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1% B Yo, ) A E R B TTIRRR i i tanh
HET T B (15 21— - 12 L Z AV (ED A TR0
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0,=0a[w,(h.1,x,)+b,] ©)

h,= o,tanh(C,) (6)

2.3 BOXR

e (Recall) » N I#H BE 2R E T
TRl IRV RE Y B B — - AR
i & A RE S TE R SR PR B IR B AR Y RE
73 o BRGHGER - H B R FE A TERE TR Ky 1
BB B(EISM: - TPELFTA BIRIEHEEA
H(EGME - (TP) + 2t - (FN)ZLE(Sokolova
and Marina et al., 2009) > H[I

TP
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eed TP+FN 0
TERERI S+ Bl A T B B

FTAIEBIVER - & & BRI RES 54
e R B T VEE B (e MR TR
A b -

2.4 F1D &)

F1738(F1 Score)/@ & & el 70
AU MERERVIEIE - B AN E AR
B R S RAYREL - R RN S
HIEM » F1r SO TR (Precision) fl1 A [F] R
(Recal DAY FIMI % - Ry 1Ay & A
(Precision Ratio) - K=t & A AL FEH 5
IEENEEATH %/ DR EIENIEE - 1 ==
Rilr & /Y2 B IR A A % D (B U
By » F1y 8 Fora(Powers, 2011)

-
F1=2 Precision*Recall

(8)

Precision + Recall

F1y B EHEHER0F - ElBT 1R

AT MERE Y - BRI R Z 2R
RG> FIOBE R - S AR & 420
EAER AR Pl o AHEC BT R ER By
AR FIOBdRdt 7 — @ E i mayrkae sy
fiti » NBLEZHE A I ES 2 E A -

2.5 t-SNE

t-43 {7 #3k i% A (t-Distributed Stochastic
Neighbor Embedding, t-SNE)&—f#isf A VI E4F
PERESER I > Ry B = R R AT L -
‘B HGeoffrey Hintonf{ILaurens van der Maaten
200842 H(Hinton and Laurens, 2008) » E.3F°
TELABIR o 4 B A Ry (R 22 R Gl 2 4
B =4E) > DUER R BN SRR BB ESS
& o t-SNE S (B 5 4 2= ] TP B L 2 T RIAH
UM - ARz [ o OREF SR (U - BAG2K
St 0 E (6 PR O 2 i M BB R A v 4 2
AR BT - AT AE (A 22 ] b R R R
Fl > DA S L4 2 IRy = S i/ IME - 1SR TT
VA AT AR Rt R A (DA B B B S A —E - [
RFRE A DL B R o B R 12 & Y
BRI AR VAR EE - -SNERZ JE I 8%
TRt ER ER R AL R - CH B ERERR
S HERUE TRV SR UG RE, -

3. ResNet50-LSTMIE G Ti#E
i8S Sl R AR B

KR SRR LR BN LBRE
5 T A A K B B (R A R B R A R A
2 o DUEFIFUAE T H Y - Sl SRBH Al -
FHAREE W WIia(t - BUR BB TR A
1 EATHNGER - R BUE E NG R
HIRERAER - AREA N AEER AR
FOIE - MRIEAE R R AIHYRE S - Dl IMEdR
K o BEEEREBELES > WEMEEE T -
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#ETT 2 XL (Epoch) » EIUIEAMAE Fy— (&
Epoch - 78 N BRI GREE - AR
HrbE = S BUR R EERE T 0 fR S EREE - 2T
HBEEERGHE - KT R EEE -
ATLASE A TE R LRl 20 2 22 (Dropout) i
8 7 31| SR A A H [ A 2 B e 4K T AR B Ik A e
& (Srivastava et al., 2014) 5 8 fE T8 R
NTIIRE EE Y S 07 A SR AR AT SRS AU E BB (N g,
2004) - FAGRE TR RBEHEE FEHE A
RE - DARECRH ST EIRHZ AR
2024) - F{E G R AETE TR AT BRI 2R
BRHEAER  DEAREEREES
o DS —(EMERE B B2 (b RAFAY AL
PEFEAY o

B ZAR esNet SO = A fE AR B 4848 45
T BEARRIBEH AR BB EGPUH
FRURE TR KAE - Sl 4RI IR & - AHEIILSTM
B S5 S DR A A R B R A A RE R (%
1| SoRESF P S 4/ I 208 5 P B P 3 808 2T L
Fis 2 = e HIGPUE R AL /7 » HA BRI AS
FOAE S o AR ResNet50424) (Cascade)
LSTM > FI]FResNet5 0 I 4% 4 i 155 71 5 47 3 12
H 8 P R A i HE (B LS TMA By AL FRY
LSTM#Yiii AR 5T A > LSTMAY
TR AIEG - NI > ResNet50-LSTMIR &
RCARRS SRR 1 2 I R S 1 5 5 i 2 R R
MR RIS RER S E R ~ B3~ TS
ST A% (Tang et al., 2020)

K5 RE B Y AR TR R 52 B TR S
FRM 1R BB B TR

(Cao et al.,

i > RAEBERER - ResNetSOREH A R HE T
ERIEFEEGHRED (FREMNAEEESS -

2.8 0% © BRI R AR ATRIPESE - $H7?
CNNZRER - A DU 8 615 g 1Y SCH o3 A 1T
A&y - LSTMEA Bt fT 52 125 L B R A I
I AERHE - 3. KEE © IREER G T AR fy
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Sy By BB - ResNet50fN &% g o] DUFEHLE LB
AHps H BT EI R - LSTMERIABINAE %5k
eGP EERRE - RERIEE - 4.3
B - Y)E A FR AL~ SR E IR 8
FRf - 5 BRI A CNNHY B G AR HI5E 142
7RG K > MLSTMIgRES B B &2
AR HIGE S - $eTHE BB R S R Y
#AIRE ST - 5. AR ¢ BRI E RE HE IR E
BRSE » BT R R IR AR
ResNet50 1] LU 2% Jo B AR HE AU L 52 5 A RF
0 MLSTMJg R Bt ffifie i3 5 S 5 Ry
RFE (B - TEIMTEE St AR R -

HA FTEe 2 B & M Qs &5 & G IE &8 4
F&(CNN) MR A HEC R4S (LSTM)HY{E S, -
It > RE %0 [F] R e 2 [ 152 22 ) R ABORTIRT ] e 51
B ANt —72K » Fri 2R S AR &SR A B
i e AR M B o UE TS TRYRIR -
IR E RSS! < el A B 7 5 o B A oAl
ZABHBRMERE o [BI3 Ry AL e R & A4
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SEREIR * SE(E IR - RIECFEEHIS A [ FHARSABHTRFZREL -
(Clean) - TERZEAR > IR HMERIR R E R -
SRS « AARRIBEBHIR - 10 8 0 oy - B P | RREE R RS
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Damage
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birddrop | 0. O[O 1 [8 [0 000 00|00 0043 gﬁi = - ;v;iy:é'.
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AN +  birddrop physical-damage
& ® * dean
@
c}@{p *  dusty
6)6‘ & dusty birddrop
< < +  dusty electrical-damage
= .+ dusty electrical-damage bird drop
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T4 NFERIES U RS AE R

ot HBEFEAR BRI HERER (%)
1 Clean 99.42
2 Bird Drop 98.18
3 Dusty 98.81
4 Electrical Damage 98.82
5 Physical Damage 97.22
6 Bird Drop, Electrical Damage 98.94
7 Bird Drop, Physical Damage 97.48
8 Bird Drop, Dusty 99.39
9 Dusty, Electrical Damage 98.26
10 Dusty, Physical Damage 97.49
11 Electrical Damage, Physical Damage 97.96
12 Bird Drop, Electrical Damage, Physical Damage 98.91
13 Dusty, Electrical Damage, Bird Drop 98.81
14 Dusty, Electrical Damage, Physical Damage 98.47
15 Dusty, Physical Damage, Bird Drop 99.41
16 All Damage 97.82
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Defects Diagnosis for Photovoltaic Panel Used in Solar
Power Plant by Hybrid Neural Networks

Yu-Sen Liu'  Jenn-Jong Shieh™  Zong-Ying Shieh’

ABSTRACT

The article proposes a hybrid neural network that combines residual neural network (ResNet50)
and long short-term memory (LSTM) to realize automated detection of complex defects such as physical
damage, electrical loss, bird droppings contamination and dust on photovoltaic panels of solar modules
in solar power plants, in order to improve the accuracy of photovoltaic performance of solar modules. In
addition to verifying the effectiveness and accuracy of the proposed hybrid neural network model through
experiments, it is also compared with the traditional neural network detection model. The verification
results show that the proposed hybrid neural network model is superior to the traditional neural network
model in terms of accuracy and verification time for defects diagnosis for photovoltaic panel used in solar
power plant.
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