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Abstract
Landslides are one of the most destructive natural phenomena in the world, which occur mostly in
mountainous areas and cause damage to the economic sectors, agricultural lands, residential areas and
infrastructures of any country, and also threaten the lives and property of human beings. Therefore,
landslide susceptibility mapping (LSM) can play a critical role in identifying prone areas and reducing the
damage caused by landslides in each area. In the present study, deep learning algorithms including
convolutional neural network (CNN) and long short-term memory (LSTM) were used to identify landslide
prone areas in Ardabil province, Iran. Equql to 312 landslide locations were identi�ed and randomly
divided into train and test datasets at 70–30% ratios. Then, according to previous studies and
environmental conditions in the study area, twelve factors affecting the occurrence of landslides were
selected, namely altitude, slope angle, slope aspect, topographic wetness index (TWI), pro�le curvature,
plan curvature, land-use, lithology, distance to faults, distance to rivers, distance to roads, and rainfall.
The ratio of the importance of each in�uential factor in landslide occurrence was obtained through
information gain ranking �lter (IGRF) method and it was found that land-use and pro�le curvature had the
highest and lowest impacts, respectively. Afterwards, LSMs were generated using CNN and LSTM
algorithms. In the next step, the performance of the models was evaluated based on the area under curve
(AUC) value of receiver operating characteristics curve and the root mean square error (RMSE) method.
The AUC values for CNN and LSTM models were 0.821 and 0.832, respectively. Furthermore, the RMSE
values in the CNN model for each of the training and testing dataset were 0.121 and 0.132, respectively.
The RMSE values in the LSTM model for each of the training and testing dataset were 0.185 and 0.188,
respectively. Therefore, it can be concluded that CNN performance is slightly better than LSTM; but in
general, both models have close performance and the accuracy of both models is acceptable.

1. Introduction
Landslide is the movement of sedimentary layers on a sloping surface due to an earthquake, road
construction, rainfall or gravity (Das et al., 2012). Landslides are one of the most destructive natural
phenomena in the world (Yilmaz, 2010; San, 2014) which occur mostly in mountainous areas and cause
damage to the economic sectors, agricultural lands, residential areas and infrastructures of any country,
and threaten the lives of people living in such areas (De Blasio, 2011; Corominas et al., 2014).
Governments allocate a considerable of money annually to preventing and reducing the risks of natural
disasters, especially landslides (Salvati et al., 2010) Because the effects of these disasters are sometimes
very irreversible; therefore, “landslide susceptibility mapping (LSM)” is one of the most important and
necessary means to identifying landslide prone areas and thus reducing the damage caused by
landslides in each area.

Iran is geographically located in the seismic belt of the Alps and Himalayas, which makes it more
vulnerable to natural disasters, including landslides (Farrokhnia et al., 2011). On the other hand, the
Iranian Plateau is located in southwest Asia which is one of the high and mountainous regions of
western Asia and has many faults, folds, and valleys; so, it is an active seismic zone. Furthermore, in the
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western and northern parts of the Iranian Plateau are the Zagros and Alborz Mountain Ranges, which are
considered as active mountains due to their high tectonic activity and climatic diversity (Berberian, 1981,
1983a; Feizizadeh et al., 2013), which cause earthquakes and landslides in these areas. Also, natural
factors such as climate, earthquakes and human activities, such as construction of roads and tunnels
increase the likelihood of landslides in these areas (Wilde et al., 2018). Ardabil Province is known as one
of the provinces of Iran with the highest probability of landslides due to the high-altitude difference and
its slope �uctuations, which cause some of its slopes to reach a slope above 100% as well as the
proximity of this province to the Caspian Sea and the presence of heavy rainfall in this region, (Iran
Meteorological Organization, 2019).

According to the mentioned cases, the production of the LSM is a vital step to be. This allows us to know
the location of landslides that are likely to occur in the future; and by planning and managing in these
areas (e.g., construction prohibition, strengthening vegetation, or increasing soil resistance and stability)
to prevent them from happening (Lacasse and Nadim, 2009; Havenith et al., 2015; Betts et al., 2017).
Also, by knowing the location of landslides that have occurred before, the speed of providing assistance
to these areas can increase, which will reduce human and �nancial losses (Haeri and Satari, 1993;
Cascini et al., 2005).

There are different methods for generating LSM, which are generally divided into two categories:
qualitative and quantitative approaches. Qualitative methods are mostly based on expert wisdom and
knowledge, while quantitative methods are more based on numerical and statistical estimates (Aleotti
and chowdhury, 1999). For example, the heuristic method and the geomorphological landslide
susceptibility zoning method are considered as qualitative approaches (Aleotti and Chowdhury, 1999;
Guzzetti et al., 1999). The “Analytical Hierarchy Process (AHP)” and the “Analytical Network Process
(ANP)” are examples of heuristic method in which using the knowledge and experience of experts, an
LSM map is developed (Feizizadeh et al., 2014; Yalcin et al., 2011; Neaupane and piantanakulchai, 2006).
Quantitative methods generally consist of three groups: Statistical and mathematical methods,
geotechnical techniques, and machine learning algorithms (Aleotti and Chowdhury, 1999; Thiery et al.,
2007). The geotechnical method itself is divided into two parts: deterministic analysis and probabilistic
approaches (van Western and Terlien, 1996; Park et al., 2013). Statistical methods strongly depend on the
structure of the model and their parameters and data and are especially used for analyzing natural
hazards such as landslides. In this method, classi�cation of landslide condition factors is very important
because it affects the quality of the LSM and shows the relationship between landslide occurrence and
the impact of factors (Costanzo et al., 2012). Such famous statistical and mathematical approaches can
be called “statistical index (SI)” (Regmi et al., 2014), “weight of evidence (WoE)” (Sifa et al., 2020),
“frequency ratio (FR)” (Thanh et al., 2020), “certainty factor (CF)” (Zhao et al., 2020), and bivariate or
multivariate statistics analysis (Mersha et al., 2020). Deterministic and probabilistic models usually
produce more accurate results; however the process of creating models and calculating them is relatively
complex and therefore may not be suitable for assessing landslide susceptibility (Akgun and Erkan,
2016). Most of these models evaluate landslide susceptibility based on slope stability theory (Xie et al.,
2004). With the development of computers as well as remote sensing (RS) and geographical information
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system (GIS), statistical methods have gradually given way to machine learning algorithms for evaluating
and producing landslide maps (Bai et al., 2010). Machine learning algorithms solve many problems in
statistical and geotechnical methods (Cracknell and Reading, 2014). In these algorithms, automatic
extraction of knowledge from existing data is done with the aim of applying the learned knowledge to
new data (Jordan and Mitchell, 2015). In general, machine learning algorithms have higher predictive
power and have recently been used in generating a natural hazard susceptibility map. Examples of
machine learning algorithms are as follows: “arti�cial neural networks (ANN)” (Can et al., 2019;
Bragagnolo et al., 2020), “logistic regression (LR)” (Park et al., 2013), “decision trees (DT)” (Hong et al.,
2020), “support vector machines (SVM)” (Hu et al., 2020), “neuro-fuzzy (NF)” (Pradhan et al., 2010;
Jaafari et al., 2019), “adaptive neuro-fuzzy Inference system (ANFIS)” (Ghorbanzadeh et al., 2020), “naïve
Bayes tree (NBT)” (Ali et al., 2020), “evidential belief function (EBF)” (Li et al., 2020), and “random forest
(RF)” (Sun et al., 2020).

Recently, deep learning (DL) models, a subset of machine learning models, have been used by
researchers to evaluate and generate the LSMs. As the name of these models suggests, the difference
between these models and other models is in learning and recognizing the different patterns in the data.
The DL models will be very e�cient and useful when the data set size is very large (Wang et al., 2020b).
Convolutional neural network (CNN) and recurrent neural network (RNN) are the most popular models of
deep learning. The CNN has achieved good results in analyzing various images in computer vision and
image processing (Zhu et al., 2017). The CNN has also been used for the classi�cation and segmentation
of very high resolution (VHR) remote sensing image (Maggiori et al., 2016), and semantic segmentation
(Long et al., 2015), and object detection and recognition (Guirado et al., 2017; Ghorbanzadeh et al., 2019a;
Ngo et al., 2020), and scene annotation using aerial images (Qayyum et al., 2017). A prerequisite for
using CNN is the use of training datasets in which each set of data must be labeled in order to be used in
learning model process (Ghorbanzadeh et al., 2019a; Yang et al., 2017). The CNN architecturally includes
input layer, hidden layers, convolutional layers, max pooling layers, fully connected layers, and output
layer (Krizhevsky et al., 2017). The larger the training dataset, the more e�cient the network architecture
parameters, and the faster the computer system, the better CNN performance (Ding et al., 2016). The RNN
is a neural sequence model that architecturally includes input, hidden, and output layers, learnable
parameters, and loss functions (Zaremba et al., 2014), that have been successful in important tasks,
including: language modeling (Mikolov, 2012), and speech recognition (Graves et al., 2013), and machine
translation (Kalchbrenner and Blunsom, 2013). Long short-term memory (LSTM) is a special type of RNN
architecture. LSTM has a complicated dynamic that allows it to store information in memory cells for a
long time in a number of time steps (Zaremba et al., 2014). LSTM has the power to decide whether to
overwrite, retrieve, or hold a memory cell for the next step (Zaremba et al., 2014).

In the present study, DL algorithms, including CNN and LSTM, are utilized for evaluating and generating a
landslide susceptibility map. Then the performance of these two models is compared. Based on the
studies, no comparison of the performance of these two models in evaluating and producing the LSM
has been done among researchers so far. The results obtained in this study can be useful for other
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researchers in evaluating these two models in the production of natural hazard susceptibility maps,
especially landslides.

2. Study Area
Ardabil Province is one of the provinces of Iran, which is located in the northwest of this country in the
region of Azerbaijan, Iran. This province is located in the longitudes of 47° 00' to 49° 36' E and latitudes
of 36° 32' to 39° 42' N, in western Caspian Sea (Fig. 1). This province is bounded on the north by the
Republic of Azerbaijan, on the west by the province of East Azerbaijan and the plateau of Azerbaijan, on
the east by the province of Gilan and the Talesh Mountains, and on the south by the province of Zanjan
(Dodangeh et al., 2020). The area of this province is 17,953 km2 (about 1.09 percent of the total area of
the country) and its population is equal to 1,249,000 people according to the latest census. The capital of
this province is Ardabil city and according to the latest divisions of the country, the province includes 10
counties, 24 cities, 27 districts, and 2,210 villages (Azizi et al., 2014).

Topographically, it is more than two third of the mountainous areasand the its height varies from 4 to
4,788 meters. Also, most of the area has an altitude between 2,000 and 3,000 meters above sea level, and
the slope is between 0 ° and 63 °. In terms of climate, Ardabil Province is known as one of the coldest
regions of Iran, with a variety of climates, including arid and semi-arid in the north and the Mediterranean
and semi-humid in the south of this region (Dodangeh et al., 2020), which causes snowy and rainy
winters along with mild and pleasant summers in this region. The average annual rainfall is about 480
mm (Iran Meteorological Organization, 2019). The average annual temperature in this region is 10.9 ° C.
In terms of lithology, Ardabil Province has different types of rocks, which mainly include two groups,
“Andesitic volcanic” and “low-level piedmont fan and valley terrace deposit

3. Methodology
In general, “landslide susceptibility map” production consists of �ve basic steps. In the �rst step, the
landslide inventory map should be prepared using landslides that have occurred in the past, and the
landslide and non-landslide points should be determined. In the second step, using landslide points
identi�ed in the previous step, our database containingtraining and testing datasets, is created. In the
third step, the in�uence condition factors in the occurrence of landslides are opted for according to the
study area and previous studies. In the fourth step, a landslide susceptibility map is generated using CNN
and LSTM models. Finally, in the �fth step, the maps produced using CNN and LSTM models are
validated through computing AUC and RMSE. To increase the visual perception and vision, the steps are
described as a conceptual model in Figs. 2.

 

3.1. Landslide inventory map
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The �rst step in producing an LSM is to prepare a landslide inventory map. In the landslide inventory
map, the landslide locations that have occurred in the past are considered. Using this map, the location of
landslides that may occur in the future can be predicted. Furthermore, the relationship between the
occurrence of landslides and condition factors affecting landslides can be obtained, and the most
important factors can be ranked. There are several ways to prepare a landslide inventory map. In current
study, satellite images, data from the Iranian Natural Resources Management Organization and the
Forest Range and Watershed Management Organization as well as information from �eld surveys were
used to generate this map. There are two types of landslides: rotational and transitional. According to our
observations, most of the landslides that have occurred in this area are of the rotational type. In total, 312
landslides were identi�ed in the study area and randomly considered against the same number as non-
landslide points (Brenning, 2005).

3.2. Training and testing dataset preparation
In in order to be able to do modeling work deep learning models, input must have more than one feature
or characteristic. In the case of landslides, wheher this phenomenon occurred in the study area or not, the
input of model can have two types of features: landslide points and non-landslide points. In the next step,
both landslide and non-landslide points are randomly divided into two groups: The �rst group is the
training dataset, which contains almost 70% of the points, and these points are used in building and
teaching models, while the second group is the testing data set, which includes approximately 30% of the
remaining points, and these points are used in validating and assessing the models. In the last step, both
the training and test data sets are combined with 13 layers of landslide condition factor to obtain the
value of the attribute that each of these points receives from these factors.

3.3. Landslide conditioning factors
Selecting the suitable factors is one of the basic steps for modeling landslide susceptibility. For this
purpose, with respect tothe geographical, environmental and geological conditions of the region, as well
as the availability of data and review of previous studies (Ayalew and Yamagishi, 2005; Yalcin, 2008),
twelve factors were investigated as effective conditions in the occurrence of landslides for the study area.
The factors are: altitude, slope angle, slope aspect, TWI, pro�le and plan curvatures, land-use, lithology,
distance to faults, distance to rivers, distance to roads and rainfall. As it is known, human and natural
elements play a signi�cant role in the emergence of these factors. In this study, using Weka 3.8.4
software and utilizing the information gain ranking �lter (IGRF) technique, 13 condition factors were
evaluated and classi�ed based on their degree of importance and impact on landslide occurrence. In this
method, the minimum value of IGRF is zero, which indicates the least effective factor, and the highest
value is 1, which represents the most effective factor. After digitizing all the layers, they were converted to
a raster format using ArcGIS 10.3 software (Esri, Redlands, CA, USA). A brief description of each of these
factors and the intervals associated with each is given below.

3.3.1. Altitude
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Altitude is one of the most effective factors in the occurrence of landslides, because altitude changes
have a direct effect on the stability or instability of the slopes due to the increase and decrease of
vegetation (Feizizadeh et al., 2014). Normally in places with higher altitudes, landslides are more likely to
occur. The altitude map was extracted from the digital elevation model (DEM) layer of the area in ArcGIS
10.3 software. Then the altitude map was divided into twelve classes (Fig. 3a).

3.3.2. Slope angle
One of the factors affecting slope stability is slope angle (Xie et al., 2019), because in general, the higher
the slope angle, the lower the slope stability, and in addition, the lower the slope stability, the greater the
probability of landslides. Of course, it should be noted that due to the different types of landslides, even
on gentle slopes, the risk of landslides may be higher. In many studies (Lee et al., 2004; Sarkar and
Kanungo, 2004), slope angle has been considered as one of the main factors in landslide susceptibility
map assessment. The slope angle map is obtained from the DEM layer of the area in ArcGIS software
and is divided into ten classes. The slope angle map is shown in Fig. 3b.

3.3.3. Slope aspect
The direction of the slope by other natural phenomena has a signi�cant effect on the occurrence of
landslides in such a waythat if for example in one direction the slope of vegetation uses more sunlight,
the vegetation in that direction is strengthened and this increases the stability of the slope and reduces
the occurrence of landslides and conversely (Sameen et al., 2020). Also, if rainfall in one direction is more
than the other direction, it causes loosening of the soil in the area and rising humidity in that direction,
resulting in increased landslides. Moreover, when there is more wind in one direction, the area becomes
colder or warmer in different directions. The aspect map is extracted from the DEM layer of the area in
ArcGIS software and divided into nine classes: Flat (-1°), North (337.5°-360°, 0°-22.5°), Northeast
(22.5°-67.5°), East (67.5°-112.5°), Southeast (112.5°-157.5°), South (157.5°-202.5°), Southwest
(202.5°-247.5°), West (247.5°-292.5°), and Northwest (292.5°-337.5°), as shown in Fig. 3c.

3.3.4. Topographic wetness index (TWI)
The TWI, also known as the “compound topographic index (CTI)”, is a steady-state wetness index. The
TWI index is commonly used in hydrological processes and determines the effect of slope parameters on
these processes. It also plays an essential role in controlling the topography of hydrological processes
(Sörensen et al., 2006). Using this index, the percentage of water accumulation in different places (each
pixel) can be measured. The TWI index is de�ned as follows (Moore et al., 1991):

1
where  is the local upslope area draining through a certain point per unit contour length and  is
the slope angle at the point. The TWI map is generated from the DEM layer via SAGA–GIS software
(http://saga-gis.org). The TWI map is divided into �ve classes as shown in Fig. 3d.
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3.3.5. Pro�le and plan curvatures
Pro�le curvature is parallel to the direction of maximum slope (Smith et al., 2012). A negative value
indicates that the surface is upwardly convex at that cell, in which a positive value indicates that the
surface is upwardly concave at that cell, and a value of zero indicates that the surface is �at (Moore et al.,
1991; Shary, 1995; Florinsky, 1998).

Plan curvature is perpendicular to the direction of maximum slope (Schmidt et al, 2003). A positive value
indicates that the surface is sideward convex at that cell, a negative value indicates that the surface is
sideward concave at that cell, and a value of zero indicates that the surface is �at (Zevenbergen et al.,
1987; Moore et al., 1991).

Pro�le curvature affects the acceleration or deceleration of �ow across the surface, so it affects erosion
and deposition, and this effect can be observed and evaluated using a pro�le curvature map. Moreover,
using the plan curvature map, convergence and divergence of the �ow across the surface can be
achieved (Zevenbergen et al., 1987). Understanding the combinations of the pro�le and plan curvatures is
so important, because it provides a more accurate understanding of the �ow across slopes. For these
reasons, the results of these two factors help us to analyze the probability of the landslides occurrence.
Pro�le and plan curvature maps are obtained from the DEM layer via SAGA–GIS software (http://saga-
gis.org), and are divided into three classes: concave, convex, and �at. Pro�le and plan curvature maps are
shown in Fig. (3e, f), respectively.

3.3.6. Land-use
Landuse means the change of natural environment or wilderness to build environments such as
settlements and residential areas or semi-natural habitats such as agricultural lands, pastures, and
managed woods. Land-use change causes the loss of vegetation and soil in the area, thus affecting the
slope stabilization and landslide occurrence (Hadji et al., 2013), because the landslides are more likely to
occur in areas with poorer vegetation. The land-use map of the study area has been obtained from the
Land Management Organization of Iran and is divided into seven groups that include: Farmland, Forest,
Mixed-use, Orchard, Rangeland, River, and Urban. The land-use map is shown in Fig. 3g.

3.3.7. Lithology
The lithology is a unit of rock that describes the physical properties of rocks present and visible in the
area, such as color, texture, size, and composition (Allaby et al., 1991; Grana et al., 2010). As a result,
according to the physical properties of rocks, different lithological units have different values of landslide
susceptibility at different slopes (Lin et al., 2006). Therefore, care must be taken in grouping different
lithological features, because the hardness of the rocks and the speed of their weathering affect the
occurrence of landslides (Henriques et al., 2015). The lithology map was extracted from the geological
map and then converted to raster format in ArcGIS software. The lithology map of the study area is
divided into thirty-two groups which is presented in Fig. 3h.
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3.3.8. Distance to faults
In term of geology, a fault is a planar fracture or discontinuity in a volume of rock across an area (Segall
et al., 1980), in which there has been signi�cant displacement as a result of rock-mass movement and
landslide occurrence. The activity of plate tectonic forces creates the greatest boundaries between the
plates. As a result, large faults occur within the Earth's crust such as subduction zones or transform faults
(Lutgens et al., 2017). When the distance to faults decreases, the extent of fracturing and the degree of
weathering of the rocks increases, which reduces the shear strength and increases the probability of
landslide occurrence (Conforti et al., 2014). The fault map of the study area was obtained from the
Geological Survey of Iran. Finally, using ArcGIS software, the distance map of the fault in eleven classes
was obtained: 0-300, 300–600, 600–900, 900-1,200, 1,200-1,500, 1,500-1,800, 1,800-2,100, 2,100-2,400,
2,400-2,700, 2,700-3,000, and 3,000<, which is shown in Fig. 3i.

3.3.9. Distance to rivers
Rivers are naturally �owing watercourse, and �ows to oceans, seas, lakes or other rivers. In some cases, a
river �ows to the surface and dries up at the end of its course without reaching any other water. In many
studies, distance to rivers has been considered as a key factor in assessing landslide susceptibility
(Moayedi et al., 2019; Wang et al., 2020). The shorter the distance to rivers from the slopes, the lower the
stability of the slopes will be due to the erosion of the slope toes and the increase of saturation of
materials on the slopes (Zhao et al., 2019). This also increases groundwater and pore water pressure and
a result, landslides are more likely to occur near rivers (Dai et al., 2001). The map of rivers has been
obtained from the National Cartographic Center. Then in ArcGIS software using buffer tool and Euclidean
distance method was divided into eleven classes: 0-100, 100–200, 200–300, 300–400, 400–500, 500–
600, 600–700, 700–800, 800–900, 900-1,000, 1,000<. The distance to rivers map is shown in Fig. 3j.

3.3.10. Distance to roads
One of the most important human activities that affect landslides is road construction, because it
changes the physical condition of the slopes, hills and the topography of the area, which used to have
stable conditions before construction began. On the other hand, landslides are more likely to occur along
roads, highways and railways, especially in mountainous areas (Acharya and Lee, 2019). Therefore, the
construction of roads in mountainous areas should be prevented as much as possible, or at least,
construction should begin after studying and researching the geological conditions of the area
(Nsengiyumva et al., 2019). Road map of the study area has been prepared by the Iranian Survey
Organization. Then, in ArcGIS software using buffer toolbar and “Euclidean distance” method, it was
divided into eleven classes. The distance to roads map is shown in Fig. 3k.

3.3.11. Rainfall

Rainfall is one of the critical factors in the occurrence and triggering of landslides, and has been used in
many studies (Fang et al., 2020). Mountainous and near-sea areas with the highest rainfall are very prone
to landslides. The amount, intensity, and duration of rainfall are three important factors for assessing
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landslide susceptibility (Shimoda and Ochiai, 2006), and according to the type of landslide, each of these
three factors could have a greater impact than the other. Rainfall has a great effect on soil moisture and
weakens the stability of the slopes, as a result, the probability of landslides increases (Pham et al., 2015).
Rainfall map was obtained using the average rainfall data of the Meteorological Organization. It was
classi�ed in ArcGIS software into nine classes as shown in Fig. 3l.

 

 

3.4 Methods
Arti�cial Neural Networks (ANNs), or connecting systems, are computing systems inspired by biological
neural networks (Garrett., 1994; Krenker et al., 2011). ANNs use machine computational methods to
perform machine learning by examining data. In fact, the goal of ANNs is that whatever human beings
can learn and do, the machine can also do and learn, making this possible by processing data and
extracting their salient features. ANNs typically consist of three layers: input layer for receiving raw data,
hidden layer for weighting the inputs and the connection between them, and output layer to display
results (Wang, 2003). Each layer contains a group of nerve cells (neurons), similar to biological neurons
in a human brain, and each neuron has a weight that is adjusted as learning progresses, and is generally
associated with all neurons in other layers, unless the user restricts communication between neurons.
However the neurons in each layer have no connection with other neurons in the same layer (Lee et al.,
2006). In these networks, if one cell is damaged, other cells can compensate for its absence, and also
participate in its reconstruction. These networks are able to learn and learning in these systems is
adaptive. This network is used in various �elds such as computer science (Villarrubia et al., 2018),
technical and engineering sciences (Can et al., 2019), medical sciences (Hirasawa et al., 2018),
experimental and biological sciences (Acheampong and Boateng, 2019), etc. Since ANNs consist of only
three layers, when multidimensional data with multiple features exist, recognizing and differentiating
data and the relationship between them is very complex. Deep learning neural networks are used to
solving this problem, because they have more layers in the hidden layer, and this feature strengthens their
ability to process multidimensional data in these networks. In this study, two speci�c types of deep
learning neural networks called convolutional neural networks (CNN) and long short-term memory
(LSTM) were used.

3.4.1. Convolutional neural network (CNN)
CNN is a class of deep neural networks commonly used for visual, speech, and text analysis in machine
learning (Wang et al., 2019). CNNs are feed forward networks, meaning that the signal in these networks
only travels in one direction from the input layer to the hidden layer and then to the output layer, and
previous data is not stored in memory (Girshick, 2015). Architecturally, CNN has an input layer, a hidden
layer, and an output layer (Shin et al., 2016). The hidden layer includes one or more convolution layers, an
activation layer, max pooling, and is fully connected (Shin et al., 2016). The input layer consists of several
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neurons and our data have different classes according to the number of neurons that are introduced to
the network as vectors (Fang et al., 2020). For example, in this study, a landslide occurred or did not occur
in one place. As a result, the number of our classes is two, and our network is two-dimensional; number 1
for landslides and zero for non-landslides. In the hidden layer, there is a convolutional layer, which can
extract various features from the input layer by using kernels or �lters with different dimensions. It should
be noted that the kernel dimension or �lters should be the same as the input dimension. The activation
layer consists of a non-linear activation function after the convolutional layer, and one of the most
popular activation functions is the recti�ed linear unit (ReLU) (Nair and Hinton, 2010). Then there is the
max pooling layer, which is responsible for reducing the size and the number of CNN network parameters.
The output of this layer is sent to the fully connected layer after being converted to a one-dimensional
vector. As the name implies, all the neurons in this layer are connected to the neurons in the previous
layer. The main task of the fully connected layer is to combine the local attribute in the lowers layer with
the local attribute in the upper layers. In the classi�cation of the last fully connected layer in the network,
it combines all the features to classify the image, so the output size of this layer is equal to the number of
classes recognizable by the network. For example, in this study, the number of our classes is two and it
will be the size of our output. The number of convolutions, max pooling, and fully connected layers on
CNN is determined by the user, and the higher the number of layers, the deeper our network becomes,
resulting in more recognizable features of the input image (Sharif Razavian et al., 2014). Finally, the
results of the model can be seen in the output layer. CNN's most popular network architectures include
LeNet-5, AlexNet, ZFNet, VGG, GoogLeNet, and Microsof ResNet (Fang et al., 2019; Khan et al., 2020). The
LeNet-5 is the �rst network to use convolutional �lters (LeCun et al., 1998). AlexNet has �ve convolutional
layers and three fully connected layers, which puts it in the category of shallow networks (Krizhevsky et
al., 2012). The ReLU function was �rst introduced in this network. ZFNet does not have much of an idea,
and the most important idea is visualization, a tool that uses it to determine the use of each neuron in the
network to some extent and greatly helps in understanding of convolutional networks (Zeiler and Fergus,
2013). VGG is less complex than AlexNet and ZFNet because it reduces the number of hyper parameters,
and because of its simplicity, it is very popular (Ren et al. 2016). GoogLeNet was introduced by Google in
2014 and designed a module called Inception module with the approach of turning network hyper
parameters into a learnable parameter. In this module, three convolutional �lters, which have different
sizes and a pooling �lter, are applied on the previous layer and put the results together as a single tensor.
Microsoft ResNet was introduced by Microsoft, which stands for Residual Network. In this network,
communication outside the convolutional structure between the layers is considered to transfer the inputs
of the previous layer to the next layer without intermediaries, and in the back propagation stage, to
transfer the error of each layer to the previous layer so that the network can be deepened and taught
faster (He et al., 2016). Comparing the performance of these networks with each other has already been
done by many researchers and more can be obtained by referring to Sze et al., 2017 and Khan et al.,
2019.

3.4.2. Long short-term memory
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Another type of deep neural network is the recurrent neural network (RNN), which is used in speech
recognition, natural language processing, machine translation, sequential data processing, as well as
predicting time series (such as weather forecast data, �nancial data, etc.) (Bandara et al., 2020). Unlike
CNNs, RNNs have a feedback layer in which the network output is returned to the network with the next
input (Graves et al., 2008). RNN can remember its previous input due to its internal memory and use this
memory to process a sequence of inputs. In simpler terms, RNNs consist of a recurrent loop that prevents
the information we have already obtained from being lost and remains in the network, which perpetuates
the information. Long short-term memory (LSTM) is a type of model or structure for sequential data that
emerged for the development of RNNs and is one of the most popular RNN architectures (Hochreiter et al.,
1997). The term long term memory refers to the weights learned and short-term memory refers to the
internal states of cells. LSTM was developed to solve the vanishing/exploding gradient problem in RNNs,
the major change being the replacement of the middle layer of RNN with a block called LSTM (Cortez et
al., 2018). The biggest feature of LSTM is the ability to learn long-term dependency that was not possible
with RNNs. In other words, unlike RNNs, LSTMs do not have a problem with long sequences, and the
mechanism designed in them allows them to work with longer sequences, which leads to better
performance in comparison with other machine learning algorithms such as SVM (Hochreiter et al.,
1997). The presence of LSTM networks has become very colorful in recent years. These networks are
now used in advanced technologies such as Google Voice and natural hazard forecasting (Ma et al.,
2019). In general, according to Christopher Olah's article published in 2015, LSTM operates as follows:
the �rst step in LSTM is to determine on which piece of information will be deleted from the state cell.
This decision is made by a sigmoid layer called the forget gate. In other words, forget gate decides what
information to keep or delete from previous cells and uses the following equation (Hochreiter and
Schmidhuber, 1997):

3
where , , and represent the sigmoid function, weights, and constants, respectively. In the second
step, we should decide what new information to store in the state cell. This decision is made by a sigmoid
layer called the gate input. Given the values of and for each number, this gate outputs a value of
zero or 1 in the state cell. A value of 1 means completely transferring the current value of the 
state cell to , and a value of zero means completely erasing the current state cell information  and
not transferring any of it to , its equation is as follows:

4
The next step is a layer of hyperbolic tangent that forms a vector of values called that can be added
to the state cell according to Eq. (5):
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5
Then by combining the previous two steps, we update the state cell value. The new is obtained by
elementwise multiplying the previous value of the state cell by  (  and its sum by
multiplying by (  in accordance withthe following equation:

6
Finally, what information isgoing as output should be determined. This output will be based on the value
of the state cell, but it will pass a certain �lter. First, a sigmoid layer decides what part of the state cell is
to be output. Then the value of the state cell (after updating in the previous steps) is given to a layer of
hyperbolic tangent (until the values are between − 1 and + 1) and its value is multiplied by the output of
the previous sigmoid layer so that only the parts of information go to the output. The equations of the
last step are as follows:

7

8

3.5. Generate landslide susceptibility map
In this step, after integrating all thirteen condition factor maps using the combine tool in ArcGIS software,
an output from its attribute table in Excel software is prepared (Microsoft Corp., Redmond, WA, USA).
Using the training dataset, the models are taught, namely CNN and LSTM. Then comparisone and
evaluation of the performance of each model with a test dataset is carried out. Afterwards, with the help
of the Excel �le obtained from all the data of the region and each of the CNN and LSTM models, the
landslide susceptibility indices (LSI) are determined for each pixel of the landslide map in the study area
by Matlab programming language (MathWorks, Natick, MA, USA). Finally, the landslide susceptibility map
is classi�ed into �ve different classes of susceptibility using the quantile method in ArcGIS software:
‘very low, low, moderate, high, and very high”. These maps shows in which part of the area the probability
of landslide occurrence is higher (Fig. 4).

 

3.6. Evaluating the accuracy of models and maps
After generating a landslide susceptibility map, the reliability of each of these maps should be assessed.
The performance of CNN and LSTM models were evaluated using test datasets that had no role in the
modeling process. Then, by obtaining the AUC value, the prediction rate and the performance of the
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models are evaluated (Wu et al., 2020). Furthermore, the accuracy of the two models are determined
using the RMSE.

4. Results

4.1. Evaluating the impact of condition factors
According to the results of IGRF method in Weka software, land-use has the highest importance and
impact (IGRF = 0.5708), while pro�le curvature factor has the least importance and impact (IGRF = 
0.0123) in landslide occurrence. After land-use, the order of importance of the factors is as follows:
lithology (IGRF = 0.4930), slope angle (IGRF = 0.3865), altitude (IGRF = 0.2941), rainfall (IGRF = 0.1837),
distance to fault (IGRF = 0.1236), TWI (IGRF = 0.1020), distance to river (IGRF = 0.0665), slope aspect
(IGRF = 0.0635), distance to road (IGRF = 0.0611), and plan curvature (IGRF = 0.0176). According to the
values obtained for each factor, it is clear that all factors considered for landslide susceptibility zoning
affect the landslide occurrence, and this indicates the correct selection of factors in the present study.

4.2. Validation and evaluation of model results in landslide
susceptibility map
One of the ways to evaluate the performance of the two applied models is to check the RMSE for each of
them. The RMSE results for both CNN and LSTM models obtained using the training and testing datasets
are shown in Fig. 5 and Fig. 6. Based on the results, the RMSE value in the CNN model for each of the
training and testing datasets is 0.121 and 0.132, respectively. The RMSE values in the LSTM model for
each of the training and testing datasets are 0.185 and 0.188, respectively. Therefore, it can be concluded
that CNN performance is slightly better than LSTM, but in general, both models have close performance
and the accuracy of both models is acceptable.

Additionally, each of the landslide susceptibility maps generated by CNN and LSTM models were
validated using the AUC values for the test dataset (Fig. 7). The AUC values obtained from the test
dataset for each of the CNN and LSTM models are 0.821 and 0.832, respectively. This number indicates
that the susceptibility maps produced by these two models are reliable in terms of validation and also the
accuracy of both models is close to each other. The AUC values on the CNN and LSTM models on the
training dataset are 0.822 and 0.828, respectively. Comparing these two values with the AUC values
obtained from the testing dataset of each model (0.821 and 0.832), it can be concluded that there is no
over�tting problem in the CNN and LSTM models, and that our models perform properly.

Moreover, the CNN and LSTM models can be compared in terms of processing the time and convergence
speed (Fig. 8 and Fig. 9). CNN and LSTM processing times are about 3 seconds and 4 seconds,
respectively. Also, the CNN model converges in 60 iterations and the LSTM model in 500 iterations.
Comparing the results, it can be seen that in terms of processing time and convergence speed, the CNN
model has a better performance than the LSTM model. In general, in the study area, both models have
good performance and are close to each other, but in terms of RMSE, CNN is slightly better than LSTM. In
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terms of AUC, LSTM performance is slightly better than CNN, and as a result, the landslide susceptibility
map produced with the LSTM model is more reliable. Finally, CNN performs better in terms of processing
time and convergence speed.

According to the results obtained from the map produced by CNN model, 20.11%, 20.35%, 20.10%,
19.88%, and 19.56% of the study areas are in “very low, low, moderate, high, and very high” classes,
respectively. In the map produced with the LSTM model, 19.67%, 20.14%, 20.89%, 19.74%, and 19.56% of
the areas are in “very low, low, moderate, high, and very high” classes, respectively. According to the
generated maps, it can be concluded that approximately 40% of the study area is in high and very high
classes and therefore these areas are prone to landslide occurrence.

5. Discussion
Annual natural disasters kill many people around the world, and in addition to life threats, cause great
�nancial damage to the country's infrastructure and economy. Therefore, predicting natural disasters and
reducing their damage has always been one of the most important and signi�cant issues for different
organizations in each country. Landslides are also one of the most important natural disasters; therefore
obtaining an LSM and identifying landslide prone areas will reduce human and �nancial losses and helps
relevant organizations in identifying these areas and taking the necessary measures when facing this
phenomenon. Many studies have been carried out in this �eld and researchers have used different
models for LSM in different areas. In Iran, due to the availability of data and the type of study area,
different models have been used, like machine learning models in the watershed of Galikash River in
Golestan Province (Arabameri et al., 2020), fuzzy methods and AHP in Guilan Province (Bahrami et al.,
2020), and metaheuristic techniques & adaptive neural fuzzy inference system in Qazvin Province
(Mehrabi et al., 2020). The objective of this study is using deep learning models including CNN and LSTM
models to produce the LSMs in Ardabil Province. To achieve this goal, thirteen factors that are effective in
the landslide occurrence were selected, and then using the IGRF method, the importance of each factor
was determined.

LSMs are used for determining landslide prone areas, and using these maps accident hotspots are
identi�ed in terms of landslide occurrence and decision makers can take the necessary measures to
reduce and prevent landslides. Therefore, the accuracy of the produced maps is a fundamental and an
important matter, and selection of appropriate models as well as the reliability of the maps produced by
these models should be considered. Due to the proper performance of deep learning models when the
dataset is large (Ngo et al., 2020), the two well-known deep learning models, namely CNN and LSTM are
employed to generate the LSMs.

Another thing that should be considered in preparing a landslide susceptibility map, is the selection of
effective condition factors in the landslide occurrence and also evaluating the impact and importance of
each of these factors in the landslide occurrence. For this purpose, in this study, according to previous
studies and environmental and geographical conditions of the region, thirteen effective condition factors
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were chosen. Afterward, using the IGRF method, the order of importance and impact of each of these
factors on the landslide occurrence were obtained. According to IGRF results, land-use has the greatest
impact on landslide occurrence. Recently, with the increase in population and development of cities, land-
use change has arisen, and as mentioned before, land-use change causes vegetation loss and loosening
of the soil in the area, resulting in slope instability. As a result, land-use is one of the most important
factors in the landslide occurrence, and which the results obtained by the IGRF prove this in the study
area. Lithology is known as the second factor in�uencing the landslide occurrence in the study area
because according to the type of rocks in the area, their hardness and weathering speed is different,
which is effective in soil erosion and creating empty spaces between the rocks and increases the
landslide occurrence. Slope angle is also known as the third factor in�uencing the landslide occurrence,
which greatly affects the stability of the slope and the lowers the stability of the slope. In other words, the
greater the slope, the greater the probability of the landslide occurrence is. The results also show that the
pro�le curvature factor has the least effect on the landslide occurrence. However, it should be noted that
the order of importance of these factors in other studies may vary depending on the methods used and
the study area. According to the results obtained from the IGRF, it can be concluded that all the
considered factors affect the landslide occurrence with different ratios and show that the selection of
condition factors for the study area has been performedcorrectly.

In the present study, CNN and LSTM deep learning algorithms have been used to generate landslide
susceptibility map and model construction. The AUC values and RMSE were also utilized to evaluate the
performance of the models and compare them, and the IGRF method was used for evaluating the ratio of
the impact and importance of each factor on the landslide occurrence. In future studies, it is
recommended to use other deep learning algorithms such as Deep Boltzmann Machine (DBM) and Deep
Belief Network (DBN) in the study area, and compare these algorithms with the algorithms used in this
study, namely CNN and LSTM. In addition, other available methods such as gain ratio feature evaluator
(GRFE) and step-wise weight assessment ratio analysis (SWARA) can be used for investigating the
impact of each factor on landslide occurrence, and each of these methods can be compared with each
other and the difference in the selection of factors affecting the landslide occurrence in each of the
methods could be observed, and thus selected the most effective factors are selected and eliminated the
factors that have no effect on the landslide occurrence.

6. Conclusion
In this study, using CNN and LSTM algorithms, which are part of deep learning algorithms, were used to
map the landslide susceptibility map in Ardabil Province, Iran. Then, using the AUC values, the
performance of these models were evaluated. The AUC values for CNN and LSTM models are 0.821 and
0.832, respectively. Also, using the IGRF method, the effect and importance of each factor on the
landslide occurrence was obtained. According to the results of IGRF method, land-use has the highest
effect (IGRF = 0.5708) and pro�le curvature factor has the least effect (IGRF = 0.0123) on landslide
occurrence. Finally, the study area was classi�ed into �ve different classes of susceptibility and
percentage of the study area in each class was determined. According to the results of CNN and LSTM
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models, 39.44% and 39.30% of the study area are located in landslide prone areas, respectively.
Therefore, necessary measures should be taken to control and prevent landslides in areas with high and
very high classes. The results of this study can be used as a guide for organizations related to natural
disasters and help them make better decisions in the event of a landslide and prevent landslides. Based
on our studies, for the �rst time, CNN and LSTM models have been used together for landslide
susceptibility mapping in the study area, and so far the performance of these two models has not been
compared with each other in landslide susceptibility mapping. Therefore, the results of this study can
help other researchers when using other models in the study area by evaluating and comparing the
performance of different models with each other.
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Figures

Figure 1

Location of the study area.
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Figure 2

Flowchart of methodology.
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Figure 3

Thematic maps of landslide conditioning factors.
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Figure 4

Landslide susceptibility maps by: (a) CNN model, (b) LSTM model.
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Figure 5

CNN model: (a) targets and outputs for CNN value of training data samples, (b) targets and outputs for
CNN value of testing data samples, (c) MSE and RMSE value of training data samples, (d) frequency
errors of training data samples, (e) MSE and RMSE value of testing data samples, (f) frequency errors of
testing data samples.
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Figure 6

LSTM model: (a) targets and outputs for CNN value of training data samples, (b) targets and outputs for
LSTM value of testing data samples, (c) MSE and RMSE value of training data samples, (d) frequency
errors of training data samples, (e) MSE and RMSE value of testing data samples, (f) frequency errors of
testing data samples.
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Figure 7

Validation of CNN and LSTM models using AUC values: (a) training datasets, (b) testing datasets.

Figure 8

Processing time and convergence speed in CNN model.
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Figure 9

Processing time and convergence speed in LSTM model.


