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ABSTRACT

Various computer vision algorithms make use of superpixels
in order to segment images. Usually superpixels overseg-
ment images and thereby are merged or erased by evaluat-
ing certain criteria. Some criteria might be a feature vector
calculated from the grouped pixels, random graph walks or
the size of superpixels. In this paper we introduce a novel
approach based on the shape and neighborhood of superpix-
els. We regard the shape of superpixels as a feature for im-
age boundaries. Our method consists of three phases: First
the reference phase in which a reference superpixel is iden-
tified. This is followed by the comparison phase in which
superpixels are erased with the help of a similarity condi-
tion. Finally the neighborhood analysis removes remaining
outliers. Our experiments are based on a slight modifica-
tion of SLIC superpixels and make use of shape matching
based on Hu invariants which is also implemented in the
OpenCV framework. We tested our approach on artificial
images and photographs. The resulting superpixels lower
the image complexity and can be regarded as an indicator
for image boundaries.

Categories and Subject Descriptors

H.4 [Information Systems Applications|: Miscellaneous;
1.4.6 [Image Processing And Computer Vision]: Seg-
mentation - Edge and feature detectionFeature Measure-
ment; H.2.8 [Database management|: Database Appli-
cations - Data mining
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1. INTRODUCTION

Superpixels are image patches which group pixels with
similar properties. They have some major advantages over
analyzing the underlying pixel-grid as noted in [16], [7] and
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[20]. First of all they reduce the complexity of images from
billions of pixels to thousands, hundreds or less superpixels.
Further the grouping of uniform pixels with similiar proper-
ties make every superpixel perceptually meaningful. Finally,
superpixels conserve the structures of the original image.
The popularity of superpixels in computer vision applica-
tions leads to the proposal of many different superpixel algo-
rithms. It has shown, that some approaches produce better
results for specific applications than others [18]. However
beside many other properties, different approaches can lead
to different superpixel shapes as one can see in Figure 1.
Regardless of the chosen technique, superpixels always tend
to align to image boundaries and thereby conserve the struc-
tures of the original image. This property also influences the
shape of the superpixel.

There are many different approaches which use this property
as their basis for image segmentation. Such algorithms are
proposed in [22] and in [11]. However most of the algorithms
use a computed feature vector but none of the algorithms
deals with the information which is given by the resulting
shape of a superpixel.

The alignment of superpixels to boundaries in images allows
human perception to reconstruct shapes of the original im-
age without knowing them. In Figure 1 one can observe that
plane surfaces are represented with regular formed superpix-
els while superpixels located next to borders are perceptual
malformed.

Our goal is the definition of an image-depended measure in
order to identify and filter regular formed superpixels. We
consider these to hold too little information in order to con-
tribute to the general understanding of the image.

The remainder of the paper is structured as follows: In the
next section we emphasize the novelty of our technique.
Then our approach which consists of three phases is pre-
sented. This section is followed by the application of our
method to artificial images and photographs. Finally we
conclude our work in the last section.

2. RELATED WORK

Since the introduction of the term superpixel in the year
2000 there were many different proposals of superpixel al-
gorithms as one can read in [5], [13], [19], [4], [6], [12] and
[3]. As demonstrated in Figure 3 and Figure 1, superpix-
els oversegment images while conserving the structures of
the image. This is why these approaches are often used for
further image segmentation algorithms [21], [17]. However,
these approaches base on different feature sets. Therefore
further image processing is highly dependend on the chosen



(a) original

(b) SLIC [19]

(c) SEEDS [4]

(d) LSC [13]

Figure 1: Comparison of superpixel algorithms

superpixel algorithm. In [10] the superpixel size is used as
a feature for image segmentation. Another segmentation al-
gorithm working with superpixels is proposed in [15]. It is
based on markov random walks to achieve an image segmen-
tation. In comparison to that [11] uses the entropy rate of
random graph walks. After all, the novelty of our approach
is the analysis of the superpixel shape as until now there is
no segmentation algorithm which regards the shape of super-
pixels as a feature. A famous algorithm that groups pixels
is the simple linear iterative clustering (SLIC) introduced in
2010 [19]. Tt is especially simple and implements a local k-
means clustering to generate the superpixels. Our approach
is based on a slight modification of SLIC superpixels.

3. METHOD

In this section we present our approach which consists of
three main phases. The first phase, the reference phase,
targets the selection of an appropriate reference superpixel
spref. This selection depends on the processed image and
has a major impact on the next phases.

When an appropriate superpixel is selected the next phase
is started. The goal of the comparison phase is the classi-
fication of superpixels as well-formed or malformed. This
is done with the help of a similarity function which can be
chosen freely. Depending on the targeted result superpixels
of one certain class are filtered.

Finally there is a last phase. The neighborhood analysis
reviews the neighborhood of the remaining superpixels. It
includes a filter process which depends on the previous anal-
ysis.

Our method uses a slight modification of the SLIC Super-
pixel algorithm. As one can see in Figure 3(b) the original
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shape of the superpixels tends to be a hexagon. We achieve
this shape by altering the starting points of the clusters as
proposed in [8].

In the context of the SLIC algorithm there are k centroids
chosen which result in k superpixels. Let id : (z,y) —
{1,...,k},z € (1,width) and y € (1, height) be the func-
tion which returns an unique identifier for every of these
centroids where hetght and width is the image height and
width respectively. As a result of the clustering algorithm
every pixel p = (z,y) of the image is labeled with the id of
the corresponding centroid

p* = (p,d) with d = id(centroid(p)) (1)

where centroid(p) returns the centroid p has been assigned
to, and d € 1,..., k. The resulting cluster is called a super-
pixel sp and consists of a set of pixels which are assigned to
the same centroid

sp’ = {pf,....pm} with pf = (z,y), L€ [LLm]  (2)

According to the label of the pixels of a certain centroid the
same label is assigned to the superpixel and denoted as sp?.
The shape of a superpixel is defined by a subset sz? of its
pixels. Therefore the neighborhood of every pixel in a su-
perpixel is analyzed.



Figure 2: Neighborhood Analysis with Labled Superpixels

sz = {pf = (z,y) € sp’|
id((z — 1,y — 1)) # id(p{)
Vid((z,y — 1)) # id(pf)
Vid((x+ 1,y — 1)) # id(p})
Vid((z —1,y)) # id(p{)
Vid((z + 1,y)) # id(p})
Vid((z — 1,y + 1)) # id(p)
Vid((z,y + 1)) # id(pf)
Vid((z + 1,y + 1)) # id(pf)}

®3)

The following usage of the term superpixel refers to its shape.
We show that the shape of a superpixel can be a useful fea-
ture for image boundaries. Therefore we define well-formed
and malformed superpixels which depend on a selected ref-
erence superpixel sz™f.

3.1 Reference Phase

The selection of the reference superpixel sz has a major
impact on the results of the presented approach. Intuitively
one could calculate a regular hexagon as the reference super-
pixel. However it emerged that although there are regular
superpixels looking like a perfect hexagon, they usually have
a low computed similarity to a perfect hexagon. This is why
we decided to extract the reference superpixel from the su-
perpixels generated from the original image. Therefore we
first calculate the average similarity sim for every superpixel
sz with k € {1,...,n} and n is the number of superpixels
generated, as follows

_ 1 <
sim(sz™) = - Z sim(sxy, ST;). (4)
i=1

The similarity function sim can be any similarity function
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which compares two shapes. In this paper we used the
OpenCV [2] implementation of Hu invariants [9)].

Finally we choose the superpixel with the highest average
similarity sim. That means the reference superpixel sz”¢/
is defined as

sen SIM(ST5).

()

ref __
st" = arg marsy,;csx,

.....

3.2 Comparison Phase

In this phase superpixels are classified. Although we con-
sider the problem as a two class problem, the definition of
more classes is imaginable. The classes defined in our ap-
proach are well-formed and malformed superpixels. A su-
perpixel sz which is categorized as well-formed must hold
the condition

sim(sz, sz"') > §

(6)
while a malformed superpixel must hold

sim(sz, sz"T) < 6.

(7)

With § is a chosen threshold and sim is the same similarity
function which has been chosen in section 3.1. For further
processing every superpixel is labeled with its appropriate
class ¢

(®)

sz’ = (sz, class(sz)).

The classification function is defined as



(a) original

(b) modified SLIC

() (M = My) — Mo

(d) original

(e) modified SLIC

(f) (M = My) — M,

(g) original

(h) modified SLIC

Figure 3: Application of the presented approach

w, if sim(sz,sz™) > 6,
m, if sim(sz,sz") < 6.

class(sp) = { 9)

Finally superpixels of one of the determined classes are fil-
tered. This results in a set of either well-formed or mal-
formed superpixels. Let M = {sz1,...,sxr} be the set of
all superpixels then M, and M,, are the sets which con-
tain only the well-formed and malformed superpixels re-
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spectively. Drawing the superpixel-boundaries of M — M,,
or M — M,, leads to an image which contains superpixels
which either represent edge-free areas of the original image
or areas which contain boundaries within the original image
depending on the removed class of M. In the following the
removed class is denoted as Mg.;. However the resulting set
of superpixels still contains some outliers which are identi-
fied in the next phase.



3.3 Neighborhood Analysis

The goal of the neighborhood analysis is the identification
of outliers which remained from the previous processing.
This phase requires the definition of the neighborhood of
a superpixel. Therefore we inspect the neighborhood N of
every pixel p = (z,y) within a remaining superpixel. The
neighborhood N, of a pixel p is defined as

NP = {TL(CE - 172/ - 1)5”(‘7373/ - 1),7’L($ + 17y - 1))7
n(z—1,y),n(z+ 1,y),n(z — 1,y + 1),n(z,y + 1), (10)
n(et 1y + 1)}

with

p — (id o centroid)(p) := n(p). (11)

and in case « ¢ {1, width},y ¢ {1, height} or p* = (z,y) €
sz with sz? € Mger, n(x,y) = 0 is defined. A demonstra-
tion for one pixel of a superpixel can be seen in Figure 2.
Then the neighborhood of a superpixel sz with m pixels and
the label d is defined as

Nsxd = {Np(li U"'UNPf,i,L}’ (12)
Now a superpixel can be classified as an outlier if it holds
|Nozal < ¢ (13)

where || is cardinality (set size) and ¢ is a predefined thresh-
old. Let M, be the set of superpixels which hold the outlier
condition. Then the result of this phase can be written as
(M — Mge;) — M.

4. APPLICATION

In this section the previous described method is applied
to artificial images and photographs. Therefore 25 artificial
images with common geometric figures such as triangles, cir-
cles and rectangles on white backgrounds were created. The
set of 203 photographs is taken from [1].

In order to realize the experiments following choices were
made: The original SLIC algorithm requires the amount of
superpixels as a parameter. Here we have chosen 900 super-
pixels. Furthermore we have chosen the OpenCV [2] imple-
mentation of Hu invariants as the similarity function.
Figure 3 shows the application of the presented approach
to two artificial images and one photograph. It turned out,
that the selection of § and ¢ depends on the image and the
resulting superpixels. Nevertheless, once one has identified
good values for § and ¢, well-formed or malformed superpix-
els are recognized successfully. The experiments have also
shown that the parameter-choice for photographs is much
more complex than for the artificial images. This can be
explained with the high variation of superpixel-shapes in
photographs.

However, as can be seen in Figure 3(c), processed artifi-
cial images can still contain superpixels which do not align
to image boundries. This happens because border-aligned-
superpixels also influence the shape of their neighbours as
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can be seen in Figure 3(b).

Another interesting observation can be made in Figure 3(e).
It can be seen that the shape of superpixels is also depen-
dend on the orientation of the image. This property leads to
different superpixel-shapes and thereby to different results
of our approach for equal or similar borders. The influence
of the superpixel-size is also noticeable. Since the cell-size
of the superpixels is too big, the edge-free area within the
borders in Figure 3(f) is not always identified as such.

5. CONCLUSION

In this paper we presented a method to identify well-
formed and malformed superpixels in order to detect areas
with image boundaries. As a base for our approach we used
a slight modification of the SLIC algorithm. It was assumed
that well-formed superpixels represent edge-free areas within
an image. In the sense of image structures these areas hold
too little information to contribute to the understanding of
the image. In the course of this paper it could be shown
that the shape of superpixels contains information about
the image structure. The application of the technique on
photographs and artificial images has shown that the as-
sumptions we made have been proved true. Although the
exact location of the detected edges could not be identified,
it is possible to estimate the location in the area of the re-
maining superpixels. Furthermore the deletion of a certain
class of superpixels lowers the complexity of an image which
is beneficial for further processing. Nevertheless, once these
parameters are identified, good results can be expected. Fu-
ture work should deal with this parameterization-problem.
Then the exact location of the borders should be calculated.
These results should be evaluated with the help of the Berke-
ley Segmentation Dataset [14]. Another interesting field of
study is the adoption of the presented method to other su-
perpixel algorithms and their comparison. It is also assumed
that different similarity functions lead to different results.
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