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ABSTRACT
Hybrid PIV-PTV approaches and pure PTV methods in general have been discussed by several authors, focusing on the
way to perform the correct association between the particles images of successive given recordings. The present work is
addressing the accuracy issue of such methods. An approach that correlates individual particles images is developed and
it is referred as the IPC method. It aims at improving the efficiency compared to the classical approach using the
estimation of the successive particle locations.
This work is also addressing the redistribution of the unstructured field obtained by the PTV process towards a regular
grid which is a convenient step for further data processing. As a matter of fact, it was observed the re-interpolation of
the data could be advantageous to decrease the random error. Nevertheless, in some cases it is true in others not and the
improvement of the IPC method can be hided. A first explanation is given by performing a Monte-Carlo simulation of
the redistribution process of the AGW scheme. It is observed that the sampling error of this simple interpolator is indeed
hiding the quality of the measurement.
An assessment of the proposed approach is considered with a methodology based on the use of synthetic images of a
reference flow field with homogeneous velocity fluctuations. The purpose of this test case is to evaluate the behavior of
the SRPIV method in a turbulent-like flow field containing small fluctuations and to compare it with the response of a
correlation-based PIV algorithm that integrate up-to-date processing features. The improvement of the IPC method is
showed respect to the PTV associated with an estimator of the particles positions such as the gaussian fit. The artifact
due to the redistribution process is also clearly highlighted. In this case, the accuracy after re-interpolation is determined
and limited by the spacing of the data since both PTV approaches gives the same results. Moreover, although PTV is
intrinsically less accurate than correlation-based PIV, the SRPIV performs in this case better than the correlation
method. It has to be undoubtedly credited to the higher spatial sampling of the SRPIV.

1. INTRODUCTION AND PRESENTATION OF THE IPC METHOD
PTV is a measurement method based on the determination of the successive positions (xp) of a given particle. The
measured displacement is:
(1)
∆x = x p (t + ∆t ) − x p (t )
We address in the following discussion the issue relative to accuracy supposing that the particle images are associated in
a correct way. Different particle position estimators have been developed for PTV purpose (Guezennec and Kiritsis
1990, Wernet et al. 1993, Udrea et al. 1996, Cowen and Monismith 1997, Takehara et al. 1999, Zimmer et al. 1999
Marxen et al. 2000, among others ). The problem is quite similar to the continuous fitting of a correlation function. A
sub-pixel position has to be evaluated from a discrete data set. The sources of error are mainly due to the imperfect
optics, to the digitization process and the inherent noise. Another source is the overlapping of individual particle image.
IPC stands for Individual Particle Correlation method. It aims at improving the efficiency compared to classical
approach using estimators of the successive particle locations. This feature (Stitou et al. 2003, Theunissen 2003)
consists in correlating small windows centered around the particle images of interest as depicted in Figure 1. This
proposed feature can be integrated at the end of any PTV algorithm. In the present work, an Super Resolution approach
(SRPIV) based on a hybrid PIV-PTV method is adopted (Stitou and Riethmuller, 2001). The IPC method is an iterative
process and the windows are displaced according to the previous measurement till convergence is reached. Since subpixel displacement of the windows is adopted, a re-sampling of the images is required. The scheme used is similar to the
one used by Scarano and Riethmuller (2000). It consists on a development of Sinc functions (Hall, 1979).

Figure 1: principles of the Individual Particle Correlation method
The characterisation of the measurement error ε(∆x) in term of random error and systematic error is performed by
means of synthetic images. A database of images of 200 by 200 pixels2 with uniform displacement of several amplitudes
is constituted and processed. A reference case is considered with small particles spots (Dp=3pixels) and a typical
concentration of tracers (Cp=0.1 1/pixel2). The seeding density Sd is defined as the ratio between the spacing of the
tracers λp and the particle image diameter Dp. It is an indicator of the particle image overlap. Details about the
generation of the images and their characteristics can be found in the work of Stitou (2003). The IPC method is applied
using 5 by 5 pixels2 windows. The results are compared to a state-of-the art reference PIV code, namely WIDIM
(Scarano and Riethmuller, 2000). A typical window size of 16 by 16 pixels2 windows size where considered for the
correlation process.
The dispersion of the error on the measurement (σε(∆x) ) is an indicator of the random error and then the accuracy of the
measurement. It is plotted on Figure 2a. The pixelisation introduces a periodical behaviour of the error with a
periodicity of 1 pixel.and the error is maximum for 0.5 pixel of displacement. Similar pattern are obtained for PIV and
the PTV approaches. There is one order of magnitude between the performances of the correlation PIV and the PTV
associated to the gaussian fitting. The reduction of the random error using the IPC method is significant since it can be
evaluated around 40% eventhough the gap to reach the performance of the correlation PIV is till large. Nevertheless,
previous investigations (Stitou et al. 2003, Theunissen 2003) showed that the random error of the IPC method can be
further reduced if a better discretization is obtained on the images. In this case, having particles described by more
pixels (Dp about 6 pixels) allows getting an accuracy almost equivalent to a PIV correlation method.

(a) random error

(b) systematic error

Figure 2 : measurements error on synthetic images
The mean of the measurement error in function of the sub-pixel part of the applied displacement is displayed on Figure
2b. It is an indicator of the systematic error. The pixelisation introduces also a periodical behaviour of the error with a
periodicity of 1 pixel. This periodical behaviour is responsible for the so-called pixel-locking. Looking to the sign of the
systematic error, it is clear that the measurements are biased to the closet integer value. The SRPIV treatment with a
gaussian fit is giving the highest error. Switching to IPC mode removes it almost completely. It is also observed that this
method shows even lower error than the correlation PIV algorithm. An explanation can be given looking to Figure 3. As
a matter of fact, in the IPC approach, the source of information is always centered inside the interrogation area whereas,
in correlation PIV, more and more tracers are lying on the border during the refinement process. On another hand, in the
last case, when a gradient of velocity is encountered, the signal-to-noise ratio of the correlation is decreasing because the
particles on the border are likely to move out the correlated templates and do not contribute positively.

Figure 3: comparison of the interrogation area obtained repetitively with the IPC method and by a PIV iterative
correlation process

2. APPLICATION TO A FLOW WITH HOMOGENEOUS FLUCTUATIONS
A synthetic image constitutes an appreciable tool to assess the performances of an image processing method.
Simulations of simple flow fields of reference allow estimating the intrinseque performances such as the accuracy or the
spatial response. Nevertheless, a simple flow field cannot fully simulate the complex structure of a real flow. Using the
result of numerical computation such as DNS or LES can bring for instance more realistic features. The purpose of this
test case is to evaluate the behaviour of the method in a turbulent-like flow field containing small fluctuations and to
compare it with the response of a correlation algorithm.
The images that are processed in this section are provided by Scarano from the Deft University of Technology. They are
generated using the SIG code. It is the synthetic images generator developed in the framework of the EUROPIV network
(Lecordier et al., 2003). The flow field is created by generating a random isotropic velocity field that is smoothed by a
moving gaussian window (λ=10 pixels). The displacement of the tracers ranges till 2.7 pixels. The concentration of
particle is 0.1 part/pixels2. The diameter of the tracer spots is 5.6 pixels. The image size is 500 by 500 pixels2.

Figure 4: synthetic image of a homogeneous fluctuating velocity field
A comparison is performed between the reference PIV algorithm and the two variants of the SRPIV methods: the
gaussian fit and the IPC approach. The adopted PIV method performs cross-correlation analysis including the shifting of
windows, distortion and refinement in an iterative fashion. This image processing code is also used to provide a
predictor of the velocity field for the tracking approach (Scarano and Riethmuller, 2000). The correlation method
provides a velocity field that is obtained by processing interrogation areas of 16 by 16 pixels with an overlapping of
75%. The tracking of the individual particles achieve a mean vector spacing of 4.8 pixels on a unstructured grid. For
further processing, the data are extracted toward a regular grid of 5 pixels pitch.
Since the fluctuations are isotropic, the discussion will only be based on the analysis of the horizontal component of the
velocity. Maps of the horizontal component of the displacement are depicted in Figure 5. The imposed displacement
field is compared against the measured fields. No major differences can be appreciated between the different techniques.
The main flow features of the correct solution are present although a smoothing can be distinguished.

Figure 5: synthetic images of a homogeneous fluctuating velocity field - map of horizontal component (pixel)
Velocity profiles are on Figure 6. The superposition of the imposed profiles confirms the general agreement with the
real solution. A smoothing of the imposed field can also be noticed. Focusing on the third profile, the velocity peaks at
y=300 pixels and y=350 pixels are two examples of the limited spatial response of the measuring tools. Differences can

be better appreciated on a close-up made on Figure 7. It shows that the tracking algorithm is able to follow better the
fluctuations but the improvement is not so significant respect to the reference correlation algorithm Nevertheless, that
graph shows that the results of the two variants of the SRPIV are quite similar after re-interpolation.

Figure 6: synthetic images of a homogeneous fluctuating velocity field - profiles of horizontal component (- real
velocity field, PIV, ∆ SRPIV+IPC, Ο SRPIV+gaussian fit)

Figure 7: synthetic images of a homogeneous fluctuating velocity field - profiles of horizontal component (close-up)
(- real velocity field, PIV, ∆ SRPIV+IPC, Ο SRPIV+gaussian fit)
Knowing the real flow field, the accuracy of the different processing methods can be appreciated in a better way looking
at cumulative histograms of the error on the whole field. Since the information about imposed velocity field are
provided only at integer pixel value, a bicubic interpolation is performed to recover a value at the point of interest. The
error on the horizontal component is plotted. Figure 8a shows that, although it is intrinsically less accurate, the SRPIV
performs better than the correlation method. It has undoubtedly to be credited to the higher spatial sampling of the
SRPIV. On another hand, in the present case, the redistribution of the scattered vectors towards a regular mesh
introduces errors as seen in Figure 8b for the IPC method. It is observed that the cumulative histogram curves moves
towards the larger levels of errors. It was expected that a re-interpolation would smooth the random error of the PTV
vectors. Indeed, in the present situation, the results after re-interpolation come to almost the same solution for the two
considered PTV approaches. Nevertheless it is still more accurate than the PIV processing. This artefact of the
distribution of the data deserves more insight and is discussed in the next section.

(a)
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Figure 8: synthetic images of a homogeneous fluctuating velocity field – cumulative histogram of the error on the
measurement of ∆x

3. REDISTRIBUTION OF THE VELOCITY MAPS: FROM AN UNSTRUCTURED GRID TO A REGULAR
ONE
By nature, tracking techniques provide unstructured velocity fields because of the random distribution of the tracer. It is
more convenient to have a structured measurement map to visualize the results, to compare to others databases and for
further analysis. CFD code developers are familiar with this problem and have overcome it by developing postprocessing strategies that can be used on non-structured data. The problem is also similar to the one encountered in LDV
measurement even though it is a one dimensional data field (velocity versus time). Hubner at al. (2000) propose to
evaluate spectrum from PTV fields by extending LDV post-processing tool to two-dimensional data set. Different
possible options and interesting approaches are described here. The new grid spacing should respect the typical spacing
of the unstructured field to keep the same data density since oversampling does not bring more information. The purpose
is just to redistribute the information at the location of interest. The objective is then to re-interpolate the data to a
regular grid but the limited bandwidth of any interpolation method can also be an advantage to smooth out the random
measurement error.
The finite element method is a robust method to redistribute an unstructured data set. Triangular elements are built by
the Delaunay triangulation technique. Three points linear elements allows getting a first order discretization accuracy of
the flow field. To reach higher performances, quadratic and bicubic elements have to be implemented, which is not
possible because the data values are known only at the vertex of the elements. Jimenez and Agui (1987) reported that
low order polynomial produce accurate results, but the advantage is small with respect to simpler methods. For
computational simplicity, Agui and Jimenez (1987) considered an average weighted with a gaussian kernel:
u( x ) =
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The optimum size of the gaussian window (H) was found on Monte-Carlo simulation of sinusoidal velocity field to be
1.24λv, λv being the spacing of the unstructured data field. The scheme, referred as Adaptive Gaussian Window (AGW),
was adopted in the present work. David et al. (2000) compared different methods: an average weighted by the inverse
distance between the location of interest and the data point (similar to the AGW), a method of Taylor development that
is fitted with a least squares approach (Imaichi and Ohmi, 1983) and spline interpolators. They conclude that the two
first methods give reliable results respectively for low and strong vortices. Spedding and Rignot (1993) concluded that
thin-shell spline functions (STS) are able to interpolate scattered vectors with errors about half of the one obtained with
AGW. Moreover its insensitivity to small changes in the data spacing makes it simpler to design. Nevertheless the
implementation of an AGW scheme reveals much easier and provide a better smoothing of the random error. Cohn and
Koochesfahani (2000) simulated different polynomial schemes fitted with a least square approach. The authors
concluded that the best choice for remapping the velocity is the use of a second order polynomial. The value of the error
depends on the data density and the radius used for the selection of velocity measurements to be included in the
redistribution process. Increasing the data density and reducing the fit radius improve the accuracy. The approach of
Lourenco and Krothapalli (2000) is quite different. The authors started from the statement that derivatives of the
velocity field (eg. vorticity) are the quantity of interest to investigate the physics of a flow. Therefore they implemented
second order polynomial fit that minimize the error made on the computation of the derivative. Labonté (2001)

demonstrates some advantages of using artificial neural networks for the post-processing of PTV data. In this study, a
neural network is trained to perform a non-linear global regression for the entire field.
The redistribution of the unstructured field obtained by the PTV process towards a regular grid is a convenient step for
further data processing. As a matter of fact, it was observed that the re-interpolation of the data could be advantageous
to decrease the random error. Nevertheless, , Figure 9 presents two situations where the redistribution scheme behaves
in an opposite (Stitou, 2003). Cumulative histograms of the error are plotted. The more the curve is on the left side of
the graph the more accurate is the technique. The use of synthetic images of reference velocity field allows to access to
the measurement error. Figure 9a is given by a velocity field presenting an isotropic distribution of fluctuations coming
back on the results showed in the previous part of the present work. In this case, the redistributed field is less accurate
than the raw one. On another hand, Figure 9b proposes the flow of a synthetic vortex with a size of 50 pixels and with a
maximum vorticity of 0.2 pix/pix. The influence of the redistributed scheme is positive since it allows reducing the
measurement error.
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Figure 9: effect of the AGW redistribution scheme on the accuracy
A first source of explanation can be found by performing a Monte-Carlo simulation of the redistribution process of the
AGW scheme. Vector maps are randomly generated considering a spacing λptv of the tracers of 4 pixels. It is
representative of typical PTV velocity maps. A uniform sinusoidal velocity field is simulated by applying a given
displacement to the position of the particles of the first frame. The amplitude of the sinusoidal field ∆x0 is set to 2 pixels
and several spatial wavelength (λsin) are considered. The measurement error is also simulated by adding gaussian noise
to the raw velocity field. The dispersion of the error (σ ε(∆x,ptv)) ranges till 0.2 pixels. The systematic error that is showed
usually by the presence of pixel-locking is not simulated since no mean error is considered.

(a)
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Figure 10: random error after re-interpolation of raw measurements using the AGW scheme (Monte-Carlo simulation)
The scheme referred as Adaptive Gaussian Window (AGW) is adopted to get the velocity field on a regular grid. Figure
10a shows that the random error after the re-interpolation (σ ε(∆x,interp)) does not depends on the error of the raw
measurement (σ ε(∆x,ptv)) for the considered ranges of parameter. Each symbols represents indeed a given value of
λptv/λsin, namely the ratio between the data spacing (λptv) and the velocity length scale (λsin). If the interpolation error is
plotted in function of this last parameter (Figure 10b), one can observe that it is only a matter of efficient sampling,

namely having a higher data spacing than the wavelength of the velocity field (λptv/λsin <<1). The less points you have to
describe a given fluctuation, the less accurate are the results. The sampling error of this simple interpolator is therefore
hiding the intrinsic quality of the measurement. Nevertheless, further extensive investigations on more advanced
reconstructors could be of interest. One could for instance take advantage of the background existing in LDV, as
referred previously, to give a practical solution to the problem.
4. CONCLUSIONS
As a conclusion, a novel method to measure the velocity when considering a PTV approach has been presented. The
improvement respect to a classical estimator of the particle location is significant: 40% for small images of particles
(Dp=3pixels). The bias error is also drastically reduced. A synthetic flow field presenting homogeneous velocity
fluctuations has been retained as a test case. Although PTV is intrinsically less accurate than correlation-based PIV, the
SRPIV performs here better than the correlation method. It has to be undoubtedly credited to the higher spatial sampling
of the PTV approach. It revealed that in certain cases the higher spatial sampling can be enough to get a higher spatial
response. The improvement of the IPC method is also showed respect to the PTV associated with an estimator of the
particles positions such as the gaussian fit. The artefact due to the redistribution process is also clearly highlighted since
both PTV approaches comes to the same results after interpolation. The Monte-Carlo simulation of the re-interpolation
process of a simple scheme (AGW) has given a better insight for the given range of parameters. It revealed that accuracy
after redistribution is only determined by the spacing of the data and can therefore hide the intrinsic performances of the
adopted method. Therefore, one must take care when using such tools and be aware of this limitation. On another hand,
the authors suggest taking advantage of the background accumulated during the last decades of operating and
developing LDV techniques.
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