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ABSTRACT

House Price Estimation plays a crucial role in real estate development as a decision-making tool for
both developers and customers. Generally, it is an expensive and time-consuming task since the appraisers need
the collected data from the field. Therefore, several machine learning techniques are utilized and produce
relatively high predictive performance. Indeed, house information and spatial information are the essential
features to estimate house price as well as the house's condition. In this work, we propose an approach to enhance
house price estimation by incorporating the house condition, spatial information, and house information. To
extract the house's condition, we take the house front images into account. Initially, only the house-front pictures
are selected using AutoEncoder. Then, the CNN-based model (ResNet50) is trained on those house front images
to classify them as high or low price. To represent house condition features, the last layer of the trained CNN
model is removed. Therefore, the final input features are generated from those features combined with the house
information and spatial information. Finally, the regression model (XGBoostRegression) is built to predict
house prices. The experimental data are the houses for sale in Pathum Thani province during May and June
2023 collected from www.baania.com. The experimental results showed that the predictive performance of our
model outperforms the based-line model using only house information. However, the house condition features
seem not to increase predictive performance immensely. Hence the house front pictures are insufficient to
represent the house's condition. Thus, the images of different rooms in the house are further determined to obtain
a better predictive performance of house price estimation.

Keywords: House Price Estimation, House Front Image, House Condition, Deep Learning, Machine Learning,

Spatial Information
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