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Abstract:

Introduction: The preservation of Javanese script as part of Indonesia’s cultural heritage is increasingly urgent in the
digital era, especially due to declining literacy among younger generations. This study aims to explore the effectiveness
of YOLOV8, an advanced object detection algorithm, for recognizing handwritten Javanese numerals to support efforts
in cultural digitization and education. Methods: A dataset of 2,790 handwritten Javanese numerals (0—9) was collected
from 93 respondents. Each numeral was manually annotated using bounding boxes via the MakeSense.ai platform.
The YOLOV8 model was trained using 80% of the data and validated on the remaining 20%. Training was performed
in the PyTorch framework with data augmentation techniques to increase robustness. Model performance was
evaluated using precision, recall, F1-score, and mean Average Precision (mAP), along with visualization through
confidence curves and confusion matrices. Results: The model achieved a high validation precision of 88.3%, recall
of 89.1%, and mAP of 0.88 at loU 0.90. F1-score peaked at a confidence threshold of 0.89, while certain numerals like
'six" and 'nine" achieved near-perfect detection. Visualizations confirmed the model’s ability to accurately classify and
localize characters in both training and unseen data. Minor misclassifications occurred between visually similar
numerals. Conclusions: YOLOv8 demonstrates high effectiveness in recognizing handwritten Javanese numerals and
holds significant potential for digital heritage preservation. Future work should focus on expanding the dataset,
improving generalization under varied conditions, and integrating this model into educational tools and augmented
reality applications for interactive learning.
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1. Introduction

Handwritten Javanese Script Recognition, a traditional writing system used on the island of Java, Indonesia,
has become an important topic in the study of language and cultural preservation. Javanese Script not only
functions as a means of communication but also plays a crucial role in traditional rituals and arts. However, in
today’s digital era, the utilization and understanding of Javanese Script tend to decline, especially among the
younger generation. This creates an urgent need to integrate digital technology into the preservation and teaching
of Javanese Script, particularly through the automatic recognition of numerals in handwritten Javanese Script—a
topic that remains underexplored in handwriting recognition research.

In a continuous effort to integrate advanced technology in cultural preservation and digitization, the use of
object recognition algorithms—specifically YOLOv8—has demonstrated significant progress across various
application domains [1]-[3]. Related studies, such as that described by Zhang et al. (2023) in “YOLOV8-SC:
Target Detection Algorithm of Live Detection System for Tensioning Clamps in High-Voltage Transmission
Lines,” have shown improvements in object detection precision in complex environments by modifying YOLOVS
network components, thereby proving the algorithm’s flexibility and effectiveness in different technical settings
[4]. Additionally, Ghania Zidani (2023) combined YOLOV8 with the DeepSort algorithm to enhance pedestrian
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tracking in “Optimizing Pedestrian Tracking for Robust Perception with YOLOvVS and DeepSort,” illustrating the
algorithm’s capability to improve perception in computer vision applications [5].

This study focuses on using YOLOV8 to recognize Javanese Script numerals—a writing system that is not
only visually intricate but also culturally significant. As discussed in related research, YOLOvV8 has been
successfully adapted in various scenarios to detect and classify objects with high accuracy [6], [7]. In this context,
YOLOWS is employed to address the challenges of recognizing the diverse and complex handwritten characters
of Javanese Script, similar to its application in the study by Thakur et al. (2023) in “YOLOv8-Based Helmet and
Vest Detection System for Safety Assessment,” which adapted YOLOVS to detect helmets and safety vests,
demonstrating the algorithm’s capability in industrial settings [8].

In this study, YOLOVS8 is adapted to learn and recognize Javanese Script numerals from a dataset of
handwritten images, creating opportunities not only for a deeper understanding of the application of object
recognition technology in digital preservation but also for broadening its use in education and research on
language and culture. The results of this study are expected to provide a significant contribution to the existing
literature by linking advanced object recognition technology with efforts in profound cultural preservation.

2. Method:

In this study, we adopted an experimental research design to test the ability of the YOLOV8 algorithm to
recognize Javanese numerals from a dataset of handwritten samples. This approach involves systematic data
collection, labeling, algorithm training, and performance evaluation using predefined metrics.
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Figure 1. Research Design
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Data Collection

The data collection process began with the distribution of a sheet of paper to 93 respondents, consisting of students,
university students, and educators from various educational institutions in Java. Each respondent was asked to write the
numbers 0 to 9 in Javanese Script three times, each in a separate column on the sheet. This approach aimed to capture
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sufficient variations in handwriting for a more comprehensive analysis. The sheets were then collected and scanned into a
high-resolution digital format to ensure image quality suitable for further processing.
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Figure 2. Sample of Dataset

Image Pre-processing

Atfter the scanning process, the images were uploaded to the platform https:/mww.makesense.ai/, an online annotation
tool that allows users to label objects in images. On this platform, bounding boxes were manually drawn around each
numeral. Each bounding box was then associated with the corresponding class label (0-9), as shown in Table 1. The
bounding box coordinates (Xmin, Ymin» Xmax» Ymax) Were stored in .txt format according to the YOLO standard, where
each box is defined by:

box = (xmin '{2' Xmax ‘ YVmin '|2' Ymax (1)

These coordinates were then adjusted to the dimensions of the input images so that YOLOV8 could accurately detect and
recognize the numerals. The results of the annotation process can be seen in Table 1.

» Xmax — Xmin» Ymax — :Vmin>

Table 1. Annotation Results

No Class Bounding box
Zero 0.860383 0.198001 0.062232 0.045492
2 Zero 0.862492 0.266239 0.049574 0.049221
10229 Nine 0.856268 0.708305 0.056500 0.043750
10230 Nine 0.858913 0.769028 0.057611 0.046013

Split Data

The annotated data were then divided into two subsets: 80% for training and 20% for model validation [9]. This split
was performed randomly to ensure that the model generalizes well to unseen data, thereby representing the true variability
in handwriting.

Implementation Algorithm

YOLOVS, like its predecessors in the YOLO (You Only Look Once) series [10], [11], [12], is an advanced
deep learning algorithm designed for object detection tasks. It involves the real-time identification and
classification of objects in images [11], [3]. Below is a visualization of how YOLOV8 works, as shown in Figure
3:
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Figure 3. Workflow YOLOvV8

. Input Image: YOLOVS takes the entire image as input.

. Grid Division: The image is divided into an SxS grid. Each grid cell is responsible for detecting objects

whose centers fall within that cell.

. Bounding Box Prediction: Each cell predicts several bounding boxes. Each bounding box prediction

includes:
e Coordinates (center, width, height),
e Confidence score (reflecting the accuracy of the bounding box),
o Class probabilities (the likelihood that the object belongs to a particular class).

. Feature Extraction: YOLOV8 employs a deep convolutional neural network to extract features from the

image. This network processes the image through multiple layers of convolution, pooling layers, and fully
connected layers to detect features.

. Anchor Boxes: Predefined anchor boxes are used to improve the accuracy of bounding box predictions.

These boxes are set dimensions that correspond to the typical sizes of objects in the training set.

. Prediction Across Scales: YOLOvV8 makes predictions at three different scales, enabling it to effectively

detect small, medium, and large objects. This is achieved through a technique known as the Feature
Pyramid Network (FPN), which extracts high-level semantic information from various depths within the
network.

. Non-max Suppression: Among the multiple predicted boxes for each object, many are redundant. Non-

maximum suppression is used to eliminate overlapping boxes based on their confidence scores and a
predefined Intersection over Union (loU) threshold. This step ensures that each detected object is
represented by a single bounding box.

. Output: The final output consists of bounding boxes around the detected objects, along with their class

labels and confidence scores.

The YOLOvV8 model was chosen for its effectiveness in real-time object detection with high precision [13],

[14]. Initial settings, such as learning rate, number of epochs, and batch size, were adjusted based on the
characteristics of the Javanese Script dataset. We used the PyTorch framework to implement and train the model,
incorporating data augmentation techniques such as rotation, scaling, and translation to enhance the model's
robustness against variations in the data.
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Data Analysis Method

The model's performance is measured based on Precision, Recall, and mean Average Precision (mAP) [15]-
[18]. Precision measures the proportion of positive identifications that are correct, while Recall measures the
proportion of actual positives that are correctly identified [19]-[21]. mAP is the average of the Average Precision
(AP) for each class, computed with:

TP
Precision = 2
recision = o= (2)
TP
- 3
Recall TP+ FN (3)
1
Average Precision = f P(R)dR “)
0
N
1
mAP = Nz AP, (5)
i=1

Where,

TP = true positive (when the algorithm correctly detects a numeral with a bounding box);

FP = false positive (when the algorithm predicts a bounding box in a location without a numeral);
FN = false negative (when the target numeral is not detected);

AP = a value between 0 and 1 used to summarize the different precision values obtained during recall. The AP
for each class is calculated based on the area under the Precision-Recall (PR) curve generated from the
model's predictions on the validation data;

N = the number of classes.

Testing

After the training and validation phases, the model is evaluated using new data, including photos and videos
of Javanese handwritten text collected from various external sources, to assess its real-world performance
[22]—[24]. This testing phase includes an analysis of the model's ability to recognize and detect numerals under
uncontrolled conditions, which is a crucial test of the model's practical applicability in the field [25].

3. Results and Discussion

z

Figure 4. Confusion Matrix

The conducted research has provided significant insights into YOLOv8’s ability to recognize Javanese
numerals with high accuracy. The confusion matrix demonstrates excellent performance, with most numerals
being correctly identified—digits such as 'zero’, 'six', and 'nine' achieving high recognition rates. However,
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challenges remain, such as the misclassification between similar-looking digits; for example, 'one' is sometimes
mistakenly recognized as 'zero'. Overall, the confusion matrix indicates outstanding performance for most classes,
with only a few misclassifications—particularly for 'eight' and 'nine'—as reflected by the relatively low number
of false positives and false negatives for most classes.

(b)

Figure 5. (a) Training (b) Validation

Figure 5 displays the results of the training and validation process for detecting Javanese numerals using the
YOLOV8 algorithm. Each image shows Javanese numerals that have been identified and labeled by the model,
with different colors representing each numeral class from 0 to 9. Colored areas indicate the model's predictions
for the precise location and class of the numerals, while red indicates incorrect or imprecise predictions made by
the model. This visualization is crucial for visually assessing the model's real-time accuracy in recognizing and
positioning Javanese numerals, as well as for providing direct insights into the model’s ability to generalize from
training data to validation data.

Table 2. Validation Results

Class Images Instances Box(P) R mAP90 mAP50-90)
All 10 1100 0.883 0.891 0.88 0.477
Zero 10 110 0.882 0.813 0.812 0.351
One 10 110 0.894 0.9 0.896 0.453
Two 10 110 0.878 0.9 0.873 0.513
Three 10 110 0.894 0.9 0.848 0.504
Four 10 110 0.872 0.9 0.877 0.489
Five 10 110 0.896 0.865 0.894 0.442
Six 10 110 0.9 0.901 0.952 0.488
Seven 10 110 0.9 0.899 0.894 0.505
Eight 10 110 0.855 0.999 0.833 0.488
Nine 10 110 0.864 0.926 0.869 0.503

Table 2 shows that the model validation achieved a high mean Average Precision (mAP) of 0.88 at an loU
threshold of 0.90, indicating the model’s strong capability in accurately recognizing and classifying Javanese

numerals.
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Figure 8. Precision-Recall Curve

Figure 9. Recall-Confidence Curve

Figures 6 and 7 show that at a confidence threshold of 0.228, the overall F1 score reaches 0.89, and at a
confidence threshold of 0.966, all classes achieve perfect precision. Figure 8 presents consistent results with a
mean Average Precision (mAP) of 0.880 at an loU threshold of 0.5, indicating the model's effectiveness in
recognizing Javanese numerals against diverse backgrounds. Figure 9 illustrates that the overall recall reaches
0.97 at a very low confidence threshold, demonstrating the model's high sensitivity in accurately detecting

numerals.
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Figure 10. Results

Figure 10 presents a series of graphs documenting the training and validation process of the YOLOV8 object

detection model used to recognize Javanese numerals. Each graph illustrates a different aspect of the model's
performance during the training and validation iterations:

a. Train/Box Loss and Val/Box Loss: These graphs show the decrease in loss for bounding box predictions
during both training and validation. The loss value drops sharply at the beginning of training and then
stabilizes at a lower level, indicating that the model is progressively improving in aligning the bounding
boxes with the target objects.

. Train/Cls Loss and Val/Cls Loss: These graphs depict the classification loss during training and validation.
Similar to the box loss, the classification loss shows a significant decrease at the start of training, reflecting
the model's enhanced ability to accurately classify Javanese numerals.

. Train/Dfl Loss and Val/Dfl Loss: These graphs represent the loss from the prediction of directional feature
location, which is crucial for pinpointing more specific feature locations on the objects. The loss remains
relatively stable and low, demonstrating that the model has effectively learned to predict feature locations.
Metrics/Precision(B) and Metrics/Recall(B): This graph displays the fluctuations in precision and recall
throughout the training process, indicating both consistency and variability in the model’s ability to detect
and recognize objects accurately. High precision at certain points signals accurate detections, while the
variability in recall indicates changes in the frequency with which the model detects all relevant objects.
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e. MetricssmAP50(B) and Metrics/ymAP50-95(B): These graphs show the mean Average Precision at an loU
threshold of 0.50 and across an loU range of 0.50 to 0.95. Both metrics stabilize after the initial training
phase, with mAP50 demonstrating better performance compared to the broader range. This suggests that the
model is more effective at detections with a lower tolerance for positional errors.

Discussion

A deeper analysis of the results indicates that YOLOV8 can serve as a highly effective tool for handwritten
character recognition, particularly for Javanese Script. This is crucial given the need to preserve local languages
and cultures through effective digitization. The model shows great potential for practical applications, especially
in educational systems to support the learning of Javanese Script or in the development of digital archival systems
that can automatically classify and index documents based on Javanese numeral characters.

Compared to previous studies, this research demonstrates significant advancements in both accuracy and the
speed of visual data processing. This suggests that with the appropriate technology, the challenges of interpreting
and processing traditional languages or symbols can be minimized.

However, several limitations were identified in this study. For instance, variations in data quality and the
limited quantity of data used for training and validation could affect the model’s generalization in real-world
scenarios. Therefore, it is recommended that future research incorporate larger and more diverse datasets and test
the model under various lighting conditions and backgrounds to verify its robustness.

Furthermore, further exploration of parameters and fine-tuning techniques may lead to additional
improvements in model performance. Implementing more advanced data augmentation techniques and utilizing
synthetic datasets might also help overcome the current data limitations. This approach would contribute to
optimizing the model for broader applications, including mobile or online platforms that require rapid and accurate
responses.

4. Conclusion

This study tests the ability of YOLOV8 technology to recognize Javanese numerals from handwritten text,
with results demonstrating a very high level of accuracy. The confusion matrix and analyses through various
curves—F1-Confidence, Precision-Confidence, and Precision-Recall—confirm that YOLOV8 can accurately
identify and differentiate numerals with high precision. The high confidence level in the model's predictions
underscores its reliability in practical applications. However, challenges remain in recognizing numerals with
similar shapes, indicating that despite the model's effectiveness, further adjustments and optimization are
necessary.

This research makes an important contribution to the existing literature by implementing and evaluating a
state-of-the-art object recognition model in the context of preserving language and culture, particularly Javanese
Script. The success of YOLOVS in this study paves the way for the development of more advanced document
digitization tools that can facilitate both preservation and education. For future research, it is recommended to
develop larger and more diverse datasets—not only to enhance the model's generalization capabilities but also to
explore its effectiveness under a wider range of conditions. Additionally, future studies could investigate
integrating this model with other machine learning systems or augmented reality technology to create interactive
methods for learning Javanese Script.
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