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Abstract—-Human vision has marvelous ability in ex-
tracting linear features from images, such as roads, rivers
and so on. In this paper we present a new method to sim-
ulate this ability. Our method is based on some general
grouping factors arising at two levels. At the first level,
grouping factors are identified as direct bar-bar interaction
and orientation interaction. Bar-bar interaction is short-
ranged and homogeneous. Orientation interaction is locally
oriented and mediated by statistics of local visual context.
At the second level, grouping factors are global geomet-
ric binding effects which arise from geometric redundancy
reduction and thus are global effects. Based on them, we
present an energy model. Then the extraction of linear fea-
tures is generally formulated as combinatorial optimization.
Since local, global interactions and local context effects all
are included in it, the model may capture partially group-
ing ability of human vision systems. The experiments show
that, without selecting any original points, our method can
extract linear features from images robustly and quickly.

1 Introduction

In the past, much effort has been put in automatic extrac-
tion of linear features, such as roads, from images. Most
of the existing methods, such as "Duda-Road-Operator”[1],
generic edge detectors[2, 3], crest detectors and morpho-
logical operators[4] , are local methods since only the lo-
cal information of the current terminal point is used to de-
cide whether it belongs to a linear feature. In the presence
of noise, these strategies would result in wrong decision.
Kalman filter or other linear prediction methods can be used
to reduce the wrong decision. But in real images, a lin-
ear object is not always locally linear, so the linear predic-
tion methods are not always successful. In [5], a tracking
method is presented which uses more global imformation.
Donald Geman etc[6] proposed a model-based method for
road tracking. Given the starting point and direction, this
method can track the main road based on a statistical model.
Brief review and comparision of the existing methods can be
found in [6].

Human beings have marvelous ability to perceive lin-
ear features in images even heavily dirtied with noises.

This can not be simply explained by local filtering, but in-
volves perceptual organization. Recently neuroscience and
psychophysics convergently support that this organization
arises at the early vision stages without intelligent mecha-
nisms. In this paper we suggest some general grouping fac-
tors to realize this organization. Based on these factors, we
present a new and efficient method for the extraction of lin-
ear features from images. Our method includes the follow-
ing two parts: 1) An edge detector is applied to transfer the
original image to binary edge map(EM). After edge tracing,
we obtain the edge chains of all the structures in the back-
ground. We can see from the EM that all the linear features
are immerged in the background and they are, in general,
broken into many segments. 2) Based on the grouping fac-
tors, we present an energy model to group the segments into
line contours. Then the linear features emerge as global op-
timum solutions of this energy model. We can see that our
method is very efficient without heuristic search.

We discribe the general grouping factors in the second
section, and we present an energy model based on them in
the third section, which is the basis of our method. In the
fourth section, we give the main steps of our method and
in the fifth section we show some experiments. Finally we
give the conclusion.

2 Some General Grouping Factors

Considering our task, in the EM image, the edges of lin-
ear features are broken into many segments, so we must
group them to reconstruct the line contours. We apply some
general grouping factors to attain this goal.

Referring to the recent findings in neuroscience and psy-
chophysics, we identify the general grouping factors at four
levels: local direct factors, global grouping factors due to
geometrical arrangement of a chain of bars,global group-
ing factors due to higher structures formed by the bars, and
global grouping factors due to functional or semantic mean-
ings of the structures formed by the bars. We also include
the effects of local visual context on the local grouping fac-
tors. The global grouping factors are much less affected by
the local context. But unluckily, at this stage we can only
formulate the first two kinds of grouping factors.



2.1 Direct Interactions

Let’s consider first the local grouping factors, i.e. local
bar-bar interaction and orientation interaction. Bar-bar in-
teraction is simply proposed as (See F'ig.1)

W > 0 is a constant. Orientation interaction is suggested
as(See F'ig.1)
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6 is the turning angle. cos(#) is dipole interaction repre-

senting orientation tuning. & is a spatial smoothing fac-

tor related to local statistics of bar-bar connection. J > 0

is tuning strength. f(e, e) and g(e,e) are two anisotropic
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® is in fact the context effect. Considering in 4 cases, we
choose ® = 1, 1.5, 1.5, 0.5 individually. Case 1 is "clean
limit”; there are no other bars in a proper window between
the two bars. Case 2 is “all inhibition”: all orientations
formed by bar-bar connection are inhibited in the window.
In case 3, there is a coherent orientation, formed by bar-
bar connection, different from the orientation formed by the
considered bars. Both case 2 and 3 lead to detectability en-
hancement. In case 4, there are more than one un-correlated
orientations formed by bar-bar connection, which degrades
contour perceptual saliency. The shape function and context
effect are absent in usual theories. Also note that the orien-
tation interaction contains explicitly the position coordinate
and thus the interplay between V), and V;, is included in a
natural way.

The direct interactions are in fact a way of mapping local
correlation in the visual environment. There are many kinds
of regularities in visual environment. A hypothesis is that
one of the goals of the human vision system is to encode the
visual environment in a way making efficient use of these
regularities[7]. These kinds of correlation can be obtained
by the study of statistics of images and can be used to derive
the responding properties of the visual cortex[8].

2.2 Geometrical Binding Effect

If a chain of bars are aligned on a line of constant curva-
ture, there is some geometrical redundancy with the chain.
Due to the redundancy, two bars separated by a finite dis-
tance are correlated, and thus there is grouping tendency
between them. So we suggest geometrical binding energy
for the chain of bars[9]

Bi=—(p—gqx |c|2¢) x L% 4

p > 0,q > 0are constants. L is the total length of the bar
chain, including the gaps between any two neighbour bars.

When the chain consists of only one bar, B; is exactly the
energy of one bar. ¢ is the curvature. ¢, o are exponents.
Weset0 < a < 1,0 < ¢ < 1andchoose proper length unit
and short-distance cut-off to ensure that p—g x |¢|2¢ > 0. So
we always have B; < 0, which means that the geometrical
binding effect is always attractive. Since the binding effect
is associated with the whole emergent line contour, it’s a
global effect. Note that B, is designed in such a way that it
has the following two important properties
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The bigger ||, the bigger B;(B; < 0) and the smaller the
binding tendency. The bigger L, the smaller By and the
greater the binding tendency. Thus, there is greater binding
tendency with long, straight line contours formed by bars.
If a chain of points are aligned on a line contour whose
curvature changes greatly from bar to bar, we suggest the
geometrical binding effect for this chain of bars as

>0 (5)

By, =0 (6)

In this case, there is no geometrical redundancy to be re-
duced. The local property of the line is much “unexpected”
for vision system and thus all the changes should be repre-
sented. So we suggest the total geometrical binding effect
of a chain of bars as

B=) B 7)

Note that this geometrical binding effect is related to the
curvature scale used and thus there is interesting connection
between it and the curvature scale space in shape represen-
tation.

3 Energy Model and Line Contour Percep-
tion
From above, we can see that the energy of a set of un-
grouped segments is

H1=ZB1:Z—(27—‘1X|C|2¢)XL? (8)

Where L, is the length of one of the segments. So H; is the
sum of geometrical binding energy of all the segments.

If we group these segments into a line contour, its total
energy is

H=YB+Y %+ V, ©

Where B is the geometrical binding energy of a chain of
bars from the bar set, which are aligned on a line of constant
curvature.

When H < Hj, according to marginal effect, all the gaps
are filled due to the reduction of energy and then all the bars
are grouped as a line contour.



Then we define the average energy of unit length as the
global saliency of the line contour

H

Sa = 7 (10)
Where L is the total length of the contour. The smaller
Sa(Se < 0) a line contour has, the more salient percep-
tually the line contour. So we select the line contours with
small S as perceptually salient ones. Note this explains
why a set of bars should be grouped into line contour. First,
line contours are more favored energetically than a set of
isolated bars since the direct interactions and the geometri-
cal binding effect are attractive. Second, line contours are
more salient than a set of isolated bars. Due to both the
local and global grouping factors, line contours can be rep-
resented with less code length than a set of isolated bars.

4 Description of Our Algorithm

Our algorithm can be deviden into two parts: 1)binary
edge map production, edge tracing and contour segmenta-
tion. 2) grouping the segments to extract linear features via
our energy model.

In the first step, considering the computational cost and
performance, we choose the zero-crossing detector Differ-
ence of Exponential(DOE)[13] to produce the edge map:

[z ]

DOE =k(e™% — e+ ) (11)

In [13], it has been proved that with the scale ratio ¢ of 0.3,
this edge detector performs best. So we choose ¢t = % This
operator can be implemented recursively, so its computa-
tional cost is very low.

According to Eq.(8), we must first decompose the edge
chains into segments of constant curvature. There are many
algorithms to fulfil this task of contour segmentation[10, 11,
12]. We adopt the algorithm in [10], which is robust to noise
and insensitive to reasonable changes in parameters. Those
who interest in the details of this algorithm are refered to
[10].

Now we obtain the edge chains which have been de-
composed into constant curvature segments. Without given
starting bars, using our energy model, we can group the seg-
ments to extract the most salient linear teatures. The details
can be found in [14].

5 Experiment Results

In what follows, we’ll present some experiments.

Leftin Fig.2 is a synthetic image with a broken sinusoid
curve immersed in a background of bar noise. We can easily
extract it by our algorithm, as shown in the right of F'ig.2.

Fig.3a is a satellite image with some roads(linear fea-
tures) immerged in a complicated background. Fig.3b is
the result of contour segmentation and F'ig.3c is the most
salient 12 linear features. It takes about 3 seconds in
Sparc10 station to produce F'ig.3c from the edge map. We

find that almost all of the roads are successfully extracted.
Fig.4a is an aerial image with curve-like rivers and shores
in it. Fig.4b is the result of contour segmentation and
Fig.4c is the final result using our method. This result is
satisfactory, although it is not very accurate.

As can be seen from all these experiments, our method
can successfully extract linear features from images quickly
and robustly without given starting bars. And it is insensi-
tive to reasonable changes in parameters.

6 Conclusion

In this paper, referring to the recent findings in neuro-
science and psychophysics, we present some general group-
ing factors, including local bar-bar interaction and orienta-
tion interaction and global geometrical binding effect. Con-
taining these local and global grouping factors, an energy
model is introduced. Based on this model, we propose an ef-
ficient method to extract linear features from images. Some
experiments show that our method is quick, robust and very
effective.
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Figure 1: Direct interaction: Bar-bar interaction and
orientation interaction.

Figure 2: Left: A sinusoid curve of barsimmersed in a
background of bars. Right: The sinusoid extracted by
our model.

Figure3: a: A satelliteimagewith someroadsimmerged
in a complicated background. b: The result of edge de-
tection and contour segmentation. ¢: The most salient
12 linear featuresextracted by our method.

Figure4: a: An aerial image with curve-likeriversand
shores. b: Theresult of edge detection and contour seg-
mentation. c: Thefinal result by our method.



