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SINOPTICA
SATELLITE-BORNE AND IN-SITU OBSERVATIONS TO PREDICT THE INITIATION OF
CONVECTION FOR ATM
This Report about Data Assimilation (D7.1) is part of a project that has received funding from the SESAR
Joint Undertaking under grant agreement No 892362 under European Union’s Horizon 2020 research
and innovation programme.

Abstract
One of the objectives of the H2020 SESAR Satellite-borne and IN-situ Observations to Predict The
Initiation of Convection for ATM (SINOPTICA) project is to improve the performances of the numerical
weather prediction model to nowcast severe weather events that develop at the local scale. The
forecast of localized and intense convective events is still challenging because of the multitude of scales
and phenomena involved in intense thunderstorms.
The improvement of the forecast of convective and localized phenomena can be obtained through a
better description of Numerical Weather Prediction (NWP) initial conditions. Data assimilation is the
technique that combines a (NWP) output with observations and their respective error statistics to
provide an improved state of the atmosphere, called the analysis. The NWP can use the analysis as
initial conditions for an improved forecast compared to the forecast without data assimilation
(background). In this report we discuss how data assimilation is performed in the SINOPTICA project
using the WRF model.
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1 Introduction
Numerical weather prediction is an initial/boundary value problem, i.e. the atmospheric evolution is
simulated starting from an estimate of the present state of the atmosphere. Since a better estimate of
initial conditions gives a better forecast, using initial conditions as accurate as possible is crucial for an
accurate forecast. These conditions cannot come only from observations, for two reasons. First,
because distribution of measures is not uniform in space and time and second, because of the
impossibility to cover all grid points and all model levels. It is therefore necessary to add additional
information (called background or first guess) to prepare initial condition for a forecast. The technique
by which observation are combined with first guess to produce an improved estimate (called analysis)
of the present state of the atmosphere is called data assimilation.
Different methods of data assimilation can be found in literature: nudging, variational methods in
three and four dimensions, i.e. 3D-Var and 4D-Var, and ensemble Kalman filtering or KF and others. In
SINOPTICA we use the WRF model, which has the capability of using 3D-Var, 4D-Var, and ensemble
Kalman filtering for data assimilation.
The focus of the SINOPTICA project is the forecast of quickly developing but intense thunderstorms,
which are usually characterized by large hail size, huge amount of rain in a short period, high lightning
frequency and strong winds, thus potentially capable to affect people, socio-economic activities and
infrastructures. These phenomena also affect the flight safety, when aircrafts must fly through or
nearby storms.
Because of this objective of SINOPTICA, the forecast and the data assimilation system need to be fast,
and eventually must be used in a rapid update cycle (RUC), with a few hours cycling time (for 1 to 6
hours). The 3D-Var method responds better to this requirement compared to 4DVar, the latter using
a modeling integration (tangent linear and adjoint) during the assimilation time. The ensemble KF
requires to run an ensemble, which is not compatible with the time and spatial resolutions of
SINOPTICA. For these reasons we chose the 3DVar method for data assimilation. This method is
discussed in this deliverable.
Lightning data assimilation (LDA) is a powerful instrument to improve the forecast of deep and quickly
developing convective events, and it can be very useful in the framework of SINOPTICA. In this
document it is shown how LDA is done in SINOPTICA, while the impact of LDA on the precipitation
forecast is discussed in the deliverable 5.3. When discussing the impact of LDA on the precipitation
forecast in the deliverable 5.3, classical scores for precipitation verification are used. The methodology
followed to compute these scores is shown in this deliverable.
This document is organized as follows: Section 2.1 gives an overview of the different components of
the WRF data assimilation system (WRFDA); Section 2.2 shows how 3DVar is implemented in WRF;
Section 3.1 shows how lightning data assimilation is implemented in WRF using nudging, while Section
3.2 shows the methodology to compute the scores. Conclusions are given in Section 4.
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1.1 Acronyms and Terminology
Acronym

Description

AFWA

Air Force Weather Agency

ARW

Advanced Research version of WRF

EOF

Empirical Orthogonal Function

ETKF

Ensemble Transform Kalman Filter

ETS

Equitable Threat Score

FAR

False Alarm Rate

FBIAS

Frequency BIAS

IAFMS

Italian Air Force Meteorological Service

LCL

Lightning Condensation Level

LDA

Lightning Data Assimilation

NCAR

National Center for Atmospheric Research

NOAA

National Oceanic and Atmospheric Administration

NWP

Numerical Weather Prediction

POD

Probability Of Detection

RUC

Rapid Update Cycle

WRF

Weather Research and Forecasting Model

WRFDA

WRF data assimilation system
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2 Analysis of the available data assimilation
approaches
2.1 WRFDA structure and observational capability
The data assimilation is the technique that combines a Numerical Weather Prediction (NWP) output
(first guess or background forecast) with observations and their respective error statistics providing as
product an improved state of the atmosphere (analysis). The improvement of the forecast skill using
data assimilation techniques became in the last few years an increasingly important topic of research.
Thus, in the past decades a new idea for a community data assimilation system has emerged. WRFDA
is a freely available data assimilation software allowing the NWP community to perform both research
and operational implementation in the same framework [1].
The Weather Research and Forecasting (WRF) model had a significant data assimilation component
from the beginning of its development. After an initial discussion between major partners (National
Center for Atmospheric Research (NCAR), National Oceanic and Atmospheric Administration (NOAA),
the U.S. Air Force Weather Agency (AFWA), Oklahoma University, and the U.S. Naval Research
Laboratory) in 1999-2000 the basic requirements of the data assimilation system were defined to
satisfy both operational and research communities. The key idea at the base of the system is that
WRFDA has to be robust and efficient, accurate, computationally efficient, portable, well documented
and easy to use. In this framework WRFDA features three-dimensional and four-dimensional data
assimilation (3DVAR, 4DVAR) as well as a hybrid variational ensemble technique (Ensemble Transform
Kalman Filter (ETKF) – 3DVAR). The first version of this data assimilation system was distributed in 2003
with only 3DVAR implemented (named WRF 3DVAR), and subsequently updated in two steps: WRF 2.0
(2004) and WRF 3.0 ([2]; [3]). Furthermore in 2004 the 4DVAR has been released [4] and the system’s
name was changed in WRF-VAR. Finally, in 2008 the release of the ETKF-3DVAR hybrid
variational/ensemble system led to the final name WRFDA.
All the techniques can assimilate a wide range of observations ranging from the more traditional ones
(surface, rawinsonde, aircraft, wind profiler, and atmospheric motion vectors) to the newer ones
(radar radial velocity and reflectivity, satellite-based observations such as radiance, ground-based
GPS/GNSS, GPS/GNSS radio occultation measurements etc) as reported in [5].
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Figure 1: The WRFDA Observation Catalog [5]

Figure 2: WRFDA in the WRF modelling system. In blue the WRFDA components are reported with the relation
of the rest of the WRF system (white boxes).

One of the main advantages of WRFDA is that it is built directly within the WRF modelling system
(Figure 2) providing a direct interface with the other WRF components.
The inputs for WRFDA are three (Figure 2):
•

•

The background forecast (xb): in cold-start mode it is a forecast or analysis from another model
interpolated to ARW grid using the “WPS” and “Real” programs of WRF system, in warm-start
mode (cycling mode) it is the output of a short-range forecast (typically 1-6 hours) run with
WRF-ARW system.
Observations (yo): they can be provided in PREBUFR or LITTLE_R format, and an observation
preprocessor (OBSPROC) is designed to reformat and quality check observations that after can
be directly read in WRFDA.
8
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•

Background error covariances matrix (B): necessary to define the spatial and multivariance
response of the analysis to observations. It is calculated off-line using gen_be utility.

When the data assimilation of all observations ends, the analysis state (xa) must be merged with the
existing boundary conditions (xlbc) using the UPDATE_BC utility.
Summarizing, together with WRFDA there are three main utilities helpful for efficient data assimilation:
OBSPROC for observation preprocessing, gen_be for background error estimation and UPDATE_BC to
merge the analysis product of data assimilation with the existing boundary condition file.

2.1.1 Observation Preprocessing (OBSPROC)
OBSPROC provides observations (yo) for ingest in WRFDA. The program reads LITTLE_R format (a textbased format) and its functions are:
•
•
•
•
•
•

Read the observations from LITTLE_R file and the run time and space coverage from a namelist
file.
Remove observations that are outside the temporal window and the spatial domain.
Through the hydrostatic pressure assumption retrieve pressure or height based on observed
information.
Check multi-level observations for vertical consistency and superadiabatic conditions.
Estimate the error for each observation from a pre-specified error file
Write an output file in ASCII or BUFR format to be direct ingested in WRFDA.

2.1.2 Background Error Calculation (gen_be)
The background error covariance statistics are necessary in WRFDA cost function minimization to
weigh errors in features of the background forecast field. The WRFDA’s gen_be utility estimates
domain-specific climatological background error covariance matrix based on input training data that
could be time series of forecast differences (the so called “NMC method”, [6]) or perturbations from
an ensemble prediction system ([3], chapter 9).
The NMC-method estimates climatological background error covariances using a process that assumes
background errors to be well approximated by averaged forecast difference statistics (Eq. 1):
# (((((((((((((((((((((((((((((((((((((((((((((((
#$%& − 𝒙′#$'% )(𝒙′#$%& − 𝒙′#$'% )#
((((((((
(𝒙′! − 𝒙′" )(𝒙′! − 𝒙′" )# = 𝜺
𝑩 = (((((((((((((((((((((((((((((
! 𝜺! ~(𝒙′

Eq. 1

where x’t is the true state of the atmosphere and eb is the background error. The overbar means an
average over time and/or space. Alternatively, for an ensemble based statistics the vectors are xk’= xk+
𝒙, where the overbar is the average of ensemble members and K=1,ne (ne=number of ensemble
members).
However, the background error covariance matrix is computed not in the model space x’ (u,v,T,q,ps)
but in a control variable space (v) related to the model space through the control variable transform
U:
𝒙( = 𝐔𝒗 = 𝐔) 𝐔* 𝐔+ 𝒗

Eq. 2

The expansion U=Up Uv Uh in Eq. 2 represents a series of operations [7] implemented in different stages
of covariance modelling: horizontal correlations (Uh), vertical covariances (Uv) and multivariate
9
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covariances (Up). The v components are chosen so that their error cross-correlation are negligible, so
the B matrix will be block-diagonalized.
Gen_be calculates the background error covariance matrix through 4 stages:
•

•
•

Stage_0: stage_0 converters transform model-specific data (alternative models use different
grids, variables, data format, etc.) to standard perturbation fields and metadata and output
them in a standard binary format. The standard fields are:
Perturbations: streamfunction y’(i,j,k), velocity potential c’ (i,j,k), temperature T’(i,j,k),
relative humidity RH’(i,j,k), surface pressure p’s(i,j).
Full-fields: height z(i,j,k), latitude f (i,j) (required to produce error statistics stored in terms of
physics variables rather than tied to a grid).
Stage_1: remove the time-mean in order to calculate covariance between fields.
Stage_2: In this stage is provided a statistics for the unbalanced fields (cu,Tu, Psu) used as
control variables in WRFDA. The unbalanced control variables are the difference between the
full and balanced components of the field. In Stage_2 the balanced components of specific
fields are modelled through a regression analysis of the fields using specific predictor fields
(see [8]). The regression coefficients obtained are output to be used in WRFDA Up transform.
The regression analysis results in three sets of regression coefficients:
- Velocity potential – streamfunction regression: 𝜒! (𝑘) = 𝑐(𝑘)𝜓(𝑘)
- Temperature – streamfunction regression: 𝑇! (𝑘) = ∑,- 𝐺(𝑘𝑙, 𝑘)𝜓(𝑘𝑙)
- Surface pressure – streamfunction regression: 𝑃.! = ∑,- 𝑊(𝑘)𝜓(𝑘𝑙)

Note: perturbation notation dropped for clarity.
The sum over k1 relates to integral relationship between mass fields and the wind field. The regression
coefficient c, G and W do not vary horizontally by default. Once computed the regression coefficients,
the unbalanced components of fields will be:
-

𝜒/ (𝑘) = 𝜓(𝑘)𝑐(𝑘)𝜓(𝑘)
𝑇/ (𝑘) = 𝑇(𝑘) − ∑,- 𝐺(𝑘𝑙, 𝑘)𝜓(𝑘𝑙)
𝑃./ = 𝑃. − ∑,- 𝑊(𝑘)𝜓(𝑘𝑙)

The fields calculated in this way will be the input for the next stage (spatial covariances).
•

•

Stage_3: calculates statistics necessary for the vertical component of the control variable
transform. The vertical transform Uv is applied using an empirical orthogonal function (EOF)
decomposition of background error covariances [2]. The vertical component of B (Bv) is
calculated for each 3D control variable and eigenvector decomposition is calculated on model
levels k. Bv considering K model levels will be a KxK positive-definite, symmetric matrix and
given an estimate of Bv (through NMC method), the eigendecomposition 𝑩0 = 𝑬Λ𝑬# of the
matrix is performed to obtain eigenvectors E and eigenvalues Λ. After this calculation, the
entire sequence of 3D control variables is projected into EOF space (vertical transform Uv):
𝒗1 = 𝑼0 𝒗0 = 𝑬Λ'/% 𝒗0 .
Stage_4: computes the last requirement of background error covariance, the horizontal error
correlations, through the use of recursive filters ([9], [10]) in case of regional applications and
power spectra for global mode. In regional applications the horizontal correlations are
computed between each 2D field grid points, binned as a function of distance. A Gaussian
curve is fitted to the data to provide the lenghtscales of correlation that is used in the recursive
10
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filter algorithm (refer to [2] for further details). In contrast, in global applications power
spectra are computed for each vertical modes (K) control variables y, cu, Tu, RHu and psu.
From a more practical point of view, in gen_be utility the users have four choices to define the B matrix,
called CV3, CV5, CV6 and CV7. Each of them has different properties and considers different control
variables as it is reported in Table 1.

CV option

Control Variables

CV3

y, cu, Tu, q, psu

CV5

y, cu, Tu, RHs, psu

CV6

y, cu, Tu, RHsu, psu

CV7

u, v, T, RHs, ps

Table 1: Background error covariances matrix options where: y is the streamfunction, cu is the unbalanced
velocity potential, Tu is the unbalanced temperature, psu is the unbalanced surface pressure, RHs is the pseudo
relative humidity, RHsu is the unbalanced pseudo relative humidity and ps is the surface pressure.

The CV3 option is provided in WRFDA and the control variables are in physical space while CV5, CV6
and CV7 are obtained through the use of gen_be and the control variables are in eigenvector space.
The main difference between CV3 and others is linked to the vertical covariance: CV3 uses the vertical
recursive filter, while others use EOF to model the vertical covariance. Also, the recursive filters to
model horizontal covariance are different. In general, CV3 is a global B matrix that could be used in any
regional domain, while CV5, CV6 and CV7 are domain-dependent B matrices and should be generated
on forecasts or ensemble data from the same domain that will be used for data assimilation.
Furthermore, the difference between CV5, CV6 and CV7 is only linked to the control variables they use.

2.1.3 Update boundary conditions (UPDATE_BC)
Using the analysis state (output of WRFDA) as initial conditions, it is necessary to first update the lateral
boundary conditions to reflect differences between background and analysis state. Only boundary
conditions of domain 1 must be updated because boundary conditions for nests domains are
calculated from domain 1. To pursue this aim, the script update_bc.csh is provided and it works with
the following input:

- The analysis state (initial conditions after data assimilation)
- Original lateral boundary conditions of 1 domain (wrfbdy_d01)
- A namelist called parame.in
After running the executable update_bc.exe the old boundary conditions will be overwritten with the
updated one.

2.2 WRFDA variational data assimilation
In general, variational systems can be classified as those techniques that provide an analysis state of
the atmosphere through the minimization of a cost function given two sources of data: a background
11
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forecast (first guess) and observations. The main advantages related to the variational data
assimilation technique are the possibility to assimilate a wide range of observations related nontrivially
to standard atmospheric variables (e.g. radiance) and the imposition of a dynamic balance that can be
implicit in the forecast model itself (in case of 4DVAR) or explicit using some balance equations (in case
of 3DVAR). In WRFDA both 3DVAR and 4DVAR are available from WRF 3.0 [3] release. Prior to WRF
3.0 only 3DVAR was available and the cost function minimization used a modified version of limited
memory Quasi-Newton Method (QNM); starting from WRF 3.0 the alternative Conjugate Gradient
Method (CGM) is implemented. This update implies the complete linearization of WRFVAR’s inner loop
that was a limitation overcome through the introduction of multiple outer loops with the purpose of
iterate over nonlinear solutions (like observation operators, balance constraints in 3DVAR and the
forecast itself in 4DVAR) through the use of the WRFDA’s analysis state from the previous iteration as
new first guess (Figure 3). The use of multiple outer loops can be also very useful in variational quality
control because usually observations are rejected if the magnitude of the observation minus the
background forecast differences are larger than a given threshold (typically a multiple of the
observation error standard deviation). This choice implicitly assumes that the first guess is accurate,
but in case of areas with large forecast errors, there was the danger that good observations could be
rejected. The outer loops allow observations rejected in previous iteration to be accepted in the
following iteration if the observation minus the updated first guess (the analysis from the previous
outer loop) became smaller than the specified threshold.

Figure 3: Outer loop schematization.

2.2.1 3DVAR implementation
The 3DVAR was the first data assimilation technique released in WRF model and it is used in the
SINOPTICA project. The basic goal of this technique is to provide an optimal estimate of the true state
of the atmosphere through the minimization of the cost function reported in Eq. 2 ([11]).
#

#

𝐽(𝒙) = 𝐽! + 𝐽" = $ (𝒙 − 𝒙! )% 𝐵&# (𝒙 − 𝒙! ) + $ (𝒚 − 𝒚" )% (𝑬 + 𝑭)&# (𝒚 − 𝒚" )

Eq. 3

In summary, the 3DVAR problem is the iterative solution of Eq. 3 to find the analysis state (x) that
minimizes the cost function J(x) which represents the a posteriori maximum likelihood estimate of the
12
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true state of the atmosphere, combining the two sources of data: observations (yo) and background
(xo). B, E and F are the background, observation (instrumental) and representativity error covariance
matrices respectively used as weight to fit the two sources of data. The representativity error is
introduced from the use of an observation operator (H) to transform the gridded analysis to the
observation space: y=H(x).
Eq. 3 assumes that the error covariances are described by a Gaussian PDF with 0 mean error, but can
be also used alternative costs functions that relax this constraint ([12]). Furthermore, Eq. 3 neglects
correlations between observation and background errors, as it is usually done in variational approach
([6]; [7]; [13]).
The multidimensional cost function is efficiently solved using adjoint operations (like multidimensional
application of the chain-rule for partial differentiation). Considering a model state x with n degrees of
freedom (grid points number times independent variables number), the calculation of the Jb term of
Eq. 2 requires ~O(n2) calculations. In a typical NWP problem n2~1012-1014, then a direct solution is not
feasible in the time window necessary for data assimilation in operational issues. A solution to reduce
the computational cost of Jb calculation is to calculate it in terms of control variables defined as 𝒙( =
𝑼𝝂, where x’ is the analysis increment (x-xb) and U transform is designed to nondimensionalize the
problem and to allow the use of efficient filtering techniques that approximate the full background
error covariance matrix. With a U transform well designed, the condition numbers will be small and
the product UUT will quite match the B matrix. In terms of analysis increments, the Eq. 3 can be
rewritten as:
#

#

!

%

!

𝐽(𝜈) = 𝐽! + 𝐽" = $ 𝝂% 𝝂 + $ .𝑦 " − 𝑯𝑼𝜈2 (𝑬 + 𝑭)&# (𝑦 " − 𝑯𝑼' )

Eq. 4

Where yo’=yo-H(xb) is the innovation vector and H is the linearization of H.
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3 Lightning data assimilation
3.1 Methodology
Lightning data are provided by LAMPINET network of the Italian Air Force Meteorological Service
(IAFMS), which is operational since 2004. This network consists of 15 sensors set up between 2004 and
2005 and distributed over the whole Italian territory, including islands [14]. It is based both on MDF
(Magnetic Direction Finding) and TOA (Time Of Arrival) technique [15]. Network performances reach a
detection efficiency of 90% for a peak current higher than 50 kA. The location accuracy is about 500 m
over the whole Italian territory.
The lightning data assimilation (LDA) scheme is that of Fierro et al. ([16],[17]) and uses the total
lightning, i.e. intra-cloud plus cloud-to-ground flashes. The method is applied in three steps: first, it is
determined if a grid point is associated with lightning; second, a pseudo-profile of water vapor mixing
ratio is computed for grid points associated with lightning; third, the modelled value is changed with
the corresponding value of the pseudo-profile if the former is lower.
To determine if a grid point is associated with lightning, observed flashes are remapped onto the model
grid. Then for each grid point it is checked if flashes occur in a grid-cell centred at the grid point. If
there are flashes, the grid-point and the atmospheric column above it are associated with lightning.
Then, for the whole column above a grid point associated with lightning the water vapour mixing ratio
qv is computed:
qv=Aqs+Bqstanh(CX)(1−tanh(Dqαg))

Eq. 5

where coefficients are set to A=0.95, B=0.07, C=0.25, D=0.25, and α=2.2, qs is the saturation mixing
ratio at the model atmospheric temperature, and qg is the graupel mixing ratio (g kg−1).
The parameter X is the number of total flashes (IC+CG) falling in a grid box in a given temporal interval.
We will return on this time interval later. The mixing ratio of Eq. 5 is compared with that predicted by
the model in the column above the grid-point associated with flashes. In this step we limit the attention
to the atmospheric column between the lightning condensation level (LCL) and the -25°C isotherm. If
the mixing ratio of Eq. 5 is larger than the simulated one, the latter is changed with the value of Eq. 5,
otherwise the modelled mixing ratio is left unchanged. This method can only add water vapour to the
forecast and destabilises the model column where flashes are observed by adding water vapour to the
column.
Figure 4 shows the behaviour of Eq. 5 as a function of the flash number X over a certain time period
(15 or 30 minutes, see Deliverable 5.3) for different values of the graupel mixing-ratio.

14
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Figure 4: Behavior of Eq. 14 as a function of the flash-rate for different values of the graupel mixing-ratio.
The qv values are expressed in terms of saturation water vapor mixing ratio.

The qv increases as the flash rate X increases, while qv decreases for increasing graupel mixing ratio.
The physical meaning behind these dependencies is the following: the increase of qv with the flash rate
means that more intense convective environments show a larger flash number; the decrease of the qv
with the graupel mixing ratio is applied because graupel is a hydrometeor associated with convective
environments, and large values of simulated graupel indicates that the model is already simulating a
convective environment and the instability added by Eq. 5 to the model is reduced.
Considering the dependence of qv on X, experience at CNR-ISAC ([18]; [19]; [20]) shows a non-negligible
impact of the accumulation time of X on the precipitation forecast with lightning data assimilation.
For this reason, in the Deliverable 5.3, sensitivity tests to the choice of X equal to the lightning number
accumulated over 30 minutes and over 15 minutes are presented for the case studies of the SINOPTICA
project in the following section. In the following, the impact of LDA on the precipitation forecast is
considered and it is implicitly assumed that a better forecast of the precipitation areas around the
airports.

3.2 Scores computation
We shortly introduce the classical precipitation scores used to assess the forecast performance. These
scores have been used in the results of the Deliverable 5.3 to quantify the WRF performance for
precipitation forecast. Precipitation scores FBIAS (Frequency BIAS), POD (Probability Of Detection), ETS
(Equitable Threat Score) and FAR (False Alarm Rate) are used as a measure of the model performance.
Scores are computed for dichotomous events, i.e. for events that can have only two values, in this case
yes/no. The event is: “precipitation is above or equal a rainfall threshold”. The possibilities are shown
in Table 2.

15

7.1 DATA ASSIMILATION SYSTEM DESCRIPTION

OBSERVATION

FORECAST

YES

NO

YES

a

b

NO

c

d

Table 2: contingency table for dichotomous rainfall events.

Defining the hits (a, a hit occurs when both the precipitation forecast and the corresponding raingauge
observation are above or equal to a rainfall threshold), the false alarms (b, a false alarm occurs when
the precipitation forecast is above or equal to a rainfall threshold, while the corresponding raingauge
observation is below the threshold), the misses (c, a missing occurs when the forecast precipitation is
below a rainfall threshold, while the corresponding raingauge observation is above or equal to the
threshold) and the correct no forecasts (d, a correct no forecast occurs when both the precipitation
forecast and the corresponding observation are below a rainfall threshold), the scores FBIAS, POD, ETS
and FAR are determined by:
𝑎+𝑏
𝑐+𝑑
𝑎
𝑃𝑂𝐷 =
𝑎+𝑐

𝐹𝐵𝐼𝐴𝑆 =

343

!
𝐸𝑇𝑆 = 3$!$543
; 𝑎6 =
!

𝐹𝐴𝑅 =

(3$!)(5$9)
3$!$5$9

𝑏
𝑎+𝑏

where ar is the probability to have a correct forecast by chance, where the occurrence of a correct
forecast is independent from its occurrence/non-occurrence.
To compare forecast and observations, the forecast must be interpolated to the raingauge locations.
For this purpose, we use the method of nearest neighbourhood for two grid spaces, i.e., for each
raingauge, we compare the observations with the forecasts at grid points whose distance from the
raingauge is less than 23/2Dx, where Dx is the grid spacing (3km), and we take the forecast value in best
agreement with the observation. In other terms, we neglect a forecast spatial error of 23/2Dx ~ 8.5 km.
Finally, in order to limit the attention to the airport areas, we limit the verification to a square of 100
km centred at the airport location.

3.3 Impact of LDA for the SINOPTICA cases
In this section we shortly review simulations that have been done for the case studies of SINOPTICA
with WRF assimilating lightning. Lightning is the only observation assimilated in this section. As
previously noticed and discussed, lightning data assimilation is sensitive to the time of flashes
accumulation. In this section we analyse this point by considering 15- and 30-minutes accumulation
time.
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The case studies considered in the SINOPTICA project are summarised in Table 3. It is important to
highlight that only the hours of the third column are considered below. These hours are those with the
largest convective activity for all the cases.

CASE STUDY

DAY

HOUR

MALPENSA

20190511

15-16 UTC

BERGAMO

20190806

19-20 UTC; 21-22 UTC

VENEZIA

20190707

12-14 UTC; 16-17 UTC

PALERMO

20200715

14-17 UTC

Table 3: The case studies of SINOPTICA and the most convective hours for the case studies. These hours are
those considered for the computation of the scores.

Figure 5: Forecasts/hindcast with LDA and sensitivity tests. The numbers below the x axis show the minutes
inside the hour. The forecast/hindcast starts at h. Red line is assimilation phase, while blue line is the forecasts.

In the scenario of Figure 5 we are assuming that we can do a Rapid Update Cycle (RUC) forecast every
1h.
Different forecasts are considered for the hourly events of Table 3 (see Figure 5): CTRL is the forecast
without LDA, L15H and L30H are the hindcasts, in which the LDA is performed throughout the whole
simulation, L15F, L30F are the forecasts when lightning data are assimilated until the actual hour of
interest. Incidentally, we note that, for this configuration, the forecast is available 3-5 minutes inside
the actual hour to forecast. L30FF and L15FF are the configurations where the LDA is stopped,
respectively, 30 minutes and 15 minutes before the actual time of forecast. In these cases, the forecast
is available 10 minutes (L15FF) and 20 minutes (L30FF) before the actual hour of forecast. The very
important difference between L30H/F/FF and L15H/F/FF is that the former accumulates lightning over
30 minutes, while the latter assimilates flashes accumulated over 15 minutes time period.
The quality of the forecasts is assessed by computing the scores for all the events grouped together.
Classical scores introduced in the previous section are used to evaluate the model performance. Model
performances are considered in a square of 100 km around the airport position.
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a)

b)

c)

d)
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Figure 6: Scores for the 1h precipitation forecast for all the time intervals of Table 3 grouped together; a)
Frequency Bias; b) Probability Of Detection; c) False Alarm Rate; d) Equitable Threat Score.

The FBIAS (Figure 6a) score shows a substantial increase of the forecast frequency for all simulations
assimilating lightning. While the CTRL forecast underestimates the frequency of occurrence of
precipitation events, the simulations with LDA overestimates it. The overestimation of the frequency
is larger for the hindcasts (L15H, L30H) compared to forecasts (L15F, L15FF, L30F, L30FF).
The POD (Figure 6b) shows a notable impact of LDA on the precipitation forecast. All configurations
assimilating lightning have much better POD compared to the CTRL forecast. Two points are worth
noticing: the better performance of L15F compared to L30F and the important decrease of the POD
score for configurations L15FF and L30FF compared to L15F and L30F. The first result suggests that
using 30 minutes to accumulate lightning is too long and causes unbalances into the model that limits
the improvements given by LDA to the CTRL forecast. The second result shows that it is very important
to assimilate lightning as close as possible to the actual time of the forecast. Indeed, lightning is a
manifestation of the convective environments, and the exact position/intensity of convective cells has
a short intrinsic predictability time, which requires to drive the model with observations as far as
possible. L15H and L30H have, as expected, the best POD because they assimilate lightning for the
whole simulation.
The FAR (Figure 6c) score shows that the best performance is that of CTRL; then follow the L15F, L15FF,
L30F, L30FF while the worst FAR is for the hindcast simulations, because they assimilate flashes during
the whole run adding more water vapour and producing more rain compared to the forecast
configurations. More interestingly, the L30 configuration gives more false alarms than L15, decreasing
the performance of L30F compared to the L15F. A similar result is obtained comparing L15FF and
L30FF. This result clearly suggests that lightning must be accumulated for 15 minutes instead of 30
minutes for LDA.
ETS (Figure 6d) is the most important score for the purpose of forecast verification of this section
because it considers both hits and false alarms and gives a clear representation of the improvement
given by LDA on the short-range precipitation forecast. Considering the results for POD and FAR, it is
noticed that L15F has the best ETS score, followed by L15H, L30F and then by the others
forecast/hindcast configurations. The CTRL forecast has the worst ETS showing again the important
19
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impact of LDA on the short-term precipitation forecast of convective events, like those considered in
the SINOPTICA project.
All in all, considering the results of this section we conclude that the best forecast configuration for
the LDA in the framework of the SINOPTICA project is L15F in which flashes are accumulated over 15
minutes and lightning data assimilation is applied until the time of the forecast we are interested to
issue, and the precipitation forecast is available 3-5 minutes inside the hour
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4 Conclusions
This report presents data assimilation techniques employed in the WRF model. The WRF model allows
data assimilation through a package named WRFDA. Different assimilation methods are available in
WRFDA: 3DVAR, 4DVAR and hybrid data assimilation (both 3DEnVar and 4DEnVar). In the SINOPTICA
project the 3DVAR method is employed because it can be transferred in the operational context in
RUC. These assimilation methods have been described, together with the required procedure and the
different steps needed for WRFDA assimilation. These procedures concern: the description of data
format required by WRFDA, the update of the initial and boundary conditions and the background
error matrix calculation.
The WRFDA package allows the assimilation of different sources of data, among which, for example,
the Constant Altitude Plane Position Indicator (CAPPI) radar reflectivity and Zenith Total Delay (ZTD)
are used for data assimilation in the SINOPTICA project.
In addition to these data, in the SINOPTICA project, the need to have a precipitation forecast as
accurate as possible around the airport areas, led to interest in assimilating lightning data. Lightning
data assimilation in WRF model is not performed through the WRFDA package, but using a procedure
inserted in the WRF model and which uses nudging as assimilation technique. In this report is then
provided a description of this technique. Nudging is a good solution for lightning data assimilation
because lightning must be used in Rapid Update Cycle forecast configuration, which requires a fast
method for data assimilation. The SINOPTICA results show that the lightning data assimilation should
be performed at least every 15 minutes, which makes the use of variational method for lightning data
assimilation, including 3DVar, challenging.
To evaluate model performance after lightning data assimilation, classical precipitation scores as
FBIAS, ETS, POD and FAR are considered. A description of each score and of the procedures for its
calculation have been reported. Object verification is also used for other sources of data as reported
in the deliverable 5.3.
Data assimilation methodologies described in this report are meant to be applied to four case studies
selected in the framework of the SINOPTICA project. Results for the mentioned case studies are being
reported in deliverable 5.3.
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