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Abstract

Batik motifs from South Sulawesi such as the Pinisi boat, Lontara script, Tongkonan house and Toraja
combinations embody rich cultural narratives but are difficult to identify automatically. Automatic
classification supports cultural preservation and education and empowers tourism and digital heritage
applications. This study improves the performance of convolutional neural networks for South
Sulawesi batik classification by optimizing activation functions within the Xception architecture
which exploits depthwise separable convolutions for efficient and detailed feature extraction. A
balanced dataset of 1400 labeled images in four classes was divided into eighty percent for training,
ten percent for validation and ten percent for testing. Images were resized to 224 by 224 pixels,
converted to grayscale and augmented through zoom, flip and rotation. With identical
hyperparameters including a learning rate of 0.001, a batch size of 64 and training for 100 epochs
using the Adam optimizer, ReLU, ELU, Leaky ReL.U and Swish activation functions were compared.
Evaluation metrics comprised accuracy, precision, recall, F1 score and cross entropy loss. ELU
achieved the highest test accuracy of 98.57 percent, precision of 0.9864, recall of 0.9857 and F1 score
of 0.9857, outperforming ReLU and Leaky ReL.U with 97.86 percent accuracy and Swish with 97.14
percent accuracy. The results demonstrate that selecting an optimal activation function substantially
enhances convolutional neural network classification of complex batik patterns. The findings offer
practical guidance for development of resource aware batik identification systems in support of
cultural digitization and education initiatives.

Keywords: convolutional neural network, activation function, xception, south sulawesi batik,
classification
1 Introduction

Automatic classification of batik motifs is a challenge in the field of computer vision, especially
for complex motifs with distinctive local characteristics such as those found in South Sulawesi batik.
Although batik has been recognized as Intangible Cultural Heritage by UNESCO since 2009 [1], [2],
[3], [4], manual motif identification still relies on individual visual understanding and is inefficient on
a large scale. Furthermore, distinctive motifs like Kapal Pinisi, Lontara, Tongkonan, and Toraja have
unique patterns that are similar to one another, making them difficult to recognize without the support
of intelligent systems [5], [6], [7].

The limitations of the community's understanding of these motifs, in terms of their names,
philosophies, and origins, also pose obstacles to cultural preservation [8], [9], [10]. Efforts to digitize
and classify batik motifs using technology have not been widely carried out specifically for regional
motifs such as those from South Sulawesi. This indicates an urgent need for an artificial intelligence-
based approach to support cultural preservation through technology [11].

One approach that has proven effective in image classification tasks is the Convolutional Neural
Network (CNN), which has the ability to extract complex visual features from images [12]. CNNs
have been widely used across various fields, but their performance is highly influenced by
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architectural configurations, including the selection of appropriate activation functions to enhance
accuracy and efficiency.

This study aims to improve the accuracy of South Sulawesi batik motif classification by
optimizing the activation function in the CNN architecture. The main focus is on a comparative
evaluation between the ReLU, ELU, Leaky ReLU, and Swish activation functions implemented in the
Xception architecture. Xception was chosen for its ability to extract features through depthwise
separable convolution, which has proven to be efficient in classifying complex images. The evaluation
was conducted using accuracy, precision, recall, and F1-score metrics. The results of this study are
expected to support the development of a reliable batik motif classification system and contribute to
cultural preservation through a technological approach.

2 Literature Review

In the era of computer vision and deep learning development, Convolutional Neural Networks
(CNNs) have become a dominant and effective architecture for image classification tasks. CNNs have
the ability to automatically and hierarchically extract features from image data through a layered
convolution process, making them highly reliable in recognizing complex patterns, textures, and
visual structures [12]. In the context of classifying batik patterns, which are rich in detail and have
high similarity between classes, CNNs are the appropriate approach because they can learn spatial
representations that cannot be handled by conventional algorithms.

One important aspect of CNN performance is the selection of activation functions. These
functions are responsible for introducing non-linearity into the network, enabling CNNs to learn
complex relationships in the data [13]. Some commonly used activation functions include Sigmoid,
ReLU (Rectified Linear Unit), Leaky ReLU, ELU (Exponential Linear Unit), and Swish [14]. Each
has different characteristics and impacts on training stability and model generalization capabilities.
For example, Swish is reported to outperform ReLU in deep networks due to its smooth non-linearity,
while ELU offers better gradient stability on negative inputs.

Previous studies have highlighted the importance of activation functions in optimizing CNNs.
Nanni et al. (2022) conducted an in-depth exploration of 20 different activation functions, including
six new functions, in the VGG16 and ResNet50 architectures for classifying 15 small to medium-
sized medical datasets. The results showed that an ensemble approach that randomly replaces the
ReLU function with another function can improve performance and reduce overfitting on limited data
[15]. Although significant, the focus of this study was on medical classification, which is contextually
very different from cultural visual motifs such as batik.

In the domain of batik motif classification, Meranggi et al. used the ResNet-18 architecture to
compare the performance of three preprocessing approaches (original, patch, balanced patch) on two
versions of batik datasets with five motif classes. They found that using a new dataset and the patch
method could improve accuracy by up to 22.7% [16]. However, this study did not explicitly evaluate
the role of activation functions on classification performance. Its primary focus was on dataset quality
and augmentation methods, not on internal CNN components like activation functions.

Some other literature also discusses the comparison of activation functions, but in a less relevant
context. For example, a study on animal image classification using VGG16 showed that ReLU
outperforms Sigmoid in terms of accuracy and training stability [13]. However, animal images have
different visual characteristics from batik motifs, which are rich in geometry, repetitive patterns, and
complex textural details.

From this literature review, a clear research gap can be identified. There has been no
comprehensive study that specifically evaluates and optimizes CNN activation functions in batik
pattern classification, particularly for the distinctive patterns of South Sulawesi, which have unigue
visual characteristics such as Pinisi, Lontara, Tongkonan, and Toraja. Therefore, this study aims to
bridge this gap by implementing the Xception architecture, which is known for its superiority in
feature extraction through depthwise separable convolution. Using a dataset consisting of 1,400
images of four batik motifs, this study compares the performance of four activation functions ReL U,
Leaky ReLU, ELU, and Swish in the context of batik motif classification based on accuracy,
precision, recall, F1-score, and training time efficiency metrics [17]. The results of this study are
expected to contribute to the development of a more accurate, efficient, and adaptive batik motif
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classification system, while also enriching our understanding of CNN architecture optimization in the
context of cultural image recognition.

3 Research Method

Figure 1 below presents a flowchart depicting all stages of the research, starting from data
collection, image pre-processing, training the CNN model with the Xception architecture, testing the
activation function, to the evaluation and analysis of classification results.

Dataset Collection
{1400 Batik Images)

ki

Fre-processing Data
(Resize, Grayscale, Augmentation)

v

CMN Model Design
(¥ception Architecture)

!

Activation Function
{RelU, ELU, Leaky RelU, Swish)

Y

CHNM Model Training
{Adam Optimizer, LR=0.001, Eatch=64, Epochs=100)

L4

CHN Model Evaluation
{Accuracy, Precision Recal, F1-Score)

Figure 1. Research flow

3.1 Dataset Collection

The dataset in this study was taken from several sources, such as social media, Kaggle, and
Google Drive. The dataset consists of four classes of batik motifs, namely lontara motifs, pinisi boat
motifs, tongkonan motifs, and Toraja combination motifs, all of which originate from South Sulawesi
Province. The data will then be divided into three parts, namely training data, testing data, and
validation data. Each section comprises 80% training data, 10% testing data, and 10% validation data.
This division is done using the stratified random splitting method. This means that each subset
(training, testing, and validation) will have a proportional representation of each batik motif class,
thereby preventing bias and ensuring reproducibility of results using a specific random seed. This
division is also done to utilize the validation data to monitor model performance during training,
prevent overfitting, and optimize hyperparameters. In comparison, if an 80% training and 20% testing
split is used without validation, the model will not have separate data to monitor progress during
training, increasing the risk of overfitting because the model is only trained with training data and
without continuous evaluation with unseen data. By using validation data, this study can ensure that
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the model is optimized more effectively. The images used have a resolution of 224 x 224 pixels. Table
1 shows the batik motif classes and the number of data points for each batik motif class. Samples from
each dataset can be seen in Figure 2.

Table 1. Amount of data

Field No Field Class Field Total
1 Lontara 500
2 Pinisi Boat 300
3 Tongkonan 300
4 Toraja Combined 300
Total 1400
1400

(©)

Figure 2. Dataset (a) lontara motif, (b) pinisi boat motif, (c) tongkonan motif and (d) toraja
combined motif

3.2 Pre-processing Data

The collected data underwent preprocessing before being used in the CNN. In this study, there
were three preprocessing stages adjusting the pixels in each data model, as the data came from several
different sources, resulting in data of varying sizes converting the data from RGB to grayscale, which
aimed to facilitate data analysis and applying data augmentation [9], which is a regularization
technique that aims to optimize model performance, avoid overfitting, and is easy to implement. The
final step is to apply data augmentation, which is a regularization technique aimed at optimizing
model performance [18], [19], preventing overfitting, and being easy to implement [20]. The
augmentation techniques applied include zoom, flip, and rotation.

3.3 CNN Model Design

In building the CNN model, this study uses the Xception architecture due to its advantage in
handling spatial features more efficiently through depthwise separable convolutions. The Xception
architecture, which is an extension of the Inception architecture, presents a comprehensive depthwise
separable convolution approach, enabling the model to generate more detailed features and process
data more optimally [21]. This process is divided into two stages, namely depthwise and pointwise
convolutions, which allow Xception to extract more detailed and complex visual information from
images [22]. This advantage speeds up training time, improves computational efficiency, and reduces
the number of parameters required. Thus, this architecture allows the model to learn important
patterns more quickly and deeply. Compared to other CNN architectures, such as ResNet or VGG,
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Xception offers better computational efficiency without sacrificing feature detection quality. This is
important for improving training time and accuracy on datasets with image variations, such as batik
patterns in this study. To evaluate its impact, activation functions such as ReLU, ELU, Leaky RelLU,
and Swish were applied to the convolutional layers and also the fully connected layers. Finally, the
softmax layer was used for image classification.

3.4 Activation Function

This study conducts a comprehensive analysis of CNN model performance using accuracy,
precision, recall, F1-score, and loss value methods for various activation functions (ReLU, ELU,
Leaky ReLU, and Swish). The ReLU activation function is one of the most widely used in
contemporary CNN architectures. ReLU offers a high convergence rate and suffers from dead cell
problems, where some neurons may become permanently inactive during training, leading to
information loss.

Meanwhile, the ELU activation function is designed to address this issue by providing a negative
value when the input is less than zero. This helps maintain gradients and better training stability. ELU
is a good alternative to ReLLU due to its advantages in convergence and reducing the effects of neuron
death. However, ELU tends to be slower in processing compared to ReLU. Leaky ReL U, a variation
of ReL U, addresses the issue of ReLU dying by introducing a small slope on its negative side. In this
way, Leaky ReL U ensures that neurons do not completely die and can still update their weights during
the training process, enhancing the model's ability to extract information from data.

On the other hand, the Swish activation function, created by Google, is a combination of linear
and non-linear functions. Swish excels in both deeper models and convergence contexts. Although its
computation is more complex due to the use of exponential operations, its advantages in
generalization and accuracy make it attractive for various complex image classification tasks.

This study aims to determine the most suitable activation function for classifying South Sulawesi
batik motif images, considering the training speed and generalization ability of the model. This is
achieved by understanding the characteristics of each activation function.

3.5 CNN Model Training

The model training process was carried out using the Adam optimization algorithm with a
learning rate of 0.001, a batch size of 64, and 100 epochs [23], [24]. This study implemented the
Xception architecture, a convolutional neural network model that relies on depthwise separable
convolution techniques to improve efficiency and accuracy in visual feature extraction. This
architecture consists of 36 convolutional layers arranged in residual modules (entry flow, middle flow,
and exit flow), and ends with global average pooling and a fully connected layer. The output layer
uses the Softmax activation function for multi-class classification.

In this study, no structural modifications were made to the core Xception architecture, but
experiments were conducted on the activation functions in the hidden layer. Four activation functions
were tested, namely ReLU, ELU, Leaky RelLU, and Swish, by replacing the default activation
function in the convolutional and fully connected layers to assess their impact on classification
performance. Additionally, to reduce overfitting, the model included a dropout layer of 0.5 before the
final fully connected layer.

The model was developed in a Jupyter Notebook environment using the Python programming
language, with TensorFlow and Keras as the main libraries. The training and evaluation processes
were assisted by additional libraries such as NumPy and Pandas for data manipulation, imutils for
image processing, scikit-learn for model performance measurement (accuracy, precision, recall, F1-
score), as well as Matplotlib and Seaborn for visualization. In addition, the model was integrated into
a web-based interface using Flask and Flask-CORS to enable direct user interaction with the
classification system.

3.6 CNN Model Evaluation

After the training is complete, the CNN model is evaluated on the test data using metrics such as
accuracy, confusion matrix, precision, recall, and F1 score. These metrics help measure the model's
performance in classification and analyze the differences in the results of the activation functions
used. The model shown has the same hyperparameter values and kernel size. This ensures that the
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observed performance differences come from the activation function itself, not from factors like
kernel size, number of filters, or other parameters.

4 Results and Analysis
4.1 Result

Based on the methodology used, the data preprocessing stage is essential to improve the quality
and quantity of the dataset used. By combining the color dimensions into a single intensity channel,
the transformation of RGB images into grayscale allows for more efficient analysis and without
removing important information from the images. In addition, three data augmentation methods of
zoom, flip, and rotate are used to increase the diversity of the learning data. These techniques
proved to be effective in generating new data variations that can help the model in the learning
process recognize patterns better. The use of three methods (zoom, flip, and rotate) in data
augmentation techniques greatly affects the performance of the model. The zoom technique
improves the model's ability to recognize objects at various size scales, allowing the model to
recognize objects both near and far. Meanwhile, horizontal and vertical flip techniques change the
perspective, enabling the model to recognize objects from various viewpoints. Rotation techniques
that rotate the image in a certain angle help the model recognize objects in various orientations. The
results of the RGB to grayscale conversion and augmentation results can be seen in Figures 3.

Rotate 90

Grayscale

Rotate 270 Zoom In Zoom Out

(@) (b)

Figure 3. (a) RGB to grayscale conversion results and (b) data augmentation results

Figure 4 shows the CNN Xception architecture used in this study for batik motif image
classification. This architecture consists of three main parts: entry flow, middle flow, and exit flow. In
the entry flow, there are two initial Conv2D layers with 32 and 64 filters, respectively, followed by an
activation function and batch normalization. The middle flow includes eight depthwise separable
convolution blocks with 728 filters, which form the core of the hierarchical feature extraction process.
The exit flow then strengthens the visual features through two additional convolutional blocks up to
2048 filters. After the feature extraction process is complete, global average pooling is performed,
followed by a dropout layer with a rate of 0.5, then a fully connected layer, and finally a Softmax
output layer for classification into four classes of South Sulawesi batik motifs.

During the model testing phase, four activation functions ReLU, ELU, Leaky ReL U, and Swish
were alternately applied to the hidden layer to evaluate the classification performance of batik images
that had undergone preprocessing and augmentation. To maintain experimental fairness, all models
were trained using uniform hyperparameters: a learning rate of 0.001, a batch size of 64, and 100
epochs. This standardization aims to ensure that any performance differences observed are solely due
to variations in activation functions, not other parameters.
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Figure 5 shows the training and validation results for models with ReLU, ELU, Leaky RelLU,
and Swish activation functions over 100 epochs. The ReLU activation function is very efficient in the
training process, resulting in fast convergence with almost ideal accuracy. ReLU has loss curves for
training and validation that tend to be stable and parallel, indicating balanced learning and minimal
overfitting. This makes it ideal for deep model architectures.

The ELU function helps the model achieve stable convergence by maintaining gradient stability,

especially when the input values are negative. The accuracy curves of the ELU training and validation
are consistent, with minor variations after achieving almost 100% accuracy for forty epochs. The loss
curve shows a relatively steady decline despite slight variations, indicating that the ELU is able to
maintain robust learning and reduce the possibility of overfitting.
By allowing gradient flow at negative input values, Leaky ReLU seems to offer an advantage in
overcoming the dying problem of ReLU. Although the Leaky ReLU model has high training and
validation accuracy, there are some large variations in the validation loss curves, indicating possible
overfitting, although the overall performance remains good. Due to the efficient gradient flow-
especially in deeper model architectures-the function is still useful for training stability.

As can be seen, Swish maintains a consistent trend of training and validation accuracy,
accompanied by small fluctuations in the loss curve. Combining the linearity of ReLU with its smooth
non-linear nature, this function provides smoother transitions in the output and improves learning
stability. Although the loss curve shows slightly larger deviations compared to RelLU, it is still
effective in maintaining a balance between training and validation. Overall, ReLU and Swish excel in
maintaining model stability, while ELU shows strong convergence, and Leaky ReLU is fine with little
risk of overfitting.
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Figure 5. Activation function graph (a) ReLU, (b) ELU, (c) leaky ReL.U and (d) swish

The analysis results show that the performance of the CNN model is significantly affected by
the chosen activation function. Hyperparameter settings such as learning rate, batch size, and
number of epochs are critical to achieving optimal performance. The right combination of activation
function and hyperparameters can improve the stability and accuracy of the model while reducing
the risk of overfitting. Therefore, to ensure that the model can adapt well to the data at hand and
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provide more consistent results, it is crucial to conduct thorough exploration and hyperparameter
tuning.

Figure 6 shows the results of the classification model evaluation through the confusion matrix
for the four categories of South Sulawesi cultural heritage Pinisi Ship, Lontara, Tongkonan, and
Toraja Gabungan. Based on the four experiments conducted, the model shows varying performance.
In the first experiment, the model achieved perfect accuracy (100%) for the Pinisi Ship category,
while the other categories achieved accuracy above 95%. However, in the second and third
experiments, there was a significant decline in the Pinisi Ship classification with an accuracy of only
60-61%, where most of the misclassification occurred with the Lontara category. The Lontara
category itself showed excellent performance consistency with 100% accuracy in the second and
third experiments. In the fourth experiment, the model showed improvement for Pinisi Ship
classification with an increase in accuracy to 90%, although there was still a 10% misclassification
with the Lontara category. Overall, the results show that the model has major challenges in
distinguishing the features between Pinisi and Lontara Vessels, while the classification for the
Tongkonan and Combined Toraja categories is relatively stable with accuracy above 90%. This
indicates the need for further optimization on the extraction of distinguishing features between
Pinisi and Lontara Vessels to improve the overall performance of the model.

Confusion Matrix 100
- 100

Kapal Pinisi
3
Kapal Pinisi

True Label

Kapal Pinisi Lontara Tongkonan Toraja Gabungan
Predicted Label

(@) (b)

Confusion Matrix

100
- 100

Kapal Pinisi

True Label

Kapal Pinisi Lontara Tongkonan Toraja Gabungan

() (d)
Figure 6. Confusion matrix (a) ReLU, (b) ELU, (c) leaky ReLU and (d) swish
In Figure 7, the Precision, Recall, F1 Score, and Accuracy metrics are presented; all
activation functions demonstrate uniform results with values close to 1.0. This visualization
provides insights into the relative performance of the activation functions. Consistently high values

across these metrics indicate that the models effectively classify the data.
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Furthermore, this consistency in performance suggests that the choice of activation function does
not significantly impact the overall effectiveness of the model. This aspect can be further explored
in Table 2, where detailed comparisons of each activation function are provided, highlighting their
unique strengths and weaknesses in specific contexts, ultimately guiding future model selection and
optimization strategies.

Activation Comparison

1.0 1

0.8

Values (0-1)
o
[}

o
'y

0.2

0.0 -
Test Score Test Cost Precision Recall
Metrics

F1 Score Accuracy

= RelU = ELU mmm LeakyRelU Swish

Figure 7. Comparison of ReLU, ELU, Leaky ReLLU and swish activation optimization results

In Table 2, the varying performance of each activation function can be clearly observed
through several important evaluation metrics, such as accuracy, precision, recall, specificity, and F1
score. All activation functions, namely ReLU, ELU, Leaky ReL U, and Swish, demonstrate excellent
performance, achieving high precision, recall, and F1 scores, which collectively indicate the model's
ability to classify images with minimal error. Although there are slight variations among the
activation functions, overall, they consistently produce efficient results, exhibiting high accuracy
and strong detection capabilities across all classes. This suggests that selecting the appropriate
activation function can significantly enhance the performance of CNN models in various
classification tasks, including the classification of batik motifs.

However, it should be noted that these results still need to be considered with other factors that
affect model performance in batik classification using CNN, such as dataset size, data complexity,
and other CNN parameter settings. Therefore, additional research is needed to refine and validate
these findings by considering various important factors that affect model performance.

By understanding this relationship, we can optimize the use of CNNs in classification tasks,
resulting in models that are not only consistent but also more robust in handling data complexity.
Further research is needed to explore in-depth the influence of various combinations of these factors
on model performance, thereby yielding more effective systems for classifying batik motifs.

Table 2. Results of activation function comparison

Activate Test Test Cost Precision Recall F1 Score Accuracy
Score
ReLu 0.9786 0.0630 0.9791 0.9786 0.9785 97.86%
ELU 0.9857 0.2076 0.9864 0.9857 0.9857 98.57%
Leaky ReLu 0.9786 0.3295 0.9801 0.9786 0.9785 97.86%
Swish 0.9714 0.1575 0.9727 0.9714 0.9714 97.14%
4.2 Analysis

Based on the evaluation table, the difference in accuracy between the four activation functions
shows that ELU provides the best performance with the highest accuracy reaching 98.57%. This
indicates that ELU is capable of providing more accurate predictions compared to other activation
functions. Despite having a relatively high Test Cost value (0.2076), ELU remains superior in
almost all metrics, such as precision, recall, and F1-score, all of which demonstrate good prediction
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consistency. Meanwhile, ReLU and Leaky ReLU have the same accuracy, which is 97.86%, but
ReLU is more computationally efficient with a lower Test Cost value (0.0630 compared to 0.3295
for Leaky ReLU), making it a more efficient choice for system implementation. On the other hand,
Swish shows the lowest accuracy of 97.14%, and while still reliable, it cannot match the
performance of the other three functions.

In addition to activation functions, model performance is also influenced by hyperparameter
settings, the number of epochs, and the characteristics of the dataset used. This study deliberately kept
the training conditions consistent, using a learning rate of 0.001, a batch size of 64, and 100 epochs
for all activation functions. The aim is to enable an objective and accurate comparison of performance
and to ensure that the results truly reflect the differences in activation function performance, not the
influence of other parameters. The use of a fixed number of epochs also ensures that each activation
function has an equal opportunity to learn the data optimally.

The classification results are also greatly influenced by the diversity of features in the batik
image dataset used. This dataset consists of 1,400 images with four classes of South Sulawesi batik
motifs, namely Lontara, Tongkonan, Perahu Pinisi, and Toraja Gabungan, which have a high level
of complexity in both pattern and texture. This complexity tests the model's ability to recognize the
visual details of each motif. ELU's superior performance demonstrates its ability to capture more
complex patterns—a crucial advantage in image classification tasks rich in visual details, such as
batik motifs.

The implication of this research is that the selection of the appropriate activation function plays a
crucial role in improving the accuracy, consistency, and efficiency of batik image classification
systems. Activation functions cannot be chosen arbitrarily, as they can directly impact the model's
ability to recognize the details and patterns characteristic of traditional batik. Therefore, in the
development of deep learning-based batik classification systems, the selection of activation functions
must be part of the strategic design process of CNN architecture. These findings can also be applied
more broadly in the development of cultural education applications, cultural heritage digitization, or
image-based tourism information systems, which aim to preserve and introduce the richness of batik
motifs to the global community.

5 Conclusion

Based on the findings in this study, it can be concluded that the selection of activation functions
greatly affects the performance of South Sulawesi batik motif image classification. The Xception
architecture, as a development of Inception, has been proven to be able to extract complex visual
features efficiently through the depthwise separable convolution mechanism. The advantage of this
architecture in handling complex spatial information is the main reason for its selection in the
construction of the CNN model in this study.

From the testing of four activation functions ReLU, ELU, Leaky ReLU, and Swish—it was
found that ELU showed the best performance, with the highest accuracy reaching 98.57%. This
advantage is supported by its ability to handle negative value distributions, which aids in learning
complex patterns in batik motifs. ReLU and Leaky ReL U followed with an accuracy of 97.86%, while
Swish had the lowest accuracy at 97.14%. The evaluation was conducted fairly by maintaining
consistency in hyperparameters across all models and using a diverse dataset from four classes of
batik motifs with high pattern complexity. These findings support the primary objective of the
research, which is to evaluate the effectiveness of various activation functions in improving batik
motif classification performance.

However, this study has several limitations. First, the experiments were only conducted on one
CNN architecture, namely Xception, so the results do not represent possible performance variations in
other architectures. Second, although the hyperparameters were standardized, no optimal parameter
search was performed using techniques such as grid search or Bayesian optimization. Third, the
number of batik classes is still limited to four motifs from South Sulawesi, which may affect the
generalization of results to motifs from other regions. Additionally, image quality was controlled at a
specific resolution (224x224), without testing on low-quality or damaged images commonly
encountered in the real world.
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For further research development, it is recommended to explore adaptive activation mechanisms
such as PReLU, RReLU, or dynamic functions like Swish and Mish, as well as attention-based
activation layers or meta-learning optimized through reinforcement learning approaches. The use of
hybrid architectures combining CNNs with Vision Transformers (ViT) also has the potential to
enhance the ability to simultaneously capture local texture patterns and global style elements.
Additionally, approaches such as Neural Architecture Search (NAS), domain-invariant regularization,
and adversarial style transfer can improve model efficiency and robustness. Dataset variation should
also be enhanced through synthetic data generation using GANs or diffusion models, as well as
collaborative curation of underrepresented regional batik motifs, including low-quality real-world
data.

Beyond technical aspects, future research can be directed toward real-world applications such as
Al-based batik restoration, cultural heritage damage detection, and automatic design generation
through conditional GANSs, integrated with augmented reality (AR) for cultural education or e-
commerce recommendation systems. Cross-disciplinary collaboration with cultural historians and
batik artisans is also crucial to ensure that innovations in the classification of cultural motifs remain
aligned with ethical preservation values and local wisdom.
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