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Abstract
Climate change-induced extreme meteorological phenomena, such as sudden temperature fluctuations, are raising global 
concerns. Increasing their adaptation capacity against temperature changes between seasons is becoming a more critical 
issue. The aim of this paper is to explore the association between surface temperature (ST) during the four seasons and urban 
geography in the city center of Izmir. The study identifies built environment parameters that impact seasonal land surface 
temperatures (LST) through spatial and statistical analysis at the local scale. At the same time, QUADRANT analysis revealed 
the spatial distinction between neighborhoods showing high LST compliance on a local scale (cooler summers and warm 
winters as well as neighborhoods showing LST sensitivity (hotter summers and colder winters. A spatial distinction is also 
revealed, showing significant differences in vegetation, number of buildings, building heights, and land use/cover change 
types. Geographic regression simulations show that the density of vegetation is vital in mitigating seasonal LST values, 
especially in making summers cooler and winters warmer. At the same time, population and built-up area density also play 
a role in increasing LST. Findings are consistent for neighborhood-scale analyses. Variables explain 26% in autumn, 31% 
in winter, 34% in spring, and 43% in summer. The study, which reveals the pressure of population and urbanization on tem-
peratures, also highlights the adaptive character of the environment in adjusting the temperatures.
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Abbreviations
AICc	� Akaike’s information criterion
CC	� Climate change
GWR​	� Geographically weighted regression
GW	� Global warming
HW	� Heat waves
LSA	� Land surface albedo
LST	� Land surface temperature
LULC	� Land use/land cover
NDVI	� Normalized difference vegetation index

OLS	� Ordinary least squares
SS	� Statistically significant
S	� Summertime
ST	� Surface temperature
UHI	� Urban heat island
UM	� Urban morphology
W	� Winter season
WHO	� World health organization

Introduction

Although rapid urbanization provides social and economic 
development, it also causes many social and ecological prob-
lems to arise in cities (Wu et al. 2010). One of the most 
important of these problems is urban heat island (UHI) for-
mation. During the urbanization process, natural surfaces 
are turned into permeable covers. Therefore, this implies 
that the land surface temperature (LST) to increase (Imran 
et al. 2021). Extremely high temperatures exacerbate many 
types of environmental issues, including the UHI effect and 
extreme climate phenomena, especially in metropolitan 
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cities, causing people to be negatively affected physically 
and psychologically (Wang et al. 2021; Yang et al. 2021; 
Ren et al. 2022; Xin et al. 2022).

Global warming (GW) and climate change (CC) world-
wide are causing more extreme weather occurrences (Aydin 
et al. 2024; Guven et al. 2024). Climate norms caused by 
GW have had an impact on cities and people in various ways, 
including meteorological droughts that have occurred in 
cities since 1974, heat waves (HW) in early summer that 
occur in spring, and cold solid waves in autumn (Park and 
Song 2023). According to the Intergovernmental Panel on 
Climate Change (IPCC), around 250,000 people are esti-
mated to be dead annually from 2030 to 2050 because of CC 
(IPCC 2023). Considering that urbanization will continue, 
increasing temperatures is inevitable for cities. Therefore, it 
is essential to develop strategies requiring effective, appro-
priate mitigation measures and environmental adaptation 
during the CC process (Isinkaralar et al. 2024a).

Increasing urbanization, especially anthropogenic 
activities greatly affects the climate worldwide (WHO 
2014; Hornsey and Fielding 2020). This situation has also 
caused and will continue to cause major changes in the 
physical geography of cities (IPCC 2022). Rapid popula-
tion growth in cities causes natural areas such as vegetation, 
water bodies, and agricultural areas to turn into impermeable 
surfaces and urban infrastructure areas (Yao et al. 2017; Dai 
et al. 2018). With the continuous increase in urbanization, 
the urban population also increases. Therefore, LULC plays 
a vital role in LST change (Choudhury et al. 2019; Tan et al. 
2020; Ayanlade et al. 2021).

Urbanization and rapid population growth in recent years 
have further increased the formation of UHI. The unplanned 
and unequal expansion of cities also causes an unbalanced 
increase in temperatures (Yin et al. 2018; Tanoori et al. 
2024). Therefore, LST is widely used to characterize the 
relationship between UHI formation and LULC, 3D urban 
geometry features (Oke et al. 2017; Guo et al. 2020a; Zhou 
et al. 2022; Liu et al. 2023). These relationships at the urban 
scale vary depending on seasonal and spatial characteristics 
and population density (Song et al. 2020; Guo et al. 2023). 
To reduce UHI formation in urban climate studies, deter-
mining the homogeneity and heterogeneity of local mor-
phology also appears as an crucial requirement. (He et al. 
2019a; Yuan et al. 2024). In urban environments, LST is an 
essential parameter in determining surface temperature (ST). 
Urban elements such as buildings and roads significantly 
affect temperatures (Liu et al. 2022; Moazzam et al. 2022). 
Therefore, determining and analyzing urban elements and 
their effects on thermal conditions are fundamental steps in 
sustainable urban design (Boeing 2018; Zhao et al. 2023a, 
b). Urban form analyses also enable cities to improve their 
capacity to adapt to extreme temperatures. Therefore, under-
standing urban form factors, which are closely related to 

LST changes throughout urban areas and seasons, is vital 
in urban climate studies. With seasonal changes, it will also 
be easier to create more effective policies in the adaptation 
process to climate change (Isinkaralar et al. 2024b).

UHI and HW are among the issues which will become 
more prevalent in cities in the Mediterranean basin, one 
of the major flashpoints of the climate crisis, in the future 
due to the harmful impacts of CC. According to climate 
change projections and the IPCC, in addition to tempera-
ture increases, it is necessary to pay attention to sea level 
increases, which may cause changes in many aspects of cit-
ies. Especially in coastal cities such as Izmir and Istanbul, 
due to their population density, socio-economic develop-
ment, and economic importance as commercial centers, it is 
predicted that the increase in sea levels may cause extreme 
storm events in cities and that these events will cause many 
physical, environmental and, therefore, social problems in 
cities. It is also predicted that these problems in cities will 
increase the formation of UHI and therefore the resilience of 
cities in the climate change process will weaken. According 
to the 6th Assessment Report published by the IPCC, the 
most pessimistic scenario is estimated to rise by approxi-
mately 0.5 m by the middle of the century and decreased by 
about 1 m until late in the century (IPCC 2022). Rising sea 
levels will cause extreme storm events in these cities and 
will cause many physical, environmental, and social prob-
lems. It is crucial to produce the most effective solutions 
against this process, which is expected to cause significant 
changes in the coastline. One of the main objectives is to 
increase the intervention power of cities in the adaptation 
process to climate change, which is one of the main causes 
of vital environmental problems today. In this context, this 
research emphasizes the relationship between ST and mor-
phological features that can be intervened during four sea-
sons at the neighborhood scale in Konak district of Izmir and 
the built environment parameters that affect this relationship.

Literature review

The determinants of LST, which represent the UHI, have 
been studied with variables and procedures in regions with 
varying regional and geographical specificities. While some 
of the studies used geographic information systems-based 
methods by Bokaie et al. (2016), He et al. (2019b), and Guo 
et al. (2020b). Similarly, Guo et al. (2021) used to investigate 
regional and geographical data with ordinary least squares 
(OLS) and geographically weighted regression (GWR). How-
ever, some of them used calculation methods based on remote 
sensing-based spectral indices by Firozjaei et al. (2018), Lu 
et al. (2020), and Zhang et al. (2023). The UM has gener-
ally been accepted as the main factor affecting UHI in studies 
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(Dimoudi and Nikolopoulou 2003; Li et al. 2011; Elmes et al. 
2017; Estoque et al. 2017; Zhou et al. 2018).

In addition to these evaluations, developments in geospatial 
analytics have enabled the evaluation of complex urban geom-
etries in particular within the scope of 3D features. With these 
developments, an increasing number of studies in recent years 
have investigated the relationship between urban morphology 
and UHI in the context of climate change and urbanization 
(Deilami et al. 2018; Nastran et al. 2019). However, most stud-
ies do not take into account the temporal and spatial changes 
in UHI formation and its relationship with urban morphology. 
Another critical situation that stands out in the studies is that 
UHI impacts not only affect urban climate and human health 
but also increase energy consumption (Weng et al. 2004; Yuan 
and Baurer 2007) and pollutant emissions (Adams and Smith 
2014) that threaten urban sustainable development (Shiflett 
et al. 2017; Liu et al. 2021). With rapid urbanization, the num-
ber of people living in cities is increasing, and available land 
resources are decreasing. Therefore, UM constantly changes 
(Estoque and Murayama 2014; Meng et al. 2018; Sun et al. 
2020a). Studies generally focused on determining the effects 
between LST and LULC or UM at the urban or local scale. 
However, especially in coastal cities at the neighborhood scale, 
there is no study comparing the relationship between environ-
mental, physical–social factors such as LST, LULC, average 
age, population density, total number of buildings, average 
building height, transportation network in the same model and 
also according to seasonal differences.

Another important finding in the studies is that urban cli-
mate should be addressed with a holistic perspective from the 
local to the regional scale. Planning decisions made as a result 
of evaluations made at the local scale, especially at the neigh-
borhood scale, and land use decisions made at the regional 
scale are largely effective on urban climate. UHI studies con-
ducted at the neighborhood scale emphasize that determining 
the effects of various land features on UHI and its relationship 
with the spatial scale are of critical importance for creating 
sustainable and healthy cities (Ferwati et al. 2019; Parsaee 
et al. 2019; Shi et al. 2021; Qi et al. 2024; Martin et al. 2024).

In this context, the research questions are as follows: (1) 
how can the relationship between LST and UM be modeled 
seasonally? (2) what are the key parameters for climate-sen-
sitive sustainable urban development policies that can be 
produced based on the impact of UM on LST at the neigh-
borhood scale?

Materials sand methods

Study area

Izmir is located in the south of Türkiye, between 38° 25′ 
60″ northern latitudes and 27° 9′ 0″ eastern longitudes. The 

province’s surface area is 12,012 km2, and its sea level rise 
is 2 m. Izmir is located at the beginning of a long and nar-
row bay. Konak, one of the central districts of Izmir, was 
selected as the field of investigation in Fig. 1. The surface 
area of Konak district is 24 km2. The district has a total of 
113 neighborhoods, and its total population is 332,277 peo-
ple, according to Turkish Statistical Institute (TUIK) 2022. 
Konak district, one of the metropolitan districts of Izmir, has 
many social, cultural, and economic values and is among the 
most important tourism cities in Türkiye.

Konak district is in the subtropical climate zone and Csa 
class according to the Köppen climate classification. The 
region has a Mediterranean climate, with mild and rainy 
winters and hot and dry summers. Annual precipitation 
varies between 300 and 700 mm. In the study area, strong 
winds are seen from December to April, while calm winds 
are seen from June to October. The wind mostly blows from 
the southwest to the northeast.

Data sources and processing

The current paper aimed to determine the association exist-
ing between ST and UM in the CC process and to compare 
this relationship depending on seasonal parameters. In this 
context, LST, an essential component of LST, was deter-
mined as the dependent variable. In contrast, 16 independent 
variables representing the UM and population component 
were determined in Table 1.

Land surface temperature (LST)

The LST map was obtained from 4 Landsat 8 OLI/TIRS 
satellite pictures supplied by the United States Geological 
Survey (USGS) with a resolution of 30*30 m and represent-
ing the study area in four seasons. The climate character-
istics of Konak district effectively determined each period 
of satellite imagery. Since the Landsat satellite passes over 
Izmir city at certain hours, images belonging to 08:45 in 
the morning were used. The clearest and smoothest satellite 
images were selected by considering the resolution status 
and cloudiness rates of the images. Since there are some 
software distortions in the satellite images, only one-day 
LST was used in seasonal ST determination. Satellite images 
within this scope were used to represent the winter season on 
07.01.2023, 07.11.2023 to the autumn season, 07.06.2023 
to the spring season, and 09.07.2023 to the summer season. 
The algorithms used to make the LST map with the help 
of the ArcGIS 10.4.1 program are here below (Barsi et al. 
2014; Roy et al. 2020). Equation 1 was initially applied to 
the data from band 10 of the Landsat 8 OLI satellite view to 
convert them into the spectral radiance values:
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where Lλ, ML, AL and QCal are the TOA spectral 
luminance (Watt/(m2 × srad × m)), Radiance Mult Band 
(Band10), Radiance Add Band(10) from the brightness val-
ues of the images, and quantized and calibrated standard 
product pixel values as Band10. Equation 2 was used for the 
calculation in Eq. (2):

where T is the temperature (Celsius), and K2 and K1 are 
the constant band(10). All information is obtained from the 
meta-data file of satellite images.

In the third step, normalized vegetation difference index 
(NDVI) analysis was performed after calculating the tem-
perature degree. Bands 4 and 5 of the Landsat 8 satellite 
image were used in NDVI analyses as Eq. (3):

(1)L
�
= ML ∗ Qcal + AL

(2)T =
K2

In
(

K1

L�
+ 1

) − 273.15

where bands 4 and 5 are satellite images.
After performing the NDVI analysis, the vegetation cover 

rate is calculated. This value is made using NDVI analysis. 
Equation (4) was used to calculate the vegetation cover ratio:

where PV is the vegetation rate, and NDVI is the NDVI 
analysis.

After calculating the vegetation cover ratio, LSE analysis 
was performed using Eq. (5). In addition, LST analysis was 
completed using Eq. (6):

(3)NDVI =
(Band5 − Band4)

(Band5 + Band4)

(4)PV =

(

(NDVI − NDVImin)

(NDVImax − NDVImin)

)2

(5)� = 0.004 ∗ PV + 0.986

Fig. 1   Maps of the working site
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where ε is the land surface emission, and PV is the 
vegetation ratio.

where T is the temperature (Celsius), λ is the spectral radiance 
wavelength (Landsat 8 band10), c2 = h*c/s = 1.43888*10–2 
mK = 14,388 mK, h is the Planck’s constant: 6.626*10−34 J s, 
s is the Boltzmann constant = 1.38*10–23 J K, c is the veloc-
ity of light = 2.998*108 m/s = 14,388, and ε is the LSE.

Normalized difference vegetation index (NDVI) and land 
surface albedo (LSA)

Sixteen variables explaining LST changes at the neigh-
borhood scale were determined. Seasonal NDVI analysis, 
one of these variables, was calculated while making the 
LST map. Seasonal variation of LSA values was made 
using Landsat 8 OLI/TIRS satellite images in the Arc-
GIS 10.4.1. The following algorithm was used to perform 
LSA analysis in Eq. (7) (Kikon et al. 2016; Naegeli et al. 
2017):

where α is the albedo value, and α2,4,5,6,7 represents satel-
lite image bands.

(6)
LST =

T
(

1 +
�∗T1

c2

)

∗ In(�)

(7)
� = (0.356�2 + 0.130 �4 + 0.373�5 + 0.085�6 + 0.072�7 − 0.0018)∕1.016

Urban morphology (UM)

Digital elevation model data provided by the United States 
Geological Survey (USGS) was used for elevation analy-
sis. For land use analysis, CORINE data were digitally 
downloaded from the Copernicus Land Monitoring Ser-
vice database, edited in the ArcGIS 10.4.1 program, and 
grouped into six classifications (residential, commercial, 
industrial, sport, and leisure areas, forest, and water areas).

The algorithm used to calculate the entropy index, 
which is an effective method for measuring land use diver-
sity, is shown in Eq. (8) (Jeon et al. 2023):

where pj is the percentage of land use in the neighborhood 
unit, and k is the total number of land use classifications.

The values obtained at the end of the Entropy index 
vary between 0 and 1. Values close to 1 indicate the diver-
sity of land use in that area. All variables used in the study 
were grouped at the neighborhood scale according to the 
(Jenks) method. It is preferred way because it provides 
more objective results in the classification of maps. The 

method is based on a statistical formula’s natural grouping 

(8)Entropy = −

∑k

j
= 1pj ln pj

ln k

Table 1   Dependent and explanatory variables used in the study

Category Variables Unit Source Spatial resolution

Dependent Seasonal LST °C Landsat 8 OLI/TIRS 30*30 m
Explanatory Vegetation Seasonal normalized difference vegeta-

tion index
[0–1] Landsat 8 OLI/TIRS

Natural structure Elevation m DEM 1-ARC​
Land use type Residential % CORINE, 2018 Sentinel 2 (10 m)

Landsat (100 m)Commercial and industrial %
Sport and leisure %
Port areas %
Forest %
Water %

Land use diversity Entropy index [0–1]
Transport Railways m Extract.bbkike

Roads m
Reflectance Seasonal land surface albedo (LSA) [0–1] Landsat 8 OLI/TIRS 30*30 m
Buildings Number of buildings Value Extract.bbkike

Average building height m
Population Population density Person/km2 TUIK 2022

Mean age Value
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of data. This grouping helps to determine the differences 
between classes by grouping similar values.

The transportation data required within the scope of 
transportation was obtained from the Extract.bbkike (https://​
extra​ct.​bbbike.​org/) database, which is an extension of Open 
Street. The ArcGIS program organized the data and grouped 
as railways and roads. Data regarding buildings, an impor-
tant representation of UM, were obtained from the Extract.
bbkike (https://​extra​ct.​bbbike.​org/) database, which is an 
extension of Open Street. The clip method was used in the 
ArcGIS 10.4.1 program to calculate the total number of 
buildings at the neighborhood scale.

The height data of the buildings were obtained from the 
Copernicus Land Monitoring Service database. The obtained 
elevation data were organized in the ArcGIS 10.4.1 program 
and classified into four groups representing the study area. 
Finally, the population data of the study area were obtained 
from the Turkish Statistical Institute (TUIK) database and 
transferred to the database created with the help of the Arc-
GIS 10.4.1 program.

Spatial analysis

OLS, a global regression method which is supported by 
regression analysis, was used to examine the correlation 
between LST values and the potential factors that may 
impact them. OLS is a linear regression model that models 
the relationship between the dependent and explanatory vari-
ables (Unsal et al. 2023).

Quadrant analysis

Quadrant analysis is considered a useful method for evalu-
ating the current climatic situation and making effective 
planning decisions in the climate change process (Zhou 
et al. 2015; Ma et al. 2020). In quadrant analysis, the spatial 
distribution of the quadrants is effective in determining dif-
ferences in terms of LULC and morphology. Using average 
LST values, quadrant analysis allows the study area to be 
classified in four categories according to the summertime 
(S) LST values on the axis and the intersection of the winter 
season (W) LST values on the y-axis in Fig. 2. There are 
four different quarters (Q1, Q2, Q3, and Q4) in the analysis. 
These quadrants are explained as follows (Jeon et al. 2023):

• Q1: Warmer LST values in S and W than in other 
regions,
• Q2: cooler LST values in S, warmer LST in W,
• Q3: cooler LST values in both S and W,
• Q4: the worst case of LST changes in regions with 
higher levels in S and colder degrees in W.

Results

Seasonal variation of LST

Seasonal LST values of İzmir Konak district in 2023 were 
performed by Landsat 8 OLI-TIRS satellite image with 30 m 
spatial resolution. Looking at the seasonal LST maps, it is 
seen that the temperature values are between 55.95–60.84 °C 
in autumn and 47.20–52.30 °C in winter, while these values 
increase to 62.16–67.90 °C in spring and 64.43–71.18 °C in 
summer. LST values, which are the most important impact 
of climate change on cities, clearly show its impact in the 
study area. The 10.84 °C increase in temperature values in 
8 months from the autumn to the summer season is an essen-
tial symptom of the impact of CC on coastal cities in Fig. 3.

Seasonal variation of normalized difference 
vegetation index (NDVI) and land surface albedo 
(LSA)

When looking at the seasonal NDVI change of Konak 
district, the lowest NDVI values are seen in autumn 
(− 0.01–0.05) and winter (− 0.01–0.04), while the high-
est NDVI value is seen in winter (0.35–1.00). When sea-
sonal NDVI distribution maps are examined, it is seen that 
although there is an increase in the number of neighbor-
hoods with NDVI concentration between the autumn and 
summer seasons, the highest NDVI values also decrease. 
This is an important indicator that the vegetation cover is 
weak in Fig. 4.

Looking at the seasonal LSA distribution maps of Konak 
district, although the highest LSA values are seen in the 
summer season (0.20–0.25), the number of neighborhoods 
with the highest LSA values is higher in the autumn season 
(0.15–0.19) (39 neighborhoods). The increase in LSA values 
from autumn to summer is an important indicator that the 

Fig. 2   Quadrant analysis matrix (Jeon et al. 2023)

https://extract.bbbike.org/
https://extract.bbbike.org/
https://extract.bbbike.org/
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surface reflectivity is high in the district. This is an effective 
parameter in reducing UHI formation by preventing the sur-
face from heating. In this context, it is an essential indicator 
that the district has practical albedo values in Fig. 5.

Urban morphology features

Land uses and entropy index results

When looking at the elevation map of Konak district at the 
neighborhood scale, average heights mainly vary between 
− 11 and 82 m. It appears that the area generally has a flat 
land structure. Land use types were evaluated in 8 classes. 
According to this classification, approximately 75–100% of 
the area is residential. Percentage distribution maps of the 
neighborhoods were created for commercial and industrial 
areas, port areas, sports areas, forest areas, and water sur-
faces. Commercial, industrial and port area uses seem more 
prominent than other land use types. While there is mainly 
a 356 m railway in the neighborhoods of Konak district, it 
is seen that there is a road transportation connection up to 
2696 m. According to the entropy index made according to 
land use types, it can be seen that the diversity value varies 
mainly between 0.27 and 0.65 in 38 neighborhoods in the 
Konak district in Fig. 6.

Buildings and population features

When the building and population variables are examined, 
there are mostly 599–1476 buildings in the neighborhoods 
of Konak district. The average height of these buildings 
varies between 9 and 20 m. When we look at the popu-
lation density of the study area, it is seen that there is a 
density between 10.57 and 27.65 people/km2, and the age 
of this population is predominantly 55 years old and above 
(Fig. 7).

Statistical analysis results

In the study, the association between LST and urban mor-
phological features at the neighborhood scale was investi-
gated by spatial regression and quadrant analysis using two 
analytical methods.

OLS modeling results

Four different OLS models were created according to sea-
sonal distributions. While LST, NDVI, and LSA values 
were included in the analysis according to their seasonal 

Fig. 3   Mean LST of Konak neighborhoods (A autumn, B winter, C spring, D summer)
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distributions, other variables were used in 4 different OLS 
models (Table 2).

OLS model results show that the summer LST model 
showed the highest fit statistics, including R2 and AICc val-
ues, all descriptive variables are statistically significant (SS), 
followed by the spring LST model. On the other hand, the 
winter LST model shows a lower model fit than other sea-
sons. Winter temperatures are harder to describe on the basis 
of UM indices such as vegetation cover, land use, building 
and population characteristics. The summer months are sub-
ject to the most significant temperature exposure from urban 
areas, both natural and artificial surroundings. Model results 
are given in Table 3. The OLS model for the autumn season 
shows that the variables in the study area explain approxi-
mately 26% of the LST values, with an Akaike’s Information 
Criterion (AICc) value of 294.12 and an adjusted R2 value 
of 0.26.

In addition, findings show that the descriptive factors are 
SS (p < 0.01 and p < 0.05). OLS results show a negative rela-
tionship between elevation, NDVI, LSA, forest area, sport 
and leisure, water areas, entropy index, and LST. A posi-
tive relationship exists between residential, commercial, and 
industrial port areas, railways, roads, number of buildings, 
average building height, population density mean age, and 
LST.

The OLS model for the winter season shows that the 
variables in the study area explain approximately 31% of 
the LST values, with an Akaike’s Information Criterion 
(AICc) value of 265.05 and an R2 value of 0.31. In addi-
tion, the results show that the explanatory variables are SS 
(p < 0.01 and p < 0.05). According to OLS results, a nega-
tive relationship exists between NDVI, elevation, sport 
and leisure, forest, water areas, entropy index, railways 
and roads, and LST. In contrast, there is a positive rela-
tionship between density and mean age and LST in LSA, 
residential, commercial, and industrial port areas, number 
of buildings, average building height, and population.

The spring season OLS model shows that the study 
area variables explain approximately 34% of the LST val-
ues, with an Akaike’s Information Criterion (AICc) value 
of 250.75 and an R2 value of 0.34. OLS results for the 
spring season also show that the explanatory variables are 
SS (p < 0.01 and p < 0.05). According to the OLS model 
results, while there is a negative relationship between ele-
vation, NDVI, LSA, sport and leisure, forest, water areas 
and entropy index and LST values, residential, commer-
cial and industrial, port area, railways, roads, number of 
buildings, average building There is a positive relationship 
between height, population density and mean age and LST.

Fig. 4   Mean NDVI of Konak neighborhoods (A autumn, B winter, C spring, D summer)
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The OLS model for the summer season shows that the 
variables in the study area explain approximately 43% of the 
LST values, with an Akaike’s Information Criterion (AICc) 
value of 339.67 and an R2 value of 0.43. As in other OLS 
models, the results show that the explanatory variables are 
SS (p < 0.01 and p < 0.05). According to the model results, 
it shows that there is a negative relationship between eleva-
tion, NDVI, LSA, forest, water areas and entropy index and 
LST values, residential, commercial and industrial, sport 
and leisure, port areas, railways, roads, number of build-
ings, average building height, and population. It shows that 
there is a positive relationship between density and mean 
age and LST values.

Moran’s I statistic was calculated to analyze the spatial 
distribution of residual values of OLS models. The results 
show that the autocorrelation of the OLS models is signifi-
cant, and the residual values are spatially clustered. These 
values also show that the OLS model contributes to predict-
ing the relationship between explanatory variables and LST 
on a local scale in Table 4.

Quadrant analysis results

Konak district neighborhoods were divided into four quad-
rants using the average summer LST (67.28 °C) and average 

winter LST (49.54 °C). The first quadrant represents the 
higher LST in both summer and winter, and the third repre-
sents the lower LST in both seasons. The second quadrant 
is preferred as it represents the cooler summer and warmer 
winter LST. The 4th quarter represents the least preferred 
section with hotter summer and colder winter temperatures.

According to the quadrant analysis given in Fig. 8, the 
highest number of neighborhoods (80) are in the 3rd quar-
ter, followed by the 1st quarter (20 neighborhoods). There 
are only 10 neighborhoods in the 2nd quarter. The quadrant 
analysis for Konak district is an important indicator that the 
district has consistently warmer or colder LST values in both 
summer and winter compared to other regions.

Following is the spatial distribution of the four different 
quadrants in 113 neighborhoods of Konak district shows 
notable clustering along with spatial inequalities in the 
number of neighborhoods in the quarters (Moran’s I: 0.10, 
z-score: 3.76, p-value: 0.00).

Comparing the mean values of explanatory variables 
according to the characteristics of each quarter provides 
more information in Table 5. Q4 has the highest vegetation 
density (NDVI: 0.13) in the study area. It also has the high-
est values in terms of height (74.33 m) and commercial and 
industrial (17.95%). Q4 does not include sports and leisure, 
port areas, forest, water, and railways areas.

Fig. 5   Mean LSA of Konak neighborhoods (A autumn, B winter, C spring, D summer)
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Fig. 6   LULC and entropy index of Konak neighborhoods
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Discussion

Along with urbanization, population growth, and the global 
developments that come with it, urban areas have higher 
temperatures due to various activities such as transporta-
tion and trade. These high temperatures also increase the 
formation of UHI. Increasing the combat power of urban 
areas is an important necessity in the process of climate 
change, which is one of the biggest environmental prob-
lems in the world today. LULC changes occurring in cities 
cause significant changes in the temperature differences in 
the city and its surroundings (Logan et al. 2020; Yang et al. 
2020). These temperature differences are also the main rea-
sons for the formation of UHI (Wang et al. 2015; Peng et al. 
2016; Li et al. 2017; Yao et al. 2022). Since the formation 
of UHI is directly related to the geometry of cities, urban 
growth increases surface temperatures and the level of heat 
stress experienced by people. Many studies show that urban 
form characteristics are among the most fundamental fac-
tors affecting the formation of UHI (Heaviside et al. 2016; 
Ward et al. 2016; Liang et al. 2020). Some studies are focus-
ing on the role of green areas, especially in reducing UHI 
formation in the process of combating climate change. In 
these studies, green areas, which have many environmental 
benefits, are considered one of the most effective methods 

to reduce the UHI effect. Within the scope of this study, the 
relationship between the morphological features that can be 
intervened in the process of combating ST and the basic 
built environment parameters affecting this relationship were 
focused on. In general, the results obtained are similar to the 
literature. However, since UHI studies conducted especially 
at the neighborhood scale are limited in number (Mostofi 
et al. 2021; Shi et al. 2021; Yang et al. 2023), the study has 
important findings in this respect.

Influences of UM on seasonal LST

In the study, the seasonal LST and morphological features 
of Konak district of Izmir, one of the important coastal cit-
ies of Turkey, were revealed to be interrelated with OLS 
models. Since urban morphological features significantly 
impact seasonal LST, it is vital to determine the extent of 
these effects (Chen et al. 2023; Han et al. 2022, 2023). In 
studies conducted on similar subjects in the literature, OLS 
model results (R2) generally vary between 0.23 and 0.73. 
These values are among the acceptable values for urban 
morphology studies (Huang et al. 2019; Li et al. 2020; Sun 
et al. 2020b; Kashki et al. 2021). The R2 values obtained 
within the scope of the study were also calculated in a close 
range with the studies in the literature (autumn: 0.26, winter: 

Fig. 7   Building and population variables of Konak neighborhoods
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0.31, spring: 0.34, summer: 0.43). Statistically, the differ-
ences between explanatory variables and LST values are 
more remarkable in spring and summer than in autumn and 
winter. OLS results also show that the dominant factors are 
more substantial in summer and weaker in winter. This result 
is consistent with the results of other studies in the literature 
(Hu et al. 2020; Li et al. 2021). At the same time, the effect 
of explanatory variables on LST values is not absolute and 
decreases with the decrease in average temperature (Chen 
et al. 2019).

It is imperative to include building characteristics when 
assessing UM. The number of buildings and building heights 
in neighborhoods also have a dominant role in LST (Berger 
et al. 2017; Chen et al. 2022). High building heights are 
expected to cause lower temperatures due to the shadow 
effect and the creation of wind vents that direct colder air to 
the streets (Hwang et al. 2011; Zheng et al. 2019). However, 
this study concluded a positive relationship between build-
ing heights and seasonal LST values. DEM data of the study 
area were used to examine the relationship between LST 
and topographic conditions. The OLS model confirmed a 
negative relationship between the elevation of the area and 
seasonal LST values, which result is consistent with Peng 
et al. (2018).

The presence of high LST values in areas with dense con-
struction in the study area is consistent with the results of 
other papers in the literature (Kafy et al. 2021; Liao et al. 
2021; Hong and Heo 2023). It is an essential indicator of the 
impact of built environments on LST. In addition, it was con-
cluded that there is a significant inverse connection between 
the entropy index and LST as an expression of diversity in 
land use. In general, Konak district exhibits a lower cor-
relation between LST and urban morphological variables 
compared to other places (Kelly Turner et al. 2022; Hong 
and Heo 2023).

Effects of vegetation on seasonal LST

The relationship between NDVI and LST values in Konak 
district is negative. Areas with the highest NDVI values have 
lower LST, while areas with weak vegetation have higher 
values of LST. This result is also compatible with Singh 
et al. (2018) and Chun and Guldmann (2018). Vegetation is 
a natural air conditioning system that supports the formation 
of cool air in the atmosphere by absorbing solar radiation 
and the transpiration of water through the leaves. Therefore, 
NDVI is one of UHIs’ most critical physical determinants. 
The effect of vegetation on LST varies seasonally. This effect 

Table 2   Defining statistical 
analysis of LST and the 
explanatory statistics

Category Variable Mean Std. dev Min Max

LST LST (°C) Autumn 57.90 0.85 55.95 60.84
Winter 49.54 0.77 47.20 52.36
Spring 65.16 0.80 62.26 67.90
Summer 67.28 1.06 64.43 71.18

Vegetation NDVI Autumn 0.07 0.04 − 0.01 0.26
Winter 0.07 0.19 − 0.01 1.00
Spring 0.10 0.05 0.03 0.26
Summer 0.10 0.05 0.02 0.28

Reflectance LSA Autumn 0.13 0.02 0.00 0.19
Winter 0.11 0.02 0.00 0.21
Spring 0.16 0.02 0.00 0.23
Summer 0.16 0.02 0.00 0.25

UM Natural structure Elevation (m) 64 56 − 11 255
Land use proportion (%) Residential 87.76 27.07 0 100

Commercial and industrial 7.12 21.38 0 100
Sport and leisure 1.34 7.23 0 45.98
Port areas 0.34 2.82 0 28.52
Forest 2.27 10.24 0 75.38
Water 0.39 2.01 0 15.19

Land use diversity Entropy index 0.29 0.27 0.00 1.25
Transport (m) Railways 336 610 0 3984

Roads 2576 2348 0 8957
Buildings Number of buildings 1654 1257 48 4997

Average building height (m) 16 8 6 58
Population Population density (person/km2) 44.11 63.95 10.57 473.64
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is expected to be more intense, especially in spring and sum-
mer. The vegetation’s effect on LST values was revealed 
with OLS models. As a result of the model results, it was 
concluded that the most excellent effect was in the summer 
months. This result is equivalent to the results of Zhou et al. 
(2014).

Effects of population on seasonal LST

Consistent with the literature, it was concluded that LST 
values increased with the increase in population density in 
Konak district (Weng et al. 2008; Kotharkar et al. 2016; 
Huang et al. 2016). Findings show that most neighborhoods 
have a good correlation among the population aged 55 and 
over and LST values. This result is inconsistent with Unsal 
et al. (2023). However, based on the positive relationship 

between average age and LST, according to the OLS model 
results, it is possible to say dependent population and LST 
are inversely correlated. While the LST values increase as 
the average age level increases, and LST values decrease as 
the average age level decreases.

Conclusion

The CC is predicted to cause extreme climate phenomena 
such as extreme HW and colder weather periods beyond 
expectations. Therefore, it is vital to build the ability of cit-
ies and societies through effective urban planning decisions 
to adapt to these inter-seasonal temperature changes. The 
present research explored the seasonal correlation between 
urban temperature variations and UM at the neighborhood 
scale in Konak district of Izmir, one of the most important 
coastal cities of Türkiye. Quadrant analysis revealed spatial 
separation between areas highly adapted to LST (CSM and 
WWN) and susceptible to LST (warmer summers (WSM) 
and CWN). At the same time, significant differences were 
found between vegetation, UM, and LST. Seasonal variables 
of urban landscape and constructed form are analyzed with 
OLS models under spatial regression studies to determine 
the seasonal effects of urban landscape and constructed 
form variables on LST. Higher NDVI plays an essential role 
in mitigating LST. It makes summers cooler and winters 
warmer. Building and population characteristics also have 
a seasonally stable effect on LST. According to the entropy 
index as a representation of diversity in land use, a higher 
land use mix has a seasonally significant effect on reduc-
ing LST. These findings obtained within the study’s scope 
are valid for analyses conducted at the neighborhood scale. 
These findings are essential in that they reveal the intense 
pressure of population and urbanization on LST and the 
effect of vegetation on mitigating LST.

Holistic planning approaches are needed to consider the 
role of GCT on sustainable development, particularly mega-
cities. It includes the need to include LST data in urban 
planning, the adoption of technologies and innovations in 
energy efficiency, the promotion of green infrastructure in 
all cities, the development of human health measures to be 
more efficient and effective, and the need to prioritize CC 
adaptation and mitigation strategies. Cities should be devel-
oped to create healthier, livable, resilient and sustainable 
urban environments, taking into account the nexus of LST 
and sustainable development.

Table 3   OLS model results

*p-value < 0.01
**p-value < 0.05

Variable Autumn Winter Spring Summer

NDVI − 0.34* − 0.66** − 3.43** − 6.84*
LSA − 0.45* 4.20** − 2.61** 2.17**
Elevation (m) − 0.03** − 0.02** − 0.00** − 0.01*
Residential 0.00* 0.01* 0.00* 0.00**
Commercial and indus-

trial
0.00* 0.00* 0.00* 0.05*

Sport and leisure − 0.00** − 0.00** − 0.01* 0.00*
Port areas 0.02** 0.00* 0.05* 0.08**
Forest − 0.02* − 0.01* − 0.00* − 0.01*
Water − 0.04** − 0.03** − 0.03* − 0.03**
Entropy index − 0.76* − 0.67* − 0.95* − 0.76*
Railways 0.00** − 0.00** 0.00* 0.01*
Roads 0.00** − 0.00** 0.00* 0.01*
Number of buildings 0.00* 0.00* 0.00** 0.00**
Average building height 

(m)
0.00* 0.00* 0.01** 0.00**

Population density 0.00* 0.00* 0.00* 0.00*
Mean age 0.04** 0.04** 0.00* 0.02*
Adjusted R2 0.26 0.31 0.34 0.43
AICc 294.12 265.05 250.75 339.67

Table 4   Moran I statistical results

p < 0.01

OLS model Moran I z-score p-value

Autumn 0.19 6.85 0.00
Winter 0.24 8.82 0.00
Spring 0.13 4.85 0.00
Summer 0.25 9.32 0.00
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Fig. 8   Spatial pattern of the 
summer–winter LST quadrants 
in Konak

Table 5   Average quartile statistics of LST and explanatory variables

Category Variable Q1 Q2 Q3 Q4

LST LST (°C) Autumn 59.07 58.38 57.50 59.09
Winter 50.53 50.26 49.22 48.92
Spring 65.96 64.15 64.8 65.03
Summer 68.88 67.49 68.84 68.40

Vegetation NDVI Autumn 0.07 0.05 0.07 0.11
Winter 0.08 0.06 0.05 0.12
Spring 0.09 0.08 0.11 0.12
Summer 0.09 0.08 0.10 0.13

Reflectance LSA Autumn 0.13 0.14 0.13 0.11
Winter 0.11 0.12 0.11 0.09
Spring 0.16 0.17 0.16 0.16
Summer 0.16 0.17 0.16 0.16

UM Natural structure Elevation (m) 45.05 60.05 68.68 74.33
Land use proportion (%) Residential 78.48 69.70 92.56 82.04

Commercial and industrial 11.17 25.36 3.42 17.95
Sport and leisure 3.35 3.89 0.56 0
Port areas 1.42 1.01 0.01 0
Forest 4.97 0 1.97 0
Water 0.50 0.02 0.40 0

Land use diversity Entropy index 0.48 0.37 0.25 0.14
Transport (m) Railways 562.45 581.2 261.275 0

Roads 3794.45 3080.1 2252.363 1406.33
Buildings Number of buildings 2672 1496 1455 675.66

Average building height (m) 19.1 16.7 14.92 11.33
Population Population density (person/km2) 29.25 57.83 46.84 24.51

Mean age 55 +  50–54 35–39 35.39
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Limitations and future research directions

Firstly, this research properly present the climate and urban 
characteristics of the study area and state that the results 
are applicable only to cities with similar conditions. It suf-
fers from various limitations, first: the thermal data are LST 
values observed at 08:52 am for all seasons. Additional 
efforts are required to explore the feasibility of implemen-
tation parameters to spatial LST changes at other points in 
time before or after 08:52. Second, some variables were 
not taken into account due to data limitations. For instance, 
more precise spatial scale building geometry calculations 
such as SVF values and building surface areas are impossi-
ble. There is also a need to determine the impact of variables 
at building scale such as building alignment and height-to-
width ratio on LST. Third, this study only considered the 
total length of railways and roads within the scope of vehicle 
and pedestrian traffic, significantly affecting LST. However, 
anthropogenic heat emissions due to transportation were not 
taken into account. E Individual aspects of building forms 
can trigger emissions of dissimilar wastes. These anthropo-
genic issues demand more investigation. Finally, while the 
present paper aims to address the spatial relationship among 
LST and urban morphological variables, these relationships 
may differ at different scales in different cities. It is thought 
that this potential situation may be a subject worth research-
ing in the future.
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