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Spectral–Spatial Classification and Shape Features
for Urban Road Centerline Extraction
Wenzhong Shi, Zelang Miao, Qunming Wang, and Hua Zhang

Abstract—This letter presents a two-step method for urban
main road extraction from high-resolution remotely sensed imagery by integrating spectral–spatial classification and shape features. In the first step, spectral–spatial classification segments the
imagery into two classes, i.e., the road class and the nonroad class,
using path openings and closings. The local homogeneity of the
gray values obtained by local Geary’s C is then fused with the road
class. In the second step, the road class is refined by using shape
features. The experimental results indicated that the proposed
method was able to achieve a comparatively good performance in
urban main road extraction.
Index Terms—High-resolution remotely sensed imagery, local
Geary’s C, main road extraction, path openings and closings,
shape features, spectral–spatial classification.

I. I NTRODUCTION

R

OAD information is vital in the management of many
aspects of daily life such as urban design, navigation,
and image registration. With the aid of computer technology,
road extraction from remotely sensed imagery is an economic
and effective way to acquire road information. Over the past
decades, various road extraction algorithms have been proposed
[1]. Many methods are region based [2]–[6] which extract initial
road networks based on classification. As such, region-based
road extraction methods depend on the accurate classification
results. Satisfactory classification results, however, are difficult
to obtain because most classification methods are based only on
spectral information and do not consider the spatial features of
the image. To enhance classification accuracy, spectral–spatial
classification [7] which uses both spectral and spatial information has been proposed. In this field, local spatial statistics
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Fig. 1.

Flowchart of the proposed method.

[8], [9] which measure local autocorrelation have been used to
describe spatial information. Mathematical morphology (MM)
is also one of commonly used methods to produce image spatial
structures [10]–[12]. However, classical MM depends on a fixed
shape structuring element (SE). Consequently, this method is
not sufficiently flexible to simultaneously detect curved and
rectilinear structures. Other spectral–spatial classification methods can be found in the paper written by Plaza et al. [7].
Another approach to incorporate spatial information consists in
the use of the road’s shape features [4], [13]–[15]. Although
the integration of shape features shows a good performance in
road extraction, it is difficult to obtain universal shape feature
extraction methods for all situations [13], and further study is
necessary.
In this letter, a new method for urban main road extraction
from high-resolution remotely sensed imagery is proposed.
This method integrates spectral–spatial classification and shape
features and consists of two steps. First, path openings and
closings are used to produce morphological profiles (MPs) for
spectral–spatial classification, and the imagery is classified into
two categories, i.e., the road class and the nonroad class. The
local Geary’s C is then used to measure the local homogeneity
of the gray values. After that, classification and the local
homogeneity results are combined by information fusion rule.
Second, the road class is filtered by shape features to remove
misclassified roads.
The remainder of this letter is organized as follows. In
Section II, the new method is presented. Experimental results
are reported in Section III. Conclusions are drawn in Section IV.
II. M ETHODOLOGY
As indicated earlier, the focus of this letter is urban “main
road” extraction from high-resolution remotely sensed imagery.
The definition of “main road” depends on the road width. Roads
whose width is greater than a threshold are considered as “main
roads.” Fig. 1 gives a summary of the proposed method.
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tering, and local Geary’s C detects edge areas. Since the purpose of homogeneous property measurement is to distinguish
homogeneous areas from edges, local Geary’s C is selected to
characterize the local homogeneity of the gray values.
The local Geary’s C is defined as

w2

wab (d)
¯
I(xa ) − Iw (xij ) a b

c(xij ) =  
a

× [I(xa ) − I(xb )]2

Fig. 2. (a)–(d) Four different adjacency relationships. (e) Original data points
are shown in red, and the adjacency is shown in gray. (f) The result of path
opening with Lmin = 6. The retained and discarded pixels are shown in red
and blue, respectively.

A. Spectral–Spatial Classification
The purpose of step A is to classify the imagery into road
and nonroad classes using spectral–spatial classification based
on path openings and closings. The path opening and closing
method was first proposed by Buckley and Talbot [16], and
the theoretical foundation was given by Heijmans et al. [17].
The main idea of path openings and closings is to replace
classical MM’s SEs by a family of nonstraight line segments
with flexible length Lmin . A path opening of Lmin is equivalent
to the supremum of all openings with SEs composed of Lmin
connected pixels that are arranged according to a specific adjacency relationship [18]. Fig. 2(a) and (d) shows four different
adjacency relationships, and Fig. 2(e) and (f) presents an example of path openings. To avoid adjacency relationship selection,
the supremum of openings on these four adjacencies and the
infimum for closings are selected [18]. Detailed information
about path openings and closings is presented in [16]–[18].
The spectral–spatial classification is implemented by the
following two steps.
1) Generate MPs by applying path openings and closings.
MPs [11] are a composition of morphological processing
with an increasing size of the SE. These elements contain
the information about size and shape of objects in the
image [11]. The MPs at the pixel xij of the image I are
computed as
MP(xij ) = {PathClosingL min=n (xij ), . . . ,
I(xij ) . . . , PathOpeningL min=n (xij )} .

(1)

2) Implement classification with support vector machine
(SVM) [19], taking MPs as input features. In this letter,
Gaussian kernel is selected, and the parameters C and γ
are determined by fivefold cross-validation.

(2)

where w is the window size, xa and xb denote two pixels in the
window, I(xa ) and I(xb ) are their corresponding gray values,
I w (xij ) is the mean of all pixels’ gray values in the window, d
is the distance between xa and xb , and wab is the weight at
distance d so that wab (d) = 1 if point xa is within distance
d from point xb or wab (d) = 0 if otherwise. The window
size of local Geary’s C is determined by experiment results.
Small homogeneous regions cannot be correctly measured by
local Geary’s C with a large window size (i.e., 6 × 6 pixels).
Therefore, the window size is set to 2 × 2 pixels in this letter.
Here, an approach to compute local Geary’s C index from
the B-band multispectral remotely sensed imagery is presented.
Specifically, the local Geary’s C indices of all bands are computed and then averaged
c(xij ) =

B
1 
cλ (xij )
B

(3)

λ=1

where cλ (xij ) is the local Geary’s C of band λ at the pixel
xij , λ = 1, 2, . . . , B.
The homogeneous regions have low values of local Geary’s
C, while edge pixels have large values. Therefore, homogeneous regions can be extracted by thresholding on the local
Geary’s C map.
C. Information Fusion
It is difficult to completely separate roads from other manmade objects based only on classification [4] due to the urban
image complexity. A solution is to fuse different road characteristics. In this study, the classification result and the local
homogeneity of the gray values are combined by an information
fusion scheme to improve the initial road map accuracy. The
information fusion scheme is defined as

road, if xij is assigned to class road
xij =
(4)
in step A and c(xij ) ≤ Tc
nonroad, otherwise.
The Tc is defined as
Tc = median(Q)

(5)

where Q = {c(xij )|xij is assigned to class road in step A}.

B. Homogeneous Property Measurement

D. Shape Features

The goal of step B is to measure the local homogeneity of the
gray values using local spatial statistics [20]. The local spatial
statistics have three commonly used indices: 1) Getis–Ord Gi ;
2) local Moran’s I; and 3) local Geary’s C. Getis–Ord Gi
detects hot spots well, local Moran’s I identifies pixel clus-

After information fusion, some misclassified roads are removed. However, information fusion cannot discard misclassified roads completely. To further discard misclassified roads,
road shape features are explored. These features are measured
by the following: 1) area; 2) linear feature index (LFI); and
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3) average length between two junctions (ALJ), which are
introduced as follows.
1) Area: A road is commonly a continuous feature with
a relatively larger area than other man-made features.
Hence, segments with small area values can be viewed
as nonroad class and removed.
2) LFI: Roads are generally narrower and longer than other
artificial objects. This characteristic is described by LFI
which is computed as follows.
a) Using connected component analysis to divide pixels
into connected components and extracting the centerline for each component by the method proposed
by Uitert and Bitter [21]. The component is then
converted to a rectangle which satisfies
LW = np
s. t. L = length of centerline of component
np = area of the component

(6)

where L and W are the length and width of the new
rectangle and np is the component area.
b) LFI is calculated by
LFI =

L
L
L2
=
=
.
W
np /L
np

(8)

where nJ is the junction number and nJ + 1 is to
prevent the expression to have a zero denominator.
In the real world, the distance between two road
junctions should not be too short. Therefore, segments
with small ALJ values are removed. Above all, segments
which satisfy (9) will be judged as road
SArea ≥ TArea and SLFI ≥ TLFI and SALJ ≥ TALJ

TABLE I
C OMPARISON OF S PECTRAL –S PATIAL C LASSIFICATION M ETHODS

(7)

The road should have a large LFI value; thus, segments
with small LFI values are removed.
3) ALJ: ALJ is calculated by the following three steps.
a) Extraction of the centerline of each component.
b) Calculation of the length and junction number of
the centerline. Any pixel that has more than two
neighboring pixels is defined as the junction. In this
letter, the junction is detected using the mathematical
morphological method [22].
c) ALJ is calculated by
ALJ = L/(nJ + 1)

Fig. 3. (a) Original image. (b) Road reference map. (c) Road extraction result
by pixelwise SVM. (d) Road extraction result by method of Tarabalka et al.
[10]. (e) Road extraction result by method of Fauvel et al. [11]. (f) Road
extraction result by the proposed method.

(9)

where SArea , SLFI , and SALJ denote the area, LFI, and
ALJ values of the component, respectively. TArea , TLFI ,
and TALJ are the corresponding thresholds that are empirically determined.
III. E XPERIMENTAL S TUDY
A. Tests on Spectral–Spatial Classification Methods
The proposed method is compared with some existing
spectral–spatial classification methods in the literature. A part
of a suburban satellite image in Xincheng District, Xuzhou City,
was selected as the experimental data. The image was recorded
by the multispectral spectrometer carried by the Ziyuan-3 satellite on August 11, 2012. The spatial resolution is 6 m per pixel,
and the number of bands is four. In this letter, the road whose
width is greater than four pixels is considered as the “main

road.” The reference road map is generated by hand drawing
method. Fig. 3 shows the road extraction results of different
spectral–spatial classification methods.
When quantifying the performance values, three accuracy
measures proposed by Wiedemann et al. [23] were used to evaluate the proposed method: 1) Completeness = TP/(TP + FN);
2) Correctness = TP/(TP + FP); and 3) Quality = TP/(TP +
FP + FN). TP, FN, and FP mean true positive, false negative,
and false positive, respectively. TP is the length of matched
extracted data within the buffer around the reference road data,
FP is the length of unmatched extracted data, and FN is the
length of referenced data which are not located within the buffer
around the extracted data. The buffer width was set to 12 m in
this study. The comparison results are presented in Table I.
As can be seen from Table I, incorporating spatial information into spectral–spatial classification methods significantly
improves the road extraction accuracy. The highest road extraction accuracy is achieved when using spectral–spatial classifiers
based on path openings and closings. More precisely, compared
with those of the pixelwise SVM classification, the completeness and correctness of the proposed method are greater by 26%
and 12%, respectively. Table I also indicates that the method
by Tarabalka et al. and the proposed method achieved similar
quality values. This is because the proposed method only
implemented spectral–spatial classification without subsequent
filtering based on shape features. The accuracy of the proposed
method would be further improved by filtering using shape
features.
B. Experiments
A subset of a Ziyuan-3 satellite image located in Jiuli District, Xuzhou City, was selected as the second study area. The
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Fig. 5. (a) Image of the study area. (b) Road reference map. (c) Road
extraction and original image superposition result.
TABLE II
Q UANTITATIVE E VALUATION OF T HE P ROPOSED M ETHOD

Fig. 4. (a) Image of the study area. (b) Hand-drawn road map. (c) SVM
classification result. (d) Local Geary’s C result. (e) Thresholding result of local
Geary’s C map. (f) Fusion result of (c) and (e). (g) Filtering result. (h) Road
centerline extraction result. (i) Superposition result. True positives are shown
in red, false positives in green, and false negatives in blue.

study area has a spatial dimension of 322 × 472 pixels. Fig. 4(a)
shows the study area image. The road reference map obtained
by visual interpretation methods is shown in Fig. 4(b).
First, MPs of all spectral bands were constructed by applying
a series of path openings and closings with increasing Lmin
(i.e., 10, 20, and 30). After the MP construction step, the
imagery was classified by SVM using LIBSVM library [24].
In this study, 5% of the samples for each class from the ground
truth data were randomly chosen as training samples, and the remaining samples compose the test set. The optimal parameters
C and γ were chosen by fivefold cross-validation: C = 32 768
and γ = 0.0078125. The resulting SVM classification map is
given in Fig. 4(c), where the class road is shown in black while
the class nonroad is shown in white. As seen from Fig. 4(c),
road features were satisfactorily extracted by spectral–spatial
classification. However, due to the spectral similarity, some
areas (e.g., parks and buildings) are falsely classified as roads,
which necessitates further processing.
As the road is a continuous feature, roads should be located
in homogeneous areas. After spectral–spatial classification, the
local homogeneity of gray values was then computed. First, the
local Geary’s C of each band was computed. The final local
Geary’s C result obtained by (3) is shown in Fig. 4(d). The
result shows that the homogeneous areas have low intensity
while edge pixels have large intensity. The thresholding algorithm with the intensity threshold obtained by (5) generates the
result in Fig. 4(e). From Fig. 4(e), it is seen that the imagery
was thresholded into two classes: homogeneous areas and edge
pixels. The classification result and the thresholding result were
then combined by applying the information fusion rule to obtain
the initial road map. The fusion result is shown in Fig. 4(f).
From Fig. 4(f), we can find that many man-made structures
with spectral reflectance similar to that of roads are effectively
discarded.
Finally, the initial road map was filtered by shape features
to extract a pure road map. The filtering with the criteria that
TArea = 50, TLFI = 40, and TALJ = 50 generates the result

in Fig. 4(g). It is observed that most misclassified roads are
eliminated by using shape features but several correct road segments were also removed. The removal of these roads is mainly
because their completeness was damaged after the application
of the fusion rule. The thinning result is shown in Fig. 4(h).
The superposition result of the extracted road map and original
remotely sensed imagery is shown together in Fig. 4(i).
Fig. 5 shows road extraction results using a Ziyuan-3 satellite
image of an inner city in Quanshan District, Xuzhou City.
The test area in Fig. 5(a) has a spatial dimension of 469 ×
477 pixels. The road reference map is presented in Fig. 5(b). In
this experiment, the optimal parameters of SVM chosen by fivefold cross-validation are C = 128 and γ = 0.5. The thresholds
for shape features were TArea = 60, TLFI = 15, and TALJ =
50. The road extraction and original image superposition result
is shown in Fig. 5(c), where true positives, false positives, and
false negatives are shown in red, green, and blue, respectively.
The quantitative evaluation results of the two experiments are
given in Table II. From Table II, it is seen that the proposed
method successfully distinguished main roads from urban remotely sensed imagery. However, Table II also shows that the
completeness in studied area III is much lower than that in
studied area II. This is mainly because the spatial pattern in
studied area III is more complicated than that in study area II,
and thus, more road segments are removed after filtering based
on shape features.
The proposed method is also tested on an IKONOS imagery
provided by Prof. H. Mayer. The studied area and the corresponding road reference map are given in Fig. 6(a) and (b), respectively. Fig. 6(c) shows the road centerline extraction result.
The proposed method was quantitatively compared with those
methods provided by Mayer et al. [25], and Table III presents
the comparison results. As can be seen from the table, Bacher’s
and Hedman’s methods obtain the highest quality value, i.e.,
0.78, while 0.60 for the proposed method is moderate. Contrary
to expectations, this study did not achieve the highest accuracy.
The reason for this is that some misclassified segments are
linear [see Fig. 6(c)] and cannot be filtered out using shape
features. On the other hand, Fig. 6(c) also indicates that most
misclassified roads are located in vegetation areas, and thus,
in future investigations, it might be possible to improve the
proposed method by integrating vegetation index.
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Fig. 6. (a) Image of the study area. (b) Road reference map. (c) Road extraction result with the parameters TArea = 50, TLFI = 15, and TALJ = 50.
The true positives are shown in red, false positives in green, and false negatives
in blue.
TABLE III
C OMPARISON OF D IFFERENT ROAD E XTRACTION M ETHODS

IV. C ONCLUSION
An integrated main road extraction method has been proposed in this letter. The proposed method was tested using two
experiments, and the following features are demonstrated: 1)
The proposed method, based on the fusion of spectral–spatial
classification and local spatial statistics, is feasible and effective
for urban main road extraction and it was also confirmed that
many man-made structures which have spectral reflectance
similar to that of roads can be satisfactorily eliminated using the
fusion scheme, and 2) shape features can retain linear features
and most nonlinear features were removed. Filtering by shape
features leads to an increase of road extraction accuracy.
The proposed method was tested on 4–6-m test images, and
it worked well. However, if the image resolution is lower than
6 m, the local Geary’s C cannot work correctly. This is because
the road width at this resolution is only one to two pixels and
the local homogeneity cannot be measured by local Geary’s C.
Hence, the proposed method is not suitable for low-resolution
imagery. The thresholds of shape features were set by the trial
and error method in this letter. To avoid the threshold selection
problem and the limitation of only “main road” extraction,
road shape features will be used as measures of structural
information to extract roads in future research.
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