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Power load hybrid forecasting method based on optimal
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Abstract: Accurate power load forecasting is crucial to grid security and economic dispatch. However,
the forecasting process is influenced by multiple factors including temporal, meteorological, and
economic variables. This leads to high-dimensional data with significant redundancy, which increases
complexity and reduces forecasting precision. To address this issue, a hybrid forecasting method that
integrates optimal feature selection with a combined model of Attention-Bi-LSTM and XGBoost was
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proposed, referred to as the "ABL+XGB" model. This approach considered 27 influencing factors,

employed 6 feature selection methods to identify the optimal feature subset, and utilized the proposed

"ABL-XGB" model for prediction. Experimental results based on datasets from the Singapore and

Norway electricity markets demonstrate that the proposed hybrid forecasting model has a high accuracy,

and the prediction results of Lasso regression method combined with the prediction model are closer to

the real data and the error is smaller than other feature selection methods, which indicates that a good

feature selection method is essential for achieving accurate power load prediction.
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value in Singapore electricity market
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Tab.3 Error comparison of forecasting models in Singapore
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Fig.7 Trend comparison chart of prediction results and real
values after feature selection in Singapore electricity

market
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Fig.8 Partial enlarged view of models' forecasting results in
Singapore electricity market on December 30, 2020
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Tab.6 Singapore electricity market feature selection results
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Tab.7 Error comparison of feature selection methods in
Singapore electricity market

FHIEE B
FHIE
PC mRMR RFE Lasso RF XGBoost
F1 x d x x x x
F2 x V \ x x x
F3 v x x N x x
F4 x N x v v y
F5 v x N x N v
F6 x J J x x x
F7 v x N x x x
F8 x x N x x x
F9 x/ J V x N v
F10 x \ x x x x
F11 x x N x N v
F12 X x \/ x N x
F13 x \ x x x x
F14 x V x x v \
F15 x x x x x x
F16 v x x x x x
F17 R x x x x x
F18 V x x N x x
F19 v x x v x v
F20 \ \ x x x x
F21 v x x N x x
F22 x x x x x x
F23 R x x x x x
F24 v X X x x x
F25 x x N x x x
F26 x x \ x x x
F27 \ J x \ \ V

H5i% Xuape/ %  Xuae/ kW Xpmse/ kW
TCHHEESE-ABL+XGB 1.606 190.968 227.794
PC- ABL+XGB 0.691 77.935 104.575
mRMR- ABL+XGB 0.704 80.925 106.158
RFE- ABL+XGB 0.522 60.916 72.821
Lasso- ABL+XGB 0.426 49.267 58.887
RF- ABL+XGB 0.531 61.140 76.713
XGBoost- ABL+XGB 0.463 54.433 66.760
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Tab.8 Norway electricity market feature selection results

) S R
HEAIE
PC mRMR RFE Lasso RF XGBoost
F1 X \/ X X \/ X
F2 x x J V x V
F3 x J J x J V
F4 J 2 y v v X
F5 x J J x J V
F6 \ J J \ \ x/
F7 x N x x v v
F8 v \/ N X X X
F9 v X N ~ X X
F10 x x V x v x
F11 v x x v v x
F12 \ x x + x x
F13 \/ X X X X X
F14 v x x x x x
F15 X X x X X X
F16 X X X X x X
F17 X X X X x X
F18 X X x X X X
F19 X X X X x X
F20 v X X X X X
F21 v X X X X X
F22 X X X X x X
F23 X X X X X X
F24 X X X X X X
F25 X X X X x X
F26 X X X X X X
F27 v v x v x x
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Fig.9 Trend comparison chart of prediction results and real
values after feature selection in Norway electricity
market
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Fig.10 Partial enlarged view of models' forecasting results in
Norway electricity market on December 26, 2021
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Tab.9 Error comparison of feature selection methods in
Norway electricity market

nil) Xuare /%  Xyap/kW  Xpwse/ kW
TEFHELESE- ABL+XGB 2228 423.713 460.472
PC- ABL+XGB 1.045 203.516 244.851
mRMR- ABL+XGB 1.043 200.653 246.385
RFE- ABL+XGB 0.774 149.182 189.285
Lasso- ABL+XGB 0.741 142.555 182.764
RF- ABL+XGB 1.480 282.304 324.868
XGBoost- ABL+XGB 1.087 210.808 252.809
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