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Abstract 
Landslides as a morphodynamic processes is one of the major geo-hazard concern in Sweden which is able to 
harm and affect nearby environments, socio-economy, people and industrial developments. Therefore, landslide 
susceptibility analysis will be a useful tool for engineers and planners to find safer areas not only for 
development schemes but also for hazard mitigation. In the current paper, landslide susceptibility map has been 
assessed for an extended surrounding area around the Göta River in southwest of Sweden by means of 
integrated an artificial neural networks (ANNs) based model and geographic information system (GIS). A wide 
range of effective parameters on slope instability were collected and classified into four groups including 
topographic and geomorphologic features, geological factors, hydrology and hydrogeology parameters as well 
as land use data. The thematic data were mainly derived from processed satellite images, aerial photographs and 
digital elevation model (DEM) as well as documentary data to construct the spatial database using GIS. The 
location of landslides to produce the inventory map of study area also has been identified from documentary, 
monitored and interpretation of aerial photographs. The weights of involving condition factors in provided 
susceptibility map was analyzed using the landslides occurrence factors by the ANN model and then validated 
using by both previous studies and location of experienced landslides in selected area. The high achieved 
accuracy using ANN model demonstrated a reliable criterion for future studies in landslide susceptibility 
zonation in this area. 
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1. Introduction 
Landslides are identified as significant natural hazards in many areas of the world which cause serious damages 
both in human life and incalculable social–economic consequences (e.g. Lee et al., 2016; Tsangaratos and 
Benardos, 2014; Alkhasawneh et al., 2014; Andersson-Sköld et al., 2013; Wang and Sassa, 2010; Caniani et al., 
2008; Jelínek and Wagner, 2007). To reduce or control the disaster, losses and hazard mitigation, quantitative 
and qualitative recognition, classification and distinguish prone areas for landslide occurrence as well as 
providing susceptibility zonation of this phenomenon can be considered as an essential task (Chen and Zeng, 
2013; Fell et al., 2008; Ercanoglu et al. 2004; Westen et al., 2006). Therefore, assessments and prediction of 
landslide hazard risk monitoring to identify prone areas has become an important subject not only for engineers 
but also for urbanization and geo-environmental planners as well as governmental decision makers (e.g. 
Sabatakakis et al., 2013; Solberg et al., 2012; Pourghasemi et al., 2012; Neaupane and Piantanakulchai, 2008; 
Ercanoglu and Gokceoglu, 2002; Pradhan and Lee, 2010; Guzzetti et al., 2005).  
Change in the stability of a slope can be caused by a number of factors, acting together or alone. Factors used 
for landslide hazard analysis can usually be grouped into geomorphology, geology, land use/land cover and 
hydrogeology. These effective parameters can be divided into two main groups with several different 
subcategories (Figure1). Active tectonic (Sanchez et al., 2010), climate changes (e.g. Dixon and Brook, 2007; 
Crozier, 2010; Huggel et al., 2012; Rianna et al., 2014), geomechanical concepts (Wang and Sassa, 2010; 
Guglielmi and Cappa, 2010), earthquake vibrations (Jibson et al., 2006; Keefer, 1984), rainfalls and snow 
melting (Corominas and Moya, 1999; Bhandary et al., 2013), pore pressure (Gruber and Haeberli, 2007), 
sediment types (Popescu, 1984; Crosta et al., 2005; Hürlimann et al., 2001), weathering and erosion (Miščević 
et al., 2009; Hearn, 2007), geomorphic and geologic features as well as vegetation cover (e.g. Greenway, 1987; 
Choi et al., 2012; Chen and Li, 2014), blasting (Hanlong et al., 2003; Yan et al., 2014), construction (Kelly and 
Martin. 1986), volcanic eruptions (Iverson, 1995; Tommasi et al., 2005) and earthworks (Miller et al., 2012; 
Perry, 1989) are some of the recognized effective factors on landslide possibilities. However, as a critical issue, 
reliable quantitative assessment of relation of landslide hazards to these factors (Figure1) require complex 
knowledge of slope movements and associated controlling criteria which is also depends on the quality and 
scale of the available data and the selection of appropriate methodology for analysis and modeling (Baeza and 
Corominas, 2001). Moreover, landslide-related data are particularly difficult to compile because datasets from 
poorly accessible mountainous areas are often limited (Westen et al., 2006; Kayastha, 2012). Therefore, accurate 
processed landslide susceptibility hazard and risk maps are valuable tools for choosing appropriate and safer 
areas to execute development schemes.  
 



 
Figure1. The main recognized effective factors on landslide phenomenon (provided by authors) 

 

The used methods, techniques or approaches to characterize landslide susceptibility levels can be classified into 
two major qualitative or quantitative method categories (Ermini et al. 2005; Ayalew and Yamagishi, 2005). The 
most qualitative methods deals with combined different index map layers obtained from site specific experience 
of experts whereas most of quantitative methods are based on specific geo-engineering models and concentrate 
to statistical and probabilistic analysis or deterministic approaches (Rozos et al., 2008; Tsangaratos and 
Benardos, 2014).  
The literature reviews showed that in the past two decades, integrated of geographic information system (GIS) 
technology due to proven distinctive abilities in automating and analyzing of variety spatial data with different 
statistical and data-driven approaches as well as soft computing techniques have played significant and 
successful role both in landslide susceptibility modeling and providing solutions to represent not only the 
information levels of mapped outputs but also increase the qualitatively and quantitatively landslide maps 
(Table1). However, most of the indicated studies have been conducted using regional landslide inventories 
derived from aerial photographs and remotely sensed images. All these models provide solutions for integrating 
information levels and mapping the outputs. 
 

Table (1). Integrated used methods with GIS to provide landslide susceptibility maps 
Method Researchers 

logistic regression Duman et al., 2006; Bai et al., 2010; Ayalew and Yamagishi, 2005 
probabilistic models Chung and Fabbri, 1999; Lee and Pradhan, 2006; Guzzetti et al., 2005 
weights of evidences Regmi et al., 2010; Chen and Li, 2014; Neuhauser et al., 2012 

bivariate statistical models Constantin et al., 2011; Magliulo et al., 2008; Nandi and Shakoor, 2010; Thiery 
et al., 2007; Yilmaz et al., 2012 

multivariate models Nandi and Shakoor, 2010; Ercanoglu et al., 2004; Chung et al., 1995; Baeza 
and Corominas, 2001 

certainty factor model Devkota et al., 2013 
analytical hierarchy process (AHP) Komac, 2006; Yoshimatsu and Abe, 2006; Pourghasemi et al., 2012 



frequency ratio model Ozdemir and Altural, 2013; Lee and Pradhan, 2007; Akinci et al., 2011 
statistical index model Pourghasemi et al., 2013; Dieu et al., 2011 
index of entropy model Constantin et al., 2011; Devkota et al., 2013 
deterministic analysis Jelínek and Wagner, 2007 

fuzzy logic Guettouche, 2013; Pourghasemi et al., 2012; Pradhan and Pirasteh, 2010; 
Ercanoglu and Gokceoglu, 2002; Kayastha, 2012 

neuro-fuzzy Vahidnia et al., 2010; Sezer et al., 2011; Oh and Pradhan, 2011 
Artificial neural networks (ANN) Tsangaratos and Benardos, 2014; Caniani et al., 2008; Gomez and Kavzoglu, 

2005; Alkhasawneh et al., 2014; Choi et al., 2010 
Support vector machine Yao et al., 2008; Marjanović et al., 2011 

Decision tree Pradhan, 2013; Nefeslioglu et al., 2010; 
 

In Sweden, landslide is one of the main geo-hazards concerns. Based on the executed studies many of the largest 
and costly landslides have taken place in the southwestern part of Sweden in Göta River valley and its 
surroundings areas between Lake Vänern and Gothenburg (Abbaszadeh Shahri et al., 2015; Nadim et al, 2008; 
Anderson-Sköld et al., 2013). The present paper aims to produce landslide susceptibility maps for southwest of 
Sweden using a developed artificial neural network based model. The model exploit information obtained from 
an inventory map to predict where landslides may occur in future. The accuracy of produced susceptibility 
levels in the selected area were evaluated, assessed and compared with both previous studies and data of past 
landslides, and prediction capability of the developed ANN based model was tested. 
 

2. General description of selected area 
The study area as a part of Västergötland province in southwest of Sweden, covers approximately 1758.82 Km2 
between 11.837° to 12.568° East longitudes and 58.019° to 58.387° North latitude (Figure2A). Some of the 
available town and cities in the study area (e.g. Lilla Edet, Göta, Katrindal, Vänersborg, Uddevalla, Trollhättan, 
Lödöse, Vargön) have been crossed by Sweden water lines, rail and road network traffic lines (Figure2B). The 
corresponding altitude in this area based on provided information using digital elevation models (DEM) varies 
up to 224m (Figure2C). The average mean annual temperature and rainfalls of the studied area vary from 6.7°C 
to 7.3°C while the mean annual rainfall varies from 750mm to 811mm. The maximum and minimum 
temperature with and approximate annual mean is 16.4°C (July) and -2°C (February) respectively. October and 
February with amount of 76-89mm and 39-44mm is the main most and least rainy months.  
The land use of study area mainly includes croplands, pastures, agricultural lands, plantation and inland forest as 
well as grassland. The morphology of selected region is formed by plains, hills, long valleys and weathered 
rocks as well as glacial, post glacial and clayey deposits (Klingberg, 2010). The spatial patterns of changes in 
the area of broad land-use categories in Sweden respected to Europe within a 3× 3 km2 grid cell are given in 
Figure3.  
Based on previous studies as well as available information both in Sweden Geological Survey (SGU) and 
Swedish Geotechnical Institute (SGI) websites (www,sgu.se; www.swedgeo.se), there are many recorded and 
experienced landslides not only in the studied area but also in the whole of Sweden which some of them are 
given in Table (2) respectively. The previous researches (e.g. Nadim et al, 2008; Malehmir et al., 2013; 
Göransson et al., 2009; Löfroth et al., 2011, SGI, 2012; Abbaszadeh Shahri et al., 2015) have indicated that the 
areas mainly consisting of clay soils are considered to be prone for landslides. Moreover, the SGU stated that 
natural disasters in Sweden caused by landslides cost society approximately SEK 200 million annually. 
 

Table (2). Some examples of experienced landslides in Sweden (www.sgu.se) 
Location Year Affected area 

Bohus, Göta River 1150 37 hectares 
Intagan, Göta River 1648 27 hectares, more than 85 casualties 

Gunnilse, Lärjeån River 1730 30 hectares 
Bondeström, Göta River 1759 11 hectares 

Getå 1918 0.2 hectares, at least 45 casualties 
Svärta River 1938 2 hectares 

Surte, Göta River 1950 22 hectares, 1 casualty 
Göta, Göta River 1957 15 hectares, 3 casualties 
Rollsbo Kungälv 1967 2 hectares 

Tuve, Hisingen island, Göteborg 1977 27 hectares, 9 casualties 
Småröd, Bohuslän 2006 10 hectares 

 



 
Figure2. Location of studied area in Sweden respect to transport networks (A), available railways, roads, 
water lines, groundwater and water areas in the study area regarding to some town and cities (B), and 3D 

digital topography map of the area and location of presented town and cities in B (C)  
   

 
Figure3. Changes of spatial patterns in land-use categories of Sweden respect to Europe (Kuemmerle et 

al., 2016)  



3. Materials and methods 
In landslide susceptibility mapping access to a strong database is very useful, but due to difficulties in data 
collection, the spatially distributed based values of landslide-related attributes often have been used to illustrate 
and model this phenomenon. Therefore, collecting and processing of data to provide high quality database is the 
first step in landslide susceptibility mapping. In the present paper, a database from a number fourteen identified 
thematic data on causative factors in landslide consisting of different types of variables (e.g., class, ordinal, 
continuous and categorical) using GIS has been gathered. Capability of GIS in accepting of various input 
variable types as well as ability to handle the incomplete or imperfect data is the reason why construction of a 
GIS spatial database for landslide susceptibility analysis is preferred (Tsangaratos and Benardos, 2014). The 
slope angle, aspect, plan curvature, elevation, soil type, soil depth, land cover, normalized differences vegetation 
index (NDVI), topography, distance from roads, rail ways, water areas, ground waters and water lines were the 
used different thematic data layers to represent the landslide conditioning factors. These conditioning factors 
was classified into topographic and geomorphologic features (slope percentage, aspect, curvature, elevation, 
topographic map, distance to roads and railways), geological factors (geology map, soil type, soil depth and 
ravines), hydrology and hydrogeology parameters (water areas, ground waters, water lines) and land use data 
(land cover and (NDVI). The provided topographic maps from satellite images of NASA’s Earth Observing 
System Data and Information System was considered as basic data sources to generate aspect, plan curvature, 
elevation and slope percent layers.  
All of the mentioned thematic layers were saved in a spatial vector database in GIS and then were converted into 
a raster grid with 10m*10m cells. The assigned values to each thematic data layers indicating the categories of 
parameter depend on the relative significance of each layer in causing landslides which should be normalized 
respect to highest attribute in the corresponding causative factor and form the input data for the ANN model. 
These data can be obtained from converted GIS spatial database to format of input for the ANN (e.g. text or 
ASCII format). These gathered spatially datasets were randomly separated into three class for training (55%), 
testing (25%) and validation (20%). The area is characterized by occupied 4142 rows and 4480 columns and 
18555000 pixels for implementing in the artificial neural network (ANN) modeling. The simplified executed 
procedure in this paper is presented in Figure4. 
 

1-3. Datacenter construction 
Slope percentage due to interlink with forces as well as great significance in both hydrology and geomorphology 
is frequently used as one of the main parameter in slope stability and slope movement analyses (Pourghasemi et 
al., 2012). Although landslides tend to occur more frequently on steeper slopes, but in nearly vertical condition 
the landslides are scarce or absent altogether (Gomez and Kavazoglu, 2005). Aspect as compass clockwise 
direction class (0-360) can be used to study of relationship between slope orientation and landslide occurrence 
and also represents variable for the attitude of the outcropping layered rocks. Although aspect is accepted as a 
main landslide conditioning factor in several studies (Pourghasemi et al., 2012) but Greenbaum et al., (1995) 
believed that this parameter has no significant influence on landslide. Topographic curvatures is the rate of slope 
changing gradient or aspect in a particular direction which control the way in which both surface runoff and 
gravitative stresses acting on shallow failure surfaces can converge or diverge and can be evaluated by 
calculating the reciprocal value of the radius of curvature in particular direction (Costanzo et al., 2012; Wilson 
and Gallant, 2000). Although the effect of elevation on landslide activity is not obvious (Greenbaum et al., 
1995) but its influence on biophysical parameters and anthropogenic activities can be an effective factor on 
slope stability and generate slope failure (Gomez and Kavazoglu, 2005). The slope percent, aspect, curvature 
and elevation maps with 10*10m grid cells resolution were derived from digital elevation model (DEM).  
According to previous studies (e.g. Ayalew and Yamagishi, 2005; Pardhan and Lee, 2010), the significant role 
of transportation networks (roads and railways) as a source of landslides due to usual crossing the urban sites, 
excavation, additional load, change in hydrology and drainage as well as influence on stress state depending on 
the location area has been proved. In this paper a complete transportation network both in roads and rail ways 
using different buffer zones was implemented for GIS-based analysis. 
The effect of lithology, geology, soil type and soil depth and ravines of area are other important relevant 
condition factors on landslide susceptibility studies and hence it is essential to group these parameters and in 
particular lithological properties properly (Dai et al., 2001; Duman et al., 2006). Moreover, soil type and its 
corresponding thickness are also widely used as conditioning factors on slope stability and landslide analyses 
(e.g. Liener et al., 1996; Gomez and Kavazoglu, 2005; Pardhan and Lee, 2010; Alkhasawneh et al., 2014). In 
this paper, the provided geological maps, soil types and soil depth of the study area by SGU and European Soil 
Data Center (ESDAC) were digitized in GIS and included in spatial data base. The ravines were also prepared 
using digital topography obtained from DEM and checked by archived reports in the study area.  
To increase the relevant conditioning parameters in landslide susceptibility the related hydrology and 
hydrogeology parameters (water areas, ground waters and water lines) of studied area also were digitized and 
included in data center.   



Land cover and NDVI are other considered condition factors in landslide hazard maps (e.g. Alkhasawneh et al., 
2014; Pourghasemi et al., 2012, Gomez and Kavazoglu, 2005). In the current paper, land cover data was 
extracted from Landsat ETM satellite images using object-based classification method and verified by both 
archived documents of field surveys and provided maps by ESDAC and then classified into different groups. 
The NDVI map as a description of vegetation was calculated through different bands of satellite images using 
the float command in GIS. The value of this parameter represents vegetation areas in a satellite image and 
higher NDVI indicates dense green vegetation and vice versa. The obtained results in preparation of illustrated 
condition factors are presented in Figures 5(A-H), 6(A-D) and Table (3) respectively.   
 

 
Figure4. Summarized and simplified executed procedure in this study 

 

2-3. Landslide inventory map 



The landslide inventory map as an essential tool for evaluating landslide hazard or risks can be obtained and 
provide from different sources (e.g. field investigations, aerial photographs, satellite images, reports, monitored 
events, archived documents, in-situ testing data) (e.g. Wieczorek, 1984; Pardhan and Lee, 2010) to study and 
investigate the relationship between the landslide distribution and conditioning factors including definite 
location, type and event time of experienced and existing landslides.  
The provided evidences indicate that most of the selected area in this paper and in particular, the Göta River and 
its surrounding region due to structural and lithological characteristics and presence of glacial deposits as well 
as special high sensitive fine grain type of clay namely as quick clay was formed in a structurally complex 
terrain. (e.g. Göransson et al., 2009; Klingberg, 2010). The presence of quick clay is considered as one of the 
main responsible for landslides occurrences (e.g. Abbaszadeh Shahri et al., 2015; Göransson et al., 2009; Nadim 
et al., 2008; Malehmir et al., 2013). Based on published reports and executed researches, this area not only has 
experienced frequent occurrences of various landslides both in types and dimensions but also is potentially able 
to be active and cause serious and widespread damage to buildings and people (Anderson-Sköld et al., 2013) .To 
provide and delineate a high quality landslide inventory map for the selected area, a synergy work between 
different sources including satellite images, available aerial photographs, documented reports, monitored and 
recorded landslides as well as detailed supported field investigation and geotechnical data using numerous test 
points by Swedish geotechnical Institute (SGI) were utilized (Figure4).  
The breaks (e.g. in forest canopy, bare soils, …) and changes in geomorphological features (e.g. head and side 
scarps, flow tracks, soil and debris deposits below a scar) criteria were implemented in analyzing of aerial 
photographs, satellite images, provided digital topographic maps form DEM, cartographic maps and 
morphology characteristics to identify probable experienced historical landslides. The collected data consisting 
of 242 extracted landslides from relevant sources in the studied area was located on map with high accuracy 
(Figure7). These landslides were then randomized for ANN testing and then classified and sorted out based on 
their modes of occurrence. The assembled information from scar locations and reported documents revealed that 
the slides are mainly of approximate shallow, plane or rotational failures.  
 

 



Figure5. Landslide condition factors of study are respected to transportation networks, (A) slope, (B) 
aspect, (C) curvature, (D) distance to roads, (E) distance to ground waters, (F) distance to railways, (G) 

distance to water lines, and (H) distance to water areas 

 
Figure6. Geological and land use landslide condition factors, (A) NDVI, (B) soil depth, (C) soil groups, 

and (D) soil types  
      

 
Figure7. provided landslide inventory map and randomized selection of testing, training and validation 

data 
 

4. Distinguish and delineate landslide prone areas using ANN  
The ANNs as connectionist systems in providing computational models are inspired and mimic the human brain 
structure processes (Figure8A). The multilayered perceptrons (MLPs) as a subclass of ANNs structures is one of 
the widely used tools in solving nonlinear pattern recognition, classification and prediction problems. The 
typical layering structure of MLPs comprises a number of processing elements (Figure8B) provide a powerful 
mathematical (statistical) learning technique to emulate nonlinear numerical model components (Abbaszadeh 
Shahri, 2016; Alkhasawneh et al., 2014). The feed-forward back propagation (BP) is the most efficient, simplest 
and popular supervised learning algorithm which works by approximating the non-linear relationship between 
the input and output by adjusting the weights values internally. This training algorithm also frequently have 
been used and accepted in geo-engineering related problems such as landslide mapping (Table1). However, 
slow convergence, need to tune up the learning rate and momentum parameters as well as high probability of 
getting caught in local minima are the main drawbacks of back propagation. 
Moreover, due to this reason that most of landslide conditioning factors are derived from information of satellite 
images (e.g.Figure1), the process operation and computer vision using ANN also play significant role to 



distinguish landslide hazardous areas. The operation to provide the landslide susceptibility map consist of two 
necessary stages including gathering and processing satellite images in associated softwares (e.g. GIS, ENVI, 
PCI Geomatica) to exploit geospatial database and then train the network with these images (Figure4C). An 
image can be represented as a matrix Mm × n where each element of the array containing information of color for 
a pixel and then the landslide prone areas could be identified as a specificity of space with disruption of the 
stability state by a number of causative variables in the form of a vector. Therefore, the physical environment of 
each pixel or grid cell can be obtained using Celli= [a1(i), a2(i),…, an(i); S] where Celli is the ith grid cell of the area 
and a1(i), a2(i), …, an(i) are the causative variables that describes the location and S a bivariate that is equal 1 for 
unstable area and 0 in stable area.  
The net୨ ൌ ∑ W୧୨ ൈ O୧ ൅ b୨୧  calculate the output of Jth hidden neuron using bias (bj) and activation transfer 

function [Oj=f(netj)] (Figure8C) that for layer l in t iteration can be expanded as 	݊݁ݐ௝
ሺ௟ሻ ൌ ∑ ሺy୧

ሺ୪ିଵሻሺtሻw୨୧
୪ ሺtሻሻ୮

୧ୀ଴ . 
The bias can be thought of as the constant weight with value 1 for all neurons except for those placed in input 
layer (Abbaszadeh Shahri, 2016). Using suitable activation functions will improve the quality neural network 
models in information processing (Abbaszadeh Shahri, 2016). Transfer functions are used to transform the 
weighted sum of all input signals to a neuron and determine the neuron output strength. Then the data are 
transferred between neurons through the connecting weight. The input layer projects the data to the hidden 
layers while the final hidden layer projects the information to the output neurons. In this process, hidden layers 
act as feature extractors and gradually discover the salient features of the problem space while the learning 
process proceeds. The calculated error between generated output and real values indicate an imaginary 
supervisor in learning effort and are computed at the output level using ܧ ൌ 1/2∑ ሺ݀௞ െ ܱ௞ሻ௞  where dk and Ok 
are desired and actual outputs. Each of the hidden layers contributed to the error signal. The E is then back-
propagated through the neural network and the weights of the connections (which are usually set randomly at 
the start) are updated to minimize the error by changing the weights between layers using ݓ௜௝ ൌ ௝ߜ൫ߟ ௜ܱ൯ ൅

௝௜ݓ ௜௝ orݓΔߙ
ሺ௟ሻ ൌ ௝௜ݓ

ሺ௟ሻሺݐሻ ൅ ௝௜ݓൣߙ
ሺ௟ሻሺݐሻ െ ௝௜ݓ

ሺ௟ሻሺݐ െ 1ሻ൧ ൅ ௝ߜߟ
ሺ௟ሻሺݐሻ ௜ܱ

ሺ௟ିଵሻሺݐሻ	(expanded form) where ɳ is the 
learning rate parameter, δj is an index of the rate of change of the error and α is the momentum parameter 
respectively.  
The numeric value of each pixel in ANN output can be an indicator membership degree of each terrain pixel 
regarding to landslide occurrence to distinguished and delineate the susceptible prone areas outcome from 
different input thematic layers (susceptible prone areas=݂ ∑ ௜௥݂ሺ௡ݓ

௥ୀଵ ∑ ௝ݑ௥௝ݒ ൅ ܾ௥ሻ ൅ ܿ௬ሻ
௠
௝ୀଵ . The u and y 

represent m*1 input and out vector layers while n neurons are used in hidden layer. The v and w are adjusted 
weights whereas br and cy are neuron biases in the hidden and output layer respectively. Therefore, higher 
membership values represent more susceptibility and vice versa. The process is terminated when the stopping 

error criteria satisfied. The root mean square error (ܴܧܵܯ ൌ ඥ1/ܰ∑ |ሺ݅݊ݐݑ݌௜ െ ௜ሻଶ|௜ݐݑ݌ݐݑ݋ 	) is commonly 
used as terminating criteria (Figure4C). The first target is to satisfy the RMSE value as termination criteria, 
however, if the RMSE was not achieved, then the number of epochs can be employed as stopping criterion in 
which was set to 2,000 in the current paper.  
 

.  

Figure8. The originate of ANN techniques (A), typical layered structure of MLP compared to human 
brain (B), and some of the most used activation transfer functions in ANN modeling (C) 

 

5. Assessing the ANN based model 



The learning ability of complex data can positively or negatively be influenced by different internal ANN 
factors (e.g. number of neurons, type of layer arrangements and used activation function). The large ANN 
models as a result of increasing of number of neurons in the hidden layers are suitable for more complicated 
process but take a long time to learn, whilst small networks not only may become trapped into a local error 
minimum but also not learn from the training data. Therefore, searching for an optimized and appropriate 
network structure including number of neurons and proper arrange in hidden layers as well as suitable activation 
function is one of the main tasks in ANN modeling. The network size can be estimated using some proposed 
heuristic relations or constructive techniques (iterative based methods which start with a minimal network and 
increase the number of hidden nodes during the training until satisfactory learning is achieved) using algorithms 
like Cascade Correlation (Lawrence et al., 1996; Elisseeff and Paugam-Moisy, 1997), but there is no exact 
science to determine the appropriate number of neurons in hidden layers, and thus depend upon the complexity 
of the studied problem can be achieved through trial and error method. The input layer can be expanded simply 
by adding new data sources as additional neurons, but this increases the computation time (N) by the order of 
N2. In other words, if the size of input data is doubled, the time required to train the network will be four times 
more than initial one. Therefore, new data sets should be added only if they contribute to a significantly 
improved classification.  
The associated problem of this study in finding an appropriate optimized model was the very high number of 
input pixels which made the process very slow and time consuming. To overcome on this problem delineation 
of area into several smaller subdivision zones was proposed and carried out and then the information of each 
divided zones were used for randomized selection of training, testing and validation processes (Figure9). Using 
this approach, the area was divided into twenty subzones containing between 600000 to 1050000 pixels in each 
case and then implemented for randomized selection (training, testing and validation). The result ANN for each 
zone then was merged by GIS to produce unified image for the whole of area. The normalized ANN output 
values (0-1) classified into five categories to represent very low, low, moderate, high and very high 
susceptibility. Moreover, the subzones where landslides have not occurred and where the slope is 0 were also 
classified as very low prone to slide. As presented in Figure9, the utilized input parameters for ANN as 
controllers of landslide hazard level are in categorical, nominal or numeric format. 
The main objective in ANN model optimization is achieved by minimization of mean or root mean square error 
function (MSE or RMSE) using adjusted weights passing in model. In the present paper, the optimized network 
size was found using a developed code based on constructive technique which uses not only various back 
propagation training algorithms but also considers different activation transfer functions. In each structure, the 
code tests all considered activation functions subjected to learning algorithms and calculate the corresponding 
RMSE. Therefore, for a similar structure different internal characteristics is controlled and also the sum-of 
squares and cross-entropy were employed for output errors respectively 
The optimized ANN structure in this paper using this code was found among more than 1000 different tested 
models subjected to different activations functions and number of hidden neurons. The weights between the 
layers (input and hidden, hidden and output) and learning rate of model during the modification of number of 
hidden neurons were calculated and finally 14-22-2 architecture was satisfied the termination criteria as 
optimized ANN structure. To ensure for the efficiency and correctness of estimated weights, the ten training 
ANN attempts were also checked for possible dependency of final weights to randomized selected initials. The 
almost observed similar values of random initial and final weights indicated that initial weights did not have a 
large effect on final weight values. The final estimated weights and normalized values for each factor using the 
optimized structure are given in Table (3) respectively. 
 



 
Figure9. Distribution of input data from thematic layers in the studied area for ANN model 

 

Table (3). Summary of estimated weights of each implemented factor in ANN model for 10 attempts 
Factor Weight 1 Weight 10 Weightage Normalized 

weightage 
Soil depth 0.287 0.296 1.528 1 
Soil type 0.203 0.216 1.471 0.8914 

Slope 0.176 0.189 1.309 0.5828 
Distance to ravine 0.104 0.117 1.193 0.36190 
Distance to road 0.082 0.096 1.105 0.1942 

Distance to railway 0.074 0.083 1.086 0.1580 
Land cover 0.079 0.09 1.091 0.1676 

NDVI 0.097 0.112 1.165 0.3085 
Distance to water area 0.064 0.077 1.062 0.1123 

Aspect 0.061 0.073 1.058 0.1047 
Elevation 0.064 0.076 1.042 0.0742 
Curvature 0.058 0.069 1.014 0.0209 

Distance to ground water 0.015 0.012 1.012 0.0171 
Distance to water lines 0.02 0.04 1.003 0 

 

6. Results and discussion 
In the current paper the datasets were divided into three training, testing and validation. The ANN model learns 
with the training sets not only to satisfy the termination criteria but also introduce an optimized structure. The 
obtained structure then should be controlled by testing sets to evaluate the network response. Those unused 
datasets which are not only new but also not implemented and seen by the model were fed to optimized structure 
to evaluate the validation of predicted landslide susceptibility. The conversion tool in GIS was implemented to 
provide values of each grid cell into raster file and the final landslide susceptibility map was produced 
(Figure10A, B) and then controlled and verified using known landslide locations for one of the subdivided zones 
in the study area (Figure11) and acceptable adaptability were observed. The employed ANN model showed high 
capability in prediction during the validation process while 11out of 14 landslides and 12 out of 16 non landslide 
pixels were classified in correctly.  



 
Figure10. Produced landslide susceptibility map of studied area using optimized ANN model based on all 

considered factors (A: respect to existence transport network, B: without transport networks). The 
legends of transport networks are similar to Figure2. 

 

  
Figure11. Validation of provided susceptibility map by comparing the location of known landslide in the 
area (A: without transport networks, B: with transport networks and waterlines). The color scales are 

similar to Figure 10. 
 



Moreover, the performance of the provided model was tested using absolute error (AE) statistical criteria, area 
under curve (AUC) and rate curve as well as sensitivity analysis of inputs. The calculated AE as representative 
indicator of difference between the actual and predicted values shows the amount of physical error in a 
measurement as well as indication of the uncertainty in a measurement (Abbaszadeh Shahri, 2016). The 
variation of AE using the validate datasets are given in Figure12 which lower values represent better 
performance. The rate curves and AUC of ANN model based on 95% confidence interval as well as upper and 
lower limits were calculated using the existing landslide location data and (Figure13). The AUC as plot of 
landslide susceptibility index rank (x-axis) against cumulative percentage of landslide occurrence (y-axis) is 
recognized as one of the most commonly used accuracy criteria for predictive models in natural hazards 
evaluations (Begueria, 2006) whereas the success rate curve is capable to evaluate the performance of the 
developed model by checking for any major errors during the analysis (Pradhan and Lee, 2010; Tsangaratos and 
Benardos, 2014). The AUC represents the model strength percentage and can be computed from 100 descending 
sorted subdivisions of the landslide susceptibility index values of all the cells in the study area with 1% 
accumulated intervals where as the rate curve explains how well the model and factor predict the landslide 
(Chung and Fabbri, 1999, 2003). The verification process is performed based on the obtained susceptibility 
results using the location of experienced landslides in training datasets and the calculated AUC was 
approximated as 0.825 and 0.801for actual and prediction respectively. 
 

 
Figure12. Variation of calculated AE criterion during the validation process of ANN model for 500 

iterations 
 

 
Figure13. Computed accuracy of susceptibility attribution of implemented ANN model using AUC and 

curve rate 
 

The robustness results of optimized ANN model was analyzed using sensitivity analysis as an appropriate 
technique not only to understand the relationships between input and output variables but also to identify model 
inputs that cause significant uncertainty in the output to simplify the model by removing less important inputs to 
reduce the computing time for model calibrating with large number of parameters (e.g. Jong and Lee, 2004; 
Cacuci et al.,2005; Campolongo et al., 2007; Storlie et al., 2009). In this study the method known as the Cosine 
Amplitude (Jong and Lee, 2004) was used for whole of the study area as well as one of the subdivided zones 
respectively (Figure 14A, B). In this study, the importance of soil type and soil depth was showed higher values 
than other conditioning factors.  According to previous studies the landslides tend to occur more on steeper 
slopes (Gomez and Kavazoglu, 2005) and thus the slope due to considerable differences in altitudes often 
showed the highest weighted values (e.g. pradhan and Lee, 2010; Choi et al., 2010), but based on the provided 
digital topographic map, the variation of altitudes in the studied area is not significant and also sharp slopes are 



very rare. Hence, the decreasing in contribution of elevation, slope, aspect and curvature in this area is 
expectable (Table 3). However, the ravines which inherently are interlinked with slope and elevations showed 
moderated values and then compensate the reduction of mentioned factors. The observed variations in 
effectiveness of distances to ground water, railways, roads, water areas and water lines can be interpreted as 
their presence or availability in whole of area as well as in each subdivided zones. The evidences of correctness 
of this interpretation can be observed in Figure14 while the contribution of these factors in the presented 
subdivided zone due to their absence or not significant tolerance is reduced and represent lower values than the 
whole of studied area (Figure14). This expectation also can be developed for observed variation in land cover. 
Moreover, the result of sensitivity analysis showed the significant role of soil type and soil depth which can be 
referred to sediment types thickness which improved the priority of described hypothesis which indicate the soil 
type is one the main responsible for occurred landslide in Sweden (Abbaszadeh Shahri et al., 2015; Malehmir et 
al., 2013; Nadim et al., 2008). The calculated weights also certify this hypothesis because the weight of soil type 
and soil depth is the highest values among the thematic conditioning factors and due to not significant changing 
in slope; the lesser weight is normally expectable.  
 

 
Figure14. Results of sensitivity analyses for whole of study area and selected subdivided zone used for 

validation  
 

Conclusion 
Landslides are the most frequent natural hazards in the Sweden which can be a serious constraint in 
development of both urbanized and substructures due to possible casualties and socio-economic losses. Among 
the different available landslide susceptibility techniques, the ANN approach was used in the current paper to 
estimate and predict landslide prone areas for the southwest of Sweden. The multilayer percepteron ANN model 
was set using fourteen conditioning thematic factors provided by GIS in raster files format which were 
converted to ASCII. The provided datasets using randomized selection were classified into training, testing and 
validation sets. The model was optimized using a developed iterative code and then the output results of 
proposed structure were verified using unseen data (validation sets) and different criteria including the visual 
comparison of outputs with existence landslide locations, error indices, success rates as well as sensitivity 
analysis. The calculated weights showed the highest values for soil type and soil depth. However, in the studied 
area due to not significant changing in elevation the lower weight for slope as one of the main importance factor 
involved in landslide was expectable. The calculated weights of each factor as an indicator of its relative 
importance among other implemented factors were verified by results of sensitivity analysis which represent the 
importance of each input in the provided model. Moreover, the results of calculated weights and sensitivity 
analysis can be used for statistical and probability models. To approve the applicability of the ANN model, the 
process of weighting, sensitivity analysis as well as computer vision of provided map for a subdivided zone of 
study area with real experienced landslides was presented. These comparisons also verified the ANN results and 
showed satisfactory agreement in applicability of susceptible map respect to existing data on landslide locations. 
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