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ABSTRACT:

Presence of speckle in the Polarimetric Synthetic Aperture Radar (PoISAR) images could decrease the performance of information
extraction applications such as classification, segmentation, change detection, etc. Hence, an essential pre-processing step named de-
speckling is needed to suppress this granular noise-like phenomenon from the PoISAR images. In this paper, a comparison study is
conducted between several new PolSAR speckle reduction methods such as POSSC, PNGF, and ANLM. For this comparison, a 4-
look L-band AIRSAR NASA/JPL PoISAR dataset that obtained over an agriculture land from Flevoland, Netherlands, was employed.
The de-speckling assessment was completed based on some no-reference quantitative indicators. All the de-speckling methods were
evaluated in terms of speckle reduction form homogeneous areas, details, and radiometric preservation, and retaining the polarimetric
information. Furthermore, the impact of PoISAR de-speckling on classification was evaluated. For this purpose, Support Vector
Machine (SVM) classifier was used to classify H/A/Alpha decomposition. Experimental results showed that the ANLM method was
better to suppress the speckle, followed by the PNGF method. Also, the classification results showed that a proper PoISAR de-speckling
could effectively increase the classification accuracy. The improvement of the Overall Accuracy based on de-speckling using the

ANLM method was approximately 22% and 13% higher than the POSSC and PNGF methods, respectively.

1. INTRODUCTION

The Polarimetric Synthetic Aperture Radar (PoISAR) systems
are an active microwave imaging technique. The remotely sensed
data which is collected by these systems is one of the most critical
information resources that can gather crucial information from
the earth surface. These systems can emit the fully polarized
long-wavelength radar waves and receive the returned waves
from the targets. As a result, all-weather, day and night imaging
are the advantages of these systems. Consequently, the PoISAR
data has been becoming an ideal tool for remote sensing
applications. However, besides these superiorities over the
optical imaging systems, SAR images are affected by a granular
noise-like phenomenon named speckle, which is originated by
the coherent nature of the SAR systems. Presence of the speckle
in the PoISAR images degrades their radiometric quality (Lee,
1981). Moreover, speckle complicates image analysis and
interpretation (Lee et al., 1999). Furthermore, the accuracy of the
end-user products is highly dependent on the quality and
reliability of the input data (Lopes et al., 1993) For this reason,
an essential pre-processing step called de-speckling is needed to
suppress the speckle from the PoISAR data.

In order to make a worthy trade-off between speckle reduction
and details preservation, various methods have been proposed in
the literature to reduce the speckle from the SAR images in
general (Farhadiani et al., 2019; Gleich, 2018; Liu et al., 2018),
and PolSAR images in particular (Lee et al., 2015; Ma et al.,
2018; Nie et al., 2016). Thanks to the Non-Local Means (NLM)
denoising approach (Buades et al., 2005) and its development for
de-speckling the PoISAR data, many various non-local PoISAR
speckle reduction methods have been proposed in the literature
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(Ma et al., 2019; Shen et al., 2018; Xing et al., 2017; Xu et al.,
2016; Yan et al., 2017).

Until now, several papers have been presented in the literature
about PolSAR despeckling. However, only a few of them used a
real-world application to show how de-speckling could affect the
performance of the remote sensing applications (Lavreniuk et al.,
2017; Lee et al., 1999; Mahdianpari et al., 2017; Medasani and
Reddy, 2018). The main goal of this paper is to compare and
assess the performance of several new PolSAR de-speckling
methods, such as POSSC (Xu et al., 2016), PNGF (Ma et al.,
2018) and ANLM (Shen et al., 2018) from different aspects.
Beside this comparison, due to the importance of crop
classification and achieving reliable crop map, we will also assess
the influence of PoISAR de-speckling on the classification
accuracy. To this end, Support Vector Machine (SVM) classifier
(Cortes and Vapnik, 1995) has been employed to classify
H/A/Alpha decomposition (Cloude and Pottier, 1997). Figure 1
shows the workflow of the proposed methodology.

2. STATISTICS OF POLSAR DATA

In a PoISAR data, the polarimetric information of the target is
represented by a complex matrix named Sinclair scattering
matrix as:

S — Shh Shv (1)
S, S

v
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Figure 1. The workflow of this paper.

where Sk represents the scattering element of k transmitting and
I receiving polarizations. In the case of reciprocal backscattering,
we have Sw=Sw. Also, the polarimetric information can be
denoted by a complex vector called the target scattering vector,
which can be expressed as:

Q:|:Shh \/Eshv Sw :|T (2)

where superscript T stands for the matrix transpose (Lee and
Pottier, 2009). Besides of Sinclair scattering matrix and target
scattering vector, the polarimetric information can be indicated
by a matrix named Covariance matrix (C3) which is generated by
the outer product of the target scattering vector with its conjugate
transpose. The C3 matrix can be expressed as:

<Ca>=<Q'Q*T>
(swl)  V2{susn)  (swsi) |
=(V2(susn)  2(suf)  v2(s.S0)
(s.Sm)  2(s,s;) <|SW |2>

where the subscript * denotes the complex conjugate of a
complex quantity and <.> indicates spatial ensemble averaging
(Lopez-Martinez and Fabregas, 2003). It is proven that the
covariance matrix follows the complex Wishart distribution
(Goodman, 1963):

L*|c| exp(—LTr(Z’lc))
K (L)

Pe (C) = @)

where L is the equivalent number of looks (ENL), q is the
dimension of the polarimetric Covariance matrix, || is the
determinant operator, Tr(.) is the trace of the matrix, X is the
expectation of C, and K is a normalization factor, and it is equal
to:

a@-) g

K(La)=z 2 J[r(L-j+1) ©

where I'(.) is the Gamma function. In the case of PolSAR data,
the ENL can be estimated as proposed by Anfinsen et al.

(Anfinsen et al., 2009). It should be noted that in the intensity or
amplitude SAR images, speckle has a multiplicative nature
(Bianchi et al., 2013). However, in PoISAR data, speckle appears
in the intensity images of each polarization, as well as in the
complex cross-product terms (Lopez-Martinez and Fabregas,
2003). For this reason, the speckle in the PoISAR data is more
complicated.

3. POLSAR DE-SPECKLING

In this section, we will introduce some recent PolSAR de-
speckling approaches, named the POSSC, PNGF, and the
ANLM. It should be noted here that we will not describe these
methods in detail. However, in the following, a brief description
of these methods is presented.

3.1 POSSC

Xu et al. developed a transform-domain speckle suppression
method for PoISAR images based on patch ordering algorithm
and simultaneous sparse coding (SSC). At first, a signal-
dependent additive noise model for PoISAR Covariance matrix
is established. After that, based on the complex Wishart
distribution, the noise variance for each element of the matrix is
computed. At the next step, by extracting sliding patches and
organizing them, the ordered patches are filtered by SSC. Finally,
by reconstructing the filtered patches via reverse permutation and
sub-image averaging, the final de-speckled image is achieved.

3.2 PNGF

Ma et al. proposed a guided filter with nonlinear weight kernels
and adaptive filtering windows for speckle reduction from
PoISAR images. The idea behind this method is summarized in
two main steps. In the first step, a guidance image with a low
level of speckle is generated by a local weighted average with
employing the statistical trait of the speckled data. In the second
step, the final de-speckled image is obtained by using the fully
polarimetric traits based on the guidance image and the speckled
image.

3.3 ANLM

Shen et al. developed an adaptive non-local means filter with the
shape-adaptive (SA) patches matching and optimal similarity test
(Simi-Test) threshold selection for reducing the speckle from
PoISAR images. By combining the polarimetric likelihood ratio
test for the Coherency matrices (POILRT-CM) and the region
growing (RG), the homogeneous and heterogeneous pixels in
textured areas can be efficiently distinguished. Also, the adaptive
threshold selection of Simi-Test is used to enhance the filtering
performance both in the homogeneous and textured areas.

3.4 Filter Parameter Tuning

Tuning the parameters in each de-speckling method is one of the
most challenging tasks which has a direct influence on the de-
speckling performance. In the POSSC method, there is only one
unknown parameter that must be tuned, and it is the number of
looks (L). The other parameters are fixed throughout the
algorithm. In this paper, the number of looks of the AIRSAR data
is equal to 4. In the PNGF method, there are two unknown
parameters, one is L, and another is t to specify the normalization
parameters t1 and t2. Larger values of t result in a more speckle
reduction at the expense of worse levels of preserving details, and
vice versa. Similar to the POSSC method, other existing
parameters of the PNGF method are fixed in the algorithm. In
this paper, t is considered 0.6 to compensate between speckle

This contribution has been peer-reviewed.
https://doi.org/10.5194/isprs-archives-XLII-4-W18-379-2019 | © Authors 2019. CC BY 4.0 License. 380



The International Archives of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume XLII-4/W18, 2019
GeoSpatial Conference 2019 — Joint Conferences of SMPR and Gl Research, 12—-14 October 2019, Karaj, Iran

reduction and retain details. For the ANLM method, several
unknown parameters must be tuned like patch radius, search
radius, etc. All the unknown parameters are tuned as the authors
of the original paper have proposed. For more information about
the unknown parameters of each mentioned de-speckling
methods, we refer the readers to their original articles.

4. EXPERIMENTAL RESULTS

In this paper, a real PoISAR data is used for the comparison of
de-speckling methods. This dataset is acquired by the 4-look L-
band NASA/JPL AIRSAR system that is obtained over a large
agriculture land from Flevoland, Netherlands! and covers various
types of crops, some man-made structures and a small area of
water. Figure 2 presented the Pauli RGB image of this dataset.
Due to inaccessibility to the speckle-free PoISAR data, we will
use some no-reference indicators, e.g., Equivalent Number of
Looks (ENL), Edge-Preservation Degree based on Ratio of
Average (EPD-ROA), Mean of Ratio image (MoR) and complex
correlation coefficient (p) for the evaluation purposes. Also due
to the importance of the crop classification, we will classify the
PoISAR images via Support Vector Machine (SVM) and
evaluate the results based on Overall Accuracy (OA), Kappa
coefficient, Producer's and User's accuracies.

4.1 PoISAR De-speckling Assessment

Indeed, an excellent de-speckling approach should smooth the
homogeneous areas, preserve the details, avoid radiometric
distortion, and artifact-free (Oliver and Quegan, 2004). Besides
these properties, an excellent PoISAR filtering method should
also preserve the polarimetric information (Xing et al., 2017). In
the rest of this subsection, we will describe how we can assess a
de-speckling method from these aspects.

ENL is widely used to assessing the de-speckling methods in
terms of speckle reduction in a homogeneous area and can be
expressed as:

ENL=(u/c)? (6

where x and ¢ are the mean and standard deviation which are
calculated from a homogeneous area of the SAR image,
respectively. The higher value of the ENL denotes more speckle
reduction from the homogeneous areas. In this paper, we
computed the ENL in two different homogeneous areas. Another
metric which is employed to evaluate the capability of the
methods in terms of edge-preserving is EPD-ROA, and it is equal
to (Feng et al., 2011):

epp-roA = 2ial'= ()10

St/ ()

where Is1 and Is2 denote the adjacent pixel values of the de-
speckled image along the horizontal or vertical direction,
whereas liz and li2 represent the corresponding nearby pixel
values of the SAR image, respectively. A better edge-preserving
method should have EPD-ROA value close to 1. To evaluate the
performance of de-speckling methods in terms of radiometric
preservation, we will use Mean of Ratio image (MoR) which is
computed based on the mean of the point-wise division of the
SAR image before and after the speckle reduction process. In the
ideal case, the MoR value should close to 1.

Thttps://earth.esa.int/web/polsarpro/data-sources/sample datasets

B ) >

Methods § % GZ) £

< o) m <
ENL Zonel | 258 | 13.08 | 17.34 | 39.36
Zone2 | 2.76 | 16.78 | 22.80 | 56.36
Hori. - 0.524 | 0538 | 0.588
EPD-ROA e - 0.475 | 0.481 | 0.505
MoR - 0.962 | 0.982 | 0.983
| (hh,w)] 0.739 | 0.739 | 0.739 | 0.741
|p (hh,hv)] 0.074 | 0.075 | 0.073 | 0.073
lp (w,hv)] 0.089 | 0.089 | 0.084 | 0.086
2 p (hh,w) -0.359 | -0.357 | -0.363 | -0.367
2 p (hh,hv) 1.085 | 1.110 | 1.122 | 1.167
2 p(w,hv) 1175 | 1.185 | 1.211 | 1.185

Table 1. ENL, EPD-ROA, MoR, and pvalues.

A suitable PoISAR de-speckling method should preserve the
polarimetric information. For this reason, we will use the
complex correlation coefficient to evaluate the polarimetric
preservation capability of the de-speckling methods as follows
(Lopez-Martinez and Fabregas, 2003):

(5.7)
(5.7}l

where i and j represent two polarimetric channels. We computed
this parameter in a homogeneous region. The amplitudes (|.|) and
phase angles () are estimated separately. In the ideal case, the
complex correlation of the filtered image should be closed to the
complex correlation of the original image that contains speckle.
In this paper, p is computed between hh and vv, hh and hv and vv
and hv channels.

The Pauli RGB images of the speckled Flevoland data and de-
speckled images using the POSSC, PNGF, and the ANLM
methods are presented in Figure 2. Also, Table 1 denotes the
computed values of the previously mentioned de-speckling
assessment indicators. It should be noted that we computed the
ENL, EPD-ROA, and MoR indicators based on the diagonal
elements of the C3 matrix and their averaged values were used
for comparison. By investigation of the ENL values, we can find
that the ANLM method could efficiently decrease the speckle
from homogeneous areas. This can be seen in Figure 3 that
represents the zoomed area of the noisy and de-speckled images.
In the case of edge-preserving, the ANLM method was the best
among other approaches, followed by PNGF method. However,
some annoying granular-like artifact has been appeared in the
PNGF de-speckling result, as can be seen in Figure 3. In the case
of radiometric preservation, all methods had the acceptable
ability. It should be noted that accurately tuning the parameters
of a de-speckling method can dramatically increase the
performance of a speckle reduction method. For example, if we
increase the t parameter in the PNGF method, the image will be
more smoothed at the expense of losing details.

Pii= (8)

4.2 Classification Assessment

In this subsection, we will classify the POISAR data to assess how
de-speckling could affect the classification result. It should be
pointed out here that the purpose of the classification in this paper
is not to discuss which classifier is better or best.
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Figure 2. Pauli RGB images. From top to down, the speckled
data, the POSSC de-speckled data, the PNGF de-speckled data,
and the ANLM de-speckled data, respectively.

@ ®)
© )

Figure 3. The zoomed area images. (a) speckled data,
(b) POSSC, (c) PNGF, and (d) ANLM.

# of # of
training data test data

Bare Soil 1202 6011
Barely 1583 7916
Beet 2462 12310
Building 134 673
Forest 3370 16851
Grass 1753 8766
Lucerne 1989 9946
Peas 2103 10519
Potatoes 3752 18764
Rapeseed 3885 19428
Stem Beans 1667 8339
Water 2067 10339
Wheat A 3482 17410
Wheat B 2390 11952
Wheat C 4484 22421

Table 2. The number of training and test data.

As a result, it does not matter that which classifier is employed
for the classification, but the classification conditions (e.g. tuned
parameters, number of training data, etc.) must be equal and
constant for all POISAR datasets which are de-speckled based on
the POSSC, PNGF, and the ANLM methods. In this way, the
comparison of the classification results will be fair.

In this paper, the Support Vector Machine (SVM) classifier is
employed to classify the AIRSAR data. The description of the
SVM algorithm is out of the scope of this paper, so we will refer
the readers to the original article (Cortes and Vapnik, 1995) for
more details about how SVM works. We employed LibSVM to
classify the PoISAR data (Chang and Lin, 2011). The SVM uses
the Radial Basis Function (RBF) kernel, also C and y parameters
have been fixed to 1000 and 0.125, respectively. Furthermore, the
classification is done based on the H/A/Alpha decomposition.

In the Flevoland agriculture land, various types of classes, e.g.
Bare Soil, Barely, Beet, Building, Forest, Grass, Lucerne, Peas,
Potatoes, Rapeseed, Stem Beans, Water, and Wheat are existed
(Uhlmann and Kiranyaz, 2014). Figure 4 represents the ground
truth for this data. It should be noted that 20% of the ground truth
data has been used for training the SVM. Table 2 denotes the
number of training and test data for each class.
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Stem Beans Water
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Figure 4. Ground truth for Flevoland area and its legend.

POSSC | PNGF | ANLM
OA (%) 53.77 62.30 75.40
Kappa 0.49 0.59 0.73

Table 3. Overall Accuracy and Kappa coefficient values based
on different PoISAR de-speckling methods.

Overall Accuracy (OA), Kappa coefficient, Producer's and User's
accuracies are employed for the classification assessment. All
these metrics are computed based on the confusion matrix. OA is
computed by dividing the diagonal elements of the confusion
matrix (i.e. the total number of correctly classified pixels) to the
total number of pixels (Foody, 2002). Also, the Kappa coefficient
(Cohen, 1960) that uses all elements of the confusion matrix is
employed for comparison. The higher OA and Kappa coefficient
represents a better result in classification. The Producer’s
accuracy indicates how well a given class has been classified
(Banko, 1998). Also, the User's accuracy denotes the reliability
of the map and tell us how well the map represents what is really
on the ground (Story and Congalton, 1986).

Figure 5 represents the final crop maps. Also, Figure 6 and Figure
7 illustrate the bar graphs of the computed Producer's and User's
accuracies based on de-speckling using the POSSC, PNGF and
the ANLM methods. Furthermore, Table 3 denotes the OA and
Kappa coefficient values. According to Figure 5, the salt and
pepper effect of the speckle is completely obvious in all
classification results, especially in the classification result based
on de-speckling via the POSSC method. This is because the
POSSC method could not effectively suppress the speckle from
the PoISAR data compared to other de-speckling methods. The
ANLM method could achieve the best OA, among other
approaches. Improvement of OA based on de-speckling using the
ANLM method than the POSSC and PNGF methods was
approximately around to 22% and 13%, respectively. The
reasonably good User's and Producer's accuracies for each class
denoted the better performance of the classification using the
ANLM method. As a result, we can say that if a de-speckling
method has better speckle suppression, it could dramatically
enhance the classification result.

Figure 5. Classification results of the Flevoland area. From top
to down, classification results based on the POSSC, PNGF, and
the ANLM PolISAR de-speckling methods, respectively.

However, besides the suitable speckle reduction method and
tuning its parameters correctly, many other factors could affect
the classification results, such as the accuracy and the number of
the ground truth, tuning the classifier’s parameters properly,
extracting various features from PolISAR data and using them
appropriately in the classification process, etc.

5. CONCLUSION

In this paper, a comparison study between some new PoISAR de-
speckling methods named the POSSC, PNGF, and the ANLM
was done from two aspects, one assessing using some non-
referenced indicators, and the second assessment was to evaluate
the classification results by employing SVM classifier.
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Figure 6. Comparison of Producer’s accuracy based on various
croplands obtained by different de-speckling methods.
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Figure 7. Comparison of User’s accuracy based on various
croplands obtained by different de-speckling methods.

Experimental results on the 4-look L-band AIRSAR data that
obtained over an agriculture land revealed that the ANLM
method has excellent ability to suppress the speckle from
homogeneous areas, as well as preserve the details and
polarimetric properties and avoid radiometric distortion. Also,
the POSSC and PNGF methods had acceptable results in de-
speckling. Moreover, the classification result based on the
ANLM method de-speckling had better OA than the other two

methods. In the best case, the improvement in OA was
approximately around 22%.
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