
Studying the spatial structure of urban heat exposure in Berlin
utilising Moran drop plots and seismograms
René Westerholt�1,* and Florian Klopfer�1,*

1Department of Spatial Planning, TU Dortmund University, Dortmund, Germany
*These authors contributed equally to this work.

Correspondence: René Westerholt (rene.westerholt@tu-dortmund.de)

Abstract. Both the degree of urbanisation and climate
change are continuing to accelerate. As a result, heat is-
lands in cities are an increasing problem. In this article, we
analyse a dataset of land surface temperatures in Berlin.
The heat information is not mapped on administrative or
census units, but summarised into so-called urban struc-
ture type units. These are not only meaningful in terms of
their inherent link to urban heat but also represent a ge-
ography that is relevant for planning purposes. Our anal-
ysis complements existing studies in Berlin by applying
two novel visual spatial analysis methods: the Moran drop
plot and the Moran seismogram. These allow structures
to be visually explored that are not found in traditional
Moran scatterplots. In this way, we can visualise that low-
temperature areas tend to be more homogeneously clus-
tered than their high-temperature counterparts. In turn, the
latter can be identified in the plots as clearly smaller in
geographic scale and thus as more heterogeneous in the
neighbourhoods formed. Finally, we draw conclusions in-
cluding possible policy-relevant considerations.

Keywords. urban heat, land surface temperatures, spatial
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1 Introduction

Urban heat islands (UHI) are evident in many cities. Oke
(1982) defines an urban heat island as a thermal anomaly
that has both vertical and horizontal dimensions. The in-
tensity of an UHI is determined by the difference between
the temperatures in the city and a corresponding rural ref-
erence area (Hsu et al., 2021). The effects of urban heat
islands depend both on characteristics of the urban envi-
ronment, such as the size of a built-up area, population,
building density, and land use distribution, and on exter-
nal factors such as climate, weather profiles, and the sea-
sons (Oke, 1982). The Intergovernmental Panel on Cli-
mate Change (IPCC) lists various health effects caused

by heat in cities and also presents evidence that increased
temperatures contribute significantly to productivity losses
(IPCC, 2022). In addition, the increased mortality rate as-
sociated with urban heatwaves is well documented world-
wide (Masselot et al., 2023; Winklmayr et al., 2022). How-
ever, heat exposure in cities is not evenly distributed. The
intensity of heat islands is often characterised by spatial in-
equalities to the detriment of less affluent or otherwise dis-
advantaged city dwellers (Hoffman et al., 2020; Hsu et al.,
2021; Mitchell et al., 2021). Also for Berlin, the case study
that we look at in this paper, a recent study suggests that
poorer households suffer unduly from the effects of urban
heat islands (Chakraborty et al., 2019).

Climate change and all its effects will continue to progress.
It is estimated that children born in 2020 will have to en-
dure adverse events such as heatwaves two to seven times
more often in their lives than people born in 1960 (Thiery
et al., 2021). This is not surprising when considering that
Berlin, for example, by 2070, is predicted to have a climate
comparable to that of Rome today (Crespi et al., 2023).
In addition, urbanisation is another ongoing process with
annual urban population growth rates of 0.5% for high-
income regions and 4.1% (both figures from 2022) for
low-income regions (World Bank, 2022). By 2025, 68.4%
of the world’s population is expected to live in agglomer-
ations (UN Department of Economic and Social Affairs,
2019). Time series analyses show a strong global increase
in UHI extremes for the period 2003–2020 and link this
to the aforementioned processes of advancing urbanisa-
tion and accelerating climate change, indicating an over-
all intensification of urban climate challenges in the future
(Mentaschi et al., 2022).

In the present study, we follow the established approach
of relying on land surface temperatures to identify urban
heat islands and to quantify their intensity and thus the
heat exposure of city dwellers (c.f., Chakraborty et al.,
2019; Hsu et al., 2021). The influence of urban structures
on temperature has been widely researched, with factors
such as imperviousness (Yuan and Bauer, 2007) and urban
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Figure 1. Mapped land surface temperatures in Berlin. The values are standardised and therefore given as z-scores.

greening (Mitchell et al., 2021), but also urban morphol-
ogy, being studied at a more general level, for example
using the concept of so-called local climate zones (Stew-
art and Oke, 2012). For this study, the spatial aggregation
used is the level of so-called urban structure types, which
were defined for the city of Berlin to represent homoge-
neous urban structures based on typical building and open
space characteristics (Senatsverwaltung für Stadtentwick-
lung, Bauen und Wohnen, 2021).

2 Data and methods

The following two subsections present the data and meth-
ods employed in this paper. First, we present our Berlin
dataset before introducing the three types of visual analy-
sis instruments used for our spatial analysis.

2.1 Data

The urban structure type dataset and the administrative
boundaries were obtained from the Berlin Senate De-

partment for Urban Development, Building, and Hous-
ing (Senatsverwaltung für Stadtentwicklung, Bauen und
Wohnen, 2021). Landsat 8 scenes with a spatial resolution
of 30×30 m were additionally used to derive the land sur-
face temperatures and come from USGS’s Earth Explorer
platform1. For the calculation of land surface temperatures
from the remote sensing imagery, we use the approach pre-
sented by Avdan and Jovanovska (2016). To ensure a ro-
bust approximation of the thermal conditions and to avoid
the erroneous adoption of local maxima from any partic-
ular year, we combine three Landsat scenes recorded on
three hot days (maximum temperature above 30 °C as de-
fined by the German Meteorological Service2) in different
years (2019, 2020 and 2022) and without precipitation two
days prior, as described in more detail by Klopfer (2023).
Finally, we aggregate the temperature data to the structure
type level by assigning each feature the average tempera-
ture for the area covered (see Figure 1).

1https://earthexplorer.usgs.gov/; last accessed on 21 January
2024.

2https://www.dwd.de/EN/ourservices/germanclimateatlas/
explanations/elements/_functions/faqkarussel/heissetage.html;
last accessed on 21 January 2024
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2.2 Methods

Our methodological approach employs two novel types of
visual analysis techniques. Both are based on the Moran
scatterplot (see Figure 2a), which has become an estab-
lished exploratory analysis tool. The Moran scatterplot
contrasts the spatial lags of an attribute, that is, spatially
weighted and summed neighbourhoods, with the attribute
values mapped at the corresponding reference locations for
which those neighbourhoods are defined (Anselin, 1996).
The resulting scatter then represents local and global spa-
tial autocorrelation as measured through Moran’s I (West-
erholt, 2022; Getis, 2010). The first and third quadrants
of the plot show positive, while the second and fourth
quadrants visualise negative local spatial autocorrelation.
Global autocorrelation is indicated by the slope of the
trend line drawn on top of the scatterplot.

The two analysis methods used beyond the basic Moran
scatterplot are variants of the latter that have recently been
introduced (Westerholt, 2024): the Moran drop plot and
the Moran seismogram. The drop plot is based on the co-
ordinates of the critical values in the Moran scatter plot,
but emphasises the strength of local autocorrelation pat-
terns. The latter is achieved by highlighting all observa-
tions identified as significant and then connecting them
to the coordinates of the critical values by lines that lit-
erally ‘drop down’ (or ‘rise up’), which is illustrated in
Figure 2b. The longer these lines, the higher the corre-
sponding p values. This type of visualisation makes it pos-
sible to investigate potential regularities and trends in the
interplay between attribute values, spatial lags, local con-
figuration of spatial weights, and p values. In our current
case, we use this technique to identify potential trends in
the strength of spatial patterns across the attribute value
range of the detected land surface temperatures. The scat-
terplot coordinates of the critical values can be derived
from the equation of the Moran’s I z-scores. The spatial
lag that would be needed to obtain the respective critical
value given some observed attribute value xi is given as

bi |xi =
s2

(
Ci ·

√
Var[Ii] +E[Ii]

)
(xi − x̄)

, (1)

where x̄ is the sample mean and s2 is the estimated at-
tribute variance, and E[·] and Var[·] are the expectation
and variance operators.

The second visualisation method used is the Moran seis-
mogram (see Figure 2c), which allows the visualisation
of the coordinate tuples for the critical values of the local
Moran’s I values for each individual site. Two line graphs
are displayed that connect the coordinates of the critical
values over the course of the attribute value range above
and below the mean value of the attribute. From this it be-
comes evident for each location whether the observed val-
ues are above or below their critical values and, more im-
portantly, whether there are any spiky, protruding critical
outlier values. The latter may suggest structural anomalies

in the underlying spatial weights and could therefore be in-
dicative of potential misspecification in the modelled spa-
tial layout. In this way, we can identify new potential for
further research into the nexus of surface temperatures and
urban structure and critically assess and add another per-
spective to the results presented by, for example, Klopfer
(2023) and Chakraborty et al. (2019). Our parameterisa-
tion with respect to spatial weights follows the approach
of Klopfer (2023) and we therefore use all visual methods
presented above with k-nearest-neighbour weights with
k = 8.

3 Results

Our visual results show a number of interesting findings
that complement the results of previous studies on land
surface temperature in Berlin and can inform similar stud-
ies from other cities. Figure 3a shows a basic Moran scat-
terplot of our land surface temperature values. Two groups
of points can be recognised in this diagram: one in the
first quadrant and one in the third quadrant. The group in
the first quadrant is larger and reflects the built structures
throughout the city, including residential, commercial, and
industrial areas. Land surface temperatures in these areas
are higher than average, which is reflected by the clus-
ter being located in the ‘high–high’ quadrant. The other
cluster in the third quadrant (‘low–low’) reflects the fact
that Berlin includes several extensive greenspaces within
its borders, such as the Grunewald in the southwest, the
Spandauer Forst in the northwest, the Bucher Forst in the
north, and the forests around Lake Müggelsee in the east.
These form clusters with low values, and the clustering in
the Moran scatterplot shows that these behave similarly in
terms of their spatial organisation, as no structural breaks
are visible in this cluster. Beyond these individual clusters,
the scatterplot indicates strong positive spatial autocorrela-
tion, which is to be expected for land surface temperatures.

The Moran drop plot shown in Figure 3b shows a num-
ber of findings. In general, the plot makes it clear that the
Moran scatterplot visualises two different themes: global
and local Moran’s I. While the standard scatterplot tempts
the viewer to relate the diagonal line (global) to the points
(local) by their mutual distance, the drop plot, by break-
ing this supposed relationship, makes it very clear that
the local points are to be evaluated by their own critical
values instead. Beyond this general observation, there is a
clear difference between clusters of low and high values,
which behave differently in terms of their spatial structur-
ing. The drops for the low values associated with the large
greenspaces show a stable trend in the overall shape of the
drop lines. The lower the attribute values, the longer the
lines become, suggesting consistent, homogeneous clus-
ters of low values. Visual inspection of the respective lo-
cations in the map (Figure 1) confirms this finding, as the
greenspaces mentioned above are subdivided into a num-
ber of spatial units and therefore form relatively homo-
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(a) Standard Moran scatterplot; the slope
of the red trendline is indicative of global
Moran’s I

(b) Moran drop plot; the drop lines are in-
dicative of the p values of local Moran’s I;
red and blue indicate positive and negative
spatial autocorrelation

(c) Moran seismogram; the line con-
nects the local-specific critical values for
Moran’s I

Figure 2. Illustration of the three types of Moran scatterplots used in this work. The two-character abbreviations indicate the following
types of spatial associations: HH = high–high, HL = high–low, LL = low–low, LH = low–high.

geneous neighbourhoods. This detailed sub-structuring is
based on the fact that the main foundation for the USTs is
the block-level geography of Berlin (Senatsverwaltung für
Stadtentwicklung, Bauen und Wohnen, 2021). The shape
of the clusters of high values, on the other hand, is twofold.
The basic shape of the drops in the first quadrant shows an
increasing flattening the higher the land surface tempera-
ture values become. In addition, there are strong outliers
with long drop lines beyond attribute z-scores of about 2.
The flattening shape indicates that the clusters with high
values are less homogeneous than their counterparts with
low values, which can be partly explained by their smaller
geometric scale in the map. The outliers are mostly asso-
ciated with salient locations such as the former Tegel and
Tempelhof airports and the Adlershof Science and Tech-
nology Park. Low–high and high–low clustering as de-
picted in quadrants two and four do not exhibit noteworthy
patterns in the drop plot. Checking the respective areas on
the land surface temperature map reveals that such clus-
ters are found around smaller green or blue infrastructure
elements in urban, central contexts where they correspond
to transition areas separating higher from lower tempera-
tures. The drop plot thus provides clues for research into
land surface temperature characteristics that would not be
recognisable from the basic Moran scatterplot.

The third visualisation is the seismogram shown in Fig-
ure 3c. The seismogram features the hypothetical positions
of the critical values for each location in the Moran scatter-
plot. The visualisation in Figure 3c shows that the present
Berlin dataset in combination with the adjusted spatial
weights is very uniform and does not reveal any strong
outliers in geometrical or topological terms. Instead, the
two lines above and below the mean for the spatial lags
indicate that the critical values oscillate within fairly lim-
ited ranges, and the flattening of this oscillation towards
the tails on both sides is only an effect of the smaller num-

ber of data points available in these parts of the graph. The
latter also confirms our finding above that the drop plot in-
dicates heterogeneous (high-value clusters) and homoge-
neous (low-value) clusters in terms of the attribute values
they contain. If the spatial trends evident in Figure 3c were
instead due to systematic problems in the spatial organisa-
tion of the underlying units or the weights used, the seis-
mogram would indicate this by containing corresponding
deflections. Following the idea of an actual seismogram, it
would then have warned us of problems. We do thus not
have to assume systematic problems in the specification
of our study and, in the given case of nearest-neighbour
weights, can conclude that our approach is not sensitive to
(at least moderate) changes in the number of neighbours
(k). The latter has also been validated through testing var-
ious neighbourhood sizes (k = 6, 10, 16, 32) beyond k = 8
in the process of calculating weights, which did not result
in major substantial changes of the observed structures in
any of our plots. The only notable change is an increase in
the number of significant spatially negatively autocorre-
lated observations with increasing k, which is an effect of
progressively more heterogeneous neighbourhoods – and
thus to be expected.

4 Conclusions

In this contribution, we have applied the traditional Moran
scatterplot and two novel variants of the latter to land
surface temperature values from Berlin mapped to units
representing homogeneous urban structure types. The re-
sults show evidence of spatial homogeneity in areas char-
acterised by low temperatures, such as large greenspaces.
Furthermore, the visual-analytical approach revealed that,
in contrast to the areas with low temperatures, above a
certain point high values are no longer surrounded by
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(a) Basic Moran scatterplot

(b) Moran drop plot; the lines connect observations to their critical values

(c) Moran seismogram; the lines connect the local critical values for Moran’s I

Figure 3. Three types of Moran scatterplots of the Berlin land surface temperature values. The diagonal dashed trend line provides an
indication of the global Moran’s I. Red and blue indicate positive and negative spatial autocorrelation respectively.
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equally high values in their respective neighbourhoods,
though they still form significant high–high clusters. Both
results point to interesting exploratory findings in the inter-
play between operationalisation (i.e., the units and scale of
analysis) and nature of the process at hand (i.e., the map-
ping of land surface temperatures to urban structure type
units). The units, defined by morphological and land use
parameters, represent a heat-relevant urban structural as-
pect, but also lead to the subdivision of otherwise homoge-
neous areas (such as the greenspaces), resulting in differ-
ent characterisations of the results obtained at both ends of
the value spectrum. Obtaining these indications would not
have been possible with the basic Moran scatterplot, which
emphasises the usefulness of using the two proposed novel
visual analysis tools.

The findings presented above can be used to derive spe-
cific recommendations for climate adaptation and urban
resilience planning. In the context of our case study on
land surface temperature patterns in Berlin at the spatial
level of urban structure types, knowing of the type and het-
erogeneity of temperature clusters enables locally explicit
interventions and planning. On the one hand, the homoge-
neous, highly significant low-temperature areas identified,
which consist predominantly of green and blue infrastruc-
tures, not only require fewer temperature mitigation mea-
sures, but can also be considered potentially more resilient
to changes in their surroundings. On the other hand, the
highly impervious high-temperature clusters, which are
often located in densely built-up urban areas, require mea-
sures to increase thermal comfort and could be prioritised
for adaptation measures. The analyses presented may help
in deciding which measures to take, with a focus on the
transition areas between different cluster types.

Research on the relationship between urban morphology
and the UHI effect (Klopfer, 2023) as well as research
on social disparities in heat exposure (Chakraborty et al.,
2019) and thermal justice in general may benefit from
the use of an enhanced standard spatial-statistical visu-
alisation device, as carried out and demonstrated in our
study. Our approach provides a means to diagnose and im-
prove the specification of (spatial) regression models for
explaining heat patterns. In addition, the visual approach
utilised may enhance future studies assessing the thermal
performance of a city by allowing to better grasp the phe-
nomenon in its entirety and in relation to different kinds
of urban form. Further, from a methodological perspec-
tive, we followed the modelling approach put forward by
Klopfer (2023). However, in order to increase the con-
clusiveness of the available results, the application and
comparison of different methods of neighbourhood for-
mation to determine spatial weights, such as contiguity or
distance-based approaches, or the use of further aggrega-
tion levels could be considered in future research.
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