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Editorial

Weather forecasting and related applications

During autumn of 2008, Meteorological Scientific Days (which is a traditional event of
the meteorological society) were organized at the Hungarian Academy of Sciences on
the subject of weather forecasting. The organization of this scientific event was
ensured by the Working Committee of Atmospheric Dynamics under the Meteorological
Scientific Committee of the Hungarian Academy of Sciences. After this workshop (see
the presentations at http://www.met.hu/seminars/metnap2008.php), the idea arose to devote
a special issuc of the quarterly journal of the Hungarian Meteorological Service to this
topic. Therefore, an invitation was submitted to the participants of the Meteorological
Scientific Days and to other scientists working on the field of theoretical and applied
weather forecasting (including researchers from other disciplines, who are applying
weather forecasting information) to propose scientific papers to this special issue.
Finally, eight articles were gathered, which are covering wide-range of topics on
weather forecasting and related applications: data assimilation (including ensemble
data assimilation), physical parameterization, ensemble forecasting, the special case of
wind prediction for wind-power stations, environmental modeling, and urban heat
island issues. All these subjects give a broad, but certainly not exhaustive overview of
the weather forecasting and related applications in Hungary.

Unfortunately, there is also a bitter actuality of this special issue: the sudden and
unbelievable death of our colleague and friend Dezsd Dévényi (who was also member
of the Editorial Board of IDOJARAS and also contributed to the special issue with the
review of one of the article), therefore, we would like to dedicate the entire special
issue to the memory of Dezsé Dévényi (see the obituary of him in the same issue), since
he had outstanding and long-lasting achievements to the topics of this special issue,
i.e., on weather forecasting in general and numerical weather prediction in particular.

Finally, we would like to express our thanks to the Editor-in-Chief of IDOJARAS
supporting the idea of the special issue, special gratitude is going to the authors of the
articles and also to the dedicated reviewers making the critical review of the articles
keeping the high standards of the journal. We are also grateful to the Executive Editor
of the journal taking care about all the practical issues of the recent volume.

Andrds Horanyi' and Tamds Weia’inger2
Guest Editors

'"Hungarian Meteorological Service
*E6tvos Lorand University, Budapest
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Abstract— A very important source of information in data assimilation is the background,
which is usually a short-range forecast of the numerical weather prediction (NWP) model
valid at the assimilation time. The background is corrected by the atmospheric
observations providing the analysis during the process of data assimilation. Errors of the
background are estimated statistically and are taken into account with the aim of giving a
proper weight to both the background and observations. Although, in theory, the
background errors can be defined as the difference between the truth and the background,
it is a great challenge to generate appropriate background error samples in practice for the
computation of the background error statistics, because the true state is always unknown.
A possible way to improve the background error representation is the development of the
background sampling methods themselves. Another complementary approach is the “a
posteriori” diagnosis or tuning of the already predefined background error statistics by a
certain sampling technique. This paper presents two attempts for such a tuning within the
ALADIN limited area model (LAM) and its 3d-var assimilation system used operationally at
the Hungarian Meteorological Service (HMS). The first one is based on the comparison of the
predefined statistics with those expected in a statistically optimal assimilation system. The
second one is inspired by single observation experiments and it addresses the improvement
of the multivariate statistical balance between humidity and the other analyzed variables.

Key-words: data assimilation, background errors, “a posteriori” tuning, multivariate

statistical balance

1. Introduction

Data assimilation methods based on statistical optimality (Gandin, 1963;
Lorenc, 1986, Thépaut and Courtier, 1991; Bouttier and Courtier, 1999) take
into account the error of each available information type for weighting their



contribution to the analysis x,, i.e., the initial condition for the forecast. This is
done by solving the so-called BLUE (best linear unbiased estimation) analysis
equation:

x, =x, + BH" (HBH" +R) ' (y - H(x,)). (1)

Main available information are the atmospheric observations y and the
background x;,, which is usually a short-range forecast of the NWP model. The
notation H stands for the so-called non-linear observation operator, which
projects from the space of the model variables to that of the observed variables.

The operator H is the linearized of H. The matrices B=E(8h£g) and

R= E(s sT) denote the background and observation error covariance matrices

070
respectively, where E stands for the statistical expectation. The corresponding
errors are defined as the difference from the true state of the atmosphere x,, i.e.,
€, =X, —X, can be written for the background errors and &, =y —H(x,) for the

observation errors. In the lack of x, the sampling of these errors is a real
challenge in the field of data assimilation. For the sampling of background
errors, many ideas have been developed, like the method of innovations
(Hollingsworth and Lonnberg, 1986; Lonnberg and Hollingsworth, 1986) or the
NMC (Parrish and Derber, 1992) and Ensemble (Fisher, 2003; Belo Pereira
and Berre, 2006; Stefanescu et al., 2006) methods. Also attempts have been
taken to characterize LAM specific background errors with the lagged-NMC
approach (Siroka et al., 2003). With the application of the above sampling
techniques the representation of the background errors has been improved in
some aspects indeed. In this paper, however, we would like to point out, that as
X, is never known, it is impossible to compute perfect B and R matrices with any
method, and it is always reasonable to tune certain elements of the predefined
covariance matrices “a posteriori”. We will concentrate on the tuning of the B
matrix statistics primarily, which was applied to the 3d-var system of the
ALADIN model (Horanyi et al., 1996) in our experiments. In Chapter 2 we
describe a tuning experiment aiming to improve the background error variances
based on statistical optimality criteria of analysis residuals. In Chapter 3 we
show a tuning to improve the multivariate balance in the analysis based on the
simplified analysis Eq. (1) and single observation tests.

2. Tuning of the background error statistics based on covariances of residuals

Based on the optimal estimation theory, several approaches exist for “a posteriori”
validation and tuning. A technique applied earlier in ARPEGE/ALADIN was
based on the assumption that the expected value of the variational cost function
J at the minimum is proportional to the number of observations used, i.e.,



E(J min )=p/2 hold, where p is the number of observations used in the analysis

(Talagrand, 1998; Désroziers and Ivanov, 2001; Chapnik et al., 2004; Sadiki
and Fischer, 2005; Fischer et al., 2005). Another method was proposed by
Désroziers et al. (2006) later on, which is the theoretical basis for the tuning
described in this chapter.

2.1. The method of tuning

It is explained in the above-mentioned paper that in a linear analysis system,
where the B background and the R observation error covariance matrices are
properly estimated, the following equations hold:

E(dd")=HBH" + R

E(d:d" )=HBH"

Edd")=R e
E(@:d" )=HAH"

where
dg =y = H(Xb)

dy =H(x,)-H(x,) (2b)
d;) =/ H(xa)

are residuals of the model and the observations provided by the assimilation
system. The notation A in Eq. (2a) stands for the analysis error covariance
matrix. The optimality of the analysis system can be diagnosed if one computes
the covariances of residuals on the left-hand side and substitutes the predefined
error statistics to the right-hand side of Eq. (2a). The residuals on the left-hand
side can be easily obtained as a by-product of the assimilation system. The
second and the third equations in Eq. (2a) can be applied for instance for the
diagnosis of the background and observation error standard deviations:

1 P a (0] 1 P 0 0
Opg = Eadbidbi By = F;daidbi ) 3)

where dy;,dj;, and dy; stand for the individual i realizations of the background

and analysis departures (i=1, ..., P). Then the misfit of the predefined standard
deviations (o, and o) can be obtained as follows:

_Obd = T4 4)



These misfit ratios can be used as guidance for tuning the predefined standard
deviations in the assimilation system. One has to notice, that through Eq. (1), the

Eq. (2b) residuals depend on oy, and o,,, which means that ideally the tuning

with the misfit ratios and the computation of the analysis (Eq. (1)) should be
done iteratively until r, and r, converge. It has also been shown by Désroziers et
al. (2006) in a simplified system, that the convergence can be reached in a few
iterations.

2.2. Estimation of the misfit ratios in our analysis system

The above method was applied in the ALADIN 3d-var system used at HMS
(Bdloni, 2006) for the estimation of the misfit ratio for the background error
standard deviations. The Eq. (2b) residuals were taken from two assimilation
cycles run over an autumn (October-November 2005) and a summer (June
2006) period. In these assimilation cycles all the available observations were
included, which are used operationally in the ALADIN 3d-var system at HMS
(Randriamampianina, 2006). However, for the diagnosis of the background
error standard deviations, only the residuals based on direct observations (i.e.,
radiosondes and aircrafts) were used. There was no iteration applied in the
estimation for the sake of simplicity. In the fully spectral version of the
ALADIN 3d-var system, predefined background error standard deviations are
uniform horizontally and variable in the vertical, so they are available as one
value for each model level and analyzed meteorological variables (i.e.,
temperature (T), specific humidity (q), vorticity (C), divergence (1)) (Berre,
2000). On the other hand, the diagnosed standard deviations can be obtained at
the observation locations and for the observed quantities (T, ¢, and wind u, v
components). In our estimation, a vertical averaging was applied both for the
predefined and diagnosed values so that they became comparable independently
from the height. For the comparison of predefined ({,n) and diagnosed (uv)

wind error values, an average wind standard deviation (o, (uv)) was defined that
can be computed as:

()= Lo+ o) ®

from the diagnosed u and v standard deviations values, and as:

O (Uv) = \/— %A" (62,(©)+ 02, () 6)

from the predefined  and M standard deviations, where A denotes the Laplace
operator, i.e., the second space derivative in horizontal. 7able I shows the misfit



ratios computed as explained above and also the predefined and diagnosed
background error standard deviations both for the autumn and summer periods.

Table 1. Predefined, diagnosed background error standard deviations and misfit ratios
(dimensionless) for specific humidity (kg/kg), temperature (K) and average wind speed
(ms™h computed over the autumn (October 26 -November 10, 2005) and the summer
(June 05-20, 2006) periods

Variable Predefined  Autumn period Summer period
Diagnosed Misfit ratio  Diagnosed Misfit ratio
(opp) (opd) (rp) (opd) (rp)
Specific humidity (q) 2.27x10™*  534x10* 235 582x10* 256
Temperature (T) 0.4917 0.7071 1.43 0.8010 1.62
Wind (u,v) 1.4840 1.9878 1.33 1.9203 1.29
Average 0.65 0.89 1.36 0.9 1.38

Large misfit ratios for humidity suggest that the humidity background error
standard deviations are the less accurate as predefined by the original B matrix
in our assimilation system. The misfit ratios are slightly different for the two
different time periods, which suggests a possible seasonal dependence of the
accuracy in the predefined background error modeling.

2.3. The tuning experiments

The analysis system can be tuned by multiplying the predefined standard
deviations with the misfit ratios introduced in the previous section. In our
experiments such tuning was done only for the background error standard
deviations in two steps with different complexity:

1. ENSI uses a uniform misfit ratio for all the variables and vertical
model levels. This means that the misfit ratio used was averaged over
the vertical levels and over the variables q, T, and wind.

2. ENS2 uses a variable dependent misfit ratio still averaged over the
vertical levels.

It is to be mentioned, that the predefined statistics were computed based on the
Ensemble sampling method. Both the ENS1 and ENS2 tuning options were
tested in real assimilation cycling experiments over the summer period. It means
a 16-day assimilation cycle (64 analysis steps) using the operational observational
dataset. Simulations of 48-hour production runs were started from 00 UTC after
2 days of warm up cycling. The impact of the tuning was measured through
rmse and bias score (e.g., Wilks, 1995) computations of the above-mentioned
production forecasts against surface and radiosonde observations. The reference



assimilation cycle for the tuning experiments (ENSO) was the same as ENS1 and
ENS2, except that no tuning of the background error standard deviations was
applied, i.e., the predefined values were used. In experiment ENS1, a uniform
misfit ratio, r,=1.3 was used as a multiplication factor to increase the predefined
background error standard deviations. This value was chosen based on the
average misfit ratios shown in 7able I. The verification results show that the
ENSI1 tuning had no impact on the 2-meter parameters (not shown) but did
improve the humidity forecasts on 700 hPa and the wind forecasts on 250 hPa
(Fig. 1b and d). The impact on geopotential and temperature in the altitude was
found to be rather neutral (Fig. /a and c).
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Fig. 1. Verification scores (rmse) computed for (a) geopotential at 500 hPa (m”s?), (b)
wind speed at 250 hPa (m s, (c) temperature at 850 hPa (K), (d) relative humidity at
700 hPa (%). Dashed: experiment ENSI, solid: reference ENS0O. The scores are
computed over the period June 7-20, 2006.

In experiment ENS2, the misfit ratios computed from the autumn period were
used. These are r,=1.33 for the wind and mass variables (vorticity, divergence,
surface pressure, and geopotential), r,=1.43 for temperature, and r,=2.35 for
humidity, as shown in Table 1. The tuning had no impact on the 2-meter fields
(not shown). Results for the atmospheric variables are displayed in Fig. 2. One



can see that ENS2 gives clearly worse results than the reference ENSO for
temperature on 850 hPa and also somewhat for relative humidity on 700 hPa.
There is a positive impact of the tuning for the wind on 250 hPa.

RMSE

ENSO ——
[N —
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24 27
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24

w 23
%]

RMSE

o 22

0'600 06 12 18 24 30 36 42 48 1800 06 12 18 24 30
Forecast range Forecast ranae

Fig. 2. Verification scores (rmse) computed for (a) geopotential at 500 hPa (m”s™), (b)
wind speed at 250 hPa (m s™), (c) temperature at 850 hPa (K), (d) relative humidity at
700 hPa (%). Dashed: experiment ENS2, solid: reference ENSO. The scores are
computed over the period June 7-20, 2006.

The above results show that the uniform tuning (ENS1) provides better results
than the variable dependent one (ENS2), which looks curious, because in theory
Eq. (3) holds for each variable separately as well. In Fig. 3 one can see the
predefined and the tuned background error standard deviation profiles used in
the experiments. It is obvious that the tuned profiles (ENS1 and ENS2) are quite
similar to each other for wind. The difference is larger for temperature, and it is
the largest for humidity. This suggests that the disappointing results of
experiment ENS2 are mostly due to the large misfit ratios for humidity and
temperature. A probable reason for the poorer result of the ENS2 experiment is
that the misfit is averaged in the vertical, which can lead to an exaggerated
tuning on those levels where the real misfit is drastically smaller than the
average.
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Fig. 3. Predefined (ENSO) and tuned (ENS1 and ENS2) profiles of total background
error standard deviations of (a) wind, (b) temperature, (c) specific humidity.

3. Tuning of the multivariate balance

The ALADIN 3d-var is a multivariate analysis system provided by the statistical
balance described by Rabier et al. (1998), Courtier et al. (1998), Berre (2000),
and Gustafsson et al. (2001). In short, this statistical balance couples the
analyzed variables in a meteorologically meaningful way by propagating a part
of the increments of a given variable to those of another one. This insures the
dynamical balance of the variables in the analysis. Experiments done at HMS
showed that temperature observations have a large impact on the relative
humidity analysis, which results in degradation of the relative humidity analysis
and forecast verification scores in some weather situations. On the other hand,
the humidity observations influence the temperature analysis in a very limited
extent. This asymmetry in the multivariate balance brought us to study the
analysis equation in a simplified framework and to propose a tuning of the error
variances for a more symmetric balance.

3.1. Theoretical considerations

[t can be shown that in a single point model (i.e., H =1, where I is the identity
matrix), restricting to two variables only (T: temperature and Rh: relative
humidity), the analysis Eq. (1) can be written as:



cov (8 b.T € b,Rh )

8T =
G’ (Sb,Rh )+02 (go,Rh )

ARh, (7)

where & denotes the analysis increment (analysis minus background) and A
stands for the observation increment or innovation (observation minus
background). Based on Daley (1991) and Hollingsworth (1987), Eq. (7) can be
decomposed as:

SRh = — o <£b"“;) ARh (8a)
G- (gb,Rh )"‘ G (so.Rh )
51 = eurtom) o , (8b)

o’ (sh,Rh )

where (8a) is the univariate or filtering step, which provides humidity analysis
increment from the humidity innovation and (8b) is the multivariate propagation
step, which transforms the humidity analysis increment to temperature analysis
increment. Multiplying and dividing the right-hand side of (8b) with o, (&) and

using the definition of the correlation, Eq. (8b) can be rewritten as:

) il (ﬁb:r)

oRh. (8¢)
c (gb,Rh

0T = Corr(ab.Tsh,Rh

In case of a temperature innovation, one can write the corresponding equations
similarly to Eqs. (8a) and (8b) as follows:

8T = o’(e) AT (9a)

oz(sb,T )"’ o (SO.T)

)(5 (Sb,Rh)

oT. (9b)
o (Eb.T )

ORh = corr(sb,st,Rh

The asymmetry in the multivariate propagation step can be quantified as the
ratio of T and Rh analysis increments induced by T and Rh innovations:

(Sth (STJ
S=|— — | . (10)
8T JLiw] RS



The ratio S was computed within the ALADIN 3d-var system using single
observations (AT =1K and ARh =2%), taking the analysis increments right at

the origin point (Fig. 4).

(@)

Fig. 4. Analysis increments due to single observations: (a) temperature increment
induced by a temperature innovation, (b) relative humidity increment induced by a
temperature innovation, (c) temperature increment induced by a relative humidity
innovation, (d) relative humidity increment induced by a relative humidity innovation.
The innovation values are AT=I1Kand ARh=2%, observation error used are

6(goRh )=0.12%, (g1 )=1.1K.

Note that the single observation experiments were run using NMC background
error statistics sampled from differences of 36- and 12-hour forecasts of the
operational ALADIN model over the period May—July 2004. Substituting the
analysis increments shown in Fig. 4 into Eq. (10), S=3688 was found. It is
easier to interpret this value if one writes up Eq. (10) using the Egs. (8¢c) and
(9b), which gives:

10



5
o (sb,Rh )

0 sb”r

S= =3688. (11)

This shows that the symmetry of the multivariate coupling depends only on the
variance ratios of the two variables. Taking the square root of the above
equation one gets:

62M560%A (12)
o (ab,'l') K

According to the above equation, a 1 K temperature error is associated to a 60%
error in relative humidity and vice versa, which points out the rather asymmetric
behavior of the multivariate propagation steps taking into account typical
changes of temperature and humidity in the troposphere. The proposal for the
tuning is thus to decrease the above ratio of standard deviations, which can be
done either by increasing 6 (&, ) or by decreasing 6(&,y, ). Examining the

univariate steps in case of the T (Fig. 4a) and Rh innovations (Fig. 4d), one can
see that the Rh analysis increment is about the 80% of the Rh innovation, while
the T analysis increment is about the 60% of the T innovation. This means that
the trust in the humidity background is indeed very small, which was the basis
for assuming that c(€, ) is well chosen and (&, ) is overestimated. As a

consequence, it was decided to run tuning experiments by reducing the humidity
background error standard deviations. An additional remark is that beside
reducing humidity background error standard deviations, we considered to
reduce also the humidity observation error standard deviations in order to keep
Eq. (8a) univariate filtering step unchanged.

It should be clarified here, that the ALADIN 3d-var uses specific humidity
(q) instead of relative humidity as analysis control variable, which also implies
that the o(g,,, ) specific humidity background error standard deviations were

chosen for tuning instead of o (&g, ). The reason for using Rh in the above

elaboration was that the asymmetry of the multivariate balance was observed
first in relative humidity scores, and also the reader might judge relative
humidity changes in the atmosphere easier than those of specific humidity.
Another feature that requires explanation here is that Rh single observation
increments in Figs. 4b and 4d show some obvious anisotropy in spite of the fact
that the ALADIN horizontal background error structure is designed to be
isotropic by origin (Berre, 2000). The clue for this seeming contradiction is that
the anisotropy is not included by the structure functions directly but rather by
the computation Rh from q. Namely, to derive and plot relative humidity



increments, first the ¢ — Rh computation is performed both on the background
and analysis fields, and then their difference is taken. As the q—Rh
computation is a non-linear function of specific humidity and temperature, the
resulting relative humidity increment will not keep the isotropic structure even if
both specific humidity and temperature increments alone are isotropic.

3.2. The method of tuning

The extent of reduction of humidity errors was determined on the basis of an
error estimation proposed by Hollingsworth and Lonnberg (1986) (HL method),
which is independent from the NMC method. In short, the HL method estimates
the observation and background errors based on the first equation of Eq. (2a),
where the innovations are composed by the difference of radiosonde observations
and model forecasts. By sorting the innovations in vertical and horizontal distance
categories, one can estimate a vertical profile of observation and background error
standard deviations and horizontal correlation length scales. This independent
method was used as a guideline for estimating new background and observation
standard deviations for humidity within our analysis system. The HL method
was applied for the same period as the one used for the NMC sampling (May 2—
August 2, 2004). The HL standard deviations were first computed on the
standard levels of the radiosonde observations, and then they were interpolated
on the model levels for the comparison with the NMC statistics.

200
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Fig. 5. Vertical profile of specific humidity background error standard deviation ratios
obtained by the HL and NMC methods.

In Fig. 5 the ratio of HL and NMC background error standard deviations
are shown for specific humidity. Levels under 850 hPa were not considered for
the tuning due to the small amount of radiosonde observations. Despite the
strong vertical variability, the ratio is smaller than 1 for all the vertical levels,

12



which means that the HL estimation of o (&, ) is smaller than the NMC one in
the whole troposphere. This is in accordance with the notion of o(g&,, ) being

overestimated in the NMC statistics, which was also suggested by the theoretical
considerations described earlier. Thus, it was decided to tune the c(€,, ) and

o(g,, ) profiles used in the ALADIN 3d-var experiments according to the ratio
profile shown in Fig. 5. Additionally, in some of the experiments o(&,, ) was

drastically reduced (multiplied by a factor of 0.005) above 250 hPa in order to
prevent to propagate high altitude humidity increments to the lower troposphere.
This latter modification was based on the experiences at ECMWF (A4ndersson et
al., 1998).

3.3. The tuning experiments

The tuning experiments were run with the following three settings:
I. EX1Q: modified o(g&,, ) between 850 and 250 hPa according to the

HL/NMC ratio, reduced o (&, ) above 250 hPa.
2. EX2Q: same as in EX1Q but also o(g,,) is reduced in the same
heights and in the same extent as 6(&,,, ).

3. EX3Q: same as EX2Q except that there was no tuning applied above
250 hPa.
4. REFQ: reference run using the predefined (¢, ) and (s, ) values.

As a first step, the computation of Eq. (10) was repeated with the tuned error
standard deviations based on single observation experiments again. It was
proven that the tuning indeed reduced the asymmetry in the expected way

as~/S =35%/K was found with the EX1Q and~/S =33%/K was obtained with
the EX2Q settings. As a second step, complete assimilation cycles were run for
a two-week period (August 29-September 10, 2004) with all the above
experimental settings in order to see the impact of the tuning in a real
operational-like context. The assimilation cycles were run with a 6-hour
frequency, using surface, radiosonde, aircraft, and satellite (ATOVS AMSU-A
and B) observations. Production forecasts (up to 48 hours) were run from the
00 UTC analyses. In general, the tuning had a smaller impact in these real
cycling experiments than expected in terms of verification scores, which was
surprising after the firm effect in the single observation experiments. This can be
explained by the fact that the single observation experiments are much closer to
the simplified system Eqs. (7)—(10) than the complex assimilation cycling
experiments, where also the spatial correlations may play an important role. The
largest impact was found for the experiment EX2Q, which will be referred in the
further comparison against the reference run REFQ. In Figs. 6 and 7, bias and
rmse scores for the analyses are shown for the EX2Q and REFQ runs. The tuning
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resulted in a better (worse) fit to the observations concerning the temperature
(humidity) analysis rmse. The impact on the wind analysis is rather mixed.
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Fig. 6. Evolution of analysis bias scores for the experiments EX2Q (solid line) and the
reference REFQ (dashed line). From top to bottom: temperature at 850 hPa (K), wind
speed at 500 hPa (m s ), relative humidity at 700 hPa (%). The scores are computed
over the period August 29 — September 10, 2004.
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In our explanation the good fit of temperature comes indeed from the improved
multivariate analysis, namely from a larger multivariate propagation of the
humidity increments into those of temperature through the process described by
Eq. (8b). On the other hand, the increased analysis departure of humidity may
have two reasons: (i) multivariate humidity increments induced by those of
temperature and wind became too small by excessively decreasing (g, ); and
(i1) the univariate step of the humidity analysis Eq. (8a) was degraded by reducing
6(&,, ), in spite of our compensation by reducing (¢, ) at the same time.
Figs. 8§ and 9 show that the positive impact on temperature decreases
quickly with the forecast range. Nevertheless, humidity 6-hour forecast scores
are improved by the performed tuning both in terms of bias and rmse. The

impact on wind is kept mixed for this forecast range, while the overall effect of
the tuning on longer forecast ranges is rather neutral (not shown).
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Fig. 8. Evolution of 6-hour forecast bias scores for the experiments EX2Q (solid line)
and the reference (dashed line). From top to bottom: temperature at 850 hPa (K), wind
speed at 500 hPa (m s '), relative humidity at 700 hPa (%). The scores are computed
over the period August 29 —September 10, 2004.

Fig. 7. Evolution of analysis rmse scores for the experiments EX2Q (solid line) and the
reference REFQ (dashed line). From top to bottom: temperature at 850 hPa (K), wind
speed at 500 hPa (m s '), relative humidity at 700 hPa (%). The scores are computed
over the period August 29 —September 10, 2004,
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Fig. 9. Evolution of 6-hour forecast rmse scores for the experiments EX2Q (solid line)
and the reference (dashed line). From top to bottom: temperature at 850 hPa (K), wind
speed at 500 hPa (m s, relative humidity at 700 hPa (%). The scores are computed
over the period August 29 —September 10, 2004.

4. Discussion

Two attempts to improve the Hungarian version of the ALADIN 3d-var analysis
system were described. Both of them involve the tuning of the background and
observation error standard deviations “a posteriori”’, but on a different
theoretical basis.

The first tuning shown is based on the statistical optimality criteria derived
by Désroziers et al. (2006) and aims to tune the errors for the full set of the
background variables. The tuning was applied both in a variable dependent way
and also as a uniform tuning for all the variables. A clear positive impact of the
uniform tuning was found, while in the variable dependent case the verification
showed a degradation of the forecasts. This seems to be a contradiction, as the
more complex tuning had a worse impact than the simpler one. A probable
explanation of this feature is that no vertical dependence of the tuning was
included in any of the experiments, but a vertically averaged tuning ratio was
used instead, being a considerable limitation of the approach. It is assumed that
the degrading effect of the vertical averaging appears more intensively in the
variable dependent tuning if the background error of the given variable shows a
large vertical dependence (i.e., in the case of temperature and humidity). The
uniform tuning has been introduced in the operational ALADIN 3d-var data
assimilation system of HMS after the experiments.
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The second tuning shown is based on the simplified BLUE analysis
equations, proposing a modification only for the humidity errors. On the basis of
single observation experiments, it was shown that the predefined error statistics
produce an asymmetric multivariate balance between humidity and the other
variables. Namely, humidity increments due to wind and temperature
innovations are excessive compared to temperature and wind increments due to
humidity innovations. On the basis of the simplified BLUE Egs. (7)—(10), it
was derived that the asymmetry can be decreased by reducing the background
error standard deviations of humidity, which was demonstrated in a set of single
observation experiments. To estimate the decrease in the humidity background
error standard deviations the HL method was used (Hollingsworth and
Lonnberg, 1986), which suggested a decrease of approximately half of the
predefined standard deviation values on average. Full-observation experiments
were performed with the modified multivariate propagation step, as well as
experiments where the observation error standard deviations of humidity were
also decreased to the same extent in order to keep the univariate analysis step
unchanged. In real assimilation cycling experiments, the overall impact of the
tuning was found to be quite moderate. This was probably caused by additional
effects of spatial correlations of background errors, which were not taken into
account in the simplified equations used as the basis of the tuning. However, a
positive impact on 6-hour humidity forecasts was found with the application of
the tuning procedure, suggesting that methodology and humidity tuning
performed have a potential to improve humidity scores of numerical weather
prediction models, at least for the shorter forecast ranges.

Note that the two tuning approaches described in the paper were performed
independently from each other, mainly because they were motivated by
independent problems. However, the two approaches are surely in a strong
interaction, as both of them account for the modification of background error
standard deviations. One can notice that the two tuning approaches propose to
modify the humidity background error standard deviations in the opposite
direction. This probably comes from the important fact that the tuning by
residual covariances (Chapter 2) was based on predefined statistics sampled with
the Ensemble method, while in the tuning of the multivariate balance (Chapter
3), the predefined statistics were sampled by the NMC method. Namely,
background error standard deviations sampled by the Ensemble method are
found to be smaller than those sampled by the NMC method (Belo Pereira and
Berre, 20006; Stefanescu et al., 2006), which may explain the seemingly
opposing guidance on humidity tuning by the two tuning experiments. The
change in the sampling method was due to better performance of the ALADIN
3d-var system of HMS using the Ensemble method, which entailed also its
operational use. It is, thus, desirable to repeat the tuning of the multivariate
balance within the Ensemble sampling framework in the future and to see its
interaction with the tuning based on residuals covariances.
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Abstract—The provision of the best background error estimates for data assimilation is
crucial to derive the best initial conditions for a numerical weather prediction model.
Using the Ensemble Transform Kalman Filter (ETKF) method a forecast ensemble can be
generated at each analysis time, which can be used to estimate the background error
statistics. The error growth implied by the forecast ensemble, which is measured with the
forecast differences, characterizes the reliability of the actual background. In the present
paper, the theoretical background of the Ensemble Transform Kalman Filter method is
presented first. The ETKF transformation technique was applied in our tests for
generating analysis ensemble containing the initial conditions for the model, then
experiments were run with different setups to create forecast ensembles. At this stage of
the research, estimation of the background errors was left aside, and as primary validation
of this technique, the ensemble generation scheme and the transformation itself were
studied. According to the results it can be said that the ensembles generated with the
ETKF rescaling scheme have too small spread, which should be further improved with
the proper application of the inflation procedure.

Key-words: data assimilation, Kalman Filter, Ensemble Transform Kalman Filter,
transformation matrix, inflation factor, background errors

1. Introduction

Numerical weather prediction (NWP) is an intensively progressing field of
meteorology, where the main objective is to numerically solve the set of hydro-
thermodynamics equations for the prediction of the future states of the
atmosphere. The numerical forecasts can be decomposed into two major steps:
the determination of the initial conditions of the model and the model integration
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itself. Since a small difference in the initial atmospheric state can evolve into a
large change in the forecast (Lorenz, 1963), it is indispensable to have an
estimation of the state of the atmosphere as accurate as possible. Data
assimilation is the method for creating the analysis, the initial condition of the
model, by combining observed values and background information (basically
numerical weather prediction forecasts). A proper statistical estimation of
observational and background errors is crucial in the assimilation process since
it ensures the necessary weights of the available information in the course of
assimilation. At the Hungarian Meteorological Service (HMS) the ALADIN 3d-
var data assimilation system is used in the operational context, and for the time
being, background errors are considered to be constant in time (Bdldni, 20006)
and they are computed from a relatively small ensemble of ALADIN forecasts
valid for a period of early spring. However, background forecast errors might be
of variable quality depending on the season and weather situation. Kalman Filter
is an approach to take into account the time dependency of background errors in
the analysis cycle by ensuring the evolution of the background error covariance
matrix from one analysis time step to another. The implementation of Kalman
Filter, however, is computationally expensive in large dimensional systems such
as numerical weather prediction models (Evensen, 2007), which excludes the
possibility of a real time operational application with the currently available
computer technology. In order to reduce the computing costs, ensemble
techniques (so-called Ensemble Kalman Filter methods) have been introduced,
where the background error covariance matrix is estimated from a small size
sample of background forecasts. Different approaches exist for the generation of
perturbations for these forecast ensembles, there are two main categories:
perturbed observation Ensemble Kalman Filter (Houtekamer and Mitchell, 1998,
2001; Hamill and Snyder, 2000) and Ensemble Square-Root Kalman Filter
(Anderson, 2001; Whitaker and Hamill, 2002; Tippett et al., 2003; Ott et al.,
2004; Hamill and Whitaker, 2005). The so-called Ensemble Transform Kalman
Filter (ETKF), which is a type of the Ensemble Square-Root Kalman Filters, has
been used for targeted observations first (Bishop et al.,2001; Majumdar et
al., 2001, 2002). Now it is tested for generating initial conditions for ensemble
prediction systems (Wei et al., 2006; Johansson et al., 2009). The ETKF
technique can be used for creating flow-dependent background errors as well.
Since it is computationally inexpensive yet effective scheme, at the Hungarian
Meteorological Service this method has been chosen for implementation. In this
scheme the background perturbations are converted into analysis perturbations
with the help of a transformation matrix. Using these dispersions an analysis
ensemble is created, which will constitute the initial conditions for those model
integrations which will form the ensemble system for the background error
computations.

The paper is organized as follows. In the next section the basic concepts of
data assimilation in general and Ensemble Transform Kalman Filter in particular
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will be summarized. The transformation matrix, which is the heart of the ETKF
procedure is presented in Section 3. Experiments realized so far are described in
Section 4. Section 5 provides the summary, discussion, and conclusions of the
present study.

2. Data assimilation and Ensemble Transform Kalman Filter

Data assimilation systems provide initial conditions for NWP models by using
the actual observations and a background forecast valid at the analysis time as
primary information for the assimilation procedure. First, the notations are
summarized. From now on let x,, x¢, and y denote the analysis and background

fields, and the observations, respectively. Let n be the degree of freedom of the
NWP model (n =~ 107, typically the number of variables to be determined for
the entire model grid), and let p be the number of observations (p ~ 10* — 10°).
Then x; and x, are vectors of size n, and y is a vector of size p. Let H denote
the observation operator, which maps the state variables on the model grid to
the observational points, and let H denote its Jacobian matrix at the point
Xs (i.e., around the background state, H = Z—}x[ (xf)). The background and

observation error covariance matrices Py and F,, respectively, are defined as
follows:

Py = E(gf . efT) and P, .= E(e, * &,7), (1)
where E(-) denotes the expected value, & = x; — Xy and &, = H (x;) — y stand

for the background and observation errors, respectively, where x, is the
unknown, true state of the atmosphere. We call the attention that & - sz is the

diadic product of vectors & and & (and similarly for &, - &,7). Similarly to Eq.
(1), the analysis error covariance matrix can be defined as

P, =E(eq- gaT)» (2)
where £, = x; — x,. We define the matrix
K = PHT(P, + HP,H™)™? 3)

called the gain or weight matrix. Optimal least-square data assimilation methods
estimate the true state of the atmosphere by the analysis using the following
estimation (Bouttier and Courtier, 1999):

Xq = X5 + K(y= H(xr)). 4)
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In an assimilation system based on Eq. (4), the following relation is valid
between the analysis and the background error covariance matrices (Bouttier and
Courtier, 1999):

Py =11 —KH)P;, (5)

where I denotes the identity matrix. In practice, the Pr background error
covariance matrix is often assumed to be constant in time in data assimilation
systems, however, it is rather well known that background errors depend on the
actual weather situation to a great extent, therefore, it is desirable to release this
consideration. The main idea of the Kalman Filter methods is to update matrix
Py at each analysis step. The standard Kalman Filter method was introduced by
Rudolf Emil Kalman (1960), who has shown that the following equation can be
derived for the forecast error covariance matrix at the time level ¢;:

. o T
Pe(t;) = Mj_1 P, (ti)M;_y + Pu(ty), (6)

where M/_, is the linear model forecast operator at time level t;_; (acting from
time t;_; to t;, which is a matrix of size n x n), P,(t;_1) is the analysis error
covariance matrix at time t;_; and Py (t;) is the covariance matrix of the linear
model error at t;. Kalman introduced his technique originally only for the case
of linear model M, however, it can be generalized for non-linear model M, as
well. Then M is the linearized of M. Updating the Py matrix based on Eq. (6) is
computationally expensive. The evolution of the error covariance matrix
requires at least 2n model integrations, and the storage of matrices of dimension
n x n , which is not practically tractable for an operational model with n ~ 107,
In order to overcome these difficulties ensemble techniques were introduced.
Such method is the Ensemble Transform Kalman Filter (ETKF), which is an
approximation to the traditional Kalman Filter. It uses an ensemble (i.e., a
statistical population) to estimate the error covariance matrices B, and Pr. The

matrix P, can be estimated for k ensemble members as follows (see Houtekamer
and Mitchell, 2001):

R - = = \T
F, = k-1 j=1(xa,j - xa) = (xa.j = xa) . (7)
et us consider
1
Za = m(za,l'za,z' ---'Za,k)v (8)

the matrix of size n x k, where the z,; = x4 ; — X,(j = 1, ..., k) values are the
analysis dispersions, i.e., the differences between the jth member x, ; and the
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ensemble average X,. Note, that with this notation the analysis error covariance
matrix P, can be written from Eq. (7) as

B =72, 9)

which is the product of matrix Z, and its transpose. (It is remarked here that the
Ensemble Transform Kalman Filter is one of the so-called square-root filters,
because Z, is the mathematical square-root of P, according to Eq. (9); see
Tippett et al., 2003.) Using the above notations for Zy and Z,, the Kalman Filter
method can be derived from the formula

Z; = MZ,, (10)

where M is the linearized of the model operator M. This means that the
background dispersions are obtained by integrating the analysis dispersions with
the linearized model. In the case of ETKF, instead of making k integrations as in
Eq. (10), a relationship is assumed between the dispersions of the analysis and
the dispersions of the background, that is

Za=1ZT, (1

where Zf=\/%(zf,1,zf,2, ...,zf,k) contains the background dispersions

zrj=x7;— X (j =1,..,k), and T denotes the (for the time being unknown)
transformation matrix of size k x k describing this relationship.

The Ensemble Transform Kalman Filter method (the schematic algorithm
can be seen in Fig. /) provides an ensemble generation scheme so as to estimate
the background error covariance matrix by the covariance matrix of the
ensemble forecast perturbations. Let us assume that k (xf 4, ..., X ) forecasts
have been created at the initial time. Then the matrix of the dispersions Z can

be computed. The algorithm transforms forecast perturbations into analysis
perturbations by the transformation matrix T, whose derivation is shown in the

next section. The matrix Z, = ZT contains the dispersions to be added to the
analysis x, computed from the control member (e.g.., xf,;). The new background
members x7'¢" are determined by integrating the model with the new analysis
ensemble members X, ; (j = 1, ..., k) as initial states. From their dispersions the
new values of the matrix Pr can be computed, then the procedure can be

restarted.
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Fig. 1. The schematic algorithm of the Ensemble Transform Kalman Filter.
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3. The transformation matrix

According to the Ensemble Transform Kalman Filter method the transformation
matrix T is derived from the error covariance update, Eq. (5), provided that the
matrix of background dispersions is the square-root of the background error
covariance matrix. Hence, matrix T can be determined based on the following

formulas:

Zy= ZT,
P, = (I —KH)P;, where K = P;H"(P, + HP;H")™,
Pr = Z;Zf.

Bishop et al. (2001) showed that according to the above assumptions, matrix T
can be determined as

T = C(T + I)~1/2, (12)
where

26



ZfHTP;*HZ, = CTCT. (13)

Thus, matrix C contains the normalized eigenvectors of matrix ZfT HTPO‘lHZf,
and the diagonal matrix I contains the corresponding eigenvalues.

The analysis perturbations z, ; obtained by the use of this T matrix are not
centered around their mean, so the mean of the generated ensemble will not be
identical to the analysis x,. Ideally, one would like the ensemble mean to be
equal to the best available estimate of the true state, that is, the analysis.
Therefore, a centering method is required, which converts the analysis
dispersions into centered ones. Wang et al. (2004) demonstrated that the method
is to post-multiply the transformation matrix T by the matrix CT to form the
new, centered analysis dispersions: Z, =ZfTCT. Hence, matrix 7 can be
obtained as

T G(T 5 Fy2ET. (14)

However when the size of the ensemble k is significantly smaller than the rank
of the true forecast error covariance, P, = Z,ZI underestimates total analysis
error variance. To increase the ensemble covariance, the inflation method is
used, that is, the analysis perturbations are multiplied by an estimated inflation
factor I[1: Z, = Z¢TTl, which makes the transformation matrix to be computed as

= e A T (15)

In the following, the derivation of the estimation of the inflation factor can
be read. The objective of the inflation method is to insure that the background
ensemble variance Py is consistent with the control forecast error. In order to

insure this consistency, an equation is derived, which needs to hold. The
following consistency diagnostic derived by Desroziers et al. (2005) is applied:

E(d-d™) =P, + HP;H", (16)

where d = y — H (x¢) is the innovation vector: the difference of the observation
vector y and its background counterpart F (xy), that is the background forecast

mapped into the observation space. Now define d; as the innovation vector at
time level t;, normalized by the square root of the observation error covariance

matrix, that is, d; = Po_l/z(yi ~ }((xif)), where index i refers to the time level
t;. Let H be the observation operator normalized by the square root of the

observation error covariance matrix, that is H = Po_l/ 271, and let H be its
linearized version. Now Eq. (16) can be rewritten as
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E(dl-alT)=I+HPf(tl)ﬁT, (17)

where Pr(t;) indicates the background error covariance matrix estimated from
the forecast ensemble at t;. For the estimation of the inflation factor II, this
formula can be simplified as Wang and Bishop (2003) proposed:

dl'd; = trace(I + HP;(t;)H"). (18)

The data of the next forecast being valid at t;,, is not available at the update
time t;. Therefore, one assumes that the statistics of the next forecast will be
similar to that at t;, which may be a good approximation since the time interval
between t; and t;,, is 6 hours in our experiments. Now the inflation factor is
obtained by first checking if d! d; is equal to trace(l + ﬁPf(ti)ﬁT), 18, WEy,
(18) holds. If not, an inflation factor is needed: Z, = Z¢TIl;. Since Z;TIl; =
Z¢II;T, the inflated ensemble covariance matrix is (Zfﬂi)TZfl'[i = HizZ}er =
l'lisz(ti). To make Eq. (18) hold, the inflated covariance matrix is to be used,
and the suitable inflation factor can be determined by the equation:

dld; = trace(l + HTI? P (¢,)HT). (19)

From Eq. (19) using Eq. (13) we obtain:

; (20)

where 4;, j = 1,..,k — 1, are the diagonal elements of I'. Using this inflation
factor Eq. (19) will hold, which means that the new, inflated background
ensemble variance Pr is consistent with the control forecast error.

4. Experiments

The preliminary experiments with ETKF were based on the ALADIN limited
area model (LAM) and were embedded into an operational environment using
real observations. A detailed description of the operational ALADIN LAM used
in Hungary has been given by Horanyi et al. (1996, 2006). The ETKF system
needs an initial forecast ensemble, which was provided by the operational
LAMEPS (Limited Area Model Ensemble Prediction System) used at HMS,
which is the downscaling of the singular vector based global ensemble system
PEARP (Prévision d’Ensemble ARPege) (Hdgel and Mile, 2009). The members
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of the same LAMEPS system were used as lateral boundary conditions for
ETKF. As this particular ensemble includes one control forecast xf; and ten
perturbed members Xf , ..., X 11, the ensemble size of eleven was chosen in the
experiments as well. The analysis in ETKF was provided by the ALADIN 3d-
var data assimilation system used at HMS (Bdloni, 2006). Although the ultimate
goal is to make the background error covariance matrix Py flow-dependent, in these
first experiments it was not yet updated from the ETKF ensemble, but always
remained the static one used operationally. Therefore, the experiments have
been limited to the examination of the transformation and perturbations so far.

4.1. Basic test of the transformation matrix

In this first experiment only one data assimilation step was performed. A
detailed explanation on the practical computation of the transformation matrix
and the perturbations was given by Csomds and Boloni (2008). For the
estimation of the inflation factor Eq. (20) was used. The innovation vectors were
obtained from the initial forecast ensemble and observations (the same as used
for the calculation of the transformation matrix). The very first estimation of the
inflation factor was computed as [I; = 10.06. The analysis perturbations
generated by ETKF were compared with those obtained by running eleven real
3d-var assimilations. The analysis perturbations in the latter case were provided
in the following manner (as shown in Fig. 2). Eleven 3d-var assimilations were
run using the same ensemble of background forecasts as in the ETKF run. In
these computations the same background error covariance matrix (now denoted
by B referring that it is constant in time) and the same set of observations were
used, namely those used in the ETKF run. Finally, the perturbations were
obtained by subtracting the analysis x, ; from each x,; (i = 1, ...,11). Note that
now the analysis x, ; is identical to the ETKF analysis x, (see in Figs. 2 and 3).

The goal of this comparison was to investigate in what extent the
transformation matrix approximates the real data assimilations. Although the
two methods are different and the analysis perturbations are not expected to be
the same, some resemblance must be shown. It was found that the spatial structure
of the ETKF perturbations was very similar to those provided by the real 3d-var
assimilation runs. As an example, one corresponding member of the perturbation
sets is shown from the real assimilation and from the ETKF in Fig. 4. As a
statistical comparison of the two analysis ensembles, the correlation of the

corresponding members was computed, i.e., cor(xg‘%l,xsltikf) (i=1,..,11),
where the superscript corresponds to the derivation of the analysis. In Fig. 5 the
correlations are shown for some standard and physically important verification
variables: 300 hPa wind components, 700 hPa relative humidity, and 850 hPa
temperature. (In standard atmospheric situation the above-mentioned pressure

levels are the corresponding model levels, i.e., level 15, 30, and 36, respectively.)
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The analysis ensemble members are highly correlated, their correlation is above
0.974 for all variables, therefore, based on visual and then statistical
comparison, it can be concluded that the transformation itself works well.

(obs}——| Ana;ysis |- (obs)—-l Analysis

GCEEES

Fig. 2. The scheme of the eleven assimilations used for the test of the transformation

matrix.
START

(()bs)—-l Analysis |.__—_——-

Fig. 3. The schematic algorithm of the Ensemble Transform Kalman Filter based
ensemble generation scheme. The background error covariance matrix is now denoted
with B referring to its static character used in the test with 11 ensemble members.
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-0.016 0 0.012

Fig. 4. The 5th analysis perturbation for temperature on the 36th model level obtained
from the ETKF ensemble generation scheme (left) and obtained from the eleven
assimilations (right).

Specific humidity level 30 Temperature level 36
0.994 0.9997
0992 .
now L. ] 0.9996 - .
g 0988 1 s 0.9995 - B
5 0986 - 1 % 009994 | g
] 0.984 1 ®
S o982 | 4 5 09983 5
© 098 1 © o992 | .
0978 B
0976 F _ 0.9991 -~ "
0.974 0.999 . . . . -
0 2 4 6 8 10 12 0 2 4 6 8 10 12
Number of the member Number of the member
U_Wind level 15 V_Wind level 15
09985 T T T L T 0998 T T T T T
ooéggg " 0.9975 5
s 0997 f - O R i ]
= 0.9965 1 = 0.9965 r
© 0.99 1 © 0.996 | .
5 00995 - 1 & 009955 1
6] 0.995 - 1 © 0.995 | 1
0.9945 - E -
0994 4 0.9945 1
0 9935 | | | 1 1 0 994 1 L 1 1 1
0 2 4 6 8 10 12 0 2 4 6 8 10 12
Number of the member Number of the member

Fig. 5. Correlation of the corresponding analysis ensemble members for specific
humidity at around 700 hPa (upper left panel), temperature at around 850 hPa (upper
right panel), and zonal and meridional wind components at around 300 hPa (lower
panels). On the x-axis the number of the ensemble members is shown, while y-axis
shows the correlation value of the two analysis perturbation.
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4.2. Experiments with inflation

In this experiment, the algorithm was organized in a cycle as shown in Fig. 1.
The matrix Py was still not updated, so the operational forecast error covariance

matrix (denoted by B) was used at all analyses steps. The test was run from
00 UTC, September 3 to 18 UTC, September 9, 2008, which is a randomly
chosen period, with a 6-hour cycling frequency in agreement with the
operational data assimilation cycling setup at HMS. As already mentioned
above, the lateral boundary conditions (LBCs) were taken from the operational
LAMEPS system. Thus, a sufficient sample of analysis and background
dispersions was collected for their statistical analysis.

In order to study the influence of the inflation factor on the perturbations,
the following two experiments were run. In the first one, which provided a
reference, there was no inflation used. In the second one the inflation factor was
estimated in each analysis time as described above and built into the
transformation matrix. The evolution of this parameter is shown in Fig. 6 with
solid line, it varies between 10.09 and 22.28.

Inflation
S
24 | same LB seeam—
o | perturbed LBCs - - - - - 3
20
18 F
16
14
12 I-
10 =
8 |
6 P L (B NS U (i TR [ [y Vi 0] (M A A

09/04 09/05 08/06 08/07 09/08 0909 08/10
00:00 00:00 00:00 00:00 0000 00:00 00:00

Fig. 6. Evolution of the inflation factor. The solid line represents the experiment with
unperturbed LBCs and the dotted line is for experiment with perturbed LBCs.

In these tests the main intention was to focus purely on the impact of the
inflation on the perturbations, therefore, the LBCs were kept constant for all the
ETKF members, i.e., all of them were coupled to the same LAMEPS member.
For the evaluation of forecast dispersions, the rank histograms (also known as
Talagrand diagrams) were examined. For more details about the Talagrand
diagram, Hamill (2000) is referred. These histograms were generated by
verifying the forecast ensembles against ECMWF (European Center for
Medium-Range Weather Forecasts) analysis. In Fig. 7 the Talagrand diagram
for the background ensembles are shown without and with inflation. It is
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apparent that the extreme ranks are overpopulated, which indicates that there is a
lack of variability in the ensemble. Although Hamill (2000) pointed out, that the
U-shape of a Talagrand diagram can indicate conditional bias in the sampling
(due to different weather regimes), in this specific case, where such a small
sample was evaluated, we do think that the U-shape refers to under-variability.
However, certainly the small sample size might prevent to have a really
representative diagnostics. As some values appear in the middle ranks on the
right panel in Fig. 7, the inflation had some minor impact on the variability, but
it did not change the spread significantly. In order to gain additional variability
in the background ensemble, it was decided that the LBCs are also to be
perturbed.

Frequency
Frequency

N MO < WO ONMNDODNDO A - N MO T W ONODDO -~ N
- - - - -
Bins Bins

Fig. 7. Talagrand diagrams for forecast ensembles generated without inflation (left) and
with inflation (right) for the period 00 UTC, September 3 to 18 UTC, September 9, 2008
for 925 hPa geopotential.

In a limited area model, such as ALADIN, the forecasts depend a lot not
only on the initial, but also on the lateral boundary conditions. Thus, in this
experiment, uncertainties through LBCs were also included beside the initial
perturbations. This was achieved by coupling each member of the background
forecast ensemble with a different member of the PEARP global system. It is to
be mentioned that there is an inconsistency in this approach, since the perturbation
generation methods are fundamentally different in the global and in the LAM
system, e.g., the PEARP system applies the singular vector method and not
ETKF. This coupling strategy was a technical constraint for we have no access
to any global ETKF ensemble system. On the other hand, the effect of this
inconsistency on our experiments is unknown. Both the inflated and un-inflated
ETKF cycles were rerun with perturbed LBCs. The evolution of the inflation
factor can be seen in Fig. 6 with dashed line, it varies between 6.32 and 18.34. It
can be clearly seen, that in this case lower inflation was estimated. The
corresponding Talagrand diagrams are shown in Fig. §. In both the inflated and
un-inflated cases, the middle ranks are much more populated compared to the
previous test. This indicates that the perturbation of the LBCs increases the

33



ensemble spread in a larger extent than the applied inflation itself. However, it is
to be noticed that the Talagrand diagram still shows a U-shape profile, which
means that the ensemble does not reflect the true state in spite of the perturbed
LBC. This finding suggests that the LBCs are not the only factors in forecast
uncertainties and most probably there is still room for improvement in the
construction of the initial conditions in order to have a better spread of the
forecast ensemble.
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Fig. 8. Talagrand diagrams for forecast ensembles created with perturbed LBCs for the
period 00 UTC, September 3 to 18 UTC, September 9, 2008 for 925hPa geopotential.
The ensembles were generated without inflation (left) and with inflation (right).

5. Summary and discussion

The primary objective of the application of the Ensemble Transform Kalman
Filter (ETKF) method at the Hungarian Meteorological Service is to compute
flow-dependent background errors for the operational ALADIN 3d-var data
assimilation system. Hence, the implementation was embedded into the
operational version of the ALADIN model in Hungary. Yet, the present paper
concentrates on the preliminary testing of the ETKF algorithm and performs the
first, basic validations of the system. Consequently, the computation of the time-
dependent background errors was left aside and the transformation matrix (as
heart of the ETKF algorithm) and inflation technique were tested.

As regards the transformation matrix it was found, that the ETKF
transformation technique produces analysis perturbations with a reasonable
spatial structure as compared to the perturbations created by 3d-var data
assimilations. The analysis ensembles generated in two different ways were
shown to be similar in terms of correlation. Further tests were carried out to
understand the impact of the inflation in an ETKF cycling environment (but still
keeping the background errors constant in time). A 7 days period was randomly
chosen and the ensemble spread of the background errors was diagnosed with
the help of Talagrand diagrams. The Talagrand diagram diagnostics indicated
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that the spread of the analysis and forecast ensembles was insufficient in spite of
the fact that the inflation slightly improved the characteristics of the forecast
ensemble. It was also proven that the perturbed lateral boundary conditions
further improved the spread of the ensemble, however, it was still far from being
optimal. This latter finding indicates that there is still room for improvements in
the initial analyses perturbations with the application of a more optimal intlation
factor.

Otherwise, the insufficient spread in the ETKF ensemble might have
several sources. One reason may be the operational environment that was used
in the implementation. The ETKF study made by Wang and Bishop (2003)
showed good results in a simplified experimental setup assuming that the
number, quality, and location of observations are similar at all analysis times,
while none of these assumptions are met in an operational data assimilation
system. The inflation method was derived by assuming that the statistics are not
changing significantly from one analysis time to the other, so this inflation
strategy needs to be modified in an operational system.

Another potential cause of the small spread of the ETKF implementation is
that in the experiments the matrix P was not updated using the generated
forecast ensemble, although it is assumed in the ETKF theory. This inconsistent
setup was due to the fact that an ensemble of size eleven does not provide a
sufficient sample to compute a matrix Py. One possibility would be to increase
the ensemble size, however, this would not be feasible in an operational
framework with the present available computational resources. Two other
options would be to accumulate the ensemble dispersions over several analysis
times or to construct a so-called hybrid Py matrix with a climatological and a
flow-dependent component, where the first would come from a long-time
accumulation and the latter from the actual analysis time. Both of these solutions
would, however, weaken the flow-dependence of Pr. A future challenge will be

to find an affordable solution that keeps the dependence of the background
errors on the actual weather.

Since the primary goal for the ensemble generation is to provide a sample
of forecast differences for the computation of a time-dependent Py matrix at
every assimilation step, one has to think of the proper diagnostics to be used to
evaluate the quality of the ETKF ensemble. In this context, the correlation of the
background perturbations and the forecast error are planned to be computed, as
Wei and Toth (2003) suggested. It is believed that this will give a better insight
into the characteristics of the ensemble forecasts used in the ETKF procedure.
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Abstract— Sensitivity of local convective precipitation to parameterization of the field
capacity () and wilting point (6,,) soil moisture contents was analyzed. The analysis was
performed using simulation results of the Penn State — NCAR MM5 Modeling System
obtained on nine days in 2006 and 2007. 24-hour accumulated precipitation fields over
the territory of Hungary were considered. Precipitation fields were statistically analyzed.
The observed fields were obtained from rain gage data applying a kriging interpolation
technique. The agreement between simulated and observed fields was estimated using
categorical and continuous verification indices. Significance tests were done to estimate
how large (important) or small the obtained differences were.

The main results are as follows. In average, 20 percent relative differences in the 6,
resulted in about 5—10 percent relative differences in the true skill statistic (7SS)
categorical verification index. In several cases these 7SS differences are significant on the
10% level. Similarly, in average, 50 percent relative differences in the 6, resulted in
about 10-50 percent relative differences in the 7SS. These 7SS differences were
significant on the 10% level on eight from the nine days.

The results obtained can be useful in quantifying the strength of the soil moisture —
precipitation feedback mechanisms.

Key-words: convective precipitation, field capacity, wilting point, MMS5 modeling
system, Hungary, true skill statistic categorical verification index,
significance test
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1. Introduction

The impact of biophysical mechanisms on atmospheric processes is revealed by
Charney (1975). Since then an array of different sensitivity studies was
performed to show the type and rate of the land-surface-atmosphere interaction
processes (e.g., Wolker and Rowntree, 1977; Deardorff, 1978; Shukla and Mintz,
1982; Sud et al., 1988; Xue, 1997; Betts, 2001; Betts and Viterbo, 2005).
Recently, there are serious efforts not only to explain, but also to quantify the
strength of the feedback mechanisms. Among these studies, it could be
mentioned the numerical experiment performed by Koster et al. (2004) for
present-day climate conditions and the study of Seneviratne et al. (2006) which
was performed for near-future climate conditions in Central Europe.

Among feedback mechanisms, the soil moisture —precipitation feedback is
one of the most important (e.g., Yeh et al., 1984; Oglesby and Erickson, 1989;
Beljaars et al., 1996). For a complete analysis, all relevant processes have to be
considered: processes occuring in the soil (water transport) and in the planetary
boundary layer (triggering of convection), as well as the cloud physical
(convection and microphysic) processes (Hurk van den, and Blyth, 2008). It
could not be said that any of these processes is more important than the other
one; this hierarchy of the processes according to the importance is highly case-
dependent. The importance of soil hydraulic processes is well recognized
(Seneviratne et al., 2000), but there is no fully comprehensive analysis. An
extensive analysis is made by Guo et al. (2006). They argued that the effect of
soil moisture (#) on precipitation should be examined in two distinctly separated
parts: (1) when soil moisture affects evaporation and (2) when evaporation
affects precipitation. According to Guo et al. (2006), the model results are
highly dependent on the processes related to the first part. This statement is also
confirmed by Acs (2002, 2003). Therefore, in this study we investigated the soil
— convective precipitation relationship.

From the meteorological point of view, among soil features, soil hydraulic
properties are the most important. Among them, the field capacity (6;) and the
wilting point (6,,) soil moisture contents have a special role. They depend not
only on soil type, but also on the parameterization of soil hydraulic functions
(soil water retention and soil water conductivity functions) and the criteria
applied in their estimation procedure (4cs, 2005). At the same time, §;and 6, are
relevant for estimating evapotranspiration (Chen and Dudhia, 2001). One can
pose the question whether local convective precipitation — via sensitivity of
evapotranspiration — is also sensitive to the parameterization of 0yand 0,,. To the
best of our knowledge, this question is not discussed to date in the scientific
community.

The investigation was made by performing a total of nine one-day case
studies during a storm season period in Hungary. Simulations were made by the
Penn State - NCAR MMS5 modeling system (fifth generation mesoscale model).
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The results obtained are statistically evaluated and validated with rain gauge
measurements.

2. Model description
2.1. General characteristics of the nonhydrostatic model MM5

Numerical simulations were performed by the version 3 of the Penn State —
NCAR MMS5 (Fifth-generation Mesoscale Model) modeling system (Dudhia,
1993). The model applies a terrain-following sigma coordinate system. The
predictive variables are: pressure perturbation, the three momentum components,
temperature, specific humidity, and the mixing ratio of the different types of
hydrometeors (cloud water, cloud ice, rain, snow, and graupel particles). The
partial differential equation system is solved by using a relaxation lateral
boundary condition and a radiation upper boundary condition. Model runs were
performed using horizontal resolution of 6 x 6 km, and 26 vertical levels.

Scheme of Grell et al. (1994) was applied for parameterization of convection
based on rate of destabilization or quasi-equilibrium. A simple single-cloud
scheme with wupdraft and downdraft fluxes and compensating motion
determining heating/moistening profile was used. Formation of cloud and
precipitation elements are simulated with an explicit bulk microphysical scheme
(Reisner et al., 1998) with five different types of hydrometeors: cloud water,
cloud ice, rain, snow, and graupel particles. Collision coalescence processes
between different types of hydrometeors, furthermore, the diffusion of vapor,
freezing of liquid elements, and melting of ice particles are simulated. The
equation of conservation is not only solved for the mixing ratios of hydrometeors
but for the concentration of cloud ice as well.

The planetary boundary layer (PBL) is described by the local mixing PBL
scheme based on the work of Janjic (1990, 1994). Compared with other non-
local or high-order closure schemes, this PBL scheme proved to be more
cfficient, because it needs less computer capacity.

2.2. Basic characteristics of the OSU LSM

Land-surface processes are simulated by the OSU LSM (Oregon State University
Land-Surface Model). The model consists of a multilayer soil model (Mahrt and
Pan, 1984), a single-layer snow model (Chen and Dudhia, 2001), and a canopy
model (Pan and Mahrt, 1987).

Evapotranspiration of soil-plant system is estimated as the sum of
transpiration and evaporation from the soil and the wetted parts of vegetation.
Both transpiration and soil evaporation depend on &y and 6,,. They are estimated
from soil hydraulic functions (soil water retention (¥) and conductivity (K)
functions) parameterized after Campbell (1974) using Clapp and Hornberger’s
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(1978) parameter values, and supposing inhomogeneous areal distribution of soil
moisture content.

Detailed description of the model can be found in the work of Chen and
Dudhia (2001).

2.3. Parameterization of Oyand 0,,

0 and 0, depend not only on soil texture but also on many other factors which
are relevant in their estimation: for instance, soil type, transpiration, areal
distribution of soil moisture content, and parameterization of soil hydraulic
functions. Therefore, their values are quite uncertain.

In this study, soil hydraulic functions referring to Hungarian soils were
estimated using Campbell’s (1974) parameterization and Clapp and Hornberger’s
(1978) paramecter values. 6, values were estimated in two steps as in Chen and
Dudhia (2001): in the first one, the so-called homogeneous (areal distribution of
soil moisture content is homogeneous) 0, values (0/’) were calculated according
to the following criteria:

pF=logo[¥(8})]=23, (1)
9h (2b+43)
Vi _ 1]
K [—] =0.5mmday ", (2)
6?S

where 0y is the saturated soil moisture content, Kg is the saturated soil water
conductivity, and b is a dimensionless fitting parameter. The pF value and the
corresponding 0/,” value in Eq. (1) were experimentally determined using the
method of Varallyay (1973). This criterion applied together with the Varallyay
method was common for estimating of 0/’ in Hungary. Eq. (2) is used for USA
soils by Chen and Dudhia (2001). The effect of the inhomogeneous areal
distribution of @ is taken into account as follows:

a1
0,=0 7":754%-0‘7, 3)

where Eq. (3) implicitly expresses the fact that the slope of transpiration curve
obtained for inhomogeneous distribution of @ is considerably smaller than the
slope of transpiration curve obtained for homogeneous distribution of 6 (Acs,
2003).

0, values were also estimated in two steps: as above, the so-called
homogeneous 6, values were calculated according to the following criteria:
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pF=log [¥(6])]=4.2, 4)
@k =5p,hy, (5)

where p,, 1s the bulk soil density and Ay is the so-called hygroscopic coefticient.
hy is determined by exposing a thin soil layer to an atmosphere saturated with
water vapor for a period of about a day. As in Eq. (1), the pf value and the

corresponding @/ value in Eq. (4) were experimentally determined using the
Virallyay method. In most cases, this expression serves for estimating /. If
there are no ¥(6) measurements, 8/ is usually estimated by expressions like Eq.

(5) (Stefanovits et al., 1999). Similarly to the former case, the effect of the
inhomogeneous areal distribution of @ is taken into account as

8. =8%=058]. (6)

Eq. (6) has the same meaning as Eq. (3). It expresses the fact that the slope of
transpiration curve obtained for inhomogeneous distribution of @ is considerably
smaller than the slope of transpiration curve obtained for homogeneous
distribution of @ (Acs, 2003).

3. Data and numerical experiments

The nine days chosen for analysis include: June 27, 2006, August 1, 2006,
August 7, 2006, May 5, 2007, May 22, 2007, June 1, 2007, June 2, 2007, August
10, 2007, and August 20, 2007. On all nine days the weather prevailed was
favorable for evolution of local convective storms when the land-surface — air
interaction is strong.

3.1. Rain gage data

24-hour accumulated precipitation data for Hungary was acquired from the
Hungarian Meteorological Service (HMS). Information was created using data
of stations whose type and number varied. In two cases only the main,
approximately 100 stations’ data were used, in the remaining 7 days the non-
automatic gage (about 560 stations) data were incorporated if there was a
measurement, otherwise the precipitation was taken as 0. To avoid errors from
the rounding and calculation of coordinates, only those stations were added that
were more than approximately 6 km from the actual measurements. Overall, on
all days the Kriging interpolation error was below 0.5% at the gridcells located
in Hungary.
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3.2. Basic land-surface parameters

In this study, the USGS-25 category land use dataset was used. Vegetation
characteristics in the model domain for May, June, and August are as follows:
vegetation cover veg (vegetated part of one complete grid cell) changes between
0.5 and 1.0. In the Carpathian Basin, the prevailing vegetation type is type 2,
“dryland, cropland, and pasture”. The lowest veg values can be found in the case
of type 2. Towards mountain regions, the “grassland” type increases. veg is
estimated on the basis of leaf area index (LAI). Details concerning the
specification of vegetation parameters are described in the work of Chen and
Dudhia (2001).

Table 1. Main physical characteristics of the Hungarian soils

No. of Clay Sand Silt fraction py

Soil texture samples fraction fraction
(%) (%) (%) (gem?)

Sand 7 3.84 91.61 4.54 1.32
Loamy sand 20 8.03 78.28 13.69 1.09
Sandy loam 32 14.39 60.29 25.33 1.44
Loam 28 25.36 41.18 33.47 1.45
Sandy clay loam 2 28.80 57.80 13.40 1.55
Clay loam 3 41.53 26.53 31.93 1:3
Clay 37 51.21 6.63 42.19 1.49
Heavy clay 24 60.20 5.37 34.43 1.32
Silt loam 181 19.42 23.33 57.26 1.41
Silty clay loam 154 36.87 9.05 54.08 1.46
Silt 6 ST 8.05 86.18 1.46

Soil hydraulic properties are obtained from a Hungarian soil data set.
Dataset comprises soil data from 576 samples collected in Hungary. Beside
hydraulic properties, some other important physical characteristics are also
measured. Their mean values for ten different soil textural classes are presented
in Table 1. Soil textural classes are determined according to criteria given by
Filep and Ferencz (1999). Bulk soil density varies from 1.09 g cm ° for loamy
sand to 1.55 g cm ' for sandy clay loam soils. Note, that in the Hungarian soil
database there are only two samples for sandy clay loam, three samples for clay
loam, and six samples for silt. Noteworthy, that there are only three clay loam
samples from the clay loam areas which are quite large in Hungary. Dataset does
not contain information about the single map units, that is, we do not know how
large the area is to which they are representative. Therefore, it is impossible to
upscale this data. Soil hydraulic functions were obtained using results of Nemes
(2003) and Fodor and Rajkai (2005).

In this study, 6y and 6,, values were estimated using all equations. Equation
combinations are presented and discussed in the section ,,Experimental design”.
The obtained 6, and 6,, values are presented in Table 2. All other soil hydraulic
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parameters used in this study are presented in Table 3. Note that these soil
parameter values can slightly differ from the ones given in the work of Horvdth
et al. (2007). This is caused since slightly different soil data sets and estimation
procedures were applied. Soil parameter values represent grid point values. Grid
cell values were calculated from the grid point values, but no subgrid-scale
variability was considered.

Table 2. Field capacity and wilting point soil moisture content values and the
corresponding relative differences for different soil textures estimated by different
equation combinations

(on (m3 m?) 0, (m® m")
Soil texture Eqs Eqs Eqs Eqs

1),3) (2),(3) Reldiff. 4),(6) (5),(6) Rel. diff.
Sand 0.325 0.272 0.163 0.029 0.068 1.345
Loamy sand 0.479 0.348 0.273 0.080 0.141 0.763
Sandy loam 0.379 0.288 0.240 0.064 0.045 0.297
Silt loam 0.408 0.316 0.225 0.080 0.043 0.463
Silt 0.437 0.312 0.286 0.069 0.027 0.609
Loam 0.406 0.296 0.271 0.088 0.044 0.500
Sandy clay loam 0.354 0.273 0.229 0.061 0.032 0.475
Silty clay loam 0.435 0.355 0.184 0.119 0.071 0.403
Clay loam 0.479 0.387 0.192 0.139 0.081 0.417
Sandy clay 0.340 0.330 0.029 0.055 0.056 0.018
Silty clay 0.340 0.273 0.197 0.113 0.032 0.717
Clay 0.489 0.406 0.170 0.147 0.132 0.102
Average 0.406 0.321 0.205 0.087 0.064 0.509

Table 3. Hungarian soil hydraulic parameters as used in the OSU LSM. 05 = saturated
soil moisture content, ¥s = saturated soil water retention, K= saturated water conductivity,
b = dimensionless fitting parameter

Soil texture b w,(m) K,(ms™) O,(m* m™)
Sand 3.02 0.060 3.26E-05 0.507
Loamy sand 3.90 0.126 2.52E-05 0.598
Sandy loam 3.99 0.143 1.14E-05 0.476
Silt loam 4.18 0.182 2.73E-06 0.487
Silt 3.54 0.223 2.00E-06 0.496
Loam 4.20 0.224 4.58E-06 0.468
Sandy clay loam 4.21 0.132 7.98E-06 0.439
Silty clay loam 5.04 0.234 6.20E-07 0.491
Clay loam 4.74 0.207 3.05E-06 0.580
Sandy clay 3.58 0.890 4.58E-06 0.500
Silty clay 4.06 0.324 1.05E-06 0.453
Clay 6.21 0.228 8.00E-07 0.541
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In all runs, that areal distribution of soil texture was used which was
originally implemented in the MMS5. According to this distribution six textural
classes are used from the ten textural classes presented in Table 1. They are as
follows: loamy sand, sandy loam, loam, sandy clay loam, clay loam and clay.

3.3. Initializations

Initial conditions for MMS5 model runs were obtained from the ECMWF
analysis and forecast. 00 UTC data were used for all nine days. 100 hPa layer
was chosen for the top level of the MMS. Initial soil data (temperature and soil
moisture) were also taken from the ECMWF analysis. According to soil
moisture content values (about 180-300 mm m™) in the surface layer, on all
nine days 6,, < 0 < 0.

3.4. Experimental design

In the comparative analyses, three runs were performed. The conditions used in
the runs are presented in Table 4. Run 1 is the reference run. In this run, 0, was
parameterized using Egs. (1) and (3), while 6,, by Egs. (4) and (6). Run 2 differs
from run 1 only in the parameterization of 6. In run 2, 6, was parameterized
using Egs. (2) and (3). Run 3 and run 1 are different only in the parameterization
of 6,,. In run 3, 6,, was parameterized by Egs. (5) and (6). Comparing the results
of runs 1 and 2 (comparison 1), we can analyze how important the parameterization
of 6, is. Comparing the results of runs 1 and 3 (comparison 2), we get an insight
into how important the parameterization of 6, is.

Table 4. Bricf description of the conditions in the runs used in the study

Definition of O, Definition of @,
Run 1 Egs. (1), (3) Egs. (4), (6)
Run 2 Egs. (2), 3) Egs. (4), (6)
Run 3 Egs. (1), (3) Egs. (5), (6)

4. Validation, comparison, and discussion

Storm events occurring on all nine days were analyzed. The model was running
for 30 hours to ensure a 6-hour spin-up time. In all cases, the model was started
at 00 UTC. 24-hour accumulated precipitation fields were obtained from +6 and
+30 hours accumulated precipitation fields. The domain considered has 115 x 49
grid points (in total 5635 grid points). Precipitation fields were statistically
analyzed in detail. Statistical analysis is performed only for the territory of
Hungary (area of Hungary: 2288 grid points). First, the simulated and observed
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fields were compared. Observed fields were estimated from rain gage data
applying the ordinary block kriging interpolation technique. In the second
step, the agreement between simulated and observed fields was estimated
using a categorical and a continuous verification index. At the end, significance
tests were also done to estimate how large (important) or small the obtained
differences are.

Kriging interpolation technique was used because this method is an
approved method for interpolating precipitation data (Rubel, 1996). Among the
various categorical verification indices, true skill statistics (75S) was chosen. It
is based on the two dimensional contingency table (7able 5). TSS is computed as

hz— fm
e (7)
(h+m)(f+z)

7SS changes between —1 and +1. For perfect simulation, it tends towards +1.
This is a perfect verification measure, because it is independent from the
fraction of rain/no rain events. Root mean square error (RMSE) was chosen as
the continuous verification index. Significance tests were made by using the
Student t-test hypothesis. This is appropriate for independent, small-number
samples with Gaussian distribution. In the following, we will be dealing with the
validation and sensitivity experiments.

Table 5. Contigency table for the calculation of true skill statistics.
Symbols: h = hits, f= false, m = misses, z=zero,n=h+f+m+2z

Observation Observation Forecast

YES NO TOTAL
Forecast YES h £ h+f
Forecast NO m z m+z
Observation TOTAL h+m f+z n

4.1. Validation results

Distribution of the nine-day mean values of the true skill statistics obtained by
run 1 (reference run) for different precipitation threshold limits is presented in
Fig. la. Threshold limits denote precipitation intervals from the threshold to its
maximum value. Three ranges can be separated. For small threshold limits
(small and large precipitation together), the 7SS values are quite low, about 0.2.
For large threshold limits (referring to large precipitation events), the 7SS values
obtained are also small, between 0.05 and 0.2. The distinct break in the values of
7SS at 13 mm-day ' is caused by the dropout of one day, since there were no
precipitation over that threshold. In between (from about 5 to 12 mm day ), the
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7SS values estimated are somewhat larger, about 0.3. The same distribution but
obtained on May 5, 2007 is presented in Fig. /b. The main difference with
respect to Fig. la can be observed for small threshold limits. In this case, the
TSS values are larger, somewhere between 0.4 and 0.7. Note, that abrupt decrease
from threshold limit of 13 mm day ' does not exist. Distribution of the nine-day
average values of the root mean square errors (RMSE) obtained using the
reference run for different precipitation threshold limits is presented in Fig. 2a.
RMSE values are smaller (about 10 mm day ') for larger and larger (about
11-12 mm day ') for smaller 7SS values. The same behaviour can also be
observed for RMSE values calculated on May 5, 2007. This is presented in Fig.
2b. In this case, the largest RMSE values are about 14 mm day ™.
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Fig. 1. Distribution of (a) nine-day mean values and (b) actual values on May 5, 2007 of
the true skill statistics obtained using run 1 (pF(6y) = 2.3 and pF(6,) = 4.2) and run 2
(K(#) = 0.5 mm day " and pF(6,) = 4.2) for different precipitation threshold limits.
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of the root mean square error obtained using run 1 (pF(6y) = 2.3 and pF(6,) = 4.2) and
run 2 (K(6) = 0.5 mm day ' and pF(6,,) = 4.2) for different precipitation threshold limits.

4.2. Sensitivity to Oy parameterization

Comparing results of runs 1 and 2 (comparison 1), we can analyze the effect of 6;
parameterization upon precipitation field prediction. This is presented in Fig. /
for 7SS and in Fig. 2 for RMSE values. According to Fig. I, the sensitivity
(difference between the gray and dark columns) seems to be negligible. In
average, the relative differences ([7SS”"'~7SS™]/TSS™) are under 10 percent.
However, according to significance test results, the obtained differences were
significant on the 10% level on six from the nine days. That is, relative
differences which seem to be small, can be significant. It is also obvious that
there is no tendency in the distribution of the 7SS values obtained by using runs
1 and 2. 7SS™ values were higher than 7SS® values on three from the six
significant days. The sensitivity on a day, when the differences were significant
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on the 10% level is presented in Fig. Ib. In some cases, for instance for
threshold values of 9 and 10 mm day ', relative difference between the 7SS
values is about 20 percent. Though, it is obvious that these cases are rare. The
sensitivity of RMSE to 6, parameterization seems to be also small. In these cases
no significance tests were performed.

4.3. Sensitivity to 0,, parameterization

Comparing results of runs 1 and 3 (comparison 2), we can analyze the effect of
6,, parameterization upon precipitation field prediction. Distribution of the nine-
day mean values of the true skill statistics obtained using runs 1 and 3 for
different precipitation threshold limits is presented in Fig. 3a.
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Fig. 3. Distribution of (a) nine-day mean values and (b) actual values on May 5, 2007 of
the true skill statistics obtained using run 1 (pF(60)) = 2.3 and pF(0,) = 4.2) and run 3
(pF(6) = 2.3 and 6, estimated by hy) for different precipitation threshold limits.

As in the former case, the obtained relative differences ([7SS""—7SS*]/TSS™)
seem to be small (under or about 10 percent), but in some cases they were
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especially large. For instance, for large threshold values (above 17 mm day g
relative differences amount 50 percent. According to significance test results,
the obtained differences were significant on the 10% level on eight from the
nine days, that is, on almost all days. 7SS™ values were higher than 7SS
values on five from the eight significant days. The same distribution but
obtained on May 5, 2007, when the differences between the 7SS values were
significant, is presented in Fig. 3b. In this case, there are large relative
differences not only for large (about 30 percent) but also for small threshold
values (about 15 percent). Distribution of the nine-day mean values of the RMSE
for different precipitation threshold limits is presented in Fig. 4a. The obtained
differences are very small. Distribution of the RMSE on May 5, 2007 is presented
in Fig. 4b. Differences obtained in this case are obviously larger with respect to
the differences obtained in Fig. 4a. As in the former case, these differences were
not analyzed from the point of view of significance tests.
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Fig. 4. Distribution of (a) nine-day mean values and (b) actual values on May 5, 2007 of
the the root mean square error obtained using run 1 (pF(6)) = 2.3 and pF(6,) = 4.2) and
run 3 (pF(6y) = 2.3 and 6, estimated by Ay) for different precipitation threshold limits.
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4.4. Significance tests applied to other skill measures

Since 7SS differences were significant on the level of 10% in many cases (for 0,
in six, while for 6,, in eight from the nine days), we decided to performe
significance tests for various skill measures. Differences on the level of 10
percent were evaluated for each day separately for in total nine skill measures.
The skill measure used were as follows: POD = probability of detection (POD =
hl/(h + m)), FAR = false alarm ratio (FAR = f/(h + f)), TSS = true skill statistics,
PC = proportion of correct hits and misses (PC = (h + z)/n), CSI = critical
success index (CSI = h/(h + f+ m)), ORSS = odds ratio skill score (ORSS =
(hz — fm) [(hz + fim)), CHI = y2-measures of association (CHI = (hz — fmy/(h+ f)
(m + z)(h + m)(f + z)), CR = correspondence ratio, and HSS = Heidke skill
score (HSS =2(hz — fm) /((h+ m)-(m +z)+ (h + ) (f+ 2)).
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Fig. 5. Number of significant differences on the level of 10% between the skill scores (in
total nine) obtained by using conditions (a) in run 1 and run 2 and (b) in run 1 and run 3
for each day separately. Grey column: simulated precipitation obtained by run 1 is closer
to the observation, dark column: simulated precipitation obtained by run 2 is closer to
the observation.
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Number of significant cases for each day separately obtained analyzing the
effect of the parameterization of 6, is presented in Fig. Sa. All cases were
significant on the eight day (this is August 10, 2007). In all nine cases, results
obtained in run 2 were better with respect to the results obtained in run 1. On the
first, fifth, and seventh days, the differences were in eight cases significant.
Nevertheless, on the Ist and 5th days, the results obtained in run 1 were better
than those obtained in run 2. Note that on the sixth day, the differences were
only in two cases significant. The same distribution but for 6, is presented in
Fig. 5b. The number of significant differences is obviously higher than in the
former 6, case. Differences between all skill measures were significant on the
first and the eighth days. The lowest number of the significant differences (in
total four) can be observed on the 6th and 9th days. There is no tendency in the
distribution of the number of significant cases obtained by using runs 1 and 3.

5. Conclusions

The impact of 0, and 6, parameterization upon convective precipitation fields
was analyzed. The analysis was performed using simulation results of the Penn
State — NCAR MMS5 Modeling System obtained on nine days in 2006 and 2007.
On all days, actual soil moisture content in the surface layer was higher than 6,
but lower than 6,

The considered domain covers the territory of Hungary. Convective
precipitation fields were statistically analyzed in detail. First, the simulated and
observed fields were compared. The observed fields were obtained from rain
gage data applying a kriging interpolation technique. Agreement between the
simulated and observed fields was estimated using categorical and continuous
verification indices. Significance tests were done to estimate how large (important)
or small the obtained differences are.

According to the results, MMS5 simulates in an acceptable manner the
formation of local convective precipitation field in Hungary. 7SS values
obtained are about 0.2-0.3 on average. We also showed that local convective
precipitation is to some degree sensitive to the parameterizations of 6, and 6,.
What does “to some degree” mean? It can be seen that on average, 20 percent
relative differences in the 6, ([6,”F —& K]/Qj«pF) (see Table 2) caused on average
about 5-10% relative differences in the 7SS ([7SSP"—TSS*)/TSSP"). However, in
many cases these 7SS differences were significant on the level of 10%.
Similarly, on average, 50 percent relative differences in the 6, ([6,," —6,"1/6,")
(see Table 2) caused about 10-50 percent relative differences in the 7SS
([TSSP*-TSS™)/TSS™). These TSS differences were significant on the level of
10% on eight days. This latter result suggests that sensitivity to 6,, seems to be
somewhat higher than sensitivity to ;.
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Results obtained can be useful in quantifying of the strength of the soil
moisture — precipitation feedback mechanisms. It should be mentioned that
models used for scientific and operative purposes have completely different soil
parameterizations, so different 6, and 6, calculation procedures. This study
showed that uncertainties in the parameterization of 6yand 6,, could considerably
contribute to scatter of the simulation results (Koster et al., 2004).
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Abstract—In the recent years, the interest has been increasing regarding the more and
more precise prediction of the low-level atmospheric wind characteristics over Hungary.
At the Hungarian Meteorological Service this challenge had been completed with the
application of the high-resolution dynamical adaptation originally developed in the
framework of the ALADIN cooperation in the late 90s. The dynamical downscaling of
the coarser wind fields is realized with the ALADIN meso-scale numerical weather
prediction model by a half-hour model integration on 5 km horizontal and 15-level
vertical resolution with simplified physical parameterization package. It is shown that this
dynamical adaptation step improves the original 10-meter wind forecasts obtained with
the 8 km operational version of the ALADIN model. The performance of the method was
intensively verified with respect to the local observational data at 80 meters for a wind
power station situated at the northwestern part of Hungary. The validation results indicate
that the dynamically post-processed forecasts do not have systematic errors, however, the
diurnal wind cycle is not properly simulated. In the seven-month evaluation period the
low and high wind speeds are overrepresented, whereas the occurrences of intermediate
velocities are underestimated. The results are rather satisfactory for the investigated
location, however, ideas are also presented for further improvements of the wind
predictions.

Key-words: numerical weather prediction, ALADIN limited area meso-scale model,
dynamical adaptation, low-level wind, verification

1. Introduction

Precise wind forecasts for the near-surface are crucial for the wind power
stations, since they are obliged to make a priori estimation of their daily energy
production. For this purpose the only solution is provided by the application of
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short-range numerical weather prediction (NWP) models. Nevertheless, the
accurate wind information is desired in such detail, which is not ensured by
today’s typical operational high- (8§—10 km) resolution weather predictions.
Therefore, the operational forecasts need to be further enhanced by appropriate
(dynamical) methods.

Increasing the spatial resolution of the limited area models (LAMs) seems
to be a natural and simple way to improve the quality of the predictions.
Nevertheless, the horizontal mesh cannot be always excessively refined without
reconsideration of the physical parameterization and dynamical core of the NWP
models. One obvious and essential change together with the resolution increase
is the abandonment of the hydrostatic approximation. The most important
phenomena to be more precisely or explicitly described by the non-hydrostatic
models are the cloud-, microphysics, and micro-scale processes (e.g., convection),
which play key role on the 2—5 km horizontal resolution. The complexity of this
kind of models is significantly higher, as besides the vertical velocity their
microphysical part is also extended with further prognostic variables associated
with the different phases of water. Thanks to these enhancements, not only the
precipitation-related processes are better simulated in the non-hydrostatic manner,
but also the strong wind events accompanying some of the extreme weather
situations.

Today, non-hydrostatic modeling is an area of intensive research and
development of numerical weather prediction; however, its computational
demands are still too high for its widespread applications. The dynamical
adaptation (DADA) procedure (Zagar and Rakovec, 1999) presents a brilliant
(simple and elegant) solution for the more accurate description of the small-
scale wind characteristics of the atmosphere. The main advantages of the
method are, that it does not require huge efforts on model developments (like for
non-hydrostatic models or for the implementation of sophisticated physical
parameterization schemes), and additionally, it can be realized with modest
computational resources. From the practical point of view, the first step of the
DADA method is the interpolation of the coarser-resolution forecast onto a
finer-resolution grid (not bringing any new information into the forecast), which
is followed by a short model integration on this very high resolution for the
adaptation of the large-scale fields to the detailed surface characteristics. This
model running takes only 30—45 minutes, while the wind is adapted to the new
representation of the orography and possibly to other surface features (Zagar
and Rakovec, 1999). This integration does not use the full, complex numerical
model: only those processes are taken into account, which can affect the near-
surface wind field and those ones are excluded, which would need more time to
develop than the applied 3045 minutes (for instance, the diabatic processes as
cloud water vapor condensation, precipitation formation, or temperature changes
due to radiation). The simplification concerns also the vertical levels: since the
wind is influenced by the topography mainly in the lower part of the
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atmosphere, the number of vertical layers is reduced in the stratosphere and
upper troposphere. Further necessary precondition for the success of the method
is the capability of the driving model to provide realistic forecasts for the target
area, because DADA cannot cure the deficiencies of the original (large-scale)
prediction, it only adds some fine-scale details developing due to the more
precise surface conditions.

The dynamical adaptation method is a widely used efficient technique to
improve the predicted wind field; its positive impacts are anticipated especially
over terrains with complex topography (e.g., in mountains or at coastal regions),
in case of strong wind events, and when the dynamical forces are determining
the flow. Applicability of the dynamical adaptation in the prediction of extreme
winds was investigated in the case studies described by /Ivatek-Sahdan and
Tudor (2004). They were studying two bora events, which usually evolve in
winter due to the temperature gradient between the cold continental and mild sea
surface at the eastern side of the Adriatic Sea and it is accompanied by strong
wind speeds exceeding even 15 m/s in average. The dynamical adaptation
procedure was applied on 2 km horizontal resolution for the original NWP
products available on an 8 km grid. The “low-resolution” model was capable of
predicting the start and end of the extreme events, however, their strengths were
underestimated. DADA presented more realistic wind speeds, moreover, it was
also shown, that neither the dynamical adaptation with the use of complete
physical parameterization set nor the full model forecast on 2 km resolution
could outperform it.

Combination of the method with a non-hydrostatic model was explored by
Alexandru (2004). The 10 km resolution forecast for Romania was dynamically
downscaled to 2.5 km, on the one hand, by the non-hydrostatic version of the
ALADIN/Romania model, and on the other hand, with its hydrostatic version.
The non-hydrostatic downscaling solution was not able to provide additional
important details, which would justify its increased computational costs. In another
investigation (Vasiliu, 2005), a thorough verification of the results produced by
the hydrostatic setup was carried out for a 5-month period concentrating on two
areas of interest: the Black Sea coast and a mountainous region of Romania. The
improvement of the wind fields could be noticed over the mountain region,
while at the coastal territory only minor advantages could be detected.

A new scope of the method was presented at the University of Vienna
(Beck et al., 2005), at the Hungarian Meteorological Service (HMS) (Kertész et
al., 2005), and in Ljubljana (Zagar et al., 2005): dynamical downscaling of the
ERA-40 re-analysis data (Simmons and Gibson, 2000) in order to produce high-
resolution wind climatology over the Alpine region, Hungary, and Slovenia,
respectively. The fact, that the coarse-resolution re-analysis dataset describes
only the large-scale patterns of the flow, justified the relevance of the use of
dynamical adaptation. Since the resolution difference between the initial global
and the target domains was quite significant (125 km versus 12, 5, and 2.5 km,
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respectively), the downscaling was designed in a hierarchical structure with two
nested short-range ALADIN model integrations with increasing resolution. In
the final step, the special dynamical adaptation configuration of the ALADIN
model (i.e., DADA as described above) was applied to reach the desired wind
climatology. The results were validated against observations (Beck and Ahrens,
2006; Kertész et al., 2005; Zagar et al., 2006), and the verification indicated that
the dynamical downscaling is able to produce improved and more detailed wind
climatology than the initial large-scale data.

In the last decade, the technique is applied at the Hungarian Meteorological
Service in order to operationally produce precise wind fields for aviation
weather forecasts and in the last few years for the wind power stations to their
energy production estimates. From the point of view of the wind energy
potential, the northwestern region of Hungary possesses the most advantageous
climatological characteristics: this territory lies along the relatively strong and
dominant northwesterly flow (Kertész et al., 2005). Some favorable area can be
also found over the eastern part of the country, where the northeasterly winds
are typical. Until recently, in Hungary the dynamically adapted wind fields
could be verified only against 10-meter wind observations, but since the end of
2008, a cooperation has been started with the wind power stations: they
continuously provide their measurement data valid at the hub height of the power
plant, which make a comprehensive verification of the simulated higher-level
wind results possible. The novelty of the utilization of this new source of
information is, that the model performance will be known not only on the levels
of SYNOP measurements, but also at the heights, where the results are directly
used. Therefore, the present study is dedicated to the validation of the dynamical
adaptation method applied at HMS for the prediction of the low-level wind fields.

After this introduction, Section 2 describes the most important characteristics
of the wind forecasts and observational dataset used as input information for the
evaluation, and the employed verification method is also briefly presented.
Section 3 is devoted to the thorough analysis of the results obtained by the
application of upper-level observational data at Mosonszolnok-Levél. In Section
4, several open issues are addressed and discussed together with those major
conclusions, which can be drawn based on the 7-month validation.

2. Methodology
2.1. High-resolution dynamical adaptation of wind forecasts

In the operational practice, the short-range weather forecasts of the Hungarian
Meteorological Service are based on the ALADIN meso-scale numerical
weather prediction model. ALADIN (Hordnyi et al., 20006) is a spectral limited
area model, where the horizontal meteorological fields are represented by full
harmonic functions (2-dimensional Fourier decompositions). In vertical a hybrid
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coordinate system is defined (Simmons and Burridge, 1981): terrain following at
the lower model levels and pressure-type for the upper atmosphere. For the
vertical equation of motion the model uses the hydrostatic assumption, its
prognostic variables are the temperature, horizontal wind components, specific
humidity on the model levels, and the surface pressure. Due to the combined
semi-implicit and semi-Lagrangian schemes (Temperton and Staniforth, 1987)
applied for the temporal integration, a very high computational efficiency can be
realized: for instance, at 8 km horizontal resolution 5-minute integration time
step can be used.

Presently, the ALADIN weather forecasts are produced operationally four
times a day: at 00, 06, 12, and 18 UTC for 54-, 48-, 48-, and 36-hour periods,
respectively. The integration domain covers mainly continental Europe with
8 km horizontal resolution and 49 vertical levels (see Fig. / and 2). The initial
condition for the integration is provided by the 3-dimensional variational data
assimilation procedure (Boloni, 2006) developed for the ALADIN model. The
time-dependent lateral boundary conditions in 3-hour frequency are ensured by
the global NWP model of the European Centre for Medium-Range Weather
Forecasts (ECMWEF).

Fig. 1. Orography of the nested model integrations with increasing horizontal resolution:
approximately 21 km for the global ECMWF grid (left; in the figure only the selected
target integration domain can be seen), 8 km for the operational ALADIN forecast
(middle), and 5 km over Hungary for the dynamical adaptation (right). The white “x™ on
the right represents the selected verification point, Mosonszolnok-Levél.

The raw wind predictions are dynamically refined in the planetary
boundary layer, i.e., an additional dynamical adaptation step is performed on the
operational model outputs. In practice, the original 8 km resolution information
is interpolated onto a 5 km resolution grid (see Fig. ), and the number of
vertical layers is reduced in the upper atmosphere resulting in 15 model levels
focusing on the planetary boundary layer (see Fig. 2). Using these fields as
initial and lateral boundary conditions, a simplified model integration lasting
29 minutes (with 60-second time steps) is carried out applying DADA mentioned
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in the introduction (Zagar and Rakovec, 1999). This short dynamical post-
processing method adapts the near-surface wind to the more detailed topography
taking the “large-scale” forcing from the operational ALADIN model. The final
output fields are obtained through vertical interpolation or extrapolation on the
desired height coordinates, which are defined at every 10 meters between 10 and
500 m. Vertical post-processing (Yessad, 2009) consists of either a linear
interpolation for the layers positioned between two model levels or an
extrapolation (with the application of logarithmic profile) for heights below the
lowest model level (e.g., at 10 meters).

oper DADA

Pressure [hPa]

1000 -

Fig. 2. Hybrid vertical coordinate levels used at the operational forecast (“oper”, black
curves on the left) and the dynamical adaptation (“DADA”, gray curves on the right)
with 49 and 15 levels, respectively.

2.2. Input data for the verification

The Hungarian Meteorological Service produces wind information operationally
for the wind power plants based on its high-resolution dynamically adapted
forecasts starting at 00 UTC and valid for 54 hours. The nearest grid point and
height to the given power station is selected as the predicted value, therefore, the
5 km horizontal grid spacing applied at the final dynamical adaptation step
allows 3.5 km precision, whereas in vertical the final levels at every 10 meters
ensure 5-meter accuracy. The present wind forecast evaluation was carried out
for the location of Mosonszolnok-Levél, which is situated in the northwestern
part of Hungary at approximately 120-meter height above the sea level (see the
white “x” in Fig. 7). This power station park stands in a relatively flat area in the
gate of the northwesterly flow zone, which is a climatologically favorable
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position from the aspect of wind energy production. In this location the wind
speed and direction forecasts are provided at the hub-height of the power plants,
1.e., at 80 meters above the surface. The forecasts are started from 00 UTC,
however, they are used from 9 a.m. (in local time) onwards until 1 a.m. (also
local time) of the 3rd forecast day. The output frequency of the forecasted wind
data is 15 minutes, and the model data describe the instantaneous wind
components of the flow in these time steps. From the observation side, the
measurements were available at every 10 minutes for the period of April 19—
November 17, 2008. The anemometer is located on an independent tower, at the
same height as the hubs of power plants, i.e., in around 78 meters above the
surface, and it provides the wind speed as an average over the preceding 10-
minute period. It can be read from 7able I, that the ALADIN model precisely
represents the elevation of the selected point, e.g., its altitude in the model is
almost equal with its real height above the sea level.

Table 1. Main characteristics of the input wind datasets: provided wind information,
temporal range of the forecasts (LT: in local time), temporal resolution of the produced
data, height above the sea level and surface (respectively), and geographical location of
the selected point

Data Range Frequency Height Coordinates
Instantaneous wind 40 hours . 47.891°N;
5 -
s speed from 9 a.m, LT 1> ™0 LZ3+80m 1m 166%8
Mean wind speed (over < > 47.887°N;
: . 24 +
Measurement the last 10 minutes) 10 min 124 +78 m 17.176°E

Since the data originating from two sources do not correspond to the same
type of wind information (i.e., mean and instantancous values), and moreover,
they are available for different time intervals, their direct comparison is not
possible. Therefore, the verification was realized on the basis of averages at
every half an hour, which were calculated from the wind speed of two time steps
in the forecast case and three measurements in the case of observational data.
(For instance, for the evaluation at 10:30 UTC, the measurements at 10:10,
10:20, and 10:30 UTC, and the forecasts at 10:15 and 10:30 UTC were
respectively averaged, then compared.)

2.3. Verification technique

Evaluation of the wind forecasts for Mosonszolnok-Levél was accomplished for
the available seven-month period. On the one hand, the general flavor of the
wind predictions during the verification interval is obtained by the unified
assessment of all forecast ranges, and on the other hand, the quality of the
simulated results is also investigated forecast range by forecast range,
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separately. Considering all time steps together, different pairs of forecasts,
measurements, and forecast errors are examined in scatter plot diagrams;
empirical distribution and density functions were generated on the basis of the
simulated and observed data; histograms were also prepared about the forecast
errors in function of their signed magnitude. The mean systematic and root mean
square (RMS) errors of the forecasts are calculated for all time steps separately
and together, as well; the temporal evolution of absolute errors is analyzed for
each time step; while the Taylor diagram is used only for selected forecast
ranges in every 3 hours. Hereafter, most of the applied verification scores and
tools are supposed to be well-known (Nurmi, 2003), only the main features of
the Taylor diagram are briefly detailed.

The Taylor diagram (7aylor, 2001) provides useful information about how
well the reference (measured) and the test (simulated) patterns (wind speeds)
match each other in terms of their statistical correlation, root mean square
(RMS) difference, and ratio of their variances. The geometric relationship
between these three statistics allows to plot them into the same diagram. The
two (reference and test) samples are represented by two points in the diagram.
The radial distances from the origin to each point are proportional to the pattern
standard deviation normalized by the observational variance, therefore, the
reference point is positioned usually at value 1. The azimuthal position gives the
correlation coefficient between the simulated and reference time series. Finally,
the distance from the reference point (along concentric circles around it)
measures the centered RMS difference between the two fields (as a consequence
of the relationship between the three statistics). In the present verification the
normalized Taylor diagram was constructed, i.e., the standard deviation of the
simulations and the centered RMS difference were standardized with the
variance of the observations. The more accurate and consistent the forecast is,
the closer its point is positioned to the reference point.

3. Results

First of all, an obvious question is, whether the high- (5 km) resolution dynamical
adaptation is able to improve the wind predictions produced on the 8 km
operational resolution. For the correct evaluation of this issue, the operational
forecasts and the dynamically adapted wind values should be systematically
compared at 80-meter height for the 7-month verification period. However, in
practice it would mean the necessity of the re-running the ALADIN model for the
investigated period. Therefore, it was chosen to study the question by the validation
of the 10-meter wind speed values with respect to two nearby observational
points (Gy6r and Mosonmagyarovar) for an “independent” 3-month period. The
10-meter wind speeds based on the operational 8 km forecasts and the dynamically
adapted 5 km ones were assessed in terms of bias and RMS error (Fig. 3).
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Fig. 3. Mean error (top) and root mean square error (bottom) of the operational ALADIN
wind forecasts on 8 km horizontal resolution (dotted curve, “oper”) and the 5 km
resolution wind forecasts provided by the dynamical adaptation (solid curve, “DADA™) for
the different time steps (the time steps are considered from the analysis time at 00 UTC)
with respect to two SYNOP stations close to Mosonszolnok-Levél: Gydér and Moson-
magyarévar. Verification period: December 1, 2008 —March 1, 2009: level: 10 m.

According to the 3-month verification, it can be generally concluded that the
dynamical post-processing procedure improves the wind predictions. The results
indicated, that the ALADIN 10-meter wind speed forecasts are hampered by a
general overestimation (with 1.4 and 0.8 m/s in average for Gyér and
Mosonmagyaré6vir, respectively), which cannot be fully cured by DADA (the
corresponding bias values are 1.2 and 0.7 m/s), since the success of the
dynamical adaptation process also depends on the quality of the “large-scale”
constraints, which are provided by the 8 km resolution ALADIN forecasts. On
the other hand, it is clear that in most time steps DADA outperformed the
competing operational forecast in both error characteristics. It is remarked here,
that there are some exceptions at the 12h and 36h ranges (i.e., at noon), when the
operational results are characterized by identical bias and lower RMS errors than
that of the dynamical adaptation (however, the differences between them are
rather negligible). These relatively larger reductions in the added value of DADA
compared to ALADIN might be associated with the fact, that there are several
processes which cannot be more precisely described by this method. Such typical
phenomenon is the convection being the most intensive at noon and early

65



afternoon: since DADA uses only part of the physical parameterization schemes
excluding convection, therefore, it has no chance to enhance the results prescribed
by the 8 km ALADIN version in cases where these processes have important
impact on the wind field. Nevertheless, all this concludes that the application of
additional dynamical adaptation on the operational forecasts is useful to provide
more accurate 10-meter wind predictions over this territory. Certainly, this
conclusion cannot be directly interpreted at higher levels, because the 10-meter
wind is an extrapolated diagnosed quantity based on fitting the logarithmic wind
profile, whereas the 80-meter wind is rather determined by the dynamics.

Henceforth, the evaluation is concentrating on the 80-meter height, where
the wind forecasts and measurements are available for Mosonszolnok-Levél.
First, a general overview is given about the main features of the predictions in
terms of “lead time independent” indicators, and then the quality is separately
investigated in each forecast step. The empirical distribution and density
functions (Figs. 4 and 5), where the latter ones were constructed by dividing the
wind speeds between 0 and 20 m/s into bins of 0.5 m/s for both the model and
observational data, provide information about statistical properties of the
observed and simulated wind climatologies. (Certainly these are not climatologi-
cal characteristics in its classical sense, because they are valid only for the
investigated period.) It has to be remarked that for the distribution functions the
inverse ones are computed (where the relative frequencies of the wind speed
occurrences are inverted at the y-axis), since by this visualization the model
over- and underestimations, with respect to the observed quantities, can be seen
more transparently.

Comparing the histograms and distribution functions for the observations
and forecasts, some similarities and also a few differences can be assessed in the
simulated and observed wind climatology at the location of Mosonszolnok-
Levél:

e Both the measured and forecasted wind speeds cover the range between

0 and 16 m/s.

e The median value (denoted in Fig. 5) is similarly around 5 m/s (for the
exact values see Table 2), i.e., the half of the wind speeds exceeds the
5 m/s threshold in both datasets.

e [n the measurements the dominant wind category is between 2.5 and 3 m/s
with approximately 7% of relative frequency, in addition, the occurrence
of the wind between 2 and 6 m/s exceeds 6% for every bin. The
predictions are rather hampered by frequency underestimation between 2
and 7 m/s, which is most characteristic in the 2-3 m/s bins. All this
results that the prevailing forecasted wind speeds are in the 5-5.5 m/s
category.

e [t is also interesting to sce the sharp change in the error sign (from
occurrence overestimation to underestimation) at the 2 m/s threshold.
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(This feature might query the quality of the observations, however, such
conclusions are not considered for this short verification period.) The
weaker wind speeds below 2 m/s are overrepresented in the simulated
results, i.e., the probability of wind speeds from every bin between 0 and
2 m/s is higher in the forecasts than in the reality. Although the level of
the overestimation can reach even 80%, the related absolute frequency
values are rather small (especially in the category between 0 and 0.5 m/s).

e For the wind speeds above 8 m/s the ALADIN model gives a bit high
relative occurrences (though the magnitudes of these errors are even
smaller than it was indicated at the lower and intermediate bins).

10

Relative frequency [%]

Wind speed [m/s]

Fig. 4. Discrete density functions of the wind speeds for the model results (black) and
the observations (gray). The range of wind speeds are divided into bins of 0.5 m/s.
Verification period: April 19—November 17, 2008; location: Mosonszolnok-Levél;
height: 80 m.
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Fig. 5. Inverse empirical distribution functions of the wind speeds for the model results
(solid curve) and the observations (dotted curve). Straight lines represent the
corresponding median values. Verification period: April 19—November 17, 2008;
location: Mosonszolnok-Levél; height: 80 m.
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Table 2. Mean forecast errors and wind speed characteristics in the simulated and
observed datasets (in m/s)

DADA Observation
Mean wind speed 535 54
Median value 53 5,1
Mean bias 0.1 -
Mean RMSE 2.2 -

The conclusions drawn on the basis of the empirical density and
distribution functions (i.e., the frequency exaggeration of the lower and higher
wind speeds and underestimation in the intermediate wind speed intervals) can
be also identified in the scatter plot diagrams with several additional details.
Looking at the diagram based on the forecast-observation pairs (first panel of
Fig. 6), at the first glance it can be noticed that most points are situated rather
symmetrically around the diagonal, which indicates that there are no systematic
errors. This fact is also proved by the slight 0.1 m/s bias value calculated for the
80-meter level (see Table 2), and moreover, comparing it with the values for
10 meters, the performance of DADA is significantly improved with the altitude
in terms of bias.

Forecast vs. observation Forecast error vs. observation 5 Forecast error vs. forecast
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Fig. 6. Scatter plot diagrams (left: forecasts vs. observations, middle: forecast errors vs.
observations, right: forecast errors vs. forecasts) for the 5 km resolution wind forecasts
provided by the dynamical adaptation procedure. The plots were generated with the
use of all time steps. Verification period: April 19—November 17, 2008; location:
Mosonszolnok-Levél; height: 80 m.

Nevertheless, with a more careful look, also several asymmetric features
can be found in Fig. 6. For the higher observed wind speeds (exceeding 10 m/s)
the model tends to have underestimation, sometimes even with 5-10 m/s (the
size of the error is naturally bounded above by the magnitude of the wind
speed). This finding is confirmed by the similar diagram for the forecast errors
as function of the observations (middle panel of Fig. 6), which additionally
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shows that the weaker winds (between 0 and 5 m/s) are simulated too large by
ALADIN. At the right panel of Fig. 6 it is also clearly visible that the simulated
wind speeds reaching 10 m/s often exceed the measured values. All this is not in
contradiction with the conclusions drawn from the histograms and distribution
functions (which do not compose pairs from the simulated and observed values):
the model is able to predict stronger winds, though these cases are not always at
their real occurrences. In other words: when strong winds happen, the model
underestimates them, whereas the weaker observed winds are regularly
overestimated.

Investigating the scatter plot diagrams in the different time steps (not
shown), it can be concluded that wind speeds above 5 m/s are mainly
underestimated by the model at around the 12- and 36-hour forecast ranges (at
around noon time), and for the interval of 5 and 10 m/s the overestimation has
maximum at the 18- and 42-hour forecast ranges (i.e., in the evenings). Based on
these features it can be suspected, that the diurnal cycle of the wind speed is not
well represented in the simulated results, e.g., it might be shifted with a few
hours. This fact can be analyzed in detail in Fig. 7, where the mean observed
and simulated wind speeds with respect to the forecast range are displayed.
(Forecasts over the 47-hour range are neglected since the sample from these
time steps was small due to the change from daylight-saving time to the normal
one at the end of October.)

Wind speed [m/s]

9 1215 18 21 24
Forecast range [h]

Fig. 7. The simulated (solid curve) and observed (dotted curve) mean wind speed for the
different time steps (the time steps are calculated from the analysis time at 00 UTC).
Verification period: April 19-November 17, 2008; location: Mosonszolnok-Levél;
height: 80 m.

It can be easily seen that the displacement of the simulated values is not
constant all along the forecast range. Overestimations occur from the afternoons
to the mornings and underestimations from the mornings to the very early
afternoons. It implies that the afternoon intensification of the wind speed starts
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approximately one hour earlier in the model, therefore, the daily maxima are
also reached one hour prior (at 19- and 43-hour forecast ranges instead of 20-
and 44-hour ones). After getting the maximum, the wind weakening begins later
and this process is slower in the simulations than in the reality resulting in a
3-hour delay of the minimum (at 32 hours forecast instead of its typical real
occurrence at 29-hour range). Possible reasons behind the introduced error
properties can be the insufficient parameterization of the convective processes as
well as the weak description of the atmospheric stratification (however, these
two factors are not completely independent from each other). Nevertheless, this
hypothesis should be checked in the full ALADIN model at first, since as
mentioned, DADA is unable to improve those processes which were
insufficiently described by the “host” model. Inevitably, more experimentation
would be needed to completely understand the physical background of this
deficiency.

According to the systematic errors (Fig. 8), it can be seen, that in the wind
speed forecasts the overestimation is somewhat more dominant than the
underestimation resulting in a small (0.1 m/s) positive error for the complete
verification period. This fact is supported by the empirical density function of
the signed errors (Fig. 9), which indicates an almost symmetric pattern. It can
be also seen, that the spectrum of the errors covers the range between —8.5 and
8.5 m/s (though there are only few cases with error exceeding 7 m/s), i.e., the
negligible mean systematic error is resulted by the balance between the positive
and negative differences, which compensate each other. During the two
forecasting days, the main systematic behavior of the predictions depends on the
actual time steps (Fig. 8): the interval between the 8§ and 13 hours at the
beginning of the forecast period and between the 32 and 37 hours (i.e., 24 hours
later) are characterized by small underestimation. The intermediate periods are
mostly exacerbated by overestimation, which reaches its maximum (0.7 m/s) at
the 28.5-hour forecast range. Looking at the mean and root mean square
differences between the simulated and observed wind speeds, it is remarkable,
that the model errors do not grow by the forecast range (excluding the first few
hours). In each investigated time step the magnitudes of the mean errors
basically do not exceed 0.5 m/s; the only exception is the abovementioned
maximum at around 28 hours.

Nevertheless, the fact that the mean systematic error is small does not
suggest, that the prediction would have equal accuracy in every forecast range,
additionally, the minor bias in given time step does not guarantee the perfect
prediction, since the positive and negative errors might compensate each other
during a longer period. The mean RMSE value is 2.2 m/s for the entire forecast
range (Table 2). The temporal evolution of the root mean square differences
(Fig. 8) reveals that the errors are larger (reaching even 2.5 m/s value) when the
overestimation is dominant, whereas the model performance is better in the
periods of underestimation (the RMSE value is approximately 1.7 m/s in the

70



= o0 O B O
222388 s
2 o0
& By s o
o290 2R ex ]
s o B 2 pag =l
-= =& = O ~F 3
¥ wm o = O 05
> o x 9 g2
o s QS 50
m W G (] m MN. ~ SR =e}
S 0S8 30 S g AT B 5 s, U AT g 8-S
0 ® R = R S i b e e T T D 8o 8
O R g0 = SN | o v s e e S E2
o m o [} F L 2] e e it (o e B o | == =
Qg m-5 8~ lRsE Sl e e S 0
©CZGIEE = B e v e o o e 5.2 98
Q o < | M I S (SRS P (S 5 D e'm
22888 w3 A e e e [ ES=
= 5 R i 3
an » - 5 < m H e B e ety (e st S oS &
ey o wn L vl loininbemcalomwsd i ta il
: < d T 1 T 1 T ({e) = o
E292280 5 i, it e . A eF
=3 SV N o e P g<= 8
- N J L R L g L o
o o O o = e d ] Rt 1 i 1M g E =
MG RS S O G NS’ N S () g
2 0o e > R R AR e _\1‘,‘:‘& S, o)) & 2 ux
S S 2% T L . S M Y ) B S 5 O ) g &g
8=20°9c:53 0 M o e 1 o g sy o o o |~ =3
0 g o = e e i 4 ot O A T~
2L p e e s T e e s e e T -
m k= m o m lw ~ m O R e e e S 3 ] % - B
7 B T B oo [ R S By SRR <+ =
(@] e e Rt e (&) <
TN -F-N S sl e s i ) i S
288,88 GBS i e e ek e e -5 Tpa
= RSN s e e e s sl 2
0= = = T e Urest sa B AN i (e N £ SE
Bed"wg 8 B s S o o [l s B g2
. [7,) SR TR ISR, o R S ST (o5, 1 SN S
SsEEZ 8, " - R S S N OO 5 . O B v 222
= o3 L T T S
o B >0 Sm .S e e % e N S . 2ed
& s SN N N R [, SN
S5 2SS 8§42 R e T RO o 58—
R rw S NS S N S ¢ W S R 2 T . E o=
O9g - o HH,WHHHH.“HHHHMHH e s SR
Cc LTS 8 4 SR TG G s e R O <
NS R aebkE % % S (T 1 I o2 o
sLE2a2n%E TOoOND - o0 - §% 8
3M4.mbnﬂma0.s R G - 225 -
ko) O = B (] » .5 .
S350 2 @ » & [s/w] Jou1g i [%] Aousnbayy annejey
& Q.0 —_— s =
© 5T a o O 5 9 9.Cco
g 5028 = 5E®
= eSS S & =2 8T
7S e 8. . HiE <ELE
S oSSR RES 0o 5y
© »n © o1 K S > .o
o — S 25 =
-2 gone e
| 2 Ha'g 8o
w22 5006806

71

Difference: DADA-obs [m/s]
Fig. 9. Discrete density function for the signed model errors. Verification period: April 19—

November 17, 2008; location: Mosonszolnok-Levél; height: 80 m.
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Fig. 10. Normalized Taylor diagram for the model results in different time steps.
Verification period: April 19—November 17, 2008; location: Mosonszolnok-Levél;
height: 80 m.

The temporal variation of the mean absolute error during the seven-month
verification period was also examined for the different forecast ranges (only the
9- and 42-hour time steps are presented in Fig. // as examples for the better and
worse predictions). Rather large absolute simulation errors can be found in
certain days: the deviations can reach even 6-8 m/s (although these errors occur
quite seldom). Nonetheless, according to Fig. /2 one can say, that the errors are
under 1 m/s in around 40% of the cases, and the relative frequency of the errors
exceeding 5.5 m/s does not reach 1%. The lowest absolute departures from the
observations and the smallest error variability can be identified in the time step
of 9 hours (Fig. 11), the errors mainly remain under 4 m/s all along the period.
There are some forecast ranges when the larger errors are more frequent, for
instance, the 42-hour step (right panel of Fig. //) when the RMSE is also
relatively high. Such dissimilarity between the 9 and 42 hours cannot be
explained by the difference in the forecast ranges (i.e., the longer-range forecast
is worse), because as mentioned earlier, the error patterns are rather uniform
with respect to the lead time (Figs. & and /0). A more possible and plausible
explanation might be again the imprecise description of the daily cycle in the
model, which is also confirmed by the similar error characteristics for the 18-hour
forecast range, i.c., in the evening one day before. In the Taylor diagram (Fig. 10),
the points for the time steps of 18h, 21h, 42h, and 45h are positioned in a small
group with somewhat negative properties: the predictions in these steps (i.e., in
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the evenings) are correlated in a weakest way with the observational time series
accompanied by around 0.55-0.6 values; at the same time, they are situated in
the largest distance from the reference point bringing the highest RMSE values
during the 2-day forecast range. Regarding the temporal evolution of the scores,
at some particular time steps (e.g., at 12h, 30h, 36h, not shown) one can
conclude some temporary error reduction at the end of summer and the
beginning of autumn. These features might be attributed to the particular
meteorological situations, nevertheless, it is hard to find any seasonal behavior
in the simulation results due to the short investigation period. For more detailed
examination of the seasonal characteristics, it would be worthwhile, on the one
hand, to extend the verification length, and on the other hand, to perform some
smoothing and/or temporal averaging on the data in order to remove its large
variability.
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Fig. 11. Temporal evolution of the absolute error during the complete verification
period in different forecast ranges (the time steps are calculated from the analysis time
at 00 UTC): %h on the left and 42h on the right. Verification period: April 19 —
November 17, 2008; location: Mosonszolnok-Levél; height: 80 m.
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Fig. 12. Discrete empirical density function for the absolute errors. Verification period:
April 19—November 17, 2008; location: Mosonszolnok-Levél; height: 80 m.
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4. Summary, conclusion, discussion, and future plans

In this article an overview was given about the applicability of the dynamical
adaptation method originally developed by Zagar and Rakovec (1999) for wind
power stations in Hungary. At the Hungarian Meteorological Service this special
procedure is applied with the aim of improving operational wind predictions and
providing more precise wind speed forecasts required by the wind power
stations. The present paper is focusing on the validation results of the method:
the dynamically adapted wind forecasts were compared and assessed with
measurements at 80-meter height for a single location (namely Mosonszolnok-
Levél) in a seven-month period. The selected point to be investigated in detail is
situated at the northwestern part of Hungary, in approximately 120-meter height
above the sea level. The anemometer stands in 78-meter height above the
surface at a relatively strong wind tunnel, where the prevailing northwesterly
flow streams over this flat area without barrier.

As far as the general quality of the operational forecasts is concerned,
based on the verifications at two nearby SYNOP stations, it can be said that in
the northwestern corner of Hungary the wind speeds are principally overestimated
at the 10-meter height. The special dynamical downscaling improves the
performance of the operational wind predictions, however, it cannot fully eliminate
the positive bias. Regarding the main flavor of the fine-scale wind predictions at
the higher 80-meter level for Mosonszolnok-Levél, it could be seen as follows:

e The wind speed forecasts during the 7 months are equally characterized
by over- and underestimations resulting in almost no (0.1 m/s) systematic
error;

e The intervals of 8—13 and 32-37 hours are characterized by small
systematic underestimations, which are accompanied with relatively
minor RMSE values;

e The intermediate periods are mostly exacerbated by overestimation and
higher RMSE values;

e The errors do not have temporal evolution, i.e., they basically do not
grow by the forecast range;

e Concerning the climatological features of the wind datasets, the low and
high wind speeds (below 2 m/s and over 7 m/s, respectively) are over-
represented in the model, whereas the occurrences of intermediate
velocities are rather underestimated.

All this can be attributed to the fact, that basically DADA is unable to
correctly represent the diurnal wind cycle. This weaker description of the daily
velocity cycle might be associated with the deficiencies of the driving model,
however, this statement should be thoroughly examined in the future. It would
be worthwhile to further extend the investigations with the study of the seasonal
behavior of the model (this certainly requires longer verification period),
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additionally, the results should be scrutinized with respect to the wind direction,
which could supply further hints regarding the strengths and weaknesses of the
methodology in general and the ALADIN model in particular.

In spite of some identified deficiencies, the dynamical adaptation method
provides not only an efficient, but also a reliable tool for the preparation of
accurate wind predictions. At the same time, there are several further possibilities
to “tune” the method in Hungary. The first “trivial” solution can be enhancing the
spatial resolution of the target dynamical adaptation domain. The choice of 5 km
horizontal grid spacing was motivated by that when the method was first tried, the
topography was only available on this resolution, therefore, a further refinement
of the applied grid would not make sense in the lack of more detailed surface
description. Wind predictions are always valid at the gridpoint nearest to the
given power plant, i.e., this resolution allows 3.5 km precision. It was indicated in
Table I that the orography on this resolution is relatively well described by the
model in the investigated point: 125 versus 124 meters. Nevertheless, presently in
the operational ALADIN model, an even finer topography is used, namely the
GTOPO30 database (Bliss and Olsen, 1996) having 1 km resolution. The imple-
mentation of this detailed surface representation into the dynamical adaptation
configuration can promise even better results. As far as the vertical resolution is
concerned, the number of model levels could be still extended from the actually
used 15 levels putting even more emphasis on the lower part of the atmosphere.

Regarding the Hungarian implementation of the dynamical adaptation
procedure, another obvious concern is, whether the application of the half-hour
model integrations for the operational outputs provided at every 15 minutes is
correct from the aspect of temporal representativeness of the data. I.c., during
this construction, the half-hour periods overlap each other, therefore, it is not
evident on what time step the output of the DADA procedure can be considered
(however, the same boundary conditions at the beginning and end of the short
integration suppose that the forecast is valid for the initial time). Originally, the
dynamical adaptation post-processing method was developed, when the model
outputs were available only with 6- or maximum 1-hour frequency. But today
the demands of the partners require the production of forecasts with denser
temporal frequency.

One constraint of the method is that it is not able to attenuate the deficiencies
of the applied initial and lateral boundary conditions, i.e., only the good-quality
large-scale forcings can be improved by the dynamical adaptation procedure. On
the other hand, even in case of correct driving ficlds, there are some small-scale
phenomena that cannot be accounted by the larger-scale model, and the
simplified dynamical adaptation is unable to additionally reflect them. In these
processes other factors than the dynamic forcing are dominating (for instance,
local thermal circulations or inversion situations), or for their accurate prediction
the complete physical parameterization would have been needed on higher
horizontal resolution (Zagar and Rakovec, 1999). Therefore, it is indispensable
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to simultaneously develop the driving model, as well. In the last years, the
operational ALADIN model applied at the Hungarian Meteorological Service
has been undergoing continuous improvements and there are also some
additional plans for enhancing the low-level wind forecasts of the model. The
main realized and intended developments are briefly listed hereafter:

— The three-dimensional variational data assimilation scheme of ALADIN
(Boloni, 2006) were improved from the point of view of background
error computations (Bdloni and Horvath, 2010) and the inclusion of new
and emerging observations types into the assimilation process. The near-
future activities focus on the increase of the data assimilation cycling
frequency (to 3 hours) and also the computation of flow-dependent
background errors with the establishment of an ensemble data assimilation
system (Adamcsek et al., 2010).

— The lateral boundary conditions of the ALADIN model were recently
updated by the use of the ECMWEF/IFS (Integrated Forecast System),
which resulted in essential positive impact on the performance of the
ALADIN model (Boloni et al., 2009).

— Wind forecasts can be further enhanced with the application of
probabilistic information, which can be obtained by the operational
ensemble prediction system of HMS. This short-range limited area
ensemble system consists of downscaling the 11-member global
ARPEGE-based ensemble of Météo France with the ALADIN meso-
scale model (Hdgel, 2010). Currently, experiments are ongoing for
generation of local initial condition perturbations by ALADIN (with the
method of singular vectors as employed also in ARPEGE).

— The latest developments are related to the installation of the non-
hydrostatic  AROME model in light of its near-future operational
introduction at HMS (Hordnyi et al., 2006). At the moment, the model is
exploited quasi-operationally providing 36-hour forecast over a domain
covering Hungary with 2.5 km horizontal and 60-level vertical resolution.

All these developments contributed and will contribute to the further
enhancements of the operational version of the ALADIN model, and
consequently, that of its wind predictions. Finally, it is mentioned here that some
wind forecast improvements can be also assessed with the statistical post-
processing of the raw wind prediction information, which can account for the
elimination of systematic model errors. Nevertheless, in the future we are going
to concentrate more on the dynamical refinements of the wind forecasts (as
listed above) instead of the statistical approach.
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Abstract— Convective rainstorms frequently result in floods in small mountainous
watersheds. This type of floods, called flash floods, may pose significant threat to lives
and properties and present a particularly challenging natural phenomenon to predict with
a sufficient lead time.

Our approach to predict flash floods is through runoff modeling. Hydrological models,
however, require a plethora of input data. Some temporally variable data, such as
precipitation intensity and soil moisture, significantly influence the calculated cumulative
outflow and the forecasted peak discharge. In the present paper, the spatio-temporal
behavior of soil moisture is studied with the means of time domain reflectrometry (TDR)
technique and ArcGIS tools at 14 monitoring stations in an experimental watershed, SW
Hungary. Based on field measurements, two minor discharge peak (MDP) events of the
studied Sas Stream are simulated using the HEC Hydrologic Modeling System (HEC-
HMS). Under the aforementioned environmental conditions, the largest flood event of
2008 on Sas Stream is simulated by a hindcast method. As no environmental data were
available for this flood event, the majority of the parameters were estimated from
monitored data and other data resources.

Soil moisture varies considerably in both space and time, but the variations among the
measurement stations are predictable. Thus, we believe that from measurements at one
location of the watershed, soil moisture can be estimated for the entire watershed.

Rainfall varies greatly, which constrains predictability. A possible solution to obtain
the rainfall forecasts is the application of radar observation and meteorological models.

We found that HEC-HMS is suitable for model simulations as well as for the
generation of a nationwide flash flood warning system. The HEC-HMS is only
restrictedly applicable to reproduce flood events with low peak discharge as well as
floods with multiple peaks. We also concluded that HEC-HMS exaggerates the impact of
volumetric water content on flash flood generation.

Key-words: flash flood, hazard, soil moisture, monitoring, modeling, HEC-HMS
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1. Introduction

In Hungary, weather phenomena often cause disasters (hail storms, floods, and
mudflows) that subsequently generate considerable economic loss and may
jeopardize human life. The most severe natural hazards in the country are
associated with atmospheric convections and storms (Horvath, 2005). Intense
upward convection triggers various phenomena ranging from small cumulus
clouds to devastating supercells. Their devastation is further exacerbated by
prediction challenges, as their magnitude and exact locality varies considerably
in space. Convective processes develop rapidly and, with their associated
features and consequences, may create tremendous damage and disastrous
corollaries. Typical observed phenomena related to convective storms in hilly
and mountainous regions are flash floods (Horvath, 1999).

According to the report of the Environmental Protection Agency of the
European Union, floods generate the largest economic loss in Europe. The
average annual economic loss caused by any type of natural hazards is estimated
at 40 billion EUR: the Gard 2002 and the Aude 1999 flash flood events alone
caused 1.2 and 3.3 billion EUR economic losses, respectively (Lefrou et al.,
2000; Huet et al., 2003; Gaume et al., 2009). Although the majority of the losses
are caused by ,.conventional” large-river floods, over the past decades, floods
more frequently occur on small streams located in small (10 to 100 km?)
mountainous watersheds. In Europe, lowland floods are rarely associated with
fatalities; in contrast, often demand loss of life (Gaume et al., 2009). Flash
floods are generated 0.5 to 5 hours after an intense rainfall event and usually last
for a few hours (in extreme cases up to a day). In certain cases, however,
snowmelt may also contribute to the generation of flash floods, hence low-
intensity rainfall, amid ideal environmental settings may also trigger flash floods
(Pirkhoffer et al., 2008). A third, recently more frequent type of flash flood
occurs in heavily urbanized areas, where paved surfaces are impervious and, in
general, runoff is affected by various human factors (Gyenizse, 2009). This latter
type of floods is called urban floods or pluvial floods; however, some authors
clearly differentiate them from typical flash floods (Cobby et al., 2008).

Due to the geographical settings of western and northern Hungary, flash
floods are frequent phenomena and have been reported several times over the
past decades. However, prediction is rather challenging, due to the large spatial
and temporal variability of the aforementioned convective rainfall events and the
mosaical and heterogeneous pattern of topography, land use, and soil types. In
addition, prediction uncertainty is very high due to the available rainfall
forecasting methods, and the localized characteristics of the precipitation.

The majority of flash floods, at least in Hungary, occur between March and
mid-October. Torrential, high-intensity precipitation caused significant economic
loss in the hilly and low-mountain parts of Hungary. For example, the Altal-ér in
north-central Hungary inundated its valley following a 253 mm torrential
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rainfall on June 4, 1953 (Szildgyi, 1954). On June 27, 1987, several houses and
part of the railroad were washed away in the Biikkosd Valley (Mecsek
Mountains, SW Hungary) when 71 to 88 mm rain fell during a 6-hour period
(Gyenizse and Vass, 1998). In the latter case, the largest economic losses were
reported from Hetvehely, a village that is located just upstream from the
confluence of the Biikkosdi-viz and the Sas Streams. Vass (1998) concluded
that, due to its rugged watershed topography, the Sas Stream is likely to be one
of the major contributing and triggering factors for the extreme flash flood
events of the trunk river. Perhaps the largest economic loss was associated with
flash floods in Matrakeresztes, when a flash flood inundated the valley of the
Csorgd and Kovicses Streams on April 18, 2005 (Horvath, 2005). Economic
loss was estimated to reach 1 billion HUF (approximately 5 million USD) there.
The city of Kaposvar was flooded by the Kapos Stream on August 21, 2008
(Hizsak, 2005) when 105 mm rain fell in 3 hours. However, we need to
emphasize that in terms of discharge, the flash floods of Hungary are not
comparable to those documented for the Alps (e.g., Ranzi et al., 2007), although
in terms of general characteristics, behavior, and economic loss caused the
Hungarian flood events bear a close resemblance with the Alpine floods.

Rainfall is considered to be the primary triggering factor for flash floods,
but certain environmental temporally-variable boundary conditions, at least by
many authors, are also considered to be crucial. These environmental factors
include canopy cover (land use) and antecedent soil moisture content (e.g.,
Cassardo et al., 2002; Smith et al., 2002; Le Lay and Saulnier, 2007; Jessup and
DeGaetano, 2008). Other authors, however, found little correlation between
magnitude of runoff and land use or soil type (Merz et al., 2006), or found peak
discharge unaffected by antecedent soil moisture content (Cras et al., 2007).
Volumetric water content (hereafter VWC), on the other hand, not only affects
runoft, but may also influence rainfall generation (Cassardo et al., 2002).

These environmental factors affect the time of concentration, and indirectly
the prediction time lead. Prediction time lead, in turn, will strongly influence the
general character of analysis, prediction, prevention, and evacuation. To
overcome the challenging prediction issues in unexplored and (quasi-) ungaged
small watersheds, hydrological models may be an appropriate tool to forecast
flash flood events in sufficient lead time (e.g., Georgakakos, 1986; Ogden and
Julien, 2002; Georgakakos, 2002; Javier et al., 2007). However, hydrological
models of this type require a plethora of input data. In this case, not only the
precipitation is essential as input data, but the model processes topographic data
(digital elevation model, hereafter DEM), land use and land cover, and various soil
properties, such as infiltration rate, topsoil thickness and soil moisture content.

To simulate selected flood events, we employed the HEC-Hydrologic
Modeling System (hereafter HEC-HMS, developed in Davis, CA, United States)
in the present study. Based on the available environmental data of a 6.7 km’
watershed in SW Hungary, we verified the suitability of the HEC-HMS model
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for small watersheds (and in the future, for the entire hilly and low-mountain
areas of Hungary). Over the verification process, we numerically simulated two
MDP events that occurred on the Sas Stream during fall, 2008. Subsequently,
we aimed at numerically simulating a large flash flood event that occurred on
June 4, 2008. As the watershed was ungaged at that time, i.e., neither on-the-
spot precipitation data, nor VWC data were available for this particular event,
our objective was to reconstruct both antecedent soil moisture content and
changes in rainfall intensity during the precipitation event based on data of other
nearby rain gages, radar observations, and available air temperature.

2. Materials and methods
2.1. General description of the study site

The study area is one of the headwater subbasins of the Sis Stream and is
located in the NW part of the Mecsek Hills, SW Hungary and on the castern
edge of the Zselic Hills (Fig. I). The watershed covers an area of 6.7 km” and
belongs to the broader catchment of the Biikkdsdi-viz. The watershed of the Sas
Stream has a typical low mountain character with a steep V-shaped gorge in the
headwaters of the watershed and is bordered with slopes generally exceeding
20°. The 14 monitoring stations are located on the smaller western watershed of
the Sas Stream watershed, covering a mere 1.7 km®. Based on the Corine Land
Cover 2000 database, 90.6% of the watershed is covered with deciduous forest
primarily of beech (Fagus sylvatica). The watershed exhibits frequent, but
randomly distributed clearings (Fig. 7).

R Stream watershed /-
- B

S . s w0

Fig. 1. Location of the studied watershed, soil moisture monitoring stations (dots and
triangles), and combined soil moisture stations with rain gages (triangles)

Stream discharge ranged from 0.001752 m’ s™' to 0.9351 m’ s™' over 2008.
Peak discharge was observed on June 4, at 22:00 CET. For simulation purposes,
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during the period of our monitoring project (between September 5 and December
5, 2008), we selected two MDP events: the first one occurred on October 4 and a
second on October 17.

2.2. Determination of soil physical type

In order to determine the soil physical type of the monitoring stations, topsoil
samples were taken from 13 monitoring stations. One station located on the very
edge of the alluvial plain was ignored. Soil samples were treated with 10% HCI
and H,O, in order to remove CaCOj; and organic matter, respectively. Following
the treatments, soil samples were diluted with DI water and subsequently were
centrifuged at 3,000 rpm. After centrifugation, supernatant was decantated and
were ovendried at 60°C until a paste was obtained. Particle size was then
determined with static light scattering method using a Fritsch Analysette 22
(Fritsch GmbH, Idar-Oberstein, Germany) instrument.

2.3. Monitoring of VWC

Due to the large input data demand of the selected HEC-HMS runoff model for
the simulation of flash flood events, the measurement, quantification, and
estimation of several environmental factors were essential. Owing to its
geographical proximity, appropriate environmental settings, and its significant
contribution to the floods of the trunk river, we selected the western watershed
of the Sas Stream (left tributary of the Biikkosdi-viz, SW Hungary) for
simulation purposes (Fig. 7). Here regular environmental monitoring was
undertaken for the period of September 5, 2008 —January 5, 2009. During this
period we regularly monitored VWC (6,) and canopy cover at 14 monitoring
stations (Fig. 7). These two types of data, among many other ones, are crucial
input for the HEC-HMS modeling software applied. As the output data of the
HEC-HMS are highly sensitive to VWC, our measurements primarily focused
on the determination of soil moisture content over the watershed. Another
explanation to focus on VWC in the present study is its large spatial and
temporal heterogeneity as well as its predominant role in flash flood generation.
Soil moisture content was measured with the time domain reflectrometry
(TDR) technique. The applied TDR-300 instrument (Spectrum Inc., Planfield,
[llinois, United States) was equipped with 20 cm long stainless steel rods. Soil
moisture content was measured in a circle of 1.5 m radius at each monitoring
station. At each station three repeated measurements were taken, and subsequently
measured values were averaged. At the beginning of the measurement period,
two plots of about 2 m by 1 m were created at each monitoring station, one plot
covered with forest litter, while from the other plot forest litter was removed.
However, as no significant variation in VWC was found among the two types of
plots, litter-free measurements were then terminated. Measured data was then
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plotted in ArcGIS 9.2 and interpolated with the inverse distance weighted
function to determine the general trend of spatial soil moisture pattern. As the
HEC-HMS model requires soil saturation (in percentage), measured volumetric
water content values were converted to saturation percentage based on Eq. (1).

S=¢-6, 100, (1)

where S is the saturation, ¢ is the porosity and 6, is the VWC. This conversion
requires the determination of soil bulk density and specific density, then,
subsequently porosity is calculated as follows:

e:l—(p—h], )
Py

where pp, is the bulk density and p; is the specific density of soil. The average
porosity of the collected soil samples was determined with a pycnometer,
according to Flint and Flint (2002). We obtained an average porosity of 0.48 of
14 collected topsoil samples, thus, we received a conversion factor of 208 between
VWC and saturation percentage. This soil porosity value was applied for the
entire studied watershed, as well as all monitoring stations, as soil physical type
does not vary significantly over the area of the watershed (7able I).

Table 1. Particle size distribution of topsoils at 13 monitoring stations

Monitoring  dpean Clay Silt Sand Physical
station ID (pm) (%) (%) (%) soil type
2 19.479 10.29 88.18 1.53 silt
3 37.361 5.42 80.33 14.25 silty loam
4 30.156 6.66 83.65 9.69 silty loam
) 29.726 T 82.31 9.92 silty loam
6 31.58 6.72 82.44 10.84 silty loam
7 25.435 7.44 87.04 5.52 silty loam
8 29.12 8.25 81.37 10.38 silty loam
9 33.98 6.9 79.59 1851 silty loam
10 29.429 6.85 83.79 9.36 silty loam
11 32.435 6.66 81.88 11.46 silty loam
12 36.368 4.71 82.21 13.08 silty loam
13 36.555 4.54 1722 18.24 silty loam
14 27.205 8.3 85.32 6.38 silty loam

2.4. Employed precipitation data for the HEC-HMS model

Besides the VWC measurements at the 14 monitoring stations, between October
10, 2008 and October 17, 2008 daily rainfall measurements were carried out at 6
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selected monitoring stations (out of the 14 stations used for VWC determination)
using Hellmann type rain gages. The locations of the deployed rain gages are
shown in Fig. 1.

To reconstruct rainfall intensities during the two MDP event, we used the
following rainfall data observed at rain gages located in the relative proximity of
the Sas Stream:

e Pécs, at University of Pécs, Ifjusag Street Campus, located at
46°04°40.47” N, 18°12°22.68” E (intermittent data between September 1
and December 5, both tipping bucket and Hellmann type rain gages).

e (Central Pécs, located at 46°03°34.31” N, 18°13°39.35”E, daily cumulative
precipitation data from June 15, Hellmann type rain gage.

e Orfii automated rain gage located at 46°08°23.77”N and 18°13°39.35”E,
10-minute cumulative rainfall data from September 22, 2008, tipping
bucket rain gage.

e Hetvehely automated rain gage, located at 46°07°39.19”N and
18°02°04.22” E about 3 km west of the studied watershed, tipping
bucket rain gage.

e Pogany automated meteorological station located at 45°59°41.22” N and
18°14°05.71”E, daily cumulative data, obtained from the publicly
available website of the National Oceanic and Atmospheric Administration
(NOAA) database, accessible at http://www.ncdc.noaa.gov.

2.5. Applied air temperature data

Air temperature data was obtained from two sources:
e Mean daily air temperature was obtained from the publicly available
NOAA database, accessible at http://www.ncdc.noaa.gov.
e ]-minute and 10-minute air temperature data was observed at University
of Pécs, Ifjuisag Street Campus (exact location is the same as for the rain

gage).
2.6. Applied stream discharge data

Water level data of 30-minute temporal resolution for the Sas Stream were
measured in the central part of the Sas Stream watershed. Stream gage is located
at 46°07°12.29” N and 18°04°07.05”E. Discharge data were received from the
MecsekErc Ltd., a daughter company of the former Uranium Ore Mining
Company.

2.7. Model setup

Runoff was calculated by the HEC Hydrologic Modeling System (HEC-HMS,
developed in Davis, CA, United States) surface runoff model that calculates
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stream discharge as a function of input precipitation and various environmental
parameters. The HEC-HMS is designed to simulate the precipitation-runoff
processes of dendritic watershed systems. It is designed to be applicable in a
wide range of geographic areas for solving the widest possible range of problems.
This includes large river basin water supply and flood hydrology, and small
urban or natural watershed runoff (US Army Corps of Engineers, 2005).

For simulation purposes we selected the two afore mentioned MDP events.
The reason for selecting these two, rather low-discharge floods, was sufficient
data availability (10-minute rainfall, soil moisture, and canopy cover) for this
period. The simulation of the selected two MDP events were extremely challenging
as the peak discharge values only slightly exceeded the average baseflow, and
the event observed on October 17, 2008 showed a fluctuating sawtooth-type,
multi-peak pattern.

To set up the model, we employed the soil moisture accounting (SMA)
module of HEC-HMS that determines the ratio of runoff and infiltration based
on set parameters shown in 7able 2. This method is a built-in function of the
HEC-HMS.

Table 2. Value and quantification methods of the input environmental parameters of the
October 4 and October 17 MDP events for the HEC-HMS model. Note, that not all the
parameters of the SMA module are shown

Input parameter Value used for best Method of quantification
simulation

Canopy saturation (%) 0 Estimated and measured leaf
wetness

VWC (m’ m™) 0.269/0.2836/0.192"* Measured (TDR)

Soil saturation (%) 56/59/40" Measured (TDR)

Canopy storage (mm) 2 Estimated, based on literature
(e.g., Gash et al., 1980)

Surface storage 2 Estimated from DEM

Maximum infiltration rate 26 Particle size distribution

(mmh™) measured, then infiltration

rate was based on literature

Soil thickness and water 220 Based on field measurements
storing capacity (mm) and the AGROTOPO soil
database

'June 4, 2008/October 4, 2008/October 17, 2008
“The reason for showing both VWC and water saturation is that the TDR measures in VWC,
while HEC-HS requires water saturation as input data

To set the input hydraulic parameters, we employed the Clark Unit
Hydrograph function. Here time of concentration was determined from the time
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lag between the precipitation event and the peak discharge (Fig. 2). As this
parameter highly depends on actual rainfall intensity, the time of concentration
needs to be determined for each precipitation-discharge pair and adjusted
according to the total contributing land area.
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Fig. 2. Correlation between stream discharge of the Sas Stream, VWC and 10-minute
cumulative rainfall (observed in Orfil) between September 5 and December 5, 2008.

3. Results
3.1. Input data acquisition

The smallest difference between the observed and simulated flow was found at
SMA settings shown in Table 2. Parameterizations for each individual SMA are
also shown in Table 2.

Input soil moisture, as it is indicated in 7able I, was obtained from the
area-averaged TDR measurements (and temporal interpolation) in our study site.
Over the period of measurement, VWC ranged between 0.148 m’m
(September 5, 2008) and 0.324 m'm” (December 5, 2008) (Fig. 2). At the
measured porosity values, these volumetric water contents equal to 30.72% and
67.4% average water saturation, respectively. In general, topography (besides
the slight impact of coarse rocky fragments) overwhelmingly impacted the
spatial distribution of soil moisture content. Based on ArcGIS interpolation
(using the inverse distance weighted function), highest soil moisture values were
always detected at the perimeter of the alluvial plain (lowest elevation), while
lower value were observed with increasing altitude (Fig. 3).
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Fig. 3. Raster-based interpolation of VWC based on the October 17, 2008 TDR
measurements. Darker pixels indicate higher soil moisture content.

Both mean and extreme soil moisture values varied greatly among the
monitoring stations, but behaved spatially consistently over the small (1.7 km®)
watershed (Fig. 3). This observation was clearly exemplified during the
September 26, 2008 precipitation event, when daily cumulative precipitation
ranged between 13.6 and 14.6 mm over the 14 monitoring stations. Despite the
relatively uniform spatial distribution of rainfall, VWC ranged between 0.166
and 0.455 m’ m ™.

Minimum measured values for the entire monitoring period were usually
observed at monitoring station 8. At this point, shallow soil and frequent
occurrence of coarse fragments are likely to be responsible for the low degree of
saturation. On average, the second lowest soil moisture content was measured at
monitoring station 2. Here, the low moisture content is explained by the dense
rhizosphere where preferential flowpaths are responsible for the high initial
infiltration rate. This was further confirmed by the authors’ on-site dye
experiment. Additionally, at monitoring station 2, topsoil has an extremely
granular structure, which further enhances infiltration. Monitoring station 10 is
located at the edge of a clearing, thus, long-term water balance is typically
characterized with extreme VWC. However, the consistency of the spatial
correlation of soil moisture content among the 14 monitoring stations is
noteworthy and clearly shown in Fig. 3. Besides the changes of physical soil
type, steeper slopes and decreasing soil depth may contribute to decreasing soil
moisture at higher elevation.

Nonetheless, the literature-based strong impact of VWC on runoff (e.g.,
Jessup and DeGaetano, 2008) is not entirely reflected in the discharge/soil
moisture content chart (Fig. 2). This low-degree correlation may be attributed to
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the low temporal resolution of our soil moisture measurements (weekly and
biweekly intervals), the rugged topography of the studied watershed (thus
limited infiltration), and the dominant effect of temperature on evaporation rate.
The timing of the soil moisture measurement is also crucial, most accurate
values are obtained when the date of measurement immediately precedes the
precipitation event.

Maximum infiltration rate, as input data for the hydrological model, was
based on literature data (e.g., Jury et al., 1991; Hillel, 1998) and the actual
physical soil type (particle size distribution) collected from the uppermost soil
horizons at each monitoring stations, with the exception of monitoring station 1
(located on the edge of the alluvial valley floor). Based on the particle size
distribution, the topsoils of the studied catchment, with one exception, belong to
the silty loam soil physical type (7able 1). Thus, based on literature, initial
infiltration rate was set to 26 mm h .

As clearly exemplified here by the identical soil physical types, soil type
alone does not account for the varying water budget of soils. It needs to be
emphasized, however, that our particle size measurement was applied for
particles smaller than 300 um. At higher elevation (monitoring stations 8 and 9)
the increased frequency of coarse rocky fragments is detectable, assuming the
presence of preferential flowpath at the edge of the coarse fragments, while the
upper surface of this rock fragment may behave as an impervious surface.

3.2. Reconstruction of the October 4, 2008 rainfall event

To reconstruct the rainfall for the October 4, 2008 MDP event, we used three
rainfall time series sources: (a) 10-minute cumulative rainfall series from the
automated Orfii rain gage, (b) 10-minute cumulative rainfall series from the
automated Hetvehely rain gage, (c) the authors on-site measurement by Hellmann-
type rain gages, and (d) radar images.

Only a minor difference was detected among the six-station-averaged
rainfall measured in the watershed of the Sas Stream (with a mean value of
15.2 mm, ranging between 14.6 and 16.7 mm), the Hetvehely rain gage (14.2 mm),
and the Orfli automated rain gage (15.6 mm). To reconstruct the temporal
fluctuation of rainfall intensities in 10-minute time intervals, we employed the
data supplied by the Hetvehely rain gage. Intensity in general was low and
relatively even for this event, reaching a maximum intensity of 1.2 mm h’'
between 7:50 and 8:00 A.M. (Fig. 4c). The 10-minute cumulative data series of
the Hetvehely data was then multiplied by a factor of 0.934 (i.e., 14.2/15.2). By
doing this, we obtained a temporal distribution identical to that of the Hetvehely
rain gage, while the cumulative rainfall was equal to that measured in the
watershed of the Sas Stream.

However, despite the non-convective character of the rainfall event, total
cumulative rainfall differed largely within an area of about 10 km in radius.
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Cumulative daily rainfall totaled 8.6 mm at the automated Pogany meteorological
station, 12.3 mm in central Pécs, and 11.5 mm at the Ifjisag Street Campus of
University of Pécs.
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Fig. 4. (a) 10-minute cumulative rainfall observed in Hetvehely during June 4, 2008; (b)
characteristic radar image taken during the June 4, 2008 rainfall event; (c¢) 10-minute
cumulative rainfall observed in Hetvehely during October 4, 2008; (d) characteristic
radar image taken during the October 4, 2008 rainfall event; (¢) measured total daily
rainfall values in Hetvehely (NOAA data) on October 17, 2008; (f) characteristic radar
image taken on October 17, 2008.



Interpolated and estimated volumetric water content for October 4, 2008
was 0.260 m’ m™ (54.1% water saturation). In the case of the latter event, the
simulation best reproduced the observed hydrograph at 56% saturation. This
difference is less than the measurement accuracy of the employed TDR instrument
(+0.01 m*m™). The measured average VWC of 0.282 m’m~ (58.6% water
saturation) for October 17, 2008 was only slightly less than the 0.284 m’m
(59%) used as input value in the HEC-HMS.

3.3. Reconstruction of the October 17 rainfall event

Similarly to the MDP event discussed in the previous section, to reconstruct the
October 17, 2008 rainfall time series, we used three types of data: (a) 10-minute
cumulative rainfall series from the automated Orfii rain gage, (b) 10-minute
cumulative rainfall series from the automated Hetvehely rain gage, (c) the
authors on-site measurement by Hellmann-type rain gages, and (d) radar images.

Our field rainfall measurements at six of the total of 14 monitoring stations
resulted in 16.3 mm cumulative precipitation on average (ranging between 13.0
mm and 18.2 mm, depending on the location of the monitoring station), which is
significantly less than that of measured by the Orfti rain gage located second
closest to the study area in a distance of 6.70 km (36 mm). During most of the
rainfall event, intensity was low, with the exception of'a 10-minute period, when
cumulative rainfall totaled 4.9 mm (Fig. 4e). At the Hetvehely rain gage, a
cumulative rainfall of 24.7 mm was observed. This large difference in
cumulative rainfall among the observation sites is attributed to the convective
character of the rainfall event (indicated by the radar image in Fig. 4f), the
rugged topography (orographic effects), and interception. However, the two
automated rain gages are not covered by canopy, still it is unlikely, at least based
on the available literature, that interception alone would account for that
considerable difference (e.g., Rutter et al., 1975; Gash and Morton, 1978; Gash
et al., 1980; Klaassen et al., 1998, Link et al., 2004). This latter statement is
further confirmed by the authors’ rainfall measurement on October 4, 2008,
when a mere 0.4 mm difference in rainfall amounts was observed between the
Sas Stream observation sites and the Orfli rain gage (see previous section 3.2).
The radar based precipitation intensity, however, probably overestimated rainfall
intensities, and care needs to be taken when radar data is used in rainfall forecast
or prediction of flood levels.

As the model requires temporal changes of rainfall intensity during a given
rainfall event, 10-minute rainfall intensities of the Hetvehely rain gage data
(located closest to the studied area) were multiplied by a factor of 24.7/16.3 (i.e.,
1.51) to obtain a cumulative value measured in the watershed, which were then
employed in the model simulation runs. We note that the figure for cumulative
daily rainfall we obtained on-site (i.e., in the Sas Valley) only slightly differed
from that measured in central Pécs, at a distance of 15.05 km (16.0 mm), and
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were somewhat higher than that observed in Pogany at a distance of 19.64 km
(11.9 mm). For the period of October 6 —October 29 a total of 22.5 mm rainfall
was measured at the Ifjasag Street Campus of University of Pécs (at a distance
of 12.21 km).

Rainfall observations from the Pogany meterological station have been
available since 1953 (longest record in Baranya County) and could be potentially
used as input time series to simulate flash flood events on the adjacent streams.
However, based on the poor correlation among the Orfii, Hetvehely, and Pogany
daily precipitation data, we conclude that the 10-minute resolution Pogéany
precipitation data, mainly for convective precipitation, should be used with
extreme caution for the estimation of total rainfall for the watershed of the Sas
Stream. To overcome such difficulties, data of rain gages located closer to the
studied streams should be used. The Orfli and Hetvehely rain gages, which were
put to operation recently, may offer substitute solutions to aid the estimation of
actual cumulative rainfall and precipitation intensitics in the watersheds of the
western Mecsek Hills.

The simulated results for the two MDP events, at least considering the
shape of the curve, is similar to the observed hydrograph. The cumulative
simulated outflow was considerably smaller than the total observed outflow in
the case of the October 4, 2008 event (7able 3). However, in the case of the
October 17, 2008 event, the simulated outflow exceeded the simulated value.
Furthermore, the HEC-HMS was unable to reproduce the multi-peak pattern of
the October 17, 2008 MDP event. In the latter case, the volume of the simulated
cumulative outflow was 1.19 times larger than the observed one, while peak
discharges hardly differed (7able 3). This large discrepancy is probably
explained by (i) the extremely low peak discharge values, and (ii) the sawtooth
pattern of the discharge peaks.

Table 3. Peak discharge and cumulative outflow values for the simulated and observed
outflows of the October 4, 2008 and October 17, 2008 MDP events

Peak Cumulative Outflow difference
discharge outflow compared to observed
m’s™ (1000 m*) (%)

Observed, 0.02 1.23

October 4, 2008

Simulated, 0.02 0.73 —40.65

October 4, 2008

Observed, 0.03 1.56

October 17, 2008

Simulated, 0.03 1.85 +18.59

October 17, 2008
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3.4. Simulation results of the June 4, 2008 flood event

To verify our results and settings obtained by the simulation of the October 4,
2008 and October 17, 2008 MDP events, we simulated the largest flood event on
the Sas Stream in 2008. This flood event took place in the evening of June 4,
2008, when peak discharge reached 0.93 m’ s' as a result of a 22.6 mm rainfall
(measured in Hetvehely) that reached its highest rainfall intensity between 19:20
and 19:30 (Fig. 4a). According to the radar images, the storm was located over
the watershed of the Sas Stream between 18:45 and 20:00 CET. Since no rainfall
data was available from the immediate vicinity of the watershed, it was essential
to reconstruct the flood-generating rainfall based on precipitation data of other
rain gages and radar images.

To reconstruct the total precipitation and rainfall intensity for June 4,
2008, we used the Hetvehely automated rain gage data and 15-minute
resolution radar images obtained from the Hungarian Meteorological Services.
The input precipitation data was aided by radar based rainfall intensities and
timing (Fig. 4).

Environmental settings for the SMA loss method and the Clark Unit
Hydrograph functions were identical to those used in the two MDP simulations,
with the exception of soil moisture content.

As no measured soil moisture data is available for June 4, 2008, it was
necessary to reconstruct the soil moisture content based on observed mean daily
air temperature and field measurements on June 9 and June 10, 2008 and in June
2009. Air temperature is a suitable indicator of soil moisture changes, which
fairly well reflects temporal changes of soil wetness. In our studied watershed,
mean daily temperature measured in Pogany and VWC show a strong reverse
correlation (> = 0.9629), which further supports the suitability of air temperature
for the estimation of the actual VWC. We partly estimated the soil moisture
content based on the mean daily temperatures of NOAA for Pogany (Fig. 5).

Over this 15-day period, average air temperature was 18.2 °C. Based on the
equation of the trendline in Fig. 5, the approximate VWC was only 0.210 m’ m™,
if the average temperature of the preceding 15-day (18.2) is applied. If soil
moisture is calculated with the mean temperature of June 4, 2008 (17.9 °C), then
the obtained VWC is 0.212 m® m°. The last two rainfall events prior to June 4,
2008 occurred on May 20 and May 21, 2008, with a cumulative rainfall of 22.1
and 10.2 mm. On June 9 and June 10, 2008, the average, however random (i.e.,
not at the monitoring stations) TDR measured VWC values in the Sas watershed
reached 0.341 and 0.327 m® m°, respectively. The large VWC values measured
on June 9 and June 10 are likely explained by daily rainfalls of 2.2 mm, 10.1 mm,
3.1 mm, 2.1 mm, and 1.5 mm (observed in Hetvehely) between June 5, 2008 and
June 9, 2008, respectively. The average VWC for the same period in 2009
(measured on June 5) ranged between 0.17 and 0.45 m® m ™ in the Sas watershed
with a mean value of 0.28 m’ m ™.
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September 5, 2008 and December 5, 2008.

Based on the aforementioned environmental factors, we concluded that,
preceding the rainfall event of June 4, 2008, the mean VWC of the Sas watershed
ranged between about 0.150 and 0.300 m’m” in the watershed of the Sas

Stream. The exact average value was then determined by numerical simulation,
using the HEC-HMS.

Table 4. Observed and simulated peak discharge and cumulative outflow values for the
June 4, 2008 flash flood event at various VWC values

Peak Difference compared Cumulative  Difference compared
discharge  to observed outflow to observed
(m*s™ (%) (1000 m®) (%)

Observed 0.93 7.79

Simulated at a VWC 0.43 -53.76 3.80 -51.22

of 0.168 m* m™

Simulated at a VWC 0.86 -7.52 7.60 -2.50

0f0.192 m* m~

Simulated at a VWC 1.30 +39.78 11.40 +46.34

of0.216 m* m™~

The best simulation results were obtained at a VWC of 0.192 m* m > (40%
water saturation). In this case the total volume of the observed outflow reached
7,100 m’, while in the case of the simulated outflow it reached 7,600 m>, when
peak discharges were 0.93 m’ s~ and 0.86 m® s™' for the observed and simulated
outflows, respectively (Table 4). Due to the more regular shape of the June 4,
2008 flood event, the shape of the simulated curve was closer to the observed
curve than in the cases of the MDP events (Fig. 6¢). Similarly, in the case of the
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June 4, 2008 flood event, the simulated and observed hydrographs bore a closer
resemblance than in the case of the two simulated MDPs. This difference is likely
caused by the irregular shape of the MDPs and the unsuitability of HEC-HMS to
reproduce flash flood events of low peak discharge and cumulative outflow values.
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Fig. 6. Observed and simulated hydrographs of the flash flood event of the Sas Stream
on (a) October 4, 2008, (b) October 17, 2008, and (c) June 4, 2008; (d) effect of various
VWCs on modeled outflow generated by the HEC-HMS at a cumulative rainfall of
22.6 mm for the June 4, 2008 flood event; (e) effect of various cumulative rainfall on
modeled outflow generated by the HEC-HMS at a VWC of 0.192 m* m* for the June 4,
2008 flood event.

When the input VWC was set to 0.168 m’ m~ (0.350% water saturation),
simulated cumulative outflow was 51.22% less than the observed outflow (Fig.
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6d and Table 4). Best fit was obtained at a VWC of 0.192 m’ m™ (45% water
saturation) when the model underestimated the peak discharge by only 7.52%,
while the cumulative outflow differed by only 2.5% from the observed outflow.
At the best fit, however, cumulative outflow difference was less than in the case
of the two MDP events. However, when input VWC was set to 0.216 m’ m>,
the model overestimated both peak discharge and cumulative outflow by
39.78% and 46.34%, respectively (Table 4).

Due to the lack of actual rainfall data on the Sas watershed (closest
observation is about 3 km to the west), we also simulated the effect of various
input precipitation for the June 4, 2008 event at a VWC of 0.192 m’ m” (Fig Ge
and Table 5). Best correlation between the observed and simulated output was
obtained at 23 mm rainfall (i.e., 0.4 mm more than observed at the Hetvehely
rain gage) if a VWC value of 0.192 m’ m > was applied. In this case, observed
and simulated peak discharge was almost identical (with a difference of only
1.07%), while the simulated cumulative outflow exceeded the observed value by
14.63% (Table 5). Both cumulative outflow (+46.34%) and peak discharge
(+39.78%) greatly increased when a cumulative rainfall of 25 mm was applied
in the model. Here we may conclude that the role of precipitation, similarly to
VWG, is also exaggerated in the HEC-HMS.

Table 5. Observed and simulated peak discharge and cumulative outflow values for
the June 4, 2008 flash flood event at various cumulative rainfall values at a VWC of

0.192m' m>

Peak Difference compared Cumulative Difference compared
discharge to observed outflow to observed
(m*s™) (%) (1000 m*) (%)

Observed 0.93 7.79

Simulated at a cumulative  0.76 —18.28 7.41 —5.12

rainfall of 20 mm

Simulated at a cumulative ~ 0.92 -1.07 8.93 +14.63

rainfall of 23 mm

Simulated at a cumulative  1.40 +50.54 13.53 +73.68

rainfall of 25 mm

4. Conclusions
4.1. Estimation of soil moisture

VWC as an input data for runoff models is hard to estimate, as it varies greatly
in both space and time. However, VWC values vary with the measurement sites
in the studied watershed in a predictable way. This consistent behavior is explained
by the strong impact of soil properties and topography and the continuous
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canopy cover. Thus, for a given, relatively small watershed, a measurement at
one particular site would be sufficient for the estimation of soil moisture values
at other sites of the watershed, once the relative differences have been measured
and calibrated by either an on-site instrument or a single measurement taken by
remote-sensing tools, and the measured value could be extrapolated to other
parts of the watershed. We believe that regular on-site observations and
(preferably automated) soil moisture measurements are essential on the most
hazardous watersheds to provide VWC as input parameter for the real-time
runoff models.

When regular soil moisture measurements are unavailable, temporal
interpolation is required. To achieve appropriate temporal interpolation under
forest cover, air temperature (mean daily) and cumulative rainfall time series
have to be employed. In our case study, mean temperature showed a good
correlation with daily VWC values. However, such correlations need to be
developed site-specifically. Additionally, for non-forested portions of the
watersheds, relative humidity and wind speed need also to be considered.

In summary, we believe that the accuracy of the estimation of the actual soil
moisture content will increase by estimating the soil moisture loss to evaporation.
Thus, comprehensive watershed-based meteorological and hydrological monitoring
is desirable to reliably predict flood potential. Finally, we conclude that for
studies of this type a numerical model need to be applied to generate real-time
VWC values.

4.2. Uncertainty in rainfall estimation

Forecast of actual rainfall intensities and cumulative rainfall poses further
challenges for the estimation of expected flood levels, as the applied model is
highly sensitive to input cumulative precipitation data as well as rainfall
intensity. As flash floods are primarily triggered by convective precipitation in
orographically diverse areas, spatio-temporal variability in both cumulative
precipitation and rainfall intensities may be considerable. To obtain more
accurate rainfall prediction and lead time (at least 3 hours), meteorological
models and/or radar-based prediction offer appropriate tools. Model predictions
may be suitable to delineate the broader area of the potential precipitation
event a few hours prior to the actual flood event. For the subsequent refinement
of the location, radar observation can be applied. However, in radar
observation a considerable error of the measurement of precipitation intensity
is inherent.

The present-day radar observations in Hungary have a 2 km spatial and 15-
minute temporal resolution. Considering the size of the individual watersheds in
the hilly and low-mountain areas of Hungary, we may obtain a sufficient-
resolution radar measurements for a given watershed. Estimation of the impact of
rainfall is further complicated by rain-on-the-snow events (Pirkhoffer et al., 2007;
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Czigany et al., 2009). In summary, close collaboration between the radar data
providing meteorological services and the flash flood warning system is necessary
in order to obtain sufficient lead time for timely warning of the end users.

4.3. Suitability of HEC-HMS runoff model for numerical simulations

The HEC-HMS is a suitable tool to reproduce large flash flood events on small
mountain streams. However, based on the present study, it is probable that both
the VWC and rainfall exaggeratedly affect outflow values. Still, we believe that
the HEC-HMS would be an appropriate means to determine and predict
pronounced flood peaks, and could also be used to determine threshold runoff
values, as well as the threshold cumulative precipitation that can trigger floods.
We note, however, that when HEC-HMS is used to reproduce high-flow events,
significant discrepancy between the simulated and observed values may occur.
However, this difference decreases when peak discharge increases.

The applicability of the HEC-HMS model for the development of a
nationwide vulnerability map is sufficient, however, in certain aspects, is
limited. We believe that the approximate amount (or range) of threshold rainfall
can be determined if environmental parameters are available with sufficient
accuracy. However, as already pointed out, certain environmental factors may
strongly vary in both space and time.

The HEC-HMS tends to be over-sensitive to soil moisture changes. Soil
moisture is a highly variable and challenging input parameter for the HEC-HMS
runoff model and often represents an average value for large and heterogeneous
watersheds. Due to its considerable spatial heterogeneity, the input data may
represent a broad range of soil moisture values. In the case of the HEC-HMS,
for each watershed, regardless of their area, only a single soil moisture value is
provided and, consequently, that does not reflect the above described spatial
variance. Multiple model simulations are suitable tools to determine and
reproduce field soil moisture values, but simulation errors may become large for
future discharge predictions. Our findings suggest that potential discrepancies
are further exaggerated by the HEC-HMS model and do not reflect flood level
responses appropriately.

Additionally, hydrological models require the downscaling of watershed
areas in order to use spatially homogenized input data, such as soil type or
canopy cover. However, to approximate these environmental factors at this
scale, databases (e.g., soil and land use data) of high resolution are essential.
Simultaneously, radar data of at least 15-minute temporal resolution are required
to properly model flash flood events. Based on radar predicted precipitation
data, available hydrological models (e.g., HEC-HMS) are suitable to predict
flood events on small hilly and low-mountain catchments in our study areas and
are likely to be capable to form the foundation of a nationwide, flow chart based
flash flood warning system.
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Abstract—A dispersion model-system called TREX (TRansport-EXchange) was
developed at the Eotvos Lorand University (Budapest, Hungary) for modeling the
transport and deposition processes of air pollutants originated from either continuous or
accidental releases. In this study, a multi-layered, Eulerian version of the TREX model is
presented that can simulate transport, transformation, and deposition processes of
radionuclides or chemically toxic substances over Central Europe. The TREX model was
coupled to the ALADIN mesoscale limited area numerical weather prediction model used
by the Hungarian Meteorological Service to predict the path of nuclear contamination in
the atmosphere. Two case studies — hypothetical accidents at the Paks Nuclear Power
Plant (Paks NPP) — are presented to show how the coupled model can capture the
dispersion of radionuclides from a single point source. Another effort of this study is to
present a new method, a simple spatial semi-adaptive grid algorithm, which could be an
effective tool for accelerating simulations. In this method, model calculations are
performed only in the grid cells where concentrations in the previous time step are higher
than a user defined threshold concentration. Reduction of the computational time depends
on this threshold value, but decreases of more than 60% are found without decreasing the
accuracy of the results. The efficiency of this method and a comparative analysis of
model estimations with and without this method are also presented in this study.

Key-words: dispersion model, numerical weather prediction model, accidental release,
semi-adaptive grid
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1. Introduction

The potential for an accident in a nuclear power plant requires continuous
developments of atmospheric dispersion models and widespread simulations of
an accidental release of radionuclides with these models. Since the accident at
the nuclear power plant in Chernobyl in 1986, an increasing demand is observable
on the part of countries for construction of sophisticated dispersion models. On
the basis of accurate model calculations, the decision makers have to make
important arrangements, which can save human lives. In the last two decades,
several accidental release models for different spatial and time scales have been
developed. Some of these models are based completely or in part on the
traditional Gaussian formulation. The DERMA (Danish Emergency Response
Model of the Atmosphere) model uses a hybrid stochastic particle-puff diffusion
description (Serensen et al., 1998, 2007). In the horizontal, a Gaussian distribution
of the concentration is assumed for each puff. For puffs inside the boundary
layer, an assumption of complete mixing is applied in the vertical, while for
puffs above the boundary layer, a Gaussian distribution is used. The RIMPUFF
(Rise Mesoscale PUFF) model (Mikkelsen et al., 1997) was applied for example,
in the study of Gultureanu et al. (2000). The Hungarian Meteorological Service
has also adapted the RIMPUFF model for mesoscale simulations of a plume.
The NAME model of the UK MET Office (the British Meteorological Service)
and the Norwegian SNAP model apply Lagrangian description which simulates
numerous particles that provide facility to take account of the effect of the
fluctuation in the meteorological data (Ryall and Maryon, 1998; Saltbones et al.,
1998; Bartnicki et al., 2003; Jones et al., 2007). The Austrian emergency
response modeling system, TAMOS (Pechinger et al., 2001) is based on the
Lagrangian particle dispersion model FLEXPART (Stohl et al., 1998, 2005;
Srinivas et al., 2006) and the trajectory model FLEXTRA (Baumann and Stohl,
1997; Stohl and Wotawa, 1997). The Hungarian Meteorological Service has also
adapted FLEXRTA/FLEXPART for calculating the long-range transport of
particles from a nuclear power plant.

The Lagrangian models have the advantage that they can afford to use high
spatial resolution, although they rely on the interpolation of meteorological data.
Their potential disadvantages are that in some cases they neglect important
physical processes and often experience problems when strongly diverging
flows lead to uncertainties in long-range trajectories. In contrast to the
Lagrangian approach, the Eulerian models use grid based methods and have the
advantage that they may take into account fully 3D descriptions of the
meteorological fields rather than single trajectories. An Eulerian dispersion
model, MEDIA was joined to the emergency response system of the Hungarian
Meteorological Service (Ferenczi and lhadsz, 2003). However, Eulerian models
show difficulty in resolving steep gradients, when fixed meshes are used. This
causes particular problems for resolving dispersion from a single point source,
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which creates very large gradients close to the point of release. For a coarse
Eulerian mesh, the release is immediately averaged into a large area, which
smears out the steep gradients and creates a large amount of numerical diffusion
(Lagzi et al., 2004). Therefore, in some cases a mixed approach is used. In these
models (e.g.. DREAM — Danish Rimpuff and Eulerian Accidental release
Model, or MATCH — Multiscale Atmospheric Transport and Chemistry model),
close to the source, a Lagrangian description is used, while an Eulerian model
calculates the long-range transport (Langnera et al., 1998; Brandt et al., 2000,
2002). The accidental release models are usually coupled with a nuclear
decision-support system, e.g., the DERMA model has become interfaced with
the Accident Reporting and Guidance Operational System — ARGOS (Baklanov
et al., 2006), or RIMPUFF was jointed to RODOS (Realtime Online DecisiOn
Support) system (Ehrhardt et al., 1997; Mikkelsen et al., 1997).

The European real time modeling exercise RTMOD was developed to the
comparison of long-range transport and dispersion models and support of
decision making. It gathers the results of more than 20 models, and it provides
not only one-to-one model comparison but ensemble dispersion forecasts
(Bellasio et al., 1999; Galmarini et al., 2001, 2004).

Although several different kinds of dispersion models are available, further
and continuous developments of simulation techniques are required. Based on
the experience of our previous investigations (Lagzi et al., 2001, 2004, 2006;
Lovas et al., 2006; Mészaros et al., 2006; Dombovari et al., 2008), a newly
developed Eulerian dispersion model is presented in this study. Model simulations
and tests were carried out to estimate the long-range transport of radionuclides
from a nuclear power plant (Paks NPP).

Dispersion simulations must have a high degree of accuracy and must be
achieved faster than real time to use it for decision making strategy. There are
several well defined methods and techniques to decrease the calculation time of
the applications. One useful solution is the parallelization of source code and the
application of the supercomputers, clusters, and grid systems to solve these tasks
(Dabdub and Seinfeld, 1996, Martin et al., 1999; Larson and Nasstrom, 2002;
Alexandrov et al., 2004; Dimov et al., 2004; Martin et al., 2004; Ostromsky et
al., 2005; Singh et al., 2006). A new method for parallelization using newly
developed video-card in CUDA environment is presented in Molnar et al.
(2010). On the other hand, there are several numerical models, in which
adaptive gridding techniques have been implemented (Lagzi et al., 2004, 2006,
2009; Zegeling and Kok, 2004). The numerical algorithm automatically places a
finer resolution grid in regions characterized by high spatial numerical errors.
Therefore, the fine resolution grid follows the plume of the air pollutants.

In this study, a new semi-adaptive calculation method was introduced to
reduce the CPU time for simulating dispersion processes. Using this simple
algorithm, faster simulations are achievable due to decreasing of the active cells
determined by a user-defined critical (or threshold) concentration. Numerical
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simulations are performed only in these active cells, where the concentration of
air pollutant in the previous time step exceeded the predefined level. The
effectiveness of this method (how fast and precise the model) depends on this
critical value. Very large critical concentration may cause uncertainty in the
simulation, and very low critical concentration cannot call forth effective
acceleration. However, the optimal choice of the critical value decreases the
computational time without decreasing the quality of the results.

2. The TREX-Euler model
2.1. Model description

As a part of TREX model-system, developed at the E6tvos Lorand University,
Hungary, the TREX-Euler is a multi-layered, Eulerian passive tracer dispersion
model to describe transport and deposition of air pollutants over the Central
European region. The model was developed in a flexible framework, and
therefore, can simulate both single source accidental releases and photochemical
air pollution. In this study we only focus on the dispersion of radionuclides from
a nuclear power plant. All required meteorological data were obtained from the
ALADIN mesoscale numerical weather prediction model (Horanyi et al., 1996,
2006). In the TREX-Euler model, horizontal dispersion of radionuclides is
described within a regular Eulerian grid framework. The vertical mixing is
parameterized using K-theory. Dry and wet deposition and also the transformation
of radionuclides by nuclear decay are considered in each grid cell. The
simulation of the dispersion is based on the following atmospheric diffusion
equation:
dc;

KZ—XVC,' +V§VCII_(k(‘j+kd1‘+kn‘i)ci+Ei’ (1)

which describes the advection, diffusion, and source and sinks of the
radionuclides. In the equation ¢; is the concentration of the ith radionuclides, V
is the three-dimensional velocity vector, K is the tensor of turbulent diffusions

coefficient, k. ; is the coefficient of radioactive decay, k;;and k,,; are the dry

and wet deposition coefticients, and E; is the emission of radionuclides,
respectively.

This partial differential equation has been solved by ‘method of lines’
technique. The two main components of the method of lines are spatial
discretization followed by time integration. A second-order central difference
stencil and upwind approximation are used for spatial discretization of the
turbulent diffusion and advection. The model uses the forward Euler method to
solve the obtained original ordinary differential equations. However, this
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method is robust only with the appropriately chosen grid spacing (4x) and time
step (4f). An accidental release model must be precise and fast at the same time.
It is difficult to achieve both, because the more accurate and complex the model
is the more computational time is required. The accuracy and the CPU time
depend on model algorithms and also on the spatial and time resolution. For
example, a shorter time step increases the accuracy of solution, at the same time,
the computational efficiency decreases. To preserve the stability of the solution,
the following conditions must be realized between the Ax spatial resolution and
At time step for advection and diffusion, respectively:

|V |At

A—Sl’ (2)
b5

2K At

) <1, 3)
X

where [V| is the amplitude of wind velocity vector and K is the horizontal
turbulent diffusion coefficient. The spatial resolution is same as the resolution of
the meteorological data from the ALADIN model, therefore, the model
calculation was discretized on an equidistant rectangular grid with resolution of
0.0375 % 0.025 degrees (~ 2.5 km x 2.5 km). For this spatial resolution the time
step At was set to 10 s, which assures the stability of solution.

In the vertical direction the model contains 32 levels and the resolution
increases exponentially with height. Each vertical level was determined with the
barometric formula (assuming isothermal layers) in a hypothetical air column,
where the surface pressure is equal to 1013.25 hPa. Up to 200 m above the
surface, the column was divided into 12 levels with equidistant pressure
difference (197 Pa in isothermal layers), up to 3000 m the layers were thicker
with higher pressure difference (1514 Pa), and these two resolutions were joined
together. Two additional levels were added to the bottom and the top of column
to ensure the boundary conditions.

The horizontal turbulent diffusion coefficients (K, and K,) were considered
with a constant value equal to 10* m*s™' (Brandt, 1998). In regional scale, in the
function of the wind speed, the effect of the advection on dispersion is one or
two orders of magnitude higher than the effect of the horizontal turbulent
diffusion. Vertical transport was parameterized using the K-theory. The vertical
turbulent diffusion coefficient (K3) at a given level z has spatial and temporal
variation:

K —ku*:(l - )2 @)
2= (pT s
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where £ is von Karman’s constant taken to be 0.41, u« is the friction velocity, z
is the height above the surface, @y is the similarity function for heat, and H,,,;, is
the height of the mixing layer. Similarity functions for stable and unstable
stratifications were used after Arya (1988). The value of H,,;, was obtained from
ALADIN model. The friction velocity was calculated by the following equation:

ku
Up=————s, (5)
Z0
where z,.5, u, 29, and ¥, are the reference height, wind velocity at this height,
roughness length, and integral form of universal stability correction functions
for the momentum, respectively.
Universal function in stable stratification was estimated after Businger et

al. (1971) in case of z,.r /LSO.S , and an empirical relationship of Holtslag and

de Bruin (1988) was used in other cases, where L is the Monin-Obukhov length.
In case of unstable stratification, the stability function was based on Paulson
(1970). The stratification of the layer was determined iteratively by the Monin-
Obukhov length:

Tu*3
k 2

o

PCp

Bi=

(6)

where 7' is the air temperature at 2 m (data from ALADIN model), g is the

acceleration of gravity, p is the air density, ¢, is the specific heat at constant
pressure, and H is the sensible heat flux. In this study, this latter term was
calculated after Brandt (1998).

The vertical dispersion was calculated with a Lagrangian stochastic,
random displacement method. In this method, the particles, which are in a cell,
are divided into a number of groups or packages (10 packages in this study)
with equal number of particles, and the ‘packages’ are moving together. The
vertical displacement of a package /,, is calculated as follows:

l1,=RVK, (n)At, (7

where R is a random number with normal distribution and K. (»n) is the vertical
turbulent diffusion coefficient at the nst level (z,). During a time step, a particle
package can move only into the adjacent cells (the direction of the movement
depends on the sign of the /,). The ith (i =1 to 10 in this study) package from the level
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z, gets into the level z,,,; (upward) if /,(i) is positive and /,, (i)>(z 4, —z, )/2, and
into the level z,,| (downward) if /,,(i) negative and —/, (i)>(z, —z,_;)/2. If the

condition is not met, the ith package stays at the level z,. From the top and
bottom levels the vertical transport is one way.

During current model simulations, the dispersion of a radionuclide — "*'I —
was considered. The emission was assumed to be from the Paks NPP (46°34°N,
18°51°E) as a point source. The radioactive decay and the change of activity of
BT were simulated. Chemical reactions were not considered. However, the
structure of the program allows simultaneous simulations of the dispersion of
several hundred isotopes, taking into account all radioactive decays and
reactions.

The deposition is handled as a first-order reaction, which decreases the
amount of the radionuclide in the atmosphere. Dry deposition of radionuclides
from the bottom layer is parameterized by a constant deposition coefficient
(3x107° s for "*'I) based on Baklanov and Sorensen (2001). The wet deposition
velocity was parameterized using a simple scheme to calculate the wet
deposition coefficient ky, based on the relative humidity RH with the following
parameterization (Pudykiewicz, 1989, 1991; Brandt, 1998):

k,, =0, if RH<RH,
RH—-RH, ®

kW:3.5><10-5( ) if RH > RH,,
RH ¢ —RH,

where RH is the current relative humidity, RH is the saturation relative
humidity (100%), and RH, is a threshold value of relative humidity (80%);
above which the wet deposition of radionuclides from the bottom layer occurs.
The radioactive decay is calculated by a constant rate: k. =log2 / 11/2 , where the

radioactive half life (#,/,) of "'l is 6.948x107 s.

During the model computations, each process — horizontal spreading
(advection and diffusion), vertical dispersion, source and sinks terms (deposition,
radioactive decay, and emission processes) — are calculated separately using the
operator-splitting approach. The model was coupled with the ALADIN
mesoscale limited area numerical weather prediction model used by the
Hungarian Meteorological Service.

2.2. The semi-adaptive method
In a previous investigation (Lagzi et al., 2006), an adaptive grid model has been

presented to describe the formation and transformation of air pollutants based on
triangular unstructured grids. This technique is based on the calculation of
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spatial error estimations. The algorithm can then choose to refine the grid in
regions of high spatial error by comparison with a user defined tolerance for
radionuclides. Therefore, depending on the numerical error, the spatial resolution
was varied. In this study, another effective way is presented to reduce the CPU
time of model calculations. The model applies a semi-adaptive method to
perform faster simulations. In contrast to the adaptive method, in the newly
introduced semi-adaptive method, the spatial resolution remains constant but a
concentration test is applied to determine if model calculations are to be
performed in particular grid cells.

The main concept of the semi-adaptive method is that the model calculation
is performed only in the grid cells, where a predefined condition is met. This
condition is that the concentrations in the grid point in the previous time step
must be greater than a user defined critical concentration. By this method, the
accuracy and the CPU time depend on the critical concentration and the
simulation period. At the beginning of the simulation, immediately after the
accidental release, the efficiency of the acceleration is higher, since model
calculations are performed only in a few grid points. With the development of
the plume, the efficiency of the method decreases as the number of affected grid
points increases. Through the choice of the critical concentration, the CPU time
and the error of the method can be adjusted. By increasing the critical
concentration, the CPU time can be significantly decreased, however, the
calculation error increases.

3. Results and discussion
3.1. Modeling accidental release

The features of the transport model and the efficiency of the semi-adaptive
method are illustrated by two simulations of a hypothetical nuclear accident in
the Paks Nuclear Power Plant, in the central part of Hungary (46°34°N,
18°51°E). During the simulations, "*'I isotope was emitted into the atmosphere
from the point source to the given grid cell with the rate of 10" cm™ s between
00 and 12 UTC on December 2, 2005 and March 24, 2006. Meteorological
fields (wind speed, wind direction, temperature, relative humidity, cloudiness,
and mixing layer height) were obtained from ALADIN weather prediction
model. Simulations were performed for 48 hours after the hypothetical
accidents. The modeled area covered the region around Hungary (10.85°—
25.1°E, 41.3°-52°N) and contained 8640 grid cells on each 32 vertical levels.
Fig. I depicts the horizontal structures of the radioactive plume originating
from the Paks Nuclear Power Plant at the emission level (120 m above the
surface), 12, 24, 36, and 48 hours after a hypothetical accident on December 2,
2005. The plume structure is predominantly determined by the wind field.
However, other meteorological parameters can also influence the dispersion
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(e.g., vertical temperature gradient, planetary boundary layer height, etc.).
During this simulation period, the Carpathian Basin was affected by a
Mediterranean cyclone and a warm front caused rainy weather. The variable
wind field caused the plume to spread in south, south-western direction in the
first few hours of the simulation, but as the wind direction changed, the
radioactive cloud had moved in eastern, north-eastern, and finally, northern
direction. Due to this variable wind field, a wide region (including all of
Hungary) was affected by the plume. However, as the concentration was highest
after the release, when the plume had moved in southern direction, the highest
cumulative dry deposition of '*'I to the surface appeared to the south of the point
source (Fig. 2a). The cumulative wet deposition (Fig. 2b) was also significant,
because more than 15 mm precipitation occurred in some parts of central
Hungary during two days after the hypothetical accident. Highest wet deposition
was found around the point source (the maximum was higher than 10° cm™),
where the largest amount of precipitation was fallen during 48 hours.

& ~m
10% 10* 10 10* 10* 10> 107 10" em?

Fig. 1. Horizontal distribution map of "*'T concentration at 120 m above the surface,
(a) 12, (b) 24, (c) 36, and (d) 48 hours after the hypothetical accident at 00 UTC,
December 2, 2005.
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Fig. 2. Horizontal distribution map of cumulative (a) dry and (b) wet deposition of Bl to
the surface, 48 hours after the hypothetical accident at 00 UTC, December 2, 2005.

104 10° 10° 10° 10* 10° 10° 10" cm®

Fig. 3. Horizontal distribution map of "*'I concentration at 120 m above the surface, (a)
12, (b) 24, (c) 36, and (d) 48 hours after the hypothetical accident at 00 UTC, March 24,
2006.
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During the period of the second simulation (March 24-25, 2006), an
anticyclone was located over Central Europe, which caused sunny, dry weather.
In the first 12 hours of the simulation, the plume was spread in a wide south-
north belt, which had moved to the North and finally to the East (Fig. 3).
Significant cumulative dry deposition was observed in south-northern axes
(Fig. 4a), however, wet deposition (Fig. 4b) was very minor due to the dry
weather conditions.

501- 22

a8t -

. .
10* 10° 10° 107 10* 10° 10" 10" cm?

Fig. 4. Horizontal distribution map of cumulative (a) dry and (b) wet deposition of "*'I to
the surface, 48 hours after the hypothetical accident at 00 UTC, March 24, 2006.

3.2. Efficiency of the semi-adaptive method

Efficiency of the semi-adaptive method is illustrated by running a set of
simulations with the same meteorological and emission conditions used in the
standard model runs described above, but during these simulations, the
calculations have only been made on grid columns (on active cells), when the
concentration of "'l at least at one grid cell in any of the 32 layers of a given
grid column, exceeds a previously defined critical concentration. Fig. 5 shows
the number of active cells as a function of time, and critical concentrations. The
higher the critical concentration is, the lower the number of active cells are. By
increasing this critical concentration, higher acceleration can be achieved, since
fewer calculations must be performed over the domain. In Fig. 6, the relative
CPU time and the ratio of active cells can be seen as a function of the critical
concentration for a 48-hour simulation (00 UTC, March 24, 2006—00 UTC,
March 26, 2006). In case of relative CPU time, 1 refers to the CPU time of the
simulation without the semi-adaptive method. The ratio of active cells is the
maximum number of calculated horizontal grid cells during the whole
simulation divided by the total number of horizontal grid cells 8640 (96 x 90).
One can see that both the ratio of active cells and the relative CPU time
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decreased with the increase of the critical concentration, but the size of the
decreases are different. For lower critical concentrations (up to 107 cm™), the
relative CPU time decreases rather than the maximum number of active cells
during the simulation. The reason for this difference is that the number of active
cells increases during the simulation. Accordingly, the acceleration is most
effective after starting the simulation and decreases with time as the number of
active cells increases.
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0

Time [hours after accident]

Fig. 5. Number of active cells during a 48-hour simulation after the hypothetical
accident at 00 UTC, March 24, 2006 with different critical concentrations (in cm™).
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Fig. 6. Relative CPU time and ratio of active cells as a function of critical concentration.
Test data: March 24-25, 2006.

In Fig. 6, the ratio of maximum number of active cells are presented,
however, the relative CPU time corresponds to the whole period. In case of
higher critical concentrations (from 10’ ¢m™), with increase of the critical
concentration the number of active cells slightly increases further, but it seems
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that there is no further significant changes in the effective CPU time. This result
suggests that there is a possible limit of the acceleration and any further increase
of critical concentration will not increase the efficiency of the simulation. We
should note that the CPU time also contains the time of unpacking, reading, and
repacking of all meteorological datasets from the ALADIN model output files,
and this time cannot be shortened by the semi-adaptive method.

The decrease of the simulation time of an accidental release model is
crucially important and, at the same time, the method applied for the
acceleration must be reliable. In Fig. 7, the horizontal distribution of the plume
at the surface can be seen after 12 hours of a hypothetical accident using different
critical concentrations. It appears that there is good agreement between maps
with no critical concentration and lower critical concentrations (10°~10° cm™).
The polluted area and region with the highest concentrations can be captured
similarly in all cases. However, some differences appear in the distribution, and
these differences increase with increases in the critical value. For higher critical
concentrations (10'-10” cm ®) the differences became significant, and only the
most polluted area appears in the maps. Additionally, in some part of these
regions, higher concentrations can be found as in case of standard model runs
without the semi-adaptive method. Nevertheless, simulations using high critical
concentrations can rapidly provide information about the direction of plume
transport.

Without
critical concentration

.
104 10° 10° 10" 10* 10° 10" 10" cm’

Fig. 7. Horizontal distribution map of "*'I concentration at the surface 12 hours after the
hypothetical accident at 00 UTC, March 24, 2006 without and with different critical
concentrations (in cm™). Same input meteorological and emission data were used in all
cases. The black point denotes Paks NPP.
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The differences depend not only on the choice of critical concentration but
also on the simulation time. Figs. 8a and b present the relative differences of
average and maximum concentrations of ' at the surface calculated without
(¢1) and with (¢;) a critical concentration.
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Fig. 8. (a) Relative differences of average 'l concentration at the surface during a 48-
hour simulation after the hypothetical accident at 00 UTC, March 24, 2006 in 6-hour
time step. Values are calculated over the whole domain with and without semi-adaptive
method with different critical concentrations (in cm *). (b) Same as Fig. 8a, but for
maximum values.

The relative difference was calculated as diff =|c| —c, |/c;. Relative differ-

ences of average values (Fig. 8a) varied around 0.1 in general, but there are
greater differences in case of 10° e¢m™ critical concentration in the first
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simulation day. From the 36th hour of the simulation, the differences became
larger and the highest differences were found in case of higher critical
concentrations. It is particularly noticeable, that differences decreased at 12 and
36 hours after the hypothetical accident (at 00 UTC). This is because of more
turbulent conditions during daytime. Relative differences of maximum values
(Fig. 8b) show greater variability. Nevertheless, if the critical concentration
remains lower than 10° cm * till the 36th hour of the simulation, model estimation
gives similar maximum values (the relative differences are small). It should be
noted, that for a purpose of a shorter (for 12 hours) prediction of the maximum
value, higher critical concentrations (10°-10" cm™) should also provide
appropriate results.

9
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Fig. 9. Temporal variation of "*'I concentration at the surface over the city of Veszprém
(47.1°N, 17.92°E) after the hypothetical accident at Paks NPP at 00 UTC, March 24,
2006. Values are calculated without and with different critical concentrations (in cm ).

The semi-adaptive method was also tested over given points. Fig. 9 shows
the temporal variations of "*'I concentration at the surface in Veszprém (47.1°N,
17.92°E, about 90 km to the NW direction of the point source) after a
hypothetical accident in Paks NPP at 00 UTC, March 24, 2006, calculated with
different critical concentrations. The plume passed over the city in the same
interval, from 06 UTC to 18 UTC, and maximum concentrations appeared
between 10 and 11 UTC in case of all different model runs with different critical
concentrations. In the time series, about 20% variations on average can be found
between values calculated with and without the semi-adaptive method.
However, these differences are mainly caused by the stochastic calculation of
the vertical transport term and not due to the different critical concentrations.
This can be seen in Fig. 10, where two standard model runs without the semi-
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adaptive method are compared. In spite of that in both cases the same
meteorological and emission input fields were used, similar differences in
concentration values can be seen similarly to Fig. 9, where model runs with
different critical concentrations are presented. The differences between any two
simulations should decrease with the use of more ‘packages’ in stochastic
diffusion. These results also underline that the semi-adaptive method should be
an effective way to accelerate the calculations.
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Fig. 10. Same as Fig. 9, but both time series were calculated without semi-adaptive
method.

4. Conclusion

Modeling of the accidental release of radionuclides or highly toxic air pollutants
requires fast and precise model estimations. In this study an Eulerian version of
the TREX transport-exchange model is presented. We have also provided here a
new method to accelerate the simulation, which is crucially important if a
nuclear accident occurs, as we can gain time to prepare for the effects of the
plume. With the semi-adaptive method, the efficiency of model simulations
could be increased.

Two test simulations have been carried out for 48 hour periods. In case of
each simulation, a hypothetical accident was assumed at the Paks Nuclear Power
Plant, and the transport and deposition processes of "'l have been estimated
over a domain of 96x90x32 grid cells. All meteorological fields for the
simulations were obtained from the ALADIN numerical weather prediction
model. Concentration fields, dry and wet deposition have been presented for two
different meteorological conditions.
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To apply the semi-adaptive method, the model simulations have been
performed only on grid columns, where the concentration exceeds a predefined
level in any of 32 layers in the column. The more efficient the method is, the
most inactive cells are there, so the model became faster than without the semi-
adaptive method, because less calculation is needed. The calculation time
decreases with increasing critical concentration.

Based on our results, it seems that the semi-adaptive method could be an
appropriate tool for accelerating the simulations. With high critical concentration,
10 times acceleration could be achieved compared to simulation without semi-
adaptive method. However, there are some limits to this process. The higher the
critical concentration is, the greater the differences are in the structure of the
plume and in the estimated concentrations compared to the results obtained from
normal simulation. The agreements between two cases are better in earlier part
of simulation and generally decline with time, but more intense turbulence in
daytime should be diminish the differences either during the latter part of
simulation. Although high critical values (more than 10’ cm > — compared to the
emission rate used in this study) may cause large differences in simulated
concentrations, it also should be usable for a fast, rough estimate for the
direction of travel of the plume and the order of magnitude of the concentration.
Determination of the critical concentration plays an important role of this
method in decision support. It should be noted that further investigations should
precede the implementation and any operational use of the semi-adaptive
method in simulation of accidental release. Results of this study contribute to the
further development of TREX dispersion model system.
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Abstract — Dynamical downscaling of the global ARPEGE based ensemble prediction
system PEARP is running quasi-operationally at the Hungarian Meteorological Service
since February 2008. For the downscaling of the PEARP members, the ALADIN limited
area model is used with 12 km horizontal resolution. Both systems have 10+1 ensemble
members (one control member that starts from the unperturbed analysis and 10 members
which start from perturbed initial conditions). At present, both the initial and lateral
boundary conditions of the ALADIN runs are provided by the PEARP ensemble
members, however, it is planned to generate the initial condition perturbations locally at a
later stage. In the article this quasi-operational short-range limited area ensemble
prediction system, as well as its performance through verification results will be
presented.

Key-words: numerical weather prediction, limited area forecasting, predictability,
ensemble method, verification

1. Introduction

In order to predict the future state of the atmosphere, the use of mathematical
models is required. Forecasts are made by solving a set of partial differential
equations, the so-called primitive equations. These equations are nonlinear and,
therefore, impossible to solve analytically. Because of the nonlinear nature of
the equations, the solution is highly dependent on the accuracy of the initial
conditions. The problem is that the true state of the atmosphere cannot be known
exactly. The reason of this is that the number of the observations is limited
(smaller than the degrees of freedom in the models), their distribution is uneven
around the globe, there are inevitable observational errors, and also errors in the
data assimilation techniques. As a result, there will always be some uncertainty
in the initial conditions of the numerical weather prediction (NWP) models.
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(One should not forget that the initial condition error is only one source of the
possible forecast errors, there are errors in the models themselves. However, in
the system described in the present article we only dealt with the initial
condition errors.) Possible solution of the above mentioned problem is to run a
set, or as usually called, an ensemble of forecasts, each starting from a slightly
different initial condition, thus, they are equally likely realizations of the “true”
atmospheric state. The advantage of this method is clear: the spread of the
ensemble members can provide useful information on the predictability of the
atmospheric state, and a probability value can be assigned to different weather
events. In other words, not only the future state of the atmosphere can be
forecasted, but one can also predict the uncertainty related to this forecast.

Since its first operational application in 1992 (see Buizza et al., 1993; Toth
and Kalnay, 1997), ensemble forecasting has become a widely used technique
by many meteorological services around the world. Despite its obvious benefits,
it was used only on global scales and in the medium-range for a long time. In the
last couple of years, intensive research has started to apply the ensemble method
in short-range limited area forecasting as well (see, e.g., Montani et al., 2003;
Jensen et al., 2006; Garcia-Moya et al., 2007). Motivated by the results of these
experiments, research started at the Hungarian Meteorological Service (HMS)
with the final aim to establish an operational LAMEPS' system for the Central
European area, and to see how it can improve the predictions of the existing
global forecasting systems. It was decided to start the experiments with the
dynamical downscaling of global ensemble forecasts. Two possible choices
were considered: downscaling of ARPEGE’ ensemble forecasts (see Hdgel and
Hordanyi, 2006, 2007 for a detailed description of the experiments) and
downscaling of ECMWE® EPS* members (for further information on ECMWF
EPS downscaling see Szintai and lhdsz (20006)).

Since February 2008, a LAMEPS system is running in quasi-operational
status at the HMS. The system is based on the dynamical downscaling of the
ARPEGE (global) ensemble system, PEARP’. The aim of this article is to
present this quasi-operational short-range limited area ensemble prediction
system. The characteristics of the system are described in Section 2. Verification
results are presented in Section 3, and finally, conclusions and future plans are
outlined in Section 4.

1 LAMEPS: Limited Area Model Ensemble Prediction System

2 ARPEGE: Action de Recherche Petite Echelle Grande Echelle (i.e., Research Project on Small and
Large Scales)

ECMWE: European Centre for Medium-Range Weather Forecasts

EPS: Ensemble Prediction System

5 PEARP: Prévision d’Ensemble ARPege

B W
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2. Characteristics of the system

The 11-member short-range limited area ensemble prediction system of HMS
has been running every day, in quasi-operational status, since February 2008. It
is run with the ALADIN® limited area model and it is driven by the members of
the global PEARP system. PEARP is the operational global ensemble prediction
system of Météo-France. The initial perturbations of this global system are created
as a combination of singular vectors (targeted over four different areas) and
evolved perturbations of the previous PEARP run. PEARP has 10+ 1 members
(10 perturbed and the unperturbed control member) and it is run once a day
starting from the 18 UTC analysis.

Fig. 1. The integration domain and the orography of the ALADIN LAMEPS system.

The members of the global PEARP system are downscaled at HMS with
the limited area model ALADIN (for more information on the ALADIN model,
see Horanyi et al., 2006). At present, no local data assimilation or generation of
local perturbations are applied for the LAMEPS. Forecasts are made once a day
starting from the 18 UTC data. In order to be able to use the outputs of the
global model as initial and lateral boundary conditions, an interpolation is
needed to the exact domain and resolution which is used for the model integration.
Once the initial and lateral boundary conditions are in the proper format
(resolution, domain, etc.), the integration of the model can start. The ALADIN
ensemble system is running on a domain covering a large part of Continental
Europe (Fig. 1) with a horizontal resolution of approximately 12 km. In the
vertical 46 levels are used. Forecast length is 60 hours and the time step used for
the integration is 450 seconds (7.5 minutes). Finally, post-processing is
performed on the raw model outputs in order to support the application of the
model results by forecasters or end-users. After performing post-processing to a

6 ALADIN: Aire Limitée Adaptation dynamique Développement International
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latitude-longitude grid, the outputs of the LAMEPS system are mainly visualized
using HAWK” which is used in the everyday work of forecasters to visualize the
outputs of several NWP models (both deterministic and probabilistic),
observations, radar and satellite data, etc. The available products from our
LAMEPS system are the ensemble mean, the ensemble spread (computed
around the mean), individual ensemble members, and probability fields for
several parameters. The individual members can be visualized in the form of
spaghetti diagrams. In addition, plume diagrams are also plotted for several
parameters and selected Hungarian locations.

3. Verification results

Verification of the quasi-operational LAMEPS system was performed for almost
nine months from March 10, 2008 to November 30, 2008 against the ECMWF
analysis. Scores were computed for the whole period and also for the different
seasons separately (only the results for the whole period are shown, not the
separate seasons). The verified parameters were temperature, geopotential, and
wind speed on several levels (500 hPa, 700 hPa, 850 hPa, 925 hPa, and 1000 hPa).
The common LACE® verification package was used. This verification package
was developed in collaboration with colleagues from other LACE countries (see
Hagel, 2006; Mladek, 2006; Kann, 2007). For a detailed description of the
verification methods, the reader is referred to Jolliffe and Stephenson (2003).

3.1. Comparing the error of the ensemble mean and the control member

As a first step, the error of the control member was compared with the error of
the ensemble mean. Since the perturbations in the global PEARP system are
symmetric around the unperturbed initial condition and have a small amplitude
at initial time, the ensemble mean and the control forecast are almost identical in
the early forecast ranges. As no local perturbations are added, the same behavior
is assumed for the LAMEPS. The similarity of the ensemble mean and the control
member means that their RMSE (root mean squared error) is also very similar.
However, after the initial linear phase it is expected that the ensemble mean has
lower RMSE values than the control forecast, since the averaging has the effect of
filtering out the less predictable features and leaving only the more predictable
ones, those that show agreement among the members of the ensemble.

For geopotential the RMSE of the control member and the RMSE of the
ensemble mean were almost identical during the whole period. (Fig. 2a shows
the results for 500 hPa.) For temperature (/ig. 2bh shows the results for 500 hPa)
and wind speed (see Fig. 2c¢ for the scores on 1000 hPa) there was a difference

7 HAWK: Hungarian Advanced WorKstation (http://www.met.hu/nmo/hawk_en)
8 LACE: Limited Area modeling in Central Europe (www.rclace.eu)
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between the ensemble mean and the control forecast already after the first
6 hours, with the ensemble mean having lower RMSE values. Results indicate
that in the case of geopotential, the ensemble members remain centered around
the control member during almost the whole forecast period, hence the RMSE of
the ensemble mean and the control member are almost identical. For wind speed
and temperature the ensemble mean and the control forecast start to differ from
the early forecast ranges, which suggests that nonlinearity has a stronger effect
on these parameters.
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Fig. 2. RMSE of the ensemble mean and RMSE of the control member for (a)
geopotential at 500 hPa, (b) temperature at S00 hPa, and (c) wind speed at 1000 hPa. The
verification interval is March 10, 2008-November 30, 2008. Verification was performed

against ECMWF analysis.
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3.2. Spread-skill relationship, percentage of outliers

Another important feature of an ensemble system is the spread-skill relationship.
The spread of the ensemble system (computed around the ensemble mean)
should be in a good agreement with the forecast error (e.g., RMSE of the
ensemble mean). In the case of large error, large spread is expected as a sign of
high unpredictability. On the other hand, if the spread is small, it is expected that
the situation has good predictability, therefore, the error should be small as well.
If the spread is larger (smaller) than the error, then the system is said to be over-
(under-) dispersive.

In Fig. 3, the spread-skill relationship is plotted for geopotential, temperature,
and wind speed for two levels: 500 and 850 hPa. In all cases the system was
found to be underdispersive, i.e., the spread was smaller than the RMSE of the
ensemble mean.
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Another way of analyzing the spread of an ensemble system is the use of
percentage of outliers diagrams. These diagrams tell us how often the verifying
analysis lies out of the interval defined by the (sorted) ensemble members. Fig. 4
shows the percentage of outliers for geopotential, temperature, and wind speed
at 500, 700, 850, 925, and 1000 hPa.
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Fig. 4. Percentage of outliers diagrams for (a) geopotential (b) temperature, and (¢) wind
speed at 500 hPa, 700 hPa, 850 hPa, 925 hPa, and 1000 hPa. Values are in %. The
verification interval is March 10, 2008 —November 30, 2008. Verification was performed
against ECMWF analysis. The thin horizontal line is the expected value, i.e.,
2-100/(ensemble members + 1).

For all levels and parameters, the percentage of outliers was above the expected
value. This means that the verifying analysis too often falls out of the interval
defined be the (sorted) ensemble members, indicating that the spread of the
ensemble is not sufficient. Both in case of the spread-skill relationship and the
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percentage of outliers diagrams, best results were obtained for 500 hPa and got
worse as going closer to the surface. This behavior might have several reasons,
related to the perturbations used in the PEARP system:

e No perturbation of surface parameters, except for surface pressure.

e The maximum of the energy of the (global) singular vectors is located
around 700 hPa and during their evolution the energy propagates
upwards, rather than downwards.

e The uncertainties related to the physical parameterizations are not
addressed at all during the singular vector computation.

This behavior (better results for higher levels) suggests that surface
perturbations should also be included in the system. One can also conclude that
even for 500 hPa, the spread of the ensemble is smaller than the RMSE of the
ensemble mean, and the percentage of outliers is above the expected value. This
indicates that local perturbations, targeted especially to the area of our interest
would be needed to improve the quality of the system.

3.3. ROC and reliability diagrams

ROC’ and ROC area diagrams represent the skill of the ensemble system
compared to the use of climatological statistics. A ROC area of 1 represents a
perfect system, while an area less than 0.5 means the forecasts have no skill
compared to climatological data. Reliability diagrams are used to test the ability
of the system to correctly forecast probabilities of a certain event. For that
reason, forecast probabilities are plotted against conditional observed
frequencies (with forecast probabilities on the x-axis and observed frequencies
on the y-axis). For a perfect system the points lie along the diagonal.

ROC and reliability diagrams were plotted for wind speed only (for
technical reasons), with thresholds 1, 2, 5, and 10 m/s on five levels (500, 700,
850, 925, and 1000 hPa). Comparison was made between (i) different
thresholds, (ii) different forecast ranges, and (iii) different vertical levels. The
comparison between the different thresholds reveals that results are better for
higher wind speeds. For reliability diagrams, in the case of 1 m/s threshold, the
system shows significant underestimation for low and middle probabilities and
slight overestimation for high probabilities. For higher thresholds, the
underestimation for low probabilities and overestimation for high probabilities
remains, but the curves move significantly closer to the diagonal. (Fig. 6a shows
examples for 1000 hPa and T+60 hours.) Similar results were obtained by
analyzing the ROC diagrams (Fig. 5a): the ROC area was well above 0.5 for all
thresholds, with more skillful forecasts for wind speeds larger than, e.g., 10 m/s
than wind speeds exceeding 1 m/s.

9 ROC: Relative Operating Characteristics
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The comparison between different forecast ranges shows that the system
has similar skill throughout the whole forecast interval, however, results are
somewhat worse in the early forecast ranges according to the reliability
diagrams (this was more pronounced in autumn than during spring and summer).
Fig. 5b and Fig. 6b show examples for 1000 hPa and 10 m/s as threshold.
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Fig. 5. ROC diagrams for wind speed. (a) Diagrams for thresholds 1 m/s, 2 m/s, 5 m/s,
and 10 m/s at 1000 hPa and T+ 60 hours. (b) Diagrams for time range T + 06 hours,
T+30 hours, and T+ 54 hours at 1000 hPa and 10 m/s threshold. (¢) Diagrams for 500 hPa,
700 hPa, 850 hPa, 925 hPa, and 1000 hPa at T+60 hours and 10 m/s threshold. The
verification interval is March 10, 2008 —November 30, 2008. Verification was performed

against ECMWF analysis.
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As regards the different vertical levels, ROC and reliability curves were
plotted for different vertical levels as well. In terms of ROC, results are quite
similar for all levels, the only exception is 1000 hPa where the shape of the
curves was slightly different, but the ROC area was similar to the other levels.
Fig. 5¢ shows examples for T+ 60 hours and 10 m/s as threshold. Reliability
diagrams show that for low probabilities results are quite similar for all levels
and show a very good reliability in case of higher thresholds. For high
probabilities, differences are more significant and the curves lie somewhat
farther from the diagonal with better results for higher levels. This is in
agreement with the conclusions drawn from other verification measures. Fig. 6¢
shows examples for T+ 60 hours and a 10 m/s threshold.

3.4. Comparing the performance of the global and the limited area systems

When running limited area forecasts, it is always important to know whether the
limited area model can improve the predictions of the global model or not.
Verification results of the global and the limited area ensemble systems were
compared to each other during the pre-operational experiments (Hdagel and
Horanyi, 2006, 2007) for the period from January 15, 2005 to February 15,
2005. It can be said that by simply downscaling the global PEARP forecasts
using the higher resolution ALADIN model, it is very difficult to achieve
significant — overall — improvements. For some parameters and verification
measures the limited area ensemble forecasts performed better, in other cases the
global forecasts were more skillful. Also, in a couple of cases, the two models
had nearly the same scores. Some aspects behind these results might be the
relatively small resolution difference between the global and the limited area
models (approximately 23 km and 12 km, respectively), or the too strong impact
of the lateral boundary conditions.

As limited area models are running with a better horizontal resolution than
their global counterparts, the representation of the orography is more realistic,
which is very important in the case of, e.g., wind or precipitation forecasts. As a
result of the increased resolution, limited area models can produce more reliable
mesoscale structures. Therefore, it is important to run limited area models even
if there is no significant — overall — improvement with respect to the global
model providing the lateral boundary conditions.

In addition, one should not forget that it is a common phenomenon, that high
resolution models might perform worse (on average, not for all individual cases)
than the low resolution ones, when usual verification measures are applied.
Although the increased resolution generally produces more realistic results,
inevitable errors in timing and position can lead to larger RMSE values than for
the smoother forecasts of the low resolution model. This is known as the double
penalty problem. Therefore, the results presented above (i.e., no significant
overall improvement by the limited area system) should be interpreted with care.
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Fig. 6. Reliability diagrams for wind speed. (a) Diagrams for thresholds 1 m/s, 2 m/s,
5 m/s, and 10 m/s at 1000 hPa and T+ 60 hours. (b) Diagrams for time range T+ 06 hours,
T+30 hours, and T+ 54 hours at 1000 hPa and 10 m/s threshold. (¢) Diagrams for
500 hPa, 700 hPa, 850 hPa, 925 hPa, and 1000 hPa at T + 60 hours and 10 m/s threshold.
The verification interval is March 10, 2008 —November 30, 2008. Verification was
performed against ECMWF analysis.

4. Conclusions

In February 2008, a short-range limited area ensemble prediction system — based
on the ALADIN model — was put into operations at HMS in order to gain
experience not only from case studies and test periods, but on a day-to-day, real-
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time basis. At present, the only operationally feasible solution is the direct
downscaling of the PEARP members, therefore, this method is applied.
Verification results of almost nine months (from March 10, 2008 to November
30, 2008) were analyzed using several verification measures for different
parameters. As an overall conclusion it can be said, that the system behaved
very similar in all three seasons (only the overall scores were shown). In spite of
the problems with the spread-skill relationship (especially observed at lower
levels and the surface), there are cases when the ensemble members show large
spread, indicating the high uncertainty of the situation. In such cases the
LAMEPS is definitely a useful complement of the operational deterministic
ALADIN run. Results have shown that better scores are obtained for higher
levels. The possible reasons of this behavior were described in Section 3.
However, it is important to have skillful prediction of surface parameters as
well. It would also be desirable to compute perturbations that are targeted for the
area of our interest (Central Europe, particularly Hungary), in order to improve
the spread-skill relationship and the quality of the forecasts as well. For these
reasons it was decided to focus on the evaluation of local perturbations.
Experiments have started to compute singular vectors with the ALADIN model
(sce Hagel, 2008). The aim of these experiments is to generate perturbations
from the ALADIN singular vectors, and use them to perturb locally the initial
conditions of the LAMEPS system. Perturbation of surface fields is also an
important issue to be solved. A possible solution could be the method applied in
the LAEF' system. Thus, the quasi-operational LAMEPS system of HMS is
going to be developed and improved continuously, using the results of the
ongoing researches.
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Abstract—The analysis of turbulent flows in urban areas is part of our research for
simulating meso- and microscale atmospheric flows, since it is of great significance with
respect to civil design and environmental protection. The application of general purpose
computational fluid dynamics (CFD) solvers for the examination of smaller scale
atmospheric phenomena, such as urban flows, has many advantages due to their flexible
use on arbitrary meshes with complex geometries. A CFD solver has been adapted to
atmospheric applications by using a purpose developed transformation method along with
some volume sources active in the transport equations. In this way, the effects of the
thermal stratification, adiabatic temperature variation, compressibility, and the Coriolis
force were taken into account. Our present work is aimed at the development of a
simulation methodology and software components for solving urban ventilation problems
with special respect to the modeling of urban canopy layers. An advantage of the CFD
based modeling technique is that the mesh size could change continuously in the
computational domain according to the location of the building arrays, the road-system,
and the examination area. This paper presents the modeling concept and its functionality
in practice.

Key-words: CFD, urban canopy, turbulent flows, distributed drag force approach, two-
equation model

1. Introduction

The detailed description of turbulence in the atmospheric boundary layer (ABL)
is essential with regard to the dispersion and heat transfer processes, both within
and above urban canopies. The realization of the accurate description is very
difficult due to the complex structure of an urban canopy layer, which is a varied
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system of bluff obstacles including trees and buildings. The examination of the
urban climate, including the ventilation of the city, is possible by using
statistical methods, such as roughness parameter mapping (Gal and Unger,
2009) or using dynamical methods. Though the detailed numerical simulation of
flows in an urban canopy layer is possible by using CFD techniques, the higher
numerical cost of the spatial discretization of the complex geometries makes this
unrealizable in practice for very large domains. Finding the balance between the
numerical cost and reasonable results is very important with regard to the civic
design and environmental protection.

A potential technique, which keeps the balance, and furthermore, conforms
to the variation of surface coverage, could be a hybrid method, such as a
combination of the explicit and implicit description of the flow properties in an
urban canopy. For simulating turbulent flows in the mostly exposed areas (e.g.,
some parts of the downtown area) where we need the most detailed results, the
explicit modeling of the buildings could be used, and in the other parts of the
examination area, the distributed drag force approach (Green, 1992; Liu et al.,
1996), as an implicit technique, could be applied with much lower numerical
costs, although resulting in a lower resolution.

The efficient modeling of the flows in the atmospheric boundary layer,
including turbulence, is feasible by solving the unsteady or steady state
Reynolds-Averaged Navier-Stokes (URANS and RANS) equation due to the
relatively low computational cost and reasonable accuracy. One of the most
common turbulence model used in microscale investigations is the k—¢ two-
equation model both for unsteady (URANS) and steady (RANS) simulations
(Hargreaves and Wright, 2007). The main goal of this study is to develop an
efficient hybrid method for simulating turbulent urban flows with CFD
techniques.

2. Application of a general purpose CFD solver for atmospheric simulations

The use of a general purpose CFD solver adapted to atmospheric applications
(Kristof et al., 2009) based on the realizable k —e model (Shih et al., 1995) could
be efficient for simulating urban ventilation and heat island problems in practice.
The most common solvers are not capable of handling all of the physical
processes in the arbitrarily stratified atmosphere, hence a mathematical
transformation has been developed (Kristof et al., 2009). These are implemented
in the ANSYS-FLUENT simulation system as a user defined function package,
and validated with well documented laboratory experiments, analytical
solutions, and widely accepted numerical results. This function package has
been extended with functions for taking into account other important physical
effects in connection with geophysical use, such as Coriolis force effects
validated by analytical solutions. The results of the simulations of non-
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hydrostatic phenomena, such as a descending cold air bubble, laboratory scale
gravity waves, as well as urban heat island circulation agree well with
references. The implemented physical processes, along with the distributed drag
force approach, allow for the simulation of non-hydrostatic atmospheric flows in
an urban environment. The present study focuses on modeling the impact of the
obstacle arrays in the urban canopy layer, although, the examination of heat
island phenomena is also in progress.

3. Distributed drag force approach

Recently, the application of CFD techniques is increasing in the field of
micrometeorology, thus the knowledge of the flow structure and turbulence in
an urban canopy layer is rapidly developing as well. Many scientists are working
on the development of a distributed drag force approach, both for vegetated
canopies (e.g., Green, 1992; Liu et al., 1996) and for building arrays (Lien and
Yee, 2004, 2005; Lien et al., 2004, 2005; Carissimo and MacDonald, 2002).
Therefore, it already has a solid theoretical background. This approach has
already been used in practice for the urbanization of weather prediction models
(Hamdi and Masson, 2008) to implicitly take into account the effect of buildings.

The essence of the drag force approach is an additional drag term in the
momentum equation and two other terms in the transport equation of the
turbulent kinetic energy (k) and the turbulent dissipation rate (&). The drag term
of the momentum equation is composed of the viscous and the form drags, while
the value of the viscous component is much lower than the form component.
Therefore, the former could be neglected. With this simplification, the source
term of the momentum equation has a general form of

S[:_p(:dA,‘UUi, (I)

where p is the air density, C; is the drag coefficient, 4; is the frontal area per

unit volume normal to the ith direction, U is the velocity magnitude, and u; is the
velocity component in the ith direction. The unit of the momentum source is
Nm> s

In the case of vegetated canopies, the obstacles (e.g., branches and leafs)
convert the kinetic energy of the flow into wake turbulences with a smaller
length scale than the shear-generated turbulence. Therefore, the canopy yields a
net turbulent kinetic energy loss (Green et al., 1995) instead of enhancing the
wake production. This could be modeled with a source term in the following
form,

Sp=pCqdy [ﬂpUz_ﬁdUk]’ )
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where Ay is the total frontal area per unit volume, & is the turbulent kinetic
energy, /3, constant is a fraction of the mean flow kinetic energy produce &, and

B is an empirical constant for short-circuiting the turbulent cascade (Green,
1992). The unit of the turbulent kinetic energy source is kgm s '

The simplest model of the turbulent dissipation rate source term is based on
the Kolgomorov’s relation, which yields

&€
Sé':CS4;Sk' (3)

The units for the turbulent dissipation rate source are kgm™*s™'. In Eq. (3), £is

the turbulent dissipation rate and C4 is a constant. This relation was improved
by Liu et al. (1996) providing a better fit to wind tunnel data. Accordingly, an
alternative model could be defined as a more general form, which reads

&
Se zpCdAfI:C£4ﬂp;U3_C€5ﬁdU€}- 4)

In Eq. (4), the new constant Cg5 defines the mixing length anisotropy, if it is
not equal to Cg4. Otherwise, the alternative model of Eq. (4) turns into the
simpler Eq. (3) as noticed by Sanz (2003). It should be mentioned, that the
source term of the turbulent dissipation rate is required in those microscale
simulations that are based on two-equation turbulence models. In mesoscale
models these terms can be neglected (Otte et al., 2004). The coefficients in Egs.
(2)—(4) depend on the type of the turbulence model applied and the characteristics
of the canopy layer. The relations between these constants and the constants of
the k—& model, together with the characteristics of the vegetated canopy were
suggested by Sanz (2003) and were analyzed by Katul et al. (2004) and Sanz and
Katul (2007).

In the present studies, the source terms of the momentum, turbulent kinetic
energy, and turbulent dissipation rate were modeled in the above presented
forms, applying the alternative model for describing Sg. In vegetated areas, the
properties of the drag terms were based on the works of Balczé et al. (2009),
while in building arrays, the drag coefficient C; was calculated as a function
based on the volumetric porosity of the obstacle arrays (Appendix A) applied by
Coirier and Kim (2006) in a similar application.

The goal of our method is to provide a mesh which follows the outlines of
open areas, such as streets, squares, and open fields. The drag source terms
should not be applied in these areas if the local mesh resolution is sufficiently
high, thus explicit modeling is possible. Therefore, the impacts of these
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cavities can be taken into consideration, although this strongly depends on mesh
resolution.

4. An example on modeling turbulent flows in an urban canopy layer

In this section, we introduce a typical and practical application of CFD
techniques in modeling turbulent atmospheric flows in urban areas. In this case
study, the examination area is the 11th district of Budapest (the capital of
Hungary), where a diversified landscape could be found, ranging from rural to
downtown areas. Since this region is also surrounded by diversified regions, the
examination area was extended with a relaxation zone for simplifying the setup
of the lateral boundary conditions (Appendix B). In this way, the dimensions of
the examination area in the x, y, and z directions were 9155, 7150, and 1800 m,
respectively, while the computational domain extended by the relaxation zone
(Fig. 1) is twice the original.
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Fig. 1. Top view of the computational domain colored by the elevation. The similar
surface coverage regions are highlighted (fine solid lines) in the examination area (thick
dashed line), which is extended with the relaxation zone (thick solid line). The circles
denote the sampling points of different canopy profiles used later.

The geometrical setup of the computational domain was based on the
SRTM (Shuttle Radar Topography Mission) elevation database and a raster
graphical map. It contains surface coverage and building cluster data in a
simplified, type dependent form. The elevation data could be used after a
coordinate transformation from WGS84 to a Cartesian frame of reference,
namely the Uniform National Projection system (Hungarian abbreviation:
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EOV). Nevertheless, the surface coverage data needed a pre-processing
procedure for efficient use in modeling. As a result of these, the properties of the
canopy layer such as the canopy layer height, the frontal area and solid fraction
of the obstacles are available at each region of the computational domain. Since
the domain contains several regions, we only introduce some typical parameters
of urban type canopies (Table 1).

Table 1. Typical values of the total canopy height /, the solid fraction 4, and the frontal
area per unit volume 4y in the urban type canopy, from different parts of the examination
area

Suburban Block of flats Downtown
(sample C) (sample B) (sample A)
H [m] 7 20 15
4[] 0.3 0.4 0.6
A, [m’m™] 0.55 0.63 0.77

Due to the finite volume method used in our simulation system, the spatial
discretization of the domain, based on the computational mesh, is a system of
wedge cells. This mesh was generated from the elevation data and the polygons
are bounding the areas with the same type of surface coverage. The cells are
triangular wedges with vertical orientation and their lateral edge length is varying
between 8 and 160 meters in the examination area, growing up to 1000 meters in
the relaxation zone, with a cell growth rate 1.3. For open fields, such as wider
streets, parks, and the Danube River, the mesh size is the minimum possible.
Therefore, the impact of these could be described at a higher resolution, as it can
be seen in Fig. 2.

Vertically, the cells are ordered in layers and their height is increasing from
3 to 530 meters with the distance from the ground surface. The layers follow the
terrain near the ground and become flat when approaching the upper boundary.

At the inlet boundaries the velocity components, turbulent kinetic energy,
and dissipation rate were defined as pre-calculated profiles shown in Fig. 3.
These were calculated by a one-dimensional, steady-state, realizable k —& model
with the reference surface coverage conditions.

The wind climate in the district could be examined by averaging the results
of the simulations executed for different boundary conditions. In the present
example, eight runs were performed with different boundary conditions for the
primary wind directions heaving the same velocity magnitude at 10 meters,
which was 3 m s'. The simulations were steady state runs, while both the non-
hydrostatic and Coriolis force effects were neglected. Therefore, only the source
terms of the porous drag model and the non-reflective diffusion were enabled.
The solver was used with second order upwind schemes for the spatial
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discretization of the momentum equation, the turbulent kinetic energy and
turbulent dissipation rate transport equations, and a second order scheme for the
pressure equation. For better numerical stability, the SIMPLE pressure-velocity
coupling was used, along with the node based Green-Gauss gradient scheme.
With these settings, the simulations for the eight wind directions took only six
hours using a Quad-Core computer.
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Fig. 2. The structure of the computational mesh of the downtown area of the 11th
district, where the shaded areas show the building arrays, and the white ones denote
uncovered areas such as streets, squares, and open fields, together with vegetated areas.
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Fig. 3. Vertical profiles at the inlet boundaries, where the velocity magnitude (black) is

scaled by the reference value at 10 meters above the ground. The turbulent kinetic energy
(dashed) and dissipation rate (dashed-dotted) are normalized by the values next to the wall.
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5. Results

Vertical profiles of the weighted average of the velocity magnitude and the
turbulent shear stress, plotted along lines selected from different canopy regions

from sampling points A, B, and C in Fig. /, are verified using analytical canopy
profiles. The analytical canopy profiles were published by Finnigan and Belcher

(2004), calculating the velocity as

Wi g | Z=HHE ) a5 epy
U(z)= & zp 5 (%)
UgelPa8ila | if z<H
and the shear stress as
du 12
i (6)

T(z)=/m2[dz

where U (z)and 7(z)are the velocity and the shear stress magnitudes, u ,is the
friction velocity, x is the von Karman constant, z is the height above the ground,
H is the height of the canopy, U is the velocity magnitude at the top of the
canopy, d is the displacement height, z is the roughness height, /,, is the
mixing length, and A is a constant of the profile. Note that u ., z(, d, and /,,
are functions of the canopy density. These fall within the range of the analytical
results, for low and high canopy densities (Fig. 4), although some differences
could be found in the shape of the profiles farther on the ground surface. The
reason of these differences could be that the analytical profiles were calculated

for flat surface, while our simulations were applied on complex terrain.
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Fig. 4. Normalized velocity and shear stress profiles as a function of the height scale z/H,
where Uy, is the velocity at the top of the canopy and 7'= puf . Sampling points A, B,

and C can be seen in Fig. /.
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The averaged flow fields, which characterize the different regions of the
district concerning the ventilation, are calculated from the results of the different
cases weighted by the probability of the case dependent wind direction, both for
the velocity magnitude and turbulent quantities. The average velocity magnitude
as a quantitative parameter predicts the ventilation of the different regions, while
the turbulent intensity contains useful information about the turbulent
fluctuations. These were plotted at different heights above the ground, namely at
10 and 30 meters. The velocity and turbulent intensity fields are also scaled by
the reference values of those calculated from the inlet profiles taking into
consideration the local elevation. Since the inlet profiles are defined for an
undisturbed free flow over a smooth surface, the scaled fields express the impact
of the topography of the examination area and the topology of the canopy layer.

Fig. 5. Distribution of the velocity magnitudes scaled by reference values (inlet profiles)
in the examination area, at 10 meters above the ground.

Near the surface, as shown in Fig. 5, over open areas, such as streets,
squares, parks, and over the Danube River, the velocity magnitudes are
significantly higher than the reference values due to the horizontal displacement
of dense regions where the flow is moderated by obstacles. Moving away from
the surface, the velocity is increasing as an effect of the canopy reducing
blocking, although above the canopy layer height, the impact of the drag is still
realizable (Fig. 6).

The scaled turbulence intensity has a local minimum near the surface
(Fig. 7), since the reference turbulence intensity has the maximum next to the
wall. The reference profiles were calculated with free flow conditions, thus, only
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the wall has an impact on its turbulent properties. At 30 meters above the
ground, shown in Fig. 8, the turbulence develops at the boundaries of the blocks,
mainly where the canopy properties change suddenly. This effect is stronger on
those side of the canopy blocks where the gradient of the porous drag has a high
positive value in the streamwise direction of the locally dominant wind.

Fig. 6. Distribution of the velocity magnitudes scaled by reference values (inlet profiles)
in the examination area, at 30 meters above the ground.

Fig. 7. Distribution of the turbulent intensity scaled by reference values (inlet profiles) in
the examination area, at 10 meters above the ground.



0.00

Fig. 8. Distribution of the turbulent intensity scaled by reference values (inlet profiles) in
the examination area, at 30 meters above the ground.

6. Conclusions and further developments

After the implementation of the distributed drag force parameterization, a
practical application was executed, which demonstrates the capabilities of the
CFD based approach in fields of the urban climatology and pollution control.
The source term of the parameterization was applied within the areas where
obstacles were found, thus, the impacts of the street canyons could also be
considered. The properties of the canopy layer were also changed according to
their type. The averaged results of the simulation were verified with analytical
canopy profiles in representative points and good qualitative agreement has
been found.

The results of the current study are useful for the further development in
modeling stratified canopy layers, including the effects of the heat island
phenomena and thermal convection. The realization of this requires the
adaptation of the parameterization schemes modeling heat transfer and storage
in the urban canopy layer (e.g., Vu et al., 2002) with higher resolution.
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Appendix A: Calculation of the drag coefficient

For the simplification of the drag coefficient C;, it was calculated as a function

of the volumetric porosity of the obstacle array applied by Coirier and Kim
(2006) in a similar application. After adapting this function to our model, the
drag coefticient could be defined in the following way

min(Az,H-z_.+0.5Az)

Ca= [1-4, ]Az
02 it z,—0.5Az>H

y i 2,—05AzsH (A1)

where A, is the total solid volume per unit volume composed by the volume of
the buildings and the vegetation, A is the canopy height, z . is the height of the
cell centroid above the ground, and Az is the height of the cell.

Appendix B: Simplified specification of the boundary conditions

Both the elevation and surface coverage data were relaxed in the space to their
reference values along the relaxation zone from the edge of the examination area
to the lateral boundaries with the use of a dumping function Eq. (6). The
reference value for the elevation was its spatial average at the lateral sides of the
domain, while for the specification of the relaxed surface coverage parameters,
the properties of the open grassland were used as a reference. For this reason,
identical vertical profiles could be defined at every inlet boundary, calculated
with the reference surface coverage properties.

4 b = 2‘ , rel0,z]. (B1)

The dumping coefficient o () is a function of the normalized distance from the

closest lateral boundary ». In the relaxation zone, the elevation and the
characteristics of the canopy continuously approach a reference value defined on
the boundary by Eq. (7).

¢(r)=0(r)p, +[1-0(r)lg, (B2)

where ¢ and ¢, are the values of the relaxed parameter at the nearest part of

the examination area and at the lateral boundary, respectively. The realization of
the non-reflective boundary conditions could also be obtained by using
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additional source terms (Bodony, 2006) in the relaxation zone as an analogy of
Eq. (7), which is, written in a general form, is

o(r
A

Sr ()‘,¢)=— )[p¢_prqf¢ref ]’ (B3)

where S, is the non-reflective diffusion source term, At is the time-step size, p
and ¢ are the current, p,.rand ¢, are the reference values of the fluid density

and the field variable of the transport equation, respectively. The field variable is
the velocity in the source term of the momentum equation, the enthalpy in the
energy equation, and ¢ equals 1 in the continuity equation. Note that in steady

simulations, the value of the time-step size could be replaced by a time scale,
while in incompressible cases p is equal to p ...
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In memoriam: Dezso Dévényi (1948 -2009)

By now, we all know the stubborn facts: on November 26 Dezsd Dévényi
suddenly passed away of a heart attack in Boulder, Colorado. Maybe we are
over the first shock, but it is still impossible to understand and comprehend that
Dezs6 1s not among us any more, and surely we are unable to account how much
Hungarian and international meteorology lost with his death.

Dezsé was born in Keszthely, attended the E6tvos Lorand University in
Budapest, and he received his MSc degree in meteorology and teacher of
mathematics/physics in 1973. During his entire career his scientific interest was
devoted to the mathematical problems of meteorology. His basic interest towards
atmospheric data assimilation (the statistical aspects at that time) started in the
mid-70s, when he had several visits to the Soviet Union (in Leningrad, now St.
Petersburg), and he had the opportunity to meet and work with Lev Gandin, the
father of atmospheric optimal interpolation. This interaction probably determined
his later scientific interest within meteorology, which was numerical weather
prediction and mainly data assimilation. Later he co-authored (with Ott6 Gulyas)
a book entitled “Mathematical Statistical Methods in Meteorology”. This is still
an important reference in statistical training for Hungarian students reading
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meteorology. In the second part of the 1980s he played a major role in the
establishment of operational numerical weather prediction in Hungary by initiating
cooperation with the Swedish Meteorological and Hydrological Institute (SMHI)
in order to adapt their limited area model. Besides putting the SMHI model into
operations, this adaptation work also led to the establishment of a small NWP
team (consisting of 3—4 scientists at that time), which was the nucleus of the
recent (much larger) NWP team of the Hungarian Meteorological Service. He
was one of the early pioneers who visited Météo France in March 1991, to
discuss and assess the feasibility of the LAM-ARPEGE project, which later
became known as ALADIN. (And now it is an essential numerical weather
prediction project not only in Central Europe, but also including the HIRLAM
countries, who are now working on code cooperation with the ALADIN group.)
He received his scientific degree at the Hungarian Academy of Sciences (which
was later recognized as a PhD at the E6tvos Lorand University) in 1991 with a
thesis entitled “The Application of Satellite Data in the Objective Analysis of
Meteorological Fields”. Dezs6 joined NOAA’s Forecast Systems Laboratory in
Boulder, Colorado for the first time between 1991 and 1993. After a short break
for a return to Hungary, he continued his work in the US from 1995 to 1999 and,
after another “Hungarian” break, from 2000 onwards. His work in the US was
closely related to data assimilation with the development of the Rapid Update
Cycle (RUC) and later Rapid Refresh (RR). During his years in Hungary he had
several managerial positions (the highest being vice president) at the Hungarian
Meteorological Service, but his main interest focused on the scientific aspects
(rather than the administrational ones) of meteorology. In 1996, he was awarded
the Doctor Habilitationis Degree by the Eotvos Lorand University, where he
became an Associate Professor between 1999 and 2004.

Besides his official positions at the Hungarian Meteorological Service,
Dezs6 was active in the social life of meteorology as well. He was a member of
the Hungarian Meteorological Society, the Mathematical Society of Hungary,
and lately the American Meteorological Society, too. He attained membership
and became elected chairman of various Working Committees of the Hungarian
Academy of Sciences (for Observations and Data Assimilation, Atmospheric
Dynamics, Climate). He was member of the Editorial Board of the IDOJARAS
(Quarterly Journal of the Hungarian Meteorological Service), where he made
important contributions both as author and reviewer of numerous scientific
papers.

Dezs6 was also famous for his passion of reading professional (during the
early mornings) and recreational literature (in the evenings). He had a very
extensive library on various topics of mathematics and physics, but he was also
a fan of science fiction literature. He had a keen interest in sports, especially
football, and avidly followed European sport events, football championships,
and major international tournaments as much as time permitted. He very much
regretted that in the United States opportunities to watch good football matches
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were limited. This was just another reason, why, in the last years, he planned his
final return to Hungary.

Dezs6 was a well-known and recognized person in the Hungarian
meteorological society in spite of the fact that for the last 15 years he had been
mostly living in the United States. His special, sometimes ironic and sarcastic
sense of humor was highly appreciated. He kept in contact with many of us, and
when he came home for a short visit, he never forgot to meet with old colleagues
and friends and regularly presented his scientific achievements at the Hungarian
Meteorological Society. Dezs6 was a great teacher of numerical weather prediction
for an entire generation of Hungarian meteorologists. Many of us now working
in numerical weather prediction or other related fields recognize him as our
mentor. He was much more than that for some of us, for those having everyday
contacts even when he was far away in space, but not in thoughts. It just means
that many of us miss him tremendously, but we will always remember him as
the “father” of numerical weather prediction in Hungary, a colleague who never
forgot his roots in Hungary, and a friend to whom we could always address
questions, being sure to get the most appropriate answers almost immediately.

Although this remembrance is a farewell to Dezsé on the pages of
IDOJARAS, we will never forget him, and we will follow the tracks he laid
down for numerical weather prediction.

Andras Horanyi and Gabor Radnoti
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