oy B RS 45 & R IR 2 AE 25 S5 TRl
FAESC, i, TRARK, B0

IHASC:

TS, 2k, AR, . T BRHER ISR A REVR 2 AT S T T [T, R RE RGuaEk, 2025, 20(4) @ 858-
870.

WANG Dewen, AN Han, ZHANG Linfei, et al. Multi-task load forecasting of integrated energy based on

progressive layered feature extractionl]J]. CAAI Transactions on Intelligent Systems, 2025, 20(4): 858-
870.

FELRIR]EE View online: https:/dx.doi.org/10.11992/tis.202406008

T ARG A SCEE
T T BLAR =7 > 15 A AIFA TS SRR A K

Key technologies and applications of distributed parallel computing for machine learning

BHER SR, 2021, 16(5): 919-930  hitps://dx.doi.org/10.11992/1is.202108010
— PP TR R 2 B ARAS I A s AR PR R SR

A long—term object tracking algorithm based on deep learning and object detection

BHERG AR, 2021, 16(3): 433-441  hitps://dx.doi.org/10.11992/tis.201910029
Z AL L B AR R G L BT

Robust optimization design of an electrical cyber—physical system based on constrained cost

BB RGE . 2020, 15(3): 623-632  https:/dx.doi.org/10.11992/tis.201812034
SR R 2 R R ST BILI i o ) Bk

Multi—label learning algorithm of an elastic net kernel extreme learning machine

BIBE R G244]. 2019, 14(4): 831-842  https://dx.doi.org/10.11992/tis.201806005
FEF AL [ AL AT 55 BE SR B P 32k

The core vector machine—based rapid classification of multi—task concept drift dataset

BIHERGFR. 2018, 13(6): 935-945  hitps://dx.doi.org/10.11992/tis.201712019
PR OB ™ ] U 5309 B G, o 5 Tl 1oz

Fast double nonconvex regression algorithm for forecast of electric power data

BHER G -4 2018, 13(4): 665672  https://dx.doi.org/10.11992/tis.201708033


http://tis.hrbeu.edu.cn/
http://tis.hrbeu.edu.cn/
https://dx.doi.org/10.11992/tis.202406008
https://dx.doi.org/10.11992/tis.202108010
https://dx.doi.org/10.11992/tis.201910029
https://dx.doi.org/10.11992/tis.201812034
https://dx.doi.org/10.11992/tis.201806005
https://dx.doi.org/10.11992/tis.201712019
https://dx.doi.org/10.11992/tis.201708033

5500 B 4 W O R & ¥ i Vol.20 No.4
202547 H CAAI Transactions on Intelligent Systems Jul. 2025

DOI: 10.11992/tis.202406008
[ £& B iR i 3k - https:/link.cnki.net/urlid/23.1538.tp.20250224.1710.009

AR T BF RN G SRR S ES A

FE? 2iE, KA, R LFD
(1. 83w AKRF FHEMEA, T B2 071003;2. b H K T EREE HoiRit LT 207, Tl
BRE 071003;3. db AR AR AATRTERFTHRIEBARL PO, T 4£E 071003 )

i EAWEGARRIERSE T R AR AEEIRE LR, R EAT 55 BRI LL 2 2] B 3N £ 7t
TR A FRAE T RE S SCTUINORS B REAIR A I 8, AR SCFE 28 2 on i R 2204 S0 R, 2 —Fh it =X 2 R AiE
PRI LR G BETR 21 55 DA B A 2 | B S ARBUR e = R 43, A 4 20 i ¥ R )R T B 5 R
FRAR SRS 53 A 1 s 00 07 I 90 o il R A AS TRV 3R 1Y) 43t PT DABE P425 48 22 T8 97 4oy (9 VR J2 ) R 41T 5 3 =X
43 2SR B Z TT A0 4 (AR B R AE , I 325 43 EO RS B o 1F X TR0 25 55 1) 5 Wi A EE, 3BE G R 45 AR 1 I 2050 A 78 3000 4
TR SIS AR, AR 2T AR AR E T, Wit 0 B R IE S I 24T 55 67 o7 0000 A2 RS B A o
UFERI . AR ES IRV T8 25 A HE IR 22 O 1 far T 72 o

KR AT LR B REIR; 24555 Zontif; Wik =02 RRE SR I B KAE B R B B s i
FESES: TPI8  XHEREME: A XEHS: 1673-4785(2025)04-0858-13

S| AR EEX, RIE, KK, & HHXSBEBERINESRESES TR J). BERFFIR, 2025, 204):
858-870.

#1325 F183(: WANG Dewen, AN Han, ZHANG Linfei, et al. Multi-task load forecasting of integrated energy based on progress-
ive layered feature extraction[J]. CAAI transactions on intelligent systems, 2025, 20(4): 858—870.

Multi-task load forecasting of integrated energy based on progressive
layered feature extraction

WANG Dewen'?, AN Han', ZHANG Linfei', ZHAO Wenqing'~
(1. Department of Computer, North China Electric Power University, Baoding 071003, China; 2. Hebei Key Laboratory of Know-
ledge Computing for Energy & Power, North China Electric Power University, Baoding 071003, China; 3. Engineering Research
Center of Intelligent Computing for Complex Energy Systems, Ministry of Education, North China Electric Power University, Baod-
ing 071003, China)

Abstract: Due to the complex coupling relationship between electric, cold and heat loads in an integrated energy sys-
tem, it is difficult for traditional multi-task learning models to learn effective multi-load coupling characteristics, which
may lead to reduced prediction accuracy. In this paper, a comprehensive energy multi-task load forecasting model with
progressive layered feature extraction is proposed, considering the complex coupling relationship of multiple loads.
Firstly, divide the annual data by season and analyze the coupling strength between electricity, cooling, and heating
loads in each season. Then, by using variational mode decomposition, the historical load sequence is decomposed into
multiple components of different frequencies, which can better explore the deep time series features of multiple loads.
Finally, the coupling features of multiple loads are extracted progressively and the influence weights of the coupling fea-
tures on the prediction results are dynamically allocated to avoid the degradation of the model prediction accuracy when
the coupling features are invalid. Experimental results show that the proposed model has better performance in terms of
prediction accuracy under different multi-component load coupling intensities. The conclusion can be used to guide the
process of load forecasting of integrated energy.

Keywords: load forecasting; integrated energy; multi-task learning; multiple loads; progressive layered; feature extrac-
tion; maximum information coefficient; variational mode decomposition
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Table 1 Performance comparison of ablation experimental models in spring

RMSE MAPE/%
5551 ER:oT YIS 804
& AW B iTon IR (MMBh) s deps R el IR0
BiLSTM 610.68 165.76 0.29 217 3.2 3.67 170 37409
VMD-BIiLSTM  445.26 121.03 0.13 1.69 1.55 1.93 200 38177
KN i 315.72 119.71 0.14 1.14 1.47 1.98 151 78331
33 XfLLECHE 5 o~ :%S\I;{Emer: E/H“E-LSTM:]EIKS%\%?ﬂ
) AR SCAE AL FD 5 At Lo AR 8 X6 AS [6) 2315 A ks 22 seq2seq
RN VAR i) ]| 2 S 1L [P < =8 1 B e e E% 50
%ﬁﬂlﬁ—l 11 F 2 s . B 200K 4R 1y i ﬁ§v4.50 2;; 48 7é 9‘6 120 12;4 168

I 25
INEERANTE 12 R 3 Froi, Bk 2= D4 1) T 245

RANE 13 FIF 4 Fros, & 2= AR A4 Ti0 25 2R 40
Kl 14 FI5R 5 Frs .

— HIME — RNN — LSTM
B — Transfomer— MTL-LSTM — Zs A5
IS 2267 seq2seq
224
22l g
5T 20
= 18

! 16 I I n n n n 5
E 0 24 48 72 96 120 144 168
t/h
(a) HLff0

— HH — RNN — LSTM
(g | 7 Transfomer— MTL-LSTM — IR SRR
=0} seq2seq
®
= 8
=8
5 R SR
& o 24 48 72 96 120 144 168

t/h
(b) & i foy
— 55 —RNN —LSTM
— Transfomer— MTL-LSTM — Zs CA5i %)
A — seq2seq

AT IHFE/
(MMBtu/h)
W\ N = oo

72 96 120 144 168
t/h
(c) FA fuf

B11 HFEZuhifyeMRAEMMER
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Fig. 12 Prediction results of six models of multi-load in summer
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Fig. 14 Prediction results of six models of multi-load in winter TRAE 5 S PR E WA — B R 2=,
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Table 2 Performance comparison of six models in spring

o RVISE MAPLY Ptis A
/AW @ttt g/ (MMBwh) BB A AGU
RNN 701.68 229.85 0.26 2.62 2.80 3.48 255 4161
LSTM 663.16 190.17 0.25 2.39 2.37 3.20 353 15009
Seq2seq 632.82 200.00 0.25 2.21 2.53 3.27 748 18849
Transformer 727.29 221.00 0.31 2.52 2.64 3.87 1132 123661
MTL-LSTM 427.18 444.58 0.26 1.66 5.19 3.38 138 40675
AR 315.72 119.71 0.14 1.14 1.47 1.98 151 78331
F3 EFomMiERMEaEXTLL
Table 3 Performance comparison of six models in summer
o RMSE MAPE/% s
HAG/AW R G/ (MMBtuh) HUf R BT
RNN 853.18 515.23 0.15 2.08 241 2.28 264
LSTM 1247.25 474.92 0.14 3.18 2.31 2.10 238
Seq2seq 940.31 630.19 0.13 241 2.93 1.91 873
Transformer 1674.02 835.34 0.14 4.47 3.73 2.05 1057
MTL-LSTM 787.04 1022.60 0.13 2.30 5.60 1.97 95
ALY 375.20 278.12 0.05 0.97 1.47 1.39 103
R4 T o MARBMERENT L
Table 4 Performance comparison of six models in autumn
o RMSE MAPE/% PRt/
HL A kW Whfie g/ (MMBwh)  HLEUE 12 s I fif
RNN 745.20 789.14 0.87 2.81 15.90 7.47 356
LSTM 874.22 544.01 0.63 3.37 11.00 5.48 438
Seq2seq 720.97 554.74 0.48 2.75 11.40 4.18 817
Transformer 909.31 508.60 0.50 3.54 10.30 4.34 1257
MTL-LSTM 3142.70 1628.00 1.91 13.60 26.20 18.50 116
AR SRR 291.17 246.41 0.22 1.18 5.59 2.18 147
5 KT 6B
Table 5 Performance comparison of six models in winter
Homy RMSE MAPE/% Pl
HL BT kW Wi A/ (MMBtu/h) CEN TR iR TR 31 ]
RNN 1023.90 391.84 0.63 4.62 7.67 4.35 436
LSTM 611.24 187.75 0.51 2.20 3.95 3.69 582
Seq2seq 608.54 154.37 0.49 2.12 3.04 3.51 653
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Transformer 532.73 190.90 0.48 1.94 3.42 3.81 973
MTL-LSTM 354.24 260.89 0.47 1.46 5.04 3.66 186
A SCAE A 239.94 106.10 0.26 0.99 2.02 2.02 242
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