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ARTICLE INFO ABSTRACT
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Received: February 13, 2026 indicate early-stage damage in civil infrastructure. Traditional inspection methods rely on
Reviewed: March 13,2026 manual visual assessment, which is time-consuming, subjective, and potentially unsafe. To
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Keywords: comparative analysis of traditional machine learning and deep learning models for image-
Concrete Crack Detection, based concrete crack detection. Handcrafted features extracted using the Histogram of
Structural Health Monitoring, Oriented Gradients (HOG) descriptor were classified using Support Vector Machine,
Machine Learning, Random Forest, and K-Nearest Neighbors, while deep learning approaches included a
Deep Learning, custom Convolutional Neural Network and a MobileNetV2-based transfer learning model.
Image Processing. Experiments conducted on a balanced dataset of 40,000 images demonstrate that deep

learning models achieve superior accuracy and robustness.
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I. INTRODUCTION

Structural safety and durability are fundamental concerns in civil engineering, particularly for infrastructure such as bridges,
buildings, pavements, and tunnels. Cracks are among the most common forms of structural deterioration and often represent early signs
of material degradation. If left undetected, cracks may propagate and lead to severe structural failures. Consequently, timely and
reliable crack detection plays a vital role in structural health monitoring and maintenance planning [1],[2]. Traditional crack inspection
methods are predominantly based on manual visual assessment performed by trained inspectors. Although effective in certain scenarios,
these methods are labor-intensive, time-consuming, and prone to human subjectivity. Moreover, manual inspections can be unsafe when
applied to large-scale or inaccessible structures, motivating the need for automated crack detection systems [3].

Early research in automated crack detection primarily relied on classical image processing techniques, such as edge detection,
thresholding, and morphological operations. While these methods demonstrated initial success, they were often sensitive to noise,
lighting conditions, and surface texture variations, limiting their robustness in practical applications [4],[5]. To overcome these
limitations, researchers began incorporating handcrafted feature extraction techniques combined with machine learning classifiers.
Handcrafted descriptors such as Histogram of Oriented Gradients (HOG), Local Binary Patterns (LBP), and Gray-Level Co-occurrence
Matrices (GLCM) have been widely used to represent crack patterns in images [6], [7]. These features are typically classified using
traditional machine learning models, including Support Vector Machines (SVM), Random Forests (RF), and K-Nearest Neighbors
(KNN).
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Such approaches have shown improved performance compared to purely image processing-based methods; however, their
effectiveness strongly depends on the quality of feature engineering and parameter selection [8], [9]. In recent years, deep learning has
emerged as a powerful alternative for crack detection. Convolutional Neural Networks (CNNs) are capable of automatically learning
hierarchical feature representations directly from raw image data, reducing the reliance on handcrafted features. Several studies have
reported significant performance improvements using CNN-based models for crack classification and segmentation tasks [10],[11].
Furthermore, transfer learning approaches using pretrained networks such as VGG, ResNet, and MobileNet have demonstrated strong
generalization ability and reduced training time, particularly when large labeled datasets are available [12], [13]. Despite the superior
accuracy achieved by deep learning models, their higher computational requirements and reliance on specialized hardware remain
important considerations for real-world deployment. In contrast, traditional machine learning models often offer lower computational
complexity and simpler implementation, making them attractive for resource-constrained environments. Therefore, a systematic
comparison between machine learning and deep learning approaches, considering both classification performance and computational
efficiency, is essential for informed model selection [14], [15].

Structural crack detection has been extensively studied using image processing, machine learning, and, more recently, deep
learning techniques. Early research in this domain focused primarily on traditional image processing methods, such as edge detection
and thresholding, to identify crack patterns in structural images. While these approaches demonstrated initial success, they were often
sensitive to noise, illumination variations, and background texture, limiting their robustness in real-world applications [5], [16]. To
overcome these limitations, researchers introduced handcrafted feature extraction methods combined with classical machine learning
classifiers. Texture-based features, including Histogram of Oriented Gradients (HOG), Local Binary Patterns (LBP), and Gray-Level
Co-occurrence Matrices (GLCM), were widely adopted for crack representation [4],[10]. These features were typically coupled with
classifiers such as Support Vector Machines (SVM), Random Forests (RF), and K-Nearest Neighbors (KNN), achieving improved
accuracy compared to purely image processing-based methods [9],[17]. Although these approaches reduced sensitivity to environmental
variations, their performance heavily depended on feature selection and parameter tuning. Support Vector Machines have been
particularly popular in crack detection tasks due to their strong generalization ability in high-dimensional feature spaces. Several studies
reported satisfactory crack classification accuracy using SVM combined with HOG or texture features [8],[18].

Random Forest classifiers were also explored for their robustness to noise and ability to handle complex decision boundaries,
especially in large datasets [7]. However, classical machine learning approaches often struggle to capture the wide variability in crack
shapes, widths, and orientations encountered in real-world scenarios. The emergence of deep learning, particularly Convolutional
Neural Networks (CNNs), marked a significant shift in crack detection research. CNN-based models automatically learn hierarchical
features directly from raw images, eliminating the need for handcrafted feature extraction. Early CNN architectures demonstrated
superior performance over traditional methods in crack classification and segmentation tasks [2],[11]. These models showed strong
robustness against background clutter and illumination changes.To further enhance performance and reduce training time, transfer
learning techniques have been widely adopted. Pretrained deep networks such as VGG, ResNet, and MobileNet have been fine-tuned
for crack detection tasks, often achieving high accuracy even with limited training data [19],[20]. Lightweight models such as
MobileNet have gained attention due to their reduced computational complexity, making them suitable for deployment in resource-
constrained environments [12]. Despite the effectiveness of deep learning approaches, their higher computational cost and training
requirements remain a concern for practical implementation.

Consequently, recent studies emphasize the importance of comparative evaluations between traditional machine learning and
deep learning models, considering not only accuracy but also computational efficiency [3],[13]. Such comparisons provide valuable
insights for selecting appropriate models based on application requirements and available resources. Although numerous studies have
addressed crack detection using either classical machine learning or deep learning techniques, comprehensive comparative analyses that
evaluate both paradigms under consistent experimental conditions are still limited. This work aims to address this gap by systematically
comparing handcrafted feature-based machine learning models and deep learning approaches for structural crack detection, with a
particular focus on classification performance and computational efficiency. Motivated by these observations, this paper presents a
comprehensive comparative study of traditional machine learning and deep learning models for structural crack detection. Classical
classifiers based on handcrafted HOG features are evaluated alongside end-to-end deep learning models, including a custom CNN and a
MobileNetV2-based transfer learning approach. The models are assessed on a balanced concrete crack image dataset using standard
performance metrics and computational cost analysis. The main contributions of this work are as follows:

e A systematic comparison of handcrafted feature-based machine learning and deep learning models for crack detection.

e An evaluation of classification performance and computational efficiency under consistent experimental conditions.

e Practical insights into the trade-offs between accuracy and resource requirements for structural crack detection systems.

The remainder of this paper is organized as follows. Section 2 describes the dataset and methodology. Section 3 presents experimental
results and discussion. Finally, Section 4 concludes the paper and outlines future research directions.

II. DATASET DESCRIPTION AND METHODOLOGY
I1.1 DATASET DESCRIPTION

In this study, a publicly available concrete crack image dataset was employed to evaluate the performance of machine learning
and deep learning models for structural crack detection. The dataset consists of 40,000 grayscale images, evenly divided into two
classes: crack and no-crack, with 20,000 images per class. The balanced nature of the dataset ensures that classification results are not
biased toward a particular class and allows for a fair comparison among different models. The images, in Figure 1, represent concrete
surface patches containing various crack patterns, including differences in crack width, orientation, texture, and background
complexity.
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Such variations make the dataset suitable for assessing the robustness of crack detection algorithms under realistic conditions.
All images were resized to a uniform resolution prior to feature extraction and model training to maintain consistency across
experiments. For experimental evaluation, the dataset was split into 80% for training and 20% for testing, resulting in 32,000 training
images and 8,000 testing images. Stratified sampling was applied to preserve the original class distribution in both subsets. This dataset
has been widely used in recent studies on crack detection and structural health monitoring, making it a reliable benchmark for
comparative analysis [20].

No Crack No Crack

Figure 1: Sample images from the concrete crack dataset showing cracked and non-cracked concrete surfaces.
Source: Authors, (2026).

I1.2 OVERAL METHODOLOGY

The overall methodology adopted in this study aims to provide a fair and systematic comparison between traditional machine
learning and deep learning approaches for structural crack detection. The complete workflow of the proposed framework consists of
four main stages: image preprocessing, feature extraction, model training, and performance evaluation. In the first stage, raw concrete
surface images are preprocessed to ensure uniformity and consistency across all experiments. This includes resizing the images to a
fixed resolution and normalizing pixel values when required. Preprocessing reduces variations caused by image scale and facilitates
effective feature extraction and model learning [21]. In the second stage, two different learning paradigms are employed. For traditional
machine learning models, handcrafted features are extracted using the Histogram of Oriented Gradients (HOG) descriptor. HOG is
particularly effective in capturing edge and gradient information, which is well-suited for representing crack patterns in concrete
surfaces [6]. The extracted feature vectors are then used as input to classical classifiers, namely Support Vector Machine (SVM),
Random Forest (RF), and K-Nearest Neighbors (KNN). In parallel, deep learning models are designed to perform end-to-end learning
directly from image data. A custom Convolutional Neural Network (CNN) is developed to automatically learn hierarchical feature
representations.

In addition, a transfer learning approach based on MobileNetV2 is adopted, leveraging pretrained weights to improve learning
efficiency and generalization. Transfer learning has been shown to be particularly effective in structural inspection tasks, especially
when dealing with complex visual patterns such as cracks [2],[13]. In the third stage, model training is conducted under consistent
experimental conditions. Traditional machine learning models are trained using CPU-based computation, reflecting their standard
execution environment, while deep learning models utilize GPU acceleration to handle the increased computational demand. To
improve training stability and prevent overfitting in deep learning models, early stopping and model checkpointing strategies are
applied based on validation performance [22]. Finally, in the evaluation stage, all models are assessed using the same training and
testing splits to ensure a fair comparison. Performance is measured using standard classification metrics, including accuracy, precision,
recall, F1-score, and area under the ROC curve (AUC). In addition to predictive performance, computational efficiency is evaluated by
recording training time and inference time for each model. This dual evaluation strategy allows for a comprehensive analysis of the
trade-offs between classification accuracy and computational cost, which is essential for practical deployment in real-world structural
health monitoring systems [3].

I1.3 FEATURE EXTRACTION USING HISTOGRAM OF ORIENTED GRADIENTS (HOG)

Handcrafted feature extraction plays an important role in traditional machine learning-based crack detection, as the quality of
extracted features directly influences classification performance. In this study, the Histogram of Oriented Gradients (HOG) descriptor
was employed to extract discriminative features from concrete surface images prior to classification using classical machine learning
models.
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HOG is a widely used feature descriptor that captures local shape and texture information by analyzing the distribution of
gradient orientations within an image. The fundamental idea behind HOG is that the appearance and shape of objects can be effectively
characterized by the spatial distribution of intensity gradients or edge directions [6]. This property makes HOG particularly suitable for
crack detection, as cracks typically manifest as elongated, edge-like structures with strong directional gradients. In the feature extraction
process, each image is first divided into small spatial regions known as cells. For each cell, gradient magnitudes and orientations are
computed using first-order derivatives. These gradients are then accumulated into orientation histograms, which represent the local edge
distribution within each cell. To improve robustness against illumination changes and local contrast variations, the histograms are
normalized over larger spatial regions referred to as blocks. The normalized histograms from all blocks are concatenated to form a high-
dimensional feature vector representing the entire image.

In this work, HOG features were extracted using consistent parameter settings across all experiments to ensure fair comparison
between classifiers. The resulting feature vectors capture essential structural characteristics of cracks, including orientation, continuity,
and spatial distribution. These descriptors were subsequently used as input to the Support Vector Machine (SVM), Random Forest
(RF), and K-Nearest Neighbors (KNN) classifiers. Although HOG features provide a compact and interpretable representation of crack
patterns, they typically result in high-dimensional feature vectors. While this enhances descriptive power, it also increases
computational complexity during model training, particularly for tree-based ensemble methods. This limitation is addressed and
discussed in the experimental results section, where computational efficiency is analyzed alongside classification performance. Overall,
HOG offers a strong baseline feature extraction technique for structural crack detection and remains a popular choice in comparative
studies involving traditional machine learning and deep learning approaches [8],[18].

I1.4 DEEP LEARNING MODELS

Deep learning models were employed in this study to perform end-to-end structural crack detection directly from image data,
eliminating the need for handcrafted feature extraction. Two deep learning approaches were considered: a custom Convolutional Neural
Network (CNN) and a transfer learning model based on MobileNetV2. These models were selected to represent both a conventional
deep learning architecture and a lightweight pretrained network suitable for practical deployment.

11.4.1 Custom Convolutional Neural Network (CNN)

Convolutional Neural Networks (CNNs) are designed to automatically learn hierarchical feature representations from raw image
inputs. A CNN typically consists of convolutional layers, pooling layers, and fully connected layers. The convolutional layers extract
local spatial features, while deeper layers capture higher-level semantic information relevant to crack patterns. Given an input imagel,
the output feature map Fof the k-th convolutional filter can be expressed in Equation 1.

Fk=O'(I*Wk+bk) (1)

where Wydenotes the convolutional kernel, byis the bias term, *represents the convolution operation, and o(-)is a nonlinear
activation function, typically the Rectified Linear Unit (ReLU). Pooling layers are applied after convolution to reduce spatial
dimensionality and improve translational invariance. Max pooling was used in this study, defined in Equation 2.

P(x) = max F(i) (2)

where () denotes the pooling region.

Following a sequence of convolutional and pooling layers, the extracted feature maps are flattened and passed to fully connected
layers for classification. The final output layer uses a sigmoid activation function to perform binary classification between crack and no-
crack classes as given by Equation 3:

y=0o(w'z+b) (3)

where z represents the flattened feature vector.
The network was trained using the binary cross-entropy loss function given by Equation 4.

L=—2 3" [ylog 3) + (1 - y)log (1 - 7))] 4

To prevent overfitting and reduce unnecessary training epochs, early stopping was applied based on validation loss, and model
checkpointing was used to retain the best-performing model during training.

11.4.2 Mobilenet2 With Transfer Learning

To evaluate a computationally efficient deep learning approach, MobileNetV2 was employed using a transfer learning strategy.
MobileNetV2 is a lightweight CNN architecture specifically designed for resource-constrained environments, offering a favorable
trade-off between accuracy and computational cost. The core building block of MobileNetV2 is the depthwise separable convolution,
which decomposes standard convolution into two operations: depthwise convolution and pointwise convolution. This significantly
reduces the number of parameters and computational complexity. The depthwise convolution operation can be expressed by Equation 5.
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Fy=1xW, (5)

where Wyis a depthwise convolution kernel applied independently to each input channel. The pointwise convolution then
combines the output channels as given by Equation 6.

E, = Fy+ W, (6)

where W, is a 1 X 1convolution kernel.

In this study, a MobileNetV2 model pretrained on the ImageNet dataset was used as a feature extractor. The original
classification layers were replaced with task-specific fully connected layers to adapt the network to the crack detection problem. Only
the newly added layers were trained, while the pretrained layers were kept frozen to preserve learned representations and reduce
training time. Similar to the custom CNN, early stopping, learning rate reduction, and model checkpointing were employed during
training to enhance generalization and stability.

11.4.3 Training Strategy and Computational Considerations

All deep learning models were trained using GPU acceleration proposed by Kaggle platform to accommodate the high
computational demands of convolutional operations. Input images were normalized prior to training to improve convergence.
Hyperparameters such as batch size and learning rate were selected empirically and kept consistent across experiments. While deep
learning models demonstrated strong performance in crack detection, they required higher training time and computational resources
compared to traditional machine learning approaches. These aspects are quantitatively analyzed and discussed in the experimental
results section.

11.4.4 Summary of Deep Learning Models

The custom CNN provides a baseline deep learning architecture capable of learning crack-related features directly from images,
while MobileNetV2 offers a lightweight alternative with reduced computational cost. Together, these models allow for a comprehensive
evaluation of deep learning-based crack detection under different performance and efficiency constraints.

III. EXPERIMENTAL RESULTS AND DISCUSSION
II.1IPERFORMANCE EVALUATION

The experimental results obtained from the comparative evaluation of machine learning and deep learning models for structural
crack detection are summarized in Table 1. All models were evaluated using the same training and testing splits to ensure a fair
comparison. Performance was assessed using accuracy, precision, recall, F1-score, specificity, sensitivity, ROC-AUC, and additional
reliability metrics including Matthews Correlation Coefficient (MCC) and Cohen’s Kappa. Among the traditional machine learning
approaches, the Random Forest classifier achieved the highest accuracy of 96.01%, outperforming the linear SVM (94.86%) and KNN
(71.64%). The superior performance of Random Forest can be attributed to its ensemble nature, which allows it to model non-linear
decision boundaries and reduce overfitting through aggregation. The linear SVM also demonstrated strong performance, indicating that
HOG features provide good linear separability for crack detection.

In contrast, the KNN classifier exhibited significantly lower accuracy and F1-score despite achieving extremely high precision
(99.94%). This behavior indicates that KNN was highly conservative in predicting the crack class, resulting in poor recall (43.30%) and
sensitivity. Such imbalance suggests that KNN is less suitable for large-scale crack detection tasks where comprehensive detection is
required. Deep learning models substantially outperformed traditional machine learning approaches. The custom CNN achieved an
accuracy of 99.45% with an F1-score of 99.45%, while MobileNetV2 delivered the highest overall performance, achieving 99.85%
accuracy and an Fl-score of 99.85%. Both deep learning models exhibited near-perfect ROC-AUC values, indicating excellent
discriminative capability. To further analyze deep learning behavior during training, training and validation accuracy and loss curves
are presented in Figures 2.

Table 1: Performance comparison of machine learning and deep learning models for structural crack detection.

Model Accurac | Precision | Recal sf(:;e Specificit | Sensitivit ]i%%- LogLo | MCC | Kappa | Training | Inference
y (%) (%) 1 (%) (%) y (%) y (%) (%) s (%) (%) Time Time
SVM 94.86 96.05 93.58 94.8 96.15 93.58 98.43 15.85 89.75 89.72 283.19 50.86
R;‘:i‘;“ 96.01 97.28 | 94.67 | 9596 97.35 94.67 99.34 | 17.64 | 92.06 | 92.03 | 4711.11 1.06
KNN 71.64 99.94 433 60.42 99.98 433 88.61 4.37 52.53 43.28 20.57 158.92
CNN 99.45 99.55 99.35 99.45 99.55 99.35 99.97 1.68 98.9 98.9 101.73 2.52
M;)tb\ilzeN 99.85 99.75 99.95 99.85 99.75 99.95 100 0.54 99.7 99.7 714.38 18.71

Source: Authors, (2026).

Page 829




ITEGAM-JETIA, Manaus, v.12 n.59, p.825-832, May/June, 2026.

CNN Accuracy Curve CNN Loss Curve
—— Train Ace {f’_,__,- —— Train Loss
0595 Val Acc /________, ] 010 Wal Loss
-
0550 ,_// 0.08
0.985 4
0.06 4
0.980 4
0975 0.04 y .
0.970 AN
0.02 4
—
0.965 T e
L] F3 4 L] -] 10 0 2 4 & B 10
(@ (b)
MobileNetV2 Accuracy Curve MaohileNetW2 Loss Curve
= Train Acc —— Train Loss
0.954 Val Ace ..r-,“/d 0.018 Val Lass
0.014
0.998 \
\ 0.012
) 0010
0.997 .
0.008 . Ve
0.996 0,006 yd
0.004
—
0.995 —
0.002
1] 2 4 & B L] 2 4 6 a
(© (d

Figure 2: Training and validation accuracy and loss curves of CNN and MobileNetV2.
Source: Authors, (2026).

The accuracy curves show rapid convergence for both models, with close alignment between training and validation
performance. This alignment indicates strong generalization and limited overfitting. The loss curves decrease smoothly across epochs
and stabilize at low values, confirming effective optimization. MobileNetV2 reaches stable accuracy and loss earlier than the custom
CNN and maintains lower validation loss, which supports the superior performance metrics reported in Table 1.

I11.2 ANALYSIS OF CLASSIFICATION MERTRICS

Precision and recall provide important insight into model behavior beyond accuracy alone. The stable training behavior observed
in Figure2 aligns with the high classification metrics reported in Table 1. The deep learning models achieved a balanced trade-off
between precision and recall, with both CNN and MobileNetV2 exceeding 99% in all major metrics. This indicates that these models
are capable of reliably detecting cracks while minimizing false positives and false negatives. The Random Forest classifier showed
strong precision (97.28%) and recall (94.68%), confirming its robustness among classical approaches.

The SVM classifier also performed consistently, though with slightly reduced recall compared to Random Forest. In contrast,
KNN’s high precision but low recall highlights its limitation in capturing the full variability of crack patterns in the dataset. The MCC
and Cohen’s Kappa values further support these observations. Deep learning models achieved near-perfect agreement scores, while
Random Forest and SVM demonstrated strong but comparatively lower correlation values. KNN recorded the lowest agreement
metrics, reinforcing its weaker classification reliability.

II1.3 COMPUTATIONAL EFFICIENCY ANALYSIS

In addition to classification performance, computational efficiency was evaluated by measuring training and inference time for
each model. The results reveal a clear trade-off between accuracy and computational cost. Among the classical machine learning
models, KNN required negligible training time but suffered from extremely high inference time (approximately 159 seconds) due to its
instance-based nature. This makes KNN impractical for real-time crack detection applications. The linear SVM demonstrated moderate
training time (approximately 283 seconds) and very fast inference, making it suitable for deployment scenarios where rapid predictions
are required.

The Random Forest model, trained on the full dataset, required the longest training time (approximately 78 minutes). This
confirms the high computational cost associated with tree-based ensemble methods when applied to high-dimensional handcrafted
features. However, its inference time remained low, indicating suitability for offline training and online prediction scenarios. Deep
learning models exhibited a different computational profile. The custom CNN achieved fast training (approximately 102 seconds) due
to early stopping and efficient architecture design. MobileNetV2, while requiring longer training time (approximately 714 seconds),
provided the best balance between performance and efficiency, benefiting from transfer learning and a lightweight architecture.
Although deep learning models require GPU acceleration, their inference times remained reasonable, supporting their potential for real-
time deployment.
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I11.4 COMPARATIVE DISCUSSION

The experimental results clearly demonstrate that deep learning approaches outperform traditional machine learning models in
terms of classification accuracy and robustness for structural crack detection. The ability of CNN-based models to automatically learn
hierarchical feature representations allows them to capture complex crack patterns that handcrafted features may fail to represent
adequately. However, traditional machine learning models, particularly SVM and Random Forest, still offer competitive performance
with lower hardware requirements and simpler implementation. These models may be preferable in environments where GPU resources
are unavailable or limited. Overall, MobileNetV2 emerged as the most effective model, achieving the highest accuracy and balanced
performance while maintaining reasonable computational efficiency. This makes it a strong candidate for practical structural health
monitoring systems, especially in scenarios requiring high accuracy and efficient deployment.

ITII.5 KEYS OBSERVATIONS

The following observations can be drawn from the experimental study:
Deep learning models significantly outperform traditional machine learning models in crack detection accuracy.
Random Forest provides the best performance among classical machine learning approaches but at high computational cost.
KNN is not suitable for large-scale crack detection due to poor recall and slow inference.
MobileNetV?2 offers the best trade-off between accuracy and efficiency, making it suitable for real-world applications.

IV. CONCLUSION AND FUTURE WORKS
IV.1 CONCLUSION

This study presented a comprehensive comparative analysis of traditional machine learning and deep learning models for
structural crack detection using image processing techniques. Handcrafted feature-based classifiers, including Support Vector Machine
(SVM), Random Forest (RF), and K-Nearest Neighbors (KNN), were evaluated alongside deep learning approaches based on a custom
Convolutional Neural Network (CNN) and a transfer learning model using MobileNetV2. Experimental results demonstrated that deep
learning models significantly outperform traditional machine learning approaches in terms of classification accuracy and robustness.
Among all evaluated models, MobileNetV2 achieved the highest performance, attaining near-perfect accuracy and balanced precision—
recall characteristics, while maintaining reasonable computational efficiency through its lightweight architecture.

The custom CNN also delivered strong results, confirming the effectiveness of end-to-end learning for crack detection tasks.
Among the classical machine learning models, Random Forest achieved the best performance but required substantially higher training
time due to the high dimensionality of handcrafted HOG features. The linear SVM provided competitive accuracy with lower
computational cost, while KNN showed limitations in scalability and recall performance, making it less suitable for large-scale crack
detection applications. Overall, the findings highlight the trade-off between accuracy and computational efficiency across different
modeling approaches. While deep learning models are preferable when high accuracy is required and GPU resources are available,
traditional machine learning methods remain viable alternatives in resource-constrained environments.

IV.2 FUTURE WORKS

Although the proposed study provides valuable insights into crack detection performance across multiple modeling paradigms,
several directions for future research can be explored. First, extending the analysis to include crack segmentation rather than binary
classification would provide more detailed structural damage information. Second, evaluating model performance under varying
environmental conditions, such as illumination changes and surface noise, would further assess robustness in real-world scenarios.
Future work may also investigate hybrid approaches that combine handcrafted features with deep learning representations to balance
interpretability and performance. Additionally, deploying lightweight deep learning models on edge devices or embedded systems could
facilitate real-time structural health monitoring in practical applications. Finally, testing the proposed framework on additional datasets
and real inspection data would enhance generalization and support broader adoption.
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