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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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BLG 00 P Ao 2 o 2% S 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

A7 BRI R, Rl , LSTM & B A FEL AL G R
T2 I 4% K ] ) 6 S CAZ Bt
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Jo =0 Wy lhe—1, 2] + by) (3)
iv =0 (Wilhi—1, ] + b;) (4)
0y = 0 (Wy [hi_1, 2] + bo) (5)
Cy = tanh (W [hy—1, ] + be) (6)
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hy = oy tanh (C;) (8)

H, ¢, 1 C 2R ¢ I ZIF K S A A 3l
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[ 142G ¥.C (Gate recurrent unit, GRU)®!
Z LSTM ) —NEZEAE. ML T LSTM,
GRU #t47 7 — @M faitk: HEt s MmN T14 I
AN TS RT, FRONERITT; 25T K
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ze =0 (W [hi—1,24]) (9)
re = 0 (W [he—1,2¢]) (10)
hy = tanh (W [r; X hy_y,2]) (11)
By = (1 —2) he_1 4 zchy (12)
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Fig.3  The schematic diagram of GRU
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X =T+ S: + Ry (14)
Xt = Tt X St X Rt (15)
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Fon W, R FonaE. VA G LUET
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t
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t=ty

Sl (22)

t
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For, MEAN [ gMAXC gMIN FeVAR 2y AR R B E &
AR B R AR R BN AR R RN Bl 3
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11552 2] (Multi-task learning)® & [FIi} 2% 2] 24
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L
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RSN R E PR SR K PN DN R C A = R T3 i
1T FEFRAL 2 A B

AR SCHRIE AT 555 ST HOHEZR, K Jo 40 R A
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J = Lmain + )\Sgseasonal + Etrend (24)
Crend = A7 "N rend ™ + AT Cipend +
NP freng + M fyend (25)
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3.1 BERWIAEN

KRN EEVRAZ % BT (European Power Exchange,
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market). BEVR 11737 92 bR 22 & 3 2 K AR AE H A 22
Sy, lH EPEX VEE MR H AT 5 Hisa K
TR 24 NRAN, BRI — MR A

Kl 4 J7s 7 EPEX I T 2012 4~2015 4
() — R B A RN B AN A% B BB AbR i 22 . 7T LR
t, B0 AR HEZ AR R, £ 1/4 BLE,
TEA IS ] B (9:00~11:00) HIARHEZE B S H 171
fH. XU EPEX v:E M40 B i BB R
Beahtk. B 5 ME 6 75l ER 7 EPEX B E T
2012 F~2015 FEEE Y H A F 0 ks F0JE )
R, ATLUE H, iRt i H e 2 1
Tl AT BEAT G, REAE R kg 2 2R IARE
ARABARR AE 25, AT Hh D S 1 e S 12

SRR

i EPEX % B 1737 1 B 340 k% B0 A S
FORVR. FdE kB HATHE Iy, BE B E
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50 F -
40 + /’/r \'\.\‘V/ \‘vw

-+ Mean
== Standard deviation
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Fig.4 High volatility of electricity price
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Fig.5 The daily seasonality of electricity price

S 46 1
- 20124
50T — ~ ...201??
—~ el S |=-2014
= e S 20154
= 40 T - ™
~35} \\
8 N
£ 30t
25+
Mon Tue Wed Thu Fri Sat Sun
Date
Bl 6 RedE T MR I JE 20 A
Fig.6  The weekly seasonality of electricity price
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SIS T EG T UM AL B PR pH 22 X 4% RNN,
LSTM 1 GRU. 2N 1 43 B Ji HA4 25 Filia #5451 2% 1)
YEF, 7€ GRU [P 2EA b 25 7909 I Ja] B4 2% | e 3445
SR P N .

TR M TFEHEAESEE: REKX
N ARG W6 5 2] 2 iR/ (bateh size)s Y2k
A (epochs) LAKAEIR B . 1555 51 N8 45 2k Al
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REVE T 377 B AN B PO 28 A5 AT A O B H -390
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A 0, AHNESHUEFE . BRIRT N
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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

2 BT IR R A5 I A R A 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 REIE 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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