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Abstract

In order to maintain the reliability, safety, and sustainability of power transmission, defect detection
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of insulators has become an important task in power inspection. Therefore, this article proposes an
improved model P-YOLOv8 for insulator defect detection. By integrating the Slim-neck module and
the Convolutional Block Attention Module (CBAM) attention mechanism module, the model’s fea-
ture extraction ability for small target objects has been significantly improved, thus better adapting
to the characteristics of insulator defect datasets. The introduction of the CBAM attention mecha-
nism module enables neural networks to focus more on capturing insulator defect information; The
Slim-neck module is a neural network structure used for object detection. The modules in the Slim-
neck module first use lightweight convolution GSConv, which enhances the recognition of key fea-
tures, and uses depth wise separable convolution to reduce the computational cost of the model.
Through comparative analysis of YOLOv5 and YOLOv8 models, we have decided to adopt the im-
proved P-YOLOv8 model as the preferred model for predicting insulator defects. P-YOLOv8 achieved
accuracy, recall, and mAP kp of 97.2%, 98.4%, and 99.3%, respectively, significantly improving
compared to YOLOVS5. In addition, P-YOLOv8 performs excellently in light intensity environments,
with accuracy, recall, and mAP kp of 92.17%, 90.2%, and 97.6%, respectively, which is an improve-
ment compared to YOLOvS. These data fully demonstrate that the improved P-YOLOv8 model not
only maintains a high level of network model accuracy, but also has strong robustness to complex
environmental factors such as light lines. Therefore, it can effectively cope with the task of predict-
ing insulator defects in complex environments, providing strong technical support for the safety
monitoring of insulators.
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I A e i P 8 % P S R AN I 2 T DA S R U X S H 2 K, B DR R ) e AR e s AT AR S
RRHE. FHMM eSS ERBIERR T BB AEITHER, HEEEATINW. 4% 1, /FENfE
LRI AL OE 2 —, R & PRI A, X R 4 )RR SRR R I AT R T IR Bk A R
AR B, RSP AR A T 0 TARRE, AT A R B KA, HE A R L T
o R[]

PR E RS B IBEFeh, 545 AR H FasterRCNN Il U-Net 45 (17772, Faster RCNN FH T & fir 3¢
YT R, U-Net 0 AN E /N UG R R AT HERR 22 8, 45 R, 1AL 48 27 1)
V2545 Z (Average Precision, AP) A 92.1%, 1R 7l 46 2% - 1R W5 (1)~ 25065 BE (AP) S 91.9%. T H Hi i 4 2
T AR AT IR B P 2 7 rE A, BRI 58 S5 B 7 T SRR T e & 7 [2] . 9055 AR
ARSI ER A L8 25T B, A77E HARFRAEA B, /N AR A ISR 22, T 125 7] Ak e G )kt J2 AREORS 32 1) 1)
A, PR Rl YOLOVS 4 il ik . B, Bxd BARRHIEAR BT, 4 ConvNeXt %451 H
F| YOLOVS FFMgHr, DUINGa M RFESEEEE 715 285, BP0 B B0/ BARKHE, 75 ETFM a3l
NASBRIE R SIHLE, Bt /N HAR BRI B2, SEat g FaR i ool fo BB /E 48 2 TR fE B00E 45 IDID |k
SRR FE S (EIA R 93.84% [3]. EEANA T —FHi ISR L T BRRESI AR 7% SR et 4 i 7
AAEIAR LED J6UR, FI N2 7 BRI S 30 1 5, Gl SR IGE 1 22 70 ST RO8E, figuk 11
B SIS IR R OV B R I8, I8 P 2R SRR ) AL 3 2R 88 AT SR BA A I 4 25, TaiR T
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BEEE AT TR 1R 52 A P DA B S50 B 1) 22 B 36 1 1) 3 DA Y Sl A R ) PR i o AR s i &8 SRR B, Al
T3 IR IS B2 2 2 mm HAS I B R4 Bl 10 S, REfEAG R SEI B R 26 2% 1 R BE RS I 5 R 5, i
S b AN B Bl A 7 1 75 BE[4] o 25 55 N R8RS BHG rb 268 2 - S o RUBE AN — 3 F s 80 R A 1 1) R
P T — R T 2 R BN SUBEI ST ERBEA R I 2%, FROg T SCRREER AR I 2, 1% 2 R
ResNeSt101 2244 i 7 %F UG I RFIE SR ENEE /7o Bt T G R AE & 238 450, WA R MR M E 18
SCRFAE R, DASE G MR AN (R ROBE (0 H bR o [RJEE, 75 19 45 PR RS0 B0 v 386 m e 52 BF 0 A SR 5 2 R
FE LR SUE R, AR RE B0 TR AE o5 R 28 X AN (5] R BE B AR A IR o 72 BE AL AR I R AR AR
B8 TN FRERSE P SR DURS B 43 A 2 91.7% 5% 91.0%. 45 B 2 P H ARl e 6 00 1940 4% i % 3ok A
I )RR 246 2% A R P i AT Y U 5 2 O [B] o FEVE BEAR IR E 5 B LB b, H% NEH6T YOLOv4
FFMEER, SHES, NHTHLTHRERN A JC k2 SRR AR, R — R
YOLOV4 il . 5] N GhostNet {F AFFAESE IR 4%, LRAERFAESEELAE 770 [F] I Rk > B3 25,
PRI . R, A K-means++R 5500 & B VTGAHHE R SE, UG B4 T8 fa R, 12T
BRI ENEE . Bda, EAC SO AR R B it B 51\ Quality Focal Loss Bgithdii ok ki #, it — D2 4
R IPERE . SEIRZE R EN], Hudk)S R EAL YOLOVA 55 #5 YOLOVA AL, MR K /N R 45 2 5k (1)
62.47%, TEFPMIZFSET; | 68.83%, ZAZk-HR AR HERI IR T 1.07%, 1 5 25 5 A I 3 52 1) 1) Bf
PRUE T SRR MRS FE[6]. SR AN T RGN, 58 r 428 2 e 2 B P A 46 251 H 10 A BB, 3R —
Tt BALAG I 77 7E MDD-YOLOV3. 155K YOLOV3 T 4% 5% 22 B e v (5 308 35 AR B e VR vl 20 5
B, Wit T4 D-Darknet53, 75 R4S R MNRE BEGL PR BT BL T, KRBT 48 IR IR B o 47 L5 50
F W], MDD-YOLOV3 X 4 2 1 [k MIUAS A ik 51 96.1%, A&l ik %) 36 Mi/s, HIEL YOLOV3, il
B R 2 AR T T 4.0%F1 28.6% . HF 75 45 SRAIE A BT 7532 PT LATE 52 2% 5 5 T i HRS it i 51 Fi s
PR [T]

N T AELRUEAS BE R RTHE T BRI EE T A 2 T S fsr il , AR SCH 1 — b St 1 408 2% 1 5k
BRI AR P-YOLOVS, ZAR A I R B n] 4y B 5 BU £ M #AT T iRk, ERFAESREUT X
BEHHEAT T o5, SR AR ST SR A A 48 2% 7 S PSR SR B SE Il 205, SRIRE BN, ARSCHTR )
BT e O T B SR BEA DURG B, PR AT, TT DAty Ha 4 % 445 % - R P S B A R A S 2%
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Figure 1. YOLOVS architecture
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2.2.1. MHE P-YOLOVS % F4M 75 3%

YOLOV8 MJE IR T 2 5 T AR il i) S B s SOIIASE AR, RS ) S B n B 5 268 % - S S Sl ol
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Figure 2. Improved P-YOLO v8model
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Table 1. Experimental environment
= 1. LWIFE

fic & ZH

CPU Intel Xeon E5-2620
M A7/GB 16G

GPU GeForce RTX 3080 Ti
BA7IGB 11G
WIZRIEE CUDA11.1 CUDNN 11.1
BIERSG Windows 10.0
TR Python 3.8.11 Pytorch 1.11

3.2. ¥ iEHR
N T ECIBAN [R) P A A WU A 2R A o 246 2% - SR B3 U ARG DR T8 AR SCEAT T % B Sy, sk b S 6 SR FH A 2
(Precision P). =12 (Recall R)\ ¥4 FE(MAP)XT &MY 14 RE b AT X E o HERf 28 (Precision P). H =] 2
(Recall RYFISF- 178 B2 (mAP) I THE A =X (2) . A (3). () Fr.
TP

Precision = ———— )
TP+ FP
Recall = (3)
TP+ FN
mAP:iZ AP(q) (4)
Q qeQ

33 BRBERSSH

3.3.1. FREMREURILER*TEL

TEY8 257 kB B AR S TN A5, BAT R T YOLOVS. YOLOV8 BAR 4 id ikt P-
YOLOV8 BRHAT T 528, 14 2 fom, @it 40Eons ik sess B, wTASEMiE 1, S P-YOLOVS
FERTE R M B b 2O T HAL A WA 8 . FART S, ook 51 P-YOLOVS BRI T 97.2%!1)
FEHAIE(P) 98.4%I1) 4 [H] 2 (R) LA K ik 99.3% 1 Tk i K ¥ (mAP-kp). 5 YOLOVS Lk, it/ i)
BEAUTE mAP-kp L3 T 6.3 ANE 40 al, AEWRESE S T 4.3 N EAF AL T E IR 2 KRR T T 133 4N
Iy e X — RVISLIS KR A SIHIIER], /£ YOLOV8 B2 5Lt B34 1 Slim-Neck #Et 5 CBAM V& J#l
i, ST R BE IR B 5 e AR B RO, IIMTERE 1 AR SCAITH H 1 ek 7y v i A ok

Table 2. Insulator defect detection results of different models

2. TRIEBH MBS T RGNS R

R P/% R/% mAp-kp/%
YOLOV5 94.5% 93.2% 96.6%
YOLOVS 92.9% 85.7% 93.0%

P-YOLOV8 97.2% 98.4% 99.3%

YOLOV5. YOLOV8 5 5 () P-YOLOV8 1E 44 %% -l e R 5 AT 5% b iy 485 Bt et 1€ 5 s
I ELE 5(a), ATAT LIS H LR S518, 7€ YOLOVS 452 1B TN ol ; Bl 5(b)al %0, 7 YOLOVS
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Figure 5. Comparison of recognition and prediction graphs for different network models
& 5. TRIMERIR 7] S TN E xS

3.3.2. FEIFHRSEE T L FHBEIR A4 x5 b

EAFDCIR R, BTGB A ZER . AT ISR R TERE, A LR
T LR BRI LR RS I G 6T YOLOVS K tiidt J5 1) P-YOLOV8 BN HEAT T 36 3E . anfsl 6 FioR, it W
2214 6(a)F11E 6(b), FATATLABIIAE tH, fEJCERBORMI %M T, L2 YOLOVS if & iuidt J5 i) P-YOLOVS
PR, FREEMEAE B bR A 4 2% OB .

] 6(c)FIEE] 6(d)XTLEnT LB A H, 7ECIRREE R GG EE T, YOLOVS AL X 42 1Bk
MRS RA R AN . X EERRN, Eeimbi &M, L% Pkl Bl mmimeE, X
ANFE T T AR BRI U . AHEEZ R, SS9 P-YOLOV8 58 B 7E ' HE 5 A i 1 175 15
NABELRFFRCAT AT IR RS, RERE ORI R A T I E G . BE A NS 2, Sk S ) P-YOLOVS 15
RTETR A HERf v DRI TR IR 3. X —g5 R, FRATH Sl A OWsR T B L R
FEE OIS S5 AT BB R S R FE
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Figure 6. Comparison of predictions for identifying insulator defects under different
light conditions

6. NEIVEERGEME TR B! fa LT BRPE TS EL

3 3 VEGNA T PR ——2 5 1) P-YOLOVS 5 YOLOVS, TER[FEIR A 1E T 0462 7k ik
T B AR EE R, @i xt b, Fef1mr DUR BN 5 /9 P-YOLOVS 72K i (P) It YOLOVS-Pose #2151 1.4
ANED A, ERRIER) LRI T 5.8 NE A, RN TR R (mAP-kp) BB SEZEL T 3.7 NE
MK XS MR B, S P-YOLOV8 KT ZE AN [F) % SR R B TR S4B L (0 5 B 4 T B
B H AR IR0 5 OG5 U TIONAT 55, I B HBARMER 2 225 T YOLOVS #EAY . iX— R Rt — D IRiiE 1 ik
(it P-YOLOV8 J5 ik A M RIS R AN ) o R 5 2% 1R R R B

Table 3. Identification results of insulator defects under different light conditions

= 3. FRILREE TS FHRIEIRAIER

Y PI% R/% mMAP-kp/%
YOLO v8 90.7% 84.4% 93.9%
ik P-YOLO v8 92.1% 90.2% 97.6%

3.3.3. B P-YOLOVS Bysimhist 6
NIRRT CBAM VERE JIHLEIFN Slim-neck AHL0T YOLOV8-Pose 45 41 1H Ak v 52 (1) B AR 52, K
NI I 52t 7 — AR5 R, HEE BRI AT % 4. Ll YOLOVS 1E NFEUEREAY, RATE emsI N T
CBAM = ML 3X — e BN A AL (P 3RS i 26 35 (E (MAP-kp)$& T+ T 0.7 ANE 40 i, KB (P) 1R =
T 03N HEA A, ABER)UIEN T 1.4 4NE75 M. BEE, FRATHEBEIN T Slim-neck ik, R 1)
MAP-kp &7+ 17 26 NE A, PIEE T LOANES A, MR ERLEEMK T 5.7 ME D A
BB, SIRATE CBAM 11 /1HLHI 5 Slim-neck A3 [ i #2431 YOLO v8-Pose #74 dfif,
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BRI PEREAS 2 T RIESEF: mAP-kp 185 7 6.3 NE AL, PIEFA T 43 ANE AL, RIWSEIL T 127 A
B MR, X — RKRIVEIRAMCE I HGE T CBAM 73 & JIHLHI AT Slim-neck BLERL % [ X6 451 84 14:
RESRTHARIRAE F, 3k — DI T K 35 25 6 B FH T YOLOv8-Pose #5171 Hh g 50325 S0k SR s A2 A A 280
1o X —RINTRATHIE TR AL T IR SER SRR, FFHR I T AR AR AL J7 1A

Table 4. Ablation test results
= 4. HRIAIRER

it P/% R/% mAP-kp/%
YOLOVS 92.9% 85.7% 93.0%
+CBAM 93.2% 87.1% 93.7%
+Slim-neck 93.9% 91.4% 95.6%
+Slim-neck+CBAM 97.2% 98.4% 99.3%

4, gig

(1) 5 HARRI T, A6 FH ot P-YOLOV8 ik 58 B4 % R B T, S 00T 26 2% SRk M [12] o

(2) @i/ YOLOVS M2 42k N CBAM 71 & /I LA Slim-neck A58, FRATGUFMEHIRH T —
FSCRERR ) P-YOLOV8 #5584, L1 T T 452 T BhBEA R TN . IX — ook i 3558 7 P-YOLOV8 M5 A% 44 2%
T-ERPAREAE 0 = AR RE 770 REREAT 5 1R 1) 246 2% 7R P 1) DG i [13] 0 &0 — RAIRIRXT L, FRATTR I
YOLOV5, YOLOV8 5iiltJ5 ) P-YOLOVS fEtEfE LA E R E 2R . BRIME, Sud/EH) P-YOLOVS 7£
FEHIE(P). B HIZE(R) LA Lk i R 2 (MAP-kp) b2 5B 3] T 97.2%. 98.4%7F1 99.3%, iX— X HH]
AT Ad AP A AL

(3) FRATERNIRTL T AR M6 B2 25 AR A AR % B (1) ELAR RE A o X b S0 117 S5 RO AR AE D R A BT T ) 468
GERBETONG DL, EER(AR, BR)FmTEIL R Py Ry mAP-kp 43508 92.1%. 90.2%. 97.6%, X
i P-YOLOVS W& et BE 4T, X4k T ohBEIRITTE > . X 4a 2k 7B OGRS A I SE HERfR[14], B9 N
HL X F) A SR A 28, SR PRSI
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