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Short-term power load forecasting based on MPSR and
IHBA-BiGRU-Attention

Yu Chunyu Gao Jianwei Tang Peiquan Zhang Jian Cheng Qi
(School of Mechanical & Automotive Engineering, Qingdao University of Technology,Qingdao 266520, China)

Abstract: Short-term power load forecasting faces challenges such as multiple influencing factors, nonlinear and non-
stationary load data, which make traditional prediction methods insufficient for engineering applications. To address
this, this paper proposes a combined prediction model based on MPSR and ITHBA-BiGRU-Attention. First, Spearman
correlation coefficients are used to select power load influencing factors, forming a multivariate time series with load
sequences; subsequently, multivariate phase space reconstruction ( MPSR) is applied to this time series as input
variables. An improved honey badger algorithm (IHBA) integrating Kent chaotic mapping, density factor modification
and small-hole imaging opposite learning strategy is employed to optimize hyperparameters of the bidirectional gated
recurrent unit ( BIGRU) network, while the attention mechanism is applied to dynamically weight hidden state
sequences of BiGRU, constructing a short-term power load prediction model based on MPSR and THBA-BiGRU-
Attention; finally, comparative experiments on power load datasets from Australia and Singapore showed mean
absolute percentage errors of 0.650% and 1.067% ., respectively, both lower than other models, validating its
effectiveness. Additionally. predictive experiments on actual load datasets from a southern region in China achieved a
mean absolute percentage error of 1.523% ., outperforming competing models and demonstrating the engineering
applicability of the proposed model.

Keywords: short-term power load forecasting; multivariate phase space reconstruction; improved honey badger

algorithm ; bidirectional gated recurrent unit;attention mechanism
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Table 5 The optimization results of each

optimization algorithm
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Table 6 Evaluation indexes of different optimization algorithms
LGRS F 7 RMSE/MW  MAE/MW MAPE/ % R’

MPSR-BOA-BiGRU-Attention 97.438 72.982 1. 273 0.976
MPSR-SMA-BiGRU-Attention 84. 843 63.620 1.109 0. 981
B 1 MPSR-HBA-BiGRU-Attention 72.880 57. 825 1. 002 0. 986
MPSR-CHBA-BiGRU-Attention 59.413 42. 463 0.728 0.991
MPSR-IHBA-BiGRU-Attention 53. 845 37.911 0. 650 0.993
MPSR-BOA-BiGRU-Attention 215.726 162. 446 2.015 0.977
MPSR-SMA-BiGRU-Attention 183. 298 128. 290 1. 603 0. 983
FngE 2 MPSR-HBA-BiGRU-Attention 156. 609 105. 961 1. 316 0. 988
MPSR-CHBA-BiGRU-Attention 143. 539 95. 306 1. 152 0. 990
MPSR-IHBA-BiGRU-Attention 136. 441 87.668 1. 067 0.991

MAPE 4 1. 067%,R* 25 0.991, % I ,IHBA ft{b 5B ¥ fig
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Table 7 Evaluation index of ablation experiment
PVEITE S HE A RMSE/MW MAE/MW MAPE/ % R?
MPSR-BiGRU-Attention 163. 684 133.516 2.307 0.931
P THBA-BiGRU-Attention 151. 646 116. 895 2.034 0.941
MPSR-THBA-BiGRU 127. 068 97. 022 1. 697 0.958
MPSR-THBA-BiGRU-Attention 53. 845 37.911 0. 650 0. 993
MPSR-BiGRU-Attention 383. 280 318. 531 3.815 0.927
P THBA-BiGRU-Attention 354. 757 281. 255 3.531 0.937
MPSR-IHBA-BiGRU 306. 921 238.532 2. 997 0.953
MPSR-THBA-BiGRU-Attention 136. 441 87. 668 1. 067 0.991
P TS BE, WA MPSR J5 ., T M BE B AT R B, *x8 AREKBETEMIEIR
RMSE.MAE #l MAPE E7,R* [, iE W] MPSR i i 3% Table 8 Evaluation index of ablation experiment
it B, 7 A0 A RS T R 2R VD B A L A T A TR 4 1L RMSE/ MAE/ MAPE/
1o T e R AR A T B R R R FOORS BE . JH Al Attention g TR T Y W MW y R’
HLH 5 o Al S O AL 0 M 58 T B L B8 IE Attention AL 3
3o 30 25 43 I PR T L 8 A0 S £ BRI A T 2 48 Xk [11] 80.454 62.424 1.075  0.983
O T B Scik [12] 73.053  56.187  0.968 0. 986
4.6 REEE Wi W 1 Scik [17] 72.065 54.581  0.941 0. 987
o3l B EA S 0 50 5 SR 117 SCHLLLST 64,918 4780608170, 959
# 1 # MSCNN-BiGRU-Attention, 3C #k [ 12 ] #2 i 9 ik [23] 58.836 42.183 0.721 0.991
CEEMDAN-GRU-SCN., 3¢ ik [17 ] # i} # CEEMDAN- X 53.845 37.911 0.650 0.993
HBA-BiGRU-SelfAttention, 3C #k [ 13 ] 2 h 1 XGB- ik 111 181560 134.608 1640 0. 983
Informer #1 3L fk [ 237 4% th 1 ICEEMDAN-PE-IDBO- 3k [12] 172.671 121.983  1.502 0. 985
Informer % M1 B} JE 00 5 FBURAER X RIS, [BE g e o0k LL7] 168,244 112748 1352 0. 986
T 41 W RRE R TSI I A48 R 2 8 B T ik [13] 154.478 101.653 1.237 0.8
(%t B A 15 0 16 B SCik [23] 149.511 96.994  1.180 0. 989
ARCJ7H: 136.441 87.668  1.067  0.991

M 8 nl A, 4 T AR 1, M3 T 5 Fhxd LE LAY, AR
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Table 9 Evaluation index of engineering application

HE A RMSE/MW MAE/MW MAPE/ % R’
ES-LSTM 2 733. 990 2 131.710 6.815 0.901
IWOA-BIiLSTM-Attention 2 147. 243 1789. 458 6.114 0. 939
it BOHB 54k fis¢ > 1 640. 319 1319.293 4. 388 0. 964
MPSR-THBA-BiGRU-Attention 695. 726 460. 034 1.523 0.994

. 21 .



949 B 2 F o

=3

2

#OAR

18 T, AR 3C T 4 O 2 B0 5 S B A = W
G BERRERENAETRAEEN R I #HF— SR, K
X7 RMSE 2 695. 726 MW, MAE Jy 460. 034 MW,
MAPE H 1.523% ,R* 4 0. 994, 45T 4 Fhxd LAY, 3x
2 AR SCOT B B T v R AL 5 g A i S5 PR
R 2 T 00, LA R 0 TTRE S A (L, vT Sy e o 9 B
5 AT BTG B AR AL AT SR PR S AR

5 % it

T 3 R, A7 e T80 5 e R 2 2 | B er BH S R
Ltk ARTEAR M, 3 E0f% St 0 H 07 A T ASE TRORS AR
TR G e M 22 1Y IR) 8, 48 — A 3 T MPSR A THBA-
BiGRU-Attention Y48 1 f 77 £ w7 00 J7 2% , i a8 in 3k
UK WA [ P RE O R X TR R IE , &5 5 £ 4 R s
i B H LTS8

1) MPSR FE4- 42 48 7 H 7 1 faf 55 5% i R 38 A0 e f)
G R B TE T RSB X L T A B AR LR AR AR
PRARRE S . XL SCR S5 R AR L 5] A MPSR J5 L BdR4E 1.2
#) RMSE 433 FFE T 64. 493 % 1 61. 540 % , MAE 43 51| %
£ T 67.568 %A 68. 830 % . MAPE 43 BIFEAE T 1. 384 % A
2.464 %, R* 3R T 5. 2% f1 5. 4%, B E R E T W
K BE

2)FlG Kent JE B, 95 B R 7 B i /N LR 2
] 2 3 S, B — i 22 3R g it iE HBA 3% (THBA) , fif
PTG HBA BORTERI IR AL B Bear i AR Y 2 I Be 5
RENBATFHUEGBARBEAGNE, BHY
BOA.SMA .HBA fl CHBA B % # 47 L4 905 . IHBA F
PEtERE L T 4 Fh th B 53, 2 F 6. # 2 THBA-BIGRU-
Attention 41 A& T I 4 44 , % H 5 BOA-BiGRU-Attention,
SMA-BiGRU-Attention, ~ HBA-BiGRU-Attention  #/I
CHBA-BiGRU-Attentiond it 21 & B 8 3 47 4F b 52 56, Wi
BRSE ) RMSE 43 %1 53. 845,136. 441 MW, MAE 43 %
g 37.911.87. 668 MW, MAPE 43 %1 0. 650% 1. 067 % ,
R* 435124 0. 993.0. 991, ¥ 08 T HoAlh 4 Fh 08 A T 482 78

3) M @b 52 8 45 SR £ B3, MPSR. IHBA. BiGRU.
Attention PHFEIVEF , 42 F+ T 41 G 455 B T00000 14 R

4 A SCH W Jr ¥ 5 MSCNN-BiGRU-Attention,
CEEMDAN-GRU-SCN,CEEMDAN- HBA- BIGRU- Self Attention.,
XGB-Informer. ICEEMDAN-PE-IDBO-Informer5 #f %% &
Soitt G AR AIRT L S B 45 R AR W L AR S5 R TE T A AR Y
RMSE.MAE.MAPE .R* ¥4 . HIAS B fe i .

5)F] A Spearman FRAEAL L , B #E1T MPSR, 2 5 # A
THBA-BiGRU-Attention £ % - f& B8 Jy £ faf #0900 , 52 55 45
SR IO T vk 38 R 5, AT A e PR S B LA B ke
KERMESE,

S % Lk
(11 =fk%, =&,

o« D7 .

LRI, AR BT RS MR AR 2

(2]

(3]

[4]

[5]

[6]

7]

[8]

[9]

[10]

B IE R R ) A B LT, IR, 2025,
48(5): 92-101.

YAN H B, LI D L, HUANG L E. et al. Short-term
electric load forecasting based on mode decomposition
and error correction [ J]. Electronic Measurement
Technology. 2025, 48(5): 92-101.

XING Q Y. HUANG X J. WANG J ZH., et al. A
novel multivariate combined power load forecasting
system based on feature selection and multi-objective
intelligent optimization [ ] ]. Expert Systems with
Applications, 2024, 244. 122970.

WM, BEE, B8, & OET AR P %R
EMD-ISSA-LSTM HY & 31 /e Jy 6 A S L], w5~ 0
B, 2024, 47(20): 92-100.

ZENG ] H, SU ZH Y, XIAO F, et al. Short-term
power load forecasting based on generative adversarial
networks and EMD-ISSA-LSTM [ ] 1.
Measurement Technology, 2024, 47(20) . 92-100.
WANG Y G, HAO Y, ZHAO K X, et al. Stochastic

configuration networks for short-term power load

Electronic

forecasting [ J J. Information Sciences, 2025,
689: 121489.
LI W W, SHI Q, LI D, et al. Maulti-stage

optimization forecast of short-term power load based
on VMD and PSO-SVR[]]. Electric Power, 2022,
55(8): 171-177.

SR, R, KL, . R TUGERERE A
iy % M FOA-ELM B | 7 S f 0 [T, A4k
4. 2020, 41(4): 49-57.

ZHANG SH Q. YAO J B, ZHANG L G, et al.
Power load forecasting based on improved deep sparse
auto-encoder and FOA-ELM [ J]. Chinese Journal of
Scientific Instrument, 2020, 41(4) . 49-57.

W, BER, DR, . HETITEY% M CNN-GRU
SRR T A O R D). BRILRFF M (TR0
2024, 57(6): 812-820.
CHENG M., ZHAI ] X,
learning based CNN-GRU
forecasting method[J]. Engineering Journal of Wuhan
University, 2024, 57(6) . 812-820.

JEAT. T, . A ST CEEMDAN 45 73 fif
A TCN-BIGRU H J6 391 it g 80 faf 0 [T ], 3 e g,
2024, 52(12) . 59-64,72.

TANG ZH, XIAO Y H, GUO CH. et al. Short-term
electricity load forecasting based on CEEMDAN
decomposition and TCN-BIGRU Model [J]. Smart
Power, 2024, 52(12): 59-64,72.

HE, THEY. ET VMD-IOOA-BIGRU ## #1 J i% 2%
MR R A B L] BEEORE TR,
2025, 25(27): 11642-11650.

XIA M., YU H J. Short-term power load forecasting
VMD-IOOA-BIGRU  model
compensation [ ] J. Technology
Engineering, 2025, 25(27): 11642-11650.
M, 5 R 4. BT TON-BIGRU- Attention 5

MA ], et al

short-term power load

Transfer

based on and error

Science and



F A @ & .4 F MPSR # IHBA-BiGRU-Attention #5421 % A i 7 ¥

i 8 1

(11]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

(19]

TIP3 L & S S WO LT ] O 5 AL AR 2E R
2025,39(10) :79-89.

GAO ZH P, YI W ], GUAN ], et al. Projectile
TCN-BiGRU-
Journal of
2025, 39 (10):

prediction based on

LJ1
Measurement and Instrumentation,
79-89.

R, W E B, W fER. EF MSCNN-BIGRU-
Attention F) R By (A BT ], W Ty, 2025,
58(6): 10-18.

LIK, PAN T L, XU D ZH. Short-term power load
forecasting based on MSCNN-BiGRU-Attention [ ] ].
Electric Power, 2025, 58(6) . 10-18.

SUN J, MA K X, ZHAO H Y. Short-term power
load hybrid forecasting using GRU and SCN [ ]].
Energy and Buildings, 2025, 347 116372.

ATIE, AT, g, SR 4G 0 MR EE R T D R
WU Informer MR AL ) 70 B0 7 i [T, T E
J1, 2025, 58(10): 195-205.

YU SH, SUN K, CAI H, et al. Short-term power

load forecasting method combining extreme gradient

launch  point

Attention model Electronic

boosting decision tree and improved Informer [ ] ].
Electric Power, 2025, 58(10): 195-205.
MA J, CAO X B, YANG X. et al. A short-term load

forecasting method for integrated regional energy
systems based on multivariate phase space
reconstruction [ J . International  Journal of

Thermofluids, 2025, 30.: 101472.

WANG Y G, ZHAO K X, YUE H, et al. Short-term
wind power prediction using a novel model based on
butterfly optimization algorithm-variational mode
decomposition-long short-term memory [ J]. Applied
Energy, 2024, 366: 123313.

LIU W, FAN H, CUI Y P, et al
power load forecasting algorithm based on VMD-
SMA-LSTM [J]. Energy Science & Engineering,
2025, 13(6): 3243-3253.

W, Bt 4. T CEEMDAN Ml HBA-BiGRU-
Self Attention #9421 G fmr B[], B m0F B TR R 4
24, 2025, 17(4); 478-493.

ZHU T, YAN Q SH. Short-term power load
prediction based on CEEMDAN and HBA-BiGRU-
SelfAttention [ J ]. Journal of Nanjing University of
Information Science &. Technology, 2025, 17 (4):
478-493.

R, B, RBESC, 5. RG220 uk it % R IR
B R R LT, HULBR BT 5 . 2025 (8) .
134-139.

YUAN Y, ZHAO P J. DAI X W, et al. Integrating

multi strategy improved honey badger optimization

An optimized

algorithm and its application[J]. Machinery Design &.
Manufacture, 2025(8): 134-139.
&FHE, BRH, BARE, 5. TS EME-TE
MR )T R RIR A B[], h E L TR
24, 2025, 45(10): 3924-3934.

[20]

[21]

[22]

[23]

[24]

[25]

[26]

JIN X ZH, ZHAO D Y, ZHAO SH SH, et al.
Prediction model of main steam temperature of coal-
fired power plant based on phase space reconstruction-
deep learning [ J]. Proceedings of the CSEE, 2025,
45(10): 3924-3934.

HU SH T, XU X F, LI M D, et al.
using C-C

Incremental
forecaster algorithm to phase space
reconstruction and broad learning network for short-
speed prediction [ ] ]. Engineering
Applications of Artificial Intelligence, 2024, 128. 107461.
Pk, EEZ, E&EM. BT CPO Y IFMD-BITCN-
BiGRU-AT W 4% 75 i Bl 5 s 0k 52 ()], B+ &
SRR, 2025,39(10) :255-268.

LI B, WANG X ZH, WANG ZH P. IFMD-BiTCN-
BiGRU-AT remaining usable life prediction method for
based on CPO [ ] .
Electronic Measurement and Instrumentation,
39(10) :255-268.
HASHIM F A,

et al.

term wind

Journal of
2025,

circuitbreakers

HOUSSEIN E H., HUSSAIN K,
Honey badger algorithm: New metaheuristic
algorithm for solving optimization problems [ ] ].
Mathematics and Computers in Simulation, 2022,
192. 84-110.
FZ., Wk, £, %. T ICEEMDAN-PE fl
IDBO-Informer £H A48 8 ) 57 ) S T L) ). o s
71, 2025, 58(6): 19-32.

YU D, CAO Y. WANG H R, et al. Short-term load
forecasting based on a combined ICEEMDAN-PE and
IDBO-Informer model [ J ]. 2025,
58(6): 19-32.

WANG Y N, WANG X W. A hybrid power load

forecasting model based on evolutionary strategy and

Electric Power,

long short term memory[J]. Energy Reports, 2025,
14. 845-853.

AR, BREEA, AROVE, . E T HHE LSTM 1y & )
A T B B e AR SR (D). A sl ik 5 AR
{7, 2025(6): 300-304.

HAN L, CHEN C L., REN X Y, et al. Research on
load
optimization model based on improved LSTM []].
Automation &. Instrumentation, 2025(6); 300-304.
WS, FBEUK, vk, 5. oot 0L nk S i 4k 5 46 AL
FARMAAEM S]] B RGN H A S
. 2025, 37(9): 34-44.

XUJ Y, WANG X B, LI B, et al.

forecasting model

short term forecasting and peak shaving

Short-term load
based on improved Bayesian
optimization and ensemble learning[ J]. Proceedings of

the CSU-EPSA, 2025, 37(9): 34-44.

EEE T

CET

FEWGEEEE L B R, EER T W RS
PeLra B .

E-mail: yuchunyu@ qut. edu. cn

ST WL AT A RS O 1) vy e B

E-mail:1052431983@qq. com

. 23 .



