55 48 % 45 11 0] I 7 B % it Vol. 48 No. 11

2022 4 11 J Journal of Mine Automation Nov. 2022
XEHS: 1671-251X(2022)11-0039-06 DOI: 10.13272/1.issn.1671-251x.2022060052
A A [m | i
EF it YOLOvS RYEFFIR B TR
L SN £ T RENEE T 2 SN S JENEE Y

(1. PH B RS s TR, BEPE P82 710600; 2. FrdE R T4 B3 M ATE 72 B A PR A &,
L3 M 213015; 3. R CHEMND HEME R B BR A5, L7 w0 213015)

TE: A AR TIRE S ST MEAT R A 7 ik B A T 90 T AR 350 P o 5 b Iz A R Aa i oL, BLxE)s B ARBEAT
89 IR R M AR A xR A, 32 B — Ak YOLOVS A2, FF K T8 A L AT 5 . PR E IS T B8
PBATHIEIG 3%, A F G BB, S HAEA A F 2 82 F R A(SPPI B & FI N2 R AR gX £ 3, 13 3]
7% % ASPP B3k, T RAR & B4 a9 aT42 T, 3 R AR th B 2 5, 3R ALAE A xF iR B4 4 69 42 30 KA
AdaBelief 443 % X% YOLOVS R A 69 Adam AL F ik, 3 SR ey M Sk B 5 R AAF . S R AW,
AdaBelief AL F ik A= 5% £ ASPP £i3k 7T A 2 4% % YOLOVS A A 6yt #h & | 3wl Ffe T 3445 F M (mAP) ; B it
YOLOVS £ A 49 mAP 34 2| 94.43%, bR 45 YOLOVS A3 5 T 2.27%, M FE KK T 0.03 Wi/s, #4645 T SSD,
Faster R-CNN, YOLOV3, YOLOv4 4 £/ B ARt m A A ; AR % B g 69 2R 35% 7, 5 ik YOLOVS AR 4 Ak o 74 %) 52
B AR, AR RORAE T H ALt YOLOVS A2

KEEIR: BEATIR A N BARHERT; YOLOVS; RES 3 ; ZRAEM; 5K £ ASPP; AdaBelief #ALH %

H & 43265 TD67 SRR G A

Coal and gangue recognition research based on improved YOLOVS5

ZHANG Shiru', HUANG Zongliu'?, ZHANG Yuanhao™, ZHANG Ao"? JI Liang*’
(1. School of Communication Engineering, Xi'an University of Science and Technology, Xi'an 710600, China;
2. CCTEG Changzhou Research Institute, Changzhou 213015, China;
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Abstract: The existing deep learning-based coal and gangue recognition methods are prone to false detection
and missed detection when applied to underground complex environments. The recognition precision of small
target coal and gangue is low. In order to solve this problem, an improved YOLOVS model is proposed, and coal
and gangue recognition is realized based on that model. Data enhancement is carried out on the collected coal and
gangue data to enrich the data set and improve the data utilization rate. The atrous convolution and residual block
are introduced into the spatial pyramid pooling (SPP) module to obtain the residual ASPP module. On the premise
of not losing image information, the convolution output receptive field can be increased to enhance the extraction
of deep features from the model. The AdaBelief optimization algorithm is used to replace the original Adam
optimization algorithm of YOLOVS to improve the convergence speed and recognition precision of the model.
The experimental results show that the AdaBelief optimization algorithm and residual ASPP module can
effectively improve the precision, recall rate and mean average precision (mAP) of the YOLOvS model. The mAP
of the improved YOLOvVS5 model reaches 94.43%, which is 2.27% higher than that of original YOLOv5 model.
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The frame rate is reduced by 0.03 frames/s. The performance of the improved YOLOvVS model is superior to SSD,
Faster R-CNN, YOLOv3, YOLOv4 and other mainstream target detection models. In extremely dark

environments, the improved YOLOvVS5 model can also accurately delineate the target boundary, and the

recognition effect is better than other improved YOLOVS models.

Key words: coal and gangue recognition; small coal and gangue target; YOLOVS; deep learning; atrous

convolution; residual ASPP; AdaBelief optimization algorithm
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Table 3 Comparison of experimental results of

feature extraction modules
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Table 4 Performance comparison of mainstream
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