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Abstract 

In the last decade the availability of a large amount of high-quality data from post-disaster field reconnaissance generated 

substantial datasets of structural, infrastructural, and geotechnical damage. Such large datasets enable artificial 

intelligence approaches that can provide insights into the physical behavior of soil, and it can be instrumental for 

improving liquefaction hazard analysis. The 2010-2011 Canterbury earthquake sequence in New Zealand caused 

significant structural damage and widespread liquefaction over a large region. Following this earthquake sequence, remote 

sensing techniques were used to produce lateral spreading displacement maps [1]. Such data, combined with the 

availability of site characterization data from the New Zealand Geotechnical Database (NZGD), constitutes a unique 

resource for lateral spreading hazard analysis. This large liquefaction-induced lateral spreading dataset includes more 

than 1700 data points. Each data point is characterized by one cone penetration test (CPT) profile and co-located lateral 

spread displacement information. Building upon this substantial dataset, we develop machine learning-based empirical 

models to predict lateral spread occurrences. We first identify and distill key physics-based model input parameters. We 

then test and compare various machine learning algorithms trying to minimize the discrepancies between model prediction 
and observed occurrence. Such computationally expensive analyses were carried out utilizing cloud-based computing 

capabilities offered by DesignSafe [2]. Our preliminary analysis shows that machine learning techniques can be 

successfully utilized to predict lateral spread occurrences in New Zealand. The evaluation of the amount of displacement 

and the scalability and applicability of such models for global applications will be investigated in future research efforts.  

Keywords: machine learning; liquefaction; lateral spreading; 2010-2011 Canterbury earthquake sequence.  
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1. Introduction 

Soil liquefaction is a phenomenon that typically occurs in saturated loose sandy soils subjected to rapid loading 

conditions, such as earthquakes. The generation of excess pore water pressure is a direct consequence of the 

rapid loading, that can lead to a sudden reduction in the strength and stiffness of the soil. In the presence of 

gently sloping ground or near the free face of a slope, the earthquake-induced liquefaction generates lateral 

displacement, known as lateral spreading. The horizontal displacement induced by lateral spreading typically 

causes significant damage to the built environment.   

 The 2010-2011 Canterbury earthquake sequence in New Zealand caused significant structural damage 

and widespread liquefaction over a large region, with extensive lateral spreading observation in the area 

adjacent to the Avon River [3]. Following this earthquake sequence, remote sensing techniques were used to 
produce lateral spreading displacement maps [1]. Such maps are obtained through image correlation of satellite 

imagery acquired before and after the earthquake. The availability of site characterization data in the area of 

interest from the New Zealand Geotechnical Database (NZGD) combined with these maps represents a unique 

resource for lateral spreading hazard analysis. Such a substantial dataset enables artificial intelligence 

approaches. In the dataset, each lateral spread horizontal displacement data point is associated with one cone 

penetration test (CPT) profile. The goal of this research is to develop machine learning-based empirical models 

to predict liquefaction-induced lateral spreading displacement. The approach can be divided into two parts: a 

model that predicts the occurrence of lateral spreading (or lack thereof), and a second model that predicts the 

amount of displacement.   

This paper focuses on the first part of the model (i.e., predicting the occurrence of lateral spreading) 

using data from the 22 February 2011 Christchurch earthquake (Mw 6.2). Figure 1 shows lateral spreading 

horizontal displacements generated by this event in the area of the Avon River, eastern Christchurch from [1].  

 
Fig. 1 – Lateral spreading horizontal displacement for the Christchurch earthquake computed from Light 

Detection and Ranging (LiDAR) surveys (after Rathje et al. 2017). 

In this study we use information relative to 1700 data points in the Avon River area to develop models 

that predict the occurrence of lateral spreading. The type of information collected are geometrical (i.e. distance 

from the river, ground slope), event-specific conditions (i.e. Peak Ground Acceleration (PGA), Ground Water 

Table - GWT) and subsurface soil conditions (i.e., CPT profiles). The size of the dataset enabled the use of 

Machine Learning (ML) techniques to predict the occurrence of lateral spreading. Two models of increasing 

complexity were developed in this study: (1) a model that does not use CPT data and (2) a complete model 

that includes CPT data. Additionally, we compare the performance of two different ML algorithms: a Random 

Forest, tree-based approach and a kernel-based Support Vector Machine approach. All analyses were 

performed in the cloud on DesignSafe [2]. Such models were developed in a Jupyter Notebook [4] using python 

and the, NumPy, Pandas, Matplotlib, and Scikit-learn packages [5-8]. 
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2. Dataset 

Figure 2 shows the general study area and the geographical distribution of various input parameters used in 

the study to develop ML-based prediction models. Ground motion and displacement data are from the 22 

February 2011 Christchurch earthquake (Mw 6.2). An extensive dataset of 1702 data points is considered in 

the area of interest. Each datapoint has information about location (longitude and latitude), distance of the 

point from the free face (L), depth of the ground water table (GWT) (Fig. 2a), ground slope calculated from a 

5m LIDAR grid (Fig. 2b), PGA, and some representative quantities extracted from the CPT profiles available 

from the NZGD. The event specific GWT and PGA were extracted from the NZGD [9-10]. Information about 

the PGA are not used in this study due to the small variation of PGA in the area of interest, that could generate 

misleading results if used in a machine learning algorithm. At each location, a layer of 4m below the GWT is 

extracted from the CPT profile to compute the normalized tip resistance (Qtn) and the soil behavior type index 

(Ic) profiles [11]. Median (Med) and standard deviation () values, shown using heat map, are then calculated 

for each data point and included in the dataset (Fig. 2c-d).  

 
Fig. 2 – Data distribution: (a) GWT, (b) slope, (c) median normalized tip resistance (Qtn) with standard 

deviation, and (d) median soil behavior type index (Ic) with standard deviation. 

 

Lateral displacement occurrence is evaluated for each datapoint based on the remote sensing analyses 

presented by Rathje et al. 2017 [1] (Fig. 1). The threshold used to discern between the occurrence and non-

occurrence of lateral spreading is set to 0.3m (i.e. if the lateral spread displacement is < 0.3m, we consider the 

datapoint as “no lateral spread”, if the displacement is > 0.3m, we assign “yes lateral spread”). The datapoints 

are well distributed between the two classes, with 846 and 856 points in Class 0 (no lateral spread) and Class 

1 (yes lateral spread), respectively. Figure 3 shows the distribution of lateral spreading occurrences for the 

dataset considered. The displacement classes used in Fig. 3b were selected to have as much equally distributed 

intervals as possible.  

.
4b-0060

The 17th World Conference on Earthquake Engineering

© The 17th World Conference on Earthquake Engineering - 4b-0060 -



17th World Conference on Earthquake Engineering, 17WCEE 

Sendai, Japan - September 13th to 18th 2020 

  

4 

 
Fig. 3 – Data distribution for lateral spreading occurrence. 

3. Machine Learning Techniques  

Artificial Intelligence (AI) is a relatively new discipline [12] that studies how to train computers to execute 

specific tasks. Depending on the human intervention needed, AI algorithms can be classified as Machine 

Learning (ML) and Deep Learning (DL). A ML algorithm needs the data to be organized in a dataset with 

labelled data and it uses that data to make a prediction.  A DL algorithm also needs labelled data, but it can 

learn on its own through various layers, hierarchies, and concepts (i.e., artificial neural networks) suitable to 

perform complex calculations, and, for this reason, it requires significantly more data. This paper focuses only 

on ML methods. It is possible to identify three types of ML algorithms:  (i) supervised - task driven, in which 

the outcome or output for the given input is known; (ii) unsupervised - data driven, in which the outcome or 

output for the given inputs is unknown; and (iii) reinforcement, in which the model learns from mistakes. 

Supervised learning models are used for classification or regression problems. In classification problems, the 

model will predict the categorical response (class). Such models can be binary or multi-class. In regression 

problems, the model will predict a continuous response value. Supervised machine learning models are used 

in this study to solve a classification problem, i.e., lateral spreading Yes/No. In an AI analysis, each variable 

considered is called a feature, while the prediction is called a target. The features used in this problem are all 

the entries of the dataset described in the previous section, and the target is the occurrence (or not) of lateral 

spreading.  

The two algorithms presented in this paper are tree-based and kernel-based methods (Fig. 4). The 

simplest tree-based method is a decision tree, which involves the division of the prediction space into smaller 

regions using simple yes/no questions, each capable of capturing different relations in the dataset. A decision 

tree can have multiple layers of questions (depth) to predict the response.  The trade-off with decision trees is 

that too few layers may result in an inaccurate prediction, while too many layers may be result in overfitting.  

The Random Forest (RF) approach [8] addresses this issue by developing multiple decision using different 

parts of the datasets and/or a subset of features. The combination of all the trees generated by the model defines 

the final prediction model, running each row through each tree, collecting the value at the end node (also called 

leaf node), and taking the response with more votes for a classification model. RF algorithms can also be used 

to define the importance of each feature based on its predictive power. Kernel-based models analyze the data 

to find specific patterns in the input dataset. The kernel-based algorithm used in this study is the Support Vector 

Machine model (SVM) [8]. Such methods transform the space in a map and the data into vectors. The 

relationship between inputs and outputs is represented by a user-specified kernel, also called a similarity 

function.  
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To guarantee a proper validation of a ML model, the dataset is usually subdivided into training and test 

data. The division can be done before running the algorithm, or it can be done multiple times during the analysis 

using Cross Validation (CV) methods. The basic approach, called k-fold CV [8], is an automated procedure 

that divides the dataset randomly into k smaller sets or folds. For each random division, the method uses (k-1) 

folds to train the model, and the last fold to validate it. This procedure is repeated k times and the performance 

of the model is computed as the average of each of them. In this paper the k parameter for the CV is set to 10.  

For each ML model, a hyperparameter optimization algorithm is used to set the optimal set of model parameters 

[8]. In the RF models the hyperparameters considered are: (i) maximum depth of each tree, (ii) number of 

estimators (trees), (iii) maximum number of features considered for node splitting, and (iv) the function to 

measure the quality of a dataset split (criterion). In the SVM models the hyperparameters considered are: (i) 
the kernel function, (ii) the kernel coefficient (gamma), (iii) the function regularization parameter (C).   

 
Fig. 4 –Schematic representation of (a) tree-based and (b) kernel-based methods. 

 The quality of a ML model can be evaluated from the corresponding Confusion Matrix (CM). A CM is 

a matrix representation of the results that is used to visualize the performance of the algorithm in each class 

(or values).  Each row represents the instances in a class and each column represents the instances in the 

predicted class. For the specific binary case of Yes/No lateral spreading, if the model prediction is Yes and the 

observed class is also Yes, the point is classified as a True Positive (TP). If the prediction is No and the 

observation is also No, the point is classified as a True Negative (TN). If the prediction is Yes, but the 

observation is No, it is a False Positive (FP). Finally, if the prediction is No, but the observation is Yes, it is 

classified as a False Negative (FN). The better the model performs, the fewer points are found in the FP and 

FN segments of the confusion matrix. Additional information on the overall performance of a model can be 

obtained looking at some specific metrics such as: (i) accuracy, (ii) recall, (iii) precision, and (iv) F1-measure. 

Accuracy looks at the overall performance, assuming equal costs for both kinds of errors (Eq. 1).  Recall 

focuses on the capability of the model to correctly identify the class (Eq. 2). Precision indicates how good the 

model is at generating only a small number of FP (Eq. 3). The F1-measure is a metric able to combine recall 

and precision (Eq.4).   

 Accuracy = (TP + TN) / (TP + TN + FP + FN) (1) 

 Recall = TP / (TP + FN) (2) 

 Precision = TP / (TP + FP) (3) 

 F1-measure = (2 x Recall x Precision) / (Recall + Precision) (4) 

4. Results 

This section discusses results obtained applying ML algorithms to the New Zealand liquefaction-induced 

lateral spreading dataset presented in the previous sections. Results are divided into two sections: the first part 

uses only a portion of the features available in the dataset and compares the performance of the RF and SVM 
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algorithms. The features not considered in the first part of the analysis are those obtained from CPT data. The 

second section presents results obtained from the RF algorithm that uses all the features collected in the dataset, 

including CPT data. Results are presented by means of normalized confusion matrixes, table of metrics, and 

maps reporting the spatial distribution of TP, TN, FP, and FN among the data points.  

4.1 Random Forest versus Support Vector Machine algorithms (no CPT data) 

The tree-based RF algorithm and the kernel-based SVM algorithm are used to predict the occurrence of 

liquefaction-induced lateral spreading in the Avon River area in eastern Christchurch using the features 

distance from the free face (L), ground slope (S), and depth to the GWT (GWT). The term Support Vector 

Classification (SVC) is used to identify the SVM used in classification models. The selection of the best 
parameters for each algorithm uses the hyperparameter optimization algorithm based on the model accuracy. 

Figure 5 shows the normalized confusion matrixes for the best model found for the (a) RF and (b) SVC 

algorithms. The CMs show that RF performs better in all the sections of the matrix. The total accuracy for the 

RF model is 88%, while the accuracy of the SVC model is 65%. Additional information about the overall 

performance of the two models are presented in Table 1 in terms of recall, precision, and F1-score. These 

metrics are all around 88% for the RF model, and they range from 61% to 69% for the SVC model. 

 
Fig. 5 – Normalized confusion matrixes for (a) Random Forest Classification and (b) Support Vector 

Classification algorithms. 

Table 1 – Main metrics for RF and SVC algorithms 

 Accuracy Recall Precision F1-score 

 RF SVC RF SVC RF SVC RF SVC 

Class 0 
- - 

0.87 0.69 0.88 0.63 0.87 0.66 

Class 1 0.88 0.61 0.87 0.66 0.88 0.63 

average 0.88 0.65 0.88 0.65 0.88 0.65 0.88 0.65 

 

 Figure 6 shows the distribution of the RF and SVC model predictions in terms of TP (green dots), TN 

(green triangles), FP (red dots), and FN (yellow triangles) among the data points. Errors in the predictions are 

not concentrated in one specific zone of the study area, meaning that both models are able to recognize general 

patterns in the data. The RF model (Fig. 6a) performs significantly better than SVC (Fig. 6b) mainly in the 

eastern part of the domain, where there are large regions of FN and FP predictions in the SVC model. The 

better performance of the RF model is attributed to the capability of this algorithm to find hidden relationships 

among features using deeper decision trees.  
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Fig. 6 – Data distribution for (a) Random Forest and (b) Support Vector Classification algorithms. 

4.2 Random Forest algorithm with CPT data  

In this section a RF algorithm is used to predict the occurrence of lateral spreading based on all the features 

available in the dataset. The dataset includes Qtn and Ic (Meds and s) extracted for the 4-meter layer below 

the GWT. Figure 7 compares the CM of the RF model without the CPT data with the RF model obtained 

considering the CPT data in the analysis. The comparison shows that the inclusion of some information about 

strength and soil type (through Qtn and Ic, respectively) improves the overall performance of the predictive 

model. As shown in Fig. 7, the inclusion of CPT data increases the TN and TP responses, and reduces the FN 

and FP responses.  The most improvement is observed for TP and FN. The accuracy of the model marginally 

increases from 88% to 91%. Additional information about the overall performance of the two models are 

presented in Table 2. The 3% increase of the performance of the model after the CPT data are considered, is 

distributed among all the metrics, as reported in Table 2. It is important to include CPT data as they provide 
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information on the mechanical properties of the soil. However, in this case, the improvement of the model is 

not significant, due to the small variation in the mechanical properties of the soil within the analyzed region. 

In fact, in a ML model, the addition of features with small variation does not introduce enough information 

into the algorithm to improve significantly its overall performance.  

  Figure 8 compares the relative importance of each of the features obtained from the RF models with and 

without the CPT data. Figure 8a shows that GWT and L are the two most important features for the model 

without CPT data with 39% and 35% of importance, respectively. These two features are still the top ranked 

features for the RF model with CPT data (Fig. 8b), with a relative importance of 24% and 20%, respectively. 

For the dataset considered, the other features have similar importance values between 9% and 13%, with Ic 

(Med) as the most important feature derived from CPT data with 13% relative importance.  

 
Fig. 7 – Normalized confusion matrixes from Random Forest Classification (a) without CPT data and (b) 

with CPT data. 

Table 2 – Main metrics for RF algorithms with and without CPT data 

 Accuracy Recall Precision F1-score 

 No CPT CPT No CPT CPT No CPT CPT No CPT CPT 

Class 0 
- - 

0.87 0.89 0.88 0.93 0.87 0.91 

Class 1 0.88 0.93 0.87 0.90 0.88 0.91 

average 0.88 0.91 0.88 0.91 0.88 0.91 0.88 0.91 

 

 
Fig. 8 – Relative feature importance ranking from Random Forest Classification (a) without CPT data and 

(b) with CPT data. 

Figure 9 compares the distribution of FP (red dots), and FN (yellow triangles) among the datapoints for 
the RF models with and without the CPT data. The RF model with CPT data (Fig. 9b) reduces the overall error 

in the prediction. The comparison between Fig. 9a and 9b shows that the area with the CPT data improved the 
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performance especially in the eastern area, where the majority of the FP were concentrated when no CPT data 

were used in the model.  

 
Fig. 9 – False Positive (FP) and False Negative (FN) Random Forest model results for dataset (a) without 

CPT data and (b) with CPT data. 

5. Conclusions 

The use of machine learning techniques to predict the occurrence of liquefaction-induced lateral spreading 

displacement in New Zealand is investigated in this paper. Data from the 22 February 2011 Christchurch 

earthquake (Mw 6.2) are used to create a dataset with more than 1700 data points in the Avon River area. 

Machine Learning algorithms are used to predict the lateral spread displacement occurrences, dividing the 

dataset into two classes: Class 0 where no lateral spread displacement was observed (displacement < 0.3m), 

and Class 1 otherwise. The ML algorithms used in this study are the tree-based Random Forest (RF) and the 

kernel-based Support Vector Classification (SVC) algorithms. All analyses were performed in the cloud on 
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DesignSafe, in Jupyter Notebooks. The comparison of the overall performance of the RF and SVC algorithms 

is performed using a reduced feature set that does not include the information obtained from the CPT profiles. 

The analyses show that for this dataset the RF model better predicts the occurrence of lateral spreading. The 

inclusion of the CPT data in the dataset improved the performance of the model by 3%. The small improvement 

of the model observed in this case study may be attributed to the small variation in the soil properties within 

the area of interest, which does not provide enough additional information to the model. This study shows that 

machine learning techniques can be successfully used to predict lateral spread occurrences. This paper is part 

of a more comprehensive on-going project. Future studies will focus on the prediction of the amount of 

displacement and the scalability and applicability of such models in different regions.  
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