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ABSTRACT
A novel approach for the time-resolved analysis of high-speed sequences of particle images is presented. The
proposed method aims at the minimization of PIV errors in the lower velocity range by adjusting locally and
dynamically the interframe time interval of the PIV pairs in a recorded high-speed sequence. The algorithm
performs the operation on a local basis, thus providing the same level of accuracy across the full velocity
dynamic range of the flow. The present results indicate a greater performance than state-of-the-art PIV analysis
based on multi-grid offset PIV and is successfully applied to synthetic and real flow cases. Figure 1 shows the
application of the adaptive multi-frame PIV (AMF-PIV) algorithm to a cross-flow jet.

Fig.1 Distribution of the fra me interval q opt in the adaptive multi-frame PIV technique
velocity vector field; application to a cross-flow jet
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1. INTRODUCTION
The technique of particle image velocimetry (PIV) allows the quantitative and non-intrusive investigation of
flows in an extre mely broad spectrum of applications. The core of the technique lies in the measurement of the
displacement of scattering particles acting as flow tracers, which are imaged at adequate time lags. From optical
interrogation of photographic plates using techniques based on Young’s fringe analysis (Cho, 1989) to
correlation analysis of digital images (Willert and Gharib, 1991; Westerweel, 1997), the technique has reached
good maturity in the recent years, and the effort is now focused on enhancing its accuracy and dynamic range
through processing algorithms of ever increasing complexity (Scarano, 2004).
The double frame, single exposure recording method has become the standard way to perform PIV analysis.
State-of-the-art image digital recording devices, based on CCD sensors and more recently on CMOS technology,
are combined with double pulse lasers to capture the tracer field at two very shortly separated instants in time.
The particle field is recorded in planes illuminated by light structured into a planar sheet A separation time of
200 ns in such a PIV pair is now a common feature, and high speed flows are not anymore a limitation.
Today, though, a new trend is observed where high speed cameras are used to allow time -resolved analysis of
the flow, which is not possible with the normal approach except for flows of very low Reynolds number. Time
resolved PIV (sometimes referred to as TR-PIV) is particularly useful to investigate non-stationary flows, for
which first and second order statistics do not provide enough descriptive information. Such applications of
interest include measurement of acceleration fields, data for validation of theoretical and numerical models (e.g.
DNS).
PIV analysis of a sequence is not new and used to be the normal procedure before the advent of digital doubleframe capable cameras and pulsed lasers. Yet, the limited frame rate of the video-class recording devices then
available, or the complexity of the few and non-digital high speed systems, has quickly raised the demand for
new technological improvements. Digital and double-frame single-pulse PIV recordings have been the definitive
outcome, and algorithmic developments have been focused on those capabilities.
Motivated by the currently growing number of applications using high-speed and high-resolution digital devices
(Hayami et al, 2003; Westergaard et al, 2003), we propose here a novel approach aimed at the adaptive PIV
analysis of sequence of images. Assuming that the tracer field is sampled into a long enough sequence by the
recording device at a rate compatible with the flow dynamics, the proposed method aims at the minimization of
PIV errors in the low velocity range by adjusting locally and dynamically the interframe time interval of the PIV
pairs, following given criteria. Hence, images in a PIV pair are adaptively selected within the sequence to meet
the accuracy requirements. The algorithm described here performs the operation on a local basis, ie on every
single PIV interrogation window, thus providing the same level of accuracy across the full velocity dynamic
range of the flow. We describe here the principle, its demonstration on synthetic flow images. Comparison is
done against state-of-the-art algorithms of “standard” two-frame PIV. Finally, the method is applied to a
crossflow jet. The experiment is performed using a high-resolution high-speed camera combined with a
continuous laser illumination, which is here suggested as a cost-effective alternative to high repetition rate
pulsed lasers.

2. BACKGROUND
The challenge in time-resolved PIV has been so far to create a system combining both high recording frame rate
and high illumination capabilities, altogether with acceptable spatial resolution and sequence length. Hence,
most applications of the kind have been performed using cinematographic-type cameras (Lin and Rockwell,
1994; Upatnieks et al, 2002) and drum-type cameras (Lecordier and Trinité, 1999; Williams et al, 2003),
combined with commercially available high repetition rate lasers capable of pulsing as high as 30 kHz. However
and as a major drawback, those cameras make use of a photographic support, which needs chemical
development and digitization. They also suffer from image misalignment due to camera vibrations or film
transport, hence they require the recording of re ference markers and image processing for realignment. Only
very recently, digital cameras based on CCD or CMOS sensors have reached resolutions equivalent to that found
in modern “standard” PIV systems, typically 1024x1024 pixels per image, with full frame rates of 2 kHz and
beyond with decreasing but still reasonable resolutions (e.g. 1024x512 at 8000 kHz, 512x512 at 20 kHz). High
repetition rate lasers are the major obstacle, as they offer, in spite of their high average power, still insufficient
energy per pulse at even moderate camera frame rates (with respect to traditional PIV lasers). For instance, a
diode-pumped Q-switched 50 Watt average power laser results in a 12.5x2 mJ pulses at 2 kHz, whereas a typical
flashlamp -pumped Nd:YAG would produce beyond 200 mJ per pulse, yet at rates in general below ~100 Hz.
In the traditional PIV systems and in the few time-resolved applications available as of today, the standard
double frame approach is used, where the normal way to perform the PIV analysis consis ts in cross-correlating
small interrogation windows taken from each frame of a PIV pair. Such a PIV pair is made of two sequential
images in a high-speed sequence or from double-frame images in a Hz-rate (<<100 Hz) standard PIV system.
The maximum of this correlation function is taken as the statistical estimate of the mean particle displacement
within this window. However, one major inconvenient is that the correlation is reliable only if the same, or
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closely the same, family of particle images are compared between the two frames used in the correlation, and if
the velocity gradients inside the interrogation window are moderate. In a high-speed system, the interframe time
is defined by the camera frame rate or, if double pulses are used, by the time delay in a pair of pulses, as in
normal PIV. In all situations encountered so far, the inter-frame time is a constant of the measurement and of the
analysis. Hence the correlation peak decays drastically in regions of high speeds, where particles tend to leave
the interrogation window and non-correlated particles are introduced. The same occurs when the velocity
gradient is pronounced inside the interrogation window. On the opposite side of the velocity spectrum, very
small displacements provide a high correlation, but the pixel accuracy on the correlation peak location introduces
important relative errors, because of the discrete nature of the digital recording. The window size is also a matter
of concern as it defines the scale to which flow structures can be resolved, and therefore the extend to which the
gradients can be correctly assessed spatially. Many algorithms have been developed to address these issues:
window offset, sub-pixel accuracy using elaborate peak fitting, multi-grid analysis, window deformation, higherorder velocity derivatives, and other subtle procedures that prove to work in some situations but fail in others, or
require unbearable computing resources as of today’ state of the art. If these improvements help evaluate more
accurately the velocity field, the limits are quickly reached as the flow phenomenology increases in complexity.
In particular, high speed flows in complex geometries with extreme velocity gradients are common in many
applications.
The present work suggests an alternative approach to the problem, exploiting the high and still increasing
flexibility offered by today’s high-speed cameras.

3. ADAPTIVE MULTIFRAME ANALYSIS (AMF-PIV)
3.1 Principle
The core of the AMF-PIV method is based on the dynamic and local adjustment of the inter-frame time interval
in a PIV pair. To achieve this, the method requires that the flow phenomenon is being sampled at a frequency
such that 2 or 3 consecutives frames provide good correlation levels for the highest velocities observed in the
flow (Nyquist criterion). This is usually the case in normal PIV applications where the dt interval between the
laser pulses is set such that the regions of high velocities are correctly mapped. Obviously, the number of
correlated frames increases toward the lower velocity bounds.
From basic signal considerations, it is possible to define a minimum sampling frequency, hence a nominal time
interval dt between frames, based on the dimensions of the interrogation window and on the maximum velocity
observed:

As illustrated in Fig. 2, the AMF-PIV considers a sequence of images extracted from the larger sequence
recording. We define the length Ts of the packet such that Ts = Q dt, where Q+1 is the number of frames in the
packet, and dt the sampling period. The index p is the packet number and q is the image index within the packet
p under consideration.

Fig. 2: Definition of an AMF-PIV packet
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AMF-PIV performs the standard cross-correlation operation over contiguous or non-contiguous pairs of images.
Within a given packet sequence p starting at time pdt and consisting of (Q+1) images, see Fig. 2, the AMF-PIV
algorithm determines the image pair that performs best in terms of correlation, based on criteria that will be
clarified later. We consider here a forward-type correlation, i.e. the correlation is made between the first image
Ip,0 at time pdt of the packet sequence p and the chosen frame Ip,q at time (p+q)dt within that same sequence. The
correlation is designated by Cp,0,q and the inter-frame time is qdt, as illustrated in Fig. 3.

Fig. 3: Correlation definition in an AMF image sequence
A similar approach could be used where the correlation is performed on a centered scheme, such that the first
image is Ip,(Q+1)/2 and the second frame is selected backward or forward within the sequence without affecting the
algorithm.
In order to minimize the computational resources required to implement the AMF-PIV algorithm, the correlation
information Cp-1,0,q obtained at time (p-1)dt in packet (p-1) is used as an initial guess for the calculations at time
pdt of packet p. Obviously, at the very beginning of the process, all possible correlations C0,0,q need to be
calculated. With this approach, the AMF-PIV algorithm calculates only the necessary correlations.
The algorithm is divided into three major stages: prediction, analysis and validation. We discuss the prediction
and validation aspects hereafter, for the analysis is performed using FFT cross-correlations and peak finding
algorithms usually found in standard PIV analysis.
3.2 Prediction
The information obtained at the previous step (p-1) are used to build a guess starting point for the current step p.
Two parameters are considered to drive the algorithm toward the optimal selection of the correlation images: the
signal-to-noise ratio and the correlation index q, both at time (p-1)dt. If the current interrogation window is
centered on the pixel location (i,j) of the image pixel space, the algorithm uses the information from the neighbor
cells at step (p-1) to build the following terms q guess and SNRguess :

where qopt and SNRopt are respectively the optimal correlation index q and signal-to-noise ratio obtained after the
AMF-PIV analysis for packet (p-1). These values are weighted by a Gaussian-like kernel function weight(k,l)
and are then passed on to the analysis routine. As pointed out before, qguess =1 for p=0, where no previous
information is available and all correlations are performed. However, the number of correlations is drastically
reduced as we progress in the sequence time, due to the use of the information obtained at the previous time step
and to the fact that the lower range of velocities is likely to change to a very minor extent from a time t and a
time t+dt. Hence, and based on our current experience, only one or two extra correlations are likely to be
performed for each new sequence.
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The analysis is made using the FFT cross-correlation between the frame 0 and frame qguess. The resulting
correlation map Cp,0,q provides a given displacement s(p,q guess) and a given signal-to-noise ratio SNR(p,q guess ).
guess

3.3 Validation
The information recently calculated s(p,qguess ) and SNR(p,q guess ) need to be validated. In a first place, the
algorithm checks that the guessed SNR verifies
AND
where εSNR is a tolerance coefficient on the signal-to-noise ratio given by the user, and SNRguess = SNR(p,q guess ).
SNRmin is the minimum acceptable SNR. If the condition is not verified, then q is decremented by one and the
correlation Cp,0,q -1 is calculated and checked. The process is repeated until the condition is verified and q>0.
In a second stage, we require that the calculated displacement s(p,q), provided by Cp,0,q , be larger than a given
minimum s min:

When the first condition has been immediately verified from correlation Cp,0,q but the minimum displacement
guess
condition is not, q is incremented by one until verification. We then require a linear variation of the displacement
between image qguess and image (q guess +n), where n is the increment for which s(p,q)>s min. s(p,q guess +n) must
verify:

where εlin is the tolerance on the deviation from linearity. This condition thus implies that the motion of particles
is not biased by flow dynamics of higher order inside the packet p, which is our basic assumption.
If the three conditions are met, we have a value SNRopt =SNR(p,q opt ) and s(p,qopt ), where q opt =qguess +n. Obviously,
the calculated displacement needs to be scaled by qopt to get the displacement in a single dt:

The routine that implements the algorithm provides a detailed history of the process where different flags are
used to track the conditions above.
From the scheme described above, one can see that the AMF-PIV algorithm is based on a rather limited number
of conditions: minimum displacement, signal-to-noise ratio and linearity inside the packet. From the tests
described below, the value for smin can be set between 5 and 8 pixels, i.e. slightly lower than a quarter of the
interrogation window. Tolerances on the SNR and linearity ranging from 10 to 20% are found to work well and
to have relatively little influence on the final result.

4. TEST CASES
The adaptive multi-frame PIV method is compared against double-frame PIV techniques. The comparison is
performed on synthetic images.
4.1 Multigrid Offset PIV (MG-PIV) Analysis
The PIV analysis performed here uses well-assessed algorithms, now commonly implemented in most in-house
and commercial PIV systems. In particular, the present analysis uses the offset technique combined with the
multi-grid approach. From an initial guess established on a large interrogation window, the displacement
estimate is progressively corrected using correlation windows of decreasing dimensions, which are centered at
the location given by the previous estimate. The method aims at a better accuracy of the displacement estimate
and provides a larger dynamic range than that given by an analysis using a fixed window size. In the following
sections, the PIV methodology used here will be referred to as multi-grid PIV (MG-PIV).
At each step, the interrogation window is, before the correlation analysis, weighted by a Gaussian function in
order to attenuate the loss of correlation, source of the bias error, due to particles exiting the analysis window
and to new particles being introduced into it. This is of particular consequence in areas where the velocities reach
the upper bound of the dynamic range. The Gaussian is further deformed in the direction of the displacement
estimate by a factor of 50%, except for the initial correlation where the Gaussian is fully symmetric. More details
of the algorithm can be found in Di Florio et al (2002).
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At each node of the PIV grid, we perform the following sequence of operations:
• First iteration: window size=128x128, offset, Gaussian weight function with a 0.3 exponent factor and
no deformation.
• Second iteration: window size=64x64, offset, Gaussian weight function with a 0.3 exponent factor and
50% deformation.
• Third iteration: window size=32x32, offset, Gaussian weight function with a 0.3 exponent factor and
50% deformation.
• Fourth iteration: window size=32x32, offset, Gaussian weight function with a 0.3 exponent factor and
50% deformation.
In the last iteration, the interrogation windows have an overlap factor of 75%, hence the grid nodes in the final
vector mesh are 8 pixels apart from each other. The final vector field is not corrected for spurious vectors, i.e.
there is no post-processing validation of any kind.
4.2 Adaptive Multi -Frame (AMF-PIV) Analysis
The AMF-PIV analysis is performed on interrogation windows of 32x32 pixels, with an overlap factor of 75%.
Thus, the grid is exactly identical to the grid used in the MG-PIV analysis described above. No post-processing
validation is applied to the resulting vector field.
4.3 Uniform Flow
Synthetic image generation

A ray-tracing program is used to build synthetic images of particles. We set the dimensions of the images to
1024x1024 pixels, which is now a common size for most of the CCD or CMOS sensors. Smaller sensors are not
anymore adapted to the spatial resolution standards required in today applications.
The number of particles is set to 100000 in order to reach a reasonable density such that there are more than 10
particles present at a time in a 32x32 pixels window, which is our final interrogation window size in our multigrid analysis approach described above.
The size of the particles is set in a such a way that their image is not larger than 3x3 pixels. The scattering
properties of these particles are determined by the ray-tracing technique based on the optical properties of glass
and on the hypothesis that they are illuminated by a uniform planar wave-front. The study of a system with a
more realistic wave-front distribution, e.g. Gaussian-like, is out of the purpose of the current study.
The particles are given an initial uniform random spatial distribution in a plane. In order to build a sequence of
images for our current work, we also define a velocity function that determines their displacement in time across
the domain of measurement. At each step dt in time, the particle field is regenerated.
We define U as the horizontal component of the velocity and V as the vertical component. In our uniform test
case discussed in this section, we set a velocity of U=1 pixel/second and a dt=1 second, such that an image at
time t+dt is the result of the horizontal translation of the particle field at time t. The images are generated free of
any sort of noise.

Results

In such a singular flow, the adaptive capability of our AMF-PIV algorithm is only conditioned by the choice of
the minimum acceptable displacement smin, for the pair chosen for the analysis corresponds to the case where the
displacement is equal to s min.
Figure 4 shows the evolution of the root mean square error as a function of the displacement, in relative values.
For displacements smaller or equal to smin, the error is constant and equal to the error given by the 32x32
correlation analysis for smin. For larger displacements, the AMF-PIV error follows the curve of the 32x32
correlation analysis.
It is seen that AMF-PIV brings a decisive improvement in the low displacement range as it keeps the relative
error constant, whereas the error tends to naturally increase in standard PIV analysis due to the subpixel error in
the interpolation of the correlation peak. For the higher displacements, the bias error from non-correlated
incoming/exiting particles becomes preponderant. In this situation, the AMF-PIV approach, which is primarily
aimed at improving the estimates in the low displacement range, behaves like the standard PIV analysis. Using
selective criteria which are not discussed here, one can use techniques such as the offset and iterative multi-grid
analysis to minimize errors in the upper range of displacements.
A correct choice of the value s min is essential in order to minimize the relative error. In the case considered here,
one can see that a value smin comprised between 5 and 6 is necessary to guarantee a relative error as low as
0.17% for all displacements lower than smin. A good guess is to take a value between 1/8th and 1/4th of the
window side size (8 in this case).
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Fig. 4: Uniform flow test analysis with AMF-PIV: root mean square error in percentage of reference
displacement; interrogation window size is 32x32 pixels

4.4 Rankine Vortex
Image generation

The motion of particles is described by a modified Rankine vortex law, with a stronger gradient in the outer part
of the vortex discontinuity:

We set the radius R0 to 200 pixels and generate different sequences using the ray-tracing program used before.
The sequence length is Q=10 (11 images, Ts=10dt). Figure 5a represents the overlay of 10 images of a sequence,
and Fig. 5b represents the contour plot of the exact velocity field. The maximum displacement in a dt is 2 pixels.

Fig. 5a: Rankine flow test: overlay of 10 images

Fig. 5b: Exact velocity field in pixels/s

Effect of smin and Ts

We first attempt to assert the influence of the minimum displacement condition and of the sequence length Ts .
Figure 6 represents the evolution of the root mean square error as a function of the control parameter smin and of
the sequence length Ts , against the multi-grid offset analysis (MG-PIV), which is calculated using the first (q=0)
and the last frame (q=Q) of the sequence. The error is calculated over the complete field.
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The plot shows that, for smin larger than 4, the RMS error is roughly constant in the AMF-PIV approach. The
sequence length does not bring any significant improvement for Q>10. The analysis with MG-PIV is shown to
have a higher RMS except for small displacements where the multi-grid offset analysis is superior to the basic
correlation used in the AMF-PIV method. The MG-PIV analysis for Ts =10dt induces high error due to the fact
that large velocities are not correctly measured because of the strong bias brought in by particles entering and
exiting the interrogation window. In addition, for such a large time lag and because of the curvature of the flow
field, the estimated displacement is strongly underestimated. Both effects are less present for Ts =5dt, but the
overall error is yet 50% larger than with AMF-PIV method. For Ts =1dt, the subpixel error is preponderant due to
the very small pixel displacement, hence the overall error is substantially enhanced.

Fig. 6: Rankine flow test: root mean square error as a function of the minimum displacement parameter S min for
different sequence lengths Ts

Effect of noise

Figure 7 represents the effect of image noise on the performance of the AMF-PIV method. The MG-PIV analysis
is also included for reference. Noise is here simulated by adding a uniform background noise to the original
images. Noise levels ranging from 0 to 35% of the image gray dynamic range are considered.
In all situations the AMF-PIV algorithm provides a RMS error lower by as much as 150% with respect to the
MG-PIV analysis. The closest and best results with MG-PIV are obtained for Ts =5dt. It is interesting that, in that
case and for noise levels higher than 30%, the AMF-PIV error curve tends to merge with the MG-PIV curve, yet
the error remains slightly lower.

Fig. 7: Rankine flow test: root means square error as a function of the noise level, for difference sequence
lengths Ts
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Velocity field

Figure 8 shows the distribution of the qopt correlation frame index. It clearly visualizes how the adaptive process
is applied throughout the field. It is seen that the full range of the sequence images is used to map the vortex core
where the velocity gradient is linear. The outermost regions are almost completely mapped with the last frame of
the sequence (q=Q).

Fig. 8: Rankine flow test: q opt distribution for Ts =10dt and s min=5
The velocity contour plot shown in Figs. 9a and 9b demonstrate the clear improvement made using the AMFPIV approach. If both AMF-PIV and M G-PIV behave roughly the same way in the outer part of the vortex, the
AMF-PIV provides a much smoother result for the instantaneous velocity distribution in the core where the
velocity gradient is linear, though very steep. The MG-PIV clearly shows an unsatisfactory result in this region,
where the strong curvature of the field induces large errors not compensated for by the offset and iterative
approaches of the MG-PIV. The same occurs on the vortex discontinuity where the sudden discontinuity of the
velocity gradient is not captured, whereas the AMF-PIV provides a neat description of this region.
This is confirmed by the relative error displayed on Figs. 10a and 10b, where the difference between both
calculations are compared against the exact solution shown in Fig. 5b. The errors found with the MG-PIV
method are coarsely distributed (Fig. 10a) as opposed to those found with the AMF-PIV result (Fig. 10b). The
levels are found to be important in the core and the discontinuity is very roughly captured. The MG-PIV errors
levels in this region are beyond 1% and show that the velocity is largely underestimated. These large errors
spread broadly across the discontinuity. In contrast, the errors found in the AMF-PIV calculation show a very
smooth distribution of the errors across the complete field, inside and outside the discontinuity. This latter is
remarkably defined, and shows that the velocity is underestimated but in a very clearly defined circular region.
These observations are supported by the error dispersion plots shown in Fig. 11a (MG-PIV) and Fig. 11b (AMFPIV). The MG-PIV error spreads up to 0.1 pixel while the AMF-PIV error are confined below 0.025/0.05 pixel.

Fig. 9a: Velocity contour from MG-PIV

Fig. 9b: Velocity contour from AMF-PIV
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Fig. 10a: Relative error with MG-PIV

Fig. 10b: Relative error with AMF-PIV

Fig. 11a: Error dispersion for MG-PIV

Fig. 11b: Error dispersion for AMF-PIV

5. APPLICATION TO A CROSS-FLOW JET
5.1 Setup
High speed camera and illumination

The high speed camera used in our experiment is a Photron FASTCAM APX camera, capable of 2000 frames
per second at 1024x1024 full frame resolution with 10-bit depth resolution per pixel. The sensor is a CMOStechnology sensor with 17.5 µm x 17.5 µm pixel area. The frame rate can be adjusted up to 120000 frames per
second, with reduced resolution. The memory of the system is of 6 GB.
A continuous IR laser light source emitting at 800 nm is used for the illumination. The output power is 30 Watt
fed into an optical fiber. The non-coherence of this type of lasers, combined with the use of a fiber, requires that
the output beam be reshaped with adequate optics into a light sheet. The custom optics generate a light sheet
about 1.5 mm thick at the focal point of the converging lens.
Flow

Figure 12 shows the setup. The flow under consideration here consists of a jet normal to a low Reynolds laminar
channel flow. The velocity of the main flow is in the order of 365 pixels/s. The IR light sheet is parallel to the
wall and normal to the jet. The high speed camera is thus observing a cross-section of the jet. Both the main flow
and the jet are seeded with hollow glass micro-spheres with a radius of about 40 µm.
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The particle field is recorded at a speed of 500 frames per second, with a shutter time of 1/2000 to reduce the
blurring from particle motion. A sample image is shown in Fig. 13a, while Fig. 13b shows the combined image
of 30 consecutive frames, clearly illustrating the main features of the flow. In particular, one can see the normal
velocity region from the jet orifice, the recirculating zone under the jet with a pair of counter-rotating vortices,
the stagnation regions above the jet and below the pair of vortices, and the acceleration of the main flow on the
left and right sides of the jet.
Optical fiber and
IR laser light
sheet optics

Channel

Flow

HS camera
head
Jet

Fig. 12: Setup

Fig. 13a: Cross-flow test: single image

Fig. 13b: Cross-flow test: overlay of 10 images

5.2 Results
Figure 14a represents the instantaneous normalized velocity contour and the vector field of the cross-flow jet
experiment, after application of the AMF-PIV analysis method using a sequence with Q=10 (11 consecutive
frames), and a minimum displacement smin=5 pixels, as in the previous analysis. The vectors are represented
under-sampled at 32 pixels spacing for clarity, for the real velocity field has a grid spacing of 8 pixels.
The plot shows a general flow slowdown above and below the jet region. Downstream of the jet, the
recirculating area is clearly outlined. Most interesting, the jet itself is correctly mapped in spite of its mostly
normal component, which is absolutely not captured in the MG-PIV analysis. Figure 14b shows the qopt
distribution in the region of the left vortex in the recirculating zone. In this region of vorticity and strong
gradients, and where three-dimensional effects are important, the adaptive process allows an accurate estimate of
the velocity. One can see that the time interval qdt is intensively adjusted to compensate for the low correlation
levels obtained in this region. We recall that there is no post-processing validation of any sort.
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Fig. 14a: Normalized velocity contour from AMF-PIV

Fig. 14b: Distribution of q opt in a vorticity region

CONCLUSION
The present work introduces a novel approach for the time-resolved analysis of high-speed sequences of particle
images. The proposed method aims at the minimization of PIV errors in the lower velocity range by adjusting
locally and dynamically the inter-frame time interval of the PIV pairs. The algorithm performs the operation on a
local basis, thus providing the same level of accuracy across the full velocity dynamic range of the flow.
The suggested adaptive multi-frame PIV (AMF-PIV) analysis uses smaller interrogation windows and performs
basic and single cross-correlations, which number is further reduced by the use of predictive algorithms. The
robustness of the analysis is guaranteed by a number of validation tools based on the local dynamics of the flow,
hence avoiding the use of post-processing corrections.
The AMF-PIV analysis has been compared with a state-of-the-art multi-grid offset PIV (MG-PIV) technique and
has shown a clear improvement over this standard double-frame, fixed inter-frame time technique. Analysis of a
synthetic Rankine vortex has shown that the AMF-PIV performs remarkably well in regions of strong gradients
and improves greatly the accuracy in the low velocity regions. The application of the new approach to the real
case of a cross-flow jet has demonstrated the ability of the technique to provide time and spatially resolved
velocity information, in spite of the velocity dynamics and of the three-dimensional effects.
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