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a b s t r a c t
Human activity directly inﬂuences ambient air, surface and groundwater temperatures. The most prominent
phenomenon is the urban heat island effect, which has been investigated particularly in large and densely populated cities. This study explores the anthropogenic impact on the thermal regime not only in selected urban
areas, but on a countrywide scale for mean annual temperature datasets in Germany in three different compartments: measured surface air temperature, measured groundwater temperature, and satellite-derived land surface temperature. Taking nighttime lights as an indicator of rural areas, the anthropogenic heat intensity is
introduced. It is applicable to each data set and provides the difference between measured local temperature
and median rural background temperature. This concept is analogous to the well-established urban heat island
intensity, but applicable to each measurement point or pixel of a large, even global, study area. For all three analyzed temperature datasets, anthropogenic heat intensity grows with increasing nighttime lights and declines
with increasing vegetation, whereas population density has only minor effects. While surface anthropogenic
heat intensity cannot be linked to speciﬁc land cover types in the studied resolution (1 km × 1 km) and classiﬁcation system, both air and groundwater show increased heat intensities for artiﬁcial surfaces. Overall, groundwater temperature appears most vulnerable to human activity, albeit the different compartments are partially
inﬂuenced through unrelated processes; unlike land surface temperature and surface air temperature, groundwater temperatures are elevated in cultivated areas as well. At the surface of Germany, the highest anthropogenic
heat intensity with 4.5 K is found at an open-pit lignite mine near Jülich, followed by three large cities (Munich,
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Düsseldorf and Nuremberg) with annual mean anthropogenic heat intensities N 4 K. Overall, surface anthropogenic heat intensities N 0 K and therefore urban heat islands are observed in communities down to a population
of 5000.
© 2017 Elsevier B.V. All rights reserved.

1. Introduction
Climate and temperature are strongly affected by humans (IPCC,
2013). The main cause of global climate change is additional greenhouse
gas emission that alters the Earth's atmospheric composition (Karl and
Trenberth, 2003). However, human activity also affects temperatures on
a smaller, local scale. Alterations of surface cover and land use inﬂuence
the ambient thermal regime (Rhee et al., 2014; Rotem-Mindali et al.,
2015; Skinner and Majorowicz, 1999), and, in most cases, cause spatial
heat anomalies. These local temperature anomalies are primarily described within the bounds of large urban settlements, where urban temperatures are elevated compared to their rural surrounding and form socalled urban heat islands (UHI) (Hung et al., 2006; Peng et al., 2012).
These UHIs have a tremendous impact on human life, energy consumption and the urban ecosystem (Yow, 2007). In France, for example, most
consequences of the heat wave in August 2003 occurred in Paris, where
an increase of 130% in expected mortality was observed (Dhainaut et al.,
2004). Furthermore, the cooling demand of buildings within a city center
is approximately 13% higher than in similar buildings in rural areas
(Santamouris, 2014). UHIs also change urban phenology: plants tend to
develop up to a few weeks earlier in cities compared to their rural surrounding (Jochner and Menzel, 2015). However, with the current research mainly focusing on large city clusters, only little is known about
the impact smaller communities and industrial sites have on ambient
temperatures (Doyle and Hawkins, 2008; Hinkel et al., 2003) and thus
on phenology, energy consumption, and human health.
Urban heat islands can be detected in the atmosphere (Chow and
Roth, 2006; Giannopoulou et al., 2011) (e.g. surface air temperature,
SAT), at the surface (Pongracz et al., 2010) (land surface temperature,
LST) and in the subsurface (Menberg et al., 2013a) (groundwater temperature, GWT). However, the interplay between these different layers
is not yet fully understood. A comparison of surface and subsurface
UHIs in four German cities showed that, while surface and subsurface
temperatures correlate, GWTs are elevated compared to LSTs (Benz et
al., 2016). This is due to multiple sources of anthropogenic heat ﬂux
into the subsurface, such as the thermal energy release from buildings
and reinjection of thermal wastewater (Benz et al., 2015). UHIs in the
surface and atmosphere were compared for the city of Leipzig, Germany
by Schwarz et al. (2012). They revealed that air temperature and LSTs
are related, even so, the UHI in the air was less pronounced.
Urban heat islands are often quantiﬁed using the urban heat island intensity (UHII), which is the difference between rural background temperatures and highest urban temperatures (Oke, 1973). A critical component
is the rural background temperature, which is not well deﬁned yet and
hence differs among presented studies (Martin-Vide et al., 2015;
Stewart and Oke, 2012). Both the MODIS Land Cover Product (Peng et
al., 2012) and the ASTER land use land cover data (Rajasekar and Weng,
2009) are currently used to differentiate rural areas. Some studies include
elevation as an additional parameter for deriving rural background temperatures (Pongracz et al., 2010). In a study by Weber et al. (2014) the distance to the city center was additionally considered. While all of these
approaches generally result in an improved understanding of urban
heat islands, the variabilities of these results also prevent the comparability. Furthermore, use of non-standard measuring equipment can
signiﬁcantly increase the observed urban heat island magnitudes
(Santamouris, 2015) and assessing UHIs becomes rather ambiguous.
The key drivers of urban heat island intensity (UHII) are comprehensively studied (Hoffmann et al., 2012; Menberg et al., 2013b; Ward et al.,

2016). However, the results of these studies do not always agree. Oke
(1973), for example, found that a cities' atmospheric UHII increases with
its population, P. In Europe, this dependency is expressed with the following ﬁt: UHII =2.10 K ⋅ logP− 4.06 K (R2 = 0.74). In contrast, Peng et al.
(2012) found no evidence of population density driven surface UHII.
They also showed only a modest correlation (R2 of 0.0 to 0.18) between
surface UHII and nighttime lights. Only recently though, Zhang et al.
(2014) published results indicating a correlation R2 of 0.83 to 0.85 between
summer daytime surface urban heat islands and nighttime light anomalies.
Most studies however agree on the effects of vegetation on UHII: within a
park or green area, the average temperature difference to the urban surrounding is −0.94 K at the ground level (Bowler et al., 2010).
In this study, the human impact on ambient temperatures is quantiﬁed for three different compartments in Germany: air, surface and
groundwater. Because above- and below-ground temperatures are inﬂuenced differently by seasonal temperature variations (Kurylyk et al., 2014;
Smerdon et al., 2006), we chose to analyze annual mean temperatures to
ensure comparability. As a universal parameter to quantify anthropogenic
heat anomalies, the anthropogenic heat intensity (AHI) is introduced. It is
closely related to the UHII, but determined for each pixel (for satellitederived LST) or measurement point (for SAT and GWT) individually,
regardless of land use and location. Hence, it provides the unique and
novel opportunity to a) compare the anthropogenic impact on temperatures in air, surface and subsurface, b) to ﬁnd main instances of anthropogenic temperature anomalies in Germany, and c) to study the impact of
smaller settlements or industrial sites on ambient temperatures.
2. Material and methods
2.1. Material
2.1.1. Surface air temperature
Annual mean (2015) surface air temperature (SAT), measured 2 m
above ground, was determined in 464 measurement points by taking
the arithmetic mean of monthly mean values provided by the German
Weather Service (Deutscher Wetter Dienst, DWD, n.d) through their
Climate data center (Fig. 1a). SAT is on average 0.26 K colder than
land surface temperatures at the same location. The Pearson correlation
coefﬁcient between the two is 0.81 (Fig. S1).
2.1.2. Land surface temperature
Annual mean (2015) land surface temperature (LST) was determined from level-5 MODIS daily products MOD11A1 and MYD11A1
(Wan and Dozier, 1996), as obtained from NASA's TERRA and AQUA satellites, courtesy of the NASA Land Processes Distributed Active Archive
Center (LP DAAC), USGS/Earth Resources Observation and Science
(EROS) Center, Sioux Falls, South Dakota, https://lpdaac.usgs.gov. LST
can only be determined for cloud-free days. As Germany has signiﬁcantly less cloud-cover in summer than in winter, there is more LST data
available for this period of the year. Following the approach by Benz
(2016), the annual mean was determined from monthly mean temperatures to eliminate this seasonal bias. This calculation was performed in
Google Earth Engine, 2015. The results were then exported at a resolution of approximately 1 km × 1 km (0.009° × 0.009°) (Fig. 1b).
2.1.3. Groundwater temperature
Groundwater temperature (GWT) data are only available for the province of Baden-Württemberg in the southwest of Germany. We
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Fig. 1. Mean a) surface air temperature (SAT), b) land surface temperature (LST), and c) shallow (depth ≤ 30 m) groundwater temperature (GWT) of Germany in 2015.

determined annual mean shallow (b30 m depth) GWT in 251 measurement points (MP) for the year 2015 using data provided by the LUBW,
2016 annual catalogue (Fig. 1c and Fig. S2a). To ensure reliable annual
mean data for each measurement point, only measurement points with
a so-called seasonal radius r b 0.25 were used: r is 1.0 if all measurements
at the location were conducted in the same month and 0.0 if measurements were uniformly made throughout the year. A seasonal radius that
is smaller than 0.25 indicates an unbiased annual mean (Benz et al.,
2017). The determined GWTs are on average 0.22 K colder than LST at
the same location and the Pearson correlation coefﬁcient is 0.82 (Fig. S1).
2.1.4. Nighttime lights
Nighttime lights were compiled from Version 4 of the DMSP-OLS
Nighttime Lights Time Series, Image and Data processing by NOAA's National Geophysical Data Center, and DMSP data collection by the US Air
Force Weather Agency. Data were only available up to January 2014,
hence 10-year mean (01/2004–12/2013) nighttime lights were chosen.
The results were again exported at a resolution of approximately
1 km × 1 km (Fig. 2a) using Google Earth Engine, 2015. For Germany,
the spatial median nighttime light is at DN 8 (on a scale from DN 0 to
DN 63); a histogram of all data is displayed in Fig. S3. Fig. 2b shows the relationship between nighttime lights and temperatures. LST and nighttime
lights correlate and show a Pearson correlation coefﬁcient of 0.55.
2.1.5. Elevation
Fig. 2c is an elevation map of Germany. Elevation data were derived
from the Global 30 Arc-Second Elevation (GTOPO30) available from the
U.S. Geological Survey and downloaded using Google Earth Engine with
a resolution of approximately 1 km × 1 km. Fig. 2d displays the relationship between elevation and temperatures; the moving (±150 m) average LST is given as a black line. The Pearson correlation coefﬁcient
between moving average LST and the corresponding elevation is −0.96.
2.1.6. Land cover
Land cover classiﬁcation for entire Germany was extracted from the
GlobCover (2009) Project (Fig. S4). In this study only the three most frequent entries of the land cover classiﬁcation system (LCCS) are considered: A11 - cultivated terrestrial areas and managed lands; A12 - natural
and semi-natural terrestrial vegetation; and B15 - artiﬁcial surfaces. Together they cover N98% of the entire analyzed area. Fig. S5 shows the inﬂuence of land cover on temperatures. Only minor differences

(approximately 0.1 K) in mean LST are observed for the different LCCS
entries.
2.1.7. Enhanced vegetation index
The enhanced vegetation index (EVI) is taken from MODIS
product Version-5 MYD13A1 by courtesy of the NASA Land Processes
Distributed Active Archive Center (LP DAAC), USGS/Earth Resources
Observation and Science (EROS) Center, Sioux Falls, South Dakota.
The annual mean (2015) EVI was determined in Google Earth
Engine, 2015 and exported with a resolution of approximately
1 km × 1 km (Fig. S6a). The Pearson correlation coefﬁcient between
LST and EVI is − 0.22 (Fig. S6b).
2.1.8. Population data
Population data were provided by the Federal Statistical Ofﬁce of
Germany and represents numbers acquired via a census conducted in
2011. In this study, we used both the spatial distribution of population
density provided as a 1 km × 1 km dataset by the census database
(Statistisches Bundesamt, Zensusdatenbank, 2011) (Fig. S6c), and the
total population of local communities available through Germany's
Regional Database (Statistisches Bundesamt, Regionaldatenbank,
2016). No correlation between population density and LST exists
(Pearson correlation coefﬁcient: 0.02, Fig. S6d).
2.2. Method
To analyze the anthropogenic inﬂuence on temperature, we introduce the anthropogenic heat intensity (AHI). It can be applied to a
broad variety of different temperature measurements such as GWT,
LST, and SAT. Following the commonly used deﬁnition of urban heat island intensity (UHII: max. urban temperature - rural background temperature) (Oke, 1973), AHI is determined by subtracting median rural
background temperatures (Tr) from individual temperatures (T) recorded at each measurement point (GWT and SAT) or pixel (LST):
AHI ¼ T−medianðT r Þ

ð1Þ

While urban land cover and land use classiﬁcations are often used to
analyze the spatial properties of city-scale urban heat islands (Middel et
al., 2014; Stewart et al., 2014), they are not commonly available for such
large-scale studies such as this one. Hence, nighttime light was used as
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Fig. 2. Inﬂuence of anthropogenic nighttime lights and elevation on land surface temperature (LST), surface air temperature (SAT), and groundwater temperature (GWT). The moving
average LST is depicted in black in b) and d).

an indicator for rural areas, while elevation and distance to the analyzed
pixel or measurement point were considered to ﬁnd appropriate background measurement locations.

2.2.1. Rural background temperature
Nighttime lights have been intensively discussed as an indicator of
urban activity (Imhoff et al., 2010; Li et al., 2016; Mellander et al., 2015).
In general, the higher the recorded digital number (DN), the more
urban activity is present. This dependency is also visible in the correlation
between nighttime lights and temperature (Fig. 2b). To deﬁne the area
used for the determination of Tr, an upper limit of ‘rural’ nighttime light
has to be set. The method itself is not sensitive regarding the precise
value of this upper limit (Fig. S7). The difference in median land surface
AHI calculated with an upper limit at DN b 10 and DN b 20 is merely
0.04 K and can therefore be disregarded. Subsequently DN 15 was chosen
as the upper limit of allowed nighttime light, because it is both the 75th
percentile for nighttime light (Fig. S3) and the ﬁrst inﬂection point in
the nighttime light – temperature plot (Fig. 2b). Hence, only areas with
DN b 15 were considered rural and used to determine Tr. At this number,
average LST has increased by 0.8 K from the temperatures at DN 0. In

comparison, the difference in average LST between minimal and maximal
nighttime lights is 3.4 K.
As temperature decreases signiﬁcantly with elevation (Fig. 2d), this
parameter has to be considered for delineating the background area.
As LST increases by 0.8 K from rural nighttime light at DN 0 to DN 15,
this value was also chosen as the endorsed change in temperature due
to elevation change. Fig. 2d shows the moving (±150 m) average LST.
On average, it decreases by 0.004 K/m with a maximal decrease of
0.009 K/m at 1800 m above sea level. Thus, a change in elevation of
± 90 m will result in a temperature change of 0.8 K at most. Hence,
we only consider data with an elevation ±90 m compared to the analyzed measurement point or pixel.
Variograms of SAT, GWT and LST were set up to determine an appropriate distance between background temperature and analyzed
location (Fig. 3). Fitting of the theoretical variograms was performed
in MATLAB R2016a using a least square ﬁt with the spherical model,
without a nugget. Resulting values for sill and range are shown in
Table S1. Since two variograms for LST data (one created from LST
at GWT measurement locations and one created from LST at SAT
measurement locations) are analyzed, it becomes apparent that sill
values depend on the measurement point location. The ﬁtted
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at the GWT and SAT measurement locations (Fig. S8). For both, GWT
and SAT measurement points, the RMSE between pixel based and measurement point based AHI is 0.3 K and neglected within this study. Thus,
AHIs in different compartments are compared without considering any
sampling bias.
3. Results and discussion
Fig. 4 shows the anthropogenic heat intensity (AHI) of Germany in
air and surface and the AHI of the province of Baden-Württemberg in
groundwater. Results are also made available in the Supplementary material. In the following, we brieﬂy discuss the AHI values in air and
groundwater and compare them to surface AHI results. As there is
much more LST data (~440,000 pixels) examined than SAT (195 analyzed measurement points) and GWT (186 analyzed measurement
points) data, only surface AHI is discussed in detail.
3.1. Air anthropogenic heat intensity

Fig. 3. (Semi-)variogram of all analyzed temperatures. Sill and range are displayed in Table
S1. MPs: measurement points.

range, however, is not inﬂuenced by measurement point location. It
is lowest for GWTs with 47 km. Hence, we chose 47 km as the maximal distance between the analyzed location and the background
temperature measurements.
In summary, for the determination of the median rural background
temperature Tr of a speciﬁc location, only temperature measurements
are considered, which a) are within 47 km of the analyzed location, b)
have a nighttime light lower than DN 15, and c) are elevated ± 90 m
compared to the analyzed location. To ensure a statistically meaningful
median Tr, AHI was only determined for measurements with ﬁve or
more rural background measurement points for SAT and GWT, or 50
or more valid rural background pixels for satellite-derived LST.
The introduced method can be applied to any available temperature
datasets, from city-scale to global-scale, regardless of the studied compartment (e.g. air, surface or groundwater). To determine whether measurement point location inﬂuences the AHI results, we compared
surface AHI derived from all pixels with those derived using only data

The air AHI ranges from −0.7 K next to a forest in a low mountain
range (Swabian Jura) to N 1.1 K in three weather stations near Berlin,
near Munich, and near the Ruhr city cluster (Fig. 4a, histogram in
Fig. S9a). The Pearson correlation coefﬁcient between air and surface
AHI is 0.63. The RMSE is 0.5 K and therefore only slightly larger than
the expected sampling-location bias of 0.3 K (Fig. 5). Still, the comparison indicates that air temperature shows less anthropogenic warming
than surface temperature and therefore conﬁrms the results by
Schwarz et al. (2012). However, no deﬁnite conclusion can be made
with the limited number of measurement points. The inﬂuence of land
cover on the AHI in the air is displayed in Fig. 6. As expected measurement points in areas classiﬁed as ‘artiﬁcial surfaces’ show the highest
heat anomaly with a mean air AHI of 0.5 ± 0.5 K (uncertainties are
given in form of the standard deviation).
3.2. Groundwater anthropogenic heat intensity
Groundwater AHIs are displayed in Fig. 4c and Fig. S2b, a histogram
is given in Fig. S9c. As expected from the high sill and low range in the
(semi-)variogram (Fig. 3), AHI in the groundwater has a much broader
range than at the surface (Fig. 5). While the RMSE between surface and

Fig. 4. Anthropogenic heat intensities (AHI) of Germany in (a) air, (b) surface and (c) groundwater.
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al., 2005). In contrast to SAT and LST, GWTs under cultivated terrestrial
areas and managed lands appear to be slightly elevated, on average by
0.2 ± 0.8 K. While the main cause of these anomalies has to be validated
yet, they are possibly linked to irrigation with warmer surface water
causing advective heat transport into the aquifer.
3.3. Surface anthropogenic heat intensity

Fig. 5. Comparison of the anthropogenic heat intensities (AHI) of GWT and LST and of SAT
and LST.

subsurface AHI is 0.8 K, differences between these two range from −3
to 4 K and both parameters do not correlate (Pearson correlation coefﬁcient: 0.27). Because temperatures themselves correlate well (Fig. S1),
this indicates that humans impact groundwater and surface partially
through unrelated processes. GWT, for example, is signiﬁcantly altered
by the use of shallow geothermal energy systems such as groundwater
heat pumps (Stauffer et al., 2013) as well as reinjection of thermal waste
water and subsurface infrastructure such as basements, district heating
networks, sewage systems and buried cable systems (Benz et al., 2015;
Menberg et al., 2013a; Stegner, 2016).
Fig. 6 shows the inﬂuence of land cover on GWT anomalies. Groundwater under artiﬁcial surfaces displays the highest anthropogenic heat
intensity with a mean value of 2.0 ± 0.7 K. Again, the human impact
on temperatures appears to be more prominent in GWT than in LST,
verifying previous observations for UHIs (Benz et al., 2016; Perrier et

Fig. 6. Inﬂuence of land cover on the anthropogenic heat intensity (AHI) in air, surface and
groundwater. The dots in the boxplot indicate median values, the bars correspond to the
inner quartile range (IQR) ranging from the 25th percentile (P25) to the 75th percentile
(P75). Whiskers span from the lowest value higher than p25 − 1.5 ⋅ IQR to the highest
value lower than p75 +1.5⋅IQR.

Surface AHI is shown in Fig. 4b. Mean AHI is 0.1 ± 0.5 K; minimum
AHI is − 4.3 K found in a mountain range of the Northern Limestone
Alps within the Berchtesgaden National Park. A histogram is provided
in Fig. S9b. The locations of the top 50 maximum surface AHI of Germany
are displayed in Table S2. The pixel with the highest annual mean surface
AHI (4.5 K) is not found in a city, but over an open-pit lignite mine near
Jülich. This extreme temperature anomaly is possibly caused by the
immense land cover changes resulting in an open-pit with a depth of
approximately 370 m and without vegetation. However, further research
is necessary to fully understand temperature anomalies at open pit
mines. Pixels with the next highest surface AHIs are located in large
cities, namely Munich, Düsseldorf, and Nuremberg, with AHIs of N4 K.
The UHI of Munich was studied in1982, when Brundl and Hoppe
(1984) determined a 17% higher consumption of heating energy for
the outskirts of the city compared to the city center. The surface UHI
was quantiﬁed by Pongracz et al. (2010). They found an annual mean
nighttime UHII of approximately 1.7 K, while daytime UHII spanned
from 0 K in December to 5 K in June. These comparably low values are
due to the chosen background temperature: A large part of the background area used by Pongrácz et al. (2010) is classiﬁed as non-rural in
our analysis and therefore not used here.
The top 15 surface AHI locations also include pixels in smaller cities
(e.g. Wolfsburg: surface AHI of 3.7 K, 120,000 residents; Saarlouis: surface AHI of 3.4 K, 40,000 residents) known for their industrial sites. This
indicates that not only urban heat islands exist, but also industrial heat
islands. Furthermore, as our method is applied to all areas including
rural ones, we ﬁnd naturally occurring heat islands as well: there are
four locations in the alpine mountains among the top 50 surface AHI locations. Here, the south facing slopes of the high altitude mountain
ranges receive more solar radiation and are considerably warmer
(N2 K) than the north-facing slopes.
Unlike AHI in groundwater and air, surface AHI cannot solely be
linked to artiﬁcial surfaces (Fig. 6) using the analyzed classiﬁcation system (GlobCover, 2009) and resolution (approximately 1 km × 1 km).
However, a more detailed case study of the surface UHI of Shanghai revealed differences in temperature of up to 1.6 K between different urban
land use and land cover categories (Li et al., 2014).
3.3.1. Main drivers of surface AHI
To determine the main drivers of surface AHI, nighttime lights, elevation, vegetation (enhanced vegetation index, EVI), and population
density were analyzed (Fig. 7). Following the trend observed in temperatures (Fig. 2b), AHI rises with increasing nighttime lights (Fig. 7a). The
Pearson correlation coefﬁcient ρ between surface AHI and nighttime
lights is 0.71. Fig. 7b displays the correlation between elevation and surface AHI (ρ = −0.12). Because our method considers elevation for the
determination of the median rural background temperatures, no clear
trend is visible in contrast to the temperature/elevation plot (Fig. 2d).
However, highest AHI are still observed in lower altitudes, where cities
are commonly located. For higher altitudes, AHI variance increases; this
is mainly due to the difference in solar radiation on opposite facing
slopes of a single mountain range.
In Fig. 7c the enhanced vegetation index (EVI) and surface AHI are
compared. While no clear linear correlation is observed (Pearson correlation coefﬁcient: − 0.36, Fig. 7c), our results indicate that vegetation
decreases the upper limit of surface AHI. This further validates the observations made by several studies on the cooling effect of vegetation
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Fig. 7. Inﬂuence of nighttime lights, elevation, enhanced vegetation index (EVI), and population density on the anthropogenic heat intensity (AHI) in air, surface and groundwater.

on urban temperatures (Fallmann et al., 2013; Gioia et al., 2014; Zhibin
et al., 2014).
Pearson correlation coefﬁcient of 0.06 illustrates that the population
density per pixel is no indication for AHI (Fig. 7d). While pixels in large
cities such as Berlin (3.3 million residents), Hamburg (1.7 million residents), and Munich (1.3 million residents) show increased AHI, highest
heat intensities are not necessarily found in areas with a high population density. Thus, the established correlation between city population
and urban heat island intensity (Oke, 1973) cannot be transferred to a
pixel-based analysis. However, the maximum AHI (AHImax) within a
city can be linked to its urban heat island intensity (UHII) and is thus expected to depend on the total population of each city.
To test this hypothesis, the AHImax of all German cities with a population of N 100.000, as well as 100 randomly chosen smaller communities (N5000 residents), were compared to the population of the
corresponding municipality (Fig. 8). Since Oke (1973) analyzed single
summer temperature measurements during the day, when UHII is
warmest (Schwarz et al., 2011), our annual mean temperatures result
in lower heat intensities. For the three cities analyzed in both studies,
this difference is on average 4.4 K (Berlin: summer day UHII of 10.0 K,
annual mean surface AHI 3.7 K; Munich: summer day UHII of 7.0 K, annual mean surface AHI 4.3 K; Karlsruhe: summer day UHII of 7.0 K, annual mean surface AHI 2.9 K).

Fig. 8. Inﬂuence of population on the maximum surface AHI of a settlement.
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Still, our results conﬁrm that AHImax similar to UHII can be related to
population (P) and follows the model predicted by Oke (1973) even for
smaller city sizes with a RMSE of 0.4 K:
AHI max ¼ 1:53 K  logðP Þ−5:32 K

ð2Þ

By extrapolating the ﬁt, we can further assume that AHImax remains
positive for communities with a population of N3000. The smallest studied community, Amoeneburg located in the region of Middle Hesse, has
a population of 5010 and an observed AHImax of 0.74 K.
4. Summary and conclusion
This study analyzes the anthropogenic impact on recorded annual
mean temperatures of three different compartments: surface air temperatures (SAT), land surface temperatures (LST), and groundwater
temperatures (GWT). The anthropogenic heat intensity (AHI) is introduced as a universal parameter that represents the difference between
local temperature T and median rural background temperature Tr for
each analyzed measurement location (GWT and SAT) or pixel (LST),
on a large, in this case countrywide, scale.
Comparing AHIs in air, surface and subsurface for the case of Germany,
we found that GWTs are impacted the most by human activity. Although
no measurements within cities were analyzed, determined groundwater
AHI ranges from −4 K to +4 K. At the same locations, surface AHI
ranges from −1 K to +1 K. However, further research is necessary to
fully understand the main causes of elevated GWTs under non-urban,
cultivated lands.
At the surface, main instances of anthropogenic temperature anomalies were identiﬁed. While most of the top 50 pixels with the highest
AHIs in Germany are located within cities, maximum surface AHI is
found over an open-pit lignite mine. Additionally, many of these top
50 pixels are located in smaller cities known for their industrial sites,
hinting to the industrial sector as a signiﬁcant driver of urban heat
islands. Accordingly no correlation between population density and
AHI could be found.
The impact of smaller settlements on temperatures was analyzed at
the example of 100 randomly chosen communities (5000 to 100,000
residents). Our results indicate AHI of approximately 0.3 K for the
smallest analyzed communities. However, further studies using different timescales and spatial resolutions are necessary to scrutinize the impact that smaller settlements have on ambient air, ground and
groundwater temperatures.
Finally, AHIs of other regions or countries must be compared to determine spatial consistency and to reveal large scale trends. As LST is available
for the whole planet, future work should also analyze a global dataset.
Studying the differences in daytime and nighttime surface AHI as well as
its annual variation will help to classify surface urban heat islands and
thus contribute to the development of appropriate mitigation strategies.
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