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urban environment, especially the increase in surface 
temperatures (Reis and Lopes 2019; Vandamme et al. 
2019; Yang et al. 2020). As urbanization continues to 
accelerate globally, understanding the spatial patterns of 
thermal performance in cities has become increasingly 
important to address climate change adaptation mea-
sures (Oliveira et al. 2020; Yenigun et al. 2025). Land 
cover patterns strongly influence urban local climate. 
This forms the basis for creating a land cover map based 
on the microclimate characteristics of a city (Shi et al. 
2018). The ongoing urban development has revealed 
the need for new methods and searches to standardize 
research on urban climate.

Climate zones, which are defined by the patterns of 
temperature, precipitation, and other meteorological fac-
tors, play a crucial role in shaping the physical and social 
environments across the globe (Weaver et al. 2017; Aydin 
et al. 2025). Recent studies have emphasized the impor-
tance of using local climate zones (LCZ) parameters to 
investigate urban microclimates and ventilation condi-
tions (He et al. 2015; Zhang et al. 2021). As a result of 
this need, the LCZ classification developed by Stewart 
and Oke (2012) is a frequently used method in studies that 
allows the evaluation of the local climate of cities within 
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Abstract
Coastal regions across Europe face rising sea levels and climate change-related extreme weather conditions such as more 
frequent and intense heat waves, floods, droughts, and storms. As climate change and rapid urbanization continue to pose 
significant challenges to the resilience of cities, knowledge from LCZ studies has the potential to generate targeted adap-
tation strategies that address the unique thermal performance characteristics of different urban areas. A range of physical 
characteristics, such as the density and type of buildings, the presence of vegetation and the amount of impervious surface, 
defines local climatic zones. The study focuses on the change in LCZ classification (1 to 10 and A to G) between 2003 
and 2023 and its relationship with LST. The most pronounced increase occurred in LCZ3 (compact low-rise), with an 
expansion of 139 km², equivalent to more than a tenfold (1158%) rise from its 2003 extent. It was found that areas clas-
sified as LCZD (low plants) in 2003 were transformed into LCZ9 (sparsely built areas) in 2023. The transformation of 
vegetated areas into urban areas in the study area demonstrates the striking impact of urbanization over the last 20 years.
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the scope of specific land use and land cover (LULC) char-
acteristics. Climate Zones has become a standard method 
for categorizing urban areas’ land cover and land use 
characteristics in relation to their corresponding climatic 
influences (Ren et al. 2010; Back et al. 2021). It is used in 
studies on urban morphology and urban heat island (Zhao 
et al. 2020; Cao et al. 2022; Xiang et al. 2023), in studies 
focusing on the effect of LCZ changes on land surface 
temperature (LST) in urban areas (Mushore et al. 2022a), 
and in studies focusing on the classification of urban areas 
(Bechtel et al. 2015; Demuzere et al. 2021). The impacts 
of climate change on these climate zones are well-docu-
mented, with studies showing that warming temperatures 
are leading to shifts in precipitation patterns, sea level 
rise, and the increased frequency and intensity of extreme 
weather events (Ondiko et al. 2022). To date, many stud-
ies have examined the relationship between LCZ and LST 
in many cities around the world (Khoshnoodmotlagh et al. 
2021; Zwolska et al. 2024). In these studies, it has been 
shown that these complementary data sources provide a 
powerful additional resource for urban planning by inte-
grating with LCZ and LST within the scope of urban heat 
island and urban morphology detection (Xu et al. 2017; 
Isinkaralar et al. 2025a, b). These changes are having far-
reaching consequences on both the natural and built envi-
ronments, with coastal regions facing the risk of flooding 
and inland areas experiencing the effects of droughts, 
heatwaves, and wildfires (Schmidt et al. 2021; Huser et 
al. 2022). The literature review has also highlighted the 
need for a more risk-based approach to climate change 
assessments, as managing these risks will be crucial in 
mitigating the negative impacts on communities and eco-
systems (Alexander 2020; Chen et al. 2020). By identi-
fying and evaluating specific risks, their likelihood, and 
potential consequences, policymakers and stakeholders 
can develop more effective strategies to promote resil-
ience and adaptation in these challenges (Danylo et al. 
2016; Das and Das 2020).

Considering all these, the main objectives of this 
study are to investigate the relationship between LCZ 
and LST in coastal cities of Italy by determining the 
impact of impervious density (IMD) and the transfor-
mation between LCZs on LST over a 20-year period 
(2003–2023). Specifically, this study aims to answer the 
following research questions:

(1)	 Which LCZ types are dominant in the coastal cities of 
Italy?

(2)	 Which LCZ types have a statistically higher correlation 
with LST values?

(3)	 How can LCZ changes over time be assessed in the con-
text of climate risk?

Materials and methods

Study area

The analysis in this research was carried out in 4 different 
coastal cities of Italy (Liguria, Tuscany, Emilia-Romagna, 
Veneto), one of the important countries of Europe. The 
study area covers a total area of 136,005 km². The climate 
characteristics of Italy are incredibly diverse. Although the 
typical Mediterranean climate is dominant in most of the 
country according to the geographical characteristics of the 
region, there are climatic differences. While the inner north-
ern regions of Italy are in the hot summer (Cfa) category 
of the Köppen climate classification, that is, in a temperate 
climate zone, the part covering the study area is no dry sea-
son and warm summer (Cfb), Cfa, and warm summer (Csb) 
categories (Fig. 1).

Method

Figure 2 illustrates the procedural framework used in the 
study. The study was conducted in 3 main stages. First, 
MODIS LST data were obtained, and LST analysis was 
performed. Then, IMD analysis was performed and the 
relationship between LST and IMD was analyzed with the 
linear regression model. LCZ classification was performed 
with the bands of Landsat 5 and Landsat 8 satellite images 
using the WUDAPT procedure. The average LST values 
in each of the classifications were calculated and the LST 
changes in the LCZ classes were analyzed.

Retrieval of LST from the MODIS data

The study used the MOD11A2v6 product (1 km spatial res-
olution) from the Terra MODIS collection to determine LST 
over the 20 years between 2003 and 2023. MODIS LST data 
were obtained from NASA database (MoDIS Land 2023). 
MODIS data were converted from MODIS units to LST in 
degrees Celsius by applying the MODIS scale factor. In the 
LST calculation, the annual average LST was calculated by 
calculating a 4-month average LST for each year, January, 
May, August, and October, representing the seasonal situa-
tion of the study area. Finally, the MODIS satellite image 
has a spatial resolution of 1 km. However, to obtain more 
effective results in analysis and evaluation, the resulting 
LST map was produced at 100*100 m, which aligns with 
the LCZ map target resolution. The “project raster” tool in 
the ArcGIS 10.4.1 program was used to adjust the resolu-
tion of the map. Then, MODIS LST data were divided into 
2 periods as 2003–2012 (LSTM1) and 2013–2023 (LSTM2). 
All the differences in LST values and LCZ changes were 
found to be statistically significant at the p < 0.001 level. 
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Furthermore, a strong correlation was observed between the 
rates of change in LCZ classes and the rates of LST change.

Imperviousness of surface

In the study, 2009 and 2018 IMD products from the Coper-
nicus database (EEA 2025) were used to determine how 
impermeable surfaces affect LST in the 20 years between 

2003 and 2023. IMD products were produced for 3 years 
using a semi-automatic classification based on the Normal-
ized Difference Vegetation Index (NDVI). IMD is available 
at 100  m spatial resolution for the reference years 2006, 
2009, 2012, 2015, and 2018 (EEA 2024).

The IMD product with 100 m resolution has been suc-
cessfully used in studies on mapping local climates of urban 
areas together with the LCZ classification by Demuzere et 

Fig. 2  Flowchart of the data collection and analysis of the study

 

Fig. 1  The research area location maps A: Coastal zone of Italy, B: Study area, C: Köppen climate types of Italy (climate types calculated from 
data from WorldClim Global Climate Data platform (Xu and Hutchinson 2011)
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After obtaining satellite images for the years 2003 and 
2023, digitized TAs were collected according to WUDAPT 
guidelines from locations with unchanged LULC catego-
ries. The TAs were initially collected in Google Earth soft-
ware and saved in kml format. They were subsequently 
converted into shp format using ArcGIS for SAGA-GIS. 
The Landsat satellite images obtained for the years 2003 
and 2023 were resampled to 100-meter resolution (Yoo et 
al. 2019). To ensure pixel compatibility in the analyses, 
LCZ data were resampled at 100 m resolution using the 
resampling tool (Grid-Tools-Module Resampling) in the 
SAGA GIS program. Then, the classification algorithm 
was applied in SAGA GIS to create the LCZ classifica-
tion based on the resampled Landsat satellite images and 
the selected training areas. The algorithm used in the 
WUDAPT procedure is a Random Forest (RF) classifier 
(Bechtel et al. 2019).

It consists of decision trees that assign each image pixel 
to the LCZ type. Since its subsets are randomly formed, it is 
called RF. While RF provides valuable results, it requires a 
small amount of training data and also manages to process 
large amounts of data without any capacity. It is preferred for 
GIS data and multi-source remote sensing datasets (Rodri-
guez-Galiano et al. 2012; Choe and Yom 2020; Mushore et 
al. 2022b).

The overall accuracy metrics across all cities were evalu-
ated based on their averages. While city-specific models 
are recommended by WUDAPT, in this study a regional 
model was adopted to ensure temporal consistency across 
2003–2023. The relatively lower overall accuracy (OA) in 
2003 (61.59%) is attributed to the limitations of the satellite 
data rather than the classification approach. The calculated 
accuracy values for the LCZ map of the city are given in 
Table  2. According to the data in Table  2, the 2003 LCZ 
classification achieved an overall accuracy value of 61.59 
and a kappa value of 0.64, while the 2023 LCZ classifica-
tion reached an OA value of 71.69 and a kappa value of 
0.72. In 2003, the producer’s accuracy values ranged from 
40.59% to 89.11%, and the user’s accuracy values ranged 
from 48.59% to 81.08%. In 2023, the PA values fell between 
51.47% and 89.99%, and the UA values were within the 
range of 59.15% to 87.87%. The average UA and PA values 
of the 2003 and 2023 are consistent with other studies in the 
literature. Ren et al. (2019) reported an overall distribution 
of LCZ maps between 60% and 89% across countries, with 
a standard deviation of 76% and 7.2%. Johnson and Jozdani 
(2019) calculated the OA of the LCZ map to be 0.76, while 
producer’s accuracy (PA) values range from 0.06 to 1.0 and 
user’s accuracy (UA) values range from 0.03 to 1.0. In their 
study, Bechtel et al. (2020) reported an OA value of 0.59. 
These studies support the reliability of LCZ classifications 
in capturing urban heat dynamics.

al. (2019). Within the scope of the research, daytime LST 
MOD11A2v6 Terra MODIS data from 2003 to 2023 and 
IMD data from 2009 (3-year product of the 2008–2010 
temporal scope) and 2018 (3-year product of the 2017–
2019 temporal scope) were used. The changes in the per-
centage of impermeable areas between 2006 and 2018, 
together with the LST between the two selected periods, 
were investigated. The relationship between IMD and LST 
was analyzed using a linear regression model. To facilitate 
the spatial and numerical evaluation of IMD distributions, 
IMD values were divided into five groups: Grup1: %0–20, 
Grup2: %21–40, Grup3: %41–60, Grup4: %61–80, and 
Grup5: %81–100.

LCZ classification using LCZ generator

The WUDAPT LCZ procedure was applied to determine the 
LCZ classes for Italy. The procedure steps were performed 
using Google Earth, SAGA GIS, and ArcGIS programs. The 
LCZ procedure completed the pre-processing processes of 
Landsat satellite images and satellite raster data. Then, the 
training areas (TAs) were digitized. Finally, the classifica-
tion algorithm was applied in SAGA GIS. In order to per-
form the LCZ classification with the WUDAPT procedure, 
cloudless satellite images corresponding to 4 seasons were 
obtained from the Landsat 5.7 ETM and Landsat 8 OLI/
TIRS satellites of the United States Geological Survey 
(USGS) according to the seasonal characteristics of the 
study area. The satellite images were combined by mak-
ing a mosaic, then clipped within the study area boundaries 
and made ready for classification. Bands 1–7 of the satellite 
images were used for LCZ classification (Table 1).

Table 1  Landsat images used in LCZs classification
Image Acquisition Date Sensor Bands for 

LCZ Clas-
sification

20.01.2003–27.01.2003 Landsat 7 ETM 1–7
26.05.2003–28.05.2003
17.08.2003–24.08.2003 Landsat 5 ETM
11.10.2003–20.10.2003.10.2003
31.01.2012 Landsat 7 ETM 1–7
27.05.2012–29.05.2012
22.08.2012–24.08.2012
18.10.2012–25.10.2012.10.2012
18.01.2013–23.01.2013 Landsat 8 OLI/

TIRS
1–7

22.05.2013–29.05.2013
19.08.2013–26.08.2013
15.10.2013–22.10.2013.10.2013
18.01.2023–27.01.2023 Landsat 8 OLI/

TIRS
1–7

25.05.2023–27.05.2023
22.08.2023–24.08.2023
24.10.2023–27.10.2023.10.2023
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climate change significantly contribute to LST increases, 
with urban morphology and building density being the 
primary factors. Similarly, García and Rezapouraghdam 
(2023) show that climate change and urban structuring in 
Seville influence heat stress variability, suggesting that city-
scale planning can mitigate local thermal impacts.

When examining the spatial pattern of IMD levels, it is 
observed that they tend to increase particularly in the north-
western parts of the study area, especially in its interior 
regions (Fig. 3).

The linear regression analysis results determining the 
relationship between LST and IMD are presented in Fig. 4. 
The analysis results indicate a positive relationship between 
IMD and LST. Increased impervious surface density causes 
a rise in LST values. According to the linear regression anal-
ysis between 2009 IMD and LSTM1, the increase in 2009 
IMD explained 48% of LSTM1, while the linear regression 
analysis between 2018 IMD and LSTM2 showed that the 
increase in 2018 IMD explained 87% of LSTM2.

Relationship between the LCZs and LST

The research maps created using SAGA GIS and ArcGIS 
programs show the 20-year urbanization process of the study 
area. The study area has experienced a spatial change in local 
climate zones in land surface temperature, particularly in the 
inner regions. These urban areas have seen an increase in the 
low vegetation cover class. The spread of urban areas has 
intensified the urban heat island effect (Li et al. 2021; Mo et 
al. 2024). Areas with predominantly concrete and asphalt, 
which absorb heat, such as housing and commercial struc-
tures, have contributed to the formation of the urban heat 
island. In other words, identifying and classifying local cli-
mate zones is an important tool for climate-focused planning 
and design in urban areas, including mitigating the urban 
heat island (Liu et al. 2020; Soward and Li 2021) (Figure 5).

Between 2003 and 2023, the highest increase in urban 
areas was observed in LCZ3. The most significant decrease 
in urban areas was seen in LCZ6. There was generally a 
decline in natural areas, with the most substantial decrease 
observed in LCZD (Fig. 6; Table 4).

The study area has generally transitioned from low-veg-
etation areas to urban areas from 2003 to 2023. The results 

Results and discussion

Relationship between the IMD and LST

When comparing the IMDs of 2009 and 2018, IMD level 1 
(%0–20) shows the highest decrease, with a significant drop 
in value. At the same time, IMD level 5 (%81–100) shows 
the highest increase, indicating that the most disadvantaged 
areas have seen the most significant rise in IMD over this 
period. At the same time, regardless of the change in IMD 
levels, the highest increase in LST values is seen in IMD 
level 5 with 9.8 °C (Table 3). As supported by several recent 
studies, the increase in urban land surface temperature 
(LST) is primarily driven by both local urbanization and 
global climate change. Stowell et al. (2023) emphasize that 
urban green spaces and local development patterns signifi-
cantly influence LST in cities worldwide, highlighting the 
role of vegetation in mitigating urban heat. In a case study 
of Lagos, a rapidly growing metropolis in West Africa, Guo 
et al. (2022) demonstrate that urban expansion and global 

Table 2  LCZ transfer matrix of the study area (2003–2023)
LCZs UA (%) PA (%) Overall Accuracy (%) Kappa
 2003  2 51.16 58.85 61.59 0.64

 3 59.97 65.47
 5 48.59 40.59
 6 69.89 71.75
 8 71 74.01
 9 65.05 69
 10 68.19 77.98
 A 80.79 80.65
 B 87 86.01
 C 69.98 79.75
 D 72.74 67.71
 E 60.96 68
 F 61.68 71
 G 81.08 89.11

 2023  1 71.25 70.54 71.69 0.72
 2 59.15 68.85
 3 61.79 51.47
 4 61.41 68.56
 5 69.99 66.78
 6 73.79 75.65
 7 74.35 76.51
 8 74.04 76.55
 9 69.58 71.41
 10 77.191 79.98
 A 85.86 86.98
 B 81.82 89.78
 C 74.89 79.75
 D 71.74 84.98
 E 86.98 87
 F 77.77 71.65
 G 87.87 89.99

Table 3  Changes of areas (km²) IMD levels between 2009 and 2018
IMD Level IMD 2009 IMD 2018 Change of 

area
Change of 
average 
LST (°C)

1: %0–20 53.292 42.632 −10.660 −6.78
2: %21–40 2842 4973 + 2131 + 3.04
3: %41–60 2131 3553 + 1422 + 5
4: %61–80 5684 9237 + 3553 + 7.2
5: %81–100 7105 10.659 + 3554 + 9.8
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most prominent signs of the changing climate in this urban 
environment.

The most extreme land surface temperature levels are 
observed within urban local climate zones, where the built 
environment and human activities contribute to forming dis-
tinct microclimates. In contrast, more moderate LST values 
are characteristic of natural LCZs, such as forested areas 
and open spaces, less influenced by anthropogenic factors 
(Mouzourides et al. 2019). Historical data show that in 
2003, LST in natural LCZs typically remained below 25 °C. 
However, these levels have since risen above that threshold 

presented in Table 4 indicate that areas classified as LCZD 
in 2003 have been transformed into LCZ9 areas by 2023. 
This conversion of vegetation-covered areas to urban areas 
reflects the impact of urbanization over the past 20 years.

According to the LST maps shown in Fig.  7, the land 
surface temperatures in the study area have increased sig-
nificantly from 2003 to 2023. In 2003, the LST values 
ranged from 13.05 °C to 35.51 °C, but by 2023, these val-
ues had risen to between 16.55 °C and 40.75 °C. The pres-
ence of high LST values even in the coastal regions of the 
study area indicates that excessive warming is one of the 

Fig. 3  Spatial distributions of IMD levels and changes of IMD levels between 2009 and 2018 (A: 2009, B: 2018, C: IMD levels changes)
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Fig. 5  Maps of study area LCZs (A: 2003, B: 2023)

 

Fig. 4  Linear regression models, the relationship between IMD and LST (A: IMD 2009 and LSTM1, B: IMD 2018 and LSTM2)
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The spatial autocorrelation analysis revealed that both 
LCZ and LST exhibited significant clustering patterns in 
2003 and 2023 (Table 7). In 2003, Moran’s I values were 
0.644 for LCZ and 0.622 for LST, while in 2023 these val-
ues increased to 0.734 and 0.776, respectively (p < 0.001 
for all cases). This indicates that spatial dependence in both 
urban form and land surface temperature has become stron-
ger over time. Ordinary Least Squares (OLS) regression fur-
ther showed that LCZs explained a substantial proportion 
of the variance in LST values. The adjusted R² value was 
0.51 in 2003 and increased to 0.64 in 2023, suggesting that 
the explanatory power of LCZs on LST has strengthened 
over the two decades. In both models, the coefficients were 
statistically significant (p < 0.001), standard errors remained 
low, and variance inflation factor (VIF) values (2003: 3.19; 
2023: 2.60) indicated no multicollinearity problems. Collec-
tively, these results demonstrate that the spatial clustering of 
LCZs and LST has intensified, and the relationship between 
urban morphology and surface temperature has become 
more pronounced between 2003 and 2023.

Urbanization in coastal cities across Europe has accel-
erated over the past two decades, significantly altering the 
local urban morphology. Accurate and up-to-date urban 
morphological data are crucial for understanding the spa-
tial variability of urban climate and for generating reliable 
local climate maps. This study proposes a satellite-based 
approach to map LCZs and assess their relationship with 
LST over a 20-year period. By integrating LCZ classifica-
tion with temporal satellite imagery, the methodology pro-
vides a robust framework for evaluating the thermal impacts 
of urban expansion and the transformation of vegetated 
areas into built-up zones. A comparison of different built-up 
class types within the LCZ classification revealed that con-
figuration patterns play a significant role in modifying the 
LST. Built-up classes, such as compact high-rise buildings 
and fragmented green spaces, increase the LST, while less 
compact areas, such as open mid-rise buildings and sparsely 
built-up buildings with more green space, decrease the LST. 
Analysis shows that compact LCZs (especially LCZs 2 and 
3) have the highest surface temperatures, while densely veg-
etated LCZ types (e.g., LCZs D, A, B) have a significant 
cooling effect on the LST. Some studies show a pivotal role 
in mitigating heat of greenspaces, trees and vegetation in 
urban areas (Yu et al. 2024, 2025; Zhou et al. 2025a, b).

Our results indicate that compact high-rise (LCZ1) and 
heavy industry (LCZ10) exhibit the strongest urban-induced 
warming (+ 16.36 °C and + 13.26 °C, respectively), which 
may translate into 30–80% higher heat-related mortality risk 
during extreme events. Extreme heat events are well-docu-
mented to increase mortality rates, particularly in densely 
populated urban areas (Coates et al. 2014; Gasparrini et al. 
2015; Vicedo-Cabrera et al. 2021; Masselot et al. 2025). Our 

by 2023, indicating significant thermal warming has also 
occurred in these areas. This trend highlights the growing 
importance of understanding and addressing the impacts of 
local climate zones on urban environments and the need for 
targeted mitigation and adaptation strategies (Fig. 8).

Over the past 20 years, from 2003 to 2023, urban local 
climate zones have exhibited higher average, median, 
maximum, and minimum land surface temperature values, 
which are closely linked to land use patterns. The vari-
ous land cover configurations significantly determine the 
increase in LST values. Notably, natural LCZs, particu-
larly LCZG with water bodies, have experienced lower 
increases in maximum and minimum LST values. The 
largest magnitudes of statistical changes were observed 
in the classes that underwent the most substantial trans-
formations. These findings highlight the significance 
of understanding and monitoring local climate zones in 
urban areas, as they play a crucial role in shaping the 
thermal environment and have important implications for 
urban planning, climate adaptation, and environmental 
management (Table 5).

To further isolate the contribution of urbanization from 
the background climate signal, we subtracted the mean 
climate-driven ΔLST estimated from unchanged natural 
LCZs (LCZG and LCZF). Table 6 then reports the result-
ing urban-induced ΔLST values for the urban LCZ classes. 
The table includes only urban LCZs and shows that com-
pact built-up classes exhibit markedly higher urban-
induced warming: LCZ1 and LCZ10 present the largest 
excess ΔLST values (16.39 °C and 13.26 °C, respectively). 
Other urban classes show substantially smaller urban-
induced increases (e.g., LCZ2 = 1.58 °C; LCZ3 = 0.66 °C; 
LCZ4 = 5.56 °C; LCZ8 = 3.10 °C). These results indicate 
that, although regional climate warming affects all LCZs, 
the excess warming attributable to urbanization is most 
pronounced in compact built-up areas.

Fig. 6  Changes in the area of LCZs between 2003 and 2023
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et al. 2025), and reaching approximately 30–40% canopy 
cover in compact urban contexts yields up to approximately 
4–5 °C surface cooling (Wang et al. 2019; Ren et al. 2022). 
Similarly, raising surface albedo of impervious materials 
(e.g., pavements) above ~ 0.3–0.5 can deliver large surface 
cooling effects (Elgendy et al. 2025). Therefore, we propose 
applicable thresholds for our study area: (1) increasing tree 
canopy cover to ≥ 30% in the most affected LCZs (LCZ1, 

results indicate that compact high-rise (LCZ1) and heavy 
industry (LCZ10) exhibit the strongest urban-induced 
warming (+ 16.36 °C and + 13.26 °C, respectively), which 
may translate into substantial increases in heat-related mor-
bidity and mortality. Based on empirical evidence, policy 
targets should be more specific: achieving ≥ 30% tree can-
opy cover in LCZ1 has been shown to significantly reduce 
LST peaks in neighborhoods during heatwaves (Endreny 

Fig. 8  Study area average LST in LCZs (A: 2003, B: 2023)

 

Fig. 7  Study area average LST (A: 2003, B: 2023)
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LCZ thermal contrasts are strongly influenced by macrocli-
mate, coastal effects, and local morphology. Recent multi-
city assessments also demonstrate variation in which LCZs 
register the highest LST values, depending on factors such 
as building materials, height-to-width ratios, and proximity 
to large water bodies (Zwolska et al. 2024; Manyanya et 
al. 2024; Parvar et al. 2024). These mixed results suggest 
that simple generalisations are not valid everywhere. In our 
coastal study area, maritime forcing mechanisms includ-
ing sea breezes, higher humidity, and the thermal inertia of 
adjacent water bodies plausibly alter LCZ thermal ordering 
compared with inland mid-latitude cities.

Consequently, these findings are consistent with the 
results of previous studies reporting temperature differences 
between LCZ classes in other urban areas (Stewart et al. 
2014; Leconte et al. 2015; Shi et al. 2018; Mushore et al. 
2019; Alexander 2020;  Khoshnoodmotlagh et al. 2021). 
The study also revealed that the transformation of natu-
ral and semi-natural areas (LCZ D) into densely built-up 
LCZ classes (LCZ 3, LCZ 9) in a coastal city during the 
period 2003–2023 led to a significant increase in surface 
temperature (LST), especially in the thermal environment. 
This trend is consistent with recent studies highlighting the 
increase in LST as natural areas are converted into build-
ings in urbanized regions (Xiao et al. 2022; Mushore et al. 
2022a, b; Mengistu et al. 2025).

These results demonstrate that increasing heat stress in 
coastal cities is closely linked not only to global climate 
change but also to local morphological transformations. 
In this context, LCZ-based analyses offer a critical tool for 
developing strategies to mitigate the urban heat island effect 
by protecting vegetation, reducing impervious surfaces, 
and promoting shading-enhancing urban forms. Our study 
is one of the first to systematically document the impacts 
of LCZ transformations on LST in coastal cities, provid-
ing data directly applicable to both urban planning and the 
design of climate change adaptation strategies.

Conclusion

The findings of this study strengthen the evidence that 
explores the significance of utilizing LCZ to assess cli-
mate risk and urbanization dynamics in urban areas. The 
LCZ framework offers a standardized approach to classify 
urban landscapes according to climate-relevant surface 

LCZ10), (2) reducing impervious surface cover in these 
LCZs by 20–30%, and (3) ensuring that impervious surface 
and roof materials achieve an albedo value of ≥ 0.3, espe-
cially in LCZ4–LCZ8. Implementation of these measures 
could reduce urban-induced ΔLST by ~ 2–3 °C in LCZ1 and 
by ~ 1–2 °C in medium-density urban LCZs, resulting in a 
corresponding reduction in heat-related risk.

While many studies report a consistent pattern of higher 
surface temperatures in compact built LCZ classes, LCZ-
thermal rankings are not universal and may vary across cit-
ies and climate contexts. Several studies have shown that 

Table 5  Changes in the mean LST (°C) between periods 2003–2023 
and according to LCZ classes
LCZ Type Mean LST Median LST Max LST Min LST r
 LCZ1 17.51 8.97 18.17 27.88 0.97
 LCZ2 2.73 2.75 5.41 3.24 0.81
 LCZ3 1.81 1.78 4.12 4.12 0.90
 LCZ4 6.71 3.23 9.88 4.73 0.44
 LCZ5 4.23 1.88 10.12 3.78 0.53
 LCZ6 3.32 1.96 9.72 2.69 0.21
 LCZ7 2.12 2.47 8.61 4.72 0.12
 LCZ8 4.25 3.68 7.60 5.69 0.13
 LCZ9 2.19 2.47 3.19 4.46 0.15
 LCZ10 14.41 6.45 11.87 18.78 0.87
 LCZA 1.11 1.13 1.01 1.09 0.51
 LCZB 1.20 1.32 4.21 1.87 0.63
 LCZC 1.71 1.69 5.15 1.77 0.35
 LCZD 1.45 1.51 4.25 1.69 0.38
 LCZE 1.30 1.41 3.69 0.96 0.41
 LCZF 1.05 1.09 4.32 0.12 0.68
 LCZG 1.25 1.65 0.58 0.97 0.71
p < 0.001,r: Correlation coefficient

Table 6  Urban heating between 2003–2023 and by LCZ classes
LCZ Type Mean LST Urban-induced ΔLST (°C)
LCZ1 17.51 16.36
LCZ2 2.73 1.58
LCZ3 1.81 0.66
LCZ4 6.71 5.56
LCZ5 4.23 3.08
LCZ6 3.32 2.17
LCZ7 2.12 0.97
LCZ8 4.25 3.10
LCZ9 2.19 1.04
LCZ10 14.41 13.26
LSTclimate= (LCZFmeanLST + LCZGmeanLST)/2
Urban-induced ΔLST = ΔLST – LST climate(1.15)

Table 7  Global Moran I index and OLS analysis results
Variables Moran’s I Z-Score Adj.R² S.D T-Value p-value VIF
 2003  LCZ 0.644 36.98 0.51 0.003 10.462 0.00 3.191

 LST 0.622 35.727
 2023  LCZ 0.734 42.139 0.64 0.004 10.563 0.00 2.600

 LST 0.776 44.508
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characteristics, enabling a more detailed understanding of 
the complex relationships between the built environment 
and local climatic conditions. Integrating LCZ mapping 
with the multi-resolution analysis of urban canopy param-
eters has emerged as a tool for investigating urban micro-
climates and identifying priority areas for intervention. As 
climate change and rapid urbanization continue to pose sig-
nificant challenges to the resilience of cities, information 
from LCZ investigations can provide insights to inform the 
development of targeted adaptation strategies that address 
the unique thermal performance characteristics of different 
urban areas. Urban planners and policy makers can better 
understand the spatial distribution of thermal performance 
in a city, enabling them to optimize the application of cli-
mate change adaptation measures and promote the over-
all sustainability and resilience of urban communities by 
applying LCZ mapping and analysis. As the world increas-
ingly becomes more urbanized, the use of LCZ research will 
continue to play an essential role in supporting the develop-
ment of more livable, climate-resilient cities.
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