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Communication

Detecting Step Edges in Noisy SAR Images:
A New Linear Operator

Philippe Paillou

Abstract—We present in this communication a new linear edge detector
that is very well suited to process noisy images. Performances of the
new operator have been evaluated using Canny’s criteria together with
experimental comparison results on a noisy SAR image.

I. INTRODUCTION

A critical step for computer image processing is the edge-detection
process. Edges are associated with intensity changes in the image and
are efficient descriptors of the image structure. Results of the edge-
detection process are used in higher level image analysis stages such
as pattern recognition and three dimensional (3-D) reconstruction
[12], [17]. An edge detector should satisfy several criteria: low
sensitivity to noise, good edge localization, and no false edges
detection [1].

Several operators were developed such as, for instance, mor-
phological edge detectors [9]–[11] and differentiation-based edge
detectors [2]–[4], [8], [13], [15], [16]. The latter are mainly based
on either detection of maxima of the gradient or zero crossings of the
second derivatives. A pre-processing smoothing step is often needed
as differential operators are sensitive to noise. In particular, when
considering synthetic aperture radar (SAR) images, now widely used
for remote sensing [5]–[7], noise is a crucial point. In order to be
able to efficiently detect edges in such images, one should consider
an operator with very low sensitivity to noise.

We propose in this communication a new linear edge detector that
has such a property. This operator was derived from Deriche filter
[3], [4] and can be recursively implemented. We first present the new
filter in Section II, and compare it to commonly used edge detectors.
Section III describes the recursive realization of the filter in the two-
dimensional (2-D) case. Experimental results on a synthetic test image
and on a real SAR image from SIR-C mission are presented in Section
IV. The proposed operator shows better performance in insensibility
to noise compared to other operators; this new filter can be of great
help in processing noisy SAR images.

II. A N EW LINEAR EDGE DETECTOR

A. Filter Presentation

Let us consider a 1D noisy edgeS(x) as

S(x) = A
d

dx
@(x) + n(x) (1)

with A a constant,�(x) the Dirac distribution, andn(x) some white
noise. In fact, all edges are not only step edges (see [14], for instance)
and noise in SAR images presents a Rayleigh distribution.

Edge detection is performed by convoluting the noisy step edge
with an antisymmetrical functionf(x): The edge is located at maxima
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of the result of convolutionO(xo) given by

O(xo) =
+1

�1

S(x)f(xo � x) dx: (2)

Canny [1] defined the following three quality criteria, to be
maximized by the operatorf(x):

1) Insensibility to noise:

=
0

�1

f(x)dx
+1

�1

f2(x)dx: (3)

2) Good edge localization:

� = jf 0(0)j
+1

�1

f 02(x)dx: (4)

3) Unique response to one edge:

k = jf 0(0)j
+1

�1

f 002(x)dx : (5)

Deriche [3] used Canny’s criteria to derive an optimal operator

fD(x) = �c exp (��jxj) sin (!x); c> 0; �> 0; ! > 0 (6)

for which quality criteria are

D

=
2

�(1 + q2)
; �D =

p
2�; kD =

1 + q2

5 + q2

with q =
!

�
< 1: (7)

We propose here to use a dual form of Deriche operator, that is an
hyperbolic sinus form expressed by

fp(x) =�c exp (��jxj) sinh (!x); c> 0; �> 0; ! > 0 (8)

for which quality criteria are

P

=
2

�(1� q2)
; �P =

p
2�; kP =

1� q2

5� q2

with q =
!

�
< 1: (9)

In fact, the localization criterion� is the same for the two operators
but the other criteria� andk differ: whenq increases,�D decreases
and kD increases, whereas�P increases andkP decreases (see
Fig. 1).

This property of the new proposed filter allows to obtain high
values for�, that is highly insensitive to noise, whenq ! 1: Of
course, a tradeoff has to be found since in that casek ! 0, and
multiple edges can be generated.

B. Comparison with Other Edge Detectors

The previously described edge detector was compared to com-
monly used differential operators (including Deriche’s).

1) Canny Filter (First Derivative of a Gaussian):

fG =�cx exp (��2x2); c> 0; �> 0

G

=
0:89p
a
; �G = 1:03

p
�; kG = 0:52: (10)
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(a)

(b)

Fig. 1. (a)�� and (b) k criteria as a function ofq = !=� for Deriche filter and our filter.

2) Shen–Castan Filter:

fS(x) =�c sign (x) exp (��jxj); c> 0; �> 0

S

=
1p
�
; �S =1; kS = 1: (11)

We can see that, for a given value of parameter�, the proposed
filter allows the highest values for the� criterion under the condition
!=� ! 1:

This means that the new edge detector should give the best
performances for noisy images, as will be shown in Section IV. It
should be noted that the Shen–Castan filter presents the best possible

edge localization performance: however, this can be approached with
the proposed filter by choosing a high value for the parameter�:

III. RECURSIVE IMPLEMENTATION

The proposed operator corresponds to an IIR filter that can
be recursively implemented using 2-D separable masks inx

and y image directions.
The fp(x) filter Z-Transform is

FP (Z) =
a1Z

�1

1 + b1Z�1 + b2Z�2
� a1Z

1 + b1Z + b2Z2
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with

a1 =2exp (��) cosh (!)� exp (�2�)� 1

b1 =�2 exp (��) cosh (!)

b2 = exp (�2�): (12)

The integralhp(x) of fp(x) is

hP (x) = (c1 sinh (!jxj) + c2 cosh (!jxj)) exp (��jxj)

with

c1 =�d; c2 = !d;

d =
1� 2 exp (��) cosh (!) + exp (�2�)

2� exp (��) sinh (!) + !(1� exp (�2�))
(13)

and itsZ-Transform is

HP (Z) =
a0p + a1pZ

�1

1 + b1Z�1 + b2Z�2
+

a1mZ + a2mZ
2

1 + b1Z + b2Z2

with

a0p = c2

a1p =(c1 sinh (!)� c2 cosh (!)) exp (��)

a1m = a1p � c2b1

a2m =�c2b2: (14)

The input imageI(i; j) of sizeSx�Sy is convoluted with a mask
X(i; j) to obtain a first imageIx(i; j); and is convoluted with a mask
Y (i; j) to obtain a second imageIy(i; j): The gradient amplitude
imageA(i; j) and the gradient direction imageD(i; j) are given by
the following relationships, edges being located at maxima of the
gradient amplitude image

A(i; j) = I2x(i; j) + I2y(i; j)

D(i; j) = arctan
Iy(i; j)

Ix(i; j)
: (15)

The Ix(i; j) image is obtained using

Ix(i; j) = Ixp(i; j) + Ixm(i; j)

with i = 1 � � �Sx; j = 1 � � �Sy (16)

Ixp(i; j) = a0pIx0(i; j) + a1pIx0(i� 1; j)� b1Ixp(i� 1; j)

� b2Ixp(i� 2; j)

with i = 1 � � �Sx; j = 1 � � �Sy (17)

Ixm(i; j) = a1mIx0(i+ 1; j) + a2mIx0(i+ 2; j)

� b1Ixm(i+ 1; j)� b2Ixm(i+ 2; j)

with i = Sx � � � 1; j = 1 � � �Sy (18)

Ix0(i; j) = a1(Xp(i; j)�Xm(i; j))

with i = 1 � � �Sx j = 1 � � �Sy (19)

Xp(i; j) = I(i; j � 1)� b1Xp(i; j � 1)� b2Xp(i; j � 2)

with i = 1 � � �Sx; j = 1 � � �Sy (20)

Xm(i; j) = I(i; j + 1)� b1Xm(i; j + 1)� b2Xm(i; j + 2)

with i = 1 � � �Sx; j = Sy � � � 1: (21)

In a similar way, theIy(i; j) image is obtained using

Iy(i; j) = Iyp(i; j) + Iym(i; j)

with i = 1 � � �Sx; j = 1 � � �Sy (22)

(a)

(b)

Fig. 2. (a) Synthetic noisy image and (b) SIR-C SAR image of an Ethiopian
volcano (NASA/JPL).

Iyp(i; j) = a0pIy0(i; j) + a1pIy0(i; j � 1)� b1Iyp(i; j � 1)

� b2Iyp(i; j � 2)

with i = 1 � � �Sx; j = 1 � � �Sy (23)

Iym(i; j) = a1mIy0(i; j + 1) + a2mIy0(i; j + 2)

� b1Iym(i; j + 1)� b2Iym(i; j + 2)

with i = 1 � � �Sx; j = Sy � � � 1 (24)

Iy0(i; j) = a1(Yp(i; j)� Ym(i; j))

with i = 1 � � �Sx; j = 1 � � �Sy (25)
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(a) (b)

(c) (d)

Fig. 3. (a) Results of edge detection for the synthetic image using Shen–Castan operator. (b) First derivative of a Gaussian. (c) Deriche operator. (d)
The proposed filter.

Yp(i; j) = I(i� 1; j)� b1Yp(i� 1; j)� b2Yp(i� 2; j)

with i = 1 � � �Sx; j = 1 � � �Sy (26)

Ym(i; j) = I(i+ 1; j)� b1Ym(i+ 1; j)� b2Ym(i+ 2; j)

with i = Sx � � � 1; j = 1 � � �Sy: (27)

This recursive implementation is very efficient, since the initial
imageI(i; j) can be processed using only 13 multiplications and 12
additions per input pixel.

IV. EXPERIMENTAL RESULTS

The new linear operator was tested using a synthetic test image
with white noise [see Fig. 2(a)] and using a noisy SAR image of
an Ethiopian volcano obtained from the U.S. SIR-C mission [see
Fig. 2(b)]. Each image is composed of 512� 512 bytes.

Fig. 3 shows results of edge detection using various operators for
the synthetic test image. We set each detector parameter value in order
to get the best result; that is, extract the main image structures, get as
few noisy structures as possible, and avoid breaking large structure
contours.

Fig. 3(a): Edges detected at the maxima of the gradient amplitude
for symmetric exponential filter of Shen–Castan, using standard
thresholding(� = 0:45; threshold= 20;� = 1:49; � =1; k = 1):

Fig. 3(b): Edges detected at the maxima of the gradient amplitude
for first derivative of a Gaussian filter, using standard thresholding
(a = 0:5; threshold= 20;� = 1:26; � = 0:73; k = 0:52):

Fig. 3(c): Edges detected at the maxima of the gradient amplitude
for Deriche filter, using standard thresholding(a = 1:0; w =

0:01; threshold= 20;� = 1:41; � = 1:41; k = 0:45):

Fig. 3(d): Edges detected at the maxima of the gradient amplitude
for the proposed filter, using standard thresholding(a = 1:0; w =

0:7; threshold= 20;� = 1:98; � = 1:41; k = 0:34):
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(a) (b)

(c) (d)

Fig. 4. (a) Results of edge detection for the SAR image using Shen-Castan operator. (b) First derivative of a Gaussian. (c) Deriche operator. (d) Proposed filter.

Fig. 3 shows that the new edge detector presents better per-
formances with respect to insensibility to noise: the main image
structures are detected well despite the noise.

Fig. 4 shows results of edge detection using the same operators and
parameter values as previously for a noisy SAR image. Again, the
proposed edge detector presents the best behavior: the main volcano
structures are well extracted from the noise.

A new linear operator for detecting edges is presented in this
communication. The filter was derived from that of Deriche and it
allows us to obtain very high insensitivity to noise. It is well adapted
to edge detection in noisy images such as SAR ones, and can be
recursively implemented. Results obtained show better performances
than those of classical differential operators.
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Limitations on the Possible Resolution
Enhancement of ERS-1 Scatterometer Images

N. P. Walker

Abstract—If methods can be devised for enhancing the spatial resolution
of ERS-1 scatterometer images, then this will help to extend the range of
land applications for which this data is appropriate. This paper will show
that it is not possible to improve the resolution below a limit of� 25 km.

I. INTRODUCTION

Although the ERS-1 scatterometer was primarily designed for
measuring ocean surface-wind velocities, the wide swath (500 km)
and global coverage (in three to four days) offered by this instrument
have also excited considerable interest for use in land and ice
applications [12], [14]. However, the low spatial resolution (� 47
km) of the scatterometer images means that it is only possible to
identify large scale features.

The range of land and ice applications for which scatterometer
images might be useful could be substantially increased if a significant
improvement is made to the resolution of the instrument. To date,
work in the area of enhancing scatterometer data has been principally
conducted by Longet al. [6], [7], Hardin and Long [4], and Long
and Hardin [8] using an algorithm which was developed for use with
Seasat scatterometer (SASS) data.

The first step used by Longet al. to improve the resolution of
the SASS scatterometer data involved taking advantage of the spatial
overlap in scatterometer measurements made at different times. By
combining the data from different antenna passes on a finer pixel
grid, it was possible to artificially synthesize an image with a less
coarse tiling effect and therefore build up a more complete picture
of the ground scene. This process of combining data from different
antenna passes will not, in itself, increase the resolution of the
image beyond that determined by the instrument impulse response
function. Instead, it can be seen as essentially a method to overcome
the fact that the data from a single SASS scatterometer antenna is
inadequately sampled. The second stage used by Longet al. involved
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Fig. 1. The power spectrum of the Hamming window function plotted on
a logarithmic scale. The dashed line indicates the sampling frequency for
ERS-1 scatterometer images.

a technique referred to as multiplicative algebraic reconstruction
which includes an edge preserving median filter. More recently, the
enhanced resolution method due to Longet al. [7] has also been
adapted for use with ERS-1 data Longet al. [9] and Earlyet al. [2].

II. THE ERS-1 SCATTEROMETER PROCESSINGCHAIN

In this section an overview is given of the aspects of the ERS-1
scatterometer processing chain which are important from the point
of view of improving the spatial resolution. Further details are given
in [3] and [11].

The ERS-1 wind scatterometer operates at C band with VV
polarization and uses three side-looking antennae, one of which points
in a direction perpendicular to the direction of flight, the other two
point at 45� in forward and backward directions. A scatterometer
image product contains 19� 19 pixels and each of these pixels
represents an area of approximately 25� 25 km2. The radar cross
section (�0) value at each pixel is an average formed by a two-
dimensional (2-D) weighted integration of a number of received echo
signals.

Most of the ERS-1 scatterometer processing is performed on the
ground. The final stage in the processing chain is a spatial averaging
process which increases the radiometric resolution of the data. The
spatial integration stage determines which pulses will be used to form
the�0 value at any given node. The integration takes place over an
area which is centred on a node and is approximately 85 km square
(it is 84.5 km square for the fore and aft beams and 86 km square
for the mid beam [10]). The contributions of the pulses from this
area are weighted by a Hamming function. The Hamming window is
widely used in signal processing [5] and takes the following form

w(n) = �+ (1� �) cos
2�

N
n (1)

wherejnj � N=2. By using trigonometric relations it can be shown
that this equation is a cosine squared function which sits on a pedestal
above the zero level. In general, the Hamming window is designed to
have a Fourier transform with low sidelobes. The value of� (which
can vary between zero and one) used in the scatterometer weighting
function is set to 0.54. This value produces the optimum level of
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