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Abstract— Accurate grain segmentation on 3D superalloy
images is very important in materials science and engineering.
From grain segmentation, we can derive the underlying superalloy grains’ micro-structures, based on how many important
physical, mechanical, and chemical properties of the superalloy
samples can be evaluated. Grain segmentation is, however,
usually a very challenging problem because: 1) even a small 3D
superalloy sample may contain hundreds of grains; 2) carbides
and noises may degrade the imaging quality; and 3) the intensity
within a grain may not be homogeneous. In addition, the
same grain may present different appearances, e.g., different
intensities, under different microscope settings. In practice, a 3D
superalloy image may contain multichannel information where
each channel corresponds to a specific microscope setting. In
this paper, we develop a multichannel edge-weighted centroidal
Voronoi tessellation (MCEWCVT) algorithm to effectively and
robustly segment the superalloy grains from 3D multichannel
superalloy images. MCEWCVT performs segmentation by minimizing an energy function, which encodes both the multichannel
voxel-intensity similarity within each cluster in the intensity
domain and the smoothness of segmentation boundaries in the 3D
image domain. In the experiment, we first quantitatively evaluate
the proposed MCEWCVT algorithm on a four-channel Ni-based
3D superalloy data set (IN100) against the manually annotated
ground-truth segmentation. We further evaluate the MCEWCVT
algorithm on two synthesized four-channel superalloy data sets.
The qualitative and quantitative comparisons of 18 existing
image segmentation algorithms demonstrate the effectiveness and
robustness of the proposed MCEWCVT algorithm.
Index Terms— 3D image segmentation, grain segmentation,
centroidal Voronoi tessellation, multichannel imaging.

I. I NTRODUCTION

I

N material industry, it usually takes scientists and engineers several years to design and develop a new kind
of superalloy with desired properties. This process usually
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Superalloy sample image on one serial-sectioned slice.

involves multiple rounds of test sample generation and the
microscopic structure analysis. Like many other materials,
superalloy is composed of a large number of grains, of which
the size, shape and neighboring relations usually determine the
physical, mechanical and chemical properties of the sample,
e.g., lightness, hardness, stiffness, electrical conductivity, fluid
permeability and thermostability [1], [2]. These grains can be
imaged by a microscope on serial-sectioned slices. Figure 1
shows one of the slices.
In the materials science community, a common practice
of extracting all the grains in a superalloy sample is to
manually segment each 2D image slice and then reconstruct
the 3D grains by corresponding segments obtained from
2D slices. Given the large number of grains and slices,
manual segmentation is very tedious, time consuming and
prone to error. In addition, many superalloy images contain
multichannel information – each channel corresponds to a
specific microscopy setting. Multichannel imaging provides
more information to identify the boundary between adjacent
grains since two adjacent grains may show similar intensities
in one channel but different intensities in another. Figure 2
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Fig. 2.
One slice of a superalloy sample with four image channels
(4 different electronic microscope settings). (a) 4000_Series. (b) 5000_Series.
(c) 6000_Series. (d) 7000_Series.

shows a 4-channel image of the same superalloy slice. We
can see that adjacent grains g1 and g2 can be better separated
in channels (a, b, d) than in channel (c). However, adjacent
grains g1 and g3 can be better separated in (c) than in
(a, b, d). This increases the burden of human segmentation
since a human annotator has to examine multiple image channels in segmenting one 2D slice. For example, for the 170-slice
4-channel Ni-based image used in our later experiments, three
human annotators have to work full time for about two weeks
to construct the manual segmentation. Therefore, automatic
algorithms are highly desirable for segmenting 3D superalloy
images. However, grain segmentation on superalloy images
is usually a very challenging problem because 1) the grains
to be segmented are of large quantity – even a small 3D
superalloy sample may contain hundreds of grains; 2) carbides
and noises may degrade the imaging quality; and 3) the
intensity within one grain may not be homogeneous, as shown
in Figure 1. Additionally, the developed algorithms should
be able to leverage the multichannel information for more
accurate grain segmentation.
In principle, many general 2D image segmentation methods
can be used to automatically segment 2D slices [3]–[13]
or semi-automatically [14], [15]. For example, in [16] a
stochastic segmentation algorithm following the ‘expectationmaximization’/‘maximization of the posterior marginals’
(EM/MPM) principle is developed for segmenting 2D Nibased grain images. However, these 2D segmentation methods
do not consider the grain-structure continuity between neighboring slices. This not only affects the segmentation accuracy,
but also brings difficulties in reconstructing the underlying 3D

grain structures. 3D volume segmentation methods can address
this limitation. However, some 3D segmentation methods, such
as N-D graph cuts [17], are of high computational and space
complexity. Some 3D methods, such as 3D random walks [15],
require manually specified seeds for grains as initialization.
Some other 3D methods, including 3D level set methods [18],
[19], [20], [10] and isosurfaces methods [21], usually handle
the segmentation of a small number of disjoint structures
very well. Statistical clustering methods, such as K-means,
have difficulties in considering the spatial information of the
voxels and may produce many undesirable fragments. These
limitations prevent their applications to grain segmentation on
3D superalloy images. Additionally, many of these 2D and
3D methods have difficulties in leveraging the multichannel
information to improve segmentation accuracy.
In this paper, we propose a new voxel clustering algorithm,
dubbed Multichannel Edge-Weighted Centroidal Voronoi Tessellation (MCEWCVT) for 3D multichannel superalloy image
segmentation. In this algorithm, grain segmentation is achieved
by minimizing an energy function that consists of a multichannel clustering energy term (defined in voxel intensity
space) and an edge smoothing energy term (defined in 3D
image space). As a result, the proposed MCEWCVT can fully
take advantage of the multichannel information and produce
compact segments with smooth segmentation boundaries. In
the experiment, we first quantitatively evaluate the proposed
MCEWCVT algorithm on a 4-channel Ni-based 3D superalloy dataset (IN100) against the manually annotated groundtruth. We further evaluate the MCEWCVT algorithm on two
synthesized 4-channel superalloy datasets using the optimal
parameters found in segmenting the IN100 data. The proposed
MCEWCVT algorithm is also compared with 18 existing 2D
and 3D image segmentation algorithms on the IN100 dataset.
The remainder of this paper is organized as follows. In
Section II, we briefly review the Centroidal Voronoi Tessellation (CVT) model, derive a new clustering energy suitable
for multichannel grain image segmentation, and introduce
the MCEWCVT algorithm. In Section III, we report the
experimental results, together with qualitative and quantitative
comparisons against 18 existing segmentation algorithms on
the IN100 dataset. In Section IV, we report the experimental
results on two synthesized datasets. Section V concludes the
paper.

II. M ULTICHANNEL E DGE -W EIGHTED C ENTROIDAL
VORONOI T ESSELLATION A LGORITHM
A 3D superalloy image can be denoted as a function u
defined on a domain  ⊆ R3 where the values of u represent
the gray intensities of the voxels. Since the voxels can be
indexed by integer triplets, u is a discrete function defined
over a set of points with integer coordinates, i.e. the point
(x, y, z) = (i, j, k), where (i, j, k) is an integer triplet that
ranges over the volume domain. Thus, the domain of u for
a superalloy volume is an index set D = {(i, j, k) | i =
1, . . . , I, j = 1, . . . , J, k = 1, . . . , K } for some positive
integers I , J and K .
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A. Basic Centroidal Voronoi Tessellation Model
Let U = {u(i, j, k)}(i, j,k)∈D denote the set of intensity
L
a
values of the 3D superalloy image and W = {wl }l=1
set of typical intensity levels. The Voronoi region Vl (l =
1, 2, . . . , L) in U corresponding to wl is defined by
Vl = {u(i, j, k) ∈ U | |u(i, j, k) − wl | ≤
|u(i, j, k) − wm |, m = 1, 2, . . . , L, l = m},

(1)

where | · | could be pre-defined metric measures such as the
L
is called a Voronoi
Euclidean distance. The set V = {Vl }l=1
tessellation or Voronoi clustering [22]–[24] of the set U. The
L
set of chosen intensities W = {wl }l=1
are referred as the
Voronoi generators. Since we have V p Vq = ∅ if p = q
L
and U = l=1
Vl , the Voronoi tessellation V can be viewed
as a special partition of U in the physical space.
Let ρ be a pre-defined density function defined on D. Given
L , the centroid (i.e. center
a partition of U, denoted by {Ul }l=1
of mass or cluster mean) of each cell Ul , with respect to
the density ρ, is defined to be the intensity wl∗ ∈ Ul which
minimizes

min
ρ(i, j, k)|u(i, j, k) − w|2 .
(2)
w∈Ul

u(i, j,k)∈Ul

Note that this centroid definition is slightly different from that
proposed in [25] with the newly introduced density function.
L ; {V } L ) of U,
For an arbitrary Voronoi tessellation ({wl }l=1
l l=1
∗
it is often not the case that wl = wl for l = 1, 2, . . . , L,
L
L . If
where {w∗ }l=1
are the corresponding centroids of {Vl }l=1
L
the generators of the Voronoi regions {Vl }l=1 of U coincide
with their corresponding centroids, i.e.
wl = wl∗ , for l = 1, 2, . . . , L,
L
then we call the Voronoi tessellation {Vl }l=1
a centroidal
L
Voronoi tessellation (CVT) [23] of U and refer to {wl }l=1
as the corresponding CVT generators.
The construction of CVTs can be achieved by an “energy”
minimization process [23]. Generally, for any set of generators
L
L of U, the classic
and any partition U = {Ul }l=1
W = {wl }l=1
clustering energy of (W; U) can be defined as:

E C (W; U) =

L




ρ(i, j, k)|u(i, j, k) − wl |2 . (3)

l=1 u(i, j,k)∈Ul
L for a given
Suppose we have determined the clusters {Ul }l=1
3D superalloy image represented by u(i, j, k) for (i, j, k) ∈ D.
Then a segmentation in the physical space of the image can
L , where
be naturally produced as D = {Dl }l=1

Dl = {(i, j, k) | u(i, j, k) ∈ Ul }.
Note that L is not the number of grains in the underlying 3D superalloy image – each Dl may contain multiple
disjoint 3D segments which may represent different grains.
In another word, non-adjacent grains may have identical or
similar intensities and be clustered into the same Dl . In
practice, we usually choose L to be smaller than the expected
number of grains in the image when using Voronoi tessellation
algorithms.

Consequently, the classic clustering energy (3) can be
rewritten in physical segmentation terminology as
E C (W; D) =

L




ρ(i, j, k)|u(i, j, k) − wl |2 .

(4)

l=1 (i, j,k)∈Dl

It is well known from [23] that (W; D) is a minimizer
of E C (W; D) only if (W; D) forms a CVT of D. Several
algorithms of minimizing the above energy function can be
found in [26]–[28].
B. Multichannel Clustering Energy
Let N denote the number of channels, i.e., we have N
images, u 1 , u 2 , . . . , u N , of the same superalloy sample photographed under different microscope settings. Then we can
rewrite U and W in the vector form
U = {
u (i, j, k) = (u 1 , u 2 , . . . , u N )T ∈ R N }(i, j,k)∈D
and
L
W = {w
 l = (wl1 , wl2 , . . . , wlN )T ∈ R N }l=1
,

respectively.
Note that one grain may be visually separable in one channel
but has the close intensity value with its adjacent grains in
other channels. In order to capture the grains with intensities
that are distinct with its adjacent grains only in some (but not
all) of the channels, we need to choose a proper measurement
of the distance from u(i, j, k) to w
 l . In this paper, we take the
L ∞ norm as the distance measurement, which is defined as
x

∞

= max(|x 1 |, |x 2 |, . . . , |x N |)

where x = (x 1 , x 2 , . . . , x N ) ∈ R N .
This way, we can rewrite the classic clustering energy (4)
as
E C (W; D) =

L




ρ(i, j, k) u(i, j, k) − w
l

l=1 (i, j,k)∈Dl

2
∞.

(5)

Note that (5) will reduce to (4) when N = 1.
C. Edge Energy
Besides the multichannel clustering energy term, we would
like to further utilize an edge related energy term to enforces
the continuity and smoothness on the boundaries of the 3D
superalloy grains/segments. In this paper, we define the edge
related energy term for a given clustering D of the physical
space similar to that proposed in [25], [29].
For each voxel (i, j, k) ∈ D, denote Nω (i, j, k) a local
neighborhood, which could be a 2ω×2ω×2ω cube centered at
(i, j, k) or a sphere centered at (i, j, k) with radius ω. We then
define a local characteristic function χ(i, j,k) : Nω (i, j, k) →
{0, 1} as

1 if πu (i , j , k ) = πu (i, j, k) ,
χ(i, j,k) (i , j , k ) =
0 otherwise,
where πu (i, j, k) : D → {1, . . . , L} indicates the cluster that
u(i, j, k) belongs to. The edge energy term can be defined as


E L (D) =
χ(i, j,k) (i , j , k ).
(6)
(i, j,k)∈D (i , j ,k )∈Nω (i, j,k)
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Generalizing the analysis for 2D cases in [25], it is not
too hard to demonstrate that E L is proportional to ω4 A in
the asymptotic sense where A is the area of the boundaries
(surfaces in the 3D space) between the 3D segments. Note
that the edge energy has nothing to do with the generators W.

By combining (10) and (11), we have the overall variation
of the total energy by transferring voxel (i, j, k) from cluster
Dl to Dm as


 l 2∞
ρ(i, j, k) u(i, j, k) − w
 m 2∞ − u(i, j, k) − w

D. Total Energy

which can be rewritten as

In order to enforce the clear detection of grain boundaries,
we take the density function ρ as
ρ = 1 + |∇ u|.

(7)

By combining (5), (6) and (7), we can define the total energy
for our model, i.e., the multichannel edge-weighted clustering
energy, as:

+2λ(nl (i, j, k) − n m (i, j, k)),
[ρ(i, j, k) u(i, j, k) − w
m

2
∞

− 2λn m (i, j, k)]

− [ρ(i, j, k) u(i, j, k) − w
l

2
∞

− 2λn l (i, j, k)].

(12)

Thus we define the multichannel edge-weighted distance
from a voxel (i, j, k) to generator w
 l to be

di st ((i, j, k), w
l)

= ρ(i, j, k) u(i, j, k) − w
 l 2∞ + 2λñl (i, j, k)
E(W; D) = E C (W; D) + λE L (D)

L


 l 2∞ + 2λñl (i, j, k)
= (1 + |∇ u(i, j, k)|) u(i, j, k) − w
=
(1 + |∇ u(i, j, k)|) u(i, j, k) − w
 l 2∞
(13)
l=1 (i, j,k)∈Dl
(i,
j,
k)
=
|N
(i,
j,
k)|
−
n
(i,
j,
k)
−
1
is
the
number
where
ñ
l
w
l



+λ
χ(i, j,k) (i , j , k ) (8) of voxels in Nw (i, j, k)\(Dl (i, j, k)).
In conclusion, moving a voxel to the cluster of a generator
(i, j,k)∈D (i , j ,k )∈Nω (i, j,k)
to
which it has the shortest edge-weighted distance defined
where λ is a weighting function controlling the balance
by
(13) will decrease the total clustering energy E(W; D) the
between E C and E L .
most.
E. Multichannel Edge-Weighted Distance
Basically, the total multichannel edge-weighted energy minimization is achieved through iteratively transferring voxels
from one cluster to another. Specifically, in each iteration, we
transfer a voxel to a certain cluster which decreases the total
energy the most.
Let us rewrite equation (8) as
E(W; D) =


ρ(i , j , k ) u(i , j , k ) − w
 πu (i , j ,k )

2
∞

(i , j ,k )∈D\(i, j,k)

+ρ(i, j, k) u(i, j, k) − w
 πu (i, j,k)

+
L (i , j , k )

2
∞

F. Multichannel Edge-Weighted Voronoi Regions
L , we
Given a set of multichannel generators W = {w
 l }l=1
can define the multichannel edge-weighted Voronoi region
L
in the physical volume space D as
D̃ = { D̃l }l=1

D̃l = {(i, j, k) ∈ D | di st ((i, j, k), wl ) ≤
di st ((i, j, k), w
 m ), m = 1, . . . , L, l = m}. (14)
From equations (12) and (13), it is easy to find that when W
is fixed, the multichannel edge-weighted Voronoi tessellation
L associated with W corresponds to the minimizer
D̃ = { D̃l }l=1
of the multichannel edge-weighted energy E(W; D), i.e.,
D̃ = arg min E(W; D).
D

(i , j ,k )∈D\(i, j,k)

+L (i, j, k)
where
L (i, j, k) = λ

(9)


χ(i, j,k) (i , j , k ).

(i , j ,k )∈Nω (i, j,k)

Now let’s consider the variation of the total energy when
transferring a voxel (i, j, k) from its current cluster Dl to
another cluster Dm . In equation (9), the first term on the right
side has no change. The change of the second term is
ρ(i, j, k)( u(i, j, k) − w
m

2
∞

− u(i, j, k) − w
l

2
∞ ).

(10)

Denote
n k (i, j, k) the number of voxels within

(Dk Nw (i, j, k))\(i, j, k). Based on the analysis from [25],
we know that the changes in the third and fourth term after
transferring are both equal to
λnl (i, j, k) − λn m (i, j, k) = λ[nl (i, j, k) − n m (i, j, k)].
(11)

Then we define the multichannel edge-weighted Voronoi tesL to
sellation energy for a given set of generators W = {w
 l }l=1
be
(15)
E MC E W V T (W) = E(W; D̃).
Algorithm 1 can be used to efficiently construct the multichannel edge-weighted Voronoi regions for a given set of
generators.
G. The MCEWCVT Model and Its Implementation
In order to define the MCEWCVT model, we need to further
L
determine the centroids of a given set of partition D̃ = { D̃l }l=1
L
of D, i.e., find W = {w
 l∗ }l=1
such that

w
 l∗ = arg min
ρ(i, j, k) u(i, j, k) − w
 2∞ (16)
w


(i, j,k)∈ D̃l

for l = 1, 2, . . . , L. Since we use the L ∞ -norm, it is hard
 l defined
to find an analytical solution for w
 l . Usually, w
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L = MCEWVT(
L ,{D } L )
Algorithm 1 : { D̃l }l=1
u ,{w
 l }l=1
l l=1

L , { D̃ } L ) = MCEWCVT(
Algorithm 2 : ({w
 l }l=1
u , L)
l l=1
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the Lloyd algorithm share similar algorithmic structures.
Specifically, both of them are iterative optimization algorithms
where each iteration consists of two steps: 1) assignment step
that assigns each data point to the cluster with the closest
center; and 2) updating step that updates cluster centers to be
the centroids of the data points in each cluster. In addition, both
algorithms share a similar convergence property. According
to [31], [32], as the clustering energy decreases monotonically,
a clustering algorithm must be weakly convergent. Thus, the
proposed MCEWCVT algorithm is weakly convergent given
its minimization process. In Section III, we will show that the
clustering energy of MCEWCVT decreases in the optimization
when segmenting superalloy data.
However, there is a major difference between the proposed
MCEWCVT algorithm and the Lloyd algorithm. The Lloyd
algorithm handles the energy where the L 2 norm is used to
measure the distance from a data point to a cluster center. This
way, the Lloyd algorithm updates the cluster centers using
mean values of the data in each cluster. In MCEWCVT, we
include an edge-smoothness term in the clustering energy and
use a multichannel edge-weighted distance based on L ∞ norm.
As a result, the MCEWCVT algorithm theoretically needs to
use Powell method rather than mean values to update new
cluster centers.
III. E XPERIMENTS ON IN100 DATASET
A. Testing Dataset

Based on the CVT principle (see Section 3 of [23]), we know
that (W; D̃) is a minimizer of E(W; D̃) only if (W; D̃) forms
a MCEWCVT of D. We propose Algorithm 2 for constructing
the MCEWCVTs. As discussed in [25] for the EWCVT
construction algorithms, some improvements of Algorithm 2
can be obtained by using a narrow-banded implementation and
better initialization processes. We also note that the energy
E MC E W V T (W) keeps decreasing along the iterations in this
algorithm.

We first test the proposed algorithm on an IN100 (Nibased) multichannel superalloy dataset. This dataset consists
of 4 channels of superalloy slice images taken under different electronic microscope parameter settings. Each slice was
photographed as new facets appearing by keeping abrading
the up-front facet of the superalloy sample. The size of each
2D slice is 671 × 671 and the number of slices in each
channel is 170. The resolution within a slice is 0.2μm and
the resolution between slices is 1μm. One can notice that the
resolution within 2D slices are 5 times of that between adjacent
image slices. This fact may not affect 2D segmentation/edgedetection results, but will affect 3D segmentation results,
especially for the results produced by the proposed algorithm,
since the measurement of boundary smoothness (i.e., the
edge related energy term (6)) requires identical/close image
resolutions along all three directions. To address this issue, we
linearly interpolate the 3D superalloy image with 4 additional
slices between each pair of consecutive slices in the original
data. This way, the interpolated data contain 169×5+1 = 846
slices. The interpolated data volume contains roughly 2,500
grains. The testing dataset also comes with the ground-truth
segmentation created by manually annotating each 2D slice.
The human annotators consider grain intensity variations from
all 4 channels and extract unified grain boundaries in each slice
using annotation tools provided by the Berkeley Segmentation
Benchmark [12].

H. Comparing MCEWCVT with the Lloyd Algorithm

B. Experiment Design

The Lloyd algorithm provides a popular implementation
to CVT/K-means. The proposed MCEWCVT algorithm and

In the experiments, we quantitatively evaluate the segmentation results by examining the coincidence between the detected

through the above minimization process could be solved
numerically. For example, the Powell method [30] could be
used to numerically calculate w
 l although there is no derivative
information available.
Definition (MCEWCVT): For a given multichannel edgeL ; { D̃ } L
weighted Voronoi tessellation {w
 l }l=1
l l=1 of D, we
call it a multichannel edge-weighted centroidal Voronoi tesselL are also the
lation (MCEWCVT) of D if the generators {w
 l }l=1
corresponding centroids of the associated multichannel edgeL , i.e.,
weighted Voronoi regions { D̃l }l=1
w
l = w
 l∗ , l = 1, 2, . . . , L.
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boundaries and the ground-truth grain boundaries. Specifically,
we calculate the F1 -measure (using the tool provided in [12])
which is the harmonic mean of precision and recall, i.e.
Pr eci si on · Recall
.
Pr eci si on + Recall
In the following, we evaluate the proposed algorithm under
different parameter settings and compare the performance with
18 well known 2D/3D segmentation/edge-detection methods
quantitatively and qualitatively. For 3D methods, in order to
obtain considerable good results within a reasonable amount
of time, we downsize the original volume size to 336 × 336 ×
508. We apply 3D methods on the downsized image volume
and rescale the segmentation results on each 2D slice to the
original size, i.e. 671 × 671. In addition, for fair comparison,
we apply 2D methods on the downsized non-interpolated slices
(with size 336 × 336), followed by rescaling the segmentation
results back to the original size. The final segmentation results
of 2D/3D methods on the 170 non-interpolated slices are used
to conduct quantitative evaluation against the ground-truth. We
also provide p-values of the results produced by the proposed
MCEWCVT and the comparison methods.
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Fig. 3. Segmentation accuracy (F1 -measure) on each superalloy image slice
when using parameters {L = 300, λ = 300, ω = 6}.

C. Results of MCEWCVT
Theoretically, MCEWCVT (Algorithm 2) stops when the
energy function (8) stays unchanged and this may require a
very long running time. A practical stop condition could be
|E i+1 − E i |
< .
Ei

(17)

We can also set a maximum allowed iterations max I ter to
stop the algorithm. In our experiments, MCEWCVT stops
when any one of these two stop conditions is triggered.
In addition, we use CVT/K-means clustering results as the
initial partitions for the MCEWCVT algorithm (step 3 in
Algorithm 2).
This way, there are totally six parameters/factors that can
be tuned in MCEWCVT:
• L, the number of clusters;
• λ, the weighting parameter which balances the intensity
clustering energy term E C and the edge smoothing energy
term E L ;
• ω and Nω (i, j, k), which define the size and shape of
a 3D local neighborhood region (centered at each voxel
(i, j, k));
•  and max I ter , the pre-defined threshold and maximum
allowed iterations as the stop conditions of MCEWCVT.
Enumerating all possible values and combinations of these
six parameters/factors would be to some extent infeasible, thus we fix three parameters/factors (Nω (i, j, k),  and
max I ter ), and test different values for the other three parameters (L, λ and ω). Specifically, we set  = 10−4 ,
max I ter = 140, and the shape of Nω (i, j, k) to be
a sphere with radius ω. The different values tested for
L, λ and ω are L = {15, 25, 35, 55, 100, 150, 200, 300, 500},
λ = {100, 200, 300, 400, 500}, ω = {4, 6, 8}, respectively.
Table I summarizes the segmentation accuracy (F1 -measure)
under different {L, λ, ω}. The best result is shaded. From the

4000_Series

5000_Series

6000_Series

7000_ Series

Fig. 4. A superalloy image slice with strong imaging noises (the 40-th slice).

table, we can find that L = 300, λ = 300 and ω = 6 lead to
the highest segmentation accuracy among all tested values for
L, λ and ω.
Figure 3 further shows F1 -measures on each 2D image slice
(when using parameters {L = 300, λ = 300, ω = 6}). The low
segmentation accuracy on the 40-th slice is caused by strong
image noises as shown in Fig. 4.
Figure 5 shows a 3D visualization of the MCEWCVT
segmentation using parameters {L = 300, λ = 300, ω = 6}
which correspond to the best result shaded in Table I.
Figure 6 shows that the energy decreases along the iterations
of the MCEWCVT algorithm. This supports the statement in
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TABLE I
S EGMENTATION A CCURACY ( F1 -M EASURE ) OF MCEWCVT UNDER D IFFERENT VALUES OF L , λ, AND ω. T HE B EST R ESULT IS S HADED .

Section II-H that the MCEWCVT is weakly convergent.
D. Robustness of MCEWCVT to Random CVT Initializations
As mentioned above, we use CVT to initialize the clusters
for the proposed MCEWCVT algorithm. Since CVT randomly
chooses initial cluster centers, we would like to further investigate the robustness of the MCEWCVT to random CVT
initializations. In this section, we choose parameters which
lead to the best segmentation accuracy, i.e. {L = 300, λ =
300, ω = 6}, to evaluate MCEWCVT algorithm based on
10 CVT initializations (all using L = 300). The segmentation
accuracies with respect to these 10 CVT initializations are presented in Table II, from which we can see that the MCEWCVT
algorithm is very robust to random CVT initializations.
E. Comparing with Existing 2D/3D Segmentation Methods
In order to further validate the proposed MCEWCVT
algorithm, we compare it with other 18 2D/3D image
segmentation methods. Largely based on the code’s availability, we choose ten 2D segmentation methods, including 2D level set [10], mean shift [3], watershed [4],
statistical region merging (srm) [5], normalized cuts [6],
efficient-graph based segmentation [7], topological watersheds [8], EM/MPM [16], power watersheds [14], random walks [15]; five 2D soft edge-detection methods,
including globalized probability of boundary (gpb) [11],
Berkeley brightness/color/texture gradient detectors (pbCanny,
pbCBTG and pbBGTG) [12], ultrametric contour maps
(ucm) [13]; three 3D segmentation methods, including 3D
watershed [10], 3D level set [4] and CVT/K-means (directly
applied on 3D images as in the proposed method). Specifically,
for 2D methods, we only apply them onto 170 non-interpolated
2D slices. For 3D methods, we apply them to the interpolated 3D superalloy image and then project 3D segmentation
boundaries onto 170 initial slices for quantitative performance
evaluation. Note that gpb, pbCanny, pbCBTG and pbBGTB
are soft edge detection algorithms – they only detect disjoint
edges and may not produce complete boundaries to partition
an image into separate grains.
Note that most of these comparison methods were not
developed for multichannel imaging. While some of them can
incorporate multi-dimensional color information, they usually

(a)

(b)
Fig. 5.
(a) Visualization of the MCEWCVT segmentation result using
Paraview [33]. Clusters are shown in different colors. (b) Two segmented
grains, visualized using MeshLab [34].

use L 2 norm for defining the distance in the color space.
For superalloy images, we need to use L ∞ norm to combine
the multichannel information, as justified in Section II-B.
To thoroughly evaluate the performance of these comparison
methods, we take the 4 image channels u 1 , u 2 , u 3 and u 4 and
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TABLE II
S EGMENTATION A CCURACY ( F1 -M EASURE ) WITH RESPECT TO 10 CVT R ANDOM I NITIALIZATIONS , U SING PARAMETERS {L = 300, λ = 300, ω = 6}.

12

8

1

x 10

7.5

0.75

6.5

Precision

Total Energy
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F=88.87% random walks
F=88.27% power watersheds
F=86.32% mean shift
F=80.82% EM/MPM
F=80.54% pbCanny
F=79.52% ucm
F=79.51% pbCGTG
F=78.80% pbBGTG
F=78.41% topological watersheds
F=75.36% srm
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Fig. 6. Energy decreasing as the MCEWCVT algorithm performs iterative
minimization.

further create two synthesized channels as
u1 + u2 + u3 + u4
u5 =
4
and
u6 =

u 21 + u 22 + u 23 + u 24
.
4

In our experiment, for all the comparison methods except for
CVT, we apply them to segment each of these six channels
independently. This way, for such a comparison method,
we obtain six different segmentation results on the test 3D
superalloy image. They are evaluated against the ground-truth
segmentation independently and the result with the best F1 measure (obtained from one of these six channels) is finally
selected as the segmentation result. We use this best F1 measure as the segmentation accuracy for this comparison
method. First of all, we evaluate the performance of the classical CVT/K-means algorithm since the proposed MCEWCVT
can be treated as an extension of the CVT/K-means algorithm.
The classical CVT algorithm does not consider the edge
related energy term. In our experiment, we simply use it to do
clustering in the multichannel intensity space with Euclidean
distance. We try the cluster number of L in {2, 3, 4, 5, 10, 15,
20, 25, 30, 40, 50, 60, 100, 150, 200, 300, 500, 800}. From
Table III, we can see that as the cluster number increases,
the segmentation accuracy first increases and then decreases.
The best segmentation accuracy appears at L = 3 (shaded).
In general, without the boundary-smoothness term, CVT is
sensitive to image noise and this gets more severe when the
cluster number is large.

0
0

F=73.42% gpb
F=71.19% normalized cuts
F=70.08% 3D watershed
F=68.94% 2D watershed
F=66.74% 2D level set
F=65.06% 3D level set
0.25

0.5
Recall

0.75

1

Fig. 7. Precision-recall curves or values of the comparison methods except
for CVT.

For the other 17 comparison methods, their parameter
settings are summarized in Table IV. For the parameters that
are not discussed in this table, we simply use their default
settings provided in the corresponding software packages. For
the soft-edge detectors, i.e. gpb, pbCanny, pbCBTG, pbBGTB,
and ucm, we vary the threshold to the edge probability map
to derive a precision-recall curve. For the other methods,
we obtain a precision value and a recall value from the
segmentation result. The precision-recall curves or values of
these 17 comparison methods are shown in Fig. 7.
We compile the F1 -measures of the proposed algorithm
and comparison methods into Table V. Specifically, for the
proposed MCEWCVT, we select {L = 300, λ = 300, ω = 6}.
For CVT, we select L = 3. For gpb, pbCanny, pbCBTG and
pbBGTB, we select the best F1 -measure from the precisionrecall curve. For all the comparison methods other than CVT,
we use the parameters and settings shown in Table IV. For
random walks, power watersheds and the 2D level set, they
need seeds as input. We give these three comparison methods
additional favors by providing seeds (for each 2D grain
segment) at the center of each human annotated grain. For the
3D level set, since we don’t have 3D seeds, we put 6, 144
seeds uniformly distributed within the 3D image volume.
From Table V, we can see that the proposed MCEWCVT
algorithm significantly outperforms all other 2D/3D comparison methods. Note that the second and third best performed
methods are random walks and power watersheds, which
require initial seeds. The fourth best performed method, mean
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TABLE III
S EGMENTATION A CCURACY ( F1 -M EASURE ) OF THE CVT A LGORITHM U SING D IFFERENT C LUSTER N UMBER L . T HE B EST R ESULT IS S HADED .

5000_Series

6000_Series

7000_Series

based segmentation
gpb
normalized cuts
3D watershed
2D watershed
CVT/K−means
2D level set

power watersheds random walks
mean shift
EM/MPM
pbCanny
ucm
pbCGTG
pbBGTG
topological
watersheds

4000_Series

srm

7000_Series

3D level set

6000_Series

ground truth

5000_Series

MCEWCVT

4000_Series

Fig. 8. Visual comparisons of the segmentation results of the proposed MCEWCVT, other comparison methods and ground-truth, on one slice (4 channels).

shift, achieves an accuracy at 86.32%, which is about 7%
lower than the proposed MCEWCVT algorithm. The soft-edge
detection methods (e.g., pbCanny, ucm) achieves a reasonable

performance, if a proper threshold to the edge probability map
can be selected. The EM/MPM is developed for 2D singlechannel superalloy image segmentation and its performance
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TABLE IV
PARAMETER S ETTINGS FOR THE 2D/3D C OMPARISON M ETHODS OTHER THAN CVT

TABLE V
S EGMENTATION A CCURACY OF THE P ROPOSED MCEWCVT A LGORITHM AND THE C OMPARISON M ETHODS

−3

IV. E XPERIMENTS ON S YNTHESIZED DATASETS
In the previous section, Table I provides the segmentation
accuracy when using different L, λ and ω. In practice, without
the ground-truth segmentation, an important issue is to select
appropriate values for L, λ and ω to segment a superalloy
data. Generally, the cluster number L is related to the number
of grains, and the edge neighborhood ω is related to the grain
size. In this section, we use synthesized superalloy data to
justify that the optimal L, λ and ω values found from one

1

x 10

0.9

0.8

0.7

Probability

is much lower than the proposed MCEWCVT algorithm.
Table VI shows the p-values for all the methods. Clearly, all
the p-values are low which indicates the statistical significance
of the results shown in Table V. Figure 8 shows a visual comparison between the segmentation results of the MCEWCVT
and the comparison methods on a selected image slice. We
visualize the segmentation results on all four channels.
As for the running time, the proposed MCEWCVT algorithm takes about 72 hours to segment all 170 slices in a
workstation with an AMD Opteron(TM) Processor 6234 at
2.4GHz. While this running time is long, it is still much
more efficient than manual segmentation (2D segmentation
on each slice followed by corresponding 2D segments across
slices to construct a 3D segmentation), which usually takes
weeks. In practice, we expect that the running time of the
proposed MCEWCVT algorithm can be significantly reduced
by using parallel implementation, because in each iteration,
the transfers of different voxels into the nearest clusters are
independent.

0.6
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Grain Size
Fig. 9.
dataset.

The Log-Norm distribution of the grain size derived from IN100

dataset can be applied to other datasets with similar grain
numbers and sizes.
Given the high cost of collecting real data and the intensive
labor in annotating the ground-truth segmentation in real
data, synthesized data have been widely used in materials
science for structural analysis. Recently, DREAM.3D [35] has
become a popular tool for constructing synthesized superalloy data. In this paper, we use DREAM.3D to construct
two 3D multichannel superalloy datasets: Synthesized-I and
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TABLE VI
p-VALUES OF THE P ROPOSED MCEWCVT A LGORITHM AND THE C OMPARISON M ETHODS

Intensity PDF for channel ’4000_Series’.
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Fig. 10.
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Intensity distribution in four channels: (a) 4000_Series; (b) 5000_Series; (c) 6000_Series; and (d) 7000_Series.

4000_Series

5000_Series

6000_Series

7000_Series

Fig. 11. An illustration of synthesized multichannel superalloy images. Four channels are named as ‘4000_Series’, ‘5000_Series’, ‘6000_Series’ and
‘7000_Series’, respectively.
TABLE VII

TABLE VIII

S EGMENTATION A CCURACY ( F1 -M EASURE ) OF MCEWCVT ON

S EGMENTATION A CCURACY ( F1 -M EASURE ) OF MCEWCVT ON

S YNTHESIZED -I. T HE B EST R ESULT IS S HADED .

S YNTHESIZED -II. T HE B EST R ESULT IS S HADED .

Synthesized-II. Each synthesized dataset is a 671 × 671 × 671
volume with around 2,000 grains and the grain sizes are
sampled from a Log-Norm distribution derived from the grain
sizes in IN100 dataset. We use the Log-Norm distribution
as suggested in DREAM.3D [35] because the grain sizes
in a superalloy sample can usually be described by such
a distribution. Figure 9 shows the Log-Norm distribution

(probability distribution function or PDF) with parameters
{μ = 6.96, σ = 1.62} derived from IN100 data. Furthermore,
we set an intensity value for each 3D grain in each channel
by independently sampling from the intensity distribution in
the corresponding channel in IN100 data. Figure 10 shows
the intensity distribution in each channel. Finally, we add
zero mean, Gaussian white noise of random local variances
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(random numbers from a uniform distribution in [0,1]) to each
pixel independently. In the experiment, this is achieved by
directly using the MATLAB function ‘imnoise’. Figure 11
shows one slice of the synthesized data in four channels.
Similar as in the IN100 testing, we downsize the image
volume size to 336 × 336 × 336. The segmentation results
on each 2D slices are re-scaled back to the original size
(i.e. 671 × 671) which are further evaluated against the
ground-truth.
We perform the proposed MCEWCVT algorithm on
Synthesized-I and Synthesized-II datasets with parameters
around {L = 300, λ = 300, ω = 6}, which are the optimal parameters in segmenting IN100 data. Table VII and
Table VIII show the segmentation accuracy (F1 -measure)
on Synthesized-I and Synthesized-II, respectively. From the
results, we can see that the optimal parameters {L, λ, ω} for
segmenting these two synthesized datasets are similar to those
for segmenting IN100 data. This suggests that, in practice, we
may use the optimal parameters derived from one dataset to
segment other superally datasets with similar grain number
and grain size. Note that, the segmentation accuracies on the
synthesized data are higher than those on IN100 data. This is
because the synthesized data do not contain complex imaging
noise and sub-grain structures as shown in Fig. 4.
V. C ONCLUSION
In this paper, we developed a multichannel edge-weighted
centroidal Voronoi tessellation (MCEWCVT) algorithm for 3D
superalloy image segmentation. Compared to existing 2D/3D
segmentation methods, the proposed algorithm considers
both the multichannel intensity similarity and segmentationboundary smoothness. The effectiveness and robustness of
the proposed algorithm is fully justified by experiments on
a real Ni-based 4-channel superalloy dataset (IN100) and two
synthesized datasets and thorough comparisons to 18 2D/3D
existing image segmentation methods.
In the future research on this topic, we expect to develop
new extensions to incorporate more specific prior knowledge,
such as intensity homogeneity definition, grain geometry and
grain layout, to further improve the segmentation accuracy.
A preliminary attempt on this direction has been made in [36],
which leverages the manual segmentation on a small number
of slices to improve the segmentation accuracy on the entire
3D volume.
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