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Photovoltaic defect detection based on fine-grained feature enhancement and
scale matching

SUO Daxiang, LI Bo”
(College of Management and Economics, Tianjin University, Tianjin 300072, China)

Abstract; A high-precision defect detection method for photovoltaic panels was proposed to address the issue of missed and false
detections associated with small defect targets in unmanned aerial vehicle ( UAV) inspections of photovoltaic power stations.
Considering the distribution characteristics of target sizes identified during UAV inspections, a strategy that combines fine-grained
feature enhancement with scale matching was introduced to enhance the accuracy of small target defect detection in photovoltaics.
Distinguished from traditional small target enhancement strategies including data augmentation, multi-scale learning, and feature
enhancement, a detail-preserving semantic enhancement module was incorporated to retain fine-grained details and to mine related
coarse-grained semantic details. A multi-scale detection strategy featuring anchor-prediction head matching was introduced to ensure
the compatibility of anchor sizes with feature maps. The method achieved an average mean precision of 59.4% on the PVEL-AD
dataset and 97.6% on the CARPK dataset, significantly improving the performance of photovoltaic defect target detection compared
to mainstream object detection models.
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AP AR 1 2 7 AR AR e

0 3% BRI T B T ) B 2 I 6 vl 1 B
HAMER 5 G PR RS, AR TEABLIEA T8 fE AL

Stk v SR 0 AT R IR AIF AT R E OSSN TR IR IR ORI R T
PRSP T TR 3408 0k FURRAGIUR A (9 6 R e R S 5 30 T8 A WL Rk

Y7 B A . 2024-07-16

ESWE : EHEHAIES T BT H (218ZD102) ; [EK A AR 34 ¥ B3 H (72132007)

E—EHFEN R (1982— ), B T TR A, EEHI O O e MR 58 E Y, E-mail ; sduhit@ 163.com

« BISEBEE N 2 (1967— ), 2, INPERIA N 8082 14 500, Wi, 2507 m oA HER A5 5 01k . E-mail :1ibo0410@ tju.edu.cn



10 I NI

it (T 2% W)

55 %

SIS S (R4 TR L S WK | B S st NG R
Sl RIS/ N RS HbR, B 40 B AL A F1
FEUEA R Sy 7 SR A0 S5 T P X LAAER U3 A1
TEDT 71N B AR ERBEARTIN T 28 5k AR i A DN Sk i
TR DR A K ) B 2 — L7

FEXEIC AALIEAS 3 52T /I B A ke B A ) 0] A
AHIF 5Tt — o 5 2 R I il R AR o — TN Sk X 5%
FHES G R RO 7k . AR T — R B 4y
B1E X A5 B 1 5% #5 B ( detail-preserving semantic
enhancement, DPSE) , #| ¥ ik & RS HA K&
T S B RN AZ B 1) e 4 PR R AR I, B
] U RPN B AR REAE $2 B0 R v 40kL B AR S
FARIAEL 38 5 LAR Oy G s A i AIRZ R (1)
2% 2 5 AR FRAEAH OC B9 5 SCRFAE , LU HE /N H bR
ER IR, (2) 3 0 B A RRAE 5 SR, RN
A8 SRR ) 22 5% b Al G B E B AR

2 RUEE B bR U 75 v 0 4% O 7 T AR AS TRl R
T A L ARSI Sk 22 T ) 1E A X 5, AR AE 9T
EE 7 T Al e — 0 S DG C Y 22 RUBE A 7 i
FIHT k ¥{H 526 (k-means ) B2 7 19 5 91 Ok 12
PRAEAEARGIN Sk | W T 4 40 A0 4 0 40 IX S5 B0 e 4
G ln)

AT LA SE IS H AR K I ( you only look once,
YOLO) R YOLOVT 7 VE R LR | 3o KRR
AR B pE R 4 PVEL-AD™ JEATIAIE

1 XTIk

1.1 SEIREREE B ARG

TEGARBR B H ARk DU 453k, L T HLA8 52 2T 1 7
BB Tz R, SCER8 IS 2= 7
%, T 285 W) & ML ( support vector machine,
SVM) FfALARMK (random forest, RF) FI A T #1225
#% (artificial neural networks, ANNs) =3 Bl 24
B, XS 5 T A, SCER[ 9 ) A& B &
2% ( convolutional neural network, CNN) X} |4 J5
AT R, 5 KW CNN B REDE T SVM I
RF, SCHR[ 10-117 HECT CNN Al SVM 7EK [ BE
b AR B A W A S E SR T P RE L SCRR[ 12 ] B
T CNN FEA P 50H0 52 A 0L T 2547 564K Ha ik
I o T g ] A

Bl TR EE 27 S BRI K e, SCHR [ 13 ] B T A A
Xt ) 2% ( generative adversarial networks, GANSs)
SEL T —ANREE SR DGR R G, Z RGN D=
WA B G A R & PR Bk O &

(electroluminescence , EL ) $#li4E | 7F 4 A HE 46 I
YllZ% CNN 43285, SCER[ 14 1 & T —Fp H T8k 6
R Y42 f 90 CNN 328 R 4G, il B 3 s B R
vaflk EL FGE s R, SCik[15] F &k T —
PR EOGIR R G2 W R 48, ] EL BIR 25895
RAFHATINGR, PRI Z Fh e pa 2 A0, SCik[ 16 ] £
H— P DX 43 2 A ik R R PR A L S P 4 g 2K
AP 4y ERE R 245 8 ] Deeplabv3 #1 ResNet-50
A FERL 17 000 5K EHR EFATI14%, SCHR[ 17 ]
P — Fh I F B R T B W 4 ( complementary
attention network, CAN) BY/335 0755, LR I e 4
TESZ ], AH R 3 5 B B 38 43 R IR e s o I HIT A BT
rh B 5 ST B AR BRI Hh N B A A T X A
L8 = A I A R S B
1.2 /NEERE

X IE ALK B R AT B H A A I A — 0
W ELBRAERME AT AN AT 55 . HAR RO RUDN R
TEA PR B0 A1 56 4, A% 58 5 Mk LA 78 43 4 BOA 3808
fiE, BT, EEXTC MRS UG 5 /s B Arda il
) SR WA 4« 5 1 R R T B X R AR R AT A
K o4 s LA RS /s B AR AR 2 ROEEFE
IR A Ty ki 1 B A TR )2 R 2 R AR B v A 1)
RESOM S B SUE B E ST R R 5w B AR A
K BRI AR OC R | 46 % B AR R 5 iR )
RO 2 M HER AR BB A B A AN B
FTPER BRSOk 26-27 1B A T XK
PRECRTE L ek i, B BER TR 2
i 1 RO R AN E R i i AR S SN E S
= D WIS EE S AN S R 7Y ivalllf 51

A WEGE T7 Bk A AR SR H A A I A1 IS AL
PG B An i s A T — g R, X TE ALK
275 N O N SR 7 7 R i S = R I RTINS
A, WNARRLEE FREAE 45 O 2 | R AE il G b 58 RS S
Hr (R o A S B RE T R, AR ST A AR B A
7T UM B SR AR H RN Sk DE BB R | A A5 ok
T LRI v T OGAREREE /N B ARSI A HERR

2 KR %

2.1 RARERFE BARFFES

ZIN FUBRA i A 00 1 dml F) 5C i Bk Ak 2 —
A T8 AR AN /I AR SR FH 22 R AR AL Rl 2 5
WA i RS A Sk o P 22 2 R 5 SR A T
TREER 5 FEGE SR B R, B RTINSk
TCHEFA [ s 4 rp i/ NG B, BRI 1 38 A



5 4 1]

R, A - AR RERFIE R 35 55 RO DC R A4 ' PR e B A 11

DL /N BRI M RE . ASBIF G X KRB AR
M3 % PVEL-AD'™ #47 T it /0, £ 1 H
36 S43MEEIE H 37 380 ANKLINAE Y R 437, 45 SR 3k
WI/NRCT BFR e b i R e e 1 i A
A B EAR B A I B v 1f 14 T2 B,

1 OGRS HARR S M

Table 1 The distribution of photovoltaic defect target sizes
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Fig.1 The whole architecture of the network
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Table 2 Comparison of generated anchors with the optimal
anchor scopes of the current head
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Table 3 Comparison of experimental results of different
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Table 5 Result of ablation study
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Fig.2 Comparison of feature maps
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Table 6 Comparison of model complexity
YOLOV7 3.7x107 104.1 73.2 56.9
AT 3.9x107 124.5 75.8 59.4
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