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Abstract

Batik is one of Indonesia’s cultural heritages that has been recognized by UNESCO. The diversity of batik motifs in
Indonesia presents a challenge in classifying each motif from different regions. The purpose of this research is to
improve batik motif classification using a deep learning model with the Convolutional Neural Network
EfficientNetB2 architecture combined with data augmentation techniques. This study uses a dataset from Kaggle
consisting of 1,964 images with seven batik motifs from the northern coast of Java: buketan, jlamprang, liong, mega
mendung, negative, singa barong, and tujuh rupa. The augmentation technique applied in this study is traditional
augmentation, including transformations such as horizontal flipping, rotation, and brightness adjustment. This was
implemented to overcome dataset limitations, reduce the risk of overfitting, and increase dataset variation. The model
integrates transfer learning through ImageNet pre-training to optimize the modification of the EfficientNetB2
architecture for specific batik motifs. EfficientNetB2 achieved an accuracy of 99% on the validation data, with
precision, recall, and F1-scores consistently above 98%. This result is higher compared to previous research that
applied the MPSO technique, which achieved 94% accuracy with precision, recall, and F1-scores of 78%. Model
performance evaluation was conducted using a confusion matrix. Experimental results show that minimal
misclassification occurred on the negative motif, with three samples incorrectly classified as jlamprang. These
findings indicate that EfficientNetB2 combined with data augmentation significantly improves classification
accuracy. Moreover, the use of the EfficientNetB2 architecture does not require long computational time, making it
highly practical and efficient. This research contributes to the field of machine learning, the preservation of batik
culture, and has the potential to support the batik industry in the commercial sector.
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1. INTRODUCTION
Indonesia is a large country that has a lot of culture heritage one of which is batik [1], [2], [3].

Batik is a culture heritage that has own aesthetic value and uniqueness. On October 2, 2029 batik was
designated as a culture heritage of humanity for oral and intangible culture (Masterpieces of the Oral
and Intangible Heritage of Humanity) by UNESCO [4]. Batik is a culture heritage that is not only caused
by batik itself, but also the art in the process of making[1]. The term batik originates from the Javanese
phrase “amba titik,” which means “to write dots,” referring to a technique of creating patterns by
applying wax onto fabric and then adding color[5]. The batik-making process uses textile materials as a
base, which are decorated with distinctive motifs reflecting Indonesian cultural heritage. In this process,
tools such as brushes, wooden implements, and canting are used to draw patterns onto the fabric, while
wax is applied as a color-resist material to preserve the authenticity of the resulting motifs [6].
Indonesian batik has various types of motifs and its own characteristic in each region, even each
motif has a different philosophy and meaning, this is required by the meaning with the purpose to be
conveyed in each motif batik [2]. One of areas in Indonesia that has diversity of types of batik motifs is
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in the north coastal of area java island. The use of the term “pesisir” itself is Javanese, which means “sea
or beach” in Indonesia. Pesisir Utara Java batik is partly produce and made in the north coastal areas of
Java island including Cirebon, Indramayu, Lasem, Bakaran, Pekalongan, Batang, and other coastal areas
[7]. Javanese north coast batik motifs have a different style from keraton batik, Javanese north coast
batik has variation and play a lot with colors such as red and blue, in contrast in keraton batik which
more often uses brown color[8].

Batik motifs Pesisir Utara Java need to be preserved so as not to experience extinction, one of the
ways that can be done is to form a classification of batik motif images of the Pesisir utara java with a
classification method that is considered to have superior capabilities in technological developments,
namely by using deep learning which is a branch of machine learning. One of the deep learning methods
used for image classification is Convolutional Neural Network algorithm [9]. Currently, deep learning
technology is becoming a very reliable method in processing big data, the use of architecture is felt to
be able to optimize the work of machines to get high accuracy. In this study, the author will test the use
of Convolutional Neural Network architecture, namely EfficientNetB2. EfficientNetB2 was chosen
because this method not only increases accuracy but also emphasizes efficiency when processing data
[10], [11] [12].

Convolutional Neural Networks (CNN) are designed to effectively recognize patterns and extract
features from image data through the use of convolutional layers and automatic feature selection
mechanisms. With their distinctive architecture and operating principles, CNN are capable of learning
hierarchical visual feature representations, ranging from simple patterns to more complex structures. In
this study, CNN are applied to batik image classification to optimally extract visual characteristics such
as motifs, textures, and shapes, thereby supporting the process of recognition and differentiation among
batik classes. These advantages make CNN a widely used and proven effective method in various image
processing tasks, including object detection, classification, segmentation, and image reconstruction[13],
[15].

EfficientNet is one of the transfer learning architectures based on Convolutional Neural Networks
(CNNs) and is known for its superior efficiency and performance compared to previous models across
various image recognition tasks. The advantages of EfficientNet are achieved through the application of
a compound scaling method, which proportionally adjusts the model’s depth, width, and resolution. This
approach enables performance improvement with a relatively small increase in the number of
parameters, resulting in more efficient computational time [3] [9][16].

Deep learning has also been widely applied in batik image classification research to achieve better
performance and more sophisticated training processes. A study by [3] employed a deep learning
approach using the EfficientNet-B2 architecture with transfer learning and achieved an accuracy of
86.3%, obtained through the application of fine-tuning and data augmentation. Meanwhile, another
study by [17] used the VGG16 architecture and achieved an accuracy of 95.83% without data
augmentation, which further increased by 3.13% to 98.96% after applying data augmentation. Another
study by [18] utilized the EfficientNetB2 CNN architecture for the classification of Bomba batik images
from Central Sulawesi by developing data augmentation and transfer learning techniques, along with
several optimizations such as batch normalization, regularization, dropout layers, and the use of ReLU
and SoftMax activation functions. The results showed that the model achieved an overall accuracy of
100% on the training data and 99.59% on the validation data. Testing using a confusion matrix indicated
an overall model accuracy of 96%. These findings demonstrate that the selection of model architecture
and data augmentation strategies plays a crucial role in improving the performance of batik image
classification [17].

Previous studies have been conducted in the utilization of deep learning for image classification,
especially batik motifs image. Some of research that has been done before includes research on batik
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image using machine learning. For example one study [19]classification of Lombok Songket and
Sasambo Batik motifs using CNN algorithm archiving at 93% accuracy the highest average recognition
for Sasambo batik cloth is in testing motifs with the same color in database. CNN modeling classification
result indicates that the Sasambo batik cloth can be a reference for developing songket categorization
using website platform or the android system. Another study [20] applied an improved Okta-Net CNNs
framework for automatic batik image classification. Okta-Net architecture succeeded in achieving
accuracy of 93.27 %, precision of 91.60%, recall of 92.28%, F1 Score of 91.54% and loss of just 0.12%.
Research [21] with the same data set namely Batik Pesisir Utara Jawa, developed the CNN architecture
design MPSO (Modified Particle Swarm Optimization) model to optimized batik classification. The
research found that the proposed model rate higher than 94%.

EfficientNetB2 was selected due to its superior capability in feature extraction. Study [20] also
shows that EfficientNetB2 is employed as a feature extractor to capture high-level features and
distinctive patterns from input images. EfficientNetB2 successfully optimizes model performance,
demonstrating high accuracy on the INbreast and MIAS datasets, which indicates that the model is able
to learn and capture important features related to breast cancer classification. The hybrid approach
combining EfficientNetB2 and the MGSVM classifier achieved an excellent accuracy of 99.47% [12].

In another study, EfficientNetB2 was applied to the classification of wayang kulit (traditional
shadow puppet) character images using a transfer learning approach. The research utilized a public
dataset from Kaggle consisting of 22 classes and involved several data preprocessing stages, including
undersampling, data splitting, and data augmentation. By evaluating two CNN architectures, namely
EfficientNetB2 and ResNet50, the results showed that EfficientNetB2 achieved the highest accuracy of
96.78%, outperforming ResNet50, which obtained an accuracy of 95.92% [22].

Based on the previous research, the author intends to conduct research using the same dataset
batik images motifs of Batik Pesisir Utara Jawa Using Convolutional Neural Network (CNN) algorithm
by MPSO (Modified Particle Swarm Optimization) [21] the result rate accuracy 94%. In this case the
author aims to improve the accuracy by using a deep learning model EfficientNetB2 architecture by
making improvements using augmentation data to be able to overcome data limitation and enhance
model robustness [10],[23], [9], . Transfer learning is a better method because it uses a model that has
been trained on a different task to perform a new task [3], [1], [24], [25]. The results of this research
are expected to be a reference for the developing of CNN architecture model for batik motifs
classification to obtain good accuracy and performance and can contributed to culture preservation,
science, and for batik entrepreneur.

2. METHOD

The research method provides an overview of the staps of the study conducted from beginning to
the end. The propose research workflow is illustrate in the following figure 1, which outline pipeline
deep image classification stages of datast, preprocessing, split data, augmentation, evaluation, and result.

The EfficientNetB2 architecture is claimed to be a model whose performance has better efficiency
because it can make scaling change by adjusting depth, resolution, and width [3], which make the
addition of parametters not much so that computation time is faster with better performance than the
previous model [11]. That is particullary useful in handling the visual complexity of batik classification.
On the other hand Augmentation data is carried out to incrase the amount of training data with the aim
of increasing the accuracy of the EfficientNetB2 CNN model that will be used [26].
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Figure 1. Workflow of the Research

2.1. Dataset

Data collection in this study carried out by searching for Kaggle Repository
https://www.kaggle.com/datasets/ilvamfsl/batik-pesisir-utara-jawa-with-negative-class-v2 as a
subject of research consists of seven motifs batik there are Buketan, Jlamprang, Liong, Mega Mendung,
Negative, Singa Barong dan Tujuh Rupa are represented in figure 2. The result is 1694 image consisting
of 238 datasets for Buketan, 244 for Jlamprang dataset, 243 for Liong dataset, 244 for Mega Mendung
dataset, 237 for Negative datset, 244 for Singa Barong dataset, and 244 for Tujuh Rupa dataset are
shown in table 1.

Buketan Jamprang

Figure 2. Image of Pesisir Utara Java Batik Motif
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Table 1. Initial Dataset Composition

Name Number
Jlamprang 244
Mega Mendung 244
Singa Barong 244
Tujuh Rupa 244
Liong 243
Bukatan 238
Negative 237
Total 1694

2.2. Preprocessing

Preprocessing data is an important stage in this research to ensure the dataset quality is optimal
before being used for training the classification model. These preprocessing stages resize the dataset
image with a size of 260 X 260 pixels for EfficientNetB2 architecture input. The original image
produced form batik Pesisir Utara Jawa types of resolution so it is important to adjust the image size
rules so that they remain consistent and speed up performance. The 260 X 260 size selection is based
EfficientNetB2 architecture which has training data using ImageNet dataset with the same image rules
[10]. Resizing images to a uniform size has several important benefits including being able to be process
more effectively. In the preprocessing stage, an image normalization stage is also performed by dividing
the value of each pixel by 225.0, resulting in a value range between 0 and 1 [27]

Dataset is than divided into three main subsets: training data (70%), validation data (20%), and
testing data (10%). The split ratio 70:20:10 was chosen based on the empirical studies in similar pattern
recognition tasks, providing sufficient data for training while ensuring robust validation and testing.
Data splitting is process begins by randomizing the image within each class. This step is essential to
prevent potential bias that could occur if the data were organized according to a specific pattern.

Training data is done to determine the performance of the model or build the model, validation
data is used to monitor model performance during training, and testing evaluate final model performance
unseen, real word like data. As an additional step a visual exploration of the dataset conducted by
displaying sample image from each batik motif pattern class to ensure diversity, including after
augmentation.

The model is then trained for 20 epochs using batch size 32. This number epochs are chosen to
balance training time and model convergence. During the training process, the training dataset is utilized
to optimize the modal parameters, while the validation dataset is employed to monitor the modal
performance and mitigate the risk of overfitting. Performance evaluations are conducted periodically
throughout training. Upon completion of the training phrase, the model tested on a separated test dataset
to assess its accuracy on previously unseen data. These procedures are implemented to ensure the quality
and reliability of dataset, thereby supporting the development of an optimal performing model.

2.3. Augmentation Data

Data augmentation shown in figure 3 is a technique to artificially expand the size of dataset by
generating modified versions of existing images, thereby enhancing the diversity and robustness of the
data used for model training[26], [28]. In the context of classifying Pesisir Utara Jawa batik pattern, data
augmentation plays a crucial role in enhancing the performance of classification models and
minimalizing the risk of overfitting. Overfitting is a condition in which a model learns the training data
too specifically, causing it perform poorly when encountering new, unseen data. As a result, the model
struggles to maintain high accuracy during testing or real application. By applying data augmentation
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techniques, it is possible to artificially increase the size and diversity of the dataset, enabling the model
to learn more generalized patterns and improve its ability to classify new data accurately.

Input
Image

Qutput
Image

NOILYLOY
l
dn Hocz
INIddITd TYINOZIHOH
SS3INLHOIME
NOILYIHO0SSNYHL
183N

Figure 3 Data Augmentation
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Figure 4 Sample Augmentation Negative Motif Batik

In this study, the ImageDataGenerator library from Keras TensorFlow was utilized, which allows
the model to apply transformations to each batch of images during the training proses. The
ImageDataGenerator was configured for training to normalized pixel value to a range of 1/225, apply
random rotations up to 20 degrees, zoom up to 20%, perform horizontal flipping, adjust brightness
within a range of (0.8, 1,2), and use shear transformation up to 0.2 and use ‘nearest’ as the fill mode for
handling empty pixels after transformation.

Figure 4 illustrated the result augmentation data technique in batik motif pesisir utara Java. In
this result the author using traditional augmentation. Traditional augmentation in this research used
because they are simple, effective, and computationally efficient methods to improve model
generalization without requiring additional data collection. A rotation range of -20 to +20 degrees was
applied because batik patterns are often printed unevenly or slightly tilted. This rotation helps the model
become more tolerant to variations in image orientation. The zoom range was set to 0.2, allowing
random zooming up to 20% of the original image size. This technique creates the illusion of capturing
images from different distances, increases spatial diversity, and helps the model recognize patterns both
near and far. The horizontal flip parameter was set to true, enabling random left-right flipping. This was
chosen because batik motifs are often symmetrical, and horizontal flipping effectively increases the
number of samples without altering their visual meaning. The brightness range of [0.8, 1.2) adjusts
image illumination between 80% and 120% of the original brightness. This ensures that images reflect
varying lighting conditions and helps the model maintain accuracy under different light intensities. The
shear range of 0.2 applies a shearing transformation to simulate images captured from tilted or non-
parallel angles, allowing the model to better adapt to perspective distortions. Finally, the fill mode was
set to ‘nearest’, which fills empty pixels created during transformations such as rotation or zoom by
referencing neigh boring pixel values. This maintains edge consistency and preserves the overall realism
of the image.
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Table 2. Augmentation and Parameters

Augmentation Types Parameters Value
Rotation 20 degrees

Zoom Up 20%

Horizontal Flipping True

Brightness (0.8,1.20)
Transformation Up 0.2

Nearest

2.4. Transfer Learning

Transfer learning is a machine learning method that leverages existing knowledge acquired from
a source domain to improve learning performance in a target domain [25]. This approach is particularly
effective when the target domain has limited data, as it allows models to benefit from pattern and features
previously learned in related task [11]. By reusing pre-train model on large and diverse dataset, such as
ImageNet, transfer learning can significantly reduce training time and improve model accuracy [29]. In
the context of this study, transfer learning was implemented by adopting pre-trained CNN architecture
to classify Pesisir Utara Java batik pattern, thereby leveraging existing feature representation to optimize
the model’s performance on the batik image dataset.

Transfer learning is a widely adopted technique in computer vision that involves utilizing a model
previously trained on a large-scale dataset to extract image features. In this approach, the final layers of
the pre-trained model are fine-tuned to accommodate a new image classification task. This strategy
enables the model to efficiently learn relevant features from the new dataset, leading to improved
performance with reduced computational time and resources. The growing popularity of transfer
learning across various computer vision applications stems from its ability to leverage existing
knowledge and feature representations acquired from earlier tasks. By employing a pre-trained model
as an initial foundation, it is possible to transfer learned visual features, which serve as a robust basis
for addressing different classification problems. The pre-trained model effectively acts as a feature
extractor, capturing essential visual patterns and structures that enhance generalization and accuracy in
diverse image classification [25]. The visual implementation is seen in figure 5.

TASK 1

MODEL 1 HEAD ‘
T‘_, L 5 PREDICTION 1

L

TRANSFER

KNOWLEDGE
TASK 2

o A4

DATA2 —_————— MODEL 1 NEW HEAD | PREDICTION 2

_

h 4

Figure 5 Transfer Learning Process
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2.5. Convolutional Neural Network (CNN)

Convolution Neural Network (CNN) are highly effective deep learning algorithms design for
processing two dimension structured data, such as digital image [30][31]. Through their hierarchical
architecture, CNN are capable of analyzing data from the initial to the final convolution layer, enabling
high accuracy classification task, including the classification of Pesisr Utara Java batik patterns. In this
architecture each convolutional layer receive input from the preceding layer, allowing the network to
progressively extract increasingly complex feature as its deep increases. Additionally the integration of
fully connected layer and activation functions, such as Rectified Linear Unit (ReLU), is essential in
refining these extracted feature, ultimately producing a classification output or image label prediction
[28] [32]. A visual representation of CNN workflow, as illustrated in figure 6 clearly depicts the step-
by-step process, starting initial processing to the final classification outcome.

Flattening
Layer

Feature Maps Feature Maps
Input Data s Featun:_e Maps
-§ Feature Maps,
32x32x3 ? 32x32x32 \ 16x16x32 T 16x16x16 T 8x8x16
Folding and Pooling Folding and Pooling
Activation Activation

Figure 6 CNN Process[33]
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2.6. EfficientNetB2

After performing preprocessing data, the next steps are to train the CNN model, this study uses
Convolutional Neural Network (CNN) algorithm with EfficientNetB2 architecture which is good for
image batik classification. The illustrate EfficientNetB2 Architecture in figure 7
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Figure 7. EfficientNetB2 Architecture[22]

EfficientNetB2 incorporates depth wise separable convolution, which reduce that number
parameter and computations while maintaining high feature extraction abilities. Additionally, the swish
activation function is employed in this architecture, offering smoother and more effective non linier
transformation compared to traditional activation function, thereby improving the model’s ability to
learn complex pattern for data image [34], [12].

EfficientNetB2 architecture utilized as the primary model for classify Pesisir Utara Java batik
patterns. EfficientNetB2 is one of the variants of efficient family, well regarded for achieving an optimal
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balance between classification accuracy and computation efficiency. This architecture is design based
on a compound scaling approach, a method that simultaneously scales the model’s depth, width, and
resolution in a balance and systematic manner to enhance overall performance without causing a
significant increase in computational cost [21].

Given its proven performance and computational efficiency. EfficientNetB2 choose to address
the challenge of classifying batik image with diverse patterns and visual characteristic. This model is
expected to deliver high classification accuracy while maintaining reasonable training times and lower
hardware resource requirement, making it highly suitable for this application [26], [30], [16].

2.7. Testing Scenario

In this study, testing scenario were implemented to evaluate the model’s performance. The
scenario involves experimenting with the model architecture EfficientNetB2 using transfer learning and
augmentation data. After preprocessing data, dataset divided into several subset or split data, by naming
them train data, validation data, and test data. In this study dataset divided into ratio 70:20:10. Ratio
70% for data training, ratio 20% for data testing, and ratio 10% for data validation.

After split dataset test the training process is conducted over 20 epochs with a batch size of 32.
The Adam optimizer is employed with a learning rate set to 0.0001. Data augmentation is implemented
using the ImageDataGenerator function. This includes normalizing pixel values to 1/255 range, applying
horizontal flipping, performing random rotations of up to 20 degrees, zoom up 20%, Brightness,
transformation up to 0.2 and nearest. The early stopping method was implemented to mitigate overfitting
by terminating the training process when the model’s performance on the validation dataset shows signs
of deterioration. This strategy ensures an efficient training process while preserving the model’s optimal
performance and generalization capability.

2.8. Model Evaluation

The evaluation process is conducted to measure the accuracy of the model using test data.
Accuracy is calculated by comparing the number of correct predictions to the actual prediction produce.
This accuracy value reflects the modal’s capability to recognize patterns it has learned during the
training phase [30], [35]. In this study, the author evaluates the model performance by employing the
confusion matrix method to measure accuracy, precision, recall, and F1 score based on the evaluation.

Model evaluation involves assessing the classification outcomes using four primary metrics. A
True Positive (TP) occurs when both the model’s prediction and the actual class label are positive. A
True Negative (TN) is recorded when the actual class is negative and the model correctly predicts it as
negative. A False Positive (FP) arises when the model incorrectly classifies a negative instance as
positive. Conversely, a False Negative (FN) represents a case where the actual class is positive, but the
model incorrectly predicts it as negative. These evaluation metrics are fundamental for analyzing the
classification performance of a predictive model [34] [31].

Explanation:
TP+TN
Accuracy = —————— (1)
TP+TN+FP+Fn
.. TP
Precision = ()
TP+FP
TP
Recall = 3)
TP+FN
2x Recall x Precision
F1- Score = 4)

Recall+Precision
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3. RESULT

In section discusses the experiment result to evaluate the model performance CNN with
EfficientNetB2 architecture to measure Pesisir Utara Java batik patterns. The model’s performance is
evaluated by measuring metrics, including accuracy, lost, validation accuracy, and validation loss as
other evaluation metrics such as precision, recall, and F1 score. The total number of datasets pesisir
utara Java images was 1694 and divided into several parts, 1186 training data, 169 test data, and 339
validation data images with ratio 70:20:10. During training phrase, the learning rate is set to 0.0001 and
the modal trained for 20 epoch. With improving model augmentation data and transfer learning combine
architecture EfficientNetB2.

3.1. Dataset

After the preprocessing process the dataset consisting of 1694 and divided into 7 classes are
jlamprang, mega mendung, singa barong, tujuh rupa, liong, bukatan, and negative, images of size 260
X 260 pixels were prepared for the validation, training, and testing stages of the classification Pesisir
Utara java images classification batik pattern. Additionally, the experiment involves the augmentation
technique, the data augmentation technique includes rotation range 20°, zoom range 0.2%, horizontal
flip, brightens range [0.8, 1.2], shear range 0.2 and flip mode nearest.

The model training experiment using the EfficientNetB2 architecture was conducted with
hyperparameter settings designed to achieve a balance between training effectiveness and overfitting
prevention. The model uses the Adam optimizer with a learning rate of 0.0001, which was chosen for
its stability and ability to adaptively adjust the learning rate for each parameter. The training process
was carried out for 20 epochs with a batch size of 32, which was considered efficient for maintaining a
balance between computational speed and gradient stability. In addition, Early Stopping with a patience
of 10 epochs was applied to automatically stop training if there was no improvement in validation loss,
thereby preventing the model from overfitting. This combination of settings provides a strong
foundation for the initial training of the model, ensuring that the learning process runs effectively, stably,
and optimally in the context of batik image classification with seven classes.

3.2. Experiment Environment

We conducted experiments on a windows 11 platform equipped with an Intel Core i3 processor,
12 GB RAM and Graphic Processing Unit (GPU). Model training was performance using the GPU to
take advantages of high computational speed. The model implementation uses the TensorFlow
framework and Keras Library. Which runs on Google Colabs the platform provides robust infrastructure
for the development and evaluation CNN model with EfficientNetB2 architecture for batik
classification. Detail comprehensive regarding the experimental parameters are presented in table 3.

Table 3. Detailed Information of experimental environment

Name Parameter
Operating System Linux Fedora 42 (Workstations Edition)
CPU Intel Core 13-1005G1 up to 3.40GHZ
GPU Intel® UHD Graphics for 10" Gen Intel®
Processors
RAM 12 GB
SSD 256 GB
Environment TensorFlow
Language Python 3.9.21
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3.3. Result the Training

In this section, the experimental results of EfficientNetB2 are measure the effectiveness of the
architecture in classifying Pesisir Utara Java patterns. The total images 1694 divided into three parts
training, test, and validation with 1186, 169, and 399 image respectively.

Table 4. Hyperparameter Value for Training Model

Hyperparameter Value
Batch size 32
Epoch 20
Learning Rate 0.0001
Optimizer Adam

Training finish for 20 epoch with batch size 32 using optimized Adam with a learning rate 0.0001.
On the batik dataset which 7 classes and uses two callbacks, namely EarlyStopping. These
hyperparameters are designed to ensure effective training without overfitting. ImageDataGenerator is
applied data augmentation with pixel normalization 1/225 range, rotation range, zoom range, horizontal
flip, brightness, shear range, and fill mode are represented in table 4.

Learning rate is the key hyperparameter in deep learning. It controls how much the model weight
is updated during each step of the training process the author set learning rate 0.0001 a smaller learning
rate 0.0001 make the training process slower but safer the model makes gradual updates, reducing the
risk of overshooting the optimal solution. Batch size is another important hyperparameter in training
neural network. It defines how many data sample are process together before the model updates its
internal parameters. Batch size 32 means that the model will take 32 images at a time, compute the
prediction for them, compare them to the true labels, calculate the error, and then use that to update the
model ‘s weight. Epoch 20 choose is often a reasonable starting point in many cases enough to learn but
not so much that it overfits. Epoch 20 it because give the model enough time to learn patterns in data,
avoids excessive overfitting, balance model performance and computational efficiency. Early stop set
up a strategy where the training stops automatically if the model stop improvement before reaching 20
epochs.

3.4 Visualization of Result

To enhance the understanding of the tested model’s performance, several visualizations are
provided to depict different aspects of the evaluation process. Figure 8 presents the confusion matrix,
providing a visual representation of the distribution of the model’s predictions across the test dataset for
each class. This matrix facilitates a detailed analysis of classification performance by indicating the
number of correct and incorrect predictions for every class. Additionally, it enables the identification of
specific classes that pose greater challenges for the model to classify accurately. Figure 9 presents the
accuracy curves for both the training and validation phases, illustrating the model’s learning progression
and its gradual convergence over successive epochs. This visualization offers valuable insights into the
model’s training stability and its generalization capability when evaluated on unseen data. Meanwhile,
Figure 10 displays the loss curves, highlighting the progressive reduction in loss values during both
training and validation, which reflects the model’s ability to minimize error throughout the learning
process.

The result on the model performance evaluation shown in Tabel 5 EfficientNetB2 models
retrieved the best classification capabilities, with accuracy 0.99%. In the other hand the precision, recall,
and F1 Score value between 0.99% this is indicating that the model work is consistently able to identify
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each motif accurately and correctly. However, the negative class recorded a slightly lower recall of
0.97%, suggesting the presence of minimal misclassification category.

Table 5. Model Performance Classification Report of EfficientNetB2 on Test Data

Classes Precision Recall F1-Score Support
Buketan 0.99 1.00 0.99 69
Jlamprang 0.99 1.00 0.99 71
Liong 0.99 0.99 0.99 71
Mega Mendung 1.00 1.00 1.00 71
Negative 1.00 0.97 0.99 69
Singa Barong 1.00 1.00 1.00 71
Tujuh Rupa 1.00 1.00 1.00 71
Macro Avarage 0.99 0.99 0.99 493
Weight Avarage 0.99 0.99 0.99 493
Accuracy 0.99 493

Confusion Matrix

- 35

B
Jamprang -
Mega Mendung -
Negatif -
Singa Barong -
Tujuh Rupa -

predicted Label

Figure 8. Confusion Matrix

The confusion matrix evaluation in Figure 8 illustrated the high performance of the classification
model, with perfect prediction achieved for six out of seven batik motif class. Batik negative class
exhibited misclassification, where three sample were incorrectly predicted Jlamprang motif. This aligns
with the previously observed marginally lower class for negative category. The minimal errors rate
underscores the robustness and reliability of the model in differentiating between district batik motifs.
However, the slight confusion between negative and Jlamprang suggested a potential visual similarity

between these patterns within the dataset.
Model Loss

— Train
16 Validation

0.0 25 50 15 10.0 125 150 175
Epoch

Figure 9. Accuracy Graph
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The training and validation accuracy analysis in Figure 9 reveals that the model achieves highly
effective learning performance, as evidence by the steady increase in training accuracy and the rapid
convergence of validation accuracy. Both matrixes attain values exceeding 0.99 by the final epochs,
with the minimal discrepancy between them, indicating the absence of significant overfitting. The early
improvement in validation accuracy suggests that the modal quickly identifies discriminative features
of the motif’s batik. Overall, these results confirm the model’s capability to generalize effectively while
maintaining excellent accuracy unseen data.

Model Accuracy

— Train _—

Validation

Accuracy
o o o
2 > 4

E=d
o

o
v

o
=

0.0 25 50 75 100 125 150 175
Epoch

Figure 10. Loss Graph

The loss in Figure 10 graph illustrates the evolution of both training and validation loss values
over the course of 20 training epochs. At the outset, the training loss (blue line) starts at approximately
1.65, while the validation loss (orange line) begins near 1.30. Both curves exhibit a rapid and consistent
decline within the initial epochs, signifying swift improvement in the model’s ability to minimize
classification errors.

As training progresses, the loss values for both the training and validation datasets decrease
steadily. By approximately the 10th epoch, both curves approach loss values below 0.20 and continue
to decline until stabilizing around 0.05 for training loss and even lower for validation loss by the final
epochs.

Importantly, the validation loss consistently tracks below the training loss curve throughout the
training process. This phenomenon suggests that the model generalizes effectively to unseen data and is
not overfitting. The parallel descent of both loss curves without significant divergence reinforces the
stability and reliability of the model’s learning process.

4. DISCUSSIONS

4.1. Comparing Result with State of The Art Models
Table 6. Accuracies of State-of-The-Art Model in Batik Classification

Author Model Dataset Accuracy
Muritno  and  Sri Modified Particle Swarm Optimization Pesisir Utara Java 94.03%
Winiarti (2025) (MPSO) Optimized CNN’s

Hyperparameters for Classification

Proposed Model EfficientNetB2 and Augmentation Data  Pesisir Utara Java 99%

The performance of the proposed model, as presented in Table 6, is compared with several state-
of-the-art models in the domain of batik image classification. The results demonstrate that the proposed
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model consistently achieves superior performance across several key evaluation metrics. Notably, it out
performs the comparative models in terms of accuracy, attaining an impressive rate of 99%. This result
highlights the effectiveness and reliability of the proposed model in accurately classifying batik image
instances, surpassing the capabilities of previously established approaches.

The use of the EfficientNetB2 architecture has significant implications for real-world
applications, particularly in domains that require high accuracy and computational efficiency.
EfficientNetB2 is designed using a compound scaling approach that optimally balances network depth,
width, and resolution, enabling the model to achieve high performance with a relatively small number
of parameters compared to conventional architectures.

In practice, EfficientNetB2 can be applied across various fields such as object detection, medical
image classification, pattern recognition in industrial products, and automated identification systems. Its
computational efficiency makes it ideal for deployment on resource-constrained devices, including
smartphones, loT devices, and edge computing systems.

Therefore, this result, implementing EfficientNetB2 not only enhances prediction accuracy but
also improves inference speed and energy efficiency, making it highly suitable for real-world
applications that demand fast response and low power consumption.

In this experiment augmentation used to helps the model become more generalizable, robust, and
accurate especially when the dataset is not very large or diverse. In this case experiment research
augmentation helps prevent overfitting by increasing the diversity of the training data without the need
to collect new samples. By applying transformations such as rotation, flipping, zooming, or brightness
changes, the model is exposed to many variations of the same image, forcing it to learn general and
meaningful features rather than memorizing specific details.

Research on batik images classification using CNN has promising used CNN’s model optimizer
using the same datasets a study by [21] develop an optimizer model MPSO (Modified Particle Swarm
Optimization improve the accuracy achieved 94.03%. The MPSO method successfully classified North
Coast Java batik images with high performance, achieving an accuracy of 94% from a total of 371 test
samples, where the model correctly predicted 349 samples. However, there are still classification errors
in certain classes, such as the Liong class, which recorded a recall of only 40%, likely due to the
similarity of motifs or colors with other classes, causing frequent misclassifications. Low precision
values in the Buketan and Negative classes further indicate that the model often makes incorrect
predictions for these categories. Although the overall accuracy is high, the class-wise performance
remains imbalanced. Additionally, MPSO requires a relatively long training time, and despite the high
accuracy, the low recall in the Liong class suggests that the optimization has not fully addressed the
issue of class imbalance.

The result of this study suggest that EffecientNetB2 effectively classifies Pesisir Utara Java Batik
motifs, achieving 100% accuracy and high precision and recall. The EfficientNetB2 model demonstrates
superior overall performance in recognizing batik image patterns with high accuracy and consistency,
significantly outperforming the MPSO method. Another advantage of EfficientNetB2 lies in its
practicality and efficiency, as its architecture is already optimized through transfer learning using
pretrained weights from ImageNet. Moreover, EfficientNetB2 does not require complex parameter
tuning. By understanding the interaction between these two methods and their impact on model
performance, the author can design and train a more effective model for the batik motif classification
task.

Although the accuracy of performance is relatively high, there are still some errors in
classification. Further analysis shows that classification errors in images of batik from Pesisir Utara
Jawa occur in the form of false negatives (FN), with 3 data points not recognized as negative but
predicted as Jlamprang. Conversely, false positive (FP) errors occurred in 3 negative classes that were
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incorrectly predicted as Jlamprang. This is possible due to the similarity of batik motif patterns with
almost identical visual curves. In this case, the model experiences confusion between classes when the
visual features overlap. For the CNN EfficientNetB2 architecture model, it tends to focus more on
pFatterns or shapes than colors, so if the patterns are similar, the model will be confused. However, the
overall accuracy rate remains very high, because the majority of predictions are right on the main
diagonal of the matrix. This shows that the model is able to distinguish patterns in almost all classes
very well, with minimal errors in one particular class.

The use of EfficientNetB2 in the real world has great potential to support various sectors in a
practical and efficient manner. In the batik industry, this model can be used to automatically recognize
motifs, thereby improving production quality and consistency. In the field of cultural preservation,
EfficientNetB2 assists in the classification and digitization of batik motifs for cultural documentation
and archiving. Additionally, its lightweight architecture allows for integration into mobile applications
and e-commerce platforms, making it easier for people to recognize batik motifs in real-time. This model
is also useful in education and tourism through interactive media that introduces the history and meaning
of batik motifs. Since it does not require complex parameter tuning, EfficientNetB2 is easy to implement
on various devices, making it an effective, flexible, and efficient solution for real-world applications.

5. CONCLUSION

The study successfully proposed an optimal combination technique of data augmentation to
improving classifying Pesisir Utara Java batik motifs, this model EfficientNetB2 successfully
demonstrate the effectiveness model architecture. This model work achieving 99% accuracy across 7
Pesisir Utara Java batik motifs, with precision and recall score of at least 0.97% for all classes.

This study still has several limitations that can be opportunities for further development for future
researchers. Some suggestions for improvement include: using a larger and more diverse dataset to
obtain more representative evaluation results; exploring the EfficientNetB2 architecture on more
complex health datasets; and testing alternative architectures such as MobileNetV3, ResNet, and
ConvNeXt to find the most suitable model. In addition, the application of hyperparameter optimization
methods such as Random Search, Grid Search, and Bayesian Optimization can help improve model
performance. A more in-depth analysis of classification errors is also important to identify patterns that
are difficult to distinguish. By implementing these suggestions, future research is expected to produce a
batik image classification model that is more accurate, robust, and reliable in practice.

These finding contributes significant to the field of informatic computer science, especially to
develop of deep learning model for image batik classification. It' s also to culture heritage preservation
through digital documentation of batik pattern, as a science educational for young generation, and assist
in authentication and classification tasks. This is also can help for application batik industry and
commercial batik industry.
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