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1. Introduction

1.

Introduction

Recently, the popularity of imaging radar in Earth Observation (EO) has grown,
and advanced from the level of mostly experimental, scientific or military usage
towards implementation of near-operational services. It was shown to be useful in
assessment of properties and continuous monitoring of land cover, forests, snow,
crops, ship detection, and hazard assistance, to name a few. Advanced Synthetic
Aperture Radar (SAR) techniques, previously available only on airborne platforms,
start to be implemented on newly launched satellites, bringing new dimensionality
to SAR data to be processed and making it potentially possible to perform multipolarization, multifrequency, and multitemporal acquisitions in a timely and systematic manner over global areas. A new generation of satellite SAR sensors,
starting from ALOS PALSAR, Radarsat-2, CosmoSkyMed constellation, TerraSAR-X/TanDEM-X to forthcoming and planned missions (e.g., ESA Sentinels,
ESA BIOMASS, Radarsat Constellation) enable application of fully polarimetric,
interferometric and, potentially, polarimetric interferometric SAR techniques and
SAR tomography from orbit. It is the possibility of global assessment of large territories with frequent repetition capability that makes spaceborne applications of
SAR data very attractive and cost-effective. It is the possibility of SAR data acquisition under practically any environmental, seasonal and weather conditions, as
well as independence of daylight, that promotes usefulness and utility of SAR
technology compared to, e.g., use of optical spaceborne data.
There is, however, a price to pay for all these benefits mentioned, and among
the particularly challenging aspects in SAR image processing, aside from the
basic hardware-related signal processing, is the need for initial preprocessing of
acquired SAR imagery including elimination of artifacts. It is also the general difficulty of interpretation of preprocessed SAR imagery that requires the attention of
the scientific community and remote sensing experts to develop new, more effective image processing techniques. In the case of SAR imaging, the target response (backscattered signal) is primarily determined by geometrical and electrophysical (mostly moisture-related) properties of the target, which are expected to
be linked to descriptors of ecological classes or other phenomena of interest.
Visual interpretation of SAR images is a complicated task due to the often present mixture of different scattering mechanisms in a single resolution cell. In order
to achieve quantitative analysis of target properties from radar scattering behavior,
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the accurate and adequate modeling of backscattered signal is needed. The inherent limitations on the number of SAR observables that can be collected, or the
dimensionality of the inversion problem, is a confounding factor. After appropriate
backscattering model is available, computer-based classification methods, both
supervised and unsupervised, can be used on pixels (resolution cells) or groups of
pixels, to perform SAR based mapping. Another option is to use the underlying
model in inversion scenario in order to directly retrieve parameters of interest.
In this thesis, the problem of optimal modeling of backscatter from forest canopies, as well as assessment of underlying land cover properties in general, together with application aspects in real test site scenarios, is addressed. The
treatment is based on the assumption that measured SAR signals are generally
multi-polarized. Special emphasis is put on wide area mapping, with focus on
near-operational use of techniques developed for the needs of the forestry sector,
government agencies and other interested parties.
The thesis is organized as follows. Further in this chapter motivation for the development of improved methods in land cover and forest monitoring is given. Then
several relevant basic concepts in polarimetric and interferometric SAR imaging
are briefly introduced, followed by an overview of the current state-of-the-art in the
topic and analysis of some problems that will be treated in the thesis. In Chapter 2,
materials and methods are described, while Chapter 3 concentrates on analysis
and discussion of the results obtained. Finally, conclusions on the work performed
in the framework of the thesis are drawn, and recommendations for future research are given.

1.1

Motivation

One of the main drivers for the need of consistent monitoring of forests and land
cover in general is due to present uncertainties in climate predictions determined
by feedback between climate and changes in land surface processes. Northern
high latitudes are particularly important because of the vast store of carbon in
northern forests and peatlands. Certain key processes, notably land cover change,
vegetation activity and seasonality, biomass change, cryospheric dynamics, soil
freeze-thaw periods, fire activity and soil moisture can all be recovered from satellites. Globally, forests are very suitable for remote sensing applications due to their
large dimensions and relatively poor accessibility in remote areas. The boreal
forest, with an area of 11.35 Mkm2, is the largest terrestrial biome, and stores
about 32% of the world’s forest carbon stock [1]. Europe contains 25% of the
world’s boreal forests, while more than 70% of Finnish territory is covered by forest, making it of a major interest for forest sector, government agencies and society. Thus, the demand comes from the need for adequate modeling of the interaction between forests and the atmosphere [2], [3], general monitoring of on-going
climate changes [4] as indicated by processes of deforestation, forest degradation
and afforestation, as well as for supporting daily and seasonal forest management
activities.
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Imaging radar is especially suitable for land cover monitoring in primarily forested areas. Though it may be less sensitive to forest species than optical data, it
can provide the so-called “volume” component, especially when using SAR polarimetry and SAR interferometry. One of the key challenges in the boreal forest
zone is frequent cloud cover during most of the year, which hinders the use of
optical sensors. Use of optical sensors is further complicated in winter because
atmospheric correction becomes more difficult and less reliable with decreasing
sun elevation angle. In addition to fully opaque clouds, other atmospheric artifacts,
such as smoke, aerosol contamination, and various forms of cloud shadow effects
affect the quality and usability of optical data. In contrast, radar data can be obtained on every orbit of the satellite regardless of the weather conditions, which
makes it ideal for applications requiring long, regular time-series of data with a
constant time separation between observations.
SAR polarimetry and interferometry are powerful yet emerging techniques potentially capable of strongly improving EO capability. However, the current level of
maturity does not allow operational use of spaceborne SAR data. For example, in
the forestry sector, accuracies in estimating such crucial forest parameters as tree
height or stem volume from imaging radar data are still significantly lower than in
conventional forest inventories or airborne LIDAR surveys. Thus, more effort is
needed in this direction, and research work described in this thesis aims at developing new and improving existing methods and applications that effectively utilize
advanced SAR techniques, thus contributing to advance them to the higher technology readiness levels.

1.2

Advanced SAR techniques in spaceborne applications

Radar (radio detection and ranging) technology is based on emitting a microwave
signal followed by measuring scattered signal. SAR is an imaging radar system
which uses coherent microwave signals to illuminate a target, or an area, to focus
the signal and form an image of a scene using the forward motion of sensor platform. Advanced SAR techniques that are in this thesis utilize the full vector nature
of electromagnetic waves, and primarily rely on use of different combinations of
polarizations for transmitting and receiving antennas (in SAR polarimetry), as well
as coherent combination of two backscattered signals acquired under slightly
different incident angles (in SAR interferometry).
Basic principles of SAR image formation and preprocessing, as well as understanding polarimetry, polarimetric synthesis and basics of interferometric processing are outside the focus of this thesis and are omitted here. Relevant information is broadly covered in several books and review articles, e.g. [5]-[11], as
well as tutorials available online [12], [13].
In what follows, several key concepts in SAR polarimetry and interferometry
that are later referred to at the thesis are listed, followed by brief overview of the
current status of implementing these advanced SAR techniques on satellites.

20

1. Introduction

1.2.1 Key concepts
Polarization is a fundamental property of electromagnetic waves, and, as such, it
is defined by orientations of the electric and magnetic field vectors. While polarization is not strictly important in terms of radio wave propagation in free space, the
initial polarization of electromagnetic wave affects the response of illuminated
target, and is often changed in the scattered wave compared to incident wave. In
this context, radar polarimetry is a technique that allows describing the properties
of the target via the change of polarization state of electromagnetic waves.
In fully polarimetric radar systems, transmitted and received wave polarization
states are identified by measuring coherently four polarization combinations in
orthogonal pairs. Then, in the plane wave approximation, assuming propagation in
free-space, the general dependence of backscattered wave upon incident wave as
observed from radar, in the monostatic backscattering case, at a single wavelength
, can be described [5] as

E sp
E qs
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S qp
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The whole 2x2 matrix on the right-hand side of (1.1) is called the polarization scattering matrix. The scattering matrix is the fundamental measured entity in SAR
polarimetry, and often linear vertical and horizontal transmit and receive polarizations are used:
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S is, mathematically, a linear operator, representing transformation from the
incident to backscattered wave upon interaction with the target. It can be expanded into the target vector, represented in lexicographic format as

k

S hh

S hv

S vh

that under the reciprocity condition ( S hv

k

S hh

S vv

T

,

(1.4)

S vh ) transforms to

2S hv

T

(1.5)

S vv .

Alternative representation of the target vector in the Pauli basis format [24] is
given by:

kP
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(1.6)

and, assuming reciprocity,
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The above target vector is suitable for description of isolated, discrete point scatterers. If the target is distributed, second-order statistics of backscattered field,
fully describing polarimetric information content for complex and natural distributed
targets, is usually employed. It is obtained as ensemble averaged Kronecker
product of the target vector. The corresponding covariance matrix (or coherency
matrix, if Pauli basis target vector used) is positive semi-definite Hermittian. For
example, under reciprocity condition, the following expression for covariance matrix is obtained:
*
S hh S hh

C

*
2 S hv S hh
*
S vv S hh

*
2 S hh S hv
*
2 S hv S hv
*
2 S vv S hv

*
S hh S vv
*
2S hv S vv

.

(1.8)

*
S vv S vv

SAR interferometry is based on analysis of phase difference between two SAR
measurements (or scenes) acquired under slightly different incidence angles.
Cross track interferometry can be achieved either by placing two antennas separated by cross-track baseline on the same platform, or organizing separate repeat
passes of a single SAR instrument.
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Interferometric coherence, or degree of correlation between two complex SAR
measurements, is given by

p1 p*2
p1
where

p1

and

p2

2

p*2

,

2

(1.9)

denote complex reflectivity of resolution elements in SAR

scenes. The full power of this technique is available when SAR measurements are
fully polarimetric, and called polarimetric SAR interferometry (Pol-InSAR). Both
amplitude of interferometric coherence (or degree of interferometric decorrelation)
and interferometric phase are useful for interpretation. Interferometric coherence
can be expressed as a set of components contributing differently to the overall
decorrelation:

B
where

SNR

V

,

B represents baseline (spatial and temporal) decorrelation,

(1.10)

SNR –

decorrelation caused by system noise, and

V – decorrelation caused by the
“volume” component. The latter provides sensitivity to the vertical dimension of the
underlying scatterers, e.g., vertical forest structure, and is of particular interest in
this thesis.
1.2.2 Current status of advanced SAR techniques in spaceborne
applications
Spaceborne imaging radars have been employed for studies on land cover mapping, as well as assessment of properties of forested areas for quite a long time,
starting from Seasat mission in 1978. However, the general limiting factor on the
way to operational use of spaceborne SAR technology for retrieval of useful information about the environment is lack of SAR observables, or the lack of unique
relationships between scattering models and these observables. Thus, the general
trend in land cover and forest mapping with SAR instruments is toward the use of
multi-parameter SAR data, including multi-polarimetric, interferometric, multisource, multi-frequency and multitemporal SAR data [11], [14]. While airborne
experiments with SAR data are mostly intended for experimental verification of
novel techniques and small test-area studies, spaceborne SAR data offers possibility to cover large areas in a systematical and timely manner, and looks a promising candidate for enabling new environmental and security services. Advanced
SAR techniques, such as PolSAR, InSAR and Pol-InSAR data with an increased
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number of observed variables offer improved possibilities in all respects, and specific use of spaceborne PolSAR data for wide area land cover/use mapping in this
thesis seems to be pioneering, as compared to numerous studies with airborne or
spaceborne PolSAR data on small test sites.
Currently, not all SAR techniques available by airborne observation are implemented on orbit. Moreover, those that are even implemented are often quite far
from maturity, and lots of additional development is needed. With the launch of
new generation of spaceborne SAR instruments and constellations, the situation is
improving; however, improvements in processing of single-acquisition PolSAR
imagery are still of significant benefit when multitemporal acquisitions of spaceborne PolSAR data over wide areas are not possible.
In the framework of land cover and forest mapping in the boreal forest zone, the
opportunity to use multi-polarization (including quad-polarimetric) and multitemporal SAR data at L-band was offered by a Phased Array type L-band Synthetic
Aperture Radar (PALSAR) sensor on-board ALOS during its life span of more than
5 years [15]. This satellite is expected to be followed by its more advanced successor in the near future [16]. However, due to relatively long repetition period of
ALOS-1, possibility of using interferometric SAR acquisitions in a systematic manner was limited due to high temporal decorrelation. The first opportunity to take
advantage of spaceborne multi-polarization single-pass interferometer is offered
by the TanDEM-X mission [17].

1.3

State of the art in land cover and forest mapping based
on SAR polarimetry and SAR interferometry

In further subsections of this section, the mapping of forest cover and land cover/use mapping are treated separately. This was done despite the fact that in the
simplest case the forest/non-forest classification can be considered a specific case
of more general land cover classification. On the other hand, forest parameters
are usually continuous variables as opposed to discrete land cover classes, even
though specific number of classes might be unknown. Also, there are quite a few
forest variables for assessment, e.g. forest stem volume or above ground biomass, tree height, forest species, fraction of forest cover, etc. In this way, mapping
forest cover represents a separate study subject and cannot be considered a
simple case of land cover classification.
1.3.1 Land cover mapping
Segmentation and classification of PolSAR data has been a popular research
topic and addressed in quite a few studies, with imagery acquired by both airborne
and spaceborne SAR instruments, and using empirical, statistical and physicsbased approaches. The common assumption about PolSAR data exhibiting circular Gaussian probability density function (pdf) has led to development of a supervised classification approach, which uses second order statistics of PolSAR data
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modeled by multilook Wishart distribution [18]. This approach appeared to be
fruitful and was implemented in a number of supervised and unsupervised classification methods, e.g. [19]. It is generally applicable for any PolSAR data; however,
it is deemed to be more suitable for data acquired over natural terrain. Further
developments take advantage of more complicated statistical models for the description of PolSAR imagery [20], [21], [22], with inclusion of textural information,
relaxing the Gaussianity assumption and, e.g., adopting the K-Wishart distribution
[23] of polarimetric coherency matrix instead.
On the other hand, there is a variety of well-established incoherent target decomposition techniques for PolSAR imagery, with broad overviews given in [11],
[24]. Incoherent target decomposition techniques are mostly based either on analysis of eigenvalues of the PolSAR coherency matrix [24], [25], or employ specific
physical models of scattering mechanisms for representation of the PolSAR covariance matrix as the weighted sum of these more simple contributions [26], [27].
The first approach is primarily of mathematical nature and seems to be intended
exclusively for classification purposes [28], while the second approach has potential for physics model-based inversion. Its benefit is in the possibility of direct physical interpretation of PolSAR data, as well as in simplicity of image processing
algorithm for implementation. Once contributions of different scattering mechanisms are estimated, more advanced polarimetric models can be used for further
geophysical parameters analysis or inversion in various applications [29], [30],
[31], [32].
In general, the applicability of any given decomposition varies considerably,
and suitability of each chosen method for PolSAR data analysis might be determined on the basis of previous experience in similar conditions [29], [30], [31],
[32], [33].
The widely known difficulty in decomposing polarimetric data for further analysis and interpretation is that environmental and image acquisition conditions cannot be controlled in general, and there is a growing need for either more universal
models or, at least, some adjustment of model parameters for each particular site.
The unambiguous inversion of forward models is also difficult because of the lack
of polarimetric observables when compared to the quantity of parameters in forward modeling. Thus it is even more appreciated, if such model adjustment can be
done using only PolSAR data as such, without any reference to in situ data [27],
[31], [34], allowing for a more flexible choice of parameters describing different
scattering contributions, primarily volume scattering. Another important issue is to
avoid non-physical solutions sometimes appearing in the process of decomposition,
which has drawn increased interest lately, such as non-negativity of eigenvalues of
covariance matrices at each decomposition step [35], [36], [37], [38], [39].
Incoherent decompositions can be combined with statistical classifiers to produce more robust results [40], [41]. One of the possible ways to exploit PolSAR
decompositions is to use their components as the so-called polarimetric features.
Then, it is possible to take advantage of all the existing classification techniques
originally developed for intensity data, applying them in a straightforward manner
on these features. Other polarimetric descriptors include Touzi parameters [42],
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backscattering coefficients, co-polarization and depolarization ratios, and various
phase differences [43]. However, one of the common problems with these features
is the generally high correlation between them. Thus, selection of a relatively small
subset of polarimetric features might be enough for practical application. Studies
[44], [45] aimed to assess relative performance of several popular polarimetric
features in the benchmarking comparison using back-propagation neural network,
however, resulted in no clear identification of the most fruitful combination. One
can apply statistical feature selection [43], machine learning strategies, e.g. [46],
[47], or resort to direct physics-based reasoning [40], [48], in order to form a respective set of features useful for some particular application. Yet another possible
choice is to use all of the available features in the framework of linear (principal
component analysis) or nonlinear (see, e.g. [49]) dimensionality reduction. The
drawback here is the exponential increase in the number of parameters, and difficulty in interpretation of the obtained results. It is particularly problematic to assign
any actual physical behavior to artificially generated feature vector.
Most experiments with PolSAR classification at L-band aimed at land cover assessment and performed comparisons against reference ground data, optical
spaceborne imagery or value added products [50], [51]. However, notable gaps
identified in the literature include the scarcity of attempts of soil type assessment
(peatland, mineral soil) under non-inundated conditions, in particular under high
forest vegetation, from single-acquisition space borne SAR imagery at L-band
[52]. This problem is strongly coupled with soil moisture retrieval, and can benefit
from the use of relevant techniques.
When performing classification, polarimetric features are usually assigned
some beforehand known statistical behavior, usually Gaussian pdf. It is important
to see if any improvement in classification performance can be gained if this assumption for features is relaxed, analogously to PolSAR data itself [53]. While it
may not be always possible to establish a link between pdfs of original PolSAR
data and pdfs of derived polarimetric features [53], a feasible way to assess probabilistic characteristics of the features is to resort to non-parametric estimation of
their pdfs. This can be achieved, provided the PDFs are smooth, using, e.g., probabilistic neural network (PNN) technique [54], [55], so far demonstrated in few
remote-sensing applications [56], [57], [58]. Quick training, relative stability to data
outliers and absence of any prior assumptions about probabilistic distribution of the
data are among its advantages, to mention a few. Also, a PNN model can exhibit a
reasonable computational and memory efficiency if the number of training samples
is limited to moderate values [54].
Keeping in mind the need for operational monitoring of wide areas, the ability to
combine separate PolSAR scenes into homogeneous mosaics, analogically to
single-polarization and dual-polarization SAR data [59], [60], [61], [62], would
boost the applicability and effectiveness of PolSAR mapping techniques. It is of
particular interest in situations when it appears hard to find adequate reference
data for each individual PolSAR image. Generally, availability of PolSAR data,
e.g., time intervals between acquisitions of neighboring scenes, as well as the
sensitivity of PolSAR signatures to environmental factors limit production and

26

1. Introduction

further use of such mosaics. Thus, it is important to see how multitemporal PolSAR data acquisitions influence mosaic classification accuracy and to identify
techniques that are suitable for the processing of such multi-polarization data.
Other important issues include identification of application areas where multi-date
PolSAR mosaic can be effectively used, as well as pinpointing possible challenges
and drawbacks of such mosaicing [63].
There were several studies indicating suitability of single-polarization InSAR data
for simple land cover stratification or forest delineation, e.g. [64], [65], though
generally it seems less applicable for land cover assessment due to smaller number
of observables. The potential of InSAR data in spaceborne applications is better
revealed when combining both polarimetric and interferometric capabilities of
SAR, and is particularly useful in retrieving forest parameters, as discussed in next
section.
1.3.2 Mapping forest variables
Key forest variables of interest that can be inferred via SAR based remote sensing
are forest biomass or forest stem volume, forest tree height and, to a lesser extent,
forest tree species. In the framework of this thesis we concentrate on the first two.
Numerous evaluations of SAR-instruments at different wavelengths have been
performed over the past two decades, pursuing the goal of high-quality assessment of forest cover characteristics. These included relevant studies using data
acquired by instruments onboard satellite and airborne platforms over boreal,
temperate and tropical forests using both standard and advanced (experimental)
SAR imaging modes, as well as combinations of several sensors [66]-[87],[30].
Due to higher penetration through forest canopy at a longer wavelength, L- and Pband SAR data are more suitable for the purpose of forest biomass or forest stem
volume retrieval [88], [89], [90].
Forest stem volume. Previous experience with multi-polarization SAR at Lband over boreal forest was rather limited, as L-band spaceborne imaging radars
before ALOS PALSAR [91]-[93] were operating in a single-polarization mode.
Literature known from airborne SAR studies over selected test sites mostly indicates higher sensitivity to biomass of cross-polarized backscatter at L-band,
though sometimes the difference can be very small, particularly in the boreal forest
environment [89]. Also, a number of studies indicate the advantages of using
multitemporal acquisitions for biomass (or stem volume) estimation when compared to a single-image-based approach, particularly over boreal forest [73], [76],
[94]. In [95] some potential of ALOS PALSAR data for stand-wise stem volume
retrieval in the boreal forest zone was indicated, noting multitemporal dependence
of results. However, the problem is that approaches demonstrated so far with
spaceborne SAR data at L-band give good results only when produced biomass
estimates are aggregated to relatively large areas [94], or suffer from inversion
artifacts [95], that may complicate routine stem volume estimation.
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Forest tree height can be considered as an independent forest variable of interest, or it can be further used for assessing forest biomass provided the allometric equations are available for a given forest type [96]. Technically, the most direct
way to measure tree height from space platform is via SAR interferometry. Naturally, L- and P-bands are most useful here as well. However, in less dense boreal
forest areas information about tree height, as indicated by a number of previous
studies, can be retrieved even with shorter wavelength radar, e.g. at X-band.
Model-based analysis of InSAR data for retrieval of forest parameters was the
scope of many studies. Traditional coherent forward models proved useful for the
description of forest canopies [97]-[102]. Their drawback was, however, in the
requirement of many input parameters, which limits possibilities to invert forest
variables due to the lack of interferometric SAR observables. The number of independent observations can be increased using multi-polarization, multi-frequency,
multi-incidence-angle and multibaseline acquisitions [103], [104], as well as adding
supplementary topography information. Another solution is to adopt simpler models for data interpretation, which are still capable to provide essential information
about the canopy properties. Among these, the Random Volume over Ground
(RVoG) model [105]-[110] introduced in polarimetric SAR interferometry (PolInSAR), has gained particular popularity. Under some assumptions, it can provide
estimates of forest height, extinction, and ground-to-volume scattering ratio. The
RVoG model was extensively studied and found to be suitable in different forest
environments ranging from tropical rainforest [104], [109], [110] and temperate
broad-leaved forests [111] to boreal forest [112], [113], [114], [115], mostly at X, C
and L frequency bands, as well as at longer wavelengths [116], [117].
A particular difficulty with the RVoG model inversion is that it is not applicable
for single-pol InSAR data, as the inversion problem becomes under-determined.
However, results from the FINSAR campaign indicate that X-band single polarization interferometric coherence can be successfully used to retrieve forest height
under certain conditions [115], [120]. The common simplifications of the RVoG
model include the use of external ground DEM, fixing the forest extinction coefficient to a certain value [110], [115] and, at higher frequencies, even completely
discarding the ground scattering contribution [110] due to high attenuation in the
vegetation layer. One more step further compared to, e.g., forest parameter retrieval reported in [115], [118], [119] would be simultaneous estimation of the scattering phase center (SPC) height and extinction coefficient [120]. This scenario is
of particular interest for retrieval of forest parameters using imaging capabilities of
the TanDEM-X mission [121].
At X-band, the ground is usually not visible, and a simple model representing a
single layer of randomly oriented volume (RV) can be inverted in order to estimate
tree height using single-polarization InSAR data when the ground topography is
known. A similar approach was envisaged in, e.g., [122], [123], [124]. Moreover,
the inversion for extinction might be also possible in several cases where ground
is not visible. Then, if information on extinction coefficient is available, it can be
further used for improving the accuracy of tree height estimation. In [125], an advanced extinction coefficient model with fractal trees was used for more accurate
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recovery of the tree heights, however requiring some additional reference information. Also, if extinction can be retrieved from InSAR data, an obvious benefit is
the possibility of producing extinction coefficient look up tables for selected forest
species, with respect to density and structure orientation. Following the idea mentioned in [126], such a look up table can be further used for more accurate height
estimation via model-based inversion.
Another key application wavelength is L-band, primarily due to ALOS PALSAR,
and keeping in mind that before implementation of the BIOMASS mission by ESA
it is the most suitable wavelength for assessment of forest cover properties. At Lband, the ground is usually visible [115], [127], therefore the ground contribution
cannot be neglected in a typical inversion scenario. Polarimetric diversity of the
polarization-dependent ground response is usually further employed for extraction
of the model’s parameters from Pol-InSAR data. However, use of topographic
phase available from an external ground DEM can still improve reliability and
stability of the inversion process, as well as to provide means for estimating the
mean extinction value for areas with very high and dense forest, where ground
may not be visible [Paper V].
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2.

Materials and methods

Here we describe the study/test sites with available in-situ and reference data and
SAR data used.

2.1

Study sites, SAR and in situ data

The focus is on mapping land cover and forest in the boreal forest zone. All study
sites are located in Finland.

Figure 2.1. Location of study sites in Finland.
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The Kuortane site (center coordinates: 62°49’N, 23°32’E) is located in western
Finland, in the vicinity of lake Kuortane. This study site was used both for studies
on land cover mapping (Paper I, Paper IV) and forest stem volume retrieval (Paper III).
The Kuortane area represents typical Finnish, conifer-dominated mixed forestland.
The area is covered by coniferous (managed pine-dominated) and mixed forest. In
addition to Scots pine, Norway spruce and birch are common. The soil is mostly
till, but the proportion of sandy soils and peat land is also high. In addition to forests and lakes, the municipality of Kuortane with surrounding agricultural areas is
inside the study site. The area is flat to hilly. Terrain elevation varies between 80
and 130 m in the area of forest inventory ground data, and between 40 and 226 m
in the whole Digital Elevation Model (DEM) used for ortho-rectification of the ALOS
PALSAR data. The DEM from the Finnish National Land Survey at the Kuortane
site covers an area of 50 km by 50 km. The DEM has a pixel spacing of 25 m and
has a vertical accuracy of about 2.5 m.
PolSAR data used in land cover mapping were collected by the ALOS PALSAR
sensor in November 2006, March 2007, and May 2007. During the November
acquisition, some snow was already present on the ground, but the water surfaces
were mostly open. The temperature was around 0 °C, with a snow fall at that time.
In the March scene, the lakes were covered with ice and some water on top. The
temperature was 6 °C and the day was clear. In the May scene, the temperature
at the time of acquisition was 11 °C with light precipitation. Dual-pol SAR data
acquired over the study site and used in forest stem volume mapping is summarized in Table 2.1.
Reference data for land-cover mapping study were primarily represented by
Finnish CORINE Land Cover 2006 (CLC2006). It is a newer, updated and corrected version of the national land cover/use map of Finland [128], [129], [130]. The
spatial resolution of the land cover data is 25 m. Also some optical and airborne
imagery was used for selecting training data. Stand-wise forest inventory data
were obtained from Etela-Pohjanmaan Metsakeskus, who produce forest management plans for private forest owners in the area, and was updated to year
2006. The forest inventory was produced using standard methods for stand-wise
inventory, primarily based on sample plots and visual interpretation. It has been
estimated [131] that the error in terms of standard deviation of forest stem volume
for this method of inventory is on the average 24.8 percent. Forest stem volume
varied (in the area of forest inventory ground data) between 0 and 314 m3/ha (areaweighted median 99 m3/ha, area-weighted mean 95 m3/ha). A total of 123 forest
stands from the site were used in the study, with an average stand size of 3 ha.
The Heinävesi site (center coordinates: 62°17’N, 28°26’E), located in eastern
Finland, was used in the study of forest stem volume retrieval. The area is covered
by coniferous (mainly spruce dominated) and mixed forest. The main tree species
are the same as at the Kuortane site. The forest inventory ground data of the
Heinävesi site was extracted from the forest inventory database of UPM Ltd, which
owns the forest area. The earlier ground-measured stem volume data were considered to have a standard deviation of less than 20 percent. In the newest version, the stem volume was obtained from a laser scanning survey (with extensive
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ground sampling) conducted by Arbonaut Ltd in 2004. The laser-derived stem
volume data were considered to be more accurate than the earlier groundmeasured data. Though no update to year 2006 was performed, the accuracy of
forest inventory data can be assumed to be within the same limits as for the
Kuortane test site. Stem volume varied between 0 and 425 m3/ha (area-weighted
median 115 m 3/ha, area-weighted mean 110 m 3/ha). The average stand size was
4.8 ha, with 103 forest stands in total. There are practically no agricultural areas in
or close to the study site.
The soil at the Heinävesi site is mainly till (glacial drift). The study site is gently
hilly. Terrain elevation varies between 82 and 139 m in the area of the forest inventory ground data, and between 70.4 and 200 m in the area of the DEM obtained for an area of 80 km by 110 km from the Finnish National Land Survey.
Dual-pol SAR data acquired over Heinävesi and used in forest stem volume
mapping is summarized in Table 2.1.
Kirkkonummi. This study site (central coordinates: 60° 11’N, 24°29’E) for study
on forest parameter retrieval from Pol-InSAR data, described in Paper IV, was situated near Helsinki, in the municipality of Kirkkonummi. The forest in the area is heterogeneous and consists of small stands alternating with fields and lakes. Forested
areas are mostly located on the top of small hills. The dominant tree species are
Scots pine, Norway spruce, birch and alder. According to forest inventory information, the stem volume is up to 250 m3/ha, with tree heights up to 30 m.
SAR data were collected in Finland during the autumn of 2003 within the
FINSAR campaign. It was jointly carried out by the Helsinki University of Technology (now part of Aalto University) and the German Aerospace Center (DLR) Microwaves and Radar Institute. The main instrument used was the DLR E-SAR.
The majority of the measurements took place on September 29, 2003. The DLR
E-SAR collected five L-band (1.3 GHz ) repeat-pass fully polarimetric images with
5 m, 10 m, 12 m, and 0 m baselines from a 3 km altitude. Additionally, an X-band
(9.6 GHz ) single-pass VV-polarization interferometric image pair was acquired.
Saariselkä. The study site for PolSAR mosaicing study (Paper II) was chosen
at a high enough latitude to ensure overlap between PolSAR images from the
neighboring orbits of the ALOS satellite. The center coordinates of the study site
were 68°30’N, 27°30’E. The site represents typical Finnish taiga, with dense and
sparse forest covering the majority of the area, with some considerable proportion
of open bogs and other peat land. The study area covered the southern part of
lake Inari in the north and the eastern end of the Lokka reservoir in the south.
Polarimetric scenes from two adjacent orbits were used in the mosaic production, with imagery acquired on April 2, 2007 (orbit 6327, the eastern part of the
mosaic) and on April 19, 2007 (orbit 6575, the western part). For both acquisition
days, the temperature had fluctuated near 0 °C during the previous days, with a
clear sky before the image acquisition. The snow cover was characterized by
processes of transition from dry to wet state. All the scenes were fully polarimetric
with an incidence angle of 24 degrees. These polarimetric products have a pixel
spacing of about 3.5 m along track (azimuth) and 9.4 m cross track (slant range).
Image swath width was 29.3 km.
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Table 2.1. Dual-polarization SAR data for stem volume mapping in Kuortane and
Heinävesi (Paper III).
Scene Id

Site

Mode

KD1

Kuortane

Dual-pol

39

27.06.2007

KD2

Kuortane

Dual-pol

39

12.08.2007

2.2

Incidence (deg)

Acquisition Time

KD3

Kuortane

Dual-pol

39

27.09.2007

HD1

Heinävesi

Dual-pol

39

12.06.2007

HD2

Heinävesi

Dual-pol

39

28.07.2007

HD3

Heinävesi

Dual-pol

39

12.09.2007

Methods

In this section, methods used in the studies, both established and newly developed, are described. In the case of spaceborne imagery, the SAR data is radiometrically corrected and orthorectified using in-house software. All the original
PolSAR data were single look complex. PolSAR images were preprocessed following the procedures described in [132], [133]. The data were re-sampled independently using bi-linear interpolation with in-house ortho-rectification program
[132]. A radiometric normalization was performed to eliminate radiometric variation
due to terrain elevation variation. Power of each pixel was normalized with respect
to the projected area of the scattering element, analogously to description given,
e.g., in [133]. The projection was made to a plane perpendicular to the propagation direction of the incoming radar pulse. This form of radiometric normalization
eliminates the topographic effects on received power in terrain types whose radar
cross-section per unit of projected area is independent of the incidence angle.
More detailed discussion and derivation of methods used can be found in corresponding sections of Papers I–V.
2.2.1 Land cover mapping with PolSAR data
When performing classification or segmentation of PolSAR data acquired over
natural area, the second order statistics of PolSAR data are usually used. These
include methods suitable for operating with covariance matrices themselves, or
with polarimetric features derived from them. In the latter case, all classification
methods originally intended for intensity data can be used. On the other hand,
many techniques, tailored especially for PolSAR data, are well-known, and can be
easily found in literature, starting from Wishart distance classifier to decision trees.
First, well-established techniques are mentioned briefly, followed by more in-depth
overview of techniques that contribute to originality of studies reported in the thesis.
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2.2.1.1 Entropy-alpha-anisotropy analysis
A popular unsupervised target classification method is based on eigendecomposition of the polarimetric coherence matrix [24], [40]. It uses such polarimetric characteristics for description of target properties as entropy and the averaged alpha
angle. Entropy H covers a dynamic range from 0 to 1, being a measure of randomness of the scatterer, from deterministically polarized to isotropically depolarized scatter, respectively. The alpha angle
characterizes through a unitary
transformation a scattering mechanism (0 is a sphere symmetry, 45 a dipole, 90 a
dihedral or helix) independently from a rotation of the measurement coordinates.
The mentioned model is further augmented by the anisotropy measure A
0, 1
to distinguish between different classes with similar cluster centers, differentiating
between single and multiple target return.
The categorized map of the alpha angle against entropy provides initial classification of PolSAR imagery, after which anisotropy can be used for further analysis.
2.2.1.2 Wishart classification
More advanced semi-supervised approaches [134], [135] use maximum likelihood
(ML) classification, initially seeded by the H/A/ classes and further iterated by the
complex Wishart distribution of the coherency matrix. The complex Wishart algorithm is generally a ML-estimator, assigning each sample coherency matrix to one
of the associated classes on the basis of the minimum Wishart matrix distance.
Further manual labeling of the obtained segments is performed to produce a land
cover/use map.
In supervised Wishart classification, training areas are defined manually for
each class from the Pauli color-coded presentation or reference ground plot data.
Then the classifier calculates the Wishart statistics of the training areas and assigns each pixel to the closest class using maximum likelihood decision rule. The
accuracy of the classification is further evaluated against the reference data. An
interface implementation provided by the ESA PolSARpro software [136] was
used for supervised Wishart classification.
Use of the Wishart matrix pdf based techniques is a widely accepted practice in
PolSAR classification, and they were particularly employed in Paper II and Paper IV,
primarily for benchmarking purposes.
2.2.1.3 Probabilistic Neural Network
In order to capture non-Gaussian statistics of polarimetric features, nonparametric
classification method based on PNN was used. It belongs to the kernel density
estimation techniques and was originally introduced in [54]. The PNN is a feedforward artificial neural network, and it takes advantage of non-parametric pdf
estimation. More particularly, it uses Parzen window probability density estimation
[137], which allows approximating smooth pdfs, when the window size and estima-
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tion kernel function are provided. Choice of the Parzen window weighting function
affects the generalization capability of PNN. Typically the Gaussian function is
adopted for this purpose, and then the only parameter to be supplied externally is
the sigma smoothing parameter, defining the size of a pixel neighborhood taken
into account during calculation of the pdf-approximation. If the weighting function
is too narrow, the performance will be the same as for the nearest neighbor classifier. PNN normally consists of 4 layers: input layer, hidden (pattern) layer, class
(summation) layer, and decision layer (or node). The typical structure of PNN is
shown in Figure 2.2.

Figure 2.2. Typical structure of probabilistic neural network (Paper IV).
The input layer consists of neurons corresponding to predictor variables (i.e.,
features describing a pixel). The input neurons supply the input values to each of
the neurons in the hidden (pattern) layer. Data supplied into the network should be
normalized to unitary length. The hidden (pattern) layer is represented by m
nodes corresponding to training samples (e.g., each pixel from the training data
set). The nodes store values of the features for the training sample along with the
target class value. A hidden neuron computes the distance of the test case from
the neuron’s center point and then applies the radial basis kernel function using
the sigma smoothing parameter. The result is passed further to the neurons in the
class layer. The class (summation) layer consists of neurons for each category
of the target variable. The actual target category of each training sample is stored
with each hidden neuron. The weighted value coming out of a hidden neuron is
fed only to the class neuron that corresponds to the hidden neuron’s category. The
class neurons add the values for the class they represent (hence, it is a weighted
vote for that category). This way a pdf-approximation is effectively obtained for
each class (target category). The decision layer (node) compares the weighted
votes for each target category accumulated in the class layer and uses the largest
vote to predict the class according to the Bayesian decision rule.
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When the number of training plots increases to infinity, the estimated pdfs converge to the true ones, and the PNN-classifier converges to the optimum Bayesian
classifier. The network does not require training as such, compared to multilayered
perceptron. It is easy to extend by incorporating additional training data as the
hidden layer neurons, and does not exhibit over-fitting typical for back-propagation
neural networks. However, some limitations on the use of PNNs include: high
memory requirements, as the whole network must be stored in the memory; relatively low classification speed, as each processed pixel, in order to be classified,
should be propagated through the whole network model; slightly poorer generalization capability than that of multilayered perceptron. The effect of these drawbacks can be somewhat reduced by more efficient or adaptive configuration of PNN
[138], [139], [140]. The main drawback, typical for any non-parametric approach, is
sensitivity of PNN to the representativeness of the training data.
2.2.1.4 PolSAR model-based decomposition
Model based decompositions are used in order to express the covariance matrix
as a linear combination of different scattering contributions. For analysis of
backscatter in natural environment the Freeman-Durden decomposition is widely
used. It models the covariance matrix as

C

Pd C d

Ps C s

PvC v ,

(2.1)

where Ci and Pi represent double-bounce, surface and volume scattering components and powers respectively, with

Span C

Ps

Pd

Pv .

(2.2)

It assumes the presence of reciprocal medium with reflection symmetry, leading to
complete decorrelation of the co-polarized and cross-polarized backscattering
coefficients, which was shown to be approximately valid for majority of natural and
distributed targets using P-, L-, and C-band sensors.
According to the algorithm outlined in [26], the volume component power can
be estimated directly and subtracted from other contributions. A drawback of this
approach is possibility of obtaining negative power estimates of surface or doublebounce scattering in urban and geometrically complicated forest environments.
The primary reason for this is speckle, which can be tackled by additional extensive averaging [27]. Another reason is that the volume component power tends to
be overestimated in the Freeman-Durden model, as all the cross-polarized
backscatter power is assigned the volume scattering mechanism.
Different solutions for this problem were widely discussed in the recent literature [35], [36], [37], [38], [39], [141] leading to a series of improvements and empirically based adaptations, particularly with respect to the analysis of urban areas.
These modifications can be roughly divided into two main categories. The first
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category introduces additional scattering components into the overall backscatter
model. For instance, use of additional helix scattering contribution was suggested
in [34], while the combination of helix and wire terms in the multiple-component
scattering model demonstrated in [142] was reported to improve analysis of buildings in urban areas using airborne PolSAR data. However, these contributions are
expected to be negligible in forest dominated natural terrain. The second category
deals directly with the model for description of volume backscatter. Discussion on
the benefits and drawbacks of some of these models can be found in Paper I.
Because accurate modeling of the volume scattering component defines the possibility of successful physically consistent decomposition, it is addressed here in
more detail.
In Paper I, a generalized volume scattering mechanism model was proposed,
motivated by geophysical media symmetry considerations. The model accounts
for the

S hh

2

S vv

2

case in the continuous form when modeling backscatter

from canopy, which may be beneficial compared to decision rule approach adopted in, e.g. [34]. Under the reflection symmetry assumption for reciprocal media,
the covariance matrix for backscatter, regardless of actual physical scattering
mechanism (volume or surface), obeys the following expression [143]:

C

with ratios
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e

0

0
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2 S hv

2

/ S vv

*
S hh S vv

plex-valued HH-VV correlation coefficient

,

(2.3)

2

and the com-

*
S hh S hh

*
S vv S vv

.

This result is valid not only for forest, but also for several other types of anisotropic
media. If further a rotation symmetry requirement for all elements of covariance
matrix is additionally imposed, it will result in standard volume scattering model
[26], valid for azimuthally symmetric media.
Assuming HH-VV correlation coefficient
tation symmetry requirement only for

e

to be real valued, and setting ro-

*
S hh S vv

1

2

term in the linear rotation basis,

/2

it can be shown as in [143] that
. After substitution of e
into (2.3), the following covariance matrix model for volume backscatter is obtained:
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(2.4)

1

This model, called the Generalized Volume Scattering Model (GVSM), was shown
to agree with the majority of other existing models (see Paper I). However, in order
to derive a new three-component model based decomposition, model (2.4) should
be simplified. Freeman has shown in his two-component model fitting [27] that for
different types of forests value of the “shape parameter”
is likely to be between
0.3 and 0.4, making the model of thin dipoles [26] generally valid. Setting

1/ 3

yields

0
Cv

1
3
1
2

1

0
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/3

2
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/3

0

0

.

(2.5)

1

Model (2.5), as well as (2.4), is suitable under the transformation

1 / , which

allows its use for description of both randomly oriented particles and particles
aligned in some preferable direction (i.e. dipoles, because of the limitations on
). A particular advantage of model (2.3) is that it continuously covers the whole
dynamic range of values for

10 log

pixels are usually expected to belong (

, especially where the majority of

2 dB). There is also a parallel be-

tween models (2.4), (2.5) and the straightforward regularized approach suggested
in [35]. The difference is, however, that while parameter
*
and S vv S vv

a

influences

*
S hh S hh

terms of the model in the same manner, GVSM allows subtracting

more from the bigger term and less from the smaller one, which improves the
solution. It is expected that model (2.5) will be adequate for canopy exhibiting the
HH-VV ratio at the level of
12 dB, which is in agreement with limits obtained
in [31] and seems to be enough for practical situations.
Model (2.5) was directly incorporated in the Freeman-Durden framework for
analysis of backscatter in natural terrain, with surface and double-bounce scattering modeled as:
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the following set of equations to be solved was obtained:
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(2.8)

(2.9)

(2.10)

(2.11)

is estimated directly “externally” (thus representing a data adjustment term),

the flowchart of the decomposition adopted is the same as in the Freeman-Durden
decomposition. Then powers of scattering mechanisms can be estimated trivially,
yielding the final decomposition.
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2.2.1.5 Retrieval of soil type under vegetation
In Paper IV, a problem of separating mineral soils and peatland in forest covered
areas using L-band PolSAR was considered. As CLC2006 data were used in the
study, primary classes (mineral and peatland under forest cover) were obtained by
merging respective forest classes as defined in CLC2006: coniferous, deciduous,
mixed forests over mineral soil and peatlands. In a common scenario of assessing
properties of layer under vegetation, one should take care about removing the
effect of vegetation. Several techniques, employed e.g. in radar-based soil moisture retrieval and snow cover mapping, compensate for vegetation contribution in
the overall backscatter using physics-based modeling and semi-empirical approaches [31], [75], [144], [145], [146].
However, the aim was not to completely compensate forest vegetation effects.
The under storey vegetation in the boreal forest reflects the site and soil types
[147], [148], this way improving discrimination capability in soil type retrieval. On
the other hand, in areas of very high and dense forest cover in unfrozen conditions
it could be unrealistic to assume good penetration to ground layer, even at L-band.
In Paper IV, a semi-empirical scheme was proposed, utilizing a priori information about forestry practices and general environmental characteristics of the
Finnish forest. According to the latter, areas with high forest are mostly grown over
mineral soil areas, and can be directly assigned the corresponding soil type. Then,
for the other areas, with presumably less high (and/or less dense) forest, where
the ground contribution is relatively strong, the soil type classification is performed.
As an indication of relative forest density and height, ratios of powers of basic
scattering mechanisms were used as inputs to a linear decision rule. The powers
can be provided by simple model-based PolSAR decompositions, yielding results
in the manner close to the so-called Radar Vegetation Index [36], [149].
On the first step, a three-component polarimetric decomposition is performed
over forest-covered areas. The initial forest-covered area can be either imported
directly from CLC2006, or, in a more coherent classification scenario, results of
the multi-class classification experiment can be used.
Then, the scattering mechanism powers obtained are used in a linear decision
rule of the type ( Ps
G * Pv ) , where Ps and Pv are powers of surface and
volume scattering, respectively, and G is a weighting coefficient. The double
bounce contribution tends to be quite weak in the boreal forest environment [66],
[75], and, for this reason, is not included in the decision rule. The default value of
G is set to 1. Regions, where the decision rule is not fulfilled, are masked as
areas with high and/or dense vegetation, and automatically assigned the mineral
soil type. For other regions, marked as relatively sparse and/or low forest, because of the significant surface scattering contribution, one can implement any
chosen classification method, e.g. ML- or PNN-based classifications. Afterwards,
the results are assimilated to produce a final soil-type thematic map. The flowchart
of the processing chain is depicted in Figure 2.3.
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Figure 2.3. Processing chain for soil type retrieval under forest vegetation (Paper IV).
The coefficient G might be chosen using the training data set in such a manner,
that it delivers a maximum possible separation between mineral and peatland
pixels in the training data set. More specifically, the procedure of fitting the
G -parameter value exactly follows the flowchart depicted in Figure 2.3, except
that only the training data were used in this procedure. The value of G that delivers maximum accuracy on the training data set itself (calculated from the confusion matrix of the training data set) was chosen for the final classification procedure.
2.2.1.6 PolSAR mosaic normalization
In order to avoid geometric errors and to supplement the available ALOS image
geometry information, manually measured ground control points (GCPs) and automatically measured tie-points were used to revise image geometry. The GCPs
were measured in the down-averaged PALSAR scenes and map data from the
map service of the Finnish Land Survey. The tie-point and GCP observations were
submitted to a block adjustment procedure [59], where three geometry-revision
parameters were determined for each scene: translation in northing and easting,
and rotation. These parameters were solved using least squares adjustment,
which minimizes approximation error over the whole set of observations. The initial
geometry information in ortho-rectification was based on the equations presented
in [150].
In the context of the herein described polarimetric mosaic production we can
identify several possible methods for further reduction of radiometric differences
between the acquired PolSAR scenes. While it is not possible to correct for the
change in scattering mechanisms that actually took place because of the seasonal
changes (snow melting), eliminating radiometric difference between neighboring
stripes (called further “normalization”) has proved to be an important image processing step capable of improving further classification results [61].
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Such a normalization technique could be implemented, e.g., for each component of the polarimetric coherency (or covariance) matrix. This would, however,
result in an unpredictable change of scattering mechanisms after normalization, if
the correction coefficients were different for different components of the coherency
matrix.
Another option is the use of span of the covariance matrix (or total backscattered power TP) in order to calculate the corrective gain. Afterwards, a pixel-bypixel multiplication of the whole covariance matrix C by the obtained corrective
gain can be performed, ensuring preservation of scattering mechanisms for each
processed pixel. Technically, the approach follows the method suggested for balancing the intensity between neighboring strips of single-polarization SAR imagery
[61], but uses values of TP instead. In this study only two neighboring orbits were
available, and scenes acquired on the right orbit are corrected with respect to the
left-orbit scenes. The correction procedure simplifies to calculating normalization
ratio
l
Ptotal

R rl
where

i
Ptotal

r
/ Ptotal

is the respective TP for i-th orbit, and

,

(2.12)

denotes spatial averaging

over certain area. New covariance matrix values for the right-orbit scenes are
obtained as

ˆ
C

Rrl C .

(2.13)

This approach preserves polarimetric relations and modifies only the respective
TP values. As TP is an important feature characterizing a pixel, it was of interest to
evaluate the effect of the seam-hiding procedure proposed on land cover classification performance.
Then possible normalization methods, further evaluated in this study, include
the PolSAR mosaic correction using the normalization ratio B rl calculated:
Method 1)

at the whole extent of the mosaiced scenes;

Method 2)

only from the overlapping areas between the mosaiced scenes;

Method 3)

using only those pixels from the overlapping areas, where a dominating scattering mechanism is preserved [41]. This ensures that
pixels that significantly changed their backscattering signature are
excluded from calculation. The corresponding powers of the scattering mechanisms can be provided by incoherent PolSAR decompositions, considering the primarily natural-media composition
of the imaged area.
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2.2.2 Forest parameter retrieval with multi-parametric and interferometric SAR
Here, several methods useful in retrieval of forest parameters, namely forest stem
volume and tree height, are discussed, along with the need for further development justified. Important modifications of inversion procedures for forest stem
volume and forest tree height retrieval suggested in Paper III and Paper V are
presented.
2.2.2.1 Forest stem volume estimation with multitemporal SAR
Analysis of SAR backscatter aimed at establishing a relation between forest stem
0

volume and
is performed using the semi-empirical boreal forest model [151].
This model was originally developed for shorter wavelengths, and was primarily
intended for interpreting SAR backscatter at C-band [152]. However, due to a
relatively weak double-bounce backscattering mechanism in taiga forest due to
the forest floor [66], [75], [85], [94], the model was found to give satisfactory results also at L-band [75], [76]. Moreover, it inherently captures the nonlinearity
between the SAR backscatter and forest stem volume (or above ground biomass),
thus being comparable to other empirical and semi-empirical methods [30].
This model itself was originally introduced in [151]. The model assumes a relatively homogeneous forest canopy within a forest stand (or compartment); the
forest canopy backscatter is described as a function of stem volume and volumetric vegetation moisture [75], [152]. The general expression for backscatter from a
forest stand with stem volume V takes the following form:
0
model

C1
1 e 2C2V
2C2

C3e 2C2V ,

(2.14)

where the first additive term represents the backscattering component of the forest
canopy and the second part is the backscattering contribution from the ground.
Model (2.14) was originally developed for X- and C-band, where coefficients C1 ,

C2 ,

and

C 3 had an actual physical meaning. C1 and C 2 are related to the

volumetric water content of forest canopy in terms of water cloud model [153] and
represent the effective volume scattering coefficient and the effective forest canopy extinction coefficient, respectively, while C 3 represents backscatter from the
ground. At L-band, these coefficients are considered empirical, and should be
estimated from the training (reference) data and SAR data. An alternative formulation of the model, making it somewhat easier to provide an interpretation, was
given in, e.g., [85]:
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0
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(2.15)

,

0
gr denote backscatter from the vegetation and ground respec-

is an empirical coefficient.

Then, on the first step of inversion, the model training is performed using nonlinear least-squares fitting for available N training forest stands:
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i 1

denotes measured backscattering coefficient spatially averaged

over the i-th training forest stand.
On the second step, the model inversion for the j-th stand with backscattering
0
coefficient
j , meas , and stand-wise stem volume estimation for the total test site
area is performed as:

1

V j , model

0
veg
0
veg

ln

0
j , meas
0
gr

.

(2.17)

However, in, e.g., [85], [95] fitting was performed using the forward model in the
manner given by (2.16). On the other hand, when using the inverted model (2.17)
in the fitting procedure, it becomes possible to avoid some of the drawbacks,
associated with inversion of the model fitted by (2.15). In particular, this can help
with the difficulty of estimating stem volume for some stands, where
0
j , meas
0
j , meas

0
veg , or producing negative stem volume estimates under
0
gr . Then, as presented in Paper III, the parameters of model (2.17)

are estimated using nonlinear least-squares optimization in the following manner:
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Vi Vi,model

0
i ,meas

, ,

0
veg ,

0
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.

(2.18)

However, it still might be that estimates of stem volume go negative. In this case,
a simple decision is to mask out these areas as non-forested areas, and to set the
stem volume level for them to zero.
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Fitting the inverted model might lead to somewhat suboptimal results when using estimated parameters in the forward model in order to explain the behavior of
backscattered signal, but our goal here is to develop a reliable stem volume retrieval approach.
One possible way of exploiting multitemporal information is to perform multitemporal averaging. A considerable benefit of such multitemporal averaging is
speckle reduction [154]. This is expected to work well if the acquisition geometry is
the same in the processed multitemporal stack. This can be considered the most
straightforward way, and was applied in, e.g., [86]. With this idea in mind, it makes
sense to evaluate performance of the inversion approach (2.18) using such an
averaged product. As it concerns linearly combining different polarization channels
in multi-polarization imagery, the speckle reduction persists [155], but physical
justification for use of the described inversion process becomes less clear.
Another way to take advantage of several available SAR scenes, as was implemented in Paper III, is to use them in a multiple regression approach, using the
stem volume estimate from each particular scene as an independent variable.
Then final estimation of stem volume based on k SAR images will be a linear
combination of stem volume estimates from each individual SAR image. The expression for the optimal regressor takes the following form:

Vj
where

Vj

L1V j , est

L2 .

(2.19)

is an optimal estimate of stem volume of j-th forest stand, V j ,est is a

vector of length k of stem volume estimates of the same j-th stand from k individual SAR images according to (2.17)-(2.18). Parameter L 2 is required to compensate for systematic bias, expected due to non-accounted scattering mechanisms
in model (2.15), e.g., the missing contribution from ground-trunk interaction. Regression parameters

L1

and

L2

are obtained at the training stage by solving the

optimization problem in the least squares sense:

Lˆ1 , Lˆ2

arg min
L1 ,L2

N

Vi

L1Vi,est

L2

2

.

(2.20)

i 1

These multiple regression coefficients are calculated using stem volume estimates
inverted using a training dataset. Then the multiple regression coefficients obtained will be used for combining stem volume estimates inverted using (2.17)
from the validation dataset. The basic flowchart of the overall training and inversion approach for stem volume retrieval is shown in Figure 2.4, and roughly corresponds to the operational scenario one might normally expect.
Accuracy of forest stand volume estimation is traditionally evaluated in terms of
root mean square error (RMSE), given by
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N

RMSE

(Vi,meas Vi ,est ) 2

N ,

(2.21)

i 1

Vi,meas and Vi,est are the measured and estimated stem volume for i -th
stand, and N is the number of stands. In case forest stands vary strongly in size,
where

area-weighted RMSE might be used for interpretation. In this approach, the deviations of individual forest stands are weighted by the respective stand areas, and
divided by the overall area before taking the square root:
N

RMSE

(Vi ,meas Vi ,est ) 2 Si

Si

Si ,

(2.22)

i 1

i 1

where

N

is the area of i -th stand.

Figure 2.4. Flowchart of the forest stem volume retrieval approach (Paper III).
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2.2.2.2 Forest parameter retrieval using SAR interferometry
In order to include ground phase from the reference DEM into RVoG based forest
height retrieval, the LIDAR measured DEM and CHM were transferred to slant
range coordinates by using E-SAR range and azimuth geocoding tables. The
missing pixels in slant range maps were recovered by two-dimensional interpolation. The ground phase 0 can be represented in terms of the SAR vertical wavenumber

kz

and terrain elevation
0

where

hf

and

h DEM

as

k z ( h DEM

kz

4

(2.23)

is a parameter describing the interferometric measure-

ment. It depends on the radar wavelength

kz

f ,

f are unknown constants, unique for each interferogram. The

vertical wavenumber
difference
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( sin( ))

, incidence angle

and incidence

measurements

as

interferometric
1

. Note that this parameter varies along the range and

hf

depends on the actual flight tracks. The two unknown constants
were recovered by fitting the DEM-generated ground phase
measured ground phase

and

f

0 with the SAR-

in open areas in the least squares sense, assuming

that they should coincide. The open areas were chosen by a simple emprirical
coherence value threshold (
0 .97 ), and appropriate parameters were obtained as a solution to the optimization problem:
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e
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,

(2.24)

f

The obtained values were further used to produce a ground phase 0 estimate
for the entire test site using (2.23). The derived ground phase estimate was in
good agreement with interferometric SAR phase in open areas and the assumption is that it also produces a good estimate for theoretical ground phase inside the
forest canopy where radar signals do not reach ground level.
Further, the SPC height and forest extinction are analyzed with respect to
reference topographic phase according to the RVoG model. RVoG is a simple
model for describing interferometric coherence as a function of the following parameters of random volume layer: layer height or thickness, ground location, extinction coefficient, and ground reflection contribution. It assumes the presence of
a uniformly dense layer that is characterized by mean wave extinction in the canopy, ignores the coherence drop due to independent double-bounce (ground-
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volume reflection) contributions, and neglects higher-order ground-volume interactions. Stated simply, the model calculates the balance between the polarized
ground reflection and random canopy reflection as a function of random volume
parameters. The RVoG model states that the polarization dependent complex

( )

coherence
for a volume above the ground can be modeled as in [108] and
is presented here as found in [118]:

( )
where

h

ei
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is the height of the volume layer,
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1

1

,

0 is the ground phase,

ground-to-volume amplitude ratio parameter, and

(2.25)

M

is the

V is the volume decorrelation,

i.e., the complex coherence affected exclusively by decorrelation of the random
volume. The ground-to-volume amplitude ratio M is related to the ground contribution parameter m , and is often used in the RVoG model as
m
M
e h m . The volume decorrelation V is calculated as
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(2.26)

vertical wavenumber, describing the measurement system.
is defined by the mean extinction

and local incidence angle

. The model (2.25) clearly consists of two main parts: volume decorrelation and
ground contribution. If we assume that the ground phase
coherence phase

0 and the measured

are known, we can calculate the phase

0

that is introduced solely by the canopy. Here, temporal decorrelation was neglected for L-band repeat pass and X-band single-pass acquisitions.
In Paper V, RVoG was used as a study framework and a basis for an algorithm
development aimed at simultaneous retrieval of forest tree height and forest extinction. First, the analysis of the SPC location in the forest volume allowed identifying three special boundary cases where RVoG model can be strongly simplified
for easier understanding:
Case 1. The ground contribution is missing, M
0 , and extinction is very
large,

m

. In this case, the phase height can be expressed as

kzh

(see Paper V). SPC is located at the top of the volume layer, i.e., the

backscatter arrives from the top of the canopy and is independent of polarization.
This particular case is related to the Random Volume (RV) model used in [156],
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where the tree crown was described as a random volume with no waves penetrating into the trunk and ground layers, and with all polarizations having the same
penetration depth.
Case 2. The second boundary case appears when the ground reflection is neg-

0 . While this is
m
merely a hypothetical case, it still provides some useful insight to the expected
behavior of the model. Here, the expression for the phase height becomes

ligible,

M

0 , and the canopy extinction is very small,

0 . 5k z h

(see Paper V); SPC is situated halfway within the random vol-

ume.
Case 3. The third distinguishable case is characterized by a significant ground
contribution, M
0 regardless of
0 . In this scenario, the phase height is
forest height and extinction values. This means that when the phase center is
located close to ground, interferometric coherence does not contain significant
information anymore about the volume layer, which is also easy to understand
intuitively.
It should be noted that according to the first two cases, the scattering center
cannot be lower than half of the canopy height when the ground contribution is
negligible or completely missing, regardless of the extinction value. Then, provided
the ground phase

0 is known, both the volume height and the extinction coeffi-

cient can be calculated directly even with single-polarization complex coherence
using the volume decorrelation equation (2.26). Also, the coherence amplitude has

0 . The RVoG
m
model when void of extinction is a non-normalized sinc-function (however, with
only half of the argument). It is equivalent to the polarization-coherencetomography [157], provided that the ground phase is accounted for. The so-called
sinc-approximation can be used to calculate a rough tree height estimate using
only coherence amplitude; however, this usually leads to height overestimation [158].
The three aforementioned boundary cases provide theoretical limits. However,
in practical situations SPC can be located anywhere inside the canopy being only
limited by a certain range of coherence values. Nevertheless, these boundary
cases provide some useful interpretation tools. For example, if the SPC is located
at lower than half of the actual tree height, it could indicate the presence of a
ground reflection contribution according to the RVoG model. Generally, one can
expect the first described boundary case of the RVoG model to be applicable to
densely forested areas at X-band (significant extinction, ground contribution practically absent), and the third case could describe sparse forest at L-band (insignificant extinction along with strong ground contribution). When processing experimental data, it is realistic to expect that the observed backscatter will follow some
intermediate scenario. Finally, the second case can be expected to provide a
rough initial height estimate, primarily for a very high canopy.
Thus, the assumption that the ground contribution is not significant practically
reduces the RVoG model to the random volume decorrelation model (2.26), with

a special interpretation when the canopy is lossless, i.e.
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the exception that the ground phase is accounted for in this representation. Then,
when the ground phase is known, the RV decorrelation model is used to retrieve
both the tree height and extinction coefficient from single-pol InSAR measurements.
However, in order to use this simplified approach, one should develop criteria to
determine areas where ground contribution is so small that it can be neglected.
This was done in Paper V, where both the ground phase and the forest tree
heights were known. Then, for a given complex coherence, the following criteria
can be used to determine whether ground contribution is insignificant:
Criterion 1. SPC is located above half of the tree height. As discussed above
according to the RVoG model, the scattering phase center is always located in the
upper half of the canopy volume when the ground contribution is missing.
Criterion 2. The magnitude of the coherence is larger than the “sincapproximated” value for identical tree heights. According to the previous discussion,
the “sinc-approximated” height overestimation is caused by canopy extinction.
Obviously, the above proposed criteria for selecting areas with insignificant
ground contribution cannot be applied when independent tree height measurements are not available. In Paper V, analysis of LIDAR DEM and CHM against
complex interferometric coherence allowed to select areas with negligible ground
contribution based only on the SPC height and the coherence magnitude. For
example, for X-band it was found that when: 1)
0 . 9 ; and 2) (SPC height) >
(12 m above ground DEM); then the respective areas with no ground contribution
were similar to those obtained using Criteria 1 and 2.
This altogether has led to development of a simple combined approach for forest parameter retrieval (Paper V). For areas with negligible ground contribution,
inversion of model (2.26) was used to provide tree height and extinction estimates.
The obtained average extinction may be then used for the rest of the test site for
inverting the complete RVoG model while retrieving height and ground contribution, or, the RVoG model inversion can be performed with a fixed small ground-tovolume ratio. Generally, inversion that utilizes a fixed ground-to-volume ratio is
expected to provide more stable results since shadowed areas and forest borders
introduce large errors during the complete RVoG model inversion. The RVoG
inversion for tree height is quite insensitive to small values of M , but estimates
for extinction using the same assumptions become unreliable. As for the fixed but
small ground contribution, in the algorithm we let M span from 0.01 to 0.1. However, it should be noted that the numerical values of the inversion process parameters might vary for different SAR measurement and forest type and density configurations. The flowchart of the proposed forest parameter retrieval algorithm is
shown in Figure 2.5.
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Figure 2.5. The proposed forest tree height retrieval algorithm (Paper V).
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3.

Results and discussion

Here, main results reported in Papers I–V are briefly presented and discussed,
along with their implications to routine use of PolSAR data in land cover and forest
mapping.

3.1

Generalized volume scattering model in PolSAR
decompositions

The modified three-component decomposition with suggested GVSM was compared with two other approaches: the conventional three-component FreemanDurden decomposition and the Freeman-Durden decomposition with modification
of the volume scattering model after Yamaguchi et al. [34] (further called as the
Yamaguchi three-component decomposition). No empirical power restrictions as in
[34], [141] were used in evaluation of comparative performance of decompositions, and in case that either Pd or Ps are estimated to be negative they were
clipped to zero.
3.1.1 Qualitative comparison
As an example, the color coded representations of the Freeman-Durden and
GVSM three-component decompositions of the May 2007 PolSAR image of
Kuortane area with 5x5 analyzing window are shown in Figure 3.1. The latter
appears to be less green, with urban and field areas identified more clearly, as the
level of volume scattering power decreased up to 8% for some areas (about 2%
for the whole scene in average). The Yamaguchi three-component decomposition
provided practically the same results (not shown here) as the Freeman-Durden
approach, with less than 3% of the data falling into the dynamic range where
modification of the volume scattering component can be applied (a histogram for
corresponding PolSAR image is shown in Figure 3.2).
As expected, volume scattering was the dominating contribution in the total
backscatter for forested areas. Surface scattering dominated most for agricultural
areas and peatlands. Backscatter for water areas was relatively small, and surface
scattering was identified to be dominating for the majority of water pixels. A good
fit to the surface scattering mechanism can be explained by the presence of wind.
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The double-bounce mechanism was found to be not an important contribution in
boreal forest areas, with high returns obtained mostly in urban areas. Pixel wise
comparison of areas belonging to the urban class was the most challenging, as
averaging influences it most because of the sparse and discontinuous nature of
settlements and the presence of mature trees near summer cottages and singlefamily houses. As a result, volume scattering masks double bounce contribution
for majority of urban class pixels.
Visual inspection shows that use of GVSM for description of the volume scattering contribution practically does not change the qualitative behavior of forested
areas. It mostly affects areas where returns from several contributions are almost
equal (mostly bordering regions and urban areas), and the corrected remainder
covariance matrix can be assigned either double-bounce or surface scattering
mechanism depending on the sign of the HH-VV correlation term.
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Figure 3.1. Color coded representations of decomposed PolSAR image (45
x17.5 km2) over Kuortane acquired in May 2007 using the Freeman-Durden (left)
and GVSM (right) approaches; double-bounce scattering contribution depicted in
red color, volume in green, and surface in blue (Paper I).
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Figure 3.2. Histogram of HH-VV ratio as a function of for the averaged PolSAR
image, averaging window size: 3x3, 5x5, 11x11 (Paper I).
3.1.2 Eigenvalue non-negativity constraint for the remainder covariance
matrix
Although the visual inspection provides some insight into the relative performance
of considered decompositions, it is very important to define some quantitative
criteria for comparison as well. Here, eigenvalue non-negativity criterion from [35]
was used for testing the physical consistency of the covariance matrix decompositions at each decomposition step. If any eigenvalue of the remainder covariance
matrix (once volume contribution was subtracted) is negative, the pixel is considered as ill-posed. Results of calculations for two PolSAR images of Kuortane area,
acquired on November 11, 2006 and May 14, 2007, using various averaging windows, are shown in Table 3.1.
Table 3.1. Percentage of pixels with non-negative PolSAR covariance matrix
eigenvalues for the Kuortane study site (Paper I).

Decomposition method

Averaging window size
3x3

5x5

11x11

25x25

60,16
64,35
69,02

71,87
73,07
81,31

88,51
88,57
96,04

99,02
99,02
99,98

Freeman-Durden
Yamaguchi (3-component)

74,10
77,32

87,23
87,93

98,63
98,64

99,96
99,96

GVSM (3-component)

79,95

91,45

99,31

99,98

May 2007 data set
Freeman-Durden
Yamaguchi (3-component)
GVSM (3-component)
November 2006 data set
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The overwhelming majority of pixels with the ill-posed covariance matrices in both
PolSAR images belong to strongly vegetated areas. Connection between occurrence of negative eigenvalues in the remainder covariance matrix and the high
level of cross-polarized return from vegetation can be further illustrated using the
November 2006 PolSAR image, under frozen conditions in leaf-off season. Here,
percentages of correctly processed pixels are significantly higher for all decomposition approaches.
In both data sets of Table 3.1, the advantage given by using GVSM (2.5) instead of the traditional model in the Freeman-Durden decomposition can be followed. The Yamaguchi modification of the volume scattering model gives intermediate results, with difference between the Freeman-Durden and the Yamaguchi
three-component decompositions exponentially decreasing as the size of averaging window grows.
Let us analyze the way GVSM helped to cure the solution when compared to
the traditional model of randomly oriented thin dipoles in more detail. One reason
is a generally smaller estimate for the volume contribution f v . Another reason is
the presence of multiplier

in equation (2.8), which allowed to subtract more

from the bigger term ( S hh

2

or

S vv

2

), and less from the smaller one,

reducing the probability of either of them becoming negative.
Further, the decrement to

*
S hh S vv

term is also multiplied by the factor of

. Recall that after van Zyl [25], surface scatter is considered dominant if
*
Re S hh S vv

is positive in the remainder covariance matrix. As in areas domi-

nated by surface scattering

was mostly less than one, then backscatter from

the rough surface was easier to identify correctly, as even smaller value was sub* . The same reason worked for the urban areas, dominated
tracted from S hh S vv

by the double-bounce scattering component (

1

*
identification with negative value of Re S hh S vv

.

), thus contributing to better

On the other hand, for the L-band forest area backscatter, where majority of illposed pixels are obtained, HH to VV ratio was higher than one,
1 . It means
that

*
S hh S vv

is decreased more than in the Freeman-Durden decomposition,

as follows from (2.11). It is easy to show using eigenvalue characteristic equation,
that an appropriate criterion from [35] can be formulated as

S hh

2

S vv

2

*
S hh S vv

2

. After subtraction of the volume scattering

contribution, it was observed for majority of pixels in experimental data, that
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*
S hh S vv

2

decreased slightly more than

S hh

2

S vv

2

, which seems to

be one of the main contributing factors.
Note that this solution of the pixel ill-posedness problem when decomposing
PolSAR data is also different from the way adopted in PolSARpro software (pro*
vided by ESA, [136]), where the S hh S vv
term was simply multiplied by the
factor of

S hh

2

S vv

2

*
S hh S vv

2

.

The suggestion that speckle noise is mostly responsible for the occurrence of
negative eigenvalues can be clearly followed, once the number of the ill-posed
pixels is reduced by additional extensive averaging (Table 3.1). It is in line with
results in [27], [159], once again illustrating sensitivity of incoherent target decompositions to presence of speckle, though implemented spatial averaging approach
makes preservation of scattering mechanism more problematic. As the volume
scattering power overestimation is mostly observed in highly vegetated areas, and
extensive averaging decreases resolution for both distributed and concentrated
targets, one might apply state-of-the-art polarimetric filters, e.g. [160], [161], [162],
[163], instead of simple multilooking. However, while preserving resolution for
improved image analysis, especially in urban areas in the context of this study,
these filters were found to give practically no benefit with respect to the eigenvalue
non-negativity criterion for this PolSAR data when compared to simple boxcar
filtering. It means that simple spatial averaging should be preferred if there is no
specific requirement for preserving resolution. One possible application of the
proposed GVSM modification is to use the respective decomposition as a part of
polarimetric filtering algorithms preserving dominating scattering mechanism, like
the one described by Lee et al. [164]. Also, even with very high averaging, some
pixels with covariance matrices not satisfying eigenvalue non-negativity constraints still can be found, which might require some external regularization as was
pinpointed in [35] or adjustment of the HH-VV correlation term as currently implemented in PolSARpro.
Further, a rule-based classification showed that quite good results can be achieved
with summer scene, with forest non-forest mapping overall accuracy reaching 83.42%
with the simple use of scattering mechanism powers (or power ratio).

3.2

Land cover and soil type mapping using PolSAR data

Supervised classification was performed for three polarimetric images acquired
over Kuortane test site using PNN and maximum likelihood classification. The
adopted polarimetric features (Span/H/ /A) were calculated over 5x5 spatially
averaged coherency matrix. Keeping in mind the performed multilooking during
ortho-rectification, the performed amount of averaging is at reasonable level for
practical application [159].
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Using the described sigma fitting approach the value of sigma was set to 0.01
for PNN. The classification performance was relatively stable for an interval 0.01–0.1,
giving quite a broad range of suitable values for sigma parameter of PNN.
3.2.1 Relative performance of the maximum likelihood and PNN-based
classification
PNN outperformed Gaussian maximum likelihood classification on both of the
considered combinations of polarimetric features in practically all of the performed
experiments (see Table 3.2). However, the obtained additional gain in accuracy
appeared to vary and was sometimes very modest, especially in the multi-class
experiments, and also in forest delineation in the late-autumn scene. Aside from
the domination of natural terrain with relatively homogeneous texture over majority
of the study site area, this can be explained by the quite long radar wavelength,
performed multilook processing, and some averaging during calculation of features. It is reasonable to assume that the texture-induced influence to features’
pdfs is decreased with higher amount of averaging, analogously to the similar
effect on the SAR data itself [23]. Note that the multilook effect on the polarimetric
feature values was not corrected here, which can be a further interesting extension of the study keeping in mind the work presented in [165]. The PNN approach
is expected to be of significant utility in complicated non-homogeneous land cover
classes, particularly when SAR imaging is performed at shorter wavelengths.
Then, an additional advantage can be use of appropriate SAR speckle filters [166],
applying differentiated strategies towards filtering based on the scattering mechanisms and local textural and statistical characteristics of PolSAR data.
Table 3.2. Classification summary for different combinations of polarimetric features for PolSAR imagery acquired over the Kuortane study site (Paper IV).

SPAN, ALPHA ANGLE,
ENTROPY, ANISOTROPY

CLASSIFICATION
EXPERIMENT

SPAN, SURFACE SCATTERING
FRACTION, SCATTERING
DIVERSITY, ANISOTROPY

Nov. 2006 March 2007 May 2007 Nov. 2006 March 2007 May 2007
Maximum likelihood
5 classes

79.68

76.70

79.94

79.46

76.30

79.15

forest/non-forest

88.51

85.25

88.74

88.32

84.91

88.07

soil type under vegetation

66.26

58.90

57.06

64.89

58.54

57.05

Probabilistic neural network
5 classes

81.87

78.99

82.65

81.75

78.78

82.58

forest/non-forest

89.35

88.10

90.83

89.18

87.91

90.93

soil type under vegetation

70.03

62.51

58.21

70.18

62.77

58.22
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A comparatively strong improvement provided by PNN was observed in soil type
classification experiments on November and March scenes. Thus, PNN was able
to capture some variation under forest canopy beyond that can be provided by
simple parametric models. In multi-class experiments more detailed visual inspection revealed particular improvements in identification of urban class areas, and
slightly less confusion observed between peatland and agricultural areas.
It should be noted that performance of PNN appears to be crucially dependent
on the choice of training data. If selected training data were not representative
enough, then obtained results could be even worse than when using simple parametrical model, as the latter appears to be more robust in this sense. The problem
can be tackled by increasing the number of training data sets, as it also decreases
influence of outliers on pdf estimation. However, in practical situations the common problem is lack of the training data, and degraded computational performance of the PNN model when number of hidden layer neurons is too big.
Also, when sigma was set a value higher than optimal, the results provided by
PNN tended to be closer to the ML-provided results. This was expected, indicating
that under additional extensive averaging Gaussian model for polarimetric features
is observed more clearly.
3.2.2 Temporal variability of the classification performance
The best classification results in multiclass classification were obtained for the
May 2007 data set, with the overall accuracy of 82.65% (see Table 3.2). The corresponding thematic map is shown in Figure 3.3(a). Kappa coefficient of agreement was 0.62. Table 3.2 shows a detailed picture of classification performance
for different land cover categories. Some mixing occurred particularly between
sparsely forested areas and field (agricultural) areas, fields and peatland, open
bogs and forested peatlands, residential and forested areas. It should be stated,
that the obvious disagreement (as discussed in [167]) was much smaller than that
is apparent from Table 3.2, because of the presence of many land cover classes
exhibiting complicated scattering behavior and an actual need to include the spatial context in the classification. For example, gravel pit areas could qualify both for
open field and peatland areas, construction sites exhibit characteristics of both
urban and open areas, sparsely forested peatlands balance between peatland and
forest classes, not to mention such transitional classes as abandoned fields with
active forest regrowth, that could be assigned both agricultural and forest class
depending on the state of the transition. In the latter case, e.g., training data for
class “forest” included both densely and sparsely forested areas, leading to some
observed confusion between forested and open areas even in forest/non-forest
classification. In this situation, keeping in mind the possibility of application of the
trained classifier over larger spatial area, it is the user’s accuracy that provides a
more reliable identification of the obtained improvement. The same concerns
sparse residential areas present on the study site, as a reference urban class from

59

3. Results and discussion

CLC2006 is essentially a land use class including mature vegetated and flat terrain areas.
In understory soil type determination experiments, higher classification accuracy was obtained for the November scene, followed, with significantly worse performance, by the March scene. It strongly favors frozen state of trees for soil type
monitoring under forest cover under observed environmental conditions [168],
[169], [170], [171]. There, an area with dominating surface scattering contribution
reaches maximum coverage in the November scene, while the late March scene
under 6 °C temperature has already ceased to provide high enough level of the
canopy transmittance, desirable for the soil-type assessment. The worst results
were obtained for May 2007 scene, where the volume scattering contribution dominates most strongly.
These results suggest that selection of the training data should be scene-specific
(or season-dependent), in order to assure best classification results. It obviously
influences sampling strategies during collection of reference data. However, all
maps analyzed in Paper IV (see also Figure 3.3) were produced using the same
training data sets for all the PolSAR scenes in each of the classification set-ups, in
order to perform more objective analysis of relative classification performance.

(a)

(b)

(c)

(a) 5-classes land cover/use map;
(b) forest/non-forest map;
(c) map of soil types (mineral/peatland) under vegetation

Figure 3.3. Classification maps from PolSAR data acquired over Kuortane, with
the highest total accuracies (Paper IV).
Also, in a real classification scenario, rather than in a modeling study, an additional improvement in classification accuracy can be obtained using the prior probabilities of classes [172]. It can be readily incorporated both in the ML and PNN-based
approaches. This a priori information can be obtained, e.g., from coarse-resolution
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remote sensing instruments, previously performed classification, or existing reference map, if these data are available and there are good reasons to assume that
no major changes occurred in the mapping area.
3.2.3 Inferring soil type properties
Classification results shown in Figure 3.3(c) and Table 3.2 suggest some potential
for inferring soil type at L-band, even with a single PolSAR data-take. Results
were apparently dependent on soil moisture conditions that influence dielectric
permittivity of the matter, with particularly high volumetric soil moisture content in
the forested peatlands. While no ground measurements were performed, complicating more detailed analysis because of the significant polarimetric diversity, best
classification accuracies were obtained for the November dataset as opposed to
earlier results in land cover classification. The better performance of PNN in classification of the November and March scenes suggests that the appropriate pdfs
were suitable to describe variation beyond that modeled by use of Gaussian-type
distribution, for the respective polarimetric features. This suggests possibility of
further improvement, if appropriate statistical analysis is performed for separated
ground contribution in the overall backscatter. In order to separate the ground and
volume contributions over forested areas, one could employ semi-empirical polarization-sensitive forest compensation procedures, or attempt to separate ground
and volume contributions from PolSAR data itself using respective polarimetric
decompositions. Influence of the adopted decision rule approach, utilizing relative
strengths of the basic scattering mechanisms, was comparatively limited, improving classification accuracy by some 2–4% for different values of parameter G in
the decision rule. This can be explained by the fact that still up to 30% of relatively
high and/or dense forest could be found over peatland areas. Also, it is important
to keep in mind the influence of understory vegetation layer on soil type discrimination capability, which is expected to be positive, but hard to assess quantitatively.
It should be also recognized that much better performance for the particular
application of separating different soil types is expected when using multitemporal
approach. The relative dielectric permittivity of soils is primarily dependent upon
volumetric soil moisture content [173], and strong seasonal variation in soil moisture
dynamics is inherently expected for the soil type classes in question. However, such
multitemporal analysis was beyond the scope of this study.
3.2.4 Comparison of the polarimetric feature sets
Substitution of the alpha angle and entropy features by alternative polarimetric
descriptors [174] practically did not influence classification performance. The combination of scattering diversity and surface scattering fraction provided slightly
better results when discriminating water and agricultural areas compared to alphaentropy analysis; the effect in discriminating open bogs and field areas was mixed,
and separation of peatlands and water bodies was slightly worse. Scattering di-
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versity, and, probably, more importantly surface scattering fraction also favored
surface scattering class slightly stronger compared to the alpha-entropy analysis,
giving systematically worse results in forest delineation, and systematically better
results in the understory soil-type mapping. All these results were observed when
combining these polarimetric features with span and anisotropy. To conclude, no
major changes were identified when applying alternative polarimetric features on
the study test site using multitemporal L-band data. This suggests that a significant improvement in computational efficiency can be achieved at practically no
classification accuracy cost by using these alternative parameters, which can be
an important factor once multi-polarization data is collected at an increased volume with future space-borne SAR missions. It also indicates, that polarimetric
SAR as a classification and inversion technique and interpretation tool has
achieved some degree of maturity, offering a richness of possible target descriptors, and requiring careful consideration on what parameters could be useful
in a concrete classification scenario, basing, e.g. on previously obtained results in
similar studies.
3.2.5 PolSAR suitability for wide-area land cover mapping
The obtained classification results in land cover and forest mapping compare
favorably with results provided by other spaceborne medium resolution remote
sensing data. It reveals good potential for producing wide area land cover and
forest maps when PolSAR mosaics, as in Paper II, are used. The recent studies
indicate that forest and non-forest could be separated using medium resolution
satellite data with 80% to 90% overall accuracy. This is valid for the optical, C- and
L-band SAR data even when consecutive image acquisitions are available from
the same location [167], [175]-[181]. This accuracy range was easily reached in
our experiments. The land cover and forest cover classification accuracies range
from 50% to 80% depending on the number of classes [181], [182], [183]. While
the high classification accuracy of 82.7% achieved for the May 2007 scene can be
explained by the primarily forest-dominated environment, an additional space for
improvement is possible by performing multitemporal PolSAR classification [43].

3.3

Implication of PolSAR mosaic normalization on thematic
mapping

Results of PolSAR mosaicing study are shown in Figure 3.4. Dominating scattering mechanisms (SMs) were identified using the three-component decomposition
(see Paper I) and a simple rule-based approach, with some SM considered dominant if its power accounts for more than 50% of TP in an analyzed resolution cell.
The mixed category of pixels appeared to be relatively small and was not used in
computing normalization ratios. The implemented approaches allowed obtaining
visibly more homogeneous PolSAR data representations when compared to the
initial non-corrected mosaic, see Figure 3.4(b),(e).
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It is interesting to note that the use of the different model-based decompositions
[26], [34], [Paper I] had practically no influence on the pixels’ assigned dominating
scattering mechanism. It can be explained by the simplicity of the adopted decision rule and the composition of the land cover classes in the scene, mostly characterized by a mixture of volume and surface scattering. Majority of pixels in the
overlapping areas were found to preserve their dominant SM, despite, e.g., the
actual change in snow wetness. Use of total power with preservation of dominating SM allowed excluding pixels demonstrating strong seasonal change (e.g.
jammed ice in the north of the mosaic transferring to open water areas). Some
residual imbalance in the south-eastern scene can be explained by influence of
the relatively mountainous area in the overlapping area between left- and rightorbit scenes.
Classification results for both combinations of the polarimetric mosaic along
with corresponding normalized versions are collected in Table 3.3, both for multiclass and forest-nonforest classification, with three polarimetric seam-hiding approaches used to correct the mosaic.
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(a) Reference land
cover/use map: bluewater; brown – peat
land; light green –
sparse forest; dark
green – dense forest;
yellow – other.
© SYKE

(b) Pauli RGB representations of the PolSAR
mosaic without seam-hiding:
(left image) near-range data on top,
(right image) far-range data on top.
HH-VV is depicted in red, HV in green, HH+VV
in blue. © JAXA and METI 2007.

(c) Color-coded composite of the PolSAR
mosaic:
red – double-bounce,
green – volume,
blue – surface
contributions to TP.

(d) Enlarged fragments
of the mosaic: (up)
original; (down) normalized. Color legend
follows (a).
© JAXA and METI
2007.

(e) Pauli RGB representation of the PolSAR
mosaic after seam-hiding procedure, normalization strategy after Method 3 is used:
(left image) near-range data on top,
(right image) far-range data on top.
HH-VV is depicted in red, HV in green, HH+VV
in blue. © JAXA and METI 2007.

(f) Result of supervised
classification from
PolSAR mosaic shown
in (e), right. Color
legend follows (a).

Figure 3.4. Land cover mapping from fully polarimetric SAR mosaic produced
from ALOS PALSAR data acquired over Saariselkä (Paper II).
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Table 3.3. Results of PolSAR mosaic based land cover classification of the
Saariselkä study site, with the overall accuracy estimates given both for multiclass and forest-nonforest (in brackets) classification (Paper II).
Original

Method 1

Method 2

Method 3

Target decomposition +
Wishart + labeling

61.4%
(79.2%)

63.3%
(81.0%)

63.9%
(82.1%)

64.6%
(83.4%)

Supervised Wishart

63.1%
(81.4%)

65.1%
(83.7%)

65.6%
(84.5%)

66.7%
(85.9%)

Mosaic 1, Figure 3.4(b)(e), left

Mosaic 2, Figure 3.4.(b)(e), right
Target decomposition +
Wishart + labeling

64.4%
(83.0%)

65.6%
(84.2%)

65.9%
(84.4%)

67.2%
(86.1%)

Supervised Wishart

66.4%
(85.1%)

68.1%
(87.0%)

67.7%
(86.4%)

69.5%
(88.8%)

In supervised Wishart classification a total of 24 training sets covering the whole
area of the mosaic were used, representing about 14 thousand out of more than 8
million available pixels. As expected, the supervised classification has provided
better classification results, though the difference appeared to be not very significant compared to the unsupervised approach, and generally heavily dependent on
the choice of training data. The obtained results emphasize an important role of
the total power in PolSAR data classification, often neglected when using pure
target model based decompositions, as well as some statistical classification approaches utilizing selected polarimetric features. Application of the proposed polarimetric seam-hiding allowed increasing classification accuracy by some 2.8–
3.6%, with the best results obtained for the PolSAR mosaic normalization strategy
employing Method 3. While these results need further validation in different natural or semi-natural environments, they provide a good insight into what can be
expected from polarimetric seam-hiding approaches suggested in Paper II.
As for the relatively low overall classification accuracy, it can be considered the
best one attainable under the given seasonal conditions taking into account the
multitemporal nature of the mosaic, as well as the original nature of the reference
data. Moreover, it is generally difficult to associate available ecological classes to
the obtained radar target classifier [50]. For example, the difference in definition of
sparse and dense forests is quite technical (percentage of canopy cover and tree
height thresholds), and can be hard to capture adequately by radar. Kappa coefficients of agreement [184] were from fair to moderate in all the performed classifications. An additional gain in accuracy of about 3% was achieved when a straightforward water detection based on total backscattered power was utilized, as, e.g.,
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in [185], allowing circumventing the confusion between peat land and watered
areas.
It is also interesting to note the difference in classification performance of the
two versions of the mosaic. In overlapping areas mostly densely and sparsely
forested areas were dominating, and the far-range PolSAR data demonstrated
slightly higher sensitivity to presence of vegetation than near-range. For the near
range data the observed higher confusion between forested and open areas is
explained by the higher incidence angle and generally high penetration through
canopy at L-band. It resulted in overall higher accuracies for the given land cover
composition when far-range areas were used.

3.4

Robust SAR-based forest stem volume retrieval

3.4.1 General model fitting performance
The model fitting performance is illustrated in Figure 3.5. It shows the results both
of the forward model fitting (2.16) and of the inverted model fitting (2.18) along
with the models predictions for the training dataset using SAR image acquired
over Kuortane on June 27, 2007, HH-polarization. When fitting model (2.15) to the
0
0
8.3 dB
training data, the estimated parameters were veg
5.8 dB, gr
and

0.031 , while use of model (2.17) resulted in a slightly broader dynamic

range and less curved exponent:

0
veg

4.6

dB,

0
gr

9.1

dB and

0.011 . Similar behavior is generally expected for the validation dataset as
well, provided that the training dataset is representative enough.
Visual inspection of Figure 3.5 shows that there were a number of forest stands
for which stem volume prediction was not possible, analogously to the situation
described in [95]. These stands were the ones that had backscatter values outside
0
0
the dynamic range
gr ... veg . They are shown with zero stem volume on Xaxis in Figure 3.5(c). While this situation is not acceptable in an operational scenario, one possible solution is to set some predefined value for all such stands that
exhibit backscatter higher than the backscatter that could be estimated by the
model [94]. That value could be, e.g., the maximum stem volume for a stand from
the training dataset, or an apparent saturation point value. When using fitting of
the inverted model, no such problem occurred, see Figure 3.5(d), though the inverted model predictions of backscatter seem to agree less well. Visual inspection
of Figure 3.5 also confirms a systematic bias toward lower estimates noted in [95]
when model (2.15) was used. On the other hand, one can observe a bias towards
overestimation of stands with a stem volume lower than 100 m 3/ha when model
(2.17) was used in fitting the data. Thus, the main benefit of using the described
approach is in avoiding ill-posed results when performing the model inversion.
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Both co-polarized (HH) and cross-polarized (HV) channels produced quite similar
results. This is in agreement with results reported in, e.g., [89]. As cross-polarized
backscatter is determined by volume scattering from forest canopy, it can be expected to be better correlated to components of the canopy. However, the level of
HV-channel amplitude correlation to stem volume appeared to be higher only for
the Kuortane test site, and RMSE figures did not differ greatly between polarizations. Over the Heinävesi area with more mature forest stands, the HH-channel
was giving relatively better results. For both test sites, the increase of L-band
backscatter with increasing forest stem volume saturates somewhere close to
150–200 m 3/ha, as also supported by earlier investigations [71], [73], [89], [95].

(a)
(b)
(c),(d)

(a)

(b)

(c)

(d)

training stands data along with models obtained using the training dataset; red
denotes model fitting (2.16), and blue denotes model fitting (2.18);
training stands data along with predicted values of stem volume from backscatter
for models (2.15), in red, and (2.17), in blue;
scatterplots illustrating agreement between predicted and measured stem volume
from the training dataset using fitting (2.16) and (2.18), respectively.

Figure 3.5. Model fitting performance for SAR image acquired over Kuortane on
27.06.2007, HH-polarization (Paper III).
Practically no saturation was observed for the Kuortane test site with a lower level
of stem volume when cross-validating model predictions against forest inventory
data, as shown in Figure 3.6(a). This can be explained by an almost linear de-
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pendence between stem volume and backscatter in the range of 0–150 m3/ha
when model fitting (2.18) is used. Limiting analysis only to those forest stands
where stem volume is between 0 and 200 m3/ha gave an improvement of the
correlation and RMSE statistics of the HV-channel. This improvement was not so
clearly notable in the co-polarized HH data. For example, for a multitemporal regression composite over the Heinävesi test site (Table 3.4, HD MT), RMSE improved from 55.9 to 35.6 m3/ha for HV-polarization, while for HH-channel the improvement was from 47.0 to 32.7 m3/ha. The obtained RMSE of about 30% at
stand level indicates a higher suitability of ALOS PALSAR data for mapping lowbiomass forest or monitoring of forests at early stages of forest growth.

(a)

(b)

(a) Kuortane
(b) Heinävesi
Figure 3.6. Scatterplots illustrating agreement between predicted and measured
stem volume using validation sets for both study sites, multiple regression (2.19)
with HH polarization SAR data used (Paper III).
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Table 3.4. Stem volume estimation from dual-pol ALOS PALSAR data acquired
over the Kuortane and Heinävesi study sites (Paper III).
Scene Id
(as in Table 2.1)

Polarization

RMSE,
3
m /ha

RMSE,
%

R

KD1

HH

49.7

52.3

0.5

KD1

HV

41.8

44.0

0.64

KD2

HH

45.2

47.6

0.58

2

KD2

HV

44.4

46.7

0.59

KD3

HH

42.9

45.2

0.62

KD3

HV

42.1

44.3

0.64

<KDi>

HH

42.6

44.8

0.63

<KDi>

HV

41.6

43.8

0.64

KDMT

HH

41.2

43.4

0.65

KDMT

HV

41.3

43.5

0.65

HD1

HH

65.3

59.4

0.44

HD1

HV

66.7

60.6

0.42

HD2

HH
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62.7

0.54

HD2

HV

62.6

56.9

0.49

HD3

HH

47.1

42.8

0.71

HD3

HV

56.7

51.5

0.58

<HDi>

HH

55.5

50.4

0.60

<HDi>

HV

61.3

55.7

0.51

HDMT

HH

47.0

42.7

0.71

HDMT

HV

55.9

50.8

0.59

Comment

ensemble-averaged
SAR imagery
multiple regression

ensemble-averaged
SAR imagery
multiple regression

Use of both ensemble-averaged imagery and multitemporal regression (2.19)
proved to be fruitful, usually improving predictions compared to estimates from
individual SAR images (see Table 3.4). The difference was not great, indicating
that single-image stem volume retrieval might produce equally good results. However, due to high variability between different dates, multitemporal approach
should be favored whenever possible [24],[44],[45]. Inspection of Table 3.4 also
suggests the superiority of the multiple regression employed over inversion of
ensemble-averaged SAR scenes. Though the improvement was relatively limited,
we still expect use of multiple regression of individual predictions (provided by
models trained from individual SAR images) to be promising. A particular benefit
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could be in the use of multi-seasonal data that can provide higher variation in
dynamics of forest backscatter.
Here, as well as in paper III, use of (2.21) in calculating RMSE was justified, as
forest stands were approximately the same size, with only few outliers. When the
forest stands somewhat vary in size, use of spatial area weighting (2.22) is useful.
As it was noted in, e.g., [76], performance of SAR-based estimation over larger
forest stands is better. That was also the case both in Kuortane and Heinävesi, as
area-weighting in RMSE calculation resulted in improved figures in all the cases.
Improvement over the Kuortane test site was very limited, e.g. RMSE for KD1 (HHpol) decreased from 49.7 m3/ha to 49.4 m3/ha, and the best estimate was obtained
for KDMT (HH-pol) as 41.0 m3/ha compared to 41.2 m3/ha when no area weighting
was used. In Heinävesi, the improvement was stronger, e.g., HD1 (HH-pol) improved from 65.3 m3/ha to 57.8 m 3/ha, and in the best case HDMT (HH-pol) improved from 47.0 m 3/ha to 44.4 m3/ha (40.3%). Even better RMSE figures might
2
be reported if area weighting is performed using Si instead of S i in (2.22), however, such weighting strategy should be justified.
3.4.2 Comparison with other stem volume retrieval approaches
The results of this study compare favorably with previous L-band SAR studies in
boreal forest. RMSE-values of 30–65% were reported in [95] depending on the
imaging mode, with a considerable difference observed between different dates
even when the same imaging mode was used. When considering stand-wise stem
volume (or biomass) estimation, one should keep in mind the possibility of aggregating produced stand-wise or pixel-wise estimates to larger units, with the idea of
producing large-area stem volume maps from SAR mosaics with acceptable accuracy. For instance, [94] has reported an RMSE of higher than 40 t/ha between
biomass estimates produced from multitemporal combination of dual-polarization
ALOS PALSAR imagery and ground reference data at 150 m pixel resolution.
However, when aggregated to county level, the relative RMSE was only 12.9 t/ha.
Comparison is also possible with earlier results from Japanese Earth Resources Satellite (JERS) SAR data at L-band, HH-polarization. RMSE of 59.8
m3/ha was obtained in [73] when using a combined multi-date regression approach based on summer scenes at the Ruokolahti study site with stem volume
range of 0 – 360 m3/ha. Testing was performed using point-wise dataset of stem
volume measurements. In the work [76], stem volume was estimated with JERS
imagery from a large region of 1 800 km2 and consisting of 16,000 forest stands
with an average area of 4.5 ha and stem volume range of 0–300 m3/ha. An RMSE
of 56 m3/ha was obtained for stands larger than 10 ha. The error increased rapidly
with decreasing stand size, but any further increase in the stand size had little
effect on the estimation accuracy. In this study, the RMSE was 41.2–47 m3/ha
using multivariate regression in the case of single HH amplitude, but the average
stand size was considerably smaller, 3–4.8 ha depending on the study site. In [85],
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a stand-wise stem volume retrieval RMSE of 25% was reported in the study site in
Sweden, when a long-term series of JERS SAR imagery was used.
It is also interesting to compare the results obtained in the context of stand-wise
stem volume retrieval in boreal forest with optical data. The traditional view is that
optical cloud-free data is generally more suitable for retrieval of forest attributes
than radar data [186]. However, it appears that accuracies achieved in this study
agree well with, or are even superior to, the majority of reported results with optical
data in boreal forest. The relative RMSE obtained range from 44.6% to 82% depending on the type of medium resolution optical data employed (e.g., Landsat,
ASTER) and the particular stem volume estimation approach adopted (e.g. nonlinear multiple regression, neural networks) [187]-[191].
Also, assuming that the SAR-based estimation error is independent of reference
ground data error, the corrected error estimate can be calculated. For example, at
the Kuortane test site, when fixing the conventional forest inventory error at the level
of 23.6 m3/ha, the corrected RMSE is given as

41.2 2

23.6 2

33.8

m3/ha.

While validity of these assumptions should be carefully checked, this indicates
potential of multi-parametric SAR-based estimation in supplementing conventional
stand-wise forest inventory.

3.5

Improved forest parameter retrieval using SAR
interferometry

Here, we evaluate the performance of forest parameter retrieval approach developed in Paper V and briefly reported in Section 2.2.2.2. In the framework of the
suggested RVoG based inversion approach, it was critical to separate areas
where ground contribution to complex interferometric coherency is negligible (and
the RV model can be used), and those areas where ground contribution is considerable and restricted RVoG inversion with fixed ground-to-volume ratio M should
be implemented.
As experimental data acquired over Kirkkonummi included both single-pass InSAR data acquired at X-band, and repeat-pass InSAR data acquired at L-band,
the level of suitability and results obtained differ, and in following are treated in
more detail.
3.5.1 X-band InSAR data processing
At X-band, the condition of insignificance of the ground contribution was satisfied
over large areas in Kirkkonummi, with relationship between SPC and the LIDAR
measured tree height shown in Figure 3.7. Generally, there is a good correlation
between SPC and the reference tree height, with SPC located approximately 25%
lower than the tree top. However, for canopies lower than 10 m in height the good
correlation is lost, and SPC appears to be less than half of the measured tree
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height. This indicates that for tree stands with height below 10 m, X-band coherence typically already contains a significant ground contribution for boreal forests.
According to the presented boundary cases of the RVoG model, SPC for higher
forest is apparently located in the region where ground contribution could be neglected. A further detailed study of the measurements, by also taking into account
the coherence amplitude, indicated that the insignificant ground contribution assumption for the RVoG model was fulfilled for several regions.
For those regions, the inversion of the RV decorrelation model was performed
in order to retrieve both forest height and extinction coefficient. Figure 3.8(a)
shows the distribution of extinction coefficient values retrieved by the described
random volume decorrelation model inversion approach. The histogram shows an
almost normal distribution with the mean value close to 0.4 dB/m, and with the
highest values approaching 0.8 dB/m. Corresponding height values are shown in
Figure 3.8(b), indicating that the forest canopies, for which ground contribution can
be neglected, are mostly over 20 m high, with practically no trees with tree heights
less than 10 m.

The green solid and cyan dashed lines correspond to treetop and half of tree-height locations of the SPC, respectively. One unit on the color bar corresponds to 1000 samples.

Figure 3.7. Relationship between interferometric SPC and LIDAR-measured tree
height at X-band, VV-polarization InSAR data, Kirkkonummi (Paper V).
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(a)

(b)

(a) –histogram of retrieved extinction values;
(b) – histogram of retrieved tree heights.

Figure 3.8. Random volume model inversion results for areas with negligible
ground contribution at X-band, VV-polarization InSAR data, Kirkkonummi (Paper V).
Figure 3.9 shows a pixel by pixel scatterplot between the tree heights retrieved by
the volume decorrelation model (2.17) inversion and the corresponding unfiltered
LIDAR measured tree heights. The correlation is quite good (Pearson’s correlation
coefficient R=0.83) and no systematic error between these two measurements
was noted. This indicates that the insignificant ground contribution assumption for
selected areas at X-band is in good agreement with the observations.

Figure 3.9. Relationship between retrieved tree height and LIDAR-measured tree
height at X-band for areas with negligible ground contribution, VV-polarization
InSAR data, Kirkkonummi (Paper V).
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Encouraged by this good correlation, we implemented a simple two stage inversion scheme for single channel X-band data when the ground DEM is known. The
first stage of the inversion was performed with the volume decorrelation model
(2.26) for areas where the ground contribution was negligible. For the rest of the
forested areas we applied the restricted RVoG model inversion, where the value of
M was set to a small predefined number (M=0.01 in this particular case).
An accuracy analysis was performed between the LIDAR measured CHM and
the tree height estimates obtained from the proposed combined model inversion
approach. The mean extinction coefficient at X-band was estimated to be around
0.4 dB/m, with RMSE = 2.6 m between the obtained InSAR estimates of treetop
height and the reference LIDAR measurements. As the processed area represents
typical mixed boreal forestland with varying density, an additional analysis was
performed on selected homogeneous forest stands, with RMSE approaching
1.5 m. These results are significantly better than the direct interferometric phase
height estimates in, e.g., [123], indicating a high potential of quality for the modelbased inversion method.
3.5.2 L-band InSAR data processing
The observed relation between the interferometric SPC heights and the LIDARmeasured tree heights is shown in Figure 3.10. Optimum correlation between SPC
heights and LIDAR-measured tree heights was obtained using HV polarization.
Variability of the SPC height inside the canopy at L-band was clearly larger than at
X-band, indicating stronger presence of ground contribution. The SPC height was
typically around 50% of the tree height level or just below that. According to the
proposed interpretation based on the RVoG model (Section 2.2.2.2), this cannot
occur without a ground contribution. However, by applying the insignificant ground
contribution criterion, few relatively small areas with a high and dense forest on
steep slopes in the direction of the incident SAR pulse were found to satisfy the
conditions of no-ground contribution. For those areas, the same RV model inversion was performed as for X-band, in order to extract information about the extinction coefficient also at L-band.
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(a)

(b)

(a) – using HV polarization;
(b) – using HH-VV polarization;
The green solid and cyan dashed lines correspond to treetop and half of tree-height locations of
the scattering phase center, respectively. One unit on color bar corresponds to 1000 samples.

Figure 3.10. Relationship between interferometric SPC and LIDAR-measured tree
height at L-band, HH and HH-VV polarizations used, Kirkkonummi (Paper V).
The histogram of extinction coefficient estimates is almost normally distributed as
shown in Figure 3.11(a), indicating a stable inversion, with a mean value of
0.18 dB/m at HV polarization and the highest attainable values near 0.6 dB/m.
Corresponding height values for the same inversion are shown in Figure 3.11(b).

(a)

(b)

(a) –histogram of retrieved extinction values;
(b) – histogram of retrieved tree heights.

Figure 3.11. Random volume model inversion results for areas with negligible
ground contribution at L-band, HV-polarization used, Kirkkonummi (Paper V).
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Figure 3.12 shows the pixel by pixel scatter plots between tree height retrieved by
the volume decorrelation model inversion and LIDAR measured tree height for the
abovementioned polarization combinations. Note the small amount of pixels when
compared to the X-band measurement case. The correlation coefficient is at the
0.77 level for HV (0.79 for HH-VV), and there is no systematic error between these
two measurements. This indicates that the insignificant ground contribution assumption for the RVoG model appears to be in agreement with these relatively few
measurements.

Figure 3.12. Relationship between retrieved tree height and LIDAR-measured tree
height at L-band (HV-pol) for areas with negligible ground contribution (Paper V).
The same simple two stage inversion scheme was implemented for the L-band
HV-polarized measurement (Paper V). The overall height estimation accuracy of
this combined approach was 3.4 m when compared to LIDAR measurements, with
accuracy better than 2.7 m over selected homogeneous regions. When compared
to X-band, the extinction at L-band was relatively low, and appears to be in good
agreement with other known studies [105], [192].
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Conclusions

The work described in this thesis was primarily aimed at developing and improving
techniques for modeling fully polarimetric backscatter from land cover and forest
canopies and retrieving forest cover parameters. Focus was on developing and
applying methods in the boreal forest zone. Primarily L-band spaceborne SAR
data were used, as it was deemed to be an optimal tool for assessment of forest
cover properties in the absence of spaceborne P-band SAR instrument. However,
interferometric SAR coherence at X-band proved to be useful tool for retrieval of
forest parameters in relatively sparse Finnish forest, and, as such, shows promising potential for use in the other areas of boreal forest biome.
Land cover and forest mapping can benefit from accurate yet simple enough
models for interpretation of backscattered signal from terrain. With this idea in
mind, in Paper I a new modeling approach and model-based decomposition was
suggested, showing improved performance with respect to physical validity of
decomposition (physically realizable covariance matrices at each step of decomposition), being quite general to incorporate several previously suggested models,
and successfully tested in Finnish boreal forest. Also a simple rule-based approach was suggested, suitable for initial forest-nonforest stratification in an almost automated manner using ratio of retrieved scattering mechanism powers
with acceptable accuracy.
L-band forest biomass mapping over wide areas requires accurate mosaicing
techniques. Mosaicing of PolSAR data is a step further compared to mosaicing of
single- and dual-pol SAR imagery, and can benefit from advanced inter-calibration
or normalization techniques between neighboring stripes. Though such normalization techniques are not capable to tackle actual change in scattering phenomena
caused by environmental factors, it was shown to improve performance of classification procedures as was demonstrated in Paper II.
High accuracies obtained in general land cover and forest mapping (Paper IV)
indicate potential of PolSAR data to be used as primary or even single data source
for wide-area mapping, e.g. on the basis of normalized PolSAR mosaics. This is
particularly important for intensively cloud-covered areas or polar regions, where
optical imagery acquisition is limited. The revisited probabilistic neural network
approach (Paper IV) proved useful in capturing non-Gaussian behavior of several
polarimetric features, often used in popular PolSAR classification methods. Super-
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vised classification with probabilistic neural network proved to be better particularly
than standard maximum likelihood based approach, though improvement was
relatively limited. The effect is more pronounced over non-homogeneous areas,
and is expected to be much stronger at higher resolution with PolSAR imaging
instruments operating at shorter wavelengths, with higher levels of texture expected.
Promising results were obtained in mapping soil type (mineral soil and peatland) under vegetation at L-band. A composite classification scheme combing
physically motivated rule-based approach followed by ML/PNN classification was
implemented for this purpose. While the possibility of inferring soil properties covered by forest should be further supported by extensive ground measurements,
we were able to establish a relation between soil-type and several polarimetric
features that were previously used in soil moisture mapping. Obviously, there is a
high correlation between soil moisture and soil-type, as well as specific forest tree
species and forest density.
Paper III concentrated on the development of a robust approach to stem volume retrieval at L-band, with particular focus on multitemporal L-band imagery. A
simple semi-empirical model is shown to provide reasonable results also when
applied to relatively small forest stands. Particular problems associated with the
traditional inversion approach were overcome by using the proposed modification
of the model fitting procedure. Multitemporal combination of stem volume estimates obtained from individual SAR scenes proved to be useful and provided
better results compared to using estimates from ensemble-averaged SAR scenes.
While the best accuracies obtained might not be sufficient for operational forest
management, they could be acceptable for making strategic decisions, demonstration and production of large-area forest maps when produced stand-wise standvolume estimates are aggregated into larger units. The approach presented lays
the foundations for producing large-area stem volume maps, both with available
data mosaics from ALOS PALSAR as well as with data from future spaceborne
missions at L-band.
Investigating behavior of InSAR coherence and SPC against reference LIDAR
map in presence of external DEM has allowed developing an effective two-stage
inversion procedure in the framework of the RVoG model. This research is described in Paper V. The inversion approach uses both restricted RVoG and simple
random volume decorrelation inversion to retrieve tree heights, and also delivers
information about the forest extinction. Testing the suggested approach both at Xand L-band using airborne SAR measurements proved suitability of this technique
for forest parameter retrieval. At X-band, the accuracy of forest height retrieval
was close to 1.5 m, showing good potential for application, e.g., in the TanDEM-X
mission.
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5.

Future research

Future research on model-based decompositions should concentrate on further
automation and more stability, as the problem of nonnegative eigenvalues seems
to be quite solved. One more step is to go further from simple powers of scattering
mechanisms to more use of advanced features, such as orientation of scatterers
in some preferred direction. Automatic stratification algorithms yet to be demonstrated can be used in initial coarse classification, which can be further improved.
This is also very important keeping in mind the possibility of utilizing huge volumes
of, e.g., Sentinel-1 data at no cost for users. Also, more effective utilization of
decompositions at different frequencies and different applications should be done:
crops, ice, snow.
Developed approach for stem volume retrieval should be tested at X- and Cbands, also in order to see where artifacts connected with limited dynamic range
of backscattering coefficient still have place.
Algorithm for forest height and extinction retrieval in the boreal forest zone
should be further tested and improved with TanDEM-X bistatic SAR interferometric
data, with some early results already reported in the literature. Also, if forest appears to be nonhomogeneous, an initial stratification or segmentation step can be
applied, based on optical satellite data for different forest species. On the second
step, the proposed two-stage inversion algorithm for retrieval of both forest tree
height and extinction coefficient might be used.
This is in line with a much broader concept of simultaneous synergetic use of
SAR and optical data, which can be done both in physics-based manner, where
some parameters of interest are separately retrieved from optical (forest tree species) and SAR (tree height, soil moisture) data, or by simple aggregation of bands
followed by segmentation/classification algorithm with further labeling. Optimal
ways of fusion of SAR and optical data are yet to be discovered and this area of
research needs much more attention.
Also, in order to effectively capitalize on frequent revisiting possibility of new
SAR satellite constellations in land cover and forest mapping, effective multitemporal processing techniques should be developed, capable of forming digital multitemporal signatures for land cover classes that can be further used in multitemporal classification methods.
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Errata
The author regrets following typos appearing in the text of published articles:
1.

Paper I, page 3847, third sentence in the second paragraph, symbol of
parameter “ ” is missing. The sentence should be read as “GVSM in the
form (8) with additional degree of freedom provided by the use of
may
be further incorporated in two-component modeling experiments in the
manner of Freeman [13].”

2.

Paper IV, page 4, Figure 2: the word “North” on the right hand side of
Figure 2(e) doesn’t belong there and should be ignored.
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