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Abstract: The efficient monitoring of the belt deviation state will help to reduce unnecessary abnormal
wear and the risk of belt tear. This paper proposes a coupling characterization method involving the
prediction box features of the target detection network and the linear features of the conveyor belt
edge to achieve the quantitative monitoring of conveyor belt deviations. The impacts of the type,
location, and number of attention mechanisms on the detection effect are fully discussed. Compared
with traditional image-processing-based methods, the proposed method is more efficient, eliminating
the tedious process of threshold setting and improving the detection efficiency. In detail, the improved
practice and tests are carried out based on the Yolov5 network, and the Grad-CAM technique is
also used to explore the effect of attention mechanisms in improving the detection accuracy. The
experiments show that the detection accuracy of the proposed method can reach 99%, with a detection
speed of 67.7 FPS on a self-made dataset. It is also proven to have a good anti-interference ability
and can effectively resist the influence of the conveying material flow, lighting conditions, and other
factors on the detection accuracy. This research is of great significance in improving the intelligent
operation and maintenance level of belt conveyors and ensuring their safe operation.

Keywords: belt conveyor; supervised machine learning; intelligent digital monitoring; deviation
detection; feature visualization

1. Introduction

A belt conveyor is a friction transmission-based machine that transports materials
in a continuous manner. It is the preferred equipment for the continuous conveying
of bulk materials and is widely used in mines, ports, and wharves; for cement; and
in agriculture, the chemical industry, and other fields [1]. In recent years, under the
demands of Industry 4.0 [2,3] and “energy conservation and emission reduction” [4], belt
conveyors have been developed for use over long distances, at high belt speeds, on a
large scale, in intelligence [5,6], and in ways that save energy [7,8]. The research and
development of reliable equipment and technology that efficiently monitors operating
conditions have gradually become an important component to ensure the reliable operation
of belt conveyors.

Belt deviation, as one of the most common operating failures of belt conveyors, is
closely related to the processing quality and installation accuracy of idlers and rollers, the
balance of material loading, and the quality of conveyor belt joints [9,10]. Deviation will
lead to the abnormal wear of the belt edge, which may cause problems such as material
spillage and the increased energy consumption of the conveyor [11]. Serious deviation
will directly lead to tearing accidents [12], trigger safety accidents, and affect the normal
production of enterprises [13]. Therefore, it is of great practical significance to effectively
monitor the belt deviation state.
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Currently, most of the applied deviation monitoring methods rely on a deviation
sensor [13]. Essentially, this is a multi-stage travel switch that outputs a switch signal. In
recent years, non-contact measurement methods based on machine vision have also been
designed. Specific implementation methods include the traditional image-processing-based
straight-line detection method, deep learning-based deviation state classification, target
segmentation-based conveyor belt region positioning, and the decision method based
on idler number identification and comparison. The traditional image-processing-based
straight-line detection method is mainly represented by Canny edge detection and Hough
line detection [14–16]. However, it requires a complex image processing procedure due
to the influence of the complex working environment and conveying material flow in
practical applications, including the acquisition of the region of interest, grayscale trans-
formation, edge detection, connected domain analysis, morphological processing, Hough
line detection, etc. [15]. During this period, a large number of threshold determinations
are involved, and the overall practicability is poor, especially when the camera is tilted:
the larger the field of view, the more complex the processing operations required to avoid
the interference of other targets. Then, the classification of the deviation state based on
deep learning [17] and the judgment method based on the identification of the number
of idlers beside the belt can only be used to realize the qualitative measurement of the
deviation state of the belt. This cannot meet the needs of quantitative measurement and is
not conducive to determining the deviation rules. The location of the conveyor belt area
based on target segmentation [18,19] can easily separate the conveyor belt area from the
background of the field of view, but target segmentation is a pixel-level operation. It is
difficult to create a dataset in the pre-production stage, and it is also difficult to achieve
quantitative measurement. In comparison, it is more feasible to obtain the belt edge line
directly through the segmentation method, but if the judgment of the deviation state is to
be realized, it is also necessary to further fit the obtained segmentation results.

In view of the above problems, considering the straight-line feature of the belt edge,
in this work, we propose a quantitative monitoring method for the deviation state of
the conveyor belt based on the intrinsic features of the prediction box. A general target
detection network is used first to detect the conveyor belt edge line and obtain its line
equation, which is further used to achieve the quantitative monitoring of the deviation state.
Then, the Grad-CAM technique [20] is used to discuss and analyze the feature position
that the general target detection network uses to detect straight lines in order to ensure a
higher-precision result.

The remainder of the paper is organized as follows. Section 2 presents the proposed
methodology, including the relationship between the prediction box and the belt edge line
and the structure of the used detection network and its improvements. Section 3 introduces
the dataset and hardware usage. The results of a case study and the related discussion are
presented in Section 4. The conclusions and future work are summarized in Section 5.

2. Methodology
2.1. Relationship between the Prediction Box and the Belt Edge Line

It is well known that the prediction result of a generic target detection network,
including the RCNN [21], SSD [22,23], and Yolo [24,25] series, is a rectangular box that
is used to frame and position the potential targets in the image and predict the category
to which the target belongs. The complete prediction process is shown in Figure 1. The
generic target detection network usually uses a backbone feature extraction network to
extract features from the input image, uses upsampling and feature splicing techniques to
enrich and enhance the extracted features (Neck), and, finally, uses a prediction network to
predict the target class and regress the target position [25]. The prediction box is usually
determined by four values: the relative center point coordinates of the prediction box (both
horizontal and vertical) and the relative width and height of the prediction box.

However, it is clear that it is difficult to characterize the straight line of a conveyor belt
edge in the form of a prediction box. Therefore, in light of the actual camera arrangement
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and how the conveyor belt is presented in the camera’s field of view, this paper proposes
methods for the detection of straight belt edges suitable for vertical and inclined shots,
respectively. In particular, for vertical camera shots, we propose the use of the longitu-
dinal edges of the prediction box (rectangular box) to characterize the belt edges, with
two representative edges, such as the left or the right sides of the prediction box, as shown
in Figure 2a. In contrast, for oblique camera shots, we propose a straight-line detection
method for belt edges based on the diagonal features of the prediction box, aiming to use
the upper right and lower left diagonal lines of the prediction box to characterize the left
edge and aiming to use the upper left and lower right diagonal lines to characterize the
right edge, as shown in Figure 2b. In general, the essence of the deviation state monitoring
task is to effectively identify and locate the two straight edge lines of the conveyor belt
under a complex environment and, on this basis, to obtain its spatial state equation for the
further judgment of the deviation state.
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Figure 2. Principle of conveyor belt edge detection for different shooting situations: (a) vertical
shooting, (b) oblique shooting.

For a vertical camera shot, the belt edge presented will be parallel to the camera’s field
of view, as shown in Figure 2a. If we use the detection of the left edge as an example and
assume that the relative center point coordinates of the prediction box are (xL, yL), and the
relative width and height are wL and hL, respectively, then, for Figure 2a, the coordinates of
point a, (xa, ya), can be calculated using Equation (1), and the coordinates of point b, (xb, yb),
can be calculated using Equation (2). It should be noted that the horizontal coordinates of
point a and point b are equal. At this time, the straight-line equation of the belt left edge
can be expressed as Equation (3):

xa = xL −
wL
2

ya = yL −
hL
2

(1)
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xb = xL −
wL
2

yb = yL +
hL
2

(2)

x = xL −
wL
2

(3)

Then, whether the belt deviates can be judged by comparing the lateral offset of the
center point of the prediction box.

However, since the oblique shooting method can achieve a larger monitoring range,
it has wider application in practice, as shown in Figure 2b. Similar to vertical shooting,
one should use the detection of the right belt edge as an example, assuming that the
relative center point coordinates of the prediction box are (xR, yR) and the predicted width
and height are wR and hR, respectively. Then, for Figure 2b, the coordinates of point g,
(xg, yg), can be calculated using Equation (4), and the coordinates of point h, (xh, yh), can
be calculated using Equation (5). The straight-line equation of the right belt edge can be
expressed as Equation (6):

xg = xR − wR
2

yg = yR − hR
2

(4)

xh = xR +
wR
2

yh = yR +
hR
2

(5)

y − yg

yh − yg
=

x − xg

xh − xg
(6)

In the same way, if we assume that the coordinates of points e and f are (xe, ye) and
(x f , y f ), the linear equation of the left belt edge in the oblique shooting mode can be
expressed as follows:

y − ye

y f − ye
=

x − xe

x f − xe
(7)

In contrast to vertical shooting, certain auxiliary and reference lines are required
to determine the deviation state of a conveyor belt in a titled state, and the rules for
determining the deviation state proposed in this paper can be found in Figure 3.
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One should assume that there exists a horizontal virtual reference line at distance ∆y
from the x-axis that intersects the left boundary of the field of view at point L, intersects
the right boundary of the field of view at point R, intersects the left belt edge at point M0,
and intersects the right belt edge at point R. Then, the distance between the conveyor belt
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and the edges on both sides of the field of view can be represented by DLM0 and DRN0 ,
respectively. The calculation method is shown in Equations (8) and (9):

DLM0 =
(∆y − ye)(x f − xe)

(y f − ye)
+ xe (8)

DRN0 = W −
(∆y − yg)(xh − xg)

(yh − yg)
− xg (9)

Further, the judgment of the deviation state of the belt can be realized by setting the
deviation threshold τ, and the judgment rule can be found in Equation (10). The proposed
linear equation-based deviation estimation method is suitable for both the belt overall
deviation and belt inclination, as it takes the belt slope into account.

i f
{∣∣DLM0 − DRN0

∣∣ > τ deviation∣∣DLM0 − DRN0

∣∣ ≤ τ normal
(10)

In this paper, the intersection of the belt edge’s straight line and the camera’s field of
view is directly used as a reference, as shown in Figure 3b, which can also be understood
as ∆y = H in Equations (8)–(10).

As for the setting of deviation threshold τ, we recommend the following two methods.
(1) First, researchers should manually screen the conveyor belt deviation images in the
dataset and then use the method proposed in this article to identify the conveyor belt
edge in the screened image, calculate the deviation amount, set the calculation result as
the threshold, and use this for subsequent automatic detection. (2) Researchers should
randomly select an image in the dataset and then use the drawing tool to draw an inclined
straight line parallel to the left/right edge. When assuming that the straight line is the
left/right boundary of the conveyor belt, the drawing tool can be used to measure the
distance (pixels) between the drawn straight line and the actual edge line of the conveyor
belt on the horizontal virtual reference line. Then, the threshold can be calculated.

2.2. Network Structure

In order to make the selected network relatively suitable for edge computing devices,
the Yolov5 network [26] is selected for subsequent algorithm improvement and testing
based on previous experience with foreign object detection networks and taking into
account the number of parameters, computational power, and model size [27]. The structure
of the Yolov5 network is clearly shown in Figure 4.

In combination with that shown in Figure 1, CSPDarkNet is used as the backbone.
The cross-stage partial (CSP) module is used repeatedly to deepen the network depth,
thus enhancing the feature extraction ability. It contains two structures, namely CSP 1-X
and CSP 2-X, which are shown in Figure 4b. The “X” indicates that the structure in the
dotted box is repeated X times. In detail, in the CSP 1-X module, the network inside the
dotted box contains the residual structure, which effectively increases the gradient value
of backpropagation between each convolutional layer, thus reducing the possibility of
gradient disappearance caused by network deepening.

It should be mentioned that the Yolov5 network can achieve different complexity
levels by adjusting the value of X. Specifically, for networks of Yolov5 s-m-l-x with different
complexity, the values of X in the network can be found in Table 1. To explain the network
more clearly, we use B1–B3 and N1–N5 in Figure 4a and Table 1 to indicate the locations of
the corresponding CSP modules, in which B1–B3 represent positions 1–3 in the backbone
part, and N1-N5 represent positions 1–5 in the neck part.
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Table 1. The statistics of the number of X in the CSP block.

Model
Position

B1 B2 B3 N1 N2 N3 N4 N5

Yolov5-s 1 3 3 1 1 1 1 1
Yolov5-m 2 6 6 2 2 2 2 2
Yolov5-l 3 9 9 3 3 3 3 3
Yolov5-x 4 12 12 4 4 4 4 4

As for the feature enhancement part, the feature pyramid network (FPN) and path
aggregation network (PANet) [28] are used to enhance the obtained features. Through up-
sampling and feature layer splicing, target semantic information and location information
at different levels can be fully fused or compensated, which has positive significance in
improving the accuracy of detection.

In the head part, no changes are made to the prediction head; it is still the same
and uses the original Yolov5, which is used to predict the left or right belt edge region.
Its prediction results contain the confidence of the predicted targets, the center point
coordinates, the width and height information of the prediction box, etc.



Appl. Sci. 2024, 14, 6916 7 of 19

In addition, considering that the conveyor belt edge straight-line detection method
proposed in this paper relies heavily on the detection results for the belt edge region,
we incorporate three attention mechanism models—the squeeze-and-excitation network
(SENet) [29], efficient channel attention (ECA) [30], and the convolutional block attention
module (CBAM) [31]—into the backbone feature extraction network. The added positions
are shown in Figure 4, and the network structure of the three attention mechanisms is
shown in Figure 5.
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It should be mentioned that each attention mechanism is used separately. As shown
in Figure 4, there are three places where attention is added, but a corresponding attention
is not added to each place.

In Figure 5, Global AVG-Pool (GAP) represents global average pooling, GMP (Global
Max-Pool) represents global max pooling, CAP (Channel AVG-Pool) represents the average
pooling per channel, and CMP (Channel Max-Pool) represents the max pooling per channel.
Through pooling and full connection, the weight of the space occupied by each channel or
location can be obtained, i.e., the influence of this channel or location on feature extraction.
A large weight means that the channel or location has a greater influence on feature
extraction and, therefore, a greater impact on the final output, while a small weight means
that the channel or location has a smaller impact on the final output. Then, the weight
distribution can be added to the original input feature information through scaling.

The SENet and ECA models are typical channel attention mechanisms. The ECA
model uses convolution operations to replace the two fully connected layers in SENet to
achieve smaller parameters and calculations and a faster speed. At the same time, the
CBAM module integrates spatial attention and channel attention, enabling the two to
complement each other and making it easier to achieve the effective prediction of the
weight distribution. In this work, we fully discuss the effect of the position and number of
the three attention mechanisms in improving the detection accuracy.

3. Hardware and Data Usage

As for a supervised learning-based target detection network, the data, computing
power, and algorithms simultaneously determine the final performance of the network [32].

Due to the particularity of the monitoring targets, in this study, we constructed a new
conveyor belt deviation dataset, based on the on-site collection with 5000 images, and
complete the data labeling using the labelImg software. All images that we used originated
from video surveillance data in three scenarios, namely the Material Handling and Control
Research Institute in Shandong University of Science and Technology, Qingdao Port, and
Ma’anshan Power Plant. All data were obtained using a camera under tilted shooting
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conditions, but the parameters of the camera and lens, the parameters of the conveyor, etc.,
are unknown.

Since the diagonal feature is used to detect the straight line of the belt edge, in the
labeling work, it is also strictly required that the diagonal line of the marked rectangular
box coincides with the straight line of the belt edge, as shown in Figure 6. More sample
data can be found in our public datasets at https://github.com/zhangzhangzhang1618/
images-for-belt-deviation-detection/tree/main, accessed on 1 August 2024.
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Figure 6. Data annotation.

Based on the completed network improvements and data construction, we conducted
network training and testing of the corresponding improved algorithms on the hardware
platform shown in Table 2. During the network training, the batch size was set as eight
and the total number of training steps was set as 100 epochs. The CutMix and mosaic
data enhancement techniques [25] were used during the training process to enrich the
background information of the target, thus helping to improve the detection accuracy.

Table 2. Algorithm operating platform.

OS CPU GPU Pytorch Python

Windows 10 E5-2620v3*2 RTX2060-6G 1.7.0 3.6.13
* = means two CPUs.

4. Results and Discussion
4.1. Evaluation Metrics of Network Performance

In this paper, the loss changes during network training, the mean average precision
(mAP), the number of images that the algorithm can process per second (FPS), and the
number of parameters and calculations are used as metrics to evaluate the improved
Yolov5-s-m-l-x network. Among them, the changes in the loss and average precision are
shown in Figure 7, and the statistical results of the parameters, calculations, and processing
speed of the algorithm are shown in Table 3.

It can be seen that the Yolov5-s-m-l-x network model with only the prediction network
improvement shows good convergence performance without overfitting, as the changes
in the training loss and validation loss during the training process are close. The accuracy
evaluation index mAP0.5 reached a value of about 0.99 after about six epochs of training
and stabilized with training, while the mAP0.5:0.95 reached accuracy of about 0.88 after
about 30 epochs of training and grew slowly, to about 0.9, with training.

The high accuracy of the prediction results can be attributed to the specificity of the
linear detection method in this paper, i.e., the specificity of the detection target objects and
the specificity of the scene: (1) there are only two detection target objects, and their shapes
and sizes are relatively fixed; (2) the backgrounds of the targets are relatively singular and
they do not involve complex and variable backgrounds.

https://github.com/zhangzhangzhang1618/images-for-belt-deviation-detection/tree/main
https://github.com/zhangzhangzhang1618/images-for-belt-deviation-detection/tree/main
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Table 3. Comparison of parameters, calculations, and speed of networks with different complexity.

Model Parameters Calculations/(GFLOPs) Inference Speed/(FPS)

Yolov5-s 7,066,239 16.4 67.7
Yolov5-m 21,060,447 50.4 56
Yolov5-l 46,636,735 114.3 41.52
Yolov5-x 87,251,103 217.3 33.11

Table 3 shows the differences in the number of parameters, calculations, and inference
speed of the Yolov5-s-m-l-x network model with only prediction network improvements.
In particular, Yolov5-s achieves the highest prediction speed of 67 FPS with the smallest
number of parameters and the smallest amount of computation, while the number of
parameters and the amount of computation gradually increase as the number of layers and
the complexity of the network increase, leading to a reduction in the prediction speed of
Yolov5-x to around 33 FPS.

Combined with the prediction accuracy shown in Figure 7, it can be seen that the dif-
ference in prediction speed between the four Yolov5-s-m-l-x networks with only prediction
network improvements is much greater than the difference in prediction accuracy. There-
fore, to meet the needs of real-time detection, the corresponding algorithm improvements
and results were implemented only for the Yolov5-s network in the subsequent research.

4.2. Ablation Experiment

The detection result of the belt edge line depends heavily on the detection result of the
belt edge region. In order to ensure that the diagonal vertices of the prediction box always fall
on the belt edge, we explored the effect of the attention mechanism in improving the detection
accuracy. As mentioned earlier, we introduced three different types of attention mechanisms
(SENet, ECA, and CBAM) at three locations in the backbone, as shown in Figure 4.
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In this section, we explore in depth the effect of the type, number, and addition position
of the attention mechanisms on the backbone feature extraction network through ablation
experiments and the Grad-CAM technique, and the experimental results are shown in
Table 4 and Figure 8.

Table 4. Effect of attention mechanism on network performance.

Type of Attention
Mechanism

Position
Parameters Calculations/(GFLOPs) FPS mAP0.5 mAP0.5:0.95

B1 B2 B3

SENet

Y Y Y 7,088,243 16.4 61.6 0.997 0.8982
Y Y N 7,071,579 16.4 64.6 0.997 0.8973
Y N Y 7,084,003 16.4 65 0.9969 0.8979
N Y Y 7,087,143 16.4 64.8 0.9978 0.9004
Y N N 7,067,339 16.4 64 0.9971 0.8997
N Y N 7,070,479 16.4 66.7 0.9978 0.8992
N N Y 7,082,903 16.4 62 0.9976 0.9014

ECA

Y Y Y 7,066,248 16.4 59.5 0.9976 0.9008
Y Y N 7,066,245 16.4 65.1 0.9972 0.8984
Y N Y 7,066,245 16.4 60.9 0.9971 0.8967
N Y Y 7,066,245 16.4 64.4 0.998 0.9
Y N N 7,066,242 16.4 62.9 0.9971 0.9009
N Y N 7,066,242 16.4 61.3 0.9974 0.8998
N N Y 7,066,242 16.4 66.7 0.9974 0.8984

CBAM

Y Y Y 7,221,370 19.2 46.7 0.9964 0.8885
Y Y N 7,213,080 19.2 50.8 0.9965 0.8881
Y N Y 7,219,224 19.2 48.35 0.9965 0.8905
N Y Y 7,220,760 19.2 49.7 0.9961 0.8904
Y N N 7,210,934 19.2 53.7 0.9966 0.8891
N Y N 7,212,470 19.2 50.6 0.9969 0.89
N N Y 7,218,614 19.2 51.4 0.9966 0.8924Appl. Sci. 2024, 14, x FOR PEER REVIEW 12 of 21 
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Figure 8. Visualization of the effect of the attention mechanism on network feature extraction.

A “Y” in Table 4 indicates that the appropriate attention mechanism has been added
after the CSP block at that location, while an “N” indicates that the attention mechanism
has not been added. Since there are three candidate positions (B1–B3) and three attention
mechanisms (SENet, ECA, and CBAM), there are a total of 18 possibilities, as shown in
Table 4.

Comparing the data in Tables 3 and 4, it can be seen that all Yolov5-s networks with
the addition of the attention mechanism have a small increase in the number of parameters,
among which the CBAM attention mechanism has the most significant increase, followed
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by SENet and, finally, ECA. At the same time, in the comparison of the other performance
parameters, CBAM has a more significant increase in the number of parameters, which also
leads to a decrease in the inference speed, with the fastest prediction speed of only around
51 FPS. However, the prediction accuracy does not change significantly, and the amount of
computation and the processing speed of the SENet and ECA attention mechanisms do not
change significantly because the number of parameters does not change significantly.

Comparing the influence of the attention mechanisms at different numbers and loca-
tions, it can be seen that introducing three attention mechanisms into the backbone feature
extraction network produces the largest processing speed loss compared to introducing
one or two attention mechanisms; at the same time, separately introducing the attention
mechanism at position 2 or position 3 has relatively little impact on the inference speed.

The results presented in Figure 8 visualize the effect of the attention mechanism using
the Grad-CAM technique, with the red part of the figure indicating where the network’s
attention lies, i.e., where the network prefers to use the image features at that location for
target detection. In the image, “YYY” indicates that the attention mechanism was added
to B1, B2, and B3, while “NNN” indicates that no attention mechanism was added to
backbone B1, B2, or B3.

The feature distribution that the network tends to use without adding the attention
mechanism is shown in the image of “NNN”. In this case, to detect the left belt edge, the
feature information that the network tends to use is mostly concentrated at the top and
bottom of the annotation box but seldom distributed in the interior of the annotation box.
To detect the right belt edge, the feature information used is mainly distributed in the upper
right corner of the annotation box. Some of it is also distributed in the window area in
the upper left corner of the image, which means that when the left edge of the conveyor
belt is in different backgrounds, especially when the top and bottom scenes of the left
edge region of the conveyor belt in the image undergo obvious changes, the belt deviation
monitoring network is very likely to fail, thus not succeeding in identifying the left edge.
Comparatively speaking, environmental changes have little impact on the identification
effect of the right edge.

Further, by observing the feature distribution after adding the attention mechanism, it
can be seen that, in the improved network proposed in this paper, for the detection of the left
belt edge, the SENet and ECA attention mechanisms do not produce obvious effects. The
feature distribution of the attention paid by the network is not shifted significantly and is
still concentrated at the top and bottom of the annotation box. Moreover, when the attention
mechanism is added to some positions, the feature distribution is partially transferred to
the material flow, as in the case of “YYY” and “NYY” in SENet and “YNY” and “NYY” in
ECA. At this time, the change in the material flow distribution may immediately affect
the conveyor belt edge detection result. The CBAM attention mechanism transfers more
network attention to the interior of the annotation box, which is conducive to improving the
robustness of the network. Similarly, for the detection of the right belt edge, the effect of the
SENet and ECA attention mechanisms is not ideal, and some of them even deviate from the
annotation box, such as “NNY” in SENet and “YNN, NYN, NNY” in ECA. Comparatively,
CBAM shifts the center of gravity of the feature distribution from the upper right corner
center of the annotation box to the inside of the annotation box, which will also improve
the anti-interference ability of the network.

Based on the above visualization of the feature distribution, it can be seen that for
the scene where the test image is located in Figure 8, during the actual installation and
arrangement of the system, large changes should be avoided in the top and bottom areas
within the left visual field so as not to affect the influence of the network on the left edge.

4.3. Verification of the Proposed Method

The above evaluation quantitatively demonstrated the performance of the deviation
monitoring network under different improvement strategies from an objective level, prov-
ing that the improved network model described in this paper performs well on the dataset.
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In this section, the effects of the proposed network are shown more intuitively from a
subjective point of view. A part of the image data of the test set is assigned priority to
be used in the generalization ability test of the network model (Yolov5-s). The respective
influences of different conveying materials and their shapes, the image brightness and
darkness, random noise, etc., on the detection results are discussed. The deep Hough
transform (DHT) [33] linear detection algorithm is also used to compare the results.

(1) The influence of the material flow

Some types of conveying materials are similar to the conveyor belt in color, appearance,
and form, especially a coal conveyor under the condition of low illumination. The presence
of certain materials may interfere with the identification and detection results of the belt
edge and may lead to the incorrect judgment of the deviation state.

Figure 9 compares the detection effects of the method proposed in this paper and the
DHT algorithm when different materials are transported and where the deviation threshold
τ is set as 80. Figure 9a is the original image used for network testing, collected from the
power plant and the port. Figure 9b shows the DHT algorithm’s detection effect on straight
conveyor belt edge lines. It can be seen that the algorithm detects the belt edge and the
boundary of the material flow and, in addition, the frame edge, indicating that the shape of
the material flow and other potential straight lines indeed affect the belt edge detection to a
certain extent. Figure 9c shows the detection results of the method proposed in this paper.
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(b) detection result of DHT, (c) detection result of the method proposed in this paper.

Compared with the DHT algorithm, the proposed method can not only detect the left
and right belt edges but also effectively avoids the influence of other potential lines in the
field of vision on the detection results. Further, it provides the corresponding deviation
amount and the judgment results of the deviation state. For example, “offtrack:302.734”
means that the state of the conveyor belt is “off-track”, and the deviation amount is
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302.734 pixels, which is calculated according to Equations (8) and (9). The deviation state is
judged according to the comparison between the calculated amount of deviation and the
threshold value in Equation (6). Similarly, “no_offtrack:42.466” means that the conveyor
belt’s calculated deviation amount is 42.466 pixels, and the deviation state is determined to
be “no_offtrack”. In addition, there are still two values in the image shown in Figure 9c
(“−1.6195” and “1.5164”), which are the slope of the identified conveyor belt edge line.
When the camera is installed in line with the width of the conveyor belt, this value can
be directly used in the auxiliary judgment of the belt deviation state, especially the belt
inclined state.

(2) The effect of the brightness and shade of the image

In the open environment, at different periods, due to uneven illumination, the images
obtained by the visual perception system of the belt conveyor may have different brightness
degrees. Especially in the case of low illumination, the difference between the material flow
and the conveyor belt will be less obvious, which easily leads to the monitoring method’s
failure. Therefore, in this section, we detail our simulation of conditions of low illumination.
This was achieved by reducing the brightness of the image shown in Figure 9a to further
verify the network’s generalization ability. The results are shown in Figure 10.
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Figure 10. Influence of low illumination on conveyor belt edge detection: (a) image with low
illumination, (b) detection result of DHT, (c) detection result of the method proposed in this paper.

Among them, Figure 10a shows the result of reducing the image brightness in Figure 9a,
while Figure 10b shows the detection effect of the DHT algorithm. By comparing Figures
9b and 10b, it is found that the influence of the material flow on the detection results still
exists under low illumination. The influence of other potential lines in the field of vision
(such as the frame) on the detection results of the belt edge of the conveyor decreases
gradually. Figure 10c shows the detection results of low-brightness images for the network
model proposed in this paper. It can be seen that the method proposed in this paper is not
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affected by the image brightness and can still generate a correct judgment on the state of
the conveyor belt deviation, but the calculated amount of deviation is slightly different
from the result shown in Figure 9c. This difference is caused by the different detection
results for the detected edge line. It can be seen from the comparison that the slopes of
the belt edge detected by the network are different. Further, when the deviation amount
is calculated according to Equations (8)–(10), different deviation amounts are obtained,
and different deviation states may be determined. Thus, the threshold value should be set
reasonably according to the site conditions to accurately determine the running state of the
conveyor belt.

(3) Effects of random vibration and noise from rain and snow

In the daily use of the camera, some unavoidable external forces (camera base vibration,
strong wind, rain and snow, etc.) will inevitably lead to image dithering, blur, and random
noise in the camera’s field of vision. This will affect the detection results. In this section,
global motion blur and global rain or snow noise are added to the original image shown in
Figure 9a using image processing technology to simulate the interference of the camera
shaking and of rainy or snowy weather, and the respective influence of these types of
interference on the algorithm’s detection results is explored in Figures 11 and 12.
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Figure 11. Influence of image jitter on conveyor belt edge detection: (a) image with motion blur,
(b) detection result of DHT, (c) detection result of the method proposed in this paper.

According to the influence of image dithering on the detection results shown in
Figure 11, compared with the DHT algorithm, the proposed method in this paper still
has better stability under the condition of camera (image) dithering and is not disturbed
by other “potential” lines in the field of vision. However, by comparing the calculated
value of the amount of deviation and the judgment results, it can be seen that, in this case,
camera (image) dithering greatly interferes with the proposed method. This leads to the
unreliability of the calculations regarding deviation and poor accuracy. By analyzing the
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influence of rain or snow noise on the detection results in Figure 12, it can be seen that
rain and snow noise greatly impact both the DHT algorithm and the proposed method,
which leads to both misses and false detection in the scenario of low-illumination power
plants, but the method proposed in this paper still maintains a good detection effect in
other scenarios.
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4.4. Discussion

This paper treats the issue of conveyor belt deviation as a problem of straight-line
detection in specific scenarios. By leveraging the unique characteristics of the monitoring
scene and the object being monitored, a method is proposed to represent the conveyor belt
edge lines using the diagonal features of the prediction boxes from the object detection
network. Additionally, a quantitative determination method for the conveyor belt deviation
status is introduced. End-to-end conveyor belt edge detection is achieved using the Yolov5
network on a custom dataset.

Similarly to object detection in other scenarios, this method eliminates the need for the
threshold setting processes inherent in traditional image processing methods. For instance,
traditional image processing involves steps such as Canny edge detection and Hough line
detection, which require setting numerous thresholds, such as grayscale transformation
thresholds, edge detection gradient thresholds, Hough transform accumulator thresholds,
minimum line segment length parameters, and gap parameters. These thresholds need to be
readjusted for different monitoring scenarios or conveyor belt system scenarios. Therefore,
the method proposed in this paper is comparatively simpler and more straightforward and
the algorithm possesses stronger adaptability. Moreover, thanks to the end-to-end detection
approach, the proposed method significantly enhances the detection speed. Compared to
methods based on conveyor belt edge segmentation or conveyor belt region segmentation,
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the object detection-based monitoring method greatly reduces the difficulty and intensity
of dataset creation.

However, the method proposed in this paper still faces some issues, such as ensuring
that the diagonal vertices of the prediction boxes always fall on the edge of the conveyor belt.
This study used Grad-CAM technology to explore the effectiveness of different categories’
attention mechanisms in improving the detection accuracy and identifying the feature
locations utilized by the current network predictions. This investigation revealed feature
locations that may affect the detection results, providing a reference to ensure the detection
accuracy and reliability in future work. This is also one of the main differences between
the work described in this paper and our previous versions. We are attempting to find a
method that always maintains a high degree of coupling. We believe that the ideal feature
distribution should have all utilized features located within the prediction box, with greater
weight at the relevant diagonal vertex positions.

In future work, we will attempt to use the detection approach of the CornerNet
network, representing the conveyor belt edge by directly predicting the vertex coordinates
of the left and right edges.

5. Conclusions and Future Work

Targeting the methods for the monitoring of conveyor belt deviation states, this
paper proposes a belt edge straight-line detection method based on diagonal features,
and the Yolov5 network was used to complete the tests. The proposed method was fully
combined with the prediction box results of the general target detection network. The main
contributions of this paper are as follows.

(1) A new dataset containing 5000 images and a labeling method for conveyor belt
deviation detection were presented.

(2) We designed a quantitative characterization method and a judgment method for the
determination of deviation states. These methods effectively balance the detection
speed and accuracy, achieving detection accuracy of 99% on the self-made dataset and
a detection speed of 67.7 FPS on the RTX2060.

(3) Through the Grad-CAM technique, the effects of the types, positions, and quantities
of the three attention mechanisms on the improvement in the deviation detection
accuracy were explored, and the characteristic positions that affected the detection
results were identified.

(4) The proposed method has a strong anti-interference ability and can effectively resist
environmental interference such as low illumination and motion blur and achieve the
stable and reliable monitoring of operational states.

This work is of great significance in ensuring the safety and efficiency of the trans-
portation system. In future work, we will continue to expand the corresponding dataset
and continuously enhance the anti-interference ability of the network.
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Nomenclature
CAP channel average pooling
CBAM convolutional block attention module
CMP channel max pooling
CSP cross-stage partial network
DHT deep Hough transform
ECA efficient channel attention
FPN feature pyramid networks
FPS frames per second
GAP global average pooling
GMP global max pooling
mAP mean average precision
PANet path aggregation network
SEnet squeeze-and-excitation network

W, H
horizontal and vertical resolution of the image or horizontal and vertical length of
the image

a b c d four vertices of the prediction box
e f g h diagonal vertices of the prediction box
(xa, ya) the coordinates of point a
(xb, yb) the coordinates of point b
(xg, yg) the coordinates of point g
(xh, yh) the coordinates of point h
(xL, yL) center point coordinates of the left prediction box
(xR, yR) center point coordinates of the right prediction box
hL height of the left prediction box
hR height of the right prediction box
wL width of the left prediction box
wR width of the right prediction box
DLM0 distance between the left edge of the conveyor belt and the left edge of the field of view

DRN0

distance between the right edge of the conveyor belt and the right edge of the field
of view

L intersection of the virtual reference line and the left side of the camera’s field of view
M0 intersection of the virtual reference line and the left side of the conveyor belt area
N0 intersection of the virtual reference line and the right side of the conveyor belt area
R intersection of the virtual reference line and the right side of the camera’s field of view
∆y distance between reference line and x-axis
τ threshold for deviation determination
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