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Equatorial feature mapping presents many obstatedraditional remote sensing
techniques. In addition to characteristic cloud esoand dense vegetation, there are
numerous challenges associated with running grémrtlal operations in remote locations.
Dual-band, interferometric synthetic aperture rg@BINnSAR) technology can provide a
solution to mapping in tropical areas. By combinilogv- and high-frequency SAR,
DBINSAR provides contrasting views of the groundhéxth the foliage and the surface
features above the terrain. The result is an in&tion-rich dataset that enables efficient
feature extraction and classification. This papesatibes the use of the airborne
GeoSAR system for this purpose, providing an exatian of DBINSAR technology,
examples of feature extraction, and informationudbzurrent efforts to automate the
classification process using GeoSAR data.
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GeoSAR is the world’s only dual-band, dual-sidedgke-pass, airborne, interferometric
synthetic aperture radar (SAR) mapping system. Siiséem was originally designed by
NASA'’s Jet Propulsion Laboratory for wide-areapaine mapping applications [1], and
has been further modified and developed, in coHafan with JPL, since its
commercialization by Fugro in 2003. GeoSAR is usedollect data typically above
12,000 m, at air-speeds of over 400 kts, and dightfpaths extending up to 1,200 km.
The system includes four X-band and four P-bandrards permanently mounted onto a
Gulfstream-l1 jet aircraft, along with a LIDAR pitdr for in-flight, high-density ground
control.

GeoSAR data is acquired day or night at a rateB8fst] km per minute, producing 10-12
km swaths of X- and P-band data from both sideshefaircraft concurrently. High
bandwidth (0.16GHz at both X-band and P-band) psrivst slant-range resolutions of
approximately 1 m with an unweighted aperture. Bipass interferometry employs
fixed, horizontal baselines of 2.6 m at X-band 2@dn at P-band. Four X-band antennas
(two port-looking and two starboard-looking) areunted below the fuselage, while four
P-band antennas are arranged in pods at the vps@Rigure 1).

GeoSAR is designed to support the generation oh tagcuracy (Table 1) digital
elevation models (DEMs) through radar interferometts well as SAR orthophoto
mosaics from both X-band and P-band magnitude dsjaically, missions are flown to
produce observations that overlap by half a swathhy providing increased accuracy



through multiple observations, as well as preventwids in areas of steep terrain.
Standard DEM postings are 3 m at X-band and 5 rR-band. Currently, GeoSAR
transmits and receives on vertical polarizatiorXdiand, interferometrically, in “ping-
pong” and “single-antenna-transmit” modes, effaiv giving some flexibility in
interferometric baseline. GeoSAR P-band interfertoynemploys horizontal polarization,
on transmit and receive; recording vertical pokian on receive provides cross-polar,
HV magnitude imagery. The GeoSAR system will beraggd to full polarimetric
interferometric operation at P-band by the endQff®2

Figure 1. The GeoSAR sensor mounted on the Gulfstreant #ijeraft. P-band antennas
are mounted in pods on the wing tips, while theaxib antennas are mounted below the
wings.

Specifications X-band P-band
Mosaic DEM height accuracy 1-3 m (absolute) 2-5bhs@dute)
('\éosg'/ﬁ dp;?r;m?:gl(): accuracy 2.5 m (absolute) 4m (absolute @ 10 km altitude)
Ground swath width 10-12 km, each side 10-12 kroh eside
Incidence angles 25-60 deg. 25-60 deg.
Polarization A% HH (interferometric) + HV
Bandwidth 160 MHz 160 MHz
Wavelength at center frequency 0.03m 0.85m
Baseline length 26m 20m

Table 1. GeoSAR system parameters. Multi-swath mosaicimyapplication of LIDAR
ground measurements results in considerable impremeover single-swath accuracy.
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X-band (3 cm wavelength) microwaves are attenuaseghificantly by tropical
vegetation, with X-band VV backscatter arising mmdihantly from first-surface
backscatter events. Even tropical vegetation casopre heterogeneous, and gaps in
forest canopies permit X-band energy to penetratdowv depths, albeit at reduced
probability. X-band returns therefore occur mostlgm the upper canopy. Multiple
scattering within the canopy volume influences btitle strength and polarimetric



characteristics of X-band backscatter, but sigaiftcvolume-multipath returns are from
the illuminated vegetation surface closest to #uar. X-band SAR interferometry yields
what can be considered a digital surface map (DSlbeit below the surface of the
vegetation canopy. Shadowing resulting from higaratation at X-band is often a strong
feature and can play a dominant role in determitinegtextural SAR image properties.

Figure 2. GeoSAR observation of an area of tropical foresbm top left, clockwise:
orthorectified X-band backscatter image, X-band D$Mand DTM, P-band backscatter
image (lower left).

At P-band (90 cm wavelength), vegetation attennaBogreatly reduced, and the energy
of the P-band wave is able to penetrate to groemdll Significant returns arise from
ground-volume interactions at P-band, wherein mvenee energy is reflected forward
from the ground and onto the vegetation beforedyenattered back to the radar. Trees
with large, tall stems yield a strong “dihedral’ognd-stem interaction that can be
spatially concentrated in a focused SAR imageefuhderlying terrain is relatively flat.
Leaves and small branches attenuate P-band radiatieome extent, but, because of the
longer wavelength, P-band energy is scattered gnbgtlarger plant structures, such as
tree stems and primary branches. The orientatibferge branches therefore affects the
polarimetric signature, and the P-band HV/HH rato be influenced by tree species and
age [2,3,4]. Direct-volume returns arising from &wbranches can lift the P-band
interferometric height slightly, however, the P-lanterferometric height is generally a
good indicator of ground height. As such, the GeBI#BINSAR system is able to map
the ground below the tropical forest canopy, praugyi@ digital terrain map (DTM) at P-
band. In addition the difference between X-band Brshnd interferometric heights can
be directly related to tree heights [5,6,7], anddutd recover the above-ground biomass
of tropical forests [8] (Figure 3).

* *

We describe here the general approach to terrassification using GeoSAR data.
Limitations of the conference paper format restiiiet number of examples that we can



publish here, and the presentation will include esal examples of classifications
achieved with GeoSAR data. The strategy adoptedefoain classification is “object-

oriented”, which is to say it employs a segmentatechnique that divides images into
statistically homogeneous regions, and bases tlagdnclassification on the internal
properties of those regions in the GeoSAR data.

Figure 3. X-band SAR interferometry produces a digital suefacap with phase center
somewhere below the top of a forest canopy. At Rdbground-volume interactions
dominate and interferometry yields a near-earthsphlaeight. The difference can be
related to vegetation height, and subsequentlyetber to the above-ground forest
biomass.

The classification process is multi-stage and lkeugiith the orthorectified X- and P-band
magnitude data and the registered X- and P-band O&isl Information is carried in the
GeoSAR magnitude data, and in the difference betwke X-band DSM and P-band
DTM heights, which difference serves as a “surregaegetation height. Thus an initial
stage in the classification is to calculate thisghe difference. Some filtering of the
height difference image is required since staadlijnegative DEM differences can arise
in regions of low P-band RCS, such as water or singoth bare soil surfaces. As a result
of reduced signal to noise, the P-band DTM hagghdri associated uncertainty than the
X-band DSM, and at the same time, correspondsheight close to the X-band DSM.
Such events may also observed regions of pronouageder, and in shadow regions.

Other layers may be created for input into the cbpeiented analysis. For example, in
high resolution P-band imagery, individual trees discernible within oil palm and other
plantations. Analysis of the spectrum of spatiaqtrencies in high resolution P-band
imagery permits recognition of plantation structur& “plantation filter” may be applied
to the P-band magnitude image to provide an irgoyer for the classification process. An
example of this will be presented at the confereAseanother example, if required, we
might use the DTM and imaging geometry to producghadow map for single-view
imagery that can help reduce confusion betweennaaid shadow classes.

Having created the surrogate height image, and#piother input layer, the joint imagery
is segmented. We employ a version of the Stabilinedrse Diffusion Equation or SIDE



segmentation algorithm [9]. The X-band, and P-baragjnitude data are combined with
the surrogate height data into a single “span” iemafich retains the information in each
“channel”.

Combination of radar intensity and vegetation heigto a “span” image in a systematic
way presents a conceptual difficulty: how does @ael apples and oranges? The
combination is achieved by re-scaling the distitoubf surrogate vegetation heights to a
theoretical Rayleigh distribution appropriate tmgbe-look magnitude data, and then
summing the normalized X-band, P-band, and vegetdintensities”. In calculating the
“span” image, the three intensity channels are tei such that height differences are
given reduced weighting when X- or P-band inteasitare low, and thus where DEM
heights have larger uncertainties. We are curreinthgstigating how the vector SIDE
algorithm [10] may be adapted to the segmentatfamedghted, multi-valued images.

The segmentation starts at the single pixel leagd)ving larger and larger segments until
the distribution of segment sizes (the number ®élgiin a segment) achieves a certain
property. This distribution is “diffusive” in nater it starts with all segments of size 1,
and “diffuses” towards the single segment end paiiie process is currently halted
when the mean segment size increases above andérshold. This threshold is smaller
than the typical feature size that we wish to dfgs#\n optional stage in the initial
segmentation, specified at run-time, is the mergihgegions below a certain size with
their neighbors. This optional stage may or mayhbetlesirable, since it can mask fine
features such as individual trees in a forest. H@wefor plantation identification, it is
desirable for a final segment to correspond tgolhated area and to contain within it the
many individual tree signatures in the magnituda.da

The span image is input to the segmentation algaoritwhich outputs the image
segmentation as region and boundary (raster) pstglin a given format. The calculation
of the surrogate vegetation height, the “span” iejagnd the segmentation are all
implemented in C-code and are ready for incorponaitito any new prototype classifier.
Control of the stages is provided in the form af-time parameters.

The segmentation may now be combined with the maigk-band and P-band magnitude
data, and the original surrogate vegetation heiigigige. In so doing, we evaluate the
statistics of each data channel in each segmenexample, we may determine mean X-
band and P-band intensities, and mean surrogatetatem heights by segment. These
values can be used in a hierarchical classificattage. Although the final classifier may
differ between applications, the hierarchical natwill generally be preserved and our
classification software can accommodate chang#®iclassification scheme.

Ultimately, the segmentation is consolidated follogv the classification stage by
merging neighboring segments with the same classnmfurther merges are possible.
Those areas with the desired class above the ddbireshold area then may be recorded
for inclusion in a final topographic line map ate tthreshold area can be translated into
a pixel number using the known pixel dimensions.



Figure 4. Example of terrain classification obtained usiedgSAR DBINSAR data. Top
left: X-band, top right: P-band, middle left: suyede vegetation height, middle right:
segmented span image, lower left: classificatiowelr right: forest biomass estimate.

In the example of Figure 4, we discriminate wated &are-surface classes by applying
thresholds to the X- and P-band intensities. Thet age employs the surrogate
vegetation heights, which are derived from DSM &M data. The distribution of

heights in the surrogate height image is interredjaand used to derive initial class



thresholds. The height distribution yields sevdvalindaries. The lowest is used to
separate a short-vegetation, then a crop/shrub/blads, and the others are used to
separate tall vegetation, or tree/forest classhks. niid-range forest class can be further
separated into mangrove and forest classes byfuke ¥-band / P-band magnitude ratio
in appropriate environments. Examples of mangroxkmantation classifications will be
presented at the conference.

Forest classification is a step towards the quatnté recovery of biomass. Having

identified a forest class segment, an estimateiahass for that area may be achieved
from the combination of mean P-band intensity amdogjate vegetation height [5,6,7].

Initial studies indicate that, using this technigiteshould be possible to map tropical

forest biomass at high resolution, over wide araamg GeoSAR data [8].

*% +

It is worth noting that the success of any clasatfon scheme relies on several factors,
the most important of which is the information camttof the multichannel data available.
It is clear that GeoSAR DBINSAR multichannel datanformation-rich, particularly for
vegetation studies. Of equal importance is the labidity of ground data alongside
observations. This is essential for training andgemance estimation. In some of our
examples, we have relied on other remotely senatbelts to supply truth. For water and
forest/non-forest classification, this is an eryirsatisfactory approach. However, it is
clear that as we begin to further exploit the datd refine classifications, the need for
detailed ground data will become more acute. Iniqdar, we are currently engaged in
studies, both in South America, and in South Easa Adesigned to refine our retrieval of
tropical forest biomass from GeoSAR data. Theserifinvolve extensive ground data
collections, the results of which will be the sudbjef future publications.
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