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Table 1. Evaluation of performance indicator based on O-KELM method and O-ELM method.

T T7 1% RMSE MAE NMSE L v n

GA-ELM 4570 x 1072 1.090 x 1072 9.900 x 1073 112 — 1.353 x 10~1

DE-ELM 1.330 x 10~2 0.094 x 10~2 7.888 x 10~% 140 — 5.777 x 1073

SA-ELM 3.120 x 10~2 1.070 x 102 4.400 x 1073 125 — 1.477 x 1071
GA-KELM  3.900 x 1073 3.000 x 1073 6.047 x 10~° — 6.160 x 1072 1.001 x 1072

DE-KELM 3.600 x 10~3 2.800 x 1073 5.584 x 1075 — 6.131 x 10—2 1.011 x 10~2

SA-KELM  4.600 x 1073 3.400 x 1073 9.280 x 10~° — 8.370 x 1072 1.058 x 1072

g% )E, #1gBAAEMRE E AFO- WA ARG S . B 245 0 T AN R B0 7 2k

KELM J7 ¥ 5 AR A O-ELM J5 ¥ () 75 I 4 &g 4 kr
XFE, AHE AN [F O-ELM /7 ¥E B )21 S8 H L.
ENAE Z %y, AF O-KELM J5 1S %y, 1IE
WA Ry IRIE S R R LG4 R 2R
FH, O-KELM 777 ) RMSE, MAE, NMSE {#1
e O-ELM J5 3 4f, H BA BN 10 5 22, Hh
DE-KLEM J7 2 F TN RS B 5 =

K12 H T RN BT O-KELM 77k
O-ELM J5i, Mt = 624—1123 (U4 HT 6 5 T4

Mt = 624—1123 (IFERT 6 25 T4 H 5 R G H K
e L P % S TN R 22 004 H PR 1 AN 2 W DA
O-KELM J7 v [ il gy th ) th & ) L P 2 2 A T
ARG A 2k, —F R ZENEIR N EE
G EARRIX ).

K33t — 545 T GA-KELM J5 7% i) RMSE
B HE 10 AR E b Ui Sl 28, FT BLE H, GA-
KELM 77 ¥ i Y S B e, 480k 29 55 I 33
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02 1 1 1 1 1 1 1 1 1
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n

1  O-KELM 775 O-ELM J5 %% Mackey-Glass
IF 151 470 0000 ) 225 SR B A

Fig. 1. Comparison of prediction results produced by
proposed O-KELM method and O-ELM method for

Mackey-Glass time series in testing set.
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#*2 3T GA-KELM J7iA U5 1 KELM W45 f 4 A\ 38 ik £
Table 2. Selection of input variables of the optimized KELM network by GA-KELM method.

z1 z2 x3 x4 zs5 ze6 x7 xg z9 x10 Z11 x12 x13 x14 x15

10 min 1 0 0 1 0 0 0 0 0 1 0 1 0 0 0
20 min 1 0 1 0 0 0 0 0 1 0 1 0 0 0 1
30 min 1 0 1 1 0 0 0 1 0 0 1 0 0 0 1
40 min 1 0 1 0 1 0 0 0 0 0 0 1 0 0 0

72 45, R [A O-KELM J5 i 5 A8 | O- IF, BAR/NA TR 2. o, $280 10, 20, 40 min
ELM 75 7% 43 5l 3 A7 $2 81 10, 20, 30 140 min Fill T B, GA-KELM J5 v B A & /N RMSE 14,
B 1) Envag F8FR XS HG, BLRAS [ O-ELM 7 12 1) B FL BT 30 min T K, DE-KELM 77 ¥ B A /N
JZ A H L BN Ry, AN FO-KELM J7i% RMSE } NMSE f#.

HIH% 280y~ IE AL ZR E0n 1A 0 B0 45 R 43 il th %5 2030 min FIM K O-KELM #i% 5 O-ELM 7
®3—KoLh. VI T SRR L
%3 423710 min WM O-KELM 7% 5 O-ELM 75 Table 5. Evaluation of performance indicator for 30-
PR REAE FRT B minute ahead prediction using O-KELM method and

Table 3. Evaluation of performance indicator for 10- O-ELM method.

minute ahead prediction using O-KELM method and

T 75 92 MAE L ~ n
O-ELM method.
GA-ELM 1.3962 167 — 4.902 x 10~1
T 52 MAE L v n DE-ELM 1.2306 204 — 9.407 x 10~1
GA-ELM 0.9628 78 — 2.1223 SA-ELM 2.7869 135 — 9.120 x 10~2
DE-ELM 0.9673 87 — 5.0793 GA-KELM  1.3606 — 120.43  3.038 x 10—2
SA-ELM 1.1608 150 — 19.107 DE-KELM 1.0678 — 168.12 1.033 x 10—2
GA-KELM  0.4207 —  599.34  2.762 x 10~2 SA-KELM  1.3510 —  185.25 1.607 x 10~2
DE-KELM 0.4655 — 588.97 1.518 x 10—2
2.0 T T T T T T T
o —2 -
SA-KELM 0.4773 473.38 4.829 x 10 - SA-ELM U
1.5 — SA-KELM -7 1
F4 AT 20 min FIHF O-KELM J7i% 5 O-ELM J5 S
- wn L
VR TRO 4 BEHE AR e E 1.0
Table 4. Evaluation of performance indicator for 20- 056
minute ahead prediction using O-KELM method and
O-ELM method. 90
1.5 T T T T T T T
T 7% MAE L v n ---GA-ELM
Lob — GA-KELM
GA-ELM 1.0962 210 — 3.1028 2 =
=
DE-ELM 1.3106 230 — 0.6145 Z 05
SA-ELM 2.1290 192 — 1.2767
GA-KELM 0.9405 — 154.32 1.006 x 10—2 0O
DE-KELM  1.0066 — 121.22  1.016 x 10~2 1.5 ' T T T T T T
---DE-ELM
SA-KELM  1.0399 —  195.99 1.173x 10~2 Lo} —DE-KELM e
g L
w0
HTEEM R SRR, R, 2
AN GA-KELM, DE-KELM, SA-KELM 772 5
N 0=
FIF5%F EE i GA-ELM, DE-ELM, SA-ELM J7 4% 0
S e ] e . : PERTTIHT ] /mi
WIBEATHERT 10, 20, 30 F140 min T NMSE VML fmin
b g & SR TS K T O- 55 O- 5
KA, HT O-KELM 75 1 3k 47 5 (9 RMSE ;MSTEEQAQ;J/ KN O-KELM J5#:5 O-ELM J7i%
i LA LA G =] _ -
)‘J EE s Hj }‘A lgl 4 *D J E/J - %ﬁﬁj‘iﬁ Hj’ O Fig. 4. Curves of NMSE results using O-KELM and
KELM 75/2 i RMSE, NMSE 15 ié] tt O-ELM 75/2 O-ELM method at different prediction horizon.
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#6  FEHT 40 min FIK O-KELM 755 O-ELM J5
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Table 6. Evaluation of performance indicator for 40-
minute ahead prediction using O-KELM method and
O-ELM method.

T 75k MAE L v n
GA-ELM 1.8102 174 3.6009
DE-ELM 1.7106 218 2.1616
SA-ELM 3.1097 131 4.977 x 1071
GA-KELM  1.6202 —  81.856 2.183 x 10~2
DE-KELM  1.6771 —  142.84 1.033 x 102
SA-KELM  1.8459 —  100.32  3.997 x 10—2
3.5
ISA-KELM
3.0 CJGA-KELM
B DE-KELM
25F 1T
B 20
=
o1t
1.0F
0.5 HI
0
10 20

30
T R /min

5 ARETAK K O-KELM (¥ RMSE /5
Fig. 5. Histogram of RMSE results using O-KELM

method at different prediction horizon.
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Fig. 6. (color online) Comparison of prediction re-

sult using GA-KELM method and actual value of wind

power for 10-minute ahead prediction.
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Fig. 7. Comparison of prediction error between O-
KELM method and O-ELM method for 10-minute

ahead prediction.
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Abstract

Since wind has an intrinsically complex and stochastic nature, accurate wind power prediction is necessary for the
safety and economics of wind energy utilization. Aiming at the prediction of very short-term wind power time series, a
new optimized kernel extreme learning machine (O-KELM) method with evolutionary computation strategy is proposed
on the basis of single-hidden layer feedforward neural networks. In comparison to the extreme learning machine (ELM)
method, the number of the hidden layer nodes need not be given, and the unknown nonlinear feature mapping of the
hidden layer is represented with a kernel function. In addition, the output weights of the networks can also be analytically
determined by using regularization least square algorithm, hence the kernel extreme learning machine (KELM) method
provides better generalization performance at a much faster learning speed. In the O-KELM, the structure and the
parameters of the KELM are optimized by using three different optimization algorithms, i.e., genetic algorithm (GA),
differential evolution (DE), and simulated annerling, meanwhile, the output weights are obtained by a least squares
algorithm just the same as by the ELM, but using Tikhonov’s regularization in order to further improve the performance
of the O-KELM. The utilized optimization algorithms of the O-KELM are respectively used to select the set of input
variables, regularization coefficient as well as hyperparameter of kernel function. The proposed method is first applied to
the direct six-step prediction for Mackey-Glass chaotic time series, under the same condition as the existing optimized
ELM method. From the analysis of the simulation results it can be verified that the prediction accuracy of the proposed
O-KELM method is increased by about one order of magnitude over that of the optimized ELM method. Furthermore,
the DE-KELM algorithm can achieve the lowest root mean square error (RMSE). The O-KELM method is then applied
to real-world wind power prediction instance, i.e., the Western Dataset from NERL. The 10-minute ahead single-step
prediction as well as 20-minute ahead, 30-minute ahead, 40-minute ahead multi-step prediction for wind power time
series are respectively implemented to evaluate the O-KELM method. Experimental results of each of the short-term
wind power time series predictions at different time horizons confirm that the proposed O-KELM method tends to have
better prediction accuracy than the optimized ELM method. Moreover, the GA-KELM algorithm outperforms other
two O-KELM algorithms at future 10-minute, 20-minute, 40-minute ahead prediction in terms of the RMSE value. The
DE-KELM algorithm outperforms other algorithms at future 30-minute ahead prediction in terms of the normalized
mean square error and the RMSE value. The results from these applications demonstrate the effectiveness and feasibility
of the proposed O-KLEM method. Therefore, the O-KELM method has a potential future in the field of wind power

prediction.

Keywords: kernel extreme learning machine, optimization method, time series, prediction
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