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Rainbow particle image velocimetry (PIV) can restore the three-dimensional velocity field of particles with a single
camera; however, it requires a relatively long time to complete the reconstruction. This paper proposes a hybrid algorithm
that combines the fast Fourier transform (FFT) based co-correlation algorithm and the Horn—Schunck (HS) optical flow
pyramid iterative algorithm to increase the reconstruction speed. The Rankine vortex simulation experiment was performed,
in which the particle velocity field was reconstructed using the proposed algorithm and the rainbow PIV method. The
average endpoint error and average angular error of the proposed algorithm were roughly the same as those of the rainbow
PIV algorithm; nevertheless, the reconstruction time was 20% shorter. Furthermore, the effect of velocity magnitude and
particle density on the reconstruction results was analyzed. In the end, the performance of the proposed algorithm was
verified using real experimental single-vortex and double-vortex datasets, from which a similar particle velocity field was
obtained compared with the rainbow PIV algorithm. The results show that the reconstruction speed of the proposed hybrid
algorithm is approximately 25% faster than that of the rainbow PIV algorithm.
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1. Introduction

Fluid movement exists widely in nature and in the chem-
ical industry, aerospace, hydropower, combustion and other
industrial fields, such as in burning flames, [!! river flow, turbu-
lent flow in the atmosphere?! and fluids in industrial pipes. In
1904, Prandtl observed fluid motion at the boundary layer us-
ing micro-particle flow visualization through the hand-shaking
flume experiment, which started a chapter of scientific re-
search on fluid motion.

Particle image velocimetry (PIV) is a transient, multi-
point, contactless hydrodynamic velocimetry method that
can accurately measure the transient flow field in the plane
and visualize the flow field structure. It provides an ex-
cellent data basis for the qualitative description of and
quantitative research into fluid motion without disturbing
the fluid motion.[>* In the past 20 years, many typical
three-dimensional (3D) PIV techniques have been developed,
among which stereoscopic PIV (stereo PIV)P~7! and tomo-
graphic PIV (tomo PIV)!8-101 are representative and widely
used techniques. In stereo PIV, two cameras are set at a cer-
tain angle to shoot the same area to be measured. Furthermore,
the two-dimensional (2D) velocity field can be obtained by
cross-correlating the image, and the 3D velocity is calculated
by the projection reconstruction method based on the motion
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information of the particles extracted from the two views out-
side the imaging plane.!'!! Calluaud and David discussed the
advantages of stereo PIV technology and the accuracy of the
back-projection algorithm, established the transformation re-
lationship between the natural object and the image coordi-
nates during 3D reconstruction and evaluated the accuracy of
the algorithm reconstruction by the magnitude of the angular
displacement.[!?] Stereo PIV is often used to measure liquid
flow and in industrial wind tunnels.!?!

Elsinga and colleagues proposed tomo PIV for the first
time in 2006.'*) Tomo PIV has a similar structure to stereo
PIV; however, tomo PIV requires restoration of the 3D par-
ticle field from the 2D particle image through the optical to-
mography algorithm before restoring the velocity field. The
3D motion information for the flow field is obtained by an-
alyzing and reconstructing the 3D particle field using the 3D
cross-correlation algorithm. In 2013, De Silva et al. optimized
tomo PIV using image matching reconstruction technology to
improve the reconstruction accuracy of the algorithm.[!>! In
2019, Qu et al. proposed a method to reconstruct the 2D veloc-
ity distribution of flow fields by laser absorption spectroscopy
tomography, which does not require extra tracer particles and
avoids issues arising from the short lifetime of molecular
tags.'®! In 2021, Zhang er al. combined the meshless radial
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basis function (RBF) method with modified Tikhonov regular-
ization to solve severely ill-posed and underdetermined acous-
tic tomography problems.!!”l Although tomo PIV has a higher
reconstruction accuracy than stereo PIV, it requires multiple
cameras to photograph particles in the flow field from differ-
ent angles to obtain 3D velocity information. The experimen-
tal setup of actual tomo PIV is generally complicated due to
the placement and shooting angles of multiple cameras, which
is a grave limitation in actual fluid measurements.!'8! Light-
field PIV (LF-PIV) has become a research hotspot in recent
years. Zhu et al. studied the volumetric resolution of light-
field imaging and its effect on the reconstruction of LF-PIV,
and determined the proper particle concentration for practical
LF-PIV experiments.['”) In 2021, Zhu et al. made improve-
ments to LF-PIV, and proposed a pre-recognition simultaneous
algebraic reconstruction technique (SART) algorithm for the
volumetric reconstruction of LF-PIV that is capable of mitigat-
ing the elongation effects of the reconstructed tracer particles
at different depths and improving the measurement accuracy
of the instantaneous velocity field.?”) However, the computa-
tional efficiency of LF-PIV is not so high.

PIV based on color illumination is a novel 3D PIV recon-
struction algorithm that encodes the depth positions of parti-
cles in the 3D fluid using different colors. Combined with
the 2D position information about the particles in the image,
the 3D velocity field of the flow field can be reconstructed
with a single camera. The experimental setup of color PIV is
more straightforward, has fewer measurement limitations and
is more adaptable to different real measurement environments

(211 1n 2017, Xiong et al. proposed

compared with tomo PIV.
rainbow PIV, which uses different colors to encode the depth
information of particles.?”! An image formation model is es-
tablished to reconstruct the particle distribution field, and the
3D velocity vector field is estimated by the 3D optical flow
algorithm combining the image formation model and physical
constraints. However, the rainbow PIV algorithm is limited by
its relatively longer reconstruction time.

This work presents a cross-correlation and optical flow
method for estimation of the 3D velocity field of fluid flow
based on color PIV. First, an image formation model under
color illumination is established, correlating the position of
particles in 3D space with their imaging on the color charge-
coupled device (CCD) camera. A minimization problem on
particle distribution is modeled based on the image formation
of particles under colored illumination. Furthermore, the al-
ternating direction method of multipliers (ADMM) is used to
obtain the 3D particle distribution probability field. The cross-
correlation algorithm is used to analyze and reconstruct the
probability field of 3D particle distribution at different times
to obtain a rough 3D velocity estimation; this is conducted in
the second iteration to improve the position estimation of par-

ticles. Finally, the Horn—Schunck (HS) optical flow algorithm
is used to analyze and reconstruct the 3D particle distribution
field to obtain an accurate 3D velocity field.

2. Principle and algorithm
2.1. Reconstruction of 3D particle distribution field

In an incoherent imaging system, the image intensity in
the process of image formation is linear in the theoretical de-
scription of a linear system. The generated image can be con-
sidered as the sum of independent individual imaging objects.
The imaging process of the optical system can be modeled
as a set of point spread functions (PSFs) because incoherent
light is used in the color illumination system. The PSF is di-
vided into three color channels — red, green and blue (RGB)
— depending on which corresponding point spread function
gc(x,A), C € {red, green, blue} could be established.

The color illumination system is equipped with a continu-
ous narrow-band uncorrelated spectral filter, the wavelength A
of which changes linearly with depth Z, to encode the position
of particles in 3D space with the color of the light. The depth
information for particles in 3D space can be determined by the
wavelength A of the reflected light. Particle images captured
by color CCD cameras can be simulated by the light intensity
distribution of particles on the image plane and the convolu-
tion sum of the PSF, as shown below:

ic(x):/A/ch (X X", 4) -i(X,1)-P(X,\)dX"dA, (1)

where A is the wavelength of light reflected by the tracer par-
ticle at a certain depth, ic(X) represents a color image of par-
ticles captured by cameras with different RGB color channels
and i(X,A) denotes the corresponding spectral distribution of
particles incident on the image sensor. The spatial integral cor-
responds to a convolution representing a potentially imperfect
focus, whereas the wavelength integral represents the conver-
sion from a spectral image to a RGB image that encodes the
3D particle position.

A minimization problem needs to be constructed to solve
the distribution field of the particles. First, the convolution for-
mula of PSF and reflected light intensity are discretized to ob-

tain a matrix A € R3V*NL

, where N corresponds to the number
of image pixels, L denotes the number of discretization levels
along the wavelength coordinate and the number 3 represents
NL rep-

resents the particle image captured by the camera at time ¢ and

three different color channels. Furthermore, ¢, € [0, 1]

p: € [0,1]VL represents the probability that the particle exists
at different points at time point ¢. The probability distribution
of the particle field at each time point can be obtained by solv-
ing the following linear system:

Ap, =i, )
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A linear system is necessary to introduce the sparsity and
motion consistency of particles as regular terms and turn the
above problem into a minimization problem (see Eq. (3)) be-

cause it is an ill-conditioned inverse problem to solve!??!

1 L
(p") = argmin | Alp | pre] [ | érsa]ll3
+ki [|diag(w) (pr; pr+1) [l + jo,1y(Pri Pr+1)

T
+k22/QPt®(Pz—pt+1 (u, —A1)?dQ, (3)
t=1

where © is the Hadmard product operator and (-)°* denotes
the Hadmard square operator. The operator Iy ;) projects the
probability of the existence of particles in all 3D spaces onto
the effective probability [0, 1]VE.

Due to the weighting matrix and index function, the
above-mentioned optimization problem of the particle distri-
bution field is non-smooth. The proximal gradient and ADMM
methods are both commonly used to solve non-smooth prob-
lems. The ADMM algorithm has a better performance than the
proximal gradient method, and is chosen in this study (Algo-
rithm 1).23241 When the ADMM algorithm solves the particle

distribution field,?5-261 the minimization problem is decom-
posed into two local minimization problems F; and Hj, and
the two objective functions are iteratively solved to obtain the
3D distribution field of the particles

1 .
Fi(p) = 5 AL | peot] = lir | ][5

T
+kZZ/th®(pz_pt+1(uta_At))ode, 4)

=1
Hi(p) = ki |diag(w) (e pr1)|l; + o 1) (P prs1)- (5)

The corresponding near-end operators prox, p, and prox g,
are used to minimize the objective functions F; and H;

P=proxy s (2/ —¢') = 01 ATi 1 +2/ —¢/,  (6)
o1y ((¢/ — Tikiw) 4 — (—¢/ — Tikyw).). @)

In Eq (6), P is represented by the procedural operator and is
solved by conjugate gradients. Equation (7) is the point-wise
shrinkage operation followed by a projection onto the domain
of [0,1].

Algorithm 1. Reconstruction process of the particle distribution field using the ADMM algorithm.

. Input objective function Fj, H;

. Initialize the particle distribution probability p
. for j=1:max

Pt proxg (27 — ¢/)

j+1 j+1 j
-2 = proxg gy, (PP —¢7)

10. g/t i 4 pit — gt
11. end
12. Output the particle distribution probability field

. Set the number of iterations j, the relaxation variable z, the maximum number of iterations max

. //Minimize p by proximal operator prox, r, based on Fi
. //Minimize z by proximal operator prox,, 5, based on H,

. //Update the dual variable ¢ according to the reduced variables p/*! and z/*!

2.2. Reconstruction of 3D velocity field

The cross-correlation algorithm has the advantages of
a simple principle and relatively easy computation. How-
ever, because the velocity vector reconstructed by the cross-
correlation algorithm is the average displacement of all par-
ticles in the interrogation window, it cannot achieve high-
resolution velocity field reconstruction. Therefore, it is not
suitable for reconstructing the velocity field of a micro-scale
flow field.[?”] The optical flow method can reconstruct the
fluid velocity field at the single-pixel level, which is better than
the cross-correlation algorithm in resolution. The optical flow
method originates from the theory of computer vision. The
corresponding objective function should be constructed as-
suming luminance consistency and spatial consistency. Then,
the gradient descent algorithm is used to minimize the objec-
tive function to obtain the fluid velocity field. However, min-
imization in the optical flow method often requires multiple
iterations and variational optimization, which will lead to low

computational efficiency and a long reconstruction time. ?8)

This study combined the cross-correlation algorithm and
the optical flow method. The FFT-based cross-correlation al-
gorithm was used to quickly solve the rough velocity field,
all of which were used as the regular term of the particle mo-
tion consistency when the ADMM algorithm reconstructed the
particle field to obtain an accurate particle distribution field.
Finally, the HS optical flow algorithm based on physical con-
straints was used to conduct pyramid iterations on the particle
distribution field to obtain a high-resolution 3D velocity field.
Figure 1 shows a block diagram of the cross-correlation and
optical flow method.

First, the PSF of particles in 3D space at different depths
is set, and two digital particle images taken at different times
I} and I, are input. Then, the digital particle images are fil-
tered using a Gaussian filter, and the resolution of the digital
particle images can be obtained. The matrix A in the system

linear equation and the weighting term w of the sparse particle
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distribution will be obtained according to the image size and
the PSF matrix.

Image preprocessing

L, I
v

3D particle distribution field
reconstruction with ADMM algorithm

P, P2

v

Reconstruction of particle velocity field by
FFT cross-correlation algorithm

w1

v
3D particle distribution field

reconstruction with ADMM algorithm

D3, P4
4
Reconstruction of velocity field by
HS optical flow pyramid algorithm

w2

Y

Output velocity field

Fig. 1. Block diagram of 3D color PIV based on the cross-correlation
and optical flow method.

When the coefficient &, of the particle motion consistency
regularization term is O, the problem of minimizing particle
distribution can be solved by the ADMM algorithm to obtain
the 3D particle distribution probability fields p; and p», i.e.,
the probability that a particle exists at a point.

The average speed of the particles can be calculated be-
cause the time interval At of image acquisition can be obtained
by setting the hardware device. However, the amount of calcu-
lation needed for the two-dimensional product sum operation
and the time required for the CPU operation were very large
based on the definition of cross-correlation to solve the mo-

tion velocity of the flow field directly. The one-dimensional
time complexity of the direct cross-correlation analysis of the
fluid velocity was O(Nz); therefore, the amount of calculation
required for cross-correlation increases rapidly with increas-
ing sequence length. The cross-correlation algorithm based
on FFT (FFT-CC) was used to improve the efficiency for ini-
tially estimating the velocity field of the fluid, saving the time
consumed by the complex integral calculation; the computa-
tional complexity was O(Nlog, N). The amount of calcula-
tion was reduced significantly, and the real-time performance
of PIV measurement was improved compared with the com-
plexity O(N?) of the conventional cross-correlation algorithm.
The FFT-CC algorithm was used to quickly solve the probabil-
ity fields of the two-particle distributions obtained above; the
anomalies in the velocity fields were detected based on the ba-
sic principles of hydrodynamics, and the local median method
was used to correct the anomalous vectors to obtain a rough
velocity estimate w; .

The coefficient k> of the particle motion consistency reg-
ularization term in the objective function for minimizing the
particle distribution was then set to 1, and the rough velocity
estimation obtained by the cross-correlation algorithm based
on FFT was used as prior knowledge of the particle distri-
bution to minimize the objective function. The ADMM al-
gorithm was used to optimize the solution of the minimiza-
tion problem to obtain accurate particle distribution probabil-
ity fields p3 and p4. Values with probabilities less than 0.01 in
p3 and p4 matrices were regarded as errors and should be elim-
inated. Hence, a 3D particle distribution field was obtained.

Algorithm 2 gives the accurate particle distribution field
obtained after the second iteration, the high-resolution 3D ve-
locity field w, using the HS optical flow pyramid algorithm
based on physical constraints and the process for solving opti-
cal flow method.

Algorithm 2. Reconstruction process of particle velocity field using HS optical flow algorithm.

1. Input image pair Img; and Img,

2. Set weight factor A

3. Image preprocessing (Gaussian filtering)
4. Generate image pyramid: layer O to layer L
S.forl=Lto0do

6. ifl =L then

7. Initialize the velocity field w;

8. else

9. Interpolate the velocity field w; | of the previous layer to obtain the velocity field w; |
10. end

11. a. Symmetrical deformation of images

12. b. Solving the velocity field according to the ADMM optimization framework

13. c. Filter the velocity field to detect outliers and remove them

14. d. Enter the next level pyramid
15. end
16. Output velocity field
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3. Simulation and analysis
3.1. Single-vortex velocity field reconstruction

Single-vortex simulation experiments were performed
to verify and analyze the performance of the pro-
posed method. Five hundred particles in a 3D space of
72 pixelsx 120 pixelsx20 pixels were randomly generated.
The color particle image I; at time #; was obtained based on
the particle imaging model. Then, a single vortex with a max-
imum speed of 5 pixels-s~! was simulated in the 3D space
depending on the flow field model. In the core Rankine vor-
tex, the center coordinate of the vortex core was [60, 36] and
the core radius of the vortex was 30 pixels. The 3D coordi-
nates of particles at time #, were predicted using the simulated
vortex, and the digital color particle image I, was obtained by
simulating imaging.

Fig. 2. Single vortex simulation image: (a) color particle image /; at
time #;; (b) color particle image I, at time #,.

Y (pixel)

Y (pixel)
=
S & & S

X (pixel) 07

Z (pixel)

Fig. 3. Visualization of 3D particle distribution: (a) 3D particle distri-
bution at time #1; (b) 3D particle distribution at time #,.

An objective minimization function about the probabil-
ity of particle distribution was constructed according to the
PSF of particles at different depths and the resolution of the
color particle image. The ADMM algorithm was used to solve
the minimization problem to obtain the 3D distribution prob-
ability field of particles. The 3D matrices pjand p; represent

the probability of particles in each position in 3D space, with
a size of 72 pixelsx 120 pixelsx20 pixels. When the value
in the probability field of 3D particle distribution was greater
than 0.5, the particle was considered to exist. Particles at dif-
ferent depths were marked with different colors, as shown in
Fig. 3.

According to the 3D distribution fields p; and p; of the
particles, the FFT-CC algorithm was used to reconstruct the
rough 3D velocity field. The size of the detection window was
set to be 8 x8x 8. Furthermore, p; and p, were meshed, and
cross-correlation analysis was performed for each detection
window. After that, a three-layer pyramid with coarse-to-fine
resolution was constructed by down sampling and Gaussian
low-pass filtering. The bottom-up particle distribution field
resolutions were 72x120x20, 36 x60x 20 and 18 x30x20, re-
spectively. Furthermore, the pyramid HS optical flow algo-
rithm was used to analyze and reconstruct the accurate 3D
particle velocity field. Finally, the high-resolution 3D parti-
cle velocity field was obtained as the output, shown in Fig. 4.

v (pixels-s~1)

v (pixels-s—1)

Fig. 4. Accurate 3D particle velocity field: (a) rainbow PIV algorithm;
(b) proposed method.

The reconstruction performance of the proposed algo-
rithm was compared with that of the rainbow PIV algorithm.
The average endpoint error (AEPE) and average angular error
(AAE) of all the velocity vectors were used to evaluate the ac-
curacy of the reconstruction. The time required to reconstruct
the 3D velocity field was recorded simultaneously. The calcu-
lation formulae for AEPE and AAE are

Wr(s)'Wg(S)
Lsec, arceos (nWr(s) W] )
N )
_ 25601 HWg(S) - WF(S)H
N b

AEPE = ()

AAE

€))
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where s denotes the image coordinate, W (s) and W, (s) rep-
resent the ground-truth velocity field and the reconstructed ve-
locity field, respectively, c¢; corresponds to the set of single-
point positions in the image and N denotes the size of cj.

Table 1 lists AEPE, AAE and the reconstruction time of
the two algorithms. We can see that values of AEPE and AAE
are almost equal; in other words, the two algorithms have a
similar reconstruction accuracy. But it is worth mentioning
that the calculation time of the proposed algorithm is 20%
shorter than that of the rainbow PIV algorithm.

Table 1. Comparison of reconstruction results.

Method AEPE (pixels) AAE (°) Time (s)
Rainbow RIV 0.9145 13.7762 606
Proposed 0.9147 13.7621 485

3.2. Effect of the velocity value on reconstruction results

The velocity value affected the reconstruction result when
reconstructing the 3D velocity field of the fluid. Five hundred
particles in a 3D space of 72 pixelsx 120 pixelsx20 pixels

were simulated to move in a single-vortex core Rankine vortex
with different velocities, and five different flow field datasets
were obtained. The center coordinate of the vortex and radius
of the core vortex were [60, 36] and 30 pixels, respectively.
Moreover, the maximum speed of the vortex was 1, 2, 3, 4 and
5 pixels-s~!. The two algorithms were used to reconstruct the
velocity field of five datasets, and the reconstructed velocity
field was compared with the ground-truth. Table 2 shows the
reconstruction results.

When measuring the Rankine vortex field with different
maximum velocities, the reconstruction errors of the proposed
method and the rainbow PIV algorithm were similar (see Ta-
ble 2) with changing velocity. Specifically, the error AEPE
of the algorithm increased gradually, while the value of AAE
decreased. From the perspective of the running time, the pro-
posed algorithm was 20% quicker than the rainbow PIV al-
gorithm in all cases. Moreover, the time required for recon-
structing simulation data sets with different speeds was ap-

proximately the same.

Table 2. Effect of velocity value on the reconstruction results.

Speed AEPE (pixels) AAE (°) Time (s)
(pixels-s~1) Rainbow PIV Proposed Rainbow PIV Proposed Rainbow PIV Proposed
1 0.2277 0.2283 23.3622 23.3612 615 465
2 0.3605 0.3640 17.5109 18.0807 626 482
3 0.5546 0.5562 14.7826 14.5812 623 492
4 0.7068 0.7069 14.3638 14.3601 623 493
5 0.9145 0.9147 13.7762 13.7621 606 485

3.3. Effect of particle density on reconstruction results

The density of the tracer particles also affects the accu-
racy of the reconstruction of the 3D velocity field. We ran-
domly generated 100, 200, 300, 400 and 500 particles in a

3D space of 72 pixelsx 120 pixelsx20 pixels. The maxi-
157 ' ; ' ; ;
Rainbow PIV num = 100 (a)
Proposed num =100
—+— Rainbow PIV num =200
—+— Proposed num =200
% 1.0f —<O— Rainbow PIV num = 300 4
] —&— Proposed num = 300
a Rainbow PIV num = 400
~ Proposed num =400
E —A— Rainbow PIV num =500
M —A— Proposed num = 500
2 05t 1
0 1 1 1 1 1 1

0 1 2 3 4 5
Max speed (pixels-s—1)

mum speeds generated in the 3D space were 1, 2, 3, 4 and
5 pixels-s~!. The coordinates of the center of the rigid vortex
and radius were [60, 36] and 30 pixels, respectively. Twenty-
five simulated particle image pairs were obtained from the
Rankine vortex field at the center of a single vortex. Figure 5
shows the reconstruction accuracy.

Rainbow PIV num =100 (b)
25 X Proposed num = 100 4
—+— Rainbow PIV num =200
A \ —+—Proposed num = 200
—¢— Rainbow PIV num = 300
) —<&— Proposed num = 300
~ Rainbow PIV num = 400
B 20f Proposed num = 400 1
< —A— Rainbow PIV num = 500
< —&A— Proposed num = 500
151 1
0 1 2 3 4 5 6

Max speed (pixels-s—1)

Fig. 5. Effect of velocity and particle density on reconstruction accuracy: (a) AEPE, (b) AAE.

Figure 5 shows the effect of particle velocity and density
on AEPE and AAE. When particle density was the same, the
value of AEPE increased with increasing velocity. It showed

the same change trend for different particle densities, indicat-

ing that the reconstruction error of the hybrid algorithm in-
creases with increasing velocity. In the vortex at the same ve-
locity, AEPE decreased with increasing particle density. More

information is available when performing 3D reconstruction
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because there are more particles in the reconstructed simu-
lated image, resulting in more accurate reconstruction results.
When the particle density was constant, the angular error re-
constructed by the hybrid algorithm decreased with increasing
velocity. The variation trend of AAE with velocity magnitude
remained the same at low and high particle concentrations,
which is opposite to the variation trend for error in velocity
magnitude. The larger the velocity, the smaller the change in
velocity direction caused by the error, due to the same veloc-
ity error. Hence, the trend of AAE and AEPE changed with
velocity.

Table 3 shows the reconstruction time of the two algo-
rithms. From Table 3 it can be seen that the proposed method
can complete the velocity field measurement in a shorter time.
The calculation time gradually increased with increasing par-
ticle density. At the same speed, the larger the number of par-
ticles, the more information they contain and the longer the
computation time required. The proposed hybrid algorithm
needed 20% less computing time than the rainbow PIV al-
gorithm, and the time required for reconstructing simulation

datasets with different speeds was approximately the same.

Table 3. Effect of velocity value and particle density on reconstruction time.

R . Time (s)
Speed (pixels-s™")
Method Num100 Num200 Num300 Num400 Num500
| Rainbow PIV 485 533 565 599 615
Proposed 398 432 444 461 465
5 Rainbow PIV 495 550 590 620 626
Proposed 404 457 475 484 482
3 Rainbow PIV 479 551 581 619 623
Proposed 385 444 455 482 492
4 Rainbow PIV 435 473 573 619 623
Proposed 366 457 473 483 493
5 Rainbow PIV 512 545 561 599 606
Proposed 415 445 454 487 485

4. Experiments and analysis

A fluid velocity measurement system was built based on
the particle imaging principle and the experimental system re-
quirements of 3D color PIV. Figure 6 shows a schematic di-
agram of the experimental system. A white light source was
used to provide a stable white beam after collimation. The size
of the beam was adjusted by the aperture. Then, the adjusted
beam was filtered by a linear filter to obtain a color volume
beam, and the particles spread uniformly in the sample pool
were irradiated. The depth of the particles was encoded by the
color of the light. The light of different colors reflected by the
particles passed through the Fourier lens and converged on the
camera in the focal plane. The camera recorded the movement
of the particles and formed a color particle image of the par-
ticles moving in the area. The 3D velocity field was obtained
by processing and analyzing the images captured at adjacent
moments. This study used the open-source datasets provided
by Xiong et al.?*! for real experimental analysis.

The structural similarity (SSIM) index can evaluate the
reconstruction results of the two algorithms. The SSIM index
is expressed as

2up2 +C1) (2012 +G)

SSIM(T},T5) = . (10
D)= e s aiv a0

where T and T5 represent the reconstruction results by rain-
bow PIV and the proposed algorithm, respectively, @; and i
represent the average gray of T and 75, respectively, @y, is
the covariance of T and 71>, 0)12 is the variance of T, 0)22 is

the variance of T», and C; and C, are constants. The SSIM
index ranges from O to 1 (0 means completely dissimilar and
1 means identical).

Optical platform

I;l Camera
Y
1\
1 1

1 \
1 \

ﬂLinear filter
e —

Slider controllet
—

Light source

>~ |

Electric slide “

Fig. 6. The principle of the 3D color PIV experiment.

4.1. Single-vortex experiment

The size of the single-vortex experimental image captured
by Xiong et al. was 3200 pixels x 640 pixels. We selected a re-
gion of 960 pixelsx576 pixels as the experimental dataset for
more intuitive observation, as shown in Fig. 7.

Figure 8 shows the reconstructed 3D velocity field from
the color particle images. Specifically, figure 8(a) shows the
reconstruction result of rainbow PIV and figure 8(b) shows the
result of the proposed hybrid algorithm.

It can be seen from the figure that the reconstruction re-
sults for these two 3D color PIV algorithms have similar flow
patterns and, by calculation, the SSIM index of the two veloc-
ity fields is 0.9815. The reconstruction time of the rainbow
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PIV algorithm was 375.447 s and that of the hybrid algorithm
proposed in this paper was 279.628 s, a 25.52% improvement.

Fig. 7. Single-vortex experiment image pairs: (a) color particle image
I; at time #1, (b) color particle image I, at time #;.

Y (pixel)

Y (pixel)

X (pixel)

Fig. 8. Estimated velocity field of a single vortex experiment: (a) rain-
bow PIV, (b) proposed method.

4.2. Double-vortex experiment

In double-vortex dataset, an area of 960 pixels x 576 pix-
els was also captured. The image pair is shown in Fig. 9.

Fig. 9. Double-vortex experimental image pairs: (a) color particle im-
age I at time #1, (b) color particle image /> at a time ;.

Figure 10 indicates the reconstructed 3D velocity field
from the color particle images.

Figure 10 shows that the flow trend of the fluid remained
largely consistent. The SSIM index of the two velocity fields
is 0.9872, verifying the correctness and accuracy of the pro-
posed algorithm. The reconstruction times of the rainbow PIV

algorithm and the proposed hybrid algorithm were 365.892 s
and 278.826 s, respectively. The reconstruction speed of the
proposed algorithm was 23.17% quicker.

Y (pixel)

X (pixel)

Fig. 10. Estimated velocity field of double-vortex experiment: (a) rain-
bow PIV, (b) proposed method.

4.3. Conclusion

This study proposes a 3D color PIV reconstruction algo-
rithm based on a cross-correlation and optical flow method to
improve the speed of velocity field reconstruction.

1) A single-vortex simulation experiment was performed,
and the flow field was reconstructed using the rainbow PIV al-
gorithm and the proposed hybrid algorithm. The AEPE, AAE
and reconstruction time of the rainbow algorithm and the hy-
brid algorithm were compared. The results imply that the hy-
brid algorithm can perform the correct reconstruction and has
roughly similar accuracy to the Rainbow PIV method. How-
ever, it was 20% quicker.

2) Vortex datasets with different velocity magnitudes and
particle densities were simulated to discover the influence on
the reconstruction performance.

3) The real data from single-vortex and double-vortex ex-
periments were used to verify the practicability of the pro-
posed algorithm. The SSIM indices for the two flow patterns
were 0.9815 and 0.9872. The calculation speed of the pro-
posed algorithm was approximately 24% quicker than that of
the rainbow PIV method, which verifies better real-time per-
formance.
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