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Short-term Power Load Forecasting Model Using Multi-scale Feature

CHEN Wan-Zhi', ZHAN Mei-Yu', LIN Chun-Yang’

'(Software College, Liaoning Technical University, Huludao 125105, China)
*(Yingkou Power Supply Company, State Grid Liaoning Electric Power Supply Co. Ltd., Yingkou 115002, China)

Abstract: To improve the accuracy of short-term power load forecasting, this study proposes a model for short-term
power load forecasting using multi-scale features. First, feature selection is performed on the power load data using the
Pearson correlation coefficient and the maximal information coefficient, followed by dynamic spectral filtering to remove
high-noise components. Second, the data are fed into a multi-scale temporal convolution module for multi-scale temporal
feature extraction. Third, correlations in the data are mined, and features are encoded using a variable-dimensional multi-
head attention mechanism combined with feed-forward neural networks. Finally, a linear hierarchical fusion module is
developed to process the encoded features in parallel with a projection layer. The weighted combination of these two
components yields prediction results through the deep fusion of data features. Experimental results on Dataset 1 show that
the proposed model achieves good results in both comparative and ablation experiments, outperforming the next-best
model by 5.2% and 6.8% in MAE and RMSE, respectively. On Dataset 2, the proposed model surpasses baseline models
across all evaluation metrics, achieving an MAPE of 0.467 and an R” of 0.949. The proposed model enhances short-term
power load forecasting accuracy and exhibits strong generalization capabilities.

Key words: short-term power load forecasting; iTransformer model; multi-head attention mechanism; multi-scale

temporal convolution; multi-scale feature fusion
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Crossformer v g3k 4, HTHIRHL 3, JUI: 32
TimesNet T4 0 2% BB 2 4E S - 64, %21 26 0.00011,
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I R JHLA A A 30 H g 47 e TR A ES-dRNN
AT X EESCHG, SEAREE R IR 4.
£ 4 BURSE | ARSI TINGE R

] MAE (MW) RMSE (MW) MAPE (%) R

SVM 86.406 104.126 6.81 0.654
GRU 63.475 74.877 5.41 0.805
LSTM 57.018 72.381 4.82 0.827
ES-dRNN 31.825 54.837 2.64 0.880
Crossformer 36.985 43.838 2.95 0.921
TimesNet 31.629 37.380 2.58 0.958
iTransformer ~ 25.889 36.667 2.11 0.966
e it 24.540 34.163 1.84 0.977
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54.4% 1 52.8%, MAPE 73 J F#AIK 72.9% 65.9% #l
61.8%, R* 32T+ 49.4%. 21.4% 1 18.1%, 15 B A ST A5 7
AR L A A 22 I TR ROBE T IR SR 2R OB OK R, 1E 4R
KA Jo] P 55 0 B8 B e S5 R AU B R 300 B ek
A, AT S 6 0 H g 874 FOOIAS 2. A% T ES-dRNN
%, MAE. RMSE 1 MAPE 23 5l FEA% 22.9%. 37.7%
F130.3%, R* Tt 11.0%. ES-dRNN FIA SR 15l 41
HIAY AR AR SO PPN FR bR 3R IR, S A
SCRLAR BAG B SR AR ARME T AL B AR 0 5 TN ER E
Bep AR 570 A B ATL I8 300 51 6 P 000 O 25, B2 - o D) 9 5
BT BTN AT EE . AHEE T Crossformer. TimesNet £l
iTransformer, MAE 43 7 F&AIK 33.6%+ 22.4% 1 5.2%,
RMSE 73 MBI 22.1%. 8.6% 1 6.8%, MAPE 73 7| f#
ik 37.6%- 28.7% F1 12.8%, R* 73 LT+ 6.1%. 2.0% Fll
1. 1%. o B A SRS B AE T B B e 88 B0 RO A 57 A
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T e RIS A S, AR T [ A R, 2R
R T P4, AR BETE 7 R W 57 for Bk B P B 24015 22
iTransformer 15 ! GR 08 BN HER MO PR ER S faf A5 R
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TEPRAH SN T, S8R 1 IR AR AR [F], BT R AR
X T SEBR T H AR A S, Bk 2 RHIETE LR 5.
RS BURSE 2 FHES X

RHEA TR FHIE S X
Temperature T
Humidity WL
Wind Speed A
General diffuse flows — AT R

Diffuse flows ¥

PHGH AR AR S LT GAR AT, KU X ) KV
Bl S22, SR 3R AR A6 KU RE K LA X 38 A )
BT 3 A A 255 5 R X T AR A 2 S T R X
F DX I H g A7 A VR R R BE R L BT A B R,
it R PR AR L 5 SR A Y e, ARG TR ) R BB 5
SRARTHHL I 75 5K 8 B2 x L Sper B RE R ),
1oL S M 38 R () B R R A R T B X AR AL
FLR P BUR 5 G 0 A I ARG SE, i i S A I T
S R B AT oK, (ARG TR B T .

e 3 RFH 7 FpBERLAE [7] — R85 R BEAT L5,
LI R WAL 6. T FL b R S R R TN OR, 1%
ORI A FI0IM 25 AT rT AL LE, 25 R 0B 3 Foss.

K6 BELE 2 AR TS R

] MAE (kW) RMSE (kW) MAPE (%) R

SVM 950.390 1126212 758 0.804
GRU 908.296 1089.390 6.98 0.837
LSTM 866.938 963.476 6.04 0.860
ES-dRNN 738.690 925.977 5.96 0.891
Crossformer 934.492 1043.710 7.23 0.811
TimesNet 660.798 752.401 4.86 0.929
iTransformer  605.340 780.389 4.90 0.923
R 567.667 748.005 4.67 0.949

IR RS R LA

— Sl — AR ---SVM ---GRU ---LSTM

--- ES-dRNN - Crossformer --- TimesNet - - iTransformer

20 +

FH HL LA R (MW)

10 +
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3 bRt 2 PARER AN R AL T 45 SR

P ECHE AR 2 IR A R TRl N, A SRR AE
7 Bt EL AR A P g X EE R, MAE. RMSE. MAPE #l
R* 705N 567.667. 748.005. 4.67% Al 0.949, HJH 15
e g B HAR 2 B R T AR, 50 F BT R A5 AL AE
PEHLIX . Sl R R A = T AR e
T iy 2% bl — 2B R B, AR AR AN AN B % o 1
PP AR G B IR E . KA DL R DU
2 X 33 It v P DM A0 SI2 L P T R 77, B8 IF AR S
TR AE Jo 31 B mr TOIUAT 25w (R AL R 1.

2.8 HESLIER ST

RATILBET; 6 A SL58, WEHHESE 1 FiHAT I,
LSS IE & 15 H A Z0E S W [ . St g SR W3R 7, s
W EWR.

(1) S5 12 ARSCEERL, B 1R PR RET LE S .

(2) 5256 2: K DSFM ARHLn] 2 5] (R 5 8 1% B A [l
SEH 0.3.

(3) K5 3: K MTCM #&Herh 1x3 F1 1x7 &%
By 1x4 Fl 1x8.

(4) L5 4: AFEBRFFAESR EUZ ) DSFM AR, H
ARG 2 M LB (1) 7 A B B HE I N MTCM e,

(5) =5 5: AN FRFFIEFR AU 1) MTCM LB, ¢
203t 25 W b BT A i3 — 2D AR IR H %) gy B B
VNESSE=wal IR L

(6) 35 6: [N FEBR LHFM fidl, K& 2 REEE
B B, TETN 5 b & ZUE 2.

F 7 BRE 1 ERRI SR

%% MAE(MW) RMSE (MW)  MAPE (%) R
1 24.540 34.163 1.84 0.977
2 24.750 34.564 1.95 0.972
3 24.796 34.471 1.92 0.974
4 24.994 35.414 2.01 0.971
5 24.919 34.968 1.98 0.972
6 25.036 35.430 1.95 0.969

SE5G 2 K5 DSFM BLH AT 2% 5] (3 v B o [ el
0.3, MAE. RMSE #1 MAPE 7} 53271 0.86%. 1.17%
H15.98%, R FEAR 0.51%. 56 B [ 5 3 {1 IR 1) A5 5 5 430
HERFAIE B 1E S 2MERE ), AT S UF DSFM AR n] 2% 3
)L VT 4 ) R 7S PR b B SEEG 3 BRI
AR, B H R VE 5 2 B, MAE. RMSE #
MAPE 7351 ETF 1.04%. 0.90% Fll 4.35%, R* [#A% 0.31%.
W B AT U B A AR ) 2 PR, T A6 S AR A I B
A7 g7 HSCHRE B[R] 25 A4 R V. S 4 AR B DSFM ARER, £
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TE e 7 R T3 50, MAE. RMSE #il MAPE
239 T 1.85%. 3.66% Al 9.24%, R* B&AK 0.61%. 4
B 2 B A AR S, U B0 s T R O R, =
BB Y 5 2 M DL A B O s B A i S, IR R
DSFM HEHLE R 47 far St 5 3 P 5 AP F i 8 AR
F. S5 5 AR B MTCM BiHe i, 180 R 4E 42 B AE
713 B8, MAE. RMSE 1 MAPE 4} 532 T} 1.54%.
2.36% Al 7.61%, R* &A% 0.51%, PG Z MTCM fbk
5 T T A7 A Y ) 3 AR B ). 1K DSFM A5 25 g
AR R S ARSI N MTCM BLHGIEATRFAE SR AN, 5 REHE
B S B A7 7 % shia 3, iRk J5i46 iTransformer A7 4 5
TR AR R R B2 7 T AN 2, AT 38 AR A5 8
ORI P ARAGEE 7. SE5 6 (RS Bk LHFM fiidk, A 784>
] B 3 (R E (5 B, MAE 5 RMSE 35 315 =i d,
MAE. RMSE F1 MAPE 73 5l#27F 2.02%. 3.71% Al
5.98%, R* BEAR 0.82%. i BA UK — TN 254, 2 R
FERFAEAS BME LLSE LA R A, 30 43 B R AE AE T
R R A TR, B RIS AL A e 1 Sz AP RE.

25 L PR, DSFM A J5 SRR i B ER A 5
Fo i M N R, BRI 75 TP X R AE 27 ) 1 AR 1) 5%
M. MTCM G 2 REE&ERAE, X 2id DSFM
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T B B A5 21 78 2 F L, B8 AR 0] 52 A B ) 3L i
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F, 77 A7 AT TN )
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ARATLERIE R 1 _F AT L SO AN Al s 5, DA
WL I UE A SRR, fEAHE 4R 2 B VPR AY 12 fh e
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VB H A 5 50 58 A B ) 38 B AR X DR 8 1E B 2R AE AN [+
H AT (3E M, B4R 3 P BENLIES: TIEH (2018
F10 A 19 H) fMEETAEH (2018 4F 10 A 22 H) #t47
SYHT. BEEE 1A 2 OO SE G IR UE AR R AR AL A,
PR 4R 3 AN E I UE A L. SEEAE 1 Rk
PRAEAR [, S B 4R 3 HEAT RUHR bR AR DG BT, 0 i 5
RRIE L HE e i BRI E o P35 ek P AR G
15 FHAH [ ¥ S B8 IR R R BR S, DR PR 45 SR T Sk, S8
ZER LR 8, ML R 4 FoR.

*8 Mtk 3 TAEH 5IE AR HsRiss |

K MAE (kW) RMSE (kW) MAPE (%) K
TAEH 112.615 144.045 1.38 0.992
ETER 338.965 394.423 4.83 0.912
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