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ABSTRACT: This article addresses the problem of street extraction in high resolution images from a
topologically correct graph of the network. The extraction algorithm makes use of specific active contours
(snakes) combined with a multiresolution analysis (MRA). The use of the MRA for computing the snake’s
energy enables to increase the convergence of the algorithm by minimizing the problem of noise (vehicles,
ground markings,. . . ). This phase is composed of two sequential steps: the extraction of street segments and
the extraction of street intersections. Indeed, these two objects present too many differences in both topology
and shape to be processed in the same way. Results of the street network extraction are presented in order to
illustrate the different steps of the method and future prospects are exposed.

1 ROAD NETWORK EXTRACTION

1.1 State of the art

Road extraction from remotely sensed images has
been the purpose of many works in the image pro-
cessing field, and because of its complexity, is still
a challenging topic. These methods are based on
generic tools of image processing, such as linear fil-
tering (Wang and Howarth 1987), mathematical mor-
phology (Destival 1987), Markov fields (Merlet and
Zérubia 1996), neural networks (Bhattacharya and
Parui 1997), dynamic programming (Gruen and Li
1995), or multiresolution analysis (Baumgartner et al.
1999; Couloigner and Ranchin 2000). Road models
are common for all authors, i.e. the radiometry along
one road is relatively homogeneous and contrasted
compared to its background. Moreover the width of
the road and its curvature are supposed to vary slowly,
and the road network is supposed to be connex.
Promising studies try to take the context of the road
into account in order to focus the extraction on the
most promising regions (Baumgartner et al. 1999).
The recent possibility to have satellite images with a
very high spatial resolution (1 meter or less) has re-
boosted the interest for road extraction (especially for
the applications in urban areas). This increased res-
olution enables a more accurate localization of the
road sides as well as its extraction as a surface ele-
ment. In return, it generates a higher complexity of

the image and an increase of geometric noise (vehi-
cles, trees along the road, occlusions, . . . ).

1.2 Goals

The context of our current work is urban area and very
high spatial resolution imagery. In order to help image
interpreters, we are concerned about extracting street
networks. The methodology defined for tackling this
issue is modular (Péteri and Ranchin 2002). In the
complete process, a module extracting the road net-
work from a pre-existing topologically correct graph
has been developed. The graph can come from an au-
tomatic process, from a road database or be manually
given. This paper deals with this module, called the
surface reconstruction module. Indeed, in very high
resolution images, streets have to be extracted as sur-
face elements and not as linear elements as it was
the case with lower resolution images. The interest
of such an approach compared to the linear approach
(extraction of the road centerline) is to characterize
the network by its area, the street width or the surface
characteristics.
In this article, paragraph 2 presents, in a general
framework, image processing tools that are active
contours and multiresolution analysis. A new active
contour, the multiresolution snake, using the multi-
resolution analysis and the wavelet transform for
computing its image energy is then presented.
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The next paragraph exposes how the multiresolution
snakes are used for the street extraction problem.
The last paragraph shows the different steps and the
results of the street network extraction on a Quick-
bird and an Ikonos image. Future prospects are also
exposed.

2 MULTIRESOLUTION SNAKES

2.1 Surface street network extraction from its topo-
logical graph

A street network can be represented by a graph com-
posed of arcs and vertices. Arcs are polylines defined
by a set of vertices (figure 1). The degree of a vertex
is the number of arc ends at that vertex.

Figure 1. Graph of the street network

In the case of the street network, two different kinds
of objects can be distinguished: streets (polylines in a
graph) and intersections (vertices with degree � �).
This distinction will be taken into account in the pro-
posed algorithm.
The reconstruction algorithm makes use of active con-
tours (or snakes) combined with a multiresolution
analysis (MRA). Snakes are a well-appropriated tool
for the road extraction problem (Laptev et al. 2000;
Agouris et al. 2001). They are able to fit to the shape
to be extracted as well as to overcome local occlu-
sions. Moreover the snake structure permits to intro-
duce special constraints by defining specific terms. Fi-
nally, they enable to adopt a top-down hierarchical ap-
proach and hence to integrate a priori knowledge on
streets and on the network.
Nevertheless, active contours are very depending on
their initialisation and can be trapped by energy local
minima. The use of the MRA enables to increase the
convergence of the algorithm by minimizing the pro-
blem of geometric noise due to artefacts (cars, sha-
dows,. . . ).
In the next paragraph, a general presentation of active
contours and their variation used in the method will
be exposed, as well as a description of the MRA.

2.2 Snakes - Greedy algorithm
Since their introduction (Kass et al. 1987), snakes
have been reformulated with several variations
(Amini et al. 1988; Williams and Shah 1992; McIn-
erney and Terzopoulos 2000; Neuenschwander et al.
1997). Their theoretical principle is to approximate
objects to extract by elasto-dynamical models which
will be distorted by being attracted by image forces
(such as edges). In a discrete version, the snake is
represented by a polygonal line, defined by nodes
and segments connecting these nodes. Geometric and
radiometric relations between these nodes are inte-
grated in energy functions, and the object extraction
leads to the optimization of an energy functionnal.
The snake model that we have adapted to the street
extraction problem (see paragraph 3) is the one of
(Williams and Shah 1992). Their approach is based on
the primary snake model (Kass et al. 1987) but they
redefine the problematic terms, such as the continuity
energy.

2.2.1 Energy terms
The purpose is to minimize the following functional:
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The first two terms of the equation (1) correspond to
the internal energy ���� which controls the shape of
the snake.
����� is the �� continuity term:

����� � � ���� � �����

where � is the average distance between all the
points of the snake, recomputed at each iteration, and
� represents the indice of point �� where this energy is
evaluated.

The second term of equation (1) controls the curva-
ture of the snake according to:

����� � ����� � ��� � �����
�

This function is a good approximation of the
curvature and is not time-consuming.

The last energy term ���	
� of equation (1)
corresponds to the image energy. This energy term
is of great importance as it the one that attracts the
snake to the object of interest. It will be detailled in
paragraph 2.3.

����, ���� et ���� are coefficients at point �� which
give a weight for each energy term.
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2.2.2 Optimization procedure
Greedy algorithms built an incremental solution by
choosing at each step the direction which is locally
the most promising.

Vi+1Vi−1

Vi

Vi

old

new

Figure 2. Optimization procedure

In this greedy algorithm, the energy at each point
in a neighborhood of the current point �� is computed
(on figure 2 the neighborhood is 3*3). The previous
point ���� has already been optimized and moved to
its new position. The next point ���� has not already
moved. The location of the previous and next points
are used with the proposed ones of �� in the compu-
tations of the energy terms. Special consideration is
given for the initial and final points. The minimum
energy point location is assigned to �� and this proce-
dure is repeated for every point (one loop). At the end
of each loop, the stop criteria are evaluated. If one of
them is satisfied, then the loop procedure ends and the
current locations of the snake points are used to create
the line segments of the final contour.

2.3 Multiresolution energies
In order to increase convergence and to limit the ge-
ometric noise effect, the image force of the energy
functional of the snake is computed at different spatial
resolutions. To that aim, a multiresolution representa-
tion of the image contours associated with the wavelet
transform is processed (Mallat and Zhong 1992).

2.3.1 Principles
The concept of multiresolution algorithm (MRA)
for multiscale representation was first introduced by
(Mallat 1989). Fig. 4 is a very convenient descrip-
tion of pyramidal algorithms. From the original image
(bottom of the pyramid), MRA allows the computa-
tion of successive approximations with coarser and
coarser spatial resolutions. To describe difference of
information between two successive approximations,
the MRA is associated with the wavelet transform
(WT) in a mathematical framework. In this case, WT
describes the difference of information between two
consecutive approximations. Hence, when applying a
MRA using WT, one can describe, hierarchically, the
information content of a digital image.

between two successive
approximations

Difference of information

the original image

Successive
approximations of

Original image

Figure 3. Multiresolution representation of an image

2.3.2 Multiscale edge detection
A multiscale version of the optimum edge detec-
tor of (Canny 1986) is implemented in the case of
a dyadic analysis. One consider a two-dimensional
wavelet whose components are the partial derivatives
of a smoothing kernel �.
The dyadic wavelet transform components at resolu-
tion � are proportional to the coordinates of the gradi-
ent vector of � smoothed by ��� (kernel � dilated by a
�� factor):�
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The modulus of the gradient vector is then propor-
tional to the wavelet transform modulus:
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Multiresolution edges are points where the dyadic
wavelet transform modulus is locally maximum along
the direction given by the previous vector. Hereafter,
the dyadic wavelet transform is computed with a two-
dimensional version of the à trous algorithm.

2.3.3 The “ à trous” algorithm
The “ à trous” algorithm (Dutilleux 1987) is a fast
dyadic wavelet transform and is implemented with
filter banks. It is similar to a fast biorthogonal wavelet
transform but without subsampling.
In our implementation, the scaling and wavelet
functions � and 	 are a quadratic B-splines (fig. 4)
that enable a nearly isotropic analysis of the image.

For any resolution level � � �, we denote:


������ � ���� ��� ������ ���������� � (2)

and discrete image values are assimiliated to 
������.
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Figure 4. Quadratic spline wavelet and scaling func-
tion (from Mallat 1997)

The discrete wavelet coefficients are then:

��� ����� �� �

������ ��� ��� ����� �� �

������

A filter ���� is dilated to make the filter ����� by in-
serting ���� zeros (“trous”) between each sample. Let
us denote ������ � ������ and Æ��� the discrete Dirac.
�� is a low-pass filter associated with the scaling func-
tion 	 and �
 is a high-pass filter associated with the
mother wavelet �.
The “à trous” algorithm then enables to compute the
fast dyadic wavelet transform in the following way:

��������� � �� � ���
��������� (3)

���������� � �� � �
�Æ������� (4)

���������� � �� � Æ��
������� (5)

As there is no downsampling of the original image, all
the approximation and wavelet images have the same
size. This is more suitable for multiscale analysis of
the characteristic structures of an image, but leads to
a redundant representation of information.

2.3.4 Multiresolution snake energy
The convolution filter �
���� associated with the
wavelet transform approximates a derivative shifted
by ��. This shift must be compensated when com-
puted the gradient modulus corresponding to the
wavelet transform (as described in paragraph 2.3.2).
The gradient modulus at resolution  is therefore de-
fined as:

��W2jf�x�y���� � ���� ������������� ���� ������������

We then define for the snake an image energy related
to each resolution:

��� �����
��� � � ��W2jf�i���

where � is the indice of the point under consideration
and j is the multiresolution level.

The next paragraph presents how the multiresolution
snakes are used for the surface extraction of street net-
works.

3 THE EXTRACTION METHOD
3.1 Description
Two sequential steps compose the reconstruction
phase: the extraction of street segments with parallel
sides and the extraction of street intersections. Indeed,
these two objects present too many differences in both
topology and shape to be processed in the same way.
The boundary between the two kinds of process is de-
fined by a circle including the whole intersection (fig.
8).
Outside the intersection circle, streets are considered
as having locally parallel sides and are extracted by a
snake composed of two branches evolving jointly.
Inside this circle, streets are then extracted by sim-
ples snakes, initialized by the final position of parallel
contours.

3.2 Propagation and sampling of the graph
Snakes have to be first initialized not to far from the
object to extract. In our case, the inputs of the algo-
rithm are polylines (fig. 5.a) that are sampled (fig.
5.b). The sampling rate can vary depending on the
image resolution or on the local curvature. As the
street to extract is defined by two sides, polylines
are then propagated along their two normal directions
(figure 5.c). The propagation distance also depends on
the image resolution and on the class of the street to
be extracted (highway, lane, . . . ).

Figure 5. Propagation and sampling from the graph

The two resulting sampled polylines will be used as
an initialization for the extraction of parallel contours.

3.3 Extraction of the parallel contours
3.3.1 Particularities
Street segment extraction with parallel sides presents
specificities compared to a classical contour extrac-
tion. Indeed, the main features of a street are the con-
trast compared to its environment and the local paral-
lelism of its sides.
The model of snake developed, the DoubleSnake,
takes this properties into account: this model is com-
posed of two open snakes (the branches of the Dou-
bleSnake) evolving jointly in order to keep a paral-
lel between them. A new energy term has been in-
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troduced in order to take into account this notion of
parallelism between the two branches.

3.3.2 Parallel contours - Parallelism energy
The basis of the algorithm is the greedy algorithm
(Williams and Shah 1992) previously described. The
DoubleSnake is composed of two branches which
are two snakes evolving jointly. Its energy functional
has a new term ��� that constrains the DoubleSnake
to maintain a local parallelism between its two
branches. Moreover, their extremity points are forced
to minimize their energy staying on the intersection
circle.

At resolution �, the DoubleSnake energy functional is:

��� �
�
�

�
����

���� � ����
���� � ����

�� �����
� Æ���

��

�

where i represents the point i of one of the branch.

As explained at paragraph 2.3.4, the image en-
ergy is computed with the wavelet coefficients at
different spatial resolutions.

The local constraint on parallelism is illustrated on
Fig. 6. For a given neighborhood at point ��, one tries
to minimize the difference of direction and modulus
between vector Vi and vectors Vi�1 and Vi�1.

Branch 1

Branch 2
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P

P’
P’

P’

V
V

i−1
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i−1
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i

i

i+1

i+1
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Figure 6. Evaluation of the local parallelism between
two branches

When evolving, the DoubleSnake will try to mini-
mize this difference, thus keeping a local parallelism
between its two branches.

The aim is then to obtain (here for branch 1):

V1
i� � V1

neighborhood�i� �� 0

� � �: average on a neighborhood at considered point
��.
With a [-1,+1] neighborhood:

V1
i �

�

�
� �V1

i�1 �V1
i � V1

i�1�� 0

so
2V1

i �V1
i�1 �V1

i�1 � 0

The parallelism energy is then defined as:
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This term is multiplied by a coefficient Æ�
� in order
to adjust its influence on the energy functional.
Fig.7 illustrates the effect of the parallelism force
when only applied on a DoubleSnake. From their
initial position (7.a), the two branches have evolved
jointly to a final equilibrium state (7.b) where the two
branches are parallel: the vector joining two paired
points from one branch to another has always the
same modulus and direction.

(a) (b)

Figure 7. Effect of the parallelism force on a Dou-
bleSnake.

3.4 Extraction of intersections
3.4.1 Particularities

Contour sampling

Clockwise process

DoubleSnake

Intersection snake
0

0

Figure 8. Initialization of the intersection snakes

As previously mentionned, intersections need a
specific process compared to parallel contours. In-
deed, properties used for the extraction of parallel
segments are no longer valid. Moreover, there are
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many possible shapes for the intersections. The inter-
section extraction process starts once the parallel side
extraction is over. At this step, extremities of parallel
sides located on the intersection circle have already
minimized their energy, and will be used for initializ-
ing the intersection process. Points on the intersection
circle are ordered according to their angle (� � ������)
with the abscissa axis.

Each point is then paired with the nearest point
(in matter of angle) not belonging to the same Dou-
bleSnake. They define in this way the extremities of
the new snakes which are then sampled. Fig. 8 illus-
trates this initialisation.
The snake used at this step, the IntersectionSnake, is
a simple open snake whose extremities are fixed and
that is constrained not to go out of the circle.

3.5 Reconstruction algorithm flowchart
Fig. 9 represents the different steps of the reconstruc-
tion algorithm.

Extraction of intersections

Parallel contour
extraction

Mulitresolution analysis

Input data

Intersection Snakes

Results

Initialization

Initialization
Double Snakes

Initialization

Figure 9. Reconstruction algorithm

From the original image, a multiresolution analysis
is performed, giving several approximation images
at coarser resolutions and several wavelet coefficient
images.
DoubleSnakes are first applied on the coarsest reso-
lution image, then on each intermediate resolution
images until they run on the original resolution
image. Coefficients of the different energy terms are
adapted to the image resolution. For instance, at the
coarsest resolution, a high value of the image term
allows the snake to be attracted from far. Refining the
estimation on a finer resolution image is then done
by releasing image constraints and increasing the
importance of the internal energy.
Once DoubleSnakes have all minimized their energy,
the IntersectionSnakes are initialized and the extrac-
tion starts in the same multiresolution process.

The algorithm stops when all snakes are in an equilib-
rium state.

4 RESULTS AND PROSPECTS
4.1 Real-case study
Images of Fig. 10 and Fig. 11 come respectively from
the Quickbird satellite (spatial resolution of 0.61 me-
ter in the panchromatic mode) and the IKONOS satel-
lite (spatial resolution of 1 meter). The input graph
(coming from a database or manually given) has been
superposed (10(a) and 11). The first image Fig.10(a)
represents a straight street with high geometric noise
(shadows and ground marking). Image 10(b) shows
the extraction result after propagation, sampling of the
input graph and the DoubleSnake evolution: the multi-
resolution approach has prevented the snake from be-
ing trapped by the geometric noise such as cars.

(a) Original
image with the
street graph

(b) Final result

Figure 10. Test on a Quickbird image

The second image test of Fig.11 includes a cross-
road composed of two main streets on which the
input graph has been superposed.

Figure 11. Original image with the street graph
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Images 12, 13 and 14 represent the different steps
of the algorithm.
On image 12, polylines of the input graph have been
sampled and propagated. The circle delimiting the
two kinds of the reconstruction process is also drawn.

Figure 12. After propagation of the polylines

At step of image 13, portions of streets with parallel
sides have been extracted by DoubleSnakes after run-
ning on the different resolution images.

Figure 13. After the parallel contour extraction

The extraction final result after the intersection pro-
cess is represented on image 14.
Contours have globally been extracted with a good
precision (except the sharp edge of the intersection,
partly due to its poor image force).

Figure 14. After the intersection extraction

5 CONCLUSION AND PROSPECTS
The aims of the method described in this article is to
extract the street network as a surface element from
a topologically correct graph. The processing algo-
rithm is composed of two sequential steps evolving in
a multiresolution framework: the extraction of street
with parallel sides for which a specific snake has been
designed, and the extraction of the intersections.
Current works aim at increasing the robustness of the
algorithm, particularly in noisy environments such as
urban areas. The use the wavelet coefficients deriv-
ing from the MRA for extracting texture information
proper to streets could constraint the snake evolution.
Some contextual information (such as building or car
alignment) can also be a clue for the extraction.
Results on test images are encouraging. However,
results shoud be validated and characterized using
quantitative criteria described in (Péteri et al. 2003).
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