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Abstract— Bright lines are a characteristic feature of synthetic
aperture radar (SAR) amplitude images of urban areas, and are
commonly associated with man-made structures. In order to aid
in the development of SAR applications using these features,
an automated approach to bright line detection is proposed,
based on scale-space ridge detection at a single scale, and using
a naïve Bayesian classification step to select the ridge points
corresponding to bright lines. The effectiveness of the technique
is demonstrated by applying it to a COSMO-SkyMed image of
L’Aquila, Italy.

I. INTRODUCTION

The launches of the COSMO-SkyMed constellation and
the TerraSAR-X mission have made very high resolution
Synthetic Aperture Radar (SAR) data widely available for
civilian remote sensing applications, greatly increasing the
level of detail visible in SAR images of urban areas.

A characteristic feature of metre-resolution SAR amplitude
images of urban areas are bright, narrow lines, which arise
from the geometry of man-made structures. For example,
bright lines can be caused by direct specular scattering from
surfaces normal to the sensor’s look vector, such as gabled
roofs, or by multiple-reflection scattering from two or more
adjacent and mutually perpendicular surfaces, such as a build-
ing’s wall and an adjacent paved road. Optical models have
been developed for the analysis and simulation of building
backscatter [1], and these have been inverted and applied to
double-reflection lines manually extracted from SAR images
in order to estimate parameters such as building height [2]–[4].

In order to make it easier to take advantage of bright line
features in urban SAR image interpretation, an automated
method for identifying points in a SAR image that lie on bright
lines was desired.

A previous family of methods which are widely-used for
detecting linear features in SAR images are based on the
Hough transform [5], [6]. The Hough transform requires an
expensive optimisation step, and does not cope efficiently with
large-area images containing many short, disjoint lines.

Another family of common techniques for this task are
those based on directional filtering [7], [8]. These have the
drawback that line angle resolution is limited by the number
of directional filter kernels used.

This paper presents a novel approach to bright line extrac-
tion based on direct ridge point detection (described in Sec. II)

and subsequent classification of detected ridge points in order
to remove dim and/or weak lines (Sec. III). It includes the
results of applying the method to a SAR amplitude image
from COSMO-SkyMed (Sec. IV).

II. RIDGE POINT DETECTION

A. Height definition for ridge points

The detection of bright lines in a SAR image is an ap-
plication of ridge detection. There are a large number of
different definitions of a ‘ridge’ (an overview of many of the
more common ones is provided by [9]) and it is therefore
necessary to clarify that the ridge detection method described
in this paper is based on the height definition for a ridge.
Let f : R2 → R+ be a SAR amplitude image. Define the
negated Hessian matrix of f , W = −Hess (f), and let k1, k2

and ν1,ν2 be its eigenvalues and eigenvectors, ordered such
that |k1| ≥ |k2|. Then a point in the image x is a bright ridge
point if:

k1 > 0 and νT1∇f (x) = 0. (1)

B. Ridge detection in scale-space

Based on this height definition of a ridge point, [10]
describes a scale-space approach to ridge detection. A brief
summary of this method follows, in order to introduce ter-
minology used later in this paper. The scale-space represen-
tation L : R2 × R+ → R of the image f is defined by
L (x; t) = g (x; t) ∗ f , where the scale parameter t is the
variance of the Gaussian kernel g : R2×R+ → R. The scale-
space derivatives are defined by Lxαyβ (x; t) = ∂xαyβL (x; t),
where (α, β) denotes the order of differentiation. At any image
point x0 a local (p, q) coordinate system is defined, aligned
with ν1,ν2, where W is formed from the second-order scale-
space derivatives:

W (x; t) = −
[
Lxx (x; t) Lxy (x; t)
Lxy (x; t) Lyy (x; t)

]
(2)

By analogy to (1), a point x0 is bright ridge point of scale
t if:

Lpp (x0; t) < 0 and Lp (x0; t) = 0 . (3)



C. Adaptation to SAR urban bright line detection

Finite impulse response (FIR) filter approximations are used
for g and the derivative operator ∂, and these are provided by
the separable discrete scale-space (DSS) formulation proposed
by [11]. Using these small, separable filters has the great
advantage of allowing the scale-space to be computed quickly
and efficiently.

Instead of extracting ridge segments as described in [10],
the implementation described in this paper extracts only points.
Once the ridge metrics Lpp and Lp have been computed, bright
ridge points are found by first locating zero-crossing points of
Lp by linear interpolation along rows and along columns, and
then testing the sign of the corresponding interpolated value of
Lpp. Each detected point therefore lies on the intersection of
a bright line and the centreline of a row or column of pixels.

All three principle operations in the ridge detection pro-
cess (i.e. DSS creation, eigendecomposition of W , and zero-
crossing detection) can easily be carried out in parallel, per-
mitting efficient multi-threaded implementation. This allows
the ridge detection program to take full advantage of modern
multicore CPU architectures, and ensures that the algorithm
can easily scale to very large images.

A method is described in [10] for multi-scale ridge de-
tection, whereby a normalised ridge strength metric RnormL
is used to select the optimal scale for a ridge point. Unfor-
tunately, for a typical SAR image (with size of order 108

pixels), prohibitively large amounts of memory are required
for the creation of the scale-space and ridge metrics. Instead,
the approach presented in this paper is based on carrying
out ridge extraction at a single characteristic scale tc. The
development of an efficient multi-scale approach is a problem
currently under study.

III. RIDGE POINT CLASSIFICATION

Ridge point detection detects both strong ridges (e.g.
double-reflection lines) and weaker ones (e.g. arising from
random noise in the image). A classification step allows ridge
points that are of interest to be distinguished from those that
are not. In this paper, a naïve Bayes classifier [12] is used to
classify each detected ridge point x. Two mutually-exclusive
classes B and B are defined (‘bright line’ and ‘not bright line’
respectively), with two feature variables.

The first feature variable R1 is the linearly-interpolated SAR
backscattering amplitude at x, i.e. r1 = f (x). It is modelled
by a G0

A distribution, R1 ∼ G0
A (α, γ, n), which has been

demonstrated by to be a viable model for highly heterogeneous
urban scatterers [13], [14]. The estimated parameters θ̂1 =
{α̂, γ̂, n̂} are derived from the training data using the log-
moment method described in [14].

The second feature variable R2 is the the γ-normalised
square principle curvature difference r2 = Nγ−normL (x)
[10], a measure of ridge strength at x, where

Nγ−normL = t4γ (Lxx + Lyy)
2×(

(Lxx − Lyy)2 + 4L2
xy

)
.

(4)

The authors propose to model the distribution of R2 by
the log-normal distribution R2 ∼ lnN

(
µ, σ2

)
, and to use

the maximum a posteriori (MAP) parameter estimates θ̂2 =
{µ̂, σ̂} from the training data.

The MAP decision rule is used to determine into which
class a ridge point x should be placed:

ln
p (B)
p
(
B
) +

2∑
i=1

ln
p (ri (x) |B)
p
(
ri (x) |B

) B
≷
B

0. (5)

This approach allows both the ‘brightness’ and the ‘sharp-
ness’ of a ridge to be taken into account in the classification.

IV. RESULTS

The ridge detection and ridge point removal algorithms
were tested by applying them to a single-look SAR amplitude
image of L’Aquila, Italy, acquired by the COSMO-SkyMed
constellation on 22nd March 2009. The image has an azimuth
and range resolution of 0.8 m. The authors have not yet
been able to obtain ground truth data for the target area for
validation of results.

A. Estimation of tc
First, a characteristic scale tc to be used for ridge point

detection was determined. A sample set of N = 70 bright
line points {xi} in the SAR image were manually identified,
and the corresponding optimal scales

topt,i = arg max
t

Nγ−normL(xi, t) (6)

were found. tc was chosen as the mean of topt, rounded to
the nearest 1/3. The value found was tc = 31/3.

B. L’Aquila barracks

A military barracks in the northwest of L’Aquila was chosen
as a target site for training the classifier. The site has two
properties that make it suitable:
• Well-separated buildings, reducing the problems of lay-

over and shadow.
• Buildings with relatively simple geometry, providing a

variety of well-defined bright lines.
A 256× 256 pixel SAR amplitude image segment containing
the barracks is shown in Fig. 1a. The 17510 ridge points
detected with tc = 31/3 were classified using a supervised
process, as shown in Fig. 1b, and this classification was
used to train the Bayesian classifier. The estimated parameters
are shown in Table I, and the training data histograms and
corresponding estimated probability density functions (PDFs)
are shown in Fig. 2.

To verify the classifier, it was used to classify the ridge
points of the training image (Fig 1c and Fig. 1d). The Bayesian
classifier classified 9.80% of the ridge points differently to
the supervised classification (7.16% false alarms and 2.65%
misses). A qualitative assessment of the results suggested that
the high false alarm rate was due to the Bayesian classification
correctly classifying bright lines that had been omitted from
the supervised classification.
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Fig. 1: L’Aquila bright line detection results. B is shown in red, and B in blue. Barracks: (a) original image, (b) supervised
classification of detected ridge points, (c) Bayesian classification of detected ridge points, (d) Bayesian classification of detected
ridge points (B only). Piazza del Duomo: (e) original image, (f) detected bright line points. Processed from COSMO-SkyMed
product © Agenzia Spaziale Italiana 2009. All rights reserved.
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Fig. 2: MAP probability distributions of R1 and R2 after training. The training data histogram is plotted with lines, and the
estimated feature models with dashes.



Feature R1 ∼ G0
A (α, γ, n) R2 ∼ lnN

`
µ, σ2

´
Parameter α̂ γ̂ n̂ µ̂ σ̂

B −2.25 1.45× 105 4.90 15.5 3.02

B −1.64 1.29× 104 6.72 7.24 4.40

p (B) 0.12

TABLE I: Estimated parameters for Bayesian classifier.

C. L’Aquila Piazza del Duomo

The trained classifier was then used to classify ridge points
detected with the same tc = 31/3 in a segment of the SAR
image covering the cathedral square (Piazza del Duomo) in
the ‘old town’ area of L’Aquila (Fig. 1e). This area of the
image contains very densely-packed buildings and a very
heterogeneous environment, with strong overlay and shadow
effects in evidence, making manual extraction of bright lines
challenging. Fig. 1f shows the bright line points detected using
the Bayesian classifier. Note in particular the clarity with
which the overlay of the building on the south-east edge of the
square has been picked out, and that bright lines have been
successfully extracted from high-noise areas (e.g. along the
north edge of the square).

V. CONCLUSION

A new approach to the detection of bright lines in very
high-resolution single-look urban SAR images is proposed,
including the novel application of scale-space ridge detection
to SAR data using a single characteristic scale. A classification
step based on the naïve Bayes classifier is proposed for
selection of the ridge points corresponding to bright lines, and
suitable feature variables and corresponding statistical models
are suggested. The technique is demonstrated by applying it
to a single-look COSMO-SkyMed SAR amplitude image of
L’Aquila, Italy.

The technique improves on established methods for SAR
image linear feature detection, providing both greater scala-
bility than Hough transform methods and single-step detection
of bright lines at any orientation.

The problem of distinguishing between bright lines due
to direct and double-reflection scattering is currently under
study, and more extensive testing is to be carried out both on
other SAR images and on other parts of the L’Aquila dataset.
Additionally, the potential application of automatic bright line
extraction to urban change detection is being explored.
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