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Particle tracking velocimetry (PTV) is one of the most commonly applied granular flow velocity measurement meth-
ods. However, traditional PTV methods may have issues such as high mismatching rates and a narrow measurement range
when measuring granular flows with large bulk density and high-speed contrast. In this study, a novel PTV method is
introduced to solve these problems using an optical flow matching algorithm with two further processing steps. The first
step involves displacement correction, which is used to solve the mismatching problem in the case of high stacking density.
The other step is trajectory splicing, which is used to solve the problem of a measurement range reduction in the case of
high-speed contrast The hopper flow experimental results demonstrate superior performance of this proposed method in
controlling the number of mismatched particles and better measuring efficiency in comparison with the traditional PTV

method.
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1. Introduction

In the past few decades, many new optical non-contact
measurement methods have emerged owing to developments
in optical technology. Among them, spatial filtering velocime-
try (SFV),[1?) particle image velocimetry (PIV),*-®! and par-
ticle tracking velocimetry (PTV)["~1%1 are the three most com-
monly employed methods for granular flow fields. For a nearly
uniform flow velocity distribution, results obtained by these
three methods are highly similar. However, if granular flows
are of high concentration, an inconvenient drawback is ex-
posed, namely, PIV lags far behind PTV in terms of the ability
to recognize particle displacement./!!! In the meantime, if the
granular flow has a large velocity contrast, the SFV method
may cause large measurement errors, since the measurement
results are averaged. Arguably, PTV is the best method to
measure complex granular flows.

The PTV technique mainly includes particle recognition
and particle matching. Particle recognition is affected by
hardware conditions, as the particle recognition accuracy is
positively correlated with the camera imaging quality. After
determining the hardware parameters, the particle-matching
method will become a key factor affecting the accuracy of the
PTV technique. Usually, the PTV matching algorithm needs
to primarily set the matching rules of tracer particles to es-
tablish a particle-matching calculation model. The matching
rules that appear in the traditional PTV method!'?! include the
following: particle motion displacement needs to be smaller
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than the distance between the particle and other particles, the
motion of the tracer particles in a small space needs to be con-
sistent, etc. When measuring complex granular flow scenes,
such as hopper granular flows, the matching rules depicted
above are not perfectly applicable, because the velocity field
distribution of the hopper flow is not only numerically differ-
ent, but directions of movement of the particles at different
positions are also contrasting.!!3! If these rules are enforced in
the matching algorithm, it is likely to lead to a significant re-
duction in particle-matching accuracy. In 2011, Balevicius et
al.'" employed the discrete element method to study particle
motion in different types of hoppers. In 2018, Ma et al.!'”!
used the same method to study particle clogging within hop-
pers. The latest research addressing hopper granular flow was
conducted by Zhang et al.,l'® who studied the applicability
of Beverloo’s scaling law within hoppers in 2019. Apparently,
due to the lack of measurement methods, many scholars prefer
simulation to experiment.

The optical flow method is a motion detection method in
the field of computer vision. Compared with other methods
in this field, such as the CamShift algorithm,!!”! the optical
flow algorithm exhibits better performance in tracking multi-
ple moving targets. Optical flow methods are usually divided
into sparse optical flow and dense optical flow. The representa-
tive method of dense optical flows is the Horn—Schunck (H-S)
method, '8 whereas the representative methods of sparse op-
tical flows are the Lucas—Kanade (L-K) method!'®! and Pyra-
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mid Lucas—Kanade (PyrLK) method.?"! Sparse optical flow is
employed for image registration specifically for sparse points
on an image, which means that this method needs to track cer-
tain coordinates within an image. Due to the small amount of
calculation and high precision,?!1 it is often used for image
registration and target tracking. Dense optical flow requires
the calculation of the offset of all the points in the image to
form a dense field.[??! The advantage of this method is that the
target can be registered at the pixel level, whereas the disad-
vantage is that it requires significantly more calculation than
the sparse optical flow. In the field of granular flow velocity
measurement, we need to measure the motion of a single parti-
cle, such that the sparse optical flow method is more appropri-
ate than the dense optical flow method. Considering the gran-
ular flow movement in some complex scenarios, the PyrLK
method exhibits a better performance in tracking particles with
large displacements compared with the L-K method.

The PyrLK method uses corner displacement to charac-
terize particles. However, in complex scenarios such as hop-
per granular flow, the centroid displacement provides a more
accurate representation of particle motion. In this study, a dis-
placement correction method of corner-to-centroid is proposed
for the improvement of the PyrLK method. Theoretically, the
trajectory reliability of the particle between two frames has a
positive correlation with the camera frame rate. Therefore, to
measure the particle motion over a longer time scale, it is nec-
essary to splice all trajectories at this scale.

Based on the claim above, choosing hopper granular flow
as a typical complex scenario, this study introduces an im-
proved PTV method compounding displacement correction
and trajectory splicing for the measurement of complex granu-
lar flows, and builds an experimental device. The results show
that the designed method effectively improves both precision
and efficiency compared with the traditional PTV method.

2. PyrLK-based PTV method

The basic principle of the PTV technique is to track the
motion trajectory of the same particle at different time points,
calculate the motion displacement of the particle using the tra-
jectory, and finally obtain the motion velocity of the particle
by the displacement and time interval.?>>4 Determining the
position of the particle between two frames is a critical pro-
cess in the PTV method. The PyrLK method determines the
pixel displacement in the image sequence by measuring the
change of the pixel intensity data in the image sequence and
the correlation between adjacent frames, '8! thereby perform-
ing tracking of the particle target. Applying the PyrLK method
to the PTV matching algorithm indicates that there is no need
to assume matching rules for moving targets, which is highly
advantageous for the measurement of complex flow fields.

The PTV matching algorithm employing the PyrLK
method includes three steps: extracting corner points, estab-
lishing constraint equations, and layering by the Gaussian
pyramid. The specific implementation method will be de-
scribed in detail later in this paper.

2.1. Extracting corner points

The PyrLK method selects corner points as the particle
feature points. If a small change in a point on an image causes
a large change in the gray-scale, this point will be considered
as a corner coordinate. A common method for corner tracking
is the Shi-Tomashi feature detection, and the tracking princi-
ple is as follows.

Assume (x,y) as the coordinates of a pixel in an im-
age, I(x,y) is the intensity information of this pixel. After
the displacement of (A, A,), the gray-scale variation function,
E(Ayx,A,y), of pixel (x,y) can be expressed as follows:

E(AeAy) = Y wx ) I (x+Acy+4,) — 1y, (D)
X,y

where w(x,y) represents the weighting factor of the pixel
(x,y). Expand the function /(x+ A,y + A,) using the Taylor
formula

[(x+ Ay +4y) =1(x,y) +Lu+Lu+0 (u+v*). (2

Taking the first-order approximation expression of Eq. (2) and
substituting it into Eq. (1), we can obtain

E (M) = [A A M [ﬂ , 3)
Y
2
M=Twey| ], @
X,y Xy y

where matrix M represents a structural tensor, and its two
eigenvalues A; and A, represent the change rates of I(x,y) in
two directions. As long as A; and A, of a certain point are
large, image movement in any direction will result in signifi-
cant gray-scale changes, and we refer to this point as the corner
point.

corner

Fig. 1. (a) Original image of granular flow and (b) image using Shi—
Tomashi feature detection to extract corner coordinates.

After the Shi-Tomashi feature detection, the obtained
corner coordinate is an integer value due to the limitations of
the acquisition camera, despite the fact that the corner coor-
dinate position is rarely at the integer position. To overcome
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this problem, we decide to pursue sub-pixel corner detection

25261 plot and fit curves based on the image pixel

techniques, !
values, and use mathematical operations to determine where
the peak appears between the pixels. Figure 1 is the result
of the Shi—Tomashi feature detection employed to extract the

corner coordinate in a granular flow image.

2.2. Establishing constraint equations

Suppose that the pixel coordinates (x,y) of the corner
point have been determined, and the intensity information
function in time ¢ is I(x,y,?). After A, time interval, the inten-
sity information function is expressed as I(x + Ay,y + Ay, 1 +
A;) If the movement of this point is small and continuous >’}
we can use the Taylor formula to expand I(x+ Ay,y+ Ay, 1+

A;) as follows:

I(x+Aq,y+Ay,t+4)
d ol

ol I
= I(x,y,t)+an+8—yAy+EAt+e, (5)

where € is the second-order infinitesimal of Taylor expansion.
When A; approaches zero, the second-order infinitesimal of
Taylor expansion can be ignored, and the intensity is assumed
to be constant. At this time, the basic optical flow constraint
equation can be expressed as follows:

dl dldx dIdy I dl

o T oxdi oy Tt Ty ©
where u = dx/dr represents the horizontal velocity compo-
nent of the corner point, while w = dy/dr represents the ver-
tical velocity component. As a single equation cannot solve a
problem with two unknowns u and w, an assumption is made
within the L-K method, that the optical flow in the adjacent re-
gion is consistent, which indicates that adjacent pixels on the
same surface have similar motion. Through the assumption of
spatial consistency, n optical flow constraint equations can be
established using n pixels in the adjacent region to estimate the
optical flow component

Iy Iy Iy
by by | [y Iy

Anxa-dypxr= | .. wl="| - =bux1, (D
Ly Iy Ly

where A is a two-dimensional matrix obtained by merging
(d1/9x,0d1/dy) of n pixels, d is a one-dimensional matrix ob-
tained by merging u and w, and b is a one-dimensional matrix
obtained by merging (d1/9dr) of n pixels.

The least squares method is used to find optimal solutions
of these n equations, and the motion components of u and w
can be obtained. The detailed calculation steps are shown by
the following equations:

[SLl YL [u
aray-a = [E Er | [4]

-] w
[H — (ATA)' A", ©)

2.3. Layering by Gaussian pyramid

The condition for the Taylor expansion in the second step
is that the corner position does not change drastically. Once
the moving target velocity increases, the displacement be-
comes larger, and the algorithm produces a larger error. To
solve these drawbacks, this study proposes to use the PyrLK
method, which is an improved L-K method based on the pyra-

(28] The principle be-

mid stratification proposed by Bouguet.
hind the PyrLK method is explained in Fig. 2. First, the optical
flow is calculated from the top layer of the image pyramid, and
subsequently the calculation result of the top layer is used as
the starting value of the calculation of the next layer, and the
process is repeated until the bottom layer of the pyramid. After
layer-by-layer processing, the movement of the corner point is
small, and continuity is satisfied. Eventually, scenes with high

speed and large displacements can be detected.

initial value of

//mva
v

forth layer ‘

t+At frame

t frame

Fig. 2. Diagram of Gaussian pyramid layering.

3. Further processing
3.1. Displacement correction

In some scenarios, since velocities in the flow field are
not completely the same, particles may also rotate during mo-
tion. In this case, centroid displacement is more representative
of the actual motion than corner displacement, hence the cor-
ner coordinates need to be converted to centroid coordinates
before the velocity calculation.

The specific displacement correction method used in this
study is as follows. First, a reasonable threshold is determined
by observing the segmented image until all tracer particles
are highlighted. The image is then subjected to binarization
processing, resulting in a processed image that contains the
physical contour of the particles. After extracting contours of
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respective entities, a key step is to evaluate the affiliation be-
tween the corner point and contour of each particle. Finally,
a geometric moment algorithm is used to obtain the centroid
of the particle contour, and the centroid matching of the tracer
particles is realized.

Evaluating the affiliation between the corner point and
contour is key to the whole displacement correction process.
The implementation of this step is explained in Fig. 3: for each
corner point, a loop is set to determine the positional relation-
ship between the contours of the entities in the image and the
corner points. When the corner point is within the contour
or on the contour edge, it can be directly determined that the
corner point belongs to the contour. Otherwise, when the cor-
ner point is outside the contour, then the contour closest to the
corner point is considered as its subordinate contour.

o | number of corner X; =N
P Inumber of contour Y;= M|

i is in the outside of Y;

A

distance
between X; and Yjis the
shortest

Fig. 3. Evaluation procedure for affiliation between corner point and
contour.

3.2. Trajectory splicing

In some scenarios with high motion velocities, increas-
ing the sampling frequency can effectively improve the mea-
surement accuracy. Shorter time intervals between two frames
portray simpler motions of the particles, and provide higher
reliability of the optical flow trajectory. If it is necessary to
measure particle motion over a longer period of time, the dis-
placement needs to be spliced between frames within the time
period.

The trajectory splicing method is shown in Fig. 4. The
five points represent the position of a particle a at time r — 2,
t—1,t,t+1, and t 4+ 2. Sub-track segments, d;_», d;_1, d;,
d; 41, depict the displacement of the particle a at four time

intervals. These sub-track segments are highly reliable, be-
The ve-
locity vector obtained by connecting a;—, and a;, can be

cause they are matched at smaller time intervals.

regarded as the correct matching of particles at the interval
At = (t +2) — (t — 2), represented by the red line in Fig. 5.

aty2

at—2

Fig. 4. Reconstruction of particle trajectories over long-time scale.

4. Experiment and discussion

The section above provides a detailed description of a
new PyrLK-based PTV method for complex granular flows.
According to the analysis, the measurement accuracy of the
method is mainly affected by the selection of the target adja-
cent region and the number of pyramid layers. The size of the
target adjacent region determines how many constraint equa-
tions are needed to obtain the optimal solution. The number of
equations affects the solution accuracy, which is obtained by
the least squares method. The number of Gaussian pyramid
layers will determine the measurement accuracy of particles
with large displacements. A hopper granular flow device is
set up and described in the following section to verify the pro-
posed method.

4.1. Experimental setup

Figure 5 illustrates the experimental environment and
measuring device for hopper granular flows. The entire system
consists of a hopper device, a light source, a CCD camera, and
an image processing device. The hopper granular flow used in
this experiment is two-dimensional, with a length of 15 cm, a
height of 24 cm, and a thickness of 1 cm. Black glass parti-
cles of 0.8-mm size are selected, and the filling process of the
particles is distributed evenly.

First, the position of the light source irradiating the hop-
per is adjusted to ensure that particles receive uniform illumi-
nation and form a bright spot. The CCD camera exposure time
is set to 5 ms, and images acquired with the camera are pro-
cessed by a computer. According to the actual image collected
by CCD, the number of identifiable particles is about 30000.
From the perspective of the number set, 30000 particles can
effectively evaluate the performance of the PyrLK-based PTV
method for tracking large-scale particle scenarios.
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X =15 cm

optical sou&

hopper

CCD camera

H=24 cm

data processing device |

Fig. 5. Experimental setup. Hopper granular flow width is 15 cm, height
is 24 cm, size of the bottom opening is 8 mm, inclination angle of in-
ner wall on both sides of the opening is 30°, and the diameter of the
particles is d = 0.8 mm.

After the particle image is correctly matched, the next
step is to select the appropriate parameters. The granular flow
velocity at the hopper opening represents the fastest part of the
entire granular flow field. Hence, to obtain parameters suitable
for the entire hopper particle velocity field, the granular flow at
the hopper opening needs to be analyzed. The number of par-
ticles in this area is about 1000, and the time interval between
two frames is 21 ms. Parameter selection and accuracy val-
ues are shown in Table 1. For the hopper granular flow scene,
excessive stratification leads to low image quality; a small ad-
jacent region will reduce the number of optical flow constraint

equations, and too large adjacent region will contain particles
with large velocity contrast. All three cases cause large errors.
According to the actual measurement results, this study sets
the adjacent region size to 15 x 15 pixels, and the number of

layers to two.

Table 1. Measurement accuracy under different parameters.

Adjacent region size /pixels Number of layers ~ Accuracy of velocity

5x5 1 73.7%
5x5 2 80.2%
5x5 3 78.4%
10 x 10 1 82.6%
10 x 10 2 87.3%
10 x 10 3 80.5%
15x 15 1 91.9%
15x 15 2 92.8%
15x 15 3 86.3%
20 x 20 1 84.6%
20 x 20 2 88.5%
20 x 20 3 81.3%

First, a comparison between the PTV algorithm based on
the PyrLK method and the traditional PTV algorithm with
matching rules is implemented. These two methods are ap-
plied to the hopper granular flow shown in Fig. 5. The mea-
surement area is shown in Fig. 6(a), and the measurement re-
sults are shown in Figs. 6(b) and 6(c). The time interval be-

tween the two selected matching images is 21 ms.

N bulk

I:" — outlet

boundary

0 0.03 0.06 0.09 0.12 0.15 0 0.03 0.06 0.09 0.12 0.15

Fig. 6. (a) Measurement area and velocities of hopper granular flows measured by (b) PyrLK-based PTV and (c) traditional PTV.

The matching error of the traditional PTV is mainly con-
centrated in the bulk area and outlet, where the velocities ex-
hibit large contrast. According to the principle of PTV, the
error of the traditional PTV is caused by corner matching re-
sults. To draw a more convincing conclusion, we employ
the RANSAC method!*! to detect the mismatching rate of
the boundary, bulk, and outlet regions measured by these two
methods. The results are listed in Table 2. The mismatch-
ing rate of these two methods at the boundary is relatively low,
however in the bulk and outlet regions, where the velocities are
faster and the contrast is greater, the mismatching rate of the
traditional PTV rises sharply, reaching ~ 10%, while the er-
ror rate of the PyrLK-based PTV method remains within 1%.
Moreover, when tracking the motion of 14000 particles, the

traditional PTV consumes 0.387 £0.001 s, while the PyrLK-
based PTV method consumes 0.012 +0.001 s, hence the mea-
surement efficiency is increased by an order of magnitude.

Table 2. Mismatching rate of PyrLK-based PTV and traditional PTV.
Traditional PTV

PyrLK-based PTV

Boundary 0.5% 0.9%
Bulk 0.7% 11%
Outlet 1% 9.6%

4.2. Hopper flow results

In summary of the above analysis, the PyrLK-based PTV
method is undoubtedly a better choice for measuring large-
scale and large-displacement complex particle motion scenar-
ios. Therefore, the following part of this paper involves an
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experiment to measure and analyze a larger hopper granular
flow. In this experiment, motion of the particles lasted for
T = 681.673 s, and the initial number of particles in the hop-
per was ~ 30000. Images at four time points were selected
for measurement. Figure 7 shows the variation of the veloc-
ity field in the granular flow within the hopper. Velocities of
particles near the boundary region of the hopper are small, and
there is little change at different time. Particles near the out-
let area have larger velocities, and considering the bulk area
above the outlet, it can be seen that the particle velocities in-
crease from top to bottom.

0.06f

0.06 (b)

0 0.05 0.10 0.15 0

0.05 0.10 0.15
X/m X/m
0.24 0.24
0.18
g
~
T
0.12
0.06

0.05 0.10 0.15
X/m

0 0.05 0.10 0.15 0
X/m

Fig. 7. Variation of flow velocity field at four moments.

Figure 7 reflects the distribution of the hopper granular
flow velocity from a macroscopic perspective. Subsequently,
the velocity profiles of typical lateral and longitudinal regions
are extracted separately to study the specific motion of the
hopper particle.

Figure 8 depicts the velocity distribution of the lateral re-
gion at a height of 0.06 m. Velocities of particles at the bound-
ary region of the hopper are very small, and the overall veloc-
ities do not increase over time, as the velocity remains around
zero. However, as the particles in the hopper become fewer,
the velocity of the center position becomes larger. Near the
end of the leak, the velocity is almost three times as big as that
at the initial time.

Figure 9 depicts the velocity distribution of the vertical
position region of the central axis. At any time, the distri-
bution of particle velocities in this region gradually increases
from top to bottom, which is evidently caused by the opening

of the hopper at the very bottom. In addition, as the parti-
cle stacking height is gradually reduced, the particle velocity
of the entire central axis increases, and the maximum veloc-
ity difference at different time at the same position is close to
3.5 cm/s. However, the particle velocities at the opening are
similar, except for the velocity at the initial time.

V/cm-s—!

0 0.05
X/m

Fig. 8. Velocity distribution of lateral region at height of 0.06 m.

0.250 7% T

— t=3T/4

1T & 5 1 5

V/cm-s™!

Fig. 9. Velocity distribution of vertical position region of central axis.

5. Conclusions

In the field of particle motion measurement, because of
the existence of numerous complex motion scenes, such as
hopper granular flow, the traditional PTV method will lead to
a large number of mismatching phenomena, and the measure-
ment efficiency will be reduced accordingly. This study com-
bined PTV technology with an optical flow matching method,
improving it by the displacement correction method and tra-
jectory splicing algorithm. The main conclusions of this study
are as follows.

(1) Compared with traditional PTV, this improved PTV
technology has more accurate matching results and exhibits
higher efficiency in the particle measurement field. According
to the measurement results of hopper granular flow, the match-
ing error is kept within 1%, and the measurement efficiency is
improved by one order of magnitude.

(2) The velocity field distribution of granular flow in a
typical hopper is measured. Velocities of particles in the
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boundary region of the hopper are very low, and as the par-

ticles in the hopper become fewer, the velocity of particles at

the center position increases. Furthermore, the distribution of

particle velocities in this region gradually increases from top

to bottom.
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