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Abstract: Aiming at the problem that the existing insulator detection algorithm cannot detect insulators and their defects in an oriented
manner, an aerial insulator identification and defect detection method improved by YOLOvS algorithm is proposed. By orienting the aerial
insulator pictures, the aerial insulator dataset and defective insulator dataset are formed. The lightweight attention mechanism module is
introduced in the backbone feature extraction network of YOLOvS, and the improved spatial pyramid pooling structure is used in the
feature fusion stage. By improving the head structure of the YOLOVS network, the network can perform directional identification of
insulators and add angular loss classification to the loss function. The experimental results show that under the premise that the detection
time does not increase significantly from 0. 044 s to 0. 049 s per sheet, the value of mAP (mean average precision) on the test set of the
improved algorithm is 95.00% , which realizes directional identification of insulators and their leakage cap defects, and can also be
applied to insulator video stream detection. This provides a good basis for the subsequent precise positioning of insulators and further
fault detection.

Keywords : insulator; targeted identification; attention mechanisms; YOLOvS

Weks H 1. 2022-12-04 Received Date: 2022-12-04
# JEATH  HIRAEE Tl 32 35 B (2022CYZC-38) 5 ) H R4 1 2 "I RHET H (522722220013) L HR A H R 54 (21JR7TRA282) i H
i)



5 3

S ) PRI AT 48 2% 1 M HC R B A I D PA W5 - 241 -

0 35l

il

o % T4 Ry i T P OO 6% v B R A A 1 R R
s LR R E R ER, T A% T R
DA RO H S i (4 03T AR U i Ay 4 o vy 24 4 i T+ T
AR R LEAA TR IR TR 0 B AL R
W 4538 A1 45 T, ELRG 25 A e T SR GE B A F A ok
AR ZZ 3 B R i A blas F B AR PR s b, (ELRLK B g
KL ARE & L T BE & L AR AR R T AL i A
B iE FHAE VD ROBE I A5 AR N B 48 2% T A Bl
OYAR T X Se b ANEE N A7 HE DL 58 R 4 2T (AR
L E A — AP AT TR N B A A M B 4 2 1 23 0o 3K
KN R A A e R AR AR K . T 4% TR EE7E
FUARIASEE vf | R A2 31 A0 3 1 2 A= T W Sl 0 4 i
LR AT AE S ol T B B AR I, B X LR
R RARACE N 1348 T A — A~ (i
HL AR P A I 5T ] 3L

I 255 25 AR 26 TN 445 14+ BRI 2 2T A TR A g 24
THAEALSE ST 2 T 7840 & . R MG 8 R 45
PE1 e FIARAT A XeF 245 2% 7~ 1A T RG24 YL 310 R Bt o A5 00 g
KA, R — A, HOETH 738 47 57 3k T
AN Z2 3 G ANALRN [ 72 30 AMLAGRCRS > G i
o N T AL Al TR 2 ST ) B AR R
SIBEAR 1A AT LIAT 85 DA% 5t B ARk i v | an X sk
TEBE FRAESRIBORN 25 Fh oy B AEAE I B e 22 I [A] & 44
JE T R PR RIS — RS ), H AT, R TR
SR RE R Ty ol R S S S | S R
Fofr, e = 3 E RS T Bk A OG T4 ¥ TR 28 45 2 T A AE
FIITIRTRTT . B BRI B 43 T I BE ) 465 5 B i B Y
% W BE M 4% L Fast R-CNN"' Faster R-CNN'*'  Mask
R-CNNUU AR, Tao 2515 i it —Fh 3T Faster R-
CNN AYZRBRZE R | Seiliad ILN (insulator localizer network )
W £ AR HE e 1 | AR XU R 44 2 T Y R AT R
B PR A 20 A /N 95 B 48 2% 1 8] R 38 3 DDN ( defect
detector network ) FEATHFE IR . AT AT LLXT 4 2% 1
TEA TR 48 ve P U DL VP 9 3 X 46 AN i 1] FF A AR
K, N2 IS Ah b, 7 st 1) B D T Gk L ) R4
ST R AR, BRDR AT 3 1o o R 28 0 4% ) 4
G TR R TR, 25 A 40 2 T 50 SRR 00 A T I 3
PERG I DA B4 2% F (91U, 1207 1 A 03 o 2] i Y
YR FIREAEFERS R TR B ARG IRl A, ph b mT O R 5 B ) 4%
PRSI 5 10 LA AR i 2 B, LIS ) FF 4 K 1% P i B
MU BOCAE Y 1B R S A sl S FR sk,
B B R 4% A YOLO ( you only look once, YOLO) EIN|
2 4 YOLO™ . YOLOv2"' | YOLOv3'™' | YOLOv4!" |

YOLOvS g F2ARF, XIF7HE4% 5@ e YOLOv4 [
2RI A3 (] RS S5 R0 I TR BE | R0 28 185 52 IR 5 | AAL
FALIIE AR eh i) SRR AR B, w] LUBh Al Y U0
Y25 F o, HIZ TR B TR G0 B 7K R HE U0 46 2% - 1%
AZ BN 2+ 5 7 TCE R KO 838 KRR 2 3]
GBHEFA RN T, MBS FH YOLOVS M % i
T B2 AL Y T 2Ot H 2 B Sl I A T A L DR B T
YOLOvVS [ (st kar i e 7 15 A 25 i il ) 14 1
Ff ORI R A 200, A FH B B B P 2 1) 4 2 1 ]
DAPR B AR A I A PE R R B T — & . i
FY S H AR TE 9 2 25 A 0 ke A 5 YA 5 D S B
I A4 2 - [ TR BDK - RS W 4 2% 1
SECU B B P KPR HE 25HE 5 48 21 19 [) I o3
O3 S AR BAERTE N, O 0 I L B R rh i e 2
HWRAE R B, 1T H e AP RE R I 4 2%, &7
SR AR A S, HN 1 I 2 A X B RS RIS Bl
M),

I B XTI P R JBE 2 2] R AR A 2 2% - i AT 48
x5 U R B 57 G 3 — Iz ] 3 55 v i A7 A 14 (7]
R, AN T ANV G PR FH KT R R A S 4 2 - B
Y 251 e NLANER AN T 5 S B BRI 2R A9 T ik
SHRE BTG N5 2 ARG 0 8] | 5 A7 B X 266 5 1 S LR A it
ATIE N PR, P& —FhEE T YOLOVS JF45 Gt il
Tl 5 T 4 2% 1R 9 28, AR SCI BB 5 STk an R 2 1)
BEXHITAR A 2% ] v o 40 K - 2225 1 4 2% - [n)
X YOLOvS P4 A7 el o 7R S i I AE
FAVE 2SR IS 1Y YOLOVS 4% Al LU 1] 8 591 46 %
o 2) TERAESR I Be o | A i A T B 0 PLkI B 7
PRER YOLOvS il 8 55 14 BE 1 Hir 52 5 1 o FURRIE 42 B R
77, AR S B T RS S BE TR R, 3) TEARAE LA
R elca 5 09 2 8] 4 35 i AR S5 4 | i A B9 e Ak
R KRB RORE  4) B )54 YOLOVS W25
A F T2, B G-1oU( generalized intersection over
union ) #24 C-loU ( complete intersection over union) , % &

TR 1K T H A 2 BRI TR RE S 4
1 YOLOvS MZ&Zet

YOLOVS 1 Gt VR B 2% 2J H A 6 I G5 45k 7] 77 5 56
B SRR LA DR R ) G U RG E A ge | AT ) RS
AT A5 P A, HL A M T kR ) R 41551 YOLOV4,
FEALHE 4 5 BRI AR (Inpuat) 5 F T HREAEFEEL
%% ( Backbone ) ; 5 fiE fill & A55 H ( Neck ) 5 F i « 3k 35 ”
(Head) , HASHE 1 Fi7R

&G4 AREHE (Input) : YOLOVS % AR B 857
F Mosaic dlsam 75 i, 7 U1 25 Bext i A $dls BEAT 4



©242 - S 1[I I IV = 3

8375

B
| cm—
2] Focus

640x640x3

: .

Input Backbone

76x76x225

38x38x225

19>x19%225

tComa&

Neck Head

Bl 1 YOLOvS HEAL[E
Fig. 1 The framework of YOLOvVS

sk Il R St A A A B L A K gk ] B AL
Tilest e Asde AR LA R8T ot . Zrik sk
B 78 T YA i B ) I A 35 5 10 Bt L E N 25
HH AR EL A TR A R P, AN AR A AE DI 2R B
BOW R AR M SE B0 HESEAT T R ISR B, L1 FUI A (4 /)N
TN G SRR AR N I TR 2

F AR 2 B 2% ( Backbone ) : A8 F YOLOv4,
YOLOVS 78 £ THFF HE BRI 45 Fh B4 T Focus R, 1%
BEHORE AR I R 64T U0 R, SR 5 PR U0 7 75 30 1 2L & D
TR MG A B /INE R 04T 8 3 2 1 A P, (IR A A s
{5 & E A E . A YOLOVS i = T M 48 4k K T
YOLOv4, % VL CBL #8B% Conv , BatchNorm .Leaky relu
AR AR A BRI CSP1_X AR B B 3 5% 22 37 3 JE AR Y
B R R AT AL AL,

FHIER A5 (Neck ) : YOLOVS fi4 Neck i Jij SPPH'
A FPN +PANY (40 4 0 B S FOA [l RUBE 1) SRR AIE &
PR A 8 AR IEAS [R) R A4 i A R L 42 8 [ 58
FKNPRHAE ) S 1, PR SR LR RUBE (AR
TEF B BRI B 0 23 Tl (5 5, LR R SRR LR /N RUBE
B R PR AR L A8 SRR B B 415 R AE . 5 YOLOv4
AFEABYHR, YOLOVS {17 CSP2_X #iHeBE X} CBL 4k
B Z U Af AR R B — 1Y CBL Bde . X — 344G &%y fin
BT ML BRI B T R0 4% (R AE SR EURE 77, R U 42
BT BB SE ARG BRI, 55 KRR B R A4S
TERA R, CSP1_X 5 CSP2_X #4485 44 [ i &) 2
Ji7m

T« Sk (Head ) : YOLOVS AH# T YOLOv4, i Jf
GloU fER3EIf L (ToU) HYARER , g bk 1 T HEAS 1 45 it
T PREICAS RT3 19 P) R0, 92 A0 T A feE D ToU R )1 2548 72
M LSS JRIBR

K2 CSPI_X 5 CSP2_X 4hith &
Fig.2 The framework of CSP1_X and CSP2_X

2 BHEHY YOLOvS Za2%FiR 5 A ELak e 4
FiE

AR B R LT CBAM 1 75 7 WL AL 1 AE 1
YOLOV5 4 2%~ 1H 0 M LB A A E SR an 8] 3 B
2.1 EXNERHENAERER

YOLOvS HBEXF 44 4 147 7K 705 1m) (9 38 531, 76 i
FOREE T PR K7 a1 4 s ol FUNAE P A A4 B TR
B RS ASCHUHERY YOLOVS [I48 ] LAXS HE K -7
Tl AR EA T ] TR 285 26 2% 7 SRS B LA R
A A (AR HE T UAR G o HOAE 7 AR SO R i 4
CLS( circular smooth label ) 75 ¥ #1431 1 X %o 4% 4E
B R BEA T X, A2 I R AU A7 A — > [l . £
FEOTEOe[-90°,90°] L2k, (HAEXT 0 45 1nl I [n] B s
TCH G AR 8, AR 4 FR . SERMEEHE « 5
JERIEIEHE y 57KF-J5 1 I /1 43 3 ok 90° - 89° , #E Ak [n]
ATl PR HE 22 B 1790, T S BRI , y HE 52 I
EITESRE 1°00TT 5 & ME S A, X 3K B 5 3 SRR 95 1)
R SCHERRRT A B AR BN S R BT B BRK B AE 1Y



55 1

SE [ PRI 28 2% 1 S Lt R I 5 vk 7 - 243 -

CSP1_1  CSP1_3

CSPI1_3

- E
CSP2_1 CBL )J

CSP2_1

-"‘ .
608x608%3

CBAM

CAM =

Input (:1\\ Jf \:\[. \l Refined

Conv
76x76x558

N7

CBL C

onv
38x38x558

CBL
Conv 1919558

3 B YOLOVS 254 1A
Fig. 3 Improved YOLOv5 network structure

BRI IR 5 i (9 e Ay 5 SR BHE 19 A BE AR 8L, A
1 180 7 Wb A — A FEARARR —Fh T REAY 175 B0 25 41
BRI A BE B BAAE R AT LORE B 4 1] U3 TR RS £
TR, ARG T PR T AT 55 I B0 A B i R
Y ] L

y
SLRIETGHE: x
BRI y
x~ -l
Vs =
\ \
| \
| \
\ \
\ Cefter | | 90°
Pojnt L/ -89° / x
| \ /
Height || \
\ \
\ \
\ Ay
Wi(i—th -

K4 R )
Fig.4 Boundary oscillation problem

2.2 ¥ YOLOVS HIRE [BIR B #1718 Ry 14 it

TN T R HE £ AR R BOHE AR A 4R AR Y
[ class, x _ TopLeft, y _ Topleft, x _ BottomRight, y _
BottomRight ] REZS AR IR S EHAHE B Z2 b A7 T PR s Al b e
— W E —AHHE 28 M [ class, x_center, y_center, height,
width, 6] BEZFR 5 FEHE T O fAR BRI AR 19 4 58 AN
1 EE— T E — D RHE . AR YOLOVS 15 AR 734 5
AT TR IH— AR S — AR R R OF B e T
DA A G s v B A2 A o T AT iy AR R 7 0 4
P AT AL PR SR 5 Y 5 98 padding 2 AR [R) 19 R BE
height = width , LR IEECE A5 25 H Y height 5 width 7E1%
A5 B TEA AR XTI OC R TR T, U0 BEHER 1 bR
IEHPR, U AR Mosaic 40 1 5 5 35 58 %k
Pastsm )y I HE T IR LR YOLOvS BUdpn &8 it 111y 5k,
NGRS AR, BT LA BN A 0 4k S I D AT B
PR BIAT . dom_perspective ({5 5 4 FEHE 5 ) (4T
e SR AR A e 2 n S H AR A AR A, AR i
HESHBEN O ff It R

HT TR 1R 1 £ R A B LA R X R ATE A i Al 70
28 VOV ZTEEAEFHTIN e 3587 8 V3SR Xk 7 194 3 3 DA ) )
AMEEREXT R A BE . JRLG YOLOVS A5 E T 1) 2 44
K h

[ (x_TopLeft,y_TopLeft ,x_BottomRight ,y_BottomRight ) +



- 244 - LSRR R e o

8375

confidence+num_class |

BEZe b AT P AR AR N AR B S B M iR 2 4L
TNIEL S FE7RASSCASIN T A BE 2 B8 I, 1l HE 7 2 F
IS BN . [ (x_center, y_center, height,, width ) +confidence
+num_class+num_angle ] =4+1+1+180= 186, &R & I
BE 3 P R/NA R R BEAE WS B IEECH 3x186 =558,

IIIIIII >4{X,Y)NJI
Y 1:confidence

19x19x558 v Liclass
] 180:anglc

2 38%38x558

76x76%558

Bl 5 Sk YOLOVS ki /R Bt
Fig.5 Improved YOLOvS “head” schematic

2.3 RMBREENTENVHER

CBAM ( convolutional block attention module ) [18] poe
T B R 2 N 2% B IURFE B 9 28 ) {5 B S A fE
B HE N 6 Fia, ASCK CBAM T & I HLH5IA
FTRHEFEHUN 2% ( BackBone ) 1, A 803G 5% T 47 1iE 2 HX
REJI. 35— 51 CBAM J2 % i Ak v 2 7 L 3 A
ST A TUT- 30 1 BSUA30 470 8 B[R] JF 4, PRAIE 1 190 2% 174 3 i
PEfE. HAIE 6 Fis,

CBAM =% Fl 4 Ry e R AR M1 4 Jmy - 247 1t A i o
Ak 5 2O 1 38 0 R AR 5 S ) R AR A T AT 3G 5
IE A ALEIH A= (1) BioR,

M, (F)= o (MLP (MaxPool ( ¥') ) +MLP ( AvgPool (F)) )=
o (W (Wo(Fy, )W (Wo(Fy,))) (1)
A M, SREFE R S HLE], F ONERE, o R sigmoid 3
I BREL, MLP NN IEl 6 s i 2 )2 BmbL, w, 5 w,
MLP Wy 2 AL, Fy 5 F, 4350 h i T AL
rh R 4 J d M R4 R P Ak S . A )T R TPl
HilH A A= (2) B,

\ =T
MaxPoolM\‘i--u -‘
f - -
AvgPool i CAM
CBL  Input

T

MaxPool
AvgPool SAM

SPPFS

Refinde

K6 CBAM Ei by i A HLi 4514 1&l

Fig. 6 Structure diagram of CBAM's lightweight attention mechanism

M(F) =o(f"7([MaxPool( F) ;AvgPool(F)])) =
o(f 7 (Fyi ki) (2)
Kdre M, RzsBEEEIINLHL, 77 BRI R 7x7
B RRERAE, Fy, B, 20000 D 2 ) T ML i 4
Jay B Rt AL AN 4 R E it AR S5 . ASCRHER I CBAM §%
AL AL TS U 2R BE R 2 pR BT Rl 4
YGRS (mAP) $8 bR IEAT T X B, X L E AN 7 TR,
AT LU A CBAM J5 I 25 B Loss HH 26 AN IS4 1
TP FLASER N CBAM Z HiIK 0. 3% , mAP $5 PR L TR
T CBAM ZHiF 5% A4, il CBAM 42 ki & Sl
TSR 1) 5 | XSS FR )1 25 A R 56 UF #0311 P S 1) 4
FHER
2.4 Mtz EEFEMLEN

23 [AVRRAE G 3 WAL 2548 spp B 51 AR R T
X G 4 ToAR AR BURIMB R L DA K 45 BRI 28 Xo AR A1F
SEEEUR R, YOLOVS W48 AE spp 3L Al I etk 73 3]
SPPF 4&F+ T H# Mg, A CHE SPPF Ay 34l I i —

AR B SPPES, X FLIR N T #8434 B AR (o FLARAE
PEULAE 77 B4 S0 56 50 UE AE AN SO F A HE S L o
SPPFS Z5 4 ARSI 7E W S8 B -4 5 SPPY 254445 ] i
B3, SPPF TAS SCHGHE A5t %t L IEI an &l 8 Frs .

JAIE 8 HiA] UL, SPPFS #°F SPPF 7Ei#E4 18 Kt AL i
BINT FREFERAE IR T W45, 76 5 Kb Ak 25 H k1 7
Sk PHE R AN TSRO S AE BRI Tk A
PrEz, B IR B L, R ERB MR fE B E &
AR SO R 2 8] 4 5 it AL 25 F T JS DI ZR B B Loss 1
285 mAP $5F AT T X EE, RO EANE 9 Rk, AT RLE
BCHE IS VIR B B Loss IS TE P H mAP 320 Hif
HH . ULHH SPPFS fY 51 A A5 I I 2k A1 56 E AR 5] T
B AR THE
2.5 BEHRKEE

JRIf YOLOVS 4% (451 2k s Ban =X (3) iz .

Lyt = Lo tois F Lt + Ly 1o (3)

FEGIA A BE S RS HUR R eRECAL TR I £ B 1Y 432



SE [ PRI 28 2% 1 S Lt R I 5 vk 7 - 245 -

555
012r - -—- YOLOVS5_rotation
e N YOLOVS5_rotation_attention
010/ \
i e
008f T BN
Zoost T I
T
0.02
0 100 200 300 400
epochs/Ik
1.0
© 0.8
e
<
= 0.6
)
@ :
T 04t . f
- ,/
0ot .‘.,,«"‘“\,-J —-=-YOLOVS5_rotation
B P YOLOVS5_rotation_attention
0 100 200 300 400

epochs/Ik

I 7 dSIn CBAM i AL S LA TS I 2%t
Fig.7 Add CBAM lightweight attention mechanism module

before and after training comparison chart

Maxpool

Maxpool

K8 J5if SPPF 451450k iy SPPFS 451 /R B
Fig. 8 Schematic diagram of the original SPPF

structure and the improved SPPFS structure

A A5 B0E m) H AR B4 K R A an=X (4) s

L,.=L + L + L + Lo (4)
K. L, NEEBUR SRR, L, . WEBEK, L, A
FIHELL B, L, . WEBERE, L, WHEIEEM
JER . Hohar 2Rl gk AR BRI AE £ R4k
F H BCEWithlogitsloss PF G- , BCEWithlogitsloss
PREO TN (5) B .

1
BCEWithlogitsloss =- — 2 [y, x In(o(X,)) +
n

cla_loss box_loss con_loss

(1-y,) xIn(1 -0(X,))] (5)

-=-YOLOVS5_rotation
002 e YOLOVS _rotation_attention
— YOLOVS5_rotation_attention_SPPFS

0 100 200 300 300
epochs/IK

=
o

HBBmAP.5/%
[=1
=

04F
] .
02 es” -=- YOLOVS5_rotation
’ e YOLOVS5 rotation_attention
f — YOLOVS5 rotation_attention SPPFS
0 100 200 300 400

epochs/IK
Ko ke [l e A AR VI ZRR H
Fig.9 Improve the comparison chart of training before and

after the spatial pyramid structure

X o(x) = 71 " ex;l)( Z 0 b| sigmoid PR&C, FXF 42k
FAMEAE A SC AP AR TR HE A B 40 2 e $% 1 CToU_Loss! ™

PRETE 1S 2], CloU_Loss A1 T YOLOvS JRURAY GloU_

Loss ™ BB & TAMHE MY K 96 e, EAF A4 2 T K FE 1
BRI, HA = (6) Fian

2
CloU,_ =1 - loU +@ +aw (6)
C
\ | AUBI . s
v =) #ir v 5% :i uil _
(1= 1o0) +DIEH§3:1‘1@IU e Trz(arctan Y

amanﬂy RS S SE, p(A,B) 2A B

PTG SR RR TG IR 2 ¢ S A HEFN B AE I e/ VLI
JEX AR CEE B o S FLSCHE A 5, b T FLSEAE A
1o, WO TREHE 1 B, H R TIUSEAE A 7

3 EXBWRERSH

ARSI EET Pytorch HESE 1
Wk 1 R,

T, BOBE RIS B R



. 246 - S [ I I Ve 3

8375

®1 ZERWE

Table 1 Experimental environment
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Fig. 10 Schematic diagram of the insulator callout
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Fig. 13 Schematic diagram of the model training process
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Fig. 15 The algorithm accuracy, recall rate, PR index, and F1 indicator diagram
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Fig. 16  Comparison chart of insulator detection effect
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