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Abstract

This thesis evaluates the potential for using line of sight returns and return signals
from underneath a forest canopy using X-band, airborne synthetic aperture radar
(SAR) tomography. Approximately 30% of the Earth’s land surface is covered
by vegetation, therefore global digital elevation models (DEMs) contain a signal
from the forest canopy and not the ground. By uncovering new techniques to find
the ground signals, using data collected from airborne platforms as verification,
such procedures could be applied to currently operational and future X-band,
spaceborne systems with the aim of resolving much of the vegetation bias on an
international scale.

Data from three sources is presented; data collected from Selex ES’s SAR
systems, the GOTCHA dataset and simulated data. Before carrying out
tomography it is shown that SAR interferometry (InSAR) can successfully be
applied to X-band, helicopter data. A scatterer defined as a candidate persistent
scatterer (CPS) is introduced, where the pixels are stable and coherent over a
matter of days. An algorithm for selecting CPSs is developed by exploiting
sparsity and a novel choice of hard thresholding operator. Using simulated
forestry and SAR information the effects of changing input parameters on the
outcome of the tomographic profile is analysed.

What is found in this study is that model simulations demonstrate that ground
points can be detected if the platform motion is relatively stable and that
temporal decorrelation over the forest volume is kept to a minimal. An
understory can confuse the tomographic profile since less line of sight
observations can be made. By combining line of sight observations alongside
new tomography techniques on high resolution SAR data this thesis shows it is
possible to detect ground scatterers, even at X-band.
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Lay Abstract

Synthetic aperture radar (SAR) is a type of radar that creates high resolution
images of the Earth. Interferometry is a technique that uses multiple SAR
images to measure heights on the Earth’s surface, enabling high-resolution
digital elevation models (DEMs) to be produced. DEMs give accurate
measurements of height on the ground and are particularly useful in geoscience
for mapping topography and monitoring environmental phenomena such as
landslides and earthquakes.

Currently satellites are used to produce DEMs as they provide global coverage
and the data is relatively cheap. One issue that needs accounted for when
producing DEMs from interferometry is that in areas of dense vegetation DEMs
do not give an accurate description of the ground height but instead give the
height of the tree canopy.

This research aims to aid in overcoming this issue by developing exciting new
techniques using airborne data that can later be applied to spaceborne systems,
allowing heights of objects under the canopy to be measured. By overcoming the
vegetation bias the DEMs produced will become more reliable can to be used for
a wider range of applications.
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Chapter 1

Introduction and Literature Review

Approximately 30% of the land surface is covered by forests and many other
parts of the globe have vegetation layers. Comparatively recent global Digital
Elevation Models (DEMs) produced from synthetic aperture radar (SAR) data,
such as the Shuttle Radar Topography Mission (SRTM) [1] and Tandem-X [2],
actually produce digital surface models (DSMs) instead of DEMs due to this
vegetation coverage, as the short wavelength microwaves used do not fully
penetrate the canopy. This is termed vegetation "bias" for the purposes of this
thesis. Supplementary data that would help account for this bias, and correct the
DEMs, are typically not widely available in most of the forested parts of the
world [3]. Figure 1.1 shows an image of the normalised difference vegetation
index globally. This is essentially a map of the error contained within these
global DEMs.

The aim of this thesis is to analyse the capability for retrieving ground
surface signals from under a forest canopy at high spatial resolution and at
X-band to aid in producing DEMs instead of DSMs. This thesis uses airborne
SAR data and simulations to analyse the practicality of detecting ground
scatterers below a forest canopy for future X-band, spaceborne tomography
missions. The task addressed in this thesis is to determine under what
conditions it might be possible to find stable and coherent scatterers below the
forest canopy using X-band SAR data, from which ground heights might be
determined. Even if the conditions under which this can be achieved are
exceedingly rare, irregular sampling of ground heights would be a ground
breaking advance if it could be achieved by satellite-borne X-band radar. Figure
1.2 shows an optical image captured from a UAV of a dense forest in Cambodia,
illustrating that there are still occasional instances where ground is visible even
in the most dense forests. In 2019 the global ecosystem dynamics investigation
lidar (GEDI) will be placed on the International Space Station (ISS) with the aim
of providing high resolution observations of vertical forest structure [4],
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FIGURE 1.1: Normalised difference vegetation index (NDVI) from
November 2007 to December 2007. Higher values (darker green)
represent more leafy vegetation. This global vegetation is essentially
an error plot for global DEMs due to the signal reflecting from the

vegetation and not the ground surface. Image credit: NASA.

however GEDI will still not provide global coverage, only spanning +/- 51
degrees. If one ground point every hectare could be detected, this would
outperform the forthcoming GEDI Lidar mission (not least because it would
provide global coverage) but would also be significantly more economic that
trying to achieve the same coverage by field measurement of airborne Lidar
survey. X-band SAR can typically achieve very high resolution (<2m) meaning
that there may be more pixels that contain signals originating from beneath the
forest canopy.

Ultimately what is found in this study is that model simulations demonstrate
that ground points can be detected if the platform motion is relatively stable and
that temporal decorrelation over the forest volume is kept minimal. By
combining line of sight observations alongside new tomography techniques on
high resolution SAR data this thesis shows it is possible to detect ground
scatterers, even at X-band.

Current methods of detecting heights of scatterers under the forest canopy
include Lidar, P-band SAR and polarimetric SAR interferometry. Presently Lidar
is not a global solution. P-band SAR can determine vertical forest structure but
is difficult from space due to atmospheric disturbances [5]. An objective of the
BIOMASS mission, to be launched in 2020, is to provide consistent global
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FIGURE 1.2: Image of forest in Cambodia illustrating that line of
sight to the ground is still possible even in dense forests. Image

credit: Conservation drones at TED global.

estimates of forest biomass using P-band polarimetric SAR interferometry [6].
Fully polarimetric systems are more difficult to deploy in space due to the extra
constraints on calibration [7].

X-band SAR systems in space (such as TerraSAR-X and Tandem-X [8]) are
operational, mature, robust, and have high resolution. Airborne systems are
conventionally used for algorithm development and technique verification and
are typically non-polarimetric. Two examples of compact, airborne X-band SAR
systems are PicoSAR and AEXAR, developed by Selex ES. By illustrating that
the techniques described in this thesis for detecting ground signals are
successful with helicopter data from PicoSAR and AEXAR the initial step is
made to applying such methods in space. A further advantage of using airborne
systems is that they are becoming more compact and thus are likely in future to
placed on UAVS. This will increase the ability to easily collect data and enhance
subsequent development and verification practices. By assigning the developed
routines to spaceborne systems there is the potential to increase global coverage
of ground extraction under vegetation. Current methods applied to spaceborne,
X-band systems exploit polarisation, such as the technique described in [9]. One
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advantage of the algorithms described in this research is that fully polarimetric
data is not required. As discussed polarimetric systems are more difficult to
deploy in space, therefore to achieve the optimum results from current
spaceborne, X-band systems it is logical to employ single polarisation
approaches to detect ground points under forest volumes.

Synthetic SAR data is produced for this research to easily identify which
parameters have the largest effect on the ability to detect ground scatterers. The
SAR images are simulated to have a temporal separation over the data
collection. The approaches developed in this thesis initially select signals (pixels)
that remain coherent over reasonable time periods within the SAR images. In the
work the algorithms have been applied to cases with small timescales, however
there is no issue in applying the same process to longer timescales as would be
the case for spaceborne systems. These selected signals are simultaneously
focused for maximum accuracy in subsequent processing. Tomography
techniques are applied to the designated pixels within the SAR image stack and
the conditions under which ground points can be detected are analysed.

1.1 Thesis Research and Layout

SAR is a method for gaining high resolution radar images for scenes of interest
and the technique that dates back to the 1950s. To produce a high azimuth
resolution image an unfeasibly large antenna would be required. SAR
overcomes this issue by synthesising a large antenna using a small one mounted
onto a moving platform. SAR interferometry (InSAR) is a procedure for
exploiting the phase differences between pairs of SAR images to produce DEMs.
DEMs are vital for many geoscience applications such as mapping, geophysics
and terrain classification. Persistent scatterer interferometry (PSI) was
developed to overcome the issue of low coherence in pairs of SAR images. PSI
calculates heights on pixels that contain dominant, persistent scatters that are
stable and have a high temporal coherence. Good candidates for PSs are objects
such as buildings and railways. SAR tomography, an extension of InSAR, allows
the user to obtain height information for multiple scatterers located within a
single pixel in a stack of multipass SAR images. SAR tomography exploits a data
stack to produce a synthetic aperture in the elevation direction. This extends the
conventional 2D SAR imaging to 3D.
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A block diagram describing the research carried out is shown in Figure 1.3.
The first block describes the data which is either collected from Selex ES’s SAR
system on a helicopter, taken from the publicly available GOTCHA dataset or
simulated. The data is described in Chapter 2. The data is then processed and
registered to single reference image, this is explained in the literature review later
in this chapter. Candidate persistent scatterers are selected for future processing,
as described in chapter 4. Tomography is carried out to gain a height profile as
described in chapter 5.

If multiple images are used then tomography can be applied. This research
uses a form of compressive sensing tomography to gain height profiles for
multiple scatterers within a single resolution cell, focusing particularly on
vegetation. Since airborne, and in particular helicopter, data contains larger
motion errors only pixels that are coherent and stable over the image stack are
used for tomography as these will provide the best height estimates. These
pixels are defined here as candidate persistent scatterers (CPSs). A novel
technique to select such CPSs and focus them over the image stack by exploiting
sparsity is described. Once the image stack has been registered and the
candidate persistent scatterers selected, tomography is applied to each coherent,
stable pixel. The aim here is not to reconstruct the full tomographic profile but
find the heights of the main scatterers located within a given pixel. For this
research simulated data is used for tomography as there are insufficient passes
to successfully use the helicopter data with the required ambiguity and
resolution in the height dimension. Simulated data allows for analysis of what
will result in successful tomographic profiles. For example many variations of
flight paths can be modelled to determine the most effective combination and
different amounts of motion errors can be added to understand what effect the
motion has on the tomographic outcome. A sensitivity analysis is given for the
effects of typical Selex ES radar system parameters, data collection and forest
layout on the tomographic result. By carrying out a sensitivity analysis for
tomographic outcomes using new, compact SAR sensors placed on platforms
such as helicopters, more options for overcoming the vegetation bias in global
DEMs become available.
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FIGURE 1.3: The processing chain used in this research. The yellow
block describes the data, as outlined in chapter 2. The grey boxes
represent the pre-processing as described in the literature review.
The green box outlines the method described in chapter 4 and the

blue boxes represent chapter 5.

1.2 Terminology

PSs are defined as stable targets over long time periods. In terms of the baselines
of the acquisitions Ferretti et al. [10] states "When, as it often happens, the
dimension of the PS is smaller than the resolution cell, the coherence is good even for
interferograms with baselines larger than the decorrelation one." More currently PSs
are defined as [11] "single dominant point-like scatterers marked by high temporal
coherence across the entire stack" and "by definition a PS is a single dominant scatterer
within a range-azimuth resolution cell." This means that [11] "pixels containing
backscatter of comparable energy from multiple scatterers, which may individually
exhibit point-like behaviour, are rejected."In order to class cells containing more than
one point-like scatterer as a PS, higher order PS analysis must be examined.



1.2. Terminology 7

Ferretti et al. states that [12] "Instead of considering a single scattering centre,
higher-order models including two or more scattering centres within the resolution cell
are adopted (super-resolution framework), thus relaxing the geometrical constraints
imposed to the radar target to behave as a PS."

Coherent scatterers "are characterized by point-like scattering behaviour
(commonly associated with high scattering amplitudes, deterministic phases and high
spectral correlation) and, differently from the PS technique, using a single SAR image"
[13]. They are defined by Schneider et al. [14] as differing from PSs "in the sense
that there is no affirmation of temporal stability involved in their detection."
Polarimetric data can be exploited to detect coherent scatterers [14], or another
approach utilises sublooks [15]. Overall coherent scatterers can be characterised
as persistent scatterers that have a zero temporal separation.

In terms of engineering coherence is defined as a consistency in phase across
the total collection period. Carrara [16] defines SAR coherence requirements as
"the capability to measure the proper relative phase of this Fourier transform at each
sample point requires phase coherence within each pulse. It also requires phase coherence
from pulse to pulse over the collection time needed for azimuth resolution."

Within the scope of this research the airborne data was collected with a
maximum temporal separation of two days. At P-band such short timescales are
negligible, however at X-band two days can have a large effect on the coherence
of scatterers. Scatterers identified as coherent and stable over this short time
period (compared to satellite repeat pass duration) lie somewhere between the
definitions of persistent and coherent scatterers. In order to minimise any
confusion, this thesis introduces the term "candidate persistent scatterer", which
has the same properties as a persistent scatterer but may be identified within
datasets collected on shorter timescales.

Within this research the GOTCHA dataset [17] is used to illustrate the
different methods for detecting stable and coherent scatterers within stacks of
SAR images. The GOTCHA dataset contains eight acquisitions collected within
a day and provides good training data as the flight paths are well defined and
scatterers in the scene are a result of bright, stable and coherent objects. These
objects consist mainly of parked cars and corner reflectors located within a flat
car park. Over the period of data collection the cars are stationary and thus can
be defined as CPSs. However if data were to be collected over the same scene on
longer timescales it is unlikely that the cars would remain in the same location.
This is why candidate PSs are used to define the scatterers discussed in this
thesis and not simply PSs.
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Coherent scatterers are identified using polarisation, however the CPSs
defined here do not exploit fully polarimetric datasets. CPSs are defined here to
include resolution cells in which there can be more than one point-like scatterer,
as long as the backscattered signal is coherent and stable over the image stack,
across the baselines of acquisitions. In this way, the term encompasses scatterers
over a broader range of conditions than either "persistent" or "coherent".

1.3 Literature Review

The following sections provide a literature review for this thesis. Since this is a
cross-disciplinary work the literature review has been split into three categories:
a geoscience section, an engineering section and a section relevant to the work
carried out at Selex ES. Two key influences for this work were Izzawatti et al.
and Kelly et al., both from different disciplines. The method for selecting CPSs
are inspired from work carried out by Kelly et al. in [18, 19, 20, 21], where the
authors exploit sparsity to reconstruct SAR images. One of the main X-band
InSAR studies of forest volumes is described by Izzawatti et al., [7]. The authors
analyse how parameters such as tree shape, density, tree height, incidence angle
and ground slope impact the heights determined.

1.3.1 Geoscience Literature review

Interferometry

The concept for SAR interferometry dates back to the 1970s however the first
results of the technique applied to geoscience applications were carried out in
1980s [22]. InSAR stems from concepts used in radioastronomy [22]. One of the
aims of this research is to show that interferometry can be successfully carried
out on X-band data collected from a helicopter platform. InSAR is a widely used
technique that measures heights on the Earth’s surface. By collecting two SAR
images from different platform heights the difference in range to the same point
on the ground can be measured producing a DEM. There is a high demand for
extremely high resolution DEMs. DEM implies a simple array of regularly
spaced elevation values referenced to a standard geographic coordinate system
and is used primarily for topographic mapping. The resolution of the final DEM
produced is dependent on the resolution of the initial SAR image pair. DEMs are
extremely useful for many Earth observation applications. Environmental
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agencies use DEMs for applications such as landslide monitoring, flood
modelling and monitoring, detecting subsidence and the monitoring of mining
activities. Satellites are currently used to provide DEMs as they provide global
coverage and the data is relatively cheap compared to Lidar and ground
surveys. A major drawback of satellite SAR imaging is the long time periods
between revisits to sites of interest. These can be on the timescale of months.
This can be overcome by using airborne platforms, which allow for fast revisits
within days or even hours.

There are many applications for InSAR: topographic mapping, urban
mapping, geophysics, forestry, hydrology, glaciology and terrain classification.
InSAR has allowed for missions to provide global DEMs. One such mission was
the Shuttle Radar Tomography Mission (SRTM) developed by NASA in 2000
which provided 90m DEM grids [22]. The newer release of SRTM DEMs provide
30m grids. DLR developed Tandem-X and TerraSAR-X in 2010 to provide global
coverage with 12m gridding and a height accuracy better than 2m.

Data collection for InSAR can be collected from either single pass or repeat
pass acquisitions. Single pass acquisitions do not require as much
pre-processing since the platform motion is the same for both images, as with
atmospheric disturbance. Single pass acquisition is however expensive as it
requires two SAR systems. This research uses repeat pass [23] acquisition.
Figure 1.4 illustrates the difference between single pass and repeat pass
acquisitions.

An extension of InSAR is differential interferometry, again developed by
NASA [24]. Differential InSAR provides difference DEMs. The first
demonstration of difference DEMs was to monitor the Landers earthquake in
California in 1992 [25]. Differential InSAR uses repeat passes with the same
flight path (zero orthogonal baseline) and long time periods (days, months,
years) between data collection. For non-negligible orthogonal baselines
topographic cancellation is required. The sensitivity of differential InSAR is on
the order of cm/year to mm/year making the technique suitable for monitoring
earthquakes, landslides, subsidence and uplift.

This research aims to analyse X-band, airborne tomography over forest
volumes. Initially the data has to be shown to be suitable for InSAR techniques
before moving onto more complex methods. One of the main X-band InSAR
studies of forest volumes is described in [7] where interferometry is applied to
coniferous plantations. The authors analyse how parameters such as tree shape,
density, tree height, incidence angle and ground slope impact the heights
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FIGURE 1.4: (a) Repeat pass acquisition requiring only one radar
system and the time of data collection is separated, t1 6= t2. (b) Single
pass acquisition where the time of data collection is the same, t1 =
t2. Single pass acquisition can be more accurate since the motion
errors present in each image are the same, alongside the atmospheric
disturbance. However single pass acquisition is more expensive as

it requires two SAR systems.

determined. With X-band interferometry the scattering phase centre over
vegetation is high. The main factors that affect the position of this scattering
phase centre is the crown shape, viewing angle, extinction and surface scattering
contributions [25]. For example the crown shape can be modelled as either
conical or ellipsoidal. A forest consisting of conical trees has a more open canopy
compared to that of a forest consisting of ellipsoidal shaped trees, therefore the
scattering phase centre will appear lower over the cone shaped trees.

Coherence and Decorrelation

Two SAR images can be combined, for further use with InSAR or tomography, to
produce a coherence map. The complex coherence [25] is given by:

γcoh =
〈E(t1)E∗(t2)〉√
〈|E(t1)|2〉〈|E(t2)|2〉

. (1.1)

For SAR it is required to invoke the assumption of ergodicity, which means that
the temporal average is replaced by a spatial average, where it is assumed that
over a small window the image properties remain the same [25]. The coherence
determined from the N -sample window is then:
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γcoh =

∑
N x1x

∗
2√∑

N |x1|2
∑

N |x2|2
, (1.2)

where x1 and x2 are the SLC complex pixel values and N is the window size.
There are four main sources of decorrelation:

|γcoh| = |γnoise|.|γB|.|γv|.|γt|. (1.3)

In this equation γnoise is the decorrelation due to noise, γB is the baseline
decorrelation,γv is the volumetric (or spatial) decorrelation and γt is the
temporal decorrelation. The decorrelation due to noise is found to be negligible
when calculating a loss in coherence [26]. The authors found that for baselines of
approximately 200m the coherence would be 0.8 over a uniform scattering layer
that of very short baselines. For volumetric decorrelation the authors in [26]
found that the coherence would be 0.7 for a baseline of 200m and a uniform
scattering layer of 15m. Temporal decorrelation has the largest effect on
coherence [25, 26]. There are two contributions that make up temporal
decorrelation; geometric and dielectric change. Geometric change is caused by
movement of scatterers, which is largely a consequence on the wind over
vegetation. Dielectric change refers to the moisture content of the vegetation
changing. It is difficult to resolve the effects of geometric and dielectric change
separately as windy conditions that cause geometric change are often related to
cloudy weather, drops in temperature, rain and snow fall (all of which alter the
dielectric constant). At small wavelengths leaves, branches and needles only
have to move a small amount to be a fraction of the radiated wavelength needed
to severely drop the coherence. Furthermore the geometric effects are larger at
the top of the canopy whereas the movement further down the canopy is less.
This means that the movement effects smaller wavelengths more as the
radiation only penetrates a small amount through the canopy. At X-band the
decorrelation time for trees can be of the order of seconds [27].

There is a trade off while collecting the data in that there needs to be a large
enough baseline to get the required height ambiguity on the ground, however
too large a baseline results in baseline decorrelation. A smaller baseline allows
for a larger variation in elevation between phase wraps. On the other hand
larger baselines allow for greater sensitivity while measuring height changes
[23]. Baseline decorrelation occurs at the critical baseline, given by:
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Bc⊥ =
λr

2ρy
. (1.4)

In this equation λ is the wavelength of the system, r is the range to the scene
centre from the aircraft and ρy is the ground plane range resolution.

Persistent Scatterer Interferometry

One of the main issues with carrying out InSAR techniques over large areas in
the lack of a continuous spatial area of coherence [25]. To overcome this issue
PSI can be used, as first described in [10]. PSI requires dominant scatterers that
are coherent and permanent over the time period of observation. PSI works
particularly well in urban areas where there are a high percentage of persistent
scatterers as it recognises resolution elements whose echo is dominated by a
scatterer in a series of interferograms [28]. In a SAR image the reflected wave
from a resolution cell is a coherent sum of distinct wavelets scattered by many
individual scatterers. If the pixel contains a scatterer that is much more coherent
than the others it gives the greatest contribution to the phase and there is little
interference from other scatterers. The signal for this pixel does not vary much
and is termed a PS.

There are many types of PSI algorithms available such as the Coherent Pixel
Technique [29], Interferometric Point Target Analysis [30], the Small Baseline
Subset [31] and the Stanford Method for Persistent Scatterers [28]. The Coherent
Pixel Technique maximises coherence to estimate height and velocity rates
between persistent scatterer points [32]. This method is successful and, as with
other algorithms such as the Interferometric Point Target Analysis, it is used
commercially by companies, for example Gamma Remote Sensing and TRE [33].
One method that is freely available to the academic population and has been
used many times in the available literature is the Stanford Method for Persistent
Scatterers (StaMPS).

Conventional PSI can easily fail in non-urban areas so [34] presents a method
for finding PSs called StaMPS. Approximately 12 interferograms is sufficient for
StaMPS compared to the 25 required for conventional PSI processes [34].
StaMPS works best for high resolution images because there will be fewer
scatterers confined in each resolution cell resulting in a higher chance of the cell
being dominated by one scatterer.
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A basic algorithm for selecting PSs developed by [10] analyses the amplitudes
of pixels over the image stack. In this method the amplitude dispersion index is
calculated and a threshold taken to chose PS pixels. The amplitude dispersion
index is given by:

DA =
σA
µA
. (1.5)

In this equation σA is the temporal standard deviation of the amplitude values
and µA is the temporal mean of the amplitude values. For analysis, [10, 28] chose
DA=0.4. More complex methods analyse the phase component as well as the
amplitude.

Once the PS pixels are established all other pixels are discarded in the
differential wrapped interferogram. It is more accurate to unwrap the phase in
3D than treating the problem as a series of 2D interferograms [34]. Conversely
from conventional InSAR, a 1D unwrapping algorithm is not sufficient. A 3D
unwrapping algorithm is described in [28] however it does not work in all cases
due to discontinuities. As a first estimate a 2D unwrapping algorithm can be
used in series such as the one described by [35].

Tomography and Height Profiles

Tomography techniques have evolved substantially over the last fifteen years.
The initial tomography method used by the remote sensing community was
Fourier tomography. First shown in 2000 it utilises a fast Fourier transform in
the height domain to locate positions of objects [36]. The simple and effective
technique does however have issues, such as it suffers if the flight paths are not
equally spaced. In 2003 Capon beamforming was used instead of the Fourier
method to overcome such restrictions, for example a low number of flight paths
and irregular sampling [37]. Similarly, a MUSIC algorithm was successfully
applied to a polarimetric stack in 2005 [38].

Figure 1.5 shows the typical set up for SAR tomography. The complex valued
measurement xm(x1, r1) for the mth of M acquisitions, at a given pixel position
and at aperture position bm is the integral of the reflected signal along the
elevation domain:

x =

∫ pmax

−pmax

γ(p) exp(−2πjξmp) dp, m = 1, ...,M. (1.6)

Where γ(p) is the reflectivity function along the elevation p and:
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FIGURE 1.5: Typical set-up for SAR tomography. Tomography
requires multiple acquisitions. ∆b is the length of the synthetic
aperture in the height domain. ρ represents the resolution available

in the height direction.

ξm =
−2bm
λr

. (1.7)

In this research the complex reflectivities associated with γ are not considered
important as the aim is to determine the height of the scatterer, p. The previous
equation can be discretised into the following form:

x = Aγ, (1.8)

In this equation x is the measurement vector containing M , xm elements. A is the
matrix containing steering vectors with:

Am,l = exp(−2πjξmpl). (1.9)

In this equation l = 1, ..., L is the discrete elevation positions considered within
the steering vector. p is the reflectivity vector that contains L elements. The main
goal of SAR tomography is to reconstruct the reflectivity profile along the height
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domain for a given azimuth-range pixel. For tomography the Rayleigh resolution
is given by:

ρp =
λr

2blength
(1.10)

where blength = bmax − bmin, with bmax representing the last acquisition and bmin

representing the first acquisition so that blength represents the total baseline across
all acquisitions. The ambiguity of the height profile that can be determined is
given by:

∆A =
λr

2δb
(1.11)

In the above equation δb is the closest spacing between apertures. The Cramer-
Rao lower bound [39] given by:

σs =
λr

4π
√
M
√

2SNRσB
. (1.12)

SNR is the signal to noise ratio of the scatterer and σb is the standard deviation of
the elevation aperture sampling distribution [39]. For tomography a large enough
total aperture is required for fine enough resolution however the spacing between
flight paths have to be close enough together to have the required ambiguity
in height. Therefore there is a trade off between the resolution, ambiguity and
number of acquisitions.

There are many types of algorithms available for carrying out tomography:
Fourier tomography [36], capon beamforming [37], MUSIC [40] and
compressive sensing algorithms [41, 42]. To date there are very few publications
just considering airborne, X-band tomography especially over forest volumes.
The PolInSAR tomography method has been applied to X-band, airborne data
[43]. In 2015 X-band airborne tomography was carried out [44], however the
application does not use compressive sensing techniques or a helicopter and
only analyses urban sites. It does however prove that X-band tomography can
be successful. There has been no work published using Capon tomography
applied to X-band, airborne data. Tomography has been applied to X-band
satellite data such as applying coherence tomography techniques to Tandem-X
data over forestry sites, exploiting the fully polarimetric dataset [45].
Tomography has also been applied to Tandem-X data over urban areas [46]. The
stable satellite platform allows for exact knowledge of the system at all points
during the orbit.
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Millimeter wave (8.55mm, Ka-band) tomography was carried out in 2016
over a forestry region [47]. The authors do not however carry out repeat pass
SAR so they do not have to motion compensate. Instead they have four
receiving antennas that span a 27.5cm elevation aperture. By applying both
Capon and MUSIC for comparison they find that there is a certain extent of
canopy penetration in areas where the leaf density is not too high. This indicates
that if there is penetration at Ka-band there would be canopy penetration at
X-band under similar circumstances.

The aim here is not to reconstruct the full tomographic profile but find the
heights of the main scatterers located within a given CPSs pixel or from line of
sight measurements, as illustrated in Figure 1.6. Persistent scatterer
interferometry is combined with tomography using TerraSAR-X data in [48].
The authors state that a PS is a single point-like scatterer with high temporal
coherence over the whole image stack. They state that an inherent limitation
associated with PSI is that since PS pixels are a single dominant scatterer within
a resolution cell, pixels containing backscatter from multiple scatterers are
rejected. The terminology for this research looks at PSs from a different
perspective and therefore terms the scatterers selected a CPS. One reason for this
is the use of shorter timescales and higher resolution data, therefore there are
less scatterers within a given resolution cell. Additionally the use of platforms
that are less stable than satellites (in this case a helicopter) mean that there are
fewer coherent pixels over the image stack and thus CPSs are vital to obtaining a
tomographic solution. The novel method for selecting CPSs pixels by exploiting
sparsity, described in this thesis, does not reject pixels that contain more than
one point scatterer in a resolution cell if the contribution is coherent and stable
over the image stack. This method is suitable for obtaining Dirac-delta functions
for the heights of scatterers instead of a full tomographic profile.

To date there are very few publications that just consider tomography
techniques on the persistent scatterer or coherent scatterer pixels. One example
is given in [49, 50] where the authors carry out tomography on just the persistent
scatterers in the stack of SAR images. These pixels are selected using standard
PSI techniques; using spectral diversity and temporal variation of the
backscattered signal. Persistent scatterers for tomography are selected in [51]
using a generalised likelihood ratio test (GLRT). Other examples consider either
all pixels in the image or slices through the image, as described in [51].

X-band radar systems typically achieve high spatial resolution. This is
advantageous as it means that there is an uninterrupted line of sight to the
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FIGURE 1.6: A conventional tomographic profile is shown on the
left. The right plot shows the type of profile recovered using the
algorithms developed for this research where only the heights of the

main scatterers are recovered.

ground through the canopy, offering the possibility of occasional pixels
dominated by a ground return. P-band systems could be used but tend to have
coarser resolution. BIOMASS is quoted to have ≤60m across-track resolution
and <50m along-track resolution [52] with greater than 6 looks whereas airborne
data typically has spatial resolutions of <1m in SLC data.

Airborne and Satellite Platforms

While satellites are able to give repeatable SAR images with wide coverage it is
more challenging for them to produce rapid responses to some environmental
phenomena, such as landslides [53]. If airborne InSAR and tomography
techniques were utilised, repeat passes on much shorter timescales could be
carried out, thus allowing for quicker responses to environmental monitoring
and hazards. Airborne systems generally have a higher resolution when
producing SAR images and are less prone to atmospheric effects. However, the
use of satellites can supply approximately global coverage with the lowest costs
[23] and the lower altitude of airborne SAR results in a smaller coverage rate.
Airborne SAR demands a need for precise motion compensation to surmount
the effects of vibration, turbulence and winds. Overall a high resolution airborne
system could compliment a global coverage satellite by analysing results from a
smaller localised area.

There are many examples of satellite SAR systems. The European Space
Agency’s (ESA’s) ERS-2 was launched in 1995 and contains a C-band sensor.



18 Chapter 1. Introduction and Literature Review

ESA’s C-band Envisat was launched in 2002 and can provide 30m ground
resolution [25] over a swath up to 100km wide. ESA launched Sentinel-1A on
2014. Sentinel-1A’s main mode is the Interferometric Wide swath mode which
provides a swath width of 250km with a resolution of 5m in ground range and
20m in azimuth [54]. Sentinel-1A has a repeat pass timescale of 12 days for
interferometry. The Italian Cosmo-SkyMed consists of a four X-band satellite
constellation. In spotlight mode they provide 1m resolution over a 10km by
10km area. The Canadian C-band Radarsat-2 was launched in 2007. There are
resolutions ranging from 3-100m in the many modes and could collect data over
an area 1175m wide using seven beam modes. The German TerraSAR-X and
Tandem-X were launched in 2007 and 2010 respectively. Both fly in close
formation to provide high resolution DEMs. In spotlight mode with 1m
resolution TerraSAR-X can produce scene sizes of 5 to 10km (width) by 5km
(length).

An example of an airborne system is the German Aerospace Center’s s
E-SAR [55]. First introduced in 1988 E-SAR operates at X-, C-, L- and P-band.
E-SAR is fully polarimetric and the resolutions at X-band are 2m and 0.25m for
range and azimuth respectively. E-SAR is flown on a fixed wing aircraft. The
successor of the E-SAR system is F-SAR which consists of 4 recording channels,
operates at X-,C-,S-,L- and P-bands and can fly at altitudes of 6km. Metasensing
has developed SnowSAR which operates at X- and Ku-band on a fixed wing
aircraft [56]. Campaigns for SnowSAR have been carried out in Finland, Austria,
Canada and the USA. UAVSAR, developed by NASA and the jet propulsion
laboratory (JPL), is a fully polarimetric L-band, airborne system [57]. UAVSAR
has a 16km range and standard platform operating heights are approximately
13800m. PAMIR is an X-band, airborne system developed by the Fraunhofer
Institute [58]. PAMIR is designed to be operational on a Transall C-160 military
transport aircraft. The radar system contains 5 parallel receive channels, is
vertically polarised and can provide extremely fine resolutions up to 4cm by
4cm. A UAVSAR was developed by the Multimedia University, Malaysia
alongside the Agency of Remote Sensing, Malaysia [59]. This SAR system is
< 20kg, operates at C-band, is vertically polarised and can produce resolutions
of 5m x 5m from a height of 1000m.
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Atmospheric Effects

Atmospheric effects can be split into two categories; ionospheric and
tropospheric effects. At high frequencies the ionospheric contribution is
minimised, however the tropospheric effects increase [60]. Tropospheric effects
can result from rain, hail or snow, atmospheric gases, fog or clouds. The major
factor is rain due to the frequency of occurrence. The temporal variability of
water concentrations can result in differences in the propagation delay. This is
known as the wet delay. At high frequencies, such as X-band, even a moderate
amount of atmospheric precipitation can have an effect on the propagation delay
time [61]. The dry delay occurs due to the gaseous nature of the troposphere.

Polarisation

In Earth Observation literature involving SAR data the systems are largely fully
polarimetric. Fully polarimetric data allows the user to derive forest canopy
height using the technique known as polarimetric interferometry [62].
Polarimetric interferometry takes advantage of the polarimetric information to
separate the ground signal and the return from the canopy. This is possible since
the ground has a characteristic polarimetric response however canopies act as
random volumes and do not carry a typical polarimetric response. Polarimetric
classification techniques can be used to asses the potential for systems to be used
for forest mapping [63]. PicoSAR and AEXAR only have single polarisation
(HH) capabilities.

Forestry Modelling

For this research forest simulations are required to analyse how X-band interacts
with forest vegetation using tomography techniques. Many studies model
vegetation as a random volume over ground (RVoG) to understand how
microwave radiation interacts with forests [62, 64]. This model forms the basis
for polarimetric interferometry. The water cloud model (WCM) was first
introduced in 1978 [64]. In the WCM the vegetation canopy is represented as a
homogeneous volumes made up of canopy components and air. The canopy
components are modelled as homogeneous spherical scatterers which simulate
the structure of a water cloud. Another study models forest scattering as vertical
stems as the stems are the main volume stores of forests and thus represent the
main scatterers. This model is known as the matchstick model [65]. The
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polarimetric radar interferometry simulator (PRIS) simulates a 3D forest volume
as a set of voxels either containing crown volume, gap or ground surface. The
forest is modelled as a random volume but the crown shape is parametrised by
allometric relationships [7]. A detailed forest model and SAR simulator is
described in [3] where the authors generate raw SAR signals for a complex 3D
forest model. The Michigan Microwave Canopy Scattering (MIMICS) model is
established from a first order result of the radiative transfer equation where the
tree canopy is made up of a crown, trunk and ground [66]. An InSAR model was
produced by [67] which simulates the forest as a cloud of uniformly distributed
isotropically scattering elements within the crown volumes. The model
produced for this research encapsulates a simpler forest model as the aim was to
carry out a sensitivity analysis of general parameters

1.3.2 Engineering Literature Review

Back-Projection

There are many image formation algorithms, for example Polar Format which
will be described in the Selex ES literature review. Back-projection is a common
image formation algorithm in the time domain; however the algorithm is
computationally expensive [68, 69, 70]. For an N ×N SAR image it entailsO(N3)

operations. An advantage of the back-projection algorithm is the capability for
forming the SAR images during data collection. Back-projection can be applied
to any flight trajectory and theoretically produces a three dimensional image.
Parallel processing can be used to speed up the back-projection algorithm [18].
This is known as fast back-projection (FBP). FBP uses either decimation in image
or decimation in phase history to split up the data for parallel processing.

SAR Simulators

To carry out the sensitivity analysis a SAR simulator is required. A synthetic
model produces a dataset that contains all the important features of real SAR
data that allows for algorithms to be tested as it removes the unknown
properties of actual SAR data. There are many ways of simulating SAR data in
the literature. The main processing steps include emulating the motion of the
SAR system, mathematically transmitting, receiving and demodulating the
returns from point targets located within a three-dimensional scene [71]. Other
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simulators produce SAR images based on the impulse response function and do
not include raw signal generation [3].

Sparse Reconstruction and Compressive Sensing

Compressive sensing is a signal processing technique for reconstructing a signal
by finding solutions to under-determined linear systems. Compressive sensing
and sparse reconstruction techniques have many applications in radar and for
example can be applied to inverse SAR, interferometric SAR, moving target
indication and direction of arrival estimation [72]. This section describes the
sparse reconstruction (SR) and compressive sensing (CS) techniques that were
used throughout this research. Conventional methods for sampling signals use
Shannon’s theorem: the sampling rate must be at least twice the maximum
frequency present in the signal. CS theory says that certain signals can be
recovered with less samples or measurements than the conventional approaches
use. CS is dependent on two principles, sparsity and incoherence. Sparsity uses
the fact that the majority of pixels can be assumed negligible, in that they have
concise representations when expressed in the proper basis. CS is a signal
acquirement procedure which samples at a low rate and later uses
computational power for reconstruction from what seems to be an incomplete
set of samples. The notation for CS uses the `p norm of a vector x ∈ CN, where:

‖x‖p = (
N∑
n=1

|xn|p)1/p, 0 < p <∞. (1.13)

Many radar related problems can be represented by a linear measurement
model [73]. For a registered stack of multipass SAR images, each SAR image can
be given by:

Ym = ΦXm + Em, (1.14)

where Ym ∈ CB.A is the phase history for image m of M , each with B range
measurements and A azimuth measurements. Φ is the the observation matrix for
the system collection on each acquisition, Xm ∈ CB′.A′ is the SAR image in vector
form and Em is a white Gaussian noise term that is different on each acquisition.

Sparsity is defined as the number of non-zero coefficients of the unknown
signal. The described problems are usually ill-posed in that B.A < B′.A′ and
there are fewer equations than unknowns. In order to obtain a unique solution
for this problem consider the convex relaxation using the `1-norm:
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X̂σ = arg min
X
‖X‖1 subject to ‖ΦX−Y‖2 ≤ σn. (1.15)

This is known as Basis Pursuit De-Noising [73]. σn is the energy bound on the
additive disturbance signal. Note that sparse reconstruction is not by itself
compressive sensing as compressive sensing involves combining sparse
reconstruction algorithms with constraints on the measurement matrix Φ [73].

One of the SR algorithms used in this research is the IHT technique [74]. IHT
applies a hard thresholding operator, H(ksparse), after each gradient step. This
hard thresholding function leaves the ksparse coefficients of Xm with the largest
magnitude and sets all other coefficients to zero. The iterative hard thresholding
algorithm is given by:

X̂n+1
m = Hλ(X̂

n + µΦH(Ym −ΦXn
m)). (1.16)

In this equation µ is the step-size. The superscript H represents the adjoint.
The second algorithm used extensively in this research is a greedy algorithm

[73]. Greedy algorithms use iterative attempts to identify the support of the
vector Xm. If which elements of Xm are non-zero is known a priori then they can
be indexed by the set Γ and the problem becomes:

Ym = ΦΓXm,Γ + Em. (1.17)

In this equation the subscript Γ denotes that all the entries not included in Γ are
thrown away. There are more rows than columns in ΦΓ since Xm is sparse. This
means that the problem is overdetermined and can be solved using least squares:

X̂m,Γ =
(
ΦH

Γ ΦΓ

)−1

ΦH
Γ Ym. (1.18)

A typical greedy algorithm is the orthogonal matching pursuit (OMP)
algorithm. OMP is centred on using Φ as a dictionary whose columns represent
potential basis elements that can represent Y. On each iteration of the algorithm
the residual error term, given by:

Ym −ΦX̂
n

m, (1.19)

is backprojected or multiplied by ΦH to acquire the signal:

qn = ΦH(Ym −ΦX̂
n

m). (1.20)
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Taking the largest peak in qn on each iteration, the atom that the peak corresponds
to is added to the set to give:

Γn+1 = Γn ∪ arg max
i
‖qni ‖. (1.21)

The updated estimate of the signal is calculated by:

X̂n+1
m = (ΦH

Γn+1
ΦΓn+1)

−1ΦH
Γn+1

Ym. (1.22)

This process is carried out until it meets a given stopping criteria.
Computationally the greedy algorithm is more expensive than the IHT
algorithm however can produce more accurate results.

Kelly et al., see [18, 19, 20, 21], exploit sparsity to reconstruct SAR images
from a limited sample of phase histories by splitting the SAR image into bright,
coherent points and background scatterers. This inspired the work carried out in
chapter 4. The techniques utilised here differ from Kelly et al’s in a number of
ways. Firstly the choice of compressive sensing algorithm is different. Whereas
Kelly at al. use a least absolute shrinkage and selection operator (LASSO)
optimisation approach, this research uses an iterative hard thresholding (IHT)
[74] technique. Secondly the algorithms are applied here to the multipass case
whereas Kelly et al. applies the techniques to single SAR images. Thirdly the
techniques are applied to the full phase histories and not just a subset.

1.3.3 Selex ES Literature Review

Previous Selex ES Literature

Previous work from Selex ES has been published regarding PicoSAR trial results
[75]. This research included ground moving targets, space time adaptive
processing, micro-doppler analysis and interferometric SAR. The authors
showed the initial result from carrying out interferometry from PicoSAR data
over North Berwick Law. The results presented use a one dimensional phase
unwrapping algorithm, developed by Selex ES. Another paper published by
Selex ES is [53]. This research used PicoSAR placed on a Falco UAV. Corner
reflectors were placed in the scene and moved or removed to analyse a coherent
change detection algorithm.
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FIGURE 1.7: Spotlight SAR mode. The black dots represent the SAR
system as it travels along the flight path. The same area of ground it

illuminated throughout the data collection period.

Synthetic Aperture Radar

Forming a 2D SAR image is the first step before using further InSAR or
tomography techniques. A crucial feature of forming these images is
compensating for the unstable motion of the platform and then further focusing
the SAR images once produced. Motion errors between SAR image acquisitions
will cause phase shifts between images that will make future processing
difficult, if not impossible.

SAR imaging was initially developed in the 1950s [71]. To produce a high
azimuth resolution image an unfeasibly large antenna would be required. SAR
overcomes this issue by synthesising a large antenna using a small one mounted
onto a moving platform. Usually this is a satellite or aircraft. SAR systems have
three main modes: stripmap, spotlight and scan [16]. This research works
exclusively with spotlight mode data. Spotlight mode has an antenna footprint
that illuminates the same patch of ground throughout the flight by steering the
beam, as shown in Figure 1.7. Spotlight mode results in a small region being
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imaged at high resolution, whereas stripmap mode will typically cover a larger
area with coarser resolution [71].

Helicopter Data Collection

InSAR requires an extremely stable platform and for this reason is usually
placed on a fixed wing aircraft, such as DLR’s E-SAR [76] or a satellite, such as
the new Tandem-X satellite [77]. This study demonstrates that InSAR can even
be carried out from helicopter data, making the technique more accessible as
more sensors become available for data collection. The use of airborne platforms
for environmental monitoring, as opposed to satellites, allows for rapid
deployment times to sites of interest and multiple viewing angles to help
overcome issues caused by shadowing or layover in final DEMs. A high
resolution (< 2m) airborne system could complement a global coverage satellite
system by analysing results from a smaller localised area [53].

SAR techniques, such as InSAR and tomography, require stable platforms to
exploit the coherent phase between acquisitions. Sensors contain on-board
inertial measurement units (IMUs) alongside GPS systems to provide accurate
positional information. This knowledge is used to motion compensate the data
before SAR images are formed. Residual motion errors will still be present in the
data after motion compensation, especially when the data is collected from a less
stable platform such as a helicopter. Autofocus is a technique used after image
formation to remove residual motion errors. Extremely accurate motion
compensation and autofocus are required for tomography as any slight phase
offsets between acquisitions can result in large tomographic uncertainties. Part
of this research investigates the amount of residual motion errors that can be
present in multipass SAR data that still allows for precise tomographic profiles
from helicopter collection.

Frames of Reference

Two main frames of reference are used in this research. The Earth-centred,
Earth-fixed frame (ECEF) is a global, right-handed Cartesian coordinate system
used in GPS navigation [78]. The centre of this frame is the centre of the WGS84
ellipsoid. The data collection frame is defined with respect to the image scene
centre. The scene centre position is defined in latitude, longitude and height in
the data header. The x-axis orientation of the frame is parallel with the track of
the platform and is therefore defined by the x-axis given in the header
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information. This is the frame that the SAR simulator, produced for this
research, defines the platform and targets geometries, as will be described in a
later section.

Pulse Definition

This section describes the typical processing for the Selex ES SAR systems to
produce accurate images. The radar transmits a set of coherent pulses as it
travels along the synthetic aperture [78]. The IMU and GPS system installed on
the platform give the system’s position at each pulse, determining the slant
range vector. Pulse number is denoted by npulse. The instantaneous incidence
angle for any given pulse is given by:

θ(npulse) = cos−1
(z
r

)
, (1.23)

where z is the height of the platform in the data collection frame on the specified
pulse and r is the instantaneous slant range vector.

Each processed pulse measures the three dimensional Fourier transform
along a line segment [71]. The direction of the segment is defined by a unit
pointing vector from the pulse transmission point to the centre of the scene. The
position and length of the segment is given by the radar wavelength and
bandwidth respectively. The signal collection surface is made up of a collection
of pulses that sweep out a ribbon shape. This collection surface exists in the
spatial-frequency domain known as the phase history domain, or k-space [79].
K-space is illustrated in Figures 1.8 and 1.9.

Motion Compensation

Numerous real time and quantisation limitations in hardware mean that the
reference range on each pulse (R0(n)) will not result in the true range to the
scene centre [71]. The true scene centre range (Ra(n)) as determined by the IMU
is required. The antenna phase centre position input into the image formation
processor is used to carry out an accurate motion compensation of the sampled
phase histories [78, 71]. Motion compensation is also known as scene centre
stabilisation as its motive is for the return of the scene centre on each pulse to
have zero frequency. A phase correction factor is applied to each pulse (ejφ

multiplied by the received signal) for motion compensation, given by:
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FIGURE 1.8: Projection of slant plane 2D polar data onto the ground
plane in k-space. fc is the radar centre frequency.
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φ(npulse, t̂) =
4πf0Ra

c
− 4πα

c

(
t− (R0 +Ra)

c

)
(R0 +Ra). (1.24)

In this equation t̂ = t − npulseT is fast time, t defines slow time, T is the pulse
repetition interval and α is the chirp rate. Accurate motion compensation is
required to reduce degradation in images.

Polar Format Algorithm

Polar format is the image construction algorithm used by Selex ES for small
scene sizes. The phase histories acquired by spotlight SAR are basically a slice of
the Fourier transform of the terrain reflectivity [71]. Using a 2D fast Fourier
transform (FFT) an image can be formed. The 2D FFT depends on uniformly
spaced samples on a rectangular grid for a fast algorithm, therefore samples
need to be interpolated onto such a rectangular grid from the polar grid
collection. The perfect solution to interpolate from a polar grid to a rectangular
one would be to carry out 2D interpolations, however this technique is
computationally expensive. Instead a 1D interpolation is completed in the range
dimension for each radar pulse, then a 1D interpolation is carried out in the
azimuth direction for each range bin. This separable interpolation method is
known as the keystone method [71, 16], illustrated in Figure 1.11. There are two
features that are as a consequence of azimuth interpolation. The first is that the
keystone samples on any azimuth line are unequally spaced. Dissimilar to the
range interpolation data these keystone samples are closer near the centre of the
phase history. The second feature is that the sample spacing increases with the
distance from the polar origin and therefore the interpolation must account for
space varying sample rates. Apart from these sample spacing points, the
underlying principles behind both the range and azimuth interpolations are
identical.

Resolution and Scene Extents

The azimuth and range resolutions attained using the polar format algorithm
depends on the extent of the sampled area of k-space [71], see Figures 1.9 and 1.10.
Finer resolutions are achieved when larger areas of this are sampled. Resolutions
are given by:

ρx =
2π

∆X
, (1.25)
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FIGURE 1.9: Sampled area of k-space for Polar Format. ∆X and ∆Y
are the k-space extents. ∆θ is the angular diversity of the synthetic

aperture.



30 Chapter 1. Introduction and Literature Review

FIGURE 1.10: This graphic illustrates the issues related to resolution
and coverage depending on how k-space is sampled.
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FIGURE 1.11: Polar Format (a) Range resampling for keystone
interpolation. The black dots and lines represent the initial samples.
The blue dots and lines illustrate samples after range resampling.
(b) Azimuth resampling for keystone interpolation. The red dots
and lines represent the final samples after polar format. The axes

represent spatial frequency.

ρy =
2π

∆Y
. (1.26)

In the above equations ρx and ρy are the resolutions in azimuth and range
respectively. ∆X and ∆Y are the k-space extents and are given by:

∆X =
4π∆θ

λ
, (1.27)

∆Y =
4πB

c
. (1.28)

In the equations ∆θ is the angular diversity of the synthetic aperture and B is the
bandwidth. The maximum image extents are dependent on the density of phase
history sampling:

Dx =
2πNx

∆X
=
λNx

2∆θ
, (1.29)

DY =
2πNy

∆Y
=
cNy

2B
. (1.30)

In the above equations Nx is the number of azimuth samples and Ny is the
number of range samples. These scene extents are the maximum achievable [71].
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Phase Gradient Autofocus

The method for calculating the distance R0 in SAR systems is to utilise IMUs
placed on the system. Uncertainties in this distance leads to errors in the
demodulation time, therefore image restoration techniques are required. To
correct phase errors due to residual motion in spotlight SAR images an
autofocus algorithm is applied. Many autofocus techniques exist such as
map-drift and inverse filtering [71]. Selex ES utilises phase gradient autofocus
(PGA) [16, 71] as it is a non-parametric approach and it benefits from the
redundancy of the phase error function by averaging over many range cells.
Each target in the SAR image is essentially contaminated by the same blur
function. There are four main steps in PGA: centre shifting, windowing, phase
difference estimation and iterative correction. PGA averages across many
dominant scatterers to estimate the phase error and thus correct for it. The
dominant scatterers selected by PGA are strong with respect to the clutter.
Therefore the strongest scatterers in each range line are selected and circularly
shifted to the centre of the given range line. This circular shifting removes any
linear phase component on the target. A rectangular window is applied to
dismiss any data outside the window and to uniformly weight data inside the
window. The single defocused targets that are now contained within the shifted
and windowed data are decompressed using a one dimensional discrete Fourier
transform along each range line. The phase difference between adjacent pulses
is determined by calculating:

∆φ(npulse) = φ(npulse)− φ(npulse − 1), (1.31)

for each value of npulse. The entire phase error is evaluated by integrating the
∆φ(npulse) values. This phase error estimate is used to correct the blurred image
by multiplying the range-compressed data by the complex conjugate of the phase
error estimate. The entire PGA algorithm is iterated to converge on the correct
centre shifting and target isolation.

New methods for autofocusing SAR images are being developed in the
literature, such as those using compressive sensing techniques to remove
unwanted phase terms, discussed in [18, 80]. Such algorithms allow for to
simultaneously autofocus the data at the same time as image reconstruction.
Like PGA the compressive sensing algorithm also uses point targets and exploits
the sparsity of the these point targets within SAR images. An extension of Kelly
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et al’s work is used in this research to jointly autofocus a stack of SAR images
while selecting persistent scatterer pixels and will be described in Chapter 4.

3D autofocusing for multipass circular SAR was carried out by [81] where the
authors use the optimisation of a coherence factor metric for the dominant image
scatterers. Calibrating SAR for 3D image formation was carried out in [82, 83].
The range estimation errors were calculated using an algorithm motivated by the
Gerchberg-saxton phase recovery algorithm.

Geolocation

Geolocation is the ability to locate a point on a plane of known position and
orientation without any prior knowledge. For the following calculations, it is
assumed that the radar is on broadside. There are four factors that contribute to
the geolocation error in range. An uncertainty in the height of the platform leads
to an error at right angles to the velocity vector:

σh = ∆z
z

r
sinθ. (1.32)

Assuming a height error of 10m, a 70◦ incidence angle and a slant range of 10km,
this would lead to a net contribution of 3.4m. An uncertainty in the platform’s
horizontal position also leads to a geolocation error in range and the net
contribution can assumed to be 3m. There is a quantisation error which is
equivalent to:

σρ =
ρ2

12
, (1.33)

where ρ is the resolution cell size, therefore for 0.3m resolution data this would
result in a 0.1m net error contribution and for 1m resolution the net contribution
would be 0.3m. There is an error in the oscillator frequency, which assuming a
worst case scenario gives a net contribution of 2m. The oscillator frequency error
is constant over all the passes, unlike height error. Taking all of these uncertainties
into account gives a resultant range error of 5m for 0.3m resolution data.

For azimuth error contributors the uncertainty in velocity vector is given by:

σa =
∆v

V
, (1.34)

where V is the velocity and ∆v is the error in the velocity vector. Taking ∆v as
0.03m gives a net contribution of 6m for r = 10km and V = 50ms−1. The
quantisation error and the horizontal platform positional error are the same as
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for the range uncertainty. The resultant azimuth error is then 6.7m for 0.3m
resolution data. Combining range and azimuth errors give a worst case scenario
of 8.4m geolocation error. This means that the scene centre position could be 8m
from the scene centre initially required. This geolocation error does not affect the
height determined by InSAR, it only alters the scene centre position.

Registration for InSAR

To attain information regarding the phase difference for interferometry and
coherence maps, the two SAR images have to be registered. The algorithm used
by Selex ES for image registration is described in [71]. Registration must be
accurate to less than an impulse response width. By using automated processing
to carry out registration sub-pixel accuracy can be reached. Registration
involves three steps; creating control points, using them to calculate a warping
function and finally resampling the first image (source image) so that it overlays
the second image (target image) accurately. Two dimensional correlation
exploits coherent speckle in interferometric image pairs [71].

To generate control points a 2D complex correlation is used. Methods that
use feature extraction are not utilised as in many areas there are very few
distinctive features. First control points are generated using downsampled
imagery to account for large scale translations and rotations. From these first
control points an affine transformation is calculated. This enables the selection
of correlation windows to be selected for the next stage of higher resolution
control point generation. Terrain-height-dependent differential layover will exist
in situations where the data was collected using cross-ground-track geometries.
The warping function is produced using a 1st or 2nd order polynomial. A
bilinear interpolator is used to resample the source image according to the
polynomial warping function.

1.4 Thesis Organisation

1.4.1 Chapter 2: Data Collections and Simulations

Chapter 2 describes data collection and the processing used for SAR imaging,
with particular interest to that used by PicoSAR and AEXAR at Selex ES.
Examples of the imagery collected by these systems are presented. The
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GOTCHA dataset is detailed. The SAR simulator developed for this project is
outlined.

1.4.2 Chapter 3: Helicopter SAR Interferometry

To illustrate that coherent information can be gained from data collection from a
less stable platform such as a helicopter, SAR interferometry is initially presented.
Chapter 3 outlines InSAR techniques applied to X-band, helicopter data collected
from PicoSAR and AEXAR.

1.4.3 Chapter 4: Compressive Sensing for Candidate Persistent

Scatterer Detection

Chapter 4 describes a new method of detecting CPSs scatterers for InSAR or
tomography by exploiting sparsity and compressive sensing techniques. The
technique developed utilises a novel selection of a hard thresholding operator
and joint sparsity to select CPSs. The proposed method also allows for
simultaneous autofocusing of the SAR image stack. The algorithm is applied to
synthetic data along with data from the GOTCHA dataset and images collected
by Selex ES systems.

1.4.4 Chapter 5: X-band SAR Tomography for Forest Volumes

Literature surrounding airborne, X-band tomography is rare. Here the
usefulness of X-band, airborne (helicopter) data for tomography over forestry
regions is analysed. By combining short wavelength data, which is known to
penetrate the canopy very little, with very high resolution imagery, it can be
determined if ground signals can be detected. Simulated forestry and SAR data
is used to analyse the successfulness of tomography on X-band, helicopter data.

1.5 Publications

The following is a publications list for this research. The first two papers
describe Chapter 3 on Helicopter SAR Interferometry. The third paper outlines
some of the research carried out in Chapter 4 on Compressive Sensing for
Candidate Persistent Scatterer Detection. The final paper illustrates Chapter 5
regarding X-band SAR Tomography for Forest Volumes.
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1. Muirhead, F.; Halcrow, G.; Woodhouse, I.H.; Mulgrew, B.; Greig, D.,
"Compact, low cost, airborne SAR interferometry for environmental
monitoring," in Geoscience and Remote Sensing Symposium (IGARSS),
2015 IEEE International, pp.802-805, 26-31 July 2015.

2. Muirhead, F.; Halcrow, G.; Greig, D.; Mulgrew, B.; Woodhouse, I.H.; "SAR
Interferometry for Environmental Monitoring," Polaris Innovation Journal,
May 2015.

3. Muirhead, F.; Mulgrew, B.; Woodhouse, I.H.; Greig, D.; "Sparsity-driven
autofocus for multipass SAR tomography," Proc. SPIE 9642, SAR Image
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Chapter 2

Data Collections and Simulations

2.1 Introduction

This chapter details the data used for this research. The data described is either
collected from a Selex ES SAR system, part of the publicly available GOTCHA
dataset or data from a simulation developed specifically for this work. The SAR
images from Selex ES’s datasets were produced by the processing described in
Chapter 1.3.3. The SAR systems are introduced, alongside a description of
typical collection parameters, image examples and flight trial information. The
GOTCHA dataset is outlined with an example image from one pass. The
simulation is described with the equations used to formulate the simulated
images.

2.1.1 Selex ES SAR Systems

The majority of SAR interferometry and tomography literature uses data
collected from satellite SAR systems. For example satellite InSAR using the
Tandem-X system is outlined in [77], satellite configurations are discussed in [84]
and using the ERS satellite in [85]. Examples of spaceborne SAR tomography are
detailed in [86, 49, 87]. This research uses data from an emerging generation of
relatively inexpensive airborne SAR systems to produce algorithms for applying
InSAR and tomography to airborne data. One such system is Selex ES’s
PicoSAR, shown in Figure 2.1. PicoSAR is designed to be placed on fixed wing
aircrafts, helicopters and UAVs. It can provide fast deployment to areas of
environmental interest with comparatively low power consumption and a
maximum range of 20km. The electronically scanned antenna measures at
220mm x 310mm x 85mm so is relatively compact, with a similar sized
processor. The antenna plus the processor weighs approximately 10kg. It is an
X-band SAR system that can be used in spotlight or stripmap mode, however is
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used in spotlight mode exclusively for this project. Previous work with PicoSAR
is discussed in [53, 75] where coherence maps were used to detect movement
between passes. PicoSAR has two parallel receive channels that operate in
dual-channel spotlight mode. The polarisation of the system fixed and is
vertically polarised. Data was also collected from Selex ES’s AEXAR system,
shown in Figure 2.2. The system is similar to PicoSAR, however the new
antenna has a higher power output, is capable of electronic beam steering in
both azimuth and elevation directions and is horizontally polarised. Like
PicoSAR the inertial measurement unit (IMU) is local to the radar allowing for
the accurate motion compensation required to robustly carry out InSAR.

FIGURE 2.1: PicoSAR, a small, compact X-band SAR system
produced by Selex ES.

2.2 Flight Trials

Throughout the duration of this research flight trials were carried out with
PicoSAR and AEXAR to gain suitable data for geoscience applications. Part of
this work was to assess sites of interest for flight trials to aid with planning and
to assist on ground activities on the day of the trials. To analyse how suitable the
SAR systems would be for environmental applications real data is vital. Over
the course of this project two successful flight trials were carried out with the
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FIGURE 2.2: Selex ES’s AEXAR, an X-band, airborne SAR system.

FIGURE 2.3: The AEXAR system placed on a Twin Squirrel
helicopter.
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FIGURE 2.4: The Twin Squirrel helicopter used to collect the X-band
data.
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system placed on a Twin Squirrel helicopter. Figure 2.3 shows AEXAR platform
mounted into the luggage compartment of the helicopter. The luggage
compartment door is made from fibre glass and is penetrable at X-band with a
few dB loss. Figure 2.4 shows the helicopter used in the trials. Helicopters are
leased from PDG Helicopters and flown by a PDG pilot. Detailed flight paths
must be outlined to give the pilot the relevant information to achieve the aims of
the trials. The radar is connected to a laptop and is operated by a Selex ES
engineer.

Flight trial plans consist of a list of the prioritised objectives with a
contingency plan for bad weather. The minimum requirement for the flight trials
are clearly stated in case of any issues on the day of collection so that the most
important sites are covered. Detailed flight trial plans were produced outlining
height information for the platform for each pass of a given scene, with the scene
centre clearly defined. Way points are defined for the pilot with a high and low
contingency flight path in case of cloud cover. Resolutions for each scene and
pass are outlined for the radar operator, alongside lookdown angles and slant
ranges. Resolutions of 0.3m, 1m and 2m are typically employed, corresponding
to scene sizes up to 2km x 2km.

The proposed dates for data collection are weather dependent. Each day of
flight has 6 hours flying time planned, taking off from Cumbernauld airport. The
helicopter is refuelled at East Fortune airfield after 3 hours flying. Sites of interest
for the first flight trial are shown in Figure 2.5. Multiple passes of all sections
were carried out with some areas having up to 7 repeat passes, i.e. four passes on
the first day of flying and three on the second. This allows for a small temporal
separation over the first four passes but also a longer separation between days.

Since the SAR system is placed on a helicopter there is difficultly in flying the
system in a straight line. This means that repeat passes do not always produce
the required baseline. Accurate motion compensation helps overcome a lot of
this issue but in some cases the flight paths differ too much to carry out
coherence mapping or interferometry. This is amplified if tomography is carried
out as many repeat passes are required so there is a greater probability of the
flight paths differing. The use of persistent scatterers can aid in resolving the
lack of coherence over an image. The issue of a straight flight path can be
resolved by using a UAV or fixed wing aircraft. Out of the total number of SAR
images collected during a helicopter trial many will contain low coherence due
to non-linear flight paths, however many will exhibit high coherence, as do the
datasets shown in this thesis.
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FIGURE 2.5: Sites of interest used in this research. North Berwick
Law is a hill with an elevation of 187m. The agricultural site includes
fields, buildings, trees and a road. Traprain Law is a hill with 221m
elevation. The John Muir Park provides the forestry data for this
research. The scene also includes a beach and path. The quarry
site provides daily movement and the Whiteadder site as a hilly

topography which makes a good trial of InSAR algorithms.
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FIGURE 2.6: Larger scale map of the sites of interest used in this
research.

Figures 2.5 and 2.6 show the sites of the Selex ES data used for this research.
North Berwick Law is a hill with an elevation of 187m. The agricultural site
includes fields, buildings, trees and a road. Traprain Law is a hill with 221m
elevation. The John Muir Park provides the forestry data for this research. The
scene also includes a beach and path. The quarry site provides daily movement
and the Whiteadder site as a hilly topography which makes a good trial of
InSAR algorithms.

A ground team was present during the trials with the aim of placing corner
reflectors in scenes of interest. Positions of corner reflectors were determined
using a handheld GPS. Corner reflectors were placed at a suitable angle as to be
visible to the SAR system during the whole synthetic aperture.

2.2.1 Typical Data Collection Parameters

A typical slant range for data collection from the Twin Squirrel helicopter is 10km
with the aircraft at a height of 3km. Range and azimuth resolutions of 1m result
in a scene size of approximately 900m x 900m with images containing 1845 x 1845
pixels. The latitude, longitude and height of the scene centre is defined within
the header information along with aircraft positions for each pulse. Typically the
number of repeat acquisitions for a scene of interest is between two and seven.



44 Chapter 2. Data Collections and Simulations

2.2.2 Selex ES Multipass Image Examples

Different datasets from PicoSAR and AEXAR have different spatial and temporal
baselines. Figure 2.7 shows the large range of possible baselines for three different
datasets against the temporal separation. The blue crosses represent the forestry
data from John Muir Park. The red circles represent agricultural data from the
agricultural site and the black stars represent data collected over North Berwick
Law. Baseline plots will be discussed further in Section 3.2. Figure 2.8 and 2.9
show SAR images for North Berwick Law and the agricultural site.
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FIGURE 2.7: Baseline versus temporal separation for three Selex ES
datasets. The blue crosses represent the forestry data from John
Muir Park. The red circles represent agricultural data from the
agricultural site and the black stars represent data collected over

North Berwick Law.

In a trial in September 2015 two corner reflectors were placed in a scene of
interest at John Muir Park, see Figure 2.10. Figures 2.11 and 2.12 show the
positions, collected using a handheld GPS, of the corner reflectors. One corner
reflector was placed in a grassy area while the other was placed under the forest
canopy. Six passes of this scene were collected, one of the SAR images produced
is shown in Figure 2.13. Plotting the impulse response of the corner reflector
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FIGURE 2.8: SAR image of North Berwick Law at 1m resolution.
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FIGURE 2.9: Agricultural site at 1m resolution.
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outside the canopy and calculating the peak and integrated sidelobe ratios give
the following results, shown in Figures 2.14 and 2.15. Over the six passes the
mean peak azimuth sidelobe ratio is -5.59dB and the mean peak range sidelobe
ratio is -7.11dB. Over the six passes the mean integrated azimuth sidelobe ratio
is -6.40dB and the mean integrated range sidelobe ratio is -6.33dB. In Figures
2.14 and 2.15 the peak from the corner reflector is clearly visible, however it is
not as large as was expected. This could be as a result of the scene lying on a
small incline and so the corner reflector was not in direct line of site to the radar.

FIGURE 2.10: Corner reflectors used in September 2015 trials, placed
out in the open and under the forest canopy.

2.3 GOTCHA Dataset

This research utilised data from the publicly available GOTCHA dataset. The US
Air Force Research Laboratory released a 2D/3D imaging targets challenge
problem in 2007 from volumetric data collection of an urban scene [88]. The
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FIGURE 2.11: Position of a corner reflector outside of the forest
canopy in the site of interest.

FIGURE 2.12: Position of a corner reflector under the forest canopy
in the site of interest.
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FIGURE 2.13: SAR image of the site containing the corner reflectors
at John Muir Park.
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FIGURE 2.14: Impulse response for one azimuth slice of the corner
reflector data on the first pass. The corner reflector is placed at -28m

with the largest peak in intensity.
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FIGURE 2.15: Impulse response for one range slice of the corner
reflector data on the first pass. The corner reflector is placed at 95m

with the largest peak in intensity.
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FIGURE 2.16: One acquisition from 3◦ of the GOTCHA dataset.
Annotations show locations of a top hat corner reflector, a triangular

corner reflector, cars and a road.

dataset includes eight multiple 360◦ circular passes of a car park. The scene
extent is 100m × 100m. The maximum scene extent is 101.87m in range and
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108.41m in azimuth. The maximum achievable resolution in range is 0.24m and
0.23m in azimuth [88]. A 3◦ subset of all available passes for the multipass case
of the GOTCHA dataset was used to produce the image shown in Figure 4.9.
The dataset includes many corner reflectors and cars making it a good test of PS
detection algorithms.

2.4 Fast SAR Simulator

To test how InSAR and tomography algorithms would behave for multipass X-
band, helicopter SAR data, simulated data was required. Therefore a simulator
was developed as part of this research. Parameters were chosen to simulate real
data from Selex ES’s PicoSAR. A SAR simulator was developed specifically for
this research. Since the project demanded a large number of repeat passes the
simulator had to produce synthetic SAR images in a time efficient manner, hence
a fast SAR simulator was developed. The fast SAR simulator was used to model
multipass, X-band SAR data. The method is similar to a polar format algorithm in
reverse. Starting with a rectangular grid from an FFT, the data can be interpolated
to lie on a polar grid. A 3D scene is specified containing information from the
forest model (described in the previous section), including extinction. Flight and
waveform information, such as bandwidth and aperture length, are defined. A
3D FFT of the scene is taken. A 2D surface in 3D Fourier domain is gathered
during the SAR collection [71]. The polar grids corresponding to this Fourier
surface, defined by the flight and waveform information are calculated using:

k =
2πf0

c
+

4πα

c

(
t̂− 2r

c

)
, (2.1)

θ = tan
(yflight
zflight

)
, (2.2)

kx = k sin(θ), (2.3)

ky = k cos(θ). (2.4)

In the above equations f0 is the radar frequency, α is the chirp rate, t̂ is the fast
time samples, r is the range to scene centre, yflight and zflight are the positions of
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the platform at each pulse and kx and ky are the matrices defining the polar grid
from data collection.

The sample spacing for the rectangular grid is given by:

δx =
∆X

Nx

, (2.5)

δy =
∆Y

Ny

. (2.6)

In the equations δx and δy are the sample spacings, ∆X and ∆Y are the size of the
scene and Nx and Ny are the FFT lengths. The rectangular grids are calculated
using these sample spacings, including the offset from the polar origin in the
range direction. After the polar grids have been projected onto the ground surface
the data can be interpolated from the rectangular grid to the polar grid to simulate
the SAR data collection. The simulator currently uses a spline interpolation as the
scene size is small. For larger scene sizes a sinc interpolation would be required.

Platform motion that causes an unknown motion error that cannot be
removed during motion compensation is added to the data. Navigational errors
are cumulative and so a cumulative error is added to the data. Previous studies
carried out at Selex ES take the standard deviation of the random error added to
the data to be 5cm per pulse [89]. Processing used at Selex ES for producing SAR
images from the raw data collection is described. This processing provides a
foundation for the algorithms developed in this research.

The SAR simulator was tested and validated using point scatterers. The
impulse response of a point scatterer in the fast simulator was compared to the
impulse response from the same parameters input in to a Selex ES simulator that
considers building a scene using every pulse to every scatterer.

2.5 Summary

This chapter summarised the main datasets used throughout this research.
Results were illustrated from flight trials carried out using Selex ES’s PicoSAR
and AEXAR. A maximum of seven acquisitions were collected for a given site of
interest in East Lothian, Scotland. Due to the movement of the helicopter and
flight paths not being guaranteed it is imperative that autofocus and registration
(discussed in the next chapter) are accurate for future multipass processing.
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The GOTCHA dataset made available by the US Air Force Research
Laboratory in 2007 was outlined. The dataset includes eight multiple 360◦

circular passes of a car park with many strong reflectors.
The fast SAR simulator used to produce synthetic data was outlined. This

simulator will be used extensively in future chapters. For the simulations carried
out there were many different versions of the scene and many acquisitions. The
combination of these led to a huge number of SAR images to be produce.
Calculating these images by simulating every pulse to every point on the
ground was extremely computationally expensive which is why the fast SAR
simulator was developed.
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Chapter 3

Helicopter SAR Interferometry

3.1 Aim

This research aims to analyse information from below a forest canopy using
X-band, airborne SAR tomography using new SAR sensors. SAR tomography
enables the user to detect more than one scatterer in the height domain within a
given pixel. InSAR however provides only one height in a single pixel due to
only requiring two SAR acquisitions. InSAR techniques analyse phase
differences between two complex SAR images to gain height information for a
scene of interest. Coherence is also an outcome of InSAR. This coherence
information contains knowledge of volumetric and temporal decorrelation that
can be used for vegetation classification and retrieval of biomass amounts [90,
91]. InSAR can generate high quality terrain elevation maps, known as DEMs,
for a range of geoscience applications. SAR sensors can collect data for InSAR in
all weather with day and night capability.

The main objective surrounding this chapter is to determine how successful
InSAR can be when carried out on data collected from new, compact SAR
sensors such as Selex ES’s PicoSAR and AEXAR systems. In the previous
chapter the data collection methods and image processing was introduced. This
chapter will first analyse the outcomes of coherence between image pairs before
concentrating on InSAR results. The aim was to compute accurate digital
elevation models for use in environmental applications. This chapter will
discuss the motion compensation required for InSAR as the motion
compensation needs to be accurate enough to overcome the large helicopter
motion to be able to apply InSAR or even tomography. Initially the data has to
be shown to be suitable for InSAR techniques before moving onto more complex
methods such as tomography, as will be outlined in Chapter 5.
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3.2 Coherence and Decorrelation

The first stage of analysing the usefulness of Selex ES data for DEM generation is
to examine the coherence plots that can be produced. Analysing the mean
coherence over homogeneous areas in SAR datasets collected from PicoSAR and
AEXAR, it is evident that a small amount of baseline and temporal decorrelation
occurs. The baselines that transpire from the helicopter collection are generally
small, when compared to satellite baselines, so the baseline decorrelation is
minor. It is assumed that due to the short timescales between revisits and short
range, atmospheric decorrelation is negligible (see Section 3.3.4) [92]. When
using airborne data is it assumed that the decorrelation due to the motion of the
platform is much greater than the atmospheric decorrelation.

Coherence was calculated for pairs of images collected over one day in
September 2015 with the experimental SAR system placed on a Twin Squirrel
helicopter. One of six images collected from the experimental SAR system for a
site containing forests and a beach is shown in Figure 2.13. Coherence was
analysed in the following manner. First coherence images were produced for
each pair in the stack of six images, resulting in a total of 30 coherence images.
Homogeneous areas in the image were selected and a mean coherence was
calculated for each image for this homogeneous region. For the image shown in
Figure 2.13 three main homogeneous areas were selected: a forestry region, the
pathway alongside the forest and the beach. The mean coherence against the
perpendicular baselines are shown for each region in Figure 3.1a. Intuitively the
forestry region has the lowest overall coherence across all the repeat passes. This
is as a result of individual trees moving on short timescales and reinforced by
the use of X-band data which is extremely sensitive to movements of leaves (on
the order of 3cm). The beach region has the highest mean coherence over all the
passes since there was little movement on the beach on the day of data
collection. The path has slightly lower coherence due to human activity between
passes. Analysing just the result from the homogeneous path section, shown in
Figure 3.1b, shows a slight decrease with baseline however the decrease is small
due to the total aperture length being small, <40m. On the whole the coherence
does not appear to decrease with baseline, however the baseline span is small.

Analysing the mean coherence for the same homogeneous regions against
the temporal separation of data collection shows a similar trend, shown in
Figure 3.2a. As before the beach has the highest coherence and the forest has the
lowest. The plot for the path region is shown in Figure 3.2b. This illustrates a
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(A) The mean coherence for small homogeneous regions
versus the perpendicular baselines from the data collection in
September 2015 using the AEXAR system. ‘o’ represents beach
areas, ‘x’ represent path areas and ‘*’ represents forest regions.
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(B) The mean coherence for the small homogeneous path
region versus the perpendicular baseline from the data
collection in September 2015 using AEXAR. This has the same

data as (A) but a different y-axis.

FIGURE 3.1: Coherence versus perpendicular baseline.
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small decrease in coherence with temporal separation but again it is minor due
to the short time period between revisits, the timescale is of the order of forty
minutes.

All of these factors mean that the dataset is suitable for interferometry as the
small baselines and temporal separations results in reasonably high coherence.
These results are typical of the majority of datasets collected using both PicoSAR
and AEXAR. Pairs with very different flight paths result in low coherence and
therefore images pairs have to be chosen sensibly. For this research pairs were
chosen so that the mean coherence was high (>0.7) and pairs were not typically
used if the mean coherence was below 0.5. For some scenes lower coherence is
acceptable due to the large amount of shadow present so the coherence threshold
should be calculated on a scene by scene basis [71].

3.3 Interferometry

This section illustrates the novel results obtained from applying SAR
interferometry to data collected from Selex ES’s AEXAR system by placing the
system on a helicopter. The three sites that will be shown here are two SAR
datasets from the Whiteadder reservoir and one from Traprain Law. All sites
have steep topography allowing for a good test of the InSAR algorithms
developed. The typical set-up for InSAR is shown in Figure 3.3.

3.3.1 Repeat Pass Data Collection

For the images shown the data collection took place on two dates, 11/09/14 and
22/09/14, with the SAR system placed on a Twin Squirrel helicopter, as described
in Section 2.2. Up to seven passes were collected for some sites and multiple
sites were collected from different viewing angles. DEMs of the Whiteadder river
basin and Traprain Law were produced. SAR images for the two regions are
shown in Figures 3.4 and 3.5. These areas are important for modelling upland
drainage systems, utilities planning and flood prevention and prediction further
downstream. The areas have a hilly topography, allowing for a good test of the
InSAR technique on data from AEXAR. The set up for data collection from the
experimental system is shown in Figure 3.3. The image pair was chosen so that
there was a small temporal separation, minimising the temporal decorrelation.
For this research the temporal separation was kept to the timescale of minutes.
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(A) The mean coherence for small homogeneous regions
versus the temporal separation for the data collection in
September 2015 using the AEXAR system. ’o’ represents the
beach region, ’x’ represents the path section and ’*’ represents
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(B) The mean coherence for the small homogeneous path
region versus the temporal separation of the data collection in
September 2015 using the AEXAR system. This has the same

data as (A) but a different y-axis.

FIGURE 3.2: Coherence versus temporal separation.
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FIGURE 3.3: The data collection set-up for carrying out SAR
interferometry. Two passes of the SAR system collect data from the
same patch of ground. The height determined in the DEM is given
by h(x, y). The grazing angle is given by ψ and the squint angle is

given by θ.

3.3.2 Registration

To attain information regarding the phase difference, the two SAR images have to
be registered. The algorithm used by Selex ES for image registration is described
in [71] and is Chapter 1.3.3.

3.3.3 Baseline Decorrelation

Baseline decorrelation is described in Chapter 1.3.1 and equation 1.4. In this
equation λ is the wavelength of the system, in this case 0.3m, r is the range to the
scene centre from the aircraft e and ρy is the ground-plane range resolution.
Baseline decorrelation is taken into account when selecting pairs of SAR images
for InSAR analysis. For typical PicoSAR parameters baseline decorrelation
occurs at around a 200m separation.
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FIGURE 3.4: SAR image of Traprain Law, Scotland.
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FIGURE 3.5: SAR image for the first Whiteadder Reservoir dataset.
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3.3.4 Atmospheric Effects

Atmospheric effects play a large role in satellite InSAR due to the large range of
the platform and temporal separations between data collection. In this research
atmospheric effects are kept to a minimum. Due to using an airborne platform
and not a satellite system ionospheric factors can be ruled out. During flight trials
the helicopter was not flown on cloudy days or during rain, snow or hail. This
reduces the effect of the wet delay on the overall InSAR result. InSAR pairs were
chosen so that the temporal separation between passes were kept to a minimum.
The results shown in this thesis show pairs that were collected minutes apart,
reducing the dry delay. All of these factors mean that the atmospheric effects on
the final InSAR result is negligible compared to that of the motion of the platform.

3.3.5 Interferogram Production

After the data was corrected for navigational errors using the IMU information,
images were formed using the polar format algorithm and phase gradient
autofocus algorithm (as described in Sections 1.3.3 and 1.3.3) [71], for InSAR
analysis. The single look complex (SLC) SAR images have resolutions of 2m for
the Whiteadder site and 0.3m for the Traprain Law site. Images were registered
in pairs to sub-pixel accuracy and for each pair the complex coherence was
calculated.

Interferograms are produced for each image pair by multiplying the reference
image by the complex conjugate of the second image. This provides an estimate
of the wrapped phase with 2π ambiguity. The height of ambiguity is the altitude
difference that results in a phase change of 2π and is given by [23]:

hamb =
λrsinθ

2b⊥
. (3.1)

In this equation b⊥ is the perpendicular baseline. Interferograms for the sites of
interest are shown in Figures 3.6 and 3.7. Both interferograms show coherent
fringes, however with more noise at the edges of the scene.

3.3.6 Phase Unwrapping

The phase of the complex coherence is the phase used for interferometry;
however it comes wrapped with modulo 2π producing interferometric fringes.
Phase unwrapping is carried out to remove the ambiguous measurement of the
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FIGURE 3.6: Interferogram for the first Whiteadder Reservoir
dataset collected from AEXAR placed on a twin squirrel helicopter.

The colourbar represents phase in radians.

relative terrain height caused by the 2π cyclic nature of the phase [93].
Reasonably high coherence is required for phase unwrapping as low coherence
can result in noisy or singular phase. There are several well known phase
unwrapping techniques such a weighted least mean squares method, minimum
cost flow methods and branch-cut techniques [23].

The interferograms were unwrapped using the Statistical-Cost,
Network-Flow Algorithm for Phase Unwrapping (SNAPHU) [94]. This is a
two-dimensional phase unwrapping process that recovers unambiguous phase
from a wrapped interferogram. SNAPHU uses a maximum a posteriori
probability (MAP) approach to solve for unwrapped phase. The algorithm uses
observable quantities such as wrapped phase, image intensity and coherence to
determine the most probable solution [94].

3.3.7 Unwrapped Phase to Digital Elevation Model

Unwrapped phase, φunwrapped, is converted to height using a scaling factor, S [71],
given by:
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FIGURE 3.7: Interferogram for Traprain Law, collected from AEXAR
placed on a twin squirrel helicopter. The colourbar represents phase

in radians.

hDEM = Sφunwrapped, (3.2)

S =
λz cot θ

2πb⊥
. (3.3)

In this equation z is the mid aperture height of the platform. The incidence angle
increases over the SAR image in the range direction. This is practically constant
for satellite data as the incidence angle is approximately constant over the image.
This is not the case for airborne images since the platform is closer to the scene of
interest and needs to be accounted for when calculating a DEM.

Unwrapped phase was converted to a height using the scale factor. There
are two methods of determining the scale factor. The first method is to use an
average lookdown angle and platform height for the whole image and produce a
global scale factor. The second method calculates the lookdown angle and height
of the platform on a pixel by pixel basis. Figure 3.8 illustrates the difference in
DEMs produced using a global scale factor and a scale factor calculated for each
individual pixel for the second Whiteadder dataset. The maximum difference is
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2.5m therefore it is clear that a global scale factor is not sufficient.
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FIGURE 3.8: The difference in DEMs produced using a global scale
factor and a scale factor calculated pixel by pixel. The colourbar

represents the difference between DEMs [m].

After an initial height for each pixel is calculated the perpendicular baseline
and the incidence angle will change [95]. Therefore the calculation of the scale
factor and the DEM height should be iterated until the final height satisfies an
accuracy criterion (see page 58 of [95]). This method was applied to the second
Whiteadder dataset. Figure 3.9 shows the difference in the scale factor before and
after refinement iterations between DEM height and scale factor estimates. From
this plot the difference is negligible compared to the previous effect.

3.3.8 Compensation for Layover

Images with different slant planes have different layover transformations [71]. A
scatterer located at a true position of (x, y, h(x, y)) will have the following location
in the image after processing:

x1 = x+ tan ηghDEM(x, y), (3.4)
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FIGURE 3.9: The difference in the scale factor before and after
refinement. The colourbar represents the difference in the scale

factor.

y1 = y + tan θhDEM(x, y), (3.5)

and

hDEM(x, y) =
λ

4π

cosθ

∆θ
Ψ(x1, y1). (3.6)

In this equation ψ is the grazing angle and tan η = tan θ tan θg, where θg is the
ground-plane squint angle [71]. Ψ is the 2D unwrapped phase function that is
proportional to the terrain height. ∆θ is the difference in the grazing angle
between the image pair. The true terrain model is gained by solving equations
3.4,3.5 and 3.6 simultaneously. Using these equations the layover can be
compensated for in the final DEMs.

3.3.9 InSAR Results

Figure 3.5 shows the 2m resolution SAR image collected for the first Whiteadder
site covering an extent of 1.802km in each direction and a range of 13.891km.
Figure 3.4 shows the 0.3m resolution SAR image collected for the Traprain Law
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site, which extends 255m x 170m and has a range of 6.03km. The perpendicular
baseline was 32.2m for the first Whiteadder data and 85.0m for the Traprain Law
site. The scale factors were 1.08m/rad and 0.17m/rad. The height ambiguity for
the first Whiteadder pair is 6.7m and 1.1m for the Traprain Law pair. The DEMs
were produced by converting the unwrapped phase to heights, as shown in
Figures 3.10 and 3.11. The DEM for the second Whiteadder site is shown in
Figure 3.12. Figure 3.13 illustrates the height reliability based on coherence for
Traprain Law. White areas show high reliability where dark areas show poor
reliability. The second Whiteadder site contains much less noise in the DEM
compared to the first site, most likely due to the second Whiteadder site having
less residual motion errors from the platform. The DEMs produced show that
InSAR can successfully be applied to Selex ES data given that the pairs are
chosen for high coherence and low residual motion errors.
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FIGURE 3.10: Digital elevation model for Traprain Law, Scotland.
The colourbar represents height [m].

3.3.10 Comparison to Other Datasets

The heights established from the Whiteadder DEM were compared to that from
the 90m Shuttle Radar Topography Mission (SRTM) [1]. The SRTM data is quoted
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FIGURE 3.11: Digital elevation model for the first Whiteadder site.
The colourbar represents the height [m].
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FIGURE 3.12: Digital elevation model for the second Whiteadder
site. The colourbar represents the height [m].
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FIGURE 3.13: Plot illustrating height reliability, based on coherence.
White areas show high reliability where dark areas show poor

height reliability.

to have a vertical and horizontal accuracy less than 16m and 20m respectively.
A comparison between Selex ES Whiteadder DEM heights and those from the
90m SRTM data set is shown in Figure 3.14. Only data points from coordinates
available in the SRTM data are given and no interpolation was applied. The first
heights from the Whiteadder DEM produced have a root mean squared error
(RMS) of 9.8m when compared to those obtained from the 90m resolution SRTM
dataset and show great potential for geoscience applications. Future work will
examine causes for this RMS error. The Traprain Law DEM comparison is not
shown as there are only 9 data points due to the small scene extent. The DEMs
were also compared to the 50m resolution DEM available from Ordnance Survey
(OS). Figure 3.15 shows a comparison between the second Whiteadder dataset
and the OS DEM. The largest offsets appear at the edges of the DEM where the
large amount of noise in the Selex ES DEM occurs. At the time of this work
the SRTM 30m dataset was not publicly available as a method for the calibration
of airborne data. The airborne data adds the detail at higher resolution so it is
difficult to directly compare datasets.
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FIGURE 3.14: A comparison between the Selex ES Whiteadder DEM
and the 90m SRTM DEM.
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FIGURE 3.15: A comparison between the Selex ES Whiteadder DEM
and the 50m OS DEM. The colourbar represents the height difference

between DEMs [m].

3.4 Discussion and Summary

InSAR had to be shown to be successful before carrying out tomography
techniques with airborne, X-band SAR data. InSAR analysis was successfully
carried out on data collected from the AEXAR system. Further work is required
to fully minimise the height errors. Platform motion will cause the largest source
of error for data collected from a helicopter. There may be additional phase
aberrations due to the helicopter door being a different thickness at different
look angles which have not been accounted for [89]. Overall results show the
technique works and that InSAR can be successfully used to produce high
resolution DEMs for use in geoscience using Selex ES’s AEXAR SAR system.
Such a system can provide a fast method monitoring for environmental
phenomena.

InSAR was successful but motion can cause large errors, this shows that for
tomography simulations are required to determine the amount of motion errors
that can be accepted. For tomography CPSs are used to get the best results due
to noise in the image causing issues with phase unwrapping. Problems with
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noise appear between pairs of images. This is compounded when taking stacks
of registered SAR images for tomography. The next chapter will focus on
selecting CPSs and focusing these pixels over multipass data to provide the best
tomographic profile.
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Chapter 4

Compressive Sensing for Candidate
Persistent Scatterer Detection

4.1 Aim

The key aspect of this chapter is to use compressive sensing routines over stacks
of registered SAR images to select candidate persistent scatterers (CPSs). The
processes in this thesis are inspired from work carried out by Kelly et al., see
[18, 19, 20, 21], where the authors exploit sparsity to reconstruct SAR images
from a limited sample of phase histories by splitting the SAR image into bright,
coherent points and background scatterers. The techniques utilised here differ
from Kelly et al’s in a number of ways. Firstly the choice of compressive sensing
algorithm is different. Whereas Kelly at al. use a least absolute shrinkage and
selection operator (LASSO) optimisation approach, this research uses an iterative
hard thresholding (IHT) [74] technique. An IHT method was chosen to select
CPSs due to the freedom of choice of the hard thresholding operator. The novelty
of this chapter lies in the choice of this operator and how it is applied to the
multi-acquisition case to select CPSs using joint sparsity [96, 97]. Joint sparsity
is defined as a model where the support set of all signals is the same. In this
case joint sparsity appears where the algorithm jointly uses multiple SAR images.
Joint sparsity is used in [98] for tomographic inversion however in this chapter it
is used to select CPSs. Secondly the algorithms are applied here to the multipass
case whereas Kelly et al. applies the techniques to single SAR images. Thirdly
the techniques are applied to the full phase histories and not just a subset. The
outcome also differs in that Kelly et al. wished to reconstruct the image while this
approach selects just coherent and stable points as CPSs to be implemented for
geoscience applications.

To carry out InSAR or tomography in a less stable environment persistent
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scatterers [10] can be used when the data is collected with long temporal
separation. For example in areas with substantial amounts of vegetation it is not
always feasible to carry out tomography on every single pixel as there will be
too much noise present. Coherent scatterers [14, 99] are characterised by
point-like scattering and are contained within datasets collected simultaneously.
Within this thesis the datasets discussed are collected on time scales longer than
that for scatterers to be classified as coherent scatterers but shorter than for the
persistent scatterer classification. Therefore the CPS is introduced, which is a
coherent and stable scatterer over a matter of days within high resolution,
X-band data. See Section 1.4 for further discussion.

The aim of jointly autofocusing the multipass images is to focus the CPS
pixels over the image stack for future processing. 3D autofocusing for multipass
circular SAR was carried out by [81] where the authors use the optimisation of a
coherence factor metric for the dominant image scatterers. Calibrating SAR for
3D image formation was carried out in [82, 83]. The range estimation errors
were calculated using an algorithm motivated by the Gerchberg-saxton phase
recovery algorithm. Again autofocus is carried out for circular repeat pass SAR
in [81]. This paper assumes the scatterers to be sparse in the height domain and
uses InSAR-type techniques for autofocusing the images. Work carried out by
[100] capitalises on the inherent relationship between the observation positional
errors and the observation model. Phase errors are calculated and removed
during image formation using compressive sensing techniques in [101].

The next chapter will focus on SAR tomography over vegetation. The
method described here can be applied to the forestry case where CPSs do exist,
albeit infrequently. In this case CPSs may be objects such as rocks, tree trunks or
the double bounce between the trunk and ground that acts like a corner reflector.
The techniques described in this thesis aim to make forestry tomography more
accessible, for example to shorter wavelength systems, by allowing users to
more easily select CPSs in such scenes. CPSs can be detected as line of sight
measurements through the canopy to the ground. These signals may be
persistent over multiple acquisitions but due to small gaps in the canopy only
represent a single pixel. this emphasises the importance for CPSs for X-band
SAR over forest volumes.

The proposed method can be applied when the number of CPSs in the SAR
images can be said to be sparse. By selecting scatters that are coherent over time,
by applying the algorithm jointly over the images, CPSs are selected. In addition
these CPSs are calibrated by simultaneously autofocusing each image in the
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registered stack. This removes residual phase errors to allow for further
techniques, such as InSAR or tomography, to be applied. All of the above factors
will aid applying tomography to X-band, helicopter data, especially to a
decorrelating surface such as vegetation.

Figure 4.1 outlines the processing chain for selecting CPSs and then carrying
out tomography on the calibrated CPS pixels. By accounting for the sparsity of
the signal in the height domain compressive sensing approaches can be used to
reconstruct the height profile (as described in the following chapter) using
tomography techniques, as outlined by [102], [41] and [72]. The method
proposed here would allow for additionally exploiting sparsity to select CPSs as
a precursor to carrying out tomography using similar compressive sensing
based algorithms. Sparsity can be exploited when selecting CPSs when the
majority of pixels in SAR scenes, such as in non-urban areas, are not stable or
coherent over multiple passes. The number of CPSs in the SAR images can be
said to be sparse.

FIGURE 4.1: The processing chain for the tomography work. Start
with a stack of registered SAR images, taken from different passes
and different flight paths. CPSs (pixels that are coherent and bright
image elements over all passes) are then selected. These pixels are
used to autofocus the data in each 2D image using compressive
sensing. Then using compressive sensing tomography on each CPSs

pixel a height distribution can be determined.

Persistent scatterer interferometry is combined with tomography in [48]
where a persistent scatterer is considered to be a single point-like scatterer with
high temporal coherence over the whole image stack. An inherent limitation
associated with PSI in this sense is that since persistent scatterer pixels are a
single dominant scatterer within a resolution cell, pixels containing backscatter
from multiple scatterers are rejected. This research looks at selecting stable
scatterers from a different perspective, using higher order PSs. One reason for
this is the use of shorter time periods and higher resolution data, therefore there
are less scatterers within a given resolution cell. Additionally the use of
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helicopters results in a less stable platform and means that there are fewer
coherent pixels over the image stack. Thus CPSs are vital to obtaining a
tomographic solution. The novel method for selecting CPSs pixels by exploiting
sparsity, described in this chapter, does not reject pixels that contain more than
one point scatterer in a resolution cell if the contribution is coherent and stable
over the stack. This method is suitable for obtaining Dirac-delta functions (see
Figure 1.6) for the heights of scatterers instead of a full tomographic profile.

4.2 Problem Formulation

The following section describes the techniques used to select CPSs by exploiting
sparsity. To concurrently select pixels that are coherent and stable over all the
images along with calculating and removing the phase error associated with
each CPSs pixel, CS techniques are employed. The method expands on previous
autofocus work described in [19, 18, 20], expanding it to the multipass case and
jointly recovers phase errors for all images simultaneously. The research exploits
joint sparsity, discussed in [96] where the signals are presumed to be spatially
and temporally correlated. Joint sparsity with an IHT algorithm is outlined in
[97]. Here an IHT method is used, and a complete phase history for phase error
correction and determines the phase error for 2D multiple images
simultaneously. The greedy algorithm is not used at this stage to select CPSs due
to the computational expense required to run such an algorithm on large
datasets. The greedy algorithm is applied to the tomography case in the next
chapter since the problems contain much smaller amounts of data.

The problem formulation for selecting bright scatterers and obtaining the
autofocus solution over multiple 2D SAR images is as follows. The notation for
this section is adopted from [97]. The data acquisition for a stack of SAR images
can be modelled with each SAR image as a linear system discretised as given in
equation 1.14. The majority of pixels in each SAR image will have signals that
are as a result of random sub-pixel interference, however some are a result of
constructive interference, which produces bright, stable and coherent pixels [21].
Therefore each 2D SAR image can be split into two parts [18], as follows:

Xm = Xs,m + Xbg,m, (4.1)

The small number of bright scatterers in the mth image are given by Xs,m while
Xbg,m are the low reflectivity background pixels contaminated by noise. Xs,m
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contains ksparse non-zero elements. The bright pixels are sparse in the image
domain and therefore sparsity can be exploited to select these image elements
simultaneously over the entire stack. This can be taken one step further to
include the concurrent estimation of the phase errors associated with
uncompensated platform motion in each image for calibration. The SAR
observation model including phase errors can be written as:

Ys,m = diag{ejφm}ΦXs,m. (4.2)

In this equation Ys,m are the phase histories of the CPSs, Xs,m are the scene
reflectivities of the CPSs and φm are the phase errors. The diag term is a function
which returns a square diagonal matrix with the elements of vector ejφm on the
main diagonal and ejφm = [ejφm1 , ejφm2 , ...ejφmA ]T .

The problem of recovering φm and Xs,m from Ys,m is an ill-posed one, however
exploiting sparsity can be used to overcome this issue. Sparsity can be directly
used to correct phase errors for multiple 2D SAR images using the following IHT
method:

(φ̃m,Xs,m)n+1 = H(Xn
s,m + µΦH(Ys,m −Ψ(φ̃nm)ΦXn

s,m)). (4.3)

The observation matrix is taken here to be a 2D fast Fourier transform (FFT) with
ΦH being a 2D inverse FFT (IFFT). An FFT is used for the observation matrix
instead of back-projection due to computational efficiency. An FFT is valid as the
scene sizes are small and therefore it provides the correct estimate of the phase
error. For larger scene sizes, for example data collected from a satellite system,
a fast back-projection algorithm would be optimal for the observation matrix.
Ψ(φ̃) is a diagonal matrix containing the elements ejφ̃m , taken on the first iteration
to be the identity matrix. µ is a step size where µ >0. n is the nth iteration of
the iterative hard thresholding method and typically 20 iterations are sufficient
for convergence. H is the hard thresholding operator. This operator sets the
background pixels to zero by ordering the mean of each pixel over all the images
and keeping only the ksparse brightest pixels in each iteration. ksparse defines the
sparsity of the CPSs in the images.

Equation 4.3 can be solved by iteratively minimising the objective using a
single argument at a time and using joint sparsity. Initialising with X0

s,m being a
null matrix and Ψm = I, where I ∈ CA×A is the identity matrix. With φm fixed
and on odd values of n:
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Zn+1
s,m = |Xn

s,m + µΦH
m(Ys,m −Ψ(φ̃nm)ΦXn

s,m)| m ∈ {1, 2, ...,M}. (4.4)

A mean is taken over the data stack to define the hard thresholding operator:

Wn+1 =
1

M

M∑
m=1

Zn+1
s,m . (4.5)

A set of indices are defined:

Γn = {indices of ksparse largest coefficients of Wn+1}. (4.6)

The pixel addresses in Γn represent H . The hard thresholding operator is
defined as a nonlinear operator that sets all indices to zero except those included
in Γn. Scatterers that are variable in amplitude and phase, or that are only
present in certain acquisitions have larger error terms and are set to zero by the
hard thresholding operator. The hard thresholding term does not rely on
coherence between the passes as heights are not calculated at this stage. The
thresholding operator and error term calculated ensures that only scatterers that
are present in all acquisitions alongside having stable amplitude and phase are
selected as CPSs. Then Xn+1

m can be estimated:

Xn+1
s,m = HΓn(Xn

s,m + µΦH(Ys,m −Ψ(φ̃nm)ΦXn
s,m)) m ∈ {1, 2, ...,M} (4.7)

With the estimated value of Xs,m fixed and on even values of n, φm can be
estimated:

φ̃n+1
m = arg max

φ̃m

2<{YH
s,mΨ(φ̃nm)ΦXn

s,m}, (4.8)

which has a direct solution:

φ̃n+1
m = −∠{YH

s,mΨ(φ̃nm)ΦXn
s,m} (4.9)

In this equation ∠x = [∠x1,∠x2, ...,∠xA]T . This process is repeated until n = N .
Contrary to conventional autofocus techniques such as phase gradient

autofocus [71] this algorithm can correct phase errors during image formation.
Classical autofocus methods indirectly use sparsity to correct phase errors.
Knowledge of the approximate number of CPSs (ksparse) in a given scene is
required for the CS routines. The knowledge of the phase errors are used to form
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focused SAR images for each acquisition. Taking just the CPSs into account can
aid in tomography using further CS routines.
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FIGURE 4.2: Simulated SAR image containing scatterers placed in
the form of the Selex ES logo. Quadratic and sinusoidal phase errors
were added to simulate platform motion. Multiple acquisitions of

the same synthetic scene were produced. Colourbar units are dB.

4.3 Simulated Data

To test the CPSs selection and autofocus algorithm ten multipass spotlight SAR
images were simulated for a scene of interest using the fast SAR simulator
described in Section 2.4. The simulated platform is at X-band and the scene has
2m resolution. The scene contains constant amplitude point targets with
Gaussian white noise added. Platform motion errors were simulated using
quadratic phase errors, in the form:

φm = Eph

((npulse − 1)

Npulse

)2

. (4.10)

Where Npulse is the number of pulses, npulse runs between 1 and Npulse and Eph is
an integer that controls the magnitude of the phase error, taken here to be 50 on
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FIGURE 4.3: CPSs selected from the simulated SAR image stack
after the multipass compressive sensing autofocus solution has been

applied. Colourbar units are dB.

the first pass. Different motion errors were added to each acquisition. The data
is simulated to have an elevation aperture of 90m over the total of ten images.
Figure 4.2 shows one of the simulated SAR images with the added quadratic
phase error. The multipass CS autofocus algorithm was applied to select the
stable, coherent pixels present in all passes and to recover and account for the
quadratic phase error. The pixels selected as CPSs are shown in Figure 4.3.
Figure 4.4 illustrates the applied and estimated quadratic phase error terms for
one of the simulated passes. The multipass CS autofocus algorithm accurately
estimates the quadratic phase errors. The final recovered phase errors still have
a small constant phase estimate error due to the problems inherit ambiguities as
determined in [19].

To further test the autofocus algorithm sinusoidal phase errors were added
to a simulation including point targets, again ten acquisitions were simulated.
Sinusoidal phase errors are given by:

φm = Eph sin(fphnpulse). (4.11)

Where Npulse is the number of pulses, npulse runs between 1 and Npulse, fph
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FIGURE 4.4: The solid black line shows the unwrapped applied
quadratic phase error for the first pass of the ten simulated SAR
images. The dotted blue line represents the phase error recovered
from the multipass compressive sensing autofocus solution. The

phase error was derived from equation 4.10.
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FIGURE 4.5: The solid black line shows the unwrapped applied
sinusoidal phase error for the third pass of the ten simulated SAR
images. The blue crossed line represents the phase error recovered
from the multipass compressive sensing autofocus solution. The

phase error was derived from equation 4.11
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FIGURE 4.6: The solid black line shows the unwrapped applied
sinusoidal phase error for the last acquisition of the ten simulated
SAR images. The blue crossed line represents the phase error
recovered from the multipass compressive sensing autofocus

solution. The phase error was derived from equation 4.11.
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controls the frequency of the sine wave and Eph is an integer that controls the
magnitude of the phase error. Sinusoidal phase errors spread energy from
targets into the sidelobes compared to quadratic phase errors which mainly
spread the main beam. Figures 4.5 and 4.6 show added and retrieved phase
errors from the compressive sensing autofocus algorithm applied to simulated
data and prove the successfulness of the algorithm. Figures 4.5 and 4.6 illustrate
the robustness of the multipass autofocus algorithm. Conventional autofocus
techniques, such as phase gradient autofocus, can struggle to recover high
frequency sinusoidal phase errors. Sinusoidal phase errors produce repeats of
the impulse response, which can be outside the window required for phase
gradient autofocus. In realistic scenarios sinusoidal phase errors tend to have a
smaller amplitude compared to quadratic errors.

4.3.1 Phase Error Recovery Quality
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FIGURE 4.7: The phase error between the phase added into the
simulation and the phase recovered, in radians, against the number

of scatterers selected (ksparse) for pulse number 300.

Figure 4.7 shows the phase error between the phase added into the simulation
and the phase recovered, in radians, against the number of scatterers selected
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(ksparse) for pulse number 300. The most accurate phase recovery occurs when
the number of CPSs is between 200 and 400, which is relative to the number of
scatterers present within the scene. This value will change with depending on the
amount of scatterers within a scene and the scene size. This result is significant
as the user has to decide on a suitable value for ksparse. This will be dependent on
the total on the total number of pixels in the SAR image. A rule of thumb is to
take ksparse to be <20% of the total number of pixels. This will however depend
on the targets within the scene. For example, if the scene is of an agricultural site
then fewer CPSs will be expected when compared to an urban scene.

4.4 GOTCHA Dataset

Using the publicly available GOTCHA dataset [17] the successfulness of the
proposed method for selecting CPSs is shown as there is prior knowledge of the
scene. The dataset includes eight multiple 360◦ circular passes of a car park. A 3◦

subset of all available passes for the multipass case of the GOTCHA dataset was
used to produce the image shown in Figure 4.9. The dataset includes many
corner reflectors and cars making it a good test of the selection method as there
should be many CPSs present. When applying the CPSs selection technique a
decision has to be made on how sparse the CPSs are in a given image. The
selection algorithm initially selects the top hat corner reflector as stable, coherent
scatterers, as shown in Figure 2.16. Overall 2000 CPSs are selected, these mostly
include the corner reflectors and cars. The cars in this dataset are stationary over
all passes and therefore can be included in the CPSs selection.

4.5 Comparison Algorithms

As a comparison persistent scatterer algorithm an amplitude analysis was carried
out to select stable and coherent scatterers, as described by [10] and in Section
1.3.1, on the GOTCHA dataset. Figure 4.9 shows the scatterer pixel selection from
this amplitude analysis, where the dispersion index is set to 0.15. It is clear from
Figure 4.9 that many more pixels that are not corner reflectors or cars are chosen
as stable and coherent pixels using the amplitude analysis method, this is counter
intuitive. As CPSs pixels are stable and coherent over the multiple passes areas
such as the grass in the GOTCHA dataset should contain very few CPSs pixels.
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FIGURE 4.8: The CPSs chosen from exploiting the joint sparsity
algorithm defined in equations 4.1- 4.9 from 3◦ of the GOTCHA

dataset.
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FIGURE 4.9: The CPSs chosen from amplitude analysis from 3◦ of
the GOTCHA dataset using the algorithm of [10].



4.5. Comparison Algorithms 85

The method of exploiting sparsity is therefore a more robust method for selecting
CPSs.

A second selection method that was used for comparison is the single look
SAR tomography as an add on to PSI method described in [11]. This method
was chosen as a comparison due to its currentness and similarity to the
orthogonal least squares (OLS) method, as will be discussed in the next chapter.
This method analyses the signal over the image stack for each pixel and decides
if the pixel is a single scatterer, double scatterer or just contains noise. This is
defined mathematically as three hypotheses:

H0 : x = e, (4.12)

H1 : x = γ1a(p1) + e, (4.13)

H2 : x = γ1a(p1) + γ2a(p2) + e. (4.14)

In these equations x is the single look complex vector for a given azimuth-range
pixel, formed after each image has been produced separately. γ represents the
scatterer reflectivity. a(p) is the steering vector, produced from platform positions
to each possible height on the ground, for each acquisition. The subscripts 1 and
2 represent the first and second scatterers respectively. The reflectivity estimated
with beamforming is given by:

γ̂(p) =
1

M
aH(p)x. (4.15)

In the above equation γ is the complex reflectivity andM is the number of images
or length of x. Assuming at least one scatterer is present:

p̂1 = arg max
p

(|γ̂(p)|). (4.16)

The estimated energy of the first scatterer is given by:

Ê1 =
|γ̂(p1)|2
‖x‖2

(4.17)

If a second scatterer exists within the same pixel then the second peak of the
estimated reflectivity can be detected. To avoid sidelobes being falsely detected
the estimated backscatter of the first scatterer is subtracted from the single look
complex vector, x. Then the second scatterer is searched for by applying inversion
on the difference, given by:
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xc = P⊥1 x, (4.18)

with

P⊥1 = IM −
a(p̂1)aH(p̂1)

M
. (4.19)

In this equation IM is the identity matrix of length M . The parameters for a
second scatterer can be estimated using the following beamforming based
maximisation:

p̂2 = arg max
p

( aH(p)xc
‖P⊥1 a(p)‖

)
. (4.20)

The estimated energy of the second scatterer is given by:

Ê2,c =
|uHc xc|2
‖xc‖2

. (4.21)

With

uc =
P⊥1 a(p̂2)

‖P⊥1 a(p̂2)‖ . (4.22)

To determine the number of scatterers present (if any) the authors used a
sequential generalised likelihood ratio test with cancellation. The first step is to
test whether a pixel is a double scatterer or not. If the energy of the second
scatterer is above a given threshold T2 then the pixel is selected as a double
scatterer. If the energy of the second scatterer is below T2 then the H1 hypothesis
is tested. If the energy of the first scatterer is larger than T1 then the pixel is
selected as a single scatterer. If the energy of the first scatterer is lower than T1

then no scatterer is detected. The authors in [11] take T1 = T2 = 0.4. This method
was applied to the GOTCHA dataset. Most CPSs in the GOTCHA dataset
appear as single scatterers. This is illustrated in Figure 4.10. The plot of E2

values show noise, meaning that most scatterers are single scatterers, as shown
in Figure 4.11. Figure 4.12 shows the pixels selected within the GOTCHA dataset
using the single look SAR tomography as an add on to PSI method. Many CPSs
chosen using this method are not over the cars but on the grass area. The corner
reflectors are selected well with this method, as with the method described for
this research.
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FIGURE 4.10: Energy of first scatterers in each pixel of the GOTCHA
dataset using the algorithm of [11]. The colourbar represents the

normalised energy of the scatterers.

4.6 Selex ES Data

Additionally the CPSs detection and autofocus algorithm was applied to
airborne, X-band SAR data collected by Selex ES’s AEXAR system. Figure 4.13
shows one acquisition from a 1m resolution collection of the quarry site. Four
acquisitions were collected in total and 10000 CPS were selected. The detection
algorithm was applied and the image is shown in Figure 4.14. The majority of
pixels selected are located on fences or rocks, as would be expected. Airborne
data in particular has non-ideal platform motion and errors in the motion
measurement. When comparing multiple SAR images from airborne data these
phase errors can become substantial, especially for tomography techniques. By
selecting and focusing CPSs much of these errors can be overcome.

4.7 Discussion

Exploiting sparsity leads to a robust method for selecting CPSs. The CPSs
selected within the GOTCHA dataset show the successfulness of the algorithm.
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FIGURE 4.11: Energy of the second scatterers in each pixel of
the GOTCHA dataset using the algorithm of [11]. The colourbar

represents the normalised energy of the scatterers.

The first CPS selected is the location of the top-hat corner reflector within the
scene which is stable and coherent over the data collection period. Other objects
selected as CPSs are cars which do not move across the acquisitions. Corner
reflectors within the scene are also detected as CPSs. The PSI add-on to
tomography method [11] also selects the top-hat corner reflector as a CPSs,
however most of the cars are not selected as CPSs. The majority of CPSs
detected from this method are located over grass/vegetation areas in the top
half of the image which appears to contradict what would be expected.
Furthermore some CPSs are selected over the road.

The method produced for this work was applied to real data collected from
Selex ES’s PicoSAR over an area including fields, a road, a train track and some
buildings. Exploiting sparsity to select CPSs detects stable and coherent scatterers
over the buildings, train track and fences. Fences provide strong backscatter and
are stable over time, resulting in many CPSs.

Figure 4.7 shows the phase recovery error versus the number of scatterers
selected as CPS (ksparse). This plot shows that the user has to carefully select the
number of scatterers selected to produce the best error estimate.
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FIGURE 4.12: CPSs in the GOTCHA dataset selected by the single
look SAR tomography as an add on to PSI method, the algorithm of

[11].

FIGURE 4.13: One acquisition from the AEXAR SAR system.
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FIGURE 4.14: The CPSs chosen from the Selex ES data using the
compressive sensing algorithm.

4.8 Summary

This chapter introduced the CPS, defined as a coherent pixel that is stable over
relatively short timescales within a stack of SAR images. Such scatterers were
detected by exploiting sparsity. The method described also allowed for
simultaneous autofocusing of the CPSs over the image stack. The number of
CPSs has to be suitably chosen to give the most accurate autofocus output, as
illustrated in Figure 4.7. Choosing stable and coherent scatterers in this manner
can aid tomography as these pixels will provide the best height estimates.
Overall concepts from compressive sensing [103] were used to concurrently
select CPSs pixels and to calculate the phase errors present in each CPSs and
remove them. The techniques described were applied to simulated data, data
from the GOTCHA dataset as well as data collected from Selex ES’s airborne,
X-band SAR system. The outlined method for selecting CPSs is successful as it
allows for fast detection of stable scatterers alongside calibration for future
processing. The algorithm was compared to an amplitude thresholding method
for selecting stable and coherent scatterers. Overall the sparsity algorithm found
fewer false detections. The CS algorithm was compared to a method described
in [11], however it was found that this approach lead to pixels being detected as
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CPSs that seemed contrary to expectation.
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Chapter 5

X-band SAR Tomography for Forest
Volumes

5.1 Aim and Introduction

The key aim of this chapter is to determine if below forest canopy and line of
sight ground signals can be detected using X-band airborne SAR data collected
from a new generation of compact radar sensors. SAR tomography, an extension
of InSAR, is used extensively to obtain height information for multiple scatterers
located within a single pixel in a stack of multipass SAR images [36, 46, 47, 42].
Literature on airborne X-band tomography for forestry is rare. Most either
consider X-band tomography over urban areas as in [104] or use different
frequencies and full polarisation as in [91]. This chapter discusses if new
tomography techniques using compressive sensing can aid X-band, airborne
tomography. By combining these new processes with short wavelength data,
which is known to penetrate the canopy very little, and very high resolution
imagery it can be determined under which conditions ground signals can be
detected.

Forest heights are vital for improving vegetation mapping efforts, alongside
the extraction of ground DEMs in vegetated areas. Therefore any information
that can be gained from a new generation of compact SAR systems using new
algorithms will aid in this effort. If signals can be detected below the forest
canopy at X-band with airborne data the technique could yield even better
results from satellite systems. If a coherent contribution from the ground under
a forest canopy or a direct line of sight to the ground with airborne, X-band, HH
polarised data can be found then many more may be possible with satellite, fully
polarimetric data. The Global Ecosystem Dynamics Investigation Lidar (GEDI)
will be placed on the ISS by 2019 with the aim of providing high resolution
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observations of vertical forest structure, however it will not provide global
coverage. If SAR tomography can be used to find ground measurements on a
scale finer than this it will be a great addition to the knowledge of forest
structures globally.

For this research simulated data is used for tomography as there is not
enough SAR acquisitions with high enough coherence and the correct baselines
for the required ambiguity and resolutions to successfully use the helicopter
data. Simulated data allows for analysis of what will result in successful
tomographic profiles. For example many variations of flight paths can be
modelled to determine the most effective combination and different amounts of
motion errors can be added to understand what effect the motion has on the
tomographic outcome. A sensitivity analysis is performed for the effects of
typical SAR parameters, data collection and forest layout on the tomographic
result. Multiple images based on what would be acquired by Selex ES’s PicoSAR
are simulated, building on previous studies where real InSAR was carried out
with helicopter data, as described in Chapter 4 [105]. By using helicopter data
the outcome of tomography from a less stable platform was analysed. Simulated
data is required to trial what will be successful with X-band, airborne
tomography, therefore a forestry simulator was developed along with the SAR
simulator described in Section 2.4. The simulator allows for data to be produced
that was not available from the system, thus allowing to analyse new situations
that are otherwise impossible. This type of modelling aids future work with
airborne systems as it shows what possible outcomes are and what should be
focused on for future studies.

The processing chain applied is shown in Figure 4.1. Starting with a stack of
registered SAR images CPSs are selected by exploiting sparsity, as described in
Chapter 4. Compressive sensing tomography is then applied to these pixels to
gain a height distribution. The scatterers are considered to be stationary in the
scene and only single look SAR images are considered. The typical set up for
tomography is illustrated in Figure 1.5. There are many parameters that can
affect the outcome of tomography. The main parameters are: the incidence angle
of the system, motion errors of the platform, the spacing of the flight paths, the
resolution of the SAR images, the extinction coefficient of the forest, an
understory, crown and ground reflection coefficients, a non-flat ground, the
shapes of the trees and the tree density. To analyse the main effects of altering
these large system parameters a basic forest model is first presented. This
approach is similar to that described in [7] where the authors look at the effects
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of different parameters on the height output from InSAR. This allows for
changes to be easily identified and to check that the main principles of the
simulation are working correctly. A forest with trees all at the same height is
used to identify parameters that present the largest contributions to the
tomography outcome.

5.2 Compressive Sensing Tomography

SAR tomography calculates a height profile for coherent azimuth-range pixels,
i.e. pixels that coherent and stable over time. Taking just the CPSs into account,
as described in the previous chapter, vertical heights for scatterers in each
azimuth-range CPSs pixel can then be determined using further compressed
sensing routines. It is assumed that the number of scatterers in each pixel along
the height domain is sparse. By exploiting sparsity the elevation profile can be
said to be ksparse sparse, where ksparse is the number of non-zero elements in the
profile. The problem formulation is as follows:

xs = Ap + e, (5.1)

xs is the complex column vector for a given azimuth-range pixel over M

acquisitions. e is a column vector containing the noise for a given azimuth-range
pixel over multiple acquisitions. A is composed of multiple steering vectors and
p is the vertical distribution of scatterers in the elevation domain which is to be
determined. e is the noise term. The objective is to retrieve the height profile for
each CPSs pixel by exploiting sparsity.

On each iteration of the algorithm the residual error term, given by:

xs −Apn, (5.2)

is backprojected or multiplied by AH to acquire the signal:

qn = AH(xs −Apn). (5.3)

Taking the largest peak in qn on each iteration, the atom that the peak corresponds
to is added to the set to give:

Γn+1 = Γn ∪ arg max
i
‖qni ‖. (5.4)
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The updated estimate of the signal is calculated by:

pn+1 = (AH
Γn+1

AΓn+1)
−1AH

Γn+1
xs. (5.5)

This process is carried out until it meets a given stopping criteria. The above
method is the greedy forward regression technique; orthogonal least squares
(OLS) [106]. OLS has been shown to work well in noisy environments and has a
convenient stopping criteria [107]. The parameter used in the stopping criteria,
χ, is the critical value of the chi-squared distribution with one degree of freedom
for a given level of confidence. Chen et al. [106] proposes χ = 4 for a confidence
level of 0.05. Mulgrew et al. [107] suggests χ = 8 which is chosen here. The OLS
method can be applied to reconstruct height distributions as the data set at each
pixel is relatively small.

The second algorithm that was used for comparison was an iterative hard
thresholding technique [74]. The height distribution is reconstructed by iterating
over the following:

p[n+1] = Hλ(p
[n] + µAH(xs −Ap[n])). (5.6)

In this equation Hλ is the hard thresholding operator that sets elements to zero if
below a given threshold. This hard thresholding operator is different to the one
discussed in the previous chapter for selecting CPSs. In the tomography case the
hard thresholding operator is only applied to a single dataset at once, which is
the phase histories for a single pixel over the image stack. µ is the step size, taken
here to be µ = 0.3. The number of iterations used for this research N was 25,
however it was found that under most conditions N = 15 was sufficient.

5.3 Single-Look SAR Tomography as an Add-On to

PSI

Single-look SAR tomography as an add-on to PSI, as described in [11], was also
used to compare results from the simulated forest data. This algorithm is
outlined in Section 4.5. It uses a single look beamforming method to determine
the estimated reflectivity using:

γ̂(p) =
1

M
AH(p)x. (5.7)
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In this equation γ is the complex reflectivity and M is the number of images or
length of x. For each pixel, the position and energy of the first scatterer is
determined from equation 5.7 and subtracted from the original signal. Then a
second scatterer is searched for. Coherent and stable pixels are selected by
thresholding the energies calculated for the first and second scatterers.

5.4 Advantages and Disadvantages of Tomography

Tomography requires more acquisitions and hence more data than InSAR but
can provide more information on scatterers located within a pixel. To illustrate
the outcomes of tomography the simulated Selex ES logo has been utilised as
described in Section 4.3. The example SAR image here contains more scatterers
within the Selex ES logo and so do not appear as point scatterers. Figure 5.1
illustrates a simulated SAR image containing scatterers arranged in a Selex ES
logo. Scatterers are placed between 2m and 4.5m in height and 45 passes were
simulated, with baselines at 4m apart and covering a large aperture of 180m.
This number of passes is unrealistic but it highlights the best case scenario
capable from tomography compared to InSAR. No errors were added to the
scatterers at this stage. The coherence plot between two of the passes is shown in
Figure 5.2. From this plot there is extremely high coherence over the scatterers
due to the lack of decorrelation added to the simulation. An interferogram was
produced between two of the simulated images, shown in Figure 5.3. The phase
over the scatterers is constant, this shows the major limitation of InSAR at
X-band: it finds the height of the top scatterer and there is no information
regarding scatterers underneath if located within the same pixel. A typical
steering vector for calculating the tomography solution is shown in Figure 5.5.
Figure 5.4 shows the CPSs selected and the heights determined from the
tomography algorithm. The heights found were located between 2-4.5m as was
simulated. This ideal scenario (with many passes and no noise or decorrelation)
shows the advantage of tomography over InSAR, in that you get information on
more than one scatterer located within one pixel. Using real observations would
not produce such perfect results as illustrated in Figure 5.4 due to a reduced
number of acquisitions, navigational errors, noise and decorrelation to name a
few issues. Additionally the cost of tomography is more computational
expensive alongside many more acquisitions needed than just the two SAR
images required for standard InSAR processing.
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FIGURE 5.1: Simulated SAR image containing scatterers arranged in
a Selex ES logo. Scatterers are placed between 2-4.5m in height.

5.5 Forestry Simulator

To analyse the effects of different parameters on tomography over vegetated
surfaces, a forestry simulator was developed for this research. The forest
simulator is based on the Polarimetric Radar Interferometry Simulator (PRIS)
[108]. The aim was to characterise the vertical distribution of radar reflectivity
from a forest volume in a more representative way than a simple, uniform,
homogeneous layer of random volume scattering. The three dimensional
location and shape of the trees are important for realistic modelling [109, 110]
and this is included within PRIS. Individual tree architecture also has an impact
on localised vertical reflectivity [111] but it is difficult to model with sufficiently
high accuracy and requires specific information on tree architecture. Tree
architecture is therefore not modelled here.

The model simulates multipass, X-band backscatter images for a specified
forest with varying flight paths, baselines and incidence angles. This process is
split into two parts: the forest simulation and the radar simulation. This section
describes the forest simulator. The canopy is modelled as a homogeneous
volume [62] but with crown shape, either ellipsoid or cones. Crown volume is
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FIGURE 5.2: Coherence plot between two simulated Selex ES logo
images. No noise is added to the scatterers at this stage as
the aim here is to shown differences in outcome between InSAR
and tomography. The colourbar represents coherence which lies

between 0 and 1 and is unitless.

modelled as randomly distributed scatterers with homogeneous number
density, scattering and extinction (represents loss from both absorption and
scattering) properties. Extinction parameters were selected based on previous
studies. In [90] the authors use an extinction value of 0.4Np.m−1 for X-band. In
[67] the authors use 0.3Np.m−1. As will be discussed in section , extinction does
not play a huge role in the simulations used in this study due to the canopy
being relatively thin. When the size of the scatterer is small in comparison to the
wavelength (λ=0.03m for this research) it is assumed that the electromagnetic
field is constant across the scatterer [25]. The rest of the 3D forest volume is
modelled as either a gap, trunk (modelled as a cylinder of homogeneous
scattering elements), or ground surface (which can be modelled as flat or
sloped).

Scattering from vegetation comes in the form of single and double scattering.
Single scattering can be from ground, trunk or crown interactions. Double
scattering can be trunk-ground, crown-ground or crown-crown scattering. For
single scattering the total single scattering coefficient with incident field
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FIGURE 5.3: Interferogram produced from two simulated SAR
images. The phase is flat over the scatterers since InSAR finds the
height of the top scatterer. The colourbar shows the phase in radians.
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FIGURE 5.4: Heights determined from tomography carried out on
the CPSs. However, using real observations would not produce such
perfect results due to a reduced number of acquisitions, navigational

errors, noise and decorrelation to name a few issues.
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FIGURE 5.5: Typical steering vector for tomography on simulated
data.

polarisation q and scattered field polarisation p (note for this work only HH
polarisation is considered) is given by [112]:

σospq = σspq + σcpq + σtpq. (5.8)

Where σspq is the surface scattering coefficient, σcpq is the crown scattering
coefficient and σtpq is the trunk scattering coefficient.

The double scattering that takes place in vegetated areas is given by [112]:

σodpq = σpq(c↔ g) + σpq(t↔ g) + σpq(c↔ c). (5.9)

σpq(c ↔ g) represents the crown-ground interaction, σpq(t ↔ g) is the trunk-
ground term and σpq(c ↔ c) is the crown-crown double scattering term. For
X-band radiation the crown-crown term is the most important as the signal does
not easily reach the ground.

To characterise the tree size variation a power law distribution was used to
represent the variation of crown diameters for the number of trees in the scene
(between the maximum and minimum crown diameters). A circle packing
algorithm [113] was used to place the trees at random horizontal (x, y) positions
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in the scene using the diameters defined by the distribution, giving more smaller
trees and fewer larger ones, as expected in a natural environment. The circle
packing function first places the largest trees in position to maximise
computational efficiency and no circles are allowed to overlap. A typical output
from the circle packing algorithm is shown in Figure 5.6. This forest scenario has
many gaps and is of medium density.
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FIGURE 5.6: A typical output from the circle packing algorithm.
Trees are not allowed to overlap.

The amplitude of the backscattered signal from a vegetated volume is as
follows [114]:

< γamp(x, y, z)γamp(x, y, z)∗ >= KVNV σbSbinary(x, y, z)e−2
∫ r
0 NV σeSbinary(x,y,z)dr,

(5.10)
where γamp(x, y, z) is the backscattering amplitude, NV is the number of particles
per unit volume (m−3), KV is the radar equation constant, σb is the particle
backscattering cross section (m2) and σe is the particle extinction cross section
(m2). Sbinary(x, y, z) is the 3D binary forest structure function where:
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Sbinary(x, y, z) =

{
1 inside a crown volume
0 outside a crown volume.

(5.11)

Assuming that NV , σb and σe are constant inside each crown then:

σV = NV σb, (5.12)

where σv is the backscattering coefficient and

α = NV σe. (5.13)

Where σe is the extinction coefficient. Backscatter coefficients were chosen to
given realistic normalised radar cross section across the forest canopy, taken
from [115] for an X-band system. Calibrated backscattering measurements are
taken from literature for terrain types such as trees, grasses, shrubs, short
vegetation and road surfaces.

If an ellipsoidal boreal tree type is selected the following allometric equations
(equations relating typical dimensions of trees to other properties) are used [116]:

rcrown =
7.95× dbh + 1.2

2
, (5.14)

hcrown = 24.08× dbh + 7.21, (5.15)

htree = 47.95× dbh + 5.21. (5.16)

Where rcrown is the radius of the crown, dbh is the diameter at breast height, hcrown
is the height of the crown and htree is the height of the tree. All parameters are in
meters. If a conical boreal tree type is selected then the following equations are
used to calculate tree height, trunk height and crown diameter.

htree = 4.4rcrown − 2.2, (5.17)

htrunk = 0.25htree, (5.18)

hcrown = htree − htrunk. (5.19)



104 Chapter 5. X-band SAR Tomography for Forest Volumes

Where rcrown is the radius of the crown, hcrown is the height of the crown, htrunk
is the height of the trunk and htree is the height of the tree. All parameters are in
meters. If a tropical forest is required then the following allometric equations are
used. The equations are taken from [117, 118, 119, 120]:

htree = 4.871(100× dbh)0.4407, (5.20)

rcrown = 2(3.1583 + (0.1766(100× dbh))). (5.21)

Where rcrown is the radius of the crown, dbh is the diameter at breast height and
htree is the height of the tree. All parameters are in meters. For information on
relationships between dbh and biomass see [7].

Trunks are modelled as cylinders, placed in the horizontal positions defined
by the circlepacking function. All voxels within the trunk are set to the trunk
backscatter coefficient. The tree trunk double bounce in line of sight of the
platform is modelled as the radar cross section from an ideal corner reflector
[121], given by:

σ =
4πa2

λ2
, (5.22)

where a is the projected area of the reflector in the direction of incidence. This can
be written as:

a = 2htrunkWsinθ. (5.23)

The double bounce backscatter coefficient is placed on the ground plane in the
voxel that is at the central edge of the trunk closest to the radar, and undergoes
attenuation in both the incident and return paths. Crowns are added as solid
ellipsoidal or conical volumes defined by the crown backscatter coefficient.

Once the forest voxels were generated they were rotated into the slant-range
(antenna) coordinates by rotating the voxel array through the angle of incidence.
The reflectivity was then determined in the rotated reference frame as this
allows clear inclusion of attenuation (factored through range columns) since it
allowed for the path length travelled through the forest canopy to be easily
calculated. Once extinction was accounted for, the array is rotated back into
azimuth, ground distance, height coordinates to be input into the radar
simulator. The overall forest simulation can be parametrised by mean height,
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TABLE 5.1: Parameters for characterising typical forests.

Mean Height (m) AGB Stems/ha Understory
(Mg ha−1) (>30cm dbh)

Young Boreal <10-15 50-120 <10 Medium
Mature Boreal 15-25 120-160 >20 Scarce
Secondary Tropical <22 <150 <30 Medium-High
Mature Tropical >22 >200 >30 Scarce

above ground biomass, the number of stems per hectare (above 30cm dbh) and
the classification of understory. Typical parameters are shown in Table 5.1.

5.6 Simulated Data Tomography

To examine the usefulness of X-band, airborne tomography over vegetation
many different types of forests were produced and inserted into the SAR
simulator with different input parameters (such as incidence angle, flight paths,
number of passes). The phase history was produced for many acquisitions from
the SAR simulator developed for this research. The images were constructed
using a two-dimensional Fourier transform. This is valid due to the small scene
sizes. For larger scenes the polar format or back-projection algorithms would be
required. Registration is accounted for within the SAR simulator. Autofocus is
not required as the phase errors added into the simulation assume autofocus has
been carried out and therefore represent the residual phase errors. The stack of
simulated SAR images were inserted into the tomography algorithm to calculate
a height distribution for each CPSs pixel. For this analysis a very basic forest
was produced so that differences in the tomography solution could be easily
identified. This technique allowed for one parameter to be altered at a time as to
clearly compare the outcomes. The simple forest was made up of approximately
200 tree stands in one hectare, with all the trees having the same overall height
(24m) and a range of canopy depths (2-4m), a typical simulated SAR image of
this forest is shown in Figure 5.7. Having all trees at the same height is not an
unreasonable assumption for coniferous forests. In this example there is no
decorrelation or motion errors added to the data. As the canopy was relatively
thin extinction did not play a large role in the heights extracted from
tomography, however was still accounted for. Typical extinction factors at
X-band were obtained from previous studies [115, 90, 67]. A range of extinction
values were tested. Extinction has a greater effect when the canopy is thicker
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and is obscuring the ground. In this case the radiation has more to penetrate and
hence less ground returns are detected. For the plantation scenarios where the
ground is flat the zero level is taken to be the ground height, this would be
known from the scene centre position in the header information from PicoSAR
or AEXAR. For scenarios with sloped ground the zero level is taken to be 5m
below the ground height.
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FIGURE 5.7: One of the multipass simulated SAR images of the basic
forest volume. For this forest scenario all the trees were set with a

height of 24m.

A note on the terminology of CPSs in the next sections. When no decorrelation
or motion errors are added to the forest scene, parts of the vegetation can be
considered CPSs. Once decorrelation is accounted for then trunks, ground or
corner reflectors on the surface are more likely to be CPSs as these objects are
more stable over time. In the following simulations 2000 CPSs are detected in
each stack of multipass SAR images; this is approximately 1% of the total number
of pixels per image.

5.6.1 Height Resolution

Before running the tomography algorithm on whole forest scenes it has to be
shown to distinguish two scatterers in height. Simulating 90 passes with point
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TABLE 5.2: Forestry simulation parameters

Ground Reflectivity -6dB
Canopy Reflectivity -8.5dB
Tree height 24m
Tree shape Ellipsoidal
Ground slope 0
Tree density 200 stands/hectare

Extinction coefficient 2-4dB/m

TABLE 5.3: SAR simulation parameters

Number CPSs 2000
Image resolution 0.2m range, 0.5m azimuth
Platform height 1700m
Wavelength 3cm
Baselines 2m, 4m or coprime spacing
Range 6km
Lookdown angle 15◦

targets and no decorrelation or motion errors allows for analysis into the
resolution of the tomographic profile in height. From Equation 1.10 the
resolution of the system in the z domain is 0.5m. Two point targets were added
to be located within one pixel at 2m and 15m. The target at 15m was set to be
32dB brighter. Figure 5.8 shows the outcome from the greedy tomography
algorithm. The scale on the y-axis represents the ambiguity of the system. The
second target is detected by the greedy algorithm even in the presence of noise
as it is stable over all passes. This scenario is the limit of the ratio of target
reflectivities for both to be detected by the tomography technique. A second
scenario was simulated where two targets were placed 1m apart in the
z-direction with the same reflectivity. The tomographic result for this scenario is
shown in Figure 5.9. This section illustrates that two scatterers located in the
same pixel can be detected with the compressive sensing algorithms and
therefore scatterers below the canopy should be able to be identified.

5.6.2 Flight Paths

The fast SAR simulator uses typical parameters from PicoSAR. A depression
angle of 15◦ was used which is slightly larger than that used by PicoSAR but is
still much less than typical angles used by satellite systems. This highlights one
of the main differences between the airborne and satellite platforms. The flight
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FIGURE 5.8: The outcome of the greedy tomography algorithm with
two point targets located within the same CPSs pixel. The target at

15m was set to be 32dB brighter than the target at 2m.

paths considered had to allow for suitable resolutions and ambiguities from the
tomography solution, described in Section 1.3.1. For this simulation a typical
platform height of 1700m and a range of 6000m with 90 passes spaced at 2m
apart provides a resolution of 0.5m in the height domain and an ambiguity of
50m. This perfect scenario allows for a perfect retrieval of the tomographic
profile. Reducing the flight paths from 2m apart to 4m gives the same result, as
shown in Figures 5.10 and 5.11. From this profile approximately 200 more CPSs
are detected at the canopy height. The canopy is detected at 20m and the ground
and 0m. The canopy is detected at 20m instead of 24m due to the canopy being
modelled as ellipsoidal and there being a small amount of penetration through
the canopy at X-band.

It is clear that 45 or 90 passes is unrealistic for an airborne system, therefore to
achieve the required resolution and ambiguity coprime sampling (baselines set
using prime numbers) is utilised. If such techniques were applied to spaceborne
systems it is more reasonable to assume more acquisitions. Coprime sampling
reduces the number of passes to 10, the flight paths for coprime sampling are
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FIGURE 5.9: The outcome of the greedy tomography algorithm with
two point targets located within the same CPSs pixel. The targets

have the same reflectivities and are spaced at 1m apart.

shown in Figure 5.12. Using coprime sampling more false detections are seen
however the overall height of canopy and ground is still clear, see Figure 5.13.
Coprime sampling results in 22% more ground points being detected than the
4m baseline approach. This figure highlights the brightest scatterer detected in
each CPSs pixel. The motion error noise mainly affects the heights detected for
the smaller scatterers within each CPSs pixel.

Reducing the total span of the flight paths decreases the resolution. It was
found that decreasing the span to 40m gave a resolution of 2.4m and was not
suitable for finding an accurate tomographic profile. A baseline span of 80m
results in a resolution of 1.2m. This set up results in mainly detecting ground
and again is not suitable. A large enough span is needed to get fine enough
resolution but also have enough passes so that the ambiguity on the ground is
great enough to detect the height of the forest. Coprime sampling appears to be
the best solution to achieve suitable resolution (0.5m) and ambiguity (30m) along
with fewer baselines. Overall changing the baseline changes the amount of points
that are detected under the canopy. Figure 5.13 with coprime sampling has many
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FIGURE 5.10: The heights retrieved from the simple forest scenario
with 45 passes at 4m baselines. No motion error or decorrelation is
added to this best case scenario. The ground is at 0m and the canopy

is between 20-25m.

more ground points detected than Figure 5.11 with equally spaced sampling.

5.6.3 Image Resolutions

By increasing the image resolution it may be possible to see below the canopy
even at short wavelengths such as X-band. Having fine resolution, for example
0.5m resolution, allows for extra ground to be picked up between trees. SAR
images are simulated at 0.2m range resolution and 0.5m azimuth resolution for
the basic forest scene. This resolution allows the gaps within the forest canopy to
be visible and for ground returns to be detected. With such a basic scene making
the image resolution coarser means that many pixels contain returns from the
canopy. With coarser resolution less CPSs are detected at ground height, as seen
in Figures 5.14 and 5.15. With coarser resolution only 28% of the original ground
scatterers (from Figure 5.11) are detected. Overall finer resolution means more
gaps between the canopy can be detected so more likely to get ground returns
in the tomographic solution. PicoSAR and AEXAR have resolutions of 0.3m-1m
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FIGURE 5.11: The histogram of heights retrieved from the simple
forest scenario with 45 passes at 4m baselines. No motion error or
decorrelation is added to this best case scenario. The ground is at

0m and the canopy is between 20-24m.

FIGURE 5.12: The simulated platform heights for coprime
sampling.

so there is a reasonably high probability that some under canopy returns will be
detected.

5.6.4 Decorrelation

In the simulation all types of decorrelation are accounted for using one
decorrelation term. Volumetric decorrelation is inherently included in the
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FIGURE 5.13: A histogram of the heights retrieved from the
simple forest scenario with coprime baselines. No motion error or
decorrelation is added to this scenario. The ground is at 0m and the

canopy is between 20-24m.

simulation. The forest is modelled in voxels. As the look angle changes, even by
a very small amount, the combination of voxels that produces the output of the
backscattered signal changes. Therefore volumetric decorrelation occurs due to
the change in look angle on each acquisition. Temporal decorrelation has the
largest effect and is made up of two factors: a geometric and dielectric change
and so an amplitude and phase change is required. Decorrelation is more
extensive in the canopy than on the ground and so a larger amplitude and phase
change is added to the canopy to simulate decorrelation. Decorrelation on the
scale of a wavelength has the potential to greatly degrade the quality of the
tomographic profile. Adding in a small amount of decorrelation to the canopy
makes no difference to the overall tomographic profile. Adding in a large
amount of decorrelation results in many false detections, see Figure 5.16. Having
a high amount of decorrelation results in approximately 49% of detections
providing a false height. However the canopy and ground are still clear, as seen
in Figure 5.17. Figure 5.17 can be compared to Figure 5.11 as a baseline.
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FIGURE 5.14: The tomographic retrieval from the simple forest
scenario with coarser resolution. No motion error or decorrelation
is added to this scenario. The ground is at 0m and the canopy is

between 20-24m.

Doubling the ground reflectivity approximately adds 100 points to the number
of ground returns detected in the tomographic profile, even with a large amount
of decorrelation, see Figure 5.18. Doubling the ground results in having 60% of
detections giving a false height compared to 65% of scatterers when the ground
reflectivity is half. Overall decorrelation increases the number of false heights
detected but by just analysing the largest scatterer present in each CPSs pixels
allows for an approximation of canopy and ground positions.

5.6.5 Motion Errors

The amount of time for each pulse to travel from the SAR system to the patch
centre and back needs to be known for each transmission point along the
synthetic aperture [71]. This demodulation time is given by:

τ0 =
2r0

c
, (5.24)
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FIGURE 5.15: The histogram of height retrieved from the simple
forest scenario with coarser resolution. No motion error or
decorrelation is added to this scenario. The ground is at 0m and

the canopy is between 20-24m.

where r0 is the distance from the SAR platform to the patch centre. For focused
SAR images the relative uncertainties in the distance r0 has to be a fraction of a
wavelength of the SAR centre frequency. Navigational systems are used to
estimate r0 for each pulse. Such navigational systems use IMUs as these have
high enough frequency to extract information for each pulse. Navigational
systems also utilise GPS to increase the accuracy, however the frequency for GPS
measurements is much lower. The GPS also does not give the position of the
antenna phase centre. From the IMU accelerometer the platform position is
estimated for pulse to pulse by double integrating the output. Higher azimuth
resolution images require longer synthetic apertures. These longer apertures
give the IMU more time to drift during collection. To overcome such errors
autofocus algorithms are employed, however residual motion errors are still
present within stacks of SAR images for tomography.

In real data the platform does not fly a perfect linear path, especially using a
helicopter, therefore motion errors have to be added to the simulation. Large
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FIGURE 5.16: The tomographic retrieval from the simple forest
scenario with a large amount of decorrelation added to the canopy.

The ground is at 0m and the canopy is between 20-24m.

scale motion errors are accounted for using motion compensation but there are
still residual motion errors that have to be included. These errors can be
accounted for by autofocus, however this is not a perfect solution. Chapter 4
described a method for jointly autofocusing all images simultaneously in the
stack to gain the best solution for performing tomography. This solution will
still include some residual motion errors. Any residual motion (which is
different between acquisitions) will cause errors for the tomography output
since the steering vectors will not be accurately known. This section discusses
what level of motion errors are acceptable to still get an accurate tomographic
result. Navigational errors are cumulative therefore the motion error is taken to
be the cumulative sum of a zero-mean, normally distributed random variable
[89]. A smoothing filter is applied over the sum of a few hundred milliseconds.
Previous modelling at Selex ES takes the standard deviation of the random
errors to be 5cm per pulse [89].

It should be noted that the largest amount of motion errors occur during
windy weather. Wind also causes decorrelation in vegetation, therefore such
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FIGURE 5.17: The histogram of heights retrieved from the simple
forest scenario with a large amount of decorrelation added to the

canopy. The ground is at 0m and the canopy is between 20-24m.

weather has a twofold effect. As the simulation mimics typical scenarios from
helicopter data the motion errors are higher than in other SAR datasets. Initially
a small error, approximately 0.4m over the synthetic aperture, is added to each
x, y, z platform position on each pulse. The final error in range on each pulse is
shown in Figure 5.19. This still gives a clear indication of canopy and ground
position, as shown in Figure 5.20. This can be compared to Figure 5.11 as a
baseline. In this case 56% more ground points are detected compared to those in
Figure 5.11. Adding in a large amount of residual motion errors (approximately
an 6m range error over the synthetic aperture) results in many more false
detections in the tomographic profile. The resultant range error added to each
pulse is shown in Figure 5.21 and final heights determined are shown in Figure
5.22. A large amount of motion error results in 78% of the original ground points
from Figure 5.11 being detected.

The IMU employed by PicoSAR is a SiIMU02 [122] developed by UTC
aerospace systems. The mass of SiIMU02 is 210g and size is 5.6cm by 3.6cm. The
acceleration error for the SiIMU02 is stated to be 1mg however the navigation
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FIGURE 5.18: The histogram of heights retrieved from the simple
forest scenario with a large amount of decorrelation added to the
canopy with double the ground reflectivity compared to that in
Figure 5.17. The ground is at 0m and the canopy is between 20-24m.

solution can correct for approximately 90% of this bias. This would result in an
overall bias of approximately 0.001ms−2. For a resolution of 1m, keeping the
error to 1/4 of a resolution cell, would result in the drift being too large after a
22s integration time. For a 0.3m resolution cell this time reduces to 12s.

PicoSAR and AEXAR are limited in the IMU that they can use as it has to be
low mass and compact to fit on the small system. Another IMU that was
considered with higher specification is the LN200 [123] developed by Northrop
Grumman. The LN200 is too large to fit on the compact PicoSAR and AEXAR
systems as it has a mass of 750g and is 8.9cm by 8.5cm. The best acceleration
error quoted for the LN200 is a bias of 300µg which would result in a
significantly longer integration time before the IMU drifts too much. Using an
higher specification IMU such as an LN200 would enable more accurate
tomography techniques to be carried out on PicoSAR and AEXAR data as the
residual motion errors are likely to be lower. Generally larger motion errors
make it more difficult to distinguish under canopy and ground returns from
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FIGURE 5.19: The range error added to each pulse for a scenario
with a small residual motion error.

false detections.

5.6.6 Understory

If vegetation is present under the canopy (an understory) this may prevent
ground returns, especially at X-band. In the simulation the understory is
modelled as a homogeneous block volume. If the understory reflectivity is large
then the tomographic algorithm mainly detects the top of the understory. This is
the case illustrated in Figure 5.23 where a highly reflective understory is added
at 8m. In this case no ground returns are observed as the understory blocks
these signals. In general the higher the understory reflectivity, the less likely
ground returns will be recovered. In addition the density of the understory will
have a large effect on the amount of ground returns detected. If an understory is
present, ground returns are only likely to be determined in a low reflectivity, low
density understory. This result is extremely significant. If an understory is
present it is very probable that the ground will not be detected. In the
tomographic outcome and histogram the user will not be able to distinguish
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FIGURE 5.20: The histogram of heights retrieved from the simple
forest scenario with a small residual motion error.

whether the peak under the canopy peak represents an understory or the true
ground position. In a realistic scenario the user has to hope that some of the
signal will penetrate the understory as well as the gaps in the canopy to show a
true ground position. In this scenario the histogram would contain three peaks;
one at the canopy position, one at the understory height and one at the ground.

5.6.7 Shape of Trees

Plantations that consist of cone shaped trees are more open at the top of the
canopy compared to ellipsoidal tree crowns [90]. This means that the scattering
phase centre will be lower as the radiation reflects/scatters from lower parts of
the trees. The heights recovered from the tomography algorithm for coniferous
plantations give a lower canopy height and a larger range in the heights found
for the canopy. The retrieved canopy height for broadleaf plantations will be
higher than for the same height of conifer plantation since the radiation reflects
and scatterers from the top of the closed canopy. For ellipsoidal trees at height
24m the tomographic algorithm finds scatterers between 19-21m. For conical
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FIGURE 5.21: The range error added to each pulse for a scenario
with a large residual motion error.

trees at height 20m the tomographic algorithm finds scatterers between 5-17m.
This is as a result of the conical forests being more open at the top and the
canopy being thicker for conical trees. Overall it is more likely to identify under
canopy returns with coniferous forests. Figure 5.24 shows a histogram produced
from conical shaped trees. The larger range of canopy returns highlights the fact
that the coniferous plantations are more open at the top of the canopy. This plot
can be compared to Figure 5.11 for ellipsoidal trees. The result from conical trees
contains 11% of the ground points detected with ellipsoidal trees.

5.6.8 Tree Density

In high density forests with ellipsoidal shaped trees the heights retrieved
correspond well to the top of the canopy. This is due to the radiation
reflecting/scattering from the top of the canopy. In lower density plantations the
tree shape has a larger role in determining the height of the canopy retrieved.
Due to the lower density the radiation not only reflects off the top of the canopy
but lower down in the gaps between trees. This gives a larger variation in the
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FIGURE 5.22: The histogram of heights retrieved from the simple
forest scenario with a large residual motion error. The ground is at

0m with the canopy between 20-24m.

heights retrieved from the tomography algorithm. Lower density forests have
many more gaps resulting in many more ground returns being detected,
especially at higher resolutions. This is illustrated in Figure 5.25 where there are
many more near ground returns in the low density forest case compared to the
high density forest. In this scenario the high density forest has 600 stems
compared to 100 stems in the low density case.

5.6.9 Ground Slope

If the ground is sloped then the visibility of parts of the tree crowns will change.
This has a different effect than changing the incidence angle as the trees always sit
vertically. A ground slope means that the ground-trunk interactions are no longer
at 90◦ and so the corner reflector effect is greatly reduced [124]. When the dihedral
trunk–ground scattering mechanism decreases the number of points detected on
the ground will reduce. Then it is probable that points may only be detected on
the ground where there is direct line of sight to the ground through gaps in the
canopy. The effect of ground slope on the tomographic profile depends on the
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FIGURE 5.23: A histogram of the heights retrieved from a
forest with a large understory reflectivity. No motion error or
decorrelation is added in this scenario. The ground is at 0m, the

understory at 8m and the canopy between 20-24m.

slope relative to the line of sight. It should be noted that with sloped ground the
histogram plots does not give a true representation of the heights retrieved.

5.6.10 Tree Height

An increase in tree height typically results in an increase in the canopy diameter
therefore taller trees result in less gaps between the trees. Additionally larger
trees have a larger canopy depth, meaning the X-band radiation is less likely to
penetrate the canopy. As a tree grows in vertical height the percentage of
underestimation from the tomography algorithm for the top of the canopy
decreases. Figure 5.26 shows the histogram from ellipsoidal trees at 12m heights.
The lower canopy height results in more 56% more ground returns being
detected (compared to Figure 5.11) as the crowns are slightly smaller in radius
and therefore are more gaps in the canopy.
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FIGURE 5.24: The outcome of the greedy tomography algorithm
with conical shaped trees. The conical trees are more open at the top
of the canopy resulting in returns from further down the trees. This
is highlighted by the larger range of canopy returns shown in this
histogram. The ground is at 0m and the conical trees have a height

of 20m.

5.6.11 Comparison to Compressive Sensing Tomography

A method for PSI and tomography from the literature was described in Section
5.3. This method was applied to the basic forestry scenario to compare the result
to that from the compressive sensing tomography algorithm. Figure 5.27 shows
the outcome of the algorithm applied to the basic forest scenario. The simulated
contains 45 acquisitions with 4m baselines. No decorrelation and no motion
errors are added. The result can be compared to Figure 5.10. The result finds the
top of the canopy well however does not find as many returns from below the
canopy as is recovered from the compressive sensing algorithm. For gaining
information on the ground and under the canopy it is better to use the
compressive sensing algorithms.
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FIGURE 5.25: In this scenario the high density forest has 600 stems
compared to 100 stems in the low density case. There are many more
near ground returns in the low density forest case compared to the

high density forest. This scenario uses ellipsoidal trees.

5.7 Discussion and Summary

By simulating helicopter data the outcome of compressive sensing tomography
from a low stable platform was analysed. Overall the helicopter motion plays
the largest factor in finding an accurate height profile from tomography. The
motion error is also related to the flight paths flown. The pilot is unable to fly the
helicopter in a straight line path to required tolerances and thus baselines may
not be as needed. Decorrelation has a large factor on the outcome from
tomography, regardless of the motion error. It should be noted that on a windy
day where more decorrelation of the vegetation will occur then the motion
errors of the helicopter are likely to be worse. Furthermore forest reflectivities
are weather dependent. Large amounts of decorrelation and motion errors mean
that it is difficult to distinguish under canopy and ground returns from false
detections. The ground is unlikely to be recovered if an understory is present.
Using fine resolution SAR imagery will increase the probability of under canopy
returns. Having finer SAR image resolution allows for extra ground signals to be
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FIGURE 5.26: The histogram produced from ellipsoidal trees with a
height of 12m. The ground is at 0m.

detected in pixels that lie between the canopy. Coniferous forests are more likely
to have returns from further down the trees as they are more open at the top of
the canopy compared to broadleaf plantations. Lower tree heights and lower
density forests also are more likely to give ground returns. The above techniques
and simulations show X-band, helicopter data could be used if for tomography
purposes if decorrelation and motion are kept to a minimum. If an understory is
present, ground returns are only likely to be determined in a low reflectivity, low
density understory. This result is extremely significant. If an understory is
present it is very probable that the ground will not be detected. In the
tomographic outcome and histogram the user will not be able to distinguish
whether the peak under the canopy peak represents an understory or the true
ground position.

Since the motion errors have the largest effect on the outcome the PS selection
the Dirac-delta tomography technique would work well on satellite data where
the exact orbits are known. This is provided the data is high enough resolution
so that there are only a small number of scatterers present within each resolution
cell.
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FIGURE 5.27: Tomography outcome for the basic forest scenario
from a beamforming algorithm as an add-on to persistent scatterer
interferometry. Ellipsoidal trees are simulated with the ground at

0m and the canopy between 20-24m.

From simulations it was clear that the greedy algorithm is more effective at
detecting two or more scatterers in a single pixel. The IHT algorithm
occasionally detects sidelobes of the brightest scatterer. For future studies the
greedy algorithm would be recommended for tomography purposes however
the fact that it is more computationally expensive needs to be accounted for.

GEDI will be placed on the ISS with the aim of providing high resolution
observations of vertical forest structure, however will not provide global
coverage. If SAR tomography can be used in future studies to find ground
measurements on a scale finer than this it will be a great addition to the
knowledge of forest structures globally. This methods described in this thesis
could be applied to space systems where X-band systems are robust and mature.
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Chapter 6

Discussion and Conclusion

The aim of this thesis was to demonstrate the potential for retrieving ground
surface signals from under a forest canopy or direct line of sight to the ground at
high spatial resolution and to determine whether it is feasible to use X-band,
spaceborne tomography to aid in overcoming the global vegetation bias
exhibited in existing systems. The task of this thesis was to address under what
conditions it is possible to find stable and coherent scatterers under the forest
canopy, even if these occurrences are extremely rare. The objective was then to
determine which parameters have the largest effect on retrieving height
information below the canopy. This thesis used real SAR images and modelling
of airborne data to show future feasibility for spaceborne missions. Recent
global DEMs produced from SAR data actually produce DSMs instead of DEMs
due to vegetation coverage, as the short wavelength microwaves used do not
fully penetrate the canopy. This was termed vegetation "bias" for the purposes of
this thesis. This is a measurable signal, however was called a bias here as the
aim is to detect the ground and not the top of the canopy.

Due to the nature of the cross-disciplinary work this thesis defined the
candidate persistent scatterer (CPS). CPSs were defined here to include
resolution cells in which there can be more than one point-like scatterer, as long
as the backscattered signal is coherent and stable over the image stack, across
the baselines of acquisitions. In this way, the term encompasses scatterers over a
broader range of conditions than either "persistent" or "coherent". There are few
papers that carry out tomography on just the PSs, the technique used in this
project. The method used here is novel as it uses compressive sensing routines
to select the CPSs as well as the procedure for tomography. This differs from
other literature as they use conventional PS selection techniques before moving
on to use compressive sensing tomography.

Through algorithm development and simulations the conclusion of this work
is that it would be feasible to detect ground scatterers under a forest canopy
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using X-band, airborne SAR under the correct conditions. Ultimately in the
future this could be built into an X-band spaceborne platform. CPSs can be
detected as line of sight measurements through the canopy to the ground. These
signals may be persistent over multiple acquisitions but due to small gaps in the
canopy only represent a single pixel, emphasising the importance for CPSs for
X-band SAR over forest volumes. To gain line of sight measurements it is
imperative that the X-band data is high resolution. If coarse resolution data is
used then the line of sight information will be mixed into a resolution cell with
signals that bounce directly off the canopy. This would mean the user has to
depend entirely on the tomographic outcome distinguishing these returns to
gain a ground measurement. The primary reason for using X-band radar
systems is that they typically can achieve high spatial resolution. For the
purposes of this thesis, this is advantageous as it means that there is an
uninterrupted line of sight to the ground through the canopy, offering up the
possibility of occasional pixels dominated by a ground return, even when
canopy closure is on average very high. P-band systems could be used, however
missions such as BIOMASS have much coarser resolution. BIOMASS is quoted
to have ≤60m across-track resolution and <50m along-track resolution [52] with
greater than 6 looks whereas airborne data typically has spatial resolutions of
<1m in SLC data. Additionally, X-band systems in space are mature and robust,
with a long pedigree, and a capacity to do single pass interferometry, as
demonstrated by the Tandem-X mission [8]. A previous study [47] has shown
that line of sight observations are possible through forest canopies at Ka-band
given a moderate leaf density and using single-pass tomography. If these types
of observations are seen at millimetre wavelength then they are certainly
possible at centimetre wavelength.

From the literature review it is clear that cross-disciplinary work, such as that
outlined in this thesis, is current. Many authors use engineering techniques and
algorithms for geoscience applications. For example MUSIC and Capon
algorithms are used in [37, 40]. Compressive sensing is used extensively in
current literature. The authors in [44] use compressive sensing for tomography
and apply the methods to an urban scene. An example of cross disciplinary
research is carried out by [48], where the authors combine PSI, a geoscience
technique, with engineering algorithms for tomography. The literature proves
that PSs are extremely useful as one of the main issues with carrying out InSAR
techniques over large areas in the lack of a continuous spatial area of coherence
[25].
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Two key influences for this work were Izzawatti et al. and Kelly et al. The
processes in this thesis for selecting CPSs are inspired from work carried out in
[18, 19, 20, 21], where the authors exploit sparsity to reconstruct SAR images
from a limited sample of phase histories by splitting the SAR image into bright,
coherent points and background scatterers. One of the main X-band InSAR
studies of forest volumes is described in [7] where interferometry is applied to
coniferous plantations. The authors analyse how parameters such as tree shape,
density, tree height, incidence angle and ground slope impact the heights
determined. With X-band interferometry the scattering phase centre over
vegetation is high.

There were three data sources presented in this thesis. The first source came
from Selex ES flight trials with their PicoSAR and AEXAR SAR systems placed on
a helicopter. This real data had up to seven repeat passes of certain scenes. The
difficulty regarding helicopter data is the flight paths can be uncertain, meaning
that certain repeat passes will not result in high coherence. The helicopter data
however did prove that InSAR can be successfully carried out from data collected
less stable platforms. CPSs were also detected within the PicoSAR and AEXAR
scenes. There are many satellite systems used in the literature such as Sentinel-1A
[54]. In addition many airborne platforms are used, such as E-SAR [55], however
these appear to be placed on fixed wing aircrafts. The second data source was
the GOTCHA dataset, made available for the volumetric challenge. This data
contained eight circular passes with well defined flight paths and an urban scene,
making it an excellent source of data for testing CPS detection algorithms on.
The third data source was simulated data, with the simulator being specifically
developed for this project. Since many repeat passes for many forest scenarios
had to be modelled the simulator was required to be fast and efficient. Other
simulators developed by Selex ES either modelled the scene on too fine as scale
than was required, hence making the computational time large, or were designed
for a different purpose, such as analysing moving targets within an individual
SAR image. The simulator described in this thesis takes the elements from other
simulators and produces synthetic data that accurately models three dimensional
forests over multiple flight paths.

Chapter 3 discussed interferometry carried out using an X-band system
flown on a helicopter. While X-band InSAR has been carried out on numerous
occasions in the literature [125, 126], no study has previously analysed how
successful it is under the most extreme motion conditions. Before applying more
advanced techniques such as tomography to the data, more robust techniques
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had to be shown to operate under such high motion scenarios. This chapter
surmised that forestry regions have lower coherence on average than other land
types and therefore techniques such as persistent scatterer (PS) selection are
required for X-band tomography over forest volumes. Coherence is an outcome
of InSAR processing. This coherence information contains knowledge of
volumetric and temporal decorrelation that can be used for vegetation
classification and retrieval of biomass amounts. Many authors use
interferometric coherence for SAR tomography, such as those described in [127,
128]. Coherence will be used for the InSAR and tomography for the new
SAOCOM-CS satellite system [129].

Joint sparsity is defined in the literature to be a model where the support set
of all signals is the same. In chapter 4 the novelty lies in the choice of the hard
thresholding operator and how it is applied to the multi-acquisition case to
select CPSs using joint sparsity [96, 97]. In this case joint sparsity appears where
the algorithm jointly uses multiple SAR images. Chapter 4 helps address the
issue of detecting PSs, or CPSs as analysed in this thesis. The CPS detection
algorithm based on the application of sparsity is the first implementation of
compressive sensing techniques for PS selection. The use of hard thresholding
algorithms meant a novel choice of the hard thresholding operator. Studies
using different phase errors applied to simulated data show that the multipass
images can be calibrated alongside CPS selection. One reason for the
improvement in quality of CPS detected compared to, say, amplitude analysis is
this autofocus stage. Results indicate that the method remains robust even under
non-ideal conditions, i.e. in the presence of large helicopter motion. The CPS
detection algorithm was also applied to real airborne data from the GOTCHA
dataset and from data collected from Selex ES’s PicoSAR and AEXAR. Using
prior knowledge of the GOTCHA scene it was clear that the methods detailed in
this thesis selected the most likely CPSs. The CPS detection algorithm could be
applied directly to stacks of registered SAR images collected from spaceborne
platforms without modification for future research. Atmospheric attenuation is
a much larger issue for the spaceborne case. In this scenario the PS selection
calibration stage will be more useful in overcoming atmospheric disturbance as
the motion of satellites is more accurately known than in the helicopter case.

From Figure 4.7 in chapter 4 it was shown that the correct number of CPSs
have to be selected to obtain the best autofocus estimate. The one disadvantage
of the proposed method is that it requires an approximate estimate of the
number of CPSs present within the image stack. This however is typical of many
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PSI algorithms. The most accurate phase recovery occurred in the simulated
example when the number of CPSs was between 200 and 400, which is relative
to the number of scatterers present within the scene. This value will change with
depending on the amount of scatterers within a scene and the scene size. This
result is significant as the user has to decide on a suitable value for ksparse.
Known quadratic and sinusoidal phase errors were added to validate the CPS
detection and autofocus algorithm. The algorithm is shown to be robust even at
recovering high frequency sinusoidal phase errors which cause repeats of the
impulse response over the aperture time.

The effect of different parameters on the outcome of the compressive sensing
tomography algorithm was analysed using simulated forests and airborne SAR
data in chapter 5. The aim was to examine which parameters had the largest
effect on retrieving information from scatterers below the forest canopy. It was
found that the platform motion plays the largest factor in finding an accurate
height profile from tomography. Temporal decorrelation also has a large factor
on the outcome from tomography, regardless of the motion error. On a windy
day when more temporal decorrelation of vegetation will occur then the motion
errors of the helicopter are also likely to be worse. Large amounts of
decorrelation and motion errors mean that it is difficult to distinguish under
canopy and ground returns from false detections. Using fine (<1m) resolution
SAR imagery will increase the probability of under canopy returns. X-band
typically has high resolution meaning that there may be more pixels that include
signals from below the forest canopy. By combining line of sight observations
with compressive sensing techniques on high resolution SAR data, this thesis
demonstrated that it is possible to detect ground scatterers given the right
conditions. Coniferous forests are more likely to have returns from further down
the trees as they are more open at the top of the canopy compared to broadleaf
forests. Lower tree heights and lower density forests also are more likely to give
ground returns.

If an understory is present it is very probable that the ground can not be
detected. The user will not be able to distinguish whether the peak under the
canopy peak represents an understory or the true ground position in the
tomographic outcome. In a realistic scenario some of the signal may penetrate
the understory as well as the gaps in the canopy to show a true ground position.
In this scenario the histogram would contain three peaks; one at the canopy
position, one at the understory height and one at the ground.

Chapter 5 illustrates that points can be detected under a forest canopy,
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however, motion errors have the largest effect on the ability to detect ground
scatterers. The tomographic algorithm has to cope with motion errors which is
one of the reasons a compressive sensing algorithm was chosen. In the
spaceborne case the orbit of the system has much tighter constraints, and no
turbulence, and therefore the motion errors are much smaller, thus reducing this
effect.

For the spaceborne case to be practical in the future many parameters would
have to be accounted for, such as the baselines, whether single pass or multipass
acquisitions are used, how much temporal decorrelation could be accepted and
the total cost of the mission. Using compressive sensing techniques on urban
data collected from TerraSAR-X the authors in [22] use 25 scenes with a total
baseline length of 270m that gives a Cramer-Rao lower bound of 1.1m for the
height resolution on the ground. This magnitude of baseline span would be
typical. Single pass acquisition is the best case scenario as it removes differences
between SAR images in motion errors and atmospheric effects. Single pass
acquisition is however costly due to the requirement for more receivers. Single
pass acquisition is not attainable for total baseline separations on the order of
hundreds of meters therefore multipass acquisition would have to be used to
gain 25 SAR images as in [22]. A combination of single-pass and multipass
acquisition could be utilised in that a system with one transmitter and say four
receivers that could be flown multiple times, or the use of passive companion
satellites, might also be utilised.

Removing the issue of motion errors, the temporal decorrelation was shown
in this thesis to have the second largest effect on the detection of ground
scatterers. Such temporal decorrelation results in less points being detected as
probable ground scatterers as it severely reduces the number of CPSs. The
timing of repeat passes would therefore have to be taken into great
consideration during mission planning.

The spatial and elevation resolutions required would depend on the type of
forest being imaged. For example a dense tropical forest would require
extremely high spatial resolutions to obtain the line of sight observations to the
ground that are needed. If a boreal forest is being imaged the resolution required
in elevation may be less due to there being large gaps between trees allowing a
greater distinction between the ground and canopy. Therefore the resolution and
baselines required may alter with latitude.

The algorithms outlined in this thesis could be implemented on a graphics
processing unit (GPU) or field-programmable gate array (FPGA) for faster
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processing. This would be required if the data was to be processed on the fixed
wing aircraft in real time as currently the algorithms discussed are too
computationally expensive to be carried out in flight. Processing components
such as computing the interferogram or coherence map would fit well with GPU
implementation as each section of the boxcar filter can be processed in parallel.
When carrying out tomography each pixel in the SAR image stack has to be
analysed individually and again this could be processed in parallel.

A future study could be carried out to analyse the effect of the atmosphere on
the tomographic outcome. This would particularly be required if applying such
techniques to spaceborne data, however would still be of interest in the airborne
case. Throughout this work data was used that was collected on days with good
flying conditions. Future analysis would be required to investigate the amount
of wind and rain that can occur before obscuring the ground surface signals.

The image formation algorithms used in this thesis were the polar format
algorithm or a two dimensional fast Fourier transform, which was valid for the
small scene extent in the simulated data. Further research could lead to the fast
backprojection algorithm being utilised as the observation matrix in chapter 4
for selecting and autofocusing CPSs. This would be required for analysing
satellite data due to the larger scene extent.

The research could be improved with more data, collected from a variety of
airborne and satellite sources. More campaigns are planned by Selex ES. This
extra data will provide further sources for InSAR, CPS detection and tomography
algorithms. The first stage for future work to progress this research would be to
carry out further flight trials at high altitudes with a large fixed wing aircraft
before carrying out the techniques on satellite-borne SAR systems.

The forest model could be expanded by adding in individual tree movement
instead of adding a decorrelation term. This however would significantly
increase the computational time to compute a forest scene. A more complicated
ground slope and ground surface roughness could be added. Currently the
understory is modelled as a random volume over ground block. In future
research a more complex understory could be calculated to further analyse the
effect of the understory on the amount of ground returns.

Overall the research detailed in this thesis could be applied to future data
collected from a satellite system, with the main limitation being the total cost.
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ABSTRACT 

 

First results of repeat pass SAR Interferometry (InSAR) 

from Selex ES’s compact, experimental airborne synthetic 

aperture radar (SAR) system are described for civilian 

environmental monitoring. The system is a low cost, 

lightweight (<10kg), X-band, Active Electronically Scanned 

Array (AESA) SAR platform, which provides greater 

opportunities of access to InSAR data as it can be placed on 

helicopters, fixed wing aircrafts and UAVs. Results of high 

resolution (< 2m) digital elevation models (DEMs) produced 

are shown for two sites of environmental interest. The first 

DEMs produced compare well to those from other datasets. 

 

Index Terms— Airborne, SAR, Interferometry, X-band 

 

1. INTRODUCTION 

 

Selex ES has developed a novel, experimental, small X-band 

Active Electronically Scanned Array (AESA) synthetic 

aperture radar (SAR) platform.  Its size, power consumption 

and lightweight build allow it to be placed on helicopters, 

fixed wing aircrafts and UAVs. The inertial measurement 

unit (IMU) is local to the radar allowing for the accurate 

motion compensation required to robustly carry out repeat 

pass InSAR.  In this study the aim was to explore civilian 

application of using this instrument in a repeat pass InSAR 

configuration to create high resolution digital elevation 

models (DEMs). 

Repeat pass InSAR is a widely used technique for 

producing high quality DEMs [1].  InSAR requires an 

extremely stable platform and for this reason is usually 

placed on a fixed wing aircraft, such as DLR’s E-SAR [2] or 

a satellite, such as the new Tandem-X satellite [3].  In this 

study we demonstrate that InSAR can even be carried out 

from helicopter data, making the technique more accessible.  

The use of airborne platforms for environmental monitoring, 

as opposed to satellites, allows for rapid deployment times 

to sites of interest and multiple viewing angles to help 

overcome issues caused by shadowing or layover in final 

DEMs.  A high resolution (< 2m) airborne system could 

complement a global coverage satellite system by analysing 

results from a smaller localised area [4]. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

2. EXPERIMENTAL METHODS 

 

The data collection took place on two dates, 11/09/14 and 

22/09/14, with the SAR system placed on a Twin Squirrel 

helicopter, as shown in Figures 1 and 2. Up to seven passes 

were collected for some sites and multiple sites were 

collected from different viewing angles. Example images 

collected for the Whiteadder river basin and Traprain Law 

are shown in Figures 3 and 4 respectively. 

 

Figure 1. The Twin Squirrel helicopter used to collect the 

SAR data for environmental sites of interest. 

Figure 2. The experimental SAR system set up on the Twin 

Squirrel helicopter. 
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DEMs of this area are important for modelling upland 

drainage systems, utilities planning and flood prevention and 

prediction further downstream. The areas have a hilly 

topography, allowing for a good test of the InSAR technique 

on data from the experimental SAR system.  

After the data was corrected for navigational errors 

using the IMU information, images were formed using the 

polar format algorithm and phase gradient autofocus 

algorithm [5], for InSAR analysis.  The single look complex 

(SLC) SAR images have resolutions of 2m for the 

Whiteadder site and 0.3m for the Traprain Law site. Images 

were registered in pairs to sub-pixel accuracy and for each  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

pair the complex coherence was calculated. Atmospheric 

effects are assumed to be negligible in comparison to motion 

errors due to the low altitude of the platform and short 

period of revisit 

Interferograms were produced for each pair of 

images, providing an estimate of the wrapped phase.  The 

interferogram was unwrapped using the Statistical-Cost, 

Network-Flow Algorithm for Phase Unwrapping (SNAPHU) 

[6]. This is a two-dimensional phase unwrapping process 

that recovers unambiguous phase from a wrapped 

interferogram. Unwrapped phase was then converted to a 

height using a scaling factor [1]. 

Figure 3. SAR image of the Whiteadder site at 2m 

resolution and covering an extent of 1802m in each 

direction. 

Figure 4. SAR image of Traprain Law, at 0.3m resolution 

and covering an extent of 255m x 170m in the azimuth and 

range directions respectively. 

Figure 6. Interferogram produced from the Traprain Law 

SAR image pair. The perpendicular baseline between flight 

paths was 85.0m. 

Figure 5. Interferogram produced from the Whiteadder 

SAR image pair. The perpendicular baseline between the 

flight paths was 32.2m. 
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3. RESULTS 

 

Figure 3 shows a 2m resolution SAR image collected for the 

Whiteadder site covering an extent of 1.802km in each 

direction and a range of 13.891km. Figure 4 shows the 0.3m 

resolution SAR image collected for the Traprain Law site, 

which extends 255m x 170m and has a range of 6.027km.  

The perpendicular baseline was 32.2m for the Whiteadder 

data and 85.0m for the Traprain Law site.  Figures 5 and 6 

show the interferograms produced for the Whiteadder site 

and Traprain Law site respectively. The scale factors were 

1.08m/rad and 0.17m/rad. The height ambiguity for the 

Whiteadder pair is 6.7m and 1.1m for the Traprain Law pair. 

The DEMs were produced by converting the 

unwrapped phase to heights, as shown in Figures 7 and 8.  

All heights are relative to the Selex ES SAR image scene 

centre. The heights established from the Whiteadder DEM 

were compared to that from the 90m Shuttle Radar 

Topography Mission (SRTM) [7]. The SRTM data is quoted 

to have a vertical and horizontal accuracy less than 16m and 

20m respectively. A comparison between Selex ES DEM 

heights and those from the 90m SRTM dataset is shown in 

Figure 9.  Only data points from coordinates available in the 

SRTM data are given. 

 

4. DISCUSSION AND CONCLUSION 

 

The first heights from the Whiteadder DEM produced have 

a root mean squared error of 9.8m when compared to those 

obtained from the 90m resolution SRTM dataset and show 

great potential for geoscience applications. The Traprain 

Law DEM comparison is not shown as there are only 9 data  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

points due to the small scene extent. Further work will be 

carried out on validation of the results using spot heights 

from ordnance survey maps.  Overall initial results show the 

technique works and that InSAR can be successfully used to 

produce high resolution DEMs for use in geoscience using 

Selex ES’s new experimental SAR system. Such a system 

can provide a fast method monitoring for environmental 

phenomena.  Future work will include sites being analysed 

from multiple viewing angles to help overcome areas of 

shadow and layover, and a standard filtering technique will 

be applied to smooth final DEMs. Additionally, research 

will be carried out to investigate and overcome the 

vegetation bias in the DEMs produced using compressive 

sensing algorithms [8].  
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Figure 7. The final DEM produced for the Whiteadder site. 

Heights are shown in metres.  
Figure 8. The final DEM produced for Traprain Law. 

Heights are shown in metres. 
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Figure 9. A comparison between the Selex ES Whiteadder 

DEM and the 90m SRTM DEM. 
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Repeat pass SAR Interferometry (InSAR) was carried out on data collected from Selex ES’s compact, airborne synthetic 

aperture radar (SAR) system, AEXAR, for the purpose of civilian environmental monitoring. InSAR allows for high 

resolution digital elevation models (DEMs) of the Earth’s surface to be produced. The SAR system is a low cost, lightweight 

(<10kg), X-band, Active Electronically Scanned Array (AESA) platform which provides greater commercial opportunities for 

access to InSAR data as it can be placed on helicopters, fixed wing aircrafts and UAVs.  The data was collected over a two 

day period in September 2014 for multiple sites of environmental interest in Scotland with the system placed on a Twin 

Squirrel helicopter. The results show that high resolution DEMs can be successfully produced and compare well to those from 

other datasets.
 

 

 

INTRODUCTION 
 

Synthetic Aperture Radar Interferometry (InSAR) is a 

technique used to produce digital elevation models (DEMs) 

by exploiting phase information from pairs of high resolution 

SAR images [1]. DEMs of the Earth’s surface are used 

extensively in the field of Geoscience for applications such as 

mapping, forecasting and prevention of risks caused by 

natural phenomena for instance landslides and earthquakes.  

Repeat pass interferometry uses multiple SAR images for a 

site of interest collected with flight paths separated by a 

baseline, B [2]. The phase difference between the images can 

be determined by producing an interferogram [2].  A DEM 

can then be created as the height relative to the image scene 

centre is related to the phase by a constant of proportionality. 

 

Repeat pass InSAR was carried out on data collected from 

Selex ES’s compact, airborne synthetic aperture radar (SAR) 

system, AEXAR, for the purpose of civilian environmental 

monitoring.  This paper outlines the results for one site of 

interest over Traprain Law, Scotland. AEXAR is a low cost, 

lightweight (<10kg), X-band, Active Electronically Scanned 

Array (AESA) platform which provides greater commercial 

opportunities for access to InSAR data as it can be placed on 

helicopters, fixed wing aircrafts and UAVs. AEXAR differs 

from PicoSAR in that the AEXAR antenna has a higher power 

output and is capable of electronic beam steering in both 

azimuth and elevation directions. The inertial measurement 

unit (IMU) is local to the radar allowing for the accurate 

motion compensation required to robustly carry out InSAR. 
 

 

 

 

 
 

 
Figure 1. Top: The Twin Squirrel helicopter used to collect the 

images for environmental sites of interest. Bottom: The AEXAR SAR 

system set up on the Twin Squirrel helicopter. 
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InSAR requires an extremely stable platform and is usually 

placed on a fixed wing aircraft, such as DLR’s E-SAR [3] or a 

satellite, such as the new Tandem-X satellite [4], to overcome 

this issue.  We show that InSAR can even be carried out from 

helicopter data, making the technique more accessible.  The 

use of airborne platforms, as opposed to satellites, for 

environmental monitoring allows for rapid deployment times 

to sites of interest and multiple viewing angles to help 

overcome issues caused by shadowing in final DEMs.  A high 

resolution (< 2m) airborne system could complement a global 

coverage satellite system by analysing results from a smaller 

localised area [5]. 

 

This research is a collaboration between Selex ES, the 

Schools of Geoscience and Engineering at the University of 

Edinburgh and the Knowledge Transfer Partnership (KTP).  

The KTP is a UK-wide programme aimed at helping 

businesses to improve their competitiveness and productivity 

through the better use of knowledge, technology and skills 

that reside within UK based academic institutions. The 

research is a continuation of the work carried out as part of the 

SMAT (Advanced Territorial Monitoring System) flight trial 

that took place in Piemonte, Italy.  This study included 

placing a PicoSAR radar on a Selex ES Falco UAV to test the 

use of SAR imagery for environmental monitoring, as 

described in [5].  Additionally the research is an extension of 

the InSAR results described in [7] which uses data taken for 

the site North Berwick Law collected from PicoSAR placed 

on a Twin Squirrel helicopter. 

 

This paper is organised as follows: Section 2 outlines the data 

collection trial. Section 3 describes the relevant theory and 

methods used for carrying out InSAR on the AEXAR data. 

Section 4 shows some experimental results for one site of 

interest to demonstrate the effectiveness of the InSAR 

technique for this data. Section 5 discusses these results and 

concludes.  

 

DATA COLLECTION 
 

The data was collected over a two day period in September 

2014 for multiple sites of interest in Scotland with the system 

placed on a Twin Squirrel helicopter.  The helicopter and SAR 

system are shown in Figure. 1.  Overall 1000 pairs of spotlight 

mode images were collected.  Up to seven repeat passes with 

differing flight paths were collected for some sites and  

multiple areas were imaged from different viewing angles. 

Data collection sites over Central Scotland are shown in 

Figure 2. The SAR image for the Traprain Law site is given in 

Figure. 3.  DEMs for this site are important for archaeological 

purposes by the Royal Commission on the Ancient and 

Historical Monuments of Scotland (RCAHMS), for landslide 

and flood risk assessment for the Scottish Environmental 

Protection Agency (SEPA) and for forestry applications by 

the Forest Commission.  The steep topography of the hill 

allows for a good assessment of the InSAR algorithms 

produced. 

 

EXPERIMENTAL METHODS 
 

The data was collected as shown in Figure 3, corrected for 

navigational errors using the IMU information and then 

images were formed using the polar format algorithm and  

 

phase gradient autofocus algorithm [2].  Images were 

registered to sub-pixel accuracy and for each image pair the 

complex coherence was calculated. Registration is required to 

be accurate to 1/5
th

 of a pixel [2].  The image pair was chosen 

so that there was a small temporal separation, minimising the 

temporal decorrelation.  The images were collected by 

different flight paths separated by a baseline, B. If the baseline 

is too large the reflectivity of corresponding pixels in the 

image pair will decorrelate and no reliable height 

measurement can be made [1].  The critical baseline is given 

by: 

 

 

𝐵𝑐⊥ =
𝜆𝑅

2.𝛿𝑦 
.                                        (1) 

 

 

Where λ is the wavelength of the system, in this case X-band. 

R is the range to the scene centre from the aircraft, θ is the 

grazing angle and δy is the ground-plane range resolution.  

 

Interferograms were produced for each image pair by 

multiplying the reference image by the complex conjugate of 

the second image. This provides an estimate of the wrapped 

phase with 2π ambiguity.  The height of ambiguity is the 

altitude difference that results in a phase change of 2π and is 

given by: 

ℎ𝑎 =
𝜆𝑅𝑠𝑖𝑛𝜃

2𝐵⊥
.   (2) 

 

Where 𝐵⊥ is the perpendicular baseline.  The phase was 

unwrapped using the Statistical-Cost, Network-Flow 

Algorithm for Phase Unwrapping (SNAPHU) [6].  This is a 

two-dimensional phase unwrapping algorithm that retrieves 

unambiguous phase from a wrapped interferogram.  

Unwrapped phase was then converted to a height relative to 

the scene centre using the scale factor, given by: 

 

𝛼 =
𝜆𝐻cot 𝜃

2𝜋𝐵⊥
.   (3) 

 

Where H is the mid aperture height of the platform. 

 

Figure 2. Data collection sites for Central Scotland collected over 

two days in September 2014. 
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Figure 2. System set-up for repeat pass InSAR data collection.  The 

aim of InSAR is to measure h from two SAR images, taken from flight 

paths separated by a baseline, B. 

 

RESULTS 
 

Figure 4 shows the 0.3m resolution reference SAR image 

collected for the Traprain law site covering an extent of 255 x 

170m in the azimuth and range directions respectively.  The 

perpendicular baseline was 85m giving a scale factor of 

0.1737m/rad. The interferogram is shown in Figure 5. The 

height ambiguity was 1.0914m and the DEM was produced by 

converting unwrapped phase to height as illustrated in Figure 

6.  All heights shown are relative to the scene centre.  A 3D 

plot of the DEM is illustrated in Figure 7 and clearly shows 

the paths along the hillside. 

 

DISCUSSION AND CONCLUSIONS 
 

The first DEMs produced from the experimental SAR system 

show great potential for geoscience applications.  Overall 

initial results show the technique here works well on both 

steep and flat terrain and that InSAR can be successfully used 

to produce high resolution DEMs for use in geoscience using 

Selex ES’s new experimental SAR system. Such a system can 

provide a fast method for monitoring of environmental 

phenomena.  Future work will include sites being analysed 

from multiple viewing angles to help overcome areas of 

shadowing in the final DEMs.  Further work will be carried 

out on validation of the results shown here by comparing 

Selex ES DEMs to those determined from other systems such 

as Lidar. 

 

F. Muirhead  fiona.muirhead@selex-es.com 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 4. SAR image of Traprain Law, Scotland at 0.3m resolution 

covering an extent of 255 x 170m in the azimuth and range directions 

respectively. 

 

 

 
Figure 5. Interferogram produced from Traprain Law SAR image pair by 

multiplying the reference by the complex conjugate of the second image. This 

provides an estimate of the wrapped phase with 2π ambiguity. The 
perpendicular baseline between the flight paths was 85m.  

 

 

 
Figure 6. The final DEM produced from carrying out InSAR on the 

SAR image pair for Traprain Law.  The heights shown are relative to 

the scene centre height. 
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Figure 7. The final DEM shown with the reference SAR image amplitudes. 
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ABSTRACT  

 

Synthetic aperture radar (SAR) systems produce high resolution, two dimensional imaging of areas of environmental 

interest. SAR interferometry and tomography enables these techniques to extend to three dimensional imaging by 

exploiting multiple SAR images with diversity in space and time. These techniques require accurate phase information 

over multiple images as the data is extremely sensitive to deviations from the reference track, therefore to enable 

interferometry and tomography an accurate autofocus solution is required. This paper investigates phase errors resulting 

from navigational uncertainties in multipass spotlight SAR imaging and uses techniques from the field of compressive 

sensing to achieve an autofocus solution. The proposed algorithm builds on previous autofocus work by expanding it to 

the multipass case and jointly recovers phase errors for all images simultaneously, making it extremely useful for 

interferometry and tomography techniques. The algorithm described uses pixels that are stable in all SAR images to gain 

an autofocus solution as these are the pixels that are the focus for analysis using tomography. This is unlike conventional 

autofocus, which just works on an image-by-image basis.  The tools of compressive sensing can be used to concurrently 

select pixels for bright image elements that are stable and coherent over all images, as these pixels are sparse in the 

image domain, and calculate the phase errors present in each pass. Using the multipass data after autofocus, height 

distributions for scatterers in single pixels are determined for simulated forest scenes at X-band. The performance of the 

autofocus algorithm is examined through numerical simulations and is also applied to real data collected from Selex ES’s 

airborne, X-band, experimental SAR system. The experimental results demonstrate that the algorithm effectively 

achieves an autofocus solution. By finding the vertical distribution of two scatterers in a single pixel over simulated 

forestry images we can determine if compressive sensing can be utilized to gain information on scatterers below the 

canopy at X-band in future studies. 

Keywords: Compressive Sensing, Airborne, SAR, Autofocus, Interferometry, Tomography 

 

1. INTRODUCTION  

This paper investigates phase errors resulting from navigational uncertainties in multipass (multiple pass acquisition) 

spotlight synthetic aperture radar (SAR) imaging and uses the field of compressive sensing to achieve an autofocus 

solution.  Using the multipass data height distributions for scatterers in single pixels are determined for simulated X-

band forestry scenes.  

SAR systems produce high resolution, two dimensional imaging of areas of interest. SAR Interferometry (InSAR) and 

SAR Tomography (TomoSAR) enable these techniques to extend to three dimensional imaging by producing aperture 

synthesis from M multi-pass SAR images, where M=2 for InSAR techniques. SAR tomography is a natural extension of 

InSAR that allows discrimination of scatterers in areas of layover [1]. In spotlight mode SAR systems which use the 

dechirp on receive method, the round trip propagation delay to the scene center must be estimated. Uncertainties in this 

evaluation present unknown phase errors to the acquired data which can degrade and produce distortions in the final 

image. When applying InSAR or TomoSAR to the data, such navigational uncertainties can cause unwanted artifacts in 

the interferograms and tomograms.  

The proposed autofocus algorithm builds on previous autofocus work by [2, 3, 4, 5], expanding it to the multipass case 

and jointly recovers phase errors for all images simultaneously, making it extremely useful for InSAR and TomoSAR 

techniques. The algorithm described uses pixels that are stable in all SAR images to gain an autofocus solution as these 

are the pixels that are the focus for analysis using tomography techniques. This algorithm is unlike conventional 

autofocus, such as phase gradient autofocus [6], which just works on an image-by-image basis. Concepts from 

compressive sensing [7] are used (i) to concurrently select pixels that are stable and coherent over all images (“persistent 



 

 
 

 

scatterers” [8]) and (ii), by comparison with measured data, to calculate the phase errors present in each pass. We do not 

seek a reduction in the sampling rate as is the case with interrupted SAR for example  The pixels that are selected as 

persistent scatterers (PSs) are dominated by one single scatterer that is much brighter than the background scatterers. 

Physically this could be a building, tree or rock. Once the persistent scatterers have been selected and the autofocus 

solution has been applied vertical distributions of scatterers in each azimuth-range pixel can be determined.  We only 

seek a height distribution for two scatterers in each pixel. For this reason the technique applied is not full tomography. 

Again the vertical distribution can be recovered through compressive sensing routines as the height distribution is 

assumed to be sparse.  By finding the vertical distribution of two scatterers in a single pixel over simulated forestry 

images we can determine if compressive sensing can be utilized to gain information on scatterers below the canopy at X-

band. 

The performance of the algorithm is examined through numerical simulations and applications to real data. To analyse 

the effectiveness of the proposed algorithm we first consider simulated SAR data consisting of a small number of point 

targets. Through simulation we show that a height distribution can be reconstructed from airborne, X-band multipass 

SAR data. The autofocus algorithm is also applied to real data collected from Selex ES’s airborne, X-band, experimental 

SAR system. InSAR has been previously carried out using Selex ES’s experimental SAR system and is described in [9, 

10]. Coherent change detection has been carried out using Selex ES’s PicoSAR as outlined in [10].Notation is as follows. 

The complex conjugate transpose of a vector or matrix will have a superscript H, i.e. x
H
 and diag{x} is a square matrix 

with the elements of x along its main diagonal. The ℓp norm is represented by ‖∙‖𝑝. 

Section 2 outlines the compressive sensing theory for persistent scatterer detection and how to achieve a multipass 

autofocus solution. Section 3 describes the background for height profiles determined through compressive sensing 

techniques. Section 4 gives the results from simulated data while Section 5 shows the multipass autofocus solution 

applied to real data. Section 6 concludes. 

2. COMPRESSED SENSING PERSISTENT SCATTERER DETECTION AND AUTOFOCUS 

 

SAR Tomography (TomoSAR) [11] calculates a height profile for coherent azimuth-range pixels, i.e. pixels that are 

dominated by one stable scatterer that is much brighter than the background scatterers. These pixels can be selected by 

the image construction algorithm described in [3]. A similar algorithm can be applied to the multipass case, i.e. to a stack 

of M images. Concepts from compressive sensing [7] are used (i) to concurrently select pixels that are stable and 

coherent over all images (“persistent scatterers” [8]) and (ii), by comparison with measured data, to calculate the phase 

errors present in each pass. The problem formulation for selecting bright scatterers and obtaining the autofocus solution 

over multiple 2D SAR images is as follows. The data acquisition for a SAR system can be modeled as a linear system 

discretized as: 

 

                                                                                                 𝑦𝑚 = Φ𝑚𝑓𝑚 + 𝑛,      (1) 

where 𝑦𝑚 is the acquired data (phase history), Φ𝑚 is the observation matrix for the system, 𝑓𝑚 is the SAR image, 

represented as a vector, n is a noise term and m is the SAR image number in the stack of M multipass images. The 

majority of pixels in each SAR image are as a result of random sub-pixel interference, however some are as a result of 

constructive interference, which produces bright, stable, coherent pixels. Therefore each 2D SAR image can be split into 

two parts [3], as follows: 

 

                                                                                                    𝑓 = 𝑓𝑠 + 𝑓𝑏𝑔.      (2) 

 

The small number of bright scatterers are given by 𝑓𝑠 while 𝑓𝑏𝑔 are the low reflectivity background pixels contaminated 

by noise.  The bright pixels are sparse in the image domain and therefore compressed sensing can be used to select these 

image elements and can be carried out jointly for all images.  This can be taken one step further to include the estimation 

of the phase errors associated with uncompensated platform motion in each image. The SAR observation model 

including phase errors can be written as: 



 

 
 

 

 

                                                                                        𝑦𝑚 = 𝑑𝑖𝑎𝑔{𝑒𝑗𝜙𝑚}ℎ(𝑓𝑠,𝑚).                (3) 

 

Where h is a linear map that models the data acquisition, 𝑦𝑚 are the phase histories for each SAR image m, 𝑓𝑚 are the 

scene reflectivities and ϕm are the phase errors. The problem of recovering ϕm and 𝑓𝑚 from 𝑦𝑚 is an ill-posed one, 

however compressed sensing are used to overcome this issue. Joint sparsity [11] can be directly used to correct phase 

errors for multiple 2D SAR images using the following: 

 

                                                        (𝜙𝑚, 𝑓𝑠,𝑚)
[𝑛+1]

= 𝐻𝑠,𝑚 (𝑓𝑠,𝑚
[𝑛]

+ 𝜇Φ𝑇(𝑦𝑠,𝑚 − Ψ(𝜙�̃�)Φ𝑓𝑠,𝑚
[𝑛]

)).                   (4) 

 

Where 𝜙𝑚 ∈ [−𝜋, 𝜋] is a vector comprising of the estimated phase errors, Ψ is a diagonal matrix containing the elements 

 𝑒𝑗𝜙𝑚   and µ is a step size where µ>0. Equation (4) can be solved by iteratively minimizing the objective using a single 

argument at a time in an alternating fashion. With ϕm fixed: 

 

    (𝑓𝑠,𝑚)
[𝑛+1]

= 𝐻𝑠,𝑚 (𝑓𝑠,𝑚
[𝑛]

+ 𝜇Φ𝑇(𝑦𝑠,𝑚 − Ψ(𝜙�̃�)Φ𝑓𝑠,𝑚
[𝑛]

)).  (5) 

 

 With the estimated value of fm,s fixed this becomes:  

 

                                                                𝜙𝑚 = 𝑎𝑟𝑔 max�̃� 2𝑅𝑒{𝑦𝑚
𝐻Ψ(𝜙)̃𝑚Φ𝑓𝑠,𝑚},    (6) 

which has a direct solution: 

 

                                                                                          𝜙𝑚 = −∠{𝑦𝑚
𝐻Φ𝑓𝑠,𝑚}.     (7) 

 

Equation (4) describes an Iterative Hard Thresholding technique as described in [12], which is used here for image 

construction, with a Fourier model, and phase error estimation. This algorithm differs from [2] in that it uses a complete 

phase history for phase error correction and determines the phase error for 2D multiple images simultaneously by 

utilizing joint sparsity. The algorithm is also applied to data that has been polar formatted, whereas previous analysis 

only uses back-projection.  Contrary to conventional autofocus techniques such as phase gradient autofocus this 

algorithm can correct phase errors during multiple image formation. Such classical autofocus methods indirectly use 

sparsity to correct phase errors. 

 

3. COMPRESSIVE SENSING FOR HEIGHT DETERMINATION 

 
The knowledge of the phase errors described in the previous section are used to form focused SAR images for each pass. 

Taking just the persistent scatterers into account, vertical heights for up to two scatterers in each azimuth-range persistent 

scatterer pixel can then be determined using further compressed sensing routines. It is assumed that the number of 

scatterers in each pixel along the height domain is sparse. The problem formulation is as follows: 

                                                                                            𝑓𝑠 = 𝑠 𝑎 + 𝑛.                                                                                       (8) 

 



 

 
 

 

Where 𝑓𝑠  is the complex column vector for a given azimuth-range pixel on the m
th

 of M acquisitions, at aperture position 

bm. s is composed of multiple steering vectors and a is the vertical distribution of scatterers in the elevation domain 

which we wish to determine. n is the noise term. The objective is to retrieve the height profile for each persistent 

scatterer pixel using an overcomplete representation.  

We seek a height distribution for a maximum of two scatterers in each pixel. To reconstruct the height profile two 

separate compressive sensing algorithms were used for comparison. The first of these is the iterative hard thresholding 

algorithm mentioned previously. The second method is the greedy forward regression technique; orthogonal least 

squares (OS) [13]. OLS has been shown to work well in noisy environments and has a convenient stopping criteria [14]. 

The parameter used in the stopping criteria, χ, is the critical value of the chi-squared distribution with one degree of 

freedom for a given level of confidence. 𝜒 = 8 is chosen here. The OLS method can be applied to reconstruct height 

distributions as the data set at each pixel is relatively small. 

The expected elevation resolution is given by: 

                                                                                             𝜌𝑠 =
𝜆𝑟

2Δ𝑏
.                                                                                                   (9) 

 

Where 𝜆 is the wavelength of the SAR system, r is the range from the mid-aperture position and Δ𝑏 is the extent of the 

elevation aperture positions. The individual scatterers can be resolved to higher resolution using compressive sensing. 

The Cramer-Rao lower bound is given by: 

                                                                                 𝜎𝑠 =
𝜆𝑟

4𝜋√𝑀√2𝑆𝑁𝑅𝜎𝑏

 .                                                                                    (10) 

 

Where M is the number of acquisitions, SNR is the signal to noise ratio of the scatterer and 𝜎𝑏 is the standard deviation of 

the elevation aperture sampling distribution [1]. 

4. SAR SIMULATOR 

 

The SAR simulator described in [15] was used to model multipass, X-band SAR data by constructing the signal to each 

scatterer in a given scene. Platform motion that causes an unknown motion error that cannot be removed during motion 

compensation is added to the data. The tomography algorithm is applied to simulated data of a forest scene to determine 

whether any scatterers can be detected under the forest canopy at X-band by exploiting compressive sensing. 

 

The forest simulator is based on the polarimetric radar interferometry simulator (PRIS) described in [16, 17]. The forest 

model simulates multipass X-band backscatter images for the specified forest with varying flight paths, baselines and 

incidence angles. The 3D volume elements that define a forest canopy are modelled by simulating the crown volume, 

gap, trunk and ground surface. A Poisson distribution is used to simulate the spread of radii of the crowns and the trees 

are randomly placed in the 3D forest volume based on a circle packing algorithm given in [18]. At X-band the shape of 

the tree is important; therefore a more complicated version of the random volume over ground (RVoG) [19] model is 

required. The shape of each crown is parameterized from allometric equations gained from real forest data 

[17,20,21,22,23]. The crown volume is modeled as randomly distributed scatterers extinction properties taken from 

published values [16]. The crown volume is modelled as ellipsoidal or conical. Tree trunks are modelled as cylinders 

with homogeneous volume scatterers. Backscatter coefficients are chosen to give realistic normalized radar cross 

sections across the forest canopy. The ground surface is simulated as flat or sloped and a constant understory can be 

added. The forest model also accounts for the double bounce [24] at the base of each tree trunk as this is the most likely 

cause of any X-band signal from the ground surface to be detected. The tree trunk double bounce is modelled as the radar 

cross section for an ideal corner reflector taken from [25]. Figures 1(a) and 1(b) show examples of a simulated forest 

slice and an example of a simulated X-band forestry SAR image. 

 

 



 

 
 

 

 

 

 

 

 

 

 

 

 

 

                                                

                                                  (a)                                                                                        (b) 

 

Figure 1 (a). Example of a simulated forest through one range slice. (b) Example of simulated X-band forestry SAR image. 

 

5. SIMULATION RESULTS  

 

As a first experiment we simulated ten multipass spotlight SAR images for a scene of interest. The simulated platform is 

at X-band and the scene has 2m resolution. The scene contains constant amplitude point targets with Gaussian white 

noise added. Platform motion errors were simulated using quadratic phase errors, in the form: 

 

                                                                                              𝜙𝑚 = 𝛾((𝑛 − 1)/𝑁)2.     (11) 

 

Where N is the number of pulses, n runs between 1 and N and γ is an integer that controls the magnitude of the phase 

error, taken here to be 50 on the first pass and 20 on the second pass. The data is simulated to have an elevation aperture 

of 90m over the total of ten images. Figure 2(a) and (c) shows one of the simulated SAR images with the added quadratic 

phase error. The multipass compressive sensing autofocus algorithm was applied to select the stable, coherent pixels 

present in all passes to recover and account for the quadratic phase error as shown in Figure 2(b) and (d). Figure 3 

illustrates the applied and estimated quadratic phase error terms for two of the simulated passes. The multipass 

compressive sensing autofocus algorithm accurately estimates the quadratic phase errors. The final recovered phase 

errors still have a constant phase estimate error due to the problems inherit ambiguities as determined in [2]. The Muller 

Buffington sharpness metric [26] was used as an image quality metric. The Muller Buffington sharpness metric 

calculates a single scalar to signify image sharpness and is given by: 

 

                                                                                       𝑓 =
∑ |𝑔𝑐𝑜𝑟𝑟(𝑅,𝐴)|4

𝑅,𝐴

∑ |𝑔(𝑅,𝐴)|4
𝑅,𝐴

.     (12) 

 

Where gcorr and g are the corrected and non-corrected images respectively. The Muller Buffington sharpness metric 

shows an increase in image sharpness after the multi-pass compressive sensing autofocus solution has been applied to the 

images in Figure 2.  

If the data has been produced using the polar format algorithm the autofocus solution exhibits a growing linear phase 

shift across the image. This is as a result of the interpolation carried out during the polar format algorithm using a linear 



 

 
 

 

phase low pass filter. As long as this linear phase is consistent over all passes the data is still sound for TomoSAR and 

InSAR techniques.  

The autofocus and height retrieval algorithm was then applied to a set of multipass simulated forestry images; an 

example is given in Figure 1(b). The vertical height distribution for two scatterers in a PS pixel is shown in Figure 4. The 

height distribution shows a backscatter contribution from the top of the canopy and one from the modelled tree trunk 

double bounce. The elevation resolution is 2.5m and the Cramer-Rao lower bound is 0.1m.   

 

 

 

 
                                          (a)                                                                                                 (b)  

 
         (c)                                                                                                 (d) 

Figure 2(a) Simulated SAR image with quadratic phase errors to simulate platform motion. Multiple passes of the same synthetic 

scene were produced. (b) Simulated SAR image after the multipass compressive sensing autofocus solution has been applied. (c) 

Section of one of the simulated SAR images before autofocus to show single scatterers. (d) Section of one of the simulated SAR 

images after autofocus. 

 

 

 

 



 

 
 

 

 

 

 

  

(a)                                                                                                 (b) 

Figure 3. (a) The solid line shows the unwrapped applied quadratic phase error for the first pass. The ‘x’ line represents the phase error 

recovered from the mulitpass compressive sensing autofocus solution. (b) This is the phase error applied to the second flight pass. The 

solid line shows the unwrapped applied quadratic phase error and the ‘x’ line represent the phase error recovered from the mulitpass 

compressive sensing autofocus solution. 

 

 

 
(a)                                                                                                 (b)  

 

Figure 4(a)  The height distribution for one simulated scatter in a given azimuth-range pixel. The top plot shows the height distribution 

determined from the greedy algorithm while the bottom shows the results of the iterative thresholding algorithm. (b) The height 

distributions determined for each persistent scatterer pixel using the IT and greedy algorithms. 

 

 

 

 



 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

(a)                                                                                                 (b)  

Figure 5(a) The Twin Squirrel helicopter used to collect the SAR data for environmental sites of interest. (b) The experimental SAR 

system set up on the Twin Squirrel helicopter. 

 

6. REAL DATA AUTOFOCUS RESULTS 

The autofocus algorithm described in this paper was applied to multipass SAR data collected from Selex ES’s 

experimental SAR system. Selex ES has developed a novel experimental small X-band active electronically scanned 

array (AESA) synthetic aperture radar (SAR) platform. Its size, power consumption and lightweight build allow it to be 

placed on helicopters, fixed wing aircrafts and UAVs. The data was collected over a two day period in September 2014 

for multiple sites of interest in Scotland with the system placed on a Twin Squirrel helicopter.  The helicopter and SAR 

system are shown in Figures 5(a) and (b).  Overall 2000 spotlight mode SAR images were collected.  Up to seven repeat 

passes with differing flight paths were collected for some sites and multiple areas were imaged from different viewing 

angles, making the data appealing for use for environmental monitoring applications. 

InSAR and TomoSAR techniques require an extremely stable platform and for this reason data is usually collected from 

a fixed wing aircraft, such as DLR’s E-SAR [27] or a satellite, such as the new Tandem-X satellite [28].  In this study we         

demonstrate an autofocus solution that can be carried out on helicopter data, making the technique more accessible.  The 

use of airborne platforms for environmental monitoring, as opposed to satellites, allows for rapid deployment times to 

sites of interest and multiple viewing angles to help overcome issues caused by shadowing or layover in final DEMs. 

Airborne data in particular has non-ideal platform motion and errors in the motion measurement. When comparing two 

or more SAR images from airborne data the phase errors when between the flight paths can become substantial. One of 

the focused SAR images and the estimated wrapped phase error for this pass is shown in Figure 6. In [2] the authors 

found that with only a small number of iterations good approximations of the focused image and phase errors were 

obtained. 

7. CONCLUSION 

We have investigated the effects of phase errors on multipass InSAR and TomoSAR systems and have demonstrated the 

need for accurate autofocus particularly on airborne data. We have shown an extension of the stable algorithm described 

in [2] applied to the multipass data collection case using a joint sparsity iterative thresholding technique and polar 

formatting. Using pixels that are stable and coherent in all images a multipass autofocus solution was achieved. This is 

ideal for use before InSAR and TomoSAR techniques are carried out. Through simulation we show that a scatterer 

height distribution can be reconstructed from airborne, X-band multipass SAR forestry data.  Future work will include 

analysis into the effects of different parameters, such as sparseness of forest, extinction coefficient, incidence angle and 

height of trees, on the heights recovered from a compressive sensing height retrieval algorithm. 



 

 
 

 

 

 
(a)                                                                                                 (b)  

Figure 6. (a) The estimated wrapped phase error for the real Selex ES multipass data. (b) Focused SAR images from one pass 

collected from Selex ES's airborne, experimental, X-band SAR system. 
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Airborne X-band SAR Tomography for Forest Volumes
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ABSTRACT

We evaluate the usefulness of X-band, airborne (helicopter) data for tomography over forestry regions and discuss
the use of compressive sensing algorithms to aid X-band airborne tomography. This work examines if there is
any information that can be gained from forest volumes when analysing forestry sites using X-band data. To
do so, different forest scenarios were simulated and a fast SAR simulator was used to model airborne multipass
SAR data, at X-band, with parameters based on Leonardo’s PicoSAR instrument. Model simulations considered
varying factors that affect the height determination when using tomography. The main parameters that are
considered here are: motion errors of the platform, the spacing of the flight paths, the resolution of the SAR
images and plant life being present under the canopy (an understory). It was found that residual motion errors
from the airborne platform cause the largest error in the tomographic profile.

Keywords: SAR, X-band, airborne, vegetation, tomography, sparsity

1. INTRODUCTION

SAR tomography, an extension of SAR Interferometry (InSAR), is an extremely useful technique that allows
the user to obtain height information for multiple scatterers located within a single pixel in a stack of multipass
SAR images. Literature surrounding airborne, X-band tomography is rare. Here we analyse the usefulness of
X-band, airborne (helicopter) data for tomography over forestry regions. We simulate multiple images based on
what would be acquired by Leonardo’s PicoSAR, building on previous studies where real InSAR was carried out
with helicopter data.1 By using helicopter data we were able to analyse the outcome of tomography from a less
stable platform. Here we discuss if compressive sensing can aid X-band airborne tomography. By combining
short wavelength data, which is known to penetrate the canopy very little, with very high resolution imagery, we
are able to determine if ground signals can be detected. Using compressive sensing algorithms we examine if is
there any information that can be gained from forest volumes, or the ground beneath, when analysing forestry
sites using X-band data. Forest heights are vital for improving vegetation mapping efforts, while the extraction
of ground DEMs in vegetated areas with X-band would be revolutionary, therefore any information that can be
gained from a new generation of compact SAR systems using new algorithms will aid in this effort.

Results from model simulations of varying factors that affect the heights determined through tomography are
presented. The main parameters that are considered here are: the incidence angle of the system, motion errors
of the platform, the spacing of the light paths, the resolution of the SAR images and plant life being present
under the canopy (an understory).

Section 2 will discuss the forestry simulator, while the SAR simulator is outlined in Section 3. Section 4
details the need for persistent scatterers and Section 5 describes the compressive sensing methods used to carry
out tomography. The results from applying tomography to the simulated SAR images of a forestry scenario are
shown in Section 6.

Further author information: (Send correspondence to Fiona Muirhead)
E-mail: fiona.muirhead@ed.ac.uk, Telephone: 0131 343 5532



2. FORESTRY SIMULATOR

To analyse the effects of different parameters on tomography over vegetated surfaces, a forestry simulator was
developed. The forest simulator is based on the Polarimetric Radar Interferometry Simulator (PRIS).2 The aim
was to characterise the vertical distribution of radar reflectivity from a forest volume in a more representative
way than a simple, uniform, homogeneous layer of random volume scattering. The three dimensional location
and shape of the trees are important for realistic modelling3,4 and this is included within PRIS. Individual tree
architecture also has an impact on localised vertical reflectivity5 but it is difficult to model with sufficiently high
accuracy and requires specific information on tree architecture. Tree architecture is therefore not modelled here.

To characterise the tree size variation, a power law distribution was used to represent the variation of crown
diameters for the number of trees in the scene (between the maximum and minimum crown diameters). A
circle packing algorithm6was used to place the trees at random horizontal (x, y) positions in the scene using the
diameters defined by the distribution, giving more smaller trees and fewer larger ones, as expected in a natural
environment.

Three types of trees were modelled; ellipsoidal boreal, conical boreal and tropical. Crown volume is modelled
as randomly distributed scatterers with homogeneous number density,7 scattering and extinction properties. The
rest of the 3D forest volume is modelled as either a gap, trunk (modelled as a cylinder of homogeneous scattering
elements), or ground surface (which can be modelled as flat or sloped). Backscatter coefficients were chosen
to given realistic normalised radar cross section across the forest canopy at X-band.8 Trunks are modelled as
cylinders, placed in the horizontal positions defined by the circle-packing function. All voxels (the representation
of each discrete element of an array that a three-dimensional object is divided into) within the trunk are set to
the trunk backscatter coefficient. The tree trunk double bounce in line of sight of the platform was modelled
as the radar cross section from an ideal corner reflector.9 The double bounce backscatter coefficient was placed
on the ground plane in the voxel that is at the central edge of the trunk closest to the radar, and undergoes
attenuation in both the incident and return paths. Once the forest voxels were generated they were rotated into
the slant-range (antenna) coordinates by rotating the voxel array through the angle of incidence. The reflectivity
was then determined in the rotated reference frame as this allows clear inclusion of attenuation (factored through
range columns) since it allowed for the path length travelled through the forest canopy to be easily calculated.
Once extinction was accounted for, the array is rotated back into azimuth, ground distance, height coordinates
to be input into the radar simulator.

3. FAST SAR SIMULATOR

A fast SAR simulator was used to model multipass, X-band SAR data. Parameters were chosen to simulate
real data from Leonardo’s PicoSAR; a compact, lightweight, low cost, X-band airborne SAR system that can
be placed on fixed wing aircrafts, helicopters and UAVs. In this study we analyse whether SAR tomography
can be carried out from helicopter data, making the technique more accessible. Helicopter data suffers from
the largest amount of motion error and therefore if the techniques works for helicopter data they should work
for data collected from more stable platforms. The use of airborne platforms for environmental monitoring, as
opposed to satellites, allows for rapid deployment to sites of interest. A high resolution (< 2m) airborne system
could complement a global coverage satellite system by analysing results from a smaller localised area.1

The method for the fast SAR simulator is similar to a polar format algorithm in reverse. A 3D scene was
specified containing information from the forest model (described in the previous section), including extinction.
Starting with a rectangular grid from a 3D FFT of the scene, the data was interpolated to lie on a polar grid.
Flight and waveform information, such as bandwidth and aperture length were chosen to define the polar grid.
By defining multiple flight paths a stack of SAR images can be simulated. Platform motion that causes an
unknown motion error that cannot be removed during motion compensation is added to the data. Decorrelation
over the forestry canopy is also added. The fast SAR simulator is validated by comparing the impulse response
of targets to those seen in real data.



4. PERSISTENT SCATTERERS

Since we are analysing the usefulness of X-band tomography over vegetation there will be a lot of noise (due
to platform motion and scene decorrelation) in the stack of SAR images. Instead of carrying out tomography
on each pixel we elected to analyse only the persistent scatterers (the most coherent and stable pixels over the
image stack) as these pixels would give us the most accurate height profiles. Persistent scatterer interferometry
is combined with tomography in10 where a PS is considered to be a single point-like scatterer with high temporal
coherence over the whole image stack. An inherent limitation associated with PSI in this sense is that since
PS pixels are a single dominant scatterer within a resolution cell, pixels containing backscatter from multiple
scatterers are rejected. This research looks at PSs from a different perspective. One reason for this is the use of
higher resolution data, therefore there are less scatterers within a given resolution cell. Additionally the use of
helicopters results in a less stable platform and means that there are fewer coherent pixels over the image stack.
Thus PSs are vital to obtaining a tomographic solution. The novel method for selecting PS pixels by exploiting
sparsity11 does not reject pixels that contain more than one point scatterer in a resolution cell if the contribution
is coherent and stable over the stack. This method is suitable for obtaining Dirac-delta functions for the heights
of scatterers instead of a full tomographic profile.

5. COMPRESSIVE SENSING TOMOGRAPHY

SAR Tomography is applied to determine a height profile for coherent azimuth-range persistent scatterer pixels,
i.e. pixels that are coherent and stable over the image stack. It is assumed that the number of scatterers in each
pixel along the height domain is sparse and therefore compressive sensing routines can be utilised. The problem
formulation is as follows:

fs = Ra + n, (1)

Where fs is the complex column vector for a given azimuth-range pixel on the mth of M acquisitions, at aperture
position bm. R is composed of multiple steering vectors, a is the vertical distribution of scatterers in the elevation
domain which we wish to determine and n is the noise term. The objective was to retrieve the height profile for
each persistent scatterer pixel using an overcomplete representation and exploiting sparsity. The first algorithm
for reconstructing the height profile in a given persistent scatterer pixel is a greedy algorithm. The least squares
solution from such an algorithm is given by:

â = (RHR)−1Rfs, (2)

where â is the height profile estimate. The estimation error âe is given by:

âe = (RHR)−1RHn. (3)

We seek a height distribution for the main scatterers within each pixel. The above method is the greedy forward
regression technique; orthogonal least squares (OLS).12 OLS has been shown to work well in noisy environments
and has a convenient stopping criteria.13 The parameter used in the stopping criteria, χ, is the critical value
of the chi-squared distribution with one degree of freedom for a given level of confidence. χ = 8 is chosen here.
While the OLS method is computationally expensive, it can be applied to reconstruct height distributions as the
data set at each pixel is relatively small.

The second algorithm that was used for comparison was an iterative hard thresholding (IHT) technique.14

The height distribution is reconstructed by iterating over the following:

a[n+1] = H(a[n] + µR(fs −Ra[n])). (4)

Where H is the hard thresholding operator that sets elements to zero if below a given threshold. µ is the step
size, taken here to be µ = 0.3. The number of iterations used for this research N was 25, however it was found
that under most conditions N = 15 was sufficient.



6. RESULTS

To test the usefulness of X-band, airborne tomography over vegetation many different types of forests were
produced and inserted into the SAR simulator with different input parameters (incidence angle, flight paths,
number of passes). The stack of simulated SAR images were inserted into the tomography algorithm to calculate
a height distribution for each persistent scatterer pixel. For this analysis a very basic forest was produced so that
differences in the tomography solution could be easily identified. This technique allowed for one parameter to be
altered at a time as to clearly compare the outcomes. The simple forest was made up of approximately 200 tree
stands in one hectare, with all the trees having the same overall height (24m) and same canopy depth (2-4m),
a typical simulated SAR image of this forest is shown in Figure 1. In this example there is no decorrelation or
motion error added to the data. As the canopy was relatively thin extinction did not play a large role in the
heights extracted from tomography. Typical extinction factors at X-band were obtained from previous studies.8

Extinction has a greater effect when the canopy is thicker and is obscuring the ground. In this case the radiation
has more to penetrate and hence less ground returns are detected.

A note on the terminology of persistent scatterers in the next sections: when no decorrelation or motion errors
are added to the forest scene, parts of the vegetation can be considered persistent scatterers. Once decorrelation
is accounted for then trunks, ground or corner reflectors on the surface are more likely to be persistent as these
objects are more stable over time. In the following simulations 2000 persistent scatterers are detected in each
stack of multipass SAR images; this is approximately 1% of the total number of pixels in each image.

-50 0 50

Azimuth (m)

-50

0

50

R
a

n
g

e
 (

m
)

Figure 1. One of the multipass simulated SAR images of the basic forest volume.

6.1 Flight Paths

The fast SAR simulator uses typical parameters from PicoSAR. An incidence angle of 15◦ was used which is
slightly larger than that used by PicoSAR but is still very much less than typical angles used from satellite
systems. This highlights one of the main differences between the airborne and satellite platforms. The flight
paths considered had to allow for suitable resolutions and ambiguities from the tomography solution. The
Rayleigh resolution is given by:

ρa =
λr

2B
, (5)

where B = bmax − bmin. The ambiguity of the height profile that can be determined is given by:



∆A =
λr

2δb
, (6)

where δb is the closest spacing between apertures. For this simulation a typical platform height of 1700m and a
range of 6000m with 90 passes spaced at 2m apart will provide a spatial resolution of 0.5m in the height domain
and an ambiguity of 50m. This perfect scenario allows for a perfect retrieval of the tomographic profile. From
this profile you get equal amounts of canopy and ground detected, see Figures 2 and 3. The canopy is detected
at 20m and the ground at 0m. The canopy is detected at 20m instead of 24m due to the canopy being modelled
as ellipsoidal and due to there being a small amount of penetration through the canopy at X-band. Reducing
the flight paths from 2m apart to 4m increases the amount of ground detected.
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Figure 2. The tomographic retrieval from the simple forest scenario with 90 passes at 2m baselines. No motion error or
decorrelation is added to this best case scenario.

It is clear that 90 passes is unrealistic for such a system, therefore to achieve the required resolution and
ambiguity coprime sampling is utilised. Coprime sampling reduces the number of passes to 10. Using coprime
sampling we get more false detections (scatterers placed between 1m and 18m) however the overall height of
canopy and ground is still very clear, see Figure 4. This figure highlights the first scatterer detected in each PS
pixel. The motion error noise mainly affects the heights detected for the smaller scatterers within each PS pixel.

Reducing the total span of the flight paths decreases the resolution. It was found that decreasing the span to
40m gave a resolution of 2.4m and was not suitable for finding an accurate tomographic profile. A baseline span
of 80m results in a resolution of 1.2m. This set up results in mainly detecting ground and again is not suitable.
A large enough span is needed to get fine enough resolution but also have enough passes so that the ambiguity
on the ground is great enough to detect the height of the forest.

6.2 Image Resolutions

By increasing the image resolution it may be possible to see below the canopy even at short wavelengths such as
X-band. Having fine resolution, for example 0.5m resolution, allows for extra ground to be picked up between
trees. SAR images are simulated at 0.2m range resolution and 0.5m azimuth resolution for the basic forest scene.
These resolutions allows the gaps within the forest canopy to be visible and for ground returns to be detected.
With such a basic scene making the image resolution coarser than this means that many pixels contain returns
from the ground and canopy. In this case it is mainly pixels around the edge of the scene that just contain
ground signal that are detected as persistent scatterers, as seen in Figures 5 and 6.
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Figure 3. A histogram of the heights retrieved from the simple forest scenario with 90 passes at 2m baselines. No motion
error or decorrelation is added to this best case scenario.
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Figure 4. A histogram of the heights retrieved from the simple forest scenario with coprime baselines. No motion error
or decorrelation is added to this scenario.

6.3 Decorrelation

This section analyses whether a bright, coherent object, such as a corner reflector, could be detected in the
presence of decorrelation. In the simulation all types of decorrelation are accounted for using one decorrelation
term. Decorrelation is more extensive in the canopy than on the ground and so a larger amplitude and phase
change is added to the canopy to simulate decorrelation. Decorrelation on the scale of a wavelength has the
potential to greatly degrade the quality of the tomographic profile. Adding in a small amount of decorrelation
to the canopy makes no difference to the overall tomographic profile. Adding in a large amount of decorrelation
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Figure 5. The tomographic retrieval from the simple forest scenario with coarser resolution. No motion error or
decorrelation is added to this scenario.
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Figure 6. The histogram of height retrieved from the simple forest scenario with coarser resolution. No motion error or
decorrelation is added to this scenario.

results in many false detections, see Figure 7 however canopy and ground scatterers are still clear in the first
scatterer detected in each pixel, as seen in Figure 8. Doubling the ground reflectivity approximately doubles
the number of ground returns detected in the tomographic profile, even with a large amount of decorrelation.
Overall decorrelation increases the number of false heights detected but by just analysing the largest scatterer
present in each persistent scatterer pixels allows for an approximation of ground and canopy position.
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Figure 7. The tomographic retrieval from the simple forest scenario with a large amount of decorrelation added to the
canopy.
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Figure 8. The histogram of heights retrieved from the simple forest scenario with a large amount of decorrelation added
to the canopy.

6.4 Motion Errors

The amount of time for each pulse to travel from the SAR system to the patch centre and back needs to be known
for each transmission point along the synthetic aperture.15 For satisfactory SAR images the relative uncertainties
in the distance R0 has to be a fraction of a wavelength of the SAR centre frequency. Navigational systems are
used to estimate R0 for each pulse using IMUs as these have high enough frequency to gain information for each
pulse. Navigational systems also utilise GPS to increase the accuracy, however the frequency for GPS is much
lower. Higher azimuth resolution images require longer synthetic apertures. These longer apertures give the



IMU more time to drift during collection. To overcome such errors autofocus algorithms are employed, however
residual motion errors are still present within stacks of SAR images for tomography. Compact SAR systems are
limited in the IMU that they can use as it has to be low mass and small size to fit on the system.

In real data the platform does not fly a perfect linear path, especially using a helicopter platform, therefore
motion errors have to be added to the simulation. Large scale motion errors are accounted for using motion
compensation yet there are still residual motion errors that have to be included. These errors can be accounted
for by autofocus however this is not a perfect solution. Any residual motion (which is different between passes)
will cause errors for the tomography output since the steering vectors will not be accurately known. This section
discusses what level of motion errors are acceptable to still get an accurate tomographic result. Navigational
errors are cumulative therefore the motion error is taken to be the cumulative sum of a zero-mean, normally
distributed random variable.16 A smoothing filter is applied over the sum of a few hundred milliseconds. Previous
modelling takes the standard deviation of the random errors to be 5cm per pulse.16

It should be noted that the highest amount of motion errors occur during windy weather. Wind also causes
decorrelation in vegetation, therefore such weather has a twofold effect. As we are simulating typical scenarios
from helicopter data the motion errors are higher than in other SAR datasets. Initially we add a small error to
each x, y, z platform position on each pulse. The final error in range on each pulse is shown in Figure 9. This
results in some false detections at 15m in the tomographic profile however still gives a clear indication of canopy
and ground position, as shown in Figure 10.

0 100 200 300 400 500

Pulse

0

0.05

0.1

0.15

0.2

0.25

R
a

n
g

e
 E

rr
o

r 
(m

)

Figure 9. The range error added to each pulse for a scenario with a small residual motion error. Note that the number
of pulses is larger than the image shown in Figure 1 as the image was made larger than the scene of interest.

Adding in a large amount of residual motion errors results in many more false detections in the tomographic
profile. The resultant range error added to each pulse is shown in Figure 11 and final heights determined are
shown in Figure 12. From Figures 11 and 12 it is clear that only a small amount of motion error can be present
to gain a reasonable tomographic output, thus constraining the IMU accuracy.

6.5 Understory

If vegetation is present under the canopy (an understory) this may prevent ground returns, especially at X-band.
In the simulation the understory is modelled as a homogeneous block volume. If the understory reflectivity is
large then the tomographic algorithm mainly detects the top of the understory. This is the case illustrated in
Figure 13 where a highly reflective understory is added at 2m. In this case no ground returns are observed as
the understory blocks these signals.
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Figure 10. The histogram of heights retrieved from the simple forest scenario with a small residual motion error.
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Figure 11. The range error added to each pulse for a scenario with a large residual motion error. Note that the number
of pulses is larger than the image shown in Figure 1 as the image was made larger than the scene of interest.

7. DISCUSSION AND CONCLUSION

By simulating helicopter data we analysed the outcome of compressive sensing tomography from a less stable
platform. Overall the helicopter motion plays the largest factor in finding an accurate height profile from
tomography. The motion error is also related to the flight paths flown. The pilot is unable to fly the helicopter
in a straight line path to required tolerances and thus baselines may not be as needed. Decorrelation has a large
factor on the outcome from tomography, regardless of the motion error. It should be noted that on a windy day
where more decorrelation of the vegetation will occur then the motion errors of the helicopter are likely to be
worse. Furthermore forest reflectivities are weather dependent. Having finer SAR image resolution allows for
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Figure 12. The histogram of heights retrieved from the simple forest scenario with a large residual motion error.
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Figure 13. A histogram of the heights retrieved from a forest with a large understory reflectivity. No motion error or
decorrelation is added in this scenario.

extra ground signals to be detected in pixels that lie between the canopy. The ground is unlikely to be recovered
if an understory is present.

We find that the greedy algorithm is more effective at detecting two or more scatterers in a single pixel. The
IHT algorithm occasionally detects sidelobes of the brightest scatterer. For future studies the greedy algorithm
would be recommended for tomography purposes.
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Appendix B

Selex ES Data Format

The data from PicoSAR and AEXAR is output in a binary format known as
Format 6. This file contains the header parameters that are related to the data
acquisition. Some useful parameters described in the PicoSAR header are given
in table B.1.

TABLE B.1: PicoSAR header parameters

Parameter Units Definition
tau µs Pulse length
bw MHz Signal Bandwidth
fa2d MHz Digitiser sampling frequency
rf MHz Carrier frequency of the first pulse
lambda m Wavelength of the first pulse
prf Hz Pulse repetition frequency
nrpi - Number of azimuth pulses
nrg - Number of range samples
clat radians Latitude of scene centre
clon radians Longitude of scene centre
chgt m Height of scene centre
pWr m Extent of scene in range
pWa m Extent of scene in azimuth
rhoR m Nominal range resolution
rhoA m Nominal azimuth resolution
pos lat radians 5 aircraft latitudes
pos lon radians 5 aircraft longitudes
pos hgt m 5 aircraft heights
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