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A B S T R A C T 

The mining conveyor belt is a crucial component of the coal mine belt conveyor system, responsible for transporting 

materials and transmitting power. Due to the harsh working conditions, these belts are prone to damage. To address this 

issue, we reclassified and defined various types of conveyor belt damage and created a specialized dataset for this purpose. 

We then proposed a novel detection method capable of simultaneously identifying multiple faults using an improved 

YOLOv3 algorithm. 

 

In this enhanced algorithm, Efficient Net replaces Darknet53 as the backbone feature extraction network, achieving a 

balance between network depth, width, and image resolution to enhance accuracy within limited computing resources. 

Experimental results demonstrate that our improved algorithm excels in both detection speed and accuracy, achieving a 

speed of 42 FPS and a mean average precision of 97.26%. Compared to the original YOLOv3 algorithm, our method 

increases accuracy by 10.4% and speed by 45.9%, offering innovative solutions for ensuring the safe and stable operation 

of conveyor belts. 
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1. Introduction 

 

As one of the most crucial components in the continuous transportation of bulk materials, the belt conveyor is evolving 

towards longer distances, higher speeds, larger volumes, and increased intelligence. The term "intelligence" refers to the 

conveyor's ability to achieve self-awareness, independent decision-making, and self-learning by utilizing various sensing 

devices such as optical cameras, infrared cameras, pickups, and vibration sensors. These devices collect real-time 

operational data, which is then analyzed and processed via cloud servers or edge computing devices to facilitate 

autonomous operation and unattended management of the conveyor. 

 

The conveyor belt itself plays a vital role in material transport and power transmission, accounting for 30%–50% of the 

total conveyor cost. These belts are prone to longitudinal tearing, surface scratches, and other forms of damage due to 

issues like broken rollers or material jams. If such damage is not detected and addressed promptly, it can lead to more 

severe problems, including belt breakage. Currently, conveyor belt damage detection methods are either manual or non-

destructive. Manual detection methods, such as observing surface bubbling or measuring length, are labour-intensive and 

outdated. Non-destructive testing (NDT) methods, including tear sensors, eddy current tests, weak magnetic tests, X-ray 

tests, and embedded conductive detection technology, offer real-time detection capabilities. 

 

Advancements in computer technology have significantly improved the environment for digital image processing, making 

machine vision technology increasingly sophisticated and applicable to belt conveyors. This technology is used for 
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material classification, online ore composition analysis, and the identification of coal and gangue on conveyor belts. As 

conveyor systems become more intelligent, machine vision-based monitoring systems have been developed for tracking 

operational status, including deviation and tearing. 

 

Early work in this field includes a 2003 study from Carnegie Mellon University, which developed a camera and image 

processing-based monitoring system for conveyor belt joints. Subsequent research has proposed various algorithms and 

techniques for detecting longitudinal tearing and deviations, using methods like fast image segmentation, line laser 

assistance, and dual-band infrared detection. These methods improve detection accuracy and reliability by analysing visual 

and thermal data to identify potential damage. 

 

The core of conveyor belt damage detection is target detection, where deep learning now plays a dominant role. Deep 

learning bypasses the need for manual feature design and classifier selection, using hierarchical structures to map low-

level to high-level semantic signals. This approach is well-suited to processing large volumes of image and video data, 

meeting the requirements for accuracy, efficiency, and intelligence. 

 

In response to the growing need for intelligent belt conveyor systems, this paper proposes a deep learning-based damage 

detection method for mining conveyor belts. An improved YOLOv3 algorithm is introduced to detect various types of 

belt damage, with field experiments demonstrating enhanced accuracy and real-time performance. The main contributions 

of this paper include: 

 

A comprehensive damage detection method that identifies multiple types of conveyor belt damage, not limited to belt 

tears. 

A direct detection approach that does not rely on auxiliary devices or complex image processing techniques. 

An improved YOLOv3 algorithm that optimizes the balance between speed and accuracy, is applicable to detecting other 

targets in different fields. 

 

 

2. Methodology and Raw Data 

2.1. Principle and Structure of the Improved Algorithm 

Conveyor belt damage detection is fundamentally a target detection problem. Current supervised learning-based target 

detection methods fall into two main categories: 

 

Two-stage target detection algorithms: These algorithms, such as the R-CNN series, generate candidate frames via 

regional proposal networks (RPN) and then use convolutional neural networks for classification and border refinement. 

Although they are more accurate, they are slower due to the numerous candidate frames, making them unsuitable for real-

time applications. 

 

Single-stage target detection algorithms: These algorithms, like SSD (Single Shot Multibook Detector) and YOLO (You 

Only Look Once), operate based on regression and are faster. Our research utilizes YOLOv3. 

 

A target detection network consists of two parts: the backbone feature extraction network and the prediction network. The 

quality of features extracted by the feature extraction network directly influences the prediction accuracy. YOLOv3 uses 

Darknet53 as its backbone, which is designed based on the residual neural network (RNN) concept, composed of five 

residual blocks. Each block contains multiple residual units, solving the gradient explosion problem with deeper networks 

and improving feature extraction. 
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Fig.1 Structure of Yolov3. 

 

Fig. 2. Model scaling method. 

YOLOv3 also incorporates the feature pyramid network (FPN) idea, using a multi-scale detection mechanism with three 

different-scale feature layers to enhance detection capability across various target sizes. This improves on YOLOv1 and 

YOLOv2, particularly in detecting small targets. 

However, increasing the network depth, as seen in the transition from Darknet19 to Darknet53, can improve accuracy but 

also increases computational load, potentially reducing detection speed. Efficient Net proposes a balanced approach to 

network scaling by adjusting depth, width, and resolution to maximize performance within limited resources. This 

compound scaling method uses a set of parameters (α, β, γ) to balance these dimensions, guided by a user-specified 

coefficient (φ). 

EfficientNet-B0 serves as the baseline network. By applying the compound scaling method, EfficientNet-B0 can be scaled 

up to EfficientNet-B7, enhancing feature extraction for YOLOv3's prediction network. This paper replaces Darknet53 

with Efficient Net to leverage its superior feature extraction capabilities. 

 

2.2. Definition of Conveyor Belt Damage Types 

Conveyor belts, comprising upper and lower covering layers and a middle tensile layer, can be damaged by internal factors 

(e.g., material quality, vulcanization process) and external factors (e.g., operational environment). Damage types include 

surface wear, surface damage, tears, and breakdowns. Surface wear typically results from large coal lumps or stones 

obstructing chutes, leading to thinning rubber and exposed wire ropes. Tears can occur due to belt misalignment, metal 

objects, or large rocks, often due to improper operation. Surface damage includes bubbling or rubber detachment, linked 
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to belt processing quality. Long-distance conveyors with significant height differences are particularly prone to material 

impact-related breakdowns. 

 

2.3. Preparation of Raw Data 

We collected 3,000 images of conveyor belt damage through on-site visits and online searches, evenly distributed among 

the four damage types. A manually annotated dataset was created for algorithm testing. Training utilized stochastic 

gradient descent (SGD) to optimize the loss function over 30,000 iterations, with a batch size of 4, momentum of 0.9, and 

a decay coefficient of 0.0005. The initial learning rate was 0.001, reduced to 0.00001 after 20,000 iterations. Training data 

was augmented by altering image saturation, hue, value, and through random cropping and scaling. 

 

2.4. Algorithm Running Environment 

The neural network model training and testing were conducted on a computer with the following configuration: 

 

 

3. Results and Discussion 

3.1. Performance Comparison of Multiple Algorithms 

In multi-object classification tasks, mAP (mean Average Precision) [49] and FPS (Frames Per Second) are typically used 

to measure algorithm superiority. In this paper, we adopt these metrics. mAP, the mean of the AP for each class, evaluates 

the overall detection accuracy. FPS measures the processing speed. 

 

To verify the performance of our improved algorithm, we tested various algorithms on the conveyor belt damage dataset 

using transfer learning, including Faster-RCNN, SSD, RFBnet, M2det, Yolov3, and Yolov4. Transfer learning 

significantly reduces the training time and computational resources required. The performance results are shown in Table 

2. 

 

In Table 2, Faster R-CNN's detection speed is 3.6 FPS, the slowest among the tested algorithms. Despite using the RPN 

to generate ROIs instead of selective search, its computation remains substantial compared to regression-based algorithms 

like Yolo and SSD. SSD, using multi-scale feature maps for detection, achieves 94.45% accuracy. 

 

Fig. 3. Limitations of single-dimensional expansion 
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Fig. 4. Structure of EfficientNet-B0. 

 

 

Fig. 5. The hardware usage of different algorithms 

The improved algorithm, referred to as Improved-Yolov3 in Table 2 (with EfficientNet-B0 as the backbone), achieves an 

average accuracy of 89.12% on the dataset, slightly higher than the original Yolov3’s 88.12%. This improvement is most 

notable in detecting tears. The improved algorithm significantly boosts prediction speed, increasing FPS from 28 to 42. 

 

Efficient Net exists in eight variants (B0–B7), with B1–B7 expanding upon B0 by increasing the coefficient (𝜑). As (𝜑) 

increases, the network depth, width, and image resolution expand. We constrained 𝛼 ⋅ 𝛽² ⋅ 𝛾² ≈ 2 to ensure FLOPS 

increases by 2𝜑. Testing Efficient Net B0–B7 as Improved-Yolov3’s backbone showed the best speed-accuracy trade-off 

at 97.26% AP and 26.28 FPS, and 89.12% AP at 41.91 FPS. Due to graphics memory limitations, we encountered overflow 

issues with B5. The trend suggests further expansion would improve accuracy but slow detection speed. 
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Fig. 6. The test results comparison between improved-Yolov3 and the original-Yolov3: Image (a)–(d) belongs to the result of original Yolov3, (e)–(h) 

belongs to the improved-Yolov3. 

3.2. Hardware Usage Comparison of Multiple Algorithms 

We also compared the hardware usage of different algorithms, including CPU, GPU(cuda), and RAM usage. Fig. 5 shows 

the comparison results, which guide field staff in selecting suitable algorithms. Better hardware resources increase 

detection speed, not accuracy. 

 

Fig. 5 indicates that Improved-Yolov3 (with EfficientNet-B0) uses less GPU and RAM than the original Yolov3, with 

similar CPU usage. Faster R-CNN consumes more GPU and CPU due to its high FLOPS. As models expand, Improved-

Yolov3 will consume more GPU and CPU, potentially surpassing Faster R-CNN. The proposed Improved-Yolov3 

algorithm offers better timeliness while maintaining accuracy. 
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Fig. 7. Experimental setup. 

3.3. Performance Comparison Between Yolov3 and Improved-Yolov3 

Fig. 6 compares the performance of Improved-Yolov3 and the original Yolov3 on the dataset. Both algorithms effectively 

detect various conveyor belt damage defects. Unlike traditional image processing methods, deep learning-based detection 

allows direct localization and classification. The position and category probability of detected objects are shown in 

rectangular frames. Improved-Yolov3 shows higher accuracy, especially in tear detection, consistent with Table 1 results. 

 

3.4. Verification of Model Generalization Ability 

Generalization describes a model's ability to handle new data. After training, a model should accurately predict new data. 

To verify our model's generalization, we conducted field tests at Libo Heavy Industry Technology Co., Ltd. We pasted a 

damaged belt on a running conveyor belt as a test material (Fig. 7). The camera, installed above the transmission roller, 

had a frame rate of 25 fps and maximum resolution of 700 × 480. The conveyor belt was 1.6 m wide, operating at 2.5 m/s. 

In practice, the camera should be placed on the lower return section, considering light and surface residues. 

 

Fig. 7(d) shows the algorithm accurately identifying conveyor belt tears with 81% accuracy and 35.43 FPS, meeting 

project needs. 

4. Conclusions and Future Work 

Intelligent energization of belt conveyors is crucial for constructing smart mines. As the main component of belt 

conveyors, conveyor belt reliability impacts safe and efficient operation. Compared to traditional methods, our proposed 

deep-learning detection method offers significant improvements: 

(1) We created a conveyor belt damage dataset with a redefined classification, including four damage types: surface wear, 

surface damage, breakdown, and tear. This detailed classification allows more accurate monitoring. 

 

(2) We designed a deep learning-based conveyor belt damage detection method. The detection process is direct, requiring 

no auxiliary equipment or complex image processing. It detects four damage states and provides confidence levels. 
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(3) We improved the Yolov3 algorithm, balancing network width, depth, and image resolution during model scaling to 

enhance prediction accuracy. 

 

(4) We considered hardware usage during algorithm operation to help engineers select appropriate algorithms. 

 

Our improved algorithm doubles detection accuracy and speed, achieving up to 97% accuracy and 42 FPS. The proposed 

model also demonstrates high generalization ability on our test platform. 

 

Future work will focus on model lightweighting to meet edge computing needs. We will also expand the conveyor belt 

damage dataset to enhance the neural network’s robustness and generalization. 
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