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Abstract

To meet the real-time inspection needs of coal mine substations, a fast and accurate target detec-
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tion algorithm is required. This paper proposes an improved YOLOv5n model that uses PConv in-
stead of ordinary convolution to reduce feature map redundancy and improve computational
speed. The a-CloU loss function is used to replace the original CloU loss function in YOLOv5, and
the adaptive performance of the model is improved by adjusting the value of the a parameter. To
address the issue of insufficient data volume in the self-made dataset, image augmentation is used
to expand the limited dataset, with additional image augmentation applied to small targets such as
switches. The experimental results on the switch cabinet dataset of a coal mine substation show
that the improved YOLOv5n model achieves an average accuracy of 98.8% in target detection,
which is 0.3% higher than the original YOLOv5n model, and reduces the average time by 55.621
ms. This model can simultaneously meet the accuracy and speed requirements of target detection
and can be applied in actual switch cabinet detection scenarios.
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Figure 1. YOLOV5 network architecture
[ 1. YOLOV5 4E4E[E
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3. YOLOV5N g st
3.1. EFRE s
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THEE 7] [8].

Figure 2. Feature map after the first convolution
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Figure 3. Partial convolution
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3.1.2. Faster_Block
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Figure 4. Faster_Block
[ 4. Faster_Block
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3.2. 55k ok ¥ esuist
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CASE S st AT HARRE AT 5% o R M 7058 SURS PR BLAR FESR R AN 73 SR IR PR A, B v M R A
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Figure 5. Switchgear target detection category
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Figure 6. Image after data augmentation
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5. EWERS S

AT I ERE 24080 Windows11, 18 Anaconda 6% B3R5 . Hordr, python it/ 3.8, pytorch
ANy 1.12.1, GPU A NVIDIA RTX3050. YOLOV5 [f] requirements SC {1 BLAL & FF i A A0, T BL—
S, BB 2R R, T AW R N T A .

5.1. LIS
YOLOV5 Hidh A o] LS 5N B R IR /NREE, Tl e B A R/N A 640 * 640, 1 B K34 Le 1

ARTBCN 640, FLIANBETE N 32 M. HTAG RSN EAFAMN, FrLl# batchsize %5E M 4, work %
BN L INZRECHCH 150 %, SR FHBEHLEE EE T BEAE A %, BUEE 220k 5300 0.0005, #1465 > %5 0.01.
5.2. SEEEXFEE

ACiEEL YOLOVSNn, YOLOV5n MobileNetV3. YOLOv5n GhostNet £l Bit ) YOLOVSN_Faster
B HEAT XL, fESHGE M EREG T, TEAER RS L1817, WHEFHZEP). GRZER). £2KF
Y1k £ (mAP) AT GFLOPs PUANJ7 [m) 5t EL A, AN RISk s i 45 SR % 1 B o FH ek 9 YOLOv5n_Faster
FERT T A EAN R A I 25 SR a2 2 P

TP

T TP+FP @
R= TPTFPFN @)
Hrr, TP RN MR IR ARSCE, FP RS R IFEAS, FN RRIR IR A%
Table 1. Comparison of recognition results of different algorithms on switch cabinet dataset
F 1. PRIEEEFAERIBE FIRFIZERITE
P 25 A5 7Y FERI 1% B IEIH (% mMAP@0.5/% FPS (1) GFLOPs
YOLOvV5n 93.7 100 98.5 24575 4.1
YOLOvV5n_MobileNetV3 86 94.5 95.6 18.785 1.3
YOLOvV5n_GhostNet 91.4 95.7 97.5 10.234 3.5
YOLOvV5n_Faster 94.8 99.3 98.8 22.719 3.6

Table 2. Identification results of different categories of switchgear

2. FRIEMAREREFRAEER

hR%E R 261% H 1 #1% MAP@0.5/% MAP@0.5:0.95/%
c instrument 97.1 100 98.7 83.9
d instrument 93.2 100 98.8 85.4
mc 92.3 100 99.5 91.7
switch 99 96.3 99 67.4
led 92.4 100 97.9 67.7

AT T PR YOLOVSN BB T S ARt M AL T AAE R G HLas #EAT 0 L. AN 1 9T
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