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[ Abstract] To address the challenges of high noisedevels, strong volatility, and difficulties in extracting periodic
information from the loads of Integrated Energy Systems (IES), a multivariate load forecasting method based on
Pattern Cross-Correlation and Temporal Patch Association (PCC-TPA) mechanisms is proposed. This method
analyzes the cross-lag relationships®between external influencing factors and multivariate loads using a cross-
correlation function to determinesthe most relevant time lags for data reconstruction and embedding. Building on
this, a PCC mechanism is introduced to abstract data into patterns based on their variation trends, thus mitigating
the effects of fluctuations and noise. This is followed by the identification and extraction of key moments and
periodic information based ofinthe cross-correlation theory. A TPA mechanism is designed to divide a sequence into
multiple subsequences using mutual information methods to analyze and filter the subsequences, thereby enhancing
the ability of the model to capture local continuity information in sequences. Multiple ablation and comparison
experiments are conducted using the comprehensive energy system dataset from the Arizona state university,
Tempe campus. The ablation experimental results show that the data reconstructed through cross-lag analysis
effectively improved the prediction accuracy of the model. The PCC-TPA mechanisms enhance the ability of the
model to identify key moments and capture local information, respectively. The comparison of the experimental
results indicates that the proposed method outperforms five mainstream prediction models in terms of multiple
evaluation metrics, demonstrating a higher prediction accuracy.

[Key words] multiple loads forecasting; cross-lagged analysis; series decomposition; series pattern; cross-
correlation analysis; deep learning
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Fig.1 Correlation between multiple loads and influencing factors
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Fig.2, Cross-lagged analysis of electrical loads
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Fig.5 Structure of the pattern cross-correlation mechanism
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Fig.8 Temporal patch association
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WU S B I 220 K R A R AR TY 3 A il
AR 4 5] TPA BLH] ., 2E — 25 1 58 AL X ey
TSR BB ARRE 1. 51 A TPAFLH S . L.

¥ IR T 1Y) T DN ORS SR S8 A BT B T . A R R A AR
%I, H: RMSE $8 5 28 % FB& T 15. 88%.13.81%
F113.64%.,

R2 HEMILWER

Table 2 Ablation experiment results

B H, 571 £ At AT
RMSE MAE MAPE/ % RMSE MAE MAPE/ % RMSE MAE MAPE/ %
R 1 1429. 81 1 044. 08 5. 84 601. 33 425.07 7.53 0. 66 0.42 7.00
TR 2 1 378. 45 997. 67 5. 57 560. 47 392. 16 6. 85 0. 65 0.41 6. 84
I 3 1 255.53 918.72 5.24 518. 68 361. 04 6. 30 0. 58 0.35 5. 75
FRI 4 1202.70 877. 36 5.06 518. 31 354. 00 6. 10 0.57 0. 34 5.65
3.4 PCC #L#I5&1E 4
SHIE PCC WL B 2 B & 1458 135 Sl A
U T 694 R AR SO T P A AL | A
PCC HLAI2E T EUMOAE . AR AESS 1 A6 111 i, A
Y SRR A 1 9 R 10 S BIRR T AR Enln )
BLIAT PCC HLi 2% > BB SR A5 S 15
sr 100 2I4 4I8 TI2 QIB 12I0 14:4 I(IiS
0 Time/h
& o y B 10 PCCHLBLES T
gzz ' Fig.10 Weight distribution of the PCC mechanism
g \, 9 T4 SRR 51 3 s 8 1 P,
S15 BRI 20 AT PCC AL 72 i 20
W B o L3911 SR 5 4 B T A A

Time/h

B9 BEENNHNESM
Fig.9 Weight distribution of the self-attention mechanism
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(AL BTy 3%, AN RS TR 14 8 [) 2 00 F RE S 50 A5 A
RIEESHOLE WL 3 R A IRIEAR SO A5 Al
(R 5 S AR 343 DAERL ¥4 L 367 g T 3 4 TfT
XA AEIPEREHEA TR AT

®3 BRBIESH
Table 3 Key parameters of each model

LAY FESHE
PCC-TPA d_model 5 512; n_head }y 8; out_window k[ 12,24 ]
Autoformer d_model & 512; n_head Jy 8; move window 2k 25;top-k 5 5
Informer d_model 5 512; n_head }y 8; attn=prod
Reformer d_model 5 512; n_head 2}y 8; bucket_size 2k 21;n_hashes iy 4
LSTM LSTM layers 24 3; hidden_size Sk 512
TCN-GRU TCN layers iy 4; kernel size 5 2; channels=[512,2048,2048,512]]

LI A 52 Z2 TR IR Z R e sk Bl & %
MR FOUIAFIGS PRIAE . R 6 7 I B A PN ZECR

e 4 fras . PR 1L RIE 12 23 50 D A rh 2 R
AZEHE SR e ST BRI 11 FTIAS 12 R
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Table 4 Prediction errors of electric loads for each model

B SR BE LGRS A S B EE A 1 S S A2 B RMSE MAE  MAPE/% R’
{%‘%\ ,Eﬁ}i{ﬁfﬂ%&ﬁj{zﬁﬂgﬁﬁo JJ;[:&[\ , TPA m—fﬁu Autoformer 1 343.225 1 968. 363 1 5.61 0.916 9
ﬁgﬁ%ﬁﬁﬁ%%{jﬁ_fiﬁjlgﬂmE{J{%‘E‘ ,‘mﬁ}i@ﬂ: Informer 1 .846.323 6 1402.1039 7.82 0.843 0
Eﬁﬁﬁ‘:ﬁﬁé@/}{‘ﬂco é%ﬁ%% 4 ﬂ%ﬂa*ﬁﬁﬂ:%—f H:;,:ﬁ;jg’ Reformer 2 456.083 2 1931.978 9 11. 26 0.722 2
PCC-TPA *ﬁﬂ?’f%:@ﬂz’fﬁ*E*ﬁLigﬁ%%ﬂ» /ﬁ\:;’q TCN-GRU 1758.2051 1347.939 6 7.62 0.857 6
RMSE ?giﬁéj\%UTlgéT 10. 46%‘34. 86%\51. OSV‘ LSTM 1764.464 8 1357.3158 7.82 0. 856 6
31. 59%5@ 31. 84% ,Eﬁfﬂiﬂ’\ﬁﬁ{w*ﬁfio PCC-TPA  1202.703 4 877. 360 8 5. 06 0.933 4
30 — true TCN-GRU
i Autoformer LSTM
Informer —— PCC-TPA
og | Reformer
g
'”; 26 A A
3 " A . I \
WOV
gl WA
B 22
20
18 : 4 : L . - 4
0 24 48 72 96 120 144 168
Time/h
B 11 BHFEFmnsgR
Fig.11 Summer prediction results of electrical loads
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Fig.12 Winter prediction results of electrical loads

2 5 R T far e AR b P 25 R . v fey
FEATEMARG AR &SI AR HER
RHURHE 75 NS AL, ¥ 10 fay ) S 78 s
M F A 2, [ 13 SR v B 25 R 0 4 1 Ao
TZER . M 13 ATLUE t, PCC-TPA HERIGE B i
T b OO0 ¥4 67 i ) R AR AR A A R A 40045 DB 0 AR g
A VA= WS i BN IRV = R (A DRV o
I 13 A1, PCC-TPA AU 3 1+ 58 S J& 43 A » 1k
PRI A 58 T far S FH S B 220 B s AARAE L BT T 8
RTINS B , . MAPE 8 7 F0 388 T X% H AR 78 43 51 42
F+T 19.20%.58. 16%.79. 37%.55. 8% F1 50. 76 %,

e 0 LB AR P T R A M N SR AN
x5 BFEIARHFRAIRE

Table 5 Prediction errors of cooling loads for each model

STRIE R RMSE MAE  MAPE/%  R?
Autoformer 570,484 7  413.052 8 7.55  0.9785
Informer  1121.455 2  852.4503  14.58  0.916 8
Reformer  1786.322 0  1427.5923  20.58  0.788 9
TCN-GRU  1098.848 6 819.5611  13.79  0.920 1
LSTM 843.5077  646.0365  12.39  0.9529
PCC-TPA  518.3114  354.0015 6.10  0.9822
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Fig.13 Prediction results of cooling load
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Table 6 Prediction errors of heating loads for each model

T AL Ay RMSE MAE MAPE/ % R?
Autoformer™, 0,614 7 0.379 1 6. 31 0.936 3
Informer 0.949 4 0. 660 2 11. 24 0.848 0
Refofmer 1.433 8 1. 046 1 17.93 0.653 4
TCN-GRU* 0.752 3 0.535 1 9.43 0.904 6
LSTM 0. 800 7 0. 560 1 9.58 0.8919
PCC-TPA 0.5713 0.341 6 5.65 0.945 0
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Fig.14 Prediction results of heating load
4 s B 2 45 2 R A A5 2 T T 2 B i 1Y R
o FE . RN TPA HL ) ik 4387 7 P 91 o 3 S ]
B X256 BRI 171 A B AL IR 5 22 L Bl Mok L ) M 5 2 5 B 8 AT 80T AR J00 0 15 B B R AR L B 45 G
WA 2 Y TR) T, A SO — P R T PCC-TPA 5 8, 1F — A 138 5 B 180 %o o 2] o 48 13 L 1) 4 B
PLEI BB 7 v . SRR AR X R G BB IR A S RBJT . ZT00NH Ml S 5 AR Lh S 96 45 R R WL %07

ELAT W5 SO0 F T 28 SO IR 0% 2R 34T AR AIE 0 ok
Al A« AT LG 858 TH B for 0000 0 E A M . Rk
J7 GRS AL HR A 0 2 0 T B0 D B0 R 7 % AH
KRB AR A L {2 PCC ML 7 32 51 F 2 U 471

IEAEZ U BUINAT: 55 oA S i PURS E . JR
SRR b B 5 0 A B B T 2 B A K
R SRS IR 3R AR S I T A T A9 2 % £ L
PASR s TR L



$£52% £ 8HI/2026 £ 8 A/TENTE

(1]

(2]

[3]

[4]

[5]

6]

(7]

[8]

L9l

[10]

[11]

[12]

S 3k

SRR, RV, FR 4, 55 LT IR G 2 AT 55 24 2 1 el IX AL 2
AHREIR R G £ o g 0 LD e 4% R, 2018, 42(3): 698~
707.

SHI J Q, TAN T,GUO ], et al. Multi-task learning based on
deep architecture for various types of load forecasting in
regional energy system integration [ J ]. Power System
Technology, 2018, 42(3):698-707. (in Chinese)

g, EE, I, 4F . LT AR RS A R A 2 A LG Y
PR AR R AR G R A A O LD R, 2022,
46(7):2610-2622.

YE ] H, CAO J, YANG L, et al. Ultra short-term load
forecasting of user level integrated energy system based on
variational mode decomposition and multi-model fusion[]].
Power System Technology, 2022, 46 (7): 2610-2622. (in
Chinese)

LIUY J, L1IY, LIU G L, et al. Review of multiple load
forecasting method for integrated energy system [ ]].
Frontiers in Energy Research, 2023, 11: 101-120.
ZHANG ] Z, DONG H J, ZHANG W Y, et al. Review and
prospect of data-driven techniques for load forecasting in
integrated energy systems[]J]. Applied Energy, 2022, 321:
119269.

AT, 220, SR ELIE, 45 3£ F EEMD-GRU-MLR 9 % 11 iy
Jyfaes B L] . B AR, 2020, 44(2) :593-602.

DENG DY, LIJ,ZHANG Z Y, et al. Short-term electric load
forecasting based on EEMD-GRU-MLR []J]. Power System
Technology, 2020, 44(2):593-602. (in Chinese)

ANTONIO B, PIERLUIGI C, PASQUALE F D, et al.
Multivariate quantile regression for short-term probabilistic
load forecasting [ J]. IEEE Transactions on Power Systems,
2020,35(1):628-638.

TR, BESCHE, RokAE. el ) RGO JEA
AEHEFEIT] . P EEAL TR, 2021, 41@9): 6493=
6509.

WAN C, CUI W K, SONG Y H. Probabilisticiforecasting
for power systems with renewable enérgy, sources: basic
concepts and mathematical principles [ JIJ. Proceedings of
CSEE, 2021, 41(19): 6493-6509. (in Chinese)

JASON R, ETIENNE S. A comparison of prediction and
forecasting artificial intelligence models't6 estimate the future
energy demand in a district heating system[]] . Energy, 2023,
269: 126661.

SRR, gk AR BT ZRURIS Stacking 4 R S 7 A
T 7 vk [T o [ AL T AR 2441, 2019, 39 (14) : 4032-
4041.

SHI J] Q, ZHANG ] H. Load forecasting based on multi-
model by Stacking ensemble learning[]]. Proceedings of the
CSEE, 2019, 39(14):4032-4041. (in Chinese)

TG, Ik, BRI, A LT A R GRS S AR B 2 I 45 1Y
S B A e T L] . vl ] R L T AR 2 4, 2023, 43(23): 9072~
9084.

WANG W, FENG B, HUANG G, et al. Short-term net load
forecasting based on self-attention encoder and deep neural
network[]]. Proceedings of the CSEE, 2023, 43 (23): 9072-
9084. (in Chinese)

2Pt AN, 2R, 45 LT 2 4R FE B RS R L )
B far B0 3 LT . o LU TR 244, 2023, 43(S1) : 94-106.
LI D,SUN G F,MIAO S W, et al. A short-term power load
forecasting method based on multidimensional temporal
information fusion [ J]. Proceedings of the CSEE, 2023,
43(S1):94-106. (in Chinese)

NADA M , HAMID O , ISMAEL ]J. Short-term electric load
forecasting using an EMD-BI-LSTM approach for smart grid
energy management system[ ]| . Energy and Buildings, 2023,

[13]

[14]

[15]

[16]

[17]

(18]

(194

[20]

[21]

[22]

[23]

[24]

[25]

[26]

288: 113022.

LIU H X, SHEN X D, TANG X S, et al. Day-ahead
electricity price probabilistic forecasting based on SHAP
feature selection and LSTNet quantile regression [J].
Energies, 2023,16(13): 101-109.

FBE, B, AW, 5 5T ResNet-LSTM [ 45 i & J1 MLl
RIZEG BB TR R 58 £ oC fufar S0 L] 8 T 48 R 22412, 2022,
37(7):1789-1799.

WANG C, WANG Y, ZHENG T, et al. Multi-energy load
forecasting in integrated energy system based on ResNet-
LSTM network and attention mechanism|[]J]. Transactions of
China Electrotechnical Society, 2022, 37 (7): 1789-1799. (in
Chinese)

CAICC, LI YJ, SUZ H, et al. Short-term electrical load
forecasting based on VMD and GRU-TCN hybrid network
j. Applied Sciences, 2022,12(13) :6647.

CHEN W H, HAN G J, ZHU H B, et al. Short-term load
forecasting with an ensemble model using densely residual
block and Bi-LLSTM based on theé,attention mechanism|[]].
Sustainability, 2022, 14 (24):16433.

QINY,LU Z Y, LIU H, etials/An improved feature-time
Transformer encoder-Bi-1.STM for short-term forecasting of
user-level infegrated energyloads [J]. Energy & Buildings,
2023, 297: 113396:

WU HX, XU ] H, WANG ] M, et al. Autoformer:
decomposition Transformers with auto-correlation for long-
term series forecasting [EB/OLJ. [2024-10-01]. https: //
drxiv.org/pdf/2106.13008.

CEN S F, LIM C G. Multi-task learning of the PatchTCN-
TST model for short-term multi-load energy forecasting
considering indoor environments in a smart building[J]. IEEE
Access, 2024, 12:19553-19568.

£k, B, ATRL. 35T LSTNerSkip (HZE & RBIR R4 £ 0T
SR A A T (7] e [l Al L TR AR 4, 2023, 43 (6) 1 2273-
2283.

LU B, HUO Z J, YU M. Multi load ultra short-term
forecasting of integrated energy system based on LSTNet-
Skip[J]. Proceedings of the CSEE, 2023, 43 (6):2273-2283.
(in Chinese)

ZUO C H, WANG J L, LIU M P, et al. An ensemble
framework for short-term load forecasting based on TimesNet
and TCN[]]. Energies, 2023, 16(14):5330.

AL, FHE B, R AR T R A B 43 % & Informer
PR S AT T ()] s R R, 2023, 48(6) : 2574-2583.

SHI Z J,RAN Q W, XU F C. Short-term load forecasting based
on aggregated secondary decomposition and Informer [J]. Power
System Technology , 2023, 48(6) : 2574-2583. (in Chinese)

NIU D X, YU M, SUN L ], et al. Short-term multi-energy
load forecasting for integrated energy systems based on CNN-
BiGRU optimized by attention mechanism [ J]. Applied
Energy, 2022,313:118801.

HE F F, ZHOU J Z, FENG Z K, et al. A hybrid short-term
based on mode

load forecasting model variational

decomposition and long short-term memory networks
considering relevant factors with Bayesian optimization
algorithm[J] . Applied Energy, 2019,237:103-116.

AR, B R BT GRU-TGTransformer 145 & REIR R 58
Lo EI ] . B RGP S, 2023, 51(15)
33-41.

LI YS, ZHANG Z S. Multi load short-term forecasting of an
integrated energy system based on a GRU-TGTransformer
[J]. Power System Protection and Control, 2023, 51(15):
33-41. (in Chinese)

2, %W, DA, 4 BT Spearman AH G 8 {H - A
VMD-LSTM (¥ F F 425 £ BE 15 52 50 6 i 101 67 fmr J000 L] . 4
BRAEVE B EBEK, 2024, 7(4) :406-420.

LIP, LUO X C, MENG Q W, et al. Ultra short-term load



326

£52% £ 8HI/2026 £ 8 A/HENTIE

[27]

forecasting of user level integrated energy system based on
threshold
decomposition, and long short-term memory [J]. Journal of
Global Energy Interconnection, 2024, 7 (4): 406-420. (in
Chinese)

SR, T, X i, 5. 5T EMD 5 Spearman #H5¢ £
IR A MR AAL S ik U] Bl RGP 540,
2021,49(9):1-11.

ZHANG D H, YANG Y C, LIU Y M, et al. Hybrid HVDC
line pilot protection method based on EMD and Spearman

Spearman optimization and variational mode

correlation coefficient [ J]. Power System Protection and
Control, 2021, 49(9): 1-11. (in Chinese)

(28]

[29]

ZHENG XY ,CHEN Q Q ,SUN M C, et al. Exploring the
influence of environmental indicators and forecasting influenza
incidence using ARIMAX models [J]. Frontiers in Energy
Research, 2024, 12: 1441240.

B, BT, ROT. BTG MR B0 FLALR Bl 1% 33 B[R]
W E B Cl /%M ERES. deat: ma Tl b
1, 2009: 345-350.

GUAN B, ZANG Y, WU D P. Study of delay time of
transfer of rolling mill vibration based on cross-correlation

function[ C]J // Proceedings of the 7th China Steel Annual

Conference. Beijing: Metallurgical Industry Press, 2009:
345-350. (in Chinese)
SCF G R
FHAH BER





