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Abstract. An integrated method for road centerline extraction has been proposed in
this paper which consists of four main steps. First, the Graph Cut algorithm using
proposed similarity function is employed to segment the image, and the segmented image
is thresholded to initial binary skeleton. Second, the road skeleton is refined by using a
series of morphology operations and shape features. Third, the curvilinear feature of road
skeleton is detected by a set of multiple filtering detectors. Finally,a regression method is
performed to extract smooth and accurate road centerlines. Validation tests show that the
proposed method is able to achieve a comparatively good performance in road centerline
extraction from high spatial resolution satellite images.
Keywords: High resolution image, Road centerline extraction, Graph cut, Curvilinear
structure, Regression method.

1. Introduction. The advent of modern sensors in recent years makes it possible to
utilize high spatial resolution satellite (HSRS) images which can provide rich spatial and
spectral information. The extracted road network from HSRS images has many important
and diverse applications, such as geographic information system (GIS) database update,
urban mapping and planning, navigation, change detection, image registration, etc. A
number of algorithms in this area have been proposed over the past decades. Mena [1],
Mena and Malpica [2] and Das et al. [3] provided an overview and categorization of the
related work. Generally speaking, road extraction commonly includes two main fields:
road objects detection and centerline extraction.

Road objects detection is the most important processing which aims to detect road can-
didate from satellite images. We briefly highlight the representative work in the following.
In [4], Song and Civco proposed a three-step-based method to detect road objects. In
their method, a support vector machine (SVM) was used to classify the input image into
road and non-road groups. Similarly, Shi et al. [5] combined spectral-spatial and shape
features to extract urban main road. In the first step, they segmented the imagery into
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the road class and the non-road class using spectral-spatial classification. Then remotely
sensed imagery was homogenized by using local Geary ’s C. As a final step, the road
class was refined by using shape features. The experimental results indicated that the
method they proposed could achieve a comparatively good performance in urban main
road extraction. Poullis and You [6] presented an object-based system for automatic road
detection, which includes methods like Gabor filtering, tensor voting and orientation-
based segmentation.Object-oriented approach can achieve high accuracy in most cases.
However, with the increase in complexity of the road network, Object-oriented approach
can’t solve the road extraction problem completely. Therefore, knowledge-based approach
incorporating both low-level image-based recognition techniques as well as higher-level
knowledge is widely used. Sun and Messinger [7] proposed a knowledge-based automated
road network extraction algorithm based on curvilinear detector and knowledge-based
system. Hu et al. [8] employed spoke wheel operator and toe-finding algorithms to track
road footprints, followed by refinement by road tree pruning. Several other approaches
have been developed from different viewpoints to deal with the detection of road objects,
including mathematical morphology [9],edge-based approaches [10],snakes [11],template
matching [12],active testing [13], etc. Though the above-mentioned approach strive to
detect road objects with some degree of satisfaction, the complete automation of road
objects detection remains a hard problem which has not been solved with a reasonable
degree of success.

Centerline extraction from road skeleton is another set of important processing. The
concept of centerline was introduced by Blum [14]. There are a few kinds of centerline
extraction methods: 1) Thinning algorithm. Topology thinning algorithm [15], also called
onion peeling, is a traditional thinning method. In its realization process, objects are
peeled level by level and the points are deleted while the topology of model remains
unchanged. This method can keep the whole connectedness of the model, but it’s an
iteration process requiring a huge amount of computation. It often performs well on 3D
skeletons, and can also be used for 2D road skeletons. Morphological thinning algorithm
[4] is another traditional thinning method which is always used to extract road centerline.
2) Shortest path finding such as geodesic method[16], is an algorithm aiming at finding
the shortest path from a start point to an end point. Its advantage is low computation
and high speed. The disadvantage is that the path is easily near to the inner wall, which
means that the centerline is not at the center position. 3) Level set marching[17] is to
embed the moving boundary as a zero level-set into a higher level-set function and extract
the centerline by computing the evolution curve. It is very robust but the energy function
of the fast marching method is difficult to get. 4) Regression methods change the road
centerline extraction issues into regression issues. It can perform well in extracting road
centerline. Miao et al. [18]successfully and effectively extracted road centerlines from the
categorized images by regression methods.

Fruitful achievements have been made by previous researchers; however, there are still
a number of challenges in road detection from an image. (1) Due to the complex spatial
arrangement and spectral heterogeneity even within the same class, the accurate detection
of the road objects is a problem not satisfactorily solved by existing approaches. (2) The
accuracy of current centerline extraction methods is far from satisfaction. The results
may produce many spurs or can’t cover the ground truth centerlines completely. To over-
come the drawbacks, this paper tries to go further in road centerline extraction approach
from HSRS images. Firstly, we design an appropriate similarity function for graph cut
algorithm to improve the robustness and accuracy of segmentation. Secondly, we design
a set of suitably post processing stages to refine the skeleton of road, and centerlines are
extracted from the refined skeleton by integrating a set of curvilinear feature detectors



A Novel Method for Road Centerline Extraction from High Spatial Resolution Satellite Images 1071

and a regression method. Experiments show that the proposed method is able to achieve
a comparatively good performance in road centerline extraction.

The remainder of this paper is organized as follows. The new approach is presented
in Section 2. Experimental results are presented and discussed in Section 3. Conclusions
are provided in Section 4.

2. Methodology. The proposed method is presented in this section. The organization
of this method is shown in Fig.1. The details of each step are introduced as follows.

Figure 1. Flowchart of proposed method.

2.1. Unsupervised Parametric Graph Cut Segmentation.

2.1.1. Parameter Kernel Graph Cut. Here, the parametric kernel graph cut[19] which is an
unsupervised method is used to segment HSRS images. Let I : p ∈ Ω ⊂ R2 → Ip = I(p) ∈ I
be an image function from a positional array Ω to a space I of photometric variables such
as intensity, disparities, color or texture vectors. Segmenting I into Nreg regions con-

sists of finding a partition {Rl}Nreg

l=1 of the discrete image domain so that each region is
homogeneous with respect to some image characteristics.

Let ϕ (.) be a nonlinear mapping from the observation space I to a higher (possibly
infinite) dimensional feature mapped space J . A given labeling assigns each pixel a label
and, consequently, divides the image domain into multiple regions. Each region is char-
acterized by one label: Rl = {p ∈ Ω|λ (p) = l} , 1 ≤ l ≤ Nreg.Solving image segmentation
in a kernel-induced space with graph cut consists of finding the labeling which minimizes.

Fk ({µl} , λ) =
∑
l∈L

∑
p∈Rl

(ϕ (µl)− ϕ (Ip))
2 + α

∑
{p,q}∈N

r (λ (p) , λ (q)) (1)

Fk measures kernel-induced non Euclidean distances between the observations and the
regions parameters µl for 1 ≤ l ≤ Nreg. In machine learning, the kernel trick consists of
using a linear classifier to solve a nonlinear problem by mapping the original nonlinear
data into a higher dimensional space. We can use a kernel function,K (y, z), verifying

K (y, z) = ϕ (y)T · ϕ (z) ,∀ (y, z) ∈ I2 (2)

where ”.” is the dot product in the feature space. Using this kernel function, the ob-
jective functional minimization is carried out by iterations of two consecutive steps: a)
minimization with respect to the image segmentation by graph cut and b) minimization
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with respect to the regions parameters via fixed point computation. Salah et al. [19]
provided the details of each step about this parametric kernel graph cut.

2.1.2. Construction of Similarity Function. Similarity function is essential for the results
of graph cut methods. The commonly used similarity function is Gauss function. The
Gauss function g0 is defined as

g0 = exp

(
−‖vi − vj‖

2

σ2

)
(3)

where ‖∗‖ is the Euclidean distance,vi is the value of pixel i, σ is the scale factor which
usually denotes global variance distance. Due to the complex spatial arrangement and
spectral heterogeneity even within the same class, similarity function with single factor
can’t achieve satisfactory segment results. Therefore, this paper constructs a novel sim-
ilarity function by integrating color similarity index, angle distribution index, location
index, and edge gradient magnitude index.
(1) Color Similarity Index

Here HSV color space is used in which Hue is used to distinguish colors; Saturation is
the percentage of white light added to a pure color and Value refers to the perceived light
intensity. In this paper, three-component vector of HSV is converted to one-dimensional
vector I and I = 9H + 3S + V . Color Similarity Index gI is defined as

gI (i, j) = exp

(
−‖Ii − Ij‖

2

σ2
I

)
(4)

(2) Angle Distribution Index
In pixel-i-centered statistics window, there are M different edges with M different

angles which are denoted as θ1, ........., θM . AI is defined as Ai =
M∑
k=1

θk/M . The Angle

Distribution Index gA is computed as

gA (i, j) = exp

(
−‖Ai − Aj‖2

σ2
A

)
(5)

(3) Location Index
The Location Index gL is defined as

gL(i, j) = exp

(
−‖Li − Lj‖2

σ2
L

)
(6)

where Li and Lj are the position of the pixel i and the pixel j respectively. When the value
of ‖Li − Lj‖ is getting smaller, the adjacent pixel i and pixel j in the spatial position
are getting closer, which means they are more likely to belong to the same object.When
the value of ‖Li − Lj‖ is greater than the threshold, the influence of the Location Index
can be neglected.

gL(i, j) =

{
0 ‖Li − Lj‖ > t
gL(i, j) ‖Li − Lj‖ ≤ t

(7)

(4) Edge Gradient Magnitude Index
The Edge Gradient Magnitude Index gE is computed as
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gE(i, j) = exp

(
−

(
|max(edge(x))|2

σ2
E

))
(8)

where line(i, j) is the line between pixel i and the pixel j, x ∈ line(i, j), edge(x) donates
the edge gradient magnitude of intersection point x of edge and line(i, j).

Taking into account the above-mentioned four indexes and ω1, ω2, ω3, ω4 as the weight
of each index, we define similarity function for pixel i and pixel j as

s (i, j) = exp

(
−‖Ii − Ij‖

2

ω1σ2
I

− ‖Ai − Aj‖2

ω2σ2
A

)
+ exp

(
−‖Li − Lj‖2

ω3σ2
L

− |max(edge(x))|2

ω4σ2
E

)
(9)

2.2. Road Skeleton Generation. Road skeleton is generated on the basis of the seg-
mented images which involves the following steps. First, binarize all the possible road
pixels from the segmented image. This step does not need to be very precise but it is
desirable to include as many candidate road-like pixels as possible. Second, extract the
morphological skeleton by using a series of morphology operations such as corrosion and
open operation. Then road-like candidates are extracted. Third, improve the accuracy
of road skeleton by using shape features. As remotely sensed imagery exhibits complex
spectral character, misidentified roads still exist. Hence, road shape features can be used
to filter false segments. These features can be measured by Area, Compactness, Slender-
ness and Length-width ratio, which are introduced as follows.

(1) Area refers to the number of pixels included in the region. Segments with small
area values can be viewed as non-road class and be removed.

(2) Compactness is defined as 4 · Pi · A/P 2, where P is perimeter of region and A is
area of region. Compactness is in the range of (0, 1].

(3) Slenderness is defined as 2 · A/L, where L is the regional center line length.
(4) Length-width ratio is the aspect ratio of the minimum enclosing rectangle.

2.3. Curvilinear Structure Detection. By previous steps, the refined road skeleton is
produced. But, the produced skeleton contains a few irregular shapes. In order to extract
correct and smooth road centerlines, the curvilinear feature of road skeleton should be
detected and enhanced. In this paper, we follow the method of Costas Panagiotakis et
al. [20]. A set of multiple filtering detectors with different widths and directions form the
polynomial filter. The one dimension polynomial filter is defined as

F (x) =


1−

(
x
w

)2
, |x| < w

cp.
((

x
w
− 2
)2 − 1

)
, w ≤ |x| < r.w

0, |x| ≥ r.w

(10)

where x is one of the pixels in the filter bank, the parameter w is representative of the road
width. The parameter r which should be greater than one, is expressed as the relaxed
space to correlate with road boundaries. The constant cp is a positive number, estimated
by the constraint that the 2-D filter is zero mean.

Let F (a, w) be a zero mean polynomial filter (see Fig.2) of orientation angle a and
width w. The convolution of Id with the F (a, w) for different angles a and widths w is
computed, yielding the images If (a, w)

If (a, w) = |Id ∗ F (a, w)| (11)
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Figure 2. Three-dimensional (3-D) view of Polynomial filter.

Image If (a, w) hosts an enhancement of the curvilinear structures of orientation a
and width w. Eighteen different angles and three different widths were employed. The
resulting image Im is provided by getting the maximum of the corresponding pixel values
of images If (a, w)

Im = max
a,w

If (a, w) (12)

In the resulting image, the maximum-response score map can be obtained. The curvi-
linear structures under any orientation and width are enhanced. As a high response score
indicates a higher possibility for the road structure, road skeleton is well identified and
smoothened.

2.4. Centerline Extraction. The mainstream centerline extraction methods include
thinning algorithm and geodesic method, but both methods have their drawbacks: the
thinning algorithm produces many spurs; and the results of the geodesic method can’t
cover ground truth centerline completely. Fig.3 shows examples of these two methods.

Figure 3. (a) Refined road skeleton. (b) Result of thinning algorithm. (c)
Result of geodesic method.

Road centerline extraction from the road skeleton can be approximately equivalent
to determine the quantitative relationship between x and y directions from the discrete
points. The quantitative relationship can be determined on the x and y directions by
regression methods. Miao et al. [18] have shown that regression methods are good at
extracting centerlines from road skeleton.

Multivariate adaptive regression splines (MARS) is a nonlinear and nonparametric
regression technique which was first proposed by Friedman [21]. Because it makes no
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assumption about the underlying functional relationship between the dependent and pre-
diction variables, MARS has been increasingly used in recent years in road centerline
extraction.

MARS builds models from two sided truncated functions of the predictors (x) of the
form:

(x− t)+ =

{
x− t x > t
0 otherwise

}
(13)

These serve as basis functions for linear or nonlinear expansion that approximates some
true underlying function f(x). The MARS model for a dependent (outcome) variable y,
and M terms, can be summarized in the following

y = f(x) = β0 +
M∑

m−1

βmHkm(xv(km)) (14)

where the summation is over the M terms in the model, β0 and βm are parameters of the
model (along with the knots t for each basis function, which are also estimated from the
data). Function H is defined as

Hkm(xv(km)) =
K∏
k=1

hkm (15)

where xv(km) is the predictor in the k′th of the m′th product.
A measure of the goodness of fit is generalized cross-validation (GCV) error which is

written by

GCV =

N∑
i=1

(yi − f (xi))
2

(
1− C

N

)2 with C = 1 + cd (16)

where N is the number of cases in the data set, d is the effective degrees of freedom, which
is equal to the number of independent basis functions. The quantity c is the penalty for
adding a basis function.

It is worth mentioning that extracting centerline by MARS directly from the road
skeleton can not get satisfactory results. The curvilinear structures of road skeleton need
to be enhanced first. Besides, MARS can’t solve the issues of road network with junctions.
Thus, road network should be dismantled first by utilizing road intersections, and after
extracting the centerlines, junctions should be united to form road network.

3. Experimental Study. In this section, several experiments are described to evaluate
the performance of the proposed method which is also compared with other methods to
show it’s advantages and limitations.

3.1. Experiment. In the first experiment, the study area is a part of Beijin City image
which was recorded by the Worldview-II optical sensor. The study area has a spatial
dimension of 400*400 pixels. The spatial resolution is 0.5m per pixel. Fig.4(a) shows
the study area of experiment 1. The Graph Cut algorithm using our designed similarity
function is firstly applied to segment the study area, with the result shown in Fig.4(b).
Then the segmented image is thresholded to the binary image, with the result shown
in Fig.4(c). Next the morphological skeleton is extracted using a series of morphology
operations such as corrosion and open operation, with the result shown in Fig. 4(d). The
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Figure 4. (a) Original image. (b) Result of Graph Cut using proposed
similarity function.(c) Result of binarization. (d) Result of morphology op-
eration. (e) Result of filtering by shape feature. (f) Result of the curvilinear
detectors. (g) Result of the thinning method shown in red. (h) Result of
the geodesic method shown in red. and (i) Result of the proposed method
shown in red.

morphological skeleton is close to ground truth data, but still exists false road segments, so
we apply shape feature to remove false road segments and refine the skeleton. The refined
skeleton is shown in Fig. 4(e). In order to extract accurate and smooth road centerline, the
curvilinear feature of road skeleton is enhanced, with the result shown in Fig.4(f). Finally,
road centerlines are extracted from the curvilinear structures by MARS method, with the
result shown in Fig.4(i). Fig.4(g) shows the road centerline extraction result produced by
the thinning method. Fig.4(h) shows the result of the geodesic method. Compared with
the results of the thinning and the geodesic methods, this proposed method can extract
smooth and correct road centerlines.

In the second experiment, another satellite image was picked up to test the proposed
method. The test image was recorded at Fuzhou City by QuickBird. It is shown in
Fig.5(a), which has a spatial size of 400*400 pixels. The spatial resolution of this image
is 2.44m per pixel. At this resolution, small roads are unclear; Hence, only main roads
are able to be extracted. The steps of this experiment are the same as the previous one.
Fig.5(b) shows the segmentation results of our Graph Cut algorithm. It is shown that
this algorithm using proposed similarity function can produce satisfactory result, but error
distinction still exists.The second step is to binary the segmented image and the result is
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Figure 5. (a) Original image. (b) Result of Graph Cut using proposed
similarity function.(c) Result of binarization. (d) Result of morphology op-
eration. (e) Result of filtering by shape feature. (f) Result of the curvilinear
detectors. (g) Result of the thinning method shown in blue. (h) Result of
the geodesic method shown in blue. and (i) Results of the proposed method
shown in blue.

given in Fig.5(c). Then the Skeleton of the road is refined by the method of morphology
and the road shape feature, Fig.5(e) shows the final Skeleton of the road. Next, the
curvilinear feature of road skeleton is also enhanced, with the result shown in Fig.5(f).
In the final step, the MARS algorithm is performed to extract the road centerlines, the
superposition result of the original image and the extracted road centerlines is given in
Fig.5(i). Fig.5(g)-(h) show the results of the thinning method and the geodesic method
respectively. It can be seen from this experiment that the proposed method still shows
good performance, even when the road skeleton is complicated.

In the third experiment, an image with a spatial size of 602*865 pixels, downloaded
from [22], was used to test the proposed methods performance. The test image is shown
in Fig. 6(a). The steps of this experiment are the same as the previous two, with the
results shown in Fig.6 (b-f). It can be seen clearly from Fig. 6(g) and Fig. 6(h) that
neither the thinning method nor the geodesic method can extract smooth and accurate
road centerline. Compared with these two methods, the proposed method is more suitable
for road centerline extraction, with the results shown in Fig.6(i).

3.2. Analysis of the experiment. The results of the three centerline extraction meth-
ods show that the proposed method and the geodesic method provided smoother results
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Figure 6. (a) Original image. (b) Result of Graph Cut using proposed
similarity function. (c) Result of binarization. (d) Result of morphology op-
eration. (e) Result of filtering by shape feature. (f) Result of the curvilinear
detectors. (g) Result of the thinning method shown in red. (h) Result of
the geodesic method shown in red. and (i) Result of the proposed method
shown in red.

than the thinning algorithm. The thinning algorithm method produced many undesired
spurs and branches, which reduced the smoothness of the road centerline. Although the
geodesic method extracted a smooth result, the centerline is not at the center position.

To quantify the performance of the proposed method, three accuracy measures [23]
are used to evaluate it. These measures are: 1) completeness = TP/(TP + FN); 2)
correctness = TP/(TP + FP ); and 3) quality = TP/(TP + FP + FN). Here Q1, Q2

and ,Q3 represent completeness, correctness, and quality, respectively. The variables TP ,
FN , and FP denote true positive, false negative, and false positive, respectively.

According to the results given in Table 1, it can be concluded that the proposed method
provides a practical solution for accurate road centerline extraction from HSRS images
with comparatively high efficiency.

4. Conclusions. This paper has proposed an advanced framework for road centerline
extraction from HSRS images. An effective graph cut algorithm is firstly employed to
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Table 1. Quantitative evaluation of different centreline extraction methods

Experiment 1 Experiment 2 Experiment 3

Method Q1(%) Q2(%) Q3(%) Q1(%) Q2(%) Q3(%) Q1(%) Q2(%) Q3(%)

Thinning 91.18 92.08 84.55 87.25 77.39 69.53 86.27 85.45 75.21
Geodesic 87.25 89.00 78.76 78.43 86.96 70.18 71.57 90.12 66.36
Porposed 93.14 95.96 89.62 90.20 89.32 81.42 94.12 93.20 88.07

segment the HSRS image. Next, morphological method and road shape feature are de-
signed to refine the road skeleton. Once road skeleton is extracted, a set of multiple
filtering detectors are applied to enhance the curvilinear structures of the road skeleton.
Finally, the MARS algorithm based on curvilinear structures is used to extract reliable
road centerline. The experimental results show that the proposed method provides a more
smooth and accurate extraction of road centerline than the commonly used thinning or
the geodesic method.
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