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Study on Machine Learning Regression Model for
Prediction of Building Energy Consumption

LI Jiwei, FENG Guohui,XU Li

(School of Municipal and Environmental Engineering, Shenyang Jianzhu University , Shenyang , China, 110168 )

Abstract ; The purpose of this paper is to choose the appropriate machine learning regressions as
building energy consumption prediction model. 1923 commercial buildings in Hong Kong taken as
samples, buildings’ parameters on their physical features, utilization features and environmental
features are collected by Internet. And high dimension data in parameters are adjusted by PCA
algorithm. 13 kinds of regressions were chosen as prediction models of building energy
consumption, with index MAE, MAD and R’ to evaluate their performance. The whole samples
were divided by StratifiedKFold algorithm, and then trained by machine learning regressions.
Prediction results of the building energy consumption by Bagging, XGBoost, Random Forest and
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Extra Trees model, which are based on ensemble learning, were more accurate than that of other
models , XGBoost got minimum value on MAE (6.47)and MAD (2.95) and Random Forest got
maximum value on R*(0.90801). In addition, the main parameters that affect on building energy
consumption are building area, stand alone building, wind parameter in 500 meter height, rental
status , point solar radiation , height and number of floors. In addition to the classification algorithm,
among the 5 ensemble learning regression models involved in this article, Bagging, XGBoost,
Random Forest and Extra Trees perform good at building energy consumption predict. Among
them , XGBoost is the best regression to predict the energy consumption of building with complete
data,while Extra Trees perform better at samples with lack of data.

Key words : building energy consumption ; machine learning ; regression model ; ensemble learning ;
performance evaluation index
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Table 1 Features list
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1 sqft ey aTiE Al
2 number_of_ floors R
3 height R
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6 EUI REVEAE H$5 4L
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8 i ) g
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10 point_solar_radiation K ARG A
11 CDD ¥ BE H AL

12 wind KBS
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Table 4 Performance evaluation index of regression

[ =AY MAE MAD R?
Linear Regression 37.14 24.68 0.62
Ridge Regressor 36. 80 24.50 0.62
SVR 56.36 33.96 0. 08
Lasso 34.89 23.95 0. 64
ElasticNet 48. 60 35.64 0.39
Linear SVR 32.80 14.05 0.55
AdaBoost 57.31 56. 47 0.42
Bagging 9.51 3. 14 0.89
XGBoost 6.47 2.95 0. 89
Random Forest 8. 60 3.04 0.91
MLP 36. 81 21.28 0.59
KNN 45.43 23.61 0.37
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Table 5 Performance evaluation index after features

adjustment
[ AR MAE MAD R
XGBoost 5.59 2.95 0.97
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Random Forest 8. 60 3.04 0.91
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Table 6 Performance of models by 7 features

LI MAE MAD R
XGBoost 10. 84 3.37 0. 80
Bagging 9.56 1.92 0. 85
Random Forest 9.23 1.95 0. 87
Extra Trees 7.18 1.30 0.93
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