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Abstract

This study introduces an innovative approach for detecting cracks on levee surfaces by integrating an Auxiliary Classifier
Generative Adversarial Network (ACGAN) for data augmentation with a Faster R-CNN model enhanced by an attention
mechanism. The ACGAN-based augmentation aims to generate synthetic images that enrich data variability in the original dataset.
The attention-optimized Faster R-CNN is designed to improve detection precision, particularly for small objects and fine cracks
that are difficult to distinguish from the background. Experimental results demonstrate that the incorporation of ACGAN improves
detection performance, increasing both the mean Average Precision (mAP) and Average Recall (AR). The model achieved an
mAP of approximately 0.56 at IoU = 0.50 and 0.34 at IoU = 0.75, while the AR (maxDets = 100) reached 0.55, indicating a strong
capability in identifying most crack instances. When trained on the combined dataset of original and synthetic images, the Faster
R-CNN model reached a precision of 0.92 for the severe crack class, while performance for minor cracks remained lower
(precision 0.78). Adjusting the confidence threshold to 0.65 improved detection reliability by reducing noise and retaining high-
confidence predictions. Improved performance in detecting severe cracks supports timely maintenance and repair decisions. This
study demonstrates the effectiveness of GAN-based data augmentation and attention-enhanced object detection for automated
structural health monitoring (SHM) of levee infrastructure.
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Introduction

Levee infrastructure plays a crucial role in flood risk mitigation and water flow management in disaster-prone
areas [ 1]. Structural damage to levee surfaces, particularly cracks, can lead to a reduction in load-bearing capacity and
the potential for complete failure, which threatens public safety and the sustainability of such infrastructure [2].
Initially minor cracks are often undetected in their early stages, allowing further damage to escalate into more
significant issues. Therefore, early detection of cracks in levees is essential to prevent more severe structural failures
[3]. Conventional inspection methods, which rely on visual surveys by experts, are still predominantly used in levee
monitoring practices [4]. However, this approach has significant limitations, including subjectivity, high labor
demand, limited coverage of large areas, and restricted access to hazardous locations [5]. As a result, the development
of automated damage detection systems based on computer vision has become an urgent need in the field of structural
health monitoring (SHM).

Advancements in image processing and deep learning technologies have opened up new opportunities for
automation in crack detection. Previous research has successfully implemented models based on Convolutional Neural
Networks (CNN) and Faster R-CNN to detect cracks on road and bridge surfaces with high accuracy [6], [7]. However,
these studies have identified key challenges in practical applications, including surface variability and limited diversity
oftraining data [8]. In crack detection on infrastructures such as walls and asphalt, data augmentation using Generative
Adversarial Networks (GAN) has proven effective in generating synthetic images that enhance data variability, thus
improving model generalization across different crack patterns [9], [10], [11]. GAN has therefore emerged as a
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promising solution to address data limitations in the vision domain by enriching dataset variation and improving
detection robustness [12].

Despite the usefulness of GAN-based augmentation, crack detection on levee surfaces remains challenging due to
complex textures and subtle visual characteristics, which often hinder models from identifying fine cracks [13].
Previous studies have also revealed that while object detection models such as Faster R-CNN are effective in detecting
larger objects, additional architectural optimization is required to improve the detection of small or low-contrast cracks
[14], [15], [16]. The unique challenges of levees include heterogeneous surface textures, dynamic environmental
conditions, and complex crack patterns that differ from other man-made structures [17], [18]. Moreover, the scarcity
of annotated levee-specific datasets, particularly for fine cracks, further limits the development of robust detection
models.

To address these challenges, this study proposes an innovative framework that integrates two main components:
(1) data augmentation using Auxiliary Classifier GAN (ACGAN) to generate high-quality synthetic samples that
enrich the visual representation of various types of levee cracks, and (2) the implementation of an enhanced Faster R-
CNN model with an attention mechanism to improve detection sensitivity to subtle crack features. The attention
mechanism allows the model to adaptively focus on relevant regions in the feature map, thereby improving detection
precision for fine cracks that were previously difficult to identify [19], [20].

The contributions of this study are threefold: the development of an ACGAN-based data augmentation pipeline
tailored to the characteristics of levee surfaces, the integration of an attention mechanism into the Faster R-CNN
architecture to support multi-scale crack detection under complex surface conditions, and a comprehensive evaluation
of the combined impact of synthetic data augmentation and attention mechanisms on detection performance. This
research contributes to the advancement of automated SHM for levee infrastructure and demonstrates the relevance
of attention-enhanced deep learning models for crack detection tasks under limited-data scenarios.

Method
A. Data Acquisition and Preprocessing

In this study, data were acquired through visual documentation of levee surfaces using a high-resolution drone
mounted on an unmanned aerial vehicle (UAV). The data were collected along the Bekasi River in Indonesia,
specifically in the Pondok Gede Permai area, which has potential levee damage risks. The data acquisition involved
video footage with a resolution of 1280x720 pixels, which was then processed into individual image frames, each
resized to 256x256 pixels. These images were then labeled into three categories: No Cracks, Minor Cracks, and Severe
Cracks. Labeling was performed using the Roboflow platform to ensure consistent accuracy in labeling [21].

Acquisition Preprocessing Labelling

Severe ]
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256 x 256 Pixel

Structural Expert - Civil Engineering

Figure 1. Data Acquisition and Preprocessing Workflow

Figure 1 illustrates the data acquisition and preprocessing workflow. After cropping, the images were further
processed to ensure optimal visual quality. The preprocessing steps included resizing the images to 256x256 pixels to
ensure consistent input size for the deep learning model, normalizing the pixel values to a range of 0-1 according to
Equation (1), and applying median filtering for noise reduction to minimize interference in the images that could affect
the model's accuracy, as described in Equation (2). The final dataset consisted of 2,970 images, which were
systematically divided into training (70%), validation (20%), and testing (10%) subsets to ensure reliable model
evaluation. The dataset follows the COCO JSON annotation format, enabling direct compatibility with object detection
models such as Faster R-CNN.
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B. Data Augmentation Using Generative Adversarial Network (GAN)

To address the issue of limited data, data augmentation was performed using the Auxiliary Classifier GAN
(ACGAN) [22]. This GAN consists of two main components: the Generator, which produces synthetic images based
on the training data distribution, and the Discriminator, which evaluates the authenticity of the images and classifies
them (Figure 2). The Generator is trained to create synthetic images that closely resemble the original data, while the
Discriminator assesses whether the generated images are real or fake [23].

During training, parameters such as image size (256x256 pixels), batch size, number of epochs, and Adam optimizer
were configured to ensure model stability in generating new images. The output from ACGAN was additional synthetic
images for each category, which were then evaluated for quality both visually and through the Fréchet Inception
Distance (FID) calculation to ensure their similarity to the original data [24]. Each crack category was augmented with
460 synthetic images, resulting in 990 images per class and a total of 2,970 images. A visual selection process was
applied to ensure that the generated images preserved realistic texture characteristics and crack morphology consistent
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Figure 2. Data Augmentation Process Using ACGAN
C. Crack Detection Using Faster R-CNN with Attention Mechanism

The primary detection model used in this study is Faster R-CNN, a convolutional network architecture specifically
designed for object detection in images [25]. Faster R-CNN relies on two key components: the Region Proposal
Network (RPN), which generates candidate regions (bounding boxes) that are likely to contain cracks, and Rol Pooling,
which classifies each proposal and accurately maps the crack locations [26].

To improve detection precision and speed, the Faster R-CNN model was enhanced with an attention mechanism
[27]. This mechanism assigns greater weight to image areas relevant to cracks, allowing the model to focus on dominant
features during detection and reduce attention to noise or irrelevant backgrounds [19]. The attention mechanism was
formulated using Equation (3), where W represents the learnable weight matrix and f(x) denotes the extracted feature
representation. Through this mechanism, the model improves sensitivity to fine cracks that are often overlooked in
standard detection pipelines.

ResNet-50 was employed as the backbone network for feature extraction, with an additional Feature Pyramid
Network (FPN) incorporated to support multi-scale crack detection [28]. Figure 3 illustrates the overall detection
architecture. The detailed training configuration of the attention-enhanced Faster R-CNN model, including optimizer
settings, learning rate, batch size, and number of epochs, is summarized in Table 1.

A(x) = Softmax(W . f(x)) (3)
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Figure 3. Faster R-CNN Architecture with Attention Mechanism

From a computational perspective, the use of ACGAN introduces additional overhead only during the data
preparation stage, as synthetic image generation is performed offline prior to detector training. Consequently, ACGAN
does not affect inference-time complexity. The Faster R-CNN model with an attention mechanism incurs a moderate
increase in training-time computational cost due to additional feature weighting operations; however, this overhead
remains manageable given the use of a ResNet-50 backbone, a limited batch size, and a fixed input resolution. At
inference time, the proposed framework maintains practical efficiency, making it suitable for deployment scenarios
where detection accuracy is prioritized over real-time processing.

Table 1. Hyperparameter Configuration of ACGAN and Faster R-CNN

Model Hyperparameter Value
Image size 256 x 256
Optimizer Adam
ACGAN - -
Batch size as implemented
Epochs as implemented
Backbone ResNet-50
FPN Enabled
Optimizer Adam
Faster R-CNN -
Learning rate 0.001
Batch size 4
Epochs 50

D. Model Evaluation

Model evaluation was conducted to assess the performance of the crack detection model, trained using the dataset
that includes both original and synthetic images generated by ACGAN. The evaluation aimed to measure the model's
effectiveness in detecting various types of cracks on levee surfaces. The model's performance was evaluated using
several standard metrics for object detection.

Mean Average Precision (mAP)

The mAP metric is used to measure the overall accuracy of object detection. mAP is calculated at various
Intersection over Union (IoU) thresholds [29], specifically IoU = 0.50, IoU = 0.75, and IoU = 0.50:0.95. The Equation
(4) for calculating mAP.

AP—1ZN: TP, )
mATEN, TP+ FP;
i=

Average Recall (AR)

The Average Recall (AR) metric measures the model’s ability to detect most objects in an image [30]. AR is
calculated at maxDets=1, maxDets=10, and maxDets=100, representing the number of successful detections at various
maximum allowed detection limits per image. The Equation (5) for calculating AR.
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Precision, Recall, and F1-Score

These metrics are used to measure the balance between true positive and negative predictions. Precision measures
how accurately the model detects cracks, recall measures the model's ability to detect all relevant objects, while the F1-
score provides a balanced measure between precision and recall. The Equation (6) for calculating precision, Equation
(7) for calculating recall, and Equation (8) for calculating fl-score.

. . TP (6)
Precision = TP—-I-FP
TP @)
Recall = m
Precision x Recall
F1=2 (®)

x Precision + Recall
Model Accuracy
Model accuracy is calculated to provide an overall picture of the detection performance by computing the ratio of

true positive detections to the total number of detections. The Equation (8) for calculating accuracy. TP is the True
Positive count, TN is the True Negative count, FP is the False Positive count, FN is the False Negative count.

p ~ TP + TN )
Ceuracy =Tp TN+ FP+ FN

In addition to the above metrics, a classification report was also used to analyze the model's performance based on
each crack category: Severe Crack, Minor Crack, and No Crack. This evaluation aims to identify the strengths and
weaknesses of the model, particularly in detecting minor cracks and distinguishing between smaller crack categories
and areas without cracks. The results of this evaluation provide a clear picture of the effectiveness of data augmentation
using ACGAN and the application of the Faster R-CNN model in detecting cracks on levee surfaces.

Results and Discussion
A. ACGAN Augmentation Model Evaluation

In the first evaluation stage, the ACGAN model was used to generate synthetic images as part of the dataset
augmentation. These synthetic images aimed to enrich the training data variability, particularly to improve detection
performance by increasing the variation across the three crack classes (No Crack, Minor Crack, and Severe Crack).
Although the original dataset was class-balanced, augmentation was applied to enhance intra-class diversity, thereby
improving model generalization.

The quality of the synthetic images was evaluated using visual inspection and the Fréchet Inception Distance (FID)
metric. The evaluation results showed that the crack structure and patterns generated by ACGAN were similar to real
images, with some variations in crack shapes not present in the original data. This contributed to increased variability
in visual features used for training the detection model and enriched the representation of crack classes. ACGAN was
able to generate synthetic images with quality very close to the original, which helped improve the model's detection
performance, especially in recognizing various crack variations that might have been missed in the original dataset.
These results are consistent with findings in previous studies that show GAN can enrich datasets and improve detection
model performance [9], [12].

Figure 4 presents examples of synthetic Severe Crack images generated by ACGAN, demonstrating diverse crack
morphologies while maintaining consistency with real crack patterns. A visual selection step was applied to ensure that
synthetic images preserved realistic texture and crack characteristics, thereby preventing the inclusion of visually
implausible samples.
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Figure 4. Sample Synthetic Image Generated by ACGAN
B. Faster R-CNN Detection Model Performance

In the subsequent evaluation stage, the performance of the Faster R-CNN model was assessed using a combined
dataset consisting of original and ACGAN-generated images. Figure 5 summarizes the model performance across
multiple mAP and AR metrics, providing an overview of detection effectiveness at different difficulty levels. The model
achieved an mAP of approximately 0.56 at IoU =0.50 and 0.34 at IoU = 0.75, with an mAP 0f 0.32 for IoU = 0.50:0.95.
The Average Recall (AR) also showed a positive trend, with AR (maxDets = 100) approaching 0.55, indicating a strong
ability to detect most crack instances. In general, higher mAP values at lower IoU thresholds indicate robust crack
presence detection, whereas reduced performance at higher IoU thresholds suggests remaining challenges in precise
boundary localization, particularly for small cracks. These results confirm that synthetic data augmentation contributes
to improved detection performance across crack categories.

mMAP (loU=0.50:0.95)

mAP (loU=0.50)

mAP (loU=0.75)

Metric

AR (maxDets=1)

AR (maxDets=10)
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Score

Figure 5. mAP and AR Metrics of the Final Faster R-CNN Model Evaluation (Test Dataset)

Table 2 presents class-wise precision, recall, F1-score, and accuracy results. The overall classification accuracy
reached 85%, indicating stable detection performance. The Severe Crack class achieved the highest precision and recall
values (0.92 and 0.90), demonstrating reliable identification of critical damage. The No Crack class also showed
consistent performance, with an F1-score of 0.83, confirming the model’s ability to distinguish intact surface regions.
Performance for the Minor Crack class was comparatively lower (precision 0.78, recall 0.81), which can be attributed
to visual similarity between minor cracks and non-crack regions, as well as variations in lighting and surface texture.
Despite this limitation, the balanced precision—recall profile across classes indicates that the proposed model is suitable
for automated crack detection on levee and similar infrastructure surfaces.

Table 2. Faster R-CNN Detection Performance Based on Precision, Recall, F1-Score, and Accuracy
Crack Class Precision Recall F1-Score Support
Severe Crack 0.92 0.90 0.91 99
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Crack Class Precision Recall F1-Score Support

Minor Crack 0.78 0.81 0.80 99
No Crack 0.84 0.83 0.83 99
Accuracy - - 0.85 297
Macro avg 0.85 0.85 0.85 297

Weighted avg 0.85 0.85 0.85 297

C. Visualization and Confidence Threshold Analysis

The effect of confidence threshold selection on detection results was further analyzed. At a very low confidence
threshold (0.05), the model generated a large number of overlapping bounding boxes, resulting in visually congested
detections and increased noise. As shown in Figure 6, low-confidence predictions reintroduced previously missed
cracks but substantially reduced detection reliability due to excessive false positives.
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Figure 6. Detection Results at Very Low Confidence Threshold (0.05)

At a higher confidence threshold (0.65), detection outputs became significantly cleaner and more precise. Figure 7
illustrates that noise was effectively suppressed, leaving only high-confidence crack detections. This adjustment
improved precision and reduced false detections, although some low-confidence crack instances were excluded. These
results highlight the importance of confidence threshold tuning to balance precision and recall in practical deployment
scenarios.
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Figure 7. Detection Results at Logical Confidence Threshold (0.65)
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D. Discussion and Implications
Impact of ACGAN on Detection Performance Improvement

In this study, the use of ACGAN for data augmentation significantly impacted the improvement of the Faster R-
CNN detection model, especially in detecting various types of cracks on levee surfaces. Previously, the main challenge
in crack detection on infrastructure was data limitations. Although the number of images for each class (minor cracks,
severe cracks, and no cracks) was balanced, augmentation using ACGAN provided additional variability in the training
data, enhancing the model's ability to recognize more diverse patterns.

The results of this study indicate that GAN can generate synthetic images that significantly improve detection
performance on small and imbalanced datasets [12]. Furthermore, it was found that synthetic data from GAN could
enrich the variability of objects in the dataset, improving mAP and precision in detecting small objects in images with
complex variations, such as those on levee surfaces [9]. The integration of GAN with Faster R-CNN has been shown
to provide much better performance compared to conventional detection approaches that only rely on original data.

Previous studies have also reported that ACGAN improves detection performance under heterogeneous textures
and varying illumination conditions [31], [32]. In this study, the combined use of ACGAN and Faster R-CNN mitigated
common failures in detecting small objects, such as minor cracks. However, residual performance gaps for minor cracks
indicate the need for further optimization, potentially through richer augmentation strategies such as VAE-GAN or
StyleGAN [33], [34].

Integration of ACGAN and Faster R-CNN in Crack Detection

The Faster R-CNN model demonstrated high effectiveness in detecting large crack objects, achieving a precision of
0.92 for severe cracks. Nonetheless, detecting fine cracks remains challenging due to subtle visual cues and complex
surface textures. These findings align with prior work indicating that standard object detectors require additional
architectural or parameter-level optimization to improve small-object detection performance [35], [36]. Adjusting the
IoU threshold represents one potential approach to improving sensitivity for minor cracks. In this study, optimal
performance was observed at IoU = 0.50, while performance decreased at IoU = 0.75, underscoring the trade-off
between localization precision and detection sensitivity [37].

Implications for Early Detection System Development

Opverall, the integration of ACGAN and Faster R-CNN produced robust and reliable crack detection performance,
supporting its applicability as an early damage detection system. The proposed framework is not limited to levee
infrastructure and can be extended to other structures such as bridges and retaining walls. By enabling earlier detection
of critical damage, this approach supports preventive maintenance strategies that enhance infrastructure reliability and
sustainability. Future extensions may incorporate additional high-resolution data sources to further improve model
generalization under diverse field conditions.

Conclusion

This study successfully developed a crack detection system for levee surfaces using an approach based on ACGAN
for data augmentation and Faster R-CNN enhanced with an attention mechanism. The evaluation results indicate that
the combination of ACGAN and Faster R-CNN improves detection performance across varied image conditions and
crack types. The use of ACGAN to generate synthetic images enhanced training data variability, contributing to
improved mAP and recall and more stable detection of small objects, including minor cracks. The Faster R-CNN
model trained with the combined dataset (original and synthetic images) demonstrated strong performance in detecting
severe cracks, achieving high precision and recall (0.92 and 0.90). Nevertheless, detecting finer cracks remains
challenging, indicating the need for further optimization. The confidence threshold was shown to significantly
influence detection quality, where a higher threshold (0.65) effectively reduced noise and improved precision.
Although the proposed framework shows promising results, performance gaps at higher IoU thresholds and for minor
crack detection highlight existing limitations. Future improvements may be achieved through richer data variation,
such as integrating alternative generative models (e.g., VAE-GAN or StyleGAN) and incorporating higher-resolution
UAYV imagery. Overall, this study contributes to the fields of computer vision and deep learning by demonstrating the
effectiveness of combining GAN-based data augmentation and attention-enhanced object detection for automated
structural health monitoring (SHM), with potential applicability to other infrastructure systems beyond levees.
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