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Abstract. This study re-examines Batik Nitik classification using a
leakage-safe provenance-aware evaluation protocol to determine
which handcrafted descriptors make a substantive contribution to
performance and whether saturated results persist after
provenance-based partitioning. Batik Nitik 960 was represented
using Histogram of Oriented Gradients (HOG), Local Binary Patterns
(LBP), Gray-Level Co-occurrence Matrix (GLCM) descriptors, and
grayscale intensity moments. Descriptor ablation, classifier
benchmarking, cosine-similarity baselines, four-setting leave-one-
provenance-group-out sensitivity analysis, and a supplementary
image-level split comparison were evaluated using in-pipeline
preprocessing. All HOG-containing feature sets achieved 0.9833
cross-validation accuracy and 1.0000 hold-out accuracy. On fused
features, SVM, KNN (Euclidean), and KNN (cosine) achieved 1.0000
hold-out accuracy, while Random Forest reached 0.9958. Raw-pixel,
HOG-only, and fused-feature cosine baselines also reached 1.0000
hold-out accuracy. A supplementary image-level HOG-SVM split also
produced 1.0000 accuracy. This study contributes a provenance-
aware benchmark diagnosis Ffor Batik Nitik classification by
the standalone handcrafted

identifying HOG as strongest

descriptor and by cautioning against deployment-ready

interpretation of saturated closed-set accuracy.
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1 INTRODUCTION

Automatic batik motif recognition remains a significant computer-vision problem
because it connects cultural-heritage preservation with practical requirements in digital
cataloguing, image retrieval, education, museum documentation, and creative-industry
support [1-7]. Batik Nitik is particularly relevant For this purpose because its repeated
geometric micro-patterns generate subtle within-fFamily variation: motifs may appear
globally similar while differing in local structure, edge organisation, and fine texture.
These characteristics make Batik Nitik an appropriate case for evaluating how alternative

visual representations behave under fine-grained classification conditions.

Prior studies on batik recognition have examined convolutional neural networks, transfer
learning, deep autoencoders, ROIl-sensitive preprocessing, augmentation-driven
expansion, and colour-texture descriptor combinations [1], [4-10], [11-19]. The Batik Nitik
960 dataset has also been introduced as a benchmark for classification, retrieval, and
generative exploration [20], and subsequent Batik Nitik studies have reported model-
oriented evaluations on the same collection [3], [16], [21]. Collectively, these studies
demonstrate that batik recognition has become an active area of cultural-computing
research. At the same time, they reveal substantial variation in dataset construction,
preprocessing practice, augmentation strategy, and evaluation strictness, which
complicates methodological comparison. Related textile-vision studies likewise
emphasise the importance of texture representation, colour-texture analysis, and robust

inspection pipelines for patterned-fabric imagery [22-26].

Handcrafted descriptors remain methodologically relevant within this literature for three
principal reasons. First, they provide a transparent relationship between visual cues and
model behaviour. HOG captures oriented edge structure [27], LBP captures local
threshold-pattern distributions [28], GLCM summarises second-order co-occurrence
statistics [29], and intensity moments provide a compact description of grayscale
intensity distribution [10]. Second, handcrafted pipelines remain practical in data-
constrained settings, where deep models may be unnecessarily complex or sensitive to

limited training diversity. Third, handcrafted descriptors are well suited to diagnostic
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ablation because performance differences can be interpreted in relation to specific

representational cues.

Despite this progress, two methodological issues remain insufficiently addressed in the
batik-classification literature. First, many studies emphasise the best-performing Ffinal
configuration without determining whether each descriptor in a combined
representation contributes materially to the observed result. As a consequence, it is often
unclear whether multi-feature pipelines are genuinely complementary or whether some
components are redundant. Second, evaluation protocols are not always described in
sufficient detail to exclude optimistic estimates caused by preprocessing leakage,

augmentation overlap, or hidden relatedness between training and test samples [30].

A related issue in the broader computer-vision literature concerns the treatment of
augmented data during evaluation. Although augmentation can improve learning, it can
also compromise experimental validity when transformed variants of the same
underlying source image appear in both training and test partitions [30, 31]. This issue is
especially important for datasets constructed from rotation, flip, or crop variants. In such
cases, provenance-aware grouping is not merely a technical preference but a
requirement for defensible internal validation [30, 31]. This concern is directly relevant to
Batik Nitik 960 because the dataset includes rotation-derived variants of the same

underlying source samples [20].

Preliminary computational results indicated that HOG-based representations were highly
effective for Batik Nitik classification. A subsequent audit of the dataset structure and
computational workflow, however, showed that the problem required a stricter
experimental design. Very high accuracy in this setting may reflect benchmark saturation
under a permissive split rather than robust descriptor behaviour across independent
sources. The central research question is therefore as Follows: which handcrafted
descriptors contribute most under a leakage-safe provenance-aware evaluation

protocol?
Accordingly, this study revisits Batik Nitik classification using a leakage-safe provenance-

aware evaluation protocol and uses that setting to examine descriptor behaviour more

rigorously. The contribution is threefold. First, the study implements provenance-aware
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evaluation to reduce optimistic bias caused by overlap among related image variants.

Second, it conducts descriptor ablation to clarify the relative contribution of HOG, LBP,
GLCM, and intensity moments. Third, it interprets saturated performance cautiously by
showing that several simple cosine-based baselines also reach ceiling-level hold-out

performance on the current closed-set dataset.

2. METHODS

2.1 Dataset

This study uses Batik Nitik 960, a balanced image collection comprising 960 grayscale-
convertible batik images distributed across 60 motif classes, with 16 images per class
[20]. According to the accompanying dataset publication, each class originates from Four
source samples, and each source sample is expanded through rotations of 90° 180°, and
270°. This construction is analytically important because a random image-level split may
distribute augmentation siblings derived from the same source sample across training

and test partitions, thereby producing overly optimistic estimates of generalisation.

All images were processed as single-channel grayscale inputs and resized to 64 x 64
pixels. The grayscale formulation was retained to preserve comparability with the
computational workflow and to focus the analysis on structural pattern information
rather than chromatic variability. Consequently, the descriptors analysed in this study
should be interpreted primarily as structural and intensity-based representations rather

than colour-dependent representations.

2.2 Image preprocessing and handcrafted descriptors

Four descriptor families were extracted. HOG was used to represent oriented gradient
structure, which is particularly relevant for repeated geometric motifs [27]. LBP was used
to represent local threshold-pattern distributions [28]. GLCM descriptors were used to
summarise second-order texture statistics [29]. Grayscale intensity moments provided a
compact description of Ffirst-, second-, and third-order distributional shape under the
grayscale formulation. No image augmentation was applied during model training so that
descriptor behaviour could be interpreted without being confounded by augmentation-

driven expansion.
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Descriptor settings were fixed throughout the study. HOG used 9 orientations, 8 x 8

pixels per cell, 2 x 2 cells per block, and L2-Hys block normalisation, yielding 1764 features
per image [27]. LBP used P = 8,R =1, and uniform mapping, followed by a 10-bin normalised
histogram [28]. GLCM descriptors were computed from 32-level quantised images across
Four directions; six summary statistics were extracted per direction (contrast,
dissimilarity, homogeneity, energy, correlation, and ASM), vyielding 24 Ffeatures [29]
Grayscale intensity moments consisted of mean, standard deviation, and skewness,
yielding three features. The resulting dimensionalities were 1774 for HOG + LBP, 1798 for
HOG + LBP + GLCM, and 1801 for the fused handcrafted representation.

2.3 Provenance-aware evaluation design

The central methodological component is provenance-aware grouping. A provenance
group was defined as one underlying source sample and all of its rotation-derived
variants. Group membership was reconstructed directly from the released filenames by
removing the optional rotation suffix and preserving the class-specific source index.
Table 1 provides an illustrative example of this reconstruction logic. For hold-out testing,
one group per class was reserved, producing 720 development images and 240 hold-out
images while ensuring zero source-group overlap between partitions. The hold-out group

For each class was selected using a fixed random seed of 42 to preserve reproducibility.

Internal validation on the development portion used StratifiedGroupKFold with three
Folds. Stratification preserved class balance, while grouping preserved provenance
integrity. Three Folds were selected because each class provides only three development
groups after hold-out reservation. All feature-scaling steps were executed within the
relevant scikit-learn pipeline so that normalisation parameters were estimated only from
the corresponding training fold or training split. PCA was fitted on the development
Feature matrix and used only for post hoc visualisation; it was not used for training,
hyperparameter selection, or model comparison. Figure 1 summarises the end-to-end
experimental pipeline. Because provenance groups are reconstructed deterministically
from the released filenames, the corresponding group manifest and fixed seed-based
hold-out indices can be exported from the accompanying computational notebook as

supplementary material.
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Figure 1. Overview of the provenance-aware experimental pipeline used in this study

Table 1. Illustrative reconstruction of four provenance groups for one Batik Nitik class

—_—

Accuracy, weighted F1,
training / test time
PCA visualization

confusion matrix

and their rotation-derived variants

Rotation-
Source-group Images per
Class label Base image derived
ID . group
variants
base +
Sekar 1 Sekar rotate_90 +
Kemuning ¢ Kemuning 1jpg rotate_180 +
rotate_270
base +
Sekar 1 Sekar rotate_90 +
Kemuning 62 Kemuning 2,jpg rotate_180 +
rotate_270
base +
Sekar 1 Sekar rotate_90 +
Kemuning ©3 Kemuning 3,jpg rotate_180 +
rotate_270
base +
Sekar 1 Sekar rotate_90 +
Kemuning o Kemuning 4.jpg rotate_180 +

rotate_270
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2.4 Classifier benchmarking and cosine baselines

Descriptor ablation was performed with an RBF-kernel support vector machine because
it provides a stable and widely used nonlinear baseline for medium-dimensional
handcrafted features [32]. The ablation model used C = 10 and gamma = 'scale’. To
determine whether the fused representation materially changed the overall pattern,
additional benchmarks were conducted with Random Forest [33], KNN (Euclidean) [34],
and KNN (cosine) [34]. The Random Forest model used 300 trees with default Gini splitting
and a fixed random_state of 42, whereas KNN used k = 3 in both Euclidean and cosine

settings. No data augmentation was applied during model development or evaluation.

The cosine experiments were designed as supplementary interpretive baselines rather
than substitutes for the primary ablation analysis. Three cosine settings were evaluated:
raw pixels with KNN (cosine), HOG-only with KNN (cosine), and fused handcrafted features
with KNN (cosine). These baselines were included to assess whether cosine similarity
itself could account for the ceiling-level hold-out results and whether descriptor-level
interpretation remained informative under the stricter protocol. In all cosine settings,
input vectors were standardised within the relevant training fold or split, class labels
were encoded once and reused consistently across experiments, and no augmentation

or external calibration step was introduced.

2,5 Implementation details and metrics

The experiments were executed through the computational notebook using Python 3.12.13
with OpenCV, scikit-image, scikit-learn, NumPy, pandas, Matplotlib, and statsmodels in a
Linux/Google-Colab-style CPU environment. The recorded runtime used an Intel(R)
Xeon(R) CPU @ 220 GHz, one physical core, two logical CPUs, and 12.67 GB RAM. The
global random seed was fixed at 42 for deterministic provenance-aware splits and model
initialisation. Performance was summarised using cross-validation accuracy, cross-
validation standard deviation, hold-out accuracy, weighted F1-score, training time, and
test time. Class-level accuracy and class-level Fl-score were also computed on the
provenance-aware hold-out set for a representative best-performing model to verify
whether saturated aggregate performance concealed class-specific degradation. For
perfect hold-out accuracy, an exact 95% Clopper-Pearson confidence interval was
reported to avoid treating an observed value of 1.0000 as complete statistical certainty.

Train and test times were measured once for the classifier fit and predict stages only;
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image loading, grayscale conversion, resizing, handcrafted Ffeature extraction, PCA

visualisation, and non-classifier preprocessing stages were excluded from these elapsed-

time measurements.

The workflow was intentionally constrained. No deep-network Ffine-tuning, denoising
stage, augmentation regime, or data-driven feature-selection procedure was introduced
beyond the predefined handcrafted configurations. This design isolates the effects of
descriptor choice and evaluation protocol, which are the central analytical concerns of
the study. Table 2 summarises Feature dimensionality, baseline hyperparameter settings,
hardware details, and reproducibility information so that the descriptor-ablation and
classifier-benchmark results can be interpreted in relation to representation size and
implementation context.

Table 2. Descriptor dimensionality, baseline settings, and reproducibility details.

Dimensionality /

Component Setting Remark
value
9 orientations; 8x8
Primary standalone
HOG cell; 2x2 block; L2- 1764
descriptor
Hys
P=8; R=1; uniform
LBP 10 Local micro-texture
histogram
32 gray levels; 4
Second-order
GLCM directions; 6 24
texture
statistics
Mean; standard
Intensity moments 3 Grayscale moments
deviation; skewness
HOG + LBP + GLCM Used for classifier
Fused features 1801
+ moments benchmark
C=10, gamma=scale Same labels across
SVM / RF / KNN Seed=42
/ 300 trees / k=3 experiments
Python 3.1213; CPU: Intel(R) RAM: 12.67 GB total;
Software /
OpencCV, scikit- Xeon(R) @ 2.20GHz;, 11.08 GB available;
hardware

environment

image, scikit-learn,

NumPy, pandas,

1 physical / 2 logical

cores

Linux Colab

runtime
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Dimensionality /
Component Setting Remark
value

Matplotlib,

statsmodels

Hold-out groups
Grouped hold-out 1 provenance group 720/240 images
selected with seed
split per class reserved (75:25) 5
=4

Image loading,

preprocessing,
Single run per final  Classifier Fit /

Timing protocol feature extraction,

model predict stages only
PCA, and plotting
excluded

PCA fitted on

development

matrix; hold-out Not used for model

PCA usage Descriptive only
projected using selection
Fitted

transformation

3. RESULTS AND DISCUSSION

3.1 Feature-ablation results

Table 3 reports the feature-ablation benchmark, and Figure 2 visualises the same pattern.
All feature configurations containing HOG achieved 1.0000 hold-out accuracy, whereas
the corresponding grouped cross-validation accuracy was 0.9833 with a standard
deviation of 0.0289. In contrast, the non-HOG descriptors were substantially weaker when
used in isolation. LBP reached 0.6250 cross-validation accuracy and 0.7458 hold-out
accuracy; GLCM reached 0.7000 cross-validation accuracy and 0.8542 hold-out accuracy;
and intensity moments reached 0.4764 cross-validation accuracy and 0.5833 hold-out
accuracy. These results indicate that gradient-oriented structure is the dominant

discriminative cue among the tested handcrafted descriptor fFamilies.
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Table 3. Feature-ablation benchmark under provenance-aware evaluation.

Feature CVAcc. CVStd. TestAcc. CVF1 TestF1 Train(s) Test(s)
HOG only 09833 0.0289 1.0000 09791 1.0000 0.6391 0.2969
LBP only 0.6250 0.0333 0.7458 0.6288 0.7248 0.0547 0.0225
GLCM only 0.7000  0.0331 0.8542 0.6898 0.8320 0.0420 0.0226

Intensity moments only 04764  0.0638 0.5833 04608 0.5599 0.0295 0.0194
HOG + LBP 0.9833 0.0289 1.0000 0.9791 10000 0.5620 0.2928

HOG + LBP + GLCM 0.9833 0.0289 1.0000 0.9786 10000 0.5618 0.3352
All fused features 0.9833 0.0289 1.0000 0.9786 10000  0.8501 0.4617

As shown in Figure 2, the performance gap between HOG-containing and non-HOG
configurations remains substantial. The Ffigure indicates that HOG-containing
representations produce saturated hold-out performance, whereas grouped cross-

validation provides a more conservative indication of internal variability.

Feature ablation under provenance-aware evaluation

Bl CV accuracy
W Test accuracy

Accuracy

5
o™ ™ o> o> & \9\‘\ o
() R S x o 2>
o 2 o8 ¢ (0 x &
W v o> e® ) N3 3¢
0‘(\ \9 \)96
) dd‘ X \\'\
o © v
«

Figure 2. Feature-ablation accuracy under the provenance-aware evaluation protocol.
Configurations containing HOG achieved 1.0000 hold-out accuracy, whereas the LBP-only,

GLCM-only, and intensity-moments-only settings remained materially less effective,

particularly in grouped cross-validation.
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3.2 Classifier benchmarking on Fused Features

Table 4 and Figure 3 compare classifier behaviour on the fused handcrafted
representation. SVM (RBF) [32], KNN (Euclidean) [34], and KNN (cosine) [34] achieved 1.0000
hold-out accuracy, whereas Random Forest [33] reached 0.9958 hold-out accuracy. Cross-
validation accuracy ranged from 0.9736 for Random Forest to 0.9833 for the remaining
classifiers. These results suggest that, once the fused representation is used, classifier
choice has limited influence on hold-out accuracy in the current closed-set benchmark.
The comparison remains informative, however, when the computational profile is

considered.

Table 4. Classifier benchmark on the fused handcrafted representation.

Classifier CVAcc. CVStd. TestAcc. CVF1 TestFl Train(s) Test(s)

SVM (RBF) 0.9833  0.0289 1.0000 0.9786 1.0000 0.9149 0.3661
Random Forest 0.9736  0.0296 0.9958 0.9702 09958 22,6659 0.1097
KNN (Euclidean) 09833  0.0289 1.0000 0.9800 1.0000 0.0180 0.0301

KNN (Cosine) 0.9833  0.0289 1.0000 0.9795 1.0000 0.0242 0.0352

Figure 3 illustrates the computational trade-off. In this benchmark, runtime rather than
hold-out accuracy becomes the more visible discriminator, with Random Forest requiring

the largest training time in the recorded CPU run.

Classifier computational profile on fused handcrafted features

Em Train

Test
20 A

15 A

Seconds

0- T T

o -e)
ae? Cos\“
o RS @ o

Figure 3. Computational profile of the classifier benchmark on Fused handcrafted

Features.
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Random Forest required the largest training cost in the recorded run, while KNN required
minimal fitting time and low prediction time in this small closed-set benchmark. These
timing values should be interpreted as relative indicators within the recorded CPU

environment rather than as portable hardware-independent benchmarks.

3.3 Cosine-similarity baselines

Because cosine similarity is an important comparative baseline in this study, additional
cosine-based experiments were evaluated and are summarised in Table 5 and Figure 4.
Raw pixels + KNN (cosine), HOG-only + KNN (cosine), and fused handcrafted features +
KNN (cosine) each achieved 0.9833 cross-validation accuracy and 1.0000 hold-out
accuracy. These findings do not invalidate the descriptor-ablation analysis; rather, they
refine its interpretation. HOG remains the strongest individual handcrafted descriptor
among the tested feature families, but the supplementary baselines show that the
current dataset is sufficiently separable For several simple representations to achieve

saturated hold-out performance.

Table 5. Cosine-similarity baselines under provenance-aware evaluation.

cv cv Test Test Train Test
Baseline CVF1
Acc. Std. Acc. F1 (s) (s)

Raw pixels + KNN (cosine) 0.9833 0.0289  1.0000 0.9787 10000 0.0618 0.0927
HOG only + KNN (cosine) 09833 0.0289 10000 0.9800 10000 0.0220 0.0264

Fused features + KNN
0.9833 0.0289 1.0000 0.9795 1.0000 0.0298 0.0265

(cosine)
Cosine-similarity baselines under provenance-aware evaluation
1.0 1 B CV accuracy
- Test accuracy
0.8+
3 0.6
c
-]
o
< 041
0.2 4
0.0 -
-~e) ae) .
" \cos‘“e " \cO""“ . \c05‘“e\
e ay ¥ g : N
a0t O 06 ° seo!
Fus®

Figure 4. Cosine-similarity baselines under provenance-aware evaluation.
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The saturated hold-out performance observed across raw-pixel and handcrafted variants

suggests that the present closed-set dataset is highly separable under multiple
representational configurations, although grouped cross-validation remains below an

absolute ceiling.

3.4 Grouped-split sensitivity analysis

As a robustness check, this study Ffurther conducted a four-setting leave-one-
provenance-group-out sensitivity analysis to examine whether the saturated
performance remained stable across different reserved provenance groups. Each run
held out the same source-group position across all 60 classes (G1, G2, G3, or G4),
producing 720 training images, 240 hold-out images, 180 training groups, and 60 hold-
out groups per setting. As shown in Table 6, both HOG-SVM and fused-SVM retained
1.0000 hold-out accuracy in all four settings, while grouped cross-validation accuracy
remained 0.9833. A supplementary 10-repetition grouped hold-out check using seeds 42-
51 also produced 1.0000 hold-out accuracy in every repetition, with mean cross-validation
accuracy of 0.9600 and a range of 0.9167-0.9833. These sensitivity analyses indicate that

the principal benchmark pattern is not dependent on a single arbitrary grouped split.

Table 6. Leave-one-provenance-group-out sensitivity analysis under provenance-aware

evaluation.
Held- Hold- Hold-
L Train Train cv cv Test  Test
out Pipeline out out
images groups Acc. Std. Acc. F1
group images groups
HOG-
G1 720 240 180 60 0.9833 0.0289 10000 10000
SVM
Fused-
G1 720 240 180 60 0.9833 0.0289 10000 10000
SVM
HOG-
G2 720 240 180 60 0.9833 0.0289 10000 10000
SVM
Fused-
G2 720 240 180 60 0.9833 0.0289 10000 10000
SVM
HOG-
G3 720 240 180 60 0.9833 0.0289 10000 10000
SVM
Fused-
G3 720 240 180 60 0.9833 0.0289 10000 10000
SVM
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Held- Hold- Hold-
Train Train Ccv cv Test Test
out Pipeline out out
images groups Acc. Std. Acc. F1
group images groups
HOG-
G4 720 240 180 60 0.9833 0.0289 1.0000 1.0000
SVM
Fused-
G4 SUM 720 240 180 60 0.9833 0.0289 1.0000 1.0000

3.5 Visual analysis of class separability

As an additional diagnostic, a supplementary image-level random split using the same
HOG-SVM configuration produced 1.0000 accuracy and 1.0000 weighted F1-score. This
comparison used a stratified 75:25 image-level split with random seed 42, the same 64 x
64 grayscale input representation, the same HOG settings, and the same in-pipeline
standardisation strategy as the main experiment. The key difference was that provenance
groups were not enforced; consequently, rotation-derived variants could still be
distributed across training and test partitions. The identical hold-out score therefore
reinforces the emphasis of this study on evaluation validity rather than on maximising a
single aggregate score. To contextualise the saturated scores, Figure 5 presents a sample
visual grid of several Batik Nitik classes with closely related geometric structure and

subtle local differences.

Sekar Kemuning Sekar Liring Sekar Duren Sekar Gayam Sekar Pacar

Figure 5. Sample visual grid of Batik Nitik classes used to illustrate the fine-grained

texture variation present in the dataset.

Beyond the visual sample grid, Figures 6 and 7 provide qualitative support For the
quantitative results. Figure 6 presents a post hoc two-dimensional PCA projection of the
handcrafted feature space. PCA was fitted on the development feature matrix and used
solely for visual interpretation; it was not used in training, hyperparameter selection, or
model comparison. Figure 7 presents a normalised confusion matrix Ffor the

representative best-performing SVM (RBF) model computed on the provenance-aware
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hold-out set. On this hold-out set, no motif class showed lower performance than the

others; all 60 motif classes achieved per-class accuracy and per-class F1-score of 1.0000.
For the saturated SVM hold-out result (240/240 correct predictions), the exact 95%
Clopper-Pearson confidence interval for accuracy was 0.9847-1.0000, indicating that the
observed ceiling-level result should still be interpreted within the statistical limits of the
current closed-set benchmark. Taken together, these results indicate that ceiling-level

performance is not driven by a small subset of easier classes.

Post hoc PCA projection of handcrafted feature space
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Figure 6. PCA projection of the handcrafted Feature space.

The observed clustering structure is consistent with the strong class separability

indicated by the quantitative results.
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Normalized confusion matrix on provenance-aware hold-out set (SVM (RBF))

0.8

True label

Predicted label

Figure 7. Normalized confusion matrix for a representative best-performing model

computed on the hold-out set.

The near-diagonal structure suggests that strong class discrimination is maintained
across the full set of motif Iabels and is consistent with uniformly perfect per-class hold-
out results. To consolidate the benchmark logic across descriptor ablation, classifier
comparison, cosine-based baselines, grouped-split sensitivity analysis, and qualitative

visual analysis, Table 7 summarises the principal evidence and its interpretive

implications.
Table 7. Compact summary of experimental conclusions.

Experiment Evidence Main conclusion Interpretive implication

Standalone descriptor
HOG is strongest among
Descriptor ranking is meaningful
Table 3  tested handcrafted
ablation

within the tested
descriptors.

handcrafted setting.
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Experiment Evidence Main conclusion Interpretive implication
SVM and KNN variants Representation and dataset
Classifier reach saturated hold-out separability dominate
Table 4
benchmark accuracy; Random Forest is classifier choice under the
slightly lower. current dataset.
Raw pixels and
Closed-set separability
Cosine handcrafted vectors reach
Table 5 extends beyond one
baseline saturated hold-out
descriptor Family.
performance.
All four leave-one- The main benchmark
Grouped-split provenance-group-out pattern is not dependent
Table 6
sensitivity settings retain 1.0000 hold- on a single held-out
out accuracy. source-group position.
Low-dimensional PCA does not affect model
PCA
Figure 6 projection is descriptive selection or reported
visualisation )
only. metrics.
Representative hold-out
Confusion No single class drives the
Figure 7 confusion matrix is near-
matrix saturated result.

diagonal.

3.6 Discussion

The principal contribution of this study is methodological rather than merely numerical.
Although strong results were already observed in preliminary computational workflows,
the present analysis demonstrates that the same substantive pattern remains after
provenance-aware grouping, in-pipeline preprocessing, Ffour-setting leave-one-
provenance-group-out testing, and repeated grouped hold-out checks are imposed. This
finding redirects the interpretation from a sole focus on aggregate accuracy toward

benchmark validity and the limits of inference from saturated results.

The cosine baselines nevertheless require careful qualification of the study's claims.

Because raw-pixel and cosine-based variants also achieve saturated hold-out
performance, the current dataset is more appropriately described as highly separable

under closed-set conditions than as evidence that a single handcrafted descriptor Family
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is universally sufficient For batik recognition. The raw-pixel result is particularly

informative because it suggests that controlled acquisition, cropping, alignment, or
background regularity may contribute materially to the observed separability, in addition
to genuine motif structure. A more defensible interpretation is that Batik Nitik 960 is
highly separable in its current closed-set Form and that the present study clarifies how

this separability appears under different representational choices [22], [24], [31].

The ablation analysis remains informative after the cosine baselines are considered. HOG
produces the strongest standalone descriptor performance among the tested families,
achieving 0.9833 grouped cross-validation accuracy and 1.0000 hold-out accuracy,
whereas LBP, GLCM, and intensity moments remain materially lower when used alone.
This result indicates that gradient-oriented structure carries the main explanatory
burden in the present handcrafted comparison, without implying that HOG is universally

superior for batik recognition.

The findings also reposition the present work relative to previous batik studies. Whereas
some prior studies emphasise architectural complexity, hybrid preprocessing, or
extensive augmentation [1], [4-10], [11-17], the present study shows that a carefully
controlled handcrafted pipeline can already produce saturated hold-out performance on
the current dataset. The value of this paper therefore lies less in outperforming prior
studies than in clarifying what can and cannot be concluded from saturated internal

benchmarks.

A Further practical implication concerns future dataset construction. If several simple
baselines achieve perfect hold-out performance under a provenance-aware protocol,
subsequent collections should place greater emphasis on acquisition diversity, cross-
device variation, lighting change, scale variation, partial occlusion, wear, background
clutter, and harder between-class similarity. For future Batik Nitik datasets, provenance
metadata, capture-device metadata, and cross-collection test splits should be treated as

core benchmark components rather than optional documentation [22-26].
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3.7 Threats to Validity

Internal validity is strengthened by the provenance-aware split and in-pipeline
standardisation, but residual reqularities may still remain within the dataset beyond those
captured by the inferred provenance groups. Because the grouping variable was
reconstructed from filenames, the approach depends on the correctness and consistency
of the released naming convention. Any undocumented regularity not reflected in the

Filenames could still influence performance.

Construct validity is limited by the outcome measures used in the study. Accuracy and
weighted F1-score are appropriate for the balanced closed-set task examined here, but
they do not measure robustness to acquisition shift, calibration quality, retrieval utility,
or open-set recognition. Consequently, ceiling-level performance on these metrics should

not be conflated with practical readiness.

External validity remains the most important limitation. The dataset contains only Four
provenance groups per class, all produced within a single collection design [20, 21l
Rotation is a controlled and useful transformation, but it does not substitute For broader
real-world variation in capture conditions, motif deterioration, background clutter, or
class ambiguity. The evaluation is therefore less susceptible to leakage than an image-

level split, yet it remains limited in acquisition diversity.

Finally, interpretive overreach remains a risk. Because multiple settings achieve 1.0000
hold-out performance, the paper should not imply that one classifier or one feature
design has been proven optimal in a general sense. The more accurate claim is that the
study clarifies descriptor behaviour and benchmark saturation under a stricter internal

evaluation protocol.

4. CONCLUSION

This study examined Batik Nitik classification under a stricter and more transparent
evaluation protocol. The results confirm that HOG is the strongest descriptor within the
handcrafted ablation analysis, while also showing that multiple simple baselines can reach
saturated hold-out performance on the Batik Nitik 960 dataset when provenance-aware

grouping is enforced. The four-setting leave-one-provenance-group-out analysis and
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repeated grouped hold-out check further support the robustness of this internal

benchmark pattern, although grouped cross-validation remains more conservative than
the hold-out score. The principal contribution is therefore methodological: the study
provides a more defensible internal benchmark and a more cautious interpretation of
saturated results in cultural-image classification. These Ffindings should not be
interpreted as evidence of deployment-ready batik recognition because the benchmark
remains closed-set and limited to four provenance groups per class. Future work should
move beyond saturated internal benchmarks toward external validation, acquisition-shift
experiments, cross-collection testing, and dataset designs with broader visual diversity.
In this respect, the present study provides a reference point for understanding how
handcrafted Features, cosine similarity, and grouped evaluation interact within a

controlled batik-recognition benchmark.
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