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Energy Consumption Prediction of Regional Scale Green Buildings
Based on BIM-GIS and Machine Learning
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Abstract ; Building energy conservation is the key link to achieve the goal of carbon peak and carbon
neutralization, and the importance of regional scale building energy consumption research is becoming
more and more prominent with the development of urbanization. To this end, a machine learning-based
regional-scale green building energy consumption prediction framework is constructed. The conversion
from IFC to CityGML is realized by FME data conversion technology, and BIM and GIS are integrated.
The rich semantic information of BIM is used to make up for its shortcomings in regional scale spatio-
temporal analysis, and the classification algorithm is applied to classify the building types to improve the
prediction accuracy. Through example verification, the three machine learning regression models
evaluated can accurately predict building energy consumption, and the speed is significantly better than
the traditional energy consumption simulation method. This study provides a practical idea for the
prediction of energy consumption of green buildings at the regional scale, which is helpful to promote the
sustainable development of green buildings.

Keywords : green buildings; energy consumption; building information modeling ( BIM ) ; geographic

information system( GIS) ;machine learning;regional scale
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Table 7 NMAE and NRMSE results using different

machine learning regression models
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0LS 0.172 0.357 0. 062 0.103
Ridge 0.158 0.321 0. 063 0. 097

LASSO 0.172 0.354 0. 059 0.093

Elastic Net 0.158 0.321 0. 064 0. 101
XGBoost 0.133 0.312 0. 060 0.134
ANN 0.138 0.298 0. 061 0. 089
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Table 8 Performance of different machine learning
regression models in building stock energy

consumption prediction %
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Elastic Net -2.3 0.6 -5.7 1.8 8.8 -2.6
XGBoost 2.4 -1.O 55 01 -7.7 -3.8
ANN -9.7 0.2 -9.0 0.7 -11.7 -1.2
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