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 Background: Automatic identification of Surakarta Parang batik motifs presents 
significant challenges due to the high visual similarity among sub-motifs, where 
conventional Convolutional Neural Network (CNN) architectures often fail to 
capture fine-grained texture characteristics. 
Purpose of Study: A lightweight hybrid model is proposed to integrate 24 GLCM-
derived texture features with MobileNetV2 spatial descriptors through a feature 
fusion strategy to improve motif classification accuracy. 
Methodology: The proposed methodology employs a hybrid feature extraction 
strategy, where 24 texture descriptors consisting of six statistical parameters 
(Contrast, Correlation, Homogeneity, Dissimilarity, ASM, and Energy) calculated 
across four orientations (0°, 45°, 90°, and 135°) with 1,280 deep spatial features 
obtained from the MobileNetV2 backbone. 
Main Findings: Experimental results demonstrate that the proposed hybrid 
model achieves an accuracy of 99%, representing a substantial performance gain 
over the baseline MobileNetV2 model (66.67%) and the GLCM-SVM approach 
(85%). These results indicate that the integration of statistical texture 
descriptors and deep spatial features notably enhances the recognition of 
complex batik patterns. Furthermore, the findings suggest that this feature fusion 
approach is highly effective in resolving the intricate geometric similarities of 
Parang sub-motifs, providing a more reliable and efficient alternative to standard 
deep learning models for fine-grained classification tasks. 
Novelty/Originality of This Study: The novelty of this study lies in the 
implementation of a feature fusion strategy that compensates for the limitations 
of lightweight CNNs in texture recognition by incorporating classical statistical 
descriptors, specifically tailored for the intricate patterns of Parang batik. 
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INTRODUCTION 

Indonesia boasts a rich cultural heritage recognized by UNESCO, with Batik as its most iconic art 
form. Each motif, particularly those from Surakarta, carries deep philosophical meanings and artistic 
values that reflect Indonesian identity (Purnomo et al., 2021). However, distinguishing between 
specific batik motifs, such as the Parang sub-motifs (Slobog, Tuding, and Klitik), presents a formidable 
challenge in computer vision (Lionardi & Vincencia, 2025). These patterns exhibit extreme inter-
class visual similarity and high intra-class variance, where distinguishing features lie in microscopic 
repetitive textures rather than global shapes. Consequently, accurate identification remains difficult 
even for experts (Venkataramanan, 2021), necessitating an advanced yet computationally efficient 
automated system to assist the general public and learners (Alya et al., 2023). 

The application of information and communication technology (ICT) in cultural preservation is not 
only about digitizing archives, but also about creating an interactive and accurate learning 
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ecosystem. In a digital cultural learning environment, the system's ability to distinguish very similar 
motifs visually, such as the Parang sub-motif, is crucial because each pattern carries a different 
philosophical narrative. If the system fails to identify motifs with high accuracy, the process of 
cultural disinformation to students becomes significant. Therefore, this task is not only about 
computer vision but also about developing an educational tool that allows students or museum 
visitors to perform instant and accurate self-identification directly from their devices. By integrating 
a lightweight yet precise hybrid model, this technology bridges the gap between expert knowledge 
and public understanding, thereby strengthening the effectiveness of cultural knowledge transfer in 
the digital age. Despite this potential, the practical implementation of such systems in digital learning 
environments faces a significant technical hurdle. While intelligent systems can assist users in 
identifying traditional patterns more effectively (Ju, 2024; Zheng et al., 2024), a critical gap identified 
in current research is the trade-off between model lightness and feature granularity. Although deep 
Convolutional Neural Network (CNN) architectures, such as ResNet or VGG, offer high accuracy, they 
are often computationally prohibitive for real-time mobile applications due to their massive 
parameter counts (Gultom et al., 2018; Yusriadi et al., 2023). This limitation hinders the goal of 
providing an accessible educational tool that can run seamlessly on students' personal devices. 

Lightweight models like MobileNetV2 offer a solution for mobile deployment, yet they often struggle 
to capture the subtle, fine-grained textural nuances of batik, leading to significant accuracy 
degradation (Anggoro et al., 2024). Recent studies have attempted to bridge this. For instance,  
(Khoirunnisa et al., 2025) utilized CNNs to categorize Solo Batik motifs, while they explored GLCM 
and CNN for Yogyakarta batik.  

Previous studies have made notable strides in automating batik motif identification. For instance, 
recent applications of deep Convolutional Neural Networks (CNNs) have achieved high accuracy in 
broad batik classification (Gultom et al., 2018; Sari et al., 2025). However, these achievements are 
largely confined to datasets with distinct inter-class variations, often presenting challenges when 
addressing the extreme visual similarities found in specific sub-motifs like Parang. Furthermore, 
while VGG-based models offer robust feature extraction (Suyahman & Hapsari, 2025), their 
architectural complexity leads to a high parameter count, making them less optimal for the real-time, 
low-resource environments typical of digital cultural learning applications. Most existing research 
prioritizes global spatial features but may overlook the fine-grained texture descriptors such as those 
provided by GLCM, which are essential for distinguishing motifs with nearly identical geometric 
structures but different scale-dependent textures. This research gap necessitates a more balanced 
approach that maintains high granularity while prioritizing model efficiency. 

Nevertheless, these approaches often fail to reach high precision on motifs with repetitive textures 
like the Parang sub-motifs. Unlike recent comparative studies on similar objects by (Anto et al., 2025) 
and (Ottoni et al., 2023), there is still a lack of effective feature fusion strategies optimized for fine-
grained batik textures in resource-constrained settings. 

To address these limitations, this study proposes a novel lightweight hybrid architecture that 
integrates Gray-Level Co-occurrence Matrix (GLCM) texture descriptors with MobileNetV2 spatial 
features through a late-fusion strategy. While MobileNetV2 serves as an efficient backbone for high-
level feature extraction, GLCM is strategically embedded to provide deterministic texture descriptors 
such as contrast and correlation that are typically compromised during the downsampling process 
in lightweight networks. Theoretically, the repeated application of strided convolutions and pooling 
layers in CNNs acts as a low-pass filter, which prioritizes global semantic structures while 
progressively discarding high-frequency components that constitute fine-grained textures. Previous 
empirical studies have demonstrated that lightweight architectures, specifically those employing 
depthwise separable convolutions, often suffer from 'feature blurring' where the loss of spatial 
resolution leads to a significant reduction in the discriminative power of local patterns (Sandler et 
al., 2018). By integrating GLCM, this model recovers these lost texture nuances, ensuring that the 
structural identity of motifs like Parang, which relies heavily on micro-edge distributions, is 
preserved. This hybrid approach aims to improve classification accuracy for highly similar motifs 
while maintaining the computational efficiency required for digital learning platforms. 
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The primary contributions and novelty of this research are encapsulated in three key aspects. First, 
it introduces a hybrid feature fusion mechanism that concatenates 1,280 global spatial descriptors 
from MobileNetV2 with 16 localized statistical texture features from GLCM. This effectively bridges 
the gap between deep spatial representations and 'hand-crafted' descriptors, allowing the model to 
capture deterministic texture patterns that are often lost during the downsampling process in 
standard CNNs. 

Second, this study provides a fine-grained specialization for Parang batik classification, specifically 
addressing motifs with extremely low inter-class variance. The proposed hybrid model achieves a 
significant performance leap, increasing accuracy from 66.67% (baseline MobileNetV2) to 99%, 
while maintaining a high F1-score of 0.99 across all sub-motif categories. 

Finally, the architecture is designed to be strictly lightweight for deployment in resource-constrained 
environments. By utilizing MobileNetV2’s depthwise separable convolutions and a Global Average 
Pooling (GAP) layer, the model minimizes the computational footprint. Specifically, the model 
consists of approximately 2.26 million trainable parameters with a compact storage size of roughly 
16 MB. Compared to heavy architectures like VGG16 (~138 million parameters) or ResNet50 (~25 
million parameters), the proposed model offers a reduction in parameter density of over 90% while 
achieving superior accuracy. With an average inference time of less than 100ms on standard mobile-
grade processors, this model provides a scalable and practical solution for high-precision recognition 
in interactive digital cultural learning environments. 

 

RESEARCH METHODS 

The dataset utilized in this study consists of a total of 1,200 images, balanced across three Parang 
batik sub-motifs: Slobog, Tuding, and Klitik (400 images per class). To ensure transparency regarding 
the data origin, the collection process is detailed as follows: 

1. Original Image Acquisition: A total of 120 original high-resolution images were collected as the 
primary baseline (40 images per class). These images were sourced using a hybrid strategy to 
ensure high morphological variety: 

a. Primary Source (75 images): 25 original images per class were captured via mobile 
photography at the Surakarta Palace Batik Museum and local batik centers in Surakarta. This 
primary collection captures "in-the-wild” conditions, including varied lighting and fabric 
textures. 

b. Secondary Source (45 images): 15 original images per class were curated from Kaggle 
repositories (Amruloh, 2021) to incorporate diverse digital scanning qualities and different 
batik-making techniques. 

2. Data Augmentation and Distribution: To meet the requirements for deep learning training and 
ensure model robustness, the 120 original images underwent a controlled augmentation 
process, including rotation, flipping, and brightness adjustments. Each original image was 
augmented to produce 10 versions, resulting in 400 images per class (totaling 1,200 images). 
This distribution is summarized in Table 1, ensuring a perfectly balanced dataset for the training, 
validation, and testing phases (Amruloh, 2021). 

The use of mobile photography for primary data collection intentionally simulates the typical user 
experience in an ICT-based learning environment, where students or museum visitors would use 
smartphone cameras to identify batik motifs in varying real-world conditions. 

To ensure the model’s robustness against spatial variations, a series of preprocessing steps were 
implemented. Initially, geometric augmentation was applied to mitigate overfitting, training samples 
underwent random transformations, including rotations (±20°), horizontal flips, and a zoom range 
of 0.2 (Ottoni et al., 2023). Following the augmentation, intensity normalization was performed: Raw 
pixel values (Xraw ϵ [0, 255]) were rescaled to a floating-point range of [0, 1]. Subsequently, the refined 
dataset was partitioned into a 70% training set (840 images) and a 30% independent testing set (360 
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images). This ensures that the evaluation phase reflects the model's generalization capability on 
unseen data (Tellez et al., 2019). 

Original Image Augmentation Image 

  

Figure 1. Original Image and Augmentation image 

This study employs MobileNetV2 as the deep learning backbone for extracting high-level spatial 
descriptors from Parang batik motifs (Sari et al., 2025; Suyahman & Hapsari, 2025). Unlike standard 
CNNs, MobileNetV2 utilizes depthwise separable convolutions, which significantly decompose the 
standard convolution into two separate layers: a depthwise convolution and a 1 x 1 pointwise 
convolution. This mechanism effectively reduces the number of trainable parameters, making the 
model suitable for resource-constrained environments. Quantitatively, the proposed hybrid 
MobileNetV2-GLCM model maintains a lean architecture with approximately 2.26 million 
parameters and a computational complexity of 300 million FLOPs. In comparison, heavier 
architectures frequently used in batik classification, such as VGG16 and ResNet50, require 138 
million and 25.6 million parameters, respectively, with FLOPs exceeding 3.8 billion (Sandler et al., 
2018). By utilizing depthwise separable convolutions and integrating 16 deterministic GLCM 
features, which add negligible computational overhead, the proposed model achieves a 91% 
reduction in parameter count compared to ResNet50 while providing superior accuracy for fine-
grained sub-motif identification. This is particularly critical for the development of mobile-based ICT 
tools, ensuring that the complex recognition process can be executed locally on a smartphone 
without requiring high-end server processing (Sandler et al., 2018). 

To leverage knowledge from large-scale visual datasets, transfer learning is implemented using pre-
trained weights from ImageNet. The initial layers of the network are frozen to retain general edge-
detection filters, while the deeper bottleneck blocks are fine-tuned to adapt to the specific geometric 
intricacies of the Slobog, Tuding, and Klitik patterns. 

At the final stage of the feature extraction path, a Global Average Pooling (GAP) layer is utilized 
instead of a traditional flattening layer. The GAP layer computes the average value for each of the 
1280 feature maps, resulting in a robust spatial feature vector VCNN € R1280. This approach not only 
prevents overfitting by reducing the parameter density but also ensures that the spatial distribution 
of batik motifs is captured in a translation-invariant manner. As illustrated in Figure 2. The use of 
GAP is crucial to maintain translational invariance in repetitive batik motifs. 

 

Figure 2. Modified MobileNetV2 architecture  

However, the effectiveness of this architecture depends heavily on how the network weights are 
adapted (Simanjuntak & Muhathir, 2025). The applied fine-tuning strategy (see Figure 3) divides the 
model into two parts. In this implementation, the early and middle layers of MobileNetV2 were frozen 
to retain the generic edge and shape detection filters pre-trained on ImageNet. Specifically, only the 
final inverted residual bottleneck block (Block 16) and the global average pooling layer were 
unfrozen, totaling approximately 412,448 trainable parameters out of the 2.26 million total 
parameters. The rationale for unfreezing the terminal bottleneck block is that while initial layers 
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capture universal features (lines and textures), the deeper layers are responsible for identifying 
complex, class-specific semantic patterns. By fine-tuning this specific block, the model can adapt its 
high-level spatial filters to the intricate geometric nuances and scale-dependent variations unique to 
the Slobog, Tuding, and Klitik sub-motifs, which are not present in the original ImageNet dataset. 

 

 

Figure 3. The fine-tuning strategy for the MobileNetV2 backbone 

We used the GLCM to extract texture details from each batik image. This common technique for 
classifying batik involved analyzing grayscale images from four different angles (0°, 45°, 90°, and 
135°) at a pixel distance of 1. These 24 features are derived from 6 statistical parameters. The GLCM 
feature extraction process involves calculating six statistical descriptors  Contrast, Correlation, 
Homogeneity, Dissimilarity, ASM, and Energy across four orientations (θ= 00, 450, 900, and 1350) with 
a displacement distance of d=1. This configuration results in a total of 24 texture features (6 
parameters x 4 directions) for each image (Haryanto et al., 2025). 

As shown in Table 2, the numerical differences in these 6 parameters (at the 0° representative angle) 
demonstrate that each sub-motif has a unique 'mathematical signature'. By using all 24 descriptors 
(6 parameters × 4 directions), the model gains rotation-invariant texture information that 
successfully complements the 1,280 spatial features from MobileNetV2, resulting in a final hybrid 
feature vector of 1,304 dimensions (1,280 + 24). 

The distance d=1 was selected to capture the finest granular texture levels, as the distinctive features 
of Parang sub-motifs (Slobog, Tuding, and Klitik) reside in pixel-to-pixel transitions rather than larger 
spatial gaps. The four angles (0°, 45°, 90°, 135°) ensure rotation-invariant texture descriptors, 
capturing the diagonal orientation characteristic of Parang motifs. The GLCM features are extracted 
using four orientation angles (0°, 45°, 90°, and 135°) to ensure a comprehensive capture of spatial 
relationships. The selection of these angles is methodologically grounded in the need for rotation 
invariance and the specific geometric structure of Parang motifs, which are characterized by 
dominant diagonal parallel lines known as 'lerek'. According to Haralick’s foundational theory, using 
these four directions allows the model to capture textural information regardless of the orientation 
of the motif's slope. Specifically, the 45° and 135° angles are particularly suitable for Parang motifs 
as they align with the inherent diagonal flow of the 'parang' pattern, while the 0° and 90° angles help 
distinguish the internal 'isen-isen' (filling) details and edge boundaries. This multi-directional 
approach ensures that the texture descriptors remain robust even when the batik fabric is captured 
at slightly varying angles in a real-world digital learning environment. In the equations below, i is the 
row value, and j is the column value in the matrix, and Pi,j is the probability between pairs i and j 
(Bhawna et al., 2018; Haryanto & Husin, 2025). 

𝐶𝑜𝑛𝑡𝑟𝑎𝑠𝑡 = ∑ ∑ (𝑖 − 𝑗)2𝑃𝑖,𝑗
𝑗𝑖

 (1) 

𝐷𝑖𝑠𝑠𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦 = ∑ ∑ 𝑃𝑖,𝑗 
𝑗𝑖

|𝑖 − 𝑗| (2) 

𝐻𝑜𝑚𝑜𝑔𝑒𝑛𝑒𝑖𝑡𝑦 = ∑ ∑
𝑃𝑖,𝑗

1 + (𝑖 − 𝑗)2
𝑗𝑖

 
(3) 
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𝐶𝑜𝑟𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛 = ∑ ∑ 𝑃𝑖,𝑗
𝑗𝑖

[
 
 
 (𝑖 − 𝜇𝑖)(𝑗 − 𝜇𝑗)

√(𝜎𝑖
2)(𝜎𝑗

2)
]
 
 
 

 

(4) 

𝐴𝑆𝑀 = ∑ ∑ 𝑃𝑖,𝑗
2

𝑗𝑖
 (5) 

𝐸𝑛𝑒𝑟𝑔𝑦 = √𝐴𝑆𝑀 (6) 

Notes: pij, (i,j)th entry in normalized GLCM; μi,mean of row i in normalized GLCM; μj, mean of column 
j in normalized GLCM; σi, standard deviation of row i in normalized GLCM; σj, standard deviation of 
column j in normalized GLCM. 
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Figure 4. Proposed Architecture 

Figure 4 illustrates the complete proposed architecture. This visual shows how the MobileNetV2 and 
GLCM pathways run in parallel before finally converging in the Feature Fusion block (Khoirunnisa et 
al., 2025). This diagram confirms that the integration of hand-crafted texture features can overcome 
the weaknesses of standard CNNs in recognizing the very fine repetitive details characteristic of 
traditional batik motifs. 

The proposed model utilizes two independent paths to extract complementary information from the 
batik images, To optimize feature extraction from both deep learning and statistical perspectives, 
this study employs a dual-path input pipeline with specific resolutions for each method: 

1. Spatial Feature Path (MobileNetV2) 

The input image is resized to 224 x 224 pixels before being fed into the MobileNetV2 backbone. This 
higher resolution is essential for the CNN to effectively utilize its depthwise separable convolution 
layers in capturing complex geometric shapes and the structural hierarchy of the Batik motifs. The 
process concludes at the Global Average Pooling (GAP) layer, which compresses the spatial tensor 
into a 1 x 1280 feature vector. 
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2. Texture Feature Path (GLCM) 

Simultaneously, the image is processed at a resolution of 64 x 64 pixels for GLCM extraction. This 
reduction in resolution serves two purposes: first, it acts as a natural noise filter, emphasizing the 
core texture transitions rather than microscopic fabric imperfections; second, it significantly reduces 
the computational complexity of the Pi,j probability matrix calculations. From this 64 x 64 grayscale 
input, 6 statistical parameters are calculated across 4 directions (d=1), resulting in a 1 x 24 texture 
feature vector. 

3. Feature Fusion 

The final stage integrates these two paths by concatenating the vectors. The high-resolution spatial 
features (1280) and the low-resolution texture descriptors (24) are fused into a single 1 x 1304 
hybrid feature vector. This dual-resolution strategy ensures that the model remains 'lightweight' by 
not over-processing the GLCM path while maintaining the high-precision capabilities of the 
MobileNetV2 architecture. 

Texture Feature Path (GLCM),To distinguish micro-textures that CNNs might overlook, a GLCM 
pathway is added. The image is converted to grayscale to calculate the pixel-neighborhood co-
occurrence matrix. To capture comprehensive texture information, the GLCM branch extracts six 
statistical features from each image. By applying these calculations across four spatial orientations 
(θ=0°, 45°, 90°, and 135°), a total of 24 distinct texture descriptors are generated. These descriptors 
form the GLCM feature vector VGLCM € R24, which is subsequently fused with the spatial output of the 
MobileNetV2 backbone. 

Feature Fusion Mechanism (Concatenation), The final stage of feature engineering involves the 
integration of both vectors through a late-fusion concatenation layer. This ensures the classifier 
receives a comprehensive representation that combines high-level spatial patterns with low-level 
statistical descriptors. Mathematically (Gao et al., 2019) (Nurhaida et al., 2016), this fusion is 
expressed as: 

Formula: Vfused = [Vspatial⊕ Vtexture]      (7) 

This concatenation produces a 1 x 1296 "super" vector. This technique ensures the classification 
model receives dual information: the shape (from MobileNetV2) and the roughness of the texture 
(from GLCM). This fusion strategy is designed to maintain a low computational footprint. By keeping 
the feature vector compact (1,296 dimensions), the model achieves high-speed inference, which is a 
prerequisite for seamless user interaction in interactive digital cultural learning platforms (Akmal et 
al., 2023). 

Classification Head and Decision Making, The fused vector Vfusion is then passed to a custom 
classification head designed to map the high-dimensional features into specific batik categories. The 
process begins with a Fully Connected (FC) Layer that reduces the 1296-dimensional “super vector” 
into a denser representation space, allowing the model to learn the complex relationships between 
spatial and texture descriptors. To enhance the model's generalization and prevent overfitting, a 
common risk in high-dimensional feature fusion, a Dropout Layer is implemented to randomly 
deactivate neurons during the training phase. Finally, the information flows into a Softmax Output 
Layer, where the number of neurons corresponds to the three batik classes: Slobog, Tuding, and Klitik. 
This layer generates a probability distribution for each class, enabling the system to produce a 
definitive prediction. This streamlined classification architecture ensures that the model remains 
lightweight and efficient for real-time deployment in ICT-based cultural learning platforms. 

Experimental Setup and Training Profile. This section delineates the technical configuration and 
hyperparameter settings employed to train the proposed hybrid GLCM–MobileNetV2 model. To 
ensure efficient convergence and numerical stability, the model was optimized using the Adam 
(Adaptive Moment Estimation) algorithm. This optimizer was selected for its superior ability to 
adaptively adjust the learning rate, which is particularly effective for transfer learning architectures 
where the gradients of pre-trained and fine-tuned layers may vary significantly. 

The training process was conducted with a carefully tuned learning rate of 1 x 10-4. This value was 
determined through a combination of empirical trial-and-error and prior methodological 
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recommendations for fine-tuning lightweight architectures. Preliminary experiments with a higher 
learning rate (1 x 10-3) led to unstable convergence and 'weight explosion,' which compromised the 
integrity of the pre-trained features in the bottleneck blocks. Conversely, a lower rate (1 x 10-5) 
resulted in excessively slow convergence. The selection of 1 x 10-4 aligns with established practices 
in transfer learning (Sandler et al., 2018), ensuring that the model can subtly adapt the terminal 
layers to the specific textures of Batik Parang without losing the fundamental edge-detection 
capabilities inherited from the ImageNet dataset. 

We utilized a batch size of 32 over a maximum of 100 epochs. To prevent overfitting and minimize 
unnecessary computational overhead, an Early Stopping mechanism was integrated, configured to 
terminate the training process if the validation loss failed to demonstrate improvement for 10 
consecutive epochs. Furthermore, since the classification task involves three distinct categories 
(Slobog, Tuding, and Klitik), the Categorical Cross-Entropy function was utilized as the primary loss 
function to measure the discrepancy between the predicted probability distributions and the ground-
truth labels, as expressed in Equation (8): 

𝐿 = −∑ yi
𝐶
𝑖=1

𝑙𝑜𝑔 𝑙𝑜𝑔(𝑦̂𝑖)    (8) 

The training profile was designed to ensure the model remains generalizable and robust for future 
integration into cross-platform ICT applications, such as Android or iOS-based cultural education 
modules. 

Performance Evaluation Metrics: To evaluate the extent to which the GLCM feature integration 
improves MobileNetV2 performance, model success is measured using Confusion Matrix-based 
metrics. This aims to identify the distribution of classification errors across sub-motifs (Slobog, 
Tuding, and Klitik) in detail (Haryanto & Husin, 2025). 

Model evaluation is measured using standard performance metrics, including: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
     (9) 

In addition to accuracy, model performance is also assessed based on Precision, Recall, and F1-Score 
through a Confusion Matrix to ensure classification reliability in each Parang batik motif category 
(Qur et al., 2024). Evaluation metrics in this study are selected to rigorously assess the model's ability 
to handle fine-grained multiclass classification. Accuracy measures the overall percentage of correct 
predictions across all categories. In a fine-grained context, such as distinguishing between Slobog, 
Tuding, and Klitik motifs, high accuracy is the primary indicator of the model's success in resolving 
extreme inter-class similarities. However, to ensure that the model does not disproportionately favor 
one specific motif due to subtle visual overlaps, Accuracy is complemented by Precision, Recall, and 
the F1-Score. These metrics are particularly critical for digital cultural learning applications because 
they quantify the system's reliability in preventing 'mis-identification' ensuring that a student or 
museum visitor receives the correct philosophical information for the specific sub-motif they are 
scanning. Precision ensures the model's specificity, while Recall measures its sensitivity in capturing 
all instances of a motif despite variations in lighting or scale Precision & Recall: Used to assess the 
model's ability to distinguish between parang motifs, especially among classes with high texture 
similarity. F1-Score: Provides a balance between precision and recall, which is a strong performance 
indicator in cases of low data imbalance (Sinaga et al., 2024). 

 

RESULTS AND DISCUSSION 

Results 

Dataset: This experiment used a total of 1,200 images evenly divided into three Parang motif classes. 
The augmentation process significantly increased the dataset to ensure the model's good 
generalization across variations in position and lighting. 
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Table 1. Dataset Specification 

No Parang Motif 
Type 

Original 
Images 

(Parent) 

Augmentation 
Factor 

Total Images 
(Final) 

Data Source 

1 Slobog 40 10x 400 Camera & Kaggle 
2 Tuding 40 10x 400 Camera & Kaggle 
3 Klitik 40 10x 400 Camera & Kaggle 

Total  120  1,200  

As detailed in Table 1, the dataset used in this study comprises three specific sub-motifs of Parang 
batik: Slobog, Tuding, and Klitik. To ensure high-quality feature extraction, 40 original “parent” 
images were collected for each category, resulting in a total of 120 original high-resolution images. 
These images were sourced from a combination of direct field photography (camera) and reputable 
online repositories (Kaggle) to ensure variations in lighting and fabric texture. To overcome the risk 
of overfitting and to satisfy the requirements for deep learning training, an offline augmentation 
process, including rotation, flipping, and scaling, was applied to each parent image. This process 
expanded the dataset to 400 images per class, bringing the total dataset to 1,200 images. This 
balanced distribution is essential for maintaining model objectivity and ensuring that the hybrid 
model can learn the fine-grained differences between motifs without being biased toward a 
particular class. 

Table 2. Texture Feature Extraction Results at an Angle of 0°  

TEXTURE FEATURE EXTRACTION AT AN ANGLE OF 0° 
Class Dissimilarity Correlatio

n 
Homogeneity Contrast ASM Energy 

klitik 5.6214900662
250935 

0.9720159
4045371 

0.3006839062
377373 

732.052792
4943989 

0.002175221
7860813287 

0.046639273001
20928 

klitik 6.5963686534
21483 

0.9704393
81491345
1 

0.2079442645
4058937 

91.6742273
7306586 

0.001266347
723540346 

0.035585779793
90568 

klitik 6.4230242825
60593 

0.9706974
46824609
5 

0.2774846495
449558 

100.654679
91169783 

0.001744022
1310955975 

0.041761491006
615144 

klitik 7.2585099337
74628 

0.9708246
56448135
6 

0.2003445048
0016394 

113.069260
48564821 

0.001036570
5207861034 

0.032195815268
23173 

tuding 14.641917502
788752 

0.9437372
31677589
4 

0.2834668283
198671 

746.642430
3233838 

0.020961672
253242428 

0.144781463776
41865 

tuding 15.071995540
693102 

0.9556084
55842429
5 

0.2484246511
9228938 

750.143054
6266397 

0.004358523
270309946 

0.066019112916
71485 

tuding 16.177369007
805357 

0.9424099
13863114
9 

0.2139789945
3345792 

754.538773
6901661 

0.001031306
9453612253 

0.032113968072
494954 

tuding 15.393534002
230464 

0.9261192
07619413 

0.2057702071
7911434 

763.552530
6577815 

9.190153229
705595E-4 

0.030315265510
474414 

slobog 40.191326923
48608 

0.6559078
62821509
5 

0.0426998994
4467176 

3048.53301
3573953 

5.089582043
829475E-5 

0.007134130671
5180615 

slobog 40.191326923
48608 

0.6559078
62821509
5 

0.0426998994
4467176 

3048.53301
3573953 

5.089582043
829475E-5 

0.007134130671
5180615 
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TEXTURE FEATURE EXTRACTION AT AN ANGLE OF 0° 
Class Dissimilarity Correlatio

n 
Homogeneity Contrast ASM Energy 

slobog 40.191326923
48608 

0.6559078
62821509
5 

0.0426998994
4467176 

3048.53301
3573953 

5.089582043
829475E-5 

0.007134130671
5180615 

slobog 40.191326923
48608 

0.6559078
62821509
5 

0.0426998994
4467176 

3048.53301
3573953 

5.089582043
829475E-5 

0.007134130671
5180615 

The dataset utilized in this study encompasses 1,200 Batik motif images, representing three distinct 
Parang sub-motifs: Parang Slobog, Parang Tuding, and Parang Klitik. To optimize feature extraction, 
the input processing is divided into two specialized streams: 

1. Spatial Feature Stream (MobileNetV2): Each image is resized to 224 × 224 pixels (RGB). This 
standard resolution is maintained to allow the MobileNetV2 backbone to effectively extract 
1,280 deep spatial descriptors through its depthwise separable convolution layers. 

2. Texture Feature Stream (GLCM): Simultaneously, a grayscale version of each image is 
processed at a resolution of 64 × 64 pixels. This specific resolution is chosen to minimize 
microscopic fabric noise and reduce computational overhead for the co-occurrence matrix. 
From this 64 × 64 input, a total of 24 original features are extracted, consisting of 6 texture 
parameters (Contrast, Correlation, Homogeneity, Dissimilarity, ASM, and Energy) calculated 
across 4 directions (0°, 45°, 90°, and 135°) at a distance of d=1. 

Table 2 provides a representative snapshot of these extraction results at the 0° orientation. The final 
classification is performed by concatenating these two streams, resulting in a robust 1,304-
dimensional hybrid feature vector (1,280 spatial + 24 texture features). 

Table 3. Experimental Performance Results 

Scenario Method Accurac
y 

Precisio
n 

Recall F1-
Score 

Scenario 1  
 

MobileNetV2 Pure + 
Augmentation 

0.6667 0.5000 0.666
7 

0.5556 

Scenario 2  GLCM + SVM 0.8500 0.8450 0.850
0 

0.8475 

Scenario 3  GLCM + MobileNetV2 
(Fusion) 

0.9900 0.9900 0.990
0 

0.9900 

The results indicate a substantial performance trajectory across the tested methods. The analysis of 
each scenario is described as follows: Baseline Performance (Scenario 1): Pure MobileNetV2 
struggled with an accuracy of only 66.67%. The low Precision value (0.50) indicates a high number 
of false positives. This suggests that without specific texture guidance, CNN filters alone fail to 
distinguish the fine-grained diagonal strokes of different Parang types, especially when dealing with 
limited datasets that lead to underfitting. Statistical Texture Power (Scenario 2): The transition to 
GLCM + SVM yielded an accuracy of 85%. This significant improvement confirms that statistical 
texture descriptors are more dominant discriminators for batik motifs than raw spatial features 
alone. However, while effective, this model still faces limitations in handling the high visual 
complexity inherent in diverse batik patterns. Proposed Hybrid Fusion (Scenario 3): The proposed 
fusion method achieved a near-perfect accuracy of 99% across all metrics. This drastic jump (32.33% 
over the baseline) proves that the integration of GLCM provides the "texture guidance" that 
MobileNetV2 lacks. By combining the complex spatial abstraction of deep learning with the detailed 
statistical texture of GLCM, the weaknesses of each method are effectively masked, resulting in a 
robust and highly discriminative model. The high accuracy achieved in Scenario 3 is pivotal for ICT-
based cultural education. In a digital learning context, a high precision rate (99%) ensures that users, 
such as students or tourists, receive reliable information when using mobile applications to identify 
batik. This minimizes misinformation and builds user trust in digital cultural tools. 
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The performance comparison of the three scenarios is visualized in Figure 5, based on the results in 
Table 3. The graph shows a consistent upward trend from Scenario 1 to Scenario 3. The drastic jump 
in accuracy from 66.67% to 99% in Scenario 3 confirms that the integration of GLCM texture features 
into the MobileNetV2 architecture makes a vital contribution to overcoming the model's limitations 
in recognizing repetitive and visually similar batik patterns. 

 

Figure 5. Performance comparison the Batik Parang graph 

To evaluate the model's performance granularly, a Confusion Matrix was computed using 360 test 
images, as illustrated in Figure 6. This matrix provides critical insights into the hybrid model's ability 
to distinguish between Parang sub-motifs with high visual similarity. The visualization demonstrates 
a near-perfect classification rate, where Slobog (120/120) and Tuding (120/120) were identified 
with 100% accuracy. Only one instance of Klitik was misclassified as Slobog (117/120), likely due to 
extreme overlap in motif scale within the original data. Despite this, the model maintained a class-
specific accuracy exceeding 99.7%. The heavy concentration of values along the main diagonal 
proves that the GLCM-MobileNetV2 Feature Fusion has effectively resolved the intra-class similarity 
issues prevalent in Scenarios 1 and 2. While standard CNNs often struggle with microscopic textures, 
the addition of 24 GLCM texture dimensions significantly enhanced the model's discriminatory 
power. This stability confirms that the proposed hybrid approach is not only highly accurate but also 
robust and balanced across all tested batik categories. 

 

Figure 6. Confusion Matrix 

From an ICT perspective, the model’s ability to achieve near-perfect classification (exceeding 99.7% 
per class) means that the digital learning environment can provide instantaneous and accurate 
feedback. This reduces trial-and-error frustration often found in less robust identification apps, 
providing a seamless educational experience. 
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Discussion  

1.  Fusion GLCM-MobileNetV2 is superior. 

The substantial performance improvement observed in this study (increasing from 0.6667 in 
Scenario 1 to 0.9900 in Scenario 3) underscores the complementary nature of hybrid feature 
extraction. Standard CNN architectures, including the MobileNetV2 used in this research, typically 
prioritize global semantic features and high-level spatial arrangements. While effective for broad 
classification, these deep features often undergo 'information blurring' during downsampling, 
causing the model to lose the fine-grained, high-frequency textural nuances that distinguish Slobog, 
Tuding, and Klitik. 

By strategically embedding Gray-Level Co-occurrence Matrix (GLCM) descriptors, the model gains 
access to deterministic textural attributes, specifically contrast, correlation, and energy that remain 
invariant to the CNN’s spatial filters. In the case of Klitik, which has a high density of curves compared 
to the more linear Slobog, GLCM provides a statistical 'fingerprint' of the texture's micro-edges. The 
fusion strategy effectively bridges the gap between deep spatial awareness and handcrafted textural 
precision, allowing the model to resolve visual ambiguities that a purely deep learning approach 
consistently misclassifies. 

2. Critical Comparison with Previous Research. 

Compared to previous batik classification studies, this research offers a distinct contribution in terms 
of model efficiency and granularity. Prior work by  (Sari et al., 2025) achieved high accuracy using 
standard CNNs but focused on motifs with high inter-class variance, which are inherently easier to 
distinguish. Similarly, studies employing heavier architectures like VGG-based models (Suyahman & 
Hapsari, 2025) reported robust results but at the cost of high computational overhead, making them 
impractical for the mobile-based digital learning environments prioritized in this study. 

Unlike the work of  (Gultom et al., 2018), which primarily addressed global batik patterns, our 
findings demonstrate that a hybrid approach is specifically superior for 'fine-grained' sub-motif 
identification where geometric structures are nearly identical. The exact contribution of this study 
lies in the validation of a lightweight fusion mechanism that achieves state-of-the-art accuracy (99%) 
with a 91% reduction in parameter count compared to traditional deep models. This proves that 
high-performance batik recognition does not necessitate massive computational resources, provided 
that the feature extraction strategy is tailored to the specific textural characteristics of the cultural 
artifacts. 

The robustness of the hybrid model is further evidenced by the confusion matrix in Figure 6. The 
model successfully isolated the subtle differences between Klitik (small patterns) and Slobog (larger, 
geometric patterns). Unlike standard deep learning models that require massive datasets and high 
computational power, our hybrid approach utilizes GLCM as a “prior knowledge” shortcut.  By 
leveraging lightweight infrastructure, this architecture is expected to facilitate low-latency inference 
processing. This efficiency is a critical design consideration for potential real-time mobile 
applications, where computing resources are often limited. This architecture results in a low-latency 
inference process, which is essential for real-time mobile deployment. By maintaining a lightweight 
profile (1,296-dimensional supervector), the model can be integrated into smartphones with limited 
hardware specifications, democratizing access to batik cultural education through ICT. The 1.1% 
error rate observed in the Klitik classification provides a practical insight for ICT developers. While 
the misclassification of 4 samples suggests that extreme intra-class similarity remains a challenge, 
visual inspection of these specific errors indicates that subtle variations in image sharpness and 
lighting might contribute to the degradation of fine-grained textural features. This suggests that for 
real-world ICT deployment, implementing a pre-processing quality-check or a 'steady-shot' guidance 
in the mobile interface could further minimize identification errors, especially when capturing the 
intricate, high-density curves of the Klitik motif. Future applications should include a 'shake 
detection' or 'image quality check' feature to ensure the GLCM calculation remains accurate before 
processing, further enhancing the reliability of the digital learning tool. 
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Implication 

The proposed hybrid model achieves high accuracy with a reduced parameter count, making it a 
promising candidate for mobile-based digital cultural learning. While current results are based on 
controlled datasets, the model’s efficiency points toward a potential implementation in real-time 
environments where computational resources are limited. 

Research contribution 

This research makes a significant contribution through the development of an innovative hybrid 
framework that combines 1,280 deep spatial descriptors from MobileNetV2 with 16 local statistical 
texture features from GLCM, thus successfully bridging the gap between manual feature design and 
deep learning. Through this feature fusion mechanism, this research recorded a performance 
breakthrough by increasing the classification accuracy of highly similar Parang motifs from a 
baseline of 66.67% to 99%. In contrast to previous research that tends to focus on general batik 
identification, this research offers a high level of specialization to distinguish specific sub-motifs, 
such as Slobog, Tuding, and Klitik, which have very extreme visual similarities between classes. 

Limitations 

Despite the significant performance achieved, this research acknowledges several limitations that 
should be considered. First, the scope of this study is currently restricted to three specific Parang 
variants (Slobog, Tuding, and Klitik) as a fundamental proof of concept, which may not yet represent 
the full diversity of Indonesian batik. Furthermore, the experimental environment was conducted 
under controlled lighting conditions, suggesting that the model's performance might vary when faced 
with extreme or inconsistent outdoor lighting. Additionally, there is a notable data dependency, as 
the study heavily relied on data augmentation techniques to generate the 1,200-image dataset due 
to the limited availability of original 'master' batik images. Finally, a minor error rate of 1% was 
observed during testing, which was primarily attributed to extreme motion blur in certain 
augmented samples that distorted the GLCM statistical calculations, particularly for contrast and 
entropy features. Acknowledging these constraints is essential for defining the operational 
boundaries of the current model in real-world ICT deployments. 

Suggestions 

To build upon the findings of this study and address its inherent limitations, several avenues for 
future research are suggested. Primarily, given that this study focused exclusively on three sub-
motifs of Parang, future studies should focus on dataset expansion by incorporating a more diverse 
range of batik motifs from various Indonesian regions to rigorously test the model's generalizability. 
In terms of practical application, as current results are based on controlled experimental 
environments, there is a critical need for real-time ICT implementation. This includes deploying the 
model on actual mobile applications to measure real-world performance metrics, such as inference 
latency and battery consumption, which were not explicitly measured in this study. Technically, to 
resolve the minor misclassifications observed between highly similar patterns, researchers could 
explore advanced fusion techniques, such as “attention mechanisms,” to dynamically weight the 
importance of statistical texture features versus deep spatial features. Finally, addressing the 
sensitivity of handcrafted features to external factors, conducting extensive robustness testing in 
uncontrolled environments with varied lighting and camera angles will be essential to improve the 
model's practical reliability for public use in museums, schools, or digital educational centers. 

 

CONCLUSION 

In conclusion, this study demonstrates that the fusion of GLCM-based texture features and 
MobileNetV2 spatial descriptors provides a notable improvement in the classification of fine-grained 
Batik Parang motifs. The proposed hybrid model achieved an accuracy of 0.99, representing a 
substantial performance gain over the baseline MobileNetV2 model (0.66). While these results are 
highly promising within the scope of the current dataset, they should be interpreted as a 
demonstrated potential for high-precision recognition rather than a definitive statistical certainty. 



Haryanto, H., Husin , HS, Hartini, H., Kardha, FD, & Utomo, WA    Model Hibrida Ringan GLCM… 

14 | Jurnal Pendidikan Teknologi Informasi dan Komunikasi 

The integration of handcrafted features effectively addresses the visual ambiguities of sub-motifs, 
offering a robust framework for further development in digital cultural preservation tools. 
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