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Abstract. A method for three-dimensional particle position estimation
employed in particle image velocimetry applications is presented. The
method includes the application of a robust optimization process, which
involves the use of a genetic algorithm. The algorithm derives particle
position by pattern matching theoretical to experimental images, using
the concept of image peak signal-to-noise ratio as the objective error
measure for this comparison. To produce sufficiently accurate theoretical
images comparable to experimental images for positioning purposes, it
is found that a Lorenz-Mie treatment of the seeding scattering field was
required, which also took into consideration the incident wavefront. The
use of a genetic algorithm for positioning proved to be more accurate
and faster than a Nelder-Mead algorithm combined with neural nets used
previously. This method has also been shown to be an effective means
of isolating contaminant particles in velocimetry images, which can sub-
stantially increase the overall error. We discuss some aspects of the
theory regarding this method, illustrate the ideas with a simple experi-
mental image, as well as detail our implementation of a pattern-matching
approach combined with a genetic algorithm for positioning purposes.
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1 Introduction

In recent years, emphasis has been placed on obtaining the
third velocity component, normal to the illuminated plane
in particle image velocimetry~PIV!, as it is important to
obtain 3-D velocity measurements. There are different and
numerous optical arrangements that have been proposed for
providing instantaneous information in PIV to obtain three-
dimensional position information.1

Velocimetry particle images show a scattering field that
is dependent on their relative 3-D position when illumi-
nated in a volume, such as when they are holographically
recorded or imaged using tunneling velocimetry.2

The application of holography to PIV is almost as old as
its application to particle sizing. Originally, the technique
was named holographic velocimetry~HV! and made use of
the in-line arrangement. Since then substantial progress has
been made but not enough for its industrial use. The avail-
ability of commercial PIV systems has brought holography
back to researchers’ attention, as it appears to be a natural
successor to standard PIV, and in the process has been re-
named HPIV. However, there is a difference between HV
and HPIV: HV refers to full 3-D experiments, whereas
HPIV simply means the holographic recording of PIV im-
ages. More specifically, in HPIV a light sheet is used to
illuminate the particles and the result is just a 2-D velocity
map with two or three components. Thus, most analysis
methods and software used in PIV also work with HPIV.

This is far from being the case with HV, in which the third
dimension substantially increases the complexity of the
data, analysis methods, and software required.

The tunneling velocimetry technique involves in-line il-
lumination of a volume of interest, achieved through a
single instrument using a single optical access point, thus
obtaining seeding particle scattering images produced
within said volume. Figure 1 shows an image taken by this
method. These images have to be interpreted to obtain 3-D
information of the particle position. The diffraction field
can be deduced from a single CCD camera position for a
range ofx-y-z particle positions, opening the way for using
a single camera in practical experiments. This previous
point is important in cases where there is restricted optical
access to flows of interest, such as those found in turboma-
chinery, where only one camera is often what can be ac-
commodated. Therefore, it is of crucial importance to de-
velop a processing technique capable of taking sufficiently
accurate 3-D velocity measurements from a single CCD
image.

Recently, a lot of research has been focused on the
analysis of particle image fields when illuminated by arbi-
trary incident beams, as opposed to the plane wave assump-
tion of the classical Lorenz-Mie theory.3 This treatment is
known as generalized Lorenz-Mie theory~GLMT!. To pro-
duce theoretical images of a quality quantitatively compa-
rable to experimental images, it was found that a general-
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ized Lorenz-Mie treatment of the scattering field was
required, which also considered the characteristics of the
incident wavefront. A program for calculating the GLMT
scattering field of particles at any given position when illu-
minated by plane, Guassian, spherical, or elliptically
shaped incident beams has been previously reported by our
group for particle image velocimetry applications.4 How-
ever, a detailed model of the behavior of illuminated par-
ticles is insufficient to produce a practical positioning algo-
rithm, unless means are found to make it applicable for
low-magnification conditions, so that correspondingly large
investigation volumes can be achieved.

A particle-positioning method using GLMT to create
theoretical seeding particle images, and embedding the ge-
netic algorithm search concept, was devised and is de-
scribed in the present work. The use of a genetic algorithm
overcomes the limitations of using a treatment combining
GLMT, a Nelder-Meade simplex algorithm,2 and a neural
net approach as previously reported.5 The Nelder-Meade
algorithm is one of the most widely used direct search
methods for nonlinear unconstrained optimization, though
the theoretical underpinnings of the algorithm, such as its
convergence properties, are less than satisfactory. These
limitations primarily involve low computational efficiency
and the need to retrain a net for each set of experimental
conditions.

Moreover, the related problem of searching for the best
particle pairing, from which velocity is derived in particle
tracking algorithms, is a lengthy process in the presence of
a large number of particles. However, genetic algorithms
are a promising practical alternative to use for particle po-
sitioning purposes. Sheng and Meng,6 who explored a ve-
locity extraction technique based on a genetic algorithm for
application in 3-D holographic particle images, showed that
the method was more accurate in velocimetry measure-
ments with low seeding density regions and large velocity
gradients. One important point of this method is that we
can increase the speed of the particle-pairing search by us-
ing several mutation and cross-over operations and somea
priori knowledge at the initialization stage.

2 Brief Remark

In the initial work on 3-D particle positioning,5 a simplified
model was used to represent the scattered field of a particle

in a laser beam. This simplified model was employed to
develop an understanding of the requirements for a high-
accuracy robust 3-D positioning algorithm because of its
computational simplicity. We considerd the case of a
particle-scattered field modeled by Fraunho¨fer diffraction,
digitized with varying dynamic range in the spatial and
intensity domain and witha priori knowledge of the par-
ticle diameter estimate, and an initial position estimate. We
primarily considered digitization issues and provided a
means to position particles in 3-D.

By the process of digitizing at low magnification, we
cease to have a recognizable digital representation of the
diffraction pattern. However, it is assumed that it is still
unique. This issue of uniqueness, i.e., that given estimate
and objective images there should be one and only one
position capable of minimizing an error function, depends
on the error being independent for each axis and needs to
be corroborated. A particle image, known as the objective
image, with a center at~x,y! and a distancez from the focal
plane was used as the reference. Another particle image,
known as the estimated image, was generated with an in-
cremental displacement along each axis in turn. Thus, if
these two images are subtracted, the resulting error charac-
teristics due to each class of incremental displacement can
be ascertained. For example, a displacement between the
estimated and objective image in thex direction results in
an asymmetric error in the direction of said axis, while a
displacement inz direction results in a concentric symmet-
ric error distribution. In Fig. 2, we can see the differing
characteristics of errors in the three principal axes. It was
shown that a process of iteration can be implemented,
where from an initial position estimate the algorithm could
iterate until the difference between the digital representa-
tion, the objective, and the estimate image was minimized
and that said minimum corresponded to a unique position.

One difficulty involved in implementing a pattern-
matching approach to particle positioning is the ambiguity
normally produced by a simplified treatment of differenti-
ating particles in front of and behind the focus plane. Pre-
vious works employing a more detailed treatment4,7 have
shown that the scattered intensity field produced by micron-
sized particles is not symmetric about the focus plane.
Therefore, there can be no ambiguity of particle position
for particles on either side of the focus plane. This fact can
be seen clearly in Fig. 3, which shows a plot of particle
intensity distribution in a range of25 to 15 mm about the
focal plane for a 21-mm glass particle using the generalized
Lorenz-Mie theory.

A simplified algorithm that used a Nelder-Mead nonlin-
ear search strategy to estimate particle position was initially
implemented. To achieve an initial estimate of thez coor-
dinate, a conventional neural net was constructed, broadly
similar to one described previously,8 while a centroid esti-
mate was employed to yield a first estimate of in-plane
position. The overall light intensity estimate can be ob-
tained by calibration, and so this was taken as a known
subject to an experimental error. The five parameters opti-
mized were: the three coordinates ofx position,y position,
z position, the particle diameter, and the peak intensity. The
peak intensity was included because even though cameras
may be calibrated knowing the prevailing light conditions,
these cannot be accurately estimated given digital technolo-

Fig. 1 Sample double-pulsed 6.5-mm polystyrene particle images at
a magnification of 1.23 using the tunneling velocimetry technique.
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gy’s sensitivity to such factors as temperature and power
source variations.

2.1 Basic Problem

Although the initial work proved successful in understand-
ing the needs and limitations involved in constructing an
algorithm for 3-D particle positioning, it proved inadequate
in a number of respects.

1. Experimental data requires a detailed model for ac-
curate positioning that is quite complex. When typi-
cal noise is added, such as noise in CCD images, it
results in a number of local minimum points of the
error objective function. Gradient methods in this
case of multiple minima find it difficult to resolve
and find the global minimum, corresponding to the
actual particle position. In the previous work we used
a Nelder-Mead algorithm. This kind of optimization
method is efficient when the function has a few local
minima value reasonably close to the initial condi-
tions. However, in the general case, one requires

Fig. 2 Mesh plots show the effect of an error in the x,y,z component: (a) and (b) are asymmetric large
errors in the direction of the axis, and (c) and (d) show a concentric symmetric error in the z compo-
nent.

Fig. 3 Calculated particle intensity field for a 21-mm glass particle
over a 1-cm depth of defocus using the generalized Lorent-Mie
theory (GLMT).
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working with a very complex problem with multiple
minima value in large volumes. So a method of glo-
bal optimization is required, able to deal with this
type of surface.

2. When applying the GLMT code to model the objec-
tive image and compare to the experimental image,
the algorithm slowed down to an unacceptable rate as
it was fully implemented in MATLAB. This is an
interpreted language, rather than having the more
computationally intensive sections programmed and
compiled in C11 for speed. So it was necessary to
make a conversion of some subroutines from MAT-
LAB to C11, though this is still in progress and will
be reported elsewhere.

3. The use of neural nets involved the extra step of net
training, configuration changes for each set of condi-
tions, and a complex overall system.

4. The merit function used to obtain thex, y, andz po-
sitioning between images was median absolute error
in intensity. However, this arrangement proved to be
inadequate. So, the merit function was changed by
peak signal to noise ratio~PSNR!.9 There are many
versions of signal to noise ratios, but PSNR gives
better sounding numbers than other measures in the
sense that it yields a low-magnitude increasing posi-
tive number for lower errors, which is useful intu-
itively and as many optimization subroutines maxi-
mize by default.

Other aspects of this simplified treatment must be con-
sidered before going on to an experimental image analysis
and are related to finding the center of the particle image.
There is a preprocessing of the image that consists in image
enhancement. The first step consists of finding an optimal
threshold for the image. The values of pixels below this
threshold level were set to zero and the rest were set to one.
The image was thus converted to a binary image. The bi-
nary image was then processed by a dilatation morphologi-
cal operation, with a circular structuring element. A binary
dilation of an object has the effect of increasing its geo-
metrical area. The aim of this process was to obtain well-
defined circular particle images and to achieve a center es-
timate of the resulting particle footprint as a first estimate
of the particle position inx and y. On the other hand, a
neural net was then applied to find an initial estimate of the
z position. An initial estimate of particle diameter and peak
intensity was obtained by microscope measurement and
camera calibration, respectively.

As far as the accuracy of thex, y, and z estimates are
concerned, numerical simulations were carried out. These
simulations assumed thatx andy coordinates have an error
of no more than 0.5 pixels initially~the accuracy of the first
pass of the algorithm using a centroid estimation! and that
the z coordinate could be estimated by application of the
neural net module to within 1 mm initially.

If the initial position estimate forz were chosen at ran-
dom, eliminating the neural net module, the algorithm
would in general not converge by using a Nelder-Mead
routine because of the multimodal nature of the problem as
discussed previously. The noise assumed for this work was
a variation due to shot noise of 1 gray level for the Fraun-
höfer image with a background noise of 20 gray levels.

These two parameters were taken as typical of the sort of
CCD camera used after being adapted for low-light appli-
cations, both being independent of the data.

In the next section we propose a refinement of the
method previously used, to make high accuracy particle
velocimetry measurements, and achieve a robust algorithm
exploiting the scattered energy field, through using pattern
matching and genetic algorithms.

3 3-D Genetic Positioning Algorithm

3.1 Introduction to Genetic Algorithm

There are two main strategies of searching to resolve the
optimization problem. One of them is based on genetic al-
gorithms~GA!. This is a method using a global search strat-
egy, while the alternative corresponds to implementing a
local search strategy based on gradients, continuity, etc.
Furthermore, other techniques have been implemented such
as a hybrid method10 to produce fast global optimization.

The fundamental idea of genetic algorithms is based in
the rules of natural selection. There are three basic concepts
relating to this algorithm: reproduction, gene cross-over,
and mutation. Organisms can pass beneficial and survival-
enhancing traits to new generations. In this approach, the
variables are represented as genes on a chromosome. The
population on which the GA evolution takes place com-
prises a group of chromosomes that represent possible so-
lutions of the problem, and from which parents for a new
generation are selected. By evaluating fitness values for all
chromosomes, a particular group of chromosomes is se-
lected from the population as parents to generate offspring
~a new generation of the problem!. The better the fitness,
the greater the chance a chromosome stands of being se-
lected as a parent for reproduction. Fitness values for off-
spring are evaluated in the same fashion as their parents,
and then chromosomes in the current population are re-
placed by offspring based on certain replacement strategies.
Such a GA cycle is repeated until the termination criterion
is reached. A more complete discussion of genetic algo-
rithms can be found elsewhere.11,12

For this application, an existing genetic algorithm opti-
mization toolbox was used13 to implement a global search
strategy to estimate velocimetry seeding particle positions
in three dimensions. This toolbox contains a portable algo-
rithm in a mathematical environment with capabilities that
have been tested with different nonlinear, nonconvex, mul-
timodal functions, such as the Fraunho¨fer formalism.14 Re-
sults have shown that the software is capable of finding
adequate solutions at a lower computational cost than simu-
lated annealing and other conventional algorithms that are
applicable to convex regular functions, such as the Nelder-
Mead method and adaptive random search.

A proper selection of genetic operations and their impact
on the evolution process is critical to a successful GA
implementation. Thus, the general method and particular
set of genetic operators implemented for this problem is
described next.

3.2 Encoding Scheme

Typically, a particle image with a known positionc0

5(x0 ,y0 ,z0) was generated and modeled by a Fraunho¨fer
approximation, with the particle being known as the objec-
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tive imageI o . A second particle imageI e was then gener-
ated with initial conditionsc15(x1 ,y1 ,z1) as previously
described, except for thez estimate, which was initialized
as a random position both within a light sheet and within a
volume to explore a method not using neural nets. We ap-
ply a genetic algorithm to find the best pairing for each
particle. So, both images were then matched according to
the following fitness criterion to quantify their similarity:

fitness520* log10H 1

sqrt@mean~ I o2I e!
2#J .

Therefore, the position of the estimate image can be var-
ied to maximize the similarity of both images, which is a
typical optimization problem. Such a problem is capable of
being cast as an evolutionary problem by coding an esti-
mated particle position as a chromosome-evolving subject
to a fitness criterion provided by the PSNR metric when
matching images. Once the GA algorithm produces the op-
timum chromosome~i.e., the estimated particle position!,
the error between the estimated position and the known
objective particle position can be calculated and can form
the basis for the results discussed.

3.2.1 Initial population

The initialization step creates the first generation of chro-
mosomes for evolution, and these are normally randomly
and uniformly distributed in the solution space for fast con-
vergence. Here the initial population was randomly gener-
ated and contained 120 individuals.

3.2.2 Selection function

The function that selects individuals to produce generations
is devised as follows. A probabilistic selection is performed
based on the individual’s fitness with the better individual
in the population.

There were several selected functions, but a ranking se-
lection function method is used and based on the normal-
ized geometric distribution with a probabilitypg50.08.

3.2.3 Operator

During the search stage, genetic operators need to be de-
fined, and their overall effect on the system evolution also
has to be quantified. The two fundamental types of opera-
tors are cross-over and mutation. These operators were used

to create new solutions based on existing solutions in the
population using a floating-point representation.

For instance, cross-over operators take two individuals
and produce two new individuals. In the case of simple
cross-over, a random numbers is generated from a uniform
distribution from 1 tom ~wherem is the total length num-
ber of bits in a chromosome! and creates two new individu-
als. Other operators can be used, such as arithmetic and
heuristic operators.

Mutation alters one or more genes~position in a chro-
mosome! with a specific probability. Mutation is employed
to give new information to the population and also prevents
the population from becoming saturated with similar chro-
mosomes. Nonuniform mutation, uniform mutation, multi-
nonuniform mutation, and boundary mutation have all been
implemented in the approach used for this method. For the
optimization of the estimation Fraunho¨fer function, a float
genetic algorithm was employed with the previously men-
tioned operators.

3.2.4 Termination function

The GA algorithm moves from generation to generation
selecting and reproducing parents until a termination crite-
rion is met. For this application, the criterion used was a
specified maximum number of generation~80!, an achieve-
ment of a user-defined optimal value for the error~27 dB!,
or a variation in the error function from generation to gen-
eration of less than«510e24.

4 Simulated Results

A robust method using pattern matching and a genetic al-
gorithm to find the optimum particle position in three di-
mensions that maximized the peak signal-to-noise ratio was
implemented and tested on both simulated and experimen-
tal data. To better understand the performance of this ap-
proach, it was compared to the performance of a previously
used Nelder-Mead strategy. This new approach was found
to perform faster, with a higher accuracy, and without the
need to obtain an initialz position estimate, thus reducing
the computational cost and making the method simpler.

Table 1 shows an error comparison between a Nelder-
Mead algorithm and a genetic algorithm for a 15-run test
study. Both algorithms were tested on a Pentium IV run-
ning at 1.2 GHz. The more demanding GLMT calculations
were performed on a 2.2 GHz machine. The genetic algo-
rithm provided both a faster processing speed and lower
error than a Nelder-Mead algorithm. Using a Nelder-Mead

Table 1 Comparison of the rms out-of-focus positioning errors for the two algorithms. The simulated
particle was moved out of focus by a random displacement of 1 mm (in a light sheet) and 10 mm (in
a volume) away. The table shows the errors normalized to the depth of focus for 23 magnification.

Fraunhöfer Approx.
rms out-of-focus

error in a light sheet

Fraunhöfer Approx. rms
out-of-focus error in a

volume GLMT

Error
Run time

(min) Error
Run time

(min)
Error

(mean vel.)
Run time
(hours)

Nelder-Mead
algorithm

12 17 105 18 12.8% 3.1

Genetic algorithm 1 3 4 3 12.3% 2.5
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algorithm in a volume, we have a factor of nine times
higher error than in a light sheet. This is primarily due to
the fact that in some cases, the algorithm converges to a
local minimum, not a global minimum, thereby dispropor-
tionately increasing the resulting error. Even in the case of
a light sheet, where both algorithms converge, the Nelder-
Mead approach results in an error more than ten times
higher than the GA algorithm proposed. Processing time for
the GA algorithm is more than five times lower than that
taken by a Nelder-Mead approach. Finally, the error pro-
duced by applying the proposed GA algorithm to a volume
is only four times higher than that obtained in a light sheet,
due to the rapid convergence of the algorithm to the general
area of the global minimum. All simulation values shown in
Table 1 have been normalized by the depth of focus avail-
able for the modeled conditions at a magnification of 23,
i.e., a depth of field of 44mm. On the other hand, the
right-hand side of this table shows experimental results ex-
pressed as a percentage of true velocity for both a GA and
a Nelder-Mead approach, rather than as a positional error,
as in the other two columns.

To study the relevance of the Fraunho¨fer approximation
on a real image, a typical forward scattering setup was used
for experimental recording, and a particle scattering image

was modeled using the Fraunho¨fer approach. Although the
comparison between the experimental image and the Fraun-
höfer image is not very close, Figs. 4~a! and 4~b! illustrate
why this approximation was used. The experimental and
approximated image are qualitatively similar, and the ap-
proximated image is very easy to compute for testing pur-
poses. The experimental image was an 18-mm-diam spheri-
cal particle that was illuminated by a laser wavelength of
638 nm in the forward mode, and viewed through a 90-mm
focal length lens at a magnification of 7.83.

The results for the position estimates were broadly simi-
lar for the x and y component, as can be expected. How-
ever, the result for the performance in thez component is
worthy of note and is shown in Fig. 5, all normalized with
respect to the depth of focus. Figure 5~a! shows the perfor-
mance of the absolute error versus magnification for differ-
ent width of sampling intervals in the image plane. As ex-
pected, higher spatial resolution and a corresponding larger
number of sampling points per millimeter in the image
plane ~i.e., smaller sampling intervals resulting from
smaller pixels results in more detailed information about
the particle image in the object plane! leads to lower error
~all calculations were made for 8-bit resolution!. Figure
5~b! shows a complementary view of error versus magnifi-
cation for a range of intensity resolutions, where spatial
resolution was kept constant at 11mm. Again, as expected,
a larger intensity resolution results in lower error, but at a
diminishing rate, so there is a large decrease in error in
going from 8 to 10 bits, but a much more modest reduction
from 10 to 12 bit. Therefore, a 10-bit camera with 11mm of
resolution pixel could be expected to achieve a positional
error of 5 mm at a magnification of 7.83. However, this
error could be reduced by the use of a full GLMT treat-
ment, where particle images vary much more significantly
as a function of displacement in thez direction than a
Fraunho¨fer simplification, particularly in the focal plane re-
gion.

Fig. 4 Comparison of (a) experimental and (b) Fraunhöfer calculate
representations of the particle scattering field.

Fig. 5 Performance of the robust positioning method using a genetic algorithm: positional error versus
magnification (normalized with depth of focus) for a range spatial resolution of pixels and a range
intensity resolution of 8, 10, and 12 bits ADCs.
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5 Experimental Results

Once the method was tested with simulated data, an experi-
mental image was investigated~see Fig. 1!. For the experi-
mental case, a full GLMT formulation of the scattering
field was used rather than a simplified Fraunho¨fer approxi-
mation. The error metric was used again to maximize the
peak signal-to-noise ratio between the experimental and es-
timated images. We used manually assisted particle recog-
nition just to identify and separate particles in the first and
second pulses. Thus, the particle centroids were located,
separated, and taken as initial centroids. The time taken to
process this image was at first prohibitively high, due to the
heavy computational requirements of GLMT. Therefore,
the method was refined so that it kept previously computed
data in a look-up table, which could be subsequently in-
spected before doing a GLMT calculation, thereby reducing
significantly the time taken to process the experimental im-
age.

The experimental image was obtained by back-
scattering tunneling velocimetry~TV!, as described
elsewhere,2 though a holographic image can equally be
used. The seeding material was polystyrene sized to 6.5
mm, injected through a nebulizer, flowing in a free jet at a
speed of 9.5 m/s and an angle of 32 deg to the image plane.
A frequency-doubled Nd/YAG laser with energy of 100 mJ/
pulse and a pulse separation of 100ms illuminated the seed-
ing. The resulting image was recorded at a magnification of
1.743, and viewed through a 90-mm SIGMA lens.

Figure 6 shows the resulting raw velocity field in 3-D.
There are only a few particle pairs in this image, but it does
serve to illustrate the feasibility of the method. However,
there is one point that is apparent from a review of the
velocity vectors and the corresponding experimental image.
Namely, there are some vectors that have a large error.
After further investigation, it was concluded that the jet
contained some water particles that had not yet evaporated,
as well as the intended polystyrene seeding, as the seeding
was not heated as is normally done. Since the GLMT code
requires knowledge of the complex refractive index and
seeding particle size, it generated erroneous positions for
those seeding particles that were not made from the same
material as the seeding. Therefore, this is an effective
means to isolate contaminant particles in velocimetry im-

ages. However, there are some cases such as when three-
state anemometry is applied,15 where a number of seeding
populations are used and need to be identified separately.
~Anemometry is a technique that seeks to derive fluid ve-
locity, temperature, and density by the differing trajectories
of a number of seeding populations specially selected for
this purpose!. For this type of application, where a mixture
of seeding diameters are used, the algorithm needs to be
further refined to identify position and population informa-
tion. Our group is actively developing this last method.
This is currently the subject of much research and beyond
the scope of this article, so it will be reported separately in
the near future.

The limitations applicable to this method relate prima-
rily to the seeding density that such an approach is able to
tackle. The technique is aimed at practical applications in
hostile industrial environments, where seeding densities are
typically quite low to medium at best and noise is high.

It is a small point but worthy of mention that although
holography possesses the advantages of large sensing areas
and high resolution, the sensing areas are limited by scat-
tering energy levels required from seeding particles, while
the benefits of high resolution are limited by background
noise. Sensing areas can be increased by using, for ex-
ample, a forward scattering arrangement, where particle
scattering efficiency is larger, though such arrangements are
much more complicated than conventional in-line methods
and often also require multiple optical access, limiting the
applicability of these approaches in industrial applications.
Moreover, the latter advantage is applicable for the case
where noise is low, rather than industrial applications
where noise levels can be high. In general, there will be no
change in precision as resolution is increased in the pres-
ence of noise, an intuitive result that has been supported by
experimental evidence.16

In any case, high-density recording in holographic par-
ticle image velocimetry~HPIV! is difficult to achieve at an
acceptable signal-to-noise ratio. Typically, at a density of
10 particles/mm3, holographic particle image velocimetry
encounters speckle noise.17 Although speckle noise can be
controlled to various extents at the cost of increased com-
plexity, densities are still rather low, leading to measure-
ment rates of the order of 0.5 measurements/mm3 or less
using correlation approaches. To overcome this problem,
there has been some work on more advanced 3-D velocity
extraction algorithms, which can cope with the low seeding
densities of HPIV using genetic algorithms.6 This particular
method, however, still uses a low accuracy convoluted
method to obtain the particle vectors in the first place. So,
speckle noise limits the potential measurement density of
HPIV in industrial applications, pointing to tracking meth-
ods as the most appropriate for 3-D velocity estimation, due
to the low particle seeding density required by these meth-
ods compared to frequency approaches.

The particle tracking method, however, has been shown
to work successfully in HPIV, also achieving a considerable
reduction in data processing compared to frequency meth-
ods, as shown by our early work in this area.18 This early
work was followed up by further work in the field of inter-
rogation of 3-D particle image fields.19–21 However, this
work now proposes, for the first time, using the particle
scattering field directly in a 3-D particle-tracking mode

Fig. 6 Three-dimensional flow field analysis of data shown in Fig. 1.
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suitable for noisy hostile environments with limited optical
access, as opposed to the previously used correlation-based
or stereoscopic methods.

Clearly, in the case of HPIV images obtained in labora-
tory conditions, the seeding density can be quite high and
unsuitable for an approach such as the one proposed here.
In a high-density HPIV case, the overlap of particle scat-
tering fields would lead to confusion, and therefore illus-
trates a limitation of the applicability of the method. More-
over, although the software developed to date is being
speeded up by optimization/compiling/introduction of
look-up tables for reusing computationally intensive data,
the computational requirements involved in high-density
image analysis would be prohibitive, thus representing a
further limitation to the applicability of this method for
high density velocimetry images.

6 Conclusions

A robust three-dimensional positioning algorithm for low
and medium density particles was successfully imple-
mented, which is based on pattern matching a calculated
particle image using GLMT an experimental images. This
method employs a genetic algorithm for finding the opti-
mum position estimate with a peak signal-noise ratio crite-
rion for estimating error. The mean measured velocity of
this method and particularity for this test problem was es-
timated to be of the order of 9.78 m/s, some 3% higher than
the actual velocity, neglecting pairing particle errors that
would normally arise in conventional images. This method
allows a reduction of magnification down near unity at an
accuracy in the region of 20mm, when used together with
a GLMT treatment of particle diffraction.

The method requires an amount of data to be analyzed
that is much lower than for other methods~ring-counting
intensity estimation or other commonly used methods!, and
we employed lower magnifications than these methods,
which effectively enlarges the feasible investigation
region.8,22,23Moreover, the method demonstrated a capabil-
ity to identify contaminant seeding particles, which typi-
cally do not satisfy flow-following criteria and therefore
increase error.

Current work is oriented toward implementing a GA
particle-pairing strategy using a continuity criterion for the
objective function. Much work remains in refining codes,
such as speeding it up, including all forms of lens aberra-
tion, and extending it to simultaneously positioning and
identifying seeding population to which a given seeding
image belongs. Nevertheless, the method described is able
to position seeding velocimetry particles in 3-D based on a
particle scattering field, even using HV data, using a single
image and at low magnification, automatically and with
high accuracy.
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