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ABSTRACT

We present a filtering framework based on a new statistical model for Single-Look Complex (SLC) SAR data,
the Scaled Normal-Inverse Gaussian (SNIG). The real and imaginary parts of the SLC image are modeled as
mixtures of SNIGs, and the clustering of the mixture components is conducted using a Stochastic ExpectationMaximization (SEM) algorithm. Model parameters are associated to each pixel according to its class, thus
producing parametric images of the entire scene. A closed-form Maximum A Posteriori (MAP) filter then delivers
a de-speckled estimate of the radar texture. The method is tested on RADARSAT-2 data, HV polarization,
representing images of icebergs surrounded by open water off the coast of the Hopen Island (Svalbard archipelago).
Post-processing, the iceberg structure is preserved and the contrast between iceberg and water is improved (as
measured by the Contrast-to-Noise Ratio), showing good potential for improving iceberg visibility in open water.
Keywords: SAR, despeckling, statistics, Expectation-Maximization, clustering, contrast enhancement, iceberg

1. INTRODUCTION
Synthetic Aperture Radar (SAR) images are affected by a specific type of noise called speckle, resulting from
the interference of multiple wavefronts scattered by the imaged surface. Filtering of SAR images (or despeckling)
refers to the process of reducing the level of speckle, with the purpose of enhancing image properties such as the
level of detail, contrast, edge definition and target detectability. Being a type of multiplicative noise, speckle is
also difficult to remove, with specific applications often requiring a specific compromise. Generally speaking, it
is desirable to smooth the speckled areas without over-smoothing details that belong to the imaged objects.
The primary benefit of speckle filtering is to facilitate the visual interpretation of images by human observers.
However, with the growing interest in developing automatic classification and target detection algorithms, speckle
modeling and filtering also play an important role in improving the sensitivity of these algorithms. Some SAR
filtering approaches use simple statistics such as median filtering or nonlocal means to achieve this goal, but
these methods tend to blur out object details together with the speckle. The key is to capture target properties
as accurately as possible, a task that can be improved by making more complex assumptions and modeling the
pixel values by using flexible statistical distributions. It is also possible to combine statistics with edge-detection
(the Lee filter), wavelet decomposition, thresholding, or regularization1 to achieve improved image quality.
One of the applications that benefit from speckle filtering is target detection. In SAR images, target detection
is conducted using various strategies involving scaling and median filtering,2 Constant False-Alarm Rate (CFAR)
detectors (using cell averaging3 or complex statistics4 ), subaperture analysis,5 polarimetric decompositions,3 and
wavelet decomposition.6 Speckle reduction results in smoother targets and backgrounds, and can improve the
detectability of objects such as icebergs and ships independently or by integration into CFAR detectors.
This work explores the possibility of enhancing the visibility of icebergs in open water by using a non-zero
mean, non-Gaussian distribution model for the complex SAR backscattered field, which we call Scaled NormalInverse Gaussian (SNIG) distribution. The SNIG is a compound model, where the hidden variable models the
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texture of the imaged object and is Inverse-Gaussian distributed. Similar to the Normal-Inverse Gaussian (NIG)
from which it is derived7,8 , the SNIG model is represented by three parameters: one for the non-centrality or
location, one for non-Gaussianity and one for scale. Usually, parametric images are obtained by estimating the
model parameters in the neighborhood of each pixel. The downside of this method is the inaccurate modeling
of class mixtures found at the interfaces between objects. We can avoid this problem by integrating the model
into an Expectation-Maximization (EM) clustering algorithm, which no longer considers local statistics but
pixels belonging to statistically-similar classes throughout the image. We then obtain the filtered image as the
Maximum a Posteriori (MAP) estimate of the texture, provided the Single-Look Intensity (SLI) image, together
with the parametric images obtained post-clustering. We use a contrast measure to show that it is possible
to enhance the contrast of icebergs by using the HV polarimetric channel of a fully polarimetric SAR scene.
Because of the sensitivity of the HV channel to volume scattering,9 it is ideal for observing the signal scattered
by icebergs.
The paper contains a total of five sections. The following, section 2, presents the theorical basis and development of the SNIG distribution and associated MAP filter. Section 3 explains the Stochastic ExpectationMaximization (SEM) algorithm used to cluster the image pixels. Section 4 describes the global processing
framework in which these elements are integrated, and the result of its application on a RADARSAT-2 scene.
Section 5 resumes the conclusions and perspectives for future work.

2. STATISTICAL MODEL: THE SCALED NORMAL-INVERSE GAUSSIAN
Speckle is a result of the complex and scale-dependent interaction between electromagnetic waves used for
imaging and the target medium. The structure of speckle observed in SAR images is conditioned by the scattered
wavelengths, as well as the medium roughness (texture), which determines the orientations and amplitudes of
individual scattered waves. The complexity of the phenomenon limits the possibility of finding deterministic
representations, therefore modeling it as a random process offers a path towards problem simplification. Statistical modeling of SAR images needs to be based on the physics behind the speckle formation process, with
reasonable simplifications. The derivation of a statistical model for speckle starts from the complex form of the
backscattered field:
E = X + jY

(1)

where the real and imaginary parts X and Y result from the focused demodulation of the signal received by the
SAR sensor. X and Y are non-correlated. Each independent measurement contained in E results from a sum of
Ns complex phasors representing waves scattered from the elementary scattering areas (scatterers) within the
minimum resolvable volume (the resolution cell), each with a given amplitude ai and phase φi . These individual
phasors cannot be measured, but each of them can be considered as a step in a random walk. The numberNs is
important in defining the signal statistics and can have significant variations from one resolution cell to another.
For a realistic representation, these variations need to be taken into account. In areas where Ns is sufficiently
large, the resulting statistics are Gaussian. In areas that are relatively sparse in terms of elementary scattering
areas, due to few dominating scattering elements, the statistics show deviations from Gaussianity. In addition, if
the scattering is exclusively diffuse, the mean of the distribution is equal to 0. If coherent scattering is present,
the mean can be different from 0.
Because X and Y in eq. 1 are essentially orthogonal representations of the same data, they can be modeled
using the same statistical model. In order to avoid redundancy, we will refer to either one by X throughout the
derivation of the model. The characteristics mentioned above can be integrated into the stochastic representation
of X as follows:
√
X = βx Z +

ZN, where N ∼ N (0, σ 2 ).

(2)

The random variable X is obtained by compounding the normal random variable N (0, σ 2 ) representing the
pure speckle component10 with another random variable Z, to which we refer as radar texture. The term
βx is introduced to measure deviations from the zero-mean, therefore βx Z has previously been denoted the

coherent component11 . Z models the above-mentioned variations in the number of scatterers per resolution cell
Ns , synonymous with variations in the normalized radar cross-section. This formulation is known as a normal
variance-mean mixture7 due to the use of the variable Z to modulate both the variance and the mean of the
variable X, and is also used to represent a Brownian motion with drift.7
For the SNIG model, the distribution of Z is chosen to be an Inverse Gaussian with unit mean and shape
parameter δ, Z ∼ IG(z|1, δ 2 ) (hence the name Scaled NIG) with the pdf:
3
δ2 1
1
pZ (z) = √ δexp(δ 2 )z − 2 exp(− ( + z)),
2 z
2π

(3)

where I0 (·) is the modified Bessel function of the first kind and order 0. The compound representation of the
probability density function (pdf) of X then becomes:
Z

∞

pN (x|z; βx z, zσ 2 )IG(z|1, δ 2 )dz

pX (x) =

(4)
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The closed-form pdf of the SNIG is obtained as:
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where K1 (·) is the modified Bessel function of the second kind and order 1. The three model parameters represent
shape (δ), scale (σ) and location (βx ).

2.1 Parameter Estimation
We use an Expectation Maximization (EM) optimization algorithm for the estimation of the SNIG model
parameters12,13,14 . The overall algorithm complexity is reduced by the direct estimation of the drift coefficient
as the sample average, using the first-order moment of X:
E[X] = βx E[Z] = βx .

(6)

Once βx is determined, estimates of the remaining two parameters are initialized by searching for the maximum log-likelihood (ML) associated with the given data samples over a fixed grid, and optimized by using
moment equations (Algorithm 1). A compromise between robustness and speed is desired, therefore we prefer
low-order moments with closed-form expressions for the optimization. The variance of X is an example:
V ar[X] =

βx2
+ σ2 .
δ2

(7)

The use of EM for this compound probability model is practical because of the existence of closed-form
expressions for the posterior probability distribution pZ|X (z|x) and its moments11 : pZ|X (z|x) ∼ GIG(z| −
q
x2
2
1, γGIG , δGIG ), where the GIG stands for Generalized Inverse Gaussian7 , γGIG =
σ 2 + δ and δGIG =
q
2
βx
2
σ 2 + δ . The first inverse moment of the GIG can be expressed as:
EZ [Z −1 |X; βx , δ, σ] = (
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2
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+
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γGIG
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(8)

Moreover, since the Inverse Gaussian is a particular case of the GIG, its moments also have closed-form
expressions, i.e.:

E[Z −1 ] = 1 +

1
.
δ2

(9)

Therefore, by combining the law of total expectation:
E[Z −1 ] = EX [EZ [Z −1 |X]]

(10)

with eq. 8 and 9, we can obtain an estimate of the parameter δ. Finally, the convergence condition can be chosen
among a number of goodness-of-fit measures, for example the Kullback-Leibler Divergence:
DKL (P ||H) =

X

p(i)log

i

p(i)
.
H(i)

(11)

between the histogram values H(i) and the values of the fitted pdf p(i).
Algorithm 1: EM for the SLC Model
1
2
3
4
5
6
7
8

begin
β̂x = X̄
Obtain initial values δ0 and σ0 from ML
l=1
while DKL (P (βˆx , δˆl , σˆl )||H) < DKL (P (β̂x , δ̂l−1 , σ̂l−1 )||H) do
µZ −1 = E[Z −1 |x; βx , δl−1 , σl−1 ]
q
1
δˆl = µ −1
−1
r Z
β¯2
σ̂l = X − X̄ − δ2x
l

9
10
11

l ←l+1
end
end

2.2 Models for the Amplitude and Intensity of the Backscattered Field
The models for the amplitudes and intensities of the complex backscattered field in eq. 1 can also be
developed by using their compound representations.
√ When the real and imaginary parts are non-zero mean
Gaussians ∼ N (βx z, zσ 2 ), then the amplitude A = X 2 + Y 2 is Rician distributed and the intensity I = A2 is
Non-central Chi-squared distributed (with 2 degrees of freedom). The compound forms can be written as:
∞

Z

PRi (a|z; βz, zσ 2 )IG(z|1, δ 2 )dz

pA (a) =

(12)

0

for the amplitude, and:
Z
pI (i) =

∞
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0

zβ 2
))IG(z|1, δ 2 )dz
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for the intensity. PRi (·) denotes a Rician pdf, Pχk (·) denotes a Non-central Chi-squared pdf, and β =

(13)
p
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After integration, the final forms of the pdfs become:
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and, respectively:
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where K 23 (·) is the modified Bessel function of the second kind and order 23 .

2.3 Filtering
The radar texture, represented in the SNIG model as the hidden variable Z, can be regarded as a representation of the speckle-free image. The Maximum a Posteriori estimate of Z is obtained by maximizing its posterior
probability distribution given the initial data samples. When the data represented by the SAR image is given in
intensity form, the posterior probability of interest becomes pZ|I (z|i) and its expression can be determined by
applying the Bayes rule:
pZ|I (z|i) =

pI|Z (i|z)pZ (z)
pI (i)

(16)

Using the conditional probability pI|Z (i|z) found in eq. 13, the Inverse Gaussian prior Z of eq. 3 and the
total probability of eq. 15, we find that pZ|I (z|i) follows a Generalized Inverse Gaussian (GIG) distribution15
q
q
2
3
with parameters (− 2 , βσ2 + δ 2 , σi2 + δ 2 ). The value that maximizes the GIG pdf is expressed in closed-form
for each pixel, provided the initial data pixel value and the SNIG model parameters for the respective pixel, i.e.:
q
ẑ =

2

25 + 4( σ̂i2 + δ̂ 2 )( β̂σ̂2 + δ̂ 2 ) − 5
2

2( β̂σ̂2 + δ̂ 2 )

.

(17)

3. MIXTURE MODEL AND CLUSTERING
Probability models may be applied to SAR images under different assumptions. If local image properties are
of interest, model parameter estimates are obtained from pixel neighborhoods. This approach is especially useful
for relatively homogenous areas representing distributed targets, but has the disadvantage of blurring the image
and is especially challenging in the transition areas between objects. An alternative approach is given by mixture
modeling, i.e. considering that a collection of pixels contains multiple objects represented by distributions with
different parameters. The pixels are classified into different classes based on estimated class parameters, often
by using the Expectation-Maximization (EM) optimization algorithm16 . This method bypasses the problems of
blurring and poor fitting of transition areas, but can have other sources of error such as pixel misclassification
caused by class overlap. In this section, we present the EM algorithm used together with the SNIG for target
detection. The specifics of our implementation are discussed in the next section.
We consider the image pixels to form a mixture of K SNIG distributions (classes):

p(x) =

K
X

πk SN IG(x|βk , δk , σk )

(18)

k=1

PK
where πk are the mixing coefficients, with k=1 πk = 1. In the Bayesian framework, the mixture is expressed
using a prior distribution p(ω) and a conditional distribution p(x|ω):
p(x) =

X

p(ω)p(x|ω).

ω

The mixing coefficients πk constitute the probabilities that a given sample belongs to the class k:

(19)

p(ωk = 1) = πk ;

(20)

The posterior probability becomes an important quantity defined as p(ωk = 1|x), i.e. the probability that a
certain sample x belongs to a certain class k. By applying the Bayes rule we obtain:
p(ωk = 1)p(x|ωk = 1)
πk SN IG(x|βk , δk , σk )
γ(ωk ) = p(ωk = 1|x) = PK
= PK
j=1 p(ωk = 1)p(x|ωk = 1)
j=1 πk SN IG(x|βk , δk , σk )

(21)

The classic EM algorithm is composed of consecutive Expectation (E) and Maximization (M) steps. In the
Expectation step, the posterior probabilities γ(ωk ) are computed according to eq. (21), using the likelihoods of
each sample and the mixing coefficients that represent the proportions of each class. In the Maximization step,
a new set of parameter estimates is obtained by maximizing the previously computed likelihood function (the
denominator in eq. 21).
In this work we use a version of the EM caled Stochastic Expectation Maximization (SEM)17 , which includes
an intermediate stochastic step in which pixels are separated into classes according to their posterior probabilities
γ(ωk ). By comparison to the classic EM, the SEM has the advantage of avoiding saddle points and insignificant
local maxima of the likelihood function, and is also simpler to implement for an arbitrary probability model. The
stochastic step works as follows: first, class membership thresholds are established for each sample by calculating
the cumulative sums of the associated γ(ωk ) values. Second, randomly drawn samples from a standard uniform
distribution U (0, 1) are compared to the sample thresholds in order to decide the final class memberships. After
the separation, the parameter update (M) step can be conducted for each individual class (according to Section
2.1), as maximizing the likelihood of (18) becomes equivalent to maximizing the likelihoods of each class. The
stopping condition for the algorithm can be chosen as the KLD (eq. 11) between consecutive iterations.

4. APPLICATION: ICEBERG CONTRAST ENHANCEMENT
The filtering framework is constructed with the purpose of target-to-clutter contrast enhancement, when the
targets are represented by icebergs and the clutter is open water, by reducing the amount of speckle and thereby
smoothing both the target and the clutter. Additionally, the use of pixel classification instead of sliding windowbased image smoothing does not affect the object transition areas, thus improving the separability between target
and clutter. The framework is composed of three main steps: pixel clustering using the SNIG model (applied
on the real and imaginary parts of the SLC image), computation of the parametric images associated to the
signal intensity, and filtering of the intensity image. The use of a model for the complex signal is motivated by
its increased sensitivity to the location parameter β compared to the models for the amplitude or intensity. We
proceed by describing the three steps in detail.
In the first step, the SEM algorithm described in Section 3 is applied separately on the real (X) and imaginary
(Y) parts of the SLC image. The number of classes is fixed to 3: one for the open water and two for the iceberg.
The use of two separate classes for the iceberg is motivated by the observation that iceberg pixels values are
grouped around approximately symmetrical, non-zero values. For the initialisation step, it is necessary to
manually select an area of open water which will characterize the water class. The analysis of open water regions
shows that the open water statistics tend to be zero-mean Gaussian, so we choose to simplify the SNIG parameter
estimation for this class, by setting βW ater to 0, δW ater to 10 (indicating strong Gaussianity) and only estimate
σW ater as the standard deviation of the pixel values. The two iceberg classes are non-Gaussian, and the associated
δi1 and δi2 can be initialized with random values (ideally between 1 and 10 for both simplification and physical
signifiance). It is important for the two iceberg classes to be centered around the mean values βI1 and βI2 , which
can be initialized by calculating local means with a small 3x3 pixel window (Fig. 1). The mixing coefficients
(eq. 18, eq. 20) can also be initialized randomly. During the clustering process, the water class parameters are
kept constant, in order to ensure the best possible class separation and to reduce the computation time.
In the second step, parametric images are constructed by using the final class memberships, for both the real
part X and the imaginary part Y. Each pixel of the respective parametric image will have the value corresponding

to its associated class. The final values of the parametric images used as input for the filter are obtained for each
pixel xi as:
β̂(xi ) =

q

β̂x2 (xi ) + β̂y2 (xi )

(22)

δ̂(xi ) =

δ̂x (xi ) + δ̂y (xi )
2

(23)

σ̂(xi ) =

σ̂x (xi ) + σ̂y (xi )
2

(24)

In the third step, the MAP filter associated to the SNIG model (eq. 17) is applied to the intensity data.
We test the framework on areas representing two icebergs surrounded by open water, extracted from a highresolution SAR image near the Hopen Island in the Svalbard archipelago (Fig. 2). The Single-Look Complex
(SLC) data was acquired on July 31, 2015 by RADARSAT-2 operating in C-band fine quad polarization with a
pixel spacing of 4.7 m x 5.1 m in slant range and azimuth9 . The co-polarized HV channel has been found to have
an increased sensitivity to the signal backscattered by icebergs, due to the low backscatter from the ocean and
strong volume scattering from icebergs918 . We therefore choose to apply the framework on the image acquired
from the HV channel. Fig. 3 shows the result of the clustering algorithm applied to the real part of the image
of iceberg 2, together with class parameters and the model fit.
We compare the performance of the SNIG model in this specific framework to the assumption of Gaussianity
(the variable Z is replaced by the constant value 1) and to the assumption of zero-mean (β = 0, resulting in a
product model10 ). Fig. 4 and Fig. 5 show the original and processed images corresponding to iceberg 1 and
iceberg 2, respectively. The original data is displayed using its intensity (Fig. 4 (a) and Fig. 5 (a)), as it offers
the maximum target-to-clutter contrast. The texture estimates (ẑ) obtained by filtering for each of the three
cases are also displayed.
Two areas of the target and the clutter, respectively, are selected from each of the four images (raw and
filtered), in order to compute and compare three quality measures. The Coefficient of Variation (CV) over an
area of the clutter Aclutter is defined as:
p
CVb =

V ar[Aclutter ]
E[Aclutter ]

(25)

The CV of the target (CVt ) is obtained by applying the same formula on the target area Atarget . The
Target-to-Clutter Ratio (TCR) is computed as:
T CR =

E[Atarget ]
E[Aclutter ]

(26)

We propose an additional contrast measure that relates the dynamic between the target and clutter to the
standard deviation of the clutter, similar to the Contrast-to-Noise Ratio (CNR)19 :
CN R =

(E[Atarget ] − E[Aclutter ])
p
V ar[Aclutter ]

(27)

Table 1 contains the values of the quality measures for both images. The first observation, also supported by
Fig. 4 (b) and Fig. 5 (b), is that when the texture term in the model is set to a constant value of 1, the estimated
texture will show small oscillations around this value (the CV decreases by 1-2 orders of magnitude compared
to the intensity), and therefore a weak distinction between target and clutter (T CR ≈ 1). Allowing flexibility to

the texture leads to an improvement in the dynamic range of the filtered image, which is more visible for iceberg
1 (T CR ≈ 1.39) than for iceberg 2 (T CR ≈ 1.05), as the second one is larger in size and originally contains a
higher number of low-value pixels.
On the images filtered using the textured model, it is easy to observe that what the algorithm essentially
accomplishes is smoothing the clutter and, to a smaller extent, the target, while not blurring its margins, even
when the location term β is ignored (Fig. 4 (c) and Fig. 5 (c)). It must also be noted that a visual inspection
showed that the number of misclassified target pixels decreased when the textured zero-mean model was used,
and was minimum when the full model was used. Using the full model clearly determines the best reconstruction
of the target (Fig. 4 (d) and Fig. 5 (d)). On the negative side, filtering always results in a considerable loss
of dynamic range, shown by a TCR decrease by a factor of 10 (approximatively). However, when scaling the
dynamic range by the CVb , i.e. measuring the CN R, we notice the most prominent improvement: an increase
from 11 to 30 for iceberg 1 and from 7 to 18 for iceberg 2. For this reason, the CN R could constitute an
interesting measure for an automatic detector.
Overall, we demonstrate that the integration of the full SNIG model into the clustering algorithm and
filtering framework has advantages over the Gaussian model and the zero-mean textured model, and achieves
good smoothing results of the targets and background without blurring the boundaries between the two.

5. CONCLUSION
The present paper describes the construction and application of a speckle filtering framework for SAR images.
In the first part, we discuss the development and integration of the framework elements (the statistical model,
the SEM pixel clustering algorithm and the MAP filter) into the final algorithm. In the second part, the
resulting algorithm is tested on images of icebergs in open water acquired from the HV channel of RADARSAT2 operating in the C-band fine quad polarization (quad-pol) mode. We apply the non-zero mean, non-Gaussian
Scaled Normal-Inverse Gaussian (SNIG) probability model on the real and imaginary parts of the SLC image,
in order to accurately estimate the location parameter β . SNIG-derived versions designed for the amplitude
and intensity data were previously explored, but the small values of the parameter β observed in SAR images
are estimated with large inaccuracies in these formulations. We show in the application section that a precise
estimation of β is important for improving the classification accuracy, therefore we prefer to extract it directly
from the complex signal.
The application on iceberg images shows that the framework has good speckle smoothing capabilities, without
introducing a blur effect into the image. However, the filtering does reduce the dynamic range of the image. In
order to mitigate this effect, we propose to use a Contrast-to-Noise (CNR) measure that better highlights the
improvement in image quality obtained by using this method, and shows potential for an eventual integration into
an automatic target-detection scheme. Of course, further testing needs to be conducted in order for the method
to be conclusive, including on different types of clutter with higher complexities than open water. In addition, the
application on a large area might be difficult if the statistics of the open water vary considerably throughout the
area. Each problem must be studied individually to see to what degree the pixel misclassification influences the
end result. Moreover, improvement strategies need to be investigated. For example, the classification accuracy
could be increased by using a Markov Random Field, which is expected to reduce the rate of isolated misclassified
pixels in the image. The filter can also be improved by introducing weights for each of its input terms, depending
on the desired output. Regarding the input data, it is likely that the best results are obtained by using the
HV channel alone, based on its high sensitivity to iceberg detection compared to other polarimetric channels.
However, it is worth investigating if target visibility could be further improved by using the full polarimetric
signature in the case of other targets.
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Figure 1: Schematic description of the filtering framework. a) Global description: Integration of the clustering algorithm
and MAP filter. b) The clustering algorithm, including initial conditions for the two iceberg classes and the water class.

Figure 2: RGB image of the entire RADARSAT-2 scene from July 31, 2015, showing the 50 m water depth contour around
Hopen and the locations of the two icebergs analyzed in this paper.

Figure 3: Histograms and model fits for the three classes obtained by clustering the real part of the image of Iceberg 2.

Figure 4: Iceberg 1: (a) Intensity image and texture estimates (ẑ) obtained by filtering assuming (b) a Gaussian probability
model (constant texture term), (c) a zero-mean probability model and (d) the full SNIG model, respectively.

Figure 5: Iceberg 2: (a) Intensity image and texture estimates (ẑ) obtained by filtering assuming (b) a Gaussian probability
model (constant texture term), (c) a zero-mean probability model and (d) the full SNIG model, respectively.

Table 1: Quality measures for the original intensity data and the texture estimates. The abbreviations stand for: CVt (target Coefficient of Variation), CVb (clutter Coefficient of Variation), T CR (Target-to-Clutter Ratio) and CN R (Contrastto-Noise Ratio).

CVt

CVb

T CR

CN R

Intensity

1.0761

0.9295

11.5965

11.2399

Filtered (Gaussian model)

0.0210

0.0009

1.0226

2.3443

Filtered (zero-mean model)

0.6134

0.0100

1.3947

39.1732

Filtered (full SNIG model)

0.4184

0.0141

1.4313

30.4387

Intensity

1.0192

1.0248

8.1449

6.9722

Filtered (Gaussian model)

0.0130

0.0080

1.0125

1.5553

Filtered (zero-mean model)

0.1782

0.0079

1.0571

7.2326

Filtered (full SNIG model)

0.2529

0.0092

1.1686

18.1350

ICEBERG 1

ICEBERG 2

