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Damage detection method for mine conveyor belt based on deep learning
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Tatan 271000, China; 3.CCTEG Changzhou Research Institute, Changzhou 213015, China)

Abstract:In order to solve the problem that the current conveyor belt damage detection methods lack
research on damage types other than conveyor belt tear, a damage detection method for mine conveyor belt
based on deep learning is proposed. And the conveyor belt damage types are classified by the Yolov4-tiny
target detection network. The Yolov4-tiny target detection network uses CSPDarknet53-tiny as the
backbone feature extraction network, draws on the Resnet residual idea, uses residual blocks to prevent
the loss of high-level semantic features in the deep network. At the same time, the method uses feature
pyramid network to obtain the fusion of high-level and low-level semantic information to achieve the
purpose of improving detection precision. The two effective feature layers in CSPDarknet53-tiny are input
into the prediction network Yolo Head, and the prediction frames are filtered by the score ranking and non-

maximum suppression algorithm to predict the types of conveyor belt damage. The experimental results

75 B 8 :2021-04-05; & B B #7:2021-06-20;; AR 4B T BB HS .

ESHA . FH K& SO LR BT H (2018 YFC0604702) 5 1L AR 44 F SRRl 2 5 4 ¥E B 3 H (ZR2018BEE014) ,

EH B kA (1995 —) . B IR A EWF 52 A4 BF 8 7 100 i 97 1l i 4232 i 5 32 71, E-mail: m17685514372 @ 163. com. @ {5 1E # -
JEWE I (1971 —) 55 WiV N B PR oT AR S0, SR B SE O 1) S W 1L i 2242 Hi 5 $E T  E-mail : sdustzms@163. com,

Sl AR kA R, TR . S TR 2 I 00 Pl B A Oy ik T, T A B4k, 2021.47(6) :51-56.
ZHANG Mengchao,ZHOU Manshan,ZHANG Yuan,et al. Damage detection method for mine conveyor belt based on deep learning
[J]. Industry and Mine Automation,2021,47(6):51-56.



e 52 5 B

%47 %

show that the average precision of the Yolov4-tiny target detection network on the conveyor belt damage

data set for the four damage types of surface scratches, tears, surface damage and breakdown is 99.36%,
94.85%, 89.30%, and 86.76% respectively, and the mean average precision is 92.57% . Compared with
Faster-RCNN, RFBnet, M2det, SSD, Yolov3, EfficientDet and Yolov4 target detection networks, the

Yolov4-tiny target detection network achieves the fastest detection speed on the data set with a frame rate

of 101 frames/s. The network achieves better balance between speed and precision, and occupies relatively

less computing resources. The detection of fresh samples outside the data set verifies that the method in

this paper has good generalization ability.

Key words: belt conveyor; damage detection; deep learning; target detection; surface scratches; tear;

surface damage; surface breakdown
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