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ABSTRACT
Accurate three-dimensional (3D) reconstruction of granular grains from x-ray micro-computed tomography (µCT) images is a
long-standing challenge, particularly for dense soil samples. This study develops a machine learning (ML) enhanced approach
to automatically reconstruct granular grains from µCT images. The novel academic contributions of this paper include (a) a
hierarchical strategy based on parameter-independent polygonal approximation, area, and concavity analysis, for the first time,
to identify and eliminate both intergranular and intragranular voids; (b) incorporation of a recursive segmentation scheme and
ML-based grain classifier to avoid over-segmentation; (c) novel modifications on the determination of splitting paths to enhance
segmentation accuracy; and (d) an effective approach of assigning initial level set functions for reconstructing granular grains
automatically. The hybrid ML algorithm is applied to µCT images of dense Mojave Mars Simulant. The results indicate that the
proposed method can accurately segment grain clumps with unclear boundaries. The new automatic reconstruction algorithm
eliminates ineffective operations and achieves a three-fold increase in computational speed than previous methods documented
in the literature. Ninety-one percent of grains with distinct boundaries can be reconstructed and the reconstruction ratio reaches
81% even for grainswithout distinct boundaries. The overall reconstruction ratio of grains increases by 20% comparedwith previous
methods, achieving a step-change improvement for one-to-one mapping of real soil samples.

Abbreviations: 𝐴𝑚 , 𝐴𝑣 , 𝐴𝑣 , prescribed minimum void area, void area, and average void area, respectively; 𝑐1 , 𝑐2 , acceleration coefficients; 𝑑𝑐 , 𝑑𝑝 , user-defined threshold; 𝐺𝑐 , grain clump; 𝐺𝑖 ,
individual grain;𝐻𝐺 ,𝐻𝑃 , gradient factor; 𝑙𝑚𝑎𝑥 , maximum size of the initial level set; 𝑙𝑥 , 𝑙𝑦 , length of the bounding box of grain in the 𝑥 and 𝑦 direction, respectively; 𝑛𝑎 , number of concave arc pairs;
𝑁𝐴 , 𝑁𝐵 , arbitrary adjacent nodes; 𝑛𝑝 , number of point pairs; 𝑁𝑆 , 𝑁𝑇 , 𝑁𝑉 , source, target, and visited node, respectively; 𝑷𝒄 , concave points; 𝑷𝒄−𝒗 , concave–convex point pair; 𝑃𝑡 , concave arc vertex; 𝑷𝒗 ,
convex points; 𝑟1 , 𝑟2 , random value between 0 and 1; 𝑠𝑥 , 𝑠𝑦 , length of initial level set in the x and y direction, respectively; 𝑉𝑒 , intergranular void; 𝑉𝑖 , intragranular void; 𝛿𝐺 , 𝛿𝑃 , scalar factors; 𝜃𝑐𝑐 ,
concavity–concavity alignment; 𝜃𝑐𝑙 , concavity-line alignment; A, concave arc; A, B, C, type of grains; 𝑫, training set; 𝑮, dominant points of grain; l, constant;m, constant; n, constant; N, number of
negative cases; N[⋅], counting function; 𝑝, constant; 𝑷, dominant points of boundary; P, number of positive cases; 𝑹, r, direction vector; 𝑽, dominant points of void; 𝑉, velocity of particle;W, weight; x,
input vector; X, position of particle; y, output; Γ, grain boundary; Φ, 𝛽, angle value; ψ, level set function; 𝜔, inertia weight; Ω, studied domain.
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1 Introduction

Experimental and numerical research has demonstrated that
grain morphologies are strongly linked to the mechanical
properties of granular materials, such as strength, stiffness,
and anisotropy [1–3]. Over the past two decades, x-ray micro-
computed tomography (µCT) has emerged as an effective method
for three-dimensional (3D) visualization and characterization of
themicroscopic structures of granular materials [4, 5]. These µCT
images offer a way of accurately reproducing the realistic 3D
morphology of grains, opening up new possibilities for analyzing
and simulating granular materials [6–8].

Pivotal steps in the reconstruction process include the identifica-
tion of grain boundaries, segmentation of grains in contact, and
accurate characterization of grain morphology in 3D volumetric
images [9, 10]. Many conventional techniques for classification
and segmentation have been proposed, but all exhibit some form
of limitation in processing µCT images [11–14]. The threshold-
based approach separates objects based on pixel values with
one or multiple thresholds and outputs a binarized image [15].
However, thresholding is sensitive to the quality of µCT images
and is prone to failure when the quality of the µCT images is
low. Another prevalent technique is the watershed algorithm
[11], in which the grayscale image is visualized as a topographic
surface based on three basic concepts: minima, catchment
basins, and watershed lines [16, 17]. The segmentation process is
mimicked by filling up the catchment basins from the minima
until all watershed lines have been identified. The watershed
algorithm suffers from over-segmentation problems due to the
incorrect determination of minima, which can be severe for
complex-shaped or porous objects [18]. Modified methods such
as “bring-up” and “bring-down” have been proposed, but they
are still inaccurate and incur high computational costs [19–21].
Thus, developing a more effective method to segment multiple
components in µCT images intelligently is necessary.

More recently, machine learning (ML) algorithms have been used
as an alternative technique to classify and segment components in
µCT images [22]. One popular solution is to use the convolutional
neural network (CNN) to classify and eliminate improperly
reconstructed grains [23]. This approach significantly reduces
manual inspection time for granular material analysis. However,
training a good CNNmodel is not easy, as its performance greatly
depends on the quality of training datasets. A lightweight model
is more attractive and convenient to be used in practice. For
example, the Trainable Weka Segmentation (TWS) proposed by
Lai and Chen [9] requires only a small size dataset for training
but performs satisfactorily in grain segmentation. This method
first uses the random forest (RF) to learn the difference in pixel
features between grain and background. Then the raw image can
be converted into a probability map based on a trained RFmodel.
The initial level set can be assigned to the high probability area
manually. Finally, the level-set algorithm is adopted to achieve
automatic grain reconstruction. The manual assignment of the
initial level sets greatly limited the performance of TWS. To solve
this problem, a novel convolution kernel-based alternative for
determining initial level sets has been proposed [24]. Thismethod
replacesmanual inspectionwith slidingwindowdetection.While
this approach can automatically determine initial contours, it
is prone to duplicating assignments for the same grain. These

drawbacks in both segmentation and reconstruction pose a sig-
nificant challenge to achieving an accurate and reliableML-based
approach.

To overcome these limitations, this study proposes a novel end-to-
end framework that integrates hybrid ML algorithms with image
analysis techniques to improve the accuracy (ACC) of µCT image
segmentation and reconstruction. The contributions of this paper
include (i) automatic identification of grains from a noisy back-
ground, (ii) automatic identification and removal of intragranular
and intergranular voids, (iii) determination of a criterion for grain
segmentation, and (iv) automatic reconstruction of grains. Byway
of validation, the proposed approach is applied to dense granular
Mojave Mars Simulant to demonstrate accurate segmentation
and 3D reconstruction from µCT images. Benchmarking against
two alternative methods proposed in the literature highlights
step-change improvements in the computational efficiency of the
present approach.

2 Methodology

2.1 Overview of the Proposed Approach

Figure 1 presents a schematic illustration of the proposed auto-
matic grain segmentation and reconstruction scheme compris-
ing: (1) probability map, (2) hierarchical interior void elimination
(HIVE), (3) grain segmentation, and (4) grain reconstruction.
At a high level, the process begins by converting raw µCT
images into a probability map where all pixels are assigned a
value ranging between 0 and 1, that is, 0 for background and
1 for grain [24]. The connected pixels with values larger than
0 are defined as grain regions, while others are voids located
within the grain regions. HIVE (Step 2) is used to remove
voids. Thereafter, grain regions without voids are classified into
two types: individual grains 𝐺𝑖 and grain clumps 𝐺𝑐 (multiple
𝐺𝑖) that require further segmentation. 𝐺𝑐 is distinguished by a
grain classifier and segmented iteratively by combining the grain
classifier and a concavity-analysis-based segmentation scheme.
Finally, 3D grains are reconstructed automatically by the level
set method based on adaptive initial contour assignment. This
end-to-end approach allows for a fast, objective, and accurate
segmentation and reconstruction of granular grains.

2.2 RF-Based Probability Map

RF is a predictor consisting of a collection of decision trees.
Suppose there is a training set 𝐷 = [(𝑥𝟏, 𝑦1), … , (𝑥𝑛, 𝑦𝑛)] of 𝑛
independent random input-output pairs (𝑥, 𝑦), where 𝑥 denotes
an input vector composed of specific features and 𝑦 is the output
[25]. The training of RF determines the maximum number of
features at nodes 𝑚𝑡𝑟𝑦 and the number of decision trees 𝑛𝑡𝑟𝑒𝑒.
Each decision tree casts a unit vote for the most popular output
𝑦(𝑥) at input x. The final output 𝑦 is the average value of all
decision trees in the RF:

y = 1
ntree

ntree∑
i=1

yi(𝐱) (1)

where 𝑦𝑖(𝑥) denotes the prediction of ith tree for input x.
Particle swarm optimization (PSO) is a typical population-based
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FIGURE 1 Flowchart of the proposed image-based 3D reconstruction approach.

stochastic optimization algorithm motivated by the social life
of animals [26, 27]. The global optimal solution is searched by
updating velocity 𝑉 and position 𝑋 of particles iteratively as
follows:

𝑉𝑡+1𝑘 = 𝜔𝑉𝑡𝑘 + 𝑐1𝑟1
(
𝑃𝑡𝑘 − 𝑋

𝑡
𝑘

)
+ 𝑐2𝑟2

(
𝑃𝑡𝑔 − 𝑋𝑡𝑘

)
(2)

𝑋𝑡+1𝑘 = 𝑋𝑡𝑘 + 𝑉
𝑡+1
𝑘 (3)

where 𝑐1 and 𝑐2 are acceleration coefficients, 𝑟1 and 𝑟2 denote the
random numbers within the range [0, 1], 𝜔 represents the inertia
weight, 𝑃𝑡𝑘 is the best location for 𝑘 th particle at 𝑡 th iteration
and 𝑃𝑡𝑔 is the global best location for all particles at 𝑡 th iteration.
The PSO algorithm aids in the determination of the optimal RF
hyperparameters (𝑚𝑡𝑟𝑦 and 𝑛𝑡𝑟𝑒𝑒) during the training process.

In this study, the RF and PSO algorithms are adopted to build
a PSO-RF-based training framework. This framework is used
to convert the raw µCT images into probability maps used to
distinguish background and grains [28, 29]. Four methods are
adopted to intensify the difference between background and
grains: grayscale, top hat filter, salt, and pepper denoising, and
Gaussian blur. The raw image can be expanded to four matrices
after being processed by these four methods. In this study, n
pixels in the raw images, including grains and the background, are
selected for training. The labels (0 for background and 1 for grains)
and corresponding values in the four matrices of these n pixels
form a matrix of size 𝑛 × 5, regarded as the input. The output
is the probability value of a pixel that denotes grains, varying
from 0 to 1. Once the RF-based model is trained, the probability
map of the input µCT image can be obtained. The grain regions
and voids are determined by the intrinsic MATLAB function,
𝑏𝑤𝑏𝑜𝑢𝑛𝑑𝑎𝑟𝑖𝑒𝑠 which is used to determine the boundaries of
objects in the image [30, 31].

2.3 Hierarchical Interior Void Elimination

Figure 2a,b depicts an example raw µCT image and corresponding
ground truth (seven grains, numbered from 1 to 7) determined

manually. The corresponding probability map, and identifica-
tion of grain regions and voids are illustrated in Figure 2c,d,
respectively. Voids are classified as either (a) intragranular voids
𝑉𝑖 or (b) intergranular voids 𝑉𝑒. 𝑉𝑖 are typically a result of
image noise or impurities. They are generally small but abundant
and can be solved by an existing “fill and remove” strategy
[18], in which 𝑉𝑖 are filled before segmentation and removed
after segmentation. 𝑉𝑒 represents voids among grains but are
incorrectly incorporated into the region due to the partial volume
effect [32, 33]. 𝑉𝑒 are relatively large and must be eliminated
before grain segmentation.

A simple but effective approach for identifying and eliminating
𝑉𝑒 is proposed here. The first step is to simplify the bound-
ary using the parameter-independent polygonal approximation
(PIPA) method [34, 35]. PIPA can automatically simplify the
boundary into a set of dominant points 𝑃, which preserves shape
characteristics (for more details see [36]); 𝐺 and 𝑉 denote the
dominant points of grain and void, respectively (Figure 3a).

Thereafter, for a given 𝑃 with more than three points (to define
a closed area), the concave points 𝑃𝑐 and convex points 𝑃𝑣 in the
set are determined by the vector product method [37, 38], which
is defined as follows (Figure 3b):

𝑷𝑐 =
{
𝑃𝑘 ∈ 𝑷|⃖⃖⃖⃖⃖⃗𝑃𝑘−1𝑃𝑘 ⋅ ⃖⃖⃖⃖⃖⃗𝑃𝑘𝑃𝑘+1 > 0

}
(4)

𝑷𝑣 =
{
𝑃𝑘 ∈ 𝑷|⃖⃖⃖⃖⃖⃗𝑃𝑘−1𝑃𝑘 ⋅ ⃖⃖⃖⃖⃖⃗𝑃𝑘𝑃𝑘+1 > 0

}
(5)

where 𝑃𝑘 denotes the 𝑘 th dominant point in the set of 𝑃 in a
clockwise direction. The identified concave and convex points of
𝑃 in grain region and voids are illustrated in Figure 3c. In this
study, the void that conforms to the following three criteria is
regarded as 𝑉𝑒:

𝐴𝑣 ≥ max(𝐴𝑣, 𝐴𝑚) (6)

N(𝑉𝑣) ≥ 3 (7)

N(𝑃𝑐−𝑣) ≥ 2 (8)
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FIGURE 2 Schematic illustration of: (a) an example raw µCT image; (b) ground truth; (c) probability map; and (d) identification of grain boundary
(black line), 𝑉𝑖 (blue line), and 𝑉𝑒 (orange line).

FIGURE 3 Schematic illustration of the process to remove 𝑉𝑒 : (a) dominant points 𝐺 (red dots) and 𝑉 (grey dots); (b) vector product method to
identify concave and convex points on a given boundary line; (c) example identified 𝑃𝑐 (blue dots) and 𝑃𝑣 (white dots); and (d) 𝑃𝑐 (blue dots) and 𝑃𝑣
(white dots) of the same region, now with Ve removed.

where 𝐴𝑣 and 𝐴𝑣 are the area of the studied void and the average
area of all voids within the same grain region, respectively,
𝐴𝑚 is a prescribed minimum area of Ve, N(⋅) is a function
that counts the number of elements in the set, 𝑉𝑣 denotes
convex points in 𝑉, 𝑃𝑐−𝑣 denotes the concave–convex point pairs
where concave points from 𝐺 while convex points from 𝑉, are
connected by the black dash lines in Figure 3c for reference. Those
concave points are the closest points to 𝑉 in 𝐺 with a distance
smaller than a user-defined threshold 𝑑𝑝. Once the intergranular
voids 𝑉𝑒 have been identified, the pixels on the connection line
of the concave–convex point pair with the shortest distance,
obtained by Bresenham’s line algorithm [39], are filled with
0. Then, the boundary of the grain region without 𝑉𝑒 can be
obtained by MATLAB function 𝑏𝑤𝑏𝑜𝑢𝑛𝑑𝑎𝑟𝑖𝑒𝑠 and simplified
into 𝐺 by PIPA again. Finally, the 𝑃𝑐 and 𝑃𝑣 of the grain
region obtained by the vector product method are shown in
Figure 3d.

2.4 Grain Segmentation

2.4.1 Grain Classification

𝐺𝑖 are generally smaller and more regular in a convex shape
compared to 𝐺𝑐 which are substantially larger and irregular in
a concave shape. These differences are leveraged to develop a
grain classifier by using shape features as inputs. However, there
is little guidance in the literature as to themost appropriate shape
features to use [40, 41]. Thus, a separate hybrid PSO-RF algorithm
is adopted to train the grain classifier. Seven shape features are
selected for classifier training: area (𝐴𝑎), area of the convex hull
(𝐴𝑐), eccentricity (𝑒𝑐), extent (𝑒𝑥), perimeter (𝑃𝑟), solidity (𝑆𝑙), and
circularity (𝐶𝑐). The area 𝐴𝑎 and area of the convex hull 𝐴𝑐 are
determined by counting the number of pixels within the grain
and its convex hull. The perimeter 𝑃𝑟 equals the number of pixels
on the contour of the grain, while the eccentricity 𝑒𝑐 refers to the
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FIGURE 4 Flowchart of grain classification process.

eccentricity of the eclipse with the same second moment of area
as the studied grain. The extent 𝑒𝑥 is expressed as follows:

𝑒𝑥 =
𝐴𝑎
𝐴𝑏

(9)

where 𝐴𝑏 denotes the area of the bounding box of the studied
grain. The circularity 𝐶𝑐 and solidity 𝑆𝑙 are calculated as follows:

𝐶𝑐 =
4 ∗ 𝐴𝑎 ∗ 𝜋

𝑃2𝑟
(10)

𝑆𝑙 =
𝐴𝑎
𝐴𝑐

(11)

TheMATLAB function 𝑟𝑒𝑔𝑖𝑜𝑛𝑝𝑟𝑜𝑝𝑠 is adopted to calculate these
shape features automatically [42].

For the training datasets,𝑚 grains, including grain clumps𝐺𝑐 and
individual grains𝐺𝑖 , are labeledmanually as 1 and 0, respectively,
and form the m × 1 output dataset. Their corresponding seven
shape features form the input dataset of size m × 7. A visual
explanation of the overall workflow is presented in Figure 4. The
trained grain classifier can identify whether the studied region is
a grain clump 𝐺𝑐 and individual grain 𝐺𝑖 .

2.4.2 Grain Clump Split Point Identification

The purpose of grain clump split point identification is to
determine the best split points to convert the identified 𝐺𝑐 to 𝐺𝑖
[43, 44]. The consecutive 𝑃𝑐 and corresponding two closest 𝑃𝑣 are
regarded as awhole to describe the concave parts of𝐺𝑐, denoted as
the concave arc A (see yellow dashed lines in Figure 5a). Suppose
A is composed of a set of 𝑘 consecutive points in a clockwise
direction: 𝐴 = {𝑃1, 𝑃2, … , 𝑃𝑘}, the (k + 1)/2th point (if k is odd)
or the midpoint of (k + 1)/2th and k/2th (if k is even) point is
selected as the vertex 𝑃𝑡 (red dots in Figure 5b). Consequently,
the angle value Φ𝑖 and direction 𝑅𝑖 of 𝑖 th A are estimated
by (b):

Φ𝑖 =
∑𝑛𝑝
𝑗 = 1

𝜙𝑗

𝑛𝑝
, 𝜙𝑗 ∈ Φ𝑖 (12)

𝑅𝑖 =
𝑛𝑝∑
𝑗 = 1

𝑟𝑗
𝑟𝑗
, 𝑟𝑗 ∈ 𝑅𝑖 (13)

where Φ𝑖 denotes the set of angels 𝜙𝑗 (0◦ < 𝜙𝑗 < 180◦) that are
formed by 𝑃𝑡 and nth point pair (𝑃𝑡−𝑛, 𝑃𝑡+𝑛), 𝑅𝑖 is the set of vectors
𝑟𝑗 that are formed by 𝑃𝑡 and the midpoint of the nth point pair
(𝑃𝑡−𝑛, 𝑃𝑡+𝑛), 𝑛𝑝 represents the number of point pairs in A that is
determined by:

𝑛𝑝 =

{
(k + 1)∕2, if k is odd

k∕2 1, if k is even
(14)

To determine the best concave arc pairs for segmentation, all
possible concave arc pairs are evaluated by a rule-basedmatching
function. For 𝐺𝑐 with 𝑝 concave arcs, the number of possible
concave arc pair combinations 𝑛𝑎 is calculated as follows:

𝑛𝑎 =
𝑝!

2!(𝑝 − 2)!
(15)

For those concave arc pairs (𝐴𝑖, 𝐴𝑗), they are evaluated by the
following rule-based cost function (Figure 5c):

𝐶(𝑘) =
⎧⎪⎨⎪⎩
(𝜃4𝑐𝑐 + 1) ⋅ (𝜃2𝑐𝑙 + 1) ⋅ 𝑒

𝑑 ⋅
√
Φ̄𝑖 ⋅ Φ̄𝑗, 𝑑 ≤ 𝑑𝑐

(𝜃2𝑐𝑐 + 1) ⋅ (𝜃4𝑐𝑙 + 1) ⋅ 𝑑
2 ⋅

√
Φ̄𝑖 ⋅ Φ̄𝑗, 𝑑 > 𝑑𝑐

(16)

where 𝐶(𝑘) denotes the cost of selecting 𝑘 th concave arc pairs,
𝑒 represents the Euler’s number, d and 𝑑𝑐 denotes the distance
between two split points and the prescribed critical distance,
respectively, Φ𝑖 and Φ𝑗 are the angle values of concave arcs
(𝐴𝑖, 𝐴𝑗), respectively, 𝜃𝑐𝑙 and 𝜃𝑐𝑐 represent the concavity-line
alignment and concavity–concavity alignment (for more details,
see [45]), respectively, expressed as follows:

𝜗𝑐𝑙 = max(𝛽𝑖, 𝛽𝑗) = max
(
cos−1(𝑹̄𝑖 ⋅ 𝑹𝑖𝑗), cos

−1(𝑹̄𝑗 ⋅ −𝑹𝑖𝑗)
)

(17)

𝜗𝑐𝑐 = π − cos−1( ⃖⃗𝑹𝑖 ⋅ ⃗⃖𝑹𝑗.) (18)

where 𝑹𝑖 and 𝑹𝑗 are the direction of 𝐴𝑖 and 𝐴𝑗 , respectively.
𝑅𝑖𝑗 is the direction of the split line. 𝛽𝑖 is the angle between 𝑅𝑖
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FIGURE 5 Concavity-analysis-based matching: (a) concave arcs and arc vertexes; (b) estimation of angle value and direction vector; and (c) rule-
based matching function.

and 𝑅𝑖𝑗 , and 𝛽𝑗 is the angle between 𝑅𝑗 and −𝑅𝑖𝑗 . The concave
arc pair with the minimum cost is nominated as the candidate
concave arc pair (𝐴𝑆, 𝐴𝑇) for segmentation. The arc vertexes
of concave arcs 𝐴𝑆 and 𝐴𝑇 are ultimately selected as the split
points.

2.4.3 Determination of Optimal Grain Clump Splitting
Path

The improved Dijkstra’s algorithm [46] is used to determine the
optimal splitting path between split points. It works based on a
directed graph, which includes a source node 𝑁𝑆 , a target node
𝑁𝑇 , and positive weights between adjacent nodes, as shown in
Figure 6a [47]. The circles labeled alphabetically represent the
nodes, while numbers denote the weight between ends. This
approach begins by determining and setting the neighbor node
𝑁𝑆 with the smallest weight as the visited node𝑁𝑉 . Next, for𝑁𝑉 ,
its neighbor node is determined and given the smallest weight as
the new 𝑁𝑉 . 𝑁𝑉 is continually updated until the target node 𝑁𝑇

is reached. In this study, to enhance computational efficiency, for
a given 𝐺𝑐, the nodes are pixels both within 𝐺𝑐 and the rectangle
with diagonal points𝑁𝑆 and𝑁𝑇 , as depicted inFigure 6b. The split

points are selected as𝑁𝑆 and𝑁𝑇 . The weight𝑊(𝑁𝐴, 𝑁𝐵) between
arbitrary adjacent nodes 𝑁𝐴 and 𝑁𝐵 are calculated by:

W(NA, NB) = 𝛿G × HG(NB) + 𝛿P × HP(NB) (19)

where 𝛿𝐺 and 𝛿𝑃 are scalar factors,𝐻𝐺(𝑁𝐵) and 𝐻𝑃(𝑁𝐵) represent
the gradient factor and probability factor, respectively, defined by:

𝐻𝐺(𝑁𝐵) = 1 −
𝐺(𝑁𝐵)

max(𝐺)
(20)

𝐻𝑃(𝑁𝐵) = 1 −
𝑃(𝑁𝐵)

max(𝑃)
(21)

where max(𝐺) and max(𝑃) denote the maximum gradient value
[48] and probability value in the directed graph, respectively. The
gradient value and probability value refer to the image gradient
and pixel value at the position in the directed graph, respectively.
An image gradient is a directional change in the intensity or
color of an image. These gradient values can be determined by
the derivative of an image which is approximated through finite
differences [49]. 𝑃(𝑁𝐵) is the probability value at the node 𝑁𝐵,
and𝐺(𝑁𝐵) is the gradient value at the node𝑁𝐵. Finally, the pixels
in the optimal splitting path are filled with zero to segment 𝐺𝑐
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FIGURE 6 Illustration of optimal grain clump splitting path: (a) directed graph; (b) boundary (orange line), nodes (yellow pixels), 𝑁𝑆 and 𝑁𝑇
(marked by red) of an example 𝐺𝑐 ; and (c) optimal path (blue pixels) of an example 𝐺𝑐 .

ALGORITHM 1 Grain segmentation algorithm.

1 function GrainSegment(L)
2
3

list_ini = SearchRegions(L); % L is the vector in which
each component denotes a grain region; using
MATLAB bwboudaries to determine the grain regions

4 for i = 1: number of grain regions
5 is_Gc = GrainClassifier(L, i); % return 1 if it is a

grain clump
6 if is_Gc == 1
7
8

[L, list_subs] = GrainSegment (L, i); % implement
grain clump split point identification and
determine the optimal grain clump splitting path

9 end if
10 end for
11 end function

Note: searchRegions is a function for determining grain regions; Grain-
Classifier is a function for achieving grain classification, representing the
“Grain classification” part; GrainSegment is a function denoting the “Grain
segmentation” part.

into two new grain regions (Figure 6c). The whole procedure,
including grain classification, identification of split points, and
determination of split path is the so-called grain segmentation
function. This function iterates through each grain region and
performs itself again and again until no 𝐺𝑐 are observed. The
pseudocode of the grain segmentation function is presented in
Algorithm 1 [50].

2.5 Grain Reconstruction

Based on the segmentation result, an edge-based level set
approach is used to reconstruct the 3D grain surface [9, 24]. It
represents the surface as the zero level-set of a higher dimensional
functionΨ capable of handling complex changes in topology [51–
53]. A grain boundary Γ, defined as the zero level-set, can be

expressed as follows:

Γ = {(𝑥, 𝑦, 𝑧) ∈ 𝛀|Ψ(𝑥, 𝑦, 𝑧) = 0}. (22)

where Ψ(𝑥, 𝑦, 𝑧) is the implicit level set function. During the
reconstruction process, the level set function Ψ evolves by
minimizing the appropriate energy function using the framework
proposed by Li et al. [51]. Finally, the grain surface is represented
by a triangle mesh using the marching cubes algorithm [54].

It is noted that an initial closed area should be assigned for all
individual grains before implementing level set evolution. In this
study, the size of the initial area for each grain is determined by
the following hierarchical strategy:

𝑠𝑥 = min((ceil(0.5 × 𝑙𝑥), 𝑙𝑚𝑎𝑥), 𝑠𝑥 ≥ 2 (23)

𝑠𝑦 = min((ceil(0.5 × 𝑙𝑦), 𝑙𝑚𝑎𝑥), 𝑠𝑦 ≥ 2 (24)

where ceil(x) is a function that maps x to the smallest integer
greater than or equal to x, min(⋅) denotes the function that
returns the minimum value, sx and sy denote the size of the initial
area in the 𝑥 and 𝑦 directions, respectively, lx and ly denote the
length of the bounding box of grain in the x and y directions,
respectively, and lmax denotes themaximumsize of the initial area.
The centroid of the initial area is identical to that of the grain.
Once the initial level set is assigned properly, the grain will be
reconstructed progressively with level set evolution. More details
can be found in [55].

3 Results

3.1 Datasets andModel Development

In this study, 100 continuous µCT images of dense Mojave Mars
Simulant (grain size ranges from 0.075 to 4mm) are adopted from
Zhang et al. [24] to verify the proposed grain segmentation and
reconstruction process. The dimension size of the raw dataset is
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TABLE 1 Main hyperparameters of RF.

Hyperparameters Description Value

𝑚𝑡𝑟𝑦 Maximum number of
features at nodes

By PSO

𝑛𝑡𝑟𝑒𝑒 Number of decision
trees

By PSO

𝑚𝑖𝑛_𝑠𝑎𝑚𝑝𝑙𝑒_𝑠𝑝𝑙𝑖𝑡 Minimum number of
samples at splitting

nodes

2

𝑚𝑖𝑛_𝑠𝑎𝑚𝑝𝑙𝑒_𝑙𝑒𝑎𝑓 Minimum number of
samples at leaf nodes

5

𝑚𝑎𝑥_𝑑𝑒𝑝𝑡ℎ Maximum depth of a
tree Automatic

Abbreviations: PSO, particle swarm optimization; RF, random forest.

TABLE 2 Parameters used in PSO.

𝝎 𝒄𝟏 𝒄𝟐 Popsize Maxgen

0.9 2.5 0.5 10 100

Abbreviations: Maxgen, maximum number of generations; Popsize, size of the
population.

TABLE 3 Parameters used in HIVE, grain segmentation, and grain
reconstruction.

Parameters Procedures Value

𝐴𝑚 HIVE 20 pixels
𝑑𝑝 HIVE 10 pixels
𝑑𝑐 Grain segmentation 5 pixels
𝛿𝐺 Grain segmentation 0.5
𝛿𝑃 Grain segmentation 0.5
𝑙𝑚𝑎𝑥 Grain reconstruction 7 pixels

Abbreviation: HIVE, hierarchical interior void elimination.

512× 500× 1832 pixels (height×width×depth, or x× y× z). In this
study, 100 slices are adopted from z = 300 to 400. The hyperpa-
rameters of PSO-RF-basedmodels originate fromProbst et al. [56]
and are summarized in Tables 1 and 2. Two PSO-RF models are
developed: one for predicting the probability map and the other
for classifying grains. The training set for the PSO-RF probability
map predictor includes 28 and 10 pixels corresponding to grains
and background, respectively, taken from 10 random 2D images.
For training the PSO-RF grain classifier, 50 individual grains and
50 grain clumps taken from 100 random 2D images are chosen.
The parameters used in the HIVE, grain segmentation, and grain
reconstruction algorithms are determined by trial and error and
are summarized in Table 3. Moreover, the parameters of the level
set method are the same as those adopted in Lai and Chen [9].

3.2 Probability Map and Void Elimination

The raw µCT image z = 350 of Mojave Mars Simulant and the
corresponding test result obtained by the trained PSO-RF proba-

TABLE 4 Confusion matrix of void classification.

Predicted

Intergranular
void 𝑽𝒆

Intragranular
void 𝑽𝒊

Actual Intergranular
void 𝑉𝑒

2 6

Intragranular
void 𝑉𝑖

77 1

bility map predictor are shown in Figure 7a,b, respectively. In the
raw image, the boundaries of the grains are unclear, especially
for smaller grains. For the probability map, black and white
denote the probability of a grain of 0 and 1, respectively, such that
lighter areas indicate a greater likelihood of representing a grain.
Compared to the raw image, grain boundaries are slightly clearer
in the probability map.

The ground truth of void classification is determined manually
and presented in Figure 7c. The boundaries of identified grain,
intragranular voids𝑉𝑖 and intergranular voids𝑉𝑒 are represented
bywhite, green, and red lines, respectively. For the present image,
𝑉𝑖 dominate in number and are mainly distributed in large
clumps. The number of 𝑉𝑒 is relatively few but critical to the
subsequent segmentation and reconstruction process. The final
void classification result is illustrated in Figure 7d. It can be seen
from Figure 7d that almost all voids are correctly identified and
classified.

The 𝐴𝐶𝐶 of classification can be determined by calculating the
quantity of correctly identified class instances (true positives,𝑇𝑃),
the quantity of correctly identified instances that do not pertain
to the class (true negatives, 𝑇𝑁), and instances that either were
incorrectly assigned to the class (false positives, 𝐹𝑃) or that were
not recognized as class instances (false negatives, 𝐹𝑁) as follows:

ACC = TP + TN
P +N = TP + TN

TP + TN + FP + FN (25)

where 𝑃 and 𝑁 denote the number of positive cases and negative
cases. The confusion matrix for void classification is presented in
Table 4. The ACC of hierarchical classification criteria in classify-
ing the interior voids reaches 96.5%, indicating the effectiveness
of the proposed strategy for classifying voids. For the identified
𝑉𝑒, they are eliminated by filling the connection line between
the candidate concave–convex point pair. Figure 7e presents an
example region taken from Figure 7d with two𝑉𝑒 and three𝑉𝑖 . In
Figure 7f, two 𝑉𝑒 are removed correctly, causing the boundaries
of grains to become clearer and easier to be segmented. This
reveals the importance of eliminating 𝑉𝑒 for grain segmentation
and reconstruction.

3.3 Grain Classification and Segmentation

The loss value generated by RF during training is illustrated in
Figure 8a and converges at approximately 10 epochs. Training
of RF starts with a small loss value for the sake of its excellent
ability of classification; thus, there is no large decrease in the loss
value during the training process. The initial grain classification
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FIGURE 7 Results of probability map and void elimination: (a) raw image; (b) probability map; (c) ground truth of void classification; (d) void
classification result; (e) identified region before void elimination; and (f) identified region after void elimination.

TABLE 5 Confusion matrix of grain classification.

Predicted

Individual
grain 𝑮𝒊

Grian clump
𝑮𝒄

Actual Individual
grain 𝐺𝑖

117 2

Grian clump
𝐺𝑐

5 41

result obtained using the trained PSO-RF grain classifier on the
regions without voids (Figure 7d) is presented in Figure 8b.
The boundaries of grain clumps 𝐺𝑐 and individual grains 𝐺𝑖
are denoted by red and green lines, respectively. The confusion
matrix for grain classification is presented in Table 5. The ACC of
hierarchical classification criteria in classifying the grain clumps
and individual grains reaches 95.8%, indicating that nearly all 𝐺𝑐
and 𝐺𝑖 are correctly identified by the grain classifier.

To evaluate the effectiveness of the proposed techniques for grain
identification and segmentation, the segmentation results in the
𝐺𝑐 of Figure 2d following the procedures with or without HIVE
are presented in Figure 9a,b, respectively. Black denotes the

background, whereas other colors represent individual grains.
The grain boundaries acquired using HIVE are closer to the
ground truth (Figure 2b), which is slightly over-segmented.
Nevertheless, the result demonstrates the important role of the
proposed HIVE algorithm in segmentation.

3.4 Grain Reconstruction

The reconstruction of the initial contour for each grain using
the proposed strategy is shown in Figure 10. The result suggests
that almost all assigned initial contours are located near the
centroid of the grain. It is acknowledged that some of the initial
contours are allocated outside the grain. The reason for this is that
the size of these grains is smaller than the initial contour. The
reconstruction process of a representative grain at five different
generations is illustrated in Figure 11. The estimated extent of the
reconstructed grain in the binary image is delineated by the red
ellipse. The grain surface is represented in the form of triangular
meshes using the marching cube algorithm.

3.5 Robustness

To test the robustness of the trained model in segmentation,
a new slice image z = 870, far from the selected 100 slice
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FIGURE 8 PSO-RF-based model for grain classification: (a) evolu-
tion of loss value; and (b) initial classification result.

FIGURE 9 Segmentation result: (a) with HIVE; and (b) without
HIVE. HIVE, hierarchical interior void elimination.

images, is selected. Following the same operation procedures,
the raw image, corresponding segmentation result, and recon-
struction result are shown in Figure 12. All particles can be
clearly segmented and constructed, indicating the proposed
method can accurately identify particles from poor-quality
images.

FIGURE 10 Allocation of initial level sets.

3.6 Benchmark Study

3.6.1 Classification and Segmentation

Based on slice z = 350, the classification and segmentation
performance of the proposedmethod is comparedwith the classic
watershed algorithm (Figure 13). The proposed approach shows
better performance in segmenting arbitrarily large regions with
complex boundaries, as the contour of the obtained segments
is more reasonable. On the contrary, the result of segmentation
using the watershed consists of several unsegmented regions.
In addition, as for the watershed algorithm, the problem of
over-segmentation is severe.

To quantify the segmentation results, the grains are qualitatively
categorized as 𝐴, 𝐵, or 𝐶, according to the image quality, as
illustrated in Figure 14a. 𝐴 denotes grains with clear boundaries
and texture; 𝐵 denotes grains with a distinguished boundary but
with fuzzy texture; finally,𝐶 denotes grains where both boundary
and texture are not clear. Two types of segmentation errors can be
identified: incorrect segmentation and over-segmentation.

The schematic diagrams of segmentation results obtained by
the watershed algorithm and the proposed approach are shown
in Figure 14b,c, respectively. Hollow solid lines denote incor-
rect segmentation, while hollow dashed lines represent over-
segmentation. The segmentation errors of the proposed approach
are mainly attributable to over-segmentation. The reason for this
is that the grain classifier is not robust enough to guarantee that
every decision is correct. Nevertheless, it can still be observed
that the proposedmethod segments most grains correctly. Table 6
summarizes the quantitative analysis of both sets of segmentation
results and indicates that nearly 94% of type A grains and 83% of
typeB grains are identified correctly by our approach. In addition,
64% of type C grains can also be identified. The mean 𝐴𝐶𝐶 in
segmenting grains by the proposed approach is 80%, beyond the
watershed by 30%. This indicates that the incorporation of the
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FIGURE 11 Process of grain reconstruction using the level set at five different generations.

FIGURE 12 Demonstration of model robustness: (a) raw image; (b) segmentation result; and (c) reconstruction result.

FIGURE 13 Grain segmentation results: (a) proposed; and (b) watershed.

TABLE 6 Quantitative comparison of segmentation accuracy among two methods.

Grain type

𝑻𝑷 𝑨𝑪𝑪 (%)

𝑷+𝑵 Watershed Proposed Watershed Proposed

A 125 85 117 68.0 93.6
B 70 43 58 61.4 82.9
C 63 17 40 27.0 63.5
— — — — 52.1 80.0

Note: Bold fonts denote the mean 𝐴𝐶𝐶 values; 𝑇𝑁 = 0 for three approaches.
Abbreviations: ACC, accuracy; TP, true positives.
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FIGURE 14 Quantitative analysis segmentation results: (a) real segmentation result; (b) segmented by the watershed; and (c) segmented by our
proposed approach. Categories A, B and C are shown in red, blue, and grey, respectively.

TABLE 7 Evaluation of the reconstruction accuracy of our proposed approach in comparison with the RF-based model and watershed algorithm.

𝑻𝑷 𝑨𝑪𝑪 (%)

Grain type 𝑷+𝑵 PSO-RF Watershed Proposed PSO-RF Watershed Proposed

A 125 111 73 114 88.8 58.4 91.2
B 70 40 31 57 57.1 44.3 81.4
C 63 15 7 36 23.8 11.1 57.1
— — — — — 56.6 37.9 75.6

Note: Bold fonts denote the mean 𝐴𝐶𝐶 values; 𝑇𝑁 = 0 for three approaches.
Abbreviations: ACC, accuracy; PSO, particle swarm optimization; RF, random forest; TP, true positives.

FIGURE 15 Reconstructed grains based on the segmentation results generated by: (a) PSO-RF-based model; (b) watershed algorithm; and (c)
proposed approach.

proposed strategies for determining the splitting path is effective
in guaranteeing accurate segmentation.

3.6.2 Reconstruction

The reconstruction performance of the proposed method is
compared with the results presented by Zhang et al. [24],

where the reconstruction performance based on the segmen-
tation results obtained by watershed and PSO-RF was clearly
quantified, as shown in Figure 15. The hollow grains with a
bold contour indicate that such grains are not reconstructed
correctly. The statistical results are presented in Table 7. The
𝐴𝐶𝐶 for reconstructing type A grains exceeds 90%, which is
30% beyond the ACC of the watershed algorithm. Regarding
the ratio of reconstructing type B and type C grains, the results
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FIGURE 16 3D illustrations of reconstructed grains in a slice using: (a) PSO-RF-based model; (b) proposed approach; and (c) our representative
grains. PSO, particle swarm optimization; RF, random forest.

TABLE 8 Comparison of run times for our proposed approach and
PSO-RF-based model.

Algorithm
Sample size
(N ×W ×H)

Pixel
numbers

Run time
(s)

PSO-RF-based
model

100 × 500 × 512 25,600,000 6847

Proposed 100 × 500 × 512 25,600,000 2063

Note: H, width of the image; N, number of images;W, width of the image.
Abbreviations: PSO, particle swarm optimization; RF, random forest.

indicate that ours outperforms the PSO-RF-based model and
watershed algorithmwith a significant increase inACC, reaching
81% and 57%, respectively. The mean 𝐴𝐶𝐶 of ours is 75%,
which is significantly greater than the other two methods. The
reconstructed grains based on the segmentation result of the
proposed approach and the PSO-RF-basedmodel are presented in
Figure 16a,b. Nine representative grains obtained by our proposed
approach are shown in Figure 16c.

3.6.3 Computational Cost

The computational costs of the proposed approach compared
with the PSO-RF-based approaches [24] using a PC with an
NVIDIA GTX 3090 GPU, 12th Gen Intel(R) Core(TM) i9-12900K
CPU, and 80 GB RAM in a Z690M AORUS ELITE board are
presented in Table 8. The computational cost of the present
approach is 2063 s which is significantly faster than the PSO-
RF-based model (6847 s). This demonstrates the efficiency of the
proposed scheme in reconstructing granular grains again.

4 Conclusions

This study has described a ML based framework to automatically
reconstruct 3D granular grains from poor-quality µCT images.
The hybrid ML-based algorithm integrating particle swarm

optimization (PSO) and RF was first adopted to distinguish
grains and other constituents. Thereafter, the intergranular and
intragranular voids were distinguished by criteria based on area
and concavity and eliminated by filling. Moreover, a PSO-RF-
based grain classifier was trained for classifying grain clumps and
individual grains with inputs of seven shapes, that is, circularity.
For grain clumps, they were iteratively segmented into sub-grains
through a concavity analysis-based segmentation technique. The
final segmentation accuracy was 80%, achieving a step-change
improvement over conventional methods.

Subsequently, an adaptive hierarchical approach was proposed
to allocate the initial level set for grains for 3D reconstruction.
This method enabled the automatic activation of the level set and
grain reconstruction. For three types of grains: clear boundaries
and textures, clear boundaries and fuzzy textures, and unclear
boundaries and textures, the reconstruction ratios were 90%,
80%, and 60%, respectively. This proposed approach increased
the reconstruction rate by 20% over previous methods, and the
computational efficiency improved three times.
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