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Abstract—In recent years, airport runway extraction has become
increasingly important for various engineering applications. Existing approaches for airport runway extraction primarily focus on
locating the airport roughly, i.e., determining whether an airport is
present or not, but not delineating the airport runway accurately.
This study develops a novel method for semiautomatic airport
runway extraction from Google earth images by integrating a long
straight line ﬁnder and a region-based level set evolution (LSE).
Speciﬁcally, we start by detecting the long straight lines that most
likely represent airport runway boundaries in the original images.
Then, based on the extracted lines, we propose a method for
semiautomatic generation of initial level curves for the LSE. Furthermore, for accurate extraction of the entire airport runways, a
fast region-based LSE is used to evolve the initial level curves
toward the desired boundaries. Experiments validate that the
proposed method is capable of semiautomatically extracting objects
with complex geometrical shapes and topological structures from
challenging backgrounds. Compared with other state-of-the-art
approaches, the proposed method has much fewer parameters and
is more computationally efﬁcient while achieving object extraction
accuracy comparable to other approaches.

in remote sensing images usually makes the automatic extraction
of man-made objects difﬁcult. This study aims to propose an
approach for semiautomatic extraction of airport runway by
integrating a long straight line ﬁnder and a region-based level
set evolution (LSE). Fig. 1 previews the experimental results of
the proposed method. As shown in Fig. 1(a), the desired airport
runway is surrounded by complicated backgrounds such as the
nearby roads and buildings that have shape and color similar
to that of airport runway. This situation poses a great challenge
for even state-of-the-art object extraction methods (see Fig. 10).
The green initial zero-level curve is semiautomatically generated
by using the introduced line ﬁnder [9], [10]. Fig. 1(b)–(d) shows
the intermediate level curves at the iterations 100, 400, and
700, respectively. The ﬁnal binary result and the ground truth
are displayed in Fig. 1(e) and (f), respectively. Overall, despite
some incomplete extractions, the proposed method performs
fairly well.

Index Terms—Google earth images, line detection, long straight
line ﬁnder, region-based level set method, semiautomatic airport
runway extraction.

A. Related Work

I. INTRODUCTION
ODAY, several commercial satellites such as IKONOS,
QuickBird, GeoEye, and WorldView can offer images
with unprecedented spatial resolution. Some of the images are
publicly available via Google earth at ground sampling distance
of sub-half meter [1]. Man-made object extraction from these
high spatial resolution images has long been a topic of intensive
research for decades [2], [3]. In the past few years, airport runway
extraction has gained increasing attention in remote sensing
image processing, because accurate airport runway information
is very useful for airport planning [4], [5], air trafﬁc control (e.g.,
takeoff, landing, and ground trafﬁc) [6], airplane extraction [7],
and military application (e.g., reconnaissance) [8]. Also, extracting airport information from remote sensing data is helpful for
urban planning and timely update of urban geographic information systems. However, the presence of complex backgrounds
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1) Airport Extraction: In recent years, several approaches for
airport extraction have been developed. For instance, based on
the Chan–Vese (CV) model [11], Karantzalos and Argialas (KA)
[12] proposed a region-based level set method by integrating
both image intensity and variance to extract airport from SPOT
panchromatic images. It is capable of handling irrelevant objects
that generally share similar intensity with desired objects but
have large variance. However, due to its wide capture range of
initial curve, it often extracts other undesired objects for which
further efforts need to be made to reﬁne the detection. Tao et al.
[13] utilize scale invariant feature transform (SIFT) keypoints
and object-oriented image segmentation to detect airport from
IKONOS panchromatic images. Hough transform is further used
to extract airport runway roughly. More recently, Wang et al.
[14] also use Hough transform and SIFT to detect airport from
Google earth images. In addition, Aytekin et al. [8] use the
discriminative texture features of airport for automatic detection
of airport runway from Google earth images.
Despite the signiﬁcant progress in airport extraction from
optical images, many challenges remain. We note that the methods
in [8], [13], and [14] can be further improved if more attention is
paid to delineating the airport runway accurately. For texture
feature extraction, the methods in [8] and [13] need to collect
large numbers of discriminative training sample, which is
sometimes laborious and time-consuming. Thus, it would be
better if the computational cost can be substantially reduced
for these methods.
2) Level Set Method: The past two decades have seen a very
impressive progress and acceptance of level set method for a
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To date, various force functions have been developed based on
(1) for further improvement in LSE approaches. For instance,
geodesic active contours (GACs) [22] guide the zero-level set
curve to the desired locations using gradient-based force function
as follows:

where is a function w.r.t. image gradient,
is the
mean curvature of the level curve, and is a constant generally
used for speeding up the evolution of level curves. Using the
same force function, distance-regularized LSE (DRLSE) [23]
eliminates the costly re-initialization step that is commonly used
in traditional level set methods, thereby improving the numerical
stability of LSE substantially.
Active contours without edges, i.e., CV model [11], detect the
desired objects using image mean intensity rather than the image
gradient, and its force function is given as follows:

Fig. 1. Results of the proposed method for airport runway extraction from a
complex image: (a) original image with semiautomatically generated green initial
zero-level curve, (b)–(d) the zero-level curves at iterations 100, 400, and 700,
respectively, (e) ﬁnal binary result, and (f) the ground truth.

wide range of applications [15], [16]. As one of the most
commonly used image segmentation methods, it has become
increasingly popular within the surveying and mapping
communities because it is capable of extracting a wide variety
of objects such as roads [12], buildings [17], trees [18], and
coastlines [19] from optical images.
Level set method was ﬁrst proposed in 1988 by Osher and
Sethian [20]. Its basic idea is to track a zero-level set curve in a
higher dimensional function [i.e., level set function (LSF)] and
describe its changes as the LSF evolves over time [20]. The
evolving zero-level set curve ﬁnally stops at the object boundary
when the stopping criterion is met. Generally, the stopping
criterion is based on either image gradient or image region
information. The models based on the former are named as
edge-based models; whereas, the ones based on the latter are
termed as region-based models. In this study, we mainly focus on
the region-based LSE since it is relatively more robust to noise
contamination than the edge-based one [21].
The formula of original LSE equation proposed by Osher and
Sethian [20] is shown as

where is the LSF, is a temporal variable, is a force function
with respect to (w.r.t.) the mean curvature of level curve, and is
the gradient operator.

where
are weighting coefﬁcients; and
are intensity means of the image inside and outside of the level
curve, respectively. In contrast to GAC model, CV model is
much more robust to initialization and image noise. However,
CV model is based only on the mean intensity and usually
extracts nearby undesired objects that have similar intensity to
the desired ones. To address this problem, KA model [12]
incorporates image variance into CV model and proposes a
novel force function as follows:

where
and
are the intensity variances of image inside
and outside of the level curve, respectively. More recently,
re-initialization free LSE (RFLSE) [15] generalizes a reaction–
diffusion (RD) mechanism into LSE methods such as GAC, CV,
and DRLSE, making them completely free of the re-initialization
procedure. Compared with conventional LSE methods, RFLSE
has a better anti-leakage and anti-noise performance.
3) Generation of Initial Level Curve: Despite the widespread
use of LSE, automatic generation of initial level curve for LSE is
still a challenging problem. In most existing LSE applications,
the initial level curves are generated manually or randomly,
which prevents them from being used efﬁciently and widely.
Karantzalos and Argialas [12] utilize an ellipse as initial
level curve for automatic extraction of man-made objects such
as roads, buildings, and airport runways. However, their
initialization can be further improved since the large capture
range of their initial level curve generally leads to the extraction
of other undesired objects that needs further post-processing.
Li et al. [23] suggest that a simple and efﬁcient preliminary
segmentation such as thresholding can be used to generate the
initial level curve. However, this thresholding is unsuitable for
large scale remote sensing data processing when complicated

4740

IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 7, NO. 12, DECEMBER 2014

backgrounds exist. Kim and Shan [17] initialize the zero-level
curves as regularly spaced polygons across entire image, which
also inevitably results in the extraction of unwanted objects.
Ardila et al. [18] use the normalized difference vegetation index
(NDVI) intensity surface proﬁle of a tree crown as initial LSF to
extract trees in urban areas. For automatic extraction of building
rooftop using LSE, Cote and Saeedi [24] utilize Harris corner
detector to ﬁnd the potential building corners, based on which the
initial curves are then generated. However, this automatic
initialization is restricted to extract those objects that have
corner features, and thus, it may be inapplicable to those long
and thin objects without corners, like roads or airport runways.
In summary, due to the large capture range of the initial level
curve, the methods in [12] and [17] generally extract other
unwanted objects, and further efforts are usually needed to obtain
favorable results. It is particularly difﬁcult for them to accurately
extract desired objects from large scale image with complicated
backgrounds.
B. Major Contributions
In most existing LSE methods, the generation of initial level
curves needs considerable human–computer interaction that is
sometimes labor intensive and time-consuming. In this study,
we propose a semiautomatic approach for the generation of
initial level curves using a long straight line ﬁnder and further
apply it to extract airport runway from Google earth images by
means of a region-based LSE. Here, the proposed method
utilizes the facts that 1) sufﬁcient long straight boundaries exist
in the target image as a result of intensity variations between
airport runways and their nearby objects and 2) the spectral
property of airport runways is approximately homogeneous.
More speciﬁcally, the main contributions of this paper are as
follows.
1) For semiautomatic generation of initial level curves, a long
straight line ﬁnder is introduced to detect the boundaries of
airport runways.
2) In contrast to previous LSE methods, the initial level
curves in our approach are generated based on the geometric characteristics of the desired objects. In this way, it will
be more operational than those methods in [12] and [17],
whose initial level curves are produced manually or
randomly.
3) The proposed generic approach for semiautomatic generation of initial level curve can be readily generalized to
other state-of-the-arts.
4) For accurate extraction of airport runways from Google
earth images, we introduce a fast region-based LSE that is a
further development of CV model [11]. It is computationally
efﬁcient while achieving the object extraction accuracy
comparable to other state-of-the-art LSE methods.
The paper is organized as follows. In Section II, we describe
the method for semiautomatic airport runway extraction in detail,
including the line ﬁnder, semiautomatic generation of initial
level curves, the fast region-based LSE, and the choice of time
step for the LSE. In Section III, we show the experimental results
of our proposed method for the airport runway extraction from
Google earth images. To demonstrate its effectiveness, we

Fig. 2. Diagram of the proposed semiautomatic airport runway extraction.

compare our method with other state-of-the-art models in terms
of both accuracy and efﬁciency. In Section IV, some conclusions
are made and future research directions are discussed.
II. METHODOLOGY
In this section, we ﬁrst introduce the long straight line ﬁnder
proposed in [9] and [10] followed by the approach for semiautomatic generation of initial level curves and then elaborate the
region-based LSE proposed in [25], including the choice of time
step. Fig. 2 shows the diagram of our proposed method for airport
runway extraction.
A. Line Finder
Line segment detection has long been an important topic in
computer vision. Most man-made objects can actually be decomposed into line segments [26]. Typically, standard straight
line detection methods ﬁrst apply the Canny edge detector
followed by Hough transform to detect all the line segments
[27]. However, Hough transform also suffers from certain
limitations. For instance, it is considered unsuitable for handling
texture objects [27]. In addition, traditional least squares method
for line ﬁtting is not robust when outliers are present [28] and they
often fail to ﬁt vertical lines. In this study, we use the long straight
line ﬁnder presented in [9] and [10] for linear object extraction.
The ﬂowchart of the line ﬁnder is illustrated in Fig. 3 and its
rationale is given as follows.
The principal steps of the line ﬁnder proposed in [9] and [10]
are as follows:
1) Compute the image gradient and ﬁnd the edge pixels: The
ﬁrst step of the line ﬁnder is to compute the image
gradient
and gradient direction, i.e.,
at each pixel [10], and then the Canny
edge detector is used to ﬁnd the edge pixels
[9].
2) Quantize the gradient directions: For computational efﬁciency, gradient directions are coarsely quantized into
eight ranges [10], i.e., from
to
as the ﬁrst range,
from
to
as the second range, and so on. The edge
pixels falling into the same direction range are categorized
into the same class and are given a same label [9].
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Fig. 3. Flowchart of the line ﬁnder proposed in [9] and [10].

3) Generate line support regions using the connected components algorithm: In this step, connected components
algorithm is utilized to categorize the adjacent edge pixels
with the same labels into line support regions [10], from
which the resulting lines can be ﬁtted. In a particular line
support region, the length of the ﬁtted line can be estimated
by counting the edge pixel number belonging to this region
[10]. In this study, we only care about the longer lines with
the lengths above a threshold that is a percentage of the
diagonal length of the image. To reduce computational
efforts, we therefore exclude the line support regions that
represent short lines with lengths less than the given
threshold .
4) Line ﬁtting: For each generated line support region, a
covariance matrix can be obtained as follows [9]:

and
measure the deviation
where
of each edge pixel from the mean of the dataset in a
particular line support region, where
is the coordinate of th pixel,
and
are the mean
coordinates of all the edge pixels, and is the number of
edge pixels, as shown in Fig. 4. Accordingly, the eigenvalues and and corresponding eigenvectors and
of matrix (5) can be obtained, and further, the line parameters
can be determined [9]:

where
is the midpoint coordinates of the line segment, as can be seen in Fig. 4.
is the eigenvector
corresponding to the largest eigenvalue of the covariance
matrix (5), and it is also the direction vector of the bestﬁtting line.
With the known angle and midpoint coordinate of the line
segment, we can readily obtain the accurate linear equation for
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Fig. 4. Diagram of the line ﬁtting. The little circles represent edge pixels. Red line
segment
corresponds to the best-ﬁtting line for the line support region.
and
are the coordinates of endpoints and , respectively.
is the midpoint coordinate of the line segment
. is derived from the
direction vector of the ﬁtted line.

the line support region. However, our aim is to obtain the
endpoint coordinates that match well with the desired object
boundary. To achieve this, we need to ﬁnd the length of the line
segment. It is noteworthy that in (7) is not the actual length of
the best-ﬁtting line. Here, we use the approximate length of the
ﬁtted line as follows:

where
and
mean maximum operator and minimum operator, respectively.
denotes the coordinates of the
edge pixels in a particular line support region. Based on (6) and
(8), the coordinates of endpoints
and
in Fig. 4 can be
obtained as follows:

The best-ﬁtting line segment
is shown in Fig. 4. Note that
we can obtain another two pairs of endpoint coordinates if we use
(7) as the approximate length of the ﬁtted line. However, the
length of the line segment obtained by using (7) is different from
the one obtained by using (8). In this study, it is appropriate for us
to use (8) as the length of the best-ﬁtting line segment, since in
this case, we can obtain the longest line segments that match well
with the desired object boundaries.
Fig. 5 demonstrates the results of line ﬁnder with different
thresholds for the image of the Stuttgart airport, Germany. As
can be seen in Fig. 5(b)–(d), with the increase in the threshold
from 0.05, 0.1, to 0.5, the longer lines hold, whereas the shorter
lines vanish automatically. Intuitively, longer lines generally
represent the boundaries of airport runway. Short lines, however,
generally indicate other nonobject boundaries such as those
extracted from a plane and the lawn in Fig. 5(b).
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Fig. 5. Results of line ﬁnder with different thresholds
and 0.5, respectively.

for the Stuttgart airport, Germany: (a) original image and (b)–(d) the results of line ﬁnder with

Fig. 6. Diagram of semiautomatic generation of initial level curves: (a) semiautomatically generated candidate initial level curves based on the known points
and (b) only desired initial level curve remains.

B. Semiautomatic Generation of Initial Level Curves
According to the results of line ﬁnder in the previous section,
the coordinates of the endpoints and midpoints of the ﬁnal
extracted lines can be obtained. Based on the extracted line
segment in Fig. 5(d), we describe the method for semiautomatic
generation of initial level curves as follows.
In Fig. 6, since the coordinates of endpoints
and
and midpoint
are known, the normal vector
of line segment

, i.e.,

and
In this way, the coordinates of points
that lie in the perpendicular direction of line segment
obtained:

,

, and

can be

, can be obtained as follows:

Further, the unit normal vector can be written as follows:

where the scale coefﬁcient
is used to control the distance
between points and or and . Then, two closed curves can
be obtained in Fig. 6(a): one is the triangle
locating in the
airport and the other is the triangle
falling into the adjacent
lawn. Generally, the airport runways and their nearby objects
appear distinct in intensity since they are composed of different
substances and thus they are discernible. Since the line segment
is the boundary between the airport and the lawn, the mean
intensity in triangle
, i.e.,
, is different from the one in
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triangle
, i.e.,
. Based on this criterion, initial level
curve can be determined semiautomatically. In current case, our
object of interest is the airport runway and in the meantime, it
appears to be brighter than its surrounding lawn, that is to say
. Therefore, the triangle
is chosen as initial
level curve for LSE, as shown in Fig. 6(b). In the following
experiments, the proposed method for semiautomatic generation
of initial level curve is applied to the representative LSEs such as
CV [11], KA [12], DRLSE [23], and RFLSE [15].
C. Region-Based LSE
To evolve the level curve to the desired object boundary,
traditional LSE methods often use two components: data term
and regularizing term. The former generally guides the level
curve toward the object boundary and the latter keeps the level
curve regular [22]. As mentioned before, LSE methods can be
mainly grouped into two classes: region-based method and edgebased method. Here, we mainly focus on the former.
Since the region-based CV model [11] was ﬁrst proposed in
2001, considerable improvements have been made for its widespread applications in a broad range of ﬁelds. For instance, for
real-time applications, Shi and Karl [29] propose a fast two-cycle
(FTC) algorithm for speeding up the traditional LSE methods; to
address the problem of local intensity variation in man-made
object extraction, Karantzalos and Argialas [12] incorporate
image variance into the CV model; Ahmadi et al. [30] add two
constraint terms into CV model to ensure that only desired
objects are extracted; more recently, for less laborious parameter
tuning and computational cost, Li et al. [25] simplify the original
CV model and propose a new LSE, in which only one parameter
need to be tuned; Zhang et al. [15] generalize a reaction–diffusion
mechanism into existing LSEs, making them completely free of
re-initialization while achieving better anti-leakage and anti-noise
performance.
In this study, we use the fast level set algorithm with much
fewer parameters proposed in [25] for semiautomatic extraction
of airport runway. In general, four major improvements have
been made in this algorithm: 1) the LSF is initialized as a simpler
binary step function [23], [31] instead of the costly signed
distance function (SDF) [11], [22]; 2) the curvature-based regularizing term that is often used in traditional models is completely
eliminated in the proposed model. As a result, a relatively larger
time step can be used to expedite the evolution of the model; 3) to
maintain the evolving level curves smooth, a Gaussian kernel
introduced in [21] and [29] is used to convolve the updated LSF
directly; and 4) this model is much more computationally
efﬁcient, while the object recognition accuracy is comparable
to other state-of-the-art LSE methods.
The original energy functional
of CV model [11]
is deﬁned by
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weighting coefﬁcients; and and refer to the mean intensities
of image inside and outside of the zero level curve, respectively.
The level set formula of energy functional (19) is given as

where is the LSF normally initialized as an SDF, is the
temporal variable,
is the Dirac delta function,
is the mean curvature of the zero level curve,
and
is the mean curvature-based regularizing term.
To reduce the laborious parameter tuning, Li et al. [25] ﬁx
and
based on the example in [32]. Furthermore, they eliminate and other insigniﬁcant terms directly and
ﬁnally simplify the formula (20) as follows:

As a result, a model with only one parameter, i.e., the time step
has been obtained. It is worth mentioning that although the
model (21) is similar to the one proposed in [21], they are derived
from different bases and perspectives. The former is obtained
directly from the CV model [11] based on the example in [32],
whereas the latter is established on the GAC model [22]. Most
importantly, the former has fewer parameters than the latter,
which makes it more operational in some speciﬁc applications.
Altogether, given its efﬁciency and accuracy, we use (21) for
airport runway extraction in this study. Its detailed implementation is given as follows.
1) Initialize the LSF as a binary step function (BSF) [23], [31]

2)

3)
4)

5)

where is a region in the image domain. Fig. 7(a) and (b)
displays the two-dimensional (2-D) and three-dimensional
(3-D) LSFs with the semiautomatically generated initial
zero level curves, respectively.
Evolve the LSF (22) based on the ﬁnite difference equation
, where is the number of iterations,
is the time step, and
is the right-hand side
of (21).
Reinitialize the LSF (22) properly, i.e., let
, if
; otherwise, let
.
Convolve the updated LSF directly using a Gaussian
kernel introduced in [21] and [29] to keep the evolving
level curve smooth and regular.
Check whether the iteration converges. If not, go to step 2.

D. Choice of Time Step

where
is the length of level curve
regularizing the evolving level curve;

and it is capable of
are

It is quite important to choose an appropriate time step for
LSE. As pointed out in [31], the traditional motion by mean
curvature, i.e.,
in (20), is subject to the
stringent time step restriction. To obtain stable results, the
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Fig. 7. Illustration of the LSF: (a) 2-D LSF with values 1 inside the initial green level curve and −1 outside, respectively. The green level curve corresponds to the initial
zero-level set and (b) corresponding 3-D LSF. Note that the LSF is displayed upside down for a better view.

selections of time step
in traditional LSE approaches [11],
[22] generally have to satisfy the Courant–Friedrichs–Lewy
condition, i.e., the time step should be sufﬁciently small [23].
Admittedly, using a large time step is usually capable of expediting the LSE. However, in most cases, it results in unstable
results. Therefore, one has to make compromises between the
large time step and the accuracy of object extraction [33].
Nevertheless, the model (21) can use a relatively larger time
step while achieving a high accuracy for object extraction. As
shown in Fig. 8, even with a larger time step, it still performs
better than CV model for object detection from a synthetic image.
It should be noted, however, that the time step for the model (21)
cannot be too large and the upper bound is often ﬁxed at 20.
We refer the reader to [9], [10], and [25] for further details of
the line ﬁnder and the region-based LSE, respectively.

III. EXPERIMENTAL RESULTS
To validate the effectiveness of the proposed LSE for semiautomatic extraction of airport runway, we compare it with other
state-of-the-art LSE methods such as the region-based models,
i.e., CV [11], KA [12], and RFLSE [15], and the edge-based model
without re-initialization, i.e., DRLSE [23]. Note that the RFLSE
is implemented by the RD-based CV model. The MATLAB
codes for CV, RFLSE, DRLSE, and the proposed model [25] can
be downloaded from [34]–[37], respectively. The code for KA
model is adapted from the CV model, in which the force function
is replaced by that of KA model. All experiments are performed
on MATLAB R2012a in Windows 8 OS with a MacBook Pro of
Intel(R) Core(TM) i5-3210M CPU at 2.50 GHz, 4 GB RAM. In
the following sections, datasets, parameters tuning, evaluation
metrics, results and discussion, and comparison with other
methods are elaborated.
A. Datasets
In this study, eight test images obtained from Google earth are
used for performance evaluation. The test data #1–8 are displayed in the ﬁrst column of Fig. 9. They represent the airports
of a part of Stuttgart (Germany), Beijing (China), Hannover
(Germany), Stuttgart (Germany), Hartsﬁeld–Jackson Atlanta
International Airport (Georgia, USA), Rick Husband Amarillo
International (Texas, USA), Munich (Germany), and George
Bush Intercontinental (Texas, USA). The image sizes are given
in Table I, and the spatial resolution of these image data is

Fig. 8. Results of CV [11] and the proposed model [25] with different time steps
for object detection from a synthetic image: (a), (b) the results of CV model with
and 15, respectively and (c), (d) the results of the proposed model with
and 15, respectively.

approximately at sub-meter. The image #1 is a part of the image
#4, and it has been used in Figs. 5 and 6 for illustrating the
semiautomatic generation of initial level curves. Note that the
images obtained from Google earth are unavoidably degraded in
terms of both spectral and radiometric information. For each
color image tested in the experiments, only the corresponding
gray level image is processed.
As shown in Fig. 9, the image #1 apparently has higher spatial
resolution than other test images. The airplanes in image #1 are
clearly visible, thus they may lead to occlusions for airport
runway extraction. In test images #1–5, some parts of airport
runways are heterogeneous resulting in the incomplete extraction. In comparison, the intensities of airport runways in
images #6–8 are approximately homogeneous. As far as the
complexity of object extraction is concerned, the airport runways
in images #1–4 are relatively simple, whereas the ones in images
#5–8 not only have complex geometrical shapes and topological
structures but also have more challenging backgrounds with a
variety of objects that appear similar to airport runways in terms
of intensity, shape, and structure.
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Fig. 9. Test data and the results of the proposed airport runway extraction method. First column shows the test data #1–8 with the semiautomatically generated green
initial level curves. Second column shows the extracted airport runways with red color. Third column displays the binary results of the extracted airport runways. Fourth
column is the ground truth data.

B. Parameters Tuning
In general, two types of parameters need to be tuned in this
study. The ﬁrst one is the parameters used in the line ﬁnder for the
semiautomatic generation of initial level curves for images #1–8.
Speciﬁcally, they are the threshold and scale coefﬁcient in
(15)–(18). According to [9], threshold is a percentage of the
image size and is capable of adjusting the length of extracted

lines. A relatively large value of
can ensure line ﬁnder to
extract longer lines that most likely represent the boundaries of
airport runway. However, it may fail to detect the desired long
lines when the value of is too large. For different images,
parameter needs to be tuned accordingly. In addition, it is
worth noting that the step of semiautomatic generation of initial
level curves is sensitive to the scale coefﬁcient . The larger
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TABLE I
LINE FINDER FOR SEMIAUTOMATIC GENERATION
LEVEL CURVES

D. Results and Discussion
OF INITIAL

value of , the wider capture range of initial level curves. To
avoid extracting undesired objects for LSE, one can use with a
slightly small value. Table I gives the parameters used by line
ﬁnder in the step of semiautomatic generation of initial level
curves for images #1–8. Empirically, the values of threshold
range from 20% to 50% of the image size and the values of are
related to the width of the airport runways.
The second type of parameters is the ones used by each of the
LSE methods. Since each LSE method used for the performance
evaluation has their own peculiar parameters, we tabulate the
optimal ones that obtained from the experiments in Table II.
As can be seen from Tables I and II, there are totally seven
parameters for CV model; four for KA model; six for DRLSE;
eight for RFLSE; and three parameters, i.e., , , and , for the
proposed model need to be tuned, respectively. In this respect,
the proposed model is much more operational than other state-ofthe-art models.
C. Evaluation Metrics
The performance of the proposed method for semiautomatic
airport runway extraction is evaluated by comparing its results
with those of state-of-the-art methods. Furthermore, the extracted results are quantitatively compared with the ground truth
data in terms of completeness, correctness, and quality deﬁned as
follows [24], [38]:

represents the total area of extracted airport runway
where
that is matched with the ground truth data,
is the total area
of ground truth data,
is the total area of extracted airport
runway, and
is the total area of ground truth data that is
unmatched with the extracted airport runway. The ground truths
are obtained from manual digitization of the images #1–8. In
addition, another important metric to evaluate the model performance is the CPU time that reﬂects the computation efﬁciency of
each method.

The results of the proposed method for test images #1–8 are
illustrated in Fig. 9. The ﬁrst column shows the test data with
green initial level curves. The second column displays the
extracted airport runways shown in red color. The ﬁnal binary
results of the extracted airport runways are shown in the third
column and the fourth column gives the manually produced
ground truths of the test data. The quantitative results are given in
Table III. In general, the proposed method performs well for
images #1–4, although some inhomogeneous runways are present. Especially for image #1, its quality is the highest at 89.1%, as
shown in bold text in Table III. In contrast, the ﬁnal accuracy of
the proposed method for images #6–8 with homogeneous runways is not as good as that of images #1–4. Particularly, the
quality of the proposed method for image #5 is the lowest at
59.9%, also highlighted by bold text. This is due to the fact that
the runways in images #5–8 have more complex environmental
conditions than those in images #1–4.
Speciﬁcally, the complicated background is a combined effect
of the following four factors. First, as can be seen in images #5–8,
the nearby buildings impose great challenges for airport runways
extraction since they have intensities similar to the desire objects.
This similarity results in over-detecting for the proposed method.
Second, the shadows formed by the airplanes on the runways
generally cause incomplete extraction for the proposed method.
Test images #5 and 7 are good examples for this fact. Third, some
runways are under-construction like the ones in images #3 and 5
and thus, there exists some intensity variations that lead to
incomplete extraction or over-detection. Fourth, due to the
different construction materials used, the inherent intensity
inhomogeneity of runways exists and it also leads to incomplete
extraction of the proposed method. As can be seen in image #5,
the poor performance of incomplete extraction is mainly attributed to this reason.
Despite the challenging environmental conditions, it is found
that the proposed method performs fairly well. Quantitative
evaluation in Table III shows that the average completeness
of the proposed method for the challenging test images is 85.8%,
average correctness is above 91%, and average quality is close
to 75%.
E. Comparison With State-of-the-Arts
For a fair comparison, we apply all the existing methods to
two representative images #1 and 5, as shown in Fig. 10. Due to
the higher spatial resolution than other images, the airplanes in
image #1 are clear and distinguishable. Thus, image #1 is
suitable for evaluating the anti-noise performance of the methods. The runways in image #5 are characterized by complex
geometrical shape and topological structure and inhomogeneity.
Furthermore, the desired objects are surrounded by extremely
complicated environmental conditions that pose great challenges for automatic object extraction.
To start with, we detect the boundaries of the airport runway
by using the line ﬁnder and go on to generate the initial level
curves semiautomatically. Here, we get the initial level curves by
setting
for both images. The original images with green
initial level curves are displayed in Fig. 10(a). Then, the initial
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TABLE II
PARAMETERS USED FOR THE LSE METHODS

TABLE III
QUANTITATIVE RESULTS

OF THE

PROPOSED METHOD

level curves are applied to CV [11], KA [12], DRLSE [23],
RFLSE [15], and the proposed model [25], respectively, and the
results are shown in Fig. 10(b)–(f), respectively.
From the qualitative point of view, both KA and DRLSE
models completely fail to extract the desired objects from
images #1 and 5, as shown in Fig. 10(c) and (d). With small
range of initialization, the level curves in the two models stop
after several iterations and cannot evolve further. Due to the
noise sensitivity, DRLSE model only extracts part of the
runway from image #1 and ﬁnally stops at the wrong boundaries. In comparison, RFLSE model is more robust to noise and
is able to identify the complete airport runway from image #1,
but it also extracts other undesired objects such as the nearby
buildings and the letters of Google, as can be seen in Fig. 10(e).
Also, it fails to identify the desired runways from image #5 and
other unwanted objects are extracted at the same time. Thus, it is
unnecessary for us to further evaluate the results of KA,
DRLSE, and RFLSE quantitatively. In contrast, the CV and
the proposed models perform fairly well and their quantitative
results are shown in Table IV. As can be seen, the proposed
model is computationally much more efﬁcient than the CV
model, while its accuracy is comparable to that of CV model.

For images #1 and 5, the CV model consumes 188.9 and
352.2 s, respectively, whereas the proposed model is nearly
10 times faster than the CV model, and it takes only 20.6 and
26.8 s, respectively, as highlighted in Table IV.
In addition, we found that the KA model is somewhat sensitive
to initialization. When setting the initial level curve with large
capture range like in [12], it is able to obtain better results. As
shown in Fig. 11, the airport runway in image #1 can be
successfully extracted after 800 iterations, and it takes 104.5 s
totally. Unfortunately, it fails to extract the entire airport runway
from image #5.
In summary, the advantages and limitations of the proposed
method are listed as follows.
1) Advantages of the Proposed Method:
a) In contrast to traditional LSE methods, whose initial
level curves are often generated manually, the initial
level curves for the proposed method are generated
semiautomatically by using a long straight line ﬁnder.
b) The approach for semiautomatic generation of initial
level curve is practical and it can be readily generalized
into the state-of-the-art LSE methods.
c) The LSE model used in this study is capable of extracting
objects with complex geometrical shapes and topological structures even under challenging environmental
conditions.
d) The proposed method has much fewer parameters than
other existing methods, which makes it more efﬁcient
and operational.
e) In addition, it is much more computationally efﬁcient
while object extraction accuracy is comparable to stateof-the-art methods.
2) Limitations of the Proposed Method:
a) At this stage, the approach for semiautomatic generation
of initial level curve is mainly devised for the objects
with longer straight line feature and thus, it may be
inapplicable to other objects without this feature.
b) This study only exploits intensity information without
taking spectral information into account, which may in
some sense restrict its application scope. For instance, it
may have difﬁculty handling heterogeneous objects.
c) For the proposed method, although only three parameters
need to be tuned, it is currently not easy to determine the
optimal parameters adaptively.
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Fig. 10. Five LSE methods are applied to images #1 and 5: (a) original images with the semiautomatically generated green initial level curves and (b)–(f) the results of
CV [11], KA [12], DRLSE [23], RFLSE [15], and the proposed model [25], respectively.

QUANTITATIVE

TABLE IV
RESULTS OF CV AND THE PROPOSED MODELS

straight boundaries from the original images. Then, based on the
detected boundaries, initial level curves for LSE can be semiautomatically generated by using our proposed method. Finally, a
fast region-based LSE is utilized to evolve these initial level
curves toward the desired airport runway boundaries.
Experiments are carried out on eight test images obtained from
Google earth. The test results proved that the proposed approach
could accurately extract airport runways with arbitrary geometric
shapes and topological structures from complicated backgrounds
even under challenging environmental conditions. In comparison
with the state-of-the-art methods, it has much fewer parameters,
more precisely, only three parameters need to be tuned as mentioned above, and thus it is much more operational. Moreover, it is
more computationally efﬁcient and less manual intervention is
needed during the whole process of object extraction.
To summarize, four contributions have been made: 1) a novel
line ﬁnder is incorporated into the object extraction from remote
sensing image; 2) based on the results of line ﬁnder, initial level
curves for LSE can be semiautomatically generated; 3) the
proposed approach for semiautomatic generation of initial level
curve can be readily generalized to state-of-the-art LSE methods;
and 4) the LSE method used in this study is much more
computationally efﬁcient while object extraction accuracy is
comparable to other existing LSE approaches.
Given its efﬁciency and accuracy, we would like to pursue
further researches on other man-made object extraction from
remotely sensed data by using the proposed method, such as the
extraction of roads, buildings, tree crowns, and vehicles. In the
meantime, we intend to further improve the proposed LSE
method by integrating other local features such as texture, shape,
and spectral information.
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