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Abstract: A new iterative algorithm for edge intensity images enhancement is proposed. It
uses local cooperation-inhibition processes to produce an edge image in which the most rele-
vant contours have reached maximal activation, and small gaps and junctions have been filled
in. Implementation on a massively parallel machine provided high speed performances, and
results of experimentations with images of real scenes are presented. The algorithm is robust
in complex edge images context, and is perfectly stable under any number of iterations.

Keywords: early vision, contour grouping, contour detection, iterative parallel algorithms

Un algorithme d’itération de processus élémentaires pour le
groupement de contours

Résumé : Un algorithme itératif pour ’amélioration des images de contours est décrit. 1l
utilise des processus locaux de coopération - inhibition pour produire une image de contours
dans laquelle les contours les plus pertinents ont atteint le niveau maximal d’activation, et
ou les petites interruptions et les jonctions sont complétées. L’approche retenue a permis
une réalisation tres efficace sur machine paralléle a grain fin, et des résultats pour des images
de sceénes réelles sont présentés. Appliqué a des images de contours complexes et denses, le
modele s’est révélé tres robuste et parfaitement stable quel que soit le nombre d’itérations.

Mots clés : vision préattentive, détection de contours, groupement de contours, algorithmes
itératifs paralleles
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1 Introduction

Contour detection in digital image processing is a fundamental step towards scene
interpretation. A large class of methods, most widely used to extract image contours,
consists in applying to each pixel a local discontinuity detector filter, and in threshold-
ing the result to produce an edge map.

The information extracted this way is difficult to use directly for scene analysis,
because there is no straightforward relationship between digital image intensities and
contours or surfaces of the scene real objects. Though, the human visual system per-
forms scene interpretation using only perceived light intensities. The first step of this
interpretation is known as “Perceptual Grouping”. During this preattentive process,
regions are merged or splitted, new edges are inferred, some irrelevant edge elements
disappear, following rules first studied by “Gestalt” psychophysiologists (see [9]). It
should be emphasized that these processes precede the interpretation phase, and thus
involve no “high-level” knowledge. This step of perceptual organisation is in our opin-
ion a key condition for the success of interpretation.

In the following section, we propose a global model architecture for implementing
perceptual contour grouping in the context of digital image processing. The algorithm
described in section 3 is a first element of this architecture. Results of experiments
with images of real scenes are presented in the last section.

2 General Model Overview
2.1 Constraints

Although toy images may be interesting to explain the behavior of an algorithm,
they can’t be used to validate it. Only real images can be used for this purpose: in
all our experimentations, source images are digitalized video camera views. Moreover,
since perceptual grouping involves no high level knowledge, the model should be able
to handle any type of images: our set of examples is composed of both indoor, outdoor,
and aerial views.
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Finally, since the final purpose of an image processing algorithm is its implementa-
tion on real-time vision system, speed efficiency is an imperative requirement.

2.2 Proposed Approach

It is well known that grouping contours and selecting most salient ones requires
long-range interaction between edge elements, as shown in Figure 1 where the best
grouping can’t be deduced from local information.

Figure 1: Need for long-range interactions

Several approaches can be used to implement these interactions. A diffusion phe-
nomenon is obtained by iterating local updating of field elements in Markov Random
Field models (see [3], [6]). Here a pixel value modification through one iteration only
depends on a neighbourhood whose size is given by the order of the random field. As
a consequence, the interaction rules between distant pixels are defined in an implicit
way, which provides few control over their definition as long as a multi-scale approach
is not used. Furthermore the distance of propagation is proportional to the number of
iterations, which severely limits speed efficiency.

An other solution is to propagate information along the contours. This approach
was used in 8] to detect salient contours. Here more accurate control over the interac-
tion rules is provided, however the time needed for two pixels to interact is proportional
to their distance along the contour.

The general framework we propose to use is a model of local interactions between
objects, following rules depending on a predefined set of attributes attached to each ob-
ject. So as to meet time-efficiency constraints and accurate definition of the interaction
rules, we also believe that a multiscale approach should be used.
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The algorithm described below is the first step towards this model. It implements
local interactions for the lowest scale only, where objects are the pixels of an edge
image. Five attributes have been used at this scale:

e the edge element intensity, which is updated at each iteration
e 2 caracteristic contour directions as defined below, used in a cooperation step

e two reference values computed over the pixel neighbourhood, used in an inhibition
step.

The algorithm is obtained by iterating the following sequence:

e evaluation of attributes

e application of the updating rules.

Related works include relaxation labeling applied to contour enhancement (see [11]).
In our case, using more complex rules lead to better gap filling capabilities as well
as perfect stability for any number of iterations. Significant theoretical advances in
computing curve orientation and curvature for curve inference has been made by Par-
ent and Zucker in [7]. Their results should prove usefull for next elements of our
model, when higher scale will require more elaborated curve segment modelisation.
The cooperation-inhibition concept has also been used by Grossberg and Mingolla (see
[4]). In that work, iteration of local interactions allowed to implement complex contour
grouping rules observed in human vision. However working with more complex images
coming from real world scenes lead us to use simpler and thus more robust rules.

Neighbourhoods of radius 4 were used to compute the attributes. Below this size,
contour elements are correctly caracterized with only directional attributes. Bigger
sizes would require more complex notions such as average curvature or length for ex-
ample.

To achieve time efficiency constraints, the algorithm was designed to allow massively
parallel computations, while using only three simple basic operations:

o convolution of the pixel neighbourhood by precomputed kernels.
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e maxima extraction

o thresholding

The results of Section 4 show that this choice lead to very high speed performances.

3 Description of the Algorithm

The algorithm starts with images of edge intensities. They can be obtained for example
from an edge or line detection process applied on a grayscale image, followed by a no-
maxima suppression in the contour direction. The final image is obtained by iteration
of a two-step process over the image of edge intensities:

e Local cooperation: at positions where an incoming contour has been detected,
compute a best continuation direction, and update neighbouring edge intensities
accordingly.

e Inhibition: a no-maxima suppression is performed at each position, in the “max-
imal reinforcement direction” defined below.

Each step is detailed in the following sections. The result, composed of the final
edge intensities, is obtained in less than ten iterations, without any post-processing.

Two parameters control the algorithm:

e an “activation threshold” M,, which selects the positions that take part in the
cooperation step.

e a “continuation threshold” M. (see below).

The computations involving orientation use a sample of 16 predefined directions
with angles 8, = 2kn/16,k = 1,..,16 . These 16 directions define 8 orientations
Y = 0 mod 7 = ;48 mod 7. In the following sections, the terms “orientation” and
“direction” always refer to these definitions.

The pixel value at position (i, ) is denoted by I;;.

Vn(2,7) = {(u,v)|(Ju — i{] < n) and(|v — j| € n)} denotes the square neighbourhood
of radius n of (7, ).
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3.1 Local Cooperation

For each “active” edge element (i.e. such that I;; > M,), a “support value” L,
is first computed for each of the 16 directions. The maximum is extracted, and is de-
fined to be the “incoming direction”. The remaining support values are then weighted
according to this incoming direction, so as to favor straight continuations. A sec-
ond maximum is extracted over these modulated values, and if it is greater than the
continuation threshold M., it defines the “continuation direction”.

The “incoming direction”, and the “continuation direction” if it is defined, are then
used to update the intensities of the neighbouring edge elements.

3.1.1 Computing the Edge Intensities

16 convolution kernels are defined for this purpose. Lateral inhibition is used to avoid
selecting a high intensity orthogonal contour instead of a low intensity but well-oriented
one. So the kernels have a positive center and a negative surround along the direction
of interest, and values decrease with the distance:

) sinfy u
Cuvk = 0 lf(cosek)'(v)so
(d2 — d?)exp (—|d2|*/5 — d?/9) otherwise

where d; = Vu?+4 v

~

d; is the distance between point (u,v) and line 6y,
and djp is the distance below which the point contribution is positive:

d, = d sin (arctan (v/u) — 6;)
do = 09

The support values are thus defined as follows:

Lijx = Z Loluciv—jik
(u ) EVg6.5)
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Figure 2: Edge intensity kernel, § = = /8

3.1.2 Extraction of Incoming and Continuation Directions

For each active position, the incoming direction k,‘;‘ is the one that maximizes the
support value:
La’k;; = max Lijk

The support values are then weighted according to the incoming direction. Since the
contour detected in the incoming direction will produce responses in the surrounding
directions as well, and since we don’t want this contour to be detected twice, the
weights for the directions near Ok:n are set to zero; the weights are set to 1 for a
straight continuation and to 0.5 for an orthogonal continuation, which has proven to
provide the best results in our experiments. This yields:

:’jk = #(k:'?» k)Lijk

with  u(ky, ko) = 0 if by — k2| <3

1 — |k2 — ((k; + 8) mod 16)|/8 otherwise

The continuation direction k{}* is then extracted from these weighted support val-
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ues:

’ _ ’
Lijk:’;“ = m:lx Lijk

It is considered undefined if
L:'jk'o’ul < MC
M. is thus the threshold below which a position should be regarded as a real end-
point. This method implements a trade-off between the intensity of the continuation
contour, and its angle with the incoming contour.

3.1.3 Updating

Since most positions lie on already well-established contours, we don’t want them
to create new active positions. This is why end-points are first detected: a position is
defined to be an end-point if among its 8 nearest neighbours, only one has a non-zero
edge intensity, or two have non-zero intensities and are connected in a 4-connexity
pattern. In the example of Figure 3, white pixels are end-points. A position whose
intensity is zero before the cooperation can be updated only by end-points.

Figure 3: Definition of end-points

Let P = {(u,v) | Iy, > 0} be the set of positions with non-zero intensities before
any updating has taken place. Each active position (z,7) at which a continuation
direction k& has been found updates its neighbouring positions as follows:

V(u,v) € VQ(Z,])
if (u,v) € P or (1,) is an end-point
qu + = Wijru_i'u_j‘k:;‘ + VVijFu-i,u-j,k:”“'
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Notice that the neighbourhood size is smaller than the one used to compute the
support values, and that the updating amount only depends on the intensity of the
updating pixel. In particular, it doesn’t depend on the previous value of I,, or on
the support values Lijk_';‘ and L:.jk:,;.., thus defining a so-called “winner-take-all” update

rule.

Since there are inhibition terms in the contour kernels, the intensities obtained after
the cooperation step are set to zero when negative.

3.2 No-maxima Suppression

After the cooperation step, which acts as a hypothesis generator, we have to select the
optimal contour positions. No-maxima suppression along the gradient orientation has
often been used for this purpose in other models. However using a “contour orientation”
leads to eliminate junction edge elements, as shown in Figure 5.

A quite natural approach successfully solves this problem: let us define the “maxi-
mal reinforcement orientation” ®,; as the orientation for which an edge element received
its maximal contribution in the cooperation step:

$,, = g, mod 7
: 0 __ pin m __ pout
WIth kuu = kinO or kuv = kiojo

and w.

ioJo r

max u/l] Fu—i,v—j,k

Kk}

u—ig,v—jo.kg, — (,',j)renva:((u,u) ke{

This maximal reinforcement orientation is in some way the reason why a position
has a high intensity. The key idea is to set the intensity of a position to zero only if
a neighbouring position obtained a higher intensity for the same reason. A reference
value is computed on each side of a position orthogonally to the maximal reinforcement
orientation. One or two pixels of V|(z, ) are used on each side, as shown in Figure 4.

Let J;; and J/; be the reference values, we have:

‘]ij = (6®(ivjaulavl)1u1vx + 6(1)(17.7) U, v2)1u202)/2
1 if &, =

0 otherwise

with  §®0(s,7,u,v) =
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' )
) ' Maximal

(ui,v1) | (u2,v2) : ui=u2 ! ! reinforcement
' ' : vi=v2 ' . direction

' Maximal

. -
' \ reinforcement
' 1+ direction

]

t
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]
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\

Figure 4: Neighbours used to compute reference values

and the same for J;.

The edge intensities are then updated by simply setting to zero those which are less
than one of their reference values:

V(2,5) | (1ij < Ji) or (Ii; < J))
Ij; =0

Finally, a global thresholding is performed on the image to maintain the edge in-
tensities below 1:

V(z,y) 1,']' = min(l,j, 1)

The resulting image of edge intensities forms the input of the cooperation step of
the next iteration.

3.3 Convergence and Stabilisation

One remarkable feature of the algorithm is that the resulting image remains very stable
under any number of iterations. This has been achieved by strictly selecting the edge
elements that take part in the cooperation step. Figure 14 shows a resulting image
after 100 iterations.
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Gradient direction Maximum
) reinforcement
~ —_~> Reference pixels orientation
/ s
!l 7 Reference pixel

! \
Ll ¥ Ll Maximum
reinforcement
orientation

Figure 5: Effect of no maxima suppression on junction pixels

Interesting groupings however are obtained in far less iterations, and all the results
presented have been obtained after 10 iterations.

At any given active position, two cases may occur:

e a continuation contour is detected in the neighbourhood of radius 4: since the
radius of the neighbourhood used for updating is 2, the gap will be filled in 2 or
3 iterations.

e if no continuation contour is detected, no updating takes place

This explains why very few iterations are required. More iterations are usefull only in
one case: a contour formed by a long section of edge elements whose intensities are
smaller than the activation threshold, and with some high intensity edge elements who
will propagate the activation 2 pixels further at each iteration. Thus the choice of 10
iterations corresponds to contours with non-zero inactive sections of maximal length
20, which covers the majority of contours in most images. If many such contours are
expected in an image, the activation threshold should be lowered.
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4 Experimental Results

4.1 Implementation

The algorithm has been implemented on a Connection Machine 2 system with a
Sun4/390 front-end. The program is written in C*, a parallel extension of C for the
Connection Machine. The pixel values, edge intensities, and kernel terms all are 32
bits floating-point values.

The source code has really not been optimized. For example about half of the
terms in each convolution kernel are zero, and the corresponding floating-point multi-
plications could easily be avoided by using precomputed masks. Moreover, pixels that
reached saturation value 1 are still updated, which is useless. Even so, 10 iterations
are performed in about 3 seconds when using one processor per pixel in the image
(e.g. 128x128 image on the 16k processors Connection Machine of Inria). This level
of performance was achieved by limiting the algorithm to very basic operations, as
described in Section 2.2. Writing the program in a lower-level language (like C-Paris
for the Connection Machine) with some optimization should make the algorithm at
least twice as fast.

4.2 The Source Images

Three grey-level images were used in our experiments:

e Image 1 is a 256x256 indoor view (Figure 6)
e Image 2 is a 512x512 outdoor road scene (Figure 10)

e Image 3 is a 256x256 satellite image (Figure 15)

A step edge detector has been applied to images 1 and 2. Deriche algorithm, a
recursive implementation of filters derived from Canny criteria ({1],(2]), has been used
for this purpose. Classical no-maxima suppression in the gradient direction was then
applied to form the algorithm input images. In Figures 7, 8, 11 and 12 thresholding
has been used to obtain good legibility of the printed images.
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In order to address the problem of road detection, a white ridge detector was applied
to the satellite image. This detector, proposed by Ziou ([10]) has optimal response for
thin white lines in a black surround. A no-maxima suppression was then applied as
proposed in [10] to obtain the initial edge intensity image (Figures 16 and 17).

4.3 Evaluation of the Results

The results presented in Figures 9, 13 and 18 were all obtained after 10 iterations,
and are the exact output of the algorithm without any thresholding, although low
intensities are invisible in printed images.

The activation threshold was set to 0.05 for images 1 and 2, and to 0.2 for image 3.
With these values, about 25% of non-zero edge elements were active in images 1 and
2, and 15% in image 3. The continuation threshold M, was set to 0.025 for images 1
and 2, and to 0.05 for image 3.

The relevant contour elements all reached saturation value 1, while the value of
isolated ones remained constant, and no thick lines have been introduced by the coop-
eration process. Most junctions and small gaps were successfully completed, as long
as their size is less than the size of the interaction window. Longer gaps have been
interpreted as contour end-points, which is the relevant choice at this scale, and no
further diffusion has taken place at the end-points.

The text at the top of image 2, where many contours are only one pixel apart,
demonstrates the robustness of the process in a dense edge image context (see Fig-
ures 11, 13).

5 Conclusion

A new iterative algorithm that exhibits powerfull contour enhancement capabilities
has been described, and has been successfully applied to complex images of real scenes.
It achieves very high speed efficiency, while being perfectly stable under any number
of iterations. This algorithm applied to edge images greatly improves the results of
subsequent contour chaining or recognition processes.



Local edge grouping by simple process iteration 15

However it is part of a more global architecture, which is currently being imple-

mented. This multi-scale model should provide an efficient implementation of complex
rules for long-range interactions, which are required for perceptual contour grouping.
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Figure 10: Source image 2
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Figure 12: Active edges (M,=0.05) after edge detection + no-maxima supression



Local edge grouping by simple process iteration 21

Figure 13: Resulting image after 10 iterations
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Figure 14: Resulting image after 100 iterations
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