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Abstract: This study performs a GIS-based landslide susceptibility assessment using a convolutional
neural network, CNN, in a study area of the Gorzineh-khil region, northeastern Iran. For this
assessment, a 15-layered CNN was programmed in the Python high-level language for susceptibility
mapping. In this regard, as far as the landside triggering factors are concerned, it was concluded that
the geomorphologic/topographic parameters (i.e., slope curvature, topographical elevation, slope
aspect, and weathering) and water condition parameters (hydrological gradient, drainage pattern,
and flow gradient) are the main triggering factors. These factors provided the landside dataset, which
was input to the CNN. We used 80% of the dataset for training and the remaining 20% for testing to
prepare the landslide susceptibility map of the study area. In order to cross-validate the resulting map,
a loss function, and common classifiers were considered: support vector machines, SVM, k-nearest
neighbor, k-NN, and decision tree, DT. An evaluation of the results of the susceptibility assessment
revealed that the CNN led the other classes in terms of 79.0% accuracy, 73.0% precision, 75.0% recall,
and 77.0% f1-score, and, hence, provided better accuracy and the least computational error when
compared to the other models.

Keywords: artificial intelligence; convolutional neural networks (CNN); deep-learning; susceptibility
assessment; Gorzineh-khil region

1. Introduction

In recent years, population growth and the expansion of settlements and lifelines
have largely increased the impact of geo-hazards both in industrialized and developing
countries. In many countries, the economic losses and causalities due to geo-hazards
such as earthquakes, landslides, floods, avalanches, hurricanes, tsunamis, and windstorms
are being reported continuously [1,2]. Meanwhile, landslides are considered the second
most significant geo-hazard associated with catastrophic events, loss of lives, and property
damage [3]. Thus, geological engineers develop and apply empirically-based assessment
methods for understanding features, recognizing triggering elements, failure mechanisms,
monitoring, and stabilization, which are termed susceptibility assessments [4,5]. Landslide
susceptibility is defined as the proneness of the terrain to produce slope failures, usually
expressed in a cartographic way [6,7]. A landslide susceptibility map depicts areas likely to
have landslides in the future by correlating some of the principal factors that contribute
to landslides with the past distribution of slope failures. Because many factors can play
a role in the occurrence of mass movements, susceptibility analysis is complicated and
requires not only a large number of input variables but techniques of analysis that may
be very costly and time-consuming [8]. Consequently, attention was given to seeking and
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developing methods and techniques to enable the faster and more efficient acquisition and
processing of the geological /geomorphological data, which are both relevant in assessing
landslide susceptibility that is mappable at an effective cost over wide regions [9-12]. To
this end, successful approaches that have been applied to susceptibility assessments can
be formulated as deterministic methods (these methods are built on mathematical calcula-
tions, computational modelling, physical and geomechanical identification, mechanism
recognition, slope failure stability and stabilisation), statistical methods (these methods are
effective in accuracy and cover compiling, mapping, and digitising ground data by using
statistical distributions, like bivariate, multivariate, and data-driven statistical applications),
heuristic methods (these methods are based on comparing and qualitative estimation of
actual landslide information with geomorphology and geological characteristics), inventory
methods (these methods are based on a combination of landslide triggering factors, such as
key functional procedure of quantitative predictions which are determined by stochastic,
statistical, or probabilistic methods), geostatistical methods (these methods are used in nat-
ural phenomena modelling, missing values evaluation, gap covering, and reduced errors
in statistical limitation and data filtrations), and knowledge-based analysis (these methods
use computer modelling of a learning process for extracting patterns, and datasets) [13-20].
Although each of the methods described above has advantages and disadvantages [21,22],
several methods, such as knowledge-based analysis by using computational intelligence
for analyses, have always been much more suitable for susceptibility assessments and have
marked milestones to accurately predict the slip potential [23].

The application of knowledge-based analysis to susceptibility assessment is growing
significantly and more scholars have used artificial intelligence techniques, such as fuzzy
logic, adaptive network-based fuzzy inference system (ANFIS), support vector machines
(SVM), k-nearest neighbors (k-NN), decision tree (DT), and random forest (RF), logistic re-
gression, multilayer perceptron (MLP), etc. [24-28]. Although the use of knowledge-based
analysis in susceptibility assessment has expanded drastically, deep-learning methods,
such as convolutional neural networks (CNN), have received less attention. Using ma-
chine learning to residual uncertainty within landslide susceptibility assessments has led
to the development of more complex approaches to attain acceptable levels of accuracy.
The largest sources of uncertainty in susceptibility modeling are related to the inventory
database. Geological complexity, geomorphological deformations, and land-use and land-
scape changes are the main causes of the uncertainties. In this regard, the development of
more accurate models is important. Recently, machine-learning techniques have been ap-
plied to landslide susceptibility mapping to increase mapping accuracy, which provides the
learning rate from the inventory database and reduces errors. These errors were estimated
based on loss functions and error tables (e.g., MSE, MAPE, and RMSE) [29-31].

This study has attempted to use CNN for susceptibility zonation of the Gorzineh-khil
region. The innovation point in this research is the application of a deep learning-based
method to CNN models in order to provide a landslide susceptibility assessment for
the study region. The application of CNN, which has received significant success in
landslide susceptibility, is one of the most recent geo-hazard evolution methods in deep
learning. CNN is capable to apply on satellite images to extract features, classify the prone
area for sliding and predict the hazard risk potential. In this regard, a 15-layered CNN
model was performed to detect and classify the sliding features based on the triggering
factors. As a justification, the proposed model was justified through a comparison of the
common machine-learning classifiers such as SVM, k-NN, and DT algorithms based on
performance indices.

2. Study Area
2.1. Geological Setting
The Gorzineh-khil region is located in the Savadkooh county, southern Mazandaran

province, with center coordinates of 35°57'55” N, 52°2730” E. Climatologically, the area
has a mild and humid climate with cold winters. The average annual total precipitation in
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the area is measured to be about 600 mm, where the rainiest month is October (203.8 mm)
and the driest month is August (39.5 mm). The average temperature is 14 °C where
the hottest month is August (28.8 °C) and the coolest month is February (6.5 °C). In
addition, the evaporation rate of the area is measured to be about 600-750 mm. The
study area is located in the category of a warm and humid climate, which is effective
on vegetation and increases weathering in mountainous areas [32]. The topographical
elevation values of the Gorzineh-khil region are between 296 m and 3724 m (A.S.L.), which
includes slope angle variations from 0° to 89° (with a general range between 60° and
80°). The site is covered with forests (40%), pastures/farms (25%), meadows/boglands
(18%), residential areas (12%), and wastelands (5%). Figure 1 presents the location of
the project site which covers an area of approximately 145 km?. In terms of geological
setting, the oldest geological units of the study area are the Shemshak formation (Jurassic
shale, sandstone, siltstone, claystone, marl, coal-bearing, calcareous sandstone, sandy shale,
limestone, and conglomerate) and its outskirts are formed by the Lar formation (Jurassic
ammonite limestone, dolomitic limestone, limestone, calcareous shale, and dolomite). The
Tizkuh (Cretaceous orbitolinalimestone) and Ziarat (Eocene tuff, tuffaceous sandstone,
shale, and minor nummulitic limestone) formations and quaternary alluvium deposits are
considered as the subset of the central Alborz zone [33,34]. Figure 2 depicts the study area’s
geological map. The central Alborz zone, or the middle Alborz Mountain range, insulates
the south Caspian Sea from the Iranian plateau by its E-W strike in the north of Iran. In
terms of geo-structures and tectonics, this region is a part of the continental-continental
collision of the central Iranian plate with the Eurasian plate. Recent seismotectonic studies
indicate that the region is active [35,36].
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Figure 1. Location of the Gorzineh-khil region (studied area) in Iran by Google Earth.
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Figure 2. Geological map and cross-section of the Gorzineh-khil region (studied area) [34].

Q™ Channel fill deposit

Qm: Young alluvial fan deposites
Q": Mud flow
Q™ Scree, talus

E| : Nummulitic and Alveolina limestone, marly limestone (ZIARAT FORMATION)

K;: TIZKUH FORMATION - Limestone, grey irregular - bedded

K°: Red conglomerate and sandstone

J,: SHEMSHAK FORMATION - sandstone, shale, thin limestone

v : Andesite, grey-green, violet
sh : Shale, black, coaly

b : Basalt and ferruginous member

Re : Limestone, white, crystallized

F 36°1'30"N

35'57'0"N



Appl. Sci. 2022, 12, 5992

50f22

Multiple historical ground movements, creeps, and local landslides in the studied area
indicate the region’s potential landslide activity. In some parts of the Gorzineh-khilregion,
especially towards the middle section, several local landslides have been observed, amongst
which the landslide involving the Gorzineh-khil village itself is significantly dangerous. During
the field survey in the studied area, at least 30 local landslides were detected, which are mostly
classified as shallow sliding. Figure 3 provides views of typical landslide cases, including
the trace of the main sliding of the Gorzineh-khil village in the study area. As seen in this
figure, most of the local sliding has occurred in the soil mass in the study region. The field
survey that conducted in studied region has provides information about historical landslides
which is used in assessment. In addition, the exposed rock surfaces on the slopes in the study
region indicate the depth of weathering in the Gorzineh-khil region. With respect to these
historical landslides, it can be stated that the region has a high potential for slides of different
scales. As depicted in Figure 1, the studied area is situated in the Central Alborz Mountains in
northern Iran, which is a suitable area for mass slipping. In addition, the climate is conducive to
triggering the movements. Figure 3 illustrates several historical landslides that have occurred
in the region. This evidence indicates that the region requires a landslide susceptibility and
zonation assessment. Referring to Figure 3, it can be stated that the predominant type of
the landslides that occurred in the region under study was shallow sliding in soil /sediment
mass. The detection of these landslides is based on ground deformations and mass sliding
downstream, which cause damage to roads and structures. During the field survey, landslides
were noted based on tensile cracks, small-scale slips, and uplifts.

Figure 3. A view of several of historical landslides in the study area.
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2.2. Landslide Influencing Factors

A successful landslide susceptibility analysis requires the collection of comprehensive
information on land-sliding. In the meantime, the differentiation of the identified trigger-
ing factors can be a very important step. Highland and Bobrowsky [37] have classified
the landslide triggering factors into topographic, geological, climatological, seismological,
and human activity-related classes, which all depend on the environmental conditions.
Landslide triggering factors are the effective factors that influence landslide movements
but may/may not be the cause of sliding. The triggering factors selection is considered
an important step in providing the inventory database or primary dataset that is used in
landslide susceptibility assessment. In this regard, comprehensive field surveys and remote
sensing observations are required, which lead to providing detailed information about the
land-sliding in the region. Selection of the triggering factors required several considera-
tions related to the dependency of triggering elements, measurability, non-redundancy, and
relevance of geological characteristics. The main factors influencing landslide occurrence
were identified by preparing a spatial landslide inventory database that included the spa-
tiotemporal distribution of historical landslides and a set of potential influencing factors.
Based on a field study and reviews of the Ministry of Agriculture Jihad-Mazandaran Branch
(MAYJ) and Forests, Range, and Watershed Management Organization (FRWMO) reports
in the studied region, major recorded landslide events which are related to geomorpho-
logical /topographical changes exist in the region. The other factors, such as geological,
climatological, seismological, and human-related activities, have indirect effects with respect
to this main factor. During the field survey, it appeared that the reported geomorpho-
logic, topographic, and water conditions as triggering factors concluded slope curvature,
topographical elevation, slope aspect, weathering, hydrological gradient, drainage pattern,
and flow gradient play considerable roles in landslide occurrence. On the other hand, the
presence of thick sediment layers (soil) in the region has obscured the main geological
structures in the rural areas where landslides have mostly occurred as shallow massive
(circular) movements. As a result, these two main groups of factors are identified as the
most effective covariates that triggered landslides in the studied region. In addition, the
most important human structures created in the region include villages (residential areas)
and transportation roads, which, as may be observed in Figure 3, can directly be affected by
changes in morphology. Thus, the topographic factor has been taken into account as the
main triggering factor, and the others have been considered as triggering factors. This factor
alone could not be enough to lead to landslide occurrence, but it is strongly believed to have
had a significant effect on land movements in Gorzineh-khil. Topography also influences
other parameters such as vegetation, wind, sunlight, and freezing, which are directly related
to weathering. For this reason, this study has attempted to evaluate this stimulus as one
of the basic triggering factors for the landslides in the studied area. It is necessary to state
that, although geological, climatological, seismological, and human-related activities must
be considered in comprehensive studies, application of the main triggering factors for the
detection of the hazard potential of the region by using such machine-learning techniques
could provide reliable results for landslide susceptibility assessment. For this purpose, with
the aid of the geomorphological and altitudinal changes, the related data extracted from
Landsat satellite images (TM8) and DEM data to provide the main dataset followed by
rastering of the water conditions (i.e., hydrological gradient, drainage pattern, and flow
gradient) as the second group of the triggering factors, has led to the improvement of
the dataset.

Landsat TM8 is the most recently launched Landsat satellite and carries the operational
land imager (OLI) and the thermal infrared sensor (TIRS) instruments to provide more
accurate data in regards to high spatial and spectral resolution (15 m x 15 m) and proper
scene size images (185 km x 180 km) on earth. Landsat acquires about 740 scenes a day on
the worldwide reference system-2 (WRS-2) path/row system, with a swath overlap varying
from 7% at the equator to a maximum of approximately 85% at extreme latitudes [38].
The DEM data represents the digital elevation data of the earth’s surface, which is used
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for landscape modeling, city modeling, and visualization applications, where a digital
terrain model (DTM) is often required for flood or drainage modeling along with land-use
studies [39]. In fact, the DEM model is a raster in a GIS environment where each cell has a
Z value or height (m). DEM data is therefore a file containing the height in a particular area
and a regular grid on the bare surface of the earth. Smaller cells represent greater detail in
determining the elevation of the surface. There are many sources for generating a DEM,
and one of these sources is satellite imagery. The DEMs extracted from these images have
different resolutions depending on the type of image. The DEM data used in this study as
a dataset has been provided by the USGS at 12.5 m resolution [40].

According to the dataset, the main triggering factors involved in landslide instability
in the study area have been identified and are presented in Figures 4 and 5. As presented
in Figure 4, slope curvature and slope angle variations between 0°-89° in the area have
led to increasing sliding instability (regardless of the geological features, slopes steeper
than 35° are susceptible to sliding). The topographical elevation change of the study site
shows that it varies extensively as a result of high geo-tectonic activity in the central Alborz
zone and the intercontinental tectonic plate conflict. Although the slope aspect and mass
movement relationship are not clear, the slope aspect affects the site’s general physiographic
trend, main precipitation path, and drainage pattern, which are all considered important
parameters in landslide instabilities. To evaluate the water condition in the study area,
the main water condition factors, such as hydrological gradient, drainage pattern, and
flow gradient (Figure 5), were extracted from Landsat satellite imagery to provide the
sensitivity of the Gorzineh-khil region in generating massive movements in soil based
on climatological variations that are related to a humid climate. As it is known, the
presence of water in the soil is an important factor in creating instability since major
landslides almost always occur after a rainstorm. In this regard, identification of the
drainage pattern and catchment status as well as the flow condition can be very effective in
landslide susceptibility analysis. In the meantime, the main factor for feature extraction
was considered to be topographic parameters, which were at the pixel level for landslide-
prone area detection. For this purpose, spectral information, topographic variations, and
geo-structural landscapes were used to prepare the dataset (the dataset was identified
by a layer that covered all of this mentioned information). The dataset was filtered by
pre-processing (by correcting and deleting instances) and processed in ArcGIS 10.4 [41],
where the integration of the layers has presented more reliable data for landslide-prone
area detection.
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Figure 4. The geomorphologic/topographic triggering factors: (a) slope curvature, (b) topographical
elevation, (c) slope aspect, and (d) weathering.
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Figure 5. The water conditional triggering factors: (a) hydrological gradient, (b) drainage pattern,
and (c) flow gradient.

3. Materials and Methods
3.1. CNN-Based Model

CNNs is a deep-learning-based feed-forward neural network that is applied to the
analysis of visual imagery [42]. They are neural networks that use convolution instead
of general matrix multiplication in at least one of their layers, which consists of an input
and an output layer, as well as multiple hidden layers [42]. The basic architecture of the
applied CNN algorithm is presented in Figure 6. CNN’s hidden layers typically consist of
convolutional layer series that convolve with multiplication or other dot product [43]. The
activation function is usually the RELU layer and is, subsequently, followed by additional
convolutions, such as pooling layers, fully connected layers, and normalization layers,
referred to as hidden layers because their inputs and outputs are masked by the activation
function and final convolution [43]. When the evaluation reaches the end of each stage and
desires to reduce the sampling, the spatial information storage capacity decreases. So, in
order to keep this information, the pooling functions are utilized. The final convolution, on
the other hand, frequently involves backpropagation in order to achieve a more precise
weighting of the end-product. This path helps to achieve high precision in feature extraction
form in visual imagery [44].

Fully-connected 1

pooled
feature maps pooled  featuremaps  feature maps
feature maps

r

='r
||—_r..|_r

plylx)

00000 00@

Outputs

Convolutional Pooling 1 Convolutional
layer 1 layer 2

Pooling 2

Figure 6. The basic CNN model architecture [43,45].

A look at the development of machine-learning models and their ability to adapt to GIS
has led various researchers to use a variety of prediction models to assess landslides [45-47].
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Among these, the susceptibility models can be classified into fuzzy-based, shallow learning,
deep learning, hybrid, and/or metaheuristic algorithms. Each of these approaches has its
own advantages and disadvantages, such as integration, the possibility of considering large
data, implementation with data containing high uncertainty, and so on. In the meantime,
deep learning methods have received more attention due to providing more accurate and
reliable results. CNN net is capable of extracting varied information from satellite images,
which is useful in susceptibility zonations for landslides [48].

3.2. Model Data and Implementation

This study provides a CNN-based model for investigating the landslide susceptibility
of the Gorzineh-khil region. For susceptibility zonation, the triggering factors such as
the topographic parameters (as the main triggering factors) and water conditions were
categorized and exposed to the CNN algorithm that was implemented by the Python
high-level programming language and conducted for landslide detection. Landslide-
prone areas from the entire dataset were selected for the training (80%) and the tests
(20%). In this regard, the topographic factor that includes slope curvature, topographical
elevation, slope aspect, and weathering were considered the main susceptibility factors.
Figure 7 presents the flowchart of the applied CNN method. The presented algorithm
took into consideration the spatial dependency of the occurred landslides and surrounding
areas based on neighborhood sensitivity to enter highly susceptible areas into the training
dataset. As verification, the loss function for both the test sets and training sets was
evaluated which indicated the amount of computational and processing error. The loss
function is the function that computes the distance between the current output of the
algorithm and the expected output. It’s a method to evaluate how your algorithm models
the data. On the other hand, by using the common classification algorithms in machine
learning that include SVM, k-NN, and DT classifiers, the utilized CNN-based model was
justified. Table 1 presents the relation between the applied triggering factors and landslide
susceptibility conditions in the CNN-based methodology, which is implemented in the basic
map (Figure 8). This map is used for all of the susceptibility assessment steps performed in
this study and concluded by the 15 layers CNN-based algorithm. As observed in Figure 8,
all 30 landslides (Table 2) that have occurred in the area and their surroundings represent
historically high-susceptible zones with a spatial dependency of which neighboring pixels
for preparing predictor variables were incorporated into the training dataset. These training
points aided CNN'’s learning process to develop high-susceptible zones and these locations
generated the pattern of high- to low-susceptible for landside occurrence in the studied
area. The historical landside locations have been prepared based on MA] and FRWMO
reports. Table 2 presents additional information about the historical landslides used in this
study as spatial dependency points for high-susceptible zones (landslide-prone areas).
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Figure 7. Flowchart of the CNN-based methodology.
Table 1. Relations between the triggering factors and landslide susceptibility conditions.
Triggering Class Number of Pixel Landslide per
Factor Landslides Intensity Cent
<10 0 207.738 7.84
gl 10-25 6 278.819 12.12
ope 25-50 7 323.206 18.20
curvature 50-75 7 393.633 27.73
>75 10 277.958 34.11
0-800 4 264.081 10.28
T hical 800-1600 2 749.392 11.61
OPfgraP 1ca 1600-2400 8 435.844 21.81
elevation 2400-3200 6 489.861 24.33
3200-4000 10 392.303 31.97
Flat 0 21.630 0.00
Slope North 9 428.201 25.65
oope South 7 482.767 19.84
P East 6 375.932 33.28
West 8 441.835 21.23
Fresh 0 14.468 4.68
Low 3 389.459 11.50
Weathering Moderate 7 370.655 28.38
High 12 497.019 33.35
In-situ soil 8 289.014 22.09
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Table 1. Cont.
Triggering Class Number of Pixel Landslide per
Factor Landslides Intensity Cent
<10 0 218.778 7.54
Hvdrological 10-25 2 461.844 14.68
AN 25-50 6 492,993 19.26
& 50-75 9 841.890 31.41
>75 13 982.711 27.11
0-800 1 427.140 12.56
Drainage 800-1600 7 400.198 14.37
atter;gl 1600-2400 5 481.806 22.66
P 2400-3200 7 828.263 23.28
3200-4000 10 810.997 27.13
0-120 1 630.293 4.39
120-240 1 827.213 10.55
Flow
radient 240-360 9 975.399 27.59
& 3604380 14 644.767 19.00
480-600 5 862.620 3847
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Figure 8. Basic map of the CNN-based susceptibility analysis.
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Table 2. A summary of the historical landsides.

# Location Height Slope Dip Geology Failure Type Tensile
Crack
1 53.038 E 36.013 N 120 47 Sediment Massive Yes
2 53.056 E 35.984 N 200 40 Sediment Massive Yes
3 53.045 E 35.987 N 79 46 Sediment Planar Yes
4 53.044 E 35.984 N 35 57 Sediment Planar Yes
5 53.042 E 35979 N 150 55 Sediment Massive Yes
6 53.041 E 35.976 N 63 50 Sediment Massive Yes
7 53.051 E 35.979 N 47 60 Sediment Planar Yes
8 53.067 E 35.974 N 100 47 Sediment Massive Yes
9 53.059 E 35.954 N 210 63 Rock Sliding No
10 53.036 E 35.965 N 120 57 Sediment Massive Yes
11 53.033 E 35.961 N 70 55 Sediment Massive Yes
12 53.017 E 35.962 N 32 45 Sediment Massive Yes
13 53.010 E 35.964 N 120 67 Sediment Massive Yes
14 53993 E 35.968 N 150 57 Sediment Massive Yes
15 53.004 E 35.956 N 200 63 Sediment Massive Yes
16 53.960 E 35.965 N 170 64 Sediment Massive Yes
17 53951 E 35972 N 120 57 Sediment Massive Yes
18 53.995 E 35.005 N 220 67 Rock Sliding No
19 53.960 E 35.992 N 170 55 Sediment Massive Yes
20 53.965 E 35.990 N 100 47 Sediment Massive Yes
21 53.964 E 35.990 N 120 45 Sediment Massive Yes
22 53.047 E 36.000 N 37 47 Sediment Massive Yes
23 53.041 E 35.992 N 32 45 Sediment Massive Yes
24 53.037 E 35.993 N 100 55 Sediment Massive Yes
25 53.002 E 35.996 N 205 60 Sediment Planar Yes
26 53.008 E 35.990 N 120 47 Sediment Massive Yes
27 53.023 E 35.982 N 75 63 Sediment Massive Yes
28 53.019 E 35979 N 32 55 Sediment Massive Yes
29 53.008 E 35977 N 120 63 Sediment Massive Yes
30 53.013 E 35.976 N 30 60 Sediment Massive Yes

3.3. Model Cross-Verification

In order to estimate the CNN model performance, which is implemented on the input
data for the assessment of landslide susceptibility, the model was verified by obtaining a
loss function. For justification and assessment of the model’s accuracy, confusion matrix
components (i.e., precision, recall, and fl-score) were estimated. The matrix has been
calculated from the following equations [44]:

.. TP
Precision TP - 1)
TP
Recall “ TP L EN (2)
TP + TN
Accuracy = TP - TN £ FP - FN 3)
Precision - Recall
F1 — score — 2 recision - Reca @

" Precision + Recall
where, P = positive; N = negative; TP = true positive; FP = false positive; TN = true negative;
and FN = false negative. The confusion matrix is a table indicating a detailed analysis of the
retrieved documents (estimated by the model) and relevant documents (measured data).
For classification tasks, the terms TP, TN, FP, and FN compare the classifier’s results under
test with trusted external judgments. The terms positive and negative refer to the classifier’s
prediction, and the terms true and false refer to whether that prediction corresponds to
the external judgment. In this regard, the matrix provides the indices which show the
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reliability of model performance so that for indicators closer to 1 (100%), the accuracy and
performance of the model increase [44].

The justification was applied by using common machine-learning classifiers, such
as SVM, k-NN, and DT algorithms, based on performance indices. SVM is a supervised
learning model with associated learning algorithms that analyzes data for classification
and regression analysis purposes. k-NN is a non-parametric method proposed by Thomas
Cover that is used for classification and regression, which involves the k closest training
examples in the feature space. DT is a decision-making tool that employs a tree-like
model of decisions and their potential outcomes, such as chance event outcomes, resource
costs, and utility. It is one way to show an algorithm that is only made up of conditional
control statements. Decision trees are commonly used in operations research, specifically
in decision analysis, to help identify a strategy most likely to achieve a goal and are also
a popular tool in machine learning [42,44]. The error models were used to provide the
performance analysis for all algorithms, which concluded that the mean squared error
(MSE), root mean square error (RMSE), and mean absolute percentage error (MAPE) were
used to measure the models’ error rates and compared with the others. On the other hand,
the receiver operating characteristic (ROC) curve was used to demonstrate the overall
accuracy variation for entire models. ROC is a graphical plot that illustrates the diagnostic
ability of a binary classifier system as its discrimination threshold varied, which is created
by plotting the TP against the FP rates. ROC analysis provides the criterion for changes in
machine-learning models based on overall accuracy compression. This curve was used to
provide the comparative verification in this study as well.

4. Results and Discussion
4.1. Results

To provide landslide susceptibility mapping with high accuracy, machine learning
and deep neural network have successfully been implemented. The application of such
networks requires preparing a dataset from triggering factors and historical landslides,
which is used to develop proper zonation maps. The prepared dataset forms the landslide
triggering factors, and historical landslides were used for training and evaluating the
predictive capability of the landslide occurrence in the regions. These parameters, which
are mentioned in Table 1, were utilized to produce a 15-layered CNN-based framework and
to predict the sliding prone areas. The applied CNN-based landside prediction algorithm
trained the 80% overall landslide-prone dataset where each of the pixelated grid cells was
used for susceptibility assessment. To achieve accurate results, the trained estimated grid
cells were used for pixel intensity evaluations.

The result of the evaluation is presented in Figure 9. After training the dataset, the
remaining 20% was tested. The ratio of the test to train is important for the model’s learning
rate, which is a response to the estimated error each time the model weights are updated.
In fact, the learning rate controls how quickly the model adapts to the problem. Smaller
learning rates require more training epochs, whereas larger learning rates result in rapid
changes and require fewer training epochs. Specifically, the learning rate is a configurable
hyperparameter used in the training of neural networks that has a small positive value,
often in the range between 0.0 and 1.0. This rate is used to evaluate the overall accuracy and
models’ performance. Figure 9 provides the pre-processing to filter out feature redundancy
and to ensure the overall performance consistency of the CNN model to aid in increasing
the accuracy and detectability of the images. After conducting the pre-processing on the
training datasets, which plays a crucial role in improving the performance of the CNN
model, the model must be quantified so that the test dataset learns as a trained set for
predictive detection. Figure 10 presents the results of the overlaying convolution imple-
mentation test and trained relevance maps. A comparison of the pixelated classifications
(i.e., TP, FP, TN, and FN) according to Table 3 is used for detecting the corrected classi-
fication and recognition of the landslide susceptibility indices. A loss function has been
estimated for the training-test description. Figure 11 provides the diagrams of training and
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validation based on the confusion matrix for the CNN model. Regarding this figure, the
evaluation parameters (accuracy, precision, and recall) are estimated as the basic matrix of
performance for the learning model. Also, Figure 12 illustrates the loss model. Referring to
Figures 11 and 12, the estimated loss for the model performance is less than 0.02 (average
value) over 1750 epochs, which is considerable. The estimated accuracy for the model is
0.79 (average value), precision is 0.73 (average value), and recall is 0.75 (average value).
Figure 13 presents the landslide susceptibility map. Due to the landslide susceptibility as-
sessment results, the main focus of the landslide sliding hazard is striped in high elevations
in the middle and north-northwest parts of the study region, where the landside suscepti-
bility is classified into 5 classes, as obtained from the CNN model, and the performance
matrix results, as indicated in Figure 14. By considering the estimated loss function for the
CNN model, it can be clearly stated that the evaluation error rate has been reduced to 0.02
for the training dataset and to 0.01 for the test dataset in 1750 epochs. This indicates the
high accuracy of the calculations. Based on Figure 14, it can be stated that the performance
indicators show substantial scores for each of the evaluation criteria as indicated in Table 3.
For justification of the estimated results, the model was comparatively compared with the
results of the common learning models such as SVM, k-NN, and DT. Table 4 presents the
results of the justifications. Also, the error rates were used to estimate the overall error
table for various machine-learning algorithms. Table 5 shows the MSE, MAPE, and RMSE
variations for all predictive models. As seen in these tables, the CNN-based model provides
results with the highest accuracy and the least computational error as compared to the
results of the other models. The ROC curve was used to control the overall accuracy, which
is shown in Figure 15. The figure shows that the CNN model can make the most accurate
predictions compared to other classifiers.
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Table 3. The evaluated confusion matrix for landslide susceptibility indices.

CNN Assessment Score A
cre 1. ccurac
Classification * Precision Recall F1-Score ¥
Class 1 0.76 0.79 0.74 0.78
Class 2 0.75 0.77 0.79 0.81
Class 3 0.73 0.75 0.79 0.79
Class 4 0.73 0.72 0.77 0.80
Class 5 0.70 0.73 0.79 0.78
Total (avg.) 0.734 0.752 0.772 0.792

* Susceptibility classes (see Table 1) avg. is average.
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Table 4. Justification results for the proposed landslide susceptibility model.
Justification Assessment Score Accurac
Method Precision Recall F1-Score y

SVM 0.70 0.71 0.70 0.71
k-NN 0.65 0.61 0.61 0.65

DT 0.60 0.63 0.65 0.63
CNN 0.73 0.75 0.77 0.79

Table 5. The error table for different machine-learning modeling.

Classifier MSE MAPE RMSE
SVM 0.2237456 0.3449610 0.2365904
k-NN 0.1307752 0.1975660 0.1469843
DT 0.2359663 0.2275315 0.2085891
CNN 0.0135980 0.0102987 0.0175438
ROC Curves

True positive rate

SVM, AUC =10.713

0.2 H — k-NN, AUC = 0.650
— DT, AUC =0.632
Vs —— CNN, AUC =0.792
00 = | I I 1
0.0 0.2 0.4 0.6 0.8 1.0

False positive rate

Figure 15. ROC results for all machine-learning models in susceptibility assessment.

4.2. Discussion

As mentioned, the main uncertainties in the susceptibility assessment are related
to the inventory dataset that belongs to the data gathering, historical landslides, site
information, etc., which requires high definition and experience to minimize the error.
An approach has been re-evaluated to overcome such uncertainties. After providing the
detailed dataset, the CNN-based model was implemented to estimate the susceptibility
of landslides in the Gorzineh-khil region. The algorithm used the DEM and Landsat TM8
satellite data to evaluate the hazard susceptibility zonation in the studied area. The main
landslide inventory dataset was divided into the training (80%) and testing (20%) sets
randomly and used in the analysis. The CNN predictive model was utilized to produce
a susceptibility map for the Gorzineh-khil region with appropriate accuracy. The results
show a considerable increase in landslide susceptibility prediction accuracy compared to
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the benchmark models. Regardless of the higher accuracy achieved by the model than
other classifiers, this study is associated with some limitations that could be considered in
future research. These limitations can be categorized as:

e  The primary database was provided based on reports, historical landslide locations, field
surveys, and remote sensing data, which is challenged by a limited personal budget;

e  The triggering factors’ data is highly dependent on the satellite imagery resolution
and DEM data quality, which affect directly the primary dataset; and

e  Deep learning requires strong processing hardware to conduct accurate mapping.

Nevertheless, by using the CNN model, the susceptibility map of the studied area
was obtained. The model was verified by using the SVM, k-NN, and DT classifiers. To
justify the model, loss function, error table (MSE, MAPE, and RMSE), and ROC were used.
According to the results, the proposed model has the highest accuracy value.

5. Conclusions

Landslides are complicated geological events that are controlled by many variables
such as topographic, geologic, climatologic, seismic, human activity-related factors, etc.,
which are associated with numerous uncertainties in susceptibility evaluations. In this
regard, many procedures are used in susceptibility assessments, which are mainly classi-
fied as quantitative and qualitative methods. In the meantime, quantitative procedures,
especially knowledge-based methods (due to their ability to cover more variables), have
gained importance nowadays. This study presents an application of the convolutional
neural network (CNN) as one of the recent concepts of knowledge-based methodology to
landslide susceptibility assessment in the Gorzineh-khil region located in the Savadkooh
county, Mazandaran province, northeast of Iran. The study followed three steps for land-
slide hazard zonation and for providing hazard potential maps. In the first step, by using
satellite images, DEM data, and a field survey, the landslide influencing (triggering) factors
were identified. In Step Two, the dataset was provided and a CNN model to extract the
relevant features was performed. In Step three, verification and justification of the model
by using a loss function and regular machine-learning classifiers (e.g., SVM, k-NN, and
DT) were performed.

As a result of the study, the topographic factor has been taken into account as the main
triggering factor, and the others were considered as triggering factors. This factor alone
would not be enough to lead to a landslide occurrence, but it has had a significant effect on
land movements in Gorzineh-khil. Topography also influences other parameters such as
vegetation, wind, sunlight, and freezing, which are directly related to weathering.

The 15-layer convolutional neural network model was used to classify the hazard
potential of the studied region into five susceptibility classes to prepare the hazard potential
map of the Gorzineh-khil region. According to the results, the main focus of the landslide
sliding hazard is striped in high elevations in the middle and north-northwest parts of the
studied region.

For estimating the CNN model’s performance, the model was verified by a loss
function and justified by SVM, k-NN, and DT. Based on the loss function, it can be stated
that the evaluation error rate has been reduced to 0.02 for the training dataset and to
0.033 for the test dataset in 200 epochs and performance evaluations for the susceptibility
assessment. The CNN, with 79.0% accuracy, 73.0% precision, 75.0% recall, and 77.0%
f1-score, was capable of providing results with better accuracy as compared to the other
models with the least computational error.
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