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Featured Application

This study provides an underwater image enhancement method, which effectively improves the
detection performance of crack recognition algorithm under complex flow field and low illumination
underwater conditions, and provides a new solution for concrete crack detection algorithm on dam
surface under deep water conditions.

Abstract

Underwater crack detection in dam structures is of significant engineering importance and scientific
value for ensuring the structural safety, assessing operational conditions, and preventing potential
disasters. Traditional crack detection methods face various limitations when applied in underwater
environments, particularly in high dam underwater environments where image quality is influenced
by factors such as water flow disturbances, light diffraction effects, and low contrast, making it
difficult for conventional methods to accurately extract crack features. This paper proposes a dual-
stage underwater crack detection method based on Cycle-GAN and YOLOV1], called Edge Enhanced
Underwater CrackNet (E2UCN), to overcome the limitations of existing image enhancement methods
in retaining crack details and improving detection accuracy. First, underwater concrete crack images
were collected using an underwater remotely operated vehicle (ROV), simulating various complex
underwater environments to construct a test dataset. Then, an improved Cycle-GAN image style
transfer method was used to enhance the underwater images, emphasizing crack edges and high-
frequency details, avoiding the issues of blurred crack edges and detail loss in existing underwater
image enhancement methods. Subsequently, the YOLOv11 model was employed to perform object
detection on the enhanced underwater crack images, effectively extracting crack features and
achieving high-precision crack detection. Experimental results show that the proposed method
significantly outperforms traditional methods in terms of crack detection accuracy, edge clarity, and
adaptability to complex backgrounds, effectively improving underwater crack detection accuracy
and providing a feasible technological solution for intelligent inspection of high dam underwater
cracks.

Keywords: dam safty; small object detection; underwater crack detection

1. Introduction

Cracks are one of the most common structural defects in underwater engineering facilities
during long-term operation. They can lead to reduced structural strength, water leakage, and even
catastrophic consequences, posing a serious threat to engineering safety. Therefore, early detection
and precise evaluation of cracks are of critical importance for ensuring the stability of engineering
structures. Currently, China has the largest number of high dams, with 588 dams over 70 meters, 233
dams over 100 meters, and 23 dams over 200 meters. High dam safety is a major challenge for national
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water safety and public safety. Some cracks exist underwater, and mature methods for above-water
detection cannot be directly applied. However, traditional crack detection methods mainly rely on
draining reservoirs to clear interference factors for obtaining clear observations, combined with
manual inspections for underwater structural defects[1,2]. This approach is not suitable for high
dams and large reservoirs, and it consumes considerable time, economic costs, and human resources,
potentially having a negative impact on the ecological environment in certain cases. Modern
detection methods primarily rely on divers for underwater visual inspections or portable detection
equipment, with saturation diving required for high dams, which is both dangerous and costly.
Moreover, divers lack professional knowledge of hydraulic engineering, making the reliability of
detection results lower. With the advancements in ROV and underwater imaging technologies, the
possibility of intelligent inspection for underwater cracks has emerged. However, traditional image
processing methods perform poorly in complex underwater environments, and their detection
accuracy and adaptability are severely limited[3]. Therefore, research on crack defect detection
models in complex underwater environments is of great significance.

One of the core challenges in underwater crack detection tasks is the quality of underwater
images. Due to the influence of various disturbance fields in the underwater environment (such as
flow fields and hydrodynamic fields), underwater images often exhibit significant motion blur and
light diffraction effects. Additionally, the absorption and scattering of light in water result in reduced
image contrast, color distortion, and detail blurring, which severely affects the performance of crack
detection models[4]. Therefore, underwater image enhancement techniques have become a
fundamental research direction for improving the accuracy of underwater crack detection.
Traditional underwater image data enhancement algorithms, such as histogram equalization[5] and
homomorphic filtering[6], are relatively simple, with poor robustness, making them unsuitable for
image enhancement tasks in high-dam underwater multi-field disturbance environments. In recent
years, with the rapid development of machine learning[7] and deep learning technologies[8], neural
network-based image enhancement methods have made significant progress in the field of image
processing. For example, Wang Yue et al.[9] proposed a multi-scale attention and contrast learning-
based underwater image enhancement algorithm, which effectively extracted multi-level image
features by combining an encoder-decoder structure with multi-scale channel-pixel attention
modules. The improvement in PSNR and SSIM metrics was 4.4% and 2.8%, respectively, significantly
improving image clarity. Additionally, Du Feiyu et al.[10] proposed a domain-adaptive underwater
image enhancement method, combining convolutional neural networks with a multi-head attention
mechanism and adversarial learning to achieve image enhancement under unsupervised conditions.
Although these methods have achieved good results in restoring visual quality, they focus more on
enhancing the overall visual effect of the image rather than preserving and enhancing crack details,
such as crack boundaries, which may lead to blurred crack edges or feature loss, thereby affecting
subsequent crack detection accuracy. Furthermore, existing underwater image enhancement models
require paired images for training[11,12], but paired underwater crack images are difficult to obtain
due to the use of ROVs for image collection, making it challenging to create paired image datasets for
model training.

In the field of underwater crack detection, traditional crack detection methods, such as Markov
random fields[13] and Sobel operators[14], rely on edge detection algorithms in image processing
techniques. Although these methods perform well in simple scenarios, they are highly sensitive to
noise and are easily affected by background interference and optical artifacts in complex underwater
environments, making it difficult to effectively extract crack features. In recent years, with the
continuous development of object detection technologies, deep learning-based models have achieved
significant progress in underwater crack detection. For instance, Shi et al. proposed a method called
CrackYOLOJ15], based on the YOLOv5 model, which introduces a feature fusion module, Res2C3
feature extraction module, and BCAtt attention mechanism, significantly improving crack detection
performance. It achieved 94.3% mAP and 151 FPS detection speed in underwater crack detection
tasks. Moreover, Mao Yingchi et al[16]. proposed a multi-task enhanced crack image detection
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method (ME-Faster R-CNN) based on Faster R-CNN, which improved the regional proposal network
(RPN) and introduced a multi-source adaptive balancing TrAdaBoost method, effectively improving
the detection capability for multi-target and small-target cracks. In experiments, it achieved 82.52%
average intersection over union (IoU) and 80.02% average precision (mAP), improving by 1.06% and
1.56% respectively compared to traditional Faster R-CNN methods. Additionally, Huang et al[17].
tackled the inherent limitations of redundant architectural components and deficient multi-scale
feature extraction in the canonical YOLOV5 framework by introducing an enhanced model that
synergistically integrates attention mechanisms with the Complete-IoU (CloU) loss[19], thereby
substantially elevating real-time detection accuracy. Concurrently, the refined YOLOv8-derived
architecture exhibits markedly superior robustness and detection fidelity when confronted with the
severe visual degradations characteristic of the underwater domain, thereby advancing the state-of-
the-art in marine object detection[20]. These research outcomes show that deep learning-based object
detection methods can effectively handle complex underwater crack detection tasks and achieve a
good balance between detection speed and accuracy. In summary, deep learning-based object
detection models have performed well in crack detection tasks in various fields. However, due to the
lack of underwater crack data, research on dam underwater crack detection based on object detection
algorithms is relatively limited[18].

To address the deficiencies in existing research on underwater image enhancement and crack
detection, this paper proposes a dual-stage underwater crack detection method based on Cycle-
GAN]J21] and YOLOvV11[22], called Edge Enhanced Underwater CrackNet (E2UCN), to solve the issue
of insufficient attention to crack feature details in complex underwater environments and achieve
high-precision crack detection. First, during the underwater crack image collection process, we used
the P200 underwater remotely operated vehicle (ROV) to capture artificial crack images in an
underwater concrete tank, simulating various complex underwater scenarios, including flow field
disturbances, optical diffraction, and low contrast environments to simulate the real environment of
high dams. Next, in the image enhancement stage, we designed a Cycle-GAN-based underwater
image style transfer method, named the CycleGAN-Based Underwater Image Enhancement Model
(CGBUIE), to improve underwater image quality and highlight crack detail features. Unlike
traditional Cycle-GAN, CGBUIE introduces Sobel operators[23] and high-frequency
transformations[24,25] in the loss function to constrain the edge information and high-frequency
detail retention in the generated image, preventing crack edges from becoming blurred or details
from being lost. The Sobel operator extracts prominent edge information from the image, while high-
frequency transformations enhance crack texture features, enabling the enhanced image to achieve
both visual style transfer to an above-water environment and crack boundary and detail retention at
the feature level[26-28]. Finally, in the crack detection stage, we first trained the YOLOv11 model on
the above-water concrete crack dataset to learn key crack features and prominent edge features, then
applied the trained model to the enhanced underwater crack images generated by CGBUIE for
accurate underwater crack detection. During the detection process, YOLOv11, with its optimized
network architecture and multi-scale feature extraction capability, is able to better capture the subtle
features and irregular edges of cracks, especially in cases where cracks are small and complex in
shape[29]. The enhanced underwater crack images not only significantly improved the visibility of
cracks but also provided high-quality input for the model, enabling fast and accurate crack
localization and classification in complex underwater environments. Experimental results show that
the proposed method performs well in terms of crack edge clarity, object localization accuracy, and
adaptability to complex backgrounds.

2. Proposed Method

The E2UCN framework, the CGBUIE model, and the YOLOv11 model used in this study will be
described in detail in this section. Specifically, the E2UCN model is shown in Figure 1.
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Figure 1. The architecture of the proposed model, (a) structural diagram of E2UCN; (b) structural diagram of

CGBUIE.

2.1. CycleGAN Based Underwater Image Enhancement Model

Based on the style transfer functionality of CycleGAN, this paper combines Sobel operators and
high-frequency filtering to perform style transfer between underwater crack images and above-water
crack images, aiming to enhance the images. The core idea of CycleGAN is to map between different
domains through unsupervised learning without paired training data. This enables its widespread
application in underwater crack detection, especially when large annotated datasets are unavailable.
CycleGAN achieves this goal by introducing two generators and two discriminators. The generator
is used to generate images similar to the target style, while the discriminator judges the difference
between the generated image and the real image, thereby guiding the generator to optimize its
generation effect.

The standard CycleGAN model consists of two generators and two discriminators. Generator

. - . G
* maps source domain images to target domain images. Meanwhile, generator ~” maps target

domain images back to the source domain. Discriminators D, and D, are used to distinguish
generated images from real images, thus guiding the generator to optimize its style transfer effect.
The goal of CycleGAN is to minimize the difference between generated images and real images while
ensuring that the generated image can restore the original image after being mapped back. This
process is achieved by introducing cyclic consistency loss based on the adversarial loss of the original
GAN network.

Adversarial loss is used to train the generator to produce realistic images, forcing the generated

images to "fool" the discriminator. For generator ~ *, the goal is to minimize the following loss
function:

L (Gx’ D.v X y) = E{y~ﬂm(y)} [IOgDY (y)] + E{—*NPMU(«V)} |:10g (1 - D»" (G’ (x))):| ’ (1)

. . G.(x) . .
Where » and 7 are real images from the source and target domains, and (%) is the image

G. and P is the discriminator.

generated by generator
Moreover, to ensure that the generated image can still restore the original image after being
mapped back, CycleGAN introduces cyclic consistency loss. For generators G_x and G_y, their goals

are defined as:

Loy (G D, v) = TR [G.(G, (x)=x ]+ Bt} (6.6, (»)-»]. (2)
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This loss uses the L1 norm to measure the difference between the generated image and the
original image, forcing the generated image to maintain the structural features of the source image.
Therefore, the total loss function of the original CycleGAN is:

LCyc]eGAN = Loy (Gx’Dy’x’y)+ Ly (Gy’Dx’y’x) + /lcycleLCycle (Gx’Dy’x’y)ﬂ (3)

Where ﬂcyd‘f is the weight balancing adversarial loss and cyclic consistency loss.

However, experiments showed that the style transfer images generated by the original
CycleGAN, focusing mainly on style transfer (e.g., color, contrast of the above-water images), fail to
retain the edge information and texture details of the image. To enhance the edge details of the style-
transferred images, this paper designs the EZUCN model.

Specifically, based on the original CycleGAN, Sobel operators are introduced and constructed
into Sobel loss. The Sobel operator extracts edge information from the image by computing the
gradients and is effective in retaining the image's edge features. The basic principle of the Sobel
operator is applied here and further improved to construct Sobel loss. First, the Sobel operator is
applied to compute the gradients of the input image, obtaining the gradients in the horizontal *

and vertical Y directions. Specifically, the Sobel operator used in this paper is:

-1 0 1 -1 -2 -1
Sobel =\ -2 0 2|,Sobel,=| 0 0 0|, 4)
-1 0 1 1 2 1

Where S°%¢l and %°%¢. are the convolution kernels of the Sobel filter in the » and Y
directions, respectively. The gradients calculated by the two operators can be represented as:

2 2

Vx,y(i,j)=ZZI(i+m,j+n)-S0belx’y(m,n), (5)

m=0n=0

Where i and -/ represent the pixel positions in the image, and V() and V¥0) represent
the gradients in the x and y directions, respectively. Then, the gradient magnitude of the image is
calculated to represent the edge information of the restored image. The specific formula is as follows:

V(i) =V, (L) +V, (1)) +e, ©)

Where € is a small constant to avoid numerical instability when the gradient is zero.

The Sobel loss proposed in this paper measures the gradient magnitude difference between the
generated image and the real image using the L1 norm, comparing the edge differences in both the x
and y directions between the generated image and the original image to simulate the edge
enhancement effect of the Sobel operator. The specific formula is as follows:

Ly = Ex~f:ma(x) I:VGx (x)—Vx, :I ) @)

N

Where G, (x) is the generated image, x is the real image, and VG, (x) and V¥ are the
gradients of the generated image and the real image, respectively.

By constructing Sobel loss, CycleGAN is forced to preserve the edge information of the real
image during the image generation process, better retaining the crack edge features in the image and
improving the accuracy of subsequent object detection tasks. However, while the generated image
with Sobel loss retains the edge features of the cracks, there is still a significant amount of blurring
and loss of the internal texture information of the cracks. Therefore, to further enhance the texture
information in the image, and enable the subsequent object detection model to recognize and extract
cracks from the image, this paper constructs a high-frequency loss function. Specifically, high-
frequency information corresponds to the detailed parts of the image, such as textures and edges. By
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using Fourier transform and other high-frequency transformations, the image can be converted from
the spatial domain to the frequency domain, allowing for better extraction and retention of high-
frequency information. Based on this, in the CGBUIE model, a high-frequency loss function is used
to compare the high-frequency information between the real image and the generated image,
achieving the goal of preserving and enhancing the texture information.

X and the generated image G, are first transformed from

Specifically, the original image
the spatial domain to the frequency domain using the fast Fourier transform. Assuming the discrete

image signal is €2, the specific formula is as follows:

—127rhwn

F(Q(h,w))zNZlQ[n]e D 8)

Where N is the signal length, 7 is the time index, and ks the frequency index. After
applying fast Fourier transform, the original image and the generated image are represented as

Frear () and F e (h:w) , respectively. High-frequency components are extracted by applying

a high-frequency filter to remove low-frequency parts of the frequency domain signal, and the
absolute value is taken to retain the magnitude of the high-frequency components, i.e., the texture
details in the original image. The specific rule is as follows:

H(h,w): ‘f(Q(h,W))

0 ,otherwise

,if 'h < cutoff orw < cutoff .

Where 7 and W represent the height and width in the frequency domain, ie. the

dimensions of the frequency domain, and cutoff is a manually set threshold for determining the
high-frequency filtering threshold. Finally, the L1 norm loss is calculated between the original image
and the generated image based on the magnitude of the high-frequency components to further
enhance the texture details of the generated image. The formula is as follows:

Ly =B, _, [HG, (x)-H(x) ] (10)

Therefore, the overall loss function of the EZUCN model proposed in this paper, called Sobel-
Frequency Hybrid Loss (SFHLoss), can be expressed as:

SFHLoss = Ly, (Gx,Dy,x, y) + L,y (Gy,Dx, y,x) +L (Gx,Dy,x, y) + L+ Ly (11)

By adding Sobel loss and high-frequency loss, the edge and texture details of the image are
effectively preserved, which helps the subsequent object detection model accurately extract the crack
locations.

2.2. YOLOv11 Model

After image enhancement, images with enhanced texture details were obtained. Subsequently,
this study uses the YOLOv11 model for automatic underwater crack detection. YOLOv11, based on
the previous generations of the YOLO model, significantly improves detection accuracy and speed
through various innovations and optimizations, demonstrating excellent performance, especially in
the detection of fine targets such as cracks. The specific model architecture is shown in Figure 2.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Figure 2. The architecture of YOLOvV11.

The core structure of YOLOv11 includes the C3k2 module, SPPF module, C2PSA module, and a
lightweight design. These innovations enable YOLOv11 to efficiently process the enhanced
underwater crack images and achieve accurate crack localization and classification.

First, the C3k2 module in YOLOv11 adopts an improved CSP (Cross Stage Partial) structure,
which optimizes the feature extraction process by using smaller convolution kernels (e.g., 3%3
kernels). The C3k2 module splits the input feature map into two parts, performs convolution on each
part, and then merges them. This design effectively reduces the number of parameters while
maintaining feature extraction capabilities. Next, the SPPF (Spatial Pyramid Pooling - Fast) module
is another key component of YOLOv11. The SPPF module quickly merges feature maps of different
scales through multi-scale pooling. This module significantly enhances the network's ability to detect
targets of different sizes, especially when scale differences are common in crack images. By
aggregating global features, the SPPF module improves the model's detection accuracy. The SPPF
generates multi-level feature maps through pooling operations at different scales, ultimately merging
these feature maps into a global feature representation, thus enhancing the network's sensitivity to
multi-scale information in crack images.

Furthermore, the Convolutional block with Parallel Spatial Attention (C2PSA) module
introduced by YOLOv11 further optimizes the extraction of spatial features. The C2PSA module uses
parallel spatial attention mechanisms to focus on key areas in the image (such as the edges of cracks
or the cracks themselves), effectively improving the model's recognition ability in complex
backgrounds. The C2PSA module combines both channel attention and spatial attention
mechanisms, and through multi-head attention, it further enhances the feature expression
capabilities, allowing YOLOV11 to more accurately localize cracks.

In terms of model lightweight design, YOLOv11 introduces the MobileViT backbone network
and depthwise separable convolutions (DWConv), significantly reducing the computational load and
the number of parameters while maintaining high accuracy. MobileViT combines the advantages of
convolutional neural networks (CNN) and Transformers, enabling efficient information encoding
and fusion, allowing it to capture complex features in crack images while maintaining a low
computational overhead. This design makes YOLOv11 suitable for resource-constrained devices such
as embedded systems and drones, meeting the demand for crack detection on edge devices.

The loss function of YOLOvV11 consists of three main components: classification loss (LCIS ),

L
bounding box regression loss (L’"”‘ ), and distribution focal loss ("~ “"). Among them, Lo mainly
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optimizes the prediction of object categories, "> is used to optimize the prediction of object

locations, and Lin optimizes the confidence of the bounding boxes.

Through this multi-task loss function optimization strategy, YOLOv11 can effectively balance
accuracy and speed in crack detection tasks, particularly showing high accuracy and robustness in
detecting small cracks in complex backgrounds.

3. Experimental Analysis

In this section, the data collection process and experimental setup are first introduced. A series
of experiments, including quantitative comparisons of image enhancement and crack detection
metrics, detection result images, and ablation studies, are used to validate the effectiveness of the
proposed E2UCN.

3.1. Data Collection and Experimental Setup

The underwater image dataset used in this study was collected from the physical model pool at
the Tangtu Experimental Base of the Nanjing Hydraulic Research Institute. The test pool dimensions

are 11.0mx5.9mx4.2m (lengthxwidthXdepth), with a depth of 3.4m below the ground surface

and a surrounding wall height of 0.8m, reinforced with carbon fiber fabric on the pool's sidewalls.
The pool contains an underwater tunnel and a dam test scenario, with concrete of grade C30. The
underwater tunnel dimensions are 6mx4mx3.3m ( lengthxwidthxheight ), with typical

defects set inside. The tunnel is 3.0m wide and 2.08m high, providing sufficient space for robotic
operations, as shown in Figure 3.

During the data collection process, the mini underwater robot P200 "Qianjiao" was used to
capture underwater optical images. The original video data were processed into eight typical images
with asize of 256X256 pixels, simulating various lighting and visual conditions, including normal
light, low contrast, light scattering, and non-uniform lighting, as shown in Figure 4.(a)

L WY

Figure 3. Schematic diagram of the construction layout of the test platform and the cracked wall.

The dataset used for training YOLOv11 was the Roboflow crack dataset, which was collected by
researchers working on transportation and public safety. The dataset contains 4029 different static
images of cracks, divided into training, testing, and validation sets, each with corresponding labels.
The experiments were conducted on a high-performance personal computer equipped with an
NVIDIA RTX 3080ti 12GB GPU and an AMDS5800X CPU. All models were constructed and tested
using PyTorch version 1.10.0. During network training, the high-frequency filtering parameter

cutoﬁ was set to 10.
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(a)

(b)

(0

(@)

(e)

Figure 4. Image enhancement results, where (a) is the original image, (b) is the image generated using the original
CycleGAN model, (c) is the image generated after using SobelLoss, (d) is the image using high frequency loss,

and (e) is the image using SobelLoss and high frequency loss.

3.2. Experimental Results and Analysis

To validate the effectiveness of the CGBUIE model, several ablation experiments were designed
in this section[30-33]. First, the original CycleGAN was used for style transfer of underwater images.
Then, Sobel operators and high-frequency loss were added, followed by subjective evaluation of the
result images compared to the designed CGBUIE. The enhanced results from different models are
shown in Figure 4. The images were then input into the trained YOLOv11 model for detection. During
the evaluation process, precision, recall, mAP (mean average precision), F1-score, and other metrics
were recorded for each case to comprehensively evaluate the performance differences of YOLOv11
with different input images. Visual comparisons were also made between the original and enhanced
images in terms of crack detection, analyzing the enhancement method's effect on detection accuracy
and feature recognition. The specific methods and corresponding experimental results are shown in
the table below.

The Table 1 shows the models used for target detection, where the checked boxes represent the
models used in this experiment. Specifically, the first row, with no checked boxes, represents the use
of the original underwater crack images in this case. From the experimental results, it can be seen that
the image enhancement methods significantly affect the performance of YOLOv11 in underwater
crack detection. Firstly, Sobel operators primarily enhance the edge information of the image, which
helps YOLOv11 achieve better detection results in crack edge localization. Although Sobel operators
improve edge clarity, they may lose some texture and detail information when enhancing the edges,
leading to relatively poor performance in complex textured regions. Therefore, although recall is very
high, the mAP50-95 shows a certain decline, reflecting the model's performance in broader detection
areas, which may be affected, thus reducing overall detection performance.

Table 1. Ablation Experiment Module Design and Evaluation Metrics.

Detection Evaluation Indicators

CycleGAN SobelLoss HFLoss
Precision Recall  F1-Scorw  mAP50 mAP50-95
0.93 0.875 0.902 0.876 0.565
\/ 0.994 1 0.930 0.982 0.624
J \/ 0.869 1 0.996 0.991 0.548
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0 v 0.993 1 0.997 0.993 0.72
v v v 1 1 0.999 0.995 0.732

High-frequency loss, on the other hand, focuses on enhancing details and high-frequency
information in the image, especially the finer parts of cracks. Compared with Sobel operators, the
high-frequency loss image enhancement method is better at preserving the fine texture information
of cracks, thus improving detection precision and recall. However, high-frequency enhanced images
may also introduce some noise, especially in more complex backgrounds, leading to minor errors in
the detection boxes. Nevertheless, the improvements in the F1 score and mAP50 indicate that high-
frequency loss has a significant effect on detail restoration.

When Sobel operators and high-frequency loss are combined, their advantages complement
each other. The image not only enhances edge information but also retains details and textures. This
combination effectively improves YOLOv11's overall performance in crack detection, with precision,
recall, and F1-scores [16,17] reaching near-perfect levels. By combining both enhancement methods,
the image's details and edges are maximized, allowing YOLOV11 to achieve the best results in crack
detection tasks, especially in small cracks and complex backgrounds, where detection accuracy is
significantly improved.

Overall, the goal of image enhancement is to improve detection performance by enhancing edge
clarity and restoring details, but the effects of different enhancement methods complement each
other. Sobel operators effectively enhance edges but may lose details, while high-frequency loss
restores details but may introduce noise. Therefore, using both methods together maximizes the
retention of crack feature information in the enhanced underwater images.

In addition, the changes in the loss function and performance metrics during YOLOv11 training
are shown in Figure 5. The detection results after applying different enhancement models are shown

in Figure 6.
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Figure 5. Loss function curve and performance index variation curve after training yolov11l on crack-seg

dataset.
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Figure 6. Target detection results, where (a) ground truth (b) the original image detection results, (c) images
generated by the original CycleGAN model detection results, (d) images generated by SobelLoss detection
results, (e) images generated by high frequency loss detection results, and (f) the images generated by SobelLoss

and high frequency loss detection results.

From the detection result images, it can be observed that YOLOv11 exhibits some deficiencies in
the original images (Figure 5 (b)), especially when the crack details are blurry or the background is
complex. In these cases, the detection confidence is generally lower, and crack localization accuracy
is affected. Specifically, the original image, due to its blurry details and low contrast, poses challenges
for YOLOV11 in accurately detecting cracks.

With the application of the original CycleGAN model for style transfer (Figure 5 (c)), the
detection results of YOLOv11 showed significant improvement. CycleGAN enhanced the overall
image clarity, particularly improving the representation of edges and textures, which effectively
increased the model's crack localization accuracy. The enhanced image's improvements in details and
contrast allowed YOLOV11 to more accurately identify cracks, with a significant increase in detection
confidence, reflecting the positive impact of image enhancement on detection results.

After further introducing SobelLoss (Figure 5 (d)), YOLOv11's crack detection performance
improved further. The Sobel operator enhanced the image's edge details, significantly improving the
clarity of the crack contours, and the model's precision in crack localization was improved. However,
despite the positive effect of Sobel on edge enhancement, its ability to preserve image texture
information is relatively weak, which may lead to the loss of details in small cracks, affecting
detection accuracy. Some false positives and missed detections were still observed, suggesting that,
while edge enhancement is beneficial, detail restoration remains a challenge for the model.

When high-frequency loss is applied for image enhancement (Figure 6 (e)), the fine details and
subtle features of the cracks are more effectively restored. The introduction of high-frequency loss,
focusing on the high-frequency components of the image, helps restore the fine features of the cracks,
improving YOLOv11's ability to recognize small cracks. The enhanced image made crack detection
more precise, and confidence increased, especially in low contrast and complex backgrounds, where
the model demonstrated stronger robustness. However, excessive high-frequency enhancement
could introduce background noise, causing instability in some areas of the detection results,
highlighting the sensitivity of the enhancement method to background interference.
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Finally, the combination of SobelLoss and high-frequency loss (Figure 6 (f)) demonstrated the
best crack detection performance. This combination not only strengthened the edge details of the
image but also effectively restored more texture information, making crack localization more precise,
and the image details richer. YOLOv11 performed at its best with these enhanced images, with overall
detection precision and recall significantly improved. By integrating both edge enhancement and
detail restoration, the model's adaptability to complex environments was significantly improved, and
detection confidence was generally higher, further validating the superiority of combining SobelLoss
and high-frequency loss in enhancing image detail restoration and model robustness.

4. Conclusion

This paper combines the advantages of image style transfer, detail restoration, and edge
enhancement, fully leveraging the complementary effects of Sobel operators and high-frequency
filtering. A CycleGAN-based underwater image enhancement method (CGBUIE) was proposed,
which effectively improves the edge and detail information of the generated images by introducing
Sobel operators and high-frequency filtering as loss functions. Specifically, by training underwater
crack images and above-water crack images, the style transfer of underwater images to above-water
image styles was achieved, enhancing image visibility and detail expression while improving the
robustness of the crack detection model. On this basis, YOLOv11 was used to train on the Crack-Seg
dataset, constructing a detection model capable of effectively recognizing cracks. Experimental
results show that the enhanced underwater crack images significantly improved YOLOv1l's
detection performance under complex backgrounds and low contrast conditions, with detection
confidence and accuracy significantly increased. Future research can further optimize image
enhancement strategies and combine other advanced deep learning techniques to improve the
model's performance in more complex environments, achieving a more lightweight and accurate
underwater crack detection model.
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