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Abstract
This paper presents a methodology for post-classification change detection of Arctic glaciers from multi-polarimetric
synthetic aperture radar (SAR) images. Specifically, an unsupervised contextual non- Gaussian clustering algorithm is
used for segmentation of sequences of multi-polarimetric SAR images into glacier facies. Subsequently, the segmented
images of succeeding years are compared, and changes are identified as the detected differences in the location of boundaries between glacier facies. In the current analysis, a series of dual polarization C-band Envisat ASAR images over the
Kongsvegen glacier, Svalbard, is used for demonstration.

1

Introduction

Multi-temporal remote sensing represents a powerful
source of information for investigating the evolution of the
Earth’s surface, for instance, in detection and monitoring
of volcanic activity, disaster management, delineation of
wet snow covered area, monitoring glaciers, and growth of
urban areas. Compared to optical sensors, SARs do not
suffer from the limitations of cloud cover and darkness
and are essentially an all-weather system. Polarimetric
SARs (PolSAR) provide additional scattering information
that can improve the reliability of detection of changes.
In this paper, post-classification change detection of multilook PolSAR data is performed using an unsupervised contextual non-Gaussian clustering method. The algorithm
has two steps. Firstly, surface cover classification is obtained from radiometric terrain corrected SAR scenes, and
then, temporal changes is estimated from the segmented
images. The emphasis here is on detection of changes in
Arctic glaciers.
This paper is organized as follows: In Section 2 we describe the processing chain of time-series analysis. Section
3 presents some results of unsupervised segmentation and
change detection. Finally, conclusions on the presented research are given in Section 4.

procedures may form the basis for more operational monitoring of Arctic areas.

2.1

Radiometric distortions due to terrain undulations may
cause misinterpretations of the SAR images from mountainous areas. Terrain topography affects both the position of each given point on the Earth’s surface and the
brightness of the radar return in SAR geometry. Hence, before analyzing the data, the normalization of SAR imagery
for systematic terrain variations is required for meaningful
single-sensor multi-track time series analysis of PolSAR
images [7]. The relief-induced brightness variations also
restrict the accuracy of image classification.
The method for radiometric terrain correction (RTC) of
PolSAR data developed in this paper normalizes each element of multi-look complex covariance matrices of the
scattering vectors. The normalized covariance matrices
hence correspond to a “flattened" SAR radiometry. Radiometric terrain correction is a prerequisite before any intercomparisons of multi-temporal SAR images with different
acquisition configurations [7].

2.2

2

Time Series Analysis

Time series analysis of multi-temporal PolSAR data in this
study consists of four stages. These are explained in some
detail bellow. The inputs are PolSAR images with different configurations and the aim is to detect differences in
the locations of boundaries between glacier facies. These

Stage 1: Radiometric terrain correction

Stage 2: Choosing model for pixel-wise
statistical analysis

Multi-look PolSAR data is commonly modeled by the
Wishart distribution, Wd . For areas with pronounced texture, non-Gaussian probability distributions provide better
representation of the data. Such distributions can be obtained using a matrix version of the product model. The
product model describes the covariance matrix as the prod-

uct of a positive scalar texture component and a Wishartdistibuted matrix variate, which represent speckle noise
[4]. The texture term, which may be represented by several
statistical models, is assumed to be independent of the polarization. In the literature one finds that the Kd model is
often used. However, analysis shows that this model does
not always represent the data well (e.g. [1]).
We use the multivariate Ud distribution here. This distribution can better model more extreme heterogeneous clutter
[2], and is more flexible than the Kd and Gd0 [3], due to the
extra texture parameter. The matrix log-cumulant diagram,
which was proposed by Anfinsen [6] as a visualization tool
for multi-look PolSAR data, is used in the second stage to
compare data with the potential distribution models. For
each scene of the multi-temporal PolSAR data such diagrams are used to select the best statistical model.

2.3

Stage 3: Unsupervised clustering

Contextual information is included in the clustering using
a Markovian energy function, which integrates a Ud model
for the PolSAR data statistics conditioned to each image
cluster and an markov random field (MRF) model for the
spatial context. In other words, an MRF is applied to model
the prior distribution of the class labels, and a mixture Ud
distributions is used to model the class-conditional PDF
for the PolSAR data statistics. Specifically, the chosen algorithm is constructed based upon the expectation maximization (EM) algorithm to jointly address both parameter estimation and minimization of the energy function
[5]. The resulting algorithm works in an iterative manner
where, in each iteration, the current cluster parameter estimates are used to segment the image, and the new segments
are used to recompute the cluster parameters. The appropriate number of mixture classes for each scene of multitemporal SAR data is dynamically determined within the
algorithm by a goodness-of-fit stage that regularly tests
each class, and will split clearly mixed, multi-modal clusters, and merge virtually identical competing clusters [1].
More details about the clustering algorithm can be found in
separate submission for EUSAR2012 [10] by the authors.

2.4

Stage 4: Change detection

Post-classification change detection can be viewed as a
particular case of the multi-temporal image classification
problem. Having implemented unsupervised contextual
segmentation of sequences of multi-polarimetric SAR images, segmented images from subsequent years are compared. In all images, we reduce the number of classes to
three major clusters; i.e glacier ice, superimposed ice, and
firn. The boundaries between these three zones are of particular interest to glaciologists.
Changes in the location of boundaries between firn and superimposed ice, and between superimposed ice and glacier
ice are thus detected and marked. To monitor change with
this method, requires that the three surface types (glacier
ice, superimposed ice and firn) have a distinct backscatter

characteristics, such that they can be reliably segmented
each year.

3

Experimental Results

The data-set consists of a time series of yearly acquired
SAR images for the period 2004-2006 over Kongsvegen
glacier, Svalbard. The images are generally collected under different acquisition configurations. The series consists
of dual polarization C-band Envisat ASAR images in alternating polarization (AP) mode from both ascending and
descending orbits and in both HH/HV and VV/VH polarizations, over a large range of incidence angles from 14 to
43 degrees (swath angles IS1 to IS7).
The SAR imaging geometry and meteorological conditions
affect the backscatter. Only SAR images collected under
cold and dry conditions on the glacier surface are chosen.
In the case of wet conditions, scattering occurs only at the
wet-snow surface and the underlying glacier ice has no of
influence on the measurements.
The single-look complex (SLC) data are geo-coded and
multi-looked to produce multi-look complex (MLC) images with 30 m resolution and 24-looks. A mask is applied to isolate the glacier pixels for segmentation. RTC is
implemented on this data-set to get normalized MLC data
before time-series analysis. This allows for more reliable
post-classification change detection.
To evaluate the capability of the Ud PDFs to model texture
of the PolSAR image set, the second (κ2) and third logcumulants (κ3) are computed on a sliding window 5 × 5
square window. Therefore, the matrix log-cumulant diagram is plotted for each scene [6]. In the diagram, the Kd
and Gd0 are represented by the red and blue curves, respectively. The junction of two curves is point which represents the non-textured Wd PDF. The U distribution covers
the yellow space between the red and blue curves. In Figure 1, the first row shows three examples of such diagram
for the multi-temporal data. Clearly the data samples of all
scenes fall within the region of the U distribution, indicating that U PDFs can suitably model the PolSAR data-set.
Note that the random sample estimation causes some variations, such that some points may fall outside of the region.
Unsupervised contextual non-Gaussian segmentation of
the multi-temporal PolSAR data-set was then performed
using the UMRF classifier. Figure 1 shows the results for
three SAR images (with the different acquisition parameters) as candidates from each year of the study period. The
automatic segmentation found 5, 5, and 4 distinct classes
for the chosen PolSAR images. We now merge these classification clusters into three major ground truth classes of
glacier facies, using ground penetrating radar (GPR) profiles collected in 2005. After merging, the firn line, i.e. the
boundary between superimposed ice and firn is detected in
all images. The boundary between superimposed ice and
glacier ice is also detected. Monitoring the firn line position over time is of interest, because there are indications

Figure 1: Quasi-Pauli RGB images of candidate scenes of Kongsvegen glacier, the three zones of interest, glacier ice,
superimposed ice, and firn, can be visibly identified by their dark, medium, and bright intensities, respectively (first row).
The κ2/κ3 diagrams for the candidate images indicating that the data samples are within the yellow U distribution region
in the diagrams (second row). The random sample estimation causes some points fall outside of the region. Subsequent
automatic segmentation (third row) found 5, 5, and 4 classes, respectively, for each year (2004, 2005, and 2006), and the
1-D compacted class histograms (bottom row) show the good fit between the cluster points and the model.

that this line is correlated with the equilibrium line of a
glacier [11]. Figure 2 illustrates the variations of firn line
within the periods of 2004-2005, and 2004-2006.

yields homogeneous segmentation which leads to more robust change detection results.The proposed method shows
promising potential for operational firn-line monitoring
from SAR images. Future studies will consider the relation between the location of the boundaries between facies
and the mass-balance of the glacier.
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Conclusions
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