
Sensors & Transducers, Vol. 159, Issue 11, November 2013, pp. 39-45 

 39

   
SSSeeennnsssooorrrsss   &&&   TTTrrraaannnsssddduuuccceeerrrsss  

© 2013 by IFSA
http://www.sensorsportal.com   

 
 
 
 
 

Level Set Based Shape Model for Automatic Linear 
Feature Extraction from Satellite Imagery 

 
1, 2 Yi Liu, 1, 2 Fansi Kong, 1, 2 Fei Yan 

1 College of Surveying and Geo-Informatics, Tongji University 
B703 Tumu Building, 1239 Siping Road, Shanghai, P. R. China, 200092 

2 Spatial Information Science and Sustainable Development Applications Center, Tongji University, 
Shanghai, P. R. China, 200092 

1 E-mail: cnliuyi@qq.com 
 
 

Received: 1 September 2013   /Accepted: 25 October 2013   /Published: 30 November 2013 
 
 
Abstract: Although image linear feature is important in many applications, it is difficult to extract precisely, 
because back ground is complex and feature is not always significant. In this paper, we propose a level set based 
automatic linear feature extraction method using prior shapes. We introduce a variable shape model which 
together with the level set function for segmentation and extract linear feature dynamically indicates the region 
with which the prior shape should be compared. Our model is capable of extract linear objects from an image 
based on the image intensity as well as the prior shape. In addition, the proposed model permits translation, 
scaling and rotation of the prior shape. Moreover, a fast way is also established for the minimization of our 
functional. At last, the experiments validate our model, and a comparison with canny detector showed the 
advantage. Copyright © 2013 IFSA. 
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1. Introduction 

 
Edge detection and line finding techniques, of 

course, have been studied since the early days of this 
field and are described in textbooks. However, in 
spite of the large amount of previous research in this 
area, and a number of comparative studies, the choice 
of algorithms suitable for complex imagery is  
not clear. 

Further, the comparisons are often limited to local 
edge detection only. Our research was motivated by 
the need for a software package for linear feature 
extraction, with adequate performance for higher-
level processing, rather than by the desire to invent 
new edge and line detection algorithms. In particular, 
we found the output of the widely used canny edge 
operator, followed by a linking step, to be not very 

satisfactory for complex satellite images which 
contain fine detail and texture. 

Here, we describe an edge detection and line 
finding technique with superior performance on a 
wide variety of images. Many of the steps in this 
process are similar to, or extensions of, previous 
methods, but we believe that our integration and 
refinements are important and different.  
We hope that this presentation will be helpful to 
other researchers attempting to implement  
similar algorithms.  

Our process of line finding consists of 
determining edge magnitude and direction by 
convolution of an image with a number of edge 
masks, of thinning and thresh holding these edge 
magnitudes, of linking the edge elements based on 
proximity and orientation, and finally, of 
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approximating the linked elements by piecewise 
linear segments. 

Various governmental organizations need 
accurate, correct and up to date information for 
optimization of resource and service management. 
Photogrammetry and Remote Sensing are methods 
that produce geospatial data in extensive area with 
acceptable accuracy. In various countries of the 
world, many researches have been carried out and 
many algorithms have been introduced in order to 
decrease human operation in automatic feature 
extraction of satellite images. 

As a result, on access to a model or algorithm of 
automatic or semiautomatic extraction of this feature 
not only minimizes human role in producing large 
scale maps but also has a dramatic effect on time and 
cost of the project. Finding such an algorithm can 
also be efficient in automatic extraction of other 
features similar to curves. 

In this paper we address the problem of 
segmentation in imagery using shape-based active 
contours and level set methods. We propose a novel 
method based on the classical Chan-Vese model 
augmented with a novel deformable shape prior term, 
which constructed to be pose-invariant and to allow 
moderate deformation. It is expected to handle the 
appearance of occlusions which otherwise can make 
segmentation fail. The performance of the model is 
illustrated with experiments on real satellite  
imagery sequences. 

 
 

2. A Review for Shape Prior Level set 
 
Research into automatic feature extraction from 

imagery could be date back to the seventies. Since 
that time, technology has improved and commercial 
access to imagery has continued to expand. Destival 
(1986) described the improvements in feature 
extraction that were expected using 10 meter 
panchromatic imagery following the launch of the 
first SPOT satellite in 1986. In moderate resolution 
imagery, such as SPOT or Landsat Thematic Mapper 
(TM), linear features such as roads are often 
narrower than the spatial resolution of the satellite.  

Hemmer (1996) described this sub pixel problem 
as one of the complicating factors in extracting linear 
features using imagery from the satellite sensors 
available at that time. Wang and Zhang (2000) 
compared high spatial resolution aerial photography 
with SPOT and Landsat TM imagery for extracting 
road networks. Wang and Zhang (2000) found that 
the success of linear feature extraction was 
particularly related to spatial resolution. Their 
experimentation found that photography out-
performed the lower resolution satellite imagery 
when extracting roads in an urban environment. High 
spatial resolution imagery provides a detailed 
representation of road networks needed for many 
applications that cannot be obtained from lower 
resolution image sources (Xiong, 2001). In lower 
resolution imagery roads appear as curvilinear 

structures, while in higher resolution imagery roads 
appear as homogenous regions that satisfy certain 
shape or size constraints (Hinz, et al., 2001). Roads 
are often characterized in high spatial resolution 
imagery as elongated regions (Agouris, 2001b). 

The increased availability of high spatial 
resolution data has stimulated the development of 
techniques specifically targeted at taking advantage 
of the detail found in such imagery. For example, 
many of the techniques developed for road detection 
search for roads as pairs of edges: such techniques 
are unsuited to processing lower resolution imagery. 

There are many efforts to use aerial or satellite 
images for linear feature extraction by means of 
auxiliary information such as shadow, perceptual 
grouping based on the line segment from edge 
detection or both of them. However, auxiliary 
information is not always available, reliable, and 
precisely co-registered. The linear feature extraction 
quality varies depending on accuracy of extracted 
edges and lines. 

Active contours are powerful methods for image 
segmentation; either boundary based such as snakes 
and geodesic active contours, or region-based such as 
geodesic active region and Chan-Vese models, which 
are formulated as variational problems. Those 
variational formulations perform quite well and have 
often been applied using level sets. Active contour 
based segmentation methods often fail due to noise, 
clutter and occlusion. In order to make the 
segmentation process robust against these effects, 
shape priors have been proposed to be incorporated 
into the segmentation process. There are many works 
on shape priors segmentation in the literature. For 
example, in 2000, Leventon et al. presented a 
statistical model which incorporates shape 
information into Caselles. geometric active contours 
model [1]. Later, by taking the same segmentation 
model, Chen et al. [2] proposed a variational model, 
and established the existence of the solution to the 
energy minimization. Moreover, in [3], Cremers et 
al. presented a statistical model by combining shape 
priors into Chan-Vese model [2]. In a recent paper, 
Cremers et al. [3] proposed a variational approach in 
which, besides the level set function for 
segmentation, a new function called labeling function 
is introduced to indicate the regions in which shape 
priors should be enforced. By minimizing the 
proposed energy with respect to both the level set 
function and the labeling function, the approach 
could segment multiple independent objects and 
discriminate familiar objects from unfamiliar ones by 
means of the labeling function.  

In this paper, based on Chan-Vese model, we 
would like to propose a variational model for shape 
prior segmentation. We also introduce a labeling 
function. Basically, Our model differs from Cremers 
in several aspects. Firstly, our approach permits 
scaling, translation and rotation of prior shapes. 
Secondly, we take a different shape comparison term 
which is intrinsic to the objects and the prior shapes, 
in other words, it is independent of the domain of the 
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image. Moreover, we introduce more terms to control 
the labeling function. 

The remainder of this paper is organized as 
follows. In Sction 2, a shape representation via a 
signed distance function is discussed. We utilize this 
shape representation in this paper. 

In Section 2, we review some variational models 
on shape prior segmentation. Then, we detail our 
variational model in Section 3. The experimental 
results are presented in Section 4, which is followed 
by a conclusion in Section 5. 

 
 

3. Our Model 
 
The proposed model uses a two-stage approach. 

The first stage extracts the boundaries partially using 
a global term, then refined in the second stage using 
a local term. We define the object boundary as an 
open subset ω of Ω , where Ω  is the entire  
image space. 

Let I : nΩ → ℜ  be the intensity image function 
where 2Ω ⊂ ℜ . 

The goal of image segmentation is to partition Ω  
in order to extract disjoint regions from image I such 
that they cover Ω .The boundaries of these regions 
may be considered as curves belonging to a family in 
which time evolution is described by a level set 
equation. The main advantages of using the level set 
is that complex shaped regions can be detected and 
handled implicitly. 

In order to obtain the governing equation  
of a front evolution, we consider a  
family of parameterized closed contours 

( ) ( )( ) 2,  ,   :  [0, )x t y t tκ ∞ →ℜ , generated by evolving 
an initial contour ( ) ( )( )0 0 ,  0 ,0x yκ . 

We underline that in the curves evolution theory 
the geometric shape of the contour is determined by 
the normal component of the velocity Supposing that 

( ) ( )( ),  ,  x t y t tκ  is a moving front in the image, if we 
embed this moving front as the zero level of a 
smooth continuous scalar 3D function 

( ) ( )( ),  ,  x t y t tµ , known as the level set function, 
the implicit contour at any time t is given by 

( ) ( )( ) ( ) ( )( ){ ,  ,  ,    0}x t y t x t y t tµ = . 

By differentiating respect to t the expression 
( ) ( )( )x t , y t , t  = 0µ  the equation for the 

evolution of the level set function may be derived  
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The evolving curve C in Ω is defined as the 
boundary of ω. The background outside C denotes 
the region Ω\ω. The overall energy function should 
be defined as  

 
( ) ( )G LJ C F C F (C)α β= + ,  

 
where α  and β  are the regulating parameters. 
Initially, the algorithm sets α =1 and β =0. When 
the global term converges, the algorithm sets α =0 
and β =1 to activate the local term for the  
second stage. 
 

A. Global Term. 
The global term in is basically adopted from the 

Chan-Vese model. It divides the image into two 
statistically separated regions, which represent the 
object and the background: 

 
( ) ( )

( )
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where  ,µ λ λ1 2  ,  are the weighting factors; 

Length (C) is the length of the curve C . C1 and 2C  
are the average intensities of the areas inside and 
outside C, respectively. 

 
B. Local Term. 
Only part of the vessels can be extracted by the 

global term, since some objects are statistically 
different from the globally extracted portions due to 
non uniform illumination. We define the novel local 
term to address this problem. 

 
( ) ( )

( )  
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s
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F C x, y dxdy
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2
4 Ν 2

= −

             + (| − |)
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∫
,  

 
where 3λ  and 4λ  are the weighting factors. The 
local contrast will be more sensitive to noise with 
smaller neighborhood size. At a larger size, it will be 
less sensitive to noise and will lose fine detail. The 
local term minimizes the variance of the local 
contrast inside and outside C, and we believe the 
original assumption that the object is statistically 
different from the background, including its  
local contrast. 

Due to uneven illumination, the global term alone 
will fail to capture the objects. However, the local 
contrast between the objects and the background 
remains unchanged. Hence, by applying the local 
term, the vessel can be completely extracted. 
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C. Level Set Formulation. 
In the level set formulation, the curve C is 

represented by the zero level set of a Lipschitz 
function f. The overall energy function becomes 

( ) ( )G LJ F Fφ α φ β φ= + ( ) . We then use the Heaviside 
function H and the Dirac Delta function δ0  to 
partition the level set function. The overall energy 
function can be rewritten in terms of  
the H: 
 

( ) ( )0
Ω

J α[µ δ ( (x, y) | x, y dxdy φ φ φ= ∇∫  

( ) ( )( )2
1 0 1
Ω

 λ u x, y c H x, y dxdyφ+ −∫  

( ) 2
2 0 2
Ω

λ u x, y c (1 H)))dxdy+ − −∫  

( ) ( )( )2
3 2 3
Ω

β[λ u x, y c H x, y dxdyφ+ −∫  

( ) ( )2
4 2 4
Ω

λ u x, y c (1 H )) dxdy]φ+ − −∫  

 

 
In the traditional level set method, the 

reinitialization of the level set function is required for 
each iteration. This prevents the level set function 
from being flattened. In our algorithm, we ignore the 
reinitialization process when applying the global 
term. This helps the level set function to develop and 
grow interior contours. However, when applying the 
local term in narrow band, the reinitialization process 
is essential to correctly define the narrow band. 

None of the existing methods accounts for 
projective transformations between the prior shape 
and the shape of interest. The inability to deal with 
projective transformations is significant. In the 
presence of projectivity, neither similarity nor the 
affine model provides reasonable approximation for 
the transformation between the prior shape and the 
shape to segment. 

The novel framework presented in this paper is to 
propose and analyze a novel variational segmentation 
method for images, that can both deal with shape 
deformations and at the same time is robust to noise, 
clutter and occlusions. The proposed method is based 
on minimizing an energy functional containing the 
classical Chan-Vese functional as one part and a term 
that penalizes the deviation of the shape being 
segmented from the previous shape as a second part. 
The second part of the functional is based on a 
transformed distance map to the previous contour, 
where different transformation groups, such as 
Euclidean, similarity or affine, can be used. The main 
idea of proposed framework is: 

1. Model-based cost functional. The basic idea in 
model-based approaches is to extend data driven cost 
functional by adding another energy prior which 
favors certain contour formations. The proposed 
shape constraints E-prior affect the embedding 
surface globally. 

Given an image I(x) at domain, an interface C 
and a level set representation one can form a data-
driven cost functional towards image segmentation. 
The basic idea in model-based approaches is to 
extend this data driven cost functional by adding 
another energy prior which favors certain  
contour formations: 

 
( )t s pE E λE ( )φ φ= +   

 
The proposed shape constraints Eprior affect the 

embedding surface globally (i.e. on the entire 
domain). In the simplest case (no pose variations 
between the evolving interface and the prior model), 
such a prior term can take the following  
form using the approximations of DIRAC and 
HEAVISIDE distributions: 

 

( ) ( ) ( )( )2

p e e
Ω

E H Hφ φ φ= −∫ ,  

 
where φ  is the level set function embedding a given 
training shape (or the mean of a set of training 
shapes). Positive and negative values of φ  
correspond to object and background regions in 
respectively. The prior term is a weighted sum of the 
non overlapping positive and negative regions of φ  
and φ . At each time step, φ  is modified in image 
regions where there is inconsistency between the 
object and background areas indicated by ( )eH φ  

and ( )eH φ . 

With the above formulation the pose and location 
of the object of interest is assumed to be identical to 
the ones of the reference shape. In a realistic 
segmentation problem and in particular for automatic 
feature detection in aerial and satellite neither the 
pose nor the locations of objects are known. 
Statistical models of shape variation with respect to 
the reference frame are a simple approach to deal 
with this problem. However these methods perform 
well if and only if the underlying assumption for the 
model is supported from the data. In the case of 
curves, that are being observed in remote sensing 
imagery, the implicit assumption of statistical 
modeling using a simple Gaussian is rather 
unrealistic and a real need exists to cope with 
important variation of the priors. To this end, the 
shape term was extended to incorporate all possible 
projective transformations between the prior shape 
and the shape of interest. 

2. Decision function. In order to retain the 
favorable level set property for multiple object 
segmentation the prior energy is extended with a 
decision function which indicates the regions of the 
image where the given prior is to be enforced. The 
role of the decision function is to evolve dynamically 
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in order to select these regions in a recognition-
driven way during optimization.  

Let us now consider the general case of a larger 
number of feature shape priors (like all those of 
Fig. 1) and possibly some further independent 
unknown objects (which should therefore be 
segmented based on their intensity only). To this end, 
we employed a vector-valued labeling function  

 
( ) ( )1 kL χ [L χ , ,L (χ)]= …   

 
to wards multi-region segmentation. With the above 
k dimensional labeling formulation, able for the 
dynamic labeling of up to m = 2k regions, the cost 
functional can account for a recognition-driven 
segmentation, based on multiple competing shape 
priors where the terms associated with the two 
objects are normalized with respect to the variance of 
the respective template Contrary to the labeling 
function’s dimensionality k is not a priory fixed and 
is calculated during optimization. Let a positive 
scalar q denote the number of resulting, from the 
image-driven functional, segments. In this way, 
during optimization the number of selected regions  
m = 2k depends on the number of the possible feature 
segments and thus the k-dimensional labeling 
function L obtains incrementally multiple instances. 

3. Model variation. If divergence of the matched 
model and segmentation is greater than a tolerance, 
then the model should be deformed. There are three 
types of variations: bend, bulge and indentation. 
Simplify the segmentation then detect every edge of 
current model to find the best variation. 

 
 

4. Experiment Results 
 
We choose 2 high resolution images from 

landsat-7ETM+ of Amery ice shelf (AIS), Antarctica, 
2002.  

Fig. 1 shows the rift in AIS. 
 
 

 
 

Fig. 1. Rift lines. 
 

 
Fig. 2 shows part of coast line. Extract linear 

feature from these imagery should be meaningful, 

The rift is more than 9 kilometers inland of the 
position of the ice front after the 2007 calving event. 
When rifting is complete and a new iceberg calves 
off, the new ice front will have retreated farther up 
glacier than at any other time in its 64-year 
observational record. While such major calving 
events have occurred every 5–6 years since 1990, the 
area of the new iceberg will be at least 50 % larger 
than those previously observed at this glacier. This 
event may therefore have important implications for 
the assessment of the long term stability of Pine 
Island Glacier. While the rifting and eventual calving 
of the floating portions of glaciers are normal and 
cyclical processes, such events can also provide 
insight into how ice shelves work and how Pine 
Island Glacier in particular is responding to external 
forcing. For this rifting event an unprecedented array 
of remote sensing data sets, collected from both air 
and space, will provide a unique opportunity to 
understand the processes that govern rifting. 

 
 

 
 

Fig. 2. Coast lines. 
 
 

 
 

Fig. 3. Canny result of rift lines. 
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Fig. 4. SLSM result of rift lines. 
 
 

 
 

Fig. 5. Canny result of coast lines. 
 
 

 
 

Fig. 6. SLSM result of coast lines. 
 
 
In addition, the recognition-driven labeling 

process did detect, in an unsupervised manner, image 
feature regions and simultaneously the selected priors 
did permit the reconstruction of the familiar objects. 
The corresponding 3D plots of the two labeling 
functions are shown in the middle two rows of the 
figure. The k-dimensional labeling function allowed 
automatically multiple instances depending on the 

number of the detected segments from the data-
driven term. For example after a couple of iterations 
(second column), only one labeling function was able 
to handle the two detected segments. In algorithms 
convergence the segmentation result obtained  
with k = 2 labeling functions. Each function 
controlled which image region has been associated 
with which label configuration. Thus, by 
construction, the energy minimization leads to a 
partition of the image plane into areas of influence 
associated with each shape model. The two 
parallelepiped curves in the bottom right of the image 
were associated with the second labeling function 
and the two others with the first one. Such an 
evolution of the labeling regions (areas of influence) 
was driven by a competition between the different 
shape priors. The joint multi scale optimization of the 
transformation parameters allowed to keep track of 
the correct pose of each object. Due to such a 
formulation each location (area of influence) could 
only be associated with one shape prior and 
therefore, the algorithm is forced to decide which 
prior favors most image data. 

The extracted curves were compared with manual 
drawing curves (as ground truth), which are 
generated from the vector data from the GIS. We use 
three indexes in to evaluate the quality of lines 
extraction as follows: 

 

index of completeness I m
com

r

L
L

= ,  

 

index of correctness I m
cor

e

L
L

= ,  

 

index of quality I m
qua

ur e

L
L L

=
+

,  

 
where Lr is the total length of reference lines, Le is 
the total length of extracted lines V, Lme is the total 
length of the extracted lines that match with the 
reference lines, Lmr is the total length of the reference 
lines that match with the extracted lines,  
Lm = min(Lme, Lmr), and Lur is the total length of the 
reference lines that are unmatched with the extracted 
lines. Here, if the distance between a vertex v on the 
inscribed lines of extracted lines and the inscribed 
lines of the reference curve is less than a given 
tolerance, then the vertex v matches the reference 
curve, and vice versa. If two ends of an edge on the 
inscribed lines match the reference curve, then the 
edge matches the reference curve, and so do the 
edges on the reference curve. In this paper, the 
tolerance is the width of the curve. 
 
 

Table 1. Evaluation results of canny method. 
 
ID Com Cor % Qua 

Image 1 86 86 82 
Image 2 92 89 87 
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Table 2. Evaluation results of the proposed method. 
 
ID Com Cor % Qua 
Image 1 89 89 87 
Image 2 93 91 92 
 
 
ID is image ID, Com is percent of completeness, 

Cor is percent of correctness, Qua is Quality  
of extraction. 

Moreover, the developed algorithm was applied 
for the detection of curves to an aerial test image, 
which covers a wider area, appears complex and 
where multiple objects of different classes, 
occlusions, different texture patterns and some 
terrain height variability exists. All curves were fully 
or partly detected. Most of them have been 
recognized as different identities. The correctness of 
the detection was high at approximate 91 %, with 
completeness of 93 %. The overall quality of 
algorithms performance was at 92 %. 

 
 

5. Conclusions 
 
In the end, we have introduced a recognition-

driven variational framework which accounts for 
automatic and accurate multiple linear feature 
extraction from aerial and satellite images. The 
evolution of the decision function is driven by the 
competing shape priors and each selected image 
region is ascribed to the best fitted one. The 
functional is, also, consistent with the philosophy of 
level sets as it allows multiple independent object 
detection. The successful extraction results, the 
reliable estimation of the transformation parameters 

and the adequate performance of the dynamic 
labeling encourage future research. 
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