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Abstract In this paper, we propose an adaptive filtering
technique for Synthetic Aperture Radar (SAR) images. A
new windowing technique is introduced where the total
window is divided into five equal sized overlapping sub-
windows. The pixel to be filtered is a part of each of these
sub-windows. A weighted mean of all sub-windows is
computed for the pixel under consideration. The weights
are accounted from a measure of heterogeneity calculated
for each sub-windows. The filter is able to adapt auto-
matically and adjust the speckle suppression strength based
on local statistics. This allows the filter to preserve edges
while strongly suppressing speckle over homogeneous
areas. The proposed filter was compared with some well
known SAR filtering techniques in terms of speckle sup-
pression and edge preservation ability. Several experiments
were performed on datasets acquired from both air-borne
and space-borne SAR platforms. Some well known indices
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were used for quantitative comparison with other filters.
Among the filters compared, the proposed filter shows
good speckle suppression ability while still exhibiting
reasonable edge preservation ability.

Keywords Speckle - Speckle filter - Synthetic aperture
radar (SAR)

Introduction

Active microwave remote sensing technology is widely
used for Earth-resource observations (Jensen 2009). Syn-
thetic aperture radar (SAR) is the best example of active
microwave systems. When a radar illuminates a surface
that is rough on the scale of radar wavelength, the return
signal consists of waves reflected from many elementary
scatterers within a resolution cell. The distances between
the elementary scatterers and the receiver vary due to the
surface roughness. Therefore, the received waves, although
coherent in frequency are no longer coherent in phase. A
strong signal is received if the waves add constructively
and a weak signal if the waves are out of phase. A SAR
image is formed by coherently processing the returns from
successive radar pulses. This effect causes a pixel to pixel
variation in intensity and this variation manifests itself as a
granular pattern called speckle. Speckle in SAR images
appear because of the coherent interference of waves
reflected from distributed targets (Novak and Burl 1990).
Speckle effect in SAR data influences visibility of dis-
tributed targets and complicates separation between them.
It degrades performance of SAR data analysis techniques
and information extraction (Shitole et al. 2013, 2014).
Speckle also alters the visual information that is critical to
applications such as mapping and segmentation. Speckle is
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signal dependent granular noise and its removal is difficult
because of its multiplicative nature. Multi-look processing
is widely used for speckle reduction. Multi-look based
approach causes decrease in spatial resolution of data. To
overcome this problem several speckle filtering algorithms
have been developed (Sumantyo and Amini 2008).

Development of adaptive speckle reduction techniques is
the research problem for the last 30 years. Two approaches
may be taken for speckle reduction, multi-look processing
and Posterior processing. In multi-look processing subse-
quent pulses of the radar are processed independently to
create several SAR images of the same ground area, called
SAR looks (Oliver and Quegan 2004). This is then subse-
quently combined to form a single SAR image (Porcello
et al. 1976), effectively reducing the bandwidth (Moreira
1991). This processing however causes a loss in resolution
proportional to the number of looks combined (Martin and
Turner 1993). This kind of speckle suppression is performed
during the data processing stage and may not be suitable for
applications demanding high resolution. For preservation of
image resolution or for further speckle reduction, posterior
speckle filtering techniques may be applied after image
formation. Posterior speckle filtering can be broadly con-
sidered in the three approaches: frequency, wavelet and
spatial domain filtering.

The Weiner filter (Walkup and Choens 1974) and filters
proposed by Li (1988) are based on minimum mean-square
error (MMSE) fitting in the frequency domain. Wavelet
based filters, derived from the theory on multi-resolution
analysis (Mallat 1989a, b) have been proposed. Gagnon and
Jouan (1997) proposed a Wavelet Coefficient Shrinkage
(WCS) filter which outperforms standard filters for high
noise level images. Fukuda and Hirosawa (1998) have pro-
posed a filter that acceptably smoothens homogeneous areas
and preserves edges. In (Simard et al. 1998) the analysis of
the contribution of speckle noise to the wavelet decomposi-
tion of SAR images is performed. SAR image de-noising via
Bayesian wavelet shrinkage was shown by Achim et al.
(2006). Spatially adaptive wavelet based methods have been
demonstrated by Bhuiyan et al. (2007) to good effect.

A method for SAR de-speckling using second genera-
tion wavelets (Gleich et al. 2010) has the ability to pre-
serve texture features in the image.

Compared to frequency domain, adaptive spatial domain
filters such as Lee, Frost, Lee-sigma, gamma-map are widely
used (Sumantyo and Amini 2008). All these speckle filters
improve the visibility of distributed targets in a given data.
We require simple, efficient, and adaptive speckle reducing
techniques to process SAR images. Ideally, speckle filters
should preserve local mean value, point targets and edges.
The Boxcar filter (Mean filter) is a simple averaging filter
that replaces the center pixel by the mean value of pixels in a
scanning window. The Median filter replaces the center
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pixel by the median of all pixels in a scanning window. The
Boxcar filter and the Median filter do not easily lend
themselves to adaptive implementation, especially, the
Mean filter (Durand and Perbos 1987). In Lee’s Local
Statistics (LS) filter, a priori mean and variance is obtained
using local statistics (Lee 1980). Then, the noise reduced
pixel is estimated using the minimum mean-square error
(MMSE) (Lee 1980). The main deficiency of this filter is
that speckle noise near strong edges is not adequately fil-
tered. In Frost filter (Frost et al. 1982), the noise in the edge
areas is less prominent than for the LS filter, but the edges
are somewhat blurred. A Frost filter adapts to the noise
variance within the filter window by applying exponentially
weighting factors (Lee et al. 1994). The characteristics of
this filter is similar to those of the LS filter except in the
edge areas where the Frost filter does more averaging (Lee
et al. 1994). The focus of the Gamma or Maximum A
Posteriori (MAP) filter (Lopes et al. 1990a) is to minimize
the loss of texture information by assuming that the image of
forested areas, agricultural lands, and oceans are gamma-
distributed scenes. The approach used in MAP filter is better
than the Frost and LS filter. It uses the coefficient of vari-
ation (CV) and contrast ratios, whose theoretical probability
density functions will determine the smoothing process.
Kuan filter (Kuan et al. 1985) adaptively filters homoge-
neous and heterogeneous areas. The modified Lee and Kuan
filters give similar visual results (Lopes et al. 1990b). To
overcome the deficiency of LS filter, the Lee refined filter
(Lee 1981) was introduced. In this approach, noise near
edges is minimized using edge-aligned windows. Refined
Lee filter is adaptive and does not smear edges and subtle
details, however its computational complexity is more (Lee
et al. 1997). A conceptually simple and effective method
based on sigma probability of a Gaussian distribution is
proposed by Lee (1983). In this method, pixel values within
two noise standard deviations are averaged for speckle
reduction. It has deficiencies such as bias in the estimation,
unfiltered black pixels and blurring of point targets.
Improved Sigma filter (Lee et al. 2009) is an improvement
over the Lee sigma filter and modified for target preservation
to resolves bias problem. In this filter, sigma range is cal-
culated to remove bias using theoretical speckle distribu-
tions. Adaptive despeckling is performed by Achim et al.
(2006), by deriving a MAP estimator for the heavy tailed
Rayleigh distribution to estimate the Radar Cross Section.
Nonlocal (NL) filtering is a promising method for speckle
reduction (Deledalle et al. 2009; Parrilli et al. 2012; Gomez
et al. 2013). In this method each pixel is weighted according
to its similarity with the pixels for speckle reduction. The
nonlocal mean filter (Buades et al. 2005) uses the Euclidean
distance measure to find the similarity between the patch
centered at the pixel under consideration for filtering and
patch centered at given neighborhood pixel. It has been
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shown that (Igbal et al. 2013; Ponomaryov 2007) filters
derived from the field of compressive sensing have outper-
formed traditional filters.

A filter cannot be considered to be supreme over another
and the strength and limitations of a filter is unique in the
context of a specific application (Lee et al. 1994). For large
scale image interpretation and mapping a speckle filter
which degrades the spatial resolution may be accept-
able (Qiu et al. 2004; Xiao et al. 2003). However, it is
essential in some applications to preserve the resolution of
imagery. In such a situation, an adaptive filter that can
preserve fine details like edges while showing good speckle
suppression in homogeneous areas is essential. Research
community has used the Boxcar filter because of its sim-
plicity, even though it suffers from problems like blurring
of edges, point targets and reduction in spatial resolution
(Balenzano et al. 2013; Tan et al. 2007; Wang et al. 2013;
Yamamoto et al. 2013). In SAR applications filtering is
used as a pre-processing step. Even though an abundance
of SAR speckle filters available, we see that in recent lit-
erature, the Boxcar or Lee filters are employed (Balenzano
et al. 2013; Tan et al. 2007; Wang et al. 2013; Yamamoto
et al. 2013). Adaptive filters are also employed when
preservation of fine details are required. However, these
filters require a global threshold as an input parameter. This
threshold needs to be determined by experimental study for
a L look image. In the proposed filter we do not require any
threshold value to be fixed. Rather an adaptive parameter is
computed based on local statistics. Over the years a num-
ber of speckle filters with high computational complexity
have been proposed. Majority of these exhibits a better
performance than the mean filter in some aspects, however
the increase in performance is not proportional to the added
complexity in design and implementation of the filter. In
this paper we propose a filter that achieves reasonably good
performance compared to the existing ones, while still
being comparable in computational efficiency. We use a
new directional subset selection based speckle filtering
approach where the total filtering window is divided in sub-
windows to preserve details. The proposed filter is evalu-
ated quantitatively and qualitatively using both air-borne
and space-borne data sets of various frequency bands.
Experimental results reveals that the proposed SAR
speckle filter is comparable and at times better than the
established speckle filters with the added benefit of being
conceptually simple, adaptive and easy to implement.

Speckle Model

The speckle model assumes that the Earth’s surface is
rough on the scale of radar wavelength and a resolution cell
contains large number of scatterers. The surface roughness

cause changes in the amplitude (A) and the phase (¢) of
reflected electromagnetic (EM) wave in a two-dimensional
resolution cell. Each reflected EM wave can be represented
as a phasor and the total amplitude is given by the vector
summation over N scatterers >y A;e¢/*. The measured
local reflectivity is represented by the complex number
formed by the in-phase (Acos(¢)) and the quadrature
components (Asin(¢)) of the amplitude. The in-phase and
the quadrature components are independent and identically
distributed zero-mean Gaussian variables. The real and the
imaginary images are less informative (Sumantyo and
Amini 2008) and the phase (¢) is completely noise like.
Although the amplitude and the intensity (I = A?) images
are informative they are degraded by noise. The pixel to
pixel intensity variation in images which is granular in
nature is referred to as speckle. The multiplicative nature of
speckle affects brighter pixels more than darker pixels. The
standard deviation of speckle is proportional to the mean
and so it is often modelled as a multiplicative process. This
model has led to a number techniques for SAR image
processing and analysis. The multiplicative model states
that the observation of a single pixel is a random variable
Z : Q — R*. The model is a product of two independent
random variables, X : @ — R™ is the speckle noise com-
ponent with unit mean and Y :Q — RT is the true
observed reflectivity. The distribution of Z depends on the
distribution of X and Y. Many univariate and multivariate
distributions have been proposed in the literature (Frery
et al. 1997; Yueh et al. 1989) to characterize the distribu-
tion of the return Z. The speckle noise is I" distributed as,
IL

me’lexp(—Lx),

px(x) = Lx>0 (1)
where L is the number of looks which is used to improve
the estimate of the mean intensity. A efficient speckle filter
would tend to increase this parameter referred to as the
number of looks. The exponential distribution is a good
model for 1-look SAR intensity image whereas the Chi-
square distribution of 2L degrees of freedom serves as good
model for a L look SAR intensity image. These models are
valid under the assumptions that the scene under consid-
eration is a homogeneous area characterized by distributed
targets devoid of the presence of any point target. The
strong reflectivity from a single point target in a resolution
cell is characterized by the Rice distribution.

The Proposed Filter

In general a filtering operation involves averaging of pixels
in a window distributed equally around the central pixel.
Due to this a high contrast area or edge present in one
subset of the neighborhood of the central pixel spreads to
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other subsets where it was originally not present. This
windowing operation leads to edge blurring. In (Lee 1981)
a new directional subset selection based filtering method
was proposed to incorporate the local gradient information
to improve edge preservation. In this work we use a sub-
window based approach to prevent high contrast areas or
edges present in one subset of the neighborhood from
spreading to other subsets. The most commonly used
Boxcar (i.e. mean) filter enhances the radiometric resolu-
tion at the cost of spatial resolution. In this process the
images gets blurred and edges are smeared out.
Suitable neighborhood information is utilized in this work
in order to preserve subtle details in the image while
removing speckle. The proposed filter defines a new fil-
tering neighborhood structure.

The total filter mask is divided into five sub-windows as
shown in Fig. 1. Each sub-window contains the central
pixel of the total mask (the pixel to be filtered) as one of its
element. This neighborhood structure makes the filter more
adaptive for single targets, edges and homogeneous
regions.

In general if n is the size of each sub-window then the
total filter mask will be of size 2N — 1 (eg. If n =3 for
each sub-window then 2N — 1 = 5 is the total mask size).
The quadratic corner difference (QCD) of a ith sub-window
is defined in Eq. (2) as,

QCD; = \/Ni N (1) (2)

where x} is the value of the kth pixel in the ith sub-window
and /. is the central pixel value of the total mask. The final

1=1 1=2

1=4 1=3

Fig. 1 Five sub-window mask for the proposed filter
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filtered value R is obtained for a mask of size 2N — 1 as
shown in Eq. (3),

_ Zf:1 H; (@) '
() ¥

where p; is the mean of the ith sub-window. The sub-
window configuration along with the inverse QCD incor-
porates feature preservation while the mean does the
smoothing. The exponent » determines the ability of the
performance of the filter to adapt to the window under
consideration. For homogeneous areas 7 needs to be a low
value to allow maximum smoothing (Boxcar filtering)
whereas to preserve edges the value of # must be large
(Mmax)- The value of y is obtained from the model given in
Eq. (4),

—e?
n= 17max(1 —-e (QCDl)) (4)

It is assumed that in heterogeneous areas the variance of
the QCD's (6*(QCD;)) will be large and hence # will tend
to #,,4.- In homogeneous areas conversely the variance of
QCD's will be small and hence n will be very small.
Multiple trails were run with varying # on homogeneous
and heterogeneous areas from several images acquired with
different sensors with varying resolutions. It was found that
with increasing values of # the coefficient of variation (CV)
for a homogeneous area of the test data slightly increases
initially, but for values of n > 1,,,,, no appreciable change
in CV is observed and hence the maximum value of # is
limited to #,,,,. It was experimentally determined that the
value of #,,,, =5 is sufficient to preserve edges and per-
form filtering of homogeneous areas.

Quantitative analysis of the performance of the filter in
comparison to some of the existing filters are performed on
real SAR data. Some indices commonly used to evaluate
the performance of SAR filters are used in this study. The
results of the analysis and a brief description of the indices
are treated in the next section. The algorithm for the pro-
posed speckle filter is listed in “Appendix”.

Experimental Results

The performance of the filter was evaluated on dataset
acquired from both air-borne and space-borne SAR sys-
tems of various frequency bands. The air-borne dataset was
comprised of a C-band AIRSAR image acquired over
Felvoland, Netherlands and an L-band UAVSAR image
acquired over Winnipeg, Canada. Both these scenes pri-
marily consists of agricultural areas with well-defined field
boundaries. The AIRSAR image contains a series of corner
reflectors that were used for evaluating the performance of
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the filter over single target. The space-borne dataset was
comprised of a X-band TerraSAR-X Spotlight image
acquired over Vishakhapatnam, India,

The filtered images were visually inspected followed by
quantitative comparison with other filters. For this we have
used commonly used assessment measures like Equivalent
Number of Looks (ENL), Edge Save Index in Horizontal
(ESIH), Edge Save Index in Vertical (ESIV) direction, mean
and standard deviation of the ratio image. The ENL is used

Table 1 Evaluation of speckle filters for the AIRSAR C-band data
using equivalent number of looks (ENL), edge preservation index in
vertical and horizontal direction (ESIV, ESIH) and ratio image

ENL ESIV ESIH Ratio image
Mean SD
Boxcar filter 8.81 0.25 0.24 1.00 0.32
Proposed filter 8.47 0.28 0.28 0.99 0.26
Frost (k =0.5) 8.76 0.36 0.35 0.97 0.31
Frost (k = 2) 8.58 0.45 0.43 0.97 0.30
Lee filter 6.75 0.67 0.43 0.98 0.13

Fig. 2 Speckle filtering results using AIRSAR C-band data acquired
over Flevoland, Netherlands. a Original unfiltered data (Transect lines
for profile plots are visible where profile A represents edge, B

to evaluate the smoothing level in homogeneous areas (Lee
1981). The variations in homogeneous regions are assumed
to be less compared to variation in the speckle intensity. As
the smoothing capacity of speckle filter improves, the ENL
increases. The ESIH and ESIV reflects edge preservation
capability of the speckle filter and should be unity for an
ideal filter (Igbal et al. 2013). The ratio image is obtained by
the pixel by pixel division of the input and the filtered image
(Argenti et al. 2013). For an ideal filter, this ratio represents
a I distributed noise that must be removed. Mean of the
ratio image should be close to unity and the standard devi-
ation should match that of the speckle model.

AIRSAR C-band Flevoland, Netherlands

The image is of an agricultural area with an array or corner
reflectors set up in the central field. The Boxcar, proposed,
Frost (k = 0.5 and k = 2), Lee filter are applied witha 5 x 5
window on a AIRSAR C-band dataset. From Table 1 it can
be seen that the ENL of the proposed filter is 8.47 which is
comparable to the Boxcar (8.81), Frost (k = 0.5) (8.76),
Frost (k = 2) (8.58). The Lee filter has a lower ENL of 6.75

R
a3 5 4
2

.

represents homogeneous area and C represents a single target), b
Boxcar filter, ¢ Proposed filter, d Frost filter (k = 0.5), e Frost filter
(k = 2), f Lee filter
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Table 2 Evaluation of speckle filters for the UAV SAR L-band data
using equivalent number of looks (ENL), edge preservation index in
vertical and horizontal direction (ESIV, ESIH) and ratio image

ENL ESIV ESIH Ratio image
Mean SD
Boxcar filter 38.51 0.18 0.19 0.98 0.53
Proposed filter 32.74 0.22 0.24 0.97 0.43
Frost (k =0.5) 35.84 0.21 0.24 0.95 0.45
Frost (k = 2) 23.43 0.37 0.43 0.95 0.35
Lee filter 9.92 0.59 0.43 0.94 0.20

Data Value

5 10 15 25

20
Pixel Number
(a)
1.6fF ' A ' ]
1.4 ]
1.2F

Data Value
o

5 10
Pixel Number

()

but however has better edge preserving capability. The ESIV
and ESIH for the proposed filter is 0.28 which is better than
the Boxcar but less than Frost (k = 0.5 and k = 2). As noted
previously the Lee filter has a good edge preservation per-
formance but at the cost of poor smoothing of homogeneous
areas. Mean and standard deviation calculated from ratio
image for the proposed filter is 0.99 while the standard
deviation is 0.26 which is comparable to the other filters.
Profile plots are presented to highlight the filtering and
edge-saving ability of the proposed filter. Profile plot for
transect A is shown in Fig. 2a from a homogeneous area in
the AIRSAR image. The proposed and the Frost (k = 0.5

Data Value

Pixel Number

(b)

Proposed Filter
-=&)+=- Frost Filter (k=0.5)
—-A-— FrostFilter (k=2)
+ Boxcar Filter
Lee Filter Filter
+---4- Raw

Fig. 3 Profile plots for the AIRSAR C-band image acquired over Flevoland a homogeneous area, b single target, ¢ edge. Profile plots are

obtained from the transects shown on (Fig. 2a)
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Fig. 4 Speckle filtering results using UAV SAR L-band. a Original unfiltered data, b Boxcar filter, ¢ Proposed filter, d Frost filter (k = 0.5),

e Frost filter (k = 2), f Lee filter

and k = 2) filter follow the Boxcar filter. The Lee filter bears
a greater resemblance to the raw data itself. It has a higher
variation even in this homogeneous area and hence has a
poorer ENL as compared to other filters. A profile transect
from a single target is shown in Fig. 2b marked by profile
plot C. As we know the single (point) target does not follow
the multiplicative noise assumption. So ideally there should
be no effect of filtering on such targets, the value should be
preserved. The worst case scenario is Boxcar filter where
this value is seriously affected. Lee filter preserves this value
while Frost, with adjusted damping factor follows a similar
trend to the single target. The proposed filter behaves similar
to the Frost filter but does not require a priori information
about the damping factor. Profile plot from an edge in the
image is shown in Fig. 2c by transect B. The proposed and
Lee filter follows the edge in the original image better than
the others as shown in Fig. 3.

UAVSAR L-band Winnipeg, Canada

The image is acquired over agricultural regions with well
defined boundaries as shown in Fig. 4. The quantitative

results for UAVSAR L-band data are shown in Table 2.
The proposed filter with ENL of 32.74 shows a better
smoothing capacity than Lee filter (ENL = 9.92) and
comparable with Frost (k =0.5) with ENL of 35.84.
However, the proposed filter has a better edge preservation
ability than the Frost (k = 0.5) as illustrated by the profile
plot shown in Fig. 5c. When the damping factor (k) is set to
2 for the Frost filter, the edge preservation property is
improved but at the cost of it’s smoothing ability. The ENL
drops by 35% from 35.84 (for k =0.5) to 23.43 (for
k = 2). Profile plots for two parallel edges in the image are
shown in Fig. 5a. The proposed filter shows negligible
blurring of the edges. The profile lies completely within
that of the original image for the proposed and the Lee
filter whereas the Frost (k = 0.5) tends to blur the edges.
However, in homogeneous areas the Lee filter shows a lot
of variance and lower smoothing ability than the proposed
filter as shown in Fig. 5b. Mean value obtained from ratio
image for the proposed filter is better than the Frost and
Lee filter. The proposed filter shows a value of 0.97 which
is comparable to the Boxcar, Lee and Frost (k = 0.5 and
k = 2) which show a mean of 0.98, 0.94, 0.95 and 0.95
respectively. The standard deviation of the ratio image is
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comparable to Boxcar, proposed and Frost (k= 0.5)
however this value is low for Lee and Frost (k = 2) filter.

TerraSAR-X X-band Visakhapatnam, India

The image is acquired over a busy port in the south of
India. We have selected an area which contains the major
roadway leading upto the port. Speckle filtering results for
TerraSAR-X band data are tabulated in Table 3. Smoothing
capability of the proposed filter (ENL = 10.22) is better

0.8 -
0.6 -
o
o i
> i
@ 0.4f i -
H il
[ 1
I
I
Il
0. A .
|
k‘(..._L.J_LA .
P v i i s
20 30 40 50
Pixel Number
(a)
—— T
0.
0.
o)
=
o
o
>
©
S 0.
©
a
0.
P T S . MR

5 10 15 20 25 30

Pixel Number

(¢

than Lee (ENL = 4.09) and Frost filter (k =2) (ENL =
6.82). and is comparable with Frost filter (k = 0.5) (ENL =
10.77) and Boxcar (ENL = 11.66). Edge preservation
capability of proposed filter is better as compared to Frost
(k = 0.5) but less than the Lee and Frost filter (k = 2).
Ratio image mean value is 0.96 for the proposed filter
which is slightly better than Lee (0.90), Frost (k = 0.5) and
Frost filter (k = 2) at 0.94 and 0.92 respectively. Standard
deviation of ratio image is lower for Lee filter compared to
Frost and proposed filter. The profile plots for two transects
are marked in Fig. 6a. Homogeneous area, represented by

0.016 |
0.014F

0.012

Data Value

0.006 |

0.004

I

i
5 10 15 20 25 30 35

v b b e b b by

Pixel Number

(b)

Proposed Filter
...@..-- Frost Filter (k=0.5)
- A — Frost Filter (k=2)
+ Boxcar Filter

Lee Filter Filter

Raw

e

Fig. 5 Profile plot for the UAV SAR L-band image. a Two parallel edges, b homogeneous area, ¢ edge, d legends used in Figs. 3 and 5. Profile

plots are obtained from the transects shown on Fig. 4a
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Table 3 Evaluation of speckle filters for the TerraSAR-X X-band
data using equivalent number of looks (ENL), edge preservation
index in vertical and horizontal direction (ESIV, ESIH) and ratio
image

ENL ESIV ESIH Ratio image

Mean SD

11.66  0.16 0.16 0.98 0.69
Proposed filter 1022 021 0.21 0.96 0.55
Frost filter (k =0.5) 1077  0.18 0.17 0.94 0.61
Frost filter (k = 2) 6.82 0.31 0.32 0.92 0.45
Lee filter 4.09 0.60 0.32 0.90 0.27

Boxcar filter

transect B, is shown in Fig. 7a. We see that the Lee filter
shows variations even in homogeneous areas whereas the
other filters show better smoothing. The plot for edge
transect A is shown in Fig. 7b. The Lee and the Frost
(k = 2) rise sharply in accordance to the unfiltered data at
the edges. Although the proposed filter has a lower rise in
intensity, it is able to well preserve the profile of the edge.

The computational efficiency of the proposed speckle
filter is shown in Table 4. It can be observed that the
proposed speckle filter is computationally comparable to

other filters when tested for a 1000 x 1000 image on an
intel i5 machine (2.2 GHz) with 4 GB of RAM.

Conclusion

The proposed filter is able to provide maximum speckle
suppression in homogeneous areas while still showing
good edge preservation. Several examples of this have been
presented in this study. The Frost filter offer a damping
factor parameter that affords a choice between the speckle
suppression capability and the edge preservation ability. It
performs greater smoothing when k = 0.5 and more edge
preservation when k = 2. The proposed filter is comparable
to Frost (k = 0.5) in terms of speckle smoothing ability and
Frost (k = 2) in edge preservation ability. It is noted that
the Lee filter performs poorly in terms of smoothing in
homogeneous areas, but has the best edge preservation.
This edge preservation ability is largely due to the
adaptive nature of the filter which used a edge prediction
model to automatically adjust the smoothing strength of the
filtering process. The Lee and the Frost filters require a
global threshold parameter to be fixed for an L look image.

Fig. 6 Speckle filtering results using TerrSAR-X X-band data. a Original unfiltered data (Transect lines for profile plots are visible where profile
A represents edge and B represents homogeneous area). b Boxcar filter, ¢ Proposed filter, d Frost filter (k = 0.5), e Frost filter (k = 2), f Lee filter
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Proposed Filter

0.35L ] &>~ Frost Filter (k=0.5)
r + —-A-— FrostFilter (k=2)
0.6 I - §
+ Boxcar Filter
0.30 B L . .
+ Lee Filter Filter

A

i e Raw
0.25 B | +.

Data Value
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Fig. 7 Profile plot for the TerraSAR X-band image. a Homogeneous area, b edge, ¢ legends. Profile plots are obtained from the transects shown
on Fig. 6a

Table 4 Comparison of the Speckle Filter Time (s) Algorithm 1:
computation time for filters

Input: Intensity Image (/)

Boxcar 4.21 Output: Filtered Intensity Image (R)

Proposed filter 481 Data: n + Sub-window Size

Frost (k = 0.5) 5.31

Frost (k = 2) 5.31 begin

Lee filter 4.71 N<—2n—1

for i < 0 to number of rows do

This parameter need to be experimentally determine for j < 0 to number of columns do
beforehand. The proposed filter does not require a global Consider pixel (i, j)
parameter to be input, but rather computes the adaptive Select N x N total window around /(i, j)
parameter (17) and adjusts it based upon local statistics. At Select 5 sub-windows s.7. :
higher values of #, point targets and edges are preserved Window 1 (NW):
while at lower values of 5 greater smoothing is obtained. i:(i—n,iland j:(j—n,j]
Computationally, the proposed filter is simple and depends Window 2 (NE):
only on local statistics. Consequently each pixel can be i:[i,i+n)and j:(j—n,j

Window 3 (SE):
i:(i—nyland j:[j,j+n)
Window 4 (SW):
i:[i,i4+n)and j:[j,j+n)
Window 5 (Central):
itli—=5,i+5and j:[j—5,j+%]
for k < 1 to 5 do
| wmy < f(QCDy, M)

processed independent of other pixels, allowing the
implementation of parallelism techniques for fast process-
ing. The mean value calculated from the ratio of the filtered
and original images are closer to unity as compared to the
Lee and Frost filter, indicating that the bias is lowest for the
proposed method.

The proposed filter has been shown on various datasets
from different platforms and has been found to be suit-

able for speckle suppression, mean preservation and edge en(.I ) (s
saving. R(i, j) < X421 wim
end
Acknowledgments The authors would like to thank NASA/JPL- end
Caltech for providing sample imagery of UAVSAR and AIRSAR end
used in this work. TerraSAR-X sample dataset is courtesy of Astrium NW = North West, NE = North East, SW = South

GEO-Information Services.
West, SE = South East

Appendix

Algorithm for the proposed filter is presented here.
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