This article appeared in a journal published by Elsevier. The attached
copy is furnished to the author for internal non-commercial research
and education use, including for instruction at the authors institution
and sharing with colleagues.
Other uses, including reproduction and distribution, or selling or
licensing copies, or posting to personal, institutional or third party
websites are prohibited.
In most cases authors are permitted to post their version of the
article (e.g. in Word or Tex form) to their personal website or
institutional repository. Authors requiring further information
regarding Elsevier’s archiving and manuscript policies are
encouraged to visit:
http://www.elsevier.com/copyright

Author's personal copy
Remote Sensing of Environment 115 (2011) 3080–3090

Contents lists available at ScienceDirect

Remote Sensing of Environment
j o u r n a l h o m e p a g e : w w w. e l s ev i e r. c o m / l o c a t e / r s e

Identiﬁcation and analysis of urban surface temperature patterns in Greater Athens,
Greece, using MODIS imagery
Iphigenia Keramitsoglou a,⁎, Chris T. Kiranoudis b, Giulio Ceriola c,
Qihao Weng d, Umamaheshwaran Rajasekar d
a

Institute for Space Applications and Remote Sensing, National Observatory of Athens, Metaxa & Vassileos Pavlou Str, GR 152 36, Palea Penteli, Athens, Greece
School of Chemical Engineering, National Technical University of Athens, Zografou Campus, GR 157 80, Athens, Greece
Planetek Italia S.r.l., via Massaua, 12-70132 Bari, Italy
d
Center for Urban and Environmental Change, Department of Earth & Environmental Systems, Indiana State University, Terre Haute, IN 47809, USA
b
c

a r t i c l e

i n f o

Article history:
Received 28 December 2010
Received in revised form 6 June 2011
Accepted 15 June 2011
Available online 22 July 2011
Keywords:
Land Surface Temperature
Urban Heat Island
Data mining
Object-based analysis
MODIS

a b s t r a c t
Thermal infrared images are being acquired by satellites for more than two decades enabling studies of the
human-induced Urban Heat Island (UHI) phenomenon. As a result, the requirement of the scientiﬁc
community for fast and efﬁcient methods for extracting and analyzing the thermal patterns from a vast
volume of acquired data has emerged. The present paper proposes an innovative object-based image analysis
procedure to extract thermal patterns for the quantitative analysis of satellite-derived Land Surface
Temperature (LST) maps. The spatial and thermal attributes associated with these objects are then calculated
and used for the analyses of the intensity, the position and the spatial extent of UHIs. A case study was
conducted in the Greater Athens Area, Greece. More than 3000 LST images of the area acquired by MODIS
sensor over a decade were analyzed. Three daytime hot-spots were identiﬁed and studied (Megara, ElefsinaAspropyrgos and Mesogeia). They were all found to exhibit similar behavior, gradually increasing their
maximum temperature during the summer season and reaching their maxima in mid-July. The hot-spots'
thermal intensities compared to a suburban area were of 9–10 °C and were found to be highly correlated to
their areal extent. During the night-time, Athens center developed a typical UHI spatially coinciding with the
dense urban fabric. The nighttime maximum LST peaked (on average) at the end of July, two weeks later than
the daytime surface patterns. The mean spatial extent of UHI in Athens was 55.2 km 2, whilst its mean
intensity was 5.6 °C. The proposed automatic extraction process can be customized for other cities and
potentially used for comparison of LST patterns and UHI behavior between different cities.
© 2011 Elsevier Inc. All rights reserved.

1. Introduction
Knowledge of Land Surface Temperature (LST) and its temporal
and spatial variations within a city environment is of prime
importance to the study of urban climate and human–environment
interactions (Hung et al., 2006; Stathopoulou & Cartalis, 2009; Weng,
2009; Weng & Quattrochi, 2006). Studies on surface Urban Heat
Islands (SUHI) and LST distribution within a city have been carried out
mostly by using ~ 1 km spatial resolution satellite sensors, such as
AVHRR (Advanced Very High Resolution Radiometer) or MODIS
(Moderate Resolution Imaging Spectroradiometer) (Balling & Brazel,
1988; Caselles et al., 1991; Dousset & Gourmelon, 2003; Gallo & Owen,
1998; Gallo et al., 1993a,b; Hung et al., 2006; Kidder & Wu, 1987; Lee,
1993; Rajasekar & Weng, 2009; Roth et al., 1989; Stathopoulou et al.,
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2004; Streutker, 2002). The LST of urban surfaces correspond closely
to the distribution of land use and land cover (LULC) characteristics
(Lo et al., 1997; Weng, 2001, 2003; Weng et al., 2004). Moderate and
high spatial resolution thermal infrared imagery, such as those from
Landsat TM/ETM+, ASTER (Advanced Spaceborne Thermal Emission
and Reﬂection Radiometer), and airborne ATLAS data, have been
extensively employed to study intra-urban temperature variations
and to relate them to surface cover characteristics (Aniello et al., 1995;
Carnahan & Larson, 1990; Kim, 1992; Nichol, 1994, 1996, 1998;
Stathopoulou & Cartalis, 2007a; Weng et al., 2006, 2008; Xiao et al.,
2008). However, the utilization of high and moderate spatial
resolution images in urban climate studies is somewhat restricted
because of the limited available data (especially night-time images)
and low temporal resolution (Stathopoulou & Cartalis, 2009). To
bridge the gap, Pu et al. (2006) assessed data from thermal sensors
with different spatial resolutions, including ASTER and MODIS, and
concluded that the MODIS thermal sensor can be used for the synoptic
overview of an urban area, and that the ASTER sensor can be used for a
more accurate/detailed determination of thermal patterns and LST.
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Despite the large number of publications on LST and Urban Heat
Islands (UHI) studies using satellite and airborne sensors, Voogt and Oke
(2003) criticized that thermal remote sensing of urban areas had been
slowly progressed due largely to qualitative description of thermal
patterns and simple correlations between LST and LULC types.
Furthermore, Xiao et al. (2008) noticed that little research has been
done on the statistical relationship between LST and non-biophysical
factors. Recent review articles by Weng (2009) and Stathopoulou and
Cartalis (2007a), as well as the editorial of the special issue of Remote
Sensing of Environment “Thermal remote sensing of urban areas” by
Weng and Quattrochi (2006) examined research progresses in this
particular ﬁeld, identiﬁed existing problems, and speculated on its
future development. A key issue in the application of TIR remote sensing
data in urban climate studies is how to use LST measurements at the
micro-scale to characterize and quantify surface temperature patterns
observed at the meso-scale (Weng, 2009). This observation further
implies the need for developing automatic extraction methods and
customized software to handle efﬁciently large volumes of satellite data
used for spatial–temporal analysis. Streutker (2002, 2003) used AVHRR
data to quantify the UHI of Houston, Texas, as a continuously varying
two-dimensional Gaussian surface superimposed on a planer rural
background, and derive the UHI parameters of magnitude (i.e.,
intensity), spatial extent, orientation, and central location. Hung et al.
(2006) adopted the Gaussian method proposed by Streutker (2002) to
measure the spatial extents and magnitudes of the SUHIs for eight
mega-cities in Asia. They used both daytime and night-time MODIS data
acquired over the 2001–2003 period to produce surface temperature
maps for the eight cities at 1 km spatial resolution, and revealed their
diurnal and seasonal patterns. Hung et al. (2006) studied the
relationship between heat islands and surface properties as well as
the correlation between SUHI magnitude and city population. Rajasekar
and Weng (2009) applied a non-parametric model by using fast Fourier
transformation (FFT) to MODIS imagery for characterization of the UHI
over space, so as to derive UHI magnitude and other parameters. Weng
(2009) in his exhaustive review on thermal infrared remote sensing for
urban studies pointed out that in spite of these advances, new methods
for estimation of UHI parameters from multi-temporal and multilocation thermal infrared imagery are still needed given the increased
interest in urban climate community to use remote sensing data.
The main objective of our study is to develop a fully automated
extraction method for the analysis of surface temperature patterns from
a large number of LST images. Speciﬁcally, we intend to obtain a fast
procedure to analyze hundreds of LST maps; to identify and extract
surface temperature patterns (hot-spots); to characterize the hot-spots
(in terms of spatial extent and intensity); and to investigate any
correlations between spatial and thermal attributes, based on a case
study of the Greater Athens Area in Greece. The methodology developed
comprises consequent modules of data pre-processing, feature extraction, database generation, and data analysis. It must be pointed out that
Weng (2009) referred to the confusion that exists in published literature
between UHIs and ‘surface temperature patterns’, and commented that
the latter is more meaningful; thus, we have adopted the same
terminology in the present paper. We have also used the term ‘hotspots’ to help the reader visualize the increased LST of the patterns under
discussion compared to the cooler suburban/rural areas.

basin bound by four mountains and the Saronic Gulf in the
southwest. The basin is bisected by a series of small hills. These
speciﬁc topographic characteristics make Athens an example of a
coastal city located in very complex terrain, where sea-breeze and
heat-island circulations interact (Dandou et al., 2009) making it
especially interesting for UHI and thermal pattern studies. In terms
of climate, Athens enjoys a prolonged warm and dry period during
the year with July and August being the hottest and driest months.
The normal value of the summer (from June to August) daily
maximum temperature at Athens is 31.6 °C (with reference to
1961–1990 period; Founda & Giannakopoulos, 2009). In summertime the city suffers from heat wave events. Particularly in June 2007
a severe heat wave lasted for seven days reaching temperatures as
high as 46 °C.
In the daytime the LST patterns of Athens Greater Area yield
the presence of two dominant and one weaker hot-spots as
shown in Fig. 1. The two dominant hot spots occur at the
Municipalities of Megara (denoted by rectangular ‘1’ in the ﬁgure)
and Elefsina and Aspropyrgos (‘2’) whilst the weaker one occurs
at the area of Mesogeia (‘3’). During night-time a typical UHI is
developed related clearly to the urban and industrial zone city
center (‘4’). These will be exhaustively discussed and analyzed in
Section 4.

2. Study area and data sets

Initially the MODIS images were processed and the corresponding
LST maps were produced. Thermal pattern analysis was implemented
through a series of computational procedures involving consequent
modules of data pre-processing, feature extraction and data mining.
Hot-spots were then analyzed to reveal spatial–temporal trends, as
schematically shown in Fig. 2. The complete algorithmic procedure for
the thermal pattern analysis was coded in C# .NET, which includes gap
ﬁlling, ﬁltering, global thresholding, generation of pixel regions and
extracting features from regions. The sequence of procedures is
described next.

2.1. Athens Greater Area, Greece
The study area is the Athens Greater Area, the capital and largest
city of Greece. According to the recent census paper of Eurostat
(http://epp.eurostat.ec.europa.eu/), the Athens Larger Urban Zone
(LUZ) is the 8th most populated LUZ in the European Union with a
population of about 4,000,000. The area lies at the southeasternmost
edge of the Greek mainland (Fig. 1). Athens sprawls across a central

2.2. Data sets
A nine-year time series of MODIS summer images was analyzed.
Speciﬁcally, 1085 daytime MODIS-Terra LST images and 1956
nighttime MODIS-Terra and Aqua LST images were produced and
archived as part of the requirements of Urban Heat Islands and Urban
Thermography project (21913/08/I-LG) funded by the European
Space Agency. In total more than 3000 raster LST maps of 1 km
spatial resolution were tested and processed using the algorithm
described in this paper.
The original MODIS data used in the present study were procured
at no charge from the Warehouse Inventory Search Tool (WIST web
site) repository. Firstly, the MODIS onboard Terra satellite was
considered and all the available scenes covering the area of interest
were selected. The subset of the daytime scenes with a central
viewing angle larger than 45° was identiﬁed and removed, due to the
well-documented directional dependence of the LST (Lagouarde &
Irvine, 2008).
The selected TERRA images consisted of one day- and one nighttime scenes, although a number of days (about 2 days every 6) had
no available datasets due to the viewing angle constraint. Consequently, MODIS Aqua images were selected so as to ensure that at
least one daytime scene is available per day and 1–2 night-time
scenes are also available considering that the UHI effect is more
evident during the night. At that stage no cloud coverage limitation
was set; nevertheless, this was taken into consideration further in
the processing chain.

3. Methodology
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Fig. 1. A typical LST map of Greater Athens Area, Greece, during summer. Numbers 1 to 4 denote the four characteristic surface temperature patterns (hot-spots) of the study area,
namely 1: Megara, 2: Elefsina-Aspropyrgos 3: Mesogeia and 4: City Center. A representative subarea of each hot-spot is also provided. (Photo sources: Dounis airﬁeld—I. Saridakis,
Google Earth™ mapping service, www.airphotos.gr and Microsoft Bing Maps Platform data, respectively).

3.1. LST computation
The methodology implemented for the calculation of the LST maps
is based on the Split Window Technique (SWT) from Jiménez-Muñoz
and Sobrino (2008). It has been applied to a number of thermal
infrared sensors available today (e.g. ERS ATSR and ATSR2, ENVISAT
AATSR, MODIS and NOAA AVHRR) by means of the calibration of some
coefﬁcients. The general SWT formula adopted is:



2
TS = Ti + c1 Ti −Tj + c2 Ti −Tj + c0

ð1Þ

+ ðc3 + c4 PW Þð1−εÞ + ðc5 + c6 PW ÞΔε
where Ti and Tj are the at-sensor brightness temperatures of the split
window bands i and j (in Kelvin), ε is the mean emissivity ε = 0.5(εi +
εj), Δε is the emissivity difference, Δε = εi − εj, PW is the total
atmospheric water vapor content (in g cm − 2), and c0 to c6 are the

SW coefﬁcients speciﬁc for each sensor, taken from a predetermined
table calculated by Jiménez-Muñoz and Sobrino (2008) with
MODTRAN simulations. In the case of the MODIS sensors i and j are
bands 31 and 32, respectively. The remaining unknown parameters
PW and ε were retrieved using various techniques which have the
advantage of needing only the MODIS data itself.
The retrieving of water vapor concentration for daytime images was
based on the ratio technique (Sobrino et al., 2003) which uses the MODIS
bands in the near infrared spectrum that are most sensitive to PW:
PW = 0:192PW17 + 0:453PW18 + 0:355PW19

ð2Þ

where
PW17 = 26:314−54:434G17 + 28:449G217 ; G17 = L17 =L2
2
PW18 = 5:012−23:017G18 + 27:884G18 ; G18 = L18 =L2
2

PW19 = 9:446−26:887G19 + 19:914G19 ;

Fig. 2. Schematic representation of consecutive modules for the analysis of surface temperature patterns.

G19 = L19 =L2

ð3Þ
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Li are the radiance measurements acquired by MODIS band i (i = 2, 17,
18, and 19).
For the night-time images an equation derived from a study of
Sobrino et al. (2001) on AVHRR using the Linear Split-Window
Relationship (LSWR) was adopted, assuming that bands 4 and 5 of
AVHRR are equivalent to bands 31 and 32 of MODIS, respectively:
PW = aðT31 −T32 Þ + b

ð4Þ

where T31 and T32 are the brightness temperatures derived from
MODIS bands 31 and 32, respectively. For different emissivities, the
slope a and intercept b of Eq. (4) are provided in Sobrino et al. (1999).
In particular, for:
2

−1

−2

• ε = 0:96 ðΔε = 0:01Þ; α = 2:10 cm K and b = 1:93 gcm
2 −1
−2
• ε = 0:98 ðΔε = 0:00Þ; α = 2:21 cm K and b = 1:23 gcm
2 −1
−2
• ε = 1:00 ðΔε = 0:00Þ; α = 2:22 cm K and b = 1:004 gcm
All a and b values refer to simulations presented in Sobrino et al.
(1999) assuming a negative gradient (between 0 and 5 K) between
LST and the temperature of the ﬁrst boundary layer of the
atmosphere.
Finally, the emissivities for bands 31 and 32 were calculated with
a simpliﬁcation of the Normalized Difference Vegetation Index
(NDVI) Thresholds Method (NDVI THM) introduced by Sobrino et al.
(2008). The NDVI THM method uses certain NDVI values (thresholds)
to distinguish between soil pixels (NDVI b NDVIS), pixels of full
vegetation (NDVIN NDVIV) and mixed pixels (NDVIS ≤ NDVI ≤ NDVIV),
assuming the typical threshold values of NDVIV = 0.5 and NDVIS = 0.2.
For MODIS
• if NDVI b 0:2 then ε31 = 0:984−0:088ρ1 ; ε32 = 0:982−0:028ρ1
• if 0:2 ≤ NDVI ≤ 0:5 then ε31 = 0:974 + 0:015Pv ; ε32 = 0:968 + 0:021Pv
• if NDVI N 0:5 then ε31 = ε32 = 0:99
where ρ1 is the reﬂectivity in band 1 and PV is the proportion of
vegetation in a mixed pixel, also referred to as fractional vegetation
cover, and is given by

PV =

NDVI−NDVIS
NDVIV −NDVIS

2

ð5Þ
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ﬁltered using a similar averaging technique as the one presented in
the gap ﬁlling problem. Filtering was used for smoothing pixel LST so
that extreme values were appropriately throttled.
The next step of the pre-processing was the extraction of hot-spot
objects through global image thresholding. In the case of global
thresholding, the window addressed was the entire image. All pixels
whose LST was higher than the suburban LST plus a predeﬁned
threshold value (let us say 6 °C) were registered as potential hot
pixels. Therefore, the deﬁnition of the suburban area, which would
serve as the reference area for the analysis, was an important issue.
The area selected was the municipality of Thrakomakedones in
Attica. The municipality is located at the foot of Parnitha Mt. It is a
sparsely built up municipality near a forested area. For each
individual image, the procedure evaluated the mean LST for the
pixels corresponding to this municipality and hereafter we will refer
to this temperature as RLST (Reference Land Surface Temperature). It
is stressed that each LST image had its own RLST value. Following the
calculation of the reference LST, each pixel LST of the image was
compared to RLST.

3.3. Feature extraction
An object-based image analysis procedure was developed to
extract hot-spots. According to this procedure, hot pixel image
groups were extracted using a global thresholding algorithmic
procedure. Separation of hot pixel groups was automatically
performed through appropriate segmenting the initial image by
partitioning the pixels whose LST value was above a threshold
value plus the average LST of reference area pixels. For these pixels,
segmentation was performed by determining the k-groups (Pal &
Pal, 1993). This type of groups was characterized by a certain
proximity property for the pixels of the group, that is to say, each
pixel in the group had at least one pixel neighbor that was close to
the former by a distance of k pixels in any direction. This distance
metric adopted was actually the norm of the digital space
processed (image). In this way, depending on the value of k,
smaller groups could be merged to bigger ones. In our system, the k
pixel distance parameter was set to one (each pixel had at least
one neighbor at a distance of one pixel). An algorithm of linear
computational complexity was used to separate groups obtained.
According to this algorithm each pixel was checked for its
neighbors, which in turn were checked for theirs in a recursive
way. The grouped pixels were then treated as different regions
(objects). Following that, several features related to these objects,
which represent the city hot-spots were extracted.

3.2. LST maps pre-processing
3.4. Data mining
The input data were the MODIS LST products, as described above.
The LST maps were in Hierarchical Data Format, commonly abbreviated HDF. The data pre-processing included masking out not valid
pixels based on a corresponding ﬂag to assure that only cloud free, not
obliquely viewed (N40°) land pixels would be used further in the
analysis. Once the valid images and pixels were selected, the problem
of missing (ﬂagged) pixels had to be tackled by applying an averaging
technique on invalid pixels, where their LST value was actually
substituted by the average LST value of their adjacent valid pixels. This
procedure, based on a kernel convolution method suggested by
Rajasekar and Weng (2009), can be applied in an iterative manner
deploying subsequent passes through the invalid pixels of the image.
In our case, a single pass was selected as the procedure's critical step
since complete restoration would probably produce erroneous
patterns within the image. The procedure adopted was necessary in
order to facilitate the process of automated information extraction
from a large set of images. The resulting image was subsequently

The hot-spots represented as objects underwent a series of
procedures to extract the necessary information for the area. As a
ﬁrst step a procedure counted the number of pixels that belonged to
each object. If the object area was smaller than 10 km 2 (i.e., number of
pixels was less than 10), then the object was not further studied. Only
the objects whose weighted centroid belonged to a predeﬁned area of
interest were taken into consideration. Four areas of interest were
deﬁned, already mentioned in Section 2.1. The results of the above
mentioned procedure are illustrated in Fig. 3.
Once the objects of interest were extracted a number of
parameters per object were calculated and appropriately stored in a
database. These parameters included the satellite sensor as well as
temporal, spatial (weighted centroid location, extent in km 2) and
thermal information (e.g. minimum, maximum LST). In total, 1237
daytime hot-spots were identiﬁed with a 6 °C threshold value and 358
night-time hot-spots with a 4 °C threshold.
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Fig. 3. Schematic representation of the data mining concept. The areas warmer than a reference LST are identiﬁed, extracted and subsequently treated as objects. (a) Typical daytime
LST map with three hot-spots. The hot-spots are extracted and the relevant spatial and thermal characteristics of the objects are calculated and stored in a database, and (b) Typical
night-time LST map representing the UHI of Athens city.
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Table 1
Day- and night-time hot-spots of the Athens Greater Area.
Hotspot

Hot-spot
characterization

Municipalities

Corine land
cover class

Corine land
cover code

1
2

Dominant, Daytime
Dominant, Daytime

Megara
South part of Aspropyrgos and Elefsina

3
4

Weaker, Daytime
Dominant, Night-time

At and around Koropion, Paiania, Spata-Loutsas (Mesogeia)
City of Athens (Athinai), Ilion, Ag. Anargyroi, Nea Halkidona,
Peristerion, Egaleo, Kamatero, Nikaia, Keratsinion, Tavros, Ag.
Ioanni Renti, Peiraiefs, Moshaton, Kallithea, N. Smyrni, Drapetsona

Agricultural land
Industrial zone discontinuous urban fabric,
airport and agricultural land
Agricultural land, Airport
Urban areas (mainly continuous urban
fabric)

2.2.3, 2.4.2, 2.3.1
1.2.1, 1.1.2, 1.2.4,
2.4.2
2.4.2, 2.2.1, 1.2.4
Mainly
1.1.1

4. Results
4.1. General thermal pattern in the Greater Athens
Four areas of interest can be deﬁned in the majority of the LST
maps for the Athens Greater Area. In particular there are three
daytime hot-spots (Hot-spot No. 1, 2, 3; Fig. 1 and Table 1) and one
night-time (Hot-spot 4; Fig. 1 and Table 1). On the daytime images
(most of which were acquired before 12:00 Local time), surface
temperature spatial patterns revealed that the center of Athens did
not exhibit the highest LST; this is referred to as urban heat sink or
negative heat island. It can be simply considered as a brief stage in the
development of the UHI that occurs during the morning and midday
period due to differences in the urban–rural warming rates (Oke,
1987). This behavior is well known for Athens, as already reported in
Stathopoulou and Cartalis (2007b). Therefore, in the daytime the LST
patterns of Athens Greater Area yielded the presence of two dominant
and one weaker hot-spots, as presented in Fig. 1 and described in
Table 1.
The typical daytime pattern in 3D can be also observed in Fig. 4(a).
In this ﬁgure the LST images were plotted in a wire frame model to
appreciate visually the thermal variations as ‘height’ (z-axis) and
color. Visual analysis of the hot-spots (especially the two dominant
ones, hot-spots Nos. 1 and 2; Table 1) showed that there was a LST
discrepancy of at least 4–6 °C from the suburban areas. They appeared
in almost every morning image of June–August; the phenomenon was
weaker in May and September. These hot-spots were clearly
identiﬁable by photo-interpretation of satellite images on all spatial
resolutions (from Landsat TM to MSG-Seviri, not shown here). It
should be noted that the time of MODIS acquisitions allowed studying
of the phenomenon at certain time (around 09:00 UTC; midday 12:00
local summer time). Another interesting feature of Fig. 4(a) is the
presence of cooler pixels along the coastline, which may be partially
caused by sea breeze. In general, the thermal environment of Athens
during daytime depends on the combined inﬂuence of the area
topography and surface cover characteristics. The open plain of
Mesogeia (Hot-spot No. 3, Table 1 and Fig. 1) is mainly covered with
sparse low vegetation (particularly olive trees and vineyards) and
bare soil (Athens International Airport “El. Venizelos” is also located at
this area) whilst Aspropyrgos and Elefsina (Hot-spot No. 2 of Fig. 1)
are mainly industrial zones. These plains become warm faster than
densely built-up urban areas which are extensively covered by
materials of high thermal inertia such as concrete and asphalt. The
inﬂuence of topography is also evident on the thermal pattern of the
study area, as higher altitudes exhibit lower LST.
During the night-time, the thermal pattern of Athens was inverted
as higher surface temperatures were related with the residential
urban zones rather than the different urban use zones and rural areas.
There was one dominant hot-spot affecting a number of central
municipalities, as described in Table 1. A 3D representation of a typical
night-time LST image is shown in Fig. 4(b). At that time of day, cooling
or warming of a surface is determined by its thermal characteristics.

Thus, during night hours, the continuous urban fabric is a few degrees
warmer than rural areas, due to the lower thermal inertia of the soil
compared to concrete. In contrast, the morning hot-spots of the city
have faded out in the night and appear to be cooler than the
continuous urban fabric owning to the fact that in industrial and
agricultural areas usually extended open spaces of bare soil cover
most of the area. The presence of a heat wave increases LST and makes
less deﬁnable the hot-spots.

4.2. Time series of maximum LST
The high volume of data allowed the extraction of statistics and the
investigation of possible correlations and trends. In this paper we
present the results of the analysis including the behavior of the
maximum LST of the different hot-spots over time, the frequency of
occurrence of the thermal intensity (discrepancy between hot-spot
maximum and RLST), and the correlation between the thermal
intensity and the size of the hot-spots.
The maximum LST of the hot-spots (hereafter referred to as
maxLST) was analyzed by plotting the maxLST acquired between
08:55 and 10:00 UTC against date (1st May to 30th September) for
every year separately and ﬁtting a quadratic polynomial to the data.
The reason behind the selection of a certain time window was to
eliminate the diurnal variation signal from the analysis. In any case
this speciﬁc window was the one with most of the daytime MODIS
acquisitions ensuring minimum loss of data. The results per year and
hot spot are presented in Table 2, whilst for all years are shown in
Fig. 5 (day = 0 is the 1st May and day = 152 is the 30th September;
the year was irrelevant). The plot clearly shows a consistent seasonal
variation with increasing maxLST from the beginning until approximately middle of the season and then the gradual decrease of
temperature until the end of the season (end of September). Fig. 5(a)
shows the described seasonal trend of Megara Hot-spot (No. 1) with a
maximum of 48.6 °C on July 14, after when the maxLST starts
decreasing. The same behavior was observed at Elefsina-Aspropyrgos
hot-spot (No. 2); in this case the maximum was observed on July 16
and was of the same value. The third slightly weaker hot-spot of
Mesogeia (No. 3) was consistently cooler (between 1 and 3 °C;
Table 2) compared to the other two dominant hot-spots. As a result
the maximum of the overall seasonal trend (Fig. 5(a)) was 2 °C cooler
and was observed on July 15.
For the night-time images, a 4 °C threshold was selected for the
city center, as it was more realistic and increased the number of
objects and subsequently statistical samples. The maxLST for the city
center (Fig. 5(b)) follows a similar seasonal pattern. As expected the
maxLST was considerably lower than the morning hot-spots. The
quadratic line ﬁtted to all the available maxLST night-time data
versus day of the season peaked on July 29, two weeks later than the
daytime surface patterns. The same behavior was observed for all
years (Table 2). By deﬁnition, this was the UHI pattern of Athens
city.

Author's personal copy
3086

I. Keramitsoglou et al. / Remote Sensing of Environment 115 (2011) 3080–3090

Fig. 4. Typical 3D LST patterns in Athens Greater area using MODIS. (a) Daytime hot-spots 1, 2 and 3. For a ﬂy though a typical daytime LST 3D distribution of Athens Greater Area
please visit: http://195.251.203.191/video/daytime.html; (b) Night-time hot-spot 4. A ﬂy though a typical night-can be seen at http://195.251.203.191/video/nighttime.html.

4.3. Hot-spots intensity and extent
By thermal intensity we refer to the discrepancy between the
maxLST of a hot-spot and the RLST. In other words, thermal
Table 2
Fitted maximum LST of the four hot-spots of Athens Greater Area per year with the
corresponding date when it occurred.
Year

2000
2001
2002
2003
2004
2005
2006
2007
2008

Hot-spot
1 (Daytime)

2 (Daytime)

3 (Daytime)

Date

Max LST

Date

Max LST

Date

Max LST

4 (Night-time)
Date

Max LST

7-Jul
13-Jul
11-Jul
17-Jul
16-Jul
17-Jul
13-Jul
12-Jul
12-Jul

50.2
49.5
47.9
48.0
48.7
48.3
46.6
49.2
50.4

9-Jul
15-Jul
16-Jul
18-Jul
18-Jul
16-Jul
12-Jul
14-Jul
17-Jul

50.3
49.0
49.1
48.2
49.4
48.0
47.4
48.4
49.1

10-Jul
12-Jul
16-Jul
19-Jul
15-Jul
18-Jul
12-Jul
15-Jul
10-Jul

47.9
46.3
46.8
45.5
47.0
45.9
45.3
46.9
47.4

19-Jul
1-Aug
30-Jul
29-Jul
2-Aug
29-Jul
24-Jul
1-Aug
27-Jul

26.4
27.8
26.1
25.8
26.5
25.9
26.1
27.4
26.2

intensity shows the LST difference between the hot-spot and the
suburban area. As before, the three daytime hot-spots and the one
night-time hot-spot of the urban center were studied. Fig. 6 shows
the distribution of the Intensity occurrences per hot-spot by means
of histograms. A Gaussian curve was ﬁtted on the original data, for
better statistical description of the results. The daytime results
for Megara are presented in Fig. 6(a) and for Elefsina-Aspropyrgos
in Fig. 6(b). The Intensity occurrences were similar for both areas
and both distributions peaked at 10 °C. The corresponding histogram for Mesogeia hot-spot is shown in Fig. 6(c). The Gaussian
curve in this case peaked at 9 °C. Fig. 6(d) gives the distribution
for the night-time measurements at the City Center, which—by
deﬁnition—was the UHI magnitude. The ﬁtted curve peaked at
5.7 °C at night-time, decreasing faster than the corresponding daytime curves.
Whilst the intensity was the difference between maxLST and RLST,
tDiff was deﬁned as the difference between maximum and minimum
LST within the same surface temperature pattern, thus giving a
measure of the thermal differences inside an affected area. The mean,
the maximum and the absolute (standard) deviation (ADEV) of the

Author's personal copy
I. Keramitsoglou et al. / Remote Sensing of Environment 115 (2011) 3080–3090

3087

Fig. 5. Maximum LST acquired at (a) the three daytime hot-spots between 08:55 and 10:00 UTC during the summer months (May–September) from 2000 to 2009 as a function of day
of season, and (b) Athens City Center hot-spot (No. 4) at night-time for the same period.

hot-spots surface extent, intensity and tDiff were calculated. Table 3
presents the results.
In terms of the surface extent the weaker morning hot-spot of
Mesogeia is the largest, the second being the dominant hot-spot of
Megara and then of Elefsina, with an average surface of 112.0, 95.2
and 83.5 km 2, respectively. The dominant hot-spot of Elefsina,
however, is the least variable one (the ratio ADEV/MEAN of the ﬁtted
values is 0.33 compared to 0.61 for the extended and quite variable
hot-spot of Mesogeia). In spite of differences in surface extent, all
three morning hot-spots are consistent in mean thermal intensity,
which varied between 9 and 10 °C with similar statistical spread
(ADEV) of the values of less than 1.2 °C. It is interesting to note that
the maximum recorded thermal intensity is above 17 °C for all three
morning hot-spots and even reached 20.6 °C in Elefsina at 09:40 UTC
of 2007-05-13. The mean thermal difference (tDiff) within the
morning hot-spots ranges from 3 to 4 °C, although a maximum
difference of 14.6 °C inside the hot-spot was recorded in Elefsina on
the same satellite acquisition. The standard deviation (ADEV) is
between 1.0 and 1.2 °C.
The investigation of the night hot-spot behavior reveals the
characteristics of the UHI phenomenon of the center of Athens. The
mean surface extent of UHI pattern is 55.2 km 2 using the original
values and 3.6 km 2 larger using the gaussian ﬁtted values. The reader
is reminded that the night-time patterns are extracted using a 4 °C
threshold difference between the hot-spot and the reference

suburban area. When increasing the threshold the spatial extent is
smaller; for instance for 6 °C threshold the mean is 45.8 km 2. The
mean UHI intensity is of 5.6 °C, also shown in Fig. 6(d). A maximum
intensity of 12.3 °C was recorded on 2004-09-11 at 20:30 UTC. The
mean thermal difference within the UHI pattern (tDiff) is lower than
the morning patterns and is equal to 1.6 °C. However, tDiff reached
8.3 °C on the same image.
In the previous paragraphs we have discussed the statistics of the
extent of the hot-spots, an interesting parameter as it reveals the area
affected by the higher temperatures. Streutker (2002) investigated
whether the spatial extent of the heat island was related to the thermal
intensity (referred to as UHI magnitude) and to the surrounding rural
temperature. This was found not to be the case in his research, as none of
these temperature measurements showed signiﬁcant correlation to the
spatial extent. When we investigated similar correlations of the daytime
hot-spots of Greater Athens Area, we found that their hot-spot extent
was not correlated directly with a thermal feature such as the maxLST or
minLST. Nevertheless, our analysis showed that the spatial extent of a
hot-spot is highly correlated with its intensity. This is true for all three
morning hot-spots whose correlation coefﬁcient is above 0.75, yet not
true for the UHI night-time city center phenomenon. In particular, the
correlation coefﬁcients for the hot-spots of Megara and ElefsinaAspropyrgos are 0.79, whilst for Mesogeia is 0.76 (Fig. 7). This
correlation is reported for the ﬁrst time for Greater Athens, since
published works has been mostly focused at the city of Athens and its
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Fig. 6. Histogram representing the occurrences of certain thermal intensities (maxLST-RLST) (a) at Megara dominant hot-spot during daytime, (b) at Elefsina-Aspropyrgos dominant
hot-spot during daytime, (c) at Mesogeia weaker hot-spot during daytime, and (d) at Athens City Center during night-time. The latter is the UHI intensity.

immediate vicinity (e.g. Livada et al., 2002; Santamouris et al., 2007;
Stathopoulou & Cartalis, 2007a).
In order to explain the observed correlation, one has to consider
that LSTs estimated by satellite sensors are the spatial patterns of
upwelling thermal radiance received by the remote sensors. A hotspot is thus the aggregated result of warmer pixels. In general LSTs are
higher and more variable than concurrent air temperatures due to the
complexity of the surface types in urban environments and variations
in urban topography (e.g. Nichol, 1996; Streutker, 2002) and they are
more easily related to surface conditions themselves (Imhoff et al.,
2010; Nichol & Wong, 2005; Owen et al., 1998; Voogt & Oke, 2003).

Table 3
Statistics related to the characteristics of the three day- and one night-time hot-spots of
Athens Greater Area as calculated from MODIS data acquired during the summer months
(May–September) of years 2000–2009. Fitted values refer to a quadratic polynomial.
Hot-spot

1 (Daytime)

2 (Daytime)

3 (Daytime)

4 (Night-time)

Statistical
parameter

MEAN
MAX
ADEV
MEAN
MAX
ADEV
MEAN
MAX
ADEV
MEAN
MAX
ADEV

Surface extent
(km2)

Intensity (°C)

tDiff (°C)

Data

Fitted

Data

Fitted

Data

Fitted

95.2
561.0
47.3
83.5
362.0
40.8
112.0
667.0
96.9
55.2
315.0
45.6

97.4
330.5
36.2
86.9
251.7
29.1
129.0
474.2
79.1
58.8
188.0
33.4

10.1
17.9
1.6
9.8
20.6
1.5
9.0
17.3
1.4
5.6
12.3
1.0

10.2
14.6
1.2
9.8
15.6
1.0
9.1
12.7
1.0
5.7
9.1
0.8

4.1
11.8
1.6
3.7
14.6
1.5
3.0
11.3
1.4
1.6
8.3
1.0

4.2
8.5
1.2
3.8
9.6
1.0
3.1
6.7
1.0
1.6
5.1
0.7

The observed daytime correlations presented here are strongly
related to the differential heating rate (Oke, 1982; Voogt & Oke,
2003) between open spaces such as bare soil and agricultural land
(like in Megara and Mesogeia hot-spots) compared to sparsely builtup vegetated areas as our reference area. Land covered by vegetation
has a slower heating rate than bare soil or agricultural land and
reaches lower LST. In this work we have deﬁned the thermal intensity
as the discrepancy between hot-spot maximum and RLST, and the
spatial extent of a hot spot as the area covered by the aggregated
cluster of pixels whose LST is higher than the RLST plus a predeﬁned
threshold value. Let us now assume solar heating which will result
in LST rise. The rise will be higher in the area of the hot-spot than
the reference area due to differential heating rate. This in turn will
result in a two-fold effect: the thermal intensity will increase and
the cluster of warm pixels that will be extracted as thermal pattern
will be larger. It is worth noting that a hot-spot would potentially
increase in size until a topographic feature, a densely vegetated area
or a large water body imposes an abrupt change in the LST distribution (Oke, 1982).
5. Conclusions
This paper introduced an object-based image analysis procedure to
extract hot-spots from a large volume of satellite thermal infrared
image dataset. A series of attributes was calculated for each hot-spot
pattern, i.e., the aeria extent and thermal features, allowing the study
of the spatial behavior of thermal patterns with time (over a decade
or/and within the summer season). The proposed approach further
allowed the investigation of correlations between the attributes. The
methodology was applied to more than 3000 MODIS images acquired
from May until September from years 2000 to 2009 for the Greater
Athens Area in Greece.
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covered by sparse low vegetation and bare soil and exhibited faster
heating rate than urban areas (negative heat island). On the other
hand, the city center of Athens was characterized by a strong
UHI phenomenon that was observed later in the day and mostly at
night-time. The daytime hot-spots exhibited similar behavior,
gradually increasing their temperature during the summer season,
reaching their maxima in mid-July. Their thermal intensities were of
9–10 °C. The areal extent was found to be highly correlated to the
thermal intensity. During night-time, Athens center developed a
typical UHI spatially coinciding with the dense urban fabric. The
maximum LST peaked (on average) at the end of July, showing a twoweek time lag compared to the daytime surface patterns.
The main innovation of this research is that the thermal hot-spots
were extracted and treated as objects. This allowed for the calculation
of several features related to the hot spots (e.g., the area extent, the
maximum, mean and minimum LST) from the original LST maps.
Other recent studies (Rajasekar & Weng, 2009; Streutker, 2003) had
dealt with modeled approximations (e.g. fast Fourier transformation;
FFT) of the temperature patterns. For instance, Streutker (2003)
approximated the area extent of the UHIs by calculating the
longitudinal and latitudinal extent assuming an ellipsoid footprint.
Additionally, our method was used to extract the attributes and to
present them as a series of functions rather than a series of images, as
suggested by Rajasekar and Weng (2009). The thermal features
retained their original values circumventing modeling and smoothing
out the maximum values of the original data. The proposed
methodology can be considered appropriate for both coastal cities,
where the discontinuity of sea-land interface would cause complications in the modeling approach, as well as inland cities. The
methodology can be customized to cover other geographical areas.
Nevertheless, sufﬁcient knowledge of a city is required to efﬁciently
deﬁne the areas of interest as well as the reference rural/suburban
area. Information on the city's land cover and topography is also
important for the interpretation of the patterns. However, once the
area of interest is set, the algorithm processes thousands of LST
images in a few seconds without any manual interference. As comparison of thermal patterns across different cities is currently
hampered by the lack of an appropriate methodology to extract the
patterns and characterize them, future research should examine the
application of the method to different cities and comparison of their
UHIs behavior.
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