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Abstract—With the flourish of the nonlocal mean method, the
neighborwise similarity metric is widely applied in speckle reduc-
tion for its robust performance on the search of similar samples.
In this metric, an isotropic kernel function is usually chosen to
aggregate the corresponding pixels’ distance between two neigh-
borhoods. It means that the kernel function is considered as the
explanation of the local spatial relationship at each pixel. However,
for anisotropic features (such as edges and lines), a strong relation-
ship exists along their directions rather than across them, so the
isotropic kernel is not suitable to explain the spatial relationship
around these features. Meanwhile, due to the inherent speckle in
synthetic aperture radar (SAR) images, the discrimination and
exploration of the geometrical properties of anisotropic features
are important for the construction of adaptive kernel function.
In this paper, the sketch map which is a representation of the
sketch information of SAR images is extracted as the criterion for
designing the kernel function. Meanwhile, due to the properties of
symmetric and maximal self-similarity, a modified ratio distance is
proposed and used jointly with the constructed kernel function as
a similarity metric. Then, under the local stationary assumption,
the local maximal homogeneous region of each pixel is searched
by using the region growing method with the proposed metric.
Moreover, maximal likelihood rule is used within the region for
the estimation of true value. From the experiments on the syn-
thetic and real SAR images, a promising performance in terms
of speckle reduction and preservation of the details is achieved by
our proposed method.
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I. INTRODUCTION

DUE to the acquisition under all weather conditions and
all times, synthetic aperture radar (SAR) imagery plays

an irreplaceable role on the study and analysis in many fields
nowadays, such as ocean, agriculture, geology, etc. [1]. How-
ever, the granular speckle which is inherent in the coherent
imaging system hinders the further utilization of the SAR image
in these fields. Therefore, speckle reduction is one important
preparation in SAR image processes.

Many speckle-filtering methods have been developed in the
past decades, such as Lee filter [2], Kuan filter [3], Frost
filter [4], gamma MAP filter [5], and so on. In these classical
filtering methods, the assumption of the local stationary random
process is used, and the true signal of interest is estimated
according to the statistic information in its square neighboring
region. However, this assumption is invalid in the neighbor-
hoods containing the details (e.g., edges and lines), and the
details are always being smeared in the results. It means that the
determination of the regions satisfying the stationary assump-
tion is very important for speckle reduction. In the literature
[6]–[11], by using region division, the nonuniform regions
containing the details are decomposed into a set of uniform
subregions. Therefore, the stationary assumption becomes valid
in the subregions, and classical filtering methods are reasonable
to be applied for speckle reduction. In [6], the predefined
neighborhood (window) containing the details was bisected into
partially overlapped subregions by using different methods, and
then, the subregion which was more homogeneous and had
the largest difference with its opposite was chosen to estimate
the true value of the central pixel. In [7] and [8], given a
distribution of the neighbor pixels, only the valid pixels were
chosen to estimate the true value of the central pixel. Since
similar samples are only used in the estimation, the details are
also well preserved by these filtering methods. However, due to
the strong effect of multiplicative speckle in the SAR data, more
similar samples are needed for a better reduction of speckle.
In [9] and [10], according to the variation of the statistical
property of the obtained region in the searching process, a local
maximal rectangular window was determined for each pixel,
and then, all pixels in the region were used for its estimation.
In [11], with the usage of a pixel-based similarity metric,
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two-stage region growing method was used to determine the
local maximal homogeneous region for each pixel, and the
mean of all pixels in the region was used as the estimation.
However, in some cases, the region could not grow properly
owing to the strong effect of multiplicative speckle. This leads
to the existence of some unexpected spots in the visual results
[12]. At the same period, many multiresolution decomposition
tools were applied in speckle reduction [13], [14] due to the
successful applications of the multiresolution analysis methods
on the nonstationary cases. Moreover, Markov Random Field
[15], [16], PDE [17], and sparse representation [18] methods
have been studied and applied in the reduction of speckle.

Recently, inspired by the nonlocal mean (NLM) filtering
method proposed by Buades et al. [19], NLM-based despeckle
methods are flourishing [20]–[22], in which the pixels’ sim-
ilarity is calculated according to the distance between their
neighborhoods. In [20], with the weighted maximal likelihood
estimation scheme, a pixelwise filtering method was devel-
oped for the reduction of speckle, in which the corresponding
neighborhoods’ distance was calculated as the combination
of the noisy patches’ distance and the corresponding current-
calculated patches’ distance. In [21], with the assumption that
the corrupted multiplicative noise obeys the Gaussian distribu-
tion, Pearson distance and blockwise estimation method were
jointly used to suppress the noise. Since the neighborhood of a
pixel contains more information than itself, it is more credible
to calculate the pixels’ similarity according to their neighbor-
hoods than that computed only by themselves. In other words,
the neighborwise metric is more reliable and interpretable to
estimate the similarity of noisy samples. In order to obtain
an approximated unbiased metric, a kernel function is usually
used for the interpretation of the spatial relationship in the
neighborhood [19]. It means that the kernel function exposes
the contribution of different neighboring pixels to the similar-
ity metric. Therefore, the local spatial relationship should be
carefully explored and exploited in the construction of kernel
function, especially for the pixels around the details (such as
edges and lines). Due to the directionality of edges and lines,
a larger weight should be set along their directions rather than
across them. In other words, the local geometrical orientation
should be embodied in the constructed kernel function for the
pixels nearby the details. However, owing to the destructive and
constructive effects of speckle, the discrimination of the regions
containing the details and the calculation of the local geometri-
cal parameter are two main issues for the robust construction of
kernel function. This procedure is very similar to that of [23] in
which the regions containing the details were discriminated by
using the coefficient of variance (CV) and a kernel function was
constructed adaptively by using the structure tensor method.
Then, with the kernel function as the weighting method, a
weighted Lee filter was used for estimation. In this paper,
owing to the consideration of local geometrical property, the
constructed kernel function is named as the geometrical kernel
function.

Inspired by the issues represented previously, the sketch
information which is recorded as the sketch map is extracted
from the SAR image for the discrimination of the structural
and nonstructural portions. Since the sketch map is considered

as a concise representation of the structural information of
an image, more details (e.g., edges and lines) are contained
in the obtained structural portion. Meanwhile, the orientations
of these details are also calculated in the sketching process.
Therefore, the geometrical kernel function which is constructed
according to the extracted sketch map is suitable to represent
the local geometrical spatial relationship. Moreover, a modified
ratio distance is developed for its properties of symmetric
and maximal self-similarity. Then, by combing the modified
ratio distance and the geometrical kernel function, the region
growing method is used in our method to determine the local
maximal homogeneous region of each pixel. This procedure is
very similar to that of [24], in which the ratio-based relative
metric and eight-direction searching method were used to de-
termine the local maximal homogeneous region for each pixel.

The rest of this paper is organized as follows. Section II
presents the sketching process of SAR image with the edge-line
detectors and hypothesis testing. In Section III, the geometrical
kernel function is constructed by exploiting the extracted sketch
information and is used to determine the local maximal homo-
geneous region of each pixel by combining with the modified
ratio distance. Then, maximal likelihood rule (ML) is used
within the obtained region for estimating the underlying signal.
In Section IV, the experiments with synthetic and real SAR
images are done and analyzed. Finally, the conclusion is made
in Section V.

II. SKETCH MAP OF SAR IMAGE

In this section, according to the multiplicative speckle
characteristic of SAR image, the sketching method for SAR
images is given in detail. In this method, the ratio-based,
cross-correlation-based, and gradient-based edge-line detectors
are used together for the detection of edge-line features, and
a hypothesis-testing method is used sequentially to make a
selection on the extracted lines. Then, a meaningful sketch map
is obtained by retaining the significant lines.

A. Speckle Model

Under the assumption of fully developed speckle in SAR
image, the probability density function (pdf) of a multilook
amplitude image follows the Nakagami–Rayleigh distribution
[20] which is shown as

PA(A|δ) =
2

Γ(L)

(
L

δ

)L

A2L−1e−
LA2

δ , (A ≥ 0) (1)

where A denotes the observed amplitude SAR image, L repre-
sents the number of looks, and δ indicates the backscattering
coefficient.

According to [25], the speckle of a SAR image is modeled as
the multiplicative noise, so the relationship among the speckle,
the observed intensity, and the true value is shown as

Y = X · S (2)

where Y indicates the observed intensity, S is the speckle, and
X represents the underlying signal that is equal to

√
δ for the

amplitude SAR image.
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B. Extraction of Sketch Line

Since the sketch map is considered as a concise representa-
tion of the structural information contained in an image [26],
the edge and line detectors are both needed for the extraction
of sketch lines [27]. Meanwhile, due to the corruption with the
multiplicative speckle, the sketching method proposed in [27]
is invalid for the SAR image.

Recently, many methods have been proposed for the edge
detection in a SAR image [28]–[30], in which the property
of the speckle in a SAR image is taken into account and
the scheme of constant false alarm rate (CFAR) is designed.
In our method, two classical detectors (ratio-based detector
(RoA) [28] and cross-correlation-based detector (CC) [32]) are
fused for the detection of edge-line features in a SAR image.
For the line detection, since the line can be modeled as two
close and parallel edges in which a common part exists, the
line detection method can be designed by employing the edge
detection method twice [31]. It means that the whole template
is divided into two one-pixel spaced regions for edge detection,
while the line template consists of three regions.

The edge and line responses of the RoA detector are com-
puted as follows:

Redge(i,j) =1−min

{
μ̂i

μ̂j
,
μ̂j

μ̂i

}
(3a)

Rline(i,j,q) = min
{
Redge(i,j), Redge(j,q)

}
(3b)

where μ̂k represents the mean value of region k, Redge(i,j)

represents the RoA-based edge response between regions i and
j, and Rline(i,j,q) indicates the RoA-based line response among
three ordered regions i, j, and q. From the definitions shown in
(3), we can find that the RoA-based edge and line responses lie
in the interval [0, 1], and the larger the calculated response, the
higher the probability of the existence of an edge-line feature.
However, the response of the RoA detector is prune to be
influenced by an isolated point [31]. Therefore, the CC detector,
which is also a CFAR detector [31], is employed in our method
for the detection of edge-line features. The corresponding edge
and line responses are computed as follows:

Cedge(i,j) =

√√√√ 1

1 + (Ni +Nj)
NiS2

i
+NjS2

j

NiNj(μ̂i−μ̂j)2

(4a)

Cline(i,j,q) = min
{
Cedge(i,j), Cedge(j,q)

}
(4b)

where Nk, Sk, and μ̂k represent the number of pixels, the stan-
dard deviation, and the mean in region k, respectively, Cedge(i,j)

represents the CC-based edge response between regions i and
j, and Ci,j,q indicates the CC-based line response among three
ordered regions i, j, and q. From (4), we can see that the
responses of CC-based edge and line detectors are also in the
range [0, 1]. Since the statistical information of each part in
the templates is used for the calculation, the responses of CC
detectors are more coherent than those of RoA detectors.

From the definitions shown in (3) and (4), we can find that
these detectors are only suitable for the detection of monoedge
and monoline cases. Therefore, the weighting method and the
multiscale multiorientation detection method are jointly used in

Fig. 1. Templates and weighting maps. (a) Templates for edge and line
detection. It is noted that one pixel is spaced between the two regions which
constitute the edge templates, while the width of the middle part in the line
templates is set as three pixels. (b) Weighting maps corresponding to the
templates in (a).

our method for an effective detection of edge-line features. Due
to the directionality of the edge-line features, an anisotropic
Gaussian kernel whose orientation is consistent with the cor-
responding template is chosen as the weighting map in our
method. The templates and the corresponding kernels used in
our method are shown in Fig. 1. It is noted that 3 scales and
18 directions are used, while the kernels’ elongation factor is
set as 2 according to the designed templates.

By using these methods, the CFAR thresholds on the
weighted responses of RoA and CC are very difficult to be
estimated. It means that the method used in [31] is hardly to
be applied to fuse the responses of RoA and CC detectors.
However, since these two detectors are all CFAR detectors
and the ranges of their responses are the same, a simple mean
fusion operation

√
(R2 + C2)/2 [33] is chosen in our method

to combine their responses for each template. Meanwhile, due
to the usage of the weighting method, it is feasible to make the
direct comparison between the responses of different templates.
Therefore, the largest response among all templates is selected
as the best response, and corresponding orientation is recorded
as the local dominant orientation. It is noted that the weighting
coefficient is normalized in each part of the template. Therefore,
the computing method for the CC-based edge response is
changed into (5) in which the factors indicating the number of
pixels in each part of the template are eliminated

Cedge(i,j) =

√√√√ 1

1 + 2
S2
i
+S2

j

(μ̂i−μ̂j)2

. (5)

Then, the intensity map is obtained, and the edge-line point
can be simply determined by using a threshold on the intensity
map. Moreover, for a true edge-line feature, its gradient value
should also be larger than a threshold [29]. Although the
gradient information is not suitable for the edge-line detection
in SAR image, some important discriminative information is
really contained in the gradient map. Therefore, the gradient
information is also calculated as the criterion for differentiating
the true edge-line features in our method. The gradient-based
edge and line responses are, respectively, computed as follows:

Gradedge(i,j) = ‖μ̂i − μ̂j‖ (6a)

Gradline(i,j,q) = min
{

Gradedge(i,j),Gradedge(j,q)

}
(6b)
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where μ̂k indicates the weighted mean of region k, Gradedge(i,j)

represents the gradient-based edge response between regions i
and j, and Gradi,j,q is the gradient-based line response among
three ordered regions i, j, and q. It is noted that the gradient
response at a pixel is computed by using the template that
gives the best intensity response at the pixel. When the gradient
response at each pixel is calculated, a gradient map is obtained.

With a proper fusion of the intensity map and the gradient
map, a better discrimination of the true edge-line features can
be achieved by the fused map. In our method, the operation (7)
is chosen for the fusion of the two maps

f(x, y) =
xy

1− x− y + 2xy
, x, y ∈ [0, 1] (7)

where x and y indicate the corresponding values in the gradient
map and the intensity map and f(x, y) represents the fused
strength. By using the operation, the fused value will be larger
or smaller than the values to be fused if they are all larger
or smaller than 0.5, while a compromised value is obtained
for the rest of the cases [33]. Therefore, before the fusion,
the two maps are both normalized into [0, 1] and shifted by
max{0,min{1, x− xO + 0.5}}. The values of xO calculated,
respectively, on the intensity map and the gradient map play
the same role as the thresholds used in [29]. In our method, the
calculation method proposed in [34] is chosen to estimate the
value of xO for the intensity map and the gradient map, in which
the value is calculated by making a tradeoff on the distances of
intraclass and interclass.

In the fusion process, an uncertain case will be caused when
different decisions are obtained from the gradient response
and the intensity response at a pixel. For better dealing with
the uncertain pixels, the nonmax suppression and connection
methods in Canny detection method [35] are used in our method
to extract the lines which will be selected to construct the sketch
map after the hypothesis testing. In this process, a heuristic
method is chosen to make a decision for the uncertain pixels.

C. Selection of Sketch Lines

As a compact representation of the edge-line features in
a SAR image, the elements of the sketch map should be
significant and important. Therefore, the significance of each
extracted line should be evaluated, and only the significant lines
are preserved to form the sketch map. In this process, some false
alarm lines are also removed.

In our method, a pair of paradoxical hypotheses is established
for calculating the significance of each extracted line, which is
shown as follows.

1) H0: the extracted line cannot be preserved as the sketch
line.

2) H1: the extracted line can be preserved as the sketch line.

Similar with [27], each extracted line is approximated by a
set of line segments, and its significance is calculated as

F =
∑
m

(lnP (Bm|H1)− lnP (Bm|H0)) (8)

where F stands for the significance of an extracted line which
is constituted by line segments {Bm}, subscript m indicates
that Bm is the mth line segment of the extracted line, and
P (Bm|Hi), i ∈ {0, 1} measures how the line segment Bm

satisfied the hypothesis Hi according to its neighboring pixels.
It is noted that the directionality of the local region is an
important criterion in the calculation of F . It means that all
pixels in the neighborhood are considered to be of the same
true value for H0, while only the neighboring pixels along the
direction of the line segment are of the same true value for H1.
Due to the multiplicative speckle in the amplitude SAR image,
P (Bm|Hi), i ∈ {0, 1} is computed as follows:

P (Bm|Hi)

=

n∑
k=1

P (Ak|Hi)

=
2nLnL

Γ(L)n
exp

{
n∑

k=1

[
− L

A2
k

Â2
k

+ (2L− 1) ln
(
A2

k

)

− L ln
(
Â2

k

)]}

=
2nLnL

Γ(L)n
exp

{
− L

n∑
k=1

[
A2

k

Â2
k

−
(
2− 1

L

)
ln(A2

k)

+ ln(Â2
k)

]}

= exp

{
−L

n∑
k=1

[
A2

k

Â2
k

−
(
2− 1

L

)
ln
(
A2

k

)
+ ln

(
Â2

k

)]

+ C(n,L)

}
(9)

where L is the number of looks, n represents the number
of pixels in the neighborhood of the line segment Bm, Ak

indicates the observed value of these pixels, Âk is the estimated
value under the assumption of Hi, and C(n,L) is a constant
value which is only related to the number of pixels and the
number of looks. Then, we can get

lnP (Bm|Hi)∝−
n∑

k=1

[
A2

k

Â2
k

−
(
2− 1

L

)
ln
(
A2

k

)
+ln

(
Â2

k

)]
. (10)

Substituting (10) in (8), the significance of an extracted line
is computed. Based on the histogram of the significance of all
extracted lines, a threshold is selected for the construction of
the sketch map. It means that the lines whose significances
are smaller than the selected threshold are not preserved in the
sketch map. Since the selected threshold is related to the content
of the image, different values will be chosen for different
images. Usually, the value at the first peak of the histogram is
chosen as the threshold.

In Fig. 2, a real SAR image is taken as an example, and its
corresponding intensity map, fused strength map, orientation
map, sketch map, and histogram map are, respectively, shown
as Fig. 2(b)–(f). According to its histogram map, 5 is chosen as
the threshold to select the significant lines. By comparing the
intensity map and fused strength map, we can see that the edge-
line features are more easily discriminated by using the latter.
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Fig. 2. (a) Real SAR image (estuary near Yellow River in China, C-band, 8-m resolution, four-look). (b) Intensity map. (c) Fused strength map. (d) Orientation
map. (e) Histogram map on the significance of extracted lines. (f) Extracted sketch map in which end points of each line segment are marked as solid dot.
(g) Binary map for the structural (white) and nonstructural (black) portions. (h) Pixels belong to the nonstructural portion.

III. SKETCH-BASED GEOMETRICAL KERNEL

FUNCTION FOR SPECKLE REDUCTION

In this section, according to the extracted sketch map, a
geometrical kernel function is constructed adaptively for each
pixel by combining the local geometrical property. Meanwhile,
a modified ratio distance is developed for its properties of max-
imal self-similarity and symmetry. Then, a new neighborwise
similarity metric is formed. Sequentially, the region growing
method is chosen to find the local maximal homogeneous
region with the proposed metric, and the ML rule is used within
the obtained region to estimate the true value.

A. Construction of Geometrical Kernel Function

Since almost all anisotropic features are marked in the sketch
map, a reasonable discrimination of structural and nonstructural
portions can be achieved according to the extracted sketch map.
Meanwhile, due to the multiscale and multiorientation scheme
used in the sketching process, the geometrical properties im-
plied by the sketch map are reasonable. Thus, the geometrical
kernel function constructed according to the extracted sketch
map is suitable to be used as the interpretation of local geomet-
rical spatial relationship.

As explained in Section II-C, a sketch map can be considered
as a composition of line segments. For a better discrimination
of the structural and nonstructural portions of a SAR image, an
oriented rectangular window is designed in our method for the
extraction of the structural portion. It is noted that the window is
constructed separately for each line segment and its long edge
is aligned with the concerned line segment. The constructing

method is shown as (11). According to the size of the templates
used for the detection of edge-line features, the width and height
of the constructed window are set as sl = 7 and sw = 5 in our
algorithm.

W (θ, x0, y0, sl, sw) =
{
(x, y) | ‖f1(x, y, x0, y0, θ)‖ ≤ sl

2
,

‖f2(x, y, x0, y0, θ)‖ ≤ sw
2

}
(11)

where (x0, y0) indicates the window’s central point, (x, y) is a
neighboring point of (x0, y0), θ represents the orientation of the
window’s long edge, sl and sw are, respectively, the window’s
height and width, ‖ · ‖ is the absolute operation, and the coupled
rotation functions f1() and f2() are defined as follows:{

f1(x, y, x0, y0, θ) = −(y − y0) sin θ + (x− x0) cos θ
f2(x, y, x0, y0, θ) = (y − y0) cos θ + (x− x0) sin θ.

(12)

By aligning (x0, y0) with each point of the concerned line
segment and labeling all pixels contained in the window, a
region that contains the line segment is determined. In other
words, all labeled pixels constitute the region that includes the
feature represented by the line segment. When the region of
each line segment is extracted, the structural portion of the
whole image is determined, while the rest is the nonstructural
portion. For a real SAR image [shown in Fig. 2(a)], the classi-
fied binary map and the corresponding nonstructural portion of
a SAR image are shown, respectively, in Fig. 2(g) and (h), from
which we can see that almost all edge-line features are included
in the structural portion.
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Since the constructed geometrical kernel functions in our
method are essentially the Gaussian function, a universal for-
mulation of these functions is given as follows:

Kernel(x0,y0)(x, y)

= exp

{
−f2

1 (x, y, x0, y0, θ) + λ2f2
2 (x, y, x0, y0, θ)

σ2

}
(13)

where (x0, y0) indicates the interested pixel, (x, y) represents
the neighboring pixel, θ and λ are, respectively, the orientation
and the elongation factor of the kernel function, f1() and f2()
are the rotation function defined as (12), and σ is the standard
variance which indicates the local spatial relationship. From the
definition, we can see that the geometrical kernel function is
isotropic when θ = 0 and λ = 1. It means that the geometrical
kernel functions used in structural and nonstructural portions
are only different in the orientation and the elongation factor. A
larger value of λ indicates a higher ratio between the long axis
and short axis. In our method, λ is experimentally set as 3 for
the pixels in the structural portion.

B. Speckle Reduction With Local Homogeneous Region

Since the speckle in a SAR image is modeled as multiplica-
tive noise, Euclidean metric is invalid in measuring the similar-
ity between the speckled patches. In [24], a relative metric was
proposed for measuring the similarity of two speckled patches,
which was derived from the pdf of the ratio distance of two
speckled pixels. However, from the curves of the distance to
different looks of speckle [24], we can see that this metric
does not have the properties of symmetric and maximal self-
similarity. In our method, the ratio distance of two speckled
values is modified as (14) for searching the similar samples

R(Yi, Yj) = min

{
Yi

Yj
,
Yj

Yi

}
(14)

where Yi and Yj indicate two noisy pixels whose similarity
needs to be measured. From the definition, we can see that the
properties of symmetric and maximal self-similarity are well
satisfied by the proposed metric.

Then, by combining with the geometrical kernel function
constructed in Section III-A, a new neighborwise similarity
metric is defined as

Sim(Vp, Vq) =

∑
Kernelp(·)R (Vp(·), Vq(·))∑

Kernelp(·)
(15)

where Kernelp(·) indicates the geometrical kernel function that
is constructed for the concerned pixel p and Vk(·) represents a
neighbor pixel of pixel k.

The main steps of our algorithm are shown as follows.
1) Extracting the sketch map of the input SAR image.
2) Discriminating the structural and nonstructural portions

according to the extracted sketch map.
3) For each pixel in the image, a geometrical kernel function

is built by (13), and the neighborwise similarity metric
[defined as (15)] is used in search of the local maximal
homogeneous region. In essence, this procedure is a
region growing process. For the computing efficiency of

Fig. 3. Variation of the PSNR to different values of scale factor κ. The test
images are Lena (256∗256), Cameraman (256∗256), and Peppers (256∗256).

the algorithm, the obtained region is limited in a larger
window centering on the concerned pixel in our method.
In all experiments, the size of the window is set as 15.

4) With the obtained region, the ML rule is used for the
estimation of the underlying signal.

C. Parameter for Region Growing

Since a region growing scheme is used in our method to de-
termine the local maximal homogeneous region, a stop criterion
is very important for the obtention of a larger and reasonable
region. Moreover, due to a stronger effect of multiplicative
speckle, the criterion is reasonable to be related to the levels of
speckle. In [24], the threshold used to search the local maximal
homogeneous region was proportional to the maximal value of
the relative metric which varies with the levels of speckle. In
our algorithm, the threshold is set to be proportional to the ratio
value which is of the highest pdf. Thus, the value is calculated
as follows:

Th = κ ·
√

(2L− 1)

(2L+ 1)
(16)

where L stands for the number of looks which is an index of the
level of speckle and κ is the scale factor.

In order to make a reasonable selection of the scale fac-
tor κ, three natural images (Lena, Peppers, and Cameraman)
corrupted with different levels of speckle (L = 2, 4, and 8)
are used in the experiments, and the corresponding curves that
represent the variation of the peak signal-to-noise ratio (PSNR)
to different κ values are given in Fig. 3. From the curve chart,
we can find that the scale factor κ has a significant effect on
the estimated results. When the peak values of these curves are
observed, the scale factor κ corresponding to the highest PSNR
is in the interval [0.77, 0.83]. Obviously, a smaller scale factor
κ will lead to a stronger reduction of speckle and is prone to
be chosen for the data which are corrupted with more serious
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Fig. 4. Three synthetic images. (a) Multimode. (b) Fiveclass. (c) Multicurve.

Fig. 5. Results of synthetic images that are corrupted with two-look speckle. The first column shows the speckled images. From left to right are the results of
(b) Refined Lee filter, (c) AKMMSE filter, (d) TSRG filter, (e) LHRS-PRM filter, and (f) our proposed filter.

speckle. Therefore, in our algorithm, the factor κ is set to be
0.77 when the level of speckle is L ≤ 4; otherwise, κ = 0.81.

IV. EXPERIMENTS

To check the effectiveness of our algorithm, three synthetic
images and four real SAR images are used in the experiments.
The comparison filtering methods include the Refined Lee filter
[6], AKMMSE filter [23], TSRG filter [11], and LHRS-PRM
filter [24]. The visual results and their corresponding numerical
results are given for the qualitative and quantitative analyses.
For the Refined Lee filter and AKMMSE filter, the size of the
window is set to be 9, and the smoothing factor is set to be
1.4 for the AKMMSE filter. For the TSRG filter, the first and
second stopping criteria are set to be 1.5 and 1.0, respectively,
and the maximal number in the first region growing is set to
be 100 for computational efficiency. The parameters of the
LHRS-PRM filter are set according to [24]. At last, the time
consumptions of our method on four real SAR images are given
in detail.

A. Synthetic Images

The synthetic images (shown in Fig. 4) are corrupted with
two different levels of speckle (L = 2 and 4) in the experiments,
and the numerical indexes including the PSNR, mean of struc-
tural similarity index (MSSIM) [36], and edge preservation
degree based on RoA (EPD-RoA) [24] are calculated for the
quantitative analysis. It is noted that, due to the availability of
the underlying signal, two full reference indexes (PSNR and
MSSIM) are used for evaluation. For the two indexes, a larger
value means a better performance on the restoration of the
underlying signal (PSNR) or the structure property (MSSIM).
For EPD-RoA, a higher value implies a better persistence of the
details. The visual results are shown in Figs. 5 and 7, while the
numerical indexes are calculated in Table I. It is noted that all
speckled images are truncated into 8-bit images.

From the despeckled results of the Refined Lee filter and
AKMMSE filter [shown as Fig. 5(b) and (c)], we can see that
the details are well preserved by using the strategy of the region
division (Refined Lee filter) or the local correlation analysis
(AKMMSE filter). In essence, the local dominant orientation is
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TABLE I
NUMERICAL INDEXES FOR SYNTHETIC IMAGES

calculated for the concerned pixel and used implicitly to deter-
mine the efficiency of its neighboring pixels for the estimation
in both of these two methods. However, some speckle residual
is clearly observed in their visual results. The main reason is
that a predefined window is used in these two methods. It means
that the valid samples used to estimate the true value are not
enough. In the AKMMSE filter, for an effective calculation of
the local morphology by the structural tensor method, the CV
is applied to discriminate the regions containing the details.
Since the CV is computed in a window, its performance is very
sensitive to the size of the window. Thus, the results of the
AKMMSE filter look noisier than that of the Refined Lee filter.
By using the region growing method, the speckle is greatly re-
duced, and many details are well preserved in the results of the
TSRG filter [shown as Fig. 5(d)]. With a careful observation, we
can find that many unexpected dark spots appear in the results.
It is because a smaller region is usually obtained by using the
pixel-based similarity for the pixel which is affected seriously
by speckle. For the LHRS-PRM filter, with the usage of the
neighborwise similarity metric, not only the speckle is reduced
greatly, but also the details are well preserved in the results
[shown as Fig. 5(e)]. Moreover, the unexpected spots are elim-
inated. It is because the risk of the larger deviation for a single
pixel is reduced by using the neighborwise similarity metric,
and more valid similar samples are searched for the estimation,
whereas due to the lack of the analysis of the local geometrical
property, the profiles of the details are not well restored in the
results of the LHRS-PRM filter, especially for the weak details
[shown as the bottom-left and top-right edges in the result
of Fiveclass and the middle curve in the result of Multicurve

in Fig. 5(e)]. From the visual results of the proposed filter
[shown as Fig. 5(f)], we can find that a better preservation of
details is obtained, while the speckle is reduced largely. This is
because the neighborwise similarity metric and the geometrical
kernel function constructed by exploiting the extracted sketch
information are jointly used to determine the local maximal
homogeneous region of each pixel. In other words, the analysis
of the local morphology is very important for the restoration of
underlying signal, especially for the details.

For a further analysis, the local profiles restored from two-
look speckled Multimode by these filtering methods are shown
in Fig. 6, which correspond to the profile marked by white
line shown in Fig. 4(a). From Fig. 6, we can find that the
maximal deviation is the smallest in the result of our method.
With a careful observation, we can see that the deviation nearby
each step profile is smaller in the result of our method than
in the result of the LHRS-PRM filter. It means that a better
approximation to the original step profile is achieved by the
proposed method. Similar conclusions can also be obtained for
the synthetic images corrupted with four-look speckle, whose
visual results are shown in Fig. 7.

In Table I, the numerical indexes (including MSSIM, PSNR,
and EPD-RoA) of the visual results are listed for the quantita-
tive analysis where the best values are marked in bold. From
the table, we can see that the highest value in terms of MSSIM
is obtained by the proposed method among all comparison
methods, while the PSNR of our method is only inferior to the
TSRG filter for Multimode corrupted with four-look speckle.
In terms of EPD-RoA, due to the existence of speckle residual,
a higher value is achieved by the AKMMSE filter and Refined
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Fig. 6. Despeckled profiles corresponding to the profile marked in Fig. 4(a) and corrupted with two-look speckle. The first column is the underlying profile. For
the rest, the first row is the restored profiles, and the second row is the deviation of the restored to the underlying. From left to right, the profiles are the results of
(a) Refined Lee filter, (b) AKMMSE filter, (c) TSRG filter, (d) LHRS-PRM filter, and (e) Our proposed filter.

Fig. 7. Results of synthetic images that are corrupted with four-look speckle. The first column is the speckled images. From left to right are the results of
(b) Refined Lee filter, (c) AKMMSE filter, (d) TSRG filter, (e) LHRS-PRM filter, and (f) Our proposed filter.

Lee filter, while the performance of our method is better than
that of LHRS-PRM. In light of the aforementioned analysis,
we can conclude that a better performance in terms of the
speckle reduction and the persistence of details is obtained by
our method.

B. Real SAR Images

In this section, four real SAR images are used for further
analysis, which are the following: 1) Field [rural scene in
Bedfordshire, X-band, 3-m resolution, 3.2-look [24], and
shown as Fig. 8(a)]; 2) Town [town near Xi’an, China, 3-m

resolution, four-look, and shown as Fig. 9(a)]; 3) Yellow River
[estuary near Yellow River in China, C-band, 8-m resolution,
four-look, and shown as Fig. 10(a)]; and 4) Horse Track [horse
track near Albuquerque, NM, Ku-band, 1-m resolution, four-
look, and shown as Fig. 11(a)]. The comparison methods and
parameter settings are identical to that used in the experiments
of synthetic images. The visual results are shown in Figs. 8–11.
Since the underlying signal is hardly to be obtained for real
SAR images, the numerical indexes calculated by using the
images before and after filtering are used for analysis. In this
paper, EPD-RoA [24], mean and variance of the ratio map
between the speckled and despeckled images, and speckle looks
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Fig. 8. Results of Field. (a) Original image. (b) Refined Lee filter. (c) AKMMSE filter. (d) TSRG filter. (e) LHRS-PRM filter. (f) Our proposed filter.

Fig. 9. Results of Town. (a) Original image. (b) Refined Lee filter. (c) AKMMSE filter. (d) TSRG filter. (e) LHRS-PRM filter. (f) Our proposed filter.

(SL) [37] are calculated in Table II. For a better analysis,
the ideal values of these indexes are also given in the table.
Moreover, equivalent number of looks (ENL) of several prese-
lected larger homogeneous regions are calculated in Table III to
evaluate the smoothing ability of different methods. It is noted
that all real SAR images are 8-bit images.

In the visual results of the Refined Lee filter and AKMMSE
filter shown as Fig. 8(b) and (c), some speckle residuals are
observed, while the details of the image are well preserved,
such as the point targets in the left-bottom part of Field. For the
TSRG filter, some unexpected dark spots are clearly observed in
the results, while the details are also well preserved, such as the
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Fig. 10. Results of Yellow River. (a) Original image. (b) Refined Lee filter. (c) AKMMSE filter. (d) TSRG filter. (e) LHRS-PRM filter. (f) Our proposed filter.

Fig. 11. Results of Horse Track. (a) Original image. (b) Refined Lee filter. (c) AKMMSE filter. (d) TSRG filter. (e) LHRS-PRM filter. (f) Our proposed filter.

left part of Horse Track [shown as Fig. 11(d)]. With the usage of
neighborwise similar metric, the speckle is greatly suppressed
in the results of the LHRS-PRM filter and our proposed filter.
After careful observation, we can find that the profiles of some
details of the image are enhanced and become clearer in the
result of our method than in the result of the LHRS-PRM filter,
such as the left-down part of Yellow River (shown in Fig. 10).
The main reason is that the details are discriminated reasonably
according to the extracted sketch map, and the directionality is
analyzed and embodied in the similarity metric to determine
the local maximal homogeneous region. Meanwhile, we can
also find that the homogeneous regions of these tested images
are smoother in the results of our method than in the results of

other comparison filters, such as the left part of Town (shown
in Fig. 9).

From the numerical indexes, some more conclusion is ob-
tained. In terms of EPD-RoA, the highest value is achieved by
our method in all SAR images except in Field and Yellow River
for which the highest value is obtained by the AKMMSE filter.
After a careful comparison, we can find that the details are
well preserved by our method. Furthermore, the usage of the
local geometrical property is better for the persistence of the
details. This conclusion is consistent with that obtained from
visual results. For the index of the mean of ratio map, a larger
deviation is usually obtained by the TSRG filter, while a more
reasonable result is attained by the LHRS-PRM filter. It means
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TABLE II
NUMERICAL INDEXES FOR REAL SAR IMAGES

TABLE III
NUMERICAL INDEX OF ENL

that the LHRS-PRM filter performs better on the preservation of
scattering. From SL which is also computed from the ratio map,
we can find that a better value is obtained by our method except
for Town which contains many building scatters. However, due
to the existence of many heterogeneous regions in Town, our
method’s performance in terms of SL is reasonable.

Since a better filtering method should perform well not
only in the preservation of the details but also in the speckle
reduction [15], some homogeneous regions [shown as Figs. 8(a)
and 11(a)] are selected for evaluation. The calculated ENLs are
recorded in Table III from which we can find that the highest
value is obtained by our method. It means that the smoothing
ability of our method is stronger than the rest, which can also be
obtained from visual results. To sum up, a better performance
is obtained by our method in terms of the preservation of the
details and scattering and the speckle reduction.

C. Time Consumption

In this section, the time costs on four real SAR images are
given in Table IV. It is noted that the results are obtained by
nonoptimized C++ code implementing with Intel 3.2-GHz CPU
and 4-GB memory PC. Since the sketch map is extracted in our
method, the time consumption is a little expensive. For a better

TABLE IV
TIME CONSUMPTION FOR REAL SAR IMAGES

analysis, the time consumptions of different stages described
in Section II (sketching process) and Section III (speckle re-
duction) are given, respectively, in Table IV. It is obvious that
the time used for the sketching process is more than half of the
total computation time. Moreover, the time used for the speckle
reduction is related to the area of the homogeneous region. This
can be obtained from the time consumption of Town in which
the area of the heterogeneous region is larger.

V. CONCLUSION

In this paper, the sketch information of a SAR image has
been extracted as the guidance for constructing the geometri-
cal kernel function. Moreover, a modified ratio distance was
developed to form a new neighborwise similarity metric. Since
the local geometrical property is considered in the metric, more
valid samples have been searched to estimate the underlying
signal, especially for the details. Then, using the region growing
method, a local adaptive region was obtained for each pixel, and
the ML rule was used within the region for estimation. In the
experiments of synthetic and real SAR images, it can be seen
that, for our method, not only the speckle is greatly suppressed,
but also the details are well preserved.

However, some parameters used to construct the geometrical
kernel function are set empirically in our method. A data-driven
selection method about these parameters will be our future work.
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