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Abstract— In this work we focus on automatic extraction of
object boundaries from Canny edge field for the purpose of
content-based indexing and retrieval over image and video
databases. A multi-scale approach is adopted where each
successive scale provides further simplification of the image by
removing more details such as texture and noise, whilst keeping
major edges. At each stage of the simplification, edges are
extracted from the image and gathered in a scale-map, over
which a perceptual sub-segment analysis is performed in order to
extract true object boundaries. The analysis is mainly motivated
by Gestalt laws and our experimental results suggest a promising
performance for main objects extraction even for images with
crowded textural edges and objects with color, texture and
illumination variations. Finally, integrating the whole process as
feature extraction module into MUVIS framework allows us to
test the mutual performance of the proposed object extraction
method and subsequent shape description in the context of
multimedia indexing and retrieval. A promising retrieval
performance is achieved, and especially on some particular
examples, the experimental results show that the proposed
method presents such a retrieval performance that cannot be
achieved by using other features such as color or texture.
Index Terms—Canny edge detection, multi-scale analysis
multimedia indexing and retrieval, sub-segment analysis, object
extraction.

I. INTRODUCTION

T

he shape of an object in a visual scene, if extracted
properly, is a powerful descriptor for the purpose of
content-based multimedia indexing and retrieval due to its
semantic value. Especially in generic multimedia databases,
achieving efficient shape descriptors requires an automatic
and highly accurate segmentation operation. Various
automatic segmentation efforts have been reported in the
literature. Region-based methods [11], [3], [12], [10], [15]
mainly depend on the assumption of uniformity and
homogeneity of color (or luminance) and texture features
within the boundaries of object segments. However, this
assumption may obviously fail since a single object may
exhibit several color and texture variations. Region
merging/splitting techniques such as RSST (Recursive
Shortest Spanning Tree) [18], [26], KMCC (K-means
Connectivity Constraint) [16] and JSEG [4] also belong to this
category. Another alternative is SRG (Seeded Region
Growing) [1], which partitions the image into regions where
each connected region corresponds to one of the seeds. It can
be a quite promising method provided that the initial seeds are

sufficiently accurate; however, this represents its main
limitation that is how to select the most appropriate initial
seeds? Thresholding-based methods [24] are based on the
assumption that adjacent pixels, whose properties (color,
texture, intensity, etc.) lie within a certain threshold, belong to
the same segment. These techniques are usually adequate for
binary images or images exhibiting “clean” edges; and their
performance degrades drastically for images with blurred
object boundaries since they neglect the spatial information.
Furthermore, noise and object occlusion further complicate
the segmentation task. Alternative approaches include
boundary-based approaches [5], [7], [8], [13], [17], [20], [21]
which are so far the most promising due to the perceptual
evidence indicating that the human visual system (HVS)
focuses on edges and tends to ignore uniform regions. This
process, known as Lateral Inhibition, is similar to the
mathematical Laplacian operation. One of the most promising
boundary-based methods is a graph-based image segmentation
(GBIS) proposed in [6].
In this paper we propose a systematic approach which
performs automatic object extraction by sub-segment analysis
over (object) boundaries in order to achieve visual content
extraction. From basic visual features through low-level edge
processing, we aim to achieve some form of mid-level
meaningful description based on the segmentation information
extracted from the edge field for the purpose of multimedia
retrieval. The main drawback of the aforementioned
segmentation algorithms is that they produce over- or undersegmented images, which are not useful for shape-based
retrieval. Apart from the biological motivation based on HVS,
the primary reason we propose an edge-based approach is that
it brings generality, as edges are generally present across any
type of visual content, colored or not, textured or not.
Moreover, edges mostly carry the boundary information of the
object shapes. However, if extracted directly from a natural
image, these edges tend to be incomplete, missing, noisy or
saturated. Background and texture edges, which are not
related to object shape information, significantly degrade the
extraction accuracy of the “true” object edges (boundaries). In
brief, natural images are usually too “detailed” to achieve an
accurate segmentation over the edge field. This is the main
reason behind the proposed multi-scale approach where the
scale basically represents the amount of simplification
provided by iteratively applying Bilateral filter [25] on the
image. The ultimate goal is the total removal of “details” so as
to achieve a “cartoon-like” image on the higher scales where
edge detection would eventually yield true object boundaries.
In practice there is unfortunately no guaranteed method where
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all details will vanish and only true object edges prevail.
Furthermore, a possible consequence of such a simplification
step might as well be the removal of some important parts of
the object edges, which makes any further analysis infeasible.
Moreover, without a prior knowledge, it is not possible to
favor any particular scale either. Thus the proposed approach
uses the edge-information of all scaled (simplified in certain
level) images in a scale-map of the edge field where all
relevant information (i.e. the complete edge field as well as
their relevance information) exists for further (sub-segment)
analysis. Due to its robustness and better accuracy Canny edge
detection [2] is applied to extract the edges; however, the
proposed approach is independent from the choice of the edge
detection scheme and hence any other edge detector can be
conveniently used instead. In short, the main outcome of such
a multi-scale approach is the classification of edge pixels with
respect to their relevance so that the following sub-segment
analysis can favor the more relevant edges in order to extract
the true object boundaries.
Once the scale-map is obtained, certain analytical steps are
performed in order to achieve the extraction of object

2

boundaries. The edge pixels are first grouped into subsegments that are then subject to further analysis to extract
closed-loop (CL) and non-closed-loop (NCL) segments,
through sub-segment linkage. The whole sub-segment analysis
is mainly motivated by certain perceptual rules, known as
Gestalt Laws, which were originated by the German
psychologist Max Wertheimer during the early twentieth
century [27]. The guiding principle of this theory is that the
larger picture will be seen before its component parts.
According to Gestalt Laws, the way our mind groups these
parts to form a whole was described in a set of rules, which
can be expressed by eight visual cues: proximity, similarity,
good continuation, closure, common fate, surroundedness,
relative size and symmetry. Henceforth, our sub-segment
analysis is based on a regularization function formed
according to local rules such as proximity and good
continuation of edges and according to the global concern of
finding objects, i.e. closure. CL segments represent the objects
(their boundaries) or the major parts of the objects; whereas,
NCL segments are for background scene and incomplete
(overlapped or out-of-frame) objects.
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Figure 1: Overview of the proposed approach.
Finally, a shape-based Feature eXtraction (FeX) is
performed over both types of segments in order to achieve an
edge-based shape description of the whole image. This
description will discriminate between both types of segments,
by providing contour-based shape description for CL
segments, and background information shape description for
NCL segments. Forming the whole process as a FeX module
into MUVIS (Multimedia Video Indexing System) [19], [14]

allows us to test the overall performance of the proposed
method in the context of multimedia indexing and retrieval.
An overview of the proposed approach is illustrated in Figure
1.
The whole process is automatic (i.e. without any
supervision, feedback or training involved) and designed with
the minimal parameter dependency (i.e. the same set of
parameters can be used indiscriminately for an indefinite
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number of images and we used a default set for all the
examples in this paper). The rest of the paper is organized as
follows: in Section II an overview about the entire CL/NCL
through multi-scale sub-segment analysis is introduced. We
discuss the implementation of the proposed method as a FeX
module producing shape-based descriptors for a MUVIS
multimedia database in Section III. Section IV presents the
experimental results and Section V concludes the paper and
suggests topics for future research.
II. SUB-SEGMENT ANALYSIS OVER EDGES
The proposed analysis is based upon the luminance
component (intensity) of the frames extracted (decoded) either
from the images or (key-) frames of the video clips in a host
multimedia database. The method is designed to be robust
against possible variations in frame size and image/video
types. Figure 1 presents the fundamental steps in the CL/NCL
segmentation phase, which can basically be divided into four
major parts: Frame resampling, Bilateral filtering and scalemap formation over the Canny edge field, sub-segment
formation and analysis and finally CL/NCL segment
formation. The default parameters for Canny edge detector,
Bilateral filter and the number of CL/NCL (outcome)
segments are user-defined. Once the segmentation phase is
completed, Feature eXtraction (FeX) is performed over the
CL/NCL segments as will be detailed in the next section.
The first and natural step is resampling (frame size
transformation if needed for too large or small frames) into a
practical dimension range, which is sufficiently large for
perceivable shapes but small enough not to cause infeasible
analysis time. A typical size can be between 200 and 400
pixels for both dimensions. By this way a standard approach
can now be applied for the quantitative measures performed
within certain analytical steps. The resampled Y-frame can
then be used for multi-scale analysis to form the scale-map of
the image, as presented in the following sub-section. The subsegment formation from the scale-map and CL/NCL
segmentation will then be explained in Section II.B.
A. Multi-Scale Analysis over Scale-Map
Obviously, the most accurate edge field can be obtained from
binary (black and white) or cartoon images where no details
(texture, noise, illumination effects, etc.) are present, the edges
are clean and therefore, true object boundaries can be
extracted simply using an ordinary edge detection algorithm.
Complications and degradations in the segmentation accuracy
begin to occur when the image gets more and more “detailed”
and this is usually the case for natural images. Therefore, in
our multi-scale approach, the resampled image is iteratively
simplified (or cartoonized) using a Bilateral filter [25] where
the “scales” are emerged from the iterations of Bilateral
filtering and represent successively simplified versions of the
original image. As illustrated on a sample image in Figure 1,
at each scale, Canny edge detection is applied over the
(simplified) image (Bilateral) filtered by the scale number
based on a naïve expectation that the majority of the
perceptually relevant edges will prevail on the higher scales –
yet some of the main object-boundary edges may also vanish
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along with the details. This is why we need the information
across all the scales, since the loss of a few or even just one
section of the object edge-boundary would make any further
segmentation operation difficult –if not impossible. Once the
required number of scales (NoS in Figure 1 is the iteration
number, which can be set to any value sufficiently big enough,
i.e. NoS ≥ 3 ) are achieved then by assigning the maximum
scale number to each pixel where it still prevails, the scalemap can be formed in the lowest scale (i.e. the first iteration,
scale=1) edge field where all the edges (obtained from object
boundaries, noise, textural details, etc.) are present.
1) Bilateral Filter
Bilateral filtering was first introduced in 1998 and it presents
certain advantages over the traditional Gaussian (blur) filter
such as it can smooth an image whilst preserving major edges.
Let I in and I out be the input and output images, respectively.
Then the Gaussian filter can be formulated as follows:
⎧⎪ ( xr − εr ) 2 ⎫⎪ r
r
r
I out ( x )= ∫ I in ( ε ). exp ⎨ −
⎬dε
2
2σ
⎪⎩
⎪⎭
where

σ

(1)

is the standard deviation. This is a linear filter,

which is widely used for noise reduction. On the contrary, a
Bilateral filter is a non-linear filter whose filtering coefficients
depend on the local image pixel differences and are expressed
in the form of two combined Gaussian filters: One in (2D)
spatial domain and the other in the (intensity) range of the
image. Let σ d and σ r be the domain and range standard
deviation values, respectively. A Bilateral filter can then be
expressed through the following equation:
r
r
r r 2
⎧⎪ ( I in ( x ) − I in (ε )) 2 ⎫⎪ r
r
r
⎪⎧ ( x − ε ) ⎫⎪
−
I out ( x )=∫ I in (ε ). exp ⎨−
exp
⎬
⎨
⎬dε
2
2
⎪⎩
⎪⎭
⎪⎩
2σ d ⎪⎭
2σ r

(2)

As σ r → ∞ , the Bilateral filter approaches to a Gaussian.
Figure 2 presents a Bilateral filtered sample image with
several σ d and σ r values.
σ r = 10

σ d = 20

σ d = 40

σd =1

σd = 2

σd = 4

Figure 2: Bilateral filtered image with different

σd

and

σr

It is clearly visible that textural details are significantly
reduced with increasing values of σ d and σ r , yet major
edges are preserved. However, a Gaussian filter while
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points (good detection).
• The points marked as edges by the detector should
be as close as possible to the centre of the true edges (good
localization).
• There should be only one response to a single edge
(single response).
In his work, Canny proceeded to search for optimal
operators, which would exhibit the above mentioned
properties. Considering only the first two criteria, the optimal
detector for step edges in a 1D signal was found to be the
truncated step, or difference of boxes operator. However, due
to the large bandwidth of this operator, the output to a noisy
step edge exhibits many maxima which make it difficult to
Original
choose one as the wanted response. Considering also the third
constraint, Canny tried to minimize the number of response
In 3D
“peaks” in the vicinity of the step edge. By a numerical
optimization method the formula of the desired operator was
derived. An approximation to this optimal operator is the first
derivative of a Gaussian, which is used for its computational
efficiency. The optimized detector was first derived in 1D but
Gaussian (σ d = 2)
Bilateral (σ d = 2, σ r = 30) is easily generalized to any dimension, notably for 2D space
of image pixel positions. In the 2D case, edges have not only
intensity, but also orientation and the detector will be the first
derivative of a 2D Gaussian (DoG).
After applying DoG operator to an image, thinning is
performed over the result by the Canny edge algorithm, in the
regions of high amplitude response, since the resulting output
is usually broader than one pixel. A method known as nonmaximum suppression is used for that purpose.
Thresholds are set by the algorithm to decide which pixels
Figure 3: Gaussian vs. Bilateral filtering in 3D.
will be marked as “edges”. These thresholds depend on a
statistical analysis of the response magnitudes such as the
scale = 1
scale = 2
scale = 3
scale = 4
Original
estimated noise energy present in the image. Canny
considered that two thresholds should be used to prevent
streaking, which occurs when noise causes the output along an
edge to fluctuate, above and below a single threshold. This
results in the breaking of continuous edges. A high threshold
(
)
σ
=
2
,
σ
=
20
In 3D
d
r
is set according to the noise energy estimate, and a low
scale = 1
scale = 2
threshold is set as a fraction of the high threshold (this fraction
is in the range of two or three to one according to Canny).
Pixels are marked as edges automatically if their response
amplitude is above the high threshold, but if their amplitude is
between the high and low thresholds, they are only considered
as edge pixels if they are in the 8-neighbourhood of another
scale = 3
scale = 4
pixel already marked as an edge pixel. This so called
hysteresis process is used to follow strong edges. Furthermore,
the probability of isolated false edge points is reduced, since
the resulting DoG gradient strength at these points must be
above the high threshold.
Canny edge detection is applied for each scale (after
Bilateral
filtering). The default Canny parameters,
Figure 4: Iterative (multi-scale) Bilateral filtering.
σ d , thrlow , thr high , can be kept fixed and have minimal effect
2) Canny Edge Detection
John Canny developed an algorithm for edge detection, which due to the presence of multi-scale information collected in the
has been widely used since its publication in 1986 [2]. Canny scale-map, the formation of which is explained next.
started from postulating three performance criteria for the 3) Scale-Map Formation
Recall from the earlier discussion that for a particular scale,
edge detector:
• The detector should have a low probability of Bilateral filter is first applied over the image from previous
failing to mark real edge points or falsely marking non-edge iteration (scale-1) and then a new edge field is extracted.
removing textural details smears (blurs) major edges and
hence causes degradations in the edge detection accuracy and
localization (the spatial position of edges). A comparative
illustration in 3D is shown in Figures 3 and 4. As seen in
Figure 4, the Bilateral filter is especially efficient for
removing details when used iteratively. Each iteration further
removes details from the image until eventually reaching a
cartoon-like image. Since strong edges remain with good
localization precision, this information is easily gathered in an
edge-pixel scale-map and the scale factor for each pixel (until
what scale is the edge present for each particular location) can
then be used in subsequent analysis.
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Since iterative application of Bilateral filter has a desired
“cartoon” affect, which mainly preserves the object boundary
edges whilst removing all the other details, the edge
population tends to decrease drastically for higher scales (e.g.
see Figure 5). The remaining edges in higher scales, however,
have more relevance and priority for the object extraction
purpose –yet lower scales may still contain some important
edges that are lost in a higher scale and in this aspect the
lowest scale (scale=1) has the utmost completeness.
Therefore, the scale-map is formed over the edge field of the
lowest scale by assigning each edge pixel to the maximum
scale at which it prevails. Two typical examples are shown in
Figure 1 and Figure 5. In this way all the crucial information,
particularly the localization and scale factor of each
constituent edge pixel, can be embedded into the scale-map,
which becomes the primary input for further analysis. After
the formation of sub-segments, the proposed object extraction
method can rely on the scale information during searching,
tracing and linking the relevant sub-segments formed from the
scale-map.

Original

scale = 1

scale = 2

scale = 3
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pixels together, to form natural shape outlines (i.e. object
boundaries)? The first low-level structures that HVS can
clearly perceive are continuous and connected series of pixels.
However, abrupt direction changes in a connected series, can
lead to the impression of two different edge sections, which
are considered separately in mental grouping. We use these
perceptual facts to build such basic elements that will be the
basis for further analysis. These elements are so-called subsegments, through which both forms (CL and NCL) of
segmentation are achieved. A sub-segment can basically be
defined as an ordered series of connected edge pixels with two
end-points and they are formed using a tracing algorithm,
which performs the following steps over the scale-map:
• Thinning: Non-maximum suppression in Canny’s
algorithm, although providing usually thin edges, does not
guarantee that the resulting edges are one pixel thick as
desired. Therefore, thinning is performed beforehand, using
simple sliding window operations. Afterwards the tracing
operation re-commences for the rest of the steps.
• “Noisy Edge” Removal: If the number of connected
edge pixels is below a certain threshold (e.g. 5 pixels), they
are assumed to be edge detection noise for the sake of
accuracy and speed; therefore, such edges are removed from
the scale-map.
• Junction Decomposition: In order to achieve a better
segmentation from the sub-segment analysis, junctions need to
be decomposed into their branches (separated sub-segments).
For that, an algorithm breaks the tracing procedure at a certain
edge pixel location where there is more than one valid branch
to follow. This pixel location is considered as an end-point for
the traced sub-segment.
• CL Segment Detection: During sub-segment tracing,
whenever it returns back to the initial end-point, thus creating
a loop-back, the respective sub-segment is assigned as a CL
segment or simply as a potential “ready” object where no
further analysis is needed. Otherwise, the tracing eventually
breaks when no more connected pixels exist, and a second
end-point is assigned to complete the formation of the subsegment.
• A sample sub-segment formation is shown in Figure
6.
Initial Canny Edge Map

Sub-Segment (SS) List
Pre-Processing
Steps

NCL SS #1

Scale-Map
Darker pixel
intensities
represent higher
scales

NCL SS #2

Thinning
Junction decomp.

NCL SS #3

CL detection
Endpoint detection

Figure 5: A sample scale-map formation.
4) Sub-Segment Formation
An interesting issue raised is how to choose the starting
elements for edge analysis towards grouping. Pixel-level
analysis does not lead to a clear identification of image
structures, since human visual system (HVS) does not
perceive individual pixels separately. When looking at an
edge image, how exactly does HVS perception combine edge

CL SS #1

Noisy edge removal

Figure 6: Sub-segment formation from an initial Canny
edge field.
Once all the sub-segments are formed from the edge pixels
of the scale-map, a scale weight, W(SS), of each sub-segment,
SS, is then calculated as in (3).
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W ( SS ) =

∑ s (e)

e∈ SS

segment list, as in (4):

∑

(3)

L ( SS )

where s(e) is the scale factor of an edge pixel e, in SS and
L(SS) is the total length of SS. The weight and length of a
particular sub-segment both signify its relevance and thus, the
list of sub-segments formed can now be used conveniently in
the following sub-segment analysis to form CL segments.
B. CL and NCL Segmentation from Sub-Segments
Both types of segmentations (CL and NCL) are performed
over the sub-segment list extracted in the previous step. Due
to space limitations NCL segmentation is not described in this
paper and focus is drawn particularly on CL segmentation that
is basically the extraction of the primary object boundaries in
the image. The purpose of the aforementioned sub-segment
formation is twofold: First, a generic analysis can now be
performed over thinned, decomposed and well-formed subsegments instead of individual edge pixels. In this way a better
modeling of Gestalt laws can be adopted (i.e. proximity,
relative size and good continuation) for linking sub-segments
to form CL segments (i.e. closure). Second, by means of the
sub-segment formation with two end-points, CL segmentation
problem can be converted into a search process in a statespace where the end-points are assigned as “states” and the
aim is to visit (link) certain number of states to loop back to
the initial state with the minimum Gestalt cost. Therefore, the
search process links one or more individual sub-segment(s)
using an abstract linkage element, so-called virtual link, by
minimizing a cost function formed according to Gestalt laws.
A virtual link is defined as the virtual connection between two
states (end-points) and it is performed “virtually” during the
search and “artificially” for the sub-segments belonging to a
CL segment. Note that in any CL segment, there can be one or
more virtual links, which connects the “gaps” where the edge
detection algorithm fails to link in the first place. According to
proximity law, a virtual link threshold ( thrVLL ) can be defined
as the maximum possible linkage that can be established
between two end-points, i.e. e1 and e2 . Therefore, a virtual
link,
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VL ( e1 , e 2 ) , is only considered if its length

VLL(e1 , e2 ) is below thrVLL , i.e. VLL (e1 , e2 ) < thrVLL . Its
purpose is twofold: it serves as a quantitative level of
tolerance for proximity and it is also used to reduce the
number of state transitions, so as to make the search process
more tractable. It is however, fairly difficult to propose a
precise measure for thrVLL since proximity law is based on
human psychology and HVS (perception). So it can further
depend on several factors such as the content in the image (i.e.
the size of the objects in the scenery, their relative distances,
etc.), image (frame) size, etc. thrVLL should be big enough to
link the gaps due to the deficiency of the edge detector (e.g.
see Figure 7) but not too big to cause infeasible search time.
Since there is usually a close relation with object sizes and
their basic elements, i.e. sub-segments, we set thrVLL
according to first order statistics obtained from the sub-

thr VLL = k 0

L ( SS )

SS

N

= k 0 μ LSS

(4)

where k 0 is an empirical coefficient, N is the total number of
sub-segments formed. According to an extended set of
experimental results, 0.3 < k 0 < 0.6 is a reasonable range for

k 0 and note that thrVLL is thus set to a fraction of the average
sub-segment length, μ L . In this way, only small (virtual)
links will be possible in an image with comparatively smaller,
texture-like or noisy edges (and sub-segments), as intended.
In order to improve the accuracy and speed of the search
process for CL segmentation over sub-segments, two
consecutive processes are first performed: pre-processing over
sub-segments and then filtering irrelevant sub-segments.
SS

Before Pre-processing
Direct
Linkage

After Pre-processing

CL SS
NCL SS

Break CL SS

Pre-processing
Loose SS
Removal
NCL SS
Break NCL SS

radius = thrVLL

Figure 7: Pre-processing steps applied on a sample subsegment field.
1) Pre-Processing over Sub-Segments
The pre-processing process can be split in three separate
phases:
• Direct Linkage: two sub-segments with particular
end-points ( e1 , e2 ), which can only be linked with each other
(satisfying VLL(e1 , e2 ) < thrVLL ) can be immediately linked.
A virtual link, VL (e1 , e2 ) , between both end-points is created
as a straight line with one pixel width and both sub-segments
are merged into one.
• Junction Proximity Decomposition: Canny edge
detector has a particular flaw in dealing with “T-junctions”,
where three different homogeneous regions meet. What the
detector frequently does is to output the “T-junction” as a
single branch for two of its branches, leaving the third branch
of the junction separated by a small gap. Once the subsegments are formed from edge field (scale-map), the
branches become sub-segments where one of them has an endpoint in the close vicinity of the other two merged. The search
process needs to trace each branch separately; therefore, we
decompose the merged sub-segment into two from the closest
point to the end-point of the third one.
• Loose Sub-Segment Removal: In case a particular
sub-segment has an end-point that cannot be linked to any
other end-point within the virtual link threshold, that sub-
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segment cannot be a part of a CL segment. In order to reduce
the number of states that the search algorithm will have to
process, such “loose” sub-segments are removed beforehand.
Figure 7 illustrates typical examples of the each preprocessing step over a sample sub-segment field.
2) Filtering the Least Relevant Sub-Segments
Upon completion of the pre-processing steps, the least
relevant sub-segments are filtered out in order to reduce their
noisy disturbance and to further speed up the search operation
leading to the final CL segmentation. As mentioned earlier the
most relevant sub-segments, which bear the major object
edges are usually longer with higher scale weight values and
the opposite is true for the least relevant ones (i.e. from
textural details, noise, etc.). Therefore, the relevance, R, of a
sub-segment SS, can then be expressed as follows:
R ( SS ) = W ( SS ) × L ( SS )
(5)
where W (SS ) is the scale weight and L (SS ) is the length
(total number of edge pixels) of SS. Sorting all the subsegments formed over the scale-map and removing the least
relevant ones -or equivalently choosing an overestimated
number (i.e. N ≥ 100 ) of the most relevant sub-segments
completes this filtering stage. The effect of this step and due
segmentation result can be clearly seen in the example image
shown in Figure 8.

used in the model in order to achieve perceptually meaningful
CL segments.
Consider N sub-segments, with two end-points each, the
objective is to form N CL objects where N CL is the desired
number of CL segments (objects). A CL segment, S CL ,
consisting of l sub-segments ( SS i ) can be defined as:
l

S CL =

∑ SS
i=0

i

SS 0 = SS l

(6)

We define a state space, which consists of 2N end-points.
Each state is represented by its respective end-point
coordinates and the segment identification number. By
choosing one of the end-points, of a particular sub-segment as
being the start state, we automatically set the end state as its
other end-point. A search algorithm, from one state ( e1 ) to
another ( e2 ), algorithmically traces all possible state
transitions
by
performing
virtual
links
(if
VLL(e1 , e2 ) < thrVLL ) to end up in the end-state. In addition to
virtual link length, the length and scale weight of the traced
sub-segment are used to calculate the transition cost, which is
modelled based on the aforementioned Gestalt laws. One
such virtual connections between two end-points (states) is
shown in Figure 9.

2 CL SSs

2 CL Segments

SS List

Original
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PP+100 SSs

Figure 8: Pre-processing and irrelevant sub-segment
filtering applied (N=100) on a sample image.
3) CL Segmentation via Sub-Segment Analysis
Having formed, pre-processed and filtered the initial subsegments, the core of our method lies in the perceptual linking
of the final sub-segments, trying to achieve a natural shape
closure. Recall that the final sub-segment list may contain
both types of sub-segments: CL and NCL. Such CL subsegments, which are extracted directly from the edge scalemap and survive the sub-segment pre-processing and filtering
stages, or that are formed by (direct) linkage during the same
stage, represent stable and “ready” objects. Thus, among NCL
sub-segments, the aim is to search for objects (CL segments)
by successive linking operations (via virtual links) whenever
possible. As mentioned earlier, four of Gestalt laws,
proximity, good continuation, relative size and closure, are

Figure 9: State space for a given sub-segment layout.
It becomes clear that this particular problem fits well in a
graph-based search approach. In the general case, there can be
multiple paths, which lead to the solution (end state). Note
that the links are reversible, i.e. valid for both directions. In
the search algorithm, all data regarding a particular state of the
problem is collected in a structure called a node. The virtual
links are then considered as the operators for node expansion
as they supply the transition network of the state space. The
search is repeated for each sub-segment in the list and the
(selected) final path closing the initial sub-segment, in case
multiple paths exist, will be the one with the least cumulative
cost. The transition cost function ( C (e1 , e2 ) ), to jump from
an end-point e1 belonging to sub-segment s1 to an end-point

e2 in sub-segment s 2 can be expressed by:
C ( e1, e 2 )=

VLL ( e1 , e 2 )
SSW ( s 2 )× SSL ( s 2 )

(7)
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operators and repetition of states. By using a hash table,
storing all generated least-cost nodes for each state, node
pruning can start before reaching a solution state, which
results in a significant reduction in search time. Nodes in the
hash table will be either “closed” or “open”, whether they
have been, or have yet to be expanded, with “open” nodes
forming the fringe. By consulting the hash table, with all
visited states stored in the form of their least-cost node, entire
path sub-trees can be avoided by not going through the same
state again, which has been visited with lower cost along a
different path. However, when a new node is generated, which
contains the same state information and exhibits a lower-cost
than a previously stored node then the corresponding entry in
the hash table is updated to the new node. Since the new node
has its status still set to “open”, its subsequent descendant
nodes sub-tree is regenerated with lower cost values which
will eventually update more nodes in the hash-table.

where VLL is the virtual link length, SSL is the sub-segment
length and SSW is the sub-segment scale weight operators.
Obviously, this cost function is formed to favour shorter
transitions (proximity) to a neighbouring end-point belonging
to longer sub-segments (relative size) with higher scale weight
(good continuation). Arriving to an end-point of a subsegment and leaving from the other end-point with a new
transition, this cost cumulates from one transition to the next,
and the trace (and search) terminates when the end-state is
reached, providing eventually a CL segment (closure).
As for the search method, uniform cost search [23] is used
for its completeness and optimality but also for its low time
complexity, since it generally converges faster to the optimal
path, by expanding least cost nodes first. Once the method has
found a solution node, it uses the solution path cost to prune
any node with a cost exceeding it. Additional techniques were
implemented to further reduce time and space complexities,
taking into consideration that this problem belongs to the
“route-finding” class of problems, which have reversible
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Figure 10: Uniform cost search applied on a sample state space, as state 0 as the initial state and state 6 as the target
state.
Such node expansions, applied to an example state space hash table in step 1. Another immediate pruning applied is to
are highlighted by black boxes in Figure 10, which also shows avoid repeated states along a path, thus not generating any
the overall pruning operations performed. In this figure, states older relatives as child nodes, as can be seen in steps 2 and 3.
0 and 6 are the start and end states, respectively. Note that in Once the solution state is found for a given node (in the case
the expanding step 2, the node containing state 3 with cost 6 is of the figure, after the expanding step 4) its cost value
pruned, along with its sub-tree, since a node with the same ( c = 10 ) can also be used for pruning any node with a higher
state but lower cost ( c = 3 ) had been found and kept in the cost, i.e. after step 4 and 5 where both generated child nodes
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are above the solution cost that is found earlier. The optimal
solution is found when all the nodes in the fringe have a
higher cost value than the current solution node, which
happens in this case after only 5 steps. After the completion of
the search algorithm, one can trace the solution path from the
hash table by starting in the node containing the end-state and
tracing back each successive parent node, which lies in the
path with minimum (cumulative) cost, until the initial node
with start-state is reached. For each sub-segment, a search tree
in the form of a hash table, similar to the one in Figure 10, is
built each time, and the optimal (the least cost) path is
extracted after the aforementioned pruning operations are
applied.
4) The Relevance Model: Choosing the Right Objects
Upon completion of the uniform cost search, the extracted CL
segments are inserted in a list, which might contain some
“ready” CL segments extracted directly from the scale-map
(i.e. the “ready” objects). A relevance model is now needed to
choose N CL segments among all (ready and extracted via
uniform cost search) CL segments in the list. The proposed
model depends on the maximization of the following
R ( S ) (relevance) function:

R(S ) =

SSW ΣS × SSL SΣ

(8)

1 + C ΣS

where SSWΣS is the total weight, SSL

S
Σ

is the total length and

S
Σ

C is the total cost of a CL segment S, respectively. This
balanced model obviously favours the CL segments exhibiting
a low cumulative (Gestalt) cost C ΣS , with long and highly
relevant (having higher scale weights) sub-segments. As a
result, N CL segments with the highest R ( S ) values are the

according to K angular partitions each of which has an
angular resolution Δα as follows:

For a MUVIS multimedia database [19], the indexing process
involves Feature eXtraction (FeX) operations applied onto
visual items such as key-frames of the video clips or frame
buffer of the images. A particular FeX module [9] formed
from the proposed algorithm needs to provide both feature
extraction of visual frames, and a similarity distance function
for retrieval. The default FeX module parameters such as
Canny edge detection and Bilateral filter parameters, number
of CL/NCL segments ( N CL , N NCL ) to be extracted, the
feature vector dimension, etc., can be set by the user
depending on the database content and type. In the next subsection we will present the feature extraction process from CL
segments and due to space limitations feature extraction from
NCL segments is not described in this paper.
A. Feature Extraction from CL Segments
The histogram of normalised angular first moment calculated
from the centre of mass (CoM) of a CL segment is used as the
main feature vector. From CoM the contour points are divided

2π
K

Δα =

(9)

K dimensional, unit length feature vector, FV, can then be
formed from the discrete angular moments as follows:
( k +1 ) Δ α

FV ( k ) =

( k +1 ) Δ α

∫αd (α ).l (α ).d α

≅

kΔ
2π

∫ d (α ).l (α ).d α

∑ d (α )

α = kΔ α
2π

∑ d (α )

, k = 0 .. K

(10
)

α =0

0

where d (α ) represents the distance from the CoM to the
boundary at angle α . The formation of FV for a sample CL
segment can be visualised as in Figure 11.
Apart from unit normalization, this feature vector is further
designed to be translation, rotation and size invariant.
Translation invariance comes naturally as a result of using the
CoM as the reference point. Size (area) invariance and unit
normalization are achieved by dividing each bin value in the
histogram by the area of the CL segment. Rotation invariance
is achieved during the similarity distance calculation of the
retrieval phase and will be described in the next sub-section.
Once all feature vectors for each CL segment are
calculated, they are indexed into a descriptor file for that
particular frame (image or key-frame) and appended into the
MUVIS database structure.
CL Segment
l
d
x
CoM

CL objects extracted and used for the feature extraction, as
explained in the following section.
III. INDEXING AND RETRIEVAL

9

k.Δα

( k +1) Δ α

FV (k ) =

∫ d (α ).l (α ). d α

kΔ α
2π

∫ d ( α ).l ( α ). d α
0

Figure 11: Feature Vector formation from 1st moment
inserted in kth bin of the N-bins angle histogram.
B. Retrieval for CL Segments
The retrieval process in MUVIS is based on the traditional
query by example (QBE) operation. The features of the query
item are used for (dis-) similarity measurement among all the
features of the visual items in the database. Ranking the
database items according to their similarity distances yields
the retrieval result.
Between the query frame and a particular frame in the
database, the feature vectors of all ( N CL ) segments are used
for similarity distance calculation with the following matching
criteria: for each CL segment in the query frame, a “matching”
CL segment in the compared frame is found. The Euclidean
metric based minimum similarity distance is used as the
matching criterion. Afterwards the total similarity distance
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will be the sum of matching similarity distances of all
segments present in the query frame.
In order to achieve rotation invariance, the feature vector of
a CL segment (angular histogram bins) is shifted one bin at a
time with the other vector kept fixed and the similarity
distance is calculated per step. The particular shift, which
gives minimum similarity distance, is chosen for that
particular CL segment of the query frame. Since this sliding
operation on the histogram bins basically represents the
feature vector of the rotated CL segment, rotation invariance
can therefore be achieved.
IV. EXPERIMENTAL RESULTS
The experiments are performed to test the object extraction
efficiency with respect to HVS perceptive criteria (subjective
test) and the retrieval performance via query-by-example
(QBE) within MUVIS multimedia databases indexed by the
proposed FeX module. All experiments are carried out on a
Pentium-5 1.8 GHz computer with 1024 MB memory. Images
used in this section are gathered from several sources
including Corel database and personal image archives. The
following Canny and Bilateral filter parameters are used for
all
the
experiments
in
this
section:
σ = 1.5, thrlow = 0.4, thrhigh = 0.8 for Canny edge detector and

σ d = 2, σ r = 20 for Bilateral filter. The rest of the parameters
are as follows: k 0 = 0.4 for thrVLL , NoS = 5 for scale
number (number of iterations) and we used N=100, as the
number of relevant sub-segments.
The section is organized as follows: Subsection A presents a
comparative performance evaluation of the proposed object
extraction algorithm with respect to three segmentation
methods that were proposed recently; while, Subsection 0
evaluates the shape-based retrieval performance via ground
truth method whilst providing both visual and numerical
results.
A. Visual Evaluation of Object Extraction Results
In Figure 1 the key role of Bilateral filter within the proposed
multi-scale approach is clearly visible on an image where
strong textural details are present in the background. Such a
“cartoon” effect can also be seen in Figure 12 where in this
case the object has a significant textural overlay. In this figure,
although Bilateral filter is applied once in the first scale, the
Canny edge field at this scale is still too detailed. The second
and particularly the final scales exhibit a clear enough edge
field; however, some parts of the object edges (e.g. the mouth
of the fish) are also lost. This particular example justifies the
need of the multi-scale approach, where the analysis should be
performed in the lowest scale due to its completeness, but
should also use higher scales to favor particular sub-segments
showing higher relevance.
For a comparative evaluation, we implemented three
segmentation algorithms recently proposed, K-means
Connectivity Constraint (KMCC) [16], Graph-Based Image
Segmentation (as we refer to GBIS) [6], and JSEG [4], each of
which shows promising results in terms of segmentation
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accuracy. Note that the proposed method is not a segmentation
algorithm, rather an object extraction method and there are
major differences between the two; segmentation is a process
of pixel classification and clustering into sub-regions, i.e.
segments, whereas object extraction, as its name implies, is
the act of finding boundaries of object(s) in an image.
Therefore, it can be used as a segmentation algorithm by
defining each object as a segment and the background as
another, but the reverse is obviously not true, i.e. any
segmentation algorithm cannot distinguish between the
objects or background –instead they form some segments
showing similarities in terms of color, texture, etc. For this
reason we tuned the parameters of these segmentation
algorithms in order to obtain the highest segmentation
accuracy possible for the set of images used in this section.
For example, we set the crucial parameter, maximum segment
number, as 4 for all three algorithms, in order to reduce oversegmentation since all images contain 3 or less objects. Figure
13 and Figure 14 show typical natural images in the left
column where the proposed method’s outcome, the boundaries
of N CL object(s) are used to create the object segments as
given in the 2nd column using a flooding method and the rest
of the three columns belong to the segmentation masks
obtained from three algorithms, KMCC, GBIS and JSEG,
respectively. Since significant textural components are present
as well as significant variations or non-uniformity properties
in color, intensity and texture within the example images, it is
not surprising to see that the segmentation methods usually
fail to extract true object boundaries and over- and undersegmentation occur as a result of this. Only in some examples
where there is a certain degree of uniformity and homogeneity
in color/texture distribution (e.g. (c, f, i) in Figure 13 and (b, i,
j, k) in Figure 14) reasonable segmentation results can only be
obtained from some of them. Among these particular
examples, since the proposed method performs analysis over
sub-segments with one-pixel thick, note also that a higher
segmentation resolution and accuracy is thus achieved on the
extraction of the “true” object boundaries compared to the
existing segmentation algorithms.
As some typical examples shown in Figure 15, slight
segmentation errors can also be encountered, such as one or
few tiny object parts being missed or slight background
disturbance over object boundaries, yet the majority of the
object shape is still intact.
The basic assumption the proposed algorithm relies on is
that the lowest-scale (Canny) edge detector captures most
edges in the image, including the boundary edges of the
objects of interest. As explained earlier, the tolerance here is
modeled by virtual link length (VLL), which virtually connects
the “gaps” (that Canny fails to detect), within a maximum
connection threshold ( thrVLL ). Henceforth, we mainly
encounter erroneous results when this assumption fails. Some
typical examples are shown in Figure 16. Furthermore, there
might be several other reasons for such erroneous
segmentations. One that often occurs is the textural
predominance within the image causing Canny edge detector
to eventually miss some significant sections of the true object
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boundary (e.g. (a), (c) and (e) in Figure 16). Moreover, the
illumination effects such as strong shades (e.g. (b)) or
insignificant intensity difference between the object and the
background (e.g. (d)) are cases where only the human visual
perception can exhibit the usage of “knowledge” or
“intelligence” to interpolate missing edges.
Original

scale = 1

scale = 2

scale = 3

Original

Proposed

KMCC

11
GBIS

JSEG

(a)

NCL = 2

(b)

N CL = 1

(c)

NCL = 1

(d)

Canny Edge Field

N CL = 3
Scale-Map

Sub-Segments

CL Segment

(e)
N CL = 1

Segmentation

Figure 12: 3-scale simplification process over a natural
image and the final CL segment extracted.

(f)

NCL = 1

(g)
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GBIS

JSEG
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NCL = 2

N CL = 1

(h)

NCL = 1

(b)

NCL = 2

(i)

NCL = 1

(c)

N CL = 1

(j)

NCL = 1
(d)

N CL = 3

(k)

NCL = 1

(e)

NCL = 2
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NCL = 1
(f)
N CL = 1

(g)

NCL = 2

(h)

N CL = 1

(i)

N CL = 1

(j)
N CL = 1

Figure 13: Typical segmentation results. The leftmost
column shows the original image, the second and other
three columns show the segmentation masks of the
proposed method and other three algorithms.

Figure 14: Typical segmentation results. The leftmost
column shows the original image, the second and other
three columns show the segmentation masks of the
proposed method and other three algorithms.
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B. Retrieval Performance
The evaluation of the retrieval performance is carried out
subjectively by selecting only the images containing
straightforward (obvious) content. In other words, if there is
any subjective ambiguity on what the retrieval results should
be for a particular image, that sample is simply discarded from
the database. Therefore, the experimental results presented in
this section depend only on the decisive subjective evaluation
via ground truth method.

(c)

N CL = 1

(d)
N CL = 1

(e)

NCL = 2

(f)

N CL = 1

Figure 15: Slightly erroneous segmentation results. The
leftmost shows the original image, the second and other
three columns show the segmentation masks of the
proposed method and other three algorithms.

Figure 17: 2 examples showing 12-best retrievals from
binary shape database. The top-left is the query image.
Planes

Faces

Towers

Animals

(a)
N CL = 3

(b)

N CL = 1

(c)

N CL = 1

(d)

N CL = 1

(e)

N CL = 1
Figure 16: Typical erroneous object extraction results. The
leftmost shows the original image, the middle is the scalemap with red dots showing the end-points. The rightmost
shows the segmentation mask.

Figure 18: 4 examples showing 12-best retrievals from
natural image database. The top-left is the query image.
For the analytical notion of performance along with the
subjective evaluation, we used the traditional PR (Precision-
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Recall) performance metric measured under relevant (and
unbiased) conditions, notably using the aforementioned
ground truth methodology. Note that recall, R, and precision,
P, are defined as:
R=

RR
RR
and P =
N
TR

(11)

where RR is the number of relevant items retrieved (i.e.
correct matches) among total number of relevant items, TR. N
is the total number of items (relevant + irrelevant) retrieved.
For practical considerations, we fixed N as 12.
In order to test the retrieval performance we have indexed
two image databases using the proposed FeX module. The
first database is the binary shape database, which contains
1400 binary images. This database is basically used to
examine the effectiveness of the proposed feature extraction
method, since the correct segmentation for this particular kind
of images is guaranteed by setting N CL =1. The correct
retrieval results, as well as the achieved scale and rotation
invariance are illustrated in the two typical examples shown in
Figure 17. For this database, we observed a significant
retrieval performance, i.e. 85% or higher Recall for 78%
average Precision level. The second database is composed of
400 natural images carrying various content (i.e. sports, cars,
objects, wild-life scenery, animals, outdoor city-scape, etc.).
Among several retrieval experiments, we observed a range of
21-78% Recall versus 8-100% of Precision level. We have
seen that some of the retrieval results can hardly be otherwise
achieved using color or texture features, e.g. see Figure 18.
During the indexing of the natural image database bearing 400
images, 5 iterations (scales) are used and the average indexing
time per image is calculated as 9.82 seconds. No iterations (0
scales) are used for the binary image database and the average
indexing time per image is 1.21 seconds.
V. CONCLUSION
The proposed shape based indexing scheme based on
automatic and multi-scale object extraction method via subsegment analysis over Canny edge field achieves the
following major innovative properties:
¾ The overall algorithm is unsupervised (no training),
with minimal parameter dependency. To our knowledge, it is
one of the first attempts to index a natural image database
according to object shape description in a fully automatic way.
¾ It is based on Gestalt laws to yield perceptually
meaningful segmentation as the final product.
¾ A multi-scale approach is employed to simplify the
image iteratively, removing “details” at each scale and thus
creating a priority measure for edges, improving the
knowledge about the image constitution (major object
boundaries).
¾ The search space is reduced by such a multi-scale
approach.
Moreover, a uniform cost search algorithm
modified with intensive pruning schemes, related to the scale
information, increases the search speed significantly.
¾ The cost function used in the relevance model
increases the likelihood of finding true object boundaries by
favoring the longest and the most relevant CL segments with
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the minimal usage of virtual links.
¾ The experimental results approve that the proposed
method can be a good alternative to the traditional
segmentation algorithms particularly for natural image
databases where their primary assumptions usually fail and
furthermore a high (one-pixel) resolution (accuracy) is
achieved for the extracted object boundaries.
¾ Finally, the features extracted from the overall
segmentation scheme provide an effective indexing and
retrieval performance, as assessed via subjective query results.
Current and planned research work include designing of a
better and more semantically meaningful feature vector from
CL/NCL segments, applying an adaptive merging operation to
obtain global object(s) from the extracted CL parts and adapt
more Gestalt laws such as symmetry and surroundedness in
the cost function, to achieve a better object extraction scheme.
By using the proposed FeX module, integrating the “query by
sketch” capability into MUVIS framework is also considered.
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