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Background

Unreinforced masonry (URM) buildings comprise a majority of the global built heritage. Their poor performance 
during earthquakes is well documented in different countries across the globe. These damages are categorized us-
ing the ATC or EMS-98 scale which indicate the overall damage state of the buildings; they seldom highlight the 
failure mechanisms during this classification

Following the Canterbury earthquake sequence in 2010/2011, URM buildings were surveyed and data collected 
for over 500 buildings. With the onset of artificial intelligence and machine learning application in diverse fields 
including earthquake engineering, this study herein utilities empirical data from the Canterbury earthquake se-
quence to develop a URM failure prediction model.

Machine Learning Model

The Canterbury sequence was used to develop  the machine learning (ML) model to predict failure mechanisms of 
URM buildings. The ML model was developed and trained using the damage data from both September (2010) and 
February (2011) earthquakes to have a broader range of ground motion intensities. There were two models devel-
oped using the database, one capable of predicting out-of-plane failures and the other of predicting specific failure 
mechanisms. 

The model for predicting the occurrence of out-of-plane failure was developed as a multi-class classification problem 
while the model for predicting the specific failure mechanism as a multi-label. Multi-class classification aims at as-
signing a specific label for each input value, where as for multi-label classification each input value can be associated 
to multiple labels. Classification algorithms like logistic regression, support vector machine, decision trees and ran-
dom forests were implemented for both the models. 

The database comprises of 559 URM buildings in Christchurch, and it’s surroundings which sustained out-of-plane 
failures.  The database includes the following attributes: building location (longitude and latitude), the year of con-
struction, architect, damage state of the building according to EMS-98, out-of-plane failure, the floor system, the 
roof structure, number of stories, vertical and horizontal regularity, dimensions of the building and the presence of 
parapets. The input variables used for the machine learning algorithms are selected based on knowledge of their rela-
tionship to the seismic vulnerability of buildings and their correlation with earthquake damage. However, not all the 
features were taken into consideration. 
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Results

The first part of the results addresses the accuracy in prediction of the occurrence of OOP failures during the Can-
terbury earthquake sequence. As seen from the table, Random Forest was the best performing classifier with an ac-
curacy of ~75%. The second part of the study,  for predicting multiple mechanisms ,  presents an overall accuracy of 
~50% when using classifier chains. 

URM Failure Mechanisms

Detailed description of the damage caused by the Canterbury earthquake sequence has been previously reported (Dizhur et al.,2010; Dizhur et al.,2011). The commonly observed failure modes included chimney and parapet fail-
ures, awnings failure, out-of-plane wall failures , in-plane wall failures and pounding. Performance of URM buildings during out-of-plane (OOP) seismic excitation is one of the most complex lines of inquiry and has been studied 
lesser as compared to in-plane behaviour. OOP failure is often a result of lack of anchorage between the walls and diaphragm hampering the ‘box-behaviour’ during earthquakes. Additionally, even if the connections are effective, 
these failures can occur in slender parapets and vertical spanning walls(Bruneau, 1994). Observations after multiple earthquakes highlight the severe life safety hazard as a result of OOP failure (Penna et al., 2014; D’Ayala and Paga-
noni, 2011; Moon et al., 2014).

The vulnerability of URM for OOP failures is well identified and addressed in all modern codes by providing detailed regulations making OOP failure unlikely to occur even under severe seismic loading. The ineffectiveness of 
structural detailing such as the connecting ties, render the buildings stock highly vulnerable even under low-intensity ground motions (Griffith et al., 2003). Post-earthquake surveys of URM buildings even when conforming to 
seismic codes showcase OOP as the most recurrent damage.  

Data Analysis
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