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Abstract
The extraction of roads from aerial and satellite images is an important task
within cartography and planning of new road networks. The automation of this
task is highly motivated by the expected increase of the speed and the precision of
extraction.
This work considers automatic road extraction from single aerial images of high
resolution. It is based on two previously developed approaches: The ﬁrst one is
the diﬀerential geometric approach for extraction of linear features; The second contour extraction based on Active Contour Models, also called snakes. Whereas
the ﬁrst approach is fully-automatic, the second was previously mostly used for
semi-automatic tasks which require the control of a human operator. This work
combines both techniques and adapt them in the method for fully-automatic road
extraction. According to the used strategy, the hypotheses for most salient roads in
images of rural scenes are generated and veriﬁed ﬁrst. Then, based on the ends of extracted roads the hypotheses for other roads are stated. The developed snake-based
technique for the veriﬁcation of these hypotheses enables recognition of partially
occluded and shadowed roads as well as some roads passing through road crossings.
The presented results of the developed approach show that the reliable extraction
of roads which images are disturbed by surrounding objects is in many cases possible
without the explicit knowledge about these objects. This is a big advantage since the
automatic recognition of buildings, vegetation etc., is a very complicated problem
by itself.

i

Contents
1 Introduction
1.1 Object Extraction from Aerial Images . . . . . . . . . . . . . . . . .
1.2 Road Extraction . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
1.3 Goal of the Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

1
1
2
2

2 Survey of Related Work
2.1 Road Extraction in Low Resolution . . . . . . . . . . . . . . . . . . .
2.2 Road Extraction in High Resolution . . . . . . . . . . . . . . . . . .
2.3 Multi-Resolution Road Extraction . . . . . . . . . . . . . . . . . . .

5
6
8
12

3 Objectives and Limitations
3.1 Strategy of Road Extraction . . . . . . . . . . . . . . . . . . . . . . .
3.2 Analysis of the Problem . . . . . . . . . . . . . . . . . . . . . . . . .
3.3 Goals . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

13
13
14
20

4 Theory of Snakes
4.1 Analytical Representation and Optimization . . . . . . . . . . . . . .
4.2 Discrete Representation of the Snake . . . . . . . . . . . . . . . . . .
4.3 Ziplock Snakes . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

23
23
26
30

5 Road Extraction Loop
5.1 Strategies for Image Interpretation . . . . . . . . . . . . . . . . . . .
5.2 Extraction of Salient Roads . . . . . . . . . . . . . . . . . . . . . . .
5.3 Extraction of Non-Salient Roads . . . . . . . . . . . . . . . . . . . .

33
33
37
38

6 Matching of the Road Model
6.1 Ribbon Snakes . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
6.2 Snake-Based Extraction of Salient Roads . . . . . . . . . . . . . . . .
6.3 Snake-Based Extraction of Non-Salient Roads . . . . . . . . . . . . .

41
41
44
46

7 Results

51

8 Conclusion

59

iii

1

Introduction

Developments in technique and science constantly increase the number of problems
with automatic solutions. The interpretation of aerial and satellite images is a
problem which now days has a potential to be solved automatically. The importance
of the task and expected advantages of its automation give a strong motivation for
research in automatic interpretation of aerial and satellite images.

1.1

Object Extraction from Aerial Images

Aerial and satellite images contain a lot of information about the shape of terrain as
well as the location and characteristics of vegetation and man-made objects such as
buildings, roads, bridges, etc. This information is necessary for cartography, traﬃc
management and planning of urban and industrial areas. Without aerial or satellite
images the collection and update of required information would be a very expensive
and time consuming process.
For a long time the information in aerial and satellite images was extracted
manually. Increasing computer power and the progress in digital image analysis
makes it now days possible to automate this task. The goal of the automation is
increase the speed and to lower the costs of extraction.
The main problem one encounters when trying to automatically extract information from aerial or any other images is the diﬀerence in the representation of the
information. Digital images represent objects in an implicit form by means of variations in grey-level or color. However, the goal of image interpretation is to ﬁnd an
explicit representation for the objects depicted in the images. Such representation
can consist of the object’s class, its topology, symbolic and geometric relations to
other objects, etc.
The automatic interpretation of images can be considered as a conversion of
the information from the implicit form of representation into the explicit one. As
previous work has shown such task is highly non-trivial. The representation of an
object in aerial images is inﬂuenced for instance by light conditions, the orientation
of the object and the presence of other objects. Besides this, objects of the same
class can have great variations in topology, geometry, radiometric properties, etc. All
these factors make the automatic object extraction from aerial images complicated.
1
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To simplify the problem it is convenient to divide it into a set of sub problems
such as extraction of buildings, roads and vegetation. Besides the simplicity this
division implies independence of solutions of diﬀerent sub problems. The separate
solutions can later be added into a common one. In this way the extraction of
objects from aerial images follows the divide and conquer strategy.

1.2

Road Extraction

Roads are important objects of infrastructure. The correct information about their
location, width and topology is required for planing, traﬃc management and so forth.
The results of road extraction are usually stored in the Geographical Information
System (GIS) and are used for its periodical update.
The characteristic properties of roads such as signiﬁcant length and network
topology can seldom be found at other objects in aerial images. Thus, based on
these properties, algorithms for road extraction can be constructed. At the same
time the diﬀerence in properties of roads and other objects makes the strategies and
technique used for their recognition diﬀerent. This motivates the treatment of road
extraction as a separate problem.
However, the separation of road extraction from the extraction of other objects is
not always possible. The experience shows that there are situations where solutions
of road extraction depend on the recognition of other, surrounding objects. This
is a typical case in aerial images of cities, where the roads are hard distinguished
from buildings and sometimes can be recognized only by presence of cars, road
markings, etc. This implies that road extraction cannot be always considered as an
independent problem and in some cases have to be correlated with recognition of
other objects, for example buildings.

1.3

Goal of the Work

As noticed above, the solution of road extraction sometimes requires a context information about other objects surrounding the roads. However, such information
is seldom available and its extraction is in general very complicated. Thus, it is of
interest to investigate how far road extraction can proceed without a help of explicit
context information about surrounding objects.
Despite the fact that work on road extraction was carried on for more than
twenty years, there is no clear idea of the role of context information. The results
of road extraction depend very much on the types of interpreted images and the
techniques used for their interpretation. The most of previously developed methods
successfully recognize roads which exhibit a homogeneous surface and show contrast
with the adjacent terrain. However, in cases where surrounding objects like trees,
buildings and cars occlude the road or cast shadows on it, road extraction often fails
which results in gaps between detected roads.

1.3

Goal of the Work
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In order to investigate the mentioned problem, this work concentrates on extraction of shadowed and partially occluded roads. The developed methods strive for
correct and automatic road recognition without explicit knowledge about the objects
disturbing the road image. In order to generate good hypotheses for such roads, the
automatic method for extraction of most salient roads in images is developed as well.
The remain of the work is organized as follows. Based on the experience of
previous road extraction which is discussed in Chapter 2, Chapter 3 states precise
objectives and limitations for the work. Chapter 4 presents the theory of snakes,
also called Active Contour Models. This theory provides a base for the designed
method of road extraction which is developed later. In Chapter 5 the main strategy for performing road extraction is deﬁned and its steps are outlined. Section 6
presents the developed snake-based technique for fully-automatic road extraction.
Its results are shown and discussed in Chapter 7. Finally, the conclusions are made
in Chapter 8.

2

Survey of Related Work

During the last two decades many approaches for automatic road extraction have
appeared in literature. Most of them are quite diﬀerent due to the diﬀerences in their
goals, available information and assumptions about roads. To classify and analyze
those approaches several criterion can be chosen. However, two factors seem to have
the greatest inﬂuence on the nature of the road extraction: The resolution of the
images and the requirement of an operator to guide the extraction process.
The resolution of the images has a strong inﬂuence on the representation of
both roads and other objects. Digital images are surjective mappings of the inﬁnite
world into a ﬁnite number of pixels. This implies that many details recognizable on
the images of high resolution become unclear and ﬁnally disappear when the image
resolution gets lower. Thus, road sides, vehicles and even road markings which can
clearly be seen in images with ground resolution of 0.2 m per pixel disappear when
the image resolution becomes lower than e.g. 2 m per pixel. Whereas roads in images
of high resolution can have a great number of variations, the roads represented
in images of low resolution often appear as line structures which are often hardly
distinguished from other linear features in images e.g. buildings. This inﬂuences
the methods for road recognition. Diﬀerent approaches used for road recognition in
images of low and high resolution are presented and discussed in Sections 2.1 and
2.2. In Section 2.3 a strategy which combines road extraction at diﬀerent resolutions
is presented and it’s advantages are discussed.
Another important factor for road extraction is the assumption about interaction
between the extraction algorithms and a human operator. Algorithms that require
help from a human operator are called semi-automatic. In contrast to the fullyautomatic methods they demand a number of seed points which are usually chosen
by the operator in an interactive fashion. Given such seed points the semi-automatic
algorithm connects them by a path which is most likely a road. The given seed
points strongly reduce the problem space of semi-automatic algorithms. Unlike
fully-automatic algorithms they don’t have to consider the problem of road ﬁnding
and often are implemented as so called road trackers. Comparison of semi-automatic
and fully-automatic methods is given in Sections 2.1.4 and 2.2.3.
5
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Road Extraction in Low Resolution

In low resolution as noticed above, roads appear as linear structures and often are
indistinguishable from other linear features in images. Due to the suppression of
small details, roads are represented as lines with more or less homogeneous surface.
At ﬁrst sight such simpliﬁcation can be interpreted as pure disadvantage. In
fact, roads in such representation can easily be confused with other linear structures
in images (Fischler et al. 1981). Besides this the automatic algorithms will have
diﬃculties in tracking roads through occluded and shadowed image parts since the
last do not contain enough evidence for roads. Additionally, images of low resolution
do not contain information about roads such as their width which is sometimes a
partial goal of road extraction.
Nevertheless road extraction at low resolution has some advantages. As argued
in (Mayer and Steger 1996) the suppression of small road details can be interpreted
as a sort of abstraction: abstraction occurs by means of elimination of substructure
(annihilation) and merge of diﬀerent image parts. By this means abstraction helps
road recognition since less special cases of roads have to be considered: the lowresolution road extraction problem largely reduces to the general problem of line
extraction (Fischler et al. 1981). On the other hand as noticed at (McKeown and
Denlinger 1988) although more information is available in higher resolution imagery,
more processing is required to take full advantage of it. Thus the road extraction
from images of high resolution will in generally require more complicated algorithms
and more time, than road extraction in low resolution.

2.1.1 Template Matching Technique
One of the pioneer works on road extraction (Bajcsy and Tavakoli 1976) used images
where each pixel had a ground resolution of approximately 57 meters by 79 meters.
Due to the low resolution only very major roads of three or more lanes could be
found. The algorithm ﬁrst performs a threshold operation, setting all points within
the range of the expected road intensity to 1 and the rest of the points to 0. Then
it looks for parts of the thresholded image which match one of 52 deﬁned templates
indicating the presence of a line. The matched parts are connected into line segments
using constraints on curvature and distance between the road points. Finally the
algorithm thins the lines to the width of one pixel and discards short lines assuming
roads to have a signiﬁcant length.
The method utilizes some road-speciﬁc knowledge as low curvature, length and
width. However, the assumption about equal intensity of the road surface will fail
in general both for roads within one image and roads in the diﬀerent images.

2.1

Road Extraction in Low Resolution
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2.1.2 Dynamic Programming Methods
In the method of Fischler et al. (1981) the weak operation of threshold was changed
to multiple line and edge detection operators such as the described DRO (Duda
Road Operator), which are invariant to the absolute value of road’s intensity. The
work distinguishes two classes of operators: Type I operators, which oﬀer a high
accuracy in identifying roads without particularly dealing with the determination of
their precise outline; Type II operators which do not aim at accurate identiﬁcation,
but oﬀer a high precision in delineating of features. Application of Type I operators results in image features which with high probability belong to the road parts
(possibly at the cost of making a large number of omission errors). Resulting road
segments are used as road hypotheses which are connected using the results of Type
II operators. Interconnection is performed by a dynamic programming algorithm
(F* algorithm).
Similar approaches based on dynamic programming appeared recently in (Grün
and Li 1995) and (Merlet and Zerubia 1996). Grün and Li (1995) use road sharpening
by Wavelet Transform and use it as a kind of Type II operator. They also explicitly
state a generic road model which is deﬁned by the contrast to the adjacent terrain,
homogeneity of the surface, connectivity, low curvature and constant width. The
model is embedded into a dynamic programming algorithm and is controlled by
stating constraints on e.g. road curvature. Both methods are semi-automatic, thus
the road identiﬁcation task of a Type I operator is performed manually.

2.1.3 Diﬀerential Geometric Strategy
A diﬀerent approach to line and road extraction is presented in (Steger 1996). It is
argued that the methods described above use purely local criteria, e.g., local grey
value diﬀerences. This implies the generation of a lot of false hypotheses for line
points and computationally expensive schemes that have to be used to select salient
lines in the images. Instead a diﬀerential geometric approach determining positions
of lines with sub-pixel accuracy is proposed. For each pixel, the second order Taylor
polynomial is computed by convolving the image function with derivatives of the
Gaussian smoothing kernel. The line points are required to have a vanishing gradient
and a high curvature in the direction perpendicular to the line. The paper presents
a theoretical foundation for line extraction analyzing the extraction of a synthetic
line in scale-space1 . The relation between the width of the searched roads and image
scale (the mean of Gaussian kernel) is stated explicitly and a method for automatic
calculation of appropriate image scale is given. Additionally, an algorithm linking
the individual line points into lines and junctions, which preserves the maximum
number of line points is presented.
1

For deﬁnition of image scale and scale-space see (Lindeberg 1994)
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2.1.4 Summary of Road Extraction in Low Resolution
Summarizing the results the last approach oﬀers the most reliable line-based road
extraction. In addition it is a fully-automatic method. The approach is scalable to
the extraction of lines with arbitrary width and thus can be applied for images of
high resolution. However, the method does not take advantage of road properties
such as connectivity. Therefore, gaps will appear when roads locally loose their line
properties due to occlusions, shadows, or poor contrast.
This usually will not be a problem for algorithms based on dynamic programming. As shown in (Grün and Li 1995) and (Merlet and Zerubia 1996), their algorithms successfully follow the roads through forest and urban areas. However, this
is possible only due to the semi-automatic nature of those algorithms. Given the
knowledge about the presence of roads in form of seed points, the dynamic programming algorithms are forced to track a road between the given points. If the points
would not belong to the roads or would be located at diﬀerent roads, the algorithms
would track a false road between them. Furthermore, the algorithms do not give
any qualitative information which could be used to accept or discard detected road
hypotheses. All they guarantee is a connecting path through the image which best
of all ﬁts to their model. Thus, the dynamic programming algorithms are potentially semi-automatic and do not suit in their original form for fully-automatic road
extraction.

2.2

Road Extraction in High Resolution

Similar to the situation in low resolution, road extraction in high resolution has both,
advantages and disadvantages. On the one hand, the presence of many characteristic
road details gives more evidence for the road. Analyzing those details, one will in
general ﬁnd more reasons for accepting or rejecting a given hypothesis.
On the other hand, the details of roads can greatly vary: road sides can change
the contrast; cars of diﬀerent sizes can be present; the road surface can change
material and width and so forth. Thus, the bigger number of details will increase the
complexity of road extraction algorithms. In order to keep the algorithm complexity
low, the set of considered road details has to be chosen carefully.
Besides the choice of characteristic road details, there is a problem of weighting
their contributions to veriﬁcation of road hypotheses. For example if an algorithm
detects a car, but not the road sides, should the interpreted image part be considered
as a road?
Reformulating the indicated problems, two major questions have to be answered:
• What part of the available details shall be used?
• How can the information about chosen details be combined in order to recognize the presence of roads?

2.2

Road Extraction in High Resolution
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The following approaches answer the stated questions diﬀerently. According
to their strategy, they are divided into tracking and snake-based approaches. The
Section is completed with a comparison between them and a summary of the results.

2.2.1 Road Tracking Methods
The road tracker presented in (Quam and Lynn 1978) uses correlation of a road
intensity proﬁle. Given an initial starting point of a road with its direction and
width at this point, the image function is analyzed along the road. Cross-sections
are extracted from the image at the predicted road points and cross-correlation with
an expected road proﬁle is performed. The error in cross-correlation is used to
accept or reject analyzed points. The actual road position is computed from the
correlation oﬀset. If the correlation peak is poor, the method examines new points
further along the road direction. It continues to guess until it ﬁnds a good match or
it goes too far beyond the previously matched road point. The fact that the road
intensity proﬁle can change is taken into account in the following way: If the search
for a new road point goes too far beyond, a new hypothesis for the road proﬁle is
generated and the search is repeated. If no match can be found, the tracking stops.
The method uses the knowledge about the roads that they have a constant width
and a consistent road pattern but possibly with anomalies. Anomalies usually occur
due to the presence of cars, road markings, etc. The method also relies on the
knowledge that roads can have sharp changes in width and surface material. Thus,
quite much information is considered. However, the used way of abstraction of this
information does not always give the desired results. The cross-correlation technique
supplies no qualitative information about reasons for correlation errors. Therefore,
the method does not explain the presence of anomalies and cannot distinguish them
from other points outside of a road. Since sharp changes in road curvature are
unlikely, the algorithm easily bridges short anomalies by predicting the road position.
However, if an anomaly increases in length due to shadows, occlusions or high density
of cars, the probability that the algorithm will loose the tracked road is very high.
Furthermore, it can be expected that at anomalies a tracked road will ”jump” to
close objects e.g. other roads or buildings which have intensity proﬁles similar to the
proﬁle of a road.
Trying to solve the described problems, McKeown and Denlinger (1988) propose
to use several independent road trackers based on diﬀerent road properties. If one of
them fails because of changes in some of road properties, tracking can be recovered
by the other trackers which are invariant to the changed property.
The Designed algorithm ARF: ”Automatic Road Follower” uses two road trackers. The ﬁrst one is a correlation-based tracker similar to the one of (Quam and
Lynn 1978) (see above). The other one is an edge-based tracker. It assumes that
roads have low curvature and fairly straight edges. Given a road starting point,
initial direction and width, it searches for connected edge points in the direction of
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the road. Following Nevatia and Babu (1980) the selection of edge points is based
on three criteria:
1. The image gradient magnitude is greater than a ﬁxed threshold.
2. The point is a local maximum in the direction perpendicular to the edge.
3. The edge angles of the neighboring pixels are within 30 degrees of the central
pixel.
At each step several edge points are considered and their scores are computed. The
point with the highest score is chosen as the edge point. If no points have a score
higher than some minimum threshold, guessing is done in the same way as for the
surface tracker. As with the surface tracker, the tracker quits if guessing ahead goes
too far beyond without ﬁnding a valid point.
The ARF control cycle invokes each of the road trackers independently and
allows them to track asynchronously until each has moved one step forward. Once
both trackers have completed a step, ARF queries whether a path divergence has
occurred. If a divergence of more than 7.5 meters is detected, ARF analyzes the
relative goodness of each tracker in terms of its history. If the conﬁdence in both
trackers is suﬃciently low, it terminates the overall run. Otherwise it chooses the
tracker with higher conﬁdence and restarts the other at the position of the ﬁrst one.
The results of ARF, presented in (McKeown and Denlinger 1988) show a good
performance. Despite less road knowledge is used by the edge tracker, it is in some
cases able to guide the surface tracker through anomalies. McKeown and Denlinger
(1988) argue that integration of other tracking methods to ARF could improve
overall system performance.
The main disadvantage of the method is a large number of parameters that call
for manual adjustment. The maximal path divergence, the accepted error of crosscorrelation for surface tracker and the minimum magnitude gradient of the edge are
only few examples. The absence of formally stated relation between the parameters
makes the analysis of their inﬂuence on the ﬁnal result very diﬃcult. Furthermore,
it is very likely that the parameters will have to be readjusted when image scene
changes e.g. from urban to rural. Thus, the problem of parameter adjustment will
arise not just for one time.

2.2.2 Snake-Based Methods
A large number of parameters can be reduced using snake-based methods. Snakes,
also called Active Contour Models, were introduced in (Kass, et al. 1987) and are
used for the extraction of linear features in images (the theory of snakes is presented
in Chapter 4). Compared with other extraction methods for linear features, the main
advantage of snakes is that geometric properties of the features can be embedded in
the form of constraints and used directly to guide the search.

2.2
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Within road extraction, snakes were successfully applied to delineation of road
sides and centerlines (Trinder and Li 1996, Fua and Leclerc 1990, Neuenschwander
1996). On the one side, geometric constraints corresponding to road properties such
as connectivity, low curvature and constant width are incorporated into snakes.
This invokes internal forces which in turn force the snake to satisfy deﬁned road
properties. On the other side, the photometric constraints are used in order to
specify relations between snakes and images. When snakes are for instance applied
to the delineation of road sides, photometric constraints require image gradient
magnitude to assume a local maximum along the curve of the snake. The presence of
photometric constraints invokes image forces which push the snake towards contours
of contrast in images.
When internal and external forces are deﬁned, road extraction is performed by
optimizing the position of the snake. At the beginning the snake is initialized at
a curve approximating the shape of the searched road. Then, methods based on
e.g. variational calculus are used in order to perturb the position and the shape of
the snake in order to ﬁnd such a state for which its internal and external forces
compensate each other. The compensation of forces guarantees that an image feature located by the snake has got the maximum of the speciﬁed road properties in
comparison with other features close to it. Thus, if an initial position of the snake
is relatively close to the searched road, the optimization procedure guarantees to
locate the road. Furthermore, due to the constraint of connectivity, snakes automatically ignore local photometric anomalies and can trace roads through shadows
and occlusions. As shown in (Grün and Li 1996) optimization of snakes on multiple
images can improve extraction of occluded parts when information from diﬀerent
views is considered.
As one can see, no parameters noticed in the previous Section is required for
snake-based methods. However, methods based on traditional snakes need an accurate initial estimation of searched roads. In order to simplify the initialization,
Neuenschwander (1996) presents a modiﬁed snake-based approach. Using so called
Ziplock snakes the initialization of road extraction reduces to the speciﬁcation of
two endpoints of a road.

2.2.3 Summary of Road Extraction in High Resolution
The detailed representation of objects in high resolution makes their automatic
segmentation and abstraction fairly diﬃcult. Instead of considering all of available
information, snake-based methods reduce road extraction to the location of parallel
edges. Information about road surface is not considered. Due to the embedded
constraints of low curvature, optimized snakes often correctly approximate road sides
disturbed by occlusions and shadows. However, the discussed methods supply few
qualitative information about the located features. Similar to dynamic programming
methods they trace a path between given seed points that best of all satisﬁes their
road model. Thus, in order to perform a correct road extraction, snakes have to be
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initialized by an operator or a higher level program.
The nature of the discussed road tracking methods is semi-automatic as well,
but they require less information for their initialization. Opposite to snake-based
methods they perform analysis of road surfaces and thus can extract roads even if
their sides are invisible or give poor evidences for road extraction. The common
disadvantage is in the need of training of the algorithm in order to adjust many
thresholds.

2.3

Multi-Resolution Road Extraction

None of the methods presented above oﬀers a reliable and fully-automatic road
extraction. All of them have their advantages and disadvantages. Low-resolution
methods are able to locate many roads using simple road models but have lack of
information and thus make mistakes. High-resolution methods have access to much
more information and can investigate roads in details. However, since other objects
in images are also represented with many details, the task of road ﬁnding requires
complicated methods for the abstraction of those details.
In (Baumgartner et al. 1997) advantages of road extraction at both resolutions
are combined in a multi-resolution approach. Following (Fischler et al. 1981) road
extraction is divided into the detection of roads and their veriﬁcation and delineation.
Road detection is made by line extraction in low resolution. In high resolution
parallel edges are extracted and grouped into rectangles which surface is checked for
homogeneity in the direction of the edges. The sets of near and collinear rectangles
are ﬁnally connected into road segments. In order to verify them, the results of
extraction in both resolutions are fused.
The application of the algorithm to images of open rural areas shows that many
roads can be correctly delineated. The advantage of the algorithm is that detailed
image analysis at high resolution is guided by line extraction in low resolution and
is restricted to image parts with high probability of containing a road. The method
however has diﬃculties in interpretation of occluded and shadowed road parts since
they cannot be modeled by rectangles.
In general, a multi-resolution approach oﬀers an appropriate framework for fullyautomatic road extraction. Since road extraction in high resolution is diﬃcult but
reliable it is a good idea to guide it with results of road detection in low resolution
which needs less eﬀorts at the cost of probable mistakes. It should be noted that
multi-resolution road extraction is only feasible for images where the majority of
roads appear at low resolution as linear features. Whereas this is mostly a case for
rural images, at images of urban areas high density of other adjacent man-made
objects often makes roads unrecognizable (see Section 3.2.2). For such areas other
road extraction algorithms have to be used. However, as noticed in (Baumgartner
et al. 1997) multi-resolution road extraction in rural areas can be used to guide road
extraction through urban and forest areas.

3

Objectives and Limitations

The diﬃculties of the previous work, discussed in the last Chapter, clearly prove
that road extraction is a highly non-trivial problem. To solve it completely in the
frame of this work would be an impossible task. Instead, this work aims to improve
road extraction by solving some of its partial problems. The determination of those
problems and the proof of their relevance are the subjects of this Chapter.
In order to divide road extraction into a set of sub problems the strategy for road
extraction is outlined in Section 3.1. Then, the problems associated with extraction
of roads with diﬀerent visual properties are analyzed in Section 3.2. Finally, the
relevance of those problems is considered and some of them are chosen for further
investigation.

3.1

Strategy of Road Extraction

As shown in previous Chapter, one of the factors with strong inﬂuence on a strategy
for road extraction is the interaction between the algorithm and a human operator. Semi-automatic algorithms, which assume such interaction, are provided with
seed points. Unlike fully-automatic algorithms, they do not have to investigate
the semantics of the objects, i.e. if the considered road is really present, since this
is given manually. Thus, in comparison to fully-automatic methods the problemspace of semi-automatic approaches is strongly reduced. As a result, at present only
semi-automatic systems seem to have potential for practice. However, as argued in
(Forlani, et al. 1996), research should aim at increasing automation, since most of
the interaction may prove, if the process stops too often, less appealing than manual plotting by an operator. What is more, the progress in fully-automatic road
extraction can lead to a hybrid approach: Only after a fully-automatic process the
semi-automatic extraction is started. This improves eﬃciency, since the more roads
can be extracted automatically, the less work is left for a human operator.
Following those ideas, this work considers fully-automatic road extraction. Since
no initial information about presence and location of roads is given it is convenient to
start extraction with recognition of salient road parts - roads which recognition requires least eﬀort. As the extraction process evolves, the available information about
extracted roads will be used as context to guide the algorithm towards extraction
of road parts which are less obvious.
13
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Analysis of the Problem

According to the chosen strategy, salient roads have to be extracted ﬁrst. However,
which roads require least eﬀort for extraction has not been clariﬁed yet. In order
to do this, Section 3.2.1 investigates characteristic properties of roads and deﬁnes
salient roads by means of their well predictable visual properties in images. In Section 3.2.2 appropriate methods for extraction of salient roads are discussed. Finally,
in Section 3.2.3 problems, associated with the detection of non-salient roads are
analyzed.

3.2.1 Properties of Roads in Images
Roads in aerial and satellite images are mappings of physical roads in the real world.
By means of the projection many physical properties of real roads transform to visual
properties of roads in images. Therefore investigation of typical physical properties
of roads can be used for prediction of their visual properties in images.
In Webster’s Dictionary the term road is deﬁned as ”a place where one may ride;
an open way or public passage for vehicles, persons and animals; a track for travel
or for conveying goods, etc., forming a means of communication between one place
and another.” From this functional description of a road some of its physical and
geometric properties follow (Bajcsy and Tavakoli 1976):
P1 The surface of a road is smooth and ﬁrm.
P2 The width of a road has an upper bound and mostly remains constant.
P3 The local curvature of a road is low.
In consequence of property P1, roads are mostly covered with special materials,
such as concrete or asphalt. These materials often have diﬀerent spectral properties
than, for example grass, water and vegetation. Thus as shown in Figure 3.1a roads
often appear in images as homogeneous regions which are lighter (or darker1 ) than
their surroundings. This fact together with the constraints on the road width P2 and
curvature P3 implies that road sides often appear as close parallel lines corresponding
to image regions with high contrast (cf. Figure 3.1b).
However, not all of the roads satisfy the mentioned visual properties. For example, the center of highways often consists of a grass strip. Therefore highways
contradict property P1 and do not appear as homogeneous regions in images. Buildings and vegetation near to road sides often occlude roads and cast shadows on them,
making their surfaces appear darker (cf. Figure 3.1c). Most of road crossings contradict property P2, since their width varies strongly and thus their sides do not form
1
Dark roads are less common than bright ones. Since extraction of bright and dark roads is
similar, only bright roads are considered in the rest of the work.
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(a)

(b)

(c)

(d)

(e)

Figure 3.1: Images (b)-(e) are magniﬁed parts of the image (a). Most of the roads in (a)
show a bright homogeneous surface with strong contrast to the adjacent terrain and constant
width. This can be clearly seen on (b). Images (c)-(e) illustrate roads with irregular visual
properties: Shadowed road, road crossings and a road of poor contrast with surrounding
objects.

16

Chapter 3: Objectives and Limitations

parallel liens (cf. Figure 3.1d). Furthermore, the assumption about contrast between
roads and the surroundings is not valid if both, road surface and the surrounding
objects have similar spectral properties (cf. Figure 3.1e).
The Appearance of roads which are exempliﬁed in Figures 3.1c-3.1e, is diﬃcult to
predict: The geometry of road crossings depends on the width of the connected roads,
the angles between them, etc.; Photometric properties of shadowed and occluded
roads depend on the shape of neighboring objects, the position of the camera and
the sun (light source). Recognition of such roads is complicated. Besides the local
visual properties of the investigated objects, it requires additional information and
methods for its interpretation. On the contrary if roads in images can be described
by only few signiﬁcant and well predictable local visual properties, their extraction
is strongly simpliﬁed. The road in Figure 3.1b shows such properties and thus can
be used as a prototype for salient roads. Its visual properties were stated above and
are repeated here as the deﬁnition of salient roads:
S1 Salient roads in images have homogeneous surfaces which are brighter than
their adjacent terrain.
S2 Salient roads appear as ribbons with constant width and bounded curvature.
Their sides correspond to the edges of contrast between the road surface and
the surroundings.

3.2.2 Extraction of Salient Roads
The properties of salient roads S1 and S2 correspond to the properties of lines
with constant width. Therefore, the extraction of salient roads can be restated as
the recognition of lines in images. Recalling methods of line-based road extraction
discussed in Section 2.1, the diﬀerential geometric approach suites best of all for
extraction of linear features in a fully-automatic fashion. When the resolution of
images is known, it can easily be tuned for extraction of roads with given width.
The result of its application to an image of a rural scene is presented in Figure
3.2. Black lines indicate the centers of the extracted salient roads. In Figure 3.2a the
algorithm succeeds to ﬁnd all salient roads. Magniﬁed part in Figure 3.2b shows that
it precisely locates the centerlines of the extracted roads. The roads on Figures 3.2c3.2e do not show salient properties and therefore are only partly recognized. The
application of the algorithm to other images gives similar results and thus indicates
its correctness and robustness for the extraction of salient roads.
However, the diﬀerential geometric approach is not able to distinguish between
roads and other linear features in images. Experiments show that typical cases
of such features are the roofs of buildings which have a homogeneous surface and
straight parallel sides. In order to eliminate them from results of the extraction of
salient roads, diﬀerent methods can be used. Building recognition could be applied
if it would not be a quite complicated and up to now at least in general unsolved
problem. A more simple method is based on DSM (Digital Surface Model). DSM
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(a)

(b)

(c)

(d)

(e)

Figure 3.2: Black lines indicate results of the extraction of salient roads with a diﬀerential
geometric approach for line extraction. In (a) all of the salient roads in the image are found.
Image (b) illustrates the precision of the method in locating the centerlines. Roads shown
in images (c)-(e) do not satisfy properties of salient roads and are therefore not detected.
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contains approximate height of objects and can be used in order to exclude all objects
above the ground from road extraction. The problem is that DSM data is often not
available or not reliable. Perhaps the simplest method to obtain only salient roads
is to require that they have a signiﬁcant length which is greater than the expected
length of houses. Since most of the misinterpreted roofs have a form of rectangles
with proportions of the sides 1:3 - 1:5, salient roads can be required to have a length
greater than ﬁve times their widths. This method works at the cost of omission
of short salient roads which are seldom found at rural scenes. In images of urban
scenes short roads are more common and buildings can be longer and grouped in
lines (cf. Figure 3.3a). The Application of the diﬀerential geometric approach to
the urban image in Figure 3.3b shows that the lengths of the extracted line features
corresponding both to roads and roofs are approximately the same. Thus, laying
a constraint on minimum length of accepted salient roads would either omit too
many true road hypothesis, or accept wrong hypothesis based on roofs. This implies
that the extraction of salient roads in urban images has to be supported with more
speciﬁc information about buildings than their length.
Besides buildings, the algorithm may incorrectly interpret some natural linear
features caused by randomly grouped trees, etc. Those feature are usually characterized by large variations in their width (cf. left lower corner of Figure 3.3b). The
reason of their detection is that the diﬀerential geometric approach does not distinguish lines with smooth and non-smooth edges. In order to eliminate wrong road
hypothesis an additional method which controls the variations of the road width has
to be used.
In summary, the extraction of salient roads according to their visual properties
(S1, S2) can be done successfully with the diﬀerential geometric approach. However,
there exist other linear features in images e.g. roofs of buildings which satisfy the
properties of salient roads. The more such features are in images, the higher is
the percentage of falsely detected roads and the more eﬀort is needed in order to
eliminate them. Since the properties S1, S2 are more typical for man-made objects
than for natural objects, extraction of salient roads is simpler in images of rural
scenes and more complicated in images of urban scenes.

3.2.3 Non-salient Roads
Non-salient roads contradict the properties S1 and S2. As noted in Section 3.2.1,
there can be many diﬀerent reasons of such contradictions which are in general difﬁcult to be interpreted automatically. Non-homogeneity of road surfaces is mostly
caused by shadows, cars, road markings and changes in road material. Contradictions to the property of constant width occur at crossings and occluded parts when
the surface can be seen only partially. Fields, buildings and other objects sometimes
show spectral properties similar to that of roads which makes road sides invisible in
images. This list of non-salient roads can be extended with squares, parking places,
bridges and many others. However, the types of non-salient roads mentioned above
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(a)

(b)

Figure 3.3: Line-based road extraction in an urban image. (a) Image of urban scene with
long buildings and short roads. (b) Results of road extraction according to diﬀerential geometric approach applied to image (a).

(a)

(b)

(c)

(d)

(e)

(f)

Figure 3.4: Non-salient roads: (a) Occluded road in forest; (b) High-way recognizable only
due to road markings and cars; (c) Shadowed road with recognizable sides; (d) Partially
occluded road with visible left side; (e) Crossing with bright surface and clearly visible
boundaries; (f) Crossing with occluded surface and one non-salient road.
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seem to appear more common and thus their extraction has to be considered ﬁrst.
Diﬀerent types of non-salient roads require diﬀerent eﬀorts for their extraction.
Roads in forests are sometimes totally occluded by trees. Therefore locations of
such roads can only be guessed (cf. Figure 3.4a). Roads with poor contrast with the
adjacent terrain provide no information about their sides and thus can be recognized
only by the presence of cars or markings on their surfaces (cf. Figure 3.4b). Since
markings and cars can have fairly diﬀerent properties, their interpretation is diﬃcult
and road extraction based on them is complicated.
The presence of road sides in images signiﬁcantly simpliﬁes road extraction.
Their properties such as the simple structure of smooth lines and relatively constant
distance between them makes their recognition easy. When extracted, road sides
provide a strong evidence for presence of a road since few other objects on aerial
images (at least in rural scenes) have properties similar to the properties of road
sides. Furthermore, if extracted road sides touch the sides of a previously recognized
salient road they correspond with very high probability to a correctly detected road.
Thus, the extraction of non-salient roads with non-homogeneous surfaces (cf.
Figures 3.4c) is possible if their sides are recognizable. Even if only one side of a
road is visible which is a case for occluded and some shadowed roads as well as for
road crossings (cf. Figures 3.4d, 3.1c, 3.1d), it can often give enough evidences for
the recognition of the road.
Crossings have by construction non-parallel sides and are thus cases of non-salient
roads. The great number of possible variations in their structure makes it diﬃcult
to determine their invariant properties. Therefore detection and delineation of road
crossings is in general a diﬃcult problem. In cases where their sides are visible
and their surface is smooth (cf. Figure 3.4e) it is possible to ﬁnd their outlines by
connecting the sides of adjacent salient roads. However, if intersecting roads are
not salient or the surface of the crossing is not homogeneous (cf. Figure 3.4f), the
precise delineation of its outline can become complicated.

3.3

Goals

According to the strategy, the roads requiring lower eﬀort for their extraction have
to be extracted ﬁrst. In order to ﬁnd an optimal sequence, the problems associated
with road extraction discussed in the previous Section have to be put a priority
queue ordered with respect to their diﬃculty.
At ﬁrst, salient roads have to be extracted. As shown in Section 3.2.2 this
can be successfully initiated with the diﬀerential geometric approach. As shown
above, the number of wrongly detected road hypothesis will be lager in urban images
than in rural ones. Elimination of wrong road hypothesis detected in urban images
is diﬃcult since urban images contain many linear objects satisfying properties of
salient roads. In order to distinguish them from roads, additional knowledge about
their appearance and structure is required. On the other hand, wrong hypothesis
extracted from urban images will usually be caused by small buildings and other
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features with non-constant width. Elimination of such hypothesis can be made
without considering their speciﬁc properties. Simply requiring that the extracted
features have to have smooth edges and signiﬁcant length will be enough in most of
the cases.
Following the strategy of extracting simple roads ﬁrst, the recognition of rural
salient roads should be done before road extraction in urban images. Therefore, the
first goal of this work is to verify extracted road hypothesis in rural scenes and
eliminate wrong ones by means of closer investigation of sides of extracted linear
features.
For the choice of the problem to be tackled next, the connectivity of roads gives
a good hint. Since all roads are connected into a global network (except roads on
islands), the discontinuity of salient roads will be much more often caused by the
presence of non-salient parts than by the termination of real roads. Therefore, it is
useful to investigate if two ends of close salient roads are connected by a non-salient
road.
As shown in Section 3.2.3, there are many diﬀerent kinds of non-salient roads.
The diﬃculty of their extraction diﬀers, too. In comparison to totally occluded
roads or roads with poor contrast to the adjacent terrain, it is more easy to extract
shadowed or partially occluded roads which sides are visible. Since hypothesis of
end points for these roads will be given by the ends of extracted salient roads, the
sides of shadowed or partially occluded roads could be tracked with a snake-based
method. However, the snake-based approaches presented in Section 2.2.2 do not
provide qualitative information about the extracted roads. Thus, for their application to automatic extraction of non-salient roads, they will have to be enhanced in
order to accept only correct road hypothesis.
Extracted sides of non-salient roads together with their connections to the sides
of salient roads provide very strong evidence for the presence of a road. If such
evidence is found, it will in most of the cases not be necessary to investigate adjacent
objects which could have cast shadows or occluded the roads. Thus, since no context
information is required, extraction of non-salient roads in rural images is easier than
extraction of roads in images of urban scenes which require a closer investigation of
other objects than roads.
This leads to the second goal of the work: Extract non-salient roads with
recognizable sides which connect previously detected salient roads. Summarizing,
the goals of the work are deﬁned as follows:
G1 Verify extracted hypothesis of salient roads.
G2 Connect veriﬁed salient roads by extraction of non-salient roads with at least
one of both sides hallways visible.
The recognition of crossings depends on the correct recognition of the intersecting
roads and thus should be postponed until most of the roads are correctly extracted.
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Up to that point, intersecting pairs of roads will be connected since road crossings
will be treated as non-salient road parts with one visible side. This together with
the assumption about extraction in rural areas leads to the limitations of the work:
L1 The restriction of road extraction to the rural areas.
L2 The ignorance of crossings by connecting pairs of intersecting roads on the
basis of their common sides.

4

Theory of Snakes

Snakes, also called Active Contour Models were designed for the extraction of contours in images. During the extraction the position of the snake’s curve is optimized
locally close to its initial position. Snakes integrate both photometric and geometric
constraints. Due to the photometric constraints the snake is pulled by image features which satisfy desired properties. The geometric constraints control the tension
and the rigidity of the optimizing snake and force its curve to be smooth.
The advantage of snake-based contour extraction is that the search for a contour
is focused by specifying the snake’s initial position and the strength of its photometric and geometric constraints. In this way the knowledge about the features of
interest in images can be used in order to guide their extraction. This possibility
sometimes makes the snakes very useful. The developed snake-based approach for
road extraction presented in Chapter 6 shows that snakes can be successfully applied
for the fully-automatic veriﬁcation of road hypotheses and the delineation of road
sides.
The next Sections present the theory of snakes. Section 4.1 deﬁnes the representation of the snake and the method of its analytical optimization. In order to
solve the optimization in a computer system the discrete form of the snake is derived
in Section 4.2. Finally the extended snake-based approach called ziplock snakes is
presented in Section 4.3

4.1

Analytical Representation and Optimization

The original snakes introduced by Kass et al. (1987) are modeled as time-dependent
2D curves deﬁned parametrically as
v (s, t) = (x(s, t), y(s, t))

(0 ≤ s ≤ 1),

(4.1)

where s is proportional to arc length, t is the current time, and x and y are the
curve’s image coordinates. As time progresses, the snake deforms itself according to
the forces which inﬂuence its position and shape. The forces which act on snakes
can be divided into three general categories. The ﬁrst ones, called image forces, are
evoked by the image function and push the snake toward image features like lines
and edges. The internal forces control the shape of the snake imposing piecewise
smoothness constraints. Finally, the external forces are responsible for moving the
23
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snake close to the desired local minimum. These forces are usually introduced in
order to make the snake ﬂexible and adaptive for diﬀerent tasks by changing its
global properties.
When the vector sum of all forces F acting on a snake point v (s0 , t0 ) is non-zero,
the position of the point changes according to the direction and the magnitude of F .
During the segmentation process the state of the snake is searched at which all of
the forces acting on its curve are compensated. The applied image forces guarantee
that being in such a state the snake is located at the position of linear features with
the desired properties. On the same time the internal forces constrain the search for
features by pushing the snake to these which form the best smooth contour.

4.1.1 Energy of the Snake
In order to ﬁnd the optimal position of the snake its state is represented a sum of
its energies:
(4.2)
E(v ) = Eimg (v ) + Eint (v ) + Eext (v )
where Eint represents the internal energy of the snake due to bending, the image
energy Eimg gives rise to the image forces and the external energy Eext gives rise to
the external forces. The position of the snake where all of its forces are compensated
corresponds to the local minimum of the snake’s total energy E. Thus the problem
of the optimization of the snake’s position is equivalent to the minimization of its
energy.
The image energy of the snake can be deﬁned as:
Eimg (v ) = −

1

P (v (s, t))ds,

(4.3)

0

where P (v (s, t)) is a function with high values corresponding to the features of
interest. When attracting the snake to edges in images, P (v (s, t)) is usually taken
equal to the magnitude of the image gradient, that is
P (v (s, t)) = |∇I(v (s, t))|,

(4.4)

where I(v (s, t)) is a raw image or the image convolved by a Gaussian kernel. The
convolution with Gaussian kernel results in the smoothing of the image and removing of mostly insigniﬁcant features which often prevent the motion of the snake
toward the positions with lower image energy corresponding to the more salient
image features.
The internal energy makes it possible to introduce geometric constraints on the
shape of the snake. It can be deﬁned as
1
Eint (v ) =
2

1

 ∂

 ∂ 2

 v (s, t) 2
 v (s, t) 2
 + β(s)
 ds,
2

α(s)
0

∂s

∂s

(4.5)
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where α(s) and β(s) are arbitrary functions that regulate the snake’s tension and
rigidity. The constraint on tension is introduced by the ﬁrst order term and makes
the snake to act like a membrane. The rigidity is constrained by the second order
term and makes the snake act like a thin plate.

4.1.2 Minimization of Snake’s Energy
In the absence of external forces the substitution of (4.3) and (4.5) into the equation
of the snake’s total energy (4.2) results in
E(v ) = −

1
0

1
P (v (s, t))ds +
2

1

 ∂

 ∂ 2

 v (s, t) 2
 v (s, t) 2
 + β(s)
 ds
2

α(s)
0

∂s

∂s

(4.6)

As shown in Neuenschwander (1996) if the snake minimizes the energy E, then
according to the variational calculus (Courant and Hilbert 1989) it must be a solution
to the Euler-Lagrange diﬀerential equation of motion
−

∂v (s, t) 
∂2 
∂ 2v (s, t) 
∂ 
α(s)
+ 2 β(s)
= −∇P (v (s, t))
∂s
∂s
∂s
∂s2

(4.7)

By choosing a particular deformation energy in (4.5) the diﬀerential equation governing the motion of the snake becomes linear. This facilitates the numerical treatment of the minimization problem since (4.7) can be separated into two diﬀerential
equations
∂x(s, t) 
∂2 
∂ 2 x(s, t) 
∂P
∂ 
α(s)
+ 2 β(s)
=−
2
∂s
∂s
∂s
∂s
∂x
∂y(s, t) 
∂2 
∂ 2 y(s, t) 
∂P
∂ 
α(s)
+ 2 β(s)
=−
−
∂s
∂s
∂s
∂s2
∂y

−

(4.8)

and solved independently for x(s, t) and y(s, t). However, in order for these equation
to have a unique solution one must specify boundary conditions such as the values
and derivatives of x(s, t), y(s, t) for s = 0 and 1. Since in practice P is a discrete
function, the equations (4.8) cannot be solved analytically and require a numerical
solution.
Besides the numerical method for the solution of (4.8) which will be discussed in
Section 4.3, the balance between the image and the internal energies is important
for the applications of the snakes. If one of the energies dominates the other one
this will either suppress the constraint of snake’s smoothness or will force the snake
to ignore image forces. Both eﬀects are undesirable. Since the internal energy of the
snake can be controlled, the balance can be achieved by the adjustment of functions
α(s) and β(s) which control the tension and rigidity of the snake.
In the most of the previously developed approaches this task was performed manually. However, a fully-automatic approach requires a method for automatic tuning
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of the tension and rigidity parameters since their values often have to be changed
not only when going from one image to another but also for diﬀerent contours in
the same image.
As shown in (Fua and Leclerc 1990) the balance between the internal and image
energies can be eﬀectively enforced by substitution of functions α(s) and β(s) for a
constant factor λ which value can be automatically calculated from
λ=

|δEimg (v )|
,
|δEint (v )|

(4.9)

where δ is the variational operator. The calculation is based on the assumption that
the initial estimate of snake’s position is close to the ﬁnal solution. The optimization
of the snake with automatically readjusted λ results in the stabilization of snake’s
position close to its previous one independently of the snake’s shape and the image
function. The substitution of α(s) and β(s) with λ in (4.8) results in equation
 ∂ 2 v(s, t)

λ −

∂s2

+

∂ 4 v(s, t) 
∂P
,
=−
4
∂s
∂v

(4.10)

where v stands either for x or y.

4.2

Discrete Representation of the Snake

Solving equation (4.10) in a computer system implies that the evolution of the
snake can be performed only in discrete time steps denoted further by [t]. In order
to approximate the position and derivatives of the snake in (4.10), the discretization
of the snake’s representation is required, too. This can be achieved by sampling the
snake at regular intervals into a polygonal curve with n vertices
[t]

[t]

[t]

v [t] = {vi } = {(xi , yi ) = (x(i/n, t), y(i/n, t))},

f or

i = 0, ..., n − 1 (4.11)

Then, taking the time step to be 1 the equation (4.10) can be rewritten in discrete
form as


[t]
[t]
(4.12)
λ(−(vi )ss + (vi )ssss) = −Pv  [t−1] ,
vi

[t]
(vi )ss ,

[t]
(vi )ssss

denote the second and forth
where v stands either for x or y and
[t]
order derivatives of vi with respect to s. Note, that since (4.10) is an implicit
equation the compromise is made to take the value of P into account at the old
rather than at the new snake’s position. Using central diﬀerences to approximate
[t]
[t]
[t]
the derivatives (vi )ss and (vi )ssss , the left hand side of (4.12) for vertices vi ,
(i = 2, ..., n − 3) can be written as
[t]

[t]

λ(−(vi )ss +(vi )ssss) ≈
[t]

[t]

[t]

[t]

[t]

[t]

[t]

[t]

−λ(vi−1 − 2vi + vi+1 ) + λ(vi−2 − 4vi−1 + 6vi − 4vi+1 + vi+2 ) =
[t]

[t]

[t]

[t]

[t]

λ(vi−2 − 5vi−1 + 8vi − 5vi+1 + vi+2 ),

(4.13)
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where v stands either for x or y. Since the central diﬀerences are symmetric, they
cannot be computed for the head vertices (i = 0, 1) and the tail vertices (i =
n − 2, n − 1). Instead the forward and backward diﬀerences have to be used. This
[t]
[t]
gives the following approximations of λ(−(vi )ss + (vi )ssss):
[t]

[t]

[t]

[t]

[t]

[t]

[t]

[t]

[t]

λ[(v0 − v1 ) + (v0 − 2v1 + v2 )] = λ(2v0 − 3v1 + v2 )
[t]
[t]
[t]
[t]
[t]
[t]
[t]
λ[(−v0 + 2v1 − v2 ) + (−2v0 + 5v1 − 4v2 + v3 )] =
[t]
[t]
[t]
[t]
λ(−3v0 + 7v1 − 5v2 + v3 )
[t]
[t]
[t]
[t]
[t]
[t]
[t]
[t]
[t]
vn−1 : λ[(vn−1 − vn−2 ) + (vn−1 − 2vn−2 + vn−3 )] = λ(2vn−1 − 3vn−2 + vn−3 )
[t]
[t]
[t]
[t]
[t]
[t]
[t]
[t]
vn−2 : λ[(−vn−1 + 2vn−2 − vn−3 ) + (−2vn−1 + 5vn−2 − 4vn−3 + vn−4 )] =
[t]
[t]
[t]
[t]
λ(−3vn−1 + 7vn−2 − 5vn−3 + vn−4 )
(4.14)
[t]
Note that the solution of equation (4.12) for one vertex vi requires neighbor vertices
at the same time step [t]. This implies that the equation (4.12) has to be solved
[t]
simultaneously for every vertex vi , (i = 0, ..., n − 1). The set of equations for all
vertices build a system that can be written in matrix form as
v0 :
[t]
v1 :




K · v[t] = −Pv 
[t]

v[t−1]

[t]

,

[t]

(4.15)
[t]

where v[t] stands for either (x0 , ..., xn−1 )T or (y0 , ..., yn−1 )T and K is a symmetric
n × n penta-diagonal matrix









K=










2λ −3λ
λ
−3λ
7λ −5λ
λ
λ −5λ
8λ −5λ
λ
λ −5λ
8λ −5λ
..
.

λ

λ −5λ
8λ −5λ
λ
λ −5λ
8λ −5λ
λ −5λ
7λ
λ −3λ














λ 

−3λ 

(4.16)

2λ

However, as can be proven, the matrix K is singular and can not be inverted. Thus,
the equation (4.15) can not be solved for v[t] directly. This corresponds to the noted
above fact that diﬀerential equation (4.8) must be supplied with 4 boundary values
in order to have a unique solution. Such boundaries can be obtained for example by
ﬁxing two points and their tangent vectors at each end of the snake. However, in
the original approach Kass et al. (1987) use a friction force in order to constrain the
displacement of the snake. This is made by setting the right-hand side of equation



K · v[t] + Pv 

v[t−1]

=0

(4.17)
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to the product of an iteration step (or a viscosity factor) γ and the negative time
derivatives (v[t−1] − v[t] ). As result, the discrete equation of snake’s motion can be
written in the form


(4.18)
(K + γI) · v[t] = γv[t−1] − Pv  [t−1] ,
v

where I is an n × n identity matrix and (K + γI) is nonsingular and thus can be inverted. This implies that v[t] can be obtained directly by solving (4.18) numerically.
As shown in Appendix A, the system of equations (4.18) can be eﬀectively solved in
O(n) time with a fast method for inversion of the symmetric penta-diagonal matrix
(K + γI).
In order to ﬁnd the position of the snake with local minimum of its energy the
equation (4.18) is solved iteratively for a number of time steps. The iteration starts
with the given initial position of the snake v[0] . Following (Fua and Leclerc 1990)
the viscosity γ can be computed according to
√ 

2n  ∂E(v ) 
,
(4.19)
γ=
∆  ∂v 
where ∆ is the permitted average displacement of the snake’s vertices. The solution
of (4.18) results in the new position of the snake for which its energy sum E is veriﬁed. The decrease of the energy in comparison to the previous time step indicates
that the snake moves in the right direction toward the energy minima. Otherwise,
if the energy has increased, the snake is kept at its previous position and the permitted displacement ∆ is decreased. This continues until ∆ becomes less than some
threshold value. A small value for ∆ indicates that the snake has been optimized
to a position corresponding to the local minima of its energy. As discussed above,
the snake in such state is located at the salient image features emphasized by the
function P (when such features are present close to the snake’s initial position).
The application of this approach to an aerial image is presented in Figure 4.1
where the snake is used to locate a boundary of a road crossing. Figure 4.1a shows
the initial position of the snake with length of approximately 100 vertices situated
close to the searched contour. Since the the boundary of the crossing is characterized
by strong image contrast, the function P in the equation of the snake’s motion (4.7) is
chosen according to (4.4) and illustrated in Figure 4.1b. Its bright points correspond
to the image points with high contrast characterized by high values of the gradient
magnitude. Such points evoke image forces attracting the snake. Figures 4.1c 4.1e illustrate the positions of the snake at the 5th, 10th and 15th iteration of the
optimization. As can be seen, at the 15th iteration the snake is precisely located
at the boundary of a the road crossing which indicates the fast convergence of the
approach.
As shown in Figure 4.2 the snake-based image segmentation can extract contours
even when some of their parts are absent or have a poor contrast. The constraints of
tension and rigidity stretch the snake and make it approximate the curve at points
with weak edge evidence. In order to get similar results with methods based on
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(a)

(c)
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(b)

(d)

(e)

Figure 4.1: Extraction of one side of a road crossing. (a) Initialization of the snake close to
the searched contour. (b) Gradient magnitude map of the image in (a). (b)-(e) Consecutive
stages of the optimization at the 5th, 10th and 15th time step.

(a)

(b)

(c)

Figure 4.2: Extraction of a road side which is partly interrupted by adjacent small roads.
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traditional edge extraction, highly non-trivial grouping of extracted edge segments
would be required.

4.3

Ziplock Snakes

One of the disadvantages of the so far described approach is that the quality of the
segmentation often critically depends on the initial position of the snake. As shown
in Figure 4.4, the presence of other features usually block the movement of the snake
when its initial position is far away from a desired result. To overcome the problem,
Neuenschwander (1996) developed an extended snake-based approach which allows
for an initialization of the snake by only its endpoints. Starting with correctly
initialized end points of a searched contour, the optimization progresses from the
these points toward the center of the snake propagating the edge information along
the curve in the following manner.
The ziplock snake is divided into three parts by two force boundaries (cf. Figure
4.3). The parts between the snake’s ends and the force boundaries consist of active
vertices, whereas the rest of the vertices are passive. During optimization, the position of the active vertices is calculated in the similar way as for the original snakes.
However, the passive vertices ”feel” no image forces and thus their movement is
not eﬀected by any image features. At the beginning of the optimization the force
boundaries are initialized at the end points of the snake. As the optimization progresses they are gradually moved towards the center of the snake while the increased
snake parts with active vertices are optimized to image features.
The gradual propagation of the force boundaries implies that the optimization
of new active vertices takes place close to the previously extracted contour. In this
way during the whole optimization image information is taken into account only at
the points which are known to be close to the searched contour. The optimization
stops when the force boundaries meet each other. Comparing the performance of the
original and ziplock snake, Figure 4.5 presents an image sequence which corresponds
Force boundaries

Passive vertices
Active vertices

Figure 4.3: Ziplock snake. During optimization the force boundaries are gradually propagated from the end points towards the center of the snake. Each time the force boundaries
are moved, the position of the curve is re-optimized and the active vertices locate the correct
contour.
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(a)
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(b)

(c)

Figure 4.4: Contour extraction with original snake approach. (a) Initialization of the snake
is blocked from desired contour by the other side of the road. (b),(c) Optimization of the
snake fails to locate the correct road side.

(a)

(b)

(c)

(d)

(e)

(f)

Figure 4.5: Extraction of a road side with a ziplock snake. (a) Initialization of the ziplock
by the two end points. (b)-(e) Consecutive stages of the optimization process. The passive
vertices are illustrated by white segments of the contours whereas black parts correspond to
the active vertices. (f) Final result: correct road side is extracted (compare to Figure 4.4c).
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to the extraction of a road side according to the ziplock approach. As can be seen,
an initialization of the contour similar to Figure 4.4a results in the correct extraction
of the road side. Since the passive part of the snake does not feel the image forces
it is not blocked by the other side of the road as it happens for the original snake
(cf. Figure 4.4) and therefore the correct outline is extracted.

5

Road Extraction Loop

This Chapter presents strategies for the achievement of the goals stated in the Chapter 3. Section 5.1 introduces into the domain by discussing general strategies for automatic image interpretation. The advantages of a model-based strategy are shown
and it is chosen and adapted to road extraction in the form of a Road Extraction
Loop. The solution of the considered problems is split up into two iterations. The
ﬁrst is dedicated to the extraction of salient roads, whereas the second is concerned
with the extraction of non-salient roads with visible sides.1 The outline of the methods used in both iterations is given in Sections 5.2 and 5.3, respectively. However,
the closer investigation of the methods requires more eﬀorts an is therefore deferred
to the next Chapter.

5.1

Strategies for Image Interpretation

As noted in the Introduction, the main task of the automatic interpretation of images
is the conversion of their information from an implicit into an explicit representation.
There exist diﬀerent strategies for accomplish this task. One of them is the so-called
bottom-up strategy, which divides image interpretation into two consecutive parts.
Low-level processes perform image segmentation extracting primitives such as edges,
junctions, homogeneous regions, etc. The recognized primitives are passed to highlevel processing which performs object recognition (cf. Figure 5.1).
Low-level processes use only few and very general knowledge about the objects.
This knowledge is used in order to choose for extraction such primitives which characterize the objects in the best way. For example, when trying to recognize bright
rectangles which on an aerial image often correspond to the roofs of the buildings,
their structure suggests to extract primitives like edges and bright regions.
At the high-level more speciﬁc knowledge about objects is used. Geometric
properties of the objects such as symmetry, collinearity, connectivity and repetition
are often used for the grouping of primitives. Grouping provides data subsets, that
are likely to have come from the searched objects, see (Lowe 1987, Leclerc 1990,
Grimson 1990). The high-level is often organized in a number of steps corresponding
1
For the rest of the work the term non-salient roads will be used for non-salient roads with one
or both sides visible.
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High-level
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representation
: data flow
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: database
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Figure 5.1: Object recognition based on a bottom-up strategy.
to grouping with increasing complexity. At the same time the primitives which fail
to be grouped are rejected which ”focuses” the search for objects.
The bottom-up strategy has clear advantages. Low-level processes reduce the
amount and abstract information in images simplifying the task of its further interpretation. However, the division of recognition processes into two consecutive parts
implies that object recognition is separated from the direct image analysis which is
a disadvantage.
The number of primitives which can be extracted from an image is usually enormous. To reduce the complexity of the high-level processing, low-level processes
chose only the most salient of the primitives usually characterized by the signiﬁcant
contrast or size. As a result, only a small part of the available information in images
is passed to high-level and the rest of it is neglected. However, which information is
relevant for further processing and which is not, can not be precisely determined at
early stages, since the visual properties of the objects in images are not fully known
at that point. The hypotheses about the objects are generated only when high-level
processes start recognition. However, the information which could give the decisive
evidence for the proof of these hypotheses may be lost. Since bottom-up methods
process image information only in one direction, there is no way back to recover the
rejected parts of it. This often results in the failure of recognition.
To overcome the problem it was suggested to extend bottom-up processes to the
so-called model-based strategy, see i.e. (Nalwa 1994). According to it, one-directional
bottom-up methods are used to generate the hypotheses of objects in images. Then,
going back to the original data, the hypotheses are veriﬁed and classiﬁed. In this
way no information is lost during recognition. At the same time, the complexity of
algorithms is kept low since only the information which is relevant for the veriﬁcation
of the object hypotheses is used for processing.
A model-based strategy was used for instance by Lowe (1987) for the recognition
of three dimensional objects. In this approach, the veriﬁcation of object hypotheses
generated in a bottom-up manner was based on line primitives. However, sometimes
it is more useful to perform the veriﬁcation directly in images. This makes the
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process more reliable, since the information which is lost on the way of the extraction
of the image primitives can give additional evidence for an object.
The model-based strategy summarized in Figure 5.2 gets its name from the fact
that it incorporates knowledge about the objects into an object model. The model
of an object can be deﬁned as the set of object’s physical and corresponding them
visual properties.
Image

Generation of
object’s hypotheses

Start

Definition of
object model

Matching of
model to image

Analysis of matchings
and acception or
negation of hypotheses

Object Model

Yes

Recognized objects
in explicit
representation

Further
improvement
needed ?
No

Figure 5.2: Object recognition based on a model-based strategy.
During the generation of hypotheses, the predicted visual properties of objects
are used to guide the extraction and the grouping of the image primitives. The
found hypotheses for objects are veriﬁed by matching the model to images. This can
be seen as the search of correspondence between visual properties of hypothesized
objects and the image structures. The success of matchings indicates the correctness
of hypotheses and implies that the matched image structures are the projections
of the searched objects. Using the correspondence between physical and visual
properties, the explicit representation of the extracted object can be derived.
The model-based recognition is not restricted to one pass of stating and verifying
hypotheses. On the contrary, it may be eﬀective to iterate the process using diﬀerent
object models. The ﬁrst iterations are based on simple and generic models which
satisfy the most of the searched objects. Then, based on the accepted matches, new
hypotheses for the more special cases of objects within an object type can be stated
and veriﬁed according to specialized models. As iteration continues new degrees of
freedom will be added to the model. On the same time computational requirements
will be kept low, since increasing knowledge about searched objects will be used in
order to limit the search-space. Thus, in comparison to the bottom-up strategy, the
model-based strategy has clear advantages.
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The model-based strategy can be compared with conducting physical experiments. A physical experiment follows a theory with assumptions about an investigated matter which is stated ﬁrst. According to these assumptions the behavior of
the matter in certain conditions is hypothesized and means for the realization of an
experiment are chosen. If the result of the experiment satisﬁes the stated hypotheses the hypotheses and their underlying theory are recognized as correct. Otherwise
either the hypotheses were wrong or the improvement of theory is required.
The theory and the hypotheses of physical experiments can be compared width
models and hypotheses of objects in model-based recognition. Both, the realization
of experiments and the matching of object models to images result in the acceptance
or rejection of previously stated hypotheses. Similar to the iteration of model-based
recognition, the sequence of physical experiments can be seen as a one process that
constantly increases the knowledge about an investigated subject.
The goals of physics and computer vision can be compared as well. Both of them
study the properties of objects with the diﬀerence that the ﬁrst science investigates
physical properties of objects in physical world, whereas the second - visual properties of objects projected into an image. This together with the noted correspondence
between physical experiments and model-based recognition is another argument for
the choice of model-based strategy in computer vision.
The adaption of the model-based strategy to the task of road extraction is
straightforward. At ﬁrst, the model for roads which consist of their physical properties such as location and width together with corresponding visual properties is
deﬁned. Then, hypothesis for roads in images can be generated. At the next step
the visual properties of roads corresponding to stated hypotheses are used to match
the road model to the image. Finally, the matchings are analyzed and the road
hypotheses associated with them are accepted or rejected.
These four steps are summarized in the Road Extraction Loop (REL) and illustrated in Figure 5.3. According to the loop, road extraction can be iterated with
new road models and hypotheses until an acceptable result is achieved.
The subproblems of road extraction which were chosen for this work are solved
in two iterations of REL. With the ﬁrst iteration salient roads are extracted. Then,
based on the result and the model for non-salient roads hypotheses for connections
between extracted salient roads are generated and veriﬁed in the second iteration.
The iterations are presented in Sections 5.2 and 5.3 respectively.
REL can be seen as a general strategy for road extraction. The possible addition
of new iterations to REL implies that the extraction of the roads which do not satisfy
the models used in this work can be easily integrated into a system.

5.2

Extraction of Salient Roads
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Figure 5.3: Road Extraction Loop.

5.2

Extraction of Salient Roads

Starting the REL the road model for salient roads have to deﬁned. It shall consist of
physical properties of roads in the real world and the corresponding visual properties
in images. These properties were already discussed in Section 3.2 in connection with
the deﬁnition of salient roads. Recalling them, salient roads appear in images as
ribbons with bright homogeneous surfaces corresponding to pavement. Edges of the
ribbons correspond to road sides and are represented by the lines of contrast between
the road surface and its surroundings.
The way of generating hypotheses for salient roads was discussed in Section
3.2.2. It was shown that the centerlines of all salient roads in images can be found
with a diﬀerential geometric approach. However, this approach also detects linear
structures with non-parallel sides. This implies that the third step of REL has to
consider closer the sides of the generated road hypotheses.
Since the exact width of the inspected linear structures is not known, the matching of the road model to the images implies that the two lines of contrast on each side
of the given centerline have to be searched locally, close to the centerline. According
to the model, the surfaces of salient roads are smooth. This motivates to perform
the search of the edges by expansion of the ribbon’s sides in opposing directions after
they have been initialized at the centerlines (cf. Figure 5.4a). Constraining each
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point of the ribbon’s sides to stop the expansion when they reach an image point
with high contrast will result in the precise delineation of the road sides (cf. Figure
5.4b). If a road does not distribute salient properties (cf. Figure 5.4c), i.e. caused
by the presence of cars, shadows or occlusions, its correct sides will be not found by
this method. The sides of ribbons will be locked by the ﬁrst points of contrast, no
matter if they correspond to road sides or other linear structures (cf. Figure 5.4d).

Salient road

Car

Shadow
Surroundings

(a)

(b)

(c)

Random
linear
structure

(d)

Figure 5.4: Matching of the model for salient roads to linear features: (a) Expansion of
ribbon sides indicated with dashed black lines toward the sides of the road; (b) The result
of the delineation of the sides of salient roads; (c) The result of the matching of the road
model to a non-salient road; (d) The delineation of the sides of a random linear feature.

The last step of the REL is to analyze the matchings and to reject the wrong
road hypotheses. Since in aerial images of rural scenes very few objects besides roads
show long parallel edges (see Section 3.2.2), it is true to assume that mostly salient
roads will be extracted by accepting only these matched ribbons which variation of
width is low. As shown in the next Chapter, the maximal value for width variation
of salient roads is easy to ﬁnd, since the diﬀerence in width variation of salient roads
and other linear structures is signiﬁcant.
The matching of the road model and the analysis of these matches were only
brieﬂy discussed in this Section. Their detailed investigation requires more eﬀorts
and therefore is left for the next Chapter. The next Section describes extraction of
non-salient roads. The matching of their model is left for the next Chapter as well.

5.3

Extraction of Non-Salient Roads

The extraction of non-salient is the second iteration of the REL. As discussed in
Section 3.3, non-salient roads correspond to shadowed and partially occluded roads.
The presence of shadows and occlusions makes their surfaces non-homogeneous.
Therefore it is diﬃcult to distinguish them from other objects. However, the presence
of one or both sides connected to the ends of previously detected salient roads, gives a
strong evidence for a non-salient road (see Section 3.3). Thus, the non-salient roads
can be modeled as ribbons with constant width whose ends are directly connected
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to the ends of salient roads. Along the whole ribbon at least one of its sides has to
correspond to image points with high contrast.
Hypotheses for centerlines of non-salient roads can be stated as lines connecting
the ends of two salient roads. Salient roads to be connected can be required to have
similar width. This will prevent connections between diﬀerent roads.
The matching of the road model is divided into two steps. Since the width of
hypothesized non-salient roads is known from connected salient roads, the matching
of the model can be initiated with a ribbon of given width. Keeping the width
of a ribbon constant, its curvature low and ﬁxing the ribbon’s ends to the ends of
salient roads, the position of the ribbon is optimized. This is continued until as
many points of its side as possible correspond to image points with high contrast.
Since the boundaries of objects close to roads (e.g. trees) usually have a much higher
curvature than the road sides, the constraint of low curvature implies that in the
case of correct hypotheses, an optimized ribbon will locate all visible sides of a nonsalient roads (cf. Figure 5.5a). In the case of wrong hypotheses the ribbon will
be locked to random contours in the image region between its ﬁxed end points (cf.
Figure 5.5b).

(a)

(b)

(c)

(d)

Figure 5.5: Matching of the model for non-salient roads: (a),(b) The optimization of
ribbon’s position for correctly and incorrectly stated road hypotheses; (c),(d) The expansion
of ribbons with ﬁxed centerlines. The expansion of the ribbon at non-salient road in (c) is
prevented by road sides.

The optimized ribbons correctly locate the sides of a non-salient road. However,
analyzing ribbon’s shape, it is impossible to tell if the ribbon corresponds to a nonsalient road. In order to enable the rejection of wrong hypotheses the following
method is used: The sides of ribbons are expanded while their centerlines are ﬁxed.
Similar to the expansion of ribbons at salient roads the expansion stops when the
ribbon’s sides reach image points with high contrast. However, the ﬁxed position
of the centerline implies that as soon as one of the ribbon’s sides locks to an image
feature with high contrast and stops its expansion, the expansion of the second side
will be stopped automatically.
If a ribbon is initially located at a non-salient road, the expansion of its sides
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will not change its shape since at least one of its sides is already located to the road
side (cf. Figure 5.5c). Thus, the width of a ribbon which corresponds to a correctly
hypothesized non-salient road will remain constant. On the other hand, as shown
in Figure 5.5d if a ribbon corresponds to a wrong road hypothesis and is surrounded
by random features, their contours in most cases will not prevent the expansion of
ribbon’s sides.
The described expansion of the ribbon’s sides implies that the ribbons, corresponding to wrong road hypothesis are expected to have large variations of width,
whereas the width of ribbons, corresponding to non-salient roads will remain constant. Thus, similar to rejection of wrong hypotheses for salient roads, wrong hypotheses for non-salient roads can be eliminated by thresholding the variation of
width of the investigated ribbons.

6

Matching of the Road Model

In order to match road models to images an appropriate method for image segmentation is required. This method should extract linear features with high contrast
locally close to the road hypotheses. At the same time the extracted features should
be connected and form a contour with given end points and bounded curvature.
The traditional methods for edge extraction like the Canny edge detector (Canny
1986) do not satisfy theses requirements since they either extract too many irrelevant
edges or fail to detect edges with weak contrast and thus result in the extraction of
discontinuous line segments (Fua and Leclerc 1990).
On the other hand, the framework of snakes presented in Chapter 4 allows to
constrain the tension and the rigidity of the contour to be extracted. During the
optimization of the original snake, its curve is optimized locally between given end
points and ﬁnally is located at the contour of contrast. The constraints on tension
and rigidity imply that no discontinuities in the extracted contour occur and at the
same time its curvature is kept low.
In the next sections it is shown that snakes can be successfully used for the
matching of road models to images according to the strategy presented in Sections
5.2 and 5.3. In Section 6.1 original snakes are extended to ribbon snakes which are
able to locate linear features bounded by two edges of contrast. Sections 6.2 and 6.3
present the snake-based method for the veriﬁcation of road hypotheses and precise
delineation of the sides of detected roads for salient and non-salient roads.

6.1

Ribbon Snakes

The snake-based approach for the extraction of single contours can easily be extended
to the extraction of linear features with signiﬁcant width. These features can be
modeled by ribbons which sides correspond to the features’ boundaries. Using ribbon
snakes linear features can be extracted by optimizing the position and the width of
the ribbon. In order to represent ribbon snakes, the parametric curve v (s, t) which
corresponds to the curve of original snakes (4.1) can be augmented by the third
component w(s, t) (Fua and Leclerc 1990):
v (s, t) = (x(s, t), y(s, t), w(s, t)),
41

(0 ≤ s ≤ 1),

(6.1)
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v(1,t0 )
v(s0 ,t0 )
(x(s0 ,t0 ),y(s0 ,t0 ))
I(vR (s0 ,t0 ))

vL (s0 ,t0 )
w(s0 ,t0 )

vR (s0 ,t0 )
I(vL (s0 ,t0 ))

n(s0 ,t0 )

v(0,t0 )

(a)

(b)

Figure 6.1: (a) Parametric representation of the ribbon snake. Each slice of the ribbon
v (s0 , t0 ) is characterized by its center (x(s0 , t0 ), y(s0 , t0 )) and width 2w(s0 , t0 ). The center
and the width deﬁne points vL (s0 , t0 ) and vR (s0 , t0 ) corresponding to the left and right side
of the ribbon. (b) Image gradients are shown for the two side points of the ribbon and
projected to the ribbon’s unit normal vector n(s0 , t0 ).

Such representation implies that each slice of the ribbon snake v (s0 , t0 ) is characterized by its width 2w(s0 , t0 ) and the location of its center (x(s0 , t0 ), y(s0 , t0 )). All
center points compose the centerline of the ribbon (cf. Figure 6.1a).
In order to perform the optimization of the ribbon snake, the forces which act on
it have to be deﬁned. The advantage of the ribbon’s representation in (6.1) is that
the expression for the snake’s internal energy Eint can be directly used for ribbon
snakes. Doing so, the width of ribbons will be constrained by tension and rigidity in
the same way as the two coordinate components. The internal forces which act on
the ribbon snake will on the one hand constrain ribbon’s centerline to be a smooth
curve. On the other hand, they will control the distance between the ribbon’s sides,
forcing the sides to be parallel.
Diﬀerently to the original snakes, the image information for ribbon snakes has
to be taken into account not at the curve (x(s, t), y(s, t)), but at the ribbon’s left
and right sides. As shown in Figure 6.1a, for each slice of the ribbon v (s0 , t0 ) there
exist two points vL (s0 , t0 ) and vR (s0 , t0 ) corresponding to the ribbon’s left and right
sides. The position of these points composing the ribbon’s boundaries vL (s, t) and
vR (s, t) can be expressed as

vR (s, t) = w(s, t)n(s, t)
vL (s, t) = −w(s, t)n(s, t),

(6.2)

6.1

Ribbon Snakes

43

where n(s, t) is the unit normal vector of the ribbon’s centerline deﬁned as


n(s, t) =



∂ y(s,t)
∂ x(s,t)
∂s , − ∂s


 ∂ y(s,t)
∂ x(s,t) 


∂s , − ∂s

(6.3)

Adapting the expression for image energy Eimg in (4.3) to ribbon snakes, the function
P (v (s, t)) in (4.4) has to be redeﬁned. Requiring the image contrast to be large
along the left and right side of the ribbon, P can be deﬁned as the sum of the image
gradient magnitudes on the left and right ribbon sides:
P (v (s, t)) = |∇I(vL (s, t))| + |∇I(vR (s, t))|

(6.4)

However, when searching for linear features which are known to be brighter or
darker than their surroundings the result of the extraction can be improved if the
direction of image gradients at the left and right sides of the ribbon will be taken
into consideration, too. For example, the extraction of bright linear features implies
that the image intensity at the ribbon sides has to change from dark to bright at
the left ribbon side and from bright to dark at its right side (cf. Figure 6.1b). This
is equivalent to demanding the projection of image gradient on the vector n(s, t) to
be negative along the ribbon’s left side vL (s, t) and positive and along its right side
vR (s, t). Taking this into account, the function P (v (s, t)) can be redeﬁned as
P (v (s, t)) = (∇I(vL (s, t)) − ∇I(vR (s, t))) · n(s, t).

(6.5)

In order to perform the numerical optimization of the ribbon, its parametric
representation has to be discretized. Similar to the discrete representation of the
original snakes in (4.11) the discrete form of ribbon snakes can be expressed as
[t]

[t]

[t]

[t]

v [t] = {vi } = {(xi , yi , wi ) = (x(i/n, t), y(i/n, t), w(i/n, t))},
f or

i = 0, ..., n − 1

(6.6)

According to (6.2) the left and the right sides of the ribbon can be represented in
discrete form as


[t]

vR



[t]

vL




[t] [t]

i

= wi ni

i

= −wi ni ,

[t] [t]

f or

i = 0, ..., n − 1

(6.7)

where n[t] is the discrete form of the unit normal vector n(s, t)
[t]

ni =
[t]

[t]

[t]

[t]

[t]

[t]

(yi s , −xi s )
|(yi s , −xi s )|

,

f or

i = 0, ..., n − 1

Using vL vR in (6.5) the image energy of the ribbon can be calculated.

(6.8)
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Since the expression for internal energy of the original snakes (4.5) can be directly
used for ribbon snakes, the Euler Lagrange equation (4.7) governing the motion
of snakes still holds for ribbon snakes. In the same way as for original snakes
it can be separated and solved independently for all components of v (s, t). This
implies that the numerical optimization of ribbons is identical to the corresponding
procedure of original snakes except that the equation system (4.18) in the case of
ribbon snakes has to be solved for v[t] = (x0 , ..., xn )T and v[t] = (y0 , ..., yn )T as well
as for v[t] = (w0 , ..., wn )T .
Summarizing, ribbon snakes provide a tool for the extraction of linear features
by locating their left and right boundaries. As has been shown, ribbon snakes can
easily be derived from the framework of original snakes presented in Chapter 4. The
only required changes are the extension of the original snake with variable width
for each of its points and the modiﬁcation of the snake’s image energy. Since those
changes do not eﬀect Euler Lagrange equation of motion (4.7), the optimization of
the ribbon’s position and the width can be made with the same method used for
the optimization of the original snakes.

6.2

Snake-Based Extraction of Salient Roads

The matching of the road model for salient roads outlined in Section 5.2 can directly
be made using ribbon snakes. Since salient roads by deﬁnition show bright homogeneous surfaces and contrast to dark surroundings, the ribbon’s image energy can be
deﬁned as in (6.5). Starting the optimization at the centerlines of the hypothesized
salient roads, the sides of the ribbon snakes will be dragged and ﬁnally locked by
the contours of the examined linear features. Thus, in the case of correct hypotheses
the optimization of ribbon snakes will result in the precise delineation of the road
sides.
However, in order to perform ribbon’s optimization according to the strategy
discussed in Section 4.4, three parameters have to be determined. The ﬁrst one is the
initial displacement ∆[0] permitted for ribbon’s vertices during the ﬁrst optimization
step [t = 0]:
1 n  [0] 
[0]
(6.9)
∆ =
(v )t 
n i=0 i
The value of ∆[0] can be linked with the width of roads. To reach the precise results
it should be less than the smallest road width because otherwise, ribbons optimized
on a thin road can move too far away from their initial position and never ﬁnd the
way back. On the other hand, a small value of ∆[0] implies slow movement of the
ribbon and thus makes the speed of optimization low. Roads in rural areas usually
have a width between 3 and 10 meters. Thus, making a compromise between the
speed and the precision of the algorithm the value for the initial displacement can
be chosen as ≈ 0.5 m. Since the resolution of aerial images is usually known, the
value of ∆[0] can automatically be transformed into image units (pixels).
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The second parameter is the function which deﬁnes how ∆[t] decreases every
time the optimization results in the increase of the ribbon’s energy. The simple but
suitable choice of such a function is
∆[t] =

∆[t−1]
∆[0]
= t ,
ρ
ρ

(ρ > 1)

(6.10)

Small values of ρ imply slow decrease of ∆[t] and longer optimization. This increases
the precision and correctness of the optimization since more diﬀerent states of the
ribbon are examined. On the other hand, large values of ρ increase the speed since
the quickly decreased average displacement implies fast stabilization of the ribbon.
The advantage of the choice of an exponential function in (6.10) is that the decrease
of ∆[t] is fast at the beginning of optimization and slow at its end. This corresponds
to the fact that a rough location of a feature can be made quickly, whereas the
precise delineation of its contour requires many optimization steps characterized by
small changes of the ribbon.
The third of the required parameters ∆min is the minimum value of ∆[t] which
is used as a stop condition for the optimization. Ribbons optimized down to small
values of ∆[t] have a better precision. However, similar to the two previous parameters, the precision requires a large number of optimization steps which makes the
extraction slow. Since image resolution is limited it is reasonable to link ∆min with
the size of a pixel. The practice shows that the value of 1/10 of a pixel is a good
choice for ∆min (Neuenschwander 1996).
All theses parameters can be linked the the resolution of images and adjusted
automatically. Thus, the matching of the road model for salient roads can be performed based on the procedure discussed in Section 4.4 in a fully-automatic fashion.
However, the initialization of the ribbons at the centerlines of hypothesized salient
roads suggests an improvement to the optimization procedure. In order to insure
that during optimization the sides of the ribbon moves in the right direction an external force which expands the ribbon’s width can be applied as follows: After each
optimization step [t] the width can be increased with the value of the expansion step
a∆[t] :
(0 < a < 1).
(6.11)
w[t] = w[t] + a∆[t] ,
In the beginning of the optimization this will have the eﬀect that the sides of the
ribbon will be pushed to the contours of a linear feature. However, as soon as the
ribbon sides will reach image regions with large contrast, the expansion force acting
on the ribbon will be compensated by image forces. Since the expansion step a∆[t]
will always be less than the permitted displacement ∆[t] , the image forces will return
the shifted sides of a ribbon to their previous positions. In this way the width of
the ribbon will expand until ribbon sides reach the contours of contrast. The steps
of the ribbon’s optimization with applied expansion force are illustrated in Figure
6.2. Figures 6.2a - 6.2d present the optimization of the ribbon snake which was
initialized at a line, which corresponds to a correct hypothesis for salient roads. As
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can bee seen, the sides of the optimized ribbon in Figure 6.2d precisely correspond
to the sides of a salient road. In the case of the non-salient road in Figures 6.2e 6.2h, the optimization of the ribbon results in locating image contours which bound
the bright surface of the road.
As discussed in Section 5.2, non-salient roads and other linear features are usually
characterized by high variations of width. As shown in Figure 6.2h, the sides of
the optimized ribbon precisely delineate the boundaries of a non-salient road and
therefore the ribbon’s width has a high variations. Thus, the optimized ribbons with
high variations of width will indicate the wrong hypotheses whereas the ribbons with
parallel sides will correspond to the correct hypotheses for salient roads.
In order to measure the variation of width of the ribbon snake, the value of
standard deviation of the ribbon’s width was found to be a good choice. This value
is denoted here as SWD (Standard Width Deviation) and is calculated according to
SW D = 

1 n−1 [t]
(w − w [t] )2 ,
n − 1 i=0 i

(6.12)

where w[t] is the average width of the ribbon and n is the number of ribbon’s vertices.
The calculation of SWD for ribbons in Figures 6.2d and 6.2h and conversion of the
results to world units gives SWD of ≈ 0.05m and ≈ 1m, respectively. Since the ﬁrst
value corresponding to a salient road is signiﬁcantly smaller than the one for a nonsalient road, SWD is a good criteria for separating wrong and correct hypotheses
for salient roads.
The optimization and classiﬁcation of ribbons with respect to a maximal accepted
SWD= 0.1m is illustrated in Figure 6.3. Figure 6.3a presents the centerlines of the
hypothesized salient roads. The result of the optimization of the ribbon snakes is
shown in Figure 6.3b. As can be seen the salient roads are correctly extracted and
at the same time all wrong hypotheses for salient roads are rejected.

6.3

Snake-Based Extraction of Non-Salient Roads

Following the strategy presented in Section 5.3, the extraction of non-salient roads
is divided into two parts. At ﬁrst, a ribbon between the ends of two salient roads
is optimized. During the optimization the curvature of the ribbon is kept low and
the ribbon’s width is constant and equal to the width of the adjacent salient roads.
This optimization should result in locating the visible road sides by the sides of the
ribbon.
In order to solve this task the ribbon snakes can be used again. The internal
forces which constrain the tension and rigidity of the snakes imply that the curvature
of ribbon snakes will be low during optimization. Keeping the width of the ribbons
constant, the discrete equation for the ribbon’s motion (4.18) is solved only for the
ribbon’s coordinate components v[t] = (x0 , ..., xn )T and v[t] = (y0 , ..., yn )T . This
optimization of the ribbons can be initiated at the straight line between the ends
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(c)

(d)

(e)
(f)
(g)
(h)
Figure 6.2: Optimization of ribbon snakes initialized at the centerlines of hypothesized
roads. (a)-(h) Optimization for a salient road. (e)-(f) Optimization for a non-salient road.
The ribbon in (h) has high variation of width. Compare with the ribbon in (d) optimized
for a salient road.

(a)

(b)

Figure 6.3: Optimization and classiﬁcation of hypotheses for salient roads. (a) Initialization
of ribbons at the hypothesized centerlines. (b) The result of ribbon’s optimization and
classiﬁcation with respect to SWD < 0.1 m (solid: accepted salient roads; dashed: rejected
hypotheses).
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of the salient roads. Since the curvature of the road sides is normally much smaller
than at the other objects, there is a high probability that the ribbons will stabilize at
the correct position of the road. However, this will happen only when the searched
road is situated close to the initial ribbon position. The motion of the ribbon can be
prevented by irrelevant image features in the same way as the motion of snakes (cf.
Section 4.4). This, if the initial position of the ribbon is separated from the road by
some contrast features, the ribbon may be blocked in the same way as it happens
to the snake in Figure 4.4.
To overcome the problem, the ziplock approach is used. In the same way as
ziplock snakes, ziplock ribbons are divided into active and passive parts by force
boundaries. Considering the image information only at the active parts and propagating the force boundaries to the center of the ribbon, the ribbon will avoid to lock
to irrelevant features.
In Figures 6.4a - 6.4d the sides of non-salient road are precisely delineated using
a ziplock ribbon. Note that the hypothesis for the non-salient road was generated
using the ends of previously extracted salient roads in Figure 6.3.
Even if the described procedure correctly delineates the shape of non-salient
roads it does not provide the evidence for the rejection of wrong hypotheses. If the
ends of salient roads are not connected by a non-salient road, the ziplock ribbon still
will be optimized. As shown in Figures 6.5 the shape of such a ribbon illustrated
in Figure 6.5c does not have any special properties which could help to reject the
incorrectly hypothesized road.
In order to distinguish the correct and wrong road hypotheses the optimized ziplock ribbons have to be re-optimized. As discussed in Section 5.3 the re-optimization
shall be performed by expansion of ribbon’s width while the ribbon’s centerline is
ﬁxed. In the case of correctly hypothesized roads this procedure shall result in the
stabilization of the ribbon’s sides at their previous position. However, in the case of
wrong hypotheses the sides of the ribbon in most cases shall expand since random
image features will not be able to compensate the expansion force along the whole
ribbon.
The ﬁxation of the centerline of the ribbon during the optimization can be simply
made by optimizing only the width component of the ribbon. In order to expand
ribbon sides, the external force discussed in the previous Section can be used. The
expansion of the ribbon which is located at the non-salient road is shown in Figures
6.4e - 6.4h. Since the boundaries of the considered shadowed road have a contrast
it prevents the expansion of the ribbon’s width as it was predicted above. Using the
same procedure for a wrong road hypothesis, the width of the ribbon which is not
bounded by road sides is expanded according to Figure 6.5d. Since random features
around the ribbon eﬀect its expansion diﬀerently at diﬀerent parts, the optimization
results in strong variations of the ribbon’s width. Comparing the results in Figures
6.4h and 6.5d, the ribbon which corresponds to the wrong road hypothesis has
signiﬁcantly higher variations of width than the ribbon optimized at the shadowed
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(a)

(b)

(c)

(d)

(e)

(f)

(g)

(h)

Figure 6.4: Optimization of ribbon snakes at a correctly hypothesized non-salient road.
(a)-(d) Optimization of the ziplock ribbon with constant width and ﬁxed end points. White
lines indicate the passive part of the ribbon. (e)-(h) Optimization of ribbon with the applied
expansion force and ﬁxed centerline depicted with a thin line between road sides.

(a)

(b)

(c)

(d)

Figure 6.5: Optimization of ribbon snakes at a wrongly hypothesized non-salient road.
(a)-(c) Optimization of the ziplock ribbon between given ends of salient roads. (d) The
result of the expansion of the ribbon’s width.
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road. Thus, similar to salient roads the value of SWD can be used in order to reject
wrong hypotheses for non-salient roads.

7

Results

This Chapter presents the results of road extraction according to the method described above. Following the used strategy, the extraction of salient roads is shown
and discussed ﬁrst. Then, the results of generation and veriﬁcation of hypotheses for
non-salient roads are presented. Finally, the results of both steps of the extraction
are combined.
The Extraction of salient roads starts with the extraction of linear features of
an estimated width. In order to ﬁnd bright lines corresponding to roads, road’s approximate width in images has to be known. Using the image resolution which is for
following examples equal to 0.45 m/pixel, the maximal road width can be estimated
with 18pixels. Using this value, the algorithm for line extraction is automatically
adjusted for extraction of bright lines of width equal or lower than the given one
(Steger 1996). The results of the line extraction are shown in Figures 7.1a, 7.2a and
7.3a.
In order to verify that the detected lines correspond to salient roads and to
ﬁnd the precise width of correctly hypothesized roads the ribbon snakes are used.
According to the method developed in Section 6.2, the ribbons at the time step
[t = 0] are initialized with zero width and located at the extracted lines. Then, the
position and the width of ribbons is optimized. During the optimization the width of
ribbons expands and their sides gradually stabilize at the contours of image contrast.
Since the end points of ribbons are ﬁxed and ribbons’ displacement is bounded, the
sides of ribbons stabilize at the contours of investigated linear features. In order to
ensure the free movement of ribbons, it is appropriate to smooth the image before
optimization by convolving it with the Gaussian kernel. As noted in Section 4.1.1 this
removes insigniﬁcant contours of contrast and simplify the motion of ribbons’ sides
to the contours with higher value of contrast.1 The result of ribbons’ optimization is
shown in Figures 7.1b, 7.2b and 7.3b. As can be seen most of the sides of correctly
hypothesized salient roads are precisely delineated independently from the width of
roads.
1

Since the degree of diﬀuseness of the searched contours is not known, the mean for the Gaussian
kernel cannot be exactly determined. However, the practice shows that in order to achieve good
precision the value of the mean have to be signiﬁcantly lower than the one used for line extractor
applied to the same image.
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(b)

Figure 7.1: (a) The result of line extraction applied to the image with roads of diﬀerent
width. (b) The outline of optimized ribbons: solid ribbon parts indicate accepted hypotheses
for salient roads; dashed ribbons have SWD above 0.1 m and therefore are rejected.

(a)

(b)

Figure 7.2: (a) The result of line extraction. (b) Optimized ribbons are classiﬁed with the
same SWD threshold as above. The part of the salient road in the middle is not recognized
since ribbon’s expansion force could not be compensated by image forces on one side of the
road.

(a)

(b)

Figure 7.3: (a) Line extraction at village area. Most of the lines belong to the roofs of
buildings. (b) Optimization of ribbons at corresponding lines. All of the wrong hypotheses
for salient roads are rejected with respect to the same SWD threshold as above.
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In order to reject ribbon parts corresponding to wrong hypotheses for salient
roads, the maximal accepted value of SWD= 0.2pixel ≈ 0.1m is used. SWD is
calculated for short parts of ribbons and the parts with SWD above the threshold
are rejected. The accepted ribbons are illustrated in Figures 7.1b, 7.2b and 7.3b with
solid black lines. As can be seen the most of salient roads are correctly classiﬁed
and all of the wrong hypotheses which number can be very large (cf. Figure 7.3b)
are rejected. However, some few mistakes occur such as in the center of Figure
7.2b. In this example the expansion force which increased the width of the ribbon
at the disqualiﬁed part of the salient road could not be compensated by the image
forces. This explains by poor contrast at the one side of the road and high curvature
of the road at the considered part. However, since the other side of the road has
strong contrast the miss of recognition will be automatically corrected during the
extraction of non-salient roads as it will be shown further.
The two extracted salient roads in Figure 7.3b are connected by the road which
has a shadowed part and a part with one missing side because of a road crossing.
Since one side of the road is visible along its whole length and also is connected to
the sides of salient roads, the considered road is non-salient and therefore can be
extracted. Using the technique described in Section 6.2, the ends of salient roads in
Figure 7.4a are connected by an optimized ribbon with constant width (cf. Figure
7.4b). The constraint on ribbon’s curvature implies that during optimization the
sides of the ribbon stabilize at road sides since the last have the lowest curvature
in comparison to other contours between the ends of salient roads. During the
next step of extraction the centerline of the derived ribbon is ﬁxed while its width is
optimized. The ﬁxed centerline and constantly visible one side of the road imply that
both ribbon sides stabilize during the optimization close to their previous positions
(cf. Figure 7.4c). Thus, the width of the ribbon remains approximately constant.
The application of the same method for connection of two salient roads in Figure
7.4d has a diﬀerent result. The road in between two extracted salient roads is nonsalient since its sides are not visible due to the occlusion and the poor contrast with
surroundings. In fact, looking only at the considered road, one does not ﬁnd any
evidences for it. The only way to recognize it would be to guess its position from the
information given by salient roads. However, making such guess in general without
considering information about global road network would imply acceptance of many
wrong road hypotheses. Since information about the global road network is not
available at this point of the extraction, the recognition has to base only on local
road evidences. For the considered road such evidences do not present and therefore
its hypothesis has to be rejected.
The ﬁrst step of the veriﬁcation of the connection between two salient roads in
Figure 7.4d results in the optimized ribbon with constant width shown in Figure
7.4e. Since random objects around the ribbon do not distribute smooth contours of
contrast along the ribbon, the width of the ribbon is strongly expanded during the
second step of the veriﬁcation. The comparison of the ribbons in Figures 7.4c and

54

Chapter 7:
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(d)

(b)

(e)

(c)

(f)

Results

Figure 7.4: The veriﬁcation of hypotheses for non-salient roads (a)-(c) Veriﬁcation of a
correct hypothesis results in the stabilization of ribbon’s width close to a constant. (d)-(f)
Optimization of the ribbon between roads which are not connected by a non-salient results
in expansion of the ribbon’s width and high value of SWD.
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(a)

(b)

(c)

(d)

(e)

(f)

Figure 7.5: (a),(c),(e) The result of extraction of salient roads. (b),(d),(f) Extracted nonsalient roads are selected with respect to maximal accepted SWD= 0.5m and are shown
together with corresponding salient roads.
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7.4f shows that the second one has much higher variation of width than the ﬁrst
one. Similar results have already been shown in Figures 6.4h and 6.5d. Thus, the
correct hypotheses for non-salient roads can be selected by choosing ribbons with
small variation of width. The calculation of SWD for the ribbons in Figures 7.4c
and 7.4f gives values ≈ 0.3m and ≈ 3.3m respectively. Thus, as in the case of salient
roads the correct hypotheses for non-salient roads can be selected by thresholding
the value of SWD. The following examples shows that the good choice for maximal
accepted value of SWD is 0.5m.
The Figure 7.5b presents the extraction of non-salient roads based on the previous results obtained in Figure 7.2b. As can be seen, the part of the road with poor
contrast on one side is correctly extracted. The discontinuity between salient roads
caused by road crossing is ﬁlled, too. However, since only pairs of salient roads are
connected, the third road of the crossing remains disconnected. The road in Figure
7.5c is strongly shadowed. However, since both of its sides still can be recognized
by edges of contrast, they are able to pull the sides of the optimizing ribbon and
prevent the expansion of ribbon’s width. The main road in Figure 7.5e has only one
clearly visible side along quite long interval. However, as shown in Figure 6.5f even
such road can be fully recognized.
SWD of the accepted non-salient roads in Figures 7.5b, 7.5d and 7.5f vary in
the interval between 0.15m and 0.35m. At the same time the wrong hypotheses for
non-salient roads generated in Figure 7.5f between thin vertical salient roads have
the value of SWD in the interval between 1.5m and 3.7m. The signiﬁcant diﬀerence
between SWD of wrong and correct hypotheses shows the high reliability of the
extraction.
The application of the approach to a larger aerial image is shown in Figure
7.6. As can be seen the interruptions of salient roads caused by shadows, partial
occlusions and various road crossings do not prevent the correct extraction of the
main roads. At the same time no incorrectly extracted roads appear in the example.
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Figure 7.6: The result of road extraction derived from the combination of extracted salient
and non-salient roads.

8

Conclusion

The available information in aerial images of low resolution is often insuﬃcient for
recognizing a road. On the other hand, road extraction at high resolution requires
interpretation of very detailed information. In order to correctly interpret it and
recognize a road, road’s signiﬁcant details and relations between them have to be
well known.
The appearance of roads in aerial images can be very diﬀerent. Therefore it
seems not to be possible to ﬁnd a general description for all of the roads and use
it for their simultaneous recognition. Instead, the designed approach divides the
process of recognition into the consecutive extraction of well deﬁned classes of roads.
The process starts with the extraction of salient roads which have simple and well
predicted visual properties and thus can be quite easily detected. The results of the
extraction are very reliable since there exist a signiﬁcant diﬀerence between visual
properties of salient roads and other objects in images of rural scenes.
Recognized salient roads provide a great help for further road extraction. Since
roads are connected into a common network, the discontinuities of salient roads give
good hypotheses for the ends of the roads which were not detected so far. The
appearance of these roads can be very complicated since their visual properties can
be eﬀected by shadows, occlusions, crossings, etc. However, since the information
about the width of hypothesized roads together with the position of their end points
is given by salient roads, the reliable extraction of the so called non-salient roads is
possible. The surface of non-salient roads can change its intensity and be partially
occluded by surrounding objects. This does not prevent their extraction while the
roads distribute at least one visible side corresponding to a line of contrast in an
image.
The designed extraction of both salient and non-salient roads follows the common
strategy summarized in the Road Extraction Loop. According to this strategy the
knowledge about roads in images is accumulated gradually at each iteration of the
REL. Since each iteration considers the roads with mostly reliable extraction, the
reliability of the whole process is high. Furthermore, the gradual introduction and
separate treatment of new road properties together with a very small number of
parameters required by the extraction methods make the results of extraction well
predicted. As shown in the previous Section, most of the roads which satisfy the
deﬁnitions of salient and non-salient roads are correctly extracted. Besides the
strategy the success of the approach is reached because of the eﬃcient snake-based
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technique which allows the veriﬁcation of road hypotheses to be made directly in
image data.
Following the used strategy, road extraction can be continued by introduction
of new iterations into the REL. After the extraction of non-salient roads the third
iteration of the REL can be devoted to the extraction of road crossings. During
the second iteration most of the crossings will be interpreted as parts of non-salient
roads since they connect the pairs of salient roads by one side (cf. Figure 6.5b,
6.5d, 6.5f). The re-optimization of the ribbon snakes which corresponds to the
extracted non-salient roads will result in expansion of their sides at the places of
road crossings since the last usually have broad homogeneous surfaces. Thus, the
hypotheses for road crossings can be generated by choosing the parts of re-optimized
ribbons with signiﬁcant width. The veriﬁcation of these hypotheses can be made
by investigation of connections between hypothesized road crossing and close ends
of previously extracted roads. In practice the similar technique which was used for
extraction of non-salient roads can be applied.
Despite the fact that road’s connectivity provides a very large support for road
extraction, the information about previously extracted roads sometimes plays only
a secondary role. As discussed in Section 3, road extraction in urban areas often
depends on the knowledge about surrounding objects and buildings especially. However, even in these cases the information has to be introduced and judged gradually
in order to keep the extraction reliable at each step of the process. Thus, the designed strategy of the Road Extraction Loop can be applied to road extraction at
urban scenes as well.
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McKeown, D. and Denlinger, J. (1988). Cooperative Methods For Road Tracking
In Aerial Imagery, Computer Vision and Pattern Recognition, pp. 662–672.
Merlet, N. and Zerubia, J. (1996). New Prospects in Line Detection by Dynamic
Programmming, IEEE Transactions on Pattern Analysis and Machine Intelligence 18(4): 570–585.
Nalwa, (1994). A Guided Tour of Computer Vision, Addison-Wesley Publishing
Company, Reading, USA.
Neuenschwander, W. (1996). Elastic Deformable Contour and Surface Models for
2-D and 3-D Image Segmentation, Hartung-Gorre Verlag, Konstanz.
Nevatia, R. and Babu, K. (1980). Linear Feature Extraction and Description, Computer Graphics and Image Processing 13: 257–269.
Steger, C. (1996). Extracting Curvilinear Structures: A Diﬀerential Geometric Approach, Fourth European Conference on Computer Vision, Band I, 630–641.
Trinder, J. and Li, H. (1996). Extraction of Man-Made Features by 3-D Active Contour Models, International Archives of Photogrammetry and Remote Sensing,
Vol. (31) B3/III, pp. 874–879.
Quam, Lynn H. (1978). Road Tracking and Anomaly Detection in Aerial Imagery,
Image Understanding Workshop, pp. 51–55.

