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Short-term wind power forecasting based on improved crow search algorithm and ESN neural network
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(1. Henan Xinxiang Vocational and Technical College, Xinxiang 453000, China; 2. Henan University of Urban
Construction, Pingdingshan 467036, China; 3. State Key Laboratory of Alternate Electrical Power System
with Renewable Energy Sources, North China Electric Power University, Baoding 071003, China)

Abstract: Accurate short-term wind power forecasting is important for improving the economic and stable operation of
power system. Since it is easy to be affected by subjective factor and fall into local optimum in parameters selecting
compared with traditional Neural Network, a novel combination forecasting approach based on Improved Crow Search
Algorithm (ICSA) to optimize the parameters of Echo State Network (ESN) neural network is proposed to overcome
above inadequacies. The Lévy flight is introduced to increase the searching efficiency at initial stages, and during the later
stage of iteration, the Gauss function is added aiming at making an appropriate adjustments for the whole trajectory points
after evolution, which can guarantee the ability of global optimization and successive approximation; it chooses optimal
the weight values of the hidden layer to enhance the efficiency of neural network training by ICSA algorithm. Finally,
effectiveness of the proposed forecasting model is tested on two groups of experimental data, the results show that
proposed algorithm can effectively cope with the variability and intermittency of wind power time series, having higher
modeling precision and faster convergence speed.
This work is supported by National Natural Science Foundation of China (No. 51677072).
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Start

initialize the crows (x;,m}, p;), flock N

evaluate the fitness:= /% (x)

while (termination condition = false)
do
for (k=1 to number of max iteration)
for (i=1 to number of dimensions)

define f1f, p} of all crows
random select a crow j

if r,> pf
X =xf [ © L] (m) — x b (k)
else

update x; "' with random

endif
increase i
endfor

evaluate the fitness: = £*(x)

increase k
endfor

if A</
update memory m' " = x!"!

endif
end do
end

2 ESN M4

[ R MI 2% ESN ot —FiRE I 1) 3 A 36 U ol
ZM 4, H Jaeger 5T 2001 EHEH, HLZNIR
FHBRE R B 2% S SLVEMI L, ESN W48 2% 3 i F
By WD, ARG SRS PR
1] PR B A A, e gh bl 1 fros.

I Wout
ulO V «-- le
Woack
u —>
ZO —> -« OJ’:
o= —|on
1/4 1/4
—>
“O - <[on
EERTran =
AR (Fatr)2) iz

1 ESN #1224 4514 [
Fig. 1 Structure of ESN neural network

M1 HTEUE H, ESN #HZE M2 N2 3)
At %5 t(Dynamic Reservoir, DR). %t 220 . 1
P B A i A T Y 4% R AZ O 40, T A FHOR IR
BEHLAN LU g 7 O B B B TR AP e A i (— &
HUEh 50~1000 2 [8]), WO AT RN 212D RE .

Won Z, PZE N A u(n) « TR )
Hox(n) RS y(n) 7309000

u(n) = [u,(n),u, (), u (M)]'
x(n)= [x, (”)’xz(n)"",xN(n)]T (11)
y(m) =y, (n), y, (), y, (W]

DA 22 ) 295 FRDHR A BE BT R R A 0 B T 7 R
A
x(n+1) = fW,u(n+1)+Wx(n)+W,,yn) (12)

yn+1) =W u(n+1,x(n), p(n)  (13)
AXrf: [ EBEEENIMEICEE R, — B



W %, %

LT DAk B RS SVL M) ESN A28 190 23% F Jet 3] XU R )y 2 T - 61 -

sigmoid B¢ tanh PREL; £ 24 E IS BREL
RIS MR W, & N x K IIFERE, oA
JARIEEERIEBAUE: Wt Nx N R, R
B 75 J2 CIR A it 25 Tt ) N AP 2 TG KB W,
JE Lx (K + N+ L) WAEFE, LB RS R
EHARUE: W, 2 N x LSRR, Ko 2 it
0] B2 R R I AU

ESN #hz Mg 240, JA RS E 2= T
EPAUE T2 5 ) FE AT IR, A& JE 1
HERRUEAE I 2R 358 1 BEH L T A E s S 4 e
TORRFFAAS Ky T ESN M2 HA R id 2 Dhig
(B PRAE P 2% 1 [T R ), A 20 Bl 75 fiki 45t DR
TRFF1% ~ 5% MG, HILBUERRE W )% 42
y N1,

3  ETF ICSA-ESN HY%5 BATH R Fiu 45 84

FRUEN) ESN #1208 0 2% 2 i ok e /) — 3feidiske sk
file W, » AR RN S B )38 T R ZE RS
PP PENE Ty, AR SR AR RE IR AS
& BRI EERE S, Wl A2 R 2% ) B 7
EPEA M G BN R et . SCHk[20-21] 2351 K H
I R LSRR B 1L (PSO)XS ESN fifiZ:
W2 S4B T T — 2 ekdt, S T s
— 245 B G TR R AR R

A SOKG SO ) S S 55 I N B BESN s ) 2%
ZHW, TR, PR T ICSA-ESN 1)
MU AT R PR, 2 AR o T 5 1 A A
MG NAR, ST A AL B DA MR S BRI AR
RrE, EIEMN KL ESN A MR iRy o
i DR FIEME, JPR4A R LS AU IR 4 R ik
ITIEIE, SRR MBUERE W, B 5
WARME 2 Fis.

Stepl: WUt ICSA IFFE RN SE iR
e RIEARIREL Maxiter.  ¥AT DK JBRAIMER, FEAL
Az, $ X (8) A A A T

Step2: W4tk ESN fE M &5, shaftes
it DR %, AR, BENLAER W, « W W GE
B, e H bR k3.

Step3: K FIUAL R I (1)U ZRBF A K Hin A\ A28 %
2%, MRPEZN4) V15 0 1 R Y

Step4: Hd#f ICSA FL IR, ST 847 E,
THE S A S LA BN 4 SR B AL

Step5: HHT DR £ Ml -12y .

Step6: FLI 9N ACHT AL B Ak 1 38 N AR AN L I
SIS AR, A7 S ALK A E A R AR T s
WAL E -

Step7:  PRIBOFRE Y HIF 38 N AE A4 J5 D S st
i, A YRS AL, PR M F A7 B BN B 1)
2R LB E

Step8: FIWT & i L &1 41F fit<e (e AW
SE [ 22 PR AU ) BE AR IR EUA B Maxiter, i
SENEESS W, 42 )R I S EARA By ESN i 48 ) 26
T BUERRE W, RO N 2% 2 50T

LT AR [E] Step3 .

| )

VI LICSASLE 5% mmgfzji%‘xgizﬁ
R B B i N ]
i
P» , bi
ERBHUE DR, 42
L B A L A L

AT ICSA-ESNA I £
¥, VR Z N

AR AR

%A

R

A

B2 HiERiEE
Fig. 2 Flowchart of algorithm
Ferb, HAReREURIERNAR fir B TR ZERREL
fit = ﬁé[y(k) — (0T (14)
K y(k) Nk IZ) ESN # ML (5HAE: »h
BRI B S s MO YIRS AN

4 ZPRESSR

Sy AE S H ) ICSA-ESN 9 28 A5 75 565 47 4477 JXL
DR PIERRRE T, 43 IR Z IR 22 K HL3% 2016 4F 1
2 A6+ 7 AWALANLR IR B 5o %,
AN TG AGE . IS AR BRSO BB 1) 5 O
Z,003 1 HA S A1 H 24 h WIKZhZERIAT R,
RIFIH 5 760 LHEAE W INZAHEAR, 96 dEHRAEN
MRRFEAS, SRAEE A E Ny 15 min, X T e As ALk



-62 - @A &R B R

T A AL -
4.1 BHRLES5EKRNE

RZER A SR A, v A 21
AT 1 5 PG A2 AR 15 min FEEE, fEIZ01E
VRN SE B AR g S A R BT IR S TR P51, -0
B TEA TR 2 AP, e B ZRE 2L 3] 96
A, WIFFRNZR 24 h (TN .

N T A EE K B S A1 5, R lsidn
it DA R LAZ K I BUE DR, 3 2P AR &
AL T2 FTANEL), R Zhs K AEEAT A
Horb, WHUIZHUERHIAEN 2 446 MW, AU
HARTBSCR S RO ENR 1R,

F1 HEIBRVESHRE
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