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Abstract Landsat time series data make it possible to
continuously map and examine urban land cover changes
and effects on urban environments. The objectives of this
study are (1) to map and analyse an impervious surface
and its changes within a census district and (2) to monitor
the effects of increasing impervious surface ratios on
population and environment. We used satellite images
from 1987, 2003 and 2011 to map the impervious surface
ratio in the census district of Szeged, Hungary through
normalized spectral mixture analysis. Significant in-
creases were detected from 1987 to 2011 in industrial
areas (5.7–9.1%) and inner residential areas (2.5–4.8%),
whereas decreases were observed in the city centre and
housing estates due to vegetation growth. Urban heat
island (UHI) values were derived from the impervious
surface fraction map to analyse the impact of urban land
cover changes. In 2011, the average value in the indus-
trial area was 1.76 °C, whereas that in the inner residen-
tial area was 1.35–1.69 °C. In the city centre zones and
housing estates, values ranging from 1.4 to 1.5 °C and
from 1.29 to 1.5 °C, respectively, were observed. Our
study reveals that long-term land cover changes can be

derived at the district level from Landsat images and that
their effects can be identified and analysed, providing
important information for city planners and policy
makers.

Keywords Impervioussurface ratio .Landsat timeseries
data .Urban heat island . Spectralmixture analysis . Land
cover change . Census data

Introduction

Over 50% of people worldwide (53.6%) currently live in
urban areas and in 2050, the urban population is expected
to reach 67% (United Nations 2014). In Hungary, 70.8%
of the total population lives in urban areas (United Nations
2014). As global urbanization progresses rapidly, it is
becoming more important to understand its temporal and
spatial dynamics for urban environment improvement
(Michishita et al. 2012). Remote sensing is an adequate
tool to monitor urban growth and land cover changes over
the last 30 years (Geymen and Baz 2007; Schneider
2012). The conversion of land cover types and the reduc-
tion of agricultural land, forest, wetland and water bodies
can be detected using long-term satellite (e.g. Landsat)
time series data (Dewan and Yamaguchi 2009; Henits
et al. 2016). These land transformations modify different
environmental variables, resulting in the development of
urban heat islands and the degradation of human and
environmental health (Sharma et al. 2013).

Mapping urban areas based onmedium or low spatial
resolution remote sensing data is a complex problem
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because urban features occur in various sizes and forms,
which can lead to different “mixtures” within a pixel
that represents a given area (Small and Lu 2006). Mixed
pixels significantly impact the effective use of remote
sensing data in mapping urban land cover and land use
types (Cracknell 1998). Traditional pixel-based classifi-
cation methods, such as maximum likelihood or unsu-
pervised classification, cannot effectively handle less
densely built-up zones in urban areas due to the large
number of mixed pixels (Lu and Weng 2006a).

In 1995, Ridd proposed the vegetation-impervious
surface-soil (V-I-S) model for the parameterization of
urban environment biophysical composition. According
to this conceptual model, the most representative com-
ponents of an urban ecosystem may be the linear com-
bination of vegetation, impervious surfaces and soils.
Numerous researchers have used Landsat data for map-
ping impervious surfaces based on Ridd’s V-I-S model.
This led to the development of several new classification
methods in urban remote sensing, including spectral
mixture analysis (Wu and Murray 2003; Franke et al.
2009), regression models (Bauer et al. 2007), decision
trees (Setiawan et al. 2006), subpixel classifications
(Bauer et al. 2007) and neural networks (Chormanski
et al. 2008; Weng and Hu 2008).

Spectral mixture analysis (SMA) has been widely
used in many fields to derive the ratio of representative
land cover types because it is a physically based image
analysis tool that provides quantitative results and is
effective for addressing the problem of mixed pixels
(Lu and Weng 2006a; Michishita et al. 2012). Small
(2002) described the urban landscape with a three-
component linear mixture model (high albedo, low al-
bedo and vegetation) in New York City. Wu (2004)
developed a normalized spectral mixture analysis to
reduce the brightness variation effect of urban land
covers and to quantify urban composition under the
framework of the V-I-S model. Lu and Weng (2006a)
used spectral mixture analysis to extract impervious
surface information in the city of Indianapolis and then
classified urban land use by combining impervious sur-
face information with population density data. Although
spectral mixture analysis is a popular method to derive
urban surface components, only a few multitemporal
studies have utilized this technique for urban land cover
changes (Rashed et al. 2005; Michishita et al. 2012).

Urban land cover change has a significant impact on
increasing urban heat island (UHI) phenomena. Gener-
ally, higher atmospheric and surface temperatures occur

in urban areas than in surrounding areas (Vogt and Oke
2003). Differences in UHI intensity values are related to
land use and land cover types and their changes, e.g. the
amount of built-up areas and their changes (Chen et al.
2006). Numerous studies used the relationship between
land surface temperature (LST) and a variety of indica-
tors derived from remotely sensed data to examine the
UHI phenomenon (Deng and Wu 2013). Linear regres-
sion models have been built between LST and different
biophysical factors, such as a normalized difference
vegetation index (NDVI) (Zhang and Wang 2008), im-
pervious surface abundance (Imhoff et al. 2010), land
cover and land use types (Xian and Crane 2006) and
landscape metrics (Li et al. 2011).

Integration of remote sensing and population census
data is performed more frequently in urban studies. The
residential population and the quality of their lives can
be determined by using space-borne satellite images
with statistical data (Elvidge et al. 1997; Lu et al.
2006; Lo and Faber 1997; Li and Weng 2007), and the
accuracy of urban land use classification can be im-
proved (Mesev 1998; Lu and Weng 2006a). Population
census data and impervious surface information were
used in our study for the following reasons: (1)
analysing land cover changes in smaller administrative
zone units instead of the entire city area, (2) comparing
the statistical parameters (average impervious surface
area and UHI values) of different land use categories
and (3) monitoring the effects of increasing impervious
surface ratios and their negative effect on the population
and the environment.

Methods

Study area

Szeged is the third largest city in Hungary (170,052
inhabitants, Hungarian Central Statistical Office 2012)
and is the regional centre of the Southern Great Plain
region. The administrative area of the city is 281 km2,
whereas the suburban and urban regions are restricted to
an area of 45–50 km2. The city is divided by the Tisza
River. The current radio-concentric structure of Szeged
was reconstructed after the flood of 1879, following the
example of Paris, Pest and Vienna city structures.
Ninety-five percent of the city buildings were destroyed
by the flood of 1879. To protect the city, a 12-km long
dam was built connecting the upper bank of the Tisza
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River to the lower bank of the Tisza River, enclosing the
city in a half circle. Construction sites restricted to this
area thus established the future development of the city
(Blazovich 2005).

The Hungarian Central Statistical Office (KSH) dif-
ferentiated nine functional categories in the area of
Szeged (Fig. 1). Their appearance is concentric around
the core of the city and independent features in outlying
areas can be differentiated.

Data

Landsat Thematic Mapper (Landsat TM) satellite im-
ages acquired during summer months from 1987 to
2011 (8 July 1987, 4 June 2003, 10 July 2011) were
used for the study. Impervious surfaces from images
acquired in summer achieved the best results based on
spectral mixture analysis (Wu and Yuan 2007). The
preprocessing stage can accommodate uncertainty fac-
tors in using multitemporal images for change detection
analysis, including the effects of atmosphere, topogra-
phy, phenology and sun view angles. These effects can
be eliminated or reduced by using the same satellite
sensor, same radiometric resolution and coincident sea-
sonal acquisition dates (Song and Woodcock 2003).
Landsat TM images have seven spectral bands with
30-m spatial resolution (in the case of thermal infrared,
60-m spatial resolution). The satellite images were
downloaded from the U.S. Geological Survey (USGS)
Landsat archive website (http://glovis.usgs.gov). The
most important and essential procedure for change
detection analysis is the precise image registration and
radiometric correction (Jianyaa et al. 2008). The Landsat
images were available in the Universal Transverse Mer-
cator (UTM) projection system (WGS84 ellipsoid, Zone
N34) and were then reprojected to the Hungarian Na-
tional Projection System (EOV) by a second-degree
polynomial transformation. For resampling, the nearest
neighbour method was applied. The root mean square
error (RMS) was found to be less than 0.5 in each case.
The digital numbers (DNs) of the Landsat TM images
were converted to reflectance values by atmospheric
correction following the methods proposed by Chavez
(1996) and by Chander and Markham (2003).

Spectral mixture analysis

Land cover within a pixel can be calculated by the
application of spectral mixture analysis (SMA). This

method involves modelling mixed pixels as a combina-
tion of pure land cover types called endmembers
(Roberts et al. 1998). The SMA method can be divided
into linear and nonlinear spectral mixture analysis de-
pending on the complexity of scattering. Multiple scat-
tering caused by canopy, vegetation or soil may have
significant effects on the calculation of land cover in the
nonlinear case (Borel and Gerstl 1994). If the mixing
between endmember spectra is mainly linear and
endmembers are known, the fraction of each
endmember can be accordingly estimated (Adams
et al. 1986; Smith et al. 1990). The linear SMA model
is typically more effective for application in urban areas
(Wu and Murray 2003).

Linear spectral mixture analysis (LSMA) calculates
the fraction of each land cover type in each pixel by
using a minimum of two and a maximum of six
endmembers (in the case of Landsat TM). Each
endmember represents a pure land cover type (Wu and
Murray 2003). Linear spectral mixture analysis can be
described as follows:

Rb ¼ ∑
N

i¼1
f i � Ri;b þ εb;

where

Rb is the reflectance value of the image in band b,
N is the number of endmembers,
fi is the fraction of endmember i,
Rib is the reflectance value of endmember i in band b,
εb is the residual error value.

The sum of the endmember factors are 1 for each
pixel and if fi≥0.

∑
n

k¼1
f i;k ¼ 1

Suitability of the model is assessed by the εb residual
member or by the RMS of all image bands.

RMSE ¼

ffiffiffiffiffiffiffiffiffiffiffi

∑
n

i¼1
ε2i

r

n

We used normalized spectral mixture analysis
(NSMA) developed by Wu (2004) in our study. Imper-
vious surfaces, vegetation and soil were the three
endmembers selected and spectral mixture analysis
was applied after the normalization process. Normaliza-
tion can reduce or eliminate brightness variability within
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each urban component; thus, each V-I-S component can
be represented by a single endmember (Wu 2004). The
normalization method can be described by the following
equation:

Rb ¼ Rb

μ
� 100;

where

μ ¼ 1

N
� ∑

N

b¼1
Rb;

where Rb is the normalized reflectance value of the pixel
in band b, Rb is the original reflectance value in band b,
μ is the average reflectance values for the pixel for all
bands and N is the number of bands (for Landsat TM it
is 6).

Endmembers are usually selected directly from dif-
ferent bands of satellite images or from 2D feature space
of transformed images (Rashed et al. 2001). Image
endmembers can be selected more easily from feature
spaces derived from principal component analysis
(PCA) bands because PCA compresses nearly 90% of
data variance into the first two or three bands and

minimizes the correlation between the bands (Smith
et al. 1985). Fig. 2 shows the vegetation, soil and im-
pervious surface endmembers in the feature space rep-
resentation of the first three principal component bands.

The results of NSMA are fraction images showing
the spatial distribution of land cover types within a pixel.
Pixel values are between 0 and 1. If the value is 1, the
fraction of a given land cover type is 100% within that
pixel (Fig. 3).

Change detection analysis

Fraction images of the land cover types were de-
rived from three Landsat TM images (8 July 1987,
4 July 2003 and 10 July 2011) by the three-
endmember (impervious surface, vegetation, soil)
normalized spectral mixture analysis method. Pure
pixels representing a homogeneous spectrum were
individually selected in feature spaces derived
from the corresponding satellite images. The same
endmembers were used for each normalized spec-
tral mixture analysis. The group of pixels selected
from three points of time were intersected and

Fig. 1 Study area. a Hungary. b Location of Szeged in the county of Csongrad. c The census district of Szeged
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there was no intersection of the three endmember
sets in the case of soils. Therefore, pixels collected
from individual images and representing pure soils
were used for spectral mixture analysis. Fraction
images showing the ratio of impervious surfaces
within a pixel are illustrated in Fig. 4.

Impervious surface fraction maps from 4 July 2003
and 8 July 1987, then from 10 July 2011 and 4 July 2003
were subtracted in the change detection analysis (Fig. 5).
First, pixel-based changes were analysed for the city
area with the difference maps, and then district-level
changes were examined by zone statistics. Five catego-
ries were separated on the difference maps: changes less
than 10% both in positive and negative ranges were

considered to be unchanged, changes between 10 and
25% meant lower changes and differences of more than
one fourth of a pixel (i.e. more than 25%) were consid-
ered to be high changes. Zone-statistic changes less than
1% fell into the unchanged category, lower changes
were between 1 and 5% and differences of more than
5% were categorized as high changes (Fig. 6).

Modelling urban heat island intensity

In our study, we used the linear regression equation
developed by Unger et al. (2000) to map the spatial
distribution of UHI in Szeged. The UHI intensity data
were collected bymobile observations fromMarch 1999

Fig. 2 Endmembers of 1 vegetation, 2 soil and 3 impervious surfaces in a feature space representation of the first three principal component
bands

Fig. 3 Fraction images of a impervious surface, b vegetation and c soil
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to February 2000. The study area was divided into
500m × 500-m square grid cells (107 samples) covering
the urban and suburban parts of Szeged. Measurements
were made by workers at the Department of
Climatology and Landscape Ecology at the University
of Szeged using a car. Unger et al. (2000) modelled the
average of maximum UHI intensity during the
nonheating period (16 April–15 October) in Szeged by
a linear regression equation containing the measured

maximum value of urban heat island intensity and the
ratio of built-up surface as a percentage:

ΔT ¼ 0:018� Bþ 0:716;

where

ΔT is the average of maximum UHI intensity
B is the ratio of built-up areas as a percentage

Fig. 4 Fraction images showing the ratio of impervious surfaces derived from images acquired on a 8 July 1987, b 4 July 2003 and c 10
July 2011

Fig. 5 Changes in the ratio of impervious surfaces between 1987 and 2003: a difference map and b a map representing the average changes
in each zone
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In our study, the impervious surface fraction
maps were used as input data to this equation. The
average value of built-up areas as a percentage was
assigned to the centre point of each 500 m × 500-m
grid cell, and the estimated UHI intensity values
were calculated using the linear regression equation.
Maps showing the spatial distribution of the mean
maximum UHI intensity were created with the
spline interpolation method (Fig. 7).

Results

Analysis of land cover type changes at the district level
(1987–2011)

Average impervious surface ratios for KSH districts
were calculated using the impervious surface frac-
tion maps derived from the three multispectral im-
ages. The changes in impervious surface ratios are
shown for different built-up categories from 1987 to
2011 (Fig. 5).

Two major trends can be observed in the changes
between 1987 and 2003. The first is the decrease in
impervious surface ratios in the city centre and in
the housing estates. The average decreases in the
city centre were 5 and 5.4% (A1 and A2,

respectively), whereas in the five zones of the hous-
ing estates, the decrease ranged from 1.7–7.6% (C1–
C6). These values do not indicate a decrease in the
ratio of built-up density. In the former case, the
covering effect of the growing canopy causes this
problem. In the latter case, the value indicates the
formation of open green areas between buildings
after the 1980s when construction was completed.
The second trend is the increase in impervious sur-
face ratios in the inner residential areas, in the in-
dustrial areas and in the suburban zones. The aver-
age increase was 2.1–4.3% in three zones of the
residential area (B1, B2, B4), whereas there were
no significant changes in the other two zones (B3,
B5). The average impervious surface ratio increased
by 2.5 and 5.1% in industrial areas (E1 and E2,
respectively). In suburban residential areas, the ratio
increased by 1.1–7.5% in eight out of ten zones
because people moved to the peripheral regions of
the city where housing had increased.

Significant changes in land cover types occurred
in the inner residential areas, in the housing estates
and in the industrial zones between 2003 and 2011
(Fig. 6). There were increases in impervious surface
ratios in the inner residential areas of 1.7, 3.8 and
3% in zones B2, B3 and B4, respectively. There
were minor ratio increases of 1–5% in the housing

Fig. 6 Changes in the ratio of impervious surfaces between 2003 and 2011: a difference map and b a map representing the average changes
in each zone
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estate zones. In zone C2, the increase was 4%; in
zone C5, the increase was 2.4%; and in zone C6, the
increase was 2.6%. The change in the impervious
surface ratios was 6.6% in the industrial area
contained within the round dam (E1), whereas in
zone E2, the change was under 1%. Only minor
differences occurred in the city centre and suburban
residential areas compared with 2003, with less than
a 1% increase or decrease in most cases. By 2011,
the ratio of impervious surfaces reached 50 and
44.3% in the city centre zones, and 35.1–43.4% in
four zones and 55.2% in one zone in the inner
residential areas. Housing estates and suburban res-
idential areas can be characterized by values ranging
from 36 to 47.2% and from 19 to 36%, respectively
(Fig. 8).

Analysis of urban heat island intensity change
(1987–2011) (Fig. 7)

Urban heat island intensity values were analysed only in
districts that were included in the temperature measure-
ment grid network. Consequently, in the industrial area,
only one district (E1) was analysed and none of the
suburban residential areas were analysed.

The highest average UHI values were measured in
the industrial districts and inner residential areas. In
2011, the average value in the industrial area was
1.76 °C, whereas in districts B3 and B4 of the inner
residential area, the values were 1.69 °C and 1.52 °C,
respectively. In the city centre and in the housing estates,
1.4–1.5 °C and 1.29–1.5 °C values, respectively, were
observed.

Fig. 7 Maps showing the spatial distribution of the mean maximum UHI intensity derived from fraction maps of impervious surfaces in a
1987, b 2003 and c 2011
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The UHI value increased in the inner residential areas
between 1987 and 2011. In districts B1, B2 and B4, the
increases were 0.02, 0.03 and 0.08 °C, respectively,
from 1987 to 2003, whereas values increased further
by 0.03, 0.04 and 0.01 °C by 2011, respectively. In
districts B3 and B5, the average values decreased from
1987 to 2003; however, by 2011, the temperatures in-
creased by 0.04 and 0.01 °C from 1987, respectively. In
the city centre, a decrease of 0.09 °C was found, follow-
ed by minor increases (0.01 and 0.04 °C). Values de-
creased in districts C1, C2, C3 and C6 of the housing
estates between 1987 and 2013. In the former case, there
was a decrease of 0.11 °C, whereas in the latter case,
there was a decrease of 0.07 °C. An increase (0.07 °C)
and no change (0 °C) were observed in the other two
districts (C4 and C5, respectively). UHI increased by
0.07 °C and then by an additional 0.08 °C in the indus-
trial areas (E1) by 2011 (Fig. 9).

Discussion

Results show that district-level impervious surface and
urban heat island time series data can be derived from
Landsat TM data through spectral mixture analysis and

regression analysis. In the past decades, different change
detection methods have been developed based on re-
quirements and criteria. However, the selection and
application of the most suitable method are difficult in
practice (Lu et al. 2004). In our study, spectral mixture
analysis was applied because previous studies had con-
firmed that the traditional pixel-based classification
methods, such as maximum likelihood, were not suit-
able for handling complex urban landscape and mixed
pixels (Lu and Weng 2006b). This method had previ-
ously been used in change analyses of urban areas, but
in previous studies, the impervious surface ratios were
determined for the entire city (Weng and Lu 2008; Yuan
and Bauer 2007; Yuan et al. 2008) or for certain land use
categories (Madhavan et al. 2001). Values calculated for
different functional districts, together with population
census data, provide information about the characteris-
tics of certain built-up types. Condominium construc-
tion started in the 1990s in inner residential areas and
housing estates could be detected by analysing the av-
erage impervious surface ratios in certain districts
(Figs. 5 and 6). Furthermore, the construction of malls,
shopping centres and commercial and service provider
buildings occupying large areas can be detected on
difference maps. In some cases, the impervious surface

Fig. 8 Average ratios of impervious surfaces in the a city centre, b inner residential areas, c housing estates, d suburban residential areas and
e industrial areas in 1987, 2003 and 2011
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ratio decreased for housing areas between 1987 and
2003 (Fig. 5). When housing construction finished in
the 1980s, open green areas were formed on the sites of
construction debris. Therefore, the decrease in impervi-
ous surface ratios actually represents the increase in
green areas. This process is shown in Fig. 10.

Madhavan et al. (2001) studied the ratio of V-I-S
components along straight lines radiating from the city
centre. The study similarly explained the decrease in
impervious surface ratios with the growth of vegetation
and the increase of reconstruction.

Impervious surface areas increased mostly in the
outskirts, including suburban residential areas. Con-
struction began in the 1990s on parcels lying outside
the city core because areas within the round dam were
unavailable and densely built up. Large investment

projects in the industrial area first appeared in the
1990s. Construction of industrial buildings (factories,
warehouses) have high values on difference maps (25–
100%), with more than a 1% increase on zone maps
(Fig. 5).

Heat emission increases due to built-up density can
be detected and monitored on the urban heat island
intensity maps derived from impervious surface ratio
maps (Fig. 7). In previous studies, UHI values were
calculated using different indicators derived from the
LST (Chen et al. 2006; Zhang and Wang 2008;
Schwarz et al. 2011). In our study, a linear regression
relationship was used between the ratio of built-up
density and urban heat island intensity in Szeged. In
previous Szeged studies (Unger et al. 2001), heat island
intensity spatial distribution maps had one centre

Fig. 9 Average urban heat island
intensity values in the a city
centre, b inner residential areas, c
housing estates and e industrial
areas in 1987, 2003 and 2011

Fig. 10 Formation of green areas in housing estates. a CORONA satellite image acquired in 1972. b IKONOS satellite image acquired on
23 August 2004
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(maximum), which was located at the city centre and
was surrounded concentrically by isotherms. In our
study, a two-centred maximum was observed in 1987,
and then in 2003 and 2011, a one-centred maximum
with smaller local maximums was observed. The max-
imums were located both in the city centre and in the
industrial area. Minor local maximums appear in hous-
ing estates in the northeastern part of the city, as well as
in the inner residential area in the southern part of the
city (residential park, shopping centre). The cooling
effect of the Tisza River can be seen on the heat island
intensity maps. This separates the maximum of the city
centre from the heat excess of the industrial area to the
east of the Tisza River.

Temperatures decreased in the city centre and the
housing estates due to vegetation growth and, therefore,
to the “decrease” in impervious surfaces. The mean
temperatures in the industrial area increased from 1987
(by 0.07 °C) due to significant construction in large
open areas. Mean temperatures increased from 1987
by 0.04–0.08 °C in the inner residential areas due to a
1–5% increase in built-up density. The UHI intensity
values and the shape of the heat islands changed during
our study period (1987–2011). Figure 7 shows that in
1987, the UHI maximum on the northwestern–south-
eastern axis of the industrial area and the city centre had
two centres of 1.8–1.9 °C. In 2003, the two centres
moved closer together due to the increasing impervious
surface ratio in the industrial area and the decreasing
ratio in the city centre. In addition, the centres shifted
northwest. The mean temperature was greater than that
in the outskirts by 1.7–1.8 °C. Both the maxima of the
city centre and the housing estates decreased due to the
increase in green areas and due to the planning of green
areas in housing estates. Theminimum between housing
estate districts C1 and C2 and the city centre disap-
peared due to condominium and mall constructions.
Therefore, the existing ventilation zone began to shrink.

Between 2003 and 2011, the urban heat island max-
imum located in the city centre and the industrial area
had only one centrum, which was shifted towards the
industrial area. The mean temperature of this maximum
was 2 °C. This affected only a small proportion of the
inhabitants because less than 1% of the population lived
there (1002 inhabitants), whereas the maximum in the
city centre influenced the comfort of 20,530 inhabitants
(12.2%). The housing estate maximum in the northeast-
ern part of the city expanded closer to this shape. Its
local maximum (1.7 °C) was shifted towards district C2,

which affected 10,724 inhabitants due to its dense pop-
ulation. The mean temperature increased further in dis-
tricts B1 and B2 of the inner residential area, and the
local maximum was focused on a higher built-up den-
sity. The ratio of built-up density increased due to sig-
nificant construction, but the surrounding areas
remained mostly low to moderate density. Therefore,
the minimum (0.8–1.1 °C) caused by the green area of
the Szeged Zoo also grew narrower between the indus-
trial area and the southern part of the city. A smaller
increase in intensity values is observed to the east of the
Tisza River, but construction mostly began on areas
outside of the grid network and their effect is only
partially shown.

Conclusions

The results demonstrated that the change in impervious
surface ratios in census districts during the last 25 years
can be accurately mapped by spectral mixture analysis
based on Landsat images. The significant built-up
changes were evaluated and monitored in each census
district by using impervious surface change maps and
zone statistics. These significant changes were (1) con-
dominium construction in the inner residential areas
since the 1990s; (2) formation of large open green areas
in housing estates after construction and the construc-
tion of shopping centres and commercial and service
provider buildings; (3) continuous increases in built-up
areas in the industrial zone from 1980 to 2011; (4) and
increases in built-up density in suburban residential
areas.

The spatial distribution of urban heat island intensity
was effectively mapped by a linear regression equation
based on the impervious surface ratio maps. In addition,
the changes in the UHI values from the 1980s were
monitored by a time series analysis. It was observed that
(1) the centrum of the modelled urban heat island shifted
towards the direction of the industrial area; (2) a new
local maximum was formed and continued to grow due
to the significant build-up in the southern part of the
city; and (3) areas with lower temperatures between
housing estates and the city centre are shrinking. How-
ever, existing “cooler” areas were also detected, such as
the Szeged Zoo, the Tisza River, and an inner residential
area with traditionally built-up density in the southern
part of the city. Decreasing the northwestern–southeast-
ern maximum by developing green areas and lines of
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trees, as well as increasing the proportion of green areas
in the southern part of the city, would be of great
importance for urban planning programs.

In summary, long period satellite data series can be
produced based on Landsat images; Landsat Operation-
al Land Imager (Landsat OLI) data may also be includ-
ed. This study showed that lower spatial resolution
satellite data can provide information about changes in
urban ecosystems at the district level. The effects of
built-up density can be monitored using impervious
surface and heat island intensity maps derived from
Landsat satellite data series. In future research, the da-
tabase can be expanded by adding ratio maps of the
vegetation and the corresponding derived indicators (the
extension of green areas, the ratio of biologically inac-
tive areas and the amount of green surfaces associated
with the number of inhabitants). In our study, different
vegetation phenologies caused uncertainties in deriving
an impervious surface ratio. Future research directions
can include the analysis of seasonal differences in im-
pervious surface ratios caused by different seasonal
acquisition dates.
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