
Citation: Wang, W.; Wang, S.; Zhao,

Y.; Tong, J.; Yang, T.; Li, D. Real-Time

Obstacle Detection Method in the

Driving Process of Driverless Rail

Locomotives Based on DeblurGANv2

and Improved YOLOv4. Appl. Sci.

2023, 13, 3861. https://doi.org/

10.3390/app13063861

Academic Editor: João M.

F. Rodrigues

Received: 1 February 2023

Revised: 9 March 2023

Accepted: 14 March 2023

Published: 17 March 2023

Copyright: © 2023 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

applied  
sciences

Article

Real-Time Obstacle Detection Method in the Driving Process of
Driverless Rail Locomotives Based on DeblurGANv2 and
Improved YOLOv4
Wenshan Wang, Shuang Wang *, Yanqiu Zhao *, Jiale Tong, Tun Yang and Deyong Li

School of Mechanical Engineering, Anhui University of Science and Technology, Huainan 232001, China
* Correspondence: swang@aust.edu.cn (S.W.); 2020100054@aust.edu.cn (Y.Z.);

Tel.: +86-0554-6668949 (S.W. & Y.Z.)

Abstract: In order to improve the detection accuracy of an algorithm in the complex environment
of a coal mine, including low-illumination, motion-blur, occlusions, small-targets, and background-
interference conditions; reduce the number of model parameters; improve the detection speed of the
algorithm; and make it meet the real-time detection requirements of edge equipment, a real-time
obstacle detection method in the driving of driverless rail locomotives based on DeblurGANv2 and
improved YOLOv4 is proposed in this study. A blurred image was deblurred using DeblurGANv2.
The improved design was based on YOLOv4, and the lightweight feature extraction network Mo-
bileNetv2 was used to replace the original CSPDarknet53 network to improve the detection speed
of the algorithm. There was a high amount of background interference in the target detection of
the coal mine scene. In order to strengthen the attention paid to the target, the SANet attention
module was embedded in the Neck network to improve the detection accuracy of the algorithm
under low-illumination, target-occlusion, small-target, and other conditions. To further improve the
detection accuracy of the algorithm, the K-means++ algorithm was adopted to cluster prior frames,
and the focal loss function was introduced to increase the weight loss of small-target samples. The ex-
perimental results show that the deblurring of the motion-blurred image can effectively improve the
detection accuracy of obstacles and reduce missed detections. Compared with the original YOLOv4
algorithm, the improved YOLOv4 algorithm increases the detection speed by 65.85% to 68 FPS and
the detection accuracy by 0.68% to 98.02%.

Keywords: YOLOv4 algorithm; Mobilenetv2; SA attention mechanism; focal loss function;
K-means++; DeblurGANv2

1. Introduction

At present, China’s coal mining industry has gradually progressed from mechaniza-
tion and automation to intelligence, and the development goal of intelligent mines and
unmanned pits has become the consensus of the industry. With unmanned mining activ-
ities, coal mine auxiliary transportation has become a bottleneck restricting unmanned
coal mines, and it is frequently linked to sporadic, underground accidents. The auxiliary
transportation system urgently needs to develop in the direction of standardization, in-
telligence, and being unmanned [1–3]. The coal mine rail locomotive is one of the main
methods of auxiliary transportation, and the realization of an unmanned rail locomotives
is of great significance for the development of coal mine intelligence. Considering that the
underground workways in coal mines are not a completely closed working environments,
obstacles, such as people, rail locomotives, and falling stones, sometimes appear on the
transport line. The real-time and accurate detection of these obstacles is one of the key
technologies of driverless rail locomotives.

Compared with other on-board sensors, cameras can obtain the most abundant in-
formation about the surrounding environment. Moreover, with their low cost and highly
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developed hardware, cameras have unique advantages in the field of autonomous driving.
However, a camera is susceptible to environmental factors. When the illumination changes
or the background becomes complex, the accuracy and robustness of the target detection al-
gorithm decreases. At present, the research on the intelligent-vehicle visual-object detection
algorithm has made considerable progress; however, there are still a series of problems and
difficulties in its application in underground coal mines. In general, the factors affecting the
overall performance of the algorithm mainly include complex-scene and network-model
factors in the coal mine: (1) complex-scene factors in a coal mine mainly include low
illumination levels, motion blur, occlusion, small targets, background interference, etc.;
(2) network-model factors include an existing detection model with a complex architecture
and many parameters, which cannot meet the requirements of the real-time detection of
edge devices. On the premise of ensuring high detection accuracy, it becomes particularly
important to improve the detection speed of the model.

The visual equipment of the automatic rail locomotive is installed at the front of
the locomotive, and the uneven track, operation of the rail locomotive, and movement
of obstacles blur the pictures collected by the visual equipment, which seriously hinder
the intelligent detection based on the image processing technology. It is necessary to
deblur the collected pictures. With the rapid development of deep learning and big data
technology, image deblurring using the Convolution Neural Network (CNN) has been
widely studied. Goodfellow et al. [4] proposed a Generative Adversarial Network (GAN)
in 2014, which relies on the idea of two network games to conduct targeted learning,
and, on this basis, can be expanded to generate realistic and clear images to achieve
the blind deblurring effect. Radford et al. [5] proposed the deep convolution generative
adversarial network in 2016, which was improved on the basis of GAN to address the defect
of GAN learning instability. The generative model introduces the convolution network
structure, which effectively improves the learning level of the network. Ledig et al. [6]
proposed the SRGAN neural network in 2017. Based on the perceptual loss optimization
algorithm, super-resolution image restoration was realized. Mirza et al. [7] proposed
the Conditional Generative Adversarial Network (CGAN). Based on GAN, additional
conditional information was added to the corresponding generator and discriminator to
realize the conditional generation model. In 2018, Kupyn et al. [8] first applied the GAN
network structure in the field of deblurring, restored blurred images through generators,
differentiated clear images from blurred images by discriminators, and trained them against
each other to remove the blur caused by the camera’s motion. In 2019, the feature pyramid
network was introduced on this basis, and the performance was improved further [9].

The research on target detection can be divided into traditional methods and methods
based on deep learning. Traditional methods use appearance and color features for target detec-
tion purposes [10,11]; however, feature extraction depends on manual work and has numerous
limitations, which cannot meet the real-time and accuracy requirements of obstacle detection
methods when driving automatic rail locomotives. In 2014, R-CNN [12] used a convolution
network for target detection for the first time. To date, deep learning-based methods have been
widely used for target detection. The target detection algorithm based on the deep learning
method is mainly divided into two categories: the one- and two-stage detection algorithms.
One-stage detection algorithms mainly include the YOLO series [13–15], EfficientDet [16], and
SSD [17]. Two-stage detection algorithms mainly include Fast R-CNN [18] and Faster R-
CNN [19]. He et al. [20] proposed a track-obstacle detection algorithm based on improved
R-CNN. By introducing a new up-sampling parallel structure and context extraction mod-
ule (CEM) into the architecture of R-CNN, the accuracy of obstacle detection was improved.
He et al. [21] proposed a rail-transit-obstacle detection algorithm based on improved Mask
R-CNN, which uses an SSwin-Le Transformer as the feature extraction network and ME-
PAPN as a feature fusion network. A variety of multi-scale enhancement methods were
integrated to improve the accuracy of small-target detection. He et al. [22] proposed an
obstacle detection algorithm for dangerous track areas, which uses the Mask R-CNN model
based on ResNet101 as the backbone feature extraction network. The experimental results
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show that the network has a high detection accuracy for small targets. He et al. [23] pro-
posed a track-obstacle detection algorithm based on improved YOLOv4. D-CSPDarknet
was designed as a feature extraction network, and the feature fusion network combines
path aggregation and feature pyramid networks to establish a spatial pyramid aggregation
network in each fusion layer to improve the detection accuracy of medium- and long-
distance obstacles. He et al. [24] proposed a flexible and efficient multi-scale single-stage
target detector, FE-YOLO, for track-image-obstacle detection, and designed a repeatable
bi-directional cross-scale path aggregation module as the core of the feature fusion network
to improve the accuracy of track-obstacle detection. Wang et al. [25] proposed a method
of track-obstacle detection based on improved YOLOv3. A four-scale detection structure
was formed by adding a scale to the three scales of the original YOLOv3, and the detection
accuracy of small-target stones was increased. The reference [20–25] mainly focuses on
improving the detection accuracy of the algorithm but ignores the detection speed of the
algorithm. For the obstacle detection of an electric locomotive driving scene, it is more
necessary to achieve rapid-detection networks. Chen et al. [26] proposed a lightweight
network-based foreign-body-intrusion detection method for the railway regions of interest.
Sparse and channel-pruning methods were used to compress the YOLOv3 model, and a
lightweight railway foreign-body-intrusion detection model was constructed. This model is
effective for target detection in an ideal environment, but is poor for complex environments,
such as those with low illumination. Han et al. [27] proposed a vehicle-target detection
algorithm based on improved the YOLOv4-tiny algorithm, which improves the detection
speed of the algorithm while losing detection accuracy, and does not achieve a good balance
between detection accuracy and speed. Dong et al. [28] proposed a target detection algo-
rithm based on improved YOLOv5, which replaces all convolution modules in YOLOV5
with the Ghost module with low computational complexity and simplifies the backbone
network to improve network performance. However, because the improved algorithm is
very lightweight, it is not effective for environment detection purposes, such as mutual
occlusion and background interference. Hao et al. [29] proposed a type of foreign-body
detection device in a coal mine conveyor belt based on CBAM-YOLOv5. In order to solve
the problem that the foreign-body target was difficult to accurately detect due to the low-
illumination conditions, the convolution block attention model was introduced into the
YOLOv5 detection network to improve the salience of the foreign-body target in the image,
enhance the feature-expression ability of the foreign-body target in the detection network,
and then improve the detection accuracy of the foreign-body target. However, the speed of
the algorithm needs to be improved further.

Based on this result, a real-time obstacle detection method when driving automatic rail
locomotives based on DeblurGANv2 and improved YOLOv4 is proposed. DeblurGANv2
is used to solve the problem of motion blur. The YOLOv4 algorithm is improved to
ameliorate the detection performance in an environment with low illumination, occlusions,
small targets, and background interference, and the detection speed of the algorithm is
improved to meet the requirements of the real-time detection of edge equipment. This
paper (1) calculates the blur of the image by the Laplace operator to accurately judge
whether the image needs to be deblurred or not, and the blurred image is deblurred by
DeblurGANv2. (2) The improved design is based on YOLOv4, and the lightweight feature
extraction network MobileNetv2 [30] is used to replace the original CSPDarknet53 network
to improve the detection speed of the algorithm. There is a high amount of background
interference information in the target detection of the coal mine scene. In order to improve
the attention paid to the target, the SANet [31] attention module is embedded in the Neck
network to improve the detection accuracy of the algorithm under low-illumination, target-
occlusion, small-target, and other conditions. To further improve the detection accuracy
of the algorithm, the K-means++ algorithm is adopted to cluster prior frames, and the
focal [32] loss function is introduced to increase the weight loss of small-target samples.
(3) The obstacle datasets of the rail locomotive operation area are constructed to provide
a test environment for all kinds of obstacle detection algorithms, for which dataset 1 is
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composed of clear pictures, dataset 2 is composed of blurred pictures, and dataset 3 is
composed of pictures deblurred by DeblurGANv2. The experimental results show that the
deblurring of the motion-blurred picture can effectively improve the detection accuracy
of obstacles and reduce missed detections. Compared with other commonly used models,
the improved YOLOv4 algorithm presents a better balance and can ensure the detection
accuracy and speed of the model simultaneously.

2. Methods

In order to improve the accuracy and speed of obstacle detections during the driving
of rail locomotives, the research conducted considering two aspects: motion-blur image
processing and the improved detection algorithm. In order to facilitate the readers’ under-
standing, we refer to reference [33] and describe the work by presenting a pseudo-code
(Algorithm 1).

Algorithm 1: pseudo code of the proposed algorithm [33]

1. Input: A picture with obstacle targets.
2. Execute the algorithm in following order to get the desired result.
3. begin
4. Blur judgment
5. do
6. Use formula (2) to judge whether the image is blurred or not.
7. Using DeblurGANv2 to deblur the blurred image.
8. end
9. Improved YOLOv4 algorithm
10. do
11. Replace the backbone network and reduce the number of

channels in the Neck and Head parts.
12. Introduce the SANet attention mechanism.
13. the K-means++ algorithm is adopted to cluster prior frames.
14. the Focal loss function was introduced to increase the loss

weight of small target samples.
15. end
16. Training network
17. do
18. Build dataset.
19. Training parameter configuration.
20. Weights: use pre-trained VOC dataset.
21. Train the network and generate model weights.
22. end
23. end
24. Output: obstacles were detected through the Bounding box around.

2.1. Image Deblurring via DeblurGANv2

DeblurGANv2 is a deblurring method based on deep learning. DeblurGANv2 uses
a general feature pyramid network as the backbone feature extraction network, allowing
users to select Inception-ResNet-v2 [34], MobileNetv2 [30], and MobileNetDSC in the
backbone, which enables users to optimize the accuracy, speed, or both. The running times
of MobileNetDSC and MobileNet are less than 0.06 s, which makes real-time deblurring
possible. The DeblurGANv2 model with a MobileNetv2 backbone feature extraction
network was used to deblur images. MobileNetV2 was used as our backbone feature
extraction network because it has a rapid runtime and maintains almost the same accuracy
as the Inception-ResNet-v2 backbone.

Not all the pictures collected by the camera are blurred. If all the collected pictures
are deblurred, it not only wastes resources, but also causes serious information loss and
reduces the accuracy of the obstacle detection process. Therefore, this study used the
blur-judgment mechanism proposed by Zhou et al. [35] to perform a blur judgment of the
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collected pictures. The motion-blur image-processing flow is shown in Figure 1, in which
the image blur value can be calculated by the Laplace operator.
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Figure 1. Motion-blurred-image processing flow.

Through the Laplace operator, we could determine whether there was more or less
high-frequency information in the picture. If the picture has more high-frequency infor-
mation, the picture is considered clear; on the contrary, it is considered that the picture is
relatively blurred. The Laplace operator is defined in Equation (1):

∆ f = ∇2 f = ∇ · ∇ f (1)

where f is a second-order differentiable real function. The template e operator is presented
in Figure 2.
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D(f ) is defined in Equation (2):

D( f ) = ∑
y

∑
x
|G(x, y)|G(x, y) > T (2)

where G (x, y) is the convolution of the Laplace operator at the pixel point (x, y). T is the
given threshold.

2.2. MobileNetv2 as the YOLOv4 Backbone Network

The original YOLOv4 network uses CSPDarknet-53 as the feature extraction network,
which is a kind of full-convolution network with a complex structure and has a strong
feature extraction ability; however, with the increase in the number of residual units and
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network channels, it leads to a sharp increase in the number of network parameters, which
affects the speed of model detection. For the multi-target detection of the electric locomotive
driving scene, it is more necessary for the network to perform rapid detection; therefore,
there is no need for a feature extraction network that is too complex. Therefore, taking
advantage of the deep separable convolution and inverse residual structure of lightweight
network Mobilenetv2, it was used as the feature extraction network of YOLOv4 to reduce
the model’s capacity and number of parameters, improve the detection speed of the model,
and solve the problem of slow network training caused by the limited hardware.

Depthwise separable convolution is a form of convolution that divides a standard con-
volution into two parts, namely, depth (DConv) and point (PConv) convolutions. Figure 3
shows the general process of depthwise separable convolution. Firstly, a filter is input into
each channel to generate a feature map, namely, DConv. DConv can be expressed as:

DConv(Wd, x)(i,j) =
M

∑
m=0

N

∑
n=0

Wd · x(i+m,j+n) (3)

where Wd is the weight matrix of DConv; x is the input feature mapping of the convolution
layer; (i, j) is the coordinate point of output feature mapping; M and N represent the height
and width of the input layer, respectively; and m and n represent the two-dimensional
space of the convolution kernel.
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Then, PConv is used to combine the output of DConv, which can effectively extract
the spatial features. PConv can be expressed as follows:

PConv(Wp, x)(i,j) =
K

∑
k=0

Wp · x(i,j) (4)

where Wp is the weight matrix of PConv; K represents the input depth of this layer; k
represents the convolution kernel.

In summary, the overall process of depthwise separable convolution can be ex-
pressed as:

DSConv(Wp, Wd, x)
(i,j) = PConv(Wp, x)(i,j) × (Wp, DConv(Wd, x)(i,j)) (5)

The computational complexities of ordinary and depthwise separable convolutions
are compared below. Let Dk × Dk × U be the size of the input feature map and DF × DF ×
U be the size of the convolution kernel, whose quantity is X. The computational level of the
ordinary convolution is:

Dk × Dk × DF × DF ×U × X (6)

The computational level of the depth-separable convolution is:

Dk × Dk × DF × DF ×U + U × X× Dk × Dk (7)
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The computational cost ratio of depth separable to ordinary convolutions is:

Dk × Dk × DF × DF ×U + U × X× Dk × Dk
Dk × Dk × DF × DF ×U × X

=
1
X

+
1

D2
F

(8)

It can be observed from the calculation results above that the calculation for depthwise
separable convolution is much lower than that of the ordinary convolution. Mobilenetv2
with the depthwise separable convolution was used as the backbone feature extraction
network, which can effectively reduce the number of model parameters and computations.

Although depthwise separable convolution can reduce the number of model param-
eters well, it extends the number of network layers, resulting in the disappearance of
gradients, and the residual structure can solve this situation very well. Figure 4 shows the
residual structure and Figure 5 presents the inverse residual structure. It is not difficult to
observe from Figures 4 and 5 that the residual structure is a process of “dimensionality
fall–convolution–dimensionality rise”, while the inverse residual structure is a process of
“dimensionality rise–depth convolution–dimensionality fall”. This is because the depth-
wise separable convolution finds it difficult to extract enough feature information as the
standard convolution method; if it is extracted after a decrease in the dimensionality, it
reduces the features extracted by the network and affects the network’s performance. There-
fore, the increase in dimensionality and the depthwise convolution not only ensure that
sufficient features are extracted from the backbone network, but also reduce the number of
parameters and the computations.
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The MobileNetv2 structure used in this study is presented in Table 1, with a total of
72 network layers. Layers 39 (52 × 52 × 84), 58 (26 × 26 × 576), and 72 (13 × 13 × 320)
were selected as the three output layers for the backbone feature extraction network.
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Table 1. Adopted MobileNetv2 structure.

Input Size Type Output Channel
Number Stride

416 × 416 × 3 Conv 3 × 3 32 2
208 × 208 × 32 Block1 16 1
208 × 208 × 16 Block2 24 2
104 × 104 × 24 Block1 24 1
104 × 104 × 24 Block2 32 2
52 × 52 × 32 Block1 32 1
52 × 52 × 32 Block1 32 1
52 × 52 × 32 Block1 64 1
52 × 52 × 64 Block1 64 1
52 × 52 × 64 Block1 64 1
52 × 52 × 64 Block1 64 1
52 × 52 × 64 Block2 96 2
26 × 26 × 96 Block1 96 1
26 × 26 × 96 Block1 96 1
26 × 26 × 96 Block1 96 1
26 × 26 × 96 Block1 96 1
26 × 26 × 96 Block2 160 2
13 × 13 × 160 Block1 160 1
13 × 13 × 160 Block1 160 1
13 × 13 × 160 Block1 320 1

2.3. SA Attention Mechanism

The SA attention mechanism can allocate the limited computing resources to the
section with the highest amount of information in the image, which can gather the attention
of the network model from the recognized object and reduce the influence of the image
background better. Therefore, the SA module was introduced to enhance the attention
of the network, highlight the key features, and improve the detection accuracy of the
algorithm under the conditions of low illumination, target occlusions, and small targets.

In neural network learning, there are mainly two kinds of attention mechanisms: chan-
nel and spatial. The Convolutional Block Attention Module (CBAM) [36] combines channel
and spatial attention mechanisms to achieve a better performance; however it produces a
high amount of computation and is difficult to converge. The SA attention module uses
a shuffle unit to simultaneously combine channel and spatial attention mechanisms. As
shown in Figure 6, feature graph X with an input size of H × W × C is divided into g
groups along the channel size, where g utilizes 64 to obtain the matrix [X1, . . . ., Xg], and
then divides each feature graph Xk (Xk size is H ×W × C/g) into Xk1, Xk2 (Xk1 and Xk2
sizes are both H ×W × C/2g) along the channel; Xk1 and Xk2 are processed by channel and
spatial attention mechanism, respectively. Channel attention begins with Global Average
Pooling (GAP), utilizing the following expression:

s = GAP(Xk1) =
1

H ×W

H

∑
i=1

W

∑
j=1

Xk1(i, j) (9)
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Then, continue with the scale operation, use parameter scaling W1 and move channel
vector b1, and finally continue with the activation function σ processing:

X′k1 = σ(W1s + b1) · Xk1 (10)

The spatial attention operation first performs the Group Norm (GN) and then performs
the same operation as the channel attention mechanism. The specific expression is as
follows:

X′k2 = σ(W2 · GN(Xk2) + b2) · Xk2 (11)

Finally, channel and spatial attention mechanism are fused, so that there are two-
directional attention mechanisms on each divided feature graph, and the divided fea-
ture graph is shuffled to realize the flow of cross-group information along the channel
dimension.

2.4. Optimal Design of Prior Frame

Selecting the appropriate prior frame plays a key role in improving the effect of
network training. Due to the different sizes and shapes of obstacles, the initial prior frame
of the original YOLOv4 cannot meet the detection needs, and the K-means algorithm
randomly selects the initial value; therefore, the clustering effect and stability are not
good. In order to reduce the error caused by the prior-frame size problem, the K-means++
algorithm [37] was selected to cluster the labels of the obstacle dataset and generate 9 groups
of anchors with different aspect ratios. The clustering results are shown in Table 2. The
clustering effect of this algorithm is more stable, and the generated prior frame is closer to
the actual size distribution of the dataset.

Table 2. Nine sets of prior boxes obtained by K-means++.

Feature Map Receptive Field Anchor

13 × 13 Big (74,57), (114,204), (126,109)
26 × 26 Medium (45,31), (50,85), (62,148)
52 × 52 Small (20,29), (23,15), (30,54)

2.5. Optimization of Loss Function

The YOLOv4 algorithm needs to deal with a high number of prior frames during
training. When most of the prior frames do not contain targets to be detected, this causes
an imbalance between the number of positive and negative training samples. Through an
analysis of the constructed obstacle dataset, it was observed that most of the small-target
obstacles, such as stones, occupied a small proportion of the image, which can easily lead
to an imbalance in the number of positive and negative samples in the training process
of the algorithm. Based on this result, focal loss function was introduced to replace the
cross-entropy loss function, which reduces the weight of the simple sample background,
causes the model to focus on target-object detection, and avoids a tendency to obtain a high



Appl. Sci. 2023, 13, 3861 10 of 18

number of background samples when the algorithm performs a prediction. The focal loss
function is shown in Equations (12)–(14):

FL(pi) = −αi(1− pi)
ζ log(pi) (12)

αi =

{
α, if y = 1
1− α, otherwise

(13)

pi =

{
p, if y = 1
1− p, otherwise

(14)

2.6. Improved Network Structure

The detection of obstacles during the driving of rail locomotives not only requires
a high detection accuracy, but also a faster detection speed. Compared with the original
YOLOv4 algorithm, the improved YOLOv4 algorithm achieves a higher detection speed
while ensuring higher detection accuracy, so as to satisfy real-time detection. MobileNetv2,
the SA attention module, and the YOLOv4 detection network were combined to construct
an improved YOLOv4 target detection network. The network structure is shown in Figure 7.
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3. Results and Discussion
3.1. Create a Dataset

The experimental dataset was obtained from a clear video recorded in Yuandian
No. 1 Mine in Huaibei. A total of 1600 pairs of blurred–clear pictures were generated by
averaging the adjacent 7~13 frames of each video. Clear images were compiled into dataset
1, and some clear images are shown in Figure 8a–c. Blurred images were compiled into
dataset 2, and some blurred images are shown in Figure 8d–f. DeblurGANv2 was used to
deblur the blur images in dataset 2, and the processed images were compiled into dataset 3.
Some images are shown in Figure 8g–i.
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3.2. Test Parameter Configuration

Training and testing were run on a computer with an Intel (R) Core (TM) CPU model,
i7 CPU @ 2.90 GHz, and a NVIDIA GeForce RTX2060 GPU model. The parallel computer
framework of CUDA10.0 version and the deep learning acceleration library of Cudnn7.3
version were installed. On the TensorFlow deep learning framework, Python3.6 was used
as the programming language to implement this research.

3.3. Model Training and Evaluation Index

Model training details: 32 images were loaded in each iteration and Forward Prop-
agation (FP) process was completed in 16 batches. After 32 images completed the for-
ward propagation process, the parameters were updated by Back Propagation (BP). The
maximum number of iterations was set as 10,000, and the initial learning rate, weight
attenuation coefficient, and momentum factor were set as 0.001, 0.0005, and 0.9, respec-
tively. The multi-scale training strategy was used to randomly select the input size of the
image from {320,352,384,416,448, 480,512,544,576,608} every 10 iterations [38]. Flip, zoom,
translation, rotation, noise, and other methods were randomly combined to generate more
target samples that could be trained by the network, so as to enhance the robustness and
generalization of the network [39,40].

Evaluation index: the performance of the model was evaluated by Precision (P), Recall
(R), Average Precision (AP), mean Average Precision (mAP), and detection speed (FPS).
The calculation formula is shown in (15)–(18):

P =
TP

TP + FP
(15)

R =
TP

TP + FN
(16)
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AP =
∫ 1

0
P(R)dR (17)

mAP =
1
c

ciAP (18)

where TP indicates the number of positive samples identified as positive samples, FP
indicates the number of positive samples mistakenly identified as positive samples, FN
indicates the number of positive samples misjudged as negative samples, and c represents
the number of categories in the sample.

3.4. Analysis of Experimental Results
3.4.1. Experimental Results

In order to verify the contribution to the accuracy of the obstacle detection method
by using DeblurGANv2 to deblur blurred images, the improved YOLOv4 algorithm was
used to conduct experiments on three datasets. The experimental results are presented in
Table 3, and some of the obstacle detection results are shown in Figure 9. The mAP based
on dataset 1 was 98.02%, mAP based on dataset 2 was 88.28%, and mAP based on dataset
3 was 97.19%. Using DeblurGANv2 to deblur blurred images can effectively improve
obstacle detection accuracy. It is easy to observe from Figure 6 that using the improved
YOLOv4 algorithm to detect blurred images makes it prone to the problems of missing
detection and inaccurate location, and deblurring can solve this problem.

Table 3. Experimental results based on three datasets.

Dataset Detection Model
Average Precision (AP)/%

mAP/%
E-L People Stone

1 Improved YOLOv4 proposed 99.16 98.65 96.24 98.02
2 Improved YOLOv4 proposed 96.27 88.12 80.46 88.28
3 Improved YOLOv4 proposed 98.83 97.56 95.18 97.19
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Figure 9. Detection results for some images in the three datasets. (a–c) Clear pictures in dataset 1;
(d–f) blurred pictures in dataset 2; and (g–i) deblurred images in dataset 3.

Figure 10 shows the detection results of the improved YOLOv4 in occlusion and small-
target scenes, and Figure 11 shows the detection results of the improved YOLOv4 algorithm
in low-light scenes. As can be observed from Figures 10 and 11, the algorithm has better
detection results in three complex scenarios when adding the SA attention mechanism.
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3.4.2. Ablation Experiment

In order to perform a more comprehensive analysis of the contribution of each im-
proved strategy to the performance of obstacle detection, ablation experiments were con-
ducted on dataset 1, and the experimental results are presented in Table 4. Network A is the
original YOLOv4+K-means clustering network; network B is the model after Mobilenetv2
was selected as the YOLOv4 backbone network; network C adds the SA module on the
basis of network B; network D uses K-means++ clustering on the basis of network C; and
network E introduces the focal loss function on the basis of network D.

Table 4. Ablation experiment results.

Network YOLOv4 and Its Improvements
Average Precision (AP)/%

mAP/% FPS
E-L People Stone

A YOLOv4 + K-means clustering 98.51 97.67 95.83 97.34 41
B A + Mobilenetv2 98.33 99.20 88.26 95.26 72
C B + SA module 99.32 98.41 92.15 96.63 68
D C + K-means++ clustering 99.22 98.86 94.38 97.49 68
E D + Focal loss function 99.16 98.65 96.24 98.02 68

As can be observed from Table 4, using Mobilenetv2 as the backbone of YOLOv4
can effectively improve the detection speed of the network, which increases by 75.61% to
72 FPS; however, the detection accuracy also decreases. The addition of the SA attention
mechanism strengthens the feature extraction ability of the network, which can effectively
suppress background interferences, improve the detection accuracy of obstacles in a com-
plex background environment, and improve mAP by 1.37%. The K-means++ algorithm was
used to cluster the prior frames, detection accuracy was improved further without affecting
the detection speed, and mAP increased by 0.86%. The focal loss function was introduced to
replace the cross-entropy loss function to reduce the amount of simple-sample background,
and the model focused on the detection of target objects. Without affecting the detection
speed, detection accuracy was further improved and mAP increased by 0.53%.

3.4.3. Comparative Experiments on Different Attention Mechanisms

In order to present the advantages of the SA attention mechanism over other attention
mechanisms, this experiment added the SA, SE, CBAM, and CA modules at the same
location of the Neck network of the basic Mobilenetv2-YOLOv4 network. The experimental
results are presented in Figure 12. After adding the attention module, the number of pa-
rameters in the whole network slightly increased, which caused a decrease in the reasoning
speed of the model; however, it still reached a value higher than 65FPS. Several attention
mechanisms can improve the accuracy of obstacle detection methods. Among them, after
adding the SA attention module, model accuracy was the improved the most, and mAP
was improved by 1.37%.
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Table 4. Ablation experiment results. 

Network YOLOv4 and Its Improvements 
Average Precision (AP)/% 

mAP/% FPS E-L People Stone 

A YOLOv4 + K-means clustering 98.51 97.67 95.83 97.34 41 

B A + Mobilenetv2 98.33 99.20 88.26 95.26 72 

C B + SA module 99.32 98.41 92.15 96.63 68 

D C + K-means++ clustering 99.22 98.86 94.38 97.49 68 

E D + Focal loss function 99.16 98.65 96.24 98.02 68 

As can be observed from Table 4, using Mobilenetv2 as the backbone of YOLOv4 can 

effectively improve the detection speed of the network, which increases by 75.61% to 72 

FPS; however, the detection accuracy also decreases. The addition of the SA attention 

mechanism strengthens the feature extraction ability of the network, which can effectively 

suppress background interferences, improve the detection accuracy of obstacles in a com-

plex background environment, and improve mAP by 1.37%. The K-means++ algorithm 

was used to cluster the prior frames, detection accuracy was improved further without 

affecting the detection speed, and mAP increased by 0.86%. The focal loss function was 

introduced to replace the cross-entropy loss function to reduce the amount of simple-sam-

ple background, and the model focused on the detection of target objects. Without affect-

ing the detection speed, detection accuracy was further improved and mAP increased by 

0.53%. 

3.4.3. Comparative Experiments on Different Attention Mechanisms 

In order to present the advantages of the SA attention mechanism over other atten-

tion mechanisms, this experiment added the SA, SE, CBAM, and CA modules at the same 

location of the Neck network of the basic Mobilenetv2-YOLOv4 network. The experi-

mental results are presented in Figure 12. After adding the attention module, the number 

of parameters in the whole network slightly increased, which caused a decrease in the 

reasoning speed of the model; however, it still reached a value higher than 65FPS. Several 

attention mechanisms can improve the accuracy of obstacle detection methods. Among 

them, after adding the SA attention module, model accuracy was the improved the most, 

and mAP was improved by 1.37%. 

 

Figure 12. Comparative experimental results for different attention mechanisms. Figure 12. Comparative experimental results for different attention mechanisms.
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3.4.4. Comparative Experiment for Different Algorithms

In order to compare the improved YOLOv4 network with the mainstream object
detection network used at present, faster R-CNN with relatively high accuracy in the two-
stage target detection network and YOLOv3, YOLOV3-tiny, YOLOv4, and YOLOV4-tiny in
the single-stage target detection network were selected to conduct comparative tests on
dataset 1. All algorithms were trained with pre-trained weights. The experimental results
are presented in Table 5. Among the several algorithms, the improved YOLOv4 algorithm
achieved the best detection accuracy. Compared with the original YOLOv4 network, the
improved YOLOv4 detection speed increased by 65.85% to 68FPS. Although YOLOv3-tiny
and YOLOv4-tiny were better than the improved YOLOv4 in terms of detection speed, the
detection accuracy was lower. The improved YOLOv4 algorithm was better balanced and
could guarantee the high detection accuracy and speed of the model simultaneously.

Table 5. Comparative experimental results for different target detection algorithms.

Model
Average Precision (AP)/%

mAP/% FPS
E-L People Stone

Faster R-CNN [19] 99.48 92.53 91.24 94.42 10
YOLOv3 [13] 99.87 98.84 90.78 96.50 39

YOLOv3-tiny [41] 98.43 98.46 81.83 92.91 104
YOLOv4 [15] 98.51 97.67 95.83 97.34 41

YOLOv4-tiny [42] 98.49 97.61 85.48 93.86 109
Improved YOLOv4 99.16 98.65 96.24 98.02 68

4. Conclusions

In order to improve the detection accuracy of an algorithm in the complex environ-
ment of a coal mine, including low illumination, motion blur, occlusions, small targets, and
background interference; reduce the number of model parameters; improve the detection
speed of the algorithm; and cause it to meet the needs of the real-time detection of edge
equipment, our research was conducted from two angles: motion-blur image processing
and the improved detection algorithm. The blur value of the image was calculated by the
Laplace operator to accurately judge whether the image needed to be deblurred or not,
and the blurred image was deblurred using DeblurGANv2. With YOLOv4 as the infras-
tructure, we made the following improvements: (1) replaced the original CSPDarknet53
network with the lightweight feature extraction network MobileNetv2; (2) embedded the
SA attention module in the Neck network; (3) used the K-means++ algorithm to cluster
the prior frames, and introduced the focal loss function to replace the cross-entropy loss
function. The experimental results show that the deblurring of the motion-blurred image
can effectively improve the detection accuracy of obstacles and reduce the number of
missed detections. Compared with other commonly used models, the improved YOLOv4
algorithm has better results and can ensure the high-accuracy detection and speed of the
model simultaneously.

In this paper, experiments were conducted on our datasets, and the algorithm pre-
sented some limitations. The subsequent step is to increase the diversity and complexity
of the data and further improve the network structure to improve the target detection
accuracy under complex working conditions.

The development of multi-sensor information fusion technology will be the focus
of future research. This paper mainly studied the perception algorithm based on visual
information, and the collection of the visual information was affected by shooting angles
for the videos, a low-illumination environment, obstacle occlusions, rapid movements, and
so on. Multi-sensor information fusion can make up for the shortcomings of a single sensor
and realize the complementary advantages of multi-source information. At present, the
domestic research concerning this technology is still in the initial stage, and the data fusion
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method and implementation of the fusion system are key issues for the research conducted
in the future.
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