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ABSTRACT 2. LEARNING THE RANDOM MEDIA PARAME-

. . . TERS USING NON-LINEAR FILTERING
We present a new algorithm for the provision of real time
estimations of turbulent parameters (TKE and EDR) aBefore presenting the technological application, we out-
we filter the perturbed data of a Doppler lidar. The algofine the theoretical background with the acquisition pro-
rithm uses stochastic models for the atmospheric turbieess of a random field along a random path. A more pre-
lence and for the remote sensor observation. The resulise presentation may be found in [3]
show that we are able to catch fine and fast structures _ , . d
in the Boundary Layer. Here we applied our method t41€7€ We consider a configuration spaée C R,
the experimental data of the BLLAST experiment whicif! € N", & metric locally compact space and a phase
used a vertical lidar. We finish by comparing the strucspaceE’ C R*, @’ € N*, a vector space, both endowed
ture of the estimated TKE profiles to the TKE profiles ofwith some o—algebra,& and £’. Then for any time

a Meso-NH simulation. t € [0,T] whereT < oo we considetX; a(FE, £)-valued
random variable called the acquisition path and for
1. INTRODUCTION any pointz € E we considerX; , a (£, £&’)-valued

. ) . random variable family (random vector field). Then
There is presently no proven ground-based mstrumenta":fe define the pair of applicationsX;, X;,) as the

technique able to measure automatically vertical profile cquisition System of the random vector field and we

of turbulence properties (Turbulent Kinetic Energy, TK . . Lo
or Eddy Dissipation Rate, EDR) in the boundary Iayerqlefme for anydemeasurable functiar the Acquisition

The best approach consists in using aircraft or tetherddyocess byA; 2] F(X{ x,). As an easy example, the
balloons. The use of remote sensors has been considek&girangian modelling could be seen as the Acquisition
for quite some time. Some works have also been dorf&rocess of an Eulerian field along the particle trajectories
with Doppler lidars that confirms the great potential of
this type of instrument for the observation of small-scaIeF
fast evolving, atmospheric flows. They suggest that the
Doppler lidar is a possible and interesting remote sensin
technique for the characterization of turbulence ([1; 2]).

or a locally homogeneous medium, given a familly

balls B;(x) along the random patlX,;, we may
mpute the expectatidB( f (X, A;) | X; € Bf). One
may show [3] that there is a Feynman-Kac [4] structure
We have been working on the characterization of turbuo this conditional expectation. By this way, we can
lent media (at the aerological scale) using non-linear filpropose some algorithm to estimate the probability
tering technique and stochastic modelling of the turbutaws of this mean-field process with stochastic particle
lence or/and the sensor measurements. These technigapproximations. This is a two-step scheme. The first one
are based on the particle approximation of the probabilitis the Markovian prediction of the medium evolution.
laws conditioned by the actual observation. These lawBhe second step is a Markovian state selection using a
make it possible to denoise the observations and retriep@tential function given by the Acquisition Path. The
turbulence parameters. We will present the applicatioselection kernel is composed of an acceptance/rejection
of these works to Doppler lidars. This highlights the reapart and a resampling for the rejected states. This update
possibility to retrieve wind, TKE or EDR in the Boundary meets the conditioning of the medium to the Acquisition
Layer probed by this instrument. trajectory.

We show the ability of our method to learn the vertical

profiles of turbulence parameters from real data. We takdsing this background the filtering problem is then an
examples during the experiment BLLAST held in Juneeverlay, the Markovian dynamics being driven by the
July 2011 and we compare our results with slow estimaAcquisition Process estimation (see [3]). The non-linear
tions of EDR or TKE using tethered balloon. We alsdfiltering consists in the computation of the probability
show how to compare our estimated profiles to numericdws of an hidden Markov proced$ conditionally to the
simulations using the Meso-NH model. observations)jy ;. Then the filtering learning retrieves



the Markov components, including the non-observedve have chosen a truncated normal distribution with a
ones. In this manner we realize the learning of theupport—1, 1] and a standard deviation ab@ud1.
random medium as well as the filtering of the dynamical

state. In our method we use a stack of SLM and the stochas-

tic particles are free to leave their segment. This may
What kind of prediction model should we use for thehave (at least) two consequences. We have to deal with
acquisition process estimation? If we have local obseobverloaded or underloaded segments. This is particularly
vations of a random medium, it may be interesting tarue at the limits of the domain. The outgoing particles
use a local model, such as Stochastic Lagrangian Modate randomized into the domain using an importance rule
(SLM). The numerical domain is covered with a collecfavouring the less loaded segments. The management of
tion of local models. These models have local or globahe particle number in the different segments is performed
interactions. This is often the case when we have sparaging min and max bounds around a mean profile deter-
observations. It is more powerfull to have adjusted locahined at the beginning of the experiment using the atmo-
models instead of a global one with a mean adjustemenpheric density. This profile is computed with a rough
We use this type of dynamics in the case of lidar observastimation of the temperature gradient. It is only used
tions. for the determination of the bound numbers for each seg-
3. STOCHASTIC FILTERING FOR VERTICAL ment. Using the max bounds if a segment overshoots the
LIDAR OBSERVATIONS particle number, we withdraw particles and randomize
them in other segments according to the importance rule.
The theoretical background being settled, the adaptatidssing the same idea, if a segment is starved of particles,
of the general problem to the lidar observation concernse withdraw some particle to the most filled segments
mainly the management of a 1D medium observed bysing the importance rule. These different rules linked to
point measurements. In this study the lidar beam is vethe particle numbers ensure we have enough particles for
tical, therefore we use bounded column model splittethe conditional expectation estimations. But whatever the
in several segments centered on the lidar measuremgmecautions, the accuracy of the first and last level are af-
points. Therefore we have regular intervals driven byected by the algorithmic choices and suffer of the lack of
the observation with a minimum level and a maximurnphysical sense. We will give some clues in the conclusion
level. We use a stochastic particle approximation to feeith order to improve this situation.
a Stochastic Lagrangian Model, a conditionning to the
finite size column and a filtering with respect to the ob4. APPLICATION TO THE BLLAST EXPERI-
servations. The SLM for the vertical velocity is derived MENT LIDAR DATA

from the SLM that we have developed for our pointwis&ye present some results using the vertical lidar data

filtering [3]: recorded between 12h41 and 14h05 UTC the June
i _ i iA X ABX-i 18th, 2011 at Lannemezan, France during the BLLAST

Kot KXo+ W t+g " experiment littp://bllast.sedoo.fr/). We
Wi, = Wi+A,—Ci=[W)i— <w>]At have vertical profiles every 6 seconds with 10 stacked
n lidar observations (from 100m to 500m with 50m steps).

0i — < 6> 4 They are used as a reference signal or truth for the
Wm +V/Cosn AB mean vertical velocity. We add a numerical noise to get
_ ) perturbed observations. Then the challenge to our filter
where(X,,, W) is the location and the vertical velocity consists in denoising the perturbed signal to retrieve
of any particlei € [1, N], 0,, is its associated absolute the turbulent parameter and a realization of the original
temperature andAB,\*, AB)""") its Brownian pertur- medjum. Therefore we can compare the results with the
bation. The Eulerian average w > (resp. < 6 >)is  signal considered as a reference. Obviously the main
the expectatiof(W,|X,, = z) (resp.E(0,|X,, = z)) advantage of the method, besides the denoising, lies in
approximated with the particle using a Gaussian intetthe on-line estimation of the turbulence parameters with
action kernel. This local mean is also used #Qris the  our SLM. For each time step, i-e every 6s, we have an
local Turbulent Kinetic EnergyAt is the time mesh and estimation of Eulerian quantities like TKE or EDR.

Cy, Cy and(C;, are fixed constants. For the filtering step,

for each segment the observations select the stochastic ] ) ) ) )
selection phase, we have chosen to adopt a genetic kerMénd with the three kind of values (reference, perturbed
in order to minimize the variance errors [4]. At each ste@nd filtered) at the altitude of 250m. One can see that the
and for each segmemt,, ande,, are learned as the mean9eneral shape is well estimated, steep variations are also
and the quadratic mean of the velocity time incrementg&trieved. The original signal and the filtered one are two
In this modele,, is the Eddy Dissipation Rate. In order realizations of the same random medium if the turbulent
to not have to model the temperatutg we drown out Parameters are correctly assessed by the filter. This is
0,— < ] ] the reason why they do not superimpose exactly. To
——p~ N arandom variable and extend the analyzes we can examine the Power Spectral

+C5

the whole term
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Figure 1: Detail of the vertical wind reference series at 250nkigure 3: Mean profiles of wind variance (left) and TKE (right).
(black), observations (cyan), filtered signal (red), with theiData recorded the June 19th, 2011 every 6s between 13h26 and
PSD, sample number as x-axis. Data recorded the June 18f#h49 UTC at Lannemezan, France.

2011 every 6s between 12h41 and 14h05 UTC at Lannemezan,
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il l 0ss Figure 4: Time profiles produce by a Meso-NH simulation (time
R 'h ,I LN i o step 60s) of vertical wind (above), TKE (bottom).
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: between 13h26 and 14h49 UTC in the vicinity of the
: lidar location. The sonic anemometer shipped by the
1 balloon provides 10 Hz relative wind measurements. The

ground speed estimated using the INS/GPS information

. i i . _is substracted from the relative wind to obtain an absolute
Figure 2: Time profiles averaged on 60s (10 time step) of filyinq * The hallon flew at 60m during the period. Then
tered wind (above), estimated TKE (middie) and EDR (bottom), ginq the lidar observation, we compute the filtered wind
Data recorded the June 18th, 2011 between 12h41 and 14hQg the TKE, the first level at 100m is representative of

UTC in Lannemezan, France. the 75-125m segment, and we compare.
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Density (PSD) to have a look on the energy propertieg'[he aerodynamical balloon measurements of the wind is
The figure 1 presents the three PSD with the samf 0.1s. We subsample the wind at 6s and we compute a
colorcode. Clearly the spectrum of the filtered signal i¥ariance about 0.38:*s™2. We can compute directly the
better than the reference spectrum. The noise has beétiance of the filtered lidar signal at 100m and we obtain
really switched off and we see that the lidar spectrum i§-42m”s 2. The two values are very close. For the same
perturbed by the spatial average of the instruments. ~ period, the average TKE is assessed at .25 2. It

is possible to produce a mean profile of wind variance

with respect to the height and a mean profile of TKE.

We may present (figure 2) the results as vertical profileghe figure 3 shows these profiles which are typical of a
with a 1 minute (10 time steps) average, for the filteredonyective boundary layer.

velocities (upper part), the TKE (middle part) and the _
EDR (lower part). For the wind profiles, positive val-5.2. Meso-NH profiles outputs

ues are in red, negative are in blue. It is difficult to hanNe have some difficulties to analyze the figure 2 because

gnec:;‘tjlg(:ﬂeovr;i;h destt)ﬁjr::?l\jlrzrsO(/\tlzec-arrlfﬁo?ircs?hit\,\tlgg ;eK is too early to assess the structures of the TKE or EDR
P ’ the boundary layer at this rate. In order to evaluate

is more important at the transition between upward anﬁi1e realism of the TKE or EDR structures seen by lidar,

downward stream. we compared lidar profiles to a Meso-NH simulation.
5. COMPARISONS WITH CLASSICAL METH- The code is not ready yet for the BLLAST experiment,
ODS OR MESO-NH MODEL OUTPUTS therefore we use a numerical experiment of a well-know
and published case [7].
5.1. Balloon-borne in-situ measurements

For a first comparison we consider data taken from afhe simulation is a Large-Eddy Simulation realised
aerodynamic ballon at Lannemezan on 19 June 20Mith Meso-NH over a domain ofl0 x 10 x 5km?



with a horizontal resolution of 100m. This simulation([8]). In this work, the vertical interactions have not been
represents a clear boundary layer observed over tl@ken into account. With the present studie about verti-
Southern Great Plains during one day (June 14th, 2002al lidar, we have developed the algorithmic solutions to
of the IHOP field campaign. It starts at 07h00 LT fromfinish the job and have full 3D estimations of wind, TKE
an observed radiosounding profile and uses prescribadd EDR.
surface fluxes. It has been evaluated with observatio%,[ the same time we have to continue the work of com-
up to 14h00 LT (see [7]). This simulation is run for 14" "~ ith other BLLAST d i
hours. Profiles have been extracted every 60s from th rlzon with other e cfase; and we are wai lngl
simulation and are compared to the observations. or the Meso-NH simulations for the same experimenta
cases. It will end the qualification of our methodology.
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