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ABSTRACT

Our very advanced algorithm [6] for multi-look complex
data incorporates:

This paper highlights and discusses problems found when
applying recent advanced statistical analysis techniques
for polarimetric synthetic aperture radar (PolSAR) data to
sea ice studies. Specifically, the resulting segments were
not as solid as expected and the overall image still looked
speckled and mixed. Possible causes are discussed and
potential solutions are explored and demonstrated with
real PolSAR images. A simple regional scale averaging
seems to give promising results and ideas to avoid blurred
boundaries are suggested.

• A very flexible non-Gaussian U-distribution model
• Matrix log-cumulant techniques for parameter estimation
• Statistical goodness-of-fit testing to determine an
appropriate number of clusters
• Markov Random Fields (MRF) for contextual
smoothing
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1.

INTRODUCTION

Synthetic aperture radar (SAR) systems are advantageous
because they operate both day and night and are not significantly influenced by atmospheric and weather conditions. This is of particular concern for Arctic sea ice
monitoring due to long periods of darkness and plenty of
cloud cover.
However, a major complication of using SAR images is
that we have signal variations due to radar speckle interference as well as the desired changing target medium.
It is now well known that SAR signal (scattering coefficient) variations are often non-Gaussian in statistical distribution. The double stochastic product model [1] is
most commonly used to describe radar signal variation
as the product of a zero-mean circular complex Gaussian speckle term and a positive only scalar texture term.
This forms the basis of several advanced models that have
proven to be good fits to real data [2, 3, 4].
The most applicable methods for automated segmentation are based on unsupervised clustering algorithms, also
known as finite mixture models, because no ground truth
data is required. They are generally implemented as expectation maximisation (EM) algorithms [5], which are
iterative and the basic algorithm cycles between estimating class posterior weights and updating class parameters
using the estimated weights.

2.

THE PROBLEM

Although this advanced segmentation method has been
successfully applied to various PolSAR images of agricultural fields, forestry and glaciers, it produced unsatisfactory, very fragmented and still speckled segmentation
results when applied directly to sea ice images.
Fig. 1 shows a Pauli RGB image and an automatic segmentation from the Flevoland agricultural field area of
the Netherlands. We consider this a good segmentation because the segments are solid regions with sharp
boundaries and it appears to find the major distinguishable classes within the Pauli image.
Fig. 2 shows the same method applied to a sea ice image
from the Fram Strait. The major, high contrast classes
of water (dark blue segment) and ridges (red) are clearly
distinguished, but the remaining sea ice segmentation is
fragmented, consists of many classes and is still random
looking.
Large scale regions within the ice are readily observed
in the Pauli RGB image by eye, yet they were not discovered by the algorithm. The fragmented clustering result is
not strictly incorrect, as it reflects real polarimetric SAR
signal differences at a very fine scale, but it is not the
desired result when trying to simplify the image through
segmentation.
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Figure 1. Good results for Flevoland agricultural fields,
the Netherlands. Airborne AIRSAR, 1989, L-band, 25looks.

Figure 3. Intensity distribution of a mixture of classes
(blue/grey histogram) with estimated texture model (red
line) that appears as high texture (broad skewed shape).

narrow problem setting in comparison to the broader application of, for example, distinguishing between water,
grassland, forest or urban areas. Sea ice and water are
generally well separated.

4.
Figure 2. Poor results for land-fast sea ice image, Fram
Strait near Greenland. Radarsat-2, C-band, 2011, 16looks.

3.

POTENTIAL SOLUTIONS

The obvious smoothing method of large scale multi-look
averaging is explored. However, due to some numerical
problems with evaluating the probability density function
for the very large number of looks, we employed a simpler (and faster) feature extraction method [7] to demonstrate the effect of multi-look smoothing level.

POSSIBLE CAUSES

Sea ice analysis is a difficult problem because sea ice
has a very complicated and finely detailed structure, having both thermodynamic growth as well as active dynamic mechanisms of development. In addition, geometric imaging effects, from orientations of blocks in a rubble field for example, may be larger than the differences
due to physical ice properties. These pixel to pixel variations are, therefore, at the same scale as the speckle interference variations. The statistical modelling generally
relies on a separation of these scales to solve the analysis, and this may simply break down for these complex
sea ice structures.
The multi-look windowing approach to produce multilook complex (MLC) data, from a single-look complex
(SLC) image, will naturally cause some class mixtures
at boundaries, and the fine structured details of sea ice
make this occur often in the image. Such class mixtures can cause extreme “apparent” texture measurements
(Fig. 3), that are more extreme than is realistic from the
assumed physical mechanisms and may not fit the textural model. We observe that the goodness of fit testing
seems to be less sensitive when the texture is extreme and
these “mixed” classes persist in the algorithm, leading to
poor results.
Remotely sensing different types of sea ice is also a very

Fig. 4 shows a sequence at different smoothing levels and
clearly illustrate that a large multi-look smoothing window does indeed achieve the regional smoothing, but at
the expense of unwanted boundary effects due to blurring. For example, the green class in the 99 × 99 image.
This regional scale smoothing simplifies the segmentation and is desirable for many sea ice charting applications. Note that the scales are very large and represent a
smoothing scale up to several hundred metres.
Even though this regional scale smoothing was demonstrated with a simple feature based method, a strong motivation for using the advanced statistical method is that
it can determine the number of distinct classes automatically, which is not possible with the feature method (or
only approximately).
Various adaptive multi-looking techniques, such as the
modified Lee filter, may alleviate the blurring effect for
the feature based method, but cannot be incorporated
directly into the rigorous non-Gaussian statistical modelling because of their variable equivalent number of
looks.
A possible way to overcome this limitation is to use
a coarse pre-segmentation of the image and then avoid
crossing these major class boundaries while multilooking to a fixed number of looks suitable for the statistical clustering.
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Figure 4. From local scale to regional scale multi-look averaging. Feature extraction based analysis method, 8 classes.
Fram Strait. Radarsat-2, C-band, 2011.

A complete different alternative was to modify the nonGaussian, MRF clustering approach to single look complex (SLC) vector data (that is, changing the PDF and
log-cumulant expressions). Surprisingly, the initial SLC
segmented results produced smooth, solid classes, yet
only very few.
Although the speckle variation is much higher in the SLC
data, using Markov random fields (MRF) to incorporate
contextual smoothing attains very smooth results. This
probably springs from the broad exponential-like probability density functions (See Fig. 5 top.) with large overlap at the SLC level allowing the contextual neighbourhood influence to dominate.
Therefore, we can achieve smoothness from high spatial
resolution (SLC data), but low radiometric distinction, or,
smoothness from low spatial resolution (regional averaging) with high radiometric distinction. Fig. 5 shows the
increased radiometric distinction that come from multilook averaging. The single-look intensities (top plot) are
vert broad exponential-like distributions and have large
overlap in intensity of the three classes. The multi-look
(100-look) intensity distributions have a narrower spread
in intensity, making the three classes more distinct.
This SLC clustering may directly give a suitable segmentation, or may be used to find the major classes, before
performing a dynamic multi-look averaging to enhance
the class distinction without crossing major class boundaries. The SLC clustering method is still only experimental and not fully proven and, therefore, no actual results
are presented here.

Figure 5. Radiometric distinction increases with multilooking. Overlapping SLC intensity (top) and more distinct 100-look intensity (bottom).

5.

CONCLUSIONS

The clustering problem was demonstrated with good results for agricultural fields, but poor results for sea ice.
Some possible causes and considerations were discussed,
the main point being the fine-structure of sea ice.
Regional scale segments via large scale smoothing produces the desired result for many sea ice charting applications. The smoothing may also produce blurred boundary classes and some ways to avoid this were suggested
but not yet tested.
A related method of single-look complex data clustering also achieves smooth results, but with fewer distinct
classes due to weaker radiometric distinction. Perhaps
there is a good intermediate level of smoothing that simultaneously attains some regional smoothness and some
increased radiometric distinction. This and the mentioned two stage, dynamic multi-look methods shall be
explored in the future.
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