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A B S T R A C T   

Development of lightweight deep learning crack detection method is essential for the future 
deployment of mobile device-based structure inspection. The primary challenge involves the 
analysis and extraction of features from narrow cracks, typically 3–6 pixels wide, which are often 
obscured by noise such as water stains and shadows. The lightweight model should also maintain 
high accuracy while ensuring low computational complexity and a minimal number of parame
ters. To this end, this paper proposes YOLO v5-DE (Dense Feature Enhancement Connection, 
Efficient and Fast Convolution), a lightweight network based on the YOLO v5 architecture 
tailored to address these challenges, and constructs crack datasets captured at different heights to 
investigate the impact of different shooting distances on network performance. The network 
utilizes efficient convolutions and dense feature connections, with strategic reuse of filtered 
features from shallow layers, to significantly enhance the model’s fine-grained feature informa
tion and gradient flow. The experimental results demonstrate that YOLO v5-DE achieves a 
detection accuracy of 96% for cracks in concrete structures. Compared to the improved YOLO v5 
with EfficientViT as the backbone network, YOLO v5-DE achieves 4.7% increase on accuracy 
while requiring fewer computational resources, with only 1.4 million parameters and 3.6 Giga 
Floating point Operations Per Second (GFLOPS). Additionally, YOLO v5-DE reduces the inference 
time to 3.38 ms and increases the frame rate to 295.8 FPS. Moreover, the proposed lightweight 
network exhibits better detection performance when facing complex backgrounds and real-world 
environments.   

1. Introduction 

The idea of using Unmanned Aerial Vehicle (UAV) for crack detection has brought great potential in revolutionizing current 
infrastructure inspection industry and transforming from labor-intensive to intelligent and automatize approach [1,2]. A central aspect 
of the systems is the development of highly efficient and accurate lightweight crack detection networks feasible to be implemented in 
mobile devices which was constrained by the capacity of the on-board graphical processing unit and quality of the images taken in-situ 
[3]. Deep learning crack detection algorithm employs multi-layer neural networks to discern complex patterns from extensive data [4], 
thereby automating abstract data feature extraction, and hence has the prospects in meeting above requirements by carefully tailoring 
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and optimizing its architectures. 
YOLO [5–8], as the most popular object detection network, revolutionizes object detection by framing it as a regression problem 

and processing the entire image through a single neural network [9]. This enables rapid determination of bounding box positions and 
their corresponding categories [10]. With its fast detection speed and mean Average Precision (mAP) twice that of other real-time 
networks [11], YOLO is widely acclaimed in computer vision and is extensively used in industries like manufacturing, animal hus
bandry, and transportation for tasks such as individual identification and classification [12]. 

However, deploying the YOLO network on mobile devices, especially platforms like drones, imposes strict demands on compu
tational resources [13], especially for the scenario when real-time detection is required. In this scenario, the computational re
quirements of the YOLO network are likely to far exceed the performance limitations of mobile devices. Therefore, the YOLO model’s 
size and complexity should be greatly reduced, otherwise it would impose limitations on its deployment in resource-constrained 
environments. Researchers have been exploring the integration of YOLO with lightweight neural networks (such as Shufflenet [14], 
Mobilenet [15], Ghostnet [16]) for lightweight deployment [17]. These lightweight networks typically exhibit parameter counts below 
4 million, GFLOPS not exceeding 8.5, and achieve FPS rates surpassing 245. However, these lightweight models still have the following 
challenges: Firstly, limited computational capacity makes networks susceptible to overfitting; Secondly, despite maintaining small 
model sizes and fast inference speeds, they struggle to achieve high performance and accuracy; Thirdly, the reduction in computational 
load and complexity may result in a lack of feature representation capability within the networks. In addition, a significant challenge in 
crack detection is the prevalent issue of sample imbalance in crack images, where the number of background pixels is vastly out
numbered by crack pixels [18]. This imbalance substantially increases the difficulty for networks to extract effective features from 
these images and significantly hinders model convergence [19]. Moreover, the inevitable presence of various forms of noise in crack 
images adds to the complexity of model processing. Therefore, despite the obvious advantages of lightweight models in terms of 
processing speed and computational efficiency, they still face numerous challenges and limitations in the specific application of crack 
detection. 

To address the challenges in lightweight crack detection, an improved lightweight crack detection network based on YOLO v5 is 
proposed. The major contributions of this research are as follows:  

• A Feature Enhancement Connection method is innovatively proposed to enhance the contribution of feature information for better 
performance. This method, as an extension and optimization of the traditional Dense Connection approach [20], capitalizes the 
iterative filtering and utilization of abundant low-dimensional information, thereby significantly improving the effective use of 
limited feature information. 

• Two novel convolution modules, the Efficient and Fast Convolution (EFConv) module and the Efficient Adaptive Fusion Convo
lution (EAFConv) module, are developed for efficient feature extraction. The EFConv module is dedicated to efficient feature 
extraction within a shortened inference time, while the EAFConv module focuses on the effective extraction and fusion of features 
from various branches. 

Fig. 1. Architecture of YOLO v5-DE network.  
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• A lightweight feature extraction module named DE is proposed to enhance feature reuse and facilitate gradient flow within the 
model. The network can minimize the gradient disappearance and network degradation and enhance the contribution of feature 
information.  

• The YOLO v5-DE network is constructed, integrating the DE module and utilizing the scale-aware receptive field enhancement 
module [21] with multi-scale feature fusion capabilities, along with the Slim-Neck structure [22]. These designs collectively meet 
the requirements for lightweight deployment in concrete crack detection, ensuring rapid detection speed and high accuracy, with 
reduced model parameters and low computational complexity. 

The structure of this article is organized as follows: Section II details the proposed connection method, convolution modules, and 
feature extraction modules, alongside the core architecture of YOLO v5-DE. Section III discusses the crack dataset, initialization of the 
algorithm, and evaluation metrics. Section IV provides a detailed analysis of the internal structure of the network. Section V introduces 
the experimental procedures, along with analysis and validation. Section VI provides a systematic summary and conclusion of the work 
conducted in this paper. 

2. Proposed network 

2.1. Overall network architecture 

In this paper, a lightweight object detection network named YOLO v5-DE is proposed based on the YOLO v5 network architecture as 
detailed in Fig. 1. This network is designed to achieve high-precision detection while meeting the requirements for deployment on 
mobile devices. In Table 1, detailed explanations of the parameters for the modules utilized in the network are provided. This includes 
the input feature dimensions, convolutional kernel sizes, and stride sizes. 

In crack images, the number of non-crack pixels far exceeds that of crack pixels, with a substantial amount of irrelevant background 
information impeding the accurate identification of cracks. Therefore, to preserve the critical crack feature is the key to accurately 
identify the structural defect. Here, innovative use of the Conv_bn_hswish module on the backbone network effectively preserves 
crucial features of cracks by integrating convolution, normalization, and activation functions. Then it is followed by low-level feature 
extraction through the C3 module and Conv module. In the DE module, emphasis is on the reusing of features in early layers. At the end 
of the backbone network, the C3RFEM (Receptive Field Enhancement Module) [13] is employed to fuse multi-scale feature infor
mation. Due to the extensive adoption of depth-wise separable convolutions within the GSConv [14] and VoVGSCSP [14] modules in 
the Slim-neck component, a minimal parameter count suffices for downsampling and shallow feature fusion operations on the feature 
information from the backbone section. Following this, Slim-neck processes deliver three feature maps of varying dimensions to the 
detector in the head component for prediction. With the increase of the receptive field as depth increases, the network extracts more 
global and higher-level semantic features, hence the feature maps fed into the detector possess a sufficient number of channels. 

2.2. Lightweight feature extraction module 

Due to the high proportion of background pixels in crack images, the effective extraction of features is can be challenging [23], 
resulting in difficulty in capturing sufficient crack-related features and subsequently compromise its predictive capability. To address 
this issue and better utilize feature information in images with imbalanced samples, a DE module is proposed, featuring two distinct 
structural designs with different stride lengths. As illustrated in Fig. 2(a), the configuration with a stride of 1 epitomizes the funda
mental concept of the DE module. In this configuration, the inner branch is responsible for feature extraction. While the incorporation 
of an outer branch at earlier layers, along with the concatenation operation, facilitates the efficient reutilization of low-dimensional 
feature information, establishing direct interlayer connections and allowing early layers to receive direct supervision. This proposed 
DE utilizes both low-dimensional and high-dimensional features, overcoming the limitation of most convolutional neural networks, i. 
e., heavily relying on the highest-dimensional features. As illustrated in Fig. 2(b), for the structure with a stride of 2, an additional 

Table 1 
Detailed configuration table of each module in the YOLO v5-DE network.  

Layers Module/step Input size Kernel size Layers Module/step Input size Kernel size 

1 Conv_bn_hswish/2 640 × 640 × 3 3 × 3 × 16 17 GSConv 20 × 20 × 96 1 × 1 × 256 
2 C3/1 320 × 320 × 16 3 × 3 × 16 18 Upsample 20 × 20 × 256 – 
3 Conv/2 320 × 320 × 16 3 × 3 × 16 19 Concat – – 
4 C3/1 160 × 160 × 16 3 × 3 × 16 20 VoVGSCSP 40 × 40 × 304 1 × 1 × 256 
5 Conv/2 160 × 160 × 24 3 × 3 × 24 21 GSConv 40 × 40 × 256 1 × 1 × 128 
6 DE_Block/1 80 × 80 × 24 3 × 3 × 24 22 Upsample 40 × 40 × 128 – 
7 DE_Block/2 80 × 80 × 24 5 × 5 × 40 23 Concat – – 
8 DE_Block/1 40 × 40 × 40 5 × 5 × 40 24 VoVGSCSP 80 × 80 × 152 1 × 1 × 128 
9 DE_Block/1 40 × 40 × 40 5 × 5 × 40 25 GSConv 80 × 80 × 128 3 × 3 × 128 
10 DE_Block/1 40 × 40 × 40 5 × 5 × 48 26 Concat – – 
11 DE_Block/1 40 × 40 × 48 5 × 5 × 48 27 VoVGSCSP 40 × 40 × 256 1 × 1 × 256 
12 DE_Block/2 40 × 40 × 48 5 × 5 × 96 28 GSConv 40 × 40 × 256 3 × 3 × 256 
13 DE_Block/1 20 × 20 × 96 5 × 5 × 96 29 Concat – – 
14 DE_Block/1 20 × 20 × 96 5 × 5 × 96 30 VoVGSCSP 20 × 20 × 512 1 × 1 × 512 
15 SPPF 20 × 20 × 96 – 31 Detect – – 
16 C3RFEM 20 × 20 × 96 – 32     
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outermost shortcut connection [24] is proposed to mitigate the network degradation caused by increased layer depth and to incor
porate low-dimensional feature information. 

During the feature extraction phase, the input feature map is divided into two parts along the channel dimension through a Channel 
Split operation, and is connected with EFConv and DFC Attention [25] for respective processing. EFConv is tasked with extracting 
high-level feature information, while DFC Attention captures long-range spatial dependencies. The aggregated results of both are then 
concatenated with the input low-level features across channels, maximizing the utilization of feature information. However, the 
concatenation operation, while expanding the feature map to some extent, may also lead to partial loss of orientation and position 
information. 

To enhance the model’s perception of these two types of information, the feature map is fed into CoordAtt [26] to generate 
coordinate-aware feature maps. Subsequently, a reconcatenation of high-level and low-level features across channels is performed, and 
the output feature map size is adjusted by the Transition Layer [20], further optimizing the model capability in feature processing. 

2.3. Dense feature enhancement connection 

When integrating shallow-layer feature information in image fusion, it is inevitable to use convolution operations. However, this 
increases network parameters, and as the layers deepen, gradient vanishing issue is likely to occur. In order to mitigate gradient 

Fig. 2. Architecture of the DE module.  

Fig. 3. Architecture of dense connection.  
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vanishing and fully reuse features, this paper proposes feature enhancement connections inspired by the dense connection structure 
[20]. As shown in Fig. 3, dense connections facilitate feature reuse by establishing cross-channel concatenation between all preceding 
and subsequent layers. While dense connections have the capability to mitigate gradient vanishing, the utilization of cross-channel 
concatenation operations ensures that the feature map sizes are consistent across different layers before concatenation. Through 
this mechanism, the outputs of preceding layers consistently filter out considerable irrelevant background information after passing 
through the attention mechanism. Moreover, the earlier layers undergo multiple rounds of attention mechanisms, thereby ensuring the 
retention and utilization of a significant amount of low-level information, continuously integrating with deeper-level information. To 
further conserve computational resources, YOLO v5-DE employs only one attention module in its feature enhancement connection. 

From Fig. 4, it can be concluded that the input and output formulas are as follows: 

Xi = hi(X0,X1, ⋅ ⋅ ⋅,Xi− 1), i ∈ 1,2, 3,4 (1)  

Where, hi, i ∈ 1,2, 3,4 is a combination function, which generally includes BN (Batch Normalization) [27], ReLu [28], Pooling [29] 
and Convolution operations. 

2.4. Adaptive fusion convolution 

As known, reduction on the computational complexity of models often results in the loss of significant feature information during 
downsampling, which imposes challenge for lightweight networks to balance between computational resources and network per
formance. Here, a module combining the strengths of depthwise separable convolution [30] and the non-parametric attention 
mechanism SimAM [31] is proposed as EAFConv to address this issue. 

As illustrated in Fig. 5, the input feature map initially undergoes Pointwise Convolution (PWConv [30]) for cross-channel infor
mation fusion, followed by Depthwise Convolution (DWConv [30]) to extract deep-level information. Subsequently, the convolved 
feature maps are concatenated for feature reuse. Following this, the SimAM attention mechanism directs the network focus towards 
crack regions in the image and facilitates the fusion of results from both branches. Finally, fine-grained information extraction is 
conducted through PWConv and DWConv. Given the substantial depth of the network, batch normalization operations are introduced 
to expedite network convergence. Finally, the number of output channels is adjusted through depthwise separable convolution, 
enhancing the overall performance of the model while maintaining computational efficiency. 

Fig. 6 illustrates the processing procedures of these two types of convolutions. In terms of computational efficiency, the parameter 
count of depthwise separable convolutions, denoted as K × K × C1 + C1 × C2 , is significantly reduced compared to the parameter 
count K × K × C1 × C2 of standard convolutions, as the former first applies DWConv separately to each channel and then concatenates 
all convolution results through PWConv. 

Moreover, in contrast to well-known attention mechanisms such as SE [32], CBAM [33], and GC [34], SimAM derives 
three-dimensional attention weights within the network layers without adding extra computational load, effectively optimizing the 
neurons within the network layers. This enhancement further improves the model accuracy in object detection and the model 
capability in feature processing. 

2.5. Efficient and fast convolution 

When deploying models on actual mobile devices, the importance of inference time cannot be overstated. While depthwise 
separable convolutions effectively reduce the model FLOPS, their utilization in standard convolutions leads to an increase in inference 
time. To effectively shorten the inference time on mobile devices, the EFConv convolutional module is proposed, as depicted in Fig. 7. 
This module adopts a streamlined and efficient design, comprising only three standard convolutions. Similar to the concept of EAF
Conv, EFConv initially conducts concatenation of deep-level and shallow-level feature maps using two standard convolutions. Here, 
the attention mechanism is removed from the EFConv due to the significant increase in inference time associated with excessive usage 
in the network. Instead, 1 × 1 standard convolutions are employed to achieve full connections between channels, reducing overall 
parameter and effectively integrating feature information. 

3. Methodology 

This section comprehensively describes three datasets utilized in our experiment: Crack Dataset 2218, Crack Dataset 10,000, and 
the Crack-Fly Dataset. Additionally, the section delineates the configuration of the experimental environment and the performance 
evaluation metrics adopted for the network. 

Fig. 4. Architecture of dense feature enhancement connection.  
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3.1. Dataset description 

3.1.1. Crack 2218 dataset 
The Crack 2218 dataset encompasses a diverse range of concrete structures, including roads, bridges, and walls. Comprising a total 

of 2218 images, these photographs were captured on the Wohushan Reservoir Bridge in Jinan, Shandong Province using an iPhone 11 
camera and a UAV (DJI Mavic 3). Additionally, it includes numerous noise-bearing images that reflect real-world environments, such 
as shadows, traffic markings, and expansion joints. The dataset is methodically segmented into training, validation, and test sets in a 
7:2:1 ratio aiming to better investigate the detection performance of YOLO v5-DE in real-world scenarios. The dataset images have a 
resolution of 1024 × 1024 pixels and are systematically divided into training, validation, and test sets in a 7:2:1 ratio. The cracks 
included in the dataset have widths ranging from 1 mm to 4 mm. 

3.1.2. Crack 10,000 dataset 
The Crack 10,000 dataset include a selection of images from the publicly available CrackForest dataset along with approximately 

initial 2000 crack images captured using an iPhone 11 camera, including diverse scenes such as asphalt roads, concrete roads, and 
walls. The image size was standardized to 3042 × 4032. Through preprocessing techniques such as cropping, rotating, and flipping, the 
dataset was expanded to 10,000 images. These were subsequently divided into training and validation sets in a 3:1 ratio. Additionally, 
based on shape characteristics, cracks were classified into five categories: branch, diagonal, horizontal, vertical, and craze, with each 
category comprising 1500 samples. This was undertaken to assess the detection performance of YOLO v5-DE across different appli
cation environments and its ability to handle multi-class detection tasks. The cracks in the images have actual widths ranging from 1 
mm to 4.6 mm, with which the goal is to evaluate the performance of YOLO v5-DE in handling multi-class detection tasks. 

3.1.3. Crack-Fly dataset 
This dataset contains images captured by UAV (DJI Mavic 3). To investigate the detection performance of YOLO v5-DE for 

Fig. 5. Architecture of EAFConv module.  

Fig. 6. Contrast between depthwise separable convolution and standard convolution.  

Fig. 7. Architecture of EFConv module.  
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millimeter-level cracks in real world engineering applications, the lens aperture was set to 2.8f and the lens focal length was set to 35 
mm. A total of 1210 images of cracks on concrete surfaces were captured by a UAV at different distances (120, 150, 180, 200, 220 and 
250 cm) with a resolution of 5280 × 3956 pixels for training, validation, and testing purposes. The cracks captured in the images have 
true widths ranging from 0.8 mm to 4 mm. The intension of using this database is to study the relationship between the crack pixel 
width and different capture heights, thus enabling a better assessment of the network’s performance. 

3.2. Implementation details and network initialization 

The YOLO v5-DE network is developed based on the YOLO v5 framework and implemented within the PyTorch framework. 
Training is conducted on a Windows 10 PC system, equipped with an Intel Xeon W-2255 CPU and an NVIDIA RTX 3090 24 GB GPU. 
Weight updates of the network are carried out using the SGD (Stochastic Gradient Descent) optimizer. CIoU [35] is used to evaluate the 
similarity between predicted and ground truth bounding boxes. The initial learning rate is set at 0.01, with an SGD momentum of 0.937 
and a weight decay of 0.0005. Additionally, the network undergoes three warm-up rounds with an initial momentum of 0.8. Each 
training phase encompasses 200 epochs, with a batch size of 64 for each epoch. 

3.3. Performance evaluation metrics 

Key indicators for object detection in this paper include True Positives (TP), True Negatives (TN), False Positives (FP), and False 
Negatives (FN). These indicators are critical for assessing the accuracy of the YOLO v5-DE network and other networks in crack 
detection tasks. TP and TN represent accurate predictions of positive and negative instances, respectively, while FP and FN denote 
inaccuracies in predicting such instances. 

Precision, defined in Equation (2), quantifies the ratio of true positive instances among those identified as positive by the model. 
Recall, outlined in Equation (3), measures the proportion of actual positive instances correctly identified by the model. The F1 Score, 
representing the harmonic mean of precision and recall, is formally defined in Equation (4). 

precision=
TP

TP + FP
(2)  

recall=
TP

TP + FN
(3)  

F1 Score = 2 ×
precision × recall
precision + recall

(4) 

mAP@.5 and mAP@.5:.95 are used to calculate the mean average precision at various Intersection over Union (IoU) thresholds, 
providing a detailed assessment of the model accuracy across different classes and scenarios. GFLOPS (Giga Floating point Operations 
Per Second) evaluates the computational complexity of the model, offering insight into its processing capabilities. Inference time is a 
measure of the duration required for the model to process input and generate output, crucial for real-time applications. FPS (Frames 
Per Second) serves as an indicator of the model processing speed, reflecting its efficiency in handling image frames. 

4. Analysis of network internal structure 

4.1. Growth rate optimization 

In this section, the impact of growth rate on model performance metrics is explored. The growth rate refers to the number of 
additional channels in each layer of the DE module, including both the aggregated feature map channels and the output channels of the 
second EFConv. Specifically, if the number of channel of the input feature map is K, the number of channel for the i-th layer is denoted 
as K+ (i − 1)growth rate. Optimizing the growth rate to maximize feature information extraction during channel transmission is 
pivotal. 

As illustrated in Table 2, the experimental data reveals that setting the growth rate at 8 results in the highest performance in terms 
of mAP@.5, while setting the growth rate to 96 leads to the highest values in the mAP@0.5:0.95 metric. However, there exists a 
significant difference between these two settings: a disparity of 780,000 in the number of parameters and a gap of 3.1 GFLOPS. 
Additionally, as clearly demonstrated in Fig. 8, there is a noticeable discrepancy in network performance with different growth rates. It 
is evident that setting the growth rate to 8 results in comparatively ideal outcomes across the mAP@.5, mAP@0.5:0.95, and F1 Score 
metrics. Therefore, considering the requirements for lightweight model and computational efficiency, a growth rate of 8 is the more 
appropriate choice for the model. 

Table 2 
Comparative outcomes at varying growth rates.  

Growth rate mAP@.5 mAP@.5:.95 Parameters (million) GFLOPS 

8 0.96 0.719 1.4 3.6 
16 0.925 0.622 1.45 3.9 
32 0.952 0.711 1.56 4.1 
64 0.945 0.694 1.84 5.2 
96 0.956 0.733 2.18 6.7  
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4.2. Comparative analysis on convolution modules 

In this section, the performance of convolution modules will be evaluated on the Crack 2218 dataset, including EAFConv and 
EFConv, as well as the newly introduced lightweight convolution module SCConv. As shown in Table 3, the network using SCConv 
exceeds that using EAFConv by 80,000 parameters and has a GFLOPS advantage of 0.2, failing to demonstrate lightweight advantages. 
In terms of model performance, networks using EFConv exhibit the best performance, especially in the mAP@.5:.95 metric, surpassing 
SCConv and EAFConv by 0.69 and 0.11, respectively. In terms of inference time and FPS, networks using EFConv also perform 
exceptionally well. Additionally, as depicted in Fig. 9, networks using EFConv have a larger area under the PR curve, indicating su
perior performance compared to networks using other convolutions. The experimental results indicate that, although SCConv mini
mizes feature redundancy through separation and reconstruction, the lightweight network requirement of setting the growth_rate to 8 
limits its computational capabilities. This constraint hinders SCConv from effectively separating high-information feature maps from 
low-information feature maps when processing spatial and channel information, resulting in poorer performance. Additionally, while 
the depthwise separable convolution used in EAFConv is highly efficient, the increased memory access operations lead to slower 
inference speeds, which is a critical factor in evaluating performance metrics. Therefore, this study leans towards adopting networks 
using EFConv. 

4.3. Comparative analysis on attention mechanisms 

To delve into the advantages of various attention mechanisms, heat maps were utilized for intuitive demonstration of their effects, 
as depicted in Fig. 10. The DFC attention mechanism captures long-range dependencies in both vertical and horizontal directions 
through vertical and horizontal fully connected layers, thereby achieving precise localization of cracks. However, DFC attention did 
not adequately focus on the cracks as a whole, where circled in red. Subsequently, upon integration with the SE attention mechanism, 
which learns the importance of global channels to enhance useful information in feature maps, it can be observed from Fig. 10 that the 
attention area begins to converge, but there is still a lack of overall focus on the cracks. SE attention does not consider spatial cor
relations and can only enhance local crack information, as indicated in Fig. 10. In contrast, CoordAtt can capture long-range de
pendencies along one spatial direction and preserve precise position information along another spatial direction. This enables 
CoordAtt to form feature maps that are sensitive to both directional and positional crack features. As depicted in Fig. 10, the attention 
area significantly expands along the direction of the cracks, allowing the model to capture more relevant information. Therefore, the 
synergistic operation of DFC and CoordAtt attention mechanisms is more suitable for exerting the feature information filtering role 
within the DE module. 

5. Results and discussion 

5.1. Performance evaluation based on the Crack 2218 dataset 

This section compares the performance of YOLO v5-DE with other lightweight networks and well-known CNN networks on the 

Fig. 8. Visual comparison under different growth rates.  

Table 3 
Model performance comparison on EFConv and EAFConv.  

Networks mAP@.5 mAP@.5:.95 Parameters (million) GFLOPS Inference time (ms) FPS 

v5-DE (SCConv) 0.954 0.65 1.35 3.5 4.24 226.2 
v5-DE (EAFConv) 0.95 0.708 1.27 3.3 3.77 264.9 
v5-DE (EFConv) 0.96 0.719 1.4 3.6 3.38 295.8  
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Crack 2218 dataset, including EfficientDet-D0 [36], CenterNet [37] (ResNet50 [24]), FasterNet, EfficientViT, GhostNet, YOLO v5s, 
and YOLO v7tiny. As shown in Table 4, YOLO v5-DE demonstrates an optimal balance between performance and computational cost. 
Among the eight networks, it ranks first in the mAP@.5 metric and closely follows YOLO v5s in the mAP@.5:.95 metric. In term of 

Fig. 9. Comparative analysis of Precision-Recall across different convolutions.  

Fig. 10. Heatmap comparison of different attention mechanisms in YOLO v5-DE.  
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computational cost, it has lowest number of parameters, GFLOPS and weight, i.e., 1.4 million, 3.6 and 3.3 M, respectively. This balance 
is attributed to the lightweight architecture proposed in this paper and the feature enhancement processing adopted for crack detection 
targets. 

Figs. 11 and 12 present a more intuitive performance comparison of several networks. In both figures, YOLO v5-DE is positioned in 
the top-left corner, indicating its superior performance in key metrics such as mAP@.5 and F1 Score, while maintaining the lowest 
parameter count and computational complexity. In the task of crack detection, compared to mainstream lightweight CNN networks 
such as GhostNet and lightweight networks with transformer such as EfficientViT, YOLO v5-DE not only further compresses model size 
but also exhibits excellent performance. 

Fig. 13 shows comparison of the selected networks on complex images, such as those with various disturbances. When dealing with 
images featuring shadow cover and wooden stick interference, only YOLO v5-DE is capable of accurately identifying the cracks within. 
Although CenterNet, FasterNet, and YOLO v5s can produce detection results with low confidence level and is unable to clearly define 
the edges of cracks. In images with handwritten mark (upper part of the image), YOLO v5-DE also performs well with the highest 
confidence level among the eight networks. Conversely, lightweight networks like FasterNet and GhostNet exhibited misclassification 
issues. This is because GhostNet’s overall design is based on the assumption of feature information smoothness, which leads to in
formation loss when dealing with disturbance possessing pixel resemblance to the crack. For FasterNet, the issue lies in its proposed 
partial convolution, which only extracts features from a subset of channels, resulting in insufficient learning capacity and misclassi
fication problems. Furthermore, experiments conducted on crack images with poor lighting highlight a common challenge among most 
networks: unclear crack boundary detection. This issue stems from the similarity in features between background pixels in shaded 
environments and crack pixels. Notably, the predicted box of YOLO v5-DE conforms most closely to the edges of cracks compared to 
those of several other networks. 

Overall, in terms of actual crack detection performance, YOLO v5-DE exhibits stability that other lightweight networks are lack of, 
demonstrating good resistance to environmental noise interference. This can be attributed to the ability of DE module in enhancing the 
contribution of low-dimensional feature information in the network, as well as the effective fusion of multi-scale fine-grained infor
mation by the C3RFEM module. These results also confirm that YOLO v5-DE meets the performance requirements of lightweight target 
detection networks. 

5.2. Performance evaluation based on the Crack 10,000 dataset 

In this section, the experimental scope has been expanded to include multi-category detection and application in asphalt pavement 

Table 4 
Performances of various lightweight network on Crack 2218 dataset (Bold number indicating best performance).  

Model mAP@.5 mAP@.5:.95 GFLOPS Parameters 
(million) 

Weight 
(M) 

EfficientDet-D0 0.328 / 5.2 3.87 13.81 
CenterNet (ResNet50) 0.732 / 70.2 32.65 108.72 
YOLO v5-FasterNet 0.891 0.57 7.1 3.18 6.8 
YOLO v5-EfficientViT 0.913 0.535 5.9 3.02 6.9 
YOLO v5-GhostNet 0.952 0.731 8.3 3.69 7.9 
YOLO v5s 0.955 0.72 16.0 7.22 14.1 
YOLO v7tiny 0.946 0.682 13.0 6.0 12.0 
Ours 0.96 0.719 3.6 1.4 3.3  

Fig. 11. Performances of different lightweight networks on mAP@.5 and parameters.  
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surfaces. Experiments were conducted using the Crack 10,000 dataset to evaluate the performance of chosen networks. The 
comprehensive results of these evaluations are presented in Table 5. Relative to the baseline network YOLO v5s, the YOLO v5-DE, 
configured with a growth rate of 64, demonstrates an increase of 1.3% in mAP@.5 and 4.2% in mAP@.5:.95, respectively. The 
proposed network also has the least GFLOPS, number of parameters and model weights. 

Fig. 14 compares the performances of various lightweight networks using the Crack 10,000 database. In the Crack 10,000 dataset, 

Fig. 12. Performances of different lightweight networks on F1 score and GFLOPS.  

Fig. 13. Performance comparison of different networks in detecting representative cracks (misdetected objects are indicated by light blue circles, undetected objects 
are denoted by dark blue circles, and incomplete detections are represented by green circles). 

Table 5 
Performances of various lightweight network on Crack 10,000 dataset (growth_rate = 64).  

Model mAP@.5 mAP@.5:.95 GFLOPS Parameters 
(million) 

Weight 
(M) 

EfficientDet-D0 0.549 / 5.2 3.87 13.81 
CenterNet (ResNet50) 0.795 / 70.2 32.65 108.72 
YOLO v5-FasterNet 0.752 0.495 7.1 3.18 6.8 
YOLO v5-EfficientViT 0.762 0.528 5.9 3.02 6.9 
YOLO v5-GhostNet 0.792 0.607 8.3 3.69 7.9 
YOLO v5s 0.789 0.573 16.0 7.22 14.1 
Ours 0.802 0.615 5.2 1.85 4.2  
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images captured from an oblique angle, images with paint cover, images with sediment interference and images with poor lighting are 
selected to examine the network performance. When detecting images captured from an oblique angle, EfficientDet, CenterNet, and 
YOLO v5s mistakenly identified two cracks due to the loss of local pixel information caused by the tilted angle. In contrast, only YOLO 
v5-DE demonstrated ideal recognition performance under the mentioned types of noise, while other networks encountered issues such 
as misclassification and failure. When faced with sediment interference, all networks except EfficientDet exhibited good resistance to 

Fig. 14. Networks performance comparison in multi-class crack detection (misclassifications are indicated by light blue circles, undetected objects are denoted by dark 
blue circles, and incomplete detections are represented by green circles). 

Fig. 15. Crack width measurement schematic.  
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interference.It is worth noting that EfficientDet frequently misclassified during the experiment, which can be attributed to the 
computational limitations of its D0 version. This limitation is due to insufficient extraction of multi-scale information before inputting 
into the weighted bidirectional feature pyramid network, resulting in inadequate network feature representation. With less compu
tational requirement, YOLO v5-DE mitigates these shortcomings by employing the DE module for global low-dimensional information 
supplementation. Additionally, it conducts multi-scale information fusion and channel shuffle operations, partially compensating for 
computational deficiencies. The experimental results demonstrate that YOLO v5-DE exhibits excellent detection performance and 
outperforms other networks when conducting classification tasks in complex scenes with various types of noise. 

5.3. Millimeter-level crack detection based on the Crack-Fly dataset 

In this section, we investigated the impact of different shooting distances on network performance using the Crack-Fly dataset, 
which contains crack images captured at various distances. Specifically, we randomly selected ten images as testing set taken at 
distances of 120 cm, 180 cm, and 220 cm to represent the real-world scenarios of low, medium, and high shooting heights. The 
remaining images were divided into training and validation sets in a 9:1 ratio. Additionally, transfer learning was employed to fine- 
tune YOLO v5-DE, pre-training the model on the Crack 2218 dataset and further refining it on the Crack-Fly dataset. 

To accurately assess the performance of the network at each shooting distance, separate experiments were conducted for the three 
distances, with crack widths ranging from 0.8 to 4 mm. The original high resolution images are adjusted to be 640 × 640 pixels 
considering the computational resource constraints in practice and the requirement for inference speed. However, this adjustment 
undoubtedly imposes great challenge to the network to delineate crack boundaries, as the compressed images contain blurriness and 
have less proportion of crack pixels. 

As shown in Fig. 15, the pixel width of cracks in the image was measured using the orthogonal skeleton method. The solid green line 
represents the edge of the crack, the black dashed line indicates the skeleton of the crack, and the yellow dashed line represents the 
width of the crack. According to the measurement results, at a height of 1.2 m, a crack with a real-world width of 1 mm corresponds to 
a width of 2.6 pixels in an image with a resolution of 5280 × 3956 pixels. At a height of 1.8 m, this relationship is 1 mm = 2.1 pixel, 
while at a height of 2.2 m, it is only 1 mm = 1.7 pixel. 

Fig. 16 shows the detection results for images taken at distances of 1.2 m, 1.8 m and 2.2 m, with crack widths ranging from 0.8 mm 
to 3 mm. Despite the resolution of 5280 × 3956 pixels and the gradual increase in distance, it is still difficult to observe the cracks with 
the naked eye. At a distance of 1.2 m, the network can accurately identify and delineate crack boundaries. When the distance extends to 
1.8 m, although there is a decrease in confidence, the network still demonstrates satisfactory detection performance. However, at a 
distance of 2.2 m, there is a slight error in defining crack boundaries, yet YOLO v5-DE can still accurately identify the crack locations 
even under shadow interference. It can be seen that although the confidence for each crack decreases with increasing distance, the 
network maintains good detection performance within a shooting distance of 2.2 m and can cope with environmental noise 
interference. 

Fig. 17 illustrates the evolve of mAP@.5 metric along epoches during training for YOLO v5s, YOLO v7tiny, and YOLO v5-DE at 
three different shooting distances. It is evident that regardless of the shooting distance, the YOLO v5s network exhibited the best 
training results, with the fastest convergence speed among the three networks. However, as indicated in Table 6, during testing, at 
shooting distances of 1.2 m and 1.8 m, YOLO v5s has significant overfitting, where the mAP@.5 metric during testing was lower than 
that during training. For instance, at a shooting distance of 1.2 m, the mAP@.5 during training could reach 0.992, whereas during 
testing, it was only 0.866. This phenomenon was also observed in the YOLO v7tiny network. On the other hand, due to limited 
computational resources and low-resolution images, feature extraction was more challenging for YOLO v5-DE, as reflected in the test 
results. Although the mAP@.5 metric reaches approximately 0.98 at distances of 1.2 m and 1.8 m, the gradual reduction in extractable 
crack pixels as the shooting distance increases to 2.2 m exposes the disadvantage of YOLO v5-DE in feature representation. Its 

Fig. 16. Detection images captured at different shooting distances.  
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Fig. 17. Performance comparison of different networks on the Crack-Fly dataset.  
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performance begins to fall below that of YOLO v5s and YOLO v7tiny as the distance increases. 
Overall, while increasing shooting distances gradually decrease, YOLO v5-DE as a lightweight network, still demonstrates excellent 

performance in crack detection tasks and is applicable for structural inspections in practical scenarios. 

5.4. Ablation study 

To evaluate the effectiveness of the proposed network in crack detection, ablation studies were conducted on the DE module, CA 
(Coordinate attention), RFEM module, and the Slim-neck structure, shown in Table 7. The DE module, featuring dense feature 
enhancement connections, significantly reduces the weight size by 46.9%, parameter count by 53.1%, and computational complexity 
by 45.7% of the baseline network, while maintaining nearly the same level of accuracy. This robustly validates the superior perfor
mance of the DE feature extraction module proposed in this paper. Furthermore, the synergistic operation of these modules has led to 
notable improvements in inference time and FPS. Additionally, as depicted in Fig. 18, the PR (Precision-Recall) curve of YOLO v5-DE 
essentially overlaps with that of YOLO v5s throughout most of the curve. However, towards the end of the curve, as the threshold 
values increase, the confidence cannot reach the threshold, resulting in YOLO v5-DE trailing slightly behind YOLO v5s. This is due to 
the limited computational capacity of YOLO v5-DE compared to YOLO v5s, resulting in slight deficiencies in feature extraction for 
YOLO v5-DE and consequently slightly lower confidence. Nevertheless, the overall performance of the network still demonstrates a 
balance between lightweight design and network performance. 

6. Conclusion 

In this paper, a lightweight crack detection network for concrete surfaces, YOLO v5-DE, is proposed to address the challenges 
encountered in practical crack detection. YOLO v5-DE enhances the feature information contribution in the model by strategically 
reusing low-dimensional information after multiple filtrations. The efficient EFConv convolutional module, proposed in this work, not 
only fully extracts features but also shortens the inference time, achieving a detection accuracy of 96%, a frame rate of 295.8 FPS, and 
an inference time of 3.38 ms with only 1.4 million parameters, thus offers an optimal balance between lightweight design and 

Table 6 
Performance comparison of different networks on crack image detection at different shooting distances.  

Network mAP@.5 at different shooting distance 

1.2 m 1.8 m 2.2 m 

YOLO v5s 0.866 0.921 0.989 
YOLO V7tiny 0.898 0.935 0.997 
YOLO v5-DE 0.978 0.989 0.966  

Table 7 
Ablation study results for DE, CA, RFEM, and Slim-Neck in crack detection.  

Model mAP@.5 Weight 
(M) 

Parameter 
(million) 

GFLOPS Inference time (ms) FPS 

v5s 0.955 14.1 7.22 16.0 4.3 232.4 
v5s + DE 0.946 7.4 3.37 8.7 4.35 230.0 
v5s + DE (+CA) 0.954 7.5 3.39 8.7 4.56 219.3 
v5s + DE (+CA) + Slim-Neck 0.951 3.3 1.37 3.6 3.39 296.0 
v5s + DE (+CA) + Slim-Neck + RFEM 0.96 3.3 1.4 3.6 3.38 295.8  

Fig. 18. Comparative analysis of Precision-Recall across different stages.  
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performance. To further evaluate the proposed model, experiments were conducted using the Crack 10,000 dataset, which includes 
multiple categories of cracks and asphalt pavement scenarios. The results demonstrate that YOLO v5-DE performed exceptionally well 
in comparative experiments, achieving an accuracy of 80.2%. Additionally, this paper delves into the impact of images taken at 
different shooting distances on network performance. The experiments show that with millimeter-level crack images captured at a 
height of 2.2 m, YOLO v5-DE maintains a precision of 96.6%. Overall, YOLO v5-DE demonstrates excellent performance in terms of 
detection accuracy and speed. Its lightweight feature, robustness and excellent performance place the network as a great candidate for 
deployment on mobile devices. 
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