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Abstract:

Lontara script is a traditional writing system of the Bugis-Makassar people in South Sulawesi, used to write the Bugis,
Makassar, and Mandar languages. This system is based on an abugida, in which each letter represents a consonant with an
inherent vowel. It was once used to record history, customary law, and literature, but its use has declined due to the influence
of the Latin alphabet. Today, the Lontara script is preserved through education and digitization as part of the cultural
heritage of the Indonesian archipelago. In this article, the researchers attempt to use a dataset of handwritten Lontara Bugis-
Makassar characters. The process begins with the collection of character datasets, which are then processed through Canny
segmentation and Hu Moment feature extraction to obtain a representation of the shape that is invariant to rotation and
scale. The processed data was divided into training and testing data, then classified using the K-NN, Decision Tree, and
Random Forest algorithms. The results showed that the KNN algorithm with 6 neighbors achieved the highest accuracy,
precision, and recall of 98%. The Decision Tree algorithm achieved an accuracy of 96.67%, precision of 96.22%, recall of
95.33%, and an F1-score of 95.98%. Meanwhile, Random Forest showed an accuracy of 96.67%, precision of 96.34%,
recall of 96%, and an F1-score of 95.98%.

Keywords: Aksara Lontara; K-Nearest Neighbors (KNN); Decision Tree; Random Forest; Hu Moments; Canny
Segmentation.

Dataset link: https://www.kaggle.com/code/berlianseptiani/aksara-lontara

1. Introduction

Indonesia's cultural heritage is extremely diverse, one example of which is the regional languages that have their
own scripts or writing systems across the archipelago [1]. The Lontara script plays a significant role in the lives of
communities, used to record history, customary law, literature, and various other important documents. However, with
the introduction of the Latin alphabet due to colonialism and modernization, the use of the Lontara script has
significantly declined. In recent years, various efforts have been made to preserve the Lontara script, both through
education in schools and through digitization. One of the challenges in digitizing the Lontara script is the development
of an automatic character recognition system that can accurately recognize the handwritten form of this script with a
high degree of accuracy.

Object classification in images is generally one of the problems in computer vision, namely how a computer can
mimic the human ability to understand image information and recognize objects like humans do, such as recognizing
handwriting or recognizing certain patterns in an image. For humans, this is a very simple and easy task, but in reality

163



164 Indonesian Journal of Data and Science

it is a difficult task for computers, because computers only see pixel values and pixel data, which are difficult to
process [2].

Handwriting recognition is the ability of a computer to receive and interpret handwritten image input that can be
understood from sources such as paper documents, photos, touch screens, and other devices. Template matching is
one method that can be used in the final stage of pattern recognition, namely the classification stage [3]. The K-Nearest
Neighbors (K-NN) classifier helps determine the class to which the k nearest neighbors belong for classifying an
object [4]. Handwriting recognition of Lontara script is a new development, especially in South Sulawesi, while pattern
recognition methods such as K-Nearest Neighbors (K-NN) have the advantage of being able to recognize handwritten
numeric patterns but have the disadvantage of consuming more memory [5]. Handwriting recognition of the Lontara
script is a new concept, especially in the South Sulawesi region, while pattern recognition methods such as K-Nearest
Neighbors (K-NN) have the advantage of being able to recognize handwritten number patterns, but they have the
disadvantage of consuming more memory [6].

In this study, the K-NN, Decision Tree, and Random Forest methods were used. The K-NN method works by
calculating the distance between the test data and all the training data, then determining the class based on the majority
of the K nearest neighbors[7]. K-NN is known to be simple and effective for small datasets with clear visual patterns.
Meanwhile, Decision Tree builds a decision tree model by dividing the data based on features that provide the best
information, and can produce a model that is easy to understand. However, this method tends to overfit on the training
data if not limited. To address this, Random Forest is used, which is an ensemble algorithm that builds multiple
decision trees randomly and combines their results through majority voting [8]. This approach makes Random Forest
more stable and accurate, and reduces overfitting commonly found in a single decision tree. All three methods are
used to evaluate the performance of Lontara character classification based on accuracy, precision, recall, and F1-score
metrics.

This study uses three classification methods, namely K-NN, Decision Tree, and Random Forest to recognize
Lontara characters based on images. The process begins with segmentation using Canny Edge Detection, followed by
feature extraction using Hu Moment. The test results show that the K-method is 98% accurate. Decision Tree and
Random Forest also yielded high results with an accuracy of 96.67% and a similar F1-score of 95.98% [9]. When
compared to Altwaijy Al-Turaiki's (2020) research, which used CNN for Arabic characters, the highest accuracy only
reached 88% on the children's dataset (Hijaiyah) and 97% on the adult dataset (AHCD). Meanwhile, research by
A'ayunnisaa et al. (2022) used Gaussian Naive Bayes and only achieved an accuracy of 12%. This shows that GNB is
less suitable for complex data such as characters, especially if the features are not normally distributed. As for the
research by Saputri et al. (2021) using Naive Bayes only achieved a maximum testing accuracy of 13.04%. This
indicates that the Naive Bayes method is less effective in handling the complexity of Lontara script forms. In contrast,
the method used in this study is more adaptive and accurate in recognizing the visual patterns of traditional scripts
[10].

2. Method

This study describes the process of character classification using a machine learning approach, beginning with the
collection of a dataset consisting of character images as the main object. After the data is collected, preprocessing is
performed through two main stages: Canny Segmentation to extract image edges so that character shapes are easier to
recognize, and Hu Moment Segmentation to represent character shapes numerically and invariance to rotation, scale,
and translation [11]. The extracted data is then divided into two parts: training data and testing data. The training data
is used to train the classification model, while the testing data is used to evaluate the model's performance. Three
machine learning algorithms are applied in the classification stage: K-NN, Decision Tree, and Random Forest, each
of which is used to recognize characters based on the extracted features, as shown in Figure 1.
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Figure 1. Research Process Sequence

The classification results were evaluated using accuracy, precision, recall, and F1-score metrics to assess the
model's performance in recognizing characters as a whole. Thus, this study included stages ranging from dataset
collection, data preprocessing, data division, classification, to model performance evaluation.

Dataset

The dataset used in this study consists of 11,178 Lontara character images taken from the Kaggle repository,
divided into training data and test data. The training data consists of 7,452 images and the test data consists of 3,726
images, each measuring 128x128 pixels. Each image represents a single Lontara character belonging to one of 23
classes, such as 'a', 'ba’, 'ca’, 'da’, 'ga’, 'ha’, 'ja', 'ka’, and so on up to 'ya'. These classes represent letters in the Lontara
script that have distinctive visual characteristics. This dataset is used to train and test classification models in
recognizing characters based on the visual features of each character. Data preprocessing is a crucial stage in the
classification process because it involves a series of steps to prepare raw data or data collected from various sources
for analysis or modelling [12]. Figure 2 shows the data distribution after visualization using a pie chart.

Distribusi Kelas Aksara Lontara (Pie Chart)

da ga
ca

Figure 2. Visualization of the Class Aksara Lontara
K-Nearest Neighbor

KNN is a method for classifying objects based on learning data from the object's nearest neighbors. The
proximity or distance of neighbors is usually calculated based on Euclidean distance [13]. As a system capable of
searching data, a classification system is required [14]. Supervised learning algorithms are used in KNN, which
classify new query results based on the majority category of its nearest neighbors [15]. This space is divided into
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several parts based on the classification of the training samples. A point in this space is labeled with a specific class
if that class is most frequently found among the nearest neighbors of that point. The proximity or distance of neighbors
is typically calculated using Euclidean distance [16]. The general formula used in the KNN method is as follows.

d(x,y) =i=1Yn(xi— yi)2 1)
Random Forest

Random Forest is one of the ensemble learning algorithms that works by combining a number of decision trees using
the Bootstrap Aggregating (bagging) approach [17]. This method builds many trees randomly from subsets of data and
features, then combines the prediction results of each tree through a voting mechanism for classification or averaging
for regression. This approach aims to improve model accuracy and reduce the risk of overfitting that often occurs in
single decision trees. Mathematically, the final prediction for classification is formulated as.

y* = mode{h1(x), h2(x), ..., hB(x)} (2)

Decision Tree

understand and interpret. This model works by constructing a tree structure in which each node tests specific
features, and each branch represents the results of those tests until reaching the leaf node that determines the class
label [18] In this study, the Decision Tree algorithm was implemented using the Scikit-learn library and evaluated
using the 5-fold cross-validation technique. The evaluation was conducted using four main metrics: accuracy,
precision, recall, and F1-score. The formulas for calculating each metric are as follows:

Accuracy = (TP +TN)/(TP+ TN + FP + FN) 3)
L (4)
Precision =TP/(TP + FP)
Recal =TP/(TP + FN) (5)
F1 — Score = (2 x Precision x Recall)/(Precision + Recall) (6)

The test results show that the Decision Tree model in Lontara character classification produces an average accuracy
of 96.67%, precision of 96.22%, recall of 95.33%, and F1-score of 95.99%, which indicates excellent performance in
recognizing visual patterns of characters.

Feature Extraction

Feature extraction converts pixel data into representations of shape, motion, color, and texture. An important
step in building these pattern classifications is to obtain information about the characteristics of each class so that it
can be used for the next step [19]. Feature extraction in computer vision and machine learning refers to a set of key
data that is measured and constructed based on anticipated features so that it is not excessive and informative. Image
recognition involves the feature extraction process [20]. The recognition rate is directly influenced by the reliability
of the feature vector. M.L.K. Hu proposed the Hu invariant moment theory in 1962. The Hu moment feature extraction
method is used to generate seven features that can identify objects. The objects extracted can include location, area,
direction, and others. Objective moments with translation invariance, rotation, scale, and scaling are based on the
theory of region moment invariance, which can describe the shape of a spatial region. Extracting the shape aspects of
an image, namely [21].

hy = N0y + Npozy )
2
hy, = (77{20} - 7){02}) + 47){211} (8)
2 2
hs = (77{30} - 377{12}) + (377{21} - 77{03}) )

hy = (77{30} + 7){12})2 + (77{21} + 77{03})2 (10)
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+ (3101 = Mgsy) M2y + Myosy) [3(71{30} + 1azy) — (1n + 77{03})2]
2 2
hg = (T]{zo} - 77{02}) [(77{30} + 77{12}) - (7){21} + 77{03}) ]"’ 47’{11}(?7{30#77{12})(71{21)+ N{03}) (12)
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Figure 3. Feature Extraction Process

In this study, the Lontara script image dataset was processed at the feature extraction stage using Hu Moments
after undergoing image segmentation using Gaussian Filtering and Canny segmentation. This segmentation process
aimed to extract the edge shapes of each Lontara script character. After that, feature extraction was performed using
Hu Moments, which produced seven numerical values representing the shape characteristics of each character [22].

3. Result and Discussion

Results

Performance Metrics vs Number of Neighbors (K}

—=— precision
Recall

5 6
Number of Neighbers (K)

Figure 4. Scatter Plot in K-NN

The K-NN algorithm was evaluated on the iris dataset using five-fold cross-validation with a total of 150 samples.
In each iteration, 120 data points were used for training and 30 data points for testing. For eight configurations of K
values (K = 2 to K = 9), the total data used in training reached 4,800 samples and the testing data reached 1,200
samples. The evaluation results showed that K =5 and K = 6 provided the best performance with accuracy, precision,
and recall of 0.98, while K = 2 provided the lowest performance of 0.95. The average model performance was around
0.97, indicating stable classification performance for K values greater than 3.
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The Random Forest algorithm was evaluated on a dataset consisting of a total of 11,178 samples, divided into
7,452 training data and 3,726 test data, representing 25 letter classes in 128x128 pixel RGB image format. The
evaluation process used 5-fold cross-validation to measure the overall performance of the model [23]. The evaluation
results showed that the Random Forest algorithm performed very well with an average accuracy of 0.96, precision of
0.963, recall of 0.96, and F1-Score of 0.966. These values indicate that the model has a high level of consistency and
generalization ability toward the test data. The F1-Score, which is higher than the other metrics, indicates an optimal
balance between precision and recall.
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Figure 6. Scatter Plot Decision Tree

The Decision Tree algorithm was evaluated on a dataset consisting of 11,178 samples, divided into 7,452 training
data and 3,726 testing data, with 25 letter classes represented in 128x128 pixel RGB color images. The evaluation
process using five-fold cross-validation showed that the Decision Tree model achieved an average accuracy of 0.9666,
precision of 0.9623, recall of 0.9533, and an F1-Score of 0.9599. These results indicate that the Decision Tree model
performs very well and is relatively consistent in handling multi-class classification tasks [24].

Discussion
Table 1. Dataset Performance Decision Tree

Y installment — installments Decision Tree
Balanced Accuracy 0,96
Accuracy 0.96
Precision Weighted 0.96
Recal Weighted 0.95
F1-Score Weighted 0.95

The model in Table 1 shows excellent performance with Balanced Accuracy and Accuracy values of 0.96,
indicating the model's ability to perform balanced and accurate classification across all data classes. The Precision
Weighted value of 0.96 shows that the model has a high level of accuracy in predicting each class proportionally.
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Additionally, the Weighted Recall value of 0.95 indicates that the model is able to recognize most samples from each
class well. The Weighted F1-Score of 0.95 shows an optimal balance between precision and recall [25].
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Figure 4. Confusion Matrix in Decision Tree Method

Table 2. Dataset Performance Random Forest

Y installment — installments Random Forest
Balanced Accuracy 0,95
Accuracy 0.96
Precision Weighted 0.96
Recal Weighted 0.96
F1-Score Weighted 0.96

The model in Table 2 shows excellent performance with Balanced Accuracy and Accuracy values of 0.95 each,
which reflects the model's ability to perform consistent and accurate classification, even in an unbalanced class
distribution. Precision Weighted and Recall Weighted are 0.96 each, which indicates that the model has a high level
of accuracy in classifying data and is able to recognize the majority of instances from each class well. The F1-Score
Weighted value of 0.96 further reinforces that the model has an optimal balance between precision and recall [26].
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Confusion Matrix of Random Farest (22 Kelas)
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Figure 5. Confusion Matrix in Random Forest Method

Table 3. Dataset Performance K-NN

K-NN Accuracy Precision Recall
2 0,95 0,95 0,95
6 0,98 0,98 0,98
9 0,97 0,97 0,97

The results show that higher k values generally produce more stable and higher performance. At k = 2, accuracy,
precision, and recall are each 0.95. As k increases from 3 to 9, accuracy remains consistent within the range of 0.97
to 0.98, with precision and recall also increasing to reach 0.98 at k = 6 and k = 7. The highest performance is achieved
at k =6 and k = 7, where all evaluation metrics are at 0.98, indicating that the model can classify data very well and
balanced[27]. Based on these results, it can be concluded that selecting the appropriate k value significantly impacts
model performance, and k = 6 or k = 7 provides the best performance.or k = 7 provides the best performance [28].
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In Figure 7, the performance results were obtained from the Random Forest method, where the highest accuracy
in the fifth cross-validation was 1.00, the highest precision was 1.00, the highest recall was 1.00, and the highest F1-
score also reached 1.00. The average performance results from the entire cross-validation process show an accuracy
value of 0.968, precision of 0.970, recall of 0.967, and F1-score of 0.967.
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In Figure 8, the performance results are obtained from the Decision Tree method, where the highest accuracy in
the 5th cross validation is 1.00, the highest precision is 1.00, the highest recall is 1.00, and the highest F1-score also
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reaches 1.00. The average performance results of the entire cross-validation process showed an accuracy value of
0.9667, precision of 0.9623, recall of 0.9533, and F1-score of 0.9599.

4. Conclusion

This research proves that classification methods such as Decision Tree, Random Forest, and K-NN can be used
effectively in the process of recognizing and classifying Lontara script[21]. Based on the evaluation results, the
Random Forest method provides the best performance with accuracy, precision, recall, and F1-score of 0.96. The
Decision Tree method also showed excellent performance with an accuracy of 0.96 and F1-score of 0.95. Meanwhile,
the K-NN algorithm showed stable performance, especially at values of k = 6 and k = 7, with accuracy, precision, and
recall reaching 0.98. These results show that the selection of the right classification method is very influential in
improving the accuracy of Lontara script recognition [29]. This research contributes to the preservation and
digitization of regional scripts with a machine learning-based technology approach. In the future, this research can be
further developed by adding a variety of features or deep learning methods to achieve higher accuracy in traditional
script recognition systems [30].
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