISINDO recognition 

utilizing the YOLOv8l architecture. The process initiates with data acquisition, a preliminary phase 

dedicated to gathering the TUD-BISINDO dataset, which comprises a specialized collection of static 

handshape images representing the 26 alphabet classes. Despite the image-based nature of the training 

data, the recognition pipeline is designed for real-time application. By leveraging the high inference 

speed of YOLOv8l, the system processes live video frames as a sequence of inputs, identifying static hand 

shapes within dynamic finger movements to achieve a fluid gesture-to-text transformation. The study 

utilized Roboflow for the annotation labelling of each letter in TUD-BISINDO. Preprocessing entails 

data cleansing, including noise reduction, normalization, and image scaling. Data augmentation 

techniques were employed to expand the original dataset of 1,040 images to further improve the model's 

generalization capabilities.   The dataset was expanded to 780 augmented images, including various 

transformations such as flips, rotations, and contrast adjustments.   This phase is critical because models 

overfitted to specific lighting conditions and hand positions, due to insufficient augmentation, offer less 

practical utility in deployment. This technique enhances identification accuracy while also providing 

advantages, such as rapid training and reduced computational requirements. 

 

Fig. 4.  A comprehensive workflow of the proposed study for BISINDO recognition with YOLOv8l. 

During the training phase, the preprocessed and supplemented dataset is input into the recognition 

model. The model learns the connections between the images and their labels by carefully adjusting its 

internal settings (weights). A distinct subset of the data, also as after the training phase, validation 

employed to optimize the model's hyperparameters and assess its performance prior to final testing. This 

aids in optimizing the model and averting excessive specialization to the training data. The Roboflow 

platform used both intelligent dataset splitting and systematic labelling techniques to ensure effective 

and successful dataset preprocessing in this study [36]. Roboflow is a comprehensive, highly 

sophisticated data organization and annotation tool that provides a solid basis for many machine learning 

processes [37].  Images are automatically positioned according to a preset pattern.  The images were also 

resized to a common size of 640 × 640 pixels to provide uniformity throughout the collection. Shifting 

contrast was applied to enhance image contrast and make feature perception easier.  To ensure consistent 

image properties and improve the learning results, several preparation steps were carefully completed 

before model training. The fully trained model is evaluated using a third, independent subset of data, 

known as the test set, which it has not previously encountered. The results from the testing phase are 

used to determine how accurate and effective the model is at recognizing BISINDO signs in real-world 

situations. 

Table 1 compares the proposed dataset with several existing sign language datasets. In contrast to 

[7], [14], [38] TUD-BISINDO provides complete coverage of the BISINDO alphabet with 26 classes 

and adopts an object detection framework based on YOLOv8. Although some previous studies employed 
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larger datasets, the proposed dataset offers significantly higher image resolution (1920×1080 pixels) and 

explicitly involves six different participants, which enhances visual detail and inter-subject variability. 

Furthermore, the use of a separate training, validation, and testing split provides a more reliable 

evaluation protocol than the train–test strategy commonly used in earlier works. These advantages make 

the proposed dataset more suitable for robust, and generalizable BISINDO hand-gesture detection 

Table 1.  The different datasets TUD-BISINDO and Others. 

Study 
Dataset Analysis  

Sign 
Language Classes Images Resolution Participants Split 

[7] SIBI 29 29.000 100 x 100 N/A 

Train-Vals-

Test 

[38] ASL 22 2.000 640 x 480 N/A Train-Test 

[14] BISINDO 24 4.546 640 x 480 N/A Train-Test 

TUD-
BISINDO 
(Proposed) 

BISINDO 26 1.780 1920 x 1080 6 subjects Train-Vals-
Test 

To rigorously evaluate the system's performance, this study employs Precision, Recall, and mAP. 

Precision and recall are utilized to measure the model’s ability to accurately identify BISINDO gestures 

while minimizing false positives and ensuring no valid signs are overlooked. Furthermore, mAP0.5 and 

mAP50-95 are included as industry standard metrics that summarize detection quality across diverse IoU 

thresholds. Collectively, these metrics provide a deeper appreciation for how the model balances 

detection sensitivity with localization precision. 

3. Results and Discussion 

3.1. Results 
The performance of the YOLOv8l model was evaluated using standard object detection metrics across 

varying confidence thresholds. As summarized in Table 2, the model achieved a peak precision of 99.8% 

and a recall of 99.7%. At the standard 0.5 IoU threshold, the model attained an mAP50 of 99.3%, while 

the more rigorous mAP50-95 reached 85.4%. 

Table 2.  The Result of YOLOv5l & YOLOv8l in recognition the image to text of TUD-BISINDO based on 

confidence score parameter. 

Conf. Score The Result 
Matrix YOLOv5l  YOLOv8l 

Conf. 0.50 

Precision (%) 97.00 99.00 

Recall (%) 98.00 99.00 

mAP@0.5 (%) 99.00 99.00 

mAP@0.5:0.95 (%) 83.00 82.00 

Conf. 0.90 

Precision (%) 42.00 95.00 

Recall (%) 27.00 80.00 

mAP@0.5 (%) 34.00 87.00 

mAP@0.5:0.95 (%) 29.00 73.00 

Table 3, shows that the reliability of the YOLOv8l model for BISINDO recognition was evaluated 

through a threshold error analysis, revealing a stable performance plateau between confidence scores of 

0.5 and 0.7 where precision and recall consistently remain at 99%. Within this range, the model 

maintains a steady mAP50-95 value of 0.82, indicating consistent localization accuracy before 

performance degrades at stricter thresholds. At a confidence score of 0.9, a significant shift toward false 

negative errors occurs as recall drops to 80% and mAP@0.5 decreases to 0.87. Ultimately, a confidence 
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threshold of 0.7 was identified as the optimal operational point, as it maximizes the Fitness metric at 

0.95, ensuring a superior balance between high precision and the sensitivity required for real-time 

recognition. 

Table 3.  The validation process using the confidence score parameter with YOLOv8l. 

Measurement The Result 
0.50 0.60 0.70 0.80 0.90 

Precision (%) 99.00 99.00 99.00 99.00 95.00 

Recall (%) 99.00 99.00 99.00 99.00 80.00 

mAP@0.5 (%) 99.00 99.00 99.00 97.00 87.00 

mAP@0.5:0.95 (%) 82.00 82.00 82.00 83.00 73.00 

Fitness (%) 84.00 84.00 95.00 83.00 74.00 

3.2. Discussion 
In this section, we analyze the performance of the YOLOv8l model in recognizing BISINDO hand 

gestures. The discussion covers the model's configuration and an extensive evaluation using 1.250 

training images (80%) and a balanced set of 530 images for validation (10%) and testing (10%), as 

presented in Table 4 and Fig. 6. The AugMix augmentation pipeline, which enhanced generalization 

against variations in illumination and camera angles, is largely responsible for the model's high accuracy. 

A deeper analysis reveals that certain gestures, such as the letters "G" (94.1% precision) and "Z" (93.3% 

recall), showed slightly lower performance compared to the near-perfect results of other classes [34]. 

This variation likely stems from the high visual similarity between these specific hand shapes or the 

dynamic nature of certain gestures, which require more distinct spatial features for the model to 

differentiate effectively. 

Table 4.  The Testing Results for Each Letter on TUD-BISINDO with conf.score = 0.7. 

Class 
The Testing Result 

Images Box(p) Recall mAP50 
(%) mAP50-95 (%) 

All 265 1 1 99.30 85.40 

A 4 1 1 99.50 91.70 

B 9 1 1 99.50 93.00 

C 15 1 1 99.50 79.40 

D 8 1 1 99.50 90.70 

E 10 1 1 99.50 86.00 

F 5 1 1 99.50 88.00 

G 16 0.94 1 98.00 73.30 

H 11 1 1 99.50 89.80 

I 10 1 1 99.50 88.20 

J 11 1 1 99.50 79.40 

K 7 1 1 99.50 94.30 

L 18 1 1 99.50 90.00 

M 6 1 1 99.50 83.50 

N 12 1 1 99.50 86.10 

O 8 1 1 99.50 82.80 

P 17 1 1 99.50 82.60 

Q 7 1 1 99.50 93.80 

R 7 1 1 99.50 93.80 

S 10 1 1 99.50 87.00 

T 11 1 1 99.50 89.40 

U 8 1 1 99.50 74.00 

V 8 1 1 99.50 72.40 

W 7 1 1 99.50 86.20 

X 17 1 1 99.50 86.00 

Y 7 1 1 96.70 86.10 

Z 15 1 0.933 96.70 82.29 
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Fig. 6 shows the matrix, in which most predictions lie along the main diagonal, indicating that the 

model correctly classifies the majority of hand-gesture letters, and most values reach 1.00, demonstrating 

very high classification accuracy across nearly all letters. The confusion matrix confirms that the 

YOLOv8l model performs highly reliably in distinguishing the 26 BISINDO alphabet gestures, with 

near-perfect classification results and very limited confusion between classes.. 

 

Fig. 5. Confusion matrix of 26 letters recognition on TUD-BISINDO using the YOLOv8l model. 

The ideal "break-even" point justifies selecting a 0.70 confidence threshold. At this level, the model 

strikes a great balance between precision (99.8%) and recall (99.7%). This means YOLOv8l can ignore 

background noise (false positives) while still picking up real signals (such as color, saturation, and tone 

adjustments) [37]-[39] . To further validate the effectiveness of the proposed architecture, a comparative 

analysis between YOLOv5 and YOLOv8l was conducted. As summarized in Table 5, the YOLOv8l 

model demonstrates superior robustness, particularly in its mAP50-95 score, which significantly 

outperforms the baseline model. The experimental results demonstrate that both YOLOv5 and 

YOLOv8l achieve very high detection performance, with precision values reaching 99.80% for both 

models. However, YOLOv8l shows slightly better overall performance compared to YOLOv5. In terms 

of recall, YOLOv8l achieves 99.70%, which is higher than YOLOv5’s 99.40%, indicating a better ability 

to correctly identify relevant objects. Similarly, the mAP@50 score of YOLOv8l reaches 99.30%, 

outperforming YOLOv5 which obtains 99.00%. The most significant improvement is observed in the 

mAP@50–95 metric, where YOLOv8l achieves 95.40%, substantially higher than YOLOv5’s 85.20%. 

These results suggest that YOLOv8l provides more robust and consistent detection performance across 

multiple IoU thresholds, making it more effective for precise object detection tasks. 

Table 5.  Comparison of Performance Results Between YOLOv5 and YOLOv8l in Image-to-Text Recognition 

for TUD-BISINDO. 

Model The Result 
Precision (%) Recall (%) mAP50 (%) mAp50-95 (%) 

YOLOv5 99.80 99.40 99.00 85.20 

YOLOv8l 99.80 99.70 99.30 95.40 

Fig. 7 also presents the results of the YOLOv8l model in recognizing several letters from the TUD-

BISINDO dataset, for the letters A, B, C, and D. The model successfully detects and classifies each hand 
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gesture with high confidence scores. Each detected gesture is highlighted by a bounding box along with 

the predicted class label and confidence value, A is 0.91, B is 0.90, C is 0.93, and D is 0.92. These results 

demonstrate that the YOLOv8l model can accurately localize and classify hand gesture representations 

of alphabet letters, confirming its effectiveness for real-time gesture-based letter recognition tasks. 

 

Fig. 6. The results of letter recognition using the YOLOv8l model for A, B, C, and D letters. 

4. Conclusion 
The digitalization of BISINDO recognition through image-to-text transformation offers significant 

social and practical value for communication between deaf and hearing individuals. This study shows 

that YOLOv8l significantly outperforms YOLOv5, particularly at higher IoU thresholds, where it 

maintains superior stability in mAP50-95, precision, and recall. While this low-cost, off-the-shelf 

technology shows promising potential to increase accessibility in public services and education, its real-

world applicability is constrained by the controlled conditions of the TUD-BISINDO dataset. To make 

the system stronger, future research should go beyond just recognizing things by testing it with different 

datasets in various noisy situations and looking into using different types of input. Special attention 

should also be directed toward improving the detection of challenging gestures, such as the letters G 

and Z, to ensure true linguistic equality in the modern digital environment. 
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