N

N

On combining linear stochastic estimation and proper
orthogonal decomposition for flow reconstruction
Bérengere Podvin, Sylvain Nguimatsia, Jean-Marc Foucaut, Christophe

Cuvier, Yann Fraigneau

» To cite this version:

Bérengere Podvin, Sylvain Nguimatsia, Jean-Marc Foucaut, Christophe Cuvier, Yann Fraigneau. On
combining linear stochastic estimation and proper orthogonal decomposition for flow reconstruction.
Experiments in Fluids, 2018, 59, pp.1-12. 10.1007/s00348-018-2513-4 . hal-01834645

HAL Id: hal-01834645
https://hal.science/hal-01834645
Submitted on 29 Oct 2023

HAL is a multi-disciplinary open access L’archive ouverte pluridisciplinaire HAL, est
archive for the deposit and dissemination of sci- destinée au dépot et a la diffusion de documents
entific research documents, whether they are pub- scientifiques de niveau recherche, publiés ou non,
lished or not. The documents may come from émanant des établissements d’enseignement et de
teaching and research institutions in France or recherche francais ou étrangers, des laboratoires
abroad, or from public or private research centers. publics ou privés.


https://hal.science/hal-01834645
https://hal.archives-ouvertes.fr

INoname manuscript INo.
(will be inserted by the editor)

On Combining Linear Stochastic Estimation and Proper Orthogonal

Decomposition for Flow Reconstruction

Bérengere Podvin - Sylvain Nguimatsia - Jean-Marc

Foucaut - Christophe Cuvier - Yann Fraigneau

Received: date / Accepted: date

Abstract We present an estimation method combining Proper Orthogonal Decomposition (POD) and Linear Stochas-
tic Estimation (LSE). The method is based on a direct mapping of the POD amplitudes from the measurement space
to the state space. The method is tested in the turbulent boundary layer for a numerical simulation as well as for
experimental data. The goal is to recover the full velocity field on a fine grid from coarse measurements of a single
(longitudinal) velocity component. A significant fraction of the turbulent kinetic energy for each component is captured
by the estimation. A scale-by-scale analysis shows that lower-order modes corresponding to large scales are recovered
accurately. Although exact reproduction is not possible at small scales, examination of the spatial and temporal content

of the estimated field shows a good statistical agreement with the real field at all scales.
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1 Introduction

Turbulence characterizes a wide variety of flows including industrial aerodynamics , geophysical phenomena and
biomedical flows. Having access to exhaustive spatio-temporal flow information is in general impossible in a realistic
context, and can still be difficult for academic configurations, despite regular increases in computational power and
progress in experimental techniques. Solving the estimation question, i.e developing methods to reconstruct the missing
data from limited measurements, is therefore an important issue in many situations. One possible application could be
to generate data that mimics efficiently the features of turbulent flows, and could be used as a model for the simulation
of complex physical processes. Another application of interest is the implementation of control strategies where it may
be helpful to estimate the flow instead of resorting to intrusive measurement techniques.

Perhaps the most popular estimation technique is Linear stochastic estimation (LSE), introduced by Adrian [1].
Adrian used LSE to educe structures of turbulent flows by approximating the conditional averages of fields Y in terms
of measured data events X. We will call the variables that we wish to estimate the state variables (Y in
our example). In the case where the state variables have Gaussian distributions, LSE can be shown to constitute an
exact solution to the estimation problem [1]. Several variants of the technique have been implemented over the years.
A extension that includes quadratic terms has been proposed by Brereton [2]. A formulation of the technique in the
spectral space has been developed by Tinney [3].

However linear stochastic estimation problems are often ill-conditioned, and trying to invert the
problem directly typically tends to amplify singular eigenvalues of small amplitude. This gives rise to
”overfitting” : trying to to reproduce the present data as well as possible leads to a choice of coefficients
that actually worsens the prediction. The concept of regularization may help avoid this phenomenon.
The idea is to modify the objective to be minimized, typically by adding a constraint on the norm of
the solution. The new objective is no longer to find the coefficients A that minimize ||Y — AX|?, but

those that minimize the combination of this objective and an additional constraint
IY — AX|[? + Al A7l

. The weight A of this new constraint, which is not directly prescribed by the physical problem to be
solved, is a free parameter, while |||p represents a norm. When p = 2, the regularization is said to be of
Tikhonov type [?], while p =1 is the basis of the LASSO algorithm [4]. The choice of the norm and of
A affects the solution, and there is no guarantee that it will lead to a substantially better solution [?].

Dekou et al. [5] used Tikhonov regularization in conjunction with standard LSE, following Bonnet et al.. They
recovered very little energy in the cross-stream components (only 10% in the wall-normal component,
see figure ? of their paper).

Moreover, the implementation of LSE may require regularization, as was the case for Dekou [5], who used LSE in
conjunction with a regularization technique to recover the three components of the velocity field on a fine grid from

coarse measurements of the longitudinal velocity component. A significant contribution to the estimation problem was



made by Bonnet et al. [6], who combined LSE with Proper Orthogonal Decomposition (POD), a statistical technique
introduced in fluid mechanics by Lumley [7]. The idea is to apply LSE to the flow field, then to project the LSE-
estimated flow fields onto POD eigenfunctions, and to use the resulting amplitudes to reconstruct the flow. This
approach has been implemented in diverse applications such as [8], [9].

In the present paper, we present an alternative way to combine POD and LSE for the estimation problem. Unlike
Bonnet et al., who seek their estimate as a direct combination of their measurements in physical space
(classic LSE implementation), then reconstruct a solution from the projection of that estimate onto
the POD eigenfunction basis, POD is not used as a a posteriori filter, but as an a priori decomposition
space. The central idea is to apply LSE directly in the space of POD coefficients, so that the POD amplitudes of the
measurements are directly mapped to those of the field to be estimated in a one-step process. The method requires
a training set, consisting of measurements and state fields obtained at the same times. The computation of the POD
bases for the measurements and the states can be carried out either with the direct method or the method of snapshots.
An advantage of our approach is that unlike classic estimation methods, no regularization technique is required. We
first describe the method and discuss its characteristics. The method is then implemented in a turbulent boundary
layer, following the study of Dekou [5]. Tests are carried out for a numerical simulation as well as for experimental

data.

2 Description of the method
2.1 Proper Orthogonal Decomposition

We consider a velocity field u(z,t) defined over a physical domain D. This field constitutes the state to be estimated.
We assume that a linear measurement function of this field is available, which we denote Pu(z,t) where P is a
linear operator acting on space variables (e.g P could be a projection operator, or it could be the combination of a
projection and a translation). Applying Proper Orthogonal Decomposition to the velocity field means that there exists
a denumerable set of eigenfunctions {¢"(z)} and hierarchically ordered eigenvalues A", A' > A% > ... \" > ..., which

are solutions of a Fredholm equation

/ < u(z, Dule' t) > ¢"(&)dule’) = A¢" (z) 1)

where <> represents a temporal average, < u(z,t)u(z’,t) > is the spatial autocorrelation tensor at zero time lag and

du is the integration measure. By construction, we have
uzt) = 3 a" ()" @), (2)

where

If the eigenfunctions are normalized, one can show that

< a"(t)a™(t) >= SpmA™. (4)



If we consider the quantity v = Pu defined on a domain D’ and associated with an integration measure p’, there

also exists an infinite set {¢"} of denumerable eigenfunctions such that

Pu(z,t) = Y 0" (t)Y" (), (5)
n=1

where
(0 = [ Pula )" @i @), (6)

Substituting equation ( 2) in equation ( 6) and using the linearity of P, one has
o0

w@zzwwfpw@y@w@. (7)

m=1 o
The linear relationship between the POD coefficients a™(¢) and the POD coefficients of the measurements 4" (¢) depends
on the projection of the POD eigenfunctions ¢ onto the measured eigenfunctions v. Formal inversion of equation ( 7)
provides a way to estimate the field u from the measurements v. We note that so far no approximation has been

introduced in the derivation.

2.2 Method of Snapshots

In the method of snapshots [10], the spatial autocorrelation tensor < wu(z,t)u(z’,t) > is replaced in the Fredholm

equation with its numerical evaluation from a set of IV realizations:

1 N
<ulz,u@',t) > > (" yula, ) (8)

n=1

It is important to realize, as has been pointed by George [11], that although the term on the right-hand-side converges
to the term on the left-hand-side when IV goes to infinity, the solutions of the corresponding Fredholm equations may
be different at finite V.

We are looking for a finite set of eigenfunctions ¢" that represents in an optimal way the N-dimensional set of
realizations u(z,t"). These eigenfunctions ¢™ are expressed as a linear combination of the realizations u(z,t™) (note

that the problem remains continuous in space):

¢"(2) = Anmu(z, t™) 9)
where A, = a™(ty), and
N
Wz tm) = Y a"(tm)8" (2). (10)

If we denote D the diagonal matrix containing the square root of the POD eigenvalues D,,,, = VA", the matrix AD~!
is a unitary matrix i.e (AD~!)(AD~1)T = I where I is the identity matrix and T represents the transposition operator.

The representativity or adequacy of the POD eigenfunction basis derived in this fashion can be measured by the
error e between a field u(z, tx) which does not belong to the initial set of snapshots and its projection onto the set of

eigenfunctions ¢":

"(z))*dp(z) (11)
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where
Q" (1) = / u(z, t).6" (@) du(z). (12)

By construction, the error e is zero if the field belongs to the initial set of snapshots. It is not zero for a field that does

not belong to that set.

2.3 Reconstruction
2.3.1 Principle

The idea of our reconstruction method is to carry out estimation directly in the space of POD coefficients. We use the
same set of NV snapshots to compute two POD bases associated with realizations u and measurements v = Pu. For

each snapshot, we have
N
u(z, t;) = a"(t:)¢" (x) (13)
n=1

and
N

oz, ty) =Y b ()Y (@). (14)

n=1

We note that the expression is exact for the N snapshots if the NV modes are used for the reconstruction.

If we use matrix notations, and denote U the snapshot matrix where the i-th column is the i-th snapshot, @ the
eigenfunction matrix where the i-th column is the i-th POD eigenfunction, and A the temporal coefficient matrix
defined in equation (9), one has

U =adA. (15)

Similarly, for the measurements V'(v), the associated eigenfunctions ¥ (/") and corresponding temporal coefficients
B (b), one has
V =¥B. (16)

A and B can be made unitary if they are renormalized with the eigenvalue matrices Dy and Dy which contain

respectively the square root of the POD eigenvalues associated with u and v:
A= AD,' = D;'A

and

There is an exact linear mapping from A to B, given by
A=MB (17)

where

M = AB" = D A(Dy;' B)" = D' ABT D! (18)



We note that since matrices are unitary, inversion is simply transposition, which limits numerical errors. The corre-

sponding mapping M from to A to B such that A = M B is therefore given by

M = Dy MDy'. (19)

2.3.2 Remarks

The snapshots that are used to determine the POD basis constitute the training set.

An important remark is that M is unitary, and therefore the rescaled norm of the state estimate || Dy Al is equal
to the rescaled norm HD;lBH. This provides some guarantee on the energetic content of the estimation relative to
that of the measurements.

The mapping can be defined even if the snapshot method is not used. In that case, A and/or B are obtained by
projecting the snapshots constituting the training set onto the POD eigenfunctions obtained by the direct method.
Equation ( 19) shows that large values are expected in the far-right columns of M, since the measurement POD
spectrum D‘Q/ is expected to decay faster than the full state spectrum D,ZJ as the dimension of the measurements
is typically smaller than the state. This means that small errors in the high-order POD coefficients of the
measurements may be amplified. To limit this effect, we will in practice truncate the matrix M i.e set to zero the
contribution of higher-order measurement modes.

The connection with linear stochastic estimation is direct since the goal of linear stochastic estimation is to estimate

an unknown quantity q’ given the knowledge of another quantity q as a linear function of that quantity q ([1]):
Eld'|q) = Aq (20)

Comparing equations ( 21), ( 19) and ( 20), one can see that this is equivalent to performing the linear stochastic

estimation directly in POD space.

2.3.8 Algorithm

Given instantaneous measurements v(z,t*), and POD bases ¢" and ¥", a reconstruction of the field u¢*t can be given

by
N
u(z, t7) =)l (t4)¢" () (21)
n=1
where
al(tx) = My b™ (t) (22)
and

(0 = [ a0 @ o). (23)

The algorithm for linear stochastic estimation is therefore as follows:



1. construct for a same set of snapshots the POD bases @" and ¥" | the eigenvalue matrices D,, and D,,, the coefficients
matrices A and B corresponding respectively to the state field u and the measurements v, and compute the matrix
M.

2. for each measurement v(z,tx), compute the coefficients b™(tx), and obtain an estimate a?,(t*) for the POD

coefficients of u

3. reconstruct the field u,,

(z, t*) using al,(tx) and " ().

est

By construction, if the field is one of the snapshots used to construct the POD database and if all POD modes are
included, the estimated field should coincide with the projected field and in the case of the method of snapshots, the
full field. However, if a smaller number of modes is retained for M (see remark above), there may be some differences

even if the snapshot belongs to the database.

2.8.4 FEvaluation of the procedure

To evaluate the method, it will be of interest to consider three types of fields:

— the full field u(z,t)

— the projected field wu,

projected( ;1) = D, a™(t)¢" (x) where a™ (t) is the true POD coefficient obtained by projection

of the full field onto the basis of eigenfunctions,

— the estimated field w,yimareq(Z,t) = D, als; (t)¢" (x) where a

est

(t) is the estimated POD coefficient.

The difference between the full field and the projected field characterizes the adequacy of the truncated POD basis.
The difference between the projected and the estimated field characterizes the error committed on the amplitudes and

therefore that of the estimation method.

3 Application of the procedure to the turbulent boundary layer

The method is tested for the reconstruction of wall turbulence, following the study of Dekou [5]. The measurements
(v) consist of the streamwise velocity component on a coarse grid in a cross-section plane. The state to estimate (u)
consists of the full (three-component) velocity field on the plane with a fine resolution. One part of the flow realizations
is used to construct the POD bases - training set. Another part of the realizations constitutes the validation set - on
which the method is evaluated. Two cases, corresponding to numerical simulation and experiment, are considered.
In all cases we checked that application of the method to a snapshot that is used to construct the basis yields an

estimated field which is nearly identical to the true field and the projected field (see also discussion below).



3.1 Numerical Test Case
3.1.1 Setting

The first case consists of the numerical simulation of a turbulent channel flow at Re, = 960 where Re, is the Reynolds
number based on the friction velocity and channel half-height. The simulation has been described in [12]. The size
of the numerical domain is (L, Ly, L.) = (27,2, m)h where z,y, z refer to the streamwise, wall-normal and spanwise
directions respectively. Periodic boundary conditions are used in the horizontal directions x and z. It is resolved with
512 grid points in each direction with a regular spacing in the horizontal directions and a hyperbolic tangent
stretching function for the mesh in the wall-normal direction. The resolution is about 6 (12) wall units
in the spanwise (streamwise) direction and the first point in the wall-normal direction is at y, = 0.3.
The domain for measurements and the estimate consists of a single cross-section plane at z = 0 (an arbitrary location,
since boundary conditions are periodic in the streamwise direction). The measurement grid sizes in the wall-normal
and the spanwise direction are respectively five and ten times lower than the simulation resolution. Our goal is to
reconstruct the three-dimensional field on the full plane grid. 1200 realizations spanning a total time of 3h/u, are used
to build the POD basis, corresponding to several dozens of eddy turnover times.

Results shown below were obtained for a validation set of 360 fields. We checked that results were robust with
respect to the definition of the validation set. The validation fields are obtained by integration of the numerical
simulation at times beyond those corresponding to the training set. The configuration with the two different

grid sizes is illustrated in figure 1 and the grid specifics are given in table 1.

3.1.2 Results

The method of snapshots is used for both the state and the measurements. 800 modes out of 1200, capturing more than
96% of the total fluctuating kinetic energy, were retained for the estimation matrix. Figure 2 compares the relative
fraction of energy associated with both POD decompositions. As expected, one can see that the three-dimensional
signal on the fine grid converges much less rapidly than its coarse one-dimensional restriction, indicating that a
substantial amount of information will not be directly accessible through the measurements.

Figure 3 compares the turbulent intensities of each velocity component associated with the full field, the projected
field and the estimated field over the half-channel. The top row shows results for the training set (i.e the snapshots
used to compute the POD basis). By construction the estimated field should be exactly equal to the projected field
and to the full field if all modes (1200) were included. Since only 800 modes are kept, the projected field lacks some
energy in the cross-stream components and there is a very slight discrepancy between the spanwise components of the
projected and estimated fields. However the agreement is very close.

Results on the bottom row of figure 3 correspond to the validation set. We can see that the discrepancy between
the full field and the projected field is larger, which indicates that the validation fields cannot be entirely described

by the POD basis. However the statistics of the estimated field remain in relatively good agreement with those of



the projected field. The estimation is actually slightly more energetic than the projection. We note that there is no
constraint on the estimation, so the energy of the estimated POD modes can be either larger or smaller than those
of the true POD modes. Despite small differences, a good agreement between the projection and the estimation is

observed.

This is confirmed by the direct comparison of the true and estimated POD coefficients for the first six modes in
figure 4. A mode-by-mode analysis, shown in figure 5 shows that the most energetic, lower-order modes are relatively
well estimated as their energy level is correct and they are well correlated with the true POD modes. However, for

higher-order modes n > 100, the correlation coefficient drops and the energy level tends to be overestimated.

Figure 6 compares the one-dimensional spectrum in the spanwise direction of the different velocity components
for the estimated and the full fields at a height y+ = 140, which corresponds to the top portion of the wall layer [13].
Averaging was performed in time. The agreement is quite satisfactory. This confirms that the estimated velocity fields
- and in particular the cross-stream components, about which no information is directly available - are characterized

by an appropriate spectral content.

3.2 Experimental Test Case

3.2.1 Setting

The second test case consists of experimental measurements obtained at LML, in the context of the WALLTURB
experiment [14]. The goal of the WALLTURB project was to analyze and to model wall turbulence. In the paper we
present results corrresponding to measurements obtained in a cross-section of a turbulent boundary layer generated
by a flow with an incoming speed of 5 m/s. We also tested the procedure for another database obtained at U=10m/s.

Results were found to be very similar and only the case U = 5 m/s is presented in the text.

The boundary layer height at the location of the measurements is defined as the height at which the mean
velocity reaches 99% of its free-stream value and is 0.3 m. The Reynolds number based on the boundary layer
height and the friction velocity is R, = 3760. The data consists of hot-wire (HW) measurements of the streamwise
velocity field acquired at a frequency of 30 kHz, partially synchronized with 4Hz PIV measurements of the 3D velocity
field (see figure 7). Both HW and PIV measurements are taken on a cross-section plane, but the PIV plane is separated
from the hot-wire plane by a distance of 1 cm, which represents about 100 wall units in the streamwise direction.
The hot wire rake consists of 143 sensors (13 x 11 grid) with an uneven spacing (shown in figure 7). The PIV
resolution field, also shown in figure 7, is 2 mm, which corresponds to a resolution increase factor of more than 10
in each direction. 64 uncorrelated blocks of data each spanning a duration of 6 s were used for the present study. For
the upstream speed of 5m/s, each block contains 16 PIV velocity fields and 180 000 HW data points. To build the
synchronised POD database for the hot-wire and the PIV measurements the hot-wire measurements were averaged

over the duration of each PIV field acquisition. We used the signals corresponding to the 15 first PIV fields of each



block, while the last PIV field of each block was retained for the validation set. The results were not found to be
dependent on that particular definition of the training and the validation sets.

In contrast with the numerical simulation results, the number of POD modes associated with the measurements is
limited by the grid size (13 x 11), and not by the number of snapshots available. This means that the direct method
was used to compute the POD basis associated with the hot-wire measurements. The POD amplitudes were then
computed by projection of the field onto the hot-wire (HW) POD basis. Figure 8 a) illustrates that the information
contained in the measurements is indeed limited, while only 74% of the fluctuating kinetic energy of the 3D PIV field
is captured by 140 POD modes.

We checked that the projected field was identical to the full field when the full field was part of the POD database.
Since only 140 modes are used in the estimation, the estimated field cannot match exactly the full field, even if it is
part of the POD database. Results for the validation set, consisting of 64 uncorrelated snapshots, are shown in the
remainder of the paper, for a truncation of 140 modes. First, an estimation of the error was made for each mode. Figure
8 b) shows that the energy levels of the estimated amplitudes are slightly lower than that of the real amplitudes, but
exhibit the same asymptotic trend.

Figure 9 compares the turbulent intensities for each velocity component of the full field, the field projected on
the truncation, and the field estimated from the hot-wire measurements. Again, one can see that the projected field
contains less energy than the full field, which is primarily an effect of the limited truncation, but could also be due in
part to the representativity of the POD basis. The estimated field is still less energetic, but table 2 shows that both
projected and estimated fields nevertheless capture a substantial fraction of the full field for all velocity components.
The wall-normal component is the least well recovered, which reflects the fact that it is dominated by small scales.
We note that the estimated energy is much larger than what was obtained with classic LSE [5], in particular for the
cross-stream components.

Figure 10 compares at a given instant in time the instantaneous measurement (top row) with the corresponding full
(PIV), projected and estimated fields (respectively in the second, third and fourth rows). We note that the estimation
represents a considerable improvement for the streamwise velocity component (left column, compare rows 1 and 4
with row 2). For the wall-normal velocity (middle column), we can see that both estimated and projected fields fail
to capture the energetic small-scale component, but correctly recover the large-scale motion, and in particular the
ejection at the top of the layer. The spanwise component of the estimation is also close to the projection and captures

adequately the large-scale structure of the flow.

4 Conclusion

We have presented a method to recover information about turbulent flows from partial measurements. The key idea
of the method is to apply Linear Stochastic Estimation in POD space, i.e to determine the POD amplitudes of the
field to be estimated as a combination of the POD amplitudes of the measurements. The POD eigenfunctions for the

measurements and the variables that we wish to determine can be derived either with the classical method or

10



the method of snapshots. A training set consisting of joint POD amplitudes for the states and the measurements is
used to determine the mapping between the two POD decompositions. The mapping can be expressed as a simple
matrix product, which does not require matrix inversion or the implementation of regularization techniques. The
method allows a scale-by-scale analysis of the estimation error, and provides an assessment of the representativity of
the training set.

The method was tested for the estimation of the full velocity field in a cross-section of a turbulent boundary
layer using coarse, one-component velocity measurements. Evaluation of the method was carried out in a numerical
context, as well as for experimental data. In both cases a large fraction of the energetic content of the different velocity
components was recovered. The large-scale structure of the flow was shown to be accurately estimated. Although
accurate, fine-scale reproduction of the real flow was not possible, The temporal and spatial statistics of the estimated
fields were found to be in good agreement with their real counterparts. The combined LSE/POD procedure
therefore constitutes an improvement over the standard implementation of linear stochastic estimation,
and could therefore be of use for a variety of flows to recover missing data due to insufficient sampling

in space and/or time.
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Grid parameters N Ny | AYymin+ | AYmaz+
State (numerical simulation) | 512 | 512 0.28 9
Measurements 51 102 1.5 55

Table 1 Grid parameters for the numerical simulation.

TMS/TMS fullfield u v w
Projected field 0.87 | 0.67 | 0.84
Estimated field 0.77 | 0.50 | 0.75

Table 2 Ratio of the total turbulent intensity rms of the fields integrated over the entire boundary layer relative to the full field.
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Fig. 3 Turbulent velocity rms for the full field, the projected field , the estimated field - 800 modes are retained for the projection and the
estimation; from left to right: streamwise velocity, wall-normal velocity and spanwise velocity; Top row: training set; Bottom row: validation

set.
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Fig. 5 a) Correlation coefficient between the real and the estimated POD coefficient; b) Energy level < |a™|? > for the real and estimated

POD coefficients. Results are shown for the validation set only.
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Fig. 6 Comparison of Fourier spectra in the spanwise direction for the full and the estimated fields at y+ = 140. Averages are taken in

time. From left to right: streamwise (u), wall-normal (v) and spanwise (w) velocity component.
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Fig. 7 Experimental set-up: left) synchronization flag indicating when the hot-wire measurements coincide with the PIV acquisition times
over one block of data; the circle indicates the PIV field that was used for the validation set (the hot-wire data was averaged over the PIV
acquisition duration). middle) coarse grid corresponding to the hot-wire (HW) measurements; right) fine grid corresponding to the PIV

measurements for state estimation. Units are given in m. The PIV and the HW planes are separated by a positive streamwise distance of

0.01 m.
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Fig. 9 Turbulent velocity r.m.s for the full field, the projected field , the estimated field - 140 modes are retained for the projection and

the estimation; from left to right: streamwise velocity, wall-normal velocity and spanwise velocity; Results are shown only for the validation

set.

16



MEASUREMENT

[}
—
L
T
-
—
=
(NN
8 0.25
L
i 0.2
o €
u =0.15
i
it 0.1
i 0.05
o i
01 -005 0 005 0.1
z(m)

03 03 03
2 0.25 0.25 0.25
w
L 0.2 0.2 0.2
E Eos Eos Eos
s
2 0.1 0.1 _ 0.1
= _
ul 0.05 0.05 0.05

0.1 -005 0 005 0.1 0.1 -005 0 005 0.1 0.1 -005 0 005 0.1
z(m) z(m) z(m)

Fig. 10 Instantaneous field at a given instant. From left to right: streamwise, wall-normal and spanwise velocity component. The top row
represents the field corresponding to the hot-wire measurements of the longitudinal component. The second row represents the corresponding
PIV field at this instant. The third row represents the projected field and the fourth row the estimated field. Both projection and estimation

are computed with 140 modes. Velocity units are given in m/s.
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