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Abstract

This study proposes a deep learning-based methodology for the automatic detection of surface cracks in painting artworks, an essential
task in art restoration and preservation. A dataset comprising 700 high-resolution images (350 cracked, 350 non-cracked) was curated
and expanded through data augmentation techniques to enhance model generalization. Preprocessing steps included resizing and normal-
ization. Four deep learning models, VGG16, ResNet50, a custom CNN, and InceptionV3, were evaluated. Among them, a fine-tuned
InceptionV3 model yielded the best performance, achieving a test accuracy of 98.01% and an F1 score of 0.98. Evaluation metrics such
as confusion matrix, accuracy/loss curves, and classification report validated the robustness of the proposed method. Compared to earlier
approaches that were restricted to structural domains or limited art-specific studies, the proposed framework demonstrates superior accu-
racy and broader applicability through transfer learning and advanced regularization. The system offers a scalable, non-invasive solution
for digital inspection of artworks and can be extended to diverse painting types, varied mediums, or severity-based crack classification. It
also aligns with emerging trends in lightweight, attention-guided deep learning models, supporting real-world deployment in cultural
heritage preservation.

Keywords: Crack Detection; Painting Preservation,; Deep Learning;, CNN; Inceptionv3, Surface Defects.

1. Introduction

The conservation of historical paintings is a critical aspect of cultural heritage preservation. One of the most significant indicators of
deterioration in paintings is the formation of surface cracks, which can develop over time due to environmental stress, aging materials, or
handling damage [1], [2]. Traditionally, cracks have been identified through manual visual inspection by art conservators. This process is
time-consuming, labor-intensive, and often subjective, leading to inconsistent assessments, particularly for micro-cracks invisible to the
naked eye

With the rise of artificial intelligence and deep learning, automated methods for image-based defect detection have shown promising
potential in various industries, including civil engineering, medicine, and manufacturing. Convolutional Neural Networks (CNNs), in
particular, have demonstrated remarkable performance in capturing fine-grained visual patterns, making them highly effective for classi-
fication and detection tasks involving surface-level anomalies [3]. Despite these advancements, the application of deep learning to crack
detection in painting surfaces remains relatively unexplored, with most existing literature focused on structural damage in roads and
buildings rather than delicate artistic media [4], [S].

This research addresses this gap by proposing an automated system for detecting cracks in painting surfaces using a fine-tuned Incep-
tionV3 deep learning model. A dataset of 700 high-resolution images (350 cracked and 350 non-cracked) was curated and augmented to
improve generalization. All images were resized and normalized for uniform input to the models. The proposed system involves a com-
parative analysis of four different CNN architectures, namely, a baseline CNN, VGG16, ResNet50, and InceptionV3. Each model was
trained under consistent hyperparameters and evaluated on a separate test set using standard performance metrics.

Among the evaluated models, the fine-tuned InceptionV3 architecture demonstrated the highest accuracy (98.01%) and F1-score (0.98),
outperforming the others in terms of precision, recall, and overall robustness. The model training incorporated advanced techniques such
as Label smoothing, early stopping, and learning rate scheduling to avoid overfitting and ensure stable convergence. The performance
was further validated using accuracy and loss plots, confusion matrix analysis, and classification reports. This study not only establishes
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a reliable framework for crack detection in painting surfaces but also provides a deployable architecture that can be integrated into digital
conservation workflows.

The key contributions of this work include: (1) creation and augmentation of a dedicated image dataset for painting crack classification;
(2) implementation and fine-tuning of multiple CNN-based models; (3) identification of InceptionV3 as the most effective architecture
for this task; (4) comprehensive evaluation using classification metrics and visualizations; and (5) development of a reproducible and
scalable deep learning-based crack detection system. The outcomes of this research are expected to assist art curators and conservators in
performing efficient, non-intrusive inspection of valuable artwork, ultimately contributing to the preservation of cultural heritage.

2. Literature review

Over the past decade, artificial intelligence (Al) and deep learning technologies have transformed defect detection in various domains
such as civil engineering, manufacturing, and medical diagnostics. Traditionally, crack detection relied on classical image processing
techniques such as edge detection, morphological operations, and intensity thresholding [1], [2]. However, these methods are highly sen-
sitive to noise, surface variation, and lighting inconsistencies, which are common challenges in painted artworks [32], [34], [35]. Their
dependence on handcrafted features limited their robustness and adaptability, making them less reliable for heterogeneous surfaces such
as paintings, where micro-cracks and irregular textures are common.

The rise of Convolutional Neural Networks (CNNs) revolutionized feature extraction and classification tasks by enabling automated
learning from raw pixel-level data [3]. CNN-based models such as AlexNet, VGG16, ResNet50, and InceptionV3 have become founda-
tional in computer vision because of their hierarchical feature learning capabilities [4 - 7]. Deep residual learning introduced by ResNet
helped mitigate vanishing gradient issues, which enabled deeper architectures [5]. In addition, dense connectivity patterns in DenseNet
improved gradient flow and feature reuse [9].

The use of encoder-decoder networks such as U-Net [8] and SegNet [4] advanced semantic segmentation tasks and crack boundary local-
ization, especially in biomedical and civil imaging. Furthermore, novel loss functions such as Focal Loss [10] improved learning in im-
balanced datasets. This issue is also encountered in crack classification, where non-defect regions often dominate.

Transfer learning has emerged as a powerful tool when working with small datasets, particularly through fine-tuning pretrained models
originally trained on ImageNet [6], [7], [11]. Gopalakrishnan et al. [13] successfully applied transfer learning for pavement distress de-
tection using pre-trained CNNs. Likewise, models such as ResNet and Inception have been used for automated crack classification in
bridges [1], roads [2], [12], and construction materials [3], [15].

Lightweight deep learning models have also gained traction for real-time inspection tasks, offering efficient inference on edge devices
[14]. For example, Kim et al. developed a compact CNN capable of real-time crack detection on embedded systems, which highlights its
relevance for mobile-based inspection workflows. This becomes particularly important for conservation tasks in the field, where cloud
access may be limited.

Other researchers have explored stereo vision [16], region proposal networks such as Faster R-CNN [22], and adaptive pixel-level sys-
tems [23] to enhance detection accuracy and context awareness in defect localization. These techniques, while largely developed for civil
and industrial use, offer architectural insights that can be extended to artwork analysis.

Recent advancements have also introduced attention-guided CNNs [17], edge-enhanced learning [19], and weakly supervised frame-
works [18] for detecting fine-grained surface anomalies. These techniques are particularly suitable for textured, heterogeneous surfaces
such as painted artwork. Despite their success in pavement or metal surface analysis, their application to artwork restoration remains
limited. More recent directions further include lightweight networks with dense feature connections and dual attention modules that
achieve millimetre-level crack detection at low computational cost [28]. Similarly, resilient lightweight CNNs with coordinate attention
have been applied successfully in surface defect detection tasks such as steel inspection [29].

In art preservation, few studies have applied deep learning. For example, Chen et al. [20] employed a VGG-16—-based SegNet architec-
ture for surface crack detection, while Song et al. [25] applied curvature and texture features for defect identification. However, these
efforts are limited in scope, often constrained by small datasets and a lack of cross-domain generalization. In contrast, transformer-based
architectures have recently demonstrated superior performance and generalization for crack detection tasks in masonry and concrete [26],
[27], which highlights their potential for heterogeneous surfaces such as paintings.

Furthermore, applications involving UAVs [24], robotic inspection systems, and mobile-based analysis are opening new avenues for
remote cultural heritage documentation and real-time conservation assessment. A deep learning model tailored for this context could be
integrated into such systems, enabling intelligent and on-the-go analysis.

To address the evident research gap in deep learning-based painting crack detection, this study proposes a comprehensive pipeline in-
volving dataset creation, augmentation, pre-processing, model comparison, and fine-tuning. By employing InceptionV3, known for its
multi-scale feature extraction capabilities, this work demonstrates accurate and scalable detection of cracks in paintings, validated
through performance metrics and visual analysis. Unlike generic structural applications, the proposed system adapts deep learning meth-
ods to the intricate textures and patterns characteristic of artistic surfaces, thereby offering a novel contribution to the intersection of Al
and digital heritage conservation.

To bridge this gap, we propose a transfer learning-based approach using InceptionV3, supported by data augmentation and regularization,
for high-performance crack detection in artistic surfaces. Furthermore, the comparative evaluation of models such as CNN, VGG16,
ResNet50, and InceptionV3 in a unified pipeline offers deeper insights into model suitability for this unique application.

An easy way to comply with the paper formatting requirements is to use this document as a template and simply type your text into it.

3. Methodology

This section outlines the systematic approach adopted for automated crack detection in painting surfaces using deep learning. The meth-
odology involves dataset preparation, image preprocessing, model selection, training configuration, and evaluation using multiple per-
formance metrics. The primary model used in this study is the fine-tuned InceptionV3, and it is benchmarked against other architectures
such as VGG16, ResNet50, and a custom CNN [20 - 22].
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3.1. Dataset preparation

The dataset used in this study comprises a total of 700 high-resolution RGB images, equally divided into 350 cracked and 350 non-
cracked painting surface samples. To enhance generalization and robustness, extensive data augmentation techniques such as rotation,
flipping, shearing, shifting, and zooming were applied. This significantly increased the variability of the dataset and helped the model
learn crack patterns under different conditions. The final dataset was organized into two labeled folders: ‘Cracked’ and ‘Non-Cracked’,
to streamline training using image data generators.

M EEE - 4 e
Fig. 1: Representative Painting Surface Images: (A) Cracked Surface Showing Visible Fracture Lines and (B) Non-Cracked Surface with Uniform Tex-
ture.

Figure 1 presents representative samples of cracked and non-cracked painting surfaces. The cracked image (Figure 1a) demonstrates
visible linear fractures and micro-fissures running across the pigment layers, which often vary in thickness and intensity depending on
aging and environmental stress. The non-cracked image (Figure 1b), in contrast, exhibits smooth and uniform texture without significant
surface discontinuities. These examples illustrate the challenges of differentiating genuine cracks from natural brush strokes, surface
irregularities, or texture variations, which underscores the need for robust deep learning methods

3.2. Data pre-processing

Before feeding images into the neural networks, a series of pre-processing steps was applied to ensure data consistency and optimal mod-

el performance [20], [22]:

e Image Resizing: All images were resized to 299x299 pixels, which is the standard input size required for the InceptionV3 architec-
ture.

e Pixel Normalization: The pixel values were scaled to a [0, 1] range by dividing each value by 255. This normalization helps in accel-
erating convergence during model training.

e Data Splitting: The dataset was divided in a 70:30 ratio, with 70% used for training and 30% for validation and testing. A stratified
split ensured class balance across both sets.

3.3. Model architecture and training setup

Four deep learning models were evaluated: a custom CNN, VGG16, ResNet50, and InceptionV3. The proposed InceptionV3 model was
initialized with pretrained ImageNet weights, followed by custom classification layers including GlobalAveragePooling2D, dense layers
with ReLU activation, dropout for regularization, and a sigmoid output layer. The model was compiled using Binary Crossentropy loss
with label smoothing, Adam optimizer, and trained for 30 epochs with batch size 16.

Algorithm 1: Crack Detection using Fine-Tuned InceptionV3

Input: Labeled image dataset with cracked and non-cracked classes

Output: Trained a deep learning model for binary classification

1) Load and preprocess dataset (resize, normalize).

2) Apply data augmentation to increase sample variability.

3) [Initialize InceptionV3 model with pretrained ImageNet weights.

4) Replace top layers with custom dense layers and sigmoid activation.

5) Compile model using Adam optimizer and Binary Crossentropy loss.

6) Train the model using early stopping and learning rate reduction callbacks.

7) Evaluate the model using accuracy, precision, recall, F1-score, and confusion matrix.

8) Save the trained model and performance reports.

3.4. Workflow diagram

Figure 2 illustrates the complete workflow pipeline, beginning with data collection and labeling, followed by preprocessing steps such as
resizing and normalization. The workflow proceeds with data augmentation and training using different CNN models. The final stage
involves model evaluation using accuracy, precision, recall, F1-score, and confusion matrix. This diagram provides a high-level overview
of the systematic process adopted in this study for automated crack detection.
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Fig. 2: Workflow Diagram of the Proposed Crack Detection System.

As shown in the workflow diagram, the research begins with systematic data collection and labelling, followed by pre-processing steps
that ensure consistency in input images. The processed dataset is then used to train deep learning models, with InceptionV3 fine-tuning
forming the core of the proposed system. Finally, performance evaluation is carried out using standard metrics such as accuracy, preci-
sion, recall, and a confusion matrix.

3.5. Training configuration

To optimize model performance and avoid overfitting, the following training configurations were applied:

e Loss Function: BinaryCrossentropy with label smoothing (value = 0.1) to reduce overconfidence.

e Optimizer: Adam optimizer with an initial learning rate of 1e-4.

e Batch Size: 16

e Epochs: 30

Callbacks Used:

o EarlyStopping (patience = 5) to halt training when validation loss stagnates

e ReduceLROnPlateau to decrease learning rate upon plateauing of validation loss

All models were implemented using TensorFlow/Keras and trained on a GPU-enabled environment for accelerated computation.
All hypertext links and section bookmarks will be removed from papers during the processing of papers for publication. If you need to
refer to an Internet email address or URL in your paper, you must type out the address or URL fully in Regular font.

3.6. Performance metrics

To comprehensively evaluate the effectiveness of the proposed InceptionV3-based crack detection model, several standard performance
metrics were employed. These metrics not only provide insights into classification accuracy but also quantify the model’s ability to cor-
rectly identify both cracked and non-cracked surfaces. The key metrics used are as follows [20], [21], [30]:

a) Accuracy

Accuracy represents the overall percentage of correct predictions made by the model out of all predictions. It is defined as:

TP+TN

Accuracy = ————— 8
TP+TN+FP+FN

Where:

e TP: True Positives — Cracked surfaces correctly predicted as cracked

e TN: True Negatives — Non-cracked surfaces correctly predicted as non-cracked

e FP: False Positives — Non-cracked surfaces incorrectly predicted as cracked

e FN: False Negatives — Cracked surfaces incorrectly predicted as non-cracked

b) Precision

Precision measures the proportion of correctly predicted positive instances out of all instances predicted as positive. It indicates how
many selected items are relevant:

TP
TP+FP

Precision = 2)
A high precision implies a low false positive rate, which is important in minimizing false alarms in crack detection.

c) Recall (Sensitivity)

Recall quantifies the model's ability to identify all relevant instances of a class. It is the ratio of correctly predicted positives to all actual
positives:

TP
TP+FN

Recall = 3)
In crack detection, high recall ensures that most actual cracks are detected, which is critical in safety and conservation contexts.

d) F1-Score

The F1-score is the harmonic mean of precision and recall. It is particularly useful when the class distribution is imbalanced:

Precision*Recall
- = 9 4 —tecisionxRecall
F1 —Score 2 Precision+Recall (4)
A balanced F1-score indicates strong overall performance across both metrics.
e) Confusion Matrix
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The confusion matrix provides a tabular representation of actual vs. predicted classifications, allowing for a detailed understanding of
classification errors. It highlights the number of correct and incorrect predictions across both classes, helping identify model biases or
weaknesses.

f)  Loss Function Monitoring

In addition to classification metrics, the Binary Cross-Entropy Loss was tracked during training and validation phases. Monitoring the
loss curve helps determine the convergence behaviour of the model and detect overfitting or underfitting.

4. Experimental results and discussion

This section presents a comprehensive analysis of the experimental results obtained through training and evaluating four different models,
such as Custom CNN, VGG16, ResNet50, and the proposed InceptionV3. All models were trained using the same pre-processed dataset
with identical hyperparameters to ensure fairness in comparison. Key performance metrics such as accuracy, precision, recall, F1-score,
and loss were used to evaluate classification efficacy.

4.1. Model comparison overview
The performance of all models was evaluated on the same test dataset comprising 210 images (30% of the total dataset). The Incep-
tionV3 model demonstrated superior performance across all evaluation criteria. Table 1 summarizes the classification metrics obtained

for each model.

Table 1: Model Accuracy Comparison

Model Test Accuracy (%) Precision (%) Recall (Sensitivity) (%) F1-Score (%)
Custom CNN 88.57 87.90 88.10 87.98
VGG16 91.14 91.47 90.85 91.16
ResNet50 94.00 94.27 93.81 94.04
InceptionV3 98.01 98.12 97.91 98.01

The InceptionV3 model significantly outperformed all others, achieving a test accuracy of 98.01% and an F1-score of 98.01%, which
reflects a well-balanced trade-off between precision and recall. The architecture’s multi-scale feature extraction and dimensionality re-
duction capabilities are likely contributors to this high accuracy.

4.2. Accuracy and loss curves

Figure 3 shows the training and validation accuracy curves of the fine-tuned InceptionV3 model. Both curves demonstrate a steady up-
ward trend, with validation accuracy closely following training accuracy. The convergence stabilizes around the 10th epoch, reaching
approximately 98 percent, and no significant gap is observed between the two curves. This indicates that the model generalizes effective-
ly to unseen data and does not exhibit overfitting.
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Fig. 3: Training and Validation Accuracy Curves of the Inceptionv3 Model.

Figure 4 presents the training and validation loss curves of the InceptionV3 model. Both curves steadily decrease during training, which
confirms that the model successfully learned discriminative features. The curves flatten toward the final epochs, demonstrating conver-
gence and training stability. The close alignment between training and validation loss further supports the robustness of the model across
different dataset partitions.
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Fig. 4: Training and Validation Loss Curves of the Inceptionv3 Model.

These plots confirm that the model effectively learned relevant crack features without overfitting. The close alignment of training and
validation curves demonstrates stable convergence and strong generalization to unseen data.
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4.3. Confusion matrix analysis

Figure 5 shows the confusion matrix of the InceptionV3 model on the test dataset. Out of 354 samples, the model correctly identified 172
cracked and 182 non-cracked surfaces, while misclassifying only 2 non-cracked as cracked and 3 cracked as non-cracked. This small
number of errors highlights the reliability of the system and demonstrates that the model performs consistently well across both classes.

InceptionV3_Model_Confusion Matrix
300

No Crack

- 150

True Label

- 100

Crack

- 50

'
No Crack Crack
Predicted Label

Fig. 5: Confusion Matrix of the Inceptionv3 Model on the Test Dataset.
The balanced performance across classes confirms that the proposed system can accurately distinguish cracked from non-cracked surfac-
es in practical scenarios.

4.4. Discussion

The results confirm that fine-tuned InceptionV3 on a carefully curated and augmented dataset can yield high-precision classification for
detecting cracks in artistic surfaces. Compared to older architectures such as VGG16 and even deeper networks like ResNet50, Incep-
tionV3 provides a better balance between complexity and performance. The model's low error rate, high F1-score, and consistent loss
trajectory make it suitable for integration into art restoration and conservation workflows.

Beyond quantitative performance, this study emphasizes the role of preprocessing, augmentation, and transfer learning in addressing
domain-specific challenges. These steps are particularly valuable in small and specialized datasets, where variations in texture and
brushwork can complicate feature extraction. The findings therefore demonstrate not only the suitability of InceptionV3 for this task but
also the broader importance of combining data enhancement strategies with transfer learning to ensure model robustness.

4.5. Limitations

Although the proposed InceptionV3-based model achieved strong performance, several limitations should be acknowledged. The dataset,
while carefully curated and augmented, remains relatively small, which may restrict generalization across diverse painting collections.
The current framework is limited to binary classification of cracked versus non-cracked surfaces, whereas conservation practice often
requires distinguishing between different crack types or severities. Furthermore, the images were collected under controlled conditions,
and the system has not yet been tested on artworks with varying mediums, lighting environments, or surface textures. Finally, the model
was developed and validated in an offline setting. Its deployment on mobile or embedded platforms for real-time conservation tasks will
require further optimization to address computational and memory constraints.

5. Conclusion

This paper presented a deep learning-based approach for detecting surface cracks in paintings using a fine-tuned InceptionV3 model. The
model was trained on an augmented dataset of 700 images and outperformed other CNN-based architectures, achieving a test accuracy of
98.01 % and an F1-score of 98.01 %. The results confirmed that the proposed method is highly effective for automated crack classifica-
tion in artistic surfaces, offering a fast and non-invasive alternative to manual inspection.

In future work, the proposed system can be extended beyond binary classification to identify different crack types and severities, such as
micro-cracks versus structural cracks, which would provide more practical insights for conservators. The framework can also be tested
on a wider variety of painting mediums, including frescoes, watercolours, and oil paintings, to evaluate its adaptability to diverse artistic
contexts. Another important direction is the integration of the model into mobile and edge devices for real-time inspection, which may
require optimization techniques to address computational and memory constraints. Furthermore, coupling the model with robotic or
UAV-based inspection platforms could enable large-scale, automated scanning of artworks in museums and heritage sites. These exten-
sions would enhance the adaptability and practical deployment of the proposed approach, ensuring that it evolves into a versatile tool for
intelligent, technology-driven cultural heritage preservation.
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