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Abstract

Intra-urban polycentricity has often been described by a balanced distribution of jobs/residences outside
the traditional core cities in so-called (sub-)centres. Recently, this purely socioeconomic view has
changed, so that centres are also increasingly understood as a physical manifestation of spatial
development policies. Built-up volumes derived from 3D-building models are therefore frequently used
instead of or as complement to employment/population figures when studying intra-urban
polycentricity. However, such data are expensive and not available universally and permit only
geographically limited investigations to date. To overcome this constraint, we investigate whether
globally available and consistent TanDEM-X nDSMs (TDX) provide a valid data base for intra-urban
polycentricity research based on built-up volumes. Our study focuses on four urban regions in Germany
for which we have obtained official 3D-building models (LoD-1). For each study site, we derive
aggregated built-up volumes from the TDX and the LoD-1 data and identify (sub-)centres. We use three
centre identification algorithms to account for the diversity of methods and outcomes. We consider the
LoD-1 (sub-)centres as reference and the TDX (sub-)centres as the entities to be reviewed. First, we
quantify their spatial agreement and compare if polycentricity measures calculated based on both data
sets lead to similar results. Second, we explore possible causes for discrepancies between the TDX/LoD-
1 (sub-)centres. We find high spatial resemblances between TDX and LoD-1 (sub-)centres. Accordingly,
we observe that polycentricity measures display similar trends among the two data sets. Nevertheless,

we also show that the agreement between TDX and LoD-1 centres can be affected in uneven terrain, in


https://doi.org/10.1016/j.compenvurbsys.2023.101953

30

31

32

33

34

35

36

37

sparsely built-up areas, and by the algorithms used to identify (sub-)centres. Overall, our results suggest
that TDX nDSMs reflect the distribution of built-up structures in sufficient detail so that local-spatial
densifications — here equated with (sub-)centres — can be appropriately studied. We therefore conclude
that TDX data offer a great potential for the thematic domain of morphological urban analysis at large

scale.

Keywords
TanDEM-X, Sentinel, 3D-building models, LoD-1, urban mass concentrations, polycentricity, urban

morphology
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1) Introduction

Suburbanization trends have led to a decentralization of jobs and households shifting away from
traditional urban cores to the hinterlands (Champion 2001, Glaeser and Kahn 2001, Kim 2007). Whether
these developments are manifesting in processes of concentration (Garreau 1991, Giuliano and Small
1991, Kloosterman and Musterd 2001) or dispersion (Gordon and Richardson 1996, Lang and LeFurgy
2003) is still an open debate. Nevertheless, the spatial concentration of workplaces/residents outside the
core cities has received particular attention in past research and was often addressed under the term

“polycentricity”.

Polycentricity is a versatile concept that has taken a multitude of definitions in urban and regional
studies. At its theoretical core, it paraphrases the existence of multiple (sub-)centres (further referred to
as centres) of balanced importance within a specific territorial scope (Parr 2004, Burger and Meijers
2012). What constitutes a centre, depends on the spatial scale on which polycentricity is studied (Zhang
and Derudder 2019). Centre structures can be assessed within an urban region (intra-urban) but also
between a system of cities (inter-urban) and even among large urban conglomerations (inter-regional)
(Hall and Pain 2006). A centre can therefore take many forms, reaching from a small agglomeration of
businesses, or a single administrative urban area up to an entire metropolitan region (Taubenbdck et al.

2014, Miinter and Volgmann 2020).

Over time, numerous analytical methods have been proposed to determine whether an urban system is
polycentric. The entry point of every study is the identification of centres (Hall and Pain 2006, Green
2007). On larger scales (inter-urban and inter-regional), administrative units do often sufficiently
capture the entities of interest. These are, however, seldom appropriate for identifying small-scale (intra-
urban) agglomerations which have advanced independently from official boundaries (Agarwal et al.
2012, Miinter and Volgmann 2020). A variety of algorithms have therefore been introduced to delineate
intra-urban centres. They range from simple threshold approaches (Giuliano and Small 1991, Wurm et
al. 2014, Taubenbock et al. 2017) to more sophisticated locally weighted regressions (McMillen 2001,
Krehl 2016). All algorithms share the intent to identify significant local-spatial densifications, usually

of jobs or population, within urban regions (Giuliano and Small 1991).
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Once centres are identified, the degree to which an urban system is polycentric, can be examined on two
different dimensions: a morphological and/or a functional one. Morphological polycentricity is assessed
based on attributes of the centres themselves, like population or employment figures (Burger et al. 2011).
Functional polycentricity focusses on functional linkages between centres and is frequently investigated
with flow data characterizing functional relations (Green 2007, Miinter and Volgmann 2020). Currently,
many approaches exist that enable to measure the absolute/relative importance of centres — the degree
of polycentricity — in urban systems on the two dimensions. The most common ones comprise rank-
size-distributions (Burger and Meijers 2012), standard deviation- (Green 2007) and primacy-based

indicators (Burger et al. 2011).

Compared to the plethora of theoretical definitions and analytical methods, the input data required for
the detection of (intra-urban) centres and/or measuring the balance of importance among them have
received little attention. To date, polycentricity is most frequently assessed based on spatially referenced
socioeconomic data such as employment/population figures (Krehl and Siedentop 2018, Miinter and
Volgmann 2020). When these data originate from official surveys, they are often of limited use due to
inconsistent data structures and/or censorship guidelines (Taubenbdck et al. 2017, Heider and Siedentop
2020). Research investigating polycentricity in urban systems using survey data is therefore regularly
restricted to specific regions and small extents, making comparisons between studies challenging or

even impossible.

With many authors criticising the lack of cross-national studies (Krehl 2016, Krehl et al. 2016, Heider
and Siedentop 2020, Heider et al. 2022), consistent data with extensive spatial coverage are needed.
While high-resolution employment data at the spatial level of census districts are for instance freely
obtainable in the United States (Graham et al. 2014), comparable data in other countries are often
unavailable or have limited access (see e.g. Heider et al. (2022)). Large-scale research using employment
numbers is therefore still rare. As far as population figures are concerned, the data situation is more
promising. LandScan data, for instance, provides estimates of global population distributions at the level
of spatial grids with 1000 m? resolution (Dobson et al. 2000). Given their high spatial resolution and

consistency, these data have already been applied in numerous studies addressing polycentric urban
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development at large scales (e.g. in China: Liu et al. (2017), Liu and Wang (2016) and Li and Derudder

(2020)).

However, urban spatial structure is a multifaceted concept (Parr 2004), and employment/population data
only capture the socioeconomic dimension (Krehl 2015, 2016). Polycentricity is a characteristic form
of the urban spatial structure, with the latter characterizing the organisation of activities/subjects within
urban areas (Krehl et al. 2016, Krehl and Siedentop 2018). In addition to market forces affecting the
spatial distribution of residents/jobs (Anas et al. 1998), growth management and spatial planning have
shaped the spatial configuration of the built environment (Landis 2006, Siedentop et al. 2016b, 2016a)
and thus, the physical dimension of urban spatial structure. Centres are consequently not solely clusters
of population/jobs but are also increasingly conceived as the physical product of spatial development
policies (Taubenbock et al. 2017). Moreover, concentrations of commercial buildings mirror
agglomeration economies (e.g. knowledge exchange among employees through proximity), and have
been found to resemble employment clusters (Krehl 2015, Taubenbock et al. 2017). Therefore, several
scholars have been addressing polycentricity based on physical properties of the built environment

instead of or as complement to employment/population figures.

Krehl (2015), Krehl and Siedentop (2018), Taubenbdck et al. (2017) and Wurm et al. (2014) for instance,
approached intra-urban polycentricity based on built-up structures. By linking individual building
footprints with a normalized Digital Surface Model (nDSM) retrieved from Cartosat-1 data (Sm spatial
resolution) (see Wurm et al. (2014)), they computed building volumes for selected city regions in
Germany. The latter were then successfully applied to identify and analyse local-spatial densifications,
understood as the structural-physical manifestation of centres. However, Cartosat-1 data is expensive
(Taubenbock et al. 2017) and accurate building footprints are not everywhere available. Investigating
intra-urban polycentricity based on built-up volumes has consequently only been feasible at limited

geographical extents to date.

Recently, Geil} et al. (2019) introduced a procedure that allows for retrieval of spatially distinguished
built-up volumes of entire urban regions using on a combination of TanDEM-X (TDX) and Sentinel-2

imagery. Due to the global availability of the two datasets, this method enables to objectively assess and
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compare the built-up structures of and between virtually every urban region on the planet. Thus, they
offer an unprecedented opportunity for consistent and global studies of intra-urban polycentricity based
on built-up structures. However, TDX built-up volumes can only be characterized on the level of
individual pixels with 12m spatial resolution and are prone to underestimate building volumes (Geif3 et
al. 2015, 2019). A loss of detail compared to 3D-building models is thus expected. In view of this
disadvantage, it remains to be examined whether small-scale spatial densifications of built-up structures

within urban systems can still be adequately mapped with TDX data.

Given the aforementioned considerations, we aim to investigate whether built-up volumes derived from
globally available TDX data enable to identify and examine intra-urban centres in similar quality than
achievable with high-resolution 3D-building models. The remainder of this paper is organized as
follows: In Section 2 we introduce the used data as well as the applied methodology and analysis. In
Section 3, we present the empirical results of our study: First, the quantified agreement between centre
structures in four exemplary city regions derived from 3D-building models and TDX data, respectively,
and second, the identified factors influencing this agreement. In Section 4, we then critically discuss the
capabilities and limitations of TDX data for intra-urban polycentricity research. Finally, we highlight
the implications of our findings for the thematic domain of morphological urban analysis at large scale

and conclude the study.

2) Materials and Methods

2.1) Methodological outline of the study

In this study, we focus on the physical dimension of morphological polycentricity at the intra-urban
scale. We extract urban mass concentrations (UMC; summed built-up volumes) at the spatial level of
regular grids (spatial resolution: 250, 500 and 1000 m?) from 3D-building models (Level of Detail-1
(LoD-1)) and TDX nDSMs, respectively. By this, we generate comparable input data sources for our
investigation. We apply different centre identification algorithms and derive one data set with detected
high UMC grid cells (hUMC)/ centres (associations of neighbouring hUMC) per input data source,
algorithm, and study site. We consider the LoD-1 hUMC/centres as the reference and the TDX

hUMC/centres as the entities to be assessed. Based on this setting, we perform a two-step analysis: First,

6
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we investigate the spatial agreement between the TDX and the LoD-1 hUMC (spatial resolution: 250,
500 and 1000 m?) and evaluate if the centres (spatial resolution: 1000 m?) retrieved from the two datasets
enable to draw similar conclusions regarding the degree of polycentricity/monocentricity in our study
sites. Second, we explore causes for discrepancies between the TDX and the LoD-1 hUMC/centres
(spatial resolution: 1000 m?). In particular, we focus on the influence of terrain characteristics, built-up
structures and functional principles of the centre identification algorithms. A schematic overview of the

methodological outline of our study is given in Figure 1.
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Schematic overview of the methodological outline of this study.
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2.2) Study sites

The geographic focus of our study lies on the urban regions of Berlin, Hamburg, Nuremberg and
Hanover in Germany (Figure 2: a). We selected these regions because both, LoD-1 (Figure 2: b) and
TDX (Figure 2: c) data were available. For each of the considered cities, we determined a location in
their city centre using the central points defined in Open Street Map. To generate consistent input data
for the centre identification algorithms, we derived equally sized areas with a radius of 80 km around
the central locations (Figure 2: a). This scope ensures that our study sites expand only on German
territory (see Berlin), while including the administrative area of the core cities as well as large parts of
their hinterlands. To compare the degree of polycentricity/monocentricity between the four selected
cities, we needed an additional, non-arbitrary delineation of urban boundaries. As suggested in Heider
et al. (2022), we used travel time isochrones for this purpose. These encompass the area that can be
reached via the road network within a given time starting from the central location. Bearing in mind that
larger cities (Berlin, Hamburg) tend to gravitate people from further away than smaller ones
(Nuremberg, Hanover), we derived 60- and 45-minute travel time isochrones, respectively (Heider et al.

2022) (Figure 2: a).



171
172

173
174

175
176
177

178

a) Study sites

0

50

Hamburg

KL

Hanover

Berlin

Nuremberg

100 km

Buffer (80 km radius)

Travel time isochrones
(45 min: Hanover/Nuremberg;
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Central location (in the city centre)

c) TDX nDSM

1
0om 12m >25m

D eliminated pixels
(based on Global Urban Footprint (GUF) and Sentinel-2 data)

Figure 2: Overview of the study sites (80km buffer/ travel time isochrones around the central locations of Berlin, Hamburg,
Hanover and Nuremberg) (a) and the input data sources, LoD-1 building models (b) and TanDEM-X nDSMs (c), of this
study.

2.3) Data processing and detection of centres

2.3.1) Derivation of built-up volumes from TDX and Sentinel-2 data

We rely on a combination of a TDX Digital Surface Model (DSM) (recorded 2013-2015; 12m spatial

resolution) and Sentinel-2A/B (2015-2017; 10m spatial resolution) data to create the built-up volume
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datasets to be tested for their suitability in analysing intra-urban polycentricity. To derive the required
nDSMs from these data (Figure 1: ¢), we adhere to the method presented in GeiB3 et al. (2019): We
initially identify "ground pixels" (terrain-only) and "non-ground pixels" (terrain plus objects) in the
TDX DSMs. Next, we use the height information of the "ground pixels" to mathematically interpolate
a digital terrain model (DTM). By subtracting the DTM from the DSM, we generate a nDSM, which
only characterizes the height of objects located on the terrain surface. To eliminate pixels that contain
other objects than buildings, we then spatially refine the nDSM by integrating the Global Urban
Footprint (GUF) (Esch et al. 2012) and the Sentinel-2A/B data. The GUF aids in limiting the nDSM to
predominantly built-up areas while the Sentinel data is used to exclude urban vegetation (Figure 2: c).
Finally, we compute built-up volumes for each study site by multiplying the nDSM pixel size with the

pixel height.

2.3.2) Derivation of building volumes from 3D-building models

We rely on the official cadastral building model (LoD-1) (BKG 2021) as reference for our study. It
provides information on the footprint and height of individual buildings for the entire territory of
Germany (Figure 1: b). The building heights of this data set are usually derived from high-resolution (1
m) laser scanning data. Due to the federal administrative structure in Germany, inconsistencies can occur
because aggregation methods are not standardized across the country. As a result, some federal states
consider the mean and others the median pixel height as reference (ADV 2012). To generate LoD-1 data
with equal height reference (median) for our study, we needed to correct the LoD-1 heights of Lower-
Saxony (mean). We acquired 166 tiles (1km?) of laser scanning data of the city of Hanover and its
surroundings to cover a wide range of building structures. Using these, we derived nDSMs and
computed the median heights per building. We then infered several regression equations - one per land
use type (residential, commercial, industrial, etc.) - to model the relationship between mean and median
building heights. Based on these equations, we calculate median heights for the buildings that are located
in Lower-Saxony (Hamburg and Hanover). Lastly, we derive built-up volumes for each study site by

multiplying the buildings’ area with their height.
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2.3.3) Aggregation of Urban Mass Concentrations (UMC)

To create comparable input data, we migrate the TDX and LoD-1-based built-up volumes to a spatially
consistent data structure. We use the European INSPIRE grids in three different resolutions (250, 500
and 1000 m?) as spatial basis (EEA 2017). Grids with 1000 m? resolution are already a standard data
basis in several studies addressing intra-urban centre structures (Wurm et al. 2014, Krehl 2015,
Taubenbock et al. 2017). We combine the INSPIRE grid with the TDX/LoD-1 data and sum up the
built-up volumes of the pixels /buildings located within a grid cell. As a result, we obtain consistent and
comparable models of the spatial distribution of urban mass concentrations (UMC) in three different
spatial resolutions based on TDX and LoD-1 data for our study sites. In the remainder of this paper, we
use the prefixes LoD-1 and TDX to indicate which data set — the LoD-1 building model or the TDX

nDSM - is the underlying original data source for the derived UMC and centres (see next section).

2.3.4) Identification of hich UMC/ centres

A multitude of methods exists that enable to identify centres, but are known to frequently produce
deviating results (Agarwal et al. 2012). To acknowledge this diversity, we apply three centre
identification algorithms from two common domains: 1) threshold approaches and 2) locally weighted

regression.

First, we use the combined threshold approach published in Taubenbock et al. (2017) (CT-Taubenbdck)
(1). It applies two thresholds, a regional and a distance-based, in disjunction. The regional threshold was
introduced by Wurm et al. (2014). It considers the UMC cells of an entire study site and mainly identifies
cells with high UMC (hUMC) belonging to dominant centres (e.g. core cities). Taubenbdck et al. (2017)
extended this approach by a distance-based threshold. The latter is applied to UMC cells that are grouped
into rings based on their distance to the centre (in lkm steps). This approach enables to detect less
pronounced local UMC densifications and can identify hUMC cells that are otherwise outshined by
dominant centres. With the CT-Taubenbdck algorithm, a UMC cell is designated as hUMC when it
exceeds the regional and/or distance-based threshold. Both are set to 1.3 times the standard derivation
of the respective region/ring. This cut-off value was determined empirically by Taubenbdck et al. (2017)

to best reflect local centre structures.

12



232

233

234

235

236

237

238

239

240

241

242

243

244

245

246

247

248

249

250

251

252

253

254

255

256

257

258

Additionally, we identify centres with methods from the locally weighted regression (LWR) family (2).
The LWR was initially proposed as a means for centre detection based on spatial employment
distributions by McMillen (2001) and comprises a two-step procedure: First, a smoothed surface of the
natural logarithm of employment densities of a study site is derived using a LWR approach. Based on
the idea that centres are characterized by densities that surpass those of the smoothed surface, spatial
units with significant positive residuals are then considered centre candidates. In a second step, multiple
semi-parametric regressions are applied iteratively, to remove centre candidates until only those with a

significant impact on the overall employment density function remain.

Since its introduction, the LWR was refined several times. Here, we apply two modified LWR versions
to identify centres and use UMC instead of employment distributions as input. The first approach was
introduced by Krehl (2016) (LWR-Krehl). It differs from McMillen’s original method insofar, as it does
not use the input data in their logarithmic but in their measured form. Krehl noted, that the former causes
a large share of employment densifications to be missed when applied in a German context. As second
approach, we use the LWR proposed by Sun (2019) (LWR-Sun). To reduce complexity, Sun applies a
simple threshold-based approach instead of iterative regressions to eliminate non-significant centres.
For this, we cluster neighbouring hUMC cells (centre candidates) and check if their summed UMC
accounts for at least 0.5% (significance threshold) of the total UMC of the study site. By applying the
selected procedures, we generate three data sets with identified hUMC cells per input data source (TDX

and LoD-1), study site and spatial resolution (250, 500 and 1000 m?).

To determine the centres, we use only the hUMC identified in the grids with 1000 m? spatial resolution,
as this is the standard resolution applied in previous research (see 2.3.3). We consider groups of
minimum two neighbouring hUMC cells located within the travel time isochrones (see 2.2) henceforth
as centres. Therefore, we understand them as clusters of grid cells with significantly higher UMC
compared to their surroundings. This physical view of centres stems from earlier studies arguing that
commercial hUMC clusters often resemble concentrations of employees and are the physical outcome
of the interplay between market forces and spatial development policies (Krehl 2015, Taubenbock et al.

2017).
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2.4) Assessment of agreement between TDX and LoD-1 hUMC cells/centres

First, we examine the agreement between the hUMC cells/centres that were identified based on LoD-1-

and TDX data, respectively.

Initially, we assess the spatial overlap between the TDX- and the LoD-1-based hUMC cells (spatial
resolution: 250, 500 and 1000 m?) (grid-cell-based agreement). We treat this investigation as a
classification problem in which TDX hUMC represent the result and LoD-1 hUMC the reference. For
each study site and centre identification algorithm, we determine the number of true-positive (TP), false-
positive (FP), true-negative (TN) and false-negative (FN) hUMC cells. We then derive three accuracy
metrics — Recall, Precision and Cohen's Kappa (Congalton 1991) — to measure different aspects of the
agreement. Recall quantifies the percentage of LoD-1 hUMC cells (reference) that are correctly
identified with TDX hUMC cells. Precision measures the proportion of all identified TDX hUMC cells

that are actual LoD-1 hUMC grid cells. These metrics can be computed as follows:

Recall = —F
e = TP ¥ FN

pocision — TP
recision = TP n FP

Cohen’s Kappa quantifies the inter-rater agreement between result (TDX) and reference data (LoD-1).

It can be calculated using the following equation:

2% (TP TN — FN * FP)
(TP + FP) x (FP + TN) + (TP + FN) * (FN + TN)

Kappa =

Kappa values can range from -1 to 1 and we allocate them to six classes grading the overall “strength of
agreement” — from “poor” (Kappa <= 0) to “almost perfect” (Kappa > 0.8) — as proposed in Landis and

Koch (1977).

Additionally, we evaluate whether TDX- and LoD-1 centres (spatial resolution: 1000 m?) enable to draw
similar conclusions regarding the degree of polycentricity/monocentricity in our study sites (centre-
based agreement). Morphological polycentricity is typically assessed based on size attributes of centres.

Here, we consider the size of a centre by means of its total UMC.
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As pointed out by Derudder et al. (2021), there exists a plethora of indicators allowing to evaluate
different characteristics of polycentricity. Following the publication from Bartosiewicz and Marcinczak
(2020), we compute three polycentricity measures per study site, algorithm and input data source (TDX
& LoD-1). These include the Primacy index (Burger et al. 2011), the Rank-size coefficient (Burger and
Meijers 2012) and the standard-deviation-based Green index (Green 2007) (Table 1). The Primacy index
enables to assess the absolute importance of the largest centre compared to lower-ranked centres and
thus, indicates the degree of monocentricity of an urban region. The Rank-size coefficient and the Green
index measure the degree of polycentricity more explicitly and are often computed based on a certain
number of the largest-ranked centres (Burger and Meijers 2012, Bartosiewicz and Marcinczak 2020).
The number of considered centre ranks (N) should be carefully selected to ensure consistency among
the indices (Zhang and Derudder 2019). So far, no universally accepted N has been established. We
therefore calculate the three indices using different N following a recommendation from Derudder et al.

(2021). Specifically, we consider the two up to ten largest-ranked centres (Table 1).
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Table 1: Overview of the selected measures used to assess of the degree of (morphological) polycentricity/monocentricity within the study sites.

Index Source Equation Equation Number (N) of Interpretation Classification
parameters ranked centres
L™ UMC of >0.00 - 0.25 (highly polycentric)
largest (in terms of d >0.25 - 0.50 (polycentric)
2N (2" The lower the .
_ . Burger L™ totalled UMC) centre | o (204 3rd4thy value the higher >0.50-0.75 (monocentrlc) .
Primacy index (P) et al. P = of a study site >0.75 - 1.00 (highly monocentric)
2011) YL S L,:sum of UMC of | © the degree of
¢: Sum O © 1ON(2/.../10" | polycentricity
the considered centre
rank
LN(L,): natural /
logarithm of the UMC
LN(L;) = a — BLN(Ryt+e. | within centre ¢
Burger LN(Rc): natural 2N (2n) ;rél;tle?r‘;/flie
g The RSC then equals the logarithm of the rnak ndJard/ Ath
. . and . 3N (2n9/3rd4th) value (slope) the
Rank-size coefficient (RSC) Meijers average of B. It is computed of centre ¢ higher the
(2012) multiple times for each group | P: slop; of the 10N @/ /10™ | degree of
of ranked centres that is regression line olveentricit
considered by a certain N. o constant poty y
&+ idiosynchronic
error term
o standard deviation >0.00 - 0.25 (highly monocentric)
of the UMC per >0.25 - 0.50 (monocentric)
centre of the centre >0.50 - 0.75 (polycentric)
group that is >0.75 - 1.00 (highly polycentric)
g considered by N
G=1- o - oy, standard
Lmax deviation of total 2N (2n) The higher the
. . nd/qrd/gth 1
Green Index (G) Green G is computed multiple times UMC in a theor.etlcal 3N (2"/314%) value the higher
(2007) for each group of ranked urban region with two | ... the degree of
Eroup centres. The UMC of | 10N(2"9/.../10" | polycentricity

centres that is considered by a
certain N

the first centre equals
zero and that of the
second centre equals
the UMC of the
largest centre in a
study site.
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The values of the Primacy index and the Green index can range between 0 and 1 and a value of 0.5
(Table 1) can be seen as cut-off separating monocentric from polycentric urban systems (Bartosiewicz
and Marcinczak 2020). With regard to the Rank-size coefficient, no such clear subdivision is possible,
but a lower Rank-size coefficient indicates a higher degree of polycentricity (Burger and Meijers 2012).
In view of these schemes, we examine whether the TDX and LoD-1 centres indicate similar

polycentricity/monocentricity trends within our study sites.

2.5) Systematic exploration of factors influencing the agreement between TDX and LoD-1
hUMC cells/centres

In the second part of our analysis, we explore causes for discrepancies between the TDX and the LoD-

1 hUMC cells/centres (spatial resolution: 1000 m?).

First, we focus on the functionalities of the centre identification algorithms (section 2.3.4). TDX built-
up volumes underestimate building volumes, particularly at the urban fringes and in the hinterlands
(GeiB et al. 2020). Some of the LoD-1 hUMC cells are therefore likely missing from the TDX hUMC
cells (FP). Nevertheless, we hypothesize that some of the less pronounced TDX UMC are yet
identifiable as hUMC due to the algorithms’ specific functionalities. We investigate this exemplarily
focussing on one study site: Berlin. We create validation maps displaying the distribution of TP, FP and
FN cells per centre identification algorithm. Next, we address the algorithms: The baseline of the LWR
approaches is, that the measured UMC distributions are contrasted with smoothed UMC distributions to
identify centre candidates. We therefore derive a spatial cross-section of the measured and the smoothed
UMC distributions — separately for TDX and LoD-1 - and highlight positive residuals. These
distributions show the summed UMC (from East to West) per kilometre from the southern to the
northern borders of the study site. We use the measured UMC for the LWR-Krehl approach and the
natural logarithm of the measured UMC for the LWR-Sun approach. In the CT-Taubenbdck procedure,
it is mainly the distance-based approach that enables to spot smaller centres in the suburbs (Taubenbdck
et al. 2017). We thus obtain a ring-wise spatial cross-section of measured UMC distributions, again
considered as totalled UMC (of a ring) per kilometre from South to North. Additionally, we highlight

the identified TDX and/or LoD-1 hUMC. By contrasting the UMC distributions with the validation
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maps, we intend to visually identify agreements/discrepancies between TDX and LoD-1 hUMC that are

likely attributable to variations in the algorithms’ functionality.

While building heights are generally underestimated by TDX nDSMs, GeiB3 et al. (2019) identified a
mixture of over- and underestimations with regard to built-up densities. They found overestimations
primarily in areas with high - and underestimations mainly in regions with low buildings. We therefore
assume a relationship between falsely/correctly identified TDX hUMC cells and the built-up
morphology. For further exploration, we classify the INSPIRE grid cells into nine classes reflecting
variations of built-up morphologies in our study sites. This classification is adapted from Geil3 et al.
(2019) and is based on an ordinal measurement scale representing combinations of low, medium, and
high built-up densities (<10, 10-20, >20 %) and heights (<15, 15-25, >25 m). We retrieve the latter
information by aggregating the built-up area (sum building area/INSPIRE grid cell area) and height (90™
percentile) from the LoD-1 buildings located within an INSPIRE grid cell. We then compute the
proportion of TP, FP and FN hUMC cells per morphological class for each study site and centre
identification algorithm. By this, we aim to identify matches/mismatches between TDX and LoD-1

hUMC, that are traceable to differences in built-up morphologies.

Terrain characteristics are another factor affecting the quality of TDX nDSMs. Particularly uneven
terrain is more challenging to map with TDX DTMs (Geil3 et al. 2015). We therefore assume that TDX
hUMC cells are prone to mismatch LoD-1 hUMC cells in regions with high relief energy. To explore
this further, we characterize the relief energy on the INSPIRE grid level. We incorporate an official
DTM with high spatial resolution (25 m), covering the federal territory of Germany (BKG 2016). Using
these data, we compute slope values and derive an aggregate for relief energy by calculating the standard
deviation (SD) of the slope per INSPIRE grid cell. We suppose higher slope SD values to be indicative
for a higher relief energy. By comparing the distributions of the slope SD of TP, FP and FN hUMC
cells, we aim to uncover whether certain mismatches between TDX and LoD-1 hUMC are related to

terrain characteristics.
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3) Results

3.1) Assessment of agreement between TDX and LoD-1 hUMC cells/centres
First, we present the findings of the quantified spatial overlap between TDX and LoD-1 hUMC cells

(cell-based-agreement) (Figure 3).

1000 m? spatial resolution: Across all study sites, we correctly identify 60 % to 70 % (Recall) of the
LoD-1 hUMC with the TDX hUMC using the CT-Taubenb6ck and the LWR-Sun approach. With Recall
values of only 30 % (Hamburg) to 50 % (Berlin), the LWR-Krehl approach identifies a much lower
proportion of the LoD hUMC with the TDX hUMC. Of the identified TDX hUMC cells, we observe
that 60 % to 90 % (Precision) are also LoD-1 hUMC when considering the CT-Taubenbdck and the
LWR-Krehl approach. A similarly high Precision can only be achieved in Berlin/Nuremberg with the
LWR-Sun approach. In Hamburg and Hanover, Precision values remain below 60 %. In terms of Kappa,
the agreement between the TDX and LoD-1 hUMC cells is substantial in all study sites when applying
the CT-Taubenbock or the LWR-Sun. However, with the exception of Berlin (substantial), the

achievable agreement between the TDX and LoD-1 hUMC is only moderate with the LWR-Krehl.

All spatial resolutions: We observe a decrease in Precision from 1000 to 250 m? spatial resolution among
all algorithms (Figure 3: 2). In terms of the Recall, this pattern is repeated only when the CT-Taubenbdck
is applied. By contrast, no such systematic behaviour is evident with the LWR-Krehl/LWR-Sun, as both,
an increase/decrease of the Recall from 1000 to 250 m? resolution can be found among the study sites
(Figure 3: 1b/c). However, the Recall values achievable with the LWR-Sun are significantly better than
those of the LWR-Krehl. Given these patterns in Precision/Recall, we find the agreement between TDX
and LoD-1 hUMC (Kappa) to decrease systematically with increasing spatial resolution with the CT-
Taubenbdck/LWR-Sun (Figure 3: 3a/c). The agreement between TDX and LoD-1 hUMC from 1000 to
500 m?, however, decreases only slightly and thus, remains mostly “substantial” at both spatial
resolutions. With the LWR-Krehl by contrast, the pattern of agreement between TDX and LoD-1 hUMC
is very heterogenous. In Berlin, for example, the Kappa improves from 1000 to 250 m? resolution,
whereas in Hanover it decreases significantly from 1000 to 500 m? and then increases again at 250 m?
resolution (Figure 3: 3b).
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Figure 3: Overview of the results of the spatial agreement between TDX and LoD-1 hUMC grid cells per applied centre
identification algorithm (a, b & c). The colours are indicative for the considered study sites.

Next, we present the results of the comparison between the centres identified based on TDX and LoD-
1 UMC (centre-based-agreement). First, we note that the number (Table 2) and location of the detected
TDX and LoD-1 centres varies between the applied centre identification algorithms (see maps
Appendix: A/B/C). Most centres are detected with the CT-Taubenbdck approach, regardless of the data
source and study site. In addition to the core cities, this method identifies a large number of smaller
centres in the hinterlands of our study sites. These include other cities/settlements (e.g. Potsdam in the
Berlin study site or Liibeck in Hamburg) but also small-scale agglomerations of businesses such as the
Technology Park Hennigsdorf close to Berlin. With the LWR-Sun and the LWR-Krehl approaches, we
detect significantly fewer centres: only the core cities and few scattered cities/settlements in the
hinterlands. Moreover, the area of the identified core cities is smaller compared to those detected with
the CT-Taubenbock.
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From an urban geographic perspective, all study regions tend to be monocentric (Figure 4), regardless
of which polycentricity measure or centre identification algorithm is applied. Berlin, however, is more
monocentric than the other cities when looking at the Rank-size/Primacy index (Figure 4: 1/3), while no
major differences between the study sites are apparent with the Green index (Figure 4: 2). Nevertheless,
the more centre-ranks are considered the less pronounced is the monocentricity of the study sites, in

some cases shifting from highly monocentric to predominantly monocentric patterns.

Regarding the agreement between the two data sources, we observe discrepancies in the magnitude of
the polycentricity measures obtained from the TDX and LoD-1 centres, respectively. Nevertheless,
based on the two data sets, similar monocentricity patterns between the study sites are identified (Figure

4), suggesting a reasonable agreement between TDX- and LoD-1 centres.
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Table 2: Overview of the number of identified centres within the study sites (travel time isochrones) (1-4) per centre
identification algorithm (a-c).

Number of identified centres

Algorithm: a) CT-Taubenbock b) LWR-Krehl ¢) LWR-Sun
» 1 Berlin 57/41 9/5 7/4
= 2) Hamburg 93/75 43/13 6/10
-E‘ 3) Hanover 39/37 22/11 7/7
%  4) Nuremberg 52/56 22/10 3/3

* LoD-1 centres/TDX centres

3.2) Systematic exploration of factors influencing the agreement between TDX and LoD-1
hUMC cells/centres

First, we focus on our findings of potential effects stemming from the functionality of the centre
identification algorithms (Figure 5). Of the applied LWR approaches, the LWR-Krehl uses the measured
UMC distributions as input while the LWR-Sun relies on the natural logarithm of the same input.
Comparing the measured UMC distributions of TDX and LoD-1 (Figure 5: b top), we observe that TDX
UMC underestimate LoD-1 UMC. This is particularly pronounced in the fringes of the core city (here
Berlin) and in the hinterland. Compared to the respective smoothed UMC distributions, positive
residuals are less significant when applying the LWR-Krehl based on TDX UMC instead LoD-1 UMC.

We find a large number of FN hUMC cells in these problematic areas (Figure 5: b bottom).

Looking at the natural logarithm of the UMC distributions (Figure 5: ¢ top), we also observe that TDX
UMC underestimate the LoD-1 UMC. However, the TDX UMC distribution in the hinterland and the
urban fringes is significantly heightened compared to the respective smoothed UMC distribution.
Consequently, in these areas, we detect some distinctive hUMC with the LWR-Sun that were missed by
the LWR-Krehl when using the TDX data (e.g. Brandenburg a.d. Havel: Figure 5: c¢/b bottom).
Interestingly, we also find that the logarithmized TDX UMC distributions surpass the smoothed UMC
distributions in areas where no positive residuals are identified based on LoD-1 data. We therefore detect

a certain number of FP hUMC cells with the LWR-Sun (e.g. urban fringe area: Figure 5: ¢ bottom).

The CT-Taubenbdck approach uses the measured TDX and LoD-1 UMC distributions as input. In the
ring-based example, we also see that TDX UMC underestimate LoD-1 UMC (Figure 5: a top). However,
we find larger peaks to be quite pronounced and surpassing the relative threshold of 1.3 standard

deviations in both data sets (e.g. Brandenburg a.d. Havel: Figure 5: a bottom).
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429 Figure 5: Comparison of the functionality of the applied algorithms for centre identification (a-c) per input data source (TDX and LoD-1) with the agreement between TDX and LoD-1 hUMC
430 cells/centres for the Berlin study site. The top row shows the UMC distributions (TDX and LoD-1) characteristic for the applied algorithms from the northern to the southern boundary of the study
431 site. Next to them, locations with detected TDX and/or LoD-1 hUMC (a) or centre candidates (b,c) cells are highlighted. In the bottom row, validation maps with the location of TP, FP, and FN hUMC
432 cells per algorithm are presented.
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Next, we present our results on effects of the built-up morphology (Figure 6). Among all considered
algorithms and study sites, we observe the agreement between LoD-1 and TDX hUMC cells (TP) to
decrease from the classes with highest to those with the lowest density. The built-up height, seems to
only have a slight effect on the agreement. We also notice a decrease of TP cells from high to low, but

to a much lower extent.

Depending on the algorithm, we additionally find specific types of disagreement in certain
morphological classes. In the LWR-Krehl and LWR-Sun approaches, it is the low- and medium-density
classes where we observe distinct discrepancies (Figure 6: b/c). In the case of LWR-Krehl, these are
mainly caused by FN hUMC cells, while in the context of LWR-Sun, they are primarily induced by FP
hUMC cells. Regarding the CT-Taubenbdck procedure, the disagreement between TDX and LoD-1
hUMC is mainly restricted to the low-density class. Here, we find a mixture of TP, FP and FN hUMC

cells without a clear pattern (Figure 6: a).

Finally, we focus on possible effects of terrain characteristics. Independent of the algorithm and the
study site, we find that FP hUMC cells are generally characterised by higher relief energy (here standard
deviation of slope values) than TP or FN hUMC cells (Figure 7). Among our study sites, we further
observe that the variation of slope values is lowest in Berlin and highest in Nuremberg (gradient from
low to high: Berlin, Hamburg, Hanover & Nuremberg (Appendix: D)). In line with this, we observe
more pronounced relief energy values in FP hUMC cells in Hanover/Nuremberg than in Berlin/Hamburg

(Figure 7: 3/4 vs. 1/2).

Regarding the LWR-Krehl and the CT-Taubenbdck approaches, we detect the lowest proportion of FP
hUMC cells in Berlin and the highest in Nuremberg (Figure 7: a/b top). This finding suggests a
relationship between the identified terrain gradient among the study sites and the FP hUMC rate. No
such pattern becomes evident with regard to the LWR-Sun. Here, the proportion of FP hUMC cells is
highest in Hamburg and Hanover (Figure 7: 1/4c top) and comparatively lower in Berlin and Nuremberg

(Figure 7: 2/3c¢ top).

25



a) CT-Taubenbdck b) LWR-Krehl c) LWR-Sun

£ 100- [
B
o
2 g s
= 60+ |
=
& 404
= |
2
g 207 |
o
o
N hUMC: B3 Y2 e 2l wlgd T2 Y22 8 B8 ol 5 o
€ £ £ £ E € £ € £
Height';%:;%:;%: 3%55%53%‘: 3%23%2;%:
: . 2 o 2 o 2 o 2 o T 9 2 o 2 ° 2 o 2 °
Morphological 5 = 8 =21 |28 = ¢ S 2|5 =218 =2 = 5 == 8 =21 |2 = =
class: . . :
Density: Low Medium High Low Medium High Low Medium High
g‘ 1001 -
t
T 80
g & _
| ¢
& 5 % [
=
5 40-
€
2 20
g
& |
U.
N hUMC: B 5 o8 5 |3 & o5 2 <[ 5 «|5 & of £ 2 «|3 8 «|5 & e
£ 3 E £ E £ £ € £
Height-;%:;%:;%: ;%s;%c;%c 3%:3%:;%:
: g 2 o 2 © 2 o 2 ° 3 o 3 o 3 © 2 © 2 o
Morphological S == 8 =z |8 = = S 21|28 =8 = =t S = 8 = |8 = =
class: ) : '
Density:  Low Medium High Low Medium High Low Medium High
) 1004 .
>
2
s F 807 |
Q
—
= ] |
) 5 60
=
& 40-
€
2
g 20
i |
01 s o 2 @ o ) @ | @ w| @
N hUMC: 2 & |3 8 8% = oY @ -5 8§ |8 v o/ & v+ -|8 § 8|8 « o
€ £ E £ E £ E £ £
Height-;%c;%c;%: 3'%.:3%.:;%.: ;%c;%c;%:
i . 2 © 3 © 3 B 3 ©° 3 B 3 © 2 B 3 ©° 3 ©
N:orphologlcal S 21 8 =2 8 == S = =|% =2 89 =2 85 = |5 = |8 = =T
class: ) ) ] ]
Density: Low Medium High Low Medium High Low Medium High
g 1004 [
£
5| £ '
-
3| g
60+ |
Z| 2
<
2
g 20
i |
0. }
N hUMC: E:m§?—’$2=c§wo§;‘3£§°=‘;wcg;‘iﬁgec
——— 1 & — ¢ —— ——— 2 " &
Height: = 2 =/ 3 = : 2 = s 2 5|z 3 5| 3 s s 3 £|z 88 |z 8 =
i ) = 2 © 2 © 2 © =3 2 D 2 © K= =
N:orphologlcal 5289 2|82 £ 82|82 £33 2 F 58 2|8 2 F|8 2 £
class: ) : , ;
Density: Low Medium High Low Medium High Low Medium High
458 Legend [ True positives (TP) [l False negatives (FN) [l False positives (FP)

459 Figure 6: Distribution of TP, FP and FN hUMC cells among nine morphological classes representing combinations of low,
460 medium, and high built-up densities (<10, 10-20, >20%) and heights (<15, 15-25, >25m). The plots are presented per study
461 site (1-4) and applied centre identification algorithm (a-c). Additionally, the number of identified hUMC cells (total of all TP,
462 FP and FN per morphological class) is displayed at the bottom of each plot.
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Figure 7: Overview of the distribution of relief energy (here considered as the standard deviation of the slope) among the TP,
FP and FN hUMC cells. The plots are presented per study site (1-4) and applied centre identification algorithm (a-c).
Additionally, the proportion of TP, FP and FN hUMC cells is displayed at the top of each plot.

4) Discussion and conclusion

Our study aimed at testing whether globally available and consistent TDX built-up volume data permit
to detect and analyse intra-urban centre structures in comparable quality than achievable with LoD-1
building models. We find that hUMC cells identified based on LoD-1 and TDX data, exhibit partially
moderate, but mostly substantial spatial similarities when superimposed. Accordingly, polycentricity
measures computed based on TDX and LoD-1 centres (associations of neighbouring hUMC cells) point
towards similar patterns of morphological monocentricity in our study sites. Our results therefore
suggest that TDX built-up volumes reflect the distribution of urban built-up structures in sufficient detail
so that local-spatial densifications — here equated with centres — can appropriately be detected and

analysed.
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Geil} et al. (2019) identified an ideal decline of TDX and LoD-1 UMC from urban downtowns to their
hinterland. However, LoD-1 heights were found to be generally underestimated by TDX data while
LoD-1 built-up densities were overestimated in dense and underestimated in less dense urban areas. In
locations with high building densities (e.g. core cities), the underestimation of heights is likely
compensated by the overestimation of densities. Accordingly, we find that the core city centres detected
based on TDX and LoD-1 UMC, show a high spatial agreement independent of the applied centre
identification algorithm and study site. In contrast, areas with less dense building structures — e.g. the
urban fringes and the hinterland — are partially smoothed out in the TDX UMC due to the
underestimation of heights and densities (Geil3 et al. 2019). Consistent with this, we observe that
discrepancies between TDX and LoD-1 centres occur primarily in these problematic areas, and are most

strongly related to low built-up densities.

As assumed, we find that the applied centre identification algorithms are affected differently by the
characteristic underestimations of TDX UMC. With the LWR-Krehl approach, we observe a large
portion of FN hUMC cells and accordingly a higher mismatch between the number of TDX and LoD-1
centres (Table 2). This mismatch can result from smaller peaks that are levelled out in the measured
TDX UMC (GeiB et al. 2019). Hence, the latter are often not identifiable as significant positive residuals
with the LWR-Krehl. Additionally, the iterative removal of hUMC candidates in the algorithm’s second
step (see section 2.3.4), can react very sensitively to the level of heterogeneity of the input data. Since
TDX UMC distributions are smoother relative to LoD-1 UMC distributions, a smaller number of hUMC
candidates have a significant influence on the overall UMC distribution. Consequently, fewer hUMC
cells are detected based on the TDX data. This inherent property of the algorithm can in extreme cases,
such as seen in Hanover (500 m? resolution; Figure 3: 1b), result in only a very small fraction of the

LoD-1 hUMC being identified with the TDX hUMC (Recall ~ 20 %).

The LWR-Sun and CT-Taubenbdck in contrast, seem to be less impacted by the underestimations of
TDX UMC. Using these methods, we still correctly detect more prominent hUMC cells/centres in the
problematic areas based on the TDX data. The share of FN hUMC cells is therefore much lower

compared to the LWR-Krehl, which is reflected in higher Recall rates of the two approaches.
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In terms of the LWR-Sun, two factors likely improve the hUMC cell/centre detection capabilities: First,
we find that cells with moderate UMC tend to be more pronounced and therefore identifiable as hUMC,
when taking the natural logarithm of the TDX UMC as input. At the same time, however, cells with
lower TDX UMC are occasionally emphasized by it, leading to lower Precision values compared to the
other approaches. Second, a mismatch between LoD-1 and TDX is less likely in the problematic areas.
Here, smaller centres are frequently excluded from both datasets because they do not exceed the
significance threshold in the second step of the LWR-Sun. The CT-Taubenbdck is generally less
restrictive than the LWR methods. UMC cells within a ring must stand out positively to be detected as
hUMC cells, but must not be as pronounced as in the LWR approaches. Accordingly, we observe that
distinctive centres/hUMC cells in the urban fringes and the hinterland are still correctly identifiable with

the measured TDX data.

We find that uneven terrain causes a FP detection of hUMC cells based on TDX data. This aligns with
a finding from Geil et al. (2015), who underline that built-up heights are often overestimated by TDX
in areas with steep terrain. The latter can be caused by an insufficient coverage of uneven terrain with
“ground pixels” — the basis for DTM interpolation in Geif3 et al. (2019) — and/or by mislabeled "ground
pixels". Addressing this issue, Geif} et al. (2020) introduced a modified approach that uses a combination
of Sentinel-2 imagery and geospatial vector data from the Open Street Map project in addition to the
morphological filtering for the “ground pixel” detection. The method was tested in Santiago de Chile,
Chile, an urban region with heterogeneous terrain, and could significantly improve terrain height
estimates but was not yet fully developed when we implemented this research. However, we recommend
to test, if it can improve the centre identification in regions with complex terrain in future works where

the required additional data, i.e., Sentinel-2 and OSM data, can be compiled for the area under study.

Despite the challenges, we find intra-urban centre structures to be detected sufficiently based on TDX
UMC data. The polycentricity measures calculated based on both, TDX and LoD-1 centres, indicate
similar patterns: In general, all our study sites display rather monocentric patterns. This reflects the view
that German urban regions are far less polycentric than for instance their counterparts in the US, and

that (sub-)centres in Germany rather complement than replace the functions of the core city (Krehl and
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Siedentop 2018, Miinter and Volgmann 2020, Heider et al. 2022). Berlin is, compared to the other study
sites, by far the most monocentric region when considering the Rank-size-/Primacy index. This can be
explained by the large size of the core city itself and its relatively isolated location with only a few
significantly smaller cities (e.g. Potsdam) in the immediate hinterland. Whether a region is
polycentric/monocentric is often determined considering only few of the largest-ranked centres (here
ten) (Meijers 2008). Smaller centres, for which we found lower spatial agreement between TDX and
LoD-1 (e.g. LWR-Krehl), are thus not included in the calculation of the polycentricity measures.
Accordingly, we witness similar patterns of monocentricity among all centre identification approaches

and data sources.

While our findings highlight the potential of TDX UMC for investigations of intra-urban polycentricity,
some challenges remain: First, the LoD-1 cadastral building model, which builds the reference of our
analysis, is not an unbiased dataset. Due to the federal administrative structure in Germany, different
states use different reference values — e.g. median or mean — to calculate building heights. Additionally,
laser scanning data are not collected with the same sensors everywhere or the building heights are partly
derived with other means (e.g. photogrammetry) (ADV 2012). Although we tried to homogenize the
LoD-1 in advance, some inconsistencies remain. Accordingly, we observe lower Recall/Precision values
in Hamburg/Hanover — both study sites span across Lower Saxony - when applying the LWR
approaches. These discrepancies between TDX and LoD-1 cannot be attributed to the characteristic
underestimations of TDX UMC and are thus, likely resulting from inconsistencies of the LoD-1. Most
of the mismatches between TDX and LoD-1 centres, however, can yet be related to the characteristic
flaws of the TDX data. Hence, we are confident that the LoD-1 inconsistencies had only a minor impact

on our results.

Second, although we aim to highlight the capabilities of TDX UMC for large-scale application, our
study only considers German study sites. This choice is justified by data availability, as we only had
access to LoD-1 data from this country. However, building structures are likely varying across different
geographic regions and thus, may affect TDX UMC estimates differently. Besides, within our study

sites, high relief energy is mainly occurring in the low-density classes (Appendix: E). In other cities,
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steep terrain is likely to be found on a larger range of morphological classes. From our findings, we
cannot infer if and how these properties can affect the detection and analysis of intra-urban centres.
However, we believe that the urban regions considered here are sufficient for a proof-of-concept, i.e.,
that TDX UMC are suitable for examining intra-urban polycentricity based on built-up volumes.
Nevertheless, we suggest to extend our research to urban regions with different geographic context and

heterogeneous terrain in future studies.

Overall, our study shows that TDX data — despite their coarser spatial resolution — enables to map local-
spatial densifications of built-up volumes in comparable detail to what is achievable with LoD-1 data.
Caution should yet be exercised on uneven terrain and sparsely built-up areas, as well as in the choice
of centre identification algorithms. We find these factors can affect the validity of the TDX UMC
estimates and/or detected centres. Despite the remaining challenges and future research needs, we
highlighted the potential of TDX UMC for thematic morphological urban analyses at large scales, such
as those addressing intra-urban polycentricity based on built-up volumes. Furthermore, an application
of TDX UMC for the detection and analysis of centres at higher spatial resolution is conceivable. Not
least, we have shown that a good spatial correspondence between TDX and LoD-1 hUMC cells is still
given at 500 m? resolution. Yet, polycentricity as a specific form of urban spatial structure, is multi-
faceted and should be studied by incorporating information that characterize their different dimensions
(Krehl 2015). The combination of TDX UMC with LandScan data (Dobson et al. 2000), for example,
provides a unique opportunity to meet this requirement and perform multidimensional analyses of intra-
urban polycentricity at large spatial scales in the future. Beyond capturing the physical dimension of
urban spatial structure, UMC data are also considered as proxy for employment figures, which are often
not easily available on large extents (Heider and Siedentop 2020). Although Krehl (2015) has already
demonstrated that a correlative relation between the distribution of UMC and employees exists, we
recommend that future studies examine the spatial dimension of this relationship in more detail. Apart
from these perspectives of further use, TDX data have an inherent drawback: they are not systematically

reproduced over time. Hence, other surrogates for multitemporal analyses must be found.
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