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Abstract 

This study proposes a diagnostic dual-layer decision-support framework for staged artificial intelligence adoption in batik motif recognition. The 

objective is to examine whether technical evidence from convolutional neural network classification and perceived implementation-side readiness 

can be jointly interpreted to prevent premature deployment in cultural-heritage recognition. The contribution of the study is not a new classifier 

architecture, but an operational diagnostic logic that treats model performance, class-level instability, readiness perception, governance, security, 

and feedback mechanisms as complementary but non-substitutable evidence. Methodologically, the technical layer evaluated three transfer-

learning baselines, namely VGGNet-16, ResNet50, and MobileNetV2, using 983 batik images across 20 motif classes. The implementation layer 

assessed perceived readiness among 173 information technology practitioners using the Technology-Organization-Environment-Human plus 

Feedback dimensions. The integration layer then mapped technical-readiness evidence and readiness perception into explicit staged-adoption 

decisions rather than averaging them as interchangeable indicators.  The analysis used performance summaries, readiness profiles, decision 

matrices, security checklists, learning curves, and confusion-matrix diagnostics to connect empirical observations with staged adoption 

recommendations. The best-performing baseline was ResNet50, with 45% accuracy and a macro F1-score of 0.40, showing low technical 

readiness and substantial motif-specific instability. In contrast, the readiness survey indicated high perceived implementation-side readiness, with 

an average agreement score of 78.7%. This mismatch reveals a readiness asymmetry: implementation support may exist even when the 

recognition model remains technically immature. The findings imply that batik-recognition systems should prioritize dataset expansion, expert 

label validation, model refinement, moderated feedback, security governance, and controlled pilot testing before operational deployment. The 

framework provides a transparent basis for risk-aware, staged adoption decisions in artificial-intelligence-assisted cultural heritage preservation. 
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1. Introduction  

Batik is an Indonesian living cultural heritage whose motifs encode regional identity, symbolic meaning, and historical 

narratives. Artificial intelligence (AI)-based image recognition, particularly convolutional neural networks (CNNs), 

can support motif documentation, retrieval, and cultural knowledge management. However, prior recognition studies 

commonly evaluate success through accuracy, precision, recall, and F1-score alone [1], [2], [3], [4], [5], [6]. These 

metrics are necessary but insufficient for adoption decisions because a technically promising model may fail when 

governance, infrastructure, security, and human capability are weak. Conversely, organizations may be enthusiastic 

about AI even when a model is not technically reliable. 

This study addresses this socio-technical gap by proposing a diagnostic dual-layer framework. The technical layer 

evaluates convolutional-neural-network-based batik motif classification as evidence of model and dataset readiness, 

whereas the implementation layer evaluates perceived implementation-side readiness using the Technology-

Organization-Environment-Human plus Feedback (TOEH+Feedback) framework. Recent artificial-intelligence-

readiness studies emphasize that adoption capacity depends on technology readiness, organizational capability, human 
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competence, and contextual conditions rather than model performance alone [7], [8], [9]. Accordingly, the novelty of 

this work lies in the operational integration of technical evidence and readiness perception to support staged adoption 

decisions, not in proposing a new convolutional neural network architecture. 

This positioning is important because prior studies generally treat artificial intelligence development either as a 

technical classification problem or as an organizational adoption problem. In contrast, the proposed framework 

interprets classification outputs, readiness indicators, security-governance requirements, and feedback mechanisms as 

interdependent inputs for adoption decision-making. The framework follows a non-substitutability principle: high 

predictive performance does not automatically justify deployment without governance and human capability, and high 

implementation enthusiasm cannot compensate for an unreliable model. In the batik-heritage domain, this distinction 

is critical because incorrect motif recognition can distort cultural interpretation, reduce user trust, and weaken the 

credibility of artificial-intelligence-assisted preservation initiatives. 

The study is guided by three research questions (RQs): RQ1, how do baseline CNN architectures perform in classifying 

batik motifs under limited dataset conditions? RQ2, what is the level of perceived implementation-side readiness 

among information-technology practitioners for supporting AI-based batik recognition? RQ3, how can technical and 

organizational evidence be integrated into a practical adoption decision framework? The objective is not to claim 

deployment-ready recognition performance, but to show how technical limitations and perceived readiness can be 

jointly interpreted to prevent premature deployment. 

2. Literature Review  

The template is used to format your paper and style the text. All margins, column widths, line spaces, and text fonts 

are prescribed; please do not alter them. You may note peculiarities. For example, the head margin in this template 

measures proportionately more than is customary. This measurement and others are deliberate, using specifications 

that anticipate your paper as one part of the entire proceedings, and not as an independent document. Please do not 

revise any of the current designations. 

AI-based image recognition has become central to digital cultural heritage because it converts visual archives into 

searchable and interpretable knowledge assets. Prior work in cultural heritage and traditional textile recognition shows 

that deep learning, transfer learning, feature fusion, and augmentation can improve classification performance, but 

results depend strongly on dataset scale, curation, labeling quality, and inter-class separability [13], [14], [15], [16], 

[17]. Batik recognition is especially difficult because motifs may share geometric structures, repetitive ornaments, color 

composition, and contextual meaning. 

Technical readiness in this study is broader than model accuracy. CNN architectures such as VGGNet, ResNet, and 

MobileNet are useful baselines because they represent different trade-offs between feature depth, residual learning, 

and computational efficiency [3],[17]. Under limited data, low macro F1-score or unstable class-level performance 

should be interpreted as evidence of dataset and deployment risk rather than only algorithmic failure [18],[19]. AI 

adoption is also an organizational phenomenon. Readiness studies emphasize technological fit, infrastructure, 

management support, policy pressure, human competence, digital capability, and governance capability [7], [8], [9], 

[20], [21], [22], [23], [24]. The TOEH model captures technical, organizational, environmental, and human dimensions; 

this study extends it with Feedback because recognition systems require human-in-the-loop correction, model 

monitoring, and controlled learning cycles [30], [31], [32]. Security is treated as a governance requirement across data 

collection, training, inference, feedback, and model updating because vulnerabilities such as data poisoning, adversarial 

manipulation, privacy exposure, and model extraction may undermine trust [10], [11], [12], [25]-[29]. 

Security and governance further extend the meaning of readiness. Artificial-intelligence-based image-recognition 

services operate across a life cycle that includes data collection, data labeling, model training, inference, feedback, and 

model updating. Each stage introduces different risks, including unverified image provenance, label noise, data 

poisoning, adversarial manipulation, privacy exposure, model extraction, and uncontrolled model drift [10], [11], [12], 

[25], [26], [27], [28], [29]. In a cultural-heritage setting, these risks are not only technical; they may also affect cultural 

credibility because an unreliable or weakly governed system can produce misleading motif interpretations. Therefore, 

security is interpreted as a readiness requirement rather than a post-deployment add-on. 
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Feedback is equally important because AI recognition systems are rarely static. Human-in-the-loop mechanisms allow 

users, curators, or domain experts to correct uncertain predictions, validate labels, and improve the system over time 

[30], [31], [32]. However, feedback can also introduce bias or malicious corrections when it is not moderated. For this 

reason, the Feedback dimension in TOEH+Feedback is not treated merely as a satisfaction channel, but as a controlled 

learning mechanism that supports auditability, model monitoring, and responsible continuous improvement. The 

research gap is that technical recognition studies rarely incorporate organizational readiness, while adoption studies 

often lack domain-specific technical evidence. This study bridges the gap by treating CNN performance and 

TOEH+Feedback readiness as complementary but non-substitutable evidence for AI adoption decisions in cultural 

heritage contexts. 

3. Methodology  

This study employed a diagnostic mixed-method design consisting of a technical layer, an implementation-readiness 

layer, and an integration layer, as shown in figure 1. The technical layer addressed RQ1 through convolutional-neural-

network-based batik image classification. The readiness layer addressed RQ2 through a perception survey among 

information-technology practitioners. The integration layer addressed RQ3 by converting both forms of evidence into 

staged adoption decisions. Operationally, integration was conducted in three steps: first, model-level and class-level 

metrics were interpreted as technical-readiness evidence; second, survey agreement scores were interpreted as 

perceived implementation-side readiness; and third, both layers were mapped into a decision matrix in which technical 

and implementation readiness were treated as non-substitutable conditions. 

 

Figure 1. Research design of the dual-layer framework 

3.1. Technical Layer: CNN-Based Batik Image Classification 

The dataset consisted of 983 batik images distributed across 20 motif classes. Each class contained approximately 45–

50 images, making the dataset relatively balanced but still limited for deep learning. Images were collected from 

publicly accessible sources, curated by removing duplicates and low-quality samples, resized to 224 × 224 pixels, 

normalized, and split into 80% training and 20% testing data. Data augmentation included rotation, width and height 

shifts, shear, zoom, and horizontal flipping [17]. A summary of the technical dataset and model configuration is shown 

in table 1. 

Table 1. Summary of technical dataset and model configuration 

Aspect Configuration 

Dataset 983 batik images across 20 motif classes 

Class distribution Approximately 45–50 images per class 

Preprocessing Resize to 224 x 224 pixels and normalization 

Split 80% training and 20% testing 

Augmentation Rotation, shifts, shear, zoom, and horizontal flip 

Models VGGNet-16, ResNet50, and MobileNetV2 

Training setup Adam optimizer, learning rate 0.001, categorical cross-entropy, 50 epochs, batch size 32 
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Evaluation metrics Accuracy, macro precision, macro recall, and macro F1-score 

VGGNet-16, ResNet50, and MobileNetV2 were selected as representative baselines rather than state-of-the-art 

competitors. VGGNet-16 represents a simple sequential architecture, ResNet50 represents deeper residual learning, 

and MobileNetV2 represents lightweight deployment-oriented design. Their outputs were interpreted as technical-

readiness signals, not as evidence of deployment-ready recognition. 

For reproducibility, the transfer-learning configuration was explicitly treated as a frozen-feature baseline. Each 

architecture used ImageNet-pretrained weights; the convolutional backbone was kept frozen during the baseline 

comparison, while a task-specific classification head was trained for the 20 batik motif classes using categorical cross-

entropy. Full unfreezing and staged fine-tuning were not performed in this exploratory experiment because the dataset 

contained only approximately 45-50 images per class. Consequently, the results should be interpreted as baseline 

diagnostic evidence rather than as the maximum attainable performance of each architecture. 

3.2. Implementation-Readiness Layer: TOEH+Feedback Readiness Assessment 

The implementation-readiness layer used the TOEH+Feedback model. The questionnaire contained 14 Likert-scale 

items and was completed by 173 respondents working in information-technology (IT) roles, including developers, 

consultants, and data-processing staff (Complete data is shown in table 2). Therefore, the survey represents perceived 

implementation-side readiness among potential technical implementers rather than direct institutional readiness among 

batik micro, small, and medium enterprises (MSMEs), museums, curators, artisans, cultural experts, or heritage 

organizations. This scope limitation was made explicit to avoid overgeneralizing the readiness findings. 

Table 2. TOEH+Feedback measurement structure 

Dimension Items Main focus 

Technology 5 Perceived benefit, compatibility, and system security 

Organization 3 Management support and infrastructure 

Environment 2 Policy support and competitive pressure 

Human 2 Knowledge and competence 

Feedback 2 Learning and system improvement mechanisms 

Reliability was evaluated using Cronbach’s Alpha, whereas item validity was assessed using significance testing. 

Because the study is exploratory and diagnostic, these tests were used for descriptive readiness profiling rather than 

causal inference. Readiness was summarized as the proportion of respondents selecting agree or strongly agree. 

For operational transparency, the questionnaire was interpreted as a descriptive profiling instrument rather than a causal 

adoption model. The Technology dimension covered perceived benefit, compatibility, technical suitability, and system 

security. The Organization dimension captured management support, infrastructure availability, and implementation 

support. The Environment dimension reflected policy support and external pressure, while the Human dimension 

focused on knowledge and competence. The Feedback dimension assessed the availability of learning and system-

improvement mechanisms. Because several dimensions were represented by only two or three items, the results were 

used to support exploratory readiness diagnosis rather than definitive construct validation. 

3.3. Integration and Readiness Scoring 

To reduce subjectivity, technical and implementation-side readiness were operationalized through explicit diagnostic 

thresholds before interpretation. Technical readiness was categorized as low when accuracy or macro F1-score was 

below 0.60, moderate when both indicators ranged from 0.60 to 0.80, and high when both exceeded 0.80 with stable 

class-level performance. Implementation-side readiness was categorized as low when the mean agreement score was 

below 60%, moderate when it ranged from 60% to 75%, and high when it exceeded 75% (Complete data is shown in 

table 3). These cutoffs are exploratory diagnostic boundaries derived for transparent decision staging, not universal 

deployment standards or validated psychometric thresholds. Therefore, any low technical-readiness result overrides 

deployment enthusiasm and leads to a non-deployment recommendation. 
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Table 3. Operational readiness scoring criteria 

Layer Indicator Low Moderate High 

Technical Accuracy < 0.60 0.60–0.80 > 0.80 

Technical Macro F1-score < 0.60 0.60–0.80 > 0.80 

Technical Class-level stability Many classes below 0.30 F1 Mixed stability Stable across most classes 

Implementation-side Mean agreement score < 60% 60%–75% > 75% 

Security was incorporated as a readiness consideration, not as an empirical adversarial-robustness, poisoning-

resilience, privacy, or penetration test. Minimum governance controls include dataset provenance, expert label 

validation, version control, confidence monitoring, moderated feedback, audit logging, and controlled model updating. 

Integration was performed by mapping technical and perceived implementation-side readiness into a decision matrix. 

A descriptive readiness-gap proxy was calculated only to make the asymmetry explicit; it was not used as a 

compensatory score that could convert a technically immature model into a deployable system. 

4. Results and Discussion 

Figure 2 presents the integrated adoption-readiness framework used to connect the technical classification experiment 

with the implementation-readiness assessment. The figure should be read as a staged diagnostic workflow rather than 

as a conventional model-training pipeline. Its purpose is to show how evidence from batik motif classification, 

readiness perception, governance preparation, and feedback control is converted into an adoption recommendation. 

The technical side of the framework begins with image preprocessing, transfer-learning baseline evaluation, learning-

curve inspection, and confusion-matrix diagnostics. These outputs are not interpreted only as predictive-performance 

indicators; they are converted into technical-readiness evidence. Low accuracy, low macro F1-score, and unstable 

class-level performance indicate that the recognition system remains at the exploratory-prototype stage and requires 

dataset expansion, expert label validation, and model refinement. 

The implementation-readiness side captures perceived readiness among IT practitioners through the TOEH+Feedback 

dimensions. The integration layer then applies a non-compensatory decision rule: strong perceived implementation 

support may justify preparation and controlled piloting, but it cannot override low technical reliability. Therefore, 

figure 2 operationalizes the central argument of this study by separating technical maturity, implementation capacity, 

and governance controls before any staged AI adoption decision is made. 
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Figure 2. Integrated Framework for AI Adoption Readiness in Batik Heritage Recognition 

4.1. Technical Readiness Results 

The technical layer showed low readiness. ResNet50 performed best, but its accuracy of 0.45 and macro F1-score of 

0.40 remain below the exploratory readiness threshold. VGGNet-16 and MobileNetV2 achieved lower aggregate 

performance. Class-level results showed several zero or near-zero F1-scores, indicating motif-specific instability and 

risk of unreliable cultural interpretation, complete data is shown in table 4. 

A class-level inspection provides additional diagnostic evidence. Although some classes obtained relatively stronger 

F1-scores under ResNet50, such as Ciamis, Dicelup, Sogan, Bunga, and Sidomukti, several other classes showed zero 

or near-zero performance. Priangan, Pekalongan, Lasem, Gentongan, Garutan, and Megamendung were particularly 

problematic in the class-level analysis. This instability indicates that the model does not merely suffer from low 

aggregate accuracy; it also fails unevenly across motif categories whose visual semantics may overlap or whose training 

samples may be insufficiently representative. These low-performing classes should therefore become priority targets 

for expert label audit, additional image collection, and motif-group analysis before any deployment-oriented 

experiment is attempted. 

Table 4. Overall CNN performance and diagnostic interpretation 

Model/Aspect Accuracy 
Macro 

precision 

Macro 

recall 

Macro F1-

score 
Readiness implication 

VGGNet-16 0.28 0.22 0.26 0.23 Low technical readiness 

ResNet50 0.45 0.40 0.45 0.40 
Best-performing baseline, but not 

deployment-ready 

MobileNetV2 0.30 0.34 0.28 0.28 Low technical readiness 

Class instability 
Several classes near 

zero F1-score 
- - - High motif-specific risk 

Deployment 

status 
Below threshold - - - Exploratory prototype only 

The confusion matrix and learning curves indicate that the model does not fail uniformly (as shown in figure 3); rather, 

failure is concentrated in motif categories with overlapping visual semantics and limited sample diversity. The 
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diagnostic value of the confusion matrix is therefore not to claim acceptable recognition accuracy, but to identify which 

motif groups require additional curation and expert validation. Because the current analysis did not compute a ranked 

pairwise confusion table, the pair-level interpretation remains limited; future experiments should report the most 

frequent misclassified motif pairs, normalized confusion rates, and visual examples of ambiguous motifs. 

 

Figure 3. Confusion matrix and training-validation accuracy and loss curves of the ResNet50 model 

The learning-curve pattern also supports this interpretation. Gradual convergence during training suggests that the 

model learned some discriminative features, but the gap and fluctuation between training and validation performance 

indicate limited generalization. This behavior is consistent with a small 20-class dataset where augmentation reduces, 

but does not eliminate, overfitting risk. Therefore, the observed results should be interpreted as evidence that dataset 

scale, label consistency, class separability, transfer-learning strategy, and validation design must be improved before 

stronger deployment claims can be made. 

Compared with prior batik image-classification studies, the current work evaluates a more complex 20-class setting 

and therefore should not be compared with 3-6 class studies as a direct benchmark competition, as shown in table 5. 

The lower accuracy should not be treated as a successful recognition outcome or as evidence that class complexity 

alone explains the performance gap. Instead, the comparison contextualizes why dataset expansion, motif-label 

validation, fine-tuning, external validation, and more robust experimental design are required before deployment-

oriented claims can be supported. 

Table 5. Contextual comparison with prior batik image-classification studies 

Study Dataset size Classes Best accuracy Main focus 

Rasyidi and Bariyah [33] 994 6 94% CNN/DenseNet batik pattern recognition 

Meranggi et al. [34] 621 5 88.88% ± 0.88 CNN classification with data improvement 

Rasyidi et al. [35] 120 3 87.61% Batik-making method identification 

Current study 983 20 45% Deployment-readiness diagnostics 

4.2. Perceived Implementation-Side Readiness 

The Technology-Organization-Environment-Human plus Feedback results indicate high perceived implementation-

side readiness among information-technology practitioners, with mean agreement scores above 75% in most 

dimensions. Technology and Feedback showed the strongest readiness, whereas Environment was lower but still 

moderate-to-high. These results suggest implementation support capacity among technical actors, but they should not 
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be generalized as direct readiness of batik micro, small, and medium enterprises, museums, curators, artisans, cultural 

experts, or cultural heritage organizations. 

The reliability results also require cautious interpretation. Technology showed strong internal consistency, while 

Organization was acceptable. However, Environment, Human, and Feedback produced marginal Cronbach's Alpha 

values between 0.630 and 0.691, as shown in table 6. These values may be acceptable for an exploratory diagnostic 

study, but they indicate that the constructs should be refined before the instrument is used for confirmatory 

measurement or policy-level readiness assessment. Future work should expand the number of items per dimension, 

involve domain stakeholders, and test convergent and discriminant validity. 

Table 6. TOEH+Feedback readiness results 

Dimension Items 
Reliability/validity 

evidence 
Agreement summary Interpretation 

Technology 5 Alpha = 0.910; p < 0.05 
82.6%–85.0%; mean 

83.5% 
High perceived readiness 

Organization 3 Alpha = 0.750; p < 0.05 
67.7%–82.1%; mean 

76.7% 

High; infrastructure-related item was 

weakest 

Environment 2 Alpha = 0.646; p < 0.05 
66.5%–80.9%; mean 

73.7% 
Moderate-to-high; marginal reliability 

Human 2 Alpha = 0.630; p < 0.05 
76.3%–80.3%; mean 

78.3% 
High; marginal reliability 

Feedback 2 Alpha = 0.691; p < 0.05 
78.0%–85.0%; mean 

81.5% 
High; marginal reliability 

4.3. Integrated Readiness Assessment 

The integrated assessment places the study in the low technical readiness–high perceived implementation-side 

readiness quadrant. The technical readiness proxy, calculated as the average of ResNet50 accuracy and macro F1-score, 

was 0.425. The organizational readiness proxy, calculated as the average TOEH+Feedback agreement score, was 0.787. 

The resulting readiness gap of 0.362 indicates a substantial asymmetry: implementation-side enthusiasm and support 

exceed current model maturity; complete data is shown in table 7. 

To make this synthesis transparent, the technical readiness proxy was computed on a normalized 0-1 scale as 

(Accuracy_ResNet50 + MacroF1_ResNet50) / 2 = (0.45 + 0.40) / 2 = 0.425. The implementation-side readiness proxy 

was computed as the average mean agreement across the Technology, Organization, Environment, Human, and 

Feedback dimensions. The readiness gap was then calculated as Implementation-side readiness proxy - Technical 

readiness proxy = 0.787 - 0.425 = 0.362. This proxy is descriptive and auditable, but it is not a validated multi-criteria 

decision-analysis model. More importantly, it is non-compensatory: a high implementation-side score cannot offset 

low technical reliability. 

The integrated interpretation follows a non-substitutability principle. High perceived implementation-side readiness 

may justify continued investment, infrastructure preparation, user training, and pilot planning, but it cannot justify 

operational deployment when the recognition model remains unstable, as shown in figure 2 and table 8. Conversely, a 

stronger model would still require governance, human capability, security monitoring (details are shown in table 9), 

and moderated feedback before it could be responsibly deployed in cultural-heritage settings. 

Table 7. Integrated readiness classification and adoption decision 

Evidence Observed value Category Decision implication 

ResNet50 accuracy 0.45 
Low technical 

readiness 
Not ready for operational deployment 

ResNet50 macro F1-

score 
0.40 

Low technical 

readiness 
High classification risk 

Class-level stability 
Several classes near-

zero F1-score 

Low technical 

readiness 
Requires dataset and label improvement 
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Mean TOEH+Feedback 

readiness 
0.787 

High perceived 

readiness 
Implementation-side support exists 

Readiness gap 0.362 Asymmetry Develop, validate, and pilot before deployment 

Scoring interpretation 
Normalized 

descriptive proxy 
Exploratory 

Requires validation through weighting, expert 

judgment, or multi-criteria decision analysis 

Table 7 summarizes the evidence-level classification used to determine the current adoption position. The table makes 

explicit that the readiness gap is a descriptive indicator of asymmetry, not a compensatory score. Because the technical 

evidence remains low, the decision logic proceeds to a non-deployment recommendation despite high perceived 

implementation-side readiness. 

Table 8 translates the dual-layer evidence into actionable adoption alternatives. In the current case, the relevant 

quadrant is low technical readiness and high perceived implementation-side readiness; therefore, the recommended 

action is to improve the dataset, model, security preparation, and validation design before deployment. The governance 

controls required to support such staged improvement are specified separately in table 9. 

Table 8. Dual-layer decision matrix 

Technical 

readiness 

Perceived implementation-side 

readiness 
Decision Recommended action 

High High Controlled deployment Pilot with governance and monitoring 

Low High 
Not ready for 

deployment 

Improve dataset, model, security, and 

validation 

High Low Delay adoption Strengthen organizational capability 

Low Low Avoid implementation 
Redesign system and readiness 

program 

Table 9 complements the decision matrix by identifying minimum security-readiness controls across the AI lifecycle. 

These controls are not presented as results of empirical penetration or adversarial testing; rather, they define governance 

checkpoints that should be satisfied before moving from an exploratory prototype to a controlled pilot. 

Table 9. Security readiness checklist for staged deployment 

AI lifecycle 

stage 
Potential risk Readiness indicator Recommended control 

Data collection Unverified sources Dataset provenance recorded Source logging and metadata validation 

Data labeling Incorrect motif label Expert review available Label validation protocol 

Training data Data poisoning Dataset integrity maintained Version control and anomaly checking 

Inference Misleading prediction 
Low-confidence output 

detected 

Confidence threshold and human 

review 

Feedback 
Malicious or biased 

feedback 
Feedback traceability Moderated feedback and audit log 

Model update Uncontrolled model drift Update history recorded Controlled retraining protocol 

The main implication is that organizational or implementation-side readiness should be interpreted as capacity for 

investment and improvement, not as justification for immediate deployment. In cultural heritage contexts, premature 

deployment may reduce trust and distort cultural interpretation. The framework therefore supports staged adoption: 

dataset governance and expert validation first, model refinement and security preparation second, and controlled pilot 

implementation only after technical reliability improves. 
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4.4. Discussion and Threats to Validity 

The findings demonstrate that low-performing artificial-intelligence models can provide scientific value only when the 

failure patterns are analyzed transparently and the deployment claims are restricted accordingly [18], [19]. In this study, 

the low ResNet50 performance is not presented as a successful classifier; it is treated as evidence that the current 

dataset, labels, transfer-learning configuration, and validation design are insufficient for operational batik motif 

recognition. This distinction prevents diagnostic interpretation from becoming a justification for methodological 

weakness. 

The diagnostic contribution is therefore bounded. The framework helps identify the mismatch between technical 

readiness and perceived implementation-side readiness, but it does not replace stronger empirical validation. A future 

operational version should include repeated train-test splits or cross-validation, confidence intervals, statistical 

comparison among architectures, external test data, and class-pair confusion analysis. These additions are necessary 

because small multi-class datasets are highly sensitive to random data partitioning and motif-label ambiguity. 

The practical implication is that dataset development should be treated as a governance activity, not only as a 

preprocessing task [14], [17]. Before deployment, image sources should be documented, duplicate and low-quality 

samples should be removed systematically, labels should be validated by batik or cultural-domain experts, and class 

definitions should be reviewed to reduce semantic overlap. Model improvement should also involve more robust 

validation strategies, including repeated experiments, external test sets, and possibly ensemble or fine-tuned 

architectures. These steps are prerequisites for moving from an exploratory prototype toward a controlled pilot. 

The security-readiness checklist complements this staged path because prior work shows that machine-learning systems 

are exposed to adversarial manipulation, data poisoning, privacy leakage, and feedback-related risks [10], [11], [12], 

[25], [26], [27], [28], [29].  Dataset provenance, version control, confidence thresholding, human review, moderated 

feedback, and controlled retraining are necessary because an AI-assisted recognition service is not only a classifier but 

also a socio-technical system that interacts with users, data, and institutional workflows [30], [31], [32]. Without these 

controls, feedback loops may amplify bias, low-confidence outputs may be accepted as authoritative, and model 

updates may introduce drift. Security and governance therefore become conditions for trustworthy adoption rather than 

optional implementation details. 

The study also reframes adoption as a non-substitutable dual-layer problem. High perceived readiness among IT 

practitioners indicates that implementation-side actors may support AI initiatives, but it does not prove institutional 

readiness among batik MSMEs, museums, or cultural heritage agencies. Conversely, a technically promising model 

would still require governance, feedback control, human capability, and security monitoring. This dual interpretation 

is the core contribution of the paper. 

Several threats to validity should be considered. First, the technical evaluation is constrained by dataset size and motif 

diversity. Although the dataset is relatively balanced, approximately 45-50 images per class remain limited for deep-

learning-based 20-class recognition, especially when motifs share repetitive ornaments, similar geometric structures, 

and contextual visual meaning. Second, the study used a single experimental configuration and did not include repeated 

cross-validation, confidence intervals, statistical testing between architectures, or external validation using an 

independent dataset. The reported differences among VGGNet-16, ResNet50, and MobileNetV2 should therefore be 

interpreted as exploratory diagnostic evidence rather than definitive architecture ranking. Third, the evaluation did not 

test real operational factors such as image acquisition quality, lighting variation, mobile capture conditions, user 

interaction, system latency, or institutional workflow integration. Fourth, the readiness survey relied on self-reported 

perceptions from information-technology practitioners. These respondents are relevant as potential implementers, but 

they do not directly represent batik micro, small, and medium enterprises, museums, curators, artisans, or cultural 

heritage agencies. Fifth, the readiness-gap calculation is a transparent proxy rather than a validated quantitative 

decision-analytics model. Finally, security readiness was addressed conceptually through governance controls; no 

empirical penetration testing, adversarial evaluation, poisoning simulation, or privacy-risk assessment was conducted. 
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5. Conclusion 

This study proposed a diagnostic dual-layer framework for evaluating staged artificial-intelligence adoption readiness 

in batik heritage recognition. The technical layer showed that ResNet50 achieved the best baseline performance, with 

45% accuracy and a macro F1-score of 0.40, but this result remains insufficient for operational deployment. Class-

level instability further confirms that the current system should be treated as an exploratory prototype rather than a 

deployable recognition service. The implementation-readiness layer showed high perceived implementation-side 

readiness among IT practitioners. However, this readiness should not be interpreted as direct institutional readiness 

among batik MSMEs or cultural heritage organizations. The integrated assessment revealed a readiness gap of 0.362, 

indicating that implementation support is stronger than technical maturity. 

The study contributes a practical, non-compensatory decision-support logic for avoiding premature artificial-

intelligence deployment. Under the proposed decision matrix, the current condition is low technical readiness and high 

perceived implementation-side readiness; therefore, deployment is not recommended. Priority should be given to 

dataset expansion, expert label validation, transfer-learning refinement, repeated validation, security governance, 

moderated feedback, and controlled pilot testing before real-world adoption. 

Future work should expand this framework in three directions. Technically, future studies should enlarge the batik 

dataset, strengthen expert label validation, evaluate external test sets, apply repeated cross-validation, and compare 

stronger fine-tuned or ensemble architectures. Organizationally, future work should involve batik micro, small, and 

medium enterprises, museums, cultural heritage agencies, artisans, curators, and cultural experts to validate whether 

perceived implementation-side readiness translates into institutional readiness. Methodologically, the diagnostic 

framework can be operationalized through weighted multi-criteria decision analysis, risk-based deployment thresholds, 

explainable artificial intelligence, and longitudinal pilot studies so that staged adoption decisions become more precise 

and auditable. 
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