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Temperature Prediction of Photovoltaic Panels Based on Delayed Echo State Network

FAN Si-Yuan' YAO Xian-Shuang' CAO Sheng-Xian' ZHAO Bo'

Abstract The temperature change of photovoltaic (PV) cells can affects the output stability of PV system, and
then the temperature change trend of PV panels can be predicted accurately, which will be significance for the intel-
ligent operation of PV system. In order to better predict the change trend of temperature, this paper takes into ac-
count the hysteresis effect of PV panels temperature, and the previous temperature output is introduced into the
echo state network (ESN), and thus, an improved prediction model of PV panels temperature based on the delayed
echo state network is proposed in this paper. A criterion condition for the echo state characteristic of the delayed
echo state network is given, such that the prediction model can predict the temperature of the PV panels stably. At
the same time, a multi-sensor monitoring system of PV is established, and the collected data by monitoring system
are used to train and verify the accuracy of model. Compared with ESN, Leaky ESN (Leaky-integrator ESN) and
VML ESN (ESN with variable memory length), the simulation results show that the Delay ESN has better predic-
tion performance, and the average absolute percentage error of 3.45%.

Key words Photovoltaic (PV), temperature of panels, echo state network (ESN), thermal hysteresis effect, echo
state property

Citation Fan Si-Yuan, Yao Xian-Shuang, Cao Sheng-Xian, Zhao Bo. Temperature prediction of photovoltaic pan-
els based on delayed echo state network. Acta Automatica Sinica, 2020, 46(12): 2701-2710

EFAEAT TEE KA 224 "0 B R IR
R, T2 2030 4F, {5 G REIR K BB R S
FENL R BT 50%". Satk K AR N ET e YR K B
(B B R 4y, B 2019 AR, 4 MR A

ek H 1 2020-03-30 AT HIY 2020-07-12

Manuscript received March 30, 2020; accepted July 12, 2020

[ 5 & mE & R (2018 YFB1500800), 7 M B K JiE it &I
(20190302079GX), AT RHE AT K JE 1HRI (201830819) ¥ )

Supported by National Key Research and Development Pro-
gram of China (2018YFB1500800), Science and Technology De-
velopment Program of Jilin Province (20190302079GX), Science
and Technology Innovation Development Program of Jilin City
(201830819)

KT IVKET

Recommended by Associate Editor SUN Qiu-Ye

1 RAeH IR A TREZERE Ak 132012

1. School of Automation Engineering, Northeast Electric Power
University, Jilin 132012

HILIA 204.68 GW, HULFIRA 10% FEZR
WG SR, SRR A TR E MRS I T ok T
FEE Bk, A AE ) H R s 4R, R
AR IR H R TN, G S K R R YR R R SR
REZ R R (M D25 R EECRSE), SR,
TERIZESR RN, Yok B it AR B B e
RZR G R e v, DRIk, R v 3th F00 6 AR Lt AR
AR KA B T 32 = e AR T 2 TR B
PTH AR K B RG22 4

Fe AR FIBAR LB A e tR R AR R I S 8
—, POIRIREIR B 5 e B AR I AN IR 20 A FR A
(RS2 . AR 48 6 AR AR R RS ] 0, R AR AR 6 AR F
MR SR 1) B R U 15% ~ 20%, A4 F
F B REBF 2 A ik RE, B R HGE SRRt



2702 H

S 46 1

RAH B AMERE, SBOGRBURZ T, £ 245
BN, & R e DR PRI, 4Bk R
G2 TR0 A 7 R TR A

MR RG L Fr & IR, 51 AR R
AR R 2, RN ., 25 % T
FEL LA R i 1k A B A 3 S5 S . R AR 2 AR v
THRESHEY (Steady state thermal model, SSTM)
(B9, R 205 A8 A e R P A7 T 1R HAGE il R
BT RGKMEERIBIAE, Fst B R
L R AR AT A — e I IR, #hf% o FE 5 ) ) H
A RO, WA R % 7E 8 57 (R AR Hh R A b R
PORWT ISR, 1R Y B TR BT, AR R T —ME
ARV [ 7] 7.

PN b2 s o AR RS AR, 5 TN 1) R e 1
JZ BT, SR T VR 2 A RO R R N A
BT T HE TR SCRR A B AL (Particle swarm
optimization-support vector machine, PSO-SVM)
(1) AR B Y B TN FAABE A | R S b, AR
TR FINRS BEAR T I IFi4& 4% (Back propagation, BP)
PHZE X 28 FNRR A BT AY . A3 AR 550 20 dr 1Ok
BRSSP ER FE A R DR R &R, 3 T —
FhIET BP #4148 0 2% 1) 6 AR B 471 Wi b A5l R Yl
5, SEIL TR AT — R AR B R TR 2 K PR R R
Xu FFW 730 1 O6AR s AR L M T S T
RZEMRR, T —MEET & nd F2 R s R f
TR B T 77 v, FEd I SEIS I UE Tz T EN A
B Ceylan S5 ) FH N2 1R D' e 8 R A8 853 Ui 52
BT 2 2 AT I 2R, 357 T 3T BP A M
28 (1) 6 AR PR AR I B TSR . 52 R AR B T —
bt e K BH B 28 THT & Ak SR 45 140 110 )l s P 4 5 T
BRI T 5 A 3 6 R At et B A A TR
Sun £ FEH T T BP A MRS T SVM
22 I 288 11 S AR R T R IR PR R B 2 TN 7 v, e
FHIR R B T SE 1 5 H AR I P8 738 A 1) S 2 I
R T AR N IR T AL, R S
PRI AT B S 7R RS . Jakhrani S50 AT 7T
T AN TRIABE R S AR F v AR iR B2 T 3 A, IR
i T PR U 2R B PR 0T PR VAR R PR 52 .

M T OGAR BB GIR E ARA 32 Z A R R, A
A AELAE IR VRS AL, T AR G A I 28 A7 AR
SO B2 IR 7V 2 R 5 n) i, HfE DA SRS B AR 1Y
45K Jaeger 551 7E 2001 4 1 IFRASRM (Echo
state network, ESN), H4fifi & it (IR & 5 AESL I
AR ZE 2 R REA SO o AR A 28 I 4% TR R
AN, AR T RAFR IR RE. SN TSRS A
ZARETT, DAIE AR 37 5, B 90 5 3 B x
[ AR A W 28 30 4T 1 2 M et Gallicchio

SEMRTER Y TR B [ AR M (Deep echo state
network, DeepESN) FIVR B 8 [A] B R ZS M (Deep
tree echo state network, DeepTESN), FFilE] T 1%
TEWI AT ERAER PE. Chitsazan S8 & H T —
Tt LA 2 1 R B[] IR AS Y, 9 B2 T R
P R P, Matino S50 g ook [m] A bRAS 9 R
TP SR, 9D TG R A4 SR R )
HETBC ABIUREET $2 7 ) ek i 5 R 2% A1
At % AR B [A] RS M (Leaky-integrator echo
state network, Leaky ESN) [HF 8] /3 41 Wl 75 7%,
Pt 1 [R) P A ) TINRE . VR IRFR SRR T —
b ek 22 43 33 AT SR AL A [ P PR 25 DX ) Tl A 28
BA R 18 RLAS R (8] 772 51 1 80 77 22 1 32
TR [ TRUINDAG B A2 AR RE. X RS0 X m b
AORAE ST AR, SR T — AR T e 1
[ PR S WA T 77925, e iR 1 e [l A R B )
o ol A, B BRI TINRS FEL E E AE X
B 2 JH BRIt 1 1 5% B 7 40 T e @, B T —
P TS B0 15 52 2% ] P DR X ) B 5 15 55 = T
DUABLRL . HH AR O S0 0 ) % L 8 00 42 o) ] R
FEH T P L TR B 5 St [n] P PR 9 1) DX 48 97
T TV, W AR AR R H R SRR
SO R B B R 2 AT A A, FR T IR SR A RS
(Sinusoidal echo state network, SESN) Fl5g & [H]
R (Broad echo state network, Broad-ESN),
TR F B N e F000, A 1 R P Tl e e
Li 2P0 52 7 — M 2% B RS M (Multiclustered
echo state network, MCESN), Jf H T 6AR & H
ToUM . 6 I AR 2 4 77 R E PRI AT T S A B
IOGR DY R B YRR AE, 5 H [IER 31 (Autore-
gressive moving average, ARMA). BP #1455 2% tH
b, MCESN HA7 5 & (I RS L

T 2 R SR, 3K T v S A X i A TR
A BN 2% S EAT — 5 B, B2, X OAR
b AR B TR [ R, X L 7 VR A e DAAR B &
AR Bt AR IR AR A 52 T — AN BN B 21 (1) 5
Wi, AR SC 285 4 e 5 738 A0 ) ARG i 08T, K A 3R i
TGN B AR W rh ) $2 Y — Ak T 4B 3R [m] AR A
R FR AR F v A IR B T 7 v, A L e A 78 23 b
et T 2 AR AR

[FI, 9 7 ORUE BT 52 H AR B 3 [ 7 RS ) g
e S T AR ARG B T, FRATT 4 AR
o] FE RS X B [l A RS R R ) — A e 40 26 4. b
Ah, T i S T v AR R E I g ST AR
DAL RS IR R G, REUT SRS S, DI EEIR
£ R 2L U X TR) s N AR &, DG AR FRL AR
T Rt A i) A ST R T RE AR [A] FEOIR S e AR



12 Y RIS BT AR IR [m] P PR I KGR AR I TN T 92 2703

HL T AR P IR Y 5 Al et D v ox B, SESR
(] AR A& W HAT S e R T 1 R

1 BB ERESM

N T SE G gt 3 e AR R AR TR RE AR AR AE B R
AR RN, A R AR 23 B (] RS R 5] N SEIR
BRI, 4 T AR (e A RS A D R A R
ST TR

1.1 FREERFERESW

(o] 7R X e — o T 3 R e 22 0 4%, 9
BA MWL, KT B R RSl
BARRI AR ML ST R T7. MR aEf A1 2: 21 5
S g a M AR, KR LTI 4650
HABUE BRI AT, SXAE K RRIAL 1 2% I ZRad 2. [a]
FORZS W2 &b M 1 BRI 9 aLdE — AN
NZE, = MM — AR AN u(n), K
AR, ERWRE R 2(n) , N AT AL N
y(n), LATIRL Win e RVF R WA 2 B %
HWHIBUERERE, W e RV*N FRoRfifi it A A ALE AR
[, W e RN 3Ros Wi Y = 21 46 10 1) o
BB FE R, Wwou € REXEHN) o5 I i % it 3 %
H R BB AR

HINE fif 2% b K 2
K A58 N AN LA
® &
.
- W F _ o
o o &
O N
i we |

K1 R AR IS5

Fig.1  The structure of echo state network
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Fig.2  The structure of delayed echo state network
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JeAR HL AR 22 A% B AR WS R G RR 15 44,
0 — OG AR AR B S B IR RIS RS B
SRR, A 2018 4E 1 A ~6 AARFRSE N TN
3 000 ZHEHE A A AT TN AR Y (1) ) SRR AH S 43
#r. I Pearson % RE #7515, M5 (19)
THE H, PREER AL JGHRIE AL R KA 5K
TSI FE B AR G R, 4990 0.946, 0.742, 0.144,
0.114.

IS AT S AT DU Y, PRSI R R i
556 AR et A UL B R S A O, K 6 RR R R L AR
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8 AR A2 52 T 6 AR Lt AR ()R P AR P LR 3R 2
—, MG FU R B, BE A R (1) 4 R 2 I AR et
FEOGAR AR 1 92 bR AR iR B2 PR,

DRI, 3 O LR P58 PS5 U P58 IR R X i) 1
RIS Y (e N B, S AR It RS IR B DA i AR
i, GG IR R RS, AL — AN e R AR iR
FE MRS, W5 I R Feid s BdE gk 1 .
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Table 1  Data recorded by monitoring system
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MATLAB R2016a).
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Table 2 The reservoir parameters of delayed ESN
i A R R WL (%) IIGREEA KR
50 0.82 2 1400

MRHE I (20) THEAT HOG AR HIB AR 135 B2 AH OC
2, HTHAH R > Ry, A BUAN 1. HilttER
A2 a 9 0.312 I, ZEIR [] AR A& AR A & 0
o

z(n+1) = 0.3122(n) + f(W™u(n + 1) + Wz (n)+
Whly(n) + Why(n — 1) (26)
y(n) =W z(n);u(n)] — ay(n — 1) (27)

N IE B HiE B 1] 75 bR 2 IRt e AR E e R i 1
MPERE, EHCCHR [10] H B9 ESN. 3CRk [25] H 1
Leaky ESN AI3CHR [29] ) VML ESN (ESN
with variable memory length) —Ff 75 ¥t 47 %
S3 AT A8 AR RN SR AR R A, SR RMSE Al
MAPE fENVERETRbR, 07 B &5 R 3 k.

3 DURPTT I TRRS BE X b
Table 3  Comparison of prediction accuracy of

four methods

TN i
I ] JCIRIEA  MRBGREE GE KR AARIREE
(W/m?) () (m/s) () ()

8:00 585 25.10 2.2 205 34.53
8:15 610 26.50 2.0 224 35.79
8:30 649 26.50 2.1 252 35.62
8:45 665 27.30 2.9 199 38.60
15:15 699 32.50 2.2 242 45.22
15:30 518 32.30 2.6 242 41.97
15:45 311 31.10 3.2 273 38.62
16:00 159 30.80 2.4 205 34.64

TR &I % RMSE ik RMSE Wik MAPE (%)

ESN!™ 50 0.66058 1.4475 6.81
Leaky ESN® 50 0.5922 1.2052 5.27
VML ESN® 50 0.47278 0.7931 417

JER ESN 50 0.42802 0.6399 3.45

IR 3 AT LA Y, TE A A& I ISR [ 1% 1
™, XFEESCHER (10, 25, 29] H1771%, Leaky ESN Al
VML ESN W28 #85 1& T fiff 26 MR 2 1 138 R
FHXS ESN BTN 45 SR AT AR K B $2 v {H AE 3R [a] 75
PRAS 388 T 3 e 38 A R 0T, B TR A S
SR Z AT BA B S TR 2 MAPE =
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3.45%. FEIR [A] PRSI B TR FZ 2301l & ESN (1)
1.97 £, Leaky ESN f 1.52 f%, VML ESN fJ
1.21 f%.
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Fig.4 The actual output and original data of
four methods
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Fig.5 The prediction error of four methods
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Fig.6  The optimization performance analysis of
different delay factors and sizes of reservoir
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Table 4 Delayed ESN performance analysis for
different sizes of reservoir

filf AL (N) FEAKE PN ERR (WXMAPE)
20 1400 0.0514
30 1400 0.0495
40 1400 0.0407
50 1400 0.0345
60 1400 0.0352
70 1400 0.0667
80 1400 0.0542
90 1400 0.0571

M 4 ATLAE Y, & e N = 50 B, Tl
WAL MAPE /)N 24 N = 70 BF, Fi0l 4 5 (1)
MAPE K. $52 b, & s (1 e A —
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SRAF I TR

4 ZEip
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