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An Integrated Method for Urban Main-Road
Centerline Extraction From Optical
Remotely Sensed Imagery
Wenzhong Shi, Zelang Miao, and Johan Debayle

Abstract—Road information has a fundamental role in modern
society. Road extraction from optical satellite images is an economic and efficient way to obtain and update a transportation
database. This paper presents an integrated method to extract
urban main-road centerlines from satellite optical images. The
proposed method has four main steps. First, general adaptive
neighborhood is introduced to implement spectral–spatial classification to segment the images into two categories: road and
nonroad groups. Second, road groups and homogeneous property,
measured by local Geary’s C, are fused to improve road-group
accuracy. Third, road shape features are used to extract reliable
road segments. Finally, local linear kernel smoothing regression
is performed to extract smooth road centerlines. Road networks
are then generated using tensor voting. The proposed method is
tested and subsequently validated using a large set of multispectral
high-resolution images. A comparison with several existing methods shows that the proposed method is more suitable for urban
main-road centerline extraction.
Index Terms—General adaptive neighborhood (GAN), local
Geary’s C, local linear kernel smoothing regression, optical remotely sensed images, shape feature, spectral–spatial classification, tensor voting, urban main-road centerline extraction.

I. I NTRODUCTION

S

UCCESSFUL urban design, navigation, and image registration owe much to road information collected from
optical remotely sensed images. With the aid of computers, it
is possible to reduce a lot of labor and time when obtaining
transportation data. Various road extraction algorithms have
been proposed over the past decades. Mena [1] and Das et al.
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[2] presented overviews of road detection methods in this area.
Quackenbush [3] gave a review of linear feature extraction
from imagery which can be used for road extraction. Automatic
road detection method tests were devised by Mayer et al. [4].
Based on the level of road knowledge used, Poullis and You
[5] classified road detection methods into three categories:
1) pixel-based; 2) region-based; and 3) knowledge-based.
The pixel-based methods depend on the information obtained
from the pixels. Line [6], [7], edge [8], and ridge [9], [10]
detectors are used to extract potential road points. Road points
are then connected to produce road segments and also used as
input to a higher level processing phase. Other pixel-level information, such as directional adaptive filters [11], magnitude,
and orientation [5], is also explored for road extraction. The
region-based methods first segment or classify the imagery into
regions, followed by a rule to refine extracted road networks. In
this field, Shi and Zhu [12] proposed a line segment match rule
to extract urban road networks. Their method first segmented
imagery into a binary map by simple thresholding. The road
network was then extracted by the line segment match rule and
morphological processing. Song and Civco [13] used a twostep-based method to detect road networks. In their method,
a support vector machine (SVM) was used to classify the
imagery. Yuan et al. [14] proposed automatic extraction of road
networks from satellite imagery based on locally excitatory
globally inhibitory oscillator networks.
A multistage framework was designed to extract road networks based on probabilistic SVMs and salient features [2]. A
semiautomated road detection method, which includes directional morphological enhancement, directional segmentation,
and thinning, was proposed by Chaudhuri et al. [15]. Huang
and Zhang [16] proposed the detection of road centerlines from
high-resolution images by integrating multiscale structural features and SVM. The knowledge-based methods use higher level
information to detect roads. Poullis and You [5] presented a
vision-based system for automatic road detection. To achieve
this, Gabor filtering and tensor voting were used for geospatial
feature inference classification; orientation-based segmentation, using graph cuts, was then used to extract road features,
followed by road centerline extraction and tracking to produce a
road network. Similarly, Grote et al. [17] integrated radiometric
and geometric features to extract road networks. The normalized cut algorithm was used to segment the images; the segments were then grouped. Road segments were extracted from
the groups and then generated subgraph. Context information
was also used to eliminate false connections in the subgraphs.
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Another set of studies focused on road centerline extraction
in classified imagery. The thinning algorithm [18] is usually
used to extract road centerlines from classified road imagery.
However, the road centerlines extracted by this method have
many spurs which reduce the centerline smoothness and correctness. To extract accurate centerlines, Zhang and Couloginer
[19] proposed the use of Radon transform to extract centerlines
from classified road imagery. This method shows a good performance when dealing with straight road segments. However,
it is not suitable for short and curvilinear lines. Poullis and
You [5] presented the use of Hough transform to extract road
centerlines. This approach uses a set of Gaussian-based filters to
compute the magnitude of road pixel. Hough transform is then
iteratively implemented to extract road centerlines. Although
this approach reports a good performance, some false positives
still exist due to Hough transform limitations. A self-organized
clustering method was developed by Doucette et al. [20] for
road centerline extraction from classified imagery. This approach cannot extract centerlines located at the end of the road
segments. As indicated previously, this study examines how to
extract smooth and accurate road centerlines from classified
images.
Several authors also proposed road extraction methods from
different viewpoints. Based on homogeneous polygonal areas
around each pixel, Hu et al. [21] defined the pixel footprint
to extract road areas. Similarly, Zhang et al. [22] applied this
detector to extract roads in urban areas. Movaghati et al. [23]
applied particle filtering and Kalman filtering to extract road
networks. Road intersection extraction from remotely sensed
images was also studied [24]–[26]. Although road intersection
extraction alone cannot be a complete road network generation,
it is useful for understanding road network topologies and
higher processing.
Most popular and successful region-based methods rely
on one or two methods of processing: 1) classification and
2) road geometrical property [2]. Consequently, it is possible
to improve road extraction accuracy by the following methods:
1) using classifiers with higher accuracy and 2) integrating road
geometrical features. Recently, spectral–spatial classification
has become one of the advanced techniques used for remotely
sensed imagery [27]. Spectral–spatial classification methods
use spectral and spatial information simultaneously, resulting
in higher robustness and accuracy than that of traditional
pixelwise classification methods which use spectral information alone. Local spatial statistics [28], [29], which measures
image local autocorrelation, has been studied as a means to
implement spectral–spatial classification. Mathematical morphology (MM) is also one of the commonly used methods
to produce image spatial structure [30]–[32]. A classical MM
depends on a fixed-shape structuring element. Consequently,
it is not sufficiently flexible to simultaneously detect curved
and rectilinear structures [33]. As indicated earlier, to solve this
problem, this paper investigates general adaptive neighborhood
(GAN) MM (GANMM) [34] to perform spectral–spatial classification. Other spectral–spatial classification methods can be
referenced [37].
In other studies, the road’s geometrical features are also explored to improve road extraction accuracy. In general, integrat-

Fig. 1.

Flowchart of the proposed method.

ing the road’s shape features can contribute to a more accurate
road network extraction. It has been found that road characteristics and topology, especially road direction distribution in urban
areas can be used to improve road extraction accuracy [11].
Two shape features, i.e., smoothness and compactness, were
integrated with pixelwise SVM classification result to extract
the road image [13]. By including geographical and topological road information, an automatic method was developed
to extract roads from high-resolution satellite imagery [38].
Although integrating shape features gives a good performance
in road extraction, it is difficult to obtain a universal linear
feature extraction method for any situation [13], and further
studies are needed.
This paper presents a new approach for urban main-road
centerline extraction from optical remotely sensed images integrating spectral–spatial classification, local Geary’s C, road
shape features, locally weighted regression, and tensor voting.
This method has three main stages: 1) initial road network
extraction by fusion of spectral–spatial classification based
on GANMM and homogeneous property measured by local
Geary’s C; 2) false road removal based on road shape feature to
extract reliable roads; and 3) road centerline extraction based on
locally weighted regression and road network generation using
tensor voting.
The remainder of this paper is organized as follows. The
new approach is presented in the next section. Experimental
results are given in Section III. Finally, conclusions are drawn
in Section IV.
II. M AIN -ROAD C ENTERLINE E XTRACTION A LGORITHM
The proposed method is presented in this section. The organization of this method is shown in Fig. 1. The details of the
aforementioned steps follow in detail the following.
A. Spectral–Spatial Classification
The purpose of the spectral–spatial classification step is
to segment the imagery into two groups: road groups and
nonroad groups. In this paper, GANMM is investigated for
spectral–spatial classification.
The GANMM has been introduced by Debayle and Pinoli
[34]–[36]. The central idea of GANMM is to substitute traditional fixed-shape structural elements (SEs) by adaptive SEs.
Suppose that D ⊆ R2 is the spatial domain of an image and

SHI et al.: METHOD FOR MAIN-ROAD CENTERLINE EXTRACTION FROM OPTICAL REMOTELY SENSED IMAGERY

Fig. 2. Comparison of classical MM and GANMM. (a) Original image.
(b) Classical opening. (c) Classical closing. (d) Adaptive opening. (e) Adaptive
closing. In this example, the homogeneity tolerance value is 30.

I is the natural set of image mappings from D into R. In this
paper, the GAN sets Vmf (x) are defined as
Vmf (x) = Cf −1 ([f (x)−m,f (x)+m]) (x)

(1)

where f in I is the image to be analyzed, m ∈ R+ is a homogeneity tolerance, and x is a pixel within the spatial support D
of the image f ∈ I.
The set Vmf (x) is characterized by the following two
properties.
1) ∀y ∈ Vmf (x)|f (y) − f (x)| ≤ m.
2) The set is connected.
Based on the definition of adaptive neighborhood, the adaptive SEs are defined as


f
(x) = ∪ Vmf (z)|x ∈ Vmf (z) .
∀(m, f, x) ∈ R+ × I × D Rm
z∈D

(2)
By applying the adaptive SEs (which are symmetric), the
adaptive dilation and adaptive erosion are then defined as
f
Dm
(f )(x) =
f
(f )(x) =
Em

sup

f (ω)

(3)

f (ω).

(4)

f
ω∈Rm
(x)

inf

f
ω∈Rm
(x)

Therefore, the GAN closing and the GAN opening are
given as
f
f
f
Cm
(f )(x) = Em
◦ Dm
(f )(x)
f
f
f
(f )(x).
Om (f )(x) = Dm ◦ Em

(5)
(6)

Fig. 2 presents a comparison of classical and GAN-based
MMs. As can be seen, results of classical MM are blurred, and
the image spatial structure is also damaged by using classical
MM. However, GANMM does not produce blurred effects;
hence, the image spatial structure is well retained. The results
also indicate that GANMM produces smooth results which
reduce the local spectral variance caused by image noise.
In the next phase, morphological profiles (MPs) are constructed based on the aforementioned GANMM method. MPs,
proposed by Pesaresi and Benediktsson [39], are representations of the size and shape information of objects in the image.
The profiles are composed of multiple morphological processes
using increasing sizes of an SE. In this paper, the adaptive MPs
(using GANMM) at a pixel x of an image f are computed as
MP(x) = {Cmn (x), . . . , I(x), . . . , Omn (x)}
where mn denotes the nth homogeneous tolerance.

(7)
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Fig. 3. Construction of MPs based on adaptive openings and closings. In this
example, the homogeneity tolerances are 30 and 50.

For the multispectral imagery with B-bands, (7) will be
rewritten as


MP(x) = MP1 (x), MP2 (x), . . . , MPB (x) .
As can be seen from (7), MPs contain spectral information as
well as the image spatial information. Fig. 3 shows an example
of MPs obtained by applying a series of homogeneity tolerance.
Once the adaptive MPs are obtained, SVM [40] classification
is applied to segment the imagery. The result of SVM is
defined as

1, if x is classified as road
S(x) =
(8)
0, otherwise.
After the construction of MPs, the pixelwise classifier, such
as Bayes classifier, SVM, and neural networks, is then selected
to classify the imagery. In this paper, SVM is selected for
two main reasons. First, previous studies show that the SVM
performance is as good as or significantly better than other
competing methods in most cases [41]. Second, SVM is a
supervised classification method, which can still work when
road materials and intensity change. The SVM classification
algorithm is given in Algorithm 1.
Algorithm 1 The SVM classification algorithm
1) For each pixel, MPs are constructed as the input features.
2) For each class, 5% of ground truth data are selected as the
training samples.
3) Select Gaussian kernel, and the parameters, namely,
penalty parameter C and kernel parameter γ, are selected
by using fivefold cross-validation.
4) Use the best parameters selected in step 3) to train the
SVM classifier.
5) Classify the whole imagery using the classifier trained in
step 4).

B. Local Homogeneous Property
Due to the complexity of urban images, other land-cover
types, such as buildings, park lots, and bare soil, tend to be
misclassified as roads. It is difficult to completely extract roads
using classification alone, and hence, there is large room to
improve road extraction accuracy. To overcome this problem,
more road properties should be studied and integrated with
classification.
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Fig. 6. (a) Original image. The reference road is shown in red. (b) Classification result. (c) Information fusion result.
Fig. 4. (a) Original image. (b) Getis-Ord Gi map. (c) Local Moran’s I map.
(d) Local Geary’s C map.

After the computation of local Geary’s C of every spectral band, a binary SVM classification is then applied to extract homogeneous regions. The binary classification result is
defined as

1, if x is in the homogeneous region
L(x) =
(10)
0, otherwise.

C. Information Fusion

Fig. 5. (a) Original image. (b) Local Geary’s C result (window size =
2 pixels). (c) Local Geary’s C result (window size = 6 pixels).

Roads are continuous features. Based on this property, the
inference is that roads should be located in homogeneous
regions. In this paper, local Geary’s C [42] is used to measure
image local homogeneity properties. Local Geary’s C, which
is one of the local spatial statistics indicators, measures the
autocorrelation between a pixel and its neighboring pixels.
Local Geary’s C is defined as
1

ci =
1
n

n


(yj − ȳ)2

j=1

1

=
1
n

n


(yj − ȳ)2

n


wij [(yi − ȳ) − (yj − ȳ)]2

The information fusion purpose is to improve the robustness
and the accuracy of extracted roads by incorporating different
road features. After Step A and Step B, the classification and
local Geary’s C binary result are combined using the following
rule:

1, if S(x) = 1 and L(x) = 1
F (x) =
(11)
0, otherwise.
A comparison of classification and information fusion results
is presented in Fig. 6. As can be seen, the information fusion not
only removes misclassified roads to some extent but also disconnects most misclassified and true roads. After disconnecting
misclassified and true roads, it can be seen from Fig. 6(c) that
misclassified and true roads have different geometrical properties. This opens a door to filter information fusion result using
shape features to further improve road extraction accuracy.

j=1
n


wij (yi − yj )2

D. Filtering by Shape Feature
(9)

j=1

j=1

where n is the number of georeferenced observations, yi is the
value of the observation at the ith location, ȳ is the mean of the
observations, and wij is the weight of spatial relations between
points i and j. For ease of computation, wij is set as one in this
study.
Local Geary’s C index identifies areas of high variability
between a pixel value and its neighboring pixels. It is useful
for detecting edge areas between clusters and other areas with
dissimilar neighboring values [43]. Fig. 4 gives a comparison
result of three local spatial statistics. As can be seen, local
Geary’s C is more suitable to measure the local homogeneity
of the gray values.
In this paper, the window size is 2 pixels, as suggested by
experimental results. Fig. 5 shows the results of local Geary’s C
on an image with different window sizes. As shown in Fig. 5(c),
local Geary’s C computed from large size windows damages the
homogeneous property of small areas.

Misclassified roads will be removed to some extent by information fusion processing. However, false roads still exist, and
further processing is necessary to improve the reliability of road
extraction. In general, roads have a unique geometric property,
which is quite different from other land-cover features. Roads
are always elongated with small changes of curvature. Hence,
road shape information can be used to filter false segments.
In this paper, image moments are used to measure road shape
feature. The key advantage of using image moments is that the
filtering threshold can be set automatically via its distribution
histogram.
For an m × n image, its (p + q) order moment [44] is
defined as
mpq =

m−1
n−1


(x)p · (y)q I(x, y)

(12)

x=0 y=0

where I(x, y) is the gray value at the point (x, y), p and q
are nonnegative integers, and (p + q) is called the order of the
moment.
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The corresponding central moment μpq is then given as

(x − xc )p (y − yc )q I(x, y)
(13)
μpq =
x

y

where the coordinates (xc , yc ) denote the centroid of I(x, y),
xc = m10 /m00 , and yc = m01 /m00 .
Based on (13), the normalized moment ηpq is described as
μpq
(14)
ηpq = γ
μ00
where γ = (p + q + 2)/2.
The sum of second-order moments is computed as
M1 = η02 + η20 .

(15)

Previous studies [45] show that roads have large values of M1
as they are complex and irregular, and hence, segments with
values of M1 less than a threshold TM1 are removed. In this
paper, the TM1 threshold is automatically defined with Otsu’s
adaptive method [46]. Connected component analysis is used
to label each disjoint segment and compute its value of M1 .
The detailed filtering steps by image moments are given in
Algorithm 2.
Algorithm 2 Steps of filtering roads by image moments

E. Road Centerline Extraction
After road extraction, morphological thinning algorithms are
a commonly used method to extract road centerlines. The advantage of the thinning algorithm is that it is both fast and easy
to perform. However, road centerlines extracted by this method
always produce many spurs which reduce the smoothness and
correctness of road network. To solve this problem, the local
linear kernel regression method to extract the road centerlines
is used in this study.
Local linear kernel regression [47] solves a separate weighted
least squares problem at each target point x0
min

α(x0 ),β(x0 )

Kλ (x0 , xi ) [yi − α(x0 ) − β(x0 )xi ]2

(16)

i=1

where N is the number of points, Kλ (x0 , xi ) = D(|x0 −
xi |/λ) is the kernel function which determines local weights,
λ is the smoothing parameter of the kernel function, and α(x0 )
and β(x0 ) are the solutions to the weighted least squares
problem.
After solving (16), the estimate is then expressed as
fˆ(x0 ) = α̂(x0 ) + β̂(x0 )x0 .

The matrix form of (18) is given as

−1 T
fˆ(x0 ) = b(x0 )T BT W(x0 )B
B W(x0 )y
N

=
li (x0 )yi

(17)

(18)

i=1

where

b(x)T = (1, x)

1. Label the connected segments.
2. Obtain second moment (M1 ) value of each connected
segment.
3. Select the TM1 threshold by using Otsu’s method.
4. For each component
if (M1 ≤ TM1 ) then
delete that segment
end if

N


Fig. 7. Road centerline extraction using local linear kernel smoothing regression.

⎡
⎢
W=⎣

⎡ b(x )T
1
⎢ b(x2 )T
B=⎢
..
⎣
.
b(xN )T

⎤
⎥
⎥
⎦
N ×2

Kλ (x0 , x1 )
..

⎤
⎥
⎦

.
Kλ (x0 , xN )

.
N ×N

In real-world applications, road networks are complex and
generally have many junctions. Hence, road centerlines cannot
be directly extracted by regression. To overcome this problem,
a road network decomposition method is proposed in this
study. Fig. 7 gives a summary of the centerline extraction from
classified roads using a locally weighted regression method.
First, junction areas of the road network are detected by the
tensor voting method [48], [49]. This method is introduced
in the next section. Second, the road network is decomposed
to unconnected parts using the tensor voting method. Third,
centerlines are extracted by applying the locally weighted regression to every branch. Finally, all isolated centerlines are
combined with junctions.
F. Road Network Generation
Extracted roads always have discontinuities caused by many
factors, such as the image noise, shadows, and the classifier’s
limitations. The purpose of road network generation is to eliminate road gaps to generate a complete road network. In this
paper, tensor voting is introduced to link unconnected roads.
Tensor voting is a perceptual grouping and segmentation
framework introduced by Medioni et al. [48], [49]. In 2-D, a
second-order symmetric tensor T is defined as

 
λ
e1
0
T = [ e1 e2 ] 1
e2
0 λ2
= λ1 e1 e1 T + λ2 e2 e2 T
(19)
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TABLE I
Z IYUAN -3 S ATELLITE T ECHNICAL DATA

Fig. 8. Votes cast by a stick tensor located at the origin O. C is the center of
the osculating circle passing through points P and O.

Fig. 9. Road connections using tensor voting. (a) Input image. (b) Stick
saliency map. (c) Connection result.

where λi denotes the eigenvalues and ei denotes corresponding
eigenvectors. The tensor T can be decomposed as follows:


(20)
T = (λ1 − λ2 )e1 e1 T + λ2 e1 e1 T + e2 e2 T
where e1 e1 T is a stick tensor with associated saliency (λ1 −
λ2 ) which indicates an elementary curve and (e1 e1 T + e2 e2 T )
is a stick tensor with associated saliency λ2 that describes
a structure which has no orientation preference to a location
where multiple orientations coexist.
The saliency decay function has the following form:


DF(s, κ, σ) = e

−

s2 +cκ2
σ2

(21)

where s is the arc length OP (Fig. 8), κ is the curvature, c
controls the degree of decay with curvature, and σ is the scale
factor which determines the effective neighborhood size.
After tensor voting, vote analysis is performed to analyze the
point feature. The following cases have to be considered.
1) A point with (λ1 − λ2 ) > λ2 is classified as a curve
point.
2) A point with λ1 ≈ λ2 > 0 is classified as a region or
junction point.
3) A point with low values of λ1 and λ2 is classified as an
outlier.
An important advantage of tensor voting is that it can recognize global context refinement automatically and the connection
hypothesis does not need to be set in advance. Another advantage of tensor voting is that it has only one parameter, i.e., scale
factor σ, to be set by users. These advantages of tensor voting
make it an ideal choice to eliminate road discontinuities. Fig. 9
shows two examples of road connection results. It can be seen
that discontinuities are successfully removed.

Fig. 10. (a) Original image. (b) Reference road map. (c) Road extraction
result by pixelwise SVM [40]. (d) Road extraction by Tarabalka’s method [50].
(e) Road extraction by Fauvel’s method [31]. (f) Road extraction result by the
proposed method.

III. E XPERIMENTAL R ESULTS AND D ISCUSSION
This paper focuses on main-road extraction from urban remotely sensed imagery. In this paper, the definition of “main
road” depends on road width. The road whose width is 4–6 pixels is defined as “main road.” The corresponding road reference
map is generated by a hand drawing method.
In the following section, several experiments which test
the proposed method are described. The proposed method is
also compared with other methods in literature to show the
advantages and disadvantages of the proposed method.
A. Tests on Different Spectral–Spatial Classification Methods
The initial road network of the proposed method is extracted
using the spectral–spatial classification. In this experiment,
different spectral–spatial classification methods were used to
test the performance of road segmentation accuracy.
The experimental area is a part of the Xuzhou City image
recorded by an infrared multispectral spectrometer carried by
the Ziyuan-3 satellite, a Chinese Earth Observation satellite.
The Ziyuan-3 satellite technical data are given in Table I.
Fig. 10(a) gives the image of the data set. The hand-drawn
reference road map is given in Fig. 10(b). Fig. 10(c) shows
the road extraction result by pixelwise SVM classification [40],
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TABLE II
C OMPARISON OF D ETECTED ROAD ACCURACY BY D IFFERENT
S PECTRAL –S PATIAL C LASSIFICATION M ETHODS

Fig. 12. (a) Second-order moment distribution of information result. (b) Filtering result. (c) Road centerline extraction result. (d) Road network generation
result by tensor voting. (e) Road network and original image superposition. True
positives are shown in red, false positives in green, and false negatives in blue.

Fig. 11. (a) Study area image. (b) Hand-drawn reference road map.
(c) Classification result using SVM. (d) Example of local Geary’s C results.
(e) Binary classification of local Geary’s C map. (f) Fusion result.

and Fig. 10(d) shows the road extraction result by the algorithm proposed by Tarabalka et al. [50], using the expectation–
maximization clustering approach. The result by the algorithm
proposed by Fauvel et al. [31] is illustrated in Fig. 10(e), and
Fig. 10(f) shows the roadmap detected by the method proposed
in this study.
The classification accuracy and error rate [51] are used to
evaluate different spectral–spatial classification methods. The
results are presented in Table II. As can be seen, Tarabalka’s
method [50] and Fauvel’s method [31] achieve lower classification accuracy compared to pixelwise SVM, which uses
only spectral information. This is because many nonroad pixels
are misclassified as roads by using these two methods. The
results indicate that GAN integration, together with the spectral
classification results, substantially improves road classification
accuracy. Compared to classification using only spectral information, there is a 10% improvement in the proposed classification method. A vision comparison reveals that the completeness
and correctness of the proposed method are superior to those of
the other three methods. Hence, spectral–spatial classification
based on GAN is used in the proposed method.
B. Study Area I
In this experiment, an image recorded by the Ziyuan-3 satellite is used to verify the performance of the proposed method.
The image is 322 by 472 pixels. Fig. 11(a) shows the study
area in image form. The manually formed ground truth data
are shown in Fig. 11(b). The remote sensing image used in this
study has a spatial resolution of 6 m/pixel. At this resolution,
smaller roads are unclear; hence, only “main roads” with widths
of about 5–6 pixels are able to be extracted.
First, the MP was constructed by applying a series of GAN
openings and with increasing homogeneity tolerance. In this
paper, the homogeneity tolerance is set to 10, 20, . . ., 40.

SVM was then trained to classify the whole image. In this
paper, Libsvm library [52] was used to train the SVM classifier.
The optimal parameters were selected as C = 128 and γ =
0.00313. The SVM classification result is shown in Fig. 11(c).
The road features are shown in white, and the nonroad features
are shown in black. As can be seen from this figure, road
features are extracted well by spectral–spatial classification.
However, due to spectral similarity, false roads such as parks,
buildings, and bare soil were misclassified as roads, and further
processing was needed.
After spectral–spatial classification, local Geary’s C of each
band was computed. Fig. 11(d) shows an example of the local
Geary’s C result. The result shows that the homogeneous areas
have low intensity and edge pixels have large intensity. By
applying supervised binary classification, local Geary’s C map
was segmented into two parts: homogeneous regions and edge
pixels, as shown in Fig. 11(e), where homogeneous regions are
shown in white and edge pixels are shown in black.
The classification result and local Geary’s C binary result were fused by applying logical “AND” operation [see
Fig. 11(f)]. As can be seen, fusion of classification and local
Geary’s C result reduced misclassified roads to some extent.
Some misclassified roads which connected with roads were also
disconnected after applying information fusion, which is convenient to remove by using a shape feature in the following step.
Based on these results, it is concluded that information fusion
leads to improvement of the robustness of the extracted road.
After fusion processing, the second moment value of each
object in road imagery was computed. Fig. 12(a) shows the
second moment distribution. As can be seen in Fig. 12(a), the
second moment difference between road feature and nonroad
feature is obvious. In this experiment, the second moment
threshold is set as 0.33. The objects whose second moment
values are smaller than 0.33 were removed. The filtering result
is shown in Fig. 12(b). The locally weighted regression was
then performed to extract road centerline and is shown in
Fig. 12(b). The road centerline map is shown in Fig. 12(c). To
eliminate discontinuity, tensor voting was performed. In this
paper, the scale parameter was set as 20. The road network
generation result is shown in Fig. 12(d). The superposition
result of the original image and extracted road centerline is
shown in Fig. 12(e).
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Fig. 13. (a) Thinning algorithm extraction result. (b) Proposed method extraction result.

Fig. 15. (a) Second-order moment distribution. (b) Filtering result. (c) Road
centerline extraction result. (d) Road network generation result by tensor
voting. (e) Road network and original image superposition. True positives are
shown in red, false positives in green, and false negatives in blue.
TABLE III
P ERFORMANCE OF THE P ROPOSED M ETHOD

Fig. 14. (a) Image of the study area. (b) Hand-drawn reference road map.
(c) Classification result from SVM. (d) Example of local Geary’s C results.
(e) Binary classification of local Geary’s C map. (f) Fusion result.

Fig. 13 shows the comparison results produced by the thinning algorithm and the proposed method. It is clear from the results that the road centerline extracted by the thinning algorithm
has many spurs, which reduces the smoothness and accuracy
of the result. As seen from the results, the centerline extracted
by the proposed method does not produce spur and retains
the road’s smoothness. However, the result also indicates that
the proposed method fails to handle the complicated junctions,
such as the crossing circle.
C. Study Area II
In the second experiment, the developed method was tested
on another image of an urban area in Xuzhou. The image has a
spatial dimension of 469 × 477. An image of the data set and
the hand-drawn reference map are presented in Fig. 14(a) and
(b), respectively. In this experiment, the optimal SVM parameters were selected as C = 512 and γ = 0.5. The spectral–spatial
classification result is illustrated in Fig. 14(c). Local Geary’s C
map and its binary map are given in Fig. 14(d) and Fig. 14(e),
respectively. The fusion result of spectral–spatial classification
and local Geary’s C result is given in Fig. 14(f).
As for the previous experiment, the second-order moment of
each object was computed after performing information fusion.
The second-order moment distribution is shown in Fig. 15(a).
From Fig. 15(a), it is seen that the second-order moment values
of road and nonroad features are easily separated. In this experiment, the second-order moment threshold is 0.45. The filtering
algorithm with a threshold of 0.45 gave the result shown in
Fig. 15(b). The locally weighted regression algorithm was
performed to extract the road centerline, resulting in Fig. 15(c).

Fig. 16. Tests on scale parameter selection. (a) Original image: The gap in the
image is 20 pixels. (b) Connection result with σ = 1. (c) Connection result with
σ = 5. (d) Connection result with σ = 10. (e) Connection result with σ = 20.

The road network was then connected by the tensor voting
method to eliminate gaps between the road segments. Fig. 15(d)
shows the road network generation result. The superposition
result of the original image and extracted road centerline is
given in Fig. 15(e).
To evaluate the proposed method, the following three accuracy measures proposed by Wiedemmann et al. [53] were used
in this study:
TP
TP + FN
TP
E2 =
TP + FP
TP
E3 =
TP + FP + FN

E1 =

(22)
(23)
(24)

where E1 , E2 , and E3 denote completeness, correctness, and
quality, respectively, and TP, FN, and FP represent true positive,
false negative, and false positive, respectively.
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Fig. 17. Scale parameter influences on road network generation accuracy test. (a) Experiment I. (b) Experiment II.

Table III shows the proposed method performance.
Mayer et al. [4] claim that the achievement of a completeness
of at least 60% and a correctness of at least 75% is the
absolute minimum for road extraction results, before they can
be considered useful in practice. From Table III, it is seen that
the proposed method in this study achieves these goals.

D. Tests on Scale Parameter
Tensor voting is used in the proposed method to eliminate
the road discontinuity caused by image noise, such as shadows,
trees, and other obstructions. Only one parameter needs to
be set by the users: scale parameter σ. In this section, the
sensitivity of the proposed method to variations of the scale
parameter is tested, and the method and results are given in this
chapter.
First, a simulation image was used to test the influence of
the scale parameter setting on the connection result. Fig. 16(a)
shows an image with two disconnected line segments with a
20-pixel gap. Fig. 16(b)–(e) shows the connection results using
different scale parameters. As seen from the results, the gap
fails to connect when σ is too small (e.g., σ = 1). When σ
is progressively larger, the gap becomes increasingly smaller
(e.g., σ = 5) until it ceases to exist (e.g., σ = 10). However,
it should be noted that some undesired segments are produced
when σ is very large (e.g., σ = 20). This is mainly because
input tokens begin to heavily “cross talk” [46].
Second, two previous experimental road centerlines, extracted by locally weighted regression, were chosen to test the
scale parameter setting’s influence on connection result. Fig. 17
gives a quantitative evaluation result. As can be seen, the scale
parameter is linearly related to correctness. This is because,
as indicated earlier, the large-scale parameter will eliminate
most gaps and hence produce a more correct road network. It
is also seen that completeness and quality are first improved
when σ becomes larger (e.g., 1 ≤ σ ≤ 10) and then decreases
(e.g., 10 ≤ σ ≤ 30). Again, as indicated earlier, this is because
many undesired road segments are produced when σ becomes
larger. This phenomenon leads to a decrease of completeness
and quality. Thus, in conclusion, a moderate-scale parameter
σ should be carefully selected to achieve a balance between
correctness, completeness, and quality.

Fig. 18. Comparison of different road extraction methods on Ziyuan-3 images. (a) Input images. The hand-drawn road reference map is shown in red.
(b) Results of the method proposed by Shi and Zhu [12]. (c) Results of Song
and Civco’s method [13]. (d) Results of the method proposed by Miao et al.
[54]. (e) Results of Huang and Zhang’s method [16]. (f) Results of the proposed
method.
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TABLE IV
P ERFORMANCE OF D IFFERENT ROAD E XTRACTION
M ETHODS ON Z IYUAN -3 DATA S ETS

Fig. 20. Comparison of different road extraction methods on QuickBird
images. (a) Input images. The road reference map is shown in red. (b) Results
of the method proposed by Shi and Zhu [12]. (c) Results of Song and Civco’s
method [13]. (d) Results of the method proposed by Miao et al. [54]. (e) Results
of Huang and Zhang’s method [16]. (f) Results of the proposed method.

Fig. 19. Comparison of different road extraction methods on WorldView-2
images. (a) Three input images of size (512 × 512). The road reference map
is shown in red. (b) Results of the method proposed by Shi and Zhu [12].
(c) Results of Song and Civco’s method [13]. (d) Results of the method
proposed by Miao et al. [54]. (e) Results of Huang and Zhang’s method [16].
(f) Results of the proposed method.

E. Comparisons With the Existing Methods
In this section, the proposed method is compared with four
existing road extraction methods from the literature. These

four methods are introduced by Shi and Zhu [12], Song and
Civco [13], Miao et al. [54], and Huang and Zhang [16].
All methods were programmed and performed in MATLAB
[55]. Fig. 18 gives the comparison results of different road
extraction methods. To evaluate these methods quantitatively,
the completeness, correctness, and quality of each method are
computed. The results are presented in Table IV.
As is seen in Table IV, in terms of the completeness criterion, the proposed method gives the second best result after
Song and Civco’s method. Of all these methods, the proposed
method achieves the best performance in terms of correctness
and quality indices. From Fig. 18, it is seen that the thinning
algorithm used by Song and Civco’s method and Huang and
Zhang’s method leads to low values of correctness and quality.
Shi’s method depends on a binary map obtained by simple
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Fig. 21. Comparison of different road extraction methods on Ikonos images. (a) Input images. The road reference map is shown in red. The first, second, and
third rows were using Ikonos1-Sub1, Ikonos3-Sub1, and Ikonos3-Sub2, respectively. (b) Results of the method proposed by Shi and Zhu [12]. (c) Results of Song
and Civco’s method [13]. (d) Results of the method proposed by Miao et al. [54]. (e) Results of Huang and Zhang’s method [16]. (f) Results of the proposed
method.

TABLE V
P ERFORMANCE OF D IFFERENT ROAD E XTRACTION M ETHODS ON W ORLDVIEW-2 DATA S ETS

TABLE VI
P ERFORMANCE OF D IFFERENT ROAD E XTRACTION M ETHODS ON Q UICKBIRD DATA S ETS

thresholding. However, as urban imagery’s complexity, such
as image noise, material change, shadow, it is difficult to set
a suitable threshold value. This leads to low accuracy in Shi’s
method.
The proposed method has also been tested on several very high
resolution remotely sensed imageries, such as WorldView-2,
QuickBird, and Ikonos. The QuickBird data set can be downloaded from Wikimapia [56]. The comparison results of the
proposed method and several existing methods in the literature
are presented in Figs. 19–21. Figs. 19 and 20 show the results
obtained using the road extraction methods on satellite images

of developed urban areas, whereas Fig. 21 shows the results for
urban/suburban areas. The quantitative evaluation results are
presented in Tables V–VII. Clearly, it can be claimed that the
proposed method has some advantages compared to the existing
methods in this field, such as Shi and Zhu’s method [12], Song
and Civco’s method [13], and Huang and Zhang’s method [16].
The proposed method was also compared with other approaches
shown in Mayer et al. [4]. The quantitative evaluation results
are presented in Table VIII. As can be seen from Table VIII,
the proposed method yields the moderate accuracy, and the
accuracy of the proposed method is close to the best.
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TABLE VII
P ERFORMANCE OF D IFFERENT ROAD E XTRACTION M ETHODS ON I KONOS DATA S ETS

TABLE VIII
R ESULTS OF THE Q UANTITATIVE E VALUATION

IV. C ONCLUSION
In this paper, a framework for accurate and reliable road
centerline extraction from urban remotely sensed imagery has
been presented. Uniquely, this framework is an integrated
method which incorporates spectral–spatial classification, local
Geary’s C, shape features, locally weighted regression, and
tensor voting.
First, the MPs obtained from GANMM opening and closing have been used to implement spectral–spatial classification to extract initial road network. The experiments
indicate that GANMM-based spectral–spatial classification extracts initial road network with higher accuracy compared
with other spectral–spatial classification methods. The classification and local Geary’s C results are then fused in such
a way that it removes some misclassified roads and disconnects some misclassified roads from true roads. The fusion
approach improves the robustness and accuracy of the roads
extracted.
Second, a second-order moment, as it can effectively separate
road and other objects, is used to measure road shape features.
The advantage of using a second-order moment to measure road
shape feature is that the threshold is more easily determined
from the histogram.
Third, locally weighted regression is used to extract road
centerlines from classified imagery. A major advantage of
using regression is that it does not produce spurs like thinning algorithm, and hence, it retains the smoothness of road
centerlines.
Finally, tensor voting is used to solve certain problems of
discontinuity. The advantage of using tensor voting is that it
does not need to set the possible links between road segments in
advance. Tensor voting can infer possible connections between
two unconnected segments as it has a strong geospatial feature

inference. Another benefit of using tensor voting is that it only
has one parameter to be set by the user.
The proposed method has two parameters which need to
be set by users: 1) homogeneity tolerance value and 2) scale
parameter. The experimental results have been presented on two
urban images to evaluate the proposed method, which shows
that the proposed method achieves a good performance for
urban main-road network extraction. However, experimental
results show that the proposed method fails to handle complicated road junctions (i.e., circle junction). This is mainly because of the simplification of road centerline extraction model
based on locally weighted regression. A possible method to
overcome this problem would be to use a snake method to
handle junctions. Another limitation of the proposed method is
that it is not suitable for low-resolution imagery (less than 8-m
resolution). This is because main roads just have 2–3 pixels and
the local homogeneity of the gray values cannot be obtained.
The third limitation of the proposed method is that it currently
needs to train the SVM for each input image, which limits the
applicability of the method in practice. A possible solution to
this limitation is to collect massive amounts of road training
samples to perform the SVM training offline [2], which does
not require the interaction from users.
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