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. Artificial Neural Network (ANN)
. Support Vector Machine (SVM)

. Random Forest (RF)
. Genetic Algorithm (GA)
. Linear Regression (LR)
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3. Classification and Regression o

4 . Recommendation and time series prediction
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1 . Support Vector Regression (SVR)
2 . Classification and Regression Tree (CART)
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An overview on the application of machine learning algorithms to predict the
energy performance of a building

Nowadays, due to increasing importance of energy consumption, many methods have been
applied aiming accurate. One of these methods is to use artificial intelligence. Many algorithms
are used to do this; Which provide a more accurate result than other building energy simulation
tools. This article, reviews some research that has been done in recent years, and related to this
issue; To identify the most accurate and most widely used algorithms in this field; The
algorithms have the lowest error rate, the highest speed and the most accurate calculations. When
using different algorithms, the strengths and weaknesses of each are identified. Researchers have
used various algorithms to predict the energy consumption of buildings. The purpose of this
article is to better understand the features of different algorithms according to the type of their
use; and introduce the best and most widely used machine learning algorithms in recent years.
the most widely used methods in order to optimize energy consumption and predict the energy
performance of buildings have been ANN, SVM, RF, GA and LR respectively. In this research,
a layered framework has been used to select articles; In the first layer, articles that have been
published in the recent years were considered; In the second layer, these articles had the
keywords we wanted and were in line with our achievements; In the third layer, the subject of
the articles was in line with our subject and machine learning algorithms were used to predict or
optimize the energy consumption of building.

Keywords: Machine Learning Algorithms, Energy Prediction, Energy Performance, Building
Energy Efficiency, Accuracy.
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