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Data Analysis of Energy Managemu@%n Based on PSO-LightGBM
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Abstract: Particl imization(PSO) is a group collaborative optimization algorithm that is of great

significance for imp ergy prediction performance when applied to data analysis in energy management
systems. In this paper, Light Gradient Boosting Machine (LightGBM) model is used to analyze the energy data in
detail, and PSO is used to optimize the LightGBM model to improve the model performance. By predicting the energy
data and comparing experiments with multiple Linear Regression (LR), Random Forest (RF), LightGBM and Extreme
Gradient Boosting (XGB), it is found that the PSO-optimized LightGBM model performs much better, and the
prediction effect is significantly better than the other models. The experimental results show that the coefficient of
determination (R?) is as high as 91.56%, while the mean square error (MSE) is significantly reduced, which further
verifying the superiority of the PSO-LightGBM model.

Key words: energy management system; data analysis; PSO; LightGBM
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Tab.1 Optimal meters for each model
RF ight@B XGB LightGBM

Wshh Aokl AOMPRSHE  ASNK ASHE  ASMK  ASHE

1 estimators 0 r‘malors 120 n estimators 191 1 estimators 100

max_degth max_depth 8 max_depth 9 max_depth 10

md featlliles num_leaves 20 max_features 5 num_leaves 31

min_child_samples 8 random_state 100 min_child_samples 20

learning rate 0.1 eta 0.3 learning rate 0.1

— feature_fraction 0.6 — — feature_fraction 1.0
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B B BEARRETE 0. 75 ¢ 0. 25 BIHLEIRI A MU AR £ S
EIMRAREA S IS F R VI S Y, I 76 A b XA
TR AT B UE (gD D7 ¥k 3 AT 5 $ 3 LRIE) . PSO-
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R 91. 56 %6, £ TS AR W] A T Al AR TR
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Tab.2 Comparison of model evaluation indicators

sl MSE R*/% EV/%

LR 0.175 81. 56 81. 74

XGB 0. 096 90. 31 90. 41

RF 0. 095 90. 44 90. 56
LightGBM 0. 104 89.13 89. 20
PSO-LightGBM 0. 083 91. 56 91. 60
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