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Deep Learning
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Abstract: Aiming at the problem of serious interference and low detection accuracy of insulator pictures collect-
ed in UAV patrol inspection,the optimization is carried out based on YOLOvSs algorithm,and the simulation re-
search of insulator fault detection is carried out based on the improved YOLOvSs algorithm. The original algo-
rithm is improved by adding CBAM attention module to the neck network ,using K-means clustering to recalcu-
late the size of a priori frame ,and using MetaAconC as the activation function. The experimental results are ana-
lyzed based on Python. The experimental results show that the advantage of the proposed scheme is that the av-
erage accuracy of the algorithm mAP reaches 96.7% ,which is 3.3% higher than the original YOLOv5s model; In
addition , the weight file size of the algorithm training in this scheme is only 15.1 M,which is only 0.1 M larger
than the original YOLOvS5s. With the lightweight feature,the proposed scheme has a good prospect in the de-
ployment of intelligent patrol work.
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Fig.1 Scatter chart of clustering results
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Tab.l1 Comparison of the size of the default prior frame
and the improved prior frame

Scale Original size/pt Improved size/pt
(10,13) (13,15)
Small (16,30) (19,28)
(33,23) (31,24)
(30,61) (37,69)
Medium (62,45) (25,46)
(59,119) (51,31)
(116,90) (106,53)
Big (156,198) (42,105)
(373,326) (55,54)




% 5 4

TR IR, A B T 2 T Y 4 T A Y )y ECT Y 43

1.2 &0 CBAM iE B AR R FFAE 1R BN 88 /1 3 1T
gt

CBAM & —F i 50 H A 2800 1 2= 3 HL Al LA
T A0 N 2 T) B T LD A R A, A B4R
ARG RS (TR U O A N o B 1 ' U S N
LY B AR g e 78 9 2 EARBRASf2 8 5] A CBAM
155 i BB A AR B A R o e . A2 B UK
(1485 &, 2R SCH CBAM il A E1 9 45 1Y) 3 Ab AS []
iz IR 2R S )25 BB 47X L

AR HIFE YOLOvSs B9H T M 4% | 20038 Sl
A CBAM #it, fEB AN HH)Z T 5 A CBAM
B, MM EAE 3 BB EE T YOLOvSs 9 B itk 5k
CBAM-YOLOv5s—backbone, CBAM-YOLOv5s—neck,
CBAM-YOLOvSs—conv,CBAM #5% ¢ 78 ¥ %% w1 () H
PRALE I 2 7R 18] 2(a) R CBAM BT AR
BT M E—4 C3 )5, & 2(b) T CBAM
g A% YOLOvSs RIFIHE C3 2 fE , K 2(c) e
YOLOvSs 1 M 45 9 4 — 5 BUE B CONV Aol
A CBAM 8 XA Hiii B fiy 44 9 CONV_cbam,,

fE = AN [F AL E Bl S CBAM Bk DL K i i
YOLOv5s X} L 45 R an5k 2 fi7n . mAP (mean av-
erage precision) /8 - BIAEREYI(E , B AR ERA Y
R, 2R 0.5 19 ToU BI{E , LR 5290 B R AR

CONV CONV
CONV CONV
3 : E a3
CONV E : cham
C3 S CONV
CONV f : C3
o : : | cbam
conv | .| CONV
s | : a3
3 ' cham
____________ CONV

SPP
3
cham

(a) CBAM-YOLOv5s-backbone algorithm

Neck Neck
_'» |Corcatb»{ C3 | . —:> Corcatt» C3
CONV]| ' : CBAM
up v —_— up
: - CONV
CONV{»Corcat| ' CONV-L .
el [a|: © {cBAM| S Corcat| -
! e | cs
—* |Corcat CONV ; X !
v 0 CBAM|
UpP A|"C0icat ! E oreat CONV| |
CONY, ! '
. o L up v
R . " |conylrCoreat| |
' L] !
C3
CBAM

(b) CBAM-YOLOvS5s—neck algorithm

Backbone Backbone
CONV CONV
CONV | CONV_chan
c3 : : c3
CONV | CONV_cham
3 R 3
CONV L | CONV_chan
c3 : : c3
CONV | L | CONV_chan
spp | : SPP
3 : 3

(¢) CBAM-YOLOv5s—conv algorithm

2 EtE CBAM A YOLOvVSs 5%k 451 B
Fig.2 Structure of YOLOVSs algorithm integrating
CBAM modules

[ ECHE 4 90 E 4 I 4 LA B IR vk W0 B2 2
KRGS,

A& 2 W15, 7€ YOLOvSs HI45AN3 2l &
CBAM #idtf5 | BRI HER R4 CBAM-YOLOvSs—
neck Bk B B KL N T 3.3% , {XAE CBAM -
YOLOv5s—backbone % 3% A B $#& 7+, 1 7€ CBAM -



T
St
b
E

44 A 2023 4F
®2 BEXEESLEMELRE N2 TR PR
Tab.2 Comparison of classification accuracy of related oW
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Fig.3 Comparison diagram of thermal simulation
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Tab.3 Layered description of the improved YOLOVSs
overall network structure

Number Input Module Tensor

0 -1 Conv [3,32,6,2,2]

1 -1 Conv [32,64,3,2]

2 -1 C3 [64,64,1]

3 -1 Conv [64,128,3,2]

4 -1 C3 [128,128,2]

5 -1 Conv [128,256,3,2]
6 -1 Cc3 [256,256,3]

7 -1 Conv [256,512,3,2]
8 -1 Cc3 [512,512,1]

9 -1 SPPF [512,512,5]
10 -1 Conv [512,256,1,1]
11 -1 up [None,2, nearest’|
12 [-1,6] Concat [1]

13 -1 C3 [256,256,1 false]
14 -1 CBAM [256,256]

15 -1 Conv [256,128,1,1]
16 -1 up [None,2, nearest']
17 [-1.4] Concat [1]

18 -1 Cc3 [256,128, 1 false]
19 -1 CBAM [128,128]
20 -1 Conv [128,128,3,2]
21 [-1,15] Concat [1]
22 -1 C3 [256,256,1 false]
23 -1 CBAM [256,256]
24 -1 Conv [256,256,3,2]
25 [-1,10] Concat [1]
26 -1 C3 [512,512,1 false]
27 -1 CBAM [512,512]
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Fig.4 Schematic diagram of partial image quantity
expansion
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Tab.4 Comparison of accuracy of related algorithms

Network Damage/% Dirt/% Flash/% mAP/% Size/M
Faster R-CNN 86.4 85.3 91.2 89.2 180.8
SSD 90.5 82.3 90.8 88.3 185.4
YOLOv2 92.0 86.0 90.5 91.3 202.5
YOLOv5s 95.0 89.3 94.3 93.4 15.0
Paper algorithm 98.0 95.3 96.8 96.7 15.1
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Tab.5 Accuracy improvement results based on different
optimization measures

Number K-means CBAM  MetaAconC  mAP/%
1 VvV - - 93.5
2 - vV - 95.6
3 - - Vv 94.7
4 VvV vV - 95.9
5 VvV - VvV 95.1
6 - vV vV 96.1
7 VvV vV vV 96.7
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