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ABSTRACT

Accurately segmenting a series of 2D serial-sectioned images for multiple, contiguous 3D structures has important
applications in medical image processing, video sequence analysis, and materials science image segmentation.
While 2D structure topology is largely consistent across consecutive serial sections, it may vary locally because
a 3D structure of interest may not span the entire 2D sequence. In this paper, we develop a new approach to
address this challenging problem by considering both the global consistency and possible local inconsistency of the
2D structural topology. In this approach, we repeatedly propagate a 2D segmentation from one slice to another,
and we formulate each step of this propagation as an optimal labeling problem that can be eﬃciently solved
using the graph-cut algorithm. Speciﬁcally, we divide the optimal labeling into two steps: a global labeling that
enforces topology consistency, and a local labeling that identiﬁes possible topology inconsistency. We justify the
eﬀectiveness of the proposed approach by using it to segment a sequence of serial-section microscopic images of an
alloy widely used in material sciences and compare its performance against several existing image segmentation
methods.
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1. INTRODUCTION
Images of 3D structures made up of multiple 2D slices play an important role in a myriad of ﬁelds, including
video analysis and compression,1 medical imaging,2 and civil and industrial materials science.3 Everything
from tomographic sequences and 3D structure volumes to medical CT/MRI and video sequences make up this
vast array of serial-sectioned data, which form a collectively challenging set of problems for image segmentation.
While signiﬁcant research has been made on many of these problems, one basic issue has not been speciﬁcally and
systematically addressed: how to model and identify both 2D topology consistency and possible inconsistency
across slices in image sequence segmentation. In this paper, we address this issue by developing an image sequence
segmentation method, which propagates a 2D segmentation sequentially from one slice to another.
As illustrated in Fig. 1, the 3D structure of interest is made up of multiple contiguous substructures, and the
2D topology 4, 5 consistency is reﬂected by the fact that nearby series sections show similar substructures (e.g.,
s1 ↔ s2 ). However, inconsistency may be introduced when the series section moves into a new substructure
or moves out of an existing substructure (e.g., s2 ↔ s3 , and s3 ↔ s4 ). The segmentation of such structures
becomes a very challenging problem when the number of substructures is large and such 2D topology changes
are not known. This is a common phenomenon in many ﬁelds, such as segmenting cells in medical imaging,
grain structures in materials science, and crowd scenes in video surveillance. Some previous work employs direct
3D segmentation instead of segmenting 2D slices sequentially; however, direct 3D segmentation may not work
when there is large intensity and contrast changes across these slices6 and/or inter-slice resolution is much lower
than the intra-slice resolution.7 The method proposed in this paper speciﬁcially focuses on segmenting images
with a large number of contiguous substructures.
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Figure 1: An illustration of 2D structure topology consistency (s1 ↔ s2 ) and possible inconsistency (s2 ↔ s3
and s3 ↔ s4 ) across slices.
Related to the proposed method are tracking and tracking-based segmentation methods that have been
successfully used in video8 and medical imaging.9 However, they typically track a single structure, or a small
number of substructures, and they cannot usually well-handle topology inconsistency and large numbers of
substructures. The segmentation of a large number of substructures is usually obtained by a 2D segmentation
algorithm such as watershed10–12 and normalized cut.8, 13, 14 For some of these 2D segmentation methods, such
as watershed, 2D topology consistency can be imposed across slices to achieve more consistent image sequence
segmentation.15 In Section 5, we conduct experiments to compare the performance of the proposed method with
the normalized cut and watershed methods.
In this paper, we develop a new method to segment a sequence of images by repeatedly propagating a 2D
segmentation from one slice to another. We formulate this process as an optimal labeling that can be eﬃciently
solved using the graph-cut algorithm. To maintain general 2D topology consistency across slices, we ﬁrst run a
global labeling to produce an initial segmentation on the new slice. We then run a series of local relabelings to
reﬁne the segmentation by identifying and correcting possible 2D topology inconsistencies.

1.1 Application to Materials Science Images
In this paper, we apply the proposed method to segment metallic materials science images. For simplicity, we
also use material science images for our algorithm development. With many desirable mechanical, electrical,
thermal, chemical, and manufacturing properties, metallic materials play an important role in both civil and
military industries. These properties are strongly dependent on the detailed microscopic substructure of the
material.16 In particular, most metallic materials consist of a large number of microscopic crystals, or “grains,”
and accurate segmentation of these grains can substantially facilitate the analysis of material properties and
shorten the design period for new metallic materials.
Automatic segmentation of metallic images is a highly challenging problem. Aside from the possible topology
inconsistency across slices and the vast number of substructures present, these images also contain various kinds of
noise and ambiguities, as shown by the two serial-section images of a titanium sample in Fig. 2 (a) and (b), where
some grain boundaries may be less distinct than other boundaries (e.g., g1 ). In addition, some undesired scratches
inside the grains may exhibit high intensity similar to grain boundaries (e.g., g2 ). Such image noise and ambiguity
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Figure 2: An illustration of the challenges in metallic image segmentation. (a) & (b) Two image slices of a
titanium sample. Grain g1 contains indistinct boundary segments, grain g2 contains undesired image noise, and
grain g3 exhibits inconsistent intensity between these two slices.
makes it diﬃcult to accurately extract all the grain boundaries by edge detection17, 18 or intensity thresholding.19
Furthermore, the chemical processing, together with lighting changes during the microscopic imaging, often leads
to inconsistent image intensity across slices. For example, grain g3 exhibits diﬀerent intensities between the two
slices shown in Fig. 2. This makes it diﬃcult to directly apply a 3D volumetric image segmentation method.20
We believe the capability of the proposed method to handle such a challenging problem is a good indication that
it can be extended to other image sequence segmentation applications.

2. OPTIMAL LABELING WITH GRAPH CUT
In this paper, we primarily use the multi-labeling framework described in,21–23 where image segmentation is
formulated as an assignment of labels to each pixel and the pixels with the same label constitute a segment. As
described in,21–23 the objective of the multi-labeling algorithm is to ﬁnd a labeling function f by minimizing the
energy function


E(f ) =
Dp (fp ) +
Vpq (fp , fq ),
(1)
p∈P

{p,q}∈N

where P is the set of image pixels, fp is the label of pixel p ∈ P, and N is the set of pixel pairs that are neighbors.
In this paper, a pair of pixels are considered neighbors if they are 4-connected. The data term Dp (fp ) describes
the cost of assigning label fp to pixel p and the smoothness term Vpq (fp , fq ) describes the cost of assigning labels
fp and fq to two neighboring pixels p and q, respectively. In,24 it is shown that ﬁnding the globally optimal
labeling that minimizes energy Eq. (1) is an NP-hard problem. However, the minimum graph-cut algorithm can
be applied to eﬃciently ﬁnd a locally optimal labeling. For our purposes, we will deﬁne a specialized data term
Dp (fp ) and smoothness term Vpq (fp , fq ) for propagating a 2D image segmentation from one slice to another.

3. GLOBAL LABELING
Fundamentally, the proposed algorithm repeatedly propagates 2D image segmentations from one slice to another.
The 2D segmentation of an initial slice is constructed either manually or using an automatic or semiautomatic
method. We ﬁrst focus on the entire image by enforcing consistent topology during this propagation. We use
the multilabeling algorithm described in Section 2 to achieve this purpose.
Let’s consider propagating the 2D segmentation from slice S to a neighboring slice I. The segmentation of
slice S is available in the form of a label matrix, where each pixel is assigned a label. In this paper, we use
{g1 , g2 , . . . , gn } to identify labels and segments when there is no ambiguity; n is the total number of segments in
slice S. Our goal is then to ﬁnd an optimal labeling on slice I, using the same set of labels in S, such that the
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identiﬁed 2D segments with the same label in these two slices represent two diﬀerent serial sections of the same
3D structure.
Considering the structural continuity, we ﬁrst make the assumption that the serial sections of the same
structure in slices S and I have good spatial overlap, while their 2D boundaries may show limited rigid or
nonrigid deformation. This is a valid assumption in a number of ﬁelds (e.g., medical and materials) and is valid
in a number of special cases in many other ﬁelds (e.g., high-speed video). With this assumption, we use the
following two steps to deﬁne the data term Dp for labeling slice I:
1. Morphologically dilate each segment in slice S, as illustrated in Fig. 3 (a).
2. Map the dilation results onto slice I. We set Dp (gi ) = 0 if pixel p is located in the dilated segment of gi ,
and Dp (gi ) = ∞ otherwise. For example, Fig. 3 (c) is the data term deﬁned for three pixels p1 , p2 , and p3
shown in Fig. 3 (b).

p1

g1

p2

g1

g2

g2

p3

g3
S

g3
I

(a)

(b)

D
p1
p2
p3

g1
0
0
0

g2
∞
0
0

g3
∞
∞
0

(c)

Figure 3: An illustration of deﬁning data term Dp in global labeling. (a) Dilate g1 , g2 , and g3 in slice S. (b)
Map dilated segments to slice I. (c) Data term Dp deﬁned for pixels p1 to p3 in (b).
Clearly, this deﬁnition of the data term enforces the structural continuity between two neighboring slices.
The dilation size is determined by the maximum possible spatial variation between the 2D serial sections of the
same 3D structure from one slice to another. In general, the smaller the distance between two neighboring slices,
the smaller the dilation size needed. Thus, though it is a free parameter, the dilation size can be computed
directly from knowledge of the application domain and/or imaging process in many instances. In this paper,
we select a constant dilation size, derived from properties of the metallic material slices we segment, for all our
experiments.
To preserve consistent topology between two neighboring slices S and I, we further deﬁne the smoothness
term Vpq as
⎧
fp = fq
⎨ 0,
∞,
fp = fq ∧ fp  fq
(2)
Vpq (fp , fq ) =
⎩
255
,
f
=

f
∧
f
⇔
f
p
q
p
q
max(Ip ,Iq )
where fp ⇔ fq indicates that the segments with label fp and the segment with label fq are neighboring segments
in slice S. When fp  fq , we set the smoothness term to be ∞ to prevent fp and fq from being neighbors when
labeling the new slice I. Ip and Iq are the pixel intensities (in the range of [0, 255] for the images we use in this
255
paper) at p and q in slice I. We deﬁne the smoothness term to be max(I
for the case fp ⇔ fq to penalize
p ,Iq )
boundaries that pass through low-intensity pixels. As illustrated in Fig. 2, the low intensity pixels are more
likely part of the grain interior for the example metallic slices.
With the data term and the smoothness term, we can apply the graph-cut algorithm to obtain an optimal
labeling on slice I. Fig. 4 shows an example of global labeling on a metallic image. For clarity, we show a
magniﬁed view of the labeling result in a small window.
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Figure 4: Magniﬁed view of the global labeling in a small window. (a) Grain boundaries in slice S copied to
slice I. (b) Grain boundaries in slice I after global labeling.

4. LOCAL RELABELING
The global labeling discussed in Section 3 is all that is necessary to propagate a segmentation from one slice to a
neighboring slice while preserving the pairwise neighboring relations between segments, which we call topology
in this paper. However, there are three problems that are either introduced by the global labeling or are not
addressed by global labeling. Note that we adopt materials science-speciﬁc terminology (e.g., “grains” instead
of “segments”) to make this discussion easier, though the ideas presented here can be adapted and generalized
to any of a number of domains.
Problem I: Certain grains in slice S may disappear in slice I when the serial section plane moves out of these
grains, as shown by grain g2 in Fig. 5. Such grains are usually very small and completely covered by the dilation
of its neighboring grains in slice S. The global labeling may remove such grains in slice I automatically, if the
removal of such grains does not change the pairwise neighboring relations of other grains, as shown in Fig. 5 (d-e).
However, in some cases, the disappearance of such grains may change the pairwise neighboring relations of other
grains. An example is shown in Fig. 5, where the disappearance of g2 makes g1 and g3 neighbors, which leads to
an inﬁnity smoothness term according to Eq. (2). As a result, the global labeling is undesirably forced to retain
the label g2 as shown in Fig. 5 (b).
Problem II: Grains with small size in the new slice I may be removed by the global labeling if its absence
does not change the pairwise neighboring relations in other grains. An example is shown in Fig. 6, where the
global labeling in slice I does not retain label g4 , causing it to be merged into segment g2 . The reasons are
threefold: (i) the dilations of g1 , g2 , and g3 in slice S, when mapped to slice I, cover grain g4 entirely. (ii)
The absence of g4 in I does not alter the pairwise neighboring relations of other grains deﬁned in S (i.e., g1 , g2 ,
and g3 are neighbors, whether g4 is preserved or removed). This way, the removal of g4 does not introduce inﬁnity
penalty in the smoothness term Eq. (2). (iii) The energy function Eq. (1) favors the usage of fewer labels: the
fewer the labels, the shorter the total boundaries, and the smaller the energy.
Problem III: A new grain may appear when moving from slice S to slice I, as shown by the grain g4 in
Fig. 7 (c). As shown in Fig. 7 (b), the global labeling cannot introduce a new label for this new grain in S. There
are two cases for this problem. Case I: the appearance of this new grain does not change the pairwise neighboring
relations of other grains deﬁned in slice S, as shown by the example in Fig. 7 (a-c). Case II: the appearance of
this new grain does change the pairwise neighboring relations of other grains deﬁned in slice S, as shown by the
example in Fig. 7 (d-f).
In this section, we propose three strategies to address the above problems. In these strategies, we identify
local regions with such problems, modify the data term and/or smoothness term, and then run the optimal
labeling algorithm to relabel the grains in such local regions.
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Figure 5: An illustration of Problem I. (a) Slice S, where grains g1 and g3 are not neighbors. (b) Slice I,
where the global labeling refuses to remove g2 , because it would cause g1 and g3 to be neighbors. (c) The local
relabeling result on slice I after applying Strategy I. (d) Segmentation of slice S. (e) Global labeling of slice I
by propagating segmentation from (d). Note that the center grain in (d) disappears in slice I, as desired.
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Figure 6: An illustration of Problem II. (a) Slice S, where g4 is labeled. (b) Slice I, where g4 is undesirably
missed in global labeling. (c) The local relabeling result on slice I after applying Strategy II.
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Figure 7: An illustration of Problem III. (a) Slice S, where g4 is not present. (b) Slice I with a new grain g4
but not detected by the global labeling. (c) The local relabeling result on slice I after applying Strategy II. (d-f)
Another example analogue to the one shown in (a-c). The diﬀerence is that the appearance of g4 changes the
pairwise neighboring relations of other grains deﬁned in S and the local relabeling result in (f) is achieved using
Strategy III.
Strategy I: For each small segment g resulting from the global labeling, we evaluate its grain likeliness, which
¯
¯
is based on I(g),
the average intensity along the boundary of g in slice I. If I(g)
is low by a given criterion,
we consider it to be a potentially undesirable grain as described in Problem I. We identify a local region which
consists of grain g and all its neighboring grains from the global labeling, as shown in Fig. 8 (a). In this local
region, we rerun the labeling by using the data term deﬁned in the global labeling and the smoothness term
updated by removing the inﬁnity cost in Eq. (2) for non-neighboring grains. This way, it is possible to remove g
as desired, since the optimal labeling algorithm favors the usage of fewer labels. If g is indeed removed, we
update the global labeling result by incorporating the changes made in this local relabeling. One example of
applying this strategy to address Problem I is shown in Fig. 5 (c). The criteria for evaluating the grain likeliness
will be discussed in Section 5.
Strategy II: We treat each “Y” junction P found in the global labeling on slice I as a potential location of
Problem II or Case I of Problem III. We identify a local region that consists of its three neighbors g1 , g2 , and g3 ,
as shown in Fig. 8 (b) and rerun the optimal labeling in this local region. For the data term and smoothness
term in this local region, we make the following updates. First, we construct a small circular region R around P ,
with radius r as the zero data-term region for a new label gR , as shown in Fig. 8 (b). As before, the smoothness
term is updated by removing the inﬁnity cost in Eq. (2). The zero data-term regions for g1 , g2 , and g3 are the
same as the global labeling. In addition, we select seeds for g1 , g2 , g3 , and gR to prevent the removal of any of
these four labels in the local relabeling. For a seed pixel associated with a label, we deﬁne the data term to be
inﬁnity cost when this pixel is assigned any other label.
As shown in Fig. 8 (b), we use the centroids of g1 , g2 , and g3 as their respective seeds. We then uniformly
sample points (e.g., c1 , c2 , c3 in Fig. 8 (b)) along a circle around P with a radius r2 as candidate seeds of gR .
With each candidate seed ci of gR , together with the seeds for g1 , g2 , and g3 , we run the optimal labeling in
this local region, attemping to ﬁnd grains that were undesirably missed in Problem II and Case I of Problem III.
Speciﬁcally, for each candidate seed of gR , this local relabeling is used to generate a new segment gR , for which
we calculate its grain likeliness as deﬁned in Strategy I. We take the local relabeling from the candidate seed
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Figure 8: Illustration of Strategies I, II, and III. (a) Remove undesired grain g2 using Strategy I. Arrows indicate
the dilation direction of grain g1 , g2 , g3 and g4 . Interior dashed curves indicate the dilated boundary of these four
grains. (b) Finding new or mistakenly removed grains around a “Y” junction P using Strategy II. (c) Finding
new grains around a boundary fragment P Q using Strategy III.
that results in a new grain gR with the largest grain likeliness. If this grain likeliness is high, we update the
global labeling result by incorporating the changes made in this local relabeling. An example of applying this
strategy to address Problem II is shown in Fig. 6 (c), and an example of applying this strategy to address Case I
of Problem III is shown in Fig. 7 (c).
Strategy III: We treat each boundary fragment P Q shared by two grains g1 and g2 found in the global
labeling on slice I as a potential location for Case II of Problem III. We identify a local region that consists of g1
and g2 , as shown in Fig. 8 (c) and rerun the optimal labeling in this local region. For the data term in this local
region, we construct a region R by dilating the fragment P Q and use this region as the zero data-term region for
a new label gR , as shown in Fig. 8 (c). The smoothness term is, as before, updated by removing the inﬁnity cost
in Eq. (2). As shown in Fig. 8 (c), we use the centroids of g1 and g2 as their respective seeds. We then uniformly
sample points (e.g., c1 , . . . , c10 in Fig. 8 (c)) in R along both sides of P Q as candidate seeds of gR . The distance
between each candidate and the fragment P Q is set to be half of the dilation size in constructing R. Similar
to Strategy II, we run optimal labeling for each candidate seed to identify new potential grains as described
in Case II of Problem III and update the global labeling result when necessary. An example of applying this
strategy to address Case II of Problem III is shown in Fig. 7 (f).

5. EXPERIMENTS
To evaluate the performance of the proposed method, we collect a sequence of 11 microscopic titanium images.
We start with the ground-truth segmentation on the ﬁrst slice and propagate it to segment the second slice. We
then propagate the segmentation on the second slice to segment the third slice. This process is repeated ten times
to segment all slices. The proposed method, which combines a global labeling and multiple local relabelings, is
used for each step of the propagation. Each image slice has a resolution of 750 × 525. The dilation size is set
to 20 pixels for constructing the zero data-term region in the global labeling. The radius of the region R is set
to 30 pixels in Strategy II, and the dilation size for region R is set to 40 pixels in Strategy III. These values are
selected according to the intra-slice resolution. In our experiments, grain likeliness is considered to be high if
¯ where I¯ is the average intensity
66% of the pixels along its boundary have an intensity that is larger than 32 I,
of all the pixels in slice I. Otherwise, we consider this grain likeliness to be low. This makes the grain likeliness
evaluation adaptive to the overall brightness of a considered slice. In Strategy I, we consider a grain to be small
if it contains less than 200 pixels, and we proceed to run local relabeling for potential removal of this grain.
For performance evaluation, we have manual ground-truth segmentations of all 11 slices provided by materials
scientists. The grain boundaries in the ground truth are roughly ﬁve pixels wide, as shown in Fig. 10. We
evaluate a segmentation result by computing the coincidence between the detected boundaries and the ground
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Figure 9: (a-c) The segmentation precision, recall, and F-measures for the proposed method, the watershed
method, and normalized cut on the 10 tested slices. (d) Performance curves on the 10 tested titanium slices
using subsets of the three strategies. The curve labeled “Global” represents the performance using only the
global labeling. Note that the scale for (d) is diﬀerent from (a-c).
truth boundaries. We dilate the detected boundary to a width of ﬁve pixels and then calculate the precision and
recall on 10 slices, leaving out the ﬁrst slice, where the ground-truth segmentation is used as the initialization of
propagation. We also calculate a summary F-measure that integrates the precision and recall.25
For comparison, we run the watershed method,10 using a Matlab implementation based on,26 and the normalized cut method,13 using a linear-time multiscale implementation based on,27 on the same 10 image slices. In
addition, we create two extensions of both of these methods so that they operate more appropriately on metallic
image slices. We test two settings for each of these methods: the case of dilating their detected boundaries
to a width of ﬁve pixels before measuring their correlation with the ground truth, and the case of no dilation,
selecting the case that leads to a better F-measure.
For the unmodiﬁed watershed method, which we call the baseline watershed method, we tested 50 diﬀerent
minima suppression levels and selected the value that leads to the best F-measure. Furthermore, similar to,15 we
create an extended watershed implementation using markers to incorporate the same ground truth segmentation
used by the proposed method, and propagate these markers in the exact same manner as the proposed method
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for a completely fair comparison using the exact same initial segmentation.
The unmodiﬁed normalized cut implementation, which we call the baseline normalized cut, requires the
number of segments as input, so we provide the exact number of segments from the ground truth for each slice.
In addition, since the high intensity regions in the metallic images—rather than the gradient of the image—
correspond to the grain boundaries, we create an extended normalized cut that computes its graph edge weight
directly from the image intensity rather than the gradient of the image intensity.
The segmentation precision, recall, and F-measures for all methods on the 10 tested slices are shown in
Fig. 9 (a-c). Overall, the proposed method scores higher than 90% for both precision and recall, even after
propagating to a slice that is 10 slices away from the initial slice, and shows much better performance than the
extended and baseline versions of watershed and normalized cut.
Although the baseline watershed method has been used to segment images with many grains or cells,12 its
performance on this problem is not satisfactory, producing relatively high precision and low recall on many
slices. This indicates that such high precision is due to oversegmentation. The extended watershed method
performs better than the baseline watershed method. However, even with the propagation aﬀorded by the
extended watershed method, the recall consistently drops, as extended watershed is not capable of identifying
new grains as they appear when the series section plane moves to a new slice. This is evident by the many
missed grain boundary segments in the last image of the second row of Fig. 10. As a state-of-the-art image
segmentation method, normalized cut produces low precision and recall. This is partially due to normalized cut
placing boundaries through grain centers because of scratches and other noise present inside the grains. The
extended normalized cut has similar performance to the baseline version.
Figure 9 (d) shows the improvements gained by each of the three local relabeling strategies. We can see that,
overall, the inclusion of each strategy increases the segmentation performance. From this, Strategy I does not
have a large impact on the performance. This is due to the fact that this strategy acts only on very small grains
and its contribution to overall precision and recall is low. However, the identiﬁcation of all the grains, either
small or large, while maintaining consistent topology is nonetheless important in many material applications,
which may not be well reﬂected by these overall precision and recall metrics. Thus, the small change made in
Strategy I may be important in some material applications. Strategy III introduces the largest improvement
among all three local-labeling strategies. This is because there are many instances of Case II of Problem III,
which may substantially aﬀect the segmentation performance when this segmentation is propagated to the next
slice.
We conducted all our experiments on 2GHz Linux workstations with 8GB of memory. Each propagation
requires roughly 15 minutes to complete when running both global labeling and local relabeling. Without local
relabeling, the propagation completes in roughly 5 minutes. In all cases, the run time is dominated by the graphcut computation—all other computations we performed introduce negligible overhead (i.e., less than 15 seconds).
Figure 10 shows the segmentation results on selected slices using the proposed method, the watershed method,
and normalized cut, along with the ground truth. We only present the better of the baseline or extended version
of each method. We can see that the proposed method can better detect indistinct grain boundaries and is
immune to the strong, high-intensity scratch lines, while the extended watershed method is unable to handle
inconsistency, and normalized cut suﬀers in the presence of strong noise.

6. CONCLUSION
In this paper, we developed an optimal labeling-based approach for image sequence segmentation and illustrated
its eﬀectiveness on a series of metallic image slices. In propagating the 2D segmentation from one slice to another,
we ﬁrst ran a global labeling to enforce consistent 2D structure topology. We then used a local relabeling process
to identify and correct possible topology inconsistency to better segment multiple contiguous substructures within
a slice. We tested the proposed method on a sequence of serial-section slices of a titanium sample and achieved
promising performance that is superior to the well-known watershed and normalized cut methods.
Acknowledgements: We would like to thank Dave Rowenhorst from the Navy Research Lab for providing the
titanium serial section images.
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Figure 10: Segmentation results on selected slices using the proposed method, watershed, and normalized cut,
along with the ground truth.
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