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ABSTRACT

Segmenting materials images is a laborious and time-consuming process and automatic image segmentation
algorithms usually contain imperfections and errors. Interactive segmentation is a growing topic in the areas of
image processing and computer vision, which seeks to �nd a balance between fully automatic methods and fully-
manual segmentation processes. By allowing minimal and simplistic interaction from the user in an otherwise
automatic algorithm, interactive segmentation is able to simultaneously reduce the time taken to segment an
image while achieving better segmentation results. Given the specialized structure of materials images and level
of segmentation quality required, we show an interactive segmentation framework for materials images that has
two key contributions: 1) a multi-labeling framework that can handle a large number of structures while still
quickly and conveniently allowing manual interaction in real-time, and 2) a parameter estimation approach that
prevents the user from having to manually specify parameters, increasing the simplicity of the interaction. We
show a full formulation of each of these contributions and example results from their application.

Keywords: image segmentation, materials volume segmentation, segmentation propagation, interactive seg-
mentation, graph-cut approaches

1. INTRODUCTION

Interactive segmentation is a rapidly-growing area of computer vision and has seen heightened interest recently.1,2

While traditional segmentation seeks to identify objects/structures within an image in a fully-automated fash-
ion, interactive segmentation, similar to active learning,3 accomplishes the goal of image segmentation while
incorporating a sparse number of user interactions which are included as additional constraints or guidance in
the segmentation model or algorithm. These interactions may take on di�erent forms, and may include drawing
a bounding box,4 roughly outlining a boundary,5 or drawing brush strokes inside and/or outside the object
of interest.6{9 A desired property of an interactive segmentation approach is that the user interaction be as
convenient (i.e., low cognitive load) and sparse (i.e., few in number) as possible, while simultaneously providing
immediate feedback to the user on every interaction.

Many existing methods segment the object of interest using a model learned from user interactions.4,7, 8

Other approaches incorporate interaction into morphological operations (watershed),2 co-segmentation,10 or
incorporate machine-learning to aid in the interactive process.1,11 These interactive methods have been applied
to a number of domains, including natural images,4 medical images,12 and neuroimages.2,13
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One domain that has been unaddressed in interactive segmentation literature is materials science image
segmentation, where there are no existing techniques focusing solely on segmenting materials images using an in-
teractive approach. Materials science is especially important to the development of new metals and biomaterials,
and presents unique challenges in image segmentation. First, materials images often are 3D volumes14 made up
of a sequence of individual 2D image \slices," as shown by the two sample slices in Figure 1. This large number
of slices must all be segmented to fully and properly analyze the 3D structure of the material. Second, depending
on the inter-slice distance, the 2D structure in two neighboring slices may show high continuity. Such inter-slice
structure continuity must be considered to achieve accurate segmentation. Third, materials volumes consist of
numerous substructures (e.g.,\grains" in a metallic material, or \cells" in a biomaterial, etc.) with complex rela-
tionships (e.g., adjacency/nonadjacency relationships) among them that determine many desirable properties of
the material.15,16 Existing interactive segmentation techniques often only focus on foreground-background seg-
mentation,4,8 and may not scale to the large number of substructures present in materials images. Other methods
may handle multiple structures,2,13 but do not incorporate any prior knowledge about the unique relationships
among substructures in materials images.17,18 Finally, the imaging techniques used to obtain a materials image
volume may result in signi�cant noise or other ambiguities that increases the di�culty to segment a materials
image volume in a fully-automatic fashion.

There are a number of existing, non-interactive approaches to segment materials images.19,20 Among the
most prominent is the work of Comer et al.21,22 on the EM/MPM algorithm, originating from.23 Other methods
that have been speci�cally used on materials images include graph cut,24,25 stabilized inverse di�usion equa-
tions,26 Bayesian methods,27,28 and the watershed29 method. Most often, materials images are opportunistically
segmented by the simplest tools available, such as thresholding,30,31 or out-of-the-box methods such as water-
shed or normalized cut. However, these methods do not incorporate any interaction for manual re�nement by a
user. Some of these approaches may require signi�cant time to run; requiring the user to examine and correct
problems only after the algorithm is complete may not be practical if rapid re�nement is desired. Conversely, the
general-purpose interactive segmentation techniques discussed previously do not incorporate any speci�c domain
knowledge about materials images, and thus may require additional e�ort on the part of the user than may
otherwise be needed when segmenting a materials image volume.

In this paper, we present an interactive segmentation approach to segment materials science image volumes.
We show that an existing propagation-based materials image segmentation approach25 can be extended to allow
for convenient interactive segmentation. We illustrate the performance of the proposed approach by using
it to segment a materials image volume using smaller number of interactions compared with general-purpose
interactive segmentation methods that do not incorporate materials-speci�c priors. Finally, we develop methods
to estimate the parameters of this proposed approach to further reduce the number of user-required interactions
in the segmentation process.

The remainder of this paper is organized as follows: in Section 2 we discuss the proposed interactive segmen-
tation approach for materials image volumes. In Section 3, we show how some of the parameters of the proposed
method can be automatically estimated. In Section 4, we evaluate the proposed method's performance against
another general-purpose interactive segmentation method. Finally, in Section 5 we provide brief concluding
remarks.

2. INTERACTIVE MATERIALS IMAGE SEGMENTATION

In25 we developed a 3D materials science image segmentation method by propagating segmentation SU of a slice
U to a neighboring slice V , resulting in a segmentation SV . This way, using an initial segmentation on one slice,
we can repeatedly propagate this segmentation to the remaining slices in the volume to obtain a complete 3D
segmentation. This propagation was done while preserving the topology (i.e., non-adjacency relations among 2D
segments), which led to a better performance when compared with methods that did not incorporate topology
as a prior. Speci�cally, let the segmentation
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Figure 1: Example of segmentation propagation, highlighting di�erent types of topology changes. Further
discussion in the text.

where SU
i ; i = 1 : : : n are disjoint segments in slice U , and this collection of segments makes up a partition of the

slice U ,

U =

n[
i=1

SU
i :

An example is shown in Figure 1 where all the segments (\grain" structures) are separated by red lines. To
propagate segmentation SU to a new slice V to yield the segmentation SV , we minimize the energy
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X
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X
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n
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where PV
n is the set of all 4-connected pixels. The unary term �p(S

V
i ), which represents a cost for a pixel p

being assigned to a segment SV
i in slice V , was set to reect the structure continuity between U and V ,
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where d is a dilation distance that reects the maximum possible structural change between U and V .25 In
addition, the binary term �pq(S

V
i ; SV

j ), which represents a cost for a pair of neighboring pixels p; q being assigned

to two (possibly the same) segments SV
i ; SV

j , was constrained to preserve non-adjacency segment relationships

from U to V ; i.e., any two segments SV
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j are allowed to be adjacent (have pixels that are 4-connected between

them) if the corresponding segments in SU
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�pq(S
V
i ; SV

j ) =

8<
:

0; i = j
1; fSU

i ; S
U
j g =2 AU

g(p; q); fSU
i ; S

U
j g 2 A

U

; (3)

where AU contains segment pairs that are adjacent in SU , and we set g(p; q) to reect the image boundary
information in V .25 An example is shown in Figure 1, where SV

1 and SV
2 are allowed to be adjacent because

SU
1 and SU

2 are adjacent in SU . However, SV
1 and SV

4 are not allowed to be adjacent (have an in�nity penalty)
because SU

1 and SU
4 are not adjacent in SU . This topology constraint was found to be particularly important



for materials images, and our proposed method was able to outperform other methods that did not incorporate
such a prior.

While �nding the global minimum to this cost is NP-hard, this cost has been shown to be minimizable to a
local optimum using a graph-cut approach.32,33 However, one phenomenon that was observed in this previous
work was that, during propagation, 2D structure topology between U and V might not always be fully consistent.
For example, a new 3D structure with no intersection in slice U might appear in slice V , e.g., the structure in
the yellow circle in Figure 1. Similarly, a 3D structure intersected by slice U might disappear in slice V , such as
the structure circled in magenta in Figure 1. This breaks the topology constraints given in Eq. (3) in some local
regions. This may lead to spurious segments and missing structures, as circled in green and blue respectively, in
Figure 1.

The previous method made use of a brute-force automated search to locate such spurious and missing struc-
tures in V .25 However, particularly when the inter-slice distance is too large, it is not possible to examine every
location for possible spurious or missing structures. In this paper, our goal is to develop e�ective interactive
tools to allow a user to conveniently specify the local areas that contain spurious or missing structures, and
incorporate such interactions to re�ne the segmentation SV to a corrected ~SV on slice V , using the same energy
minimization algorithm. more speci�cally, we propose to allow the user to correct these two types of segmen-
tation errors within this framework by: a) annotating the location of a new segment to handle cases where a
new structure appears in slice V , and b) annotation of existing segments that should no longer be present in
segmentation SV .

These interactions are inherently local because the 2D cross section of a 3D structure shows very small size
before appearing or disappearing from a neighboring 2D slice. Therefore, correcting SV to ~SV can be achieved
by using the same energy minimization in local image areas around the interactive annotations. This is also
important because interactive segmentation requires instantaneous user feedback. The previous propagation
method segmented entire slices, which was more computationally intensive than is desirable in an interactive
system. We will further discuss these two interactions, and how we identify local regions for each, in the following
subsections.

2.1 Removal of Spurious Segments

For this interaction, we allow the user to select a spurious segment SV
k for removal by clicking the mouse on this

segment in a visualized segmentation of SV . Instead of naively removing this segment by arbitrarily merging it
into one of its neighbors, we use the same energy minimization discussed above to assign the individual pixels
in SV

k to potentially di�erent neighboring segments. As discussed above, we identify a local region in which we
update the segmentation. Speci�cally, this local region consists of the speci�ed SV

k and its neighboring segments,
e.g., SV

1 ; SV
2 ; SV

3 surrounding the spurious segment SV
k in Figure 2 (a), and re-run the energy minimization within

this local region after modifying the � term to incorporate the interaction, resulting in an updated segmentation
in this local region, as shown by the example in Figure 2 (b). For ease of notation, we use similar notation to
the adjacency de�nition in Eq. (3) by using fAV gk to refer to the set of segments neighboring the segment SV

k .
This way, the local region for updating the segmentation is

L = fAV gk
[

SV
k : (4)

In this local region, we rerun the energy minimization of Eq. (1) by modifying the � term. In particular, we
do not allow any pixel to be assigned to SV

k since this segment is to be removed. Instead, the pixels initially in
SV
k can be assigned to any of the segments in fAV gk with 0 cost for the � term, i.e.,

8p 2 SV
k ; �p( ~S

V
i ) =

�
0; SV

i 2 fA
V gk

1; otherwise

8p =2 SV
k ; �p( ~S

V
i ) = �p(S

V
i )

(5)

By updating � in this fashion, we do not require the pixels previously in SV
k merged into a single neighboring

segment. Instead, these pixels may be assigned to more than one segment in fAV gk, as shown in Figure 2 (b).

Note that this interaction is very simple and convenient, as it requires only a single click anywhere inside the
spurious segment SV

k . The full algorithm for removing spurious segments is summarized in Algorithm 1.



Sk
V

S1
V

S2
V

S3
V

(a) (b) (c)

Figure 2: Example selection of a spurious segment SV
k for removal. (a) Chosen SV

k and surrounding segments.
(b) Local region extracted around SV

k . (c) The updated segmentation in the extracted local region.

Algorithm 1 Interactively specifying segment to remove.

1: function RemoveSegment(SV ; SV
k )

2: L  fAV gk
S
SV
k

3: 8p 2 L, build graph for energy minimization problem from25

4: � set from Eq. (5)
5: ~SV  SV incorporating the updated segmentation in L
6: return updated ~SV

7: end function

2.2 Addition of Missing Segments

Unlike removal, interactively annotating an additional structure cannot be solely formulated as a simple modi-
�cation of the � term in the energy minimization formulation. This is because the multi-labeling problem used
to optimize the energy minimization form in Eq. (1) optimizes over a �xed set of segments, and cannot intro-
duce new segments. Thus, for each missing segment, we must explicitly create a new segment at the location
interactively speci�ed by the user.

Based on the initial segmentation SV = fSV
1 ; SV

2 ; : : : ; SV
n g, we take as input from the user an annotation

specifying the center location c of the new segment ~SV
n+1. In addition to this, we also accept two parameters from

the user: 1) the seed radius s specifying a circular region around c such that this circular region is completely
contained within the missing structure; 2) a dilation radius d, which is similar to the dilation parameter used
in,25 such that the circular region with this dilation radius d centered at c completely covers the missing structure
to be segmented. We explicitly enforce that d � s for any choice of s. We call pixels within the seed radius s
of c \seed pixels" and pixels within the dilation radius d of c \dilation pixels." In this interaction, seed pixels
are guaranteed to be part of the missing segment that is added, as shown by the green circle in Figure 3 (b),
and dilation pixels, excluding seed pixels, are potentially part of the missing segment that is added, as shown
by the blue area in Figure 3 (b). This makes the selection of s and d conceptually simple for the user to tune.
In Section 3, we discuss how to automate the selection of s and d to further reduce the user's burden when
interactively segmenting a materials volume.

Similar to the removal interaction in Section 2.1, we de�ne a local region around the speci�ed c to update the
segmentation of SV . Speci�cally, we de�ne this region by taking all segments in SV that contain one or more
seed or dilation pixels. In this local region we modify the � term of the energy minimization in Eq. (1) to obtain
an updated segmentation. Speci�cally, we allow all seed and dilation pixels to be reassigned to the new segment
~SV
n+1 by setting

�p( ~S
V
n+1) =

�
0; kp� ck � d
1; otherwise

(6)
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Figure 3: Annotating the addition of a missing segment. (a) Segmentation SV with a missing segment near
the center of the image. (b) Annotation of a center point c, along with a seed radius s and a dilation radius d,
and the identi�ed local region for updating the segmentation. (c) The updated segmentation of the local region
shown in (b).

Algorithm 2 Interactively specifying segment to add.

1: function AddSegment(SV ; c, s, d)
2: L  union of all segments that contain a seed pixel or dilation pixel
3: 8p 2 L, build graph for energy minimization problem from25

4: � set from Eq. (6) and Eq. (7)
5: ~SV  SV incorporating the updated segmentation in L
6: return updated ~SV

7: end function

where k � k is the euclidean distance between pixels p and c. Furthermore, to insure that the seed pixels are
always guaranteed to be part of ~SV

n+1 we set an in�nity penalty for seed pixels assigned to any segment other

than ~SV
n+1,

�p( ~S
V
i ) =

�
1; kp� ck � s and i 6= n+ 1
�p(S

V
i ); otherwise.

(7)

The full algorithm for adding a missing segment is summarized in Algorithm 2.

3. PARAMETER ESTIMATION

When interactively adding a new segment, as discussed in Section 2.2, the seed radius s and dilation radius d are
required to be speci�ed by the user. This results in additional burden on the part of the user. In this section,
we develop a parameter estimation approach to automatically select these two parameters so the user need only
override them in very rare cases, or not at all.

We do this by leveraging information about the center c the user provided relative to the initial segment
in which it resides. Generally a missing segment occurs when 2D cross-section intersects a new 3D structure
in V . Given a small inter-slice distance, we expect that these missing segments are often small compared with
its neighboring segments in slice V . An example is shown in Figure 4 (a), where a small segment is missing
(indicated by the yellow circle) in the segmentation SV : this missing segment is mistakenly merged into a large
neighboring segment SV

b . Intuitively, placing c near the boundary of SV
b likely indicates the missing segment is

small, as shown by Figure 4 (b). Conversely, placing c closer to the center of SV
b likely indicates the resulting

missing segment is large as shown in Figure 4 (c). We make a simplifying assumption that we do not allow the
missing segment to spill over the boundary of SV

b . For example, the selection of c and s in Figure 4 (b) is able
to generate the updated segmentation shown in Figure 4 (d).
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Figure 4: Automatic selection of seed radius s and dilation radius d. (a) A missing segment located within a
large segment in SV

b . (b-c) Selections of c at varying distances from the boundary of SV
b , resulting in di�erent

estimations of s. (d) Updated ~SV by adding a missing segment using the c shown (b) and the proposed parameter
estimation method to determine s.

To obtain an estimation of s we start by setting s = 0, and we then increase s by a small � amount until the
circle centered at c with radius s is within � distance of the boundary of the containing segment SV

b , as shown by
the arrow in Figure 5 (b-c). In materials images, the majority of newly-appearing structures when moving from
one slice to another are usually near the boundary of an existing structure SV

b (near a \Y"-junction boundary
between structures). This automatic approach is ideally suited for these cases. When the user speci�es a c that
falls directly on a segment boundary in SV , we default to requiring user-supplied s in these less-common cases.
For estimating d, it is scaled according to the value of s. Speci�cally, we set d = 2 � s. As shown in Section 4,
this approach saves both time and e�ort.

4. EXPERIMENTS

To evaluate the proposed interactive segmentation method, we use it to segment a sequence of 11 (indexed from
0 to 10) microscopic titanium images34 provided by Dave Rowenhorst, NRL. We measure the e�ort (i.e., number
of clicks) used to segment each slice in the dataset, as well as the overall time expended by the user to segment
a slice. The previous segmentation propagation approach25 requires a complete segmentation on one slice as
an initialization. We count the manual segmentation on this initial slice into the e�ort and time required. We
present the proposed method both with and without using the automatic parameter estimation discussed in
Section 3.

For comparison, we use the readily-available \intelligent scissors" interactive segmentation method.5 Using
the intelligent scissors tool, we independently segment all 11 slices from the same dataset, evaluating both e�ort
(number of clicks) and time. In addition, we produce a hybrid of our previous automatic method25 and the
intelligent scissors method, which we call \intelligent scissors + propagation" in Figure 5. This approach uses



the method from25 to propagate a segmentation from an initial slice to the remaining slices, but it uses the
intelligent scissors tool5 to carry out the interactive component instead of the interaction proposed in this paper.

The results of this comparative experiment are shown in Figure 5. Note that, in propagated methods (\Pro-
posed," \Proposed + Parameter Estimation," and \Intelligent Scissors + Propagation"), the �rst slice is used
as the initial slice U , so it requires signi�cantly more e�ort and time to segment compared with the remaining
slices. From Figure 5, we can see that the method proposed in this paper (\Proposed") allows much more rapid
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Figure 5: Evaluation of (a) the amount of e�ort (number of clicks) and (b) time taken for a user to interactively
segment the 11 sample slices. Smaller values are better, for both �gures.

segmentation time (< 5 minutes in most cases) and with much less e�ort (< 100 clicks in most cases) com-
pared with the unpropagated intelligent scissors method. The intelligent scissors method (\Intelligent Scissors"),
without the bene�t of propagation, requires signi�cantly more time and e�ort. The hybrid method (\Intelligent
Scissors + Propagation") fares better than the unpropagated intelligent scissors method, but it still requires
greater e�ort than the proposed method. Finally, the proposed parameter estimation method (\Proposed +
Parameter Estimation") can further reduce both the time and e�ort required by the proposed method.

In Figure 6, we show that the proposed interactive method is able to increase the segmentation accuracy of
our state-of-the-art materials image segmentation method in.25 As in our previous work,25 we use the precision,
recall, and F-measure, which is the harmonic mean of the precision and recall,35 to show the segment boundary
coincidence with the manually-constructed ground truth segmentation. For both the proposed and previous
automatic methods, we propagate from an initial slice 0 to the remaining 10 slices, and the proposed interaction-
enhanced method increases performance for all slices. Finally, qualitative segmentation results using the proposed
interactive method are shown in Figure 7 where we show the automatic segmentation results with spurious or
missing segments, the human annotation, and the updated segmentation.

5. CONCLUSION

We have presented an interactive segmentation method extended from our automatic segmentation propagation
approach. By allowing the user to interactively handle spurious and missing segments when propagating from one
slice to another, we show that the time required to segment a materials image volume, as well as the overall e�ort
(number of clicks) needed for interaction, is much less than the comparison \intelligent scissors" method used
in popular image processing tools. By updating the segmentation within a local region around the interactive
annotation, we are able to obtain a fast, yet robust means to handle segmentation errors when a new structure
appears or an existing structure disappears from the 2D cross-section of a particular slice in the volume. We also
introduce a simple automatic technique to estimate the seed radius when adding a missing segment. We show
that this can further reduce the amount of time and e�ort needed by the proposed approach.
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Figure 6: Performance of the proposed interactive segmentation method compared with our previous automated
method25 measured by the boundary coincidence with the ground truth segmentation.
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