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Laser Doppler Anemometry Data Simulation: Application to
Investigate the Accuracy of Statistical Estimators

W. Fuchs* and H. Nobacht
University of Rostock, 18059 Rostock, Germany
and
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University of Erlangen-Nuremberg, 91058 Erlangen, Germany

Autoregressive models of order 1 are used to generate three-dimensional flowfields with specified probability
distributions, spectra, and shear stress tensor. These known flowfields are then used to simulate the particle arrival
statistics in laser Doppler anemometry for homogeneous particle densities. Further simulation steps allow modeling
of the processor sampling and data acquisition, providing all necessary data for investigating the bias and variance
of statistical estimators. Results are presented for estimators of the first two moments of the velocity distribution
function. Experimental data are obtained for verification purposes. The results demonstrate the technique’s
potential for studying novel or theoretically intractable estimators.

Nomenclature
Ay, = projected control volume area normal to
instantaneous velocity vector
a, b, c = semiaxis lengths of ellipsoidal control volume
a,, as, a; = random noise sequences

b,, by, b, =random numbers: expectation zero,
unity variance

C = symmetric coupling matrix, c;;

h, = random number sequence between 0 and 1

K = discretization factor of primary sequence

Np = particle density (number particles/integral
time scale ¢;;)

Ny = number of integral time scales

D = parameter describing normal stresses or
Reynolds stresses

Si = power spectral density

T = data transfer period of one data point (Ref. 8)

|4 = volume of fluid passing control volume

v = discrete primary velocity series, (vy, v, v;)

z = discrete time AR sequences, (z,, Z;, 2;)

B4 = normalized statistical bias of velocity mean
estimator

B2 = normalized statistical bias of velocity variance
estimator

r, = Reynolds shear stress tensor, v;;

At = time step of primary sequence

AV = mean volume of fluid passing control volume
between particles

3 = integral time scale matrix

pij = auto(cross)-correlation coefficients

T = correlation lag time step

Tn = residence time for nth particle
é,, ¢s, ¢, = autoregressive coefficients

= denotes estimate

= denotes time average
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Introduction

T is well known that the particle arrival statistics in laser

Doppler anemometry (LDA) may lead to large bias errors
in estimators of time-averaged velocity moments, turbulence
spectra, or, in fact, any particle-derived quantity. The origin
of this potential statistical bias lies in the correlation between
the measured velocity component and the velocity sampling
function, i.e., particle arrivals in the measurement volume.
How closely the velocity sampling function and the instanta-
neous particle rate are linked may further depend on a number
of processor and data acquisition parameters, and thus these
equipment parameters become an integral part of any given
estimator.

For most commonly required flow quantities and for most
available processing electronics, estimators have been pro-
posed, and their performance in various flowfields has been
the topic of a very large body of literature over the past years,
both of an empirical and theoretical nature.! In fact, for many
LDA applications the problem of choosing the most accurate
estimator can be considered as being solved.

There remains, however, a substantial number of situations
for which the prospects of a theoretical or experimental treat-
ment are poor, or at least for which general disagreement
about the correct approach still remains.? Examples of such
situations include nonhomogeneously seeded flowfields, two-
point LDA measurements, or the estimation of turbulence
spectra in transient flowfields.

To study such cases in more detail, a numerical simulation
approach has been developed. A simulation has the advantage
over experimental studies that the correct answer is always
known, and thus the absolute bias error and variance of each
estimator can be evaluated. Furthermore, a computer simula-
tion is usually more convenient than performing a series of
systematic experiments in which many parameters must be
very strictly controlled. Of course, this assumes that the simu-
lation correctly models the desired process, and thus rigorous
testing of the approach with known solutions or available data
is mandatory before applying the technique to more novel
situations.

The present paper describes a numerical simulation based
on the generation of three-dimensional flowfields using au-
toregressive sequences. This simulation model is described in
detail, after which verification results using well-known statis-
tical estimators are presented. Experimental data have been
obtained at high levels of turbulence as one example to illus-
trate the use of the simulation model to analyze practical
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experimental situations and to evaluate estimator accuracy.
Finally, the simulation model is used to investigate several
LDA measurement situations that as yet have not been conclu-
sively addressed in previous literature.

Both the simulation model and the experimental investiga-
tions are restricted to the case of single realization LDA; i.e.,
the probability of having more than one particle in the mea-
suring volume at once is negligible. Furthermore, other
sources of estimator bias or variance, such as the uncertainty
of frequency estimation of individual Doppler signals, have
not been addressed but are commented on in the conclusions.

Simulation Model

The simulation of LDA data from a three-dimensional tur-
bulent flowfield with known statistical properties follows the
approach taken in previous work?® and is performed in a num-
ber of independent steps as represented diagrammatically in
Fig. 1. Initially, a velocity time series, or primary time series,
is generated at equidistant time points, which are closely
spaced relative to flow time scales. This is performed using a
first-order, trivariate autoregressive process with a Gaussian
amplitude distribution. Second, the next particle distance
from the control volume is generated according to the desired
particle concentration model. In a conveyor-belt manner, the
primary velocity series is integrated until the particle arrives in
the control volume, yielding the arrival time. This is repeated
for the next particle and so on, resulting in a secondary time
series of particle velocities and arrival times. Since the velocity
vector at the instant of particle arrival is known, a residence

time can also be generated, knowing the measuring control

volume (MCV) dimensions and assuming a random entrance
position of the particle into the MCV. These two generation
steps, i.e., primary and secondary time series, are described in
detail later. A final simulation step allows consideration of the
processor operating mode and the specifications of the hard-
ware involved in the data acquisition and storage.

Primary Time Series

In the following discussion, the generation of a three-com-
ponent velocity time series using a first-order autoregressive
(AR) model is described. A higher order AR model offers no

improvement in the modeling of the turbulence spectrum, and -

furthermore higher order models can no longer be expressed in
closed form for programming.

A first-order AR process is used to generate three time
sequences:

zrk ¢rzrk —1 + ark
L= | X | = ¢szsk 1 + as, (¢))
2y b2y tay,
with
aq; = V1 - ¢xz bik 2

where the b;, values are normally distributed random numbers
with expectation zero and unity variance. More detail concern-
ing the properties and use of autoregressive functions can be
found in Ref. 4. The desired simulated velocity vector is given
by

Ve =CZ + 7
Cxr Cxs Cxt Zrk i’x ( 3)
= Cy, cys cyt N Lsk + Y’y
Cor Cos Cu Ltk T’z

Thus, the three time sequences z, ; , are mapped by the cou-
pling matrix C into three velocity components v,, v,, and v,.
Correlations between the fluctuations in each velocity compo-
nent are contained in the symmetric coupling matrix C, which

of course must be obtained from the Reynolds stress tensor T,
of the velocity field:

Yxx» ’ny9 ’sz
Ty =1 v Vo> 132 4
Yaxs Yzys Yzz

The coefficients of the coupling matrix C can be obtained by
iteratively solving the following set of equations:
2 2 2
Yax = Cxr T Cxs T Ct
_ a2 2 2
Yyy = Cypr + Cys + Cyy
a2 2 2
Yzz =€y + Cz + €y
Yxy = Vyx = CxrCyr + CxsCys T CiyCyy
Yz = Yox = CxrCqr + CxsCos + CxtCry
Yyz = Yoy = CyrCar + CpsCas + CptCyr

&)

The AR coefficients ¢, ;, are obtained knowing the coeffi-
cients of the matrix C and prescribing the integral time scales
of the three normal stresses, &y, ¥, and &,,. The following
equations can then be solved for ¢, ; ,:

1 1 1
By = ARE z 4 2 6
e T T, B T T ©
1 1 1
Oy = 2 4 2 4 2 6b
P, T T 1o ©b)
1 1 1
Oy = 2 4 2 4 2 6
2z 1—‘¢,- CZV' 1—‘¢5 CU 1_¢t czt (C)

The integral time scales of the Reynolds stress components are
computed using

1 1
l9xy = 19yx = 1— 4, CarCyr + 1— o, CxsCys t+ 1_"—¢—t CxtCyy (7a)
Gy =0y = [ g, G +7 3, CoCas + T_ g, e (7b)
1 1
&y, = 00 = Ty CprCyr + l——q?s CysCas + '1'_—4),‘ cycy  (70)

Simulation Step Input Parameters

Dimension
. 1D or 3D flow
Primary mean flow velocities

Time Series Reynolds stress tensor
| time scales, observation time

Secondary mcv dimensions

Time Series particle concentration
:
! AN sample scheme
E P fringe spacing, frequency shift

rocessor
' transfer rates, reset mode, etc.
‘ .
: ~ mininum no. of cycles
Data normalizing values
Processing choice of estimator(s)

Fig.1 Block diagram of simulation program.
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The time step of the z; sequences is chosen such that there are
K steps in one integral time scale in the x direction (v, compo-
nent), i.e.,

Fx

At = X ®)

To summarize, the mean velocity vector; the Reynolds stress

tensor [Eq. (4)]; and &, ¥,,, and &, are prescribed. The

coupling matrix C is obtained by solving Eq. (5) iteratively.

Equations (6a-6¢) are then used to obtain 1/(1 — ¢;), which

are then substituted into Egs. (7a-7c¢) to yield ¢,,, d,,, and

d,.. The AR coefficients ¢, are used in Eqs. (1-3) to obtain the
~ velocity vector time series.

It is assumed that the LDA measurement is made with
respect to the x direction. The probability density function is
determined by the distribution used for the b; random num-
bers, in this case a Gaussian distribution. The variances are
given by the diagonal coefficients of the Reynolds shear stress
tensor. The power spectral density of, for instance, the x
component of velocity may be expressed as

2¢2(1—¢2) 2¢2(1 — ¢2)
1+ ¢2 —2¢,cos2nf 1+ @2 — 2¢,c0s 2nf

2¢5(1 - ¢7)
1+ ¢? — 2¢,c0s 2uf

Sxx(.f) =

®

where f is normalized with the time step, taking values be-
tween 0 and 0.5. The autocorrelation and cross-correlation
coefficients are given by
prc(7) = ($1Ch, + BiCh + BTCE)/ Y
psy (1) = ($7C5, + dici + D7 €3/ sy
Pz (1) = (b7¢h + dick + d7c3)/ Yz
Py (1) = pyx(7) = (D[ CrCyr + BCxsCys + D7 CxtCy)/ ¥y
P (T) = p2(7) = ($[CrCor + DgCrsCos + D[ CxrCor)/ Yz
Pz(T) = Pye(7) = (B7CCpr + BCo5Cy5 + D] C2tCyt)/ Yy

(10

Secondary Time Series

The primary time series is used to generate a secondary data
set consisting of particle velocities (x component), arrival
times, and residence times, similar to the data available from
an LDA signal processor. To achieve this, the particle density
and the measurement volume dimensions must be prescribed.
The particle density Np is prescribed as the number of particle
arrivals per integral time scale of the x-velocity component.
The ellipsoidal measurement volume is prescribed by the
lengths of the three semiaxes a, b, and ¢ for the directions x,
¥, and z, respectively. Thus particle detection is an on-off
function described by the ellipsoid and will not take into
account the dependence of detection probability on particle
size.
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>‘11.0 :
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:10’0: V:x=10.4 s,
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= 1 Np=12
] Primary Time Series
1 ¢eeee Secondary Time Series
9.0 T T T T T T O T T T T
0.0 0.4 0.6 0.8 1.0
Time [s]

Fig.2 Graphic representation of example primary and secondary
(particle) time series.

Table 1 Summary of simulation
conditions for results in Fig. 3

Mean velocity, m/s 7.698
Variance, m2/s2 4.01
Integral time scale, ms 2.3
MCV diameter, um 160
Shift frequency, MHz 5
Fringe spacing, pm 3.785
Minimum periods 8

Particle density Variable

According to the conveyor-belt model, the distance to the
next particle along the fluid filament passing through the
control volume must be generated, after which the primary
time series is integrated until the particle arrives in the volume,
yielding the arrival time. For a homogeneously seeded flow the
distance between particles is exponentially distributed. In con-
trast to a one-dimensional conveyor-belt model, however, the
present model must also take into account that directional
changes of the velocity vector will result in a change of the
projected control volume area, thus affecting the number of
particles ‘‘seen’’ by the system. Therefore this model uses
exponentially distributed volumes of fluid filaments between
adjacent particles. The task lies alone in determining which
mean volume between particles (AV) is to be used.

This mean value is obtained by first expressing the total
volume of fluid passing through the control volume over a
period of N; integral time scales as

V ="AV -Np - Ny (11)

. This volume of fluid can, however, also be obtained by inte-

grating the product of the instantaneous velocity vector and
the projected control volume area normal to this vector, ap-
proximated by’

KNy

V=At 2,A vl (12)

k=1
The quantity V is computed once for each time series. For
each required mean particle density the mean volume between
particles AV can then be computed by equating Egs. (11) and
(12):

Sy AT A,

NpNj
KN, L
abc > vy vi vE\"
=T A Y (g 2k (13)
NDN,9 k=1 \d b C

The actual volumes between particles is generated in a random
manner according to

AV, = —ta(l — h,) - AV 14)

where A, is a random number with uniform probability be-
tween 0 and 1.

Note that in Eq. (12) a summation is used to approximate
the integrated vector velocity. The accuracy of this approxi-
mation increases with decreasing At (or increasing K). For
K = 100, no appreciable improvement in this approximation is
obtained. The arrival time of the next particle ¢, is therefore
given implicitly by the integral equation

tl’l
AV,,=S Ay - lvel dt (15)
1

=

This equation is solved for ¢,, again using a summation to
approximate the integral.

The residence time for each particle 7, is generated by
assuming random entrance points into the measurement vol-
ume, equally distributed over the projected volume normal to
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Table 2 Summary of estimators for mean and variance of velocity

Processor Weight Expected
Estimator Designation mode o mean bias
Ensemble E Free running 1 Ref. 9
Arrival time AT Free running At _—
Transit time TT Free running T Ref. 10
Controlled CP Control epochs, T 1 Ref. 8
Sample and hold SH Equidistant, T 1 Refs. 11
and 12

Arrival time Residence time
Ati =t —ti—1 T
Mean estimator Variance estimator
N,
I vxie e LV 0w — (v
) = ——m————
oy oy

{vx) =

the instantaneous velocity vector. The secondary time series
consists therefore of a data set with three values per event:
x-velocity component v,,, arrival time #,, and residence time
7,. In Fig. 2 a typical primary time series over a period of one
integral time scale is shown with the particle arrivals for a
particle density of 12 particles per integral time scale.

Processor Series

If it can be assumed that all particles are processed and only
one frequency value per particle is used, the data processing
can be performed directly on the secondary time series (parti-
cle series) without including any further simulation steps. In
general, however, it is desirable to include a final simulation
step in which the influence of the LDA processor and the
computer interface are considered. In this step it is assumed
that all particles follow the flow exactly, that the probability
of two or more particles in the measuring volume at any one
time is negligible, and that the velocity (frequency) can be
determined with infinite accuracy, i.e., the variance of the
frequency estimator is zero. Provision is made for specifying
maximum data transfer rates, dead times, reset times, and
possible buffer overflows. A minimum and a maximum num-
ber of periods required for frequency estimation or alterna-
tively an end-of-burst criterion can also be specified.

The particle arrival time given in the secondary time series is
considered to be the time at which the particle is in the middle
of the measurement control volume. The first signal detection
instant is therefore this arrival time minus half the residence
time.

The processing mode must be specified at this simulation
step. Three possibilities are provided: the free-running proces-
sor, in which every particle is acquired; the controlled proces-
sor, in which all but the first particle arriving after periodic
enable epochs are discarded; and the resampling processor
(S + H), in which data are read at equidistant sample times,
using the last valid particle value. Together with the specified
hardware parameters, most common LDA systems can be
modeled. For instance, a processor that performs multiple
measurements per burst can be simulated since the Doppler
frequency, the residence time, and the frequency shift are all
known quantities in the program. For this case a free-running
processor with very short reset times and no end-of-burst
detection can be used.

The output from the processor simulation step is now a set
of data consisting of three values per event: an x-velocity
component, an arrival time, and a residence time. The arrival
time corresponds to the time at which the processor completed
its signal validation or the time at which the velocity value was
received at the interface, depending on the exact hardware
configuration specified. Note that the number of events in the
processor series may differ substantially, either more or less,
than the number of events in the secondary time series. Utility

programs can be used at this stage to convert the data sets into
a format resembling experimental data, allowing further pro-
cessing using available laboratory software.

Figure 1 indicates the various steps in the computer simula-
tion. The data generated at each step can also be stored in files.
Thus systematic parameter variations and their effect on a
common simulated time series can easily be investigated. Note
that this simulation model resembles previous models used for
the same purpose®’; however, it extends the capabilities to
include hardware-related parameters and refines the flow
model, especially with respect to the third velocity component.

Verification of Simulation Model

To verify the simulation model, the dependency of several
mean estimators on the data density has been investigated and
compared either with known theoretical dependencies or with
experimental data obtained under carefully controlled condi-
tions. The experimental work is taken from Ref. 8, for which
all essential information is available, e.g., integral time scale,
interface dead times, turbulence intensity (26%), etc. A pri-
mary time series was first generated, matching the known
experimental conditions. Using this primary series, several
particle series were then generated ranging in data densities
between 0.1 and 30. Note that a one-dimensional simulation
was used, after first confirming that no significant differences
to a three-dimensional simulation were apparent for turbu-
lence levels under 30%.7 The data used for this simulation are
summarized in Table 1. :

The mean and variance estimators investigated are summa-
rized in Table 2, with appropriate reference to available
theoretical solutions that describe their dependency on data
density. In the following presentation of results, the normal-
ized statistical biases 3; and (3, (in percent) are used to evaluate
the mean and variance estimators, respectively,
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Fig. 3 Comparison of simulation results to theory and experiments3:
——=, B1= v/ Ve , § + H model3; open symbols, simula-
tions; and solid symbols, experiments: a) § + H and controlled pro-
cessor at 26% turbulence level and b) controlled processor for various
control intervals.
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Table 3 Summary of final simulation parameters and
LDA system parameters for data presented in Fig. 4

X y 2z
Mean velocity, m/s 0.432 0.180 0.134
Variance, m?/s2 0.189 0.158 0.170
Covariance to x, m2/s? —_ -0.032 —0.062
Integral time scale, ms 11 1.5 1.5
MCYV diameter, um 19 19 140
Shift frequency, kHz 500
Fringe spacing, um 3.17
Minimum periods 8
Particle density Variable
8, = <’Yxx> = Yxx (17)
’YXX

In Fig. 3a the results for a controlled processor and a sample
and hold processor are compared. The controlled processor
was in fact unintentional but arose because of a 10.4-kHz
maximum data transfer rate in the experiments (7/&, =
0.043).% Agreement between experiment, theory, and simula-
tions is excellent, confirming that the simulation model cap-
tures the essential features of the system. The deviation between
the theoretical and experimental/simulated data for the sam-
ple and hold processor indicates that the S + H model pro-
posed by Winter et al.® may be at fault, rather than the
measured integral time scale, since the simulations were per-
formed with the measured value of d,, = 2.3 ms, resulting in
good agreement with the experiments.

In Fig. 3b further comparisons between different controlled
processors also show excellent agreement. The upper limit of
mean velocity bias, 8, = v/ Vx? (free-running processor), is
achieved for both the controlled processor and the sample and
hold processor at low data densities, as expected.

Comparison with Experiments

In the following comparison, the simulation model is used
to “‘post’’-dict LDA measurements taken in a flow with a high
turbulence level. The procedure used for postdiction and the
behavior of several mean and variance estimators at high
turbulence levels are illustrated.

The flow chosen for investigation was that over a surface-
mounted cube placed in a fully developed channel flow, for
which a detailed study using LDA has been performed by
Martinuzzi.'* A measurement position in the wake of the
obstacle was chosen at which the turbulence level was approx-
imately 100%. Measurements were performed using a single-
component, backscatter LDA system and a counterprocessor
interfaced to a PC computer. Table 3 summarizes the system
parameters.

Measurements of the streamwise (x) and cross-stream (g)
velocity components were performed, yielding estimates of v,
Vs Yaxs Yazs Oxx, and 3. These measurements were repeated
for four values of data density between 0.2 and 6.4. Data from
Ref. 13 were used to estimate v, and v,, and for the Reynolds
shear stresses. The time scale J,, was set equal to ;.

The problem of flow simulation now becomes evident. All
of the aforementioned values are only estimates, for which the
actual bias is unknown. Therefore the simulation must be
performed iteratively. An initial primary series is generated
using the previous estimates (transit time weighted estimates
were used), from which secondary time series at different data
densities can be obtained. The simulation results for three
mean estimators—ensemble (E), arrival time (AT), and transit
time (TT)—are then compared with the corresponding experi-
mental results. This procedure is repeated, making small ad-
justments to the simulation input flow parameters, until good
agreement is achieved with the experimental results. The final
set of flow simulation parameters represents the true flow
parameters.

The final comparison between simulation and experiment is
illustrated in Fig. 4 for the mean velocity and the velocity
variance. The final set of input flow parameters is given in
Table 3. The ensemble bias parameter 3,, although indepen-
dent of data density, is now much lower than (y./ V), i.€.,
the case for a one-dimensional turbulence field. The arrival
time estimator becomes reliable only at data densities exceed-
ing 20.

The variance bias parameter §8,, shown in Fig. 4b, is inde-
pendent of data density for all estimators investigated. Al-
though the transit time estimator provides accurate mean ve-
locities, the variance shows a bias of up to —20%. The arrival
time estimator appears to provide the most accurate variance
at this turbulence level. Whether this conclusion is valid for all
turbulence levels is a question that is easily investigated using
the simulation model, as described in the next section.

Additional dashed curves are included in Fig. 4 to illustrate
the importance of including the processor functions in the
simulation. The dashed lines represent the simulation esti-
mates derived directly from the particle series. The deviation
between these estimates and the simulations, including the
processor simulation step, arise due to the minimum cycle
requirement that was used in the measurements (eight cycles).
Clearly this constraint strongly affected which set of particles
were evaluated, leading to the conclusion that the shift fre-
quency was chosen too small in this experiment! This is one
example therefore of how the simulation model can be used to
retroactively analyze an LDA experiment.

Example Application

An important application of the simulation model is to
analyze measurement situations for which theoretical esti-
mates of bias errors are not available. One such situation is
very high turbulence levels, such as are encountered in sepa-
rated flow regions.

To study the influence of turbulence intensity on various
estimators, simulations were carried out for the flowfield
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Fig. 4 Comparison of simulated results of a) mean velocity and b)
velocity variance with experimental measurements: open symbols,
simulation; solid symbols, experiment; and dashed lines, without pro-
cessor simulation.
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Fig. 5 Simulated a) mean velocity and b) velocity variance estimators
as a function of turbulence intensity.

T, =

-
il
(=
o o
o ©

0
0 (18)
p

where the iteration parameter p was chosen to yield turbulence
levels between 10 and 300%. Results of this study are summa-
rized in Fig. 5 for the mean velocity and velocity variance,
using a particle density of Np = 10.

As expected, the ensemble estimator of the mean velocity
follows the B; = (yx/ V52) relation for low turbulence levels
but levels off for higher values since both positive and negative

+ velocities are biased towards higher absolute values. The vari-
ance is initially underestimated but then becomes too large
above turbulence levels of approximately 70%.

The transit time mean estimator shows initially a negative
bias but then increases steadily with increasing turbulence.
Presumably there are several competing effects responsible for
this behavior. Accurate estimates are obtained for turbulence
levels near 100%. For very high turbulence levels the arrival
time estimate appears to be most reliable, at least for this
particle density.

The previous example is somewhat artificial in that the
turbulence level has been increased without any contributions
to the shear stresses. On the other hand, the shear stresses do
not affect the mean estimates as long as the mean velocities v,
and Vv, are zero, since the influence is symmetric about zero.
The variance estimators can, however, be affected.

A further example taken at a turbulence level of 100%
investigates the influence of the Reynolds shear stress. This
example is of a measurement taken at 45 deg to the main flow
direction, a typical alignment when a one-component LDA
system is used to measure Reynolds shear stresses in a station-
ary flow. In this investigation the flowfield was given by
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Fig. 6 Simulated a) mean velocity and b) velocity variance estimators
as a function of Reynolds shear stress coefficient.

where p is again the iteration parameter. The results are pre-
sented in Fig. 6.

In this case the ensemble mean estimate shows a strong
dependence on the Reynolds shear stress, since the Reynolds
shear stress now directly influences how well correlated the
volume flow rate through the MCV is with the measured
velocity component. Expectedly, the variance also shows an
asymmetric behavior. Clearly both the arrival time estimator
and the transit time estimator are superior in this situation.

Concluding Remarks

The purpose of this paper was to introduce a flexible simu-
lation model for the investigation of LDA flow estimators and
to document its reliability through the presentation of several
comparisons and examples. In the meantime, the model has
been successfully used in a wide variety of studies, of which a
few can be mentioned as examples:

1) By modulating the mean filament volume AV with the
instantaneous flow velocity, the model can be extended to
account for nonhomogeneously seeded flows.”

2) After generating a three-dimensional primary series with
known cross correlations (Reynolds shear stresses), the three
velocity components have been separated and three individual
particle series have been obtained. These series are used to
evaluate cross-correlation estimators, as are required when
acquiring data from a two-point LDA system.!4

3) The simulation model has been used to evaluate various
schemes of signal reconstruction, with the aim of performing
a spectral analysis on the equidistantly resampled data set.

This illustrates the flexibility and potential of the technique
for studying future applications of the laser Doppler
anemometer.

At the same time the limitations of this simulation model
must be stressed. Essentially only the bias and uncertainty
related to particle statistics are isolated and addressed. In any
given experimental situation, however, many other sources of
bias may become predominant. In particular, the variance of
the frequency estimate increases with decreasing signal-to-noise
ratio (e.g., photon noise or optical propagation effects), lead-
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ing to a bias of the velocity moment estimators and to distor-
tions of spectral estimators. Another important source of
error not considered is the variance of the transit time, which
is also sensitive to the signal quality. Experience shows that at
low signal-to-noise ratios this is the main limiting factor to
employing transit time weighting, especially since estimation
errors are weighted towards larger values and can be substan-
tial. It is therefore important to recognize that the present
work must be considered in conjunction with other possible
uncertainties. For successful comparisons and verifications of
simulations generated by this program with experimental data,
it is therefore necessary to insure high signal quality in the
experiments to minimize such distorting influences.
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