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Abstract: Batik motif classification has attracted growing attention in visual computing due to its role 

in cultural heritage preservation, textile informatics, museum documentation, and automated catalog-

ing. Although many studies report high classification accuracy, robustness under real-world acquisition 

conditions remains insufficiently understood. Batik images are frequently affected by illumination var-

iation, blur, folds, watermark overlays, wearable deformation, scale inconsistency, and background clut-

ter, creating challenges that extend beyond conventional image-noise assumptions. Existing studies 

largely focus on improving classification performance, while the interactions among acquisition varia-

bility, feature representation, evaluation practice, and deployment constraints remain fragmented. This 

systematic literature review addresses this gap by synthesizing batik classification research through a 

robustness-aware perspective. Using query expansion, backward and forward citation chaining, rele-

vance screening, and thematic coding, 116 candidate records were identified, resulting in 50 highly 

relevant studies for detailed analysis. The review reveals that robustness is shaped less by denoising 

alone than by the combined effects of acquisition conditions, representation design, evaluation realism, 

and deployment context. Handcrafted descriptors remain competitive for small datasets and structured 

motifs due to their data efficiency and interpretability, whereas deep learning models achieve the high-

est reported accuracy when supported by sufficient data diversity and realistic augmentation. Hybrid 

representations emerge as the most consistently balanced approach, combining local texture stability 

with higher-level abstraction across heterogeneous acquisition settings. The review further identifies 

recurring robustness failure patterns, including background dependency, illumination instability, motif-

scale inconsistency, wearable deformation, and source-shift vulnerability. Based on these findings, a 

robustness-oriented research agenda is proposed, emphasizing cross-acquisition evaluation, represen-

tation-stability analysis, batik-specific robustness benchmarks, acquisition-aware augmentation, and 

deployable lightweight or hybrid architectures. The study contributes a domain-specific synthesis that 

reframes batik motif classification from an accuracy-centric task toward a robustness-aware visual 

recognition problem. 

Keywords: Acquisition variability; Batik motif classification; Cultural heritage preservation; Feature 

representation; Robustness-aware classification; Textile informatics; Visual recognition; Cross-      

acquisition generalization. 

 

1. Introduction 

Batik is a traditional Indonesian textile art that integrates wax-resist dyeing techniques, 
regional symbolism, and generations of accumulated craft knowledge. Since its recognition 
by UNESCO as an Intangible Cultural Heritage of Humanity in 2009, batik has attracted 
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increasing attention not only as a cultural asset but also as an important object of digital 
preservation and computational analysis. Indonesia hosts a rich diversity of batik motif fam-
ilies, each reflecting distinct historical, philosophical, and socio-cultural traditions. Motifs 
such as parang, kawung, truntum, mega mendung, nitik, and numerous coastal variants demonstrate 
that batik is not a single visual category but a broad collection of texture-rich, repetitive, hi-
erarchical, and often structurally complex patterns produced under diverse artisanal practices 
[1]–[4]. Consequently, automated batik motif classification has become an increasingly im-
portant research topic for cultural archiving, museum documentation, textile informatics, dig-
ital cataloging, educational applications, and e-commerce systems. 

Despite substantial progress in classification performance, the primary challenge in batik 
motif recognition extends beyond conventional image noise. In practical settings, batik im-
ages are acquired through heterogeneous sources, including mobile photography, flat-layout 
product imaging, wearable capture, museum digitization, scanned archives, and online repos-
itories. These acquisition scenarios introduce significant variability in image characteristics. 
Illumination inconsistency affects contrast and color constancy, folds and wearable defor-
mation alter local geometric structures, cropping and scale variation remove contextual infor-
mation, watermark overlays and compression artifacts distort texture statistics, while back-
ground clutter may dominate visual representations intended to capture motif characteristics. 
Such factors directly influence the stability of co-occurrence statistics, local binary patterns, 
gradient-based descriptors, and learned deep representations. Consequently, the central chal-
lenge is not merely noise reduction but robustness under heterogeneous acquisition condi-
tions, making a robustness-aware perspective more appropriate than a narrowly defined 
noise-aware perspective when examining batik motif classification [5]–[9]. 

A second challenge concerns the fragmented methodological landscape of the field. Ex-
isting studies vary substantially in their emphasis on preprocessing, handcrafted descriptors, 
transfer learning, data augmentation, hybrid feature representations, and lightweight deploy-
ment-oriented models. However, many studies continue to rely on homogeneous single-
source datasets, accuracy-centric evaluation, and limited cross-dataset validation. As a result, 
reported performance often reflects dataset consistency rather than genuine robustness and 
generalization capability. The key research question in contemporary batik informatics is 
therefore no longer limited to maximizing classification accuracy, but rather understanding 
how robust visual representations can be constructed, maintained, and evaluated under real-
istic acquisition variability [10]–[19], [20]–[29], [30]–[32]. 

Motivated by these challenges, this study presents a systematic literature review of ro-
bustness-aware batik motif classification through an analytical framework that connects ac-
quisition variability, feature representation, learning models, evaluation realism, and deploy-
ment considerations. Rather than treating preprocessing as the primary analytical focus, this 
review examines robustness as an emergent property arising from the interaction among data 
acquisition conditions, representational choices, learning architectures, and evaluation proto-
cols. The main contributions of this review are as follows: 

• Reframing batik motif classification from a predominantly noise-centric perspective to-
ward a robustness-aware perspective centered on acquisition variability, representation 
stability, and evaluation realism. 

• Synthesizing and critically comparing handcrafted, hybrid, deep, and lightweight learning 
approaches with respect to robustness trade-offs, data requirements, deployment suita-
bility, and likely failure modes. 

• Identifying recurring robustness challenges in batik classification, including illumination 
instability, background dependency, motif-scale inconsistency, wearable deformation, 
and source-shift vulnerability, while highlighting limitations of current evaluation prac-
tices. 

• Formulating a future research agenda focused on cross-acquisition generalization, rep-
resentation stability, robustness-oriented evaluation, domain-specific benchmarking, and 
deployment-ready batik informatics systems. 
 

The remainder of this paper is organized as follows. Section 2 describes the review meth-
odology, including literature identification, screening procedures, and thematic coding strate-
gies. Section 3 presents the characteristics of the reviewed corpus. Section 4 synthesizes the 
literature from the perspectives of acquisition variability, feature representation, and robust-
ness challenges. Section 5 compares major families of learning approaches and discusses their 
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robustness trade-offs and deployment implications. Section 6 outlines key research gaps and 
future directions. Finally, Section 7 concludes the review and summarizes the principal in-
sights derived from the analysis. 

2. Literature Review 

2.1. Batik as a Classification Target: Cultural Context, Visual Structure, and Real-
World Capture 

From a computational perspective, batik presents a distinctive and challenging classifi-
cation problem for several reasons. First, intra-class variability is inherently high because batik 
is traditionally handcrafted; two samples belonging to the same motif family may differ in 
scale, stroke thickness, orientation, color composition, and local regularity. Second, inter-class 
similarity is often substantial among related motif families, requiring fine-grained recognition 
systems to distinguish subtle differences in repetitive local structures. Third, the number of 
recognized batik categories is large and regionally diverse, resulting in multi-class classification 
problems characterized by class imbalance and partially overlapping visual signatures [3], [18], 
[19]. At the same time, batik is a culturally significant artifact rather than a generic texture 
benchmark. Consequently, classification errors may affect digital preservation, museum cura-
tion, cultural documentation, and educational applications, extending the implications of 
model performance beyond purely technical evaluation. 

The acquisition environments for batik images are equally diverse. Museum collections 
are commonly digitized using controlled scanners or professional photography, whereas e-
commerce platforms frequently rely on consumer devices operating under inconsistent illu-
mination conditions. Artisan archives may contain folded, partially occluded, or aged textiles, 
while wearable scenarios introduce deformation, perspective distortion, and pose variation. 
As a result, the same motif may appear visually stable to human observers while exhibiting 
substantial variation in measurable image characteristics across acquisition settings. Robust 
batik classification should therefore be viewed as a problem of preserving representation sta-
bility across heterogeneous acquisition conditions rather than merely suppressing pixel-level 
disturbances. In this context, robustness emerges from the interaction between acquisition 
conditions and representation design rather than from preprocessing alone [10], [22], [33], 
[34]. 

2.2. Acquisition Variability, Robustness, and Batik-Specific Disturbances 

Classical batik classification studies frequently employ median filtering, Otsu threshold-
ing, image resizing, region-of-interest extraction, and wavelet decomposition as preprocessing 
techniques [1], [10], [11], [23], [35]. Although these operations often improve classification 
performance, their analytical role should be interpreted carefully. Within the batik domain, 
preprocessing serves not only to suppress Gaussian or impulse noise but also to stabilize 
visual representations in the presence of illumination inconsistency, background interference, 
scale variation, and partial deformation. Kusanti et al. [10], for example, demonstrated that 
resize normalization and ROI cropping reduce the influence of irrelevant backgrounds prior 
to VGG-16 inference, while wavelet-based approaches [11], [35] suggest that multi-resolution 
decomposition can preserve salient motif structures under varying acquisition conditions. 

The broader computer vision literature further clarifies the distinction between de-
noising and robustness. Tian et al. [5] and Mao et al. [7] provide comprehensive reviews of 
image denoising methods, Rawat and Wang [6] survey CNN-based image classification, and 
Humeau-Heurtier [8], [9] review color and texture descriptors. While these studies offer val-
uable theoretical foundations, they are not sufficiently domain-specific to explain why batik 
classifiers may fail under wearable deformation, watermark overlays, illumination shifts, or 
cross-source acquisition variability. Batik requires a domain-aware interpretation of robust-
ness because motif identity is encoded through repetitive, hierarchical, and texture-rich struc-
tures whose visual cues may be disrupted differently by folds, clutter, scale changes, and local 
occlusion. This observation suggests that robustness in batik classification cannot be fully 
inferred from generic image-processing literature but must be interpreted in relation to the 
unique visual characteristics of batik motifs. 

The major gap is therefore not simply the absence of stronger denoising algorithms, but 
rather the lack of controlled and batik-specific robustness analysis. Most reviewed studies 
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adopt a fixed preprocessing configuration while varying feature descriptors or classifiers, mak-
ing it difficult to determine whether performance improvements originate from input stabili-
zation, feature representation, or learning model selection. A stronger research agenda would 
compare methods under matched acquisition conditions, explicitly model batik-specific dis-
turbances, and evaluate whether performance gains persist across heterogeneous datasets ra-
ther than within a single curated split [1], [10], [11], [23], [36]–[38]. Addressing this gap re-
quires evaluation protocols capable of disentangling the effects of preprocessing, feature rep-
resentation, and learning models under comparable acquisition settings. 

2.3. Feature Representation: Why Handcrafted, Hybrid, and Deep Models Persist 

Feature representation constitutes the central mechanism through which acquisition var-
iability is translated into either stable or unstable classification outcomes. Consequently, un-
derstanding robustness in batik classification requires examining how different representation 
strategies preserve motif information under varying acquisition conditions. Handcrafted de-
scriptors remain foundational in batik classification because batik motifs are inherently tex-
ture-rich and because carefully designed feature engineering often remains competitive when 
labeled datasets are limited. The Grey-Level Co-occurrence Matrix (GLCM) [39] captures 
second-order spatial statistics, including contrast, correlation, energy, and homogeneity, that 
align closely with the repetitive structural regularities characteristic of many batik motifs. As 
a result, GLCM appears across a broad range of approaches, including standalone handcrafted 
pipelines, hybrid CNN systems, and decision-tree-based classifiers [12], [14], [21], [30], [35], 
[40], [41]. 

Local Binary Patterns (LBP) [42] and related variants describe local micro-textures 
through neighborhood intensity comparisons that are relatively robust to monotonic gray-
level transformations. Multiple studies have shown that LBP-based representations achieve 
competitive performance under limited data availability and moderate image degradation [13], 
[25]–[28], [43]–[49]. Similarly, the Histogram of Oriented Gradients (HOG) [9] emphasizes 
gradient orientation statistics and is particularly effective for motif families characterized by 
strong geometric structures and directional regularity. Wavelet-based descriptors [11], [50] 
provide multi-resolution representations capable of separating coarse structural information 
from fine-grained details, making them suitable for the inherently multi-scale nature of batik 
patterns. Gabor filters [51] further contribute orientation-selective frequency analysis that 
captures directional periodicities often present in traditional motifs. Taken together, these 
handcrafted descriptors represent different strategies for preserving motif information under 
acquisition variability. Some emphasize local texture regularity, others capture structural or-
ganization or scale-dependent patterns, but all seek to maintain representation stability despite 
changes in image quality and acquisition conditions. 

Deep representations differ fundamentally from handcrafted descriptors because they 
learn hierarchical abstractions directly from data rather than relying on predefined texture 
statistics. Their primary advantage lies not merely in higher representational capacity, but in 
their ability to integrate motif information across multiple spatial scales and levels of abstrac-
tion. Elvitaria et al. [14] proposed an ensemble framework combining GLCM descriptors with 
deep learning predictions, consistently outperforming either component in isolation. 
Dzulqarnain et al. [15] demonstrated that deep convolutional autoencoders can learn discrim-
inative batik representations without explicit feature engineering, while Anggoro et al. [2] ap-
plied ResNet-based architectures to Solo batik and reported classification accuracies exceed-
ing 97% when supported by appropriate preprocessing and augmentation strategies. Broader 
surveys by Alzubaidi et al. [52] and Khan et al. [53] similarly report that deep models consist-
ently outperform handcrafted baselines on large-scale visual recognition benchmarks, with 
transfer learning proving particularly effective under domain-shifted conditions. However, 
the advantages of deep representations are often contingent upon dataset diversity, augmen-
tation realism, and the extent to which training data reflect real-world acquisition variability. 
Consequently, superior benchmark performance does not necessarily imply stronger robust-
ness when models are deployed beyond the conditions under which they were trained. 

2.4. Learning Models, Evaluation Realism, and Deployment Constraints 

The landscape of learning models used in batik classification spans both classical ma-
chine learning and modern deep learning paradigms. Support Vector Machines (SVM) [54] 
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remain attractive for high-dimensional handcrafted feature spaces due to their strong margin-
based generalization properties and robustness in limited-data settings. Random Forest [55] 
and k-Nearest Neighbor (KNN) [56] classifiers continue to serve as competitive baselines 
when paired with carefully engineered features, while decision trees [21] offer complete inter-
pretability in applications where human-readable decision rules are desirable. Consequently, 
classical learning models remain relevant not because they consistently outperform deep ar-
chitectures, but because they often provide favorable trade-offs among interpretability, com-
putational efficiency, and robustness on relatively small datasets. 

Transfer learning has emerged as the dominant strategy for maximizing classification 
performance. Architectures such as VGG-16, ResNet-50 [57], DenseNet [58], and Mo-
bileNetV2 [59] are commonly initialized using ImageNet pretraining and subsequently fine-
tuned on batik datasets. This approach leverages generic visual representations learned from 
large-scale datasets while adapting higher-level features to motif-specific characteristics. Mo-
bileNetV2, particularly when combined with quantization-aware training [16], [59], reflects a 
growing emphasis on deployment feasibility and resource-efficient inference rather than 
benchmark accuracy alone. 

Nevertheless, improved benchmark performance should not automatically be inter-
preted as stronger robustness, particularly when evaluation is conducted on homogeneous 
datasets collected under narrowly controlled acquisition conditions. Models may learn acqui-
sition-specific characteristics rather than motif-specific representations, thereby overestimat-
ing their ability to generalize across real-world settings. 

Evaluation realism remains one of the least developed dimensions of the batik classifi-
cation literature. Accuracy-only reporting on single train-test splits continues to dominate ex-
perimental practice, limiting the ability to assess robustness and generalization. Rawat and 
Wang [6] and Tian et al. [5] note that high-quality computer vision research increasingly em-
phasizes comprehensive evaluation protocols incorporating per-class metrics, cross-dataset 
validation, efficiency analysis, and robustness testing. Such practices have yet to become 
standard in batik classification studies. 

Future research should therefore adopt a minimum evaluation framework that includes 
per-class precision, recall, and F1-score, macro-F1 metrics, confusion-matrix analysis, at least 
one cross-dataset validation experiment, and computational efficiency measurements. With-
out such evaluation protocols, it remains difficult to determine whether reported performance 
improvements reflect genuine robustness gains or merely improved performance under nar-
rowly controlled acquisition conditions. 

3. Review Method 

3.1. Review Design and Protocol 

This study follows a structured systematic literature review (SLR) design informed by 
PRISMA 2020 [60], Snyder [61], Okoli [62], Pare et al. [63], and Webster and Watson [64]. 
The review is guided by the following research question: “ How do acquisition conditions, 
feature representations, and learning models interact to influence robustness in batik motif 
classification?” To address this question, the review adopts a robustness-oriented analytical 
framework that integrates three complementary dimensions: 

• Acquisition variability and preprocessing strategies, encompassing both image-level sta-
bilization and robustness-oriented data preparation; 

• Feature representation families, including handcrafted, hybrid, deep, and lightweight rep-
resentations; 

• Learning-model trade-offs, emphasizing robustness, evaluation realism, generalization 
capability, and deployment implications rather than classification accuracy alone. 
 

These dimensions are conceptually linked through the framework illustrated in Figure 1, 
which positions acquisition variability as the primary source of representation instability and 
robustness challenges in batik motif classification. Because the retrieved literature reports 
heterogeneous datasets, motif taxonomies, feature pipelines, and evaluation protocols, a 
quantitative meta-analysis would not yield meaningful pooled effect estimates. Consequently, 
this study adopts a qualitative and thematic synthesis approach aimed at identifying recurring 
patterns, robustness challenges, methodological gaps, and future research directions. 
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Figure 1. Robustness-oriented conceptual framework linking acquisition variability, representation 
instability, robustness challenges, evaluation inconsistency, and deployment limitations in batik motif 

classification. 

3.2. Source Collection, Screening, and Corpus Construction 

The literature corpus was constructed through a multi-stage search strategy combining 
query expansion, backward citation chaining, and forward citation chaining. Search terms 
were organized into three semantic clusters corresponding to the analytical dimensions of the 
review: 

• Batik classification terms: batik classification, batik motif classification, batik image 
recognition, batik pattern identification, and traditional textile classification; 

• Robustness and acquisition terms: acquisition variability, domain shift, illumination, blur, 
clutter, watermark, preprocessing, and denoising; 
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• Feature and learning-model terms: texture descriptors, GLCM, LBP, HOG, CNN, trans-
fer learning, and lightweight models. 
 

Representative search strings included: 

• "batik motif classification" AND (LBP OR GLCM OR CNN); 

• "batik image recognition" AND (illumination OR blur OR preprocessing); 

• "batik pattern classification" AND (texture descriptor OR transfer learning); 

• "traditional textile classification" AND (feature extraction OR domain shift OR light-
weight model). 
 

Searches were conducted using Google Scholar, IEEE Xplore, Scopus, and the Indone-
sian academic indexing portal (portal.garuda.kemdikbud.go.id) to capture both international 
and nationally indexed publications. The review prioritized peer-reviewed journal and confer-
ence papers published between 2015 and 2025, written in either English or Indonesian, and 
containing sufficient methodological detail to identify datasets, feature representations, learn-
ing models, and evaluation settings. Studies were excluded when they: 

• represented duplicate records, 

• lacked accessible full text, 

• focused primarily on batik generation, retrieval, segmentation, or craft-process analysis 
rather than motif classification, 

• contained only peripheral batik relevance, 

• or lacked sufficient methodological information to support thematic coding. 
 

The initial direct search yielded 35 candidate studies. Backward citation chaining identi-
fied an additional 49 studies, while forward citation chaining contributed 32 studies, resulting 
in 116 candidate records. After title, abstract, and duplicate screening, 114 studies were re-
tained as broadly relevant to the review topic. Subsequent full-text assessment identified 50 
highly relevant studies suitable for detailed thematic synthesis and coding. 

Within this final synthesis corpus, batik-specific empirical studies constitute the analyti-
cal core of the review. Broader computer-vision, denoising, and texture-analysis surveys were 
retained only when they provided transferable concepts related to robustness, feature repre-
sentation, or evaluation methodology. Maintaining this distinction is important because the 
objective of the review is not to reproduce a generic computer-vision survey, but to develop 
a domain-specific understanding of robustness challenges in batik motif classification. 

3.3. Synthesis Procedure and Coding Scheme 

Each of the 50 highly relevant studies was coded according to: 

• acquisition conditions and preprocessing strategies; 

• feature-representation family (handcrafted, hybrid, deep, or lightweight); 

• learning model and classification approach; 

• evaluation metrics and validation protocols; 

• dataset provenance and sample characteristics; 

• reported performance outcomes; 

• stated limitations, failure modes, and future research directions. 
 

The resulting codes were aggregated through iterative thematic analysis to identify 
higher-level patterns across the literature. The synthesis was organized around five analytical 
themes: (1) acquisition robustness, (2) representation stability, (3) evaluation realism, (4) de-
ployment feasibility, (5) methodological maturity. 

When multiple studies converged on similar observations, the resulting pattern was 
treated as a synthesized finding. Conversely, where evidence remained fragmented, conclu-
sions were explicitly presented as analytical interpretations rather than universally established 
facts. This distinction is particularly important because robustness-related evidence remains 
unevenly distributed across the batik literature. Many studies report classification perfor-
mance without explicitly analyzing acquisition variability, representation stability, or deploy-
ment constraints. Consequently, the present review emphasizes synthesis and interpretation 
rather than simple aggregation of reported accuracies. To position the contribution of the 
present study, Table 1 compares the review against adjacent survey streams and representative 
literature categories. 
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Table 1. Positioning of the present review relative to adjacent survey streams and batik-specific em-
pirical literature. 

Literature Stream 
Representative Ref-

erences 
Primary Focus Limitation Relative to This Review 

General denoising sur-
veys 

[5], [7] 
Image denoising taxonomies and restora-

tion methods 

Do not address batik-specific acquisition var-
iability, motif semantics, representation sta-

bility, or evaluation realism. 

General CNN and im-
age-classification sur-

veys 
[6], [52], [53], [65] 

Deep architectures and large-scale image-
classification practices 

Not centered on batik datasets, texture-spe-
cific robustness challenges, or cultural-do-

main deployment. 

General texture and de-
scriptor surveys 

[8], [9] 
Texture descriptors, feature families, and 

visual pattern analysis 
Provide theoretical foundations but do not 
offer batik-specific robustness synthesis. 

Present review 

Batik-focused corpus 
[1], [2], [16]–[23], 
[29], [30], [3], [33], 
[35], [4], [10]–[15] 

plus adjacent surveys 

Acquisition variability, representation sta-
bility, evaluation realism, and deployment 
implications in batik motif classification. 

Provides the robustness-oriented synthesis 
and research agenda missing from adjacent 

survey streams. 

 

Table 1 highlights that the novelty of the present review does not lie in introducing a 
new classification algorithm, but in synthesizing how acquisition variability, feature represen-
tation, learning models, evaluation practices, and deployment considerations collectively 
shape robustness in batik motif classification. This robustness-oriented perspective forms the 
analytical foundation for the subsequent synthesis and discussion sections. 

4. Findings and Thematic Synthesis 

4.1. Descriptive Overview of the Reviewed Corpus 

The 50 highly relevant studies reveal that batik motif classification has evolved from 
predominantly handcrafted texture-analysis pipelines toward increasingly diverse combina-
tions of hybrid and deep-learning approaches. However, the literature has not converged on 
a single dominant paradigm because the relative strengths of different methods remain highly 
dependent on acquisition conditions, dataset characteristics, deployment constraints, and ro-
bustness requirements. As illustrated in Figure 2 and Figure 3, the field continues to exhibit 
substantial methodological diversity, reflecting the broader challenge of balancing accuracy, 
representation stability, and practical deployment considerations. 

More importantly, the reviewed literature indicates that robustness-aware batik classifi-
cation remains a relatively specialized research area. While classification accuracy is frequently 
reported, explicit investigations of acquisition variability, cross-acquisition generalization, de-
ployment readiness, and robustness evaluation remain comparatively uncommon. This im-
balance suggests that methodological development has progressed more rapidly than robust-
ness assessment, creating a gap between benchmark performance and real-world applicability. 

The composition of the corpus also provides important context for interpreting the find-
ings of this review. Approximately two-thirds of the detailed synthesis corpus consists of 
batik-specific empirical studies, while the remaining studies provide complementary theoret-
ical foundations in areas such as image denoising, texture representation, machine learning, 
and evaluation methodology. These supporting studies are not intended to replace the batik-
focused evidence base; rather, they provide transferable concepts that help interpret robust-
ness, representation stability, and evaluation realism within the batik domain. 

This evidentiary structure establishes the scope and limitations of the review. Conclu-
sions regarding the strengths, weaknesses, robustness characteristics, and deployment impli-
cations of different approaches are derived primarily from batik-specific studies and subse-
quently interpreted using broader computer-vision literature. Accordingly, statements con-
cerning the relative stability, transferability, or robustness of particular method families should 
be understood as synthesized observations across heterogeneous studies rather than univer-
sally established causal relationships. 
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Figure 2. Thematic prevalence across the 50 highly relevant studies included in the synthesis corpus. 

Figure 2 further illustrates the thematic distribution of the reviewed literature. Acquisi-
tion variability and preprocessing appear in 25 of the 50 studies (50%), making them the most 
frequently discussed theme and highlighting the continued importance of image quality, cap-
ture conditions, and input stabilization. Feature-representation research remains equally 
prominent, with texture descriptors appearing in 22 studies (44%), indicating that handcrafted 
approaches continue to play a significant role despite the increasing adoption of deep learning. 
Deep and transfer-learning methods appear in 20 studies (40%), reflecting substantial growth 
in data-driven approaches, although not complete displacement of classical techniques. In 
contrast, deployment-oriented studies, robustness evaluation, and cross-acquisition analysis 
remain comparatively rare, suggesting that the field continues to emphasize performance op-
timization more strongly than robustness validation. 

 

Figure 3. Publication-year distribution of representative batik classification studies (2014–2025). 

The temporal distribution shown in Figure 3 reveals a clear acceleration of research ac-
tivity after 2019, culminating in the highest publication density in 2024. Early studies were 
dominated by handcrafted texture descriptors and conventional machine-learning classifiers. 
The subsequent period introduced transfer learning, data augmentation, and deeper convolu-
tional architectures, reflecting broader trends in computer vision research. More recent stud-
ies demonstrate increasing methodological diversification through hybrid representations, 
lightweight architectures, FPGA deployment, and discussions of robustness-related chal-
lenges. 

Despite this methodological expansion, evaluation practices have not evolved at the 
same pace. Cross-dataset validation, acquisition-aware robustness testing, failure-mode anal-
ysis, and batik-specific benchmarking protocols remain relatively uncommon. Consequently, 
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the literature appears to be advancing more rapidly in terms of model diversity than evaluation 
maturity. This observation reinforces one of the central findings of the present review: ro-
bustness remains a substantially less explored dimension than classification accuracy within 
current batik motif classification research. The principal themes identified from the reviewed 
corpus and their analytical significance are summarized in Table 2. 

Table 2. High-level themes identified in the reviewed corpus and their analytical interpretations. 

Theme 
Frequency 

(of 50) 
Analytical Interpretation 

Acquisition variability and 
preprocessing 

25 
Most frequently discussed theme, indicating that image 

quality, acquisition conditions, and representation stabiliza-
tion remain central concerns 

Texture feature representa-
tion 

22 
Handcrafted descriptors remain important because batik 

motifs are inherently texture-rich and many datasets remain 
relatively small 

Deep and transfer learning 20 
Achieve the highest reported performance, but robustness 

remains strongly dependent on data diversity and evaluation 
realism 

Data augmentation 12 
Frequently used to mitigate limited training data, although 

often without explicit robustness-oriented validation 

Wavelet and multi-scale rep-
resentation 

10 
Important for capturing motif structures that span multiple 

spatial and frequency scales 

Noise-robust LBP variants 9 
Reflect continued efforts to improve representation stability 

under image degradation and acquisition variability 

Hybrid handcrafted–deep 
representations 

8 
Emerging strategy that combines complementary strengths 

of classical descriptors and learned representations 

Noise-effect analysis 4 
Formal investigation of robustness under controlled dis-

turbances remains relatively uncommon 

Hardware-efficient models 3 
Indicates growing interest in deployment-oriented and re-

source-constrained applications 

Segmentation and ROI ex-
traction 

3 
Applied selectively to improve motif localization and reduce 

background interference 

 

Taken together, the thematic distribution highlights a field in transition. While deep 
learning and hybrid approaches are increasingly prominent, handcrafted representations, pre-
processing strategies, and texture-aware feature engineering continue to play a significant role. 
More importantly, the comparatively low frequency of robustness-oriented evaluation themes 
suggests that future research should prioritize acquisition-aware validation, representation sta-
bility analysis, and deployment-oriented assessment to complement ongoing advances in clas-
sification accuracy. 

4.2. Thematic Finding 1: Acquisition Stabilization Improves Performance but Does 
Not Guarantee Robustness 

The first major finding is that preprocessing plays a stabilizing role, but it is rarely suffi-
cient to ensure robustness on its own. Median filtering, wavelet decomposition, Otsu thresh-
olding, image normalization, and region-of-interest extraction are frequently employed be-
cause they reduce nuisance variation before feature extraction or model inference [1], [10], 
[11], [23], [35]. However, the reviewed literature does not support the stronger claim that 
denoising or preprocessing alone can solve the batik classification problem. Rather, the cen-
tral challenge lies in maintaining stable motif representations when the same motif is observed 
under heterogeneous acquisition conditions. 

This distinction is important because robustness emerges from multiple interacting com-
ponents rather than from preprocessing alone. While input stabilization can reduce unwanted 
variability, classification performance ultimately depends on whether the underlying repre-
sentation remains discriminative despite residual changes in illumination, blur, deformation, 
scale variation, and background interference. In this sense, preprocessing should be viewed 
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as one element within a broader robustness pipeline that also includes data curation, feature 
representation, learning-model design, augmentation strategy, and evaluation protocol. 

A useful conceptual distinction can therefore be made between input-level stabilization 
and representation-level robustness. Input-level stabilization seeks to reduce unwanted vari-
ation before feature extraction, whereas representation-level robustness concerns the ability 
of a descriptor or learned feature to preserve motif identity despite remaining variability. The 
reviewed literature increasingly combines both perspectives. ROI extraction and resizing re-
duce background interference, robust local descriptors mitigate sensitivity to localized pertur-
bations, and augmentation or transfer learning helps learned representations tolerate greater 
appearance variation across acquisition settings. 

The importance of this distinction becomes particularly evident in real-world batik im-
agery, where the same motif may be captured under substantially different conditions while 
retaining its semantic identity. Consequently, robustness should be understood as the preser-
vation of representation stability under acquisition variability rather than merely the suppres-
sion of image noise. Figure 4 illustrates representative batik-like acquisition conditions that 
motivate this broader robustness-oriented perspective. 

 

Figure 4. Illustrative batik-like acquisition conditions highlighting the influence of illumination    
inconsistency, blur, deformation, watermark overlays, and background clutter on representation   

stability. 

4.3. Thematic Finding 2: Representational Diversity Reflects Different Robustness 
Trade-offs 

The second major finding concerns the central role of feature representation in mediat-
ing robustness under acquisition variability. Across the reviewed literature, differences in clas-
sification performance are often explained not only by the choice of learning model but also 
by how motif information is represented and preserved across changing acquisition condi-
tions. Batik motifs are inherently hierarchical visual structures composed of local stroke prim-
itives, repeated micro-textures, meso-scale repetitions, and larger compositional arrange-
ments. Consequently, feature representation cannot be reduced to a simple distinction be-
tween handcrafted and deep approaches. Instead, it must be understood in terms of how 
effectively different representations capture local versus global information, preserve multi-
scale motif characteristics, and maintain representation stability when confronted with illumi-
nation variation, blur, deformation, cropping, and background interference. 
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This perspective helps explain the continued relevance of handcrafted descriptors de-
spite the rapid expansion of deep learning. Local descriptors such as LBP, GLCM, and patch-
based texture statistics remain effective because they directly encode repetitive micro-pat-
terns, edge transitions, and short-range structural regularities that are characteristic of many 
batik motifs. Their strengths are particularly evident in relatively small datasets where data-
efficient representations often outperform more complex models. However, the same locality 
that gives these descriptors their discriminative power can also become a source of vulnera-
bility. Changes in illumination, blur, crease boundaries, and localized deformation may alter 
neighborhood relationships and texture statistics even when the semantic identity of the motif 
remains unchanged. As a result, the robustness of handcrafted representations depends not 
only on descriptor design but also on how effectively preprocessing and acquisition condi-
tions preserve the visual structures upon which those descriptors rely. 

At the opposite end of the representational spectrum, global and learned representations 
are generally better suited to capturing motif layout, long-range repetition, and broader struc-
tural organization. Deep feature hierarchies can aggregate information across multiple spatial 
scales and model nonlinear relationships that are difficult to encode using handcrafted statis-
tics alone. This capacity becomes particularly valuable for motifs whose class identity emerges 
from interactions among multiple visual regions rather than from isolated texture elements. 
Nevertheless, higher-level representations introduce their own robustness challenges. Be-
cause they often rely on broader contextual information, they may become sensitive to crop-
ping, partial visibility, wearable deformation, background clutter, or acquisition-specific char-
acteristics that are only indirectly related to motif identity. In homogeneous datasets, deep 
models may therefore achieve impressive classification accuracy while implicitly learning 
source-dependent cues such as color balance, imaging conditions, camera characteristics, or 
recurring backgrounds rather than genuinely transferable motif representations. 

A recurring pattern across the reviewed studies is that neither local nor global represen-
tations are sufficient in isolation because batik motifs simultaneously exhibit fine-grained tex-
ture detail and large-scale structural organization. Fine wax-line patterns contribute to motif 
identity, but so do repeated compositional units, directional rhythm, and inter-region arrange-
ment. This observation highlights the importance of multi-scale representation as a robust-
ness strategy. Representations that aggregate evidence across multiple levels of visual granu-
larity are generally more resilient because they do not depend exclusively on a single set of 
visual cues that may be disrupted under varying acquisition conditions. In this regard, repre-
sentation stability emerges as a more informative concept than classification accuracy alone, 
since stable representations are more likely to preserve motif identity when acquisition con-
ditions change. 

This interpretation also helps explain the growing interest in hybrid representations. 
Their value extends beyond simply combining handcrafted and learned features. Rather, hy-
brid approaches integrate complementary robustness mechanisms that operate at different 
representational levels. Handcrafted descriptors preserve domain-relevant local texture evi-
dence, while learned representations capture broader structural abstractions and higher-order 
semantic relationships. As a result, hybrid systems frequently offer a favorable balance be-
tween data efficiency, representation stability, and abstraction capacity, particularly in datasets 
characterized by limited scale or heterogeneous acquisition conditions. The more meaningful 
analytical question is therefore not which representation family achieves the highest average 
performance, but which representation strategy is best aligned with a specific robustness ob-
jective, motif hierarchy, dataset scale, and deployment context. 

Importantly, the comparative observations presented in this review should not be inter-
preted as universal rules applicable to every batik dataset. Rather, they represent recurring 
patterns synthesized from heterogeneous evidence across multiple studies. The conclusion 
that hybrid representations often provide a productive middle ground, or that deep models 
may overfit homogeneous acquisition environments, emerges consistently when acquisition 
variability, representation stability, dataset diversity, and evaluation realism are considered to-
gether. Viewed collectively, the literature suggests that future progress in batik motif classifi-
cation is likely to depend less on incremental increases in model complexity and more on the 
development of representations that remain stable, transferable, and semantically meaningful 
across diverse real-world acquisition conditions. 
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Figure 5. Multi-criteria comparison of major representation and learning-approach families across 
robustness, data efficiency, interpretability, deployment suitability, and evaluation realism dimensions. 

4.4. Thematic Finding 3: Hybrid Representations Provide a Balanced Robustness–
Complexity Trade-off 

The third major finding is that hybrid representations consistently emerge as one of the 
most promising directions within the reviewed literature. Batik motifs combine repetitive lo-
cal structures, larger compositional patterns, and culturally specific texture regularities that are 
not always captured effectively by a single representation family. Hybrid approaches address 
this challenge by combining complementary sources of information rather than relying exclu-
sively on handcrafted or learned representations. 

This complementary behavior helps explain why handcrafted descriptors remain rele-
vant despite the rapid growth of deep learning. Handcrafted features often preserve domain-
specific texture characteristics with high data efficiency, while deep representations provide 
richer abstraction and improved scalability. By integrating both perspectives, hybrid systems 
can simultaneously exploit local motif evidence and higher-level structural information. 

The growing popularity of hybrid approaches also reflects practical considerations. Many 
batik datasets remain relatively small, imbalanced, or acquisition-dependent, conditions under 
which purely end-to-end deep learning may not fully realize its theoretical advantages. Con-
sequently, hybrid systems frequently represent a pragmatic compromise between representa-
tion stability, classification performance, computational complexity, and data availability. 
Taken together, the reviewed studies suggest that the value of hybridization extends beyond 
performance improvement alone. Hybrid systems can be interpreted as an attempt to balance 
robustness, interpretability, and representational flexibility in environments characterized by 
substantial acquisition variability. 

4.5. Thematic Finding 4: Evaluation Realism Remains the Main Methodological 
Weakness 

The fourth major finding is that evaluation realism remains the most persistent method-
ological weakness in the current batik classification literature. Although many studies report 
high classification accuracy, evaluation protocols often rely on homogeneous datasets and 
single-source train-test splits that provide limited evidence regarding robustness and general-
ization. From a robustness perspective, the critical question is not whether a model performs 
well on a particular dataset, but whether that performance remains stable across variations in 
acquisition conditions, motif presentation, and dataset provenance. Robustness-aware evalu-
ation should therefore extend beyond overall accuracy and incorporate per-class performance 
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metrics, cross-acquisition validation, cross-dataset testing, computational efficiency measures, 
and explicit robustness analysis. 

Without such evaluation protocols, it remains difficult to determine whether a model is 
genuinely learning motif identity or merely exploiting acquisition-specific regularities associ-
ated with a particular collection process. This issue is particularly important for batik classifi-
cation because acquisition variability often exceeds the controlled conditions under which 
benchmark datasets are constructed. 

 

Figure 6. Representative reported accuracy values from selected batik-classification studies, pre-
sented at the study/method level; supporting citations were updated to match the revised bibliog-

raphy. 

Figure 6 provides a study-level visual summary of representative reported accuracies 
from selected batik-classification studies. It is included as an evidence-level illustration only. 
The broader comparative analysis across approach families, including robustness trade-offs 
and family-level accuracy ranges, is presented in Table 3. 

5. Comparative Analysis of Learning Approaches and Robustness Trade-offs 

5.1. Classical Handcrafted Pipelines 

Classical handcrafted pipelines remain relevant under three recurring conditions identi-
fied across the reviewed literature: limited dataset size, constrained computational resources, 
and applications where interpretability remains important. Their continued use is not merely 
a legacy of earlier computer vision practice, but reflects the visual characteristics of batik mo-
tifs themselves. Because batik is inherently texture-rich, descriptors based on second-order 
statistics, local binary patterns, gradients, and multi-resolution analysis can often capture 
meaningful motif structure without requiring large quantities of labeled data. This data effi-
ciency is particularly valuable given that many publicly available batik datasets remain rela-
tively small and are often collected under homogeneous acquisition settings. 

 
However, the robustness of handcrafted pipelines is strongly influenced by acquisition 

variability. Since many descriptors explicitly encode local contrast relationships, gradient dis-
tributions, or texture statistics, their performance can degrade when illumination conditions 
change or when motifs are affected by blur, folds, background clutter, or partial occlusion. 
Consequently, the effectiveness of handcrafted approaches frequently depends on careful 
preprocessing, acquisition control, or descriptor engineering. Their primary advantage there-
fore lies not in maximizing classification accuracy, but in providing interpretable and 
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computationally efficient representations that remain useful when data availability or deploy-
ment resources are limited. 

5.2. Hybrid Representation Systems 

Hybrid systems occupy an increasingly important position within the reviewed literature 
because they attempt to reconcile the complementary strengths and weaknesses of hand-
crafted and learned representations. Their principal advantage is not simply higher classifica-
tion accuracy, but the diversification of representational evidence across multiple levels of 
visual abstraction. Domain-specific handcrafted descriptors can preserve motif-relevant local 
texture cues that might otherwise be overlooked, while learned representations contribute 
broader structural and semantic information that is difficult to encode manually. 

This characteristic is particularly relevant in batik classification because motif identity is 
distributed across multiple spatial scales. Local texture statistics contribute important discrim-
inative information, yet larger compositional structures, repeated ornament blocks, and motif 
organization also play a significant role. A purely handcrafted pipeline may fail to capture 
higher-order relationships, whereas a purely deep representation trained on limited data may 
inadvertently absorb acquisition-specific artifacts. Hybrid systems reduce these risks by dis-
tributing representational responsibility across complementary sources of evidence. 

Viewed from a robustness perspective, hybrid approaches frequently provide a balanced 
compromise between data efficiency, representation stability, and abstraction capacity. Their 
success does not arise from combining features indiscriminately, but from integrating repre-
sentations that respond differently to acquisition variability. This explains why hybrid systems 
repeatedly emerge as strong performers in heterogeneous batik datasets, particularly when 
robustness rather than benchmark accuracy is treated as the primary objective. 

5.3. Deep and Transfer Learning Models 

Deep and transfer-learning models currently achieve the highest reported performance 
across many batik classification studies, particularly when supported by data augmentation, 
transfer learning, and sufficiently diverse training data. Their primary advantage lies in the 
ability to learn hierarchical feature representations that capture complex motif structures, 
long-range dependencies, and nonlinear relationships that are difficult to model through 
handcrafted descriptors alone. This capability is particularly beneficial for motifs whose class 
identity emerges from interactions among multiple visual regions rather than isolated texture 
elements. 

Nevertheless, the reviewed literature suggests that the principal robustness challenge as-
sociated with deep learning is not overfitting in the conventional machine-learning sense, but 
overfitting to the acquisition regime itself. When datasets are collected under relatively ho-
mogeneous conditions, deep models may learn source-specific characteristics such as illumi-
nation style, background composition, capture distance, camera properties, or color balance 
together with motif identity. As a result, impressive benchmark performance may not neces-
sarily translate into reliable generalization when acquisition conditions change. 

Data augmentation partially addresses this limitation, although its effectiveness depends 
strongly on realism rather than quantity alone. Simple rotations, flips, and generic photomet-
ric perturbations improve invariance only when they approximate the types of variability en-
countered during deployment. In the context of batik classification, acquisition-aware aug-
mentation strategies that simulate folds, blur, watermark overlays, illumination imbalance, 
cropping, and scale inconsistency are likely to contribute more directly to robustness than 
generic augmentation pipelines. 

Deployment constraints introduce an additional layer of complexity. A highly accurate 
model may still be unsuitable for mobile heritage applications, museum digitization platforms, 
or embedded industrial systems if it requires excessive memory, computational resources, or 
inference time. Consequently, robustness-aware batik classification requires model selection 
criteria that jointly consider representation quality, acquisition variability, computational effi-
ciency, and deployment feasibility rather than benchmark accuracy alone. 

5.4. Lightweight and Deployment-Oriented Models 

Lightweight and deployment-oriented architectures represent an emerging but increas-
ingly important direction within batik informatics. As applications expand beyond laboratory 
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settings toward mobile cataloging systems, museum kiosks, cultural heritage repositories, and 
industrial inspection platforms, computational efficiency becomes a practical requirement ra-
ther than a secondary consideration. Architectures such as MobileNet and quantized deep-
learning models demonstrate that meaningful classification performance can be achieved un-
der constrained hardware environments. 

However, the current evidence base remains relatively limited. While existing studies 
suggest that compact models can achieve favorable accuracy–efficiency trade-offs, there is 
still insufficient evidence to conclude that lightweight architectures maintain robustness under 
heterogeneous real-world acquisition conditions. Most deployment-oriented studies continue 
to evaluate performance under relatively controlled settings, leaving questions regarding 
cross-acquisition stability, source-shift resilience, and long-term operational reliability largely 
unresolved. Consequently, efficiency should not be evaluated independently of robustness, 
but rather as one component of a broader deployment-readiness framework. 

Table 3. Analytical comparison of major learning-approach families across robustness-oriented evaluation dimensions. 

Approach 
Family 

Accuracy 
Range (%) 

Sensitivity to Acquisition 
Variability 

Data Effi-
ciency 

Deployability Typical Failure Mode 
Representative 

Refs 

Classical 
handcrafted 

78–88 
Moderate–High (sensitive to 
illumination, blur, and clut-

ter) 

High (effec-
tive on small 

datasets) 

High 
(CPU/mobile 

feasible) 

Descriptor instability under il-
lumination variation, blur, and 

local deformation 

[1], [21], [31], 
[32], [35], [44], 
[50], [51], [66] 

Hybrid 89–96 
Moderate (complementary 

cues improve stability) 
Medium Medium 

Fusion strategy remains unre-
solved; performance depends 

on balanced integration 

[14], [27], [29], 
[30], [67] 

Deep / Trans-
fer Learning 

86–98 
Variable (strong with diverse 

data, vulnerable under 
source bias) 

Low (requires 
larger da-

tasets) 
Low–Medium 

Overfitting to background, ac-
quisition conditions, or 

source-specific characteristics 

[2], [3], [19], 
[20], [33], [57]–
[59], [68], [4], 

[12]–[18] 

Lightweight 
Efficient 
Models 

83–92 Moderate Medium 
High (edge, mo-

bile, FPGA) 
Reduced robustness under 

heterogeneous field conditions 
[16], [59] 

 

Table 3 functions not only as a comparative summary but also as a robustness-oriented 
decision framework. Classical handcrafted pipelines are most appropriate when dataset size 
is limited, interpretability is required, and deployment resources are constrained. However, 
their effectiveness remains highly dependent on acquisition stability because many descriptors 
encode explicit assumptions about texture contrast and local structure. Hybrid approaches 
become particularly attractive when the objective is to balance representation stability with 
abstraction capacity, especially in heterogeneous datasets where neither handcrafted nor 
learned representations are individually sufficient. 

Deep and transfer-learning models offer the greatest representational flexibility and 
highest best-case performance, but their robustness should be viewed as conditional rather 
than automatic. Their success depends strongly on dataset diversity, augmentation realism, 
and evaluation design. Lightweight architectures provide an additional deployment-oriented 
alternative, although evidence regarding their long-term robustness under realistic acquisition 
variability remains limited. 

Viewed collectively, the central trade-off among approach families concerns how robust-
ness is achieved. Handcrafted methods obtain efficiency at the cost of sensitivity to disturb-
ance; deep models obtain abstraction at the cost of greater data dependency and potential 
source bias; hybrid systems obtain stability through complementary evidence but require 
more sophisticated representation integration. These trade-offs reinforce a recurring theme 
throughout the reviewed literature: model selection should be guided by acquisition condi-
tions, robustness requirements, deployment constraints, and failure tolerance rather than by 
headline accuracy alone. 

5.5. Common Robustness Failure Patterns in Batik Classification 

Across the reviewed literature, several robustness-related failure patterns recur fre-
quently enough to warrant explicit synthesis. The first is background dependency, whereby 
models partially learn contextual information such as cloth presentation, table texture, 
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mannequin configuration, or acquisition setup rather than motif content itself. This issue is 
particularly problematic because such contextual cues may disappear when the model is de-
ployed under different acquisition conditions. 

A second recurring challenge is illumination instability. Uneven lighting conditions alter 
color consistency, local contrast, and texture visibility, causing both handcrafted descriptors 
and learned representations to drift away from their intended motif-specific characteristics. A 
third failure pattern concerns motif-scale inconsistency, where motifs observed at one spatial 
scale during training are not represented similarly when captured at different distances, 
cropped, partially visible, or presented in wearable form. 

The fourth recurring challenge is wearable deformation, including folds, bending, non-
planar presentation, and self-occlusion. These effects disrupt both local texture regularity and 
larger compositional structures, making them particularly difficult to address through prepro-
cessing alone. Finally, many studies implicitly reveal source-shift vulnerability, whereby per-
formance degrades when images originate from different institutions, devices, acquisition 
protocols, or preprocessing pipelines. In such cases, the learned decision boundary often 
proves narrower than the task itself. 

These recurring failure patterns help explain why a robustness-aware perspective is es-
pecially important for batik motif classification. The fundamental challenge extends beyond 
recognizing texture categories under controlled conditions; it involves preserving motif iden-
tity across acquisition environments that vary substantially in quality, presentation, and con-
text. Explicitly identifying these failure modes also clarifies why different learning approaches 
exhibit distinct robustness characteristics, even when their reported classification accuracies 
appear similar. 

6. Methodological Gaps and Future Research Directions 

The future research agenda emerging from the reviewed literature is not simply a call for 
more sophisticated models, but for more mature robustness-oriented methodology. Across 
the reviewed studies, methodological progress has generally outpaced robustness evaluation, 
resulting in a literature that increasingly reports strong classification performance yet often 
provides limited evidence regarding stability, transferability, and deployment readiness. The 
central challenge therefore lies in aligning batik-specific acquisition realities, feature represen-
tation strategies, evaluation protocols, and deployment requirements within a coherent ro-
bustness framework. The following gaps summarize the principal areas where such method-
ological maturation remains incomplete. 

6.1. Gap 1: Limited Cross-Acquisition Robustness Analysis 

The most significant methodological weakness identified in the reviewed corpus is the 
limited use of controlled robustness analysis across acquisition conditions. Most studies eval-
uate performance within a single dataset or acquisition environment and rarely examine 
whether the same model remains reliable when confronted with variations in illumination, 
cropping, wearable presentation, background complexity, watermark contamination, camera 
characteristics, or image quality. As a result, reported performance often reflects within-
source optimization rather than genuine robustness. 

Future research should move beyond conventional train–test validation toward explicit 
cross-acquisition evaluation protocols designed to separate memorization of acquisition con-
ditions from genuine motif recognition. Shared robustness benchmarks, controlled condi-
tion-shift experiments, and systematic reporting of performance degradation under acquisi-
tion variability would substantially strengthen the evidentiary basis of the field. Ultimately, 
cross-acquisition performance should be treated as a primary evaluation outcome rather than 
an optional extension. 

6.2. Gap 2: Incomplete Understanding of Representation Stability 

A second major gap concerns the limited understanding of representation stability under 
different disturbance conditions. Handcrafted descriptors are frequently assumed to be frag-
ile, while deep representations are often assumed to be inherently robust, yet relatively few 
studies directly validate these assumptions. Most comparisons remain performance-oriented 
and provide limited insight into why a particular representation succeeds or fails under spe-
cific acquisition conditions. 
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Future work should therefore shift attention from model-level comparisons toward dis-
turbance-specific representation analysis. Questions such as which representations remain 
stable under illumination shifts, which are resilient to scale variation, which fail under weara-
ble deformation, and which depend strongly on color consistency remain largely unanswered. 
Addressing these questions will require controlled ablation studies, local-versus-global repre-
sentation analysis, feature-attribution techniques, and representation-level robustness evalua-
tion. Such investigations would contribute not only to higher performance but also to a 
deeper understanding of how motif information is preserved across heterogeneous acquisi-
tion environments. 

6.3. Gap 3: Evaluation Practice Remains Too Narrow 

The review also reveals that evaluation practice remains substantially narrower than the 
robustness challenges faced by real-world batik classification systems. Accuracy on a single 
train–test split continues to dominate experimental reporting despite providing only a partial 
view of model behavior. This practice obscures class-specific weaknesses, source-shift fail-
ures, calibration issues, and deployment-related limitations that often become visible only 
under more comprehensive evaluation protocols. 

Future studies should adopt a minimum robustness-oriented evaluation framework that 
includes per-class precision, recall, and F1-score; macro-level performance measures; confu-
sion-matrix analysis; cross-dataset or cross-source validation; calibration analysis where ap-
propriate; and deployment-oriented metrics such as inference latency, memory consumption, 
and computational efficiency. Evaluation realism should be regarded as a component of 
methodological quality rather than a reporting detail. Without such practices, it remains diffi-
cult to determine whether performance gains reflect genuine robustness improvements or 
merely improved fitting to a particular dataset. 

6.4. Gap 4: Batik-Specific Visual and Dataset Resources Remain Limited 

The niche status of robustness-aware batik classification is reinforced by the limited 
availability of datasets explicitly designed to capture acquisition variability. Existing datasets 
frequently emphasize motif diversity while providing only limited coverage of the conditions 
under which batik is encountered in practice. As a consequence, many robustness-related 
challenges remain underrepresented during both model development and evaluation. 

Future datasets should include a broader range of acquisition conditions, including flat 
and wearable presentation, controlled and uncontrolled illumination, blur, folds, watermark 
overlays, cluttered backgrounds, partial occlusion, and scale variation. Equally important, da-
taset documentation should explicitly describe source provenance, acquisition procedures, 
and preprocessing pipelines to facilitate meaningful cross-source evaluation. Such resources 
would enable more realistic benchmarking and help establish batik classification as a distinc-
tive robustness problem rather than a generic texture-recognition task. 

6.5. Gap 5: Deployment-Oriented Research Remains Underdeveloped 

Although deployment feasibility is increasingly discussed in the literature, deployment-
oriented research remains comparatively underdeveloped. Practical batik informatics applica-
tions frequently operate under conditions that differ substantially from laboratory bench-
marks, including constrained hardware resources, variable illumination, intermittent connec-
tivity, and real-time processing requirements. These constraints introduce robustness chal-
lenges that are rarely captured by conventional performance metrics. 

Future research should therefore examine efficient architectures, model compression, 
quantization, pruning, knowledge distillation, and edge deployment strategies within realistic 
acquisition environments rather than under highly controlled conditions alone. Deployment-
oriented studies should evaluate not only model size and computational efficiency, but also 
robustness under field variability. A mature research agenda will require closer integration 
among algorithm design, robustness evaluation, deployment constraints, and application-spe-
cific requirements, ensuring that efficiency improvements contribute to practical reliability 
rather than merely reducing computational cost. The principal robustness-oriented method-
ological gaps identified in this review and their corresponding research priorities are summa-
rized in Table 4. 
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Table 4. Summary of major robustness-oriented research gaps and recommended future directions. 

Gap Why It Matters Recommended Direction Priority 

Limited cross-acqui-
sition testing 

Within-source performance may 
substantially overestimate real-

world robustness 

Develop cross-source and cross-
condition benchmarks with explicit 

robustness protocols 
High 

Limited representa-
tion-stability analysis 

The robustness characteristics of 
different feature representations 

remain poorly understood 

Conduct disturbance-specific abla-
tions, representation analysis, and 

feature-level stability studies 
High 

Narrow evaluation 
practice 

Accuracy alone obscures class-
level weaknesses and source-shift 

failures 

Report macro-F1, confusion matri-
ces, cross-dataset validation, calibra-
tion measures, and efficiency met-

rics 

High 

Limited batik-spe-
cific datasets and vis-

ual resources 

Current datasets insufficiently 
capture real acquisition variability 

Build richer corpora including wear-
able, cluttered, blurred, water-

marked, and multi-condition acqui-
sitions 

High 

Underdeveloped de-
ployment-oriented 

research 

Practical applications require ro-
bustness under constrained hard-

ware environments 

Evaluate compression, quantization, 
distillation, and efficient architec-

tures under realistic field conditions 
Medium 

7. Conclusions 

This review synthesized 50 highly relevant studies on batik motif classification through 
a robustness-oriented perspective that integrates acquisition variability, feature representa-
tion, learning models, evaluation realism, and deployment considerations. The principal con-
clusion is not that a single approach family universally dominates, but that robustness emerges 
from the interaction among representation design, acquisition conditions, motif hierarchy, 
evaluation protocols, and deployment constraints. Handcrafted descriptors remain relevant 
because of their data efficiency and ability to capture repetitive local texture structures, par-
ticularly in small datasets and geometrically regular motifs. Deep learning models achieve the 
highest reported performance when supported by sufficient data diversity and effective aug-
mentation strategies, although their apparent superiority can be overstated when evaluation 
is confined to homogeneous acquisition settings. Hybrid representations appear particularly 
promising because they combine complementary local and global evidence, frequently provid-
ing a favorable balance between representation stability, abstraction capacity, and practical 
feasibility. 

More broadly, the reviewed literature suggests that the central challenge in contemporary 
batik classification is no longer simply increasing benchmark accuracy. Rather, the challenge 
is ensuring that motif representations remain stable, transferable, and interpretable under het-
erogeneous real-world acquisition conditions. The recurring failure patterns identified in this 
review—including background dependency, illumination instability, scale inconsistency, 
wearable deformation, and source-shift vulnerability—demonstrate that strong classification 
performance does not automatically imply robustness. In many cases, models that perform 
well under controlled conditions may degrade substantially when confronted with realistic 
acquisition variability. 

Accordingly, the next stage of batik informatics research should prioritize cross-acquisi-
tion benchmarking, disturbance-specific robustness analysis, representation-stability studies, 
richer batik-specific datasets, and deployment-ready architectures evaluated under realistic 
operating conditions. Progress should therefore be assessed less by isolated best-case accuracy 
and more by the ability of classification systems to maintain reliable motif recognition across 
the diverse acquisition environments that characterize batik in practical use. From this per-
spective, robustness is not merely an auxiliary evaluation criterion, but the central requirement 
for transforming batik classification from a laboratory task into a dependable real-world tech-
nology for cultural heritage preservation, documentation, and digital textile informatics. 
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