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Abstract  The formation of urban heat islands is a 
widespread issue in cities. However, the impact of 
spectral indices on land surface temperature (LST) 
with various urban forms, climates, and functions has 
not been sufficiently examined. Currently, the preva-
lent method for analyzing complex urban areas is the 
classification of local climate zones (LCZs). In this 
study, we aim to explore the urban thermal environ-
ment by utilizing GIS-based spatial analyses and sta-
tistical methods. We also examine LCZs and the tem-
poral-spatial changes of LSTs in Sapanca Lake and its 
surroundings. A comparative analysis was conducted 
on the relationship between the normalized difference 

vegetation index (NDVI), the modified normalized 
difference water index (MNDWI), and the normal-
ized difference built-up index (NDBI) spectral indices 
in different LCZs and LST using a linear regression 
model. The results showed that all LCZs experienced 
a warming effect with an increase in NDBI, while 
they exhibited a cooling effect with the influence of 
NDVI and MNDWI. Notably, NDVI demonstrated a 
strong cooling effect in LCZ A (Dense trees) during 
the summer season, with an R2 coefficient of 0.73. 
Similarly, MNDWI had an R2 coefficient of 0.73 in 
LCZ A during spring. Values calculated as a result 
of regression are found as MAE:0.72 and MSE:0.75. 
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These findings indicate the cooling effect of urban 
areas characterized by dense trees and water surfaces, 
highlighting their role in reducing LST. As a result, 
the research revealed the role of urban green systems 
and water surfaces in reducing the heat island effect, 
which is a problem, especially in urban centers. Over-
all, the study’s results contribute to a better under-
standing of the thermal environmental characteristics 
in complex urban settings.

Keywords  Climate risk · Remote sensing · Spectral 
indices · Spatiotemporal analysis · Urban heat island

Introduction

Over the past few decades, concerns about climate 
change on a global scale have increased worrying 
problems, and cities have great difficulty in adapta-
tion processes. The 6th Assessment Report published 
by the Intergovernmental Panel on Climate Change 
(IPCC) in 2022 focuses on adaptation, adaptation 
processes, and vulnerability. According to the report, 
it is projected that by 2040, greenhouse gases present 
in the atmosphere and ongoing emission patterns will 
lead to more severe consequences than we experi-
ence today. The rise in carbon emissions and human-
induced activities disrupt Earth’s energy equilibrium 
and contribute to the degradation of our natural envi-
ronment. According to  Intergovernmental Panel on 
Climate Change (IPCC, 2022), this situation brings 
about significant transformations at both regional and 
global levels, including urban deforestation.

Urban heat island (UHI) problems occur due to 
urbanization, human activities, and built environment 
factors. The UHI effect worsens during heat waves 
and poses serious health issues (He, 2023; He et al., 
2019; Heaviside et  al., 2017). Rapid urbanization 
leads to converting natural vegetation and agricultural 
areas into impermeable surfaces, causing imbalances 
in land use. These transformations result in significant 
changes in the energy balance between urban surfaces 
and the atmosphere, leading to environmental and 
ecological problems (Isinkaralar & Isinkaralar, 2023). 
The increasing temperature effects of global climate 
change are becoming a matter of increasing concern 
worldwide, mainly because they can significantly 
affect the energy performance of buildings and indoor 
thermal comfort conditions (Kaitouni et  al., 2023). 

Studies also investigate the impact of increasing tem-
peratures on achieving the Sustainable Development 
Goals (SDGs), which aim to ensure a sustainable 
future (Howden-Chapman et  al., 2017). The most 
significant sustainable development goal affected by 
abnormal changes in temperatures during the sum-
mer months is SDG 13-Climate Action. Increasing 
temperatures due to climate change and the effects 
have significant consequences on human and natu-
ral systems (Guven et  al., 2024). Significant conse-
quences such as the deterioration of residential areas, 
the danger of extinction of natural resource values, 
and the increase in poverty are significant enough to 
affect the whole world. At the same time, if these ris-
ing temperatures reach even more severe levels, they 
will prevent the achievement of SDG-2 No Hunger. 
As a result of the increase in temperatures, crop yield 
will be negatively affected, causing food shortages, 
malnutrition, and health problems it will bring, espe-
cially in vulnerable communities (Aydin et al., 2024; 
Isinkaralar et  al., 2023). As a result of difficulty in 
accessing basic needs, problems will arise in achiev-
ing SDG-6 Clean Water. In addition, urban areas with 
poor infrastructure and vegetation are likely to experi-
ence even higher temperatures (Mahato et al., 2023).

Early studies have measured and evaluated UHI 
effects on different scales and critical planning and 
designing cities amidst climate stressors or the harsh 
conditions posed by extreme events. Land surface 
temperature (LST) is crucial when investigating UHI 
effects. Remote sensing (RS) and geographic infor-
mation systems (GIS)-based analyses play an essen-
tial role in defining the LST model, as reported in 
several studies (Isinkaralar et  al., 2024; Yao et  al., 
2023; Zhou et  al., 2011). LULC indices (such as 
vegetation and construction) based on RS data are 
also used to examine LST changes in urban areas 
(Ramzan et al., 2022; Sharma & Joshi, 2016). Differ-
ent terrain types significantly affect LST variations. 
Spectral indices obtained through RS-based analysis, 
which contain rich land cover information, play a sig-
nificant role in determining this effect (Wang et  al., 
2018;  Keerthi Naidu & Chundeli, 2023). Further-
more, developments in spectral indices have greatly 
facilitated mapping land use and land cover (LULC) 
(Santhosh & Shilpa, 2023). Regarding LST research, 
spectral indices are effective due to their easy appli-
cation, lack of parameter requirements, and practical 
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usability (Alexander, 2020; Mushore et al., 2022; Sun 
et al., 2016, 2017).

While several studies have examined the rela-
tionship between LST and spectral indices (Chen 
et  al., 2020; Fan et  al., 2019; Jenerette et  al., 
2016), most studies have focused on urban scale 
or land area. Some studies do not address the tem-
poral process or provide sufficient data regarding 
findings and discussions due to the lack of diver-
sity in land cover selection in sample areas. Also, 
investigating the relationship between LST and 
different urban forms and climate characteristics 
remains unexplored mainly or underdeveloped. 
The present study attempts to bridge this knowl-
edge gap and explore this research opportunity, 
deeming it crucial to evaluate the relationship 
between spectral indices and LST in various urban 
areas, taking into account urban form, climate, 
and classification approaches (Wang & Ouyang, 
2021). The local climate zone (LCZ) classification 
encompasses ten building types and seven land 
cover types, provides a valuable framework for 
characterizing urban landscapes, and is increas-
ingly recognized as an essential factor influencing 
LST (Aslam & Rana, 2022).

Further, several research gaps and opportunities 
allay the investigation of LST parameters. First, 
seasonal LST differences have not been compre-
hensively addressed using the LCZ framework. 
While many studies have focused on urban areas 
with dense residential characteristics, there remains 
a lack of research on the LST effect in urban areas 
with dense urban vegetation. Urban vegetation is 
of great significance in reducing LST, one of the 
essential effects of climate change on cities (Wang, 
2022). The present study investigates the seasonal 
dynamics between spectral indices and land surface 
temperature across urban morphologies, climatic 
contexts, and functional profiles.

Specifically, we attempted to analyze the rela-
tionship between the Normalized Difference Veg-
etation Index (NDVI), the Modified Normalized 
Difference Water Index (MNDWI), the Normalized 
Difference Built-up Index (NDBI), and LST in dif-
ferent LCZs, considering seasonal variations. On 
this basis, our research seeks to answer the follow-
ing questions:

	 (i)	 How can seasonal changes in LST and LCZs 
using RS and GIS depending on urban compo-
nents be evaluated?

	(ii)	 How can we statistically model the seasonal 
differences between spectral indices, LST, and 
different LCZs?

Material and method

Study area

The study area for this research is Sapanca Lake and 
its surroundings in the Sakarya (Adapazarı) prov-
ince, Türkiye. The reason for selecting this area is 
its unique topographic features. The study area is 
approximately 31 m above sea level, with the land’s 
altitude ranging from − 18 to 1722 m. Sakarya prov-
ince has a surface area of 4823 km2, and Sapanca 
Lake has a surface area of 45 km2. The elevation 
increases as one progresses towards the forested 
areas, in contrast to the declining altitude observed in 
the agricultural and residential zones.

Sapanca Lake, a case study, is mainly known for 
its natural beauty and topographic features formed 
through tectonic formations. Another noteworthy 
aspect of the area is the density of residential areas 
in and around Sapanca Lake. If it moves towards the 
lake’s northeastern direction, it will find a higher 
concentration of residential and agricultural areas 
(Fig. 1).

The study domain has a warm and temperate cli-
mate. According to the Köppen-Geiger climate clas-
sification, the hottest month in the study area in Cfa 
is August, while the coldest month is December. It 
became a province on June 17, 1954. According to 
2022 TÜİK data, its population is 281,489 people. 
Of the population, 49.63% are male and 50.37% are 
female. The agricultural and industrial sectors are 
essential in the province’s economy. According to the 
development research conducted in 2022, the prov-
ince ranks 87th in the second stage of socio-economic 
development. According to 2022 land use data, the 
province has 18% water, 44% forest, 14% crops, 9% 
built area, and 15% rangeland.
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Methodology

The study consists of three main stages. Firstly, data 
on remote sensing and satellite images were col-
lected. Satellite images were derived from the United 
States Geological Survey (USGS) database. High 
resolution, low cloudiness 30*30 Landsat 8 OLI/
TIRS satellite images representing the study area in 
four seasons were downloaded in GeoTIFF format. 
Then, LCZ and seasonal LST maps were created with 
the ArcGIS 10.4.1 program in Fig.  2. The accuracy 
of the maps was tested by calculating kappa statis-
tics. Then, seasonal spectral indices were calculated. 
Finally, seasonal analysis of LST features with LCZs 
and spectral indexes was made by comparing them.

Data collection and processing

The conduct of this research, which aims to evalu-
ate seasonal changes in LST and LCZs, has certain 
stages. The data collection and processing phase 

consists of two main parts: (i) classification of LCZs 
and (ii) seasonal LST.

Classification of LCZs  The LCZ typology, devel-
oped by Stewart and Oke (2012), is a universal urban 
classification system. It categorizes urban areas based 
on a comprehensive understanding of the combina-
tion of micro-scale land covers and associated physical 
features. Unlike other land use/land cover schemes, the 
LCZ scheme focuses explicitly on urban and rural land-
scape types, which can be described using any of the 17 
classes within the LCZ scheme. One of this scheme’s 
significant advantages is its wide range of urban classes, 
capturing the diverse surface forms and land functions 
within urban areas. Furthermore, these classes are eas-
ily interpretable and globally consistent. The LCZ 
classes (Yoo et al., 2020) can be seen in Fig. 3.

To create the LCZ map of the study area, we first 
obtained data on building information, including build-
ing height (BH), pervious surface, impervious surface, 
and land cover. Building data was sourced from the 

Fig. 1   Location map of the study area
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database as an extension of Open Street Map. The BHs 
were obtained from the Copernicus Land Monitoring 
Service database. At the same time, land cover data were 
collected from the Copernicus Land Monitoring Service 
and Esri Land Cover—ArcGIS Living Atlas database. 
Next, we calculated the Building Surface Fractions 
(BSF), Pervious Surface Fractions (PSF), Impervious 
Surface Fractions (ISF), and Heights of Buildings. The 

methods and formulas (Eqs.  1–4) used for these com-
putations can be found in Table 1. We then employed a 
GIS-based mapping method for further analysis.

After the data acquisition phase was completed, GIS-
based classification and mapping techniques were used 
to classify LCZs based on the LCZ classification. The 
building data obtained in vector format was converted 
to raster data format in the ArcGIS 10.4.1 program. 

Fig. 2   The workflow steps of this study



	 Environ Monit Assess (2025) 197:252252  Page 6 of 23

Vol:. (1234567890)

LCZ classification operations were performed using 
raster data. After all the data was obtained, the LCZ 
map was created using the raster calculator/mosaic pro-
cess. LCZ classification stages are given in Fig. 4.

Validation of LCZ mapping  World Urban Data-
base Access Portal (WUDAPT) is used to determine 
the accuracy of the LCZ map. There are some biases 
in the analyses performed with satellite images. In 
order to avoid these errors, it is preferred that the sat-
ellite images to be used in LST calculations have the 
lowest cloud cover and the highest resolution value fol-
lowing the purpose and method of the study (Hodges 
et  al., 2000; Martí-Cardona et  al., 2019; Sattari et  al., 

2022). The WUDAPT database created enables com-
parative analyses. The accuracy assessment compares 
the LCZ map created with various analyses and tests 
with the WUDAPT data (Demuzere et al., 2022). The 
LCZ Generator provides interactive access to a global 
100-m resolution map of Local Climate Zones, gen-
erated from multiple earth observation datasets and 
expert LCZ class labels. The LCZ scheme is a uni-
versal urban typology that can holistically distinguish 
urban areas based on the typical combination of micro-
scale land covers and associated physical features. 
This approach differs from other land use/land cover 
schemes by focusing on both urban and rural landscape 
types, encompassed within the 17 LCZ classes. The key 

Fig. 3   LCZ classification
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added value of the LCZ scheme is its ability to capture 
the diversity of urban classes, which represent the intra-
urban variability of surface forms and land functions, in 
an easily interpretable and globally consistent manner 
(Guerri et al., 2021; Yang et al., 2020). The accuracy of 
the LCZ classification was assessed using a confusion 
matrix. The overall classification accuracy was 88.87%, 
with a kappa coefficient of 0.79, as recommended 
by Bechtel et al. (2015) as appropriate quality control 

metrics. According to the confusion matrix values pre-
sented in Table  2, the user’s accuracy for LCZ 8 and 
LCZ B ranged from 61.74 to 83.97%.PA values range 
between 55 and 83.30%. The fact that the UA and PA 
values of the LCZ classes are generally close to each 
other shows that the classification is acceptable.

Seasonal LST  To ensure accuracy, the dates of the 
satellite images were selected based on the climate 

Table 1   Description of physical parameters, data, and computation methods used in classifying LCZs

Parameters Data Definition Equation

BSF Building data The ratio of building plan area to total plan area 
(%)

BSF = 
∑n

i=1
Bfa

Ta
× 100 … (1)

Bfa: Building footprint area
n: The total number of buildings in the area
Ta: Total area

BH Building data
Copernicus Land 

Monitoring Ser-
vice data

Average of building heights (m) BH=
∑

Tbh

Tb
 … (2)

TBH: The total building height
Tb: The total number of buildings in the area

PSF Land Cover data The ratio of the previous plan area (bare soil, 
vegetation, water) to total plan area (%)

PSF=
∑n

i=1
PSAi

Ta
× 100 … (3)

PSA: The area of pervious surface
Ta: Total area

ISF Land Cover data The ratio of impervious plan area (paved, rock) to 
total plan area (%)

ISF = (1 − (BSF + PSF)) × 100 … (4)

Fig. 4   LCZ classification 
matrix
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characteristics of the study area. The satellite images 
used were dated as follows: 08.05.2022 for spring, 
04.08.2022 for summer, 08.11.2022 for fall, and 
08.01.2022 for winter. Notably, the LCZ and land 
use data are from 2022; therefore, satellite images 
from the same year were used to create the LST map. 
The workflow to generate the land surface tempera-
ture maps involved utilizing ArcGIS 10.4.1 and the 
10th Landsat 8 satellite imagery band. The specific 
steps undertaken are as follows (Barsi et  al., 2014; 
Roy et  al., 2020): The data from the 10th band of 
the Landsat 8 OLI satellite image was converted into 
spectral radiance values using Eq. 5:

The TOA spectral radiance was calculated using 
the equation Lλ = ML * QCal + AL, where ML rep-
resents the Radiance Mult Band, QCal denotes the 
quantized and calibrated standard product pixel val-
ues for Band 10, and AL stands for the Radiance Add 
Band. All of this information was obtained from the 
meta-data associated with the satellite imagery.

Subsequently, the temperature values were computed 
from the brightness values of the images using Eq. 6.

where T: temperature degree (in Celsius), K2: K2 con-
stant band(10), K1: K1 constant band(10), Lλ: spectral 

(5)L
�
= ML ∗ Qcal + AL

(6)T =
K
2

In(
K1

L�
+ 1)

− 273.15

radiance. All of this information is obtained from the 
meta-data file of satellite images.

Next, an NDVI analysis was conducted follow-
ing the temperature calculation. NDVI was com-
puted using Bands 4 and 5 of the Landsat 8 satellite 
imagery, as described by Eq. 7.

In formulas, Bands 4 and 5 represent satellite 
image bands.

Following the NDVI analysis, the vegetation cover 
percentage is determined. This value is derived from 
the NDVI analysis. An equation was used to calculate 
the vegetation cover ratio.

where Pv represents the vegetation cover rate, NDVI 
is the normalized difference vegetation index, and 
NDVImin and NDVImax are the minimum and maxi-
mum values in the NDVI analysis, respectively.

Following the calculation of the vegetation ratio, 
the LSE analysis was then conducted using the subse-
quent algorithm.

The land surface emissivity, denoted as ε, is cal-
culated using the vegetation rate, PV, as a key param-
eter. Following this step, the final part of the land 

(7)NDVI =
(Band5 − Band4)

(Band5 + Band4)

(8)PV =

(

(NDVI − NDVImin)

(NDVImax − NDVImin)

)

2

(9)� = 0.004 ∗ PV + 0.986

Table 2   LCZ transfer 
matrix of the study area

LCZs 3 6 8 9 A B D G

3 61 15 1 0 0 0 0 0
6 15 68 0 0 3 5 7 1
8 1 0 7 0 0 0 0 0
9 0 0 0 72 0 7 6 0
A 0 3 0 0 48 2 0 0
B 0 5 0 7 2 53 32 0
D 0 7 0 6 0 32 51 0
G 0 1 0 0 0 0 0 15
UA (%) 78.98 83.97 57.54 61.74 83.12 59.35 79.74 71.71
PA (%) 83.30 76.65 55 56.94 81.50 62.29 70.60 82.80
Overall accu-

racy (%)
88.87

Kappa 0.79
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surface temperature analysis was conducted using the 
corresponding equation

where TB represents the temperature in degrees, λ 
denotes the spectral radiance wavelength, ρ is cal-
culated as hc/s = 1.43888*10−2mK = 14,388 mK, h 
is Planck’s constant (6.626*10−34 Js), s is the Boltz-
mann constant (1.38*10−23  J/K), c is the velocity of 
light (2.998*108  m/s = 14,388), and ε signifies the 
land surface emissivity.

Selected spectral indices  NDBI, NDVI, and 
MDWI were used as spectral indices, and the expres-
sions (Eqs.  11–13) used in measuring indices were 
presented in Table 3.

Seasonal analysis of LST features with LCZs 
and spectral indices

Comparative analyses of LST values were evaluated 
in four different sections: (1) First, seasonal LST val-
ues were evaluated comparatively within the scope of 
maps made in the ArcGIS 10.4.1; (2) The relationship 
between Seasonal LST and LCZs was analyzed by creat-
ing box-plot graphics in the SPSS 23 program; (3) The 
trend analysis of LST on LCZs was evaluated with the 
help of graphs created in the SPSS 23 program; and 
(4) Linear regression model (LRM) was performed to 
specify the relationship between LST, LCZs and spectral 
indices. Land cover features are one of the most impor-
tant components affecting LST. Since the indices have 
different strengths and values in mapping land surface 

(10)LST =
TB

(

1 +
�∗TB

ρ

)

∗ In(�)

features, they are important for LST estimation. In this 
study, while selecting variables, linear regression analy-
sis was performed to model the relationship between 
one or more explanatory variables when comparing the 
seasonal LST in the calculated LCZ regions with the 
land cover indices (NDBI, NDVI, and MNDWI) and to 
analyze these relationships by comparing them with R2 
coefficients. Findings about these comparative analyses 
are captured under the results and analysis section.

Spatial distribution results and analysis of LCZ

LCZ map

The distribution of LCZs in the study area is given 
in Fig.  5. When looking at the spatial distribution 
of LCZs, it can be observed that LCZ 6, represent-
ing one of the built-up types, as well as LCZ A, LCZ 
B, and LCZ G, which are land surface types, occupy 
more space than other LCZ types taking into account 
the results generated. After the calculations, the study 
area was classified within eight LCZ classifications: 
LCZ 3, LCZ 6, LCZ 8, LCZ 9, LCZ A, LCZ B, LCZ 
D and LCZ G. In the center of the area is LCZ G 
Water, while LCZ A Dense trees surround the north 
and south. On the south coast and west, the density 
of LCZ 9 Sparsely built covers a remarkable surface.

The area covered by LCZ types in the study area 
is LCZ 6 (13.85%), LCZ 9 (11.23), LCZ 8 (2.93%), 
and LCZ 3 (0.66), respectively. In land surface types, 
the areas covered by LCZ types are LCZ A (36.08%), 
LCZ D (13.35), LCZ B (12.28), and LCZ G (9.63%), 
respectively (Table 4).

Table 3   The spectral 
indexes, data, and 
calculation methods

Index Data Equation

NDBI Remote sensing data (Landsat 8) NDBI=(�SWIR1−�NIR)

(�SWIR1+�NIR)
 … (11);

SWIR1: Band6, NIR: Band5
NDVI NDVI = (�NIR−�RED)

(�NIR+�RED)
… (12);

NIR: Band5
RED: Band4

MDWI MNDWI = (GREEN−�SWIR1)

(�NIR+�RED)
… (13);

GREEN: Band3; SWIR1: Band6; NIR: 
Band5; RED: Band4
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Seasonal LST mapping

Figure  6 explains the spatial distribution of LST 
during different seasons. In that order, the highest 
LST values are observed in the summer, followed 
by fall, spring, and winter. Urban areas exhibit the 
highest LST values in autumn and summer, while 
forest areas and water surfaces exhibit the lowest 
LST values.

Table  5 provides the average LST values. The 
summer season has the highest average value, 
while the spring season has the lowest. When con-
sidering the spatial distribution of LST values in 
the spring season, there is only a 9.71 °C difference 
between the temperature values. This finding indi-
cates that the values are very similar and align with 
the expectation of being at their lowest this season.

Fig. 5   LCZ map of the study area

Table 4   The area of different LCZs types in the study area

LCZ Types Area (ha) Percent-
age value 
(%)

Built types LCZ 3 compact 
lowrise

433 0.66

LCZ 6 open high-
rise

9140 13.85

LCZ 8 large lowrise 1934 2.93
LCZ 9 sparsely built 7413 11.23

Land cover types LCZ A dense trees 23,813 36.08
LCZ B scattered 

trees
8103 12.28

LCZ D low plants 8808 13.35
LCZ G water 6356 9.63
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Seasonal LST with LCZs

Figure 7 depicts the seasonal variation in land surface 
temperature values for each local climate zone type, 
as represented by box plots. The findings demonstrate 
significant seasonal fluctuations in LST values across 

the different LCZ types. The summer months consist-
ently exhibit the highest LST values, followed by fall 
and winter. Conversely, the lowest LST values are 
observed during the spring season. When comparing 
all LCZs, LCZ 3 and LCZ 8 display the highest tem-
perature values in the summer, while LCZ A has the 
lowest in the fall.

Table  6 presents the LST values of various LCZ 
types in different seasons. The findings indicate that 
during the summer months, when temperatures are at 
their highest, LCZ 8 (64.55 °C) and LCZ 3 (64.99 °C) 
exhibit the highest average LST values. Following 
this, LCZ 6 (62.39  °C) and LCZ 9 (60.98  °C) are 
ranked accordingly. On the other hand, areas with 
dense trees, low vegetation, and water surfaces show 
the lowest LST values throughout the seasons. This 

Fig. 6   LST variations during different seasons in the study area (A spring, B summer, C fall, D winter)

Table 5   Seasonal LST values (°C) of the study area

SD standard deviation

Seasons Min Max Mean SD

Spring 41 50.71 42.06  ± 1.02
Summer 53.33 71.53 59.03  ± 3.47
Fall 17.86 53.30 42.20  ± 2.54
Winter 38.09 48.57 43.13  ± 1.87
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Fig. 7   Box-plot diagram of LST values of different LCZs during different seasons

Table 6   LST of different LCZs during different seasons (°C)

LCZ 3 compact lowrise, LCZ 6 open highrise, LCZ 8 large lowrise, LCZ 9 sparsely built, LCZ A dense trees, LCZ B scattered trees, 
LCZ D low plants, LCZ G water

LCZ types Spring Summer Fall Winter

Range Mean Range Mean Range Mean Range Mean

Built Types LCZ 3 41.16–43.69 41.94 58.98–68.94 64.99 21.90–50.32 45.48 40.23–45.79 43.56
LCZ 6 41–48.11 41.78 56.11–69.28 62.39 20.38–52.25 42.07 40.48–47.83 43.42
LCZ 8 41.01–45.59 41.93 57.57–71.53 64.55 22.34–52.37 42.07 40.15–48.48 43.52
LCZ 9 41.03–48.41 41.74 56.08–68.73 60.98 20.01–52.98 43.27 39.63–47.84 43.69

Land Cover Types LCZ A 41.16–50.71 42.59 53.33–64.37 56.62 17.86–52.13 40.51 38.09–46.32 41.83
LCZ B 41.06–50.58 41.76 55.48–67.67 59.88 20.44–52.38 43.99 39.68–47.34 43.64
LCZ D 41.11–45.89 41.91 55.61–67–49 60.75 23.33–53.30 44.07 41.33–47.44 44.16
LCZ G 41.10–42.95 41.46 55.05–63.24 55.55 24–47.54 42.52 42.52–46 44.76
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result highlights the heat-absorbing nature of green 
surfaces.

Past research has shown that the LCZ scheme, a 
universal urban typology, is effective in distinguish-
ing temperature variations across distinct urban land-
scape types. Specifically, prior studies have dem-
onstrated that urban areas characterized by compact 
highrise, compact midrise, large lowrise, and heavy 
industrial land uses generally exhibit the highest land 
surface temperatures.

Seasonal trend analysis of LST over LCZs in Sapanca

Monitoring LST changes and trends is generally done 
in two different ways thus: (i) comparisons made with 
satellite images taken within a certain period (such as 
5 or 10 years), and (ii) comparisons made with satel-
lite images taken during a given season (i.e., spring, 
summer, autumn, winter). Within the scope of this 
study, a comparative analysis was made between the 
2022 seasonal LST and LCZs of Sapanca Lake and 
its surroundings. Temperature data of 2022 the lake 
and its surroundings were considered in selecting the 
satellite image for LST trend determination.

Graphs for trend analysis of LST values in LCZs 
are depicted in Fig.  8. When examining the graphs, 
the elevated LST values during the spring and sum-
mer seasons in all LCZs stand out. Furthermore, the 
trend lines reveal a significant decline in LST values 
from the spring to winter seasons in LCZ 3, LCZ 6, 
and LCZ A. This decrease is mainly influenced by the 
low tree density, particularly in LCZ A.

The association of spectral indices against LCZs and 
LST

Maps of these spectral indices that are relevant to 
explaining the urban context with surface temperature 
values are given in Fig. 9. There are seasonal differ-
ences in NDVI, MNDWI, NDBI, and LST values.

The findings of the LRM between spectral indices 
and LST values are given in Fig.  10. The most sub-
stantial positive relationship between NDVI and LST 
is observed in spring, with an R2 of 0.85. This positive 
relationship is followed by the fall season with R2 val-
ues of 0.79, summer with 0.81, and winter with 0.19. 
On the other hand, the relationship between MNDWI 
and LST is consistently negative across all seasons. 
The most significant negative impact is seen in the 

summer season, with an R2 value of 0.65, while the 
winter season has the least negative impact, with an 
R2 value of 0.11. Generally, the relationship between 
NDBI and LST shows low R2 values. This result is 
because there are more forest areas and water surfaces 
in the study area. However, except for spring, the rela-
tionship between NDBI and LST is consistently nega-
tive, suggesting a negative impact on LST values.

NDVI plays a crucial role in representing vegeta-
tion and significantly reduces LST through transpira-
tion and shading. The cooling effect of NDVI varies 
across different LCZs and shows seasonal differences. 
Generally, as temperature values decrease, the cool-
ing effect in LCZs decreases during the spring and 
summer seasons. LCZ A exhibits the most potent 
cooling effect of NDVI in the summer, with a nega-
tive R2 value of 0.73. MNDWI, on the other hand, 
is an essential parameter in reducing LST through 
evaporation. It possesses high heat capacity and low 
thermal conductivity. The highest impact of MNDWI 
on LCZs is observed in LCZ 3 during the spring sea-
son, with a negative R2 value of 0.97. The effect of 
MNDWI is more pronounced in LCZs (3–9) com-
pared to LCZs (A–G). NDBI serves as an index for 
determining built-up areas. It has a more significant 
heating effect in all LCZs, primarily during the spring 
and summer. LCZ 6 exhibits the most substantial 
heating effect of NDBI during the spring season, with 
an R2 value of 0.98. Conversely, LCZ B shows the 
lowest heating effect during winter, with an R2 value 
of 0.09 (Table 7).

Discussion

Spatiotemporal dynamics of LST within local climate 
regions

The Sapanca Lake area and its surroundings provide 
a valuable opportunity for studying the characteristics 
of LST to land cover. Various factors, such as water 
surfaces, forests, buildings, and vegetation, signifi-
cantly influence LST in this study area. The changes 
in the study area over the years reveal the necessity of 
precautions. Critical temporal warming, especially in 
the northern part of the area, is spatially highlighted 
in Fig. 11.

Particularly during the summer, areas with 
high residential density experience elevated LST. 
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Fig. 8   Seasonal trend analysis of LST in LCZs
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However, it is worth noting that water surfaces and 
woodland regions have a cooling effect, as indi-
cated by seasonal variations in LST. LST is a cru-
cial indicator of climate change, and its variations 
across regions can be attributed to factors such as 
vegetation cover, urbanization, and topography 
(Yu et  al., 2018). Understanding these temporal-
spatial changes is vital for predicting future climate 

trends and implementing effective mitigation strat-
egies. Figure  6 explores the spatial distribution of 
LST in different seasons. The highest LST value 
is observed in the summer, followed by autumn, 
spring, and winter. The regional distribution of LST 
reveals a distinct pattern of temperature variation 
throughout the year. Seasonal variations in LST lev-
els can be called solar radiation, vegetation cover, 

Fig. 9   Maps of spectral indices (A spring, B summer, C fall, D winter)
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and urban heat island effects. During the fall and 
summer, urban areas exhibit the highest LST val-
ues, while forests and water surfaces have the low-
est (Yuan & Bauer, 2007). These findings align with 
the research by Han et al. (2023), which discovered 
that high-value LST zones were predominantly 
observed on impermeable surfaces.

In contrast, low-value LST regions were more 
concentrated in water and forest areas such as the 
Qiantang River, West Lake, Xixi Wetland, and Gaot-
ing Mountain. Overall, the regional distribution of 
LST provides valuable insights into the impact of 
various environmental conditions on temperature 
fluctuations. This information is essential for under-
standing local climate patterns and informing urban 
planning and land use decisions. The LCZ map was 
created to distinguish between surface temperatures 
in the research area. Previous studies in different 

regions have found that the highest LST is generally 
observed in LCZ 1 (compact highrise buildings), 
LCZ 2 (compact, medium buildings), LCZ 8 (large 
lowrise buildings), and LCZ Z (heavy industry) 
regions, as studies suggest (Wang et al., 2019; Zhao 
et  al., 2021). In this study, it was discovered that 
LCZ 3 (compact lowrise buildings), LCZ 6 (open 
highrise buildings), LCZ 8 (large lowrise buildings), 
and LCZ 9 (sparsely built areas) had the highest 
LSTs, and it was determined that temperature values 
varied significantly depending on the season. How-
ever, building height, density, and land cover all sig-
nificantly impact the intensity of the UHI.

Moreover, research is needed to investigate 
the specific factors underlying these temperature 
changes across metropolitan zones. While LCZ 3 
(compact lowrise buildings) stands out for its high 
summer temperatures, LCZ G (water) stands out 

Fig. 10   The LRM between spectral indexes and LST
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in the autumn and winter. These findings indicate 
that urban planning and design significantly influ-
ence local temperatures and should be considered 
in future development efforts. Additionally, study-
ing the thermal properties of different land cover 
types in metropolitan areas could provide valuable 
insights for minimizing the impacts of heat islands.

Effects of spectral indices on LST and LCZs

NDVI and LST exhibited a negative correlation dur-
ing summer (R2 = 0.73), indicating that as vegetative 
health improves, surface temperatures decrease. This 
finding is reinforced by Huang et  al. (2024), who 
found that increased vegetation leads to more excel-
lent absorption of solar radiation, resulting in higher 
surface temperatures. Similarly, Sun et al. (2022) dis-
covered that higher vegetation levels increase vegeta-
tion transpiration and evaporation, leading to higher 
atmospheric water vapor content and increased sur-
face precipitation. The significant negative correla-
tion suggests a strong association between these two 
variables during this period. Consequently, the corre-
lation between NDVI and LST is significantly weaker 
in autumn and spring compared to summer and 

winter, as indicated by the degrees. This result high-
lights the importance of monitoring vegetation health 
to understand its impact on surface temperature fluc-
tuations throughout the year.

Further research could explore how these find-
ings can be applied to enhance agricultural practices 
and mitigate climate change (Wang, 2021). Green-
ness is closely linked to rainfall, and increased 
vegetation greenness reduces surface temperature 
through shading, evapotranspiration, and photosyn-
thesis. Therefore, the influence of vegetation green-
ness on LST is more pronounced in the spring. As 
a result, the study concludes that vegetation growth 
restricts LST.

The study found that specific spectral indices, 
including NDVI, MNDWI, and NDBI, significantly 
impact LST and can help distinguish different LCZs. 
The cooling effect of NDVI in LCZs decreased dur-
ing the spring and summer seasons as temperature 
values dropped. This finding is consistent with the 
research of Sun and Kafatos (2007), who found that 
NDVI reduces LST in warmer seasons and amplifies 
it during colder seasons, with a significant negative 
relationship between LST and NDVI only observed 
during warm seasons. These findings suggest that 

Table 7   Seasonal average spectral index values and LRM coefficients (R2) in different LCZs

Note 1: the asterisks ** and * refer to positive and negative correlations
Note 2: Mv mean value, Sp spring, S summer, F fall, Wi winter

LCZ Types NDVI MNDWI NDBI

Sp S F Wi Sp S F Wi Sp S F Wi

LCZ 3 compact lowrise Mv 0.01 0.11 0.09 0.06 0.10  − 0.17  − 0.07  − 0.12  − 0.11 0.23  − 0.05 0.04
R2 0.55** 0.21* 0.66* 0.33** 0.97* 0.67* 0.59** 0.76* 0.95** 0.47** 0.46** 0.43**

LCZ 6 open highrise Mv 0.01 0.24 0.16 0.13 0.08  − 0.18  − 0.07  − 0.13  − 0.1  − 0.08  − 0.1  − 0.02
R2 0.48** 0.36* 0.13* 0.11* 0.30* 0.36* 0.38* 0.20* 0.98** 0.97** 0.51** 0.97**

LCZ 8 large lowrise Mv 0 0.13 0.12 0.08 0.1  − 0.14  − 0.06  − 0.11  − 0.1  − 0.03  − 0.09 0
R2 0.08** 0.10* 0.50* 0.21** 0.18* 0.13** 0.25** 0.09** 0.23** 0.21** 0.30** 0.69**

LCZ 9 sparsely built Mv 0.01 0.32 0.21 0.17 0.1  − 0.2  − 0.11  − 0.16  − 0.12  − 0.13  − 0.11  − 0.04
R2 0.28** 0.59* 0.29* 0.10** 0.25* 0.12** 0.26* 0.34* 0.38** 0.46** 0.42** 0.20**

LCZ A dense trees Mv 0.06 0.43 0.28 0.18 0.03  − 0.21  − 0.12  − 0.11  − 0.1  − 0.21  − 0.15  − 0.07
R2 0.88** 0.73* 0.13* 0.22** 0.81* 0.13** 0.34* 0.31* 0.79* 0.29* 0.19** 0.14*

LCZ B scattered trees Mv 0.01 0.38 0.24 0.2 0.1  − 0.22  − 0.11  − 0.18  − 0.13  − 0.17  − 0.12  − 0.04
R2 0.08** 0.41* 0.11* 0.15** 0.02* 0.03** 0.20* 0.39* 0.08* 0.39** 0.22** 0.09**

LCZ D low plants Mv 0 0.33 0.16 0.13 0.11  − 0.16  − 0.09  − 0.12  − 0.12  − 0.17  − 0.08  − 0.02
R2 0.39** 0.54* 0.08* 0.30** 0.30** 0.09** 0.10* 0.20** 0.10** 0.59** 0.29** 0.16**

LCZ G water Mv 0.01 0.01 0.06  − 0.01 0.06 0.03 0 0.03  − 0.07 0.01  − 0.06 0
R2 0.24** 0.83** 0.43* 0.31* 0.17* 0.11* 0.03** 0.51** 0.12** 0.73* 0.26** 0.10*
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monitoring these spectral indices can ensure a valu-
able perception of the effects of urban heat islands 
and inform urban planning strategies to mitigate heat 
stress in different LCZs (He et  al., 2021; Mokarram 
et  al., 2023). The study investigates the relationship 
between spectral indices and changes in LST over 

time. LCZ A demonstrates the most effective cooling 
during hot weather.

This data has the potential to provide valuable 
insights to city planners, enabling them to make well-
informed decisions regarding the design of urban 
areas. By understanding the correlation between 

Fig. 11   Spatiotemporal change of LST maps of Sapanca A 1990, B 2000, C 2010, D 2020, and E 2022
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spectral indices and temperature fluctuations, cities 
can effectively develop tailored strategies to coun-
teract the urban heat island effect in different LCZs. 
The findings of this study highlight the significant 
cooling effect that forests exhibit during the hot-
test months of the year, which is consistent with the 
observations made by Yin et  al. (2022). According 
to their research, forests can have a remarkable cool-
ing impact of up to 8.4  °C during the study period. 
Furthermore, statistical data suggests that integrating 
more green spaces and vegetation into urban develop-
ment can help alleviate the consequences of escalat-
ing temperatures. Moreover, these findings support 
the critical importance of preserving and expanding 
forested areas within cities to create a more sustain-
able and pleasant environment for residents.

From the LCZ 3 perspective, it has the most deci-
sive impact on MNDWI and LCZs during spring. 
LCZ 3, characterized by compact midrise buildings 
and limited vegetation, offers the most tremendous 
potential for reducing the urban heat island effect. 
Implementing green infrastructure, such as parks, 
green roofs, and street trees, in these areas, accord-
ing to Sarfo et  al. (2023), could significantly lower 
temperatures and enhance urban residents’ quality 
of life. The influence of MNDWI on LST values is 
more pronounced in LCZs (3–9) than in LCZs (A–G). 
This suggests that targeting LCZs 3–9 for water-
based interventions may be more effective in miti-
gating the urban heat island effect than LCZs A–G. 
Additionally, incorporating water features like ponds 
and wetlands in these regions could enhance cooling 
effects and improve livability. The warming effect of 
NDBI is more excellent in all LCZs, especially during 
the spring and summer seasons, compared to other 
seasons.

Focusing on minimizing NDBI in all LCZs, par-
ticularly during warmer months, can help reduce the 
urban heat island effect and improve thermal comfort 
for people. Solutions like green roofs and reflecting 
pavements can also lower surface temperatures and 
create a more sustainable urban environment. When 
adopting urban heat island mitigation techniques, it 
is essential to consider land cover features. By pri-
oritizing LCZ 3–9 and incorporating water features, 
cities can effectively lower temperatures and improve 
residents’ well-being. Understanding seasonal varia-
tions in the warming effects of NDBI can guide tar-
geted interventions during high-risk periods. Urban 

blue-green areas play a crucial role in reducing LST. 
The results of this study are based on Xiang et  al. 
(2023) and Mo et  al. (2024), and are consistent in 
their work. These results underscore the importance 
of integrating blue-green infrastructure with well-
designed urban morphology to mitigate the UHI 
phenomenon. Analyzing these metrics can enhance 
understanding of urban heat island impacts and 
inform urban planning approaches to alleviate heat-
related stress. Recognizing the moderating influence 
of natural geographic features on temperature is cru-
cial for climate change mitigation and urban planning 
and design. A comprehensive systems-level perspec-
tive is required, especially in developing urban green 
infrastructure. To ensure balance, water bodies and 
permeable surfaces should be carefully planned and 
distributed. This comprehensive approach should 
consider factors such as the size, distribution, and 
connectivity of green spaces and the integration of 
water management systems like ponds, wetlands, and 
permeable pavements. Careful planning and imple-
mentation of these elements can help mitigate urban 
heat island effects and create more resilient, livable 
cities in the face of climate change.

Conclusion

This paper aimed to develop an evaluation approach 
for a comprehensive dual evaluation of the UHI 
effect. The method integrates LST and spectral indi-
ces based on LCZ classification to assess the UHI 
phenomenon in detail. UHI is a significant concern in 
urban areas. In areas with complex urban morphology 
and climatic characteristics, it is insufficient to solely 
investigate the effect of spectral indices on LST. Anal-
ysis of LST’s temporal and spatial variations based on 
LCZ is also fundamental in detecting that temperature 
varies between different LCZs. Therefore, this study 
provided a valuable basis for urban planning by sea-
sonally evaluating the relationship between spectral 
indices and LST within different LCZs. Urban plan-
ning measures are critical, primarily since it is known 
that urbanization is held responsible for the concern 
caused by the climate crisis worldwide. This rela-
tionship was examined using a LRM. In addition, the 
LRM used is based on the hypothesis of a linear asso-
ciation between the indices and LST. It was found that 
all LCZs exhibited a warming effect with an increase 
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in the Normalized Difference Built-up Index (NDBI). 
However, the NDVI and MNDWI showed a cooling 
effect when impacted. The most potent cooling effect 
of NDVI was observed in LCZ A, with a coefficient 
of determination (R2) value (0.73) during the summer 
season.

On the other hand, the most potent cooling effect 
of MNDWI was observed in LCZ 3, with an R2 of 
0.97 in the spring season. This may be attributed to 
the high density of LCZ 3 zones around the largest 
wetland in the study area. The results obtained from 
this study can provide essential recommendations for 
urban planners and policymakers in their efforts to 
improve thermal comfort in urban areas.

Limitations and future research directions

As satellite imagery becomes increasingly prevalent 
across diverse research domains, comprehending the 
limitations and potential biases associated with data 
acquisition timing has emerged as a crucial consid-
eration in ensuring the validity and reliability of the 
resulting analyses. Satellite remote sensing offers 
high spatial resolution but often suffers from limited 
temporal coverage, with images captured at specific 
time points that may not align with research objec-
tives or the natural cycles and variations within the 
study area. Furthermore, the selection and timing of 
image collection can significantly impact the qual-
ity and accuracy of land cover mapping and change 
detection, as factors such as vegetation phenology, 
cloud cover, and solar illumination can fluctuate con-
siderably across seasons. Consequently, researchers 
must exercise caution in accounting for these seasonal 
factors when analyzing satellite-derived land cover 
data, as they can introduce significant bias into the 
interpretation of land cover changes and the detection 
of long-term trends or patterns. Similarly, this study 
has some limitations. Firstly, the satellite images used 
in this study represent the LST values observed at 
08:39 in the morning, as the Landsat satellite passed 
over the study area during this time. Another limita-
tion is that due to the satellite image’s features, such 
as resolution and cloudiness, it was impossible to 
calculate thirty-day LST values in seasonal analyses. 
Due to distortions in the images, one-day LST values 
representing the current month were used in the anal-
yses and evaluations by the climatic conditions of the 

study area in seasonal analyses. For future studies, it 
would be beneficial to analyze the spatial effects of 
LSTs in all LCZs throughout the day and night and 
during different seasons, using data obtained from 
satellites that cover different time zones. This would 
provide more comprehensive results. Numerous accu-
racy assessments and precision improvements have 
been made for the LCZ classification. In the scope of 
the study, the confusion matrix was calculated for the 
accuracy assessment, and the computed values show 
that the classification is acceptable. However, there is 
still a need to improve the cartographic accuracy of 
the LCZ classification and develop a unified/standard 
method for creating LCZ maps. The LCZ classifica-
tion used in this analysis may have inaccuracies due 
to technical constraints and may not fully capture the 
actual urban landscape. Additionally, various factors 
at the city scale, such as building morphology, land 
cover characteristics, building material differences, 
population, and socio-economic conditions, can con-
tribute significantly to the observed thermal environ-
ment. Consequently, the selection of the study area 
may impact the regression analysis. Therefore, future 
research should examine the relationship between 
LST and driving factors across different urban scales 
to derive more comprehensive conclusions. While the 
current study utilized relevant LULC indices, there 
are numerous other potential indicators that could 
be explored. Although the indices that best represent 
the urban context were preferred in the study, differ-
ent indices such as normalized difference impervious 
index (NDISI), bare soil index (BI), urban index (UI), 
index-based built-up index (IBI), and enhanced built-
up and bareness index (EBBI) can be used in future 
studies. This study evaluates the impact of LULC 
indices on seasonal LST in 2022. Future research 
on similar topics should consider the LULC indices 
utilized in this study as critical parameters for under-
standing LST variations in the urban setting. How-
ever, it is likely that additional indices may also sig-
nificantly influence these temperature patterns. The 
effect of land cover on LST is inevitable. It is also 
important to determine this situation. Especially in 
seasonal analyses, determining the magnitude and 
direction of the effect of land cover on LST will facil-
itate the production of effective policies in the adap-
tation process to climate change. In statistics, linear 
regression is a linear approach used to model the rela-
tionship between a scalar response and one or more 



Environ Monit Assess (2025) 197:252	 Page 21 of 23  252

Vol.: (0123456789)

explanatory variables. This method, frequently used 
in climate studies, is important in determining the 
percentage level of the variables affecting LST. For 
this reason, linear regression analysis was performed 
in the study. However, due to the developments in 
statistical analyses, different methods like machine 
learning also provide effective results in climate stud-
ies. It will be beneficial to use different methods in 
future studies. Another limitation is that this study 
only evaluates a specific sample area within the urban 
area rather than considering the entire area. It is sug-
gested that future research should analyze the impact 
of spectral indices on LCZ and LST in larger urban 
areas, which may yield different or similar results 
with higher or lower statistical values. At the same 
time, it is considered that using the evaluation method 
developed within the scope of the study will play an 
essential role in determining the parameters that will 
effectively reduce LST in studies conducted on a sim-
ilar subject at different scales in different cities.
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