BS56% 1 T NN S O S ) 2026 4F 2
Vol.56  No.1 JOURNAL OF SHANDONG UNIVERSITY ( ENGINEERING SCIENCE) Feb. 2026

XEH/S :1672-3961(2026) 01-0169-10 DOI:10.6040/j.issn.1672-3961.0.2024.194

E T D-Mamba & 8 1) #8 55 A N B H1 42 & B8 i fay oLl

IHEFEE L FEUR, AR RER R—W, TR R F R
(1. NI (ER) A RTHEA R NZE B IR EEG AR, WS AR 0100105 2. 4808 J KEE 5L
TRE2EBE, JEaT 102206)

WEMEHAC A RAZHZE KCETIET L REPAECREL, AHGLLHEITT, KB G I AR R
éé:‘éﬁ%zmak Ko B ARARHE M, ARAEIALE W AT TR F B A EMAIBATR S, ATRAE ALALE R RAG A A 49 K 5 AT
B A A 0 A S2 B AL A B BT TR A 4B AR AE ML B) A AR AR AT, A A THRAEA G 0k Kb 24T, AR A
ﬁfﬁz‘«ﬁi‘ ) (auto generation control, AGC) &7 X #JML M 5, AGC 34 E L & fi 4Ti‘ﬁ/ﬁ“ SR LR, Bk, KA
A Mamba #2769 2 alh b B 28 AGC 384 H#1 2 30 15 B ALk, LI AR 42 AU 5 47 69 A TR, 8T 52 IR AUAE 1B AT 404
B dE LA G TRORAR L, TR 25 RAOA AT SUAE th 8 TORIAR AL 48 48 52 L& Aw Al e 09 51 A5 FRm
KR KA R F T AAT TN RS Z AR §Sh R b4
RE %S . TM621.6 ERAR D : A
3RSt T, S, LA, 45, 6T D-Mamba B 068 90 JC sy BLEL % o R BIN [ 0] LR K220 ( T2 AR, 2026,56 (1)
169-178.
WANG Xinjian, JING Zhibin, MENG Fancheng, et al. Ultra-short-term thermal power unit load forecasting based on D-Mamba model
[J]. Journal of Shandong University ( Engineering Science) , 2026, 56(1) :169-178.

Ultra-short-term thermal power unit load forecasting based on
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Abstract. China progressively promoted the transition toward a new power system, with thermal power shifting from a base-load to
a peak-load source. In this evolving power-generation context, thermal power units faced stricter challenges in unit tests and diverse
response assessments. Ultra-short-term load forecasting for power units needed to account for the operating state of the unit to
accurately assess its near-future load adjustment capability. Precise ultra-short-term load forecasting was critical for revealing a unit’s
dynamic performance indicators and assisting real-time operational adjustments. For units equipped with Auto-Generation Control
(AGC), the AGC command served as a pivotal factor in forecasting power-generation loads. Hence, leveraging the Mamba model,
this paper introduced a dynamic correction module centered on the AGC command, thereby ensuring precise ultra-short-term unit
load forecasting. The model’ s performance was validated using actual operational data from a power unit, demonstrating its
capability to achieve more accurate load forecasts.
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Fig.1 Structure diagram of D-Mamba model
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B E../MW  E /MW  E_./%
D-Mamba 0.978 4 1.539 7 0.27
D-Mamba(A) 0.991 0 1.561 7 0.28
D-Mamba(D) 1.198 8 1.865 6 0.33
Mamba 1.165 8 1.857 8 0.32
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Table 3  Comparison experiment prediction performance index results
A E ./ MW E pe’ MW E. ./ %
D-Mamba 0.978 4 1.539 7 0.27
GRU 1.275 5 2.0330 0.35
LSTM 1.280 1 2.027 9 0.36
Transformer 1.454 6 2.159 5 0.40
D-GRU 1.179 0 1.745 5 0.33
D-LSTM 1.153 9 1.828 2 0.32
D-Transformer 1.258 4 1.923 0 0.35
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Fig.6 Mainstream prediction model prediction result graph
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Fig.7 Mainstream model prediction result diagram based on dynamic correction module
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