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Statistical Indices for Despeckling Evaluation
in Multichannel SAR Images
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Abstract— With reference to the application of multichannel
(polarimetric or interferometric) synthetic aperture radar (SAR)
data, despeckling is a mandatory task in order to exploit fully
the image information. Thanks to the long-standing studies,
there exist several despeckling techniques that have shown to
be powerful tools for filtering multichannel SAR images. Often,
such techniques rely on the estimation of the covariance matrix.
However, in the literature, the performance evaluation of the
filtering operation, which represents a fundamental aspect, has
been mainly addressed for a single intensity/amplitude SAR
image. In this letter, we present two nonreference indices for the
evaluation of the polarimetric/interferometric covariance matrix.
The proposed quality indices assess the statistical similarity of
the ratio between the original and filtered covariance matrices to
the properties derived from the pure speckle model. The analyses
both on simulated and real data show that the results of filter
ranking by the proposed method are in agreement with the visual
evaluation and are consistent with the common polarimetric
quality measures.

Index Terms— Covariance matrix, interferometry, polarimetry,
speckle evaluation, synthetic aperture radar (SAR).

I. INTRODUCTION

SYNTHETIC-APERTURE-RADAR(SAR)-image despeck-
ling has been studied over the decades, and the attempts

to develop efficient despeckling filters are still continuing.
Speckle, as an inherent phenomenon of all active coherent
systems, constitutes a particular drawback of SAR images,
in which the signal-dependent granular noise leads to a strong
variance of all extracted parameters from the SAR images [1].
In general, speckle makes SAR images difficult to interpret and
degrade the performance of image analysis. Hence, in order
to exploit properly the SAR images for any application,
despeckling is an imperative task. Typically, speckle can be
mitigated with the multilooking technique, which is a non-
coherent averaging of the image. Among the steady number
of speckle filters that have been existing in the literature,
those methods that can handle the variety of SAR products
while preserving the textures and spatial resolution are the
subject of great interest. Along this, the new generation of
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despeckling filters in the framework of nonlocal approaches
has shown to be highly successful in speckle elimination [2].
Typically, performance evaluation of the despeckling filter is
not a trivial task, since the noiseless or reference image is
not mainly available. In general, the principle of the filtering
procedure is to remove speckle without degrading the fine
features and impairing the resolution. In addition, polarimetric
and multichannel filters are expected to preserve the polari-
metric signatures and avoid introducing crosstalk between
the parametric or interferometric channels. Accordingly, these
principles can be employed in order to evaluate the superiority
of any despeckling filter over the others. Within the framework
of single intensity/amplitude SAR image despeckling, the tra-
ditional performance assessment relies on the visual inspection
of the filtered image and some statistical measures of quality
evaluation. Along this, image mean preservation and variance
reduction or combination of them in terms of the equivalent
number of looks (ENLs) are among the simplest measures of
SAR despeckling performance assessment [3]. It is needless to
point out that ENL is physically proportional to the signal-to-
noise ratio (SNR), and the higher the ENL, the better the qual-
ity of the filtered image. Other referenceless quality indices
that are well established and commonly used in the SAR
community include the spatial quality index (BRISQUE) [4],
α − β index [5], and M-index [6], where the last two indices
measure the quality of filtering operation in terms of smooth-
ing homogeneous areas and preserving the details. Besides the
above indices, the ratio image obtained by the ratio between
the original and the filtered images can be used by itself to
evaluate the filtering operation [7]. Moreover, the assessment
based on the physical-level SAR image simulation can be
found in [8].

Despite that several indices exist in the literature for
the evaluation of single SAR image filtering, the perfor-
mance assessment of the multichannel despeckling operation
is sorely lacking. In particular and in the case of polarimetric
SAR (PolSAR) data set, the filtering performance was tradi-
tionally evaluated with the polarization signature and decom-
position parameters [9], while in the case of interferometric
data set, the accuracy and quality of the extracted parameters
were the subjects of performance evaluation [10]. In this letter,
a new framework for the evaluation of filtering operation in
multichannel SAR data is proposed. The proposed quality
index is based on the statistical information of the ratio covari-
ance matrix obtained as pixel-by-pixel ratio between the noisy
and filtered covariance matrices. Under the multiplicative noise
model, the ratio covariance matrix from the ideal filter is
expected to be an identity matrix, declaring the covariance
model of a pure speckle. However, the presence of geometric
structures in the ratio covariance matrix indicates that besides
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the speckle, some other relevant information may be removed
from the original image. In such a case, the ratio matrix
deviates from the identity covariance of pure speckle. The
main objective of this letter is to provide a general framework
to evaluate the filtering performance in multichannel data
based on the statistical similarity of the ratio matrix to the
multichannel speckle model. In this case, the quality of a
filter is assessed by the closeness of the probability density
function (PDF) of the trace and the maximum eigenvalue
from the ratio matrix to their known PDFs from pure speckle.
In addition, the color-coded visual representation of the ratio
matrix is the subject of qualitative evaluation. This letter
is organized as follows. Section II presents the details of
the proposed performance assessment of multichannel filter-
ing operation. Section III provides the experimental results
obtained by the evaluation of three different filtering methods
using the simulated and different real data sets, whereas
Section IV is dedicated to the conclusions.

II. MULTICHANNEL DESPECKLING QUALITY INDEX

Let us refer to a stack of N coregistered single-look complex
(SLC) SAR images. From N SLC images, an N-dimensional
scattering vector y ∈ CN×1 can be formed at each azimuth-
range pixel, in which the nth entry of the vector can be
decomposed as a product of the reflectivity (x) and of a speckle
component s, i.e., yn = xn × sn

It should be noted that in the case of a fully polari-
metric data set, the complex entries of y correspond to
each combination of emission/reception polarizations. Under
the reciprocity theorem, the emission and reception of the
electromagnet signal with horizontal(h)/vertical(v) polariza-
tions lead to the representation of the scattering vector as
y = [yhh yhv yvv]T ∈ C3×1, where T denotes the transpose
operator. In addition, y may encounter the stack of backscatter-
ing from multichannel images constructed by interferometric
SAR (InSAR) data or even polarimetric interferometric SAR
(PolInSAR) data modalities. In a general case, the
N-dimensional observed complex vector jointly follows a
circular complex Gaussian distribution under Goodman’s fully
developed speckle model [3], denoted as Nc(0,�), with the
zero mean vector and N × N covariance matrix � = E{yy†}),
in which E and † are the expectation and Hermitian transpose
operators, respectively. It is needless to remind that the model
may not be verified for textured and nonhomogeneous areas.
To cope with the high variability caused by speckle, the scatter-
ing vector may be transformed into multilooked sample covari-
ance matrix estimated over L spatial neighborhood samples
as C = (1/L)

∑L
l=1 y(l)y†(l). When L ≥ N , then C provides

a full-rank matrix, where its distribution is described by a
complex Wishart distribution given by C ∼ Wc(�, N, L)

fC(C|�) = L N L |C|L−N

�N (L)|�|L
ex p(−Ltr(�−1C)) (1)

where tr denotes the trace operator, and �N (L) =
π N(N−2)/2 ∏N

n=1 �(L − n + 1), in which �(.) is the standard
Euler gamma function. Both C and � belong to the Hermitian
positive-definitive matrix space, and their relation models
the fluctuation in the multichannel SAR images through the
Wishart distribution as

C = �
1
2 S�

1
2 (2)

where S = E{ss†} also follows Wishart distribution as
S ∼ Wc(I, N, L), where I is the identity matrix [11].

It is known that the normalized trace of matrix S, i.e.,
TN = tr(S)/N , follows central Chi-square distribution with
2N L degrees of freedom; therefore, the PDF of TN can be
obtained as [12]:

fTN (t) = N L N L

N(L − 1)! t
N(L−1)e−N Lt . (3)

In addition, the distribution of the maximum eigenvalue of S
can be represented as [13]

fλmax(λ) =
N∑

n=1

(N+L)n−2n2∑

m=L−N

an,mλme−nλ (4)

where an,m denotes the coefficient. The closed form of the
coefficient formulas together with numerical algorithms for
their estimation is presented in [13].

The proposed framework for the evaluation of multichannel
filtering operation involves in the estimation of the ratio
covariance matrix as

Cratio = C−1/2
filt CC−1/2

filt (5)

where Cfilt is the filtered covariance matrix using different
approaches, while as noted before, C is the initial covari-
ance matrix estimated using L spatial neighborhood samples.
Theoretically, an ideal filter operation on the image, where
speckle is fully developed, implies that Cratio is indicative
of pure speckle’s features. Hence, in order to evaluate the
similarity between Cratio and S, the similarity in the distri-
butions of λmax and TN estimated from the ratio covariance
matrix to their known PDFs given in (3) and (4) is proposed.
It should be noted that the similarity is defined as the common
areas between the empirical and theoretical PDFs. In sum-
mary, the algorithm of filtering evaluation is presented as in
Algorithm 1.

Algorithm 1 Implementation Algorithm
• Estimate the initial sample covariance matrix C using

L spatial neighborhood samples as: C = (1/L)
∑L

l=1
y(l)y†(l).

• Estimate the filtered covariance matrix Cfilt using the
desired filtering operation.

• Compute the ratio covariance matrix Cratio using (5) and
calculate its maximum Eigenvalue λmax and normalized
trace TN .

• Derive the empirical distributions of λmax and TN in a
homogeneous area and compare them with their known
models given in Eqs. (3) and (4).

III. EXPERIMENTAL RESULTS

In this section, the capability of the proposed filter-ranking
approach is evaluated using both the simulated and real
data sets. In each case, three different filtering methods,
namely, traditional boxcar, Kolmogorov–Smirnov nonlocal
mean (KSNLM) [14], and nonlocal SAR (NLSAR) [15], are
compared and evaluated, where the last two methods are
the nonlocal approaches. It should be mentioned that these
methods are considered, since they can handle variety of
SAR products including the form of multichannel images.
Concerning KSNLM, we note that even if it is the method
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Fig. 1. Simulated polarimetric image in Pauli basis. (a) Reference, (b) noisy,
and (c) pure speckle images. The areas with green, black, and pink colors
correspond to volumetric, surface, and double-bounce scatterings, respectively.

Fig. 2. Results of filtering operations in Pauli basis representation. The first
line figures are the filtered images and the second line figures are the ratio
images. (a) and (d) Boxcar. (b) and (e) KSNLM. (c) and (f) NLSAR.

for ultrasound framework, it can easily be adapted to the
multichannel SAR images.

A. Simulated Polarimetric Data
The Monte Carlo simulations were proceeded in order to

synthesize a polarimetric image (with a size of 512 × 512)
that includes three commonly encountered backscattering
mechanisms. The reference polarimetric covariance matrices
were set to volumetric scattering with full depolarization
of incident wave, surface scattering with single or triple
bounces, and corner-reflection with double-bounce scattering.
The Pauli basis coloring of the reference and noisy images
is shown in Fig. 1. In Fig. 2, the results of the employed
filtering approaches, which were implemented with the same
window size, are shown by presenting their Pauli images.
Visual comparison of the filtered images with respect to the
original one in Fig. 1(a) affirms that NLSAR outperforms the
others. However, in order to verify it, the ratio covariance
matrices of each method are estimated, and their corresponding
Pauli ratio images are shown in the second line of Fig. 2.
As mentioned before, with efficient filtering, the only speckle
should remain in the ratio image. As can be noted in Fig. 2(d),
the structures remain in the ratio image derived from the
boxcar, which indicates the poor performance of despeckling
filtering. Although KSNLM decreased the geometric contents
in the ratio image, edge details are still presented. Instead of
the ratio image by NLSAR [Fig. 2(f)], the content appears
notably less marked. Besides the visual evaluation of the ratio
covariance matrices in terms of Pauli images, the proposed
statistical approach was employed to evaluate numerically
the filtering performance. In Fig. 3, the distributions of trace
TN and maximum eigenvalue λmax of the ratio matrices are
shown in comparison with the theoretical ones. For numerical

Fig. 3. Overlapping of the theoretical PDFs (black solid line) and of the
ratio covariance matrices in the case of boxcar (green), KSNLM (blue),
NLSAR (cyan), and simulated speckle in Fig. 1(c) (red), respectively. (a) PDF
of TN . (b) PDF of λmax.

TABLE I

PERCENT OF OVERLAPPING AREAS BETWEEN THE THEORETICAL
PDF AND THE ONE OBTAINED FROM THE RATIO

MATRIX (SIMULATED IMAGES)

Fig. 4. ESAR Pauli color composite images. (a) Original, (b) boxcar,
(c) KSNLM, and (d) NLSAR images.

evaluation, Table I presents the percent of overlapping areas
between the theoretical PDF and the ones obtained from
the ratio matrices. The superiority of NLSAR and KSNLM
over the traditional boxcar approach is verified by both plots
of PDFs and numerical evaluation in Table I. Hence, it is
confirmed that the ranking of the employed filters in Table I
is in agreement with the visual inspection of the filtered images
given in Fig. 2.

B. Real Polarimetric Data

After having employed simulated data, the evaluation of
the filter-ranking approach is proceeded using the L-band
real polarimetric data obtained by the Deutsches Zentrum für
Luft-und Raumfahrt (DLR) experimental-SAR (ESAR) sensor
over the Oberpfaffenhofen test site in Germany. The image
resolution is 3 m × 3 m and a subset of data with the size
1117 ×1241 pixels is selected, where the corresponding Pauli
image is shown in Fig. 4(a). The results of the employed
filtering methods are reported in Fig. 4(b)–(d). The visual
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Fig. 5. ESAR data: Pauli color composite images from the ratio covariance
matrices. (a) Boxcar. (b) KSNLM. (c) NLSAR.

Fig. 6. ESAR data: overlapping of the theoretical PDFs (black solid line) and
of the ratio covariance matrices in the case of boxcar (green), KSNLM (blue),
and NLSAR (cyan), respectively. (a) PDF of TN . (b) PDF of λmax.

TABLE II

PERCENT OF OVERLAPPING AREAS BETWEEN THE THEORETICAL PDF
AND THE ONE OBTAINED FROM THE RATIO MATRIX (ESAR DATA)

inspection of the filtered results shows the good performances
of the NLSAR, where speckle is removed and many details are
well preserved, particularly in the building areas (see bottom
right of the images). Moreover, a comparison of Fig. 4(b) and
(c) affirms that the result of KSNLM is less oversmoothed
and the speckle seems better removed. By computing the ratio
covariance matrices, the corresponding Pauli images are repre-
sented in Fig. 5. The ratio images confirm the good behavior of
NLSAR, since only a few structures are visible. In addition,
the evaluation outcomes using the proposed framework are
presented in Fig. 6 and Table II. Both PDF comparison and the
percent of overlapping areas denote the superiority of NLSAR
over others, and ranking of filtered images in Table II is in
agreement with the visual inspection of the filtered and ratio
images. Further verification of the proposed evaluation process
is proceeded by giving the employed filters’ performance
in terms of preserving the polarimetric features obtained by
incoherent H/α/A decomposition [3]. From the estimated
entropy (H), α angle, and anisotropy (A) images, most of

TABLE III

FILTER EVALUATION USING POLARIMETRIC

FEATURES (ESAR DATA) (μ ± μ 2)

Fig. 7. FSAR interferometric phase image from the entry of (1, 2) in the
estimated covariance matrices. (a) Original, (b) boxcar, (c) KSNLM, and
(d) NLSAR images.

Fig. 8. FSAR interferometric phase image from the entry of (1, 2) in the
ratio covariance matrices. (a) Boxcar. (b) KSNLM. (c) NLSAR.

the similarities were observed between the NLSAR-based
polarimetric features and the original ones (not reported here
for the sake of conciseness). The mean (μ) and standard
deviation (μ 2) of the feature are presented in Table III.
As can be seen, the performance of the filter in the scattering
mechanism preservation agrees with the performance and with
the values obtained by the proposed framework in Table II.

C. Real Interferometric Data

Further experiments are reported by a stack of interferomet-
ric L-band data obtained by DLR’s large-scale airborne SAR
facility (FSAR) over the Traunstein area, Germany, in 2017.
The data consist of seven images with a horizontal baseline
spacing of about 15 m, sampling from 15 to 120 m. The
data are acquired in the VV polarization channel with a
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Fig. 9. FSAR data: overlapping of the theoretical PDFs (black solid line) and
of the ratio covariance matrices in the case of boxcar (green), KSNLM (blue),
and NLSAR (cyan), respectively. (a) PDF of TN . (b) PDF of λmax.

TABLE IV

PERCENT OF OVERLAPPING AREAS BETWEEN THE THEORETICAL PDF
AND THE ONE OBTAINED FROM THE RATIO MATRIX (FSAR DATA)

spatial resolution of 1.3 m × 0.6 m in range and azimuth
direction, respectively, and the selected image size is 400×600
pixels. The results of the employed filters in covariance matrix
generation are shown in Fig. 7 by giving the interferometric
phase related to the first and second images. In addition,
the corresponding phases from the ratio covariance matrices
are reported in Fig. 8. A comparison of the results affirms
the efficiency of NLSAR and KSNLM over the boxcar, while
NLSAR is characterized by fewer artifacts among all: the noise
is removed, while details are preserved in Fig. 7(d), and only
few patches are visible in Fig. 8(c). The performance reported
by the PDFs of the ratio matrices in Fig. 9 and quantitative
comparison in Table IV are exactly in agreement with the
evaluation that comes from visual inspection. In particular,
from quantitative comparison, it can be seen that NLSAR with
respect to boxcar is able to increase around %11 the common
areas between the empirical and theoretical PDFs.

IV. CONCLUSION AND DISCUSSION

This letter introduced a new methodology to evaluate the
despeckling filter in the multichannel multibaseline stacks of
the SAR images. The proposed referenceless evaluation frame-
work relies on the measuring statistical deviations between
the ideal properties of the pure speckle and of the ratio
covariance matrix obtained by pixel-by-pixel ratio between the
original and filtered covariance matrices. The consistency of
the proposed framework was investigated and tested with both
simulated and real polarimetric/interferometric data sets, and
the outcomes of the filter ranking by the proposed method
were in agreement with the visual inspection and with the
evaluation comes from polarimetric scattering preservation.
It has been shown that for a superior filter, the framework gets
high values of common areas between the PDFs. In general,
the evaluation framework is intuitively simple and easy to
implement; however, on the basis of the experimental results,
some remarks are in order. In our experiments, the distribution
of ratio matrix was estimated from the whole data set, while
it might be more meaningful to estimate the distribution

in homogeneous areas, where Goodman’s fully developed
speckle model is verified. In addition, regarding the two
defined indices (λmax, TN ), we report that the performance
of both indices in filter ranking is comparable, while λmax
shows more sensitivity to ENL; hence, it would be more
applicable. Although the common area between the PDFs was
employed for the quantitative evaluation process, in general,
other metrics such as the Kullback–Leibler criteria can be
employed for the comparison of the empirical and theoretical
PDFs. Moreover, it is worthful to conclude that the proposed
statistical evaluation framework provides information about
the quality of the filter independently of its final applica-
tion (polarimetry and interferometry). In particular, the pro-
posed framework is complementing the existing evaluation
process-based scattering mechanism preservation in the case
of PolSAR images. Finally, it should be noted that although
it was not explored in this letter, the proposed framework can
be embedded in the design of the new multichannel filtering.
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