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A multi-component short-term power load combination forecasting method on a time-frequency scale
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Abstract: The increase of stochastic factors leads to increasing complexity of power load data components. This makes
short-term load forecasting progressively more difficult. Thus a combined forecasting model fusing a temporal
convolutional network with multiple linear regression on the time-frequency scale is proposed. The complete ensemble
empirical mode decomposition with adaptive noise (CEEMDAN) is used to decompose the load data into multiple
intrinsic mode functions with different frequency features in the time-frequency domain, and the intrinsic mode functions
are clustered into random and trend terms under the fuzzy entropy criterion. The Pearson correlation coefficient is used to
pick out features that are highly relevant to the power load from many influential factors. The analysis of a small time
scale makes it easier to determine local detailed features, and the fine granularity feature set of the random and trend terms
are constructed respectively. The temporal convolutional network (TCN) with strong nonlinear processing ability is used
to predict the random term, and the multiple linear regression (MLR) with simple structure and good linear fitting effect is
used to predict the trend term. The final predicted value is obtained by superposing and reconstructing both predicted
results. Experimental results on two datasets including for Singapore and Belgium prove that the proposed model has high
prediction accuracy, good generalizability and robustness.
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Fig. 1 Relationship between electric load and weather factors

1.2.2 4. 40k
ARETRE VAL, FEAS[R] B E) ROBE - 3R13 1915 BAF
e, ANFEE AN E IS A B A AR
(1o SXFPAH ELAE A SR U KB T R I 4
A /NI R I G A )75 5%, /N (] RUBE 1 ()
PG R AR K TR R I AR Ak . R, A
P& v B A TOOIRG B, MR 67 Ay B0 3 20 A B 1) 1)
RS AN R IR BE AR AL, A SCHKs g sk £ s &l
43 ORI TR RUPE T (PR AR 52 R /N 8] RUBE T 1 4
UKL FEE o UL JSE SR FH SRS IS ] P (B /NI ESUREAEL T
B A FKoR.
60
zﬁg; (17)
o, AT JH S B KA i (B A) R, 54574 mine
PALL AR 2020 544 1 B ) 6 fur 2504 M 51, oy
SRR A0 FORE B A A S s B T 1) A S i A T
TR T NIRBLEE A, SRAASCR M
TR 7 9% 5 SCRR[23] BT 5L LSTM-MLR X AN [A]
R E R S SRR AT N, A5 SR 2 Fion. R
P o e A BT el i, B ANRORL RS A RN,
RO AR 10 Jey S A T R S PR AR 7 s R AR Y
(TR 45 B3 A BT Tt

3.0 T

0,
emape/%
W

1 2 4
Ll
B 2 N EFRLE T ROFUNIR Z X1 EC &

Fig. 2 Prediction error comparison of different granularities

IR TAESE A FIRURL FE I, Hon B A IR
WU ARl St AT T A 2 i RO, A/ B 2020
SR I K RN 1 H 0 et i, SRA SO i
TIEST MAERRL Rl 5~ A 04 1 M1 2 FRPRE RSO B2 R 4
RURL EERFIE SR T 70 W, S5 R 3 s

RIS Te) FRUBE T R RELRIOAE s e 040 1) 42 R S5
RFAE, /NI T RURE T A 400K B2 e e 504k 14 J) 8 4
TRHE. EHG TR, SR, BENLIER
FRTREATL IS T 235 SRAE B 25 TN 285 SR v o 4 2 St



= fh, 5

Ao DRIE, B S bl B2 A ) =) B AR A A ST TN
FERERIOCRE  FEHTINIH AN LL R Y2 Bas S b, 0
IS RIBAE AN PR, T ECR I 0 i e AR A
R AWE MRS, S EEEHL R A IR
Hn sk ERIBOR A LEMIN B 4 B sl A
3 APAL, HTINSEORL . GHRURLE 2 18] T 45 2R ) 2= B
LU ORI L AHURORLEE 2 18] F000 25 SR ) 22 R /A
%, Ut W T BEATLAE: B o 1) e 32 AT AR AORE FEE 0
LTINS FZ R $R T2 18] BE K

3.0

emape/%

kL
& 3 TR RS TR FUNIRZE X EL

Fig. 3 Prediction error comparison of different datasets

2 HETUNRERIE

DN B TN A TR X K 94 s Kb B e ) 7
B b 0 S IRRHIE, BRI PR, A
tH —F 5T CEEMDAN 43 fi# 1) TCN-MLR 415 Fitil]
BEAY, SR S F, g A7 g T
2.1 ZékiEEY3

2 TR ARy — MR GE i B 5 T 77 0%,
AT B RS — R 8] )55
o HEGKMAEMNGMHEL, HaEmEE, g
PRI ARSI R, R, Bt 1] 7 21 a3
B AR RS, 2 Jn e [ml A R T RS i
WiE. fEZIUEMERAY, B R SHAZEZ E K
KA HENETEATR, AR EIH R
S BSOS B AR B B AR R, W (18)
y=by+bx +bx, +--+byx;+--+bx, +o (18)
Ky RRAEE; x, RnFBSANELR; pK
INHEHI by BoRH o ANAZRERNEIHREG: g R
ANATENHE: o ZoRPNHRE.

A IR T H g g e, S(8) P B S Bk
FPERIEA N

P=XxB+u (19)

— P ARUR R R 1 22 o B D e 4 T T vk - 51 -
D Lox, - Xy b, H
p.2 _ 1 x.21 xZ.M y b.1 + :sz (20)
Pu 1 X 7 X bM Hy

X X O MLR 3 NRRIE, AR R
TR R T AT s x,, RoNER ¢ NMFFAEXT RLIEE s
BRfE(E; B ONEIA RS E; b B w ;b %
R s MEVHRK, s=12,-M ; u NBENLILE)
M o R s MEIE.

K F /N Z3RiE RIS HAT A5, SR Rl
HERE, BUONTRINERS . S8 EIER A

B=(X"X)'X"P 1)

AR SCIEEL MLR A Ay 34 00 AR 20 (1) = 22 i
ESE I

1) WEHE 2R E, % ) g Al 347 Fidd
HUG RN, A R o B R B A
HELRPERI S R

2) WRHIEIEBRZ TR, §Em HL ) B fer () (R 25
RZFEM, BB R R A LR
G, L — MR BT E A 2, BAE L
FESEPR;

3) WARBJZ IR E, 1EAZ B [a] T B A
MLR #BSHA b, SR 2R R A A B bR
B, HETERNIENRERELSHIHE, FdEs
X~ IR A 2y B 3 AT T
2.2 BI[E)ETRMLE

I [ SRR R 4 S AE SR WX 2% f St -,
A TR R A BRI 22 B b 22 P 2 A 7Y, (s o]
UM KA A I 18] 2 471 P R BOCRRAE S Bl ), 7
I 8] F AR, e R SRS R H e 2 ¢ B
Z 2 1 (R N (B, by, ) ST R — B %
o R BR U ) DR SR A LR T AR AR ) e 471
B, A R B HE S 2 2 2 B AR K G
BT KA P25 (A2 T . LTk, TCN A
PR DR B, FEAS S5 25 3 I E 5 A 1 [ B 32
FHEZ R, KRB A X 22) iR .

K
GO,H)=(0* H)h, = Zoth—(K—w)d (22)
w=1

b H={hy,h,--h} NN B E FE 5
0={0,,0,,-+,0, | IEPIHZ, HRPMRK, o F
NERZMANEG d NEIKRE T

WK R R G 4 prox, Hrp
K=1x3, d=2"", E NERZEMEE. 1 d =11,
TN R RS R bR R R G AR . Shnifk IR



-52- B 2GR 54

BUHIEL, AR RGN T AEAR R 28 R80T, A

WA (g, g, g} AT REZ IR B4 N 7 41

{hmhl""aht}

& & & g2 & &
=2

o ( O j{ F ﬁ ;izjjilﬂbﬁ

rebetetititet

B 4 BAKERERLGEHE

Fig. 4 Structure of dilated causal convolution

N T nsR ML RS E M, AROIRJE M 25 I 2RI

HE LI FRO 0 P8 VR 2 o JEE AR A 45— A 81 1) /L, TCN
%ﬁ%%ﬁm%mw,%%Aﬁﬁ%ﬁ¢W%%ﬂ
HBAE, 20 Ix 1 REPRUAC RS B 5 4l v A3 1
BAE BRI 2 R v, S thaE B
AN R R . W] 5 s, TON AR LA i
TCH KRG R BCE A1, Bm e, Bl
%&ﬁ%%iﬁﬁQM&o

-+

A

B K 3
A

f

BEIF—1k

f

(17558 el

T Ix 1B
BEHLRIE A
T
PR PR
T

WEF—1b

t

T2 PR SR AR 4—?

[El 5 TCN MZ&HIE AL T
Fig. 5 Basic unit of TCN network

ASCHE TCN AN BEALI A AR Y , 32 25
AR LA E:

1) TCN 12 REE(S B HEIRE /198, i K G
RGBSR, W] DA Robif e 7
s I R AR OR 28, %k Ly i K0l v B AL

TR SAE IR 2% . A

2) TCN [HFHAT AbH RE e, AEFERH TA L
FIT B AHATURL E ) R RRABE IS P 47 g B HE AR A TR, 7
WA AR 5 MLR BEAYTEPLAD, 27+ 7 44 7l
R I8 FARE

3) TCN B A R 1k FEAL JRRE 1, 1R M8 208
JEE 3 O B P R A (v, A P RS e PR Az ke
Bt
2.3 EF CEEMDAN HJ TCN-MLR 4B & Fl & 8

AT B A TN T 9 R B TRAL . REAE
SRR . BTN B MEREVEAS 4 N k. ST
FEHEEXT MLR AR B FOIRS B s ok, fEIEAT
Bae BHE T, SRR TS S, B R EE
IR SR RAEAN T N T RN R RS, 2
BTG EE, kHL4E & CEEMDAN 5 FE A& A%
P TRAL T B JE a2 K1) o0 S BEA LIy i 5 e 3
Ty, ST RAEESBE A AmEHEE, U
T L3 A7 g PR EST R) ROBE AR Ak vT DL I AR 0 dE B
(PR SNAIR RN, 4 RS A EE g 47 fmr B a1 47
FHIE AT 45 B 50 AH DSRFAE, S TERENLIN 5 K
T T 3BT ) S P A RORSE B2 (R g Tl A 284 )
HINGFME . 454 MLR eI & 6E 1985 TCN BEWS
TREEFZH8 S A AR AR IR 34, 40 Sl Xof i 34 T AN il
BUITIEAT TR0, 328 i 00 00 8 o 2 Ay 435 oA R T
WS FE . e, JERE M RETEAS T IR 22 4 Hr R 36 IE
AT TR R . B 6 AR SCHE H 5 e T
W7 i

e S
H, g S A A —r> CEEMDAN/}Miff —» 5 T A&/

v
(ESTRRI AT,

|

|

|

|
ORI R R

|

|
\ HARIRIALR )

T RHE S N
B AL

A4
MR DT —> WADUE  WBRUE W |
A B g Bk |
RCH

& 6 AN ERIRIZE
Fig. 6 Flow chart of the load forecasting method



= fh, 5

S I UREE R (4 2 U Y R G 2 TN O i

- 53 -

2. 4 N IEFR

R T VA AR SCRT R Sk A Bl R 1) ) o
Wk, ASCRHPLIRZE (e, ) ~ PHILNTH
I3 IR ZE (e ) VARSI TT AR 22 (eppse ) VAN T
Fro %thﬁﬂ’m%ﬁ W)

e A\ :_Z|B]pred _queal (23)
0 pred _ preal
ULLY i en
0 | B
1 o pred real \ 2
CrmsE = EZ(Pq -P™) (25)
g=1

Robt: O MMRRIEMBEASRL: P Al P 43BN
R AN 25 LB B A R R LS

3 RBIsHh

AR ST ST I A 35 1 Matlab 2021b 5K

B, fEET- 4K Intel i7-7700HQ AbFE 2%, NVIDIA
GTX 1050 &K, B1THAFN 16 GB. A3 TCN 1]
SRR BN FRESRNECN 2, BERZAECHK 29,
BAZK/NA T, dropout 4 0.1, 2224 0.0046,
WZRIKECH 1000, RAb#8H Adam. LSTM (24
WEWN: BBUZ R0 MO8 32, %2504 0.002,
il if?ﬁt%ﬁy 100, ftik%sy Adam. SVR HIZHXE
WIR: BTN 4.0, RIASEERHSH N 0.8. ELM

MZHE R FREUZ S0 MO8 23, B R AL
A sigmoid.
3.1 FIniE Gafer AR T 43 4

FB IR BCHT Ny 20201 H 1 HE 12 A 31
H (s, SRAERT 18] [RIRE A 30 min, &
17 568 s%#5, EFRFmKF-HZmE 7 s,

7500

7000

6500

6000

i MW

5500

5000

4500 L L L L L L .
0 4 6 8 10 12 14 16 18
e X

B 7 #hinikee e

Fig. 7 Singapore electric load data

BTy A i B 4 CEEMDAN 43 e
HA53] 16 Mo, HAaFE 154 IMF &/ 14
Res 77 &. 7 EMTHIaE 8 fax. ME 8 #f
LA, S50 m il sh e Rk EE sk, i
HH 2% 73 1 I B ATLPE RSB 3 55 5 76 35 1 o sk B 3

-1000

e o
100 10000 12000 14000 16000
( oot e e

Res IMF15 IMF14 IMF13 IMF12 IMF11 IMF10 IMF9 IMF8 IMF7 IMF6 IMF5 IMF4 IMF3 IMF2 IMF16i%f/MW

2000 4000 6000 8000 10000 12000 14000 16000
200
s e e L P T | P I Ty
2000 4000 6000 8000 10000 12000 14000 16000
500,
=l Y, D ¥ T
2000 4000 6000 8000 10000 12000 14000 16000
0
_2;;] 2000 4000 6000 8000 10000 12000 14000 16000
5 08 En
- 2000 4000 6000 8000 10000 12000 14000 16000
Q
o 2000 4000 6000 8000 10000 12000 14000 16000
100
K=
_;00 2000 4000 6000 8000 10000 12000 14000 16000
W ————7——
- 2000 4000 6000 8000 10000 12000 14000 16000
100,
oS I ——F— T - =|
2000 4000 6000 8000 10000 12000 14000 16000
50
5 ] — T \ ————— T —
2000 4000 6000 8000 10000 12000 14000 16000
0
§§Sm: T i i 1 ] ] I I 3
ey 2000 4000 6000 8000 10000 12000 14000 16000

KR

[ 8 #iiKE AR IR D RRER

Fig. 8 Decomposition results of Singapore electric load data
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Fig. 10 Prediction result comparison chart of each model
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Table 1 Error comparison among prediction methods in

Singapore dataset

[ e, /MW e/ % MW

ELM 135.7103 2.3600 177.4789

SVR 132.6102 22878 183.1931

LSTM 77.4625 13500 97.7612

TCN2¢ 70.3732 1.2044 92.6748
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Table 2 Error comparison among prediction methods

in Belgium dataset

LR e, /MW e/ %0 /MW

ELM 326.6009 3.6700 407.5782

SVR 322.7079 3.6118 409.2152

LSTM 277.1176 3.1200 3412138

TCNES 269.4758 3.0356 330.5511
EEMD-LSTM-MLR™Y 2533003 2.8587 315.6333
A7k 85.6830 0.9742 108.7538
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Table 3 Prediction comparison results under different

feature datasets in Singapore

MRS e/ %0 Cris/MW
1 0.6729 48.6621

2 0.6295 48.1901

3 0.6393 48.2472

4 0.7199 50.8521

5 0.6298 47.6588

6 0.6663 48.8496
BIE 0.6596 48.7433
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Table 4 Prediction comparison results under different

feature datasets in Belgium

s e RS e/ %0 /MW

1 1.0284 116.3963

2 1.0261 116.0853

3 1.0208 113.8167

4 1.0326 112.8739

5 1.0086 113.6900

6 1.0172 112.3407

7 1.0183 112.8425

8 1.0486 114.6399

HIH 1.0250 114.0856
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