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ARTICLE INFO ABSTRACT

Keywords: The morphology of granular materials can be characterized two or three-dimensionally by different measurement
Morphology characterization techniques such as micro-computed tomography (pCT), static and dynamic image analysis (SIA and DIA).
Sands

Because there are fundamental differences in the working principles among these techniques, their efficacy in
characterizing the morphology of granular particles needs to be precisely examined but has not yet been
scientifically evaluated. In this study, a systematic evaluation of the efficacy of four DIA devices and a light
microscope (LM) with reference to pCT was made by selecting statistically representative samples of three
standard sands which covered a wide range of particle form and angularity. Morphological data of these sands
were used and probability distributions obtained from the different imaging techniques were compared with pCT
results using a precise quantitative measure based on the information theory. The results revealed that most of
the DIA devices chosen were capable of providing accurate measurements for the coarse descriptors such as
aspect ratio in sands across a broad particle size range, whereas some devices require improvement in their
camera resolution to produce accurate measurements for fine sands. Modifying device configuration and/or
computational algorithm to either use the captured image with the largest area or obtain an average from
multiple random projections in the order of 100 can improve the accuracy of morphology characterization in DIA
devices. LM with proper imaging and image processing can provide results comparable to pCT.

Digital imaging
Probability distributions

morphology quantification, has also been used for morphology charac-
terization of sands in the literature (e.g., Cox and Budhu 2008). While
RCT is an ideal technique to capture the full 3D particle surface geom-
etries (Zheng et al. 2020) and thus to provide full 3D morphology
characterization, DIA, SIA and LM can only provide 2D images. How-
ever, 3D morphology characterization using pCT usually requires the use
of high-performance computing (HPC) systems and takes a much longer
computation time to complete, especially when the sample size is me-
dium to large [e.g., eight particles per hour for an HPC system, reported
by Li et al. (2023)]. DIA and SIA, which both provide an automated
process of morphology characterization from taking particle images to
their processing and quantification, are much faster than pCT but cannot
provide full 3D information. In addition to 2D characterization, DIA can
characterize particle morphology pseudo-three dimensionally (pseudo-
3D, or sometimes referred to as 2.5D), in which a number of particle
projections in different orientations for the same particle (up to 30 in the

1. Introduction

Morphology of granular materials, which has been shown to directly
influence their mechanical and hydraulic behavior (e.g., Cho et al. 2006;
Payan et al. 2016; Nguyen and Indraratna 2020; Liang et al. 2022; Xiao
et al. 2023; Li et al. 2024a,b), can be characterized in different di-
mensions (i.e., two- and three-dimensional, 2D and 3D) and at different
scales (i.e., micro-, meso-, and macro-scales). Characterization at meso-
and macro-scales using morphological descriptors that quantify the form
or shape and angularity of particles can be made by different measure-
ment techniques such as micro-computed tomography (uCT; e.g., Kong
and Fonseca, 2018), dynamic image analysis (DIA; e.g., Fonseca et al.
2012), and static image analysis (SIA; e.g., Masad et al. 2005). Light
microscopy (LM), which is a non-automatic SIA technique that requires
separate processing stages including imaging, image processing and

* Corresponding author.
E-mail address: ceanthony@ust.hk (A. Kwan Leung).

https://doi.org/10.1016/j.compgeo.2024.106648

Received 27 February 2024; Received in revised form 30 July 2024; Accepted 31 July 2024

Available online 8 August 2024

0266-352X/© 2024 Elsevier Ltd. All rights are reserved, including those for text and data mining, Al training, and similar technologies.


mailto:ceanthony@ust.hk
www.sciencedirect.com/science/journal/0266352X
https://www.elsevier.com/locate/compgeo
https://doi.org/10.1016/j.compgeo.2024.106648
https://doi.org/10.1016/j.compgeo.2024.106648
https://doi.org/10.1016/j.compgeo.2024.106648
http://crossmark.crossref.org/dialog/?doi=10.1016/j.compgeo.2024.106648&domain=pdf

K. Kootahi et al.

Computers and Geotechnics 174 (2024) 106648

Notation

APD Absolute percentage deviation

DIA Dynamic image analysis

KDE Kernel density estimation

LM Light microscopy (& Light microscope)

MV Mean value

PDF Probability density function

RSS Representative sample size

SIA Static image analysis

uCT Micro-computed tomography

AR Aspect ratio

ARy,  Width-to-length aspect ratio (or elongation index)

ARt/ Thickness-to-length aspect ratio (or flatness index)

Azp Surface area of the 2D particle projection

Asp Surface area of the 3D particle

A, Area of the minimum convex hull circumscribing the 2D
particle projection

A, Surface of the sphere having the same volume as the
particle

Cy Convexity

Dso Mean grain size

Du PDF similarity (modified Hellinger distance)

f Probability density function of variable X

L Length of the particle

N Number of particle corners

Pyp Perimeter of the 2D particle projection

P, Perimeter of the circle having the same area as the 2D
particle projection

R Wadell roundness

Rei2p Radius of the ith corner circle of the 2D particle projection

Reisp Radius of the ith corner sphere of the 3D particle

Rins,2p Radius of the largest inscribing circle of the 2D particle
projection

Rinssp  Radius of the largest inscribing sphere of the 3D particle

Sa,3p 3D true sphericity or 3D surface area sphericity

T Thickness of the particle

v Volume of the 3D particle

Ve Volume of the minimum convex hull circumscribing the 3D
particle

w Width of the particle

currently available devices) are used to determine the 2.5D morpho-
logical descriptors. This system of characterization has been referred to
as “3D DIA” in some studies (Li and Iskander 2021; Li et al. 2023). In
general, characterization using DIA at best is a 2D characterization
equivalent to SIA and LM because, unlike SIA which targets character-
ization with utmost accuracy, DIA targets at high sample throughput and
data reproducibility (Microtrac 2023). Compared to SIA in which the
largest area projection of the particles is normally captured for a limited
number of particles, DIA captures random projection of the particles for

Table 1
Definition of morphological descriptors selected for evaluation.

thousands to even millions of particles. Table 1 summarizes the de-
scriptors of the first- and second-order morphological properties (i.e.,
form and angularity, respectively) obtained from these measuring
techniques, either 2D, 3D or 2.5D.

Relatively speaking, DIA has received a wide popularity because of
its ability to provide a fast and convenient means to characterize particle
morphology (Li and Iskander 2021). However, due to the fundamental
differences in the working principles among DIA, SIA and pCT, the ef-
ficacy of DIA as well as SIA for characterizing granular particles is yet to

Descriptor Formula Reference Graphical illustrations
First-order 3D & 2.5D** aspect ratio (also known as Z .
. . . ARz =+ Garboczi and
properties*” thickness-to-length aspect ratio or flatness L
index) AR 3 E Bullard (2017)
Z/W = 3y
2D & 2.5D aspect ratio (also known as width- AR _w . aetal
to-length aspect ratio or elongation index) Wik = onseca et al.
(2012)
3D surface area sphericity (also known as true A, Area=A._ Perimeter=R._ y )
Sy =< 2 S 1 Same perimeter
sphericity) A= Wadell (1933) .\\,f.m volume /
2D & 2.5D perimeter sphericit P,
P P Y Sp === Zheng and Hryciw
Pap
(2015) ~Area=Ay,
A “~~Perimeter=Rp,
N
3D i \’4 e 2D particl jection's
convexity Cx = A Fonseca et al. 3D particles = Plonvexhull
(3
(2012)
2D & 2.5D convexit A
Y C = TZD Fonseca et al.
C (2012) ~Volume=V; "~ Area=A.
Second-order 3D (local) roundness R =
. Wadell (1932)
properties* ~ Reigp
o,
Rins 3p
2D & 2.5D (local) roundness R =
R "
N Reiop
it CIIV
Rins 20

Notes: For definitions of the parameters used, see also list of symbols.

* First- and second-order morphological properties are measurable at macro- and meso-scales, respectively (Sandeep et al. 2023).

" 2.5D descriptors are the same as 2D ones except that mean or largest value of particle dimensions from a series of images is considered for computations.
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be scientifically evaluated. Moreover, the efficacy of 2D and 2.5D
techniques for morphology characterization also needs to be carefully
evaluated before wide adoption. This evaluation is particularly impor-
tant when determining the underlying probability distributions of
morphological descriptors for inclusion in discrete element models
(DEM,; Nie et al. 2021) and 3D printed surrogates (Adamidis et al. 2020).
To this end, Li et al. (2023), who CT-scanned individual particles of
three sands with varying angularity and evaluated two DIA devices (one
2D device and one 2.5D device) in comparison to pCT, concluded that
2.5D DIA is viable for characterizing sphericity and convexity but not for
roundness. Fonseca et al. (2012) used pCT scans obtained from resin-
impregnated samples of a sand with varying particle shapes from
spherical to highly non-spherical (Reigate sand from Southeast England)
to characterize its morphology and compared their results with those
obtained from a 2D DIA device. Fonseca et al. (2012) found that the 2D
distribution of aspect ratio from DIA was intermediate between elon-
gation and flatness indexes obtained from pCT (AR, and ARz in
Table 1), and did not correlate well with any of them. They also found
that the range or distribution of values obtained from pCT for sphericity
and convexity was markedly higher compared to that obtained from 2D
DIA. Zhang et al. (2021) compared the results of their 3D character-
ization of Ottawa sand using pCT to 2D characterization using SIA for
the same sand conducted by Zheng and Hryciw (2016). The study found
a significant deviation between the probability density functions (PDFs)
of both roundness and sphericity, leading to a rather different
morphology classification.

The aforementioned studies, while providing insightful information,
however, have several limitations. First, inconsistent methods and
measures were used to compare the probability distributions obtained
from the different imaging techniques. For example, all existing studies
used visual qualitative methods to evaluate the similarities of PDFs (Li
et al. 2023) and cumulative distribution functions (Zhang et al. 2021),
which could be subjective and lacks preciseness. Second, the number of
selected particles was random and rather small in some studies (e.g.,
110-350 in Li et al. 2023; 170 in Zheng and Hryciw 2016); thus the
derived distributions for different characterization methods may not be
representative. Indeed, recent studies that used rigorous statistical
analysis (e.g., information entropy) to obtain the representative sample
size (RSS) needed for morphology characterization showed that RSS of
about 140 and 500 particles are needed to capture the underlying mean
and PDF of morphological data, even for sands with rounded particles
(Kootahi et al. 2023a, b). Third, none of these studies considered the
potential of a light microscope even though it may have higher accuracy
than DIA. Finally, except for one study (Li et al. 2023), physically
separated particles that do not require applying any algorithm to
segment the contacting particles were not used in all test devices to
make a fair comparison.

This study uses the concept of statistical representative samples to
fairly and systematically evaluate the efficacy of particle morphology
characterization using four DIA devices (two 2D devices and two 2.5D
devices) and an LM device in comparison to puCT results for three stan-
dard sands that cover a wide range of particle form and angularity for
geotechnical testing. The PDFs of morphological descriptors obtained
from the various imaging techniques are compared with pCT results
using a precise quantitative measure on the basis of the information
theory. As several previous studies have already demonstrated the
viability of DIA and SIA in characterizing the particle size distribution
for granular materials (e.g., Altuhafi et al. 2013; Li and Iskander 2021; Li
et al. 2023), only particle form and angularity are considered in this
study. Furthermore, due to the limitations of DIA and LM, the third-
order property (roughness) was not considered in this study. Widely
used descriptors of particle form and angularity such as aspect ratio,
convexity, sphericity, and roundness were selected for detailed
investigation.
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2. Materials and methods
2.1. Test devices and their working principles

Four DIA devices (DEV), an LM and a pCT scanner were selected for
evaluation. The list of the devices along with some main and relevant
features of each device is given in Table 2.

In X-ray CT scanning, the sample of particles, placed on a rotating
table, is radiated with an X-ray source, while a digital detector captures
2D X-ray projections at predetermined increments as the sample rotates
360° (Li et al. 2023). The raw projection images are then rendered to
obtain 3D volume reconstruction, followed by some image processing
steps to reduce the noise when necessary and segment different phases.
The segmented individual particles are then used to extract the bound-
ary voxels of each particle so that the 3D morphological descriptors can
be computed.

As shown in Fig. 1, all four DIA devices considered use a particle
feeder that is composed of a feed hopper connected to a vibrating tray,
where the height between the hopper and tray is adjustable to allow
controlling the feeding rate. The hopper is filled with the test material,
and the adjustable height between the hopper and tray transports the
particles of the test material to the vibrating tray, where particles can be
separated and a constant flow of particles can be fed for imaging as the
particles fall from the tray to the sensing zone. In all four selected DIA
devices, the sensing zone is comprised of one or two high frame-rate
(HFR) cameras, a light source located at their focal distance, and a
unit for collecting the test materials. The imaging in the sensing zone is
conducted in the so-called viewing area where direct illumination
required for capturing high-quality images with good contrast is avail-
able. However, major differences exist amongst the four devices, in
terms of lighting system, number of cameras, camera resolution, framing
rate, and the computing algorithms to obtain the morphological data
(see Table 2). DEV 4 employs pulsed laser light with extremely short
exposure time of a sub-nanosecond that prevents motion blur of the
particles in the captured images, while DEV 1, DEV 2 and DEV 3 use
ultrabright LED stroboscopic light with longer exposure time that pro-
vides relatively less sharp grey-scale images. In DEV 1 and DEV 4, only
one camera is used to detect the particles, while DEV 2 and DEV 3 use
two cameras which share the same focal plane to detect the particles; in
the latter case, one camera with a lower resolution registers larger
particles, while a higher resolution zoom camera registers small parti-
cles. The two cameras together provide a frame rate of 250 and 300
frames per second (FPS) in DEV 2 and DEV 3, respectively. The framing
rate in devices DEV 1 and DEV 4 is 100 and 175 FPS, respectively. The
captured images can be visualized in real time by the device’s built-in
software, which processes the images by extracting the outline of each
particle and using them to compute some widely used morphological
descriptors such as those listed in Table 1. In the 2.5D devices DEV 1 and
DEV 2, every particle traveling downward is tracked since entering the
viewing area until leaving it; this technique provides a series of images
at different orientations for each particle. The tracking is made by an
algorithm that utilizes multiple sequential images containing a specific
particle by the following manner: the particle is given a label right after
entering the viewing area and its location over time is estimated. The
estimated location is then used to track the particle in the next captured
image and so on until the particle leaves the viewing area. Devices DEV 1
and DEV 2 are capable of tracking up to 30 images for each particle. In
the 2D devices DEV 3 and DVE 4, however, no particle tracking can be
made and thus images captured in the viewing area for each particle
have to be considered separately. DEV 1, DEV 2, and DEV 3 provide the
descriptors of both the first-order morphological properties (e.g. aspect
ratio, sphericity, convexity) and the second-order ones (i.e. local
roundness). However, DEV 4 does not provide any descriptor of the
second-order morphological property due to the limitation in its built-in
software. Yet, images captured by this device can be analyzed using a
third-party software or code to obtain the parameters required for
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Table 2

List of the imaging devices chosen for evaluation and their main features.

Computers and Geotechnics 174 (2024) 106648

Imaging Device name/ Resolution Lighting (and frame rate) Applicability Morphological descriptors provided
technique model ()
pCT Nano Voxel-3000 3! X-ray (adjustable to 1800 - None
SPR?)
DIA DEV 1 (2.5D) 15 LED (100 FPS®) 22 pm-35 mm (>150 20 descriptors including ARz/1, 250, ARwyr,2.5D; Cx,2.5Ds
l—lm)4 Sp,2.5p, R2.5p
DEV 2 (2.5D) 7 LED (250 FPS) 20 pm-30 mm 13 descriptors including ARz,1, 2 5p, ARw;1,2.505 Cx,2.5D,
Sp,2.5, Ra2.5p )
DEV 3 (2D) 1 LED (300 FPS) 0.8 pm-8 mm 13 descriptors including ARw,1, 2p, Cx,2p, Sp,2p, Rap”
DEV 4 (2D) 4 Laser (175 FPS) 1.8 pm—4 mm (>40 4 descriptors including ARw,1, 2p, Cx,2p, Sp,2p
pm)*

LM Topcon TMM- 1! Halogen lamp (manual) - None

130z

Notes
! Maximum achievable resolution.
2 Steps per rotation.
3 Frames per second.
4 Recommendation in the literature for particle shape measurement.
5 Convexity is computed as.\/Aap/Ac.
Feed hopper Viewing
area

Vibrating tray

]

Sensing
zone

One camera in DEV 1 &4
one or two
HFR cameras < )
Two cameras in DEV2 & 3

Ultrabright LED in DEV 1, 2,3
>— — Light source
Plused laser in DEV 4

Test material

\

collection

Fig. 1. Schematic representation of the general working principles of the selected DIA devices along with their main features.
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Fig. 2. Particle size distribution of the three standard sands chosen for investigation.
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computing descriptors of the second-order morphological property. The
computation method of roundness in DEV 1, DEV 2, and DEV 3 follows
the definition proposed by Wadell (1932), with a difference that DEV 1
uses a manually adjustable threshold to differentiate the exact particle’s
edges and corners from the background. Meanwhile, DEV 2 and DEV 3
use automatic particle threshold search to identify particle’s edges and
corners and fit circles to them so that Rcj2p, Rins2p, and N can be
quantified (Table 1). In devices DEV 1 and DEV 2, mean values of par-
ticle area and perimeter from a series of images captured at different
orientations (i.e., up to 30 tracked particle images) are used to compute
Sp, Cyx, and R, while the largest value of particle dimensions from the
same series of images is considered for computing ARz, and ARy

In LM, the particles in the sample are illuminated by light bulbs,
light-emitting diodes (LEDs) or lasers and the reflected light from the
particles is received by an optical system. The LM digital images ob-
tained are then converted to binary so that the outlines of individual
particles and thus 2D morphological descriptors can be determined.

2.2. Test sands and testing procedures

Three standard silica sands that have been extensively studied in
geotechnical literature were selected for evaluation, including Ottawa
20/30 sand, Leighton Buzzard sand (LBS) fraction D, and Hostun sand
(Ottawa, LBS and Hostun, for short hereafter). The particle size distri-
bution of the three sands is shown in Fig. 2; the minimum particle size of
the three sands was 0.11 mm which is well within the applicability limit
of all the selected DIA devices (Table 2). The mean particle size (Dsg) of
Ottawa, LBS and Hostun was 0.81, 0.19, and 0.27 mm, respectively.
Their particle angularity and form belong to different classes based on
the classifications proposed by Powers (1953) and Krumbein and Sloss
(1963); more specifically, Ottawa has well-rounded to rounded particles
with circular shapes, while Hostun particles are angular to subrounded
with semicircular shapes. LBS is in between these two sands as it has
subrounded to rounded particles with semicircular shapes. Thus, the
choice of sands covered a wide range of particle form and angularity for
evaluating the different imaging techniques.

The number of particles selected for CT scanning was more than 600
for each type of the tested sands, of which 600 particles were selected for
3D volume reconstruction and morphology quantification. This selec-
tion was obtained based on the algorithm developed by Kootahi et al.
(2023a) which determines an RSS required to capture the underlying
PDFs of morphological data of sands, including Hostun and some others
that are more spherical than the Ottawa tested in the present study (e.g.,
Caicos sand). The algorithm application to the two sands is presented in
Appendix A, and the results show that the RSS needed for capturing
PDFs of the 3D true sphericity of Hostun and Caicos sands is 500 and
592, respectively. It is noted that descriptors of second-order properties
such as roundness require smaller RSS because of their less skewed
distributions (e.g., normally distributed; Tunwel et al. 2018). Thus, a
selection of 600 would ensure capturing the underlying PDFs for the
sands considered in this study.

To maximize the accuracy of 3D volume reconstruction of the par-
ticles during CT scanning and to avoid over-segmentation during image
processing (Yang et al. 2022), the particles were physically separated
following the method described in Li et al. (2023), including: (1) evenly
spraying the sand particles without overlapping as much as possible on a
layer of packaging tape with a width of 20 mm; (2) using another tape
layer to fix the positions of the particles; and (3) wrapping the tape with
sandwiched particles around a plastic cylinder tube with a diameter of
15 mm and a height of 20 mm. This cylindrical sample was scanned and
its resulting imaging data were analyzed using the reconstruction soft-
ware Voxel Studio Recon (Sanying Precision Instruments, Co., Ltd.,
China) by the following procedures: (1) radiating the sample in 1800
steps per rotation with a scanning voltage and a current of 105 kV and
200 pA, respectively; (2) reconstructing the 2D tomograms to a 3D 16-
bit image; (3) generating a binarized image by applying global
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thresholding along with the use of median filter to reduce the noise; and
(4) applying the watershed algorithm and the marching cubes algorithm
to extract the segmented individual particles and to compute polygonal
isosurfaces of the particles. The resulting particle image resolution for
Ottawa, LBS and Hostun was 12.4, 5.8, and 7.4 pm/voxel, respectively,
which are all higher than that adopted by Li et al. (2023) (i.e., 14 pm/
voxel) who tested three sands with particle sizes larger than those
considered in the present study (D5 ranging from 0.53 to 2.40 mm).

The number of particles selected for LM was also more than 600 for
each of the tested sands; similarly, 600 of them were selected for image
processing and subsequent morphology quantification. A detailed yet
easy-to-follow procedure was developed to improve the quality of ac-
quired data, including: (1) placing the sand particles on a microscope
slide that overlaid a contrasting background (i.e., a black sheet); (2)
gently nudging the slide to separate the particles as much as possible and
to ensure imaging the maximum particle projection which best repre-
sents 3D morphological descriptors (Rorato et al. 2019); (3) taking a
microscope image such that a particle length of at least 250 pixels for the
smallest particle of each sand can be obtained to prevent the effects of
image resolution on the subsequent morphology quantification (Sun
et al. 2019); (4) segmenting the image in an open-source software Fiji
through image-specific selection of thresholds, instead of using only the
widely used Otsu threshold for all the taken images; and (5) using
Trainable Weka Segmentation from Fiji when none of the available
thresholds provided a satisfactory result (i.e., not detecting all particle’s
outlines in an image). The resulting image resolution for Ottawa, LBS
and Hostun was 4.2, 1.7, and 1.6 pm/voxel, respectively, which is
comparable to that of DEV 3 and DEV 4.

Different sample weights were used for DIA, ranging from 5 g for LBS
to 75 g for Ottawa. The number of particles imaged by the DIA devices
ranged from 30,997 to 2,581,285. While DEV 1 took 13 to 21 images in
different orientations from each particle, the number of images taken by
DEV 2 was not reported but the device can take up to 30 images in
different orientations. DEV 3 and DEV 4 were both 2D DIA and thus
images captured in different orientations for each particle were reported
as separate particle images.

2.3. Quantitative measures for comparisons

To quantify the similarity among the distributions of morphological
descriptors obtained from the different imaging techniques, Hellinger
distance (HD) on the basis of information entropy was used. HD is a
relative entropy measure that has been used as a precise quantitative
measure (Krzanowski 2003; Ruggeri et al. 2021) which can quantify a
range of dissimilarities between any two PDFs, whether they are sym-
metric and/or asymmetric (Gardner et al. 2019). Relative entropy be-
tween two distributions, f7 and f,, measures the inefficiency of assuming
a priori that the PDF is f, when the true underlying PDF is f; (Gokhale
and Kullback, 1978). The HD between two PDFs, f; and fs, can be
defined as follows to quantify ‘PDF similarity’ (Kootahi et al. 2023b):

ﬁﬂcfl,fz)—l—\/é/(wﬁ VR ) ax M

HD is symmetrical [i.e., Du(f1,f2) = Du(f2,f1)] and bounded on both
sides withDy € [0, 1] in which Dy reaches zero when f; and f> have zero
similarity and it is equal to 1 when the two PDFs are identical. Using
Equation (1) requires the PDFs f; and f» be captured objectively without
any presumption on the distribution type of the underlying data. Thus,
density functions were estimated using kernel density estimation (KDE;
Sheather 2004), in which the widely used Gaussian function and Shea-
ther-Jones plug-in (Sheather and Jones 1991) were used for kernel
function and optimal bandwidth, respectively.

On the other hand, absolute percentage deviation (APD), as defined
in the following equation, was used to quantify the similarity between
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the mean value of a morphological descriptor obtained from a device
(MVygey) compared with that obtained from pCT (MVycr):

‘MVdev - MVpCT |

APD =100 x
Vier

(2

2.4. Selected morphological descriptors and their computation

The morphological descriptors of the first- and second-order prop-
erties considered in this study are summarized in Table 1. More specif-
ically, the descriptors selected to characterize particle form include
aspect ratio (AR), surface area or true sphericity (S4), and convexity
(Cyx), whereas one descriptor was selected for angularity

Ottawa A (

LBS y ,( \5 I\

\ 4

]
\
<y ‘ \

Hostun

y O
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characterization which is the (local) roundness (R) as defined by Wadell
(1932, 1933). Computation of 3D morphological descriptors for pCT
reconstructed surface geometries was carried out using special algo-
rithms developed in MATLAB and followed the method used in Lai and
Chen (2019). More specifically, to obtain the two independent 3D aspect
ratios ARy, (width-to-length aspect ratio or elongation index) and ARt/
1 (thickness-to-length aspect ratio or flatness index; see Table 1), three
Feret diameters corresponding to the three principal axes are calculated.
The calculation involves the determination of a rotation matrix that
defines the directions of the particle’s principal axes and multiplying it
to align the principal axes of the particle with the Cartesian axes. For
computing 3D roundness based on Wadell’s definition, first the radius of
the maximum inscribed sphere (Rins3p) is obtained by computing the

)’l l\)‘ ‘

"“’“‘.“Q.\‘.‘
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Fig. 3. Example images of 10 particles of each sand type captured by (a) pCT; (b) LM; (c) DEV1; (d) DEV 2 & 3; and (e) DEV 4. Note: the size of particles of the three
sands were different but all have been rescaled to the same size here to facilitate comparison.
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minimum radial distance of all vertexes on the particle surface to the
particle centroid. Then, following the method introduced by Zhou et al.
(2018), acceptable and unacceptable corners are detected by comparing
Rins,3p with the maximum curvature at a corner.

The morphological descriptors obtained from DIA devices are sum-
marized in Table 1. A subscript is used for each descriptor to indicate the
number of dimensions (either 2D or 2.5D). Computation of 2D
morphological descriptors for LM images was carried out using the
MATLAB code developed by Zheng and Hryciw (2015). Among the
several existing definitions of 2D sphericity, one that is deemed to have
the potential to best represent the 3D true sphericity was selected,
namely 2D perimeter sphericity (Sp,2p in Table 1).

3. Results and discussion
3.1. Example images from different devices

Fig. 3(a) to 3(e) show typical example images of ten particles for the
three sands taken by the five different devices. It visually appears that,
compared with other DIA devices, DEV 4 captured the highest quality
images because it captured more accurate and sharper particle bound-
aries. This result is not surprising because the laser illumination tech-
nique employed in the imaging process of this device returns more well-
defined edges (Li et al. 2023). Yet, the images taken by DEV 4 were not
comparable with those by LM, in which all the particle boundaries seem
to be also captured accurately. However, obtaining sharper boundaries
of particles does not ensure accurate morphology quantification because
proper smoothing of the particle surfaces (i.e., removing particle
roughness) is another factor that would affect the morphology quanti-
fication for descriptors such as local roundness. A more detailed dis-
cussion is given later.

3.2. First-order morphological properties

3.2.1. Aspect ratio

Fig. 4 shows the PDFs of the aspect ratio of Ottawa [Fig. 4(a)], LBS
[Fig. 4(b)], and Hostun [Fig. 4(c)]. The corresponding values of HD that
quantify the PDF similarities for ARy, and ARy, in Fig. 4 are sum-
marized in Table 3. Note that only DEV 1 could provide ARt/;. Among
all the sands being tested, the PDF of ARyt is nearly symmetrical and
similar to that of ARy, but shifted towards the left-hand side (i.e.,
smaller ARt/ values compared to ARy,1) even for rather spherical and
well-rounded Ottawa particles. While most of the DIA devices provided
PDFs of ARy, comparable with the pCT results, only the ARy, for
Ottawa obtained by DEV1 has a comparable PDF with that by pCT, with
a similarity of up to 83 %. However, the capability of DEV 1 declined to
HD values of 0.71 and 0.63 for LBS and Hostun, respectively.

In terms of ARy,1, most of the DIA devices provided PDFs that well
resembled the pCT results because the width-to-length aspect ratio is the
coarsest descriptor of particle morphology, which requires the lowest
image resolution (Sun et al. 2019) and its computation is quite
straightforward (e.g., not requiring computation of particle area or
perimeter). Yet, DEV 1 showed a rather poor performance for this simple
descriptor when applied to LBS (with an HD of 0.60). Note that the 2D
images of LBS taken using LM had a higher resolution of 1.7 pm which
resulted in obtaining quite high PDF similarity between ARwy;, 3p and
ARwy1,2p for this fine sand (HD=0.91). The resolution of the camera
employed in DEV 1 was relatively low (15 pm) and its camera had the
slowest framing rate amongst all the DIA devices chosen for investiga-
tion (two to three times slower). Thus, it may be advisable to use a
higher speed camera with improved resolution in this particular device
to potentially reduce the discrepancy obtained between ARw,,3p and
ARy, op in fine sands. Indeed, Li et al. (2023) showed that morphology
characterization using a 2.5D device in their study can be improved by
employing a camera of higher resolution. Among the PDFs obtained for
ARy, LM provided the most similar PDFs to the pCT for all the sands
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Fig. 4. PDFs of 3D aspect ratio and its 2D and 2.5D proxies from different
devices for: (a) Ottawa; (b) LBS; and (¢) Hostun.

tested, with rather high HD values of 0.91 — 0.96. LM is a static method
of imaging and with the help of the procedure followed in this study, it
was possible to have a view of the particles normal to their plane of
greatest stability and thus capture the maximum particle projections.
Overall, except DEV 1, all the imaging techniques evaluated, whether
static or dynamic, can provide a reliable PDF for ARy, but not for ARy,
L

The box plot shown in Fig. 5 summarizes the mean values of ARy,
obtained from different devices and the corresponding APDs. The ARy,
obtained by pCT was considered as the reference. The trends observed
from the mean values followed those obtained for the PDFs. LM
exhibited the smallest APD, ranging between 0.9 % and 3.9 %. DEV 1
showed a trend of increasing APD as the size of the particles being tested
decreased (i.e. APDs increased from 4.2 % for Ottawa to 9.3 % for
Hostun and eventually to 18.5 % for LBS) because of the inadequacy of
the camera resolution. DEV 4 also had somewhat large APDs (up to 12.9
%). DEV 2 and DEV 3 have moderate deviations in the range of 6.6 % to
10.9 %. Mean values of morphological descriptors are mainly used in
shape and angularity classification. For example, intercept sphericity,
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Table 3
Hellinger distances for similarities of PDFs between 3D aspect ratio and its 2D
proxies from different devices.

Ottawa ARy ARy, ARy, ARy, ARy, ARy, ARy,

20/30 1,3D 1,3D L,2.5D 1,2.5D L,2.5D L,2D L,2D
(CT (CT (DEV 2) (DEV (DEV (DEV (LM)
scan) scan) 1) 1) 4)

AR7/1,30 1 0.50 - 0.83* - - -
(CT
scan)

ARw/1,3D 1 0.79 - 0.80 0.81 0.96
(CT
scan)

ARy, 1 - 0.89 0.93 0.82
L,2.5D
(DEV
2)

AR7/1,2.5p
(DEV
D

ARw/ 1 0.93 0.81
L,2.5D
(DEV
D

ARwy1,2p 1 0.83
(DEV
4)

ARwy1,2p 1
(M)

LBS Frac ARy, ARy, ARy, ARy, ARw, ARy, ARy,

D L,3D L,3D 1,2.5D L,2.5D L,2.5D L,2D L,2D
(CT (CT (DEV (DEV (DEV (DEV (LM)
scan) scan) 2&3)** 1) 1) 4)

ARt/1,30 1 0.70 - 0.70* - - -

(CT

scan)

ARw/1,3p 1 0.74 - 0.60 0.72 0.91

(CT

scan)

ARy, 1 - 0.83 0.97 0.81

1,2.5D

(DEV

2&3)**

AR7/1,2.5p 1 - — _

(DEV

1)

ARy, 1 0.83 0.65

L,2.5D

(DEV

1

ARwy1,20 1 0.79

(DEV

4)

ARw,1,2p 1

(M)

Hostun ARy, ARy, ARy, ARy, ARy, ARy, ARy,
L,3D L3D L,2.5D L,2.5D L2.5D L2D L2D
(CT (CT (DEV (DEV (DEV (DEV (LM)
scan) scan) 2&3)** 1) 1) 4)
AR7/1,3p 1 0.56 - 0.64* - - -
(CT
scan)
ARw/1,3p 1 0.77 - 0.75 0.75 0.96
(CT
scan)
ARy, 1 - 0.93 0.92 0.77
L,2.5D
(DEV
2&3)**
ARt/1,2.5p 1 - _ _
(DEV
1)
ARy, 1 0.87 0.74

L,2.5D
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Table 3 (continued)

Ottawa ARy,  ARw, ARy, AR;, ARy, ARy, ARy,
20/30 L,3D L,3D 1,2.5D 1,2.5D L,2.5D L,2D L,2D
(CT (CT (DEV 2) (DEV (DEV (DEV (LM)
scan) scan) 1) 1) 4)
(DEV
D
ARw1,20 1 0.76
(DEV
4)
ARwy1,20 1
(LM)

" 3D aspect ratio is only compared between uCT and DEV 1 as well as between
the two aspect ratios obtained from pCT (i.e., ARy, 3p and ARy, 3p).

" Distribution of ARy, 2 sp obtained from DEV 2 was exactly the same as the
distribution of ARy, 2p from DEV 3.

which has the same definition as ARy, was used by Krumbein and Sloss
(1963) to classify particle shapes. Using the mean values of ARy, from
LCT as reference values along with this classification system it was found
that the classification success rate (CSR) for DEV 1, 2, 3 and 4 was 66 %
while it was 100 % for LM, where the CSR was calculated as the number
of correctly classified samples divided by the total number of samples.

3.2.2. Sphericity

Fig. 6 shows the PDFs of 3D true sphericity (S4 3p) obtained by pCT
and its 2D proxy Sp zp obtained from different devices for Ottawa [Fig. 6
(a)], LBS [Fig. 6(b)], and Hostun [Fig. 6(c)]. The corresponding HD
values, quantifying the PDF similarities in Fig. 6, are summarized in
Table 4. The PDFs of Sp zp obtained by LM are the most similar to those
of Sa,3p for all the sands tested and have the highest similarity with the
RCT results. The HD values in Table 4 confirm that among all the devices
evaluated, the PDFs obtained from LM have moderately high HD values
in the range of 0.76 to 0.85 and have the highest distribution similarity
to UCT results. DEV 1 overestimated the Spp for Ottawa and Hostun
sands (when compared with the pCT results) because the camera reso-
lution of this device was the lowest among the other evaluated DIA
devices (Table 2). The best DIA device for this morphological descriptor
was DEV 3 which returned the highest HD values (ranged between 0.60
and 0.80). The results show that the PDFs derived from the DIA devices
can be rather different, returning PDF similarities as low as 38 %. Except
for DEV 4, while no significant differences can be found in the upper tails
of PDFs obtained for S 3p and Sp op for any of the imaging methods, the
difference in the lower tails was remarkably high for all the DIA devices.
Contrary to the pCT results which indicate values of Sy 3p>0.6 for the
three sands, the lower tails of the PDFs obtained using the DIA technique
indicate the presence of highly non-spherical particles with Sp op as low
as 0.3 even in Ottawa sand. Such differences would lead to a rather
different morphology classification for a specific sand. This difference
could be partly related to the fundamental difference between the
method of determining the particle sphericity using 3D volumes and
external 2D projections, or/and the different working principles adopted
by the different DIA devices because LM provided similar lower tails
with the pCT results. The use of 2D maximum projections instead of
random projections employed by the DIA devices could significantly
improve the estimates of Sp 2p.

Further analyses were carried out using the pCT results to elucidate
the influence of particle projection on the Sp op determination. The 3D
volumes of thirty particles reconstructed by the pCT were randomly
selected from each tested sand so the S 3p obtained can be compared
with Sp 2p determined for both the 2D maximum particle projection and
two 2D random projections. Fig. 7 shows the results of three example
particles of each. Also shown in the figure are volume-equivalent
spheres and area-equivalent circles for 3D volumes and 2D pro-
jections, respectively. Note that S4 3p is the ratio of the area of the sphere
shown in the figure to the particle’s area while Sp zp is the ratio of the
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Fig. 5. Box plot of 3D aspect ratio and its proxies obtained from different devices. Note: points and lines indicate mean and median values, respectively, and the

values in the brackets are APD.

perimeter of the circle shown to the particle’s perimeter. Except for the
three particles (L2, L3, and H2) the Spsp obtained from the case of
maximum projections better represented the Sa 3p. The more elongated
the particle, the more projection-dependent its Sp sp. For example, it
varied largely in particles O3, L2, and H2. Fig. 8(a) and 8(b) show how
Sa,3p of all 90 particles correlates with Sp »p obtained from the maximum
projection and randomly-oriented projections, respectively. Also shown
in the figures is the correlation obtained by Sandeep et al. (2023) who
sought for such a correlation using mean values from 100 random pro-
jections. First, Sp op obtained from maximum projections overestimated
Sa,3p in most of the cases by 4 % to 15 %. Second, while Sp 5p obtained
from maximum projection was highly correlated with S 3p [with a high
correlation coefficient p of 0.89; Fig. 8(a)], a mild to weak correlation for
Sp,op from the two random projections [p =0.64 and 0.70 in Fig. 8(b)]
can be found. Interestingly, the trend obtained from maximum pro-
jections based on 90 particles in this study [Fig. 8(a)] is quite similar to
that obtained by Sandeep et al. (2023), which implies that Sp op from the
maximum projection might be considered equivalent to the mean value
from 100 random projections for the same particle. Rorato et al. (2019)
also found a significantly higher correlation between S4 3p and Sp op for
maximum particle projection (p = 0.83) compared with the case of using
a single random projection (p = 0.55).

From Fig. 8(b), significant underestimation or overestimation of
Sa,3p occurred when using a single random projection; the correspond-
ing correlation between S4 3p and Sp2p were quite different from that
obtained by maximum projections and that by Sandeep et al. (2023).
The discrepancy is mostly attributed to the highly non-spherical parti-
cles found in the three tested sands because they can have quite different
Sp,2p values depending on the selected projection. It may be advisable to
use either the maximum projection or mean value from multiple random
projections (in the order of ~ 100) to determine Sp 5p. However, neither
of these is feasible in the DIA devices evaluated in this study. While the
2D DIA devices considered (i.e., DEV 3 and DEV 4) cannot perform
particle tracking which means capturing the maximum projection for
every particle is impossible, the 2.5D DIA devices can take a significantly
smaller number of images from each particle (only up to 30 images in
DEV 1 and DEV 2). Yet, these images in different orientations taken from
a single particle may be enough to capture its maximum particle pro-
jection; thus, it may be suggested to modify the computational algorithm

of 2.5D DIA devices so that Sp,p can be determined based on the
captured image with the largest area instead of averaging from up to
only 30 captured images. Indeed, these devices use this logic to compute
the particle dimensions L, W, and Z but not Sp zp. Another suggestion
would be to enlarge the viewing area in the configuration of DIA devices
so that the number of images captured for each particle can be increased
from up to 30 to up to 100. Finally, it is noted that the maximum pro-
jection obtained computationally in this section is slightly different from
the projection captured using LM (i.e., displaying the particles on a flat
surface). Nonetheless, Suh et al. (2017) showed that computationally
obtained 2D morphological descriptors are within 5 % of the values
obtained from particles displayed on a flat surface. The gentle nudging
of the microscope slide a few times as employed in this study may have
resulted in more similar Sp 5p values. In agreement with the computa-
tional results in Fig. 8(a) (i.e., tendency for slight overestimation of Sa 3p
when maximum projections are used), the PDFs obtained using LM
showed a slight overestimation of Sy 3p in the Ottawa and LBS sands,
while indicating a slight underestimation in Hostun which cannot be
explained by the trend sought in Fig. 8(a).

To further investigate the effect of number of particle projections on
the computation accuracy of sphericity and compare them with the
maximum particle projection, a theoretical computation was carried out
using the pCT reconstructed 3D volumes of 90 particles (i.e. 30 particles
from each tested sand). Random projection of each particle was obtained
for a wide range of selected number of random projections (i.e., 5, 10,
15, 20, 25, 30, 40, 50, 60, 80, 100, and 150). Mean value of 2D sphe-
ricity (Sp,2p) was also computed for these random particle projections.
Fig. 9 shows the percentage deviation of Sp 5p from 3D true sphericity
(Sa,3p) for the different numbers of random projections used and for the
maximum particle projection. Notably, deviations were negative in most
of the cases (i.e., overestimation of S4 3p) so absolute percentage de-
viations are presented in the figure. The data in the figure was catego-
rized into three classes of S4 3p, namely 0.70 < Su 3p<0.80, 0.80 <
S4,3p<0.90, 0.90 < S4 3p<1.00. Two typical particles from each tested
sand were presented for brevity. First, for all classes of S4 3p, the per-
centage deviation reduced with increasing number of random pro-
jections from 5 to 100 but for larger number of projections (i.e., 150),
negligible change in the percentage deviation was found. In other words,
the accuracy of estimating S, 3p increased with increasing number of



K. Kootahi et al.

40

Definition (& device)
Sasp (CT scan)
Sp2sp (DEV 1)
Se2p (DEV 3)
Sr2o (DEV 4)
—=—= Spzp (LM)

Ottawa

30

N

Probability density
20

10

1

0.6
Area/Perimeter sphericity

Definition (& device)
Sasp (CT scan)
Sp2sp (DEV 1)

2% |- Sp2s0 (DEV 2) & Spzp (DEV 3)
-] Seap (DEV 4) n
] ——= Spzp (LM) !\
221 LBS
Z
[]
2
[
o 0

PNl FU———

02 0.4 X 08 10

b) Area/Perimeter sphericity

o |

Definition (& device)
Sasp (CT scan)
""" Sk2sp (DEV 1)

F- B Sp2sp (DEV 2) & Spap (DEV 3)
@ 24 Sp2o (DEV 4)
3 === Spzo (LM)
2 Hostun
Z
o
Iof
o

PSP PP it PR

02 0.4 ' 08 1.0
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different devices for: (a) Ottawa; (b) LBS; and (c) Hostun.

random projections until 100 projections. This finding is consistent with
the results reported by Sandeep et al. (2023) who used randomly
generated computational particle geometries termed ‘particle avatars’.
Second, in all cases, the deviation was smaller for maximum particle
projection (i.e., higher estimation accuracy) compared to 30 random
projections which is the maximum possible images that can be captured
by DEV 1 and DEV 2. Notably, the number of images captured by a DIA
device depends on several factors and is usually smaller than 30; as such,
DEV 1 took 13 to 21 images from each particle. Third, except for very
few cases, the maximum particle projection provided higher estimation
accuracy when compared to 150 random projections, encouraging the
use of maximum particle projection for determining Sp op. Finally, the

10
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Table 4
Hellinger distances for similarities of PDFs between 3D true sphericity and its 2D
proxies from different devices.

Ottawa 20/30 Sa,3p Sp,2p Sp,2.5D Sp.2p Sp,2p
(CT scan) (DEV 3) (DEV 2) (DEV 4) (LM)
Sa,3p (CT scan) 1 0.77 0.46 0.38 0.76
Sp,2p (DEV 3) 1 0.52 0.44 0.58
Sp2.5p (DEV 1) 1 0.15 0.38
Sp,2p (DEV 4) 1 0.26
Sp,2p (LM) 1
LBS Frac D Sa3p Sp,2.5D Sp,2.5D Sp,2p Sp,2p
(CT scan) (DEV 2&3)* (DEV 1) (DEV 4) (LM)
Sa,3p (CT scan) 1 0.61 0.78 0.43 0.85
Sp,2.5p (DEV 2&3)* 1 0.79 0.70 0.57
Sp,2.5p (DEV 1) 1 0.56 0.71
Sp2p (DEV 4) 1 0.35
Sp,2p (LM) 1
Hostun Sa,3p Sp,2.5D Sp,2.5D Sp,2p Sp,2p
(CT scan) (DEV 2&3)* (DEV 1) (DEV 4) (M)
Sa,3p (CT scan) 1 0.73 0.62 0.68 0.79
Sp,2p (DEV 2&3)* 1 0.58 0.80 0.70
Sp,2.5p (DEV 1) 1 0.47 0.41
Sp,2p (DEV 4) 1 0.67
Sp,2p (LM) 1

" Distribution of Sp,2.5p obtained from DEV 2 was exactly the same as the
distribution of Sp 5p from DEV 3.

more spherical the particles, the smaller would be the deviations.
Indeed, the smallest deviations belonged to the class which has Sy 3p in
the range of 0.90 to 1.00. The deviations increased with increasing de-
gree of particle elongation as Sa 3p reduced. This trend is somewhat
expected because more spherical particles would have particle pro-
jections close to a circle (hence Sa 2p close to 1.0) regardless of the
orientation of the images being captured. Accordingly, strong associa-
tion between Spap and S4 3p is expected; in this case, the data points
representing highly spherical particles would be located close to the 1:1
line (i.e., line of perfect agreement), whereas the data points repre-
senting more elongated particles would be more deviated from this line.

The relationships between Sy 3p and Sp 2p for four selected number of
random projections (i.e., 5, 30, 100 and 150) and the maximum particle
projection for all the 90 reconstructed 3D particle volumes are shown in
Fig. 10. As expected and previously asserted, strong association between
Sp,2p and Sy 3p can be found for any number of random projections with
correlation coefficients (p) ranging from 0.92 to 0.97 and a high p of 0.89
for the maximum particle projection (see also Fig. 8). Specifically, the
small number of particle projections, say 5, gave overestimation of Sa 3p
in all cases by up to 25 %. Increasing the number of particle projections
to 30 improved the accuracy of estimation, and the amount of over-
estimation of Sp sp dropped to 15 %. The trend lines obtained for 100
and 150 random particle projections were almost the same and both of
them are quite close to the correlation reported by Sandeep et al. (2023)
who used a different database. However, the maximum particle pro-
jection provided a trend line that is closest to the line of perfect agree-
ment (i.e., highest estimation accuracy); the overestimation of S4 3p was
no more than 7.5 %. A regression analysis for this set of data returned

the following expression:

The results of this additional analysis suggest that the correlation be-
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Fig. 7. Examples of computed sphericity for 3D volume reconstructions and 2D projections of the tested sands. The volume-equivalent spheres for 3D volumes and

area-equivalent circles for 2D projections are given for reference.

tween Sy 2p and Sy 3p is high when the maximum particle projection was
used for determining its 2D proxy Sp ap. Also, overestimations of S4 3p
are limited to 7.5 %. The priority in developing or modifying compu-
tational algorithms of 2.5D DIA devices should be given to capturing
maximum particle projection and using it to determine Sp »p. An alter-
native which provides somewhat less accurate estimates would be to
enlarge the viewing area in the configuration of DIA devices to increase
the number of images captured for each particle from up to 30 to up to
100. Owing to the particle tracking method employed in these devices
(Fig. 1), the height of viewing area should be enlarged which may not be

11

practical or incur extra cost due to the need to install more cameras.

The mean values of sphericity obtained from the different devices
and percentage deviations from the pCT results are summarized in
Fig. 11. The APDs obtained for LM are remarkably small (0.7 % — 1.9 %).
DEV 4 has the worst performance as its deviations were as large as 14.2
%. DEV 1 and DEV 3 have small to moderate deviations in the range of
2.6 % to 6.9 %. It is surprising that DEV 1, which cannot provide
acceptable estimates of mean aspect ratio for LBS sand, is capable of
doing so for a finer descriptor (i.e., sphericity) in the same sand.
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selected for this analysis had S 3p<0.8; thus no Ottawa particles belong to the
class with 0.7 < S4 3p<0.8 in the figure).

3.2.3. Convexity

The PDFs of convexity (C,) obtained from different devices and the
corresponding HD values are summarized in Fig. 12 and Table 5,
respectively. DEV 1 and DEV 3 provided quite different distributions,
with relatively low HD values of 0.25 and 0.24, respectively. The PDFs
obtained by LM have moderate to high similarities (HD range:
0.68-0.83). DEV 4 returned the PDFs for the Ottawa and Hostun that are
somewhat comparable with the pCT and LM results but failed to provide
an acceptable PDF in the case of LBS (with a low PDF similarity of only
29 %; Table 5).

Notably, convexity, similar to sphericity, is a measure of particle
compactness or its proximity to a sphere or circle in 3D and 2D,
respectively; indeed, previous studies have found a strong correlation
between convexity and sphericity (Fonseca et al. 2012; Rorato et al.
2019). Thus, the results of the extra analyses for the influence of particle
projection on sphericity determination in the previous section may be
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projections (5, 30, 100 and 150) and maximum particle projection.

applied here too. As such, particle projection might be the reason for the
remarkably high differences between the PDFs obtained from pCT and
DIA. However, the differences are more pronounced in the case of
convexity. Therefore, other factor(s) that more seriously affect(s) the
determination of Cy may exist. Inadequacy of camera resolution could be
a reason that affected some or all of the DIA devices evaluated. In fact,
convexity is a very fine descriptor that, similar to the evaluation of
particle roundness, requires the evaluation of curvilinearities of particle
perimeters (Sun et al. 2019) and thus demands a high image resolution
among the descriptors of first- and second-order properties. DEV 1,
which has the lowest camera resolution among the three devices eval-
uated (i.e., 15 pm/pixel compared to 1-7 for DEV 2 to 4), was affected by
the camera resolution because it provided quite different PDFs from the



K. Kootahi et al.

Material Definition (& device)

Computers and Geotechnics 174 (2024) 106648

Ottawa Sa 3o (CT scan) :
Sp.20 (DEV 3) A [6.9%] «
Sk.250 (DEV 1) 1 13.1%] 4
Spop (DEV 4) 4 [14.2%] «
Sp.2p (LM) 4 [0.7%] ¢
LBS Sa 3o (CT scan) 4 .
Sp.2p (DEV 3) A [5:3%] «
Sp250 (DEV 1) 4 [2.6%)] *
Sp 20 (DEV 4) [10.0%] « |
Sp.20 (LM) 1 [0.6%)] «
Hostun Saao (CT scan) 4 L
Sp.2p (DEV 3) ~ [2.9%) «
Sp25p (DEV 1) 4 [4.6%] «
Sp.2p (DEV 4) 4 [7.4%] -
Sp.20 (LM) 4 [1.9%]
0.0 02 0.8 10

04 06
Sphericity

Fig. 11. Box plot of 3D true sphericity and its 2D and 2.5D proxies obtained from different devices. Note: points and lines indicate mean and median values,

respectively, and the values in the brackets are APD.

HCT results. While the camera resolution of DEV 3 (1 pm/pixel; Table 1)
is much higher, an extra factor that affected the performance of DEV 3 is
the inconsistent definition used to determine Cy (i.e., \/Aap/A. versus
Aap/Ag; Table 2), returning high values of Cy regardless of the angularity
of the particles. While the use of randomly-oriented projections instead
of maximum projections affected the performance of all the DIA devices,
factors such as inadequacy of the camera resolution (i.e., DEV 1) and
inconsistency in the definition of convexity (i.e., DEV 3) affected only
some of them and amplified the difference between pCT and DIA results.

Fig. 13 shows the mean values of convexity obtained from the
different devices. Referring to percentage deviations from pCT results it
can be seen that quite small APDs ranging from 0.4 % to 1.2 % were
obtained for LM. All the DIA devices have small to moderate deviations
with APDs in the range of 2.1 % to 8.8 %. Yet, their PDFs are quite
different. This is a good example demonstrating that morphological
descriptors with similar mean values may have quite different proba-
bility distributions.

3.3. Second-order morphological properties

The PDFs of roundness obtained from different devices and the
corresponding HD values are summarized in Fig. 14 and Table 6,
respectively. Except for DEV 1 when applied to Ottawa, all DIA devices
provided PDFs quite different from the pCT result. Note that DEV 2 and
DEV 3 use automatic particle threshold search to identify overall particle
shapes (i.e., edges and corners) and employ a computational algorithm
for roundness determination that requires smoothing of the particle
surfaces (i.e. removing particle roughness). This process involves iden-
tifying particle’s corners and fitting circles to them to determine R; 2p,
Rins,2p and N (Table 1), which all depend on proper smoothing of the
particle surfaces. DEV 3 provided a PDF for Ottawa that was different
from the pCT result and overestimated the roundness in most cases.
Notably, Ottawa sand has rounded particles with quite smoothed sur-
faces so no smoothing of the particle surfaces or only a small amount of
smoothing is needed. Based on the analyzed results, DEV 3 failed to
detect the exact values of either R ap, Rins2p, and N or all of them,
resulting in overestimation of roundness. For LBS and Hostun, DEV 2
and DEV 3 provided PDFs that were quite different from the pCT result
(i.e. 28 % to 45 % PDF similarity), and significantly underestimated the
roundness. Given these two devices have high camera resolutions (i.e.,
up to 1 pm/pixel; Table 2), the reason for the underestimation may be
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related to the determination algorithm adopted in their built-in soft-
ware, by which no proper smoothing of the particle surfaces was per-
formed and all the asperities on a particle surface were considered as
particle corners, leading to unrealistically small values of roundness.
Indeed, both DEV 2 and DEV 3 registered values of R close to zero (e.g.,
0.002 and 0.005), which is possible only when most of the asperities on a
particle surface were considered as particle corners even though they
belonged to a lower scale (i.e., micro-scale surface roughness). Referring
to the raw data, DEV 2 and DEV 3 provided Ry sp and Ryp values as small
as 0.00005 and 0.006, respectively. Removal of particle roughness has
been shown to be a prerequisite for proper determination of Ryp if
Wadell’s definition is used (Zheng and Hryciw 2015). DEV 1 provided a
PDF for Ottawa that is fairly similar to the one obtained from the puCT (i.
e., 56 % PDF similarity). However, when applied to sands with more
angular particles that have smaller particle sizes (i.e., LBS and Hostun),
DEV 1 significantly overestimated the roundness and provided
remarkably different PDFs, having only 4 % to 6 % PDF similarity.
Notably, DEV 1 employs a rather different algorithm for roundness
determination, compared to DEV 2 and DEV 3. DEV 1 uses an adjustable
threshold for detecting the exact particle’s edges and corners. This
manual method may also apply smoothing of the particle surfaces at the
same time of detecting the overall shape (i.e., edges and corners) of each
particle. With relatively low camera resolution of 15 pm/pixel, DEV 1
was able to capture fairly accurate overall particle shapes for Ottawa
that is a sand with coarse to very coarse particles. However, this reso-
lution was insufficient to capture the accurate overall particle shapes for
LBS and Hostun that are sands with fine to medium fine particles.
Indeed, as mentioned in the previous section, the poor performance of
this particular device in estimating particle convexity was partly due to
the inadequacy of its camera resolution.

The PDFs obtained by LM have larger HD values ranged between
0.67 and 0.77 for the three tested sands and thus are relatively closer to
the pCT results than using DIA. Yet, the LM showed the lowest capability
in estimating Rgp compared with the other morphological descriptors (i.
e., HDs as high as 0.77 for R compared to 0.96, 0.85, and 0.83 for ARy,
S, and C,, respectively). The fundamental difference between the
methods of determining the particle roundness using 3D volumes and 2D
projections could be the major cause for this performance drop. Corner
spheres in a 3D particle are always smaller than or equal to the corner
circles in their 2D projection counterparts (Li et al. 2023). Yet, projec-
tion direction may also affect the 2D roundness estimation.
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To elaborate more on the effects of particle projection on the Ryp
determination, analyses similar to that conducted for sphericity were
carried out using the same pCT reconstructed 3D volumes of the 90
particles used before. Fig. 15(a) and 15(b) correlate Rgp with Ryp ob-
tained by maximum projection and that with two randomly-oriented
projections, respectively. First, similar to the trend observed for sphe-
ricity, Rgp from maximum projection is more strongly correlated with
Rsp [p = 0.83 in Fig. 15(a)] than Ryp from any of the two random pro-
jections [p =0.74 and 0.76 in Fig. 15(b)] but the difference between the
two cases is not as pronounced as that observed for sphericity (i.e., p =
0.89 versus 0.64 and 0.70 in the preceding section). Therefore,
compared with random projections, the maximum projections can
somewhat better represent their 3D counterparts when determining
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Table 5
Hellinger distances for similarities of PDFs between 3D convexity and its 2D
proxies from different devices.

Ottawa 20/  Cy3p (CT Cx.2p Cx2.5D Cx2p Cx,2p

30 scan) (DEV 3) (DEV 1) (DEV 4) (LM)

Cx,3p (CT 1 0.25 0.32 0.57 0.68
scan)

Cy,2p (DEV 1 0.86 0.18 0.05
3)

Cy,2.5p (DEV 1 0.21 0.07
1D

Cyozp (DEV 1 0.49
4)

Cx.2p (LM) 1

LBS Frac D Cy3p (CT Cx.2p Cx2.5D Cx2p Cx,2p

scan) (DEV 3) (DEV 1) (DEV 4) (LM)

Cy,3p (CT 1 0.65 0.46 0.29 0.83
scan)

Cy,2p (DEV 1 0.63 0.08 0.61
3)

Cy.2.5p (DEV 1 0.07 0.37
D

Cy20 (DEV 1 0.17
4)

Cy,2p (LM) 1

Hostun Cy3p (CT Cy2p Cx2.5D Cx,2p Cx,2p

scan) (DEV 3) (DEV 1) (DEV 4) (LM)

Cy3p (CT 1 0.24 0.25 0.72 0.74
scan)

Cy,2p (DEV 1 0.89 0.16 0.13
3)

Cy,2.5p (DEV 1 0.17 0.13
D

Cy2p (DEV 1 0.62
4)

Cy,2p (LM) 1

particle roundness. Yet, a similar trend was obtained between R3p and
Ryp regardless of the method of capturing projection. Based on the re-
sults, similar performance should be expected for the two devices that
work based on randomly-oriented projections (DEV 3) and maximum
projections (LM), but the data presented in Fig. 14 and Table 6 suggested
otherwise; low PDF similarities were found between DEV 3 and LM, with
HD values ranged between 0.44 and 0.57. Second, the trends obtained
between Rsp and Ryp indicate a tendency for the underestimation of Rsp
for angular particles (i.e., Hostun), while slightly overestimating the Rsp
values for rounded particles (i.e., Ottawa). The observation of ten-
dencies for underestimating of Rsp for angular particles and over-
estimating of Rgp for rounded particles agrees with the PDFs obtained
using the LM for these two test materials. Indeed, compared with the
PDF of R3p obtained from the pCT, the PDFs of Ryp obtained for Hostun
and Ottawa were slightly shifted to the left and right, respectively. The
same applies to the PDF obtained using DEV 1 for the Ottawa but not for
the other two sands because of the lack of camera resolution for the
determination of Ryp for them.

Similar to the previous sections, a theoretical computation was
performed using the 90 randomly selected 3D particle volumes recon-
structed by pCT to investigate the effect of number of particle pro-
jections on the computation accuracy of roundness. The same number of
random projections (i.e., 5, 10, 15, 20, 25, 30, 40, 50, 60, 80, 100, and
150) was used and mean value of 2D roundness (Rzp) was computed for
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Fig. 13. Box plot of 3D convexity and its 2D and 2.5D proxies obtained from different devices (Notes: points and lines indicate mean and median values; values in

brackets indicate APD with reference to pCT result).

these random particle projections. Fig. 16 shows the absolution per-
centage deviation of Ryp from 3D roundness (Rsp) for different numbers
of random projections and the maximum particle projection. Notably,
negative and positive deviations (i.e. over- and underestimation of R3p,
respectively) were obtained so absolute percentage deviations are pre-
sented in the figure. The roundness data was categorized into three
classes of particle angularity, namely 0.35 < R3p<0.50, 0.50 <
R3p<0.65 and 0.65 < R3p<0.80. Only two typical particles from each
tested sand were presented for brevity. First, similar to the case of
sphericity, the deviation always reduced with increasing number of
random projections from 5 to 100 but for larger number of projections (i.
e. 150) negligible change in the deviation was found in most cases,
though the deviation in some cases continued to drop. In other words,
the accuracy of estimating Rgp increased with increasing number of
random projections until 100 projections and even until 150 projections,
indicating that accurate estimation of roundness using 2D random
projections may require larger number of random projections compared
to sphericity. Second, in almost half of the cases, the deviation resulting
from the use of maximum particle projection was larger (i.e., lower
estimation accuracy) compared to 30 random projections, while in the
other half, the maximum particle projection resulted in smaller de-
viations. Third, in most cases, the maximum particle projection provided
a slightly lower estimation accuracy when compared to 150 random
projections, while in a few cases, it provided higher accuracy. This
finding means that unlike the estimation of sphericity, the use of
maximum particle projection may or may not provide improved esti-
mation of R when compared to using multiple random projections.
Finally, no clear trend between degree of particle angularity and accu-
racy of roundness estimation can be identified. For example, one of the
most rounded particles of Ottawa with Rgp~0.80 has the largest devi-
ation range (27 % to 36 %) for particle projections ranged from 5 to 150.
On the contrary, a very angular particle of Hostun with R3p~0.45 has
much smaller deviations in the range of 1 % to 10 % for particle
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projections ranged from 5 to 150. Moreover, unlike sphericity, esti-
mating Rgp using either maximum particle projection or different
number of particle projections (e.g., 50, 100, 150) could result in either
under- or overestimation. The reason is the fundamental difference be-
tween the determination of R3p and Ryp where spheres are fitted to
corners and ridges of a 3D particle to compute R3p of a certain particle,
while circles are fitted to corners and two-dimensional ridges or bumps
of its 2D projection to compute Ryp. Accordingly, the association be-
tween Ryp and R3p was somewhat scattered and may be not as strong as
that observed between Sp op and S4 3p (Fig. 10).

The relationships between Rzp and Rsp for four selected number of
random projections (i.e., 5, 30, 100 and 150) and the maximum particle
projection for all the 90 reconstructed 3D particle volumes are shown in
Fig. 17. As previously asserted, the data of roundness was much scat-
tered compared to the sphericity data. Accordingly, correlations be-
tween Ryp and Rgp for different numbers of random projections were
weak to moderate with p ranging from 0.57 to 0.78, while the correla-
tion for the maximum particle projection was moderately high with p of
0.83 (Fig. 15). Specifically, the small number of particle projections, say
5, showed the weakest correlation (i.e. p = 0.57) and provided over- and
underestimation of Rgp by 60 % and 45 %, respectively. The accuracy of
estimation and the correlation between Ryp and R3p were improved by
increasing the number of particle projections from 5 to 30 such that the
over- and underestimation of R3p were less than 35 % and 25 %,
respectively. The trend line obtained for 30 random projections was
close to those obtained for 100 and 150 random projections, but because
the latter was less deviated from the line of perfect agreement, the
estimation accuracy for the 100 and 150 random projections was higher.
The trend line obtained for the maximum particle projection was slightly
deviated from those obtained for 30, 100 and 150 random projections.
The over- and underestimations resulting from the use of maximum
particle projection were limited to 25 % and 35 %, respectively, indi-
cating similar accuracy to using 30, 100 and 150 random particle
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Fig. 14. PDFs of 3D roundness and its 2D and 2.5D proxies from different
devices for: (a) Ottawa; (b) LBS; and (c) Hostun.

projections. A regression analysis for this set of data returned the
following expression:

R3p = 1.07Ryp —0.10;p = 0.83 “4)
The additional analysis suggests that using both maximum particle
projection and average from a large number of random projections such
as 30, 100 and 150 would result in the same accuracy when estimating
Rsp through its 2D proxy. The correlation between Ryp and Rgp was
moderately high and over- and underestimation of Rgp as large as 35 %
can be expected when using its 2D proxy, irrespective to the use of
maximum particle projections or large random particle projections of
even up to 150. To improve the estimation accuracy of roundness in
2.5D DIA devices, it may be more effective to modify their computa-
tional algorithms to capture the maximum particle projection of the
particles, when compared to the effort needed to increase the number of
images captured for each particle to up to 100 or 150.

The box plot of roundness values from different devices along with
the corresponding APDs from the pCT results is shown in Fig. 18. The
APDs obtained for LM were either very small (2.1 % and 4.0 % in Ottawa
and LBS, respectively) or acceptably moderate (10.3 % in Hostun). On
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Table 6
Hellinger distances for similarities of PDFs between 3D roundness and its 2D
proxies from different devices.

Ottawa 20/  Rsp (CT Rzp (DEV Rzsp (DEV  Ryp (LM)

30 scan) 3) 1)

Rsp (CT 1 0.31 0.56 0.70
scan)

Rzp (DEV 3) 1 0.32 0.44

Ry.5p (DEV 1 0.58
1)

Rzp (LM) 1

LBS Frac D R3p (CT R2sp (DEV  Ryp (DEV R2s5p DEV  Ryp

scan) 2) 3) 1) (LM)

Rsp (CT 1 0.37 0.28 0.05 0.67
scan)

R2.sp (DEV 1 0.82 0.18 0.57
2)

Rap (DEV 3) 1 0.15 0.44

R2.5p (DEV 1 0.07
1)

Rop (LM) 1

Hostun Rsp (CT Rz 5p (DEV Rzp (DEV Ry 5p (DEV Rop

scan) 2) 3) 1) (LM)

R3p (CT 1 0.49 0.46 0.04 0.77
scan)

R2.s5p (DEV 1 0.94 0.11 0.60
2)

Ryp (DEV 3) 1 0.13 0.57

Rz 5p (DEV 1 0.07
1)

Rzp (LM) 1

the other hand, except for DEV 1 when applied to Ottawa, the APDs for
DIA devices were very large to extremely large as they ranged from 16.6
% to 70.7 %. Thus, none of the DIA devices performed acceptably in
terms of having small APD. It should be noted that mean values of
Wadell roundness R have been mainly used in angularity classification
through the classification system proposed by Powers (1953). Using the
mean values of R from pCT as reference values along with this classifi-
cation system, the CSR for DEV 1, 2, 3 and LM was 33 %, 66 %, 33 % and
100 %, respectively.

4. Summary and conclusions

Systematic evaluation of the efficacy of morphology characterization
using four DIA devices (two 2D devices and two 2.5D devices) and an LM
in comparison with the pCT results was made by selecting statistical
representative samples for all the imaging techniques evaluated. Test
results of three standard sands that covered a wide range of particle form
and angularity were used in the assessment. A relative entropy measure
(i.e., Hellinger distance, HD) and absolute percentage deviation were
used to quantitatively compare the similarity of PDFs and mean values
of morphological descriptors obtained from different imaging tech-
niques in comparison with the pCT results. The following conclusions
may be drawn based on the analyses conducted:

e Because of the requirement of low image resolution and its
straightforward computation, reliable PDFs and mean values for
width-to-length aspect ratio can be obtained from most of the im-
aging techniques, irrespective of the static or dynamic nature and 2D
or 3D imaging. However, the thickness-to-length aspect ratio can be
reliably obtained only by pCT.

When used for subangular and angular particles, DIA devices pro-
vided probability distributions for roundness and convexity that are
completely different from the pCT results. The PDF similarity was
only 4 %-6% and 24 %-25 % for roundness and convexity,
respectively.
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e Most DIA devices provided mean values of roundness quite different projections (5, 30, 100 and 150) as well as maximum particle projection.

from pCT results. The absolute percentage deviations from the uCT
results were very large to extremely large, ranging from 17 % to 71
%, resulting in rather different angularity classifications.

The 2D perimeter sphericity (Sp) obtained from maximum pro-
jections better represents its 3D counterpart, when compared with
values obtained from randomly-oriented projections even if average
from multiple random projections in the order of 100 is obtained.
The same does not apply to 2D and 3D roundness since both
maximum projection and average from a large number of random
projections provide the same accuracy when estimating the
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roundness. Thus, static imaging methods such as LM that work based
on maximum projections can provide PDFs and mean values closer to
uCT, when compared to DIA.

The determination of Sp in the current 2.5D DIA devices may be
improved by modifying their device configuration and/or compu-
tational algorithm so that Sp can be determined based on either the
captured image with the largest area or averaging from multiple
random projections in the order of 100.
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Fig. 18. Box plot of 3D roundness and its 2D and 2.5D proxies obtained from different devices (Notes: points and lines indicate mean and median values; values in

brackets indicate APD with reference to pCT result).

e Among all the imaging methods and devices evaluated, the results
(PDFs and mean values) derived from the LM have acceptably high
similarities to the pCT results for all the morphological descriptors
and sands considered in this study.

Based on the observations, it may be concluded that most DIA de-
vices can be reliably used for coarse descriptors such as width-to-length
aspect ratio in sands of a wide particle size ranging from very fine to
coarse, while some devices require improvement in their camera reso-
lution to be applied to fine sands. However, application of DIA devices to
determine very fine to medium fine descriptors in fine to medium fine
sands might require significant improvement in their camera resolution
and especially computational algorithms in their built-in software.

A practical implication of this study is that, while the determination
of 3D morphological descriptors for sand particles is a challenging task
due to the computational workload required, through the easy-to-follow
procedure developed in this study and using an LM that is readily
available in most cases, mean values and PDFs of descriptors acceptably
similar to pCT results can be obtained, resulting in a significant saving of
time and effort while obtaining the same class of particle shape and
angularity. Accordingly, images and PDFs from LM can be used for in-
clusion in 3D printing process and DEM modeling to fabricate 2D analog
granular assemblies that can capture the morphological effects of real
soil particles without having to conduct 3D scanning and DEM
simulations.
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Appendix A

The relative entropy-based algorithm developed by Kootahi et al. (2023b) can be used to find the RSS required for capturing the underlying PDFs of
any morphological descriptor of sands. The algorithm involves (1) collecting a population or entire sample of size 1500 or more for the morphological
descriptor of interest such as Sy 3p, Rsp or Sp,2p; (2) taking two random samples of increased size from the entire sample (e.g., n; = 10 & n;; = 50) and
finding their underlying PDFs using KDE; (3) obtaining the PDF similarity for the two PDFs using Hellinger distance [HD; Eq. (1)]; (4) repeating this
process for 1000 bootstrap samples and obtaining an average HD (5H,avg); and (5) consecutively increasing the size of random samples in an arithmetic
manner (e.g., N1 = 50 & N2 = 90; iy 2 = 90 & n;; 3 = 130) until observing a plateau in the PDF similarity curve (curve of n versus Dy avg), which is
computationally detected through reaching the threshold gradient of firesh = 1 x 10™* in the PDF similarity curve. This algorithm was applied to 3D
sphericity (Sa,3p) data of two sands Hostun and Caicos which were reported by Rorato et al. (2019). Rorato et al. (2019) analyzed the CT images for a
large number of particles of the two sands (>110,000 altogether) and provided the distribution of S4 3p for the two sands. After digitizing the dis-
tributions of Sy 3p and reproducing the raw data for the two sands (47,970 and 63,815 individual S 3p values for Hostun and Caicos, respectively), the
algorithm proposed by Kootahi et al. (2023b) was applied; the sampling started from an initial size of 5 and arithmetically increased by 75. The result
of the algorithm application and its verification are shown in Figs. A1(a) and Al(b), respectively. It may be seen from Fig. Al(a) that PDF similarity
curves of Sy 3p for Hostun and Caicos sands require sample sizes of 500 and 592, respectively, to reach the respective plateaus, and thus the RSS for
Hostun and Caicos sands is 500 and 592, respectively. The verification of the results for the two sands was obtained by taking 1,000 random samples of
a size equal to the obtained RSS and using Eq. (1) to quantify their PDF similarity with the respective entire samples (i.e., 47,970 and 63,815 for
Hostun and Caicos, respectively). From Fig. A1(b), quite large values of Dy vy were found for the PDF similarity between the obtained RSS and the
respective entire sample for both sands (ﬁH‘avg = 0.96 for Hostun and EH‘avg = 0.95 for Caicos), indicating that the representative number of particles
had been obtained.

1.0 20
- 15
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Fig. Al. Results of applying the relative entropy-based algorithm to pCT data of Hostun and Caicos sands; (a) PDF similarity curve and obtained RSS for 3D true
sphericity of Hostun and Caicos sands (Notes: circles on the PDF similarity curves show RSS; solid and dashed lines show Dy vy and gradient § versus sample size,
respectively); (b) Plots of KDEs for verification of the RSS values obtained for the two sands along with calculated values of average Hellinger distances (Dyavg) for
1000 verification samples [Notes: SD and range of Hellinger distances are shown in parentheses and brackets, respectively; Example binary images of the two sands
were obtained by analyzing a slice of 3D CT image from Rorato et al. 2019]
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