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ARTICLE INFO ABSTRACT

One of the most important signs of decreasing quality of life in urban environments is the reduction of thermal
comfort. Heat discomfort has a negative impact on physical and mental performance of humans. Hence, it is of
outmost importance to monitor thermal comfort patterns in cities and study its effect on people. The main

Keywords:
Thermal comfort
Remote sensing

MCDA objective of this study is to present a spatial multi-criteria decision analysis (MCDA) model for modeling thermal
grfl\it of life comfort for Tehran as a case study. For doing so, the reflectance and thermal information extracted from
Tehrar}: Landsat-8 satellite images, ASTER digital elevation model, MOD07 water vapor, and meteorological/climatic

datasets were used. Several indicators including the downward shortwave radiation (SWD) and longwave ra-
diation (LWD) to surface, upward longwave radiation (LWU) from the surface, brightness, greenness and wetness
of the surface were derived. An Ordered Weighted Averaging (OWA) method was adapted considering different
mental circumstances e.g., extremely pessimistic, pessimistic, neutral, optimistic and extremely optimistic. Our
findings determine the geographical variation of thermal comfort across our study area e.g., the cold periods of
the year are spread in the west and north-west side and the warm periods of the year on the west and north-west,
while the central, northern, and eastern regions have a more favorable thermal comfort than other regions. The
areal percentage of very suitable thermal comfort category for very pessimistic, pessimistic, neutral, optimistic,
and very optimistic during the warm period of the year was 2.7, 5.1, 4.4, 13.4 and 1.18, respectively and in the
cold period of the year was 9.1, 13.3, 18.3, 28.9 and 33.9, respectively. In both warm and cold periods with
increasing degree of optimism, the area of favorable thermal comfort classes increases, while the area of un-
favorable thermal comfort categories decreases. Our results and conclusions drawn from our proposed approach
are useful for urban planners and public health researcher for monitoring quality of life in cities.

1. Introduction downward shortwave radiation (SWD) and longwave radiation (LWD)

to surface, temperature, humidity, wind patterns, and the reduction of

Nowadays, more than 55% of the world's population live in urban
environments (Malik and Dewancker, 2018) and this rate is expected to
reach 68% by 2050 (UnitedNations, 2018). The rise of urban popula-
tion over the past decades has caused the physical expansion of cities.
On the other hand, physical development of cities has made a lot of
changes in terms of land use, morphology, and urban heat island (Weng
et al., 2018; Karimi Firozjaei and Kiavarz, 2018; Huang et al., 2018; Yan
et al.,, 2018) as a result of social and environmental abnormalities
(Mirbagheri and Alimohammadi, 2017).

Replacing natural land cover with impervious surfaces such as pa-
vers, buildings, and other urban structures can change the absorption of
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surface cooling effects caused by evapotranspiration (Musse et al.,
2018; Wang et al., 2018a). In addition, the heat and pollution caused by
vehicles, industries, and other anthropogenic activities increase the
pollution and air temperature of urban areas (Santamouris and
Kolokotsa, 2015). These widespread anthropogenic changes have ne-
gative consequences such as environmental degradation, which ulti-
mately leads to a decline in quality of life (Musse et al., 2018).

One of the most important signs of decreasing the quality of life in
urban environments is the reduction of human thermal comfort (Shek
and Chan, 2008; Zhu et al., 2018; Geleti¢ et al., 2018). The rapid
growth of cities and the expansion of urban areas have led to major
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environmental changes and change in thermal comfort conditions,
especially in urban open spaces. Thermal comfort is a condition of mind
that expresses the satisfaction of the surrounding thermal environment
(Choi and Yeom, 2019; Li et al., 2018). Heat discomfort has a negative
effect on human physical and mental performance, including fatigue,
sleep disturbances, reduced ability to perform mental activities, health
problems and even death (Garcia-Herrera et al., 2010; Xu et al., 2012;
Wang et al., 2018b). Therefore, monitoring, prediction, and recognition
of thermal comfort patterns is very important for solving human health
challenges as well as planning physical sights, social and economic
services, and energy consumption in cities (Bhattacharjee and Ghosh,
2015; Mushore et al., 2018).

The thermal comfort in urban environments is caused by the in-
teractions of climatic conditions, surface biophysical characteristics and
structural characteristics of urban areas. The heterogeneity in the cli-
matic conditions of urban areas and the characteristics of urban sur-
faces causes spatial heterogeneity of citizens’ thermal comfort (Mushore
et al.,, 2018). According to (Wang et al., 2004; Stathopoulou et al.,
2005; Sobrino et al., 2013; Xu et al., 2017; Mushore et al., 2018; Song
and Wu, 2018), thermal comfort in urban environments is mainly af-
fected to environmental and surface conditions, including SWD and
LWD to surface, LWU from the surface, brightness, greenness and
wetness of the surface (Tsunematsu et al., 2016).

In previous studies, the thermal comfort of a city was calculated
based on the climatic data of one or more meteorological stations (Toy
et al., 2007; Kantor and Unger, 2010; Gémez et al., 2013; Van Hove
et al., 2015; Qaid et al., 2016; Katavoutas et al., 2016; Morris et al.,
2017). The data recorded at the synoptic stations lacks a sufficient
spatial resolution and therefore, is not possible to accurately model the
thermal comfort at a local scale based on local measurements across the
entire city (Liu et al., 2018). Because, a few climatological measure-
ments across the entire city instead of a continuous measurement are
inserted in the model. This is why remote sensing data should be used
to gain a continuous measurement for each pixel in the city.

Furthermore, it can provide additional data products that can be
easily integrated with geographical information systems (GIS)
(Zawadzki et al., 2005). Over the past years, it has become possible to
use space-based measurements in order to study the intensity and
spatial distribution of thermal discomfort in urban environments and
several studies including (Wang et al., 2004; Stathopoulou et al., 2005;
Sobrino et al., 2013; Xu et al., 2017; Song and Wu, 2018; Mahmoud and
Gan, 2018) have acknowledged the advantages of doing so. However,
the models presented in these studies for modeling thermal comfort are
limited to regression analysis (Wang et al., 2004; Stathopoulou et al.,
2005; Sobrino et al., 2013; Xu et al., 2017; Mushore et al., 2018; Song
and Wu, 2018) and offer low flexibility to consider the condition of
mind of each group of individuals.

In many cases, environmental decision-making in the risk space is
affected by the level of risk-taking and risk-averse decision-making.
Both theoretical and empirical evidences show that decision makers
with optimistic (or risk-taking) attitudes tend to be more concerned
with the desirable properties (better values) of alternatives, while
pessimistic (or risk-averse) decision makers tend to concentrate more
on the undesirable properties (worse values) of alternatives (Firozjaei
et al., 2018b). The literature lacks of considering the concept of risk in
decision-making to generate a thermal comfort map. The OWA deci-
sion-making model has the potential to incorporate the concept of risk
into multi-criteria decision making (Malczewski, 2006). The process of
making a final decision in this method is based on risk-taking and risk-
averse of the decision maker.

Generally, thermal comfort varies for different individuals, there-
fore, individuals have different mental circumstances of thermal com-
fort based on various parameters such as age, weight, health status and
degree of sensitivity to thermal waves. For this reason, each location
due to its climatic conditions, geometric and biophysical structure of its
surface might offer a suitable thermal comfort for a particular group of
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individuals, while it might be unsuitable for other groups. For example,
to select suitable locations of thermal comfort for sensitive and high-
risk groups e.g., elderly people, children and heat sensitive individuals,
pessimistic condition of mind should be considered. In this case, sui-
table regions are identified based on a set of rules i.e., whether the
region is suitable in terms of thermal comfort. On the other hand, for
those individuals, who are less or insensitive to thermal conditions, an
optimistic condition of mind should be considered.

Hence, the main objective of this study is to propose an approach
based on a spatial multi-criteria decision analysis (MCDA) model for
modeling thermal comfort in different scenarios. To do so, the OWA
model was used for a case study of Tehran in the warm and cold periods
of the year in extremely pessimistic, pessimistic, neutral, optimistic and
extremely optimistic scenarios. The contribution of the present study is
(a) the modeling of thermal comfort using a MCDA model based on the
set of environmental and biophysical parameters of the surface; and (b)
the consideration of different scenarios in modeling thermal comfort.

The remainder of this paper is structured as follows. Section 2
presents the study area and introduces the data and methods used in the
study. Section 3 presents the results, while Section 3 discusses the
findings, and finally the paper concludes some remarks and suggestions
for future works in Section 5.

2. Materials and methods
2.1. Study area

The chosen study area is Tehran, the capital of Iran. Tehran is the
largest and the most important city in Iran, which is spread from 51° 17”
to 51° 33’ eastern and 35° 36" to 35° 45’ northern. It is located in the
north of Iran in the southern slope of the Alborz Mountain and the
northern edge of the central desert of Iran, which offers a hetero-
geneous weather condition across the city. The current population of
Tehran with a growth rate of 1.31% (in 2018) is 8,895,947, and is
projected to reach 10,664,297 in 2035 (UnitedNations, 2018; world-
populationreview, 2018). The pressure of the population and the de-
mand for housing has led to the conversion of farms and open areas to
residential areas and even construction on the top of the surrounding
hills. The city has a relatively irregular urban pattern and a hetero-
geneous distribution of green spaces with a per capita green space of
4.5m? per person, which is substantially below the global average at
about 20-25 m? per person. The geographic location of the study area is
shown in Fig. 1.

2.2. Data

The data used in this study as well as their description is shown in
Table 1.

Meteorological and climatic data measured at 6 synoptic stations
located in the study area, including air temperature and relative hu-
midity were used. Meteorological and synoptic stations are spread
across diverse locations of the city reflecting heterogeneous topo-
graphy. The synoptic stations characteristics is shown in the Table 2.

2.3. Methodology

2.3.1. A conceptual model for modeling thermal comfort
The proposed approach for modeling thermal comfort is shown in
Fig. 2.

2.3.2. The OWA operator

The OWA, introduced by Yager (1988), is a multi-criteria aggrega-
tion operator, which has been widely used in a broad range of spatial
decision making and assessment applications (Malczewski and Rinner,
2015). The OWA operator aggregates the standardized factors using
two sets of weights: the factor weights (w;, w, ...,w,), and the order
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Fig. 1. (a) A true color composite of Landsat reflective bands, (b) major land cover types, (c) the Digital Elevation Model.

weights (4, 4, ...,4,). Given a set of standardized factors (aj;, aj, ...,
a;,) for the ith pixel (i =1, 2, ..., m), the OWA operator is described
below (Yager, 1988):

Ak UkZik
o1 Ak Uk

V) = 3

j=1

=

Aj=1land0 < A, <1
j=1 (@]

-
Il

V(A)) represents the overall score of the ith pixel and
Zi > Zip > ..>2Z;, is the sequence generated by ordering the standar-
dized factor values of the ith pixel. Uy is the weight of the kth factor,
which is measured from the ordered values of the factors (Z;). The
reordering process controls the OWA function, which involves linking
the order weight of 1; with a particular ordered factor value (Zi) in the
ith pixel. The first order weight, 4,, is associated with the highest factor
value for the ith pixel, the second order weight, 4, is associated to the
second highest value for the same pixel, and finally A, is associated to
the lowest factor value (Jelokhani-Niaraki and Malczewski, 2015;
Firozjaei et al., 2018Db).

The basic principle of the OWA is the possibility to implement a
variety of combination operators by selecting different set of order
weights (Jelokhani-Niaraki and Malczewski, 2015; Firozjaei et al.,
2018b). For example, the OWA operator serves as Boolean Intersection
(AND), Weighted Linear Combination (WLC), and Boolean Union (OR)
map combination rules when the set of order weights are (0, O,..., 1),
(n-1, n-1,..., n-1), and (1, O, ..., 0), respectively. The set of order
weights implicitly control the degree of risk (or ORness degree) in the
decision-making process. The ORness or risk-taking degree shows the
location of OWA operator from AND (minimum or very pessimistic

decision strategy) to OR (maximum or very optimistic decision
strategy) values. In other words, it shows the risk-taking or risk-aver-
sion tendency of a decision-maker. The greater and lower values of
ORness put emphasis on the higher values and the lower values in a set
of the factors associated with the ith pixel, respectively (Jelokhani-
Niaraki and Malczewski, 2015). The degree of ORness can be related to
order weights through the following equation:

n .
ORness = Z (n;i])/lk 0< ORness <1

k=1

@

The relation between ORness values and decision-making condi-
tions of mind strategies in the OWA model is shown in Fig. 3.

Fig. 4 shows an example of the OWA operator for ORness = 0.25.
For a set of standardized attribute values at the ith location, aij = [0.4,
0.9, 0.5], the procedure involves the following steps:

(i) identifying the attribute weights according to w; = [0.2, 0.3, 0.5],
(ii) ranking the attribute values and z;; = [0.9, 0.5, 0.4],
(iii) re-ordering the attribute weights according to z;; the attribute
weights, u; = [0.3, 0.5, 0.2],
(iv) calculating the order weights, v; = [0.027, 0.485, 0.488], and
(v) calculating the OWA score for the location i; OWA; = 0.462.

2.3.3. Data preprocessing

Before computing and extracting various parameters such as spec-
tral energy of reflective and thermal bands, it is necessary to collect
LSE, LST, albedo, and surface biophysical characteristics, radiometric
and atmospheric corrections of various bands from the input satellite
images. Fast Line-of-sight Atmospheric Analysis of Hypercubes
(FLAASH) algorithm was employed for atmosphere correction (Cooley
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Table 1

The data used in this study.

Description

Period

Resolution (m)

Sources

Data type

Landsat 8 satellite imagery from path-row 164/035 was used for modeling surface biophysical characteristics such as

land surface temperature (LST), Albedo, brightness, greenness, and wetness.

2013-2018

30/100 m

Landsat 8 (OLI/TIRS)

Satellite image

Global Digital Elevation Model (GDEM) of the study region with a spatial resolution of 30 m was used for modeling

30

Advanced Spaceborne Thermal Emission and Reflection

Radiometer (ASTER)

Digital elevation model

environmental parameters such as incoming radiation on the surface and Environmental Lapse Rate (ELR) effect.

The MODIS Atmospheric Profile product i.e., MYD07_L2, contains the following features: (1) total ozone; (2)

5000

Moderate Resolution Imaging Spectroradiometer (MODIS)

MODO7 water vapor

atmospheric stability; (3) temperature and moisture profiles; (4) and atmospheric water vapor. The MODIS

atmospheric water—vapor product is an estimated total tropospheric column water vapor made from integrated MODIS

infrared retrievals of atmospheric moisture profiles in clear scenes. This product was used for calculation of LST.

These datasets were used to calculate thermal comfort for the geographic location of each station at the time of

satellite passage.

Meteorological stations

Air temperature

Relative humidity
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Table 2
The synoptic stations characteristics.

Station name Longitude () Latitude (°) Elevation (m)

Shemiran 51.48 35.79 1549.12
Tehran (Mehrabad Airport) 51.31 35.69 1191.11
Lavasan 51.64 35.83 1863.23
Chitgar 51.17 35.73 1305.24
Shahriyar 51.02 35.67 1162.91
Geophysic 51.39 35.75 1418.63

et al.,, 2002) considering the importance of radiometric and atmo-
spheric effects on LST. This module is based on MODTRAN 4 model,
which inputs the time of satellite’s passage, the geographical position of
the study area, the sensor’s elevation, solar radiation angle, and the
atmospheric model of the region (Cooley et al., 2002; Weng et al.,
2019). The collected data from the USGS included the Landsat Level-1
Precision Terrain (L1TP) data, which is suitable for time-series analysis.
The geo-registration task was carried out resulting in an RMSE of <
12m (Moghaddam et al., 2018; Weng et al., 2019). Thermal Infrared
Sensor (TIRS) bands of Landsat 8 are acquired at 100 m resolution and
then resampled to 30m for compatibility with the other bands. The
image-to-image geometric correction was conducted to match Landsat
8 image and GDEM.

2.3.4. Relevant parameters to thermal comfort

A literature review shows that heterogeneity in the characteristics of
urban surfaces causes spatial heterogeneity of the thermal comfort of
individuals in different urban areas mainly affected by environmental
and surface conditions (Zhang et al., 2009). According to (De Ridder
et al.,, 2004), vegetation cover and green space can reduce thermal
stress and improve the environment and reduce contamination level
and help to provide a better environment. Vegetation creates a natural
air conditioning system by absorbing solar energy and transpiration of
water through its leaves. Natural surfaces contain more moist than
built-up in urban environments. Water, due to its high heat capacity,
absorbs heat from its surroundings and maintains it, therefore moist
reduces the surface temperature as well as the adjacent areas. Surface
temperature of impervious surfaces, sidewalks and street level can be-
come very high and subsequently increase the air temperature. When
surface’s temperature rises, the radiation of the diffused and reflected
sun increases, which increases the thermal comfort index. This means
that the earth’s surface exposed to direct sun radiation receives and
emits solar radiation resulting in increasing surface temperature, which
impacts outdoor thermal comfort. Built-up, vegetation cover, and water
body are three main land cover types in living environments, which
play a big role in humans’ living environment and humans’ thermal
sensation. Therefore, the relation between thermal comfort and built-
up, vegetation cover and water body has to be further investigated. In
the present study, six criteria representing environmental and biophy-
sical of the surface including SWD and LWD to surface, LWU from the
surface, Brightness, Greenness and Wetness of the surface have been
considered for modeling thermal comfort.

2.3.4.1. Calculation of upward longwave radiation (LWU) from
surface. The LWU is the thermal radiation flux, which is emitted from
the earth’s surface to the atmosphere (W m~2) and is measured by
means of Stefan-Boltzmann model as Eq. (3) (Waters et al., 2002):

Ry =g XxXoxT* 3)

where Ry is upward longwave radiation (LWU) from surface, ¢, the
emissivity ~ coefficient, o  the  Stefan-Boltzmann  constant
(5.67 x 10"8Wm™2K™*), and T, the LST (Kelvin). In this study, LST
was calculated using split window (SW) algorithms (Weng et al., 2019).
The normalized difference vegetation index (NDVI) base method is also
applied to calculate the emissivity (Li et al., 2016; Panah et al., 2017;
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Fig. 4. An exemplary computation of the OWA for the ith location and ORness = 0.25.
Firozjaei et al., 2018a). In order to calculate LST through SW method, model as presented in Eq. (6):
the amount of water vapor in the atmosphere is required. Hence, .
R_Ll = EaUTa (6)

MODO7 product at 5 km resolution was used to estimate the amount of
water vapor in the atmosphere.

2.3.4.2. Calculation of downward shortwave radiation (SWD) to
surface. The amount of SWD to surface includes direct and diffuse
solar radiation and direct and diffused reflected radiation from
neighboring regions (Karimi Firozjaei et al., 2018; Weng et al., 2019).
The value of this parameter depends on a set of criteria, such as
topographic conditions of the surface, sky cloudiness, atmospheric
conditions, temporal situation, latitude and longitude, albedo, and
surface topographic conditions (Firozjaei et al., 2018b; Karimi
Firozjaei et al., 2018). Given clear sky conditions, SWD to surface is
measured as a constant using Eq. (4) (Waters et al., 2002):

Rs) = G X c0s(0) X d; X Toy 4
where Ry, is downward shortwave radiation to surface, G the solar
constant (1367 Wm™2); d, the inverse squared relative distance of
earth to sun, and 7, the atmospheric transmissivity.
The solar local incidence angle was calculated using Eq. (5)
(Firozjaei et al., 2019; Duffie and Beckman, 2013).
cos(8) = sin(8)sin(p)cos(s) — sin(d)cos(p)sin(s)cos(y)
+ cos(8)cos(p)cos(s)cos(w) + cos(8)sin(p)sin(s)cos(y)cos(w)
+ cos(8)sin(y)sin(s)sin(w) (5)

where § is the declination of earth, ¢ the latitude of the pixel, s the
slope, y the surface aspect angle, and w the hour angle, all in radian.

2.3.4.3. Calculation of downward longwave radiation (LWD) to
surface. The LWD is the downward thermal radiation flux from the
atmosphere (Wm™2), which is calculated from the Stefan-Boltzmann

where RL, is downward longwave radiation to the surface, ¢, is the
atmospheric emissivity coefficient, o Stefan-Boltzmann's constant, and
T, is the air temperature of the near land surface (Kelvin) (Allen et al.,
2002). In this study, for modeling air temperature for each day, GDEM
and the recorded air temperature in the meteorological stations were
use based on the environmental lapse rate (ELR).

2.3.4.4. Modeling the biophysical characteristics. One of the widely used
methods for describing land surface is to calculate Tasseled Cap
Transformation (TCT) compounds. The TCT compounds represent
information such as brightness, greenness, and wetness. (Liu et al.,
2014; Liu et al., 2015; Karimi Firozjaei and Kiavarz, 2018). Greenness
in urban environments such as parks, trees, grasses, roof top vegetation
reduces cities’ temperature through evapotranspiration, reflectance,
and blocking the solar radiation winds. Brightness indicates impervious
surfaces and bare lands. Greenness represents vegetation coverage and
wetness indicates the wetness on top of the surface. Wetness indicates
water and moist on the surface, which has a cooling effect.

Various studies have been carried out on the development of TCT
bands combinations for satellite imagery related to different sensors
(Liu et al., 2014). In this study, Landsat 8 reflective bands were used to
calculate surface biophysical properties. The coefficients related to TCT
indicators for Landsat 8 images are shown in Table 3 (Liu et al., 2014;
Baig et al., 2014; Karimi Firozjaei and Kiavarz, 2018).

2.3.5. Standardization of criteria maps

The OWA-based GIS-MCDA requires the criteria values to be stan-
dardized, which means projecting them into the same value scale while
expressing the same meaning. For instance, high values represent
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Table 3

The coefficients used for calculation of TCT indicators for Landsat-8 images.
Component Band 1 Band 2 Band 3 Band 4 Band 5 Band 6 Band 7
Brightness - 0.3029 0.2786 0.4733 0.5599 0.508 0.1872
Greenness - —0.2941 —0.243 —0.5424 0.7276 0.0713 —0.1608
Wetness - 0.1511 0.1973 0.3283 0.3407 -0.7117 —0.4559

favorite areas and low values represent least favorite areas. The stan-
dardization was carried out using minimum and maximum values of
each criterion. Egs. (7) and (8) can respectively be used to standardize
criteria maps.

Sy — S
ama‘xij = “omax _ Qmin
S-S @
: S;" - Su
amin; = gmax _ Smln
j j @®

where amax; is standardized values of maximized criterion, aminy
standardized values of minimized criterion, Sjj the raw value for the ith
location and the jth criterion, Sg‘““ represents the minimum value for the
jth criterion, S{"is the maximum value for the jth criterion, a; is the
standardized value for the ith location and the jth criterion. The stan-
dardized maps range from 0 to 1 (Firozjaei et al., 2018b). The effect of
different criteria on the thermal comfort of the environment varies over
the warm and cold period of the year. For example, although vegetation
cover is favorable in warm season and it has a positive effect, but often
shows negative effects in cold seasons (Thom, 1959). Generally, during
the warm period, the most amount of vegetation cover and surface
wetness, and the least amount of SWD and LWD to surface, LWU from
the surface, surface Brightness are important for favorable thermal
comfort conditions. But for the cold period of the year, in order to
provide suitable thermal comfort conditions, the maximum amount of
SWD and LWD to surface, LWU from the surface, surface Brightness,
and the least amount of vegetation cover and surface wetness criteria
are important.

2.3.6. Weighting effective criteria

In this study, for weighing the effective criteria on thermal comfort
the objective weighting has been used. According to the correlation
coefficient of the values of each of the effective criteria with the thermal
comfort index values in the geographic location of the meteorological
stations for the period of 2013-2018, the weight of each criterion is
calculate using Eq. (9).

_ R
i R ©

where W, is the weight of the ith criterion, R? the correlation coefficient
of the ith criterion values with thermal comfort index values, and n the
number of criteria. Accordingly, a criterion that has a higher correlation
coefficient with thermal comfort index has more impact on it and
should have a higher weight in the MCDA.
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2.3.7. Thermal comfort at the meteorological stations

In this study, using the relative humidity and air temperature values
recorded at meteorological stations, thermal comfort is calculated for
the geographic location of each station at the time of satellite passage
based on the Eq. (10).

DI = T — 0.55(1 — 0.01RH)(T — 14.5) (10

where DI is the thermal comfort indicator, T temperature (°C) and RH
relative humidity (%) in the geographic location of the ground stations
and meteorological stations. The Discomfort Index (DI) was first in-
troduced by Thom (1959), which, as a linear equation, determines the
thermal comfort of the human in the open space based on the

temperature and relative humidity. The DI index describes the re-
lationship between the living environment and human's thermal sen-
sation (Carlucci and Pagliano, 2012). In previous studies, the features of
the living environment are rarely examined. The study by (Xu et al.,
2017) shows that human’s perception of thermal discomfort is also
spatial and varies as we move across space. Based on the conceptual
model presented in Fig. 2, thermal comfort maps for the study area
were prepared for ORness values 0, 0.25, 0.5, 0.75 and 1, corresponding
to extremely pessimistic (ORness = 0), pessimistic (ORness = 0.25),
neutral (ORness = 0.5), optimistic (ORness = 0.75) and extremely op-
timistic (ORness = 1) condition of mind in modeling thermal comfort.

3. Results

In this study, six criteria reflecting environmental and surface bio-
physical characteristics including SWD and LWD to surface, LWU from
the surface, brightness, greenness and wetness of the surface were
considered. Each of the criteria was standardized based on its range of
values. Criteria maps of environmental parameters and surface bio-
physical characteristics of the effective on thermal comfort for the
periods related to the warm and cold period of the year are shown in
Fig. 5.

SWD and LWD to the surface, LWU from the surface, built-up lands,
vegetation cover and water body play divergent roles on DI. Hence,
these parameters were extracted for the same geographic location of the
meteorological stations. Also, their DI values were calculated based on
air temperature and relative humidity. To survey the effect of each of
the environmental parameters and surface biophysical characteristics
on the thermal comfort index, the correlation coefficient between each
of parameter and the thermal comfort indicator is calculated. The re-
sults related to the effect of each of the environmental parameters and
surface biophysical characteristics on the thermal comfort index are
shown in Table 4.

The results presented in Table 4 show the effect of each of the en-
vironmental parameters and surface biophysical characteristics on
thermal comfort index. SWD and LWD to surface, LWU from surface
parameters with correlation coefficients 0.56, 0.21, and 0.84, respec-
tively, while the surface biophysical characteristics of brightness,
greenness and wetness with correlation coefficients 0.38, 0.28 and 0.30
respectively had the highest effect on the thermal comfort index DI.
Based on the correlation coefficient between each of the environmental
parameters and surface biophysical characteristics with the values of
DI's thermal comfort index in the geographic location of the meteor-
ological stations, the weight of each of the criteria shown in Fig. 6 is
calculated in the MCDA model. The weight of each of the effective
criteria on the thermal comfort of the study area is shown in Table 5.

The classified maps of thermal comfort in the condition of mind of
the warm and cold periods of the year are shown in Fig. 6.

Fig. 6 shows that in the cold period of the year, the west and north-
west parts, and in the warm period of the year, the central, northern,
and eastern parts offer suitable and very suitable thermal comfort than
the remaining parts of the study area. In different condition of mind, the
area and spatial distribution of different classes of thermal comfort are
different. The area of thermal comfort classes is calculated for warm
and cold periods of the year for different condition of mind and is
shown in Fig. 7.

According to Fig. 7, in both warm and cold periods with increasing
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Fig. 5. Criteria maps of environmental parameters and surface biophysical characteristics for the warm and cold periods of the year.

degree of optimism, the area of suitable and the very suitable classes of
thermal comfort increased. Also, the area of unsuitable and very un-
suitable classes of thermal comfort decreased so that the areal

percentage for category of very suitable for extremely pessimistic,
pessimistic, neutral, optimistic and extremely optimistic condition of
mind during the warm period of the year, is 2.7, 1.5, 8.4, 13.4 and 13.1,
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Table 4 Table 5
The correlation between discomfort index and each environmental parameter The weights of criteria on the thermal comfort of the study area in the MCDA
and surface biophysical characteristics. model.
Selected criteria LWU SWD LWD Brightness  Greenness Wetness Selected criteria LWU  SWD  LWD  Brightness  Greenness  Wetness
R? 0.8456 0.5627 0.2173 0.3824 0.2817 0.3037 Weight 0.35 0.23 0.05 0.14 0.11 0.12
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Fig. 6. The classified maps of thermal comfort in condition
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Fig. 7. The area of thermal comfort classes in the warm and cold periods of the
year for different condition of mind.

respectively, and in the cold period, is 9.1, 13.3, 18.3, 28.9 and 33.9,
respectively.

4. Discussions

The thermal comfort of a city is usually calculated based on climatic
data collected at meteorological stations (Van Hove et al., 2015; Toy
et al., 2007; Qaid et al., 2016; Kantor and Unger, 2010; Morris et al.,
2017; Gémez et al., 2013; Geleti¢ et al., 2018). The data recorded at
synoptic stations lack a fine spatial resolution. Due to this lack as well
as the heterogeneity of urban environments, measurements from a few
synoptic stations’ result in uncertainties in calculated thermal comfort
patterns across the entire city. Hence, the continuous spatial coverage
and concurrency of remote sensing data as well as provision of energy
reflectance and thermal information allow us to obtain more accurate
results. On the other hand, previous remote sensing-based models are
limited to statistical relationships and regressions (Mushore et al., 2018;
Song and Wu, 2018; Xu et al., 2017; Stathopoulou et al., 2005; Wang
et al., 2004; Sobrino et al., 2013), which makes them less flexible to
consider the condition of mind of individuals. The OWA model has been
used in various fields such as land use modelling (Malczewski, 2006),
health analysis (Clements et al., 2006), tourism planning (Claus and
Martin, 2004), environmental monitoring (Carrara et al., 2008), natural
resources’ planning (Malczewski et al., 2003), landslide hazard assess-
ment (Feizizadeh and Blaschke, 2013), earthquake risk assessment
(Rashed and Weeks, 2003), water resources management (Chen and
Paydar, 2012), geology (de Aratjo and Macedo, 2002). In this study,
OWA as a spatial MCDA was implemented that allowed us to model
thermal comfort for optimistic to pessimistic scenarios. The unique
contribution here is that in addition to considering the values and
weight of the criteria, the ORness parameter is also reflected, which
makes it possible to consider different condition of mind in the model.
In previous studies, it was shown that environmental parameters and
surface biophysical characteristics such as surface temperature, vege-
tation cover, built-up lands, surface albedo and solar radiation affect
spatio-temporal changes of thermal comfort index measured at

10

Ecological Indicators 104 (2019) 1-12

meteorological stations (Van Hove et al., 2015; Qaid et al., 2016; Song
and Wu, 2018; Xu et al., 2017; Stathopoulou et al., 2005; Wang et al.,
2004; Sobrino et al., 2013; Mahmoud and Gan, 2018). In previous
studies, the effect of land surface emissivity as well as SWD to surface
were neglected (Mushore et al., 2018; Song and Wu, 2018; Xu et al.,
2017; Stathopoulou et al., 2005; Wang et al., 2004; Sobrino et al., 2013;
Polydoros and Cartalis, 2014). In this study, by considering LWU in-
stead of LST, the influence of land surface emissivity is also considered
in the modeling thermal comfort, because as surface brightness in-
creases, the sensible heat flux increases. This finding suggests that in-
creased brightness can significantly affect the thermal comfort of pe-
destrians in urban open spaces. Since the thermal comfort depends on
the mean radiant temperature, the increase in surface albedo increases
the short-wave radiation from the ground to the sky. It should be noted
that pedestrians reduce the earth’s surface exposed to sun radiation
while walking in urban environments, but they suffer both from an
increase in the reflected radiation from the surface as well as the direct
sun radiation (Taleghani, 2018). The degree of influence for each of the
environmental parameters and surface biophysical characteristics on
the thermal comfort index is different as shown in Tables 4 and 5. Our
results show that based on the correlation coefficient between each of
the environmental parameters and surface biophysical characteristics
with the values of DI in the geographic location of the meteorological
stations, LWU from the surface, SWD to the surface, surface biophysical
characteristics of brightness, wetness, greenness and LWD to the surface
have the highest impact on the DI, respectively.

Generally, the thermal comfort related to pessimistic circumstances
can be useful for sensitive and high-risk groups including the elderly,
children and heat sensitive individuals (see Fig. 6). In this case, suitable
and very suitable regions were identified. For this reason, the area of
these classes in the thermal comfort map is less than the more opti-
mistic condition of mind (see Fig. 7). On the other hand, the output
related to the optimistic condition of mind for local individuals who are
least sensitive to the thermal conditions of the environment is useful
(see Fig. 6). Investigating the results of the spatial MCDA model for
Tehran shows that in the cold and warm periods of the year, the wes-
tern and north-west and the central, northern, and eastern regions re-
spectively, are suitable and very suitable in terms of thermal comfort
compared to other regions of the study area. In different conditions of
mind, the area and spatial distribution of different classes of thermal
comfort are different. In both warm and cold periods of the year with
increasing degree of optimism, the area of suitable and the very suitable
categories of thermal comfort increase (Fig. 7).

The presented results are sensitive to the following factors: a) the
choice of modeling technique and the used thresholds in the model, b)
the choice of remote sensing indices e.g., greenness, wetness, bright-
ness, c) heterogeneity of spatial/temporal resolution of satellite images
and products. With respect to the latter factor, only a few remote sen-
sing sensors offer the data needed to conduct this study e.g., the thermal
images, water vapor products, among others. Future studies should aim
at acquiring finer remote sensing data and products with least varia-
bility of spatial and temporal resolution of input data.

5. Conclusions

Thermal discomfort has a negative effect on human physical and
mental performance causing fatigue, sleep disturbances, reduced ability
to perform mental activities, health problems and even death.
Therefore, it is of outmost importance to detect, monitor, and predict
thermal comfort patterns for solving human health challenge's, im-
proving urban planning practices, optimizing physical sights, climate
change adaptation, planning social and economic services, and efficient
energy consumption in cities. The heterogeneity across urban en-
vironments causes spatial heterogeneity of the thermal comfort of in-
dividuals, which are mainly due to environmental and surface condi-
tions. In this study, a GIS-based MCDA model was used for modeling of
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thermal comfort of Tehran in different mental circumstances scenarios.
The results show that, in different condition of mind, the area and
spatial distribution of different classes of thermal comfort are different.
Also, with increasing degree of optimism, the area of suitable and un-
suitable categories of thermal comfort decreases. The proposed spatial
MCDA model can be adapted to model thermal comfort for other cities
especially those located in arid regions and are extremely influenced by
climate change. As per future directions, the development of a web-
based solution for acquiring satellite images (near) real-time and cal-
culating and visualizing the results of thermal comfort is recommended.
Furthermore, future studies should incorporate other surface biophy-
sical characteristics such as normalized difference vegetation index
(NDVI), temperature vegetation dryness index (TDVI) and soil adjusted
vegetation index (SAVI) for modeling thermal comfort (Yuan and
Bauer, 2007; Zawadzki et al., 2016).
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