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Automatic Road Extraction from Aerial Images:
A Contemporary Survey

David Tien,Member, IEEE,and Wenjing Jia,Student Member, IEEE

Abstract— This paper describes a contemporary literature re-
view outcomes on automatic road extraction from aerial images.
The main focus is on automatic road extraction, but it also
discusses the possible extension on automatic extraction of other
man-made objects, such as buildings, dams, swimming pools, etc..
This paper first discusses the background of the topic, including
the difficulties of the problem and the evaluation methods. Then
five typical method currently proposed for road extraction are
reviewed. Technical details are critically reviewed for future
reference and comparison. The advantages and disadvantages
of each approach are discussed. Based on this discussion, future
work and possible methods are suggested.

Index Terms— Review, automatic road extraction, aerial im-
ages.

I. I NTRODUCTION

DEVELOPING a spatial searching engine to enhance the
search capabilities of large spatial repositories for GIS

update, which is able to automate the process of identifying
objects from has now attracted more and more attention of
researchers. The recent interest is mainly in identifying objects
from high-resolution aerial images, thanks to the technical
development on high-resolution remote sensor. The major
interest for such purpose is in identifying small structures,
such as individual road segments and buildings.

In terms of road extraction solely, the extraction of roads
in high-resolution images is believed as a more difficult task
than detecting from low resolution images [1]. This is because
in low resolution aerial images the width of roads typically
ranges from one pixel to a few pixels and the extraction
of road networks is equivalent to the detection of lines or
detection of strong curvilinear structures. However, with high
resolution images, the road-width can vary considerably, and
additional variations are present such as vehicles, shadows cast
by buildings and trees, overpasses, and changes in surface
material. These variations often make the extraction of road
networks a difficult problem [1].

Methods for extracting roads from aerial images can befully
automatedor semi-automated. In semi-automated approaches,
initial points or directional information of roads are usually
needed to be set manually by operators, such as the one
presented in [1], where an initialseed pointis needed from
the operator. Much research on automatically extracting roads

from aerial images has been reported during the past several
years.

Furthermore, the evaluation of the extraction has been dis-
cussed by some researchers as well. Many use the evaluation
method proposed by Heipke et al. in [2]. The quality of road
extraction is evaluated via two measures, i.e.,completeness
and correctness. The “correctness” denotes the ratio of the
length of the correctly extracted roads to the length of all
extracted roads. The “completeness” denotes the ratio of the
correctly extracted roads and the length of the reference roads.
Some, like in [1], also introduced theaccuracyandprecision
to measure the accuracy of the extraction. In either standards,
a ground truth is firstly generated manually.

In this paper, five typical method currently proposed for
road extraction are reviewed. Technical details are critically
reviewed for future reference and comparison. The advantages
and disadvantages of each approach are discussed. For com-
parison purpose, we also cite some experimental results from
the references.

II. M AYER ET AL .’ S MULTI -SCALE AND SNAKES BASED

METHOD FORROAD EXTRACTION

This paper [3] was published in ECCV’1998. Authors were
from Technology University Munich, Germany.

A. Basic Idea

The method proposed in this paper is based on multi-scale
analysis. It firstly extracts thelines of roads in acoarse scale.
As said in this paper, though these lines are not precise enough,
they are “less disturbed” by vehicles, trees, or shadows. These
lines initialize the locations of theroad ribbons in a finer
scale. Then, in the finer scale, several specialised methods
are used to detect the exact locations of road network. This
is implemented via detectingsalient roads, non-salient roads,
and road crossings respectively. In this paper,salient roads
are defined as road segments which have “constant width”.
The salient road segments are firstly extracted. Then, the
connections between adjacent ends of salient road segments
are checked to see if they correspond to non-salient road
segments.

The method was designed for road extraction in rural
areas, but it has also demonstrated success in complicated
areas. From the experimental results shown in the paper,
most roads can be correctly delineated and connected into a
network. The method has demonstrated “high precision” in
terms of correctness and completeness, and “reasonable” time
for extraction.
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Fig. 1. The line detection result using Seger Line Detector from [4].

B. Methodologies

The first step of the method is to extract thelines in a coarse
scale. The method used for this is a detector of curvilinear
structures proposed by Steger in [4].

Then, the boundaries of the line structures which correspond
to the lines in coarse scale are extracted withribbon snakes.
This is an extension version of the original snakes proposed
by Kass et al. in [5].

1) Line Extraction: The method used in this method for
detection curvilinear structure is called “Steger’s Detector” [4].
This algorithm, as claimed, can not only return the precise
subpixel line position, but also the width of the line for each
line point also with subpixel accuracy. Further research work
needs to be carried on this algorithm.

2) Snakes:A snake is an energy-minimizing spline, pro-
posed by Kass et al. in [5]. Snakes areactive contour models
as they lock onto nearby edges accurately. But snakes cannot
solve the entire problem of finding salient image contours.
They rely on other mechanisms to place them somewhere
near the desired contour. Hence, with the initial position of
road lines being detected through line extraction method in a
coarse scale, the snake algorithm can be used to return the
accurate position of the road ribbon.

C. Some Experimental Results

Here, we cite some experimental results from above refer-
ences.

Figure 1 shows the result using Seger Line Detector for line
detection from a low-resolution aerial image.

Figure 2 shows the road extraction result presented by
Mayer et al. in [3]. Note that, the quality can be affected by
low-resolution of image captured from the original article. The
claimed correctness of the result shown in this figure is97%,
the completeness claimed is83%, and the processing time
elapsed for the image (1800× 1600 pixels) is18 minutes [3].
Hence, the reported algorithm is of great interest to me.

Fig. 2. The road network extraction of Mayer et al.’s system from [3].

III. SHACKELFORD’ S LONG-L INE BASED METHOD FOR

ROAD EXTRACTION

The reported method was published in a conference pro-
ceedings, IGRSS2003 [6]. Authors were from University of
Missouri-Columbia. Experiments were performed on high-
resolution satellite images from urban and suburb areas. The
reported extraction completeness is82−85%, and the correct-
ness is71−85%, which is relatively low compared with Mayer
et al.’s method. Next, the methodologies and experimental
results are briefly reviewed. Based on these, our comments
on this method are offered.

A. Methodologies

In this paper, roads are identified as connectedlong linear
segments, which have “spectrally similar groups of connected
pixels oriented along a long narrow line”. Hence, for each pixel
in the image, the longest and shortest line segments, passing
through the pixel and consisting of spectrally similar pixels,
are identified. All straight-line segments with angles from0o

to 180o passing through the pixel are examined, with a step
angle of∆θ, e.g.,∆θ = 10o. The following information is
stored for each pixeli:

• lmax
i : the length of the longest line segments passing

through the pixel;
• lmin

i : the length of the shortest line segments passing
through the pixel;

• θi: the angle of the longest line segment; and
• ~pi,1 and~pi,2: the locations of the end points of the longest

line segments that passes through the pixel.

It was believed that, the longer a line segment is, the more
confidence of it being classified as part of road network.
Hence, starting from pointj which has largest value oflmax

j ,
the corresponding long line segments are then iteratively added
to the road network, until no line segments longer than a preset
length threshold. For the line segment to be identified as a
segment of road, the majority of angle values of all pixels
in the line segment must be in “agreement” withθj , and the
average value of the minimum length values of all pixels in
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the line segment must be less than the road width threshold
set by the user.

Then, after a line segment meeting road criteria is identified,
the end points of the line segment are allowed to grow
by examining small areas around the end points. New line
segments in those areas that meet road criteria are extended.

B. Experimental Results

Two experimental results cited from this paper [6] are shown
in Figure 3 for urban image and suburb image respectively. It
can be seen that, this algorithm successfully extracted most
straight-line road segments, and most failure cases are among
curvilinear road segments. The paper does not show case with
broken roads. But from its extraction mechanism, it may be
easily derived that, this algorithm cannot deal with broken
roads with larger gaps (larger than the allowed searching area).

(a) Urban aerial image (b) Road extraction result of
image in (a)

(c) Suburb aerial image (d) Road extraction result of
image in (c)

Fig. 3. The road network extraction results of Shackelford et al.’s system
cited from [6].

C. Our Comments

As described above, Shackelford et al.’s method presented
in [6] relies on long straight-line segments passing through
image points in road segments. Hence, it is no wonder that
it works well for road segments which have a profile of
long straight-line. But for road segments with a profile of
curvilinear line, or broken road segments (may be caused by
occlusion, e.g.), such long straight-line segments are usually
unavailable. Hence, the algorithm has difficulty in tracking
curvilinear roads and closing gaps in the extracted road
network, both of which result in degradation in accuracy and

completeness of the extraction. Moreover, there are several
parameters, mostly thresholds, need to be set by users, which
are image-dependent. This greatly constraints the applicability
of the algorithm.

IV. YAGER’ S ROAD EXTRACTION METHOD USING SVMS

This paper was published in CAIP03 [7]. The authors were
from School of Computer Science and Engineering, University
of New South Wales, Australia.

A. Methodologies

In this paper, the Support Vector Machines (SVMs) were
applied to road extraction based onedgefeatures. The authors
claimed that the work presented in this paper is “significantly
different from other work that has been with SVMs in the
remote sensing domain.

Although the powerful classification performance, the idea
of SVMs has not yet been applied in remote sensing domain
much. SVMs experiments have been conducted on land cover
classification1 in [8], [9], and [10].

Instead of using low-level features, such as pixel intensities
or local texture features for classification, as did in above
mentioned papers, the authors usededge-basedfeatures that
were extracted from images.

Starting from low-level objects, the system introduced in
this paper incrementally builds higher-level objects, and the
output from one level of classification is used as input to the
next level. The levels are:
• road edges,
• road edge pairs,
• linked road edge pairs,
• intersections, and
• road networks.

On each level, different classification methods were chose.
SVMs experiments have been conducted on Levels 1 and 2.

On level 1, Canny edge detection was first performed on
input images to obtain edge maps. Edges adjacent enough
were connected properly. Then edges are segmented into small
segments that can be approximated by straight line. Then, two
features:edge lengthand edge gradient, are used to classify
if a segment of edges belong to any road edges. On level 2,
opposite road edges are paired to create road segments, using
another two features:pair width andenclosed intensity.

B. Experimental Results

In this paper, the authors performed experiments on rural
images, showed the classification results on the above two
levels, and evaluated them using the tow metrics: completeness
and correctness. Figure 4 shows the road extraction result
cited from [7]. The average completeness of the demonstrated
results are91.67%, and the average correctness of the results
are21%. These values are actually rather low. But, since the
more accurate results are expected to generate with higher
level operations, such results were claimed as “encouraging”.

1Land cover classification is one of most important applications of remote
sensing technology. It consists of segmenting a remote sensing image into
regions and categorizing the regions based on their land cover.
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Fig. 4. The road network extraction of Yager et al.’s system from [7]. Up-left:
the original image; up-right: reference road network; bottom-left: classification
result on level 1; and bottom-right: classification result on level 2.

C. Our Comments

This paper presents a preliminary results using SVMs for
road extraction based on edge features. Although the correct-
ness of the extraction results claimed in this paper is very
low, it can be improved with further higher-level operations, as
suggested by the authors. Moreover, the extracted road using
this method cannot secure a connected clean network.

V. WANG’ S URBAN ROAD EXTRACTION METHOD USING

ADABOOST

This paper was published in ACCV06 [11]. The authors
were from Institute of Automation, Chinese Academy of
Sciences, China.

A. Methodologies

The idea used in this paper was to use a scanning window
moving around the given input aerial image. At each posi-
tion, the image area covered by the scanning window was
classified using a pre-trained multi-layer classifier as either
“road” or “non-road”. Features that reflect road characteristics
were used, includingcoverage ratio of bright lines,direc-
tion consistency, andLocal Binary Patterns (LBP)-based fea-
tures [12][13]. The classifier was trained using the AdaBoost
learning algorithm.

B. Experimental Results

The algorithm was tested on Quickbird imagery, which
resolution is0.61m/pixel. Figure 5 shows the road extraction
results. As said in this paper, “majority of main urban roads
has been extracted correctly”. The quantitative evaluation
was based on thelength of extraction results and reference
roads. The authors claimed that “ both the completeness and
correctness are fairly good”: the average completeness of the
extraction results on the three images was92.3%, and the
average correctness was94.9%. But from the extraction results
shown in the paper (as shown in Figure 5), this cannot be seen
clearly.

(a) Aerial image (b) Road extraction result

Fig. 5. The road network extraction result of Wang et al.’s system cited
from [11].

C. Our Comments

In this paper, the multi-layer classifier is trained using the
AdaBoost learning algorithm. Since the multi-layer classifier
is a cascade of multiple classifiers and only positive outcomes
from previous layer can reach the next layer, this algorithm is
less time consuming. However, in this algorithm, the scanning
window moves in a way from left to right and then from
top to bottom in either horizontal or vertical direction, while
most road segments in aerial images are not in horizontal nor
vertical direction. This directly results in that the extracted
road boundary is “not very precise”, which can be seen from
Figure 5.

On the other hand, the algorithm was claimed “works very
well” on images where there were buildings, trees, and a few
cars around or on the roads. The reason for this is probably that
“the vehicles on roads are aligned with the road direction and
also appear as bright lines, which resemble road markings”.

VI. M ENA’ S SEGMENTATION BASED ROAD EXTRACTION

METHOD

This paper was published in PRL(2005) [14]. The authors
were from Alcala University.

A. Methodologies

The basic procedure of the method is briefed as follows.
After a simple noise smoothing process using a3× 3 median
filter, a texture-analysis-based segmentation operation was
performed pixel by pixel to generate a binary-level image
representing “road” pixel candidates and “non-road” pixels.
Hence, the crucial step of this method is thetexture-analysis-
based segmentation operation. The segmentation process is
based on texture analysis, which offers a binary image as input
of a posterior vectorization process. Next, this segmentation
method is briefly introduced. The detailed idea of this segmen-
tation method and some colour image segmentation results on
general images can be found in three papers, i.e., [15], [16],
and [14].

General image segmentation is an important step for many
object detection related vision applications. Many segmenta-
tion techniques can be used for road extraction in order to
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obtaina segmented image where the road area is differentiated
from various backgrounds. Therefore, many researchers have
included different general image segmentation techniques in
their road detection systems.

The image segmentation method proposed by Mena and
Malpica is asupervisedimage segmentation method which is
based on colour texture analysis. By “supervised” method, it
means in order to correctly differentiate the area of interest,
proper sample area of the object is needed as atraining set.
The training set is represented by several pixels under the area
of interest. At each pixel, three distances between the studied
pixel and the training set is measured in three aspects, based
on which a decision is made. By “texture-analysis-based”, it
means, in this algorithm texture-related features are defined
and extracted.

The simplest way of classifying whether a given pixel in
an image, denoted by~x, belongs or not to the area of interest
is to calculate thedistancebetween the pixel and the pixels
in the training set, to see if the studied pixel is close enough
to the training set to be classified as the same group of the
training set. Hence, Mena and Malpica used three statistical
features to measure the “distance” between a given pixel to
the group of pixels in the training set in three aspects.

The first distance is used to compare the similarity between
thecolour valueof eachindividual pixel to the average colour
value of the pixels in the training set. TheRGB colour
space was used for this purpose. The Mahalanobis distance
was used instead of the Euclidean distance, since the former
was believed to provide a better approximation thanks to the
introduction of the covariance matrix among the three colour
components. Performing the above computation on each pixel
of the input image, a distance map can be obtained, of which
the value at each pixel indicates the distance of the pixel to
the training set in terms of colour values under the metric of
Mahalanobis measurement.

The second distance is used to measure the similarity
between the distribution of pixels in a small neighbourhood
centered at the given pixel and the distribution of the pixels
in the training set. The distribution of the pixels in a5 × 5
window which is centered in the given pixel is investigated
and compared with the the distribution of the pixels in the
training set. The Bhattacharyya distance is used to measure
the distance between the two distributions.

The third distance is rather complicatedly designed. A multi-
dimensional histogram, which is composed of the distributions
of six Haralick features of cooccurrence distribution among
the three colour components of a3 × 3 neighbourhood, is
constructed for a small neighbourhood centered at the given
pixel. Another Bhattacharyya distance is computed between
the cooccurrence distribution of the studied neighbourhood and
the cooccurrence distribution of the pixels in the training set.

When the values of the three distances are obtained, they
are fused to yield only one for each pixel according to
the Dempster-Shafter Theory of Evidence, calledplausibility.
Then, a threshold is manually tuned to binarize the plausibility
map into a binary-level image.

B. Experimental Results

Figure 6 shows an example.

(a) Original aerial image

(b) Road extraction result

Fig. 6. The road network extraction results of Mena et al.’s system cited
from [14]

C. Our Comments

The road extraction method presented in this paper was
based on asupervisedcolour image segmentation method,
which was previously proposed by the same authors in [15]
and [16]. Hence, this road extraction method is a supervised
method. The authors claimed that the method was an “auto-
matic” method, which actually is not (apparently), as for each
studied aerial image (i.e., the target image), from which the
road is to be extracted, a “training set” of road profile is needed
in advance as the standard template.

In regard to the extraction performance, according to the
performance on the five images shown in the paper, the average
completeness rate is81%, and the average correctness rate is
87%. The correctness rate, compared with the97%-correctness
rate reported by Mayer et al. in [3], is10 percentage lower,
and the completeness rate is similar.

However, the idea of the supervised road extraction method
can be easily applied to other man-made object extraction,
such as red roof, blue swimming pool, or other named objects.
All the system needs is a training set, which can be specified
by the operator using an easy operation. For instance, the
operator can use the mouse to click the interested objects
on the aerial image. The system will automatically pick up
a proper area of the clicked object and use the area as the
training set. The other procedure can adopt the idea shown in
this paper. Moreover, the texture-based features introduced by
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the authors can be improved in order to improve the overall
completeness and the correctness rates.

VII. D ISCUSSION ANDFUTURE WORK

In the previous sections of this paper, we have reviewed
several automatic road extraction methods. These work include
Mayer’s snakes-based method, Shackelford’s long-line-based
road tracking method, Yager and Wang’s classification-based
method using SVM and AdaBoost trained classifiers, and
Mena’s segmentation-based method. Though this review is far
from a comprehensive one (a more comprehensive survey on
road extraction can be found in [17]), more technical details
and critical comments are given towards each method. The
methods reviewed above include the most popular methods
for road extraction. In this section, we discuss the open issue
and our future work.

A. Discussion

In terms of the correctness of the extracted road, the snakes-
based method can extract most of road networks with a very
high accuracy.

In terms of speed (although this is not the most critical
issue for many applications), the classification-based methods
can provide a much faster solution, though the extracted road
might not be very accurate and the correctness rate may be
relatively low.

In terms of extendability of the method, the classification-
based method and the segmentation-based method both pro-
vide a extendable idea of extracting other man-made objects
from aerial images. With slight modification, these ideas can
be applied into other purposes. For instance, if we use a roof
to train the classifier or as the training set, the system will then
be able to extract roof objects. More specially, compared with
Wang’s idea, Mena’s idea provides a more interactive mode
of extractingany man-made objects from aerial images. For
each kind of extraction, the operator will have the freedom
to decide what object to extract via just clicking any of them
using his mouse.

B. Future Work

For most applications of automatic man-made object detec-
tion from aerial images, none of the current available methods
can achieve both high correctness rate and high completeness
rate at the same time on their own testing images. Due to this
fact, for our future research work on this area, the following
two suggestions are proposed.

First, for extracting linear and curvilinear roads, we can
combine the idea proposed in Mayer’s method and Mena’s
texture analysis based method to achieve a both accurate and
more robust extraction result.

Secondly, for extracting other man-made objects with vari-
ant shapes, colours, and sizes, segmentation-based method is

more preferable. There is still a large space to improve Mena’s
method, as it is currently not robust to colour variations.
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