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Abstract. Crack detection of concrete bridges is vital to preventing transportation accidents and safeguarding
people’s lives. Manual detection method is time-consuming and labor-intensive, and has low detection
accuracy. However, crack detection of concrete bridges based on traditional machine vision faces the
problems of poor localization accuracy and inability to segment accurately. In response to the above issues,
this paper proposes a novel computer vision model for bridge cracks detection, namely YOLOv8n-seg-GCW.
The developed model adopts you only look once version 8 segmentation architecture, which is cited as one
of the most advanced convolutional neural networks structures for multi-scale object detection. Moreover,
the lightweight deep learning network GhostNet is adopted to lightweight the model’s architecture, thereby
improving the efficiency of bridge crack detection. The coordinate attention mechanism (CA) and the wise
intersection over union (IoU) loss function are integrated into the improved YOLOv8n-seg-GCW. It enhance
the model’s ability to characterize and extract bridge crack features. The verification results show that the
proposed model has better real-time performance and higher accuracy in image detection of bridge crack
compared with other models. This model can provide technical support for the rapid and accurate crack
detection of concrete bridges.
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1 Introduction

As a key node in the transportation network, concrete bridges carry the traffic tasks of vehicles and pedestrians.
The safety and stability of bridge structure are directly related to the smooth traffic and public safety. However,
the bridge structure will gradually appear a variety of damage under the dual action of natural environment (such
as wind and rain erosion, temperature change) and traffic load (such as vehicle traffic, heavy transportation).
Crack is the most common damage form of bridge structure. Crack not only affect the aesthetic of concrete
bridges, but pose a direct threat to structural safety, which may lead to the decrease of concrete bridges bearing
capacity and even cause serious safety accident [1]. Therefore, timely and accurate crack detection of concrete
bridges plays a vital role in preventing disaster and prolonging the service life [2].

Historically, bridge crack detection methods rely on manual visual inspection, which typically involves
two approaches: personnel lifting for aerial work and truss-type bridge inspection vehicles carrying baskets.
However, this visual inspection method is time-consuming and labor-intensive. Moreover, it heavily depends
on the experience and subjective judgment of practitioners, leading to significant variability in the assessment
of bridge defect severity among different inspectors. With the progress of science and technology, especially the
rapid development of machine vision technology, a new solution for bridge crack detection is provided. Through
image acquisition and processing, machine vision technology can realize automatic detection of bridge crack,
and significantly improve the detection efficiency and accuracy [3]. The image processing can accurately identify
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the bridge crack and determine its location. Traditional image processing methods include histogram averaging,
image filtering and denoising, threshold segmentation, edge detection, feature extraction and so on [4].

Traditional bridge crack detection methods have achieved automated non-destructive testing (NDT) to
a certain extent, yet they suffer from several limitations, including poor detection accuracy, low detection
efficiency, and inadequate performance in identifying the number and types of cracks. Over the past few years,
deep learning models have achieved remarkable success in the field of computer vision. Although deep learning
was invented decades ago, it gained widespread popularity following the introduction of graphics processing
units (GPUs) in 2009. Owing to their parallel training capability, deep learning-based image processing
techniques have significantly improved processing speed in tasks such as image classification and object
recognition, compared with traditional image processing methods [5]. Therefore, to address the limitations of
traditional image processing methods in bridge crack detection, this study aims to propose a novel deep learning
model to enhance the accuracy and efficiency of bridge crack detection. The research objectives and steps to be
undertaken are as follows:

(1) For the influence of environmental background on the detection effect of bridge crack, a novel YOLOv8n-
seg model is used to simultaneously realize the detection and segmentation of bridge crack image to improve the
accuracy of bridge crack detection.

(2) The GhostNet network is used for the lightweight design of the YOLOv8n-seg model, which reducing
redundant computational information and computational cost.

(3) The Coordinate Attention (CA) mechanism module is integrated into output of the neck network for the
YOLOv8n-seg model. By capturing the correlation of features between bridge cracks in different dimensions, the
feature representation of the model is improved and the influence of background interferences is reduced.

(4) The original CIOU loss function of the model is replaced to the Wise-IoU loss function. Higher quality
bounding boxes are focused to speed up model convergence and improve model detection accuracy.

2 Related Work

According to their different principle, deep learning-based bridge crack detection methods can be categorized
into two types, namely one-stage and two-stage deep learning models. The former category includes you only
look once (YOLO), single shot multibox detector (SSD), CenterNet, and RetinaNet, while the latter category
comprises feature pyramid networks (FPN), region-based convolutional neural networks (R-CNN), mask
R-CNN, fast R-CNN, and faster R-CNN. In general, one-stage deep learning models exhibit faster computational
speed but relatively lower detection accuracy. Two-stage deep learning models perform both localization and
classification tasks simultaneously [6]. Recent years in research on bridge crack detection, the implementation
and comparison of two types of deep learning models have been widely reported.

The YOLOvV4 model has been applied to the crack detection of concrete Bridges. Z.-W. Yu et al [7]. proposed
a deep learning model named YOLOv4-FPM in order to realize the real-time detection of bridge crack by
unmanned aerial vehicles (UAVs). The mean average precision (mAP) of YOLOv4-FPM is 97.6%, which is
0.064 higher than that of YOLOv4. Additionally, the size and parameters of the model are reduced by 18.2%.
W.-B. Jiang et al [8]. first used YOLOv4 to filter out the images without cracks and generate rough region
suggestions. In the second stage, an HDCB-Net network was proposed for detecting pixel-level cracks in rough
area proposals to achieve fine damage analysis. Compared with YOLOv4, YOLOvVS has a stronger model
generalization ability. Through the upgrade of the spatial pyramid pooling fast (SPPF) module of the network
structure, as well as the optimization and adjustment of the model, the YOLOv5 model can achieve real-time
object detection on a wider range of devices [9]. Therefore, the YOLOvVS5 model has been used to achieve rapid
detection of crack boundaries in concrete Bridges [10]. By redesigning the deep convolutional generative
adversarial network (DCGAN) and generating synthetic examples from the collected crack images to expand
the concrete crack image dataset, the detection speed of bridge crack by YOLOvVS5s can be effectively improved
[11, 12]. The environmental background has an influence on the accurate detection of cracks in concrete bridges.
Integrating the attention mechanism module, as well as constructing a consistent bridge crack dataset covering
different lighting conditions and humidity environments can effectively improve the detection accuracy of the
YOLOVS model [13].

With deeply research of bridge crack detection, it is not only important to ensure the high accuracy and high
efficiency of crack detection, but to improve the adaptability of the model to edge detection equipment. J. Zhang
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et al [14]. proposed an improved CR-YOLO model, which can identify cracks and their approximate locations
from multi-object images. The improved PSPNet model is adopted to separate the bridge crack from the non-
crack areas to avoid the visual interference of the detection model. Through this combination of detection and
segmentation, the model size (MS) and frames per second (FPS) can be controlled, and the execution time of
the model on the edge detection device can be optimized. Moreover, an end-to-end deep super-resolution crack
network (SrcNet) has been proposed to improve the automatic crack detection capability based on computer
vision [15]. The crack detection capability of the proposed SrcNet is improved by 24%, which has a good
implementation effect in the deployment and application in climbing robots and unmanned aerial vehicles. In
order to effectively reduce the influence of the environmental background on the detection speed of bridge crack,
some data processing model have been applied to the extraction of cracks and noise. For example, the naive
bayes data fusion (NB-FCN) model [16, 17], the bilateral-Frangi filtering model [18], and the K-means clustering
method (GKA) model based on genetic model [19]. Typically, these data processing models can first eliminate
the noise in the crack images and suppress the features that are irrelevant to the detection of bridge crack. Then
a dataset with clear edges and prominent crack features are provided for the deep learning model, enabling the
bridge crack to be accurately identified.

The Yolo model has been continuously iterated and updated in recent years. Similar to YOLOvVS, YOLOVS is
an iterative version of the YOLO series of real-time object detectors. It is a user-friendly and enhanced YOLO
object detection model with cutting-edge performance in terms of accuracy and speed [20]. The YOLOvV8
model adopts a more advanced network architecture. Its enhanced feature extraction network can capture the
target features more effectively. Meanwhile, the YOLOv8 model optimizes the design of the detection head and
improves the accuracy of target localization. It introduces a new loss function, which is specially optimized for
small targets [21, 22]. These advantages give YOLOVS a significant edge over YOLOVS in fine-grained target
detection tasks such as bridge crack detection. A recent study [23] has proposed an image acquisition strategy
that uses unmanned aerial vehicles (UAVs) to collect multi-angle, close-range and overlapping images of bridge
surfaces to ensure the stability and comprehensiveness of imaging. To improve the accuracy of damage detection,
this study adopted the Swin Transformer to optimize the YOLOVS network, focusing on enhancing the detection
ability for small-scale damages. Their improved YOLOV8 model performed better than SSD, YOLOVS5 and faster
R-CNN achieving precision, recall and F1-score of 97.6%, 95.4% and 97%, respectively.

Although researchers have made significant progress in developing accurate models, in the specific and highly
specialized application scenario of bridge crack detection, it still faces a series of unique and complex challenges.
As a key indicator for the safety assessment of bridge structures, cracks have various forms. Especially those tiny
and concealed bridge crack are often difficult to be accurately captured by traditional object detection models. In
addition, the complexity of the environment where the bridge is located is also a factor that cannot be ignored.
The background may contain rich texture information, such as the rough texture of the concrete surface, mottled
stains, and constantly changing lighting conditions and shadow distributions. All these may become interference
items, seriously affecting the accuracy and stability of the detection model. It is also worth noting that, although
two-stage deep learning models offer high detection accuracy, their complex structure often results in substantial
computational costs, which is unfavorable for rapid deployment on edge detection devices.

Therefore, this article proposes an improved YOLOv8n-seg model for the detecting different types of bridge
cracks against a concrete background, aiming to achieve faster and more accurate crack detection. The rest of
the paper is organized as follows: Section 2 presents the network architecture of the improved YOLOvS8n-seg
model. The detailed implementation program for bridge crack detection is presented in Section 3. In Section 4,
performance evaluation is discussed based on the experimental results. At last, Section 5 summarizes the main
contributions of this research.

3 Proposed Method

This section introduces the network architecture of the YOLOv8n-seg-GhostNet-CA-Wise-IoU model, which
is named as YOLOv8n-seg-GCW. Fig. 1 illustrates the network structure of YOLOv8n-seg-GCW model. The
location of the hybrid attention mechanism and the lightweight GhostNet network in the improved model are
detailed. The replaced Wise-IoU loss function is also clarified.
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Fig. 1. Network architecture of YOLOv8n-seg-GCW

3.1 YOLOv8n-seg-GCW Network

As a deep learning model open-sourced by Ultralytics in 2023, YOLOv8 model has the characteristics of high
real-time performance, high accuracy and multi-scale prediction. YOLOvS8-seg can support target detection
and instance segmentation tasks, which has five different sizes of n, s, m, I, and x models. To facilitate the
deployment of the model on resource-constrained devices such as mobile devices and embedded systems, this
study selected the YOLOv8n-seg model. Compared with the other four models, it has the smallest number of
parameters and the fastest detection speed. The YOLOv8n-seg model mainly consists of the backbone network,
the neck network and the head network [24]. However, cracks are fine and concealed in real concrete bridge
environment, which affecting the accurate capture of the target detection model. The rough surface of concrete,
stains and changing lighting conditions will all interfere with the detection effect. Thus, YOLOv8n-seg-GCW is
optimized on backbone and neck networks, and an appropriate loss function is adopted to improve the detection
effect of bridge defects.

3.2 Lightweight GhostNet in Backbone Network

To improve the real-time bridge crack detection and reduce the computational complexity and storage
requirements of the model, this study adopts a lightweight design strategy. The original YOLOv8n-seg model
is optimized based on the GhostNet network. GhostNet is a lightweight neural network structure [25]. It can
reduce the computational load by generating redundant features on the premise of ensuring the model accuracy,
thereby achieving the goal of lightweight. In this study, the GhostConv module from GhostNet is introduced into
the YOLOv8n-seg model to replace the Conv modules of the backbone networks. The schematic of GhostConv
is shown in Fig. 2. The GhostConv module reduces computational complexity by generating cheap operations
to minimize the actual convolutional operations. Specifically, the GhostConv module first compresses the
number of channels of the input feature map through 1x1 convolution, reducing the computational complexity
while maintaining the main feature information. Then, depth-separable convolution is adopted to further extract
features, thereby generating more feature maps. Ultimately, these generated feature maps will be concatenated
together to form a new output feature map. This structure drastically reduces the computational effort of the
model through a two-step feature extraction and combination operation, while ensuring the diversity and
effectiveness of the features.
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Fig. 2. Schematic of GhostConv module

In addition, the C2f module of the original model is replaced with the C3Ghost module to compress the
computational and storage requirements of the network. The C3Ghost module not only inherits the advantages
of efficient feature generation in GhostNet, but also improves the operation efficiency of the model by reducing
unnecessary convolution operations.

3.3 Hybrid the Coordinate Attention (CA) mechanism

In this study, coordinate attention (CA) mechanism is introduced to optimize the feature extraction capability
of the model. Compared with the traditional attention mechanism, the CA module can better direct the model
to focus on important regions. It also ignores noise and irrelevant features, which is a significant advantage
especially in the identification of cracks, corrosion, and other localized defects in bridge structures.
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Fig. 3. Network architecture of coordinate attention mechanism

The CA module was added to the end G3ghost module of the lightened neck network. Thus, the C3Ghost-
CA structure was constructed. The CA module first pools the input feature map with two global averages in the
width and height directions. These two operations result in a feature mapping in the width direction [C, H, 1] and
a feature mapping in the height direction [C, 1, W], respectively. Then, through the simple stacking operation
of the Concat + Conv2d module, the two feature mappings in width and height can be merged to obtain a new
feature layer [C, 1, H + W]. A convolution operation, typically a 1x1 convolution, is performed on the merged
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feature layer to capture the relationship between the width and height dimensions. Normalization (e.g., batch
normalization) and activation functions (e.g., ReLU) are then typically applied to further process the features
to obtain a richer representation. The merged features are separated in the width and height directions by the
BatchNorm + Non-linear module. The two feature layers are then separately transposed through the Conv2d
module to recover the width and height dimensions. Sigmoid activation function is applied to get the attention
scores in width and height dimensions. These scores are used to indicate the importance of different positions.
Finally, the raw input feature maps were multiplied with the attentional scores in the width and height directions
to obtain the output of the coordinate attention mechanism. Through the combination of C2f and CA, the model
is able to acquire cross-channel and cross-space interaction information, which improves the ability of fine-
grained detection of complex structures in bridges. The network architecture of CA is illustrated in Fig. 3.

3.4 Wise-IoU Loss Function

YOLOv8 model uses CloU for the bounding box, and this function focuses on the scale loss of the detection box.
Bridge crack have complex shapes and diverse features. Training data inevitably contains low-quality examples,
and geometric factors such as distance and aspect ratio will intensify the punishment for low-quality examples.
ClIoU does not consider the direction of mismatch between the required real box and the predicted box, resulting
in slow convergence speed and low efficiency of the model. Therefore, the Wise-IoU loss function is adopted for
replacement in YOLOv8n-seg-GCW. Under the same experimental conditions, WIoU has a faster speed because
it does not calculate the aspect ratio. And it is better than the loss of the CloU bounding box [26]. A distance-
attention mechanism is introduced for constructing Wise-IoU loss functions with two layers of attention. Wise-
IoU vl can be expressed as:

Lytoinr = Rinov Loy 1
2
Ry = €Xp (x ~tu )2 T (y _*ygt )2 (2)
(W; -H ; )

Where Ry, € [1,6) , which will significantly amplify L,,, of the ordinary quality anchor box. L,,,<[0,1],

which will significantly reduce R;,,, of the high-quality anchor box and its focus on the distance between
central points when the anchor box coincides well with the target box. W, and H, are the size of the minimum
closed box. To prevent Ry, from generating gradients that hinder convergence, W, and H, is separated from the
computational graph (superscript * indicates this operation). Since it effectively eliminates the factors that hinder
convergence, no new indicators such as aspect ratio is introduced.

Moreover, a monotonic focusing mechanism for cross-entropy is used to effectively reduce the contribution
of simple examples to the loss value. This enables Wise-IoU vl to focus on difficult examples and achieve an
improvement in classification performance. Wise-IoU v2 is actually used in this paper, which can be expressed
as:

Lytoinr = L}I/:ULWIOUVIJ >0 3)
Due to the addition of the focusing coefficient, the gradient back-propagated by Wise-IoU v2 also changes:

oL

WloUv2 __ L;/* LWIole
- H

oL v oL

loU loU

r>0 4)

Note that the gradient gain is L, € [0,1] . During the model’s training, the gradient gain decreases with the

decrease of L,,,, resulting in a slow convergence rate in the late stages of training. Therefore, the mean of L, is
introduced as the normalizing factor:
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Where L, is the running mean with momentum m. Dynamically updating the normalizing factor keeps

*

IoU

/4
the gradient gain r =( ] at a high level overall, which solves the problem of slow convergence in the late

'loU

stages of training. The schematic diagram of the Wise-IoU loss function is shown in Fig. 4. (x, y) is the center
point coordinate of the prediction box. W, and H; are the size of the overlapping area.

N

(xgt' ygt) H;

(x,y)

Fig. 4. Schematic diagram of the Wise-IoU

4 Implementation Program

This section mainly introduces the acquisition of the bridge crack image dataset and the operating environment
of the YOLOv8n-seg-GCW. Model evaluation indicator are also proposed.

4.1 Data Collection

The bridge crack image dataset is captured and collected with the assistance of CABR testing center Co., Ltd.
Real crack pictures of concrete bridges are taken using mobile devices, and the pictures are saved in JPEG
format. A total of 1,600 images of bridge crack are collected, and the resolution of the images is 1000x1000
pixels. The dataset includes images containing complex backgrounds such as markings, potholes, paint, and
concrete surface texture. Meanwhile, the case of finer width cracks is also considered. Fig. 5 shows the real
image of bridge crack.

(a) Markings (b) Potholes (c) Paint (d) Surface texture (e) Finer width

Fig. 5. Images of concrete bridge crack in the natural environment
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The Labellmg software is used to label the sample images in the dataset. It should be mentioned that the
YOLOVS model automatically perform online data augmentation during training, including mosaic augmentation,
hybrid augmentation, random perturbation, and color perturbation, etc., to ensure the diversity and generalization
ability of the model dataset. Therefore, no additional offline data enhancement is performed on the dataset for
this study. The final obtained dataset was randomly divided into training set (1,280 sheets), validation set (160
sheets), and test set (160 sheets) in the ratio of 8:1:1.

4.2 Experimental Environment and Parameter Settings

The model training is conducted on an AutoDL cloud server, which the specifications are shown in Table 1.
The operating system is Ubuntu 22.04, and the deep learning frame-work employed was PyTorch. Meanwhile,
the software environment was set up with CUDA 12.1 and Python 3.10. As for YOLOv8n-seg-GCW model,
a phased training approach was adopted for Wise-IoU and CA module. Wise-IoU was trained independently
to establish a localization baseline and CA was integrated for joint training. A two-step grid search (coarse
screening and fine tuning) was performed for key hyperparameters, such as the CA learning rate and Wise-loU-f.
The optimal coupling values were selected based on the early stopping criterion of box loss on the validation set.
To ensure the synchronous convergence of the two modules under an identical regularization environment, same
data augmentation combination was used throughout the entire training process. The training hyperparameters
were used as follows: a learning rate of 0.01, momentum of 0.937, weight decay of 0.0005, and batch size of 16.
Stochastic gradient descent optimizer was exploited for training the developed YOLOv8n-seg-GCW model and
for a total of 500 epochs. The Mosaic data enhancement is closed in the 10th to last round. The worker thread for
data loading is set to 4, and the input image size is adjusted to (640,640). Moreover, the training results of each
round are set and save. To avoid overfitting, the model automatically saves the optimal weights obtained from
training and the weights obtained from the last round of sub-training, and other parameters are set by default.

Table 1. Hardware and software specifications

Hardware Description Software Description
GPUs GeForce RTX 4090 Operating Sy.stem Ubuntu 22.04
Deep Learning PyTorch
CPU Intel(R) Xeon(R) Gold 6430 Framework
CPU @ 2.10 GHz CUDA Version 12.1
RAM 24GB Python Version 3.10

4.3 Performance Evaluation Indicators

This research study adopts the evaluation metrics of precision (P), recall (R) and F1-score (F1) to scrutinize the
capabilities of the developed YOLOv8n-seg-GCW model. Precision measures the correctness of the developed
detection model, while recall assesses its completeness. As for the F1-score, it is the reconciled average of the
precision and recall metrics. P, R, Flare expressed as:

po_1P (6)
TP+ FP
TP
R=—>" (7
TP+ FN
71 2PR ®
P+R

Where TP is the true number of correctly detected crack bounding boxes. FP stands for the number of false
positives that are incorrectly detected as cracks. FN indicates the number of false negatives that are incorrectly
detected as cracks. The performance of the bridge crack detection model is also described using the average
precision (AP) and the mean average precision (mAP). AP represents the area under the precision-recall curve of
each class, while mAP is the average AP of all classes. AP and mAP are defined as:
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AP = P(RYR ©)
"
mAP=—3" AP (10)

Where N is the number of categories. The cross-union ratio metric is usually used to quantify the quality
of bridge inspection. IOU measures the overlap between the ground actual bounding box and the predicted
bounding box. Usually, a predetermined threshold is set to determine the accuracy of the bounding box. IOU is
expressed as:

ANB

0oU =——
AUB

(In

Where A is used to represent the area of the prediction box, B represents the area of the real box. The
higher the IOU value, the better the alignment between the predicted bounding box and the real bounding box,
indicating more accurate detection. In this study, the threshold of IOU is 0.5, and the correctness of the sample
is obtained by determining whether the IOU is greater than 0.5. The mAPS50 is used to indicate an AP that is
dedicated to an IOU value of 0.5. Parameters (Params) is used to evaluate the total number of parameters to
be trained in YOLOvV8n-seg-GCW, which determines the model complexity and the required computational
resources. Floating point of operations (FLOPs) are used as a measure of the model complexity, which is a
criterion for considering the amount of computation. Speed is the total time taken by the model to preprocess,
inference and postprocess the image. The shorter the elapsed time indicates that the model is faster in detection.

5 Result and Discussion

This section presents the experimental results and discussion of bridge crack detection. Model lightweight
experiment, attention mechanisms comparison experiment, model ablation experiment and model comparison
experiment are introduced to test the detection performance of the proposed YOLOv8n-seg-GCW.

5.1 Model lightweight experiment

This experiment aims to verify and analyze the model lightweight method proposed in Section 2.2. Based on
the YOLOv8n-seg model, MobileNetV3 [27], ShufflenetV2 [28] and GhostNet are respectively used as the
lightweight networks of YOLOv8n-seg, and the parameter quantities and detection speeds of these four models
are compared. In particular, the crack detection results of the typical cases in the dataset are shown in Fig. 6.

Crack 0.73
Crack 0.86

Crack 0.65

Crack 0.82

Crack 0.83

Crack 0.90

(a) Markings

(b) Potholes
Crack 0.92

(c) Paint (d) Surface texture (e) Finer width

Fig. 6. Cracks detection results of concrete bridge images in Fig. 5
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As can be seen from Fig. 6, the original YOLOv8n-seg model can be used to detect the bridge crack. Only
by making lightweight improvements to the model, the obtained detection performances are similar. From Fig.
6(a)-(e), it can be seen that the cracks in most of the images have good detection performances. Some cracks
that are not easy to identify have a low detection accuracy, such as markings in Fig. 6(a), potholes in Fig. 6(b),
and finer width in Fig. 6(e). Moreover, performance comparison of different model lightweight improvements
are summarized in Table 2. In this experiment, the number of parameter, GFLOP and speed of YOLOv8n-seg-
MobileNetV3 are essentially the same as that of YOLOv8n-seg-ShuffleNetV2. Compared with the original
YOLOv8n-seg model, the performance evaluation indicators of YOLOv8n-seg-GhostNet have changed more
significantly. The total number of parameters to be trained has decreased by 1.4 MB (22%). Floating point
of operations has decreased by 4.1. The total time taken by the model to process has reduced by 3.2 ms. This
model lightweight experiment indicate that the detection performance of the YOLOv8n-seg model still needs
to be improved to detect unobvious bridge crack. Compared with the mainstream feature extraction networks,
GhostNet has a more significant lightweight performance on the YOLOv8n-seg model for the bridge crack
detection.

Table 2. Performance comparison of model lightweight

Model Params (MB) GFLOPs Speed (ms)
YOLOv8n-seg 6.3 15.0 12.1
YOLOv8n-seg-MobileNetV3 5.5 11.3 10.0
YOLOv8n-seg-ShuffleNetV2 5.5 11.2 10.0
YOLOv8n-seg-GhostNet 4.9 9.9 8.9

5.2 Attention Mechanisms Comparison Experiment

To explore the influence of the types of attention mechanisms on the model performance, three attention
mechanisms, namely SE (Squeeze and Excitation) [29], CBAM (Convolutional Block Attention Module) [30],
and CA, are respectively added to the head network of the benchmark model. As shown in Table 3, the bridge
crack detection performance of the three models is compared. It should be noted that the addition of the attention
mechanism is based on the YOLOv8n-seg-GhostNet model network.

Table 3. Performance comparison of attention mechanisms

Model P(%) R (%) mAP50 (%) F1 (%) Params (MB) GFLOPs Speed (ms)
YOLOv8n-seg-GhostNet-SE 94.2 92.6 95.5 93.4 5.2 9.9 8.9
YOLOv8n-seg-GhostNet-CBAM ~ 94.7 92.6 96.0 93.9 5.1 9.9 9.0
YOLOv8n-seg-GhostNet-CA 95.9 93.8 96.8 94.8 5.1 9.9 8.9

From the results in Table 3, it can be seen that the parameters, GFLOPs and speed of the model remain
basically unchanged after the addition of the attention mechanism module. Comparing the models trained
after the three attention mechanisms introduced in the experiments, the YOLOv8n-seg-GhostNet-CA model
is found to have the best performance. The precision of YOLOv8n-seg-GhostNet-CA has increased by 1.7%
and 1.2% compare with the YOLOv8n-seg-GhostNet-SE and YOLOv8n-seg-GhostNet-CA. Meanwhile, the
recall has increased by 1.2% and 1.2%, the mAP50 has increased by 1.3% and 0.8%, the F1-score has increased
by 1.4% and 0.9%. Since the CBAM and SE attention mechanism modules are solving for channel attention,
the channels are generally processed using global maximum pooling or average pooling, which will lose the
spatial information of the object. CA introduces both the channel attention mechanism and the spatial attention
mechanism, embedding the location information into the channel attention. In general, CA is more suitable to be
used to improve the performance of the YOLOv8n-seg model for bridge crack detection.

5.3 Model Ablation Experiment
To verify the performance improvement of the YOLOv8n-seg-GCW model proposed in this study, YOLOv8n-

seg-GCW and YOLOv8n-seg are compared step-by-step to demonstrate the effectiveness of the improvement at
each step. The comparison results of the ablation experiments are shown in Table 4.
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Table 4. Model ablation experimental results

GhostNet CA Wise-IoU P (%) R (%) mAP50 (%) F1 (%) Params (MB) GFLOPs Speed (ms)

x x x 936 909 942 922 63 15.0 12.1
y x x 949  91.8 95.5 93.3 49 9.9 8.9
x N x 953  92.8 95.7 94.0 6.4 15.6 12.1
x x \ 957  93.0 96.2 94.2 6.3 15.0 12.1
v v x 959  93.8 96.8 94.8 5.1 9.9 8.9
x v v 94.3 93.1 94.8 93.7 6.7 16.2 12.3
N x \ 96.3 94.4 96.5 95.3 5.1 9.7 8.7
\ v R 97.9  96.2 98.4 97.0 5.1 9.9 8.9

From Table 4, the mAP50 for concrete bridge crack detection using the original YOLOv8n-seg model is
94.2%. Based on the original YOLOvS8n-seg, the backbone feature extraction network is replaced with the
lightweight network GhostNet, and the detection speed is 8.9ms, which was 3.2ms less than that of the original
YOLOVS. This indicates that the lightweight improvement of the YOLOv8n-seg model has a significant
performance. When the YOLOv8n-seg backbone feature extraction network is replaced with the lightweight
network GhostNet, and the CA attention mechanism is embedded in the c2f output module of the third layer of
the neck network. The mAP50 of YOLOv8n-seg-GhostNet-CA increased by 2.6% compared with the original
YOLOv8n-seg model and by 1.3% compared with YOLOv8n-seg-GhostNet. This indicates that CA can effectively
suppress background factors and pay more attention to the characteristics of bridge crack. The backbone
network of the original model is replaced with a lightweight GhostNet structure, the CA attention mechanism is
introduced, and the bounding box loss function is replaced with Wise-IoU. The mAPS50 is 98.4%, which is the
highest in the ablation experiment. Meanwhile, the precision, recall and F1-score value of the YOLOv8n-seg-
GCW model have increased by 4.3%, 5.3% and 4.8% respectively compared with YOLOv8n-seg. The params,
GFLOPs and speed of the YOLOv8n-seg-GCW model reduced by 1.2MB, 5.1 and 3.2ms respectively compared
with YOLOv8n-seg.

Overall, it can be indicated that the improvement of the YOLOv8n-seg model in this study is effective. In the
ablation experiment, when the border regression loss function of the YOLOv8n-seg network is replaced with
Wise-lIoU and CA is added, the precision, recall, and mAP50 are all lower than those when Wise-IoU is added
alone. The reason may be that adding Wise-IoU and CA simultaneously may require more detailed parameter
adjustments. If the parameters are not set properly, it may lead to the model being unable to fully utilize the
advantages of these two components, and even cause conflicts.

5.4 Model Comparison Experiment

To verify the detection performance of the improved model for bridge crack in different environments,
YOLOv8n-seg-GCW is compared and tested with the mainstream target detection models YOLOv5s-seg
[31], YOLOv7s-seg [32], YOLOV9c-seg [33] and YOLOv13n-seg [34]. These models are trained respectively
until convergence and the recognition effects are compared, as shown in Fig. 7. Among them, Figs. 7(a)—
(d) represent mesh like, penetrated, not obvious and truncated cracks, respectively. The YOLOv8n-seg-GCW
model demonstrates the highest precision and shows no leakage in all test samples. Repeated detection of a not
obvious crack occurred when using YOLOv7s-seg model, as well as missed detection of a truncated crack. The
YOLOv5s-seg, YOLOv8n-seg, and YOLOv9c-seg models all show missed detections in mesh-like crack image.
Especially for the newly proposed YOLOvV13 model, false detection occurred in mesh-like crack image. For the
more obvious penetrated cracks, all six models demonstrated good detection effects. The confidence level of the
YOLOv8n-seg-GCW model detection is the highest, which is 0.94.

The comparison of performance evaluation indicators between five bridge crack detection models are shown
in Table 5. The mAP50 of the YOLOv8n-seg-GCW model is 98.4%. Compared with the object detection
models YOLOvS8n-seg, YOLOvS5s-seg, YOLOv7s-seg, YOLOv9c-seg and YOLOv13n-seg, it is 4.2%, 4.9%,
3.8%, 1% and 0.6% higher respectively. The parameters of the YOLOv8n-seg-GCW model is 5.1M, which is
1.2MB, 8.1MB, 18.7MB, 15.6MB and 0.5MB lower than the above five models respectively. The GFLOPs of
the YOLOv8n-seg-GCW model is 9.9, which is 5.1, 20.9, 132, 92.2 and 2.4 lower than the above five models
respectively. Moreover, the detection speed of the YOLOv8n-seg-GCW model has been significantly improved,
which is 3.2ms, 3.8ms, 9.6ms, 5.6ms and 0.8ms lower than the above five models respectively. Compared with
YOLOvI13n-seg, the proposed YOLOv8n-seg-GCW still maintains advantages in both accuracy and speed for
bridge crack detection. This is attributed to the introduction of the CA and Wise-IoU modules, which enhance

123



A Crack Detection Method for Concrete Bridges Based on Improved YOLOv8n-seg Model

the model’s capability to extract features of bridge cracks. Additionally, GhostNet contributes to the lightweight
optimization of the model network. In summary, the YOLOv8n-seg-GCW model proposed in this study has
greater comprehensive advantages in terms of parameters, speed and precision. It can meet the rapid and accurate
detection requirements of real bridge crack, and provide strong technical support for the real-time detection of
concrete bridge crack in complex backgrounds.

Crack 0.82 Crack 0.86 “rack (.87 C Crack 0,94
Crack 0,64 Crack 0.69 Cr ] Crack 0.87

A Crack 0.84 Crack 0.88
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Fig. 7. Concrete bridge crack detection results of different models

Table 5. Performance comparison between bridge crack detection models

Model P (%) R (%) mAP50 (%) F1 (%) Params (MB) GFLOPs  Speed (ms)
YOLOv8n-seg 93.6 90.9 94.2 92.2 6.3 15.0 12.1
YOLOv8n-seg-GCW 97.9 96.2 98.4 97.0 5.1 9.9 8.9
YOLOvS5s-seg 91.8 92.4 93.5 92.1 13.2 30.8 12.7
YOLOV7s-seg 94.3 95.0 94.6 94.6 23.8 141.9 18.5
YOLOv9c-seg 96.7 96.0 97.4 96.3 20.7 102.1 14.5
YOLOv13n-seg 97.2 96.8 97.8 96.5 5.6 12.3 9.7

6 Conclusion

To solve the problem of complex background bridge crack have many background interferences and finer shapes,
which are difficult to recognize leading to the difficulty of detection. This paper proposes a novel computer
vision model for bridge cracks detection to improve the detection accuracy and efficiency, which is named as
YOLOvVS8n-seg-GCW. The main conclusions are as follows.

(1) The complete network architecture of the YOLOv8n-seg-CGW model is constructed. Specifically, based
on the original YOLOv8n-seg model, the CA attention mechanism is embedded into the neck output end of the
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model, the Wise-IoU is introduced as the bounding box regression loss function, and the GhostNet lightweight
network is adopted as the backbone network.

(2) The bridge crack image dataset is captured and collected using mobile devices in professional scenarios.
A phased training approach and same training data augmentation combination are adopted for Wise-IoU and
CA module. Ablation experiment is conducted to verify that the synergistic mechanism of the CA and Wise-
IoU modules enhances the model’s bridge crack detection performance. In addition, it is verified that GhostNet
improves the computational speed of the lightweight model.

(3) Comparison experiment on model detection performance is conducted using the collected bridge
crack image data. The proposed YOLOv8n-seg-GCW model has demonstrated superior recognition accuracy
and efficient utilization of computational resources in comparison to mainstream detection models, such as
YOLOv5s-seg, YOLOvV7s-seg, YOLOv9c-seg and YOLOv13n-seg.

Although the proposed model has achieved promising bridge cracks detection results, due to time and resource
constraints, the current study still has several limitations. In future research, further work will be conducted in
the following two aspects.

(1) The acquisition method for the bridge cracks dataset is relatively monotonous, and both the number and
resolution of images need improvement. In subsequent work, unmanned aerial vehicle (UAV) aerial photography
will be employed to collect various bridge cracks datasets at multiple scales, expanding the numbers and
improving the quality of images to enhance the model training effect.

(2) Currently, the model proposed in this paper can meet the usage requirements of the team. However, as the
rapid iteration speed of the YOLO series models, if a new YOLO-based model is combined with the attention
mechanism, loss function, and lightweight network studied in this paper, it may achieve better bridge cracks
detection results. Future research will consider evaluating the combination of the latest YOLOv13 model with the
optimization strategies proposed herein, aiming to enhance both the accuracy and speed of bridge crack detection
on edge devices by iterating the base deep learning network.
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