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+e deviation of the conveyor belt is a common failure that affects the safe operation of the belt conveyor. In this paper, a deviation
detection method of the belt conveyor based on inspection robot and deep learning is proposed to detect the deviation at its any
position. Firstly, the inspection robot captures the image and the region of interest (ROI) containing the conveyor belt edge and
the exposed idler is extracted by the optimized MobileNet SSD (OM-SSD). Secondly, Hough line transform algorithm is used to
detect the conveyor belt edge, and an elliptical arc detection algorithm based on template matching is proposed to detect the idler
outer edge. Finally, a geometric correction algorithm based on homography transformation is proposed to correct the coordinates
of the detected edge points, and the deviation degree (DD) of the conveyor belt is estimated based on the corrected coordinates.
+e experimental results show that the proposedmethod can detect the deviation of the conveyor belt continuously with an RMSE
of 3.7mm, an MAE of 4.4mm, and an average time consumption of 135.5ms. It improves the monitoring range, detection
accuracy, reliability, robustness, and real-time performance of the deviation detection of the belt conveyor.

1. Introduction

Belt conveyor is continuous transportation equipment in
modern production with the advantages of large capacity,
being suitable for long distance, low freight, high efficiency,
stable operation, convenient loading and unloading, being
suitable for bulk material transportation, etc. It has become
one of the three main industrial conveyances together with
automobile and train and has been widely used in coal,
mines, ports, electric power, metallurgy, chemical industry,
and other fields [1]. +e operating condition of the belt
conveyor is harsh, and the deviation fault occurs due to
improper installation and adjustment, manufacturing er-
rors, bearing idler failure, uneven distribution of materials,
adhesion of slime to the driving pulley and the bend pulley,
etc. [2]. +e deviation fault of the belt conveyor can lead to
the tearing of the conveyor belt, the material spilling, and the
belt conveyor damage. To ensure safe operation, it is re-
quired to detect the deviation of the conveyor belt.

At present, the main detection method of the deviation
fault is to install two sets of deviation switches on the racks on
both sides of the conveyor belt. Once deviation occurs, the
conveyor belt pushes the action arm of one set of the deviation
switch to deflect, and the deviation switch is triggered and
sends an alarm signal. If the conveyor belt continues to de-
viate to the set stop position, it triggers another set of de-
viation switch and it will control the belt conveyor to stop.
+is method can only detect two fixed belt deviation positions
and cannot estimate the deviation degree (DD). Meanwhile, it
often gives false alarms to cause downtime and affect pro-
duction. In addition, the deviation switch is prone to be
damaged by the conveyor belt running at high speed, and its
reliability and accuracy are poor. Since the deviation fault
cannot be effectively detected, the longitudinal tearing, the
belt breaking, and the belt conveyor damage occur frequently.

In order to detect the deviation of the conveyor belt
effectively, in recent years, researchers have paid consid-
erable attention to themachine vision-basedmethods, which
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are contactless and more reliable. Yang et al. [3] proposed a
deviation detection method based on the image segmen-
tation algorithm. +e linear array CCD was used to collect
the images of the lower surface of the running conveyor belt,
and the image segmentation algorithm based on the column
threshold was used to detect the conveyor belt edge,
according to which the deviation of the conveyor belt can be
detected qualitatively. +is method is simple and efficient,
but the lens of the camera is easy to be polluted by materials
and dusts, which affects the imaging quality. Mei et al. [4]
proposed a deviation detection method based on the image
enhancement algorithm, which used the adaptive threshold
and the image enhancement algorithm to detect the con-
veyor belt edge, and calculated the offset and the distortion
of the conveyor belt, according to which the DD was esti-
mated and the deviation fault was predicted. +is method is
efficient and accurate, but still with the defect that the lens
is susceptible to contamination. +e neural network (NN) is
with prominent nonlinear mapping and feature extraction
capability. It has been applied to minimally invasive surgery,
the control of robotic manipulators, mechanical fault de-
tection, human activities monitoring, robot tool dynamics
identification, medical images [5–11], etc. and has dem-
onstrated superior performance. Liu et al. [12] proposed a
deep learning-based deviation detection method of the belt
conveyor, which has reliable object detection and anti-
jamming ability, but the error of the estimated DD is large.
+e cameras of the abovementioned deviation detection
methods are all installed in fixed positions and can only
detect the fixed positions. However, the deviation fault may
occur at any position of the belt conveyor. +erefore, it is
more suitable to use an inspection robot to detect the de-
viation along the belt conveyor. An inspection robot is a
great substitute for human beings to perform periodic in-
spection tasks in dangerous scenes and has been widely used
in the power system [13] and construction [14]. In recent
years, it has been implemented in coal mines [15], but the
deviation detection along the belt conveyor is still unsolved.

To address this issue, a deviation detection method of the
belt conveyor based on inspection robot and deep learning is
proposed in this paper, which provides a more intelligent
solution for the monitoring of the belt conveyor. +e main
idea is to combine the deep learning algorithm and the
digital image processing technology to detect the deviation
of the conveyor belt on an inspection robot. To summarize,
our contributions are listed as follows:

(1) +e novel deviation detection method is proposed.
+e inspection robot is applied to detect the devi-
ation at any position along the belt conveyor. In
order to determine the relative position of the
conveyor belt, the idler outer edge is used as a ref-
erence, and the deep learning algorithm is intro-
duced to enhance the ability of the inspection robot
to deal with the complex environment. In addition,
the digital image processing algorithms are com-
bined to detect edges and correct distortion.

(2) +e ROI detector based on MobileNet SSD (M-SSD)
is designed to detect the conveyor belt edge and the

exposed idler in real time. +e prediction source
layers of M-SSD are customized to improve the
detection accuracy and speed.

(3) A conveyor belt edge detection method based on the
Hough line transform is designed to detect the
conveyor belt edge, and it is more robust than other
methods. An elliptical arc detection algorithm based
on template matching is proposed to detect the idler
outer edge. +e template elliptical arcs are generated
by the linear transformation of a semicircle, and this
method can detect the idler outer edge efficiently.

(4) A novel geometric correction method is proposed.
+e geometric correction is simplified from three-
dimensional (3D) projection transformation into a
combination of plane homography transformation
and plane geometric transformation. +e DD is
estimated by the proposed DD estimation method,
and it is effective in different DDs.

+e rest of this paper is structured as follows. Section 2
details the proposed deviation detection method and its
components. Section 3 presents the experimental platform
and the result analysis. Section 4 concludes our work and
gives the further research directions.

2. Materials and Methods

2.1. Schematic of the Belt Conveyor Deviation Detection
Method. +e inspection robot runs on the rack track beside
the belt conveyor, and it moves parallel to the central axis lc
of the belt conveyor . A mobile camera is fixed on the metal
frame of the inspection robot, and its optical axis is per-
pendicular to lc. +e mobile camera captures the image
containing the conveyor belt and the exposed idlers, and the
lateral axis of the image is parallel to lc. +e proposed
method combines the deep learning algorithm and the
image processing technology, as shown in Figure 1. It can be
summarized in two phases. In phase 1, the ROI containing
the conveyor belt edge and the exposed idler is extracted. In
phase 2, the conveyor belt edge and the idler outer edge are
detected, and the DD is estimated based on the corrected
coordinates of them. +is method combines the antijam-
ming ability of deep learning and the precision of digital
image processing and detects the deviation in complex and
changeable background environments.

Phase 1 is composed of three steps: (1) the algorithm
captures the image continuously and crops the image to two
subimages with the same size, named imgO and imgI, re-
spectively. (2) We input the two subimages to the well-
trained ROI detector OM-SSD to extract the ROI containing
the conveyor belt edge and the exposed idler, named ROI_O
and ROI_I, respectively, and they may contain the outer
idler or the inner idler (the idler on the outer side of the
conveyor belt appears in the upper half of the image, and
the inner side one appears in the lower half, which are called
the outer idler and the inner idler, respectively). (3) If the
ROIs are extracted successfully, we step into phase 2; oth-
erwise, the procedure will be aborted and we go with the next
image. Phase 2 consists of the following four steps: (1) the
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conveyor belt edge is detected by using the Hough line
transform-based algorithm. (2) +e idler outer edge is de-
tected by the elliptical arc detection algorithm based on
template matching. (3) +e coordinates of the conveyor belt
edge point and the idler outer edge point are corrected by
implementing the geometric correction algorithm based on
homography transformation; then, the length of the exposed
idlers can be calculated. (4)+eDD is estimated based on the
length of the exposed idlers.

2.2. ROI Extraction Algorithm Based on M-SSD

2.2.1. *e Framework of the ROI Extraction Algorithm.
ROI extraction can be regarded as object detection.
According to the detection stage, the methods of deep-
learning-based object detection can be divided into 2 cat-
egories: two-stage and one-stage detection methods. +e
two-stage detection method is represented by faster RCNN
[16], which is comprised of two stages. In stage 1, the
proposal bounding boxes and the objectness scores are
predicted simultaneously, and in stage 2, the region pro-
posals are used for detection and regression. Faster RCNN
can be considered as a combination of fast RCNN [17] and
region proposal network (RPN), and it performs well in the
public datasets. However, fast RCNN and RPN have to be
trained alternately to share the parameters of the convo-
lution layers and the prediction layers, which makes it
inconvenient for integration and implementation. +e one-
stage detection method is represented by SSD [18] and
YOLO [19], and they do not have an explicit generation stage
of the proposal bounding boxes. Compared with YOLO and
faster RCNN, SSD adopts pyramid architecture, imitates
RPN to generate default boxes at each position frommultiple
source layers, and predicts each classification score of each

default box, thus making full use of each feature maps and
avoiding the alternative training of the classification network
and RPN, which makes it more flexible and widely used in
different applications [18, 20].

2.2.2. Object Detect Network Based on MobileNet. +e su-
perior nonlinear mapping capability of the convolution
neural network (CNN) is mostly derived from the depth
and the capacity of the network, and the model goes
deeper and larger for better performance in accuracy, such
as AlexNet [21], VGGNet [22], GoogLeNet [23], and
ResNet [24]. However, the training and deployment of
them require higher hardware costs (memory and GPU),
which limit their application in embedded and mobile
devices. +erefore, streamlining the network has become
an active research area in recent years [25–27]. +e key
point of the network pruning is to balance the tradeoff
between accuracy and costs, that is, to reduce the pa-
rameters and computations dramatically with a slight
degradation in accuracy. MobileNet [27] is an efficient
CNN specified for mobile vision applications. +e core is a
streamlined architecture named depthwise separable
convolution (DSC). Given an input feature map of size
DW × DH × M, a convolution kernel of size DK × DK × N,
the standard convolution assuming stride one and pad-
ding, has the computational cost of

MAddss � DWDHMDKDKN, (1)

where MAdds is the multiadds [27], DW, DH, and M are
the width, height, and number of channels of the input
feature map, respectively, the width and the height of the
convolution kernel are DK, and the number of channels is
N. +e DSC divides the standard convolution into two
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Figure 1: Schematic of the deep-learning-based belt conveyor deviation detection method. +e inspection robot captures an image and
divides it into imgO and imgI; then, they are input into the ROI detector (OM-SSD) to extract the ROI_O and ROI_I, respectively.+e ROIs
are converted into gray images, and then, the conveyor belt edge detection algorithm and the idler outer edge detection algorithm are
implemented on them to get the edges. +e points are the midpoints of the detected lines representing the conveyor belt edges and the
vertices of the idler outer edges, respectively. +e coordinates of the points are corrected by the geometric correction algorithm and then
used to estimate the DD. +e distances between the two points in ROI_O and ROI_I represent the lengths of the exposed outer and inner
idler, and the difference between the lengths indicates the DD. (a) Phase 1: ROI extraction. (b) Phase 2: DD estimation.
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parts: a depthwise convolution and a pointwise convo-
lution. +e former is applied as a single filter per each
input channel and outputs a feature map of size
DW × DH × M, and the latter creates a linear combination
of the output by using a simple convolution of size
1 × 1 × N. +en, the computational cost of the DSC with
stride one and padding can be calculated as

MAddsD � DWDHMDKDK + DWDHMN. (2)

+en, the computational cost ratio (CCR) of the DSC
and the standard convolution can be written as

MAddsD

MAddss

�
1
N

+
1

DKDK

. (3)

+e state-of-art networks usually use small kernels [22],
i.e., DK � 3.When the output channel N gets larger, the CCR
can be close to 1/9. In addition, the number of parameters Ps

in the standard convolution is

Ps � DWDHMDKDKN, (4)

while in the DSC, the number of parameters PD is

PD � MDKDK + MN, (5)

and the ratio of them is as follows:
PD

Ps

�
1

DWDHN
+

1
DKDKDWDH

. (6)

It can be proved that the larger the feature map and the
number of the output channels get, the more the com-
putations and the parameters decrease, and the experi-
mental results show that the degradation in performance
of the DSC is almost negligible [27]. With the lightweight
architecture, deep CNNs and object detection frameworks
can be deployed in the embedded devices successfully. +e
feature extraction network of M-SSD is shown in Table 1,
with 22 layers, and all the convolution layers are followed
by batchnorm layers and rectified linear unit (ReLU)
layers, including the standard convolution (Conv) layers
and the depthwise and pointwise convolution layers in the
DSC.

2.2.3. ROI Detector. To detect objects of different sizes,
M-SSD uses L11, L13, L15, L17, L19, and L21 as the pre-
diction source layers in predicting the object bounding box.
For the k-th of the 6 layers, the ratio Sk of the default box to
the input image is determined as

Sk � Smin +
Smax − Smin

m − 1
(k − 1), k ∈ [1, m], (7)

where Smin and Smax are the minimum and maximum of the
ratio, which are 0.2 and 0.9, respectively. m � 6 is the number
of the prediction source layers. To detect objects with dif-
ferent shapes, M-SSD sets different aspect ratios rk for each
default box at each position of the k-th layer, which can be
determined as follows:

rk �

1, 2,
1
2

 , k � 1,

1, 2,
1
2
, 3,

1
3

 , k ∈ [2, 6].

⎧⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎩

(8)

In addition, a square default box with a scale of
�����
SkSk+1



is added when k ∈ [2, 6]. Assuming an input image of size
300 × 300 × 3, the number of default boxes is 1917.

In this paper, OM-SSD algorithm for extracting the ROI
containing the conveyor belt edge and the exposed idler is
proposed. On the basis of M-SSD, OM-SSD sets the aspect
ratios of L11’s default boxes to the same ratios as those of
other layers, and L14–L21 are removed; L11 and L13 are the
only source layers for prediction, and the reason is as follows.
For the extraction of the ROI, it is the same thing as detecting
the image of the exposed idler with an extended small patch
of the conveyor belt. Since the distance between the in-
spection robot and the idler does not change very much, the
image size of the ROI varies in a small range, and the default
boxes with unrelated scale contribute almost nothing to the
detection but slowing down the speed [18], so the prediction
source layers L14–L21, which are used to generate large scale
default boxes in M-SSD, are removed. Since the idler is
elongated, the aspect ratio of the exposed idler varies greatly,
so the aspect ratios of L11 are expanded. Since most feature
extraction layers in OM-SSD are DSCs, the number of the
parameters in the model is small, and then, OM-SSD has less
trouble with overfitting [27]. +e original loss function of
SSD [18] is adopted for training:

L(x, c, l, g) �
Lconf(x, c) + αLloc(x, l, g)( 

Nb

, (9)

Table 1: +e backbone of M-SSD.

Layer Input size Operator Stride Output channel
L0 300× 300× 3 Conv 2 32
L1 150×150× 32 DSC 1 64
L2 150×150× 64 DSC 2 128
L3 75× 75×128 DSC 1 128
L4 75× 75×128 DSC 2 256
L5 38× 38× 256 DSC 1 256
L6 38× 38× 256 DSC 2 512
L7 19×19× 512 DSC 1 512
L8 19×19× 512 DSC 1 512
L9 19×19× 512 DSC 1 512
L10 19×19× 512 DSC 1 512
L11 19×19× 512 DSC 1 512
L12 19×19× 512 DSC 2 1024
L13 10×10×1024 DSC 1 1024
L14 10×10×1024 Conv 1 256
L15 10×10× 256 Conv 2 512
L16 5× 5× 512 Conv 1 128
L17 5× 5×128 Conv 2 256
L18 3× 3× 256 Conv 1 128
L19 3× 3×128 Conv 2 256
L20 2× 2× 256 Conv 1 64
L21 1× 1× 64 Conv 2 128
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where Nbis the number of matched default boxes, x is the
match indicator of the default box and the ground truth, c is
the prediction confidence of multiple classes, and l and g are
the parameters of the predicted box and the ground truth
box, respectively. Confidence loss Lconf(x, c) and localiza-
tion loss Lloc(x, l, g) are the main components of the loss
function and are weighted by weight term α, which is set to 1.

In order to extract the ROI efficiently, the input image is
divided into two subimages: imgO and imgI, which may
contain the outer idler and the inner idler, respectively.
+en, they are resized to 300 × 300 × 3 and input into OM-
SSD. +e detector outputs the label indicating the classifi-
cation of the idler and the bounding box of the ROI.

2.3. Conveyor Belt Edge Detection Algorithm Based on the
Hough Line Transform. +e conveyor belt edge in the ROI
can be regarded as a straight line. +e conventional algo-
rithms of line detection can be divided into two categories:
Hough transform-based and line segment-based algorithms
[28]. +e latter has the advantages of high efficiency and
accuracy; however, this method is based on region grow, and
if a long line is blocked or blurred partially, it is often de-
tected as multiple lines. +e former does not suffer from this
drawback and is more robust. +e Hough line transform
maps the edge point (x, y) in the image space to a sine-like
curve in the parameter space by

ρ � xcosθ + ysinθ, (10)

where ρ is the distance of the line and the origin and θ is the
angle between the x-axis and the line. +e curves corre-
sponding to the edge points on the same line will intersect at
a point (ρ0, θ0). +e plausible lines can be obtained by
substituting the coordinates of the intersection points of the
curves into equation (10).

+e conveyor belt edge detection algorithm based on the
Hough line transform consists of six steps and is described in
Algorithm 1.

To reduce noise and keep sharpness, the kernel size of the
Gaussian filter is set to 3, and the standard deviation is 1.0.
+e low and high threshold of the Canny edge detector are
0.2 and 0.4 of the maximum gradient, respectively, and the
accumulator threshold for the plausible lines extraction is set
to 30 empirically. +e prior knowledge of the conveyor belt
edge is as follows. +e angle between the conveyor belt edge
and the x-axis is no more than 15°, and then, the plausible
lines with |θ|> 15° are discarded. In addition, ROI_I may
contain the edges of the upper and lower surface of the
conveyor belt, and generally, the upper one is more
prominent, so the uppermost proposal line is considered as
the conveyor belt edge. ROI_O only contains the upper
surface edge; thus, the longer proposal line at the bottom of
the ROI_O is extracted.

2.4. Idler Outer Edge Detection Based on Template Matching

2.4.1. Features of the Idler Outer Edge in the Image. +e
general structure of the idler is a cylinder, and the shape of
its outer edge is a standard circle. However, the image of

the idler outer edge obtained by the inspection robot is an
elliptical arc with large gaps, varying scales, and inter-
ference with similar arcs, as shown in Figure 2; this is
caused by the following reasons: (1) due to the shooting
position, the angle between the plane of the idler outer
edge and the image plane is not 0°, which results in the
standard circle being compressed vertically, and only the
upper half of the outer idler outer edge can be obtained
and the lower part of the inner idler outer edge is blocked
by the bracket. (2) +e idler outer edge may be sheared
horizontally with variations in scale, which is caused by
the movement of the inspection robot. (3) +e protruding
edge on the idler outer edge will induce a pseudoarc, and
the shadow of the conveyor belt edge on the idler will also
appear as an interference.

2.4.2. Idler Outer Edge Detection Algorithm. +e general arc
detection algorithms can be classified into two categories:
Hough transform-based [30] and gradient region growth-
based algorithms [31]. +e former suffers from tremendous
computation, while the latter is more suitable for the images
with simple content. More importantly, they do not perform
well in detecting an elliptical arc.

+e elliptical arc of the idler outer edge can be generated
by horizontal scaling, vertical scaling, and horizontal
shearing of a semicircle, according to which an idler outer
edge detection algorithm based on template matching is
proposed. Firstly, the template elliptical arcs are generated
based on the prior transformation parameters, and then, the
corresponding template elliptical arcs and the edge points in
Ie are traversed to find the one with the highest matching
confidence. +e proposed algorithm is composed of the
following three steps: (1) given the radius ri and the vertical
scaling factor sj, the coordinate (w, z) of an arbitrary point
on the base arc is determined as

z � sj

�����������

r
2
i − w − ri( 

2


, (11)

where w ∈ [0, 2ri] and ri and sj are used to scale the base arc
horizontally and vertically. Given the horizontal shearing
factor ck, the coordinate (xa, ya) of an arbitrary point on the
template elliptical arc can be determined as

xa � w + ckz,

ya � z.
 (12)

+e images of the representative template elliptical arcs
with different parameters are shown in Figure 3. (2) We
consider Ie(x, y) in Ie as the origin coordinate, count the
number of the edge pixels ne(x, y) on the template elliptical
arc route and the number of the valid pixels nv(x, y), and
traverse all the template elliptical arcs determined by the
combinations of ri � Rmin + iRstep, i ∈ [0, 1, 2, . . . , Nr − 1],
sj � Smin + jSstep, j ∈ [0, 1, 2, . . . , Ns − 1], and ck � Cmin +

kCstep, k ∈ [0, 1, 2, . . . , Nc − 1] (Rmin, Smin, and Cmin are
the minimum values of the radius, the vertical scaling factor,
and the horizontal shearing factor, Rstep, Sstep, and Cstep are
their steps, and Nr, Ns, and Nc are their numbers, re-
spectively), and the matching confidence p(x, y, i, j, k) that
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indicates the probability of a true idler outer edge can be
defined as

p(x, y, i, j, k) � max
ne(x, y)

nv(x, y)
. (13)

Cmin varies with the horizontal location of the ROI in the
image. Assuming that the abscissa value of the left boundary
of ROI_O or ROI_I is xl and its ratio to the width of imgO or
imgI is rx, Cmin can be determined as

Cmin � Cstep floor
rx Cr − Cl(  + Cl

Cstep
 , (14)

by which Cmin is aligned to an integral multiple of Cstep
within [Cl, Cr]. (3) We traverse all of the edge points in Ie,
repeat step (2), calculate all the p(x, y, i, j, k), and then, sort
them in descending order and output the parameters
(x, y, i, j, k) of top K.+e origin coordinate of the idler outer
edge is located in the left half of Ie; thus, only the edge points
on the left half are traversed to speed up. Generally,
matching confidence of the true idler outer edge is higher
than that of the pseudoarc; then, the parameters with the
highest matching confidence are used to describe the idler
outer edge.

We summarize the idler outer edge detection algorithm
based on template matching in Algorithm 2.

Input: ROI image ROI_O or ROI_I.
Output: Coordinates of the start and end points of the proposal line.

(1) Convert ROI_O or ROI_I into gray image;
(2) Denoise the gray image by using Gaussian filter;
(3) Obtain the edge map Ie by using Canny edge detector [29];
(4) Map the edge points in Ie to the parameter space by using Hough line transform, then set the accumulators;
(5) Extract the plausible lines by setting a proper accumulator threshold;
(6) Extract the proposal line from the plausible lines by the prior knowledge of the conveyor belt edge.

ALGORITHM 1: Conveyor belt edge detection algorithm based on the Hough line transform.

(a) (b) (c)

(d) (e) (f)

Figure 2: Typical images of the ROI and their edge maps. With the movement of the inspection robot, the position of the ROI in the image
changes from left to right, the idler outer edge presents an elliptical arc, and the edge map of the ROI_I is disturbed by similar elliptical arcs.
(a) ROI_O on the left, (b) ROI_O in the middle, (c) ROI_O on the right, (d) ROI_I on the left, (e) ROI_I in the middle, and (f) ROI_I on the
right.

(a) (b)

(c) (d)

Figure 3: Typical template elliptical arcs with different parameters. (a) ri � 43, sj � 0.4, and ck � −0.5, −0.3, −0.1, 0.1, 0.3, and 0.5. (b) ri � 43,
sj � 0.8, and ck � −0.5, −0.3, −0.1, 0.1, 0.3, and 0.5. (c) ri � 60, sj � 0.4, and ck � −0.5, −0.3, −0.1, 0.1, 0.3, and 0.5. (d) ri � 60, sj � 0.8, and ck � −0.5,
−0.3, −0.1, 0.1, 0.3, and 0.5.
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2.5. Geometric Correction Based on Homography
Transformation

2.5.1. Equivalence of Conveyor Belt Imaging. Geometric
correction is required for the measurement with a mon-
ocular camera.+e surface of the trough conveyor belt is not
a plane, and distortion will occur when the surface is
projected onto the image plane.

To correct this distortion, the imaging process is
analyzed as follows. +e deviation of the conveyor belt is
defined in its cross-section plane, and the imaging model
is shown in Figure 4. a″ and d″ are the vertices of the
outer edges of the inner and outer idlers, b1 and c1 are the
edge points of the conveyor belt upper surface, and their
projection points on the image plane I are a, d, b, and c,
respectively. +e thickness of the conveyor belt should
not be ignored and is marked as b1b2 or c1c2, where b2 and
c2 are the edge points of the lower surface of the conveyor
belt. According to the geometry, the length of the exposed
idlers a″b2 and c2d″ can be obtained by the internal and
external parameters of the camera as well as the pixel
distance of ab and c d, and they can be used to estimate
the DD of the conveyor belt. However, to obtain these
parameters directly, 3D perspective transformation is
needed, which requires more reference points that are
difficult to get in engineering.

To address this issue, the imaging process is equivalent to
two projections. We suppose there is a horizontal auxiliary
planeI′ with a″ and d″ on it. b′ and c′ are the projection
points of b1 and c1 on I′ with Oc as the perspective center,
and the first equivalent projection is that the image of the 3D
objects such as the conveyor belt and the exposed idlers are
projected to plane I′. +e second one is that the image on I′
is projected to I. +e process of the measurement by a
monocular camera can be regarded as the inverse imaging
process described above.

2.5.2. Geometric Correction Algorithm. As the imaging
process is equivalent to two projections, the geometric
correction is simplified from 3D projection transformation

into a combination of plane homography transformation
and plane geometric transformation.

For any point (u, v) on the image plane I, there is a
nonsingular matrix H of size 3 × 3 and a scale factor ρ that
can map (u, v) to (x′, y′) on I′ linearly. +e homogeneous
expression is as follows:

x′
ρ

y′
ρ

1
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(15)

+ere are eight degrees of freedom in H, and four pairs of
calibration points, at least, are needed to solve equation (15).
+e calibration points can be obtained by a rectangular cali-
bration board placed on I′. +e width and aspect ratio of the
calibration board are Wa and Ra, and the calibration points

Input: Edge map Ie, prior transformation parameters Rmin, Rstep, Nr, Smin, Sstep, Ns, Cl, Cr, Cstep and Nc.
Output: Idler outer edge parameters (x, y, i, j, k).

(1) Compute the template elliptical arcs by using equations (11) and (12);
(2) Consider the edge point Ie(x, y) in the left half of Ie as the origin coordinate, compute the matching confidence p(x, y, i, j, k) by

using equation (13);
(3) Traverse all the edge points Ie(x, y) in Ie and repeat step 2, then output the parameters (x, y, i, j, k) with the highest matching

confidence.

ALGORITHM 2: Idler outer edge detection algorithm based on template matching.
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Figure 4: +e imaging model of the conveyor belt in the cross-
section plane.
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(ui, vi) (i � 1, 2, 3, 4) are the coordinates of the upper left,
upper right, lower left, and lower right corner of the calibration
board on the image plane I, respectively. +e corrected co-
ordinates (uai, vai) (i � 1, 2, 3, 4) can be defined as

ua1 � u1,

va1 � v1,

ua2 � u1 +

������������������

u2 − u1( 
2

+ v2 − v1( 
2



,

va2 � v1,

ua3 � u1,

va3 � v1 +

������������������

u2 − u1( 
2

+ v2 − v1( 
2



Ra

,

ua4 � ua2,

va4 � va3,

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

(16)

and then, ρ is calculated by

ρ �
Wa�������������������

u2 − u1( 
2

+ v2 − v1( 
2

 , (17)

and the elements in H can be obtained by solving

uai �
h11ui + h12vi + h13

h31ui + h32vi + 1
,

vai �
h21ui + h22vi + h23

h31ui + h32vi + 1
,

i � 1, 2, 3, 4.

⎧⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎩

(18)

When the coordinates of a, d, b, and c are detected, they
can be transformed to a″, d″, b′, and c′ by equation (15).+e
vertical projection point of the camera optical centerOC in
plane I′ is OC

′, the vertical and horizontal distance between
OC and a″ in the cross section plane are OCOC

′ and OC
′a″,

and the angle between the idler center axis and the hori-
zontal plane is c; then, the length of the exposed idlers can be
calculated by the plane geometric transformation as follows:

a″b2 � a″b′cosc +
a″b′sinc − b1b2

tan arctan OCOC
′/OC
′a″ + a″b′(  − c( 

,

c2d″ � c′d″cosc −
c′d″sinc − b1b2

tan arctan OCOC
′/OC
′a″ + a″c′(  + c( 

.

⎧⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎩

(19)

2.6. DD Estimation. +e slope of the conveyor belt edge is
gentle, and the midpoints of the lines detected in Section
2.3 can be regarded as the edge points b and c in the image.
Meanwhile, the vertices of the detected elliptical arcs in

Section 2.4 are used as the vertices a and d in the image.
+en, a″b2 and c2d″ can be calculated by equation (15) and
(19). According to the Chinese industry standard (GB/T
10595-2017), the deviation of the conveyor belt is defined
as the deviation between the centerlines of the conveyor
belt and the belt conveyor, and the conveyor belt is
considered to be in normal operation when the deviation
is within 5% of the belt width, and early warning or
shutdown command should be issued when that exceeds
5% consistently [4].

+e DD is defined as the percentage of the conveyor belt
deviation and its widthWb. When both of a″b2 and c2d″ can
be obtained, the DD is calculated as follows:

DD �
a″b2 − c2d″

2Wb

× 100%. (20)

However, a″b2 and c2d″ are not always available. When
there is only a″b2, the DD should be calculated by

DD �
a″b2 − 0.5 Wi − Wb( 

Wb

× 100%, (21)

where Wi is the groove length of the idler set, which is longer
than a″d″. (Wi − Wb) is the groove length of the exposed
idler set, which can also be obtained from the previous
normal detection results:

Wi − Wb � a″b2 + c2d″. (22)

When there is only c2d″, the DD should be calculated by

DD �
0.5 Wi − Wb(  − c2d″

Wb

× 100%. (23)

If a″b2 and c2d″ are both unavailable, this detection
process will be aborted. +e DD is a signed variable, a
positive one indicates that the conveyor belt deviates to the
outer side, and a negative one indicates that of the inner side.

3. Results and Discussion

An experimental setup was built to validate the proposed
method. To illustrate the advantages of the proposed ROI
detector, OM-SSD is compared with M-SSD in the self-built
dataset. +en, the performance of the deviation detection
algorithm is verified at different standard DDs and shooting
heights, and the preferred shooting height is given through
the comparative experiments. Furthermore, the time con-
sumption of the proposed algorithms is examined on a
NVIDIA Jetson TX2.

3.1. Experimental Setup. +e inspection robot and belt
conveyor experimental platform is shown in Figure 5. +e
inspection robot runs on the rack track beside the belt
conveyor and is equipped with a source light to make up the
poor illumination. +e mobile camera (camera sensor:
SONY IMX298, resolution: 1080 × 1920, aperture: f/2.0) is
fixed on the metal frame, which moves along with the in-
spection robot and is height adjustable. +e belt conveyor is
7.7m in length, 1m in width, and 1.55m in height (from the
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vertex of the side idler outer edge to the ground), and the belt
is 11mm in thickness. +e upper belt is supported by 5 sets
of idlers (diameter: 89mm, c: 30°) and only the side idlers of
each set could be captured, which are named as inner idler
1–5 and outer idler 1–5, respectively.

+e belt conveyor inmine roadway is close to the bearing
wall, so the horizontal distance OC

′a″ cannot vary too much
and is set to 0.35m empirically. Due to the limitation of the
tunnel height and the integrity of the imaging content, the
shooting height from Oc to the ground varies between 2.4m
and 3.0m, and OCOC

′ can be obtained by subtracting the belt
conveyor height from the shooting height. To simulate the
effect of the shooting height, it is set to 2.4m, 2.6m, 2.8m,
and 3.0m, respectively. To simulate the deviation of the belt
conveyor, the standard DD is adjusted to +5%, 0%, and −5%,
respectively. It should be noted that only one set of the idlers
and the corresponding conveyor belt edges can be used to
indicate the standard DD due to the twist of the conveyor
belt when it deviates. In these 12 combinations, the hori-
zontal and vertical perspective angles are set to −60° and 0°,
respectively, the inspection robot captures an image every
0.06m along the conveyor belt from the head to tail, and
then, 12 sets of images are obtained and the images without
idlers are discarded. +e validation dataset of the proposed
deviation detection method is composed of 184 images
containing the specific idlers, which are picked out from
each set, when the standard DD is +5% or 0%, the images
containing the idler 2 are picked out, and when the standard
DD is −5%, the images containing the idler 4 are picked out;
the typical images are shown in Figure 6. Each of the
remaining images is cropped to two subimages of 1080 ×

960 × 3 pixel for the fine tuning of the ROI detector. +e
cropped subimages are randomly sorted and divided into

three sets for training, validation, and testing, and the
number of them is 551, 237, and 388, respectively.

+e desktop computer configured as Intel i7-
7820X3.6GHz CPU, 16GB memory, NVIDIA RTX 2080Ti,
and Ubuntu 18.04 is used for the fine tuning of the ROI
detector, and the performance validation of the proposed
deviation detection method is conducted on a NVIDIA
Jetson TX2, which is configured as Ubuntu 16.04, Python
2.7, OpenCV 4.11, and Caffe. +e algorithm proposed in
Section 2.4 is written in C++ and embedded in the source
code of OpenCV 4.11 to compile. +e integration of all the
proposed algorithms is based on Python 2.7.

3.2. Training Result of the ROI Detector. +e backbone net-
work parameters of OM-SSD adopt the parameters of M-SSD
(https://github.com/chuanqi305/MobileNet-SSD) with a
mean average precision (mAP) of 0.727, which is pretrained
on PASCAL VOC0712. OM-SSD is fine tuned on the dataset
mentioned in Section 3.1. +e optimization algorithm is the
root mean square prop (RMSProp) with a base learning rate of
0.0002, which is reduced by half at the 5000th and 20000th
iteration. +e fine tuning ends after 30000 iterations. Before
deploying the trained model, the batchnorm layers and the
scale layers are merged with the previous convolution layers,
and the compute unified device architecture (CUDA) units are
used in the convolution computation to further speed up the
forward inference. To investigate the influence of the different
prediction source layers on the model, a comparative exper-
iment of OM-SSD with different prediction source layers was
implemented, and the configuration is shown in Table 2, where
the selected layers are used as the prediction source layers, and
all the feature extraction layers behind the last selected one are

Cell
phone

Inspection
Robot Rack

track

Inner idler 5

Inner idler 4

Inner idler 3

Inner idler 2

Inner idler 1

Outer idler 3

Outer idler 2

Outer idler 1

Outer idler 4

Outer idler 5

Conveyor belt

Figure 5: +e inspection robot and belt conveyor experimental platform.
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removed. +e training loss and the mAP of each OM-SSD-x
(x� 1, 2, . . ., 6) and M-SSD are shown in Figures 7 and 8. +e
results show that the final training loss of each model is within
2.5, and the mAP is over 0.98, but the subtle difference may
affect the detection accuracy. Among the models, the training
loss of OM-SSD-2 is less than 2.0 in the late stage and finally
converges to within 1.0, while that of other models is more
than 1.0.+emAP of OM-SSD-2 is over 0.995 in the late stage
and ends up with 0.9995, which is better than that of others,
and this shows that the features used to detect the ROI are
mainly derived from L11 and L13. +e mAP curve of M-SSD
shows a negative spike in the late stage, indicating that the
model is not robust. +erefore, it can be concluded that the
proposed OM-SSD-2 is more suitable for the detection of the
ROI containing the conveyor belt edge and the exposed idler.

3.3. Results of the Deviation Detection

3.3.1. Accuracy of the ROI Detector. +e well-trained OM-
SSD-2 is used to extract ROI from the images in the vali-
dation dataset of the proposed deviation detection method.
According to the shooting sequence, the images in each set

are numbered as 0, 1, 2, . . ., respectively. Due to the different
shooting heights, the number of the images in each set varies
from 11 to 20, and the higher the shooting height, the larger
the number of the images.

+e detection confidences of ROI_Is and ROI_Os are
depicted in Figure 9. When the ROI is detected, the
confidence varies in [0.2, 1.0], and a higher confidence
indicates a more accurate result. +e confidence is 0 when
the ROI is missed. From the perspective of the ROI, the
number of the missed ROI_I and ROI_O is 7 and 19,
respectively, that is, the missed detection rate of ROI_I
(3.8%) is lower than that of ROI_O (10.9%), and the
former shows a higher average confidence (77.6%) than
the latter (44.9%). +e reason is that more textures and
details of the inner idler can be captured, and the features
are more distinguishable. From the perspective of the
shooting height, the missed detection rates at the four
shooting heights are 5.7%, 6.0%, 15.3%, and 2.6%, re-
spectively, and the lower ones are at 2.4 m and 3.0 m.
When the shooting height is 2.4 m, all the ROI_Is are
detected, and the confidences are close to 1.0, while the
ROI_Os are missed 4 times. When the shooting height is

Outer idler 2
Outer idler 2

Outer idler 2
Outer idler 2

Inner idler 2 Inner idler 2 Inner idler 2 Inner idler 2

(a)

Outer idler 2
Outer idler 2

Outer idler 2
Outer idler 2

Inner idler 2Inner idler 2
Inner idler 2

Inner idler 2

(b)

Outer idler 4

Inner idler 4
Inner idler 4 Inner idler 4 Inner idler 4

Outer idler 4
Outer idler 4

Outer idler 4

(c)

Figure 6: Conveyor belt images captured at different DDs and heights. (a) DD�+5%, shooting height from left to right: 2.4m, 2.6m, 2.8m,
and 3.0m. (b) DD� 0%, shooting height from left to right: 2.4m, 2.6m, 2.8m, and 3.0m. (c) DD� −5%, shooting height from left to right:
2.4m, 2.6m, 2.8m, and 3.0m.

Table 2: Configuration of OM-SSD with different prediction source layers.

Layer model L11 L13 L15 L17 L19 L21
OM-SSD-1 ✓
OM-SSD-2 ✓ ✓
OM-SSD-3 ✓ ✓ ✓
OM-SSD-4 ✓ ✓ ✓ ✓
OM-SSD-5 ✓ ✓ ✓ ✓ ✓
OM-SSD-6 ✓ ✓ ✓ ✓ ✓ ✓
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3.0m, the number of the missed ROI_Is increases to 2,
while that of ROI_Os decreases to 1. Part of the reason is
that when the shooting height is lower, the camera is
closer to the inner idler and more textures and details can
be captured, and when the shooting height is higher, more
content of the outer idler can be captured, while some
details of the inner idler are lost. It can be concluded that,
to achieve better ROI detection accuracy, the shooting
height of 2.4 m and 3.0m is preferred.

3.3.2. Accuracy of the DD Estimation. When ROIs are de-
tected, the DD can be estimated by performing the conveyor
belt edge detection, the idler outer edge detection, the
geometric correction, and the DD estimation algorithm.

+e empirical values of the prior transformation pa-
rameters for the idler outer edge detection are shown in
Tables 3 and 4. +e typical results of the conveyor belt edge
detection and the idler outer edge detection are shown in
Figure 10. It can be seen that the conveyor belt edges and the
idler outer edges are detected correctly. Meanwhile, the
conveyor belt edge points and the vertices of the idler outer
edges are marked with circles.

+e estimated DDs at each standard DD and shooting
height are shown in Figure 11. It can be revealed that the
fluctuation of the detection results increased along with
the decrease of the standard DD from +5% to −5%. +is
can be explained by the fact that a larger size of ROI can
lead to higher detection accuracy of the edges, and the
image of the inner idler is bigger than that of the outer
idler. As the standard DD decreases, so does the length of
the inner exposed idler, and the detection accuracy de-
grades. Another reason is that when only one of ROI_O
and ROI_I is detected, errors will be introduced by using
the previous normal detection results. When a false
conveyor belt edge or a false idler outer edge is detected,
the estimated DD deviates from the ground truth. It can
also be revealed that the image number affects the result of
the DD estimation irregularly; that is to say, the horizontal
shearing of the idler image is not the major factor that
affects the detection accuracy, which verifies the valida-
tion of the proposed idler outer edge detection algorithm
indirectly.

For the estimated DDs at each standard DD and
shooting height, the mean and standard deviation (SD) are
used to assess the accuracy and precision, as shown in
Table 5. It shows that the estimated DDs at 2.4m are closer to
the ground truth than that at other shooting heights. When
the standard DDs are +5% and −5%, the means of the es-
timated DDs are 5.04% and −5.03% at 2.4m, which are the
best in all shooting heights, and the SDs are within 0.20%.
When the standard DD is 0%, the mean of the estimated
DDs at each shooting height is within 0.3%. In addition,
RMSE and MAE [32] are used to assess the average accuracy
at each shooting height. As is shown in Table 5, the values of
RMSE and MAE at 2.4m are 0.37% and 0.44%, respectively,
which are the smallest. Considering the width of the con-
veyor belt in the experiment is 1m, the RMSE and MAE are
3.7mm and 4.4mm, respectively, which is much more ac-
curate than the error of 16mm in [12]. Meanwhile, 2.4m is
also the preferred shooting height for the ROI detection.
+erefore, it can be concluded that 2.4m is the preferred
shooting height for the deviation detection of the belt
conveyor.

3.3.3. Time Consumption. +e time consumption of the
proposed algorithm is shown in Table 6. +e average time
consumption of the deviation detection algorithm is
135.5ms and is faster than that of 260ms in [12]. +e time
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Figure 7: +e training losses of different models.
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consumption is mainly composed of three components: the
time consumption of OM-SSD-2, the conveyor belt edge
detection, and the idler outer edge detection algorithm,

and the time consumption of the geometric correction
and the DD estimation can be ignored. During each
deviation detection process, OM-SSD-2 is called twice; if
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Figure 9: Detection confidences at different standard DDs and heights. (a) ROI_O, DD: +5%. (b) ROI_O, DD: 0%. (c) ROI_O, DD: −5%.
(d) ROI_I, DD: +5%. (e) ROI_I, DD: 0%. (f ) ROI_I, DD: −5%.

Table 3: +e prior transformation parameters for the inner idler outer edge detection.

Parameter
Height (m) Rmin (pixel) Rstep (pixel) Nr Smin Sstep Ns Cl Cr Cstep Nc

2.4 65 1 8 0.6 0.05 4 −0.6 0.6 0.05 4
2.6 52 1 8 0.6 0.05 4 −0.6 0.6 0.05 4
2.8 47 1 8 0.5 0.05 4 −0.6 0.6 0.05 4
3.0 43 1 8 0.5 0.05 4 −0.6 0.6 0.05 4

Table 4: +e prior transformation parameters for the outer idler outer edge detection.

Parameter
Height (m) Rmin (pixel) Rstep (pixel) Nr Smin Sstep Ns Cl Cr Cstep Nc

2.4 41 1 8 0.35 0.05 4 −0.5 0.5 0.05 4
2.6 37 1 8 0.25 0.05 4 −0.5 0.5 0.05 4
2.8 36 1 8 0.2 0.05 4 −0.5 0.5 0.05 4
3.0 34 1 8 0.2 0.05 4 −0.5 0.5 0.05 4
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Figure 10: Detection results of the idlers, lines, and arcs. (a) Outer idler, DD: +5%. (b) Outer idler, DD: 0%. (c) Outer idler, DD: −5%.
(d) Inner idler, DD: +5%. (e) Inner idler, DD: 0%. (f ) Inner idler, DD: −5%.
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Figure 11: Estimated DDs at each standard DD and shooting height. (a) DD: +5%. (b) DD: 0%. (c) DD: −5%.

Table 5: Deviation detection results of the belt conveyor.

Height (m)
DD: +5% DD: 0% DD: +5%

RMSE (%) MAE (%)
Mean (%) SD Mean (%) SD Mean (%) SD (%)

2.4 5.04 0.08 −0.24 0.19 −5.03 0.16 0.37 0.44
2.6 4.90 0.07 −0.10 0.17 −4.60 0.50 0.69 0.87
2.8 4.89 0.10 −0.06 0.28 −4.72 0.35 0.56 0.76
3.0 4.72 0.08 −0.15 0.20 −4.54 0.32 0.67 0.93
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one of the inner and outer idler is blocked by the conveyor
belt and not detected, the remaining components will only
be called once.

It is time consuming to perform the homography
transformation on a high-resolution color image (i.e.,
1080 × 1920 × 3). In this paper, all the detection algorithms
are performed on the original image, and the geometric
correction and the DD estimation are implemented on only
four points, and it improves the real-time performance
significantly.

4. Conclusions

In this paper, a deviation detection method of the belt
conveyor based on inspection robot and deep learning is
proposed to detect the deviation at its any position. Firstly,
the image of the belt conveyor is captured by the inspection
robot continuously, and the ROI is extracted by the pro-
posed ROI detector based on M-SSD. Secondly, the Hough
line transform algorithm is used to detect the conveyor belt
edge, and the elliptical arc detection algorithm based on
template matching is proposed to detect the idler outer edge.
Finally, a geometric correction algorithm based on
homography transformation is proposed to correct the
coordinates of the conveyor belt edge point and the idler
outer edge point, based on which the DD of the conveyor
belt is estimated. From the experimental results, the fol-
lowing concluding remarks can be drawn:

(1) +e proposed method can detect the deviation at any
position along the belt conveyor, and with the lens
down, it overcomes the drawback that the lens is
susceptible to contamination in the existing machine
vision-based method. In addition, this method
provides a new intelligent solution for the moni-
toring of the belt conveyor.

(2) +e accuracy of the proposed OM-SSD-2 on the self-
built dataset is 0.9995, and the conveyor belt edge
detection method and the idler outer edge detection
algorithm can detect the edges efficiently.

(3) +e experimental results show that the proposed
method can detect the deviation of the conveyor belt
continuously with an RMSE of 3.7mm, an MAE of
4.4mm, and average time consumption of 135.5ms,
which is better than that of the existing method, and
the preferred shooting height is 2.4m.

In order to further improve the performance of the
deviation detection method of belt conveyor, the following
research can be studied in the future:

(1) +e self-built dataset should be expanded to enhance
the adaptability of the proposed method.

(2) To improve the accuracy of the edge detection and
object detection, complementary information should
be fused into the image, and the thermal infrared
information may be the best choice in mechanical
fault detection.

(3) Due to the powerful nonlinear mapping ability of
deep learning and the convenient access to multi-
spectral data, the deviation detection method based
on an end-to-end deep learning framework and
multispectral information may be the next research
direction, and the CNN-based image registration,
multispectral information fusion, object detection,
and deviation estimator should be investigated,
improved, and integrated.
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