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ABSTRACT

This study proposes the Batik-GLCM-PCA Model (BGP-Model), a hybrid feature-engineering framework
that integrates the Gray Level Co-occurrence Matrix (GLCM) for texture feature extraction with
Principal Component Analysis (PCA) for dimensionality reduction. The BGP-Model was evaluated under
two scenarios: classification using raw GLCM features and classification using PCA-reduced features,
tested across three classifiers Naive Bayes (NB), Random Forest (RF), and Support Vector Machine
(SVM). Experimental results demonstrate that the BGP-Model significantly improves classification
performance, particularly for SVM (accuracy improved from 56.11% to 94.44%) and NB (from 78.33% to
85.00%). Although RF achieved its best performance (98.61%) with raw GLCM features, it experienced a
slight decrease (93.89%) after dimensionality reduction. These findings confirm that the hybrid GLCM-
PCA approach in the BGP-Model enhances classification accuracy, especially for algorithms sensitive to
high-dimensional features, and contributes to the advancement of automated Batik motif recognition and
the digitization of cultural heritage.

Keywords-BGP-Model; Batik motif recognition; GLCM; PCA; machine learning classifiers; cultural heritage

digitization

I.  INTRODUCTION

Batik is a traditional Indonesian textile art form, renowned
for its intricate motifs and symbolic meanings [1], as well as its
deep cultural significance in Indonesian heritage [2]. Among
the diverse Batik designs, the Parang motif is one of the oldest
and most iconic, distinguished by its diagonal repetition and
structured visual rhythm [2]. Due to these distinctive visual
patterns, the Parang motif is particularly suitable for texture-
based image classification tasks, especially when using
analytical techniques such as Gray Level Co-occurrence Matrix
(GLCM) [3] and orientation-aware feature extraction [4]. The
three Parang motifs used in this study are shown in Figure 1.

Driven by the digital transformation of Industry 3.0 and 4.0,
advanced technologies such as Computer-Aided Design
(CAD), Augmented Reality (AR), and digital archiving have
been increasingly employed to preserve and promote Batik
heritage [2]. This digital shift has also stimulated research in
automated Batik recognition systems, particularly for cultural
documentation [3], e-commerce authentication, and education
platforms [5]. In this context, the proposed Batik-GLCM-PCA
Model (BGP-Model) supports real-world applications such as

Batik authentication, heritage recognition, and educational
tools through automated motif classification.

L

Fig. 1. Batik Parang motifs, including Parangsloboh, Parangtuding, and
Parangklitih.

Texture analysis plays a central role in Batik classification,
with the GLCM being one of the most widely used feature
extraction methods [6]. GLCM captures second-order statistical
texture features based on pixel spatial relationships [7] and has
shown effectiveness across domains, including Batik
recognition [3, 4], and texture-rich image analysis [8].
However, GLCM often produces high-dimensional feature
spaces, which may introduce redundancy and lead to
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overfitting in machine learning models [6]. To address this
limitation, dimensionality reduction techniques such as
Principal Component Analysis (PCA) are commonly employed
to preserve significant variance while reducing dimensionality
[9-11].

The integration of GLCM and PCA has shown promising
results in several texture-rich domains [8, 9, 11], including
traditional textile recognition [12]. Building upon these
findings, this study introduces the BGP-Model as a novel,
domain-specific framework for Batik motif classification.

At the classification stage, algorithms such as Naive Bayes
(NB), Random Forest (RF), and Support Vector Machine
(SVM) are extensively applied. SVM is well-suited for high-
dimensional data such as GLCM features [3, 4], and has been
successfully applied in Batik classification tasks [3, 12]. RF,
with its ensemble learning mechanism, enables robust
generalization across diverse datasets [13], whereas NB
remains a practical choice in scenarios requiring computational
efficiency or where training data are limited [14]. Table I
provides a summary of selected studies on Batik classification
using these techniques.

TABLE L. RELATED WORKS ON BATIK CLASSIFICATION
Study Feature Reduction | Classifier Motif(s) Ac?;:)a cy
[12] | GLCM + PCA PCA SVM-RBF Troso 92.00
151 | cLem None |KNN,svm| Batk 87.23

(unspecified)
B3] | oLem None SVM Batik 90.00
(multiclass)
[14] Statistical None NB, RF  |Batik (binary)| 89.00
This | BPG-Model |PCA (24—4| NB, RF, 3 Parang 98.61
study | GLCM + PCA| comps.) SVM motifs )

SVM-RBF: SVM with a Radial Basis Function (RBF), KNN: k-Nearest Neighbors.

Table I highlights that most prior studies focused on limited
motif types or applied only a single classifier, leading to
restricted generalization of their findings. In contrast, this study
introduces a multi-motif dataset comprising three Parang
motifs and evaluates multiple classifiers using features derived
from the optimized BGP-Model. While the integration of
GLCM and PCA has demonstrated promising results in other
domains [8, 9, 11], its potential for handling the complex and
repetitive  structures of Parang Batik motifs remains
underexplored.

To address these gaps, this study proposes the BGP-Model,
a hybrid feature engineering framework that integrates GLCM
and PCA for optimized texture representation. The processed
features are classified using SVM, RF, and NB, enabling
comparative evaluation on a grayscale dataset comprising three
Parang motifs.

The novelty of this work lies in three main contributions.
First, a dedicated grayscale dataset of three distinct Parang
motifs was constructed to provide a reliable basis for
experimentation. Second, the BGP-Model formalizes the
integration of GLCM features with PCA as a domain-specific
framework for Batik recognition. Third, a comprehensive

comparative evaluation was conducted using multiple
classifiers on both raw and PCA-reduced features.

These contributions not only support the development of
intelligent Batik recognition systems for heritage digitization,
textile authentication, and educational applications, but also
introduce a methodologically novel integration of GLCM and
PCA as a unified, task-specific feature-engineering pipeline for
texture-based classification.

II. RESEARCH METHODOLOGY

A. Dataset Description

This study uses a dataset consisting of 1,200 grayscale
images of three Parang Batik motifs (Parangsloboh,
Parangtuding, and Parangklitih), collected from Kaggle [16,
17], GitHub [18], and publicly available digital repositories,
including the Batik Nitik 960 dataset [19], the Batik Lasem
Motifs dataset [20], and Batik 300 [21]. Every image was
individually tagged, reduced to 64 x 64 pixels, and divided into
two sets: 70% for training and 30% for testing. Although the
80:20 ratio is frequently adopted in the literature [22], a 70:30
split was selected in this study. This decision was motivated by
the relatively moderate dataset size (1,200 images), where
allocating a larger portion for testing helps reduce bias in
performance measurement and ensures a more reliable
assessment of the model's generalization ability.

B. Preprocessing
The preprocessing phase included two steps:

e Grayscale conversion: The RGB images were converted
into grayscale using the standard luminance formulation
[23]. This approach assigns different weights to the red,
green, and blue components, reflecting the human visual
system's varying sensitivity to these colors. Specifically, the
eye is most sensitive to green, moderately sensitive to red,
and least sensitive to blue. In light of this, the
transformation uses the coefficients 0.299 for red, 0.587 for
green, and 0.114 for blue, producing the equation that
follows:

G = (0.299 -Red + 0.587 - Green + 0.114 - Blue) (1)

This ensures that the grayscale image preserves perceptual
brightness in a way that aligns with human vision rather
than treating all three-color channels equally.

e Data augmentation: Data augmentation techniques such as
rotation, flipping, zooming, and brightness adjustments are
widely used to improve data diversity and reduce
overfitting [5]. Beyond these traditional methods,
Generative Adversarial Network (GAN)-based
augmentation approaches have also been shown to be
effective in broader domains, including Batik [24] and
medical imaging [25], and can be adapted to enrich Batik
datasets.

C. Feature Engineering

The proposed BGP-Model formalizes feature engineering
into two integrated stages:
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e GLCM feature extraction: Texture information was
extracted using the GLCM computed at four orientations:
0°, 45°, 90°, and 135°, with a pixel distance of 1. From
each direction, six statistical features were derived: contrast,
dissimilarity, homogeneity, correlation, Angular Second
Moment (ASM), and energy [7, 26], resulting in 24 features
per image. Multi-directional GLCM enhances the model's
ability to capture complex variations, whereas the 0°
orientation is particularly significant for Parang motifs due
to their strong horizontal structures [4, 8].

e PCA-based dimensionality reduction: To minimize feature
redundancy, PCA was applied to the 24-dimensional
feature vectors [9, 10]. Features were standardized, and a
covariance matrix was computed to normalize scale. The
top four principal components were retained, cumulatively
capturing over 95% of the dataset variance [9, 11]. This
ensures a compact yet informative feature representation.

D. Classification Models

Three supervised classifiers were employed to evaluate
features derived from the BGP-Model:

e NB: Based on Bayes' theorem, NB computes posterior
probabilities from priors and likelihoods [14]:

P(X|H)-P(H) _
= PHIX) @)

where P(H|X) is the posterior, P(X|H) is the likelihood,
P(H) is the prior, and P(X) is the evidence.

e RF: An ensemble of decision trees using bagging and
random feature selection for robust classification [13].

e SVM: Determines the optimal separating hyperplane in
high-dimensional feature space [3, 4]. The following
equation defines this decision boundary:

Wx+b=0 3)

where W represents the weight vector, x is the input feature
vector, and b is the bias.

E. System Workflow and Experimental Setup

1) System Architecture

The overall system architecture workflow of the BGP-
Model is presented in Figure 2. A total of 1,200 grayscale
images were preprocessed, features extracted via GLCM, and
reduced with PCA into four principal components. Both raw
GLCM features and PCA-optimized features derived from the
BGP-Model were classified using NB, RF, and SVM. The
predicted motif labels were then compared with the ground
truth to compute accuracy, precision, recall, and F1-score.

2) Experimental Scenarios

Two experimental scenarios were designed:

e Path A: Classification using the raw GLCM features (24
features).

e Path B: Classification using PCA-optimized features
derived from the BGP-Model (4 dimensions).

This setup enables comparative analysis of classification
performance with and without dimensionality reduction.

INPUT
Data Collection
Batik Parang Images (1200
images

v

Pre-procesing data

Augmentation | Grayscale

Feature Extraction GLCM

(24 Fitur)
. Training test split .
FPath A: ﬁ 70%-30% ﬁpath B:
Raw GLCM BGP-MODEL
(24-D) (4-D)

v v

Classification Classification

NB,RF,S5VM NB,RF,SVM

v v

Evaluation A Evaluation B

Test set: Accuracy,
Precision,
Recall, F1-Score)

Test Set: Accuracy,
Precision,
Recall, F1-Score)

OUTPUT

the predicted
& class label -
Performance
evaluation

Fig. 2. System architecture: input—output workflow of the BGP-Model for
Batik classification.

F. Model Training and Evaluation

All models were trained using 70% of the dataset, whereas
30% was reserved for testing [22]. Optimized classifier training
was performed on both raw and BGP-Model-derived features
to effectively represent Batik Parang characteristics.

G. Evaluation Metrics

The performance of the classification model was assessed
using widely adopted metrics, namely accuracy, precision,
recall, and the F1-score [27, 28]. Performance was evaluated
using the following four standard metrics.

Accuracy measures the proportion of correct predictions
relative to the total number of instances:

TP+TN
TP+TN+FP+FN

“

Precision quantifies the reliability of the model in
identifying positive cases:

Accuracy =

TP
TP+FP

Precision =

&)
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Recall (or sensitivity) evaluates the model's capability to
correctly detect all actual positive cases:

TP
TP+FN

Recall =

(6)

In the case of uneven class distribution, the F1-score is the
most appropriate evaluation metric, because it combines
precision and recall values in the form of a harmonic mean:

)

The choice of metrics depends on the dataset
characteristics. Accuracy is appropriate when classes are
relatively balanced, whereas F1-score provides more reliable
insights when dealing with imbalanced data [27].

2 x (Precision x Recall)

F1 — score = —
Precision + Recall

H. Comparative Setup

The effectiveness of dimensionality reduction was assessed
by comparing:

e Raw GLCM features (24-D)
e Optimized features derived from the BGP-Model (4-D)

Each classifier (NB, RF, SVM) was evaluated under both
scenarios using accuracy, precision, recall, Fl-score, and
training time.

1. Output

The system outputs the predicted class label (Parangsloboh,
Parangtuding, or Parangklitih) for each image. Comparative
evaluation demonstrates the trade-off between feature
complexity and classification performance, highlighting the
effectiveness of the BGP-Model in optimizing recognition.

III. RESULTS AND DISCUSSION

A. Experimental Setup

The dataset used in this study consists of 1,200 grayscale
images of three classes of Parang Batik motifs: Parangtuding,
Parangsloboh, and Parangklitih, with 400 images per class [16].
All images were resized to 64 x 64 pixels to standardize input
dimensions for the model.

During preprocessing, grayscale conversion and data
augmentation techniques such as rotation, scaling, brightness
adjustment, and shifting were applied to enhance data diversity
and reduce overfitting. These augmentation steps ensure that
the model can generalize better across variations in Batik
patterns. Feature engineering was conducted using the BGP-
Model, which integrates GLCM for texture feature extraction
and PCA for dimensionality reduction. Subsequently, three
supervised classifiers, NB, RF, and SVM, were employed for
classification.

B. Classification Results
Three classifiers (NB, RF, and SVM) were trained using a
70:30 split. Comparative evaluations were conducted between

raw GLCM features and features extracted and optimized
through the BGP-Model, which integrates GLCM and PCA.

Table II presents the macro-averaged accuracy and training
time for each classifier, whereas Table III presents precision,

recall, and F1-score, derived from the confusion matrices. RF
performed best on raw GLCM features, whereas SVM
benefited from PCA-optimized features generated by the BGP-
Model.

TABLE IL ACCURACY AND TRAINING TIME OF
CLASSIFIERS
Classifier Feature set Accuracy Training time
(%) (s)

NB GLCM 78.33 0.0016
NB BGP-Model 85.00 0.0014
RF GLCM 98.61 0.3501
RF BGP-Model 93.89 0.3254
SVM GLCM 56.11 0.0417
SVM BGP-Model 94.44 0.0205

TABLE III. PRECISION, RECALL, AND F1-SCORE (MACRO-
AVERAGED) OF CLASSIFIERS
Classifier | Feature set Pr?%s)l on R(i/cgll Fl(- (s%f())re
NB GLCM 78.79 78.33 78.37
NB BGP-Model 86.11 85.00 84.09
RF GLCM 98.65 98.61 98.61
RF BGP-Model 94.18 93.89 93.82
SVM GLCM 63.54 56.11 57.18
SVM BGP-Model 95.01 94.44 94.40

C. Performance Analysis

The BGP-Model significantly improved the performance of
both SVM and NB classifiers, especially SVM, whose
accuracy increased from 56.11% to 94.44%. NB achieved an
increase from 78.33% to 85.00%. Figure 3 shows the
comparative accuracy of all three classifiers, clearly illustrating
the impact of the BGP-Model in optimizing simpler classifiers.

Classifier Accuracy Comparison

. GLCM 05.61%
1.0{ Wmm BGP_Model = AN
85.00%
0.8
)
g 061
=
H
v
<
0.44
0.2
0.0+
Naive Bayes Random Forest SVM
Classifier
Fig. 3. Comparative accuracy of all three classifiers: NB, RF, and SVM.

In contrast, RF achieved its best performance using raw
GLCM features (98.61%) and experienced a slight decrease
after PCA (93.89%). This result highlights that while
ensemble-based models like RF are inherently robust to
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redundant features, the BGP-Model is more advantageous for
classifiers that benefit from compact, discriminative
representations such as SVM.

D. Confusion Matrix Analysis

To further validate classification performance, confusion
matrices were constructed for each experimental setup. Figure
4 shows the SVM confusion matrix based on features extracted
via the BGP-Model, in which 119 out of 120 Parangtuding
samples were correctly classified. This demonstrates the BGP-
Model's ability to reduce misclassifications across visually
similar Parang motifs.

Confusion Matrix - SVM (BGP_Model)

parangklitih 1 100
80
v
o
©
=l parangsloboh - 16 2 - 60
Q
2
=
- 40
parangtuding - 1 -20
! ! -0
parang“““h Par,ngs\ob""‘ pa‘_angtumng
Predicted Label
Fig. 4. Confusion matrix of the SVM classifier using features derived

from the BGP-Model for Batik Parang motif classification.

For the Parangtuding class, performance metrics were
calculated as follows:

e Precision=119/(119 + 3) =97.54%
e Recall=119/(119+1)=99.17%
e Accuracy =340/ 360 = 94.44%

These results reinforce the effectiveness of the BGP-Model
in producing reliable classification outcomes.

Note: This confusion matrix represents the performance of
the SVM classifier using features derived from the BGP-
Model. Similar matrices were generated for all classifier
scenarios and were used to compute the performance metrics
reported in Tables IT and II1.

E. Sample Classification Results

Figure 5 presents representative classification results
produced by the SVM classifier using features derived from the
BGP-Model. Each image is annotated with its ground truth
label, predicted label, and classification outcome (correct or
incorrect). The examples include both correct classifications
(e.g., Parangsloboh, Parangtuding, Parangklitih) and
misclassifications, such as Parangsloboh being misclassified as

Parangklitih. These visualizations demonstrate that although
the BGP-Model substantially improves classification reliability,
challenges remain in differentiating visually similar Batik
motifs.

Actual:Ps
Pred:PS
Incorrect

Actual:PT
Pred:PT
Correct

Pred:PS
Correct

A\

Actual:PK Actual:PT

Actual:PK

Pred:PK Pred:PS Pred:PT
Correct Incorrect Correct
Fig. 5. SVM classification results using BGP-Model features. Each image

shows actual and predicted labels with classification outcome
(correct/incorrect). Abbreviations: PS = Parangsloboh, PK = ParangKlitih, PT
= Parangtuding.

IV. CONCLUSION

This study introduced the Batik-GLCM-PCA Model (BGP-
Model), which integrates the Gray Level Co-occurrence Matrix
(GLCM) for texture feature extraction and Principal
Component Analysis (PCA) for dimensionality reduction.
Using a dataset of 1,200 grayscale images of three Parang
motifs, the model reduced 24 GLCM features into 4 principal
components while preserving over 95% of the variance.

Results show that the BGP-Model markedly improved
Support Vector Machine (SVM) accuracy (56.11% — 94.44%)
and Naive Bayes (NB) accuracy (78.33% — 85.00%), whereas
Random Forest (RF) achieved the highest accuracy (98.61%)
using raw features. Compared to prior studies [3, 12, 14] that
focused on limited motifs or single classifiers, this work
provides a multi-motif dataset and demonstrates that the hybrid
GLCM-PCA pipeline can outperform existing approaches,
achieving up to 98.61% accuracy.

The novelty of this work lies in formalizing GLCM-PCA
integration as a domain-specific feature engineering framework
for Batik recognition and validating it across multiple
classifiers. Future research may extend this framework to
incorporate deep learning, larger motif collections, and real-
time or mobile implementations to further support Batik
digitization and heritage preservation.

ACKNOWLEDGEMENT

The authors express their deepest appreciation to Taylor's
University for funding this research.

www.etasr.com

Haryanto & Husin: Batik Motif Recognition Using the BGP-Model: A Hybrid GLCM-PCA Approach ...



Engineering, Technology & Applied Science Research

Vol. 16, No. 2, 2026, 33152-33157 33157

(11

(2]

(31

(41

(51

(6]

(71

(8]

[91

[10]

(11]

[12]

[13]

[14]

[15]

REFERENCES

D. M. S. Arsa, A. A. N. H. Susila, D. A. S. Dewi, N. P. Sutramiani, and
I. W. A. S. Darma, "Batik’s Pattern Recognition and Generation: Review
and Challenges," Jurnal Ilmiah Merpati (Menara Penelitian Akademika
Teknologi Informasi), vol. 10, no. 2, pp. 114-121, Aug. 2022,
https://doi.org/10.24843/JIM.2022.v10.102.p04.

W. Wesnina, M. Prabawati, and M. Noerharyono, "Integrating
traditional and contemporary in digital techniques: the analysis of
Indonesian batik motifs evolution," Cogent Arts & Humanities, vol. 12,
no. 1, Mar. 2025, Art. no. 2474845,
https://doi.org/10.1080/23311983.2025.2474845.

W. T. Puspitasari, D. C. R. Novitasari, and W. D. Utami, "Batik
Classification using Texture Analysis and Multiclass Support Vector
Machine," in Proceedings of the International Conference on
Mathematics and Islam - Volume 1: ICMIs, Mataram, Indonesia, 2018,
pp. 65-71, https://doi.org/10.5220/0008517300650071.

A. S. Aziz and F. A. I. A. Putra, "Effect of Features and Angle on Gray
Level Co-occurrence Matrix Feature Extraction on Accuracy for Object
Classification," SMARTICS Journal, vol. 8, no. 2, pp. 6672, Oct. 2022,
https://doi.org/10.21067/smartics.v8i2.7627.

I. D. Susanti, S. Winarno, and J. Zeniarja, "Yogyakarta Batik Image
Classification Based on Convolutional Neural Network," Advance
Sustainable Science, Engineering and Technology, vol. 6, no. 1, Jan.
2024, Art. no. 02401020, https://doi.org/10.26877/asset.v6il.18002.

A. Humeau-Heurtier, "Texture Feature Extraction Methods: A Survey,"
IEEE Access, vol. 7, pp- 8975-9000, 2019,
https://doi.org/10.1109/ACCESS.2018.2890743.

R. M. Haralick, "Statistical and structural approaches to texture,"
Proceedings of the IEEE, vol. 67, no. 5, pp. 786-804, May 1979,
https://doi.org/10.1109/PROC.1979.11328.

J. Zhou et al., "The Effects of GLCM parameters on LAI estimation
using texture values from Quickbird Satellite Imagery," Scientific
Reports, vol. 7, mno. 1, Aug. 2017, Art. no. 7366,
https://doi.org/10.1038/s41598-017-07951-w.

I. T. Jolliffe and J. Cadima, "Principal component analysis: a review and
recent developments,” Philosophical Transactions of the Royal Society
A: Mathematical, Physical and Engineering Sciences, vol. 374, no.
2065, Apr. 2016, Art. no. 20150202,
https://doi.org/10.1098/rsta.2015.0202.

P. More and P. Mishra, "Enhanced-PCA based Dimensionality
Reduction and Feature Selection for Real-Time Network Threat
Detection," Engineering, Technology & Applied Science Research, vol.
10, no. 5, pp. 6270-6275, Oct. 2020, https://doi.org/10.48084/etasr.3801.

S. Velliangiri, S. Alagumuthukrishnan, and S. I. Thankumar joseph, "A
Review of Dimensionality Reduction Techniques for Efficient
Computation," Procedia Computer Science, vol. 165, pp. 104—111, Jan.
2019, https://doi.org/10.1016/j.procs.2020.01.079.

D. A. Gustian, N. L. Rohmah, G. F. Shidik, A. Z. Fanani, R. A.
Pramunendar, and Pujiono, "Classification of Troso Fabric Using SVM-
RBF Multi-class Method with GLCM and PCA Feature Extraction," in
2019 International Seminar on Application for Technology of
Information and Communication (iSemantic), Semarang, Indonesia,
2019, pp. 7-11, https://doi.org/10.1109/ISEMANTIC.2019.8884329.

A. Faqih, M. J. Vikri, and I. A. Sa’ida, "Optimizing Gated Recurrent
Unit (GRU) for Gold Price Prediction: Hyperparameter Tuning and
Model Evaluation on Historical XAU/USD Data," Jurnal Sisfokom
(Sistem Informasi dan Komputer), vol. 14, no. 2, pp. 141-147, May
2025, https://doi.org/10.32736/sisfokom.v14i2.2352.

A. Fadlil, I. Riadi, and I. J. D. E. P. Putra, "Comparison of Machine
Learning Performance Using Naive Bayes and Random Forest Methods
to Classify Batik Fabric Patterns," Revue Dintelligence Artificielle, vol.
37, no. 2, pp. 379-385, Apr. 2023, https://doi.org/10.18280/ria.370214.

A. E. Minarno, F. D. S. Sumadi, H. Wibowo, and Y. Munarko,
"Classification of batik patterns using K-Nearest neighbor and support
vector machine," Bulletin of Electrical Engineering and Informatics, vol.
9, no. 3, pp- 1260-1267, June 2020,
https://doi.org/10.11591/eei.v9i3.1971.

[16]

[17]
[18]

[19]

[20]

[21]

[22]

[23

—

[24]

[25]

[26]

[27]

[28]

D. D. Hermansyah, "Indonesian Batik Motifs." Kaggle. [Online].
Available: https://www kaggle.com/datasets/dionisiusdh/indonesian-
batik-motifs.

M. Z. A. Amruloh, "Batik Parang." Kaggle. [Online]. Available:
https://www.kaggle.com/datasets/zunafif/batik-parang.

A. E. Minarno, "Batik." Github, Oct. 29, 2025. [Online]. Available:
https://github.com/agusekominarno/Batik.

A. E. Minamo, I. Soesanti, and H. A. Nugroho, "Batik Nitik 960 Dataset
for Classification, Retrieval, and Generator," Data, vol. 8, no. 4, Mar.
2023, Art. no. 63, https://doi.org/10.3390/data8040063.

V. J. Basiroen and 1. B. K. Manuaba, "Batik Lasem Motifs Collections
(Gunung Ringgit, Kricak, Latohan, Nyuk Pitu, Seritan)." Mendeley
Data, May 28, 2025, https://doi.org/10.17632/kw5b7d9zgn.5.

A. Minarno and N. Suciati, "Batik 300." Mendeley Data, Jan. 24, 2022,
https://doi.org/10.17632/vz7pzt2grf.1.

I. O. Muraina, "Ideal Dataset Splitting Ratios in Machine Learning
Algorithms: General Concerns For Data Scientists and Data Analysts,"
in 7th International Mardin Artuklu Scientific Researches Conference,
Mardin, Turkey, 2022, pp. 496-504.

Studio encoding parameters of digital television for standard 4:3 and
wide-screen 16:9 aspect ratios, Rec. ITU-R BT.601-7, 2011.

I. M. A. Agastya and A. Setyanto, "Classification of Indonesian Batik
Using Deep Learning Techniques and Data Augmentation," in 2018 3rd
International Conference on Information Technology, Information
System and Electrical Engineering, Yogyakarta, Indonesia, 2018, pp.
27-31, https://doi.org/10.1109/ICITISEE.2018.8720990.

M. Alghamdi and M. Abdel-Mottaleb, "Retinal Image Augmentation
using Composed GANS," Engineering, Technology & Applied Science
Research, vol. 14, no. 6, pp. 18525-18531, Dec. 2024,
https://doi.org/10.48084/etasr.8964.

R. M. Haralick, K. Shanmugam, and I. Dinstein, "Textural Features for
Image Classification," IEEE Transactions on Systems, Man, and
Cybernetics, vol. SMC-3, no. 6, pp. 610-621, Nov. 1973,
https://doi.org/10.1109/TSMC.1973.4309314.

D. M. W. Powers, "Evaluation: From precision, recall and F-measure to
ROC, informedness, markedness & correlation," Journal of Machine
Learning Technologies, vol. 2, no. 1, pp. 37-63, Jan. 2011,
https://doi.org/10.9735/2229-3981.

K. M. Sujon, R. Hassan, K. Choi, and M. A. Samad, "Accuracy,
precision, recall, f1-score, or MCC? empirical evidence from advanced
statistics, ML, and XAI for evaluating business predictive models,"
Journal of Big Data, vol. 12, no. 1, Dec. 2025, Art. no. 268,
https://doi.org/10.1186/s40537-025-01313-4.

www.etasr.com

Haryanto & Husin: Batik Motif Recognition Using the BGP-Model: A Hybrid GLCM-PCA Approach ...



