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Abstract. Automatic road extraction from satellite images is one of the most important
areas of research in the field of remote sensing. The method proposed in this study is based
on a fuzzy method for the detection of road areas from high resolution SAR images. In
this method, the multiple features are extracted first, using the backscatter coefficients of
each pixel and its neighboring pixels. The extracted features are combined with each other
in the next step using a fuzzy algorithm, and, finally, the desired road areas are selected
separately considering spatial and spectral criteria. The proposed algorithm is tested on
different scenes of TerraSAR-X images. Experimental results reveal that the proposed
method is effective.

© 2015 Sharif University of Technology. All rights reserved.

1. Introduction

Manual extraction of features from satellite images
by expert operators requires high costs and time.
Therefore, automatic extraction of the features from
satellite and aerial images is basic research, in terms
of the automatic generation of spatial information and
mapping. Roads and buildings are most important,
as well as frequent, features when preparing maps of
urban, suburban and rural regions.

Synthetic Aperture Radar (SAR) images have
advantages over optical images, mainly because of
weather independence and their ability to operate both
day and night. Currently, automatic road extraction
from Very High Resolution (VHR) SAR data is a
research topic in great demand. However, task com-
plexity increases, and is not eased by the enhanced
resolution due to speckle noise. The fact that buildings
along the road may mask them, or reduce their visibil-
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ity, further complicates the road detection problem. It
is noted, here, that some satellites, like TerraSAR-X,
RADARSAT-2 and COSMO-SkyMed, incorporate an
appropriate resolution for extraction of roads, even in
urban areas.

Since the 1990s, many researchers have addressed
this topic [1,2].

A nearly automatic detection algorithm using the
Markov random field was proposed by Tupin et al.
for linear features, such as the main axes of road
networks [3]. Jeon et al. [4] developed a technique for
the detection of roads in a SAR image using a genetic
algorithm.

Tupin et al. [5] presented a technique for the
detection of roads in dense urban areas using SAR
imagery based on a multiscale framework. Dell’Acqua
et al. [6] presented an algorithm for road extraction
based on multiple road detectors and logical feature
fusion in fine resolution SAR imageries. Bentabet et
al. [7] updated road vectors using SAR imagery with-
out human-computer interaction, with comprehensive
knowledge provided by a road database.

Wessel [8] also studied automatic road extraction
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from airborne SAR imagery supported by context
information. Chen et al. [9] applied particle filtering
in tracking consecutive road segments from SAR im-
ages. Lisini et al. [10] presented a road extraction
method comprising the fusion of classification results
and structural information in the form of segmented
lines. The approach was tested for airborne SAR data
of resolution better than 1 m.

Li et al. [11] presented a road extraction method
from high-resolution dual-polarization SAR data over
urban areas based on a two road detector extraction
and feature-level fusion. Stilla and Hedman [12]
used a Bayesian network, in an already existing road
extraction approach, for road extraction from SAR
imagery. Hedman et al. [13] proposed a combination of
two road extractors from VHR SAR scenes: one more
successful in rural areas and one explicitly designed for
urban areas. In order to get the best combination of
both, a rapid mapping filter for discriminating rural
and urban scenes is utilized.

To improve the performance of road extractors
on SAR images, Zhou et al. [14] used the image of
polarimetric SAR systems, which measures a target’s
reflectivity using four polarizations. Liu et al. [15]
presented a road extraction method from SAR imagery
based on an improved particle filtering and snake
model.

From this information, one can see that much
work on road extraction has been undertaken using
automatic or semi-automatic methods in aerial or satel-
lite SAR images. As a basic step in all the mentioned
methods, the local detection procedure plays a critical
role and determines the overall performance of road
detection procedures.

In the present work, we aim to improve the
road area detection task in SAR images by exploiting
multiple spatial and spectral feature extraction, defined
as the range of a window in the vicinity of a pixel,
and a fuzzy-based feature fusion method, in comparison
with methods using segmentation, like Negri [16]. In
fact, with meter or sub-meter spatial resolution, roads
in SAR data may be more precisely modeled as dark
elongated areas surrounded by bright edges, which
are due to double-bounce reflections by surrounding
buildings or uniform backscattering by vegetation. The
effect is more pronounced for roads oriented in a range
direction. As a result, there are many bright areas
with high contrast adjacent to them. Therefore, the
features in this paper are defined exactly, based on
the above mentioned issues, which include aligned,
dark and high contrast pixels with their adjacent
regions.

In the rest of this paper, Section 2 introduces the
materials and methods used in the current research,
while the results are discussed in Section 3. Finally,
Section 4 gives some conclusions and suggestions.

{ Input SAR image ]

{ Feature extraction }

e Least total radiance
e Direction of least total radiance
e Contrast

{ Fuzzy-feature fusion ]
e Mamdani’s FIS
{ Refinement ]

e Spatial & spectral criteria

{ Raster map of roads network ]

Figure 1. Diagram of the proposed road area detection
method.

2. Materials and methods

The method proposed in this paper is divided into three
steps, as depicted in Figure 1:

1. Feature extraction: The features adapted to road
properties in high resolution SAR images are ex-
tracted.

2. Fuzzy-feature fusion: The extracted features are
fused based on a fuzzy algorithm to detect road
areas.

3. Refinement: The spatial and spectral criteria are
used for refinement of extracted roads. In the
following subsections, we describe, in detail, the
method, emphasizing the adaptation of the algo-
rithm for suburban areas.

In this research, we have endeavored to achieve desir-
able results using multiple detectors. Thus, straight
linear features of the image are investigated, consid-
ering the spatial relation between each pixel and its
neighbors. Then, diagnosis of the road segments is
improved in the next step by a fuzzy combination of
the results derived from each detector.

It was previously mentioned that the road appears
as extended dark areas with relatively light edges
in high resolution SAR images [14]. Therefore, one
should search for pairs with parallel edges or with
homogeneous or extended dark areas. Taking into
account each of the following conditions may generate
undesirable results. Thus, a more precise answer would
be a combination of the above mentioned conditions
and ideas.

2.1. Feature extraction
In order to extract pixels of a road, the first step is
to calculate some spatial features in a square window
around the central pixel, p(7, 7). However, each of these
features is a function of the window size, R X R.
Figure 2 depicts how to select the neighbors of
pixel p(i,7) on the image.
The sum of radiance in the specific direction of #
in the selected window is the total radiance, which is
given as [16]:
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Figure 2. Selection of neighborhood pixels.

k=R/2

r(i, 5, R, 0) = > pl[i + kcos(8)], [j + ksin(8)]).
k=—R/2 (1)

The direction of the least total radiance, as the first
feature, is defined as:

00(i,j, R) = argmingr (i, j, R,0), €[0° 180°). (2)
The corresponding total radiance of 8y, as the second
feature, is also defined as:

TO(ivij) =T(iajaR790)- (3)

#y and r¢ demonstrate dark areas elongated around the
pixel, p(7, §), which is extended in the current window.

Assuming that these areas are appropriate candi-
dates for road areas, their contrast with other areas
(average total radiance of other directions) must be
high. Therefore, the third feature is the value of the
contrast, which is defined as:

_To(ivij) ) (4)

where, n represents the number of directions for which
the value of total radiance has been calculated.

It is clear that features, 6y, 7o and c¢q, display
different information. All of them are a function of the
window size, R X R, and each of them may reproduce
incorrect results. So, incorrect results are expected
to be deleted by combining them. It is noted here
that the wider and longer road areas are detected from
dimensions of the larger windows, whereas the narrower
and shorter road areas are characterized by smaller
dimensions.

2.2. Fuzzy-feature algorithm

The road areas in SAR images are determined with
a fuzzy algorithm, called a fuzzy-feature algorithm,
based on three features. Fuzzy logic provides a simple
way to arrive at a definite conclusion based upon
imprecise, uncertain, ambiguous, vague or missing
input information. Fuzzy set theory, introduced by
L. Zadeh in the 1960s, resembles human reasoning in
its use of approximate information and uncertainty to
generate decisions [17].

A classical fuzzy inference system consists of a
rule base, membership functions, and an inference
procedure (see Figure 3).

We define three linguistic variables; Least Total
Radiance (LTR), contrast (Co) and Direction of Least
Total Radiance (DoLTR) as input, and variable Road
as output of the fuzzy system. Table 1 shows the terms
of each linguistic variable.

IF-THEN rules are statements that make fuzzy
logic useful. Geunerally, a single fuzzy IF-THEN rule
can be formulated according to:

IF z is A; THEN y is B.

A and B are linguistic labels defined by fuzzy sets on
the range of all possible values of z and y, respectively.
The first sentence is called antecedent, and the second
consequent.

For recognizing a road area in HR-SAR images,
one of the IF-THEN fuzzy rules might be: IF LTR
is Low AND Co is High AND DoLTR is Close to
local average value, THEN the pixel area is Road.
This example reveals an important aspect of fuzzy
reasoning: The rule base should include observations
of the important features.

Some of the other suggested fuzzy rules are:

e If (Co is Low), Then (Road is False).

e If (Co is High) AND (LTR is Low) AND (DoLTR is
Moderate), Then (Road is True).

o If (Co is High) AND (LTR is Middle) AND (DoLTR
is Moderate), Then (Road is Probable).

Formulating the rules is more a question of the ex-
pertise of an operator than of a detailed technical
modeling approach. Given the rules and input features,
the degree of membership to each of the fuzzy sets
has to be determined. Fuzzy processing of the input
features requires a specification of the linguistic labels

Fuzzification

\ Input t Implication

Aggregation Defuzzification Output

Figure 3. Overall flow of a fuzzy inference system.
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Table 1. Linguistic variables and labels for the fuzzy-feature algorithm.

Linguistic Fuzzy sets Type Range Parameters
variables
Low Trapmf® [0 1] [-0.1 0 0.2 0.3]
Co Middle Trimf** [0 1] [0.25 0.35 0.45]
High Trapmf [0 1] [0.4 051 1.1]
+ Low Trapmf [0 1] [-0.1 0 0.4 0.55]
é" LTR Middle Trimf [0 1] [0.5 0.65 0.8]
- High Trapmf [0 1] [0.70.85 1 1.1]
Close to local average Trapmf [0 1] [-0.1 0 0.05 0.0625]
DoLTR Moderate Trimf [0 1] [0.058 0.1 0.2]
Far to local average Trapmf [0 1] [0.150.25 1 1.1]
= True Trimf [01] [-0.1 0 0. o]
“S- Road Probably Trimf [0 1] [0.4 0.65 0.8]
© False Trimf [0 1] [0.7 1 1.1]

*: Trapezoidal membership function;

**: Triangular membership function.

which represent fuzzy sets. The linguistic variables:
Three linguistic input variables and one linguistic
output variable, and their fuzzy sets, used in the
investigations, for each extracted feature, are listed
in Table 1. Three fuzzy sets are assigned to each
input variable, which reflect an interactively carried
out examination of all possible values of the features.
In practice, this assignment is mostly a mixture of
expert knowledge and examination of the desired input-
output data. Also, three fuzzy sets are chosen for
the linguistic output with True, Probably and False.
Widely applied membership functions are triangular
and trapezoidal functions with a maximum equal to 1
and a minimum equal to 0. Sufficient overlap of neigh-
boring membership functions is taken into account to
provide smooth transition from one linguistic label to
another.

The fuzzy AND or OR operators combine the
membership values of the input features in each rule,
which results in one of the antecedents of that rule. The
next step is the implication of the antecedent to the
consequent. Implication is carried out for all rules and
another step is to aggregate the output fuzzy sets over
all rules. Inputs of aggregation are truncated output
functions returned by the implication process for each
rule. The result of the aggregation process is one fuzzy
set for each output variable. What remains in the
final step is to defuzzify the fuzzy set and to produce
a crisp output. A favorite defuzzification method is
to calculate the center of gravity, which determines
the center of the area under the aggregated output
function (centroid). In our approach for fuzzy-feature
fusion, as shown in Figure 4, we follow the Max-Min
approach proposed by Mamdani [18], because it offers
some advantages with regard to intuitive, widespread

acceptance, and is well suited to human input. As
depicted in Figure 4, for three feature values of a pixel:
LTR=0.52, Co=0.3 and DoLTR=0.06, as inputs to the
model, the process of the fuzzy system is undertaken
to make a fuzzy resonance result. This figure shows
the pixel is “Road” and the corresponding defuzzified
value is equal to 0.903. For a comprehensive study of
fuzzy logic and Fuzzy Inference Systems (FISs), please
refer to [19].

2.3. Refinement

The last step of the road detection algorithm is the
selection of proper road areas on the image of the
features. Two criteria are utilized for this purpose,
namely, spatial and spectral.

Spatial criterion: According to the ground spatial
resolution of the sensors, small detected areas cannot
be part of the road network. So, they are negligible
enough to be ignored. To this aim, areas containing 40
pixels or less can be deleted from the road areas.

Spectral criterion: Areas detected with very high
average radiances cannot be part of the road network
(considering the average total radiance of the image).
So, they are ignored. In other words, the areas with
radiances greater than a fraction of the average total
radiance are deleted.

3. Results and discussion

The proposed methodology is illustrated by means
of real radar images. Two test images, which were
acquired by the TerraSAR sensor, with a spatial
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Figure 4. Fuzzy inference system based on our approach.

Table 2. Parameters of feature fusion based on fuzzy logic.

Parametersp FIS type

Valuep Mamdani min max min

And method Or method Implication Aggregation Defuzzification # of rules

resolution of 1m, are used. The first test image (Fig-
ure 5(a)), dated 19th April, 2011, shows an area over
Jam, Bushehr, in Iran, and the second (Figure 6(a)),
dated 15th December, 2007, covers a part of Toronto,
Canada. The first image shows a relatively “clean”
area. In the second image, a complex scene, which
contains many road intersections as well as buildings,
is presented.

The multiple features were obtained in the first
step according to Section 2.1. Images of each feature
are illustrated in Figure 5(b)-(d) and Figure 6(b)-(d)
for experimental data sets 1 and 2, respectively.

In the next step, as described in Section 2.2.,
the image of the features is fuzzified first and then
combined with each other by fuzzy logic. Finally, the
defuzzification stage is used in the model to assign

the expected (crisp) value for the output image. All
parameters are listed (with implemented values) in
Table 2.

The obtained images from combining the features
are shown in Figures 5(e) and 6(e).

In the following, spectral and spatial criteria were
separately applied on the image in order to improve the
performance and to select proper road areas. Thereby,
those areas with average radiance greater than 70% of
the average total radiance of the images, or the areas
whose sizes are smaller than 40 pixels, were ignored.
The obtained results are depicted in Figures 5(f) and
6(1).

The results of applying the above mentioned
criteria are entitled “TSX-JAM-Refinement” and are
listed in Table 3.
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Table 3. Indexes of accuracy analysis for different input images.

Method SAR image RCC BCC RMSC
TSX-JAM 0.93 0.67 0.81
Proposed method TSX-JAM-Despeckled 0.93 0.72 0.83
TSX-JAM-Refinmented 0.93 0.81 0.87

TSX-TORONTO-Refinement 0.67 0.83 0.76

TSX-JAM-and
Negri’s method

0.59 0.87 0.74

TSX-TORONTO-and 0.54 0.85 0.71

(g)

Figure 5. The experimental results on the first TerraSAR
image from Iran: (a) The testing image from Bushehr,
Iran; (b) LTR image; (c) contrast image; (d) DoLTR
image; (e) result of fuzzy feature fusion; (f) result of
refinement; (g) ground truth; and (h) classified image of
detected roads (green: correctly detected areas, blue:
incorrectly detected areas, red: undetected areas, white:
non-road areas).

One of the basic requirements for the systems
which perform a task automatically is to analyze
their accuracies. Therefore, various criteria have been
employed to assess the accuracy of the surveyed road.
Wiedemann [20] has provided a thorough discussion in
this regard.

The corresponding pixels of the road area image
are compared with the pixels of the reference road

(8)

Figure 6. The experimental results on the second
TerraSAR image from Toronto: (a) The testing image
from Toronto; (b) LTR image; (c) contrast image; (d)
DoLTR image; (e) result of fuzzy feature fusion; (f) result
of refinement; (g) ground truth; and (h) classified image of
detected roads (green: correctly detected areas, blue:
incorrectly detected areas, red: undetected areas, white:
non-road areas).
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image in order to numerically analyze the accuracy of
the road detection obtained from a logical combination
of the images related to the radar imagery features.
For this purpose, a binary image of the reference
road network must be created by a human opera-
tor and some numerical parameters: Road detection
Correctness Coeflicient (RCC), Background detection
Correctness Coefficient (BCC) and Root Mean Square
Coefficient (RMSC) are considered.

Multiplying pixels of the final image by those
of the binary image and calculating their average
products will give a RCC. This RCC criterion can be
deemed a measure of the average ability of the above
mentioned algorithm in the detection of the existing
pixels of the road in this image. In other words, in
order to show the nature of the pixels in terms of
road detection, RCC demonstrates the percentage of
the acceptable results of the applied method.

For inversion of the values associated with the
binary image obtained from the reference road network,
and by repeating the discussed operations for calculat-
ing the RCC, a similar criterion called BCC is used.
This parameter acts as a criterion for showing how
this algorithm performs to diagnose and distinguish the
background road pixels. Also, to calculate RMSC, the
following equation is defined:

2 2
RMSC — \/(RCC ;BCC ), (5)

The optimum value for RCC, BCC and RMSC is 1.

As seen in Figure 5(g), all the road pixels are
labeled with 0, while all the background pixels are
labeled with 1. By multiplying the corresponding pixels
of the reference image in the final binary image, the
parameters of RCC, BCC and RMSC are calculated
and the obtained numerical results are summarized in
Table 3.

An inherent issue in all SAR imagery is speckle
noise, which is a variation in backscatter from inhomo-
geneous cells. This type of noise reduces the image
contrast, which has a direct, negative effect on the
texture based analysis of the imageries. Meanwhile,
speckle noise also changes the spatial statistics of the
underlying scene backscatter, which, in turn, makes the
classification of imageries a difficult task.

There are different filters for reduction of the
noise effect on the SAR images. One of the most
common filters for this purpose is Gamma-MAP [21].
The Maximum A Posteriori (MAP) filter is based on
a multiplicative noise model with nonstationary mean
and variance parameters. This filter assumes that the
original Digital Number (DN) value lies between the
DN of the pixel of interest and the average DN of the
moving kernel.

The equation of this filter is the following cubic

Eq. (5):
I —II? + o(I - DN) = 0, (6)
where:
I: Sought value,
I: Local mean,
DN : Input value,
o The original image variance.

The filtering is controlled by both the variation
coefficient and the geometrical ratio operators extended
to the line detection.

Moreover, ERDAS IMAGINE software with a
gamma filter and a kernel size of 3 x 3 and 5 x 5 was
used for studying the sensitivity of the algorithm to
speckle noise. All steps of the algorithm from A to
7 were applied on the above mentioned image. The
obtained results are listed in Table 3, named “TSX-
JAM-despeckled”.

As can be seen in Table 3, no improvement was
made in the RCC parameter by applying a gamma
filter and/or reduction of speckle noise. Thereby, as
was previously expected, it can be concluded that the
abovementioned algorithm has no sensitivity to the
existing speckle noise in the SAR images, and this
insensitivity is due to the nature of the extracted
features which use the information of neighboring
pixels.

By taking into consideration the results obtained
from numerical accuracy analysis, it can be concluded
that the sensitivity of this algorithm is mainly focused
on the detection of road areas, and that applying the
spatial and spectral criteria in choosing proper road
areas has added to the aforementioned sensitivity.

As usual, roads parallel to the incident direction
are much more visible than the others. This influence is
particularly important in very dense urban structures,
where nearly half of the road network is invisible to
SAR sensors, due to shadowing and layover effects [5].

As shown in Figure 5(h), areas Al to A4, which
indicate regular rows of trees and probably traces of
passing agricultural machinery, are detected as road
areas. Furthermore, the algorithm is able to detect B1
to B2 areas, as previously undetected, due to one of
these reasons:

e Areas without sufficiently high contrast in compar-
ison with their surroundings;

e Areas completely covered by adjacent trees; or

e Areas located at margins of the image.

Consequently, the results are strongly dependent on the
width and visibility of roads in the input images.
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Table 4. Parameters for feature binarization.

Features Threshold Window size
0o Ty = 8° 22 pixels
ro T, = 0.90 17 pixels
co T. =0.90 17 pixels

The feature combination method is compared
with the AND operator used by Negri [16], which
was utilized considering the proper threshold values
indexed in Table 4. The corresponding results are given
in Table 3, under the names of “TSX-JAM-and” and
“TSX-TORONTO-and”.

The results of the proposed method have an
improvement, in terms of RCC, as seen in Table 3.

4. Conclusion

Recovery of the road networks using the remote sensing
of high resolution optical and SAR images has become
a frequent application of these images. The candidate
areas for roads were obtained in this study by surveying
multiple feature extraction, based on the difference
between road pixels, compared to their surroundings,
and then by combining them in a fuzzy method. The
obtained results indicate the success of the algorithm
in the detection of road areas in comparison with
the method using a logical AND operator, as well
as being insensitive to speckle noise. Also, the tests
shown in this study allow an understanding of the
potential of the presented method for applications
where no detailed road extraction is required. It is,
thus, possible to contribute to regularization of road
areas using mathematical morphology functions and
applying them to the final image.
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