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Abstract: his paper proposes an improved YOLOVS algorithm for insulator defect identification. By integrating Transformer
model, BiFPN(Bi-directional Feature pyramid networks) and CBAM(Convolutional Block Attention Module) attention
mechanism, The recognition accuracy, robustness and generalization ability are improved. The algorithm can accurately
locate and identify defect targets of various shapes and sizes, and provides an efficient and reliable solution for insulator
defect detection. The experimental results show that the improved YOLOvVS5 algorithm in this paper achieves good
performance in insulator fault identification task. The detection accuracy rate reached 76.8%, and the experimental
performance was improved by more than 20%. Compared with the traditional YOLOvVS algorithm, the improved algorithm
has a stronger ability in the identification of complex insulator defects and small sample targets, and has a wider application
prospect in the future.
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Fig 3. Schematic diagram of Transformer structure
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Fig 4. Schematic diagram of CBAM structure

HHE 4 o1, HINRHIES e B — AN E S, B S s BT — BRI I BlE A
P ANHE. B 8)-(9)Fs:
F'=Mc(F)®F (®)
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Mc(F)=o(MLP(AvgPool(F))+ MLP(MaxPool(F)) (10)
7 (B R B HRAE BN RAE AU TE | 23 0 2R AT 4 Rl KA AN 2 Jey P 350 Ak, PR 4 R S
m, s SRR, AR AR AR, R R RS A TR AL B R AT AL, 15 315
28 RRE, AR IA =l (11):
Ms(F"Y=o(f" ([AvgPool(F"); MaxPool(F"))) (11)
Horr, £7%7 FoRBEWL RN 747 BB R .
F/H CBAM X} CAM 1 SAM M55, RefEANRIYERE ERIRRFIEZ BAH GV, 78 B Ankar i b £
B ZRLE R, RSk s AR .
1.5 Bud)E MR 4y
H1T CBAM B AR HAE YOLO MZ8 QUM P AR S HAE A B A K. A3CK CBAM £
Huidi N3] YOLOVS 2] C3-1 BEH iR e A B (Al 5 711 C3-1-N JizR), 64 H B T Backbone
ZER IR S5 —A C3-1 5 SPPF |22 (8], MTif9% T YOLOvSs-CBAM %Y, [Fif, %£T YOLOvS Xt
HRMEE 5t NMNAZ T 55/ BRI AE IR 0 [ 3, AR SCiE#E 5| N Transformer 15 A4 5%
YOLOVS ZEHa 1) 3 T M 28 i AT Ak, B 5xs 42 )= bR SO BB FE e /) 42 m i h A% . Transformer
PR R A5 S A BRI AL fe 7, i H i B S B 51 N CBAM BLRET 7, #i K358 7 YOLOVS
X4 JRE B EARE /), RESE AT PRI A% 1S SRR B AL, MRORFRAR 1 482 155/ H AR I
K, JRHTHALT CBAM WY, MERZIFEMA S IFHE, SRS TiaRERE, IS
BRZALRE ). FE TR AG YOLOVS 454, ASCIE5I N T BiFPN GRUARHESFIE M%) i, it
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Fig 5. Schematic diagram of Improved YOLOVS structure
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Fig 6.The dataset used in the experiment
R 1LAGT IR RNIBESE
Tablel.Insulator Station Defect Identification Dataset
Bl P2 HE
# %7 insulator 609
By i hammer 713
By i R hammer_defect 330
e foreign_body 20
S discharge 14
L5 bird_nest 99
Y% TR insulator _defect 214

B BRI, SRR B 2 % 770 AR AR EAFTE 2, X AT RS BUREAS 5 AN
W7, N T X — R, ASOR R AEEEEAL G 8:1:1 I ELBIRI 0 NI ZREE . BRAEAE AR, 7ER1%
AR S N B o LR — 8. &, FRAMS B T A 1600 5K A IIZREE, DAL 200
sk P A 1 365 I AR R 2
3 SRR SX AT
3.1 BV TERR

DI DR RE S 0T D03 5 1K) YOLO v5 Sk EAT 25 AR B PR 32H34), A SR N =0(12)-(14) R bR
KPPl S0 5 B R Y 2 A

.. P
Precision = (12)
TP+ FP
Recall = i (13)
TP+ FN
2P
mAP = (14)
C

Hrfv, TP, FP, FN 7y i3 UM IEWHAIERRE A KR . TS SR A A A A K DL & Tl
HRAIEWRE A SR . BEAh, A SCHIHS BER R IR W 8 R0 B —Aer I H AR A ERAE 1T T 2290
DR A B W 5 A TR v i A A A ) SR AR R 1
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[FIF, ASCRAMZ (FPS, RIAERDIWUED SR & W 2 A5 8 Kb 2 ]y PR B2, At 03 23 o 4 %
WATR s . Horb, Wi, SRR AN ] A REAC B B R B R, A R R
DMk EE R R, HhAh, A SCRIEE B EE (Parameter) SRVTAY 8 WX 4 BEAY (AL EE KN, DA A8 45
JAH (Loss) ADFAT 25 g Il S
3.2 SEREEREMT

ARSI I HAS [F] 9 S D L DX L B 0 AR ARSI G, DABGHIE T R s 5 YOLO
v5 BOEMUERTE . SB0AE Windows FR4E NE#EAT, KA Intel i9-13900HX CPU. NVIDIA GeForce
RTX4060 &+ 8GB A%\ 16GB A%, Hfd1f Python 3.9 Fl PyTorch 1.12.1 liUAAE N SLER 5T .
3.2.1 BMSHE SR ES T

N T A MBI A SCRR B, FRATAMGEAT TR BRI, IR T AR A
SRRV R IX A TR bR . BB A S BB o0 RBN KB R R R AR 28], B
MZHIBAAE BRE BT R R, XN TRARRS B3I DL A BH IR 52 IR 1K R 5
KU REEL, FOAEATIE T TOkA S KA R R ) T B At . BbAh, FRATEHRRTE T
PR BITEAE B B (037 s B2 (GFLOPs), IX—J8AR REME B I Sz il H B 3L 7 S5 i 47 B B 75 119
THE SR @l 548 48 H AR DB Lo dr,  FRATTRE A% SE e 1 Al AR SCRVAE T S8R D T 1)
T, TSR R T B AR B AL )R . BRI SEORAITT E B LR LR 2,
A FRATT AT LA HH A SCSREAE CRAF IR BE 1 R I, AER AL B A AT U B8 7 T A T AR R B

R 2.SEERTE RN K
Table2. The dataset used in the experiment
AT SR GFLOP
YOLOvVS5s-BIFPN-Transformer 50.21M 36.9G
CenterNet 62.665M 69.6G
Faster-RCNN 137.77TM 370.4G

I 2 [ AT DS TSR B, AR SO H I AR S HOE R R T T B T
Faster R-CNN F CenterNet. %% bR, @RI SHA TR EX L, AR SCHEH 7 iEER R
BREAATERCR TR B E R FelE R IR R, W3R & BL G EI s,
EITERMBE A A, FESHNME.

B 7 R T BEAE BRI N, #emiR . BRI DL AP RIRE B AR %A . 2, mAP_0.5
MR 724 10U BIME A 0.5 I (PSR4, 177 mAP_0.5:0.95 fiZ ] [k T 10U BI{ELE 0.5
F1| 0.95 35l P9 I TG R B 1 AR . B S gl 2R, FRATTRT DA b U %% B AR AR I ot R R
RESRTHRIS S L«
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Fig 7. Visualization of Model Performance

SIS A AR 3-1 FIER 3-2 s
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Table 3-1. Performance comparison of different object detection models

YOLO v5 YOLO v3 YOLO v4 YOLO v7 CENTERNET
e
BER  dhlxk KE#E gRE EBHEX gREX R gRE S H [l
LLSUNA @ 0.768 0.503 0.603 0.516 0.578 0.447 0.564 0.592 0.39 0.21
#z% 1 0.357 0.624 0.356 0.56 0.331 0.554 0.371 0.655 0.62 0.16
57 72 4 0.391 0.603 0.374 0.562 0.343 0.539 0.347 0.612 0.44 0.02
=
%"A‘Efﬁ 1 0 0.184 0.107 0 0 0.314 0.179 0 0
4 0.923 0.154 0.643 0.154 0.81 0.154 0.138 0.231 0.15 0.1
NS 1 0.824 0.937 0.833 0.794 0.667 0.999 1 0.1 0.01
1, 8 0.835 0.804 0.843 0.821 0.912 0.768 0.867 0.821 0.28 0.64
Yt
/@j{g ik 0.861 0.514 0.884 0.575 0.857 0.449 0.915 0.646 0.06 0.42
R 3-2 ANFE BB R RN th
Thale 3-2. Performance comparison of different object detection models
YOLO v8 YOLO v7-tiny FASTER-RCNN SSD efficentdet
K5
R ARE KR gGEEX R JRE KR ARX FBmE JRxE
ELSUNAE S 0.475 0.397 0.564 0.592 0.26 0.34 0.33 0.084 0.23 0.19
Hi% 1 0.335 0.507 0.371 0.655 0.37 0.64 0.21 0.073 0.32 0.18
7 o e 0.35 0.346 0.347 0.612 0.25 0.12 0.14 0.092 0.24 0.096
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%)ﬁﬁfﬁ 0 0 0.314 0.179 0 0 0 0 0.06
R 0.164 0.154 0.138 0.231 0.2 0.07 0.843 0.076 0.15
S 0.703 0.667 0.999 1 0 0 0 0 0.1
5 0.828 0.714 0.867 0.821 0.28 0.645 0.667 0.107 0.38

2l

/ﬁj;gﬁk 0.945 0.389 0.915 0.646 0.16 0.05 0.451 0.075 0.04

0.15

0.21

0.1

0.19

0.18

FRSEER AR LK, YOLO v5 fERG iz A E B2 EIRIH (. T YOLO v3, YOLO v5
WS BRIETE 729 27% (M 0.603 $2FHZ 0.768), ARG FrieFt, X T HERI7ER A H brk
MEe ) BRI, 5 YOLO v4 F1 YOLO v7 AL, YOLO v5 FIFEFERER R AE [F 5 FIREFE T
EK

HWR, A FZERI B ARG, YOLO vS thEILH T REFIIHERE. fE4Z 7. B, SH
ANAE LT BRI SRR T, YOLO v5 [RRE#f 3 A 4 Rl %3 Bom . R4S YOLO v3 IILHLER
W, YOLO v5 {EZ4 %20 ARG R _E3ETE T 29 0.3%, 7ERT AR PRSI % L3RI T2 3%,

IeAh, ASCER BB A RSN LR SE Z R . Flal, RE YOLO v7 TR I
T YOLO v5, {HIAE S SN B S5 2R ) e il b8BT . A/, SSD M EfficientDet
TERAMCR ERIRIIAEE, X ATREE BT B A TFERFIESR IR H AR 52 7 77 T [ 58 I FE X 55 o

I I TSI A BE T, ASEIGAE T YOLO v5 BEALAE H bRk AT 45 R gt .

3.2.3 JHRhSLE

N T IAEA S Bt YOLO vs 5iE 5 FIHERATE AR, IR R0 SR R s, A SCAE [ )
B LA T E R s, WA MO S ) YOLO v5-BiFPN-Transformer-CBAM SHFERHRE R, &5 Uk
AR 25 AR Y P E Rt bs,  THRLSEES 45 Wk 4 PR .

& 4. FEIBHFEMETERERTEL

Tabled4. Performance comparison of different object detection models

iRt mAP@0.5 mAP@0.50.95 HERI R EYEES
YOLOv5s-CBAM-BIFPN-Transformer 0.527 0.331 0.768 0.593
YOLOvV5s-CBAM-BIFPN 0.482 0.275 0.554 0.542
YOLOv5s-CBAM 0.446 0.255 0.546 0.505
YOLOvVS5s-Transformer 0.481 0.273 0.575 0.561
YOLOVvS5s-Transformer-Bifpn 0.471 0.278 0.594 0.545
YOLOV5s-BiFPN 0.458 0.254 0.55 0.515
YOLOvVS5s-Transformer-CBAM 0.491 0.283 0.634 0503

SEIG S5 BLRE, 3@idE 4 5] A\ BiFPN. Transformer A1 CBAM 2845, #i7[) mAP@0.5 M &4
(1) 0.446 ZEAHRTLE 0.527, $ETHIEEEIAS] T RE M) 18.2%. RN, 7E5H ™ H#H mAP@0.5:0.95 485
b B R — U E R IR TS . MERRER ARV 2R R THIR R EARARXT BN, (EATIIR A3 AR
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1% TRER H S 52 M

T4 6.6%41 8.8%.

RN TR LEFE T B2, FRATAT DUK I, AR 51 N HR AR M e A T AR AR AR 520
BiFPN i#id 2 REERHERL G52 7B AN [ER /N BARIIASIIEE 77; Transformer 5 AU 58 1 45
B H bR bR SCE B RHAERE S T CBAM {4 = /IR H A0 N A A3 B 1Y B B8 i 2R A T H AR X 45,
M B i 7 Rl R AR e . IX SO A LA & SR RIHES) T RE S iPE e fabs BT, &=
GYIRAIE T AR S S S A R

4 i

ACERE T — MO YOLOVS B9, R T IRU4 S 1. % BERE T Transformer
R BiFPN W) FFAE 4 735 W 2% [ CBAM Y1 b, ATAE R ARE BE . Roe AT iz A E |
BRI, REXREHE MR A FTEAS . RS HGREG o 3X A8 b I SR dar 3R £ 1 — N BE i &%
NATSERIMR R TT 2. AR, WPRFBWMAAITE, a8z, RE TSN RESRL U B
PRENFAR . [FIN, BANTNFHRML R, wgt— St AE R A e . IR AN B ke
Bedl, ICRENAL R YRR BEER (R o AR, HESHTRPT VE4E MRS 4L B B, BAORA RS
() 1 RO 2 4238 T o

25 L FTIR, ASSCRIE AR AR st R B TR SR AT B S TR L ) SO RV Dy SE R N FH
B DI EARSCRE, A BT B AT 22 4 FIAE E KR
SR
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