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ABSTRACT
A technique developed for assimilating regional lightning measurements into a meteorological model is
presented in this paper. The goal is to assess the effectiveness of cloud-to-ground (CG) lightning information for improving the convective precipitation forecasting. The main concept of the technique is that
utilizing real-time location, timing, and flash-rate data retrieved from a long-range lightning detection
network, a regional/mesoscale meteorological model is informed about the deep moist convection spatiotemporal development and intensity. This information is then used to nudge the model-generated humidity profiles to empirical profiles as a function of the observed lightning intensity. The empirical humidity
profiles are assumed to be representative of convective regimes since they have been produced on the basis
of atmospheric soundings obtained during thunderstorm days. Case studies from three thunderstorm developments in a warm-season environment over the Mediterranean are used to investigate the relationship
between lightning density and different empirical humidity profiles, and consequently demonstrate the
impact of the technique on model precipitation forecasts. Results show that assimilation of lightning data
can significantly improve the model’s prediction accuracy of convective precipitation in the assimilation
period, while maintaining the improvement in short-range (up to 12 h) forecasts compared to the control
case. The approach is general enough to be applied to any mesoscale model, but with an expectable varying
degree of success. Its advantage when applied in an operational setting is that real-time lightning data
responding promptly to the occurrence of convection would continuously get assimilated to update the
moist state of the atmosphere in the model.

1. Introduction
Convective events produce very intense rainfall that
often leads to river floods and flash floods causing significant loss of life and property damage, soil erosion,
and other socioeconomic problems. Typically, rapidly
developing mesoscale convective systems (MCSs) are
responsible for the heaviest and most destructive rainfall and flood events in the Mediterranean region. To
moderate these hazards, systems have been developed
for issuing short-range (up to 48 h) quantitative precipitation forecasts (QPFs) on the basis of numerical
weather prediction models and observational inputs
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(e.g., synoptic observations, surface and remotely
sensed data). An important component of QPFs is the
simulation of deep moist convection processes and the
consequential precipitation. At coarse resolution (grid
cells ⬎10 km) associated with model applications at
regional scale, the moist processes that occur in convective systems are represented by convective parameterization schemes. Significant effort has been devoted
in developing such schemes over the past decades (e.g.,
Kuo 1965; Fritsch and Chappell 1980; Tripoli and Cotton 1982; Betts and Miller 1986; Kain and Fritsch 1990;
Janjic 1994). To date, numerical models still exhibit low
skill at forecasting convective precipitation. Two error
sources have long been recognized: 1) the lack of sufficient data and coarse grid resolutions that limit our
ability to correctly specify those features acting to trigger convection in model initialization (e.g., Kain and
Fritsch 1992), and 2) weak assumptions used in devel-
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oping the convective parameterization schemes (e.g.,
Mellor and Yamada 1982). Clearly, the high nonlinearity in modeling atmospheric processes causes sensitivities to even small perturbation in the atmospheric initial state, the quality of which dictates the accuracy of
QPFs (Lorenz 1963). Improved initialization of the local environment in mesoscale models (particularly
moisture and temperature) is an avenue for potentially
improving the prediction of convection and consequentially QPFs.
An aspect that has shown convincing signs of improving numerical weather prediction is data assimilation.
Data assimilation aims at obtaining an optimal initial
state of the atmosphere in order to define a better starting point for model simulations. Typically this is
achieved on the basis of advanced assimilation frameworks, such as 3D variational and ensemble Kalman
filter, driven by satellite observations (e.g., Anderson et
al. 1994; Weng and Liu 2003) or retrieved rain rates. A
typical approach has been to adjust the model-generated latent heating profiles to reflect rain rates derived by remote sensing data (ground radar or satellites). For example, Manobianco et al. (1994), who
assimilated rain rates derived from a combination of
passive microwave [Special Sensor Microwave Imager
(SSM/I)] and Geostationary Operational Environmental Satellite infrared (GOES-IR) observations, where
able to show improvements in the forecasting of frontal
positions and low-level vertical motion patterns for a
rapidly intensifying Atlantic cyclone.
Even though several studies have demonstrated improvements from assimilating rain rates, there are issues limiting their use in the prediction of warm-season
continental convection. Key issues include the following: 1) uncertainties in radar rainfall observations due
to Z–R variability and potential hail contamination, 2)
resolution-retrieval-driven errors in satellite passive microwave–based algorithms, and 3) the increased smallscale rainfall variability affecting sparse ground systems
(radar and rain gauges) as well as the low-samplingcoverage space-based sensors. Alternative and/or complementary observations are needed to provide additional
real-time data on convection over large oceanic and continental areas of the globe, including the United States.
Continuous lightning observations are one way to
provide extra information about the growth, location,
life cycle, and ice microphysics of convection in a variety of regimes. Charge separation leading to lightning is
a physical process that takes place in regions of a thunderstorm associated with rigorous vertical forcing. The
physical relationship between lightning occurrence and
the existence of strong updrafts (⬎10 m s⫺1) and graupel growing from supercooled cloud water makes the
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continuous measurement of this meteorological parameter potentially useful for improving the prediction of
storm evolution and intensification. For example, Alexander et al. (1999) clearly demonstrated the impact
of assimilating different rain-rate retrievals in model
forecasts based on satellite-only measurements versus
combining with continuous lightning data. Using these
data they continuously assimilated latent heating profiles into numerical simulations of the 1993 superstorm.
They found forecasts of precipitation, sea level pressure, and geopotential height fields were all vastly improved by incorporating lightning data, and that assimilating the lightning information actually accounted for
the largest relative improvement among the combined
data sources. Chang et al. (2001) demonstrated further
improvements in quantitative precipitation forecasting
of extratropical cyclones on the basis of data assimilation using lightning-based rain estimates as gap-filling
information. The challenge, however, remains as to
how useful lightning information can be as a sole data
source to directly nudge model fields such as local environmental properties.
Arguably, developing ways to modify modelgenerated variables (e.g., humidity and temperature
profiles) on the basis of lightning intensity could result
in more accurate parameterizations of the convective
environment. Brenner (2004) has shown high correlation between atmospheric humidity profiles and convective rainfall patterns for summertime storms. Other
studies, including Gallus and Segal (2001), have shown
that improved representation of mesoscale features in
model initialization may benefit the forecasts. Specifically, the Gallus and Segal study showed that the greatest positive impact in model forecasts was achieved by
adding water vapor in relatively dry regions of the
model where radar echoes were present. In an earlier
study, Rogers et al. (2000) were able to improve QPF in
a warm-season environment by forcing the model convective parameterization scheme (CPS) to trigger (or
suppress) convection when and where it was observed
according to radar reflectivity data. The approach
taken in that scheme was based on the assumption that
the CPS does not produce convection either because
the estimated subgrid-scale perturbation is not large
enough for the parcel to reach its level of free convection, or because the simulated moisture in the source
layer is less than the moisture that was actually present.
Both of these causes would typically lead to underestimation of convection. In principle, our lightning assimilation scheme is conceptually similar to the Rogers et
al. (2000) scheme. Here real-time data on lightning location, timing, and flash rate, retrieved from a longrange lightning detection network, are used to indicate
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FIG. 1. Model domain (outer bounded area) and lightning assimilation domain (rectangle) overlaid by
the locations of ECMWF rain gauges (dots) and ZEUS lightning receiver stations (large solid circles).

include lightning location and timing retrievals from a
long-range lightning network and 6-hourly rainfall reports from the European Centre for Medium-Range
Weather Forecasts (ECMWF) rain gauge network in
Europe. Figure 1 shows the locations of ECMWF rain
gauges and ZEUS lightning network receiver stations
overlaid on the model’s mesh grid. Three storm cases
were used in this study falling within a typical period for
deep convective activity in Europe. Sample statistics
from each storm case are shown in Table 1 and include
the storm periods, the number of stations used, the
number of 6-hourly rain gauge reports exceeding different threshold values (0.1–30 mm); the maximum and
mean number of observed flashes over the model grid
resolution (10 km ⫻ 10 km) for 15-min and 6-hourly
time intervals; and the total number of flashes observed
during the storm period within the model domain. We
note that the 28–29 August 2002 storm exhibits significantly higher and more spatially variable lightning activity than the other two storms.
The ZEUS network consists of six very low frequency sferic receivers, located in Birmingham (United
Kingdom), Roskilde (Denmark), Iasi (Romania), Larnaka (Cyprus), Mt. Etna (Italy), and Evora (Portugal).
Each receiver samples the time series of the vertical

areas of deep, moist convection development within a
mesoscale model domain. Based on that information
the model humidity profiles are nudged relative to the
observed flash rates. The adjusted humidity profiles are
then used to compute, based on the model’s convective
parameterization scheme, heating rate profiles more compatible with the local-scale convective environment.
This paper presents the technique applied to a mesoscale model and case studies aimed at evaluating potential improvement in QPF of summertime storms in
the Mediterranean region. The model used in this study
is the SKIRON/Eta. The cloud-to-ground (CG) lightning data are based on observations from a regional
network of ground receivers (ZEUS) in Europe. In sections 2 and 3 we provide brief descriptions of ZEUS
and the SKIRON/Eta model. Section 4 describes the
assimilation technique. The technique assessment is
presented in section 5. Last, we discuss our overall conclusions about the assimilation scheme and propose future directions.

2. Study area and data
The study region covers the main part of the European continent and North Africa (Fig. 1). The data used

TABLE 1. Sample statistics of the storm cases.
6-h rain thresholds (mm)
Storm period

Stations

0.1

3

12

21

30

15-min flashes
Max (mean)

6-h flashes
Max (mean)

Total flashes

19–20 May 2002
28–29 Aug 2002
28–29 Jul 2003

807
829
815

2889
4740
7047

216
280
248

40
84
80

15
33
31

11
14
8

22 (0.3)
317 (1.7)
48 (0.4)

101 (15.6)
317 (39.6)
101 (12.6)

27 188
277 271
23 797
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electric field of sferic waveforms. The system retrieves
the location of CG lightning activity occurring over a
very large region (Europe, North Africa, and part of
the Atlantic and west Asia) based on the arrival time
difference (ATD) method (Lee 1986a,b). An error
analysis of ZEUS lightning location retrieval on the
bases of simulation and through in situ validation data
from Spain’s regional lightning network has shown that
the lightning location error in Europe varies from 5 to
25 km with a mode at 15 km (Chronis and Anagnostou
2003). Within the periphery of the network’s receivers
the system’s detection efficiency is expected to range
between 70% and 90%.

3. The meteorological model
The mesoscale model used in this study is the
SKIRON/Eta model (Kallos et al. 1997; Nickovic et al.
2001; Papadopoulos et al. 2002). SKIRON/Eta is an
evolution of the 1997 version of the National Centers
for Environmental Prediction (NCEP) Eta Model. It is
a gridpoint, step-mountain vertical coordinate mesoscale model. The convective effects are parameterized
using the revised Betts–Miller–Janjic (BMJ) convective
scheme (Betts 1986; Betts and Miller 1986; Janjic 1994),
while for the grid-scale precipitation a simplified explicit cloud water scheme (Zhao and Carr 1997) is used.
For the simulation of the surface processes Eta uses a
two-layer soil model developed at Oregon State University, including surface hydrology with a vegetation
canopy (e.g., Ek and Mahrt 1991; Chen et al. 1996). The
radiation package used in the model was developed at
the Geophysical Fluid Dynamics Laboratory based on
the work of Fels and Schwartzkopf (1975) and Schwarzkopf and Fels (1991). More details on the model dynamics and physics packages can be found in previous
studies (e.g., Janjic 1984; Mesinger et al. 1988). The
SKIRON/Eta shares the same physics packages as the
Eta Model with some modifications concerning the use
of six layers in the soil model component incorporating
a fine dataset of soil textural classes and land cover, and
the introduction of the slopes and azimuths of the sloping surfaces in the calculations of the incoming solar
radiation on inclined surfaces (Papadopoulos et al.
1997).
On the basis of a long operational period (since 1997)
SKIRON/Eta model has been evaluated in several high
rainfall events. As shown in Papadopoulos (2001) the
model has been able to describe well the timing and
spatial pattern of those events, but has a limitation in
predicting the high rainfall rates (mainly in the extreme
warm-season storms). Past studies on the Eta Model
have reached similar conclusions, reporting an overes-
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timation of small rainfall occurrences and a decreasing
skill for high rain rates (e.g., Mesinger 1996; Baldwin
and Black 1998; McDonald and Horel 1998; Colle et al.
1999). There is a consensus in those (and other) studies
that numerical models are associated with significant
error in QPFs, especially in predicting extreme events.
Since convective rainfall is the result of interaction of
many scales in the atmosphere–ocean–land system, a
lack of sufficient data to represent these processes in
the model initialization may aggravate forecasting errors. This is expected mainly in cases when global forcing data (typically available at 6–12-h intervals with
spatial resolution of 0.5°–1.0°) are used for the definition of initial and boundary conditions of highresolution mesoscale models (e.g., 0.1°). Since lightning
activity is directly associated with deep convective conditions, assimilating flash rates into a meteorological
mesoscale model could define a better starting point for
the model integration. A consistent assimilation during
the early stage of the simulation should also improve
the model performance in subsequent simulations,
moderating effects due to convective parameterization
deficiencies.
The three storm cases, listed in Table 1, were simulated using the SKIRON/Eta model with 0000 UTC
initialization time. The simulations were performed for
48 h over a domain covering the Mediterranean Sea,
part of Europe, and North Africa, as illustrated in Fig.
1. In the vertical, 32 levels were used, stretching from
the ground to the model top (15 800 m). In the horizontal, a grid increment of 0.10° was applied using 36-s
time step. For the initial meteorological conditions
(geopotential height, wind components, and specific
humidity), the ECMWF reanalysis gridded data on a
0.5° horizontal grid increment at 11 standard pressure
levels (1000, 925, 850, 700, 500, 400, 300, 250, 200, 150,
and 100 hPa) were interpolated on the model grid
points using optimal interpolation analysis. The boundary conditions were linearly interpolated at each model
time step from the ECMWF data available every 6 h.
To define the initial state of the sea surface temperature (SST) field, and the soil temperature and moisture
availability at the six soil model layers, the ECMWF
0.5° ⫻ 0.5° gridded data were used. In the current configuration the soil layers were defined at the depths of
5, 15, 28, 50, 100, and 255 cm.

4. The assimilation technique
The assimilation scheme developed here aims at improving the short-term convective precipitation forecasts making use of lightning activity information. In
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previous techniques, lightning data were blended with
other remotely sensed data to derive heating profiles
(from retrieved rain rates) that were assimilated in the
thermodynamic equations. Unlike those studies, lightning data are used here to determine the areas of convection, and thereafter the model humidity profiles are
nudged empirically as a function of the observed flash
rates. Making use of these adjusted humidity profiles
the model can compute, based on its own convective
parameterization scheme, heating rate profiles more
compatible with the local-scale convective environment. The assimilation scheme collocates first the
model-estimated areas of convection with convective
areas delineated from lightning data, and subsequently
applies a nudging technique into the model prognostic
equations. The two steps are described below.

a. Matching model convective areas with lightning
observations
The technique begins by projecting the flash-rate
data on the model spatiotemporal grid structure.
Namely, CG lightning data as recorded by the ZEUS
system are gridded at 0.1° by 0.1° spatial and 15-min
temporal resolution and then projected from the Mercator to the Eta coordinates. Applying a linear interpolation between sequential time intervals, flash rates
are then interpolated at the corresponding time step of
the model integration. Price and Rind (1992) noted that
marine convective clouds have a much lower lightning
rate than equivalent-sized clouds over land, even
though the precipitation rate may be similar. Threshold
values of 10 and 2 CG flashes observed within 15-min
intervals have been selected to indicate possible presence of deep convection over land and sea surface, respectively. For the model time step, which in this experiment was set to 36 s, the flash-rate threshold is
equal to 0.4 and 0.08 for over land and sea surface,
respectively.
In the Eta Model the BMJ cumulus parameterization
scheme implements two approaches of convective conditions regarding deep (precipitating) and shallow
(nonprecipitating) convection, handling differently the
land and sea grid points. At each model time step and
for each grid point the cloud layer is computed between
the cloud base [which is set at the model level just
below the lifting condensation level (LCL)] and the
cloud top [which is set at the highest model level where
the temperature of a freely rising parcel becomes again
equal to the surrounding air, the equilibrium level
(EL)]. Grid points in which cloud depths exceed the
290-hPa threshold are directly associated with deep
convective regimes. Similarly, grid points with cloud

depth below the above threshold are assumed to characterize shallow convective areas, while no convection
is considered when cloud depth is less than 10 hPa, or
when no cloud is formed.
Cross-checking through all grid points, we compare
model predictions of the presence of deep convection
with convective areas delineated from lightning data (as
described above). Without any nudging of the model
we noted that in the first hours (4–6 h) of the simulations the agreement with observations is high, followed
by a moderate divergence in subsequent hours. However, in terms of precipitation amount the agreement
with rain gauge rainfall measurements was low. Studies
have shown that this difference can be explained by
initial and boundary deficiencies of the moisture fields
(e.g., Brenner 2004). To moderate QPF errors a procedure is developed to modify model-generated moisture
fields when and where it is deemed necessary on the
basis of lightning information.
The flowchart in Fig. 2 presents the decision-making
procedure. Five possible scenarios are considered,
which are defined by combinations of the above-flashrate thresholds and the corresponding model prediction
for a given grid cell. The first two scenarios include
areas where the observed flash rates indicate that there
is no significant electrical activity (therefore no deep
convection). More specifically, in the first outcome the
model also predicts that there is no convection, so no
action is taken and the model integration carries on to
the next grid cell. In the second scenario the model has
predicted deep (or shallow) convection in progress.
Since the absence of CG lightning occurrence does not
exclude the possibility of the existence of convergence
zones associated with convective environment, the
BMJ scheme is allowed to carry on, as it normally
would do without any additional forcing. The last three
scenarios are associated with grid cells where the flash
rates are above the defined thresholds denoting convection. These three scenarios are then referred as
deep, shallow, or no convection, which is according to
the prediction of the BMJ scheme. A nudging is applied
in those cases based on a technique described below.

b. Nudging the model humidity profiles to reflect
observed flash rates
At the scenario where the BMJ scheme produces
deep convection, the model humidity profiles, within
the deep convective cloud, are scaled to an empirical
profile as follows:
mod
⫹ F共qemp
⫺ qmod
qass
兲,
1 ⫽ q1
1
1

qemp
⬎ qmod
1
1

mod
qass
,
1 ⫽ q1

qemp
ⱕ qmod
,
1
1

共1兲
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FIG. 2. Flowchart of the lightning data assimilation technique.

where qmod
is the model specific humidity, qemp
is an
1
1
is
the
adempirical specific humidity profile value, qass
1
justed specific humidity, and l is the index of the vertical
model level at a grid cell.
The nudging term F is a dimensionless number that
equals the mean observed flashes as interpolated for
the given model time step. The definition of the empirical specific humidity profiles is provided in the next
section. As shown in Eq. (1), the adjustment is applied
only when the model prediction is below the empirical
profile value.
In the case of shallow convection predicted by BMJ
(the fourth scenario) an iterative procedure is applied.
First, the simulated humidity profiles are scaled to the
same empirical humidity profile utilizing Eq. (1). Subsequently, cloud depth is recomputed on the basis of

the qass
1 profile; if the convective cloud exceeds 290 hPa
in depth then deep convection is assigned, otherwise
moisture is added by nudging again the humidity profile
on the basis of Eq. (1). The iterative procedure is set to
repeat up to three times. If after three iterations a shallow cloud is still computed then the procedure continues with BMJ’s shallow convective parameterization.
When the BMJ scheme estimates no convection
against the indication of the observed flash rates (the
fifth outcome), then moisture is added to the entire
water column on the basis of the above iterative procedure. If after three iterations a sufficient deep cloud
is not produced, then according to the new model environment the BMJ scheme is driven to compute shallow or no parameterized convective effects at that
model grid cell.
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Because of artificial contributions potential in any
kind of nudging, special care is given to prevent numerical noise and unrealistic results. A large nudging
term would rapidly force the model environment to the
observed fields, leading to an uncontrollable state. This
can be due to the decreased ability by the model to
control mass conservation and to incompatibilities in
the mesoscale features caused by artificial changes in
the model profiles. To moderate such effects we impose
the following constrains: 1) the nudging term F is limited to threshold values of 4 and 2 (number of flashes
per 36-s time interval) for land and sea grid points,
respectively; 2) the increase in specific humidity per
time step (or iteration) is limited to a maximum value
of 0.5 g kg⫺1; and 3) the final nudging value cannot
exceed the model’s saturation humidity value. Those
constrains are intended to minimize chances that precipitation enhancement occurs because of artificial
saturation of the water vapor content, but rather when
the model environment favors an impending condensation. After any adjustment the latent heating profiles
are computed to ensure the closure of the BMJ parameterization scheme.
Examples of the nudging technique based on hypothetical empirical, model-predicted, and modelsaturation profiles are presented in Figs. 3 and 4 . The
first example (Fig. 3) shows the humidity profile adjust-

FIG. 3. Hypothetical initially model-predicted (M), saturated
(S), and adjusted (E) profiles on the basis of two flash rate scenarios (F ⫽ 0.5 and F ⫽ 2). Letter A shows two model layers
where the adjusted values reach the maximum allowable increase,
while letters B and C indicate locations in the profile where the
adjusted value reaches the model-saturated value.

1967

FIG. 4. Same as in Fig. 3 but for a hypothetical iterative adjustment procedure. Indices 1, 2, and 3 denote the nudging iterations.
Letter A indicates a case where after the second iteration the
adjusted value exceeds the empirical, so the third iteration has no
impact. Letter B shows a level where the adjusted value after
three iterations reaches the corresponding saturated value.

ment associated with two different nudging terms (F ⫽
0.5 and F ⫽ 2), which correspond to ⬃12 and 50 flashes
per 15 min, respectively. In the lower F value (low flash
rate scenario), the adjusted profile ranges between the
initially simulated and the empirical humidity profile.
In the larger F value, which pertains to regimes with
significant electrical activity, the model is forced to a
profile that is beyond the empirical profile, but below
the saturation profile. The upper threshold limiting the
maximum moisture increase per time step is noted at
points in Fig. 3 indicated with letter A. In those locations Eq. (1) had predicted amounts above the threshold and the constraining factor reduced those to the
specified threshold. Points B and C indicate locations in
the profile where the adjusted values get above the
corresponding model-saturated values, and the constraining factor reduced the increase to the saturated
value level. In Fig. 4, we show cases where the model
does not agree with observations regarding the occurrence of deep convection; consequently, the iterative
procedure is applied. Profiles with the indications of 1,
2, and 3 denote three sequential nudging iterations resulting in the adjusted vertical distribution of moisture.
In the example of Fig. 4, letter A denotes locations in
the profile where the adjusted values of the second iteration exceeded the empirical so the third iteration
would not modify any further those values as defined
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by Eq. (1). We also note locations in the profile (indicated with letter B) where the adjusted values exceeded
the model-saturated value; consequently, the adjustment was reduced to the model-saturation level.

5. Application of the assimilation technique
The impact of the proposed assimilation technique
on improving convective precipitation forecasting is assessed on the basis of the three warm-season thunderstorms discussed in section 2. This is attempted with the
herein technique by modifying a model’s vertical humidity profiles during the early stages of the numerical
simulation on the basis of CG lightning information. As
shown in the previous section an empirical scaling factor (nudging coefficient) and a local vertical distribution of humidity needs to be established. Experimental
evaluation of those parameters is difficult to achieve
due to lack of observed moisture fields in deep convection. Potentially, evaluation of such unobserved variables could be based on ultrahigh-resolution (⬍1 km)
simulations by 3D cloud-resolving models coupled with
explicit microphysical-lightning discharge parameterizations. Currently, this information is not readily available. Alternatively, in this study we used simple numerical expressions guided by subjective assessment to
produce potential humidity profiles (not shown here)
occurring in electrified convective cells. Initially, the
derived profiles were approximated to available atmospheric soundings obtained during thunderstorm days.
Subsequently, the initial profiles were systematically
modified and assessed using as criterion the maximization of assimilation technique impact (i.e., improving
QPFs).
To investigate the sensitivity of precipitation forecasts to different empirical humidity profiles three experiments were performed: a control run in which no
lightning data are assimilated (hereafter named
CTRL), a run in which lightning data are continuously
assimilated for the entire storm period (hereafter
named CASE), and finally a run in which lightning data
are assimilated for 6 h and verified for the subsequent
6 and 12 h (hereafter named ASE6). The CTRL experiment was designed as described in section 3, while
in both of the assimilated experiments the only additional information is the use of matched lightning information from the ZEUS network (as described in
section 4).
Each of the selected humidity profiles was assimilated into the meteorological model. Evaluating the
QPFs from CASE versus CTRL, we identified the most
suitable profiles to be used in the technique, that is, the
profiles shown in Fig. 5. The verification procedure was

FIG. 5. The three empirical humidity profiles used in the
assimilation scheme.

based on reference rainfall from rain gauge data using
traditional skill scores discussed in the following section. Subsequently, the ASE6 experiment was performed to investigate the efficiency of lightning assimilation in up to 12 h of consequential simulations. In Fig.
6 we present the ASE6 experiment. For each storm
case, six samples of 6- and 12-hourly forecasts can be
created by assimilating the lightning data from sequential 6-hourly time periods while keeping the past time

FIG. 6. Design of the ASE6 experiment.
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steps of the simulation at CTRL mode. The experiments and the methodology for evaluating the results
are discussed next.

where BS defines the ratio of the number of occurrences that model forecasts exceed a specified threshold versus the observations. The ET score is defined as
ETS ⫽

a. Evaluating methodology
As discussed earlier the model forecasts are verified
against measured precipitation from more than 800 rain
gauges of the ECMWF synoptic station network across
Europe (Fig. 1). Despite the known problems of the
rain gauge errors (e.g., unrealistic measurements, interrupted transmission) and the issues associated with
comparing point measurements with area-averaged estimates (Anagnostou et al. 1999), the measurements
from this network are valuable considering their coverage and the continuous recording. The data sample
statistics are presented in Table 1. As shown in the
table, there are adequate observations at different rain
accumulations for all three storms.
To verify the simulated precipitation at the various
validation points, precipitation from the model grid was
interpolated to each gauge location using bilinear interpolation:
4

兺w M
k

M⫽

k

k⫽1

4

兺w

,

共2兲

k

k⫽1

where Mk are the values at the four model grid points
surrounding the observation, while the weighting factor
wk is the reverse squared distance giving more influence
to the nearest points.
The verification scores used in this study are derived
using the contingency table approach (Wilks 1995).
This is a two-dimensional matrix where each element
counts the number of occurrences in which the gauge
measurements and the model forecasts exceeded or
failed to reach a certain threshold for a given forecast
period. The table elements are defined as follows:
A—model forecast and gauge measurement exceeded
the threshold; B—model forecast exceeded the threshold but measurement did not; C—model forecast did
not reach the threshold but measurement exceeded it;
and D—model forecast and measurement did not reach
the threshold. Considering the above elements the forecast skill can be measured by evaluating the bias score
(BS) and the equitable threat score (ETS). The bias
score is defined by
BS ⫽

A⫹B
,
A⫹C

共3兲

A⫺E
,
A⫹B⫹C⫺E

共4兲

where E is defined as
E⫽

F ⫻ O 共A ⫹ B兲 ⫻ 共A ⫹ C兲
⫽
,
N
N

共5兲

where N is the total number of observations being verified (N ⫽ A ⫹ B ⫹ C ⫹ D). The introduction of the E
term (Mesinger 1996) is an enhancement to the normal
threat score (as defined in Wilks 1995), since it reduces
it by excluding the number of randomly forecast “hits.”
Computing the bias and the equitable threat scores, a
measurement of the model accuracy on the frequency
of occurrences at or above a certain precipitation
threshold amount can be revealed. Consequentially, at
given thresholds the bias score can represent a systematic overestimation (when BS ⬎ 1) or underestimation
(when BS ⬍ 1), and the ET score can present poor
forecasts (when ETS ⬇ 0) or perfect forecasts (when
ETS ⫽ 1). In past studies in which quantitative precipitation forecasts were evaluated (e.g., Messinger 1996;
Colle et al. 1999, 2000), ETS values of about 0.1–0.2 for
moderate amounts of rainfall (10–20 mm in 6 h) have
been considered adequate for operational forecasts.
Another widely used score for verifying precipitation
forecasts is the Heidke skill score (HSS; Heidke 1926).
It is computed based on the contingency table elements
from the expression
HSS ⫽

2 共A ⫻ D ⫺ B ⫻ C兲
.
共A ⫹ C兲 ⫻ 共C ⫹ D兲 ⫹ 共A ⫹ B兲 ⫻ 共B ⫹ D兲
共6兲

Since the aforementioned statistical measures do not
use the magnitude of the precipitation errors, they are
not strictly influenced by the variability of forecasting
error. To measure the magnitude of the difference between model forecast and observed precipitation we
calculate the root-mean-square error (RMSE) as follows:

RMSE ⫽

冪

NOBS

兺

共MPi ⫺ OPi兲2

i⫽1

NOBS

,

共7兲

where MPi and OPi are the model-estimated and the
observed precipitation, respectively, and the NOBS is
the total number of observations at a specific location
reaching or exceeding a certain threshold amount.
Combining these statistical criteria we attempt to pro-
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FIG. 7. Total rainfall (mm) for the 6-h period ending 1200 UTC 28 Aug 2002 from (a) CTRL and (b) CASE (using the empirical
humidity profile 1) runs.

vide a comprehensive evaluation of model performance. For example, a greater ETS will represent a
significant model improvement only if it is accompanied by a BS with value close to one and a lowering
RMSE. The skill scores are presented for 6-hourly periods. Using rain accumulations from longer periods
(e.g., daily) would result in smoothing the local-scale
details occurring in high-resolution data.

b. CASE experiments
The CASE experiments were performed to study the
impact of the proposed assimilation technique on the
model’s predictive accuracy and to understand its sensitivity on the intensity of lightning activity. The three
thunderstorms selected for this study exhibit quite different convective conditions and associated lightning
intensities (as showed in Table 1), which is representative of the above objective. The assimilation exercise
presented here is based on the three most efficient empirical humidity profiles shown in Fig. 5.
We first evaluate the contribution of the assimilation
technique to the model simulations. For this purpose
we performed simulation experiments for the 28–29
August 2002 convective event that was associated with
intense rainfall and lightning activity. During that period the atmosphere was very unstable, exhibiting significant electrical activity with CG flash rates reaching
317 flashes in 15 min within a model’s grid cell (10 km
⫻ 10 km). Simulations were performed with and without assimilating the lightning data. In the case of lightning assimilation, the technique was applied to the entire storm period using the first empirical humidity profile indicated in Fig. 5. As indicated in Fig. 7, after 12 h
of model integration (time enough for the model
spinup) the main patterns of the 6-hourly accumulated
precipitation fields from both simulations look alike.

However, as shown in Fig. 8 there are regions in the
storm exhibiting significant differences in the magnitude of rain accumulations. Those are regions associated with lightning activity, hence convection, as indicated by the overlaid flash rate contour lines. It is noted
that the control run was successful to simulate convection in regions where lightning was observed. The effect
of assimilation was to enhance the rainfall magnitude in
those regions and create additional convection in neighboring regions at subsequent time steps (not shown
here). The overall effect of assimilation in rain estimation for this storm is shown in Fig. 9, which presents the
relative frequency (spaced logarithmically) of rain accumulation differences between assimilated and control
simulations. The mode is shown to be well above zero
and the distribution is skewed to large positive values,
while we observe fewer cases where rain rates are
higher in the control simulation (negative differences).
This is expected by the implementation of the technique, which adds moisture in regions with lightning
while affecting neighboring regions through the model’s microphysical mechanism and moisture advection.
The question we address next is whether this rainfall
enhancement is quantitatively comparable with independent observations. Furthermore, we examine how
sensitive the assimilation technique is to the lightning
intensity, and how long after forcing the model can
maintain the information provided by the assimilation.
These aspects are discussed next using validation statistics for CASE and CTRL experiments.
Figures 10, 11, and 12 summarize the BS, ETS, HSS,
and RMSE statistical scores for the three storms. In the
left panels we show the determined values of those
scores for the CASE (three profiles) and CTRL experiments, while in the right panels we present the relative
differences (in percent) of CASE versus CTRL score
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FIG. 8. Rain differences (mm) between CASE (using the empirical humidity profile 1) and
CTRL runs for the 6-h period ending 1200 UTC 28 Aug 2002. Black solid and dashed lines
show the contours of 2 and 40 flash accumulation for the 6-h period, respectively.

FIG. 9. Relative frequency (%) of rain accumulation differences (mm) between CASE and
CTRL runs.
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FIG. 10. (a) The values and (b) relative improvements (%) of bias scores, equitable threat scores, Heidke skill scores, and rootmean-square error for the CASE experiment applied using the 1–3 empirical humidity profiles (19–21 May 2002 storm case). Numbers
above each panel denote the total number of observations reaching the corresponding threshold value.

values normalized by the corresponding CASE score
value. We note a significant improvement in all the
statistical scores when lightning data are assimilated
into the model. It is also noted that the relative improvement increases as a function of rain accumulation

threshold, reaching to 100% improvement at rain accumulations exceeding 18–20 mm. This is attributed to the
fact that lightning is a direct outcome of vigorous convection, which is associated with the most intense rain
rates in the cloud. Consequently, assimilation of light-

FIG. 11. Same as in Fig. 10 but for the 28–29 Aug 2002 storm case.
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FIG. 12. Same as in Fig. 10, but for the 28–29 Jul 2003 storm case.

ning data would improve primarily the predictions of
the most intense rain rates in the cloud.
Specifically, the model bias (BS score) in the CASE
run for all three storms exhibits reduction with an increase in the rain threshold. For example, in the CASE
run of the 28–29 August 2002 storm BS starts at nearly
1.3 for the 3-mm threshold and converges to around
one (unbiased prediction) at moderate to high rain accumulations, while the corresponding CTRL run starts
at around 1.5 for the lower threshold and gradually
decreases, reaching to zero at the 21-mm threshold (i.e.,
failing to predict any rain above that threshold). Similar
results can be obtained from the storm case of 19–20
May 2002 (Fig. 10). In the third case (Fig. 12) the BS
values are lower compared to the previous two cases,
but even then CASE gives less biased (particularly at
the higher thresholds) rain estimation than CTRL.
A noteworthy improvement also occurs for the
model ETS and HSS score values. The CASE scores
are steadily greater than those computed from the
CTRL runs, with the exception of the 28–29 July 2003
storm where these CASE and CTRL runs gave similar
score values. This storm was associated with the least
lightning frequency (see Table 1), indicating that the
amount of lightning was not adequate to provide notable improvements to the model predictions. The
RMSE score assessment, which gives a measure of the
variability of prediction error, suggests that the assimilation provides moderate (5%–17%) reduction in error
variance. In the 28–29 August 2002 case, RMSE was

reduced by up to 17%, when the first empirical humidity profile was used, with the greater improvement occurring at the higher threshold values. Overall, the
model was shown to exhibit better scores when the first
empirical humidity profile was used in the assimilation
technique; thus this profile was used in the ASE6 experiment described next.

c. ASE6 experiments
The ASE6 experiment was performed to investigate
how long after the lightning forcing the model can
maintain the information provided by the assimilation.
Using the same methodology described above we
evaluate the subsequent 6- and 12-hourly forecasts
compared to the corresponding CTRL forecasts. The
verifications scores for the three storm cases are
showed in Figs. 13, 14, and 15, respectively, with the left
and right panels having the same significance as in Figs.
10, 11, and 12. Overall, there is a noticeable improvement for all statistical scores, which is more pronounced in the first 6-hourly forecasts. Even though for
specific thresholds the model BS, ETS, and HSS obtained from the ASE6 experiments are not always better than CTRL, the RMSE scores are constantly lower
than CTRL on the order of 5%–7%. This suggests
that the model can provide improved quantitative forecasting results even up to 12 h after the lightning assimilation, with an expected better performance in the
first 6 h.
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FIG. 13. The BS, ETS, HSS, and RMSE (a) absolute and (b) relative to CTRL run values calculated for ⫹6 and ⫹12 h forecasts from
the ASE6 experiment (using the empirical humidity profile 1) for the 19–21 May 2002 storm case. Numbers above each panel denote
the total number of observations reaching the corresponding threshold value.

6. Conclusions
A technique for improving convective precipitation
forecasts through assimilation of regional lightning data
in a mesoscale model was developed. Data from the
National Observatory of Athens long-range lightning

network (ZEUS), which primarily covers Europe, and
the hydrostatic version of SKIRON/Eta mesoscale meteorological model, which runs operationally in the
POSEIDON system of the Hellenic National Marine
Research Center, were used. The lightning data were
used to indicate the time, location, and intensity of con-

FIG. 14. Same as in Fig. 13, but for the 28–29 Aug 2002 storm case.
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FIG. 15. Same as in Fig. 14, but for the 28–29 Jul 2003 storm case.

vective activity occurring in the model domain. This
information was used to nudge the model-generated
humidity profiles to an empirical profile as a function of
the observed lightning intensity. Thus, using the model’s convective parameterization scheme we could compute heating rate profiles more compatible to the local
convective environment. The performance of the technique was verified in a set of experiments on three
major thunderstorms that occurred in the Mediterranean region in the warm seasons of 2002 and 2003. The
assessment was performed using as reference 6-hourly
rain accumulation measurements available from the
network of ECMWF gauges in Europe. The results indicate that assimilation of CG lightning data can improve the model’s convective precipitation analysis and
short-range (e.g., up to 12 h) forecasts. Improvement is
more significant in storms with higher lightning activity.
It is important to note that assimilation has a greater
impact on the prediction of higher rainfall amounts.
A limitation of this technique is the weak physical
basis of the empirical humidity profiles. Those profiles
were derived from initial atmospheric soundings
through trial and error adjustments using the model
performance as the sole criterion. It should be recognized that there may be complex interdependencies between humidity profiles, convective precipitation, and
CG lightning discharges, and that there may be other
important environmental conditions (e.g., temperature)
not examined here. This study examined the sensitivity

of model forecasts and their accuracy to lightning assimilation for a single (humidity profile) variable adjustment, rather than explicitly determining environmental profiles that can describe any convective environment. In light of current impossibilities to explicitly
simulate lightning discharges in regional atmospheric
models, this study makes a first step toward quantifying
some defensible proof of concept. We hope that this
paper will motivate future studies on this topic to address current deficiencies. The assimilation scheme is
general enough to be implemented and tested in any
meteorological model. The technique is planned for
implementation in the operational setting of the
POSEIDON weather forecasting system (information
available online at http://www.poseidon.hcmr.gr). This
would provide a unique opportunity to investigate the
performance of the technique in multiple cases, involving a variety of convective environments. Further development is required mainly in the definition of more
physical humidity profiles. One possible way to develop
such profiles is to use ultrahigh-resolution simulations
from 3D cloud-resolving models coupled with explicit
lightning discharge parameterization schemes.
A complementary extension of this work would be to
assimilate latent heating profiles derived on the basis of
rain rates retrieved from combined satellite infrared
and lightning data (e.g., Morales and Anagnostou 2003;
Chronis et al. 2004). Alexander et al. (1999) and Chang
et al. (2001) demonstrated that assimilation of convec-
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tive rainfall and adjusted latent heating diagnosed from
lightning data led to improving the short-term forecast
of major convective storms developed in the Gulf of
Mexico. The physical basis for their approach relies on
well-established links between convective updraft
strength and the initiation of robust mixed-phase precipitation processes, electric charge separation, and ultimately lightning production. Another aspect of future
research is to investigate the viability of the land surface alternative to coupled meteorological systems.
This approach uses physically based land surface models driven by multisensor retrieved precipitation and
radiation budget fields to provide improved land surface boundary conditions for the atmospheric model.
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