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Insulator defect detection method based on improved YOLOVS

Yang Qian' Xiong Wei'?  Meng Shengzhe!  Huang Yugian'
(1. College of Electrical and Electronic Engineering, Hubei University of Technology, Wuhan 430068, China;

2. Department of Computer Science and Engineering, University of South Carolina, Columbia 29201, America)

Abstract: Accurately detecting insulator defects is one of the main tasks of power grid maintenance. In response to the
problems of low recognition accuracy of current insulator defect detection algorithms and large models that are difficult
to deploy to mobile devices such as drones, a method based on YOLOvVS8 is proposed to improve the detection accuracy
and lightweight the model. This method uses the feature fusion mode in a bi directional feature pyramid network
BiFPN to fully fuse multi-scale features, and then integrates a deformable attention mechanism DAttention into the
original algorithm to extract features with lower complexity. In addition, it introduces a fusion of average pooling and
maximum pooling coordinate attention DAF-CA to enhance key information, and finally uses the minimum point
distance based Intersection over Union MPDIoU as the loss function to improve the training effect of bounding box
regression, thereby improving the accuracy of the algorithm. Multiple comparative experiments were conducted on the
dataset, and the results showed that the proposed method achieved an average accuracy of about 91.0%. The model
had a floating point count of 7. 2 G and a parameter count of 2. 07 M, respectively, and all performance indicators were
superior to commonly used detection algorithms. This method can provide reference for intelligent inspection of power
grids.

Keywords: YOLOv8;BiFPN;DAttention; DAF-CA; MPDIoU

0 2| %S EUR R A P T R R RE R L A
P BB HL o b, 48 21 B I 03 PR ZS « Ab A

FLJD AN T el ) A R IR . — A AR R R NS A R TR B S A A L B DL HE R R
HLR e L A RO S 5 A T By R BR SR AE A MR SR el R 2 N T AG Oy 3 (E A2 o T B A A
32 B89 KA MR Gfr B R S 7 AR e b BRI 2 D TR R O B IR IR L 3 AF R BB A B R K R L 3B 1k

[}

Y B 99 :2024-12-03
* BT H . ERK AARR R4 (61571182,61601177) H % B 2 K45 (201808420418) 1L H AR 3 4 (2019CFB530) L 1t & B $T K
A5 (20192YYD020) 35 H % Bl

e 86 o



¥R FLR T YOLOVS %% FH e ke ml 7 ik

G

FHTC AT A , 38 3 R 27 >0 AT B LA 58 AR X 6
HLAAE 30 04 AR RIS T B AR A DU, TR 3 L 4 5% F B
R4 5 DA T 9 B 308G T N B3 AT A R 4 47 . X RO R AN
ACHE T R 5% 3y TNy R 2R KRG 45 SR 1) S
PNIE =T &

1% G2 14 IR b B 7 ¥ 385 G 72 13 8075 50T ABURRAE 42 RN
Vo] (1 3 ) 58 LT X 52 24 3 S5 B A0 R e P S L
2 R ALl B RS T SR R B AR A I Y D7 s 32T R R T 5K
REE HARB SRR, HARR IR L H AR BIA PR3
A OSBRI SR A ) A 4 Bk Al 1) 0 SRAE 3
bR . H BT H PRI A AR A L 2L 5 1 KA
PRI B« £ BB 3 DX I HE ARp A1E , 1 Xof AH 71X Sl AE 34 47 43 28
T, 4 DX 3k 3 FUR 28 ) 4% (region-based convolutional neural
networks, Faster R-CNN) 6 K5 5 AR %o 45 785 {H 4G
PR RN GG 58 2 IR T o B i Y — B B 1A Jr i,
S A8 AG I 33 5 (you only look once, YOLO) £ 51, A
B A X 5 PR L F A IR BE AR X AN B, AR T E YOLO
RGNV RNTAS (9 3525 . BTS2 o A (AR I B3 5 8 A AR
(you only look once v8, YOLOvS8) "™ 75 ¥ I ¥ B 1 3 J&F )7
T #R X T8 R KT

CHRL3J7E Faster R-CNN 883k (9 SE it b i 47 it Al
FH A M % SR B 4F M BE TR L 1Y BR 22 M 4K Cresidual
network50, ResNet50) ™ A 5 J5 4 L5 JL Ao 25’ 2% (visual
geometry group network, VGG) ™ HEAT B KA B . M7 2 7
ot % ¥R UG BE . AR DS B A T 2 L (E R I 2% S
5 A AR R R R R R L AR R

YOLO Z 51 ¥ 45 30 JLAF % Ji& A W 588 1 B A L
YOLOVS ] SCHR[6 T3 5E 1] P50 471 46 % 1 B H kB
R 7 9, 48 YOLOVS B9 3 THRAE SR BCM 48 5] A\ it
Ak 3 2 S L AR B Cconvolutional block attention module,
CBAND'™ % 42 o AT 5 A 1 500 o 75 52 4 BE A2 185 5 7 A
Fl A By B FH 0t 1 25 [7] 42 7 35 1t AL 45 48 (spatial pyramid
pooling feature, SPPF)™ , {H J&: 3% A R 47 b A FH W 25 5 B
AT I 45 T EB 3 TG A5 B R T — A B 5 T S B R
PR %% (complete intersection over union, CloU) M s ff B
PR 432 B DG A AR TR R S BT B AR RO

FET UL B0 4 2% 1 Bl s G 0 3k — 2 3 s AE A 1 1]
U, R T 43 XA AR E AT SR A S L, T 12 S ARG 0 R
SR 5T RS, S O R e g LA RS R T Y
P L8 A AY | A SR ) — Bl 3k F BDDM-YOLOvS R#AE fil 5
A 260 % T Bk B AT 5 % L 1207 R AE YOLOVS Bk i B iily |
5IANT £ R E Rl & W 2 (bi-directional feature pyramid
network, BIFPN) "' i (g REAE il 4450 B A B R A
N 2 REEFRE IR A & RS2 h
FHERE 32 Bk T R RS 4R AR e S T M4 1Y 5
PHA~ C2F BL 5 5] A ¥ & J1 WL (deformable attention,
DAttention) """, J&HERAE S AE 2 LAY 7 A 75 52 2% JiE 450

%, A 51 A TE = 1B Bk (distinetive and average features-
coordinate attention, DAF-CA)™ , Z% 34 (5 B B 15
B AT R 8 S B 45 8 LA 4 B ME B 1) R ALE » B8 o0 /s
S5 MR 6 2R PR (minimum point distance based intersection
over union, MPDIoU) ™ V5 Sy 7 ) 451 2k i b, e 3% 320 SR AEE [l
U A IR BOR 48 o5 199 45 1) Wi S0 33 32 0 [l A A B . A S
R SRR T LA G R ) RUBE AR AE 1R B AT R B A2 B LA S
TR R R AE SR B, 3 — 0 B A A A ARG R B X A R
TEHEAT R b B2 A 8K B AR S B0 DL B 59 5 R 5 L R R R
T /2 I AL R 48 2K, L B APLIKA AT 55 B #r .

1 YOLOvS [FIE R A 224

YOLOV8 47 5 A, YOLOv8n 3 i [ 45 78 {1 I 52
v R A 32 [ I 0 R e PR, S A AR R AR Sk
£ YOLOvSn # 7 g Je e iR R A A Z . ET ™
2 UK I 4 R D 2

YOLOvS #8 { % A JZ H Mosaic BRI 58 | 11 38 1 4
HE S+ 550 1 8 07 I 45 i P 0 2H . Mosaic 145 1 3506
A B GI T T I 2R B i 2 e, B IS
NS HETH SR ISR B0 | 4% 335 & H Ar i 0 1 58 AE /NN L
B, A IE R R AR A TR B RS A 2l R ) 4
AR AN

FT M %M B R E — 304 A B Cconv batch
normalization Sil.U, CBS) . ¥ B B & 3 ® 4% (cross stage
partial network, C2F) 55 [0] 4 7 35 jth Ak @l & W 4% (spatial
pyramid pooling fusion, SPPF) £ fE He 41 il , CBS #%% b &
YOLOvS " (3 22 F¢ AE 48 BB e, it 17 — 4k 5 A
Sigmoid | T4 58I (sigmoid linear unit, SILU) 54 #
VIAT 35 b 4 MBI RRAIE . C2F A T i — 20 48 HURRAIE 9F:
B R 2% 1) A2 B . SPPF B 2 — Fh 23 [R] 4 5 15 AL s
B, v AEEAR TR R B b4 URRAE .

S R 2% K% AR 4 B W 4% (feature pyramid
network, FPN) Hl }% & R & M 4 (path aggregation
network , PAN) . FFAIE 4 5% ) 45 1] T Wil & A [6] J2 0K 119 ¢
IR R UBFEA R R EE BT B ARl B3R A M 4%
Tt — 208 G R RS B o 32 = A0 1 e e R e

i £ J2 AT D A Sk A L 4 2 RORS T 7 A4 55 00
TFo MRSk S5 R AT LUAR AT Y RGN AT i R M [ B
Wb TR, Gl R W] DR B B bR A E R
FHMEE . YOLOvSn W45 1 £ A5 WA 1 R,

2 H#HEH YOLOVS &%

AR A G R DU R 2% /2 R, 7R
YOLOvS iy 3Emt 5] A T BiFPN W 4% o il 45 1E fil &
B N AR R R b A 28 R AR R LA A
RIGTEE T MM 4 A C2F BiH 5 51 A TE 22 1 0L
DAttention , 7E $2 U BLRFAE AY [] i 95 20 31 B oL b AR 51 A

o« 87



5 48 & v F ol

T # K

[ CBS |
C%f
Conv
Cor— g o L O
| CBS ‘Upsample | CBS
C%f
| l
SPPF
Qlf {): Cony i
Conv
Backbone Neck Head
B 1 YOLOvSn Bk FEEHy

Fig. 1 The main structure of YOLOv8n algorithm
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Table 3 ' YOLOVS improve model ablation experiment
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Table 4 Comparative experiment of different object detection algorithms
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