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Abstract:

This research aims to develop an advanced recognition system for Chinese Sign Language (CSL) by integrating YOLOV8
and instance segmentation techniques. Communication through sign language is essential for the deaf community, and
although CSL has been standardized in China, recognizing complex hand movements remains a significant challenge.
YOLOV8 is employed for real-time object detection, while instance segmentation is used to provide more detailed analysis
of hand gestures. This integration seeks to improve hand gesture recognition under varying lighting and background
conditions, which is crucial for more effective communication between the deaf community and the wider society. The
study evaluates the system’s performance using common metrics such as Mean Average Precision (mAP), precision, recall,
and F1-score. The findings indicate that the non-segmentation model performs better than the segmentation model in terms
of precision, recall, and mAP, especially when trained with a larger dataset ratio. The non-segmentation model provides
faster and more accurate detection, while the segmentation model, despite using the same amount of data, shows potential
for more detailed recognition of gestures. Although the segmentation model shows improvements in the F1-score with
more detailed accuracy, the non-segmentation model remains superior in overall detection speed and accuracy. This
research highlights the importance of integrating YOLOV8 and instance segmentation for improving CSL recognition, with
better results on the non-segmentation model for more effective communication for the deaf.
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1. Introduction

In everyday life, communication plays an important role in interactions between individuals [1]. For most people,
verbal communication through spoken language is the primary way to exchange information [2]. However, individuals
with hearing impairments, especially those who are deaf, face barriers to effective participation in verbal
communication in social settings. Sign language is a solution for the deaf community. Sign language allows them to
communicate using hand movements, facial expressions, and body movements [3]. As an independent language, sign
language has a structure equivalent to spoken language and is an important part of the deaf culture [4]. In China, the
deaf community uses Chinese Sign Language (CSL), which has undergone various standardization efforts to ensure
uniformity in communication. In addition, a finger spelling system with 30 symbols is also used to convey words that
do not have specific sign movements [5] In 2019, the number of people with hearing loss in China reached 426.5
million, an increase of 90.1% since 1990 [6], highlighting the importance of developing an effective communication
system for the deaf

Technological developments have driven innovation in the introduction of sign language, which is now being
applied to smart devices to help deaf people communicate. This technology facilitates communication in various
aspects of life such as education and work [7]. With increasingly accurate systems, it is hoped that communication

241



242 Indonesian Journal of Data and Science

barriers can be minimized, making interaction between the deaf community and the wider community smoother.
Globalization has also driven advances in communication, including accessibility for the deaf community, facilitating
communication between regions and cultures even if they are separated by long distances [8]. However, the main
challenge in the introduction of sign language still lies in the identification of complex hand movements.

The hand is the part of the body most often used to convey signals in communication [9]. Hand movements in sign
language can be categorized into two types: static and dynamic. Static movements refer to a fixed hand position, while
dynamic movements involve a series of sequential changes in hand position [10]. Identifying these two types of
movements is a major challenge in sign language recognition systems, especially when the hand objects overlap or
have similar shapes but different meanings. To overcome this challenge, YOLOV8 (You Only Look Once) and
Instance Segmentation-based methods are potential solutions for improving the accuracy of sign language recognition.

You Only Look Once (YOLO) is a deep learning model developed to detect objects directly and in real-time [11].
YOLOV8, which uses a Convolutional Neural Network (CNN), is capable of detecting and recognizing sign language
in real-time with high precision, including in terms of mean Average Precision (mAP) [12]. These results are in line
with research [13] that implements YOLO in detecting Indonesian sign language, showing that YOLO has superior
performance in this task. On the other hand, [14] emphasizes that instance segmentation plays an important role in
improving computing efficiency in deep learning-based object detection. Based on these findings, this study integrates
YOLOV8 and instance segmentation to recognize the letters of the Chinese Sign Language (CSL) alphabet from static
hand images. Edge detection is also applied to strengthen the visual characteristics of the hand shape, enabling the
system to work more accurately in classifying each displayed sign.

This research aims to develop a Chinese Sign Language (CSL) recognition system based on YOLOV8 and Instance
Segmentation to clarify hand movements and improve the accuracy of gesture recognition in various lighting and
background conditions, thus supporting more effective communication for the deaf.

2. Method:

This research develops a Chinese sign language (CSL) recognition system by integrating YOLOV8 and instance
segmentation through a structured approach. The method includes data collection, labelling, augmentation, dataset
division, training, validation, and model testing and evaluation. Each stage is designed to have good accuracy in hand
gesture recognition, with performance evaluation using relevant metrics to assess the effectiveness of the system in
accurately detecting and interpreting gestures.
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Figure 1. Research Flow Chart
Data Collection
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The first stage in this research is data collection, which includes the acquisition process to obtain the required
information [15]. This data collection process aims to ensure that the information used in the research is of good
quality and relevant. In this research, the Chinese sign language (CSL) hand image dataset was created independently
by referring to the official standard of hand gestures in Chinese sign language, and supported by references from
previous research. The creation of this dataset is very important to produce data that is in accordance with the rules
and regulations that apply in Chinese sign language. This dataset consists of a series of hand gestures that represent
the Chinese Sign Language alphabet, so it can be used to train and test sign language recognition models.

In addition, the data collected includes a variety of hand positions, viewing angles, as well as different lighting
conditions to improve the generalization ability of the model in detecting and recognizing signs better. The collection
of data covering several conditions aims to ensure that the developed model has good robustness in dealing with
different situations. Thus, the sign language recognition model trained using this dataset is expected to function
optimally in various real-world conditions. This data is used to test and train the Chinese Sign Language (CSL) model

[5].
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Figure 2. Chinese Sign Language (Source: [5])

Data Pre-processing

The data preprocessing stage is carried out to improve the quality of the dataset before it is used in model training [16]. This
process begins with data cleansing, Data cleansing is a crucial process to improve data quality by transforming unstructured data
into reliable data [17]. Researchers sorted and deleted images that did not meet the quality criteria, such as images that were too
blurry, had a lot of noise, or insufficient lighting. This step aims to ensure that only clear and representative images are used in
the model training and testing process.

After the data cleaning process, all images in the dataset will be further processed with a cropping technique based on hand
keypoint detection. The hand keypoint technique is proven to be effective in detecting objects with high accuracy and precision,
especially in identifying key features of the hand [18], [19]. Thus, the main features in sign language can be more easily
recognized by the model. In addition, all processed images are adjusted to a uniform size to ensure consistency in the training
process and improve the model's performance in accurately detecting hand gestures.Yolo v8 architecture

Labelling

The labeling process is a crucial step in data preparation that involves assigning a specific role to each attribute in the dataset
[20]. The labeling process is done by annotating the image dataset [21]. This process is essential for training detection and
segmentation models. These annotations identify and tag objects, so that the model can learn the cue patterns accurately. In this
research, the labeling process is done using Roboflow, a platform that simplifies annotation as well as dataset management.
Roboflow allows users to label images in a more efficient and structured manner, which is very helpful in processing large and
complex datasets.

Each image in the dataset was labeled with two different types of annotations according to the needs of the model. For training
using YOLOW8, each hand gesture is assigned a bounding box, which serves to determine the location of objects in the image.
Meanwhile, for training with YOLOWV8-Seg, the image is given a segmentation mask, which marks specific areas of the fingers
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as well as the hand shape in more detail. YOLOV8-seg is used in this study because it is a variant of the YOLO (You Only Look
Once) model specifically designed for instance segmentation tasks. With this approach, the model can not only recognize the
presence of hands in the image, but is also able to understand the shape and structure of gestures more precisely, thus improving
the performance in detecting and interpreting Chinese sign language.

I

Figure 3. Bounding Box Labelling Example

\
Figure 4. Labelling Segmentation Example
Augmentation

The data augmentation process was carried out using Roboflow. Data augmentation is a technique commonly used to increase
the diversity of training samples by synthesizing new data from an existing dataset [22], [23]. This process is crucial in machine
learning as it helps make models more robust by introducing variations of the original data. In this study, the augmentation process
involved tripling the number of images from the original dataset, which helped increase the size and diversity of the dataset.
Consequently, the model can be trained with a broader range of inputs, improving its ability to generalize and perform better on
unseen data.

Augmentation has been proven effective in various studies for improving model generalization, especially in situations where
datasets are limited [22]. This technique helps reduce overfitting, a common issue when training models on small datasets with
limited variation. By expanding the dataset with augmented images, the model is exposed to more diverse examples, enabling it
to learn more generalizable features. This is particularly important for enhancing the model’s ability to generalize and interpret
data effectively across different scenarios.
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Figure 5. Example of Image Augmentation
Split Data

The separation of the dataset into training and testing subsets is a crucial step in data analysis and machine learning to ensure
that the model learns effectively and is tested appropriately. This division is generally done by dividing the dataset into two
subsets: training (training set) to train the model, and testing (testing set) to evaluate its performance [24]. Variations of division
ratios such as 50:50, 60:40, 70:30, and 80:20 are used to analyze the impact of the amount of training data on model performance.
Larger ratios, such as 80:20, allow the model to learn more, while balanced ratios, such as 50:50, provide a larger proportion of
test data for more accurate evaluation.

Proper dataset division prevents overfitting, where the model adapts too much to the training data [25], and ensures that the
model learns effectively [26]. A proper split between training and testing data also helps the model generalize better to unseen
data. This ratio variation helps to analyze the balance between the amount of training data used and the accuracy achieved by the
model. By adjusting the ratio, researchers can find an optimal balance between learning from data and ensuring the model's
performance on new, unseen data.

Evaluation Matrix

Evaluate the performance of the model in recognizing Chinese Sign Language (CSL) using the main evaluation metric, Mean
Average Precision (mAP), with a focus on mAP@50. mAP is a metric used to measure the overall performance of object
detection [27], including object detection and segmentation tasks. mAP measures the accuracy of the model in detecting objects
at various Intersection over Union (loU) levels. Meanwhile, mAP50 (Mask) specifically measures how well the model detects
and depicts the shape of objects in detail with a mask [28]. This metric is calculated by calculating the Average Precision (AP)
for each class, which measures the area under the precision-recall curve.

a) loU (Intersection over Union)
loU measures the similarity between two sets, namely between model predictions and ground truth. The loU value
is calculated using the formula:
|A N B|

IoU(A,B) = AN B
b) Precision dan Recall
Precision and recall are used to measure the effectiveness of the model in detecting objects, calculated using the
following formula:
True Positives

True Positives + False Positive
True Positives

True Positives + False Negative

Precision =

Recall =

c) Average Precision (AP)
Average Precision is calculated by ranking predictions based on the model's confidence score and calculating the
area under the precision-recall curve. The formula for calculating AP for one class is:

N
AP = Z(Recalln — Recall,_,) X Precision,,
n=1

d) Mean Average Precision (mAP)
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mAP is calculated by averaging the AP value for all classes. In this study, mAP@50 is calculated with an loU
threshold of 0.5, which means that the prediction will be considered correct if the loU between the prediction and
the ground truth is greater than 0.5.

APpoy=05 + APjoy=o0s5 + - + APjoy—g.05
mAP =

k

e) F1-Score
The F1-score is a metric that combines precision and recall into a single number to provide a more balanced picture
of model performance. The F1-score is calculated using the formula:
Precision X Recall

F1=2x
Precision + Recall

The model evaluation was carried out using metrics to analyze the accuracy of hand movement detection in Chinese Sign
Language and the model's ability to distinguish gestures. mAP@50 and mAP50-95 provide an overview of the model's
performance in various loU thresholds, which is important for assessing object detection and segmentation. The F1-score is used
to assess the balance of precision and recall in gesture recognition, measuring the extent to which the model accurately and
completely detects hand movements.

3. Results and Discussion
Environment and Parameters

Model training and inference were conducted using Google Colab with a Tesla T4 GPU (16GB VRAM), which
provided the necessary computational power for training the YOLOv8 and YOLOV8-SEG models. The Chinese Sign
Language (CSL) image dataset was trained with a resolution of 640 x 640 pixels. The training process was set to 100
epochs, with early stopping applied at 50 epochs to prevent overfitting and improve the model’s ability to generalize.
The training process utilized the default YOLOV8 settings for all parameters, ensuring consistency with standard
practices in object detection and segmentation tasks. The use of a Tesla T4 GPU significantly accelerated the training
and inference times, which was essential given the size of the dataset and the complexity of the models.

The chosen resolution of 640 x 640 pixels for the images was based on the balance between computational
efficiency and maintaining sufficient detail for the model to learn meaningful features from the images. This resolution
is commonly used in many image recognition tasks, allowing for faster processing while still providing enough
information for accurate object detection. By using early stopping at 50 epochs, the training process was optimized to
ensure the model did not overfit to the training data, thus improving its potential for real-world applications. The entire
setup on Google Colab, along with the Tesla T4 GPU, ensured that the models could be trained efficiently, making it
possible to conduct multiple experiments within a reasonable timeframe.

Training Method

The YOLOV8 and YOLOvV8-seg training methods are focused on the detection and segmentation of hand
movements in Chinese sign language. Training is carried out using a processed and labeled dataset, with YOLOVS for
object detection and YOLOV8-seg for hand area segmentation. The process involves parameter selection, such as the
number of epochs, and optimization techniques for learning efficiency. The model is evaluated periodically to prevent
overfitting, using metrics such as mAP, precision, recall, and F1-score. Testing is carried out to measure the model's
ability to recognize and classify hand movements in varying conditions, including data not seen during training.

Results
Model Skenario Precision Recall mAP50 mAP50-95 F1-score
Non-Segmentation 50:50 0.98 0.973 0.994 0.854 0.97
Non-Segmentation 60:40 0.982 0.993 0.995 0.868 0.99
Non-Segmentation 70:30 0.98 0.991 0.995 0.88 0.98
Non-Segmentation 80:20 0.987 0.972 0.991 0.88 0.98

Segmentation 50:50 0.838 0.699 0.817 0.806 0.71
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Model Skenario Precision Recall mAP50 mAP50-95 F1-score
Segmentation 60:40 0.756 0.779 0.874 0.863 0.74
Segmentation 70:30 0.772 0.782 0.855 0.842 0.75
Segmentation 80:20 0.859 0.834 0.901 0.896 0.82

Table 3.4 shows the results of the model evaluation based on two scenarios: Non-Segmentation and Segmentation
with various dataset division ratios. The Non-Segmentation model shows excellent performance in all evaluation
metrics, with Precision and Recall reaching 0.98 at a 50:50 ratio and continuing to increase to 0.987 at an 80:20 ratio.
The mAP50 and mAP50-95 metrics for non-segmentation also show high results, indicating excellent accuracy in
detecting objects at stricter loU thresholds. The F1-score of the non-segmentation model is also very stable, reaching
0.97 at a 50:50 ratio, which indicates an excellent balance between precision and recall.

Meanwhile, the segmentation model shows lower performance than non-segmentation, especially at a smaller data
division ratio (50:50). Precision and Recall in segmentation are lower, with a Precision value at a 50:50 ratio of only
0.838 and Recall of 0.699. However, as the training data ratio increases, the results improve, with the F1-score
reaching 0.82 at a ratio of 80:20. Although the mAP50 and mAP50-95 values are lower than for non-segmentation,
the segmentation model shows potential in detecting objects in more detail, although it requires more training data to
achieve optimal results.

In general, segmentation models tend to have lower accuracy compared to non-segmentation models.
Segmentation has a more complex task [29] compared to non-segmentation, where the model must not only detect
objects but also separate and mark object areas with high precision. This task increases the difficulty in handling noise,
label inaccuracy, and object variation in images, which can reduce model accuracy. In addition, segmentation models
are more prone to overfitting because they focus on small features such as object contours and require more intensive
data augmentation. Even if the number of data, epochs, and other parameters are the same, segmentation models
require more training data and computing time to achieve optimal results, which explains why segmentation models
have lower accuracy on metrics such as Precision, Recall, and mAP compared to non-segmentation.

Testing

|
|
‘7
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Figure 6. Example of Segmentation Test Results

Figure 7. Example of Non-Segmentation Test Results
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Testing was conducted to evaluate the performance of the Segmentation and Non-Segmentation models in
detecting hands in images representing Chinese Sign Language gestures. The first image, tested with the Segmentation
model, resulted in a confidence score of 0.90. Although lower than the Non-Segmentation model, the segmentation
model offers more in-depth detection by separating objects from the background and identifying object areas in more
detail. Meanwhile, the second image, tested with the Non-Segmentation model, resulted in a higher confidence score
of 0.94. The Non-Segmentation model is more efficient at detecting the object as a whole using a bounding box, but
does not separate the object in detail. Although the Non-Segmentation model has a higher score, the Segmentation
model provides an advantage in more in-depth detection accuracy, although it requires more computing time and
resources.

Although this study shows excellent accuracy in the Non-Segmentation and Segmentation models, there are several
limitations to note. This study is limited to the recognition of static hand movements in Chinese Sign Language (CSL),
where the model is only trained using images of hands with a white background. This causes limitations in detecting
dynamic hand movements that involve continuous changes in position. In addition, recognition of images with varying
backgrounds or uncontrolled lighting conditions has not been tested, which can affect the accuracy of the model in
real-world situations. The results of this test show that the choice of model depends on the needs of the application,
whether it prioritizes speed of detection or accuracy in detecting object details.

4. Conclusion

This study compares the performance of Non-Segmentation and Segmentation models in the recognition of
Chinese Sign Language (CSL) using YOLOV8 and instance segmentation. The Non-Segmentation model shows
excellent performance in all evaluation metrics, with high Precision, Recall, mAP50, and F1-score, especially at larger
data division ratios, such as 80:20. These results show that the Non-Segmentation model is more efficient in detecting
objects as a whole, with high accuracy in various loU threshold conditions. On the other hand, the Segmentation model
shows lower performance, especially at a 50:50 ratio, but its performance improves as the training data increases.
Although the Precision and Recall values are lower, the Segmentation model shows an improvement in the F1-score
which reaches 0.82 at a ratio of 80:20, indicating its ability to detect objects in more detail.

Overall, although Non-Segmentation has an advantage in terms of detection speed and accuracy, the Segmentation
model offers more potential in detecting objects in greater depth and with high precision, although it requires more
training data and computing time. These results show that the choice of model depends on the needs of the application,
whether it prioritizes detection speed or object detail accuracy.
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