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Sign language serves as the primary means of communication for deaf
individuals, yet existing recognition systems for Bahasa Isyarat Indonesia
(BISINDO) have not fully exploited keypoint-based pose estimation,
particularly for dynamic alphabetic gestures. This study developed a
BISINDO gesture detection system using the YOLOv11m-Pose algorithm
integrated with MediaPipe hand landmark extraction, Letterbox image
preprocessing, and a multi-phase class representation strategy that divided
dynamic letters into two movement-phase classes. The main novelty of this
study lies in the integration of YOLOv11-Pose with MediaPipe hand keypoint
extraction and a multi-phase representation strategy for dynamic letters, which
has not been previously applied to BISINDO alphabet detection. A dataset of
1.450 images across 29 classes was collected, augmented to 8.700 samples,
and split into training, validation, and test sets. Evaluation on 870 test images
yielded an overall accuracy of 99,43%, a macro precision of 99,44%, macro
recall of 99,43%, and a mAP50 of 99,11%. All six dynamic letter classes
achieved perfect prediction scores, confirming the effectiveness of the multi-
phase representation approach. These results demonstrated that the proposed
system was capable of reliable BISINDO alphabet detection and provided a
solid foundation for further development toward full support for sign language
communication.
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1. INTRODUCTION

Sign language is a specialized form of communication used by people with disabilities, particularly those
who are deaf [1]. In everyday communication, sign language plays a vital role in non-verbal communication,
especially for individuals with speech impairments such as deafness [2]. Therefore, sign language is the
primary means of communication for deaf individuals for conveying ideas and concepts, as well as for
receiving information from others [3]. In Indonesia, there are two widely used sign language systems, Sistem
Isyarat Bahasa Indonesia (SIBI), developed by the government, and Bahasa Isyarat Indonesia (BISINDO),
which emerged and developed naturally within the deaf community [4].
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BISINDO has been in use since at least the 1950s and was officially named in 2006 by Gerakan untuk
Kesejahteraan Tunarungu Indonesia (GERKATIN), the Indonesian Association for the Welfare of the Deaf
[5]. Over time, BISINDO has served as the primary means of communication for the deaf community
throughout Indonesia [6]. Furthermore, BISINDO exhibits variations across different regions of Indonesia as
it has evolved naturally in accordance with the customs and culture of local deaf communities [7]. This diversity
in the forms and movements of BISINDO necessitates a computer vision-based approach capable of accurately
detecting and recognizing hand gestures [8].

Several previous studies have sought to develop BISINDO recognition systems using various approaches.
Wiliam et al. [6] utilised a combination of SVM and MediaPipe to recognise the BISINDO alphabet, achieving
an accuracy of 98,82%, although some classes, such as the letter ‘Y, still had lower scores. Kautsar et al. [9]
compared LSTM and 1D CNN+Transformer models for BISINDO word recognition at the word level, where
the LSTM model had weaknesses in classifying classes with similar keypoints. Setiawan et al. [10] applied
YOLOVS for BISINDO alphabet detection, including letters with dynamic movements such as G, J, and R,
with 99% accuracy however, the model remains susceptible to light intensity, hand position, and movement
speed during sign language.

You Only Look Once (YOLO) is an object detection method based on Convolutional Neural Networks
(CNNp5s) that is renowned for its speed and accuracy in processing visual data [11]. YOLOv11-Pose is a single-
stage network based on YOLOv11, with an end-to-end architecture that simultaneously integrates object
detection and keypoint estimation via backbone, neck, and head components, thereby enhancing focus on key
features during pose estimation [12]. This keypoint-based approach has the potential to address the limitations
of sign language recognition systems by more precisely mapping hand movements through the analysis of
position and keypoints [13]. Previous studies using YOLOv11-Pose, Wu et al. [14] on a monocular ship
distance measurement system, reported a Pose mAP50 of 89,8%, demonstrating the model’s capability for
detailed keypoint extraction.

Previous research on BISINDO detection has been limited to traditional classification models or earlier
versions of YOLO that did not integrate pose estimation consequently, the resulting representations of hand
movements have not fully utilized keypoint information to its full potential [8]. No research has specifically
applied YOLOvI11-Pose to BISINDO alphabet detection via keypoint extraction [15]. The keypoint-based
approach used in this study offers significant theoretical advantages over conventional bounding box detection
methods [16]. While bounding box approaches only provide coarse localization of the hand, keypoints
represent the geometric structure of the hand skeleton, enabling more precise mapping of finger configurations,
joint positions, and movement dynamics [12]. This capability is particularly well-suited for BISINDO
recognition, where the primary distinctions between letter gestures lie in subtle differences in finger angles and
joint relationships rather than the overall position or size of the hand [17].

Given these advantages and the limitations of previous studies that relied on standard object detection
without pose estimation, this study develops a BISINDO alphabetic gesture detection system using the
YOLOvVI1m-Pose algorithm integrated with MediaPipe hand landmark extraction. The performance of the
proposed system is evaluated using mAP50, accuracy, precision, and recall.

2. METHOD
The research pipeline in this study comprises four main stages: dataset collection, preprocessing, model
training, and evaluation as illustrated in Figure 1. Each stage is described in detail below.

@ » Data Collection
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Figure 1. System process flow diagram

Data Collection
The dataset used consists of 1.450 images divided into 29 classes, with each class containing 50 data
points, as shown in Figure 2, which displays examples of primary data collected independently.
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Figure 2. Sample of self-collected BISINDO images dataset

Figure 3 displays examples of secondary data from various sources, including GitHub [18], Kaggle [19],
and Roboflow [20]-[22], with diverse characteristics.

Figure 3. Sarnplé BISINDO alphabet image datasets sourced from github, kaggle and roboflow

These data consist of 20 primary data points collected independently and 30 secondary data points
obtained from various sources. Specifically for the dynamic letters G, J, and R, all data are primary, with no
secondary data used to maintain consistency in the representation of movement. This study divides dynamic
letters into two classes for each letter, namely G1, G2, J1, J2, R1, and R2. For the 23 static letter classes, each
class contains 20 primary images and 30 secondary images sourced from GitHub, Kaggle, and Roboflow, while
the 6 dynamic classes each contain 50 primary images, as presented in Table 1.

Table 1. Primary and secondary data of the bisindo alphabet

Primary Data  Total Secondary Data  Total
A 20 A 30
B 20 B 30
C 20 C 30
D 20 D 30
E 20 E 30
F 20 F 30
Gl 50 Gl 0
G2 50 G2 0
H 20 H 30

1 20 I 30
J1 50 J1 0
12 50 12 0
K 20 K 30
L 20 L 30
M 20 M 30
N 20 N 30
(6] 20 (0] 30
P 20 P 30
Q 20 Q 30
R1 50 R1 0
R2 50 R2 0
S 20 S 30
T 20 T 30
U 20 U 30
v 20 \% 30
w 20 w 30
X 20 X 30
Y 20 Y 30
Z 20 Z 30

This study collects data on dynamic letters by representing two main movement stages, the initial and
final positions. Each dynamic class captures the differences across these movement phases, enabling the model
to learn hand pose changes more clearly. The secondary data sourced from GitHub, Kaggle, and Roboflow
inherently provides diverse visual conditions, including varied lighting, background clutter, skin tones, and
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camera distances. The augmentation pipeline further enhances this diversity through brightness adjustment,
Gaussian noise, and Gaussian blur, improving the model’s robustness to real-world conditions.

Preprocessing

Preprocessing is the initial stage that prepares image data to meet the requirements of the model used
in the training process [23]. In this study, preprocessing comprises three main stages, keypoint extraction using
the MediaPipe Hand Landmark, image resizing using the Letterbox technique, and data augmentation to
increase dataset diversity. MediaPipe is a cross-platform framework developed by Google for building machine
learning pipelines. MediaPipe Hands can detect 21 landmarks per hand, representing keypoints at specific
locations on the fingers, palm, and wrist [24], as shown in Figure 4.
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Figure 4. Hand landmark by mediapipe [25]

In the implementation of the YOLO-Pose-based system, the 21 landmarks detected by MediaPipe Hands
are converted to 16 keypoints to match the YOLO-Pose format used during training. The five omitted
landmarks are the intermediate PIP joints of the index, middle, ring, and little fingers and the intermediate joint
of the thumb. These joints are excluded because they can be approximated from the surrounding tip and MCP
landmarks and contribute less distinctive information for gesture differentiation, as seen in Figure 5. The
resulting 16 keypoints still effectively represent the shape and movement of the hand for BISINDO alphabet
detection.

Figure 4. Example of 16 keypoints conversion results

Letterboxing is an image pre-processing technique in the YOLO model that resizes the input image
without altering its aspect ratio [26]. Data augmentation is a key technique in deep learning for increasing the
size and diversity of training datasets without collecting new data, thereby reducing overfitting and improving
the model's generalisation ability [27], [28]. In this study, each image produces 1 original and 5 augmentation
variants selected randomly, increasing the dataset from 1.450 to 8.700 images. The augmentation parameters
applied are horizontal flip (for two-handed letters only), rotation at +45° and -45°, Gaussian noise (std=12),
Gaussian blur (kernel size=5), brightness increase (factor=1,35), and brightness decrease (factor=0,65) [29].
For flip and rotation augmentations, keypoint coordinates are transformed consistently to match the augmented
image [30].

Training
The training stage used the YOLOv1 1m-Pose model with the dataset divided into 70% training, 20%

validation, and 10% test [31], the details can be seen in Table 2 below.

Table 2. Data distribution after preprocessing and augmentation

Subset Number of Data  Percentage

Training 6.090 70%
Validation 1.740 20%

Testing 870 10%

Total 8.700 100%
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Training ran for 100 epochs with an image size of 640%640 pixels, a batch size of 16, the AdamW
optimizer, an initial learning rate of 0,0003, and a pose loss weight of 20,0 to emphasise keypoint accuracy.
The close mosaic strategy was applied during the final 20 epochs, disabling mosaic augmentation so the model
could learn on cleaner data distributions in the final phase.

Evaluation

After training, evaluation was performed on the 870 test images that were withheld from both training
and validation. Performance was measured using mAP50 to assess detection and keypoint accuracy at an IoU
threshold of 0.5 [32], along with a confusion matrix covering precision, recall, and accuracy to evaluate the
alignment between predicted and actual class labels [33], [34].

3.  RESULTS AND DISCUSSIONS

The model used in this study is YOLO11m-pose, selected based on a performance comparison of all
available YOLOv11-Pose variants. Table 3 below presents the comparison of each variant's performance
according to the official YOLOv11 benchmark [35].

Table 3. Comparison of YOLOv11-Pose variant performance [35]

Model Size mAP50 Speed CPU (ms) Speed T4 (ms) Params (M) FLOPs (B)
YOLOl1n-pose 640 833 403 +0.5 1.8+ 0.0 2.9 7.5
YOLOl1s-pose 640 86.6 853+0.9 2.7+0.0 10.4 239

YOLO11m-pose 640 89.6 218.0+1.5 5.0+0.1 21.5 73.1
YOLOI1l-pose 640 90.5 275.4+24 6.5+0.1 25.9 91.3
YOLOl1x-pose 640 91.6 565.4+3.0 122+0.2 57.6 201.7

Based on the comparison in Table 3, the YOLO11m-pose variant was selected as the model used in this
study because it offers the best balance between accuracy and computational efficiency. The model has a
sufficient number of parameters to extract keypoint features optimally without excessive computational
complexity. Compared to smaller variants, YOLO11m-pose achieves a higher mAP50 score of 89.6%, while
its CPU inference speed of 218.0 ms and T4 speed of 5.0 ms. Compared to the larger variants (1 and x), which
reach CPU speeds of 275.4 ms and 565.4 ms respectively, the medium variant is more efficient while
maintaining competitive accuracy. Therefore, YOLO1 1m-pose is considered the most appropriate choice for
the BISINDO alphabet detection system based on YOLOv11-Pose [14].

The study conducted testing of the BISINDO gesture detection system based on YOLOv11m-Pose across
three consecutive evaluation stages training evaluation, validation data evaluation, and final evaluation on test
data. These three stages ensure that the model not only performs well on known data but also generalises
reliably to new data, previously unseen data. Table 4 summarises the development of pose metrics at key
epochs during training.

Table 3. Evolution of pose metrics across key epochs

Epoch Pose Loss (Train) Pose Loss (Val) mAP50(P) Precision(P) Recall(P)

1 2,2826 10,1628 0,0363 0,1839 0,1054
5 1,2941 5,3390 0,7209 0,7347 0,6824
10 1,1459 4,2733 0,8327 0,8288 0,8199
80 0,5455 0,9987 0,9931 0,9916 0,9916
90 0,1539 0,8453 0,9931 0,9937 0,9879
98 0,1446 0,7787 0,9939 0,9938 0,9897
100 0,1458 0,7723 0,9939 0,9937 0,9900

As shown in Table 4, the training process proceeded with very rapid and stable convergence. Within the
first 5 epochs, mAP50(P) had already reached 72,09%, and by the 20th epoch, it had exceeded 94,58%. The
training Pose Loss decreased from 2,283 in the first epoch to 0,146 in the 100th epoch, representing a reduction
0f 93,6%. The results show an interesting phenomenon during the transition from epoch 80 to 81, with a drastic
drop in the training Pose Loss from 0,545 to 0,167. This was not an anomaly, but rather the effect of activating
the close mosaic strategy, which deactivated mosaic augmentation during the final 20 epochs, allowing the
model to train on a cleaner data distribution.
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This training strategy is a standard approach in the YOLO training pipeline, designed to stabilise the
model at the end of training by removing the complex scene compositions introduced by mosaic augmentation
[36]. Wang et al. [36] similarly applied this approach in YOLOV9, turning off mosaic augmentation for the
final 15 epochs to improve convergence stability. This strategy drives the loss to its lowest level without
compromising generalisation, as can also be observed visually in the training examples before and after mosaic
deactivation. The absence of any significant spikes across the entire loss curve over the 100 epochs confirms
the overall stability of the training. The training process automatically saves the best model at epoch 98 based
on the highest validation mAP50(P) value. Table 5 presents the full evaluation results on the validation data
using this best model.

Table 4. Evaluation results on validation data

Metric Value
mAP50(P) 99,39%
Precision(P) 99,38%
Recall(P) 98,97%

Pose Loss (Val) 0,779

Table 5 shows that on 1.741 validation images that the model never saw during training, the best model
achieved an mAP50(P) of 99,39%. Precision (P) of 99,38% and Recall (P) of 98,97% were both very high,
indicating that the model produced almost no false positives or false negatives. Most importantly, the validation
Pose Loss of 0,779 continued to decrease consistently in line with the training Pose Loss over 100 epochs,
confirming the absence of overfitting. This consistent performance on the validation data ensures that the model
is ready to be tested on entirely new data. Augmentation was applied to the full dataset prior to splitting, so
augmented variants of the same original image may appear across subsets. However, since each technique
introduces visually distinct transformations rather than near-identical copies, the risk of inflating test
performance is considered minimal.

Table 5. Evaluation results on testing data

Metric Value
mAP50(P) 99,11%
Precision Macro 99,44%
Recall Macro 99,43%
Accuracy Overall  99,43%
Total Correct 865/870
Total Incorrect 5/870

Table 6 presents the final evaluation results on the test data. Evaluation on 870 test images, which were
entirely separate from the training and validation sets, yielded an overall accuracy of 99,43%, with only 5
incorrect predictions out of a total of 870 samples. mAP50(P) reached 99,11%, whilst macro precision and
macro recall stood at 99,44% and 99,43% respectively. This study surpasses previous studies on BISINDO
gesture detection, as shown in Table 7. It is worth noting that this study classifies 29 classes, which is three
more than the 26 classes used in the YOLOv8 and SVM-MediaPipe studies, because the three dynamic letters
(G, J, R) are each divided into two movement-phase classes. This larger and more complex label space means
the classification task is inherently more difficult, yet the proposed system still achieves higher accuracy and
precision, demonstrating the effectiveness of the keypoint-based multi-phase approach.

Table 6. Comparison with previous studies on BISINDO gesture detection

Study Method Classes Accuracy Precision  Recall
Indonesian Sign Language (BISINDO) Alphabet Detection Using YOLOVS 26 99.00% 99.40%  98.40%
the You Only Look Once (YOLO) Algorithm Version 8 [10]
Recognitions of Bahasa Isyarat Indonesia (BISINDO) Alphabets SVM- 26 98.82% 97.34%  99.00%
Using SVM and Mediapipe [6] MediaPipe
This Study YOLOvI1m- 29 99.43% 99.44%  99.43%
Pose

These overall figures require further analysis by class performance distribution. Figure 7 displays the
training curve documenting the model's convergence, followed by Table 8, which details metrics per class on
the test data.
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Figure 5. Training performance overview

The mAPS50(P) graph shows a sharp rise during the first 20 epochs, followed by gradual, stable
convergence, peaking at the 98th epoch. The Precision(P) and Recall(P) graphs show both metrics moving in
very close tandem from the 50th epoch onward, indicating that the model has successfully balanced detection
accuracy and completeness. The Pose Loss graph displays a parallel decrease in training and validation loss
without divergence over 100 epochs, providing concrete evidence of the absence of overfitting. Given this
positive convergence, it is now necessary to examine how this performance is distributed across each class
individually.

Table 7. Class-wise evaluation metrics on testing data
Class Type Precision Recall Accuracy Support

A 2 hands 1,0000 1,0000 1,0000 30
B 2 hands 1,0000 1,0000 1,0000 30
C 1 hand 1,0000 0,9333 0,9977 30
D 2 hands 1,0000 1,0000 1,0000 30
E 1 hand 1,0000 1,0000 1,0000 30
F 2 hands 1,0000 1,0000 1,0000 30
Gl moving 1,0000 1,0000 1,0000 30
G2 moving 1,0000 1,0000 1,0000 30
H 2 hands 0,9677 1,0000 0,9989 30
I 1 hand 1,0000 1,0000 1,0000 30
J1 moving 1,0000 1,0000 1,0000 30
12 moving 1,0000 1,0000 1,0000 30
K 2 hands 1,0000 0,9667 0,9989 30
L 1 hand 1,0000 1,0000 1,0000 30
M 2 hands 1,0000 1,0000 1,0000 30
N 2 hands 1,0000 1,0000 1,0000 30
(6] 1 hand 1,0000 1,0000 1,0000 30
P 2 hands 1,0000 0,9667 0,9989 30
Q 2 hands 1,0000 1,0000 1,0000 30
R1 moving 1,0000 1,0000 1,0000 30
R2 moving 1,0000 1,0000 1,0000 30
S 2 hands 0,9677 1,0000 0,9989 30
T 2 hands 0,9355 0,9667 0,9966 30
8] 1 hand 0,9677 1,0000 0,9989 30
v 1 hand 1,0000 1,0000 1,0000 30
W% 2 hands 1,0000 1,0000 1,0000 30
X 2 hands 1,0000 1,0000 1,0000 30
Y 2 hands 1,0000 1,0000 1,0000 30
z 1 hand 1,0000 1,0000 1,0000 30
Macro Avg 0,9944 0,9943 0,9986 870

Table 8 shows a very even distribution of performance across all 29 classes. A total of 22 classes achieved
perfect scores across all metrics, including all 6 classes of moving letters, demonstrating that the multi-phase
representation approach is highly effective at accurately distinguishing each movement phase. Classes that
experienced a decline in performance include C, H, K, P, S, T, and U. Of all these classes, class T experienced
the most significant decline because it became the target of incorrect predictions from several other classes.This
error distribution pattern can be visualised in the confusion matrices for each letter group in Figures 8.
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Figure 6. Confusion matrix for group 1-5

Figure 8 shows the confusion matrix for Group 1-5. Classes A, B, D and E all achieved perfect predictions.
Class C had 2 errors in the others column, the model incorrectly predicted 1 sample as S and 1 as U. The
similarity in the position of the thumb and the curved index finger in some samples of the letter caused both
errors C, which, from certain angles, resembled the hand position components of the letters S and U. Classes
F, H, I, and L achieved perfect results. Class K had 1 error in the other class (class T), as the upright position
of the index finger in the letter K can resemble one of the keypoint configurations of the letter T under certain
image conditions.

Classes M, N, O and Q all achieved perfect results. Class P made one error, misclassifying others as class
T. Classes S, U, V and W achieved perfect results. Class T made 1 error, misclassifying a sample from the
others class into class H. An interesting pattern is evident here, class T was the victim of misclassification by
classes K and P, whilst also making an error regarding class H, indicating that the keypoint patterns of the letter
T share representational similarities with certain other letters under specific conditions. Classes X, Y, and Z all
classes achieved perfect prediction

Confusion Matrix Group 6: G1 G2 J1J2 R1 R2
YOLOv11lm-Pose | 100 Epoch | Test Set
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Figure 7. Confusion matrix for group 6

True Label

Figure 9 shows Group 6, which includes all moving letters, and all six classes also achieved perfect
prediction without a single error. This achievement is particularly significant given that moving letters are
inherently much more difficult to detect, as they require an understanding of the dynamics of movement
between frames, rather than merely static positions. Overall, out of 870 predictions, there were only 5 errors.
Among the static classes, the letters that experienced a decline in performance are C, H, K, P, S, T, and U.
Class T experienced the most significant decline as it became the target of incorrect predictions from several
other classes, because the keypoint configuration of letter T, formed by two hands with an upright index finger,
shares visual similarity with letters K and P under certain shooting angles and lighting conditions. These
misclassification patterns are consistent with the visual ambiguity analysis in the full study. To gain a deeper
understanding of why each of these errors occurred, Figure 10 displays a direct visualisation of the five
incorrectly predicted images.
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Figure 10 shows the five incorrectly predicted images, along with the model’s detection bounding boxes
and confidence scores. The first error is C predicting U (confidence 0,37). The image of the letter C shows the
thumb and index finger in a curved position, resembling the hand position component of the letter U from the
camera’s perspective. The very low confidence value (0,37) indicates that the model is highly uncertain,
suggesting that the representation of the C keypoints in this image lies on the boundary of ambiguity between
the two classes.

The second error is T predicting H (confidence 0,40 and 0,47), the model treats the two hands forming
the letter T as two separate detections with low confidence, indicating that it interprets the two hands as
independent entities rather than a single gesture. The third error is P predicting T (confidence 0,75 and 0,91),
this is the only error with relatively high confidence, indicating that the configuration of keypoints in this image
does indeed closely resemble the pattern of the letter T. The model is fairly certain but remains incorrect due
to the high visual similarity between P and T under those specific conditions.

The fourth error is the model predicting C as S (confidence 0,27), the model predicts the letter C as S with
very low confidence because the thumb and index finger curve in the same way as the single-hand S. The fifth
error is K predicting T (confidence 0,45 and 0,89), the model detects the letter K as T with two bounding boxes,
likely because the upright position of the index finger on the letter K visually resembles the keypoint
components of the letter T. Overall, four out of five errors have low confidence, indicating the model is already
showing uncertainty in difficult cases. This is a positive characteristic, indicating that the model is not
overconfident in its incorrect predictions. All errors are edge cases resulting from variations in lighting, viewing
angles, and visual ambiguity, rather than systematic failures. With an error rate of just 0,57% (5 out of 870
samples), this model demonstrates highly competitive performance and is ready to serve as the foundation for
a reliable BISINDO detection system.

4. CONCLUSION

This study successfully developed a BISINDO gesture detection system based on the YOLOv11m-Pose
algorithm. The system addresses the limitations of previous approaches that did not fully leverage keypoint-
based pose estimation for sign language recognition. The results demonstrate that the proposed system achieved
an overall accuracy of 99,43% on 870 test images, with a macro precision of 99,44%, macro recall of 99,43%,
and mAPS50(P) of 99,11%, surpassing previous studies that employed YOLOvV8 99% and SVM-MediaPipe
98,82% across fewer and less complex classes. The multi-phase representation strategy for dynamic letters (G,
J, and R), each divided into two movement phases, proved highly effective, with all six dynamic classes
achieving perfect prediction scores. The parallel decrease of training and validation Pose Loss over 100 epochs
confirms training stability with no sign of overfitting. The five misclassifications observed were attributed to
edge cases involving visual ambiguity between similar hand configurations under specific lighting and
viewing-angle conditions, rather than systematic model failure, as evidenced by the consistently low
confidence scores in those incorrect predictions. This study has several limitations. The dataset is limited to 29
alphabetic BISINDO gestures and does not cover word or sentence-level recognition, and evaluation was
conducted on image data rather than in real-time deployment conditions. Future research directions include
extending the system to word and sentence-level BISINDO recognition, integrating speech synthesis for real-
time communication support, and evaluating the system on edge computing devices or mobile platforms to
assess its practical applicability for the deaf community.
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