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To address stronger short—term electricity price volatility, growing structural disturbances, and the
limited ability of a single model to jointly capture abrupt local changes and multi-source operational
signals under high renewable integration, a short—term electricity price forecasting method integrating
multi-source operational features and deep ensemble learning is proposed. Using 15 min price data
together with system load, renewable output, hydropower load, generation output, demand indicators,
and bidding—space signals, a causal deep sequence branch composed of causal convolution,
unidirectional LSTM, and causal attention is constructed and then fused with a LightGBM regression
branch. Under a strict no—look—ahead setting with chronological training, walk—forward validation, and
rolling evaluation, the fused model achieves an MAE of 48.37 yuan/MWh and an RMSE of 65.31 yuan/
MWh on the test set, outperforming the standalone deep model and the standalone LightGBM model.
The results show that the proposed method improves short—term price forecasting stability in the
coupled scenario of renewable integration and market operation, and remains effective in continuous
two-day rolling—prediction displays for generation—side bidding and operational optimization.
short-term electricity price forecasting; deep ensemble learning; multi-source operational
features; bidding space; renewable integration
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Typical relling short-term window: price vs bidding space

Residual load vs renewable ratio

[ 25 50 5 100 125 150 175 200

1: PR S SRS THHERE R H T
Figure 1: Typical two—day time series of short—term price and multi—source operational
features
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Figure 2: Correlation heatmap of major input features and short—term price
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Coupled relation of bidding space and price
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Figure 3: Coupled scatter of bidding space, residual load and renewable ratio
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Figure 4: Fusion framework of the causal deep branch and LightGBM structural branch
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Figure 5: Standardized daily—mean evolution of short—term price and key features over the
sample period
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Figure 6: Localized relationship between key features and short—term price
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Table: Quantitative comparison of model performance based on
evaluation metrics

(@) FRMRIEIE I MAE(FE /MWh) RMSE( 7T /MWh)
Prediction curve perfermantanbn six-repsesentative rolling windows LightGB 1\/[ 51 B 71 684 1 9
b = Causal LSTM= 48.95 66.22
i Ep Attention
o F’W e Proposed method 4837 65.31

o o 135 10 1s 200 ]

5 5o g5 00 B0 135 150 175 200
15 min slats in rolling short-term window indiour

BN
15 min clots In railing short-tarm wi

e W S AL A5, fEGi—HE . Si—PIARG—IHETRI T,
- . ARSI HAE 3L S 43 3 PR A, FE%E LightGBM 453,
%jj: Mw W zrkij‘iizﬁﬁ MAE 51.71 fn /MWh B%Zéfgs?fu\/ﬁMWh, RMSI*? i
e B e 68.197C /MWh [2 65,315 /MWh; HIEERIIEREES 3, ASCTT
- e P RIS EIAE . MR X AR, 8
ggr”Lfﬂ&mLﬁT RNHTE FR R R T T R SR AT, TR, 8
E PR AL AT P 7 B 96 A TIAESS, TV 7 BTG H sl i 1135825
' ST 192 A TR SR R RS
g5 L FTIR, T R 22 V5L A7 AL £ R 8 AT s o
MAE HIRIR, s 7S Riss H i i iz, s

2026.02.19 10 2026.02-20

yuanmwn
g

25 50 75 100 125 150 175 200
15 min slats in rolling short tarm window

7 FRUHRZRIRIIEL
Figure 7: Prediction curve performance comparison
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Figure 8: Error metric comparison of different sub—models
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