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Abstract

Contour detection is an important and difficult task for object segmentation in computer vision mainly because contours
often occur in the presence of background texture. A previously reported scheme, based on the model of cortical cellsin
primates, analyses the local energy output derived at a single selected scale [7]. Selection of appropriate scale for
image analysis is a difficult problem for which the biological visual system has evolved some solutions. We examine the
role that scale plays in image analysis and present a scheme for contour detection based on combination of excitatory
and inhibitory responses of a multi-scale, log-Gabor filter bank. The proposed scheme is a thus a generalization of the
approach in [7]. The resulting operator has been tested on a wide range of images and found to successfully extract
salient contours. The results indicate that the proposed operator responds strongly to isolated lines/edges and weakly to
edges that belong to a background texture.

1. INTRODUCTION

In computer vision and image processing, detection of edges and contours are important tasks which arise in many
applications. Edges are defined as points of significant variations in intensity level in a gray level image whereas contours are
perceptually salient edges that belong to the boundaries of regions and objects in the image. By perceptually salient we mean
that human observers consider these edges to be salient. We focus on detecting contours of interest in a given image. Many
techniques have been proposed for contour detection which are mostly developed for specific types of applications. Examples
are detecting outlines of tissues in medical images, object contours in natural image scenes, boundaries between different
texture regions, etc. These generally start with edge detection and use additional information, such as local image statistics [1,
2], image topology, texture, colors, edge continuity and density, etc [ 3, 4, 5].

A genera-purpose contour detector has been proposed in [7].This detector is biologically inspired and is based on excitatory
and inhibitory responses of the primate cortical cells. The detector employs local energy detection followed by inhibition.
Conjugate symmetric Gabor filter pairs are used to calculate the local energy at a specific spatial frequency (scale) whose value
is chosen experimentally to detect the desired contours. Every point in the local energy map, which signals the presence of an
edge feature, is evaluated according to its local context since for best contour detection; it is desirable to suppress points which
are part of texture regions while retaining only those which belong to the object's contours. This suppression is implemented
viaan inhibition factor.

The main drawback of this approach is that the quality of results is very much scale dependent. Scale plays a major role in
visual information processing. The features of interest in natural images are generally present at various scales. Furthermore,
textural energy is also typically spread over a wide range of scales and hence any scale selection will result in insufficient
inhibition for achieving the best contour detection. Ideally, for a contour detector which analyses an image at a single scale,
one needs to select a scale such that detector will equally respond to both texture (fine) and objects (coarse) edges. However,
since the characteristics of the texture and the objects are generally unknown, this is not possible Multi-scale analysis can
address this problem. Biological vision appears to employ this type of analysis sincethere are cells found at the low levels of
the visua system tuned to different orientations as well as scales [6, 11]. Studies in computer vision also have established that
multi-scale image analysis can help to overcome the problem of appropriate scale selection [12] . We propose a contour
detection scheme which uses multi-scale analysis and the notion of inhibition. The scheme removes the scale dependency and
achieves improved contour detection performance on a wide range of images

186



Proceedings of the International Conference on Cognition and Recognition

The paper is organized as follows. Section 2 presents our contour detection scheme which describes the computation of local
energy at particular scale, models for two inhibition mechanisms, namely, anisotropic and isotropic and the contour
binarisation scheme. Results obtained from the contour detection scheme are presented in Section 3 along with some
concluding remarksin section 4.

2. MULTISCALE CONTOURDETECTION SCHEME

The contour information is extracted in the HVS in its early stages of processing. Various psychophysical studies have shown
that the perception of an oriented stimulus, e.g. a line segment, can be influenced by the presence of other such stimuli

(destructors) in its neighbourhood [9]. These perceptual effects are supported by neurophysiological measurements on cells in
the primary visua cortex of primates [10]. These studies show that the response of an orientationselective neuron to an
optimal stimulusin its receptive field is reduced if the stimulus extends to the surround. Neurophysiologists refer to this effect
as surround inhibition and it is exhibited by a majority (80%) of the orientation-selective cells in the visua cortex of primates
[10]. Hence, it is worthwhile to study the underlying mechanism of these cells and develop a scheme for contour detection
incorporating surround influence.

From the point of view of the problem at hand, an oriented edge (or line) feature is only a candidate for a contour. For an edge
feature to be successfully declared as a contour, its local context, in the form of centre-surround interaction, must be taken into
account. Computationally, the surround mechanism can be separated from the centre mechanism which is responsible for edge
detection. Hence, we propose a scheme for contour detection made up of two processing steps: 1) Edge detection based on
local energy computation at multiple scales[14] 2) Surround inhibition.

2.1 Local Energy Model

Typically, a bank of conjugate symmetric filter pairs which are tuned to different frequencies and orientations is required for
the local energy computation. It is desirable to obtain a reasonably broad and uniform coverage of the entire spectrum without
having to use too many filters. Neurophysiological studies provide a clue to how this is implemented in mammalian visual
systems where families of neurons which span different ranges of locations and scales are present. Specifically, these neurons,
viewed as spatial filters, have bandwidth ranging from about 0.5 octaves up to about 3.0 octaves[6] and their transfer functions
are roughly symmetric when viewed on a logarithmic frequency scale[8].

A traditional choice for local energy computation is to use Gabor filters. How ever, the maximum bandwidth obtainable from a
Gabor filter is only about 1 octave [15] and a Gabor filter has a Gaussian profile only on the linear frequency scale. A log-
Gabor filter on the other hand, allows large bandwidths and has a symmetric (such as Gaussian) profile on the logarithmic
scale. This is a desirable feature since, it has been suggested that natural images would be better coded by filters that have
Gaussian transfer functions when viewed on the logarithmic frequency scale [13]. Due to these characteristics, a log-Gabor
filter bank uniformly covers the frequency spectrum by using afewer number of filters unlike a Gabor filter bank.

Due to the singularity in the log-Gabor function at the origin, one cannot construct an analytic expression for the shape of log-
Gabor function in the spatial domain. Hence, one has to design the filter in the frequency domain. On alinear scale, the transfer
function of alogGabor filter is expressed as

1)

where I is the central radia frequency, q is the orientation of the filter, S, ad s represent the angular and radial
bandwidths, respectively. The local energy for an image is defined as

£, (0 ¥) =0 () + (02 (x ) @

where OF'"(X,Y). Or‘zdgo (x,y) are the responses of the even and odd symmetric logGabor filters, respectively. The real-
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valued function given in (1) can be multiplied by the frequency representation of the image and, transform the result back to
the spatial domain, the responses of the oriented energy filter pair are extracted as simply the real component for the even-

symmetric filter and the imaginary component for the odd-symmetric filter. Let Z(ro,qc) be the transformed filtered output. The
responses of even and odd symmetric logGabor filters are expressed as:

O, (% ¥) =Re&(Zq,)); oY% (% y) =Im(Z, . )); (©)

2.2 Inhibition Models

Following the local energy computation, an inhibition term is to be calculated based on the local energies at different scales
and orientations. There are two types of inhibition of interest, one of which depends on orientation of the stimuli in the central
(anisotropic) and surround regions while the other does not (isotropic). For a given point in the image, the inhibition term is
computed in an circular area around it. In the following, the inhibition tems are constructed in the same way asin [7].

Let G, (X, Y) be a zeromean and 2D Gaussian function with standard deviation of S . Here we define a filter function

h, (X,y) asfollows:

1
h, (%)= ———-R(DoG(x, y)) @
IR(D0G)I|
where R(z) =(z+| z])/2, ensures that the operator has only positive response and || .|| denotesthe L, norm; | .| denotes

modulus; and D0OG(X, Y) isadifference of Gaussian functions with the ratio of 4:1in their standard deviation.

(1) Anisotropic inhibition: The anisotropic inhibition is computed in two steps. First step calculates the inhibited contour
response and orientation map for a particular scale using local energies in al orientations and the second step integrates

information at all the scales and computes the final contour response and orientation map. An inhibition map Sr?’qj (X,y) for

each scale I; and for a particular orientation Q; isfound astheresponseof h, (X,Y) tothelocal energy E . (X,Y) &
idj

st (x Y)=(E,q * 1 Jxy) )

Theinhibited contour response EA’; (x, y) is computed as follows:
[

— Aa _ A
B/ (x,y) =R, (x y)- a* 8, (xy)) ©
where factor a controls the strength of the inhibition by the surround. If there is no texture surrounding (i.e., there is an

isolated an edge) a given point, the response will be equal to the local energy term. However, if there are other edges in the
surrounding region, the inhibition term SrAq (x, y) can become strong enough to cancel completely, the contribution of the
iH]

local energy term.

In order to take the orientation into account, an inhibited contour response Nrf’a is defined as

N2 = maxdER2 (% V)i = L N, @

fi

An associated orientation map QrA (X, y) records the orientation for which this maximum response is achieved
']
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Qﬁ‘(x,y)=qk, k=argmax{|§f’;‘:‘j li=1,..... ,Nq} )

N,
NA® =@ NA*; QA=Nia Qf ©)
i=1

i=1
where N isthetotal number of used scale.

(2) Isotropic inhibition: In isotropic inhibition the orientation of the stimulus in the surround is immaterial. Hence, we

construct a local energy map N,'IJ (X, y) with values of maximum local energy over al orientations.

N: (xy)=m { (K V)i =L ,Nq} (10)

and the orientation map Q'ri (X, y) records once again the orientation of maximal response as
Q:i(x, y)=qk, k :argmax{Eri,ql xy)|j=1..... ,Nq} (12)

The isotropic inhibition map Srl, (X, y) is found by filtering the maximum oriented energy map er, (X, y) with the kernel
hs (x,y)

s (xy)=(N!*h, fx ) (12)

The inhibited contour response at scale I; is computed as follows:

N2 (% y)=R(N! (x,y)- a* S (x)) (13)

As before, the factor @ controls the strength of the inhibition. The final contour response and the associated contour map are
found as

Nl'a:gNl'a' leng (14)
e N, =

where N, isthetotal number of used scale.

3) Binary Contour Map Construction: The response N (X, N'? o N*?) specifies the local edge strength and the
y

orientation map Q(x,y) (Q' or Q") specifies the associated edge direction at a point (x,y). These are used to construct
binary maps by using a standard procedure of nonmaxima suppression followed by hysteresis thresholding [16] . Nonmaxima
suppression seeks to thin regions where N (x, y)is non-zero, to generate candidate contours as follows: two virtual neighbors

are defined at the intersections of the gradient direction with a 3° 3 sampling grid and the gradient magnitude for these
neighborsis interpolated from adjacent pixels. The central pixel is retained for further processing only if its gradient magnitude
is the largest of the three values. The final contour map is computed from the candidate contours by hysteresis thresholding.

This process involves two threshold values t andt , t <t . All the pixels with N(x,y)3 t, are retained for the final
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contour map, while all the pixels with N(x, y) £1, are discarded. The pixels with t <N(x, y) <t, are retained only if they
adready have at |east one neighbor in the final contour map. Thevaluesof t, and t, aretuned to get the best result.

3. RESULTS

The proposed multi-scale contour detection scheme was implemented with a bank of the filters such that it covers the
frequency spectrum uniformly. The length to width ratio of a filter controls its directional selectivity. This ratio can be varied
in conjunction with the number of orientations used in order to achieve coverage of the 2D spectrum. Furthermore, as the
degree of blurring introduced by the filters increases with their orientation selectivity, they must be carefully chosen to
minimize the blurring. Hence, we consider a filter bank with the following features. (a) T he spatial frequency plane is divided
into 12 equally spaced orientations. (b) The radial axis is divided into three equal octave bands with a band of width two
octaves. The filter with highest central frequency (in each direction) is positioned near the Nyquist frequency to avoid ringing
and noise. (¢) The angular bandwidth is chosen to be 15 degrees.

We have tested our scheme on different sets of images e.g. synthetic images, natural scenery and medical images. These sets
differ in the kind of organisation of image contours and background. We first present a comparison between the performance
of our proposed contour detector with Canny edge detector. The best results of the contour detector are shown in Fig. 3. From
these we can observe severa points. Firstly, as compared with the Canny output, the contour map is sparse, retaining only
salient edges such as boundaries and outlines of various regions. Secondly, the extracted contours are closer to perceived ones.
This can be seen in the contour map of the stone image where the contours of two of the stones do not include the shadow
regions on the left whereas the Canny output includes this region. It is noteworthy that the Canny detector does not distinguish
between the contours (signal) and textures (noise) and hence raising the threshold will decrease both the signal and noise. This
isin contrast to the proposed contour detector which can be tuned to produce a sparse output which retains mostly the signal
while rejecting the noise.

Fig. 3: Resultsof testing on medical image (row 1) and image of stone on pavement (row 2). First column showstheinput images,
second column showsthebest Canny edgemapand third column shows the best contour map obtained from the proposed scheme
based ontheisotropicinhibition model

We next compare the results of our proposed scheme with the results reported in [7] which are also based on surround
inhibition, however at one empirically chosen scale. The results are shown in Fig. 4. These results show that a multiscale
contour detector suppresses surround texture more effectively. For instance, in the result obtained using this operator for the
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elephant image, the grassy texture region is suppressed well in both the isotropic as well as anisotropic inhibition models. The
best results can be seen on hyena image where the contour map is more close to the ground truth image. These results show
that the notion of scale is mportant for contour detection. Results obtained from testing on synthetic images (in the first
column of Fig. 4) show the multi-scale contour operator to be consistent with both the human perception and the results

reported in [10].
4. DISCUSSION AND CONCLUSIONS

Based on the premise that scale is important, we have presented a scheme for contour detection that can be used on a wide
range of images. The proposed scheme contributes to better contour detection not by enhancing responses to contours, but by

sdectively suppressing edges based on the surround region. In comparison with the scheme proposed in [10] the proposed
scheme produces contour maps much closer to perceived contours. However, the improved performance does come at a higher

computational cost. Even though we have tried to reduce this cost by choosing logGabor filters, other solutions can be
investigated for a further reduction in cost.
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(a) Syntheticimage (b) Elephant (c) Goat (d) Hyena

Fig4: One synthetic image and three natural sceneswith objects on textured backgrounds (first row); their corresponding ground
truth contour maps(second row); the best anisotropic contour mapsreported in [7] (third row); the best contour maps obtained with
multi -scale anisotropic contour operator (fourth row); the best isotropic contour mapsreported in [7] (fifth row); and the best
contour maps obtained with the multi-scaleisotropc contour operator (last row)

In practice, contour detection is an intermediate level operation in computer vision with its output often used as input for
further stages performing higher level processing. It is hence of interest to know the appropriateness of its use given a specific
high level task. As can be seen from the results, the proposed contour scheme largely suppresses the local background
information and hence it is not appropriate to deploy it in tasks where the background information is essatial, e.g. texture
classification or region based segmentation. In other high-level tasks such as shape based recognition and image retrieval, the

proposed scheme can play avery useful rolein their performance improvement.
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