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Abstract: The belt conveyor is essential in coal mine underground transportation.
The belt properties directly affect the safety of the conveyor. It is essential to
monitor that the belt works well. Traditional non-contact detection methods are
usually time-consuming, and they only identify a single instance of damage. In
this paper, a new belt-tear detection method is developed, characterized by two
time-scale update rules for a multi-class deep convolution generative adversarial
network. To use this method, only a small amount of image data needs to be
labeled, and batch normalization in the generator must be removed to avoid
artifacts in the generated images. The output of the discriminator uses a multiclassiﬁcation softmax function to identify the scratches, cracks, and tears in the
belt. In addition, we have improved the two time-scale update rule, by which
the generator and discriminator use different learning rates, updated it according
to : , and deﬁned :  as 2:1. It can strike a balance between the generator and
discriminator, speed up discriminator training, and improve real-time damage
detection. Experimental results show that the detection accuracy of tears reaches
100%, and the detection accuracy of non-serious damage is up to 97.1%.
Keywords: Two time-scale update rule; multi-class detection; deep convolution
generative adversarial network; conveyor belt tear

1 Introduction
The belt conveyor is indispensable in underground transportation in coal mines, and its core component
is the belt, whose state can directly affect the safe and stable operation of the conveyor [1–3]. However, in the
complex environment of the pit, gangue and thin rods mixed with coal are likely to penetrate the conveyor
belt and be caught on the roller, causing the belt to tear during the transport process [4–6]. In addition, if a
conveyor belt works for a long time, its surface will be worn heavily and become covered in scratches and
cracks because of uneven force. If these defects are not noticed, the belt may be torn [7–9]. Methods of tear
detection are characterized as either contact [10–12] or non-contact [13–15]. Contact detection, such as
swing roller detection [16–18] and tear pressure detection [19–21], often uses roller pressure for
detection. These methods can quickly and simply detect whether a belt is torn according to force applied
to the belt on the support roll, but the cost is relatively high. A large coal block passing through the
This work is licensed under a Creative Commons Attribution 4.0 International License, which
permits unrestricted use, distribution, and reproduction in any medium, provided the original
work is properly cited.
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blanking port and colliding with the buffer roller during transportation can easily cause false or missing
detection. Most non-contact methods are based on non-destructive detection theory, such as ultrasound
detection [22–25], which identiﬁes tears according to the different states of sent and received ultrasonic
waves produced by waveguides. However, there are complex noises in underground mining, making it
difﬁcult for the ultrasonic system to receive echoes of longitudinal tears, which results in low detection
accuracy. With the development of computer vision, non-contact detection uses edge extraction to capture
signiﬁcant areas and detect acquired images. These methods only detect a single type of damage and
have a long computation time, usually including preprocessing operations such as binarization, edge
extraction, and image denoising.
Deep learning techniques, such as convolutional neural networks (CNNs), recurrent neural networks
(RNNs), and generative adversarial networks (GANs), have been widely applied in image segmentation
and detection. Deep convolutional GANs (DCGANs) have been widely used in image processing, with
their unsupervised learning methods. In a DCGAN, the multi-layer perceptron of the discriminator and
generator in a GAN is replaced by a CNN. To make the entire network differentiable, the pooling layer in
the CNN is removed and the fully connected layer is replaced by a global pooling layer to reduce
calculation. However, for the batch normalization used in the extraction of upsampling features in
DCGAN and its improved algorithms, the pixel space in the generator is not evenly covered and the
generated image can easily produce artifacts. Moreover, the discriminator uses a binary classiﬁcation
function that can only output two categories: real and fake images. It cannot identify multiple types of
damage. The discriminator and generator often use the same learning rate. The generator updates several
times in training, while the discriminator only updates once, causing the discriminator to prematurely
reach a local optimum, resulting in mode collapse. We propose an improved DCGAN and apply it to
damage detection. We make the following innovations.
(1) The batch normalization of the generator can easily cause artifacts in the generated image and affect
the accurate detection of conveyor belt damage. Furthermore, batch normalization is prone to long
calculation times and signiﬁcant memory use. We remove batch normalization to improve the accuracy of
damage detection and reduce training time.
(2) The discriminator of DCGAN cannot be used to identify multiple types of damage. We adopt a multiclassiﬁcation softmax function to transform the output vector into class probabilities. In this way, the
scratches, cracks, and tears in the belt damage can be accurately identiﬁed.
(3) Since the discriminator and generator often use the same learning rate, the model is more likely to
crash. We introduce a two-scale update rule under which the generator and discriminator use different
learning rates, update according to a : b, and deﬁne a : b as 2:1. This maintains the balance between the
generator and discriminator and improves the training speed of the discriminator, for better real-time
damage detection.
The rest of this paper is organized as follows. Related work is presented in Section 2. Section 3
introduces the system design and the algorithm design in the detection subsystem. In Section 4, we
propose our improved algorithm for belt damage detection based on a multi-class DCGAN. Experiments
and analysis are discussed in Section 5.
2 Related Work
Yang et al. [26–28] proposed a conveyor belt tear warning method that captures an infrared image
calculates a threshold value through a grey histogram, and obtains a binary image to determine whether
the belt is torn. This method can detect only tears, since it merely binarizes the tearing area. Li et al.
[29,30] developed a real-time detection method using edge detection and a single-scale image
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enhancement algorithm to extract edge and non-edge features to obtain a feature lattice array, whose
numerical characteristics can be used to detect longitudinal tears. However, this method only extracts
features for the area, ﬁneness and rectangularity of the tear area and cannot detect other non-severe
damage types in time. Qiao et al. [31–33] designed a binocular visual detection method using visible and
infrared light to extract scene and edge features, respectively. The length, width, and area of longitudinal
tears are obtained from the projection vectors of the acquired images on the X and Y axes. Hao et al.
[34–36] devised a multi-class detection method based on visual salience, using support vector machine
(SVM) to transform nonlinear separable samples of extracted seven-dimensional feature vectors into
linear separable samples in a high-dimensional space. Test samples are classiﬁed using the radial basis
function. Although this method can detect scratches, cracks, and tears, the collected images must be
preprocessed by binarization and grey histograms to get the features of the damaged positions, which is
time-consuming.
Deep learning has been widely applied in image segmentation [37–39] and detection [40,41], with its
use of a massive data training network to extract object features. In practical application, however, people
often obtain data that are not labeled. If we use the traditional CNN, it is time-consuming to manually
label many images [42,43]. Goodfellow et al. [44,45] devised a generative adversarial network (GAN).
Based on the idea of a zero-sum game, it extracts image features through competition between a
discriminator and generator. The former tries to minimize the error through the identiﬁcation of the
generated image data, while the latter tries to maximize the error. Finally, the Nash balance is reached
between the two and the foreground and background are segmented according to the differences of the
features. Only a small amount of labeled data is needed, since the model can automatically learn the data
distribution from the training samples and generate new sample data. However, network training usually
adopts the gradient descent method, and the generator model may be trained along a certain feature all
the time, resulting in non-convergence and model collapse. Radford et al. [46,47] worked out a DCGAN,
replacing the upsampling layer with step convolution and the full connection layer with convolution. The
model learns its own spatial downsampling, so the network can accurately obtain the image features.
Batch normalization normalizes the input of each layer in the generator and discriminator to N(0,1), thus
accelerating the training speed. However, the discriminator and generator usually adopt the same learning
rate, so their updating speeds must be balanced carefully during training to avoid model collapse. For this
reason, Heusel et al. [48] proposed a two time-scale update rule so that the generator and discriminator
use different learning rates, so if the generator changes slowly enough, the discriminator still converges.
When the two machines update at the rate of 1:1, the generative adversarial network will converge to a
local Nash equilibrium. However, the discriminator updates much quicker than the generator, so the ratio
of 1:1 cannot really solve the convergence problem.
3 Problem and Solution
We design a belt damage detection system including image acquisition, image detection, and a response
subsystem. The image acquisition subsystem is composed of a surface light source and a charge coupled
device (CCD) camera to collect damage images. The surface light source illuminates the belt surface
vertically to improve the brightness of the image. The CCD camera is placed at an appropriate angle to
collect belt images. The image detection subsystem uses the designed algorithm to detect damage of the
collected images. The response subsystem reacts to the detection results in real time. If there is a tear, the
conveyor belt will stop immediately. If there is a crack, the system issues a warning and does not stop. If
the conveyor belt is normal or scratched, the system runs properly. Therefore, the image detection
subsystem is the core component of belt damage detection. The rationality of algorithm of the subsystem
affects the real-time performance and accuracy of belt tear detection, hence its design is most important.
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In DCGAN, the generator model is a deconvolutional neural network whose pooling layers are replaced
by fractional-strided convolution. The discriminator model is a CNN adopting strided convolution instead of
pooling layers. When the traditional DCGAN is used for image detection, its batch normalization of DCGAN
can help solve the problem of training ﬂuctuations caused by poor initialization. In the process of generating
images, the pixel space in the generator is not uniformly covered due to batch normalization during
upsampling feature extraction, so artifacts are easily produced. These can lead to deviations in the
characteristics learned by the generator, which affect the accurate detection of the type of conveyor belt
damage. At the same time, when performing network training on large batches of image data, batch
normalization can normalize the input of each layer to N(0,1), helping to speed up the training. We use
small batches of seven images to train the network, but batch normalization is likely to use much
calculation time and memory, so we remove it from the generator model. The output of the discriminator
uses two classiﬁcation functions. Using this model, only the torn and undamaged parts of the conveyor
belt can be detected, but not potential hazards such as scratches and cracks, preventing timely
maintenance of the conveyor belt. Given this problem, a multi-class softmax function is applied to the
output of the discriminator to detect scratches, cracks, and tears. The generator and discriminator use the
same learning rate. During training, the generator updates many times, while the discriminator updates
only once. Hence the discriminator reaches the local optimal solution too early, causing the model to
converge and then collapse. In response to this problem, we introduce a two-scale update rule. The
generator and discriminator use different learning rates, update according to a : b, and deﬁne a : b as 2:1.
It can maintain a balance between the generator and discriminator, preventing the discriminator from
reaching the optimal solution too early and causing the model to not converge. The model is optimized
through the update rule of the discriminator and generator to improve the accuracy of belt tear detection.
4 Conveyor Belt Detection Algorithm Design
4.1 Multi-Class DCGAN
In belt tear detection, the traditional generator model of DCGAN is a deconvolutional neural network.
The generator inputs a random noise vector, extracts upsampling features on the belt image through the input
and deconvolutional layers, and converts it to a fake image that is very close to the real image. The
conventional discriminator model is an improved CNN. A sigmoid binary classiﬁcation function is
employed on the output layer, and the output value is in [0,1]. An output of 1 indicates that the input
image is the detection result of real data. An output of 0 means that the generated input image is a fake.
Due to these features of the sigmoid binary classiﬁcation function, only torn and undamaged parts can be
detected, while scratches cannot be identiﬁed. Inspired by Salimans et al. [49], we use the softmax
function as the output function of the discriminator to identify scratches, cracks, and tears. We call this a
multi-class deep convolution generative adversarial network.
Suppose the random vector z has a uniform noise distribution pz ðzÞ, and the generator model GðzÞ maps
it to the data space of a real image. The input x of the discriminator is a real or a fake image with label y, and
its distribution is Pdata ðx; yÞ. Its full connection layer output is a (k þ 1)-dimensional vector
l ¼ fl1 ; l2 ; …; lkþ1 g, which is converted by the softmax function to a (k þ 1)-dimensional category
probability p ¼ fp1 ; p2 ; …; pkþ1 g. The real image is judged as among the ﬁrst k classes, and the fake
image will be judged as the ðk þ 1Þth class. The softmax function is
pj ¼

elj
; j 2 f1; 2; …; k þ 1g;
k
P
l
i
e
i¼1

(1)
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where li is the input vector of the fully connected layer, lj is the class vector output by the fully connected
layer, pj is the class probability of the output, and e is the base of the natural logarithm, approximately
2.71828.
We select the cross-entropy function as the loss function of the discriminator DðyjxÞ to determine the
closeness between the actual and expected output. The smaller the loss value the better the model learns.
Therefore, it is necessary to optimize the network model by minimizing the loss function. Deﬁne
X 0
yj logðpj Þ;
(2)
DðyjxÞ ¼ 
j
0

where j is the category, y is the expected category, and pj is the probability of the category output. One-hot
0
coding is adopted for y and y , i.e., if the discriminator outputs the jth class, the corresponding positions are
coded as 1, and other positions are coded as 0.
According to Eq. (2), when the input is a real image, then Dðyjx; y < k þ 1Þ can be expressed as
Xk 0
y logðpj Þ;
(3)
Dðyjx; y < k þ 1Þ ¼ 
j¼1
0

where y is the expected category and pj is the category probability of the output. When the input is a fake
image, it can be simpliﬁed to
Dðyjx; y ¼ k þ 1Þ ¼  logðpkþ1 Þ;

(4)

where pkþ1 is the category probability of the fake image.
Fig. 1 shows the principle diagram of the multi-class damage detection of a conveyor belt based on
the softmax function. The type of damage is identiﬁed by the softmax function, and the damage category
is labeled as 1, 2, 3, or 4, corresponding to the characteristics of a tear, crack, scratch, or fake
image, respectively.

Figure 1: Principal diagram of multi-class damage detection for conveyor belts
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4.2 Two-Scale Update Rule
The generator and discriminator of the traditional DCGAN use the same learning rate, so their updating
rates must be balanced carefully to avoid collapse. Inspired by Heusel, we improve the two time-scale update
rule to a two-scale update rule, where the generator and discriminator use different learning rates, update
according to the ratio of a : b, and deﬁne a : b as 2:1.
We deﬁne the discriminator as DðyjxÞ with gradient hðdÞ, while the generator model is GðzÞ, with
gradient hðgÞ. Suppose the discriminator and generator have m input image samples in each training
iteration xðtÞ , where 1  t  m. The gradient of the discriminator model is deﬁned as
hðdÞ ¼ rhd

m
1X
½DðyjxðtÞ ; y < k þ 1Þ þ DðyjGðzt Þ; y ¼ k þ 1Þ;
m t¼1

(5)

where y < k þ 1 is the ﬁrst k classes, y ¼ k þ 1 is the class of fake image, xðtÞ is the t th input image sample,
Gðzt Þ is the t th generated image sample, and hd is the parameter of the discriminator model.
The gradient of the generator model is deﬁned as
hðgÞ ¼ rhg

m
1X
DðyjGðzt Þ; y ¼ k þ 1Þ;
m t¼1

(6)

where y ¼ k þ 1 represents the fake image, m represents the input image sample, Gðzt Þ is the ith image
sample, and hg is the parameter of the generator model. If the discriminator is updated too quickly, the
learning time of the generator is insufﬁcient, and the extracted features are incomplete. If the generator is
updated too quickly, then the discriminator prematurely reaches a local optimum, which results in a mode
crash. Therefore, the updating rates of discriminator and generator should be balanced carefully in
training. We adopt the two-scale update rule,
hnþ1 ¼ bahn ðdÞ þ abhn ðgÞ;

(7)

where a and b are the learning rates of the discriminator and generator, respectively, and n is the number of
iterations, where 1  n  m. The iterative update of the generator and discriminator models according to the
ratio a : b enables steadier network training more steadily and better extraction of the image features of the
conveyor belt.
4.3 Algorithm Description
We proposed a new belt-tear detection method, which used a multi-class deep convolution generative
adversarial network based on the two time-scale update rule. The algorithm steps are shown below.
Step 1: The images with surface light source are collected by a CCD camera, and some are labeled with a
damage type, forming a small number of labeled datasets and a large number of unlabeled datasets, as shown
in Fig. 2. Belt damage is marked as follows: the red box represents tears, the blue box represents cracks, and
the green box represents scratches.
Step 2: Build the generator model: The input vector is 100-dimensional random noise, which is
converted to a 16384-dimensional vector through a fully connected layer, and then to a 4 *4*1024 feature
map by the reshape function. Through deconvolutional layers 1, 2, 3, and 4 for upsampling, a
64*64*3 belt image is generated. We do not adopt batch normalization in deconvolutional layers 1, 2,
and 3. The model structure is shown in Tab. 1.
Step 3: Build the discriminator model: The input consists of 64*64*3 images. By downsampling in
convolutional layers 1, 2, 3, and 4, the ﬁnal output is a 4*4*1024 feature map. It is reshaped into a
(4*4*1024)-dimensional vector. Through the full connection layer, the probability values of scratches,
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cracks, tears and fake images are output by the softmax function to judge the damage type. The model
structure is shown in Tab. 2.

Figure 2: Types of damage

Table 1: Generator model
Network layer

Kernel_size

Stride

Padding

Activation

BN added or not

Output

Fully_connected
Deconv2
Deconv3
Deconv4
Deconv5

1*1
5*5
5*5
5*5
5*5

1
2
2
2
2

0
1
1
1
1

ReLU
ReLU
ReLU
ReLU
Tanh

no
no
no
no
no

4*4*1024
8*8*512
16*16*256
32*32*128
64*64*3

Table 2: Discriminator model
Network layer

Kernel_size

Stride

Padding

Activation

BN added or not

Output

Conv1
Conv2
Conv3
Conv4
Fully_connected

5*5
5*5
5*5
5*5
1*1

2
2
2
2
1

1
1
1
1
0

leakyReLU
leakyReLU
leakyReLU
leakyReLU
softmax

No
Yes
Yes
Yes
Yes

32*32*128
16*16*256
8*8*512
4*4*1024
P1/p2/p3/p4

Step 4: Training network: Eq. (7) introduces the two-scale update rule, setting a: b to 2:1. If the
loss value of the model in Eq. (2) drops to a certain value and tends to be stable, then the model has
converged, the characteristics of scratches, cracks, and tears can be obtained, and the damage type of the
image can be predicted.
Step 5: Based on the predicted results, the system responds in real time. If there is a tear, then the
conveyor belt stops immediately. If there is a crack, the system issues a warning and does not stop. If the
conveyor belt is detected as normal or if there are scratches, then the system operates normally.
The detection process of the belt image is shown in Fig. 3.
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Figure 3: Detection process of the belt image by the improved DCGAN
5 Experiment and Analysis
5.1 Data Collection and Preprocessing
The conveyor belt was turned on and reached a constant rate, and a surface light source was added to
make the collected data clearer. The CCD camera captured the image of the surface of the conveyor belt and
transmitted it to the computer through the data transmission line. Accelerated by an Nvidia GPU, the
processing module classiﬁed the damage, and the control module responded in real time according to the
type of damage, either maintaining normal operation or stopping the conveyor belt immediately.
Image collection occurred under ideal conditions, i.e., without water, dust, or other environmental
factors that could affect the test results. We acquired a total of 3200 images and divided them into four
groups of 800 images. The experimental parameters are the height of the CCD camera and the speed of
the conveyor belt. In the ﬁrst group, the belt ran at a low speed (1 m/min). The height of the CCD
camera was set to 0.4 m, and the resolution was 900*700. In the second group, the conveyor belt was
still running at a low speed (1 m/min), the height of the CCD camera was set to 0.8 m, and the resolution
was 1800*1400. In the third group, the conveyor belt ran at a high speed (2 m/min), while the CCD
camera ran at a low setting (0.4 m) with a resolution of 900*700. In the fourth group, the belt ran at a
high speed (2 m/min), and the CCD camera ran at a high setting (0.8 m) with a resolution of 1800*1400.
We randomly selected 200 images from each group for labelling to obtain 800 labelled images and
2,400 unlabelled images.
5.2 Model Training and Results
The experiment ran on the PyCharm 2017 software platform. The Python library included TensorFlow,
SciPy, and NumPy. A Windows 10 operating system ran on an Intel i5-9300HQ CPU at 2.40 GHz and an
Nvidia GeForce GTX 1650 GPU. We used batch processing to load data. Each batch was loaded with
seven images for training. We set the epoch size to 300, and uniformly adjusted the collected images to
64*64 pixels.
The update ratios of the generator and discriminator were set to 2:1 for 300 epochs, and the network was
optimized by Adam with momentum of 0.5. Figs. 4 and 5 show the convergence of the generator and
discriminator, respectively, during training.
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Figure 4: Generator and discriminator loss functions [48]. (a) Generator loss function, (b) Discriminator
loss function

Figure 5: Generator and discriminator loss functions by proposed algorithm. (a) Generator loss function, (b)
Discriminator loss function
In Figs. 4 and 5, the ordinate represents the loss function, and the abscissa represents the number of
iterations, where g_loss and d_loss are the losses of the generator and discriminator, respectively. Fig. 4
is the change curve of the loss value by the method of Heusel et al. [48] proposed, where the generator
learning rate is a ¼ 0:0002, the discriminator learning rate is b ¼ 0:0004, and the update ratio
a : b ¼ 1 : 1. In Fig. 4(a), the generator model ﬂuctuates at 1200 iterations, and in Fig. 4(b), the larger
ﬂuctuations of the discriminator model at 1200 iterations become smaller at 2000 iterations. Hence it can
be seen that the model in Heusel et al. [48] is unstable in the training process. In comparison, the change
curve of the loss value by the method in this paper is shown in Fig. 5, where the learning rates of the
generator and discriminator are a ¼ 0:0002 and b ¼ 0:0004, respectively, and the update ratio . As shown
in Fig. 5(a), the generator model tends to be stable, and the loss value drops to 0.8 after 380 iterations,
and in Fig. 5(b), the discriminator model tends to be stable after 400 iterations, and the loss value drops
to 0.8. In summary, we can conclude that the training stability of the method in this paper is superior to
the training method in Heusel et al. [48].
Taking the 64*64 image and the fake image generated by the generator as the input of the discriminator,
the downsampling features are extracted through convolutional layers 1–4 to output a 4*4*1024 feature map.
The ﬁnal detection result map is obtained via the fully connected layer. Fig. 6 is the collected belt damage
image, uniﬁed it to 64*64 pixels. Fig. 7 shows the detection result corresponding to each image in Fig. 6.
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Panels (a) to (g) in both images represent scratches, cracks, tears, scratches + cracks, scratches + tears, tears +
cracks, and scratches + cracks + tears, respectively.

Figure 6: 64*64 pixel belt image

Figure 7: Test result diagram
We evaluate this method by
Accuracy ¼

TP
;
TP þ FP

(8)

where TP is the number of correctly judged pixels in the damaged region, and FP is the number of misjudged
pixels. Thus the accuracy of the algorithm in this paper is obtained, as shown in Fig. 8.

Figure 8: Average accuracy of the algorithm
It can be seen from Tab. 3 that the method in this paper has nearly the same accuracy as the method in Li
et al. [29] at detecting scratches. However, only one type of damage can be detected by the latter, while our
method can detect various types of damage, and the overall detection accuracy is improved. Our algorithm
has better accuracy than [42] and [48]. The algorithm in Zhou et al. [42] requires a large number of manual
annotations on acquired images, and it takes more time. Using Heusel et al. [48], as shown in Fig. 6,
ﬂuctuations may occur during iterative training of the generator and discriminator, thereby affecting the
extraction of features and resulting in low detection accuracy.
According to the response accuracy in Tab. 4, the detection accuracy of tears using our algorithm is as
high as 100% and a stop can be made in time. From the perspective of reliability, we achieved accurate
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detection for the tears to ensure timely stopping of the conveyor belt, thereby effectively reducing the
frequency of accidents. The average accuracy of this experiment is about 97.1%.

Table 3: Comparison of experimental results (note: slash indicates undetectable)
Experiment

Scratches Cracks Tears Scratches Scratches Cracks Scratches System detection
+ cracks + tears
+ tears + cracks accuracy
+ tears

Reference [10]
Reference [15]
Reference [18]
This paper

292
290
280
292

285
288
290
291

290
295
300
300

285
288
286

288
289
287

293
292
293

290
291
292

96.3%
96.6%
96.7%
97.1%

Table 4: Response accuracy
Normal operation

Warning

Stopping

99.5%

97.1%

100%

6 Conclusion
Based on multi-class DCGAN, we proposed a reliable and fast method to detect longitudinal tears in a
conveyor belt, removing batch normalization of the generator and thus reducing artifacts in the generated
images, so that features extracted from the generator model are more accurate. The two-scale update rule
makes the model converge faster and prevents its collapse. The output of the discriminator is a multiclass softmax function, which can accurately detect and classify the types of damage. Experimental
results showed that this method is suitable for detecting multiple types of damage in an image, with
higher accuracy and reliability, in a shorter time than comparison algorithms.
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