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SUMMARY: Establishing an observatory often involves complex decisions, such as choosing a site
based on multiple conflicting criteria. In this study, we develop a multi-criteria decision analysis process
by combining Geographic Information System (GIS) analysis with the (MCDA) Multi-Criteria Decision
Analysis and use this process to determine the most suitable sites for the construction of an observatory
in the Malatya urban area. GIS was used to calculate, classify, and analyze criteria, while FAHP (Fuzzy
Analytic Hierarchy Processes, Buckley’s method) and BWM (MCDA type Best-Worst Method) methods
were used to weight the decision criteria and determine their effects on alternative sites. While the
Cloud Cover criterion in the BWM method was the most important criterion with 28%, the most
important criterion for the FAHP method had a comparable value of 27.8%. Meteorological criteria
were the most important criteria group with values of 50.4% according to the FAHP method and 44.6%
according to the BWM method. The study is based on meteorological, geographic, and anthropogenic
datasets, suggesting the most appropriate sites for the astronomical observatory within the boundaries
of the study area. The proposed sites are the result of site selection, which is the first phase of site
selection for astronomical observatories. This site selection is important to limit the number of field
alternatives. It is necessary to conduct field tests among the proposed areas and select the final site
according to the results. The successful use of GIS and more than one MCDA method will pave the
way for the development of various methods for astronomical observatory site determination.
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1. INTRODUCTION

To maximize observatory efficiency, ideal sites
should be identified, especially with respect to me-
teorological data sets. Site selection is the process of
determining the most ideal site by using many data
sets consisting of two phases, site selection, and field
test phase (Hudson and Simstad 2010, Koc-San et al.
2013). The field test phase is a process that includes
phases such as sky brightness, atmospheric visibility,
precipitable water vapor, and atmospheric extinction
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coefficient calculation, and should be conducted at
the site of each alternative candidate area (Koc-San
et al. 2013). This process will prolong as the num-
ber of alternatives increases, causing not only time
but also energy and cost loss (Yılmaz 2023). For
these reasons, it is inevitable to reduce the number
of alternatives by conducting a site selection study
before the field test. The use of geographic informa-
tion systems (GIS) and multi-criteria decision anal-
ysis (MCDA) provides an efficient method for site
selection studies because the problem can be easily
modeled, it is compatible with statistical methods,
data from many sources can be managed, and the
evaluation of the results is simple (Koc-San et al.
2013, Yılmaz 2023, Kumi-Boateng et al. 2021, Nikolić
et al. 2023, Pileggi 2019). Fuzzy AHP (FAHP) pre-
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serves the advantages and conveniences offered by
AHP, especially in the relative evaluation of multi-
ple data in qualitative and quantitative terms, and
provides a hierarchical procedure like AHP. It facil-
itates benchmarking and pairwise comparisons, im-
proves consistency, creates priority vectors, and re-
flects expert insights (Kahraman et al. 2004). These
features have led to the FAHP method being chosen
by researchers in many studies. There are several
studies in the literature that combine GIS, FAHP,
and MCDA methods: Site selection for optimal wind
farms using FAHP and GIS (Liu et al. 2020), Site
selection for municipal solid waste landfills based on
FAHP and GIS in the Asir region of Saudi Arabia
(Mallick 2021). FAHP and GIS were used to deter-
mine cloud cover and water-related locations of plant
seeds on the map (Valjarević et al. 2022). Ground-
water quality modeling and evaluation was done us-
ing GIS, FAHP method (Aslan 2023). One of the
MCDA methods is BWM (best-worst method). This
method presented by Rezaei (2015) is another new
powerful and consistent MCDA method used to de-
termine the criteria weights Rahimi et al. (2020), Mi
et al. (2019). Although the BWM method is new, it
has been preferred in many studies because it pro-
duces results with fewer pairwise comparisons com-
pared to other MCDA methods, simplifies the steps
of mathematical operations due to the use of only
integers, and has a high percentage of consistency
(Pamučar et al. 2017). BWM is one of the methods
used in the study in which the alternatives for engine
oil were evaluated using different methods (Volkan
et al. 2022). In a study on sustainable evaluation
of technology selection for municipal sewage sludge
treatment, the BWM method was used to determine
the criteria weights (Ren et al. 2017). In the study on
circular economy and sustainability in eco-industrial
parks, the analyzes were performed using the BWM
method (Zhao et al. 2018). The FAHP and BWM
methods are used to determine the importance of
criteria for observatory site selection, and efforts are
made to rank and analyze the criteria using different
methods by creating separate result maps for each
method.

İnönü University Observatory was officially
opened on May 18, 2012 under, the leadership of Dr.
Tuncay Özdemir within the boundaries of İnönü Uni-
versity in Malatya Province (Özdemir 2012). While
the population of the province was 762.366 in 2012,
it will be 814.386 in 2023. The population growth
of the city leads to an increase of lights in the city.
Meanwhile, the growth of the university and the con-
struction of new teaching buildings have led to an in-
crease in anthropogenic impacts around the observa-
tory. These developments threaten the future of the
observatory. These reasons lead us to propose new
locations for optical astronomical observation that
will improve the quality of astronomical observations.
The objective of our study is to propose the best al-
ternative sites geographically, meteorologically, and

anthropogenically within the provincial boundaries.
The parameters used to determine the most suit-
able location for the astronomical observatories in our
study were taken from the works of Walker (1984),
Cowles (1989), Hudson and Simstad (2010), Koc-San
et al. (2013). Similar studies to our study were con-
ducted by D. Koc-San et al. (Koc-San et al. 2013) for
Antalya province and by the author of this study for
Erzincan province (Yılmaz 2023). Although different
criteria were used in the studies, the criteria weights
were determined by the AHP method. In 2015, an-
other study entitled ”Astronomical Site Selection for
Turkey” was conducted using the techniques of GIS.
The criteria used in this study and the method used
to determine the criteria weights are different from
our study (Aksaker et al. 2015).

Our study is based on 3 main parameters: mete-
orological, geographical, and anthropogenic. In con-
junction with these main parameters, 9 criteria were
established. Each created criterion is represented by
a raster data layer in the program GIS (Koc-San
et al. 2013). The weighting values of each data layer
were determined by the experts as a result of a pair-
wise comparison of the criteria with each other. This
method of determining the weights is one of the steps
of the FAHP, and BWM methods. In our study, we
propose the areas where the optical astronomical ob-
servatory will operate with maximum efficiency. It
is the data resulting from the weighting of the maps
obtained by digitizing the results of the data analysis
using remote sensing, BWM and FAHP methods in
the system GIS. As far as we know, our study is the
first to select an observation site using the FAHP and
BWM methods. The data obtained to establish the
criteria and those used in the studies to determine the
appropriate site for the observatory are reliable. The
successful application of the GIS, FAHP and BWM
methods of these data in many studies, as we have
exemplified above, made it inevitable that the selec-
tion of a suitable site for the observatory would be
carried out using a similar methodology and be suc-
cessful. Successful application of this methodology
to observation site selection studies will yield satis-
factory results.

2. WORKSPACE AND DATA USED

The study area is located in the Upper Euphrates
Basin in the Eastern Anatolia region of Malatya
Province, Turkey, and covers 12 313 km2. It is lo-
cated between 35◦ 54′ and 39◦ 03′ north latitude and
38◦ 45′ and 39◦ 08′ east longitude (Fig. 1). Malatya
province has 77 cloudy days, 152 partly cloudy days,
and 136 cloudless days in the annual average (Toprak
2013). Continental climatic conditions prevail in the
study area and summer months are hot. The winter
season is quite cold due to high pressure in Siberia.
The annual average temperature in Malatya is 13.7
◦C (Bayindir 2006). On average, there are 77 cloudy
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or hazy days, 152 partly cloudy days, and 136 clear
days in the study area (Toprak 2013). From these
annual average days, it can be concluded that ob-
servations can be carried out fully or partially in
about two-thirds of the year. Areas at high altitude,
and without humidity are the most suitable for the
construction of observatories (Koc-San et al. 2013).
About 45% of the borders of Malatya province consist
of mountains. It contains many mountains and hills,
the highest of which is Beydağları with an altitude of
2545 m (Engin and Şengün 2016).

In our study, details of the data sets used to de-
termine the most suitable location for astronomical
observing conditions: will be explained in detail. The
data used in the study and the sources from which it
was obtained can be seen in Table 1).

2.1. Meteorological datasets

In our study, the meteorological data set includes
the criteria of Cloud Cover, Precipitable Water Va-
por, and Wind Speed. One of the most important
criteria that negatively affects astronomical observa-
tories is the cloud cover of the study area, and another
criterion that negatively affects atmospheric perme-
ability is the amount of collapsing water (Yin et al.
2012, Koc-San et al. 2013).

MODIS VIS provides data with a resolution of
250 m (2 bands) and SWIR of 500 m (5 bands),
(Barnes et al. 1998). The overall absolute accuracy of
MOD10A1/MOD35L2 and MOD05L2 is about 93%,
which is satisfactory (Hall and Riggs 2007). In our
study, MOD10A1 products from the National Snow
and Ice Data Center (NSIDC) and MOD05L2 prod-
ucts from the Atmosphere Archive and Distribution
System (LAADS) were used for the Cloud Cover
dataset and the Precipitable Water dataset, respec-
tively. The grains of MOD10A1/MYD10A1 have the
shape of a sine wave and the side length is over 1000
km. MOD10A1 presents fractional snow cover data,
snow, cloud mask, terrain and water data as a the-
matic map with HDF enhancement (Hall and Riggs
2007). MODIS cloud mask data are used about the
presence or absence of the cloud (Strabala 2005).
These data were obtained from the fractional snow
cover layer of MOD10A1/MOD35L2, (Hall and Riggs
2007). Another important criterion in meteorologi-
cal datasets is the Precipitable Water Vapor. The
amount of collapsible water is one of the important
parameters that negatively affect atmospheric perme-
ability. Advanced Very High-Resolution Radiome-
ter (AVHRR) sensors are a suitable system for in-
dicating water vapor content (Sobrino et al. 2003),
and MODIS (Gao and Goetz 1990, Kaufman and
Gao 1992). To obtain the map of precipitable wa-
ter vapor of the study area, the water vapor infrared
datasets in HDF format obtained from the MOD05L2
(MYD05L2) product were used by (Sobrino et al.
2003, Kern et al. 2008). In our study, 1095 data
(365 Ö 3 years) were used as a result of download-
ing more than four thousand granules containing the

study area for each of the criteria Cloud Cover and
Precipitable Water Vapor in HDF format and pro-
cessing in the program GIS, this is a 3-year period
from February 1, 2020 to February 28, 2023. The
global wind atlas method developed by the Technical
College of Denmark (DTU) Wind Energy and Vortex
with support from the World Bank Group provides
wind speed data. Wind speed data for the study area
were taken from the Global Wind Atlas 3.2 maps,
which is a web-based application. Version 3.2 of the
GWA provides quality data at 10 m resolution. The
GWA provides alternatives for mapping wind sources
at 10, 50, 100, 150, and 200 m above the ground in
the form of 250 m horizontal grids. Users can access
the data free of charge from anywhere in the world.
Evaporation is inversely proportional to the speed at
which air flows over water. Therefore, increased wind
speed decreases evaporation and humidity, which in-
directly affects the selection of sites for astronomical
observatories (Ravi and D’Odorico 2005).

2.2. Geographical datasets

The geographic dataset consists of four criteria:
Digital Elevation Model (DEM), geology, landslides,
and active fault lines. Sky transparency changes
proportionally with elevation Hudson and Simstad
(2010). For this reason, the Digital Elevation Model
(DEM) is one of the most important criteria in our
study. Shuttle Radar Topography Mission (SRTM)
data obtained with the C-band interferometry instru-
ment SAR on the space shuttle Endeavor were used
(Effat et al. 2013). DEM data from USGS Earth Ex-
plorer saved in ArcGIS 10.8 (Mohammed and Sayl
2021). Construction sites should be located as far
as possible from areas vulnerable to natural disas-
ters. To create safe construction areas, our study
used maps of landslide zones and active fault lines
(Akbaş et al. 2011, Çan et al. 2013). One of the crite-
ria used in suitable site selection studies is the land-
slide inventory data. The data were obtained from
the landslide maps (1/25000) of the General Direc-
torate of Mineral Research and Exploration (MTA).
According to the landslide inventory maps, landslide
activities can be classified as ancient landslides, ac-
tive landslides, fracture-flow landslides, and so on.
In the landslide map we created, all landslide activ-
ities were selected as areas unsuitable for construc-
tion. Another criterion we use is the active fault
lines within the boundaries of the study area. The
MTA active fault map was used as the data source.
Malatya province is located in a region that can be
classified as highly prone to earthquakes. It contains
3 important fault zones. These are the East Anato-
lian fault zone, which can produce devastating earth-
quakes in the south, the Sürgü fault in the southwest,
and the Malatya fault zone in the continuation of the
Sürgü fault (İrap 2021). MTA (1/25000) active fault
maps were digitized with the GIS program and the
active fault map of the study area was created.
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2.3. Anthropogenic datasets

In our study, the anthropogenic datasets consist of
the parameters of urban lighting, distance to roads,
and distance to mining sites. People’s need for light
is undisputed. However, the increase in construction
projects and artificial light sources near observatories
makes city lighting one of the most important param-
eters negatively affecting astronomical observations.

The Earth Observation Group (EOG), which ex-
cels in nocturnal remote sensing (EOG) studies, pro-
duces high-quality global nighttime light maps using
data from nighttime satellite observations. The Vis-
ible and Infrared Imaging Package (VIIRS), carried
by the JPSS satellites, provides high-quality images
in low-light conditions (Elvidge et al. 2021). EOG
provides global, continental, and national nighttime
light data at a resolution of 15 arcseconds (500m at
the equator) to users free of charge. In our study,
the EOG - VNL V2.1 Night Lights Time Series data
set was used to determine the effect of city lights in
selecting the appropriate site for the astronomical ob-
servatory. It is important that there are no mining
areas near the observatories that cause continuous
dust formation. Dust increases the cloudiness of the
sky and negatively affects the observing conditions
(Koc-San et al. 2013). The locations of the mining
sites were obtained from the General Directorate of
Mining Affairs of Turkey. When the observatory was
built, the distance to the roads was set as a criterion
to reduce transportation costs for building materi-
als and to allow easy access to the observatory. The
methodology of the study mainly includes data collec-
tion using remote sensing methods and government
agencies, data analysis using BWM, FAHP methods
and GIS applications, and visualization of the results
in a GIS environment (Haklay and Weber 2008). Dis-
tance to roads criteria data was obtained from Open-
StreetMap.

3. METHODOLOGY

To model the study of selecting suitable sites for
astronomical observatory construction, the process of
GIS-MCDA can be essentially described in four steps:
Problem definition, criteria definition (Table 2) deter-
mination of criteria weights (using FAHP and BWM
methods), and standardization, analysis of criteria
and production of result maps and interpretation (see
Table 6) (Nikolić et al. 2023, Malczewski and Rinner
2015, Domazetović et al. 2019a,b, Eastman 1999). To
determine the weights of 9 criteria according to the
FAHP and BWM models, the experts performed 36
comparisons (n.n-1/2) and 15 (2n-3) comparisons, re-
spectively. After data analysis, the criteria weights
are determined (Feizi et al. 2021, Wang et al. 2023)
by both MCDA methods.

A model was created in Arc- GIS 10.8 software to
enter the weights into the criteria maps. In this study,

three main parameters consisting of anthropogenic,
meteorological, and geographic data sets were used
to select the appropriate location for the astronomical
observatory (Koc-San et al. 2013, Yılmaz 2023).

A map was created in the environment GIS by
obtaining the datasets of each criterion, drawing ed-
itor, remote sensing data, or digital maps, Yılmaz
(2023). Each dataset represents a criterion layer. All
criterion layers were converted to a vector format to
allow input of fitness values. A common range was
added to each level and assigned values between 1
and 5, with 5 representing the best fitness for astro-
nomical observing conditions and 1 representing the
worst fitness for astronomical observing conditions
(Setiawan et al. 2004, Nuthammachot and Stratou-
lias 2021, Abdo et al. 2022, Nikolić et al. 2023). Using
field data added to all criterion levels, the criterion
maps were transformed from vector to raster maps.
After these transformations, the raster maps for the
FAHP method are defined as fuzzy membership in the
GIS application (the fuzzy membership application
provides standardization of the criteria in raster for-
mat based on GIS and assigns a value between 0 and
1 to each of the raster cells) (Bahrani et al. 2016, Gor-
sevski et al. 2012). After this step, the weights of the
maps calculated with the FAHP method were entered
with the application GIS -raster calculator (Ibrahim
et al. 2011). In the last stage, the weighted maps
were overlaid with the application GIS-Fuzzy Over-
lay, and the result map was created (Rahimi et al.
2020). When the result map was created according
to the BWM criteria, the rescaled rater maps were
weighted in the range of 1-5 and overlaid with the ap-
plication GIS -Weighted overlay, and the result map
was obtained (Yılmaz 2023). To our knowledge, this
is the only study in which astronomical site selection
was performed using the FAHP and BWM methods.

3.1. Processing of meteorological data sets

Over 4000 data were obtained from the MOD35L2
product, and the data were converted into a sin-
gle layer using the New Mosaic Raster program in
GIS, which was used as the Cloud Cover data of the
study area (Wilson and Power 2018). It is well known
that cloud cover complicates astronomical observing
conditions. Therefore, the resulting layer data were
rescaled (see Table 2). The Precipitable Water data
were taken from the MOD05L2 dataset and rescaled
in a final step by going through the same steps as for
the Cloud Cover data (see Table 2). The scaling pro-
cess took into account that rainfall data negatively af-
fect astronomical observing conditions. Wind Speed
data were obtained at the national boundaries us-
ing the Global Wind Atlas application and cropped
according to the study area boundaries in the GIS
program. The cropped map was rescaled and used
as wind speed data (see Table 2). Astronomical vis-
ibility is affected by the fact that the wind, which
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Table 1: Criteria resources table.

Code Criteria Source
C1 Distance To Road OpenStreetMap
C2 Distance To Landslide General Directorate Of Mineral Research And Exploration
C3 Distance To Active Faults General Directorate Of Mineral Research And Exploration
C4 Wind Speed Global Wind Atlas
C5 Mining Sites General Directorate Of Mining Affairs Of Türkiye
C6 City Lights Earth Observation Group (Eog)
C7 Precipitable Water Vapor Modıs - Mod05l2/Myd05l2
C8 Cloud Cover Modıs – Mod35l2
C9 Dem Srtm

Fig. 1: Location of the work area.

forms at the height of the observatory, changes di-
rection and causes turbulence due to contact with
the surrounding geographic formations. In addition,
when the wind speed exceeds 11 m/s, the stress on
the telescope and dome causes vibrations (Liu et al.
2020). When the wind speed exceeds 11 m/s, it nega-
tively affects the observation conditions (Solmaz et al.
2021) the wind speed in the recommended areas does
not exceed this value.

3.2. Processing of geographic datasets

In the study, landslide and active fault maps of
the study area were drawn by hand in JSON format
using the ”Drawing Editor” application, which is one
of the geoscience map display programs of the Direc-
torate General of Mineral Research and Exploration,
and converted to KML format and transferred to GIS.
All geospatial data were digitized and scaled in an en-
vironment of GIS (see Table 2). When creating the
layers for landslides and active fault lines, these layer
data were marked on the map and scaled according
to the distances and close distances to the areas with
landslides and active fault lines by using the buffer

infrastructure of the GIS application (see Table 2)
(Koc-San et al. 2013). Elevation data came from
the GTOPO30 application and were scaled using the
same procedures as the Wind Speed datasets (see Ta-
ble 2). The scaling was based on the assumption that
the atmosphere becomes clearer with increasing alti-
tude, and altitude was assumed to have a positive
effect on optical astronomical observing conditions.

3.3. Processing of anthropogenic datasets

City lights data were obtained by cropping from
maps produced by the Visible and Infrared Imaging
(VIIRS) packages on the JPSS satellites of the Earth
Observation Group (EOG), which conducts night-
time remote sensing (EOG) studies corresponding to
the boundaries of the study area, and presented at a
resolution of 15 arcseconds (500m at the equator) was
used (Baugh et al. 2013). City lights are one of the
most important parameters that negatively affect as-
tronomical observations. The raster data were scaled
to account for the negative influence of city lights (see
Table 2).
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Fig. 2: Flow chart of the process steps followed in the study.

Fig. 3: The used meteorological data sets: Cloud Cover (a), Precipitable Water Vapor (b), Wind Speed (c).

There are metal mines (chromium, copper, iron,
fluoride, copper-zinc-lead) in the study area. It con-
tains minerals used as industrial raw materials (as-
bestos, cement raw materials, sand-gravel, gypsum,
limestone, marble, profilite, thorium, vermiculite).
This results in an excessive dust layer near mining
facilities (Yılmaz 2023). Therefore, the scaling of the
raster maps took into account the need to place the

observatory buildings in areas far from the mine sites
and scaled through a buffer analysis, (see Table 2).

Road data were obtained from the Open-
StreetMap application. The obtained data are clas-
sified as distance with the GIS buffer infrastructure.
These classes are scaled from near to far to allow
a convenient access to the observatory building (see
Table 2).
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Table 2: Criteria and reclassification table.

x<2000 1 x<3,211 5
Distance to 2000 6 x<3000 2 3,2116 x<11,36 4
active faults 30006 x<4000 3 City lights 11,366 x<23,96 3

40006 x<5000 4 23,966 x<43,72 2
50006 x 5 43,726 x<63 1

x<100 1 0,796 x<3,02 1
1006 x<200 2 3,026 x<4,28 2

Landslide 2006 x<300 3 Wind Speed 4,286 x<5,4 3
3006 x<400 4 5,46 x<6,84 4
4006 x 5 6,846 x<12,66 5

x<100 5 5726 x<984 1
1006 x<200 4 9846 x<1283 2

Distance to 2006 x<300 3 Dem 12836 x<1558 3
roads 3006 x<400 2 15586 x<1856 4

4006 x 1 18566 x<2522 5

x<500 1 7,182<x<8,368 5
5006 x<1000 2 8,369<x<9,027 4

Point density 10006 x<1500 3 Precipitable Water Vapor 9,028<x<9,073 3
of mining 15006 x<2000 4 9,074<x<10,606 2
sites 20006 x 5 10,607<x<11,889 1

-4117<x<-3111 5
-31116 x<-2429 4

Cloud Cover -24296 x<-1209 3
-12096 x<1015 2
10156 x<5036 1

Fig. 4: The used geographical data: DEM (d), distance map of active fault lines (e), and landslide (f).

3.4. Analytic hierarchy process

Maps created for all criteria used in the study
were scaled, with 1 representing negative effects on
astronomical observing conditions and 5 representing
positive contributions (Yılmaz 2023). Each scaled

criteria map was overlaid in the program GIS ac-
cording to the criteria weights determined by the
FAHP method. The weight ratios determined by the
FAHP method are one of the most important stages
of the study. The FAHP (Fuzzy Analytical Hierarchy
Process) method is based on the principle of pair-
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Fig. 5: Anthropogenic datasets (city lights (g), point density of mining sites (h), distance to road (i).

wise comparison of the relative importance of crite-
ria by numerical gradations as in the AHP method
(Alaneme et al. 2021). Since decision-making is a
common problem, The FAHP technique was devel-
oped to solve this problem, and this technique aims
to express the approximate choice of decision-makers
by choosing fuzzy numbers for criteria. FAHP is one
of the preferred methods by researchers to analyze de-
cision problems in many different fields, including site
selection studies (Kahraman 2008). Criteria ratings
are assigned by expert decision-makers in the fields of
astronomical observations, earth sciences, meteorol-
ogy, and urban planning (Yılmaz 2023). The criteria
ratings determined by the experts are shown in the
FAHP matrix (see Table 4). When comparing the
two criteria, the criteria scores assigned by the ex-
perts are shown in (Table 3). When the importance
of the two criteria (l,m,u) is equal, the values (1,1,1)
are chosen, and the FAHP technique was used to de-
termine the criteria weights. If the experts’ pairwise
comparisons are consistent, the criterion weights can
be used for assignment. The experts’ benchmarking
data should be used in the AHP matrix to check con-
sistency. CR (consistency ratio) can be calculated
using CI (consistency index) (Saaty 1980). If the CR
is less than 0.1, the judgments are consistent and the
calculated criterion weights can be used. The formu-
las for calculating CR are shown simply, see Eq. (2).
λmax is the largest eigenvalue of the comparison ma-
trix (Yılmaz 2023). The consistency index of a ran-
domly generated reciprocal matrix is called random
inconsistency (RI), and the value of random inconsis-
tency for a study consisting of 9 criteria is R.I=1.45.

CI =
λmax − 1

n− 1
. (1)

In addition, to check the consistency of the created
matrix (Saaty 1980), the consistency ratio (CR) value
should be determined. The CR formula is shown be-
low,

CR =
CI

RI
, (2)

CI = 0.102, RI (n = 9) = 1.45, CR = 0.071. The
matrix obtained by the experts by pairwise compar-
isons (see Table 4) is consistent and can be used in
the analysis phase.

4. MCDA METHODS

4.1. Fuzzy AHP

The origin of fuzzy theory dates back to the mid-
nineteenth century (Zadeh 1965). There are sev-
eral fuzzy AHP methods (Bozbura et al. 2007). In
this study, the criteria weights were calculated using
Buckley’s FAHP. This method is an easily applicable
and reliable method that is preferred in many stud-
ies (Beskese et al. 2015). In this method, triangular
numbers are used to calculate the uncertainties of
the parameters in our study. The mathematical op-
erations of fuzzy numbers are described in detail in
Zimmermann (2011) and Beskese et al. (2015). The
uncertainties of the criteria were calculated using tri-
angular fuzzy numbers (TFN) (l,m,u) when the most
suitable sites were proposed for the construction of
the observatory. The decision-makers (criteria, de-
tailed criteria, and alternatives) were determined by
pairwise comparisons. For the pairwise comparisons,
the decision matrix A was created using the linguistic
scale and the corresponding triangular fuzzy numbers
(see Table 3).

The decision matrix is formed as a result of pair-
wise comparisons of experts;

C̃k =


1 c̃k12 . . . c̃k1n
c̃k21 1 . . . c̃k2n
. . . . . .
. . . . . .
. . . . . .

c̃km1 c̃km2 1

 . (3)

In the matrix, ckij represents the triangular fuzzy
number when the expert k compares criteria i and
j.
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Table 3: Fuzzy AHP scale.

Definition Triangular fuzzy number Reciprocal fuzzy number
Degree of
importance

Equal importance (1, 1, 1) (1, 1, 1) 1

Moderate importance (1, 3, 5) (1/5,1/3,1) 3

Strong importance (3, 5, 7) (1/7,1/5,1/3) 5

Very strong or
demonstrated importance

(5, 7, 9) (1/9,1/7,1/5) 7

Extreme importance (7, 9, 9) (1/9,1/9,1/7) 9

c̃kij =

 i > j, (1, 1, 3), (1, 3, 5), (3, 5, 7), (5, 7, 9), (7, 9, 9)
i = j, (1, 1, 1)
i < j, (1/3, 1, 1), (1/5, 1/3, 1), (1/7, 1/5, 1/3), (1/9, 1/7, 1/5), (1/9, 1/9, 1/7)

 . (4)

i > j means that the criterion j is less important
than the criterion i and this is represented in the ma-
trix as cij , i = j means that the criteria are equally
important. If j > i this means that the criterion j
is more important than the criterion i which is de-
fined in the matrix as 1/cij (Table 3 (i)). In order
for the decision matrix to clearly reflect the opinion
of each expert, the geometric mean of each pairwise
comparison is taken.

ãij = K

√
c̃1ij ⊗ c̃2ij ⊗ . . . c̃Kij . (5)

Here, K represents the number of decision experts
and ⊕ represents the fuzzy multiplication.

r̃i = n
√
ãi1 ⊗ ãi2 ⊗ . . .⊗ ãin (6)

w̃i = r̃i ⊗ (r̃1 ⊕ r̃2 ⊕ . . .⊕ r̃n)−1. (7)

The fuzzy weighted decision matrix was constructed
using the Buckley method of Kahraman and Çebı
(2009) and Beskese et al. (2015), where aij is the to-
tal fuzzy evaluation value of criterion i with criterion
j, ri is the geometric mean of the fuzzy evaluation
value of the criterion i with respect to each criterion,
wi is the weight of the criterion i, and ⊕ is the fuzzy
addition sign. After the fuzzy weights of all criteria
are determined, they are expressed by more precise
values. One of the most widely used methods for the
clarification process is the centroid method, which
is based on the use of the centroid (Opricovic and
Tzeng 2004, Beskese et al. 2015). Clarification cal-
culations are followed by normalization calculations.
These calculations (the importance weight of the r’th
criterion wr, for the n criteria) were performed using
Eq. (4) (Beskese et al. 2015).

wr =
w̃r∑n
i=1 w̃i

=
wrl + wrm + wru∑n

i=1 w̃i
. (8)

The 9 maps with data layers used in the study
were overlaid in the program GIS concerning the cri-
terion weights obtained by the FAHP method, and
the most suitable locations for the construction of the
observatory were proposed (see Fig. 6, red areas).

4.2. BWM

The BWM method is one of the MCDA methods
in which criterion weights are calculated by pairwise
comparisons with decision-makers. The decision-
makers perform pairwise comparisons by assigning
points between 1 and 9 to the criteria according
to their importance. The BWM method leaves it
up to the decision-makers to select the best and
worst criteria among the criteria (Guo and Zhao
2017); Rezaei (2016). The decision-makers do not
have to compare all the criteria with each other,
but only the best and the worst criteria with the
others. After this selection by the decision makers,
a comparative mathematical method is applied to
compare the best criterion with the other criteria
and all other criteria with the worst criterion (Çakir
and Melih 2019). This mathematical method can be
summarized as a nonlinear optimization model that
minimizes the maximum absolute difference (Labella
et al. 2021). The application of the BMW method
can be explained by the following steps;

Step 1: The decision criteria should be deter-
mined, Guo and Zhao (2017). If there are n criteria,
c1, c2...cn stands for the ith criterion (Liu et al. 2019).
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Table 4: The FAHP pairwise comparison matrix. C1 - distance to roads, C2 - landslide, C3 - distance to active

faults, C4 - Wind Speed C5 - point density of mining sites, C6 - city lights, C7 - Precipitable Water Vapor, C8 -

Cloud Cover and C9 - DEM.)

C1 C2 C3 C4 C5 C6 C7 C8 C9
C1 1,1,1 0.14,0.2,0.33 0.2,0.33,1 0.14,0.2,0.33 0.11,0.14,0.2 0.11,0.14,0.2 0.11,0.11,0.14 0.11,0.11,0.14 0.11,0.11,0.14
C2 3,5,7 1,1,1 0.2,0.33,1 0.2,0.33,1 0.2,0.33,1 0.11,0.14,0.2 0.11,0.11,0.14 0.11,0.11,0.14 0.11,0.14,0.2
C3 1,3,5 1,3,5 1,1,1 0.14,0.2,0.33 0.2,0.33,1 0.11,0.14,0.2 0.11,0.11,0.14 0.11,0.11,0.14 0.14,0.2,0.33
C4 3,5,7 1,3,5 3,5,7 1,1,1 1,1,1 0.11,0.14,0.2 0.11,0.14,0.2 0.11,0.11,0.14 0.2,0.33,1
C5 5,7,9 1,3,5 1,3,5 1,1,1 1,1,1 0.2,0.33,1 0.2,0.33,1 0.14,0.2,0.33 0.2,0.33,1
C6 5,7,9 5,7,9 5,7,9 5,7,9 1,3,5 1,1,1 1,1,1 0.2,0.33,1 0.2,0.33,1
C7 7,9,9 7,9,9 7,9,9 5,7,9 1,3,5 1,1,1 1,1,1 0.2,0.33,1 1,1,1
C8 7,9,9 7,9,9 7,9,9 7,9,9 3,5,7 1,3,5 1,3,5 1,1,1 1,1,1
C9 7,9,9 5,7,9 1,3,5 1,3,5 1,3,5 1,3,5 1,1,1 1,1,1 1,1,1

Fig. 6: Map of candidate sites for the astronomical observatory covered with DEM (marked in red).

Step 2: The best (most desirable, most important)
and worst (least desirable, least important) criteria
should be determined (Rezaei 2015).

Step 3: The importance of the best criterion deter-
mined by the decision maker compared to the other
criteria is determined by choosing an integer between
1 and 9 (1: equally important, 3: moderately more
important, 5: very important, 7: much more impor-
tant, 9: extremely important). In this step, a vector
called Best-Others (BO) is defined, moving from the
best to the others. The same procedure is applied to
the worst chosen criterion to define the vector worst-
others (OW) that goes from worst to others (Çakir
and Melih 2019, Ren et al. 2017, Fard et al. 2022).

BO = (aB1, aB2, ......aBn) (9)

OW = (a1W , a2W , ......anW )T (10)

aBj shows the preference of the best criterion B
over the criterion j and ajW shows the preference
of the criterion j over the worst criterion W . As
a result it should be aBB=1, aWW =1. These
expressions represent the comparison of the best and
worst criterion with itself, respectively (Rezaei 2016).

Step 4: Optimal weights (ω∗1 ,ω∗2 ,.....,ω∗n) are reached
by solving the linear problem (Eq. (11) (Rezaei 2016,
Fard et al. 2022):

min es. t.


|ωB − aBjωj | ≤ e, for all j,

|ωj − ajWωW | ≤ e, for all j,∑
J ωJ = 1,

ωJ ≥ 0, for all j.

(11)

5. RESULTS AND DISCUSSIONS

The article proposes new fuzzy AHP and BWM
models for the simultaneous treatment of complex cri-
teria in the decision-making process. The proposed
fuzzy AHP and BWM model is used to solve the prob-
lem of site selection for an astronomical observatory.
In the proposed model, after analysing many crite-
ria composed of meteorological, geographical, and an-
thropogenic datasets, suitable sites are shown in red
in the (Fig. 6). The most crucial criterion in the
model is Cloud Cover. Meteorological datasets are
more important than geographic and anthropogenic
datasets in terms of weighting. The proposed areas
are essential for decision-makers to constrain alterna-
tives. This method should be supported by field tests
and the final location should be determined.
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Table 5: Criterion weights obtained by FAHP and BWM

methods.

Decision criteria
BWM

Weight

FAHP

Weight
Rank

C1 0,02204 0,01344 9
C2 0,04023 0,02727 8
C3 0,04023 0,02732 7
C4 0,04526 0,04812 6
C5 0,07242 0,07335 5
C6 0,12070 0,15998 4
C7 0,12070 0,17878 3
C8 0,28023 0,27807 1
C9 0,25819 0,19403 2
Sum 1,000 1,000
Average Ksi* 0,081 C.R 0,071

The estimated mean Ksi* of BWM is 0.081. Ksi*,
the closeness of Ksi to zero increases the reliability
of expert benchmarks (Rezaei 2017). The maximum
acceptable limit of the consistency ratio for the nine-
point scale and nine decision criteria is 0.4747 (see Ta-
ble 6). Therefore, it can be concluded that the calcu-
lated results are reliable and acceptable (Chowdhury
and Haque Munim 2022).

The consistency ratio (CR) of FAHP expert
benchmarks ∈ [0, 1]. In our study, the value CR was
calculated to be 0,071. Reliability increases as the
value CR approaches zero. If CR ≤ 0, 1, the deci-
sion matrix is consistent (Wu et al. 2008). The BWM
model functions similarly to the FAHP but uses fewer
pairwise comparisons to determine criterion weights
in a simpler manner (Chowdhury and Haque Munim
2022). The weight coefficient of the FAHP model
has a lower consistency ratio than the BWM and the
value of the weight coefficient is less reliable.

There are similarities and differences between the
BWM criteria weights and the FAHP weights for the
criteria used in studies to select sites for astronomi-
cal observatories, Table 5. While the criterion Cloud
Cover was the most important criterion in the BWM
method with 28%, a value close to the BWM method
with 27.8% was the most important criterion in the
FAHP method. The criterion DEM was found to be
the second most important criterion in the ranking of
criteria with 19.4% values in FAHP method and 5.8%
in the BWM method. The criterion distance to the
road was found to be the least important criterion in
both MCDA methods. The criteria weights and their
order are shown in Table 5. In addition, meteorologi-
cal criteria were the most important group of criteria,
with values of 50.4% by the FAHP method and 44.6%
by the BWM method. Geographical criteria were
the second most important criteria group with val-
ues of 32.1% by the FAHP method and 41.1% by the

BWM method. It was found that anthropogenic cri-
teria ranked third in the order of criteria groups with
values of 24.6% according to the FAHP method and
21.5% according to the BWM method. According to
the MCDA method, the Cloud Cover, Precipitable
Water Vapor, DEM, and city lights criteria have a
large share in the weighting of all criteria with total
values of 81% by the FAHP method and 77.9% by the
BWM method. In the proposed model, the FAHP
and BWM methods were used separately to deter-
mine the weighting of many criteria consisting of me-
teorological, geographic, and anthropogenic datasets.
These two approaches were used to obtain two differ-
ent result maps (see Fig. 6) comparing the results and
criteria weights. The most important criterion of the
model is Cloud Cover. Meteorological datasets are
more important than geographic and anthropogenic
datasets in terms of weighting. The proposed areas
are important for decision-makers to constrain alter-
natives. This method was to be substantiated by
field trials, and the final location was to be deter-
mined. The objective of the study was to present
the factors affecting the site selection for an optical
astronomical observatory and to present alternative
sites for the observatory in Malatya. The meteorolog-
ical data group was identified as the most important
group of criteria. Cloud Cover was identified as the
most important criterion. Cloud Cover, Precipitable
Water, DEM, and the lights of the city were identi-
fied as important decision criteria. according to fuzzy
AHP, the most suitable areas constitute 16,73% of the
working area, while according to the BWM model, it
constitutes 16,45%. The most suitable areas deter-
mined by the FAHP method and the most suitable
areas determined by the BWM method overlap. In
both methods, the amount of overlapping surfaces is
very large. Since these areas result from two meth-
ods, we recommend that they be tested primarily in
field trials. Since the increase of aerosols in the atmo-
sphere has a negative effect on atmospheric visibility,
it is not preferred for astronomical observations (Sol-
maz et al. 2021, Varela et al. 2008). Aerosol Optical
Depth (AOD) is the most commonly used dataset
for estimating aerosol content in the air (Koçak and
Ebrahimi 2020, Aksaker et al. 2015).

It can be related to the work to be done by adding
AOD to the meteorological datasets we use in similar
studies. The astronomical observatory site selection
is open to the use of different MCDM methods.

While our study suggests the best alternative ar-
eas to build the observatory to operate at maximum
optical efficiency, it is important in terms of saving
time and energy by limiting alternative areas within
the study area and demonstrates the applicability of
various MCDA methods in observatory siting stud-
ies. When deciding on the final site, it is important
to support the areas proposed in our study with field
measurements.

49



A. YILMAZ

Table 6: Criterion for a 9-point pairwise comparison scale.

Criteria 3 4 5 6 7 8 9
Consistency rate
(for 9-point pairwise
comparison scale) 0,2122 0,3653 0,4055 0,4225 0,4445 0,4587 0,4747
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APPENDIX

LIST OF ABBREVIATIONS

(GIS) Geographic Information System
(FAHP) Fuzzy Analytical Hierarchy Process
(AHP) Analytical Hierarchy Process
(MCDA) Multi-Criteria Decision Analysis
(BWM) Best Worst Method
(MODIS) Moderate Resolution Imaging Spectrora-
diometer
(VIS) Spectral Bands With Wavelengths In The
Visible
(NSIDC) National Snow and Ice Data Center
(LAADS) Atmosphere Archive and Distribution
System
(HDF) Hierarchical Data Format
(AVHRR) Advanced Very High Resolution Radiome-
ter
(DTU) Technical College of Denmark
(GWA) Global Wind Atlas
(DEM) Digital Elevation Model
(SRTM) Shuttle Radar Topography Mission
(USGS) U.S. Geological Survey.
(MTA) General Directorate of Mineral Research and
Exploration
(EOG) The Earth Observation Group
(VIIRS)The Visible and Infrared Imaging Package
(JPSS) Joint Polar Satellite System
(JSON) JavaScript Object Notation
(KML) Keyhole Markup Language
(GTOPO30) Global 30 Arc-Second Elevation
(C.R) Consistency Ratio

(C.I) Consistency İndex
(TFN) Triangular Fuzzy Numbers
(BO) Best-Others
(OW) Worst- Others
(AOD) Aerosol Optical Depth
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Struqni qlanak

Uspostavǉaǌe opservatorije qesto ukǉu-
quje slo�ene odluke, poput izbora lokacije,
na osnovu vixe kriterijuma koji me�usobno
mogu biti suprotstavǉeni. U ovoj studiji raz-
vijamo proces analize odluqivaǌa zasnovanog
na vixestrukim kriterijumima koji kombinu-
je analizu Geografskog Informacionog Sis-
tema (GIS) sa Vixekriterijumskom analizom
odluka (MCDA), i koristi ovaj proces za od-
re�ivaǌe najprikladnijih lokacija za izgrad-
ǌu opservatorije u urbanom podruqju Mala-
tije. GIS je korix�en za proraqun, klasifi-
kaciju i analizu kriterijuma, dok su FAHP
(Rasplinuti analitiqki hijerarhijski pro-
cesi, Baklijeva metoda) i BWM (tip MCDA
metoda, tzv. najboǉi-najgori metod) metode
korix�ene za ote�avaǌe kriterijuma odluqi-
vaǌa i procenu ǌihovih uticaja na izbor al-
ternativne lokacije. Dok je kriterijum ”prek-
rivenosti oblacima” u BWM metodi bio naj-
va�niji kriterijum sa 28%, vrednost najva�-

nijeg kriterijuma u FAHP metodi je uporedi-
va i iznosi 27,8%. Meteoroloxki kriteriju-
mi bili su najva�nija grupa kriterijuma sa
vrednostima od 50,4% prema FAHP metodi, i
44,6% prema BWM metodi. Studija se zasni-
va na meteoroloxkim, geografskim i antro-
pogenim skupovima podataka, predla�u�i naj-
prikladnije lokacije za astronomske opserva-
torije unutar granica ovde prouqavanog pod-
ruqja. Predlo�ene lokacije su rezultat izbo-
ra lokacije, koji je prva faza izbora lokacije
za astronomske opservatorije. Izbor lokacije
je va�an za ograniqavaǌe broja alternativ-
nih lokacija. Neophodno je sprovesti teren-
ske testove me�u predlo�enim podruqjima i
odabrati konaqnu lokaciju prema rezultati-
ma. Uspexna upotreba GIS-a i vixe od jedne
MCDA metode otvori�e put za razvoj razli-
qitih metoda za odre�ivaǌe lokacije astro-
nomske opservatorije.
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