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Abstract. To address the issue of insufficient accuracy in identifying fine cracks
in concrete bridges under complex backgrounds, a new crack detection model
based on SPF-YOLOvI11 is proposed. The model integrates Space-to-Depth
Convolution (SPD-Conv), Feature Pyramid Shared Convolution (FPS-Conv),
and the small object detection layers. To validate the model's effectiveness, four
sets of ablation experiments were designed to assess the impact of each module
on the performance of the model. Results indicate that SPF-YOLOv11 enhances
the retention of detail features, improving the detection accuracy of fine cracks.
Compared to the original YOLOv11 model, the precision increased by 17%,
recall improved by 8%, the F1 score rose by 12%, and mAP@0.5 increased by
11%.
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1 Introduction

Bridges, as a vital part of infrastructures, are numerous in scale and bear significant
responsibilities for transporting both people and goods. Under prolonged high-intensity
operation, the combined effects of dynamic and static loads, as well as extreme
weather, gradually lead to issues such as concrete spalling, exposed reinforcement,
carbonation, and cracking. Among these, cracks are the most common and widely
distributed form of damage in concrete bridges [1]. Once cracking occurs in concrete
bridges, even the smallest cracks will gradually expand, eventually leading to the
detachment of the concrete cover and reinforcement corrosion. Such structural dam-
ages not only weaken the durability of the bridge but also significantly reduces its
load-bearing capacity. In severe cases, it may lead to catastrophic safety incidents, such
as bridge collapse, threatening the safety of bridge operations [2]. Currently, crack
detection in bridges primarily relies on manual inspection, which depends on workers'
experience and diligence, resulting in low efficiency and uncontrollable accuracy.

A drone platform equipped with a camera captures images of cracks in concrete
bridges and utilizes computer vision technology for the intelligent detection and lo-
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calization of these cracks [3,4]. This approach is experiencing rapid development due
to its high efficiency, low cost, and strong objectivity [5]. Initially, computer vision
techniques mainly relied on image processing algorithms like edge detection and
threshold segmentation to detect cracks [6,7]. However, these image processing
methods demand a high contrast between the crack regions and the background, leading
to a risk of missed detections when the crack and background exhibit high similarity. In
contrast, deep learning algorithms can automatically extract features from sample
images, leveraging learned low-level features such as edges and textures, as well as
high-level features like object shapes and categories, demonstrating significant ad-
vantages in target detection tasks.

At present, object detection models centered on deep learning are mainly divided
into single-stage and two-stage models. The two-stage model excels in detail handling
and precision [8]. However, it demands considerable computational power and exhibit
slower processing speeds, making them less suitable for tasks that require high re-
al-time performance. In contrast, single-stage models convert the object recognition
problem into a regression task, executing classification and localization simultane-
ously, which leads to greater detection efficiency. The YOLO series serves as a quin-
tessential example of single-stage detection models, striking a favor- able balance
between real-time capability and accuracy, thus becoming a prevalent solution for
crack detection. Nonetheless, it still encounter challenges in addressing small objects,
intricate backgrounds, and capturing fine details. Yang et al. [9] substituted the tradi-
tional C3 module with the Ghost-Bottleneck module in YOLOVS5s and incorporated the
ECA-Net channel attention module, thereby enhancing the network's capacity to ex-
tract cross-channel information features and improving recognition accuracy in com-
plex backgrounds. Xu et al. [10] markedly increased the precision of bridge defect
detail detection by integrating ODConv into convolutional layers, introducing the
CBAM module to amplify attention on critical features, and utilizing CARAFE as a
replacement for conventional up-sampling methods. Xia et al. [11] built upon YOLOVS
by integrating the SPPF-UniRepLk module to bolster image feature extraction capa-
bilities while introducing a global channel spatial attention mechanism to enhance
focus on crack features, mitigate background interference, and improve detection
effectiveness in complex backgrounds.

In conclusion, enhancing the feature attention regions of the model by improving
and innovating network modules can optimize feature extraction capabilities and ad-
vance object detection technology towards greater efficiency and precision in concrete
crack identification. Consequently, this study employs the latest YOLOv11 model
framework, incorporating Space-to-Depth Convolution (SPD-Conv), Feature Pyramid
Shared Convolution (FPS-Conv), and small object detection layers to develop the
SPF-YOLOvVI11 model. Through four sets of ablation experiments and comparisons
with the original YOLOV11 model, the improved model's high accuracy and robustness
in detecting minor cracks and complex backgrounds are thoroughly showcased.
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2 SFP-YOLOV11 Concrete Bridge Crack Detection Model

2.1 YOLOv11

Ultralytics has introduced the latest iteration of the YOLOvV11 object detection algo-
rithm, which achieves a remarkable increase in feature extraction speed while pre-
serving high detection accuracy through a systematic reconfiguration of the network
structure. The C3K2 module in the backbone network is an enhancement of the tradi-
tional C3 module, incorporating a syner- gistic design of variable convolution kernels
and channel separation strategies to bolster feature representation capabilities. The
neck network utilizes the C2PSA module, which significantly enhances the model's
ability to fuse multi-scale features by merging the Cross Stage Partial (CSP) architec-
ture with the Pyramid Squeeze Attention (PAS) mechanism. For the opti- mization of
the detection head, depthwise separable convolution layers (DW-Conv) have been
integrated. This approach decomposes standard convolution into a sequence of
depthwise and pointwise convolutions, effec- tively reducing computational complex-
ity and parameter count while ensuring robust feature extraction, thereby greatly im-
proving opera- tional efficiency.

2.2 SFP-YOLOv11 Model Network Structure

Bcakbone

Figure 1. SFP-YOLOvV11 model network structure

YOLOv11 demonstrates outstanding perfor- mance in general object detection tasks
due to its high accuracy and fast inference capabilities. However, in the detection of
concrete bridge cracks, issues such as varying crack scales and complex backgrounds
may lead to some subtle concrete cracks being misclassified as back- ground textures,
thus limiting the applicability of the YOLOv11 model for this task. Therefore, this
study improves upon the YOLOvV11 architecture and proposes a specialized model for
concrete crack identification, SFP-YOLOv11, aimed at enhancing the detection accu-
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racy of concrete bridge cracks. The network structure of SFP-YOLOv11 is shown in
Figure 1. The improved detection model replaces traditional convolutional layers in the
backbone network with SPD-Conv [12] to retain more fine-grained information and
enhance the model's perfor- mance in handling small-scale objects. Addi- tionally,
FPS-Conv is introduced to extract features through multi-scale convolutional layers
instead of the pooling operation of the SPPF module, reducing the loss of detail in-
formation. The feature fusion layer in the neck network has been improved, upgrading
the original three- scale detection to four-scale detection, thereby increasing the de-
tection accuracy of small targets.

2.3  SPD-Conv

The small cracks in concrete bridges show a high similarity to the background, and the
significant interference from various texture information and noise greatly diminishes
the contrast between the cracks and the background, making crack detection more
challenging. Traditional strided convolutional layers often result in the loss of fi-
ne-grained feature information during the feature extraction process. Consequently,
this study introduces the SPD-Conv module, which comprises two components: the
SPD layer and the non-strided convolutional layer. The structure of the SPD-Conv
module is illustrated in Figure 2. The SPD layer conducts point sampling on the input
feature map sized SxSxCj, yielding four sub-feature maps sized S/2xS/2xC; based on
the following formula:

fl.J.:X[i :S:scale, j:S:scale] )

Scale represents the down-sampling factor, while i and j are used to locate the co-
ordinates of each segmented sub-block in the feature map. The four sub-feature maps
are then concatenated along the channel dimension to obtain a feature map of size
S/2x8/2x4Cy by Equation (2).
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Figure 2. Illustration of SPD-Conv
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This process not only reduces the spatial dimensions but also increases the channel
dimensions. Finally, through C, non-strided convolutional layers, redundant infor-
mation is removed from the 4C; channel dimensions containing rich and detailed
feature information, while preserving as much discriminative feature information as
possible, resulting in the final feature map:
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2.4 FPS-Conv

The SPPF module extracts and integrates feature information at different scales through
multi- scale pooling windows, enhancing the model's robustness to scale variations of
targets in the input images. However, the use of max pooling for down-sampling often
leads to the loss of fine-grained information and small target fea- tures during the
dimensionality reduction of feature maps, which adversely affects the model's ability to
identify subtle cracks in concrete bridges. To address this issue, the FPS-Conv module
is introduced, replacing the original max pooling operation with three convolutional
layers of different dilation rates. These convolutional layers provide greater flexibility
and expressive capability during feature extraction, ensuring good robustness of the
model to target scale transformations while effectively capturing details in the images.
Although the more detailed convolution operations inevitably increase the computa-
tional complexity and parameter count of the model, sharing parameters across con-
volutional layers with different dilation rates can reduce redundancy and enhance
model efficiency. The structure of the FPS-Conv module is illustrated in Figure 3.

Conv 1 X1
d=1
d=3
Conv 3X3
d=5

Conv 1 X1

Figure 3. FPS-Conv structure

2.5 Improved Feature Fusion Layer

In the actual images of concrete cracks captured on bridges, the size of the cracks is
often small and the pixel resolution is low. When using the YOLOv11 model for de-
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tection, the p3, p4, and p5 layers in its backbone network sequentially down-sample the
original image of size 640%640 to feature maps of 80x80, 40x40, and 20x20. As the
down-sampling factor increases, the receptive field of the model gradually expands.
While a larger receptive field helps the model perform well in predicting larger-scale
targets, it can make it difficult for the model to accurately locate crack damage in
concrete bridges when the receptive field is too large. Therefore, this paper proposes to
introduce a small target detection layer from the p2 layer feature map of the backbone
network, with a size of 160x160.

3 Experimental Results and Discussions

3.1 Experimental Environment

The CPU model used in this experiment is Intel(R) Core(TM) 19-9900 K
CPU@3.60GHz, and the GPU model is NVIDIA GeForce RTX 4090, with a memory
size of 24GB. The operating system is Windows 11, the Python compiler version is
Python 3.10.14, the deep learning framework is PyTorch 2.2, and the CUDA version is
12.1. The specific parameters of the model are shown in Table 1.

Table 1. Parameters of the experimental environment

Experimental parameter Value
Epoch 200
Batch size 32
Optimize SGD
Image Size 640
Learn Rate 0.01
Momentum 0.937

3.2 Data Set

The data set of bridge surface diseases obtained from the internet includes six types of
damage: exposed reinforcement, delamination, weather- ing, cracks, spalling, and
rusting, totaling 2722 images with a resolution of 640x640. The data set is randomly
divided into training set (2176 images), validation set (273 images), and test set (273
images) in an 8:1:1 ratio.

33 Evaluation Indicators

To evaluate the recognition performance of the model for the crack category in the
aforementioned data set, the experiment uses precision (P), recall (R), F1 score, and
mean average precision (mAP) as evaluation metrics. The formulas for each metric are
as follows:

TP

P= (4)

T TP+FP
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TP

= TP+FN (5)

F1=2x22 (6)
1aon (0

mAP = -%L, [, AP, (7

In the formulas, TP represents the number of true positive samples correctly pre-
dicted as positive; FP denotes the number of false positive samples incorrectly pre-
dicted as positive; FN indicates the number of false negative samples incorrectly pre-
dicted as negative; AP refers to the average precision of the model;  is the number of
categories; and 4AP; is the average precision value for the i-th defect category.

3.4  Ablation Experimental

Ablation experiments were conducted on the introduced SPD-Conv, FPS-Conv, and
small object detection layers, while keeping the neck and head structures unchanged, to
verify the contribution of each module to performance improvement. The experimental
results are shown in Table 2.

As shown in Table 2, for the detection of cracks in concrete bridges, the model
demon- strates improvements at each stage with the introduction of SPD-Conv,
FPS-Conv, and small object detection layers. When the three modules are combined,
there are significant enhance- ments in all performance metrics compared to the orig-
inal YOLOv11, with precision, recall, F1 score and mAP@0.5 increasing by 17%, 8%,
12%, and 11%, respectively. This indicates that the improved methods and modules
contribute to enhancing the accuracy of crack detection in concrete bridges.

Table 2. Comparison results of modules ablation experiment

Model P R F1-Score mAP@0.5
Base 0.6722 0.4402 0.5320 0.5162
+SPD-Conv 0.7072 0.4620 0.5589 0.5500
+SPD-Conv +FPS-Conv 0.8447 0.4348 0.5741 0.5423
+SPD-Conv +FPS-Conv +p2 0.7853 0.4770 0.5935 0.5732

3.5 Visual Comparison

To visually demonstrate and compare the performance of the models, several sets of
concrete crack images were selected for prediction. Representative images of fine
cracks were identified using both the SPF-YOLOv11 model and the original YOLOv11
model, with the recognition results shown in Figure 4. The SPF-YOLOv11 model
successfully identified fine cracks, showing significant improvement in small object
detection compared to the original YOLOv11 model.
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(b) SPF-YOLOvI1Imodel

Figure 4. Comparison of test results

4 Conclusions

(1) To address the issue of insufficient accuracy in identifying fine crack features in
concrete bridges under complex backgrounds, a novel crack recognition model based
on SPF- YOLOvVI11 is proposed, which enhances the ability to retain image detail
features. Compared to the YOLOv11 model, precision increases by 17%, recall im-
proved by 8%, F1 score rose 12%, and mAP@0.5 increased by 11%, demonstrating the
superiority of the SPF-YOLOv11 model in the task of identifying fine cracks in con-
crete bridges.

(2) Ablation experiments confirmed that SPD-Conv, FPS-Conv, and the small target
detection layer all enhance the detection model. The overall performance of the model
has significantly improved by combing the three modules.
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