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ARTICLE INFO ABSTRACT
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The representation of extreme precipitation at small spatio-temporal scales is of major importance in urban
hydrology. The present study compares point and radar observations to reanalyse climate model output data for a
period of 14 years where there is full spatial and temporal overlap between datasets. The datasets are compared
with respect to seasonality of occurrence, intensity levels and spatial structure of the extreme events. All datasets
have similar seasonal distributions and comparable intensity levels. There are, however, clear differences in the
spatial correlation structure of the extremes. Seemingly, the radar data is the best representation of a “real”
spatial structure for extreme precipitation, even though challenges appear in data when moving far from the
physical radar. The spatial correlation in point observations is a valid representation of the spatial structure of
extreme precipitation. The convective-permitting climate model seems to represent the spatial structure of
extreme precipitation much more realistically, compared to the coarser convective parameterized model.
However, there is still room for improvement of the convective-permitting climate model for the shortest rainfall
durations and smallest spatial scales in comparison with point and radar data.
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1. Introduction

Many hydrological studies use standardized precipitation data with
daily resolution and decadal kilometre spatial scales for hydrological
impact analyses, e.g. Refsgaard (1997) and Karlsson et al. (2016). This
has led to the construction of large reanalysis datasets (Cornes et al.,
2018), that are generally used for many impact studies. However, as
pointed out by e.g. Berne et al. (2004) and Ochoa-Rodriguez et al.
(2015) urban hydrology applications, in general, require a much higher
spatio-temporal description of extreme statistics of precipitation, due to
the short response time in urban water systems. Understanding and
describing the properties of precipitation in sub-hourly and square kil-
ometre scales remains a challenge, not only when assessing climate
change impacts, but also for the description of the current climate
(Arnbjerg-Nielsen et al., 2013; Thorndahl et al., 2017). A key issue is
that the precipitation-generating mechanism changes when moving
from large-scale to urban scale, from primarily being driven by frontal
movement and orographic effects to the relatively infrequent, but
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important, convective storms at urban scale (Ban et al., 2021). This leads
to substantial differences in spatial correlation distances, ranging from
less than 10 km on precipitation events with durations of 10 min to
several hundreds of kilometres on daily data (Madsen et al., 2002).

The analysis of spatial metrics serves multiple specific purposes
related to urban hydrology. In regional extreme value statistics of
rainfall based on point statistics (e.g. Gregersen et al., 2017; Madsen
et al., 2017) the spatial correlation is applied to certify statistical inde-
pendence between stations. In statistical downscaling of regional
climate models (RCMs) (e.g. Willems and Vrac, 2011) the spatial
structures are important to derive climate indices at the spatial and
temporal scale of the application in question. In application and com-
parison of spatio-temporal rainfall data of different resolutions (e.g.
high-resolution RCM data or radar data) as inputs to hydrological
models (e.g. Ochoa-Rodriguez et al., 2015; Thorndahl et al., 2016). In
the design of urban hydrological systems, the spatial scale is of impor-
tance, e.g. in the use of areal reduction factors (Rosbjerg and Madsen,
2019; Thorndahl et al., 2019; Vaes et al., 2005).
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During the past decade, there has been much attention to the accu-
racy of RCMs with respect to the representation of high-resolution
extreme precipitation. As part of this attention, several new metrics
have been developed and applied with a focus on spatial correlation as a
function of the temporal resolution (Gregersen et al., 2013; Mayer et al.,
2015; Sgrup et al., 2016; Sunyer et al., 2013). Gregersen et al. (2013)
pointed out that the spatial correlation structures observed in the EN-
SEMBLES climate data were very different from the one observed in
point observations. Mayer et al., (2015) compared point measurements
to climate model data with higher resolution and showed a decreasing
error in spatial correlation of extreme precipitation with higher reso-
lution of the climate models. The analysis was performed on climate
models with resolutions from 8 to 70 km and also compared to point
observations. Both Gregersen et al. (2013) and Mayer et al., (2015) base
their analysis on climate models constructed with a parametrization
scheme for convective rainfall, while high-resolution convective
permitting climate models (CPMs) have gained attention more recently
(Kendon et al., 2014), also for Scandinavia (Lind et al., 2020; Olsson
et al., 2021). To the knowledge of the authors, the spatial correlation of
extreme precipitation has not been explicitly assessed for the new CPMs.
However, Thomassen et al., (2021) showed how the general structure of
extreme precipitation in these high-resolution models is indeed very
different compared to the coarser resolution parameterized ones.

Radar data is often compared to point observations for verification
and bias correction purposes (Schleiss et al., 2020; Thorndahl et al.,
2017) and there are examples of studies where the spatial correlation
structure of extremes in radar data is studied (e.g., Thomassen et al.,
2020) and compared to point measurements (e.g., Thorndahl et al.,
2019). Radar data has also recently been used as a basis for downscaling
of re-analysis products to finer, urban relevant, scales (Emmanouil et al.,
2021).

In the present study, we calculate different spatial and temporal
metrics for extreme precipitation and compare point observations, radar
precipitation and high-resolution RCM re-analysis data for the same
region and period. Extreme precipitation events are defined for each
duration from the series of event based maximum intensities by
including intensities above a pre-defined threshold level corresponding
to approximately three events per year in accordance with previous
studies using the same data (Madsen et al., 2017). This enables a sys-
tematic evaluation of accuracy with respect to the magnitudes and
annual variations of the extremes, as well as the spatial correlation
patterns for different temporal resolutions. In particular, the aim is to:

1) validate the metrics between point rainfall and radar products and
identify if and how much extra information radar data provide
compared to the point observation dataset with respect to the spatial
extent of extreme events, and

2) assess how well high-resolution RCMs are able to model this
observed spatial behaviour of extreme precipitation events.

2. Data and methods
2.1. Data

This study compares observational point measurements from tipping
bucket rain (POINT), bias-corrected records from a weather radar
(RADAR), and reanalysis data from two high-resolution regional climate
models, one being a traditional RCM while the other is a CPM. Only data
covering the same spatial and temporal domain is included in the
analysis to ensure full comparability, leading to analysis of datasets of
14 years duration (2005 to 2018) on a spatial domain of land cells in
south-eastern Denmark approximately 120 km (lat) by 175 km (lon)
(Fig. 1). Both the RADAR and the RCM models have extensive periods
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Fig. 1. Spatial distribution of data points in the south-eastern part of Denmark
(Zealand and southern islands) from the four datasets included in the analysis;
tipping bucket rain gauge (POINT - blue), CPM at 3 km resolution (CPM - red),
RCM at 12 km resolution (RCM - green) and bias-corrected weather radar
(RADAR - yellow). The crosses mark the locations of the gauges or grid points
used from each of the individual datasets in the analysis. The red star in the
RADAR data set marks the location of the radar (near Copenhagen). (For
interpretation of the references to colour in this figure legend, the reader is
referred to the web version of this article.)

with very low precipitation intensities, known as drizzle, that lead to an
unreasonable distribution between wet and dry periods as well as pro-
hibits an easy separation into precipitation events. Therefore, drizzle
thresholds are applied to this data in the analysis as outlined below. This
way all data products have around 200 precipitation events per year at
each data point. From these events the extreme events are selected,
assuming an independence criterion based on dry weather periods
(Madsen et al., 2017). The area is rather homogeneous with respect to
precipitation, with mean annual precipitation ranging from 550 to 750
mm. The landscape is flat and homogeneous compared to international
standards, with altitudes ranging from O to 120 m above sea level.

The POINT data have a resolution of 0.2 mm and 1 min and are from
The Water Pollution Committee of The Society of Danish Engineers rain
gauge network (Gregersen et al., 2013; Madsen et al., 2017). For the
defined spatial and temporal domain there are 34 stations with full data
coverage used for this study. The quality control is outlined in Jgrgensen



E.D. Thomassen et al.

et al., (1998) and only shorter periods of data are missing from indi-
vidual gauges in the period. Despite the uneven clustering of POINT data
(Fig. 1), this dataset is used in the common Danish dimensioning prac-
tice for urban sewer systems by applying a regional model as outlined in
Madsen et al. (2017).

The RADAR data is based on a single C-band radar located at Stevns
(approximately 50 km south of Copenhagen) operated by the Danish
Meteorological Institute (DMI). The radar data is remapped from a polar
to a Cartesian grid in a 500 m by 500 m resolution and in this study
limited to a range of 100 km from the location of the radar. Due to the
radar’s beamwidth and angular resolution of 1 degree, and gated range
bins of 500 m, a true 500 m by 500 m resolution is only valid until a
range of approximately 30 km from the radar. The radar data is therefore
slightly oversampled in azimuth in ranges from 30 to 100 km. Based on
the volume scans consisting of nine elevation scans (0.5 degree to 15
degree) a pseudo-CAPPI product is generated at a fixed altitude of 1 km.
The rainfall product is therefore a composite of multiple elevations scans
up to a range of approximately 70 km. In ranges larger than 70 km the
lowest elevation scan (0.5 degree) is applied and the radar observations,
therefore, exceeds the 1 km altitude. The temporal sampling is per-
formed in 10-minute intervals. An advection interpolation procedure
applying the method described in Nielsen et al. (2014) transforms the
data to a temporal resolution of 1 min. The dataset is quality controlled
and mean-field bias-adjusted on daily rain gauge data using the method
described in Thorndahl et al. (2014). A total of 96 rain gauge stations is
used for the bias adjustment. These stations have a heterogeneity in the
spatial distribution and more rain gauge stations are available in the last
part of the data period than in the first part. However Thorndahl et al.
(2014) argue that this is of minor importance for the overall mean-field-
bias adjustment in analysing events with daily rainfall>5 mm as is the
case in this study. The same radar data has been evaluated with regard to
the estimation of heavy rainfall in Schleiss et al. (2020). A drizzle
threshold of 0.1 mm/hr is applied and rain intensities below this
threshold are considered as no rain. Section 3.4 provides a detailed
discussion on how the nature of radar data (such as range and elevation)
and data processing affects the precision of estimated rainfall intensities
and derived spatial correlation metrics. In this study, the data set is
limited to 1500 randomly selected cells within the selected domain
(Fig. 1, RADAR). Rather than selecting cells by a structured grid
resampling, we apply random sampling to ensure neighbouring and
close proximity cells to be included in the spatial correlation analysis.

Both reanalysis datasets (RCM and CPM) are based on the Harmonie
Climate model system, HCLIM cycle 38 (Belusic et al., 2020) using two
different physics packages, which allows completely different model
data to be created with the same overall model system: ALADIN (RCM)
and AROME (CPM) (Termonia et al., 2018). RCM has a 12 km spatial
and one-hour temporal resolution with a convective parameterization
scheme. CPM is “convective-permitting” with only shallow convection
being parameterized while deep convection is non-parametrized due to
the grid size. CPM has a 3 km spatial and 15-minute temporal resolution
(Lind et al., 2020). In this study reanalysis model output data driven by
ERA-Interim is used (Dee et al., 2011). RCM is directly downscaled from
ERA-Interim, while CPM is downscaled from RCM and is hence double
nested. Model data is available in a Fenno-Scandinavian domain (Lind
et al., 2020) and data points within the study area are selected based on
a land-sea fraction above 40%. A drizzle threshold of 0.2 mm/hr is
applied to both model datasets, considering intensities below this
threshold dry.

2.2. Methods
2.2.1. Sampling of extreme events

For each data record, the most extreme events are sampled using a
Peak Over Threshold method with a flexible threshold resulting in 3
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events per year on average (Gregersen et al., 2013; Madsen et al., 2002).
Each station and grid point is sampled individually resulting in the same
number of events per year for each sampling point. This way results are
comparable across different data types (Gregersen et al., 2013; Mayer
et al., 2015).

Individual event intensities are sampled for eight rainfall durations
between 15 min and 48 h (15, 30, 60, 180, 360, 720, 1440 and 2880
min). Events are considered independent if there is a dry period between
them of at least the same length as the rainfall duration considered; i.e.
for 1440 min extremes, individual events have to be separated by at least
1440 min of dry weather, this is in accordance with previous studies (e.
g. Gregersen et al., 2013; Madsen et al., 2009; Madsen et al., 2002).

2.2.2. Magnitude and seasonal variation of extreme events

The magnitude of the extreme events is compared between the four
datasets (POINT, RADAR, RCM and CPM) by a simple calculation of
intensities for relevant return periods. As the different datasets represent
the same actual observed weather, the full record length is used for this
with the return period, T, calculated using the median plotting position:

N+04
r= rank — 0.3 M
where N is the length of the time series and rank is the rank of the
extreme event.

The seasonality of the extremes is determined by a division of the
sampled extreme events based on their season of occurrence. This allows
for a determination as to whether the sampled extremes follow the same
seasonal pattern in the different datasets.

2.2.3. Unconditional spatial correlation of extreme events

The unconditional spatial correlation, p, is determined for all data-
sets based on the methodology of Mikkelsen et al., (1996). This measure
describes the concurrence of extremes for any given duration, and is,
hence, often interpreted as the spatial correlation of the meteorological
phenomena. The unconditional spatial correlation measure was first
derived in Mikkelsen et al. (1996), but here a shorter presentation is
given, based on the description in Gregersen et al. (2013).

The first step is to pair events for the two separate locations, denoted
A and B, respectively. A stochastic variable U is defined and given the
value of 1 if the two events are concurrent, and O if they are not.
Concurrency is defined by considering a time window (or lag time)
relative to the start time of each of the exceedances. If there is an ex-
ceedance at the other station within this lag time U takes the value of 1,
and 0 otherwise. Both Mikkelsen et al (1996) and Gregersen et al (2013)
apply a lag time of 11 h. Since the effect of the lag time length has not
been tested in previous studies, we investigate the effect of different
maximum lag times between 0 and 48 h in the POINT dataset.

The second step is then to calculate the unconditional covariance,
accounting also for extreme events at the two sites that are not con-
current. Mikkelsen et al (1996) show that this corresponds to calculating
the correlation between the mean values of the exceedances, Z4 and Zg,
respectively, and derives the following equation for this covariance:

Cov{Zs,Zs} = Cov{E{Z\|U}, E{Z|U} } + E{Cov{Zs, Zs|U} } @)

Finally, the correlation of extremes between two observation points
is calculated by dividing the covariance of the extremes with the product
of the sampling standard error, o4 and o3 at these points:

Cov(Z4,Zg)

= A B 3
Pas 0105 3

The correlation is aggregated in bins of similar distances and is
assumed to decay exponentially as a function of spatial distance. We use
bins for every 10 km distance for this study, where for each the mean
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correlation and distance is determined. Based on these results and the
number of individual correlation pairs in each bin, we fit a two-
parameter exponential function:

(+)
p=e 4

The two parameters, o and }, are necessary in order to secure full
correlation at distance d = 0 km. Finally, we compute the e-folding
distance based on these exponential functions; i.e. the distance by which
the correlation is decreased to p = 0.37 of the initial correlation (e.g. Ha
et al., 2007). This simple metric enables a simple comparison between
different durations and data products and compared to the sampling
uncertainty gives a sufficiently accurate description of the spatial
correlation.

3. Results and discussion
3.1. Magnitude of extreme rainfall intensities

The simple comparison of intensity distributions for extremes for
different return levels between the four datasets indicates substantial
differences (Fig. 2). The coarser climate model data (RCM) clearly have
lower intensities across all scales and return periods. This is following
the conclusions of previous studies (Gregersen et al., 2013; Mayer et al.,
2015; Vaes et al., 2005). The high-resolution climate model data (CPM)
on the other hand shows intensities very close to the ones observed for
both point observations (POINT) and radar (RADAR) data. This supports
previous studies showing how rainfall in these types of models overall
behave more like observations compared to coarser models (Médus
et al., 2022; Olsson et al., 2021; Thomassen et al., 2021). The RADAR,
CPM, and RCM results all indicate a tendency towards a flattening of the
IDF-curve for short durations, most likely due to the spatial represen-
tation of these datasets versus the POINT observations. This scaling error
between point and area has been documented by many authors (Ciach
and Krajewski, 1999; Peleg et al., 2018; Thorndahl et al., 2019; Wang
et al., 2015). Thorndahl et al. (2019) implement a simple duration-
dependent bias correction, to overcome the problem, but in the spatial
analysis (section 3.3), such a correction will have no effect. This is due to
the fact that the estimated spatial correlations are based on relative
measures for each duration and return period, and therefore

Return levels
T =5 years

101_

1004
0
S0 : — 1 : :
2 T =1 years T = 0.33 years - Threshold
@
c
2 —— POINT
= 1]
£ 10 — CPM
— RCM

100 4

1071 4

Duration [min]

Fig. 2. Intensity distributions for the four datasets (POINT, RADAR, RCM and
CPM) for different return periods. The dashed lines represent the min/max
boundaries of all stations or grid points for each dataset (see Fig. 1), and thus
represent the spatial variability.
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independent of the magnitude of the rainfall intensities. It could, how-
ever, be relevant to include the bias correction, if a relationship between
rainfall duration and spatial correlation should be established, but this is
beyond the scope of the present paper.

From Fig. 2 a larger variability of the intensity distributions (dashed
lines) are found for the RADAR data and the CPM data in comparison
with the two other datasets. A reason to explain this is not found in the
data values itself, but rather in the inhomogeneity of data density for
each dataset (POINT: 35 data points and RCM: 74 data points versus
RADAR: 1500 data points and CPM 1074 data points).

3.2. Seasonality of extremes

The seasonal distribution between the sampled extreme events is
very similar between the four datasets across all event durations (Fig. 3).
This is expected because the analysis is based on observations and re-
analysis of the same years. The resolution and data density does not
seem to influence the seasonal distribution significantly. As expected,
short-duration extreme events include a very large fraction of summer
events, and even though the fractions drops for longer duration events,
summer events remain the major fraction across all durations. For du-
rations of 12 h or more, the fall season also starts to contribute a larger
fraction of the extreme events, while the winter and spring seasons have
low occurrences of extremes for all durations and datasets. In a prior
study of coarser scale climate model reanalysis (Sunyer et al., 2013), the
seasonal distribution of extreme rainfall intensities is more uniform.
Since, in this case, the RCM model shows the same tendency in seasonal
distribution as the other higher-resolution datasets, the confidence in
the RCM model’s ability to simulate extreme rainfall and inter-seasonal
changes is strengthened.

Seasonal distribution

15 min 30 min
75% | mEm POINT
N CPM
50% - 1 EEE RCM
RADAR
25% - 1
0% -

60 min 180 min
75% 1
50% 1
25% 1
[
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25% 1
0% - - d :
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r

0% -

Winter Spring Summer  Fall Winter Spring Summer  Fall
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Fig. 3. Seasonal distribution of sampled extreme events for the four datasets
(POINT, RADAR, RCM and CPM). Extreme events are sampled by the maximum
intensity for durations ranging between 15 and 2880 min. For each duration,
the percentages for each dataset equals 100% across all seasons.
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3.3. Unconditional spatial correlation

As described in section 2.2.3, the correlation is calculated for each
pair of gauges/grid point for each dataset and duration, these are binned
according to distance between the gauges/grid points, and an expo-
nential function is fitted in order to describe the correlation and calcu-
late the e-folding distance. Fig. 4 illustrate this process for the POINT
dataset for a duration of 1440 min. In the remainder, we will only report
the fitted functions and the e-folding distances.

First, we test the influence of lag time on the unconditional spatial
correlation of the POINT dataset. The lag time is used to separate indi-
vidual events in space and time. If the time between the end of an event
at one location and the start of an event at another location, is less than
the lag time, the event is considered to belong to the same storm system,
and therefore, the events are paired and given the value U = 1, i.e.
equation (2). On the other hand, if the time between the two events
exceeds the lag time, they are considered belonging to two different
storm systems and thus not paired, i.e. given a value of U = 0. The start
and end times of the individual events are estimated from the moving
average over the duration in question. For a continuous rain series, the
point in time where the time-averaged intensity becomes zero marks the
end of an event, and correspondingly the shift to a positive intensity
marks the start of an event. For radar and climate model data, the time-
averaged intensities below the drizzle threshold are given a value of
zero.

The spatial correlation is calculated for different lag times between
0 and 48 h for durations between 15 and 2880 min for the POINT dataset
(Fig. 5). The results show that only the lag time of 0 h is different from
the other lag times and only for longer duration events. This means that
only if there is a strict requirement of exact overlap in time of occur-
rence, it will have an impact on the calculated spatial correlation. All
requirements allowing for some lag time between the points lead to the
same estimates of spatial correlation. Hence, the lag time is concluded to
be a parameter with less influence on the result, as long as the case area
is as limited as in the present study.

The unconditional spatial correlations are subsequently calculated
for all four datasets across the full range of durations using a lag time of
11 hin accordance with previous studies (Fig. 6). For durations between
15 and 1440 min, the results between POINT and RADAR are very
similar (see also the e-folding distances in Table 1). Likewise, the results
between RADAR and CPM are very similar between 360 and 2880 min.
The RCM dataset seems to have generally higher correlations as a
function of distance independent of the duration. This is most likely due
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Fig. 5. Fitted unconditional spatial correlation for the POINT dataset for seven
different lag times ranging from O to 48 h. The different unconditional spatial
correlation curves visualise the sensitivity of the lag time parameter used to
correlate events between stations.

to the RCM’s parameterisation of convective rainfall (non-convective
permitting) and is much in line with observations from previous studies
which showed that coarser resolution data generally resulted in longer
correlation distances (Gregersen et al., 2013; Mayer et al., 2015). The
POINT dataset produces somewhat longer correlation distances for
2880 min events compared to RADAR and CPM. There can be two ex-
planations for this. One likely explanation is that this is the result of the
physical placement of rain gauges in POINT where there only exist very
few possible pairs of gauges with +100 km distance separation. This

Spatial correlation data for POINT 1440 minutes duration
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Collection in bins

Fitted function
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Fig. 4. Illustration of how 561 individually calculated spatial correlations between pairs of gauges (left) are transformed into correlation functions described by
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Fig. 6. The fitted unconditional spatial correlation for the four different data-
sets (POINT, RADAR, RCM and CPM). For RCM the correlation is only
computed for 60 min and above due to the temporal resolution of this dataset.
Extreme events are sampled by the maximum intensity for durations ranging
between 15 (top left) to 2880 min (bottom right). A lag time of 11 h is used to
correlate events between stations or grid points.

likely influences the result for these long-duration events, as they have
to be measured as extremes in exactly these points compared to the high-
resolution gridded datasets (RADAR and CPM) where the extreme “just”
has to be measured somewhere at either end of the map to match in
correlation. Another reason may be orographic impacts, since the pre-
cipitation gauges measure at ground level while the radar measures 1
km above ground where the orographic impacts are negligible, given the
relatively moderate topography of the area. A previous study supports
the second explanation (Gregersen et al 2013).

In general, the RADAR dataset shows a consistency of the correla-
tions across all durations which indicates a good description of the
actual rainfall behaviour and less impact of spatial and temporal reso-
lution in comparison with CPM and RCM. The consistency across du-
rations was also studied by Thorndahl et al. (2019) who developed a
relationship between areal reduction factor (ARF) and duration based on

Table 1
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radar data. Even though they derived areal reduction factors from a
dataset with more events included and applied a storm-centred
approach rather than an area-fixed approach (i.e. fixed locations, as
applied in this study), the conversion from ARFs to e-folding distances
shows very similar results (Table 1).

As described earlier, the RADAR dataset is influenced by the range
from the physical radar location both in terms of the derived resolution
as well as the altitude of observations in the atmosphere. In section 3.4
the range dependence is studied in more detail.

From Fig. 6 it is seen that the observed products (POINT and RADAR)
are clearly the better of the four at describing the spatial structure of
rainfall extremes at the sub-hourly to hourly time-scale. This is likely a
combination of their superior spatial and temporal scales, which is much
more likely to capture the detailed behaviour of convective storms. In
contrast, the two re-analysis products (CPM and RCM) only start to
perform well at temporal scales that are somewhat higher than their
native time scales (15 and 60 min). For the CPM this occurs at the 60 to
360 min scales, whereas the RCM doesn’t perform reasonably before the
1440 min scale. In contrast, the performance of the POINT datasets
seems to decline for the longest duration (2880 min) where longer
correlation distances are expected but these are poorly calculated due to
very few pairs of gauges at long distances. Based on these observations,
the corrected RADAR dataset seems to be the most consistent across
scales, but the POINT dataset can be used when short durations and
small spatial scales are considered, and, in contrast, the CPM seems very
credible in situations where the sub-hourly scale is not of importance.
The RCM preforms poorly at the accessed scales, but with its coarse
resolution the dataset is never really applicable in urban hydrology.

3.4. Subdivision of the RADAR dataset according to distance from the
radar

To test the influence of the procedures behind the RADAR pseudo-
CAPPI product described in Section 2.1, the RADAR dataset is sub-
divided according to the distance from the radar. A threshold distance of
63 km is used as this results in two bins of almost equal sizes (754/746
grid points) and because this choice also enables a separation into a bin
with a constant altitude and a bin with a gradually increasing altitude of
the lower scans due to the Earths curvature (Fig. 7).

The two subdivisions have very similar intensity levels for the
different return periods (Fig. 8) which is a result of the mean-field bias-
adjustment of the dataset. In contrast to this, the spatial correlation
between the two subdivisions is very different (Fig. 9, Table 1). The
difference in spatial correlation between the POINT dataset and the
RADAR observed for 2880 min duration using all RADAR grid points
becomes more pronounced using only grid points in close proximity to
the radar. Using only grid points close to the RADAR (<63 km), a shorter
e-folding distance (Table 1) in the RADAR dataset compared to the
POINT dataset, is found for durations above 720 min.

From the grid points far from the RADAR (>63 km) the correlation is
significantly different with longer correlation distances above 360 min

e-folding distances [km] for the four datasets (POINT, RADAR, RCM and CPM); also, (1) data from a previous calculation based on the POINT dataset for all of Denmark
performed in Gregersen et al. (2013) is displayed and (2) data from splitting the RADAR dataset according to distance from the radar as discussed in the following
section. The column RADAR-ARF (3) shows derived e-folding distances from a previous study on storm-centred areal reduction factors using the RADAR dataset

(Thorndahl et al., 2019).

Duration POINT POINT-DK? CPM RCM RADAR <63 km RADAR? > 63 km RADAR? RADAR-ARF®
15 min 2 21 4 4 4 5

30 min 4 20 5 5 6 6

60 min 7 5 19 50 8 7 10 8

180 min 12 18 22 51 12 11 22 11

360 min 19 23 52 20 14 53 14

720 min 23 24 28 57 28 18 70 18

1440 min 34 37 34 57 29 24 49 23

2880 min 46 37 62 32 27 50 29
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Fig. 7. Subdivision of the RADAR dataset according to distance to the radar. A
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the radar (near Copenhagen) is marked with a star.
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Fig. 8. Intensity distributions for the two subdivisions of the RADAR dataset

(Fig. 7) for different return periods. Dotted lines represent the full spatial
variability within each dataset.

(Fig. 9). The increase in radar beam elevation at larger ranges than 70
km, as an artefact of the pseudo-CAPPI construction, might result in
larger correlations in higher elevations than closer to the ground. This
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Fig. 9. Fitted unconditional correlations for the two different sub-sets of the
RADAR dataset and the POINT dataset. Extreme events are sampled by the
maximum intensity for durations ranging between 15 (top left) to 2880 min
(bottom right). A lag time of 11 h is used to correlate events between stations or
grid points.
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Fig. 10. Differences in the distribution of interstation/pixel distances between
correlation pairs for the POINT dataset and the two subsets of the RADAR
dataset, shown in Fig. 7. The percentages of each dataset equals 100% across all
10 km-bins.

might result in that it is the general frontal movements, which are
captured rather than the actual measured rainfall at ground level.
Another explanation is the difference in the distribution of correla-
tion pairs behind the e-folding estimation (Fig. 10). Where the POINT
dataset is dominated by pairs of stations with short distances apart (<20
km) the RADAR data close to the RADAR (<63 km) has the most pairs in
the range 20-80 km. Whereas, the RADAR data far from the radar
location (>63 km) has a more uniform distribution out to 150 km. This
implies that the weights shift towards longer distances from (i) POINT to
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(ii) close to RADAR to (iii) far from RADAR. Despite this shift, the grid
points close to the RADAR still exhibit the shortest correlation distances
for the long durations even compared to the POINT dataset (Fig. 9).

Another difference that can be attributed to the pseudo-CAPPI
product regards spatial resolution. The spatial resolution of the radar
data product is, despite the 500 m by 500 m resolution, in reality,
coarser further away from the radar (as explained in Section 2.1). This
might affect the correlation distances where sampled extremes span
more neighbouring pixels which are sampled from the same native
RADAR signal. This, in principle, creates stronger correlations between
extremes at the far edges of the RADAR dataset as the weight of a group
of cells, measuring the same, will be higher than for individual cells
closer to the RADAR. Estimation of correlation metrics at the far RADAR
range is obviously only valid in cases where there is meaningful pre-
cipitation data above the lowest beam that can be extrapolated to the
ground.

The attenuation of the radar signal as a function of range is not
considered a reasonable explanation since we do not see a difference in
the rain intensity statistics depending on range (Fig. 8).

All in all, we can conclude that the estimated spatial correlations
based on the subdivided RADAR dataset, shows a clear influence of
range due to the nature of data and data processing underlying the
RADAR pseudo-CAPPI product, and that the same is not the case for the
intensity statistics. Since the range dependency can be caused by mul-
tiple factors, we refrain from concluding which factor, or combinations
of factors, that are most plausible. We limit the conclusion of this section
by acknowledging that the subdivisions of the RADAR dataset has shown
substantially differences between the correlation metrics, which in-
dicates benefits of treating the subdivided RADAR datasets separately.
Generally, this emphasize the necessity of awareness to data properties,
especially as function of range, for practical radar data application.

4. Conclusion

The maximum rainfall intensities and their seasonal variation are
more or less in agreement for all four analyses. The re-analysis data in
the coarsest resolution (RCM) is slightly underestimating the most
extreme intensities for short durations, but overall structure and find-
ings are in agreement across datasets.

The commonly used metrics for describing spatio-temporal proper-
ties are robust to the sensing method, i.e. a dense rain gauge network
and radar both show the same maximum intensities across relevant
durations and overall also the same correlation structure. Thus, calcu-
lating spatial correlation structures from point observations represent a
fair estimate of the structure, assuming that the radar data has the
“closest-to-reality” structure of the undisturbed precipitation patterns.

The study further indicates that the correlation structure derived
from the RADAR data is dependent on the distance from the physical
radar itself. The range dependence is a result of the nature of RADAR
data and data processing and is dominant at ranges larger than 63 km.
The latter has been used as a convenient measure for subdividing the
RADAR data into short and long ranges from the radar. The actual range
dependence is most certainly not fixed to a specific transition range
(such as 63 km), but a complex range function depending on scanning
routine, beam elevation, and data processing.

Despite the identified range dependence, the subdivided RADAR
datasets show similar correlation length structures for the shortest du-
rations. For longer durations the RADAR data <63 km from the radar
has shorter lengths than the data >63 km from the radar, with greater
agreement with the full RADAR dataset. The different correlation length
structures in the subdivided RADAR dataset indicates that these datasets
could be treated separately. The most important result is, however, that
both observational datasets (POINT and RADAR) agree on the correla-
tion length structure for short durations. This make it possible to
conclude that the point observation used in the Danish standard method
for dimensioning urban sewer systems are sufficient for describing the
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spatial structures for short durations. The spatial structure exhibited by
the RADAR data shows that this could be a valuable addition to the point
data because the spatio-temporal characteristics are so close to each
other that integration should be relatively straightforward.

The study indicates that the spatial correlation lengths of high-
resolution climate models (CPM) are closer to the metrics calculated
on measured data than typical RCMs, but that the correlation distances
for short durations are still too long, and with insufficient ability to
reflect differences between different durations. Despite a clear
improvement in spatial correlation structure between the convective
parametrized RCM model and the convective-permitting CPM model,
improvements for short duration spatial structures are still needed.
However, the convective permitting models seem to represent extreme
rainfall much more realistically at the event level for spatio-temporal
resolutions relevant for urban hydrology. This indicates that an
increasing resolution of the convective permitting CPM could solve the
problems shown here in reflecting spatial differences between different
resolutions. In the long-term perspective, this will decrease the need for
further downscaling of climate model output, before calculation of ex-
pected climatic changes of relevance for impacts in this domain.
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