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Abstract

Due to global climate change, frequency, duration, and intensity of heatwaves (HWs) have
increased globally, and are projected to further increase. At the same time, ongoing urban-
isation puts more and more people at risk of being adversely affected by HWs, as cities alter
atmospheric conditions. Most prominent among these alterations is the phenomenon of the
‘urban heat island’ (UHI), describing that cities typically exhibit higher air temperatures (T)
than their surrounding rural areas.

The aims of this thesis are to investigate different aspects concerning HWs and urban
thermal climates in Berlin, Germany. Central to this work are the questions how long-term
mean values and trends of HW characteristics behave, if more HWs are recorded within the
city compared to the surroundings, how UHI intensity (UHII) is modified during HWs, and
how near-surface T is spatially distributed within Berlin. An integrative approach using dif-
ferent ground-based observational data is applied. This approach combines homogeneous
long-term climate data, high-quality data from a dense network of professionally-operated
weather stations (PRWSs), and crowdsourced data from citizen weather stations (CWSs).

Long-term trends of HW characteristics show that since the end of the 19th century, fre-
quency and duration of HWs have increased in the study region. However, different HW
definitions show different trends, and by comparing two trend estimation methods, further
contrasts are found. It is also shown that more and longer HWs are recorded in the city than
in the periphery, though this feature depends on the applied HW definition.

To capture spatial T heterogeneity within urban regions with observations, dense station
networks are required. One solution to obtain such data are CWSs, stations installed and
maintained by citizens. An automatic routine was set up to collect, check, and store T data
from one type of CWS. Comprehensive quality assessment of the CWS and the crowd-
sourced data set shows that the sensor of the analysed type of CWS is of reliable quality,
while several errors are associated with the whole crowdsourced data set. For these, two
quality-control procedures were developed and evaluated, using data from PRWSs.

A systematic investigation using quality-controlled data from PRWSs and CWSs was carried
out concerning the question if UHII is increased during HWs, or more generally, hot weather
episodes (HWEs). Hot daytime conditions lead to increased night-time UHII, independent
of whether these HWEs are identified at urban or at rural locations. However, if HWEs are
identified via hot night-time conditions, UHII change can be positive or negative, depending
on the location, urban or rural, respectively, to identify HWEs. These differences in UHII
change can be explained with distinctly different weather conditions during the HWEs.

vii



Abstract

Lastly, PRWS and CWS data were applied to investigate intra-urban differentiation of T. The
concept of local climate zones (LCZs) was employed to investigate T differences between
LCZs, thus local-scale T characteristics, as well as intra-LCZ T variability on the micro scale.
Inter-LCZ T differences are especially distinguished during night-time and the warmer
months of the year, supporting results from previous investigations for Berlin and other
mid-latitude cities. Intra-LCZ T variability is pronounced during day- and night-time, es-
pecially in CWS data. Since CWSs are mostly situated in built-up areas, while PRWSs also
cover natural locations such as parks or forests, a combination of different data sources is
beneficial to enable holistic investigations of atmospheric conditions in urban areas. Overall,
the analyses highlight high applicability of CWS data in urban thermal climate investiga-
tions, especially due to their large number and the variety of settings they are located in.

Being drivers of climate change, and altering atmospheric conditions themselves, cities need
to adapt to HWEs and other climate extremes by targeted measures to reduce negative
impacts caused by them. In this respect, knowledge transfer between science, practice, and
policy making is crucially needed.
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Zusammenfassung

Aufgrund des globalen Klimawandels haben das Auftreten, die Dauer und die Intensität
von Hitzewellen zugenommen. Klimaprojektionen zeigen zudem einen weiteren Anstieg
in den nächsten Jahrzehnten. Gleichzeitig führt die fortlaufende Verstädterung dazu, dass
immer mehr Menschen potentiell von Hitzewellen betroffen sind, da Städte atmosphärische
Bedingungen verändern. Das bekannteste Beispiel dafür ist das Phänomen der ‘städtischen
Wärmeinsel’ (urban heat island – UHI). Dies beschreibt, dass Städte typischerweise höhere
Lufttemperaturen (T) als die umgebenden ländlichen Gebiete aufweisen.

Ziele dieser Dissertation sind die Untersuchung von Hitzewellen und der bodennahen T in
Berlin, Deutschland. Dabei spielen die Fragen wie sich langjährige Mittelwerte und Lang-
zeittrends von Hitzewellencharakteristika verhalten, ob in der Stadt mehr Hitzewellen als
in der Umgebung verzeichnet werden, wie die UHI-Intensität (UHII) während Hitzewel-
len modifiziert wird und wie bodennahe T innerhalb Berlins räumlich differenziert ist, die
zentralen Rollen. Die Fragen werden mit Hilfe eines integrativen Ansatzes, der verschiede-
ne bodengestützte Messdaten kombiniert, untersucht. Dazu zählen homogene Klimazeitrei-
hen, Daten hoher Qualität von Stationen, die professionell betrieben werden (professionally-
operated weather stations – PRWSs) sowie Daten von Bürgerwetterstationen (citizen wea-
ther stations – CWSs).

Langzeittrends von Hitzewellencharakteristika zeigen, dass das Auftreten und die Dauer
von Hitzewellen seit Ende des 19. Jahrhunderts im Untersuchungsgebiet zugenommen ha-
ben. Allerdings zeigen unterschiedliche Hitzewellendefinitionen unterschiedliche Trends.
Ein Vergleich zweier Methoden zur Trendberechnung offenbart zudem weitere Unterschie-
de der Trends. Innerhalb der Stadt werden mehr und längere Hitzewellen als am Stadtrand
verzeichnet, wobei dieser Aspekt von der angewendeten Hitzewellendefinition abhängig ist.

Um die räumliche Heterogenität von T innerhalb von Städten mit Messdaten zu erfassen,
werden dichte Messnetze gebraucht. Eine Möglichkeit, solch hochauflösende Daten zu er-
halten, sind CWSs – Stationen, welche von Bürgern aufgestellt und betrieben werden. Um
diese Daten zu nutzen, wurde eine automatische Routine entwickelt, welche die Daten eines
Typs von CWS über das Internet sammelt, prüft und speichert. Umfangreiche Bewertungen
der Qualität dieses Typs von CWS sowie des gesamten Crowdsourcing-Datensatzes zeigen,
dass der Sensor an sich von verlässlicher Qualität ist, der Datensatz jedoch typische Fehler
aufweist. Um diese Fehler herauszufiltern, wurden zwei Prozeduren zur Qualitätsprüfung
entwickelt und mittels Daten von PRWSs evaluiert.
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Zusammenfassung

In einer systematischen Untersuchung, in welcher qualitätsgeprüfte Daten von PRWSs und
CWSs verwendet wurden, wurde untersucht, ob die UHII während heißer Episoden ver-
stärkt wird. Heiße Bedingungen am Tag führen zu einer Verstärkung der nächtlichen UHII,
unabhängig davon, ob diese Episoden an städtischen oder ländlichen Standorten identifi-
ziert werden. Werden heiße Episoden jedoch über Nacht-T identifiziert, kann die Änderung
der UHII positiv oder negativ sein. Dies hängt davon ab, ob die heißen Episoden innerhalb
der Stadt oder im ländlichen Gebiet identifiziert werden. Die Unterschiede im Verhalten der
UHII lassen sich durch unterschiedliche vorherrschende Wetterbedingungen erklären.

In einer letzten Untersuchung wurden wiederum Daten von PRWSs und CWSs verwendet,
um die innerstädtische T-Variabilität zu untersuchen. Das Konzept der lokalen Klimazo-
nen (local climate zones – LCZs) wurde angewendet, um T-Unterschiede zwischen LCZs,
also lokalskalige T-Charakteristiken, und mikroskalige T-Variabilität innerhalb von LCZs
zu untersuchen. T-Unterschiede zwischen LCZs sind insbesondere in Nächten und in den
wärmeren Monaten des Jahres hoch, was Ergebnisse vorangegangener Studien für Berlin
und andere Städte der Mittelbreiten stützt. T-Variabilität innerhalb von LCZs ist tags und
nachts ausgeprägt, besonders für CWS-Daten. Da CWSs vor allem in bebauten Gebieten
zu finden sind, während PRWSs auch natürliche Räume wie Grünflächen oder Wälder ab-
decken, ist eine Kombination beider Datensätze sinnvoll, um ein ganzheitliches Bild von
T-Bedingungen in Städten zu erhalten. Insgesamt zeigt sich, dass CWSs gut in Untersu-
chungen der städtischen T-Bedingungen angewendet werden können, insbesondere auf-
grund ihrer hohen Anzahl und der unterschiedlichen örtlichen Gegebenheiten, in denen sie
aufgestellt sind.

Da Städte Treiber des Klimawandels sind und selbst atmosphärische Bedingungen verän-
dern, müssen sie an heiße Episoden und andere Klimaextreme mit geeigneten Maßnahmen
angepasst werden, um negative Auswirkungen dieser Episoden zu vermindern. Wissens-
transfer zwischen Wissenschaft, Anwendung und Politikgestaltung sind in dieser Hinsicht
dringend nötig.
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Chapter 1

Introduction

1.1 Background and motivation

For the first time in history, more than half of world-wide population lived in cities in 2008,
and urbanisation is projected to further increase the percentage of the urban population to
68 % by 2050 (UN, 2019). Concurrently, global climate change is likely one of the biggest
challenges that mankind faces today, and it is closely linked to urbanisation. On the one
hand, cities are responsible for more than 70 % of world-wide anthropogenic CO2 emissions
(Seto et al., 2014; Schwandner et al., 2017) and are thus large contributors to climate change.
On the other hand, cities are especially affected by climate impacts, as many people are
exposed to potentially hazardous weather, and since cities alter atmospheric conditions.

Due to climate change, global mean near-surface air temperature has increased by 0.85 K
between 1880 and 2012 (IPCC, 2013). Climate projections indicate a further increase in air
temperature (T) over the 21st century on a global level (IPCC, 2013). At the same time,
frequency, duration, and intensity of heatwaves (HWs) as natural hazards have increased
(e.g. Alexander et al., 2006; Moberg et al., 2006; Della-Marta et al., 2007a; Perkins et al.,
2012; Donat et al., 2013; Russo et al., 2014; Kim et al., 2018; Piticar et al., 2018; Feron et al.,
2019). Alongside with increasing T, further increases in HW characteristics are projected
(e.g. Meehl and Tebaldi, 2004; Beniston et al., 2007; Koffi and Koffi, 2008; Fischer and Schär,
2010; Russo et al., 2014, 2015; Kim et al., 2018; Lhotka et al., 2018b; Feron et al., 2019).

HWs affect different domains such as human health, ecosystems, agriculture, and human in-
frastructure (e.g. Colombo et al., 1999; Smoyer-Tomic et al., 2003; Ciais et al., 2005; Landmann
and Dreyer, 2006; Beniston et al., 2007; García-Herrera et al., 2010; Coumou and Rahmstorf,
2012). In investigations concerning HWs a vast variety of different HW definitions is ap-
plied, since no universal definition exists. The choice of definition depends on the reason
to study such events or the sector affected by them (Smith et al., 2013; Perkins, 2015). In
general, definitions differ in terms of applied variable for identification, type of threshold
and its value, and minimum duration (Robinson, 2001; Smith et al., 2013). For further read-
ing concerning various aspects of HWs (e.g. history of their measurement, physical drivers,
observed and projected future changes), Perkins (2015) provides a comprehensive review
on the topic.

1



1. Introduction

Studies that investigate different HW definitions for the same region show spatial and tem-
poral differences in HW characteristics between definitions (e.g. Perkins et al., 2012; Perkins
and Alexander, 2013; Smith et al., 2013). Other studies investigating long-term changes in
HW characteristics, spanning a century or even longer time periods, commonly apply only
one definition (e.g. Kyselý, 2002; Della-Marta et al., 2007a; Tomczyk, 2018). For such long
periods of time it is of high value to understand how sensitive observed long-term trends
in HW characteristics are to the choice of definition. The choice of definition may have a
distinct influence on detected trends and thus also on the conclusions drawn concerning
past or, if data from climate projections were analysed, projected future HW changes.

While HWs typically last for at least several days, shorter periods of hot weather are not
captured by most HW definitions. Yet, such shorter episodes might also be of relevance
for certain investigations, and hence definitions to capture such episodes are also applied
(e.g. ‘summer days’ with daily maximum temperature – Tmax > 25 °C; e.g. Alexander et al.,
2006; Rahimzadeh et al., 2009; Vincent et al., 2011; Donat et al., 2013). To collectively and
more generally describe both types of events, shorter episodes as well as sustained periods
of hot weather, the term ‘hot weather episode’ (HWE) is introduced here. In the following,
the term HW will be used if only events lasting more than three days are referred to, while
the term HWE will be used when referring to episodes with hot weather of variable length
(including HWs).

Within cities, atmospheric conditions are modified compared to areas with natural land
cover. The conversion of natural surfaces such as forests or grasslands to sealed and built-
up areas of cities due to urbanisation has profound influences on, e.g., the surface energy
balance and air flow, leading to altered atmospheric conditions (Arnfield, 2003). As early as
the beginning of the 19th century such modifications have been under scientific investigation
and have been reported (Howard, 1833; see also Stewart (2019) for further examples). Most
commonly known among urban climate phenomena is the ‘urban heat island’ (UHI) effect.
The term UHI describes the phenomenon that cities typically exhibit higher T than sur-
rounding rural areas (e.g. Oke, 1982; Arnfield, 2003 and references therein). In mid-latitude
cities, UHI intensity (UHII) is especially pronounced during night-time and the warmer
months of the year, while daytime UHII is often near zero or even negative (e.g. Morris
et al., 2001; Fortuniak et al., 2006; Parlow et al., 2014; Beck et al., 2018; see also Arnfield
(2003) and references therein). Oke (1982) gives several causes of the UHI effect, namely de-
creased longwave radiation loss due to canyon geometry, increased ground heat storage in
building materials during daytime and release at night, decreased evapotranspiration due
to less vegetation, and anthropogenic heat emissions, among others.

While the concept of UHI is relatively simple, Stewart (2011) remarks that the term oversim-
plifies spatial heterogeneity in T observed in urban regions. The terms ‘urban’ and ‘rural’
are not accurate in expressing the variety of different locations (Stewart, 2011). Further, the
term UHI and its determination are not unambiguous. UHIs exist in terms of subsurface
temperature, surface temperature, and T (Oke et al., 2017). T-based UHIs may further be
divided into those near the surface within the urban canopy layer (UCL) and those above
roof level within the urban boundary layer (UBL). The UCL is defined as the layer of the at-
mosphere from ground to mean height of buildings and trees, the UBL refers to the portion
of the planetary boundary layer that is affected by a city (Oke, 1976).

2



1.1 Background and motivation

In this thesis, unless otherwise specified, ‘UHI’ refers to near-surface T UHI of the UCL. The
following spatial scales are used (adapted from Oke et al. (2017), note that scales overlap):

• Micro (<1 km): From roofs, walls, and ground, over single buildings to street canyons
and neighbourhoods.

• Local (0.1–50 km): From building blocks to neighbourhoods or entire cities.

• Meso (10–300 km): Entire cities and surroundings.

Due to spatial heterogeneity of urban areas, spatial T differences (∆T) occur on all three
scales. While T of an entire city differs from that of surrounding rural areas on the meso
scale (e.g. Magee et al., 1999; Chow and Roth, 2006; Fortuniak et al., 2006), intra-urban
differentiation of T can also be found. Neighbourhoods may differ in T from each other
(e.g. Houet and Pigeon, 2011; Skarbit et al., 2017; Kwok et al., 2019), as well as show T
variability within themselves on the micro scale (e.g. Heusinkveld et al., 2014; Ellis et al.,
2015; Quanz et al., 2018). Intra-urban differentiation of T can be linked to surface properties
such as sky view factor or building surface fraction in the proximity of measurements (e.g.
Eliasson and Svensson, 2003; Unger, 2004; Kim and Baik, 2005; Suomi and Käyhkö, 2012;
Schatz and Kucharik, 2014). At the same time, weather conditions play a dominant role
in the formation and intensity of ∆T/UHI. Anticyclonic circulation with conditions of low
wind speed, low cloud-cover fraction, and no precipitation typically lead to large spatial ∆T
(e.g. Parry, 1956; Oke, 1973; Morris et al., 2001; Erell and Williamson, 2007; Beck et al., 2018).

As near-surface T and ∆T are especially influenced by surface cover and morphology on
the local scale, and due to ambiguity of the term UHI, Stewart and Oke (2012) developed
the concept of local climate zones (LCZs). Central aims of this concept are that local-scale
characteristics (typically ranging from hundreds of meters to several kilometres) around a
measurement site are more accurately described, that metadata collection and reporting is
simplified, and to allow better comparability of ∆T between studies. According to the LCZ
concept, urban and rural environments are classified into classes. Each class has character-
istic ranges of parameters to describe surface cover and morphology, e.g. sky view factor,
building surface fraction, and mean height of roughness elements. The concept differenti-
ates between ten ‘urban’ (1 to 10) and seven ‘natural’ (A to G) classes (cf. Paper V Figure 1).
A growing number of studies applied the LCZ concept to investigate urban T (observational
data: e.g. Alexander and Mills, 2014; Fenner et al., 2014; Stewart et al., 2014; Beck et al., 2018;
model data: e.g. Stewart et al., 2014; Alexander et al., 2016; Brousse et al., 2016; Kwok et al.,
2019), showing its applicability and that different LCZs possess different T characteristics.
Far less investigated is the question, how large intra-LCZ T variability is, due to variation
in T on the micro scale (e.g. Skarbit et al., 2017; Quanz et al., 2018; Shi et al., 2018).

Studies investigating near-surface urban thermal climate conditions with ground-based ob-
servations typically make use of mobile measurements (e.g. Peppler, 1929; Oke and Max-
well, 1975; Unger et al., 2001; Heusinkveld et al., 2014) and/or data from measurement
stations (e.g. Parry, 1956; Jauregui, 1973; Fortuniak et al., 2006; Skarbit et al., 2017). Mobile
measurements provide data with high spatial and temporal resolution, yet they are typically
carried out only for selected dates. To observe intra-urban T variability over long periods

3



1. Introduction

of time, dense station networks are required. Standard meteorological observations run by
national weather services are often maintained over decades for climate monitoring. They
thus allow investigations of long-term climate changes, e.g. concerning HWs. However,
such stations are typically not located in cities, much less multiple stations being placed
within the same city. Dedicated urban climate observation networks have thus been set up
and maintained in a number of cities (e.g. Birmingham, United Kingdom (UK) (Chapman
et al., 2015; Warren et al., 2016); Helsinki, Finland (Koskinen et al., 2011); Oklahoma City,
United States of America (Basara et al., 2010; Hu et al., 2016); Szeged, Hungary (Lelovics
et al., 2014; Skarbit et al., 2017); for further examples see review by Muller et al. (2013)). Yet,
long-term operation of such networks remains a challenge (Grimmond, 2006; Muller et al.,
2013; Chapman et al., 2015).

A cost-effective alternative to obtain urban climate measurements for potentially every
urban region could be crowdsourcing, i.e., the collection of data from non-traditional sources
via the internet (Muller et al., 2015). Such non-traditional sources are, e.g., smartphones (e.g.
Overeem et al., 2013b; Mass and Madaus, 2014; Droste et al., 2017), cars (e.g. Haberlandt and
Sester, 2010; Mahoney and O’Sullivan, 2013; Bartos et al., 2019), and cellular communication
networks (e.g. Messer et al., 2006; Zinevich et al., 2009; Overeem et al., 2013a). Another
type of crowdsourced data stems from citizen weather stations (CWSs). CWSs are weather
stations that are installed and maintained by individuals, in the scientific literature they are
also referred to as, e.g., personal weather stations or amateur weather stations/observations
(e.g. Wolters and Brandsma, 2012; Bell et al., 2013; de Vos et al., 2019). Data from CWSs
can be (automatically) shared via the internet by their owners, and due to high population
density in cities they offer huge potentials (e.g. Wolters and Brandsma, 2012; Bell et al., 2013;
Castell et al., 2015; Nipen et al., 2020). CWS data have been used in a number of studies
concerning T (e.g. Wolters and Brandsma, 2012; Chapman et al., 2017a; Hammerberg et al.,
2018; Nipen et al., 2020), rainfall (e.g. de Vos et al., 2017, 2019), and multiple variables (e.g.
Clark et al., 2018; Mandement and Caumont, 2020; de Vos et al., 2020).

Common among all of these studies is the notion that quality assurance and quality con-
trol (QC) of CWS data play an important role in investigations using such data (also Bell
et al., 2015; Muller et al., 2015). In this respect, networks of professionally-operated weather
stations (PRWSs) of known and high quality are needed to act as reference for CWS data
(Chapman et al., 2015; Warren et al., 2016). PRWSs are stations such as those run by national
weather services and those of urban climate observation networks. After QC, crowdsourced
CWSs could provide urban T observations with unprecedented spatial density due to their
large number. If this allows investigations regarding meso-scale UHII, local-scale ∆T, and
intra-neighbourhood/micro-scale T variability has yet to be shown.

While a large body of the scientific literature has studied the topics of HWEs and urban cli-
mate characteristics separately, an increasing number of studies has specifically investigated
their interactions and shown mutual influences of HWEs and cities. On the one hand, HWE
characteristics and trends are altered and generally increased in cities due to urbanisation
and resulting urban thermal climate conditions (e.g. Tan et al., 2010; Yi-Ling et al., 2013;
Liao et al., 2018; Lin et al., 2018). On the other hand, urban thermal climate conditions and
the UHI effect are altered during HWEs (e.g. Fenner et al., 2014; Li et al., 2015; Ramamurthy
and Bou-Zeid, 2017; Scott et al., 2018; Zhao et al., 2018; Rogers et al., 2019).
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1.2 Study region and climate

Figure 1.1: Local climate zones (LCZs) and location of PRWSs (diamonds) in the study region.
Circles mark stations ‘Potsdam’ (black) and ‘Berlin-Tempelhof’ (white) (Paper I). LCZ mapping
carried out in Paper V. Black line denotes the city border of Berlin.

However, how UHII changes during HWEs is under scientific discussion, as contrasting
results have been reported. Most studies show intensified UHIIs during HWEs, espe-
cially at night-time (e.g. Fenner et al., 2014; Li et al., 2015; Founda and Santamouris, 2017;
Ramamurthy and Bou-Zeid, 2017; Zhao et al., 2018). Others, yet, report unchanged or re-
duced UHIIs during HWEs in comparison to ‘normal’ UHIIs (Zhou and Shepherd, 2010;
Scott et al., 2018; Rogers et al., 2019). Differences in weather conditions, in their respect-
ive resulting surface energy balances, in anthropogenic heat emissions, and in conditions
around measurement locations have been put forward to explain altered UHIIs during
HWEs. However, while some studies show that one factor is relevant in one city, others
find that in another city this factor is not responsible for the detected UHII change. As
most studies applied different methods to identify HWEs, it is possible that the contrasting
results concerning UHII changes arise from this inconsistency (Tewari et al., 2018).

1.2 Study region and climate

This thesis focuses on the city of Berlin, Germany, and surrounding regions as an example of
a mid-latitude city. Berlin offers several advantageous aspects and was hence chosen as the
study region. Firstly, due to predominantly agricultural and forested land use/land cover
surrounding it (Figure 1.1), the city is almost uninfluenced by other conurbations. The city
of Potsdam, located at the south-western border of Berlin, is the largest city near Berlin with
a population of nearly 180,000 at the end of 2018, and is part of the study region. Secondly,
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1. Introduction

since Berlin is located far away from the sea and mountainous regions, and since topography
of the region itself is relatively flat with only solitary hills (up to 120 m above mean sea level
(amsl), central parts of Berlin at around 30 m amsl), it is possible to study urban thermal
climate phenomena without these geographic controls (Oke et al., 2017). Thirdly, different
observational data sets of near-surface T are available for the study region. These range from
homogeneous climate data spanning well over one century, high-quality measurements at
PRWSs in various local settings (>50 PRWSs, maintained by the German Meteorological
Service - DWD, Freie Universität Berlin - FUB, and Technische Universität Berlin - TUB,
Figure 1.1), and data from CWSs, that can be crowdsourced. The network of CWSs is dense
in the study region with more than 2500 stations (≈ 2.8 CWS km−2) at the end of 2019.

Berlin is located in eastern Germany (13.40° E, 52.52° N) with a size of 891 km2 and 3.6
million inhabitants at the end of 2018. The climate of the study region is characterised as
a humid warm temperate climate (Köppen-Geiger classification Cfb, Kottek et al., 2006).
Annual mean T is 9.9 °C and mean annual precipitation sum amounts to 576 mm (1981–
2010, station ‘Berlin-Tempelhof’). T follows a distinct annual cycle with warmest and coldest
months being July and January, respectively. Most precipitation falls during summer months
(cf. Paper V Figure 3).

Increasing T since the end of the 19th century as well as positive trends in the occurrence
of HWEs are reported for the study region (Cubasch and Kadow, 2011; Della-Marta et al.,
2007a,b; Tomczyk, 2018). Climate projections for the study region show a further increase
in mean T and precipitation sum for the coming decades (Jacob et al., 2014), as well as an
increase in precipitation extremes (Maraun, 2013; Jacob et al., 2014), and more HWs (Jacob
et al., 2014; Russo et al., 2014). Compared to other European cities, climate projections for
Berlin indicate moderate increases in the occurrence of HWs and maximum T during HWs
(Guerreiro et al., 2018; Smid et al., 2019).

Characteristics of Berlin’s climate and spatial ∆T/UHI dynamics have previously been in-
vestigated with near-surface observations (e.g. Behre, 1908; Hupfer and Chmielewski, 1990;
Endlicher and Lanfer, 2003; Cubasch and Kadow, 2011; Fenner et al., 2014; Li et al., 2018;
Quanz et al., 2018). UHII is especially pronounced during night-time and in the warmer
months of the year (Hupfer and Chmielewski, 1990; Fenner et al., 2014). The long-term ana-
lysis by Fenner et al. (2014) revealed that UHII in central parts of the city may exceed 10 K.
Further, Fenner et al. (2014) reported that ‘hot days’ (Tmax ≥ 30 °C) lead to increased night-
time UHII, underlining an influencing effect of HWEs on UHII. However, further analyses
concerning the aspects of HWEs, possible urban-rural contrasts in HWE characteristics, and
spatial urban T dynamics, not only during HWEs, were missing for the study region.

1.3 Objectives

The main objectives of this thesis are to study the topic of HWEs in the study region, to
investigate how the urban region of Berlin modifies atmospheric conditions in terms of T,
how urban thermal climates are modified during HWEs, and to analyse intra-urban differ-
entiation of T. The focus of the investigations lies on near-surface T, thus urban thermal
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climate conditions within the UCL. For the analyses, an integrative approach is chosen that
combines different types of near-surface T observations available in the study region. Such
an approach using observational data from multiple sources allows to investigate T charac-
teristics on different spatial and temporal scales, that would not be possible by using only
one of these types. Central to the approach is the utilisation of crowdsourced CWS data
to obtain (urban) T data, and to determine their challenges and benefits in urban thermal
climate investigations. Another key aspect of the analyses is to understand how differ-
ences in methodological aspects concerning the identification of HWEs can influence results
regarding HWE characteristics and urban thermal climate conditions during HWEs.

The work was carried out within the research project ‘Heat waves in Berlin, Germany –
urban climate modifications’, funded by the German Research Foundation (DFG).

The following key research questions are addressed:

1. How large are long-term trends and mean values of HW characteristics in the study
region, and how do they depend on the applied HW definition? Is the urban centre of
Berlin subject to more and longer HWs than peripheral regions?

2. What are challenges and benefits of crowdsourced CWS data for urban T studies?
What are common error sources and how could a QC procedure be designed to
identify suspicious CWS measurements?

3. How is the UHII modified during HWEs, and how does a possible change in UHII
depend on the definition to identify these episodes? Can possible changes be linked
to weather conditions?

4. Applying the LCZ concept, can we detect inter-LCZ differences in T using crowd-
sourced CWS data, and how large is intra-LCZ T variability?

Using established and homogeneous climate data in Potsdam covering 125 years, differences
between HW definitions in long-term trends and mean values of HW characteristics are de-
termined for question 1, also investigating the effect of different trend estimation methods.
The aim is to highlight how trend values might vary when applying a different definition
or method, even for a single city. To then illustrate how urban thermal climate conditions
might influence the occurrence and duration of HWs, depending on the definition, contrasts
in HW characteristics between inner-city regions and the periphery of Berlin are investig-
ated. To provide some guidance for future research, aspects of HW definitions that need
consideration in investigations of HWs in urban regions are finally put forward, based on
the results and previous studies.

Addressing question 2, the potential of crowdsourced CWS data for urban T studies is
explored by introducing a crowdsourcing approach. With the aim of utilising such data for
further urban thermal climate investigations, the sensor accuracy of the type of CWS used
is comprehensively investigated via comparison measurements, and typical error sources
in crowdsourced CWS T data are identified. Subsequently, to control for these errors and
before using the data in investigations, two QC procedures are developed to identify and
filter out suspicious T data from CWSs. The first QC uses PRWS data to filter out suspicious
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CWS data, while the second one is only statistically based, exploiting the ‘knowledge’ of the
large crowdsourced data set itself. Deviations of the filtered CWS data after both QCs from
PRWS data are assessed. One goal concerning the developed QCs is to design them in such
a way, that they can be applied in other regions.

To find answers to question 3, the modifying effect of HWEs for UHII is researched for a
four-year period, analysing data from PRWSs and CWSs. The aim is to entangle possible
influences of time of day and of location to identify HWEs for UHII change during HWEs.
This is done by applying a systematic approach to identify HWEs. Prevalent weather con-
ditions are then analysed to understand possible contrasts in UHII changes.

To address question 4, PRWS and crowdsourced CWS data are combined with the LCZ
concept to investigate intra-urban differentiation of T. Specifically, after a mapping of LCZs
for the study region, T differences between different LCZs, and intra-LCZ T variability
are analysed. The goals are to determine spatial T distributions on the local and micro
scale, and how crowdsourced T data might provide additional information compared to
observations by PRWSs. Hence, both CWS and PRWS data are utilised to identify and
understand differences between the two types of networks.

1.4 Structure of the thesis

This thesis is based on five peer-reviewed papers, which were written in collaboration with
several co-authors. The author also contributed to seven additional peer-reviewed papers,
which are related to the topics of this thesis, and which can be found in the Bibliography:
Kuik et al. (2016), Bechtel et al. (2017), Grossman-Clarke et al. (2017), Jänicke et al. (2017),
Quanz et al. (2018), Krug et al. (2019), Verdonck et al. (2019).

Each of the five thesis papers forms one of the following chapters. The chapters present the
essential methods, results, and conclusions concerning the main objectives and key research
questions of this thesis, followed by final conclusions and perspectives.

Chapter 2, Heatwaves in Berlin and Potsdam presents a long-term investigation of HWs in
the study region and investigates urban-rural HW contrasts.

Chapter 3, Crowdsourcing air temperature from citizen weather stations explores the po-
tential of crowdsourced data from CWSs for urban climate research, including comparative
measurements, identification of error sources, and development of a QC procedure.

Chapter 4, A statistically-based quality control for crowdsourced air temperature puts
forward a second QC procedure that is independent of reference T data.

Chapter 5, Urban heat island intensity during hot weather episodes investigates the ques-
tion how UHII is modified during HWEs.

Chapter 6, Local climate zone variability of air temperature applies the concept of LCZs
and explores the applicability of CWS data in this context to detect spatial T differences.

Chapter 7, Conclusions and perspectives provides the final synthesis with main conclu-
sions, and laying out perspectives for future research.

The main part of the thesis is then followed by five Appendices, containing the full texts of
the five papers of this thesis in their original journal formats.
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Chapter 2

Heatwaves in Berlin and Potsdam

In this chapter, the question concerning long-term trends and mean values from 1893 to
2017 of HW characteristics in the study region is addressed using established climate data.
Different HW definitions are applied and compared, and possible urban-rural contrasts in
HW characteristics are investigated. Finally, aspects concerning the choice of definition that
are worth considering in investigations of HWs in urban regions are put forward.

The author’s contributions to this paper (Paper I) were the design of the study (with co-
authors), compilation of climate and risk data, quality control and homogenisation of cli-
mate data, coding of data analyses and visualisations, application of the risk model, statist-
ical analyses, analysis and interpretation of results (with co-authors), creating graphics and
tables, writing of manuscript, revision of text after corrections by co-authors, and revision
of manuscript after peer-review.

2.1 Climate data and methods

A unique data set of T measurements with daily resolution is available in the vicinity of
Berlin. The ‘saecular station’ (Saeculum – Latin for ‘century’) on top of the Telegraphenberg
hill (52.3812° N, 13.0622° E, 81 m amsl, black circle in Figure 1.1) near the city of Potsdam is
maintained by the DWD and provides climate data as homogeneous as possible since the
first measurements on 1 January 1893. Since then, no relocation, change in instrumentation,
or change in observation routines took place. These factors can introduce inhomogeneities
in climate records (Trewin, 2010). Additionally, data from an inner-city location at ‘Berlin-
Tempelhof’ (52.4675° N, 13.4021° E, 48 m amsl, white circle in Figure 1.1) are available since
1948 (cf. more information on both stations Paper I section 2.1.1). After quality-control of
the data (Tmax, daily mean T – Tmean, daily minimum T – Tmin), data at Berlin-Tempelhof
were tested for homogeneity and adjusted accordingly (Paper I section 2.2.2 and supporting
information).

Ten different T-based HW definitions were applied for the time periods 1893–2017 (Potsdam
only) and 1948–2017 (both stations). The definitions differ in terms of variable (Tmax: 5,
Tmin: 1, Tmean: 4), minimum duration (≥6 days: 2, ≥3 days: 8), and type and value of
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threshold (dynamic: 5, static: 5). The applied definitions include two definitions that are
risk-based with threshold values derived from region-specific heat-mortality relationships
(Paper I section 2.2.3 and Table 1 for details on definitions). Four indices were calculated for
each definition to characterise HWs (following Fischer and Schär, 2010; Perkins et al., 2012):
HWN – number of HWs per year (HW number), HWF – number of all days belonging
to HWs per year (HW frequency), HWDmean – mean HW duration per year, HWDmax –
duration of longest HW per year. Two trend estimation methods were applied to investigate
their possible influence onto results: (1) the non-parametric Mann-Kendall test (Mann, 1945;
Kendall, 1948) with the Theil-Sen method for slope estimation (Theil, 1950; Sen, 1968), and
(2) ordinary least square (OLS) fitting in combination with the t test.

2.2 Long-term trends and mean values of heatwave charac-
teristics

HWs occur, depending on the definition, on average between 0.3 and 2.6 times per year
(1893–2017) in the study region (Paper I Table 3). They can thus be regarded as extreme
events once every few years, or regular events occurring several times per year. Similarly,
large differences between the definitions for the other HW indices were also found (Paper
I Table 3). In comparison with other locations in Germany and Poland, Potsdam shows
among the highest number of HWs during 1966–2015 (in total and per decade), applying
one HW definition (Tomczyk and Sulikowska, 2018; Tomczyk and Bednorz, 2019).

Significant positive long-term trends since 1893 in HW occurrence and duration were ob-
tained for most of the applied definitions. Figure 2.1 displays the evolution of HWN for the
ten definitions, highlighting distinct contrasts (see also Paper I section 3.1 and supplement-
ary information). As an example, one definition (HW06) displays an increase in HWN of
+13 % decade−1, i.e., the average number of HWs per year has more than doubled within
one century, while for three other definitions (HW01, HW02, HW05) no increase with Theil-
Sen’s method is found (Figure 2.1). Theil-Sen’s method usually provides lower trend values
than OLS fitting (Figure 2.1, Paper I Table 4). Comparing many locations in central and
western Europe, Della-Marta et al. (2007a,b) show that HW occurrence in Potsdam (1893–
2003) has a moderate positive trend compared to the other investigated locations, each of
these two studies using only one type of HW definition.

Paper I highlights that trend results are especially sensitive to the applied estimation method
for definitions with ‘extreme’ values in their detection criteria (in terms of minimum dur-
ation or threshold value, e.g. HW01, HW02, HW10, cf. Figure 2.1). For definitions that
represent events occurring multiple times per year, trend results are statistically more ro-
bust. Since trends and mean values differ by such an extend, concrete numbers of trends
and means in any study have to be interpreted cautiously, especially when comparing res-
ults across studies that apply different HW definitions and/or trend estimation methods.

It was also found, comparing all HWs identified by all definitions, that only 15 events in
125 years were identified by all definitions as HWs (Paper I Figure 4). Among these events,
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Figure 2.1: Heatwaves per year (HWN) for ten different HW definitions (HW01-HW10) at site
Potsdam during 1893–2017, May–September. Solis lines indicate significant trends (p < 0.05)
for Theil-Sen’s method (red) and OLS fitting (blue). Trend values are given per decade. Figure
from Paper I, supplementary information.
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2. Heatwaves in Berlin and Potsdam

Figure 2.2: Temporal mean values of HW indices for ten different HW definitions (HW01-
HW10) at sites Potsdam and Berlin-Tempelhof during 1948–2017, May–September. Abbrevi-
ation of indices explained in the text. Figure adapted from Paper I.

two HWs in 1994 and 2006 stand out, being most extreme heat events in the study region
and beyond (Gabriel and Endlicher, 2011; Lhotka and Kyselý, 2015; Tomczyk and Bednorz,
2016; Lhotka et al., 2018a). Both events had a strong impact on the respective populations
(Warsaw, Poland: Kuchcik, 2001; Czech Republic: Kyselý and Huth, 2004, study region:
Gabriel and Endlicher, 2011; Scherer et al., 2013). Krug et al. (2019) further reported that
heat events in Berlin often occur in combination with high ozone concentrations, which
increase the impact on the population with higher mortality rates than for events with low
concentrations.

Paper I also highlights that occurrences of HWs identified either by definitions applying dy-
namic, time-varying thresholds, or static thresholds are distinctly different (Paper I Figure
5). Definitions applying dynamic thresholds per calendar day identify HWs in all analysed
months as ‘hot anomalies’. HWs identified via definitions applying static thresholds, in-
cluding the risk-based definitions, predominantly occur during June, July, and August, the
months with highest T in the study region.

2.3 Urban-rural heatwave contrasts

Comparing HWs at the two stations (Potsdam and Berlin-Tempelhof), it was found that
inner-city regions of Berlin are subject to more frequent and longer HWs than peripheral
regions, if definitions based on Tmin or Tmean are applied (HW06–HW10, Figure 2.2). This
added urban effect is up to 50 % for HWF, up to 40 % for HWN, and up to 20 % for
HWDmax. Definitions based on Tmax (HW01–HW05, Figure 2.2) do not show such large
differences. This is due to the fact that Tmax is similar between peripheral/rural and urban
regions in Berlin, leading also to small or zero UHII at time of Tmax (see also Paper IV; Paper
V; Fenner et al., 2014). Strong daytime radiative forcing, leading to turbulent mixing over
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2.3 Urban-rural heatwave contrasts

a deep planetary boundary layer (Bohnenstengel et al., 2011; Wouters et al., 2013), leads
to such relatively uniform T conditions. However, our results are in contrast to another
study carried out for Shanghai, China, which found more HWs within the city applying
a definition based on Tmax (Tan et al., 2010). This highlights that further research in other
cities, applying different definitions and investigating possible underlying causes, is needed
to understand this contrast.

It must be stressed that depending on the question under investigation a different HW
definition might be optimal, hence recommending a ‘best’ definition is not possible based
on the results of Paper I. However, several aspects are worth considering when investigating
HWs in mid-latitude urban regions:

(a) ‘Extreme’ values for HW detection can lead to statistical difficulties in trend estimation
(also noted by Kiktev et al., 2003; Alexander et al., 2006; Donat et al., 2013), and can lead
to large differences in trend estimates for different methods.

(b) For identification of events that are hot in absolute terms for the respective region, and
not time-varying hot anomalies, definitions with static thresholds might be preferable
over dynamic thresholds.

(c) Definitions with percentile-based thresholds are less affected by site conditions and thus
better transferable across regions than definitions applying fixed absolute thresholds
(also noted by Perkins and Alexander, 2013).

(d) To account for an urban effect onto T and detect an urban influence in HW characterist-
ics, definitions applying Tmin or Tmean are more suitable than those applying Tmax. Tmean

might be optimal for investigations concerning heat-health risks of HWs (e.g. Hajat et al.,
2006; Anderson and Bell, 2009; Barnett et al., 2010; Yu et al., 2010; Vaneckova et al., 2011;
Scherer et al., 2013; Chen et al., 2015). As a side note, HW definitions applying Tmean

might also be favourable in analyses of projected future HWs, as Tmean from general
circulation models (GCMs) is more robust than Tmax or Tmin due to model deficiencies
concerning diurnal T variability (IPCC, 2013).

(e) Definitions based on Tmax might be advantageous if ‘urbanisation-free’ trends are to be
detected, or, e.g., if a comparison between different regions in HW characteristics is to
be carried out, without capturing possible influences of urban areas. Tmax and derived
indices, such as HWs, are less affected by urban thermal climates and urbanisation (also
noted by Argüeso et al., 2014).

13





Chapter 3

Crowdsourcing air temperature from
citizen weather stations

In this chapter one type of crowdsourced data for urban climate research, i.e., crowdsourced
T measurements from CWSs, is introduced. Specifically, the developed crowdsourcing
mechanism is presented for a specific type of CWS, its sensor accuracy is evaluated, and
a QC procedure to filter out suspicious values from crowdsourced CWS data is developed.

The author’s contributions to this paper (Paper II) were the analyses of the climate chamber
experiment and comparison measurements, preparation of Figure 2 in the paper, contribu-
tion to literature search, contribution to design of the developed QC, contribution to analysis
and interpretation of results, and contribution to writing of manuscript and reviewing of
text.

3.1 Crowdsourcing of citizen weather station data

For this work, one type of CWS was selected for the crowdsourcing approach. The ‘Net-
atmo’ CWS (https://www.netatmo.com/en-us/weather) is a ‘smart device’, i.e., measure-
ment data are automatically uploaded via Wi-Fi connection, owners have real-time access
to the data, and can integrate the device in smart-home solutions. This type of CWS is par-
ticularly popular in Europe (https://weathermap.netatmo.com/) and offers the advantage
that all sensors are of the same type and quality. Further, the company provides an applica-
tion programming interface (API, https://dev.netatmo.com/), via which data can freely be
retrieved. Further information concerning this type of CWS are detailed in Paper II section
2.2.

An automatic routine was set up at the Chair of Climatology at TUB at the end of 2014 to
systematically collect this type of CWS data for the study region at one-hourly intervals via
the API. The returned information are checked for consistency and all relevant metadata and
measurement data are stored in a local database (Paper II section 2.2). While this routine
collects measurements of T, relative humidity, air pressure, precipitation, and wind, the
focus of this work lies on T from CWSs (TCWS). Since the beginning of 2015 the number
of Netatmo CWSs in the study region has steadily increased from around 1000 stations
providing data per hour to more than 2500 at the end of 2019.
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3. Crowdsourcing air temperature from citizen weather stations
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Figure 3.1: Mean air temperature differences (∆T) between Netatmo CWSs (outdoor module)
and a reference sensor (Vaisala HMP155) for seven T levels in a climate chamber in 2015 (black,
eight CWSs), 2017 (orange, six of the eight CWSs), and 2019 (blue, six of the eight CWSs).
MD: Mean deviation to the reference sensor across all CWSs and all T levels per year. Figure
adapted from Paper II, extended.

3.2 Sensor accuracy and comparison measurements

Sensor accuracy of Netatmo CWSs was assessed with eight devices in a climate chamber
in 2015, and one device in a long-term field comparison. All eight sensors fulfilled the
manufacturer’s specified accuracy in the tested range of 0 °C – 30 °C, except for a small
warm bias (up to 0.5 K) for four sensors at 0 °C (Figure 3.1, Paper II section 2.3). The T
sensor of Netatmo CWSs is thus comparable to other low-cost T sensors (Whiteman et al.,
2000; Young et al., 2014).

In 2017 and 2019 the climate chamber experiment was repeated. In both years, no systematic
sensor drift could be observed (Figure 3.1), indicating long-term stability of the sensors over
several years. Mean deviation across the tested range and all sensors is also within the
specified accuracy range (Figure 3.1). This clearly highlights the high potential of these
sensors for long-term investigations spanning several years.

The field comparison of one sensor over the course of one year revealed that between early
afternoon until sunrise mean differences between the CWS and a reference sensor are within
±0.5 K (Paper II section 2.3 and Figure 2b). Larger differences occurred especially in the
morning hours due to slow thermal response of the CWS (due to the design with an alu-
minium cylinder with little ventilation), and ventilation differences between the Stevenson
Screen in which the CWS was placed and the plastic radiation shield of the reference sensor.

Based on the information concerning the sensor itself it can be concluded that Netatmo
CWSs offer potentially thousands of accurate measurements. The quality of the entire
crowdsourced data set, however, will be assessed in the following section.
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3.3 Quality control of crowdsourced citizen weather station
data

As noted by others (e.g. Bell, 2015; Bell et al., 2015; Muller et al., 2015), quality assessment
and QC of crowdsourced data from CWSs is indispensable, as raw data can hardly be used
in scientific applications. Hence, a detailed assessment of crowdsourced Netatmo CWS data
was carried out to identify typical errors in this type of data set (Paper II section 3.1). As
for other types of CWSs, crowdsourced Netatmo CWS data contain a number of errors
that need handling before actual analyses. The identified errors are erroneous metadata,
failure of data collection (leading to discontinuous time series), siting of sensors indoors,
and unsuitable exposure of sensors to radiation leading to solar heating (Nakamura and
Mahrt, 2005).

On the basis of these informations, a systematic QC procedure with different levels was
developed to address the error sources (Table 3.1, Paper II sections 3.3–3.5). The QC makes
use of high-quality measurements from PRWSs available in the study region, detecting and
filtering out suspicious measurements from CWSs. The QC is transferable to other regions
where PRWS data are available to act as reference and could also be used for other types of
CWSs. In Paper II it is shown that the QC procedure effectively flags suspicious data, but
leads to a decrease in data availability by >50 % for a one-year data set in 2015 (Table 3.1).

After application of the QC to data from the study region, crowdsourced data were eval-
uated against T at PRWSs (TPRWS). Evaluation of the filtered CWS data set reveals that at
the highest quality level D, mean monthly differences to PRWS data are <0.7 K, with mostly
positive deviations, i.e., higher TCWS than TPRWS (Paper II Table 2). While spatially aggreg-
ated raw data of TCWS already provide a robust estimate of hourly and daily T in the study
region, filtered CWS data match PRWS data much closer (Paper II Figure 11). This high-
lights the clear benefit of such a QC, and indicates that only after a targeted QC procedure
CWS data can be exploited at their full potential.

3.4 Challenges and benefits of citizen weather station data

A number of challenges are associated with crowdsourced Netatmo CWS data as an innov-
ative type of data for urban climate research. Continuous and adequate maintenance of each
station over long periods of time is not given, since each owner is responsible for the respect-
ive station. Further, long-term stability of sensors over decades, and long-term accessibility
of the data via the company’s API is unknown. Probably the biggest challenge linked to
crowdsourced Netatmo CWS data are missing metadata, more information about how the
CWSs are set up would be highly desirable (Muller et al., 2015; Chapman et al., 2017a). The
siting of instruments at non-standard locations is another big challenge (Chapman et al.,
2017a), which will be discussed in more detail in chapter 6.

Beside being cost-effective, a clear benefit of crowdsourced CWS data is the large number
of stations and high spatial density of TCWS in Berlin, exceeding that of the existing PRWS
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3. Crowdsourcing air temperature from citizen weather stations

Table 3.1: Data quality levels, descriptions for filtering, and addressed potential error sources
for crowdsourced T measurements. % of raw data refers to a one-year data set in 2015 with
one-hourly resolution. σ: Standard deviation. Table adapted from Paper II.

Quality Description Potential error sources addressed % of raw
level data
A0 Raw data of TCWS with correct

timestamp
Netatmo API, server limits 100.0

A1 CWS with invalid metadata (longit-
ude, latitude)

User-specific operating error 97.9

A2 80 % hourly data per day Intermittent failure of wireless net-
work, loss of battery power, server
failure

91.7

A3 80 % daily data per month Intermittent failure of wireless net-
work, loss of battery power, server
failure

70.1

B Indoor station filter, using monthly
mean and σ of Tmin per station

User-specific error (misuse), CWS set
up indoors or very close to walls and
windows

59.7

C1 Systematic radiative error filter,
positive and significant correlation
between global radiation and ∆T of
each CWS (TCWS − TPRWS)

CWS set up in a sunlit location (no
radiation shield)

52.0

C2 Single value radiative error filter,
flagging daytime values if ∆T of
each CWS (TCWS − TPRWS) > 3σ in
TPRWS

At times the CWS received direct
shortwave radiation

47.3

D Outlier filter based on spatial aver-
age of TCWS ± 3σ in TCWS

CWS temporarily moved, other er-
rors

47.1

network by far. Moreover, quality-controlled TCWS observations show spatio-temporal char-
acteristics of the UHI in Berlin with higher spatial variability than TPRWS (Figure 4.1, Paper
II Figures 9 and 10). Detailed analyses of urban T utilising data from both networks are
carried out in chapter 5 (Paper IV) and chapter 6 (Paper V).
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Chapter 4

A statistically-based quality control for
crowdsourced air temperature

In this chapter a second QC procedure for crowdsourced CWS data is presented, which is
independent of reference T measurements. First, the basics of the QC are presented and
secondly, quality-controlled CWS data are evaluated against PRWS data in two cities. An
application of the QC is finally presented.

The author’s contributions to this paper (Paper III) were the compilation and quality control
of PRWS data in Berlin, minor contribution to the design of the new QC, contribution to ana-
lysis and interpretation of results, and contribution to writing of manuscript and reviewing
of text.

4.1 Development of a statistically-based quality control

While the use of reference data to filter out suspicious CWS data offers the possibility to
identify measurements deviating too strongly from observations of known quality (as de-
scribed in chapter 3), it hinders transferability of such a QC to regions where reference data
are missing. The use of the large amount of crowdsourced data itself could be an option to
statistically identify implausible values. This idea was followed in Paper III.

The developed QC procedure, hereafter named ‘CrowdQC’, consists of four main filter steps
that form the basis of the QC, as well as three optional steps that can be employed, depend-
ing on the application. The main steps are (see also Paper III section ‘Development of the
QC’ for more details):

M1 As in Paper II, stations with identical longitude and latitude values are removed.

M2 This step forms the core of the QC, targeting stations with radiation errors and indoor
stations. Statistical outliers of the T distribution at each hour (original data resolution)
are identified and removed (flagged as FALSE) for specified cut-off values for the upper
and lower tails of the distribution (upper: α = 0.05, lower: α = 0.01).
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4. A statistically-based quality control for crowdsourced air temperature

M3 Here, all stations that received >20 % FALSE flags in M2 per month are removed, as-
suming that this station is too erroneous for further consideration.

M4 In the last step, the temporal Pearson correlation coefficient (r) between each station’s
T and the spatial median of all CWSs is calculated per month. If r < 0.9, this station is
removed. This step mainly targets indoor stations.

After application of the main filter levels, three optional levels can be applied. The first
carries out a temporal linear interpolation. Missing values for a single hour are interpolated
as the mean of the previous and next hour of the same station. Such missing values could
be due to server errors or flags of M2. Optional levels 2 and 3 flag all data for each station
per day and month, respectively, if <80 % data availability for each station (similar to QC
levels A2 and A3 in Paper II).

CrowdQC is freely available as an R package (Grassmann et al., 2018).

4.2 Evaluation of the new quality control and application

CrowdQC was evaluated using crowdsourced Netatmo CWS data in Berlin and Toulouse,
France, for a one-year period (01 July 2016 to 30 June 2017), comparing CWS data with
data from PRWS networks. It is shown that the quality-controlled data sets are cleaned of
outliers, and that monthly means of TCWS resemble TPRWS more closely than after the QC
developed in Paper II (see Paper III Figure 4). Again, as in Paper II, a positive deviation
in CWS data to reference data was identified, especially for Tmin. This could be due to
longwave radiation emitted by building walls that influences CWS measurements. CWSs
are typically set up close to walls on balconies or window sills. If metadata were available,
such locations could be omitted in analyses, as done by Wolters and Brandsma (2012) using
CWS data collected via another platform. However, crowdsourced Netatmo data do not
contain such metadata, highlighting this challenge in crowdsourced CWS data (Chapman
et al., 2017a) on the one hand. On the other hand, the benefit of Netatmo CWSs is their large
number and high spatial density in urban regions, especially in Europe. Here, Netatmo
CWS density exceeds that of other types of CWSs by far, collected on other platforms (e.g.
https://www.wunderground.com/wundermap).

Comparison with the QC developed in Paper II also shows that CrowdQC provides more
continuous time series of TCWS, as the daytime radiation filter applied in Paper II might be
too strict (see also Paper V sections 4.1 and 4.2). However, it has to be noted that even after
application of CrowdQC, the data set still contains possibly faulty or implausible values
compared to TPRWS, which were not captured by the filters. While this could be resolved by
applying stricter cut-off values in M2 and M4, it can be argued that TCWS might never truly
resemble TPRWS. The distribution of stations among local-scale settings, and the micro-scale
characteristics around each sensor in both networks are quite different (see also Paper V
sections 4.1 and 4.2).

Due to remaining possibly faulty values in CWS data at individual stations, we argue that
estimation of T via CWS data is more reliable and improved when averaging data from a
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4.2 Evaluation of the new quality control and application

group of stations rather than relying on data of individual CWSs. This was also noted for
crowdsourced rainfall data from CWSs (de Vos et al., 2017).

At the end of Paper III the transferability of CrowdQC to another urban region is illustrated.
CWS T data are quality-controlled for Paris, France, where spatial density of CWSs is es-
pecially high. Subsequently, T is mapped for the entire urban region solely based on CWS
data (Paper III Figure 10 and section ‘Application’). The map denotes an UHI of several K
in the city centre, but also an intra-urban differentiation of T. CWS data cover the entire
urban region and beyond, though some rural areas and their T are not captured by CWSs
(Paper III Figure 10).

For following analyses in chapter 5 (Paper IV), CrowdQC was also applied for a multi-year
period in Berlin and surroundings. Over 2500 CWSs with sufficient data availability after
quality control (>80 % in at least one year) are available for the whole study region. CWS
and PRWS data depict a strong night-time UHI in central parts of Berlin, but also intra-
urban differentiation of T (Figure 4.1). CWS data cover the entire urban region and beyond
with high density, though most rural areas and their T are not captured by CWSs.
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Figure 4.1: Spatial distribution of ∆T in Berlin and surroundings during 01-04 h UTC+1, 2015–
2018, May–September. Points denote CWSs (quality-controlled at level O1, CrowdQC), dia-
monds denote PRWSs. ∆T is calculated as the T difference between each station and the
arithmetic mean of two ‘rural’ reference stations (LCZ B – scattered trees, black diamonds).
Grey areas indicate urban clusters based on Global Human Settlement product ‘GHS S-MOD’
(Pesaresi and Freire, 2016), dark grey: high density cluster, light grey: low density cluster.
Black line denotes the city border of Berlin.
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Chapter 5

Urban heat island intensity during hot
weather episodes

This chapter summarizes Paper IV and deals with the question whether UHII is increased,
unchanged, or reduced during HWEs. For a four-year period, data from PRWSs and crowd-
sourced CWS data are used to investigate this question. It is further analysed, if possible
differences in UHII change can be linked to differences in weather conditions.

The author’s contributions to this paper (Paper IV) were the design of the study (with co-
authors), compilation of atmospheric data (with co-authors), QC of PRWS and CWS data,
coding of data analyses and visualisations, statistical analyses, analysis and interpretation
of results (with co-authors), creating graphics and tables, writing of manuscript, revision of
text after corrections by co-authors, and revision of manuscript after peer-review.

5.1 Methods to identify hot weather episodes

In this study, the multi-year period 2015–2018 during May–September was analysed. PRWSs
and CWSs located in the densely built-up areas of the study region were included (dark grey
areas in Figure 4.1). Nearly 2000 CWSs with sufficient data availability after QC are available
(CrowdQC, cf. chapter 4), as well as 33 PRWSs (Paper IV section 2.3 and Figure 1).

For a systematic approach, the ten percent hottest days (13-16 h UTC+1, ‘hot days’) and
nights (01-04 h UTC+1, ‘hot nights’) were investigated in comparison to the rest of the
days (‘normal conditions’). UHII and UHII change were analysed for the same daytime
and night-time intervals for both HWE types, since the UHI effect shows strong diurnal
dynamics (e.g. Oke, 1982; Erell and Williamson, 2007; Fenner et al., 2014). HWEs were
identified at urban (LCZ 2 – compact midrise) and rural (LCZ B – scattered trees) locations
separately, to find out, if the location to identify HWEs has an influence on UHII change
(Paper IV section 2.5 and supplementary discussion).

Hot days have similar thresholds of 29.2 °C and 29.1 °C at urban and rural locations, respect-
ively, since conditions at around Tmax, which is the analysed daytime interval, are similar
across the study region (see also Paper I, Paper V). Contrary, thresholds for hot nights are
different with 17.4 °C (rural) and 20.9 °C (urban), indicating an UHI effect.
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PRWS

Figure 5.1: UHII and UHII change (∆UHII) during normal conditions (NC) and rural hot days
(HWE) during 2015–2018, May–September. UHII quantification using (a) PRWSs and (b) CWSs
during daytime (13-16 h UTC+1) and night-time (01-04 h UTC+1). n: number of stations, U: test
statistic of Mann-Whitney-U test, d: Cohen’s d to estimate effect size of mean ∆UHII. Figure
adapted from Paper IV.

5.2 Urban heat island intensity during hot days

During hot days, results concerning UHII change are independent of the location to identify
these HWEs. Rural and urban hot days lead to similar results with unchanged daytime UHII
for PRWSs and significantly reduced UHII for CWSs (-1.02 K, Figure 5.1). A negative UHII,
i.e., lower T within the city compared to rural surroundings, is observed for half of the
stations (PRWSs and CWSs) during hot days (Figure 5.1). Negative UHIIs were observed
before for the study region (Fenner et al., 2014), as well as for other cities (e.g. Runnalls and
Oke, 2000; Fortuniak et al., 2006; Erell and Williamson, 2007).

During night-time following hot days UHII is increased (Figure 5.1). This is in line with
other studies that show amplified night-time UHIIs after hot daytime conditions (Fenner
et al., 2014; Li et al., 2015; Schatz and Kucharik, 2015; Sun et al., 2017; Zhao et al., 2018).
While PRWSs and CWSs show a similar signal, night-time UHII change is only statistically
significant (p ≤ 0.05) for CWSs due to larger sample size (Figure 5.1). In both networks
a large spread in UHII and UHII change across the stations can be seen. This highlights
that each station reacts differently to HWEs due to individual site characteristics (Zhou and
Shepherd, 2010; Scott et al., 2018). If many stations are available for analyses, robust signals
can be obtained. This underlines the benefit of CWSs concerning their large number, and
the variety of settings they are located in (see also chapter 6).

Weather conditions during hot days are favourable for strong night-time UHIIs, i.e., reduced
cloud-cover fraction, lower wind speed, and less precipitation compared to normal condi-
tions (Table 5.1, Paper IV Figure 3). This adds further evidence to the already large body
of studies that show high (night-time) UHIIs during such weather conditions (e.g. Paper V,
Parry, 1956; Runnalls and Oke, 2000; Morris et al., 2001; Kim and Baik, 2005; Erell and Wil-
liamson, 2007; Arnds et al., 2017; Skarbit et al., 2017; Beck et al., 2018). In combination with
these weather conditions, more radiative input during daytime (Table 5.1, Paper IV Figure
3) increases heat storage and subsequent release during the night in urban areas, leading to
increased night-time UHIIs (Hamdi et al., 2016; Sun et al., 2017; Zhao et al., 2018).
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5.3 Urban heat island intensity during hot nights

Table 5.1: Mean differences (∆) in weather conditions between HWEs and normal conditions
during 2015–2018, May–September. rsd: downwelling shortwave radiation, rld: downwelling
longwave radiation, cc: cloud-cover fraction, ws: wind speed, hus: specific humidity, prcp:
precipitation. Statistically significant differences (p ≤ 0.05, Mann-Whitney-U test, not applied
for prcp) are marked as bold numbers. Urban, rural, hot days, hot nights, daytime, night-time
explained in the text. Table adapted from Paper IV.

Identification Urban Rural
location
Hot weather Hot days Hot nights Hot days Hot nights
episode
Analysis Daytime Night- Daytime Night- Daytime Night- Daytime Night-
interval time time time time
∆rsd (W m−2) 172.4 - 156.7 - 171.1 - 92.4 -
∆rld (W m−2) 36.7 34.4 35.0 38.4 34.2 29.7 35.1 44.0
∆cc (octas) -2.1 -0.6 -1.7 -0.5 -2.2 -0.9 -0.6 1.2
∆ws (m s−1) -0.7 0.2 -0.7 -0.1 -0.7 0.1 0.0 0.6
∆hus (g kg−1) 1.6 2.6 1.9 2.8 1.6 2.4 2.5 3.3
∆prcp (mm) -0.3 -0.1 -0.3 -0.1 -0.3 -0.1 0.1 0.2

5.3 Urban heat island intensity during hot nights

While daytime UHII change during hot nights is similar to hot days (section 5.2), night-
time UHII change is dependent on the location to identify night-time HWEs. During urban
hot nights, night-time UHII is increased (Figure 5.2 a,b), similar to hot days (Figure 5.1).
Contrasting, for rural hot nights night-time UHII is significantly reduced (Figure 5.2 c,d),
with the strongest effect of all cases investigated (daytime/night-time, urban/rural).

During rural hot nights, weather conditions are distinctly different compared to urban hot
nights and hot days (Table 5.1). More precipitation, higher cloud-cover fraction, and higher
wind speed than during normal conditions lead to UHII reduction (Table 5.1, Paper IV
Figure 5). Further, these episodes are also more humid, contributing to reduced UHIIs
(Scott et al., 2018).

In Paper IV it is also shown that at urban locations most hot nights follow hot days (Paper
IV Figure 6). Therefore, UHII change during both types of HWEs is similar. The urban
population of Berlin is hence more exposed to potentially hazardous atmospheric conditions
than rural populations. High night-time T hinders recuperation of the human body after
high daytime T (Clarke, 1972; Laaidi et al., 2012).

Summarising, definitions of HWEs using daytime T for identification are less influenced
by the choice of location to identify HWEs. Using night-time T leads to contrasting UHII
change, even for the same city. This finding explains some of the seemingly contrasting
evidence between other studies (e.g. Li et al., 2015; Ramamurthy and Bou-Zeid, 2017; Zhao
et al., 2018; Scott et al., 2018; Rogers et al., 2019; see also Paper IV section 3.3). Paper
IV shows that, comparable to Paper I, the choice of study design can have a determining
influence on results. While our study is limited to Berlin, it underscores the need for further
studies investigating multiple cities with the same or similar systematic approach.
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PRWS

PRWS

Figure 5.2: UHII and UHII change (∆UHII) during normal conditions (NC), and (a, b) urban
and (c, d) rural hot nights (HWE) during 2015–2018, May–September. UHII quantification
using (a, c) PRWSs and (b, d) CWSs during daytime (13-16 h UTC+1) and night-time (01-04 h
UTC+1). See Figure 5.1 for further explanations. Figure adapted from Paper IV.

Paper IV also emphasises that weather conditions strongly determine UHII and UHII change.
Hence, potentially changing weather conditions due to climate change will determine fu-
ture UHIIs (Chapman et al., 2017b). Yet, projected future UHIIs remain relatively uncertain
(Chapman et al., 2017b). Likely causes are modest capabilities of GCMs to simulate clouds
(IPCC, 2013), high variability between GCMs and regional climate models (RCMs) concern-
ing precipitation (Hawkins and Sutton, 2011; Matte et al., 2019), and since projected changes
in soil moisture are not robust for many regions of the world (IPCC, 2013). Soil moisture
impacts UHIIs (Runnalls and Oke, 2000; Chow and Roth, 2006; Schatz and Kucharik, 2014),
HWEs (Fischer et al., 2007; Hirschi et al., 2010; Lorenz et al., 2010; Miralles et al., 2014;
Zschenderlein et al., 2019), and UHIIs during HWEs (Li et al., 2015; Ramamurthy and Bou-
Zeid, 2017; Zhao et al., 2018). Multi-model studies using an ensemble of GCMs and RCMs
are crucial for robust results concerning projected HWs (e.g. Beniston et al., 2007; Vautard
et al., 2013; Lhotka et al., 2018b; Feron et al., 2019), and UHIIs (during HWs) (e.g. Lauwaet
et al., 2015; Grossman-Clarke et al., 2017; Wouters et al., 2017).

Yet, even if UHII remained unaltered in the future, mitigation strategies and emission reduc-
tions are needed to counteract the effects of global warming and urbanisation (Georgescu
et al., 2013; Sun et al., 2016; Wouters et al., 2017; Krayenhoff et al., 2018). In this respect,
the term UHII might be less relevant as the target quantity for mitigation measures against
urban heat, but rather absolute T values (Martilli et al., 2020). Global and regional T will
likely increase, as will the occurrence of HWs (cf. chapter 1).
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Chapter 6

Local climate zone variability of air
temperature

This chapter focuses on intra-urban differentiation of T, applying the LCZ concept in com-
bination with data from PRWSs and crowdsourced CWSs. Specifically, distribution of CWSs
among LCZs, inter-LCZ T differences, and intra-LCZ T variability are investigated, and
aspects concerning the applicability of CWS data for LCZ investigations are discussed.

The author’s contributions to this paper (Paper V) were the design of the study (with co-
authors), LCZ mapping, compilation of atmospheric data (with co-authors), quality control
of PRWS and CWS data (with co-authors), coding of data analyses and visualisations, statist-
ical analyses, analysis and interpretation of results (with co-authors), creating graphics and
tables, writing of manuscript, revision of text after corrections by co-authors, and revision
of manuscript after peer-review.

6.1 Local climate zone mapping and distribution of stations

Using remote sensing data and free software, a LCZ mapping was conducted for the study
region. The mapping approach applied is a supervised classification method for LCZs
(Bechtel and Daneke, 2012; Bechtel et al., 2015), being part of the ‘World Urban Database
and Access Portal Tools’ (WUDAPT, Ching et al., 2018). This initiative aims at collecting,
storing, and distributing information on the form and function of cities world-wide in a
consistent manner. Though this type of LCZ mapping is dependent on the classifier, with
the challenges associated with that (Bechtel et al., 2017; Verdonck et al., 2019), it offers the
possibility to classify basically every (urban) region on the globe (Bechtel et al., 2019a,b;
Demuzere et al., 2019a,b). This makes the overall approach of this study (analysis of T
in LCZs using CWS data) transferable to other cities. The final LCZ map for Berlin was
evaluated, showing an overall consistent and correct classification (Paper V Appendix B).

The generated LCZ map for Berlin and surrounding region is depicted in Figure 1.1, display-
ing that around the city forests (LCZ A – dense trees) and open agricultural land (LCZ D –
low plants) dominate. Within the city, open low-rise neighbourhoods (LCZ 6) surround the
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more densely built-up areas of the city centre of LCZs 2 and 5 (compact and open midrise,
respectively).

For this study (Paper V), a one-year data set of crowdsourced CWS T data for the year
2015 was analysed, in addition to data from a multitude of PRWSs. CWS T data were
quality-controlled according to the QC procedure developed in Paper II. The CWSs are not
distributed equally among LCZs. Almost all CWSs are located within built-up areas (Paper
V Figure 4). This was also noted in Paper II using the CORINE data set (Büttner et al.,
2012), and also reported for London, UK (Chapman et al., 2017a), and for Vienna, Austria
(Hammerberg et al., 2018). For the study region, all classified ‘urban’ LCZs (2 to 9) are
covered by CWSs. Contrasting, only few CWSs are located in the classified ‘natural’ LCZs
(A to G, e.g. forests or urban parks). This highlights that an integrative approach combining
PRWSs and CWSs is useful for urban climate studies to obtain a holistic picture. PRWSs
better cover natural locations, both within the city (e.g. urban park) and in rural surround-
ings, while CWSs better capture built-up areas, where traditional observation networks are
usually with low density (Muller et al., 2013).

6.2 Air temperature characteristics of and differences between
local climate zones

Based on CWS and PRWS T data, LCZ 2 is the ‘most urban’ LCZ in Berlin with generally
highest mean monthly T, while LCZ B shows lowest T (Paper V Table 2). Along the an-
nual cycle, CWS data show generally good agreement to PRWS data with monthly means
between both networks ≤ ±0.3 K during the majority of months. Larger differences up to
1.0 K occur between May to August (Paper V Table 2). For annual mean values, differences
between the two networks are ≤ ±0.2 K for most LCZs (except LCZ 4 and 6, Paper V Table
2), which is below sensor accuracy. This highlights the applicability of CWS data for de-
riving long-term averages when aggregated across many sites. This also applies to annual
mean ∆T between LCZs (Paper V Table 3), which is similar between CWSs and PRWSs
(≤ ±0.3 K for almost all LCZ pairs). Moreover, crowdsourced CWS data also capture tem-
poral variability of T along months and the annual cycle (Paper V section 4.4).

Statistically significant night-time ∆T are detected with CWS data between various LCZ
pairs, particularly for structurally dissimilar LCZs (Figure 6.1). However, ∆T is not only
statistically significant between ‘urban’ and ‘rural’ areas, indicating an UHI effect, but also
between inner-city ‘urban’ LCZs, thus showing intra-urban differentiation of T among LCZs.
LCZ 2 shows significant ∆T to any other LCZ except LCZ 4 and 8, which contain only one
or two CWSs (Figure 6.1, also Paper V Figure 7).

Highest ∆T is found for night-time and during warmer months of the year, which is in line
with other studies in mid-latitude cities (e.g. Yagüe et al., 1991; Morris et al., 2001; Fortuniak
et al., 2006; Parlow et al., 2014; Skarbit et al., 2017; Beck et al., 2018). Daytime ∆T on the
other hand is only significant in November and December for few LCZs (Paper V Figure 7b),
otherwise daytime T is similar with no statistically significant differences between LCZs. As
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Figure 6.1: Annual cycle of night-time (4-7 hours after sunset UTC+1) air temperature differ-
ences (∆T) between LCZ 2 and different other LCZs (LCZ y) for (a) PRWSs and (b) CWSs in
2015. Displayed are mean values across all sites per month and LCZ. Statistical tests (two-sided
Wilcoxon-Mann-Whitney test) only applied to CWS data. Figure adapted from Paper V.

shown in Paper I and Paper IV, this underlines that the (urban) atmosphere is well mixed
at daytime, leading to marginal differences in T on the local and meso scale, found also for
other cities (e.g. Clarke, 1972; Oke, 1982; Fortuniak et al., 2006; Erell and Williamson, 2007;
Skarbit et al., 2017).

The large number of CWSs enables to meaningfully apply statistical tests for determining
statistically significant ∆T between LCZs, while considering intra-LCZ T variability. This
indicates a benefit of crowdsourced CWSs over PRWS networks, which usually have only
one or very few stations per LCZ, inhibiting application of statistical tests.

During ‘ideal days’ with low wind speed, low cloud-cover fraction, and no precipitation,
differences between LCZs are larger, as are differences in T and ∆T between CWSs and
PRWSs (≥ ±0.7 K and up to 2.9 K, Paper V Table 4). Such weather conditions promote dis-
tinct UHIIs and/or LCZ differences (e.g. Parry, 1956; Oke, 1973; Magee et al., 1999; Morris
et al., 2001; Erell and Williamson, 2007; Arnds et al., 2017; van Hove et al., 2015; Beck et al.,
2018), and are typical for urban HWEs (as shown in Paper IV). The finding that T differences
between PRWSs and CWSs are higher during ‘ideal’ conditions was also reported by Chap-
man et al. (2017a) for London, UK. Design flaws of the Netatmo CWS that lead to radiative
errors during such conditions are one possible reason. High solar radiation in combination
with low wind speeds can lead to overheating of the sensor, an issue also reported for other
types of CWSs (Bell et al., 2015; Cornes et al., 2020). Yet, as the data applied in our study
were quality-controlled and since the analyses concerning ‘ideal’ days were carried out for
night-time, in the absence of solar radiation, more research is needed to understand the
differences found. Dense PRWS networks are indispensable in this respect, acting as test
beds for crowdsourced data (Chapman et al., 2015; Warren et al., 2016).

6.3 Air temperature variability within local climate zones

With the large number of CWSs T conditions on even finer spatial scales than the local scale
could be analysed (Paper V section 3.3). The detected intra-LCZ T variability is generally
larger during night-time than during daytime (Figure 6.2, also found by Skarbit et al. (2017)

29



6. Local climate zone variability of air temperature

Figure 6.2: Air temperature (T) distribution for (a) daily mean, (b) daytime (13-16 h UTC+1),
and (c) night-time (4-7 hours after sunset UTC+1) per LCZ for CWSs and PRWSs in August
2015. The number of stations per LCZ is displayed below the top axes. Figure adapted from
Paper V, altered.

for Szeged, Hungary, and Houet and Pigeon (2011) for Toulouse, France, the latter applying
the concept of urban climate zones (Oke, 2006), a predecessor of LCZs). Further, intra-LCZ
T variability is higher during summer than during winter months (Paper V Figures 5 and 6).
LCZs 2, 5, and 6 display similar T variability in some months, though LCZ 6 typically shows
highest variability, also reported by Skarbit et al. (2017), and Kwok et al. (2019) for Toulouse,
France, with model data. Leconte et al. (2015) also noted high intra-LCZ T variability with
mobile measurements, especially for LCZs with heterogeneous urban fabric. In Paper V it
was also found that the more stations are located in one LCZ, the higher the T variability,
for some LCZs up to several K per LCZ. Intra-LCZ T variability often exceeds inter-LCZ T
differences in Berlin, also found by Shi et al. (2018) for Hong Kong, China. For all ‘urban’
LCZs, ranges of TCWS encompass TPRWS (Figure 6.2).

As LCZs have a certain range in the parameters describing surface cover and morphology
(Stewart and Oke, 2012), intra-LCZ T variability can be expected. Arguably, differences
concerning exposure of the sensor, surface cover, anthropogenic heat sources, and shading
effects contribute to the observed variability (Skarbit et al., 2017; Quanz et al., 2018; Shi et al.,
2018; Kwok et al., 2019). Besides, advective processes from neighbouring LCZs of different
characteristic contribute to intra-LCZ T variability (Quanz et al., 2018; Kwok et al., 2019).

Especially for CWSs, the siting of stations contributes to the large variability that was found
in Paper V. Most CWSs are likely influenced on the micro scale due to their location on
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6.3 Air temperature variability within local climate zones

balconies, window sills, or within courtyards (Bell et al., 2013). While such locations are part
of the (urban) T distribution, they are not representative for local-scale conditions (Lehnert
et al., 2015; Quanz et al., 2018). Using CWSs in local- or meso-scale investigations thus comes
with the challenge to treat results from individual CWSs carefully, as they might actually
represent micro-scale conditions (Bell et al., 2013). In absence of additional metadata in
crowdsourced Netatmo data this is difficult, if not impossible, to determine. Metadata
issues of crowdsourced CWS data remain as one of the biggest challenges with this type of
data (Chapman et al., 2017a).

However, spatial averaging over many stations or locations is meaningful for LCZ analyses
(Stewart et al., 2014; Leconte et al., 2015) and provides comparable values for CWS data
to PRWS data. This corresponds well with the notion that a combination of smaller scale
features, here micro-scale effects at individual stations, lead to characteristics on a larger
scale, here the local scale (Oke, 2006).

Another aspect of the observed intra-LCZ T variability worth noting is linked to the meso
scale. In this analysis (Paper V), all stations falling into the same LCZ were grouped to-
gether, independent of where in the study region they are located (city centre or periphery).
However, stations at the periphery could be affected by a cool country breeze or generally
lower T conditions (Skarbit et al., 2017). Kwok et al. (2019) reported decreasing T within
LCZs with the distance to the city centre in Toulouse with model data, being also related to
a change in morphological parameters. For the study region, Fenner et al. (2014) estimated
a meso-scale effect of the city on T to be at least 0.3 K. Further analyses, making use of
the large number of CWSs and also investigating other cities, would be of high value to
better understand the interplay of the different spatial scales in LCZ analyses. This might
also enable an extension of the LCZ scheme for a better discrimination of similar local-scale
locations, located in different meso-scale settings. Additionally, the high density of CWS
networks could enable analyses of advective processes, similar to investigations by Bassett
et al. (2016).
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Chapter 7

Conclusions and perspectives

This thesis addressed HWEs and urban thermal climates in Berlin, aiming at analysing
various aspects of both topics. These ranged from long-term analyses of HWs over 125
years, over methodological aspects concerning HWEs and their effect for UHII, to intra-
urban analyses of T. An integrative approach that combined multiple different sources
and types of ground-based T measurements was selected for multi-scale investigations. A
central part here was the utilisation of crowdsourced CWS data.

Concerning the first research question, it was found that occurrence and duration of HWs
have increased in the study region with an overall consistent picture across the applied
HW definitions. However, uncertainty in concrete numbers of long-term changes of HW
characteristics due to different definitions and trend estimation methods was large. Due to
the UHI effect, which is most prominent during night-time in Berlin, HW definitions based
on Tmin and Tmean detect more and longer HWs within the city than in peripheral regions.
This underlines a strong connection between both topics of this thesis. Paper I further
highlighted different aspects that need consideration in investigations of HWs, not only in
urban regions. While the selection of a definition that is most appropriate for the question
under investigation is crucial, a unified framework in which to report on HW characteristics
should be applied (Perkins, 2015). An open question that needs further investigation con-
cerns the transferability and consistency of urban-rural HW contrasts, related to the applied
variable to identify HWs, found in this work. An investigation of multiple cities in different
climate zones would be of high value in this respect. Another investigation focusing on the
study region could help to answer the question how strong the detected long-term trends
in HW characteristics are related to global and regional climate change, in comparison to
urbanisation.

One important aspect of the integrative approach of this thesis was related to the ques-
tion if and how crowdsourced T data from CWSs can be used for urban climate research.
While comparative measurements of individual CWSs against reference devices showed
convincing quality of the type of CWS used concerning T, several issues and errors in the
crowdsourced data set require targeted QC methods. Two QC procedures concerning T
were developed and comprehensively evaluated, one using data from PRWSs (Paper II), the
other identifying suspicious CWS measurements solely based on the crowdsourced data set
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7. Conclusions and perspectives

itself (Paper III). Since publication of Paper II and Paper III a number of studies developed
and applied other QC procedures for T data from CWSs (e.g. Clark et al., 2018; Hammer-
berg et al., 2018; Cornes et al., 2020; Mandement and Caumont, 2020; Nipen et al., 2020).
It could be worth applying and comparing all different QC procedures in a unified study
to investigate possible differences in the filtered CWS data set. This could help to identify
specific filter steps that work best, to subsequently enhance existing, or develop new QC
procedures.

In the analyses of Paper IV and Paper V it was shown that crowdsourced CWS T data
provide reliable information on different temporal scales (from hourly data to multi-annual
means), as well as on various spatial scales (micro, local, and meso scale). In this way, CWSs
are currently the only way to detect the large spatial heterogeneity of urban T with obser-
vations over time periods spanning several years. At the same time, high-density PRWS
networks of high quality are indispensable for assessment of crowdsourced data. Many is-
sues concerning this kind of innovative data have not been solved yet. Most importantly in
this respect are missing metadata and siting of CWSs (Chapman et al., 2017a). Regarding
metadata it remains on open question how to overcome this for Netatmo data, crowdsourced
via the company’s API. Some platforms that collect CWS data provide the opportunity for
CWS owners to include additional station information (e.g. Weather Observation Website,
http://wow.metoffice.gov.uk/). This requires active participation of the owners and so far
Netatmo has not included comparable features in their application. Yet, such a step towards
active citizen science would enhance their crowdsourced data for scientific applications and
enable further data quality assessments, and better interpretation of results.

An important aspect of CWSs in relation to urban thermal climate investigations concerns
their local- to meso-scale settings. Since they are mostly located close to buildings and
habitation, true ‘rural’ T measurements are missing, as well as measurements in natural
locations within the city. This emphasises the need for PRWSs to cover such locations.
PRWS networks are also crucially needed for validation of numerical atmospheric models
in urban applications with high spatial resolution (e.g. Kuik et al., 2016; Bassett et al., 2017;
Jänicke et al., 2017; Ronda et al., 2017), which were not part of this thesis. Due to their
high spatial density, CWS networks could also be used for model validation (Muller et al.,
2015). Hammerberg et al. (2018), e.g., used crowdsourced CWS data of T for validation of
a meso-scale model in an urban application in Vienna, Austria. Further, CWS data could
also be used in operational weather monitoring (de Vos et al., 2019) or operational weather
prediction (Nipen et al., 2020).

Addressing the third research question concerning UHII change during HWEs, it was shown
that again, as in Paper I, methodological aspects can have a determining influence on out-
comes and can even lead to contrasting results. UHII change during HWEs is dependent on
the type of definition to identify these episodes (identification via daytime vs. night-time
conditions, and via urban vs. rural locations). This dependence is linked to the preval-
ent weather conditions, which influence UHII, and which determine UHII change during
HWEs. The systematic approach that was applied in Paper IV enabled to identify which
combination of identification method leads to contrasts in UHII change, explaining also
some of the seemingly contrasting results found in other studies. Yet, a comprehensive re-
view of the available body of literature could further strengthen the results, and identify
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common causes of UHII change in multiple cities. Such a review is currently ongoing work.
Paper IV further highlighted that urban thermal climate conditions lead to hottest nights
following hottest days in Berlin, which is highly relevant for heat-health risks of the urban
population. However, indoor climate conditions were not considered, which are important
for the assessment of health risks due to heat (e.g. Walikewitz et al., 2018).

For the last research question the concept of LCZs was used to investigate intra-urban dif-
ferentiation of T. A differentiation between LCZs was detected using PRWS and CWS data,
being in line with other studies for mid-latitude cities. Differences between LCZs were espe-
cially pronounced during night-time and the warmer months of the year. The large number
of CWSs per LCZ enabled to apply statistical tests to determine statistically significant dif-
ferences between LCZs, while considering intra-LCZ T variability. Intra-LCZ T variability
was considerable and often larger than inter-LCZ T differences. Paper V highlighted that
CWS data provide especially robust results for LCZ analyses if many CWSs per LCZ are
available, and for longer time periods (e.g. one month). Spatial and temporal averaging
reduces the influence of individual measurements in the crowdsourced data set that might
be faulty. Even after the applied QC procedures some possibly faulty measurements remain
and hence further development of QC methods would be beneficial. As only T measure-
ments were used in the investigations of Paper V, further analyses investigating LCZs with
crowdsourced CWS data could focus on other atmospheric variables that are measured by
CWSs, such as humidity or wind.

While T characteristics in LCZs were investigated in this thesis, subsequent work to further
analyse spatial heterogeneity of urban T with CWS data could focus on relations of T and
∆T to underlying surface properties (e.g. building surface fraction, sky view factor). This
could also help to understand observed UHII changes during HWEs, linked to differences
in site conditions (Zhou and Shepherd, 2010; Scott et al., 2018). Finally, another uninvestig-
ated aspect concerns the applicability of crowdsourced CWS data to spatially resolve hazard
conditions (e.g. T) in HWE risk assessments of urban areas (e.g. Papathoma-Koehle et al.,
2016; Savić et al., 2018). Since CWSs are located close to where people live, they might better
capture potentially hazardous atmospheric conditions that (urban) populations are exposed
to than traditional measurement locations. Crowdsourced data such as those from CWSs
or smartphones could also enable, or at least support, future research in rapidly growing
cities in less prosperous regions of the world (Muller et al., 2015). Obtaining data for such
cities remains a major challenge in modern urban climatology (Mills, 2014). In combination
with unified efforts such as the ‘WUDAPT’ initiative to obtain spatial information on form
and function of cities (Ching et al., 2018), new research pathways concerning urban climate
investigations on a global scale are possible. At the same time, more sophisticated meas-
urements than those obtained via crowdsourcing, e.g., concerning turbulent heat fluxes or
vertical profile measurements, are also needed to understand underlying processes of ob-
served phenomena (Grimmond et al., 2010; Mills, 2014). This underscores the necessity, but
also the benefit of integrative approaches that combine different types of observational data
to comprehensively investigate and understand urban climate phenomena.

Summarizing, this thesis shows large potentials, but also (current) limitations of crowd-
sourced T data from CWSs for urban thermal climate investigations. Crowdsourcing could
and will likely play an important role in the future in (urban) atmospheric sciences, yet
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the complete replacement of traditional sources of atmospheric data by crowdsourcing will
rarely happen (Muller et al., 2015). Further, the analyses of this thesis underscore the de-
termining influence of methodological aspects in the definition and identification of HWEs
for results. For analyses concerning UHII change during HWEs, methodological aspects
regarding HWE identification might actually provide opposing results. This has also direct
implications for heat-health warning systems. And while the investigations of this thesis
where only carried out for one urban region, they allowed analyses of a variety of aspects
regarding urban thermal climates and HWEs, addressing different spatial and temporal
scales. Investigating other cities in a comparable manner in future research may help to
generalise some of the findings, as well as to find answers to the open questions discussed
above.

Concluding, frequency, duration and intensity of HWEs are projected to increase in the fu-
ture. In combination with urban thermal climates worsening atmospheric conditions for
the population during HWEs, this underscores the need for cities to develop and imple-
ment effective and specifically tailored action plans, warning systems, and adaptation and
mitigation measures to reduce negative impacts of HWEs. However, the specifics of urban
(thermal) climates alone, not only in combination with HWEs, affect urban populations
on a daily basis and call for mitigation measures (Hebbert and Jankovic, 2013; Janković,
2013). Application of urban climate knowledge and comprehensive climatic assessments in
urban planning and design is required, though this is seldomly done (de Schiller and Evans,
1990/1991; Eliasson, 2000; Mills et al., 2010; Ren et al., 2011; Mills, 2014). Hence, there is a
high need for inter- and cross-disciplinary efforts with knowledge transfer between scientific
disciplines, urban planning, and policy making (Grimmond et al., 2010; Mills et al., 2010).
This remains, however, a major challenge yet to be overcome (Hebbert and Mackillop, 2013;
Mills, 2014). In spite of this, since cities are drivers of global climate change and especially
affected by it, they become increasingly important actors to tackle global climate change
(Janković, 2013). Hence, they act as drivers for a change towards resilient and sustainable
societies.
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Heat waves (HWs) are natural hazards characterised by episodes of hot weather.
However, in the absence of a universal definition a wide variety of definitions is
applied. In this study, ten different air temperature (T) based HW definitions are
applied to the urban region of Berlin, Germany, to investigate and compare the
occurrence and duration of HWs, and their long-term trends from 1893 to 2017.
We studied how long-term trends depend on different definition of HWs, as well as
if long-term mean values and trends differ between inner-city and peripheral loca-
tions of Berlin. Generally, results show significant increases in HW occurrence and
duration for most definitions, although large differences exist between them. Tem-
poral agreement between the definitions is low, 15 episodes in 125 years are identi-
fied by all definitions as HWs. Inner-city regions of Berlin are subject to more
frequent and longer HWs than peripheral regions, if definitions based on daily min-
imum or mean T are applied. Results also show that trend estimations of HW char-
acteristics for HW definitions with “extreme” values for their detection criteria
(e.g., in terms of duration or threshold) are highly sensitive to the applied method.
We conclude that depending on the question under investigation, different HW def-
initions might be optimal and hence attempts for the development of “universal”
definitions need to take this into account.

KEYWORDS

air temperature, Berlin, climate change, definition, heat wave, Potsdam, trend,
urban heat island

1 | INTRODUCTION

Heat waves (HWs) are natural hazards causing adverse
effects among different societal sectors such as human
health, agriculture, forests, and infrastructure (Smoyer-
Tomic et al., 2003). In Europe, for example, HWs cause
more human fatalities than any other natural hazard (period
1998–2009; European Environment Agency (EEA), 2010).
As many studies have shown, the occurrence of HWs has
increased until today (e.g., Alexander et al., 2006; Moberg
et al., 2006; Della-Marta et al., 2007a; Perkins et al., 2012;
Russo et al., 2014; Kim et al., 2018; Piticar et al., 2018).
Other studies show further increase for the coming decades
in HW frequency, duration, and magnitude due to projected

global climate change (e.g., Meehl and Tebaldi, 2004;
Beniston et al., 2007; Koffi and Koffi, 2008; Fischer and
Schär, 2010; Russo et al., 2014; 2015; Zacharias et al.,
2015; Kim et al., 2018; Lhotka et al., 2018a).

However, due to the variety of societal sectors affected
by HWs, no universally accepted definition of a HW exists,
and a multitude of definitions is employed. Despite this dis-
agreement, HWs are understood to be sustained periods with
high or higher-than-normal air temperatures (T). The identifi-
cation of such periods is typically based on the exceedance of
a threshold value for a certain period of time. Most defini-
tions can be differentiated by the applied parameter, for
example, T or a combined index including other variables,
the threshold, and the minimum duration (Smith et al., 2013).
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Further, thresholds for HW identification can be differenti-
ated between absolute thresholds, or relative thresholds as a
deviation from normal conditions (Robinson, 2001).

Several studies investigated long-term trends in HW
characteristics (e.g., occurrence, duration), spanning an
entire century or even more, but applying only one definition
(e.g., Kyselý, 2002; Della-Marta et al., 2007a; Tomczyk,
2018). Others investigated different definitions over a period
of multiple decades, indicating that results in spatial HW
patterns and temporal trends depend to some degree on the
definition (e.g., Perkins et al., 2012; Perkins and Alexander,
2013; Smith et al., 2013). However, there is a lack of
research investigating how observed long-term trends in HW
characteristics of more than a century are sensitive to differ-
ent definitions. Understanding observed trends is of high rel-
evance regarding projected future trends. The choice of
definition in such long-term analyses may have a strong
influence on the results, and thus on the conclusions drawn
about past and possible future changes in the occurrence
of HWs.

This study aims at closing this gap by an investigation
and comparison of HW definitions solely based on T to iden-
tify and characterise hot-weather episodes. The aim is nei-
ther to review all available definitions, nor to identify or
develop a “best”, but to exemplarily select several defini-
tions that are frequently used. The study area of Berlin, Ger-
many, and surrounding region was chosen for this case
study since a homogeneous data set of T observations is
available for a station located in the periphery of Berlin since
1893, at site Potsdam, also used in a recent study by Tomc-
zyk (2018). Further, T observations at an inner-city location
are available since 1948, allowing the investigation of possi-
ble differences in HW characteristics and trends between an
inner-city and a peripheral location, both located in the same
mesoscale setting. Cities are especially vulnerable to HWs,
affecting many people. Furthermore, the “urban heat island”

(UHI) effect, that is, generally higher T within the city in
comparison to non-built-up surroundings (e.g., Oke, 1982),
leads to an enhancement of HW occurrence (Tan et al.,
2010), and to synergistic interactions between UHI and
HWs (Li and Bou-Zeid, 2013; Li et al., 2015).

The main objective of this study is to investigate long-
term trends in HW characteristics in Berlin and Potsdam,
and how they depend on the applied definition, focusing on
T-based definitions. The following research questions are
addressed:

1. To what extent do the long-term statistics and trends in
HW occurrence and duration depend on the HW defini-
tion in the past 125 years?

2. How well do the different definitions agree in terms of
identified events?

3. Do long-term mean values and trends differ between
inner-city and peripheral locations of Berlin?

2 | DATA AND METHODS

The investigation area of the study is Berlin and surround-
ings, located in eastern Germany (52.52�N, 13.40�E;
Figure 1a). The overall topography of the region is relatively
flat, central parts of Berlin are at approximately 30 m above
mean sea level (amsl). According to Köppen’s classification
Berlin’s climate is characterised as a humid warm temperate
climate (Cfb) (Kottek et al., 2006). Surrounding Berlin lies
the federal state of Brandenburg with mainly agricultural
land and forests (Figure 1b). At the end of 2015, Berlin had
close to 3.5 million inhabitants (Amt für Statistik Berlin-
Brandenburg (ASBB), 2017a). The population and the built-
up area of the city increased especially at the end of the 19th
and the beginning of the 20th century, from close to two mil-
lion inhabitants in 1890 to over four million by 1925 (Amt
für Statistik Berlin-Brandenburg (ASBB), 2017a). Bordering
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FIGURE 1 (a) Location of study area Berlin, (b) location of measurement sites in and around Berlin. Land cover in (b) according to CORINE 2012, v18.5,
the black line denotes the city border of Berlin
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Berlin in the southwest lies the city of Potsdam (52.40�N,
13.06�E, distance to city centre of Berlin approximately
25 km), with close to 170,000 inhabitants at the end of 2015
(Amt für Statistik Berlin-Brandenburg (ASBB), 2017b).

2.1 | Data

2.1.1 | Climate data

Air temperature (T) data with daily resolution were used
from two synoptic weather stations operated by the
Deutscher Wetterdienst (DWD) as provided by the DWD
(DWD Climate Data Center (CDC), 2018).

Data records from site Potsdam (POTS, 52.3812�N,
13.0622�E, 81 m amsl, Figure 1b) start on January 1, 1893.
The site is located on top of the “Telegrafenberg” hill, south
of the city of Potsdam, at the periphery of the urban agglom-
eration of Berlin. The hill is vegetated by deciduous and
evergreen forest, and several office buildings are located on
top of the hill. Some buildings were built at the end of the
19th century, new buildings were constructed in the 1990s.
The measurement site is located on an open grass area (size
approximately 4,100 m2).

The investigated time series are part of the “saecular sta-
tion” Potsdam (“Saeculum”—Latin for “century”), a station
that is maintained to provide climate data as homogeneous
as possible. The data set is exceptional for climate research
since no relocation, change in instrumentation, or change in
observing practices took place since 1893, factors that could
introduce non-climatic inhomogeneity (Trewin, 2010). Three
T measurements are taken each day at the “Mannheimer
hours” at mean local time (0708, 1408, 2108 UTC + 1) with
a mercury-in-glass thermometer inside a Stevenson screen at
2 m height above ground level. Daily maximum (Tmax) and
minimum T (Tmin) are measured with a mercury-in-glass
thermometer and an alcohol-in-glass thermometer, respec-
tively, and are valid for the period from 2108 UTC + 1 of
the previous day to 2108 UTC + 1 of the actual day. Daily
mean T (Tmean) is the weighted mean value of the three daily
T observations with the reading at 2108 UTC + 1 counting
twice.

Additionally, data from the second site Berlin-
Tempelhof (TEMP, 52.4675�N, 13.4021�E, 48 m amsl,
Figure 1b) were analysed. This station is centrally located in
the city on a former airport, approximately 2.5 km south of
the city centre and provides data at daily resolution since
January 1, 1948 (DWD Climate Data Center (CDC), 2018).
The station was relocated four times, along with changes in
instrumentation and observing practices (cf., Table S1, Sup-
porting Information). Today, TEMP is located in the south-
ern area of the former airfield (distance to airfield border
approximately 200 m). Neighbouring the airfield to the
south lies a district of mixed land use with residential areas,
gardens, and industrial buildings with warehouses. Other-
wise the former airfield (diameter > 1.5 km) is surrounded
by residential areas, mostly of compact building structures

up to five storeys high, and an urban park in the northeast.
Since 2008, T is measured at 2 m above short grass by an
actively ventilated T and humidity probe (Eigenbrodt
LTS2000, accuracy ±0.2 K). Before that, T was measured
inside a Stevenson screen with similar instruments as at
POTS, and Tmax, Tmean, and Tmin were derived as described
above. Since 2001, Tmean is the arithmetic mean of at least
21 hourly measurements per day, Tmax and Tmin are mea-
sured directly.

Figure 2 displays the temporal evolution of T during the
warm season (May–September) from 1893 to 2017 at POTS,
showing an increase of more than 1 K in the past century.
For all three T variables a significant positive trend is
detected, Tmean and Tmin showing the strongest trend. Tmin

displays a weaker year-to-year variability (temporal standard
deviation σ = 0.8 K) in comparison to Tmean (σ = 0.9 K)
and to Tmax (σ = 1.1 K). Mean T differences between TEMP
and POTS for the warm season (1948–2017) are 0.2, 0.7,
and 0.3 K for Tmax, Tmean, and Tmin, respectively. Note that
the difference for Tmean is larger than for Tmin and Tmax, indi-
cating that the urban influence onto T is most pronounced
for Tmean in Berlin. This is possibly due to the UHI effect
being strongest a few hours after sunset (Oke, 1982; Chow
and Roth, 2006; Fenner et al., 2014) and thus around the
time when the third daily T reading is done (at 2108 UTC
+ 1), which is used twice in the calculation of Tmean, and not
in the early morning or in the afternoon when Tmin and Tmax,
respectively, usually occur.

2.1.2 | Risk data

For the application of two HW definitions risk data are
required, that is, population counts and death counts. Popu-
lation counts on an annual basis (each year on December 31)
and all-cause death counts at daily resolution for Berlin were
provided by the Berlin-Brandenburg statistical office for the
time period 1990–2011. Population counts were linearly
interpolated to daily values.
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p
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FIGURE 2 Warm season (May–September) mean values of air
temperature (T) at site Potsdam for daily maximum (Tmax, red line), daily
mean (Tmean, black line), and daily minimum T (Tmin, blue line). A linear
trend (dashed lines) was estimated for each T variable according to Sen
(1968). Trend significance was evaluated with the Mann–Kendall test
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2.2 | Methods

2.2.1 | Quality control for climate data

Climate data were quality-controlled applying the
“ExtraQC” procedures (Aguilar and Prohom, 2013), imple-
mented in the “ClimPACT2” software package (Alexander
and Herold, 2016). These procedures were developed for
Tmax and Tmin (and precipitation) and consist of several steps
to identify:

1. Outliers (data outside range between monthly 25th per-
centile minus 3*inter-quartile range [IQR, that is, differ-
ence between 75th percentile and 25th percentile] and
75th percentile plus 3*IQR).

2. Rounding errors (occurrence of decimal steps).
3. Implausible values (Tmin ≥ Tmax, T > +50�C, T

< −50�C).
4. Duplicate dates.
5. Large increases or decreases from 1 day to the next

(absolute difference ≥ 20 K).
6. Identical values during three or more consecutive days.

The procedures were applied to all three T variables at
both stations. All identified outliers (1) occurred during win-
ter months. They were not excluded since they either
occurred at both stations or because it was not possible to
determine whether they were actually erroneous. Tmean

showed more occurrences of even decimal steps (0.0, 0.2,
0.4, etc.) than uneven steps at both sites, possibly due to
rounding and data storage, but this can only be assumed
since time series of Tmean were provided by the DWD.
Despite three days with implausible values at POTS (twice
Tmean ≤ Tmin, once Tmean ≥ Tmax), for which data were
removed from the respective time series, all-time series were
complete.

2.2.2 | Homogenisation of climate data

When investigating long-term trends in climate data, homog-
enisation is essential to remove artificial inhomogeneity that
could, for example, arise from station relocation or change
in instrumentation. In this study, the “RHtestsV4” routines
(Wang and Feng, 2013) were used with POTS as reference
to adjust the time series at TEMP (Wang, 2008; Wang et al.,
2007), applying Quantile-Matching adjustment (Wang et al.,
2010; Vincent et al., 2012). The time series at POTS are the
perfect reference since no relocation, change in instrumenta-
tion, or observing practices took place. Also, POTS is
located close to TEMP (25 km distance) and daily time
series at both sites are highly correlated (linear Pearson cor-
relation coefficient r > 0.99, p < 0.001). The applied
homogenisation did not take into account the effect of
changing site conditions due to urbanisation, which may also
induce inhomogeneities (Trewin, 2010). Details of the
homogenisation of TEMP data are given in the supporting

information. The quality-controlled and homogenised time
series at both sites were used in all following analyses.

2.2.3 | Heat wave definitions

Ten HW definitions were investigated, of which five
apply Tmax, four Tmean, and one Tmin (Table 1). HW defi-
nitions differ regarding the threshold used. Five
definitions apply a time-varying threshold per calendar
day, which will be called “dynamic” thresholds in the
following. The other five definitions use either a fixed
absolute threshold or a percentile-based threshold based
on the year-round T distribution, called “static” thresholds
in the following. All definitions require a minimum dura-
tion of three days, except for two, which require a mini-
mum duration of six days (HW01 and HW02). They were
included to investigate potential dependencies of such a
strict criterion concerning duration onto the results.
Several studies suggest that a long minimum duration is
not optimal for defining HWs. First, impacts of heat occur
already at shorter periods (Perkins and Alexander, 2013).
Second, a strict criterion may lead to statistical difficulties
when analysing trends due to many zeros in the time
series of HW occurrence (Kiktev et al., 2003; Alexander
et al., 2006; Donat et al., 2013). The two definitions
were nonetheless included as they are also applied in
recently published studies (e.g., Zhu et al., 2017;
Scorzini et al., 2018).

HW01 corresponds to the “warm spell duration index”,
one of the 27 indices developed by the Expert Team on Cli-
mate Change Detection and Indices (ETCCDI). This index
defines a HW as a period of at least six consecutive days
with Tmax > 90th percentile of the Tmax distribution for a
five-day window in a reference period of 30 years, centred
on the respective calendar day.

HW02 is identical to the “heat wave duration index”
(Frich et al., 2002), which defines HWs as periods of at least
six consecutive days with Tmax > 5 K above each calendar
day’s mean Tmax during a reference period.

HW03 (Huth et al., 2000) applies multiple criteria. A HW
is defined as the longest continuous period with (a) Tmax ≥ a
threshold T1 during at least three days, (b) mean Tmax for the
entire period ≥ T1, and (c) Tmax ≥ a second threshold T2 at
each day. The thresholds T1 and T2 were set to 30 and 25 �C,
respectively, according to Huth et al. (2000).

HW04 is identical to HW03 but applying percentile-
based thresholds for T1 and T2. This definition follows
Meehl and Tebaldi (2004), using the 97.5th and 81st percen-
tile of the year-round Tmax distribution in a reference period
for T1 and T2, respectively.

HW05 defines HWs according to Russo et al. (2014;
2015) as periods of at least three consecutive days with Tmax

> 90th percentile of the Tmax distribution for a 31-day win-
dow in a reference period, centred on the respective calendar
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day. HW06 is identical to HW05, but applying Tmin, follow-
ing Russo et al. (2015).

HW07 defines a HW according to the “excess heat fac-
tor” (EHF; Nairn et al., 2009; Nairn and Fawcett, 2015). It is
applied using Tmean and considers the long-term climate con-
ditions and the recent past before a HW, corresponding to
two excess heat sub-indices (EHIs):

EHIsig ¼ Tmean, i + Tmean, i− 1 +Tmean, i+2
� �

=3− Tmean, 95p,

ð1Þ

EHIaccl ¼ Tmean, i + Tmean, i− 1 + Tmean, i− 2
� �

=3− Tmean, i− 3
�

+ Tmean, i− 4 +…+ Tmean, i− 32Þ=30: ð2Þ
Here, Tmean,i is daily mean T at day i and Tmean,95p is the

95th percentile of the year-round Tmean distribution in a ref-
erence period. EHIsig describes the deviation of a three-day
period from the long-term climate, EHIaccl compares the
same period with the last 30 days. Positive EHIaccl indicates
that the period is warmer than the recent past and a lack of
acclimatisation might be present, leading to adverse health

effects among the population (Nairn and Fawcett, 2015). To
obtain EHF, Equations 1 and 2 are combined and a HW is
defined as a period of at least three consecutive days with
positive EHF:

EHF ¼ maximum 1, EHIaccl½ �ð Þ*EHIsig: ð3Þ
HW08 is a modified version of the EHF, recently intro-

duced by the Expert Team on Sector-specific Climate Indi-
ces (ET-SCI) of the World Meteorological Organisation
(WMO) and implemented in the “ClimPACT2” software
(Alexander and Herold, 2016). The modified EHF uses the
90th percentile of the 15-day window Tmean distribution in a
reference period, centred on the respective calendar day,
instead of Tmean,95p (Alexander and Herold, 2016). This ver-
sion of the EHF was recently applied to detect HWs in
Romania (Piticar et al., 2018).

HW09 and HW10 are risk-based definitions, that is,
thresholds were derived from a regional heat-mortality rela-
tionship. Commonly in heat-mortality investigations, a pre-
defined threshold is used, for example, the 95th or 98th per-
centile of the T distribution (e.g., Hajat et al., 2006; Ander-
son and Bell, 2011; Gasparrini and Armstrong, 2011).

TABLE 1 Heat wave (HW) definitions applied. Tmax: daily maximum air temperature (T), Tmin: daily minimum T, Tmean: daily mean T, perc.: percentile.
Corresponding percentiles and T values of the year-round T distribution at site Potsdam during the reference period (RP) 1961–1990 are displayed for
comparison

Definition Variable

Minimum
duration
(day)

Type and value of threshold
(at Potsdam)

Reference for
threshold
calculation Specifics Reference

HW01 Tmax 6 Dynamic; 90th perc. Calendar day with
5-day window in
RP

“Warm spell duration index”
(WSDI), http://etccdi.
pacificclimate.org/list_27_
indices.shtml, for example,
Alexander et al. (2006)

HW02 Tmax 6 Dynamic; calendar-day
mean + 5 K

Calendar-day mean
in RP

“Heat wave duration index”
(HWDI), Frich et al. (2002)

HW03 Tmax 3 Static; T1: 30�C (= 97.7th
perc.)

T2: 25 �C (=89.6th perc.)

Three criteria to be met:
(a) Tmax ≥ T1 (at least 3 days)
(b) mean Tmax ≥ T1
(c) Tmax ≥ T2

Huth et al. (2000)

HW04 Tmax 3 Static; T1: 97.5th perc.
(=29.7 �C)

T2: 81st perc. (=22.0�C)

Year-round
distribution in RP

Three criteria to be met:
(a) Tmax ≥ T1 (at least 3 days)
(b) mean Tmax ≥ T1
(c) Tmax ≥ T2

Meehl and Tebaldi (2004), based
on Huth et al. (2000)

HW05 Tmax 3 Dynamic; 90th perc. Calendar day with
31-day window
in RP

Russo et al. (2014, 2015)

HW06 Tmin 3 Dynamic; 90th perc. Calendar day with
31-day window
in RP

Russo et al. (2014, 2015)

HW07 Tmean 3 Static; 95th perc. (=20.8�C) Year-round
distribution in RP

Based on two sub-indices, cf.,
section 2.2.3

“Excess heat factor” (EHF), Nairn
et al. (2009), Nairn and Fawcett
(2015)

HW08 Tmean 3 Dynamic; 90th perc. Calendar day with
15-day window
in RP

Based on two sub-indices, cf.,
section 2.2.3

Modified “excess heat factor”
(EHF), Alexander and Herold
(2016)

HW09 Tmean 3 Static; 21.0�C (=95.3th perc.) Study-region specific threshold
based on heat-mortality
relationship

Scherer et al. (2013)

HW10 Tmean 3 Static; 23.0�C
(= 98.0th perc.)

Study-region specific threshold
based on heat-mortality
relationship

Scherer et al. (2013)
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However, using a threshold that is derived from a regionally
applied risk model better considers the local characteristics
and regional differences, and is thus recommended when
identifying HWs for heat-related risk assessment (Kim et al.,
2006; Chen et al., 2015; Gao et al., 2015; Ho et al., 2017).
Thus, a modified version of the risk-model developed by
Scherer et al. (2013) was applied to the study area. Details
of the risk model and the application are given in the sup-
porting information. In short, the model identifies heat
events based on the exceedance of a threshold by a hazard
variable, and then calculates linear regressions between
event magnitudes and mean mortality rates during these
events. The calculations are carried out for different thresh-
olds, and thus, no a-priori selection of a threshold is neces-
sary. Tmean was used as variable to characterise the hazard of
hot weather here. Several studies indicate that Tmean is a bet-
ter indicator for heat-related mortality when investigating
heat-related deaths among the population of a city than Tmax

or Tmin, or at least as good as the latter two (e.g., Hajat et al.,
2006; Anderson and Bell, 2009; Barnett et al., 2010; Yu
et al., 2010; Vaneckova et al., 2011; Scherer et al., 2013;
Chen et al., 2015). After the application of the risk model,
two HW definitions (thresholds) were investigated, which
were selected as the “optimal” results: HWs were defined as
periods of at least three consecutive days with Tmean ≥ 21.0
�C (HW09), and Tmean ≥ 23.0 �C (HW10). It could be pro-
posed that these two thresholds distinguish between HWs
with moderate (HW09) and high (HW10) mortality risks,
comparable to the distinction of HWs proposed by Tong
et al. (2014). The percentiles corresponding to the applied
thresholds (Table 1) are similar to percentiles used in other
studies investigating heat-related mortality (e.g., Hajat et al.,
2006; Gasparrini and Armstrong, 2011). Note that the
derived thresholds are representative for present-day heat-
mortality relationships and do not include a possible adapta-
tion among the population to long-term changes in heat
conditions.

An overview of all HW definitions and their details is
given in Table 1.

2.2.4 | Analyses of HWs

HWs were investigated for POTS in the period 1893–2017
and for POTS and TEMP in the period 1948–2017. The ana-
lyses were carried out for the warm season, that is, from
May 1 to September 30. Though this approach may neglect
possible HWs occurring earlier or later, definitions with
dynamic thresholds may otherwise detect HWs that are in
fact “just” warm anomalies, not corresponding to periods
with hot weather. The reference period 1961–1990 was cho-
sen for the calculation of reference percentiles, following
recommendations by the WMO (World Meteorological
Organization (WMO), 2016). All reference percentiles were
only calculated for POTS but applied to both sites. This
enabled the comparison between the two sites to identify

differences in HW characteristics due to the influence of the
city onto T characteristics. If thresholds were calculated for
TEMP separately, based on the station’s own T distribution,
the basis would not be the same and thus comparability with
POTS be hindered.

After identification of HWs, four indices were calculated
per definition on an annual basis to describe HW characteris-
tics, namely number of HWs (HWN), number of HW days
(HWF), and mean (HWDmean) and maximum HW duration
(HWDmax) (Table 2).

Each HW index was analysed in terms of its long-term
trend employing two methods:

1. In the first method, the nonparametric Mann–Kendall
test (Mann, 1945; Kendall, 1948) was applied to identify
a monotonic trend. Due to the sensitivity of the Mann–
Kendall test to the occurrence of autocorrelation (von
Storch, 1999), time series of HW indices were checked
for lag-1 autocorrelations. In case of autocorrelation the
time series was pre-whitened according to the iterative
method by Wang and Swail (2001), removing the trend
before applying the Mann–Kendall test. Linear trend
slopes were estimated using the Theil–Sen method
(Theil, 1950; Sen, 1968), in the following referred to as
the “Sen” method. This method is robust against outliers
and therefore commonly applied when investigating
trends of climatic extremes (e.g., Zhang et al., 2005;
Russo and Sterl, 2011; Perkins and Alexander, 2013).
Sen’s method estimates the trend as follows. First, for
each possible pair of data points in a time series a slope
is calculated. Second, the median of all slopes is taken
as robust estimate of the linear trend. Note that if a very
large number of ties exist in the data, which could hap-
pen in the case of index data such as HWN, Sen’s
method often fails to detect a non-zero slope since the
median value of all slopes is zero. At the same time, the
Mann–Kendall test could still detect a significant trend.

2. The second method for trend estimation uses the
ordinary-least-square (OLS) fitting. This method is also
frequently applied to estimate trends in climate extremes
(e.g., Moberg et al., 2006; Smith et al., 2013; Piticar
et al., 2018). The t test was used to assess the statistical
significance of trends from OLS fitting.

TABLE 2 Heat wave (HW) indices calculated for each HW definition on
an annual basis (after Fischer and Schär, 2010; Perkins et al., 2012,
modified)

Index Name Definition Units

HWN HW number Number of HWs per year 1 a−1

HWF HW frequency Number of all days that belong to HWs
per year

day a−1

HWDmean HW mean
duration

Mean HW duration in each year (not
defined in years without HWs)

day

HWDmax HW maximum
duration

Duration of longest HW in each year
(not defined in years without HWs)

day
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For both methods, trend results are considered significant
on the 5% significance level (p < 0.05). Trends are given as
absolute values per index, as well as in %-change, using the
long-term mean values (1893–2017 or 1948–2017) as basis.
Beside trends, long-term temporal mean values were calcu-
lated for each HW index, as well as the absolute maximum
occurring during 1893–2017. For HWDmean and HWDmax

years without HWs were omitted in these calculations.

3 | RESULTS

3.1 | Long-term statistics and trends during 1893–2017

Long-term statistics for the different HW indices and defini-
tions are given in Table 3, showing between 0.3 (HW01)
and 2.6 (HW09) HWs a−1 on average. Similarly, the other
indices vary considerably across the definitions. The longest
recorded HW during 1893–2017 lasted 35 days in 1994 for
HW04, while other definitions exhibit an absolute maximum
duration of only 11 days (HW05, HW06) (Table 3). In terms
of the years when maximum values per HW index occurred,
several years stand out: 1911, 1947, 1994, and 2006.

The temporal evolution of HWF (HW frequency) is dis-
played in Figure 3 as an example for the investigated indi-
ces. Similar figures for the other indices are given in the
supporting information (Figures S1–S3). HWF has followed
a positive long-term trend for all definitions, going hand in
hand with an increase in T during the past 125 years
(Figure 2). All definitions show significant trends in HWF
with Sen’s slope estimation except HW01 (but also two zero
trends). However, trends in HWF vary drastically across the
definitions, as well as the years when maximum HWF
occurs. Further, HWF shows variability across the decades.
During the 1930s and 1940s, as well as after 1990, the num-
ber of HW days and HWs (Figure S1) are especially high.

Comparing the trend slopes, Sen’s method leads to smaller
trends than OLS (Figure 3).

Long-term trends since 1893 for all HW indices are
given in Table 4. Results show an increase in HW occur-
rence and duration since the end of the 19th century, which
is consistent across the definitions. The increase in HWF
goes together with an increase in HWN (number of HWs per
year) or an increase in HWDmean (mean HW duration), or
both (since HWF = HWN*HWDmean). Differences in trends
vary substantially across the definitions. While mostly posi-
tive and significant trends are found, HW01 shows no trends
(only with OLS fitting). Moreover, HW06 shows an increase
in HWN of +13.0%/decade, thus the average number of
HWs per year has more than doubled within one century in
Potsdam for this definition, whereas HW01, HW02, and
HW05 show no increase in HWN with Sen’s method
(Table 4). For HWF, positive trends can be twice as high for
one definition compared to others (cf., Table 4, HW06 com-
pared to HW04/HW05). Interesting to note is the stronger
positive trend in HWDmax (duration of longest HW per year)
of up to +8.4%/decade (HW06) for six definitions using
Sen’s method compared to HWDmean (Table 4).

Table 4 also highlights differences between the two trend
estimation methods. Generally, Sen’s method gives smaller
trends, while OLS also shows significant trends when Sen’s
method does not (Figure 3 and Table 4), and thus, in total,
more significant trends. The differences between the trend
estimation methods of HW indices are especially large for
HW01, HW02, and HW10, for which Sen’s method mostly
provides no trends, while OLS shows an increase of up to
+10%/decade (Table 4).

Further, the comparison of trend results of “related” defi-
nitions, that is, HW03 and HW04, HW05 and HW06,
HW07 and HW08, and HW09 and HW10, shows that for
each pair the differences to each other can be as large as to a
completely different definition (Table 4). Also, differences

TABLE 3 Mean annual statistics of heat wave (HW) indices for different HW definitions (HW01-HW10) at site Potsdam from 1893 to 2017 during the
warm season (May–September)

HWN (1 a−1) HWF (day a−1) HWDmean (day) HWDmax (day)

x̄ Max. (year) x̄ Max. (year) x̄ Max. (year) x̄ Max. (year)

HW01 0.3 3 (2006) 2.4 25 (2006) 7.5 12 (1944, 1994, 2015) 7.6 12 (1944, 1994, 2015)

HW02 0.7 5 (2006) 5.1 43 (2006) 7.9 12 (1938, 1944, 1969,
1994, 1999, 2002, 2015)

8.2 16 (1969)

HW03 1.1 5 (1947) 8.3 34 (2003) 7.8 24 (1911) 8.8 29 (2003)

HW04 1.1 5 (1947) 10.1 41 (1947) 9.0 34 (2006) 10.4 35 (1994)

HW05 2.0 6 (1911, 1989) 8.1 32 (2006) 4.0 11 (1910) 5.0 11 (1910, 1947, 1994, 2006)

HW06 1.9 10 (2006) 7.6 42 (2006) 3.8 9 (1941) 4.9 11 (1994)

HW07 2.3 5 (1947, 1989, 1992,
1999, 2002, 2016)

12.8 37 (1947, 2003) 5.5 25 (1911) 7.7 25 (1911)

HW08 1.9 6 (2006) 9.1 35 (2006) 4.5 9 (1910) 6.1 16 (1994)

HW09 2.1 7 (1947) 10.4 34 (2006) 4.8 16 (1969) 6.4 21 (1994)

HW10 0.9 4 (2010) 3.5 19 (2010) 3.8 12 (1969) 4.3 12 (1969)

Note. Shown are temporal mean values (x̄) as well as the absolute maximum with the corresponding year. HWN: HW number, HWF: HW frequency, HWDmean: mean
HW duration, HWDmax: maximum HW duration (cf., Table 2).
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in long-term HW statistics and trends vary within the group
of definitions applying the same T variable as much as
between groups of definitions applying a different one
(Figure 3 and Tables 3 and 4).

3.2 | Temporal agreement among definitions

An overview of all identified HWs by any of the
ten definitions is provided in Figure 4, showing the number
of definitions that identify a certain calendar day as a HW
day. Along the years (y axis) only few HWs were recorded at
the beginning of the 20th century compared to the end, after
around 1990 the occurrence of HWs becomes more frequent.

The periods which all definitions identify as HWs are
rare, in total 15 episodes in 125 years (Figure 4). These

periods are mostly three or four days long, only the HWs in
1994 and 2006 stand out with ten days each (2006 inter-
rupted by one day with nine definitions). Another recent
long HW is identified in August 2015 by up to nine defini-
tions (twelve days with at least seven definitions), HW06
not detecting the first episode, HW10 only three days in the
beginning (not shown).

Along the months (x axis) in Figure 4, combined over all
definitions, most HWs are identified during the months
June–August. This feature of temporal agreement is related
to the type of threshold used by each definition. HW01,
HW02, HW05, HW06, and HW08, which apply dynamic
thresholds based on the calendar-day distribution of T (plus
window), lead to HWs in all investigated months, that is,

FIGURE 3 Heat wave days per year (heat wave frequency [HWF]) for different heat wave definitions (HW01-HW10) at site Potsdam from 1893 to 2017
during the warm season (May–September). Linear trends are shown as lines. Significant trends (p < 0.05) are marked with bold numbers and solid lines.
Trend slopes estimated according to Sen (1968) (red, significance of trend according to Mann–Kendall test) and with ordinary-least-square (OLS) fitting
(blue, significance of trend according to t test). Trend units are (day a−1)/decade and %/decade (in parentheses) with respect to overall long-term mean value
1893–2017
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May–September (Figure 5a), and would even result in HWs
in the excluded months. The other definitions that apply a
static threshold (HW03, HW04, HW07, HW09, HW10)

identify HWs almost exclusively during June, July, and
August (Figure 5b). These are the months when high T in
Berlin and Potsdam mainly occur.

TABLE 4 Trends in heat wave (HW) indices for different HW definitions (HW01-HW10) at site Potsdam from 1893 to 2017 during the warm season (May–
September)

Trend method HWN ((1 a−1)/decade) HWF ((d a−1)/decade) HWDmean (day/decade) HWDmax (day/decade)

HW01 Sen 0.00 (+0.0%) 0.00 (+0.0%) 0.00 (+0.0%) 0.00 (+0.0%)

OLS 0.02 (+7.3%) 0.22 (+9.2%) 0.17 (+7.8%) 0.18 (+8.0%)

HW02 Sen 0.00 (+0.0%) 0.00 (+0.0%) 0.02 (+0.4%) 0.02 (+0.5%)

OLS 0.06 (+9.6%) 0.52 (+10.2%) 0.29 (+7.2%) 0.32 (+7.7%)

HW03 Sen 0.02 (+2.0%) 0.56 (+6.8%) 0.10 (+1.9%) 0.22 (+3.7%)

OLS 0.08 (+7.2%) 0.79 (+9.6%) 0.28 (+5.2%) 0.43 (+7.0%)

HW04 Sen 0.01 (+0.9%) 0.55 (+5.5%) 0.12 (+1.9%) 0.25 (+3.4%)

OLS 0.06 (+5.1%) 0.84 (+8.4%) 0.38 (+5.9%) 0.56 (+7.5%)

HW05 Sen 0.00 (+0.0%) 0.45 (+5.6%) 0.00 (+0.0%) 0.00 (+0.0%)

OLS 0.10 (+5.2%) 0.50 (+6.2%) 0.07 (+1.9%) 0.15 (+3.6%)

HW06 Sen 0.24 (+13.0%) 1.01 (+13.3%) 0.00 (+0.0%) 0.32 (+8.4%)

OLS 0.26 (+14.0%) 1.16 (+15.4%) 0.17 (+5.8%) 0.33 (+8.8%)

HW07 Sen 0.16 (+7.0%) 1.10 (+8.6%) 0.10 (+2.1%) 0.34 (+5.1%)

OLS 0.16 (+6.8%) 1.08 (+8.5%) 0.13 (+2.6%) 0.36 (+5.3%)

HW08 Sen 0.14 (+7.5%) 0.70 (+7.7%) 0.00 (+0.0%) 0.19 (+3.7%)

OLS 0.14 (+7.3%) 0.75 (+8.3%) 0.10 (+2.6%) 0.26 (+5.0%)

HW09 Sen 0.14 (+6.8%) 0.96 (+9.2%) 0.11 (+2.7%) 0.29 (+5.2%)

OLS 0.15 (+7.3%) 0.97 (+9.3%) 0.18 (+4.4%) 0.35 (+6.3%)

HW10 Sen 0.01 (+1.5%) 0.00 (+0.0%) 0.00 (+0.0%) 0.00 (+0.0%)

OLS 0.09 (+9.9%) 0.35 (+10.2%) 0.11 (+5.2%) 0.17 (+7.0%)

Note. Significant trends (p < .05) are marked with bold numbers. Trend slopes estimated according to Sen (1968) (first line per HW definition, significance of trend
according to Mann–Kendall test) and with ordinary-least-square fitting (second line per HW definition, significance of trend according to t test). Change in %/decade
with respect to long-term mean value 1893–2017 is given in parentheses. HWN: HW number, HWF: HW frequency, HWDmean: mean HW duration, HWDmax: maxi-
mum HW duration (cf., Table 2).
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FIGURE 4 Heat wave (HW) occurrences at site Potsdam from 1893 to 2017 during the warm season (May–September) for ten different HW definitions.
Each colour corresponds to the number of definitions agreeing for each day to be a HW day and not to an individual HW definition
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3.3 | Inner-city location (TEMP) versus location at
periphery (POTS)

Long-term mean values of the HW indices for POTS and
TEMP covering the period 1948–2017 are presented in
Figure 6. Values vary substantially across the definitions, as
seen for POTS for the period 1893–2017. Comparing both
sites, a systematic difference is apparent: definitions

applying Tmax (HW01-HW05) show similar values, whereas
definitions applying Tmin (HW06) or Tmean (HW07-HW10)
provide higher values for all indices at TEMP. Thus, inner-
city regions of Berlin are subject to more and longer HWs
than peripheral regions of the city for definitions applying
Tmin or Tmean (Figure 6). This added urban effect is as high
as 40% for HWN (HW08) and nearly 50% for HWF (HW08,

FIGURE 5 Heat wave (HW) occurrences at site Potsdam from 1893 to 2017 during the warm season (May–September) for different HW definitions:
(a) definitions applying dynamic thresholds per calendar day (plus window) (HW01, HW02, HW05, HW06, HW08) and (b) definitions applying static
thresholds (HW03, HW04, HW07, HW09, HW10) of the respective air temperature variable (cf., Table 1). Each grey shade corresponds to the number of
definitions agreeing for each day to be a HW day and not to an individual HW definition
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HW10). HWDmax is also increased by more than 20%
(HW07, HW09, HW10), while HWDmean shows similar
values at TEMP and POTS.

A comparison of trends for the different HW definitions
and indices between TEMP and POTS again highlights that
trend estimates using Sen’s method are lower than estimates
applying OLS fitting (Table S2). Most consistent results for
the period 1948–2017 are found for HWDmean with almost
no significant trends at both sites, indicating that the mean
duration of HWs has not increased during the past 70 years.
The other HW indices show significant positive trends for
some definitions but being dependent on the site with no
consistent pattern. Comparing the sites, trends per definition
and index are similar (Table S2).

4 | DISCUSSION

4.1 | Long-term trends and extreme years

Generally, the results of increasing HW occurrence in the
study region are in agreement with previous studies analys-
ing past changes in T extremes globally, and in various
regions of the world (e.g., Frich et al., 2002; Alexander
et al., 2006; Della-Marta et al., 2007a; 2007b; Perkins et al.,
2012; Donat et al., 2013; Tomczyk and Bednorz, 2016;
Tomczyk, 2018). Few HWs were recorded at the beginning
of the 20th century in the Berlin region compared to the end,
also shown by Tomczyk (2018). The study by Tomczyk
(2018) and the present one has used a number of different
HW definitions, thus giving high confidence in the results
that high-temperature events have increased in the Berlin
region. Since results show that the magnitude of change is
dependent on the applied definition, the threshold, the
T variable, and the method for trend estimation, even for a
single location as in this case study, concrete numbers of
changes in HW characteristics in any study must be

interpreted cautiously, especially when comparing results
across studies.

Results further show that individual decades (1930s and
1940s, as well as after 1990) and years (1911, 1947, 1994,
and 2006) stand out in terms of HW characteristics in Berlin.
These decades were distinctive periods with hot weather
conditions in the Berlin region (Tomczyk, 2018), but also in
other European regions (Della-Marta et al., 2007a). The
increased occurrence of HWs after around 1990 goes well
together with an enhanced persistence of atmospheric circu-
lation patterns linked to HWs in Europe, which increased
rapidly in the 1980s (Kyselý, 2008), and is thus very likely
linked to this enhanced persistence.

The “extreme” years found here are reported to have
been strong HW years in central and eastern Europe (1994:
Kuchcik, 2001; 1947, 1994: Kyselý, 2002; 1911, 1947,
1994: Della-Marta et al., 2007a; 1994, 2006: Gabriel and
Endlicher, 2011; Lhotka and Kyselý, 2015; Tomczyk and
Bednorz, 2016; 2006: Scherer et al., 2013; 1911, 1947,
1994, 2006: Tomczyk, 2018), leading to several thousands
of excess deaths among the population in the affected
regions (Warsaw, Poland: Kuchcik, 2001; Czech Republic:
Kyselý and Huth, 2004; Berlin and surroundings: Gabriel
and Endlicher, 2011; Scherer et al., 2013). Among these
“extreme” years, the HWs in 1994 and 2006 are especially
remarkable, as they were the longest periods detected by all
ten applied HW definitions. The analyses clearly highlight
that these two HWs were exceptional events in the Berlin
region with a high impact on the population (Gabriel and
Endlicher, 2011). Yet, other studies also show that the HWs
in 1994 and 2006 were among the strongest, if not the stron-
gest HWs in central and eastern Europe since the beginning
of the 20th century as wide-spread spatial events, affecting
large areas from the Benelux states to the Baltic countries
(Lhotka and Kyselý, 2015; Tomczyk and Bednorz, 2016;
Lhotka et al., 2018b).

FIGURE 6 Temporal mean values of heat wave (HW) indices for different HW definitions (HW01-HW10) at sites Potsdam (black) and Berlin-Tempelhof
(grey) from 1948 to 2017 during the warm season (May–September). HWN: HW number, HWF: HW frequency, HWDmean: mean HW duration, HWDmax:
maximum HW duration (cf., Table 2). All thresholds for HW definitions were derived for Potsdam and applied to data at both sites (except HW03, which
applies predefined fixed thresholds, cf., Table 1)
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Another recent strong HW that affected large parts of
central and eastern Europe in 2015 (Lhotka et al., 2018b)
was detected by up to nine definitions, HW06 (based on
Tmin) not detecting the first episode, HW10 (based on Tmean)
not the second one within the twelve-day period. This
reflects a temporal variability with respect to the diurnal
cycles of T during HWs, and thus onto daily minimum, max-
imum, and mean T. Note though that HWs are considered
“point events” at a specific location in this study, while their
spatial extent is neglected. Attempts to define and character-
ise single HWs as spatio-temporal events have been made
(e.g., Stéfanon et al., 2012; Lhotka and Kyselý, 2015; Russo
et al., 2015; Lhotka et al., 2018a).

4.2 | Influence of the trend estimation method

Results highlight differences between the two trend estima-
tion methods, with Sen’s method generally providing smal-
ler trends and OLS also showing significant trends when
Sen’s method does not. Similar results were found by
Moberg and Jones (2005), comparing another robust trend
estimation method with OLS in the investigation of extreme
temperature indices. On the contrary, Huth and Pokorná
(2004) found that differences between trend estimations with
OLS and Sen’s method are small for seasonal and annual
means of climatic variables such as T or humidity. However,
for climatic extremes and HWs, definitions that are
“extreme” in their nature (in terms of duration or threshold,
that is, HW01, HW02, HW10), trend estimations are sensi-
tive to the applied method, indicating that trend results in
studies applying such definitions need to be interpreted with
caution. For such definitions, Sen’s method often provides
significant zero trends (Table 4), while trend slopes in OLS
are, at the same time, influenced by large individual values,
especially at the ends of the time series. This highlights the
statistical difficulties arising in the trend estimation of
“extreme” HW definitions (Kiktev et al., 2003; Alexander
et al., 2006; Donat et al., 2013). Definitions that represent
events that occur, on average, multiple times per year are
statistically more robust with similar values for both trend
estimation methods.

4.3 | Type of threshold for HW detection

The analyses highlight that the detection of HWs within the
year is directly linked to the type of threshold used, that is,
whether the definition is based on a static or on a time-
varying dynamic threshold. While the former identifies HWs
when the weather is hot in absolute terms for a given loca-
tion, the latter identify warm weather anomalies as devia-
tions from long-term reference conditions for the respective
time of year.

If the identification of periods with hot-weather condi-
tions in absolute terms is desired, for example, for the devel-
opment of a regional heat-health warning system, a temporal

pre-restriction to a certain investigation period such as sum-
mer months (e.g., Fischer and Schär, 2010) or the “warm
season” (e.g., Perkins et al., 2012; this study) is hence
required when using dynamic thresholds, or another defini-
tion should be selected. While keeping in mind that the ana-
lyses were only carried out for one location in this case
study, we thus argue that for regions with a distinct annual
cycle in T such as Berlin, HW definitions that apply static
thresholds are preferable to identify HWs as events of hot
weather than definitions using dynamic thresholds. For other
applications such as anomaly-based analyses, definitions
using time-varying thresholds may be more appropriate. Per-
kins and Alexander (2013) point out that percentile-based
thresholds offer an advantage over fixed absolute thresholds
since the latter may only be applicable to a small region, but
not appropriate for another.

4.4 | HWs and the UHI

The comparison of long-term HW characteristics at POTS
and TEMP shows that inner-city regions of Berlin are sub-
ject to more and longer lasting HWs than peripheral regions,
if definitions based on Tmin or Tmean are applied. Built-up
surfaces affect near-surface T especially at night during the
warmer months of the year in Berlin (Fenner et al., 2014),
leading to UHI effects compared to natural surfaces due to
increased heat storage, decreased evaporative cooling, and
anthropogenic heat sources, among other factors (Oke,
1982). During hot weather, the UHI effect is intensified due
to increased heat storage (Sun et al., 2017) and reduced wind
speeds at night (Li et al., 2016; Sun et al., 2017). This then
leads to increased HW occurrence and duration, and higher
health risks among the population (Li and Bou-Zeid, 2013).
The results give an indication that in order to account for this
added effect, HW definitions applying Tmin or Tmean are
more suitable for urban contexts than those applying Tmax.
Using Tmean may be optimal, as it incorporates both day- and
night-time conditions. Conversely, if the effect of an urban
region onto T is not under consideration and HWs are to be
detected without the influence of the UHI, definitions using
Tmax could be preferable. Yet, the results of this study for
Tmax are in contrast to those presented by Tan et al. (2010),
who found more occurrences of HWs (based on Tmax) within
the centre of Shanghai, China, compared to sites outside the
urban agglomeration. Further research and comparison of
different cities are needed to investigate this contrast and the
reasons behind it.

For city-wide detection of HWs, data from synoptic
weather stations within the urban agglomeration such as
TEMP may be well suited, as long as the influence of the
city onto the atmospheric conditions is represented in the
data. However, depending on the HW definition, the results
of HW analyses may be different compared to a station at a
densely built-up inner-city location. If fixed absolute thresh-
olds are used for HW detection (HW03), then UHI effects
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are important. Fenner et al. (2014) estimated this large-scale
UHI effect of Berlin to be 0.3–0.7 K (year-round decadal
mean T), which is consistent with T differences between
TEMP and POTS (cf., section 2.1.1). However, local
T conditions within densely built-up neighbourhoods of Ber-
lin may differ and exhibit a larger UHI effect (Fenner et al.,
2014; 2017). HW definitions using percentile-based relative
thresholds (HW01, HW02, HW04, HW05, HW06, HW07,
HW08), or the two definitions derived from mortality data
(HW09, HW10) are less affected by specific site conditions,
given that the variance in daily weather conditions is
resolved. Such definitions are thus better transferable to dif-
ferent regions and thus advantageous over definitions apply-
ing fixed absolute thresholds, which may be valid for one
region but not for another with a different climate (Perkins
and Alexander, 2013). Note though that thresholds of defini-
tions derived from mortality data need to be re-estimated for
each region of investigation as they are affected by specific
population characteristics (Curriero et al., 2002; Gao
et al., 2015).

At finer spatial scales, atmospheric conditions within cit-
ies are highly variable, as well as exposure and sensitivity of
each individual to heat. Thus, any HW definition, even when
based on complex human-biometeorological indices derived
from accurate weather data from an inner-city station will
neither be capable to capture the spatial variability of out-
door and indoor atmospheric conditions, nor consider the
relevant factors contributing to individual heat-related risks.

4.5 | Trends of HW indices and urbanisation within
the Berlin region

Since the positive trends in HW indices for Potsdam and
Berlin are generally in agreement with other studies carried
out for different regions of the world (cf., section 4.1), they
are likely linked to a global change in climate conditions.
Besides that, they might also be linked to changes in
regional circulation patterns (Kyselý, 2008), or include ran-
dom effects related to the definitions applied and time period
investigated. Moreover, the trends might be affected by a
regional and local change in land cover from natural to built-
up surfaces, that is, urbanisation. This especially holds true
for the longer period (1893–2017) at POTS, since the built-
up area in the region of Berlin increased over time, in addi-
tion to the construction of new buildings on the Telegrafen-
berg in the 1990s. Due to the UHI effect, urbanisation leads
to stronger local or regional trends in T, adding to globally
induced climate change (Georgescu et al., 2013; Argüeso
et al., 2014). How much the process of urbanisation contrib-
utes to a trend depends on the region and the amount of
urbanisation; a range from about 20% to more than 50% in
mean annual T is reported (Koopmans et al., 2015; Qian,
2016; Liao et al., 2017). Argüeso et al. (2014) showed that
urbanisation-induced trends are especially pronounced for
Tmin, while changes in Tmax and derived indices are due to

global change, unaffected by urbanisation. HW definitions
applying Tmax might thus be advantageous in this respect. For
Berlin, Cubasch and Kadow (2011) reported an “urbanisation-
free” trend in mean annual T of 0.104 K/decade (1911–2010),
being slightly lower than values found here (cf., Figure 2).
They (Cubasch and Kadow, 2011) used data from a time
series in the suburbs of Berlin to estimate the trend, which
they compared to data from POTS. For both data sets they
assumed a negligible urbanisation effect. Yet, a large-scale
influence of the increasing amount of built-up areas in the
metropolitan region of Berlin onto regional T conditions could
be hypothesised. An in-depth investigation of this urbanisa-
tion effect in Berlin could be the focus of further investiga-
tions, similar to research carried out for Hamburg, Germany
(Wiesner et al., 2018).

5 | CONCLUSIONS

This study aimed at investigating HW occurrence and dura-
tion, and their long-term trends in Berlin and Potsdam from
1893 to 2017, comparing ten T-based HW definitions. Over-
all, trends since the end of the 19th century show an increase
in HWs and their duration in the study area. The magnitude
of change in HW occurrence varies between +13%/decade
and no change at all, depending on the definition and trend
estimation method. Agreement of all definitions for certain
events to be HWs is low, 15 episodes in the investigated
125 years were identified as HWs by all ten definitions.
Most prominently among these periods are the HWs in 1994
and 2006, which were previously reported as extreme HWs
in large parts of Europe. Comparison of an inner-city loca-
tion with a site in the periphery of Berlin highlights that
inner-city regions are subject to more and longer HWs than
peripheral regions. This is due to the UHI effect, mainly
influencing Tmean and Tmin. Consequently, only HW defini-
tions applying these variables account for this effect, while
definitions applying Tmax show similar long-term mean
values for both sites.

This case study highlights that while a single and univer-
sal HW definition might seem desirable at first, as otherwise
results in different studies could appear contradictory due to
selection of a certain definition or method, each sector
affected by HWs and each specific question under investiga-
tion might require different aspects of a definition. Hence,
appropriateness of definitions needs to be evaluated with
respect to aims and methodologies of individual studies and
thus, the selection of a certain definition be dependent on the
question. For the detection of hot weather episodes in abso-
lute terms that might be related to increased heat-health
risks, for example, definitions applying fixed absolute or
percentile-based relative thresholds based on the year-round
distribution of T might be preferable for regions with a dis-
tinct annual cycle in T than those which apply time-varying
thresholds per calendar day. Further, if local- to mesoscale

2434 FENNER ET AL.

53



effects such as the UHI are important and to be captured by
HW definitions solely based on T, the application of Tmean

may be optimal, as this variable comprises day- and night-
time atmospheric conditions, including the UHI effect. In
other cases, this might be undesirable and hence, application
of Tmax may be favourable; also, since this variable is less
influenced by urban areas and hence less affected by the
effect of urbanisation onto T. For trend estimation, HW defi-
nitions with “extreme” values for their detection criteria
(e.g., duration or threshold) show a high sensitivity to the
applied method. This indicates that trends in studies apply-
ing such definitions are to be interpreted with caution. Con-
cluding, we caution to recommend a “best” definition for all
applications since, depending on the question under investi-
gation, a different HW definition might be optimal. Attempts
for the development of “universal” definitions need to take
this into account.

ACKNOWLEDGEMENTS

The authors acknowledge provision of climate data from the
Deutsche Wetterdienst and thank all colleagues for the fruit-
ful discussions and support. Two anonymous reviewers are
thanked for their helpful comments to improve the manu-
script. This research was funded by the Deutsche For-
schungsgemeinschaft (DFG) as part of the research project
“Heat waves in Berlin, Germany–urban climate modifica-
tions” (Grant No. SCHE 750/15-1). Achim Holtmann and
Alexander Krug received financial support from the German
Federal Ministry of Education and Research as part of the
research project “Three-dimensional observation of atmo-
spheric processes in cities (3DO)” (Grant No. FKZ
01LP1602).

ORCID

Daniel Fenner https://orcid.org/0000-0003-0967-8697

REFERENCES

Aguilar, E. and Prohom, M. (2013) ExtraQC quality control software. Tarra-
gona: Center for Climate Change (C3). Available at: http://etccdi.pacificcli-
mate.org/RClimDex/EXTRAQC_manual_july2013.docx [Accessed 23rd
January 2018].

Alexander, L.V. and Herold, N. (2016) ClimPACT2 indices and software. Sid-
ney: University of South Wales. Available at: https://github.com/ARCCSS-
extremes/climpact2 [Accessed 10th January 2018].

Alexander, L.V., Zhang, X., Peterson, T.C., Caesar, J., Gleason, B., Klein
Tank, A.M.G., Haylock, M., Collins, D., Trewin, B., Rahimzadeh, F., Tagi-
pour, A., Rupa Kumar, K., Revadekar, J., Griffiths, G., Vincent, L., Stephen-
son, D. B., Burn, J., Aguilar, E., Brunet, M., Taylor, M., New, M., Zhai, P.,
Rusticucci, M. and Vazquez-Aguirre, J. L. (2006) Global observed changes
in daily climate extremes of temperature and precipitation. Journal of Geo-
physical Research: Atmospheres, 111, D05109. https://doi.org/10.
1029/2005JD006290.

Amt für Statistik Berlin-Brandenburg (ASBB). (2017a) Statistisches Jahrbuch
Berlin 2017. Potsdam, Germany: ASBB. Available at: https://www.statistik-
berlin-brandenburg.de/produkte/Jahrbuch/jb2017/JB_2017_BE.pdf
[Accessed 14th March 2018].

Amt für Statistik Berlin-Brandenburg (ASBB). (2017b) Statistisches Jahrbuch
Brandenburg 2017. Potsdam, Germany: ASBB. Available at: https://www.
statistik-berlin-brandenburg.de/produkte/Jahrbuch/jb2017/JB_2017_BB.pdf
[Accessed 14th March 2018].

Anderson, B.G. and Bell, M.L. (2009) Weather-related mortality: how heat, cold,
and heat waves affect mortality in the United States. Epidemiology, 20,
205–213. https://doi.org/10.1097/EDE.0b013e318190ee08.

Anderson, B.G. and Bell, M.L. (2011) Heat waves in the United States: mortality
risk during heat waves and effect modification by heat wave characteristics
in 43 U.S Communities. Environmental Health Perspectives, 119, 210–218.
https://doi.org/10.1289/ehp.1002313.

Argüeso, D., Evans, J., Fita, L. and Bormann, K. (2014) Temperature response
to future urbanization and climate change. Climate Dynamics, 42,
2183–2199. https://doi.org/10.1007/s00382-013-1789-6.

Barnett, A.G., Tong, S. and Clements, A.C.A. (2010) What measure of tempera-
ture is the best predictor of mortality? Environmental Research, 110,
604–611. https://doi.org/10.1016/j.envres.2010.05.006.

Beniston, M., Stephenson, D.B., Christensen, O.B., Ferro, C.A.T., Frei, C.,
Goyette, S., Halsnaes, K., Holt, T., Jylhä, K., Koffi, B., Palutikof, J.,
Schöll, R., Semmler, T. and Woth, K. (2007) Future extreme events in
European climate: an exploration of regional climate model projections. Cli-
matic Change, 81, 71–95. https://doi.org/10.1007/s10584-006-9226-z.

Chen, K., Bi, J., Chen, J., Chen, X., Huang, L. and Zhou, L. (2015) Influence of
heat wave definitions to the added effect of heat waves on daily mortality in
Nanjing, China. Science of the Total Environment, 506–507, 18–25. https://
doi.org/10.1016/j.scitotenv.2014.10.092.

Chow, W.T.L. and Roth, M. (2006) Temporal dynamics of the urban heat Island
of Singapore. International Journal of Climatology, 26, 2243–2260. https://
doi.org/10.1002/joc.1364.

Cubasch, U. and Kadow, C. (2011) Global climate change and aspects of
regional climate change in the Berlin-Brandenburg region. Die Erde,
142, 3–20.

Curriero, F.C., Heiner, K.S., Samet, J.M., Zeger, S.L., Strug, L. and Patz, J.A.
(2002) Temperature and mortality in 11 cities of the eastern United States.
American Journal of Epidemiology, 155, 80–87. https://doi.org/10.1093/
aje/155.1.80.

Della-Marta, P.M., Haylock, M.R., Luterbacher, J. and Wanner, H. (2007a) Dou-
bled length of western European summer heat waves since 1880. Journal of
Geophysical Research: Atmospheres, 112, D15103. https://doi.org/10.
1029/2007jd008510.

Della-Marta, P.M., Luterbacher, J., von Weissenfluh, H., Xoplaki, E., Brunet, M.
and Wanner, H. (2007b) Summer heat waves over western Europe
1880–2003, their relationship to large-scale forcings and predictability. Cli-
mate Dynamics, 29, 251–275. https://doi.org/10.1007/s00382-007-0233-1.

Donat, M.G., Alexander, L.V., Yang, H., Durre, I., Vose, R., Dunn, R.J.H.,
Willett, K.M., Aguilar, E., Brunet, M., Caesar, J., Hewitson, B., Jack, C.,
Klein Tank, A.M.G., Kruger, A.C., Marengo, J., Peterson, T.C., Renom, M.,
Oria Rojas, C., Rusticucci, M., Salinger, J., Elrayah, A.S., Sekele, S.S.,
Srivastava, A.K., Trewin, B., Villarroel, C., Vincent, L.A., Zhai, P.,
Zhang, X. and Kitching, S. (2013) Updated analyses of temperature and pre-
cipitation extreme indices since the beginning of the twentieth century: the
HadEX2 dataset. Journal of Geophysical Research: Atmospheres, 118,
2098–2118. https://doi.org/10.1002/jgrd.50150.

DWD Climate Data Center (CDC). (2018) Historical daily station observations
(temperature, pressure, precipitation, sunshine duration, etc.) for Germany,
version v006. Offenbach, Germany: CDC.

European Environment Agency (EEA). (2010) Mapping the impacts of natural
hazards and technological accidents in Europe—an overview of the last
decade. Copenhagen, Denmark: EEA. Technical report number: 13/2010.
https://doi.org/10.2800/62638.

Fenner, D., Meier, F., Scherer, D. and Polze, A. (2014) Spatial and temporal air
temperature variability in Berlin, Germany, during the years 2001–2010.
Urban Climate, 10, 308–331. https://doi.org/10.1016/j.uclim.2014.02.004.

Fenner, D., Meier, F., Bechtel, B., Otto, M. and Scherer, D. (2017) Intra and inter
“local climate zone” variability of air temperature as observed by crowd-
sourced citizen weather stations in Berlin, Germany. Meteorologische Zeits-
chrift, 26, 525–547. https://doi.org/10.1127/metz/2017/0861.

Fischer, E.M. and Schär, C. (2010) Consistent geographical patterns of changes
in high-impact European heatwaves. Nature Geoscience, 3, 398–403. https://
doi.org/10.1038/ngeo866.

FENNER ET AL. 2435

54



Frich, P., Alexander, L.V., Della-Marta, P., Gleason, B., Haylock, M., Klein
Tank, A.M.G. and Peterson, T. (2002) Observed coherent changes in cli-
matic extremes during the second half of the twentieth century. Climate
Research, 19, 193–212. https://doi.org/10.3354/cr019193.

Gabriel, K.M. and Endlicher, W.R. (2011) Urban and rural mortality rates during
heat waves in Berlin and Brandenburg, Germany. Environmental Pollution,
159, 2044–2050. https://doi.org/10.1016/j.envpol.2011.01.016.

Gao, J., Sun, Y., Liu, Q., Zhou, M., Lu, Y. and Li, L. (2015) Impact of extreme
high temperature on mortality and regional level definition of heat wave: a
multi-city study in China. Science of the Total Environment, 505, 535–544.
https://doi.org/10.1016/j.scitotenv.2014.10.028.

Gasparrini, A. and Armstrong, B. (2011) The impact of heat waves on mortality.
Epidemiology, 22, 68–73. https://doi.org/10.1097/EDE.0b013e3181fdcd99.

Georgescu, M., Moustaoui, M., Mahalov, A. and Dudhia, J. (2013) Summer-time
climate impacts of projected megapolitan expansion in Arizona. Nature Cli-
mate Change, 3, 37–41. https://doi.org/10.1038/nclimate1656.

Hajat, S., Armstrong, B., Baccini, M., Biggeri, A., Bisanti, L., Russo, A., Paldy,
A., Menne, B. and Kosatky, T. (2006) Impact of high temperatures on mor-
tality: Is there an added heat wave effect? Epidemiology, 17, 632–638.
https://doi.org/10.1097/01.ede.0000239688.70829.63.

Ho, H.C., Lau, K.K.-L., Ren, C. and Ng, E. (2017) Characterizing prolonged
heat effects on mortality in a sub-tropical high-density city, Hong Kong.
International Journal of Biometeorology, 61, 1935–1944. https://doi.org/10.
1007/s00484-017-1383-4.

Huth, R. and Pokorná, L. (2004) Parametric versus non-parametric estimates of
climatic trends. Theoretical and Applied Climatology, 77, 107–112. https://
doi.org/10.1007/s00704-003-0026-3.

Huth, R., Kyselý, J. and Pokorná, L. (2000) A GCM simulation of heat waves,
dry spells, and their relationships to circulation. Climatic Change, 46, 29–60.
https://doi.org/10.1023/A:1005633925903.

Kendall, M.G. (1948) Rank Correlation Methods. Oxford: Griffin.
Kiktev, D., Sexton, D.M.H., Alexander, L.V. and Folland, C.K. (2003) Compari-

son of modeled and observed trends in indices of daily climate extremes.
Journal of Climate, 16, 3560–3357. https://doi.org/10.1175/1520-0442
(2003)0163560:COMAOT>2.0.CO;2.

Kim, H., Ha, J.-S. and Park, J. (2006) High temperature, heat index, and mortal-
ity in 6 major cities in South Korea. Archives of Environmental & Occupa-
tional Health, 61, 265–270. https://doi.org/10.3200/AEOH.61.6.265-270.

Kim, S., Sinclair, V.A., Räisänen, J. and Ruuhela, R. (2018) Heat waves in Fin-
land: present and projected summertime extreme temperatures and their asso-
ciated circulation patterns. International Journal of Climatology, 38,
1393–1408. https://doi.org/10.1002/joc.5253.

Koffi, B. and Koffi, E. (2008) Heat waves across Europe by the end of the 21st
century: multiregional climate simulations. Climate Research, 36, 153–168.
https://doi.org/10.3354/cr00734.

Koopmans, S., Theeuwes, N.E., Steeneveld, G.J. and Holtslag, A.A.M. (2015)
Modelling the influence of urbanization on the 20th century temperature
record of weather station De Bilt (The Netherlands). International Journal of
Climatology, 35, 1732–1748. https://doi.org/10.1002/joc.4087.

Kottek, M., Grieser, J., Beck, C., Rudolf, B. and Rubel, F. (2006) World map of
the Köppen–Geiger climate classification updated. Meteorologische Zeits-
chrift, 15, 259–263. https://doi.org/10.1127/0941-2948/2006/0130.

Kuchcik, M. (2001) Mortality in Warsaw: Is there any connection with weather
and air pollution? Geographia Polonica, 74, 29–45.

Kyselý, J. (2002) Temporal fluctuations in heat waves at Prague-Klementinum,
the Czech Republic, from 1901–97, and their relationships to atmospheric
circulation. International Journal of Climatology, 22, 33–50. https://doi.
org/10.1002/joc.720.

Kyselý, J. (2008) Influence of the persistence of circulation patterns on warm
and cold temperature anomalies in Europe: analysis over the 20th century.
Global and Planetary Change, 62, 147–163. https://doi.org/10.1016/j.
gloplacha.2008.01.003.

Kyselý, J. and Huth, R. (2004) Heat-related mortality in the Czech Republic
examined through synoptic and “traditional” approaches. Climate Research,
25, 265–274. https://doi.org/10.3354/cr025265.

Lhotka, O. and Kyselý, J. (2015) Characterizing joint effects of spatial extent,
temperature magnitude and duration of heat waves and cold spells over Cen-
tral Europe. International Journal of Climatology, 35, 1232–1244. https://
doi.org/10.1002/joc.4050.

Lhotka, O., Kyselý, J. and Farda, A. (2018a) Climate change scenarios of heat
waves in central Europe and their uncertainties. Theoretical and Applied Cli-
matology, 131, 1043–1054. https://doi.org/10.1007/s00704-016-2031-3.

Lhotka, O., Kyselý, J. and Plavcová, E. (2018b) Evaluation of major heat waves’
mechanisms in EURO-CORDEX RCMs over central Europe. Climate
Dynamics, 50, 4249–4262. https://doi.org/10.1007/s00382-017-3873-9.

Li, D. and Bou-Zeid, E. (2013) Synergistic interactions between Urban Heat
Islands and heat waves: the impact in cities is larger than the sum of its parts.
Journal of Applied Meteorology and Climatology, 52, 2051–2064. https://
doi.org/10.1175/JAMC-D-13-02.1.

Li, D., Sun, T., Liu, M., Yang, L., Wang, L. and Gao, Z. (2015) Contrasting
responses of urban and rural surface energy budgets to heat waves explain
synergies between urban heat islands and heat waves. Environmental
Research Letters, 10, 054009. https://doi.org/10.1088/1748-9326/10/5/
054009.

Li, D., Sun, T., Liu, M., Wang, L. and Gao, Z. (2016) Changes in wind speed
under heat waves enhance Urban Heat Islands in the Beijing Metropolitan
Area. Journal of Applied Meteorology and Climatology, 55, 2369–2375.
https://doi.org/10.1175/jamc-d-16-0102.1.

Liao, W., Wang, D., Liu, X., Wang, G. and Zhang, J. (2017) Estimated influence
of urbanization on surface warming in eastern China using time-varying land
use data. International Journal of Climatology, 37, 3197–3208. https://doi.
org/10.1002/joc.4908.

Mann, H.B. (1945) Nonparametric tests against trend. Econometrica, 13,
245–259. https://doi.org/10.2307/1907187.

Meehl, G.A. and Tebaldi, C. (2004) More intense, more frequent, and longer
lasting heat waves in the 21st century. Science, 305, 994–997. https://doi.
org/10.1126/science.1098704.

Moberg, A. and Jones, P.D. (2005) Trends in indices for extremes in daily temper-
ature and precipitation in central and western Europe, 1901–99. International
Journal of Climatology, 25, 1149–1171. https://doi.org/10.1002/joc.1163.

Moberg, A., Jones, P.D., Lister, D., Walther, A., Brunet, M., Jacobeit, J., Alexan-
der, L. V., Della-Marta, P. M., Luterbacher, J., Yiou, P., Chen, D., Klein-Tank,
A. M. G., Saladié, O., Sigró, J., Aguilar, E., Alexandersson, H., Almarza, C.,
Auer, I., Barriendos, M., Begert, M., Bergström, H., Böhm, R., Butler, C.J.,
Caesar, J., Drebs, A., Founda, D., Gerstengarbe, F.-W., Micela, G., Maugeri,
M., Österle, H., Pandzic, K., Petrakis, M., Srnec, L., Tolasz, R., Toumenvirta,
H., Werner, P. C., Linderholm, H., Philipp, A., Wanner, H. and Xoplaki,
E. (2006) Indices for daily temperature and precipitation extremes in Europe
analyzed for the period 1901–2000. Journal of Geophysical Research: Atmo-
spheres, 111, D22106. https://doi.org/10.1029/2006jd007103.

Nairn, J.R. and Fawcett, R.J.B. (2015) The excess heat factor: a metric for heat-
wave intensity and its use in classifying heatwave severity. International
Journal of Environmental Research and Public Health, 12, 227–253. https://
doi.org/10.3390/ijerph120100227.

Nairn, J.R., Fawcett, R.J.B. and Ray, D. (2009) Defining and predicting exces-
sive heat events: a national system. Melbourne, Australia: Collaboration for
Australian Weather and Climate Research (CAWCR). Technical report num-
ber: 017, pp. 83–86.

Oke, T.R. (1982) The energetic basis of the urban heat island. Quarterly Journal
of the Royal Meteorological Society, 108, 1–24. https://doi.org/10.1002/qj.
49710845502.

Perkins, S.E. and Alexander, L.V. (2013) On the measurement of heat waves.
Journal of Climate, 26, 4500–4517. https://doi.org/10.1175/JCLI-D-
12-00383.1.

Perkins, S.E., Alexander, L.V. and Nairn, J.R. (2012) Increasing frequency,
intensity and duration of observed global heatwaves and warm spells. Geo-
physical Research Letters, 39, L20714. https://doi.org/10.1029/2012
GL053361.

Piticar, A., Croitoru, A.-E., Ciupertea, F.-A. and Harpa, G.-V. (2018) Recent
changes in heat waves and cold waves detected based on excess heat factor
and excess cold factor in Romania. International Journal of Climatology, 38,
1777–1793. https://doi.org/10.1002/joc.5295.

Qian, C. (2016) On trend estimation and significance testing for non-Gaussian
and serially dependent data: quantifying the urbanization effect on trends in
hot extremes in the megacity of Shanghai. Climate Dynamics, 47, 329–344.
https://doi.org/10.1007/s00382-015-2838-0.

Robinson, P.J. (2001) On the definition of a heat wave. Journal of Applied Mete-
orology, 40, 762–775. https://doi.org/10.1175/1520-0450(2001)0400762:
OTDOAH>2.0.CO;2.

2436 FENNER ET AL.

55



Russo, S. and Sterl, A. (2011) Global changes in indices describing moderate
temperature extremes from the daily output of a climate model. Journal of
Geophysical Research: Atmospheres, 116, D03104. https://doi.org/10.
1029/2010JD014727.

Russo, S., Dosio, A., Graversen, R.G., Sillmann, J., Carrao, H., Dunbar, M.B.,
Singleton, A., Montagna, P., Barbola, P. and Vogt, J.V. (2014) Magnitude of
extreme heat waves in present climate and their projection in a warming
world. Journal of Geophysical Research: Atmospheres, 119, 12500–12512.
https://doi.org/10.1002/2014JD022098.

Russo, S., Sillmann, J. and Fischer, E.M. (2015) Top ten European heatwaves since
1950 and their occurrence in the coming decades. Environmental Research Let-
ters, 10, 124003. https://doi.org/10.1088/1748-9326/10/12/124003.

Scherer, D., Fehrenbach, U., Lakes, T., Lauf, S., Meier, F. and Schuster, C.
(2013) Quantification of heat-stress related mortality hazard, vulnerability
and risk in Berlin, Germany. Die Erde, 144, 238–259. https://doi.org/10.
12854/erde-144-17.

Scorzini, A.R., Bacco, M.D. and Leopardi, M. (2018) Recent trends in daily tem-
perature extremes over the central Adriatic region of Italy in a Mediterranean
climatic context. International Journal of Climatology, 38, e741–e757.
https://doi.org/10.1002/joc.540.

Sen, P.K. (1968) Estimates of the regression coefficient based on Kendall’s tau.
Journal of the American Statistical Association, 63, 1379–1389. https://doi.
org/10.1080/01621459.1968.10480934.

Smith, T., Zaitchik, B. and Gohlke, J. (2013) Heat waves in the United States:
definitions, patterns and trends. Climatic Change, 118, 811–825. https://doi.
org/10.1007/s10584-012-0659-2.

Smoyer-Tomic, K.E., Kuhn, R. and Hudson, A. (2003) Heat wave hazards: an
overview of heat wave impacts in Canada. Natural Hazards, 28, 465–486.
https://doi.org/10.1023/a:1022946528157.

Stéfanon, M., D'Andrea, F. and Drobinski, P. (2012) Heatwave classification
over Europe and the Mediterranean region. Environmental Research Letters,
7, 014023. https://doi.org/10.1088/1748-9326/7/1/014023.

von Storch, H. (1999) Misuses of statistical analysis in climate research. In: von
Storch, H. and Navarra, A. (Eds.) Analysis of Climate Variability. Berlin-
Heidelberg: Springer. https://doi.org/10.1007/978-3-662-03744-7_2.

Sun, T., Kotthaus, S., Li, D., Ward, H.C., Gao, Z., Ni, G.-H. and Grimmond, C.
S.B. (2017) Attribution and mitigation of heat wave-induced urban heat stor-
age change. Environmental Research Letters, 12, 114007. https://doi.org/10.
1088/1748-9326/aa922a.

Tan, J., Zheng, Y., Tang, X., Guo, C., Li, L., Song, G., Zhen, X., Yuan, D.,
Kalkstein, A.J., Li, F. and Chen, H. (2010) The urban heat island and its
impact on heat waves and human health in Shanghai. International Journal
of Biometeorology, 54, 75–84. https://doi.org/10.1007/s00484-009-0256-x.

Theil, H. (1950) A rank-invariant method of linear and polynomial regression
analysis. I. Proceedings of the Koninklijke Nederlandse Akademie
Wetenschappen. Series A Mathematical Sciences, 53, 386–392.

Tomczyk, A.M. (2018) Hot weather in Potsdam in the years 1896–2015. Meteo-
rology and Atmospheric Physics, 130, 1–10. https://doi.org/10.1007/
s00703-016-0497-2.

Tomczyk, A.M. and Bednorz, E. (2016) Heat waves in central Europe and their
circulation conditions. International Journal of Climatology, 36, 770–782.
https://doi.org/10.1002/joc.4381.

Tong, S., Wang, X.Y., Fitzgerald, G., McRae, D., Neville, G., Tippett, V., Ait-
ken, P. and Verrall, K. (2014) Development of health risk-based metrics for
defining a heatwave: a time series study in Brisbane, Australia. BioMed Cen-
tral Public Health, 14, 435. https://doi.org/10.1186/1471-2458-14-435.

Trewin, B. (2010) Exposure, instrumentation, and observing practice effects on
land temperature measurements. WIREs: Climate Change, 1, 490–506.
https://doi.org/10.1002/wcc.46.

Vaneckova, P., Neville, G., Tippett, V., Aitken, P., FitzGerald, G. and Tong, S.
(2011) Do biometeorological indices improve modeling outcomes of heat-
related mortality? Journal of Applied Meteorology and Climatology, 50,
1165–1176. https://doi.org/10.1175/2011jamc2632.1.

Vincent, L.A., Wang, X.L., Milewska, E.J., Wan, H., Yang, F. and Swail, V.
(2012) A second generation of homogenized Canadian monthly surface air

temperature for climate trend analysis. Journal of Geophysical Research:
Atmospheres, 117, D18110. https://doi.org/10.1029/2012jd017859.

Wang, X.L. (2008) Accounting for autocorrelation in detecting mean shifts in cli-
mate data series using the penalized maximal t or F test. Journal of Applied
Meteorology and Climatology, 47, 2423–2444. https://doi.org/10.
1175/2008jamc1741.1.

Wang, X.L. and Feng, Y. (2013) RHtestsV4 user manual. Climate Research Divi-
sion, Atmospheric Science and Technology Directorate, Science and Technol-
ogy Branch, Environment Canada, Toronto, Canada, 28 pp. Available at: http:
//etccdi.pacificclimate.org/software.shtml [Accessed 19th January 2018].

Wang, X.L. and Swail, V.R. (2001) Changes of extreme wave heights in North-
ern Hemisphere oceans and related atmospheric circulation regimes. Journal
of Climate, 14, 2204–2221. https://doi.org/10.1175/1520-0442(2001)
0142204:COEWHI>2.0.CO;2.

Wang, X.L., Wen, Q.H. and Wu, Y. (2007) Penalized maximal t test for detect-
ing undocumented mean change in climate data series. Journal of Applied
Meteorology and Climatology, 46, 916–931. https://doi.org/10.1175/
jam2504.1.

Wang, X.L., Chen, H., Wu, Y., Feng, Y. and Pu, Q. (2010) New techniques for
the detection and adjustment of shifts in daily precipitation data series. Jour-
nal of Applied Meteorology and Climatology, 49, 2416–2436. https://doi.
org/10.1175/2010jamc2376.1.

Wiesner, S., Bechtel, B., Fischereit, J., Gruetzun, V., Hoffmann, P., Leitl, B.,
Rechid, D., Schlünzen, K. and Thomsen, S. (2018) Is it possible to distin-
guish global and regional climate change from urban land cover induced sig-
nals? A mid-latitude city example. Urban Science, 2, 12. https://doi.org/10.
3390/urbansci2010012.

World Meteorological Organization (WMO). (2016) Normals. Guide to climate.
Update to guide to climatological practices. Geneva: WMO, WMO-No. 100.
Available at: http://www.wmo.int/pages/prog/wcp/ccl/guide/documents/Nor-
mals-Guide-to-Climate-190116_en.pdf [Accessed 30th November 2017].

Yu, W., Vaneckova, P., Mengersen, K., Pan, X. and Tong, S. (2010) Is the asso-
ciation between temperature and mortality modified by age, gender and
socio-economic status? Science of the Total Environment, 408, 3513–3518.
https://doi.org/10.1016/j.scitotenv.2010.04.058.

Zacharias, S., Koppe, C. and Mücke, H.-G. (2015) Climate change effects on
heat waves and future heat wave-associated IHD mortality in Germany. Cli-
mate, 3, 100–117. https://doi.org/10.3390/cli3010100.

Zhang, X., Aguilar, E., Sensoy, S., Melkonyan, H., Tagiyeva, U., Ahmed, N.,
Kutaladze, N., Rahimzadeh, F., Taghipour, A., Hantosh, T.H., Albert, P.,
Semawi, M., Ali, M. K., Al-Shabibi, M. H. S., Al-Oulan, Z., Zatari, T., Khelet,
I.A.D., Hamoud, S., Sagir, R., Demircan, M., Eken, M., Adiguzel, M., Alexan-
der, L., Peterson, T. C. and Wallis, T. (2005) Trends in Middle East climate
extreme indices from 1950 to 2003. Journal of Geophysical Research: Atmo-
spheres, 110, D22104. https://doi.org/10.1029/2005JD006181.

Zhu, J., Huang, D.-Q., Yan, P.-W., Huang, Y. and Kuang, X.-Y. (2017) Can rea-
nalysis datasets describe the persistent temperature and precipitation
extremes over China? Theoretical and Applied Climatology, 130, 655–671.
https://doi.org/10.1007/s00704-016-1912-9.

SUPPORTING INFORMATION

Additional supporting information may be found online in
the Supporting Information section at the end of the article.

How to cite this article: Fenner D, Holtmann A,
Krug A, Scherer D. Heat waves in Berlin and Pots-
dam, Germany – Long-term trends and comparison of
heat wave definitions from 1893 to 2017. Int
J Climatol. 2019;39:2422–2437. https://doi.org/10.
1002/joc.5962

FENNER ET AL. 2437

56



1 
 

Supporting information to “Heat waves in Berlin and Potsdam, Germany – Long-term trends 

and comparison of heat wave definitions from 1893 to 2017” 

Homogenisation of TEMP data 

Homogenisation of T data at TEMP was carried out using the ‘RHtestsV4’ procedures (Wang and 

Feng, 2013) with reference data at POTS. These procedures that use a reference to detect mean 

changes and corresponding change points (CPs) in a time series are based on the penalised 

maximal t-test (Wang et al., 2007; Wang, 2008). A possible lag-1 autocorrelation is accounted 

for. The procedures can automatically detect possible CPs (without information on documented 

CPs). However, in this study RHtestsV4 was only used to evaluate the documented CPs in Tmax, 

Tmean, and Tmin at TEMP, and, if necessary, to adjust the time series accordingly. We additionally 

checked whether results of the analyses changed when an adjustment was made including also 

automatically-detected CPs. While exact numbers slightly differed, main results and conclusions 

did not change. It was thus decided to keep the time series as original as possible and to only 

adjust for documented CPs. As a result, possible inhomogeneities due to changes in local- to 

meso-scale site conditions through urbanisation were not removed. Meta data for the TEMP 

time series are given alongside with the measurement data (DWD, 2018; Table S1). 

The significance (p < 0.05) of the documented CPs was evaluated based on the monthly-mean 

time series of each T variable (similar to, e.g., Vincent et al., 2002; Wang et al., 2014; Kruger and 

Nxumalo, 2017). The function ‘StepSize.wref’ of RHtestsV4 was applied iteratively until each of 

the remaining CPs was significant. The default parameters of RHtestsV4 were used (significance 

level: 0.95, twelve points to estimate the empirical probability density function (PDF) of each 

segment (Mq=12), the whole segments before and after each CP to estimate the PDF (Ny4a=0), 

and the last segment to adjust the time series to (ladj=10000)). 

After the iterative procedure, the time series of daily T data were adjusted using the quantile-

matching (QM) procedure (Wang et al., 2010; Vincent et al., 2012), which tries to diminish the 

difference between the empirical distributions of the data before and after a CP (Wang et al., 

2014). Afterwards, the adjusted monthly mean time series were tested for homogeneity. While 

Tmax was homogeneous, significant CPs were detected for Tmean (four CPs) and Tmin (five CPs) that 

are not supported by meta data. The differences in the means before and after a CP were 

≤ 0.14 K for Tmean and ≤ 0.45 K for Tmin, and they occurred in the middle of the time series. The 

changes were restricted in time, i.e., a negative change followed a positive change after some 

years, or vice versa. No adjustment in the time series was made for these CPs. 
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Table S1: Change points in time series at site Berlin-Tempelhof for daily maximum (Tmax), daily mean (Tmean) and daily 

minimum air temperature (Tmin). Significance was evaluated using RHtestsV4 (Wang and Feng, 2013) with data at 

Potsdam as reference. 

Variable Change point date Change point reason Significant/Adjusted for? 

Tmax 01 March 1951 Relocation, sensor change No 

 01 May 1952 Relocation Yes 

 01 September 1955 Sensor change Yes 

 01 May 1957 Relocation, sensor change No 

 11 July 1958 Sensor change Yes 

 10 September 1970 Relocation, sensor change No 

 02 July 1981 Sensor change No 

 01 April 2001 Change in observing practice Yes 

 27 November 2008 Sensor change Yes 

Tmean 01 March 1951 Relocation, sensor change Yes 

 01 May 1952 Relocation No 

 01 May 1957 Relocation, sensor change Yes 

 10 September 1970 Relocation, sensor change No 

 01 April 2001 Change in observing practice Yes 

 27 November 2008 Sensor change Yes 

Tmin 01 March 1951 Relocation, sensor change Yes 

 01 May 1952 Relocation No 

 01 May 1957 Relocation, sensor change Yes 

 10 September 1970 Relocation, sensor change Yes 

 01 April 2001 Change in observing practice Yes 

 27 November 2008 Sensor change Yes 

 

  

58



3 
 

Detection of HW by the Natural Risk Analysis (NRA) model 

The Natural Risk Analysis (NRA) model was applied for detection of HW (HW09, HW10). The NRA 

model is an improved version of the event-based risk-analysis method for quantifying heat-

stress related mortality in Berlin developed by Scherer et al. (2013). In this study, the model was 

driven by time series of Tmean at POTS as hazard variable indicating heat-stress conditions, and 

by daily mortality rates (all causes) for the same time period as risk variable showing the adverse 

effect of excessive heat on the entire population of Berlin. 

The NRA model was configured to search for HW events, i.e., episodes of at least three 

consecutive days during which Tmean exceeded a threshold temperature THW. The latter was 

iteratively increased by 0.5 K within the interval [15.0 °C, 35.5 °C], thus 40 different values for 

THW were explored by the model. For each value of THW the NRA model computes the sum of 

exceedance degree-days (sum of Tmean- THW for all event days) as HW magnitude of the event, 

and the mean daily mortality rate during the event and a maximum number of 14 lag days after 

the event as magnitude of the adverse effect. Then, a regression is computed using the HW 

magnitude as predictor and the effect magnitude as dependant variable. Significant results 

(p < 0.05) are then further analysed with respect to coefficient of determination r² and errors of 

the regression coefficients, among others. 

Daily mortality rates used here cover the period from 1990-2011. Two subsets for 1991-2000, 

and for 2001-2010 were also analysed in addition to the entire period. A significant (p < 0.05) 

long-term trend in daily mortality rates showing decreasing mortality despite a significant 

increase of the fraction of elderly people (65 years or older) was found in all three time periods 

(applying ordinary-least-square fitting with t-test) and removed from the time series. No 

significant trend in Tmean was found in the investigated periods. The highly significant regression 

results showed that values for THW of 21.0 °C and 23.0 °C showed lowest errors in the regression 

coefficient for the predictor or highest values of r². These thresholds showed consistently good 

or the best results in the three investigated periods and were thus selected for HW detection.  
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Figure S1: Heat waves per year (heat wave number - HWN) for different heat wave definitions (HW01-HW10) at site 

Potsdam from 1893 to 2017 during the warm season (May-September). Linear trends are shown as lines. Significant 

trends (p < 0.05) are marked with bold numbers and solid lines. Trend slopes estimated according to Sen (1968) (red, 

significance of trend according to Mann-Kendall test) and with ordinary-least-square (OLS) fitting (blue, significance 

of trend according to t-test). Trend units are (1 a-1)/decade and %/decade (in parentheses) with respect to overall long-

term mean value 1893-2017. 
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Figure S2: Same as Figure S1 but for mean heat wave duration (HWDmean). Trend units are d/decade and %/decade (in 

parentheses) with respect to overall long-term mean value 1893-2017. 
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Figure S3: Same as Figure S1 but for maximum heat wave duration (HWDmax). Trend units are d/decade and %/decade 

(in parentheses) with respect to overall long-term mean value 1893-2017. 
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Table S2: Trends in heat wave (HW) indices for different HW definitions (HW01-HW10) at sites Potsdam (first row per 

definition) and Berlin-Tempelhof (second row, italic) from 1948 to 2017 during the warm season (May-September). 

Significant trends (p < 0.05) are marked with bold numbers. Trend slopes estimated according to Sen (1968) 

(significance of trend according to Mann-Kendall test) and with ordinary-least-square fitting (numbers in parentheses, 

significance of trend according to t-test). Change in %/decade with respect to long-term mean value 1948-2017 is 

given in parentheses. HWN: HW number, HWF: HW frequency, HWDmean: mean HW duration, HWDmax: maximum HW 

duration (cf. Table 2). Thresholds for HW definitions applying relative thresholds were derived for Potsdam and applied 

to data at both sites. 

 Trend 

method 

HWN  

((1 a-1)/decade) 

HWF 

((d a-1)/decade) 

HWDmean 

(d/decade) 

HWDmax 

(d/decade) 

HW01 Sen 0.00 (+0.0 %) 0.00 (+0.0 %) 0.00 (+0.0 %) 0.00 (+0.0 %) 

  0.00 (+0.0 %) 0.00 (+0.0 %) 0.00 (+0.0 %) 0.00 (+0.0 %) 

 OLS 0.06 (+16.1 %) 0.54 (+20.4 %) 0.04 (+16.6 %) 0.42 (+17.3 %) 

  0.06 (+16.9 %) 0.53 (+19.2 %) 0.35 (+14.8 %) 0.38 (+15.6 %) 

HW02 Sen 0.00 (+0.0 %) 0.00 (+0.0 %) 0.20 (+4.6 %) 0.00 (+0.0 %) 

  0.00 (+0.0 %) 0.00 (+0.0 %) 0.25 (+5.4 %) 0.29 (+6.0 %) 

 OLS 0.10 (+13.7 %) 0.98 (+16.4 %) 0.62 (+14.1 %) 0.65 (+14.2 %) 

  0.10 (+13.0 %) 0.94 (+15.1 %) 0.56 (+12.1 %) 0.62 (+12.7 %) 

HW03 Sen 0.05 (+4.6 %) 0.88 (+9.0 %) 0.00 (+0.0 %) 0.17 (+2.5 %) 

  0.00 (+0.0 %) 0.91 (+9.5 %) 0.26 (+4.6 %) 0.40 (+5.7 %) 

 OLS 0.14 (+11.5 %) 1.27 (+12.9 %) 0.41 (+6.9 %) 0.65 (+9.4 %) 

  0.13 (+10.9 %) 1.40 (+14.6 %) 0.51 (+8.9 %) 0.77 (+11.0 %) 

HW04 Sen 0.03 (+2.6 %) 0.95 (+8.2 %) 0.29 (+4.0 %) 0.49 (+5.7 %) 

  0.02 (+1.9 %) 1.25 (+10.3 %) 0.66 (+8.9 %) 0.83 (+9.3 %) 

 OLS 0.11 (+8.9 %) 1.49 (+12.8 %) 0.91 (+12.9 %) 1.16 (+13.7 %) 

  0.11 (+8.6 %) 1.65 (+13.6 %) 1.00 (+13.5 %) 1.29 (+14.4 %) 

HW05 Sen 0.00 (+0.0 %) 0.89 (+9.8 %) 0.00 (+0.0 %) 0.21 (+4.7 %) 

  0.00 (+0.0 %) 0.91 (+9.6 %) 0.00 (+0.0 %) 0.24 (+5.3 %) 

 OLS 0.20 (+9.4 %) 0.99 (+10.9 %) 0.17 (+4.9 %) 0.32 (+7.1 %) 

  0.19 (+8.6 %) 0.93 (+9.8 %) 0.16 (+4.4 %) 0.29 (+6.3 %) 

HW06 Sen 0.51 (+21.5 %) 2.14 (+21.8 %) 0.00 (+0.0 %) 0.57 (+13.1 %) 

  0.36 (+12.2 %) 1.82 (+14.0 %) 0.00 (+0.0 %) 0.38 (+6.7 %) 

 OLS 0.52 (+22.0 %) 2.37 (+24.2 %) 0.25 (+7.7 %) 0.61 (+13.8 %) 

  0.40 (+13.6 %) 1.94 (+15.0 %) 0.15 (+3.8 %) 0.50 (+8.8 %) 

HW07 Sen 0.27 (+10.3 %) 1.80 (+12.0 %) 0.00 (+0.0 %) 0.48 (+6.3 %) 

  0.22 (+6.7 %) 2.14 (+10.7 %) 0.00 (+0.0 %) 0.77 (+8.4 %) 

 OLS 0.29 (+11.1 %) 1.90 (+12.7 %) 0.17 (+3.3 %) 0.58 (+7.7 %) 

  0.27 (+8.3 %) 2.19 (+11.0 %) 0.32 (+5.8 %) 0.94 (+10.3 %) 
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HW08 Sen 0.20 (+9.2 %) 1.17 (+11.2 %) 0.00 (+0.0 %) 0.36 (+6.5 %) 

  0.25 (+8.0 %) 1.78 (+11.4 %) 0.00 (+0.0 %) 0.30 (+4.5 %) 

 OLS 0.21 (+9.5 %) 1.20 (+11.5 %) 0.19 (+4.8 %) 0.47 (+8.6 %) 

  0.29 (+9.2 %) 1.69 (+10.9 %) 0.15 (+3.5 %) 0.56 (+8.3 %) 

HW09 Sen 0.29 (+11.9 %) 1.89 (+15.3 %) 0.00 (+0.0 %) 0.40 (+6.4 %) 

  0.24 (+7.7 %) 1.92 (+11.4 %) 0.00 (+0.0 %) 0.42 (+5.5 %) 

 OLS 0.31 (+13.0 %) 1.83 (+14.9 %) 0.15 (+3.2 %) 0.54 (+8.6 %) 

  0.31 (+9.7 %) 1.97 (+11.7 %) 0.22 (+4.6 %) 0.64 (+8.4 %) 

HW10 Sen 0.00 (+0.0 %) 0.00 (+0.0 %) 0.00 (+0.0 %) 0.00 (+0.0 %) 

  0.00 (+0.0 %) 0.48 (+8.1 %) 0.00 (+0.0 %) 0.00 (+0.0 %) 

 OLS 0.16 (+15.6 %) 0.61 (+15.2 %) 0.07 (+3.0 %) 0.21 (+7.8 %) 

  0.17 (+13.6 %) 0.82 (+13.9 %) 0.16 (+5.2 %) 0.30 (+7.7 %) 
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1. Introduction

Provision of atmospheric data from observational networks at high spatial resolution and over long time
periods remains a challenge in urban climate research, since at least one of these requirements is commonly
not fulfilled (Grimmond, 2006; Muller et al., 2013). Classical meteorological observational networks are de-
signed for detection of synoptic atmospheric conditions, and thus are rarely suitable for city-specific and
intra-urban analyses. The development and progression of low-cost and quality-checked sensors with wire-
less data transmission provides new opportunities for environmental monitoring networks (e.g. Kumar et
al., 2015; Whiteman et al., 2000; Young et al., 2014,). This generation of sensors fosters the implementation
of high-resolutionmeasurement networks in cities like the Helsinki Testbed (Koskinen et al., 2011) or the Bir-
mingham Urban Climate Laboratory (BUCL) (Chapman et al., 2015; Warren et al. 2016). However, long-term
operation of such dense networks is hardly possible given the maintenance costs for the large amount of de-
vices (Chapman et al., 2015).

Beside these comprehensive urban meteorological networks, citizens as data providers offer huge poten-
tials, especially in urban areas due to high population density (e.g. Bell et al., 2013; Castell et al., 2015;
Steeneveld et al., 2011;Wolters and Brandsma, 2012). In the field of ecology the concept of involving citizens
in science is not new (Dickinson et al., 2010). This concept relies on active participation of citizens to contrib-
ute to research. In recent years, a number of efforts have also beenmade concerning atmospheric applications,
e.g. mapping of atmospheric aerosols with smartphones (Snik et al., 2014) or involving citizens in observa-
tionalmeteorological networks such as “CoCoRaHS” (Community Collaborative Rain, Hail and SnowNetwork,
http://www.cocorahs.org) or the UK citizen rainfall network (Illingworth et al., 2014).

Another approach to acquire huge amounts of data is the concept of crowdsourcing, defined by Dickinson
et al. (2010) as “getting an undefined public to do work, usually directed by designated individuals or profes-
sionals”. A recent comprehensive review expanded this definition, stating that crowdsourcing includes the
collection of atmospheric data frompublic sensors connected to the internet (Muller et al., 2015). For instance,
Overeem et al. (2013) took battery-temperature records from smartphones to derive urban air temperatures
by using data from the Android application OpenSignal for smartphones. Mass and Madaus (2014) exploited
air-pressure measurements from another smartphone application called pressureNET to simulate an active
convection event in the United States of America. Other web-based projects collect data from citizen weather
stations (CWS), e.g. the Weather Observations Website (WOW, http://wow.metoffice.gov.uk/), the Citizen
Weather Observer Program (CWOP, http://wxqa.com) or Weather Underground (WU, https://www.
wunderground.com/). More examples of current atmosphere, weather, and climate-related crowdsourcing

Table 1
Data quality levels, criteria for data filtering, potential error sources for crowdsourced air temperature (Tcrowd) measurements, and data
availability at each level.

Quality
level

Description criteria for data filtering Potential error sources Percent
of raw
data

A0 Crowdsourced air temperature (Tcrowd) raw data with correct
timestamp

Netatmo API and server limits 100.0

A1 Netatmo stations with valid metadata (latitude, longitude) User-specific operating error 97.9
A2 80% hourly data per day Intermittent failure of wireless network,

loss of battery power, server failure
91.7

A3 80% daily data per month Intermittent failure of wireless network,
loss of battery power, server failure

70.1

B Indoor station filter, monthly average and standard deviation of
daily minimum air temperature (TN)

User-specific installation error (misuse),
netatmo outdoor module set up indoors

59.7

C1 Systematic radiative error filter, positive and significant
correlation between global radiation and air temperature
difference (Tcrowd_ID − Tref)

Netatmo outdoor module set up in a
sunlit location (no radiation shield)

52.0

C2 Single value radiative error filter, flagging day-time values
when air temperature difference (Tcrowd_ID − Tref) N 3 ∗ SD in
Tref

At times the netatmo outdoor module
received direct short wave radiation

47.3

D Outlier filter based on spatial average of Tcrowd ± 3 ∗ SD in
Tcrowd

netatmo outdoor module temporarily
moved, other measurement errors

47.1

192 F. Meier et al. / Urban Climate 19 (2017) 170–191

70



projects are listed in Muller et al. (2015, Table 1). The National Research Council of the National Academies
(2012) pointed out the great potential in utilizing such non-traditional sensor networks for observations of
the urban atmosphere.

Combining the advantages of both approaches, i. e. citizens as data providers in atmospheric research and
crowdsourcing large amounts of data via the internet, can be achieved by using the ‘netatmo’ urban weather
station (https://www.netatmo.com/product/weather/). The netatmo company develops and distributes
weather stations around theworld for interested citizens tomonitor atmospheric conditions outdoors and in-
doors. This kind of CWS is cost-efficient, Wi-Fi connection serves for data transfer, and owners have access to
real-time data visualisation via application software. These smart devices automatically upload their data to
the netatmo server. They belong to the ‘Internet of things’, which plays an important role for recent innova-
tions in data mining and crowdsourcing (Muller et al., 2015). While netatmoweather stations offer huge po-
tentials due to dense spatial coverage in many urban areas, the question remains if and how crowdsourced
data from this source could be suitable for urban climate research? What are the key challenges and benefits
of this novel data set?

Only recently, Chapman et al. (2016) presented a short-term (two months, limited to night-time) case
study of the urban heat island of London, United Kingdom, quantified using netatmo data. But for the first
time, this study investigates a one-year data set of crowdsourced air temperatures from netatmo urban
weather stations. The objectives of this study are (1) to introduce our crowdsourcing technique and (2) to
present a comprehensive data quality assessment by means of comparative measurements and air tempera-
ture measurements from reference observational networks throughout one year. Further, this study (3) ex-
plores the potential of this novel data set for analysis of the temporal and spatial variation of air
temperature in the city of Berlin, Germany, and surroundings.

The following section provides materials and methods of the crowdsourcing approach and reference ob-
servations. Section three describes in detail potential error sources and the data quality assessment procedure.
The results section presents the ‘deciphering’ of data quality and temporal availability of crowdsourced data as

Fig. 1.Overview of the study areawith locations of crowdsourced air temperature (Tcrowd)measurements (black dots) from netatmo out-
door modules on 31 December at 13:00 h (UTC+ 1), sites of the urban climate observation network (UCON, red squares) and the obser-
vational network of the German Weather Service (DWD, blue squares). Land cover data is based on the CORINE data set (CLC2006,
Version 12) provided by the European Environment Agency (Büttner et al. 2012). The black line denotes the administrative border of
Berlin.
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well as spatial and temporal variability of crowdsourced air temperature. Finally, we discuss sensor accuracy,
data quality assessment, scales and representativeness, and spatial density, showing benefits and challenges
associated with this novel data set for urban climate research.

2. Material and methods

2.1. Study site and reference observational networks

Berlin is the largest city in Germany with about 3.5 million inhabitants and a total area of 892 km2. We
have chosen Berlin and its surroundings because the climate of the city is not directly influenced bymountains
or seas, which could interfere with formation of urban heat islands (UHI) and intra-urban variations of air
temperature (T). Furthermore, measurements from the urban climate observation network (UCON) of the
Chair of Climatology at Technische Universität Berlin (Fenner et al., 2014) and the network of the German
Weather Service (DWD) can be used to evaluate the crowdsourced air temperature (Tcrowd) data set. In par-
ticular, we used hourly and aggregated T from eight UCON stations and nine DWD stations as reference
data set (Tref). These stations are located in a variety of local settings and hence enable us to evaluate the ap-
plicability of crowdsourced atmospheric data in rural and urban environments (Fig. 1). Geographic locations,
land-cover fractions, and corresponding Local Climate Zones (LCZs, Stewart and Oke, 2012) of these reference
observational sites are documented in the appendix (Table A1).

All UCON stations are equipped with Campbell CS215 air temperature and relative humidity probes in
white plastic radiation shieldswith active ventilation during sunlit periods. UCON rawdata at 1-min temporal
resolutionwere processed in three steps for quality assurance. First, offset and gain values from calibration ex-
periments in a climate chamber were applied to raw data. Secondly, absolute maximum and minimum
monthly Twere used to identify unrealistic measurements. These monthly thresholds were derived from ob-
servations at DWD sites Potsdam (period 1900–2014) and Berlin-Tempelhof (period 1948–2014). The abso-
lute highest (lowest)maximum(minimum) T permonth recorded in those periods at either one of these sites
was taken, and a buffer of±3.0 Kwas added. UCONmeasurements above (below) themaximum (minimum)
threshold were set to missing values. Thirdly, 1-min data were visually checked and aggregated to hourly
mean values. Data provided by DWD are quality-checked products (Kaspar et al., 2013; DWD Climate Data
Center 2016). These two observational networks provide the reference data set in the study region, which
is needed for the quality assessment of Tcrowd.

2.2. Acquisition of air temperature measurements through crowdsourcing

We explored measurements by netatmo weather stations. The standard version of these stations consists
of two modules, an outdoor module and an indoor module, each enclosed by a cylindrical aluminium shell.
The outdoor and indoor modules have sizes of 45 × 45 × 105 mm and 45 × 45 × 155 mm, respectively.
While the outdoormodulemeasures T and relative humidity (RH), the indoormodulemeasures T, RH, and ad-
ditionally air pressure, CO2 concentration, and noise level.

Each weather station provides instantaneous values at approximately five-minute intervals. Data are au-
tomatically uploaded to the netatmo server via Wi-Fi and the owners can view and download data via the
netatmo application or through a web-interface. They can decidewhether T and RHmeasured by the outdoor
module as well as air pressure are provided to the public. These data are then shown on the so-called
‘netatmo-weathermap’ (https://weathermap.netatmo.com/), and are available for crowdsourcing via an ap-
plication programming interface (API) developed by netatmo.

To obtain these data, a number of methods are available through the netatmo API. We used the
‘getpublicdata’method for acquisition of public netatmo data in a specified area defined by longitude and lat-
itude. The upper right corner of our investigated area is located at 52.727861° N, 13.64724° E and the lower
left corner at 52.340471° N, 12.960249° E, including the city of Berlin and surroundings (ca. 3000 km2).
This area was divided into 64 tiles to ensure that data from all weather stations were collected since the
‘getpublicdata’ method has limits concerning the returned number of stations per geographical region. The
‘getpublicdata’method provides anoptional filter in order to exclude stationswith unexpected values.Wede-
cided not to use the netatmo filter, because the underlying algorithm was not documented. Thus, our data
quality assessment (c.f. Section 3) was developed on the basis of all available raw data.
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The API returns a JavaScript Object Notation, i.e., data interchange text format, whichwas parsed to extract
metadata and measurements of each station. Metadata included timestamp, latitude, and longitude for each
measurement. We used the API at one-hourly intervals since the ‘getpublicdata’ method provided updated
data every 40–50 min. Therefore, our crowdsourced raw data have a temporal resolution of 1 h (instanta-
neous values). All measured values and metadata were stored in a database. In contrast to standard observa-
tional networks, we had to manage a variable number of stations for which data were returned after each
hourly request via the API. Fig. 1 shows the location of 1535 available Tcrowd stations (raw data) on 31 Decem-
ber at 13:00 h, aswell as the location of reference stations, i.e., the UCON andDWD stations used in this study.
We analysed Tcrowd from netatmo outdoor modules during a period of twelve months (Jan–Dec 2015). If not
otherwise stated, all time specifications are given in UTC + 1.

2.3. Comparative measurements

In order to assess the accuracy of netatmo outdoor T sensors, comparativemeasurements were conducted
in a climate chamber.We analysed the accuracy of eight sensors for seven pre-defined temperature levels be-
tween 30 and0 °C. These levelswere set inside the climate chamber; each 5 h long including the change in T to
the next level. This cycle was run twice. Original data of the netatmo sensors at approximately five-minute in-
tervals were downloaded from the web-interface and set to the nearest full minute to be compared to 1-min
values of a reference sensor (Vaisala HMP155, accuracy: ±0.28 K in range 0–40 °C). We used the measure-
ments of the last 2 h of each pre-defined temperature level to ensure that all sensors were at the desired tem-
perature level. Fig. 2 (left) displays mean differences between T as measured by netatmo sensors and the
reference sensor, showing that all eight netatmo outdoor sensors fulfilled the manufacturer's specified accu-
racy of±0.3 K at all seven temperature levels except the lowest temperature at 0 °C. Here, four sensors exhib-
ited a slight warm bias close to 0.5 K.

Additionally, we conducted a long-termfield comparison between onenetatmo station and oneUCON sta-
tion at site Rothenburgstrasse over the study period. We placed the netatmo outdoor module in a white
wooden Stevenson screen to ensure full shading. The UCON sensor (Campbell CS215, accuracy: ±0.4 K in
range 5–40 °C) is set up in a white plastic radiation shield, which is actively ventilated during sunny periods,
otherwise naturally ventilated. Offset and gain values from the climate chamber experimentwere applied to T
values of the netatmo sensor. Fig. 2 (right) shows that mean T differences (ΔTnetatmo-UCON) between 14:00 h
until 05:00 h are within ±0.5 K. After sunrise and during morning hours ΔTnetatmo-UCON gradually changes
to −1.3 K and then reaches 0.5 K at 13:00 h.

Fig. 2.Mean air temperature differences (ΔT) between eight netatmo sensors (outdoormodule) and a reference sensor (VaisalaHMP155)
for seven air temperature levels in a climate chamber (left). Diurnal cycle ofΔT between one netatmo sensor (outdoormodule placed in a
Stevenson screen) and theUCONsensor (Campbell CS215) at UCONsite Rothenburgstrasse during2015 as boxplots per hour (right). Each
box ranges from 25th to 75th percentile (i.e. interquartile range IQR), median values are denoted as a horizontal line, a filled square rep-
resents arithmeticmeans, whiskers have amaximum length of 1.5 ∗ IQR, and values above 1.5 ∗ IQR aremarked as open circles. The num-
ber of values per box is shown at the top.

195F. Meier et al. / Urban Climate 19 (2017) 170–191

73



3. Error sources and quality assessment of Tcrowd

Crowdsourced data can hardly be used directly to yield usable information about the state of the atmo-
sphere (Bell et al., 2015;Muller et al., 2015). Assessment of data quality is a real challenge within the analysis
of crowdsourced data. This challenge is evidentwhenwe look at Fig. 3, which shows the temporal evolution of
hourly raw data of Tcrowd along the yearly cycle. Based on explorative analyses of the raw data set, we identi-
fied different error sources and developed a comprehensive quality assessment (QA) procedure. This section
describes potential error sources, followed by a detailed description of individual steps during the QA proce-
dure, wherebydatawere not deleted butflags (TRUE/FALSE)were generated for each Tcrowd value.We defined
four main data quality levels (A, B, C, D), whereby level D provides the highest quality.

3.1. Potential error sources

Beside sensor-specificmeasurement errors (cf. Section 2.3), we identified further error sources. A netatmo
owner usually defines the location of its station via a map application or via a smartphone's GPS and the
netatmo application. If the owner does not specify the location, then latitude and longitude values are auto-
matically assigned based on the IP address of thewireless network. This leads to erroneousmetadata. Further-
more, we checked themetadata of each Tcrowd value to check if the location of a netatmo stationwas changed.
In this case, we created a new station ID in our database with a new time series, and the previous time series
was discontinued.

The ‘getpublicdata’ method provides near real-time data, i.e., data of previous periods are not supplied.
Therefore, any failure of the netatmo server or a failure of our server that runs data requests via API results
in missing values. Moreover, single stations can have missing values due to lack of Wi-Fi connection. Further,
the outdoormodulewirelessly sends itsmeasurements to the indoormodule using a radio signal. Intermittent
failures of this connection due to loss of battery power or obstacles in the transmission path are further rea-
sons for missing values.

Beside these hard- and software problems, user-specific operating errors may occur during the set-up of
the outdoor module. Since there are no standard guidelines on how to use the devices, inappropriate instal-
lation and use of netatmo sensors can lead to systematic errors. The crowdsourced metadata do not include
information whether the sensor is actually located in an outdoor environment. Theoretically, owners could
set up their outdoor modules inside a building. During the QA procedure, we assessed whether a sensor is lo-
cated in an outdoor environment or not.

Further, the netatmo installation manual provides only basic instructions to the owners how to set up the
outdoormodule. Owners are advised to install the sensor in a shaded place since the outdoormodule does not
have a special housing in order tominimise the effect of direct short-wave radiation, and tomaximize airflow
around the sensor. If the owner chooses a locationwhere the outdoormodule is exposed to direct short-wave
radiation, then itsmeasurements can be subject to radiative errors due to solar heating (Nakamura andMahrt,

Fig. 3. Hourly time-series of crowdsourced air temperature (Tcrowd) measurements (raw data) of netatmoweather stations in Berlin and
surroundings (grey lines) and the spatial average of Tcrowd (black) during 2015.
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2005). This problem leads to an overestimation of T as visible in Fig. 3. Several Tcrowd values were considerably
warmer (up to 30 K) than the spatial average of Tcrowd.

Incorrect values also arise when the owner temporarily moved the outdoor module from the measure-
ment site without any update of metadata. Reasons could be a need for temporary observations of specific at-
mospheric conditions elsewhere or some maintenance work like battery changes.

We considered all these potential error sources during the QA, which are described in detail in the
following.

Fig. 4.Relation betweenmonthly average of daily minimumair temperature (TN) and standard deviation (SD) in TN for July 2015 (upper
panel) and December 2015 (lower panel) for crowdsourced air temperature (T

crowd

). The black square represents TN
ref

, i.e., the arithmetic
mean of UCON and DWD stations. Black error bars represent one SD in TN

ref

. The major and minor axes of the ellipse are defined as five
times the standard deviation in TN

ref

and SD
ref

, respectively. Grey circlesmark netatmo stations outside the ellipse, open green circles rep-
resent stations inside the ellipse and filled green circles mark netatmo stations flagged with TRUE at quality level B. Orange square and
errors bars represent the arithmetic mean and one SD of TRUE netatmo stations.

197F. Meier et al. / Urban Climate 19 (2017) 170–191

75



3.2. Data quality level A

Level A was designed to identify individual stations with inconsistent metadata, and to filter out stations
with low data availability. Level A was divided in four sub-classes. Sub-class A0 included raw data, i.e., Tcrowd

values with valid timestamps. All stations with invalid metadata (latitude, longitude) were identified in sub-
class A1. Several netatmo stations showed identical latitude and longitude due to the automatic location as-
signment based on the IP address of the wireless network (e.g. 52.5167° N and 13.4000° E for an IP address
in Berlin). If two ormore stations had identical latitude and longitude, then allmeasurements of these stations
were flagged with FALSE. Sub-class A2 was introduced in order to identify stations where no robust daily
values could be calculated, e.g. daily minimum air temperature (TN). All hourly values of a day were flagged
with FALSE, if b19 hourly values per day (80%) were available. Stations for which we could not compute ro-
bustmonthly values, e.g.monthly average of TN, werefiltered out at sub-class A3. All valueswereflaggedwith
FALSE, if b80% of daily data per month were available.

3.3. Data quality level B

Level B was designed for identification of ‘real’ outdoor measurement sites. Several time series of Tcrowd

showed no clear diurnal or annual coursewith relatively constant values around 20 °C (Fig. 3). This character-
istic of the crowdsourced data set was most likely caused by a ‘misuse’ of outdoor modules by owners. These
outdoor modules most probably measured indoor air temperatures. If an outdoor module was set up inside
buildings, then monthly averages of daily minimum air temperature (TNcrowd) should be noticeably higher
in comparison to reference values of minimum air temperature (TNref) derived from the arithmetic mean of
all UCONandDWDstations. Further,we considered standard deviation (SD) in TN for eachmonth.Weexpect-
ed lower SD for indoor measurements due to thermal inertia of buildings.

The QA at level B technically had two steps, and was executed for each month separately. At first, all
crowdsourced stations outside a specific range were flagged with FALSE, i.e., outside the ellipse as shown ex-
emplarily for July (Fig. 4, top) andDecember (Fig. 4, bottom). The axes of the ellipsewere defined as five times
the standard deviation in TNref and in SDref. In the second step, the histograms of TNref and SDref were comput-
ed. The respective bin sizes were defined by minimum and maximum values of TNref and SDref inside the el-
lipse and a fixed number of ten bins. For every combination of bins in the histograms of TN and SD (two-

Fig. 5. Relation between global radiation (SW
down

) and hourly air temperature difference (ΔT
crowd_ID-ref

) between an individual netatmo
station (T

crowd_ID

) and spatial average of reference air temperature (T
ref

) measured at UCON and DWD stations (left: netatmo ID= 0002,
right: netatmo ID= 0046). Red circles are hourly values flagged with FALSE.
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dimensional density) the relative frequencywas computed and all netatmo stations inside a two-dimensional
bin with a relative frequency N 0.01 were flagged with TRUE (filled green circles in Fig. 4).

3.4. Data quality level C

This quality level involved two sub-classes: C1 and C2. This subdivision was chosen to filter out complete
time-series of netatmo stations with systematic radiative errors (sub-class C1), and to filter out single values
with radiative errors (sub-class C2) due to solar heating.

At first, we selected all daytime values, i.e., when global radiation (SWdown) at UCON station TU-Berlin
Campus Charlottenburg (Kipp & Zonen, CNR4) was N10 W m−2. At level C1, a regression analysis was per-
formed for each netatmo station in order to quantify the statistical relationship between SWdown and air tem-
perature difference (ΔTcrowd_ID-ref), i.e., the hourly difference between T measured by an individual netatmo
station (Tcrowd_ID) and the spatial average of Tref. A significant (p b 0.01) and positive correlation (with Pearson
linear correlation coefficient R N 0.5) between SWdown and ΔTcrowd_ID-ref indicated stations with systematic ra-
diative errors. All values of these netatmo stations were flagged with FALSE. An example for this case of sta-
tistical relation is shown in Fig. 5 (left). The majority of netatmo stations showed no evidence of a
systematic radiation error, even negative correlations, but certainly showed high positive deviations for indi-
vidual values of ΔTcrowd_ID-ref (Fig. 5, right). These individual daytime values were filtered at level C2. If ΔT-
crowd_ID-ref was greater than three times SD in Tref, these values were flagged with FALSE (red circles, Fig. 5,
right).

3.5. Data quality level D

Remaining outliers in the crowdsourced data set were identified at level D. These outliers can arise if an
owner has temporarily moved the measurement station, or result from other measurement errors. Filtering
was performed on the basis of descriptive statistics of the crowdsourced data set itself, i.e., the spatial average

Fig. 6.Hourly number of crowdsourced air temperature (Tcrowd) values observed at netatmoweather stations in Berlin and surroundings
during the year 2015 for different data quality levels: A0 (top panel), A3, B, C2 and D (bottom panel).
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Table 2
Spatio-temporal average ± standard deviation of reference air temperatures (Tref) measured at UCON and DWD stations as well as crowdsourced air temperatures (Tcrowd) in Berlin and surroundings for
each data quality level and month during the year 2015. Standard deviation refers to the spatial average.

°C Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

Tref 3.1 ± 0.4 1.9 ± 0.5 6.2 ± 0.5 9.5 ± 0.7 13.5 ± 0.7 17.0 ± 0.6 20.1 ± 0.6 22.1 ± 0.6 14.3 ± 0.7 8.7 ± 0.6 7.8 ± 0.5 7.1 ± 0.4
Tcrowd

A0 4.4 ± 3.4 3.6 ± 3.2 7.6 ± 2.6 11.2 ± 2.2 15.6 ± 1.5 18.6 ± 1.4 21.4 ± 1.7 23.1 ± 1.5 15.7 ± 1.8 10.1 ± 2.3 8.5 ± 2.9 8.0 ± 2.6
A1 4.4 ± 3.3 3.6 ± 3.1 7.6 ± 2.6 11.2 ± 2.2 15.6 ± 1.5 18.6 ± 1.4 21.4 ± 1.8 23.1 ± 1.5 15.7 ± 1.8 10.1 ± 2.3 8.5 ± 2.9 8.0 ± 2.6
A2 4.2 ± 3.0 3.5 ± 3.1 7.6 ± 2.5 11.2 ± 2.2 15.5 ± 1.5 18.9 ± 1.4 21.3 ± 1.7 22.7 ± 1.4 15.6 ± 1.7 10.0 ± 2.2 8.3 ± 2.7 7.8 ± 2.5
A3 4.1 ± 2.3 3.4 ± 2.8 7.5 ± 2.2 11.2 ± 1.9 – 18.8 ± 1.1 21.3 ± 1.0 – 15.6 ± 1.4 9.9 ± 1.9 8.7 ± 2.0 7.9 ± 1.9
B 3.6 ± 0.6 2.9 ± 0.9 7.1 ± 0.9 10.8 ± 1.1 – 18.7 ± 0.8 21.2 ± 0.9 – 15.4 ± 1.1 9.6 ± 1.0 8.3 ± 0.8 7.5 ± 0.6
C1 3.6 ± 0.6 2.8 ± 0.9 7.0 ± 0.9 10.7 ± 1.0 – 18.6 ± 0.8 21.1 ± 0.8 – 15.4 ± 1.0 9.5 ± 1.0 8.3 ± 0.8 7.5 ± 0.7
C2 3.2 ± 0.4 2.2 ± 0.7 6.3 ± 0.5 9.8 ± 0.7 – 17.7 ± 0.5 20.4 ± 0.6 – 14.6 ± 0.7 8.8 ± 0.6 8.1 ± 0.8 7.4 ± 0.6
D 3.2 ± 0.4 2.2 ± 0.7 6.3 ± 0.5 9.8 ± 0.7 – 17.7 ± 0.5 20.4 ± 0.6 14.6 ± 0.6 8.7 ± 0.6 8.1 ± 0.8 7.4 ± 0.6
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and SD of Tcrowd. Single valueswere filtered out, if the hourly absolute deviation between Tcrowd_ID and the spa-
tial average of Tcrowd was greater than three times SD in Tcrowd.

All data quality levels for crowdsourced air temperaturemeasurements, a short description of the selection
criteria for data filtering, possible error sources, and the data availability in percent in relation to raw data are
summarized in Table 1.

4. Results

This section presents the results of the QA procedure and spatio-temporal characteristics of Tcrowd. At first,
an overview of temporal data availability is given. Second, we summarise monthly mean values of spatial av-
erages of Tcrowd and Tref for each data quality level, aswell as hourly variability of quality checked Tcrowd values
(data quality level D) in relation to Tref. Finally, we show the spatial variability of Tcrowd for selected hours of an
average diurnal cycle in July 2015.

4.1. Temporal availability of crowdsourced air temperature measurements

The uppermost panel of Fig. 6 shows that the number of crowdsourced weather stations has increased by
N60% during the investigation period, i.e., from ca. 900 in January to ca. 1500 in December 2015 (data quality
level A0). Therewas a remarkable increase at the end of January, becausewe definedmore tiles (64 instead of
16) for the netatmo API query. A further distinct increase occurred at the end of November, because of dis-
counts and promotions during a special sale (Black Friday). Rawdata availability in the study areawas slightly
higher (approx. 50 stations) during day-time than during night-time. Most probably, Wi-Fi internet connec-
tion that is required for the indoor module to send all records to the netatmo server was switched off during
night-time by the owner. No crowdsourced datawere available for nine days inMay and seven days in August
due to a failure of our server. Further, no crowdsourced data were available for certain hours due to missing
response of the netatmo server.

A total of 86 stations (2.1%) were filtered out at level A1 due to uncertain latitude and longitude values. No
Tcrowd valueswere available duringMay and August at level A3 and following levels, because of b80%monthly
values at all sites due to server problems (Fig. 6, second panel from top). This problem reduced overall data
availability by N20%. At level B, approximately 100 stations per month were filtered out (Fig. 6, third panel
from top). The outdoor modules of these stations were probably placed inside rooms of buildings (e.g.

Fig. 7. Hourly time-series of crowdsourced air temperature (Tcrowd) measurements (data quality level D) at netatmo weather stations in
Berlin and surroundings (grey lines) and the spatial average of Tcrowd (black) during 2015 (bottom panel). Hourly variations of the differ-
ence ΔTcrowd-ref. between spatial average of Tcrowd and spatial average of reference air temperature (Tref) measurements (upper panel).
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residential buildings, offices, huts, lodges, or green houses) or very close to buildingwalls andwindows. Over-
all, 240 stations showed systematic radiative errors and were filtered out at level C1. The filtering of hourly
values duringday-time at level C2 remarkably reduced thehourly number of Tcrowd values, but at least approx-
imately 200 stations remained during day-time. The outlier filter (level D) reduced the data set by only 0.2%.
Data availability at each level in relation to the amount of raw data is summarized in Table 1 (right column).
Data with the highest quality level D comprised 47% of the total amount of raw data.

4.2. Temporal variability of Tcrowd

Monthly mean values of the spatial average, i.e., the arithmeticmean across all sites, of Tcrowd for each data
quality level, as well as the spatial average of Tref are summarized in Table 2. Monthly mean values and stan-
dard deviations of Tcrowdwere consistently higher than Trefwith differences up to 2.1 K at quality level A. Stan-
dard deviations of Tcrowd were in particular higher during winter months. These positive deviations were
clearly reduced after quality level B, i.e., after flagging the ‘indoor’ stations, and even smaller at quality level
C2, i.e., after application of the radiative error filter. Differences of monthly mean values were b0.7 K at the
highest quality level D.

The annual course of hourly Tcrowd at quality level D and the hourly air temperature difference (ΔTcrowd-ref)
between spatial averages of Tcrowd and Tref are presented in Fig. 7. All time-series of Tcrowd and the spatial av-
erage of Tcrowd showed a distinct seasonal cycle. Hourly values ofΔTcrowd-refwerewithin the range of−2 K and
+3 K.Mean deviation (MD)was higher for night-time (1.0± 0.7 K) in comparison to day-time (0.2± 0.6 K).
Furthermore, ΔTcrowd-ref showed stronger diurnal as well as day-to-day variation from mid-February up until
beginning of October than during the other months.

Fig. 8.Boxplots of the averagediurnal cycle during July 2015 (upper panel) andDecember (lower panel) of crowdsourced air temperature
(Tcrowd, data quality level D, grey boxes) and reference air temperature (Tref, white boxes). Each box ranges from 25th to 75th percentile
(i.e. interquartile range IQR), median values are denoted as a horizontal line, a filled square represents arithmeticmeans, whiskers have a
maximum length of 1.5 ∗ IQR, and values above 1.5 ∗ IQR aremarked as open circles. The number of Tref stations is always 17, the number
of Tcrowd stations is shown at each hour. Note the different scaling of y-axes.
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Average diurnal cycles of Tcrowd during July and December are presented in Fig. 8 (data quality level D).
Each hourly box plot contains valid crowdsourced stations whose data availability at this hour is higher
than 80% for the respective month. The number of available crowdsourced stations per hour varied through-
out the day, and was particularly high during night-time (up to 790 in December). No data were available for
12:00 h in July, because of repeated server problems at this time. Hourly median and mean values of Tcrowd

were similar. However, in July the distribution had a slight positive skewness (up to 0.2) during night-time,
and a slight negative skewness (up to −0.5) during day-time. The interquartile range (IQR = 75th minus
25th percentile) of Tcrowd was higher during night-time, reaching values of up to 1.8 K in July, and up to
1.1 K in December.

Further, Fig. 8 shows the average diurnal cycles of Tref (white boxes). Similar to Tcrowd, IQR of Trefwas higher
during night-time (up to 1.6 K in July, and up to 0.9 K in December). Hourly median and mean values of Tref
showed only small differences. However, especially in July, the distribution had a positive skewness (up to
1.6) during day-time. A comparison of both data sets revealed that during day-time IQR of Trefwas remarkably
lower in comparison to Tcrowd. At night, IQR of both data sets were similar. Maxima and 75th percentiles of T-
crowdwere always higher than Tref values, whereas themaximumdifference between 75th percentiles reached
2 K at 21:00 h in July. The 75th percentiles of Tcrowdwere close tomaxima of Tref. Medians of Tcrowdwere higher
than medians of Tref except for themorning hours in July. During night-time in July, the 25th percentiles of T-
crowd were close to the 75th percentiles of Tref, and minima of Tref were lower than minima of Tcrowd.

Fig. 9. Spatial distribution of crowdsourced air temperature (Tcrowd) measured at netatmo stations (circles, data quality level D, 666 sta-
tions) and reference air temperature (Tref) measured at UCON and DWD stations (squares) in Berlin and surroundings during July 2015 at
24:00 h (UTC+ 1). Symbols partly overlap due to the high spatial density of Tcrowd. Grey-shaded areas mark built-up areas in the CORINE
land cover data set (CLC2006, Version 12) providedby the European Environment Agency (Büttner et al. 2012). The black line denotes the
administrative border of Berlin.
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4.3. Spatial variability of Tcrowd

Selection of a timestamp or rather a timeperiod for analyses of spatial variabilitywas based on the analysis
of average diurnal cycles of Tcrowd (Fig. 8). We selected the time of day when IQR reached a maximum in July,
i.e. at 24:00 h. Further, we selected 14:00 h for showing spatial variability of Tcrowd at day-time in July, as this
time of day showed the highest number of available stations during mid-day hours.

Weather conditions in July 2015 were comparable to long-term mean values (1981–2010) at site TEGL
(Table A1). Mean cloud cover and mean wind speed were slightly higher in 2015 with 4.8 octas (long-term
mean: 4.6 octas) and 4.1 m s−1 (long-term mean: 3.4 m s−1), respectively. Monthly precipitation sum in
July 2015 amounted to 58.7 mm m−1, being almost identical to the long-term mean in July (59.5 mm m
−1). At 14:00 h mean wind speed and cloud cover were higher in comparison to 24:00 h with 5.5 m s−1

and 5.1 octas, respectively, compared to 3.1 m s−1 and 4.6 octas.
Netatmo stations were located exclusively in built-up areas with few exceptions (Fig. 9 and Fig. 10). The

spatial variation of Tcrowd and Tref at 24:00 h is presented in Fig. 9. At this time, the spatial average of Tcrowd

amounted to 18.8 ± 1.2 °C, which is 1.5 K higher than the spatial average of Tref (17.3 ± 1.3 °C). Overall,
there were 523 crowdsourced stations within the administrative area of Berlin, and 143 stations in the sur-
roundings. The spatial averages of Tcrowd in Berlin and its surroundings were 19.0 ± 1.1 °C and 17.9 ±
0.9 °C, respectively. The night-time pattern of Tcrowd showed a spatial gradient from the city into the

Fig. 10. Spatial distribution of crowdsourced air temperatures (Tcrowd) measured at netatmo stations (circles, data quality level D, 427 sta-
tions) and reference air temperature (Tref) measured at UCON and DWD stations (squares) in Berlin and surroundings during July 2015 at
14:00 h (UTC+ 1). Symbols partly overlap due to the high spatial density of Tcrowd. Grey-shaded areas mark built-up areas in the CORINE
land cover data set (CLC2006, Version 12) providedby the European Environment Agency (Büttner et al. 2012). The black line denotes the
administrative border of Berlin.
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surroundings of Berlin. The inner city neighbourhoods of Berlinwere clearlywarmer than built-up areas in the
outskirts. However, this spatial gradient was not uniform. The spatial pattern in the eastern part of the city
was more heterogeneous compared to the western part. Further, there were built-up areas in the surround-
ings with higher Tcrowd values in comparison to built-up areas in Berlin (e.g. within the city of Potsdam, south-
west of Berlin).

Maximum and minimum values of Tref in July 2015 at 24:00 h were 19.6 °C and 14.9 °C, respectively. The
minimum value of Tref was measured at UCON station Dahlemer Feld (DAHF), which was used as reference
station for the quantification of spatial air temperature differences in Berlin (Fenner et al., 2014). All
crowdsourced stations showed higher air temperatures (N1 K) than DAHF. The 75th and 95th percentiles
of Tcrowd were 4.7 K and 5.7 K higher than DAHF, respectively. The highest Tref was observed at DWD station
Berlin-Alexanderplatz, which corresponds to the 75th percentile of Tcrowd. Within the city of Berlin, IQR of T-
crowd and Tref were similar and amounted to 1.7 K and 1.8 K respectively. However, areas with lowest air tem-
peratures were only captured by Tref, whereas areas with higher air temperatures were particularly captured
by Tcrowd.

Spatial variations of Tcrowd and Tref at 14:00 h are presented in Fig. 10. At this time, the spatial averages
of Tcrowd and Tref were very similar, and reached values of 24.1 ± 0.8 °C and 24.0 ± 0.4 °C, respectively.
Overall, there were 329 crowdsourced stations within the administrative area of Berlin, and 98 stations
in the surroundings with equal spatial average values (24.1 ± 0.8 °C). Tref and Tcrowd showed no distinct
UHI pattern at 14:00 h. Throughout the city of Berlin, there were stations with higher (242 stations) and
lower (87 stations) values as compared to DAHF (23.6 °C). Fig. 10 also shows that intra-urban variability
of Tcrowd was higher in comparison to Tref. Within the city of Berlin, IQR of Tcrowd and Tref were 1.2 K and
0.5 K, respectively.

5. Discussion

5.1. Sensor accuracy

Comparative measurements in the climate chamber showed that sensor accuracy of the netatmo outdoor
device is in the specified range (±0.3 K), comparable to other low-cost air temperature sensors (Whiteman et
al., 2000; Young et al., 2014) and sensors used in UCON. However, our comparativemeasurements in the field
showed that higher mean deviations of up to 1.3 K may occur during the morning period, most probably due
to slower thermal response of the netatmo sensor and ventilation differences between the Stevenson screen
(Harrison, 2010) and the radiation shield of the UCON sensor. Unfortunately, it was not possible to determine
the time constant of the netatmo sensor, because of the low sampling interval (ca. 5-min). Bell et al. (2015)
conducted a year-long comparative field study using seven types of CWS. MD of investigated non-scientific
weather stations were between−0.1 K and +0.9 K, between 0.0 K and 2.1 K during day-time, and between
−0.5 K and +0.3 K during night-time (Bell et al., 2015). Analyses of netatmo comparative measurements in
the field showedMD of−0.2 K for the study period,−0.3 K for day-time and−0.2 K for night-time. A benefit
of the netatmo crowdsourcing approach is that all devices use the same type of air temperature sensor. Other
crowdsourcing techniques like theweb-basedWOWandWUcollectweather data fromdifferent CWS-specif-
ic air temperature sensors. However, citizenswho contribute to these projects can upload CWS-specificmeta-
data. Data of WOW and CWOP go through a quality check, and are then distributed to users. Since 2015,
netatmo is also part of theWUpersonalweather stations network.1 In general, citizenmeasurement networks
like netatmo benefit from low costs of purchase, installation, and maintenance, as well as from simplicity in
installing and using these devices.

An unsolved problem of CWS data is the possible drift of sensors, becausewe can assume that themajority
of the owners do not perform sensor calibrations at regular intervals. This aspect of uncertainty is not taken
into account in the proposed QA procedure, but could be addressed by a suitable trend-filter using multi-

1 https://www.wunderground.com/blog/PWSmet/netatmo-stations-on-weather-underground.
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year time-series data. So far we could not, however, identify a significant trend (sensor drift) in the one-year
time series of our comparative netatmo measurements in the field.

5.2. Data quality assessment

Despite the potential of CWS networks to be used in atmospheric research due to overall reasonable qual-
ity of sensors themselves and their simplicity to operate, the overall quality of crowdsourced data setsmust be
considered, as there is no guarantee that scientific requirements of quality control and quality assurance are
fulfilled (Bell et al., 2015;Muller et al., 2015). Therefore, the benefit of crowdsourced data for atmospheric re-
search is strongly linked to data quality assessment. In general, one can combine two approaches to handle
this challenge.

Fig. 11. Relation between spatial averages of reference air temperature (Tref) and crowdsourced air temperature (Tcrowd) during the year
2015. Hourly values of Tref and Tcrowd at quality level A0 (upper left panel) and data quality level D (upper right panel). Daily mean values
of Tref and Tcrowd at quality level A0 (lower left panel) and data quality level D (lower right panel). MD: mean deviation, MAD: mean ab-
solute deviation, RMSD: root mean square deviation.
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The first approach is to separate sources of uncertainty, and to filter out uncertain data. This is our leading
approach and basis for definition of quality levels A to C. Bell et al. (2015) identified five sources of uncertainty
in data of CWS: calibration issues,metadata issues, communication and software errors, design flaws, and rep-
resentativeness error. These potential error sources should be addressed in QA procedures of crowdsourced
data, which is confirmed by our study. In our case, communication and software errors have contributed to
a significant reduction of robust daily and monthly values of Tcrowd, but these problems can be solved by im-
proved server technologies or the use of alternative API methods. However, uncertainties caused by user be-
haviour are more difficult to handle. This concerns uncertainty in geo-location (quality level A1), the place of
installation, which is linked to representativeness (quality level B), and radiative errors (quality level C).

Fig. 12. Spatial distribution of available netatmo stations in Basel, London, New York City, and Paris in an area of 40 km × 40 km. Grey-
shaded areas mark the urban and built-up class in the MODIS collection 5 global land cover data set (Version 051, Friedl et al. 2010) of
the year 2013.
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Additional metadata about the location, e.g. exposition, distance to buildings, andmeasurement height above
ground are desirable for more effective filtering of these data (Muller et al., 2015; Chapman et al. 2016).

The second approach in data quality assessment is to use the huge amount of data, i.e., to use a positive
relation between overall data accuracy and amount of crowdsourced data as reported in the literature of
other disciplines (e.g. Flanagin and Metzger, 2008; Foody et al., 2013; See et al., 2013). This approach was
followed in quality level D, and partly in quality level B. This approach may be effective when only spatial av-
erages are needed and no reference data are available. Our analyses show that spatial averages of Tcrowd are a
good estimation of T for the study region. There is a significant relation between spatial averages of Tref and
Tcrowd at data quality level A0 for hourly and daily values (Fig. 11). Mean absolute deviation (MAD) amounts
to 1.4 K (daily values), and are comparable to the results from Overeem et al. (2013). However, the netatmo
data set of Berlin showed a higher coefficient of determination (r2 = 0.99) in comparison to T derived from
crowdsourced temperature of smartphone batteries in London (r2 = 0.65, Overeem et al. 2013). At highest
data quality level, MAD values were further reduced, and amounted to 0.7 K for hourly values, and 0.4 K for
daily values (Fig. 11).

5.3. Representativeness and scales

Awide range of spatial scales are involved in urban climate phenomena (Oke, 2006). Hence, it is important
to understand, which spatial scales crowdsourced data represent, in order to develop research questions or to
utilize data for appropriate applications (Muller et al., 2015).

Analyses of temporal variability along the yearly cycle reveal a positive deviation between spatial averages
of Tcrowd and Tref for all months during the study period, with highest values during night-time in summer.We
may expect this deviation, as the reference stations are located both in natural as well as urban environments,
whereas netatmo stations are located almost exclusively in built-up areas, and therefore, most likely observe
the urban heat island effect, which shows a similar temporal pattern in Berlin (Fenner et al., 2014). The study
of Williams et al. (2011) also shows a positive deviation between crowdsourced T from CWS spread over
Great Britain and Northern Ireland uploaded toWUwhen compared against T observed at nearby Met Office
stations during one day in May (MD= 2.3 K and SD= 1.1 K). These results indicate that crowdsourced T de-
viate from synoptic-scale conditions, which is relevant for modelling applications, e.g. data assimilation for
derivation of initial conditions in numerical weather prediction (NWP) or evaluation of NWP models (Bell
et al., 2013; Williams et al., 2011). However, there is a huge potential for application of crowdsourced atmo-
spheric data in high-resolution NWPdue to high spatial coverage of CWS and smartphone observations, espe-
cially in urban environments, where traditional measurement stations are rare (Bauer et al., 2015; Mass and
Madaus, 2014; Muller et al., 2015).

Quality-checked Tcrowd observations show higher spatial variability than Tref observed in built-up areas in
Berlin. This difference may be caused by local-scale phenomena that are not captured by the reference obser-
vation network, or by micro-scale phenomena observed at netatmo sites, e.g. close to buildings or trees.
Micro-scale variability of T inside street canyons is generally small except close to surfaces (Nakamura and
Oke, 1988; Niachou et al., 2008). Horizontal and vertical micro-scale variability of T in the urban canopy
layer (UCL) may be a reason why Tcrowd include more intense hot spots during night-time (Fig. 9), and
more intense cold spots during day-time (Fig. 10), in comparison to Tref. Similar features where recently re-
ported by Leconte et al. (2015), showing that hot spots and cold spots in T occur within small distances of
neighbourhoods. Analysis of crowdsourced netatmo data from London also reveals such hot and cold spots,
but UHI magnitudes during summer are comparable with previous studies (Chapman et al. 2016).

Further, there are local-scale phenomena that are not captured by Tcrowd, e.g. the climate of an urban park.
This is evident in Fig. 9, where Tref shows a cold spot during night-time observed in the large inner-city park
(UCON station TIER). This feature cannot be captured by Tcrowd asmeasurements are almost exclusively taken
in built-up environments. Hence, a spatial interpolation of T using only crowdsourced data is problematic.

5.4. Spatial density

The high spatial density of netatmo stations in Berlin is a clear benefit for exploring intra-urban variability
of T. This applies particularly for analyses of night-time T, because of higher availability of quality-checked
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measurements. At data quality level D, up to nine crowdsourced stations per km2were available at 24:00 h in
July 2015 (Fig. 9), and up to ten stations per km2 during night-time in December 2015. This spatial density has
been achieved only in high-resolution scientific sensor networks with emphasis on small- to mid-sized cities
(Chapman et al., 2015; Hinkel and Nelson, 2007; Hjort et al., 2011; Hung andWo, 2012; Schatz and Kucharik,
2014).

High-resolution scientific sensor networks play an important role as test beds for non-standard
data acquired via crowdsourcing techniques (Chapman et al., 2015; Warren et al. 2016). Given the
high requirements in installing and maintaining high-resolution scientific sensor networks
(Chapman et al., 2015; Muller et al., 2013), crowdsourcing techniques have potential for long-
term observations of urban climates in cities with a high spatial density of CWS. This potential is
demonstrated in Fig. 12, showing the spatial distribution of netatmo stations in four cities on
March 1, 2016 at 12:00 h (UTC). At that time, 870 stations in Basel, Switzerland, 547 stations in
London, United Kingdom, 190 stations in New York City, United States of America, and 4742 sta-
tions in Paris, France, provided T measurements within an area of 40 km × 40 km. Station
density is particularly high in Paris, with up to 53 stations per km2. However, since crowdsourced
stations are present only in built-up areas, it is useful to combine this low-cost sensing with scien-
tific urban climate networks providing observations in urban parks and other non-residential
areas.

Cities with high spatial density of netatmo stations offer a potential for investigations of the relationship
between site characteristics (land-cover, urban morphology) and intra-urban variations of air temperatures
and cooling rates.

6. Conclusion and outlook

In the beginning, we asked if and to what extent crowdsourced air temperature observations from
netatmo weather stations in Berlin and surroundings are suitable for urban climate research. The answer is
yes, this non-traditional sensor network is suitable for observations of the urban atmosphere. Aggregated
raw data of T already provide a robust estimate of urban air temperature in the study area. Thus, where nu-
merous netatmo stations are available, there is potential for exploration and long-term monitoring of T.
Known spatio-temporal characteristics of the urban heat island in Berlin are captured by filtered netatmo
data. This allows concluding that high-quality data are suitable for spatio-temporal analyses of urban air
temperatures.

Even though the spatial density of netatmo stations in Berlin exceeds that of the referencemonitoring net-
work by far, observations at urban and non-urban sites carried out with standardized, calibrated and quality-
checked sensors are indispensable in order to assess such crowdsourced data. Rigorous data quality assess-
ment is the key challenge in order to benefit from this novel data set, as also pointed out by Chapman et al.
(2016).

In a further study, we intend to address the issue of scales bymeans of the LCZ concept in order to explore
inter- and intra-LCZ variability of T. It is also reasonable to expect a further increase in the number of
crowdsourced atmospheric observations, which would provide an even denser network in urban environ-
ments. In combination with classical monitoring networks, this opens new pathways for exploring spatio-
temporal variability of urban climates.

Acknowledgments

The authors wish to thank all owners of netatmo stations for providing their data to the public and
the developer of the netatmo API. We thank all colleagues who have been involved in maintaining the
UCON, which have been installed and operated from funds provided by the Technische Universität
Berlin, in particular to Hartmut Küster and Ingo Suchland. The study is part of the Research Unit
1736 “Urban Climate and Heat Stress in mid-latitude cities in view of climate change (UCaHS)”
(www.UCaHS.org) funded by the Deutsche Forschungsgemeinschaft (DFG) under the codes SCHE
750/8-1, SCHE 750/9-1.

209F. Meier et al. / Urban Climate 19 (2017) 170–191

87



References

Büttner, G., Kosztra, B., Maucha, G., Pataki, R., 2012. Implementation and Achievements of CLC2006. Technical Report. European Environ-
ment Agency, Bellaterra, Spain.

Bauer, P., Thorpe, A., Brunet, G., 2015. The quiet revolution of numerical weather prediction. Nature 525:47–55. http://dx.doi.org/doi:10.
1038/nature14956.

Bell, S., Cornford, D., Bastin, L., 2013. The state of automated amateur weather observations. Weather 68, 36–41.
Bell, S., Cornford, D., Bastin, L., 2015. How good are citizen weather stations? Addressing a biased opinion. Weather 70:75–84. http://dx.

doi.org/10.1002/wea.2316.
Castell, N., Kobernus, M., Liu, H.Y., Schneider, P., Lahoz, W., Berre, A.J., Noll, J., 2015. Mobile technologies and services for environmental

monitoring: The Citi-Sense-MOB approach. Urban Clim. 14:370–382. http://dx.doi.org/10.1016/j.uclim.2014.08.002.
Chapman, L., Bell, C., Bell, S., 2016. Can the crowdsourcing data paradigm take atmospheric science to a new level? A case study of the

urban heat island of London quantified using Netatmo weather stations. Int. J. Climatol. http://dx.doi.org/10.1002/joc.4940.

Table A1
Land cover fractions andmean height of roughness elements (buildings, trees) for a radius of 250 m around each site. For sites POTS and
SCHN, no land cover information could be obtained. LCZ categorization for these sites is based on visual inspection of aerial photography
and local expert knowledge.

Site
(operator)

Longitude Latitude Building
fraction (%)

Vegetation
fraction (%)

Building height
(m)

Vegetation
height (m)

Local climate
zone

ALBR
(TUB)

13.3486 52.4447 9.7 69.3 10.9 6.8 9 – sparsely
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In urban areas, dense atmospheric observational networks with high-quality data are still

a challenge due to high costs for installation and maintenance over time. Citizen weather

stations (CWS) could be one answer to that issue. Since more and more owners of CWS

share their measurement data publicly, crowdsourcing, i.e., the automated collection of

large amounts of data from an undefined crowd of citizens, opens new pathways for

atmospheric research. However, the most critical issue is found to be the quality of data

from such networks. In this study, a statistically-based quality control (QC) is developed

to identify suspicious air temperature (T ) measurements from crowdsourced data sets.

The newly developed QC exploits the combined knowledge of the dense network of

CWS to statistically identify implausible measurements, independent of external reference

data. The evaluation of the QC is performed using data from Netatmo CWS in Toulouse,

France, and Berlin, Germany, over a 1-year period (July 2016 to June 2017), comparing

the quality-controlled data with data from two networks of reference stations. The new

QC efficiently identifies erroneous data due to solar exposition and siting issues, which

are common error sources of CWS. Estimation of T is improved when averaging data

from a group of stations within a restricted area rather than relying on data of individual

CWS. However, a positive deviation in CWS data compared to reference data is identified,

particularly for daily minimum T. To illustrate the transferability of the newly developed QC

and the applicability of CWS data, a mapping of T is performed over the city of Paris,

France, where spatial density of CWS is especially high.

Keywords: urban climate, crowdsourcing, citizen weather stations, air temperature, data quality, quality control

INTRODUCTION

Dense atmospheric observational networks providing high-quality data are still a challenge today,
especially in urban areas where spatial heterogeneity of surface cover and surface structures lead to
a distinct spatial distribution of air temperature (T) (Oke, 1982). While for some cities high-density
networks such as the Birmingham Urban Climate Laboratory (Chapman et al., 2015) are available,
high costs to deploy andmaintain them over time have limited their number (Chapman et al., 2015;
Muller et al., 2015). As a result, many cities have only a fewmeasurement sites, often only one single
station (e.g., airport), or even none at all.
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The term “crowdsourcing” has been defined by Howe (2006)
as a web-based business model that uses a distributed network
of individuals to obtain data. It was then specified by Muller
et al. (2015) for atmospheric science as obtaining data through
non-traditional and large number of sources, notably public
sensors connected by the internet. The use of crowdsourced data
is yet relatively new in atmospheric research (Bell et al., 2013;
Overeem et al., 2013) compared to other scientific disciplines
such as biology or astrophysics (Dickinson et al., 2010; Cook,
2011). However, the potential of such data has already been
shown, notably for T observations (Chapman et al., 2017; Droste
et al., 2017; Fenner et al., 2017; Meier et al., 2017), pressure
observations (Madaus et al., 2014; Kim et al., 2016; McNicholas
and Mass, 2018) or precipitation measurements (De Vos et al.,
2017) in urban environments, and hence crowdsourcing could be
an approach to overcome the limitations induced by traditional
networks.

The benefit of crowdsourced data in atmospheric research
lies in high spatial resolution and extended coverage in urban
areas, potentially long-term measurements, and low cost that it
provides compared to traditional networks. However, the most
critical issue is found to be the quality of data from such networks
(Bell et al., 2015; Chapman et al., 2017; De Vos et al., 2017;
Meier et al., 2017). As crowdsourced data are directly collected
by citizen weather stations (CWS) owned by individuals of the
crowd, there is no or very little external control to ensure the
quality of the obtained data set and hence data quality assessment
is a crucial step before any analysis can be carried out (Chapman
et al., 2017; Meier et al., 2017). Chapman et al. (2017), e.g.,
studied T in London, United Kingdom, using CWS data by
removing measurements from their data set if the temporal
average deviated more than three times the standard deviation
of the average of all stations. Meier et al. (2017) accurately
addressed the issue of quality assessment of crowdsourced
CWS data, suggesting a detailed approach to identify suspicious
crowdsourced T and filter these from the data set. Their method
relies mostly on data from a quality-controlled reference network
that allows them to exclude the suspicious CWS measurements.
Main error sources were not due to the quality of the sensor itself
but mostly related to the siting of the CWS (Meier et al., 2017),
i.e., (i) the CWS are not always set up outside, and (ii) some
stations are influenced by solar radiation leading to radiative
errors. Recently, Hammerberg et al. (2018) applied a modified
version of this QC approach to quality-control CWS data in
Vienna, Austria, also including a statistically-based QC step that
relies on the distribution of T data. While these QC procedures
(Meier et al., 2017; Hammerberg et al., 2018) specifically address
and identify common error sources in CWS data by using
reference data, the methods can only be applied in other urban
regions where high-quality reference data are available from
multiple stations in different environments. This, of course,
hinders the transferability due to the lack of detailed reference
data in most cities. Therefore, in the current study, a new
statistically-based QC approach is proposed for crowdsourced T
data that is independent of such detailed reference networks.

Crowdsourced T data from Netatmo CWS (https://www.
netatmo.com/) are used in this study, as these stations are

distributed worldwide with a high spatial density especially in
European cities, and the data can easily and freely be accessed
via an API (Meier et al., 2017). The objectives of this study are
to address the quality assessment of this data set by developing a
new QC procedure based on a statistical analysis that (i) does not
need a set of reference data, (ii) is robust and can be applied in
different cities, and (iii) can easily be applied in future studies.
The cities of Berlin, Germany, and Toulouse, France, are in
this way investigated during a 1-year period (July 2016 to June
2017). First, the newly developed QC is evaluated and compared
with the method developed by Meier et al. (2017). Second, a
detailed comparison between T observed by CWS and reference
networks is performed for an assessment of the quality-controlled
crowdsourced data sets. Third, to illustrate the transferability and
a possible application of CWS, a mapping of T is performed over
the city of Paris, France, using quality-controlled CWS data.

MATERIALS AND METHODS

Study Areas and Period
Two cities are investigated in this study for the development of
the QC: Berlin, Germany (52.52◦ N, 13.40◦ E) and Toulouse,
France (43.60◦ N, 1.45◦ E). They were chosen for two reasons:
(i) their climatic and topographic similarities, i.e., weak influence
of mountains or seas, overall relatively flat topography, and a
humid warm temperate climate (Cfb) according to Köppen’s
classification (Kottek et al., 2006), (ii) the availability of CWS
data with a high number of stations, and (iii) the availability of
reference networks (more details in section Reference data sets).
However, the two cities also exhibit morphologic differences, i.e.,
size, population and thus density of their CWS networks. The
main characteristics of the two cities are summarized in Table 1.
The investigated period lasts one year, from 1 July 2016 to 30
June 2017.

Reference Data Sets
Quality-controlled reference measurements were used to
evaluate the performance of the new QC. In Berlin, the reference
data set consists of six stations maintained by the Chair of
Climatology at Technische Universität Berlin (Urban Climate
Observation Network–UCON; Fenner et al., 2014), and four
stations maintained by the German weather service (DWD)
(Figure 1, right and Table A1 in Supplementary Material). Note
that only stations set up in built-up local climate zone (LCZ)
classes were considered, using the LCZ classification in Fenner
et al. (2017). UCON measurements are taken by Campbell
Scientific CS215 T and relative humidity probes (specified
accuracy ± 0.4 K in range 5–40◦C) at 1-min resolution, fixed in
white radiation shields that are actively ventilated during sunlit
periods. These data were calibrated and quality controlled as
described in Meier et al. (2017), and aggregated to hourly mean
values. DWD measurements are taken with Eigenbrodt LTS2000
T probes (specified accuracy± 0.2 K), fixed in actively-ventilated
white radiation shields. Data are provided as quality-checked
products (Kaspar et al., 2013; DWD Climate Data Center, 2017)
at one-hourly resolution.
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In Toulouse, the stations of a network recently set up by
Météo France (Figure 1, left and Table A1 in Supplementary
Material) within the city are used. Again, only stations which
belong to built-up areas are used, following the LCZ classification
in Hidalgo et al. (personal communication). All measurement
sites consist of semi-professional Davis Vantage Pro 2 (tested
in Bell et al., 2015) meteorological stations (accuracy for
T ±0.5 K), equipped with actively-ventilated white radiation

TABLE 1 | Main characteristics of the two investigated cities.

Berlin Toulouse Ref/comment

CLIMATE

Annual Min/Mean/Max

daily temperature (◦C)

6.1/10.0/

13.8

8.2/13.1/

17.9

Measurements at Tegel (Berlin)

and Blagnac (Toulouse)

airports, 1981-2010

Mean annual rainfall

(mm y−1)

550 604 Measurements at Tegel (Berlin)

and Blagnac (Toulouse)

airports, 1981-2010

Köppen’s classification Cfb Cfb (Kottek et al., 2006)

STUDY AREA

Size (km²) 2,596 2,160 Figure 1

NETWORKS

Number of CWS (min/

max)

1455/2118 504/736 Figure 1, number of CWS

varies in time

CWS density (min/max

stations per km²)

0.56/0.81 0.23/0.34 Figure 1, number of CWS

varies in time

Reference stations 10 6 Section Reference Data Sets

The minimum and maximum numbers of CWS correspond to one hour during the

investigation period.

shields. Measurements are available at 5-min intervals and were
aggregated to hourly mean values.

Netatmo Data Acquisition
Air temperature (T) data from CWS sold by the company
“Netatmo” (https://www.netatmo.com/) were used in this study.
An automatic work-flow was set up to fetch T data fromNetatmo
CWS for the investigation period, i.e., from July 1, 2016 until
June 30, 2017. The setup has previously been described in Meier
et al. (2017) and Fenner et al. (2017), in the following a brief
summary is given. Measurements by the CWS are taken by
two modules, an indoor and an outdoor module. The outdoor
module measures relative humidity and T (specified accuracy
± 0.3 K in the range −40 to 65◦C) at 5-min intervals, data
are uploaded automatically to the Netatmo server via private
Wi-Fi connection. If the user agrees, measurement data made
by the outdoor module are shared online and can be obtained
freely via an application programming interface (API) provided
by Netatmo. The “getpublicdata” method of this API was used
to obtain T data for all available CWS in Berlin and Toulouse
(Figure 1) at one-hourly intervals (instantaneous values). The
returned JSON objects were parsed and data written into a
local MySQL database. A consistency check was carried out
and all CWS that returned data with an invalid date/time were
omitted. Measurements were assigned to the next full hour (e.g.,
all measurements between 10:00:01 h and 11:00:00 h assigned to
11:00:00 h) since the CWS do not measure at identical times.
For Toulouse, data in the months July–September 2016 were
acquired using the “getmeasure” method of the API. This method
provides one-hourly average values for each CWS and allows the
acquisition of CWS data in retrospect. One-hourly mean values

FIGURE 1 | Maps of the two study areas, urban area of Toulouse (left) and Berlin (right). Black dots correspond to Netatmo CWS (20 June 2017, 00:00 UTC) and blue

squares to reference stations. Black lines denote borders of city districts. Projection: WGS-84.
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differ from instantaneous values especially during the morning
and afternoon hours, otherwise differences in the data obtained
through the two methods are within measurement accuracy
(Fenner et al., 2017). It should be noted nonetheless that CWS
data are instantaneous hourly values compared to hourly mean
values for the reference networks (see above). For more details
concerning the CWS data acquisition the reader is referred to
Meier et al. (2017). Note that the number of available CWS at each
hour varies in time (Table 1), which is a unique characteristic of
this data set.

DEVELOPMENT OF THE QC

Before introducing the developed QC routine, the used notation
is presented. The data set is represented as a matrix T ∈

(R ∪ NaN)n×m. In this matrix each row (n) contains values from
one station, each column contains values from one time step
(m). Not a number (NaN) is used to represent missing values or
values flagged by a QC step1. If not otherwise stated, unary and
binary functions containing a NaN value yield NaN. Higher order
functions ignore NaN values.

Let f be a function, then f (.) denotes row-wise and f 〈.〉
column-wise application, i.e., parentheses refer to the temporal,
and angle brackets to the spatial domain. Further, a subscript like
f (.)d denotes the application for values in a given time range.
The used ranges are d for days and m for month, i.e., a matrix
containing the daily minima of each station could be created by
min (T)d. If no range is explicitly stated, the range is hourly. As an
example, a vector containing the spatial minimum for each hour
would be stated as min 〈T〉.

The developed QC routine consists of seven levels. The first
four levels are designed to ensure the data quality and are,
therefore, considered part of the main routine (M1–M4). The
benefit of the following three levels (O1–O3) is dependent on the
application. Therefore, those levels are considered optional. The
QC-level of T is specified by an index, e.g., TM1 is a data set where
QC step M1 has been applied. Each level uses the result of the
previous level as input.

Main QC Levels
During levelM1, the data is controlled by using the availablemeta
data. Stations with equal longitude and latitude are set to NaN.
These stations are assumed to have not been properly set up by
the owner, which led to automatic location assignment based on
the IP address of the wireless network (Meier et al., 2017). This is
a unique feature of the Netatmo data set, but the filter could also
be relevant for other CWS data sets.

In level M2 a height corrected data set (TM′
1
) is first calculated.

This is done to account for the natural vertical variation of T due
to the different elevations of the CWS stations. We use globally
available elevation data from the Shuttle Radar Topography
Mission (SRTM), version 4.1 at 0.000833◦ spatial resolution

1In the code implementation these two cases are treated differently. Quality-
controlled values are marked by a flag instead of setting them to NaN. However, the
implementation details are omitted in the text here to allow a better understanding
of the main ideas.

(∼90m at the equator) (Jarvis et al., 2008) and extracted the
nearest neighbor pixel value for each station. Let this elevation
be denoted as z then TM′

1
is calculated as:

TM′
1
= TM1 + 0.0065 (z −mean 〈z〉)

where 0.0065 corresponds to the usual standard atmospheric
lapse rate. It should be noted that this lapse ratemight not be valid
in special meteorological conditions such as strong radiation
inversions during night-time. The lapse-rate adjustment is an
optional setting in filter step M2, which could be omitted.

This height correction has very little effect for the cities studied
due to the overall relatively flat topography, but ensures the
transferability of the method to other regions. As an alternative
to SRTM data, the elevation information provided in the meta
data of each CWS could be used in this step. However, it was
decided to use SRTM data instead to ensure the transferability
of the method to other crowdsourced data sets in the absence of
elevation information, and since Netatmo owners can manually
specify the elevation information, which could be faulty or
mistaken for information regarding height above ground level.
The use of SRTM data instead of the elevation provided via the
API also avoided that wrong or missing elevation values reduced
data availability as in Madaus et al. (2014).

Then, a modified z-score approach for outlier detection and
masking of suspicious data as described in Aggarwal (2013)
and Iglewicz and Hoaglin (1993) is applied. The underlying
assumption of normal distribution should be given since T at
a given place can be seen as a result of a large number of
independent processes (central limit theorem). As recommended
(Iglewicz and Hoaglin, 1993; Aggarwal, 2013; Leys et al., 2013),
we use a robust method to estimate the expected value and
variance of the distribution. Instead of the median absolute
deviation (MAD) as estimator for variance, we use the Qn

estimator established by Rousseeuw and Croux (1993), since it
has been shown to be more efficient. The used implementation of
Qn is from Maechler et al. (2017).

TABLE 2 | QC steps and remaining percentage of valid data at each level.

Level Remaining

data Berlin

(%)

Remaining

data Toulouse

(%)

Short description

M1 99.84 98.26 Flag common locations

M2 89.38 88.91 Flag upper and lower part of the

hourly distribution

M3 82.41 81.65 Flag month if M2 flagged > 20%

of the month

M4 82.21 81.45 Flag month if

R
(

TM3,median
〈

TM3
〉)

m < 0.9

O1 83.74 86.47 Linear interpolation of hourly

values

O2 75.04 76.71 Flag day if < 80% of hourly values

available

O3 58.54 57.41 Flag month if < 80% of daily

values available
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The z-score Z is calculated as:

Z =
TM1

′ −median
〈

TM1
′

〉

Qn

〈

TM1
′

〉

Values that would lead to rejection of the null hypothesis for
α = 0.05 on the upper tail and α = 0.01 at the lower tail
of the distribution are considered faulty and therefore masked.
Formally:

TM2

[

i, j
]

= TM1

[

i, j
]

, if − 2.32 < Z < 1.64

TM2

[

i, j
]

= NaN, otherwise

where i and j correspond to the time step and each of the CWS,
respectively. We treat the upper tail stricter since Meier et al.
(2017) showed that most common error sources in CWS data are
related to indoor locations of stations or radiative errors in non-
shaded areas, increasing T. It should be noted that for areas where
only a small amount of CWS are available (i.e. n < 200) the use
of the t-distribution for calculating the critical values would be
beneficial. In section Sensitivity Tests the robustness of the QC to
different cut-of values of Z is investigated.

In level M3, all data of a station within 1 month is removed
if step M2 flagged more than 20% of the considered month. It is
assumed that if too many values were removed by level M2, the

station is too erroneous to be kept. The time frame of 1 month
could be shortened if shorter time periods are to be investigated
with CWS data.

Finally, in level M4, the Pearson correlation coefficient (R)
between each individual station and the median of CWS is
calculated for each month. If the correlation is lower than 0.9,
the data in month m of the considered station j are set to NaN,
such as:

TM4

[

i, j
]

= TM3

[

i, j
]

, if R
(

TM3 ,median
〈

TM3

〉)

> 0.9

TM4

[

i, j
]

= NaN, otherwise

The indoor stations are targeted here, since it is assumed that
they are less correlated to outdoor stations as their diurnal
cycles are shifted in time or otherwise non-representative of
outdoor environments. The threshold of R included here will
be justified in section Test 1—Indoor Stations. The application
of the median is valid, as long as all stations are subject to
similar meso-scale atmospheric conditions. If regions larger
than a city and its surrounding areas are investigated, e.g.,
a whole continent, a division into sub-regions should be
carried out.

Optional QC Levels
In level O1, missing values for a single time step are interpolated
by the mean of the two closest values of the same station so

FIGURE 2 | Temporal time series of air temperature (T) of all citizen weather stations (CWS, black) before (upper panel ≈ 1825 stations) and after (lower panel ≈ 1137

stations) the quality control (after step O3) for Berlin in January 2017. The spatial median across all CWS is shown in red.
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that the time series can be as continuous as possible. These
missing values are due to either server errors, failed wireless
transmission, or battery failures, leading to missing data, or due

to step M2 of the QC, which removed individual T values from
the data set. To allow a more robust calculation of daily or
monthly statistics, in levels O2 and O3 values are removed if they

FIGURE 3 | Same as Figure 2 but for June 2017 (upper panel ≈ 2056 stations, lower panel ≈ 1100 stations).

FIGURE 4 | Spatio-temporal average and average of temporal standard deviation (in ◦C) of the different air temperature (T) data sets for Berlin and Toulouse per

month. REF, Reference network, RAW, raw citizen weather station (CWS) data, ME17, quality-controlled CWS data according to Meier et al. (2017), QC,

quality-controlled data according to this study (level O3).
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belong to a station with <80% data available per day and month,
respectively, following the work of Meier et al. (2017).

Table 2 shows the resulting percentage of data after each steps
of the QC. At each step, this percentage is similar between the
two cities. Note that the steps O2 and O3 are very restrictive and
decrease data availability much more than QC steps M1–M4.

EVALUATION OF THE QC AND
DISCUSSION

In the following, we will refer to the different data sets as:
TREF for T measured by the reference stations, TRAW for raw
T from CWS, TME17 when the quality control method from
Meier et al. (2017) is applied to CWS data (after level D,
being the highest in those procedures), and TQC when the
method developed in this study is applied (after level O3). To
evaluate the new QC, a qualitative evaluation is firstly carried
out, followed by a comparison with the method developed by
Meier et al. (2017). Then, we propose two specific tests designed
to evaluate the ability of the QC to identify the indoor CWS
as well as the CWS affected by radiative errors. A sensitivity
analysis of the main statistical parameters in level M2 of the QC
is then carried out. The evaluation is finished by quantitative
comparisons between the CWS (TQC) and the reference (TREF)
data sets.

Qualitative Evaluation
Time series of CWS from TQC and TRAW during January and
June 2017 in Berlin are presented in Figures 2, 3, respectively.
Some raw time series show a weak amplitude of diurnal cycles
compared to the average (Figure 2A). They most likely belong
to CWS not properly set up in an outdoor environment but
rather indoors (e.g., room, basement, greenhouse) or to CWS
with a dysfunction. In June, very high T (>40 ◦C) is also
regularly measured by many CWS (Figure 3A) during daytime.
These values are likely due to solar-radiation exposition, directly
heating the station and leading to radiative errors (Nakamura and
Mahrt, 2005). The TQC data set (Figures 2B, 3B) does not contain
any CWS with very low amplitude of diurnal cycles, or stations
measuring very high T. The data set is cleaned up from its outliers
and the ensemble of T time series is more homogeneous, while
preserving a realistic variability due to spatial heterogeneities.

Looking at the spatio-temporal averages and standard
deviations of the different data sets (Figure 4), it appears that
the TQC data sets get closer to the TREF data set, comparing
to TRAW which overestimates both the average and standard
deviation of T. This can be explained by (i) the indoor stations,
that are usually measuring higher T, particularly during the
colder months, and (ii) the stations exposed to solar radiation,
leading to unrealistically high T during daytime. As these stations
are excluded in the TQC data set, the average T as well as the
standard deviation decrease compared to the TRAW data set,

FIGURE 5 | Air temperature (T) at citizen weather stations (CWS, gray lines) and their spatial average (thick black line) during June 27 to 29, 2017 from stations close

(distance < 2000m) to the reference station Swinemuender Strasse in Berlin (thick dashed black line). (a) Applying quality control of Meier et al. (2017), (b) applying

the newly developed quality control, and (c) number of CWS with valid data at each time step.

Frontiers in Earth Science | www.frontiersin.org 7 August 2018 | Volume 6 | Article 118

99



Napoly et al. Quality Control for Crowdsourced Air Temperature

even if they remain higher than for the TREF data set. However,
differences between TREF and TRAW could also be attributed to
spatial heterogeneity in T because the urban locations of both
observational network are not identical.

Comparison to the Meier et al. (2017)
Method
The spatio-temporal monthly averages and standard deviations
between TME17 and TQC (Figure 4) are close in Berlin and
Toulouse with a maximum difference of 0.5 K in their average
and 0.3 K in their standard deviation. Compared to TME17,
the TQC averages are closer to the ones calculated from the
TREF data set (0.3 and 0.4 K closer on average for Berlin

TABLE 3 | Percentage and number of months for the different data sets in Berlin

and Toulouse which failed test 1 (c.f. section Test 1—Indoor Stations).

City Berlin Toulouse

p < 0.05 and R < 0.9 in %

(in number of station/month)

p < 0.05 and R < 0.9 in %

(in number of station/month)

TREF 0.0 (0) 0.0 (0)

TRAW 14.6 (2,909) 18.9 (598)

TQC 0.8 (101) 2.0 (40)

R, Pearson correlation coefficient. Each station is considered individually, i.e., each station

could fail in a maximum of 12 months.

TABLE 4 | Percentage and number of months for the different data sets in Berlin

and Toulouse which failed test 2 (c.f. section Test 2—Systematic Radiative Errors).

City Berlin Toulouse

p < 0.05 and R > 0.5 in %

(in number of station/month)

p < 0.05 and R > 0.5 in %

(in number of station/month)

TREF 3.8 (7) 0.0 (0)

TRAW 14.3 (2,907) 6.0 (206)

TQC 5.5 (695) 0.8 (15)

R, Pearson correlation coefficient. Each station is considered individually, i.e., each station

could fail in a maximum of 12 months.

TABLE 5 | Results of the sensitivity tests of the thresholds (upper and lower

values of α) of QC step M2 for Berlin and Toulouse.

Upper part (%) TQC, step O1

(α = 0.075)

TQC, step O1

(α = 0.05 )

TQC, step O1

(α = 0.025)

Test 1 0.4/1.6 0.8/2.0 1.1/2.2

Test 2 4.0/0.4 5.5/0.8 7.2/1.3

Lower part (%) TQC, step O1

(α = 0.015 )

TQC, step O1

(α = 0.01)

TQC, step O1

(α = 0.005)

Test 1 0.8/1.9 0.8/2.0 0.8/2.3

Test 2 5.5/0.7 5.5/0.8 5.6/0.9

Numbers are the percentage of month that failed the tests (Berlin / Toulouse). Each station

is considered individually, i.e., each station could fail in a maximum of 12 months. The

middle column corresponds to results of Table 3 and 4.

and Toulouse, respectively). The same improvement can be
seen for the monthly standard deviation, with an average
improvement of 0.1 K for Berlin and Toulouse. A positive average
difference compared to the reference data set remains each
month in the quality-controlled CWS data sets, also noticed by
Meier et al. (2017).

However, the TQC and TME17 data sets do not resemble
each other entirely. First, the ME17 approach keeps 54% of
TRAW, while the new QC keeps 58% on average for Berlin and
Toulouse (Table 2). Considering the total number of available
raw data, 76.7% of the filter-flags are common in TME17 and TQC.
Among the remaining 23.3%, there are 9.6% that correspond
to T measurements which are now flagged FALSE based on the
new QC. The remaining 13.7% are now flagged TRUE thereby
increasing the availability of data in TQC.

These differences are mainly due to two reasons:

• The quality assessment by Meier et al. (2017) is very restrictive
with the hourly daytime radiation filter [filter step C2 in Meier
et al. (2017)], i.e., during daytime,T higher than three standard
deviations of a set of reference stations are flagged FALSE. As
shown in Figure 5a, the number of available stations strongly
decreases during some specific periods of daytime, making the
number of stations with valid data highly dependent on the
diurnal cycle (Figure 5c). This partly explains the 13.7% of
data hereafter kept in the TQC data set.

• The interpolation step (O1) of the QC increases the number of
data, leading to a more continuous time series.

Tests
To quantitatively investigate the efficiency of the new QC, we
proceed hereafter with two tests, aiming to identify whether
the indoor stations and the stations exposed to shortwave (SW)
radiation were properly masked from the original data set.

Test 1—Indoor Stations
To investigate whether the indoor CWS, or more generally
speaking the stations that were not set up properly, are flagged
by the QC we calculate the Pearson correlation coefficient (R)
between each individual station and the median of the reference
stations for eachmonth, using the hourly data set. Indoor stations
are assumed to be less correlated to the outdoor reference stations
as their diurnal cycles are shifted and altered in time.

Test1 :R
(

TM3 ,median
〈

TMREF

〉)

m

First, this testing procedure is applied to the reference data set.
All-time series of the reference data set show a correlation >0.9
with their median time series. This result justifies the threshold
used in step M4 of the QC (section Development of the QC). In
the following, a CWS will be considered as failing the test for 1
month if the correlation to the median of the reference stations
is < 0.9 with p < 0.05. For each station, a maximum of twelve
tests are performed (i.e., one for eachmonth of the year; subject to
data availability). The percentage of stations failing this test in the
TRAW data set is 14.6% in Berlin and 18.9% in Toulouse (Table 3).
After application of the new QC the percentage of stations failing
this test is 0.8% for Berlin and 2.0% for Toulouse (Table 3). This
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indicates that almost all stations which are not properly set up
are excluded by the newQCmethod. This matches the qualitative
result shown in Figures 2,3 for the city of Berlin.

Test 2—Systematic Radiative Errors
To identify whether the new QC efficiently excluded the stations
showing radiative errors due to solar heating, a method suggested
in Meier et al. (2017) is used. For each month, the correlation
between the difference of a given station to the median of the

reference stations, and the SW radiation is calculated, using
daytime values only, i.e., when SW> 0, (using the UCON station
at the main building of the Technische Universität in Berlin and
the Blagnac airport station in Toulouse). If a significant (p< 0.05)
correlation is higher than 0.5 (threshold defined in Meier et al.,
2017), the temporal evolution of T is considered suspicious with
regard to solar radiation.

Test2 :R
(

TM3 −median
〈

TMREF

〉

, SW
)

m

FIGURE 6 | Relations of air temperature (T) at reference station Swinemuender Strasse in Berlin and the inverse-distance weighted average of quality-controlled T

measured by citizen weather stations (TQC) within a radius of 2000 m: hourly values (a), daily mean (b), daily minimum (c), and daily maximum (d). The

root-mean-square deviation (RMSD), mean deviation (MD) and centered RMSD (cRMSD) (section Appendix A.3 in Supplementary Material) are given in each panel

(units K). The blue line indicates the 1:1 line.

Frontiers in Earth Science | www.frontiersin.org 9 August 2018 | Volume 6 | Article 118

101



Napoly et al. Quality Control for Crowdsourced Air Temperature

As for Test 1, the testing procedure is first applied to TREF

to evaluate the test. Every station/month passes this test for
Toulouse (Table 4, 0% of the months lead to correlation higher
than 0.5) but not for Berlin (Table 4). Out of the 7 months failing
the test, five belong to one station (Spandauer Strasse), which
could be due to the micro-scale conditions around this site. Due
to the site’s location in a backyard behind a house and trees
surrounding it, the shading conditions are highly variable along
the annual and diurnal cycles. This may lead to situations when
the radiation screen of the sensor is exposed to solar radiation,
while the photo-voltaic panel to power the ventilation might be

shaded, as it is positioned below the radiation screen. In such
conditions the radiation screen would not be actively ventilated,
which may lead to radiative errors (Nakamura and Mahrt, 2005).
The results on the TQC and TRAW data sets are then investigated.
The percentage of months during which variations of T are
significantly correlated to SW radiation is 5.5% in the TQC data
set, while it is 14.3% for the TRAW data set in Berlin (respectively
0.8 and 6.0% in Toulouse, Table 4).

The results for Toulouse indicate that most of the Netatmo
stations that are exposed to solar radiation have been excluded
from the data set by the new QC.

FIGURE 7 | Same as Figure 6 but for the Marengo (Toulouse) reference station.
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The two tests have shown that the quality-controlled CWS
data may still contain suspicious T values. These two tests could
thus be added to the entire control process if reference data
sets are available (i.e., SW radiation data at one location and a
sufficiently large set of T measurements from reference stations).
In this study, since the aim is to develop a universally applicable
technique, it was decided to not do this. These two tests could
therefore be considered as optional QC steps of the wholemethod
developed in this study and should be applied between steps O1
and O2 (section Development of the QC).

Sensitivity Tests
In the following section, the robustness of the main QC step (M2)
shall be investigated. This step includes two parameters which
determine the size of the removed lower and upper parts of the T
distribution at each time step. These parameters are by default
chosen to correspond to the value leading to rejection of the
null-hypothesis for a z-test with α = 0.01 and α = 0.05 for the
lower and upper part of the distribution, respectively. We test the
sensitivity by making additional simulations on the data sets of
Berlin and Toulouse with these parameters equal to either 50 or
150% of the default values. The two tests as described in section
Tests are used to evaluate the outcome of these sensitivity tests
and the results are presented in Table 5.

The parameter for the lower part of the distribution is very
robust as the rejected percentage of data barely changes when
using± 50% of its default value (maximum 0.3% difference). For
the parameter of the upper part, despite being more sensitive, the
percentages of data that failed tests 1 and 2 remain close to the
ones obtained with the default TQC data set with a maximum of
1.7% difference in Berlin when testing upper α = 0.025. Overall,
it indicates a robustness of the method to the applied parameters.

Comparison With Reference Stations
While Figure 5b shows that T measured by the reference station
is quite similar to the average of the nearby (<2,000m) CWS,

TABLE 6 | Annual average ± standard deviation of scores (MD, RMSD, cRMSD in

K, see Appendix A.3 in Supplementary Material for formula) calculated between

each reference station (Berlin: ten stations, Toulouse: six stations) and the

inverse-distance weighted average of the Netatmo CWS within a radius of

2,000m.

Scores/city Berlin Toulouse

Hourly MD 0.95 ± 0.41 0.49 ± 0.21

RMSD 1.43 ± 0.50 1.35 ± 0.19

cRMSD 1.04 ± 0.37 1.24 ± 0.16

Daily mean MD 0.80 ± 0.41 0.44 ± 0.16

RMSD 1.00 ± 0.40 0.99 ± 0.19

cRMSD 0.56 ± 0.22 0.87 ± 0.20

Daily minimum MD 1.32 ± 0.83 1.23 ± 0.29

RMSD 1.59 ± 0.83 1.77 ± 0.29

cRMSD 0.83 ± 0.33 1.23 ± 0.32

Daily maximum MD 0.60 ± 0.38 −0.22 ± 0.24

RMSD 1.17 ± 0.27 1.23 ± 0.21

cRMSD 0.90 ± 0.33 1.19 ± 0.22

it also shows that individual CWS display larger deviations of
up to 4K. The yet unsolved challenge is to determine whether
these deviations are natural or artificial. Artificial errors could
be due to multiple reasons, e.g., the distance between CWS
stations and building walls, station height or exposure, or close-
by artificial heat sources such as exhausts or air conditioning
outlets. Thus, picking somewhat randomly a pair of CWS
as it is traditionally done to measure the urban heat island
(UHI) (e.g., Wilby, 2003) could lead to a mis-quantification and
neglects the spatial heterogeneity of T in urban regions. De Vos
et al. (2017) showed that for precipitation measurements from
Netatmo stations, averaging multiple stations is needed to better
represent the precipitation in Amsterdam, the Netherlands, in
comparison to a reference gauge-adjusted radar. Chapman et al.
(2017) and Fenner et al. (2017) also pointed out some issues when
considering only one CWS. Hence, we consider that data from
one single station should be evaluated carefully and that a spatial
average of stations should better be exploited.

Figures 6, 7 thus show a comparison between two reference
stations (Berlin: Swinemuender Strasse, Toulouse: Marengo) and
the weighted average of the surrounding CWS within a radius
of 2,000m (weighting is attributed using the inverse distance
method, formula in Appendix A.2 in Supplementary Material).
Figures 6a, 7a show scatter plots using hourly data. On average
for all stations, the CWS present a positive mean deviation (MD,
Appendix A.3 in Supplementary Material) with regard to the
reference station of 0.95 and 0.49K in Berlin and Toulouse,
respectively (Table 6). The resulting root-mean-square deviation
(RMSD) is quite low for both cities (< 1.5 K). Figures 6c,
7c show the results using daily minimum T, highlighting a
stronger positive MD. This also results in a higher RMSD of
1.59 and 1.77K for Berlin and Toulouse, respectively (Table 6).
For daily maximum T, the MD is less consistent between the
two cities, with an average of 0.60K for Berlin and −0.22K for
Toulouse, resulting in relatively low RMSD (1.17 and 1.23K). It
is remarkable that an underestimation in Toulouse is found for
daily maximum T (Figure 7d).

Such positiveMDwere also observed in the study of Chapman
et al. (2017). They showed that the deviation between CWS
and a reference station fluctuates and notably increases with
atmospheric stability. They assumed that this MD could be due
to the fact that their reference data were more likely to be located
in areas of green space. In this study, however, only reference
stations that belong to non-green areas are considered. The
results of Table 6 point out that this MD issue thus cannot only
be explained by the difference in local-scale settings, adding to
results by Fenner et al. (2017) who showed positive deviations
between CWS and reference data for different LCZ classes.
Further, the study of Meier et al. (2017) showed that the MD
in crowdsourced T is unlikely due to instrumentation but to the
siting of the station. Indeed, we assume that most of the CWS are
set up close to building walls (e.g., directly on a window sill or
on a balcony), especially in dense urban areas. On the contrary,
the reference stations are often set up on public furniture (e.g.,
street lamp-posts), which are more distant to walls. Adding the
fact that the Netatmo CWS do not include a proper radiation
shield, we hypothesize that the observed positive MD could be
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due to long-wave radiation emitted by walls. This would then
lead to warming of the nearby air and the aluminum casing of the
Netatmo CWS. This issue of the siting of a CWS was addressed
in the study of Wolters and Brandsma (2012), who excluded
all CWS in their data set that were positioned too close to a
building wall (<1.5m). However, such a removal of stations is
not possible with crowdsourced Netatmo data, since the meta
data provided with the actual data are sparse, and do not include
information about the specific set-up, as in the data set ofWolters

and Brandsma (2012). These missing meta data is yet one of the
biggest challenge when working with crowdsourced atmospheric
data (Chapman et al., 2017).

One of the challenges of this study is to determine if
the crowdsourced data set can actually represent the urban
heterogeneities in surface properties and the resulting T pattern.
As seen in this section, a MD is almost constantly observed
between the CWS and the reference network, particularly
with daily minimum T. For this reason, it is challenging to

FIGURE 8 | Boxplots of centered root-mean-square deviation (cRMSD) using daily minimum T (y axis, see Appendix 2 in Supplementary Material for definition)

calculated between each individual CWS and reference stations according to the distance between them (x axis) for the investigation period July 2016 – June 2017.

Scores are calculated from raw data (TRAW, gray) and after the quality control (TQC, level O3, blue). For more readability, only the 25, 50, and 75 percentiles are

represented by the boxes.
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demonstrate that the CWS network is able to capture the natural
spatial variation caused by local- and meso-scale forcings. In
order to consider this systematic deviation, we analyze the
centered root–mean-square deviation (cRMSD, Taylor, 2001, see
Appendix A.3 in Supplementary Material for formula), which
can be seen as the classical RMSD of unbiased time series or a
combination of the correlation, and the standard deviation of
both the CWS and reference time series.

Figure 8 shows, for each reference station, how the cRMSD
calculated between daily minimum T of each single CWS
and the reference station evolves with distance. In every case
except reference station Albrechtstrasse, cRMSD increases with

distance. Note that this reference station is located close to a canal
in an area of allotment gardens which may strongly influence T,
especially in the evening and at night (Heusinkveld et al., 2014;
Steeneveld et al., 2014).

The calculated cRMSD from the TRAW data set is also shown
in Figure 8. Not only are the cRMSD values much higher without
the QC, but the consistency between close-by CWS and reference
stations is also less visible. This illustrates again the need for
having an effective QC before starting any analysis.

The same spatial comparison was also performed using daily
maximum T (Figure 9), showing that no clear relationship can
be established for cRMSD values and the distance between

FIGURE 9 | Same as Figure 8 but using daily maximum T. TRAW data are in gray and TQC in red.
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individual CWS and reference stations. This can be expected
since spatial T differences within a city are only weakly
pronounced during daytime due to an unstable stratification of
the urban atmosphere, when daily maximum T typically occurs
(e.g., Fenner et al., 2017). The average cRMSD slightly varies
around 1K, independent of the distance to the reference station.
Yet, the cRMSD is also greatly improved after the QC is applied.

APPLICATION

To illustrate the transferability and applicability of the newly
developed QC, we apply it to crowdsourced T data observed
by CWS in Paris and surrounding areas, where dense reference
networks are missing and where the spatial density of Netatmo
CWS is especially high. CWS data for Paris were acquired as
explained in section Netatmo Data Acquisition.

We propose a spatial interpolation of T which could
overcome challenges typically associated with the investigation
and quantification of UHI. This method avoids (i) the spatial
issues that are involved if only a single pair of stations is used
(e.g.,Wilby, 2003) thanks to a spatial continuum, as well as (ii) the
temporal inconsistency of T measurements that are inherent in
mobile transect methods (e.g., mobile measurements, Brandsma
and Wolters, 2012; Leconte et al., 2015).

Figure 10 shows the estimated spatial distribution of T over
Paris on 21 June 2017 at 00:00 UTC. Within the region of
interest 3931 CWS are available and considered valid (at level
O1) at this date and time. The T distribution is shown for a
grid with 500 × 500m spatial resolution. In each grid cell the
mean T of all CWS within a radius of 2,000m, weighted by the
inverse distance method (see Appendix A.2 in Supplementary
Material for formula), is shown. This radius is chosen consistently
with results of section Comparison With Reference Stations and

FIGURE 10 | Spatial distribution (see text for explanations) of air temperature difference (1TQC) in Paris, France based on quality-controlled citizen weather station

data (level O1) in Paris, June 21, 2017 at 00:00 h (UTC). 1TQC is calculated as the difference between each individual grid box and the minimum value of the area.

Dashed lines represent exemplary transects through the study region. Solid lines denote the departmental borders. Projection: Lambert conformal conic.
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increases the number of considered stations when calculating the
mean per grid cell, thus decreasing the weight of each single
one of them. To strengthen this point, a value is only assigned
to each grid cell if at least five CWS provide valid data. Two
transects (horizontal and vertical) are also plotted in Figure 10.
Note that map and transects show the differences between T and
the minimum T of the whole area.

Figure 10 clearly indicates a spatial T pattern with higher
T within the city center of Paris and lower T in the outskirts.
Moreover, an inner-city differentiation of T can be seen,
highlighting the possibility to obtain spatially continuous T
information from CWS data that is seldom achievable with
reference networks due to limited number of stations.

CONCLUSION AND OUTLOOK

In this study we developed a QC procedure to automatically
filter out potentially erroneous data from crowdsourced T
measured by CWS. Even though the QC is statistically
based, it addresses common error sources in crowdsourced T
data as identified by previous works (Chapman et al., 2017;
Meier et al., 2017) and effectively filters out data that are
affected by such errors. Moreover, the QC does not need
reference data from professionally operated weather stations
but uses information from the crowdsourced data set itself.
It is easily transferable to other urban regions. Thus, it
provides a homogeneous data set that can be used for further
analyses.

Small deviations between quality controlled CWS and
reference data were found when considering the spatial average
of CWS in close proximity to a reference station. However, single
stations show considerable larger errors, highlighting the fact
that analyses relying on data from single CWS are to be treated
carefully. A positiveMD remained in the quality-controlled CWS
data set, notably for daily minimum T. This issue is likely related
to the siting of the CWS (i.e., close to walls) compared to the
siting of standard meteorological observations at urban sites and
could be investigated in detail in a future study. Despite the
positive deviation, CWS data provide valuable information of T
by capturing local-scale variations. These evaluations permit to
justify the construction of a T map in the city of Paris using direct
measurements.

Apart from the positive MD mentioned above, it could be
investigated in more detail whether or not CWS data are able to
capture hot or cold spots in urban areas at a finer spatial scale (i.e.,
<1 km) related to the underlying surface properties (e.g., sky view

factor, water surface fraction, vegetation height). High resolution
professional data sets are necessary for this investigation too,
as well as accurate knowledge of the land cover and more
detailed meta data about the CWS (i.e. orientation, height). In
a further study, the applicability of the new QC for atmospheric
humidity, precipitation, and wind speed and direction could be
investigated.
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A.2. Inverse distance method

The temperature of a grid-box is defined using an inverse distance weighting method such as:

where Ti is the temperature of a CWS and di is the distance between the CWS and the center of the
considered cell. A threshold is used to avoid numerical issues such as:

s being the spatial resolution of the grid.

A.3. Scores

The mean deviation (MD) between two time series x1 and x2 of length N is defined as: 

The correlation is defined as:

where:

The RMSD between two time series x1 and x2 of length N is defined as:

The cRMSD between two time series x1 and x2 is defined as in Taylor, 2001:
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Abstract
Cities typically exhibit higher air temperatures than their rural surroundings, a phenomenon known
as the urban heat island (UHI) effect. Contrasting results are reported as towhetherUHI intensity
(UHII) is exacerbated or reduced during hotweather episodes (HWEs). This contrast is investigated
for a four-year period from2015 to 2018, utilising a set of observational data fromhigh-quality
meteorological stations, as well as fromhundreds of crowdsourced citizenweather stations, located in
the urban region of Berlin, Germany. It can be shown that if HWEs, defined here as the ten percent
hottest days or nights duringMay–September, are identified via daytime conditions, or by night-time
conditions at inner-city sites, then night-timeUHII is exacerbated.However, if HWEs are identified
via night-time conditions at rural sites, then night-timeUHII is reduced. These differences inUHII
change can be linkedwith prevalent weather conditions, namely radiation, cloud cover, wind speed,
precipitation, and humidity. This highlights that, beside land cover changes, future changes inweather
conditions due to climate changewill control UHIIs, and thus heat-stress hazards in cities.

1. Introduction

During the last few decades, near-surface air temper-
ature (T) as well as heat extremes have increased
worldwide (Alexander et al 2006, Perkins et al 2012,
Russo et al 2014). Hot weather episodes (HWEs)
adversely affect human health, different societal sec-
tors, and ecosystems (Smoyer-Tomic et al 2003, Ciais
et al 2005, García-Herrera et al 2010). Concurrently,
ongoing worldwide urbanization puts more and more
people under risk of being adversely affected by
elevated T, as cities typically show higher T than rural
surroundings, a phenomenon known as the ‘urban
heat island’ (UHI) effect (Oke 1982, Arnfield 2003).
With projected future increase in frequency, duration,
and intensity of heat waves globally (Meehl and
Tebaldi 2004, Fischer and Schär 2010, Russo et al
2014), as well as projected ongoing urbanization
(United Nations 2015), the question whether UHI
intensities (UHIIs) are exacerbated during such epi-
sodes is of high relevance for risk assessment. Beside

influences of size, morphology, and contiguity of
each city onto UHIIs, both in air as well as
surface temperatures (Arnfield 2003, Debbage and
Shepherd 2015, Zhou et al 2017), UHIIs are largely
determined byweather conditions, with dry, clear, and
calm conditions favouring large UHIIs (Morris et al
2001, Kim and Baik 2005, Erell and Williamson 2007,
Arnds et al 2017, Beck et al 2018).

At first glance, seemingly contradictory results
concerning effects of heat waves, or more generally,
HWEs, onto UHIIs are reported. While some studies
show increasingUHIIs (Fenner et al 2014, Li et al 2015,
Founda and Santamouris 2017, Ramamurthy and
Bou-Zeid 2017, Zhao et al 2018), others reveal
unchanged or even reduced UHIIs (Zhou and
Shepherd 2010, Scott et al 2018, Rogers et al 2019).
Several reasons have been put forward to explain these
results, mainly relating them to changes in weather
conditions, such as increased radiative input or altered
wind patterns (Li et al 2016, Founda and Santa-
mouris 2017, Sun et al 2017, Scott et al 2018). These in
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turn lead to changes in the urban and rural energy bal-
ance (Li et al 2015, Ramamurthy and Bou-Zeid 2017,
Sun et al 2017, Zhao et al 2018). Since most of these
studies applied different methods to identify the sub-
sequently analysed HWEs, it could be hypothesized
that the contrasting results are at least partly due to the
application of different methods to identify these epi-
sodes. The definition of heat waves, as well as whether
they are identified at an urban or a rural location, can
substantially affect their frequency, duration, and
long-term trends (Fenner et al 2019). Further, it could
be hypothesized that by applying different methods,
both increased and decreasedUHIIs duringHWEs can
be detected, even for a single city.

One common weak aspect of observational UHI
studies is the use of only one pair of or very few mea-
surement stations, as they might not be representative
for the whole city. A novel approach using low-cost
weather stations or citizen weather stations (CWSs) at
up to several hundreds of sites for one city, located in
various urban settings, has shown great potential and
applicability (Wolters and Brandsma 2012, Schatz and
Kucharik 2015, Fenner et al 2017, Meier et al 2017,
Scott et al 2017). Crowdsourcing of CWS data is an
inexpensive option to collect substantial amounts of
atmospheric data (Muller et al 2015), also enabling
investigations in regions where high-quality data are
missing or sparse.

To shed more light onto the aspect of contrasting
results concerning UHII changes (ΔUHIIs) during
HWEs, the overarching aim of this study is to system-
atically investigate how the choice of location and time
of day to define HWEs might lead to contrasting
results. Specifically, the hottest days and hottest nights
during May–September during the years 2015–2018
are investigated for the urban region of Berlin,
Germany, and put into contrast to the rest of the days/
nights. This is done by identifying these episodes sepa-
rately in rural and the most densely built-up urban
locations to investigate the influence the location for
identification can have onto results. A data set of a
multitude of high-quality meteorological observations
from reference stations (REFs) as well as quality-con-
trolled crowdsourced data from nearly 2000 CWSs are
utilised. Moreover, it is then analysed how possible
contrasts in ΔUHIIs are linked to differences in
weather conditions. In view of climate change, it is
important to understand present-day mechanisms for
altered UHIIs, as future climate might change fre-
quency, duration, and intensity of different types of
weather conditions, and thusUHIIs.

2.Data andmethods

2.1. Study area and period
This study focuses on the mid-latitude city of Berlin
and surrounding region (Köppen–Geiger classifica-
tion Cfb—humid warm temperate climate, Kottek

et al 2006). Berlin is Germany’s largest city with nearly
3.5 million inhabitants by the end of 2015, located in
the eastern part of the country (52.52°N, 13.40° E).
The city spreads over an area of 892 km2 with
approximately 35 km in north–south and 45 km in
east–west direction. The city’s topography is relatively
flat with solitary hills at the edge of the urban
agglomeration. Agricultural lands and forests sur-
round the city. Inner-city areas mostly consist of
compact and open midrise building structures (Local
Climate Zones—LCZs 2 and 5, Stewart and
Oke 2012), surrounding these are mainly open low-
rise detached housing areas (LCZ 6) and forests (LCZ
A) (Fenner et al 2017). The study period covers four
years from 2015 to 2018, analysing the months May–
September.

2.2.Meteorological data and processing
Two sets of near-surface T data were used for the
characterisation of UHII: data from high-quality
reference stations (REFs) and crowdsourced CWSs
(figure 1). The network of REFs consists of 51 stations
maintained by the German Meteorological Service
(Deutscher Wetterdienst—DWD), the Institute of
Meteorology at Freie Universität Berlin (FUB), and the
Chair of Climatology at Technische Universität Berlin
(TUB). T is measured in 2 m above ground level at all
sites, except for three stations (see supplementary
table S1, available online at stacks.iop.org/ERL/14/
124013/mmedia). DWD data are available as quality-
checked products at hourly resolution (DWDClimate
Data Center 2018). Data at FUB stations are available
at five-minute resolution, at TUB stations at one-
minute resolution. Both were aggregated to hourly
mean values (time stamp at the end of averaging
interval) after quality control (QC). QC of FUB and
TUB data was carried out as in Meier et al (2017) with
additional filters for spikes and persistence. A visual
inspection and removal of remaining implausible
valueswas performed after automaticQC.

Data from CWSs of the ‘Netatmo’ company
(https://netatmo.com) were collected via the com-
pany’s application programming interface, retrieving
instantaneous values at hourly intervals at all available
stations for each hour during the study period. A full
description of the methods to collect, store, and pro-
cess CWS data can be found in Meier et al (2017).
Deviating from Meier et al (2017), CWS data in this
study were assigned to the nearest full hour. For QC,
the statistically-based methods of ‘CrowdQC v1.2.0’
(Grassmann et al 2018, Napoly et al 2018) were
applied, which are independent of reference T data.
Quality-controlled CWS data at level O1 (see Napoly
et al 2018)were used in all analyses.

Only stations (REFs and CWSs) with �80% valid
hourly data in at least one year (May–September)were
included. Data from all stations were corrected for
height differences to a reference height of 45 m above
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mean sea level with the dry adiabatic lapse rate
(−9.8× 10−3 K m−1), using elevation data from the
Shuttle Radar Topography Mission version 4.1 (Jarvis
et al 2008), as described in Fenner et al (2017).

For characterization of weather conditions,
meteorological data at seven sites were used (supple-
mentary table S2, supplementary figure S1). These
sites are located throughout the urban region of Berlin
to describe conditions representative for the whole
region. Hourly data of 2 m relative humidity, 2 m sur-
face air pressure, cloud cover fraction, 10 m wind
speed, precipitation, and downwelling shortwave
and longwave radiation were used (supplementary
table S2). For each variable a synthetic time series as
the arithmeticmean across all available sites was calcu-
lated. Specific humidity was calculated per site on the
original temporal resolution of one hour using site-
specific relative humidity, surface air pressure, and T,
and then averaged across all available sites.

2.3. Site selection forUHII analyses
All REFs and CWSs that are located within High
Density Cluster of theGlobalHuman Settlement Layer
product ‘GHS S-MOD’ (Pesaresi and Freire 2016)
were selected (figure 1) to represent climate conditions
of the built-up environment of Berlin. A total of 33
REFs and 1945 CWSs for the investigated four years
were available.

‘Rural’ sites to calculate each site’s UHII (see next
section for definition) were selected based on the

mapping of LCZs as carried out in Fenner et al (2017).
The two available REFs located in LCZ B ‘scattered
trees’ were selected as rural reference locations
(figure 1, supplementary table S1). These two sites
have no buildings in their local-scale surroundings,
LCZ B provides the ‘most rural’ T signal among LCZs
in the region of Berlin (Fenner et al 2017), and hence
the sites are highly suitable for UHII calculation
(Fenner et al 2014, 2017). A synthetic rural time series
was calculated as the arithmetic mean of the rural sites
if both stations provided valid data, otherwise set to
missing value. This synthetic rural time series was also
used to identify rural HWEs (see section ‘Definition
ofHWEs’).

Further, an ‘urban’ synthetic time series was
derived analogously to identify urban HWEs. For this,
all REFs falling into the ‘most urban’ LCZ class 2 ‘com-
pact midrise’ were selected (figure 1, supplementary
table S1) and the arithmetic mean across all sites was
calculated if at least two stations provided valid data.

2.4. Calculation ofUHII and its temporal deviations
Firstly, hourly T differences between each station
(REFs and CWSs) and the synthetic rural time series
were calculated, referred to asUHII for each station.

Secondly, UHII for each station was aggregated to
an arithmetic mean value for daytime (13–16 h
UTC+1) and night-time (01–04 h UTC+1) inter-
vals each day. UHII was analysed separately for day-
time and night-time periods, as it shows a distinct

Figure 1. Location of weather stations in the Berlin region during 2015–2018. Stations that are used in the urban heat island intensity
(UHII) analyses are locatedwithinHighDensity Cluster. Data at rural reference locations are used for calculation of each station’s
UHII and identification of rural hotweather episodes (HWEs), data at urban reference locations are used for identification of urban
HWEs. The black linemarks the city border of Berlin. Classification of urban clusters based onGlobalHuman Settlement product
‘GHS S-MOD’ (Pesaresi and Freire 2016).

3

Environ. Res. Lett. 14 (2019) 124013

117



diurnal cycle with largest UHIIs at night (Oke 1982,
Chow and Roth 2006, Erell and Williamson 2007,
Fenner et al 2014, Beck et al 2018). A discussion on the
selected time intervals and study period is given in
supplementary Discussion D1. Mean UHII for each
interval at each day was only calculated if at least three
hourly values per interval were available, otherwise set
tomissing value. Analogously, mean T during daytime
(Tdaytime) and night-time (Tnight-time) intervals for the
synthetic rural and urban time series were calculated.

UHII change (ΔUHII) during HWEs (see next
section for definition) was derived for each station as
follows. For daytime and night-time UHII, the arith-
metic mean value of UHII during ‘normal’ days, i.e. all
days not identified as HWEs, and the arithmetic mean
of UHII during HWEs was calculated for each station.
Then, each station’sΔUHII was calculated as the dif-
ference between mean UHII during HWEs and mean
UHII during normal conditions.

2.5.Definition ofHWEs
The 10% hottest days and hottest nights during May–
September were investigated, identified separately
using the synthetic rural and urban reference time
series. These days and nights are referred to as ‘rural
hot days/nights’ and ‘urban hot days/nights’
(n≈61), and put into contrast to the rest of the days/
nights, referred to as ‘normal conditions’. The term
‘hot weather episodes’ is used in this study to refer to
these episodes instead of ‘heat waves’, as they may
occur as single days/nights, which are regarded as
being too short to count as a heat wave.

A rural (urban) hot day was identified if a day had
Tdaytime>90th percentile of the probability density
function of Tdaytime during the four years (May–Sep-
tember) of the synthetic rural (urban) time series

(thresholds: rural 29.1 °C, urban 29.2 °C). Similarly,
rural (urban) hot nights were identified, but using
Tnight-time (thresholds: rural 17.4 °C, urban 20.9 °C).
More details on the choice of this definition is given in
supplementaryDiscussionD2.

In this study, each day starts at 05 h (UTC+1) and
ends at 04 h (UTC+1), hence the night-time interval
covers the last 4 hours of each day. Hot days (identified
via the daytime interval) thus have a night-time interval
following the daytime interval, while hot nights (identi-
fied via the night-time interval) have a preceding day-
time interval before the night-time interval.

2.6. Statistical tests
Statistical significance of ΔUHII and the difference
in weather conditions was tested applying the
non-parametric Mann-Whitney-U test (Mann and
Whitney 1947). Sample distributions consisted of
mean UHII of each station during HWEs and normal
conditions, respectively (forΔUHII), and of the mean
value across all sites per analysed variable (for weather
conditions) during HWEs and normal conditions.
Statistical significance of the test statistic U was
evaluated using a two-sided p-value. Statistical signifi-
cance was set at p�0.05. Since sample distributions
of REFs and CWSs differ considerably, and hence also
variance between the networks (e.g. figure 2), an effect
size of the mean difference in UHII between normal
conditions and HWEs was calculated for each net-
work. Cohen’s d (Cohen 1988) as a descriptor for effect
size between data sets a and bwas calculated:

d
m m

1a b

s
=

- ( )

withmx being the mean of data x (x=a or x=b) for
nx=sample size of x:

Figure 2.UHII andUHII change (ΔUHII) during normal conditions and rural hot days during 2015–2018,May–September. UHII
quantification using (a)high-quality reference stations (REFs) and (b) citizenweather stations (CWSs) during daytime (13–16 h
UTC+1) and night-time (01–04 hUTC+1). Each box contains temporalmean values of each station, theMann-Whitney-U test
was applied to determine statistical significance of difference inUHII between normal conditions (NC) and hotweather episodes
(HWE). Effect size ofmean differences was determined usingCohen’s d. The number of stations providing valid data is displayed
above each box. Boxes range from1st to 3rd quartile,median is denoted as horizontal line,mean as diamond, whiskers indicate
1.5 fold inter quartile range fromupper and lower boundary, or themaximumandminimum, respectively. Values outside that range
are displayed as circles.
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Effect size is described as very small (|d|�0.2),
small (0.2<|d|�0.5), medium (0.5<|d|�0.8),
or large (|d|>0.8) (Cohen 1988).

3. Results and discussions

3.1. Effects of hot days ontoUHII
Average UHIIs during normal conditions and rural
hot days are displayed in figure 2, showing generally
reduced daytime UHII during hot days. The change in
mean UHII is insignificant for REFs with a small effect
size (−0.18 K, p=0.144, figure 2(a)), but medium in
size and highly significant for CWSs (−1.02 K,
p<0.001) (figure 2(b)). Half of the REFs exhibit a
negative UHII (sometimes called ‘urban cool island’,
i.e. lower T within the city as compared to its
surroundings), during normal conditions as well as
during hot days (figure 2(a)). Contrastingly, only 13%
of CWSs (=265 stations) show a negative UHII during
normal conditions (figure 2(b)). This contrast is likely
due to differences in station locations between REFs
and CWSs, the latter being located closer to buildings
compared to more open locations of REFs, leading to
higher T being measured (Fenner et al 2017). Negative
UHIIs have previously been reported for Berlin
(Fenner et al 2014) and other cities (e.g. Runnalls and
Oke 2000, Chow and Roth 2006, Fortuniak et al 2006,
Erell and Williamson 2007), as well as even more
negative UHIIs during HWEs (Fenner et al 2014,
Rogers et al 2019). The large spread in UHIIs and
ΔUHIIs (figure 2) highlights that individual stations
might respond differently to hot weather conditions
due to respective site characteristics (Zhou and
Shepherd 2010, Scott et al 2018), underlining the
benefit of analysing many stations within one city. In
this respect, CWSs complement existing station net-
works in cities, as the large number of CWSs and the
variety of urban settings in which they are located
enables observations of the large spatial heterogeneity
of urbanT (Fenner et al 2017).

Contrasting to our results and those found for
other cities (Rogers et al 2019), some studies showed
amplified daytime UHIIs during HWEs (Schatz and
Kucharik 2015, Founda and Santamouris 2017, Zhao
et al 2018). Anthropogenic heat release from air-con-
ditioning (AC) systems into the urban atmosphere
contributes to UHIIs (Ohashi et al 2007, de Munck
et al 2013), and thus, increased heat output of such

systems during HWEs promotes increased UHIIs
(Schatz andKucharik 2015, Zhao et al 2018). Note that
in Berlin AC of households is uncommon and that
space heating, which could contribute to increased
UHIIs, is most likely not used during HWEs during
May–September. If an influence of space heating was
present in the data of normal conditions, ΔUHII
would be even more distinct if the influence of this
heat output was removed. Further, only few sites are
located in commercial areas where AC systems are
more common, hence their influence onto the pre-
sented results is small. Overall, the influence of
anthropogenic heat onto near-surface T is regarded as
marginal for the analysed data in Berlin. Other studies
relate increased daytimeUHIIs during HWEs to chan-
ges in wind patterns (Founda and Santamouris 2017,
Ramamurthy and Bou-Zeid 2017), while still others
find that such changes cannot explain altered UHIIs
(Rogers et al 2019).

During night-time of rural hot days, CWSs show a
significant mean increase in UHII of 0.45 K
(p<0.001), while mean ΔUHII of 0.47 K for REFs is
not significant (p=0.098) due to the much smaller
sample size (figure 2). This finding highlights, firstly,
good agreement between both station networks, sec-
ondly, the benefit of CWSs in terms of sample size, and
lastly, adds further evidence to existing studies, show-
ing the intensifying effect of hot daytime weather onto
night-time UHIIs (Fenner et al 2014, Li et al 2015,
Schatz and Kucharik 2015, Sun et al 2017, Zhao et al
2018).

As opposed to normal conditions, the analysed
rural hot days are characterized by significantly higher
radiative shortwave and longwave energy input, lower
cloud cover fraction and decreased wind speed during
the day, and overall increased atmospheric humidity
(figure 3, table 1). The precipitation amount and the
days with precipitation are also reduced compared to
normal conditions. Such weather conditions favour
spatial T differences and lead to pronounced night-
timeUHIIs (Runnalls andOke 2000,Morris et al 2001,
Kim and Baik 2005, Erell andWilliamson 2007, Arnds
et al 2017, Fenner et al 2017, Beck et al 2018). With
significantly decreased daytime and unchanged night-
time wind speed, increased daytime radiation during
hot days induces more daytime sub-surface heat sto-
rage and subsequent night-time heat release, leading
to positive ΔUHII (Hamdi et al 2016, Sun et al 2017,
Zhao et al 2018).

As a further consequence of strong daytime radia-
tive forcing during HWEs, turbulent mixing over a
deep planetary boundary layer leads to small differ-
ences between urban and rural T (Bohnenstengel et al
2011, Wouters et al 2013). As a result, the choice of
location to identify hot days has negligible effects
onto results concerning UHII (see supplementary
figure S2). Most of rural and urban hot days (54 out
of 61/62,=88/87%) are identical (supplementary
figure S3a). Further, threshold temperatures to identify
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them are similar (rural: 29.1 °C, urban: 29.2 °C), as are
changes in weather conditions (table 1) with no sig-
nificant differences between rural and urban hot days
for any of the analysedweather variables (not shown).

3.2. Effects of hot nights ontoUHII
When hot nights are identified at urban locations
(figures 4(a) and (b)), results are similar to those
for hot days: while mean UHII during daytime before
hot nights is unchanged (REF) or significantly
decreased (CWS), mean night-time UHII is

significantly exacerbated (for REF=0.57 K,
p=0.05; for CWS=0.46 K, p<0.001). Weather
conditions for these urban hot nights are similar to
those for hot days (no significant differences), and thus
conducive for UHI formation at night, i.e. strong
radiative input during the day and significantly
decreased cloud cover fraction, wind speed, and
precipitation (table 1, supplementary figure S4).

In contrast, decreased mean night-time UHII can
also be found. Such results arise when hot nights are
identified at rural locations (figures 4(c) and (d)). REFs

Figure 3.Weather conditions during rural hot days and normal conditions during 2015–2018,May–September, (a) downwelling
shortwave radiation (rsd), (b) downwelling longwave radiation (rld), (c) cloud cover fraction (cc), (d)wind speed (ws), (e)precipitation
(prcp), (f) specific humidity (hus). Percentiles for shading correspond to the respective probability distribution function during hot
days and normal conditions.Measurement data from seven sites used (see section 2.2, supplementary figure S1, supplementary table
S2), averaged across available sites.
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and CWSs measure a significant and large effect of
decreased mean night-time UHII of −1.02 K and
−1.28 K (both p<0.001), respectively. All REFs show
negative night-timeΔUHII during rural hot nights, as
well as 1943 out of the 1945 CWSs (=99.9%). Daytime
UHIIs preceding rural hot nights show a very small
mean effect compared to normal conditions for REFs
(not significant), while CWSs again display a sig-
nificant reduction in mean UHII of −0.57 K
(figures 4(c) and (d)).

Generally, weather conditions during rural hot
nights and preceding daytime are counterproductive
for UHI formation (figure 5, table 1). Though down-
welling radiation is significantly higher than during
normal conditions, cloud cover fraction, wind speed,
and precipitation are increased after midday and sig-
nificantly higher during night-time (table 1). Such
conditions attenuate UHIIs (Morris et al 2001, Kim
and Baik 2005, Erell and Williamson 2007, Arnds et al
2017, Beck et al 2018), explaining negative night-time
ΔUHII. During nearly one third of rural hot nights
precipitation was recorded, compared to only 13.2%
of days during normal conditions (table 1). Develop-
ing cloud cover during the day, convective precipita-
tion events, and passage of thunderstorms with
precipitation have marked diminishing effects onto
UHIIs (Gedzelman et al 2003, Fortuniak et al 2006).
Besides, atmospheric humidity during rural hot nights
is significantly higher than during hot days (compare
figures 3(f) and 5(f), table 1), which might also con-
tribute to significantly higher downward longwave
radiation during night-time (figure 5(b), table 1) (Sun
et al 2017). Moist conditions contribute to decreased
UHIIs, as rural locations cool less efficiently than
under dry conditions (Scott et al 2018).

Contradictory results of UHIIs during hot nights
are found for Berlin, depending on whether they are
defined based on urban or rural night-time T, since
the occurrence of these episodes is profoundly differ-
ent. Less than half of rural hot nights are preceded by

a hot day (figure 6(a)), while urban hot nights pre-
dominantly follow hot days (70% of the cases,
figure 6(b)). This emphasizes that urban populations
are much more exposed to conditions that are poten-
tially hazardous than rural dwellers: Urban areas are
subject to the hottest night-time conditions following
the hottest daytime conditions, hindering recupera-
tion of the human body at night after hot daytime con-
ditions (Laaidi et al 2012). Night-time UHII is
strongest during these occasions compared to urban
hot days or hot nights alone. For the rural case
(figure 6(a)) strongest night-time UHII is found for
hot days occurring alone, being similar toUHII during
combined urban HWEs (not shown). Combined rural
HWEs lead to moderate UHII due to negative mean
ΔUHII during rural hot nights (figures 4(c) and (d)).

3.3.Discussion of the effect of definition ofHWEs
Our results highlight that the choice of location to
identify HWEs, as well as time of day, can have
profound effects concerning ΔUHIIs. Night-time
ΔUHII during HWEs identified at daytime is insensi-
tive to the choice of location to identify them. This is
consistent across other studies that use daytime or
dailymaximumT for HWE identification (Fenner et al
2014, Schatz and Kucharik 2015, Li et al 2015, 2016,
Sun et al 2017, Zhao et al 2018). However, if night-time
or daily minimum temperature is used to identify
HWEs (Scott et al 2018), the choice of location to
identify HWEs is crucial and contrasting results arise
(also found in Scott et al 2018). This effect might also
explain why another study found increased UHIIs for
two out of three investigated cities in Australia (Rogers
et al 2019). For the two cities where night-time UHIIs
were increased, heat waves (defined using daily max-
imum and daily minimum T) were identified at an
urban location, while for the third city an airport site at
the urban fringewas used (Rogers et al 2019).

Similarly, Fenner et al (2019) showed that in Berlin
urban-rural contrasts in heat wave characteristics only

Table 1.Mean differences (Δ) inweather conditions between hotweather episodes (HWEs) and normal conditions (NC) during 2015–2018,
May–September. rsd: downwelling shortwave radiation, rld: downwelling longwave radiation, cc: cloud cover fraction, ws: wind speed, hus:
specific humidity, prcp: precipitation. TheMann-Whitney-U test was applied to determine statistical significance (not for precipitation),
significant differences (p�0.05) aremarked as bold numbers.Measurement data at seven sites used (see section 2.2, supplementary figure
S1, supplementary table S2), averaged (sum for precipitation) across hours of daytime (13–16 hUTC+1) and night-time (01–04 h
UTC+1) intervals, and across available sites.

Identification location Urban Rural

Hotweather episode Hot days Hot nights Hot days Hot nights

Analysis interval Daytime Night-time Daytime Night-time Daytime Night-time Daytime Night-time

Δrsd (Wm−2) 172.4 — 156.7 — 171.1 — 92.4 —

Δrld (Wm−2) 36.7 34.4 35.0 38.4 34.2 29.7 35.1 44.0

Δcc (octas) −2.1 −0.6 −1.7 −0.5 −2.2 −0.9 −0.6 1.2

Δws (ms−1) −0.7 0.2 −0.7 −0.1 −0.7 0.1 0.0 0.6

Δhus (gkg−1) 1.6 2.6 1.9 2.8 1.6 2.4 2.5 3.3

Δprcp (mm),% days

with prcp (HWE/NC)
−0.3,

1.6/22.9

−0.1,

16.1/14.5

−0.3,

4.8/22.5

−0.1,

17.7/14.4

−0.3,

3.3/22.7

−0.1,

11.5/15.1

0.1,

11.7/21.7

0.2,

28.3/13.2
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arise when heat wave definitions applying daily mini-
mumor dailymean T are investigated. These contrasts
could not be found when using heat wave definitions
that apply daily maximum T (Fenner et al 2019). Note
that given the diverse findings in other studies con-
cerning UHIIs during HWEs, our findings might not
be transferable to other regions, as only one mid-lati-
tude city was investigated. However, the impact that
methodological differences can have onto results
underscores the need for studies such as this one to
understand mechanisms behind the observed phe-
nomena. Similar systematic investigations in other
cities of different size and located in different climate
regionswould be of high value in this respect.

3.4.Discussion of possible futureUHIIs due to
climate change
Since weather conditions have such a strong influence
ontoUHIIs, themore general question whether UHIIs
are exacerbated or reduced under future climate could
also be investigated in this respect. Diverse and even
contradictory results for the same region or city are
reported concerning UHIIs under projected climate
change, with most studies showing no or only
moderate change in UHIIs (Chapman et al 2017 and

references therein). Several studies that investigated
projected future UHIIs found that its change, even if
small, is often connected to a change in soil moisture
(McCarthy et al 2010, Oleson 2012, Hamdi et al 2016).
Soilmoisture and its link to thermal admittance as well
as to the surface energy balance via evapotranspira-
tion/latent heat flux impacts UHIIs (Runnalls and
Oke 2000, Chow and Roth 2006, Schatz and
Kucharik 2014), also during HWEs (Li et al 2015,
Ramamurthy and Bou-Zeid 2017, Zhao et al 2018).
Soil moisture is also strongly linked to the occurrence,
persistence, and intensity of HWEs (Fischer et al 2007,
Hirschi et al 2010, Lorenz et al 2010, Miralles et al
2014). However, as soilmoisture is strongly dependent
on precipitation, and since different general circula-
tion models (GCMs) show large variability in simu-
lated precipitation on a regional level (Hawkins and
Sutton 2011), results concerning UHIIs of regionally
downscaled GCM data are strongly influenced by the
driving GCM (Grossman-Clarke et al 2017). Studies
utilizing an ensemble of GCMs (e.g. Lauwaet et al
2015, Wouters et al 2017) to investigate projected
futureUHIIs are thus needed for robust results.

In summary, given the strong impact of weather
conditions onto UHIIs, in combination with the

Figure 4.UHII andUHII change (ΔUHII) during normal conditions, and (a), (b) urban and (c), (d) rural hot nights. UHII
quantification using (a), (c) high-quality reference stations (REFs) and (b), (d) citizenweather stations (CWSs) during daytime
(13–16 hUTC+1) andnight-time (01–04 hUTC+1). See figure 2 for further details.
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modest capabilities of GCMs to simulate clouds
(IPCC 2013), and the fact that projected changes in
soil moisture are not robust in many regions of the
world (IPCC 2013), future UHIIs remain uncertain.
But even if UHIIs remained unaltered or even
decreased in future climate as driven by weather con-
ditions, widespread adaptation measures and reduc-
tion in greenhouse gas emissions are needed to
counteract the impacts of urbanization and global
warming onto local T (Georgescu et al 2013, Sun et al
2016, Wouters et al 2017, Krayenhoff et al 2018).
Moreover, adaptation to extreme heat waves is indis-
pensable, since such events have occurred in the past
and under present-day climate due to the natural
variability of weather and climate (Dole et al 2011).

4. Conclusions

Using an observational data set covering four years in
the urban region of Berlin, UHIIs and weather
conditions during HWEs were investigated. It was
systematically examined how the choice of location
and time of day to determine HWEs can lead to
contrasting results concerning ΔUHII. The choice of
location to identify hot daytime weather is inconse-
quential forΔUHII. Contrasting, if HWEs are defined
by night-time conditions, the choice of location to
identify themhas profound impact onto results.While
hot urban night-time conditions lead to exacerbated
UHIIs, hot rural night-time conditions are associated
with reduced UHIIs. Known synoptic drivers of UHII

Figure 5. Same asfigure 3 but for rural hot nights.
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such as cloud cover, wind speed, and precipitation are
distinctly different between rural and urban hot
nights, thus explaining contrastingΔUHIIs.

The results suggest that the choice of study design
can have a determining influence onto results concern-
ingΔUHII during HWEs, which also explains some of
the contrasting results found in previous studies. This
study further highlights the differences of ΔUHIIs
between daytime and night-time, as well as a strong
dependency on weather conditions, which drive
ΔUHIIs during HWEs. Consequently, studies investi-
gating UHIIs during HWEs need to emphasize these
aspects. In summary, the results clearly underline that
present-day mean UHIIs cannot simply be added to cli-
mate change projections to estimate future urban cli-
mate conditions (Chapman et al 2017). The question if
UHIIs in general and duringHWEsmight change in the
future is strongly linked to the question if and how
weather conditionsmight change (Chapman et al 2017),
whichwill determine future heat-stress hazards in cities.
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Supplementary Information to “Contrasting changes of urban heat island intensity during 

hot weather episodes” 

Fenner et al., Environmental Research Letters, DOI: 10.1088/1748-9326/ab506b 

Supplementary Discussion 

D1. Selection of time intervals 

For the identification of hot weather episodes (HWEs) and following analyses, air temperature and 

urban heat island intensity (UHII) for each station was aggregated to an arithmetic mean value for a 

daytime (13 – 16 h UTC+1) and a night-time (01 – 04 h UTC+1) interval each day. Several aspects 

motivated this choice, aiming at: 

(1) Obtaining results not only valid for a single point in time, but to cover a longer period of time 

during the day and night. 

(2) Including many crowdsourced citizen weather stations (CWSs). CWS data often have missing 

values for individual hours. These are typically due to server errors during data collection, if a 

station has no wireless connection for data upload, or the result of the data quality 

assessment during which individual values are filtered out. By aggregating over an interval 

more stations can be included in the analyses (note that at least three valid values per 

interval and station, i.e., 75 %, had to be present to calculate the mean for this interval). 

(3) Retaining temporal consistency between identification and analysis intervals, which would 

not be possible by using, e.g., daily maximum and minimum air temperature for the 

identification of HWEs, and then analysing an interval. 

(4) Retaining temporal consistency between all stations for identification and analysis (also a 

reason against using daily maximum and minimum air temperature). 

(5) Inclusion of time during the day when daily maximum air temperature typically occurs in 

Berlin (for daytime interval), which is also the time when UHII is usually around zero. 

(6) Inclusion of time during the night when daily minimum air temperature typically occurs in 

Berlin (for night-time interval) and when UHII is strong. 

Different lengths of the intervals, and different start and end times per interval were tested to find 

out whether changing these parameters had an effect onto results. Generally, longer intervals lead to 

less distinct results, while shorter intervals or single hourly values even produced clearer signals if 

positioned at the right time, but with fewer stations proving valid data. The selected four-hourly 

intervals are a balance between having a longer period of time for analyses (and identification), 

including many CWSs, but obtaining distinct signals. Moving the intervals to other start and end 

times (while maintaining the exclusion of sunrise for the night-time interval) lead to slightly differing 

values of UHII and UHII change than those presented, but main results and conclusions were not 

altered (not shown). 

The months May to September were analysed as this is often analysed in hot weather/heat wave 

investigations, thus keeping comparability to other studies. Further, these months typically show 
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highest UHII in Berlin (Fenner et al 2014, 2017). To investigate a possible influence of the annual 

cycle in the analysed weather variables, it was tested if differences between HWEs and normal 

conditions in weather conditions are sensitive to the choice of study period (not shown). Analysing 

only summer months June, July, and August leads to slightly altered values, but changes in weather 

variables have the same sign, as well as showing statistical significance for the same variables and for 

the same intervals (daytime/night-time) as if analysing the months May to September, thus leading 

to the same conclusions. 

 

D2. Selection of definition for hot weather episodes 

The applied method to identify HWEs (using the 90th percentile of the distribution as threshold) was 

motivated by the following aspects: 

(1) Since the temporal evolution of the UHI is strongly driven by weather conditions on a day-to-

day basis, it was decided to use a method that is based on a daily basis and that does not 

require that air temperature is above a certain threshold for a longer period of time. 

Common among heat wave definitions is that air temperature has to remain above a certain 

threshold for an extended period of time usually longer than one day. These heat wave 

definitions often aim at capturing and assessing the impact of prolonged heat onto certain 

societal systems rather that investigating physical processes in the urban atmosphere. 

(2) To make the analyses as systematic as possible, the sample size for daytime and night-time 

conditions, as well as for urban and rural locations had to be similar. By applying a percentile-

based threshold, we ensured these criteria. Limiting the study period to the months May to 

September ensured that hot episodes (in absolute terms) were identified when applying the 

percentile-based threshold. 

(3) The applied threshold and identification method follow the climate extreme indices “TX90p” 

(daytime) and “TN90p” (night-time), developed by the CCl/WCRP/JCOMM Expert Team on 

Climate Change Detection and Indices (ETCCDI) (https://www.climdex.org/learn/indices/). 

These indices are widely known and applied in scientific studies to study heat extremes 

world-wide. However, deviating from the indices TX90p and TN90p, HWEs in this study were 

(a) not calculated using daily minimum or maximum temperature, and (b) not identified 

relative to the calendar day distribution of air temperature in the 1961 – 1990 reference 

period. This was done to (a) fulfil the criteria detailed in section D1, and (b) since rural and 

urban stations used in this study do not provide data for the 30-year reference period. 

It was tested whether changing the threshold for identification to a higher percentile (95th and 98th 

percentile) lead to different results. Though individual values varied, overall conclusions remained 

the same. Only for urban hot days using the highest threshold tested (only thirteen nights analysed) 

mean night-time ∆UHII is slightly negative with a very small effect size for CWSs and unchanged for 

REFs (not shown). This is due to increased cloud cover and wind speed, and precipitation developing 

in the afternoon and evening, typical indication of convective precipitation events during these 

extremely hot days.  
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Supplementary Figures 

 

 

Supplementary Figure S1: Location of measurement sites to characterize weather conditions in the 

Berlin region. The black line displays the city border of Berlin. Background map: Global Human 

Settlement product “GHS S-MOD” (Pesaresi and Freire 2016). HDC: High Density Cluster, LDC: Low 

Density Cluster, Base: rural cells. 
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Supplementary Figure S2: UHII and UHII change (∆UHII) during normal conditions and urban hot days 

during 2015 – 2018, May – September. UHII quantification using (a) high-quality reference stations 

(REFs) and (b) citizen weather stations (CWSs) during daytime (13-16 h UTC+1) and night-time (01-

04 h UTC+1). Each box contains temporal mean values for each station, the Mann-Whitney-U test 

was applied to determine statistical significance of difference in UHII between normal conditions 

(NC) and hot weather episodes (HWE). Effect size of mean differences was determined using Cohen’s 

d. The number of stations providing valid data is displayed above each box. Boxes range from 1st to 

3rd quartile, median is denoted as horizontal line, mean as diamond, whiskers indicate 1.5-fold inter 

quartile range from upper and lower boundary, or the maximum and minimum, respectively. Values 

outside that range are displayed as circles.  
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Supplementary Figure S3: Occurrences of (a) hot days and (b) hot nights. The colour indicates 

whether a hot day/night was identified exclusively at urban or rural locations, or at both. The number 

of each case (n) is displayed next to the colour bars.  
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Supplementary Figure S4: Weather conditions during urban hot nights and normal conditions during 

2015 – 2018, May – September, (a) downwelling shortwave radiation (rsd), (b) downwelling 

longwave radiation (rld), (c) cloud cover fraction (cc), (d) wind speed (ws), (e) precipitation (prcp), (f) 

specific humidity (hus). Percentiles for shading correspond to the respective probability distribution 

function during hot days and normal conditions. Measurement data from seven sites used (cf. 

section 2.2, Supplementary Figure S1, Supplementary Table S2), averaged across available sites. 
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Supplementary Tables 

Supplementary Table S1: Location and station information of high-quality reference stations used in UHII analyses. Operator: DWD – German Meteorological 

Service, FUB – Freie Universität Berlin, TUB – Technische Universität Berlin. LCZ – Local Climate Zone (Stewart and Oke 2012). Data availability refers to the 

percentage of hourly data for the months May – September in 2015 – 2018. All presented sites are located in High Density Cluster (HDC) of Global Human 

Settlement product “GHS S-MOD” (Pesaresi and Freire 2016), except rural reference sites Berlin-Kaniswall and dahlemerfeld, located in base/rural grid cells 

(marked with asterisk *). 

Site (operator) 
Longitude 

(° E) 

Latitude (° 

N) 

Altitude 

SRTM (m 

above mean 

sea level) 

LCZ 

(mapped as 

in Fenner et 

al 2017) 

Measurement 

height (m 

above ground 

level) 

Setup Date start Date end 

Data 

availability 

(%) 

albrecht (TUB) 13.348607 52.444594 42 6 2.0 1 01 May 2015 30 Sep 2018 99.4 

bamberger (TUB) 13.337552 52.496494 47 2 2.5 1 01 May 2015 30 Sep 2018 98.0 

Berlin-Alexanderplatz (DWD) 13.405400 52.519798 48 2 2.0 2 01 May 2015 30 Sep 2018 96.7 

Berlin-Buch (DWD) 13.502200 52.630900 61 6 2.0 2 01 May 2015 30 Sep 2018 99.8 

Berlin-Dahlem (DWD) 13.301700 52.453700 52 6 2.0 2 01 May 2015 30 Sep 2018 100.0 

Berlin-Kaniswall (DWD) * 13.730900 52.404000 33 B 2.0 2 01 May 2015 30 Sep 2018 99.5 

Berlin-Marzahn (DWD) 13.559800 52.544700 60 4 2.0 2 01 May 2015 30 Sep 2018 99.8 

Berlin-Schoenefeld (DWD) 13.530600 52.380700 43 D 2.0 2 01 May 2015 30 Sep 2018 100.0 

Berlin-Tegel (DWD) 13.308800 52.564400 31 D 2.0 2 01 May 2015 30 Sep 2018 100.0 

Berlin-Tempelhof (DWD) 13.402100 52.467500 45 D 2.0 2 01 May 2015 30 Sep 2018 98.9 

biesdorf (FUB) 13.550515 52.519089 55 6 2.0 3 01 May 2017 30 Sep 2018 50.0 

buckower (FUB) 13.387509 52.409286 46 8 2.0 3 01 May 2017 30 Sep 2018 50.0 

dahlemerfeld (TUB) * 13.225339 52.477623 54 B 2.0 1 01 May 2017 30 Sep 2018 98.6 

dessauer (TUB) 13.378300 52.504670 38 2 3.5 1 01 May 2015 30 Sep 2018 86.8 

fasanen (FUB) 13.333798 52.511238 34 2 2.0 4 01 May 2015 30 Sep 2017 73.3 

fichtenberg (FUB) 13.310109 52.457924 71 6 2.0 5 01 May 2015 30 Sep 2018 97.7 
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galvani (FUB) 13.317342 52.519638 34 2 2.0 3 01 May 2017 30 Sep 2018 48.9 

jagow (FUB) 13.333493 52.522907 39 2 2.0 6 01 May 2017 30 Sep 2018 48.8 

landsberger (FUB) 13.491102 52.533649 57 4 2.0 3 01 May 2017 30 Sep 2018 50.0 

martinhoffm (FUB) 13.456027 52.494888 37 4 2.0 3 01 May 2017 30 Sep 2018 50.0 

marzahnwuhle (FUB) 13.585976 52.547962 47 4 2.0 6 01 May 2015 30 Sep 2018 92.5 

montan (FUB) 13.354542 52.579922 44 8 2.0 3 01 May 2017 30 Sep 2018 50.0 

motard (FUB) 13.262133 52.534580 35 8 2.0 3 01 May 2017 30 Sep 2018 50.0 

petit (FUB) 13.414712 52.605988 49 6 2.0 3 01 May 2017 30 Sep 2018 50.0 

pichelsdorf (FUB) 13.196944 52.507870 31 G 2.0 6 01 May 2015 30 Sep 2018 99.2 

potsdamneuga (TUB) 13.063573 52.411510 36 6 2.0 7 01 May 2016 30 Sep 2018 73.8 

rothenburg (TUB) 13.315827 52.457232 52 6 2.0 1 01 May 2015 30 Sep 2018 98.8 

schiller (FUB) 13.320117 52.510925 41 2 2.0 3 01 May 2017 30 Sep 2018 50.0 

schlosscharl (TUB) 13.294496 52.521343 34 6 2.0 7 01 May 2016 30 Sep 2018 71.8 

spandauer (TUB) 13.158442 52.536388 30 5 2.0 1 01 May 2015 30 Sep 2018 99.4 

swinemuender (TUB) 13.396834 52.543095 45 5 2.0 1 03 Jun 2015 30 Sep 2018 94.0 

tiergarten (TUB) 13.363593 52.514492 36 A 2.0 1 01 May 2015 30 Sep 2018 100.0 

waldschule (FUB) 13.256679 52.502827 56 6 2.0 3 01 May 2017 30 Sep 2018 50.0 

zerpensch (FUB) 13.371320 52.605087 50 8 2.0 3 01 May 2017 30 Sep 2018 50.0 

zoo (FUB) 13.344800 52.510349 33 4 2.0 3 01 May 2017 30 Sep 2018 49.1 

1: Campbell Scientific  CS215, white radiation shield (actively ventilated during sunlit periods, otherwise naturally ventilated), ±0.4 K (5 – +40 °C); 2: Eigenbrodt 

LTS 2000; white radiation shield (actively ventilated), ±0.2 K (-30 – +40 °C); 3: Rotronic HC2-S, white radiation shield (naturally ventilated), ±0.1 K (-40 – +60 °C); 

4: Lambrecht Pt-100, stainless steel radiation shield (naturally ventilated), ±0.1 K (-30 – +50 °C); 5: Thies Hygro-Thermo Transmitter compact, ±0.1 K (-30 – +70 

°C); 6: Thies Pt-100, white radiation shield (naturally ventilated), ±0.1 K (-30 – +50 °C); 7: Vaisala WXT536, white radiation shield (naturally ventilated), ±0.3 K (-

52 – +60 °C)
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Supplementary Table S2: Location of measurement sites and available variables used to characterise 

weather conditions in the Berlin region. Operator: DWD – German Meteorological Service, TUB: 

Technische Universität Berlin. cc – cloud cover fraction, hus – specific humidity, prcp – precipitation, 

rld – downwelling longwave radiation, rsd – downwelling shortwave radiation, ws – wind speed. 

Site (operator) Longitude (° E) Latitude (° N) Variable 

Berlin-Dahlem (DWD) 13.3017 52.4537 cc, hus, prcp 

Berlin-Schoenefeld (DWD) 13.5306 52.3807 cc, hus, prcp, ws 

Berlin-Tegel (DWD) 13.3088 52.5644 cc, hus, prcp, ws 

Berlin-Tempelhof (DWD) 13.4021 52.4675 hus, prcp, ws 

Potsdam (DWD) 13.0622 52.3813 cc, hus, prcp, rld, rsd, ws 

tumainroof (TUB) 13.3279 52.5123 rld, rsd 

wiener (TUB) 13.4292 52.4987 rld, rsd 
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Abstract
A one-year data set for the year 2015 of near-surface air temperature (T ), crowdsourced from ‘Netatmo’
citizen weather stations (CWS) in Berlin, Germany, and surroundings was analysed. The CWS data set,
which has been quality-checked and filtered in a previous study, consists of T measurements from several
hundred CWS. It was investigated (1) how CWS are distributed among urban and rural environments, as
represented by ‘local climate zones’ (LCZ), (2) how LCZ are characterised in T along the annual cycle and
concerning intra-LCZ T variability, and (3) if significant T differences between LCZ (ΔT ) can be detected
with CWS data. Further, it was investigated how the results from CWS compare to reference data from
standard meteorological measurement stations. It can be shown that all ‘urban’ LCZ are covered by CWS,
but only few CWS are located in ‘natural’ LCZ (e.g. forests or urban parks). CWS data along the annual cycle
show generally good agreement to reference data, though for some LCZ monthly means between both data
sets differ up to 1K. Intra-LCZ T variability is particularly large during night-time. Statistically significant ΔT
can be detected with CWS data between various LCZ pairs, particularly for structurally dissimilar LCZ, and
the results are in agreement with existing literature on LCZ or the urban heat island. Furthermore, annual mean
ΔT in CWS data agree well with reference data, thus showing the potential of CWS data for long-term studies.
Several challenges related to crowdsourced CWS data need further investigation, namely missing meta data,
the non-standard measurement locations, the imbalanced availability in time and space, and potentials to
combine CWS and reference data to benefit from the main advantages of both, i.e., the large number of
stations and the high quality of data, respectively.

Keywords: urban climate, local climate zones, air temperature, crowdsourcing, citizen weather station, Berlin

1 Introduction

Due to high spatial and temporal variability of urban
climates, dense sensor networks are needed to observe
and study these atmospheric conditions. The trade-off
between accuracy and (maintenance) costs of instru-
ments, however, remains a major limitation in urban
climatology and a discussion point until today (Chap-
man et al., 2015). Moreover, there is broad consensus
that spatial heterogeneity of urban areas and their un-
derlying structures (e.g. land cover, height of rough-
ness elements, sky view factor, surface albedo) leads
to a spatially non-uniform distribution of near-surface
air temperature (T ) (e.g. Oke, 1982; Eliasson and
Svensson, 2003; Unger, 2004; Kim and Baik, 2005;
Kolokotroni and Giridharan, 2008; Houet and Pi-
geon, 2011; Suomi and Käyhkö, 2012; Fenner et al.,
2014; Schatz and Kucharik, 2014; Gál et al., 2016).
Today, urban-rural air temperature differences are one of
the most investigated features in studies of urban clima-
tology (Arnfield, 2003; Stewart, 2011) and the term

∗Corresponding author: Daniel Fenner, Chair of Climatology, Institute of
Ecology, Technische Universität Berlin, Rothenburgstraße 12, 12165 Berlin,
Germany, e-mail:daniel.fenner@tu-berlin.de

‘urban heat island’ (UHI) expresses that urban areas
are, in general, warmer than their natural surroundings.
However, the term ‘urban heat island’ over-simplifies
the temporal and spatial heterogeneity of urban climate.
Besides, the terms ‘urban’ and ‘rural’, applied to dis-
tinguish measurement sites in UHI studies, do not accu-
rately express the local settings of a measurement station
(Stewart, 2011).

The need for a standardised approach to characterise
measurement locations in terms of their local surround-
ings was addressed by Stewart and Oke (2012), intro-
ducing the Local Climate Zone (LCZ) concept (Fig. 1).
The concept builds on existing climate-based classifica-
tion schemes (e.g. Chandler, 1965; Eleffsen, 1991;
Scherer et al., 1999; Oke, 2006; Loridan and Grim-
mond, 2012) but generalises them to make the scheme
applicable to all urban regions. The LCZ concept classi-
fies urban and natural environments into classes, which
are distinguished by their surface parameters, e.g. build-
ing surface fraction, sky view factor, height of rough-
ness elements, and anthropogenic heat flux. Each LCZ
has a specific range of these parameters and the con-
cept distinguishes between ten ‘urban’ or built-up, and
seven ‘natural’ LCZ (Fig. 1). A number of studies could

© 2017 The authors
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Figure 1: The local climate zone (LCZ) concept with ‘urban’ (LCZ 1–10) and ‘natural’ (A–G) LCZ, and their characteristics (adapted from
Table 2 in Stewart and Oke (2012); text shortened, icons reworked). B: Buildings, C: cover, M: materials, F: function, tall: > 10 stories,
mid-rise: 3–9 stories, low: 1–3 stories. Figure taken from Bechtel et al. (2017).

show that distinct T differences (ΔT ) between stations,
located in different LCZ, exist (e.g. Emmanuel and
Krüger, 2012; Siu and Hart, 2013; Alexander and
Mills, 2014; Fenner et al., 2014; Lehnert et al., 2014;
Stewart et al., 2014; Arnds et al., 2017).

However, only few studies so far have investigated
how T varies within one LCZ (i.e., intra-LCZ variabil-
ity). Lehnert et al. (2014) detected non-zero ΔT be-
tween LCZ for the city of Olomouc, Czech Republic, but
they also revealed distinct intra-LCZ T variability. Such
features were confirmed by a recent study in Szeged,
Hungary (Skarbit et al., 2017), showing that intra-LCZ
variability is especially pronounced at night. Using data
from mobile measurements for selected time periods,
Stewart et al. (2014) and Leconte et al. (2015) also
reported that remarkable spatial variability of T ex-
ists within the same LCZ, which they relate to micro-
scale variability of surface characteristics such as build-
ing density or surface cover. Nonetheless, both stud-
ies (Stewart et al., 2014; Leconte et al., 2015) point
out that spatially averaged T for the same LCZ yield
representative values of local-scale T . However, these
analyses were based on short-term observations, cov-
ering only few selected days, while long-term stud-
ies with stationary measurements addressing inter- and
intra-LCZ T variability are still rare (e.g. Lehnert et al.,
2014; Skarbit et al., 2017). Main reasons are the costs
and difficulties of setting up and maintaining dense ob-
servation networks within urban areas for extensive time
periods (Muller et al., 2013; Chapman et al., 2015).

The current state of urban atmospheric observa-
tion networks is discussed in a review by Muller
et al. (2013), pointing out some high-density networks
such as the Helsinki Testbed (Koskinen et al., 2011),
the Birmingham Urban Climate Laboratory (Chapman
et al., 2015; Warren et al., 2016), or the Oklahoma
City Micronet (Basara et al., 2010; Hu et al., 2016).
Nevertheless, the challenge remains to acquire obser-
vational data over longer time periods at high spatial
resolution to adequately represent spatio-temporal het-
erogeneity of T as expected within urban areas (Grim-
mond, 2006; Muller et al., 2013). One approach to
overcome these limitations is the use of data from me-
teorological stations maintained by citizens, also called
‘citizen weather stations’ (CWS). A number of stud-
ies showed the potential of using such data for scien-
tific applications (Steeneveld et al., 2011; Wolters
and Brandsma, 2012; Bell et al., 2013; Castell et al.,
2015).

Recently, Chapman et al. (2016) and Meier et al.
(2017) presented a new approach for investigating ur-
ban thermal climates using crowdsourcing techniques
and obtaining freely-available CWS data from several
hundred stations in London, United Kingdom (UK),
and Berlin, Germany, respectively. They (Chapman
et al., 2016; Meier et al., 2017) define crowdsourc-
ing according to Muller et al. (2015) as the auto-
mated collection of data from privately owned sensors
that are connected to the internet. The term ‘crowd-
sourcing’ is adopted in this study to express that the
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CWS data stem from an undefined crowd using iden-
tical CWS devices. The data sets used by Chapman
et al. (2016) and Meier et al. (2017) originate from
‘Netatmo’ weather stations (https://www.netatmo.com/
product/weather/weatherstation). These CWS can be
bought by interested citizens worldwide to monitor in-
door and outdoor atmospheric conditions. Chapman
et al. (2016) analysed night-time T and UHI distribution
of London, UK, during a short summer period, show-
ing that distinct features of the urban thermal climate
can be investigated using these data. However, they,
among others, also stress that quality assurance plays a
key role for meaningful data analyses, and that this re-
mains the biggest challenge when using crowdsourced
data (Bell et al., 2013; Muller et al., 2015; Chapman
et al., 2016).

Meier et al. (2017) presented CWS data from Ne-
tatmo weather stations in Berlin, Germany, and sur-
roundings for an entire year, addressing the issue of
quality assurance. They developed a systematic quality
assessment procedure, taking the different sources of er-
rors into account that are associated with T data from
crowdsourced CWS. While Meier et al. (2017) showed
that a number of challenges are linked to this novel data
set for urban climate research, they also concluded that
these challenges can be overcome, and that several bene-
fits are linked to crowdsourcing T measurements. Main
advantages of Netatmo CWS are the consistent use of
the same type of sensors with the same technical spec-
ifications in all stations, high spatial density and cover-
age in many urban areas, and an application program-
ming interface (API) provided by the company facilitat-
ing data acquisition.

In this study, the aim is to expand the analyses
in Meier et al. (2017) to investigate whether crowd-
sourced data from Netatmo CWS are applicable for de-
tecting and analysing spatial T differences of differ-
ent urban environments. To classify these environments
and the measurement sites, the LCZ concept is applied
as an example for characterisation of urban morphol-
ogy and surface cover. The objective is not to obtain
spatially interpolated T from CWS data. The city of
Berlin is chosen as test bed since it is a good exam-
ple of a large city with a distinct urban climate without
an influence of mountains or the sea (e.g. Hupfer and
Chmielewski, 1990; Endlicher and Lanfer, 2003;
Fenner et al., 2014). To make the overall approach
transferable to other urban regions, CWS data are com-
bined with the satellite-image-based LCZ classification
method of Bechtel and Daneke (2012) and Bech-
tel et al. (2015). Specifically, the following research
questions are addressed: (1) How is the spatial hetero-
geneity of Berlin’s metropolitan region, as represented
by LCZ, covered by CWS? (2) How are LCZ charac-
terised in terms of crowdsourced T along the annual cy-
cle, concerning intra-LCZ T variability, and in compar-
ison with data from standard meteorological networks?
(3) Can significant ΔT between different urban environ-
ments (i.e., inter-LCZ differences) be detected in CWS

data, and can the data set thus be used for intra-urban
differentiation of thermal climates?

2 Data and methods

2.1 Study area and period

The study focuses on the city of Berlin, Germany, and
surrounding areas, located in eastern Germany (52.52 N,
13.40 E) with a population of approximately 3.5 million
inhabitants in 2015. Overall, the topography in the re-
gion is relatively flat. The central parts of the city are
at approximately 30m above mean sea level (amsl) with
only solitary peaks up to 120m amsl high at the edges of
the urban agglomeration. The river Spree runs through
the centre of the city. The Müggelsee lake (7.4 km2) is
located in the south-eastern part of Berlin, while in the
western part several lakes are connected via the river
Havel (Fig. 2). Berlin’s climate is characterised by a hu-
mid warm temperate climate (Cfb) according to Köp-
pen’s classification (Kottek et al., 2006).

The investigation period is the year 2015. Mean T in
2015 is 11.2 °C at the station of the German Weather
Service (Deutscher Wetterdienst – DWD) in Berlin-
Tempelhof (TEMP, Fig. 2; Table 1), which is 1.3K
above the long-term mean (1981–2010). Mean daily
maximum (Tmax) and minimum T (Tmin) are also higher
with 15.6 °C (+1.9K) and 6.9 °C (+0.8 K), respectively.
Especially the months January, August, November, and
December show positive T anomalies (Fig. 3). Annual
precipitation amounts to 507mma−1 in 2015, which is
69mm below (−12%) the long-term mean (1981–2010).
While in January, October, and November more precip-
itation is recorded, the months February, May, August,
and December are especially dry (Fig. 3).

2.2 Crowdsourced air temperature data

Crowdsourced T data from CWS of the private com-
pany ‘Netatmo’ (https://www.netatmo.com/) were used.
Measurements of these stations are taken by two mod-
ules, i.e., an indoor and an outdoor module. The outdoor
module measures T (specified accuracy by manufac-
turer: ±0.3K in the range −40 to 64 °C) and relative hu-
midity (RH), while the indoor module additionally mea-
sures air pressure, noise level, and carbon dioxide con-
centration. Measurements are taken at approximately
five minute intervals (instantaneous values), which are
automatically uploaded to the Netatmo server via pri-
vate WiFi connection. If the user agrees, outdoor T
and RH, and air pressure measurements are shared pub-
licly (https://weathermap.netatmo.com/), and data can
be acquired at no cost via an API.

An automatic work-flow to fetch these CWS data for
Berlin and surroundings at one-hourly intervals was set
up, storing the data in a local database. The details of
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Figure 2: Local climate zone (LCZ) coverage in the study region Berlin, Germany, and locations of the reference measurement stations
(black symbols). Dots mark stations that were used in the analyses; triangles mark stations that were filtered out when applying the kernel
filter (cf. Section 2.4). The black line denotes the city border of Berlin. The relative frequency of each LCZ in the study region is given in
the right panel, along with the number of reference sites per LCZ as symbols (dots and triangles).
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Figure 3:Climate diagram for the station Berlin-Tempelhof (TEMP)
(13.4021° E, 52.4675° N, 48m amsl) for the period 1981–2010
(solid lines, dark grey bars) and the year 2015 (dashed lines, light
grey bars). Blue lines: mean daily minimum air temperature Tmin,
black lines: mean daily air temperature Tmean, red lines: mean daily
maximum air temperature Tmax, bars: monthly sum of precipitation
PRCP.

the method are described in Meier et al. (2017). How-
ever, these raw data can hardly be used directly for scien-
tific analyses. Common quality issues with these crowd-
sourced data are inconsistent meta-data, low data avail-

ability, outdoor devices probably installed inside build-
ings, and radiation errors due to exposure of sensors in
sunlit places. Hence, Meier et al. (2017) developed a
rigorous data quality assessment (QA) and filtering rou-
tine for T data. The QA procedure addresses the dif-
ferent error sources linked to crowdsourced data, i.e.,
soft- and hardware limitations, inconsistent meta-data,
and installation deficiencies caused by the user. Meier
et al. (2017) distinguish between different quality levels
with level D being the highest level, which is the quality
level of the crowdsourced data set used in this study.

Due to a server failure no data could be collected dur-
ing nine days in May and eight days in August 2015.
These gaps were filled with data acquired retrospec-
tively; details are given in Appendix A. Afterwards, the
complete data for the two months were quality-checked
and filtered according to Meier et al. (2017).

The quality-checked data set used in the following
consists of T measurements at one-hourly temporal res-
olution (instantaneous values for all times except the two
periods in May and August with hourly mean values,
see Appendix A) for up to several hundred measurement
sites within Berlin and surrounding area in 2015. T data
from CWS are denoted as cwsT in the following.

To account for different elevation heights of the mea-
surement sites all T data were corrected with respect to
a reference height of 48m amsl using the dry adiabatic
lapse rate (−9.8 × 10−3 Km−1). For this, globally avail-
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Table 1: Locations, land cover information, and local climate zones (LCZ) of reference stations. Ground sky view factor (SVF), excluding
roofs, was calculated using SOLWEIG 2014a (Lindberg et al., 2008) including buildings and vegetation (trunk zone was set to a fraction of
0.25 of the vegetation height). Land cover information were obtained from EnvAtlBer (2014) and are given as mean values for a radius of
250m. For sites POTS and SCHN no land cover information were available. Expert LCZ classification was based on the available land cover
information, visual inspection of aerial photography, and local expert knowledge. Bold stations were used in the analyses, the others where
filtered out when applying the kernel filter (cf. Section 2.4). Operators: DWD – Deutscher Wetterdienst, TUB – Technische Universität
Berlin.

Site
(Operator)

Longitude
(degree)

Latitude
(degree)

Building
fraction (%)

Vegetation
fraction (%)

Building
height (m)

Vegetation
height (m)

SVF (–) LCZ
(WUDAPT)

# LCZ-
pixels1

LCZ (expert)2

ALBR
(TUB)

13.3486 52.4447 9.7 69.3 10.9 6.8 0.36 6 – Open
low-rise

25 6 – Open
low-rise

ALEX
(DWD)

13.4054 52.5198 25.7 30.7 25.7 7.7 0.54 2 – Compact
midrise

25 5 – Open
midrise

BAMB
(TUB)

13.3375 52.4964 34.5 33.5 20.8 9.5 0.24 2 – Compact
midrise

25 2 – Compact
midrise

BUCH
(DWD)

13.5022 52.6309 13.1 34.4 10.0 7.5 0.55 6 – Open
low-rise

25 6 – Open
low-rise

DAHF
(TUB)

13.2252 52.4777 0.00 93.1 0.00 7.3 0.46 B – Scattered
trees

10 –

DAHL
(DWD)

13.3017 52.4537 5.7 82.5 8.7 6.7 0.39 6 – Open
low-rise

19 –

DESS
(TUB)

13.3783 52.5045 31.3 33.4 19.0 5.1 0.42 2 – Compact
midrise

16 –

KANI
(DWD)

13.7309 52.4040 0.8 43.1 3.4 7.2 0.90 B – Scattered
trees

25 B – Scattered
trees

KOEP
(TUB)

13.6157 52.4330 0. 99.0 0. 14.2 0.06 A – Dense
trees

25 A – Dense
trees

MARZ
(DWD)

13.5598 52.5447 13.5 37.1 11.5 3.4 0.61 4 – Open
high-rise

21 5 – Open
midrise

POTS
(DWD)

13.0622 52.3813 – – – – – A – Dense
trees

18 –

ROTH
(TUB)

13.3158 52.4572 19.3 61.3 12.4 9.9 0.23 6 – Open
low-rise

21 6 – Open
low-rise

SCHN
(DWD)

13.5306 52.3807 – – – – – D – Low
plants

25 D – Low
plants

SPAN
(TUB)

13.1584 52.5364 12.6 37.7 4.2 2.0 0.74 5 – Open
midrise

12 –

SWIN
(TUB)

13.3969 52.5431 24.5 40.3 16.4 6.9 0.34 5 – Open
midrise

22 5 – Open
midrise

TEGL
(DWD)

13.3088 52.5644 2.5 68.7 5.5 0.4 0.92 D – Low
plants

12 –

TEMP
(DWD)

13.4021 52.4675 0.1 81.2 3.0 0.2 0.96 D – Low
plants

11 –

TIER
(TUB)

13.3636 52.5145 0.9 88.6 6.9 15.5 0.16 A – Dense
trees

23 A – Dense
trees

WIEN
(TUB)

13.4291 52.4987 33.5 26.6 16.1 8.2 0.37 2 – Compact
midrise

25 2 – Compact
midrise

1The number of pixels of the same WUDAPT-LCZ as the measurement site’s pixel for a 5 × 5 kernel, centred on the pixel of the WUDAPT classification where the
site is located. 2LCZ classification only carried out for measurement sites with at least 20 pixels of the same WUDAPT-LCZ as the measurement site’s pixel within the
5 × 5 kernel. These sites were used in the analyses.

able digital elevation data from the Shuttle Radar Topo-
graphic Mission (SRTM) (Farr et al., 2007) version 4 at
0.000833° (∼ 90m) spatial resolution was used, and the
nearest pixel value was assigned to each site. Addition-
ally, a uniform sensor height of 2m above ground was
assumed for each site.

2.3 Reference air temperature data

Measurement data from ten sites of the Urban Cli-
mate Observation Network (UCON), maintained by the
Chair of Climatology at Technische Universität Berlin,
were used as reference for crowdsourced data (Table 1,
Fig. 2). Data from this network has previously been used

for studies of long-term spatial and temporal character-
istics of T (Fenner et al., 2014), and as observational
data for model evaluation (Jänicke et al., 2017; Kuik
et al., 2016). All UCONmeasurement sites are equipped
with Campbell Scientific CS215 T and RH probes (ac-
curacy for T ± 0.4K in the range 5 to 40 °C) in white ra-
diation shields, actively ventilated during sunlit periods.
Raw measurement data at one-minute resolution were
quality-checked as described inMeier et al. (2017), and
aggregated to hourly mean values for further analyses.

Additionally, T data from nine meteorological sta-
tions in and around Berlin maintained by DWD were
used to complement UCON data (Table 1, Fig. 2). Mea-
surement data (measurements taken with Eigenbrodt
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LTS2000 T probe in white radiation shields, accuracy
±0.2K) are available as quality-checked products at
hourly resolution (DWD Climate Data Center 2016;
Kaspar et al., 2013).

Both data sets combined form the reference data
set of T , denoted as refT , for comparison with crowd-
sourced data. Since the stations are located in a variety
of local settings (cf. Table 1) they are highly suitable
for this purpose. The stations are identical to the refer-
ence stations used in Meier et al. (2017) for the QA of
CWS data but were supplemented by two more stations
(KOEP and WIEN). All reference stations measure T in
a height of 2m above ground except at BAMB (2.5m),
DESS (3.5m), and WIEN (33.6m). Similar to CWS
sites, data were corrected to a reference height of 48m
amsl according to the dry adiabatic lapse rate, taking into
account the measurement height and using SRTM eleva-
tion data.

2.4 Local climate zone classification

Ideally, and following the recommendations by Stew-
art and Oke (2012), an LCZ classification process for a
single measurement site should be carried out by (1) col-
lecting the relevant metadata, (2) estimating the sta-
tion’s thermal source area, and (3) selecting the best
suited LCZ for this site. Alternatively, a number of ap-
proaches have been made to derive LCZ maps for entire
cities, using different types of data (e.g.Alexander and
Mills, 2014; Lelovics et al., 2014; Unger et al., 2014;
Geletic and Lehnert, 2016). One approach that of-
fers the possibility to potentially classify LCZ for any
urban region using remote-sensing data and free soft-
ware was developed by Bechtel and Daneke (2012)
and Bechtel et al. (2015). The method is used in an
international effort to gather and distribute information
on form and function of cities worldwide in a consis-
tent manner, called the World Urban Database and Ac-
cess Portal Tools (WUDAPT) (Bechtel et al., 2015;
See et al., 2015). The WUDAPT-LCZ approach was
successfully applied by, e.g., Brousse et al. (2016) for
Madrid, Spain, and by Perera and Emmanuel (2016)
for Colombo, Sri Lanka.

This LCZ classification is a supervised classifica-
tion method, thus the user first creates training areas
(TA) for each LCZ using Google Earth software (map
data: Google, DigitalGlobe). The TA are used by SAGA
GIS software (Conrad et al., 2015) to identify the un-
derlying spectral and thermal properties of each LCZ
from Landsat images, train a random forest classifier
(Breiman, 2001), and subsequently apply the classifier
to infer the most probable corresponding LCZ for each
pixel. The whole classification process is iterative, i.e.,
after the first and following classifications the TA can be
corrected by the user to optimise classification results.

The LCZ classification for Berlin was carried out
using the available materials on the WUDAPT webpage
(http://www.wudapt.org/). This includes Landsat scenes
(LC81930232015084LGN00 and LC81930232015100

LGN00 from March and April 2015, respectively), and
a predefined region of interest (ROI). Six iteration steps
were carried out to improve the LCZ classification, and
a post classification filter (majority filter with radius
of two pixels) was applied to the last classification,
avoiding a too granular classification image. The final
classification was evaluated in terms of accuracy and
robustness, showing an overall consistent and correct
classification. Details on the evaluation are given in
Appendix B.

The final LCZ classification (resolution 0.0011°;
∼ 122×75m2) was resampled to a regular 100×100m2

horizontal resolution using nearest-neighbour interpola-
tion for further analyses (Fig. 2). Afterwards, a LCZ was
assigned to each CWS and to each reference station us-
ing a two-step procedure. First, the LCZ of the pixel
containing the station was assigned. Second, all mea-
surement sites located in regions of heterogeneous LCZ
coverage were excluded to avoid obscuring the T signal
with stations not representative for a specific LCZ. This
was done by keeping a station if more than 20 pixels
within a 5 × 5 kernel (i.e., 80%), centred on the pixel
assigned to the respective station (step 1), were of the
same LCZ as the centre pixel. The kernel width cor-
responds to a distance of approximately 250m around
each site, which is consistent with the definition of ‘lo-
cal’ by Stewart and Oke (2012), and which was also
used by, e.g., Lelovics et al. (2014) as the minimal dis-
tance from the boundaries of a LCZ area for measure-
ment sites in Szeged, Hungary, or for LCZ classification
of stations by Skarbit et al. (2017).

This two-step LCZ assignment reduced the num-
ber of CWS and reference stations. From the original
19 reference stations seven did not pass the filter (Ta-
ble 1). The remaining twelve stations are located in
seven different LCZ: three in LCZ 6 (open low-rise),
three in LCZ 2 (compact midrise), two in LCZ A (dense
trees), and one each in LCZ 4 (open high-rise), 5 (open
midrise), B (scattered trees), and D (low plants). The
WUDAPT-LCZ of these twelve sites was also checked
against a LCZ classification using detailed land cover
information, aerial photography, and local expert knowl-
edge (Table 1). Only for two sites, ALEX and MARZ,
the two types of LCZ classifications do not match. Site
ALEX was classified as LCZ 2 (dense midrise) and
site MARZ as LCZ 4 (open high-rise) in the WUDAPT
classification, while the classification with detailed land
cover data locates both sites in LCZ 5 (open midrise).
However, considering the values of surface properties
for these LCZ as given by Stewart and Oke (2012),
it becomes obvious that there is overlap between these
LCZ, and hence a clear distinction cannot always be eas-
ily made. For a consistent methodology the WUDAPT-
LCZ classification was used for all stations and sites
ALEX and MARZ were included in the analyses.

Throughout the text the term ‘LCZ’ is used when
referring to individual LCZ classes, i.e., all regions of
one specific LCZ. This does not necessarily mean that
these LCZ are one contiguous geographical area or zone.
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Fig. 1 provides an overview of the different LCZ and
their main characteristics. For a more detailed descrip-
tion of each LCZ the reader is kindly referred to Ta-
bles 2, 3, and 4, and supporting material in Stewart
and Oke (2012).

2.5 Calculations and statistics

The thermal regime of LCZ and T differences between
LCZ were analysed for each month of the year for
different time periods during the day. Daily means (all
24 hours of a day) were computed as well as means
during day- and night-time periods.

The daytime period (1300–1600 UTC+1) corre-
sponds to the hours of a day when daily maximum T
most frequently occurs in Berlin and when the (urban)
atmosphere is well mixed, resulting in typically small
T differences between sites (Oke, 1982; Christen
and Vogt, 2004; Chow and Roth, 2006; Erell and
Williamson, 2007). The night-time period (4–7 hours
after sunset UTC+1) covers the time when local-scale
T differences between sites are well established, which
typically occurs between three to five hours after sun-
set, and lasts until sunrise (Oke and Maxwell, 1975;
Oke, 1982; Unger et al., 2001; Chow and Roth, 2006;
Erell andWilliamson, 2007). Moreover, cooling rates
are similar among different urban environments dur-
ing this period (Holmer et al., 2007; Holmer et al.,
2013; Leconte et al., 2016), hence spatial T differences
remain fairly constant (Holmer et al., 2007; Fenner
et al., 2014; Hu et al., 2016). The end of the night-time
period also takes into account the shortest night during
the year, which is just over seven hours long in Berlin.

At first, mean T per time period for each day of the
year was calculated for each site (CWS and reference
stations) if at least 20 valid values for daily averages and
three values for the four-hourly time periods were avail-
able. Then, if a station provided valid data for at least
80% of the days of a month, monthly average values per
time period were calculated for this station. Afterwards,
all stations were grouped to their respective LCZ.

To test whether significant differences in cwsT be-
tween LCZ existed, a one-way analysis of variance
(ANOVA) was carried out per month and each time
period using the non-parametric Kruskal-Wallis test
(Kruskal and Wallis, 1952). For significant results
(p < 0.05) pairwise two-sidedWilcoxon-Mann-Whitney
post-hoc tests (Wilcoxon, 1945; Mann andWhitney,
1947) were carried out for each LCZ pair to detect sig-
nificant differences. Both tests do not require a nor-
mal distribution of the tested data, and were thus se-
lected over parametric tests such as the t test (Gos-
set, 1908). The significance level of the post-hoc tests
was adjusted according to the Holm-Bonferroni method
(Holm, 1979) to account for multiple tests and to
achieve an overall significance level of p < 0.05.

Differences in T between two LCZ x and y, i.e.,
ΔTLCZ x−LCZy were calculated as follows:

ΔTLCZ x−LCZ y = TLCZ x − TLCZ y

where TLCZ x and TLCZ y are the mean values across all
sites in LCZ x and LCZ y, respectively. This follows the
recommendations of Stewart et al. (2014) that spatial
averages should be used to obtain locally representative
values. Calculations of ΔTLCZ x−LCZ y were carried out
for CWS and reference data separately and not merging
the two data sets, following the approach of Chapman
et al. (2016).

Additionally, ΔTLCZ x−LCZ y were analysed for ‘ideal’
weather situations with clear skies, calm winds, and
no precipitation. These conditions favour the develop-
ment of pronounced thermal differences among differ-
ent environments (Magee et al., 1999; Morris et al.,
2001; Erell and Williamson, 2007; Stewart and
Oke, 2012; Arnds et al., 2017; van Hove et al., 2015).
For this analysis, only days with mean wind speed
≤ 2m s−1, mean cloud cover ≤ 2 octas, and precipita-
tion < 1mmd−1 for the preceding day and the day it-
self at station TEGL were used. In total, seven of these
‘ideal’ days occurred in 2015 (10 April, 04 June, 29 Au-
gust, 27 and 28 September, 01 October, 11 Novem-
ber), and mean T was calculated for each station and
time period, if valid data for at least six of these seven
days existed. Like for the monthly analysis, an ANOVA
(Kruskal-Wallis test) and subsequent pairwise two-sided
Wilcoxon-Mann-Whitney tests were carried out to de-
tect significant differences between LCZ.

3 Results

3.1 LCZ distribution and coverage by CWS

Within the ROI LCZ A (dense trees) and D (low plants)
exhibit highest spatial coverage. Together they cover
more than 50% of the area (Fig. 2). With approximately
20% of the area, LCZ 6 (open low-rise) is the third most
dominant LCZ, extending around Berlin’s city core into
the outskirts of the city and beyond the administrative
border of Berlin. Within the city’s core, LCZ 2 (com-
pact midrise) dominates over LCZ 5 (open midrise),
though the latter contributes to a higher overall spa-
tial coverage. LCZ 1 (compact high-rise), 3 (compact
low-rise), 7 (lightweight low-rise), 10 (heavy industry),
and E (bare rock or paved) do not occur (Fig. 2).

The number of CWS with valid data within the ROI
varies per month and time period (Fig. 4). In general,
three effects can be noted: (1) more CWSwith valid data
are available for night-time than for daytime or daily
mean values, (2) the number of stations increases over
the course of the year 2015, and (3) the number of CWS
is highly differing between LCZ. Overall, September
has the highest number of available CWS (n = 451)
for night-time, and December for daytime (n = 318)
and daily mean values (n = 375). A distinctive drop
in number of CWS in October can also be noted for
daily mean and daytime values, while CWS availability
during night-time is fairly constant throughout the year.
Spatial distribution of CWS within individual LCZ is
fairly uniform across the ROI (not shown).
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Figure 4:Number of Netatmo citizen weather stations (CWS) per local climate zone (LCZ) and month for (a) daily mean values, (b) daytime
(1300–1600 UTC+1), and (c) night-time (4–7 hours after sunset UTC+1) in 2015. The total number of stations per month is written below
the top horizontal axis.

At least one CWS with valid data is located in each
existing LCZ except in LCZ B (scattered trees), F (bare
soil or sand), and G (water). Much more stations are,
however, found in ‘urban’ LCZ (1 to 10) than in ‘natural’
LCZ (A to G). The highest number of available CWS
per LCZ is in LCZ 6, irrespective of month and time
period (Fig. 4), with at least 48% of all CWS in the study
region (highest number: 226 CWS in LCZ 6 in October
during night-time, i.e., 52% of all CWS). LCZ 2 and
LCZ 5 show similar numbers of CWS per month for
daily mean and daytime values (up to 79 CWS for LCZ 2
in August), while for night-time nearly twice the amount
of stations is located in LCZ 2 compared to LCZ 5
(Fig. 4). Between one and sixteen CWS are located in
the remaining LCZ.

3.2 Monthly and annual air temperature
characteristics per LCZ in 2015

Mean monthly T per LCZ is shown in Table 2 for
CWS and reference stations, showing the annual cycle
of T with highest values in August and lowest values

in February for all LCZ. Highest mean monthly cwsT is
recorded in LCZ 2 for all months except January and
October. Comparison with mean monthly refT reveals
a generally good agreement of ≤ ±0.3K between cwsT
and refT for all LCZ in winter months (December, Jan-
uary, and February), March, April, and September. The
months May to August show larger differences of up to
+1.0K (LCZ 4) between mean monthly cwsT and refT .
Taking the spatial standard deviations (SD) per LCZ and
month into account, it can be noted that the ranges of
mean T ± SD of CWS and reference data overlap (Ta-
ble 2). In those cases, a clear distinction between mean
monthly cwsT and refT cannot be made. Overall, LCZ D
(low plants) and LCZ 2 show best agreements between
mean monthly cwsT and refT (Table 2), while for LCZ 4
and LCZ 6 the deviations between CWS and reference
data are > ±0.3K in seven and six months, respectively.

Annual mean values of cwsT and refT per LCZ show
overall small differences (≤ ±0.2K) to one another,
except for LCZ 4 and LCZ 6 (Table 2). LCZ 2 also
exhibits highest cwsT and refT in the annual mean, while
lowest T in 2015 is recorded in LCZ B (refT ).
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Table 2:Mean monthly and annual air temperature T ± standard deviation (SD) per local climate zone (LCZ) in Berlin and surroundings in
2015. First line per LCZ: Netatmo citizen weather stations, second line (italic): reference stations. Spatial SD was calculated across all sites
per LCZ, no standard deviation is given if only one site per LCZ was available. Annual mean was calculated from mean monthly values if
data were available for at least ten months in 2015.

T±SD (°C)
LCZ Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec 2015

2 3.4±0.4 3.0±0.6 6.8±0.5 10.6±0.7 15.2±0.5 18.2±0.5 20.9±0.6 23.4±0.5 15.5±0.4 9.5±0.5 8.8±0.7 7.9±0.5 11.9
3.5±0.4 2.6±0.4 6.9±0.4 10.5±0.4 14.6±0.3 17.7±0.3 20.9±0.4 23.1±0.6 15.4±0.3 9.6±0.2 8.6±0.2 7.8±0.2 11.8

4 3.5±0.6 2.5±0.7 6.4±0.3 10.2±0.9 14.8±0.6 17.9±0.4 20.9±0.3 23.1±0.6 15.0±0.1 9.7±0.2 8.5±0.5 7.5±0.5 11.7
3.2 2.1 6.3 9.8 13.8 17.1 20.3 22.6 14.9 8.9 7.9 7.3 11.2

5 3.5±0.4 2.6±0.5 6.7±0.6 10.2±0.7 14.6±0.6 18.1±0.5 20.9±0.6 23.0±0.6 15.2±0.6 9.3±0.6 8.4±0.7 7.7±0.5 11.7
– – – – 13.9 17.3 20.4 22.6 14.9 9.1 8.3 7.7 –

6 3.1±0.4 2.0±0.6 6.1±0.5 9.5±0.7 14.1±0.6 17.6±0.4 20.3±0.5 22.4±0.6 14.5±0.6 8.6±0.5 7.9±0.7 7.2±0.6 11.1
2.9±0.2 1.7±0.3 6.0±0.2 9.3±0.2 13.2±0.3 16.7±0.3 19.7±0.3 21.9±0.5 13.9±0.4 8.4±0.3 7.5±0.3 6.9±0.3 10.7

8 2.7±0.1 1.5 – – – – – – – – 8.3 7.7±0.1 –
– – – – – – – – – – – – –

9 2.9±0.3 1.6±0.2 5.8±0.1 9.1±0.3 13.4±0.1 17.3 20.2±0.2 21.9±0.1 13.7±0.2 8.1±0.0 7.1±0.3 6.8±0.5 10.7
– – – – – – – – – – – – –

A 3.1±0.8 1.8±0.6 6.1±0.4 9.4±0.5 13.8±0.5 17.1±0.4 19.8±0.4 21.5±0.3 14.2±0.4 8.8±0.2 7.6±0.5 7.0±0.4 10.8
2.8±0.5 1.5±0.9 5.8±1.0 9.2±0.8 13.3±0.6 16.7±0.5 19.7±0.4 21.9±0.5 13.9±0.8 8.4±0.9 7.4±0.7 6.7±0.7 10.6

B – – – – – – – – – – – – –
2.6 1.0 5.2 8.4 12.6 15.8 19.1 20.9 13.0 7.5 6.8 6.4 9.9

C – – – – – 17.1 19.8 21.3 13.7 8.3 7.5 7.1 –
– – – – – – – – – – – – –

D 3.0±0.3 1.6±0.2 5.8±0.0 9.1±0.8 13.6±0.0 17.6±0.2 20.0±0.3 22.0±0.3 14.0±0.2 8.2±0.4 7.5±0.4 6.8±0.2 10.8
2.8 1.4 5.7 9.0 13.2 16.8 20.0 22.2 14.2 8.3 7.5 6.7 10.6

3.3 Intra-LCZ variability

Boxplots per LCZ and month with mean T for each
measurement site allow a detailed analysis of intra-
LCZ T variability. Fig. 5 and Fig. 6 show the distri-
bution of T among CWS and reference stations for
the months February and August, respectively, and re-
veal a large variability for most LCZ. In general, sum-
mer months show higher intra-LCZ cwsT variability than
winter months, and night-time hours larger variability
than daytime or daily mean values (Fig. 5, Fig. 6). Au-
gust is an exception to this with similar intra-LCZ vari-
ability during daytime and night-time, though the inter-
quartile range is smaller for daytime than for night-time
(Fig. 6). Also, with a higher number of CWS per month,
higher intra-LCZ variability is found. A good example
is LCZ 6 with most CWS and the largest range between
minimum and maximum cwsT among all LCZ in most
months. This range is as high as 6.6K in August for
daytime and 6.1K in May for night-time (not shown).
Likewise, the LCZ with second and third most CWS,
i.e., LCZ 2 and LCZ 5, show considerable spread among
monthly mean cwsT for all three time periods. It is also
worth noting that the inter-quartile ranges in Fig. 5 and
Fig. 6, as well as the standard deviation (spatially) in Ta-
ble 2 for LCZ 2, 5, and 6 are broadly similar, showing
that all three LCZ are much alike in terms of spatial T
variability.

Fig. 5 and Fig. 6 also show overall agreement but also
certain differences between CWS and reference data.
While during daytime mean refT is slightly higher than
mean cwsT for most LCZ during the warmer months of

the year, for daily and night-time periods mean refT is
mostly lower than mean cwsT . All refT values are within
the range of cwsT except for LCZ A and LCZ D (Fig. 5,
Fig. 6).

3.4 Inter-LCZ differences

Significant differences in cwsT (p < 0.05) between at
least two LCZ can be found for all months in 2015 for
daily mean and night-time values. These differences are
not only present between ‘urban’ LCZ and ‘rural’ sur-
roundings, i.e., an UHI, but also between LCZ located
within the city, i.e., inner-city T differences. For daytime
values the ANOVA reveals only three months (Septem-
ber, November, and December) with significant differ-
ences.

Highest mean monthly ΔcwsTLCZ x−LCZ y are found
for night-time, while daily mean and daytime values are
lower. Fig. 7 shows ΔcwsTLCZ 2−LCZ y along the annual
cycle for the three time periods as LCZ 2 is the LCZwith
highest mean monthly T and with the highest number
of significant ΔcwsTLCZ x−LCZ y. Additionally, the same
analyses were conducted with all other possible LCZ
pairs, which resulted in a lower number of significant
differences. Especially high values of ΔcwsTLCZ 2−LCZ D
are found for the months May and August during night-
time (> 3.5K, Fig. 7c) and daily mean values. LCZ 2
shows significant cwsT differences to any other LCZ ex-
cept LCZ 4 and LCZ 8 (containing only one or two
CWS). For daytime, significant ΔcwsTLCZ 2−LCZ y are
only detected in November and December, though some
months exhibit larger differences than values in these
months (Fig. 7b).
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Figure 5: Air temperature T distribution for (a) daily mean values, (b) daytime (1300–1600 UTC+1) and (c) night-time (4–7 hours
after sunset UTC+1) per local climate zone (LCZ) for Netatmo citizen weather stations (CWS) and reference stations in February 2015.
Each distribution consists of mean values per station and time period in the respective LCZ. The number of sites per LCZ (CWS = n,
reference = ref) is written below the top horizontal axis.

n=116
ref=2

n=12
ref=1

n=75
ref=1

n=207
ref=3

n=1
ref=0

n=4
ref=0

n=7
ref=2

n=1
ref=0

n=5
ref=1

2 4 5 6 8 9 A C D
LCZ

15

20

25

30

T
(°

C
)

n=79
ref=2

n=7
ref=1

n=52
ref=1

n=164
ref=3

n=2
ref=0

n=5
ref=2

n=1
ref=0

n=5
ref=1

2 4 5 6 9 A C D
LCZ

15

20

25

30

T
(°

C
)

n=50
ref=2

n=4
ref=1

n=34
ref=1

n=143
ref=3

n=2
ref=0

n=5
ref=2

n=1
ref=0

n=4
ref=1

2 4 5 6 9 A C D
LCZ

15

20

25

30

T
(°

C
)

(b) Daytime

(a) Daily mean

(c) Night-time

25 %

75 %

Median

Minimum / 1.5*IQR

Mean

Maximum / 1.5*IQR

Poss. outliers citizen weather station
(if n<10 per LCZ)

reference station

inter-quartile
range (IQR)

Figure 6: Same as Fig. 5 but for August 2015.
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Table 3: Annual mean air temperature differences ΔT between local climate zones (LCZ) in Berlin and surroundings in 2015. Values were
calculated as row minus column (ΔTLCZ row−LCZ column). First line per field: Netatmo citizen weather stations, second line (italic): reference
stations. Standard deviation (SD) was calculated along the temporal dimension on the basis of daily values. Annual mean was calculated if
data were available for at least ten months.

Annual mean ΔTLCZ row−LCZ column ±SD (K)
LCZ 2 4 5 6 9 A B D

2 0.2±0.4 0.2±0.3 0.8±0.6 1.2±0.7 1.0±0.6 – 1.0±0.7
0.6±0.4 – 1.1±0.6 – 1.1±0.6 1.8±1.1 1.1±0.6

4 0.0±0.3 0.6±0.5 0.9±0.6 0.8±0.5 – 0.8±0.6
– 0.5±0.4 – 0.6±0.4 1.2±0.9 0.5±0.4

5 0.5±0.4 0.9±0.5 0.7±0.4 – 0.8±0.5
– – – – –

6 0.4±0.3 0.2±0.3 – 0.3±0.3
– 0.1±0.2 0.7±0.6 0.0±0.4

9 −0.2±0.2 – −0.1±0.3
– – –

A – 0.1±0.5
0.6±0.6 0.0±0.4

B –
−0.7±0.7

D

The annual cycle of ΔrefTLCZ 2−LCZ y is given in
Fig. 8, showing positive values during all months for
daily mean (Fig. 8a) and night-time (Fig. 8c). Day-
time ΔrefTLCZ 2−LCZ y are similar for most LCZ, always
< ±1K, and mainly positive (Fig. 8b). Largest differ-
ences are found for ΔrefTLCZ 2−LCZ B for daily mean and
night-time values, especially in the months May and Au-
gust for night-time (Fig. 8c).

Table 3 provides an overview of all available an-
nual mean ΔTLCZ x−LCZ y in 2015, displaying that
largest differences between LCZ in CWS data amount
to ΔcwsTLCZ 2−LCZ A/D = 1.0K and for reference
data to ΔrefTLCZ 2−LCZ B = 1.8K. Generally, higher
ΔTLCZ x−LCZ y are found for LCZ that are structurally
dissimilar, e.g., ΔTLCZ 2−LCZ A. Table 3 also shows an
overall good agreement between CWS and reference
data with all differences between the two datasets
≤ ±0.4K.

3.5 Ideal weather situations

Under ideal weather conditions for the formation of
local-scale ΔT , intra-LCZ variability is again highest
for LCZ 6 (Fig. 9). LCZ 5, however, shows a similar
range for night-time. The range for LCZ 2 is smaller
and only slightly higher than for LCZ 4, though much
more CWS are located in LCZ 2 (n = 56) than in
LCZ 4 (n = 4). As for monthly mean values, intra-LCZ
T variability is higher during night-time than during
the day (not shown). Fig. 9 also shows, as seen for
the monthly analyses in Fig. 5c and Fig. 6c, that T at
reference stations is generally lower than at CWS during
night-time.

All available ΔTLCZ x−LCZ y during night-time under
ideal weather conditions is presented in Table 4 for
CWS and reference stations. Though values are higher

than monthly or annual mean ΔTLCZ x−LCZ y, signifi-
cant (overall p < 0.05) ΔcwsTLCZ x−LCZ y can only be
found for four LCZ pairs (Table 4). The highest sig-
nificant ΔcwsTLCZ x−LCZ y is for LCZ 2–6 (3.6 ± 1.1),
two ‘urban’ LCZ. Comparing ΔcwsTLCZ x−LCZ y and
ΔrefTLCZ x−LCZ y shows that differences between the two
data sets are small (≤ ±0.2K) only for three pairs. For all
other ΔTLCZ x−LCZ y during night-time and under ideal
weather conditions differences between CWS and refer-
ence data are at least ±0.7K and up to 2.9K (Table 4).

4 Discussion

4.1 LCZ coverage and measurement site
locations

The CWS data set has some characteristics that are un-
usual as compared to classical meteorological measure-
ment time series, especially changing number of mea-
surement sites providing valid data throughout time (and
space). Particularly remarkable are the large differences
in the number of available CWS between daytime, night-
time, and daily periods, and the strong variation across
the months, particularly for daily and daytime values.
Main reasons for these characteristics are the filter tech-
niques applied by Meier et al. (2017). These filters in-
clude a daytime ‘radiation’ filtertofilter out unrealis-
tically high cwsT , since Netatmo CWS are especially
prone to radiation errors due to the compact construction
with an unventilated aluminium cylinder as outer shell
(Chapman et al., 2016;Meier et al., 2017). Such design
flaws in view of obtaining accurate measurements are
common among amateur weather stations (Bell et al.,
2015), and must thus be considered in data quality as-
sessments. This ‘radiation’ filter was applied by calcu-
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Figure 9:Air temperature T distribution during night-time (4–7 hours after sunset UTC+1) per local climate zone (LCZ) for Netatmo citizen
weather stations (CWS) and reference stations during ‘ideal’ days in 2015 (seven days). Each distribution consists of mean values per station
in the respective LCZ. The number of sites per LCZ (CWS = n, reference = ref) is written below the top horizontal axis. ‘Ideal’ days are
days with mean wind speed ≤ 2m s−1, mean cloud cover ≤ 2 octas, and precipitation < 1mmd−1 the preceding day and the day itself.

Table 4: Mean night-time air temperature differences ΔT between local climate zones (LCZ) in Berlin and surroundings during ‘ideal’
days in 2015 (seven days). Values were calculated as row minus column (ΔTLCZ row−LCZ column). First line per field: Netatmo citizen weather
stations, second line (italic): reference stations. Bold numbers mark significant differences (overall p < 0.05). Standard deviation (SD) was
calculated along the temporal dimension, i.e., for the seven ‘ideal’ days. Grey-shaded fields mark the number of measurement sites for the
respective LCZ. ‘Ideal’ days are days with mean wind speed ≤ 2m s−1, mean cloud cover ≤ 2 octas, and precipitation < 1mmd−1 the
preceding day and the day itself.

Night-time ΔTLCZ row−LCZ column ± SD (K), ‘ideal’ days
LCZ 2 4 5 6 9 A B C D

2 56 1.0±0.2 1.5±0.5 3.6±1.1 4.1±1.4 3.5±1.0 – 4.9±1.1 5.4±1.2
3 2.7±1.4 2.4±0.8 4.3±1.4 – 4.3±1.6 7.9±1.6 – 4.1±1.4

4 4 0.4±0.6 2.5±1.1 3.0±1.4 2.4±1.1 – 3.9±1.2 4.3±1.3
1 −0.3±1.1 1.5±0.8 – 1.5±1.3 5.2±1.2 – 1.4±0.8

5 43 2.1±0.6 2.6±0.8 2.0±0.6 – 3.5±0.6 3.9±0.7
1 1.9±0.8 – 1.9±1.0 5.5±1.1 – 1.7±1.1

6 114 0.5±0.4 −0.1±0.4 – 1.3±0.2 1.8±0.3
3 – 0.0±0.6 3.6±0.6 – −0.2±0.8

9 3 −0.6±0.6 – 0.8±0.6 1.3±0.4
– – – – –

A 3 – 1.4±0.4 1.9±0.7
2 3.6±0.6 – −0.1±1.1

B – – –
1 – −3.8±0.7

C 1 0.5±0.4
– –

D 3
1

lating the difference between hourly T at a specific CWS
and mean T across the reference network at that hour
(filter C2 in Meier et al. (2017)). If the positive differ-
ence was larger than three times the standard deviation
in T across the entire reference network at that hour, the
CWS measurement was filtered out. The analyses show
that this filter markedly filters out CWS located in LCZ 2
and LCZ 5, explaining the large difference in the number
of CWS in these LCZ between the daytime and night-
time period (Fig. 4). In the absence of detailed meta data
for CWS it cannot be said with certainty, but more sta-
tions within these LCZ could be poorly placed and ex-

posed to radiation. It was checked whether CWS filtered
during daytime show high T at night, which could indi-
cate a poor siting, but no evidence for this was found.
The fact that the number of CWS for daily and daytime
values is much lower in October than during the months
before and after is also likely due to the ‘radiation’ filter.
Shedding of the leaves of trees usually happens in Octo-
ber in Berlin, while in September trees are still foliated,
providing shadow and hence also shadowing CWS. In
November, on the other hand, solar radiation and solar
elevation rapidly drop. Thus, radiation errors of CWS
are lower and occur less often.
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As shown in Section 3.1, LCZ coverage in the study
area is dominated by ‘natural’ LCZ, mainly LCZ A
and D, followed by LCZ 6. Contrary to that, Netatmo
CWS are located mainly in ‘urban’ LCZ, coming as no
surprise as these are the areas were most users of CWS
live. This gives proof of the fact that CWS can be of ad-
ditional value for studies focusing on urban areas, since
coverage in urban areas by traditional measurement net-
works is usually sparse (Muller et al., 2013). More-
over, when investigating intra-urban differentiation of
climate conditions by, e.g., application of the LCZ con-
cept, only a limited number of cities have, so far, imple-
mented a network of stations that capture all urban en-
vironments, and mostly with only one station per LCZ.
CWS in Berlin cover all classified ‘urban’ LCZ with at
least one station per LCZ, while other LCZ are repre-
sented by more than 50 stations. It becomes clear that
crowdsourced data from CWS can provide additional in-
formation to study, e.g., intra-LCZ variability of atmo-
spheric conditions. Moreover, the large number of CWS
enables the application of statistical tests in the detection
of significant differences between LCZ pairs under con-
sideration of spatial variability within individual LCZ.
Reference networks, on the contrary, commonly have
only one or very few sites per LCZ, which prevents sta-
tistical testing of inter-LCZ differences. However, many
CWS in one LCZ are mainly in densely built-up envi-
ronments (LCZ 2 or LCZ 5) or in populated regions
with large spatial coverage (LCZ 6) in Berlin. Natural
environments outside the urban area (e.g. LCZ A) or
within the city, i.e., urban parks, as well as industrial
areas (LCZ 8 or LCZ 10, the latter not being present in
Berlin) are underrepresented or not represented at all in
the CWS data set. Due to the low costs of these sen-
sors this limitation could be overcome by researchers by
installing additional sensors in LCZ with few CWS at
the moment. Chapman et al. (2016) reported similar at-
tributes of Netatmo data in London. Hence, this type of
crowdsourced atmospheric data is far from being per-
fect in terms of representing all environments of an ur-
ban region. Reference data from professionally operated
measurement networks are indispensable to cover such
environments. While this imbalance is likely to remain,
the increasing total number of CWSmight help to obtain
a more representative picture in less populated LCZ as
well.

For existing standard measurement networks the
question of how representative the given location of a
station is for specific urban environments, such as rep-
resented by LCZ, arises (Lelovics et al., 2014). From
the initial set of reference stations several were excluded
from the analyses due to large spatial heterogeneity in
the local surroundings in the WUDAPT-LCZ classifica-
tion. It must be kept in mind, though, that this LCZ-
classification methodology also has some uncertainties
associated with it (cf. Appendix B). More importantly,
however, the existing reference network grew through-
out the past decades, some stations exist already more
than 100 years (stations DAHL and POTS), and loca-

tions of measurement sites were not selected follow-
ing the LCZ concept. This would be necessary to ob-
tain clear LCZ signals (Lehnert et al., 2014). Nonethe-
less, it is apparent that a careful site location in homoge-
neous surroundings is essential for representative mea-
surements, especially in urban regions (Oke, 2006).

4.2 Uncertainties in CWS measurements

Throughout the analysis of monthly T characteristics
it was shown that mean cwsT is, in general, higher
than refT . While in most cases mean deviation is ≤ 0.3K,
it is notably higher in some months and for some LCZ,
namely LCZ 4, 5, and 6. Due to the intra-LCZ T vari-
ability the deviation between single CWS and reference
stations is several K. Chapman et al. (2016) described
similar deviations between Netatmo CWS and standard
measurement stations of up to several K, also depending
on weather conditions. Specifically, weather conditions
with low wind speeds and low cloud cover promoted de-
viations between CWS and reference data (Chapman
et al., 2016). The analyses confirm this finding in such
a way that while under the investigated ‘ideal’ days de-
viations in T and ΔTLCZ x−LCZ y between CWS and ref-
erence data are stronger than in monthly or annual mean
values, which include all weather situations.

One of the biggest challenges when dealing with
crowdsourced CWS data is the issue of siting of these
stations (Chapman et al., 2016). Presumably, most Ne-
tatmo CWS are not installed following standards for me-
teorological observations in cities (Oke, 2006), but sit-
uated at locations that are prone to microscale effects,
such as courtyards, and close to building walls and on
balconies. Hence, it can be assumed that most CWS do
not measure locally representative T conditions in open
environments or in regions of an urban street canyon
where the air is well mixed. These regions are typically
in the middle of the canyon and at heights of some me-
tres above the ground. Close to building walls and to
the ground, T might be notably higher; an effect that
is particularly pronounced during daytime and smaller
at night (Nakamura and Oke, 1988; Niachou et al.,
2008). This would result in higher T in CWS data com-
pared to reference data, which would explain the pos-
itive deviations in monthly mean cwsT in comparison
to refT . However, the analyses (Fig. 5, Fig. 6) revealed
higher deviations between CWS and reference data dur-
ing night-time, which could be due to more filtering
(‘radiation’ filter, see above) during daytime. Detailed
measurements in a variety of local environments with
CWS and standard sensors in close proximity to build-
ing walls, as well as further away from buildings would
enable a better understanding of the observed deviations.

A contrary effect on T data, i.e., lower values in CWS
in comparison with reference data, is related to the mea-
surement height of CWS. Heights can range from lo-
cations close to the ground up to several tens of me-
tres above ground level. Higher measurement locations
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within a street canyon would result in lower tempera-
tures compared to locations closer to the ground for neu-
tral or unstable conditions, which are typically prevail-
ing in cities (Christen and Vogt, 2004). Since detailed
meta data for CWS are not available, height and site
conditions of CWS are unknown, and thus a height cor-
rection that takes into account the actual measurement
height is not possible. It was only possible to correct for
the differences in terrain elevation, assuming a uniform
height of CWS of 2m. As Chapman et al. (2016) noted,
this issue of missing meta data “can only realistically
be overcome by including a voluntary meta data section
online for end users to document, with images, the sit-
ing and exposure of their instruments”. Meta data of sta-
tions are thus a key challenge when using CWS data,
and this needs particular attention in the future. It could
be shown, however, that spatial mean T across all CWS
in one LCZ is comparable to reference data, as well as
spatial differences between LCZ. This supports previ-
ous studies, saying that spatial mean T should be used
(Stewart et al., 2014; Leconte et al., 2015), and corre-
sponds well to the notion that a larger atmospheric scale,
i.e., the local scale, is a combination of smaller scale fea-
tures, i.e., of micro-climatic effects (Oke, 2006). Hence,
results from single or few CWSmust be treated carefully
for analyses of local-scale atmospheric conditions since
crowdsourced CWS might measure microscale condi-
tions that are unknown in absence of detailed meta data.
The large number of stations, however, enables calcula-
tions of locally representative mean values, while at the
same time allowing for a study of intra-LCZ T variabil-
ity.

Further reasons for deviations between CWS and
reference data could be more sensor-specific, such as
sensor accuracy or the unventilated case of the Ne-
tatmo unit. However, Meier et al. (2017) showed with
climate chamber experiments that the sensor accu-
racy of Netatmo CWS is within the specified accuracy
range of ±0.3K with only a slight warm bias (∼ 0.5K)
around 0 °C, which is in the range of the deviations be-
tween CWS and reference data that were found. This
being said, the unventilated case of Netatmo CWS is
an important issue with these stations. The applied data
filter techniques (Meier et al., 2017) address this issue,
and it is assumed that the data presented here are mostly
free of problems that could result from the compact con-
struction of this type of CWS, namely radiation errors
(Nakamura and Mahrt, 2005). In fact, the applied
daytime ‘radiation’ filter applied in Meier et al. (2017)
might be too strict, as discussed above.

Keeping in mind the discussed uncertainties, it was
nonetheless found that most deviations of mean cwsT
compared to refT in individual LCZ are small and that,
considering spatial variability, both data sets cannot be
distinguished from each other for many LCZ. Moreover,
ΔTLCZ x−LCZ y showed good agreement between both
data sets for monthly and annual means, whereas devi-
ations where larger during selected ‘ideal’ days. While
further investigations are needed to better understand the

reasons behind these deviations and to assess the appli-
cability of CWS data during such weather conditions,
long-term studies can make use of the large amount of
CWS in urban regions. If CWS and standard meteoro-
logical data are then to be used in combination with
each other, it is crucial to document systematic differ-
ences between and the ranges of uncertainty of both data
sets. By doing so, it is possible to benefit from the mer-
its of both data sets, i.e., the high-quality data of refer-
ence measurements and their location in environments
not covered by CWS, and the large number of CWS in
areas where reference measurements are sparse.

4.3 Intra-LCZ variability

The analyses of monthly T per LCZ reveal intra-LCZ
T variability of several K for some LCZ, especially for
those with a large number of stations. Moreover, intra-
LCZ T variability is more pronounced during night-time
than during the day or in daily mean values, and in
some cases as high as or even higher than differences be-
tween LCZ. This corresponds well to previous findings
by Houet and Pigeon (2011), who also reported higher
intra-class T variability in comparison to inter-class dif-
ferences for some classes in Toulouse, France, applying
the concept of Urban Climate Zones (UCZ; Oke, 2006),
a predecessor of LCZ. They (Houet and Pigeon, 2011)
also showed higher night-time (Tmin) than daytime intra-
class variability in winter and summer during dry days
with low wind speeds and clear sky conditions. Analyses
by Skarbit et al. (2017) for Szeged, Hungary, revealed
intra-LCZ variability of up to 1.5K for LCZ 6 at night-
time during days with low wind speeds and low cloud
cover, being larger than for LCZ 5 or LCZ 9, and larger
than during the day. This corresponds well to our find-
ings with higher nocturnal variability than during day-
time. They (Skarbit et al., 2017) argue that this variabil-
ity is likely due to micro-scale differences in exposure,
surface cover, and anthropogenic heat sources at the
measurement sites. Intra-LCZ T variability was also ob-
served by Leconte et al. (2015) for different LCZ using
mobile measurements during summer in Nancy, France.
Intra-LCZ variability was especially pronounced in LCZ
with heterogeneous urban fabric and was sometimes in
the same range as ΔT between two LCZ (Leconte et al.,
2015). Mobile measurements by Heusinkveld et al.
(2014) also revealed considerable T variability within
small distances, though no analyses concerning LCZ
were carried out. In addition to that, Ellis et al. (2015)
reported intra-neighbourhood (no LCZ or UCZ classifi-
cation) T differences between measurement stations lo-
cated either in open or shaded (by vegetation) surround-
ings of more than 1K for daytime (Tmax), which was
higher than for night-time (Tmin). Open stations mea-
sured significantly higher Tmax than shaded ones (El-
lis et al., 2015). Presumably, such processes contribute
to the observed intra-LCZ T variability in CWS data,
since Berlin’s streets and courtyards are characterised by
a high percentage of tree cover.
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To further investigate whether the observed intra-
LCZ variability is too large to differentiate between
LCZ, i.e., groups of CWS, and whether these groups
of CWS correspond to specific LCZ, a k-means cluster
analysis (Steinhaus, 1957; Forgy, 1965; MacQueen,
1967; Lloyd, 1982) was carried out. Details of the
analyses are given in Appendix C. It can be shown that
the cluster algorithm can differentiate between groups of
CWS, and that these groups of CWS correspond to dif-
ferent LCZ, despite the intra-LCZ variability. The LCZ
concept is therefore applicable to characterise crowd-
sourced measurement stations according to their T char-
acteristics. Also, since the results of the cluster analy-
sis improve when applying the kernel filter for homoge-
neous LCZ coverage in the local surroundings (cf. Sec-
tion 2.4, Appendix C), it becomes obvious that this filter
is crucial and justified in order to obtain LCZ specific
results, both concerning intra-LCZ T variability as well
as inter-LCZ differences. However, the cluster analysis
also shows that there is overlap between LCZ, which in-
dicates that the LCZ concept does not fully explain the T
variability observed with CWS. It must be kept in mind,
though, that LCZ are also a discretisation of a continuum
of urban structures. Each LCZ allows for a certain range
of parameters such as building height, building surface
fraction, and sky view factor, and therefore, intra-LCZ
T variability is to be expected. A differentiation of LCZ
into subclasses (e.g., LCZ 2B as compact midrise build-
ings with an abundance of street trees) might lead to
more distinguished results concerning T characteristics.
In this respect, the WUDAPT approach to derive a LCZ
classification has a limitation since it cannot differenti-
ate between subclasses. Further research is thus needed
to derive more detailed classifications, also concerning
the challenges in applying the LCZ scheme to European
cities, as pointed out by Wicki and Parlow (2017).

While some of the remaining observed intra-LCZ T
variability is, on the one hand, probably linked to micro-
scale features of the direct surroundings of a station,
parts of it are, on the other hand, likely linked to the
size of the urban area of Berlin and the therefore larger
scale influence of the city onto the urban boundary layer
itself. This ‘meso-scale’ effect of Berlin was shown to
be at least 0.3 K when comparing T at stations located
in the same LCZ, one inside and one outside of the city
(Fenner et al., 2014). Since the applied methodology
groups all stations into one LCZ, irrespective of their lo-
cation within the study region, meso-scale effects might
contribute to the intra-LCZ T variability observed with
CWS data, but also present in the reference network.
Skarbit et al. (2017) argue in a similar way to explain
observed intra-LCZ T variability in Szeged, Hungary,
also bringing forward that peripheral regions of the city
might be subject to a country breeze of cool air and thus
lower T measured at stations located at the city borders.
Due to the large number of CWS in the study region,
this effect could be studied in more detail, also similar
to analyses by Bassett et al. (2016), but this goes be-
yond the scope of this study.

4.4 Inter-LCZ differences

The analyses with CWS data show statistically signifi-
cant ΔT for a broad variety of LCZ pairs, both between
intra-urban LCZ, i.e., pairs of ‘urban’ LCZ, as well as
‘urban’ and ‘natural’ LCZ. Further, different environ-
ments in Berlin differ in T especially during night-time,
which is in line with existing literature on UHI and LCZ
differences for mid-latitude cities (e.g. Yagüe et al.,
1991; Erell andWilliamson, 2007; Fortuniak et al.,
2006; Houet and Pigeon, 2011; Lehnert et al., 2014,
Leconte et al., 2015). Also, daytime ΔTLCZ x−LCZ y are
small both in CWS and reference data, and few sig-
nificant differences can be found in CWS data. This
shows that the urban atmosphere is well mixed across
the whole study region, and different local environments
do not lead to distinct T differences.

Night-time cwsT differences are more pronounced
during the warmer months of the year than during
colder months, which is also typical for mid-latitude
cities (e.g. Kłysik and Fortuniak, 1999;Morris et al.,
2001, Skarbit et al., 2017), and which was previ-
ously reported for Berlin (Fenner et al., 2014). High
night-time and daily mean inter-LCZ differences are
especially present during May, August, and Septem-
ber 2015, which can be linked to the weather condi-
tions during these months. The weather conditions were
favourable for the development of local-scale T differ-
ences, i.e., low amounts of precipitation (May, August,
and September) and high T (August) (Fig. 3). During
August 2015, the region of Berlin was subject to heat
wave conditions with twelve hot days at station TEGL,
i.e., days with Tmax ≥ 30 °C. Such conditions intensify T
differences between urban and rural environments com-
pared to long-term mean values, as shown by Cheval
et al. (2009) for Bucharest, Romania, and by Fenner
et al. (2014) for Berlin. Results obtained for ‘ideal’ days
further confirm the notion that dry, calm, and cloud free
weather conditions promote local-scale T differences
(Stewart and Oke, 2012) since ΔTLCZ x−LCZ y during
these days are more pronounced compared to monthly
and annual mean values. Overall, results obtained for
the study year 2015 are in line with previous long-term
investigations for Berlin (Fenner et al., 2014). Thus, it
can be assumed that the results are not only due to spe-
cial conditions during one single year but also represen-
tative for longer time frames.

Values of ΔTLCZ x−LCZ y were presented on a mean
basis, e.g. monthly or annual mean values, and CWS
data generally conformed to reference data. It is worth
investigating, however, if crowdsourced CWS data
can also capture the temporal variability along these
time frames. For this, scatterplots showing absolute
ΔTLCZ x−LCZ y and the corresponding temporal SD allow
an easy-to-interpret possibility to (1) investigate if refer-
ence and CWS data show similar patterns, and to (2) de-
tect if mean |ΔTLCZ x−LCZ y| values are reliable, i.e., if
|ΔTLCZ x−LCZ y| is larger than SD. Fig. 10 displays such
scatterplots for all available annual mean daily, daytime,
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Figure 10: Absolute mean annual air temperature difference |ΔTLCZ x−LCZ y| between each pair of local climate zones (LCZ) and correspond-
ing temporal standard deviation SD for (a) daily mean values, (b) daytime (1300–1600 UTC+1), and (c) night-time (4–7 hours after sunset
UTC+1) as observed by Netatmo citizen weather stations (CWS, circles) and reference stations (squares) in and around Berlin in 2015. SD
is calculated along the temporal dimension on the basis of daily values. Please note the different scaling of the axes in the three panels.

and night-time ΔTLCZ x−LCZ y. Similar figures for Febru-
ary and August 2015 can be found in Appendix D as ex-
amples for monthly analyses. Calculations of monthly
mean ΔTLCZ x−LCZ y were carried out for each of the
three time periods on a daily basis to also obtain a tem-
poral SD. This approach is different to the calculations
explained in Section 2.5, where ΔTLCZ x−LCZ y was cal-
culated based on monthly mean T across all sites in LCZ
x and y. The two methods result in slightly different val-
ues of ΔTLCZ x−LCZ y. However, the differences between
the two methods are not larger than 0.3K for the major-
ity of months and LCZ pairs, being in the range of the
measurement error of CWS and reference data. Some
differences are larger and up to 1.3K at night-time in
April (ΔTLCZ 8−LCZ D). These larger differences occur
for LCZ with very few CWS and when data are not con-
tinuous over time, such as LCZ 8, with only one or two
sites. It demonstrates that values of ΔcwsTLCZ x−LCZ y
have to be interpreted carefully if only few CWS are
available per LCZ, while for LCZ with multiple CWS
the results do not depend on the applied method.

Fig. 10 shows that for daily mean and night-time
values most LCZ pairs show reliable results for annual
ΔTLCZ x−LCZ y since SD is smaller than |ΔTLCZ x−LCZ y|
(Fig. 10a and Fig. 10c, respectively). Besides, Fig. 10
displays that CWS and reference data show a similar
pattern, and that even for mean annual ΔTLCZ x−LCZ y
close to 0K, a SD between 0.2 and 0.5K is present.
Hence, only |ΔTLCZ x−LCZ y| higher than that are re-
liable and interpretable. These statements concerning
daily mean and night-time periods hold also true for
individual months (Appendix D). For daytime val-
ues (Fig. 10b), though, results are different. For all
LCZ pairs in CWS and reference data, annual mean
|ΔTLCZ x−LCZ y| is lower than SD, and thus values are
not interpretable since temporal variation is larger than
the mean value. It shows that during daytime urban en-
vironments do not differ to one another systematically
on an annual basis. On a monthly basis, however, some

LCZ pairs in CWS data show higher |ΔTLCZ x−LCZ y|
than SD (Appendix D), being different to reference data.
These pairs with higher |ΔTLCZ x−LCZ y| correspond to
LCZ with few CWS and further demonstrate that a low
number of sites can result in deviations to reference data
that cannot be easily explained. We argue that if only few
CWS are available per LCZ and for daytime periods,
ΔcwsTLCZ x−LCZ y values have to be looked at carefully
and interpreted with caution. While further analyses are
required to understand these deviations for daytime pe-
riods, it can also be inferred from the analyses that CWS
data are suitable for LCZ analyses for daily mean and
night-time values.

5 Conclusions and outlook
This study of crowdsourced T data from CWS in Berlin,
in combination with the LCZ concept, shows the appli-
cability of this novel data set in urban climate research.
The different (urban) environments are well represented
by CWS with an unprecedented number of measure-
ment stations for several LCZ. However, some classes
are under-represented in CWS data, especially ‘natu-
ral’ LCZ. The annual cycle of T shows good agreement
between CWS and reference data, though strong devi-
ations between the two data sets occur for some LCZ
and months. Such deviations are mainly due to the non-
standard set-up of CWS, highlighting the need for fur-
ther research to understand how measurements obtained
from CWS can be combined with existing meteorologi-
cal networks. In this respect, detailed meta data are cru-
cial, which is a key issue of crowdsourced CWS data.
This holds especially true for results obtained for day-
time and with small numbers of CWS, when data analy-
ses are more dependent on the individual qualities of a
CWS in terms of measurement location and continuous
data availability. For LCZ with a high number of CWS
and if longer time frames are under consideration, ex-
treme values are averaged out and mean values show
good agreement with reference data.
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The multiplicity of CWS in LCZ allow the investiga-
tion of intra-LCZ T variability, which is especially large
during night-time. This intra-LCZ T variability is linked
to intra-LCZ variation of urban structures, microscale
heterogeneity of the surroundings of a measurement site,
and likely a meso-scale influence across the entire ur-
ban region. Furthermore, the large number of CWS al-
lows the application of statistical tests to detect signifi-
cant ΔT between LCZ pairs, taking into account the spa-
tial variability within individual LCZ. These inter-LCZ
differences are especially pronounced at night-time and
present between inner-city LCZ as well as ‘urban’ and
‘natural’ LCZ, showing that thermal climates of an ur-
ban region can be differentiated with CWS data. Fur-
ther, annual mean ΔT at CWS are similar to values
measured with reference stations, allowing us to con-
clude that crowdsourced data yield reliable information
on differences of thermal characteristics between urban
environments. In this respect, the LCZ concept proved
to be applicable. However, T variation within individ-
ual LCZ is considerable and thus should not be ne-
glected. Further research is needed to assess the impact
of microscale heterogeneity and meso-scale influences,
how these could be further considered when applying
the LCZ scheme, but also how automated LCZ classifi-
cation methods could be improved to derive LCZ sub-
classes. This could help to overcome some of the chal-
lenges when applying the LCZ concept on a large data
set of measurement stations, and to exploit the full po-
tential of the concept with respect to intra-urban distinc-
tion of local-scale environments.

With this study it was demonstrated that crowd-
sourced data from CWS are suitable as complementary
data to existing measurement networks to study urban
climate phenomena and to investigate features that are
difficult to detect with a low number of measurement
sites. Thus, crowdsourcing of atmospheric data is cur-
rently the only way to detect the large spatial hetero-
geneity of urban thermal climate with observations. Fu-
ture research utilising crowdsourced atmospheric data
could, e.g., focus on the question of how issues con-
cerning missing meta data of CWS can be overcome.
Further studies could make use of the dense distribu-
tion of CWS to analyse larger-scale advective UHI pro-
cesses, investigate spatio-temporal characteristics of at-
mospheric humidity, which is also measured by Netatmo
CWS, or target the question if data from CWS could pro-
vide dense information for studies focusing on spatially
varying heat-related risks.
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Appendix A

To retrieve data retrospectively from the Netatmo server
for a specific time period a different method of the API
has to be used compared to the method to obtain near
real-time data. The ‘getmeasure’ method was used for
retrospective acquisition of data in May and August
2015. Data obtained from this method are hourly mean
values compared to instantaneous values using the ‘get-
publicdata’ method (as described inMeier et al., 2017).
Comparison of data from the two methods for all days
in August 2015 when both methods provided data re-
veals a hysteresis for the mean hourly values along the
diurnal cycle (not shown). Mean hourly T from CWS
are cooler (warmer) than instantaneous values of up to
−0.3K (+0.3K) in the mean across all CWS during the
morning hours after sunrise (during the evening hours
around sunset). During night-time hours differences be-
tween CWS data from the two methods are below 0.1K.

Appendix B

The evaluation of the final LCZ classification was car-
ried out using two approaches: (1) a bootstrapping ap-
proach (Kaloustian and Bechtel, 2016) to test the
consistency and robustness of the training areas (TA)
and the resulting classification, and (2) with reference
data from a second experienced expert to test the cor-
rectness of the TA.

The bootstrapping approach (1) conducts the LCZ
classification based on the TA 25 times, each time us-
ing only 50% of the TA (polygons) for training and us-
ing the other 50% as evaluation areas. For each run, a
number of accuracy measures are calculated based on
a confusion matrix. The confusion matrix compares the
LCZ assigned by the automated classifier in SAGA to
the LCZ of the evaluation areas. The following accu-
racy measures were calculated: overall accuracy (OAall),
which is the ratio of correctly classified pixels to all pix-
els (within the evaluation set), OAurb is the OA for the
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‘urban’ LCZ only, and κ is a standard accuracy mea-
sure accounting for the different percentages of classes.
Good results in the bootstrapping are a strong indication
for consistent training data, but it is insensitive to con-
sistently false labeling (e.g. if all dense tree areas were
labeled as water and vice versa). Therefore, (2) the same
accuracy measures were calculated based on the inde-
pendent reference data and the final LCZ map.

Mean OAall for the bootstrapping (case 1) is 0.68 and
κ = 0.63, meaning that on average of the 25 runs 68%
of the classified pixels agree with the evaluation LCZ
label. This is considered to be a good agreement since
some variation can be expected, when using only half of
the training data. For the ‘urban’ LCZ the accuracy is
lower with OAurb = 0.57, showing that for urban areas it
is more difficult to obtain robust results. Both OA values
are similar to evaluation results reported by Brousse
et al. (2016) for their WUDAPT-LCZ classification for
Madrid, Spain (OAall = 0.67, OAurb = 0.59).

Comparing the classification with reference LCZ
data (case 2), OAall is 0.95, OAurb is 0.92, and κ is 0.94.
This shows that the TA used in the final LCZ classifica-
tion are of high quality and therefore are considered to
be a good representation of the actual LCZ in Berlin.

Appendix C

A k-means cluster analysis (Steinhaus, 1957; Forgy,
1965; MacQueen, 1967; Lloyd, 1982) was carried out
to (1) test whether groups of CWS can be distinguished
by automated cluster algorithms, corresponding to LCZ,
and (2) whether the approach of the applied kernel fil-
ter to filter out stations in regions of heterogeneous LCZ
coverage is merited. The cluster analysis was applied on
a monthly basis and carried out as follows. First, hourly
T differences at each CWS were calculated relative to
reference site ALEX (Table 1, located in LCZ 2). Sec-
ond, mean monthly diurnal cycles of these differences
were calculated per CWS, and all CWS that provided at
least 80% of values per hour and month were further
considered. These mean values were then used as the
dimensions in the k-means algorithm to cluster the sta-
tions. If all stations had no values during a specific hour
(due to filtering or server outages) the number of dimen-
sions was reduced by this hour. This approach using T
differences was chosen to reduce the effect of weather
on T at each CWS and to derive the characteristic ther-
mal features along the diurnal cycle. The cluster method
was firstly applied on all CWS (case a), and secondly
only on those stations that passed the kernel filter for
LCZ assignment (case b, cf. Section 2.4). In both cases,
the number of unique LCZ among these CWS was cho-
sen as the number of clusters in the cluster analysis. The
cluster algorithm was run 100 times to check if the start-
ing value of each cluster had an effect. However, in all
100 runs the same number of clusters was detected and
the same clusters were assigned to the CWS.

Table A.1 and Table A.2 summarise the results for
the month September 2015 as an example, showing the

Table A.1: Number of citizen weather stations (CWS) per local
climate zone (LCZ) and cluster in September 2015 based on a
k-means cluster analysis with eleven clusters. Cluster dimensions:
mean monthly air temperature difference to reference site ALEX
(Table 1) for each hour of the day with valid data for all sites
(23 hours). All CWS were included in the analysis that provided
≥ 80% valid data for each hour in the month.

LCZ/cluster 1 2 3 4 5 6 7 8 9 10 11
�

row

LCZ 2 17 18 30 3 4 45 5 5 4 3 11 145
LCZ 4 3 4 11 1 0 4 1 1 4 0 2 31
LCZ 5 11 12 38 9 6 26 3 16 12 4 1 138
LCZ 6 5 19 68 5 4 11 4 18 133 38 2 307
LCZ 8 2 0 0 1 0 4 1 0 5 1 1 15
LCZ 9 0 0 0 0 0 0 0 0 9 0 0 9
LCZ A 0 1 1 1 0 0 0 1 11 0 0 15
LCZ B 0 0 1 0 0 1 0 0 2 0 0 4
LCZ C 1 0 2 0 0 0 0 0 2 0 0 5
LCZ D 0 0 0 1 1 0 0 0 7 0 0 9
LCZ G 0 0 0 0 0 0 0 0 1 0 1 2�

column 39 54 151 21 15 91 14 41 190 46 18 680

Table A.2: Same as Table A.1 but including only citizen weather
stations that passed the kernel filter for homogeneous LCZ coverage
(cf. Section 2.4).

LCZ/cluster 1 2 3 4 5 6 7 8
�

row

LCZ 2 25 2 9 13 1 10 4 48 112
LCZ 4 2 0 0 2 0 2 0 4 10
LCZ 5 9 5 7 12 2 0 2 20 57
LCZ 6 2 5 15 128 21 1 4 33 209
LCZ 8 1 0 0 0 0 0 0 0 1
LCZ 9 0 0 0 3 0 0 0 0 3
LCZ A 0 0 0 4 0 0 0 0 4
LCZ D 0 1 1 4 0 0 0 0 6�

column 39 13 32 166 24 13 10 105 402

number of CWS per cluster and LCZ. For case a, it can
be seen that some clusters correspond well with certain
LCZ, but that there is also large overlap between clus-
ters and different LCZ (Table A.1). LCZ 6, e.g., has one
main cluster (9, > 43% of CWS in LCZ 6), but also all
other clusters contain CWS in LCZ 6. After application
of the kernel filter (case b) the clusters are much more
clearly defined, resulting in a better automated differen-
tiation of the CWS according to their T characteristics
(Table A.2). Now, for LCZ 6, one cluster (4) contains
the majority (> 61%) of CWS in this LCZ. Some confu-
sion remains, however, and the LCZ do not correspond
exactly to one cluster. Especially for LCZ 2 there is over-
lap with LCZ 5 and LCZ 6 for the two main clusters
(1 and 8; Table A.2). Nonetheless, it can be derived from
the results that, firstly, CWS can be grouped to clusters
according to their thermal characteristics on the diurnal
cycle and that these clusters correspond to certain LCZ.
Secondly, the kernel filter to filter out stations in hetero-
geneous LCZ environments is justified, which highlights
the importance that the thermal source area of the mea-
surement station must be characteristic of the respective
LCZ to obtain clear LCZ specific results.
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Appendix D
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Figure A.1: Absolute mean air temperature difference |ΔTLCZ x−LCZ y| between each pair of local climate zones (LCZ) and corresponding
temporal standard deviation SD for (a) daily mean values, (b) daytime (1300–1600 UTC+1), and (c) night-time (4–7 hours after sunset
UTC+1) as observed by Netatmo citizen weather stations (CWS, circles) and reference stations (squares) in and around Berlin in February
2015. SD is calculated along the temporal dimension on the basis of daily values. Please note the different scaling of the axes in the three
panels.
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Figure A.2: Same as Fig. A.1 but for August 2015.
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