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Abstract

This paper focuses on the analysis of long-term land surface temperature (LST) dynamics
and land-use changes in the city of Kosice, Slovakia, during the period 1985-2025. The
analysis is based on multi-temporal Landsat satellite imagery processed within a geographic
information system (GIS) environment. Non-parametric statistical methods, including the
Mann-Kendall trend test and the Theil-Sen slope estimator, were applied at the pixel
level to identify the direction, magnitude, and statistical significance of long-term trends.
Land-use changes were evaluated using CORINE Land Cover data together with the NDVI
and NDBI spectral indices. The results revealed a statistically significant increase in land
surface temperature across almost the entire urban area, with the mean LST increasing by
5.83 °C between 1985 and 2025. The analysis also confirmed a strong positive correlation
between built-up areas and LST values, whereas vegetation cover exhibited a significant
cooling effect represented by a strong negative correlation with surface temperature. Spatial
analysis identified pronounced warming hotspots concentrated mainly in industrial and
newly urbanized areas, while vegetation-stabilized zones showed lower warming intensity
or localized cooling trends. The findings highlight the dominant influence of urbanization
processes on the city’s thermal regime and emphasize the importance of urban vegetation
as a key adaptation element for mitigating the surface urban heat island effect. The
study also illustrates the added value of integrating remote sensing data, GIS tools, and
pixel-based trend analysis in the assessment of long-term changes in the urban thermal
environment of medium-sized Central European cities. The results provide a spatial basis
for climate adaptation planning and future assessments of urban thermal comfort and
environmental quality.

Keywords: land surface temperature; Landsat; NDVI; NDBI urbanization; thermal hotspots

1. Introduction

Rapid and long-term urbanization may induce several negative environmental impacts.
Built-up surfaces absorb and subsequently re-radiate larger amounts of solar radiation [1,2],
which may lead to increased surface temperatures and alterations in the thermal regime
of urbanized environments compared with surrounding rural areas. In the literature, this
phenomenon is referred to as the urban heat island (UHI) effect [3,4]. The UHI can affect
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human physical health [5,6], mental health [7], temperature-related mortality [8-10], and
urban economic productivity [11]. Due to the increasing intensity of urbanization and
climate change, the urban thermal environment and long-term thermal dynamics of cities
have become important research topics in urban climatology, ecology, and urban planning.

The formation of the urban thermal environment and the emergence of the UHI effect
are influenced by several factors [12], including terrain morphology, climatic conditions,
urban structure, material properties [13], and vegetation cover [14,15]. In different types of
urban environments, these factors may affect the spatial distribution of surface temperature
and the intensity of heat accumulation in different ways, highlighting the need to analyze
their interactions and sensitivities [16]. Such assessments make it possible to identify key
parameters that are crucial for urban planning, design, and strategic decision-making.

Land surface temperature (LST) represents one of the key parameters used in the
analysis of the spatial and temporal dynamics of the urban thermal environment. Remote
sensing data [17,18] enable the assessment of spatial patterns of urban thermal dynamics,
the identification of thermal hotspots, and the analysis of heat accumulation areas associated
with land-use change and urbanization. Studies focused on UHI analysis [19-21] have
successfully used remote sensing data to investigate the spatio-temporal dynamics of land
surface temperature and evaluate the effects of urban expansion and land-use change
on urban thermal environments. Ref. [22] emphasizes that remote sensing provides a
comprehensive synoptic view of urbanized areas, enabling the identification of specific
thermal response patterns of different surface types, including locations with intensive
heat accumulation that are difficult to capture using stationary measurements due to their
limited spatial coverage.

In the spatial analysis of pixel-level LST time series, it is necessary to determine not
only the direction of temperature change (increasing, decreasing, or stable), but also its
intensity and statistical significance. The non-parametric Mann-Kendall test [23,24] is com-
monly used to detect the significance of trends, while the Theil-Sen slope estimator [25,26]
is applied to quantify trend magnitude. Over the past two decades, these non-parametric
statistical methods have become standard tools for detecting and quantifying monotonic
trends in environmental, hydrometeorological, and climatic time series [27,28]. These
approaches are particularly important in the analysis of long-term LST development and
urban thermal dynamics because of their robustness against outliers and seasonal variability
in the data [29,30].

In Slovak cities, research on the urban thermal environment is primarily focused on
the analysis of LST, thermal dynamics, and the surface urban heat island (SUHI) effect.
Holec et al. [31] contributed to the understanding of long-term urban thermal development
by analyzing changes in the heat island effect in Bratislava and Trnava during the period
1998-2016. Their study demonstrated a direct relationship between the expansion of
impervious surfaces and increasing SUHI intensity. The MUKLIMO model [32] has been
successfully applied in this region for modeling microclimatic conditions and predicting
thermal stress. A study conducted in the city of PreSov [33] employed machine learning
algorithms (random forest) for thermal data downscaling to a spatial resolution of 10 m,
enabling a more detailed identification of local thermal patterns than is possible using the
original Landsat resolution.

In [34], the authors analyzed the spatial distribution of LST within the city of KoSice
and its relationship with land use, highlighting the important role of urban vegetation
in mitigating the urban heat island effect. Subsequent research in this field focused on
advanced approaches to urban thermal environment modeling, including physically based
LST modeling using 3D urban structure models capable of accounting for shading effects
and surface orientation [35]. In [36], they combined the local climate zones concept, satellite
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data (Landsat, ECOSTRESS), microclimatic modeling (ENVI-met), and in situ measure-
ments. The results confirmed that integrating remote sensing data with microclimatic
modeling is essential for understanding the daily overheating cycle of urban structures.
Ref. [37] quantified the daily dynamics of thermal stress in the center of Kosice during
a heat wave using the ENVI-met model and high-resolution data (Sentinel-2, LiDAR),
identifying critical heat accumulation areas and urban thermal hotspots, while Ref. [38]
analyzed the structure of urban vegetation in Ko$ice using 3D spatial data.

The aim of this study was to analyze the long-term development of LST and the
spatial dynamics of the urban thermal environment in the city of Kosice during the period
1985-2025, and to assess the influence of land-use change on the thermal regime of the
urbanized landscape. In this context, the study addresses research questions related to the
existence and spatial variability of LST trends, the spatial dynamics of the urban thermal
environment, and the relationships between LST and land-use indicators like the normal-
ized difference vegetation index (NDVI) and the normalized difference built-up index
(NDBI). Based on these questions, hypotheses were formulated assuming an increasing
LST trend, a positive relationship between built-up areas and surface temperature, and a
negative effect of vegetation on LST values.

The novelty of this study lies in the application of a pixel-based trend analysis of a
40-year Landsat satellite time series (1985-2025) using non-parametric statistical methods
(Mann-Kendall test and Theil-Sen slope estimator), enabling the quantification of the direc-
tion, intensity, and statistical significance of long-term LST trends in the urban environment.
Unlike many previous studies focused on shorter time periods or isolated indicators, this
paper integrates LST, NDVI, NDBI, and land-use change data, providing a comprehensive
assessment of the relationship between urbanization processes and the thermal regime of
the city. The significance of the study also lies in the analysis of urban thermal dynamics
and land-use transformation over a 40-year period (1985-2025) using a consistent Landsat
time series. Furthermore, the results enable the identification of long-term thermal hotspots
and areas with significant vegetation cooling effects, providing a basis for climate-adaptive
urban planning.

2. Materials and Methods
2.1. Study Area

In this study, the city of KoSice was selected as the study area. KoSice is the second
largest city in Slovakia and has undergone dynamic urban development both historically
and in recent decades. The city has experienced intensive growth in sectors such as construc-
tion, energy, and transportation, which may significantly contribute to changes in urban
thermal conditions. The gradual reduction in green spaces and natural areas, particularly
due to construction activities, increases the city’s vulnerability to climate change impacts.
For this reason, the analysis of urban thermal dynamics is of considerable importance.

The city of Kosice is in eastern Slovakia (Figure 1) within the KoSice Region, in the
Kosice Basin along the Hornad River valley. Administratively, the city is divided into 22 city
wards with its own local self-government and four administrative districts. The total area
of the city is 24,373.4 ha, with a population of 223,678 inhabitants as of 31 December 2024.
Elevation ranges from 177 to 819 m above sea level.

Kosice is characterized by a heterogeneous and polycentric urban structure shaped by
historical development, socialist industrialization, and post-socialist transformation [39].
The city core consists of a compact radial-concentric medieval structure with adjacent
19th-century block development. A dominant component of the residential environment
is represented by large housing estates built between the 1960s and 1980s, characterized
by open urban composition and integrated green infrastructure (as shown in Figure 1c).
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(a)

Industrial zones are concentrated in the southern part of the city, while peripheral ar-
eas have undergone substantial residential expansion. These complex transformations
of the metropolis [40] have resulted in pronounced spatial differentiation of the urban
environment, where compact historical structures, housing estates, and newly developed
commercial zones coexist. The current spatial organization and functional land use are
defined by the urban plan of the city of Kosice [41].
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Figure 1. Study area—city of Kosice: (a) location of Kosice within Slovakia; (b) administrative
districts and city wards of the city of Kosice; (c) detailed view of the urban structure in Kosice—KVP
housing estate.

According to the Koncek climate classification [42], the study area belongs to a warm,
moderately dry climatic region with cold winters. The mean annual air temperature is
approximately 8.6 °C, while the average annual precipitation ranges from 550 to 800 mm.
According to Meteoblue (www.meteoblue.com) climate normals, the average daily max-
imum air temperatures during the summer months (June-August) typically range be-
tween 25 and 27 °C, whereas the average daily minimum temperatures are approximately
14-15 °C.

2.2. Methodology

In this study, the research workflow consisted of study area selection, data collection,
preparation, and preprocessing, followed by analytical procedures including the calculation
of LST, NDVI, and NDBI indices.

I.  Data Collection

The datasets used in this study were obtained from freely available sources. Detailed
characteristics of each dataset are provided in the following sections. All data were pro-
cessed and analyzed in ArcGIS Pro 3.5.0 using the Slovak national coordinate reference
system S-JTSK/Krovak East North (EPSG:5513).
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II. Data Preparation and Preprocessing

During preparation, all input datasets were clipped to the boundaries of the study
area using the Clip tool in ArcGIS Pro. Landsat datasets were processed using the USGS
Landsat QA Toolbox.

III. Index Calculation and Data Analysis

Different statistical aggregation approaches were applied for July and August data
depending on the characteristics of the analyzed variables. For LST, the arithmetic mean
was used to represent the overall thermal state of the study area and to capture the average
intensity of thermal conditions during the analyzed period. In contrast, the median was
applied for NDVI values because it is less sensitive to extreme observations that may result
from residual cloud contamination, atmospheric noise, or seasonal vegetation variability,
thereby providing a more robust estimate of vegetation conditions. For NDB], the arithmetic
mean was used because this index more consistently represents the proportion of built-up
and impervious surfaces, while its spectral variability within the time series is generally
lower compared with vegetation indices. The application of these statistical approaches
improved the robustness of the results and reduced the influence of anomalous values
within the time series.

Subsequently, non-parametric trend analyses were applied to the NDVI and LST
time series using the Mann-Kendall test and Sen’s slope estimator in order to iden-
tify the direction, magnitude, and statistical significance of long-term changes in the
analyzed parameters.

2.2.1. Landsat Imagery

This study used Landsat satellite imagery obtained from the USGS Earth Explorer
portal (USGS EarthExplorer, https:/ /earthexplorer.usgs.gov, accessed on 12 December 2025)
in GeoTIFF format. Data acquisition focused on the summer season, specifically July and
August, while one of the primary selection criteria was minimal cloud cover. All available
Landsat observations from missions 4, 5, 7, 8, and 9 acquired between 1985 and 2025 were
included in the analysis. The year 2012 was excluded because imagery of sufficient quality
was not available. All raster datasets were processed at a spatial resolution of 30 m, which
is suitable for assessing long-term urban thermal dynamics and land-use changes at the
city scale, although smaller urban features may not be fully represented.

The quality of the input data was ensured through a combination of cloud masking
and the removal of low-quality observations based on the QA_PIXEL band. Clouds, cloud
shadows, and invalid pixels were removed using the USGS Landsat QA Toolbox. In the
case of Landsat 8 and Landsat 9 imagery, cirrus clouds were also excluded from the analysis
because they may affect the accuracy of LST estimation.

LST was derived from Landsat Collection 2 Level-2 products, specifically from bands
ST_B6 (Landsat 4, 5, and 7) and ST_B10 (Landsat 8 and 9), which provide atmospherically
corrected surface temperature products. LST values in Kelvin were converted to degrees
Celsius. The derived LST values represent surface temperatures recorded during satellite
overflights under clear-sky conditions and should not be interpreted as the air temperature
at the Earth’s surface.

2.2.2. CORINE Land Cover

CORINE Land Cover data obtained from the Copernicus Land Monitoring Service
Portal [43] were used to create the land-use layer. The CORINE Land Cover database has
a minimum mapping unit of 25 ha for areal features and a minimum width of 100 m for
linear features. For the purposes of this study, datasets from 1990 and 2018 were used,
representing the initial and recent periods of the analyzed surface temperature time series.
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The year 1990 was selected as the closest available reference year to the beginning of the
analyzed period (1985), while 2018 represents the most recent fully available dataset for
Slovakia. CORINE Land Cover classes were reclassified into the following categories:
artificial surfaces, agricultural areas, forest and semi-natural areas, and water bodies.

2.2.3. Trend Analysis Methods

The statistical significance of trends in the LST time series during the period 1985-2025
was analyzed using the Mann-Kendall test. Trend magnitude was quantified using Sen’s
slope estimator. Both methods belong to non-parametric statistical approaches and are
characterized by robustness against missing values and outliers [44,45].

The Mann-Kendall test evaluates monotonic trends in a time series by comparing
each observation with all subsequent values in the series. For each pair of observations
(xj,xx), where j > k, the direction of the difference between the values (positive or negative)
is determined. The test is non-parametric and is based on the signs of differences between
observation pairs rather than on their absolute values. The sum of these directional signs
forms the Mann—Kendall test statistic S [46] (Equation (1)).

S =Yoo L sgn(x — ), (1)

where n is the length of the time series, Xi and xj are values in the time series at observations
kandj (j > k), and sgn(x; — xy) is the sign function calculated using Equation (2).

+1;iij—xk>0
sgn(xj—xx) = ¢ O;if xj—xc =0 o, )
—1;iij—xk<0

For n > 10, the Mann—Kendall test statistic S approaches a normal distribution with
variance Var(S) calculated according to Equation (3).

n(n—1)2n+5) — EZ:l tp(tp —1)(2tp +5)
18 ’

Var(S) = (©)]
where n is the length of the time series, q is the number of tied groups, and t, is the number
of equal observations within the time series.

The normalized test statistic Z was calculated according to Equation (4).

S—1 .
\/W,zfs >0
7 = 0,akS=0 , 4)

S+1 ;
NGk if S<0

The calculated Z value was used to assess the statistical significance of trends in the

time series. The significance level « was applied to test both increasing and decreasing
trends. At a significance level of « = 0.05, the trend was considered statistically significant
when Z > +1.96. A positive Z value indicates an increasing trend, whereas a negative Z
value indicates a decreasing trend. A value close to zero corresponds to the absence of a
statistically significant trend.

Trend magnitude was determined using Sen’s slope estimator (Equation (5)).

x]-—xk
j—k

where Q; represents the slope between two observations corresponding to years j and k

Qi =

fori=1,....,N, (5)

(j > k), and N =n(n — 1)/2 is the total number of possible slope pairs. Sen’s slope estimator
is defined as the median of all Q; values.
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2.2.4. The Normalized Difference Vegetation Index (NDVI)

NDVI is a simple method used for vegetation quantification by evaluating the differ-
ence between near-infrared radiation, which is strongly reflected by vegetation, and red
radiation, which is absorbed by vegetation. NDVI enables the assessment of vegetation
growth conditions and is therefore widely used in studies of land-cover dynamics and
urban thermal environment dynamics including UHI [47,48].

NDVI was calculated using the commonly applied equation (Equation (6)) [17].

(NIR — Red)

NDVI= QTR T Red)’

(6)
where NIR represents the near-infrared band (Band 4 for Landsat 4-7 and Band 5 for
Landsat 8-9), and Red represents the red band (Band 3 for Landsat 4-7 and Band 4 for
Landsat 8-9).

The resulting raster layers contain values ranging from -1 to 1, where higher positive
values (close to +1) correspond to dense vegetation, while values close to zero or negative
values (approaching —1) indicate water bodies and non-vegetated surfaces. The calculated
raster datasets were subsequently used for the analysis of vegetation-cover changes within
the study area.

2.2.5. The Normalized Difference Built-up Index (NDBI)

The NDBI is one of the most commonly used spectral indices for identifying built-up
areas and enables the effective separation of impervious surfaces from other land cover
components [49]. It is calculated as the difference between the spectral reflectance values
of the shortwave infrared (SWIR) and near-infrared (NIR) bands, divided by their sum
(Equation (7)) [50].
(SWIR — NIR)
(SWIR + NIR)’
where NIR refers to the near-infrared band (Band 4 for Landsat 4-7 and Band 5 for
Landsat 8-9), and SWIR refers to the shortwave infrared band (Band 5 for Landsat 4-7 and
Band 6 for Landsat 8-9).

The NDBI values range from —1 to +1, with positive values being typical of built-up

NDBI = ()

areas. Low positive values (close to 0) correspond to transitional or mixed zones and bare
soil. Negative values close to —1 are generally associated with non-built-up areas, such as
vegetation or water bodies.

3. Results

The calculated average values of LST and NDBI and the median values of the NDVI
index for individual years are presented in Appendix A, Table Al. For clarity, the main text
presents spatial analyses for the baseline year (1985) and the target year (2025), along with
the results of trend analyses.

3.1. Land Use Analysis

For the initial assessment of land use change and the characterization of landscape
structure, CORINE Land Cover (CLC) data covering the period 1990-2018 were utilized. A
comparison between the selected years (Table 1) revealed significant changes in the spatial
organization of land use within the administrative boundaries of the city of Kosice.

The results indicate an increase in artificial surfaces, which expanded by 209.90 ha.
This increase is likely associated with urbanization processes and the expansion of built-up
areas, particularly in the peripheral parts of the city. In contrast, the area of agricultural
areas decreased by 751.55 ha over the studied period, indicating a gradual transformation of
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agricultural land into built-up or other land use types. At the same time, an increase in forest
and semi-natural areas was observed, with an expansion of approximately 538.46 ha. This
increase may be related to natural vegetation succession or changes in land management
practices. The area of water bodies remained relatively stable over the study period, with
only a slight increase of 3.19 ha.

Table 1. CORINE Land Cover (CLC) Level 1 classes for 1990 and 2018.

1990 1990 2018 2018 2018-1990
CLC Code Level 1 [ha] [%] [hal [%] [hal
1 Artificial surfaces 6509.88 26.70 6719.78 27.57 209.90
2 Agricultural areas 10,021.59 41.11 9270.04 38.03 -751.55
3 Forest and semi natural areas 7818.18 32.07 8356.64 34.28 538.46
5 Water bodies 27.56 0.11 30.75 0.13 3.19

CLC Code

I 112: Discontinuous urban fabric
B 131: Mineral extraction sites

B 132: Dump sites

A typical example of land use transformation is the area of the former Bankov quarry.
The onset of surface magnesite mining dates back to 1901. Mining activities were terminated
between 1996 and 1999, and the processing plant was subsequently closed. In the CORINE
Land Cover dataset from 1990, the area was classified as 132 dump sites (32.2 ha) and
131 mineral extraction sites (Figure 2a). Following the cessation of mining activities, the area
underwent a gradual natural transformation. By 2000, spontaneous vegetation succession
was observed, and the site was classified as broad-leaved forest (33.3 ha) (Figure 2b). By
2018, further ecological development had occurred, and the area was classified as mixed
forest (33.3 ha) (Figure 2c).

242: Complex cultivation patterns

243: Land principally occupied by agriculture, with significant areas of natural vegetation
W 311: Broad-leaved forest
W 313: Mixed forest

211: Non-irrigated arable land

(a)

(b) (c)

Figure 2. CLC classes in the selected Bankov area: (a) 1990; (b) 2000; (c) 2018.

The study area was further analyzed using the normalized difference built-up index
(NDBI), which enables the identification of built-up and urbanized areas based on the
spectral characteristics of Landsat satellite imagery. For comparison, the boundary years
1985 and 2025 were selected. The resulting NDBI layers are presented in Figure 3. The
NDBI values were classified into five categories, ranging from very high to very low, similar
to the approach adopted by Cetin et al. [48].

The results of the NDBI analysis for individual city wards are summarized in
Appendix A, Table A2, while the classification intervals corresponding to the very low, low,
moderate, high, and very high categories are provided in the legends of the respective NDBI
maps. The table includes data for a total of 19 city wards of the city of Kosice. However,
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when comparing the years 1985 and 2025, not all wards could be included in the analy-
sis. Specifically, in the wards of Kosice-Sever, KoSice-Nad jazerom, and Kosice-Sidlisko
KVP, areas with no data values were present in the 1985 dataset. For this reason, a direct

comparison with the year 2025 was not possible for these areas.
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Figure 3. NDBI maps for the selected years: (a) 1985; (b) 2025.

The most significant changes were observed in several peripheral city wards. For
instance, in the Kogice-Sebastovce ward, the proportion of very low NDBI values decreased
from 46.0% to 1.5%, while medium values increased from 12.3% to 64.0% and very high
values increased from 12.5% to 17.0%. A similar trend was recorded in KoSice-Barca, where
the proportion of medium values increased from 33.0% to 54.7%, and in Kos$ice-Krasna,
where medium values increased from 22.7% to 38.4%, while very high values decreased
from 13.0% to 5.0%.

In the central part of the city, specifically in KoSice-Staré Mesto, a marked increase in
very high NDBI values was observed, rising from 5.4% in 1985 to 18.8% in 2025, indicating
an intensification of urbanization and densification of the built-up structure. Similarly, in
the Kosice-Juh ward, the proportion of very high values increased from 8.0% to 12.1%.

In contrast, city wards with a higher proportion of vegetation maintained predom-
inantly low NDBI values. For example, in KoSice-Kavecany, low and very low values
accounted for up to 72.3% in 2025 (a decrease from 78.3% in 1985), while the proportion of
high and very high values remained negligible (0.3%). A similar pattern was observed in
Kosice-Myslava, where low and very low values reached 81.5% in 2025.
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3.2. NDVI

To eliminate extreme values and reduce the influence of residual cloud contamination,
the median NDVI for the July-August period was calculated for each year. Figure 4
illustrates the distribution of NDVI classes for 1985 (Figure 4a) and 2025 (Figure 4b). The
NDVI values were classified into five categories reflecting varying vegetation cover density.
Lower values represent built-up areas and bare soil, whereas higher values correspond to
progressively denser vegetation.
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L] 175 35 THEm % § %
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Figure 4. NDVI in the study area: (a) NDVI values in 1985; (b) NDVI values in 2025; (c) Sen’s slope
NDVI trend in 1985-2025.

A comparison of 1985 and 2025 highlights changes in vegetation cover within the
study area. In 2025, areas with NDVI values exceeding 0.05 were already present, indicating
denser vegetation cover. In 1985, NDVI values ranged from —0.07 to 0.52, whereas in 2025,
the minimum value was —0.22 and the maximum value reached 0.57.

The Sen’s slope values for the NDVI time series (Figure 4c) ranged from —0.011 to
0.013. Positive values, identified across approximately 77% of the study area, indicate
an increasing trend and a potential rise in vegetation cover. In contrast, negative values,
covering approximately 23% of the area, indicate a decreasing NDVI trend associated with
vegetation loss or degradation.

3.3. The LST Results

LST maps are presented in Figure 5. In 1985, LST values ranged from 15.7 °C to 51.2 °C
(Figure 5a), whereas in 2025 they ranged from 23.3 °C to 59.3 °C (Figure 5b). Figure 5c
presents the Sen’s slope values for the LST time series, illustrating the spatial trend of
temperature changes over the study period.

The results of the Sen’s slope analysis for the LST time series indicate an overall
increasing trend in LST. Positive values were identified across approximately 99.99% of
the study area, while negative values occurred only sporadically. This finding suggests a
widespread increase in surface temperature throughout the entire area. Negative values,
representing a decreasing LST trend, were observed only locally, particularly in the Bankov
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area (Figure 2). This development is associated with the cessation of mining activities and
subsequent natural reclamation of the site, which led to gradual vegetation recovery and
a reduction in LST. The results of the statistical and correlation analyses are presented in
Tables 2 and 3 below.
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Figure 5. Mean July—August LST values in the study area: (a) mean LST in July—August 1985;
(b) mean LST in July—August 2025; (c) Sen’s slope LST trend in 1985-2025.

Table 2. Development of LST and indices (1985-2025).

Mean .
Parameter 1985 2025 Rozdiel

LST 26.12 31.95 5.83
NDVI 0.29 0.32 0.03
NDBI —0.13 —-0.14 —0.01

Table 3. Correlation matrix.

Relationship 1985 2025
LST vs. NDVI —0.72 —0.81
LST vs. NDBI 0.67 0.83

Descriptive statistical analysis revealed an increase in mean LST in the city of KoSice
by 5.83 °C, rising from 26.12 °C in 1985 to 31.95 °C in 2025. Over the studied period, an
increase in maximum temperatures from 51 °C to 59 °C was also observed. The mean value
of the vegetation index (NDVI) increased by 0.03, whereas the mean built-up index (NDBI)
remained relatively stable, with a slight decrease of 0.01.

The correlation analysis confirmed a linear relationship between land use and LST.
For the LST vs. NDVI relationship, the negative correlation strengthened from —0.72 to
—0.81. A more pronounced change was observed for the LST vs. NDBI relationship, where
the correlation coefficient increased from 0.67 to 0.83. The coefficient of determination (R2)
in 2025 indicates that NDVI explains 65.6% of the spatial variability in temperature (an
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increase of 13.8% compared to 1985), while for NDBI, the explanatory power increased
from 45% to nearly 69%.

4. Discussion

The results of the CORINE Land Cover (CLC) analysis indicate a gradual transfor-
mation of the landscape within the administrative area of the city of Kosice, reflected in
estimated land-use and land-cover changes between 1990 and 2018. The increase in artificial
surfaces and the decline in agricultural areas suggest an ongoing process of landscape arti-
ficialization according to the CORINE Land Cover classification. The increase in artificial
surfaces at the expense of agricultural land (by more than 209 ha) from 1990 to 2018 is
consistent with trends observed in other Central and Eastern European cities, where land
market liberalization and transformation processes after 1989 have led to the conversion of
agricultural landscapes into urban structures [51,52]. This development also reflects the
broader processes of urban expansion and suburbanization, characterized by the spatial
growth of built-up areas despite demographic stagnation or decline [53]. Similar land cover
changes in Central and Eastern European cities have been quantified using remote sens-
ing data, particularly long-term Landsat datasets enabling accurate land-use/land-cover
change detection [54]. When interpreting changes in land use derived from the CORINE
Land Cover database, it is necessary to take into account the minimum mapping unit of
25 ha, thematic generalization, and potential classification uncertainties, which may result
in local changes in land cover going unrecorded and may affect the estimation of the extent
of individual land use classes.

At the same time, an increase in forest and semi-natural areas was observed, which may
be interpreted as a consequence of natural succession following the decline in industrial
activities [55,56]. This process was identified in the Bankov area, where the transformation
from a mining site to a forest ecosystem led to landscape regeneration and a reduction in
LST. Similar cooling effects associated with vegetation recovery and land reclamation have
been reported in post-mining landscapes in Central Europe and elsewhere [57-59]. The
role of forest regeneration in mitigating local temperature increases has also been widely
documented [60].

The comparison between 1985 and 2025 highlights a coupled relationship between
urbanization and the thermal regime of the landscape. The shift of NDBI values toward
higher categories indicates a gradual increase in urbanized and impervious surfaces, which
play a key role in heat accumulation processes.

The strong positive correlation between NDBI and LST (r = 0.83) is consistent with pre-
vious studies [32,61-64]. Although NDBI exhibited a very strong correlation with surface
temperature in 2025, its interpretation for built-up area identification in heterogeneous ur-
ban environments may be limited [49]. Spectral similarity between anthropogenic surfaces
(concrete, asphalt) and bare agricultural soil leads to ambiguous classification, representing
a known limitation of the NDBI [65,66].

In the context of Kosice, characterized by a mosaic landscape structure and a high
proportion of vegetation, the spectral signal is strongly influenced by biomass, resulting in
average NDBI values shifting into the negative range (—0.14). Despite these limitations,
the observed increase in the direct relationship between LST and NDBI by 0.16 and the
improved explanatory power of the index (from 45% to 69%) indicate that modern impervi-
ous surfaces exhibit stronger heat accumulation than in the past [50,61]. Overall, the NDBI
results reveal a highly differentiated urban development pattern, with the most pronounced
changes occurring in peripheral and development zones, while vegetation-dominated areas
maintain stable low NDBI values. Due to the 30 m spatial resolution of Landsat imagery,
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the results primarily reflect city-scale patterns and may not fully represent small urban
features or localized land-cover changes.

The NDVI index proved to be a key indicator of vegetation density and vegetation
cover. Its negative correlation with LST confirms the important role of urban green in-
frastructure in mitigating the surface urban heat island intensity [63,67,68]. The analysis
demonstrates that the cooling effect of vegetation has intensified over time, as evidenced
by the strengthening of the negative correlation from —0.72 (1985) to —0.81 (2025). The
coefficient of determination further indicates that vegetation currently explains up to 65.6%
of the spatial variability in temperature, representing an increase of 13.8% compared to
1985. This suggests that under increasing summer temperature extremes, urban vegetation
becomes a critical element of climate adaptation strategies [69,70].

Spatial trend analysis of LST using Sen’s slope (Figure 5c) revealed pronounced
local warming hotspots within Kosice. These are primarily concentrated in the southern
industrial zone, the airport vicinity, and newly developed commercial areas (e.g., Kosice-
Juh and Kosice-Barca). In these locations, the maximum LST in 2025 reached nearly 60 °C,
representing an increase of more than 8 °C compared to the 1985 maxima. This spatial
pattern is consistent with studies indicating that industrial areas, logistics centers, and large
impervious surfaces are among the most significant sources of heat accumulation in urban
environments [19,29,48]. The intensification of temperature extremes in development zones
also reflects ongoing urban landscape transformation, characterized by the replacement
of vegetated surfaces with materials of high thermal capacity and low albedo [13,50]. The
results suggest that the observed changes represent the combined effect of regional climate
warming and local changes in land use, with urbanized areas showing a more pronounced
rate of warming compared to sites with stable vegetation cover.

In contrast, a significantly lower rate of temperature increase was observed in stable
residential areas with a high proportion of mature vegetation (e.g., KoSice-Sever), con-
firming the essential role of urban biocenters and linear vegetation elements in mitigating
urban heat effects. This relationship has been repeatedly confirmed in recent studies,
highlighting a robust inverse relationship between vegetation cover and LST in urban
environments and emphasizing the dominant role of evapotranspiration and shading in
cooling urban surfaces [71-73]. Although LST does not directly represent near-surface air
temperature, it is widely recognized as an effective indicator of spatial thermal patterns,
heat accumulation processes, and the thermal response of urban surfaces. Although ther-
mal comfort indices were not directly assessed, the identified warming hotspots and the
observed relationship between vegetation cover and surface temperature provide valuable
information for climate adaptation planning and future studies of outdoor thermal comfort
and pedestrian-level environmental quality. The results thus indicate an increasing spatial
polarization of the city’s thermal regime, where the contrast between highly urbanized
areas and vegetation-stabilized zones becomes increasingly pronounced under ongoing
climate change.

5. Conclusions

The presented study confirms the existence of a pronounced and statistically significant
increase in LST in the city of Kosice over the period 1985-2025. The results further indicate
a strong association between spatial patterns of land use and land surface temperature.
The land-use/land-cover analysis demonstrates that built-up and impervious surfaces
represent the primary drivers of heat accumulation, while vegetation cover plays a key
role in mitigating the urban heat island effect. The results indicate a stronger association
between vegetation cover and land surface temperature in 2025 compared with 1985, as
reflected by the strengthening negative correlation between NDVI and LST. Conversely, the
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increasing positive relationship between NDBI and LST indicates an intensifying influence
of urbanization on the city’s thermal regime.

Spatial analysis identified local areas of intense warming, particularly in industrial
and newly developed areas characterized by extensive impervious surfaces, whereas areas
with greater vegetation cover exhibited lower rates of warming.

At the same time, natural landscape regeneration processes were confirmed to con-
tribute to local reductions in LST.

From a practical perspective, the results highlight the need for the systematic integra-
tion of green infrastructure elements into urban planning, including the preservation of
existing vegetated areas, promotion of tree planting, and implementation of nature-based
solutions. The findings of this study may serve as a basis for the development of adaptation
strategies in urban environments, optimization of spatial planning, and management of
urbanization processes aimed at reducing thermal stress on the population. The presented
methodology can support future human-centered urban climate studies by identifying
areas potentially exposed to increased thermal stress and by providing a spatial basis for
climate adaptation measures aimed at improving urban livability.

From a research perspective, future work should focus on the integration of higher spa-
tial and temporal resolution datasets (e.g., Sentinel or LIDAR), the application of advanced
urban microclimate modeling techniques, and the use of machine learning approaches for
a more precise identification of factors influencing LST. Future research should investigate
how uncertainties in land-use and land-cover datasets influence the interpretation of ob-
served relationships between land-cover change and land surface temperature dynamics.
A promising direction for further research is also the integration of remote sensing data
with in situ measurements and socio-environmental datasets, which may contribute to a
more comprehensive assessment of urban heat island impacts on quality of life and support
more effective planning of climate-resilient urban environments.
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NDVI  The Normalized Difference Vegetation Index
NDBI  The Normalized Difference Built-up Index
CLC CORINE Land Cover

https://doi.org/10.3390 /urbanscil0070356


https://doi.org/10.3390/urbansci10070356

Urban Sci. 2026, 10, 356 15 of 19

Appendix A

Table Al. Mean LST, median NDVI, and mean NDBI values for the study area during the period

1985-2025.
Year Mean LST °C Median NDVI Mean NDBI
1985 26.12 0.320 -0.132
1986 26.92 0.254 —0.114
1987 28.86 0.262 -0.102
1988 32.33 0.283 -0.112
1989 25.63 0.326 —0.133
1990 25.59 0.296 —0.066
1991 32.58 0.309 —0.144
1992 28.27 0.293 -0.113
1993 30.27 0.259 —0.095
1994 28.37 0.235 —0.089
1995 27.73 0.318 —-0.125
1996 27.26 0.303 -0.107
1997 26.37 0.297 —0.105
1998 28.75 0.307 —0.120
1999 23.86 0.303 -0.133
2000 29.04 0.318 -0.121
2001 31.83 0.311 —0.136
2002 27.83 0.308 -0.152
2003 29.17 0.246 —0.093
2004 28.34 0.295 —0.116
2005 27.96 0.318 -0.138
2006 33.48 0.299 -0.127
2007 33.83 0.295 —0.102
2008 25.57 0.343 -0.131
2009 29.19 0.326 —0.120
2010 32.67 0.346 —-0.134
2011 31.52 0.300 -0.138
2013 34.19 0.319 —0.118
2014 30.65 0.342 —0.141
2015 36.69 0.306 -0.121
2016 30.63 0.353 —0.144
2017 3248 0.343 —0.135
2018 35.23 0.339 -0.127
2019 29.99 0.344 —0.140
2020 28.58 0.342 —0.154
2021 33.71 0.330 —0.155
2022 37.79 0.250 —0.096
2023 35.17 0.353 —0.126
2024 35.88 0.301 —0.108
2025 31.95 0.349 —0.137

Table A2. Results of the NDBI analysis (1—Very low, 2—Low, 3—Moderate, 4—High, 5—Very high).

. 1985 [%] 2025 [%]

City Wards 1 2 3 4 5 1 2 3 4 5
Kosice—Kavecany 28.5 49.8 19.0 0.4 2.3 454 26.9 27.3 0.2 0.1
Kosice—Tahanovce 14.5 70.3 13.3 0.9 1.0 61.4 26.2 10.8 0.6 1.0
Kosice—Staré Mesto 0.2 18.0 72.4 4.0 5.4 2.0 174 56.1 5.8 18.8
Kosice—Lorin¢ik 19.2 46.2 28.1 1.7 4.8 33.3 25.3 34.7 3.6 3.0
Kosice—Peres 3.0 85.6 104 0.9 0.1 1.9 48.6 48.3 0.9 0.3
Kosice—Myslava 27.3 58.8 13.0 0.6 0.4 61.2 20.3 18.1 0.2 0.2
Kosice—Zapad 1.5 45.2 50.1 1.6 1.7 7.3 29.1 57.4 24 3.8
Kosice—Dargovskych hrdinov 11.3 73.0 14.8 0.4 0.5 66.4 18.0 14.4 0.6 0.7
Kosice—Kosickd Nova Ves 19.5 57.7 19.7 1.6 1.6 33.5 28.5 329 2.2 2.9
Kosice—Barca 25.9 26.9 33.0 5.5 8.7 5.8 27.5 54.7 4.1 7.9
Kosice—Sebastovce 46.0 25.8 12.3 3.3 12.5 1.5 10.0 64.0 7.5 17.0
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Table A2. Cont.

. 1985 [%] 2025 [%]

City Wards 1 2 3 4 5 1 2 3 4 5
Kosice—Krésna 24.4 36.3 22.7 3.6 13.0 30.7 21.7 38.4 42 5.0
Koéice—]vuh 3.2 27.9 58.5 24 8.0 8.4 20.5 529 6.1 12.1
Kosice—Saca 14.5 30.2 41.6 33 10.4 16.4 27.1 41.0 42 11.3
Kogice—Pol'ov 14.9 49.7 26.9 35 49 29.5 40.8 28.5 0.8 0.5
Kosice—Sidlisko Tahanovce 23.8 54.9 18.7 1.1 1.6 66.9 15.3 155 0.7 1.5
Kogice—DZzungl'a 0.0 15.9 76.2 44 34 1.5 18.2 65.3 5.2 9.8
Kosice—Vysné Opatske 17.5 65.6 16.5 0.1 0.3 26.5 39.2 31.9 0.9 1.5
Kogice—Lunik IX 441 47.6 8.3 0.0 0.0 214 23.1 54.7 0.3 0.5
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