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Abstract

This paper presents an algorithm for multiscale image
segmentation. Towards this, it proposes a new region model,
that of a homogenous region surrounded by ramp discon-
tinuities (a scenario usually encountered in real images).
This paper presents the analysis of this model, leading to
a robust algorithm for detection of ramp discontinuities in
the image, and finally segmentation of the image at differ-
ent photometric scales. The algorithm is further specialized
for detecting very thin regions. The final segmentation al-
gorithm can detect regions in the image, with varying pho-
tometric scales, sizes and arbitrary geometric properties.
The properties of the algorithm are experimentally verified
on synthetic and real images.

1 Introduction

Low level segmentation attempts at partitioning the im-
age on the basis of the gray level homogeneity. Since differ-
ent regions might have different homogeneity levels, multi-
scale analysis is an essential part of image segmentation.
Also, since region boundaries can be of arbitrary shape, no
priors on the geometry of the regions should be used for seg-
mentation. Most of the segmentation algorithms proposed
in the past either neglect scale, or induce some priors for ge-
ometry of the edges. Traditional approaches such as region
growing [9], watersheds [6], and rule based approaches [5]
completely neglect scale. The energy minimization based
approaches, e.g. Markov Random field (MRF) [3], and ac-
tive contours [4] induce prior constraints on curvature and
shape of segments. Normalized cuts based segmentation
[7] requires the number of regions as an input, which has no
intrinsic relation with the scale of spatial or photometric ho-
mogeneity. Mean-shift segmentation [2] clusters the image
pixels in joint intensity and spatial domain, using a parzen-
window density estimate of the image. Choosing a fixed
bandwidth for the parzen-window estimate induces averag-
ing, due to which steep corners can never be detected.

We draw our motivation from the work in [1, 8] which
attempts at achieving multiscale segmentation of an image,
with the scale explicitly representing the gray-level homo-
geneity and spatial extent of the region. In the above work,
segmentation is achieved by using physically motivated at-
traction forces between pixels, according to their respec-
tive photometric and geometric scales. These forces do
not use any prior information about the geometry of the
boundaries. The authors however use a very simplistic re-
gion model, that of a homogeneous region surrounded by a
step-discontinuity. This is also the case with all other seg-
mentation methodologies in literature. In real images, due
to discretization and blurring effects, an edge between re-
gions appears as a continuously varying ramp discontinuity,
which is usually perceived as multiple regions by all seg-
mentation algorithms.

In this paper, we propose a new region model, that of
a region surrounded by ramp discontinuities. We present
an analysis of this model, leading to a robust algorithm
for estimation of the ramp parameters. The analysis facili-
tates developing a strategy for detecting very thin elongated
regions in the image. The segmentation at a photometric
scale is achieved by evolution according to attraction forces
between pixels proposed in [1, 8]. The segmentation has
the property that regions at higher photometric scales are
formed by strict merging of regions at lower photometric
scales.

In Sec. 2, we briefly describe the attraction force fields
originally introduced in [1]. In Sec. 3, we present the anal-
ysis of region model, and explain the algorithm for segmen-
tation. In Sec. 4, we present results of the algorithm, ver-
ifying the properties of segmentation on synthetic and real
images. Finally, we conclude the paper in Sec. 5.

2 The Transform

The force transform introduced in [1] maps an image �
into an attraction force field � . The vector �� at image
location � for a given spatial scale parameter �����, and



photometric scale parameter ����� is defined as
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where ��domain�������, ��������������, and � �
� � �. The functions ����� and ����� are positive, bounded
kernel functions with symmetric, non increasing profiles.
We use the boxcar function as the kernel, given by
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Consider a region � surrounded by step discontinuities,
with minimum contrast across the discontinuities being �� .
For a point � inside � at a distance �� away from �’s
boundary, it was shown in [1] that the force �� for param-
eters �� and �� is always directed towards the medial axis
of �. Thus the force field always exhibits divergence at re-
gion boundaries. Also, for a given photometric scale �� , the
spatial scale associated with each point 	 can be computed
as the smallest value of �� with �� � �. This simplistic
model thus easily yields segmentation at different photo-
metric scales by examination of forces for each point � in
the image, given that the region boundaries are step discon-
tinuities.

3 The Model and Algorithm

It is possible to easily extract regions using the force
transform, given there exist only step discontinuities in the
image. The transform however cannot handle the case when
these discontinuities are spread over an area, forming a
ramp discontinuity. In this section, we first introduce the
ramp discontinuity based region model. We then present
an analysis leading to an algorithm for estimation of width
and contrast across the ramp. Finally, we present an algo-
rithm to achieve final segmentation based on detected ramp
pixels.

��� ������ 	�
��

A region� is modelled as a set of homogeneous contigu-
ous pixels surrounded by a ramp discontinuity. Inside the
ramp discontinuity, the intensity changes rapidly between
homogenous intensity levels of its adjoining regions. This
change in intensity is assumed to be monotonic. The ramp
discontinuities usually occur due to blur introduced by im-
age acquisition process (defocus and low resolution). Each
ramp discontinuity has an associated width, which might
vary as we go around the region. The contrast across the
cross section of the ramp might also vary across the region.
Note that a step discontinuity is a special case of a ramp

with zero width. Every region � in the image has an as-
sociated photometric scale �����, defined by the minimum
contrast across the ramp discontinuity surrounding it. Thus,
the lower the photometric scale of a region, the fainter are
its edges. Photometric scale also reflects the level of homo-
geneity of the region, since the maximum variation in the
neighborhood of any point in the interior of � will always
be less than �����. Segmentation at photometric scale �� is
defined as the set of regions with photometric scale greater
than �� . As we increase �� , there are fewer ramp disconti-
nuities with contrast greater than �� . Hence, regions strictly
merge to form bigger regions as the photometric scale is in-
creased. Segmentation at scale �� can be achieved by esti-
mating the pixels inside ramps of contrast greater than �� .

To analyze the model, let us first define the following
function over contrast for each point � in the image.


���� � �������� ��� 	 ������ ����� 	 ��� (3)

where, ���� ��� denotes the distance between points � and
�, ���� denotes the intensity at point �. This function eval-
uates the smallest radius around point � within which at
least one point with contrast greater than or equal to � ap-
pears. Consider a ramp cross section with width � and
contrast �� (see Fig. 1a). Also assume that the regions sur-
rounding the ramp are of constant intensities �� and ��, with
����� � �� . The intensity inside the ramp increases mono-
tonically from �� to ��. For a point � in the interior of the
region, at a distance � from the closest point in the ramp,
we have 
���� � � (see Fig. 1b). As we increment � by
a small amount, 
���� instantly jumps to �, since all the
points within a radius of � have zero contrast with respect
to �. Thereafter, 
���� monotonically increases from � to
� 
 � as � goes from � to �� , 1 and then jumps to a high
value. We thus have discontinuities at � � � and � � �� .
Now consider a point � inside the ramp, a distance � from
the farthest point inside the ramp along the ramp cross sec-
tion (say �), and let the contrast between � and � be a par-
ticular value ��� . For this point (see Fig. 1c), 
���� mono-
tonically increases from � to � as � increases from � to ��� ,
with a discontinuity at � � ��� . For the case when the re-
gions surrounding the ramp are not of constant intensity, but
have gradual shading, or noise, the function 
���� has sim-
ilar profile, except that instead of discontinuities, we have
very high gradients.

Detecting ramp pixels. According to the discussion
above, for ramp pixels, 
���� has low gradient for small
values of �. For the pixels in the interior of regions, 
����
increases rapidly for small values of � (discontinuity). We
use this property to distinguish between ramp and non ramp
pixels.

Estimating ramp parameters. To get the final segmen-
tation, we need to estimate the contrast associated with each

1Actually the profile is the inverse of the profile of the ramp.
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Figure 1. Region model (a) Intensity profile along the cross section of a ramp discontinuity of contrast �� and width �. Point �
is outside the ramp, at a distance � from the closest ramp point. Point � is inside the ramp at a distance � and contrast ��� from the
farthest ramp point. (b) ����� for point �. (c) ����� for point �. (d) and (e) corresponding ������ and ����� profiles respectively.

ramp, since segmentation at a photometric scale �� should
only consider ramp pixels with contrast greater than �� . For
each of the estimated ramp pixels, let us define the value
of lowest value contrast at which a discontinuity in 
����
occurs as ������, and the corresponding function value as
�����. From the discussion above, ������ represents the con-
trast between the ramp pixel � and the farthest pixel along
the ramp cross section, inside the ramp, denoted by �. Simi-
larly, ����� represents the distance between the points � and
�. Assuming that these two functions take zero values in
the interior of regions, the profiles of �� and �� for the ramp
in Fig. 1a are shown in Fig. 1d and Fig. 1e respectively.
Thus, both profiles take maximum values at the boundary
of the ramp, where the values are equal to the true contrast
������ � �� and the true width ������ � �. Starting from
the boundary of the ramp, as we go closer to the center of
the ramp, both functions decrease to a local minimum. All
pixels inside the ramp should be assigned true contrast of
the ramp �� and true width �. To estimate the true contrast,
we first find the cross section of the ramp as the direction
of the gradient in the original image. We then search for
the closest local maximum of �� along the estimated cross
section. We compute the ramp width in the same fashion.

We thus divide the pixels in image � into two sets: a)  ,
the pixels inside homogenous regions, and, b) �, the pix-
els inside ramp discontinuities. For the pixels in set �, we
find the contrast �� and width � of their respective ramp
cross section. Next we describe the algorithm to achieve
segmentation at a given photometric scale.

��� ��������

Segmentation at a photometric scale �� is a partition of
an image into regions with contrast greater than or equal
to �� . Thus all the ramps at region boundaries of the seg-
mentation should have a contrast greater than �� . Let us
define the set ����� � �� 
 ������� 	 ���, i.e. the
set of all ramp pixels with contrast greater than or equal to
�� . This set can be divided into: a) Pixels inside ramps
constituting the segmentation boundaries, and, b) Pixels in-
side ramps not on the segmentation boundaries. Pixels of
type (b) do not have any isolated connected region inside
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Figure 2. Thin regions (a) Intensity along a cross sec-
tion encompassing regions � , �, 	, 
 and � . Pixels are
represented by dots along the profile. Region � is three
pixel wide, 
 is two pixel wide, and all other regions are
wider than three pixels. (b) Estimated profile for ������ for
the profile shown in Fig. 2a.

them, since if they do, then by definition of segmentation,
this isolated connected region is a part of segmentation, im-
plying that these pixels are on segmentation boundaries, i.e.
of type (a). Thus, all isolated regions formed by connected
components of the non-ramp pixels are part of the segmen-
tation. We next discuss detection of thin regions, which are
not identified in these connected components.

Thin Regions. Fig. 2a shows a sample intensity cross
section passing through regions  , �, �, � and � . Here,
� is three pixel wide, � is two pixel wide, and,  , � and
� are wider than three pixels. It is assumed that the ramps
between  ��, �� �, � � �, and � � � have the same
cross section, the one shown in the figure. Fig. 2b shows the
corresponding profile for ������. The pixels at the periphery
of the regions have non zeros values for ��� , and thus are
labelled as ramp pixels. Regions  , �, �, and � have a
unique connected component associated with them due to
the detected non ramp pixel. This is not true for region �,
which does not have any non-ramp pixel inside it. Note
however that ��� has a local maximum inside region � which
is not the case for any of the other wider regions. This fact
can be used to detect thin regions. We put a seed for a new
region at local maxima which completely lie inside the ramp
area, i.e. the encircled point in � (Fig. 2b) is declared as a
non ramp point.

Labelling of the connected components of non-ramp pix-
els thus achieved gives us seeds for all regions present in
segmentation at photometric scale �� . These seeds are
grown into the ramp pixels to achieve an initial segmen-
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(a) (b) (c)

Figure 3. Segmentation results for a synthetic image with
blurred edges. (a) Original image. (b) Result for �� � �
obtained by our algorithm. Details for the regions marked
with red squares are shown in Fig. 4. (c) Result of mean-
shift algorithm for color bandwidth �� � �.

tation. We next discuss the attainment of final segmentation
by evolution of this intermediate segmentation using attrac-
tion forces.

Evolution to achieve final segmentation. We want the
final segmentation boundary to be at the position maximally
separated from the regions surrounding it, i.e. associating a
ramp pixel with a surrounding region with intensity closest
to the intensity of the ramp pixel. From the analysis in Sec.
3.1, the contrast between a point � inside the ramp, and the
closest intensity region is given by �� � ����� � ������
and the distance is given by �� � ���� � �����. The force
����� � ��� thus will always be directed towards the region
of closest intensity. We use this force to evolve the segmen-
tation to get the final segmentation. Note that this force has
to be computed just once for each pixel, irrespective of the
scale at which segmentation is performed. The segmenta-
tion algorithm is summarized in Algorithm 1.

Algorithm 1: 
����������

Estimate the ramp pixel set �, respective contrasts �� , and1

widths � ;
Compute forces �� at the ramp pixels � ;2

for �� � �min
� � ��� � �

max
� do3

Compute the ramp pixels for contrast greater than �� ,4

i.e., �����;
Detect seeds for thin regions;5

Grow the connected components of non ramp pixels to6

get initial segmentation;
Evolve the initial segmentation according to the forces7

computed in Step 2 to achieve the final segmentation
� ����;

end8

4 Experiments and Results

In this section we test the following aspects of the algo-
rithm: (1) Detection of complex topological boundaries; (2)
Detection under blur; (3) Disambiguation between a shaded
region and a blurred edge; and (4) Results on real images.

(a) (b)

Figure 4. Details of results in Fig. 3 for regions shown
in red rectangles in Fig. 3b. Each of (a) and (b) contains
the original image in the left, results of our algorithm in the
center and result of the mean-shift algorithm on the right.

Figure 5. Detection of thin regions. Left: Original im-
age. Right: segmentation for �� � �	. Note the detection
of thin regions marked in red rectangles.

Fig. 3 shows the results on a synthetic image. The orig-
inal image shown in the Fig. 3a consists of regions placed
over a checkerboard pattern. The map shaped region in the
middle has complex jagged boundaries. The cone shaped
region extending from left to right has a constant gradient,
emulating shading. All other regions are of constant gray
level. Four checkerboard squares in the top left of the image
are diagonally broken into eight regions, meeting at a single
point, creating a complex topological corner. All the edges
between regions are blurred using a  �  averaging filter,
creating ramp discontinuities. The segmentation result of
the algorithm discussed in Sec. 3.2 for �� � � is shown in
Fig. 3b. Fig. 3c shows result of mean-shift segmentation [2]
with intensity bandwidth for clustering �� � �. For visual-
ization, the edges are dilated to two pixel boundaries. For
both algorithms, all the regions are recovered. Mean-shift
however returns multiple regions inside the ramp disconti-
nuities, due to which many edges seem wider. Fig. 4 shows
detailed comparison between the two algorithms in regions
shown in red in Fig. 3b. Fig. 4a (and similarly b) shows the
original patch on the left, followed by the result of our algo-
rithm, and mean-shift. As one can see, there is considerable
blur on the diagonal edges. Since there is no explicit anal-
ysis of ramp discontinuities in the mean-shift algorithm, it
perceives the blurred edges as multiple regions of constant
intensity (Fig. 4a right), and hence multiple regions appear
inside the ramp. Our algorithm (Fig. 4a center) however
gives much better result, with no false regions inside the
ramp. All edges are in the center of the ramps and the dif-
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Figure 6. Segmentation results on Berkeley images [7]. Segmentation is obtained for photometric scale �� � 
	.

ficult topological boundary is correctly recovered. Fig. 4b
shows results for thin (single pixel or two pixel) protruding
regions. The mean-shift algorithm again exhibits multiple
regions inside the discontinuity, whereas our algorithm cor-
rectly identifies the regions.

Fig. 5 shows the detection of thin regions. The original
image is shown on the left. The image on the right shows the
segmentation for �� � ��. Note the thin regions, marked
by red boxes are detected by our algorithm. All of these thin
regions are less than  pixel in width.

Fig. 6 shows results on images from the Berkeley seg-
mentation dataset [7]. The results are shown for �� � ��.
Any edge with contrast lower than �� is considered to be a
noisy edge and ignored. Very thin (one or two pixel wide)
regions like the roadmap layout in the left image, stripes on
the tiger, and trunk of the tree in the elephant image, are
correctly recovered. There are no multiple edges inside the
ramps. The images have considerably blurred edges, as well
as shading from which the region boundaries are correctly
recovered.

5 Conclusions

In this paper, we presented an algorithm for image seg-
mentation using a ramp discontinuity model. The algorithm
has a multiscale nature in the sense that a segmentation for
higher photometric scales is formed by strict merger of re-
gions at lower scales, a property not experimentally verified
in this work. This property suggests for a mechanism for
constructing a segmentation tree of an image. In our fu-

ture work, we intend to analyze an image in terms of such a
segmentation tree.
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