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Abstract—This letter presents a semi-automatic approach to
delineating road networks from very high resolution satellite images. The proposed method consists of three main steps. First, the
geodesic method is used to extract the initial road segments that
link the road seed points prescribed in advance by users. Next,
a road probability map is produced based on these coarse road
segments and a further direct thresholding operation separates the
image into two classes of surfaces: the road and nonroad classes.
Using the road class image, a kernel density estimation map is
generated, upon which the geodesic method is used once again to
link the foregoing road seed points. Experiments demonstrate that
this proposed method can extract smooth correct road centerlines.
Index Terms—Kernel density estimation (KDE), geodesic
method, mean shift, road extraction, semi-automatic, very high
resolution (VHR) satellite images.

I. I NTRODUCTION

V

ERY high resolution (VHR) satellite images have become
increasingly available in recent years with the advent
of modern acquisition sensors such as SPOT, IKONOS, and
WorldView-2. These sensors produce massive streams of images; hence, image interpretation and analysis are required to
process them. Road extraction from VHR satellite images is
an important image processing technology that has many vital
applications such as updating of transportation databases, urban
planning, and change detection. Road delineation has received
much attention over the years, and various methods have been
proposed for achieving this task. In general, road classification methods can be classified into two categories [1], [2]:
fully automatic and semi-automatic. Although fully automatic
methods have been researched for many years, their results
have been generally discouraging due to various negative factors (i.e., image noise, occlusion of trees, and shadows) [3].

Therefore, full automation remains elusive and fragile [4],
and this letter focuses on developing a semi-automatic road
extraction method.
Road extraction methods have been founded on diverse image processing technologies, including ridge detection [2], [5],
image classification and segmentation [6]–[11], or snakes [12].
The integration of spectral and spatial signatures has also been
investigated as a means to extract road features [7]–[10], [13].
This integrated method has shown relatively better performance
than methods that only use spectral information. Hu et al. [14]
presented a robust semi-automated method for road centerline
delineation in which the piecewise parabola model was constructed around seed points provided by users. Least squares
template matching was subsequently applied to compute the
parabola parameters. Similarly, Lin et al. [15] presented a
semi-automatic extraction of road networks by using a least
squares interlaced template matching method. Comprehensive
summaries on these state-of-the-art road extraction methods
have been compiled by Mena [1] and Das et al. [2].
This letter proposes a semi-automatic method for road delineation from VHR satellite images. The proposed method
is an extension of the geodesic method [16] in which low
spatial resolution images are processed. Although the previous
integrated method shows certain advantages in processing low
spatial resolution images, it is not suitable for VHR images.
The proposed method solves this limitation. The remainder
of this letter is organized as follows. Section II presents the
basic principles of the proposed method. Preliminary results
are reported in Section III, and conclusions are discussed in
Section IV.
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A. Geodesic Method
In this letter, the geodesic method [16] is selected to link seed
points and identify the central line for roadways. Let f denote
the probability density estimation map, which is modeled as
a 2-D function f : Ω → R. The image domain Ω is usually
defined as Ω = [0, 1]2 . In road linking, a road that connects
two seed points xs and xe can be approximately defined as a
smooth curve that has a constant gray value c ∈ R. Based on
this definition of road model, a saliency map W (·) at the pixel
x is then defined as
W (x) = |f (x) − c| + ε

(1)

where ε (i.e., ε = 0.01) is a small value that prevents W (x)
from vanishing, and c is the gray value at the start point xs (i.e.,
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Fig. 1. (a) Test image where seed points are shown in blue crosses. (b) Minimal path extracted by the geodesic method shown in red. (c) Mahalanobis distance
map. (d) Thresholding result, in which 1 and 0 represent road and nonroad class, respectively. (e) Result of kernel density estimation. (f) Minimal path extracted
by repeating the geodesic method on the KDE result.

c = f (xs )). According to (1), the area through which the road
passes should have low values of W (x). Based on the saliency
map, the length of a smooth curve on the image γ : [0, 1] → Ω
is defined as a weighted length as follows:
1
L(γ) =

W (γ(t)) γ  (t) dt

(2)

0

where γ  (t) ∈ R2 is the derivative of γ. For linking road seed
points, γ is generally constrained by
{γ : [0, 1] → Ω \ γ(0) = xs

and

γ(1) = xe } .

(3)

The minimal path γ ∗ is defined as
γ ∗ = arg min L(γ).

(4)

γ∈(xs ,xe )

The geodesic path is computed on the gray image, which
cannot be applied directly to the multispectral image. There
are many algorithms to tackle this limitation, such as spectral
angle and principal component analysis transformation. For
ease of computation in this letter, multispectral satellite images
are first summed and averaged to obtain a single band image.
The experimental results show that this simple step is sufficient.
The geodesic method is subsequently applied to the averaged
image for extracting the minimal path between seed points. An
example of the geodesic method is depicted in Fig. 1. It can
be seen that this method can correctly infer the spatial connection, and there is no need to guarantee the spatial connection
topology. A well-recognized problem for the geodesic method
is that of bias. Fig. 1(b) illustrates such a problem, showing a
minimal path that tends to follow the boundary of the road but
does not coincide with the true centerline. This limitation must
be considered, and the proposed method for dealing with such
issues is described in the following.

where μ and S denote the mean value and the covariance matrix
of training samples, respectively, and I(x) is the spectral value
at the pixel x. Using the Mahalanobis distance to compute the
road probability is valid as this measure is unitless and efficient
to compute. After the computation of the road probability map,
a simple thresholding is applied to segment the images into two
classes: road class and nonroad class. The thresholding result
is defined as

1, if pM (x) ≤ threshold
(6)
CL(x) =
0, otherwise
where CL(x) is the class label of the pixel x, the threshold
value is automatically obtained by Otsu’s method [18], and
1 and 0 represent the road class and nonroad class, respectively.
Fig. 1(c) and (d) shows the Mahalanobis distance matrix and
its corresponding thresholding result, respectively. Although
the thresholding method misclassifies some road pixels, this
error has little influence on the accuracy of the road centerline
extraction as the connection of seed points in the proposed
method relied on the geodesic method, which is robust to noise.
C. KDE and Mean Shift
After the road probability estimation, KDE technology [19]
is introduced to assess the probability that any given pixel lies
on the road centerline. Let y1 , y2 , . . . , yn be a given set of
d-dimensional random samples. The kernel density estimator
is defined as


n
y − yi
1 
ˆ
K
f (y) =
(7)
nhd i=1
h
where n is the number of observations, h denotes the bandwidth
parameter (which is determined by generalizing Scott’s rule of
thumb [19]), and K is the kernel function. We selected the
Gaussian kernel as the kernel function as follows:
y2

K(y) = e− 2h2 .
B. Road Probability Estimation
The initial road segments generated by the geodesic method
are taken as training samples. Then, we use the Mahalanobis
distance [17] to measure the probability of a pixel x being of
the road class, as follows:

(5)
pM (x) = (I(x) − μ)T S −1 (I(x) − μ)

(8)

An example of a KDE result is shown in Fig. 1(e). It can be
seen that pixels on road centerlines have higher KDE values
than pixels that are uncentered. It is worth pointing out that
seed points selected by users may not precisely locate on road
centerlines, and this factor affects the accuracy of the minimal
path. To achieve robustness to such distortions, we rely on the
mean shift method [20] to obtain precise centered positions of
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seed points. Mean shift, a procedure to iteratively detect modes
of the kernel function, has the following generic formula:
n
i
yi
g y−y
h
−y
(9)
m(y) = i=1
n
y−yi
g
i=1
h
where g(y) = −K  (y). After projecting road seed points onto
the ridge through KDE, the geodesic method is repeated to trace
road centerlines using the KDE map, with the result shown in
Fig. 1(f). It can be seen that the proposed method enables us to
obtain the centered result.
As discussed earlier, the procedures of the proposed method
are summarized in Algorithm 1.
Algorithm 1 Linking of seed points using the proposed
method
1. Manually label seed points on the input satellite image.
2. Extract the minimal path between seed points using the
geodesic method.
3. Compute the road probability map using the Mahalanobis
distance, in which training samples consist of pixels that
locate on the minimal path produced by Step 2.
4. Segment the Mahalanobis distance map by applying a
simple thresholding.
5. Apply KDE to compute the probability that a pixel locates
on the centerline.
6. Project seed points onto the ridge of the KDE.
7. Based on the KDE map, repeat the geodesic method to
extract the minimal path between seed points.

III. E XPERIMENTS
A. Tests on Sensitivity of Seed Positions
To demonstrate the performance of the proposed method,
an aerial image with a spatial resolution of 0.3 m/pixel was
tested, and the geodesic method was selected as the reference method. The results are shown in Fig. 2. As can be
observed, the proposed method could provide better results than
the geodesic method. The experimental results show that the
original geodesic method was sensitive to the positions of seed
points, in that different positions for the seed points produced
different road centerlines. Thus, the original geodesic method
was less robust. Fig. 2(b) also shows that road centerlines
produced by the original geodesic path method were wrongly
extracted. In particular, although the seed points were located
at centerlines, the original geodesic method still could not
achieve correct results. In contrast, the proposed method was
insensitive to the positions of seed points and could achieve
reliable accurate road centerlines. The proposed method is more
accurate as it has two advantages. First, the mean shift can
project initial seed points onto the ridge of the KDE. Second,
the geodesic path using KDE traces the road centerline along
the ridge line. Furthermore, a visual comparison of the results
in Fig. 2 evidently validates the advantage of the proposed
method in road centerline extraction. The poor performance
of the original geodesic approach demonstrates its inability to

Fig. 2. Comparison of road centerline extraction results. (a) Original images
with different seed points shown in red circles. (b) Results by the geodesic
method. (c) Results by the proposed method. The centerline results are shown
in red.

extract road centerlines from VHR satellite images. However,
as suggested earlier, the proposed method solves the limitation
of the geodesic method and provides a practical solution for the
road centerline extraction.
B. Experiments
A QuickBird image downloaded from VPLab [21] was used
to evaluate the proposed method. The study area had a spatial
size of 512 × 512 pixels. The satellite image used in this letter
had a spatial resolution of 0.6 m/pixel. Fig. 3(a) shows the study
area in which the seed points selected by users are shown in blue
crosses. The geodesic method was first applied to obtain the
minimal path that linked seed points, with the results shown in
Fig. 3(b). Finally, the proposed method is depicted in Fig. 3(c).
A comparison of the two methods is presented in Fig. 3(d).
As shown, the result of the proposed method is more centered
than that of the geodesic method. Hence, the proposed method
more accurately extends the geodesic method to extract road
centerlines from VHR images.
In the second experiment, an image with a spatial size of
400 × 400 pixels, downloaded from [22], was used to test the
proposed method’s performance. Fig. 4(a)–(c) shows the test
image, the geodesic method result, and the proposed method
result, respectively. It is shown that both the geodesic method
and the proposed method can achieve results with the desired
“U” shape. However, the result of the proposed method is more
centered than that of the geodesic method.
The road extraction result for the third test image was
obtained using another QuickBird image downloaded from
VPLab [21]. This test image, with a spatial size of
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Fig. 3. Results on the first image. (a) Test image where seed points are shown
in blue crosses. (b) Geodesic method result shown in yellow. (c) Proposed
method result shown in red. (d) Comparison results of two methods, where
the geodesic method and the proposed method are shown in yellow and red,
respectively.
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Fig. 6. Comparison with the existing semi-automatic method. (a) Proposed
method results shown in red. (b) Results produced by Hu et al. [14] shown in
red. Seed points are shown in blue crosses.
TABLE I
C OMPARISON OF T WO S EMI -AUTOMATIC ROAD
C ENTERLINE E XTRACTION M ETHODS

Fig. 4. Results on the second image. (a) Test image in which seed points
are shown in blue crosses. (b) Geodesic method result shown in yellow.
(c) Proposed method result shown in red.

C. Comparison With an Existing Method

Fig. 5. Results on the third image. (a) Test image in which seed points
are shown in blue crosses. (b) Geodesic method result shown in yellow.
(c) Proposed method result shown in red.

512 × 512 pixels, is shown in Fig. 5(a). It is shown that two seed
points are located in regions with different materials. In other
words, the gray values of the two seed points are significantly
different. The road connection results of the geodesic method
and the proposed method are shown in Fig. 5(b) and (c),
respectively. These results show that both methods failed to
extract roads with the desired topology. It seems that the long
detour necessary for the true solution plays a significant role.
Therefore, the limitation of the proposed method is that it fails
in a situation of material change. A possible solution to this
problem would be to use the object space method, based on
intensity-change-invariant road shape features.

The proposed method was compared with a semi-automatic
road centerline extraction method drawn from the existing
literature. Fig. 6 depicts the comparison results of the proposed
method and the method used by Hu et al. [14]. This method was
selected because it and the proposed method both rely on seed
points selected by users, which guaranteed a fair comparison.
When quantifying the performance values, five accuracy
measures [14], [23] were used to evaluate the semi-automatic
centerline extraction methods. These measures were: 1) number
of seed points; 2) total road length; 3) completeness = TP/
(TP + FN); 4) correctness = TP/(TP + FP); and 5) quality =
TP/(TP + FP + FN). The variables TP, FN, and FP denote true
positive, false negative, and false positive, respectively. In this
letter, the true road centerline between two seed points was
provided by the hand drawing method, and the buffer width is
fixed to eight pixels.
Table I shows the results of the two methods. It is shown that
the proposed method and that proposed by Hu et al. achieved
similar accuracy. However, the proposed method needed fewer
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seed points than the Hu et al. method. Hu et al.’s method
needed more seed points because it requires that seed points
be labeled where the road curvature changes. Compared with
Hu et al.’s method, the proposed method needed fewer interactions with users. Therefore, the proposed method shows a
stronger global inference for connection of seed points than
Hu et al.’s method. The experimental results indicate a great
potential of the proposed method for practical delineation of
roads from VHR satellite images.
IV. C ONCLUSION
A semi-automatic method for road centerline extraction from
VHR satellite images has been proposed in this letter. More
specifically, the proposed method was shown to incorporate
the strengths of the geodesic method, KDE, and mean shift. In
contrast to the geodesic method, a combination of the geodesic
method and KDE provided a better solution for tracing an
unbiased road centerline between seed points. The application
of the mean shift method allowed the proposed method to
obtain precise seed points from coarse points selected by users.
These versatile functions allowed us to extract robust road
centerlines that were not subject to the positions of seed points
that affect the geodesic method.
One of the immediate practical applications of the proposed
method is that the road discontinuities of other road extraction
algorithms can be eliminated. In its present form, the proposed
method is semi-automatic and needs seed points that need
to be manually selected. Future work will therefore focus on
automatic selection of the road seed points, and on the use of
graph theory for extracting a complete road network.
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