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changes in case data from various satellite sewuaoe acquired at different dates. At this stage al
contextual information related to neighbouring fBxés used for improving classification algorithm.
The quality of model functioning was tested throdigbion of Landsat TM images and ERS-1 SAR
images for land use classification. The resulttheftesting phase indicate significant improvements
the classification error rates compared to the entignal single-source classifier, increasing olera
classification accuracy over 10 %.

Modification of conventional IHS transformation amttorporation of higher resolution PAN data
instead of intensity band is proposed in the apgrad Chen (Chen et al. 2003). In that appro&eh t
aim is to make fusion of hyperspectral and rad&a,da order to enhance urban surface features. The
authors apply AVIRIS hyperspectral data and TOPSARpographic Synthetic Aperture Radar)
images for this purpose. The technique of datafusbnsists of three stages. At first stage Minimum
Noise Fraction (MNF) transformation is performatdprder to reduce data dimensionality (224 bands
in case of AVIRIS data) and to select adequate mdiarfor RGB colour composite (in terms of image
quality). At next stage, by comparing radar TOPSAfRages with various polarizations (HH, VV,
HV) and with different wavelengths (L-band and GwdplL-band HV TOPSAR image was chosen to
replace the intensity of the IHS-transformed AVIRIiSage. After square root contrast stretching of
the radar L-band HV image the intensity componenteplaced and the IHS-transformed image is
converted to RGB colour space. Such a techniquatlgrenhances possibility of analyzing urban
surface features, revealing differences in surfacghness, which are not visible in hyperspectral
image alone. The images demonstrating usefulnegseahethod proposed in Chen work (Chen et al.
2003) are presented in Figure 36.

The other novel multisensor image fusion algorithmiich extends panchromatic sharpening of
multispectral (MS) data through intensity modulatto the integration of MS and synthetic aperture
radar (SAR) imagery was developed by Alparone #fdpe et al. 2004). “The method relies SAR
texture, extracted by ratioing the despeckled $A&ge to its low-pass approximation. SAR texture
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is used to modulate the generalized intensity @lthe MS image, which is given by a linear
transform extending intensity-hue-saturation tramsf to an arbitrary number of bands. Before
modulation, the Gl is enhanced by injection of hmss details extracted from the available
panchromatic image by means of “a-trous” waveletodgposition. The texture-modulated
panchromatic-sharpened Gl replaces the Gl calaifaben the resampled original MS data. Then, the
inverse transform is applied to obtain the fusioondpct. Experimental results are presented on
Landsat-7 Enhanced Thematic Mapper Plus and ER8ellite images of an urban area. The results
demonstrate accurate spectral preservation of agktegions, bare soil and also on textured areas
(buildings and road network) where SAR texture linfation enhances the fusion product which can
be usefully applied for both visual and classifizatpurposes”.

The results of ETM+ and ERS-2 fusion, achieved ipafone work (Alparone et al. 2004) are
presented in Figure 37.

FUSED IMAGE

Figure 37. Image Fusion between ERS-2 and Landsat ETM~+

Recently a novel method of data fusion has beepapeel especially for SAR images (Li et al. 2008).
The essence of this method is to create such afdsitan rule which could generate a composite
image containing enhanced target shape charaaterfst improved target recognition. The created
rule projects various data sets collected by nreljiiency radars on to the same spatial-frequency
space. The final fused image can be reconstrugieldiag the inverse 2-D Fourier transform over the
separated multiple integration areas. In orderaiodact such a complicated integration process the
algorithm called the Matrix Fourier Transform wamgosed. This algorithm can serve as an exact
interpolation which ensures that there is no infation loss caused by data fusion. The most criucial
this method is to select properly the rotation eentin order to register with high accuracy the
multiple images before performing the fusion. Whka image attribute rating curve between the
fused image and the spatially averaged imagesngpared the improvement in the detected target
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features can be quantified. The data-level fuseneals considerable improvement while comparing
to a simple spatial averaging algorithm and themsfiyances target recognition.

New method of fusion of optical and SAR imagerydatision level has been prepared recently by
Waske (Waske et al. 2008). At this method two d&ts are subjected to separate segmentation,
creating independent aggregation levels at diftesmales. Each level corresponding to individual
sensors is then preclassified using technique cc&lgpport Vector Machine (SVM). The original
outputs of each SVM, i.e., images which demonsttia¢edistances of the pixels to the hyperplane
fitted by the SVM, are then applied in a decisiongess of fusion in order to determine the final
classes. The essence of fusion approach lies licappn of an additional classifier, which is aieol

in relation to the preclassification results. Twapsoaches, a second SVM and random forests (RF),
which are based on training the same classifieresampled input data, were tested for the decision
fusion. The results were compared with the appregobn SVM and RF are utilized to the full data
set without preclassification. The general condusis that both the integration of multilevel
information and the use of multisensor imageryeaase the overall accuracy. The proposed decision
fusion approach that applies RF to the preclassifin is superior to all other approaches.

The comprehensive overview of various techniquesiusr data fusion, including their evaluation
and performance, was done in Karathanassi workaflanassi et al., 2007). The following methods
most encountered in the literature were discussedhis work: intensity-hue-saturation (IHS)
transform, the Brovey transform, the principal comgnts algorithm (PCA) fusion method, the Gram-
Schmidt fusion method, the local mean matching oebthhe local mean and variance matching
method, the least square fusion method, the desaxaivelet fusion method including Daubechies,
Symlet, Coiflet, biorthogonal spline, reverse Hiogonal spline, and Meyer wavelets, the wavelet-
PCA fusion method, and the crossbred IHS and wav¥aton method. Using various evaluation
indicators such as two-dimensional correlationatreé difference of means, relative variation,
deviation index, entropy difference, peak signahtise ratio index and universal image quality
index, as well as photo-interpretation methods @atiniques, results of the above fusion methods
were compared and comments on the fusion methodspatential of evaluation indicators were
made. Among data fusion methods and indicatorsidbal mean and variance matching methods
proved the most efficient and the peak signal-ts@oatio indicator proved the most appropriate for
the evaluation of data fusion results.

Various approaches are used for classifying alrdfadgd optical/SAR images. One of the most
promising methods is announced in the Gamba wdslesnpa et al. 2001). The authors used in their
works suitable neural classification algorithm,ddhen the use of Adaptive Resonance Theory (ART)
networks, which is applied to the fusion and classion of optical and SAR urban images. ART
networks provide a flexible tool for classificatiobut are ruled by a large humber of parameters.
Therefore, the simplified ART2-A algorithm is prageml, and the neural approach is integrated into a
classification chain where fuzzy clustering for gieg of classes is also considered. The interaction
between the two methods leads to encouraging sesuless computer time than classification with
fuzzy clustering alone or other classical unsuiged/approaches (ISODATA).

One of the most important aspects in using fusejes is the quality of products generated from the
combined optical/SAR data. In order to evaluatepprly the quality of fused products one must use
different quality measurements: confusion matripleggl to fused / non-fused products, geometric
localization errors, etc. (Spigai et al. 2005). Tesults of quality assessment indicate that fused
optical / SAR data, while used for agricultural gn@cognition and road extraction, are superior to
both types of data utilized alone. Some other qtaive measures considering spatial charactesisti
of fused image: bias of the mean, bias of the magacorrelation coefficient, root mean squarererro
IQM (Image Quality Measure) were explored in Acerbiworks (Acerbi-Jr et al. 2005]). The
applicability of these measures to images, whichewased with the use of different methods, was
evaluated.

There are several application-oriented approachesé multi-source datasets, composed from optical
remote sensing images and microwave SAR imagergrder to derive information on land cover
type or surface phenomena. Among them methods aatnegbplication of fused optical and SAR data
for agriculture are of primary interest. One offisuch applications, described by Moran (Moran et
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al., 1997) was aimed at use of combined multi-fexgpy microwave and optical images for crop
management. Two types of data were utilized irs #pproach: multispectral airborne images
collected in visible, near and thermal infrareddmras well as synthetic aperture radar (SAR) image
registered in the Ku (14.85 GHz) and C (5.3 GHa)dsa The images covered an agricultural site
composed of large fields of partial-cover cottoeamfull cover alfalfa, and bare soil fields of yiaig
roughness. Results showed that the SAR Ku badksaatefficient (Ku band ) was sensitive to soil
moisture conditions when vegetation was presenteWpoil roughness conditions were relatively
similar (e.g. for cotton fields of similar row daton and for alfalfa fields), Ku banglwas sensitive to
the fraction of the surface covered by vegetatidmder these conditions, the Ku basmdnd optical
normalized difference vegetation index (NDVI) wagenerally correlated. The SAR C backscatter
coefficient (C-bands) was found to be sensitive to soil moisture ctods for cotton fields with
green area index (GLAI) less than 1.0 and for &ffields with GLAI nearly 2.0. For both low-GLAI
cotton and alfalfa, C-band was correlated with measurements of surface teatyrer (T). A
theoretical basis for the relations between C-bamatid T; was presented and supported with on-site
measurements.
The methods of applying combined microwave andcaptiata for monitoring soil moisture and crop
parameters were also developed in Poland (Dabreéistmska et al. 2007). The aims of these
works were:
« to extract the consistent information on soil maistand vegetation growth conditions over
agricultural regions from NOAA/AVHRR and from ENVAS ASAR
« to examine in which stage of vegetation developntieatbackscattering signal of ASAR is
affected by soil moisture and vegetation, whicheigresented by LAI index under different
beam polarizations and different incidence angles
« to examine possibility if simple vegetation indexlaulated from optical data and
evapotranspiration can be the indicator of vegatatoughness and soil moisture influencing
the radar signal.
Therefore, the water-cloud model has been usedt@mimLeaf Area Index and soil moisture values
through inversion. The ground-based measurementoibfmoisture, Leaf Area Index (LAI) and
biomass were collected at nearly the same datsataellite observations. The NOAA/AVHRR data
were used for calculating NDVI and surface tempegatfrom which the soil moisture index and LAl
were estimated. The ENVISAT ASAR data were use@dtmate LAl and soil moisture under a
specific crop type and crop structure. A good datien between NDVI, LAl and IS6 VV signatures
was found, as well as between soil moisture andHBZignatures. Also, the inversion of the water-
cloud model allowed to calculate LAI and the sodisture with good accuracy.
Synergy of multitemporal SAR and optical data foil-segetation studies was investigated, using
statistical methods based on analysis of probghiknsity functions (Notarnicola et al., 2007). d'w
different approaches, both based on a Bayesiamithlgp have been analyzed in these works.. In the
first approach, the probability density functiom{phas been calculated considering a model foe bar
soil - the Integral Equation Model (IEM). Subsedqiethe pdfs have been modified with information
derived from Landsat optical images (Vegetation &vaZontent — VWC) in order to correct soil
moisture values for the presence of vegetatiothénsecond approach, a model suitable for vegetated
fields has been used to calculate the pdfs. Thelteeof the two approaches have been compared
indicating that the correction introduced in thdsphy the optical images is more efficient for the
extraction of soil and vegetation parameters arneraegne lower inversion errors for L band data. For
C band data, the use of model suited for vegetasomore appropriate. As a last part, the pdf
correlation with vegetation parameters was inseirtegn empirical approach aiming at determining
soil variations by using L band multi-temporal data
Another approach, presented by Moghaddam (Moghadetaal. 2002) is based on precise co-
registering of radar and optical images and onyapgluniform algorithm to estimate forest variables
The algorithm utilizes multi-dimensional featureasp, which is created with the use of backscatjerin
coefficient values, derived from microwave data agftbctance values, derived from optical Landsat
TM images. The non-linear optimization algorithmsaapplied to estimate forest variables, primarily
foliage biomass, using regression model. The tesfilthe works revealed, that using both radar and
optical remote sensing images in such a unifiednesion algorithm, it is possible to improve
significantly the estimates for foliage mass, ewath the use of regression analysis based on a smal
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dataset. The root mean square error (RMSE) in shenated foliage mass values was reduced by a
factor of two compared to the case where only Landkta were used in the same estimation
approach.

9. Potential of multi-frequency and full-polarimetric approaches

Early applications of microwave data were relatedhe use of radar instruments mounted on the
ground constructions or on the board of aircrafte Tnstruments were usually equipped with multi-
frequency and multi-polarization radar signal. Thhest commonly used frequencies were: Ka —
(35.25 GHz), Ku — (15.95 GHz), X — (9.6 GHz), C5:76 GHz) and L — (1.26 GHz). Also all
combinations of horizontal (H) and vertical (V) pokations — HH, HV, VV and VH were tested,
alongside with different incidence angles. Firgutes of research works were reported by Champion
(Champion, 1996, Champion et al. 2000). The worksenwconcentrated on two directions. First of
them was aimed at modeling of radar backscatterawificient over a bare soil, taking into account
variations of the signal with incidence angle, freqcy and polarization. The prepared model
reproduced correctly the observed variations of théar signal with incidence angle and soll
moisture. Parameters of the model varied with feegy and polarization. The inversion of the model
allowed to retrieve soil moisture with precision2ff per cent of the value at C-band and at HV and
HH polarizations.

Second direction of Champion works was aimed ati-sanpirical modeling of crop radar response.
Two types of crops were taken into considerationhis work: wheat and sorghum. Results of the
works confirm that structure of crop (height, dénssize of vegetation components) and the radar
characteristics (wavelength, polarization, inciderangle) play a symmetrical role in determining
backscattering coefficient. Wave and crop both rdgtee (a) relative weight of vegetation and soll
scattering in the radar response, (b) the attemuaind scattering properties of vegetation andh)
backscattering level of the soil.. The preparedisanpirical model is valid for wide range of Leaf
Area Index (LAI) variations of crop canopy.

Similar works, utilizing multi-frequency and muftblarization radar data were carried out for other
types of crops, for instance for rice fields (Inoeteal. 2002). The objective of this study was to
investigate the interaction between microwave beatter signatures and rice canopy growth
variables, as well as to provide definite insigiibithe interaction between backscatter and vagatat
based on comprehensive data set collected undentfee crop conditions of paddy rice (background
is water surface). The data consisted of daily rowave backscattering coefficients at all
combinations of five frequencies (Ka, Ku, X, C dtd all polarization (HH, VH, HV and VV), and
four incident angles (2535, 45 and 55) for the entire rice crop period, from before splantation
until post harvest cultivation. A wide range ofmilaariables, such as leaf area index (LAI), a lsiesm

of the whole plant and plant parts were measureiddieally throughout the season. Analyses based
on statistical correlation and a simple backscaitecess model (the water cloud model) showed that
LAl was best correlated with HH- and cross-polai@aof the C-band, while fresh biomass was best
correlated with HH- and cross-polarization of L-dafontrarily, the higher frequency bands (Ka, Ku
and X) were poorly correlated with LAI and bioma§ke weight of heads (ultimately the grain yield)
was highly correlated with the backscattering domfht of the Ka- and Ku- bands, while the others
were poorly correlated. The simple scattering pssanodel can be applicable for C- and L-bands in
rice canopies, while it may not be suitable for ldad Ku-bands. In the prepared model, LAl was a
better canopy descriptor for the C-band, whileltbesh biomass was a better canopy descriptor for
the L-band.

In parallel to ground-based and airborne-based rarpats research works based on satellite
microwave data developed, according to the laurickatellites with radar systems on board. First
works determining potential of multi-frequency Syetic Aperture Radar (SAR) data in estimating

vegetation biomass were conducted in late nin¢Rafoscia, 1998, Paloscia et al., 1999). Data from
two satellites were used in these works: EuropeRS8-E and Japanese JERS-1. The sensitivity of
backscattering coefficient, measured by ERS-1 aBRS3I1 radars, to vegetation biomass was
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analyzed and compared with the best results adhiesmg airborne polarimetric JPL-AIRSAR data.
Experimental results show that measurements wWiRSJE L-band and ERS-1 C-band provide the
means for detecting vegetation growth. In partigulae C-band of ERS radar was found to be very
well correlated to forest woody volume.

The researchers also presented an empirical appraacestimating leaf area index from multi-
frequency SAR data. The analysis of multi-frequeaag multi-polarization SIR-C/X-SAR Shuttle
images and AIRSAR data, collected over agricultfieddis revealed a correlation between the L -band
backscattering coefficient and the leaf area inofegertain types of crops (wheat, alfalfa, sunflowe
sorghum and corn). Since the C - and P -bands lae sensitive to vegetation biomass, the
backscattering coefficient at P -, L - and C -baals been related to a volumetric leaf area index (
the leaf area index multiplied by the average khatkness) normalized to the wave number. This
relationship has been used to estimate the leafiagex from multi-frequency SAR data.
Multi-frequency SAR data were also applied in Pdldor inferring the effect of plant and soil
variables on C- and L-band backscatter over agurll fields (Dabrowska-Zielinska et al., 2007).
The goal of this study was to extract from duagifrency satellite SAR signatures consistent
information about soil moisture and about varioeatdires of plants for analyzing crop growth
conditions in any agricultural region. During aedlite overpass on a particular date the grounadbas
measurements such as soil moisture (SM), Leaf Ardex (LAI) and biomass were collected. The
backscattering coefficients at various frequenaiese acquired from ERS-2 SAR (C-VV) and from
JERS-SAR (L-HH) sensors. The applicability of 3feliént vegetation descriptors to the semi-
empirical water-cloud model was investigated. Toetigbution to the backscatter values of vegetation
features such as leaf area expressed in the Leaf lAdex and the dielectric properties of leafaef
expressed in the Leaf Water Area Index (LWAI) ahé tegetation Water Mass (VWM) was
examined in order to reveal the best fit of the atoll was found, that in C-band, which has incken
angle of 28, the soil moisture contribution to the sigma valms predominant over the vegetation
contribution. When the canopy cover increases,stesitivity of radar signal to dry soil conditions
(SM<0.1) decreases. The sigma value was the maosttive to vegetation descriptor VWM, which
described amount of water in vegetation. Attenumatbsoil signal by the canopy was found in all 3
vegetation types - the strongest attenuation effastobserved in the case of VWM. In L-band (where
the incidence angle was $%he dominant signal comes from volume scattenhgegetation for
LAI>3. When LAI<3 the vegetation contribution to ethtotal ° value appeared in two-way
attenuation.

Application of multi-polarization images for cropaognition was another subject of research works in
Poland (Stankiewicz, 2006). The aim of this studswo assess the efficiency of crop classification
based on microwave Advanced Synthetic Aperture RGRIBAR) images acquired from ENVISAT-1.
Investigations were conducted during two conseeutirowing seasons, in 2003 and 2004. The agro-
meteorological conditions during the selected semgthffered markedly, with induced year-to-year
variations regarding the relevant characteristitscrop canopy. Multi-temporal series of ASAR
alternating polarization images were used for differentiation. Classification was performed using
a neural network classifier trained separatelyefich year. Field observation conducted in the weste
part of Poland supplied datasets for training, daglon and testing of the classifier. The most
important conclusions from these works can be sumzetas follows:

* Recognition of rape, sugar beets, corn, alfalfa@rédals is possible with adequate accuracy,
but is highly dependent on acquisition data andtemain condition, primarily on sail
moisture

» Selection of images collected with various polér@ss is crucial for crop recognition

» Large angle of incidence of microwave beam is faable for crop recognition.

Research works aimed at separation of broad legfsc(sugar beets, sunflower) from narrow-leaf
crops (wheat, alfalfa) with the use of data regitein L and C bands were conducted in Italy
(Ferrazzoli et. al. 1994, Macelloni et al. 2001)e$e works revealed sensitivity of backscatteritg d
derived from L- and C-band images to crop biomasktheir potential for classification of the stutlie
crops. The results obtained in the course of thesd®s have been extended through comparison to
data sets obtained from multi-polarization ENVISABAR sensor at C-band (Paloscia et al. 2006).
Experiments were conducted on an agricultural aneain a mountainous area, The effect of different
types of vegetation on the radar signal was poiotgd as well as the sensitivity to soil moistuke.
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discrete element model based on the radiative femtiseory was used to correct the backscattering
data for the effect of vegetation biomass.

Some more theoretical research works aimed at matga of optimal methods for classification of
SAR imagery were also developed since multifrequesied multi-look polarimetric data became
available (Lee et al. 1994). As a result of thesgk&s a maximum likelihood classifier based on
Wishart distribution has been developed, whichbig &0 segment polarimetric SAR data according to
terrain types. This algorithm can be both appleechulti-frequency multi-look polarimetric SAR data,
as well as to SAR data containing only intensitjoimation. A procedure is then developed for
unsupervised classification.

Another approach for classification of fully polaetric SAR images is proposed at Frery work (Frery
et al., 2007). In this approach spatial contextictvhis relevant in order to obtain good resultshwit
noisy data, is described by means of the multicRaits model, and an iterated conditional modes
classification algorithm that employs pseudoliketil is proposed. The data are described using
multivariate Gaussian laws and fully multilook pahaetric distributions arising from the
multiplicative model. L-band, C-band, and both lmndre used to assess the influence of
dimensionality on the classification. Contextual gmointwise maximum-likelihood classifications
were considered in the course of the research w&&sults show that both context and number of
frequencies contribute for better classificationdurcts, and that, a careful statistical descriptibthe
data leads to improved results.

Some detailed applications of polarimetric SAR dfda agriculture have been also investigated
(McNarin et al. 2007). Using Spaceborne ImagingldkaC-band data researchers examined the
sensitivity of linear polarizations and polarimetparameters to conditions present on agricultural
fields at the period of pre-planting and post-hatv&he polarimetric parameters investigated inetld
circular polarized backscatter, pedestal heighpaa+ized phase differences (PPD). Results indicate
that the dominant scattering mechanism from thietgsfvaries depending on the type and amount of
the residue cover, and whether the crop had bemedtad. Crop parameters most sensitive to volume
and multiple scattering perform best at charadtegithese surface conditions. These parameters are
the pedestal height, as well as the linear crosrigation (HV) and the circular co-polarizationRR

The co-polarization signature plots and standakdatien associated with the PPD are also useful in
categorizing these cover types.

Agricultural applications of SAR images dominatedtihe recent research works, but other uses of
these data were also extensively studied. Roadatixtn from high-resolution, multi-aspect SAR data
was one of the investigated topics (Dell Acqua le2@03, Hedman et al. 2007). Automatic road
extraction from synthetic aperture radar (SAR) iesgs regarded as a complicated task. Due to the
side-looking geometry of SAR, shadow- and layovésets often occlude roads in urban- and forestry
areas. By illuminating the scene from differentedtions (e.g. multi-aspect images), these effeets a
reduced. But multi-aspect SAR images contain difieinformation and extracted information is not
only redundant and complementary, in some cases ewatradictory. Hence, multi-aspect SAR
images require a careful selection within the fasitep. In the recent research works procedures for
automatic road extraction procedure developed iftgless SAR images are extended towards multi-
aspect SAR images through fusion approach baseldeoBayesian probability theory. Before fusion,
the uncertainty of each extracted line segmengsessed by means of predefined probability funstion
learned from training data. As prior informatiotglgal context is incorporated. Results of the works
indicate that synergistic use of multi-aspect SAdRadapplying fusion approach, can improve road
extraction from urban areas significantly.

Extensive research works were also conducted iardaldetermine applicability of SAR images to
forest studies. Some researchers (Durden el a9, I&Bauhan et al., 1991, Thirion et al. 2006) have
prepared coherent scattering models applied toelbetromagnetic study of the backscattering by
forested areas (e.g. COSMO model). These modele wilely tested over temperate and tropical
forests, using different radar frequencies (from t®-L-band) and were applied to radiometry,
polarimetry and interferometry. More detailed reskavorks aimed at application of radar imagery
for forest management were also conducted (Sa&chR007). In these works multi-frequency
polarimetric synthetic aperture radar (SAR) imagese applied to estimate the distribution of forest
biomass and canopy fuel loads. Semi-empirical &lgos were developed to estimate crown and stem
biomass and three major fuel load parameters, yarhetanopy fuel weight; 2) canopy bulk density;
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and 3) foliage moisture content. These estimatégnwompared directly to measurements made at
plot and stand levels and, when partitioned int&l faad classes, provided more than 85% accuracy.
Specifically, the radar-generated fuel parametezsevin good agreement with the field-based fuel

measurements, resulting in high coefficients oédwaination.

10. SAR future prospectus and future mission

Nowadays, high resolution and current geospati&drination with global access and coverage
becomes increasingly important. SAR satellites plagajor role in this undertaking, since SAR is the
only spaceborne sensor that has all-weather, dadyniht, high resolution imaging capability.
Polarimetric SAR is considered one of the ideal SgyRtems, which include multi-frequency and
multi-polarization possibilities. The number of anals providing information is decided by the
combination of these parameters. Before ideal jpotdric SAR system will be available, there is
middle step of multi-channel SAR, for instance, tirequencies of L- and C-band, dual polarization
of HH and VV (giving 4 channel information).

At present we approach a new stage of SAR instrtsndavelopment: a few medium-resolution
systems are going to be replaced by sophisticatetermesolution, polarimetric systems. Some
satellites will allow for innovative orbit configations. These new features of SAR systems will
contribute to development of novel applications anprovement of the existing ones.

Full information about scheduled launches of newtelk®s can be found at
http://www.itc.nl/research/products/sensordb/Laur@thedule.aspx

The most important of them are as follows.

A new Public Private Partnership between Astriumb®&nand DLR (Infoterra GmbH responsible for
commercial marketing of the data) agreed the nession ofTanDEM-X — the unique twin satellite
constellation. fittp://www.infoterra.de/terrasar-x/tandem-x-misskaml;
http://www.dIr.de/hr/en/desktopdefault.aspx/tabB12/3669_read-548BMNext TerraSAR-X will be
launched in 2009. The new satellite will be veryitar to its predecessor. The TanDEM-X satellites
will provide data for the generation of the Digitalevation Models (DEM) at an unprecedented
accuracy, coverage and quality. A consistent DEMhef Earth’s land surface is envisaged to be
acquired and generated within three years afterclau

TerraSAR-X will terminate its services presumably 2012. Shortly afterwards its successor
TerraSAR-X-2 would be placed in orbit to continbe tmission of imaging the Earth in microwave
radiation.

As part of the Global Monitoring for EnvironmentdaBecurity (GMES) programme European Space
Agency (ESA) is undertaking the development of aogean Radar Observatory Sentinel-1, a
European polar orbiting satellte system for the ntcwation of SAR operational
applications fittp://www.esa.int/esaL P/'SEMZHMODUSE _LPgmes_0.htihhe satellite is expected
to be launched in 2011. Sentinel -1 is an imagipgtisetic Aperture Radar mission at C-band. It will
be placed in a near-polar sunsynchronous orbit wifl? repeat cycle and 175 orbits per cycle. The
revisit will be improved in comparison with its 8unner (ERS, Envisat). The satellite will revibi
Arctic environment areas every day and the remaiafithe world every six day or better.
SAR sensor will operate in four operational modes:

e Stripmap Mode (SM) with 80 km swath angbmeter resolution

« Interferometric Wideswath Mode (IW) with 250 km giva5<20 metre spatial resolution and

burst synchronization for interferometry.

« Extra-Wide Swath Mode (EW) with 400 km swath and B meter spatial resolution.

«  Wave Mode (WV), sampled image mode with low data esd %20 meter spatial resolution.
Sentinel-1 will have selectable single polarizatfgw or HH) for the Wave Mode and selectable dual
polarization (VV+VH or HH+HV) for all other models.
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The Canadian Space Agency and McDonald, Dettwileks&ociates Ltd. (MDA) plan to launch the
next Radarsat satellite two years after Radarséh@Radarsat-3 mission would have a life span of 7
years and would collect highly detailed digitaldmhation, especially of the Polar Regions. It Wil
equipped with the same type of SAR imager as iliesl on its predecessor and the two satellites
would be operated in a tandem missidritg//www.spaceandtech.com/digest/sd2001-08/sd2391
010.shtm)

The Brazilian-GermaMAPSAR (M ulti-Application PurposeSAR) mission is a proposal for a light
and innovative L-band SAR sensor, based on INPEa&ignal Space Research Institute) Multi-
Mission Platform (MMP) littp://www.inpe.br/ingles/news/news_dest12.php
http://elib.dIr.de/43957/01/EUSAR_2006_MAPSAR_papéf). The main objectives of this small
satellite mission are the assessment, managemeémhamitoring of natural resources. The mission is
currently investigated by INPE and DLR. The apgiitity of the sensor system was investigated for
cartography, forestry, geology, geomorphology, bialyy, agriculture, disaster management,
oceanography, urban studies and security. The SARos will be innovative with respect to overall
mass, size and performance. System operation iscteghin 2010. The established specifications of
MAPSAR are:

e Frequency: L-band

» Polarization: Single, dual and quad
* Incidence Interval: 20° - 45°

e Spatial Resolution: 3 — 20 meters

* Swath: 20 — 55 km

e Orbit Inclination: Sun-synchronous

« Coverage: Global

e Look Direction: Ascending/descending
* Reuvisit: Weekly

» Data Access: Near real time

* Additional Requirement: Stereoscopy and Interfextiyn

In 2007 ESA has undertaken airborne radar campaiggupport of the candidate Earth Explorer
BIOMASS mission. fittp://www.esa.int/esaL P/ SEMFCJ9RR1F_index_0.jffile main purpose of
the BIOMASS mission, currently envisaged as a Rdtspaceborne Synthetic Aperture Radar (SAR)
satellite, will be to provide consistent globalimsttes of forest biomass, forest disturbance and re
growth. The key sensor on the BIOMASS mission isray-wavelength radar, which can measure
both forest biomass and forest height. Besides rtta@n objective of the mission as better
understanding and quantification of land contribitio global carbon cycle, additional objectives ar
related to opportunity for spaceborne P-band SARgEs: mapping subsurface structures, especially
in polar regions, and mapping subsurface geomooglyah arid zones. Now, this space mission has
been selected to go to the next stage developroentatinch in 2016. Final decision on build and
launch is expected in 2010

In general upcoming spaceborne SARs need to be ecoonpact, lighter, and more flexible in terms of
operating configurations and parameters (e.g.,uBqy, polarization, etc.). Furthermore current
known spaceborne SARS do not operate in the Ku-lmamt P-band frequencies because of the
technical challenges. Overcoming these challengea technically feasible manner seems to be
important in the near future.
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http://earth.esa.int/ersfinformation related to ERS-1 and 2 satellites
http://envisat.esa.int/information related to ENVISAT satellite
http://earth.esa.int/fringe2005tonference on interferometry organized by ES2005
http://earth.esa.int/polinsartonferences on PoISAR organized by ESA in 200852and 2007
http://earth.esa.int/services/besBEST software tools
http://earth.esa.int/polsarpre/ PoISARpro v3.0 software
Other relevant web sites:
http://www.ietr.org/Equipes/SAPHIR/saphir.htmi S.A.P.H.I.LR group at the Rennes Institute of &tedcs and
Telecommunications (IETR)
http://home.dei.polimi.it/monti/sar/index.him SAR group at the Dipartimento di Elettronicanéofrmazione (Politecnico di
Milano ).
http://www.cv.tu-berlin.de/rat/index.phpRAT software
http://www.gamma-rs.ch/gamma.htmGamma SAR and Interferometry Software
http://www.sarmap.ch SARscape package for ENV
Ihttp://www.asf.alaska.edu/Alaska Satellite Facility (ASF)
http://www.treuropa.comy Tele-Rilevamento Europa T.R.E company (PSInSARmeldyy).
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