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Abstract A popular aggregation method known as the Weighted Linear Combination (WLC) is used in 
most SMCSS studies but it is observed to only provide one decision-making strategy. The review of the past 
studies also shows that most do not include reliability tests of the models applied. Therefore, this study aimed 
to provide a comprehensive description of different decision results obtained from the Ordered Weighted 
Averaging (OWA) method and show the unique sensitivity analysis (SA) process in the model. The retention 
pond site selection in Medan City, North Sumatra Province, Indonesia, was used as the case study. Moreover, 
the modeling was achieved through the steps of parameter determination, criteria map creation, map 
standardization, parameter weight determination, map combination, as well as model validation or sensitivity 
test measured by determining the changes caused in the outputs by the inputs. The variation of inputs was 
through the application of a set number of ordered weights which were part of the OWA method. The two 
outputs obtained included the results in the form of different decision strategies as well as the sensitivity or 
reliability of the SMCSS model. 
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1. 	 Introduction 
The problems associated with geographical information 

system (GIS)-based multi-criteria decision analysis (MCDA) 
are normally solved through 6 steps which include goal 
setting, criteria establishment, factors standardization, criteria 
weighting, criteria aggregation, and result validation (Estoque, 
2011). It is important to state that the reliability of the Spatial 
Multi-Criteria Site Selection (SMCSS) Model is often tested 
during the final step. Moreover, the criteria map aggregation 
can be achieved using different methods such as the Weighted 
Linear Combination (WLC) or the Ordered Weighted 
Averaging (OWA). 

The WLC is most widely in spatial MCDA (Malczewski 
and Rinner, 2015) due to some habit factors and a lack of 
understanding of the advantages associated with the OWA. 
This shows the need to provide comprehensive information on 
the ability of different OWA applications to produce diverse 
decision strategies. Moreover, the combination method used 
in GIS-MCDA is associated with the decision-making strategy 
characterized by two measures which include the risks to 
be taken and the trade-off. The measure normally used to 
determine the level of risks decisionmakers are willing to take 
is known as the degree of ORness. The WLC can produce a 
special condition characterized by full trade-off and average 
risk at an ORness value of 0.5 while the OWA offers different 
results with the ORness range between 0 and 1.

The OWA is an improvement on the WLC aggregation 
method often applied in GIS. It was developed by Yager 

(1988) and was further expanded into the GIS environment 
by Eastman (2012). The overlaying value for each pixel or 
alternative in the method does not depend only on the criterion 
value and weight as in the WLC but also on the ordered 
weight (Yager, 1988). The OWA allows the determination of 
the certain level of trade-of and ORness preferred based on 
the sets of ordered weights. It also provides opportunities to 
apply different strategies in the site selection model to produce 
several model outputs. 

The reliability of the results or output from the GIS-
MCDA model depends on the suitability of the formula 
used and the certainty of the inputs. A method for assessing 
uncertainty is the sensitivity analysis (SA) which is an 
integral part of GIS-based multi-criteria procedures due to its 
ability to examine the robustness of the output and provide 
a better understanding of the decision problem (Malczewski 
and Rinner, 2015). Meanwhile, it was observed that several 
studies conducted on the selection of locations did not test 
the feasibility of the model through SA (Alanbari et al., 2014; 
Buraihia and Sharif, 2015; Cradden et al., 2016; Shih, 2017; 
Kapilan and Elangovan, 2018; Manodhari, 2021; Raad et al., 
2022; Magoura et al., 2023). This shows that only a limited 
number of GIS-MCDA studies have focused on the discussion 
related to model sensitivity despite the attention to different 
site selection objects. 

Some reported that SA was based on the changes in the 
weight of input factors applied to determine whether the 
results were significantly different (Gómez & Boswue, 2004; 
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Abstract. Flood is one of the disasters that often hit various regions in Indonesia, specifically in West Kalimantan. 
The floods in Nanga Pinoh District, Melawi Regency, submerged 18 villages and thousands of houses. Therefore, 
this study aimed to map flood risk areas in Nanga Pinoh and their environmental impact. Secondary data on 
the slope, total rainfall, flow density, soil type, and land cover analyzed with the multi-criteria GIS analysis 
were used. The results showed that the location had low, medium, and high risks. It was found that areas with 
high, prone, medium, and low risk class are 1,515.95 ha, 30,194.92 ha, 21,953.80 ha, and 3.14 ha, respectively. 
These findings implied that the GIS approach and multi-criteria analysis are effective tools for flood risk maps 
and helpful in anticipating greater losses and mitigating the disasters.
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1. Introductin
Floods occur when a river exceeds its storage capacity, 

forcing the excess water to overflow the banks and fill the 
adjacent low-lying lands. This phenomenon represents the 
most frequent disasters affecting a majority of countries 
worldwide (Rincón et al., 2018; Zwenzner & Voigt, 2009), 
specifically Indonesia. Flooding is one of the most devastating 
disasters that yearly damage natural and man-made features 
(Du et al., 2013; Falguni & Singh, 2020; Tehrany et al., 2013; 
Youssef et al., 2011).

There are flood risks in many regions resulting in great 
damage (Alfieri et al., 2016; Mahmoud & Gan, 2018) with 
significant social, economic, and environmental impacts 
(Falguni & Singh, 2020; Geographic, 2019; Komolafe et al., 
2020; Rincón et al., 2018; Skilodimou et al., 2019). The effects 
include loss of human life, adverse impacts on the population, 
damage to the infrastructure, essential services, crops, and 
animals, the spread of diseases, and water contamination 
(Rincón et al., 2018).

Food accounts for 34% and 40% of global natural disasters 
in quantity and losses, respectively (Lyu et al., 2019; Petit-
Boix et al., 2017), with the occurrence increasing significantly 
worldwide in the last three decades (Komolafe et al., 2020; 
Rozalis et al., 2010). The factors causing floods include 
climate change (Ozkan & Tarhan, 2016; Zhou et al., 2021), 
land structure (Jha et al., 2011; Zwenzner & Voigt, 2009), and 
vegetation, inclination, and humans (Curebal et al., 2016). 
Other causes are land-use change, such as deforestation and 
urbanization (Huong & Pathirana, 2013; Rincón et al., 2018; 
N. Zhang et al., 2018; Zhou et al., 2021).

The high rainfall in the last few months has caused much 
flooding in the sub-districts of the West Kalimantan region. 
Thousands of houses in 18 villages in Melawi Regency have 
been flooded in the past week due to increased rainfall 

intensity in the upstream areas of West Kalimantan. This 
occurred within the Nanga Pinoh Police jurisdiction, including 
Tanjung Lay Village, Tembawang Panjang, Pal Village, Tanjung 
Niaga, Kenual, Baru and Sidomulyo Village in Nanga Pinoh 
Spectacle, Melawi Regency (Supriyadi, 2020).

The flood disaster in Melawi Regency should be mitigated 
to minimize future consequences by mapping the risk. 
Various technologies such as Remote Sensing and Geographic 
Information Systems have been developed for monitoring flood 
disasters. This technology has significantly contributed to flood 
monitoring and damage assessment helpful for the disaster 
management authorities (Biswajeet & Mardiana, 2009; Haq 
et al., 2012; Pradhan et al., 2009). Furthermore, techniques 
have been developed to map flood vulnerability and extent 
and assess the damage. These techniques guide the operation 
of Remote Sensing (RS) and Geographic Information Systems 
(GIS) to improve the efficiency of monitoring and managing 
flood disasters (Haq et al., 2012).

In the age of modern technology, integrating information 
extracted through Geographical Information System (GIS) and 
Remote Sensing (RS) into other datasets provides tremendous 
potential for identifying, monitoring, and assessing flood 
disasters (Biswajeet & Mardiana, 2009; Haq et al., 2012; 
Pradhan et al., 2009). Understanding the causes of flooding 
is essential in making a comprehensive mitigation model. 
Different flood hazard prevention strategies have been 
developed, such as risk mapping to identify vulnerable areas’ 
flooding risk. These mapping processes are important for the 
early warning systems, emergency services, preventing and 
mitigating future floods, and implementing flood management 
strategies (Bubeck et al., 2012; Falguni & Singh, 2020; Mandal 
& Chakrabarty, 2016; Shafapour Tehrany et al., 2017).

GIS and remote sensing technologies map the spatial 
variability of flooding events and the resulting hazards 
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1.  Introduction 
The problems associated with geographical information 

system (GIS)-based multi-criteria decision analysis (MCDA) 
are normally solved through 6 steps which include goal 
setting, criteria establishment, factors standardization, criteria 
weighting, criteria aggregation, and result validation (Estoque, 
2011). It is important to state that the reliability of the Spatial 
Multi-Criteria Site Selection (SMCSS) Model is often tested 
during the final step. Moreover, the criteria map aggregation 
can be achieved using different methods such as the Weighted 
Linear Combination (WLC) or the Ordered Weighted 
Averaging (OWA). 

The WLC is most widely in spatial MCDA (Malczewski 
and Rinner, 2015) due to some habit factors and a lack of 
understanding of the advantages associated with the OWA. 
This shows the need to provide comprehensive information on 
the ability of different OWA applications to produce diverse 
decision strategies. Moreover, the combination method used 
in GIS-MCDA is associated with the decision-making strategy 
characterized by two measures which include the risks to 
be taken and the trade-off. The measure normally used to 
determine the level of risks decisionmakers are willing to take 
is known as the degree of ORness. The WLC can produce a 
special condition characterized by full trade-off and average 
risk at an ORness value of 0.5 while the OWA offers different 
results with the ORness range between 0 and 1.

The OWA is an improvement on the WLC aggregation 
method often applied in GIS. It was developed by Yager 

(1988) and was further expanded into the GIS environment 
by Eastman (2012). The overlaying value for each pixel or 
alternative in the method does not depend only on the criterion 
value and weight as in the WLC but also on the ordered 
weight (Yager, 1988). The OWA allows the determination of 
the certain level of trade-of and ORness preferred based on 
the sets of ordered weights. It also provides opportunities to 
apply different strategies in the site selection model to produce 
several model outputs. 

The reliability of the results or output from the GIS-
MCDA model depends on the suitability of the formula 
used and the certainty of the inputs. A method for assessing 
uncertainty is the sensitivity analysis (SA) which is an 
integral part of GIS-based multi-criteria procedures due to its 
ability to examine the robustness of the output and provide 
a better understanding of the decision problem (Malczewski 
and Rinner, 2015). Meanwhile, it was observed that several 
studies conducted on the selection of locations did not test 
the feasibility of the model through SA (Alanbari et al., 2014; 
Buraihia and Sharif, 2015; Cradden et al., 2016; Shih, 2017; 
Kapilan and Elangovan, 2018; Manodhari, 2021; Raad et al., 
2022; Magoura et al., 2023). This shows that only a limited 
number of GIS-MCDA studies have focused on the discussion 
related to model sensitivity despite the attention to different 
site selection objects. 

Some reported that SA was based on the changes in the 
weight of input factors applied to determine whether the 
results were significantly different (Gómez & Boswue, 2004; 
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Ahmadisharaf et al., 2015). Moreover, the most common 
procedure was to vary the selected input components, return 
the model, and record the corresponding changes in the 
results.  SA was further used to assess the reliability of a model 
by investigating the changes in the output based on the input 
parameters used to determine the criteria considered sensitive. 
It was also applied to determine the impact of variations in 
the weight of the factors on the output of the model in 
spatial size. The input factors most often analyzed include 
the number and values of the evaluation criteria (Chen et al., 
2011; Tenerelli & Carver, 2012) as well as the weights of the 
criteria (Chen et al., 2013; Gorsevski et al., 2013). According 
to Ahmad (2017), the application of the OWA through the 
ordered weights was effective for the SA of the site selection 
criteria. This was associated with the ability of the method 
to offer varied evaluation results through different suitability 
index values. The concept simply shows that the application of 
ordered weights in OWA aggregation confirms the sensitivity 
of the criteria itself. Therefore, this study aimed to prove the 
advantages of using the OWA method in achieving decision-
making objectives and simultaneously test the reliability or 
sensitivity of the model. 

The background information provided showed that the 
main objectives of this study are to discuss the meaning of 
each result of several decision strategies in the OWA method, 
where one of them is the same as the result when using the 
WLC method; and to evaluate the aggregation results of the 
OWA method as a form of model sensitivity analysis.

2. 	 Methods
2.1  Case and Study Area

From the many GIS applications on the location suitability 
analysis, the retention pond site selection was chosen to 
meet the objectives of this research. There were no specific 
requirements for the selection except for the mandatory need to 
pick a location and availability of data. The study area is located 
in the city of Medan, North Sumatra Province of Indonesia as 
presented in Figure 1. It is located at latitudes 3o27’ to 3o77’ N 
and longitudes 98o35’ to 98o44’ E and has elevations between 
2.5 m to 37.5 m above sea level with a population density of 
9,283 people/km2 according to 2021 statistics. The area has 21 
Sub-Districts with almost the entire edge bordered by the Deli 
Serdang district, except in the north where there is a sea, the 
Strait of Malacca (CBS-MC, 2018; FR-DMP, 2013).

2.2   Study Framework
The flow chart used in selecting the site through the OWA 

method applied in this study is presented in the following 
Figure 2. The aim was to develop a suitability map using a model 
with an approved sensitivity and this was achieved through 
several sequential steps which included criteria determination, 
criteria map collection, criteria standardization, criteria 
weights determination, and criteria map combination through 
the OWA method as explained in the next sub-sections. 
Meanwhile, ordered weights were first determined based on 
the decision strategy adopted before combining the criteria 
maps. The aggregation result maps were later compared to test 
the model sensitivity.

Figure 1. Map of Medan City in North Sumatra (Indonesia)

Figure 2. Framework of the OWA Site Selection Model
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2.3   Evaluation Criteria for the Site Selection Model

The 2 types of criteria observed to be existing include 
factors and constraints. A factor is a criterion that enhances 
or detracts from the suitability of a specific alternative for 
the activity under consideration such as road distance where 
“near” is most suitable but “far” is least suitable. Meanwhile, 
a constraint is normally used to limit the alternatives under 
consideration in the form of an element or feature that 
represents limitations or restrictions on an area not preferred 
in any way or considered unsuitable such as a protected area, 
water body, and others (Malczewski and Rinner, 2015). The 
review of previous studies, literature, and guidelines led to 
the formulation of 12 factors in Table 1 and 7 constraints in 
Table 2 as the criteria for the proposed retention pond site 
selection (RPSS) model. The first 8 factors were grouped into 
the engineering factor group (EFG) while the remaining were 
classified as the socioeconomic factor group (SFG) (Saragih, 
2020).

2.4   Data Collection and Maps Processing
Digital and hard copies of data were collected in different 

formats such as Tiff, Shp, JPG, Excel, and PDF from several 
sources including the Urban Development Planning Agency, 
Energy and Mineral Resources Office as well as Meteorological, 
Climatological, and Geophysical Agency, Medan. However, the 

secondary data could not be used directly for the analysis of 
site selection. This led to the application of several alternative 
stages to develop the factor map which included importation, 
conversion, overlay, geo-reference, digitization, cropping, 
re-classification, re-format, surface analysis, interpolation, 
distance analysis, and standardization of the data. Moreover, 
all the processing of the data and the map was conducted using 
the GIS software IDRISI-Selva version 17. MS Excel 2016 was 
also used to derive the criteria weights using the Analytical 
Hierarchy Process (AHP) and the “Solver” feature was further 
applied to calculate the ordered weights of the OWA model.

2.5   Criteria Maps Standardization
Standardization or values scaling methods are normally 

used to convert raw data to comparable or proportional units 
(Malczewski & Rinner, 2015). The procedure was applied to each 
map derived as a prerequisite for the aggregation in this study as 
presented in Table 1. Moreover, all factors with continuous data 
were standardized by fuzzy membership function (FMF) while 
those with discrete data such as infiltration, runoff coefficient, 
and land cost were standardized by using a defined function. 
The method led to the mapping of each pixel value of the factor 
map to a membership value from 0 to 255. The standardization 
performed for the constraint maps using the Boolean images 
method is presented in Table 2.

Table 1. The OWA standardization of factor maps (Saragih, 2020)

Factors Group Nr. Factors
Function
Shape
Control point

En
gi

ne
er

in
g 

Fa
ct

or
 G

ro
up

 (E
FG

)

1 Infiltration User-defined

2 Rainfall (mm)
Sigmoidal
Monotonically increasing
a = 1800 mm, b = 2900 mm

3 Runoff-coefficient User-defined

4 Ground Elevation (m)
Sigmoidal
Monotonically decreasing
c =1 m, d = 83 m

5 Slope (%)
Sigmoidal
Monotonically decreasing
c = 0 %, d = 6 %

6 Groundwater depth (m)
Linear
Monotonically increasing
a = 4 m, b = 20 m

7 Distance to Channel (m)
Sigmoidal
Monotonically decreasing
c =50 m, d = 500 m

8 Distance to River (m)
Sigmoidal
Monotonically decreasing
c =50 m, d = 500 m

So
ci

o-
ec

on
om

ic
 F

ac
to

r 
G

ro
up

 (S
FG

)

1 Distance to dense Residence 
(m)

Sigmoidal
Monotonically decreasing
c =50 m, d = 1000 m

2 Distance to Road (m)
Sigmoidal
Monotonically decreasing
c =100 m, d = 1000 m

3 Distance to Inundation (m)
Sigmoidal
Monotonically decreasing
c =50 m, d = 1000 m

4 Land use-Land cost User-defined
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2.6   Factor and Group Weighting
The weights of the engineering and socio-economic factors 

and groups were determined using expert preferences through 
the pairwise comparison (PC) method from the Analytic 
Hierarchy Process (AHP). The experts used included 2 water 
resource planning consultants, 3 academics in the field of water 
resources engi neering, and 5 government officials from the 
three departments related to water resources management and 
urban drainage facilities. The AHP procedures were conducted 
through four steps in a row which were comparing the factors, 
completing the pairwise comparison matrix, normalizing and 
determining weight, and calculating the consistency ratio. The 
results showed that the consistency ratio of each participant 
satisfied the requirement by being smaller than 0.10 (Saaty, 
2008). Furthermore, the weights of the factors and factor 
groups are presented in the following Table 3 (Saragih, 2020).

2.7 Aggregation using the OWA Rule Simultaneously with 
the Sensitivity Analysis
The information presented in Figure 2 was further 

explained using Figure 3 with a focus on the steps implemented 

before and during the combination of maps using the OWA 
method. It was observed that the OWA aggregation was 
followed by the analysis of the model sensitivity as presented 
in the following figure.

The first step for the OWA aggregation was to set the 
decision strategy in order to control the level of risk and the 
desired trade-off by altering the ordered weights in contrast 
to the WLC method. This led to the selection of 5 sets as the 
representatives of the large numbers of decision strategies 
(DSs), including (1) minimum risk and no trade-off with a 
= 0.00, (2) low risk and some/average trade-off with a = 0.25, 
(3) average risk and full trade-off with a = 0.5, (4) high risk 
and some/average trade-off with a = 0.75, and (5) maximum 
risk and no-trade-off with a = 1.00. The symbol, a, was used 
to represent the degree of ORness and the positions of the 
5 decision points (DPs) in the decision strategy space are 
presented in the following Figure 4 (Saragih, 2020). 

The second step was to determine the ordered weights 
using the maximum entropy method applied by Makropoulos 
et al. (2007). The method allowed determining the optimum 
ordered weights value by maximizing the entropy based on a 

Table 2. OWA standardization of constraint maps (Saragih, 2020)

No. Names of constraints
(Parameter of Buffer)

Ratings of 
buffer (m) Value

1 Distance to wells >400
<400

1
0

2 Distance to roads >100
<100

1
0

3 Strategic area >500
<500

1
0

4 Gas pipelines >50
<50

1
0

5 Freshwater pipelines >50
<50

1
0

6 Railway >100
<100

1
0

7 Land use

Ordinary residence - 1
Real estate - 1
Green area - 1
Schools/Universities - 1
Others - 0

Table 3. Relative weights of 8 engineering factors, 4 socioeconomic factors, and 2 groups

Goal Objectives: Factor groups Factor group Weights Factors Factor Weights

Si
te

 s
el

ec
tio

n 
fo

r 
bu

ild
in

g 
of

 R
et

en
tio

n 
Po

nd
s

Engineering Factor Group 
(EFG) 0.754

1.	 Infiltration 0.174
2.	 Rainfall 0.272
3.	 Runoff-coefficient 0.237
4.	 Slope 0.059
5.	 Groundwater depth 0.099
6.	 Ground elevation 0.064
7.	 Distance to Channel 0.047
8.	 Distance to River 0.048

Socio-economic factor Group 
(SFG)   0.246

1.	 Distance to dense Residence 0.193
2.	 Distance to Road 0.237
3.	 Distance to Inundation 0.147
4.	 Land use/Land cost 0.423
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specified degree of ORness. Moreover, the dispersion value of 
ordered weights was used as the measure of the trade-off as 
presented in Equation (1), and the measure of risk or ORness 
value was calculated using Equation (3). The optimum ordered 
weights (lk) were later determined through the following 
optimization procedures:

Maximize:                        (1)

Subject to:  ,  	
                      ,                                             (2)

                     , (3)

Where, w is the dispersion of the ordered weights while a 
is the degree of ORness.

The 5 selected sets of the ordered weights associated with 
5 different decision strategies, DS-1 to DS-5 are presented in 
the following Table 4. It is important to state that DS-1, DS-
3, and DS-5 are known as Boolean AND, WLC, and Boolean 
OR models respectively as shown in Figure 4. Moreover, the 
lists of the decision characteristics based on the decision point 
are presented in the table with the ordered weights applied 
between factors within each group. 

Each set of the ordered weights was subjected to the 
maximum trade-off value w listed in the last row of each table. 

The factor values presented in the top part of the table ranked 
from no.1 to no.8 based on the criterion that no. 1 was the 
highest while no.8 was the lowest in each pixel. Moreover, the 
bottom part showed the sequence number 1 as the factor with 
the highest value and number 4 as the lowest in each pixel.

The third step was to combine the maps involving the 
criteria and ordered weights. This was achieved in the OWA 
method by calculating the overlaying value for each pixel or 
alternative using the following Equation (4) [16]. 
                	
	
 	
                                                                                                        (4) 

Where, V(Ai) is the total factor map overlaying value in 
the i-th evaluation alternative (pixel), lk is a set of ordered 
weights (0 ≤ lk ≤1 and ), uk is a set of 
reordered criterion weights corresponding to the ordered 
criterion values, and zik is a set of ordered criterion values. 
For the 5 decision strategies, 5 factor map aggregations were 
required and these were explained as follows.

The maximum ordered weight value of 1.0 was assigned 
to the factor with the lowest suitability value at each alternative 
pixel of DS-1 aggregation while all others had 0. For the DS-2 
combination, several sets of ordered weight (lk) were calculated 
by setting the degree of ORness (a) between 0 and 0.5. The 

Figure 3. Steps of sensitivity analysis

Figure 4. Decision strategy illustration
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values of the trade-off (w) varied between 0 (minimum) and 
ln k (maximum), where k was the number of the factor. It 
was observed that the sequential aggregations produced a 
relatively higher level of suitability. As a representative, 2 sets 
of the ordered weights were applied for the value of a = 0.25 
and, the optimum trade-off (w) values were 1.77 at lk ranging 
from 0.023 to 0.334 and 1.45 at 0.070 to 0.526 for the EFG and 
the SFG respectively as presented in Table 4. 

In the DS-3 Aggregation, 2 sets of uniform ordered weights 
were applied for a = 0.50, including 0.125 or 1/8 which was 
one divided by the number of factors of the EFG and 0.25 or ¼ 
representing one divided by the number of factors of the SFG 
as listed in Table 4. A similar trend was followed for the DS-4 
combination where 2 sets of the ordered weights were applied 
as a representative for the value of a = 0.75. These included 
the related optimum trade-off (w) values of 1.77 at lk ranging 
from 0.334 to 0.023 and 1.45 at 0.526 to 0.070 for the EFG 
and the SFG respectively as presented in Table 4. Moreover, 
the maximum ordered weight value of 1.0 was provided for the 
factor with the highest suitability value at each alternative pixel 
of DS-5 aggregation while all others had 0. 

The fourth step of the OWA aggregation was to evaluate 
the combination results simultaneously in assessing the 
reliability of the model. Moreover, SA of the proposed RPSS 
model was determined by altering the inputs through the 
inclusion of ordered weights and comparing the results as 
required in the OWA method.

3. 	 Results and Discussion 
3.1   Standardized Factor and Constraint Maps

The analysis of thematic data and processing of the maps 
with standardization led to the production of 8 maps for the 
engineering factor group, 4 maps for the socioeconomic factor 

group, and 7 constraint maps but only a few were presented in 
order to save space. Figures 5 and 6 show the factor suitability 
scores for each map ranging from the lowest, 0, to the highest, 
255. It is important to state that a higher score represents a 
better factor in location suitability in all the maps produced 
from the analysis. An example of the constraint maps is 
presented in Figure 7 with each map pixel consisting of only 1 
or 0, where, 1 represents an alternative while 0 signifies outside 
of the alternative.

3.2   The OWA Aggregation
The development of standardized criteria maps and the 

calculation of factor weights were followed by the aggregation 
process. The application of the 5 sets of ordered and related 
factor weights in the OWA aggregation procedure led to the 
generation of 5 conformity maps. Subsequently, each suitability 
map was overlaid with the total constraint map which was the 
combination of all to produce 5 final suitability score maps 
(FSSM) as presented in Figure 8.

The final suitability score maps for the retention pond in 
Medan City used as the case study are presented in Figure 8. 
In the legends of the maps, 0 represents the entire region not 
included as an alternative, 0.25 is the lowest suitability, and 255 
is the highest as listed in Table 5. Moreover, the relationship 
between the decision strategy in column 1 marked by the 
degree of ORness a in column 2 and the results of the OWA 
aggregation in the form of the suitability score range in column 
3 is also presented in the table. It was observed that each DS-1 
to DS-5 decision strategy produced a different suitability map 
as presented in column 4, showing the ability of the OWA to 
provide several solutions to the GIS-MCDA problem. The 
general conclusion from the table was that a greater degree of 
ORness led to a higher suitability score for the map pixel.

Table 4. The ordered weights and their decision strategies

C
rit

er
ia

Ra
nk

 a
nd

 

Ordered weights with respect to selected decision strategy (DS) 
and corresponding degree of ORness a

DS-1 DS-2 DS-3 DS-4 DS-5

a = 0 a = 0.25 a = 0.5 a = 0.75 a = 1

En
gi

ne
er

in
g 

Fa
ct

or
s (

EF
G

) 

1 0 0.023 0.125 0.334 1

2 0 0.033 0.125 0.228 0

3 0 0.049 0.125 0.155 0

4 0 0.072 0.125 0.106 0

5 0 0.106 0.125 0.072 0

6 0 0.155 0.125 0.049 0

7 0 0.228 0.125 0.033 0

8 1 0.334 0.125 0.023 0

0.00 1.77 2.08 1.77 0.00

So
ci

o-
ec

on
om

ic
 

Fa
ct

or
s (

SF
G

) 

1 0 0.070 0.250 0.526 1

2 0 0.137 0.250 0.268 0

3 0 0.268 0.250 0.137 0

4 1 0.526 0.250 0.070 0

0.00 1.45 1.39 1.45 0.00
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Figure 5. Factor maps for engineering factor group:

a) Infiltration and b) Rainfall

Figure 6. Factor maps for socio-economic factor group:
a) Residence and b) Inundation

Figure 7. Constraint maps: a) Strategic area and b) Gas pipelines
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                                                            a)    			                    b)

   
c)                                                              d)

e)
Figure 8. The Final Suitability Score Maps (FSSM): (a) For a = 0, 

(b) a = 0.25, (c) a = 0.5, (d) a = 0.75, and (e) for a = 1
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3.3 	 Model Sensitivity Analysis through the Differences in 

the Outcomes
The information presented in Table 5 was assumed to 

be the sensitivity analysis (SA) result because it showed the 
significant differences between the outputs in columns 3 and 
4 due to the changes made in the inputs in columns 1 and 2. 
Moreover, the variations were determined using the area of 
each suitability class ranging from the lowest or low suitability 
to the highest or very high suitability as observed in the values 
classified as smaller than 51, 51 to 100, 101 to 150, and greater 
than 150 in Table 6.

The area of each suitability class for DS-1 to DS-5 showed 
significant differences in the output of the OWA modeling 
presented in percentages in Table 6 as a consequence of 
the alterations in the inputs caused by the application of 
different sets of ordered weights represented by 5 types of 
decision strategies, DS-1 to DS-5. The results showed that the 
percentages of the area produced by these weights for the “very 
high suitability” level were 0.00, 0.05, 12.18, 83.35, and 100.00 
respectively. A similar trend was also identified in other DSs 
and this further confirmed that the SMCSS model proposed 
was reliable.

The results presented in Figures 4 and 8 as well as Tables 
4 to 6 were used to comprehensively describe the different 
meanings associated with each of the decision strategies 
selected. DS-1 was applied for decision-making concerning 
minimal risks in RPSS problems or other GIS-MCDA 
applications. It was observed in the AND (risk averse) position 
of the risk continuum in Figure 4 with the a value recorded to 
be 0 and this showed that there was no trade-off. Moreover, the 
DS-1 combination produced a minimum suitability score for 
the entire study area because only one factor, with the smallest 

value in each pixel, was considered in the aggregation process 
and the maximum score was 151.45 as presented in Figure 8a. 
This trend showed that DS-1 identified only a small portion as 
the appropriate location while the rest was declared unfeasible.

DS-2 was proposed for a situation when a low level of 
risk with some trade-off was desired as presented in Figure 4. 
The results showed that the aggregation produced a maximum 
score of 171.96 as presented in Figure 8b. This led to the 
production of more locations with higher suitability than DS-1 
but lower than DS-3 as listed in Table 6. Meanwhile, DS-3 was 
observed to be identical to the WLC method because the level 
of risk was between the minimum and maximum, leading to 
a decision with average risk and maximum trade-off (w) as 
presented in Figure 4. This was achieved using 2 sets of ordered 
weights determined at a = 0.5 and maximum trade-off values 
of 2.08 and 1.39, respectively, in Table 4. The results showed 
that DS-3 provided a full trade-off between factors with each 
having an effect proportional to the weight. The maximum 
score produced by DS-3 was 199.57 and the aggregation 
generated more locations with higher suitability than DS-2 but 
lower than DS-4 as presented in Table 6.

Decisions with high risk and some trade-offs were 
represented by DS-4 with sets of ordered weights applied 
using the risk value (a) between 0.5 and 1. Moreover, 2 sets of 
ordered weights were used for an at 0.75 as a representative. 
The values of the related optimum trade-off (w) were the same 
as those used for DS-2 which were 1.77 and 1.45 for EFG and 
SFG respectively as presented in Table 4. The maximum score 
produced was 225.33 as presented in Figure 8d which led to 
the generation of more locations with a higher suitability than 
DS-3 but lower than DS-5. Furthermore, DS-5 was applied 
for risk-taking problems in the SMCSS model by placing 

Table 5. The OWA final suitability score range is based on decision strategy
Decision point/ strategy (DS)

of OWA 
Degree of ORness 

(a) Suitability score range Presented in: 

DS-1 0 0.25 - 151.45 Figure 7 a)
DS-2 0.25 15.18 - 171.96 Figure 7 b)
DS-3 0.5 56.73 - 199.57 Figure 7 c)
DS-4 0.75 102.66 - 225.33 Figure 7 d)
DS-5 1 173.77 - 255.00 Figure 7 e)

Table 6. Area of each category for the suitability class and decision strategy

Suitability Class Unit DS-1          
(a = 0)

DS-2          
(a = 0.25)

DS-3          
(a = 0.5)

DS-4          
(a = 0.75)

DS-5                
(a = 1)

Low suitability
ha 1472.68 8960.52 0.00 0.00 0.00
% 9.09 55.28 0.00 0.00 0.00

Moderate 
suitability

ha 113.93 6810.43 5230.75 0.37 0.00
% 0.70 42.01 32.27 0.00 0.00

High suitability
ha 9.68 430.49 9004.75 2698.26 0.00
% 0.06 2.66 55.55 16.65 0.00

Very high 
suitability

ha 0.06 8.18 1974.13 13510.99 16209.63
% 0.0004 0.05 12.18 83.35 100.00

Alternative with 
value = 0

ha 14613.27 0.00 0.00 0.00 0.00
% 90.15 0.00 0.00 0.00 0.00

Total
Ha 16209.63 16209.63 16209.63 16209.63 16209.63
% 100.00 100.00 100.00 100.00 100.00
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the OR in the risk continuum as presented in Figure 4. A 
maximum ordered weight of 1.0 was provided for the factor 
with the highest suitability value for each alternative pixel to 
produce the maximum score of 255 for the entire study area as 
presented in Figure 8e. The results showed that DS-5 provided 
the most alternatives with a very high suitability level in the 
study area as presented in Table 6.

The sensitivity of the model was further examined through 
the similarity test conducted on the 5 final site suitability maps 
(FSSMs) to determine the change in the evaluation results 
based on the variations in the input parameters. This was 
through the application of pairwise comparisons to calculate 
the Kappa index of agreement using the CROSSTAB GIS 
analysis tool. The results presented in Table 7 showed that all 
Kappa values were smaller than 0.5, thereby indicating the 
strengths of the agreement were below moderate level (Landis 
and Koch, 1977). This signified that the maps were significantly 
different from each other, leading to the consideration of the 
model as quite reliable.

4. 	 Conclusion 
In conclusion, every decision strategy in the GIS-MCDA 

model had risk value, and the level was determined using the 
OWA aggregation method. This was achieved by assessing 5 
specific decision strategies at different risk levels including 
minimum or risk averse, low, medium, high, and maximum 
or risk-taking, respectively. Decisionmakers could select any 
of the strategies based on the goals and objectives. It was 
observed that the third decision strategy in the OWA which 
was associated with medium risk was similar to the outcome 
of the popular WLC aggregation method. However, the SA 
of the GIS-MCDA model using the OWA aggregation was 
found to be unique compared to the WLC. The uniqueness 
was based on the ability to alter the inputs at the criteria maps 
aggregation stage in order to complete the SA procedure which 
was expected to be followed by the evaluation of the results. 
This procedure was applied for the SA of the SMCSS model 
with the OWA aggregation method used in selecting retention 
pond locations. Furthermore, the results were evaluated by 
measuring differences in range, area, and similarity among 
the several model results. It was observed that the changes in 
the 5 inputs led to significant differences in the results of the 
model, indicating the SMCSS model developed was sensitive 
and reliable.

References 
Ahmad, S.Z., 2017. Fuzzy Logic-Ordered Weighted Average Model 

for Effective Municipal Solid Waste Landfill Site Selection 
Using Comprehensive Spatial Environmental, Physical and 
Socio-Economic Criteria. Thesis for the Degree of Doctor of 
Philosophy. University Sains Malaysia.

Ahmadisharaf, E., Tajrishy, M. & Alamdari, N. (2015). Integrating 
flood hazard into site selection of detention basins using spatial 

multicriteria decision making, Journal of Environmental 
Planning and Management, DOI:10.1080/09640568.2015.1077
104.

Alanbari, M.A., et al. (2014) GIS and Multicriteria Decision Analysis 
for Landfill Site Selection in

Al-Hashimyah Qadaa. Natural Science, 6, 282-304. http://dx.doi.
org/10.4236/ns.2014.65032

Buraihia, F. H., Sharif, A. R. M., 2015. Selection of Rainwater 
Harvesting Sites by Using Remote Sensing and GIS Techniques: 
A Case Study of Kirkuk, Iraq. Jurnal Teknologi, 76 (15), 75–81 

CBS-MC, 2018. Central Bureau of Statistics of Medan City (Badan 
Pusan Statistik Kota Medan). Available at download.html (bps.
go.id)

Chen, H., Wood, M. D., Linstead, C., & Maltby, E. (2011). Uncertainty 
analysis in a GIS-based multi-criteria analysis tool for river 
catchment management. Environmental Modelling and 
Software, 26(4), 395–405.

Chen, Y., Yu, J., & Khan, S. (2013). The spatial framework for weight 
sensitivity analysis in AHP based multi-criteria decision making. 
Environmental Modelling and Software, 48, 129–140.

Cradden, L., Kalogeri, C., Barrios, I.M., Galanis, G., Ingram, D., 
Kallos, G., 2016. Multi-Criteria Site Selection for Offshore 
Renewable Energy Platform. Renewable Energy 87 (2016) 791-
806.

Eastman, J. R., 2012. IDRISI Selva Tutorial, Manual Version 17. 
IDRISI Production. Clark University. Woncester, Massachusetts, 
USA. 

Estoque, R.C., 2011. GIS-based Multi-Criteria Decision Analysis 
(in Natural Resource Management). On line accessed on 2nd 
March 2018. Available at: http://giswin.geo.tsukuba.ac.jp/sis/
tutorial/GIS-based%20MCDA%20_RCEstoque. 

FR-DMP, 2013. Final Report of Drainage Master Plan of Medan City. 
Medan City Government.  Medan, Indonesia.

Gorsevski, P. V., Cathcart, S. C., Mirzaei, G., Jamali, M. M., Ye, X., 
& Gomezdelcampo, E. (2013). A group-based spatial decision 
support system for wind farm site selection in Northwest Ohio. 
Energy Policy, 55(C), 374–385.

Gómez-Delgado, M., & Bosque-Sendra, J. (2004). Sensitivity analysis 
in multi-criteria spatial decision-making: A review. Human and 
Ecological Risk Assessment, 10(6), 1173–1187.

Kapilan, S., Elangovan, K. 2018. Potential landfill site selection 
for solid waste disposal using GIS and multi-criteria decision 
analysis (MCDA). J. Cent. South Univ. 25, 570–585. https://doi.
org/10.1007/s11771-018-3762-3

Landis, J.R., Koch, G.G., 1977. The Measurement of Observer 
Agreement for Categorical Data. Biometrics, Vol. 33, No. 1, pp. 
159-174.

Magoura, A., Dehimi, S. and Redjem, A., 2023. A GIS-based multi-
criteria evaluation of landfill site selection in the Region of Hodna, 
Algeria. Journal of Degraded and Mining Lands Management, 
10(4):4709-4720, doi:10.15243/jdmlm. 2023.104.4709.

Makropoulos, C. K., Argyrou, E., Memon, F. A., & Butler, D., (2007). 
A suitability evaluation tool for siting waste water treatment 
facilities in new urban developments. Urban Water Journal, 
4(2), 61–78.

Table 7. Similarity test results

Site Selection Model The identities of the 
compared map pair Kappa value

OWA aggregated 
MCSS Model

DS-1 and DS-2 0.2442
DS-2 and DS-3 0.4226
DS-3 and DS-4 0.4223
DS-4 and DS-5 0.4227



126

THE ADVANTAGES OF THE ORDERED WEIGHTED AVERAGING (OWA) Darman Ferianto Saragih, et al.
Malczewski, J. & Rinner, C., 2015. Multi Criteria Decision Analysis in 

Geographic Information Science. Springer. New York. 
Manodhari, AANH. 2021. GIS Analysis for finding suitable Location 

for waste disposal in Minuwangoda. Thesis in Information 
System at General Sir John Kotelawala Defence University.

Raad, N. G., Rajendran, S., Salimi, S., 2022. A novel three-stage fuzzy 
GIS-MCDA approach to the dry port site selection problem: A 
case study of Shahid Rajaei Port in Iran. Computer and Industrial 
Engineering. https://doi.org/10.1016/j.cie.2022.108112

Saaty, T. L., 2008. Decision making with the analytic hierarchy process, 
International Journal of Services Sciences, 1(1), pp.83–98.

Saragih, D.F., 2020. Spatial Multi Criteria Site Selection of Detention 
and Retention Pond for Urban Storm Water Management 
at Medan City. Dissertation in Civil Engineering School at 
University Sains Malaysia, Penang, Malaysia.

Shih, Y.C., 2017. Integrated GIS and AHP for Marine Aquaculture 
Site Selection in Penghu Cove in Taiwan. J Coast Zone Manag 
20: 438. DOI: 10.4172/2473-3350.1000438.

Tenerelli, P., & Carver, S. (2012). Multi-criteria, multi-objective and 
uncertainty analysis for agroenergy spatial modelling. Applied 
Geography, 32(2), 724–736.

Yager, R. R. (1988). On ordered weighted averaging aggregation 
operators in multi criteria decision making. IEEE Transactions 
Systems, Man and Cybernetics, 18(1), 183–190. 

463

Indonesian Journal of Geography, Vol 54, No. 3 (2022) 463-470
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Abstract. Flood is one of the disasters that often hit various regions in Indonesia, specifically in West Kalimantan. 
The floods in Nanga Pinoh District, Melawi Regency, submerged 18 villages and thousands of houses. Therefore, 
this study aimed to map flood risk areas in Nanga Pinoh and their environmental impact. Secondary data on 
the slope, total rainfall, flow density, soil type, and land cover analyzed with the multi-criteria GIS analysis 
were used. The results showed that the location had low, medium, and high risks. It was found that areas with 
high, prone, medium, and low risk class are 1,515.95 ha, 30,194.92 ha, 21,953.80 ha, and 3.14 ha, respectively. 
These findings implied that the GIS approach and multi-criteria analysis are effective tools for flood risk maps 
and helpful in anticipating greater losses and mitigating the disasters.
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1. Introductin
Floods occur when a river exceeds its storage capacity, 

forcing the excess water to overflow the banks and fill the 
adjacent low-lying lands. This phenomenon represents the 
most frequent disasters affecting a majority of countries 
worldwide (Rincón et al., 2018; Zwenzner & Voigt, 2009), 
specifically Indonesia. Flooding is one of the most devastating 
disasters that yearly damage natural and man-made features 
(Du et al., 2013; Falguni & Singh, 2020; Tehrany et al., 2013; 
Youssef et al., 2011).

There are flood risks in many regions resulting in great 
damage (Alfieri et al., 2016; Mahmoud & Gan, 2018) with 
significant social, economic, and environmental impacts 
(Falguni & Singh, 2020; Geographic, 2019; Komolafe et al., 
2020; Rincón et al., 2018; Skilodimou et al., 2019). The effects 
include loss of human life, adverse impacts on the population, 
damage to the infrastructure, essential services, crops, and 
animals, the spread of diseases, and water contamination 
(Rincón et al., 2018).

Food accounts for 34% and 40% of global natural disasters 
in quantity and losses, respectively (Lyu et al., 2019; Petit-
Boix et al., 2017), with the occurrence increasing significantly 
worldwide in the last three decades (Komolafe et al., 2020; 
Rozalis et al., 2010). The factors causing floods include 
climate change (Ozkan & Tarhan, 2016; Zhou et al., 2021), 
land structure (Jha et al., 2011; Zwenzner & Voigt, 2009), and 
vegetation, inclination, and humans (Curebal et al., 2016). 
Other causes are land-use change, such as deforestation and 
urbanization (Huong & Pathirana, 2013; Rincón et al., 2018; 
N. Zhang et al., 2018; Zhou et al., 2021).

The high rainfall in the last few months has caused much 
flooding in the sub-districts of the West Kalimantan region. 
Thousands of houses in 18 villages in Melawi Regency have 
been flooded in the past week due to increased rainfall 

intensity in the upstream areas of West Kalimantan. This 
occurred within the Nanga Pinoh Police jurisdiction, including 
Tanjung Lay Village, Tembawang Panjang, Pal Village, Tanjung 
Niaga, Kenual, Baru and Sidomulyo Village in Nanga Pinoh 
Spectacle, Melawi Regency (Supriyadi, 2020).

The flood disaster in Melawi Regency should be mitigated 
to minimize future consequences by mapping the risk. 
Various technologies such as Remote Sensing and Geographic 
Information Systems have been developed for monitoring flood 
disasters. This technology has significantly contributed to flood 
monitoring and damage assessment helpful for the disaster 
management authorities (Biswajeet & Mardiana, 2009; Haq 
et al., 2012; Pradhan et al., 2009). Furthermore, techniques 
have been developed to map flood vulnerability and extent 
and assess the damage. These techniques guide the operation 
of Remote Sensing (RS) and Geographic Information Systems 
(GIS) to improve the efficiency of monitoring and managing 
flood disasters (Haq et al., 2012).

In the age of modern technology, integrating information 
extracted through Geographical Information System (GIS) and 
Remote Sensing (RS) into other datasets provides tremendous 
potential for identifying, monitoring, and assessing flood 
disasters (Biswajeet & Mardiana, 2009; Haq et al., 2012; 
Pradhan et al., 2009). Understanding the causes of flooding 
is essential in making a comprehensive mitigation model. 
Different flood hazard prevention strategies have been 
developed, such as risk mapping to identify vulnerable areas’ 
flooding risk. These mapping processes are important for the 
early warning systems, emergency services, preventing and 
mitigating future floods, and implementing flood management 
strategies (Bubeck et al., 2012; Falguni & Singh, 2020; Mandal 
& Chakrabarty, 2016; Shafapour Tehrany et al., 2017).

GIS and remote sensing technologies map the spatial 
variability of flooding events and the resulting hazards 
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