Fa6E FoeM H 3 b % #H
2020 & 6 H ACTA AUTOMATICA SINICA

Vol. 46, No. 6
June, 2020

5T B A AR AT B FF BTN 3% R et UM 53

wER EER T EERS HEE K&

B B’ NPT AT NS A AT R, W B R IR AR TS AR e B A R, 5 AR ST R A 2
BroT i RE L, TR B2 5T A7 1% B RE A S B RO VR 2 e b, ok A S 2% A Rk A I 18] 1 21 A L RO RCR . O T E M
o0 2% e o S AN () 1 570 00 1) J S R 5 vk, A SCAE AR P 22 10 2% (X B Atk 1 51N T A BB R A i 2k, 57 T 2
T S AR 22 AT 55 2 2T RN 1) 5 51 TR ARE TR . K 4SS 7R 7 P 38 R R 52 B T ik R T 3 ) B D T 30 A0 A% T o, 5 SRR
B JE] S35 R AT 3 40 K RE 6 1 2 I 28 N2 AL RE 0, I 72 v TN IR 1) 1 70 95 PO 0 ..

KHEIA) 1A AT, PRALAE ST, PRI AR A S S A

IR IRfEE, BB, TR, MR, 5Kk, 35T R s p i (e 5 50 B 7 ik S s BINET 7T, B 324k, 2020,
46(6): 11361144

DOI 10.16383/j.aas.c180712

Time Series Forecasting Based on Seasonality Modeling and Its Application to

Electricity Price Forecasting

XU Ren-Chao'  YAN Wei-Wu"?  WANG Guo-Liang® YANG Jian-Cheng! ZHANG Xi*

Abstract Time series data exist widely in human production and life. The real time series data often contain com-
plex nonlinear dynamics and seasonality. Compared with traditional time series analysis methods, deep learning
based methods have good modeling effect for the time series with complex nonlinearities but fail to model the sea-
sonality and trend of time series. In order to model the seasonality and trending explicitly in neural networks, this
paper introduces seasonal loss and trend loss into recurrent neural networks (RNNs), establishing the time series
prediction model based on seasonality modeling and multi-task learning. The suggested method is then applied to
the electricity price forecasting on EPEX (European Power Exchange) France market. The experiment results show
that seasonal loss and trend loss can improve the generation ability of neural networks and the performance of se-
quence trend forecasting.
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city, ARCH)™ 1™ L H [BA A 7 77 Z A (Gen-
eralized autoregressive conditional heteroscedasti-
city, GARCH)® 3|\ T 5775 72, R 6] 5 51 (35 5
PEREAT RS, JETHLE 7 S I SRR IR B LA (Sup-
port vactor regression, SVR) %1 A5 (Kernel
ridge regression, KRR) 5 77 VALE N [8] F¥ 41 43 #7
S KERHFE . BEE RS IR A RE,
PEIR LN 245 (Recurrent neural networks, RN-
Ns) CLZ8 R A0 BRI [8] 7 51 i 6 2 30T, 72 K&
M3 5 BUAS T AME R ROR 8 (8] R A 9 2%
(Echo state network, ESN) & i [6] 7 1] Fil il 1)
AR,

e 8 B I 8] 7 1) 73 A 07 VA TP Aa Ve AR 1,
Xof R 1T A (R IS 1) e A7 A L R T R, B X
LLoS 52 2% AR 2 E I 18] P 51 B4 2R AT A R
SVR Al KRR S5 HLas 2 >) J A8 1 3l & 17
AL IR 751, 20 T I 8] e 5 E 88 0 75 41 g
AN BE AR 4 1 478 H2 I 1) P 1) o B IR AR R[] i
SVR Ml KRR 32 [R AR5 &, 3 LA TN ELL
PN 8] P 51 4 B FE 28R . R B2 A 28 D0 9%y T JHL e i
HIILE RE ), 1R 2R AR LR I 18] Fr 51 i dhs 1 AL B2 7
A& KRR . FFEX T #5075 E H,
IR AR 22 W 25475 58 NSRS IS 1) 15 51 S

HEVR QIS A2 7 A K I [) 3 471 ) 450K, 2 H
P X0 e 50 B KB A ks AR g A%
B, Hoh, Bt i 2 BB T 7 LRSS HE R 3R,
SN REVR T 3 B A AT, REIR T I E HE
16 5 e A g = el =TT G Y D (2 S S S
I A 5 SR B B RE A . R A A 2 PR D A i A
AR 1, T B 0 7 SR 2 N ST S IR U R 5
Wi, EIXLEFEM A 2N, H 724 A% Hidls S I e Y
SoRARLNE BN A, I A . SiAh e kg
AT A B S 0 A S

& GE IR 18] e 27 FHEI 75 356 B g A7 A% B 00 2
A RERAIE TR P, T A9 B e 22 19X 44 A5 FE D A A%
TN o R RE AT T AN A ORI B BE Y A
) 7 210 B0 A S Ve S A, A% G i 7 70 2 R G 5 A
TRITVE, T H RGP0 22 I 2 v I8 A 0 I8 ) 15
I SAPEBEAT AR AR H AT, VR 2 BT T AT RS
By B I T, EEWFR L/EA: Clements
LIRS T 2 T RER R R A JTVE, AR R IIA T
JE AV RE | WU B 5 117 1 1) R g G AT TR
Anbazhagan S5 1 FH 25 80R 5% 748 e Ab 38 R 45 7
F, I F e PR 2% 3 AT B Rafied 8520 3 F /N

AL AT 5, I PRI 2 STHL 53 5 itk
e

SR 22516 24 30 LI 6 F 310500 £ 49
Ve B AT R I R, K S e P 314
SR AR, T T AR w2 0 44 1 FE B90450 2 o 3
35Kk, 45 BRI TR 51 £ SR 9830 44 0
B 1E2AT 45 STER T, H B R 5 K A
FUH 11 S 0 R HORE 6 2, Tt DR P 5 22 0
Y. HE L AR T B T 8 1 ol g R T, 52
o 2 IR T BT RO TS FE | B 7 e S50 5t
S B 6 P 0 000060 R, 5 B9 2 S 4 £ 1 P 390 2K
TR 5 B 05 5 R BT B 6 S M A

1 B EEmLg

AT A 28 [0 265 2 i FH (0 AT ] 5 271 P A 22 )
ZEAVIRY . I AP 22 DX 4 A5 FH T ) 1) s ) % R R
% (Back-propagation through time, BPTT) &l
RN 2.

1.1 E#EIFRET

BLGH 0 P Ao 22 R 2% R L JR T R A an 1 1 By
GRS W)
ht = f (Ul‘t + Wht_l) (1)

O¢ :g(Vht) (2)
He U, v, WHEMERSE, g RRBUE
BR%L, T LLE ReLU. sigmoid 1 tanh %5 4E 2614 bR
Bz, Ront BRSO, hy Rt B Z1 9 25 1 B
HOIRZS, o 7 t I ZI 2% 1 %
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Fig.1 The unfold structure of RNN
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(Long short term memory, LSTM). LSTM 4
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Fig.2  The schematic diagram of LSTM
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ze =0 (W [hi—1,24]) (9)
re = 0 (W [he—1,2¢]) (10)
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Fig.3  The schematic diagram of GRU
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Fig.5 The daily seasonality of electricity price
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Fig.6  The weekly seasonality of electricity price
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Table 1  The hyperparameters of RNN

S FARBUE

ISP NAN 64

Ria RMSProp, L& #8Y

IR 0.001

HERA 64

R % 12

IR B 14

R 2 5T R R AR I A R B

® 2 FAWHURAE SR KB G

Table 2 Weights range of seasonal loss and trend loss
& A Y
As 0.05~0.15
AMEAN 0
)\¥AX 0.05~0.1
)\I\TAIN 0.05~0.1
AVAR 0

B 7 5 N LR AT R EE, 3B A
HH T ARIMA.SVR fil KRR 1E Ay Eb AR 7Y
SVR F KRR [ 2 #3538 53 A8 Y SR 8] BN 1)
5 Y148 XEGAE Bk i, Wik 3 M2 miaz. N7
2 ARIMA SR8 A TR, o 1A ik
s BT R R AR BE, RIVK P 51 ek 25 B /ML IS BN 3,
SR G BEAT RGN JE ) ) A IR 25 4%

p= (11 -4 In(p —minp+1)  (27)

SIS R H Y 7 iR 2 (Root mean square er-
ror, RMSE) A3 465%f 1% % (Mean absolute er-
ror, MAE) {E A PF Ha R

1 )
RMSE = | % > (i = v) (28)

t=1

N
1 .
MAE = + ;:1 |9 — yi] (29)

Horp, N ZRoR B A B E) 5. RMSE thi2
FAR BRI ZRI F 45 R AR A

N T A B LA B AR S, AR SR 5]
AT WAEAMER, BB AR MAEM
i /NEHRL IR ZE MAEMN | 53 51 % SR 0] 4
R B A A o RABL A o /IME A TN

M
1 . ;
MABMY = =23 jmax (11, 91) =
t=1

max (Ys—w+1," " »Yt)] (30)
M
MAEMIN_iZ‘min(A A)_
= M yt—w+1’ » Yt
t=1
min (¢ w1, Ye)| (31)

b, M ORI R BRI 23 O S RO

M T2 W & AR I ZRad 7 v B — 2 B BE AL
Y, BRI RN 45 2 (0 45 R A Fr A TE]. O T ORAE
Sl 45 RS E, X T AR R4 I 25 R ] T
& 10 RN GRIF R EE R A E AR fEZE . %
JTEAE REE RS T IR 25 R IR 3.

T3 IR I REIRA A% I RCR XS b

Table 3  The result comparisons of different methods for electricity price forecasting

AL RMSE MAE M AEMAX MAEMN

ARIMA 6.41 477 5.15 482

SVR 491 3.71 4.27 3.34

KRR 5.14 3.75 3.81 3.78
RNN 5.0940.24 3.7540.19 3.7240.28 3.7840.19
LSTM 4.9040.18 3.65+0.17 3.65+0.42 3.6140.26
GRU 4.8340.19 3.5440.06 3.64+0.31 3.5640.26
GRU, As = 0.1, AYAX =0, AN =0 4.714£0.16 3.49+0.13 3.53+0.28 3.5340.15
GRU, Ag = 0.05, XfAX =0, AFN =0 4.74+0.11 3.45+0.18 3.53+0.23 3.48£0.26
GRU, As =0, MAX =01, AFN =01 1.8540.16 3.5740.20 3.41.£0.26 3.4140.18
GRU, As =0, XyA% =005, NN = 0.0 4.83+0.11 3.54:£0.08 3.39£0.18 3.4240.15
GRU, As = 0.1, AfAX =01, AFN =01 1.68-40.08 3.4540.03 3.35+0.13 3.3340.12
GRU, As = 0.05, \YAX = 0.05, \YN =0.05 4.60+0.15 3.34£0.12 3.38+0.13 3.274+0.11
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