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ABSTRACT

Seismic damage assessment of buildings is an essential task to predict the physical damage scenario of
buildings to reduce socio-economic loss in a future earthquake. In this regard, machine learning (ML) is
an emerging new horizon with the possibility to assess the damage state of a building due to an
earthquake, depending on the parameters used to train ML models. Incorporating regional geology, site
characteristics, various seismic vulnerability parameters, and earthquake characteristics will result in
better prediction of seismic damage to buildings. This study incorporates these characteristics to train an
ML model employing the Random Forest algorithm and attempts to predict the damage state of the
buildings. The building data and information, including the damage states, were collected from the 1999
Duzce earthquake damage database. The trained model showed an accuracy rate of 55%. This study
illustrates the application of ML techniques in seismic damage assessment, which will help to reduce
future seismic damage and associated losses due to the damage of buildings.
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1. INTRODUCTION

Seismic damage assessment of buildings is a pivotal task to enhance seismic resilience and pre-
earthquake preparedness. In recent decades, urbanization, especially in seismically active regions, has
significantly increased the risk of extensive structural damage and associated socioeconomic losses, due
to unplanned urbanization, lack of quality control in construction, poor materials, in developing
countries. To reduce seismic damage of buildings and social and economic losses due to the damage, it
is necessary to assess the extent of structural damage due to any future earthquake for emergency
response, recovery planning, and long-term seismic resilience. Traditional post-earthquake damage
assessments rely heavily on manual inspections and resources to accumulate data. This approach is
fruitful, but inherently time-consuming and labour-intensive. This method becomes a mammoth task
when densely populated urban areas with large building portfolios need to be assessed. Over the past
decade, advancements in artificial intelligence, particularly machine learning (ML), have opened a new
avenue for automating and enhancing seismic damage assessment. ML models have shown promising
capabilities in predicting structural performance based on building attributes, seismic inputs, and
environmental conditions.

Application of ML methods to predict seismic damage is widely explored in the scientific community.
Morfidis & Kostinakis, (2017) demonstrated that an artificial neural network (ANN) can be used for the
predictive damage assessment of reinforced concrete (RC) buildings, both in pre- and post-earthquake
scenarios. The study considered 11-14 seismic parameters and found that only 5 input parameters can
provide a satisfactory result. A combination of fuzzy logic and ANN was employed in a study (Sanchez-
Silva & Garcia, 2001) for seismic damage assessment considering earthquake severity, soil conditions,
and structural properties. Hwang et al. (2021) proposed a two-step ML method using simulation data,
where at first a regression model was used to predict engineering demand parameter (e.g., story drift),
followed by a classification model to identify collapse potential. Their case study on a 8-story RC
building found XGBoost as a good ML model to predict damage. A rapid post-earthquake seismic
damage evaluation procedure based on a convolutional neural network (CNN) was proposed (Lu et al.,
2021). They utilized data-driven time-frequency distributions (TFDs) of ground motions and a building
inventory for corresponding damage levels. Kim & Song, (2022) proposed deep neural network based
on a variational autoencoder (VAE) for unsupervised, near real-time seismic damage identification. The
model was trained on flexibility matrices derived from operational modal analysis and demonstrated
satisfactory performance in recognizing both single and multiple seismic damage cases.

An ensemble learning method like random forest (RF) combines multiple trees that split data into
random subsets and trains each tree on a random subset, leading to higher accuracy in prediction. It
utilizes bagging and feature randomness to create a robust module (Breiman, 2001; Wang et al., 2022).
The effectiveness of RF in the seismic damage classification problem is widely studied. Roeslin et al.
(2020) used the post-earthquake survey data from the 2017 Puebla-Morelos earthquake to construct an
RF model that achieved good accuracy in seismic damage prediction. Mangalathu et al. (2020) utilized
seismic damage data from the South Napa earthquake, and their model had moderate accuracy using
Random Forest.

From the review of previous studies, it has been found that most of the studies ignored important
parameters, ¢.g., earthquake and site characteristics, to assess seismic damage. It is necessary to include
earthquake characteristics and site soil condition along with important building parameters to predict
seismic damage of buildings. Given the infinite possibilities of ML as an emerging technology for
intelligent seismic damage assessment, this study aims to train an RF model using a proper earthquake
damage inspection dataset. The case study considered building characteristics, vulnerability parameters,
regional geology and soil characteristics to assess effectiveness and accuracy of RF to classify seismic
damage state of the buildings. The outcome of the current study will be helpful for the earthquake
engineers to utilize ML models to predict seismic damage of buildings.
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2. METHODOLOGY

Earthquake damage data for the study were collected from the 1999 Diizce earthquake damage database,
Structural Engineering Research Unit (SERU), Middle East Technical University, Ankara, Turkey
(SERU). It contains data on 484 buildings, including their location, building characteristics and
earthquake response, for the 1999 Diizce earthquake. The datasets were classified into 5 different
classes according to damage state, namely collapsed/removed (C/R), none (N), light (L), moderate (M)
and severe (S).

2.1 Data Pre-Processing

Twelve (12) parameters were taken as input features, namely: 1) Building Height, ii) Building Age, iii)
Torsional Irregularity, iv) Projection in Plan, v) Minimum Normalized Lateral Stiffness Index, vi)
Minimum Normalized Lateral Strength Index, vii) Overhanging Ratio, viii) Normalized Redundancy
Score, ix) Priority Index, x) Peak Ground Acceleration, xi) Peak Ground Velocity/ Peak Ground
Acceleration, xii) Effective Spectral acceleration -Sa(T1). Any non-standard values for any of the
parameters under consideration were replaced with “NaN " (Not a Number) so that the pandas data
frame could detect them as missing data. After that, any missing data for the parameters “Building age”
and “Overhanging ratio” were replaced with the mean of the column of the respective parameters using
the Simplelmputer class from scikit-learn imputation tools. For a class column with a NaN value, the
entire row was removed from the parameters under consideration, as a row with a missing class label
cannot be used for supervised learning. Consequently, the dataset reduces to 483 nos of data.

2.1.1 Outlier Identification and Removal

Outliers are data points that vary significantly from the majority of the dataset. While training ML
models, outliers may lead to inaccurate pattern finding, resulting in poor predictions (Kashyap, 2024).
The Z-score method was used to detect outliers for the normally distributed feature, the minimum
normalized lateral stiffness index (Figure 1), and the interquartile method was used to detect outliers
for the skewed feature, the priority index (Figure 2). In the Z-score method, the three-sigma rule was
employed to detect outliers. Any data point that was more than 3 standard deviations away from the
mean was considered an outlier (GeeksforGeeks, 2025). Table 1 shows the parameters and output of
the three sigma rules. The interquartile range was used to detect outliers in the priority index, where the
interquartile range (IQR) was defined as the difference between the third quartile (Q3) and the first
quartile (Q1). Then, the lower limit was the difference between Q1 and 1.5IQR, and the upper limit was
the sum of Q3 and 1.5IQR (Khan Academy, n.d.). The values that exceeded these limits were considered
outliers. Table 2 shows the parameters and limits of the interquartile range method.
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Table 1: Parameters and output of the three-sigma rule
Upper limit, Lower limit,

Mean, p Standard
Deviation, ¢ pt+3o p-3o
0.1546 0.3345 1.1581 -0.8489

Table 2: Parameters and limits of the interquartile range method

qg;l;ge qll:;;i;le Interquartile Upper limit  Lower limit
(Q3) Q1) range (IQR) (Q3+1.5IQR) (Q1-1.5IQR)
0.0155 0.0087 0.0068 0.0257 -0.0015

After finding the upper and lower limits for the corresponding input features, any values that exceeded
these threshold values were replaced with the upper or lower limit. This was done both for the minimum
normalized lateral stiffness index and the priority index.

2.2 Random Forest Model Preparation

Two variables, x and y, were defined, where the 12 input parameters were stored in the x variable, and
the class categories were stored in y via integer location-based indexing (iloc). The train variable and
the test variable were set such that 80% of the data were used for training the ML model and 20% of
the data were used for testing the ML model. This split was set to be random to get a representative
sample of the whole dataset, and the random seed was fixed to 56 to get the same random shuffle every
single run of the model. This also ensures the reproducibility of the ML model using the same dataset
and indicates any changes in performance are due to the model or data updates, not because of
randomness (Kaggle, n.d.; scikit-learn, 2025). The damage class definition (y) is a multiclass target,
which is a categorical value that needs to be converted into an equivalent numerical value. This was
done by the LabelEncoder class from sklearn. preprocessing Python library (scikit-learn, 2025).

The 12 input features used in this study were not on the same scale. Scaling of the features is required
so that ML algorithms do not heavily favour features with larger values. Also, the scaling of the input
features was done using the StandardScaler tool from sklearn.preprocessing library after the splitting of
the dataset to prevent data leakage. These scales the input features such that each feature has a mean of
zero and a standard deviation of one (scikit-learn, 2025).

The model was created with RandomForestClassifier with 75% of the training data for training each
tree in the forest and a random seed of 42. Then, predictions were made on the test dataset, and the
accuracy score was determined from the similarity of the test class and the predicted class.

The 4 classes defined in the dataset did not have an equal number of data points for each class. The
imbalanced dataset was cross-validated using stratified k-fold cross-validation, ensuring the same
percentage of representative data of each class in each fold. The data was split into 10 folds, such that
each fold has the same proportion of class labels. The model was trained and tested 10 times, using a
different fold as the test set each time.

Distinguished parameters that play a vital role in training outcomes of ML models are known as
hyperparameters. Tuning of these parameters can highly boost the accuracy of the ML models (Hossain
et al., 2021). A param_grid dictionary with 4 estimators, 3 maximum features, 3 maximum depth, and
3 maximum samples was defined, resulting in 108 combinations. Then, GridSearchCV, a
hyperparameter optimization technique, was used to tune the ML model. Each combination was
evaluated using 10-fold cross-validation, totalling 1080 fits. After that, the model’s performance for
each class was evaluated.
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3. RESULTS AND DISCUSSIONS

The accuracy for the classification of damage classes using the RF model was 0.43. Table 3 shows the
classification report for the untuned RF model. It was observed that the random forest model failed to
recall the severe class accurately. Also, the recall score for collapsed/removed (C/R), light (L), and none
(N) was less than 50 percent. Despite an accuracy rate of 0.43, the failure of this model to recall the
severe class completely and the low rate of recall of other classes depict the poor performance of this
ML model. Additionally, all the F1-scores were lower than 50%, resulting in a greater imbalance
between precision and recall. This is primarily due to the class imbalance dataset used in this study. The
confusion matrix is shown in Figure 3.

Table 3: Random Forest classification report before tuning

Class EEZ(;:Ed Precision  Recall sft)l;e Support

C/R 0 0.42 0.42 0.42 12

L 1 0.47 0.44 0.45 32

M 2 0.43 0.56 0.49 34

N 3 0.44 0.40 0.42 10

S 4 0.00 0.00 0.00 9

Accuracy 0.43 97
Macro Average 0.35 0.36 0.36 97
Weighted Average 0.4 0.43 0.41 97
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Figure 3: Confusion matrix before tuning
Cross-validation hyperparameter tuning with GridSearchCV modified this accuracy to 0.55. This score

was obtained for parameters: maximum depth = none, maximum feature = 0.2, maximum sample = 1,
and number of estimators = 100. The classification report is shown in Table 4.
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Table 4: Random Forest classification report after tuning

Encoded F1-

Class Label Precision  Recall score Support

C/R 0 0.50 0.50 0.50 12

L 1 0.58 0.59 0.58 32

M 2 0.52 0.65 0.58 34

N 3 0.67 0.40 0.50 10

S 4 0.50 0.22 0.31 9

Accuracy 0.55 97
Macro Average 0.55 0.47 0.49 97
Weighted Average 0.55 0.55 0.54 97

The overall precision, as well as the precision for the individual classes, increased significantly, all
above 50%. Also, tuning the model improved the recall rate and was successful able to recalling each
class. The F1-score also improved for all the classes. The confusion matrix is shown in Figure 4.
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Figure 4: Confusion Matrix After Tuning

4. CONCLUSIONS

This study aimed to train a random forest model to predict seismic damage using the Diizce database.
Selected seismic performance or vulnerability parameters as assessed after the Duzce earthquake and
seismic intensity data for the earthquake were used to utilize the data in seismic damage prediction.
Initially, the untuned model showed an accuracy of 0.433 with very poor recall for several damage
classes considered. However, hyperparameter tuning boosted this accuracy of 0.55 with a good recall
rate and precision greater than 50% for all the damage classes. In the study small dataset of real
earthquake damage of building was used, use of larger dataset with adequate no. of data of each damage
class may provide better result. This can be done mergering building damage from other post-
earthquake inpection, or numerialaly investigated building data.
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This highlights the suitability of machine learning techniques like random forest in predicting the
seismic damage of buildings using the proper input parameters. This eventually opens a greater
possibility for rapid pre-earthquake evaluation and swift action from the authorities, minimizing the
future loss of life and resources. However, improvement of the results must be made, if possible, to get
reliable outcome, which may provide more realistic damage performance as depicted in physical,
analytical or numerical investigation. In addition, use of other ML techniques can also be utilize with
proper consider of parameters and associated data in seismic damage assessment of buildings.
Application of machine learning kind of technique is really useful not only considering their rapid
assessment, but also considering the overcrowded cities like Dhaka, where on-site investigation is a
very difficult task. However, reliable justification must be made with analytical or numerical assessment
of buildings for such cases.
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