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ABSTRACT

Purpose: This study develops a risk prediction model that predicts the risk of a fire site by using initial
information such as building information and reporter acquisition information, and supports effective
mobilization of fire fighting resources and the establishment of damage minimization strategies for
appropriate responses in the early stages of a disaster. Method: In order to identify the variables related
to the fire damage scale on the fire statistics data, a correlation analysis between variables was performed
using a machine learning algorithm to examine predictability, and a learning data set was constructed
through preprocessing such as data standardization and discretization. Using this, we tested a plurality
of' machine learning algorithms, which are evaluated as having high prediction accuracy, and developed
a risk prediction model applying the algorithm with the highest accuracy. Result: As a result of the
machine learning algorithm performance test, the accuracy of the random forest algorithm was the highest,
and it was confirmed that the accuracy of the intermediate value was relatively high for the risk class.
Conclusion: The accuracy of the prediction model was limited due to the bias of the damage scale data
in the fire statistics, and data refinement by matching data and supplementing the missing values was
necessary to improve the predictive model performance.

Keywords: Fire Site Risk, Prediction Model, Big Data Analysis, Machine Learning Algorithm, Random
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Fig. 1. Results of basic analysis of fire statistics data
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Table 1. Fire statistics data correlation analysis result
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Fig. 2. Decision tree model analysis results for fire damage variables
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Fig. 4. Machine learning algorithm performance test results
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