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Abstract
This study presents the integration of deep learning-based feature extraction with conventional machine
learning classifiers for automatically categorizing Indonesian batik patterns. The research utilizes five
traditional motifs: Alas Alasan, Kokrosono, Semen Sawat Gurdha, Sido Asih, and Sido Mulyo. Feature
extraction was conducted using three deep learning models: Inception V3, VGG16, and VGG19,
followed by classification through Logistic Regression and Support Vector Machines (SVM), with data
processing performed in Orange. Experimental results show that Inception V3 combined with Logistic
Regression achieved the highest classification performance, reaching 99.2% classification accuracy and
an F1-score of 0.992. These results confirm the effectiveness of deep feature embeddings in improving
the automatic classification of batik motifs. The study contributes to developing intelligent classification
frameworks, offering a scalable approach to cultural heritage preservation through technology. Future
work will focus on enhancing feature extraction methods and expanding the dataset to address motif

overlap challenges.

Keywords: Deep Learning, Batik Pattern Classification, Machine Learning Integration

1. Introduction

Batik, an Indonesian cultural heritage, has
garnered global recognition for its elaborate
designs and symbolic meaning, representing a
blend of craftsmanship and ftradition.
Nevertheless, the accurate identification and
classification of batik patterns remain challenging
because of their diverse and complex designs. We
widely employ logistic regression and support
vector machines (SVM) for classification tasks due
to their robustness in handling diverse data types.
Adding features from deep learning models that
have already been frained, such as VGG16,
VGG19, and Inception V3, makes it easier to spot
complicated visual patterns, which leads to a
significant boost in model performance. Using
Orange, a visual programming tool for data
mining, allows researchers to employ complex
approaches without extensive programming
expertise, thus rendering advanced analytics
more accessible to a broader audience (Alzahrani,
2022). This study tackles the urgent requirement
for an effective and precise batik categorization
system by combining deep learning attributes with
conventional classification techniques in Orange,
bridging a gap in existing research methodologies
(Ishak et al., 2020).

Initial studies focused on texture and colour
feature extraction using ftraditional image
processing techniques, achieving significant
outcomes in distinguishing basic patterns
(Meranggi et al.,, 2022)(Salsabila et al., 2023).
Batik classification studies through image
processing continue to be developed (Winarno et
al., 2022). Machine learning, on the other hand,
has made it easier to use classifiers like Support
Vector Machines (SVM) and Decision Trees to
improve  accuracy by using extracted
characteristics (Winarno et al., 2022)(Azhar et al.,
2021)(Divyanth et al., 2022). Moreover, deep
learning has transformed the domain, with
convolutional neural networks (CNNs) facilitating
automatic feature extraction and pattern
identification, enhancing performance on intricate
designs. CNNs are a special type of deep learning
often applied to image processing (Rasyidi et al.,
2021). Using pre-trained models like VGG16,
VGG19, and Inception V3 for transfer learning has
improved performance by using many visual
features for batik-specific datasets. VGG is a
popular CNN architecture for classifying batik
(Filia et al., 2023). Consequently, these
improvements  highlight the necessity of
combining traditional and contemporary methods
to tackle the intricacies of batik image processing,
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thus safeguarding and promoting this cultural
heritage.

Research on batik pattern classification has
significantly progressed, highlighting several
methodologies to address the issues posed by the
complexity and diversity of batik designs (Minarno
et al., 2023), (Meranggi et al., 2022), (Maiyang &
Taqgyuddin, 2021). A preliminary study used
standard image processing methods, such as
texture and colour feature extraction, along with
classifiers, such as k-Nearest Neighbors (k-NN)
and Decision Trees, but the results were not very
good at telling patterns apart. Deep learning has
established convolutional neural networks (CNNs)
as pivotal instruments for automatically extracting
complex patterns from images. People frequently
employ pre-trained models like VGG16, VGG19,
and Inception V3 due to their ability to leverage
transfer learning, which modifies generic image
features for batik classification (Alahmadi et al.,
2022)(Divyanth et al.,, 2022)(Rasyidi et al,
2021)(Rasyidi & Bariyah, 2020). Hybrid
approaches that combine deep learning attributes
with traditional classifiers, such as SVM and
logistic Regression, have enhanced classification
efficacy (Rasyidi et al., 2021).

Moreover, technologies like Orange have
optimized complex  workflows, enabling
researchers to employ sophisticated data mining
techniques without requiring extensive coding
proficiency. The gains underscore the necessity of
integrating conventional and contemporary
approaches for precise batik pattern classification,
greatly aiding cultural preservation and industrial
innovation. This study explores the classification
of batik patterns, incorporating traditional and
modern methods to enhance the use of
technology in cultural heritage preservation. This
study combines deep learning features from
VGG16, VGG19, and Inception V3 into
conventional classifiers, such as logistic
Regression and SVM, implemented through
Orange. By combining pre-trained models for
feature extraction with traditional machine
learning, this study aims to create an accessible
and user-friendly framework.This study seeks to
tackle the difficulties of batik pattern categorization
by combining sophisticated deep learning
attributes with conventional machine learning
classifiers within an accessible platform, Orange.
This project aims to improve the accuracy and
efficiency of batik classification systems by
utilizing pre-trained models such as VGG16,
VGG19, and Inception V3, alongside robust
classifiers like Logistic Regression and SVM. This
strategy promotes the development of innovative
classification techniques while concurrently
supporting the preservation of Indonesia's cultural
heritage in the digital era. The outcomes of this
study are expected to provide significant insights

for academics and professionals in cultural and
technological fields while offering a scalable
solution for practical applications.

2. Research Methods

This study uses an extensive dataset of
batik patterns featuring five unique motifs, namely
Alas-alasan, Kokrosono, Semen Sawat Gurdha,
Sido Asih, and Sido Mulyo. Multiple patterns
exemplify each motif, each comprising ten
photographs obtained using a variety of cropping
approaches, thereby creating diversity and
enhancing the robustness of the dataset. The
Alas-alasan motif consists of seven distinct
patterns, each including ten cropped photographs
for seventy images. The Kokrosono motif consists
of six patterns, each represented by ten cropped
photographs, resulting in sixty images. The
Semen Sawat Gurdha motif consists of six
patterns, each with ten cropped photographs,
resulting in sixty images. The Sido Asih motif
includes a comprehensive array of ten patterns,
each comprising ten photographs, culminating in
a dataset of one hundred images. The Sido Mulyo
motif consists of ten patterns, each containing ten
photos, making a total of one hundred images for
this motif. This curated dataset encapsulates each
batik design’s subtle nuances and distinctive
features, offering a comprehensive basis for
categorising and studying traditional Indonesian
batik patterns (Minarno et al., 2023). The images
in Figure 1 to Figure 5 include comprehensive
illustrations of each motif design.

Source: Research Process

Figure 1. Alas-alasan Batik Pattern

Source: Research Process
Figure 2. Kokrosono Batik Pattern
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This dataset encompasses the intricate
characteristics of batik patterns, providing a robust
basis for feature extraction and classification. Step
1: Data Processing commences by gathering batik
pictures, turning them to grayscale to emphasize
patterns and textures, and cropping them to
preserve perspective diversity (Trisakti Akbar et
al., 2023)(Minarno et al., 2023)(Adelin & Sri
Handayani, 2020). Step 2: Import into Orange,
and Image Embedding involves integrating the
produced photos into the Orange data mining
platform. Step 3: Classification consists of
categorising the extracted features using two
machine learning algorithms: Support Vector
Machines (SVM) and Logistic Regression. Step 4:
Evaluate the classification performance outcomes
with accuracy, F1 score, precision, recall, and
Matthews correlation coefficient (MCC) (Danquah
et al,, 2025). Techniques like t-SNE illustrate
results by analyzing motif clustering and
confirming pattern distinctiveness. This systematic
approach creates a robust framework for
classifying batik patterns, utilizing deep learning
and machine learning to get enhanced accuracy
and significant insights into the characteristics of
Indonesian batik (L6 et al., 2020).

Source: Research Process
Figure 3. Semen Sawat Gurdha Batik Pattern

Step 1: Data Preprocessing (Search Images, Convert to
Grayscale, Crop)

Step 2: Import to Orange and Image Embedding (VGG16,
VGG19, Inception V3)

Source: Research Process Sion 3 Ol eation (VM and Losittie R ]
Figure 4. Sido Asih Batik Pattern tep 3: Classification (; and Logistic Regression)

Step 4: Result Analysis

Source: Research Process
Figure 6. Flowchart Batik Pattern Classification
Process

Step 1: Data Processing
Data processing is an essential phase in
batik image categorization. The procedure
commences with acquiring photos from three
distinct places to enhance the data and evaluate
AV the dataset representation utilizing various
Source: Research Proce traditional batik motifs. The chosen motifs
Figure 5. Sidho Mulyo Batik Pattern originate from the island of Java, specifically from
Central Java (Sido Mulyo and Alas-Alasan motifs),
West Java (Kokrosono motifs), and Yogyakarta
(Semen Sawat Gurdha and Sido Asih motifs). We
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then transform the collected images to grayscale
to highlight patterns and textures while reducing
computational complexity ; . Then, we cluster batik
from different viewpoints to generate pattern
variants. The more pattern variants, the more the
machine learns from the data, thus improving the
recognition of data variability and complexity.
These joint pretreatment steps ensure the dataset
is robust, diverse, and optimized for efficient
feature extraction and classification (Xu et al.,
2023).

Step 2: Import to Orange and Image Embedding

Next, the processed images are sent to the
Orange data mining platform. Importing grayscale
batik images. For image embedding in Orange
using unsupervised learning models, namely
VGG16, VGG19, and Inception V3. Inception V3,
VGG 16, and VGG 19 provide unique benefits for
classifying  batik patterns. Inception V3
demonstrates proficiency in managing
complicated and varied patterns owing to its multi-
scale feature extraction and computational
efficiency, rendering it suitable for elaborate batik
motifs. VGG 16, recognized for its efficient
architecture, is appropriate for repetitive or
straightforward batik designs, but VGG 19 offers
enhanced feature extraction for intricate patterns
but demands more processing resources.
Researchers employ the three models to analyze
the outcomes of their image evaluation.

Step 3: Classification

In stage 3 of the batik pattern classification
procedure, each model (Inception V3, VGG 16,
and VGG 19) is evaluated using logistic
Regression and an SVM through test scoring;
findings are represented in confusion matrices.
This stage assesses the models’ learning efficacy
by comparing actual and expected results. Next,
we calculate and analyze the distance between
data points using techniques of hierarchical
clustering, t-SNE, distance matrix, silhouette plots,
and MDS (Multidimensional Scaling). These
approaches improve understanding of model
performance by making it possible to see data
structures and interactions between patterns.
Figure 7 shows the data classification results,
which can later be shown using plot images,
charts, and statistical data.
Step 4: Result Analysis

During the result analysis phase, the
efficacy of the classification model is evaluated
utilizing standard statistical metrics: accuracy,
precision, recall, and F1 score for each model (V3,
VGG 16, and VGG 19). This document aims to
deliver a thorough evaluation of the efficacy of
each model in data processing. The confusion
matrix results from the logistic Regression and
SVM investigations are shown as a comparative

prediction table matrix for each batik pattern.
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Source: Research Process
Figure 7. Processing Data in Orange

The probability value ranges from 0 to 1.
The predictive value mapping caps the outcomes
at 100% and produces precise and reliable
findings. Forecasted outcomes: We use the t-SNE
plot image to observe the subsequent analysis
findings and assess the proximity between
patterns. We compare the V3, VGG 16, and VGG
19 classification models using standard metrics,
prediction matrix tables, and graphs to look at the
modelling results.

End

The objective of finalizing this process is to
consolidate the principal findings of the research,
encompassing a thorough analysis of the results
and their implications. This phase demonstrates
the optimal combinations of embedding models
(VGG16, VGG19, and Inception V3) and
classifiers (SVM and logistic Regression) for
classifying batik patterns, emphasizing their
efficacy with diverse and intricate designs. We
document all results and analyses from this study
as vital resources for academic inquiry,
establishing a foundation for subsequent
research. We advocate for enhancing the data
mining-based batik classification system to
advance the textile industry and optimize the
recording of Indonesian culture.

3. Results and Discussion

This methodology allows the study to clarify
the effectiveness of Inception V3, VGG16, and
VGG19 embedding in improving the classification
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accuracy and uniqueness of batik patterns, as
indicated by the measures of AUC, CA, F1 score,
Precision, Recall, and MCC. This methodology
connects intricate feature representation with
practical classification, showcasing the efficacy of
integrating deep learning embeddings with
conventional classifiers through a case study of
batik. The results compare the efficacy of Logistic
Regression and SVM classifiers utilizing features
derived from three pre-trained deep learning
models: Inception V3, VGG16, and VGG19.
Logistic Regression significantly outperforms SVM
across all measures (AUC, CA, F1, Precision,
Recall, and MCC) when utilized with the Inception

V3 model, achieving an AUC of 0.998 and a
classification accuracy (CA) of 0.992. Conversely,
SVM attains a somewhat reduced AUC of 0.997
and a CA of 0.974. In the context of VGG16,
Logistic Regression surpasses SVM, achieving an
AUC of 0.998 versus 0.992 and a CA of 0.967
compared to 0.91, demonstrating the efficacy of
Logistic Regression with VGG16 features.
Nonetheless, with VGG19, SVM attains
commendable results but fails to exceed Logistic
Regression, which retains an AUC of 0.996 and a
CA of 0.959, in contrast to SVM’s AUC of 0.994
and CA of 0.941.

Table 1. Result Of Deep Learning

Model

Deep Mach.1 ne AUC CA Fl1 Prec  Recall MCC

p Learning

Learning

Inception - “°ESUC 5908 0992 0092 0992 0992 0,99

V3 Regression
SVM 0,997 0,974 0974 0976 0,974 0,968

Logistic
VGG 16  Regression 0,998 0,967 0,967 0,967 0,967 0,958
SVM 0,992 091 0911 0916 0,91 0,888

Logistic
VGG 19 Regression 0,996 0,959 0,959 096 0,959 0,948
SVM 0,994 0,941 094 0942 0941 0,926

Source: Research Process

Pairwise comparisons among models
utilizing  specific  statistical methodologies
underscore significant differences. In the context
of Inception V3, Logistic Regression exhibits a
considerable superiority over SVM, evidenced by
a significance value of 0.052 in pairwise
comparison, indicating that Logistic Regression
yields more reliable outcomes. In VGG16 and
VGG19, pairwise comparisons indicate a
preference for Logistic Regression, evidenced by
the lower comparison values (e.g., 0.066 for
VGG16 and 0.214 for VGG19).

The findings indicate that Logistic
Regression combined with features derived from
Inception V3 exhibits the most robust

performance, followed by its integration with
VGG16 and VGG19. Although SVM yields
competitive outcomes, Logistic Regression
consistently exhibits superior accuracy and
reliability in this investigation, establishing it as the
optimal classifier for batik pattern categorization
within this dataset.

The t-SNE (t-Distributed Stochastic
Neighbor Embedding) image illustrates the
grouping of batik patterns derived from features
retrieved with the Inception V3 model. Each data
point represents a picture of a batik motif, with
colours denoting the various motifs: Alas Alasan

(blue), Kokrosono (red), Semen Sawat Gurdha
(green), Sido Asih (Orange), and Sido Mulyo
(yellow).

®

Source: Research Process
Figure 8. t-SNE Inception V3

The t-SNE technique condenses the high-
dimensional characteristics derived from Inception
V3 into a two-dimensional space, maintaining
local commonalities among data points. The
visualization demonstrates that motifs are
predominantly  well-clustered, with  specific
groupings emerging for particular patterns like
Kokrosono and Alas Alasan, indicating that
Inception V3 proficiently captures the distinctive
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visual  characteristics of these  motifs.
Nevertheless, several regions exhibit overlap
among clusters, especially between motifs such
as Sido Asih and Sido Mulyo, potentially indicating
common design attributes or difficulties in
distinguishing features. This clustering pattern
underscores the efficacy of Inception V3 in

embedding significant features while also
revealing opportunities for enhancement in
classification.

Source: Research Process
Figure 9. t-SNE VGG 16

The t-SNE image illustrates the clustering of
batik patterns utilizing features derived from the
VGG16 deep learning model. Each point
represents a batik image, with colours indicating
distinct motifs: Alas Alasan (blue), Kokrosono
(red), Semen Sawat Gurdha (green), Sido Asih
(Orange), and Sido Mulyo (yellow). The high-
dimensional features obtained from VGG16 have
been condensed to two dimensions by the t-SNE
technique, maintaining the local associations
among data points. The visualization illustrates
distinctly defined clusters for many maotifs,
including Alas Alasan and Kokrosono, indicating
that VGG16 proficiently captures the distinctive
visual characteristics of these patterns.
Nevertheless, several overlapping clusters,
especially between Sido Asih and Sido Mulyo,
indicate common traits or constraints in feature
differentiation. This graphic underscores VGG16’s
potential to provide significant feature embeddings
while indicating regions where further refining or
feature improvement may be required to boost
motif separability.

The t-SNE image illustrates the clustering
of batik patterns utilizing features derived from the
VGG19 deep learning model. Each point signifies
a batik image, with colours denoting various
motifs: Alas Alasan (blue), Kokrosono (red),
Semen Sawat Gurdha (green), Sido Asih
(Orange), and Sido Mulyo (yellow). VGG19
generates a high-dimensional feature space that
the t-SNE technique reduces to two dimensions,
thereby preserving local similarities.

Source: Research Process
Figure 10. t-SNE VGG 19

This depiction delineates the clusters,
particularly for motifs like Alas Alasan and
Kokrosono, demonstrating that VGG19 effectively
recognizes the unique attributes of these patterns.
Nonetheless, considerable overlaps between
specific motifs, particularly Sido Asih and Sido
Mulyo, may suggest shared design characteristics
or challenges in differentiating similar elements.
This indicates that while VGG19 provides strong
embeddings for classification, there is room for
improvement in differentiating motifs with subtle
visual similarities.

The graphic illustrates VGG19’s capability
in feature representation while identifying areas
for improvement in pattern separability. The t-SNE
representations of features from the Inception V3,
VGG16, and VGG19 models show how well deep-
learning embeddings can hold the complicated
features of batik patterns. Each model exhibits
robust clustering for specific motifs, such as Alas
Alasan and Kokrosono, underscoring its capacity
to discern diverse patterns. The overlap of motifs
such as Sido Asih and Sido Mulyo illustrates the
difficulty in distinguishing them due to their similar
appearances. This indicates that feature refining
or classifier optimization may be enhanced.
Inception V3 and VGG16 demonstrate superior
motif separability relative to VGG19, with each
model providing significant insights into the
distinctive characteristics of batik patterns. These
findings demonstrate the potential utility of deep
learning embeddings in analysing cultural assets.
They illustrate the significance of continually
enhancing the system to eliminate overlapping
clusters and augment classification accuracy.

This research demonstrates the efficacy of
integrating deep learning feature extraction with
machine learning classifiers for classifying batik
patterns. By using pre-trained VGG16 and VGG19
models for feature extraction and combining them
with Support Vector Machines (SVM) and logistic
Regression, the classification performance was
better than that of many traditional methods and
previous hybrid approaches. This work
demonstrated a significant enhancement in
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classification accuracy (CA), F1-score, and
Matthews Correlation Coefficient (MCC) relative to
the last research employing handmade
characteristics such as colour extraction and
texture analysis (Meranggi et al., 2022)(Salsabila
et al.,, 2023). This indicates that deep feature
representations effectively capture the delicate
features of batik patterns.

The results of this study are also in line with
the new trend in the use of transfer learning in
image classification. Basic machine learning
models have been used frequently in previous
studies, including k-nearest Neighbors (k-NN) and
Decision Trees; however, they are ineffective due
to the complex characteristics of batik designs.
This study’s use of t-SNE visualization proved that
VGG16 and VGG19 can embed patterns into a
clear high-dimensional space, making it easier to
group motifs like Alas Alasan, Kokrosono, and
Sido Mulyo. Despite observing overlaps in specific
clusters, particularly between analogous designs
like Sido Asih and Sido Mulyo, the improved
accuracy compared to earlier handcrafted
techniques underscores the importance of utilizing
deep learning in batik research.

This study demonstrated that SVM
consistently outperformed logistic Regression
across all metrics, including AUC, CA, and MCC,
for both VGG16 and VGG19 features. These
findings validate the efficacy of SVM in managing
high-dimensional and intricate feature spaces
produced by deep learning models. Moreover, the
incorporation of logistic Regression facilitated a
comparison, demonstrating that, although simpler
classifiers can attain acceptable accuracy, they
are inadequate for discerning complex patterns.
This research broadens the application of deep
learning in cultural heritage preservation by
concentrating on batik patterns and assessing
various motifs from different locations, in contrast
to prior studies focusing on cloth pattern
identification or traditional motifs (Jati & Hariyadi,
2021).

The study illustrates the accessibility of
advanced data mining approaches by integrating
tools such as Orange, allowing researchers
lacking considerable programming skills to utilize
cutting-edge methodologies. These findings
contribute to advancing cultural heritage
preservation and highlight the potential of
integrating deep learning and machine learning in
similar fields. Future research could concentrate
on overlapping clusters to enhance the model's
generalizability. This research demonstrates the
efficacy of integrating deep learning feature
extraction with conventional machine learning
classifiers for batik pattern categorization. Utilizing
features from pre-trained models (Inception V3,
VGG16, and VGG19), logistic Regression and

SVM exhibited improved performance metrics,
while the specific outcomes were contingent upon
the embedding model employed. Inception V3
consistently produced exceptional results, with
logistic Regression achieving the highest
classification accuracy (CA) of 0.992 and an F1
score of 0.992, exceeding SVM in most metrics.
This demonstrates the effectiveness of Inception
V3 in recognizing complex batik pattern features.
The strong performance of VGG16 with logistic
Regression outperforms SVM in classification
accuracy and precision, reflecting the ability to
generate significant feature embeddings for
classification. While effective, VGG19 performs
worse than Inception V3 and V16, with overlap in
the t-SNE Vvisualization indicating difficulty
distinguishing motifs with little similarity. Logistic
Regression consistently outperformed SVM in all
models, demonstrating its suitability for this
dataset and task. The t-SNE visualizations
validate these findings, revealing distinct
groupings for particular motifs and highlighting
areas of overlap that may necessitate additional

refinement. The results demonstrate that
integrating deep learning embeddings with
traditional  classifiers can  improve the

conservation of cultural artefacts. Their findings
suggest that the categorization of batik motifs
needs refinement.

4. Conclusion

This research illustrates the potential of
integrating deep learning feature extraction with
conventional machine learning classifiers for batik
pattern classification. The study attains excellent
accuracy and robust classification performance by
utilizing features derived from pre-trained models
like Inception V3, VGG16, and VGG19, in
conjunction with Logistic Regression and SVM.
Inception V3 shows the highest accuracy, with
logistic  Regression  achieving maximum
classification accuracy (0.992) and F1 score
(0.992). This indicates that Inception V3 can
identify complex batik patterns. Meanwhile,
VGG16 shows strong performance, especially
with logistic Regression, which underlines its
effectiveness in substantial feature extraction.
VGG19, although efficient, encountered difficulties
in distinctly differentiating motifs with nuanced
visual similarities, as demonstrated by overlapping
clusters in the t-SNE visualizations. Logistic
Regression significantly surpassed SVM in all
models, demonstrating its appropriateness for this
dataset. The results underscore the significance of
integrating models to enhance motif separability
and precision, while t-SNE visualizations offer
essential insights into clustering efficacy. This
study enhances Al-driven cultural heritage
preservation by providing a scalable framework for
analysing and classifying batik motifs. Future
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studies may strengthen the embedding to resolve
overlapping clusters, investigate alternative deep
learning architectures, and optimise the dataset to
augment generalization.
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