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Building Energy Models Based on Machine Learning Methods
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Abstract: This paper focuses on a comparison of predicting accuracy of six different machine learning approaches for
estimating energy use in office buildings, including linear regression, GP (Gaussian process) , MARS (multivariate
adaptive regression splines) , bagging MARS, RF (random forest) and SVM (support vector machine). The results
indicate that three methods (Bagging MARS, MARS, and RF) have better accuracy in predicting heating energy,
whereas the bagging MARS performs best in estimating cooling energy. It is also found out that the prediction of cool-
ing energy is more difficult than that of heating energy in office buildings. These conclusions can be used to provide
some reference for machine learning method choosing in building energy assessment. Moreover, the models obtained
from this research can also be used to create a building stock model at urban scales.

Key words: building energy saving; energy model; machine learning; model accuracy
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Fig.1 Average temperature by month in five cities
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Tab.1 Thermal properties of building envelope in five

cities
. MEREEY (Wm? K %ﬁ’ﬁq jﬁm
SME R M Ahw RREK
T 7RI 0.40 0.30 0.40 1.50 0.50
dbxe 0.55 0.50 0.55 2.00 0.50
R 0.90 0.60 0.90 2.40 0.35
JoH 1.40 0.80 1.40 3.00 0.30
EH] 0.80 0.50 0.80 2.40 0.35
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by six machine learning methods in five cities
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for predicting cooling energy use in Guangzhou
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