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Application of RBF-AR model in the daily grid electricity forecasting of
the Three Gorges hydropower station
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Abstract; According to the nonlinear characteristics of the daily grid electricity data of hydropower stations, the
state-dependent auto-regressive (SD-AR) model is used to describe this data. In this study, the Gaussian radial
basis function ( RBF) networks are used to approximate the functional coefficients of SD-AR model, and the
parameters of the RBF-AR model is estimated by anoffline structured nonlinear parameter optimization method
(SNPOM). After that, this model is applied to predict the data. Through the train and test for the real data of daily
grid electricity of hydropower stationsin the left bank and right bank of Three Gorges as well as comparison with
other classical algorithms, the forecasting accuracy and feasibility of RBF-AR model are verified.

Key words: state dependent model;the grid electricity forecasting; nonlinear system; RBF-AR model ; parameter
optimization
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2% P T A B, XA R T ARRIR e AN B ST IRIR P L, B — A ik
(1) PRI T 7 R A A 1 H L B DT RERS AR IR A M (AR B — IR e s iR, 2R
BT S TS T R AT TAE, R T —Se T AT ik, RILDISSE0 HR H T — Rl It T R R 35
TP SR K L A S 24 R A T AL 8 s 7K PR SR B R T B AL A R AR A £
ARE, TARAR AR B T D s i R o R 2 A R 402 (e PR AR S o A A T I ) 4
H A 25 10 45 L LSS T 775 o Dedinec 855 FH VAR B 45 28 190 245 X6 T FL T, 7 B fer AT 1 000, 9 5 1% 4
(22 X 245 AH FEARAT T AR /NS5 X R 2508 . T4 SR 35 1 DX sl A5 8 Al A 19 O 3 FH 1 KUERL 3 1) °F
PR B i B UE T R S B R E T TR LR B — R R B B OMR ZE AR T 11.32% , R
Iﬁfﬂi%:s]%}%*ﬁ?ﬁéﬁtﬂﬁ(particle swarm optimization, PSO) %475 2 [m] £ 4% ( back propagation, BP) 557 4H
EAT T —FIOCAR & B AR AR | I i SR TR (KRG, Zhang S5O0 $E HURE /N AR B, W B A
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A SCEF X = A7 R RIAT R K HL el B H R AR Rk R HH R R AR AR SR IR S AR 1 (81
( state-dependent auto-regressive, SD-AR) BB HGIAIK HL vl [ X H HL & AR LR RRAE , £ s B A% 1) I pRi K
(radial basis function, RBF) # 22 % 2% % 48 i SD-AR #5554 (1Y) pR 0 A 22 %0, #4) 4 RBF-AR #57Y R F Peng
AELTSI ) 25 R A AR Rk B 8004k )5 125 (structured nonlinear parameter optimization method, SNPOM) X}
RBF-AR BRI G TR AN B ARG OB AU AR 1 9 H i AT 100 . RBF-AR 18 24 ki1t
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{y(t) =f(X(t - 1)) +e(1) (1)
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(1) =bo(X(e = 1)) + X, (X(1 = 1))y(1 =) +e(1) (2)
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Y1) = $(X( = 1) + X, (XK= 1D)y(e =) +e()

Go(X(e = 1)) =cj+ Xclexpl=Ap [ X(t=1) = Z, |13 3
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Fig.1 Daily electricity on the left bank
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y(1) = (X (2 = 1)) + Z,dy,i(X(t - 1))y(

o(X(1 = 1)) =< + Aﬁlciexpé—n I X - 1)

X(t-1)=[y(t-1),y(t =2),,y(¢t =5)]"
i RBF-AR (p,m,d) RFm R Hp d=dim { X(¢-1) |,

—0) +e(t)

_Zk ”Z%

b, (X(t-1))=cy+ D el expl=A] [ X(t-1) -Z, |3}
k=1

(20)

A ALC YEN BEPAR I S 40 3. RBF-

AR iR SR 45 S ECH m, X m=3,4,6,8,10,12,14 16,18 X EL{E 0% 1 SNPOM 1Ak 77 B A TR0 L
¥ RIS TE Matlab2010 , AbFEES 4 Intel(R) Core(TM)2 Duo CPU, 2.53GHz, RAM 5 4GB ) Windows10 %

GEhSE i, A I TEAS R B T2 4l AU DU A — Se VR RE SR bR IR R L3R 1,
*1 AESHSHER RBF-AR EEX E M H B SN SRS R
Table 1 Prediction results of RBF-AR model on daily electricity with different number of nodes

A 25 IBATIFIE]/ s Qaic Quspx107 Qruse X107 Onwse
RBF-AR(5,3,5) 3 8 -110.0 4.48 6. 69 0. 360
RBF-AR(5,4,5) 4 20 -84.4 5.03 7.09 0.382
RBF-AR(5,6,5) 6 73 -27.4 7.25 8.52 0. 459
RBF-AR(5,8,5) 8 144 79.6 45.90 21.40 1. 150
RBF-AR(5,10,5) 10 115 93.9 18. 80 13.70 0.739
RBF-AR(5,12,5) 12 448 151.0 28.10 16. 80 0.903
RBF-AR(5,14,5) 14 231 191.0 24.10 15.50 0. 836
RBF-AR(5,16,5) 16 498 345.0 562. 00 75.00 4.040
RBF-AR(5,18,5) 18 363 392.0 631. 00 79.50 4. 280

MR 1 AT LA Y, TOOAS TR 2 550104 3 P AR A0 J0 000 P BB 8 s fe /ML 100 I 3R A5
Ry e/ MBS LT PRI S A SC I INAR 7R, A SCHIN AR R 18 RBF-AR (5,3

PR 1 HPERETR AR
,5), H1 T RBF M&& 145

SECE D BT AT A R AR A A B TR N R RE SE AR, ARBE R 1 i — L GHIE T AE AIC [HE/NH LT,
MSE, RMSE HI NMSE f98UE Wi/, di ] SNPOM Ak J7 1245 H B4 I 2 AU S B 5 1000 DL I 2.
BN ZAR RHER H  ZSR 5 S5 AR R Y S B (5 P AR e A ng B . NI 3 ] LAAR A st
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and training data predicted values of testing data
> A 751 N _ ) i I . _ " _
AT AT HBA RGN RBF-AR BRI F2 AR ARE A A0 AT
RGRE, 4 i) et s /Iy — 3F€ ik R I 1] 4% 4 ((back Table 2 Performance metrics of different
propagation, BP) fill £ [ 2% 1 i 2 B 58 3k X6 1 Y algorithms for the testing data
H oL S8 T, LSM 5 BP IR IRERIL S . R BATHIEL/ s Quspx107 Qpuspx107 Qnyise
BP BRI Y LEA R 5-7-1, % 20 %R 0. 1, ECIREL RBF-ARG,3,5) 8 4.48 6. 69 0.360
N N 3 3 4 e YAN=IT R LSM 2 4.59 6.77 0. 365
H 10000, 9 T HE 3 BT EIGRARERE , 52 HIRE 3 s 2 Emoem 030

FEEIEAT T 100 25, 15 5 MSE , RMSE Fil
NMSE {H ¥ {H 3 3 an 3k 2 Fs .

M2 AT LU 1, RBF-AR 5B 4 300 25 548 T 1% 48 LSM
1 BP 592, i T SNPOM fifi Jf] LSM X £k M58 2 A7 04k, T LA
FEIZ AT A (] FL Al () LSM 22K 0 (H/0F BP B3k, a4 T
PE— L BAE T SNPOM M Ak 5 A H L I BTS00 b g ml A4
4.2 =IRAFKEI _EWBBEHN

J T B UE RBF-AR A7 B A s50bk , i F = 0945 772 K
FLU4 2008 4F 1 H 1 H % 2009 4F 12 H 31 H Y LW H &t

730 AR RO R AT ) 670 2 IR I ZR A, O I 74 147220293 366 439 512 585 658 731

BE 2 A6l MR RN, 20— LA PR W H i I Tfl/d

AR 4, 4 ZP—WABRAERKEE EMAEE
@TEEE( 1), T1E AIC {H B /ME LT B B R AE S B LB B By Fig.4 Daily electricity on the right bank

W BRI 13 B [y (1=1) ,y(1=2) , -,y (t=13) | KT hydropower station after normalized

y(t) , P RBF-AR BERIZ5H 00T
y(1) = do(X(1 = 1)) + quy,i(X(z 1))yt = i) +e(t)

o X(t-1))=¢) mcgex - I X(t=-1) -Z, |3
bo(X(1-1)) +; pi I X(t - 1) I3t (21)

m

b, (X(t-1))=cy+ X expl-AL [ X(t-1)-Z, |3}
k=1

X(t-1)=[y(t=1),y(t =2) - y(t=13)]"

A5 H I RAE Y ) TN 5 SEPRAE AN & 5 B, IR S o] LA A 0 fl v B R g S B AR 2 Ak i 3
3 45T RBF-AR(13,3,5) %45 1LSM & BP B %) L g #2855 . LSM ARSIk h 13, BP 45442 13-
25-1, %48 60000 Yk, M 3 ] LIA H RBF-AR #5080 5 1 45 S T Hofth 2 Fpdgyg
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0.6 L s )

*3 ARKEBHEMBABREHRNER
Table 3 Predicted results of daily electricity data of

0'214 2'2 3'0 3'3 4'6 5'4 6|2 the right bank Hydropower Station
T/ il BATHHE/ s Queex10™* Qprygpx1072 Onuse
B 5 K HE R S RRE S A b RBF-AR(13,3,5) 154 2.95 1.72 0.551
Fig.5 Comparison between actual values and LSM 5 3.29 1.81 0. 581

BP 856 3.91 1.98 0. 633

predicted values of testing data
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RBF-AR BRI F 45 85 AL 2 R R A7 LA, 1l i iR 30 UEAS ) RBF-AR A RL7E 34 77 22 S PEfEfe br L
BA R, W30 R BN 7 g0 Al B9 H AT & B B —E IS E M E,
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