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This paper presents a study on the classification of traditional Tasikmalaya
batik motifs using convolutional neural networks (CNN). The experiments
revealed that the high complexity of batik motifs significantly impacted
model performance, as the handling of each class influenced the overall
results. Initial experiments with the original dataset demonstrated suboptimal
performance, characterized by accuracy and validation curves indicating
overfitting, with only 75% accuracy achieved at a learning rate of 0.001, a
batch size of 32, and 50 epochs. To enhance performance, we implemented
data segmentation, data augmentation, optimized the choice of the best
optimizer, utilized an optimal architecture, and conducted hyperparameter
tuning. The best-performing model was trained on data subjected to specific
preprocessing for each class, using the Adam optimizer with hyperparameter
tuning set to a learning rate of 0.001, a batch size of 32, and 50 epochs. In
the hyperparameter tuning experiment with the visual geometry group

network (VGGNet) architecture, it was shown that there is an improvement
in the prediction of the kumeli class, achieving an accuracy of 100%.
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1. INTRODUCTION

Batik, a traditional Indonesian textile art, is renowned for its intricate designs and cultural significance,
especially in the Tasikmalaya region, which is characterized by unique motifs that reflect local heritage and
artistry. As globalization challenges the preservation of such cultural identities, leveraging technology becomes
essential to safeguard and promote these art forms. Recent advancements in machine learning, particularly
convolutional neural networks (CNNs), offer promising solutions for automating the classification of complex
batik motifs, thereby enhancing the accessibility and appreciation of this cultural treasure.

Deep learning may be a kind of an artificial intelligence that has recently achieved fantastic success
in classification and segmentation tasks [1]-[3], attracting a lot of attention in the treatment of numerous
disorders [4]. CNN has been used in previous studies and has become popular in image classification tasks due
to its ability to automatically learn hierarchical feature representations from raw data, significantly improving
accuracy and efficiency [5], but in some cases research requires several techniques to improve its accuracy,
including augmentation and hyperparameter techniques. In this study, based on the complexity of the image,
the CNN algorithm is able to classify batik motifs. The resulting model will be optimized with augmentation
and hyperparameter techniques. CNN is very effective for image processing tasks [6], including those
involving color images [7], color processing including the extraction of information about the spectral
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properties of the object's surface and look for the best similarity of a set of descriptions which have been
known to do an introduction [8]. CNNs as the classification algorithm, it specifies the sample characteristics of
the acquired images, and the software developed to generate datasets of different characteristics [9].

The image classification process requires the completeness of the features of the image which form
an informative image pattern so that information from the image can be displayed [10], [11]. This study aims
to investigate the effectiveness of CNN architectures in classifying Tasikmalaya batik motifs. By exploring
various model configurations and optimization techniques, we seek to identify the most effective approach
for achieving high classification accuracy. Through this research, we hope to contribute to the preservation of
cultural heritage while providing a practical tool for artisans and stakeholders in the batik industry.

2. METHOD

For the classification of Tasikmalaya batik motifs, image data has been collected from various batik
artisans and shops in Tasikmalaya, including areas such as Singaparna in Tasikmalaya Regency, known for
its Sukapura hand-drawn batik, as well as the city of Tasikmalaya itself. There are four distinctive
Tasikmalaya batik motifs that will serve as classes in the classification: payung, kumeli, kujang, and merak
ngibing. In total, there are 163 records, which are presented in the Table 1.

Figure 1 shows the research stages in classifying typical Tasikmalaya batik motifs. The diagram
illustrates a systematic workflow for classifying traditional Tasikmalaya batik motifs, beginning with
identifying the research problem, reviewing relevant literature, and collecting motif data from four classes. The
process continues with preprocessing, including resizing images, segmenting motifs using methods like canny
edge detection and thresholding, and augmenting data through techniques such as random cropping, rotation,
flipping, affine transformation, and padding. Once prepared, the image data is used to train and validate a CNN,
with performance evaluated using a confusion matrix. The model is then optimized by selecting the best
optimizer (such as Adam or stochastic gradient descent (SGD)), refining the CNN architecture, and tuning
hyperparameters like learning rate, batch size, and epoch count. Finally, model performances are compared,
conclusions are drawn about the most effective approach, and the classification system for Tasikmalaya batik
motifs is completed. In Table 1 is the dataset generated from the image digitization process based on 4 classes
of batik motifs.

Table 1. Dataset processing result

Class Record
Payung 24
Kumeli 50
Kujang 23

Merak Ngibing 66

| Problem |
L1 Traming & Validation
| Study Literature (Journal, E-Book, etc) (CNN)
A 4
‘ Data Collecting (4 Class) | Evaluation
¥ (Confusion Matrix)
Optimization Model
e | ———
| cSimng Optimal Optimizer
Segmentation (Adam, SGD, RMSprop, AdaGrad)
(Canny Edges & Thresholding)
‘ Architecture CNN ‘
Augmentation
(RandomResizedCrop, Rotate, Hyperparameter Tuning
ShiftScaleRotate, HorizontalFlip, (Learning Rate, Batch Size Epoch)
VerticalFlip, Affine dan
PadIfNeeded) ¥
| Performance Comparison ‘

¥
Conclusion

Figure 1. Experimental methods
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3. RESULTS AND DISCUSSION
3.1. Preprocessing
3.1.1. Resizing

The purpose of resizing images to 150x150 pixels during the preprocessing stage is to standardize
the input size, ensuring that all images have uniform dimensions for consistent processing by the model. This
uniformity is crucial, as most deep learning architectures require fixed input shapes. Resizing also reduces
computational load and speeds up training by minimizing memory usage, allowing the model to iterate
through the dataset more efficiently [12], [13]. Additionally, maintaining a consistent image size enhances
model performance by enabling it to focus on the essential features of batik motifs without being distracted
by variations in size and shape, ultimately contributing to more accurate classification outcomes.

3.1.2. Segmentation and augmentation

In the data preprocessing phase of our batik motif classification project, we implemented image data
segmentation as a crucial step. This process involved organizing the image dataset into distinct categories,
facilitating effective training and evaluation of the machine learning model. The purpose of using data
segmentation is to enhance feature extraction, improve classification accuracy, and facilitate better data
representation [14], [15]. The techniques used for this batik data are thresholding and canny edge detection.

Deep learning models require large data sets to recognize images accurately, data augmentation
techniques can be applied to expand the dataset by modifying existing images to increase data diversity
[16], [17]. The next stage is to perform data augmentation. The meaningful data augmentation can accomplish
the highest accuracy with a lower error rate on all datasets by using transfer learning models [18], [19].
This process is crucial for recognizing rich and complex patterns, such as batik motifs, with the aims of
increasing data variability, reducing overfitting, and improving model robustness. The intentions behind this
are to strengthen learning, enhance classification accuracy, and optimize the use of limited datasets. The data
augmentation techniques applied include RandomResizedCrop(p=0.1), Rotate(limit=10, p=0.5),
ShiftScaleRotate(shift_limit=0.1, scale_limit=0.2, rotate_limit=30, p=0.7), HorizontalFlip(p=0.5),
VerticalFlip(p=0.5), Affine(shear=20, p=0.5), and PadIfNeeded(min_height=300, min_width=300,
border_mode=0, value=0, p=0.1). Figure 2 shows the results of data segmentation and data augmentation for
original image in Figure 2(a), after segmentation in Figure 2(b), and after segmentation and augmentation in
Figure 2(c).
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Figure 2. Results of data segmentation and data augmentation of (a) original image, (b) after segmentation,
and (c) after segmentation and augmentation

Batik motifs exhibit a diverse range of patterns, making the classification process complex. Previous
studies have discussed how image size, image quality, and pattern characteristics affect the classification of
batik [20]. This finding is also evident in this research, which concludes that achieving good performance
requires specific treatments for each batik motif to ensure optimal model performance. The treatment of each
motif during the preprocessing stage is illustrated in the Table 2.

Table 2. Dataset processing result

Class Original  Segmentation  Augmentation
Payung N N N
Kumeli \ v \

Kujang - v
Merak Ngibing \ -

Figure 3 illustrates the outcomes of applying different combinations of data segmentation and data
augmentation techniques. Figure 3(a) shows the performance results using segmentation and augmentation.
Figure 3(b) shows the performance results using augmentation without segmentation. Figure 3(c) shows the
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performance results using segmentation and without augmentation. Figure 3(d) shows performance results
without segmentation and without augmentation.
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Figure 3. Performance results of data segmentation and data augmentation of (a) with segmentation and with
augmentation, (b) without segmentation and with augmentation, (c) with segmentation and without
augmentation and (d) without segmentation and without augmentation

3.2. Modeling
3.2.1. Training and validation

The data training process involves splitting the dataset into two parts: training data and testing data,
with a ratio of 80% for training and 20% for testing. In the modeling phase, the first training process uses
the original dataset without segmentation and augmentation, employing a CNN (optimizer: Adam, learning
rate: 0.001, batch size: 32, and epochs: 20). The architecture consists of three convolutional layers (32, 64, 128),
three max pooling layers (2, 2), and one dense layer (128).

The model achieved an accuracy of 75%. However, the accuracy graph shows that training accuracy
increases while validation accuracy decreases as the epochs progress, indicating that the model is likely
experiencing overfitting. To improve the model's performance, it is necessary to make some adjustments.
Among deep learning types, CNN are the most common types of deep learning models utilized for medical
image diagnosis and analysis. However, CNN suffers from high computation cost to be implemented and
may require to adapt huge number of parameters [21], to enhance the model's performance, data will be
processed using segmentation and augmentation techniques. Secondly, the selection of a CNN optimizer will
be conducted, and thirdly, hyperparameter tuning will be performed to further improve the model's
performance [22].

3.3. Optimazation model
3.3.1. Optimizer comparison

From the experiments conducted with four optimizers (Adam, SGD, root mean square propagation
(RMSprop), and adaptive gradient algorithm (AdaGrad)) using a learning rate of 0.001, a batch size of 32,
and 50 epochs, the image above shows that all four optimizers perform effectively. The graphs of model
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accuracy and validation accuracy indicate that both training and validation accuracies increase as the epochs
progress. Figure 4 presents the performance results obtained using the original dataset, specifically
illustrating the model accuracy in Figure 4(a) and the confusion matrix in Figure 4(b).
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Figure 4. Performance result with original data of (a) model accuracy (b) confusion matrix

Figure 5 shows the result of model accuracy using 4 optimizers, namely Adam optimizer in
Figure 5(a), SGD optimizer in Figure 5(b), RMSprop optimizer in Figure 5(c), and AdaGrad optimizer in
Figure 5(d). Next, we tested the model's performance using the four optimizers. From the confusion matrix
shown, we found that the highest performing model used the Adam optimizer, which achieved 80% accuracy.
Figure 6 is the result of the confusion matrix using 4 optimizers, namely Adam optimizer in Figure 6(a), SGD
optimizer in Figure 6(b), RMSprop optimizer in Figure 6(c), and AdaGrad optimizer in Figure 6(d).
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Figure 5. Model accuracy with 4 optimizers of (a) Adam, (b) SGD, (c) RMSprop, and (d) AdaGrad
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Figure 6. Confusion matrix with 4 optimizers of (a) Adam, (b) SGD, (c) RMSprop, and (d) AdaGrad

3.3.2. Architecture comparison

CNNs have gained remarkable success on many images’ classification tasks in recent years.
However, the performance of CNNs highly relies upon their architectures [23]. The next step to improve the
model's performance is to select the best CNN architecture, In the CNN architecture, an average-pooling
layer and a max-pooling layer are connected in parallel in order to boost classification performance [24], for
these batik motifs. In this experiment, three architectures will be tested, detailed as in Table 3.

Table 3. Three architectures model CNN

Model Optomizer  Learning rate  Batch size  Epoch
VGGNet Adam 0.001 32 10
ResNet Adam 0.001 32 10
GooglLeNet Adam 0.001 32 10

Based on the experiments with three CNN architecture (visual geometry group network (VGGNet),
residual network (ResNet), and GoogLeNet), we found the graph shows that the accuracy and validation
accuracy of each model increase as the epochs progress, indicating that the models demonstrate good
performance. However, hyperparameter tuning is needed to controlling the learning process, preventing
overfitting/underfitting and improving accuracy and generalization. Without proper hyperparameter tuning, a
model may fail to achieve optimal performance, even if the algorithm itself is advanced.

3.3.3. Tunning hyperparameter

Hyperparameter tuning is the process of optimizing the settings of hyperparameters, which are
parameters not learned by the model during training. Hyperparameter tuning is essential in training such
models and significantly impacts their final performance and training speed [25]. Figure 7 shows the result of
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model accuracy using the Adam optimizer: VGGNet optimizer in Figure 7(a), ResNet optimizer in Figure 7(b),
and GoogleNet optimizer in Figure 7(c). Figure 8 shows the confusion matrix of each architecture using the
Adam optimizer: VGGNet architecture in Figure 8(a), ResNet architecture in Figure 8(b), and GoogLeNet
architecture in Figure 8(c).
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Figure 7. Model accuracy results using Adam optimizer of (a) VGGNet, (b) ResNet, and (c) GoogLeNet
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Figure 9 shows the results of hyperparameter tuning on the VGGNet architecture by increasing
the number of epochs to 50 for 1t experiment in Figure 9(a) and 2" experiment in Figure 9(b). It can
be observed that the accuracy graph indicates improvement, with both training accuracy and validation
accuracy increasing closely together as the number of epochs increase. This demonstrates that the model
performs well.
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Figure 9. Model accuracy results tunning hyperparameter (a) 1% experiment and (b) 2" experiment

Figures 10 shows the results of the confusion matrix from the hyperparameter tuning experiment on
the VGGNet architecture. The number of epochs was increased to 50 for 1%t experiment in Figure 10(a) and
2" experiment in Figure 10(b). The results indicate that the model performs well, with an improvement in the
prediction of the kumeli class.
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Figure 10. Confusion matrix results tunning hyperparameter (a) 1% experiment and (b) 2" experiment

3.4. Performance comparison

After conducting experiments to improve model performance, the comparison results can be
determined. The best-performing model was achieved using the Adam optimizer with hyperparameters set to
a learning rate of 0.001, a batch size of 32, and 50 epochs, resulting in an accuracy of 80%. The performance
results for the Adam optimizer can be seen in Table 4. Table 5 shows the accuracy values for each optimizer.

Classification of Tasikmalaya Batik motifs using convolutional neural networks (Teuku Mufizar)



3296 O3 ISSN: 2252-8938

Table 4. The performance of optimizer Adam

Class Precision  Recall Fl-score  Support
Payung 0.88 0.70 0.78 10
Kumeli 0.71 1.00 0.83 17
Kujang 0.75 0.75 0.75 4
Merak ngibing 0.93 0.68 0.79 19

Table 5. Accuracy optimizer
Optimizer  Accuracy (%)

Adam 80
SGD 72
RMSprop 76
AdaGrad 72

Table 6 shows the accuracy values from experiments using three architectures: VGGNet, ResNet,
and GoogLeNet. The highest accuracy was achieved GooglLeNet with the Adam optimizer, reaching 100%.
However, hyperparameter tuning is needed to further improve performance, because the accuracy graph
shows fluctuations between training accuracy and validation accuracy. This leads to the model being less
effective and inconsistent.

Table 6. Accuracy of models using Adam optimizer

Model Learning rate  Batch size  Epoch  Accuracy (%)
VGGNet 0.001 32 10 96
ResNet 0.001 32 10 60
GoogLeNet 0.001 32 10 100

Table 7 displays the accuracy values from the experiments with the three architectures. It can be
concluded that the GoogLeNet architecture achieved the highest accuracy. However, hyperparameter tuning
is needed to further improve performance. Table 7 shows the accuracy values from three types of
architectures tested using the Adam optimizer, which is considered the best optimizer and GoogLeNet which
is considered the best architecture as the accuracy remained at 100%, The proposed method in this study
tends to have a much higher accuracy proportion than other architectures. According to our study, lower
accuracy does not necessarily indicate poor model performance in classification. The proposed optimization
technique can potentially improve accuracy with the available dataset. This study tested the performance of a
comprehensive CNN model with the optimized model. However, more thorough research may be needed to
validate its accuracy, especially in relation to the limitations of the dataset.

Table 7. Accuracy of tunning parameter GooglLeNet architecture

Model Learning rate  Batch size  Epoch  Accuracy (%)
1st experiment 0.001 32 50 100
2nd experiment 0.001 32 50 100

4. CONCLUSION

Our findings provide conclusive evidence that experiments conducted on batik motif classification
using CNN reveal that the high complexity of batik motifs significantly affects model performance,
as the handling of each class affects the overall results. Initial experiments with the original dataset showed
suboptimal model performance, characterized by accuracy and validation curves indicating overfitting,
achieving only 75% accuracy with a learning rate of 0.001, a batch size of 32, and 50 epochs. However,
by employing data segmentation, data augmentation, selecting the best optimizer, utilizing an optimal
architecture, and tuning hyperparameters, model performance improved significantly. The best model was
obtained by training on data that underwent specific preprocessing for each class, using the Adam optimizer
with hyperparameter tuning set to a learning rate of 0.001, a batch size of 32, and 50 epochs. In the
hyperparameter tuning experiment with the VGGNet architecture, it was shown that there is an improvement
in the prediction of the kumeli class, achieving an accuracy of 100%. Our study shows that optimization
techniques on CNN model performance can be better and more accurate than before. Future studies can
develop other features in batik and explore feasible methods to produce the best model performance.
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