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Abstract: Global climate change and increasing urbanization worldwide intensify the need for
a better understanding of human heat stress dynamics in urban systems. During heat waves, which
are expected to increase in number and intensity, the development of urban cool islands could be
a lifesaver for many elderly and vulnerable people. The use of remote sensing data offers the unique
possibility to study these dynamics with spatially distributed large datasets during all seasons of
the year and including day and night-time analysis. For the city of Basel 32 high-quality Landsat
8 (L8) scenes are available since 2013, enabling comprehensive statistical analysis. Therefore, land
surface temperature (LST) is calculated using L8 thermal infrared (TIR) imagery (stray light corrected)
applying improved emissivity and atmospheric corrections. The data are combined with a land
use/land cover (LULC) map and evaluated using administrative residential units. The observed
dependence of LST on LULC is analyzed using a thermal unmixing approach based on a multiple
linear regression (MLR) model, which allows for quantifying the gradual influence of different LULC
types on the LST precisely. Seasonal variations due to different solar irradiance and vegetation
cover indicate a higher dependence of LST on the LULC during the warmer summer months and
an increasing influence of the topography and albedo during the colder seasons. Furthermore, the
MLR analysis allows creating predicted LST images, which can be used to fill data gaps like in SLC-off
Landsat 7 ETM+ data.

Keywords: land surface temperature; thermal infrared data; LST analysis; atmospheric corrections;
land use/land cover; multiple linear regression; urban; Landsat 8

1. Introduction

1.1. Motivation

A majority of the world’s population currently lives in urban environments. Data provided by
the WHO predict that by 2050 this number will increase to almost 70% worldwide, reaching even
higher numbers in more developed countries, which even today reach levels of 75% urban population
(Switzerland, Germany, etc.) [1]. A huge part of the world’s population growth in the next 30 years
will be concentrated in urban environments [2]. This increase in urban population is accompanied
by huge problems affecting a large number of people, e.g., clean water supply, waste, energy, air
pollution, and heat stress [3,4]. This last issue, only measurable at certain weather conditions with
a complex measurement setup, is causing serious problems for human health, most obviously during
severe heat waves [5,6]. Heat stress presents one end of the human thermal comfort scale and can
cause large numbers of deaths in a short period. The summer of 2003 in Central Europe is a prime
example of the potential effects of an extreme heat wave on human health. Long-lasting fair weather
conditions due to persistent anticyclonic circulations, caused by large-scale circulation anomalies
and historically low precipitation levels between May and August, were the major causes of this
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record-breaking summer in Europe [7]. More than 70,000 additional deaths occurred due to severe heat
stress in Europe during the 2003 heat wave [8]. In summer 2015, Europe again suffered an extreme
heat wave, resulting in an excess mortality of up to 30% in some regions [9]. Almost every year, severe
heat waves are threatening specific parts of the world. Considering the Fifth Assessment Report of
the Intergovernmental Panel on Climate Change (IPCC), such extreme events have increased since
the mid-20th century and will be a usual phenomenon until the end of the 21st century [10]. Future
heat waves are expected to be more intense, longer lasting, and/or more frequent [11,12]. Statistical
analysis concerning the typical length of general weather situations supports these findings in Central
Europe [13]. Human impact on the energy balance through enhanced urbanization, including the
alteration of the physical surface properties and processes, intensifies this extreme heat stress [14–17].
The resulting increased air temperature in the urban canopy layer compared to its rural surroundings
is often referred to as the urban heat island (UHI) [18–20]. For Basel, during the Basel Urban Boundary
Layer Experiment (BUBBLE), the UHI phenomenon was investigated and described in detail [16].
An important finding during the BUBBLE campaign—which has also been mentioned in climate
sciences before—is that the UHI effect is generally a nocturnal phenomenon, usually not measurable
during the daytime, and that serious differences occur within different parts of the city, indicating
several thermal zones. A total of 123 Tropical Nights (nocturnal Tmin > 20 ◦C) and 26 Extremely Hot
Days (Tmax > 35 ◦C)—examples of days with extreme heat stress—were measured in the last 15 years
at an urban measurement tower in Basel, most of them during the summers of 2003 and 2015. Studies
on the urban climate have a long tradition in climatology [21–23] and emphasize the clear tendency of
enhanced heat stress within cities, e.g., [16,18,24,25]. Regarding the growing urban population and
therefore increasing city size, combined with the increasing number of heat waves expected in the
near future, the study of urban climate with a focus on human thermal comfort is inevitable for future
urban planning. Nevertheless, the understanding and integration of this issue in urban planning is
still expandable [24,26].

1.2. State of the Art

To investigate large-scale urban climate characteristics, remote sensing in its various forms
offers great opportunities with lots of benefits, but also challenges to comprehend. Geostationary
satellites, polar orbiting satellites, airborne platforms, and considerably improved UAVs offer manifold
possibilities to observe the Earth’s surface in different spatial, spectral, and temporal resolutions.
One of the main challenges in urban remote sensing is the conversion of large-scale two-dimensional
measurements into meaningful and useful information for dwellers and urban planners. Besides the
challenges to conquer the scale limitations, remote sensing data—especially TIR data—are seriously
affected by atmospheric effects, mainly by water vapor and ozone, or instrumental problems. The
latter can cause severe errors in absolute values and is difficult to compensate for, e.g., the L8 Thermal
InfraRed Sensor (TIRS) stray light issue discussed in Section 1.3. Atmospheric effects due to attenuation
and enhancement of the emitted signal are inevitable and well known. To counteract these limitations,
numerous investigations have been conducted [27]. Crucial findings considering the application of
TIR remote sensing in urban environments were reported by Voogt and Oke in numerous studies,
e.g., [28–30]. Theoretical background, several problems and recent developments in this field are
summarized in detailed reviews by [31–33]. As a practical application, Dousset et al. (2011) have
demonstrated the use of satellite data for monitoring the 2003 heat wave in the metropolitan area
of Paris. Due to their findings, the severity of future heat waves can be better predicted through
analysis of vegetation dynamics, and the contribution of the UHI to raising minimum nocturnal
temperatures—linked with heat stress and mortality—was elaborated [34]. In other studies, the use
of multitemporal data from multiple sensors enables the investigation of statistical trends and the
modeling of annual cycles [35] or performing disaggregation of LST through thermal sharpening,
temperature unmixing and/or data fusion [36–40] to improve the temporal and spatial resolution.
Thereby, the use of different datasets with dissimilar viewing directories on the target is a possible



Remote Sens. 2017, 9, 684 3 of 23

source of error and has to be interpreted with caution, because sunlit or shaded surfaces may be
overrepresented by certain viewing angles and/or off-nadir perspectives [41]. Different studies
have focused on the estimation of soil moisture or evapotranspiration using TIR remote sensing and
vegetation cover, combined with in situ measurements [32,42,43].

However, the simplicity of using remote sensing data has often led to misunderstanding and
misinterpretation of TIR data. Therefore, one should clearly distinguish between the UHI considering
the ambient air temperature in and above the canopy layer, and the two-dimensional surface urban
heat island (SUHI) describing the urban surface temperature retrieved from remotely sensed TIR
data [17]. During cloud-free days, the diurnal LST is usually several degrees higher than the ambient
temperature and the LST patterns do not necessarily correspond to the ambient temperature patterns
during the day [44]. In Basel, the SUHI can be found during both day and night, but the UHI is
typically more pronounced during the night [16–20].

1.3. Problems with Thermal Infrared Data

The abundance of two TIR channels for L8 would offer the possibility of using a split window
algorithm (SWA), comparable to ASTER applications [33,45]. Due to stray light anomalies within
the two thermal bands of the TIRS, the U.S. Geological Survey (USGS) advised users to work only
with TIRS band 10 with lower expected errors compared to band 11 before 24 April 2017 [46,47].
In the meantime, NASA recomputed all L8 TIR data according to the algorithm of Gerace and
Montanaro (2017), which reduces the error of both TIR bands to less than 1 K [48]. This paper makes
use of the stray light corrected L8 TIR data. Nevertheless, NASA recommends not using SWA for
atmospheric correction [49]. Therefore, it is still necessary to use radiative transfer models such as
MODTRAN [50–53] to remove the atmospheric effects occurring between the Earth’s surface and the
satellite sensor. These models simulate the attenuating and enhancing effect of atmospheric gases
and aerosols on the TIR signal and are used to convert the at-sensor or top-of-atmosphere (TOA)
radiance to surface-leaving radiance. Numerous studies use standard atmospheres in MODTRAN to
correct TIR data. However, a more sophisticated approach is the use of spatiotemporally interpolated
data providing atmospheric global profiles for a particular date, such as the National Center for
Environmental Prediction (NCEP) reanalysis model to simulate the atmospheric conditions on a global
scale. This data is available in a six-hour frequency for atmospheric conditions since the year 2000 to
get a better simulation of the atmospheric conditions during the satellite overpass [54,55]. The most
convenient way to combine this reanalysis data with MODTRAN code is the web-based atmospheric
correction tool (ACT) provided by NASA and developed by Julia Barsi [56,57]—accessible on www.
atmcorr.gsfc.nasa.gov.

The two-dimensional TIR data are an extremely useful measure and provide information on
a large scale that is easy to access and easy to use. Compared to point measurements obtained from
measurement towers or stations, there are some disadvantages to using remote sensing data as well.
The low temporal resolution of polar orbiting satellites leads to TIR data showing just a snapshot of
the actual properties at a specific time of day.

Furthermore, only fair weather conditions are investigated, and therefore the results are only
valid for clear-sky days.

1.4. Research Questions

The question of this investigation is not whether there is a SUHI available, but more what the
distribution looks like in different parts of the city and, furthermore, how it can be explained by surface
properties. In the scope of this paper, a large satellite dataset is used to find significant tendencies in
LST dynamics with seasonal variations and to investigate the connections to the land cover. Careful
atmospheric corrections and emissivity estimations are developed to generate a proper data basis.
The reliability of the data is one important point for discussion. Thereafter, statistical analysis is first
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developed for administrative subunits to reveal trends and demonstrate the connection between LULC
and LST within residential units.

To quantify the effect of land cover on LST and reveal the seasonal distribution, a MLR
approach—inspired by spectral unmixing—is developed and applied on bulk data. Spectral unmixing
is a method developed for the decomposition of mixed pixels using linear regression, linear mixture
models or neural networks applied on hyperspectral data [58]. Deng and Wu (2013) have used spectral
unmixing to derive fractional urban compositions and used the results to predict TIR data based
on the thermal responses of these compositions and their abundances [59]. Applying this scheme,
thermal endmembers derived from ground station TIR measurements are used to simulate LST for
the whole study area, even during days with comprehensive cloud cover [60]. Other studies used
empirical measurements to convert land-cover-specific surface temperatures to land-cover-specific
air temperatures applied on mixed pixels to predict the pixel average air temperature [61]. In this
study, a related approach was developed where the abovementioned spectral unmixing is replaced by
mixing various surface characteristics (i.e., land cover fractions, vegetation cover, albedo, and solar
irradiance sum) to a coarser resolution (100-m cells). These input data are used in a MLR analysis
to predict the LST, based on the actual LST as the response. The resulting coefficients of the MLR
analysis describe the effect of the predictors on the LST signal throughout the whole scene. The method
is applied on a large dataset with chronologically variable data including clear sky days only and
covering all seasons.

To understand the seasonal dynamics, simple linear regressions between vegetation cover and
LST are included as an additional evaluation.

2. Materials and Methods

2.1. Data

The TIR data converted to LST have been acquired by the TIRS on board of the L8 satellite orbiting
the Earth since March 2013. Due to the overlapping paths 195 (scene center) and 196 (right margin),
a large number of suitable scenes (i.e., 32) with zero or nearly zero cloud cover (masked) and haze or
fog (not used) could be found within four years of orbiting time. Only two scenes show more than
0.5% cloud cover, which was not covering the urban areas and therefore the data were nevertheless
used for the study after masking. Atmospheric effects on the TIR signal are highly dependent on total
column water vapor (TCWV) [62]. During all acquisitions, the TCWV did thereby not exceed 2.5 cm
and a majority of the scenes was acquired with a TCWV below 1.5 cm. For the atmospheric correction,
NCEP reanalysis data accessed via the web-based ACT [56] and improved with in-situ meteorological
data from a measurement tower—maintained by the Research Group of Meteorology, Climatology
and Remote Sensing of the University Basel (MCR)—is applied [63]. The data is adapted to terrain by
the ASTER Global Digital Elevation Model (GDEM). Since the ACT only provides correction factors
for the TIR channel, the visible (VIS), infrared (IR), and shortwave infrared (SWIR) channels are not
corrected for atmospheric effects.

The LULC map has been developed in a previous study and is based on multitemporal L8 data
from the years 2013 to 2015 with 15-m (pan-sharpened) spatial resolution (Figure 1) [64].

To analyze the data in specific scales and enable comparisons to demographic statistics, residential
units provided by the Canton of Basel-Stadt (BS) are used [65].

The datasets were delivered with different geographic coordinate systems. To maintain the
reliability of the measured data and ensure the comparability of the different datasets, the native
coordinate system UTM-32N of the L8 scenes is used continuously. All data used in this study are
summarized in Table 1.
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Figure 1. LULC map of Basel and its surroundings using the modal value of seven individual 
classifications from 2013 to 2015. The coordinate system is UTM-32N and the pixel resolution 15 m 
(pan-sharpened). The national borders are represented by black and the Canton of Basel-Stadt by 
gray lines, a shaded relief overlay using resampled SRTM data depicts the topography. The 
vegetation represents an overpass of 30 August 2015. 

Table 1. Different datasets with acquisition date used for this study. 

Type Dataset Acquisition Date/Last Update 

Raster 

Landsat 8 OLI/TIR 
Path 195/Row 27 

5 June 2013, 20 March 2014, 8 June 2014, 14 October 2014, 8 April 2015, 24 April 
2015, 11 June 2015, 30 August 2015, 1 October 2015, 2 November 2015, 20 
December 2015, 10 April 2016, 16 August 2016, 20 November 2016, 28 March 2017 

Landsat 8 OLI/TIR 
Path 196/Row 27 

25 April 2013, 14 July 2013, 15 August 2013, 17 July 2014, 2 October 2015,  
26 February 2015, 14 March 2015, 15 April 2015, 4 July 2015, 5 August 2015,  
21 August 2015, 27 December 2015, 7 August 2016, 23 August 2016,  
8 September 2016, 24 September 2016, 15 February 2017 

LULC map Created September 2015 using data from 2013–2015 [64] 
ASTER GDEM June 2009 

Vector Residential units 26 February 2014 

Meteo 
Temperature, relative 

humidity and air pressure 
March 2013 to March 2017 at MCR University Basel measurement tower [63] 

NCEP reanalysis data Data access from August 2015 to April 2017 [54–56] 

2.2. Site Description 

Basel is located at the southern end of the Upper Rhine Valley between the bordering hills of the 
Vosges (France), the Black Forest (Germany), and the Jura Mountains (Switzerland) at about 250 m 
a.s.l. with a distinct topography (Figure 2).  

Figure 1. LULC map of Basel and its surroundings using the modal value of seven individual
classifications from 2013 to 2015. The coordinate system is UTM-32N and the pixel resolution 15 m
(pan-sharpened). The national borders are represented by black and the Canton of Basel-Stadt by gray
lines, a shaded relief overlay using resampled SRTM data depicts the topography. The vegetation
represents an overpass of 30 August 2015.

Table 1. Different datasets with acquisition date used for this study.

Type Dataset Acquisition Date/Last Update

Raster

Landsat 8 OLI/TIR
Path 195/Row 27

5 June 2013, 20 March 2014, 8 June 2014, 14 October 2014, 8 April 2015,
24 April 2015, 11 June 2015, 30 August 2015, 1 October 2015, 2 November 2015,
20 December 2015, 10 April 2016, 16 August 2016, 20 November 2016,
28 March 2017

Landsat 8 OLI/TIR
Path 196/Row 27

25 April 2013, 14 July 2013, 15 August 2013, 17 July 2014, 2 October 2015,
26 February 2015, 14 March 2015, 15 April 2015, 4 July 2015, 5 August 2015,
21 August 2015, 27 December 2015, 7 August 2016, 23 August 2016,
8 September 2016, 24 September 2016, 15 February 2017

LULC map Created September 2015 using data from 2013–2015 [64]

ASTER GDEM June 2009

Vector Residential units 26 February 2014

Meteo
Temperature, relative

humidity and air pressure March 2013 to March 2017 at MCR University Basel measurement tower [63]

NCEP reanalysis data Data access from August 2015 to April 2017 [54–56]
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2.2. Site Description

Basel is located at the southern end of the Upper Rhine Valley between the bordering hills of the
Vosges (France), the Black Forest (Germany), and the Jura Mountains (Switzerland) at about 250 m a.s.l.
with a distinct topography (Figure 2).Remote Sens. 2017, 9, 684  6 of 23 

 

 

Figure 2. Overview of the study area, with the tri-national border region highlighted in central 
Europe (left) and the investigation area (lower right, UTM-32N) located within this region (upper right). 

The climate is considered oceanic, with mild winters and warm and sunny summers (Köppen 
Cfb climate) [26,66]. The annual mean temperature is 10.5 °C with an annual precipitation rate of 842 
mm according to the suburban weather Station Basel/Binningen maintained by the Federal Office of 
Meteorology and Climatology for the reference period 1981 to 2010 [67]. Due to the suburban 
character of the measurement site surrounded by a large green space and situated on a moderately 
elevated hill, the typical urban annual mean temperatures of Basel can be considered some tenths of 
a degree higher due to higher nocturnal minimum temperatures [16]. The warmest month is usually 
July with mean temperatures above 25 °C, even though record-high temperatures during heat waves 
are usually favorable in August. During the BUBBLE project in 2005, a distinct nocturnal UHI was 
found for Basel, even if the surrounding hillsides with large forests supply the city with fresh air due 
to nocturnal cooling and cold air production [16]. Often, this cold drainage flow is only measured in 
rural or suburban stations surrounding the city. Combining these different measurement stations, 
daily and continuous UHI monitoring is implemented and publicly available (www.mcr.unibas.ch). 

The investigation area contains the metropolitan area of Basel with approximately 730,000 
inhabitants in total, including the bordering suburbs located in the Canton of Basel-Land (BL), the 
German cities Weil-am-Rhein and Lörrach, the French city Saint-Louis, and the city of Basel [26,68]. 
From north to south and west to east the area measures 21 by 20 km2, respectively, spanning from 
the upper left (47°38′35′′N, 7°29′17′′E) to the lower right (47°27′25′′N, 7°45′32′′E). 

2.3. Methods 

2.3.1. Land Surface Temperature 

The atmospheric correction is done using the ACT provided by NASA [56,57] to receive the 
transmissivity, the longwave upwelling or atmospheric path radiance and the longwave 
downwelling or sky radiance for the correction of atmospheric effects on the surface-leaving TIR 
signal [69]. The ACT generates these parameters for a single point representing the whole scene, 
which is inadequate in the case of considerable elevation change. Thereby, an automated query on 
the ATC is collecting atmospheric correction parameters for different ground heights. These values 
are projected to the underlying topography using a piecewise cubic interpolation (Figure 3). 
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Figure 2. Overview of the study area, with the tri-national border region highlighted in central Europe
(left) and the investigation area (lower right, UTM-32N) located within this region (upper right).

The climate is considered oceanic, with mild winters and warm and sunny summers (Köppen
Cfb climate) [26,66]. The annual mean temperature is 10.5 ◦C with an annual precipitation rate of
842 mm according to the suburban weather Station Basel/Binningen maintained by the Federal Office
of Meteorology and Climatology for the reference period 1981 to 2010 [67]. Due to the suburban
character of the measurement site surrounded by a large green space and situated on a moderately
elevated hill, the typical urban annual mean temperatures of Basel can be considered some tenths of
a degree higher due to higher nocturnal minimum temperatures [16]. The warmest month is usually
July with mean temperatures above 25 ◦C, even though record-high temperatures during heat waves
are usually favorable in August. During the BUBBLE project in 2005, a distinct nocturnal UHI was
found for Basel, even if the surrounding hillsides with large forests supply the city with fresh air due
to nocturnal cooling and cold air production [16]. Often, this cold drainage flow is only measured
in rural or suburban stations surrounding the city. Combining these different measurement stations,
daily and continuous UHI monitoring is implemented and publicly available (www.mcr.unibas.ch).

The investigation area contains the metropolitan area of Basel with approximately
730,000 inhabitants in total, including the bordering suburbs located in the Canton of Basel-Land (BL),
the German cities Weil-am-Rhein and Lörrach, the French city Saint-Louis, and the city of Basel [26,68].
From north to south and west to east the area measures 21 by 20 km2, respectively, spanning from the
upper left (47◦38′35′ ′N, 7◦29′17′ ′E) to the lower right (47◦27′25′ ′N, 7◦45′32′ ′E).

2.3. Methods

2.3.1. Land Surface Temperature

The atmospheric correction is done using the ACT provided by NASA [56,57] to receive the
transmissivity, the longwave upwelling or atmospheric path radiance and the longwave downwelling
or sky radiance for the correction of atmospheric effects on the surface-leaving TIR signal [69]. The

www.mcr.unibas.ch
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ACT generates these parameters for a single point representing the whole scene, which is inadequate
in the case of considerable elevation change. Thereby, an automated query on the ATC is collecting
atmospheric correction parameters for different ground heights. These values are projected to the
underlying topography using a piecewise cubic interpolation (Figure 3). Meteorological ground truth
data from the measurement station Basel Klingelbergstrasse [63] representing the surface conditions
(i.e., relative humidity, air temperature, and pressure) are implemented directly from the local database
to improve the model. The adaption to the topography is applied because the biggest part of the
atmospheric effect on the TIR radiation occurs in the planetary boundary layer, typically the thickest
part of the atmosphere where most of the gases and aerosols are concentrated. The investigation area
includes elevations of 250 m a.s.l. in the lower parts of the Rhine valley and almost 900 m a.s.l. in
the Jura hills. Especially during stable anticyclonic conditions, a typical weather situation for proper
remote sensing data acquisition, distinct differences in atmospheric conditions between the valley
boundary layer and the surrounding hillsides are expected.
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Figure 3. Atmospheric correction parameters: (a) transmittance; (b) longwave upward radiance and
(c) longwave downward radiance, exemplary of 30 August 2015 according to the different path lengths
or the different height a.s.l. of the individual pixels. The asterisk represents the calculated value and
the red line the interpolated values. The colored map describes the topography of the investigation
area with the city center of Basel as a white circle.

The differences are taken into account calculating the atmospheric correction parameters to receive
surface-leaving radiance (LT) from TOA radiance (Lλ) using Equation (1):

LT = τεLλ + Lu + τ(1 − ε)Ld, (1)

with transmissivity (τ), longwave upwelling (Lu) and longwave downwelling radiance (Ld). LT is
corrected using an emissivity map (ε), created after a modified vegetation-threshold approach
by Sobrino (2008) [70] using the normalized difference vegetation index (NDVI) as a major
criterion [42,71,72]. The natural deviation water index (NDWI) and the natural deviation built-up
index (NDBI) are used as additional criteria to improve the reliability of the emissivity map because the
NDVI threshold method is originally developed for rural areas [73–77]. These indices use normalized
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ratios in the VIS, NIR and SWIR range (subscript numbers describe the center wavelengths), explained
in Equation (2a)–(2c):

NDVI =
NIR0.86 − VIS0.65

NIR0.86 + VIS0.65
, (2a)

NDWI =
VIS0.56 − NIR0.86

VIS0.56 + NIR0.86
, (2b)

NDBI =
SWIR1.61 − NIR0.86

SWIR1.61 + NIR0.86
. (2c)

The use of indices for highly sealed and water surfaces is necessary due to the bad performance
of the NDVI method on concrete surfaces or surfaces with negative NDVI values such as water [78].
Thereby, fully vegetated pixels with a NDVI > 0.5 (NDVIV) received an emissivity value of 0.99 (εV);
pixels with a NDWI ≥ 0 received an emissivity value of 0.98 for water surfaces. Soil pixels with
a NDVI < 0.2 (NDVIS) are set to an emissivity value of 0.97 (εS) [70,79,80]. Explicit built-up areas with
a NDBI value > −0.2 and a seasonally maximum NDVI ≤ 0.35—obtained by analyzing multitemporal
L8 scenes to omit false classified soil surfaces, which are not always separable from urban areas
in a single-scene NDBI analysis—received an emissivity value of 0.9612. This number is estimated
through averaging of typical emissivity values for asphalt, concrete, asphaltic concrete, construction
concrete, and red brick based on the ASTER spectral library [80]. These materials represent the average
urban surfaces of Basel to a large amount.

The remaining pixels, i.e., pixels with NDVI values between 0.2 and 0.5, are classified according
to Equation (3) [70]:

ε = εVPV + εS(1 − PV) + C. (3)

The vegetation portion PV is defined through the individual NDVI values and the threshold
values NDVIS (0.2) and NDVIV (0.5) (Equation (4)), and C is defined as the cavity effect (Equation (5)):

PV =

(
NDVI − NDVIS

NDVIV − NDVIS

)2
, (4)

C = (1− εs)εvF′(1− Pv), (5)

with the geometrical factor F′ (i.e., shape factor) ranging from zero to unity, depending on the surface
geometry. In this case, F′ is not automatically definable through optical or TIR data. Therefore, a mean
value of 0.55 is chosen, as proposed by [81].

Surface leaving radiance in Wm−2sr−1µm−1 is converted to LST in Kelvin using the inverse
Planck equation, or the Landsat specific estimate of the Planck curve, explained in Equation (6):

T =
k2

ln
(

k1
LT

+ 1
) , (6)

where T is the LST and k1 and k2 are calibration constants given for the sensor by the L8 metadata [82].

2.3.2. Land Use/Land Cover

The LULC map was created during earlier work described in Wicki and Parlow (2017) [64]. The
approach is based on multitemporal L8 images from the years 2013 to 2015 considering only scenes in
June, July, and August to guarantee comparable sun elevation and vegetation cover. Seven different
classifications using training areas and a Maximum Likelihood Classifier were combined through
a modal algorithm to create one accurate land cover map, shown in Figure 1.
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2.3.3. Administrative and Residential Boundaries

To aggregate the data reasonably, GIS data provided by the administration of BS is used. This
dataset includes statistical residential units in three different scales of neighborhoods (different
neighborhoods of the city of Basel and the community limits of the surrounding villages, which
are part of BS), residential districts (neighborhoods subdivided into subunits, Figure 4), and residential
blocks (typically housing blocks divided by streets).Remote Sens. 2017, 9, 684  9 of 23 
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Figure 4. Index containing the names and location of all residential districts within the Canton
of Basel-Stadt.

In this work, only the results from the residential units are shown, because they reveal the best
trade-off between uniform surface cover, size, and manageable quantity. Because the residential data
is only available for the administrative area of BS, the MLR is performed in a simple 100 by 100-m2

raster on the entire investigation area.

2.3.4. Averaging Land Surface Temperature and Spatial Land Cover Fractions

The residential units are used as reasonable subdivisions to generate significant averaging in
accordance to the urban morphology. The averaging (Equation (7)) is done with a simple loop over the
numbers of patches based on the specific ID (n) given by the source data and for all available scenes (s).

avgs
n = LSTs

x,y=n (7)

The calculated values are displayed in a map using the specific ID of the individual patches to
address the pixels within the raster. The LULC is also analyzed patch-specific, giving each patch the
total land use percentage—similar to the LST averaging—using the patch ID. This allows addressing
each residential district concerning the connection between the percentages of LULC and the seasonal
LST variations.
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2.3.5. Multiple Linear Regression Analysis

A MLR analysis is used to decompose the thermal signal based on several input predictors.
Thereby, the dependence of LST on surface cover and solar irradiance is computed using a LULC
analysis, spectral indices (i.e., albedo and NDVI) and the sum of the total solar irradiance integrated
from sunrise until the time of the satellite overpass.

The LULC and LST data is resized to 100 m pixel resolution, giving each pixel the mean LST and
the land cover fraction. To reduce the number of predictors, related LULC classes are aggregated (i.e.,
Agriculture/Lawn = Agriculture Green + Agriculture Yellow, Suburban = Suburban + Urban Garden,
Industry/Commercial = Industry/Commercial + Rail/Road/Concrete).

As a seasonal component, NDVI and albedo where included in the model as well. The NDVI is
explained in Equation (2a) as a normalized ratio between the reflectance bands of the red and near
infrared channels. The land surface broadband albedo is estimated after an approach by Liang (2001)
using the calibrated reflectance of five channels from the VIS to the SWIR range (ρ2–7) as a weighted
average in Equation (8) [83]:

ashort = 0.356ρ2 + 0.130ρ4 + 0.373ρ5 + 0.085ρ6 + 0.072ρ7 − 0.0018. (8)

The digital numbers (DN) are converted to TOA reflectance by using gain and offset from the L8
metadata to generate TOA radiance (Lλ in Wm−2sr−1µm−1), shown in Equation (9):

Lλ = gain ∗DN + offset. (9)

Thereafter, solar exoatmospheric irradiance (Eλ), sun elevation (Θ) and Earth-Sun distance (d) are
used in Equation (10) to create TOA reflectance (ρλ unitless from zero to unity) for each band (λ):

ρλ =
πLλd2

Eλ sin Θ
. (10)

If the reflectance gain and offset are available, the TOA reflectance can be directly calculated using
these values, similar to Equation (9), with additional scaling by the sine of the sun elevation.

The total solar irradiance for the whole investigation area is modeled using a modified shortwave
irradiance model (SWIM) [84]. SWIM uses a DEM and the respective topographic parameters (i.e.,
slope and aspect) to compute the shortwave incoming radiation at a specific day of the year (DOY) and
a specific time of the day, taking into account different sun azimuth and elevation, sun’s declination,
and atmospheric scattering processes. To generate the total sum of irradiance, which is relevant
because the soil stores energy and therefore has a thermal history, the solar irradiance is iteratively
modeled in six-minute steps from sunrise to the time of satellite overpass at the specific DOY and
summed up.

The MLR model returns a vector of coefficient estimates for a multilinear regression of the
responses (i.e., LST) on the predictors (i.e., land cover fraction, spectral indices and sum of solar
irradiance) and an intercept value, which is the expected value when the predictors are set to zero and
close to the average of the scene. To keep the outputs realistic, the response data is often centered,
which returns an intercept of zero. In this case, the intercept serves as an orientation about the average
LST values and the response data is therefore not centered or normalized. Unlike for the predictors,
which had to be normalized to enable a homogeneous display due to their large differences in scale
(e.g., NDVI has a range of minus one to unity and solar irradiance sum is a physical quantity in
the range of 1 to 10 MJm−2). The predictors, measured/modeled/computed in different scales, are
adjusted to a notionally common scale with values ranging from zero to unity. Regardless whether the
response variable or the predictors are normalized or centered, the correlation coefficient is not altered
at all. Only the coefficients of the individual predictors have to be interpreted with respect to the
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scaling. Applying the resulting regression formula (Equation (11)) for every scene in a two-dimensional
pixel environment, a predicted LST image (LSTpred) can be produced:

LSTpred(x, y) = β0(x, y) + β1X1(x, y) + β2X2(x, y) + . . . + βnXn(x, y), (11)

with the intercept as β0, the individual coefficients as β1–n, and X1–n as the input predictors. The model
is run for every individual scene using bulk processing, which returns a matrix of coefficients for every
predictor and every individual scene and statistical characteristics to assess the success of the model.

3. Results

3.1. Land Surface Temperature and Land Use/Land Cover

The LST averaging within different residential districts shows the seasonal variations and the
systematic distribution of hot spots or colder areas within the BS extent (Figure 5). The variation of LST
within the different parts of the city is striking and seems to be stable despite large seasonal changes.
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Figure 5. LST averages retrieved from L8 TIRS of each residential district for 32 days between 2013 and
2017 of the Canton Basel-Stadt. The scenes are ordered after the DOY of acquisition.

The LULC map is used to determine the portion of the different LULC classes in the residential
district patches. This allows for identifying the different LULC distribution and comparing the
resulting LST arranged as total averages. To omit seasonal effects and ignore possible temperature bias,
the individual average temperatures of the patches are normalized to the individual mean of the entire
scene. Combined with a bar plot summing up the different class percentages of each residential district,
the urban characteristics supporting high LST become apparent since the districts are ordered after
the descending seasonally mean LST (Figure 6). Results are only shown for the residential districts,
because the spatial distribution looks familiar in both residential units, but the neighborhood unit
consists of much more aggregation of surfaces that should be separated. Therefore, residential units
are found to be a useful scale for urban climate analysis.
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Figure 6. Boxplot of normalized LST averages [K/Kmean] of every individual residential district
considering 32 scenes (above) compared to the individual LULC distribution of the respective district.
The districts are ordered after the descending mean value of the normalized LST, the mean and median
value are shown as orange dots and red lines, respectively.

The highest LST are measured in districts with a dominance of the Dense Urban land use type,
but also the combination of Dense Urban, Urban and Rail/Road/Concrete seems to produce high LST.
However, even similar LULC combinations can cause different LST distributions: Besides the old town
districts consisting of more than 70% Dense Urban, the almost purely industrial site St. Jakob-Dreispitz
is one of the hot spots within the city. The structurally similar Erlenmatt district at the other end of
the city is ranked far behind, indicating local effects. Regions consisting of high amounts of urban or
industrial surfaces show lower LST if some percentages are counted to the water class, even if there are
no—or only a few—natural surfaces detected (e.g., Burgviertel or Albantal). Seven out of 10 districts
with the lowest LST show a LULC distribution of at least 50% natural surfaces; four out of five districts
with the lowest LST consist of about 80% natural surfaces with each containing at least 50% forest
pixels. Additionally, these districts with a high amount of natural surfaces also show the highest
seasonal variability. Districts with a dominance of the class Suburban are usually found at the lower
end of the descending LST scale. Thereby, industrial classes do not automatically involve high LST:
Erlenmatt consists of about 80% industrial surfaces (Rail/Road/Concrete plus Industry/Commercial)
with only 5% natural surfaces, but the average LST is lower than in many typical residential areas and
ranks closer to the middle than to the top of the LST distribution table.

3.2. Multiple Linear Regression Analysis

A MLR analysis is used to describe LST (i.e., the response) by land cover fractions, spectral indices
and the solar irradiance sum (i.e., the predictors) in a 100-m raster for all scenes. The models show R2

values between 0.75 and 0.87 in the warmer and highly vegetated periods of the year (i.e., DOY 105 to
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287), meaning 75% to 87% of the LST distribution is explained by the predictors with overall p-values
below 5% for all runs, indicating high significance. The resulting coefficients describe the increasing or
decreasing effect of each variable on the LST in every scene (Figure 7). Thereby, not every predictor
contributes always to an improvement of the multiple regression analysis. Individual predictors falling
below the 5% benchmark for the p-value are flagged with gray crosses in Figure 7. However, the
omission of these predictors did not affect the correlation factors dramatically and all regression runs
are carried out with the same predictors to ensure comparability. Usually, the classes Dense Urban,
Industry/Commercial, the solar irradiance sum and high albedo increase the LST. Considering the
three different urban classes, an increasing effect on LST could be found with increasing densification
(Dense Urban > Urban > Suburban). The classes Agriculture/Lawn and Vineyard/Shrub seem to
have a neutral effect, especially in summer months. The highest decreasing trend is usually given by
Water, followed by the Forest/Plantation class. Lower surface temperatures can be deduced from the
intercept value (highly correlated with the total average), which reveals a clear connection between the
season and the correlation coefficients. The December scenes (i.e., DOY 354 and 361) and one scene in
February (DOY 046) seem to be decoupled from the effects observed in warmer periods of the year.
Here, the only two variables regulating the LST are the total sum of solar irradiance and the albedo,
indicating that the LULC and NDVI are no longer connected to—or have a minor influence on—the
LST in the cold season.
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Figure 7. The 2D surface plot shows the resulting coefficients of each predictor (y-axis) for every scene
(x-axis, ordered after DOY) in the multiple regression model with reddish colors indicating an increase
to the intercept, which is shown in (b), and blueish colors indicating a decrease to the intercept. The
column at the right end of the surface plot lists the total average of each coefficient, (a) shows the
respective variance (left axis, blue) and R2 values (right axis, orange) for each regression run and the
numbers above indicate the respective p-value for each run. All predictors are normalized from zero to
unity and flagged with a gray cross in case of low individual significance.
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The resulting intercept and coefficients can be used to predict a LST map using a regression
formula (Equation (11)) for every individual x-y-pixel. It is important to keep in mind that the
coefficients resulting from the MLR analysis are based on the scaled predictors. Results are only shown
for one scene with excellent correlation coefficient (R2 = 0.87), modeled for 17 July 2014 (Figure 8). The
original LST image (Figure 8a) has thereby missing data in the lower right corner, which is introduced
by the margin of the L8 path 196. The predicted image (Figure 8b) has no data gap, because the swath
of the L8 OLI sensor is slightly wider than the swath of the TIRS sensor. This example illustrates that
thermal mixing, i.e., the application of the resulting unmixing coefficients [59], can predict LST values
with a high reliability even in areas where gaps exist in the response data.
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Figure 8. Original L8 TIRS LST resampled to 100-m resolution (a) and predicted image from the
coefficients of the MLR (b) from 17 July 2014 (R2 = 0.87). The dashed grayscale lines describe the
topography and the black and white lines national and cantonal borders; the coordinate system
is UTM-32N.

Looking for an explanation to describe the findings, the dependence of LST on NDVI is analyzed.
Therefore, LST and NDVI are averaged in a 100-m grid as input for a scatterplot with the LST
as dependent variable. Additionally, to enhance the information content of the scatterplot, the
markers are colored after the most frequent class occurring in the specific grid point (Figure 9).
The water-contaminated cells—i.e., cells containing at least one water pixel in the original 15-m
classification—are excluded for the statistical analysis and colored blue. The class specific inking
allows addressing outliers and presenting seasonal characteristics class-specific. The distribution is
linear with a negative slope, which is clearly steeper during summer months with large temperature
variations and a wider NDVI range compared to autumn or winter months. Accordingly, the same
conclusions can be made for the correlation factor, which has a clear seasonal trend. Most of the
outliers are water-contaminated pixels or shadows. The most plots show a clear distinction between
different classes: the industrial and Dense Urban classes are always found at the upper left end of the
scatter cloud and the Forest/Plantation pixels usually at the lower right end, with seasonal variations.
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4. Discussion

4.1. Thermal Infrared Remote Sensing Problems

Working with remotely sensed TIR data comprises various problems that must be considered.
Although satellite remote sensing offers possibilities out of reach of ground measurement, and the
given accuracies are remarkable regarding the enormous distances and conditions, these systems
are working on, errors and uncertainties have to be taken into account. Li et al. (2013) note that
the used single-channel method is a simple inversion of the radiative transfer equation and highly
dependent on previously known atmospheric conditions and emissivity [33]. These parameters are
possible sources of errors up to 2% for atmospheric conditions or 1% for emissivity, and leading to
an uncertainty of approximately 1.5 K or 0.5 to 0.6 K under normal conditions [33,85]. Uncertainties in
the emissivity maps could thereby introduce large errors in absolute LST. The emissivity values used
for different surfaces were mostly derived from the ASTER spectral library [80] and may be a source of
error, especially in urban areas with a high diversity of surface materials.

Another possible source of errors are small-scale variations in water vapor, almost invisible in
the VIS channels, altering the TIR signal dramatically to different amounts within the specific scenes.
Uncertainties due to a stray light error were removed in a reprocessing step by the data provider (valid
for data downloaded after 5 May 2017). Thereby, the estimated error was reduced from 4 K to less
than 1 K [48]. In our data, we found a temperature shift from old data to stray-light-corrected data
ranging from 0.3 to 2.1 K, with average differences around 1 to 1.5 K.

4.2. Connection of Land Surface Temperature, Vegetation and Land Use/Land Cover

4.2.1. Spatial Distribution of Land Surface Temperature

The connections between LULC and LST are first shown using box plots and bar plots combining
percentages of LULC and average LST. Not only densely built-up sites show high LST, but also the
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combination of suburban housing and industry seems to increase LST values. Districts with constantly
higher LST compared to other parts of the city are found, which enables urban planners addressing
thermal hotspots within the city more precisely and allows them to quantify the benefits of changing
surface properties. The comparison between the different districts allows determining planning actions
that would be helpful, or estimating climatically favored areas due to local effects. It is important to
mention that we cannot directly connect high LST to a nocturnal UHI without respecting the physical
background and the three-dimensional structure of a city [17,29]. During synoptically stable conditions,
the incoming solar energy—stored in the urban fabrics during daytime—compensates the negative
energy balance after sunset and it counteracts the nocturnal cooling of the air substantially [18,34,86,87].
Analysis of the urban heat balance and measurements of temperature differences between different
urban areas have proofed this effect for Basel [16]. Considering this, highly densified districts such
as Leonhard, Geschaeftsviertel or Peter are found as hotspots of heat stress due to generally higher
LST compared to other parts of the city and might cause trouble to vulnerable people during heat
waves [34,88]. These assumptions are based on the principles of the urban energy budget—i.e.,
daytime uptake and nocturnal release of heat storage [18]—and measurements performed during the
BUBBLE project [16], but they need further investigations and comparisons with ambient temperature
measurements, which will be approached in future studies. Furthermore, it must be considered that
the findings are only valid for clear sky days and certain weather conditions. Cloud cover, strong
winds, or rain would strongly influence the LST patterns and the expected connection between LST
and nocturnal air temperature [44].

Due to the large amount of analyzed scenes, statistical tendencies are shown and are ready to be
implemented in the administrative database. They also reveal seasonal similarities and trends, which
are generally valid.

4.2.2. Multiple Linear Regression Analysis

To quantify the abovementioned dependencies of LST on surface cover, a thermal unmixing
approach based on a MLR analysis was developed. Comparable analysis separating the TIR signal to
different contributors has been done before, but never on such a large dataset and rarely on seasonally
variable data. Furthermore, the use of a MLR model offers the possibility to predict LST in scenes
where linear regression models do not find any correlation. Statistical analysis revealing individual
p-values allow discriminating between useful and useless predictors individually. The presented
method can be adapted to any region because L8 data are freely available. It can also be applied by
combining different datasets or data sources and is very promising if used with high-resolution LULC
data and coarser resolution TIR data.

The MLR analysis thereby reveals clear connections between LST and the land cover fraction
within small-scale units. Values of up to 0.87 for R2 are comparable to other studies, e.g., Bechtel
(2011) or Bechtel (2012) [35,89], and overall p-values below the 5% significance benchmark for all
model runs indicate high reliability. The resulting coefficients show comparable tendencies within
different summer scenes. During winter months and transition periods, the correlation factors are
usually decreasing. The analysis of the individual coefficients showed that during times of very low
solar zenith angle the LST is mainly driven by the topography, which is represented by the sum of
solar irradiance and the albedo due to shadow effects. During periods of higher solar inputs, the
land cover has an increasing importance. Thereby, the Dense Urban class has the most positive effect
on the LST, followed by the class Industry/Commercial. The other urban classes have a slightly
positive effect on the LST. On average, the agricultural classes, which are grouped together to the
class Agriculture/Lawn, show—as well as the class Vineyard/Shrub—an almost neutral effect on the
LST distribution. The latter is also the most insignificant predictor, resulting in 12 model runs with
a p-value above the 5% benchmark, which indicates no improvement for the regression analysis if
this predictor is included. Water only has a slightly positive effect during autumn scenes when the
flowing water still contains energy from the warmer summer period due to its high heat capacity and
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the storage in the upstream lakes. In most cases, this class reduces the LST by large amounts. The same
tendencies—but not as dramatic—are found for the Forest/Plantation class, which usually reduces
the LST. In some cases, especially during dry periods or in case of low solar input, the coefficients
of this class are slightly above zero, but also insignificant. One explanation for these findings is the
different level of drought stress. Trees with access to ground water are able to transpire even during
dry seasons, and therefore regulate their surface temperature. This results in lower LST seen from
the satellite, compared to trees with no water supply. Such effects cannot be implemented in the
MLR model, but they become evident in the residual images. Another explanation are sun-facing
slopes—typically covered with large forests—receiving large amounts of solar energy even in times of
low solar elevation angle. The same explanations can also be considered for the class Vineyard/Shrub,
especially concerning topographic effects. The resulting coefficients are therefore insignificant for the
model because large variances occur within one predictor, which is not able to predict the impact of
this specific class homogeneously. Although it might seem paradoxical at first sight, the coefficients for
the predictor albedo are mostly positive. However, because water, forests and shadows are usually the
darkest surfaces on satellite imagery in the visible spectrum, relatively bright surfaces like cities are
typically warmer on TIR imagery.

A possible future development from this investigation could be a measure for urban planners to
quantify the effect of land surface change on the urban microclimate and therefore deliver arguments
to support certain land use types in planning aspects, but the connection from LST to heat stress
needs further investigations. Future improvements could be the use of more L8 data due to the
growing archive, the application of a geographically weighted regression [90], and the combination
with ambient temperature measurements [61].

A beneficial side effect is visible in Figure 8, where data is missing in the lower right corner due
to the margin of L8 path 196 (Figure 8a). Predicted LST derived from MLR analysis allows filling
such gaps in TIR satellite imagery with very high accuracy, if a LULC map is available (Figure 8b).
This creates huge advantages compared to usual gap filling algorithms using statistical approaches or
nearest neighbor applications, which are not capable of describing a homogenous surface—such as
an urban environment—adequately. The most obvious implementation of this spin-off application is
filling the gaps of SLC-off data stripes in Landsat 7 imagery. In regions with high cloud frequency, this
application could increase the data abundance and deliver reliable results with a reasonable physical
basis. Thereby the predictors are used to generate a predicted image based on the LULC and the
modeled solar irradiance, which needs to be created based on stripe-free data. NDVI and albedo data
are excluded in this case because current data is needed without striping. The created predicted image
can then be used to fill the data gaps in the Landsat 7 SLC-off data.

4.2.3. Class-Specific Dependencies

The use of scatterplots with LULC differentiation reveals detailed insight in seasonal tendencies
and connections between LST and NDVI. With higher sun elevation and increasing vegetation cover
during summer months, the LST can be explained to a large amount by the NDVI. In wintertime, the
LST values are uniformly distributed with no dependence on the NDVI. Approaching summer and
therefore increasing temperatures and NDVI, the natural classes (i.e., Agriculture Yellow, Agriculture
Green, Vineyard/Shrub and Forest/Plantation) are clearly separated from the built-up classes (i.e.,
Urban Dense, Urban, Suburban, Urban Garden, Rail/Road/Concrete and Industry/Commercial)
located at the upper left of the scatter diagram (Figure 9). Forest/Plantation patches show always the
lowest LST during summer months due to the large amounts of energy used for evapotranspiration,
rather than for heating of the surface [91–93]. These points are usually located at the lower
right of the cigar shaped scatter cloud, with a separation of coniferous and deciduous trees and
a topographical effect—i.e., higher solar irradiance on sun-facing slopes during times of low solar
elevation angle—during autumn and winter. The scatter distribution is comparable to other studies
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using different sensors in different environments [34,36,42]. Same findings for seasonal variation in
dependence of LST on the NDVI were also found by Bechtel (2012) [89].

The Urban Dense and Industry/Commercial dominated patches reach highest LST throughout
the year. Here, large amounts of sealed surfaces enable the energy to be stored in the building fabric,
instead of being used for evapotranspiration, as mentioned above. In less dense urban sites, where
backyard gardening or green spaces are much more common, LST does not reach such high values.

Clearly separated from the other surfaces and excluded from the regression analysis, water as
a fluid behaves different than solid surfaces due to the much higher heat storage capacity and turbulent
mixing, which favors much more balanced LST (i.e., colder during daytime, warmer during night-time
in summer). In the case of flowing water, advection from upstream areas can significantly affect
the LST and usually behaves contrary to the solid surroundings [89]. Due to the high absorption of
NIR radiation from water surfaces, their NDVI values are generally low, which counteracts the usual
connection between NDVI and LST with a negative correlation.

The NDVI analysis supports the findings of the MLR analysis, which showed that LST is highly
dependent on the topography (i.e., slope, aspect, and height a.s.l.)—and therefore the sum of solar
irradiance—and albedo in the colder months. Regression analysis based solely on the vegetation cover
is not appropriate during periods of low solar elevation and insufficient vegetation cover.

5. Conclusions

In this study, multitemporal Landsat 8 thermal infrared (TIR) data are analyzed using land
cover fractions, NDVI, albedo and the sum of total solar irradiance. Thereby, a multiple linear
regression (MLR) analysis was introduced as a useful tool to analyze different types of geographic
data. The large number of analyzed scenes thereby offers a wide range of seasonally different surface
conditions throughout the year. An improved methodology for atmospheric and emissivity correction
is elaborated, automated, and applied to produce appropriate land surface temperature (LST) data for
the subsequent investigation with a replicable methodology. Due to recent updates in the archives of the
USGS and the automated approach, stray light corrected data are included for the whole investigation.

Qualitative comparisons of different residential districts throughout the city have revealed
seasonal trends between the land cover fractions and the LST and distinct hot spots are found.
Further investigations including ambient air temperature will be used to explore the influence of
these urban hot spots on the local population. Possible conclusions can be drawn on the application of
the results for vulnerability maps during extreme heat waves and results can be implemented in the
administrative GIS database easy accessible to urban planners.

To quantify the results and describe the influence of the different land surface compositions on the
TIR signal, a thermal unmixing approach based on a MLR was developed. The benefit to other studies
using simple linear regression is the estimation of combined influences of different predictors on the
dependent variable (i.e., LST) and the assessment of significance for each predictor, explaining the
relevance of the model. Thereby, not only the land cover fraction and spectral indices were considered
as predictors, but also the sum of solar irradiance from sunset to satellite overpass as the driver of
surface heating. During times of low solar elevation, this factor helps to describe the LST distribution.
Compared to other studies, the analysis was conducted over a relatively large number of different
satellite scenes from different times of the year. This allows studying also non-ideal conditions, which
revealed for example the increasing influence of topography during times of low solar elevation.

Subsequently, seasonal effects considering the dependence of LST on the vegetation cover were
found and referenced to different land cover types. This offered the possibility to address outliers
and revealed class-specific dependencies of LST on the vegetation cover. Furthermore, it shows that
statistical analysis and MLR techniques are more significant during warmer periods with high solar
irradiance and substantial vegetation cover.

As a spin-off application, the MLR results can also be used for gap filling, which could be highly
appreciated in regions with low data availability, where Landsat 7 (L7) SLC-off data is needed for
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proper investigations. Thereby, scene specific coefficients predict the LST using a MLR analysis based
on a comprehensive land cover map and the specific L7 LST image with high significance. The gaps in
L7 SLC-off data can be filled with this predicted LST images to generate gap-free data.

This study provides useful tools and techniques for urban planners to evaluate the benefits of
sustainable urban planning and land cover change, summarized as follows:

• Application of MLR analysis for the interpretation of geographic data, especially regarding the
growing datasets and the handling of big data

• Modeling the influence of changing land cover types on the LST and quantifying these effects
• Knowledge about the seasonal behavior of the connection between land cover and LST
• Informative figures describing the connection between land cover and LST, which can be adapted

to other cities to show the cause and patterns of urban heat island issues and make it easy
accessible to laymen

Future work will be done using additional datasets such as ASTER night-time data, which was
not included in this study due to limited data availability. Attention will also be drawn on the inclusion
of ambient temperature measurements and the use of morphological parameters for the MLR analysis.
It will be an important future development to verify and quantify the influence of these findings on
the urban climate and therefore the impact on urban dwellers.
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