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ABSTRACT

In this paper a new automatic approach to road extraction
from aerial images is proposed. This method improves a re-
cently introduced promising approach to probabilistic con-
tour tracking, originally semi-automatic, by adding a fully
automatic initialization strategy and a merging methodol-
ogy, able to combine the different obtained results. The
initialization strategy is based on the Hough transform and
on some topological considerations, and the merging step
is based on a new introduced quality measure, based on
color and gradient information. Experimental results on real
highly complex images show that the proposed approach is
a promising and fully automatic method for extracting roads
from images, even in presence of highly urbanized areas,
occlusions or shadows.

1. INTRODUCTION

The extraction of roads from aerial images is an interesting
problem, which has grown in importance in the last years,
due to its wide applicability in different research area, as, for
example, Geographic Information System (GIS). If manu-
ally performed, road extraction is a time-consuming opera-
tion, thus, much effort is devoted to search for solutions to
this problem [1]. Among the several proposed techniques,
great attention has been paid to the so-called edge trackers,
which are based on the criterien of “following” the road in
the image. More specifically, starting from an initial point,
the next point to be linked to the road is searched for. The
approaches may involve a heuristic methods [2, 3, 4], graph
searching (minimal path [5, 6, 7]), dynamic programming
[8] or stochastic modelling [9].
The JetStream algorithm [10] befongs to the latter fam-
ily and addresses the road extraction problem by using a
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probabilistic contour tracking strategy. JetStream imple-
ments a space version of the well-known CONDENSATION
algorithm [11], a probabilistic Bayesian approach to track-
ing recently introduced. This Monte Carlo technique, based
on sequential importance sampling/resampling, provides a
statistical framework for propagating sample-based approx-
imations of posterior distributions, with almost no restric-
tion on the ingredients of the model. This kind of approach
outperforms Kalman approaches [9], because of its abil-
ity to perform multi-hypothesis tracking, which is a neces-
sary condition for dealing with noisy situations. Algorithms
based on the Kalman filter have also the disadvantage of be-
ing unimodal, i.e., only one contour can be followed at each
time step.

Even if this approach provides quite accurate results, its
practical application is limited by its intrinsic semi-automatic
nature, since it needs to be initialized for each road ex-
tracted. In other words, it needs a starting point. Even if
this step is often manually solved [10], some automatic ini-
tialization systems have been proposed, based on GIS or
geographical databases [12, 13], on heuristics [4, 7], or on
stochastic assumptions [14]. Another problem of the Jet-
Stream approach is that the definition of the ingredients of
the model does not take into account color information, but
only gradient, neglecting the fact that roads are uniform in-
side. Finally, this method is not able to go behind small
occlusions, as cars, isolated trees, or shadows.

In this paper a new automatic system for road extraction
is presented, based on the JetStream algorithm. The system
is completely automatic, since initial seeds are automati-
cally identified in the image. This search is based on the ob-
servation that roads have precise topological characteristics,
as smoothness of the curve, opposite gradient directions on
borders etc., that could be effectively used to find the “true™
pieces of roads. The proposed method uses a simple seg-
mentation method, together with the Hough Transform and
gradient operators, for initializing the JetStream algorithm.
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Moreover, the proposed system englobes color information
and an inertial mechanism into the basic method, and pro-
poses a probabilistic measure used to merge results from
different extractions. All these features makes the proposed
approach an effective and completely automatic system for
extracting road from aerial images.

The system has been tested on images regarding a highly
urbanized area, where the high density of houses and build-
ings, and the complex road networks, together with the oc-
clusions due to cars and shadows, makes the extraction of
these entities very difficult.

The rest of the paper is organized as follows. In Section
2, the fundamentals of the probabilistic contour tracking are
given, while the proposed approach is detailed in Section 3,
Experimental results are given in Section 4, and in Section
5 conclusions are drawn.

2. THE PROBABILISTIC APPROACH TO
CONTOUR TRACKING

Tracking of contours in images could be considered as an
unconventional tracking problem, where the concept of time
should be substituted by a concept of space. Moreover, in
the time-tracking problem data arrive frame by frame, while
in this space case all data are available at each step. Thus,
some adaptations of the standard CONDENSATION algo-
rithm should be accomplished. This section summarizes the
fundamentals of the probabilistic approach to contour track-
ing proposed in [10].

The main idea under the JetStream algorithm is to ap-
proximate the posterior probability, representing all the in-
formation of the model obtainable from the image, as a set
of samples S* = {s}...s!;}, or particles, each featured with
a weight {z}...7%}. Each particle represents a path in the
image (the road), while the weight is the “reliability” of the
path (the probability). In particular,

S: = (m‘i,ﬂa mi,(])» (:r'i,lv mi,l)s very (mi,tv ?n,'}())

where x;; represents the middle point of a road large m;
pixels. In other words, m; is the distance between the two
side points x77, and 7 ,. The point ;g is the first road point
(given), and z; 1, ..., x; Tepresent the evolution of the road
{i.e. the subsequent middle points). The distance between
two consecutive points represents the “space step”, and de-
notes the “speed” with which the algorithm follows the road
in the image.

Supposing that N samples are maintained during all evo-
lution, at each step ¢ the following operations are performed:

1. Sampiing. N particles are sampled from the set ¢~ 1,
based on the weights {ﬂz_l}: the higher the weight
ni~!, the larger the probability of the sample 35_1 to
survive (to be extracted). Let us denote this set as
g1

2. Prediction. In this step a dynamic (prediction) is ap-
plied to the selected set of particles St in order to
predict the next position in the road and obtain the set
S*: this dynamics encodes the a priori knowledge on
the possible evolution of the road contour, defined as

st =871 (i, mig)

with ;3 = 24,01 + R(0:) (i, — Tie-1)- R(6;} de-
notes a rotation of an angle @;. The angle #; is drawn
from two different distributions, depending from the
value taken by the corner function ¢(x; ¢ ), defined as

1 if there is a corner in z}, orin z;
olwss) = . e OFI0 T
’ 0 otherwise
The angle &; is then drawn from:
e an uniform distribution in (-3, §), if e(z;,,) =
1

e a Gaussian distribution (0, 02), otherwise.
The evelution of the width of the road m; is driven by
(1

with v; ¢, drawn from a Gaussian of zero mean and
fixed small variance.

My = My 1+ Vig

3. Weighting. These predictions are then validated using
information from the image (likelihood), obtaining
the new weights. The likelihood is computed by using
image gradient information (both direction and mag-
nitude), taking into account also the corners, More in
detail, the likelihood £ of a sample st is determined
by the following formula

pon(i'";tt)pon (3";_1:)
Port(z7)por (2, )
where pon and pog are the probabilities of the “on
contours” and the “off contours”, respectively. These
quantities are computed for both the points 1:;'} and
&; 4, with the use of the gradient VI and the corner
function ¢, and are defined as (removing the i-th index
and the +/- apex for readability):

£(s}) = 2

(o) o P 41l a0, T
PonlTt) X = t t) ’|VI(:L‘t)|
(3)

and Vi(ze)
pot (1) o€ exp ——— " 4

where (i, ) is the angle between the gradient normal
VI{z;)' and the segment (z;_,,x;), A is the average
gradient norm over the image, and afb has experimen-
tally been fixed to 1.36.

At each step, the extracted road is represented by the most
probable sample.
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3. AUTOMATIC EXTRACYION OF ROADS

The approach proposed in this paper starts from [10], adding
three important contributes: first, we modify the basic Jet-
Stream algorithm, in order to use color information and to
deal with small occlusions. Second, we propose an auto-
matic tool for extracting the points from which starting the
contour tracking, based on the Hough transform and some
topological considerations. Finally, we propose a method
for merging the results obtained from different runs of the
algorithm, based ont a measure able to quantitatively assess
the goodness of the extracted roads.

Regarding the first contribution, we modify the Jetstream
algorithm by changing the weighting step (step 3) in a twofold
manner. First, we propose to augment the information used
in the likelihood computation {i.e., gradient) by considering
also the color information (roads are typically homogeneous
inside). Color information are obtained by segmenting the
image in the HSV (Hue Saturation Value) color space. This
space has been chosen as it permits to separate the chroma
information from the luminosity, resulting in a more effec-
tive segmentation. This results in a change of the definition
ineq. (2)

sty = pon(ﬁ::t)pon(zgt)U(zIf’x;’t)
! Doft (fﬂtt)poﬂ(x;t)

(5)

where U/ (mf}, x;,) measures the color uniformity of the pix-
els between ), and x,.

The second change to the weighting step proposes to
add an inertial term to the likelihcod computation proce-
dure, that allows a particle to survive along its direction for
few additional steps, even if not supported by high likeli-
hood. This permits to go beyond small occlusions like iso-
lated trees or cars. This is obtained by defining the new
likelihood £(x; ;) as:

£(st) = al(st) + (1 — a)e(st™") (6)

where o is the parameter driving the decay of the process
memory. n this way alse older likelihood is taken into con-
sideration. When £{(x;;} is zero (sure non-contour point),
we force the R(6) function of the prediction step (step 2) to
0. By means of these two modifications, a particle can con-
tinue to survive (along its last good run direction) for few
more iterations, even if not supported by a high likelihood,
allowing to overcome from small occlusions.

Regarding the initialization, initial seeds are automati-
cally found with a method based on the Hough transform
and on some topological road properties. The main idea is
the following: the Hough transform (the well known line
extractor) could not be used in the whole image, due to the
fact that roads are not perfect straight lines. But it should
be noted that streets are composed by straight sepments,

that could be extracted by the Hough transform by analyz-
ing only small neighborhoods of pixels. So the idea is to
seek for parallel straight lines in smatl subimages, using the
Hough transform, and to choose points lying on these lines
having high gradient and uniform color in the points be-
tween them. These small segments are then used for initial-
izing the contour following algorithm, that starts the track-
ing in a direction perpendicular to the gradient.

Every execution of the contour tracker can find a road,
or a small part of a road, and can also extract the same road
more times. To obtain an accurate and homogeneous result
from the original photo, only the best part of each result is
considered. To this aim a new measure is introduced, able
to quantitatively assess the quality of the extracted roads.
This measure is based on color information €as roads are
typically quite homogeneous inside) and gradient informa-
tion {gradient on the road boundaries is typically high and
the directions on both sides is paraliel). The quality of a
fragment @...27 is measured with the following formula:

T

Q(zo.-o1) = Z

t=0

Ulaf o )VI(z )V I{7)
|VI(x) x VI(z, )|

M

where x represents the vector product. This measure is di-
rectly proportional to the uniformity of the points lying be-
tween the two borders and to the magnitude of the gradient,
and inversely proportional to the perpendicularity of the gra-
dient directions (vector product).

The resulting extracted roads are then formed by only
high quality segments.

4, EXPERIMENTAL RESULTS

The proposed approach has been tested on several real im-
ages', regarding a highly urbanized city zone. An example
of the results obtained from the road extraction process is
proposed in Fig. 1, in which one can notice that the task
is quite difficult, due to the high urbanization of the area,
shadows and car occlusions. Nevertheless, the proposed ap-
proach is able to correctly extract all the relevant roads in
the image. Another example is proposed in Fig. 2, confirm-
ing the goodness of the proposed approach.

5. CONCLUSIONS

In this paper a fully automatic approach to road extraction
from aerial images has been proposed, based on a proba-
bilistic contour tracking approach.

The method is able to deal with small occlusion, and in-
clude color information in the validation process. The initial

'All images are courtesy of CO.GE ME. Informatica - Rovato (Bres-
cia).

HI - 587



Fig. 2. Extracted Roads.

points from which to start the contour tracking are automat-
ically found, using a Hough transform based approach. All
the obtained results are effectively merged with a strategy
able to deal with possibly overtapping roads. Experimen-
tal evaluation on highly complex real images has shown the
validity of the proposed approach.
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