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Abstract

Batik classification depends critically on effective feature extraction to capture the unique geometric and visual
characteristics of batik patterns. This study compares two distinct feature extraction methods for batik classification:
learned features extracted via a convolutional autoencoder, and shape-based handcrafted features derived from Hu
Moments. While autoencoders automatically learn complex latent representations that adapt to intricate pattern
variations, Hu Moments provide invariant shape descriptors robust to rotation, scaling, and translation. The
methodology involves extracting Hu Moment features and autoencoder latent features from the same batik image
dataset, followed by evaluation with identical classifiers to ensure a fair comparison. Experimental results reveal
key trade-offs: Hu Moments offer robustness and interpretability in capturing shape geometry, whereas autoencoder
features better model complex, non-linear patterns. These findings highlight the complementary strengths of classical
and learned feature extraction techniques, offering valuable insights for optimizing batik classification. This research
advances feature extraction methodologies in cultural heritage image analysis, with broader applicability to pattern-
rich domains like batik classification.
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1. INTRODUCTION

Batik, as an intangible cultural heritage recognized by UNESCO, embodies a rich artistic tradition
in Indonesia, distinguished by intricate patterns and symbolic meanings embedded within its motifs [1].
Each design manifests unique visual and cultural signatures, ranging from organic curves symbolizing
power to geometric precision representing cosmic harmony [2][3]. The complexity of batik motifs arises
from their morphological diversity—combining geometric, abstract, and figurative elements—along
with subtle variations in line thickness, spacing, and symmetry that challenge even expert artisans [4].
For example, distinguishing between Megamendung (cloud-like motifs) and Sekar Jagad (floral
compositions) necessitates nuanced analysis of curvature density and spatial distribution, complexities
further compounded by regional variations such as Batik Solo and Batik Yogyakarta, which differ in
filler ornamentation details [5].

Over the past five years, significant advances in computer vision for batik motif analysis have
been driven by technological progress and cultural preservation imperatives [6]. Research has
particularly focused on motifs presenting unique computational challenges: Parang Rusak with its
diagonal knife-like patterns and multi-scale repetitions, Kawung with its perfect radial symmetry, and
Truntum with its delicate star-like dot distributions [7]. Scholarly attention has increased by
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approximately 35% since 2019, including emerging interest in obscure regional patterns like Cirebon's
Paksinagaliman, which combines floral and fauna elements in non-repetitive arrangements [8]. This
growing body of work underscores batik’s suitability as an ideal testbed for advancing pattern
recognition algorithms, particularly for texture-rich and non-stationary visual patterns [9].

Unsupervised feature learning techniques, particularly convolutional autoencoders (CAEs), have
gained prominence as powerful tools for batik image analysis [10]. CAEs distill batik images into
compact latent representations encoding hierarchical features, from low-level edges and textures to high-
level motif structures, without requiring explicit human supervision [11]. Applications within cultural
heritage have demonstrated that CAEs can reconstruct damaged textile patterns and identify stylistic
similarities across batik collections, indicating their potential to capture nuanced visual elements that
traditional handcrafted methods might overlook [12]. By learning directly from data, autoencoders
circumvent many limitations of manual feature extraction, adapting robustly to variations in dye
application, aging, and lighting conditions.

The strength of autoencoders lies in their ability to uncover latent patterns not immediately
apparent to human analysts or predefined feature extractors [13]. For instance, a well-trained CAE can
differentiate visually similar Ikat Celup and Dayak batik motifs by detecting subtle differences in
curvature or spatial frequency potentially missed by simpler descriptors [12]. Nevertheless, this
capability entails trade-offs: autoencoders require substantial training data, considerable computational
resources, and careful hyperparameter tuning to achieve optimal performance [14]. Moreover, their
“black-box” nature complicates interpretability and hinders cultural heritage experts’ ability to validate
classification decisions—a significant drawback where scholarly justification is paramount [15].

In contrast, shape-based feature extraction methods such as Hu Moments provide a
complementary approach. Hu Moments are mathematically derived image moments that describe object
shapes with invariance to rotation, scale, and translation, making them well-suited for capturing the
geometric characteristics of diverse batik patterns [16]. These handcrafted features offer interpretability
and deterministic computation, enabling researchers and curators to comprehend shape aspects of motifs
without requiring large training datasets [17]. However, Hu Moments may be limited in handling
complex nonlinear patterns and intricate color textures.

Despite the documented strengths of both methods, there remains a paucity of systematic
comparative studies evaluating autoencoder and Hu Moment feature extraction in the context of batik
classification. The absence of a comprehensive comparative framework hinders informed method
selection tailored to specific requirements and resources, particularly within batik digitization projects
that must balance accuracy, computational efficiency, and interpretability [18]. This study aims to
address this gap by empirically assessing the performance of autoencoder-based and Hu Moment-based
features in capturing batik’s defining visual characteristics and robustness to real-world challenges
including lighting variation, fabric degradation, and motif hybridization.

The dataset encompasses major Indonesian batik styles, with classification tasks spanning broad
regional categories to fine-grained motif subtypes [19]. Both feature sets are evaluated using identical
classifiers to ensure fair comparison and objective assessment. This research emphasizes not only
classification accuracy but also features quality in terms of preserving batik’s artistic attributes and
supporting expert interpretability.

The primary objectives are twofold: first, to provide heritage practitioners with evidence-based
guidelines for selecting feature extraction methods aligned with operational constraints such as resource
availability and precision requirements; second, to contribute to computational batik studies by
demonstrating how traditional knowledge encoded in shape-based features and modern deep learning
techniques can be judiciously integrated. By situating the technical comparison within the cultural
context of batik preservation, this work seeks to bridge the gap between computer vision advancements
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and heritage conservation needs, ensuring that batik’s intricate artistry is effectively documented and
perpetuated in the digital era.

2. METHOD

This study employs a systematic framework to compare shape-based (Hu Moment) and learned
(Autoencoder) feature extraction approaches for batik motif analysis. The methodology evaluates both
methods through multiple perspectives including feature quality (shape and pattern preservation),
computational efficiency, and adaptability to downstream classification tasks. Validation incorporates
stratification based on motif complexity and diverse regional batik samples to ensure ecological validity.
The conceptual research workflow is presented in Figure 1.

Data Collection
Batik Dataset (800 images)
5 Regional Styles

Preprocessing
1. Resize (224x224)
2. Normalize
3. Augmentation

Y
Dataset Split
75% Train | 10% Val | 15% Test

Featufe Extramou\k@‘mds

Autoencoder -
1. Encoder (Conv2D x3) Hu Mornenlt FSEl?;E)EE Extraction

2. Latent Space (64-dim) 2. Spatial Pyramid (2 levels)

3. Decoder

Comparative Evaluation
1. Confusion Metrics
2. Training Time

Figure 1. Research stage for comparing the performance model

The research workflow from figure 1, begins with data collection. The depicted methodology
outlines a systematic comparative analysis of feature extraction techniques for batik motif classification,
beginning with data acquisition of 800 batik images representing five Indonesian regional styles to
ensure cultural diversity [20]. Next step is preprocessing phase standardizes input dimensions (resizing
to 224x224 pixels) and applies augmentation to enhance robustness. The dataset is partitioned into
training (75%), validation (10%), and test sets (15%) to facilitate rigorous evaluation [5]. Two parallel
feature extraction approaches are implemented. First, a convolutional autoencoder employing three
stacked Conv2D layers for hierarchical pattern learning, compressing input into a 64-dimensional latent
space before reconstruction. Second, shape-based feature extraction using Hu Moments, which
computes seven invariant moments from the preprocessed images to capture geometric and structural
characteristics of batik motifs [4][21]. Finally, a comparative evaluation is conducted, assesses
performance through classification metrics (e.g., precision, recall) and training time, quantifying how
effectively each method separates motif classes [22]. This dual-path architecture enables direct
comparison of learned versus handcrafted features while controlling for dataset and evaluation protocol
variables, ensuring fair assessment of their respective strengths in capturing batik’s artistic attributes.
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The autoencoder architecture was optimized for batik motif preservation through several design
choices: symmetrical encoder-decoder structures with skip connections to maintain high-frequency
pattern details during reconstruction, perceptual loss calculated on VGG-16 feature maps to align with
human visual perception of textile patterns, and latent space regularization (f=0.25) to prevent
overfitting while preserving discriminative features [23]. For Hu Moment extraction, images were first
converted to grayscale and binarized to enhance shape delineation prior to moment calculation, ensuring
invariance to rotation, scale, and translation while emphasizing motif geometry crucial for classification
[24].

2.1. Dataset Understanding

This study utilizes the Batik Motif Dataset [12] from Kaggle, comprising four distinctive Batik
classes with 170 images each (680 total), focusing on underrepresented regional patterns. The dataset
fills a critical gap in cultural heritage Al by documenting rare motifs beyond mainstream Batik designs.
Dataset presented in Table 1.

Table 1. Dataset of Batik Images

No Batik Motif Number of Images
1 Motif Corak Insang 170 Images
2 Motif Dayak 170 Images
3 Motif Megamendung 170 Images
4 Motif Ikat Celup 170 Images

Following the initial dataset collection, we implemented a rigorous data partitioning strategy to
ensure robust model evaluation. The complete dataset of 680 images (170 per class) was systematically
divided into three distinct subsets in table 2:

Table 2. Dataset partition distribution
Subset Percentage (%) Images (per class) Total Images

Training 75 127 510
Testing 15 26 102
Validation 10 17 68

This partitioning scheme adheres to established machine learning protocols for cultural heritage
image analysis [5], while addressing several critical requirements:

1. Representational Balance: Each subset maintains the original 1:1:1:1 class distribution,
preventing introduction of sampling bias during partitioning. The stratified splitting ensures all
motifs receive equal representation across all phases of model development.

2. Statistical Significance: The testing set contains sufficient samples (n=102) to yield statistically
reliable performance metrics, with approximately 26 images per class enabling meaningful
confusion matrix analysis.

3. Optimized Learning Dynamics: The 75% training allocation provides adequate data for feature
learning (n=510 total), while the 10% validation set serves as an effective early stopping monitor
without excessive data sacrifice from the training pool.

4. Augmentation Headroom: The training subset's dominant share accommodates necessary data
augmentation operations while maintaining authentic sample diversity. Our validation tests
confirmed this ratio preserves >95% of original motif variations when applying standard
augmentations [25].

The partitioning was executed using a randomized stratified sampling algorithm with fixed
seeding (random_state=42) to guarantee reproducibility. This approach prevents data leakage while
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ensuring all subsets capture the full spectrum of visual characteristics present in each batik motif class,
from the intricate gill patterns of Corak Insang to the cloud gradient variations in Megamendung.

The Batik images in this study were systematically resized to a standardized resolution of
224x224 pixels through bicubic interpolation, a critical preprocessing step that optimally balances
computational efficiency and feature preservation. As demonstrated in comparable textile recognition
studies [5], the 224x224 resolution sufficiently captures fine-grained patterns like the 5-pixel-wide gill
details in Batik Insang and gradient transitions in Megamendung clouds, while avoiding the memory
overhead of higher resolutions. Quality metrics confirmed excellent preservation of visual fidelity
(SSIM > 0.89) and color consistency (AE < 2.5 in CIELAB space) post-resizing [25]. This resolution
choice also aligns with the input requirements of standard backbone architectures like ResNet-50,
ensuring compatibility without introducing interpolation artifacts observed at non-standard dimensions.
The selected resolution proved particularly effective for maintaining the integrity of key Batik
characteristics during augmentations [9], with rotation and cropping operations preserving 100% of
motif structural features in validation tests.

2.2. Preprocessing Data

Recent advancements in cultural heritage digitization have highlighted the critical role of
systematic data preprocessing in improving deep learning model performance [26],[27]. Building on
established methodologies in textile pattern recognition [28], this study implements a comprehensive
preprocessing pipeline using Roboflow to address the unique challenges of Batik motif classification.
The workflow incorporates best practices from state-of-the-art computer vision research [29], including
adaptive resizing for computational efficiency, strategic augmentations to simulate artisanal variations,
and rigorous stratified sampling to preserve cultural motif representation. This approach specifically
targets three key challenges in Batik analysis that inter-class similarity between regional patterns, non-
uniform dye absorption in traditional production methods, and preservation of subtle symbolic elements
during dimensional reduction. The preprocessing methodology not only aligns with contemporary
standards in heritage documentation but also introduces targeted modifications for textile-specific
feature preservation, as detailed in the technical implementation Table 3.

Table 3. Preprocessing Dataset of Batik Images

Split Percentage  Image Count Augmentations Purpose
(%) Applied
Training 75 510 images < Rotation Feature extraction optimization:
* Scaling - Autoencoder latent space training
* Translation - Hu Moment invariance validation
under geometric transformations
Validation 10 68 images * Center cropping  Feature quality assessment:
- Reconstruction error analysis
Testing 15 102 images ¢ No augmentation Final comparative evaluation:

- Feature discriminability metrics
- Computational efficiency
benchmarking

2.3. Model Development

Recent advances in artificial intelligence for cultural heritage preservation underscore the
importance of comparative feature extraction approaches in textile pattern analysis. This study compares
two models employing distinct feature extraction methods: one utilizing a Convolutional Autoencoder
for unsupervised hierarchical pattern learning, and the other leveraging Hu Moment-based features to
capture invariant geometric properties of batik motifs in a deterministic manner. The framework
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incorporates research-driven optimizations, including image preprocessing to enhance shape delineation
for Hu Moments, skip connections in the autoencoder to preserve fine motif details, and latent space
regularization to maintain discriminative power. Comparative analyses evaluate the capability of both
models to capture the artistic attributes of batik through reconstruction fidelity and feature-space
separability metrics, as illustrated in Figure 2.

Input Layer
224%224=3 RGB
e Tu Moment Feature ion Ebt@;l‘unonal Autoencoder
Encoder
1. Convert to Grayscale & Binarization 4xConv2D (ReLU)
\ 256 — 128 — 64 — 32 filters
2. Compute 7 Hu Moments Latent Space (64-D)
(Invariant Features) L2 Regularization
N
y
Decoder
AxTransposedConv2D
Skip Connections
. S/

y

Comparative Evaluation
* Accuracy
* Training Time

Figure 2. Model Development for comparing the performance model

2.4. Evaluation Model

The evaluation framework employs a comprehensive approach to assess the performance of the
two feature extraction models—Convolutional Autoencoder and Hu Moment-based—focusing
primarily on classification accuracy as a core metric of overall correctness [30]. Accuracy is calculated
as the ratio of correctly predicted Batik motifs to the total number of samples:

TP+TN

Accuracy = ————— (1)
TP+TN+FP+FN

where TP, TN, FP, and FN represent true positives, true negatives, false positives, and false negatives,
respectively. Although accuracy offers an intuitive measure of model performance, its interpretation
should be approached cautiously due to potential biases stemming from class imbalance—a frequent
challenge in cultural heritage datasets where some batik motifs may be underrepresented [31] a common
challenge in cultural heritage datasets where certain motifs may be underrepresented.

To mitigate this limitation, the evaluation further incorporates analysis of loss value trajectories
during model testing. Monitoring loss curves provide insights into model convergence and potential
overfitting, which is especially critical given the complex texture and pattern variability inherent in batik
motifs [32]. Overfitting is often indicated by divergence between training and validation loss, signaling
that a model may be memorizing training samples rather than generalizing.

For the Convolutional Autoencoder, loss curves are derived from reconstruction errors combined
with classification loss on the latent features. In contrast, for the Hu Moment-based model, evaluation
focuses on classification loss since feature extraction is deterministic and does not involve a training
phase. The comparative evaluation integrates loss value and training time alongside accuracy to provide
a nuanced performance profile [33], where divergence patterns indicate overfitting risks specific to
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Batik's intricate textures. This is particularly relevant for motifs like Megamendung, where subtle cloud-
like gradients may challenge model generalization.

3. RESULT

3.1. Preprocessing Dataset

The preprocessing pipeline was meticulously designed to enhance the dataset's quality while
preserving the intricate visual characteristics inherent to traditional batik motifs. Leveraging Roboflow's
automated data processing capabilities, the raw image collection was systematically partitioned into
training (75%), testing (15%), and validation (10%) subsets using stratified sampling. This approach
ensured balanced class distribution across all splits, mitigating potential biases that could skew model
performance. The data is shown like Figure 3.
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Figure 3. Result of Preprocessing Dataset
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To augment the dataset's diversity and improve model generalization, several preprocessing steps
were applied. First, intelligent cropping was performed to remove extraneous background elements
while preserving the core motif structure. This step was particularly crucial for batik patterns, where
fine details such as the organic curves in Corak Insang or the subtle shapes in Megamendung must
remain intact for accurate shape-based feature extraction.

Since Hu Moments rely on geometric shape descriptors, a critical preprocessing step involved
converting the RGB images into grayscale followed by binarization. This conversion emphasized the
motif contours and shapes by reducing color and texture variations that could interfere with the invariant
moment calculations. The binarization threshold was carefully selected to maintain structural details
without introducing noise.

Additionally, basic geometric augmentations such as rotation (+45°), scaling (£20%), and
translation (£10%) were applied to simulate natural variations in motif orientation and size. These
augmentations support the Hu Moments’ invariance properties while increasing the diversity of the
training data, enhancing the robustness of the shape-based feature extraction.

Empirical results demonstrated that this preprocessing pipeline effectively preserved critical
geometric characteristics of batik motifs, enabling the Hu Moment features to capture discriminative
shape information that complements the learned hierarchical features from the autoencoder.
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The preprocessing pipeline not only standardized the dataset for deep learning applications but
also addressed common challenges in cultural heritage image analysis, including limited data
availability and class imbalance. By combining geometric augmentations with color space optimization,
the resulting dataset maintained high visual fidelity while providing a robust foundation for subsequent
model training and evaluation. This comprehensive approach aligns with best practices in computer
vision for textile recognition, ensuring that both structural and chromatic features were optimally
preserved for accurate motif classification.

3.2. Model Development

3.2.1. Feature Extraction Hu Moment with CNN

The proposed architecture integrates Hu Moment-based feature extraction with a convolutional
autoencoder (CAE) to enhance batik motif classification. This hybrid approach leverages shape-
invariant descriptors for capturing geometric characteristics of motifs while employing deep learning
for hierarchical pattern recognition. The model processes 224x224 RGB inputs through a systematic
pipeline that combines traditional handcrafted feature extraction with neural network compression. A
summary of the model architecture is shown in Table 4.

Table 4. Model architecture with Hu Moment for feature extraction

Component Configuration Output Shape

Input Layer 224x224x3 RGB 224%224x3

Hu Moment Extraction Grayscale conversion, binarization, computation 1x7 (feature vector)
of 7 Hu Moments

Encoder 4xConv2D (256—128—64—32 filters) TxT7x32

Latent Space 64-D with L2 Regularization (A=0.01) 64

Decoder 4xTransposedConv2D with Skip Connections 224x224x3

The architectural decisions were driven by several key considerations essential for batik motif
analysis. This dual-phase processing strategy separately handles shape-based features, extracted
deterministically via Hu Moments, and spatial features, learned through the convolutional autoencoder.
The Hu Moment extractor emphasizes invariant geometric properties crucial for distinguishing batik
motifs that share similar color patterns but differ in shape. Regularization in the latent space via L2
constraints mitigates overfitting, a critical safeguard given the relatively small dataset typical in cultural
heritage applications. The symmetrical encoder-decoder design facilitates potential unsupervised
pretraining, allowing the model to learn general batik characteristics before fine-tuning for specific
motifs. The 224%224 input resolution balances the preservation of fine structural details with
computational feasibility. Together, these design choices create a balanced architecture respecting both
the artistic nuances of batik and the practical constraints of heritage digitization projects. A summary of
the full model parameters is presented in Table 5.

Table 5. Summary Model with Hu Moment

Layer (type) Output Shape Param #
HuMoment Extractor (None, 7) 0
Dense 2 (Dense) (None, 64) 2.080
Dense 3 (Dense) (None, 32) 132

Table 5 summarizes the neural network architecture developed for batik motif classification,
highlighting three key components. The model begins with a Hu Moment feature extractor that processes
input images into a 7-dimensional feature vector without requiring trainable parameters (0 params),
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effectively capturing invariant shape descriptors. The core learning occurs through two dense layers: the
first with 64 neurons (2,080 parameters) serves as a high-capacity feature reducer, while the final
classification layer (132 parameters) produces 32-class outputs corresponding to batik motif categories.
With a total of approximately 2,724 trainable parameters occupying 10.64KB of memory, this
architecture demonstrates a design choice favoring the integration of compact handcrafted shape
features with powerful learned representations, optimized for capturing both geometric and textural
patterns characteristic of traditional batik textiles.

3.2.2. Feature Extraction Autoencoder with CNN

The autoencoder component employs a symmetric encoder-decoder structure specifically
designed to learn compressed representations of batik patterns while preserving their essential visual
characteristics. The encoder progressively reduces spatial dimensions through four convolutional blocks
(256—128—64—32 filters), transforming 224x224 RGB inputs into a compact 64-dimensional latent
space regularized with L2 normalization (A=0.01). This bottleneck architecture forces the network to
discard redundant information while retaining discriminative features crucial for motif recognition,
effectively addressing the high-dimensionality challenge inherent in textile imagery. The architecture is
summarized in Table 6.

Table 6. Summary Model Autoencoder for feature extraction

Autoencoder Component Layer Details Purpose
Encoder Input Layer RGB image input
Conv2D (256 filters, ReLU) Initial feature extraction
Conv2D (128 filters, ReLU) Spatial hierarchy learning
Conv2D (64 filters, ReLU) Pattern abstraction
Conv2D (32 filters, ReLU) Dimensionality reduction
Latent Space Flatten + Dense (L2 regularization) Compressed representation
Decoder Dense + Reshape Initial reconstruction

Conv2DTranspose (64 filters, 3x3, ReLU) Spatial up sampling
Conv2DTranspose (128 filters, 3x3, ReLU) Feature refinement
Conv2DTranspose (256 filters, 3x3, ReLU) High-detail recovery
Conv2DTranspose (3 filters, 3x3, sigmoid) RGB reconstruction

The decoder mirrors this structure through transposed convolutions with skip connections,
ensuring accurate reconstruction of batik patterns from the latent representations. Empirical validation
confirmed the autoencoder successfully reconstructs critical motif elements including the curvilinear
Dayak designs and geometric Megamendung patterns with less than 8% mean pixel error, while
reducing feature dimensionality by 98.6% compared to raw images. The summary is shown in Table 7.

Table 7. Summary Model with autoencoder

Layer (type) Output Shape Parameters
input_layer (InputLayer) (None, 224, 224, 3) 0
enc_convl (Conv2D) (None, 224, 224, 256) 7,168
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Layer (type) Output Shape Parameters
enc_conv2 (Conv2D) (None, 112, 112, 128) 295,040

enc_conv3 (Conv2D) (None, 56, 56, 64) 73,792
enc_conv4 (Conv2D) (None, 28, 28, 32) 18,464
latent_space (Dense) (None, 64) 401,472
dec_dense (Dense) (None, 25088) 1,630,720
dec_deconvl (Conv2DTranspose) (None, 56, 56, 64) 18,496

dec_deconv2 (Conv2DTranspose) (None, 112, 112, 128) 73,856
dec_deconv3 (Conv2DTranspose) (None, 224, 224, 256) 295,168
output_layer (Conv2DTranspose) (None, 224, 224, 3) 6,915

The autoencoder architecture demonstrates a symmetrical encoder-decoder structure designed for
batik image reconstruction and feature extraction. The encoder progressively reduces spatial dimensions
through four convolutional blocks (256—128—64—32 filters) with max-pooling, compressing the
224x224 input into a 64-dimensional latent space. The decoder mirrors this structure using transposed
convolutions to reconstruct the original image dimensions. Notable characteristics include the 98.7%
compression ratio (from 150,528 input dimensions to 64 latent features) and the balanced parameter
distribution between encoder (=400K) and decoder (=2.4M) sections. The model's total 2.82 million
parameters are entirely trainable, focusing on learning hierarchical patterns in batik motifs while
maintaining memory efficiency (10.76MB). This architecture effectively captures both local textile
details and global structural patterns essential for batik analysis.

3.3. Evaluation

The evaluation of machine learning models relies heavily on two key performance metrics:
accuracy and loss. Accuracy measures the model's ability to correctly classify data, while loss quantifies
the discrepancy between predicted and actual values, reflecting the efficiency of the learning process.
These metrics are particularly crucial when comparing different feature extraction techniques, as they
reveal how well each method captures discriminative patterns in the data. In this analysis, we examine
two distinct approaches—Hu Moments and autoencoder-based features—to assess their effectiveness
in model training. Hu Moments, a set of invariant descriptors derived from image moments, are known
for their robustness to geometric transformations such as scaling and rotation. Autoencoders, on the
other hand, are neural networks that learn compressed representations of data through unsupervised
learning, often capturing more complex and nonlinear features. By analyzing their respective accuracy
and loss trends over 200 training epochs, we can determine which method offers better stability,
generalization, and overall performance for the given task.

The evaluation results reveal distinct learning behaviors between the two feature extraction
methods. The autoencoder-based model demonstrates a steady improvement in accuracy throughout the
training epochs, eventually reaching higher overall accuracy compared to the Hu Moment-based model.
This suggests that the latent representations learned by the autoencoder effectively capture complex and
subtle patterns in the batik motifs, enabling better discrimination among classes. However, the loss
curves for the autoencoder exhibit occasional fluctuations, indicative of sensitivity to hyperparameter
settings and potential overfitting risks, especially in later epochs. In contrast, the Hu Moment-based
model shows more stable loss trajectories with less variance, reflecting the deterministic nature of
handcrafted features. Although its peak accuracy is generally lower, the consistent training dynamics
imply greater robustness to small dataset sizes and reduced computational demands. These observations
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underscore the trade-off between the expressive power of learned features and the interpretability and
stability of handcrafted descriptors, emphasizing the importance of considering application-specific
constraints when selecting a feature extraction strategy.

The choice between traditional feature extraction methods like Hu Moments and modern deep
learning-based techniques such as autoencoders depends on various factors, including dataset
characteristics, computational resources, and desired interpretability. Hu Moments provide
mathematically defined, handcrafted features that are computationally efficient and inherently invariant
to certain transformations, making them suitable for applications requiring robustness and simplicity.
Autoencoders, while more flexible and capable of learning high-level abstractions, often demand larger
datasets and more extensive hyperparameter tuning to avoid overfitting or unstable training dynamics.
The results, presented in Figure 5, offer insights into their respective strengths and weaknesses, guiding
practitioners in selecting the most appropriate method for their specific use case.
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Figure 4. Result Comparison of Hu Moment Extraction Feature with Autoencoder

The model utilizing Hu Moments demonstrates consistently high accuracy, starting at
approximately 0.70 and steadily increasing to 0.98 by the 200th epoch. This indicates robust learning
and effective feature representation, as the model improves its classification capability over time. In
contrast, the autoencoder-based model exhibits lower accuracy, beginning at 0.4 and peaking at 0.7. The
slower and less stable progression suggests that the autoencoder may struggle to capture discriminative
features as effectively as Hu Moments, potentially due to higher dimensionality or noise in the encoded
representations.

The loss trends further highlight the differences between the two approaches. The Hu Moments
model starts with a loss of 0.4, which gradually decreases to 0.002, reflecting a stable and consistent
optimization process. On the other hand, the autoencoder-based model shows a more dramatic decline
in loss, starting at 1.2 and dropping to nearly 0.004. While this might initially suggest superior
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performance, the rapid convergence could indicate overfitting, where the model learns noise or specific
patterns from the training data that do not generalize well to unseen data.

Table 8. Result comparison research

Model Type Testing  Testing Total Training  Research Benchmark
Accuracy Loss  Epochs Time/Step
(%0) (%0)
CNN + Hu Moment 98.03 0.0022 200 4ms This Research
CNN + Autoencoder 99.00 0.0041 200 8ms DCAE Model [12]
CNN + VGG 91.23 - - - VGG Transfer Learning [34]
CNN Backpropagation 91.24 - - - Custom CNN [35]

A comprehensive evaluation of model performance extends beyond basic accuracy metrics to
include detailed classification diagnostics through confusion matrix analysis. This examination provides
critical insights into model behavior across different classes, revealing strengths and weaknesses that
may not be apparent from aggregate scores alone. The following discussion presents a comparative
analysis of two high-performing architectures—the Hu Moment-enhanced CNN (Hu-CNN) and the
Deep Convolutional Autoencoder (DCAE)—using key classification metrics derived from their
confusion matrices. These metrics include precision, recall, Fl-score, and inference time, which
collectively offer a nuanced understanding of each model's predictive capabilities and operational
efficiency. The comparative data, presented in Table 9, highlights not only the absolute performance of
each model but also the relative differences between them, providing valuable guidance for model
selection based on specific application requirements.

Table 9. Confusion Matrix Comparison Hu-CNN and DCAE

Metric Hu-CNN DCAE Difference Significance

Testing Accuracy (%)  98.0 99.3 +1.3 DCAE superior

Weighted Precision (%) 98.0 99.0 +1.0 Better false positive control
Recall (%) 979 99.0 +1.1 Improved false negative handling
F1-Score (%) 98.2 99.4 +1.2 Best balanced performance

Loss Value (%) 0.0022 0.0041 -0.0019 Hu-CNN lower for loss value
Training Time 4 ms 8 ms -4 Hu-CNN is faster than DCAE

4. DISCUSSIONS

The comparative analysis of various convolutional neural network (CNN) architectures and
feature extraction methods reveals significant insights into model performance characteristics. As
demonstrated by the experimental results, the integration of different techniques yields varying levels
of accuracy and computational efficiency, each with its own advantages and limitations. The CNN
model incorporating Hu Moments achieves an exceptional accuracy of 98.03% with a remarkably low
loss value of 0.0021, while maintaining efficient training time of 4.3ms per step. This performance
surpasses several benchmark models, including VGG transfer learning approaches (91.23% accuracy).
The success of the Hu Moments integration can be attributed to their inherent properties of
transformation invariance, which provide robust feature descriptors that are particularly effective for
image-based tasks. The mathematical foundation of Hu Moments offers stability in feature
representation, contributing to the model's consistent performance across various input variations.

Interestingly, the autoencoder-enhanced CNN (DCAE Model) achieves the highest accuracy
among all compared architectures at 99%, albeit with slightly higher loss (0.0041) and longer training
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time (8ms per step) compared to the Hu Moment approach. This superior accuracy suggests that
autoencoders can capture more complex, high-level features through their unsupervised learning
process. However, the doubled computational time and marginally higher loss value indicate potential
trade-offs between performance gains and resource requirements. The autoencoder's ability to learn
compressed representations appears particularly valuable when dealing with highly variable or noisy
input data.

When examining the broader context of CNN implementations, our results demonstrate
substantial improvements over conventional approaches. The standard CNN with backpropagation
achieves 91.24% accuracy, while transfer learning with VGG nets shows comparable performance at
91.23%. These results highlight the limitations of generic CNN architectures compared to specialized
feature extraction methods. The significant performance gap (approximately 7-8% in accuracy) between
our Hu Moment implementation and these standard CNN benchmarks underscores the value of
incorporating domain-specific feature extraction techniques.

The training efficiency metrics reveal another important dimension of model evaluation. The Hu
Moment approach maintains its advantage not only in accuracy but also in computational efficiency,
requiring approximately half the processing time per step compared to the autoencoder variant. This
efficiency makes the Hu Moment integration particularly suitable for real-time applications or scenarios
with limited computational resources. The autoencoder's longer processing time, while justified by its
superior accuracy, may present practical challenges in deployment environments with strict latency
requirements.

Several factors may contribute to the observed performance differences. The mathematical
stability of Hu Moments likely provides more consistent gradient signals during backpropagation,
leading to smoother optimization. In contrast, the autoencoder's more complex architecture, while
capable of learning richer representations, may introduce additional optimization challenges that
manifest in the slightly higher loss value. The comparable performance of our implementation to
established research benchmarks validates the experimental methodology while demonstrating the
effectiveness of the proposed approaches. These findings have important implications for practical
applications. In scenarios where both high accuracy and computational efficiency are required, the Hu
Moment integration appears to be the optimal choice. For applications where maximum accuracy is
paramount and computational resources are less constrained, the autoencoder-enhanced model may be
preferable. The results also suggest that traditional transfer learning approaches, while convenient, may
not always provide the best performance for specialized tasks, justifying the development of custom
feature extraction pipelines. This study highlights practical considerations in applying feature extraction
techniques within real-world pattern recognition tasks, contributing to the domain of applied computer
vision in cultural heritage.

Future research directions could explore hybrid approaches that combine the strengths of both
methods, potentially achieving even better performance. The development of more efficient auto-
encoder architectures or improved Hu Moment variants might further enhance model capabilities.
Additionally, investigating these techniques across different domains and dataset sizes would help
establish more comprehensive guidelines for method selection based on specific application
requirements.

5. CONCLUSION

Although the autoencoder-based DCAE model achieves marginally superior accuracy (99.3%
versus 98.0%), the Hu Moment-enhanced CNN (Hu-CNN) offers significant practical advantages that
make it preferable for most real-world applications. Hu-CNN's exceptional computational efficiency -
processing images twice as fast (4.3ms versus 8ms per image) - represents a critical advantage for
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deployment in resource-constrained environments or latency-sensitive applications. Furthermore, its
substantially lower loss value (0.0022 compared to 0.0041) demonstrates more stable training dynamics
and better optimization convergence. The inherent properties of Hu Moments contribute several unique
benefits: their deterministic nature ensures consistent feature extraction; built-in invariance to rotation
and scaling eliminates the need for learned transformations; and their mathematical robustness promotes
better generalization. These characteristics make Hu-CNN particularly suitable for embedded systems,
industrial quality control, and mobile applications where reliability and speed outweigh small accuracy
improvements. While autoencoders may achieve slightly better classification metrics, their
computational overhead and training complexity often prove impractical for production environments.
Future research directions could productively focus on hybrid approaches that combine the efficiency
of Hu Moments with the representational power of learned features. This comparison ultimately
demonstrates that model selection should consider operational requirements beyond pure accuracy - in
most practical scenarios, Hu-CNN's optimal balance of speed, stability and performance makes it the
more viable solution.
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