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Abstract

Landslides are one form of geohazard that is crucial for risk assess-
ment and mitigation. This study proposes machine learning methods
to identify landslides using data collected from Muzaffarabad, Pakistan.
We applied classification techniques including Random Forest, Deci-
sion Tree, gradient boosting machine (GBM), light gradient boosting
machine (LGBM), neural network (NN), 1D-CNN (convolutional neu-
ral network one dimensional), XGBoost, and Catboost. Our dataset
consists of 12 different factors and data of 1213 sites to predict
a landslide. Initially, we trained models individually and compared
their performances to find a model with the highest accuracy. In the
end, multiple performance measures are used for evaluation of applied
models. From the results, we achieved the highest test accuracy of
84% using NN and boosting methods with more than 80% accuracy.
Our proposed system can be effectively used to predict landslides
for other sensitive regions with comparable environmental conditions.

Keywords: Ensemble Methods, Neural Network, Landslide, Risk Assessment
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1 Introduction

Landslides are one of the most dangerous mass movements in hilly areas of
northern Pakistan specifically the Muzaffarabad district, resulting in loss of
life, economic crisis, and damage of property every year [1–3]. Northern Pak-
istan faced the worst landslides in history due to its unique geologic and
geomorphologic features. Northern Pakistan is mostly a mountainous region
so it is more prone to landslides. Landslides are caused by disturbances in the
natural stability of a slope. They can accompany the effects of climate change,
heavy rains, floods, erosion of streams or earthquakes, or unplanned devel-
opment and deforestation. Some of the major landslide disasters examples in
northern Pakistan are; the 2005 Kashmir earthquake-triggered thousands of
landslides at > 7, 500 km2 area in Kashmir and its surroundings and result-
ing in 87,350 fatalities [4]. The Hattian Bala landslide was one of the largest
landslides caused by the Kashmir earthquake. It washed away an entire village
and killed almost 1000 people [4], and blocked the tributaries of River Jhelum
creating a natural dam [5]. The landslide has a total volume of 85 × 103 m3

with an affected area of 1.8 km2 [4, 5]. Therefore, it is necessary to assess and
prevent landslide disasters in this area.

Landslide identification plays an important role in landslide risk assessment
and management [6–8]. Thousands of people live in northern areas so landslide
is a great threat for them. In the present study, some common factors causing
landslides are aspect, curvature, elevation, flow, lithology, precipitation, profile,
plan, and slope, normalized difference water index (NDWI), and normalized
difference vegetation index (NDVI) are included to predict a landslide.

Landslide susceptibility evaluation is the initial and most important step
to understand risk assessment [9]. Landslide susceptibility maps allow users to
know the areas where landslides can easily occur. For landslide susceptibility
different model has been used like heuristic models, deterministic model, sta-
tistical and machine learning models [10–14]. Among these models, heuristic
models are highly subjective because they depend on expert opinions on geo-
morphology and historical landslides while deterministic models are physically
based which need exact and accurate parameters so deterministic models can
have more computational time and uncertainties regarding parameters [15].
Hence statistical and machine learning models are mostly used due to their
better performance when dealing with similar study areas [10, 16, 17].

In this study, eight advanced machine learning models including NN, 1D-
CNN, RF, Decision Tree, GBM, Light GBM, XGBoost, and Catboost are
adapted to construct landslides susceptibility maps with the aid of Geo-
Information System (GIS). Our main objective was to train these models on
the collected dataset from the Muzaffarabad district for landslide susceptibil-
ity and to compare the results of each model to find the best accuracy. To the
best of our knowledge boosted models are not used before to explore land-
slide susceptibility in the Muzaffarabad region and we also optimized models
to achieve high accuracy using hyperparameters tuning and other techniques.



Landslide Susceptibility Mapping for Muzaffarabad Region 3

We believe that results obtained from our work will contribute to the scientific
society and also will be helpful for the early risk assessment of landslides.

In the rest of the paper, the following sections are included. The first section
is the study area which includes the characteristics and scope of the study
area. Next is “material and methods” in which discussions are made about the
theoretical basis of materials and method used in this study. Moreover, the
proposed approach is followed by “Results” and “Discussions”. In the results
section, we showed the result obtained from applied models. In the end, the
“Conclusion” section is included where conclusions are drawn.

2 Literature Review

The evaluation of landslide specify examine by the land planners, geomorphol-
ogists, and civil engineers. Well established prevail to initiate numerous type
of source for landslide. Though the structural architect is concerned basically
with the security variables of regular or fake slants, and with avalanche predic-
tion, prevention, and control, geomorphologists are concerned fundamentally
with their causes, courses of development, and coming about surface arrange-
ments. The data acquired from geomorphologists and structural specialists is
critical to land use organizers in their endeavors to recognize potential danger
regions.

The earth substances worried in landslides vary markely, as do the costs
of motion and quantity mass. As outcome, a huge type of landslide sorts are
assemble below various approaches and etiological component. Various class
structures are determined all through the literature. Certain had been conceive
in an try to supply an orderly association to the type of landslide sorts. These
structures are various of their traits and factors of significance, as well as
varieties of material, fee and sort of motion, dampness, in addition to size of
concentration and starting up source.

In addition to differentiating among landslide types, the literature incor-
porates vast facts of landslide caused, dynamics and mechanisms, Terazghi
provides a complete, detailed evaluation of landslide appliance [18]. Many
authors have spoken the various effect of landslides, their potent, and
identifiable attribute [18, 19].

The most mass of landslides are tiny and gradual however a few are rapid
and massive with destructive result. Fall means vertical motion extraordinar-
ily or very fast and may be in debris or rocks. That indicated the kind has
less moisture [20]. Topple means circling out the rock/soil mass approximately
a factor or axis underneath the middle or supplant mass gravity. Slide means
down slope motion of rock or soil material in which there’s a cracks of the
surface. There are varieties of slides, translational or rotational and moisture
is less or slight [20]. Spread means motion of coherence rock or soil material
top on fabric unbalanced. Ultimately, Flow means motion of no integrate sub-
stances and motion may be speedy or gradual relies upon of the substances
and moisture [20].
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The Geological substances may also have an effect on the kind and abun-
dance of the landslides. The consolidation and constitution of the substances
are elements extremely crucial within side the balance of the soil material and
rocks. Slides have to be managed through the geological substances [21].

3 Materials and Methods

Landslides are particularly maximum common hazard within side the world.
Drenching the land on susceptible slopes, trigger are maximum common occur
due to severe and extended rainfall.

3.1 Landslide Inventory Mapping

The landslide inventory contains a range of data that include details concerning
the landslide’s existence, activity, location, and physical characteristics [22].
It is taken into consideration a clue information supply to acquire an evalua-
tion of the connection among landslide incidence and the related influencing
parameters.

3.2 Dataset

A recorded/inventory dataset1 includes 13 features which was collected by
Aslam et al. [23], and collected from the northern hill area of Muzaffarabad
which include detailed information related to entities. Through this dataset
study the inventories for the information of landslide area. That information
gather through the GIS (satellite dataset). Strategy which we used for the
independent variable is seismogenic independent variable. Seismogenic variable
that we gather are earthquake. Landslide is dependent variable because it cause
due to remaining 12 features, whereas independent variables are aspect, curva-
ture, earthquake, elevation, flow, lithology, NDVI, NDWI, plan precipitation,
profile and slope.

According to the received records and different reviews and articles, almost
all landslides occurred after a seismic occasion or heavy rain. Some activities
have additionally been said to arise throughout rain mostly occurring in mon-
soon season. In the last 70% data models that would be train and the left 30%
data for the research purpose.

3.2.1 Landslide influencing factors

Various reasons can be the causing element for landslides, and these reasons
are discerned for landslide influencing features [15]. The purpose of landslide
influencing features is a big phase in the landslide susceptibility assessment
[24]. This dataset related to landslide prediction for Muzaffarabad District in
Pakistan. Landslide is that downslope movement of soil weather it may be rock
material under influence of gravity rock.

1https://www.kaggle.com/adizafar/landslide-prediction-for-muzaffarabadpakistan

https://www.kaggle.com/adizafar/landslide-prediction-for-muzaffarabadpakistan
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Occurrence of landslide is a natural disasters that may be happen due to
many causes like earthquake, human activities, climate etc. Due to earthquake
disturbance happen below the surface and also cracks in rocks. Human activ-
ities in human activity include cutting the trees and road construction and
mining. Due to climate mostly probably landslide occurred in hill area.

Landslides conceivably prompted because of exterior reasons or inner
reasons. Exterior reasons are:

• Underbidding of the bottom of the mount slope because of, quarrying, roads,
erosion and excavation for canals.

• Many like buildings, reservoirs, expressway traffic, rocks stockpiles etc these
are all include in the external load.

• Due to accelerated water content may rise the slope weight.
• Cracking in soil because of Vibrations as consequence of traffic, earthquakes,
blasting.

• In the process of mining as a result of bomb basting, erosion of seepage,
disintegrate of underground tunnels.

Interior reasons are:

• Swell in water stoma coercion.
• Depletion in linkage energy because of innovative laterality.
• Appearance of liability, bedding planes, cleavage, joints, and their adjust-
ment.

• Defrost and freezing of land soils.

3.3 Features Explanation

We discuss all features one by one which are used in the landslide perdition
in the table. We collect the feature information through geologists. Landslide
means when huge soil mass, rocks or material move down the slope. The param-
eter aspect is mainly related to the condition of climate. Aspect parameter
decide the direction of sunlight,rain,moisture soil etc.it might be observe as
essential parameter it is considered as an important factor indirectly triggering
landslides.

Curvature in geology means that changing happens in dip or another words
we say that changes in slope. Suppose if the edge of slope is sharp then its mean
high curvature and also increase the flow of landslide while if the smooth edge
then low curvature happens. Earthquake means sudden shaken of earth. Mostly
hilly area’s are affected due to earthquake like Pakistan’s northern area’s most
probably effect. When earthquake happens the unstable rocks are flow down
the slope and we give the name landslide. In foreign countries landslide mainly
caused by earthquake reason is that rock are not mass stable. Elevation means
distance from the sea level. We known that the height of K2 is 8611 meters
is from sea level. The elevation mean height is 8611 meters above sea level, a
point that is datum point by this point of reference by the elevation or height.
Example the elevation of Hallan-Chamba is low while Numb Saydan medium
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Nellabut high elevation is high. More chances of landslide in high elevation
area’s.

Flow is a type of landslide which means rock mass or material move down
from high area to low area just like water and deposition in the end. Lithology
is an central component,related to differences of height, gradient slope etc. The
lithology map is generated the usage of the geological map of Pakistan acquired
from the Geological Survey of Pakistan, and the soil records are acquired from
the Pakistan Soil Survey. NDVI standardized form is normalized difference
vegetation index that means how much rock area covered by vegetation and
which type because beard area(no vegetation)in that area great chances of
landslide as compared to that area which covered with grass, trees or vegetation
may less chance of landslide. NDWI standardized form is normalized difference
water index.

Plan means angle in which angle rock can be stayed. Suppose angle is above
45◦ then landslide must happen. If one rock deposit to other at this time angle
will be in plan or normal then less chance of landslide. In simple word we say
that if plan is vertical then more chance of landslide or in case of horizontal
less chance. Precipitation most often or damaging rocks and causing landslide
is rainfall. Heavy rainfall causes to slip down the soil reason is that the soil
saturated with water this losing the rock, soil, vegetation or land too also
known as debris flow. Profile means different layers of rocks and they overlap
each other. Example, In case of horizontal less chance of landslide while if
one rock that are horizontal beneath the vertical rock then must landslide
occurred. Slope means angle of incline or decline. Yearly rainfall records are
acquired by the Meteorological Department of Pakistan provide rainfall map
for the guidance.

3.4 Methodology

The complete evaluation of technique that studies is provided in a relation
heat map, as proven in Fig. 1 essentially for wearing out the landslide suscep-
tibility modelling, the ancient landslide web sites and influencing capabilities
are organized to construct schooling and checking out datasets. Afterwards,
CNN is included with traditional gadget studying classifiers to carry out hybrid
modelling. In the end, checking out and comparing the features functioning of
those fashions in phrases of various statistical measures used for data set.

We used heat map for the visualization in color format that gives the better
understanding. On right side bar in Fig. 1 shows the minimum and maximum
range. Dark color show the minimum value in the dataset like NDWI and
NDVI feature in dark means minimum value while profile feature in white
means having maximum value.

3.5 Exploratory Data Analysis

EDA is an exploratory technique that reshapes the data and gives results in
an easy format for better understanding. With the creativity of an analyst
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Fig. 1: Correlation Heatmap of Features

that represents the data in this way, we can easily understand the outcomes.
we execute different operations to explore the result of landslide prediction.
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Fig. 2: Landslide Prediction Probability of NDVI

In Fig. 2 on x-axis NDVI and on y-axis NDWI. That show at NDVI has
the highest rate at the value 5 of NDWI.

In Fig. 3 0 means no landslide and 1 means landslide happens due to plan.
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Fig. 4: Countplots of Curvature and Elevation with Landslide

In Fig. 5 on x-axis NDVI while on y-axis profile in this joint graph we see
that at the NDVI level 1 with profile value 3.34 having highest vale while at
NDVI level five with profile value 3.22 indicates lowest point.

When we select the feature we draw correlation bar chart plot. In Fig. 6 we
can easily understand the feature correlation w.r.t landslide in above graph we
clearly observer that the earthquake (0.187313) feature are high co-related with
the landslide while on other hand feature flow (-0.261124) are less correlated
with landslide.

We use Fig. 7 for feature curvature at level 3 having highest chance of
landslide rather than level 5.

4 Machine Learning Models

4.1 Decision Trees

The decision tree approach, unlike other supervised learning algorithms, may
also be utilised to solve regression and classification problems. The objective
is to develop a training model that may be used to predict the class or value of
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a target variable by learning basic decision rules from training data. We begin
at the root of the tree to forecast a class label for a record. The values of the
root attribute are compared to the values of the record’s attribute. Based on
the comparison, we follow the branch corresponding to that value and proceed
to the next node.

4.2 Random Forest

Suppose X = x1, ..., xn and Y = y1, ..., yn be a training set such that bagging
selects a simple random sample with replacement and firs trees to n training
examples i.e. Xb, Yb where b = 1, ..., B. Then train a tree fb on Xb, Yb, and
predictions can be made by taking the mean of x

′

(unseen samples). The final
equation for random forest is:

f̂ =
1

B

B
∑

b=1

fB(x
′

) (1)

4.3 GBM

For GBM, suppose F̂ (x) be a approximation of an output variable, and
L(y, F (x)) be a loss function which is minimized:

F̂ = argmin
F

Ex,y[L(y, F (x))] (2)

The boosting algorithm approximates y by F̂ (x) using weights hi(x) from
weak learners:

F̂ (x) =

M
∑

i=1

γihi(x) + c (3)

where c is a constant. The model starts by F0(x) which is a constant
function, then expanding incrementally:

F0(x) = argmin
γ

n
∑

i=1

L(yi, γ),

Fm(x) = Fm−1(x) + argmin
hm∈H

[

n
∑

i=1

L(yi, Fm−1(xi) + hm(xi))], (4)

where hm ∈ H is a base function. Since it is a minimization prob-
lem, so steepest descent is applied by moving γ such that validity of linear
approximation remains.

Fm(x) = Fm−1(x)− γ

n
∑

i=1

∇Fm−1
L(yi, Fm−1(xi)) (5)

where γ > 0.
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4.4 XGBoost

Let (xi, yi)
N
i=1 be a training set with a loss function L(y, F (x)) with M weak

learners and a learning rate α. XGBoost algorithm starts by initializing it with
a constant value:

f̂(0)(x) = argmin
θ

N
∑

i=1

L(yi, θ) (6)

Then for m = 1, ...,M computing gradient and hessian:

ĝm =

[

∂L(yi, f(xi))

∂f(xi)

]

f(x)=f̂m−1(x)

(7)

ĥm =

[

∂2L(yi, f(xi))

∂f(xi)2

]

f(x)=f̂m−1(x)

(8)

The optimization problem is solved by fitting a base learner:

φ̂m = argmin
φ∈Φ

N
∑

i=1

1

2
ĥm(xi)

[

−
ĝm(xi)

ĥm(xi)
− φ(xi)

]2

(9)

f̂(m)(x) = f̂(m−1)(x) + f̂m(x) (10)

The final output equation is:

f̂(x) = f̂(M)(x) =

M
∑

m=0

f̂m(x). (11)

4.5 LightGBM

LightGBM is a gradient boosting framework based on decision trees that is
used to improve model efficiency and minimise memory use. Grid Search Cross
Validation was applied to optimize the parameters. The optimal parameters
of the model are given in the Table 1.

Table 1: Optimal Parameters

Model Learning Rate Number of Estimators Max Depth

GBM 0.10 50 4
LGBM 0.05 100 4
XGBoost 0.2 200 5
Catboost 0.04 300 5
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4.6 CatBoost

It is a unique approach to categorical data that requires a small amount of
categorical feature modification, in contrast to the majority of other machine
learning methods, which cannot handle non-numeric values. To optimize the
model parameters, Grid Search Cross Validation was applied. The optimal
parameters of the model are given in the Table 1.

4.7 Neural Network

We used sequential model to built a neural network consists of an input layer,
four dense layers with dropout layers and the output layer. RELU activation
function is used in the hidden layers and sigmoid activation function in the
output layer as we have a binary class output. We used Adam as optimizer,
binary cross entropy for loss and for evaluation, accuracy metrics is used. To
avoid overfitting, we used Learning Lr On Plateau and Early Stopping as
callbacks which monitored Validation loss. Model is trained on 150 epochs with
batch size of 25 and validation split of 10%.

4.8 1D-CNN

For 1D-CNN, data scaling is done with StandardScalar, then splitted in 70/30
ratio for training and testing purposes. Random state set to 62. Data is
reshaped to add the third axis, an input requirement for 1D-CNN. We used
Conv1D to built our model. It consists of an input layer, three Conv1D layers
with same padding and Relu Activation function, a maxpool layer with three
strides, flatten layer with dropout layers , two dense layers with LeakyRelu
activation function and the output layer with sigmoid activation function in
the output layer as we have a binary class output. We used Adam as an opti-
mizer, binary cross entropy for loss and for evaluation, Accuracy metrics is
used. To avoid overfitting, we used Learning Lr On Plateau and Early Stop-
ping as callbacks which monitored Validation loss. Model is trained on 200
epochs with batch size of 20 and validation split of 10%.

5 Results and Discussion

All experimental results and comparisons are shown in this section. The experi-
ments and comparisons are mainly focused on the benchmark landslide dataset.
The total number of observations used in experiments is 1213. We followed
the experimental strategy of test-train split by using 80% or 70% data of the
dataset for training and the remaining 20% or 30% for testing. We explored
eight Machine learning algorithms for this purpose. Initially, we trained our
models with their default kernel weights which resulted in better accuracy’s
with much minimum false positives scores. Complete implementation of the
models is given in 2.

2https://github.com/ChAqsa/Landslide-Susceptibility-Mapping-For-Muzaffrabad-
Region/blob/main/pak-muzaffarabad-landslide-prediction-project.ipynb

https://github.com/ChAqsa/Landslide-Susceptibility-Mapping-For-Muzaffrabad-Region/blob/main/pak-muzaffarabad-landslide-prediction-project.ipynb
https://github.com/ChAqsa/Landslide-Susceptibility-Mapping-For-Muzaffrabad-Region/blob/main/pak-muzaffarabad-landslide-prediction-project.ipynb
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Fig. 8: ROC of ML Models
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XGBoost is tested with 33% of dataset. Without optimization it results
in an 78% accuracy and after optimization we achieved the accuracy of 80%.
Confusion matrix shows that 320/80 labels are correctly predicted as Landslide
& Not Landslide.

Decision tree and Random forest are tested with 20% of dataset. It gives
prediction accuracy of 78% and 72%. Ensemble method is then used for random
forest with cross validation and achieved 78% accuracy. Confusion matrix of
the ensemble method for random forest is observed in the below figure. True
positive rate is 41.75%, True negative rate is 36.95% where false positive and
false negative rates are 10.59% & 10.71%.

GBM is tested with 20% of dataset. Three models are tested: baseline
model(generic), fined tuned model(model1) and final model(new) for GBM.
Baseline model gives 82% accuracy, model1 gives 83% and final model gives
82% accuracy. We know that ROC curve shows the trade-off between sensitiv-
ity (OR TPR) and specificity (1 – FPR). It tells us the classifier curve, closer
to the top-left corner is the best performer and curve that is closer to the diag-
onal of the ROC space is less accurate. It is observed form this ROC curve that
green curve is closer to the top-left which is basically the curve of GBM final
model, a best performer where least performer is red curve for GBM model1.

We know that ROC curve shows the trade-off between sensitivity (OR
TPR) and specificity (1 – FPR). It tells us the best performer as the classifier
that gives curve closer to the top-left corner indicates the best performance
and curve that is closer to this diagonal of the ROC space is less accurate.
It is observed form this ROC curve that green curve is closer to the top-left
which is basically the curve of GBM final model, a best performer where least
performer is red curve for GBM model1.

Table 2: Performance Measures of ML Models

Model Accuracy F1 Score TP Rate TN Rate Recall Precision

XGBoost 0.80 0.79 0.41 0.38 0.82 0.78
Catboost 0.79 0.78 0.39 0.39 0.78 0.79
Decision Tree 0.72 0.71 0.36 0.34 0.82 0.66
Random Forest 0.78 0.78 0.38 0.38 0.76 0.80
GBM 0.82 0.82 0.42 0.39 0.81 0.83
LGBM 0.81 0.81 0.40 0.39 0.80 0.80
Neural Network 0.84 0.84 0.46 0.38 0.83 0.85
1D-CNN 0.79 0.78 0.35 0.44 0.79 0.77

LGBM is tested with 20% of dataset. Like GBM, three models are tested:
baseline model(generic), fined tuned model (model1) and final model (new)
for LGBM. Baseline model gives 81.5% accuracy, model1 gives 81.5% and final
model gives 81.5% accuracy. This ROC curve indicates the blue curve is closer
to the top-left which is basically the curve of LGBM baseline model, a best
performer where least performer is red curve for LGBM model1.
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Neural network is tested with 30% of dataset and achieved 84% accuracy.
Confusion matrix showed 307/57 labels are correctly predicted as Landslide
& Not Landslide. 1D-CNN is tested with 30% of dataset and achieved 79%
accuracy.

6 Conclusion

In conclusion, 8 machine learning classifiers were used for landslide prediction
in the Muzzafarbad region of Pakistan. These classifiers are Decision Tree,
Random Forest, XGBoosT, CatBoost, GBM, LGBM, Neural Network, and
1D-Convolutional Neural Network. Each classifier is trained and tested on a
dataset consisting of 1213 observations having 12 environmental factors that
induce landslides. Hyper-parameter optimization of these models improved the
false prediction rate. Models are evaluated by accuracy, F1 score, confusion
matrix, and ROC curve. We achieved the highest accuracy of 84% from the
neural network, 82.1% from GBM, 81.1% from LGBM, 80.1% from XGBoost,
79.1% from 1D-CNN, 79.1% from CatBoost, 81.1% from Random Forest, and
72.1% for the decision tree. This work could be further expanded by ensembling
these orthodox machine learning classifiers or by merging them with deep
learning algorithms to develop more efficient methods for the early prediction
of landslides.
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