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Abstract Integral radar volume descriptors (IRVD) are

introduced and discussed as a pathway to an object-based

characterization of precipitation systems. A set of IRVD

values characterize the temporal development of precipi-

tation systems which constitute the objects. The IRVDs are

based on the temporal evolution of the three-dimensional

distribution of radar reflectivities produced by the objects.

In a first step a set of descriptors, i.e. potential IRVDs, are

postulated, which characterize a precipitating system

observable by a scanning radar e.g. the mean echo-top-

height or the temporal change of the bright band depth of a

raining system. In a second step a statistical analysis

identifies those descriptors, which bear the most significant

information about system surface precipitation yield, which

are called IRVDs the values of which describe the objects.

IRVDs are derived both from pseudo-radar observations

retrieved from a weather forecast model and from real

radar observations. Since different sets of IRVDs suggest

also different precipitation generation mechanisms acting

in the model and reality, the IRVD concept is proposed as a

more process-oriented approach to model validation.

Finally, the potential of IRVDs to improve estimates of

radar-derived precipitation system yields when used on top

of Z–R relations is demonstrated.

1 Introduction

Precipitation differs from other meteorological variables

like pressure, temperature, humidity and wind by its

extreme range, its strongly non-normal distribution in

space and time, and most importantly by its on/off-char-

acter. Its complex generation processes within weather

systems and its clear event-like character, which makes

precipitation so special, should also be recognized in

detection, monitoring, modelling, and model validation.

Ground-based precipitation radars are currently the only

way to monitor precipitation as an event by scanning the

adjacent atmospheric volume for spatio-temporal hydro-

meteor variations in minutes. Polarimetric radar observa-

tions will significantly increase the information content

leading to improved quantitative precipitation measure-

ments, the discrimination of hail and snow from rain, and

the estimation of particle size and shape. National and

international radar networks allow even to merge the radar

volume observations into composites easily encompassing

areas covering whole precipitation systems. Sequences of

radar volume data vividly portray the evolution and com-

plex dynamics of these systems. Few efforts were, how-

ever, made so far to condense these vast data volumes in

physically meaningful and manageable entities.

In this paper we introduce and further develop the

concept of so-called integral radar volume descriptors

(IRVDs), which are derived from the 4D reflectivity field

of a raining system during its life or observation time. This

effort requires as a prerequisite both the identification of

individual precipitating systems as separable objects and

their tracking over time. In contrast to the analysis of

reflectivity fields on a fixed grid from an Eulerian per-

spective, the object-based tracking approach adopts

the Lagrange perspective by identifying and following
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individual precipitation events or systems over time. The

temporal displacement of e.g. the geometrical or reflec-

tivity-weighted centre of these objects defines their track.

Prominent examples for radar-based precipitation system

identification and tracking are SCIT (storm cell identifi-

cation and tracking, Johnson et al. 1998) and Trace3D

(Handwerker 2002). The SARTrE (scale adaptive radar

tracking environment) approach developed by Simon

(2004) and applied in the work presented (see Sect. 3.4)

also falls into this category. Object-based analysis tech-

niques are increasingly used within the meteorological

community to extract useful information from large mul-

tidimensional datasets and to cast this information in a

limited amount of numbers (e.g. Davies et al. 2006; Wernli

et al. 2008; William 2010; Demaria 2011). The IRVD

concept developed and applied in this work tries to char-

acterize the entire precipitation event including its tempo-

ral development by a small set of numbers. We propose

IRVDs as proxies of the precipitation process which both

quantify microphysical differences among rain events and

relate to the total system precipitation yield. IRVDs are

derived in a two-step procedure: in a first step, values set of

potentially meaningful descriptors are calculated from the

temporal development of a system reflectivity volume. In a

second step, multiple linear regression against total pre-

cipitation yield or against a yield factor S (see below) is

used to identify the most significant descriptors, which we

then term IRVDs. The latter approach, we adopted from

earlier attempts pioneered by Doneaud et al. (1981) and

Atlas et al. (1990).

Since we require the IRVD to relate to the system’s

precipitation yield accurate estimates of surface rainfall are

mandatory for the development stage. Currently this is a

drawback of the methodology, because only few suffi-

ciently dense and accurate observation networks do exist,

which can provide the required ground truth for surface

precipitation. This might, however, change in the future,

when polarimetry-based quantitative precipitation estima-

tion (QPE) by radars matures to a degree that hopefully

makes rain gauge networks less important.

There are currently two pathways for the use of IRVDs.

Going back to the original ideas of Doneaud et al. (1981)

and Atlas et al. (1990), which are introduced later in this

section, QPE is one possible application of the IRVD

approach. Since IRVDs are designed to take account of all

significant information contained in radar volume data, we

can hypothesize that by capturing the chain of precipitation

processes as a whole IRVDs should lead to improved QPE

for the total precipitation yield of a system (and possibly

also for instantaneous QPE by proper downscaling in space

and time, which we do not approach in this paper). The

second pathway to exploit IRVDs is model validation

and development. When IRVDs provide proxies for

precipitation-generating processes, we should expect that

pseudo-radar data derived from convection-resolving

model output should lead to the same or at least similar

IRVDs compared to real observations. Thus, different sets

of IRVDs for observations and models should hint at model

deficiencies, even if the comparison of regional rainfall

statistics (e.g. Bachner et al. 2008) is in favour of a model.

First attempts towards IRVDs have been made by

Doneaud et al. (1981) who introduced a total precipitation

yield estimator based on the area-time integral of radar

reflectivities above a reflectivity threshold s as an alternative

to a Z–R relationship. They found a linear relationship

between total precipitation yield V (in m3) of a system during

its lifetime and the temporal integral ATI (s) (in m2s) of

the area A(s) (in m2) covered by radar reflectivities above s
(set to 18 dBz, as recommended by Lopez et al. (1989)) via

V ¼ SðsÞATIðsÞ ð1Þ

with

ATIðsÞ ¼
Z

AðsÞdt: ð2Þ

The approach assumes that the so-called yield factor

S(s) (in m/s) is a constant for a given threshold s and for all

precipitation systems. Doneaud et al. (1981), however, did

not present a convincing explanation for Eq. 1. Later, Atlas

et al. (1990) recovered their approach and presented a

unified theory for both the estimation of the total rainfall

yield of an individual storm and for the average

instantaneous rain rate from a multiplicity of such

storms. We refer to Atlas et al. (1990) for the complete

derivation. They showed that S(s) is related to the

population distribution of the rain rate R via

SðsÞ ¼
R1

0
RpðRÞdRR1

s pðRÞdR
; ð3Þ

where p(R) denotes the value of the probability density

function (pdf) at rain rate R. Thus, S(s) is calculated from

the mean rain rate divided by the probability of the

reflectivity exceeding the threshold reflectivity s. Since

S(s) is defined in terms of pdf, the theory resides on a well-

behaved pdf of the rain rate during the lifetime of any

precipitating system meaning that they all follow similar

sequences of stages producing similar rain rates during

their lifetimes. Trömel et al. (2009), (in the following

denoted by T09) showed, however, that even for pseudo-

radar data simulated from the output of a convection-

allowing weather forecast model S(s) is not a constant.

Consequently, they extended the methodology behind Eqs.

(1)–(3) by predicting S(s) from descriptors of the temporal

evolution of pseudo-radar volume data. Successful

descriptors were named IRVD, a terminology we have

adopted for this paper.
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T09 employed multiple linear regression for selecting n

IRVDs out of a pool of m descriptors. In order to allow for

nonlinearity, IRVDs may enter the regression equation in

powers up to the order of 5:

SðsÞ ¼ co þ
Xn

i¼1

X5

j¼1

ci;jIRVD
j
i ð4Þ

Stepwise regression was used to extract the most powerful

descriptors and powers thereof (see Sect. 2). T09 analysed

pseudo-radar observations from 100-simulated rain events.

The overwhelming part of S(s) variability could already be

described by the mean value of the linear radar reflectivity

factor (in units of mm6/m3) near the ground accumulated

over the lifetime of the cell and very few additional

descriptors characterizing the vertical profile, like the

brightband fraction or the effective efficiency (described in

Sect. 2). So, T09 performed multiple linear regression

against the yield factor S in order to identify the descriptors

best explaining the variability in S and thus deviations from

the assumptions in the theory introduced by Atlas et al.

(1990).Their descriptor ‘trend in the brightband fraction’,

which quantifies a thinning or thickening of the brightband

depth during the observation period, for example, corrects

for a bias in the rainfall yield estimator in case the system

could not be tracked over its entire lifetime (an important

assumption in Atlas et al. (1990)). A positive (negative) trend

in the brightband fraction indicates a system in the decaying

(growing) stage. Without that descriptor the total rainfall

estimate of a cell in the growing stage could be underestimated,

because maximum rainfall amounts are expected near the end

of the growing stage.

In this paper, we extend the approach of T09 and apply

it to observed radar reflectivites. In an ensuing analysis, we

compare the results with the results obtained from pseudo-

radar data in T09. In Sect. 2 all tested descriptors, i.e. potential

IRVDs, are introduced including two cost functions, least-

squares error and least error, which are employed in a stepwise

regression procedure for selecting the IRVDs from the

descriptors. Section 3 summarizes the results obtained for the

model-generated pseudo-radar data, while Sect. 4 introduces

the results for the observed radar reflectivities, discusses

similarities and discrepancies and the implications for model

validation. Section 5 shortly touches on the possible merits of

the QPE aspect of IRVDs, and a final discussion and an out-

look is provided in Sect. 6.

2 Selection of integral radar volume descriptors

Subsection 2.1 summarizes all evaluated descriptors

(potential IRVDs), while subsect. 2.2 explains the stepwise

regression methodology and related cost functions which

are employed to select the final sets of IRDVs from the

descriptors.

2.1 Descriptors

Some descriptors are statistical properties of or derived

quantities from the radar reflectivities of the lowest ele-

vation scan within the boundary of a rain cell, which has

been tracked over its life and/or observation time. Radar

reflectivities are mapped into a uniform 2 9 2 km grid

prior to the computation of descriptor values. Other

descriptors characterize the vertical structure of the three-

dimensional reflectivity field, which we then evaluate in

the vicinity of the surface reflectivity-weighted centre of a

precipitation system. The respective vertical profile is

mapped onto a uniform vertical grid with a layer depth of

0.1 km using nearest-neighbour interpolation.

Some descriptors derived from the low elevation scans

contain cumulative information, like the entire area Ao

swept by the storm during its life time, or the total time

duration D of the storm. In case of pseudo-radar data, we

take the reflectivities in the lowest model layer, i.e. at the

height of 10 m. Examples of descriptors derived from

the vertical profile are the mean brightband fraction or the

mean effective cloud-to-rain water conversion efficiency

(definitions follow). Some descriptors characterize the

evolution of a system, like the trend in the brightband

fraction within the vertical profile.

All descriptors either refer to the whole lifespan of a

precipitation system or to the fraction of the lifespan,

which could be observed, i.e. they are derived from a time

series of radar volume observations. To calculate e.g.

HMEAN (descriptor 3), first the expected value of the radar

reflectivity at the lowest elevation scan within the boundary

of a rain cell is estimated for each single time step of the

observation period of the precipitation system. Here the

expected value is estimated from the parameters of a

Weibull distribution (details below), which is fitted to the

empirical reflectivity distribution. In the second step, the

temporal mean of the time series of expected values is

defined as descriptor HMEAN of the cell.

We added seven-new descriptors to the 21 descriptors

analysed in T09 leading to a total number of 28 descriptors.

In the following list, descriptors 8, 9, 10, 11, 26, 27, and 28

are the newly added ones. Estimators 1–12 are computed

from the 0.5� elevation from radar observations or the

reflectivities at 10 m height from pseudo-radar data,

respectively, gridded to a 2 9 2 km resolution.

The IRVDs considered are:

1. D, duration of event: observation period/life time for/

of a raining system

2. ATI, area-time integral: see Eq. 2
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3. Ao, entire accumulated area of the system during the

observation period

4. A(s), the accumulated area with reflectivities larger

than s
5. A(s)/Ao, fractional accumulated area as introduced by

Atlas et al. (1990)

6. HMEAN, expected values of enclosed linear reflectiv-

ity values at each time step averaged over the

observation period

7. HSTD, standard deviation of enclosed linear reflectiv-

ity values at each time step averaged over the

observation period

In order to estimate the expected value HMEANt and the

standard deviation HSTDt of reflectivities at each time

step t, the reflectivities are assumed to be Weibull-dis-

tributed random variables; thus skewness and shape of

the distribution are taken into account (Rinne 1997):

HMEANt ¼ aþ bC 1þ 1

c

� �
ð5Þ

and

HSTDt ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
b2 C 1þ 2

c

� �
� C2 1þ 1

c

� �� �s
ð6Þ

with a the location parameter, b the scale parameter, c

the shape parameter, and C denoting the C-function,

defined as

CðxÞ ¼ lim
n!1

n!nx�1

xðxþ 1Þðxþ 2Þ � � � ðxþ n� 1Þ ð7Þ

For x [ 0, Eq. 7 can be written as

CðxÞ ¼
Z1

0

e�yyx�1dy: ð8Þ

8. EMEAN, empirical horizontal mean reflectivity value:

EMEAN ¼
XT

t¼1

1

Nt

XNt

i¼1

Zi

 !
ð9Þ

9. ESTD, empirical horizontal standard deviation:

ESTD ¼
XT

t¼1

Nt � 1

 !�1XT

t¼1

XNt

i¼1

Zi � EMEANð Þ2

ð10Þ

In Eqs. 9 and 10, Nt is the number of enclosed

reflectivities, Zi at time step t, and T is the total number

of life or observation time steps.

10. MEANs, the empirical mean value of reflectivities

above s in the life or observation period

11. HSTDs, the empirical standard deviation of reflec-

tivities above s in the life or observation period

12. MCOM, mean system compactness: The compact-

ness, COM, of a system at a time step is defined as

the ratio between the enclosed precipitation area and

its circumference. In order to avoid an increase of

COM with increasing size of the precipitation area,

we define

COM ¼
ffiffiffiffiffiffiffi
Nin

p

Nout

; ð11Þ

with Nin the number of enclosed pixels and Nout the

number of pixels on the circumference of the system.

Thus, COM would be a constant (1/Hp) for a circular

precipitation systems independent of its size. MCOM

is the temporal average of COM during the life or

observation period.

Estimators 13–21 are computed from the 100-m verti-

cally resolved reflectivity profiles below echo-top height

(height of the uppermost reflectivity value [12 dBz)

according to Rosenfeld et al. (1995a) in the vicinity of the

centre of gravity for reflectivity. The latter is the reflec-

tivity-weighted average of the grid-cell coordinates. For

estimators related to the brightband, we use in this paper

the freezing level estimation from a nearby radiosondes. In

principle, the freezing level can also be estimated directly

from the radar observations, thus absence of radiosonde

information is not a limiting factor for using these

descriptors.

13. MVSTD, maximum vertical standard deviation dur-

ing the life or observation period

14. MVMEAN, temporally averaged vertical mean value

of reflectivity

MVSTD and MVMEAN are indicators for the max-

imum convection strength during the life time or

observation period of a precipitation system.

15. METH, mean echo-top-height: Both Adler and Mack

(1984) and Rosenfeld and Gagin (1989) mention a

good correlation between storm height, storm area,

and its rain rate.

16. MBF, mean brightband fraction: MBF is the mean

fraction of the largest reflectivities in the vertical

profile located within ±1km of 0�C altitude following

Rosenfeld et al. (1995a), b). The brightband fraction

(BF) is 1 if all 21 values within ±1km of the 0�C

altitude are the largest observed values of the profile.

If only 5 of the 21 largest values are observed within

that interval, BF is 5/25 = 0.25. MBF is the mean of

the BFs during the life time or observation period.

According to Rosenfeld et al. (1995b), BF [ 0.6

signifies stratiform and BF \ 0.4 convective rain.
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17. TBF, Trend in BF: TBF is the linear temporal change

of BF estimated via least-squares minimisation. The

value of TBF indicates the evolution state of the

system if observed only during part of its life time. A

positive (negative) TBF tends to be related to a

system in the decaying (growing) stage.

18. RTBF, robust version of TBF: RTBF is similar to

TBF with the exception, that BFs \ 0.1 are set equal

to 0.1 and BFs [ 0.9 are set equal to 0.9. Thus,

uncertainties in BF estimation due to freezing level

determination, splitting and merging of cells are

accounted for.

19. TNBF, trend-to-noise ratio for TBF

20. RTNBF, trend-to-noise ratio for RTBF

21. STDBF, standard deviation of BF

Estimators 22–25 need more substantial information

from other sources than radar observations like the

temperature and pressure profile and the wind field.

22. MEe, mean effective efficiency: MEe is derived from

the effective efficiency Ee according to Rosenfeld

et al. (1990)

Ee ¼
Qb � Qt

Qb

: ð12Þ

Qb and Qt are the water vapour mixing ratios at cloud

base and cloud top, respectively. Consequently, Ee

describes the fraction of water vapour, which is carried

up through the cloud base and has potentially

condensed (and rained out) on its way up to the

cloud top. We evaluate Qb at 800m and Qt at echo-top-

height. Temperature and pressure estimates are taken

from the radiosounding closest in time and space.

Rosenfeld et al. (1990) used Ee to improve an

estimator for the area-wide instantaneous rain rate

(Atlas et al. 1990). They found the probability density

functions of rain intensities to be significantly shifted

to higher values with increasing Ee. Shallow clouds,

indicated by small Ee, are expected to produce

rain with relatively small drops for a given rain

rate and thus relatively small reflectivities. Rosenfeld

et al. (1995a) used Ee also to classify continental and

maritime rain cloud systems. On average, continental

precipitation systems have larger depths, which are

reflected by higher Ee. Continental air masses have

higher concentrations of cloud condensation nuclei

(CCN) than maritime air masses, which results in

a larger amount of small droplets and in slower

warm rain processes and freezing. At lower CCN

concentrations large droplets are present already in

early stages of the precipitation process, which leads to

more efficient coalescence and hence to warm rain.

These differences are also reflected in the observation

that the minimum depth of a precipitating cloud is

considerably larger for continental conditions (Ludlam

1980).

23. ORO?, orographic rainfall amplifier due to upward

motion: In saturated air, the condensation rate of

water vapour C is equal to the temporal change of the

water vapour. C is thus an upper bound on the

precipitation rate achieved by upslope ascent of

saturated air (e.g. Roe 2005). We can estimate

C assuming that at every level the vertical velocity

equals the orographically forced lifting at the surface.

C ¼ �
Z1

zs

u~ � rzs

d

dz
qqsat½ �dz ¼ q0qsat

0 u~ � rzse
zs

Hm

ð13Þ

with the e-folding scale height for atmospheric

moisture

Hm ¼ �
a

bc
; ð14Þ

with a = 17.67 and b = 243.5�C, c the temperature

lapse rate, z the height, zs the surface elevation, r the

horizontal Nabla operator, qsat the saturation specific

humidity, q the air density, and u~ the horizontal wind

speed. The subscript 0 denotes a variable’s value at

z = 0. Unlike Roe, T09 assume that saturation is

achieved during lifting at 800 m height. We follow

T09, thus q0 and q0 denote air density and saturation

specific humidity at z = max{zs, 800m}. T09 esti-

mate the vertical velocity w ¼ u~ � rzsfrom the tem-

poral change in surface height below the reflectivity

centre of a precipitating system. They also use the

moist adiabatic lapse rate c = 0.006�C m-1, tem-

perature T(z) and pressure p(z) from the nearest

radiosounding to estimate qsat(z). The instantaneous

condensation rate Ci is calculated for every time step

during the observation period. ORO? adds up the

positive contributions Ci during the life time or

observation period of the precipitating system.

24. ORO±, orographic rainfall amplifier by variable

orography: ORO± is similar to ORO?, but accounts

for both positive and negative contributions Ci

(decrease due to downslope movement), i.e. ORO±

\ ORO?.

25. MSHEAR, mean wind shear: Vertical shear of the

horizontal wind separates updrafts from downdrafts,

allowing the storm to survive longer and become

stronger. MSHEAR is computed as the average wind

An object-based approach for areal rainfall estimation and validation of atmospheric models 143
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vector difference in 850 and 500 hPa during the life

time or observation period.

Finally, estimators 26–28 address effects caused by the

measurement process like range-dependent biases due to

the broadening and increasing height of the radar beam

with distance (see Sect. 3.1). With the help of these

descriptors, an average decrease of reflectivities with

increasing distance to the radar due to an increasing radar

volume or an increasing height can be eliminated.

26. DIME, mean distance of the system from the radar

site.

27. DIMA, maximum distance of the system from the

radar site.

28. DIMI, minimum distance of the system from the

radar site.

2.2 Selection of IRVDs by stepwise regression

In Sects. 3 and 4, we use IRVDs as proxies for the vari-

ability in the precipitation generation process in models

and observations. For their selection from the descriptors

described in Sect. 2.1, we adopt the approach by T09 and

identify those descriptors, which best explain the vari-

ability in S(s), i.e. the factor, with which ATI(s) must be

multiplied to estimate the total system precipitation yield.

In Sect. 5, where we discuss the potential of IRVDs to

improve QPE, however, the IRVD models are selected by

directly estimating volumetric rainfall V produced by a

storm during its life time or observation period.

In order to take into account possible non-linear rela-

tionships between the IRVD values and the predictands S(s)

or V, each descriptor explained in the preceding subsection

enters a stepwise regression procedure up to the power 5,

resulting in 140 potential regressors. Via superposition of

positive linear and negative non-linear functions also

degressive relationships are thus considered. Non-linear

relationships are expected to play a role given e.g. the

importance of higher moments of the drop size distribution in

radar meteorology. Moreover, descriptors might only be

important from a certain value onwards. Such step functions

can be approximated in a regression model by higher powers

of descriptors with very small coefficients.

Stepwise regression (Storch and Zwiers 1999) is applied

to account for co-linearities among the potential regressors.

This iterative procedure combines forward selection and

backward elimination of potential regressors. As forward

selection progresses, descriptors selected early on may

become redundant when related descriptors are selected

during later steps. Therefore, in stepwise regression,

backward elimination is performed after every forward

selection step in order to remove unnecessary variables

from the regression model. Forward selection and back-

ward elimination steps are repeated until no further chan-

ges are made to the regression model. Thus, at each step of

the iterative procedure only the smallest possible subset of

descriptors (following arguments of statistical significance)

is fitted in order to explain S(s) or V, respectively, avoiding

overfitting. Each descriptor has a chance to contribute to

the IRVD model, but only the statistically most significant

ones build the final model.

Of course, the cost function to be minimized by the

regression model will influence the selection process. First,

the least-squares cost function (LS) is minimized in order to

fit the model (see Press et al. 1992). LS is the maximum

likelihood estimator for Gaussian-distributed residuals with

constant standard deviation. The squared distance gives high

importance to high values. The probability of occurrence of

very large values in the assumed Gaussian model is small;

thus the maximum likelihood estimator tends to distort the fit

for the benefit of even only few high values. Consequently,

for large deviations from the Gaussian distribution the least-

squares fit is less appropriate. Alternatively, the relative error

can be used as a cost function, which we term the least-error

method (LE). Fitting N data points (xi, yi), i = 1,…, N, to a

model with M adjustable parameters aj, j = 1,…M the least

absolute relative error cost function (LE) is defined as

XN

i¼1

yi � y xi; a1 � � � aMð Þ
yi

����
����: ð15Þ

According to our experience (see Sect. 5) LE is better

suited for QPE via IRVDs because of the skewed structure

of the rainfall distribution. We apply Powell’s method

(Press et al. 1992) in order to minimize the relative error

numerically.

Analogous to T09, we apply a leave-one-out cross-

validation (LOOCV) for an evaluation of the final regression

model. Thus, stepwise regression is performed N times on

the basis of N-1 rain events in order to calculate the error of

the rainfall estimate of the left out rain event. The detection

frequency of a descriptor qualifies the sensitivity of a

descriptor’s contribution to the regression model to small

changes in the data set.

3 Database

The implementation of the IRVD method, i.e. developing

an estimator for the yield factor S(s) or for total rainfall

yield V based on the IRVDs, requires both rainfall at the

ground and 3D radar volume data, which should have been

corrected for various radar errors like clutter, beam

blocking, second trip echoes, and attenuation. Given the
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current state of radar-based QPE still a dense station net-

work of rain gauges is necessary providing temporally

highly resolved measurements to estimate areal precipita-

tion. Also radar data of the required quality are difficult to

come by, especially if one has to rely on the output of the

operational networks of national weather services.

3.1 Pseudo observation data

T09 exploited pseudo-radar data and rain rates simulated

by a regional weather forecasting model to derive their

IRVD models in order to circumvent detrimental effects of

insufficient ground truth and problems related to errors of

radar data. They used modelled reflectivities and rain rates

from the output of the COSMO-DE model for 3 days: July

17, 2004, July 8, 2005 and August 19, 2005. COSMO is the

operational, regional weather forecast model of the Euro-

pean Consortium for Small-scale Modeling (COSMO, see

http://www.cosmo-model.org). T09 used the pseudo-radar

data and rain rates generated by COSMO-DE (version

LM3.16), a roughly 2.8 km resolution version of COSMO

(Doms and Schättler 2002; Doms et al. 2005) centred over

Germany. The data used are available in 0.025 degree

spatial and 10-min temporal resolution.

In COSMO-DE grid-scale, clouds and precipitation are

described using single-moment bulk schemes like the

Kessler scheme (Kessler 1969). The non-precipitation

water categories are supposed to be monodisperse, whereas

precipitation particles like rain, snow and graupel are

assumed to be exponentially distributed (see T09). Rain

drops are described via the Marshall–Palmer distribution

(Marshall and Palmer 1948). In the warm rain scheme, for

example, the pseudo-reflectivities are computed assuming

Rayleigh scattering, and the slope of the Marshall–Palmer

distribution is determined from the mass fraction of pre-

dicted precipitation water qqr. The linear radar reflectivity

factor Z is determined by

Z ¼ 720
1

pqw

� �7
4

N
�3

4
or qqrð Þ

7
4 ð16Þ

(Dotzek 1999), with the water density qw and the

parameter of the Marshall–Palmer dropsize distribution

Nor = 800m-3 mm-1. Cloud water is neglected in the

reflectivity calculations. The linear radar reflectivity factor

for mixtures of hydrometeor categories is calculated as the

sum of the individual radar reflectivity factors except cloud

water and cloud ice. The fall velocity v of precipitation

particles is also parameterized in terms of the predicted mass

fraction; thus the single-moment bulk scheme generates a

fixed relationship between predicted precipitation water on

the one hand and pseudo-reflectivity and rain rate on the

other hand. Natural ambiguities between rain rate and

reflectivity, a severe issue in radar meteorology, are thus not

represented in COSMO-DE.

3.2 Radio soundings

Since some IRVDs require additional information about

temperature, pressure, and wind in different heights, these

are estimated from the nearest radiosounding in time and

space. Radiosoundings at Schleswig (54:32N, 9:33O),

Greifswald (54:06N, 13:24O), Emden-Königspolder

(53:21N, 7:13O), Bergen (52:49N, 9:56O), Essen-Bredeney

(51:24N, 6:58O), Fritzlar (51:08N, 9:17O), Oppin (51:33,

12:04O), Meiningen (50:34N, 10:23), Idar-Oberstein

(49:42N,7:20O), Stuttgart (48:50N, 9:12O), Kümmerbruck

(49:26N, 11:54O) and Oberschleissheim (48:15N, 11:33O)

from DWD are available at best for 0, 6, 12 and 18 UTC. In

order to compare with the methodology in T09, we will use

the same radiosonde data set in this paper to further evaluate

the IRVD approach with real radar data.

3.3 Real observation data

For our IRVD development based on real radar data, we

use radar data from the sites Hamburg, Frankfurt and

Berlin. The spatial resolution of the radar data is range-

dependent (128 range bins in 1o91 km and 18 elevation

scans). Availability of radar volume data is still very

limited because the German Weather Service (DWD) still

does not store volume data on a regular basis. We were lucky

to have access to the volume datasets from the three radars

for summer 2004 (see Table 1) for which also reasonable

ground truth data are available to us (see next paragraph).

As ground truth, we use the precipitation product by

Paulat et al. (2008). They used daily measurements from

about 3,500 rain gauge stations gridded to a horizontal

resolution of 7 km. In order to increase the temporal

Table 1 Number of rain events analysed at different dates and radar

sites

Radar sites Date Number of events

Hamburg 22.09.04 11

53� 370 1900N, 09� 590 5200E 12.08.04 5

Berlin 09.06.04 9

52� 280 4300N, 13� 230 1700E 18.07.04 3

12.07.04 4

Frankfurt 07.07.04 4

50� 030 0600N, 08� 340 0500E 17.07.04 4

18.07.04 4

19.07.04 4

20.07.04 10

12.08.04 7
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resolution Paulat et al. (2008) use the so-called PC product

of DWD, which is a 15-min composite at 4 km horizontal

resolution constructed from the—at that time—16-German

operational precipitation radars. Both datasets were merged

into a 15-min and 7-km resolution data set by rescaling of

the 15-min radar precipitation estimate to the daily rain

gauge-based estimate. The data product is, however, only

available for the year 2004.

At first glance, the use of the product from Paulat et al.

(2008) for our IRVD approach is critical, because the radar

data are used both for ground truth and the IRVD model.

The impact is, however, quite low, because the radar-

derived IRVDs have no immediate relation to the radar

information used to construct the ground truth.

We use ordinary kriging (Gandin 1963) to interpolate

the precipitation product by Paulat et al. (2008) on a 2-km

horizontal grid, which is close to the radar resolution at

large distances from the radar. Arithmetic averaging is used

to scale the reflectivity data down to the same resolution.

This procedure reduces somewhat the range-dependent

bias. Low values of instantaneous rainfall rate tend to be

overestimated and high values underestimated due to the

increasing observation volume with range. This affects of

course also the IRVDs, thus the mean and the variance of

the measured reflectivity are underestimated. In order to

further reduce this error, we also applied a scaling of radar

reflectivity published by Chumchean et al. (2004), which

did, however, not lead to a significant improvement for the

final rainfall estimates.

3.4 Tracking algorithm

Analogous to T09, to whom we refer for more detailed

information on the algorithm, the SARTrE tracking algo-

rithm by Simon (2004) is applied to the interpolated field

both of reflectivities of the lowest elevation scan (0.5�) and

the 10�m height pseudo-radar data from COSMO-DE. An

edge detection operator strategy is performed including

prior smoothing and subsequent application of the Mexican

hat operator, an established approach in digital image

processing. The application of the Gaussian kernel smoo-

thens the reflectivity field into increasingly coarser struc-

tures with increasing standard deviation of the kernel. This

allows to focus the analysis on different scales, i.e. smaller

single cells or larger cell clusters. Within the SARTrE

algorithm, cells detected at time tn are identified as

successors of cells in the previous time step tn-1 by ana-

lyzing the distances and the shapes of empirical distribu-

tions of the enclosed reflectivities. In this analysis, a rain

event is thus defined as a cell identified using digital image

processing in a minimum of four subsequent time steps.

Of course, a positive amount of rain assigned to a tracked

cell is a prerequisite. From the pseudo-radar data, 100 rain

events were identified and tracked in a period of 3 days

(see T09 for a description of the synoptic conditions). For

summer 2004, a total of 65 real rain events have been

identified and tracked in the radar observations. The entire

analysis is restricted to convective rain events. Some sta-

tistics of both datasets are summarised in Table 2. While

the tracked systems from real radar data cover time periods

between 1 and 5 h, the pseudo radar data cover periods

from 1 to 10 h. Larger differences are found for total

rainfall yields, which roughly range between 10,000 and

40,000,000 m3 for the real events and between 3,000,000

and 5,000,000,000 m3 for the pseudo-radar events.

4 IRVD models derived from pseudo-radar data

4.1 Model derivation

Table 3 summarizes the results of the IRVD approach from

T09 based on the pseudo-radar data. They used only 21 of

the descriptors listed in Sect. 2 (descriptors 8, 9, 10, 11, 26,

27, and 28 are not taken into account). They developed two

models; the first model [IRVD(T09/1), left column in

Table 3)] did exclude the orographic rainfall amplifiers

ORO? and ORO± and the wind shear MSHEAR, while

for the second model [IRVD(T09/2)] all 21 descriptors

were used. Thus, IRVD (T09/1) was restricted to descrip-

tors, which relate to the structure of radar returns.

The seven descriptors with the highest detection fre-

quency (see end of Sect. 2) build the most stable model in

T09. On average 98.9% of the variance of the yield factor

S(s) could be estimated from the pseudo-radar data alone

[IRVD(T09/1)], while including topography and wind

field-related descriptors explain 99.3% of the variance. The

relative error for the predicted precipitation yield V stayed

below 10% in 74 (79) out of the 100 cases analysed using

the radar only (all) descriptors.

Table 2 Main characteristics of the pseudo-rain events analysed for

July 17, 2004, July 8, 2005 and August 19, 2005 (left column) and the

rain events analysed from real radar data for summer 2004 (right

column)

Pseudo-rain events Observed events

Number of events 100 65

Spatial resolution (km) 2.8 2

Temporal resolution

(min)

10 15

Time span (h) 1–10.333 1.25–4.75

Accumulated area

(km2)

3.6 9 103–

1.74287 9 106
88–3.73 9 104

Total rainfall (m3) 3.32 9 106–

5.28 9 109
1.5 9 105–

3.63 9 107

Mean rain rate (mm/h) 0.11–7.3 0.02–2.72

146 S. Trömel, C. Simmer

123

Author's personal copy



From Table 3 we can deduce, that in the atmospheric

model the reflectivity and its variability within a precipi-

tation system are strong predictors for S(s) [which results

in total precipitation yield V of our objects, i.e. the tracked

precipitation systems, when multiplied with the area-time

integral ATI(s)]. Additional information about the bright-

band and its evolution is, however, also essential, but

knowledge about the wind field and its relation to orogra-

phy does about the same job. For a more detailed discus-

sion of these results, we refer to T09.

4.2 Application of IRVD models derived from

pseudo-radar data to observed rain events

For the pseudo-radar data, the mean reflectivity HMEAN

alone explains 95% of the variance. When we use the same

two sets of the 7 most important descriptors from T09 for

the 65 events contained in the real radar data set, only 48%

of the variance in S(s) can be explained. HMEAN remains

the best descriptor, but barely explains 35%.

T09 speculate already that the single-moment bulk

scheme of the COSMO-DE model leads to this simple

relationship. Drop size resolving schemes diagnose the

moments from the predicted size-distributions of the

hydrometeors, while single-moment bulk schemes diagnose

the shape of the spectrum from the predicted mass fraction

(first moment of the number-density size distribution). Thus,

a fixed relationship between predicted precipitation

water and pseudo-reflectivity including the related rain rate

follows from the single-moment Kessler scheme. No ambi-

guities between rain rate and reflectivity are produced by

COSMO-DE. Only very basic physics is thus required to

explain the volumetric rainfall of modelled rain events.

We expect differences between the statistics of the rain

events analysed in T09 and the current analysis, however, also

because of the different data bases. The area for the pseudo-

radar data includes Germany, Switzerland, Austria and

smaller parts of adjacent countries, while the real radar sets

encompass only a subarea thereof. As indicated in Table 2, the

real events have in general smaller enclosed areas and smaller

time spans. Real events show smaller mean rain rates, which

is, however, probably not completely caused by differences in

the data base. Seifert and Beheng (2006) found, that the single-

moment Kessler scheme provides a faster conversion of cloud

water to precipitation water and more intense rain events than

a two-moment scheme.

5 IRVD models derived from observations

We now derive IRVDs from the real data (65 events). All

28 descriptors (see Sect. 2) are now tried to explain the

Table 3 Significant descriptors and the % age of their election for

IRVD(T09/1) (radar only descriptors) and IRVD(T09/2) (taking into

account the orographic rainfall amplifier and the wind shear)

Descriptor IRVD(T09/1) radar only IRVD(T09/2)

Sequ. Detected in

% of the cases

Sequ. Detected in

% of the cases

Variability in horizontal reflectivities

MEAN 1 100 1 100

HMEAN3 2 100 2 100

HMEAN2 3 99 3 100

HMEAN4 12 2 6 91

(A(s)/Ao) 9 9 – –

(A(s)/Ao)5 4 99 5 99

HSTD2 – – 7 90

HSTD4 5 98 – –

D – – 8 65

Variability in vertical reflectivities

MBF3 6 97 – –

TBF3 10 8 – –

TBF5 13 1 – –

RTBF 7 87 – –

TNBF3 11 7 – –

MEe 8 17 – –

Orography and wind field

ORO? 4 100

ORO?2 9 65

ORO±3 13 16

ORO±4 11 43

MSHEAR2 12 16

The 7 descriptors with the highest detection frequency (bold) in

IRVD(T09/1) explain 98.9% and the respective descriptors in

IRVD(T09/2) explain 99.3% of the variance of the yield factor S(s)

Table 4 Significant descriptors for S(s) and the % age of their

detection with S(s) as predictant

Descriptor IRVD(RR/1)—no MP estimator

Sequ. Detected in % of the cases

Variability in horizontal reflectivities

ESTD 3 95

STDWs 6 5

STDWs2 4 95

Variability in vertical reflectivities

TNBF5 1 97

RTNBF5 2 97

METH4 7 5

Distance to radar

DIMA5 5 22

The 5 most robust descriptors (bold) explain about 77% of the vari-

ance in S(s) for all events
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variability in S(s) within a stepwise regression procedure.

LOOCV is again used to determine the robustness of the

predicting model by counting the cases a particular descriptor

is selected to be significant. Significant descriptors for the

65-analysed objects and the frequency of their detection are

listed in Table 4.

For the majority of cases, the 5th power of the trend-to-

noise ratio of the brightband fraction (TNBF5) and its more

robust version (RTNBF5) are now detected as the most

significant descriptors (Table 4). Furthermore, the 2nd

power of the standard deviation of the enclosed reflectivi-

ties at the ground (ESTD), the standard deviation of the

reflectivities above s (STDWs2), and the 5th power of

the maximum distance of the cell to the radar during the

tracking period (DIMA5) are selected. For single objects

also other descriptors contribute. If we take into account

only the 5 most robust descriptors, we explain about 77%

of the variance in S(s) for all events.

We hypothesise that the quite coarse vertical reflectivity

profile derived from the radar volume data did prevent sig-

nificant contributions of the brightband descriptors, which

were selected as IRVDs for the pseudo-radar data, and also

expected here for physical reasons. Compared to the output

from COSMO-DE, real radar volume data have a range-

dependent vertical resolution which will affect the accuracy

of several descriptors. We are confident that current differ-

ences in the IRVD models concerning information about the

vertical reflectivity profile are not in the first place short-

comings of COSMO-DE. Most likely the sparse information

about temperature, pressure and wind used in our analyses

further hampered the information content of some descrip-

tors. A composite of three-dimensional radar volume data

would provide an area-wide better resolved reflectivity

profile. A higher spatial and temporal coverage of radio-

soundings or the inclusion of assimilation runs of a weather

forecasting model could reduce the error of IRVD estima-

tions and thus lead to a more thorough approach to validate

atmospheric models employing the IRVD concept.

6 Use of IRVDs for quantitative rainfall estimation

We hypothesize that the IRVD approach should improve

the estimation of the objects total precipitation yield

V compared to the usage of locally applied Z–R relations.

Application of Z–R relationships often fails for rainfall

estimation due to the natural ambiguity between reflectiv-

ity, even polarimetric, and rain rate. A basic assumption of

the IRVD approach is that IRVDs account for micro-

physical differences among precipitation systems and thus

indirectly also for the variability in drop size distribution. If

that assumption is true, a combination of a local Marshall–

Palmer estimator MP and the IRVD approach should

improve QPE at least for V. Thus, we include for the

ensuing analyses in our IRVD methodology also the MP

estimator as a potential descriptor within the stepwise

regression procedure.

We are aware, that total precipitation yield of a system

by itself is of little value for hydrology, which requires

temporally and spatially highly resolved rainfall estimates.

We envision, however, some application for large catch-

ments or the use of V as a constraint for local precipitation

estimates. Other possible applications will be discussed in

the last section.

MP can be obtained directly from the radar data by

applying

Z ¼ 296R1:47 ð17Þ

according to (Marshall and Palmer 1948). R is the instan-

taneous rainfall rate in mm/h and Z the radar reflectivity

factor in mm6/m3.

6.1 Using S(s) as predictant

Up to now, we used the IRVD concept to reduce the variability

of S(s) in the yield estimator for V = S(s)ATI(s). In Sect. 4.1,

we presented two models based on pseudo-radar data

[IRVD(T09/1) and IRVD(T09/2)] and applied them to

observed radar data in Sect. 4.2. A third model for estimating

S(s) using IRVDs was derived from observed radar data in

Sect. 5 [IRVD(RR1), RR stands for real radar observations].

These three S(s)-models can be used to estimate the total

precipitation yield V of the precipitation systems during their

life time or observation period using the yield estimator

V = S(s)ATI(s). The resulting distribution of relative errors

for V using the least squares (LS) and least error (LE) cost

function is listed in rows 2–7 of Table 6 together with the

results for the Marshall–Palmer-alone estimator (row 1). The

Marshall–Palmer descriptor MP makes, however, no signifi-

cant contribution to explain the variance in S(s), i.e. MP is not

elected as an IRVD in the models of rows 2–7, thus ignored as

predictor for rainfall yield estimates.

We restricted all IRVD models, however, to the five

most robust descriptors to account for the lower sample

size of the observed objects compared to the pseudo-radar

objects. Results considerably improve using the LE cost

function. The latter reduces the relative errors in case of

low rain amounts. The six IRVD models do, however, not

significantly exceed the accuracy of the Marshall–Palmer

estimator used as a single descriptor.

6.2 Using V as predictant

We now evaluate the potential of the IRVD approach for

estimating system precipitation yield, V, directly (IRVD

(RR/2), Table 5, rows 8 and 9 in Table 6)]. In doing so the
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Marshall–Palmer estimator becomes the most robust

descriptor, which now at least partly substitutes the infor-

mation contained in ATI(s) when using the S(s)-approach.

In addition the 5th power of the empirical standard devi-

ation of the horizontally enclosed reflectivities near the

ground (ESTD5), the 2nd and 5th power of the mean echo-

top-height (METH2, METH5), and the 5th power of the

mean effective efficiency (MEe
5) are the most robust

descriptors (see Table 5); they explain 91.5% of the vari-

ance. The MP descriptor alone explains already 85.4%.

Using the LS cost function, the relative error is below 10%

(20%) for 11% (20%) of the precipitation systems [see

Table 6; LS, IRVD(RR/2)]. Using LS as cost function, the

IRVD(RR/2) model provides useless estimates for less

intensive rain events; the resulting maximum relative error

is much higher than for the MP estimator alone (see

Table 6, row 1).

Finally, we newly determine the coefficients for the five

most robust descriptors in Table 5 by minimizing the rel-

ative errors instead of the squared absolute errors (LE

instead of LS as cost function). In 35% (43%) the relative

error is now below 10% (20%) (see again Table 6). The

number of cases with relative errors below 10% increases

from 20 to 35% compared to the MP estimator. Note that

the minimizing procedure based on relative errors not only

increases somewhat the number of small relative errors but

also reduces the absolute error of high rainfall events.

We conclude that IRVDs provide a considerable

enhancement compared to the use of a Z–R relationship for

predicting V. The MP relationship underestimates espe-

cially the more intense rain events; these events are asso-

ciated with a higher variability in the reflectivity field

ESTD, with higher mean echo-top-heights METH, and

with a higher mean effective efficiency MEe-. The

significant contribution of these descriptors to system

precipitation yield in addition to the MP estimator is shown

in Table 5. Thus, the additional descriptors included in the

IRVD(RR/2) model correct for some of these errors.

7 Summary and conclusions

We introduced IRVD as a pathway to an object-based

characterization of precipitation systems—the objects—

during their life time or observation period. IRVDs quan-

tify the temporal development of the three-dimensional

distribution of radar reflectivities of the objects by con-

densing the information content of radar volume data into a

limited set of descriptors termed IRDVs, which bear the

most significant information about the object. To this goal,

radar-detected precipitation systems are identified and

tracked over their live or observation time. A set of up to

28 descriptors is tested and ranked according to the vari-

ance of a system yield factor S(s) or the total system pre-

cipitation yield V they are able to explain.

Many IRVDs exhibit immediate physical meaning like

the mean echo-top-height, the effective efficiency which

Table 5 Significant detected descriptors and the % age of their

detection taking V as predictant

Descriptor IRVD(RR/2)—with MP estimator

Sequences Detected in % of the cases

Variability in horizontal reflectivities

ESTD5 2 65

MEANs5 7 29

STDWs2 8 29

Variability in vertical reflectivities

METH2 3 65

MEe5 4 48

METH5 5 42

MVSTD 6 34

Marshall–Palmer estimator

MP 1 100

The 5 most robust descriptors (bold) explain 91.5% of the variance in V

Table 6 Distribution of relative errors for the volumetric rainfall

estimates V of 65 rain events applying different models and different

cost functions

Estimator

(cost function)

Relative

error\10%

(% age of

rain events)

Relative

error\20%

(% age of

rain events)

Maximum

relative

error (%)

1 MP 20 34 101

2 LS, IRVD(T09/1) 12 32 343

3 LE, IRVD(T09/1) 22 35 116

4 LS, IRVD(T09/2) 17 28 290

5 LE, IRVD(T09/2) 22 37 119

6 LS,IRVD(RR/1) 22 38 221

7 LE,IRVD(RR/1) 15 31 95

8 LS,IRVD(RR/2) 11 20 1508

9 LE,IRVD(RR/2) 35 43 100

The MP estimator is initially included in all model developments as

descriptor, but rejected as IRVD in models estimating S(s) and using

the relation V = S(s) ATI(s). LS denotes the least-squares method

and LE the least-errors method. Relative errors of the Marshall–Pal-

mer estimator (MP) used alone (row 1) are compared to results of the

two IRVD models derived by T09 on the basis of pseudo-radar data

(T09/1 and T09/2, see Table 3) using the LS cost function [LS,

IRVD(T09/1) and LS, IRVD(T09/2)] and using the LE cost function

[LE, IRVD(T09/1) and LE, IRVD(T09/2)]. Results of the MP

descriptor alone are also compared to a third IRVD-only model

derived directly from the 65 rain events using again both LS [LS,

IRVD(RR/1)] and LE [LE, IRVD(RR/1)] and to a fourth combined

IRVD and MP model using LS [LS, IRVD(RR/2)] and LE [LE,

IRVD(RR/2)]. The 3 best candidates are marked in bold in each

category
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describes the fraction of water vapour which is potentially

available for precipitation, and temporal changes in the

fraction, which the brightband occupies in the vertical

reflectivity profile close to the centre of a precipitating

system. Their information content, especially those based

on the vertical reflectivity profile, like the mean brightband

fraction MBF, the mean echo-top-height METH and the

mean effective efficiency MEe is already well-established

in the literature. The weaker role of the brightband-related

descriptors in convective cells, the high correlations

between storm height and rain rate, a shift of the precipi-

tation probability distribution to higher values with

increasing effective efficiency, and the potential to classify

continental and maritime systems using the effective effi-

ciency underline their informative value.

We made a first attempt to employ the IRVD concept

for atmospheric model validation. To this goal, we applied

the IRVD approach in Sect. 4 to simulated radar data

based on runs of the COSMO-DE weather forecast model

(pseudo-radar data) and in Sect. 5 to observed radar data

for similar meteorological conditions. If a model correctly

represents real precipitation processes, the IRVDs

obtained from pseudo-radar data and from observed radar

data should be similar. Thus, discrepancies may hint at

process formulations responsible for model deficiencies.

In the pseudo-radar data, the mean value of reflectivities

near the ground (HMEAN) does already explain the

overwhelming variability of the total rainfall yield pro-

duced by a precipitation system during its life time, while

only about half of the variability is explained by HMEAN

for the real radar data. Also the other IRVDs do differ

significantly. We hypothesize that the single-moment bulk

scheme in COSMO-DE is at least in part responsible for

this discrepancy, because the scheme favours a fixed

relationship between the predicted mass fraction of rain

water and the reflectivity. In the real world, the variability

of the drop size distribution reduces the descriptive power

of HMEAN. The modelled rain events also show on

average a higher horizontal extent, a longer life span, and

higher mean rain rates. This can be partly explained by the

differences in the databases, but the higher mean rain rates

again might point to the influence of the single-moment

Kessler scheme.

With respect to areal rainfall estimation, we could show

in Sect. 6 that IRVDs have the potential to increase the

quality of radar reflectivity-derived precipitation yields of

systems on top of the sole use of Z–R relations.

We have to admit that our results are at present ham-

pered by data restrictions. Doneaud’s approach, on which

we build our methodology, requires the existence of a well-

behaved probability density function of the rain rate of a

precipitation system during its lifetime. The observation of

all typical changes in its appearance during the lifetime of a

precipitation system (growing stages, convective, and

stratiform stages) is thus required to reproduce approxi-

mately this well-behaved probability density function. The

limited radar range, however, very often only allows ana-

lysing a limited time span in a systems life time. Thus, the

shorter tracking periods of the 65-observed rain events

violate Doneaud’s basic assumption, which also leads to an

increase in the variability of the volumetric rainfall and a

decrease in the variance explained by the IRVD-model. We

also expect considerable impact of the coarse vertical

reflectivity profile for larger distances to the radar on the

predictive accuracy of the derived IRVDs.

8 Outlook

For COSMO-DE, a two-moment microphysical scheme for

grid-scale cloud processes is currently tested for opera-

tional implementation and a more complete spectral

scheme is under development within the priority pro-

gramme SPP1167 of the DFG (Hense and Wulfmeyer

2008). The IRVD approach will be applied to simulations

with the new schemes and might hint at remaining short-

comings. Currently, we are exploiting composite radar

volume data to enhance the resolution of the vertical

reflectivity profile for a larger area, which should increase

the accuracy of several descriptors. The new three-

dimensional database will also allow us to enhance and

extent our statistics on rain events for validation.

Besides QPE and model evaluation, we envision an

application of the IRVD approach in the context of a pre-

cipitation climatology. Statistics of rain events, such as the

volumetric rainfall, mean rain rates, and also the life span,

storm height, vertical integrated liquid water content, or for

example parameters describing convection (Miller 1972)

should be part of climate monitoring. IRVDs in general

may serve as stable proxies of the precipitation process

worth monitoring because changes in the statistics of

IRVDs might hint at changes in the processes leading to

precipitation.

Another potential application of the IRVD concept is

data assimilation. Physical initialisation schemes like the

one proposed by Haase et al. (2000) and Milan et al. (2008)

try to nudge the model to the current atmospheric state by

forcing the model to reproduce radar-observed precipita-

tion. Currently, these schemes use only the estimated sur-

face rainfall, which is imposed on the model by generating

suitable updrafts. IRVDs more completely describe the

thermodynamic and microphysical differences among rain

events on the basis of the vertical and horizontal reflectivity

structures. The assimilation of the temporal development of

the IRVDs might be an alternative which takes better into

account the dynamical state of the systems.
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