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Abstract Three diﬀerent particle image processing
algorithms have been developed for the improvement of
PIV velocity measurements characterized by large
velocity gradients. The objectives of this study are to
point out the limitations of the standard processing
methods and to propose a complete algorithm to enhance
the measurement accuracy. The heart of the PIV image
processing is a direct cross-correlation calculation in
order to obtain complete ﬂexibility in the choice of the
size and the shape of the interrogation window (IW). An
iterative procedure is then applied for the reduction of
the size of IW at each measurement location. This procedure allows taking into account the local particle
concentration in the image. The results of this ﬁrst iterative processing, applied to synthetic images, show both
a signiﬁcant improvement of measurement accuracy and
an increase of the spatial resolution. Finally, a superresolution algorithm is developed to further increase the
spatial resolution of the measurement by determining the
displacement of each particle. The computer time for a
complete image processing is optimized by the introduction of original data storage in Binary Space Partitions trees. It is shown that measurement errors for large
velocity gradient ﬂows are similar to those obtained in
simpler cases with uniform translation displacements.
This last result validates the ability of the developed super-resolution algorithm for the aerodynamic
characterization of large velocity gradient ﬂows.
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1 Introduction
Nowadays, Particle Image Velocimetry is a very useful
tool for the determination of the aerodynamic ﬁeld of
complex ﬂows. However, it still suﬀers from a lack of
accuracy in cases of ﬂows characterized by large velocity
gradients. The ﬁrst goal of this work was to develop a
new PIV algorithm particularly well adapted for the
study of turbulent ﬂames generated by bluﬀ-body or
swirl burners characterized by internal recirculation
zones and where counter-ﬂows and vortices can co-exist
with large velocity gradients (Honoré et al. 2000). Then,
in order to improve the velocity measurement accuracy,
an original PIV algorithm has been developed on the
base of a direct calculation of the cross-correlation (CC)
function in order to allow a large ﬂexibility in the choice
of the size and shape of the interrogation windows (IW)
without systematically using FFT based algorithms. To
validate this procedure, a parametric study was performed on synthetic images with constant particle displacements and a comparison with classical FFT
algorithms was done (Susset et al. 2000). Even if the
results are enhanced, the computational time for a direct
cross-correlation calculation still remains long. Some
authors have tried to increase the processing speed by
compressing the images (Hart 1998) or by performing
only a part of the calculation (Roth and Katz 2001). An
other approach is proposed in the present work leading
to a CC computational time comparable to a FFT one
as well as the improvement of the spatial resolution of
the measurement. An iterative scheme for the direct CC
algorithm is developed with a reduction of the interrogation window size, followed by an ultimate super spatial resolution algorithm to generate one displacement
measurement for each particle in the image.
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2 Speeding-up method for direct CC calculations
The PIV method assumes that the particle displacement
in each interrogation window (IW) is deduced from the
position of the CC function peak. In order to decrease
the CC computational time, the processing must minimize the number of multiplication operations, which are
longer than the addition ones. For this purpose, original
data storage has been searched. Usually, an IW is described as a M x N pixel2 matrix where each couple
(i; j)—ranging respectively between [0; M-1] and
[0; N-1]—has a value associated to its grey level k ranges
from 0 to (2p 1), where p is the image dynamics. A basic
calculation of the direct CC between two M · N pixel2
IW induces (M · N)2 multiplications and (M·N)2
additions. In the proposed procedure, the number of
multiplications is decreased thanks to a new data
structure for each IW. As shown in Fig. 1, it consists of
deﬁning a NVG(k) vector including the k grey levels
from kmin to kmax associated to the three data ﬁelds. The
ﬁrst one contains an integer NBk representing the
number of pixels in the IW where the grey level is k,
whereas the second and third data contain the corresponding (i; j) pixel positions.
Such a structure is created for each of the two IW of
the direct CC calculation. As a ﬁrst advantage, the
number of multiplications decreases drastically. For
example, if we consider two 32·32 pixel2 IW with grey
levels in the range [0; 255] (i.e. 8 bit images), the total
number of multiplications will be (256·256) = 65,536
instead of (32·32)2 = 1,048,576 with a classic approach.
The operations required for a complete CC calculation
are only additions and indice shifts that saves 20% of the
average computer time. However, the computational
time remains still prohibitive for large amount of data.
For example, only 12 vectors/s are determined for
32·32 pixel2 IW using a 750-MHz processor, compared
to more than 500 vectors/s for FFT algorithms.
The main advantage of this new data storage structure is that it classiﬁes information from the lowest kmin
to the highest grey level kmax. Generally, the scattering
signal of particles is assumed to high grey levels whereas
background and noise to the lowest ones. Therefore, a

Fig. 1 Diagram of data structure adopted for each IW

sweeping of the structure from kmax to kmin enhances the
signal processing (CC function peak) instead of the
noise. This procedure is kept dynamically during the
scanning. Figure 2 compares the two methods of construction of the CC peak as a function of the percentage
of pixels processed in a 32·32 pixel2 IW. The left graphs
correspond to the conventional processing scheme where
CC calculations are performed pixel by pixel in 4
interleaved loops whereas the right graphs use the new
data structure from kmax to kmin. It can be observed that
at half of complete computational time, the height of the
CC peak reached 50% of the ﬁnal one with the usual
processing and 94% with this new data structure. The
calculation is stopped as soon as the peak position remains ﬁxed during several iterations on successive grey
levels. For example, on Fig. 2, the ﬁnal position of the
CC peak is reached after 10% of the processed pixels
and the calculation is then stopped. This procedure
drastically decreases the computational time without
any loss of CC quality. In these conditions, the processing speed is not prohibitive: the complete direct CC
calculation time becomes similar or sometimes even
smaller than those from FFT based algorithms.
When the particle displacement is much larger than
the IW size, the CC function peak cannot be detected as
its amplitude decreases with the number of products
contributing to its building. This eﬀect can be limited by
implementing a corrective calculation step: the IW of the
second image is shifted by an integer value corresponding to the displacement determined at the ﬁrst
iteration, the CC function peak is then centred in the
correlation space. A residual displacement, determined
by a sub-pixel Gaussian interpolation, is added to the
IW shift. Such an operation, permitting a catching up
with the particles, is common in PIV algorithms. This
processing is designated as the standard processing.

3 Resolution of velocity gradients by standard
processing
The accuracy of the direct CC processing is evaluated on
synthetic particle images. For this purpose, a synthetic
image builder has been developed to generate particle
image batches corresponding to diﬀerent motion conﬁgurations. Translation, rotation or other displacements
can be selected to evaluate the accuracy and the limitations of the proposed PIV algorithm. A normal distribution is chosen for grey level repartition of particle
scattering intensity, the dynamic of synthetic images is
ﬁxed at 8 bits and other advanced functionalities allow
the generation of realistic synthetic images, for example
the loading of a displacement ﬁeld and / or a user deﬁned particle distribution (Susset 2002).
The standard processing has ﬁrst been evaluated on
these synthetic images with a uniform translation of the
particle displacements: the global measurement errors
are less than 0.1 pixel (Susset et al. 2000). In order to
apply this approach to complex ﬂows such as turbulent
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Fig. 2 Dynamic construction of the CC peak as function of the percentage of pixels processed in the IW, calculated with the ‘‘pixel by
pixel’’ conventional processing (left), and with the new data storage structure processing (right)
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ﬂames (Susset et al. 1998, Honoré et al. 2000), the processing accuracy has been evaluated on large velocity
gradient ﬂows. Such a conﬁguration is modelled with
synthetic images with a linear displacement gradient
along the horizontal axis and zero along the vertical one.
Any particle displacement is imposed on the horizontal
axis and the particle distribution is randomly determined. No out-of-plane motion of particles is considered
in the present synthetic images in order to isolate the
eﬀect of local velocity gradient on the PIV measurement.
The value of the imposed gradient, Simp, is deﬁned as the
ratio of the maximum velocity diﬀerence on the image
width and varies from 0.05 to 0.5 in the present case. For
each value of Simp, 7,000 independent measurements are
performed to ensure the convergence of the statistical
study. Figure 3a represents an example of a synthetic
image and the corresponding displacement ﬁeld for
Simp=0.2, i.e. a vertical displacement diﬀerence of 14
pixel over the 70 pixel width of the image. The associated mean displacement proﬁle, averaged over the height
of this image, is shown on Fig. 3b.
The size of the interrogation windows is
20·60 pixel2 including an average of 30 particles with a
mean size of 4 pixels. The measured displacement
gradients Smes are obtained from a linear regression of
the average displacement of the horizontal proﬁles.
Figure 4 represents this evolution as function of the
imposed displacement gradient Simp. A linear regression is applied to the set of Smes points in Fig. 4, the
resulting slope—equal to 0.9515—shows an underestimation of the standard processing in the studied
range. Figure 5 shows the increase of the RMS value of
Smes as function of the imposed displacement gradient
Simp: the maximum value for the highest tested gradient
(2.5 pixel for Simp=0.5) is 25 times greater than that in
the case of translation displacements (Susset et al.
2000). This reveals that standard processing induces
errors, which are too large for application on ﬂows
with large velocity gradients.

Fig. 3 Example of processing
of a pair of synthetic images for
Simp = 0.2 a synthetic image
and corresponding
displacement ﬁeld, b average
displacement proﬁle

4 The iterative processing
4.1 Principle of the IW resizing in the iterative method
Diﬀerent methods have been suggested by several authors for the improvement of PIV measurements in large
velocity gradient ﬂows. They can be grouped into three
categories: i] methods using morphology of the CC
function (Roth and Katz 2001), ii] methods based on
image shape adaptation (Huang et al. 1993, Tokumaru
and Dimotakis 1995; Quénot et al. 1998; Ishikawa et al.
2000) and iii] methods using an iterative IW sizing (Lecordier 1997; Scarano and Riethmuller 1999). In the
present study, an IW re-sizing method has been adopted,
allowing enhancement of the spatial resolution on top of
the improvement of the measurement accuracy. The
choice of a direct CC calculation is particularly adapted
to IW re-sizing because it does not place any restriction
on the IW shape unlike with standard FFT-based
algorithms. This approach is implemented in an iterative
procedure by a predictor / corrector scheme (Fig. 6).
Three successive processing methods can be isolated
in the global iterative scheme. The initialization consists
of the determination of the displacement ﬁeld on a
coarse grid by a standard processing with large IW, four
times larger than the expected maximum displacement.
The displacement ﬁeld is determined in the second step
on a ﬁner grid—supposed to be the ﬁnal grid—after
displacement validation and spurious vector interpolation. As the standard processing, this predictor stage is
followed ﬁrst by an integer shifting of the second image
of the same IW and then by a sub-pixel Gaussian
interpolation. The results are validated by global and
local ﬁlterings with spurious vector interpolation.
Always in the iterative procedure, the IW size is decreased by a dichotomic area reduction dependent of the
validation result. The surface of the IW of a validated
displacement is multiplied by 0.50 (i.e. half area),
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Fig. 5 RMS of measured displacement versus imposed displacement gradient
Fig. 4 Measured displacement gradient versus imposed displacement gradient

whereas the surface of the IW with spurious vector is
multiplied by 0.75. Keeping the same measurement
location grid, the calculations of the predictor/corrector
are then performed for each IW with these new dimensions. The criteria to stop the iterative reduction is de-

Fig. 6 Global diagram of the iterative algorithm

ﬁned as either the IW reaches a minimum size of
8·8 pixel2 , or the IW area reduction is less than 10%
between two successive iterations. The main speciﬁcity
of this iterative procedure is that the dichotomic size
reduction is performed independently for each IW. This
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enables inhomogeneities of local particle density to take
into account as observed in turbulent ﬂows with internal
recirculation zones (Susset et al. 1998). Indeed, the
ability to use large IW in low particle concentration
regions and to reduce size of the IW in high concentration zones enables an increase of the spatial resolution in the latter regions without losing the possibility of
PIV measurements in the ﬁrst regions. At the end of the
iterative processing, two additional parameters, representing the ﬁnal IW size, are stored with each displacement measurement.
4.2 Precision of the iterative processing for velocity
gradient resolution
A set of synthetic images for diﬀerent displacement
gradients is again used to evaluate the iterative processing eﬃciency. The measured displacement gradient
Smes obtained by the iterative processing is also reported
in Fig. 4. The slope of the linear regression is closer to 1
than the standard processing one. The gap between the
two processing increases with the gradient values
(Simp>0.3). The RMS values for the iterative processing
is globally three times lower than the standard one. This
last result shows that this new processing seems well
adapted to large gradient resolution. Moreover, the ﬁnal

average size of IW (9·9 pixel2 ) shows also that the
independent sizing of the IW induces a better spatial
resolution of the PIV measurements.

5 The super-resolution processing
The minimum size of the IW is ﬁxed to 8·8 pixel2 by the
iterative processing. A better spatial resolution must be
obtained by calculation of a displacement for each
individual particle. For this, a super-resolution algorithm has been developed as a hybrid PIV/PTV method.
The result of the iterative PIV processing becomes the
input of the PTV procedure. The last processing steps
consist of the detection of the particles in images, the
interpolation of the PIV displacements on the detected
particle positions and the matching of the particle pairs
between the ﬁrst and second images.

5.1 Particle detection in tomographic images
The detection of objects is a current operation in image
processing and numerous algorithms are available but
generally adapted to speciﬁc conﬁgurations (Carosone
et al. 1995; Etoh et al. 1998). They usually include three
stages: ﬁrst the deﬁnition of the object properties in the

Fig. 7 Construction of a particle BSP from a real image containing 37,064 detected particles (the initial image is shown in step 1 and in
reverse colours in other steps)
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calculated in the background image in order to deﬁne a
threshold corresponding to the addition of the local
background signal and three times the RMS value. For
each raw image pixel, if the grey level is superior to the
threshold, the pixel is ﬂagged as a signal. Then, the
neighboured ﬂagged pixels are analyzed to ﬁnd the local
intensity maximum. At this position, a Gaussian interpolation is used to establish the sub-pixel position,
intensity amplitude and half-width size of the detected
particle.
5.2 Data storage in binary space partition

Fig. 8 Comparison of theoretical displacements (line) with results
of iterative processing (open circles and error bars) and superresolution processing (dots)

image: shape, size and intensity; second homogenisation
of the image in order to get a quasi-constant object/
background contrast; and third deﬁnition of thresholds
to distinguish the object from the background. Our approach is based on particle elimination by an erosion
operation in order to isolate them from the background
of the image. For each analysis window, this operation
attributes the minimum grey level value of the window
to the centre pixel position. In the present case, the size
of the erosion windows varies from 3·3 to 7·7 pixel2.
The resulting image is considered as the background
reference. The RMS value of the intensity is then

With the super-resolution algorithm, the computational
time for the interpolation procedure and the particle
pairing can be very high when many of particles are
present together in the tomographic images. In the
present work, a new concept of data storage has been
implemented, by the use of binary space partition (BSP)
(De Berg et al. 2000). This concept has been developed
for optimization of number of polygons processed by
graphics processors (Fuchs et al. 1980), and is nowadays
generally used in real-time animations of virtual world
and 3D games (Watt and Policarpo 2000). The principle
of BSP trees consists of an iterative space splitting in
hierarchical planes. At each step, two space partitions
are deﬁned containing one half of the polygons of the
previous iterative step. Then, the virtual world is deﬁned
as a succession of boxes hierarchically interlocked. In
the present study, this principle has been adapted for
ﬁling the large number of particles detected. The particle
BSP is constructed by successive images splitting in order to deﬁne two child leaves each containing the half of
the particles of the mother leaf. The hierarchical subdivision is stopped when a minimum of ten particles is
reached in the leaf. Figure 7 presents 13 successive steps
of the construction of the particle BSP processed from a
real image of a turbulent ﬂow where 37,064 particles
were detected. The main advantage of this BSP structure
is a strong decrease in operations to localize a particle in
the image and of the particle closest to a given position.
For that, the particle BSP is scanned from the root node
to the ﬁnal leaves. At each BSP node, only one single test
is needed to head to the leaf, the space being divided into
two equivalent regions.
5.3 Interpolation of PIV displacements on particle
positions
An interpolation of the displacement ﬁeld obtained by
the iterative processing on the particle positions is required to assign a displacement to each particle. A
vector BSP is formed from the displacement ﬁeld to
accelerate this processing. Each ﬁnal leaf contains, in a
box, the calculated displacement at each four corners.
For each particle, the interpolation step consists to
search the vector BSP leaf including the particle. The
displacement is then calculated from the four values at
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Fig. 9 Histograms of the diﬀerence between super-resolution result and theoretical displacement

Table 1 Successive steps of the
super-resolution calculation of
the real image on Fig. 7

Step

Parameters

Time (ms)

Particle detection in the ﬁrst image
Particle detection in the second image
Construction of Particle BSP
Construction of Vector BSP
Displacement interpolation
Particle pair matching

37,064 particles
38,488 particles
13 successive steps
101·74 displacements
37,064 interpolations
36,470 pairs matched

202
214
348
66
69
1,548

the corners weighted by their distance to the particle
position.
5.4 Matching of particle pairs
The last step of the super-resolution algorithm consists of
the search for the particle in the second image corresponding to each particle in the ﬁrst. This is done by ﬁrst
predicting the location of the particle in the second image
through an interpolated position shift relative to the ﬁrst
image, and then by identifying the particle in the second
image closest to the predicted location. For that, a window centred on the predicted position is deﬁned in the
second image with a shape and a size dependent of the
displacement direction, the local displacement gradient
and of the particle size. When several particles are present
in the investigated window, the closest particle is selected.
Finally, the resulting displacement is the diﬀerence between ﬁrst and second image particle positions.
5.5 Computer time of super-resolution algorithm
Table 1 presents the main computational time characteristics of the successive steps of the super-resolution
algorithm (1.2 GHz processor) on the real image shown
in Fig. 7.
The total processing time is 2,447 ms for more than
15,000 vectors/s. The computational time for the PIV

iterative processing for 7,474 displacements is 30 seconds, determined from an initialisation standard calculation in 30·50 pixel2 IW and 9·9 pixel2 ﬁnal IW after
ten iterations. This statistic shows that the super-resolution calculation represents only 10% of the complete
processing duration. For the three steps (standard,
iterative and super-resolution), 1,000 vectors/s can be
calculated. This allows the use of such a super-resolution
algorithm for a large number of velocity ﬁelds.
5.6 Resolution of velocity gradient and precision
of the super-resolution processing
The results of the super-resolution algorithm are obtained on a non-regular grid while PIV algorithms work
on regular ﬁelds. This complicates the comparison of the
two approaches. A direct interpolation of discontinuous
results on a regular grid may bias the precision analysis
by inducing additive eﬀects. To evaluate the precision, a
statistical analysis is performed on super-resolution
displacement ﬁelds obtained from synthetic images for
diﬀerent displacement gradients. For each displacement
gradient Simp value, more than 300,000 particles are
detected and matched. Figure 8 gathers theoretical displacements (solid line), results of iterative processing
(open circles), their corresponding RMS values (error
bars), and super-resolution results (dots). Only 6,000
super-resolution results are presented for the legibility of
the ﬁgure.
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Fig. 10 Measurement errors of
the standard, iterative and
super-resolution processings
versus imposed displacement
gradient

It can be seen that the errors of the iterative processing notably increase with the gradient value, whereas
the super-resolution result distributions seem to be
constant and superimposed on the theoretical lines. A
comparison of the super-resolution results and the theoretical displacement is reported in Fig. 9 for each Simp
value.
The distributions, centred on the zero value, keep a
similar morphology for all gradient values. From these
histograms, the measurement error of the super-resolution algorithm is deﬁned as the value of a diﬀerence of
95% of the results. Figure 10 shows the obtained variation of the measurement error as function of the displacement gradient.
A small increase of the measurement error is still
observed with Simp with the same order of magnitude as
for an uniform translation (Susset et al. 2000). Theoretically, the super-resolution measurement error can be
split up into an error in particle position and in particle
pair matching. The latter includes the iterative measurement, and the error in the choice of the corresponding particle in the second image. Nevertheless, the
measurement error stays always inferior to 0.35 pixel
which corresponds to twice the position error of the
particles in the synthetic images. This super-resolution
algorithm has been applied on time resolved PIV
experiment on a bluﬀ body turbulent ﬂame (Susset et al.
2002) as well as in the framework of the second international PIV Challenge (Stanislas et al. 2005).

by PIV based on direct CC calculation . The limitations
of the standard algorithm are pointed out for ﬂows with
large velocity gradients. To improve measurements, an
iterative processing has been developed using a direct
CC calculation with a great ﬂexibility in the choice of the
size and the shape of the interrogation window. The
independent iterative reduction of the IW size at each
location allows to take into account local particle concentration characteristics. The result shows the ability of
the iterative processing on synthetic images to characterize large velocity gradient ﬂows.
Enhancement of accuracy and spatial resolution have
been obtained, thanks to a super-resolution algorithm
which determines a displacement for each particle. The
selected method for particle detection in tomographic
images avoids any subjective criteria. However, this
approach is not universal and it can sometimes be necessary to adapt the detection parameters to speciﬁc
characteristics of each experiment. The use of binary
space partition (BSP) structure permits a decrease in
computational time allowing the use of a super-resolution algorithm on a large number of images. The precision of the velocity ﬁeld is evaluated from synthetic
images with large displacement gradients. The errors are
minimal and are mainly connected to the determination
of the particle position. The non-regular grids of the
super-resolution results require the development of
speciﬁc validation algorithms, e.g. neuronal networks,
and the adaptation of post-processing tools for the
determination of the derived parameters and for the
statistical and spectral analysis.

6 Conclusions
In this work, three diﬀerent particle image processing
methods have been presented for velocity measurement
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Vélocimétrie Laser, Marseille, France
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d’un traitement itératif par corrélation directe pour l’application
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