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Abstract: Aiming at the current situation that the existing target detection method has low accuracy and the model is too large in the
surface defect detection of photovoltaic array, it is difficult to apply to the lightweight UAV detection equipment. An improved lightweight
YOLOv8 model is proposed. The use of CSPHet module ensures the ability to extract features while reducing model parameters and
improving operating efficiency. The PSA attention mechanism is introduced to integrate the global information into the feature map,
which improves the network’ s ability to distinguish the target and background, and reduces the influence of noise on target location and
classification. The CCFM neck structure is adopted, and the complexity of the model is reduced by adjusting the number of output
channels of the model, so as to achieve a more efficient and lightweight network architecture. The global sensing module ACmix is added
to enhance the global sensing ability of the model, reduce the interference of irrelevant information, and improve the robustness of the
model. The experimental results show that the parameters of the improved YOLOv8 model are reduced by 37% , the calculation amount is
reduced by 27%, and the detection accuracy mAP@ 0.5 is increased to 81.2%. The parameter quantity and calculation amount are
significantly reduced, and the detection accuracy is improved while achieving lightweight. Compared with other models, it is more
suitable for deployment on lightweight UAV equipment for target detection of surface defects of photovoltaic arrays.

Keywords : photovoltaic array; defect detection; YOLOvS; lightweight; detection accuracy; UAV

Wik H 1.2025-01-08 Received Date ; 2025-01-08
w BLA T H L K BH REH A HE LS PR DU )1 48 A T SR 2 100 H (SN240101) BT RHE MO RII H (2023-JB00-00014-GX) ¥ B



5 6 3]

BT R R YOLOVS G AR PR3 35 1 e e A ) - 101 -

0 35l

il

Bt B R R Bk U H ARG R A BRIETE
PR — B R IR A S A, X7 i (A% O B el X
AT BRI AR , R AT 25 A A HER, I 4 7T 14 g
ISAEREIRIN P i e . DGR RS K v AR Dy R Rk e
1 BB R A3 e — HEFR Th R H R R VR,
PRI, Y AT AT 8 ARTE) 2 W HDGR K R . (H,
JCARBEF —FROHCE T 7 Ab 7 4 2R B KA H g A A1
SRR R T 25 5y K A A P R T B 1 40 £ 2
PR BTG FIARE 4  SX BUfREE 47 AN S AL 3] AT 25 &
B LT A R, A0 PABE | R S S R R Gk A
PR L S A 71 2 T e o 1 G T 48 S 2220 T DA
TR RGN T E T

BARMEE N TR A 0 7 s, A & B ORI, JF
H Az KA 533U W7 AR5 | A7 A o s A 1) RS
Bl TR ] B B A, YT 2 Tz I T RL
DG G, ke B 22 BT N D o (o TR B 2 2 B
X AR BRI R T B A A TR B 52 W, TR 4
B TR BR BE A7 2] 5 A WA — B 3 B i H Fr A
{}“U%:{f, L) Faste-RCNN ( faster regions with convolutional
neural networks) I X e R 2 ) 2% (RCNN) h £ 2
R 55— B By BRI G | LA SR ZHEAG
#% ( single shot multibox detector, SSD ) B YOLO ( you
only look once)* 24 FEAC K . 1 BE i H ArAs:
M /N 25 BE T Faster-RCNN 42 TR 2 X
BOBOR A — R 50 By L], #2155 T Faster-RCNN X /)N
El bR RS o A . Ik EF AR i B AZ AN E T
D] 24 1 1] FH o 2 € # R AiF ( speeded up robust features,
SURF) a3k, SO H A A DRk A I (H 3 B H v e ) 46
B3k A7 AE 2 4 R O, A D R Y [, 7
BB B ARRI b B AT 3T SSD 42 iR —Fh 2
il SSD AL, Best RIS /N H AR BRI PERE , (H 9 2% 52
FRAR AEGHEEREAL S, FEFETRET
— Al YOLOVS BB J5 i 7E H R 28 24y v SR T T
2 ROBE R AR Bl A B AL W RE AR 4 5 8 W
46 (BiFPN) , 3 3 il A A ) RUBE B 4R A1 S ik 2 42 2% 15 55
BT RIS e Y A s 1/ ARG Sk, B
R D AN SN R NN TR SR €= R R TR A
B, B SER R, IS R T —Fp
) YOLOVS #28 , iiid 5] A B4 L GhostConv Fl
GhostC2f FH A R0/D T BB S8, SR, BRI
WERRA A 3 — 2 A AT Fr ., A B3 YOLOV
FGLIDAE 2 AN a5 4 T 8L, 43 390K SKnet 13 3 AL 0 T
HTE SEREFER AT SR AR R A

TR RE08 10 P T 48 A HET 3 (H R i T s
PRI, R 22T YOLOV7-tiny Bk 47 0k, 51
AT # &4k & L PSDConv Hl DFC ( decoupled fully
comnected ) VE & HHLHI, ¥ CloU 1 5 pR B0 2 Ny
EloU" ™ 451 ¢ BRI, MTT B 2 17 MCAL A 2, (R L i Ak
FORIEAR B, ATREN ET YOLOvS #2817 —Fh 4l
XN ERR AN (4 7 4 38 o 51 A B0 R AIE 4 - 35 FNRR AR
F 38 0 il 7k, ABR IR/ B AR A9 Z00REFE R AE I 1 5
NAE B B KB, R B}, 454 ESRGAN ( enhanced super-
resolution generative adversarial networks ) 4% 2 55 T 46
KGEE . A2 AR T T LR 3 (G IO £ 245 4 AH X
ok,

DL b 07 B B TR AU AG: DS sl /5 1 2 4 i A
THRE T AT T — 5 UK, {E R BE [ i Sife A 2 ) 48
AL SRR T DRt ik g B A R A A E— 2
AL =3 ]

FEXS AR B3 2 T Bk e R AT ARG I N, 2 A5 7Y
PRETE R AL T AP I 52 |, o S8 AR AL % B L 1Y
[vi) o 0 DR AT s O ARG DK B2, PRt R R T — PR T
it YOLOV8 B IR 51 3 i sk B A AL AL 1
%,1&#%%%@6% MI\EQ% ﬁ}’%’i*@%?ﬂ M éﬁ ( cross stage
partial heterogeneous convolution network , CSPHet ) R AL
B MERL AL C2f B Wl 18 AL S R
Hk, f8 £+ M 2% SPPF KL B J5 51 A E r A IE &
71 (partial self-attention, PSA ) ML , 384 5 /X 2% Xt H b5 F1i¥
SCBERIRE ) . PR B VAR f) 00 25 4 T8 oy 1 R
AEFlA BLER ( cross-scale feature fusion module, CCFM) 45
iy BE R ARSI () RRAE Rl BE T, Bl B IO AR 1 SUAE
BARANE AT, BJa, A2 R B T 546
fﬂ‘?ﬁ'ﬁﬁ'( attention convolution mix, ACmix) , 8 i AR R ot 4

JRRE R RS B EAE 7
1 YOLOvS P& 48

YOLOv8' ™ S Ultralytics 23 @) F 2023 4F & A7 f) —
PR B B AR RIS, iz T EMR 25 B AR AR
IS4 Gy BRI 38 MR AT SR EAT 55 . AR SCRH
T HER IR AR AL T 5 BRI KN i A R B
B ,n.s m 1 Hl x, T AP SEEIAE AL, SEREXT n BAK
THY YOLOvS REAYJEA T oiealk | AR A B B | i RIORN 5K
IFPESR I OE A . YOLOV8 H A I 58325 I 28 25 44 F o A
JZ (input) | &+ JZ (backbone ) | Fi#B JZ ( neck ) 3k #
JZ (head )4 FBAFLHRL, L5 NIAL 1 B

Input 2 M 25 45 B4 386 58 /9 0 B, 20 Mosaic A1
Mixup S5 50434 58 7 1%, ik 26 7 1k AT LAHS Tk i) 2 4
P, DT 2 155 I 2% 1) 12 Ak 1% R4 B 4. Backbone J2 H



-102 - e R = I O 539 &
|m—————————n [T T T T T T T T T T T T T T T T 1
i ' - SPPF |
: Input ' | [—E |
! _ I
: | : ‘ Conv H MaxPool2d MaxPool2d HMaxPoolZd H Concat H Conv ‘ |
___________ i |
S e D |
Eioins | R——— | Pmmmmmmmmmmmmmmm = e ——— :

: : Bottleneck : : Bottleneck : Detect :
Conv 1 : Shortcut:False: : Shortcut=True : ‘ Conv ‘ ‘ Conv ‘ :
I
¢ : : Conv ‘ i { Conv ‘ : v :
’ Conv : : v : : v : ’ Conv ‘ ’ Conv ‘ :
| » Conv ‘ : v :
: | 11 | ’Conde‘ ‘Conv2d‘ |
] 2 ~, | v v oo
: : 1 : Box Cls |
I [ | Loss Loss I

& 1
Fig. 1

Conv C2f Fil SPPF 3 4341 i, Hop Conv FHTF T R AR,
C2f T3¢ F7 fiF B2 HL, SPPF WU FH - 3% fin ) 4% i) Jak &z B
Neck 222K FRRAE 4 7 35 ) 4% 5 142 R G W 2% (feature

pyramid network-path aggregation network , FPN-PAN ) #H %%

A MG TRAE Rl FPN 45 A 001 T 347
ki, PAN 25 1 56 1) L JEAT 100 B A9 1% i, OF ELiZ &5
T T B 2R 9 T3 15 R B2 R FIR J2= 5 1 217
B, AT 3 ] IpELAT o7 A B SR B AR E )=
Head JZKf Neck J2 fil A RFAE P g A% = 2B 47 A0 B, 15
FIBME R SR I AN AE R AR B A5 R
TR BRSNS A TN AT A R 2 A A R
] DT 3A5 Fe 2 PR L R 7 ) I B AR A5 L

2 YOLOv8 By &%

TEEAT AR 51 2 T ol B A 0 0, Sy 17 g AR 0o 58
PSR A R e AR R Tl oK, #R I T — R R T
YOLOV8 Bt i AR Y, A BUAR G 1 fif D 1 LA
IR I 3 2 T e B G I 5k 2 RO A3 R T K

___________________________________

YOLOvS 45451
YOLOVS network structure diagram

Detect

Bottleneck

'

Concat

T30 B MELASE AL A IRl W RN T S8 F o
it A e T AR A TR

M JE ARSI ZE R I B 2 PR, EEAA S 4 ek
£

1) {fi ] CSPHet fEHAC S C2f #idk . CSPHet FH K
T SN AR R B Bottleneck A58 r 14318 45
FUR I 1 57 44 46 B ( heterogeneous convolution , HetConv) |
TEU /D 2 8 A3 1 (], AR K BE A8 DR 45 4 v 1Y) 1A
TS

2) 51 A PSA ML, 34 5 AT 1 4 Jmy AR BE ), fili A5
RUR] LATE AN 835 3G 0 3+ 53 A 1155 B0 T, £ FH B 1Y)
PERE,

3) i i Es WAk 9 CCFM £ 1% YOLOVS 1y PAN-
FPN 2548  ATBERE PR S Kl | 10 R SR A A X6 R A8
AP IR AN E RN Salll): i

4) FERFIE Al A ACmix 4 Jr) BRI B | % p e
G5GT BTER I AR BN RE 1 A B AR AR E 1Y
P, WA CRAFRAR T8 A Y R B, $ rm 1 ABE 700 g
DUKS B2

=



5 6 3]

LT BRI YOLOVS FGAR 2 2 1 Bl b A6 103 -

_______

Head

"’v‘ Detect

Concat

Detect

K2 ik YOLOvS 4514
Fig.2  Improved YOLOvVS8 structure diagram

2.1 CSPHet #&h

FERFAE SR G B, JL YOLOVS Hi iy C2f LR HY
TIE RN BUZ (3x3) 3% FECT FRAERY S RS2 I
WY R 2 BOMT A ST L, ] CSPHet %
BRI YOLOVS H iy C2f BB i i (347
fEFHT HetConv, WK 3 fizs , M Frm Ak A BB EE , P
FORZAANIE N —FB4Y . HetConv K T AR KNS
BT B, o 800 HA 1A kxk BB (8 3
R 3x3)  HARHER A 11 AR, S REARAT LA A
R SH e FI A [ B ORI 28 PR RE

BHERNA kexke BIRRHEG RN .

FL=HxWxC xC,XxKxK (1)
X H W ke AR B M E 5 €, €, o i AR
A P A aE TE

SHNZERITT AN

FL,=(HxWxC, xC, xKxK)/P (2)
c

FL1=(H><WXCZ)><(CI—?1) (3)

FL,. =FL, + FL, (4)

A (2) .(3) 0 R kxk B 1x1
GRRERTH AR SO S U B T AR MG AR A
WD H A A

R, ‘:FLK + FL, _ L, (1-1/P)

etconu FLS P [(2

(5)

M (5) ATLAE ), HetConv A4 5 FRifEB R, TTE
AR, Horb kxk 55U R IR BUR I 2
BPRRAE , 0 1x 1 A3 RV )3 3 55 /0 1 S e A H 3 i
PEBUNERAZ BPRRAE . 7E4RAE $EBGS AR v, BE RE S 4l B 4
JRRHE , SCRBER IR FRARAE . R R S 8 i
A s AT R O 4 e O MERf R R PR RO # . B
F HetConv SZILH) CSPHet ik Y25/ WK 4 BTN

M

o o o o [[en
X X X X X X
o o () o o [[en

) o o o o
X X X X
o o o o

Standard Convolutional Filter

= e E
=||x| 2| oo |R||x
- N ES NS S

(4] -

HetConv Filter With P=4

K3 SNZERREH

Fig.3 Heterogeneous kernel convolution structure diagram

3x3
(1]

Ix1

Ix1

1x1
]

2.2 PSAEEANE
AT A AR () 4 SR EEARLRE ), TE T R4 B R Ui



- 104 - LSRR R e o

539 &

l i

: —P{ HetCov }—b{ HetCov }—b :

1

] HetConv_Bottleneck |
1

C*H*W @ HetConv_ : HetConv_
"{ (Sl H SRtk }_‘-{Bottleneck’i : %BomeneckH (Cloiezi H G }—>

Kl 4 CSPHet &5t
Fig. 4 CSPHet structure diagram

SIAT PSA" FEE MK, PSA HEE ALK M AEE
FIBEHR AR S F R, Qi 5 B, i T H
R BB SRR AR I AR SCR T —F
RS A A TR 15 LA R |

TG, It 1x 1 BRUR Split BEHORERAE F ¥ 5] 43 R
P43, Hov — 8 43 3 38 2 3k 78 3% 1 8 (multi-head
self-attention, MHSA ) #EATALPR . 545 UE L Sk 3 2 1R
ANIA], MHSA SR T F ikt 1) 763153 Q0 K.V 3

hxwxc/2

Lo

hxwxc/2

Head num

Soft -max |

hxwxc/2

NP
hxwxc/f2

Concat

_________

e Y S D N N N N s,

K5 PSA HERHLHIS5HE

Fig.5 Structure diagram of PSA attention mechanism

AHERERT , Ry T AR 2% BE RN H 3 AR, {8 QKV _Conv
BRUTEAR RN — A KA, SRS e85 7] B3R 0 O K
V 3 ANERE2) % LayerNorm JH— 1k JZ & #e 4 BatchNorm
IH—AL)Z , T i T R4 AT B, o A B
TR 57 D0 245 i 8 RT3 RRAE AR N, AR 5 38 2k P 1
1B FEN 5k 22 B AT RRIERL A, B, 145
B A FFAE ] 15 55— 50 0 45 A PRV 30 38 7 1) DR 4% | e 1
if Ix 1 BT — D B RAESE L, PSA BORAEAR I 3
BT RA B TR T K 2R B 51 A BRRE & v, 38
5T 2 HAR AT 5 A HEBIRE 1, b T M X R
FAF IS E MR, T4 = T 45 1 1R
2.3 CCFM BREHEmME

YOLOvS #5130 o £ i) A FH 2 Xt $2 UG A8 4R 1 2017
BRI, PIZE I 3T R SR U RRAE , AR 2 B IR

JZR15 R 5 AAFE RN RS IR 2 FRE 2 B A 85
PR B WA EAR B (A HEAZ B /N 38 A Rl J
bro MR, RIZRHIE )2 B B R 0 RS2 B RN 3= 3 1 i X
FE A FERAR, G AR K HAR . YOLOVS 41 fill
BHTEER) R PAN-FPN f4 W 25 4544 FPN J2& & —Fb
A BT RAE 28, R 6 (a) s, i 2l it 5 2
FRIENSR 1K H AR i 5 B B2 20 T A0S E R
PAN NPE7E FPN A9 LA 138 7 —45 B R i b R A
B4R, E 6 (b) Frs , NI RAN T 07 BAR B A E, R
& YOLOVS [ Neck #B43id i B #hA9 77 =X, & 6 (c) BF
AN, T R RIS B AR B AE SUE R IR ZE 44K
FELERGHE LT . 1) FHIERL G S BOTRIE R 2, R
—Z IR BFHEE A — S E (5 8, X (g B AT
FRIERL A BT, RS S AT () M RE , ROmTHE In T AR ) 2



5 6 3]

LT BRI YOLOVS FGAR 2 2 1 Bl b A6 - 105 -

RO AT 2) 1 O T/ A AR, AR PAN-FPN 42
SO FNELZNibE il AR EP N ER 7R * NI IS S LM |
FROCAETT RE 2 S BB AR BE A T R

s — Py B

el Pt

i — P

o | 1 |t

3—>—>P3—>—>—>P3—~—>{H

B S ) S

o — ! —N\J—N\—> P,
(¢) YOLOVS#i & %5

(a) FHE &7 S5 1M (b) BEERAME
(a) FPN (b) PANet (¢)YOLOv8 Neck

K6 FHERES L

Fig. 6  Feature fusion structure

R TR DL E T A ] CCRFM' 5 R R AR Rl
BT TG A3 A AR A AN ) RUBE (4 R AE 2R 1 T il
A, TSR RFAE B B br RST A 38 1 M, A 80
YRR SCfE B 3w TR OR R RN H bR
W PP ARG B8 o AR B YOLOVS _Neck 4% 44 ik 4T R 1F
flA B, ] — 2 U AR B P S AR E TUAR AR TRLRRAE 3
AN T AR g AR S R R A M
HRLERA RZ PR, 13 22 (R A B T8 501 ok Tk
HSE, B SUE B0t T 5 0 TR ) b B R
CCFM 38 3 % % J2 R AE I HE AT R AE B2 BRI 0 325 i, I 4
WG —E, B0 S22 e AT RRAE il A B LA A
[ RRIESE R, AR B AT AL T RS AL 45 4, SO/ T 9 4%
AT LORFERBRIERL A B S8 A . A 4R
T AR B YOLOv8 _Neck Z5#4), CCFM H fin4z &4k, #14
H/D R AR B ECR , CCFM IS5 aniE 7 Firi .,

JE YOLOVS T #EHUH) B, B, By 451F 2 B4 A
FEH LT P32 (Concat ) |, X AR TS B T 5T 2 M TUA
TE 3T W25 B3T3 AT S B0, CCFM I 4% 25 # 7
4 B, B, B FHEJZH A SRR 48 AT AT, 1 S
—ANHEIEECR 256 BRI R Ix1 1Y 54 PR T 4y
TEFEHURGR I, XA T 25 M5 2, A J08 0> T
TUATERAE OB U T % BT, TR B P, HRAE
JZTE5 B, MN, FRIE)Z2 UEAT PF B2, 4 Sl i — -l
TEHCH 256 1B TR SR TRIE A SR BRURT 2 | vl 2 TR
FHIE, 7EJ5 YOLOVS H N, (N, (N, HEAEJZ it i 1 4%
4351 256 512 F1 1 024, TiiAE CCFM MZ% sl i i 4
FREE R X AE ST T BREBCRIG3 3% |, IR B AE N, N, N HFAIE
V2 e — N i 3 T B0 256, T B R TR AL 1Y
THERCRAZ A
2.4 ACmix &R RBAER

ACmix " JE—FR A B, 454 T BB H M A &
BIHLHIOEFE, anE 8 (a) FI(b) R, HoAZ.C AR,

____________________________________________________________

(U =Upsample
(D =Downsample
(© =Concat

) D
40%40%256

1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
:
80x80x256 1|
E
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1

K7 CCFM %54
Fig.7 CCFM structure diagram

A IS REF =Wk N B PN S e g LIRS PO B
BPORICIL, T i AR . ACmix B8R F Sl i
ERUREX A SR IR B BT RR AR RS, 2Rl T — A
[AIRHIE SR o F3 2 AR A T T L) 23 591 X sk 28 45 ik
PEATAR R JFEH R G5 Bl R A 0 R AR SR X
A7 3, ACmix BEHUAAE i & AR HC T R AR AL | i 1
NS R = WALl BT oY S K N TS U i SS9
R ERA RS .

|

|

| 3xHeads

1 r

1 1 i H
| [ i I
1 [ 1 |
| [ Vo I
1 [ 1 |
1 [ g |
1oy [ V! |
A W H |
oo kM’s“ H \" Convlixl o 1
| | — 1

| [ \ / : I :
1 I I |
| [ » I
1 1 x |
| i i |
i Convolution 11 Self-Attention : i Convolution Self-Attention :
: Aggregation : : Aggregation : : Aggregation Aggregation :

1
| [ o |
1 11 ' |
i i i '
b Vol Y N __________ |
(a) Convolution (b) Self-Attention (¢) Acmix

(a) BRI (b) HERFIHLH (c) HERIEBRIRE

K8 A TS B A

Fig. 8 Convolution and self-attention module

ACmix £ JREABHRI AL T WL, 1 EE T8
BRI R B PS5, I IET 8 (o) Bw , $ i 1A Y
BB FRPERIZ ACE 2) R Tz i 5 A J7 50, il
A 11 BB 5 A R 18] 7 iff S 22 5K/ NFFAE P&
i A B o 2 rp BEATRRAE R, D0 TR R B S R AT
Ak e m T ERERACR,

ACmix Z5FUNE 9 Bz A0 & P B B M 4% A



- 106 -

LSRR R e o

539 &

51 BB MARRIEE R 3 4 1x1 BRI TG B
i N AR B I, e A5 28— A 3xN DR
fRERPIERAEZ . 5 2 BB, G U AR R IE SR 5 AR
Horp—ZRBRARE AR AR R P2 200 NV 4L Al
HESA 3 ARIER . BRARFE)Z 2B AE]—4 1x1
B 2] 3 AR X SERRAE AR F R D
BB @ K AV R, 8 X Fh 7 2, s AR 3 [ 1
BRI F, . 55— RGP, T

S i —(F

|
[
i
HxWxC i
[
[
[
1

(HxWxCIN)<3N

_________________________________________

Rl Al W/ 240 R A PR & 3 R (fully
connected ) T R AE B B> NERAE ], TR ] Concat 538
)7 AT OHE IR il S AL KN R kexk 145
ATHFE SR IURER G A R BRI sl £, o TP
ZRBRAR B ARRIE A A AR N, 5 3] ACmix B i &
A5 ARECA F o

F,, =aF,, +BF (6)

out att

I

[(HX WX CINYAR] 1 [(HX WXCIN)< 1N 2B i
il g e ol

- - ‘

i i @ i

I L8 |

> i

| hd-BN :

[ |8 I

- g |

: I B8 |

w0 e [+

Tt N :

I

I

- l

& — 1

HxW<C |

=TT T T T T T T T T T T T T T T 1 |

| query - : 1

.- ’

| = ]

7] Q

i key 2 | [ 8 = i

o om0

L @ | 1| B |

! al 2 | |8 :

: value g : g :

i = <N | HxWxC :

I

I

__________________________________________

K9 ACmix 4514

Fig.9 ACmix structure diagram

3 KWERSHM
3.1 XWEE

SCUS fE R AE R 4N Windowll; &2 K GPU
GTX4060, NFEHR 16 G (THHE AL LIZ1T, Python IRAS N
3.9, pytorch fUAH 1. 12, CUDA A 11. 6, YIZRIT Y
Batch_size 1% B & 16, B 3L 74T 300 4~ epochs BY I 5,
AL #F B Adam, ¥ 857 2 % 0.001, ) &K &N
0.937 AL E I M 0.000 5, LI TELNE S E Wk 1
JIiR .

F1 EWIRE

Table 1 Experimental environment

SRR SR SRR 28
image_size 640 Inf 0.01
epochs 300 box 7.5
batch_size 16 cls 0.5
1r0 0.001 dfl 1.5

3.2 KIGHIESE

1 T B 1A TR B4 51 2 T S B di 4R 55/, |
KBRS, H A T B PR ATE 55, DA 5%
1T #E Roboflow I3RS AR FEF) 2 Ik b 6] 1, 25 65
AR B AR T BE 2 HE 1, T8 Labellmg X Kl 57
PEAT T shbn i, Az B0 T I 2k 0 v iR R B 4 . IR
Pt & M ER RS R B PG 3 2 R R
42 S 10 s, dEit 2 073 5KIE A B R 4R I
YfEEANER 2 R, B AR 4 I 8 = 2 I LA BE L4
I R REREGIEEE

*2 HIE&EER
Table 2 Dataset information
[INIEEi] bR i
53 bird_drop 509
fraed} crack 515
R dust 553
ML snow 501




OF &N () AF
(c) Dust (d) Snow
K10 SRBEAEAS S 5]

Fig. 10  Example of defect samples
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Table 3 Ablation experiment

5245 CSPHet PSA  CCFM  ACmix  P/%  R/%  mAP@0.5/% mAP@O0.5:0.95/% Parameters/(x10°) 313 4/GFLOPS
1 x x x x 82.9 75.1 80.7 52.1 2.87 8.2
2 Vv x x x 82.1 73.8 79.5 50.9 2.27 6.6
3 x Vv x x 84.6  75.6 80.7 51.8 3.11 8.4
4 x x Vv x 82.7 74.1 80.2 50.9 1.88 6.7
5 x x x VvV 83.6  77.8 82.5 53.4 3.15 8.8
6 Vv Vv x x 84.3 73 79.7 50. 4 2.51 6.8
7 Vv VvV Vv x 82.3 71.3 79.5 49.9 1.76 5.7
8 VvV Vv V VvV 81.6 74.4 81.2 52.3 1.81 6
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Table 4 Comparative experiment

i) P/% R/% mAP@0.5/%  mAP@0.5:0.95/%  Parameters/(x10°) TR GFLOPS
Faster-RCNN 63.55 77.77 74. 61 42.71 28.31 507.5
SSD 85.315 62.49 73.37 45.04 26.29 62.75
YOLOvSn 83.5 74.3 80 50.3 2.53 7.8
YOLOv6s 88.2 71.1 79.6 52.1 15. 69 44.9
YOLOv8n 82.9 75.1 80.7 52.1 2.87 8.2
YOLOWO 86 73.9 80.3 52.3 1.91 7.9
YOLOvIOn 78 71.1 77.4 50.3 2.58 8.4
YOLOvlin 85.9 74 80.9 52 2.47 6.4
Ours 81.6 74.4 81.2 52.3 1.81 6

13 4 W%, Faster-RCNN 1 SSD 7ERG MG B [ HH#
FHAb 6 FE LR B2 RIAHE AT S 5 A R
TR, FEIEAT B ARG I A, 33 26 5 vk X 9 TR Y
TR E , HAA 2 B BERE™HF  ANIE A T & AR i

TAMLBAE b T YOLOv6s 2k B AR 7F 55 86 )5 1 A5 Fr
et (A S B R A A A YOLO R85 4T
SREEK . YOLOvIOn 557k i - Y588 B2 ik, A F) T ik 47
EORE R B ARSI T R AR AR R AR R RN



5 6 3]

LT BRI YOLOVS FGAR 2 2 1 Bl b A6 - 109 -

M1 AT R, (0P SRS BE AL T YOLOV8n, JF H
ESF R A L RIE >, 5 YOLOvSn, YOLOvOt
H1YOLOvV] In B4 b, et 5 A TR AE R 2 45048 b 13
T A, B A PL R X TR AR T R e A R
FER A SIS 32 7 1 P T A A AL BB 98 SR &
FER AL TC AN % b, SCBOGAR FE 5 36 1 ok [ A S92 et
iRl
3.6 FREREERK T 547

T VA AR AR R F B AR YOLOv8n PR RE , 15
THT AT AL S5, SEe 25 S an &l 13 Bz, A YOLOv8n

/7 A

4 o~

5 YOLOv8n BCER ARG 25 SR i ol # AR h vl L
YOLOv8n FEAI it 72 v A7 76 [ — H A5 9 2 Uk e ) 1) 1
O, T HARHERM ES, AN, I T HARHER BN
iRy o e = (3 [T BT i ) = UK = Rl = R
AT H BRI 7 T B 2L T R 4R Y YOLOv8n, A Ak
W T Rl — B AR 22 ORI T B0 B ARHE S B4, 2
SEONAS B, TRAS R A (R RE 38 I 2 R AIG , FEAGr  : fig
OO R T R R A e A, HLELE AR iz AR
BRI,

(a) ZERHAR AL

(a) Base model

(b) BEHRA

(b) Improve the model

K 13w AL sege Xt L

Fig. 13 Comparison of visualization experiments

4 #& g

Ry PR 9 571 2 T B o A et A £ TE A ML 3
AR AL FC 22 Bk IR FEAS A2 9 1], 25 F YOLOv8n
FRAE T — P LR L 5 RO B I SR A R
Rl A T CSPHet, PSA {7 77, CCFM F1 ACmix £ 8k,
I AR B D82 TR AL AR R AE B IO 1 T
AEAE B 5 T AR X 4 R FNUR A AR R AR T, (L
REAE T A AU R 2 R 15 B 5 Ry e —H 1
DRI RA , DT 4 v B R 5 R Az AR RE 1, 14K
PR A AR T B A 115 F S 8 iRk — A 1
T RRIESRIBORE BRl A R ) R NS H TR E A
TCAMLER R, DT S BT S PR [ 37 114 2% T ke a1 o 5 1
K, RSB i — 1 A W 2% 25 ), LA S O v 1) A o
PR JE VRIS 32, o A5 0 7 Tl 3 5% b A 0 AL R 2
FRITAC A 0 17 L T g 403 P AR S AN

£ 3Lk

(1] 2R, JMS, Rici, 55, Bk, fkb ey st
AR R AN A R R AR 1] BT,
2024 (12) : 31-35.
XU Y X, ZHOU P, WU Y L, et al. Exploration of the
cultivation mode of environmental protection talents in
higher vocational education under the background of

carbon peak and carbon neutrality [ J]. Environmental

Education, 2024, (12) . 31-35.

[2] HBF, B9, 57T, 55 Tl EfficientNet 4L
HMEHGOCAR A S B R AR T [ )], AR AR 2= 3
2024, 45(4) . 175-184.
LYU Y, ZHENG Q, QI X Y, et al. Research on infrared
image photovoltaic module fault recognition based on
improved EfficientNet [ J]. Chinese Journal of Scientific
Instrument, 2024, 45 (4). 175-184.

[3] REN SH Q, HE K M, GIRSHICK R, et al. Faster
RCNN: Towards real-time object detection with region



<110 - e R = I O 539 &
proposal networks [ J]. TEEE Transactions on Pattern HU B. Research on defect detection technology for
Analysis and Machine Intelligence, 2016, 39(6) . 1137- photovoltaic panels based on deep learning [ D ].
1149. Wuhan: Hubei University of Technology, 2021.

[4] LIUW, ANGUELOV D, ERHAN D, et al. SSD: Single [12] R, 250, ik, 4. EF e YOLOv7-tiny A6
shot multibox detector [ J ]. ArXiv preprint arXiv; TR SRR Bk ()], PRI TR SN, 2024,
1512. 02325,2015. 60(15) : 336-343.

(5] EMSE, 2, BHEbR, 45 5T 8k YOLOVS [ XU W, LI W X, FANG ZH, et al. Photovoltaic cell
P B fE iR B [ T]. BN IR E AR, 2024, defect detection algorithm based on improved YOLOv7
43(11): 187-196. tiny [ J]. Computer Engineering and Applications,
WANG P F, LI HY, LIAO J B, et al. Ceramic substrate 2024, 60 (15): 336-343.
defect recognition based on improved YOLOv5 [J]. Foreign [13] EBRE, HifA. FETF YOLOvVS H ka9 38l bR & 1= 51
Electronic Measurement Technology, 2024, 43 (11). FARWGE[T]. HBFES5{EERR, 2021, 35(10) .
187-196. 137-144.

[ 6] /WM, M1, K. FEF U Faster R-CNN )55 LYU H F, LU H C. Research on traffic sign recognition
FEARKEIN T ], Jeererdk, 2018, 38(6) ¢ 250-258. technology based on YOLOv5 algorithm [ J]. Journal of
FENG X Y, MEI W, HU D SH. Air target detection Electronic Measurement and Instrumentation, 2021,
based on improved Faster R-CNN [ J]. Acta Optica 35(10) ; 137-144.

Sinica, 2018, 38 (6) : 250-258. [14]  #fk, fl, RIAS, 5. —Fm i AT AN B sk

(7] K%, 87 Hs, 24, 45 Bk Fast-RCNN HXUH WP 1], AR AR, 2022, 43(5) : 136-146.
PUSEZE B AG  r 3k [ 7], B A OE2%, 2018, 39(6) . SHI X, LU H, QIN P J, et al. A method for detecting
832-838. small pedestrian targets at long distances [ J]. Chinese
ZHANG Q, HU G D, LI'Y SH, et al. Improved Fast RCNN Journal of Scientific Instrument, 2022, 43(5) : 136-146.
based binocular vision vehicle detection method [ J]. [15] #EsHE, skit, B BUHE YOLOvSn F%% & 232 iR IA]
Journal of Applied Optics, 2018, 39 (6) ; 832-838. BER PR AL BT &R, 2025,

[ 8] JHEE, BRI, MBHE, 4. ST REF T Z0HE 48(1): 154-165.

SSD awmmumzm. 21 5 5 06 TR, 2018, YANG R J, ZHANG H, YE J. Improved YOLOv8n
47(1) . 302-310. lightweight remote sensing image military aircraft
TANG C, LING Y SH, ZHENG K D, et al. Multi detection algorithm [ J ]. Electronic Measurement
window SSD object detection method based on deep Technology, 2025, 48 (1) : 154-165.

learning [ J]. Infrared and Laser Engineering, 2018, [16] k&R, TRA, XA M, & 3T 055k M %
47 (1) : 302-310. FRLF RIS 5k (1], KBS R22i 4, 2024,

(9] Sk, BERis. ST Gk YOLOVS AR K FH AE H it 50(4) : 100-109.

RFotBgRm (1], ARS8 8hfbim TH A, ZHANG ZH H, YU CH D, LIU B SH, et al. Particle
2024 (11): 104-109. image enhancement method based on double branch
GUO J, HUANG Y J. Defect detection of photovoltaic residual network [ J]. Journal of Dalian Maritime
solar cells based on improved YOLOv5 [J]. Modular University, 2024, 50 (4): 100-109.

Machine Tool & Automatic Manufacturing Technique, [17] SINGH P, VERMA V K, RAI P, et al. Hetconv:
2024 (11): 104-109. Heterogeneous kernel-based convolutions for deep cnns[ C].

[10] MX2WS, M, Wldl, 5. ot YOLOvS Bk Proceedings of the IEEE/CVF Conference on Computer
AR /N B ARSI [T, BACHE FHOR, 2024, Vision and Pattern Recognition, 2019, 4835-4844.
47(20) . 141-147. [18] WANG A, CHEN H, LIU L, et al. YOLOv1O; Real-
ZHAO H P, CAO J SH, PAN D J, et al. Improved time end-to-end object detection[ J]. Advances in Neural
YOLOv8 algorithm for small object detection of traffic Information Processing Systems, 2024, 37. 107984-
signs [ J]. Modern Electronics Technique, 2024, 108011.

47(20) . 141-147. [19] ZHAO Y, LYU W, XU S, et al. Detrs beat yolos on

(117 fH#E. FETFIREES: > e R AR B A R 53R [ D] real-time object detection[ C]. Proceedings of the IEEE/

I WAL Tl K24, 2021,

CVF Conference on Computer Vision and Pattern



5 6 3]

BT R R YOLOVS G AR PR3 35 1 e e A ) 111 -

[20]

[21]

[22]

[23]

Recognition, 2024. 16965-16974.

PAN X, GE C, LU R, et al. On the integration of self-
attention and convolution[ C]. Proceedings of the IEEE/
CVF Conference on Computer Vision and Pattern
Recognition, 2022. 815-825.

B, BRI, #4E)Il, 5. DY-YOLOVS Bk T2 & T
PSR BRI [ 1], AL TR S
H, 2024, 60(7); 183-191.

ZHAO X, CHEN L L, YANG W CH, et al. DY-
YOLOVS ; Aerial image object detection based on multiple
attention mechanisms [ J]. Computer Engineering and
Applications, 2024, 60 (7). 183-191.

IMEE, fHEER, BAGES. —FPEET YOLOven i1t
BT R WG IS [ ], YR m ], 2024 (2) ; 78-80.
SUN W, FU Z M, ZHAO ZH F. A lightweight fatigue
driving detection algorithm based on YOLOv6n [ J].
Auto Bild, 2024 (2) . 78-80.

AR, BRI, ik, 55 R Tk YOLOVSs 1t
SRR RN AR N Sk (] TR S
iz, 2024, 38(10) ; 48-57.

ZHU SH B, WEI L SH, GAO G, et al. Optical remote
sensing small ship detection algorithm based on improved
YOLOvS8s [J].
Instrumentation, 2024, 38 (10) : 48-57.

Journal of Electronic Measurement and

EEE N

SKAR 1, 1996 4F T B B H R 4R
bt i, 1999 4F T H PR S ARAG A 1 4
7,2002 4F T 5 R AR AT 1 o, B
POHEREH L, FENTFE 5 10 SR TE
LM K B2 W ) B g aed i R 3 AT R
EIE R
E-mail ; fyhzxx2015@ sina. com

Zhang Bide received his B. Sc.
University of Science and Technology in 1996, M. Sc. degree

degree from Henan

from Chongging University in 1999 and Ph. D. degree from

Chongqing University in 2002, respectively. Now he is a
professor in Xihua University. His main research interests include
online monitoring and fault diagnosis of electrical equipment and
overvoltage analysis and suppression of power system, etc.
FEFM GE AR R, 2023 48T 0115
ﬁ T IRAFARAG A2, B R P A R 2 A
R B S S RSP RN I
Z#r,
E-mail : 976984532@ ¢q. com
Wang Zelin ( Corresponding author )
received his B. Sc. degree from Sichuan University of Science &

Engineering in 2023. Now he is a M. Sc. candidate at Xihua
University. His main research interest includes fault diagnosis of

photovoltaic arrays.



