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Abstract

This paper describes the use of a high-speed streaming camera combined with in-house image processing for real-time particle
tracking velocimetry (PTV) above 1 kHz. The proposed system is evaluated by measuring the diameter and velocity of multiple
free-falling droplets in a simultaneous manner. Two existing particle tracking methods are examined: median flow (MF) and four-
frame best estimate (4BE). Area-limiting processing is newly added to MF and 4BE to reduce the region of interest (ROI) in which
particles are detected in the next image, resulting in area-limiting MF (AMF) and area-limiting 4BE (A4BE). Except for MF, the
rest three methods of AMF, 4BE, and A4BE are capable of 1-kHz real-time PTV for 1246 pixel x 600 pixel images, with 4BE and
A4BE achieving even at 10 kHz for 1246 pixel x 100 pixel images. The processing times for the tracking and image preparation are
measured, and the bottleneck is found to be the image acquisition and preparation, rather than the tracking. AMF achieves faster
processing times than MF in all conditions, showing the effectiveness of the limited ROI, while 4BE and A4BE exhibit comparable
performance. The measurement error is confirmed to be approximately 1% for the droplet velocity and diameter, demonstrating the

high accuracy of the first in-situ real-time PTV exceeding 1 kHz.
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1. Introduction

With the development of faster and smarter Internet-of-Things
technologies, interest in real-time data processing is growing
rapidly. This requires the analysis of data as soon as they are
acquired for the output of useful results, such as for optimal
marketing based on store sales data or the non-contact mea-
surement of body surface temperatures [1, 2, 3, 4, 5]. The ad-
vantage of real-time data processing is that it allows decisions
to be made instantly and future trends to be forecast promptly.
For fluid devices, real-time measurements are expected to con-
tribute to optimal printing using the real-time measured flow
rate of ink in 3D bioprinters [6] and aerodynamic control by
measuring the flow around wings [7]. Time- and space-resolved
flow visualization [8] would provide an intuitive approach for
real-time image processing, although the acquisition and anal-
ysis of large-scale image data must be improved. For tracking
the droplets ejected when a human sneezes, in which the mean
droplet velocity is 2-5.4 m/s [9] over a spreading distance of
O(107") m, it is necessary to capture images at 1 kHz. High-
speed (HS) imaging above 1 kHz would be beneficial in clar-
ifying the time-resolved multiphase flow dynamics. However,
today’s HS imaging is not a real-time measurement technique,
in that downloading the recorded images from the camera mem-
ory to a computer takes much longer than the time-scale of the
phenomenon, and so the image analysis can only be conducted
after the phenomenon has finished. Recently, a HS streaming
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camera was developed that can record images at over 1 kHz and
transfer them directly to a computer memory in a simultaneous
manner, potentially allowing for the HS real-time measurement
of multiphase flows.

The widely used non-contact method of particle image ve-
locimetry (PIV) acquires the velocity distribution of small tracer
particles following the fluid flow by applying cross-correlation
to the deformation pattern of the particle group over the entire
image [10]. Particle tracking velocimetry (PTV) uses magnified
images to measure the velocity and size of individual particles,
tracking the detected particles in an image through successive
frames in a Lagrangian manner. As PTV directly measures the
actual trajectory of particles, it is applicable to particle motions
that exhibit sudden changes in direction [11]. However, PTV
fails to match particles in consecutive images when displace-
ment of particles is much larger than the distance to neighbor-
ing particles. Thus, PTV generally requires a high frame rate
and low particle density [12]. Scharnowski and Kéhler [13] re-
viewed several PTV techniques, including those based on the
schlieren method [14, 15] and molecular tags [16]. Magnetic
resonance velocimetry without particles has also been devel-
oped to analyze blood flow in animals and the human body [17],
as well as to measure the 3D flow in the internal cooling chan-
nels of gas turbine blades [18] and predict residual materials in
tanks after drainage [19].

Various effective algorithms for enhancing the analysis speed
and accuracy of PTV have been developed [11, 20, 21]. Shaffer
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Fig. 1. Experimental setup: (a) photograph, (b) schematic diagram. Water is supplied from the syringe pump. The HS streaming camera is used to capture shadow
images of free-falling droplets from the syringe tips. The captured images are transferred to the laptop by USB-C.

et al. developed a PTV method that directly measures trajec-
tories with abrupt direction changes and strong recirculation,
and applied this method to track tracer particles in jets with
Reynolds numbers ranging from 1000-25000 [11]. Tirelli et al.
proposed a high-resolution PTV tool considering uncertainty
quantification [20] by employing a nonparametric supervised
learning method [22]. Schanz et al. developed the Shake-the-
Box method, which can identify and track up to hundreds of
thousands of particles per time step. This enables the PTV pro-
cessing of dense flows [21], which was previously limited to
PIV evaluations such as TOMO-PIV [23, 24]. Lacassagne et
al. used Shake-the-Box to perform 3D PTV measurements on
oscillating-grid turbulent flows of dilute polymer solutions, and
showed that the results were consistent with those from 2D PIV
[25]. Eschner et al. constructed a system that measures the
particle trajectories in a metal laser powder melting furnace us-
ing 3D PTV, and achieved a processing speed of 250 Hz by
parallelizing the MATLAB code on a GPU [26]. Deng et al.
constructed a method for simultaneously measuring the tem-
perature and velocity components of particles in a microfluidic
device at a processing rate of 10 Hz [27]. Guo et al. achieved
real-time 3D-PTV at 30 Hz by performing tracking processing
on a Field Programmable Gate Array (FPGA) [28]. Chan et al.
developed an image compression algorithm for particle track-
ing on FPGA [29], and Kreizer et al. achieved 500 Hz real-time
PTV for vortex flow by extracting particle-related information
on FPGA [30].

Despite extensive studies in the past, there is currently no
real-time PTV that achieves a processing rate exceeding 1 kHz,
which is the rate necessary for the detection and control of fast
multiphase flow fields. Therefore, this paper describes the use
of a recently developed HS streaming camera for the devel-
opment of real-time PTV above 1 kHz for the first time. We
present the system setup and image analysis technique, and
then demonstrate the 1-kHz real-time PTV for multiple falling
droplets. The remainder of this paper is structured as follows.
The experimental setup is introduced in Sec. 2, and then the
image processing technique and associated PTV algorithm are
presented in Sec. 3. The experimental results and a discussion

of the processing time and measurement accuracy are given in
Sec. 4. Finally, the conclusions are summarized in Sec. 5.

2. Experimental setup

As employed in previous researches[31, 32, 33], falling droplets

have been widely used as a simple multiphase flow. Figure 1
shows an overview of the present experimental setup for mul-
tiple free-falling water droplets. The pump (AZ ONE SP-2PC)
supplies water at a constant flow rate of 0.25 ml/s to the sy-
ringe through the tube. The syringe has eight ejection holes
with outer diameters of 1 mm, lined horizontally every 9 mm.
Up to eight water droplets fall simultaneously in the still air.
The droplet diameter is d = 3.0-3.1mm directly measured by
the ImagelJ software (Version 1.53t) [34]. We define the origin
of the coordinate system as the tip of the syringe at the left end;
the x-, y-axes are defined in the horizontal and vertical direc-
tions, respectively.

After the falling droplets reach the quasi-steady state, a HS
streaming camera (Photron INFINICAM UC-1), connected to a
LAOWA 100 mm f/2.8 2X Ultra Macro APO lens, records time-
resolved backlight images uniformly illuminated by red light
from an LED panel (Leimac IHMA-214/226RHV-V, see Ap-
pendix A). The INFINICAM is equipped with a fast-response
complementary metal-oxide—semiconductor image sensor, ca-
pable of 1-kHz transmission of grayscale images with a size of
xXy = 1246 pixel x 1008 pixel and a maximum of 30 kHz trans-
mission of 1246 pixel x 16 pixel images. Thus, the horizontal
resolution is fixed at 1246 pixels, while the vertical resolution
decreases at higher frame rates. Through the USB-C cable, the
captured 8-bit raw images, compressed in real time by FPGA
implemented in the camera hardware, are sequentially trans-
ferred to the laptop (MSI Deltal5), which is controlled by the
Windows 11 operating system, to perform PTV analysis.

The PTV system illustrated in Fig. 1 is “isolated,” i.e., dis-
connected from an external supercomputer, so it is called an
“in-situ” system, and is easily portable to other circumstances.
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Fig. 2. Flowchart of proposed PTV algorithm. The algorithm uses multithread processing, with the Imaging thread on the red background performing the image
acquisition and preparation, and the Tracking thread on the blue background performing the PTV processing.

3. PTV algorithm

The development environment of the present PTV algorithm
is Microsoft Visual C++. OpenCV 4.5.2 is used as the image
processing library. For the real-time PTV measurements, we
examine the median flow (MF) [35] and four-frame best esti-
mate (4BE) [36] methods. Two new methods are proposed by
adding area-limiting processing to MF and 4BE, respectively,
so as to reduce the region of interest (ROI) for particle detection
in the next image. We refer to these newly developed methods
as area-limiting MF (AMF) and area-limiting 4BE (A4BE).

3.1. Median Flow

MF outputs a tracking rectangle 3, containing the tracked
tag points between two consecutive images, namely /,, at frame
n and I, at frame n + 1. The vector field indicating where
the tag points are moving to is generated by the Lucas—Kanade
tracker, which estimates the displacement of the tag points based
on changes in the shading of the image. The displacement
vector of the tracked object is determined by evaluating the
forward—backward error and the normalized cross-correlation
(NCCO) [35]. In the present MF algorithm, we use the parame-
ters provided by OpenCYV, that is, pointsInGrid = 45, winSize
= (3, 3), maxLevel = 7, maxCount = 20, epsilon = 0.01, win-
SizeNCC = (30, 30), and DisplacementDifference = 10.

3.2. Four-Frame Best Estimate

4BE estimates the particle positions in image /,,;1 using im-
ages I, 5, I,_1, and I,. Based on a particle’s center of gravity
Xp_1, velocity v,—1 = (x,, — x,-1)/At, and acceleration a,_1 =
(Vn—1 — Vu—2)/At in image I,_;, the estimated position ¥,41 is
calculated by

Xn+1 = Xpo1 +vp1(2A1) + an—lAtza (D

in which At is the time between two frames [36]. The particle
at x,4+1 closest to ¥, is recognized as the same particle. 4BE
requires at least three consecutive past images.

3.3. Area-Limiting ROI

The proposed algorithm reduces the processing time by lim-
iting the ROI for droplet detection. The limiting ROI technique
in AMF and A4BE naturally assumes that the displacement of
a particle is small between successive images, and is thus ex-
pected to work effectively with a HS streaming camera that ac-
quires images at a high frame rate.

3.4. PTV Procedure

Figure 2 depicts the image processing procedure. The PTV
program employs multithread processing for the Imaging and
Tracking threads.
In the Imaging thread, the processing is done as follows.
(® We obtain a single image at the specified frame rate from
the camera as a compressed raw image. An unzipped grayscale
image is shown in Fig. 3(a).
@ We subtract the pre-captured background image without the
droplets from Fig. 3(a) to remove unnecessary information. We
then convert the image to a binarized image, as shown in Fig.
3(b), in which the droplet edges are visible as circles on the
black background. The binary threshold is set to 20.

In the corresponding Tracking thread, the processing can be de-
scribed as follows.

® The process is branched into three steps depending on the
number of frames in which identical droplets are being tracked.

[Step 1] All objects in Fig. 3(b) are detected as particles in-
cluding noise (even non-droplets). The objects are recognized
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Fig. 3. Image processing of free-falling droplets. (a) Original image, (b) im-
age with background subtracted, (c) distribution of droplet centers, (d) ROI for
droplet tracking (white box indicates ROI).

as droplets when the projected area of an object S in the image
is greater than 10pixel>. The geometric center x, = (x,), of
each filled droplet is then calculated using the coordinate val-
ues (x;,y;) and binarized brightness values J(x;,y;) inside the
droplet, wherein J = 1 is for pixels inside the droplet and J = 0
is for the outside.

Zx,»,y,» Xi J(X,‘, yl) Zx,-,y,- Vi .](X,‘, yl)
Zx,,y, J(xi, i) ’ Z,x,,y, J(xi, yi) n

Detected x,, is presented by the black points in Fig. 3(c).

(6, ) = @

[Step 2] In the first three frames after the start of tracking, the
tracking process is performed by MF or 4BE. The initial di-
ameter, position, velocity, and acceleration of each droplet are
obtained, and the droplet position in the fourth and subsequent
frames is estimated as in the original MF or 4BE.

[Step 3] When the area-limiting technique is adopted, the area
around the estimated center of gravity of each droplet is defined
as the RO, as depicted in Fig. 3(d). The length of each side of
the ROI is set as twice the droplet diameter obtained in Step 2.
Center of the ROI is simply estimated by

xR0 = x, + v AL, 3)
AMF and A4BE search for droplets in the ROI, rather than in
the entire image.

We measure the particle diameter d as the area-equivalent
diameter, d = 2 VS /n. We finally update the droplet diameter,
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Fig. 4. Falling droplet velocity affected by missing images.

position, velocity, and acceleration, and repeat the process for
the next image, as depicted by procedure @.

4. Results and discussion

To demonstrate real-time PTV above 1 kHz, we measure
the velocity and size of multiple free-falling droplets using MF,
4BE, AMF, and A4BE. We also compare the measurement ac-
curacy and processing speed.

4.1. Missing Images

The HS streaming camera has a specific problem relating
to quantitative image analysis. Despite widely used HS cam-
eras (not streaming ones) having sufficient memory to record
sequential images, they have limited memory, recording a sin-
gle image and transferring it sequentially to the connected com-
puter. As shown in Fig. 4(a), the HS streaming camera takes
images at the specified frame rate with f [Hz] and labels them
sequentially with the number N; for the ten images from N, = 1
to Ny = 10. When all images have been successfully trans-
ferred, the computer receives the ten images labeled from N, =
1 to Ny = 10, and the time step of every image is naturally
At = 1/f. However, when the computer fails to receive an im-
age, e.g., Ny = 3, the computer receives image N, = 4, recog-
nized as the third image. This missing image results in an incor-
rect time step being assumed between two subsequent frames.
To solve this problem, we need to consider the sequential num-
ber on the computer and set the time step of At; = AN,/ f in-
stead of Ar. The following equation is then used to calculate the
two-dimensional droplet velocity:

Xn — Xp-1

AL “

V-1 =
Figure 4(b) shows the results of absolute velocity measured

by the 4BE tracking algorithm with and without considering
the sequential number on the computer. When the sequential
number is properly considered using the time step of Az, the
measured velocity profile is equivalent to the theoretical re-
sult, Vipeory, for free-falling droplets accelerated by gravity as
Viheory = \/E , in which g is the gravity acceleration. In con-
trast, when the sequence number is not taken into account, i.e.,
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are realized. (b) Breakdown in the tracking thread (left: image capture at 1000 Hz, right: 4000 Hz).

Table 1
Experimental parameters

250, 500, ..., 4000 Hz
96, 144, ..., 1008 pixel
1,2,...,8
20, 40, .. ., 300 pixel

Imaging frame rate
Vertical resolution
Number of tracked droplets
ROI size

employing the constant time step of Az, the measurement results
present unrealistic fluctuations because of the missing images.
As the relationship between At and Az, is At < Aty, the velocity
obtained without considering the sequential number overesti-
mates the theoretical velocity. In the following analyses, we
consistently consider the sequential number when measuring
the velocity, as in Eq. (4).

4.2. Real-time PTV above 1 kHz

We demonstrate real-time PTV above 1 kHz by examining
the image processing time, which must be faster than the image
recording time of ! [s]. The average processing time per im-
age is measured by varying the four parameters listed in Table
1: imaging frame rate, vertical resolution of an image, number
of tracked droplets, and length of one side of the square ROI.
We compare the results against reference values of 1000 Hz for
the frame rate, 640 pixels for the vertical resolution, 8 tracked
droplets, and a length of 100 pixels on one side of the ROIL. As
the present PTV algorithm employs multithread processing, we
measure the processing times in both the Imaging thread, £ -
and the Tracking thread, LA and calculate their maximum
value 7., as the total processing time (not £ ., + ) in im-
age I,. The mean values across N = 5000 images are calculated

as follows:
ZN t;lmage
timage = T, (5)
2N B
Hrack = Ttrack’ (6)
t _ ZN tnmax _ ZN max(ttr'lmage’ t:lrack) (7)
max — N - N .

Figure 5 shows the total processing time required to mea-
sure the velocity and size of falling droplets at various imag-
ing frame rates. Real-time PTV is achieved at #,,. < f7!, as
depicted by the gray area in Fig. 5(a). At the present image
resolution of x X y = 1246 x 640pixel’, 1-kHz real-time PTV
is achieved by the three tracking algorithms of AMF, 4BE, and
A4BE. The processing times for t,,,., of 4BE and A4BE are
much faster than those of MF and AMF. As the frame rate in-
creases, the processing times of AMF becomes faster than that
of MF. In contrast, the processing times of 4BE and A4BE re-
main equivalent. The processing time for #,g. is independent
of the PTV tracking algorithm, and is therefore identical for all
four algorithms (see also Fig. 2). For 4BE and A4BE, it is
surprising to find that the tracking time is sufficiently fast that
Imax = timage- For MF and AMF, however, the tracking time is
longer, constituting a large part of #,,,,. Typically, for MF, we
NOtiCe tyax = tirack-

Figure 5(b) shows a breakdown of 7, as the ratio of the
steps constituting the Tracking thread, as depicted in Fig. 2. For
MF and 4BE, this is Step 1 and Step 2; for AMF and A4BE, this
is Steps 1-3. We compare frame rates of 1000 Hz and 4000 Hz
while keeping the other conditions fixed. For MF and 4BE, the
ratio of Step 2 rapidly increases and the ratio of Step 1 decreases
as the frame rate increases. Considering a falling droplet, the



total frame number for tracking the droplet naturally increases
as the imaging frame rate increases, indicating that the tracking
process of Step 2 becomes dominant over the detection process
of Step 1, which is only required once for each droplet. In the
AMF and A4BE algorithms, the ratio of Step 3 increases re-
markably, while the ratios of Steps 1 and 2 decrease. At high
frame rate, generating the ROI for each droplet takes longer
time than the processing time for tracking droplets. As the se-
quential images captured at the faster frame rate provide smaller
droplet displacements, it is easy to identify the same droplet
in the next frame. Regarding the tracking thread, MF is suf-
ficiently “slow” and AMF effectively limits the tracking area,
while 4BE is “fast” and the additional area-limiting process of
A4BE is not beneficial, as confirmed in Fig. 5(a). To further
accelerate the PTV system using 4BE and A4BE, #,,4,. must be
shortened as a pre-conditioning step.

As the image size becomes larger, the processing time takes
longer [Fig. 6(a)]. MF does not achieve 1-kHz real-time PTV
unless the vertical resolution is less than 100 pixels, while AMF,
4BE, and A4BE successfully realize 1-kHz PTV up to 640-
pixel resolution. We confirm that 4BE and A4BE realize real-
time PTV at approximately 10 kHz for 1246 pixel x 100 pixel
images. As shown in Fig. 6(b), when the number of tracked
droplets changes, there is no significant difference in ¢,,,, up to
the maximum of eight droplets. Figure 6(c) shows that #,,,, does
not change when the ROI size changes. Thus, area-limiting
method is a cost effective approach in a case that the tracking
time takes long as in MF.

4.3. Measurement Accuracy

We now measure the velocity and diameter of the free-falling
droplets at the spatial resolution of 60um/pixel and imaging
frame rate of 1 kHz. Figure 7 shows the measurement errors
for time-varying velocity of a single droplet. The measurement
results are compared with the theoretical results of veoy. For
a quantitative discussion, we define the measurement error of
velocity, €, as

S 1~ teme
& = N ; )
where Vyyeqsure denotes the measured value. During the free-fall
motion of a droplet across an image area, a total of N images
are analyzed. The MF and AMF algorithm reproduces the the-
oretical result to within 5% and 2%, respectively. We confirm
that 4BE and A4BE algorithms show &, =~ 1%, demonstrating
the high-accuracy of the present PTV measurement.

The measured velocity by A4BE algorithm exhibits fluctu-
ations in Fig. 7. Figure 8 shows the time-varying aspect ratio of
the droplet, which is defined as the ratio of vertical diameter to
lateral diameter, and the difference between the measured and
theoretical velocities. After leaving the syringe and starting to
fall, the droplet periodically deforms with an approximate pe-
riod of 20 ms, which corresponds to the capillary time scale of
T, ~ /(pd?/0) ~ 20ms with a water density of p = 10%kg/m?,
d ~ 3mm, and a surface tension coefficient of oo = 0.07N/m.
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Fig. 6. Processing time (a) at various vertical resolutions, (b) with different
number of tracked droplets, and (c) at various ROI sizes.

As visible in Fig. 3(b), the droplets are not perfectly spheri-
cal in shape and are slightly eccentric, resulting in fluctuations
in the measured velocity calculated from the displacement of
the center of gravity. Although the velocity difference is not
completely synchronized with the aspect ratio, we can confirm
similar trends between the aspect ratio and the velocity differ-
ence. Therefore, we consider the velocity fluctuations shown in
Fig. 7 to be attributable to the droplet deformation, rather than
the PTV algorithm.
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Figure 9 shows the measurement results of droplet diameter
of 1000 droplets, dyeqsures compared with the reference results
directly obtained by the Imagel software, denoted as djyqge;.
The measurement error of the droplet size, &4, is calculated as

measure
Lyl - dimage; |
Eq = T (9)

We confirm that 4BE and A4BE algorithms demonstrate high
accuracy of &5 = 1%. The A4BE algorithm well-reproduces
the droplet size distribution of the ImagelJ results. Therefore,
the developed PTV system, including the experimental setup
and PTV algorithm, is applicable for analyzing time- and space-
resolved droplet dynamics with high accuracy.

5. Conclusion

We have developed a HS real-time PTV system using a HS
streaming camera, allowing the velocity and size of droplets in
multiphase flow to be measured in real time above 1 kHz, which
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Fig. 9. Measurement errors for diameter of 1000 droplets.

was demonstrated by applying to multiple free-falling droplets.
A new PTV algorithm was implemented to the existing MF and
4BE methods to reduce the tracking area, resulting in AMF and
A4BE. Except for MF, the other three methods of AMF, 4BE,
and A4BE were capable of 1-kHz real-time PTV for 1246 pixel
x 600 pixel images, with 4BE and A4BE achieving even at 10
kHz for 1246 pixel x 100 pixel images. A comparison of MF
and AMF showed that AMF had a shorter processing time than
MF in all conditions, indicating the usefulness of limiting the
particle detection area. 4BE and A4BE achieved similar per-
formance, with no significant differences observed. The pro-
cessing time in the tracking and image preparation processes
was respectively measured. The bottleneck was found to be
the image acquisition and preparation processes, not the track-
ing process. We confirmed the importance to adopt appropriate
time increments by considering missing images that were not
transferred to the laptop from the camera. The measurement
error was approximately 1% for the droplet velocity and diam-
eter, successfully demonstrating the high accuracy of the first
in-situ real-time PTV system exceeding 1 kHz. The error was
attributed to the deformation of falling droplets by capillarity.

The present framework has potential applications for real-
time measurement of droplet velocity and size of practical sprays
including a large number of spreading droplets (see Appendix
B), tracking bubbles, and image-based inspection for all prod-
ucts flowing on a line, etc. Effective use of GPUs and FPGAs
to accelerate the image acquisition and preparation processes
could further improve the real-time PTV analysis.
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Appendix A

Figure 10(a) shows a distribution of the background bright-
ness illuminated by the LED panel with no droplets, captured
by the HS streaming camera at the shutter speed of 1 ms for
1246 pixel x 640 pixel. We confirm the uniformity across the
entire image. The time variation of mean brightness shown in
Fig. 10(b) conveys that there is a small fluctuation, less than
unity (approximately 0.2) in 8-bit tones. By using the LED
panel, uniform and stable backlit is provided, which is benefi-
cial for analyzing the shadow images of droplets.
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Fig. 10. The LED panel provides uniform brightness in space and time. (a)
Brightness distribution of background image. (b) Time-variant brightness of
the mean value in the whole pixels.

Appendix B

The developed PTV system was applied to a spray spread-
ing in 2D plane. Figure 11(a) shows the droplets being tracked.
The blue rectangles indicate the detected droplets (not ROIs),
and the red arrows depict the velocity vectors. Most droplets
in the spray are tracked correctly. Similar to other 2D PTVs in
general, it is difficult to track blurred droplets and overlapping
ones. Figures 11(b)(c) present the distributions of droplet diam-
eter and velocity, continuously measured for 70 ms. The present
PTV system is capable of accumulating sufficient amount of
data in a short period of time to perform statistical analysis.
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