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Abstract
The quality of numerical precipitation prediction depends on the accuracy with which the model reproduces the true initial state of the atmosphere prior to the forecast. Typically a numerical model needs a spin-up
time of several hours until its hydrological cycle is established. Assimilation of precipitation data can reduce
the spin-up time significantly and consequently opens the possibility of nowcasting with Numerical Weather
Prediction (NWP) models. We further enhanced the physical initialisation scheme (PIB, Physical Initialisation Bonn) by H AASE (2002) in order to improve quantitative precipitation nowcasting with a high-resolution
NWP model. The assimilation scheme takes as input a radar based precipitation product and a cloud top
height field retrieved from satellite observations. During the assimilation window, PIB adjusts the vertical
wind, humidity, cloud water, and cloud ice to force the model state towards the measurements. The most
distinctive feature of the algorithm is the adjustment of the vertical wind profile in the framework of a simple
precipitation generation scheme. In this paper, we present an identical twin experiment, which reveals how the
model variables are adjusted during the assimilation window, and which demonstrates the consistency of PIB
with the physics of the NWP model. Three case studies with real measurements demonstrate that the scheme
improves the forecast of the precipitation patterns, as well as the dynamics of the events. These improvements
are found both during the assimilation window and for the first hours of the free forecast.
Zusammenfassung
Die Qualität einer numerischen Niederschlagsvorhersage hängt davon ab wie genau das Modell den Zustand der Atmosphäre zu Beginn der Vorhersage wiedergibt. Numerische Wettervorhersagemodelle benötigen
meist eine Einschwingzeit von mehreren Stunden bis sich der hydrologische Kreislauf im Modell eingestellt
hat. Die Assimilation von Regendaten kann diese Einschwingzeit stark verkürzen und somit Nowcasting
mit numerischen Wettervorhersagemodellen (NWV) möglich machen. Wir haben ein physikalisches Initialisierungsschema (PIB, Physical Initialisation Bonn) von H AASE (2002) weiterentwickelt, um die quantitative Niederschlagskurzfristvorhersage mit einem hoch aufgelösten Wettervorhersagemodell zu verbessern.
Das Assimilationsschema benutzt als Input ein radarbasiertes Niederschlagsprodukt und Wolkenobergrenze
abgeleitet aus Satellitendaten. Während des Assimilationsfensters passt das PIB den Vertikalwind, die
Feuchte, das Wolkenwasser und Wolkeneis in der Weise an, dass das Modell die Messungen gut wiedergibt.
Das markanteste Merkmal des Algorithmus ist die Anpassung des Vertikalwindprofils im Rahmen eines einfachen Niederschlagsschemas. In diesem Artikel stellen wir ein “Identical Twin Experiment” vor, welches
zeigt, wie die Modellvariablen während der Assimilation angepasst werden. Es belegt die Konsistenz zwischen PIB und Wettervorhersagemodell. Drei Fallstudien mit realen Messungen zeigen die Verbesserung der
Vorhersage der Niederschlagsfelder und der Dynamik durch das Schema insbesondere während der Assimilation und während der ersten Stunden der freien Vorhersage.

1 Introduction
Nowcasting and very short range Numerical Weather
Prediction (NWP) are typically limited by the time the
model needs to establish its hydrological cycle, the socalled spin-up time. This limitation can be relaxed by
the assimilation of precipitation observations. Such assimilation methods are subject of ongoing fundamental
research due to the high dimensionality of the precipitation process, its strong nonlinear character, the nonGaussian error statistics of the predictions, and the limited quality of precipitation observations. This is particularly true for convective-scale data assimilation, which
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is the focus of this paper. For a review of data assimilation techniques used for the convective scale see e.g.
S UN (2005) and G REGORI Č et al. (2000).
The steady increase in grid resolution of operational
limited area models outpaces the development of the
spatial density of conventional observational networks.
Consequently radar and satellite observations have become increasingly important for data assimilation because of their high temporal and spatial resolution.
These observations can improve the initialisation of
model variables and processes such as moisture, divergence (via vertical velocity), and latent heating, but have
complicated error characteristics. Research on the assimilation of Doppler radar data in high resolution NWP
models has been carried out since the early 1990s (S UN,
2005).
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There are two general approaches to data assimilation:
variational and non-variational.
Variational algorithms aim to minimize a cost function
that depends on the error covariance matrix of both the
background state and the observations (B OUTTIER and
C OURTIER, 1999). In this framework the analysis state
is the most likely one, given the observations and their
statistical errors (K ALNAY, 2003). Four-dimensional
variational assimilation (4DVAR) has demonstrated its
potential for mesoscale and storm-scale forecasting using Doppler radar winds and reflectivity data (S UN and
C ROOK, 1997). Currently, however, the computational
capacity is not able to support 4DVAR in an operational
setting at convective scales. Another limitation of variational techniques in general is their assumption of Gaussian error distributions (B UEHNER, 2002), although ongoing research is tackling this problem.
The main ideas behind physical initialisation originate from the work of K RISHNAMURTI et al. (1991).
The basic concept assumes that updrafts connected with
horizontal humidity flux convergence in the lower part
of the cloudy column leads to rain formation (W ILSON
and S CHREIBER, 1986; C OTTON and A NTHES, 1989).
This paper extends the scheme by H AASE (2002), which
is based on this assumption. H AASE (2002) was able
to reproduce a single convective storm well and also
achieved a reduction of the information gap between the
model forecast and the observations by using the observations to initiate precipitation in the model. We extended his scheme by means of a flexible choice of an
efficiency factor, which determines the transfer of water vapour above saturation (i.e. cloud water) into rainwater and by the use of satellite derived cloud information. These improvements made the PIB to a more robust
scheme, which can be used for general application.
Other schemes have been developed, which use satellite derived rain rates to change the vertical humidity
profiles in tropical areas where radar data are usually not
available (see e.g. N UNES and C OCKE, 2004; C RAVEN
et al., 2000). ROGERS et al. (2000) utilise radar data to
determine areas with convection while their assimilation
scheme forces or stops convection in the model accordingly.
The results of the PIB scheme will be compared
with the performance of a Latent Heat Nudging scheme
(LHN). The LHN scheme used in this paper is in operational use by the German weather service (DWD) since
2006. It forces the NWP model with the latent heat potentially released in generating the observed precipitation. For a description of this method see M ANOBIANCO
et al. (1994), J ONES and M ACPHERSON (1997). Recent results of this method have also been published by
L EUENBERGER and ROSSA (2007).
This paper is structured as follows. Section 2 describes
the NWP model and the data used. In Section 3 the PIB
scheme is explained in detail. The convective cases used
in our experiments are illustrated in Section 4.
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An Identical Twin experiment is conducted with the
only aim to check on the possible existence and effects of inconsistencies between the assimilation scheme
and the NWP model in generating precipitation (Section 5). The impact of PIB using real satellite and radar
data is evaluated in Section 6 with the help of objective skill scores. In this section we also compare the
performance of the PIB scheme with its predecessor by
H AASE (2002). Conclusions are drawn in Section 7.

2 Data and Model
2.1 The COSMO model
The COnsortium for Small-scale MOdeling (COSMO)
model, the former Lokal-Modell (LM), is a non-hydrostatic limited area atmospheric weather prediction model.
We applied version 3.21, which was developed by the
German weather service (DWD) early 2005. For a description of the model see S CHULZ and S CH ÄTTLER
(2005).
We apply the model with a horizontal resolution of
2.8 × 2.8 km over an area ranging over 421 grid cells
in longitude and 461 grid cells in latitude (see Figure 1
for a map of the model area). The atmosphere is vertically resolved into 50 terrain following layers. A second
order leapfrog scheme with a timestep of 25 seconds is
used for the numerical integration in time. We switch off
the convection parameterisation by assuming that largescale concection leading to precipitation is sufficiently
resolved, the parameterisation of shallow convection is
switched off as well. Our model configuration is the
same as the operational one except for the use of the
leapfrog integration scheme instead of the Runge-Kutta
scheme and the deactivation of the shallow convection
parameterisation.
The operational analysis fields of DWD are used as
initial and boundary conditions. Thus we start with the
best available conditions and investigate the impact of
the assimilation of radar and satellite data by PIB.

2.2 Radar Data
The radar-based RADOLAN (radar online adjustment,
BARTELS et al. (2004)) data are used to estimate surface
precipitation and were provided to us from the DWD
data base.
The rain rate product is based on 16 operational
C-Band Doppler radar systems (Figure 1). We do not
used the product which is calibrated with online available high-resolution rain gauges. The product is derived from scans with elevation angles between 0.5◦ and
1.8◦ , which are combined in order to minimize blocking by orography. The maximum radar range for each
radar is 128 km. For more information on the product
see the description of the DWD weather radar network
(www.dwd.de/en/Technik/Datengewinnung/Radarverbund).
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Table 1: Modification of prognostic LM variables w, specific humidity qv , specific cloud water content qc and specific ice water content qi ,
depending on the intensity of the analysed surface precipitation rate (see the calculation of ŵ, eq. 3.5) and the vertical location of the model
grid point. zsrf is the height of the surface above the sea level. Sat. cloud top is the cloud top derived directly from the satellite data, O.I.
cloud top is instead derived using an optimal interpolation algorithm. Rana the analysed precipitation, Rt h a threshold for determine the
rain area 0.1mm/h, qv∗ specific humidity at the saturation point.
height
z > zct

zct ≥ z ≥ zcb

z < zcb

Rana > Rth
sat. cloud top
O.I. cloud top
w=0
w=0
rh = min(rh, 99%)
rh : not modified
qc = 0
qc : not modified
qi = 0
qi : not modified
w = ŵ(z)
w = ŵ(z)
qv = qv∗
qv = qv∗
qc : not modified
qc : not modified
qi : not modified
qi : not modified
z−zsrf
z−z
w = ŵ(zcb ) zcb −zsrf
w = ŵ(zcb ) zcb −zsrf
srf
qv = qv∗ (zcb )
qv = qv∗ (zcb )
qc = 0
qc = 0
qi = 0
qi = 0

Rana < Rth
cloud area
no cloud area
w : not modified
w : not modified
rh : not modified rh = min(rh, 99%)
qc : not modified
qc = 0
qi : not modified
qi = 0
w : not modified
w : not modified
rh : not modified rh = min(rh, 99%)
qc : not modified
qc = 0
qi : not modified
qi = 0
w : not modified
w : not modified
rh : not modified rh = min(rh, 99%)
qc : not modified
qc = 0
qi : not modified
qi = 0

2.3 Satellite data
To obtain cloud top height information we utilise products from the Satellite Application Facility on support to NoWCasting and very short-range forecasting
(SAFNWC, see http://nwcsaf.inm.es/). The general objective of the SAFNWC is to facilitate the optimal operational use of meteorological satellite data. In order to define the cloud top height, we use the products for cloud
top temperature and height (CTTH) and for cloud type
(CT). We obtained the SAFNWC products from DWD
with a temporal resolution of 15 minutes; for further information see the manual of SAFNWC (2004).

3 Physical Initialization Bonn

Figure 1: Model integration area with the DWD radar network
overplotted. The circles around each radar site have a radius of
128km. (Figure from www.dwd.de)

Typical problems of radar data, such as anomalous propagation and attenuation are filtered out by DWD. Compositing is achieved by selecting those radar observation
which have been made closest to the ground. The product has a temporal resolution of 5 minutes and a spatial
resolution of 1 km.

The PIB scheme derived originally by H AASE et al.
(2000) modifies the profiles of vertical wind (w in m/s),
specific water vapour (qv in kg/kg), and cloud water content (qc in kg/kg). In the current scheme also the cloud
ice content (qi in kg/kg) is taken into account. Table 1
shows in detail how the scheme interacts with the model.
In a first step PIB creates a surface precipitation field.
This field is computed using both the model and the
radar-observed precipitation at every grid point for every time step. The field takes the time delay between
model time step and the radar information into account
by interpolating the radar observations onto the model
time step. PIB is called when the difference between
model precipitation and analysed precipitation exceeds
20 %.This threshold is a rough guess of the minimal uncertainty of the radar-based precipitation estimate.
For every grid point with analysed precipitation above
0.1 mm/h a single column cloud/precipitation model
is utilised to modify the simulated cloud base and top
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heights, the vertical wind profile, and the humidity profile.
At grid points with analysed precipitation below 0.1
mm/h PIB reduces the water vapour content, the cloud
water content and the cloud ice content based on the information from the satellite data. In areas where radar
data are not available, the model fields are not modified.

in DALEY (1991), pg. 101-106. The background cloud
top height is set to 8 km (see L OPEZ, 1977; S HERWOOD
et al., 2004). The covariance between the observation in→
crements at point k, with position −
rk , and the difference
between the true value (T) and the background value (B)
→
at point l, with position −
rl , is given by:

3.1 Cloud base

where O is the observation value. Cf is set to:

The cloud base height (zcb in m) of a convective system is assumed to coincide with the Convective Condensation Level (CCL). The determination of the CCL
from model variables is, however, a large error source
and thus needs a careful approach.
Since LCL (Lifting Condensation Level) and CCL often agree closely in cumulus conditions (ROGERS and
YAU, 1989), we use the average of CCL and LCL as a
more robust estimate of the cloud base for PIB. The LCL
is estimated based on Bolton’s formulation (B OLTON,
1980) for the cloud base temperature:
TL =

1
1
TD −56

+

ln(T /TD )
800

+ 56.

(3.1)

To compute the LCL we utilise the mean temperature
(T ) and the mean dewpoint temperature (TD ) of the
model in the lowest 100 hPa layer according to C RAVEN
et al. (2002). For the calculation of the CCL the air
parcel is lifted upward adiabatically from the surface. At
every layer we check whether the air parcel is saturated
and if it still has buoyancy. The mean of the specific
humidity (qv ) of the lowest 100 hPa is used. Thus the
LCL depends only on the model variables values near
the surface, while the CCL depends on the entire profile.
Both estimates are nearly independent so we assume
that the average of both has a smaller error than the
individual estimates.
The original PIB scheme from H AASE et al. (2000)
calculates the convective condensation level as cloud
base using the model variables at the model level nearest
to the soil, moreover it does not use the background
fields. Frequently the cloud base is estimated too low
by the original scheme.

3.2 Cloud top
The SAFNWC products for cloud top temperature and
height (CTTH) and cloud type (CT) are used to determine the cloud top height for the PIB scheme (see Section 2.3).
In areas where the radar data indicate precipitation and
where the satellite data show either no cloud or a cloud
type with a low water content or in case high clouds obscure the top of the precipitating cloud an optimal interpolation algorithm is used to fill these gaps (A MENT,
2001).
The interpolation algorithm follows the general theory

→
→
< (Ok − Bk )(Bl − Tl ) >= Cf (|−
rk − −
rl |),
→
→
Cf = exp(−0.001841 · (|−
rk − −
rl |)),

(3.2)

(3.3)

based on an experiment performed using a previous
version of COSMO (LM Version 2.2).
In the original PIB scheme by H AASE et al. (2000)
the cloud top is set to 8000 m and it remains constant
during the assimilation window.

3.3 Cloud thickness
Since the cloud top can be retrieved from satellite measurements with some confidence, we assume that the
cloud base is the most uncertain. Since cloud depth is
a very sensitive parameter in PIB we use a correction
for cases when the calculated cloud base and top heights
(Section 3.1 and 3.2) are inconsistent with the model dynamics.
For every grid point with precipitation we check
whether shallow or deep convection is expected. For
this decision we apply the criteria of the convection parameterisation by T IEDTKE (1989), i.e. we assume that
deep convection takes place in connection with strong
low-level convergent flows. The decision is based on
the three dimensional humidity convergence (Q) and the
boundary layer turbulence diffusion (Ω). The deep convection in a grid point occurs in case of:
g
Rd

Z

0

H

Q·p
dz > −1.1 · Ω · g,
T

(3.4)

where Rd is the gas constant for dry air, g the acceleration of gravity, H the height of the model atmosphere, p
the pressure, T the temperature, z the height.
In case of deep convection the cloud thickness should
be at least 250 hPa (B ECHTOLD et al., 2001). If the differences between cloud base (Section 3.1) and cloud top
(Section 3.2) is less than 250 hPa, the cloud base is lowered in order to match this thickness. Similarly if shallow convection is analysed and the difference between
the cloud boundaries is too large, the cloud base is raised
until the cloud thickness is less than 250 hPa.

3.4 Vertical wind
The assumed vertical wind inside the precipitating cloud
within the PIB scheme is derived from a simplified
precipitation model. It takes into account the continuity equations for the partial densities of saturated water vapour (ρ∗v in kg/m3 ) and precipitable water (ρl
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in kg/m3 ). For a detailed derivation see H AASE et al.
(2000). The vertical wind (ŵ) at model level k is given
by:


ŵk = (ρ∗v,k )−1 ρ∗v,k−1 ŵk−1 − (zk−1 − zk )








The change of the vertical wind in the model could
create instabilities in the model dynamics. In order to
minimize the formation of gravity waves Newtonian
nudging is used.

R(zcb )
zct − zcb 3.5

π zk−1/2 − zcb
1
π
1+
sin
1−
2
c
2 zct − zcb

5

Hydrometeors and humidity



The PIB scheme takes into account liquid and ice wa(3.5)
,
ter particles, when calculating the water vapour satura◦
◦
with c the conversion efficiency of saturated water tion mixing value between −5 C and −25 C. In this region the fraction of liquid water and ice is calculated as
vapour into rain water:
a function of temperature, and the saturated vapour presR
sure is determined as a weighted mean of the saturated
c= ∗
,
(3.6)
vapour pressure over ice and water (e.g. K UELL et al.,
ρv ŵ z=zcb
2007; K UELL and B OTT, 2008). From cloud bottom to
R is the precipitation flux defined as ρr · wr , where cloud top the specific humidity is set to this saturation
ρr is the partial density of rain water and wr the fall ve- level.
In order to better constrain the cloud between the anallocity of rain water. The value of c modifies the shape
of the vertical wind profile, while its amplitude depends ysed cloud top and cloud base height and to avoid discontinuities further changes of the model variables are
mainly on R.
In the original PIB scheme the conversion efficiency applied. Below the cloud base we set the specific huhad a fixed value of 0.4. To improve the quality of the midity to the saturation value at cloud base, i.e. we asassimilation and the robustness of the scheme, we adapt sume that the planetary boundary layer is well mixed.
When the cloud top has been directly derived from satelc to the atmospheric state.
At the beginning of the assimilation window c is set to lite measurements, the relative humidity above the cloud
0.4; this value matches best the mean observed w profile top is restricted to an upper value of 99 %.
In the grid cells without analysed precipitation and
for raining clouds (H AASE et al., 2000). From the second time step on we adjust c taking into account both the where the satellite data also indicate no cloud, the cloud
analysed precipitation and the model precipitation. This water and ice content are set to zero and the relative huadjustment follows two steps. First a search algorithm is midity is restricted to an upper value of 99 %.
applied, which looks for well predicted grid points with
respect to precipitation in the model using the criterion: 4 Convective cases
1
Rana ≤ Rmod ≤ 3Rana ,
3

(3.7)

with Rana the analysed precipitation and Rmod the modelled one. For the model columns where (3.7) is fulfilled,
c is not changed. For the other columns we search in the
surrounding model area (within a radius of 5 grid cells)
for the column with the best matching rain rate. If this
best column meets the requirement of (3.7) we calculate c in this column, using the local modelled rain rate,
vertical wind and humidity at the cloud bottom. If no
column satisfies (3.7) we apply a dynamical adjustment
based on the two precipitation estimates (modelled and
analysed) which considers the value of c at the current
time step (n) and at the previous time step (n − 1):


c(n) = c(n − 1) 1 − sin



π Rana − Rmod
.
2 Rana + Rmod



(3.8)

We restrict c within the interval:
0.25 ≤ c ≤ 1.

(3.9)

Above the cloud top the vertical wind is set to zero.
Below the cloud base we assume a linear decrease between the vertical wind value at the cloud base and zero
at the ground.

We test the scheme with three convective cases using
an identical twin experiment (Section 5) and prediction
case studies (Section 6). Here we give a short characterisation of the synoptic situations for these cases.
The first case (29th June 2005, CASE1) is characterised by an upper low pressure system near the western part of Brittany in the early hours of the day. Its
cold front moves slowly eastwards while the convective
activity weakens until noon. In the radar data an area
with convective activity moves across southern and central Germany. The rain gauge network of DWD shows
a strong precipitation event, e.g. the six hour rain gauge
accumulation was 48 mm at Cologne-Bonn Airport (in
the middle of the model region). This case is interesting for checking if and how PIB improves a poor model
forecast: the operational COSMO prediction in the time
range between 0 and 6 UTC indicated no or only little
rain.
In the second case (19th August 2005, CASE2), tropical maritime air is transported to the mid latitudes. During the day, from 12 UTC to 22 UTC, a cold front moved
over the western part of Germany. This case is interesting because of the presence of multicells, which puts to
test the effectiveness of PIB in forecasting multiple convective events.
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Figure 2: CASE1:The two plots on the left side depict the precipitation sum during the two hours of assimilation windows (AW). The
first is the output of the CTL, the second panel refers to the Idtwin.
The two plots on the right denote the same for the two hours of free
run (FR).
1

The third case (28th June 2006, CASE3) has been chosen to investigate the behaviour of PIB when the forecast
without rain assimilation is already reasonably good. In
this case during the first hours of the day a convective
event, activated by a weak trough, moves across southern and southeastern Germany.

5 Identical twin experiment
In an identical twin experiment the model is first run
without any assimilation (control run, CTL). The output from CTL is used to generate a set of pseudo observations, in our case the fields of rain rate and cloud
top height. In the second step the model is run while assimilating these pseudo observations (identical twin run,
Idtwin).
Usually, in an identical twin experiment both model
and observation error are added to the CTL data before
assimilation in order to judge how well the analyses fit
the reference atmosphere (A RNOLD and D EY, 1986). In
our case we performed an identical twin experiment with

0.1

∆ = 2.0

> 30.0

Figure 3: CASE2: The two plots on the left side depict the precipitation sum during the two hours of assimilation windows (AW). The
first is the output of the CTL, second plot refers to the Idtwin. The
two plots on the right denote the same for the two hours of free run
(FR).
1

the only aim to check the existence of imbalances and
the consistency of PIB-modified model variables with
the CTL model variables. PIB is therefore applied without adding errors. The Idtwin run differs, however, from
the CTL because the pseudo-observations are generated
only from a restricted CTL output to mimic the availability of the observations in space and time, and because the vertical wind profile assumed by PIB is enforced in Idtwin also when deviations between pseudoobservations and model variables are small.
In the forecast runs the analysed precipitation is calculated taking the model precipitation and the radar observations into account. In Idtwin instead of radar precipitation we use the output of CTL with the time resolution
of the real radar data, i.e. 5 minutes. Also the cloud top
height is derived from the CTL output with the time resolution of the satellite data, i.e. 15 minutes.
Normally PIB modifies only those columns for which
the difference between analysed and modelled precipitation is larger than 20 %; this constraint is not applied
for the Idtwin runs. Thus we change the model variables
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Idtwin AW

CTL FR
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> 30.0

Figure 4: CASE3:The two plots on the left side depict the precipitation sum during the two hours of assimilation windows (AW). The
first is the output of the CTL, the second panel relates to the Idtwin.
The two plots on the right refer the same for the two hours of free
run (FR).
1

in precipitating areas using PIB scheme for every model
time step in the assimilation window.
A comparison of the control and the identical twin
runs provides a test of the performance of the assimilation algorithm without uncertainties due to observational
errors. A consistent assimilation scheme should not diverge too much from the control run.
The control run is a five-hour forecast. The first hour
of Idtwin is the same as the first hour of CTL. This
period is followed by a two hour assimilation window
(AW), and again followed by two hours of free forecast
(FR).
Our main quality measures are based on the similarity of the fields at the end of the assimilation window.
The analysis of the horizontal wind near the cloud base
is of special interest because the boundary-layer wind
convergence plays an important role in convection initiation (W ILSON and S CHREIBER, 1986). Accordingly,
we also analyse how much the imposed vertical wind
alters the horizontal wind; a good assimilation scheme
should produce mass convergence near the base of the

Figure 5: Idtwin runs: ETS for hourly accumulated precipitation,
with a threshold of 0.1 mm/h, a) CASE1, b) CASE2, c) CASE3.

convective cells.

5.1 Precipitation
The two model precipitation fields (Idtwin and CTL) are
compared in order to evaluate how much the model output is changed by PIB. The precipitation sum during the
assimilation window and the free run is shown in Figure 2 for CASE1, Figure 3 for CASE2 and Figure 4 for
CASE3.
The quality of the Idtwin output in terms of objective
skill scores for a threshold of 0.1 mm/h (yes/no precipitation) is shown in Figure 5 for the Equitable Threat
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Figure 7: Idtwin runs: cloud base frequency. Results at the end of
the assimilation window, a) CASE1, b) CASE2, c) CASE3.

Figure 6: Idtwin runs: frequency bias of hourly accumulated precipitation, threshold 0.1 mm/h, a) CASE1, b) CASE2, c) CASE3.

Score (ETS): the frequency bias (BIAS) is depicted in
Figure 6. The vertical line in the figures indicates the
end of the assimilation window.
The ETS has a value of 1 for a perfect score: its lowest possible value is −1/3, a random forecast would lead
to a value of 0. The ETS is sensitive to the model bias,
however. If we consider two forecasts, the one with the
larger bias (the wetter forecast) tends to have a higher
ETS. In other words, the ETS may be inflated by adding
a precipitation amount, if doing so tends to preferentially
increase the number of hits, H AMILL (1999).
A perfect forecast is unbiased (BIAS = 1). BIAS alone

conveys no information about skill but compares the frequency of the ”yes” events between the forecasted and
observed field (see J OLLIFFE and S TEPHENSON, 2004).
In all three cases the precipitation area is well reproduced with respect to position and size during the assimilation window; also the amount of precipitation is
reasonably well captured (Figure: 2, 3, 4 ). The ETS at
the end of the assimilation has a value around 60 % and
the frequency bias is around 1.
During the following free run, especially for CASE1
and less pronounced for CASE3, the PIB has the tendency to overestimate the area with strong precipitation, but the precipitative areas are well forecasted. For
CASE2 all the convective cells are well captured also
during the free run.
The impact of the vertical wind adjustment was investigated with the help of an identical twin run where
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5.2 Cloud base
In the assimilation scheme the position of the cloud base
is an important parameter because of its effect on the
other model variables, such as humidity and cloud base
temperature. An error in the cloud base height can therefore lead to errors in the Convective Available Potential
Energy (CAPE) and in the dynamics. Consequently an
overestimation (underestimation) of CAPE precedes the
formation of stronger (weaker) convection and accordingly changes the precipitation amount.
In Figure 7 the pdf of the cloud base height for CTL
and Idtwin at the end of the assimilation window is
shown.
The pdf is calculated by counting and sorting the precipitating columns according to cloud base (model level)
and dividing the numbers by the total amount of the precipitating columns.
In all cases there is almost no bias between the cloud
base enforced by PIB and the model cloud base. In
CASE1, which is characterised by a convective line, the
PIB has the tendency to underestimate the cloud base
height, which could be the reason for the overestimation
of precipitation in this case. In CASE3 a peak in the level
near 700 hPa is present in the Idtwin run, which is not
seen in the CTL, and for which we have no explanation.

5.3 Mass flux convergence

Figure 8: Idwin runs: mass flux convergence, in kg m−3 s−1 ).
Results at the end of the assimilation window, a) CASE1, b) CASE2,
c) CASE3.

only cloud water content and water vapour are adjusted;
this version is marked as “PIB no wind” in Figures 5
and 6. The ETS are better for CASE1 and CASE2 with
the vertical wind adjustment; but the difference is small
especially during the assimilation window. Thus the adjustment of the wind does not disturb the model dynamics.
The ETS and the frequency bias keep good scores also
during the free forecast time for all Idtwin runs. During
this time the run is driven only by the boundary conditions like the control run. Thus both runs can be seen as
model forecasts with different initial conditions (start of
the forecast at the end of the assimilation window).

The analysis of the horizontal wind near the cloud base
is of special interest because the boundary-layer wind
convergence plays an important role in convection initiation (Wilson and Schreiber, 1986). Accordingly, we
analyse how much the imposed vertical wind alters the
horizontal wind in vicinity of precipitation generation.
We compare the convergence at the model level 40
(about 1500 m, model level 1 is at the top of the atmosphere), which on average best approximates the cloud
base height for our cases. We compare only points with
an hourly precipitation sum above 2 mm. We expect the
vertical wind adjustment to be larger for strong rain, because of its proportionality to the rain rate (see Equation
3.5). The pdf of the mass flux convergence (Figure 8)
near the cloud base using PIB is in good agreement with
the control run. Thus the model adjusts the horizontal
wind appropriatly in response to the vertical wind adjustments.

6 Application to real data
6.1 Comparison
In order to judge the forecast improvement by PIB, we
assimilate the observations described in Section 2.2 and
Section 2.3 and compare the forecast with the control
run. In addition, we compare the PIB results with the
results obtained when using the LHN scheme operationally applied by DWD.
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LHN

CTL

PIB

LHN

PIB

LHN

>
30.0 mm/h

1

∆ = 2.0

CTL
0.1 mm/h

Figure 9: CASE1: Hourly accumulated precipitation. Results at the end of the assimilation window, upper row, after three hours, middle
row, and after six hours of free forecast, lowest row.
CTL

PIB

PIBNOW

LLHN

Figure 10: CASE1 : ETS for hourly accumulated precipitation. Results at the end of the assimilation window, upper row, after three hours,
middle row, and after six hours of free forecast, lowest row.

The output is quantitatively evaluated by a fuzzy logic
system based on the work of E BERT (2008) using the
ETS. The ETS is both spatially scaled and calculated
for a range of thresholds. The basic idea is that for high
resolution forecasts the verification should also take into
account the area mean and not only a grid point value.
In a consistent forecast the ETS score should decreases
with a threshold increase and it should increase when

enlarging the spatial scale. For a better readability the
values are colour coded in Figures 10, 12 and 14.
All experiments are performed by using the radar derived rain. The impact of the vertical wind adjustment is
also tested using the reduced PIB assimilation scheme
with the vertical wind unchanged (PIBNOW).
In CASE1 the control run did not predict the precipitation events at all (Figure 9). At the end of the assim-
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CTL

PIB

LHN

CTL

PIB

LHN

PIB

LHN

>
30.0 mm/h

1

∆ = 2.0

CTL
0.1 mm/h

Figure 11: CASE2: Hourly accumulated precipitation. Results at the end of the assimilation window, upper row, after three hours, middle
row, and after six hours of free forecast, lowest row.
CTL

PIB

PIBNOW

LLHN

Figure 12: CASE2 : ETS for hourly accumulated precipitation. Results at the end of the assimilation window, upper row, after three hours,
middle row, and after six hours of free forecast, lowest row.

ilation window, the PIB run reproduces the cold front,
although with an overestimation of precipitation in the
middle of western Germany. The LHN run creates convective cells instead of a contiguous field and also has
the tendency to overestimate precipitation. According to
the ETS (in Figure 10, upper row) the PIB run clearly
outperforms the LHN run.
After three hours of forecast both LHN and PIB over-

estimate precipitation but only the PIB run keeps the
frontal structure of the rain field with strong precipitation in eastern Germany. This is also reflected in the better skill scores for the PIB run. The PIBNOW run (no
vertical wind adjustment) overestimates precipitation in
the western part of Germany leading to a low ETS especially for the larger spatial scales and thresholds.
After another three hours of forecast the cold front has
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CTL

PIB

LHN

PIB

LHN

>
30.0 mm/h

1

∆ = 2.0

CTL
0.1 mm/h

Figure 13: CASE3: Hourly accumulated precipitation. Results at the end of the assimilation window, upper row, after three hours, middle
row, and after six hours of free forecast, lowest row.
LLHN
CTL
PIB
PIBNOW

Figure 14: CASE3 : ETS for hourly accumulated precipitation. Results at the end of the assimilation window, upper row, after three hours,
middle row, and after six hours of free forecast, lowest row.

passed the model area: the precipitation in the eastern
part of Germany cannot be attributed to the assimilation.
The slightly better ETS performance of the PIBNOW
run is due to an overestimation of light precipitation in
this area.
In Figure 11 CASE2 is displayed. At the end of the assimilation window (14:00 UTC) the control run has not
captured the event well, while both PIB and LHN lead
to multicells all over Germany in accordance with the

radar data. The better ETS (Figure 12) of the PIB run
compared to the LHN run is caused by the better representation of the structure of the convective events by
PIB.
After three hours of free forecast also the control run
produces some convection in the western central part of
Germany. The radar data indicate, however, a convective
line which is only reproduced in part by the PIB run. The
LHN remains closer to the control run. In the PIBNOW
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run the convective line is also present but precipitation
is overestimated in northern Germany including a large
area of light precipitation which leads to the highest ETS
scores of PIBNOW for small scales and small thresholds.
After 6 hours (20:00 UTC) only light convective precipitation is present according to the radar data, which is
reproduced by all runs with similar quality.
The hourly accumulated precipitation for CASE3 is
shown in Figure 13. After the two hour assimilation window (at 03:00 UTC) the CTL run produces convective
rain, but at the wrong position. Both LHN and PIB lead
to a convective event in southern Germany, which is,
however, overestimated by LHN. Both the PIB and the
CTL run show only small precipitation areas in south
eastern Germany.
The ETS (Figure 14) quantifies the improvement
achieved by the assimilation schemes over the CTL forecast at all thresholds and spatial scales. At the end of the
assimilation window the PIB run has better ETS scores
for the smaller thresholds while the LHN run is better at
the larger scales and for thresholds between 1 mm/h to 5
mm/h. The PIBNOW run shows only light precipitation.
After three hours of free forecast the convective event
moved the east of southern Germany. The PIB run shows
slightly better scores than the LHN run: both succeed in
the forecast of the precipitation evolution but overestimate the amount. In the PIBNOW run the convection is
located more to the south than in the radar data.
At the end of the six hours of prediction the meteorological event is no longer in the forecast area. However,
the model runs still produce some precipitation in central Germany. Due to this, the scores of the two assimilation runs are comparable with those of the CTL. The
better ETS in the PIBNOW run for lower spatial scales
is due to the presence of a larger area with light precipitation.
PIBNOW has in general poorer scores during the first
forecast hours for all thresholds but especially when the
precipitation is larger than 0.5 mm/h. This behaviour is
clearly notable in CASE1 and CASE3. In all cases the
PIBNOW creates a larger area with precipitation and an
overestimation of convection. Especially the positioning
of the convective cells is more precise in the PIB runs.
The original PIB scheme from H AASE (2002) was
also applied to the three convective cases. The scheme
leads to a large overestimation of the precipitation
most probably caused by the less optimal definition
of the cloud base. The original PIB scheme creates a
stronger vertical wind leading to excessive convection.
For CASE2 even the CFL (Courant-Friedrichs-Lewy)
stability condition is violated and thus results cannot
be shown. The stronger precipitation for the other cases
is further illustrated using a BIAS frequency plot with
a threshold of 20 mm (Figure 15), which also demonstrates the improvement achieved with the modification
of the method. For CASE3 the original scheme shows

M. Milan et al.: PIB

13

Figure 15: Frequency bias for the points with hourly accumulated
precipitation more than 20 mm h−1 . a) CASE1, c) CASE3.

two peaks in contrast to one for the modified one. The
second peak is caused by convection at 06:00 in the
model, which does not occur in the radar data.

6.2 Assimilation window
We will now show that PIB works satisfactorily already
with very short lengths of the assimilation window. Together with the low computational costs, which PIB
shares with the LHN, it is the short assimilation window which makes PIB especially useful for nowcasting
due to the reduced spin-up time of the model. To quantify this statement, we run PIB with assimilation windows ranging from 15 minutes to 2 hours and quantify
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Figure 16: ETS for the points with hourly accumulated precipitation
more than 0.1 mm h−1 , test for different assimilation windows. a)
CASE1, b) CASE2, c) CASE3.

the performance using ETS and frequency bias with a
threshold of 0.1 mm/h. Figures 16 and 17 demonstrate
that already the shortest assimilation window (15 minutes) leads to acceptable results. Only small improvements are achieved by extending the assimilation window to 2 hours.
When the LHN scheme is run with a short assimilation window (15 min) only minor improvements over
the CTL run are achieved.

7 Conclusions
We extended the original PIB (Physical Initialisation
Bonn) scheme by an improved cloud characterisation
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Figure 17: Frequency bias for the points with hourly accumulated
precipitation more than .1 mm h−1 , test for different assimilation
windows. a) CASE1, b) CASE2, c) CASE3.

and an adaptive efficiency factor and quantified its performance by identical twin and forecast experiments using observations. The main improvements of the extended PIB scheme in comparison to the original PIB
scheme is a significant reduction of the overestimation of precipitation in the forecast. The extended PIB
scheme has also been proven to be very robust; it can be
reliably applied to any convective case.
The identical twin experiments indicate that the PIB
scheme is consistent with the model dynamics, i.e. its
application to the model does not disturb the initial
model state to an excessive degree. The amount and pattern of precipitation are well reproduced, however a ten-
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dency to overestimate the rain rate in convective cells
with strong precipitation is noticed. The analysis of the
mass flux convergence near the cloud base indicates that
the model responds to vertical wind assimilation with an
appropriate adjustment of the horizontal wind, thus the
mass flux convergence near the precipitating cloud base
is well initiated.
Three case studies with observations demonstrate that
PIB improves substantially the precipitation forecast
during the first four hours of the free run. Both strong
and minor convective systems are well assimilated.
A major advantage of PIB is the short length of the
assimilation window: only a few time steps are necessary to achieve acceptable results. This is an important
property, which makes PIB particularly useful for nowcasting purposes.
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