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AGCN-TimeXer based short-term multi load forecasting of integrated energy system

considering integrated demand response

DONG Jiaming', HAN Xingchen’, ZHANG Zhisheng'
(1. College of Electrical Engineering, Qingdao University, Qingdao 266071, China;2. State Grid Qingdao Power
Supply Company, Qingdao 266002, China)

Abstract: Considering the demand response mechanism and the dynamic coupling characteristics of multi loads in integrated energy sys-
tems, a multi load forecasting model based on an AGCN-TimeXer framework that incorporates integrated demand response is proposed.
Firstly, drawing on consumer psychology theories, the electricity demand response signals are modeled and their uncertainty is quantified.
Comprehensive demand response signals are then constructed by calculating cooling and heating load responses using the coupling re-
sponse principle. Secondly, an adaptive graph convolutional network (AGCN) is employed to construct a dynamic adaptive graph structure,
thereby facilitating the extraction of dynamic coupling relationships among multi loads. Finally, the self-attention mechanism of TimeXer is
utilized to explore the temporal dependence characteristics of load data, and the cross-attention mechanism is adopted to analyze the rela-
tionships between multivariate loads and external influencing factors, including integrated demand response signals, dynamic coupling rela-
tionships among multivariate loads, and meteorological factors. Simulation results demonstrate that the proposed model significantly outper-
forms traditional forecasting methods in terms of prediction accuracy.

Key words: integrated energy system;integrated demand response ; adaptive graph convolutional network ; short-term multi load forecasting

FrEBER
PEBEE B T AR R S, S R RS S

0 5l5

Wit RE IR B R 5 R AR I TR BE R G, 25
A BETR R 4t (integrated energy system, IES ) il i< Hi, |
Yo IRAE ZRE U P A0 AL 2 B T 1 RE IR R HIAL
AR R IR R R F S Ty 0, Z oot far
Y2 TES 2 Sy SR A AZ 0 B3R, LA 3 T A 3
PR G E B AT G TR B VA S ) i
Y TES Z2 70 B i A I 00N 2 PR IE R G2 % 2 FaE i

%5 B H#E:2026-02-16; 1&[E] H #A : 2026-04-27
BEEWB: FHEK A RF=I 411 H (52077108)

LRIz A T 2B #T T 74k . #5oK i (demand re-
sponse , DR)VE N—Fh £ 22 5, ol LIARAZ R
F G0 KA B A 098 TR ), SR R G B
H SR, TES I35 T SR 2 i) 5 AAESS 5 R G0
RIGVERYEE, TR IR T 22 05 B R A 52 etk
22 TG 57 4 T T 11 22 B JRRA 15 20 28 A 5 75 5K e
IO A8 H S () R BR A

UTAER TR 2 FORB 2 B T IES £t
B far T, O JE B R 0 BONORS BE . HETOC T
TES B fif 000 (4 A 5 3 22000 R 20 il AN 2241 552



76 B ® kMg R

084

AT T vk o SCHRL3 132 h B AME 2 IR 2 oy
fifp ) 22 TS IO 1 o SCHIR[ 4 R 24T 5557
R AL B S B2 o Gy 8] R 5 R o SCHIRLS |
Jels Z 0T P o R R AR 3 R B AR S
oyt SRIE AR AT 55 77 D BT 4% i o3l HEA T
T X PSR T ¥k 32 B 48 22 T G 8] ) 52 A
BRF . SCHRL6 JHE T 1 20 RUBE IR 2 P o 28 [ 28 A6
2 AR 38 1o P S R 2 (graph convolutional net-
work , GCN) REHU 4R 22 0 1 A B30 18] (9 B A% 8. o
P ot 28 190 2% 7 2 2] 22 S0 B4y RO 6 5% 28 077 TH Je B
AR ZE S SR, BUAT IR RY 22 R T A AR 1
I a0 87 Ay S, G 11 3 AT 5 SR I 8 5l
Z T AT AR 3 0 B B IR Bl A8 o 7R SRR
X 87 A B 4 5 W 7 TG SCHR L7 DR T A 5 5
5 8 R e LR R R A TR A T A X PR
J1 G N, A RER T T Ak S 5 N R
Ty SrAer BTN B . SCRRL8 Ttk — 4 I T 5
REIES 5, M T3 T2 AE PR LAY oK
WA A5 5, IR HAE i A B T 22 n i far F0

FEXT TES sz A1 A Hh 5 SR W 7 5 22 RE I 5
SRR, AR — B0 % FE 258 G 7R IR (inte-
grated demand response , IDR) ) AGCN-TimeXer £ 7
VSRR e = P i PURER 2 e cplne2 e 1 bitng
Pyt Ly R W LR I A AT E I o P i
P WD 7 B SRR Aigp v R B0 A ) 7 SR R AT
I IDRAF 5o FEMCHERN b, {4 1 1A 1 PR 4 AR
%% (adaptive graph convolutional network , AGCN )" 4l
PEZTTHAT I SIS ERRE . AGCN ALY 38 N
RWFEH M S 58 GON AFE TR [ 7 41 40 5 R K
i, 1T LA G M 2 ok 22 on B e 1 2 2% B SRR A R
Zo b5 B Zn AR S REE IDR 55 A4
K2R AE K TimeXer " H A S A g N A2 6, i SR 22
JLA VR N A A R, LA g A TimeXer 7 5%
Foft PN S A A 3 S B ZRAR £ TimeXer BEA 25CH
SR A B IG s N AR R S R TN RE ) o D7 LA R
KU, I HA B p B RE .

1 2R RO L A

1.1 BB A1 K0 AL

HA, 5 SR e 2 3 3 4 Sk A R 0 Y PR
H o ARSCR AR BT SR e g v A B AN AL
ZALT AT A 22 AL R S 5 S H PR
BEAT o T 3% O P2 RIS AT A 25020 i HH Y X%
M AEAT 5 0y B RRAE AR PEZ B, H P K

M 157 175 B0 AT 4] 53 D B DX WL DX R AT o 3 T
Sigmoid PRIER AR FH 75 SR M AR 7 58— R BR ) ]
B 1R RS = RIR R 55— 2R
KT LXK

LEIE SN

A

TR

FEX Wi E X

Apa B Apb Eﬂ‘mﬁApm
S UL VA ES S - SR R 2 —— Hhcma i 2k

B1 APEKMEER(FE—5KRR)
Fig. 1 Users’ demand response model (Quadrant 1)
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Fig. 2 Probability density distribution of power demand

response rate
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Fig. 3 MIC analysis results of multi loads and

meteorological data
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Table 3 Comparison of prediction indicators of each model
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