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A Photovoltaic Panel Inspection Method for UAV Based on Attention Mechanism Target Detection
YAO Ying,GU Bing, FANG Zhengnan

(Zhejiang TaLent Electric Group Company Limited , Huzhou 313000, Zhejiang , China)

Abstract: With the wide application of solar photovoltaic panels, the detection of hidden dangers and faults of
photovoltaic panels has become more and more important. In order to improve the inspection efficiency of
photovoltaic panels and the accuracy of defect detection,a target detection algorithm based on attention mechanism
was designed and a complete inspection scheme of photovoltaic panels combined with UAV technology was
proposed. The method uses the high-resolution camera mounted on the UAV for image acquisition, and detects and
identifies the defects of photovoltaic panels through the combination of the object detection of the attention
mechanism and the UAV technology. The experimental results show that the proposed method has high accuracy
and reliability in photovoltaic panel inspection, mean average accuracy (mAP) reaches 83.2%,F1 score is 84.5%,
effectively improve the quality and effect of photovoltaic panel inspection,and has high practical value.

Key words:object detection;unmanned aerial vehicle (UAV) ;attention mechanism;photovoltaic panel inspection

W 42 R BE R SR A A BT 485 1 X B 45 AT
FREEVE R OGTE , LR A o A 0 3 it AE U A B 2K
U2 — , RSB A 42 BRAE PR B ) SR FOR
TCARARAT R AR A L 2R GE A 2 G 2, Hed
AE ARG AE TR P ] FEME XS R GE BRI A 2B K
HE, SR, AR s AT AR P IR R 2 R
oSl 2R R R gl LB ) A SR S
PR, fTRES] KA B 5 IR 4 AR
gy AL R A S PR A AL, AN A2 ARG AR A 1Y
A, A AT REFE I Jaa 70 DX I A3 ri o T it

Ko R T RO K B RGO A s PR A
XA AT 7 A b B

AT, 6 DR T B T A T8 T
SR, i e 7 A7 e — 2. HoE, AT
A 75 G B R YT AR, 7R MU DI
IR F ol PO LS Bt . O, N TG 75 5 32 31 =
WL TR 2R A 52 , ARG 245 3 RT REAF 7 1R 25 PN
PER M Z T, JC AL A BAT B B2 e 0%
o KSRGS 2 A T RE AT A AR SR L B
TCNHUFN H AR AR DU AR AR A 25 4 Tl

E£WA WL CH S RA RTHEA AT H (HZJTKJ2022-01)
YEE RN WBE(1984—) , 35 AL, TR, FEZMFFT 7 10 988 47 F 314k, Email :21123155@qq.com

89



B A AR 20255F H55K 5

BRBE, 5 — AP TR E AR B AR 89 AN AR AL A T

Ko AR BT

FUR AT /9 H b A I 550 (0 45 - 2 B BL i
Faster-RCNN (faster regions with convolutional neu-
ral network )™'ZR 51 H ARAS I 50 FLER B Be i) SSD
(single shot multibox detector)' ™1 YOLO (you only
look once) "™ H #5 ki Il 5. 7% . Faster-RCNN & H]
T RPN (region proposal network) %) [X 35 $ 15 5
25, BES AN RS 8 2 AL R P R o BORKS
JE RS E PR, (B BT PR SRR, A
JEARXS B8, DRI AN 36 P T S 1 R B 1Y 3
o SSDRIRJE BB BRI, (HOR MR R
BRI Z A RAE , 3 BU7E 48 ARG 00, H
ARG R T AR ) S AE 1Y o AR Y ey, AT
A REEZITHE . 1M YOLOvS (you only look
once version 5 ) % £ DU J2 — 7 i 2] 3y 14 [ B 42 000
T3, 3 TR HORS 0 E S R P ik .
AR S AR R LR AN e, DAL A ) 3 32 e
PRTF SSD i T IR B R i 5t o AR
YOLOvS £ AR JEE 7 1hi s S AN 2, FFAE S 2% 3
S5 M ARMERGHEFUN AE 2/ F AR

X ERITEAFAE AN R AR SCER B is R
2] PR AL R A TE AL AR $2 1 T
— v A% R R D AR A AR Tk T R R
200 P8 ARG 18 S 0 S Sk i s /0y A 1) ARG 0 RS R
B a0, 4G T R I HLE T R W 2% Rz B
B SRR IE R AE BE ) AR AT S B, S IDGARAR
A T 0 U 1 e o ARG 0 S B 12

1 RADAARM A
o AWK A 2 3 KA AL - B4 v 3

BRAGHLITC AL LA AT 3L 05 F 5 i 18 7R -
o WA FEEI AN 1R

-
-

N

o

ESNL P
s
18
=P
e

i
-
St

'
'
'
|
\
\
\
\

R
1 TR AL A

Fig.1 UAYV inspection process diagram
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Fig.2  Attention mechanism target detection algorithm network structure
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Fig.3 Network structure of C2f module
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Tab.1  Table of backbone network modules
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Fig.5 GAM module network structure
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Tab.2  Table of neck network modules

o AL Bk B SixmxiiiE BRE DK
10 9 Conv 1 20x20%512 1 1
11 Upsample 1 40x40%x512
12 6 Concat 1 40x40x1 024
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14 GAM 1 40%x40x512
15 Conv 1 40%40%256 1 1
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Tab.3 Table of detection network modules
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Tab.4  Experimental environment configuration table
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Tab.5 Performance comparison table betewen YOLO

algorithms and proposed method
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Fig.8 The loss curves of the algorithm
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Tab.6  Performance table of other algorithms
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Fig.10  Dust and damage detection effect of photovoltaic panel
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X mAP@0.5 mAP@0.5~0.95
YOLOvSM 64.1 45.4
OURs 66.2 46.7
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Fig.11  The model checking effect diagram of the coco2017 dataset
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