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traction power supply system. The insulator images collected by the railway 4C inspection vehicle have problems
such as weak edge features, significant scale differences, and high environmental noise, and the accuracy and sta-
bility of the intelligent detection method still need improvement. Therefore, an adaptive multi-scale calibration fu-
sion(AMCF) YOLO algorithm for surface defect detection of a cantilever insulator is proposed. The algorithm adopts
targeted feature enhancement, feature fusion, and regression optimization measures, and the problem of insufficient
feature fusion between model levels is improved by designing a hierarchical feature coordination pyramid network.
The PS5 layer feature integrated with the deformable attention mechanism is used for module extraction, and com-
bined with lightweight down—sampling with edge—enhanced branches, the number of algorithm parameters is re-
duced, while key defect information is retained. The enhanced loss function is introduced to strengthen the regres-
sion constraint on the medium quality prediction box and improve the positioning accuracy of the model. Comparative
experiments show that the AMCF-YOLO parameter is only 4.2 M, the mAP;, reaches 93.4%, and the mAP,, o is
60.1%, which are 3.3 and 5.6 percentage points higher than the benchmark model YOLOv11n, respectively. The
generalization ability experiments on three public datasets verify the effectiveness and stability of the proposed
model. The developed insulator surface multi—defect detection system is deployed on edge devices. The test results
show that the detection accuracy of the proposed model is stable, and the detection frame rate reaches 65 frame/s,
which meets the requirements of real-time detection on—site.
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the 4C inspection vehicle
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B TR 2 pR B PIoU_v2 > il 1t AL A AE 5 B
P HE (] ) o1 o 25 S5, ) A 2 A0 FE R I AL, (i
E 150 U9 A2 HL A Ty MR DR AR, DA T B i iz
FILU T 2 SR R 5 K . 3% pRESGE I 5 I AT
ML, 7652 2% b 5 v 1S 5 i DT IC ) 5 P, 3K
TR R R, B RA A A (D) ~
A(13):

po|dayda, du, da), (11)

. h, h
K ed,,d,ydyy R TOMHEXS i1 2% 5 H AR HERE
BN 5 w0, R b, 53000 EARAE A9 58 2 B 8
F B S ERER PloU_v2 42 @ LK -

qg=¢",qe(0,1] (12)

Ly o = w(Aq) - Ly =3 - (Aq) - €+ Ly,

(13)

HH e HIRFIE, 28 2.718;u(Ag)fCFTETE J1 6K
B, A RAEE T eRET R R S A, A
HE S5 2 11 ¢ RAR R AEST 7 P, Horpr =1 B S B0 AG T
HE S EAEAE M F IR 2ZVLEL . BEE PR, ¢ B Hi
N, FOREE SRR

w w gt gt gt

2 LINGE

21 BHEHES

B SRR T LR B AR 1 4C F 58 b 4l I A
M2 b TP AHALAR B B ik o0 B R ey [RIR, il
IS 4C MG Y 1000 5K Wi 46 2% - I-IVE 8K
P, TR B A S AR 2 R B 2 2 1, LA
Jo S PR A, AUFE KRR (broken, B) |
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A= 4 JifE Wt (shed brittle fracture, SBF) \Z24¢ (crevice,
C) . 3 Y M % (foreign plastic debris, FPD) | & 3%
(avian excretion, AE), WK 8 7~ , JFMRHE7:3 10
R R BERLR) 73 R ZRA DA

4 1

B8 sAlBfaH RS
Fig.8 A sample set of typical defects

22 AHEESE

HEHL CPLID(China power line insulator dataset)®" |
IDID (insulator defect image dataset)' 1 SVRDD (sur-
face vehicular road damage dataset ) P Ry N TR E IR
0TI )Z AL BE J) . CPLID 5 IDID ¥cdi 4k
B 5k 2% T 0 Hn vl £k I A 2 1k B R DN R £
CPLID 4 4 340 2 1 942 5k K145, 1DID ¥4 46 4%
A0 1 440 TR RGN XF G2 35 Ay i ri 28 B 4 25 1,
£, & 5 (string dropping) | % #t (broken) | [A] %
(pollution—ﬂashover) 3 Fh oA gk 1 % T Gk G 2 AR
SVRDD 445 /A FF 138 s R B 48, B
KT HEHFRERSG, 4155 8 000 5K KIE . ALIXS
Gk I T L 3 A 4G A 1) 22 4% (longitudinal
crack) 1 [1] 24 4% (transverse crack) . JTHE (pothole) |
2 (manhole cover) . 24 (alligator crack) . fi [A] &
#h (transverse patch) X 2\ 1] 48 %k (longitudinal patch)7
NGl
23 KWIMRERSHILIT

T S BBAI ZRAPERE VMY, R s M RE T
AL, HERCRE R E R 1 R, E IR AR IR
epoch=500, Ht & batch=16, [ 4% 1] 4f 2% 2] K N
0.01, >R JI Bl HLAE FE T B 12 (stochastic gradient de-
scent, SGD) H T L5 S8, IR BE R Mosaic X
T T 0 SRS, JE ok B AL P 1 22 R TR0 45 5 4 i
ooy 5008, TEA BB BBE T AHTHRE T AL
P T REA R RE AR S 2= TR o041, S AR B9 R
T AT N 640%640.
2.4 FNERR
2.4.1 HrlHy BRI AT

DUKS 0038 A 58 1240 B 2 (R 246 25 1 i B

®1 LREBITHMREE

Tab.1 Configuration of experimental operating

environment
T 4% AR S
BIERS Windows10, 64 7 #/ERSE
CPU 12th Gen Intel(R) Core(TM) i7-12700KF 3.60 GHz
GPU NVIDIA GeForce RTX 4090
CUDA V123
cuDNN V9.4

BERUR IR B2 9 PR HE AR, EIRFEAR I BB R
RGN Fr) A B By, R CR B

K5 1 % P (precision ) 3 7 I Sk 1E FE A A SR

HIEREAR L, A ACh
T,

P = T (14)
13 1812 R (recall) 7 52 s 1E AR AR H 4 1 A 35 0
HRW A, AR
T,
R = T F. (15)

A : T, (true positive ) AU IE 8§ FU () IEAEAS ;
(false positive ) A5 B A5 15 U A IEAEAS ) TR AS
Fy (false negative ) >4 5 s Ay 1E A% A {H A 455 70 i 132 il
IR SAREAS IREAR

SEXRS BE AP (average precision) 38 5 —28 B 7EA
6] [ RN F- YA 3, P SR B mAP
(mean average precision) | J& It A 2 51l AP 1) °F £
{EL, 73 55E SR -

1
AP :J PAR (16)
0
N
DAP
mAP = T (17)

242 Ml RIFN IR AT

TERHIPEREVEAG b, BRAG UG BE 2 Ah, 655 M
G 3 J32 5 A e A R P A R X AR A R A T 25
B 7% 5 o R S DL R AL B TR (FPS) 1
B FEr , AR bR S AR Y L AL I 8] P9 58 T 1)
HEREAURE ), FPS (B g 2 WA 1Y L i 1Y) S5
A FRPERE .

PRV AR R Bl T R A 5 SO0
P AT B i . HFP GFLOPs (giga floating point opera-
tions ) & 738 15 B — U if [6] £ 9% I 5 PAAT 9 TS 77
FUBSUE, T LA A 1) 115552 24 i, GFLOPs
(BB R TR A R R 540 8 A T T B iy 5 A
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Z4JUiE (parameters ) [ BB AU o AT 2 5] SRR,
SRR B WA B S AT R SR N S
H . AEFL K/ (model size ) AR SCF)Z 17 21 i) 45 75
(A it FF 4 5 P 8 B, ARS8 R /Nl /N R AR A
PR R TN B 2%, O B 2 % 5 ) T A RIS, TS G
TE IR Z BRI A S A B FIE S .

3 WERSW

3.1 GHEAEIS

THRSE ISR &\ PR R % 38 7E YOLOv In
B E I AR, 25 52 4 AR O i 2 A6 T 280 R
fsEI , SEIR 25 NS 2 i .

A TR (T 1), R 2ETHM L 5]

A HFC-PNet, mAP,, #2F+4.6 NEH I, RAZLZE
ARG A DO R T RE B TR 3450
51 A C3K2_DAttention . ADown_v2 LA } PloU_v2,
RGO % RSP R ESERE R T 6
TE 7% 2 B kAl b E—25 & i1 C3K2_DAttention, £i
AU [BURPET; 2 90.5% , i 7E B S HLH 5|5 ™ 4%
TR AR T X, FEIRIRA R . TR THEET TR
FERR 5N ADown_v2, 78 FEAGERAS I 1 58 1 RIS
i Z %48 (Params) 5 GFLOPs 3% 75 %% 6 35l T f# 2
8.7% F18.2%, WilE T it fb F RAR T A 20k
77 % 8 U iy AMCF-YOLO, ik #F 5 i B AU fili PR,
mAP,, . mAP,, 53 H T+ T 2.8.4.6.3.3.5.6 7 H 5
S BRI SR R A BN (R A IR EE U 1.6 M,
Xof P B M BRI

R2 HBAKE

Tab.2 Ablation experiment

Ji%  HFC-PNet  C3K2_DAttention  ADown v2 PloUv2 P/%  RI%  mAP/%  mAP, /% Params/M  GFLOPS/G
1 — — — — 908 854 90.1 545 26 6.3
2 N — — — 922 877 90.6 59.1 45 9.8
3 — N — — 914  88.1 91.8 58.3 2.6 6.3
4 — — N — 924 866 92.6 59.0 22 55
5 — — — N 918 872 91.1 574 25 6.3
6 N N — — 926 905 92.1 59.1 4.6 9.8
7 N N N — 928 875 91.0 583 42 9.0
8 N N N N 936  90.0 934 60.1 42 9.0

e APy, F7 KIE 5 20STHE 2 [0 3T H (loU) B BE N 0.5 B0 TSRS BEHI (8 5 mA P, s F0R7E 24 oU B R 0.5 B0, 120,05 Hli]

W32 25 3 1 2 0.95) 1 (~F-E50K5 BE 3441

3.2 AEREIRT L 230

H R GV Y AMCF-YOLO 892 ih A
PR S H R sE ), 3 RS R RRAE 4 7 3 )
24 TERESHLE T OREE SR sR S AR AR
e H ABEE A DIF R S . S Ak, A PEAG TR
R B AR LB, 64 YOLOV8n, vIOn, vlln, vlls
5 v12n FFREXT HE 525 .
3.2.1 AFAEA TP L ST AE AL M AR 69 %R

ARG AV REAE 4 7 35 D) 6% X A5S A ARG 0 4 R 1)
S, 525 76 GoldYOLO™ | BiFPN™ L) & HFC-
PNet = FRFIE 4 TR 46 2540 YOLOv L Hrfidi FH Y 43
SR L5 UEAT ARSI, A6 285 SR 4N 2% 3 T 7R . HFC—PNet
7E mAP,, (90.6%) Fl mAP, . (59.1%) I ¥ i T
GoldYOLO (90.2%/57.3%) 1 BiFPN (89.7%/57.6%) ,
T Z RBERHIE [ 15 W5 A HLE T H bRk
TR A R R MOTH 3 R 2% B S AR S 4
ok F , HFC-PNet 19 7% £i5 55 (GFLOPs ) 4 9.8 G,

£ GoldYOLO(9.2 G) £ 1 0.6 G, AL BiFPN(11.4 G)
A TR B, AR S I 3 AT A ke A AR 6 A
HARRI SRR A 4.5 M, $E GoldYOLO BiFPN 43 51 4
B2 23.7%.27.4% , R T BB SRR
x3 FEBEESFEMETHRNER
Tab.3 Detection results of different feature pyramid

networks

FRIF 4T mA P./  mAPg ,/ Params/ GFLOPs/ FPS/

] 2% % % M G (frame-s™")
GoldYOLO 902 57.3 5.9 9.2 87
BiFPN 89.7 57.6 6.2 114 100
HFC-PNet  90.6 59.1 45 9.8 105

3.2.2 EZE AR AR M AL GG R

SRERGEAN [ B T AILI X ALY /N RS I 4 g
B9S2, £ HFC—PNet 19 3&£ Al [ 43 51 DAttention
EMA™’ SFA"* I TSSA" i 5 77 #L ] £ il #1) C3K2
BV Ry R DL a4 7 5% i
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o I 2% S 40 3 4 T R, C3K2_DAttention 1Y
mAP,, . mAP, o 5 58 92.1% .59.1%, ¥ R &A1 ,
mAP, A% T C3K2_EMA ,C3K2_SFA ,C3K2_TSSA 4
A5 0.5.0.6 1O EH 43 55, mAP, s b iR TR 1L
il o3 5 1.8, 1.0 1.7 AN E 43 i, HH R E s & T
C3K2_EMA. fEiz 8 & | C3K2_DAttention th B A
Wl WP %, B & ) FPS, 5 C3K2_EMA.
C3K2_SFA ., C3K2_TSSA #f tt, FPS 43 il #2 5 6% .
11.8% 2%, 45 FAE W T C3K2_DAttention 7£ $ T+
DUPHE B2 R T) s, 0 PRARE 1 G 038 32 A 0

T 3 AT R AT 7 P A A [R) 3 8 AL i) ol e o
7B G B, (0 R TR SRR B AR X 2 X ) 1
I RCEE Mg, W 9 TR L 45 R R C3K2,
C3K2_EMA ,C3K2_SFA F1 C3K2_TSSA Xt ¢ X 35 (1)
W IIRE A BN 51, BEBR e A ROR R B G

o il v e ] o

iz

o .I

(a) J5 1A (b)C3K2

F4 FAREFENNH THKRNLER

Tab.4 Detection results of different attention mechanisms

TERE B mAP, o/ Params/ GFLOPs/  FPS/

» mAP, /% o

FEL B % M G (frame-s™")
C3K2_EMA 91.6 57.3 4.6 9.7 98
C3K2_SFA 91.5 58.1 4.6 9.8 93
C3K2_TSSA 91.1 57.4 4.6 9.8 102

C3K2_
92.1 59.1 4.6 9.8 104

DAttention

frE, S BB AR FE 804K 5 51 A C3K2_DAtten-
tion ML J5 , VEE A EE b F oG A K, £
C3K2_DAttention AN A R T 45 AL 6k X 35
() ETERE ST, AR BRSO BOE Y T 14k
LV T A v AT DX B, 3R WML ) BB 8 A 250 12 ik
W4 B TLART % -5 i her B 45 4 £

(¢)C3K2_TSSA (d)C3K2_SFA (e)C3K2_EMA (f)C3K2_DAttention

B9 REEZEHIESFIE TS B

Fig.9 Visualization heatmap of different attention mechanism features

3.2.3 T RARALH TR AP 4 0Y % vl
J VAl ADown_v2 I SRAEHLE] 1) SE PR RE

R TR S MRS RL ARG, S R AT
KRR AT X AT . % ADown_v2 . LDConv'®' |
SPDConv"** J WaveletPool ' PUF T SR LA B 43 1) 4
B AR 32 T I 4% TP BR D 46 TR Z A1 1 i A R
JE XS A E, R FARE I 25 SR UL FR 5. ADown_v2 T
K BEFE mAP,, fll mAP,, ,, J7 16 A1 % T LDConv , SPD-
Conv , WaveletPool £ HLA . L #Y, mAP,, 735 ¢ =
T 11.5.0.5.0.6 1 FH 434, mAP;, o 73 il = T 14.0.
04,020 45 &L, [FIAF I8 244 8 LDConv . SPD-
Conv , WaveletPool 73 5138 /> T 2% .30% 2% , £kl
ORI, Y T R R, 15 A AR R A
PR A BRI e

K5 FETREERMENLER

Tab.5 Detection results of different downsampling modules

ToRFE mAP,/ mAP, / Params/ GFLOPs/  FPS/
8 % % M G (frame-s™)
LDConv 79.5 443 43 8.8 93.4
SPDConv  90.5 57.9 6.0 12.1 101
WaveletPool ~ 90.4 58.1 43 8.7 99
ADown_v2  91.0 583 42 9.0 104

3.2.4 KR BHTAEALILRR A F 0w

FEJE AR YOLOV AR AL A, 30 A [l U5 BRIAR
CloU #i 2k R L. UL HL s B i A BT, (HAE
ARERASKLIN H AR, PR S8 AR flmi LR 22, L
HrL 5B B ITUGH RO RS 3 TR, B T BRI
gy, W ECORE . O P T IR PERE AR S B A
CloU #4224 PloU_v2 . PloU ., SloU . GloU Fl EloU 1.7
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SRR ToU 4512 R, 38 3 X BE 23 2% ek B U1 25
AR P SRR TR SRR E T, PP S AR A 0
RERYRZIR , S50 NTEL 10 FR

6
—— PloU_v2
PloU
5+ —— GloU
— EloU
—— SloU
m 4T
3]
e
><|
S
m 3
ol M
0 8 1 1 1 1 1
0 100 200 300 400 500
Epoch

A 10 REHR KR ZOK S

Fig.10 Convergence of different loss functions

PloU_v2 i £ 75 % 4> I G o i o i S0 JEE i
P, HE A R AE R Ik, B 005 pO AR e PE AL
SHPERE .

3.2.5 RF B AR H E

T B IE AMCF-YOLO #5 5 75 fiog B 4 % 1 it
B K I 7 T A RLHE L AR SCEE B T YOLOV8N,
YOLOv10n, YOLOvl1n, YOLOv11s #1 YOLOvI2n fE
SRt FAR A

ZERANFE 6 T8 , AMCF-YOLO 7E [l H 2 %5 A v
AT B W A 2R A DR 35 2R I HE B 2R 7 1T, mAPy, .
mAP,, . 73 935 B T 93.4%, 60.1%, 7 W] AMCF-
YOLO 76 A [F] 1 ToU A #F AR RE T H €0 i ka0 B
71 . AMCF-YOLO X <p= % i Wr . 24 8 e 5 248 784 174 Az )
HERR R AR T 95.4% 77.2% , ST HEAERAY
SR TE T 4.6.3.5 0 F 43 A, R AT 2 R
JE 2T A 48 2 F B U RE O 3458 . X YO-
LOvlls, AMCF-YOLO fy &%t R 4.2 M, #E A/
1K 8.4 MB, 5 44 i 4 9.0 G, #fE 2 3 B 35 5
104 frame/s, REMUEH /& X iR 406 % - R g5 S AR A 00
2K

ZRA 5 ERTIRS B SHOREL TR 2% 5 e
PR, AMCF-YOLO 75 Joi i & 2% - S 5 48 ) o 5
BT A AR ) S

®6 ERBIRENERLLE

Tab.6 Comparison of mainstream object detection algorithms

AP/%

Bk Params/M  Model Size/MB  GFLOPs/G  FPS/(frame+s™") mAPso/% mAP50795/% - - N

SN AR MEr RYMEE 53
YOLOv8n 2.6 5.9 8.1 158 91.5 59.5 93.9 93.3 74.8 99.4 96.2
YOLOv10n 2.7 5.5 8.2 143 89.3 57.6 91.1 92.4 69.5 98.1 95.3
YOLOvlIn 2.6 5.3 6.3 122 90.1 54.5 92.8 90.8 73.7 98.2 96.6
YOLOvlls 9.4 18.3 21.3 127 93.2 61.9 98.0 96.0 76.1 99.4 97.8
YOLOvI2n 2.5 5.3 5.8 119 89.6 56.9 90.7 92.0 70.3 97.7 97.2

KI5k
8.4 9.0 104 93.4 60.1 97.1 95.4 71.2 99.5 97.9

AMCF-YOLO)

3.2.6 B4R KoM

K I — AR TR ¥ R [ 53 B T $ A5 78 X6 A [w] e 4
R BIE B, Gn & 11 frs, 5 YOLOvlin A L,
AMCF-YOLO X 55 WK 43 | <= 4 i W . 24 5 S Wy ot
RIS 2S00 TE A U B ) Y56 BT R o . T 55 0 SR R
VA S LU 4 2 - 3R 1 3 A B ot . HAESEPRR
LR P AT AR B, N T S ) A KA
AR B8 S il A, DI HE I 2R a0 5 8 5 45
¥ 22 6 IRV, 30 YOLOV In 7E1Z 25 B A 1 iR
R E MR AR . T AR R X 24 0 i I A R R
0.74 &7+ % 0.81, ¥ st iR H L) 8 25 FEAIK, R BT AT
A 1A [ 5 28 a1 T ) 152326

Zi F Rk, AMCF-YOLO 15 5 AR B0 4 J2 1 52 PR
TRREALA CRRAE SR AL 5 1] )RR e e S S i AR Y
DMEEAL , ARG R T SRR R IR B S TR T
TRIUR T, ER KT 5T 28 7 it e
F4) S o A T 4 s
33 AHHFIEREXTLE

R T B UE R R A S E R, AL
B4 4E CPLID . IDID &% SVRDD b 34T FL#R Sy, 52
B o PR FH AR [ 04 43 DR s R AT Y1 25, S0P FF
—3, 4R N T R8N .

MF T AIAL, 7E CPLID £(di4E I, AMCF-YOLO
FHER T BRI 8 2% 1 o 1 - RS FE S AR T T
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Confusion matrix normalized Confusion matrix normalized
1.0 1.0
B NIEYA 0.02 0.05 B 0.02 0.03
SBF 0.10 L SBF 0.21 04
T ¢ 0.67v -06 T . - 06
= FPD 0.02 -04 = FPD 0.14 ~04
< (2% 0.15 < 0.07
AE 0.2 AE -0.2
Bg 0.10 0.10 026 0.04 0.06 Bg 0.08 0.08 0.19 0.05
-0 -0
B SBF C FPD AE Bg B SBF C FPD AE Bg
True True
(a)YOLOv11n (b)AMCF-YOLO
A1l Ja—fRA 44
Fig.11 Normalized confusion matrix
%7 CPLID X IDID FE#RE K HEE ) mAP,,
Tab.7 mAP,, of the original model and the improved model of CPLID and IDID %
B CPLID IDID
br%s
YOLOvl11n YOLOvl1l1s AMCF-YOLO YOLOvl1n YOLOvl1l1s AMCF-YOLO
4 2%t 96.1 97.4 97.4 98.5 99.3 98.8
i 99.5 99.5 99.5 — — —
gt — — — 95.3 96.4 96.7
[N — — — 94.8 95.7 95.6
T 97.8 98.4 98.4 96.2 97.1 97.0
%8 SVRDD [FEEI Izt E ) mAP,,
Tab.8 mAP;, of the original model and the improved model of SVRDD %0
NS R ZNHESS ZNHRCZEN Bl kg T 1] 4% R 1] A b T
YOLOv11n 69.2 63.4 69.7 68.1 43.8 60.6 59.8 62.8
YOLOvlls 76.1 64.4 73.8 76.4 50.8 65.5 63.3 67.2
AMCF-YOLO 75.4 66.5 75.3 75.0 51.1 66.7 65.9 67.9

1.3A 43 45 . 76 IDID £ di 4 1, %F L YOLOv1 In 44
%1 HY AR RN TN 45 S8 BN R A A il 4R T T
0.3.1.4 F10.8 1 H 43 5, W42k RN 45 (171
K B S AEAHES T YOLOv 1 1s 43 HIIEA 0.5.0.1 4> 1 43
S R - PR BE (B = 0.3 N F 43 A

BEAN, Sk BB O b % 7 T B A AR 194 A6 0 i
FEPAS S SRR A 1 R 3 R S SRR R R A T
X H, AT Ak 4 5 0 R 12 BT R . fE CPLID ¥ 4
o, FEERTTE AR A AR I A SRR B AR
wiE 12(a) FE 12(b) Frzs, 1 AMCF-YOLO fg% B
P b S B0 B A, 1A T A1 O B b oD A
IDID i v, FEUERIRIAE & 73 FEAS rh o A7 7E D o
SRR, e 120e) () s, 2R 12(d) Rk
HER LIS P8 AR A 2% <A L BRSSPI T . A
RGN A B [ AR IR , AMCF-YOLO FHE P il
SRR ELAT Ty HLTE RS A T A R, R

TR R DX 3 S 3 B T A5 3 T A O

M 8 T, AE 5 7 A i S48 B A A5 SVRDD
b, AMCF-YOLO #H# T 3 B A | e fA kg U 4 fig
H 62.8% & T+ & 67.9%, [F]Bf W fE F YOLOv11s 1)
67.2%. FEYNInI R4 TS Kofed 1) 445 55 LAAH /IS AIRXT
Fb B8 24 4% o F2 199 3 2501 1, AMCF-YOLO [A] £ H
A5 T AJLAGIN 25 S

LEA AN TEARE W LI EE R T A, I
) AMCF-Y OLO 7 [] 2 8 266 25 -l o ko 4T 55 b 3¢
B AR H— M Re pn e, Im] i e A 3 44 5 i
1G5 e 0 25 AR AR Y T [ S48 15 37 SR 4R AT
PR AL o R TUAS . 25 R SR, I B I AR AR
8BRS AT o 5, A 2 ROBERAAE Al & 5 1
55 Sl [ 2 AE 7 T HL A ROAF B N RE T, R
AMCF-YOLO T [ 84 48 h A RArnyiz btk 5
BREE.



200 PN S QRS )

2026 4F

. Jinsulator: 0.38

insulator: 0.
= 1y

4 insulator: 0.89 -
yAs
LN / 174

insulator: 0.

v
ator: 0.90
AN

| N
P broken: 0.71" )' .

W
4

(a) LA (b)C3K2

linsulator: 0.86

)/ ,n:asu\otor: 0.79 >
insulator: 0.85 / § insulator: 0.
. — O
fiinsulator: 0.92 7 4 insulator: 0.937 it
NS / 74

. insulator: 0.83 insulator: 0.

48 ™.
. -
broken: 0.787 |
o |

(¢)C3K2_TSSA (d)C3K2_SFA

B 12 CPLID Z IDID 4% S 4 A ST AL 25 3R
Fig.12 Visualization results of the original model and improved model of CPLID and IDID public dataset

4 HBRFEEBN

F A YN Sk 5E A 5, SR A NVIDIA Jetson Orin
Nano JT & M Jhy 2 212 T tofe g A I 2 98 v 5 A
AR, MR 13 s, RE0m i HE Tk
RAKEEHLLE 13 (a) | AT 4 2% 1 [ & 13
(b) 1 JF &AM 10 B 1 B 7 B 2H A, JT 2% Al I 4
KR

N WU 7R 2 2% T SR B R I 45 2R, JT R T A
AT, JR A 4 k) PR S A I 45 2R, BRid R
TV B 07, s R DS A AR R A TR AN B
Ab, ZGei it RO AR FRIE AR 6 (scale—invariant fea-
ture transform, SIFT) 533k A M <145 B FREAIE 25, IF

%9 NVIDIA Jetson Orin Nano 77 %t it &
Tab.9 Configuration of NVIDIA Jetson Orin Nano

development board

[UEER# ZH
NVIDIA Ampere architecture
GPU 1024 CUDA Cores
32 Tensor Cores, 635 MHz
ALMERE 10 FP16 TFLOPS
CPU 6—core Arm Cortex—A78AE v8.2 64-bit CPU 1.5 GHz
WA 8 GB 128-bit LPDDRS5 68 GB/s

F) FH %% F1 VEFE £% (brute force matcher, BFMatcher) i
FPRPIE ROUC T, A5 B B0 M R A 7 AR B AR 43
SAL PR R o T AR 5 e ) A 3 i 2 D s 4 f 94
PG AR R, DU [T 95038 B A2 4 O 5, 3 v A D 4
SR AT A I
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Fig.13 Simulation of edge deployment scenarios

TS EAAUIAEE T 58 ot Sk i 4 H0 F B 2
OME LA T, 5 5050 T AR A HE A 00 of A
PR 15 A 7] (93.6%) , 117 52 B AG: 0 it = [ G =
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