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Abstract. Weather radar is a crucial tool in rainfall estimation
::
for

::::::
rainfall

::::::::::
observation

:::
and

:::::::::
forecasting, providing high-resolution

estimates in both space and time. Despite this, radar rainfall estimates are subject to many error sources – including attenuation,

ground clutter, beam blockage and the drop-size distribution – with the true rainfall field unknown. A flexible stochastic

model for simulating errors relating to the radar rainfall estimation process is implemented, inverting standard weather radar

processing methods, imposing path-integrated attenuation effects, a stochastic drop-size distribution field, along with sampling5

and random errors. This can provide realistic weather radar images, of which we know the true rainfall field, and the corrected

‘best guess’ rainfall field which would be obtained if they were observed in the real-world case. The structure of these errors

is then investigated, with a focus on frequency and behaviour of ‘rainfall shadows’. Half of simulated weather radar images

have at least 3% of significant rainfall rates shadowed and 25% had at least 45km2 containing rainfall shadows, resulting in

underestimation of potential impacts of flooding. A model framework for investigating the behaviour of errors relating to the10

radar rainfall estimation process is demonstrated, with the flexible and efficient tool performing well at generating realistic

weather radar images visually, for a large range of event types.

1 Introduction

Precipitation is extremely difficult
::::::::::
challenging to measure accurately, due to its intermittent nature, spatio-temporal variabil-

ity, and sensitivity to environmental conditions (Savina et al., 2012). For urban hydrology weather radar plays an increasingly15

important role in quantitative precipitation estimation, due to the high spatio-temporal resolution of information needed (Thorn-

dahl et al., 2017). The small size of urban catchments and the intended hydrological applications – particularly for real-time

or near real-time – require information about precipitation fields at small temporal and spatial scales, from 1–10 minutes and

1–5km, respectively (Berne et al. 2004, Ochoa-Rodriguez et al. 2015, De Vos et al. 2017, Thorndahl et al. 2017, Shehu and

Haberlandt 2021).20

Despite the suitability of weather radar for obtaining high-resolution rainfall estimates, there are many sources of error in the

estimation process, with different sources of uncertainty reviewed in numerous studies (Michelson et al. 2005, Meischner 2005,

Villarini and Krajewski 2010, Ośródka et al. 2014, Ciach and Gebremichael 2020). Errors include radar calibration and stability

problems; contamination by clutter and anomalous propagation; occultation;
::::::::::::::
beam-broadening

:::::
effect

::::
with

:::::::::::
non-uniform

:::::
beam
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:::::
filling;

:
attenuation and assumptions made about the drop-size distribution (DSD) (Marshall and Palmer 1948, Harrison et al.25

2000). Some error sources can be corrected for, such as bias and systematic errors, ground clutter (Gabella and Notarpietro

2002, Ventura and Tabary 2013, Li et al. 2013) and attenuation (Nicol and Austin 2003, Krämer 2008, Jacobi and Heistermann

2016), resulting in significantly improved reliability. Correction procedures are often limited, due to the cumulative nature of

errors from a superposition of different sources, with complex approaches showing only modest improvements to estimates.

Information on the rainfall field is lost, irretrievable, and we do not even know how often this happens.30

There is therefore an ongoing need to account for errors in the radar rainfall estimation process (Villarini and Krajewski

2010, Seo et al. 2018) and uncertainties should be acknowledged and modelled (Ciach et al. 2007, Gires et al. 2012, Villarini

et al. 2014, Rico-Ramirez et al. 2015). The poor quantification of uncertainties was highlighted as a fundamental issue in

AghaKouchak et al. (2010a), expanded in AghaKouchak et al. (2010b). An error model described in Hasan et al. (2014) found

uncertainties were easily identifiable for unbiased ZR-relationships, incorporating radar reflectivity uncertainties in Hasan35

et al. (2016). Variograms were used to representing radar rainfall uncertainties Cecinati et al. (2017), eliminating the need for

a covariance matrix for faster and more flexible calculation of the spatial correlation of errors. Uijlenhoet and Berne (2008)

created a stochastic model of range profiles for the DSD, using a Monte Carlo framework (Berne and Uijlenhoet, 2006) to

estimate uncertainties using two attenuation correction schemes. Yan et al. (2021) imposed random and non-linear radar errors

on simulated rainfall fields, with ZR-relationship errors appearing to have little influence overall.40

Error quantification is challenging and errors propagate into future estimates for any model which requires rainfall as an

input. The fundamental limitation in radar correction
:
is
:
that the ‘true’ rainfall field is not available for comparisons. In this

study, the aim is to work backwards to obtain an estimate of the uncertainty in the radar rainfall estimation process. Using a

new model for simulating realistic space-time rainfall event fields with a high resolution (matching that of a U.K. standard C-

band weather radar) (Green et al., 2023), clustered parametrisation based on radar rainfall events extracted from the U.K. Met45

Office operated High Moorsley weather radar. These simulation outputs are treated as the ‘true’ rainfall field. Errors relating

to each step of the radar rainfall estimation process are then imposed on the simulated rainfall field, to obtain an ensemble of

spatio-temporal error fields for each event, in a stochastic manner, forming a superposition of different error sources. This is

done by inverting standard radar processing methods, allowing the identification of the frequency of occurrence and extent of

the loss of important information.50

In this study, the data and study area are first discussed, as well as the simulation methods applied to obtain realistic space-

time rainfall fields in Sect. 2. The methodology for the radar error model is then outlined in detail in Section
::::
Sect.

:
3, with

detailed explanations for each step of the model. Example event results are discussed in Section ??
::::
Sect.

::::::
4.2–4.5, with more

general results based on event images given in ??.
::::
Sect.

:::::::
4.1–4.4. A discussion and conclusions are given in Section

::::
Sect. 5,

with model limitations, potential for generalisation and future work also discussed.55
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2 Data

An ensemble of realistic rainfall events are used, generated using the clustered rainfall model outlined in Green et al. (2023).

This model uses Fast Fourier Transform (FFT) methods to ef�ciently generate three dimensional rainfall event �elds with a

high-resolution matching that of radar data (1km, 5min) for a200� 200km domain. Events have prescribed properties, includ-

ing the correlation structure, spatial anisotropy, spatio-temporal anisotropy, marginal distribution, non-zero rainfall proportions60

and advection. The model is used with multidimensional scaling and hierarchical clustering to parametrise rainfall event sim-

ulations, for 100 rainfall events.

A year of processed dual-polarisation C-band weather radar data, from the High Moorsley weatherradar (north east

England)aspart of the Met Of�ce radarnetwork is used. This datasetis used
:
is

:::::
used to parametrise simulations of real-

istic space-time rainfall �elds.
:::
This

::
is

::::::::
obtained

::::
from

:::::
High

::::::::
Moorsley

:::::::
weather

:::::
radar

:::::::::::::::
(Met Of�ce, 2003)

:
,

::::::
located

::::
near

::::::::
Durham,65

:::::::
England

:::
(54�

:::::::
48'20”N,

::::
001� 28

:::::::
'32”W),

::::
with

::
a

:::::::::
wavelength

::::
and

:::::::::
frequency

::
of

::::::
5.3cm

:::
and

:::::::
5.6GHz

:::::::::::
respectively.

::::
This

::::::::
operates

:::::::
between

:
5

::::::::
elevation

::::::
angles

:::::
0.5–2

:::::::
degrees,

::::
with

:::
one

::::::
degree

:::::
beam

:::::
width,

::::::
taking

:
a
::::
scan

::
at

:::::
each

:::::::
elevation

::::::::::::
approximately

:::::
every

::
5

:::::::
minutes.

3 Radar error model

This section outlines a novel model for imposing errors in the radar rainfall estimation process on a rainfall �eld, focusing70

on four main error sources: random noise effects, attenuation effects, DSD error and sampling through estimation variance.

Sections 3.1–3.3 describe the error model in more detail, outlined in Fig. 1, written in Python. While the model is by no means

comprehensive, random error is includedin themodel. This is designed to provide a framework for investigating the impact of

these errors, improving understanding of the estimation process.

3.1 Reprojecting to polar coordinates75

The simulated rainfall �elds are given on a regular three-dimensional Cartesian grid. To apply radar processing methods

in reverse, the data must be reprojected into a polar coordinate system. Using nearest neighbour interpolation methods, the

Cartesian grid is converted into polar data

Z (t;x;y ) ! Z (t; �; r ) (1)

for ray angles� = 1 ;2; : : :360 with ray binsr = 1 ;2; : : :167 of width 600m and average elevation angle of 1 degree. This80

mirrors the radar con�guration of the High Moorsley weather radar, used for parametrisation. The different elevation angles

and difference in sampling sizes of pixels are incorporated through the use of estimation variance in Sect. 3.5.

3.2 Attenuation effects

A constrained gate-by-gate approach is applied to estimate the path-integrated attenuation (PIA) for each radar ray by inverting

standard forward attenuation models (Krämer and Verworn 2008, Jacobi and Heistermann 2016). Inverting the process gives85
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Figure 1. Schematic for imposing the radar error model on simulated rainfall �elds,
:::::::
outlined

::
in

::::
more

::::
detail

::
in

::::
Sect.

::::::
3.1–3.5

an estimated attenuated re�ectivityZ i rate for thei th bin of width� r as

Ẑ i = Z i;corr �
i � 1X

j =0

k̂j k̂i = c

2

4Zcorr;i + (2� r � 1)
i � 1X

j =0

k̂j

3

5

d

(2)

for constantsc andd. This results in a realistic radar image of attenuated re�ectivity in a polar coordinate system at each time

step of the event, denoted byZcorr (t; �; r ). Using the scheme described above,
::
for

::::::
rainfall

::::::::
intensity

::::
R(t)

::
at

::::
time

:
t we get a PIA

estimateP IA (t) of90

~R(t) =

8
><

>:

R(t) � P IA R (t ) (t); if R(t) � P IA R (t ) (t)

0; otherwise.
(3)

(4)

whereP IA (t) = f f R(t)g is a function based on the estimation algorithm outlined in Jacobi and Heistermann (2016).

3.3 Random noise effects

When considering empirical variograms for weather radar images, Pegram and Clothier (2001) found 10% of the variability95

in images corresponded to nugget effects, highlighting the need for random noise effects in radar pixel simulations. This noise

is also evident in the marginal distributions of radar images, with the full year and an example `dry' day image for the High

Moorsley weather radar given in Fig. 2, showing a large number of values in the range� 32–0dBZ. Although rainfall rates

4



of less than 0.01mmh� 1 are hardly noticeable in terms of rainfall accumulations, this high density of low re�ectivity rates in

radar images may have a signi�cant effect on attenuation estimates along the radar rays. This noise may be attributed to the100

measuring apparatus, non-meteorological echoes, or most likely a combination of various different sources. Errors are treated

as random noise, representing a combination of errors from unknown sources, clearly evident in real radar images.

Figure 2. Histograms of an example dry radar image (blue) and all radar pixels above� 32dBZ
::::::
(orange)

:
for the High Moorsley weather

radar for the year 2019, whereunz is the re�ectivity rate corresponding to the non-zero rainfall threshold of 0.1mmh� 1

The random noise �eld is added to rainfall values to prevent
::::::::
numerical instabilities, with the marginal distribution from

Fig. 2 converted to rainfall rates in Fig. 3.A log-normalmarginaldistributionwould allow
::::
When

::::::::::
considering

:::
the

:::::::::
logarithm

::
of

:::::::
weather

::::
radar

:::::
noise

::::
(i.e.

:::
dry

:::
day

:::::::
images

:::
and

::::::
values

::
of

::::
dBZ

::::::::::::
corresponding

::
to

:::::::
rainfall

::::
rates

::::
less

::::
than

::::::::::
0.1mmh� 1),

:::::
these

:::
are105

:::::::::
suf�ciently

::::::::
Gaussian

::
to

:::::
satisfy

:::
the

::::::::::
assumption

::
of

:
a
:::::::::::
Log-Normal

:::::::
marginal

::::::::::
distribution

:::
for

::::::
random

:::::
noise

::::::
effects.

::
A

:::::::::::
Log-Normal

:::::::
marginal

::::::::::
distribution

::::::
allows

:
for a simple and easy transformation when simulating the �eld using Gaussian random �eld

theory. Empirical variograms of these values were estimated to identify an appropriate correlation structure, which has a very

short correlation range of around 5km, with no clearanisotropyeffects
:
.
::::
The

:::::::
optimal

:::::
spatial

:::::::::::::
transformation

:::
for

::::::::::
minimising

::::
least

::::::
squares

::::::::
between

:::
the

:::::::
marginal

:::::::::
variogram

::::::
values

::
of

:::
the

::::
two

::::::
spatial

:::::::::
dimensions

::
is

:::::
used

::
to

:::::::
estimate

::::
�eld

:::::::::
anisotropy

:::::
from110

::::::::
empirical

::::::::
variogram

::::::
�elds,

::::
with

::::::::
estimates

:::::::::
suggesting

::::
that

:::::::
isotropy

::
of

:::::::
random

:::::
noise

:::::
�elds

::
is

:
a

:::::
valid

:::::::::
assumption

:::
in

:::
this

::::
case.

The three-dimensional noise �eld denoted by"(t;x;y ) is assumed to belog-normal
::::::::::
Log-Normal, with a marginal distribution

of

" � LN (� " ; � 2
" ) (5)

where� " = � 5:3 and� " = 1 :7. A Gaussian random �eld is simulated with an Exponential correlation structure of� " (h) =115

expf� h=r" g for a short range withr " = 5 and a nugget effect ofn" = 0 :35. This is transformed using an inverse Gaussian

score transformation, then exponentiated resulting in a random noise �eld with the desired marginal distribution and correlation

structure. An example �eld is included in Fig. 3, from which we can see that the variability is slightly larger than in existing

images. This is however selected to preserve the proportion of� 32dBZ re�ectivity rates in images, with any values less than

� 32dBZ treated as� 32dBZ.120
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Figure 3. Histograms of low rainfall rates (and logarithms) corresponding to
::::::
empirical

:
random noise (i.e. in the range� 32 < Z � 10,)

::::::
obtained

:
from High Moorsley weather radar for the year 2019

::::
(blue), as well as an example simulated noise �eld

::::::
(orange)

3.4 Drop-size distribution errors

Attenuated rainfall rates~R(t) can then be added to the three-dimensional noise �eld" (t;x;y ), which can then be converted

into a re�ectivity �eld. A ZR-relationship is typically used, of the formZ = 10log10(aRb) for re�ectivity Z (dBZ), rainfall

R (mmh� 1) and constantsa andb, which typically take the valuesa = 200 andb= 1 :6 (Harrison et al., 2000). A constant

value fora andbis based on the assumption that the DSD varies spatially and temporally in a way characteristic of a particular125

rainfall or weather type. Despite this, a �xedZR-relationship results in a severe underestimation of peak rainfall intensities,

due to the failure to account for natural variations in the DSD with intensity (Schleiss et al., 2020). Lee et al. (2007) indicated

that the overall DSD variability cannot be adequately explained by a single parameter. In Libertino et al. (2015), a varying

ZR-relationship in space and time improved rainfall accumulations at event scale, when comparing to a �xed relationship.

A large amount of scatter around the average power-law relationship is related to the various microphysical processes that are130

responsible for the DSD variability. To account for this variability, in an attempt to generate more realistic re�ectivity images,

we assume thata = A(x;y) is a two-dimensional �eld varying in space. As the simulated rainfall events all have a fairly short

duration (6 hours or less), a constant DSD in time is initially used. This assumes thatA is fairly constant over the time period

considered, although the model is �exible and the dimensions ofA can be easily extended to include time.

Parameters in theZR-relationship typically take values in the rangesa 2 (30;1000) andb2 (0:8;2) (Battan and Theiss135

1973, Smith and Krajewski 1993), and so the parameterb is still treated as constant, but sampled from a Gaussian distribution
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with a low variance, centred around a value of� b = 1 :6. This gives attenuated re�ectivity estimates of

~Z (t) = 10log10

�
A

h
~R(t) + "(t)

i b
�

(6)

for

A(x;y) � N2(� a ; f 1 + g(x;y)g� a) b� N (� b; � 2
b) (7)140

for correlation structure� a = � a expf� h=rag where� a = 220, � a = 2 , r a = 30, � b = 1 :6, � b = 0 :02. The functiong(x;y) =

� E (x;y) is the estimation variance based on pixel location(x;y), based on the proportion of the rainfall volume that the radar

can see for a given distance, which is discussed further in Sect. 3.5. Attenuated re�ectivity �elds are rounded to one decimal

place, and limited by a minimum value of� 32dBZ, as is the case for actual re�ectivity data.

3.5 Radar sampling145

Due to the nature of weather radar sampling, polar observations close to theweatherradarlocation
::::::
receiver

:
sample from a

much smaller volume than those further away(see,
:::
as

:::
can

::
be

:::::
seen

::
for

:::
an

:::::::
example

:::::
pixel

::
in Fig. 4). As observationsaremade

further from the radar,effects.
:::::::
Effects of curvature of the earthandthe cloud heightalsoaffect the samplingvolumeof the

radar.Bright ,
:::::
cloud

::::::
height

::::
and

:::::
bright

:
band effects also impact the sampling volume,as

:::
and

::::::::::
furthermore

:
radar observations

above the freezing level areoftenunavailable due to the high re�ectivity of melting precipitationcausingstrongreturnsat the150

brightbandlevel (Hooper and Kippax 1950, Kitchen et al. 1994, Hall et al. 2015).

Figure 4. Schematic of a radar ray sampling volume for an example pixel, denoted as a vertical columns

Estimationvarianceprinciplesareincludedin theDSDerrorto accountfor thesesamplingerrors.Thesimulatedrainfall �eld

is onaregulargrid (1kmresolutionpixels).This is assumedto representthetotal rainfall in theverticalcolumnof spaceabove

this kilometresquare,whererainfall is falling on the ground.Making assumptionsaboutthe vertical behaviourof the DSD

of rainfall , this is incorporatedinto the model throughthe varianceof the multiplicative parameterin the ZR-relationship,155

dependenton the DSD and freezinglevel height.
::
To

:::::::
address

::::
this,

::::::::
sampling

:::::
errors

:::
are

::::::::
included

::
as

::::
part

:::
of

:::
the

:::::
DSD

::::::
model,

:::::::
designed

::
to

:::::::
increase

::::::::::
uncertainty

::
in

:::
the

::::
DSD

::::::
where

:::
the

::::::
volume

:::
of

::::::
rainfall

:::::::
sampled

:::
by

:::
the

::::
radar

:::::
beam

::
is

:::::
lower.

::::::
Areas

:::::
where

::
it
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:
is

:::::::::
unrealistic

:::
for

:::
the

::::
radar

:::::
beam

::
to

:::
be

::::::::
sampling

::::::
rainfall

::::
(e.g.

:::::
above

:::
the

:::::
bright

:::::
band

::::
level,

:::::::
outside

:::
the

::::
base

:::
and

:::
top

::
of

:::
the

::::::
cloud)

::
are

::::::::
removed

::::
with

:::::::
�exible

:::::
model

:::::::::
parameters

::::::
which

:::
can

:::
be

:::::::
adjusted.

:::
In

:::
this

:::::
case,

:::
the

:::::::::::
con�guration

::
of

:::::
High

::::::::
Moorsley

:::::::
weather

::::
radar

::
is

::::
used

::::
(see

::::
Sect.

:::
2).160

Representing
:::
The

:::::
radar

::::::::
sampling

:::::
error

::
is

::::::
de�ned

:::::
using

:::::::::
estimation

::::::::
variance

:::::::::
principles,

::
by

:::::::::::
representing the change in un-

certaintybasedon thevolumeof rainfall sampledby
:::::::
between

:::
the

:::::
actual

::::
and

:::::::
sampled

:::::::
volume.

:::::::::
Assuming

:
a
:::::
pixel

::
is

:
a

:::::::
vertical

::::::
column

:::::::
denoted

::
by

:::
V,

:::::::::
dependent

::
on

:::
the

:::::
radar

:::::::::::
con�guration

:::
and

:::::::
distance

::
of

:::
the

:::::
pixel

::::
from theradarapparatusbeamin agiven

pixel (at differentdistancesfrom theradarlocation),theestimationvarianceis de�ned as
::::::
weather

:::::
radar,

::::
parts

:::
of

:::
this

:::::::
vertical

::::::
column

:::::
will

::
be

:::::::
sampled

:::
by

:::
the

:::::
radar,

::::::
denoted

:::
by

::
�

:::
(see

::::
Fig.

:::
6).

:::
The

:::::::::
estimation

:::::::
variance

:::
� E ::::

can
::
be

::::::
de�ned

:::
as165

� E
2 = V ar

cZ

0

Z 2: �
 (xV: ;y� )�
:::

�
 (�
:

;u�: )

cZ

h x;y

Z �
:

�
 (xV: ;y;uV: )du (8)

wherehx;y is the lower elevationof the radarscanat (x;y). Simplifying to considerthe two-dimensionalcase,heightsare

discretisedfrom thegroundto thecloudtopandclippingat thefreezinglevel (Hooper and Kippax, 1950), giving

� 2
E = �
 (V ) �

n rX

i

�
 (vi )

for distancefrom theradarh, vertical
:
�


::
is

:::
the

:::::
mean

:::::::::
variogram,

::::
and

::
V

:::
and

::
�

:::
are

:::
the

::::
total

::::
and

:::::::
sampled

:::::::
volumes

:::::::::::
respectively.170

::
By

::::::::::
discretising

:::
the

:::::::
vertical

:::::
pixel

:::
into

:::::
small

:::::::
blocks,

:::
we

:::
can

::::::::
estimate

:::
the

::::::::
empirical

:::::::::
variograms

:::
in

:::
Eq.

::
8,

::::
with

:::
an

:::::::
example

:::
of

:::::::::
discretised

:::::
blocks

:::::::::::
contributing

::
to

::::
each

::::
term

::
in

::::
Fig.

::
5,

:::::
based

::
on

::
a

::::::::
variogram

::::::
model

:::
for

:::
the

::::::
vertical

::::::::::
distribution

::
of

:::
the

:::::
DSD.

Figure 5.
:::::::
Example

::
of

:::::::
variogram

::::::::::
contributions

:::
for

:
a

::::::::
discretised

::::::
volume

::
V ,

::::
given

::::::
volume

::
�

:
is

:::::::
sampled,

:::::::::
highlighting

::
an

:::::::
example

::
of

::::::::
discretised

:::::
blocks

:::::::::
contributing

::
to

:::::::
empirical

::::::::
variogram

::::::::
estimation

::
for

::::
each

::
of

:::
the

::::
terms

::
in

:::
Eq.

:
8

:::
We

:::::::
consider

::
a

:::::::
vertical column of rainfallV , with radar ray samplingvolumesvi for radar ray i = 1 ;2; : : :nr , where �


representsthe meanvariogram,for nr radarelevations.For distancesof the discretisedvolumesthe estimationvarianceis
:
,

::::::::
assuming

:::
that

:::
the

:::::
cloud

::::
base,

:::::
bright

:::::
band

:::
and

:::::
cloud

:::
top

::
are

:::::
1km,

::::
4km

:::
and

:::::
10km

:::
and

:::
an

::::::::::
Exponential

::::::::
variogram

::::::
model

::
for

::::::
below175

::
the

::::::
bright

::::
band

:::::
level.

::::::::::
Discretising

:::
the

::::::
vertical

:::::::
column

::
of

::::::
rainfall

::::
into

:::::
blocks

:::
of

:::::
height

::::
10m

::::
(see

:::
Fig.

:::
6),

:::
the

::::::::
empirical

::::::::
distances

8



::
for

::::
each

::::::::::
discretised

::::
block

:::
are

:
calculated using the variogram modelcorrespondingto theassumeddistribution. Parametrisation

is based on
::::::
analyses

:::
of vertical weather radar data

::::::::::::::::
(Berne et al., 2005), considering the vertical raindrop volume distribution

for a range of rainfall rates and heights. The variance of sampling volumes at different ranges supported the concept, with

simulations compared to vertical radar imagesin Berne et al. (2005)for validation.180

4 Results:speci�c events

Figure 6.
:::::::
Example

::
of

::::::
vertical

:::::::
structure

::
of

:
a

::::::
rainfall

::::
pixel,

::::
with

::::::::
discretised

:::::
blocks

::::::::::
representing

::
the

::::::
volume

:::
V ,

:::
with

:::
the

::::::
volume

::::::
sampled

:::
by

::
the

::::
radar

:::::
beam

:
�

:::::::::
highlighted

::
in

:::::
yellow

4
::::::
Results

In this section, the performance of the model is considered by looking at example �elds for each step of the simulation

process.
:::
We

:::::::
consider

::::
100

::::::
rainfall

::::::
events

::::::::
simulated

:::::
using

:::
the

::::::::
methods

:::::::
outlined

::
in

::::::::::::::::
Green et al. (2023),

:::::::::::
parametrised

:::
by

:::::
radar

::::::
rainfall

:::::
events

:::::
from

:::::
High

::::::::
Moorsley

:::::::
weather

:::::
radar

:::
(see

:::::
Sect.

:::
2).

:::
For

:::::
each

:::::
event,

:::
the

::::::
model

:::
was

::::
run

:::::::
n = 100

:::::
times

::
to

::::::
obtain185

::
an

::::::::
ensemble

:::
of

:::::::
weather

::::
radar

:::::::
images.

:
To enable direct comparisons, each radar image is corrected using a standard radar

rainfall estimation process, resulting ina correctedrainfall �eld
:::::::
corrected

::::::
rainfall

:
for each ensemble member, similar to what

would be obtained from a radar rainfall images.
::::
This

:::::::
includes

:::
an

::::::::::
attenuation

::::::::
correction

:::::::::::::::::::::::::::
(Jacobi and Heistermann, 2016),

::
a

:::::::::::::
ZR-relationship

:::::::::::::::::::
(Harrison et al., 2017)

:::
and

::::::::::
reprojecting

::
to

::
a

::::::::
Cartesian

::::
grid,

::
to

:::::
allow

:::
for

:::::
direct

:::::::::::
comparisons

::::
with

:::
the

:::::::
original

::::::::
simulated

::::::
rainfall

::::
�eld

:::
R.190

De�ning the difference between the simulated `true' rainfall �eldandthe rainfall �eld
:::
(R)

:::
and

:::
the

::::::::
corrected

:::::::
rainfall

::::
�eld

:
(

:::::::
Rcorr;i ) after applying the radar error model as the error, we considerthreedifferent events

:::::::
speci�c

:::::
events

:::
R,

:::::::::
individual

::::
event

::::
time

:::::
steps

::::
R(t)

::::::::::
throughout

:::
the

::::::::
ensemble

::::
(i.e.

:::::::::::
image-based)

::::
and

::::::::
behaviour

:::
of

::
all

::::::
events. To investigate the capacity of

the radar error model to capture uncertaintyacrossa rainfall event, we consider theoverallbehaviourandvariability of pixels

throughoutthestochasticensembleof radarimages.Fora rainfall eventor imagedenotedby R̂, thebiasandroot-meansquare195

error(RMSE)areconsidered
::::
error

::::::
metrics

:::::::
outlined

::::::
below.
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1.
:::
The

:::::
mean

::::
bias

:::::::
between

::::::::
corrected

::::::::
ensemble

::::::::
members

:::
and

:::::::
original

::::::::
simulated

::::::
rainfall

:

BIAS (R: ) =
1
n

nX

i =1

�
R: � Rcorr;i

�
RMSE () =

vu
u
t 1

n

nX

i =1

�
R̂ � Rcorr;i

� 2
(9)

for correctedrainfall �eld Rcorr;i of ensemblememberi , wherei = 1 ; : : : ;n for n = 100.
::::::::
ensemble

:::::::
members

::::::::::::
i = 1 ; : : : ;100.

200

2.
:::
The

:::::::::::::::::::
root-mean-square-error

::::::::
(RMSE)

:::::
across

:::
the

::::::::
ensemble

:

RMSE (R) =

vu
u
t 1

n

nX

i =1

(R � Rcorr;i )2:

:::::::::::::::::::::::::::::::

(10)

3.
:::
The

:::::
pixel

::::::::
variability

::::::::::
throughout

::
the

:::::::::
ensemble,

:::::
using

:::
the

:::::::
standard

::::::::
deviation

S:D:(
::::

R: corr ) =

s
P n

i =1

�
Rcorr;i � �Rcorr;i

� 2

n
::::::::::::::::::::::::::::::

(11)

4. Thepixel variability, proportionalerrorandRMSElimits (minimum and maximumoverensemble)arealsocalculated,205

andtheproportionalerrortakenastheratiobetweenthesimulatedandcorrected
:::::
RMSE

::::::
values

:::::
across

:::
the

::::::::
ensemble

:

RMSE min (R) = min
i =1 ;:::;n

� q
(R � Rcorr;i )2:

�
; RMSE max (R) = max

i =1 ;:::;n

� q
(R � Rcorr;i )2

�
:

::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::

(12)

5.
:::
The

:::::::
average

::::
error

::::::
across

:::
the

::::::::
ensemble,

::
as

::
a

:::::::::
percentage

::
of

:::
the

:::::::
original

::::::::
simulated

:
rainfall �eld for all non-zero simulated

rainfall pixels. For illustrative purposesa singletime steptowardsthe middle of the eventis included,with a link to

eventvideosincludedin each�gure.210

pR =
1
n

nX

i =1

�
1 �

Rcorr;i

R

�
� 100%

::::::::::::::::::::::::::::

(13)

:::::
where

::::::
R > 0.

:::::::::
Additional

::::::
metrics

::::::
de�ned

::
to

:::::::
identify

:::::
cases

:::::
where

:::::::::
signi�cant

:::::::
amounts

::
of

::::::
rainfall

:::
are

:::::::
missing

::
in

::::::::
corrected

::::::
rainfall

:::::
�elds.

:
Crane

(1979) referred to distortions in storm structures, as a result of attenuation, as shadows.We formally de�ne a rainfall shadow,

takenas pixels
::
In

:::
this

:::::
study

::::
we

:::::
de�ne

:::::::
rainfall

:::::::
shadows

:::
as

:::::
areas

:::::
where

::::::::::
information

::::::
about

:::
the

::::::
rainfall

:::::
�eld

::
is

:::
lost

:::::
from

::
a215

::::::::
simulated

:::::::
weather

::::
radar

:::::::
image,

::::
after

:::::::::
correction

:::::::
methods

::::
have

:::::
been

:::::::
applied.

::
A

::::::
formal

::::::::
de�nition

::
of

::
a

::::::
rainfall

:::::::
shadow

::
in

::::
this

:::
case

::
is

:::::
taken

::
to

:::
be

:
a

::::
pixel

:
where the simulated rainfall is signi�cant (i.e.R > 1mmh� 1), but the corrected rainfall much lower

(less than 10%)of
::::
than the original simulated rate (i.e.Rcorr =R � 0:1).

:::::::::::::::::::
Rcorr =R � 0:1jR > 1).
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4.1 Example �elds

:::
We

:::
�rst

:::::::
consider

::::::::
example

:::::
�elds

::
for

:::::
each

::::
stage

::
of

:::
the

:::::
error

:::::
model

::
in

:::::
Sect.

:::
4.1

:::
and

::::
then

::::
three

::::::
events

:::::
which

:::::
show

::::
high

::::
bias,

::::
and220

:::
low

:::
and

:::::
high

::::::::
variability

::
in

:::::
Sect.

:::::::
4.2–4.4,

:::::::::
quanti�ed

:::::
based

::
on

:::
the

:::::::
metrics

:::::
above

::
at

:::
an

::::
event

::::::::
level.The

:::::::::
behaviour

::
of

:::::::::
individual

::::
radar

:::::::
images

::
is

::::::::::
considered,

::::::
looking

:::
at

:::
the

:::::::
average,

:::::::::
minimum

::::
and

::::::::
maximum

::::::::::
behaviours

::::
over

:::
the

:::::::::
ensemble,

:::::::::
including

:::
the

:::::::::
variability.

::::::::
Attempts

:::
are

:::::
made

::
to

::::
�nd

::::::
metrics

::::
and

::::::::
properties

:::
of

::::::
rainfall

::::::
images

:::::
with

:::
the

:::
aim

:::
of

:::::::::
identifying

::::::::
instances

::::::
where

::::
there

::
is

:
a

::::
very

::::
high

:::::
level

::
of

:::::::::
uncertainty

::
or

:::::
error

::::::
arising

::::
from

:::
the

::::::
rainfall

:::::::::
estimation

:::::::
process.

::::
The

:::::
impact

:::
of

:::
the

::::::
rainfall

:::::::
location

::::
with

::::::
respect

::
to

:::
the

::::
radar

::
is

::::::::::
considered,

::
as

::::
well

::
as

::::::::::
identifying

:::
how

:::::
often

:::::::::
signi�cant

::::::::::
information

::
on

:::
the

:::::::
rainfall

::::
�eld

::
is

:::
lost.

::::
For225

::::::::
individual

:::::
image

::::::
based

:::::
errors,

:::
we

::::::::
introduce

:::::
three

:::::
image

::::::
metrics

:::::::
relating

::
to

::::::
rainfall

::::::::
shadows

::::
given

::::::
below.

:

1.
::::
ARS:

::::
The

:::::
actual

::::
area

:::::
(km2)

:::
of

:::
the

::::
radar

::::::
image

:::
that

:::::::
contains

::::::
rainfall

::::::::
shadows.

:

2.
::::::
LARS:

:::
The

::::::
largest

:::::
single

::::
area

:::::
(km2)

:::
of

::::::
rainfall

:::::::
shadows

::
in

::
a

::::
radar

::::::
image.

:

3.
::::
PRS:

::::
The

:::::::::
proportion

::
of

:::::::::
signi�cant

::::::
rainfall

::::
(i.e.

::::::::::::
R > 1mmh� 1)

:::
that

::
is

:::::::::
shadowed.

:

4.1
::::::::
Example

:::::
�elds230

For an example time step of a simulated event, each stage of the radar error model process is given in Fig. 7. The �nal radar

imageappearsvisually
::::
(Fig.

:::
7f)

:::::::
appears realistic, with clear areas of rainfall, similar to raw radar images obtained from the

High Moorsley weather radar. A signi�cant proportion of the signal is attenuated towards the edge of the domain, particularly

in the top-right of the image.

4.2 Event A: High bias235

The event shown in Fig. 8
:
a

:
has an area of moderate intensity rainfall in the centre of the image with a large extent, resulting

in high bias. The simulated radar image for an ensemble member associated with the event looks realistic, with the re�ectivity

and corrected rainfall rates
:::
(see

::::
Fig.

:::::
8b–c) showing signi�cant rainfall amounts missing throughout. The average bias, RMSE

and pixel variability corresponding to the event in Fig.
:
8

:::
are

:::::
given

::
in

::::
Fig. 9. The average bias and RMSE are very high

:::
(see

:::
Fig.

:::::
9a–b), taking values over 5mmh� 1.240

Pixel variability is very low

:::::
Figure

:::
9c

:::::
shows

:::::
very

:::
low

:::::
pixel

:::::::::
variability for most of the image, exceptcentreof top right minimum RMSE is greater

than5mmh� 1 in
:::::
which

::
is

::::::::
re�ected

::
in

:::
the

:::::
range

:::
of

::::::
RMSE

:::::
values

::::::::::
throughout

:::
the

::::::::
ensemble

:::::
given

::
in

::::
Fig.

:::::
9d–e,

:::::
with a large

areaof the domain
::
in

:::
the

::::::
centre

::
of

:::
the

::::::
image

:::::::
showing

::::
bias

:::
and

:::::::
RMSE

::::::
greater

::::
than

::::::::
5mmh� 1, suggesting that the rainfall is

consistently underestimated throughout theentireensemble. A large area of moderate-intensity rainfall on top of the radar is245

overcorrected, mimicking effects resulting from full attenuation of the radar signal by intervening rainfall. In this case, the

correction techniques could not improve the image signi�cantly, and so information on a large portion of the rainfall �eld has

been lost, particularly when forward attenuation correction algorithms are implemented.
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