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Abstract

:

Wind turbine blades will suffer various surface damages due to their operating environment and high-speed rotation. Accurate identification in the early stage of damage formation is crucial. The damage detection of wind turbine blades is a primarily manual operation, which has problems such as high cost, low efficiency, intense subjectivity, and high risk. The rise of deep learning provides a new method for detecting wind turbine blade damage. However, in detecting wind turbine blade damage in general network models, there will be an insufficient fusion of multiscale small target features. This paper proposes a lightweight cascaded feature fusion neural network model based on YOLOX. Firstly, the lightweight area of the backbone feature extraction network concerning the RepVGG network structure is enhanced, improving the model’s inference speed. Second, a cascaded feature fusion module is designed to cascade and interactively fuse multilevel features to enhance the small target area features and the model’s feature perception capabilities for multiscale target damage. The focal loss is introduced in the post-processing stage to enhance the network’s ability to learn complex positive sample damages. The detection accuracy of the improved algorithm is increased by 2.95%, the mAP can reach 94.29% in the self-made dataset, and the recall rate and detection speed are slightly improved. The experimental results show that the algorithm can autonomously learn the blade damage features from the wind turbine blade images collected in the actual scene, achieve the automatic detection, location, and classification of wind turbine blade damage, and promote the detection of wind turbine blade damage towards automation, rapidity, and low-cost development.
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1. Introduction


As a green renewable energy source, wind energy is crucial to the future of renewable energy production [1]. Wind turbine blades play an important role in capturing wind energy and converting it to electricity. Due to long-term work in a complex terrain environment with many winds, sand, salt spray, and multiple disasters, the blade surface is often damaged by various media [2,3]. After the formation of damage, it will gradually expand over time, affecting the power generation efficiency and even causing safety accidents, such as blade breakage. In order to avoid such incidents, wind farms need to inspect the surface damage to wind turbine blades regularly.



The traditional methods to detect wind turbine blade damage involve manual visual inspections, which are inefficient, inaccurate, and costly [4]. With the rapid development of computer vision technology, new ideas for intelligent industrial damage detection have emerged [5]. Using a deep learning target detection algorithm to detect blade damage earlier in wind turbines allows for improving the detection efficiency and reducing the wind turbines’ maintenance costs, accounting for 25–30% of the total cost of wind energy production [6].



The current mainstream target detection algorithms can be divided into single-stage and two-stage target detection algorithms according to their design principles. The former extracts the feature information of the input image through a feature extraction network and directly completes the location information regression and its category prediction, whereas the latter generates candidate regions and classes them to complete the detection task. Due to its speed and ease of deployment, the single-stage target detection algorithm is more suitable for practical application scenarios.



The single-stage detection algorithm mainly includes the YOLO series, SSD, and FCOS. Among them, the YOLO target detection algorithm has a relatively fast detection speed, light network, and simple structure. It is currently the most widely used single-stage target detection algorithm. Sun et al. proposed the YOLOX algorithm and adopted improvements such as SimOTA and decoupling headers to improve the detection performance significantly. YOLOX includes a variety of models of different sizes. The YOLOX-S model has fewer parameters and is more suitable for application scenarios with high real-time requirements [7]. Based on the existing YOLOX model, Xu et al. introduced the MobileViT module and channel attention (ECA) module to enhance the feature extraction capability of the backbone network output and strengthen the weight of virtual channels to improve the detection accuracy of steel surface damages [8]. Shen et al. proposed a multiple attention-mechanism-enhanced (MAME)-YOLOX by introducing a CBAM attention mechanism [9] in the YOLOX backbone to allow the detection network to focus on saliency information [10]. Tang et al. improved the feature fusion network of YOLOX and proposed a predictive detection head with two residual branches to improve the detection performance of the model [11].



The above detection method can intelligently detect general damages. However, when detecting blade damages with a small size and a large scale of variation in characteristics, the poor fusion of the shallow detail features and the deep high-level semantic features cannot be deeply integrated. Furthermore, the relatively complex algorithm structure and high model training cost make it difficult to migrate and deploy the method to realistic edge network platforms.



We provide an efficient scale-aware damage detection model called WT-YOLOX, based on YOLOX, to address the abovementioned problems. Our main contributions are as follows:




	
Introducing the RepVGG into the backbone of the YOLOX so that it can be re-parameterized to further increase the network feature representation power and balance the model’s speed and accuracy;



	
A cascade feature fusion module is designed to perform a new cascade fusion of the neck’s multiscale input features, thereby enriching the deep semantic information of small targets and increasing feature utilization between the network layers;



	
The focal loss is introduced to increase the network model’s focus on difficult positive samples and its learning capacity.









2. Models and Datasets


2.1. Dataset


Wind turbine blades work in areas with complex and changeable climates for a long time, and various surface damages that endanger the health of the blades will occur. The following is an introduction to the characteristics and causes of common surface damages to wind turbine blades during their operation:




	
Pollution: The long-term operation of the wind turbine will cause the body oil to flow to the blade’s surface and then volatilize to produce oil and dirt. If oil stains exist on the blade’s surface for a long time, the blade will be more susceptible to erosion by external environmental factors such as wind, sand, and rain, which will cause more severe failures;



	
Fix: In the field data collection process of the wind field, it is found that a large proportion of wind turbine blades have edge repairs, and repaired areas are more prone to damage than unrepaired areas, so they are called potential damage areas;



	
Crack: Cracks are a common surface damage type of wind turbine blades during their operation. The blades will be interacted with by inertial forces during the working process, resulting in vibration. Cracks are generally produced by vibration. The size of the crack is small when it first appears, but after years of wind, sand, rain, and lightning erosion, the size of the crack will further expand. If it cannot be found and repaired in time, it will develop into a fracture under the action of alternating loads;



	
Break: After the fan has been in continuous operation for many years, the protective layer on the surface of the blade may be broken due to wind and sand erosion, air corrosion, and strong ultraviolet radiation, resulting in wear and tear of the coating and further increasing the brittleness of the blade. Continuing to run for a long time is very likely to cause the blade to break.








The experimental dataset was collected from a wind farm in Inner Mongolia. It contains a total of 725 color damage images with a resolution of 2560 × 1920. Firstly, the resolution of all sample images was converted to 640 × 640, and the labeling tool LabelImg was used to label and filter the image samples according to the Pascal VOC dataset format, in which there are four types of surface damage—Break, Pollution, Crack, and Fix—before finally generating an annotation file of the xml type for YOLO model training. Furthermore, we used offline data enhancement methods such as contrast, rotation angle, and flip to enrich the wind turbine blade damage data information and increase the enhanced model’s robustness and generalization. After the data enhancement, the sample data in the form of 5800 VOC sets were obtained. Table 1 displays the sample number distribution for the four damage data types and the ratio of 7:2:1 for the training, validation, and test sets, respectively. All of the models used in the experiment were trained on the training set. Sample images of each category in the dataset are shown in Figure 1. To compare the ablation experiments and other existing methods, the validation set was used.




2.2. Network Models


2.2.1. YOLOX Network Model


YOLOX uses the CSPDarknet [12] network to extract the features of the detection targets, and the neck continues the PAFPN [13] path fusion pyramid network structure of YOLOv4 [14] to fuse the model features. To more effectively balance the conflict problem between the classification and regression tasks [15], YOLOX adopts a decoupled head structure, i.e., it first reduces the channel size via convolutional dimensionality reduction, and then independently resolves the classification and regression tasks by using convolutional operations with parallel branches. In addition, YOLO uses Mosaic and MixUp augmentation strategies to enrich the data and directly predict the category information in an anchor-free way. Then, the strategies are combined with the SimOTA dynamic positive-sample label assignment strategy. Compared with other single-stage target detection algorithms, the model parameters are greatly reduced, and the network convergence speed is increased. The overall network structure diagram of YOLOX is shown in Figure 2.




2.2.2. RepVGG Network Model


The RepVGG network consists of two parts: the training phase and the inference phase [16]. Its network structure is shown in Figure 3a,c. In the training phase, parallel 1 × 1 convolutional branches and identity residual mappings are added to each 3 × 3 convolution based on the ResNet [17] multi-branch topology and residual structure to accelerate the convergence of the model, avoid the disappearance of the network gradients, and increase the model’s ability to extract features [18]. In the inference phase, the multi-branch topology in the training phase is equivalent to a single-path approach of fusing the data into a 3 × 3 convolution and ReLU activation function via structural re-parameterization to achieve an enhanced speed and accuracy tradeoff [19]. The process is shown in Figure 3b.



The process of re-referencing the RepVGG model structure is as follows [20]:




	
Parameter fusion of the BN and convolutional layers in the multi-branch residual structure is performed, as shown in Equations (1) and (2):










   W i ′  =     γ   i       σ   i       W   i    



(1)






   b i ′  = −     μ   i    γ i      σ   i     +   β   i    



(2)




where     W   i     denotes the parameters of the convolutional layer before conversion;     μ   i    ,     σ   i    ,     γ   i    , and     β   i     denote the mean, variance, scale factor, and offset factor of the batch normalization (BN) layer, respectively, and     W   i   ′     and     b   i   ′     denote the weight and bias of the convolution after fusion, respectively;



	2.

	
The identity residual mapping branch equivalent to a 1 × 1 unit convolution is converted to a 3 × 3 unit convolution using a complementary zero-filling operation;




	3.

	
The three branches’ convolution layers and bias correspondences are added together to obtain a 3 × 3 convolution.









2.3. Methods


This section introduces the proposed blade damage detection model WT-YOLOX in detail, including the introduction of its structure and its contribution. The overall network structure diagram of WT-YOLOX is shown in Figure 4. We introduce the proposed improvement strategy based on the YOLOX model.



2.3.1. Backbone Improvements


CSPDarknet uses a multi-branch parallel network structure design in which neuron node gradients are repeatedly calculated during backpropagation, which reduces the model’s inference speed and feature-learning capability. Based on the excellent characteristics exhibited by the RepVGG network, we optimized the YOLOX feature extraction network—denoted as SimRepVGG—to enhance the ability of the model to learn small target damages to meet the demand for high accuracy and speed when detecting wind turbine blade damages.



In the training phase, the primary component of SimRepVGG is the RepBlock [20], whose structure is shown in Figure 5a. Each RepBlock consists of several RepVGG blocks with a 3 × 3 convolution, parallel 1 × 1 convolution branches, and identical residual mapping. In the inference stage, each RepBlock is transformed into a RepConv layer (Conv 3 × 3) with a ReLU activation function, as depicted in Figure 5b. ReLU has a lower computational model complexity than the Mish activation function used by CSPDarknet. The enhanced SimRepVGG network, depicted in Figure 5c, increases the capacity of the backbone network to extract target features and accounts for the model detection speed, thereby facilitating the deployment of edge device models.




2.3.2. Neck Improvements


In the wind turbine blade damage detection task, there exist certain blade damage features that are broadly similar, with only slight differences in the details. As the depth of the network continues to increase, the semantic information contained in the feature map continues to accumulate, while the shallow representational information fades. The YOLOX-S network uses the shallow feature layer in the backbone network to connect to the neck network; however, small targets are inherently smaller in size on the map, and after the model’s downsampling process, small target feature perceptual fields are continuously amplified, so fewer and fewer features can be utilized.



To further increase the detection accuracy and enhance the ability of the backbone network to extract features, similar to the ASPP structure [21], we introduced a plug-and-play cascade feature fusion module (CFFM) at the output position of the model’s backbone feature extraction. This was performed to fully conduct a fusion of shallow detail information and deep high-level semantic information to increase the amount of useful information on blade damage features obtained by the model. Its structure is shown in Figure 6. The CFFM comprises the lightweight and efficient ECA channel attention module and the cascade interaction module.



The ECA block directly corresponds to the channel and attention weights. It achieves a local cross-channel interaction through grouped convolution and avoids a reduction in learning ability because it reduces the network’s dimensionality and enhances the model’s use of user information. After the images are extracted by using SimRepVGG’s backbone features, three sub-feature maps are generated at different scales. ECA-Net first performs the global average pooling [22] of the sub-feature maps and then directly uses the k method of adaptively selecting the size of the one-dimensional convolutional kernel for weight-sharing learning. Then, it utilizes the sigmoid activation function to obtain the weights of each channel, which enhances the features in specific regions and generates an optimized feature map to increase the capability of the model to detect small targets. Figure 7 displays the ECA structure.



In Figure 7,   x   is the input feature map;   H  ,   W  , and   C   denote the height, width, and number of channels of the feature map, respectively;     x  ~    is the output feature map,   σ   is the sigmoid activation function,   ⊗   is element-by-element multiplication,   k   is the adaptive convolution kernel size, and the mapping relationship between the kernel size and the channel dimension   C   is shown in Equation (3):


  k = ψ   C   =           log   2    ⁡    C       γ   +   b   γ       o d d    



(3)







In this study, we set   γ   and   b   to 2 and 1, respectively;             log   2    ⁡    C       γ   +   b   γ       o d d     indicates that the result is close to an odd number.



The model’s features were fully fused to further enhance the feature utilization between the network layers and reduce redundant information. The initial feature fusion of the three sub-feature maps of the ECA attentional feature enhancement mechanism was performed using the cascade fusion method.



Figure 8 shows the structure of the AE module, which was used to extend the dimensionality of the fused feature maps using depthwise (DW) and pointwise (PW) convolution to retain as much feature information about the target as possible [23]. DW convolution was then performed with 3 × 3 and 5 × 5 convolution kernels to obtain multisensory field feature maps, and the weights were reassigned to different feature maps by using the ECA attention mechanism. By using the ECA attention mechanism, the cascade fusion enhancement of the features was achieved by reassigning weights to the feature maps of different receptive fields. The implementation process is shown in Equations (4)–(7):


  s t e p 1   =   P 4   +   U p s a m p l e   P 5    



(4)






  s t e p 2   =   s t e p 1   +   D o w n s a m p l e   P 3    



(5)






  P   4   ′     =   A E   C o n c a t   s t e p 1 , s t e p 2      



(6)






  P  3 ′    =   C o n c a t   P 3 , U p s a m p l e ( P  4 ′  )    



(7)







The feature heatmap generated by the cascaded feature fusion module is shown in Figure 9. After the feature map is processed by the cascaded fusion information of the CFFM module, the network maintains more boundary information. It also focuses the network model on the center of the target, demonstrating the effectiveness of the CFFM module’s design.




2.3.3. Loss Function Improvements


The wind turbine blade damage target resembles the blade background, and when the damage scale is small, distinguishing between positive foreground samples and negative background samples is difficult [24]. During the model training, the ratio of positive to negative image samples is severely unbalanced. Many simple negative samples dominate the network’s optimization procedure, which results in the insufficient learning of the foreground positive sample targets by the model, along with low recall and unstable model performance. We present the focal losses (FLs) [25] to replace the YOLOX confidence loss cross-first function to address this problem. The FLs are defined as shown in Equations (8) and (9):


  F l s   =     α   1 −   y  ^      γ       ln  ⁡    y  ^          y = 1  



(8)






  F l s =   1 − α         y  ^      γ     ln  ⁡    1 −   y  ^          y = 0  



(9)




where   α ∈   0,1     is the relevant balance coefficient to solve the imbalance between the positive and negative sample proportions;   γ   is the simple sample loss decline rate weight adjustment factor, and   γ   > 0;   y   represents the label, whereby the correct classification takes the value of 1 and is otherwise set to 0; and     y  ^    is the probability value that the prediction result is a certain category of damages.



To solve the category imbalance problem, the FLs dynamically adjust the loss according to the confidential information of the model. As the confidential information of the correct prediction increases, its corresponding weight loss gradually decreases. By adjusting the weight information, the model is adjusted to pay more attention to the hard-to-classify samples during the training process, thereby increasing the network’s convergence speed and recognition accuracy.






3. Results


3.1. Evaluation Metrics


Average precision (AP), mean average precision (mAP), recall, and frames per second (FPS) were selected as the main indicators of the experimental results to evaluate the model’s effectiveness in detecting faults in the wind turbine blades, as defined by Equations (10)–(12):


  A P =   T P   T P + F P    



(10)






  m A P =     ∑  i = 0   n      A P   i       n   , n = n u m   o f   d e f e c t s  



(11)






  R e c a l l =   T P   T P + F N    



(12)







In this study, AP represents the proportion of damages correctly predicted for a particular damage type relative to the total number of damages predicted for that damage type. The category-wide average detection accuracy, mAP, is calculated by taking the mean of the average detection accuracy for all categories, where     A P   i     is the average detection accuracy for damages in category   i  . mAP50 is the traditional detection standard that evaluates the accuracy of predictions with an IoU greater than 0.5 for the target to be detected in the test set. mAP is used in this study to denote mAP50. Recall represents the proportion of damages correctly predicted for a particular damage type relative to the total number of damages, and FPS represents the number of frames per second detected.



True positive (TP) represents the positive samples predicted as a positive class by the model, false positive (FP) represents the negative samples predicted as a positive class by the model, false negative (FN) represents the positive samples predicted as a negative class by the model, and n represents the object detection category set.




3.2. Experimental Setups


The implementation experiments were conducted in the same environment. To match the input size requirements of the different models, we evenly drew the dataset resolution from 640 × 640 in 32 steps, with uniform input sizes from 448 to 832. The relevant settings for the model during training were as follows: We let the model train for 300 epochs on an NVIDIA GeForce GTX2080Ti with a batch size of 64. To improve the model training effect, we performed a 5-epoch warm-up and used stochastic gradient descent (SGD) to increase the iteration speed of the network model; more detailed parameters were set with an initial lr = 0.01. The learning rate using the cosine lr scheme was set to lr × batch size/64, the SGD momentum to 0.9, and the weight decay to 0.0005. There may be fine-tuning of the parameter settings during training for different models.



The competitive algorithms included Faster R-CNN [26], SSD [27], YOLOv3 [28], YOLOv7 [29], and YOLOX-S. The reason for choosing the above algorithm was that Faster R-CNN is a typical representative of two-stage methods, whereas SSD, YOLOv3, YOLOv7, and YOLOX-S are representative of single-stage methods. The parameter settings of the competitive algorithms followed a unified standard.




3.3. Analysis


The values of the parameters γ and α in the focal loss were compared in the experiments. We referred to a large number of focal loss experiences in the parameter settings of γ and α in the relevant experiments of the application of the target detection algorithms, and we finally selected γ values of 1, 2, and 3, and α values of 0.25, 0.50, and 0.75—a total of nine sets of parameter combinations—and verified them on the network model. The experimental results are shown in Table 2. We found that the model had the highest detection accuracy when γ was 2 and α was 0.25.



To further verify the necessity of module enhancement on model gain and its impact on model performance, four sets of relevant ablation experiments were designed to analyze the enhancement part. Each experimental group’s fundamental training parameters were kept constant, except for the module validation. Table 3 depicts the results of the ablation experiments.



The experiments were conducted using YOLOX-S as the baseline. As shown in Table 1′s comparison of the group 1 and 2 experiments, the mAP value increased from 91.34% to 91.54% after the backbone feature extraction network was replaced with SimRepVGG. The results of the experiments demonstrated that the lightweight network RepVGG increased the model’s capacity to extract features from the backbone network. Comparing the results of the group 2 and 3 experiments revealed that the CFFM cascade feature fusion module increased the mAP value by 2.15%. This suggests that the CFFM module can successfully enhance the model’s capacity to detect targets through multiscale cascade fusion. Invoking the FL loss function increased the mAP to 94.29%, as evidenced by comparing the results of the group 3 and 4 experiments. The results showed that FLs can effectively balance the positive and negative sample distributions and increase the network’s detection accuracy for difficult samples.



To further verify the advantages of the WT-YOLOX network model for wind turbine blade damage detection, we compared the model with the current mainstream target detection models by using a homemade dataset. The results of the comparison experiments are shown in Table 4.



Compared with the two-stage mainstream detection algorithm Faster-RCNN and the single-stage detection algorithms SDD, YOLOv3, YOLOv7, and YOLOX-S, the average detection accuracy of the WT-YOLOX algorithm was higher by 20.64%, 9.39%, 4.79%, 4.09%, and 2.95%, respectively. The network model’s detection speed also increased to some extent. Table 5 shows the AP and recall of the model when detecting four different damage types to more clearly delineate the differences in performance between the enhanced and original models. The data showed that the enhanced WT-YOLOX model achieved higher values for both metrics. Figure 10 shows the detection results of YOLOX-S and WT-YOLOX in an actual wind farm scenario. In the first case, the original image of the turbine blade damage to be detected is shown, whereas in the second and third cases, the actual detection images of YOLOX-S and the modified WT-YOLOX are displayed, respectively. The detection images demonstrated that although YOLOX can detect the target, the enhanced model can detect the target more accurately.



By conducting a comparative experimental analysis, we found that the enhanced YOLOX-S network model considerably enhanced the ability of the model to detect all four damage types of wind turbine blades compared with the enhanced network. The enhanced algorithm had a more balanced detection accuracy and speed. The algorithm can easily be deployed on the mobile side, meaning that it can more efficiently meet the actual industrial inspection needs.





4. Conclusions


With many object detection engineering technologies, an improved detection algorithm WT-YOLOX is proposed, which can achieve fast and accurate blade surface damage detection.



Compared with the benchmark network YOLOX, WT-YOLOX reduces the number of network parameters and calculations in the inference stage and improves the model’s feature fusion and classification capabilities. WT-YOLOX achieved an overall average accuracy rate of 94.29% for the four blade-damage types in the dataset collected in Inner Mongolia, which is 2.95% higher than that of the YOLO-S primary network. The backbone feature extraction network of WT-YOLOX adopts a single-channel structure in the inference stage, so even if a new cascaded feature fusion module is introduced in the neck part, the inference network model parameters still need to be significantly improved. A good balance is achieved between them, which is conducive to deploying terminal detection equipment. The cascaded feature fusion module can redistribute the weights of the feature maps of different channels, strengthen the extraction of deep information from the network structure, and effectively extract many fine-grained features. Focal loss can control the weight of easy-to-classify and difficult-to-classify samples. By reducing the weight of easy-to-classify samples, we can focus more on difficult-to-classify samples during training, promoting the training of this dataset.



The algorithm in this research only uses the image data of the wind field in a single region of Inner Mongolia in the experiment, and the data environment and damage types need to be richer. In future work, more wind turbines in different regions should be inspected to enrich the blade damage data and explore more data augmentation methods that improve the algorithm model’s robustness and generalization ability.
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Figure 1. Sample diagrams from each category of damage in the dataset. The damage types are Fix, Pollution, Crack, and Break. In order to facilitate the display of the dataset, we adjusted the image resolution. 






Figure 1. Sample diagrams from each category of damage in the dataset. The damage types are Fix, Pollution, Crack, and Break. In order to facilitate the display of the dataset, we adjusted the image resolution.



[image: Energies 16 03776 g001]







[image: Energies 16 03776 g002 550] 





Figure 2. Diagram of the network structure of YOLOX. 
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Figure 3. Building RepVGG via structural re-parameterization: (a) Training-time multi-branch architecture. (b) Structural re-parameterization of a RepVGG block. (c) Re-parameterization for a plain inference-time model. 
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Figure 4. Diagram of the network structure of the WT-YOLOX detector. 
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Figure 5. (a) The RepBlock is composed of several RepVGG blocks with ReLU activations at training; (b) the RepVGG block is converted to RepConv at inference time; (c) the SimRepVGG Backbone. Replace the ordinary Conv layer with stride = 2 in backbone with the RepConv layer with stride = 2, and the original CSP Block is redesigned as RepBlock, in which the first RepConv of RepBlock will perform channel dimension transformation and alignment. 
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Figure 6. Illustration of CFFM, of which the cascade fusion and AE structure are the main parts. AE stands for the split and aggregation enhancement module. The ECA block represents the channel attention block. 
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Figure 7. The architecture of the ECA. 
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Figure 8. Detail of the AE. PW and DW denote the PW convolution and DW convolution, respectively. ECA block denotes the channel attention block, and the transition layer is usually implemented by 1 × 1 convolution. 






Figure 8. Detail of the AE. PW and DW denote the PW convolution and DW convolution, respectively. ECA block denotes the channel attention block, and the transition layer is usually implemented by 1 × 1 convolution.



[image: Energies 16 03776 g008]







[image: Energies 16 03776 g009 550] 





Figure 9. Illustration of a sample image from the dataset, along with the integrated feature map generated by CFFM. 
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Figure 10. Visualized results of YOLOX and WT-YOLOX (mAP50). 
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Table 1. Dataset damage types and quantity expansion.
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	Damage Types
	Break
	Pollution
	Crack
	Fix
	Total Number





	Before
	182
	151
	180
	212
	725



	Now
	1456
	1208
	1440
	1696
	5600
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Table 2. Comparison of the mAP50 results of parameters γ and α in the focal loss.
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	Parameter
	   α    = 0.25
	   α    = 0.50
	   α    = 0.75





	  γ   = 1
	92.75
	92.84
	92.90



	  γ   = 2
	94.29
	92.76
	92.62



	  γ   = 3
	91.54
	91.45
	92.75
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Table 3. Comparative results of models with different additional structures.
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	Strategy
	Group 1
	Group 2
	Group 3
	Group 3





	YOLOX-S
	√
	√
	√
	√



	+SimRepVGG
	×
	√
	√
	√



	+CFFM
	×
	×
	√
	√



	+FLs
	×
	×
	×
	√



	mAP50(%)
	91.34 (+0)
	91.54 (+0.2)
	93.69 (+2.15)
	94.29 (+0.6)



	Params(M)
	9.00
	7.45
	12.15
	12.15



	FPS
	42.12
	45.80
	44.28
	43.18
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Table 4. Experimental results of different models on the testing sets.
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	Methods
	Backbone
	mAP50 (%)
	FPS





	SSD
	VGG
	84.90
	21.10



	Faster-RCNN
	Resnet101
	73.65
	8.35



	YOLOv3
	CSPDarknet53
	89.50
	38.84



	YOLOX-S
	CSPDarknet53
	91.34
	42.12



	WT-YOLOX
	SimRepVGG
	94.29
	43.18
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Table 5. Comparison of the AP50 and recall of WT-YOLOX with YOLOX on the dataset.
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	Methods
	AP50
	Recall





	YOLOX-S
	Break: 0.911

Crack: 0.914

Fix: 0.937

Pollution: 0.901
	Break: 0.873

Crack: 0.980

Fix: 0.994

Pollution: 0.903



	WT-YOLOX
	Break: 0.942

Crack: 0.954

Fix: 0.970

Pollution: 0.943
	Break: 0.891

Crack: 0.968

Fix: 0.987

Pollution: 0.890
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