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The error associated with estimating the local concentration of particles observed in digital videos of the
inner wall of a circulating fluidized bed (CFB) riser is evaluated. Understanding the dynamics of these rapidly
moving particles will allow researchers to design cleaner and more efficient CFB facilities. However, the
seemingly random motion exhibited by the particles in three dimensions, coupled with the varying image
quality, make it difficult to extract the required information from the images. A method has been developed
for automatically detecting particles from a video sequence. By exploiting the presence of specular
reflections, individual particles are identified along the focal plane by an image filter specifically designed for
this purpose. An evaluation of the proposed method indicates its potential to estimate particle count,
location, and concentration in an efficient and reliable manner.
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1. Introduction

Fluidized beds aremulti-phase systemswidely used in industry for
catalytic reactions, solid fuel combustion and gasification, as well as
many other applications. In its simplest form, a fluidized bed is a
cylinder containing particles which are suspended by a stream of gas
injected through the bottom [1]. The presence of these particles and
their mobility, specifically between the body of the bed and the
combustor wall, increases the heat transfer characteristics of the
system [2]. The high relative gas–solids velocities characteristic of
fluidized bed reactors leads to increased heat and mass transfer rates.
For this reason, many industrial gas–solids processes utilize a special
variant known as fast beds, or more commonly, circulating fluidized
beds [3]. Such processes include catalytic oil cracking, hot-gas
cleanup, and coal combustion, carbonization, and gasification [4].

The fluidized bed designs currently in use are borne from years of
physically testing and modifying designs to increase their perfor-
mance [1]. Given the high costs of rigorous experimentation and the
relatively low cost of computers, computational fluid dynamics (CFD)
is widely being used to help design the next generation of fluid beds.
CFD utilizes computers in solving the equations governing fluid-
dynamics, such as those of a fluid-bed system, which is an inherently
difficult problem [5].

Circulating fluidized beds are characterized by turbulent flows
which are physically described by the Navier–Stokes equations. These
are the conservation equations of fluid mechanics for mass,
momentum, and energy of a flow [6]. Evenwith the fastest computers,
these equations are incredibly difficult to solve numerically [7]. For
this reason, turbulence models are used that approximate the
underlying physics to make the problem computationally tractable.

To determine the accuracy of these CFDmodels, comparisonsmust
be made to real, empirical data [8,9]. Unfortunately, this data is
difficult to obtain from circulating fluidized beds given their typical
high-temperature/high-pressure environments. In order to collect
such data, the National Energy Technology Laboratory (NETL) has
built an industrial-size cold-flow circulating fluidized bed (CFB) [10].
This CFB is a low-temperature/low-pressure unit, but the particle
material can be chosen such that its properties while fluidized
compare well to other materials commonly used in industrial
applications [8]. In this study, high density polyethylene beads were
characterized in the 0.305 m diameter riser at a location about 7.5 m
from the bottom of the 15.5 m tall riser. Fig. 1 shows the CFB with the
vessel diameters and the height H marked in meters and arrows
indicating the locations of aeration used to move the solids. The riser
was operated in a core-annular flow regime using a velocity of 6.5 m/s
and solids circulation rate of 5.4 kg/s [11]. Images were taken through
optical quality acrylic sections with 1.27 cm wall thickness.

The low-temperature/low-pressure environment of the CFBmakes
it possible for researchers to access the flow stream via off-the-shelf
probes. One probe of particular interest that is currently being used is
a borescope coupled to a high-speed digital camera. The borescope is a
small tube housing a lens system that can be inserted into the flow
stream. The attached high-speed camera is then able to capture high-
resolution images of the internal structure of the flow.

Another benefit of using the cold-flow CFB was the ability to
replace sections of the system with acrylic glass. This gives
researchers visual access to the particle flow and the motion of its
structure from the outside. Taking advantage of these transparent
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Fig. 1. Schematic of the cold flow circulating fluidized bed at NETL.

Fig. 2. Dilute phase image captured externally through a telephoto lens.
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sections, the high-speed camera has also been used with a telephoto
lens to capture particle behavior at the cylinder wall. The images
collected were takenwith a Vision Research Phantom v7.1 high-speed
camera at a rate of 2000 frames per second and optical lenses to obtain
a field of view of 16×16mm2.

2. Visualization

Techniques for visualizing the flow of fluids have long been sought
to aid in designing experiments and to help interpret measurements
from local point probes. Early applications often gave only qualitative
observations of the flow behavior, but digital image processing
techniques have allowed for the extraction of highly precise,
quantitative data from images of the flow [12]. Many of the original
implementations of digital processing techniques to these images
were in an attempt to describe the behavior of large-scale structures
in the flow [12]. The motion of large structures found in a CFB, namely
particle clusters and strands, are often analyzed due to their
significant role in back mixing and heat transfer within the riser
[13]. However, if particles can be imaged separately, then information
on their geometry can be extracted, such as size, shape, and position
relative to the large-scale structures [12].

Flow visualization techniques can be separated into two broad
categories: internal and external visualization. To visualize the flow
internally, some type of optical probe must be inserted into the flow
stream. This impedes the flow, possibly changing its behavior, but
allows for capturing images across the entire radius of the contain-
ment vessel, e.g., the riser. Optical fiber probes have long been used to
determine particle velocities and concentrations in fluid systems, as
well as the size and velocity of particle clusters [14–17]. As point
probes, however, they are unable to provide any information on the
shape of the clusters [18]. To obtain this information and a deeper
understanding of particle-particle interactions within the flow of a
CFB, internal imaging techniques have been developed using
observation tubes [19,20], fiber scopes [21], and optical scopes, i.e.,
borescopes/endoscopes [22–24], with various methods for illuminat-
ing the particle flow.
Probe techniques physically impede the flow, changing its
characteristics and adding error to the measurements being made
[25]. An alternative is to visualize the internal flow from outside the
system. External techniques have the benefit of being non-intrusive
and therefore do not affect the flow in any way, but these have limited
applications and are often unable to describe radially dependent
behavior. Several non-invasive techniques exist, including capaci-
tance imaging and γ-ray tomography, but these are typically only
capable of obtaining a single measurement, such as a spatially or
temporally averaged solids volume concentration [26]. Imaging
techniques, on the other hand, allow for multiple measurements
simultaneously; however, serious limitations apply. One major
limitation is the requirement for visual access to the flow; another
often being a limit on the concentration of solids at the wall [27].
These often restrict such techniques from industry applications but
the measurements being made are vital to developing complete
models for fluidized beds [14,26]. Many of the experiments conducted
using non-invasive imaging techniques have been made on gas–solid
fluid systems [13,27–30], although gas–liquid [31] and even three-
phase, gas–liquid–solid systems [25] have been studied.

In this work we applied external visualization techniques to the
particle flow along the wall of the riser. The same high-speed camera
mentioned previously was used with a telephoto lens to focus just
beyond the inner surface of a tranparent, acrylic riser section. The
image size was kept small, typically about 16×16 mm2, to mitigate
the effect of geometric distortion due to the curvature of the riser.
Example dilute and dense phase images from this system are shown
in Figs. 2 and 3, respectively.

The flow images captured externally by a telephoto lens are the
subject of this analysis. The absence of occluding particles and
geometric distortion, as well as the excellent contrast, make the
extraction of particle information simpler and the subsequent data
analysismore straightforward.More importantly, however, although
data from the internal flow structure would be very useful,
information from the riser wall is also vital to validating mathemat-
ical models.

The purpose of this study is to effectively process digital images
and extract particle information, specifically local particle concentra-
tions. The particle concentration can be determined from any single
frame in the sequence by summing the areas of all particles found in
the image, specifically those that are in-focus, along the focal-plane.
3. Theory

Images of the flow contain the two-dimensional projection of
three-dimensional space due to the reflectance of light off particle



Fig. 3. Dense phase image captured externally through a telephoto lens.
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matter [12]. The problem of determining the particle volume, a 3-
dimensional measure, from flow images captured by a single camera
is an ill-posed problem. However, if the particles lying on the focal-
plane can be detected, then the problem of determining the particle
area along the plane is trivial. If the total particle area can be extracted,
equations exist in the literature to convert this estimated area to a
volume [32,33].

In order to determine the total area of the plane covered by
particles for a single image, every particle on the focal-plane must be
detected and their projected areas computed. Summing all of these
individual particle areas gives a total projected particle area A. Thus,
given Np elliptical bodies lying on the focal-plane, the total area is

A≜ ∑
Np

i=1
Ai ð1Þ

= ∑
Np

i=1
πaibi; ð2Þ

where ai and bi are the semi-major and semi-minor axes, respectively,
of the ith particle. Considering an ellipse lying on the vertical image
plane in 3-dimensional space, this projected area corresponds to the
xz plane.

In calculating the properties of a flow, particles are typically defined
as spheres given their mathematical simplicity [34]. For instance, in
describing the size of a sphere, the diameter alone is sufficient. When
evaluating experimental data, however, non-spherical particles are
often encountered. The geometry of these can be described in terms of
an equivalent spherical diameter which, in terms of size, is simply the
diameter of a sphere with an area equivalent to that of the particle [1].

Describing the area of each elliptical particle by an equivalent
spherical diameter constrained to 2-dimensions gives

A = ∑
Np

i=1
π

di
2

� �2
ð3Þ

=
π
4
∑
Np

i=1
d2i : ð4Þ

If the particle size distribution is monodisperse1 it seems reasonable
to assume the equivalent spherical diameters fdig

Np

i = 1 are equal.
1 A monodisperse distribution has (nearly) a single particle size; approximately
CVb10% [1]. CV is the coefficient of variation which is the standard deviation as a
percentage of the mean [35], in this case in terms of the particle diameter.
Denoting the average equivalent particle diameter as dp gives

A =
π
4

∑
Np

i=1
d2p ð5Þ

=
π
4
Npd

2
p: ð6Þ

Thus, if the mean particle diameter dp is known and the total covered
area of the image plane A can be estimated, then the particle count
Np can be determined by Eq. (6). This forms the basis of a set of
experiments meant to evaluate the accuracy of particle detection
schemes. Details of the experiments are given in the following
section.

Instead of identifying the projected particle surfaces, as in
determining A, it may also be possible to identify the projected
particle boundaries. Using the equivalent spherical diameters
fdigNp

i = 1, this would be equivalent to identifying the circumferences
of circles. Given Np particles, define the total projected circumference
as

C≜ ∑
Np

i=1
Ci ð7Þ

= ∑
Np

i=1
πdi: ð8Þ

Under the assumption of a monodisperse distribution this reduces to

C = ∑
Np

i=1
πdp ð9Þ

= πNpdp: ð10Þ

This suggests that Np can be estimated from the mean diameter and
the total circumference of spherical particles.

The equivalent diameter dp is based on the area which has a
nonlinear relationship with the circumference. Since a circle has the
minimum boundary length for a given surface area, equating each
particle to a circle of equivalent area will minimize the estimated total
circumference C. Therefore, to more accurately estimate Np by C, the
particles must be spherical. Note that if the particle count Np and the
total circumference C are determined independently of each other, the
ratio of the left and right-hand sides of Eq. (10) could be used to
evaluate the sphericity of the particles where only true spherical
particles would give a ratio of unity.

4. Experimental methods

A set of sample images were selected to evaluate the accuracy of
possible particle detection schemes. The images were meant to cover
the gamut of possible particle densities while remaining an ordered,
sequential set. These images, having been part of a much larger
sequence, are denoted {I1078+ i}i=0

80 . Since no baseline data or
dependable detection method was available, the ground truth had
to be established manually. To reduce the number of images in the
analysis and yet retain a good resolution in the extracted data, the set
was subsampled such that every fifth frame was kept. The set of
images I={I1078+5i}i=0

16 that remained after subsampling are shown
in Figs. 4 and 5.

Any candidate detection scheme should determine the number of
in-plane particles for a given image, either explicitly by counting or
implicitly by first estimatingA and then solving Eq. (6) for Np. For the
evaluation, the in-plane particles were manually counted in each
image from I . The resulting baseline for I is shown in Fig. 6. The



Fig. 4. Set of images {I1078+5i}i=0
8 used to determine the baseline data.
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minimum was Np
1078=53 and the maximum was Np

1123=432 where
Np
k denotes the particle count in image Ik.

4.1. Intensity-based classification

Each of the intensity images in this study can be defined as a set of
pixels consisting of the union of three subsets,

I = SI∨SO∨SV ; ð11Þ
where the subsets SI , SO, and SV are the pixels composing the set of
in-focus particles, out-of-focus particles, and the void (empty
background), respectively. Identifying each subset could be beneficial,
but the information required to determine the particle area A,
defined in the previous section, lies in SI alone. It would therefore be
sufficient to identify the subsets SI and SB , such that

SB = SO∨SV ð12Þ

= I∖SI ; ð13Þ

where Eq. (13) is the set-theoretic difference of I and SI . By definition,
SB is the subset of background pixels forming both the void and the
out-of-focus particles. By Eq. (13), identifying either subset SI or SB
will serve to identify the other since I is given.



Fig. 5. Set of images {I1078+5i}i=9
16 used to determine the baseline data.
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For a digital image, if the set of pixels SI can be found, the
cardinality of that set will be equivalent to A. Thus,

A = jSI j ð14Þ
= ∑

x∈X
∑
y∈Y

δI x; yð Þ; ð15Þ

whereX andY are the image rows and columns, respectively, and δI(⋅,⋅)
is an intensity space indicator function such that

δI x; yð Þ = f1 if I x; yð Þ∈SI
0 if I x; yð Þ∉SI :

ð16Þ

A conceptually simple computational method for classifying a set
of values S into two disjoint subsets, Sα and Sβ, is to compare each
member of S to some threshold T. On one side of the threshold lie the
values of Sα and on other side the values of Sβ. For a grayscale image I
with intensities I(x,y)∈R and some threshold TI (the I denotes a
threshold in the intensity space) the decision rule for classifying pixels
as SI or Sβ is stated as:

If I(x,y)bTI, decide Sβ; otherwise decide SI .

This decision is based on the assumption that in-focus particles will
have a higher intensity since they are closer to the light source. It can
then be applied directly to the definition of the indicator function,

δI x; yð Þ = f1 if I x; yð ÞN TI
0 if I x; yð ÞbTI ; ð17Þ

making the determination of A a trivial evaluation of Eq. (15).



Fig. 6. The ground truth (baseline) data manually extracted from the image sequence. Fig. 7. Particle detection results on the original images for variations of the Otsu
thresholding method.
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Determining the value of the threshold is the key component to
this technique. A commonly used method is the Otsu thresholding
technique. The underlying assumption used by the Otsu method is
that the sample distribution is bimodal and that a threshold value can
be determinedwhichmaximizes the variance between the twomodes
[36].

To overcome intensity variations across the image, a number of
local thresholds are picked across a single image. To do so, the image is
tessellated into a number of equal-sized blocks, or tiles, which are
independently thresholded. Thus, for each tile, the Otsu threshold is
determined and used to binarize only that tile.

Once the pixel classification has been completed, the particle count
Np can be determined. Using Eq. (14) to define the area A, combined
with Eq. (6), the approximated particle count N̂p can be determined
from

N̂p =
4 jSI j
πd2p

: ð18Þ

Results of the thresholding techniques on original and temporally
adjusted2 images, in terms of the particle count for the entire set of
images {I1078+ i}i=0

80 , are shown in Figs. 7 and 8 alongside the baseline
determined for I . “Global Otsu” refers to a single threshold used for
the entire image sequence and “Local Otsu[M]” refers to the localized
Otsu technique with tiles of size [M×M].

The mean percentage error (MPE), a linear estimate of the
experimental error based on the normalized l1-norm (Manhattan
distance), was used to evaluate the results. The l1-norm is one of a
family of metrics known as the Minkowski metric or the lp-norm [37]
and is denoted as:

lp a;bð Þ = ‖a−b‖p ð19Þ

= ∑
N

i=1
jai−bi jp

 !1
p
; ð20Þ
2 “Adjusted” here refers to a preprocessing step described by Bredebusch et al. [13]
meant to reduce the effect of non-uniform illumination by subtracting the temporal
mean intensity image.
where a and b are vectors. Let g be the vector of baseline (ground
truth) values from I and ĝ be the vector of estimated values for the
same images. The mean percentage error is then

EMPE g; ĝð Þ = 1
Nf

l1 g; ĝð Þ⋅1
g

� �
ð21Þ

=
1
Nf

‖g−ĝ‖1⋅
1
g

� �
ð22Þ

=
1
Nf

∑
Nf

i

jgi−ĝi j
gi

: ð23Þ

where Nf is the number of frames in the sequence. Notice that each
difference is normalized by the baseline data such that, when
multiplied by 100, it will represent the percentage error of the
estimated value. Although estimates of Np were determined for the
entire sequence {I1078+ i}i=0

80 , since only the results from I were used
in calculating the error, the number of frames was Nf=17. The mean
percentage error results are shown in Fig. 9.

There was a large improvement in the MPE when the adjusted
images are used instead of the originals, suggesting the non-uniform
illumination is detrimental to estimates of Np in the intensity space.
While the adjusted images give improved estimates, the right tail of
the concentration plot in Fig. 8 is still poorly determined. This stems
from the evaluation images themselves. The images from frame
Fig. 8. Particle detection results on temporally adjusted images for variations of the
Otsu thresholding method.



Fig. 10. Results of estimating the particle count by the edge contours from the original
images.

Fig. 11. Results of estimating the particle count by the edge contours from the adjusted
images.

Fig. 9. Mean percentage error values for intensity-based methods when compared to
the ground truth. The techniques were evaluated on the original images as well as those
adjusted to eliminate non-uniform illumination.
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number 1128 through the end include a dense cloud of particles
moving in the background. While these particles are far from the
focal-plane, the high concentration of this cloud reflects a large
amount of light to the camera, making an intensity-based classifica-
tion difficult. Note that if the density at the wall (in-plane) is very
high, the particles in the background would not be visible and would,
therefore, not complicate the detection process.

4.2. Gradient-based classification

A gradient image G can be defined as a set consisting of the union
of two subsets,

G = SE∨SB; ð24Þ

where the subsets SI and SB are the pixels forming edges and the
background, respectively. If G is such that the edges correspond to the
particle boundaries then the cardinality of SE will be equivalent to C,
defined previously. Thus,

C = jSE j ð25Þ

= ∑
X∈X

∑
y∈Y

δG x; yð Þ; ð26Þ

whereX andY are the image rows andcolumns, respectively, and δG(⋅,⋅)
is a gradient space indicator function.

To identify the edge pixels SE , an edge detectionmethod is needed.
A number of edge detection techniques exist ranging from the simple
to the complex. Regardless of the technique, it is important to
consider the impact of the specular reflections on the particle surfaces.
These areas have a very high intensity, often much brighter than the
intensities of the surrounding surface. For this reason the images have
been preprocessed to eliminate the specular highlights, reducing the
gradients across the particle surfaces, as described by Casleton [38].
The evaluation of these techniques is similar to that done for the
intensity-based techniques, the main difference being the use of the
estimated circumference C to estimate Np.

Edges are visually apparent when there is a large difference, or
gradient, in the intensities of neighboring pixels. These gradients are
found by determining the first derivatives of the pixel intensities in
both the horizontal and vertical directions, since they can exist along
any trajectory in 2-dimensional space. Three different approximations
of these derivatives were tried on the evaluation images: Prewitt,
Roberts, and Sobel. An edgemapwas generated by first estimating the
derivatives and then applying a threshold to identify the pixels
corresponding to particle boundaries. An edge thinning algorithmwas
then applied to reduce the edge thickness to a single pixel. The Canny
edge detector was also employed. This technique uses a secondary
threshold to retain minor edges and reduces the problem of broken
edge contours [39]. A more detailed explanation of the derivative
approximations, edge thinning algorithm, and Canny edge detector is
provided in [38].

Since each method of finding the edge map depended a great deal
on the gradient threshold(s), a series of tests were conducted to find
the best value(s) based on minimizing the MPE for each method. The
edge map was found for a range of gradient thresholds for each
method and the subsequent error determined. A similar test was
completed for the Canny detector; in this case both the high and low
thresholds were found.

Figs. 10 and 11 show the results of the edge detection methods
using the thresholds found tominimize theMPE. None of themethods
accurately approximate the particle count in the dense phase,
although they appear to do very well in the dilute phase. The problem
with the dense phase is likely the result of particles touching and any
gradient information between their boundaries being lost. The
accuracy with which the dense phase is estimated, when particles
are well separated, could imply that the assumption of spherical
particles is a good one given the properties of C discussed earlier.



Fig. 12. Results of estimating the particle count by the number of specular highlights
from the original images.
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4.3. Direct identification by specular highlights

Another method for directly counting particles is to use the specular
highlights from the particle surfaces. While occasionally found on
particles near but not on the focal plane, these features typically indicate
the presence of an in-focus particle. Accurate detection of these
highlights serves as a rich source of information.

Previously, the high-intensity noise Is was found from the specular
highlight suppression (SHS) algorithm described in [38]. This was
again used but with an emphasis on identifying individual reflections.
To begin, the noise image Is was thresholded to eliminate weak
changes in the intensity due to the median filter from the SHS
algorithm. To do so and retain a majority of the highlights, this
threshold was set fairly low at Ts=0.1.

After thresholding the image, a median filter was applied to the
result to further reduce noise in the specular regions. The image prior
to filtering was binary. By applying the filter with an odd sized
window, it was assured that the result would also be binary. All
contiguous regions of marked pixels were found and the centroid
determined. These centroids can now be used as particle markers.

It was noticed that some false positives were detected along
particle boundaries, especially when particles were secluded so that
their surfacewaswell contrasted against the dark background. To take
these into account the edge map of the output of the SHS algorithm
was found using the Canny edge detector. The locations of candidate
specularities were then compared to the edge map and any found
Fig. 13. Results of estimating the particle count by the edge contours on the adjusted
images from the adjusted images.
lying on a contour were thrown out as false positives. To account for
rounding issues as well, the edgemapwas first dilatedwith a kernel of
ones to thicken the contours. Results after eliminating candidate
specularities in this fashion are shown in Figs. 12 and 13 for a kernel of
size [3×3].

5. Results and discussion

Once the total particle area A or the estimated particle count N̂p

has been determined, a 2-dimensional solids fraction can be
estimated. Using the total area A, the solids area fraction ψp can be
estimated by

ψ̂p =
A

jX j jY j ð27Þ

=
jSI j

jX j jY j ð28Þ

where |X | and |Y| denote the number of rows and columns in the
image, respectively, and |SI | is the number of pixels classified as in-
focus. Using the estimated particle count relies on the mean particle
diameter dp to first determine the area A from Eq. Eq. (6), but then ψ
can be determined directly from Eq. (27).

The void fraction, or voidage, is a 3-dimensional measurement of
the empty space dependent on the particle volume. This measure is
often denoted as simply ɛ, although here it will be explicitly labeled ɛv.
The void fraction and the solids (particle) fraction ɛp are comple-
mentary values, i.e., ɛv+ɛp=1. In order to determine the void fraction
ɛv for use inmodeling, the 2-dimensional area ψpmust be transformed
into a 3-dimensional volume ɛp.

Various methods have been suggested for converting a void
fraction from 2 to 3 dimensions, many of which arise from studies of
2D flow simulations [40]. The most basic method is to assume the
particle volume is a single layer thick, i.e., the particle depth is dp. It
was suggested that this is a poor assumption, citing that the estimated
voidage is generally too high [41]. Two very similar equations have
been proposed that are based on the relationship between a
hexagonal lattice of spheres in 2 and 3 dimensions, assuming inter-
particle distances are equal [32,33].

The transformation derived by Hoomans et al. [32] is given by

εHv = 1− 2ffiffiffiffiffiffiffiffiffiffi
π
ffiffiffi
3

pp ψ
3
2
p : ð29Þ

From Ouyang and Li [33] the transformation is

εOv = 1−
ffiffiffi
2

p
ffiffiffiffiffiffiffiffiffiffi
π
ffiffiffi
3

pp ψ
3
2
p : ð30Þ

Notice there is very little difference between the two, although
Hoomans argues that Eq. (30) gives estimates that are too high [41].
Li, a contemporary of Hoomans, explained that the depth assumed by
Eq. (29) is 2×3−0.75dp or 0.8774dp [40].

The voidage was calculated from geometric considerations
assuming spherical particles over the volume imaged:

εv = 1−
Vp

VT
= 1−

1 = 6⋅πd2p
l⋅w⋅t : ð31Þ

The mean particle diameter for the extruded polyethylene beads
was more difficult to determine than might be expected. The particle
fabrication process had some difficulty due to some of the additives
resulting in misshapen, elongated beads. Characterization of these



Table 1
Mean void fractions, bias from themean voidage, and precision (asmeasured by the 95%
confidence limits) for estimated voidages from the particle detection methods based
upon a) specular highlights, b) localized Otsu thresholding, and c) Roberts' edge
detection over different temporal regions in the test images relative to the ground truth.

Frame # Mean
void

Bias (void fraction, ɛv) Precision (95%CL)

Specular
highlight

Otsu
threshold

Edge
detection

Specular
highlight

Otsu
threshold

Edge
detection

All 0.835 −0.023 −0.045 0.051 0.009 0.009 0.022
1078–1093 0.941 −0.023 −0.047 0.001 0.014 0.009 0.012
1098–1128 0.725 −0.013 −0.008 0.106 0.020 0.018 0.051
1133–1158 0.927 −0.040 −0.103 0.002 0.007 0.019 0.007
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beads by sieve analysis produced amean size of 750 μm; however, the
longer dimension (major axes) can be underestimated during sieve
analysis because a particle's minor axes can align with and pass
through relatively small sieve openings. Image analysis techniques
(such as that performed by Sympatec, Inc.) view and measure
particles perpendicular to the flow direction. These techniques may
exaggerate the major axes when the particle aligns with the flow to
minimize drag. The Sympatec analysis reported the mean size to be
over 1000 μm. Another concern when employing these automated
image techniques is particle dispersion, although Sympatec con-
ducted multiple tests and reported that such effects were minimized.
It was decided, however, that the most accurate particle size could be
taken from the particle image analyses reported above. In the images
taken near the wall of a CFB riser, there was no sustained flow
direction nor the accompanying bias due to particle alignment. The
mean equivalent spherical particle diameter was simply calculated by
dividing the total particle cross-sectional area by the particle count. In
this way the best mean particle diameter was found to be 760 μm±
28 μmat the 95% confidence level (CL). The data set for estimating this
was limited to the 7more densely loaded images in themiddle frames
of the test set in which the particle count for ground truth agreed
closely with the output of the method based on localized Otsu
thresholding. The statistics was based upon measurement of 2233
particles. The resulting value was consistent with counting and
weighing particles of a known density, as well as analyses of static
images.

The other uncertainty factor in the conversion from image
projected surface area to solids fraction in Eq. (31) is the depth of
field or sample volume thickness, t. The depth of field was observed to
be relatively narrow and taken to be equal to the particle diameter, dp.
A sequence of images of particles set on a surface at various known
distances was captured to demonstrate that the focal depth was less
than 1 mm. By inspecting the particles in the test images it was clear
that while particles did overlap in some cases, there were no
occurrences of in-focus particles being partially obscured. Thus, it
was clear that the depth of field was between 0.5 ⋅dp and 1000 μm. For
simplicity the value of dp was chosen recognizing that the relative
results were unaffected, while acknowledging that the absolute
voidage values changed dramatically. For example, the voidage varied
from 22%, 60%, to 75% in a single densely loaded image when the
assumption of the image depth was varied from 0.5, 1, to 1.5 particle
diameters, respectively. The absolute differences in voidages were
much smaller for lightly loaded images, but the proportional changes
Fig. 14. Void fraction for the best particle identification techniques using a) specular
highlights, b) localized Otsu thresholding, and c) Roberts' edge detection. The test
images are divided into three temporal regions based on voidage and image quality and
compared against the ground truth.
in solids fractions were just as dramatic,e.g., 10, 5, and 3.3% assuming
t=0.5, 1, and 1.5 ⋅dp, respectively.

Void fractions were estimated from each of the images in the test
frames using the most accurate image analysis algorithm as
determined by the lowest overall root mean square error when
counting particles per frame. For this analysis, the three particle
identification methods were compared on the temporally adjusted
images: a) method based on the specular highlights on the particle, b)
method based on localized Otsu thresholding [64×64], and c) method
based on Roberts' edge detection operators after specular highlight
suppression and edge thinning. Upon inspecting the voidage
determined using each of these techniques (Fig. 14), it was apparent
that different image analysis methods compared favorably to the
ground truth value in different temporal regions of the videos. In
addition, there was a tendency for these image analysis methods to
consistently under- or overestimate the voidage for a given temporal
region rather than vary randomly about the ground truth. In order to
quantitatively characterize these deviations from the ground truth,
the error was split into bias and precision or random error (Table 1).
Considering all test images, the image analysis methods exhibited bias
between 4.5% and 5% void fractions on the average. Note that this
represents changes in solids fractions as much as 30% from the
measured value. The specular highlight method resulted in the overall
smallest bias representing 2.3% lower voidage or 13% lower solids
fraction. The precision was calculated based upon the 95% confidence
limits for the number of frames after adjusting for the bias. For the
entire set of test frames the three methods varied in precision
between only 0.9 and 2.2% (95%CL) from this mean ground truth
value.

The error between the ground truth voidage and each of the
automated techniques was not uniformly distributed across the test
frames. Analysis of images which exhibited good contrast between
particle and background, characterized as dilute solids concentrations
(frames 1078–1093), appeared to match the ground truth much
better than the analysis of images with either dense concentrations
(frames 1098–1128) or poorer contrast (frames 1133–1158). These
latter frames can be characterized as having relatively bright
background due to high particle concentrations in the background.
For this reason an error analysis was also conducted on the automated
image analysis methods for each of these three distinct temporal
regions.

In the dilute images characterized as having good background
contrast (frames 1078–1093), the results due to the edge
detection method could not be statistically distinguished from
the ground truth while that for the specular highlight and
thresholding techniques were significantly biased to an extent
similar to that determined when considering the entire data set.
In this temporal region, there was a relatively high mean voidage
of 94%. The edge detection method was the most accurate with
only 0.1% bias in the voidage and 1.2% precision error. The
methods relying on specular highlights and Otsu's thresholding
generated voidage estimates that were biased 2% and 5% low,
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respectively, representing changes of 38% and 78% in the mean
solids fraction. However, the precision was also low for each
suggesting that a correction could be applied if necessary when
these methods are employed. Student's t-tests at the 95% CL could
not statistically distinguish the uncorrected edge detection values
from the ground truth. In the event that this edge detection is not
possible, the bias-adjusted values from the specular highlight and
localized thresholding methods were not significantly different
from the ground truth either; however, the uncorrected voidages
from the best of these techniques were significantly different
from the ground truth in these dilute images. Voidages from the
uncorrected specular highlight method were significantly differ-
ent than the ground truth at the 95% CL, but not at the 90% CL.

In the denser images (frames 1098–1128) the mean voidage was
72.5% and only Roberts' edge detection method exhibited large bias
(11% of the voidage or 38% error in the solids fraction). Neither of the
other two methods exhibited significant bias, both being less than
1.3% error in the voidage or 4.6% error in the solids fraction. Localized
Otsu thresholding was best for these images, having only 0.8% bias
and 1.8% precision error for the voidage. A Student's t-test analysis did
not indicate any statistically significant difference from the ground
truth for these more densely loaded images. This supports the
assertion above that the cross-section area taken from the edge
detection method can be used to estimate the mean spherical particle
diameter by dividing that area by the number of particles manually
counted.

In the poorly contrasted dilute images (frames 1133–1158), the
voidage bias error was by far the lowest for the Roberts' edge
detection method, exhibiting no significant bias (0.2%). A Student's t-
test confirmed that only the results of the uncorrected edge detection
method were not significantly different than the ground truth values.
On the other hand, the bias was highest in this temporal region for the
automated methods relying on specular highlight and localized
thresholding. The precision was the same for the specular highlight
and edge detection methods representing an identical 0.7% random
deviation from the ground truth value of 0.93. Again, the output of the
specular highlight and localized thresholding methods were statisti-
cally indistinguishable from the ground truth voidages only when the
bias corrected values were applied to these poorly contrasted dilute
images.

6. Conclusions

It is apparent that the precision of all automated particle detection
techniques were comparable. The accuracy was mostly impacted by
the methodology chosen, image quality, and solids concentration. The
most accurate approach would be to splice together the best two
techniques which can be applied without correction over different
ranges of observed particle concentration. In the dilute region when
ɛvN0.93, the Roberts' edge detection method was accurate, while the
Otsu thresholding method was superior when particle concentrations
became large enough to result in particle-particle contact, particle
overlap, and generally, obscuration of particle edges (i.e., ɛvb0.93).
Caution should be exercised, however, with light background because
the edge detection technique may not identify the higher particle
loading; this discrimination should be made based upon the Otsu
thresholding method. When information is available on the image
quality – in particular the contrast between particles and background,
as well as the solids concentration – then bias corrected analysis from
any method using the values in Table 1 can be considered to be quite
accurate with precision better than 3% of the estimated voidage.
Without information on image quality, the bias correction using the
specular highlight particle detection method was significantly more
accurate than the other methods considered. For the specular
highlight method, a bias based upon voidage alone can offer some
additional improvement in accuracy over uncorrected analysis.
A number of techniques were evaluated based on their ability to
estimate the number of particles present in a set of digital images of
the inner wall of a CFB riser. Using typical object detection methods
and by analyzing the mean percentage error alone it was determined
that the Roberts edge filter produced the best results. However, for the
types of particle images being produced for the 750 μm polyethylene
beads used here, particle detection based on the specular highlights
method combined with the subsequent application of particle edge
identification can be quite accurate when the illumination is first
normalized using a grid comparable to 10 particle diameters. While
the image quality is critical to the selection of techniques for image
analysis, it is clear that, for the images considered in this work, the
accuracy of automated particle detection and the estimation of gas
and solids fractions is best when employing specularity-based particle
detection techniques.
Nomenclature

Symbols
A summed total projected area of all particles in an image.
Ai area of the ith particle.
C summed total circumference of all particles in an image.
Ci circumference of the ith particle.
CL confidence limits (95%, based on Student's t-test).
di diameter of the ith particle.
dp average equivalent particle diameter.
G gradient image.
Gs solids flux.
H height.
I set of images.
I intensity image.
l length.
Nf number of frames.
Np number of particles.
R space of real numbers.
SB subset of pixels in an image forming the background.
SE subset of pixels in an image forming particle edges.
SI subset of pixels in an image forming in-focus particles.
SO subset of pixels in an image forming out-of-focus particles.
SV subset of pixels in an image forming the voidage.
t thickness.
T threshold value.
Ug superficial gas velocity.
Vp particle volume.
VT total sample volume.
w width.
X set of rows of a single image.
Y set of columns of a single image.

Greek letters
δ indicator function.
ɛp solids volume fraction.
ɛv void volume fraction.
ψp solids area fraction.
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