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Abstract. This paper discusses the interest of hierarchical region-based
representations of images such as Binary Partition Trees (BPTs) and the
usefulness of graph cut to process them. BPTs can be considered as an
initial abstraction from the signal in which raw pixels are grouped by
similarity to form regions, which are hierarchically structured by inclu-
sion in a tree. They provide multiple resolutions of description and easy
access to subsets of regions. Their construction is often based on an iter-
ative region-merging algorithm. Once constructed, BPTs can be used for
many applications including filtering, segmentation, classification and
object detection. Many processing strategies consist in populating the
tree with features of interest for the application and in applying a specific
graph cut called pruning. Different graph cut approaches are discussed

and analyzed in the context of Polarimetric Synthetic Aperture Radar
(PolSAR) images.

Keywords: Binary Partition Tree, graph cut, pruning, PolSAR images,
super-pixel partition.

1 Introduction

Remote sensing technologies are currently undergoing an important evolution in
terms of the quality and the quantity of information that is acquired. Sensors
are able to capture data at an increasing resolution both in terms of spatial and
spectral resolutions. This wealth of information generates real challenges with
respect to signal processing tasks. One of the major issues is concerned with the
handling of the signal correlation.

The traditional pixel-based image representation is not the most appropriate
one to deal with the huge amount of information produced by high resolution
remote sensing sensors while being able to deal with the signal correlation. A
more appropriate representation should somehow group pixels of similar proper-
ties into elementary entities that should be easily handled and accessed. More-
over, the representation should be useful for different applications and therefore
describe the data at multiple resolutions.

Recently, the interest of Binary Partition Trees (BPTs) [9] has been inves-
tigated for remote sensing including SAR [2] and hyperspectral images [10].
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Fig. 1. Example of BPT (Top) and of pruning (Bottom).

BPTs are region-based representations in which pixels are grouped by similar-
ity. They provide multiple resolutions of description and easy access to subsets
of regions. Their construction is often based on an iterative region-merging al-
gorithm: starting from an initial partition, the pair of most similar neighboring
regions is iteratively merged until one region representing the entire image sup-
port is obtained. The BPT essentially stores the complete merging sequence in a
tree structure. Once constructed, BPTs can be used for a large number of tasks
including image filtering, object detection or classification [3].

The processing of BPT's often relies on a specific type of graph cut called
pruning. In this paper, we will formally define this notion and show how it can
be used to extract partitions from the tree. Then, several examples of useful
pruning are presented and analyzed in the context of PolSAR images.

The paper is organized as follows: Sec. 2 discusses the principles of BPT
creation and their processing by means of graph cut. A possible way to evaluate
the quality of a BPT is presented in Sec. 3 and used in Sec. 4 to study the
influence of the initial partition on the BPT construction. Sec. 5 presents and
analyzes four pruning techniques for low-level processing of PolSAR images.
Finally, conclusions are reported in Sec. 6.

2 Binary partition Tree creation and processing through
graph cut

The BPT creation starts by the definition of an initial partition. The initial
partition can be composed of individual pixels as in [2,3]. While this strategy
guarantees a high precision as starting point of the merging process, it also
implies high computational and memory costs as a huge number of regions have
to be handled. As an alternative, the initial partition may correspond to an over-
segmentation as a superpixel partition [1]. Once the initial partition is defined,
the BPT construction is done by iteratively merging the pair of most similar
neighboring regions.

In the PolSAR case, the information carried by pixels of an image I corre-
sponds to the covariance matrix Z,‘-'j of the scattering vector: k = [Syp, V2Shy, S.,,,]T
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measured on the resolution cell at location (3, 7). The subindices A and v indi-
cate the horizontal and vertical polarization states and Spqe{h,v} Tepresents the
complex SAR data where the polarization states employed in reception and
transmission are given by p and q respectively. To construct the BPT, regions R
can be modeled as in [2] by their mean covariance matrix Zp = plﬂ 5_:,., jeR Z{j,
where |R| is the region number of pixels. The distance between neighboring
regions defining the merging order can be measured as in (3] by the geodesic
similarity adapted to the cone of positive definite Hermitian matrices [4):

~ 172 ~1/2 2|Ry || Ry
S(Ry, Rp) = ||log (ZRx Zr,Zp, ) I-in (IRll + | Ry )

where log(.) is the matrix logarithm and In(.) the natural logarithm. Using this
similarity measure, regions are iteratively merged until a unique region repre-
senting the entire image support is obtained. After each merging, a new region
is created, its mean covariance matrix is computed and its similarity with its
neighbors is updated.

An example of BPT can be seen on the top part of Fig. 1. The regions
belonging to the initial partition form the leaves of the BPT (shown with green
circles in Fig. 1). In this example, only a small image portion has been used.
The initial partition involves 108 regions and the BPT is therefore composed of
215 nodes. During the merging process, the BPT is constructed by creating a
parent node for each pair of merged regions. In Fig. 1, the edge color represents
the similarity value between the two merged regions: blue (red) indicates very'
similar (dissimilar) regions.

Once the BPT has been constructed, it can be used for a wide range of
applications including filtering, segmentation or classification. A large number
of applications relies on the extraction of a partition from the BPT. This process
can be seen as a particular graph cut called pruning: Assume the tree root
is connected to a source node and that all the tree leaves are connected to a
sink node. A pruning is a graph cut that separates the tree into two connected
components, one connected to the source and the other to the sink, in such a way
that any pair of siblings falls in the same connected component. The connected
component that includes the root node is itself a BPT and its leaves define a
partition of the space. In the sequel, we discuss several examples of pruning in
the context of PoISAR images. The first one will allow us to evaluate the quality
of a BPT itself. ‘

3 Graph cut to evaluate of the quality of a BPT

One of the major issues in PolSAR image is the speckle noise that results from
the coherent integration of the scattered electromagnetic waves. Speckle filtering
aims at reducing noise within homogeneous extended targets while preserving
meaningful spatial details [5]. Insufficient noise reduction leads to important
bias on derived polarimetric parameters therefore degrading the performance of
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Fig. 2. Example of original PolSAR image (Left) and its correspondmg ground-truth
(Right). RGB-pauli color coding.

classification tasks or biophysical parameter retrieval. Most filters are based on
adaptive strategies using a sliding square window with a fixed size [8, 7].

In this context of PolSAR images and speckle noise, we would like to be able
to evaluate the quality of a BPT and see the influence on the constructed BPT of
specific choices concerning the region model, the similarity function, the initial
partition, etc. This is not a trivial task since a huge number of partitions can be
extracted from a given BPT. However, here, we are concerned by low-level pro-
cessing and by removing the speckle noise as much as possible to allow a precise
estimation of the polarimetric parameters. As a result, we are going to rely on a
dataset of PolSAR images on which the ground-truth polarimetric information
is available. More precisely, we use the set of simulated PolSAR images [5] where
the underlying ground-truth, i.e. the class regions, is modeled by Markov Ran-
dom Fields. A set of typical polarimetric responses have been extracted from
an AIRSAR image (L-band) so that they represent the 8 classes found in the
H/a plane and randomly assigned to each class. Finally, single look complex
images have been generated from the polarimetric responses using a Cholesky
decomposition [6]. An example of image and its corresponding ground-truth is
presented in Fig. 2. Thanks to this dataset involving ground truth information,
we can measure the quality of a BPT.

Let us define the quality of a BPT as the quality of the best image, according
to a given error measure E, that can be extracted from it. Extracting an image
from the BPT consists in selecting a set of nodes forming a partition of the image
and in assigning the mean covariance matrix of the region to its pixels. So the
question is to identify the ideal partition that can be extracted from the tree.

The error measure between an image I(i,j) and the ground-truth image
Igr(4,§) we use is defined by [2]:

1Z]; - Zi5™ || r
1Z:5 |

(2)

E(I IGT) NZ

i,J
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where N is the image number of pixels, Z; (Z{f") is the pixel value of image

I (Ie¢T) at location (3, ) and ||.||r represents the Frobenius matrix norm. This
measure is based on the average inverse signal to noise ratio.

As previously mentioned, the extraction of a partition from the BPT is de-
fined by a pruning. To define the ideal pruning, let us use the following ideal

criterion derived from Eq. 2 by noting that all pixels belonging to the same
region R have the same covariance matrix Zx:

, Zp — ZloT
Cideal = Z ¢r with ¢p = Z | IGTJ "F, s.t. {R} is a partition (3)
R ijer NZ57|r

This criterion is ideal because it uses the ground-truth image Z7erwhich will
be unknown in practice. However, it is very useful to quantify the quality of a

BPT and to define an upperbound on the performances of all possible pruning
strategies.

This criterion can be efficiently minimized using an dynamic programing
algorithm originally proposed in [9] for global optimization. The solution consists
in propagating local decisions in a bottom-up fashion. To initialize the process,
the leaves of the BPT are assumed to belong to the optimum partition. Then,
one checks if it is better to represent the area covered by two sibling nodes as
two independent regions {R;, Ry} or as a single region R (the common parent
node of R; and Rj). The selection of the best choice is done by comparing the
criterion ¢r evaluated on R with the sum of the costs ¢ R, and ¢pg,:

' then R belongs to the optimum partition
<
I 6r < ¢r, + ¢r, {else R, and R; belong to the optimum partition (4)

The best choice (seleét either “R” or “R; plus Ry”) is stored in the BPT
node representing R together with the corresponding cost value (either ¢p or

@R, + ®Rr,). The procedure is iterated up to the root node and defines the best
partition.

This algorithm guarantees to find the global optimum of the criterion on the
tree because the criterion is additive with respect to regions. The bottom part of
Fig. 1 shows the BPT after the nodes have been populated with the value ¢r/|R|
(as for edges, low (high) values are represented in blue (red)). The triangle-
shaped nodes show where the pruning has been done. They form the leaves of
the pruned BPT and equivalently the regions of the extracted partition. Then,
each region is represented by its mean covariance matrix to create the filtered
image. Finally, this image is used to compute the BPT quality with Eq. 2. Based
on this strategy to evaluate the BPT quality, we can now investigate the impact
of specific choices related to the BPT construction. As an example, we analyze
the influence of the initial partitions in the following section.
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Tnitial Ideal pruning| Number of regions|Acceleration factor w.r.
Partition Cideal (dB)|of the initial partition| to the pixel partition
Pixel -16,12 65.536 1
Watershed -13,53 7.720 46
SLIC (size=2) -15,94 15.946 15
SLIC (size=3) -15,38 7.257 56
SLIC (size=4) -14,51 4.143 121

Table 1. Influence of the initial partition in terms of BPT quality and computational
load. Results have been averaged over the entire dataset.

4 Superpixel initial partition and its influence on the
BPT quality

As previously mentioned, the initial partition used in [2,3] was composed of
individual pixels. The main drawback of this choice is the high number of initial
regions and the corresponding cost in memory usage and computational load.
To see whether the number of initial regions can be drastically reduced without
loosing too much in terms of quality, experiments with superpixel partitions
have been conducted. Concretely, initial partitions have been generated either
with a watershed applied on the vectorial image gradient and with the SLIC
algorithm [1]. In both cases, only the diagonal elements of the covariance matrices
have been used to generate the superpixel.

Thanks to the strategy presented in Sec. 3, we can compare the mﬁuence
of various initial partitions on the BPT construction by extracting the ideal
partition and measuring E(I, IgT). The results are given in Table. 1. As can be
seen, the best BPT is obtained with the pixel partition. However, the use of the
SLIC superpixels almost preserves the BPT quality but can drastically reduce
the complexity. It is therefore a very good alternative and, in the sequel, we use
the SLIC (size 2) superpixels as initial partition.

5 Low level processing through BPT pruning

This section discusses pruning techniques for low-level processing and grouping
of PolSAR data. The main goal is to allow for a precise estimation of the po-
larimetric parameters. In the previous section, we have used an ideal pruning
technique to assess the quality of the BPT. It defines the upperbound on the
quality of the partitions that can be extracted from the BPT but it cannot be
used in practice as it relies on the ground-truth data.

Here we study the interest of four pruning techniques useful in practical
situations. The two first ones were proposed in [2]. The first one simply consists
in following the merging sequence and in stoping the iterative merging process
when a predefined number Ny of regions is obtained. Note that this can be
viewed as a pruning of the BPT, but actually, there is no need to fully construct
the BPT to compute the resulting partition.
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The second pruning [2] consists in populating the tree nodes with a feature
measuring the region homogeneity (difference between the pixel values and the
region mean) given by: ‘

1 « 12 - Zg| .
bR= Y T (5)

Rl 2, 1 Z&lr

Once the tree has been populated, the feature value of each node is compared
to a predefined threshold. Note that the feature value is expected to be rather
high for large regions and low for small regions. In the extreme case of regions
made of a single pixel, Z® coincides with Z{; and therefore ¢p = 0. However,
the feature of a parent node is not always larger or equal to the features of its
siblings. To define the pruning, we have used the so-called Maz rule (3] which
consists in selecting on each branch the closest node to the root for which the
homogeneity criterion is below the threshold.

We introduce now two new pruning strategies based on the minimization of
a global criterion as in Sec. 3. The initial idea is to use C = Y rPr With ¢p
being the homogeneity criterion ¢g = D ijeR ||Z{J- — ZRp||r/||Zg| F. Note that
this criterion is the same as the one defined by Eq. 5 without the averaging
parameter |R|. However, on its own, it is not useful because a partition made of
individual pixels sets the criterion to 0. Following classical approaches in func-
tional optimization, ¢ can be interpreted as a data fidelity term and combined
with a data regularization term which encourages the optimization to find par-
titions with a reduced number of regions. As simple data regularization term,
we use here a constant value A that penalizes the region presence. Therefore the
final homogeneity-based criterion to be minimized is:

C : IZ; — Zr||F ) "
Homog. = quR with ¢p = Z 1ZA] +A, s.t. {R} is a partition (6)
R i,jER RIIF |

Finally, the last pruning is also based on a graph cut minimizing a global
criterion but here the idea relies on ratio filters: if the ideal image structure
is known (here represented by Zg), then the ratio Z{j /Zp should only contain
noise of variance 1 and no structure information. If the structure information is
absent, the energy of the ratio should be minimum. This reasoning leads to the
following minimization criterion involving as before a data fidelity term and a
data regularization term:

A4S
Z ]|2-31|| F+ A, s.t. {R} is a partition (7)
R

CRatio = Y _ ¢r With ¢p =
R i,JER

Fig. 3 shows, for the image of Fig. 2, the evolution of the error measure
E(Iprocessed, IcT) as a function of the pruning parameters: the number of regions
for the first pruning, the threshold on the homogeneity value for the second
pruning and the A value for the remaining pruning. In terms of global error
measure, we can see that the best pruning techniques are the two based on



192 Philippe Salembier, Samuel Foucher

Fig. 8. Error measure E(Iprocessed, IcT) in dB as a function of the pruning parameters.
Top row: Merging sequence and threshold on homogeneity (Eq. 5). Bottom row: mincut

on homogeneity criterion (Eq. 6) and on ratio image (Eq. 7).

global optimization (Eq. 6 and Eq. 7). They provide a lower value of the error
and moreover their dependency on the A value is smooth. The pruning following
the merging sequence does not lead to the best estimation of the polarimetric
parameters. This result highlights the interest of constructing the BPT to extract
partitions that have not been observed during the merging process. Moreover,
in practice, it is difficult to define a priori the appropriate number of regions.
Finally, the pruning involving the thresholding on the homogeneity criterion
provides intermediate results but we may also note that the value of the threshold

has a very strong impact on the results.

BPT: homog.

Processing Original||Boxcar|Refined BPT: ratio
technique image Lee mincut mincut
E(Iprocggged, IGT) in dB '1,87 '9,11 '12,17 '14.57 '14,43

Table 2. Results of low-level processing (average over the entire dataset).
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Fig. 4. Processed images with the optimum pruning parameters. Top row: Merging
sequence and threshold on homogeneity (Eq. 5). Bottom row: mincut on homogeneity
criterion (Eq. 6) and on ratio image (Eq. 7).

Fig. 4 shows the images resulting from the four pruning techniques using the
optimum parameter in each case. The visual inspection of these images corrob-
orates the analysis done on Fig. 3. The pruning following the merging sequence
merges too many regions represented in dark and light green in the ground-truth
image (Fig. 2). The image corresponding to the thresholding on the homogeneity
criterion is still noisier that the one involving the global optimization.

The results obtained with best pruning techniques are given in Table 2 as
well as results for classical filtering strategies. These results have been obtained
by averaging E(Iprocessed, IcT) Over the entire database of 10 images. The table
shows the interest of the pruning techniques involving global optimization. It also
allows us to quantify the gap between these pruning techniques reaching about
-14.5dB and the ideal pruning corresponding to almost -16dB (see Table 1). It
can be concluded that there is still some room from improvement of the pruning. .
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of the BPT to perform a low-level processing of PolSAR images while preserving
the spatial resolution of the content.

6 Conclusions

This paper has discussed the interest of Binary Partition Trees (BPTSs) for remote
sensing applications such as PolSAR. These hierarchical region-based represen-
tations of images are useful for many tasks. Here, we have mainly focussed on
low-level processing of PolSAR covariance matrices. The paper has highlighted
the usefulness of a specific type of graph cut called pruning that extracts parti-
tions from the BPT. Specific pruning techniques have been defined to evaluate
the quality of BPT and to perform low-level grouping allowing a precise estima-
tion of the polarimetric information to be done without losing in terms of spatial
resolution. In this context, the pruning techniques resulting from the global op-
timization of a criterion minimizing the region homogeneity or the energy of the
ratio image have proved to be very efficient and robust.
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