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1. Introduction 
Landslides are a significant disaster worldwide and cause 
massive property damage and occasional casualties. Unlike 
other natural hazards such as earthquakes and typhoons, 
landslides disaster lacks continuous observation and recording 
1. Additionally, with human activities such as monstrous roads, 
deforestation, and urban expansion, landslides and the 
corresponding losses show an upward trend worldwide 2. 
Therefore, the prediction and prevention measures are 
encouraged to be introduced in high-risk areas to reduce 
landslide disaster damages. 
 
Machine learning, which is an extension of statistics, is widely 
developed in the field of landslide susceptibility. Various 
machine learning algorithms are applied for producing 
landslides susceptibility maps (LSM), such as Logistic 
Regression (LR), Artificial Neural Network (ANN), Support 
Vector Machine (SVM), Decision Tree (DT), K-Nearest 
Neighbor (KNN), and Random Forest (RF). Although these 
machine learning models have more outstanding performances 
than the traditional models, weak interpretability makes these 
models difficult to generalize. Simultaneously, there are still 
some gaps between these models and the latest. The 
comparison between the various parameters of these models is 
still not noticeably clear. 
 
Considering the inadequate analysis of the specific event such 
as an earthquake in LSM, this research aims to establish an 
analytical framework for the specific event of LSM. 
Simultaneously, an ensemble of learning techniques is also 
applied in this research; performance improvement will also be 
evaluated. Furthermore, we try to predict the earthquake-
induced landslides through the LSM based on the historical 
landslides.  
 
2. Study area  
The study area is the ensemble Mukawa-Cho, Abira-Cho, and 
Atsuma-Cho in Hokkaido, in the northern part of Japan, with 
the longitude and latitude range from 41° 44' 11.6 "E to 142° 
20' 2.4 "E and 42° 31' 42.6 "N to 42° 59' 13.7 "N respectively, 
the total area of this area is 1353 km2 (Fig.1 and Fig.2). The 
study area is located in the junction of the Eurasian, North 
American, and the Pacific plates 3, a tectonically active region, 

which has led to devastating earthquakes on the pacific coast 
of Hokkaido. 
 
In the present research, the epicenter of the September 6th, 2018 
Hokkaido Eastern Iburi earthquake is located at 42° 41.4' N 
142° 00.4' E 4 with an Mj = 6.7 mainshock and 37 km depth of 
focus. The locations of the study area and epicenters of 
different earthquakes are shown in Fig 1. And the distribution 
of two types of landslides is shown in Fig 2. 
 

  

Fig 1 The location of study area and epicenters of different 
earthquakes 

Fig 2 Distributions of Earthquake-induced landslides and 
Historical landslides 



3. Data-use 
Machine learning requires a unified format of the dataset. Since 
raw data in this study have considerable differences, 
preliminary data processing was necessary. All dataset is 
finally converted into a raster format with 10 m resolution in 
the ArcGIS software reasonably and extracted into a table file 
through point extraction and image flattening for further 
analysis in python. The processing result of the dataset is 
shown in the following Table 1.  

 
Four kinds of datasets are created for analysis. Dataset Px1 
contains all pixels in 21 raster files, and the shape of this dataset 
is 4710 × 4432 × 21  pixels. After the flatten in length and 
width dimensions and deletion of invalid pixels, the dataset's 
total size becomes 11130632 rows with 21 columns. Dataset 
Po1 is obtained from the dataset Px1 by the random selection 
of 500000 points in the study area so that its dataset size is 
500000 rows with 21 columns. By selecting random points 
with limited distance in these landslide areas as much as 
possible and then selecting the same number of non-landslide 
points, we finally get the size of dataset Po2 of 121534 rows 
with 21 columns. We also made a dataset Po3 by selecting the 
center point of each landslide and selecting the same number 
of non-landslide points, whose size is 16162 rows with 21 
columns.  

4. Methodology 
The process can easily be divided into four parts: (1) Data 
Collection and preparation, (2) Feature evaluation, (3) Model 
Training and adjustment, and (4) Model visualization.  
 
4.1 Machine Learning Models 
(1) Logistic Regression 
The Logistic regression (LR) prediction equation is shown 
below: 

𝐿𝐿𝐿𝐿𝜃𝜃(𝑿𝑿) = 1
1+e−𝜽𝜽𝑻𝑻𝑿𝑿

= 𝑝𝑝𝑦𝑦=1 (1) 

𝜽𝜽𝑻𝑻𝑿𝑿 =  𝜃𝜃0 + 𝜃𝜃1𝑥𝑥1 + 𝜃𝜃2𝑥𝑥2 + ⋯+ 𝜃𝜃𝑛𝑛𝑥𝑥𝑛𝑛 (2) 
The equation of optimization by using the maximum likelihood 
method to estimate the suitable weight 𝜽𝜽∗ is shown below:  

𝜽𝜽∗ = 𝑎𝑎𝑎𝑎𝑎𝑎max
𝜽𝜽

ln�𝐿𝐿(𝜽𝜽)� = 𝑎𝑎𝑎𝑎𝑎𝑎min
𝜃𝜃
𝐽𝐽(𝜽𝜽)  (3) 

𝐽𝐽(𝜽𝜽) = − 1
𝑚𝑚

ln�𝐿𝐿(𝜽𝜽)� (4) 

Where 𝐿𝐿(𝜽𝜽) is likelihood function, 𝐽𝐽(𝜽𝜽) is the loss function 
and derived by 𝐿𝐿(𝜽𝜽), which represents the error between the 
real value and the predicted value, m represents the number of 
samples in each training process.  
 
(2) Decision Tree and Random Forest 
In the decision tree's training process, the objective is to obtain 
the most suitable judgment conditions and feature judgment 
order. Taking the CART 5 as an example, we need to make the 
information gain larger so that the optimization goal of any 
node m can be express as: 

𝜽𝜽𝒎𝒎∗ = 𝑎𝑎𝑎𝑎𝑎𝑎max
𝜽𝜽𝒎𝒎

𝐼𝐼𝐼𝐼𝑎𝑎𝑎𝑎(𝜽𝜽𝒎𝒎)  (5) 

𝐼𝐼𝐼𝐼𝑎𝑎𝑎𝑎(𝜽𝜽𝒎𝒎) = 𝐺𝐺𝐺𝐺𝐼𝐼𝐺𝐺(𝜽𝜽𝒎𝒎) −  𝑛𝑛𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙
𝑁𝑁𝑚𝑚

 𝐺𝐺𝐺𝐺𝐼𝐼𝐺𝐺�𝜽𝜽𝒍𝒍𝒍𝒍𝒍𝒍𝒍𝒍� −
𝑛𝑛𝑟𝑟𝑟𝑟𝑟𝑟ℎ𝑙𝑙
𝑁𝑁𝑚𝑚

 𝐺𝐺𝐺𝐺𝐼𝐼𝐺𝐺�𝜽𝜽𝒓𝒓𝒓𝒓𝒓𝒓𝒓𝒓𝒍𝒍�

  (6) 
𝐺𝐺𝐺𝐺𝐼𝐼𝐺𝐺(𝜽𝜽𝒎𝒎) =  1 − 𝑝𝑝𝑚𝑚,𝑦𝑦=1

2 − 𝑝𝑝𝑚𝑚,𝑦𝑦=0
2   (7) 

Where m represents the node, 𝜽𝜽𝒎𝒎  =  (𝑎𝑎, 𝑡𝑡ℎ𝑎𝑎𝑟𝑟𝑟𝑟ℎ𝑜𝑜𝑜𝑜𝑜𝑜) 
contains target split feature a and a threshold which is used for 
the judgment, and 𝑝𝑝𝑚𝑚,𝑦𝑦=1 , 𝑝𝑝𝑚𝑚,𝑦𝑦=0  represent the probability 
that the training sample is 1 and 0 at node m, respectively.  
 
One step further of the Decision Tree is the Random Forest 
(RF) model, which means that we train a series of decision tree 
models, and then decide the prediction result through majority 
voting.  
 
(3) K-nearest neighbor 
K-nearest neighbor (KNN) algorithm only needs to calculate 
the distance between testing data and training dataset. Then 
select the K closest data from them and decide the predicted 
result through majority voting. The distance equation is shown 
below: 

𝐷𝐷𝐺𝐺𝑟𝑟𝑡𝑡(𝑿𝑿𝒍𝒍𝒍𝒍𝒕𝒕𝒍𝒍,𝑿𝑿𝒍𝒍𝒓𝒓𝒕𝒕𝒓𝒓𝒕𝒕) = �∑ �𝑥𝑥𝑖𝑖,𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 − 𝑥𝑥𝑖𝑖,𝑡𝑡𝑟𝑟𝑟𝑟𝑖𝑖𝑛𝑛�
𝑝𝑝𝑛𝑛

𝑖𝑖=1 �
1 𝑝𝑝⁄

 (8) 

The n means feature numbers, p normally equals 1 (Manhattan 

Code Dataset Range 

A0 Historical Landslides (HLS) 0,1 

A1 Earthquake-induced landslide (EILS) 0,1 

A2 Lithology 1,2,3,…20 

A3 Soil 1,2,3,…17 

A4 Land-use 1,2,3,...12 

A5 Elevation (DEM Unit: m) 0~1002 

A6 Slope (degree) 0~72.2 

A7 Aspect (North = 0, Clockwise) -1~360 

A8 Curvature -64.4~54.2 

A9 Distance to fault (m) 0~10731.7 

A10 Distance to road (m) 0~8999.9 

A11 Distance to river (m) 0~1885.4 

A12 Average Rainfall (mm) 1066~1308 

A13 Precipitation 2018.08 (mm) 215.7~332.6 

A14 PGA (N-S Unit: gal) 123.6~654.9 

A15 PGA (E-W Unit: gal) 106.0~814.2 

A16 PGA (U-D Unit: gal) 50.4~862.1 

A17 PGA (3D Unit: gal) 138.1~1356.2 

A18 Japan seismic intensity 4.2~6.3 

A19 Distance To epicenter (m) 0~39294 

A20 Aspect To epicenter (m) 0~360 

Table 1 The training features, and range of different data in the 
study area 



distance) or 2 (Euclidean distance). 
 
Obviously, if the feature value is not in the same order of 
magnitude, the feature with a more extensive range of variation 
would have greater importance. To maintain the equal 
importance of features, we need to normalize the dataset, with 
the equation of Min-Max normalization shown below: 

𝑥𝑥𝑖𝑖
, = 𝑎𝑎 + (𝑥𝑥𝑟𝑟−𝑥𝑥𝑟𝑟,𝑚𝑚𝑟𝑟𝑚𝑚)(𝑏𝑏−𝑟𝑟)

𝑥𝑥𝑟𝑟,𝑚𝑚𝑚𝑚𝑚𝑚−𝑥𝑥𝑟𝑟,𝑚𝑚𝑟𝑟𝑚𝑚
 (9) 

Where i represents the ith feature, 𝑥𝑥𝑖𝑖
,  represents the new value 

in ith feature, 𝑥𝑥𝑖𝑖,𝑚𝑚𝑖𝑖𝑛𝑛  and 𝑥𝑥𝑖𝑖,𝑚𝑚𝑟𝑟𝑥𝑥  mean the minimum value 
and maximum in ith feature, respectively. 
 
(4) Artificial neural network and multilayer perceptron 
Artificial neural network (ANN) is a well-known machine 
learning model due to the excellent nonlinear fitting ability. An 
ANN with multiple hidden layers is called a multilayer 
perceptron (MLP). Taking a trained MLP with two hidden 
layers as an example and the prediction equation of this MLP 
model is shown like: 

𝑀𝑀𝐿𝐿𝑀𝑀(𝑿𝑿) = 𝐹𝐹 �𝑾𝑾𝟑𝟑𝐹𝐹�𝑾𝑾𝟐𝟐𝐹𝐹(𝑾𝑾𝟏𝟏𝑿𝑿)�� = [𝑝𝑝𝑦𝑦=0 𝑝𝑝𝑦𝑦=1]𝑇𝑇 (10) 

𝐿𝐿𝐿𝐿(𝑾𝑾𝟏𝟏,𝑾𝑾𝟐𝟐,𝑾𝑾𝟑𝟑) = − 1
𝑚𝑚
∑ (𝑦𝑦0𝑖𝑖 𝑜𝑜𝐼𝐼(𝑝𝑝𝑦𝑦=0𝑖𝑖 ) + 𝑦𝑦1𝑖𝑖𝑜𝑜𝐼𝐼(𝑝𝑝𝑦𝑦=1𝑖𝑖 ))𝑚𝑚
𝑖𝑖=1

  (11) 

𝑾𝑾𝟏𝟏
∗ ,𝑾𝑾𝟐𝟐

∗ ,𝑾𝑾𝟑𝟑
∗ = 𝑎𝑎𝑎𝑎𝑎𝑎 min

𝑾𝑾𝟏𝟏,𝑾𝑾𝟐𝟐,𝑾𝑾𝟑𝟑
𝐿𝐿𝐿𝐿(𝑾𝑾𝟏𝟏,𝑾𝑾𝟐𝟐,𝑾𝑾𝟑𝟑) (12) 

Here, the X is the input layer representing an 𝐼𝐼 × 1  vector, 
and n is the number of features of the sample, 𝑾𝑾𝟏𝟏,𝑾𝑾𝟐𝟐,𝑾𝑾𝟑𝟑 
represent the weight matrices between two layers with the 
shape of 𝑎𝑎 × 𝐼𝐼, 𝑏𝑏 × 𝑎𝑎, 𝑜𝑜 × 𝑏𝑏 respectively, and a and b are the 
neuron numbers in the hidden layer with a free definition. O is 
the output layer, which is a 2 × 1  vector in binary 
classification target. F(x) is the activation function, ReLU 
function or sigmoid function can be utilized on any layer except 
the last layer. The last layer's activation function must use the 
SoftMax function to make the output result between 0-1 in 
classification function.  
 
(5) Ensemble Method 
The bagging method achieves an integrated effect by training a 
batch of models and voting or averaging the results. This 
method's advantage is that it is easy to understand. The weights 
of all models are considered the same, which the weak models 
will lead to dragging down the overall ensemble model.  
 
The stacking method effectively solves the above problem of 
the bagging method. The core idea is to use each model's 
prediction results on the training set as the new features and 
combined them into a new training dataset, then using a 
secondary model to train this new training dataset. The 
schematic formula of stacking is as follows:  
𝑝𝑝𝑦𝑦=1 = 𝐿𝐿𝐿𝐿𝜃𝜃2(𝑿𝑿𝟐𝟐)  (13) 
𝑿𝑿𝟐𝟐 =  [𝑚𝑚𝑜𝑜𝑜𝑜𝑟𝑟𝑜𝑜1(𝑿𝑿) ⋯ 𝑚𝑚𝑜𝑜𝑜𝑜𝑟𝑟𝑜𝑜𝑛𝑛(𝑿𝑿)]𝑇𝑇 (14) 

4.2 Evaluation of models 
(1) Confusion Matrix and Related parameters 
Confusion Matrix (CM) is the most common evaluation 
method for binary classification problems. The calculation 
table is shown in Table 2, and almost all other parameters can 
be calculated from the four components in the confusion matrix. 
However, it should be noted that the CM can only be calculated 
when the threshold is determined. Generally, we position the 
threshold at 0.5.  

𝑇𝑇𝑀𝑀𝐿𝐿 = 𝑇𝑇𝑀𝑀 (𝑇𝑇𝑀𝑀 + 𝐹𝐹𝐹𝐹)⁄  (15) 
𝐹𝐹𝑀𝑀𝐿𝐿 = 𝐹𝐹𝑀𝑀/(𝐹𝐹𝑀𝑀 + 𝑇𝑇𝐹𝐹) (16) 
Where the TPR is the True positive ratio, and the FPR is the 
False positive ratio.  
 
(2) ROC and AUC 
The Receiver operating characteristic (ROC) curve is 
introduced to avoid the subjectivity of the previous threshold 
determination, and the drawing process is shown as follows: 

(1) Set different threshold values. 
(2) Calculate the TPR and FPR indicators. 
(3) Take FPR as the horizontal axis and TPR as the vertical 

axis to draw a series of points. 
(4) Connect multiple points into a smooth curve to get the 

ROC curve. 
The area-under-the-curve (AUC) is the definite integral of the 
ROC curve between [0,1]. It represents the overall performance 
of the binary classification model. The AUC value is usually 
larger than 0.5, while the ROC curve is above the line y=x. 
 
5. Result 
5.1 Result of features analysis 
For HLS, the most vulnerable class to landslide is the 
Kamuikotan Metamorphic Rocks (mafic schist A2-7, pelitic 
schist A2-8) and ultramafic rocks (A2-19), which occupy a 
small percentage of the target area, fortunately. Only a few 
HLS have occurred in Middle to Late Miocene non-marine 
sediments (A2-11), which have 30% area of the study area. 
However, the ELS happened on this kind of lithology is much 
larger than others. Because most ELS are shallow landslides, 
their occurrence mainly depends on the soil property. 
 
In the soil factor, the most vulnerable classes to the HLS are 
Brown forest soil 3 (A3-10), Andosol (A3-11), and Layered 
andosol (A3-13). The most vulnerable class to the ELS is 
Brown forest soil-coarse volcanic soil immature soil (A3-8). In 
conclusion, the occurrence of landslides has a high relationship 
with the volcano-related soil in the study area. In the Land-use 
factor, both types of landslides occurred on forests (A4-3) that 

Actual 
Predicted 

Landslides No-landslides 

Landslides True Positive False Positive 
No-landslides False Negative True Negative 

Table 2 Confusion Matrix 



accounted for most of the study area. Since the two landslides' 
overlapping area is not large, the non-landslides area's 
distribution can be regarded as similar. ELS occurs more at an 
elevation of about 200 m. In contrast, HLS occurs at an 
elevation of about 250 m, and the elevation distribution of ELS 
is more concentrated than HLS.  
 
The slope (A6) of ELS is much greater than HLS's because the 
DEM was made before ELS and after HLS, and as a result, 
DEM failed to display the slope after ELS occurred. 
Additionally, snowmelt and groundwater presence are also 
potential causes for the slope difference. The Aspect (A7), 
Curvature (A8), and Distance to River (A11) do not clearly 
show the difference between the occurrence and non-
occurrence of a landslide, which will prevent us from using 
these two factors to increase the success rate of prediction. For 
the distance to fault (A9), the HLS is mainly concentrated in 
the distance within 2 km. The ELS has the same distribution 
compared with the no-landslides area. For the distance to Road 
(A10), the HLS has no apparent pattern, and the ELS are 
located away from the roads.  
 
The Precipitation factors (A12, A13) shows that the HLS 
landslides occur more frequently in rainy areas. Moreover, the 
ELS mainly focuses on the area with the previous month's 
precipitation of about 250 mm. In the factors of PGA, the ELS 
are more likely to occur in the high PGA area, whether the 
direction is. There is a high possibility zone to landslide about 
10km away from the epicenter.  
 
5.2 Evaluation of different models 
We use the dataset Po2 as the training set and dataset Po1 as 
the testing set, and the performance of different models is 
shown in Table 3. 

Model 
AUCHLS 
(Po2) 

AUCHLS 
(Po1) 

AUCELS 
(Po2) 

AUCELS  
(Po1) 

LR 0.8709 0.8623 0.9240 0.9154 
DT 0.8936 0.8841 0.9169 0.9036 
KNN 0.9379 0.9311 0.9569 0.9543 
ANN 0.9126 0.9056 0.9335 0.9274 
MLP 0.9327 0.9301 0.9331 0.9286 
RF 0.9097 0.8997 0.9397 0.9356 
Bagging 0.9278 0.9189 0.9461 0.9415 
Stacking 0.9407 0.9354 0.9565 0.9543 

 
As the model becomes complex, the result shows that the AUC 
in the training set becomes good. It reaches the highest value 
of 0.9407 in the Stacking-HLS model. This process shows that 
the model's improvement makes the result closer to the 
theoretical upper limit of training dataset Po2. The best model 
in the testing data is also Stacking-HLS, with an AUC value of 
0.9354. Because our training dataset Po2 is sampled by 

preference in landslides area, it will lead to a different 
composition for two samples. Thus, the performance on the 
training set is good than the testing set. 
 
For ELS, KNN is the best single model. However, considering 
its high computational cost, it is almost impossible to train in 
the Px1 dataset. Similarly, because other models' performance 
is much worse than the KNN model, the ensemble model 
Stacking2 is not as effective as the HLS case. 
 
6. Conclusion 
Only a few HLS have occurred in Middle to Late Miocene non-
marine sediments, but the ELS occurred more frequently in this 
lithology rock. Both HLS and ELS are more likely to happen 
in volcano-related soil, forest environment, and area with 200-
250 m elevation. The slope of HLS is gentler than the ELS, 
which may be caused by the production time of DEM, 
snowmelt, and groundwater presence. Simultaneously, the 
aspect and curvature of the two landslides are not much 
different from those of the no-landslides area. HLS prefers 
areas with more annual average precipitation, while ELS 
concentrates on relatively less precipitation of the previous 
month than the no-ELS area. It means the precipitation 
observed in the previous month does not have a big impact, 
indicating the presence of the other possible cause. 
 
For HLS, the best single model is KNN with Minkowski 
distance and 100 neighbors (AUC = 0.9379), which is even 
better than the ensemble method. The next model is MLP 
(AUC = 0.9327), which is also an extraordinarily complex 
model. For ELS, the best single model is KNN (AUC = 0.9569) 
with Minkowski distance and 100 neighbors. Additionally, the 
ensemble model will increase the performance compared with 
the single model.  
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