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Research on Garbage Detection Method Based on YOLOvV7
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(The Shaanxi Key Laboratory of Clothing Intelligence, School of Computer Science, Xi’an Polytechnic University,
Xi'’an 710048, China)

Abstract: With the development of social economy and the continuous improvement of people’s living standard, the amount of do-
mestic garbage has rapidly increased. In order to effectively deal with the low efficiency and poor accuracy of garbage sorting, a gar-
bage detection algorithm based on YOLOv7 network as a base model is proposed. The algorithm made a series of modifications to the
YOLOvV7 network, firstly, the attention mechanism SimAM was added to the head module, which enhanced the model's perceptual a-
bility and adaptive ability so as to improve the detection accuracy; Secondly, non-maximum suppression (soft-NMS) was replaced in
the backbone network to remove redundant detection frames; Then, the loss function was improved to be the edge regression loss
function SIoU, improving the accuracy and speed of detection; Finally, the C3 module was used to replace the ELAN-W module in the
YOLOv7, promoting the network’s detection ability for smaller targets. Through experiment on the data-set, the average accuracy of
the improved network is 98. 93% , which is better than the 96.31% of the original model. Experimental results show that the im-
proved algorithm has a more obvious enhancement in detection.
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PEM AR . HAREE R 2 B,

2 WS L%

PEAN 5 b7

215 p R mAP@ |mAP@O0.5 * | &8 & |8
0.5/% | 0.95/% /M /B

V7-0 |0.9711[0.948 1| 96.31 91.72  |141.93|105.1
V7-0-¢310.986 00.951 1| 98.47 91.77 128.87| 40.3
V7-1 |0.974 1]0.952 4| 98.44 91. 87 141.87|104.9
V7-1-¢310.976 0]0.953 1| 98.47 91.95 128.77| 40.3
V7-2-¢310.979 210.959 6| 98.62 92.89 128.83| 40.3
Ours |0.983 1[0.960 8| 98.93 92.64 126.11| 39.7
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35 AR ) X He S 5

a5 RN
P R mAP_0.5/% | mAP@O0.5:0.95/% | Z¥&E/M | {18 &/B | FPS/(i - s )
YOLOv4 0.833 1 0.875 2 87.56 85.32 47.83 35.7 62.3
YOLOvS 0.951 6 0.936 0 0.964 9 0.907 4 26. 80 16.0 89.3
YOLOv7? 0.971 1 0.949 8 0.984 1 0.917 2 141.93 105.1 35.4
SSD 67.20 43.16 0.908 8 0.340 7 23.75 18.5 46
Retinanet50 71.13 52.34 0.853 7 0.764 2 157. 50 128. 23 34
YOLOv7-tiny 0.956 3 0.909 0 0.823 6 0.823 6 22.96 13.2 59. 1
AR SRR A 0.983 0 0.960 1 0.989 3 0.936 4 126.11 39.7 78.1

AL SR B N 2 R, k2 Al a5 —
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mAP 0.5 0.95 $E R (H I TR R, HS 8 I
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YOLOVT [ 2655780 i e it » 76 S5 39 AG: 00 4 4 B ARk 3 1
R RICR
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B 6 AL TR ARG AR A
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T T B L S RV AL SE A, B OE T AT YOLOv?
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PR R B SiRE S T I AE A A . IR T B Ak
SUE s 5 R C3 B 5 YOLOV? 4 i ELAN-W
e S DU RN = R OE R i

Pl OGF b S 56 445 SR R0 il S 6 5 SR T AR, T 4R Y Bl k5T
AR B SRR I AT 45 P R DU RS D7 T R B A AR,
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