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Damage to the surface of composite conveyor belts is a prevalent issue that can 
lead to functional failure. In this study, the YOLOv8 algorithm is enhanced. The 
convolutional block attention module attention mechanisms and deformable convo-
lutions are introduced, and a small-object detection layer is added. The Focaler- 
-CIoU loss function is also employed. These enhancements are designed to en-
hance the recognition of damage. In the context of complex operational conditions, 
the findings indicate a mean recognition accuracy of 93.8% for conveyor belt sur-
face damage, thereby substantiating the efficacy of the enhanced algorithm. 
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Introduction 

Belt conveyors are utilized extensively in industries such as coal mining due to their 

substantial carrying capacity, extensive transportation distances, and high efficiency [1]. Con-

veyor belts, as core components, are typically composed of composite materials. It has been 

demonstrated that, over time, material friction, mechanical wear, and the impact of debris can 

result in surface damage or tearing [2]. This, in turn, can pose a threat to production safety. 

Consequently, the timely identification of conveyor belt surface damage is imperative for en-

suring the safety of equipment operation and facilitating timely repairs. 

Recent advancements in deep learning have led to significant progress in the field of 

conveyor belt surface damage detection. For instance, Zhang et al. [3] enhanced YOLOv3 

with EfficientNet, thereby elevating the accuracy by 10.4%. Wang et al. [4] developed a dual- 

-station model that achieved 98.7% accuracy by expanding the view. Guo et al. [5] employed 

CycleGAN to generate damage images for the purpose of dataset enrichment. Zhang et al. [6] 

proposed a method for enhancing detection speed that is based on Yolov4-tiny. Qing et al. [7] 

incorporated CSPNet in YOLOv4, achieving a 92.5% accuracy rate. Wang et al. [8] have 

made significant advancements in the field of object detection by enhancing the YOLOv7 

model for the purpose of detecting longitudinal tears. However, the majority of studies have 

been conducted in laboratory settings, overlooking the intricate industrial challenges such as 

coal dust, water stains, and inconsistent lighting. The following paper presents an enhanced 

YOLOv8-based method for the detection of surface damage on conveyor belts. The model in-

corporates convolutional block attention module (CBAM) and deformable convolution to fa-
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cilitate enhanced feature extraction, incorporates a small object detection layer, and utilizes 

Focaler-IoU to substitute for the original IoU, thereby enhancing performance in complex in-

dustrial environments, achieving a 24.2% accuracy increase. 

Enhanced YOLOv8 detection algorithm 

The YOLOv8 is a one-stage object detection approach [9]. This approach transforms 

the object detection task into a regression problem, thereby enabling a single neural network 

to process the entire image and generate object location and category details [10]. In this pa-

per, the network structure of YOLOv8 is optimized. The Backbone is augmented with three 

sets of deformable convolutions (DefConv) and the CBAM. These are placed before and after 

the C2f modules between convolution layers (Conv). Furthermore, the original 20 × 20 detec-

tion layer in the head is substituted with a 160 × 160 detection layer to enhance the ability to 

detect small objects. The enhanced network configuration is illustrated in fig. 1. 

Figure 1. Improved network structure of YOLOv8 

Attention mechanism 

The attention mechanism enables the network to concentrate on crucial information 

by imitating the selective attention function of human vision [11]. In this study, a lightweight 

CBAM is proposed, comprising a channel attention module (CAM) and a spatial attention 

module (SAM) [12]. The CBAM has been demonstrated to effectively emphasize target fea-

tures and location information while reducing interference from background elements such as 

coal ash and water marks. As illustrated in fig. 2, the input feature map undergoes a sequence 

of convolutional auto-encoder (CAE) and shared auto-encoder (SAM) processing. Following 

the integration of these processes, an output feature map is generated. 

The CAM is a statistical technique that calculates the relationship among features. 

Initially, the global maximum pooling and global average pooling operations are performed 

on each channel of the input feature map. This results in two channel maps of size 1 × 1 × C. 

The maps are processed through a shared fully-connected neural network (Shared MLP), 

which produces two 1-D vectors. Subsequently, these vectors are aggregated and processed 

by an activation function to yield the final channel attention vector. The configuration of the 

CAM module is illustrated in fig. 3. 
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Figure 2. Structure of the CBAM module Figure 3. Structure of the CAM module 

The CAM calculation formula is: 

c { [ ( )] [ ( )]}M MLP AvgPool F MLP MaxPool F

F Mc F

 

  
(1) 

where AvgPool(·) and MaxPool(·) represent global average and max pooling, MLP(·) denotes 

the fully-connected layer, and σ(·) signifies the Sigmoid activation operation. 

The SAM algorithm is designed to generate an attention feature map, a process that 

involves the analysis of spatial relationships within channels. Firstly, the feature map pro-

cessed by the CAE undergoes gradient-based 

methods, including gradient ascent and gradient 

descent, along the channel direction. The results 

are then processed using a 7 × 7 convolution 

kernel to yield the spatial attention vector. The 

vector values are subsequently normalized to 

the 0-1 range through the Sigmoid activation 

function to form the spatial attention vector. The configuration of the SAM module is illus-

trated in fig. 4. 

The SAM calculation formula is: 

7 7{ {[ ( ); ( )]}}Ms f AvgPool F MaxPool F

F Ms F

   

  
(2) 

In the Backbone, CBAM is added after the C2f modules between Conv modules, fa-

cilitating the effective transmission of enhanced target features to the Neck section. 

Deformable convolution 

Standard convolutions are characterized by fixed shapes and receptive fields, which 

impose limitations on their capacity to extract features from targets exhibiting large width-

height ratios. Deformable convolution (Def-

Conv) is a technique that has been developed 

for the purpose of enhancing the feature extrac-

tion capacity of convolutions. In this method, 

each element of the convolution kernel is as-

signed a corresponding directional parameter, 

thereby adapting to the target's shape and size. 

This augmentation of the receptive field is ac-

companied by an accommodation of geometric 

feature transformations. The computational 

process of deformable convolution is illustrated 

in fig. 5. 

Figure 4. Structure of the SAM module 

Figure 5. Illustration of deformable convolution 
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The formula for deformable convolution is: 

0 0( ) ( ) ( )

n

n n n

p R

y p w p x p p p


    (3) 

where x is the input feature map, y – the output feature map, p0 – the current convolution cal-

culation position, pn – the nth corresponding position, and Δpn – the positional offset. The spe-

cific calculation steps include:  

– Computing the offset via convolution branches on the input image.

– Determining the positions of network-adaptive sampling points based on the offset.

– Obtaining feature values of these sampling points using bilinear interpolation.

– Performing a weighted summation to produce the output feature map.

The implementation of this mechanism prior to certain C2f modules in the Backbone 

has been demonstrated to enhance the model's capacity to discern intricate details. Further-

more, it has been demonstrated that this approach enhances the model's generalization capa-

bilities with respect to spatial adaptability and geometric transformations. 

Focaler-CIoU loss function 

The CIoU loss in YOLOv8 

The YOLOv8 uses the complete intersection over union loss (CIoU) as the regres-

sion loss function for bounding boxes. The calculation formula is: 

2
gt pred

2

( , )
1CIoU

B B
L IoU

C


     (4) 

IoU, ν, and α are defined: 
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where Bgt is the ground truth box, Bpred – the predicted box, ρ(Bgt, Bpred) – the distance be-

tween the centers of the predicted and ground truth boxes, C – the diagonal distance of the 

smallest enclosing rectangle of the predicted and ground truth boxes, and ν – the consistency 

in aspect ratios of the predicted and ground truth boxes. The wgt, hgt, wpred, and hpred represent 

the width and height of the ground truth and predicted boxes, while α is the weight value. 

When remains constant, a larger IoU implies a greater α, indicating that a high IoU places 

more emphasis on the aspect ratio consistency between predicted and ground truth boxes. 

Improved Focaler-CIoU loss function 

To better focus on small objects and facilitate learning, the Focaler-IoU method is 

integrated into the loss function. Focaler-IoU reconstructs IoU using a linear interval mapping 

method, changing the regression ratio of detection boxes. The reconstructed IoU formula is: 

Focaler

0, 

,

1,

IoU d

IoU d
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u d
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where u and d denote the upper and lower bounds of IoU. Based on eq. (6), the Focaler-IoU 

mapping curve can be plotted, as shown in fig. 6. 

Figure 6. Focaler-IoU mapping curve; (a) d = 0 and (b) u = 1 

Figure 6(a) shows the Focaler-IoU mapping curve obtained by reducing u with a 

fixed d. Conversely, fig. 6(b) presents the curve resulting from increasing d with a fixed u. 

The figures indicate that when d is fixed at 0, a smaller u correlates to a smaller overlap area 

under the same IoU conditions. When u is set to 1, despite equal overlap areas, a larger d 
leads to a smaller IoU value. To increase the loss proportion for small objects, u is set to 0.9 

and d to 0. 

Replacing the original loss function's IoU with IoUFocaler with results in the final lo-

calization loss function: 
2

gt predFocaler
Focaler 2

( , )
1CIoU

B B
L IoU

C


      (7) 

Using Focaler-CIoU loss as the model loss function effectively increases the loss 

proportion for small objects and accelerates the model convergence speed. 

Addition of small object detection layer 

The detection head of YOLOv8 focuses on object localization, outputting the center 

coordinates and size information of objects. The model has three output sizes, namely 

20 × 20, 40 × 40, and 80 × 80, to provide suitable resolution for detecting large, medium, and 

small objects. 

When the pixel area of an object in the image is 50 × 50, it is usually considered a 

small object. Under such circumstances, YOLOv8 detection performance deteriorates. To en-

hance the network small-object recognition ability, the 20 × 20 detection layer in the detection 

head is replaced with a 160 × 160 detection layer. This adjustment aims to preserve more 

small-object feature information and improve the model ability to accurately capture and 

identify small objects, thereby enhancing the overall detection performance. 

Experiments and results analysis 

Experimental environment and parameter settings 

The experiments were conducted on a Windows 10 operating system. The computa-

tional power was provided by a Tesla P100 GPU and an Intel Xeon E5-2678 CPU. The 
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PyTorch deep learning framework was adopted for model implementation. The image resolu-

tion was set to 640 × 640. A batch size of 16 was used, along with a learning rate of 0.01. The 

Adam optimizer was selected, and a weight decay coefficient of 0.00125 was applied. The 

number of iterations was 1000, and the IoU threshold was set at 0.7. 

Experimental dataset 

A dataset consisting of 3000 images showing conveyor belt surface damage was 

used for training purposes. This dataset was randomly partitioned into training and testing 

subsets at an 8:2 ratio. 

Ablation study 

An ablation study was designed to examine the influence of the various improve-

ments on the model performance. The results of this experimental study are presented in tab. 1. 

Table 1. Ablation study results 

Number 
Attention 

mechanism 
Deformable 
convolution 

Focaler-CIoU Small object P R FLOP fps 

0     0.696 0.678 8.9 112.9 

1 1    0.785 0.695 8.9 109.9 

2 1 1   0.865 0.815 9.7 84.9 

3 1 1 1  0.913 0.901 9.7 88.6 

4 1 1 1 1 0.938 0.824 15.8 47.2 

 

In tab. 1, P is the precision, R – the recall, FLOP – the computational load, and fps – 

the frames per second. From the results, it can be seen that deformable convolutions and at-

tention mechanisms are capable of improving both P and R. However, this improvement in 

performance comes at the cost of an increase in computational complexity, which causes a 

decrease in fps. Nevertheless, the final model exhibits a significant 24.2% improvement in 

precision, clearly demonstrating its effective detection capabilities. 

Comparative experiment 

A comparative analysis was carried out between the improved algorithm and the 

currently prevalent mainstream algorithms. The results of this comparison are presented in 

tab. 2. 

Table 2. Comparative experiment results 

Number Model P R FLOP fps 

0 YOLOv5 0.626 0.589 7.6 61.7 

1 YOLOv7 0.739 0.624 8.8 70.8 

2 YOLOv8 0.696 0.678 8.9 112.9 

3 SSD 0.882 0.844 18.9 46.3 

4 Faster R-CNN 0.899 0.837 26.4 25.8 

5 Ours 0.938 0.824 15.8 47.2 
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According to the data presented in tab. 2, in contrast to Faster R-CNN, the improved 

algorithm led to a 21.4% increase in fps. When compared with SSD, there was a 5.6% en-

hancement in P. Among similar series of algorithms, compared to YOLOv5, YOLOv7, and 

YOLOv8, respectively, P of the improved algorithm increased by 31.2%, 19.9%, and 24.2%. 

These outcomes suggest that the proposed improved algorithm demonstrates enhanced detec-

tion performance compared to other algorithms. 

Detection effectiveness analysis 

A comparative analysis was performed between the proposed algorithm and 

YOLOv8, and examples of conveyor belt surface damage detection are illustrated in figs. 7-9. 

In the small-target detection scenario shown in fig. 7(a), YOLOv8 exhibits certain 

limitations when it comes to detecting small targets. It can be observed from fig. 7(b) that 

YOLOv8 has difficulty in capturing the fine-grained damage features. On the contrary, by in-

corporating a small object detection layer, the proposed algorithm remarkably enhances the 

detection accuracy for small-sized damage targets. As is evident in fig. 7(c), the proposed al-

gorithm is capable of successfully detecting the minute damage on the conveyor belt surface. 

(a)  (b)  (c)  (a)  (b)  (c)  

Figure 7. Conveyor belt surface damage  
detection Example 1; (a) original,  

(b) YOLOv8 result, and (c) ours result 

Figure 8. Conveyor belt surface damage  
detection Example 2; (a) original,  

(b) YOLOv8 result, and (c) ours result 

In the case of the damage target with an overly large aspect ratio presented in 

fig. 8(a), YOLOv8 is unable to extract complete features because of its restricted receptive 

field. This leads to incomplete recognition, as can be witnessed in fig. 8(b). However, by in-

tegrating deformable convolution, the proposed algorithm enables the convolution elements 

to adaptively adjust their positions. This effectively expands the receptive field and accom-

plishes accurate recognition of targets with complex shapes. Figure 8(c) clearly demon-

strates the algorithm success in fully recognizing damage targets that have larger longitudi-

nal proportions. 

(a)  (b)  (c)  (d)  (e)  (f)  

Figure 9. Conveyor belt surface damage detection Example 3; (a) original, (b) YOLOv8 result,  

(c) ours result; (d) original, (e) YOLOv8 result, and (f) ours result 

In scenarios where coal dust and water stains are present, as illustrated in figs. 9(a) 

and 9(d), YOLOv8 demonstrates a tendency to produce false positives and missed detections, 

as evidenced in figs. 9(b) and 9(e). This finding suggests that these factors have a substantial 

impact on the performance of the detection system. The proposed algorithm integrates an at-

tention mechanism that focuses on the features of damage targets during the Backbone stage 

and further extracts features during the Neck stage. This property enables the system to accu-
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rately distinguish between damage targets and the background. Notably, the proposed algo-

rithm exhibits a remarkable capacity to maintain high-precision recognition, successfully 

avoiding both false positives and missed detections, as evidenced by the experimental results 

depicted in figs. 9(c) and 9(f). 

The aforementioned examples demonstrate that the enhanced network exhibits ex-

ceptional recognition accuracy and robust anti-interference capabilities, thereby ensuring its 

reliable operation under complex working conditions. 

Conclusions 

This study proposes an enhanced algorithm, termed YOLOv8, which was developed 

for the purpose of detecting surface damage on conveyor belts. The algorithm under review 

includes several enhancements of particular significance. The CBAM attention mechanism 

has been integrated into the YOLOv8 backbone. This integration effectively mitigates the in-

terference from background elements, including coal dust and water stains, thereby enabling 

accurate differentiation between damage targets and background information. Deformable 

convolution has been introduced, thus bolstering the model capacity to handle spatial defor-

mations. Consequently, the model is capable of accurately and comprehensively extracting 

features of damage targets with large aspect ratios. The loss function has been refined to Fo-

caler-CIoU, which optimizes sample balance and expedites the convergence speed. A small 

object detection layer has been added, endowing the model with the ability to effectively de-

tect smaller damage targets. Collectively, these improvements have led to a notable enhance-

ment in the detection accuracy, reaching 93.8% under complex working conditions. This en-

sures the model's applicability within a wide range of challenging environments. 

Subsequent research endeavors will concentrate on AI-driven control loops [13] and 

sophisticated deep learning methodologies [14-16] to facilitate real-time adaptive modeling 

and predictive maintenance capabilities, thereby reinforcing the synergy between computer vi-

sion and industrial automation systems. Additionally, surface damage characterization [17] can 

be quantitatively analyzed through a two-scale fractal dimension modeling approach [18-21]. 
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