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ABSTRACT

Image segmentation is a fundamental yet challenging step
during image analysis. In this paper we propose a novel
method for choosing the number of labels during automatic
image segmentation. It minimizes an objective function
based on the number of labels, the segmentation errors, and
consistency of labels between neighboring pixels. An ex-
perimental study on representative data shows encouraging
results.

1. INTRODUCTION

Image segmentation usually uses intensity and color infor-
mation to partition a given image into a limited, and prefer-
ably small, number of regions with meaningful structures.
It is a fundamental step in image analysis and understand-
ing, since it (1) identifies the number of objects, (2) local-
izes the objects in the image, and (3) provides information
on the shape, appearance and other properties of these ob-
jects. However, it is a challenging problem, since the same
structural parts can have different intensities and colors, and
the same intensities and colors can represent different struc-
tural parts. These phenomena are caused by such factors as
differences in reflectance of structural parts, non-uniform
illumination, low contrast between foreground and back-
ground, and imaging noise. While some algorithms deter-
mine the number of segments as they proceed, others as-
sume that the number of segments is given, or computed in
some other way. Deciding how many segments there should
be is just as challenging as deciding which pixels belong to
each segment.

1.1. Previous work

Image segmentation is a tricky problem with a long history,
but still remains a topic of significant current research. It has
received intense attention from various communities such as
those pursuing image processing, computer vision, pattern
recognition, medical imaging, remote sensing, and biolog-
ical imaging. Consequently, a large number of techniques
have been proposed. They can be broadly classified into
three main categories, or some combination of them: top-
down, bottom up, and pixel relabeling methods:
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e Bottom up methods typically start by considering pix-

els and labeling them, and then merge labelled regions
gradually, using some criterion of consistency between
these labels. The watershed method [9] is a popular
example of a bottom up method. It first finds local
minima of pixel values, and then keeps adding pix-
els to regions starting with seed pixels to progressively
fill up different catchment basins, resulting in the im-
age being divided into different segments. The water-
shed method usually over-segments images. In [3], a
weighted graph is constructed that represents the local
topology of pixels. After sorting the edges in ascend-
ing order according to their weights, they are then con-
sidered in turn. If the vertices at the ends of an edge
currently belong to different segments, but are similar
enough, they are merged into the same segment.

Top down methods typically treat the whole image as
a single segment and then split it into further seg-
ments recursively. A novel top-down region dividing
(TDRD) approach is given in [10] which iteratively di-
vides sub-regions if the size of a sub-region is larger
than a predefined threshold or the homogeneity of a
sub-region is less than a predefined threshold. The
TDRD method produces good results at low compu-
tational complexity.

Pixel relabeling methods consider consistency be-
tween a pixel of interest and a reference, unlike the
previous two kinds of method which typically con-
sider consistency between neighboring pixels during
segmentation. The k-means method is probably the
most widely used pixel relabeling method. However,
it requires initialization of k£ means, which typically
must be done in a data dependent way, and is thus a
challenging problem in its own right. Consequently,
it usually converges to a local minimum. For exam-
ple, in [2], the k-means method is used to segment
color images in HSV space after initialization using the
maxmin algorithm [7]. The majority rule is then used
to post-process the segmentation results. Recently, a
new method has been proposed in [6] to initialize k-
means, which calculates and sorts the means of the pix-
els of different frame sizes in ascending order. If two



means are similar, one of them is removed. The num-
ber of means left represents the number of clusters and
these means are used as the centroids of these clusters.
An alternative iterated conditional modes segmenta-
tion approach is given in [1], based on Markov random
fields. It considers both data fitting errors and a local
inconsistency cost. After initialization, it iteratively re-
labels pixels by considering the benefit of replacing old
labels by new ones.

1.2. Our approach

We now explain our approach to solving the problem of de-
termining the number of segments. We formulate image
segmentation as the problem of minimizing weighted av-
erage of errors produced by candidate segmentations. Our
algorithm is inspired by the work in [5] on the automatic
registration of overlapping range images represented as 3D
point clouds. It has the advantage of simultaneously esti-
mating the size of the overlap between two range images
being registered, and finding a rigid 3D transformation that
brings them into alignment.

We first construct a dissimilarity map that describes the
difference in intensity between a pixel of interest and its
neighbors and a histogram of the intensities of the pixels in
the image. We then detect the bins belonging to the left (ris-
ing) slope of each peak in the histogram. Such bins are rep-
resented by their centers and used as tentative labels. These
bins are sorted in descending order according to their fre-
quencies. Then the k bins with greatest frequency are used
as labels as a basis for segmentation of the image; we dis-
cuss how k is determined automatically shortly. All other
pixels are assigned that candidate label to which it is closest
in intensity amongst the tentative labels, leading to a label
map as well as an error map. The error map describes the
difference between the intensity of a pixel of interest and
that of its candidate label. It is next processed by consid-
ering the consistency of labels of pixels and labels of their
neighbors. If the label of a pixel is consistent with that of
its neighbors, its error is decreased by its dissimilarity, oth-
erwise, its error is increased by its dissimilarity. The total
error over all pixels in the image can be computed as a func-
tion of k. We choose the number k of labels that produce a
minimum error.

To analyse the performance of our new segmentation al-
gorithm, we have compared it against an efficient graph
based method [3], the iterated conditional mode (ICM) al-
gorithm [1] and the k-means clustering method [2]. These
methods belong to two of the three categories defined
above; despite their age, they are representative. The graph
based method is a typical bottom-up method with the advan-
tages of computational efficiency and ease of implementa-
tion. The ICM algorithm has been subject to intense atten-
tion by the image processing and computation vision com-

Fig. 1. Left: Histogram of intensities of pixels in the
108005 image in Fig 2. Right: the overall segmentation
cost J(k) for that image as a function of k, the number
of tentative labels.

munities; it is probably one of the earliest methods based on
Markov random fields. The selected algorithms were com-
pared using the publicly accessible Berkeley Image Seg-
mentation Database and data from [2].

Section 2 gives details of our new algorithm, Section 3
presents experimental results, and Section 4 draws some
conclusions.

2. ANOVEL ALGORITHM

In this section, we give details of our algorithm which au-
tomatically determines the number of labels for image seg-
mentation. The key ideas are the dissimilarity map, tentative
segmentation, inconsistency penalization, and segmentation
optimization, which we now discuss.

For simplicity, when we talk about intensity, we assume
a grey-level image, which we derive from the color input
images by RGB intensities. A more sophisticated approach
considering the colour channels separately is clearly possi-
ble.

2.1. Dissimilarity map

We initially compute a dissimilarity map of the image. It
essentially measures how dissimilar a given pixel is to its
neighbors within a window; in this paper we use a 3 X 3
window centered at the given pixel. The dissimilarity map
provides information about how consistent the final labels
of the pixels are likely to be. For a given pixel (i,75), we
extract all its neighbors N (4,5) within the window. The
dissimilarity d(4, j) of pixel (4, j) is then given by

1
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d(i,j) = (i, 5) — I(k,1)|"

where | N (i, j)| is the number of neighboring pixels, I (4, j)

is the intensity of pixel (¢, 7), and /3 is a positive parameter
that controls the extent to which inconsistency in the final
labels should be penalized.



2.2. Tentative segmentation

We next explain the tentative segmentation of a given image,
which is done using the following steps.

e Construct the histogram H of the intensities of the pix-
els in the input image. Assume that the histogram has a
scale of s (s = 256 here) and each bin is represented as
(bi, f;) where b; is the location of the bin, represented
by its centre: b; = (i + 0.5)b, where b is the bin size,
and f; is the frequency of that bin.

e Smooth the histogram: f; «— (fi—1 + fi + fix1)/3.

e Extract all bins (¢, grm) (m = 1,---, M) in the left
slope of each peak: f;_1 < f; < fi+1, and those at the
two ends of the histogram: fy > f1 and fs_1 > fs_o.

e Sort ¢, in descending order according to g,.

e For each candidate number £ of segments, consider the
k highest frequency extracted bins. Form = 1,...,k,
assign each pixel (i, j) the label [ which minimizes the
difference between its intensity and bin ¢;, where [ =
argmin,, ey 57|1(4,j) — ¢m|. Set the error map value
for pixel (i, ) to e(i,j) = |1(i,5) — ci|P.

2.3. Inconsistency penalization

‘We now improve on the basic segmentation provided by the
previous section by considering neighbors: we add a con-
straint so that neighboring pixels tend to have the same la-
bels. We thus penalize all pixels which have different la-
bels to their neighbors. We consider the neighbors N (i, )
of pixel (4,7). If the pixel has the same label as at least
three of its neighbors, its error is reduced by its dissimilar-
ity: e(4,j) = e(4,5) — d(i,7); otherwise, its error is in-
creased by its dissimilarity: e(i, j) = e(i, j) + d(i, 7). This
penalization is dynamic and depends on the basic segmen-
tation.

2.4. Segmentation optimization

For each label I(3, j), we compute an associated error (cost)
over the whole image as: C = 3, - ;; ;) €(4, j). Then
we sort the costs in ascending order. Let the number of
pixels with label [ be n;. The final total labeling cost for
a given set L of tentative labels is computed as J(k) =
Zfzo(nl/np)'ycl/nl which clearly depends on k. The pa-
rameter ~y controls the relative contribution of different la-
bels to the final objective function. n,, is the total number
of pixels in the image. Finally, we choose the labeling L
which minimizes J (k).

Table 1. The numbers M and k of initial and final labels,
precision, recall, and times of different methods for the con-
struction of the histogram when segmenting the test 108005
image.

Slope | M k | Precision Recall Time
Left 60 | 51 4.95% | 48.29% | 18.50s
Right | 101 | 57 4.05% | 43.16% | 32.19s

3. EXPERIMENTAL RESULTS

To test the performance of the proposed segmentation
algorithm, the graph based method [3], iterated condi-
tional mode (ICM) method [1], and the k-means clus-
tering method [2] were chosen for a comparative study
based on images 219090, 126007, 108005, 208001, and
175032 downloaded from the Berkeley image segmentation
database, and the cap image from [2]. The ICM method
was initialized using all the peaks in the histogram of in-
tensities of pixels in an image with a scale of 256. All
the images from the Berkeley image segmentation database
have ground truth for the boundaries between different seg-
ments. The performance of the algorithms was compared
using three quantities: precision, recall, and processing
time in seconds. Precision and recall [4] are defined as:
Precision=p./ps x 100% and Recall=p./p, x 100% where
pc 1s the number of common pixels on the boundaries in
the segmented and ground truth boundary images, p; is the
number of boundary pixels in the segmented image, and p,
is the number of boundary pixels in the ground truth bound-
ary image. The precision measures the extent to which the
segmented boundaries are expected, while the recall mea-
sures the extent to which the expected boundaries have been
identified. To aid visualization of the experimental results,
we also show the resulting segmentation boundaries. See
Figures 2-7 and Tables 1-3.

3.1. Left or right slope

While we used the bins in the left slope of each peak for ten-
tative segmentation, it seems that this was an ad hoc choice.
Thus, in this section, we compare the results with those ob-
tained from the bins in the right slope of each peak. To this
end, the 108005 image and its ground truth segment bound-
ary image were selected. The experimental results are pre-
sented in Figures 1-2 and Table 1.

Fig. 1 shows the total cost of segmentation of the 108005
image as a function of a given set of tentative labels. It is
not smooth, due to the large amount of detail in the image.
It reaches a global minimum at £ = 51. Fig. 2 shows that
the left slope method clearly identifies the main parts of the
tiger and tree. In contrast, the right slope method over seg-



Fig. 2. Segmentation results using different methods
for tentative segmentation applied to the 108005 im-
age. Top row: original image. Middle row: left slope
method. Bottom row: right slope method. Left column:
segmented image. Right column: segment boundaries.

mented the stripes of the tiger and the ground above it.

Table 1 shows that the left slope method is more accurate
and efficient than the right slope method. While the latter
finds 12% more labels than the former, the former is actu-
ally more accurate than the latter in the sense of either pre-
cision or recall of the boundaries of the segments. The for-
mer increases the precision and recall of the latter by 22%
and 12% respectively, and reduces the computational time
by 43%. These results show that the left slope method per-
forms better than the right slope method, thus justifying our
choice.

3.2. Parameter 0

Parameter (3 characterizes the extent to which neighboring
pixels are considered dissimilar and thus, plays an important
role in optimization of labels during image segmentation.
In general it is difficult to optimize its value in advance due
to data dependence, but here we experimentally investigate
suitable choices for 5. To this end, the 208001 image and
its ground truth segment boundary image were used; the
experimental results are presented in Figure 3 and Table 2.
Figure 3 and Table 2 shown that if 3 is made too small,
e.g. 0 = 0.5, the segmentation results are visually unsatis-
factory. The algorithm identifies only a few leaves on the
ground. Indeed, when 5 = 0, the dissimilarity d(i,j) is a
constant, and so fails to characterize the dissimilarities be-
tween neighboring pixels. However, when § = 1.5, the
proposed method correctly identifies the mushroom and tree

Fig. 3. Segmentation results for our method with differ-
ent values for 3, applied to the 208001 image. Left col-
umn: original image; Middle column: 3 = 0.5; Right
column: 8 = 1.5. Tow row: segmented image; Bottom
row: segment boundaries.

Table 2. The numbers M and k of initial and final labels,
precision, recall, and time of the proposed method for pa-
rameters (3 and + taking different values when segmenting
the test 208001 and 175032 images respectively.

Para. | Value | M k | Precision Recall Time

8 0.5 57 9 28.81% 0.33% | 19.51s
1.5 57 | 37 8.09% | 41.53% | 16.70s
~ 0.5 83 5 3.84% | 27.75% | 31.45s
1.5 83 | 76 542% | 91.29% | 31.58s

branches and leaves. In fact, as long as ( is large enough,
the algorithm is not too sensitive to the choice of 3. This
robustness of the algorithm is desirable in that it leads to
stable behavior in segmenting various images. In other ex-
periments, 5 = 1.5 was used.

3.3. Parameter ~

Parameter ~ balances the contribution of dissimilarities of
pixels within the same and different classes. Again, we ex-
perimentally investigate a suitable choice of value. To this
end, the 175032 image and its ground truth segment bound-
ary image were selected. The experimental results are pre-
sented in Figure 4 and Table 2.

From Figure 4 and Table 2, it can seen that a large
v = 1.5 significantly reduces the effect of the number of
pixels in different classes on the defined objective func-



Fig. 4. Segmentation results for our method with differ-
ent values of -y, applied to the 175032 image. Left col-
umn: original image; Middle column: v = 0.5; Right
column: v = 1.5. Top row: segmented image; Bottom
row: segment boundaries.

Table 3. The number & of labels (Ls) or regions (Rs), preci-
sion, recall, and time for different methods when segment-
ing test images.

Image | Method k | Precision Recall Time
219090 New 36(Ls) 5.85% | 41.84% | 30.87s
Graph 162(Rs) 4.45% | 17.00% 2.27s

62.26% | 17.61s
39.46% | 26.23s
28.17% 5.23s
73.32% | 20.28s

ICM 30(Ls) 4.60%
126007 New 79(Ls) 8.35%
Graph 129(Rs) 12.04%

ICM 49(Ls) 7.73%

tion, leading to over-segmented results. Even though the
resulting precision and recall rates are higher than those ob-
tained for a smaller v = 0.5, the structure of the snake and
the woodlog have been largely destroyed and broken into
pieces, rendering subsequent processing and image under-
standing more challenging. Thus, v = 0.5 is used for other
experiments in the rest of the paper.

3.4. Comparative study

In this section, we compare the graph based method, ICM,
and the k-means method using three images: 219090,
126007, and cap. The experimental results are presented
in Figs. 5-7 and Table 3.

Fig 5 shows that the proposed method clearly identifies
the main parts of the sky, mountain, water, and boat. In

Fig. 5. Segmentation results for different algorithms
applied to the 219090 image. Top row: original im-
age. Second row: new method. Third row: graph based
method. Bottom row: ICM. Left column: segmented
image. Right column: segment boundaries.

contrast, the graph based method under-segments the im-
age, leaving the very little recognizable, while the ICM al-
gorithm over-segments the image, especially in the sky re-
gion, and blurs the boundary between the sky and the moun-
tain.

The graph based method misses the cloud in the sky in
the 126007 image, while the ICM method over-segments
the top-left part of the sky. Our method clearly segments
the cloud and sky but over-segments the tree canopy at the
top-right. This is partly due to blocking effects caused by
JPEG compression of the input image. Table 3 shows that
our method has detected more accurate boundaries and the
ICM method has detected a large number of false bound-
aries, while the graph based method clearly produces the
worst results. The reason why the precision of all methods
is low is because the ground truth boundaries are provided
by human subjects, who identified only the main boundaries
and omitted all detailed and smaller ones. Even worse, dif-
ferent subjects usually have different opinions on the defi-
nition of the main boundaries. This shows that image seg-
mentation is still a challenging problem.

Compared to the k-means method, our method produces
very good results even though it does not use color informa-



Fig. 6. Segmentation results for different algorithms
applied to the 126007 image. Top row: original im-
age. Second row: new method. Third row: graph based
method. Bottom row: ICM. Left column: segmented
image. Right column: segment boundaries.

tion. While the former under-segments the image, our ap-
proach picks up a lot of details in the sky, wall and shadow.
Over-segmentation is typically more useful to downstream
applications than under-segmentation: the latter may mis-
lead end users. A careful analysis of Figures 5-7 also shows
that the boundaries between different segments usually cor-
respond to sharp changes in detail in the input images.

4. CONCLUSIONS

We have formulated automatic image segmentation as a
problem of simultaneously optimizing the number of la-
bels and the segmentation arising therefrom. Such a for-
mulation provides a better characterisation of the aims of
the image segmentation problem. It significantly reduces
human invention needed to achieve better segmentation re-
sults. A comparative study based on various images shows
that the proposed algorithm gives encouraging results. Fur-
ther research will refine the definition of dissimilarities be-
tween neighboring pixels in an image and apply the pro-
posed method for the analysis of the data captured by a
stereo camera system for 3D oat phenotyping [8].

Fig. 7. Segmentation results of different algorithms ap-
plied to the cap image. Top left: original color image
with the grey image generated as the average of its red,
green and blue channels. Top right: result from [2].
Bottom left: Our segmentation. Bottom right: Our seg-
ment boundaries.
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