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Abstract. Many methods for object recognition, segmentation, etc.,
rely on a tessellation of an image into “superpixels”. A superpixel is
an image patch which is better aligned with intensity edges than a rect-
angular patch. Superpixels can be extracted with any segmentation al-
gorithm, however, most of them produce highly irregular superpixels,
with widely varying sizes and shapes. A more regular space tessellation
may be desired. We formulate the superpixel partitioning problem in
an energy minimization framework, and optimize with graph cuts. Our
energy function explicitly encourages regular superpixels. We explore
variations of the basic energy, which allow a trade-off between a less reg-
ular tessellation but more accurate boundaries or better efficiency. Our
advantage over previous work is computational efficiency, principled opti-
mization, and applicability to 3D “supervoxel” segmentation. We achieve
high boundary recall on images and spatial coherence on video. We also
show that compact superpixels improve accuracy on a simple application
of salient object segmentation.
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1 Introduction

Many vision applications benefit from representing an image as a collection of su-
perpizels, for example [TI2BIAIBIGITIR], to cite just a few. While the exact defini-
tion of a superpixel is not feasible, it is regarded as a perceptually meaningful
atomic region. A superpixel should contain pixels that are similar in color, tex-
ture, etc., and therefore are likely to belong to the same physical world object.
The atomic region notion is old, but a popular term superpizel has been coined
recently [I].

The assumption that all pixels in a superpixel belong to the same object leads
to the advantage of superpixel primitives over pixel primitives. The first advan-
tage is computational efficiency. If one needs to compute a property that stays
approximately constant for an object, then superpixel representation is more ef-
ficient since the total number of primitives is greatly reduced [9]. Computational
efficiency also comes from a reduction in the number of hypothesis. Instead of
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exhaustive examining of all rectangular patches [10], an alternative is to examine
only superpixels [T2I45]6l/7]. In addition to efficiency, superpixels are used for
computing features that need spatial support [3].

To obtain superpixels, one often uses image segmentation algorithms such as
meanshift [TT], graph based [I2], normalized cuts [I3]. To increase the chance
that superpixels do not cross object boundaries, a segmentation algorithm is run
in an oversegmentation mode. However, most segmentation algorithms produce
regions of highly irregular shape and size, for example the meanshift [I1] and
the graph-based [12], see Fig. [ first two images. The boundaries are also highly
irregular, since there is no explicit constraints on length. A large superpixel with
a highly irregular shape is likely to straddle more than one object.

Fig. 1. From left to right: meanshift [I1], graph based [12], turbopixels [14], NC super-
pixels [I]. Implementation was obtained from the authors’ web sites.

There are advantages to superpixels with regular shapes and sizes, such as
those in Fig. [, right. A regular shape is less likely to cross object boundaries,
since objects rarely have wiggly shapes. If a superpixel does cover more than one
object, if its size is not too large, the error rate is likely to be controlled.

The normalized cuts algorithm [I3] can be adapted to compute superpixels
that are regular in size and shape [I], see Fig.[ll Many methods that need regular
superpixels use normalized cuts [QTJ245]. However, NC superpixels [I] are very
expensive, and have the following unappealing property, noticed by [14]. The
smaller is the size of target superpixels, the longer the computation takes.

Our work was inspired by the turbopixel algorithm [14], Fig. [l It is based
on curve evolution from seeds placed regularly in the image, which produces a
regular “turbopixel” space tessellation. Using various constraints during curve
evolution, they encourage a uniform space coverage, compactness of superpix-
els in the absence of image edges, and boundary alignment when image edges
are present. They have to devise a collision detection mechanism to insure no
turbopixels overlap. The algorithm runs in seconds on the images in Berkeley
dataset [I5], as compared to minutes with NC superpixels [I].

We propose a principled approach to compute superpixels in an energy mini-
mization framework. Our method is simple to understand and implement. The
basic algorithm, illustrated in Fig.[2] is similar in spirit to texture synthesis [16].
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Fig. 2. Overview of our algorithm. Left: the original image overlayed with square
patches. For clarity, only some patches are shown. Middle: result of patch stitching.
Right: superpixel boundaries.

An image is covered with overlapping square patches of fixed size, Fig. 2 left.
Each pixel is covered by several patches, and the task is to assign a pixel to
one of them. If two neighboring pixels are assigned to the same patch, there is
no penalty. If they belong to different patches, then there is a stitching penalty
that is inversely proportional to the intensity difference between the pixels. In-
tuitively, we are stitching patches so that the seams are encouraged to align
with intensity edges. The stitching result is in Fig. [2 middle, and superpixel
boundaries are in Fig. [2 right. Boundaries are regularized due to the stitching
energy function. A superpixel cannot be too large, not larger than a patch size.
Small superpixels are discouraged because they contribute a higher cost to the
stitching energy. Thus the sizes of superpixels are also regularized. We extend
this basic algorithm to other formulations, which allow a trade-off between a less
regular space tessellation but more accurate boundaries or better efficiency.

Our work has several advantages over turbopixels [14]. First, we have an ex-
plicit energy, and a principled way to optimize it. In contrast, the method in [I4]
is described only procedurally. Our approach is simpler to understand and ana-
lyze. Unlike [I4], we do not need a collision detection mechanism, overlap is not
allowed by design. Since we have an explicit energy function, we can change its
terms to encourage different superpixel types. One modification we add is a term
that encourages intensity homogeneity inside a superpixel, not something that
is easy to include explicitly into [14]. Another advantage is optimization. Tur-
bopixels are based on level set evolution [I7], which is known to have numerical
stability issues. We optimize with graph cuts [18], which is known to perform
well [T9]. Our running time is better. Last, but not least, our approach naturally
transfers to 3D for “supervoxel” segmentation of video.

An interesting work on superpixels is in [20J2]. Their goal is somewhat differ-
ent from ours. They seek superpixels conforming to a grid, which has storage and
efficiency advantages. The work in [20] is based on greedy optimization, and [2]]
uses a more global approach, which, like our work, is also based on graph cuts.
However, the formulation in [20J21] poses restrictions on superpixel shapes: the
boundary between superpixels cannot “turn back” on itself.
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We evaluate our approach on Berkeley dataset [15] and show that we achieve
high boundary recall and low undersegmentation error, similar or better than
that of [IIT4]. We also show that our supervoxels have a high spatial coherence
on 3D volumes constructed from video. To show that compact superpixels are
more appropriate for some applications, we compare the performance of our su-
perpixels vs. those of [12] on a simple application of salient object segmentation.

2 Superpixel Segmentation

In this section we give a detailed description of our superpixel segmentation
approach. We review graph cut optimization in Sec. 21l Then we explain the
basic “compact” superpixel algorithm is in Sec. In Sec. 23 we show how
to incorporate variable patch size. The resulting algorithm is called “variable
patch” superpixels. Variable patch superpixels are more efficient computation-
ally, and their boundary recall does not suffer a performance loss. However they
do have more widely varying sizes. Lastly, in Sec. [Z4] we show how to incorporate
intensity constancy constraints, and the resulting algorithm is called “constant
intensity” superpixels. Constant intensity superpixels perform better on bound-
ary recall, but, again, have more widely varying sizes.

2.1 Energy Minimization with Graph Cuts

We now briefly review the graph-cut optimization approach [I8]. Many problems
in vision can be stated as labeling problems. Given a set of pixels P and a finite
set of labels £, the task is to assign a label I € £ to each p € P. Let f, denote
the label assigned to pixel p, and let f be the collection of all label assignments.
There are two types of constraints. Unary constraints D,(l) express how likely
is a label [ for pixel p. Binary constraints Vp,(l1,l2) express how likely labels /;
and [y are for neighboring pixels p and ¢q. An energy function is:

E(f) = ZDp(fp)+>‘ Z Wpq * Vi (fps fa)s (1)

peP {p.a}eN

In Eq. (), the first and the second sums are called the data and the smooth-
ness terms, and A is a collection of neighboring pixel pairs. We use 8-connected
grid, and Potts model Vp(fp, fq) = min(1,|fp — fq4]). The coefficients wy,q are
inversely proportional to the gradient magnitude between p and ¢, encouraging
discontinuities to coincide with intensity edges. This energy is NP-hard to opti-
mize. We use the expansion algorithm from [I§], which guarantees a factor of 2
approximation. For the max-flow/min-cut algorithm, we use [22].

2.2 Compact Superpixels

First recall the intuitive explanation, Fig.[2l We cover an image with overlapping
square patches of fixed size, equal to the maximum allowed superpixel size. We
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(a) Three patches (b) Their optimal stitching (c¢) In the final stitching

Fig. 3. A simple illustration of patch stitching. Left: orange, green, and purple patches.
Middle: their optimal stitching. Right: their optimal stitching in the final result.

seek a stitching of the patches, or, in other words, an assignment of each pixel to
a unique patch. The stitches cost cheaper if they coincide with intensity edges. A
simple illustration is in Fig. Bl Suppose only three patches in Fig.[B|a) participate.
There is a strong intensity gradient on the lip boundary, and therefore the cut
between the patches aligns to the lip boundary, Fig. Bi(b). Fig. Blc) shows the
shape of these patches in the final stitching, with all patches participating.

We now formalize the problem in the energy minimization framework. We
number allowed patches with consecutive integers 1, ..., k, where k is the number
of allowed patches. We identify ith patch with an integer label i, therefore £ =
{1,2,...,k}. Even though £ is ordered, this order has no meaning. Let S(!) denote
the set of the pixels contained in patch I € L. For example, in Fig. Bl(a), if { is
the “orange” label, then S(I) is the set of pixels covered by the orange square.
Label [ can be assigned only to pixels in S(I). Therefore the data term is:

1 ifpe S
o0 otherwise

D, = { @
We have to decide how many patches to use and how to spread them out in the
image. We address these issues after the energy function is completely specified.

We now discuss the smoothness term. To better approximate Euclidean met-
ric [23] we use 8-connected N. V,, is Potts model with wy, from [24]: w,, =

2
eavp(—dig’(’;;)q_)%z,). Here I, is the intensity of pixel p, and dist(p,q) is the Eu-

clidean distance between p and q.

Observe that with D,, as defined in Eq. (@), the data term in Eq. () is equal
for all finite energy labelings. This implies that parameter A in Eq. () has no
effect on optimization, so we set A = 1. Usually X is an important parameter
to choose correctly as it controls the relative weight between the data and the
smoothness terms, and, therefore, the length of the boundary. Parameter \ is
often set by hand through a tedious trial and error process. In our case the
parameter that controls the boundary length is the patch size. Larger patches
lead to fewer boundaries in the optimal labeling. Patch size is in some sense a
more “natural” parameter since it is chosen by the user to control the size of the
maximum superpixel, as appropriate for an application.

We now address the question of how many patches to place in the image.
Observe that only some labels (patches) are present in the final labeling. It is
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clear from our energy function that the more patches we have, the lower is the
final energy, since adding patches only helps to discover better stitches. Thus for
the best stitching, we should use a dense strategy, i.e. put a patch at every image
pixel. The dense strategy is too expensive. In practice we obtain good results by
spreading patches at intervals four times less than the length of the square side.

We use the expansion algorithm [I8] for optimization. It does not guarantee
an optimum but finds an approximation within a factor of two. We initialize
by randomly picking a label I, and assigning [ to pixels in S(I) until there are
no uninitialized pixels. An intuitive optimization visualization is as follows. An
expansion for label [ improves the boundaries under the patch S(7) and its border.

In addition to the maximum size, the minimum superpixel size is also con-
trolled. Suppose that there is a small superpixel A. Then for any neighboring
superpixel B, there is no label [ s.t. the patch S(I) completely covers A and
B. Otherwise, an expansion on [ would obtain a smaller energy by assigning [
to pixels in A U B, since the boundary between B and A disappears and no
new boundary is created. The smaller is A, the less likely it is that there is no
neighboring superpixel B s.t. A and B are covered completely by some patch.

Despite a large number of labels, for our energy the expansion algorithm is
very efficient. An expansion on label [ needs to be performed only for pixels in
S(1). This is both memory and time efficient. We run the expansion algorithm
for two iterations, and it takes about 5 seconds for Berkeley images [15]. Our
algorithm would be easy to implement on multiple processors or GPU.

To summarize, the properties of compact superpixels are as follows. In the
presence of large image gradient, superpixel boundaries are encouraged to align
with image edges. In the absence of large gradient, superpixels tend to divide
space into equally sized regular cells. Superpixel sizes tend to be equalized, and
their boundaries are encouraged to be compact by the energy function.

2.3 Variable Patch Superpixels

In the previous section we assumed that the patch size is fixed. This helps to
ensure that the superpixel sizes are equalized. If one is willing to tolerate a wider
variance in superpixel sizes, then it makes sense to allow larger superpixels in
the areas with lower image variance.

We develop a simple approach to variable patch superpixels. We allow a vari-
able set of square patches, with the smallest side of size k,,;, and the largest of
size kmae- Let S be a be a patch centered at pixel p. Let C(S) be the square
patch of side twice less than the side of S also centered at p, i.e. C(S) is the
“central” part of S. Let P(S) be the set of pixels contained in S but not in
C(S). As a measure of quality of S we take Q(S) = var(C(S)) — var(P(S)) .
Here var(S) measures the intensity variance in the patch S. The lower is Q(S),
the better is the quality of a patch. That is we want the central part of a patch
to be of low variance and the periphery to have a high variance. The expectation
is that the inside part of patch S is not going to contain stitches, and therefore
should be uniform in intensity. The cuts are encouraged to lie in the periphery
of the patch S, therefore this part is encouraged to have a high variance.
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We measure the quality of all possible patches of sizes in the range from k,,;y,
t0 kmaz- This can be done efficiently using integral images [10]. After this, we
sort all patches in terms of quality and select the m best ones so that each pixel
is contained in at least 4 patches. We found experimentally that variable patch
superpixels do not worsen the boundary recall compared to compact superpixels,
while improving efficiency by about a factor of 2.

2.4 Constant Intensity Superpixels

Since we formulate superpixel segmentation in the energy minimization frame-
work, we can change certain properties of superpixels by simply changing the
energy function. We now address one useful change. In the energy for compact
superpixels, Sec. 2.2] there is no explicit encouragement that superpixels have
constant intensity. Consider a grey and white rectangles adjacent to each other
in front of a black background. If there is a patch that covers both rectangles,
they will be assigned to the same superpixel, since there is no incentive to split
them across two superpixels, regardless of their difference in intensity.

We can explicitly encourage constant intensity inside a superpixel but at the
price of obtaining superpixels that are less equalized in terms of size. Let ¢(l) be
the pixel at the center of patch S(I). We change the data term to:

|1y — Ic(l)| if pe S(1)
9 otherwise

D)= {

Fig. 4. Two enlarged pieces overlayed over original superpixel images. Left: Compact
superpixels, part of the boundaries between elephant legs and on top are missed. Right:
constant intensity superpixels, these boundaries are captured.

Now each pixel that is assigned label [ is encouraged to be of the same intensity
as the center of patch S(I). To ensure this new energy is not increasing during
optimization, we have to make sure that that if p is assigned label [, then the
center of the patch ¢(l) is also assigned I. We can easily do this with addition of
the following new term T, (f) to the energy in Eq. (d):
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Tnew(f) = Z W(fpa fC(fp))a (4)

pEP

where W(a, 3) = oo if @ # 3 and 0 otherwise.

See Fig. [ for an example where intensity constancy constraint helps to get
more accurate boundaries. The cost is that approximately 20% more superpixels
are found for the same patch size, some being quite small.

3 Supervoxel Segmentation

Our approach naturally extends to segmenting “supervoxels” in 3D space. A
voxel has three coordinates (z,y,t), with ¢ being the third dimension. A su-
pervoxel is a set of spatially contiguous voxels that have similar appearance
(intensity, color, texture, etc.). Notice that the slices of a voxel at different val-
ues of the coordinate ¢ do not necessarily have the same shape. Segmentation
of volumes into supervoxels can be useful, potentially, for medical image and
for video processing. In particular, for video processing, there is an interest in
coherent 3D segmentation for video abstraction and animation [2526].

First we create a 3D volume by stacking the frames together, Fig. Bl left.
Analogously to the 2D case, we cover the 3D volume by overlapping 3D blocks.
For clarity, in Fig. [}l we show only a few non-overlapping blocks. The depth of a
block can be different from its width and height. The larger the depth, the more
temporal coherency is encouraged. As before, each block corresponds to a label.
N is now 16-connected and contains neighbors between the frames. Just as in
the 2D case, we place blocks overlapping in step size equal to a quarter of the

Fig. 5. Supervoxels. Left: video frames are stacked into a 3D volume and covered by a
set of 3D blocks. Right: supervoxels, shown separately in each frame. Three supervoxels
are highlighted with color (red, yellow, light blue). This figure is better viewed in color.
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size of the block (in each dimension). The algorithm is efficient, since we only
need to work on a little more than a single block at a time.

Fig. Bl right, shows the results on four consecutive frames of the “tennis”
video sequence. We show the section of supervoxels with each frame separately.
Notice the high degree of spatial coherency between the frames.

4 Experimental Results

First we evaluate how well superpixel boundaries align to image edges. We use
Berkeley database [I5] that has ground truth provided by human subjects. We
use the same measure of boundary recall as in [IIT4]. Given a boundary in the
ground truth, we search for a boundary in superpixel segmentation within a
distance of ¢ pixels. For experiments we set ¢ = 2. Recall is the percentage of
ground truth boundary that is also present in superpixel segmentation (within a
threshold of t). Fig. [Bl(a) plots the dependency of boundary recall on the number
of superpixels. The smaller is the number of superpixels, the less boundaries
there are, and the worse is the recall. These results were obtained by averag-
ing over 300 images in the database. We compare our compact (OursCompact)
and constant intensity (OursIntConstant) superpixels with turbopixels (Turbo),
method from [12] (FH), and NC superpixels (NC) [I]. Our variable patch super-
pixels have performance similar to compact superpixels, so we omit them from
Fig. [fl for clarity. From the plot, it is clear that our constant intensity superpix-
els have a comparable performance to FH and NC methods, and are superior
to turbopixels, at least for lower superpixel number. For high superpixel num-
ber, all methods have similar performance. Our constant intensity superpixels
are superior to compact superpixels for any number of superpixels. The running
time of our algorithm is better than that of Turbopixel and NC algorithms.

In Fig. [B(b) shows the undersegmentation error from [I4]. Given a ground
truth segment and a superpixel segmentation of an image, undersegmentation
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Fig. 6. Performance vs. number of superpixels. Left: boundary recall vs. number of
superpixels. Right: undersegmentation error vs. number of superpixels.
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Fig. 7. Top: compact superpixels, bottom: constant intensity superpixels

error measures what fraction of pixels leak across the boundary of a ground
truth segment. The FH algorithm [12] is particularly susceptible to this error
because it produces segments of highly variable shapes. Our normalization is
slightly different from that in [14], so the vertical axis is on a different scale.

The running times of our algorithms for the images in Berkeley dataset are, on
average, as follows. The variable patch superpixels take 2.7 seconds to compute.
The compact superpixels take from 5.5 to 7.4 seconds to compute, depending on
the patch size. A larger patch size corresponds to a slightly longer running time.
The constant intensity superpixels take from 9.7 to 12.3 seconds to compute,
again depending on the patch size. Patch sizes are from 20 by 20 to 90 by 90.
The turbopixel algorithm [14] takes longer to compute, on average 21.3 seconds.
The average running time of NC superpixels [I] is 5.7 minutes.

We now compare the dense strategy of using all patches with the sparse patch
placement described in Sec. In both cases, we run the expansion algorithm
for two iterations. Since the dense strategy is expensive, we ran the experiment
for 20 images chosen at random from the Berkeley database [I5]. To compare
energies across different images, we measure the relative energy difference. For
an image I, let £%(I) be the energy with dense patch placement, and E*(I) be
the energy with the sparse patch placement. Then the relative percent difference
in energy is 100 - Es(g;?dm. The mean running time for the dense strategy
was 123.5 seconds, whereas for the sparse strategy it was 5.8 seconds. The mean
energy difference is 13%, with standard deviation of 0.8%. It makes sense to gain
a factor of 21 in computational efficiency while worsening the energy by 12%.

Fig. [l and Fig. [ can be used to visually compare our results with turbopix-
els [14] and NC superpixels [I]. Visually the results are similar, except the NC
superpixels appear to have smoother boundaries. This is because in [I] they use
a sophisticated boundary detector from [27]. We could incorporate this too in
our framework, but it is rather expensive, it takes approximately 30 seconds to
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compute boundaries for one image. In Fig.[7, we show some of our segmentations.
The top row is compact and the bottom row is intensity constant superpixels.

Fig. Bl(b) shows the results on four frames of the “tennis” video sequence.
We show the section of supervoxels with each frame separately. Notice the high
degree of spatial coherency, even in the areas that are not stationary. Between
the first and the last frames shown, the ball moves by about 5 pixels, and the
hand by about 8 pixels in the vertical direction. The fingers and the ball are
segmented with a high degree of temporal coherency between the frames. We
highlight 3 different supervoxels: the one on the ball with red, on the hand with
light blue, and on the wall with yellow. The wall is stationary and the supervoxel
shape is almost identical between the time slices. The ball and hand are moving,
but still the supervoxels slices have a high degree of consistency.

The results of supervoxel segmentation are best to be viewed in a video pro-
vided in the supplementary material. We show the original “tennis” sequence
and the result of supervoxel segmentation. For visualization, we compute the
average intensity of each supervoxel and repaint the video with the average
supervoxel intensity. To appreciate the degree of temporal coherence in the su-
pervoxel segmentation, we also perform superpixel segmentation on each frame
of the “tennis” sequence separately, using the algorithm in Sec. We display
the results by painting superpixels with their average intensity. The result of
segmentation on each frame separately has much less temporal coherence, as
expected. We also provide several other video sequences.

The code for superpixel segmentation will be made available on our web site.

5 Application to Salient Object Segmentation

To show that regular superpixels are useful, we evaluated them for salient object
segmentation, similar to [28]. The goal is to learn to segment a salient object(s)
in an image. We use Berkeley dataset [15], 200 images for training and 100 for
testing. Using human marked boundaries as a guide, we manually select salient
object(s). Of course, our ground truth is somewhat subjective.

We segment images using rectangular boxes, FH superpixels [12], and our
compact superpixels. For boxes, we found that different sizes with overlap give
better results. We used 4 different box sizes, from 80 by 80 to 20 by 20. For
segmentation, we choose parameters that give the best results on the training
data. From each box/superpixel, we extract features similar to those used in [3].
We use features based on color, position (relative to the image size) in the image,
and texture. We use gentleboost [29] for trainingl

The testing error is as follows. Our compact superpixels: 20.5%, FH superpix-
els [12]: 27.4%, rectangular boxes: 24.0%. Thus performance with our superpixels
is significantly better than that of boxes and of FH superpixels [I2]. With boxes,
the size is controlled, but boxes do not align well to object boundaries. With FH
superpixels [12], boundaries are reasonable, but segment size is not controlled,

! The implementation by A. Vezhnevets downloaded from
graphics.cs.msu.ru/ru/science/research/machinelearning/adaboosttoolbox.



222 O. Veksler, Y. Boykov, and P. Mehrani

some segments are very large. Thus it appears to be important that our compact
superpixels have both regularized size and boundary alignment. We expect that
we would have gotten performance similar to ours using turbopixels [14] or NC
superpixels [I], but our computational time is much better. Our results in this
section are consistent with those of [6], who show that having more accurate
spatial support (more accurate superpixels) improves object segmentation.

We also investigate whether the results from classification can be further im-
proved by spatial coherence. We apply the binary segmentation algorithm of [24]
to separate an image into the salient object and background components. For the
data term, we use the confidences provided by boosting. Using confidences only
can smooth results, but will not help to rectify large errors. Additional informa-
tion is gathered from the histogram of pixels with a high confidence either the
object or background class. Thus the data term is computed from quantized color
histogram weighted by class confidences. After binary graph cut segmentation
the errors are as follows. Our compact superpixels: 21.1%, FH superpixels [12]
25.6%, rectangular boxes 28.4%. Interestingly, the results for FH superpixels [12]
improve, results for our superpixels slightly worsen, and results for boxes worsen
significantly. Fig. B(a) shows some results after graph cut segmentation. While
what exactly constitutes a salient object may be arguable, our results most often

(a) Left column: results with our su- (b) Worst failures. Top row: results
perpixels, middle column: results with our superpixels. Bottom row: first
with FH superpixels [12], last col- result is with boxes, the other two are
umn: results with boxes. with FH superpixels [12]

Fig. 8. Some results for salient object segmentation
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correspond to recognizable object(s) occupying a significant portion of a scene,
with minimal holes. For most images, results with our superpixels are better or
comparable than that of boxes and superpixels of [12]. However sometimes there
are significant failures, the worst of them are in Fig. B(b).

6 Future Work

In the future, we plan to investigate more variations on the “basic” energy func-
tion to produce superpixels with other interesting properties, such as certain pre-
determined orientations, etc. We can also use our algorithm to integrate results
from different segmentation algorithms, taking advantages or their respective
strengths.

Acknowledgements

We would like to thank Kyros Kutulakos for bringing the superpixel problem
to our attention and for useful discussions. We are grateful to Lena Gorelick
for the video sequences used in the supplementary material. This research was
supported, in part, by NSERC-DG, NSERC-DAS, CFI, and ERA grants.

References

1. Ren, X., Malik, J.: Learning a classification model for segmentation. In: ICCV,
vol. 1, pp. 10-17 (2003)

2. Mori, G., Ren, X., Efros, A.A., Malik, J.: Recovering human body configurations:
combining segmentation and recognition. In: CVPR, vol. 2, pp. 326-333 (2004)

3. Hoiem, D., Efros, A., Hebert, M.: Geometric context from a single image. In: ICCV,
pp. 654 — 661 (2005)

4. Mori, G.: Guiding model search using segmentation. In: ICCV, pp. 1417-1423
(2005)

5. He, X., Zemel, R.S., Ray, D.: Learning and incorporating top-down cues in image
segmentation. In: Leonardis, A., Bischof, H., Pinz, A. (eds.) ECCV 2006. LNCS,
vol. 3951, pp. 338-351. Springer, Heidelberg (2006)

6. Malisiewicz, T., Efros, A.A.: Improving spatial support for objects via multiple
segmentations. In: BMVC (2007)

7. Pantofaru, C., Schmid, C., Hebert, M.: Object recognition by integrating multiple
image segmentations. In: Forsyth, D., Torr, P., Zisserman, A. (eds.) ECCV 2008,
Part III. LNCS, vol. 5304, pp. 481-494. Springer, Heidelberg (2008)

8. Fulkerson, B., Vedaldi, A., Soatto, S.: Class segmentation and object localization
with superpixel neighborhoods. In: ICCV (2009)

9. van den Hengel, A., Dick, A., Thorméhlen, T., Ward, B., Torr, P.H.S.: Videotrace:
rapid interactive scene modelling from video. ACM SIGGRAPH 26, 86 (2007)

10. Viola, P., Jones, M.: Rapid object detection using a boosted cascade of simple
features. In: CVPR, vol. 1, pp. 511-518 (2001)

11. Comaniciu, D., Meer, P., Member, S.: Mean shift: A robust approach toward feature
space analysis. TPAMI 24, 603-619 (2002)

12. Felzenszwalb, P.F., Huttenlocher, D.P.: Efficient graph-based image segmentation.
1JCV 59, 167-181 (2004)



224

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

O. Veksler, Y. Boykov, and P. Mehrani

Shi, J., Malik, J.: Normalized cuts and image segmentation. TPAMI 22, 888-905
(1997)

Levinshtein, A., Stere, A., Kutulakos, K., Fleet, D., Dickinson, S., Siddiqi, K.: Fast
superpixels using geometric flows. TPAMI 31, 2290-2297 (2009)

Martin, D., Fowlkes, C., Tal, D., Malik, J.: A database of human segmented natural
images and its application to evaluating segmentation algorithms and measuring
ecological statistics. In: ICCV, vol. 2, pp. 416-423 (2001)

Kwatra, V., Schodl, A.,; Essa, 1., Turk, G., Bobick, A.: Graphcut textures: Image
and video synthesis using graph cuts. ACM SIGGRAPH 22, 277-286 (2003)
Osher, S., Sethian, J.A.: Fronts propagating with curvature-dependent speed:
Algorithms based on hamilton-Jacobi formulations. Journal of Computational
Physics 79, 12-49 (1988)

Boykov, Y., Veksler, O., Zabih, R.: Efficient approximate energy minimization via
graph cuts. TPAMI 21, 1222-1239 (2001)

Szeliski, R., Zabih, R., Scharstein, D., Veksler, O., Kolmogorov, V., Agarwala, A.,
Tappen, M., Rother, C.: A comparative study of energy minimization methods for
markov random fields with smoothness-based priors. TPAMI 30, 10681080 (2008)
Moore, A., Prince, S., Warrell, J., Mohammed, U., Jones, G.: Superpixel lattices.
In: CVPR (2008)

Moore, A., Prince, S.J., Warrel, J.: Lattice cut - constructing superpixels using
layer constraints. In: CVPR (2010)

Boykov, Y., Kolmogorov, V.: An experimental comparison of min-cut/max-flow
algorithms for energy minimization in vision. TPAMI 24, 137-148 (2004)

Boykov, Y., Kolmogorov, V.: Computing geodesics and minimal surfaces via graph
cuts. In: ICCV, pp. 26-33 (2003)

Boykov, Y., Funka Lea, G.: Graph cuts and efficient n-d image segmentation.
1JCV 70, 109-131 (2006)

Truong, B.T., Venkatesh, S.: Video abstraction: A systematic review and classifi-
cation. ACM SIGGRAPH 3, 3 (2007)

Wang, J., Xu, Y., Shum, H., Cohen, M.F.: Video tooning. ACM SIGGRAPH,
574-583 (2004)

Martin, D., Fowlkes, C., Malik, J.: Learning to find brightness and texture bound-
aries in natural images. NIPS (2002)

Liu, T., Sun, J., Zheng, N.N., Tang, X., Shum, H.Y.: Learning to detect a salient
object (2007)

Friedman, J., Hastie, T., Tibshirani, R.: Additive logistic regression: A statistical
view of boosting. The Annals of Statistics 38, 337-374 (2000)



	Superpixels and Supervoxels in an Energy Optimization Framework
	Introduction
	Superpixel Segmentation
	Energy Minimization with Graph Cuts
	Compact Superpixels
	Variable Patch Superpixels
	Constant Intensity Superpixels

	Supervoxel Segmentation
	Experimental Results
	Application to Salient Object Segmentation
	Future Work
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated v2 300% \050ECI\051)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 149
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 149
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 599
  /MonoImageMinResolutionPolicy /Warning
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
    /DEU <>
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.276 841.890]
>> setpagedevice




