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Abstract: Rapid assessment of building damage and its severity after an earthquake is crucial
for emergency response and recovery. Accurate earthquake damage assessment is crucial for
pre-earthquake disaster prevention and mitigation, post-earthquake disaster relief, and rapid
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reconstruction. Most existing studies based on actual earthquake damage assessment are limited
to a specific region and a particular structure type, and the number of data samples used is also
limited, resulting in subpar generalization performance for the model. Many factors affect the
loss of buildings due to earthquakes. Traditional methods cannot fully consider the complex
mapping relationship between the influencing factors. Therefore, finding a method to quickly
and accurately assess building damage is essential. Machine learning provides a data-driven arti-
ficial intelligence method that can handle complex nonlinear relationships between input and
output parameters by learning the underlying laws of big data. This paper proposes an earth-
quake damage prediction model based on combination of Bayesian optimization algorithm,
synthetic minority over-sampling technique (SMOTE), and random forest algorithm. The core
of the Bayesian optimization algorithm takes prior knowledge into account. It can continuously
update and iterate until the optimal parameter combination is fitted, solving the problem of slow
efficiency of traditional parameter adjustment. The core of the SMOTE method is to generate
data samples of a few categories, solving the problem of uneven distribution of data samples.
Based on the random forest model, this paper uses 378 037 actual building damage data from
the March 11, 2011, My9.0 Tohoku-Oki, Japan earthquake, comprehensively considers multi-
dimensional building information such as ground shaking information, site information, and
structural characteristics, and uses the earthquake damage classification issued by the American
Applied Technical Council (ATC-13). This model can predict the damage caused by earth-
quake damage to buildings and analyze the feature importance of factors affecting building
damage. The results show that after using SMOTE method to solve data imbalance and the
Bayesian approach to optimize hyper-parameters, the accuracy on the test set of the random
forest-basedpredictionmodelis68. 8%, andtherecallratesforminordamage, moderatedamage, severe
damage and collapse are 65.0%, 53.6%, 74.8%, and 81.8%, respectively; the accuracy of
the model is further increased to 87. 5% by considering the life safety performance to convert the
model to dichotomous classification, which significantly improves the existing research prob-
lems in building loss prediction, such as limited data, lack of regional generalization, lack of
diversity in building attributes, imprecise classification of damage levels and low accuracy of
the most severe damage state. The study of the importance of random forest features showed
that the epicenter distance, PGA and vg3, have the most significant influences on the model
output. The earthquake damage assessment model established by this study can achieve rapid
and relatively accurate prediction of building damage caused by earthquakes, which is benefi-
cial for pre-earthquake planning and timely rescue after the earthquake.

Key words: building loss data; random forest; earthquake loss prediction; feature importance
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Table 2 Input features of machine learning model for building datasets
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Fig. 2 Confusion matrix of the initial model
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Table 4 Comparison of hyper-parameter optimization methods for random forest models
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