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Self-explosion defect detection of insulator based on improved YOLOVS

Liao Liying Liu Hong

(College of Big Data and Information Engineering, Guizhou University,Guiyang 550025, China)

Abstract: To address the problems of low accuracy, easy false detection and missed detection in the existing insulator
self-explosion defect detection methods under complex backgrounds and foggy environments, an improved YOLOvS8
insulator self-explosion defect detection algorithm is proposed. First, the SPD-Conv module for low resolution image
and small target detection is introduced into the backbone network to fully extract the feature information of insulator
defect target. Secondly, BiFPN is integrated with the SimAM attention mechanism to build the BiFPN _SimAM
module, replacing the concat connection of PANet to achieve multi-scale feature fusion and enhance the overall
performance of the network. The experimental results show that the precision and mAP @ 0.5 of the improved

algorithm for insulator self-explosion defect detection reach 95% and 93.1%, respectively, which are increased by

1.8% and 1. 5% compared with the original YOLOvS algorithm, and it also has a good detection effect on insulator

self-explosion defect detection under complex background and foggy environment.
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BT — B B A s e 0 R RMREAT A3 2SR RS B B b
T B B Ak, MR — BRI FEMAH YOLO
(you only look once) £ %" SSD (single shot multibox
detector) '™, R AEN f# ] MobileNetV1 #2392 J5 19 M
AU YOLOVS 19 F 1 W 4 ROHR T T 1 2% 119 4 I 32
BE AR T — S MR RS . Chen 457V 4E YOLOV3
E T M4 DarkNet53 5] A DenseNet DL 3455 B 28 H74F {5
BTG, SO T A AT 5t b s BRGS0 R
R REAR 7RI BB, w45 4 5E i R SR-GAN
145 43 B R BRI 1 U7 vk RS L E T M 4% DAGNet
( adaptive  significant  feature extraction network,
DAGNet), JC Z $ 1 2 /1 ML il (simple parameter-free
attention module, SimAM) Y E T K 5 & 2441 5 W s
A I 8L, L T 0 2% 5 A 5k T 0 A A T AT AR A
MR E YOLOVSs IR E5I AT 25 1 & 1 MLl
(global attention mechanism, GAM) Fl H i W 25 [6) 43 AiF @l
4 (adaptively spatial feature fusion, ASFF) DL 42 5 B 4% 45
AEFRIURE T AH 0 R T4 % IEE S RRESM TR K AT
I X 44 2% - Sk 4 G TS J3E i A R L, AR £k SE R
RAHR A B DL AR il [R) 25 ASOUR B I 4 2 7 Bdis 46 L T
YOLOv7 fyJEal b 51 A AL AR 7 B 77 FI AL 6] R AE 42 5
¥ W 4% (bidirectional wighted feature pyramid network,
BiFPN) DL & R AiF O 7 ARl A B o AL AG I 2 18 18, R
T HERE T AR KA E B 3w s .
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R TR AGE o W T A I bR o A ) B R, AR SCER S T — b
i YOLOVS 1948 2% 1 A AR B A6 0 553k, 3= 20l ik 21
FWTF . AEET ML P AT SPD-Conv (space-to-depth
convolution) BEH , G 15 B & 2%, - TH 48 % T Bk /) H A5
9 G KRS B2 5 76 45 1E Rl 5 2 8 BIFPN F2% 55 SimAM IE &
FIRLHI 254 #4 8 BIFPN_SimAM 155 B 5 i i 458 3 A W 4%
(path aggregation network, PANet)"™ % i@ i ¥t 4
Cconcat) ¥4 , LI F5AE il 4, DT 458 125 0 28 2 R P e
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YOLOvS 1% {4 [ 25 J Al 3228 53 < i A o o 31 10
(Backbone) A4 AE Bl A )2 (Neck) A1 I sk (Head) , 40 1
BN . A28 B R A S 4650 640 X 640 1Y R LLIE
MR YN G, ETREMRZRRE N PHEL, f
Conv,C2{ F155 [A] 4 FF 35 Hi 4k (spatial pyramid pooling fast,
SPPE)Y A L. YOLOVS 3 id % FBUZ X iy AFFIEEAT T 5 K
ToRAE AR B E RBE B FRRAE 5 38 7R C2f 2544 v 38 hn i ok
) Bk B S5 422 0 43 45 4, 1 A5 A A A R R BRI R AT T o o
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it ARy SPPF Jth Ak W] S8 A 38 R R S 0 R R A SR
B A BB . Neck #5404k 31 3= T W48 I FRRAE , A
FRAE @A B9/E 2R PANet B IR 2 A5 BAME& Z i X
R H A, Head #43 VE Jy 35 Jo UM 4 43, >R T A ol =k 445
¥ AFF 2 A ST 4332 58 BN G 43 SN0 FEAE (9 T |1 0
i 3 AR ) RO 04 46 T 2 2 BBOAS ) R B A5 VR ATE .
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Fig. 1  YOLOv8 model structure
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Fig. 2 Model structure of improved YOLOvVS

143 B e G R /N B AR B AT 55 P AR A R £, SPD-
Conv H 2= [A]-IR & (SPD) J2 1 & #5 4 & F (non-strided
convolution) B2 B, X A4 & 7 = By T W 45 78 4k BEAR 43
B B RN/ N Y AR s U747 B 22 00 4055 R AE A5 B T A
ACHE = RS BE . SPD )2 38 5 F HERRAE B 1 T R L 4 A5 )
R BB GRED 45, EXA R, =5 [H 48 5 4
/IS T 38 T A S 3G (L T P9 { B CRD AR A 38 G Y
BIAR R AE) S 1 56 B ML O B8 T ke, AT 7E 55 80T SR A 1Y [m]
ARG TEEGEENELR., TELERZET L —P 4k
PR B HES S B RRAE B SEBURRAE (5 B AR g ik . IF .,
BT HPKN 1, WEREERER EaR B — MR R,
TR AR A AL SRR B B R S BRI Zs R 2 e . X 4
T UG 53 FE A LIl B 48 2% T H b /0N T A A6 e DU KRS 241G
[, 5] A SPD-Conv X YOLOvS B £ F#4r 17kt

XA SXSXC WFFAEKE X, SPD-Conv 1] ## 1
W E R scale XX T REE, WE 3 BTN, /& scale =2 I
1) SPD-Conv %54 . %F X i iR B 47 R 51 B (scale — D MR R
HATRHFE . B0t T RHEJG R B scale” A~KDR (S /scale) X
(S/scale) X C WRHIE 1], T 38 18 2k B 3847 PR 4215 31 K/
KIS /scale) X (S/scale) X scale’C, FAFE K . ¥ 1% FFAF &
LKA 1 HEREGZZER C, M) #176H, &
LGB KN (S /scale) X (S/scale) X C, R%i L,
2.2 SimAM EEAE

SimAM V& S AL R — g5 Gl 8 {5 B M Al E
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Fig. 4 Different feature pyramid structures

BiFPN R H e # 19 — 4k 4 7 (fast normalized fusion)
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wl,
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o, I, R ARE O SRR IE s w, Flw, A2
>J W RCEE R R YT S [a) R AE 76 Bl A P i STk, 8 B ReLU
BTG PR BCK He i B [0, 1] 2 18] e = 0. 000 1 7T i G ${E AR

R T HE— 25 SR AR AE LA W KR SR TR 7
BiFPN {4 % 5 T 7 SimAM 13 2 AL 4 2 248 # 38 2 R
[ RSE Hhe o e 2¢ a +14 17%) T3 R, 55 B T i 2 S OG0 H A DX
SImAM ¥ B I HLE S RO B AT 2 AN B AR 7
S TS 0 [R) B B v T 4 SR AR R R P R . ekt
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Fig.5 BiFPN_SimAM structure
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3.1 XIGWIE

S f# A CPU M AL S Intel (R) Core (TM) i5-
12400F (2.50 GHz), & F (GPU) §y & 5 4 NVIDIA
GeForce RTX3060, i £ W A7 12 GB. R FH T B # 3 HEZL
J& PyTorch 2. 0. 0,CUDA AN 11. 8, IS5 & W
# 1R,

x1 %8s

Table 1 Training parameters
28 HARBUH
(R Rz 0. 002

URIR GRS AdamW
U 5 0.000 5

Batch size 64

I Gk L 300
LN N 640X 640
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TE github 1) MPID $is £ H & TiF £ A 1 4 %%
FHHRE 7 SO S50 B0 4 0 AN o 8 AN Hh T A LA 4B
153 B B 3 4 2% 1 SullOkv Bodis B, Hodh [ 1 Bl B 4 2% 1
M EMRIE 1010 5K (A 3MAR & A H 1 B G 1 46 2 7 B
FEURR/ANR 515 X515 8 F . HRTE KA RN FFNE K5
T AEOE 4R L HL40 25 BRE AR A Rt AR SCil Gt AT
A R 5 MR O 2 R IR A BOE SR SR RE iR,
I 0 M E L 5L cutout  BERE LB BT E R LB AL
FAMAES RGOSR Y FEE 2 020 E AL WA 6 s,
¥ Labellmg T ELXF 54 42 64700 4 46 A H B BB 19 A5
1M defect, #2186 : 2+ 2 Ay HL B 4> U1 2R 4 (IR IR 45 L
A AN 1 212 5K 404 5K (404 3k,
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Fig. 6 Data augmentation
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3.3 EHriEsR

AR S ARG 2 (precision, P) 4 [FIZ (recall, R) 144
J&# #J{H (mean average precision, mAP)ZAE HPEMTEFR .
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1

AP = J P(r)dr 9)
0

mAP = iZAP, 1o
n -

Hodr, TP AR 3% 1IE 8 W0 9 IERE AR, TN AR R IE 7 7

MRS FN BRI IEREAE FP Fx RN
TUREARR, P A& T 52 FR IE AR A TE 1000 15 R A Y e 1)
R BB T 52 FR IE AR A gl JE 0 5000 19 Lb B . AP fH 2 AR IR
P—R &I MmEB., AP 35048, mAP
ST JE BT BRE B n FoR B, mAP@0.5 %
A TOU BAE Hy 0.5 B Y & 28 5 F ¥4 B2, mAP@0. 5 ¢
0. 95 /R TOU B{EM 0.5 5 0. 95(Lk 0. 05 KK W
WNZABE T T HR R, FPS F5 4R ST e T 803k 1 16 ) 3
JIE , BIVRE D RE A% A0 B A 115 R0
3.4 XWERSHM

D MRk

T IR R 0 Rk R R R B YOLOvS Bk
PR A 0 AT T 1 S 580 S T et ok e 4SS 28 A
PERERYSZ M AN 2 PR .
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Table 2 Ablation experiment
o P/ R/ mAP@0.5/ mAP@O0. 5-0. 95/ Parameters  fEEI R ~f/
% % % % /10° MB
YOLOv8 93.2  85.4 91.6 60. 3 500 3. 005 6.3
YOLOv8+SPDConv 93.4  85.8 92.1 60. 7 385 3. 054 6.4
YOLOv8+ BiFPN 93.4  85.2 91.6 59. 8 417 3.006 6.3
YOLOv8+ BiFPN_SimAM 94.8  87.7 92.6 61.0 385 3. 006 6.3
YOLOv8+SPD+BiFPN_SimAM 95.0 87.0 93.1 61.3 417 3.055 6.4

A 2 AT, RN T SPD-Conv B () 3594 48 L 5
IH YOLOvS B3, K% . 3 78 . mAP@0. 5 fl mAP@
0.5-0. 95 #BA T, Hoh mAP@0. 5 42F+ 7 0. 5%, IEM T
SPD-Conv #5& Ht % Jin i & f& &¢ F 32 B0 A 8501 %
YOLOvS i PANet B # 4 in BUW [a] F# 1iF 4 5 8% BiFPN,
W RIEA R TL, A B A mAP@O. 5-0. 95 WA T [,
U2 B8 CLE S 35 W 45 19 S B0 R OE B 0 3 Al B AR
BiFPN 2% 254 ¥R SimAM 13 2 AL R 60 % L 7F [l
K mAP@0.5 1 mAP@0.5-0.95 4> 427+ T 1.6%.
2.3%.1%.0. 7%, IEW] T BiFPN_SimAM ik % £ K g
FRAE Al G B8 380HE 4 TS BB TR B AR R YOLOvS &
WP HSR FPSHEA F R HERSHFER T 1.8% . A
FERBFT L6%. mAP@O.5 & T 1.5% . mAP@0. 5
0. 95 T 1%, HS B AR /MU M T 1. 7%
N 1.6% ., g R AR, AR SOk R A 208 0 B R A Ry
TE$2 L T v EH AR5 00 254 L H8 50 19X 45 2 PR Al 1 B

Sk TR U b X 25 A R R 2 T 1 X
B7 TR, 25 T 30 0 R 0 2 R A — A S b g R, T
Imagel MM L, T L& BLE IR YOLOVS IR AR K,
TR 2 2 T 55 K v 4 0 100 2 10 G DN Dy 48 % T B B L TG i ok
JE BT sk T X — ) FE Tmage2 BRI |, RS 52K
SO F AR JRUG R AR A TR A 1T e S 1 R BR
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R-CNN.SSD.,YOLOv5s.YOLOv5x. YOLOv7-tiny 24 7 3
i B AR A A AT X b, SERR SRR 3 TR .

& 3 Al 41, Faster R-CNN, YOLOv5s, YOLOv5x,
YOLOv7-tiny B mAP@0. 5 ¥4 T 90 % , To 1 I 12 46 4+
Tl R DUOKS JE ZEOR . SSD AH LT T 4 A H AR A A% Bk
%35 B 52 5 10 A 013 (H 2 2 B0 RS Y R /N B 45K L A
3 A 30, TV T R S B A A R, T AR SCRLR Y
mAP@O. 5 35 F] 93. 1%, 2 7 A B ARAR I 53 3 v A6 00 K
B OE M, M8 T Faster R-CNN, SSD. YOLOvb5s,
YOLOv5x, YOLOv7-tiny, YOLOv8n 43 5 & tH 11. 6%
2.3%.4.5%.3.6%.6.6%.1.5% ., H—FW.HTHEINT
o B, BIF LAAR A F 54 YOLOvVS 53, A SCH
FPSEH FR . S4B MR R /NEM T 1.7% M 1.6%,
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Fig. 7 Some examples of detection result
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Table 3 Comparison experiments
1 75 P/% R/% mAP@0.5/% mAP@0.5-0.95/% FPS Parameters/10’ R R <)/ MB
Faster R-CNN 80. 4 80.7 81.5 42. 4 144 28. 320 108
SSD 90. 8 93.7 90. 8 46. 6 156 24.272 90. 6
YOLOv5s 89.1 81.0 88. 6 53.0 222 9.122 14. 4
YOLOv5x 92.6 81.4 89.5 53.6 196 9.111 18.6
YOLOv7-tiny 91.7 78.3 86. 5 50. 2 187 6.014 12.3
YOLOv8n 93.2 85.4 91.6 60. 3 500 3.005 6.3
AL 95.0 87.0 93.1 61.3 417 3.055 6.4
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