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Conveyor belt deviation detection method based on dual flow network
YANG Zhifang"*?, ZHANG Liya"**, HAO Bonan"*’, LIU Yuan'?*’, ZHAO Qing"*’
(1. China Coal Research Institute, Beijing 100013, China; 2. Engineering Research Center for Technology Equipment of Emergency Refuge in Coal Mine,

Beijing 100013, China; 3. Beijing Mine Safety Engineering Technology Research Center, Beijing 100013, China)
Abstract: Among the traditional belt edge detection methods, the contact detection technology has high cost and the non-contact detection
technology has low precision. With the development of artificial intelligence technology, although the method based on convolutional
neural network can effectively improve the detection accuracy, but limited by the local operation characteristics of the convolutional opera-
tion itself, there are still problems such as insufficient perception of long-distance and global information, it is difficult to improve the ac-
curacy of the belt edge detection. In order to solve the above problems, (D by combining the traditional convolutional neural network's
ability to extract local features and the Transformer structure's ability to perceive global and long-distance information, a dual-flow trans-

former network (DFTNet) which integrates global and local information is proposed. The edge detection network model can better im-
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prove the belt edge detection accuracy and suppress the interference of belt image noise and background; (2 By designing the CNN and

Transformer feature fusion modules, a dual-flow encoder-decoder structure is formed. The clever design can better integrate the global

context information, avoid the pre-training of the Transformer structure on large-scale data sets and be flexibly adjusted; (3 By Through

the multi-scene conveyor belt pictures collected from the actual industrial scene, a belt conveyor belt dataset containing five different

scenes, various angles and different positions is constructed. Through experimental verification, the DFTNet proposed in this paper has the
best comprehensive performance with mlou 91.08%, ACC 99.48%, mPrecision 91.88% and mRecall 96.22%. which are 25.36%, 0.29%,
17.70% and 29.46% respectively compared to the pure convolutional neural network HRNet, and 29.5%, 0.32%, 24.77% and 34.13% re-

spectively compared to FCN. At the same time, the frame rate of DFTNet processing images reaches 53.07 fps, which meets the real-time

requirements in the industry and has great practical value.

Key words: belt deviation; edge detection; neural network; encoder-decoder; image segmentation
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Fig.5 Schematic diagram of belt deviation detection
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Fig.7 The corresponding results after image preprocessing
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Fig.8 Belt image label datasets in five industrial scenarios
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Table 3 Ablation experimental results of module deepth

X 28 A5 B3z kR PR PR P TREiE S8
RRBE  JF/% BE/% SEXE % TREE/% [A128/% B H/10° 5:/10°

Ci, G 91.08 99.48 88.40 91.88 9622 571 2845

Ci, G, ¢ 87.10 9933 8525 8931 9037 7.53 4540
Ci, G, C3, C4 86.68 99.35 8491  88.61 90.66 9.78 45.40

g N B R RST 52 e 2 A SC A3 511K T 64 pxx
64 px, 128 pxx128 px, 256 pxx256 px, 512 pxx512 px
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Table 4 Ablation experimental results of input size

ﬁﬁﬁ B TR iﬁgiﬂ ;ggﬂjf gﬁfj
64x64 88.02 91.68 88.07 90.37 95.32
128%128 89.13 96.77 88.03 90.39 95.43
256%256 91.08 99.48 88.40 91.88 96.22
512%x512 88.21 90.87 87.50 91.00 94.23
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Table 5 Ablation experimental results of model scale

[ZE R SERPEA SRS EE S R B
BIFN I H/% A/ % B0 /% [815/% 3B 4/10° £/10°

tiny 91.08  99.48 88.40 91.88 96.22 5.71 28.45

HEBI L/ %

small 90.10  98.91 87.85  89.31 96.37 6.60 49.77
base 91.25  99.35 87.21  89.61 96.16 10.78  88.40
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Table 6 Comparing the experimental results of each model

B BI3g fEsh FIIRE R e R S
KR /% % T % B0 % [7156/% 355 5/10° H5/10°

HRNet 65.72 99.19  70.7 87.02 66.76 5.15 10.42
FCN 61.58 99.16 63.63  81.23 62.09 30.79 1531
UNet 86.01 99.52 84.31 86.7 82.22 23.73  13.40
SegNet  79.06 99.41 87.76  86.55 82.42 26.50  35.00
DeepLab V3 86.87 99.44 85.05 81.41 89.68 3133  41.68
PSPNet  87.46 99.49 85.53 83.51 87.83 3396 48.63
DanNet 81.2 99.43 89.92 8549 85.89 37.86 49.48
BiSeNet V2 66.43 99.22 71.81 80.16 67.45 2.46 3.62
DFTNet  91.08 99.48 88.4 91.88 96.22 5.71 28.45
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Fig.9 The Comparative experiment results of each

model's evaluation indicators
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Fig.10 The Comparative experiment results of each

model’s parameters
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Fig.12 Conveyor belt deviation monitoring system
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