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Abstract— Segmentation propagation, similar to tracking, is
the problem of transferring a segmentation of an image to a
neighboring image in a sequence. This problem is of particular
importance to materials science, where the accurate segmentation
of a series of 2D serial-sectioned images of multiple, contiguous
3D structures has important applications. Such structures may
have distinct shape, appearance, and topology, which can be
considered to improve segmentation accuracy. For example, some
materials images may have structures with a specific shape
or appearance in each serial section slice, which only changes
minimally from slice to slice, and some materials may exhibit
specific inter-structure topology that constrains their neighboring relations. Some of these properties have been individually
incorporated to segment specific materials images in prior work.
In this paper, we develop a propagation framework for materials
image segmentation where each propagation is formulated as
an optimal labeling problem that can be efficiently solved
using the graph-cut algorithm. Our framework makes three key
contributions: 1) a homomorphic propagation approach, which
considers the consistency of region adjacency in the propagation;
2) incorporation of shape and appearance consistency in the
propagation; and 3) a local non-homomorphism strategy to
handle newly appearing and disappearing substructures during
this propagation. To show the effectiveness of our framework, we
conduct experiments on various 3D materials images, and compare the performance against several existing image segmentation
methods.
Index Terms— Materials images, homomorphic constraints,
segmentation propagation, graph-cut, MRF.

I. I NTRODUCTION

M

ATERIALS science is a wide and varied field of great
importance to numerous civil and military applications.
Of particular interest to the materials field is the detailed
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microscopic substructure of a material [1]. Such substructures
may be “grains” in a metal, cells in biomaterial, etc., and
can be imaged optically, tomographically, or with electron
microscopy. The composition and relationships (microstructure) among these substructures are strong determinants of
a material’s electrical, thermal, chemical, explosive, organic,
diffusive, structural, and manufacturing properties [2], [3], and
thus rapid and accurate localization (ie., segmentation) and
analysis of substructures is of great benefit to a wide range of
materials applications. In this paper, we focus on addressing
the problem of accurately segmenting the underlying substructures of various 3D materials science images.
Materials science image segmentation is a highly challenging problem, for several reasons. First, many materials
images, particularly microscope images, are large and of high
resolution, which increases demand for efficient segmentation
algorithms. Second, materials images usually contain various
kinds noise, blurring, and ambiguities. Third, the substructures
of many material samples are highly complex. For example, a
metal sample may consist of hundreds of grains with different
sizes and shapes, which must be accurately segmented in
every image. Fourth, a typical way to address various image
complications is to incorporate available domain knowledge
on the shape, intensity and topology (adjacency relations) of
the material substructures. However, in practice, it can be a
very challenging problem to model and incorporate such prior
knowledge, which is largely unexplored in materials segmentation. Finally, given the variety of materials and materials
imaging techniques, we may obtain large variation among
different materials images. One key challenge is to develop a
generalizable approach that can be easily adapted to accurately
segment different materials images.
Many existing image segmentation methods have been—or
have the potential to be—used for segmenting 3D materials
images. In general, they can be grouped into two classes:
3D methods that segment an entire volume directly, and 2D
methods that segment individual images (slices) within the
volume.
In 3D methods, image segmentation is usually formulated
as classification of voxels into different groups [4], [5],
which constitute different segments, or identifying the surfaces
that separate different segments [6]. There are several issues
when applying 3D methods for material image segmentation.
First, 3D segmentation algorithms are usually computationally
expensive given the large number of voxels in a high-resolution
3D material image. Second, many 3D methods require
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consistency of image information, eg., intensity, for the same
substructure over the entire 3D volume. This may not hold for
many materials images, such as serial-sectioned microscopy
images: a 3D substructure may show different intensity from
one slice to another due to inconsistent imaging conditions.
Third, many 3D methods require a uniform resolution (ie.,
sampling rate) along all three axes. This may not hold for
many materials images, where the resolution along the serialsection direction is often much lower than the image resolution
on each slice. Finally, it is desirable to have some prior
knowledge about the substructures, which can be in the form
of a model, or an initialization that is interactively specified
on selected 2D slices, and it is often difficult to specify and
incorporate such prior knowledge into a 3D segmentation
method.
While 2D methods do not suffer from many of the above
issues, their major challenge is to enforce the consistency
of the segmentation among all the 2D slices, such that
the 3D structure can be easily analyzed/reconstructed. Many
existing 2D methods segment individual 2D slices independently [7], [8] some of which specifically address materials image segmentation [9]–[11], however the segmentation
on different 2D slices may not show consistency between
slices. In addition, 2D methods may over- or under-segment
individual slices, depending on the given prior used. Some
2D approaches incorporating segmentation topology, similar to the homomorphic constraint of the proposed method,
have been previously studied [12]–[14], however these focus
on only human-assisted segmentation, foreground/background
segmentation (sacrificing the ability to segment multiple distinct objects), or have no way to incorporate a prior slice to be
used in a propagation approach, as in the proposed method.
To address these problems, tracking-based methods have
been developed for segmenting a sequence of 2D slices (or
frames) by enforcing the segmentation consistency between
slices [15], [16]. Such tracking methods strike a balance
between 2D and 3D methods, keeping the performance
advantage of 2D methods while still incorporating 3D
information between slices. However, most existing tracking
methods are designed to track a single object, or a small
number of disjoint objects, and it is nontrivial to apply them
to segment materials images which may contain hundreds of
substructures of interest.
In this paper, we present a graph-cut based approach for
materials image segmentation where we segment a sequence
of images by repeatedly propagating a given 2D segmentation from one slice to another. Different from most existing
tracking methods, our propagation approach focuses on the
ability to track a large number of substructures through a 3D
materials image. To do this propagation, we enforce homomorphism during the propagation, ie., identifying the same set
of objects in all propagated images. Additionally, we show
how prior properties of the desirable substructures—namely
shape, intensity, and non-homomorphism—can be incorporated into this approach to segment different materials images,
which illustrates the versatility and broad applicability of the
proposed approach. In short, our primary contributions are:
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•

Homomorphic 2D segmentation propagation approach for
segmenting 3D materials images,
• Incorporation of shape and appearance in the segmentation propagation, and
• Non-homomorphism strategy for handling new and disappearing substructures in each step of the segmentation
propagation.
The remainder of this paper is organized as follows:
In Section II, we provide a description of the segmentation propagation problem and in Section III we present
our homomorphically-constrained propagation algorithm. In
Section IV, we show how important properties can be incorporated, including shape (Section IV-B), intensity (Section IV-C),
and non-homomorphism (Section IV-A). Finally, in Section V,
we present experiments on different materials images to show
the effectiveness of the proposed approach.
II. T HE S EGMENTATION P ROPAGATION P ROBLEM
Similar to the traditional segmentation problem [17], we
define segmentation propagation, as the problem of transferring a segmentation from a segmented image U to an
unsegmented image V , subject to predefined constraints.
Specifically, given an image U , and a segmentation SU of U
such that SU is a partition of the pixels in U into n segments
S U = {S1U , . . . , SnU } where
U = S1U ∪ . . . ∪ SnU and SiU ∩ SUj = ∅

∀i = j,

we wish to obtain a segmentation S V of an image V , which
contains the same objects as U , by propagating SU to V ,
yielding S V . Notice that image U may not be directly required
by this process, so SU may be considered an initialization or
derived from some other source or imaging modality.
The partition S may consist of many segments (ie., |S|
may be large) and, as such, we further introduce the notion
of adjacency between segments. We define A to be the set
of unordered pairs {Si , S j }, indicating segment Si and S j are
neighbors. A pair {Si , S j } is a member of A iff there exists
a pixel p ∈ Si and a pixel q ∈ S j such that p and q are
4-connected1. For brevity, we notate { p, q} ∈ Pn , where Pn
is the set of pixel pairs that are neighbors.
In this paper, we focus on the constraint that the mapping
between the RAGs (Region Adjacency Graphs) of SU and S V
is a homomorphism. There are two important properties that
arise from enforcing homomorphism between the RAGs of the
segmentations:
Property (1): SiU ∈ SU ⇔ SiV ∈ S V
Property (2): {SiU , S Uj } ∈
/ AU ⇔ {SiV , S Vj } ∈
/ AV
More descriptively, property (1) requires that iff segments
SiU ∈ SU then there is a corresponding segment SiV ∈ S V ,
which results in all segments in SU having a non-empty matching segment in S V , and also implies |SU | = |S V |. Secondly,
property (2) results in {SiU , S Uj } ∈ AU iff {SiV , S Vj } ∈ AV ,
meaning that adjacency relations among the segments between
1 4-connected pixels are pixels whose x or y coordinate (but not both) differ
by no more than 1.
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SU and S V remain the same. These properties have important
application to materials image segmentation. Given the strictness of these properties, we approximate these properties in
our formulation of segmentation propagation described below.
III. P ROPOSED H OMOMORPHIC P ROPAGATION M ETHOD
Given this problem definition and the above homomorphic
constraint, we seek to derive a means to carry out such a
propagation. We formulate a solution to this problem as an
energy minimization over the partitioning of pixels in V to
find S V , given in the following form:


E(S V ) =
 p (SiV ) +
 pq (SiV , S Vj ).
(1)
p∈V

{ p,q}∈PnV

This energy includes a unary term  p which describes a cost
for assigning a particular pixel p to a segment SiV , and a
binary term  pq which describes a cost for assigning two
neighboring pixels p and q (ie., { p, q} ∈ Pn ) to two segments
SiV and S Vj .
A. Incorporating Region Adjacency
For this minimization formulation, we must define  p and
 pq such that the aforementioned homomorphic constraint is
integrated. For the unary term, we make an assumption that all
pairs SiU and SiV have some overlap, varying most significantly
around their boundaries. With this assumption we can
formulate an approximation of  p (SiV ) that incorporates Property (1). Specifically, for every segment SiU , we construct a
bounding region S̃iV , which contains all p ∈ V that are within
distance d of any pixel in SiU . Using the bounding region
S̃iV , we set  p (SiV ) = 0 for all p ∈ S̃iV and  p (SiV ) = 0
for all p ∈
/ S̃iV . This bounding region stipulates the largest
possible region that SiV may occupy. Note that the binary
term, which we discuss below, provides additional information
to localize SiV ⊆ S̃iV . An example of defining  p is shown
in Figure 1, where the costs for p1 , p2 , and p3 are shown
for various assignments of S1V , S2V , and S3V . We additionally
require
(∃ p ∈ SiV ) |  p (SiV ) = 0 ∧  p (S Vj ) = ∞, ∀ j = i
which results in, at minimum, one p ∈ SiV being given zero
cost while having ∞ costs for all other S Vj , j = i . We call
this a seed point, and it is used to ensure that no region may
disappear entirely (fully enforcing Property (1)), which could
otherwise occur if a small region SiU falls completely within
one or more S̃ Vj regions. In this paper, we select a constant
distance parameter d, estimated from properties of the materials we segment, for each of our experiments. It is possible
to select d based on other estimates, or a prior, but we found
that the optimization allows for overestimates of d without
overly adverse effects, as discussed later in Section V-C.
We also place seed pixels at the center of each S̃ Vj .
Similarly, we define the binary term  pq to ensure that
AV is consistent with AU , modeling an approximation of
Property (2); in particular, we model a weaker form:
Property (2b): {SiU , S Uj } ∈
/ AU ⇒ {SiV , S Vj } ∈
/ AV

Fig. 1. An illustration of defining the unary term in the proposed approach.
(a) Three adjacent SiU and associated S̃iV . (b) Three pixels which fall within
various S̃iV . Specifically, p1 , p2 , and p3 , fall within one, two, and three
bounding regions, respectively. (c) Unary term  defined for pixels p1 , p2
and p3 in (b).

where we solve only a single direction (⇒) of Property (2),
which still disallows nonadjacent segments in SU from becoming adjacent in S V but does allow adjacent segments in SU
to become nonadjacent S V . Because the unary term provides
only a narrow band of d width in which boundaries may move,
we find that this weaker form provides good robustness in
practice. Given this, we set
⎧
i= j
⎨ 0,
{SiU , S Uj } ∈
/ AU
(2)
 pq (SiV , S Vj ) = ∞,
⎩
U
U
g( p, q), {Si , S j } ∈ AU
which introduces 0 cost for pixels assigned to the same
segment, an ∞ cost for pixels assigned to segments that are
not adjacent in SU , and a cost functional g for pixels that are
assigned to segments that are adjacent in SU . The ∞ cost in
Eq. (2) enforces the desired Property (2b) mentioned above.
Function g represents a probability that pixels p and q are
along an image border, based on the intensities of p and q.
For our method, we deal with two general types of images.
The first, which we call edge images, show a higher intensity
at the pixels along the boundaries of a substructure than the
pixels within each substructure. The second type, which we
call intensity images, have substructure boundary likeliness
determined by the magnitude of the intensity gradient. For
intensity images, we define g as


(3)
g( p, q) = exp −β (V ( p) − V (q))2
where V ( p) is the intensity value of p in V . For edge images,
we directly use the intensity values from the image itself as
their likelihood to be on a substructure boundary. Specifically,
we define g as


(4)
g( p, q) = exp −β max(V ( p), V (q))2 .

−1
In both, we use β = 2 (V ( p) − V (q))2
which is the
expectation over all the slices in the volume [18].
B. Optimization Algorithm
In [19], it is shown that finding a global minimum of
Eq. (1) can be solved in polynomial time if there are only
two segments (ie., |S| = 2). However, [20], [21] proved
that finding a general segmentation (often called a labeling)
with |S| > 2 is an NP-hard problem, but a locally-optimal
segmentation can be efficiently found with the α − β swap
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or α-expansion approaches, which use iterative applications
of the min-cut max-flow algorithm [22] in a Markov Random
Field (MRF), run for each segment or pair of segments. We use
the α − β swap approach, which produces a locally-optimal
segmentation by finding an optimal assignment for each pair
of segments in each iteration. As discussed below, we use this
approach because our application can use a constrained α − β
swap, making it as efficient as α-expansion.
By observation of Property (2) and the above definition
of Eq. (2), moving any pixel between SiV and S Vj where
/ AU will clearly result in an ∞ penalty by Eq. (2).
{SiU , S Uj } ∈
Thus, we introduce a constrained α−β swap approach by only
performing a swap (ie., creating an MRF and updating the
segments) between pairs of partitions whose analog partitions
in SU are in A, ie., {SiU , S Uj } ∈ AU . Using SU as an
initialization allows our constrained α − β swap to arrive at
exactly the same local minimum as the unconstrained α − β
swap.
As a final note, we define topology only among different segments, not within a single segment itself (connectivity) [13], and the graph-cut method which minimizes Eq. (1)
cannot guarantee the connectivity of the individual segments.
For the proposed method, the segmentation boundary is
restricted to a narrow dilated band between segments with zero
cost for the overlapping dilated regions. Thus the proposed
method, when using such zero-cost dilated regions, will not
obtain disconnected segments. When the  term is defined
differently, such as Eq. (7) later discussed in Section IV-C,
we simply merge any resulting disconnected fragments into
their containing segment. This completes the definition of
a homomorphically-constrained graph cut-based segmentation
propagation algorithm, which we will use and extend in the
following sections.
IV. I NCORPORATING A DDITIONAL P ROPERTIES
In this section, we show how the approach discussed in
Section III can be extended to incorporate important prior
knowledge and properties that are relevant to 3D materials
images.
A. Local Non-Homomorphism
The general approach proposed in Section III, which we
call the homomorphic or global method for the remainder
of this paper, enforces RAG homomorphism between slice
segmentations when propagating from one slice to another.
It is sufficient when the substructures in the two slices have
exactly the same adjacency relations, such as slices U1 and
U2 in Figure 2. However, local non-homomorphism may
occur between two slices when a new substructure appears or
an existing substructure disappears when moving from slice
U to V , as illustrated in Figure 2, moving from U2 to U3 and
from U3 to U4 , respectively.
We introduce a non-homomorphic strategy that can be
run after the homomorphic method to identify local areas
where local non-homomorphism (ie., substructure appearance or disappearance) may occur, and then rerun the
energy minimization in these local areas to update the
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Fig. 2. An illustration of 2D structure homomorphism (U1 ↔ U2 ) and
non-homomorphism (U2 ↔ U3 and U3 ↔ U4 ) across slices.

Algorithm 1 Algorithm
homomorphism

for

Handling

Local

Non-

segmentation, accommodating possible non-homomorphism
inconsistencies.
The local non-homomorphic strategy is summarized in
Algorithm 1, which takes as input the homomorphic method
results from Section III. The first loop on line 3 accommodates
the possible disappearance of an existing substructure in V
and the second loop on line 10 accommodates the possible
appearance of a new substructure in V . The mechanisms for
identifying candidate local regions (line 2 and line 9) and
identifying seeds for a new substructure (line 11) will vary
for different materials images. An example definition is given
in our experiments in Section V-C.
In line 5 and line 13, we remove the ∞ penalty from  pq
by setting
 pq (SiV , S Vj ) =

0,
g( p, q),

i= j
otherwise

(5)

This allows all segments to be adjacent to each other without
penalty in a local region r which might have prevented the
disappearance of an existing segment, and allow the appearance of a new segment. The verification steps (line 7 and
line 15) further verify the local non-homomorphisms by using
various image information and/or other structural knowledge;
an example verification strategy will be discussed in our
experiments in Section V-C.
On line 12, we redefine the unary term such that  p = 0
when the seed pixels are given the new segment, and  p = ∞
when given any other segment. For other pixels, we define
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Fig. 4. Dendritic γ  precipitates in Rene88DT. (a) Segmentation of slice U ,
created manually. (b) Skeletonizaton of the segmented substructures in slice
U (morphologically eroded slightly), showing the shape of the foreground
substructure (red) and background (blue). (c) Segmentation results on slice
V using the homomorphic method in Section III. (d) Segmentation result on
slice V by incorporating the proposed shape-preservation strategy.
Fig. 3.
Illustration of non-homomorphism caused by new substructure
appearance (top row) and disappearance (bottom row). (a,d) Segmentation U
to be propagated to the neighboring V slice. (b,e) The homomorphic method
result where non-homomorphisms are not handled. Seed points (green dots)
and associated segmentations (yellow dashed lines) show how the proposed
non-homomorphic strategy identifies and attempts to handle substructure
appearance. (c,f) The non-homomorphisms handled by the proposed method,
where the proper segmentation was selected by the V ERIFY function and
erroneous segments are removed.

 p to assign each possible segment by following a similar
strategy as described in Section III:  p = 0 when we
are confident that a pixel must have a specific segment and
 p = ∞ when we are confident that a pixel should not
have a specific segment. The binary term can be defined by
following a similar strategy as described in Section III, but
with the ∞ penalty removed (line 13). In this manner, the
local non-homomorphism strategy will enforce the addition of
new segments at seed pixels and the verification step (line 15)
will finally determine whether we keep such new segments
or not.
An example of the local non-homomorphic strategy used
on a real material is shown in Figure 3, which illustrates
both substructure disappearance and appearance. The middle
column is the homomorphic method, and shows example seed
points (green dots) for possible substructure appearance, which
also show an associated segmentation (yellow dashed line)
generated by the local graph cut. The verification step will
only select segmentations that correspond to correct nonhomomorphisms, as shown in the last column of Figure 3,
where the proposed strategy is able to remove erroneous
substructures, and introduce segmentations of substructures
that appear in the new slice V .
B. Shape Preservation
For some materials structures, the general shape of substructures may be distinct and complex, such as the example shown
in Figure 4 (a). The dilation strategy presented in Section III
is unable to capture the small details of the structure’s shape,
as shown in Figure 4 (c) which is missing large portions of
the boundary thereby reducing the quality of the segmentation
and subsequent analysis of the material. Knowing that, often,
the inter-slice resolution is high enough to have a number of
slices containing the same substructure, successive slices of
the same structure usually exhibit consistent shapes [23], at
least through several sections. In this section, we propose a
strategy to preserve the 2D shape of selected substructures
when propagating a segmentation from U to V .

Specifically, we perform a skeletonization in U for each substructure for which we desire shape consistency. An example
is shown as shown in Figure 4 (b), where the skeletonization
is performed for both the foreground substructure (in red)
and background (in blue). Note that only a single foreground
and background are shown for illustrative purposes here. In
the general case with multiple foreground objects (as in the
experiment in Section V-D), skeletons are extracted for each
foreground object and the background object. In slice V ,
we enforce the desired segment of these skeleton pixels to
be the same as their segments in U , eg., red pixels have a
desired segment of foreground substructure and blue pixels
have a desired segment of background. In practice, we may
morphologically erode the skeletons constructed in U slightly
when propagating them to V to account for changes of the
substructure’s size. For a skeleton pixel p with a desired
segment SlV , we further update its unary term in Eq. (1) by a
Dirac delta function

 p (SiV ) =

0,
∞,

i =l
otherwise.

(6)

With this updated unary term, we run the graph cut algorithm
to segment all the remaining pixels in V and obtain a segmentation of V that preserves the shape of the substructures
of interest. Note that many materials contain multiple substructures and this shape-preserving strategy can be applied
to all the substructures, or a selected subset of substructures,
according to the requirements of different applications. If we
do not want to preserve the shape of a certain substructure,
we simply use the dilation strategy in Section III for this
substructure and do not update the  p values of its skeleton
pixels. Figure 4 shows a comparison between our baseline
approach using the unary term as in Section III vs. the
method outlined in this section to propagate a manually created
segmentation in U to a new slice V .
Since the incorporation of shape is a modification of
the existing unary term, it can be easily implemented after the
unary term from Section III is computed. Furthermore,
the skeletonization can be computed very quickly for all the
substructures in a materials slice, and is viable for use on all of
the (sometimes hundreds of) substructures within a material,
in combination with any of the other techniques discussed in
this paper.
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TABLE I
S UMMARY OF D ATASETS U SED IN THE E XPERIMENTS , D ETAILING THE
N UMBER OF S LICES , I MAGE S IZE , N UMBER OF S UBSTRUCTURES (n),
T YPE OF M ATERIAL , AND S EGMENTATION T IME

Fig. 5. Grain structure of IN100 superalloy [24]. Image courtesy of Mike
Groeber, AFRL. (a) Segmentation of slice U , created manually. (b) Segmentation result on slice V using the homomorphic method in Section III.
(c) Segmentation result on slice V using substructure intensity preservation
between U and V . (d) Zoomed view of upper-right corner of c).
TABLE II
OVERVIEW OF M ANUALLY-C ONSTRUCTED G ROUND T RUTH

C. Intensity Preservation
For some materials images, the intensity within a substructure can be another important property which may be desirable
to preserve when propagating a segmentation. As shown in
Figure 5, a substructure might undergo changes in size or
shape from one slice to the next while retaining a consistent intensity, separating it from surrounding substructures
or background, excepting image noise. Note that while the
binary term  pq discussed in Section III does incorporate
pairwise intensity difference between neighboring pixels to
determine whether they are likely to have the same segment or
different segments, it does not capture the overall intensity of
a specific substructure. In this section, we propose a strategy
to incorporate this intensity as a prior by updating the unary
term  p in Eq. (1) when propagating a segmentation. It can
be easily extended to preserve other intensity features, such as
color or texture.
Our key observation is that the overall intensity of many
substructures can be modeled as a simple Gaussian distribution N (μ, σ 2 ) to account for image noise. By computing
such a Gaussian for every segment in U , we can determine
the probability P(V ( p)|μ, σ 2 ) of a pixel p in slice V to
be assigned a specific segment. For each segment SiU from
slice U and corresponding Gaussian N (μi , σi2 ), the unary
term  p can be defined by evaluating all the pixels in slice V
against this distribution by using a negative log likelihood
function
(7)
 p (SiV ) = − ln[P(V ( p)|μi , σi2 )].
In practice, we may limit this likelihood to the same dilated
region as shown in Figure 1(a), but with a larger dilation distance d to enforce spatial coherence between slices. Figure 5
shows a comparison between our baseline approach using the
unary term as in Section III vs. the method outlined in this
section to propagate a manually created segmentation in U to
a new slice V .
Similar to the shape-preservation strategy discussed in the
previous section, it is possible, and fast, to apply the intensitypreservation strategy on all of the many substructures or a
selected subset of them in a slice.
V. E XPERIMENTS
In this section, we use four 3D materials images to evaluate
the performance and illustrate the versatility of the proposed
method. Each consists of a sequence of 2D image slices
and has different sizes, imaging modalities, properties, and

S EGMENTATION , S HOWING THE T IME N EEDED FOR A H UMAN TO
S EGMENT E ACH S LICE , THE W IDTH  OF THE B OUNDARIES (VARIES
D UE TO R ESOLUTION ) B EFORE T HEY A RE T HINNED , AND THE
AVERAGE L OCAL N ON -H OMOMORPHISM N H FOR E ACH D ATASET

Fig. 6. Cropped samples of a single slice from of each dataset. (a) β-Ti
grains in Ti-21S [25], courtesy of Dave Rowenhorst, NRL. (b) Martensite lath
structure in steel [26], also courtesy of Dave Rowenhorst, NRL. (c) Cotyledon
plant embryo [27] provided by JC Palauqui, INRA. (d) NanoEnergetic
Epoxy [28], obtained from [29].
TABLE III
S UMMARY OF M ETHODS AND PARAMETERS U SED ON E ACH D ATASET

varying levels of homomorphism, as summarized in Table I.
Samples are shown in Figure 6. Specifically, to measure the
local non-homomorphism of a sample, as shown by N H in
Table II, we find
NH =

1  |AU ∩ AV |
n −1
|AU ∪ AV |
(U,V )

which is the average of the Jaccard similarity coefficient of the
adjacency sets over all n − 1 neighboring pairs of slices. Thus
this measure shows how applicable the proposed method will
be without the extensions proposed in Section IV-A. For all
datasets, when running the proposed method, we start with a
ground-truth segmentation on a single initial slice, propagating
it to segment the neighboring slice(s). We then propagate the
segmentations on the neighboring slice(s) to segment their
neighboring slices. This process is repeated until all the slices
are segmented.
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A. Evaluation Metric
For performance evaluation, we have manual ground-truth
segmentations of all slices, as summarized in Table II,
provided by materials scientists and/or constructed by trained
image processing experts.
We evaluate a segmentation result by computing the coincidence between the detected boundaries and the ground truth
substructure boundaries. Specifically, we erode all boundaries
(ground truth and evaluated boundaries) to a single pixel in
width, counting true positives among the evaluated boundary
pixels that are within a fixed distance of the ground truth,
and treat all other pixels as false positives. Similarly, ground
truth boundary pixels that are not within the same distance of
the evaluated boundary pixels are taken as false negatives. We
use the associated unthinned boundary width for the evaluated
dataset, shown by  in Table II, as this evaluation distance.
Doing so makes this measurement independent of resolution.
With these measures, we then calculate the precision and
recall [30] on all propagated slices (excluding the initial slice).
We also calculate a summary F-measure that integrates the
precision and recall using the harmonic mean [31]. The x-axis
for all figures shows the slice number.
For every dataset using propagated methods, we try every
possible selection of initial slice to show the robustness of the
proposed method. We then aggregate the performance resulting
from different initial slices by finding an average and standard
deviation for each slice and show an average and error bars
in figures for experiments that are performed in this manner.
For comparison methods that are not based on propagation
(ie., treat every image individually without an initial slice),
we simply show the raw performance without error bars. In
no way is the ground truth included in the performance scores
for any of the methods directly.
We additionally introduce another measure to help verify
that a segmentation is indeed reflective of a good segmentation
for materials imaging purposes: the difference in number of
segments, which we call the cardinality difference. Specifically, we measure R = |G| − |S| where |G| is the number of
distinct segments in the ground truth, and |S| is the number of
segments in the evaluated segmentation. Thus, positive values
indicate undersegmentation, while negative values indicates
oversegmentation.
We conducted all our experiments on a single core of a
2GHz Linux workstation with 8GB of memory. No single
propagation requires more than 40 minutes to complete with
any of the methods discussed in this paper. Specific runtimes
are shown in Table I.
B. Comparison Methods
To justify the proposed method, we compare its performance
to three widely used 2D image segmentation methods: watershed, normalized cut and thresholding (on Dataset 4 only).
For general-purpose materials image segmentation, there is no
systematic study to show which method is the state-of-the-art.
The comparison methods were selected because: (1) all are
widely-used, (2) watershed has been shown to be particularly
suitable for segmenting grain or cell-like structures, and can

be adapted to consider 3D structure continuity between slices
which we find to be particularly beneficial to 3D materials
image segmentation, and (3) normalized cut is representative
of a global image segmentation, which has attracted more
attention in recent years.
More specifically, we use a MATLAB implementation of
watershed based on [32], and the normalized cut method, using
a linear-time multiscale implementation based on [33]. For the
thresholding method, we use Otsu’s method [34] to determine
the threshold. For an apples-to-apples comparison, we extend
the watershed method to propagate a segmentation from one
slice to another.
For the watershed extension, which we call propagated
watershed, markers for each non-background segment are
identified and propagated to a new slice to enforce consistency
between slices [35], starting from the same initial slice used
in the proposed method. When propagating from S U to V
to obtain S V , we erode each segment SiU by the same d
value (used by the proposed method for dilation) and take
this as the marker for the propagated watershed method.
This actually restricts the segmentation boundary resulting
from the propagated watershed method to be fully located
within the same dilation region as in the proposed method.
For small segments, such erosion may completely remove
them. In this case, we either take the segment’s center as
a single-pixel marker, or omit the marker for this segment
entirely. For each dataset we try both strategies, and report
the better performance for propagated watershed. In addition,
we tested 50 different minima suppression levels, selecting the
best for each individual dataset.
The normalized cut method requires the number of segments
as input, so we provide the exact number of segments from
the ground truth for each slice. Due to this, the cardinality
difference (see Section V-A) for normalized cut is always near
zero. For edge-based images, we modify the normalized cut
method accordingly.
Due to the limitations of the normalized cut implementation,
we scale down high-resolution slices before applying the
normalized cut algorithm, and then scale the resulting segmentation back to the high resolution (using nearest-neighbor
approximation) before evaluation. Because of this, normalized
cut’s qualitative results may exhibit small “blocky” errors
along the boundaries.
C. Dataset 1: β-Ti Grains in Ti-21S
In our experiments, we use a sequence of 11 microscopic
titanium images to show the importance of incorporating local
non-homomorphism as discussed in Section IV-A. As edge
images, each Ti-21S slice has a resolution of 750 × 525, and
consists of ∼120 β-Ti grains, which are the substructures of
interest, as shown in Figure 6(a). These grains are all adjacent,
meaning that there is no notion of a “background” in this
material. The dilation size is set to 20 pixels for constructing
the unary term in the homomorphic method.
Since this dataset may have local non-homomorphism, and
all associated objects are adjacent to each other, we use the
strategy presented in Section IV-A. Thus, we must define
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Fig. 9. Zoomed view of segmentation results on selected slices using the
proposed method, propagated watershed, and normalized cut, along with the
ground truth on Dataset 1. Each column shows a slice of different distance
from the initial slice.
1
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0.98

60
Cardinality Difference

several
functions:
D ISAPPEARANCE C ANDIDATES (G),
L OCATE S EED,
and
A PPEARANCE C ANDIDATES (G),
V ERIFY (G r ). For this material, we identify each segment
(resulting from the homomorphic method) that is less than
200px in size as a candidate segment for disappearance.
In D ISAPPEARANCE C ANDIDATES (G), we take each such
segment, combined with all its adjacent segments, as a local
candidate region. For example, considering segment S2 , we
construct the local candidate region consisting of S1 ∪ · · · ∪ S5
as shown in Figure 7(b). For A PPEARANCE C ANDIDATES (G),
we consider the possible appearance of a new substructure
at each triple junction. Therefore, the local candidate region
is made up of the segments around each triple junction,
as shown by the region surrounded by the dashed curve in
Figure 7(a).
For substructure appearance, we must additionally define
L OCATE S EED such that we can identify where substructures
may emerge in the new slice V . Around triple junctions, we
select seeds at a fixed radius R (30px for this material) from
the center of each triple junction, as illustrated in Figure 7(a).
Finally, for V ERIFY (G r ), we check each segment introduced
in the local non-homomorphic strategy, keeping this segment
if more than 66% of this new segment’s boundary has an
|V |
3
3
intensity that is higher than 2|V
i=1 pi , which is 2 × the
|
average intensity of all the pixels in slice V . This makes
V ERIFY adaptive to the overall brightness of a considered
slice. For the case of substructure disappearance, if an existing
segment disappears in the local non-homomorphic strategy,
V ERIFY keeps this segmentation.
For this dataset, we conduct three additional experiments to
better illustrate our method’s contribution. First, we show the
effect of different values of d with an experiment in Figure 8
where the evaluated performance of the proposed method,
across multiple slices, becomes roughly uniform once the
value of d is large enough to accommodate the variation from
one slice to the next. The results of these experiments are
shown in Figure 9 and Figure 10.
Second, we conduct another experiment that uses an adaptive selection of d. Specifically, this is done by finding a
corresponding segment S̃iV from the watershed segmentation
result for each SiU and using the size change to estimate the

Fig. 8. Segmentation performance on the 11 slices in Dataset 1 using different
values for the dilation parameter d. The ground truth for slice 6 is used
as the initial segmentation S U for each run.

F−measure

Fig. 7. Illustration of candidate region definition and seed point identification
in Dataset 1. (a) Seed points s1 , s2 , s3 around triple junction P at distance R.
(b) Disappearance candidate S2 that will disappear after applying the proposed
local non-homomorphic strategy because S2 is located within the union of
the dilated regions of its neighboring segments. The dilated region of each
neighboring segment is enclosed by a dashed curve of the same color as its
segment label.
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Fig. 10. (a) The segmentation F-measures for the proposed method, the
watershed method, and normalized cut on the 11 tested slices of Dataset 1.
(b) Cardinality difference measure for all evaluated methods.

value of d for each SiU . The performance of this method
(“Proposed w/ Adaptive d”) is roughly comparable to the
fixed-d experiment (“Proposed w/ Fixed d”), as shown in
Figure 10.
Finally, we conduct an experiment to show the necessity of
considering homomorphism in materials segmentation. Instead
of using explicit homomorphic and non-homomorphic methods, we conduct a single round of energy minimization, where
the ∞ penalty in Eq. (2) is removed to allow structures to
disappear, and a dummy segment is introduced in the same
dilated region used by the homomorphic method to capture
possible appearing structures. From our experimental results,
we also slightly penalize non-dummy segments in the  p term
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Fig. 11. The segmentation F-measures for the proposed method and the
propagated watershed method on the 11 tested slices of Dataset 2. The curve
labeled “Proposed w/o Shape” is the method discussed in Section III without
the shape preservation strategy discussed in Section IV-B.

to obtain better performance. If the resulting dummy segment
contains multiple, disjoint regions, we take each of these
disjoint regions as individual segments for further propagation.
After trying many non-dummy segment penalties for  p , we
include the best possible performance of this dummy segmentbased method (“Dummy Segment”) in Figure 10. We can see
that this dummy segment-based method does not perform as
well as the proposed method. The major reason is that between
neighboring slices, the topology is largely homomorphic, with
only some small, local non-homomorphism. The proposed
method considers both of these two properties: starting with
the homomorphism propagation in the whole image, followed
by a local non-homomorphic method. The dummy segmentbased method does not consider any homomorphism at all,
and thus leads to poorer performance.

D. Dataset 2: Martensite Lath Structure in Steel
In this section, we segment 7 martensite lath substructures
(plus the background) in a sequence of 11 homomorphic,
high-resolution (1600 × 1200) steel material slices [26] to
evaluate the use of the shape preservation strategy introduced
in Section IV-B. A cropped portion of this material is shown
in Figure 6(b). The substructures are characterized by consistent, often elongated shapes whose boundaries can, in some
instances, be difficult even for a human segmenter to identify.
Many substructures are not salient or obscured by noise, and
only the most salient substructures—as identified by materials
scientists—are included in the ground truth. Because nonpropagated methods cannot discriminate among desired or
undesired substructures, we only evaluate the proposed method
and the propagated watershed method. Note that this dataset
is homomorphic (N H = 0), and as such we do not display
the cardinality difference measure, since both methods always
obtain the same number of structures.
Since this dataset is made up of intensity images, we use
Eq. (3) in conjunction with Eq. (2) as the binary term  pq
in the energy minimization for the proposed method. For the
unary term  p , we set the dilated size (see Section III) to
be 10px, and we additionally enforce skeleton propagation,
eroding the skeleton by 5px, as discussed in Section IV-B. The
background is treated as any other substructure. Quantitative
results are shown in Figure 12.

Fig. 12. Segmentation results on a selected substructure using the proposed
method and propagated watershed, along with the ground truth on Dataset 2.
Each column shows a slice of different distance from the initial slice.

Fig. 13. (a) Magnified view of the cotylendon biomaterial in Dataset 3.
(b) An unsatisfactory segmentation that incorrectly makes many cells adjacent
to each other. (c) A correct segmentation of (a) where cells are not adjacent.
(d) The background (blue).

E. Dataset 3: Cotyledon Plant Embryo
In this section, we test the proposed method on a sequence
of 38 microscopic image slices with largely-consistent objects
(ie., few local non-homomorphic local regions) of cotylendon [36], imaged with confocal laser scanning microscopy,
courtesy of JC Palauqui. Cotylendon is a plant embryo that
is pivotal to the early development of many plants and the
substructures of interest in this dataset are cells, as shown
in Figure 6(c). We can see that, different from Dataset 1, cells
in this dataset are generally not adjacent to each other and
separated by a non-cell structure, which we call “background”
(shown in blue in Figure 13(d)) in this dataset.
As shown in Figure 13(c), the desired segmentation of the
cotylendon biomaterial has limited shared boundaries between
cells, unlike the incorrect segmentation shown in Figure 13(b).
The human-supplied ground truth is very accurate (roughly
2px wide) to capture these minor details, but requires a
significant amount of time to obtain per slice, as shown in
Table II. Note that this dataset represents a cohesive layer of
cells extracted from a larger volume. The beginning and end of
this layer exhibit strong confocal blurring, making it difficult
to identify substructures. Also, slice 23 exhibits an intensity
variation that the surrounding slices do not, leading to poorer
performance on this slice compared to others.
For the proposed method, we handle the background segment SbV separately. Specifically, we set  pq as
⎧
i= j
⎨ 0,
i = b and j = b
 pq (SiV , S Vj ) = ∞,
⎩
g( p, q), i = b or j = b, but not both
(8)
which is similar to Eq. (2), but it specifically forces a fixed
topology: all cells are adjacent to the background and no cells
are adjacent to each other. For g, we use Eq. (4) since this
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Fig. 14. (a) The segmentation F-measures for the proposed method, the propagated watershed method, and normalized cut on Dataset 3. (b) Cardinality
difference measure for all evaluated methods.

dataset is an edge image. For the unary term  p , we use the
method outlined in Section III, with a dilation of 10px.

Fig. 15. Zoomed view of segmentation results on selected slices using the
proposed method, watershed, and normalized cut, along with the ground truth,
on Dataset 3. Each column shows a slice of different distance from the initial
slice.
1

F. Dataset 4: NanoEnergetic Epoxy

G. Analysis
Figures 9–17 show the segmentation results on these
four datasets. The incorporation of the additional strategies from Section IV each improve performance by varying
degrees: specifically the local non-homomorphic strategy from
Section IV-A on Dataset 1, the shape consistency strategy from
Section IV-B on Dataset 2, and the appearance consistency
strategy from Section IV-C on Dataset 4. We also show the
performance of the base homomorphic propagation method on
Dataset 3.
Although the watershed method has been used to segment images with many grains or cells [37], the propagated
watershed method’s F-measure is lower than the proposed
method on all datasets, as shown in Figure 10(a), Figure 11,
Figure 14(a), and Figure 16 (a). We believe this is because
the proposed method considers (non-)homomorphism in the
propagation. Propagated watershed provides a low cardinality
difference compared to the proposed method on Dataset 3,
as shown in Figure 14(b). The reason is that, on Dataset 3,
we always keep markers for each segment when eroding a

Cardinality Difference

F−measure

Finally, we apply our segmentation to a NanoEnergetic
Epoxy volume consisting of ∼160 different substructures
across 12 high-resolution (1288 × 957) slices, as shown in
Figure 6(d). While there is local non-homomorphism, we show
that the performance of our method without the strategy in
Section IV-A is still comparable to other methods. Intensity
thresholding is typically applied to these images to separate
substructures of interest and the background. However, there
are many very small substructures that are not directly relevant
to the segmentation process, as well as substructures with less
clear boundaries, which leaves room for improvement using
the proposed method.
For comparison purposes, we use the proposed method,
along with watershed, normalized cut, and image thresholding to segment this dataset. We use the method detailed in
Section IV-C where we use the negative log likelihood of the
appearance for the  p term.
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Fig. 16. (a) The segmentation F-measures for the proposed method, the
propagated watershed method, normalized cut, and image thresholding the 12
tested slices in Dataset 4. (b) Cardinality difference measure for all evaluated
methods.

segment for marker construction (see Section V-B), and the
non-homomorphism score for this dataset is very low (0.0095).
Normalized cut performs even more poorly on all datesets.
Though we supply normalized cut with the ground-truth
number of substructures, it fails to capture many of the more
difficult boundaries, such as the gaps in Dataset 1, the thick
boundaries of the nonadjacent cells in Dataset 2, and the
background separating structures in Dataset 4, as shown in
Figure 9, Figure 15, and Figure 17, respectively. Dovetailing
with this, the thresholding method shown on Dataset 4 does
achieve a competitive F-measure (as do other methods on this
dataset), however, it clearly oversegments the substructures, as
shown in Figure 16(b).
Overall, by integrating different unary and binary terms,
a homomorphic and local non-homomorphic approach, and
incorporating shape and appearance priors, the proposed
approach is able to compete with a variety of different
methods–both 2D and propagated–across a large variety of
datasets.
One of the limitations of the proposed method is that the
segmentation errors may accumulate after repeated propagation. For real applications, this can be addressed by using multiple initial slices distributed throughout a volume, as well as
manual correction of each slice before further propagation. Our
method also does not incorporate specific materials properties.
In our future work, we plan to investigate dataset-specific
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Fig. 17. Segmentation results on selected substructures using the proposed
method, propagated watershed, normalized cut, and image thresholding, along
with the ground truth on Dataset 4. Each column shows a slice of different
distance from the initial slice.

priors, either by building them into the energy functional
or augmenting our local non-homomorphic approach from
Section IV-A.
VI. C ONCLUSION
In this paper, we developed a segmentation propagation approach for segmenting 3D materials images. In this
approach, a 2D segmentation is propagated repeatedly from
a slice to its neighbors and we developed new strategies to
consider shape, intensity, and homomorphic constraints during
this propagation. To handle non-homomorphism, we developed
a strategy to identify and accommodate possible local nonhomomorphism. To preserve the shape of substructures in
the propagation, we extracted the skeleton of a considered
substructure of interest and passed both its location and
assigned segment to the new slice. To incorporate intensity
of substructures, we modeled the intensity distribution of the
substructure of interest, and used this to help identify the
same substructure in the new slice. We tested the proposed
method on different materials datasets and achieved promising
performance that is superior to the well-known watershed and
normalized cut methods.
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