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Abstract

GIS multicriteria decision analysis (MCDA) methods are increasingly being used in land-
slide susceptibility mapping for the prediction of future hazards, decision making, as well
as hazard mitigation plans. However, the uncertainties associated with MCDA techniques
are inevitable and model outcomes are prone to multiple types of uncertainty. In this paper,
the spatiality explicitly method is employed to assess the uncertainty associated with two
methods of GIS-MCDA namely, Analytical Hierarchical Process (AHP) and Ordered
Weighted Averaging (OWA). Our methodology consists of three stages. The first-stage
analysis makes use of the AHP matrix weights for GIS-MCDA based landslide susceptibili-
ty mapping. This phase is based on a multicriteria evaluation which assesses the susceptibi-
lity areas and the landslide hazard potentiality by considering causal and diagnostic criteria.
In the second stage the sensitivity and uncertainty analysis of the AHP weights is per-
formed using Monte Carlo Simulation (MCS) and Global Sensitive Analysis (GSA).
Finally, validation of results was performed using the existing landslide inventory. This
paper carried out a GIS-MCDA uncertainty analysis and demonstrates a solution for the
uncertainty modelling. Through the validation exercise with known existing landslides, the
AHP clearly performed best. Results of this research demonstrate that further improvement
of the accuracy of GIS-based MCDA can be achieved by employing the spatiality explicitly
method and accordingly applying MCS and GSA for sensitivity analysis of the AHP
weights.

1 Introduction

GIS based Multicriteria Decision Analysis (MCDA) is primarily concerned with how to
combine the information from several criteria to form a single index measuring the
performance of many solution variants (CHEN et al. 2010). MCDA procedures utilize geo-
graphical data, consider the user’s preferences, and combine preferences according to speci-
fied decision rules (MALCZEWSKI 2004; RAHMAN et al. 2012). The integration of MCDA
techniques with GIS has considerably advanced the traditional data combination ap-
proaches for Landslide Susceptibility Mapping (LSM). However, GIS-MCDA based LSM
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methods are often used without any indication of error or confidence in the results
(FEIZIZADEH & BLASCHKE 2013a). The uncertainties associated with MCDA techniques are
inevitable and model outcomes are vulnerable to multiple types of uncertainty, including
uncertainty in input data, structural uncertainties in the model and uncertainties in model
parameters (ASCOUGH II et al. 2008). Such uncertainties may have significant impacts on
the results, which may sometimes lead to inaccurate outcomes and undesirable conse-
quences. In a decision-making context, if outcomes occur with probabilities, for which
confidence intervals cannot be estimated, the decision-maker faces uncertainty (CHEN et al.
2011). Within the MCDA the uncertainty arises when the accuracy of spatial data is
unknown (TENERELLI & CARVER 2012). Therefore, MCDA models should be thoroughly
evaluated to ensure their robustness under a wide range of possible conditions, where
robustness is defined as a minimal response of model outcome to changing inputs (LIG-
MANN-ZIELINSKA & JANKOWSKI 2012). A spatially explicit approach to uncertainty and
sensitivity analysis has been suggested as an extension of the traditional non-spatial
approach, which assumes homogeneity of weights in a MCDA model (LIGMANN-ZIELINS-
KA & JANKOWSKI 2012). The LSM process developed in this research uses two well-
established MCDA methods: Analytical Hierarchy Process (AHP) and Ordered Weighted
Averaging (OWA) to arrive at two comparative spatial distributions of landslide sus-
ceptibility scores and then applies the spatial approach to uncertainty and sensitivity
analysis to account for spatial variability criteria weights analysis, data combination and
subsequently sensitive and uncertainty analysis using spatiality explicitly method.

2 Study Area and Data

The study area was the Tabriz basin, one of the sub-basins of the Urmia Lake, which is
located in the north-west of Iran. The study area with 5378 km? in size and about 2 million
inhabitants is important for the East Azerbaijan province in terms of housing, industrial and
agricultural activities. In order to develop a landslide susceptibility map of this area, we
used nine evaluation criteria by considering the topographic, geological, climatic, and
socioeconomic parameters, which were selected based on our previous researches in this
area (see (FEIZIZADEH et al. 2013), and (FEIZIZADEH & BLASCHKE 2013a) for strategy of
criteria selection). In the data preparation phase, the topography maps at the scale of
1:25,000 were used to extract road and drainage maps. Respectively, these maps were used
to obtain DEM, slope and aspect information. The lithology and fault maps were derived
from geological maps at the scale of 1:100,000. A precipitation map was created using 30-
year meteorological data and the land use/cover map was derived from SPOT satellite
images with spatial resolution 10 m based on image processing techniques. A necessary
spatial data editing was done on the original datasets in order to create topologically correct
layers. Finally, all vector layers were converted into raster format with 5 m resolution.

3 Methods

The research methodology is based on the concept of evaluating the uncertainty of GIS-
MCDA for LSM through the spatially explicit method in order to: a) compare the accuracy
of MCDA methods in light of simulated uncertainty of multiple criteria evaluation, and b)
identify the effective method of GIS-MCDA for LSM. In order to achieve these objectives,
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the methodology is composed of three different phases. The first phase aims to rank the
LSM criterion and to apply the AHP and OWA methods to produce the landslide sus-
ceptibility maps. This phase is based on multicriteria evaluation (MCE) which assesses the
susceptibility areas and the landslide hazard potential by considering nine evaluation
criteria. MCE methods allow multiple and often conflicting criteria to be taken into account
and weights to be applied to input criteria depending on the level of importance ascribed to
criteria by the user (TENERELLI & CARVER 2012). The second phase involves sensitivity
uncertainty analysis based on the spatially explicit simulation of error propagation. In this
phase we employ Monte Carlo Simulation (MCS) to assess the uncertain weight space,
where weights are expressed using Probability Density Functions (PDFs). The last phase
considers the validation of results using the landslide inventory database and the landslide
area were derived through object based image analysis procedure. In this phase we aim to
compare the accuracy of the two approaches in LSM and investigate the improved accuracy
under sensitive analysis.

3.1 Assessing the criteria weights through AHP

One of the most widely used methods in spatial multicriteria decision analysis is the
analytic hierarchy process AHP, introduced and developed by SAATY (1977). As a multi-
criteria decision-making method, AHP is widely used as one of the major methods in
solving a wide variety of problems that involve multiple criteria and where the interaction
of criteria is common (SAATY 1977). GIS-based AHP has gained popularity because of its
capacity to integrate a large quantity of heterogeneous data, and because obtaining the re-
quired weights can be relatively straightforward, even for a large number of criteria. It has
been applied to a variety of decision-making problems (FEIZIZADEH et al. 2012). Since in
any MCDA the weights are reflective of the relative importance of each criterion, they have
to be carefully selected. A number of various weight estimation techniques have been
developed for MCDA. Within this research we use a pairwise matrix to obtain criteria and
sub-criteria weights based on the AHP technique (see table 1 as weights of criteria).

Table 1:  Pairwise comparison matrix for dataset layers of landslide analysis

Factors 1 2 3 4 5 6 7 8 | 9 | Eigen
Values
(1) Aspect 1 0.025
(2) Distance to 1/5 1 0.036
road
(3) Elevation 1/2 1/3 1 0.020
(4) Distance to 1/3 1/3 1/3 1 0.112
stream
(5) Distance to 1/3 1/5 1/5 1/3 1 0.124
fault
(6) Slope 7 1/5 9 1/3 174 |1 0.141
(7) Land use 8 6 1/5 1/5 173 173 1 0.160
(8) Precipitation 8 7 7 4 3 1/5 1 0.172
(9) lithology 9 7 173 8 7 4 /5 |8 |1 |0.210
Consistency ratio: 0.053
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Since human judgment can violate the transitivity rule and thus cause inconsistency, the
consistency ratio (CR) is computed to check the consistency of the pairwise comparisons
and further the consistency of computed weights (GORSEVSKI et al. 2006). Based on
(SaAty 1977), if the CR < 0.10, it stands to reason that the pairwise comparison matrix has
an acceptable consistency and that the weight values are valid and can be accepted for
multiple criteria evaluation. Otherwise, if the CR > 0.10, this means that the pairwise
comparisons are lacking consistency and the matrix needs to be adjusted and the element
values should be modified (FEIZIZADEH & BLASCHKE 2013b). In our research the CR value
for pairwise matrix was 0.053 which shows the acceptable value of CR.

3.2 Implementation of AHP- Monte Carlo Simulation

Simulation is one of the most appropriate approaches to analyse uncertainty propagation
through a GIS model, without knowing the functional form of the errors (TENERELLI &
CARVER 2012). Since the uncertainties in data (attribute values) and in model parameters
(weights) can be represented as probability distributions, analytical methods and sampling
methods, such as the Monte Carlo method, could be applied. The Monte Carlo Simulation
(MCS) technique is the most widely used statistical sampling method in uncertainty
analysis of decision making system (CHEN et al. 2011). In our research we use the MCS to
carry out the uncertainty associated with AHP weights. For this to happen our research
methodology makes use of the concept of AHP-MCS where we simulate different
realizations of criterion weights starting with the original set of weights obtained through
the pairwise comparison. The AHP-MCS approach is based on sampling the vector of the
original weights in a random sequence to get a corresponding statistical sample of the
vector of weights, and then estimating the characteristics of these weights. This uses vari-
ous standard statistical methods to estimate distributions of the output weights. This makes
MCS a straightforward and powerful method to deal with sensitivity analysis and uncer-
tainty propagation in complex models (ESPINOSA-PAREDES et al. 2012). We performed
AHP-MCS to model the error propagation in the evaluation result according with the
following steps:

I.  Generate random dataset uniformly distributed using a random function

II. Use the AHP based criteria weights as reference weights

IIT. Repeat the simulation N times: the number of simulations (N) varies from 100 to
10000 according to the computational load, the complexity of the model, and the
desired accuracy

IV. Analyse the results and produce statistics, spatial distribution of the error including: the
minimum rank, maximum rank, average rank and standard devotion rank.

4  Landslide Susceptibility Mapping

The results of MCDA-AHP and MCDA-AHP-MCS were used to perform LSM process. In
order to better optimize, and quantitatively and qualitatively assess the results, in our
research we employ a two-approaches analysis synergistically to form a spatial decision
support system for LSM. The first-approaches analysis makes use of the GIS-MCDA to
rank the LSM criterion and apply the AHP and OWA methods for producing the landslide
susceptibility maps. In order to perform this approach the LSM criteria and sub-criteria are
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ranked based on AHP pairwise matrix (see Table 1). In the next step these criteria were
combined and landslide susceptibility maps were created using OWA and AHP methods
(see figure la and 1b). The first approach is based on the applying of conventional
methodology of GIS-MCE for producing the base maps of GIS-MCE to utilize the
advantage of comparison between the two approaches. In following of this objective the
LSM methodology was established using the spatially explicit and GIS-MCDA-GSA in the
second-approaches. In this approach, the landslide susceptibility maps were achieved by
using the outcome of variance-based GSA. In doing so, the criteria were overlaid and the
landslide susceptibility maps produced using OWA and AHP (see figure 1c and 1d). Finally
all four landslide susceptibility maps were derived from both of the approaches and were
classified into four groups, namely high, moderate, low and no susceptibility to landslides,
using the natural breaks classification method.

o ' T L 1
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Kilometers

Fig. 1:  Results of LSM: a) Landsides susceptibility map derived from GIS-MCE
approach of OWA, b) Landslide susceptibility map derived from GIS-MCE
approach of AHP; ¢) Landslide susceptibility map derived from second approach
GSA- OWA, and d) Landslide susceptibility map derived from second approach
GSA- AHP
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4.1 Validation of results

The obtained landslide susceptibility maps were evaluated by calculating Relative Operat-
ing Characteristics (ROC) and numbers of known landslides were observed in various
categories of the landslide susceptibility maps. The ROC curve is a plot of the probability
of having a true positive (correctly predicted event response) versus the probability of a
false positive (falsely predicted event response) as the cut-off probability varies (GORSEVS-
KI et al. 2006). The landslide inventory database was used to perform a validation of results.
The landslide database of the study area indicated the occurrence of 112 landslide events in
Tabriz basin. We use the results of the delineated landslide from IRS-ID satellite images
(with 5.8 meter spatial resolution) through the Object Based Image Analysis (OBIA)
method which results from one of our early research activitues in this area (see BLASCHKE
et al. 2013). Respectively the landslide areas (22.49 hectare) were used to assess the
accuracy of results through the ROC curve. In the ROC curve the ideal model shows a
value close to 1.0 (NANDI & SHAKOOR 2009). In the context of cross-comparison between
landslides currently occurring in the study area and the landslide susceptibility map derived
from the OWA method (GIS-MCE approach), the ROC curve shows the reliability of about
0.15629. While, in terms of the landslide susceptibility map obtained using the GSA- OWA
method (GIS-MCDA-GSA approach), the ROC curve indicated the accuracy about
0.45565. The ROC curve reveals the reliability of about 0.75415 while, with respect to
assessing the reliability of the GSA-AHP, the ROC curve shows the reliability of about
0.90557. Table 2 shows the results of validation of landslide susceptibility maps. The
number of existing landslide were identified in each category.

Table 2:  Results of LSM and validation of results

MCDA | Susceptibility GIS-MCE approach GIS-MCDA-GSA
category approach
observed landslide Area m* observed | o0 m?
landslide
High
susceptibility 3 1245 > 1675
Moderate 33 74100 53 127925
susceptibility
OWA Low 76 149555 54 95300
susceptibility
No ) ) ) )
susceptibility
Sum 112 224900 112 224900
High | 20 44825 25 57200
susceptibility
Moderate 81 190675 87 167700
susceptibility
AHP Low .
susceptibility 1 10600 ) )
No ) ) ) )
susceptibility
Sum 112 224900 112 224900
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5 Conclusion and Future Work

Combining GIS and MCDA is a powerful approach to LSM. Although a massive amount of
papers on susceptibility models were published in the last two decades, only few of them
have dealt with the evaluation of prediction capability, robustness, and sensitivity (MEL-
CHIORRE et al. 2011). Due to the large amount of parameters and the heterogeneity of data
sources, the uncertainty of the results is typically unclear. Even small changes in decision
weights and methods may have a significant impact on the rank ordering of the criteria and
may subsequently change the results (FEIZIZADEH & BLASCHKE 2013a). The authors
believe that for GIS-MCDA based LSM it becomes necessary to assess the reliability of the
methods used. In this paper, we focused on the applying of spatially explicit approach for
sensitive and uncertainty analysis of GIS-MCDA, integrating AHP and MCS for optimiza-
tion algorithm and assessing the certainty of outcomes. As results indicated further im-
provement of the accuracy of GIS-based MCDA can be achieved by employing the
spatially explicit method and accordingly integrating GSA for sensitivity analysis of the
weights derived from AHP. This study demonstrates the importance of spatially explicit
approach for incorporating GIS and MCDA models. Furthermore a result of this research
pointed out it is possible to identify strategies and a methodology for LSM by assessing
uncertainty of each method. We conclude that the information provided by these maps shall
help citizens, planners and engineers to reduce losses caused by existing and future
landslides by means of prevention, mitigation and avoidance. The results described in this
article are therefore useful for explaining the driving factors of the known existing
landslides, for supporting emergency decisions and for supporting the efforts on the
mitigation of future landslide hazards in the Tabriz basin.
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