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ABSTRACT

An estimated probability distribution of the backscatter is commonly used to deter-
mine the threshold for distinguishing targets from clutter at a given false alarm rate.
Data collected at high grazing angles (15° — 45°) by the Defence Science Technology
Organisation’s Ingara fully polarimetric X-band radar demonstrates that the common-
ly used K-distribution is not always adequate for modelling the probability distribu-
tion. This is especially the case for the horizontal polarisation when sea-spikes can
cause high false alarm rates. An alternative proposed as a more accurate model is
known as the KK-distribution. The analysis presented in this report describes this
model with the addition of multiple looks and a thermal noise component to produce
an estimate of the underlying mean and shape. This then enables the KK-distribution
to be used as a proxy for data in radar detection performance studies. The threshold
required to achieve a constant false alarm rate is then studied and compared with that
obtained from the K-distribution.
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Analysis of High Grazing Angle Sea-clutter with the KK-Distribution

Executive Summary

Traditionally, maritime surveillance of small targets is conducted from low altitude platforms due
to the relatively low clutter backscatter. This surveillance scenario has been well studied and
relevant models have been developed. In the future however, high altitude airborne platforms will
offer improved area coverage at the expense of increased radar backscatter. This geometry results
in sea-clutter with a higher grazing angle where there is very little data available for analysis. In
August 2004 and July 2006, the Defence Science and Technology Organisation’s (DSTO) Ingara
X-band airborne radar collected fine resolution fully polarimetric data in the high grazing angle
region 15° —45°. The data was collected from the ocean off the coasts of Port Lincoln and Darwin
respectively. This report builds on work undertaken at the DSTO in characterising the maritime
environment from high altitude airborne platforms.

The focus of this report is to characterise sea-clutter probability distribution functions using the
collected data with the goal of more accurately detecting targets in radar backscatter. At finer radar
resolution, the effects from both discrete and persistent sea-spikes will have a big impact on the
radar backscatter. The commonly used K-distribution is shown to not always be accurate enough
for modelling the probability distribution, especially in the horizonal polarisation channels and at
lower grazing angles (~15°). Instead, a recently proposed model known as the KK-distribution is
presented as an alternative to model the backscatter in this region. Understanding and modelling
these sea-spike events are important for the prediction of radar performance, especially when
the goal is to detect small targets present within the sea-clutter. The results in this report show
that incorrectly calculating the detection threshold can result in under-prediction of the required
signal to interference ratio by up to 6 dB. In an operational radar, an error of this magnitude will
undoubtedly result in missed detections of small targets.

The main contributions in this report include a description of the KK-distribution model with
extensions to include multiple looks and thermal noise, thereby allowing an estimate of the under-
lying mean and shape of the distribution. Rather than fitting all five parameters, constraints are
introduced to overcome difficulties in fitting the full PDF and the data is fitted in the log;y domain
in order to focus on the tail of the distribution. A sea-clutter simulation is used to verify the fit-
ting procedure and show that the K-distribution is not able to estimate the underlying shape of the
distribution with both thermal noise and sea-spikes present, while the modified KK-distribution
can.

Both single and multi-look data are analysed, with a poor fit shown for the K-distribution in
the horizontal and cross polarised channels. The fit is substantially improved when the modified
KK-distribution is used. The dynamic range of the mean is greatly increased and there is now
more detail in the shape estimates, particularly where the clutter to noise ratio is low. The KK
parameter which measures the extent of the tail has its highest values in the low grazing angle
regions of the horizontal polarisation channel.

To assess target detection performance, the false alarm rate is calculated from the distribu-
tions down to 1076, To determine the model suitability, the ‘threshold error’ is measured as the
difference between the data and model at a specific false alarm rate. These results show a good
match between the data and the KK-distribution fit, while the K-distribution fit for the horizon-
tal and cross polarised channels mismatched the data from approximately 10~2 and below. The
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mismatch is in the lower grazing region and reduces linearly as the grazing angle increases. The
final result shows a comparison between the original formulation of the KK-distribution without
considering noise and the modified version from this report. There is only a small improvement
in the threshold error, thus demonstrating that the parameters estimated with and without thermal
noise are both able to construct the distribution accurately enough for target detection purposes at
the CNRs consistent with false alarm rates lower than 10~%. However, estimates of the underlying
mean and shape are important as it will enable the KK-distribution to be used as a proxy for data
in radar detection performance studies.
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1 Introduction

An active area of research at the DSTO is to understand the characteristics of sea-clutter as seen by
an X-band radar, specifically the mean backscatter, amplitude statistics and the Doppler spectrum,
[Rosenberg 2012, Crisp et al. 2008, Dong 2006, Rosenberg, Crisp & Stacy 2010, Rosenberg &
Stacy 2008, Rosenberg, Crisp & Stacy 2008]. This report is focussed on the amplitude statistics
and aims to get a more accurate estimate of the underlying sea-clutter parameters by accounting
for the high magnitude sea-spikes and the thermal noise which is present in the radar.

Sea-clutter probability distribution functions (PDFs) have been studied for decades, primar-
ily on coarse resolution data collected at low grazing angles. However, at finer range resolu-
tion, the effects from discrete sea-spike events will have a bigger impact on the radar backscat-
ter. Understanding and modelling these events are important for the prediction of radar perfor-
mance, especially when the goal is to discriminate targets from the sea-clutter. Typically the
Weibull, log-normal or K-distributions are used to model radar backscatter from the sea, but none
of these perfectly describes the sea under all conditions, [Ward, Tough & Watts 2006]. Also,
thermal noise from the radar can effect the total received signal and change the expected distri-
bution. A number of newer distributions have since been developed to account for the effects
of sea-spikes and/or the thermal noise found in the radar. These include the KA-distribution,
[Middleton 1999], the KK-distribution, [Dong 2006] and more recently the Pareto distribution
[Farshchian & Posner 2010, Weinberg 2011, Rosenberg & Bocquet 2013].

The KK-distribution was developed to capture the non Rayleigh sea-spike events, but does
not account for thermal noise. The work presented in this report extends the KK-distribution
model to include thermal noise and multiple looks. The modified model is then applied to both
simulated and real data to determine the regions where sea-spikes are present and to extract the
underlying shape parameter of the sea-clutter PDF with no thermal noise present. Data taken from
the DSTO Ingara radar is used to characterise results over all polarisations, azimuth directions and
a range of grazing angles from 15° to 45°. This knowledge will enable the KK-distribution to
be used as a proxy for data in radar detection performance studies. Furthermore, the cumulative
distribution function (CDF) can be formed from the PDF and is related to the probability of false
alarm by P;, = 1—CDF. This enables detection thresholds to be determined for a desired CFAR.
By carefully combining the radar backscatter over azimuth and grazing angles to increase the
sample size, detection thresholds can then be determined for Py,’s down to 1075, A discussion
of the impact of this averaging is presented in Section However, the exact effect of this
windowing on the interpreted phenomenology is unknown and cannot be resolved except with
repeated experimentation.

This report contains five main sections. Section [2] contains background to the distributions
mentioned above, the DSTO’s Ingara radar and the trial data. Section [3] develops the modified
KK-distribution and describes how the important parameters are estimated from the data. Section
M) then applies the estimation method to simulated data to demonstrate its accuracy and measure
the effect of sea-spike events and thermal noise on the PDF. Finally, Section [5|looks at real data
collected from the DSTO trials, with results shown that demonstrate the suitability of the KK-
distribution when compared to the commonly used K-distribution.
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2 Background

This section provides relevant background material to the latter sections of this report. The first
Section [2.1] contains a brief literature review of the commonly used PDFs for sea-clutter and the
newer ones developed to account for sea-spikes and/or thermal noise in the radar. A brief descrip-
tion of the Ingara radar is presented in Section[2.2] while background to the two sea-clutter trials
is presented in Section

2.1 Sea-clutter probability distributions

Sea-clutter distributions were originally developed to look separately at the temporal and spatial
returns from the sea surface. The radar systems used were typically stationary with low grazing
angles and coarse resolution. Commonly used PDFs include the Rayleigh, log-normal and Weibul-
1, with the latter two used when longer tails were observed in the radar backscatter, [Long 2001].
A more useful model however, includes both components in a ‘compound’ representation. The
most widely used is known as the K-distribution which is described in terms of Rayleigh speckle
fluctuations modulated by Gamma underlying radar cross section (RCS) variations.

The K-distribution was first applied to modelling probability distributions of sea-clutter by
Jakeman & Pusey [1976]. It was later put into a Bayesian or compound formulation by Ward
[1981] which allows a more meaningful understanding of the two main components. These being
the temporal or fast varying component with a correlation time on the order of 10 ms and the
spatial varying component with a correlation length on the order of metres. The fast component is
commonly known as speckle and is the result of constructive and destructive interference effects
between multiple scatterers. It is typically associated with the small local wind-driven ripples
(capillary waves) on the ocean surface. The spatial component represents changes in the large
and medium scale waves which modulate the speckle. In terms of scattering processes, reflections
off the wind-driven ripples are known as Bragg (or resonant) scattering, while the non-Bragg
scattering can be described as a combination of whitecaps and discrete sea-spikes, [Ward, Tough
& Watts 2006]. Whitecaps are the result of wave crest breaking and occur for seconds with a
Rayleigh fluctuation and decorrelation time on the order of milliseconds, while sea-spikes are
produced by specular-type reflections which are spatially more isolated and can last for a number
of seconds. It is these sea-spikes that cause the K-distribution model to break down, particularly at
finer resolutions where they have higher levels of backscatter relative to adjacent cells and extend
the tail of the distribution. A second source of mismatch can also arise when there is a low clutter
to noise ratio (CNR) and the distribution becomes more Rayleigh. Consequently, both sea-spikes
and thermal noise should be accounted for to improve the accuracy of the distribution model and
allow an estimate of the underlying mean and shape.

In the literature, there have been a few methods developed to modify the K-distribution to deal
with non-Rayleigh scattering. The first is the KA-distribution developed by Middleton [1999]
and applied by Ward & Tough [2002]. The model includes components for the thermal noise and
speckle with the discrete spikes modelled with a Poisson distribution. This model is then incor-
porated with the Gamma model for the underlying waves to give the form of the KA-distribution.
A similar model known as the breaking area model (BAM) has been developed by Clements and
Yurtsevelﬂ and also uses a Poisson model to characterise the sea-spikes. It differs from the KA-

"The original reference for this work is no longer available.
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distribution in that the former is used to add the sea-spike component coherently, while the BAM is
used to model the mean power and the sea-spike component is added incoherently, [Ward, Tough
& Watts 2006]. More recently, the Pareto distribution has been applied to model the non-Rayleigh
scattering [Farshchian & Posner 2010, Weinberg 2011, Rosenberg & Bocquet 2013]. It was found
that this distribution can equally fit the long tails present in the data with the advantage of only
requiring two parameters to be estimated.

An alternative model for capturing the non-Rayleigh sea-spike components has been presented
by Dong [2006]. His solution uses a mixture model for the distribution consisting of the sum of
two K components, one associated with the Bragg components and one for the sea-spikes. It
should be noted that the choice of the second K component is arbitrary and has no direct physical
basis. However, when compared to the KA-distribution, the KK is equally able to model the
tail region with the benefit of better matching in the region where the tail extends from the bulk
of the distribution. Dong’s implementation of the KK-distribution doesn’t account for thermal
noise however, which means that the closed analytic form of the K-distribution can be used. This
provides a large computational benefit over the KA-distribution making it more suitable for real-
time use in a constant false alarm rate (CFAR) target detection scheme. However, if the thermal
noise in the radar is stronger than the received backscatter, there will be significant errors in the
threshold estimate.

The effect of thermal noise on the K-distribution has been studied by a number of authors.
Watts [1987] first looked at this effect from a target detection point of view. He formulated a
modified distribution and showed that estimating the K-distribution parameters with thermal noise
present leads to an ‘effective’ shape, which can still be used to achieve acceptable target detection
results. Further studies by Gini et al. [1998] has extended the K-distribution model to include cor-
relation and detailed analysis showed better target detection results when thermal noise is included
in the model, at the expense of greater computation. A slightly different focus by Lombardo, Oliver
& Tough [1995] looked at the effect of thermal noise on the parameter estimation for K-distributed
clutter and derived a different shape estimator which is less sensitive to thermal noise.

2.2 Radar description

The DSTO Ingara system is an airborne multi-mode X-band imaging radar system. It operates
with a centre frequency of 10.1 GHz and supports a 600 MHz bandwidth for fine resolution in a
spotlight mode. The sea-clutter trials however used a bandwidth of 200 MHz to achieve a larger
swath width. The radar is fully polarimetric and utilises a dual linear polarised antenna developed
by the Australian CSIRO for both transmitting and receiving [Parfitt & Nikolic 2001]. In fully
polarimetric collections, the system is operated at double the normal pulse repetition frequen-
cy (PRF) with the polarisation switch being used to alternate the transmit polarisation between
horizontal and vertical polarisations while receiving horizontal and vertical polarisations simulta-
neously. A more detailed description of the system may be found in [Stacy et al. 2003] and the
references therein cite earlier descriptions. The standard radar operating parameters used during
the sea-clutter collections are shown in Table[I] Also, to simplify the analysis in this report, the
backscatter measurements are based on the range-compressed real beam data without any Doppler
processing.
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Table 1: Standard radar operating parameters for ocean backscatter collections.

Parameter Value
Frequency 10.1 GHz
Transmitted bandwidth 200 MHz
Pulse length 20 us
Peak transmit power 1 kW

3 dB beamwidth - azimuth / elevation | 1°/13°

2.3 Trials background

The trial data was obtained with Ingara on two separate occasions and two distinctly different
regions. The first ‘sea-clutter’ trial was conducted in 2004 (SCT04) in the southern ocean approxi-
mately 100 km south of Port Lincoln, South Australia [Crisp, Stacy & Goh 2006]. The site chosen
was at the edge of the South Australian continental shelf where there was little chance of shallow
water affecting the wave field. During the trial, ocean backscatter was collected for a range of
different geometries on eight separate days with different ocean conditions. The second ‘maritime
surveillance’ trial was conducted in 2006 (MASTO6) in littoral and open sea environments near
Darwin in the Northern Territory. Again, data was collected for a range of different geometries
and ocean conditions. In this trial, a total of four days data were collected: two of the days were
in the littoral zone approximately 25 km north of Darwin and the other two days were in the open
ocean approximately 200 km west of Darwin. These trials have been reported in detail in [Crisp,
Stacy & Goh 2006] and [Crisp, Preiss & Goh 2008].

During the ocean backscatter collections, Ingara was operated in the circular spotlight-mode.
Figure[T]shows this mode, where the aircraft flies a circular orbit in an anti-clockwise direction (as
seen from above) around a nominated point of interest, while the radar beam is continuously di-
rected toward this point. Radar echo data is continuously collected during the full 360° orbit, with
the instantaneous PRF appropriately adjusted to maintain a constant spatial separation between
pulse transmission positions. Once collected, the echo data may be processed either immediately
(in real-time) or subsequently (off-line) to produce either range-compressed profiles or spotlight
synthetic aperture radar (SAR) images of the scene at various azimuth angles. Further, owing to
the continuous nature of the data collection, the images can be formed at any desired azimuth look
direction. Each collection of data in this mode is referred to as a ‘run’ and there may be several
complete orbits in a single run.

In order to examine the effect of grazing angle on ocean backscatter, runs were made with
different grazing angles. In circular spotlight mode, this is done by controlling the aircraft altitude
and orbit radius. For both the SCT04 and MASTO6 trials, data was collected at the centre of
the spotlight for the nominal grazing angles of 15° to 40° in 5° increments. Owing to the wide
elevation beam width of the radar, its footprint on the ocean surface has a significant range extent.
This means that the grazing angle varies across the footprint. It follows that, with appropriate
range compression and data processing, the variation in backscatter with grazing angle across the
range extent of the radar beam footprint can be measured. In this way, backscatter measurements
for most grazing angles in the range from 10° to 45° could be extracted from the data. Note that
the aircraft speed was approximately 100 m/s and so a 1.5 NM radius orbit took approximately
3 minutes while a 1.9 NM radius orbit took 3.5 to 4 minutes. The total collection across all
grazing angles took approximately 90 minutes. It is reasonable to assume that over such short
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Figure 1: Circular spotlight mode collection geometry.

time intervals, the ocean surface conditions are relatively unchanged and that mean backscatter
variations are mostly due to the changing imaging geometry rather changing ocean conditions.
Nevertheless, it is possible that wind gusts and changes of wind strength and direction may have
effected the measurements. Table [2| shows the wind and wave ground truth for the two days
analysed in this report.

Table 2: Wind and wave ground truth. Directions are “from” not “to”.

Trial Flight | Date Wind Wave

Speed | Direction | Height | Direction
(m/s) ) (m) )
SCT04 F35 | 11/8/04 | 10.3 315 2.6 210

MASTO06 F9 24/5/06 | 10.2 124 1.21 128

Finally, using the geometry in Figure[T] the azimuth resolution can be calculated approximately
by RsAvy, where Ry is the slant range and A is the measured two-way azimuth antenna 3 dB
beamwidth equal to 1.02° for the horizontal transmit, horizontal receive (HH) channel and 0.99°
for the vertical transmit, vertical receive (VV) channel. Table[3|shows the geometry for collections
at various grazing angles and slant-ranges for a beamwidth of 1°. Over these nominal parameters,
the average azimuth resolution is 62.7 m. However since each collection spans a range of grazing
angles, the actual azimuth resolution will always differ slightly.

Table 3: Nominal geometric parameters for circular spotlight-mode collections.

Grazing angle (°) | Altitude (m) | Radius (NM / m) | Slant range (m) | Azimuth res. (m)
15 932 1.9/3519 3643 63.54
20 1353 1.8/3334 3548 62.80
25 1522 1.8/3334 3679 63.97
30 1711 1.6 /2963 3421 59.72
35 2073 1.6 /2963 3617 63.11
40 2314 1.5/2778 3626 63.10
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3 Distribution functions and parameter estimation

This section describes the development of the KK-distribution model with thermal noise and tech-
niques for estimating its descriptive parameters. This however requires descriptions of both the K
and KK-distributions with and without thermal noise, which are presented in Sections [3.1]to [3.4]
respectively. The final Section then looks at radar performance modelling by introducing the
relationship between the cumulative distribution function and the probability of false alarm. This
enables the threshold error to be determined at a given Py, and provides a means of comparing the
performance of each distribution.

3.1 K-distribution

The K-distribution is a well established model used to describe the amplitude or intensity of o-
cean backscatter. Among its advantages over other models is its theoretical justification with an
underlying physical model. It has also proved to be realistic and is commonly used to model sea-
clutter, [Ward, Tough & Watts 2006]. It is usually presented in terms of an intensity product model
combining an underlying RCS component, =, with an uncorrelated speckle component, z. Assum-
ing analysis of baseband radar data in complex format (in-phase and quadrature), the magnitude
PDF becomes Rayleigh and the power (or intensity) PDF is modelled as an exponential or gamma
distribution with unity shape and mean power z,

1
P, (2]7) = — €xp [——} , 2>0 (1)

For a multi-look radar however, the average of M independent looks (assuming that the speckle is
random and the underlying RCS is constant) is determined by,

1 M
g:Mz_lzm 2)

and the clutter power o is now described by a gamma distribution with shape M,

MMO.M—I

Mo
Pyp(o|r) = TMT (M) ]

exp [_az 3)

where I'(+) is the gamma function. In the K-distribution model, the underlying RCS, z is also a
random variable and can be modelled as a Gamma distribution,

bl/
I'(v)

where v is the shape, b = v//u is the scale and y is the mean. The compound formulation for
the K-distribution is then obtained by integrating the speckle PDF over the PDF of the underlying

P,(x) = e’ lexp[-br], 0<z<oo 4)

RCS,
P0)= | Paalole)Prla)ds )
- %(Mba)% F(AAF(V)K,,M (2\/Mba) ©6)
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where K,,_j;(+) is the modified Bessel function (of the second kind) with order v — M.

The order parameter v controls the shape of the PDF and in particular it specifies the ‘length’
of the tail. At one extreme, when ¥ = oo the underlying RCS is effectively constant and the
K-distribution reduces to a gamma distribution (or the negative exponential distribution for single-
look data). At the other extreme, as v decreases to 0, the tail of the K-distribution grows longer
due to large amplitude bursts (sea-spikes) in the radar backscatter. In practice [Ward, Tough &
Watts 2006, Antipov 1998], v lies in the range 0.1 < v < oo. When v > 25, the distribution is
generally considered to be the same as if ¥ = oo in which case the K-distribution degenerates to a
gamma distribution.

There are three parameters required to estimate a fit for the K-distribution: the number of
looks, the mean and the shape. However the number of looks, M is known a-priori in the radar
processor and the mean estimate can be calculated directly from the data, i = (o), where (-)
represents the averaging. That leaves the shape parameter v, which can be estimated a number of
different ways, [Ward, Tough & Watts 2006]. Blacknell & Tough [2001] note that the maximum
likelihood estimate of v for the K-distribution is analytically intractable and that computationally
expensive iterative methods must be used. Their X-statistic formulation has been widely accepted
as a useful approximation for estimating the shape. It is based on the formula,

1 1 (ologo)
5+M—T—<10g0> (7

where ¥ is the estimate of v. Blacknell and Tough examine the accuracy of this estimator very
closely and compare it with the other moment based methods. They conclude that this estimator
provides the best performance. However, Ward, Tough & Watts [2006] warn that in practice, the
total received signal will contain thermal noise and that Equation [7performs poorly when the CNR
is low.

3.2 K-distribution with thermal noise

The total received data collected with a real radar contains a thermal noise component. For many
radar systems, the thermal noise floor will be well below the typical clutter backscatter response
and detection performance is usually clutter limited. However, there are situations where the
clutter response is low and detection performance becomes noise limited. This is often the case
for long range, low grazing angle or cross-polarised ocean backscatter. The importance of taking
account of thermal noise to correctly model the ocean backscatter is noted by [Ward, Tough &
Watts 2006].

The thermal noise in-phase and quadrature components are modelled as zero-mean Gaussian
random variables with variance p,, /2 in the same way as the speckle component. Using the prin-
ciple of superposition, the combined variance of the speckle and thermal noise is z/2 + p,, /2 and
the modified multi-look power distribution is,

8)

~ MM M-1 Mo
Byu(ole,pa) = e [ ] .

exp | — 210
( +p)MT(M) P | 2 + pn

With this modification however, the compound PDF has no closed form solution and must be
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evaluated numerically,

P(olpn) = /0 Py (0], pa) Py () do ©)

Assuming the thermal noise level is known either through analysis of the radar hardware or by
measuring the received signal in the absence of a transmit pulse, the true sea-clutter mean can
be found by subtracting the mean of the thermal noise from the clutter plus noise mean, i =
(o) — pp. To estimate the underlying shape when noise is present, a fit using Equation E] could
be implemented, but here an identity based on calculating moments of the distributions is used,
[Watts 1987]. It relates the shape v of the underlying noise free K-distribution to the shape v
through,

7 =v(1+1/CNR)™% (10)

Note that this relationship has also been verified by the authors to hold for multi-look data. While
this approach improves the estimate of the mean and underlying shape when the CNR is low, it
does not address the extended tail region when sea-spikes are present and consequently, a second
modification must be included in the distribution model.

3.3 KK-distribution

When there are sea-spikes present, Dong [2006], has proposed using two K-distributions to model
both the Bragg and sea-spike components, with the overall clutter distribution being the sum /
mixture of the two components. Although, the choice of the second component is arbitrary and
has no direct physical basis, by fitting the KK-distribution in the log;¢y domain, an improved fit in
the tail region can be achieved. If the two components are represented by P; and Ps,

Qo) = (1 —k)Pi(colvi, u1) + kPa(o|va, p2) (11)

where the individual mean and shapes have been included explicitly. If the ratio, k& between the
two components reduces to 0, Q(c) = Pi(o|v1, u1) and a single K-distribution remains without
the sea-spike component.

With this distribution, there are now 5 parameters which must be estimated. Dong [2006]
has reduced this number to 2 however, by first calculating the probability of false alarm, Py, =
1 — CDF and observing that the deviation in the tail typically occurs at 102 or higher. Due
to the small number of samples which fall in the tail region, he has set the mean and underlying
shape to be the same as that estimated by Blacknell’s method in Equation [/} iy = i, 01 = D.
He has also found empirically that both the underlying shape parameters can be set the same,
U9 = U, leaving the second mean or ratio of means, p = i3/ i1 and the ratio between components,
k to be determined. He has observed that the ratio of means p mainly influences the degree of
separation between the K and KK-distributions, while the ratio k affects both the separation and
the departure point of the tail from the bulk of the distribution. Analysis of the separation between
the K-distribution fit and the data led Dong to a fitting procedure based on a lookup table where
the ratio between components, k = 0.01 and the false alarm rate differences between the fitted K-
distribution and data at 1073, 10~* and 10~° can be used to determine the ratio of means estimate,
p. Note, that these differences are known as the threshold error and will be discussed further in the
following sections. Compared to the estimation method in Section 2.1, Dong’s technique requires
only a single extra parameter to be estimated and is yet able to model the tail of the distribution to
a good degree of accuracy.
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3.4 KK-distribution with thermal noise

To increase the usefulness of the KK-distribution, thermal noise is now included by modifying the
KK model in Equation[T1] This is achieved by substituting the integral expressions from Equation
Olfor Pi(-) and Py(-),

Q(U|pn) = (1 - k)pl(ff\l/h/ﬁl,pn) + k‘p2(0\1/27u2,pn)
~ (1 — k)P (0|, 1 + pn, 0) + kPs(o|i2, p1g + P, 0) (12)

where the approximation from Equation 10| can be used for each component. The model is then
fitted using similar assumptions to Dong’s method in the previous section. The underlying shape
is assumed to be the same for both components, iy = 5 = ¥, and is estimated within the realistic
range described earlier, 0.1 < © < 25. As in the previous section, the thermal noise power p,,
is assumed to be known, thereby allowing the mean to be determined by subtracting the noise
power from the clutter plus noise mean, /i = (o) — p,,. The ratio between components is fixed at
k = 0.01 which simplifies the estimation procedure and lets the mean ratio, p be the sole measure
of separation between the KK components. Its valid range was determined by analysis of the data
and was found to lie within 1 < p < 15, where an estimate close to 1 indicates that the distribution
is very close to a K-distribution, while a higher value indicates a larger deviation in the tail. This
choice provides a generous upper bound for the mean ratio as the majority of fits are typically
much closer to 1. While constraining the ratio between components does not have any physical
significance or provide the most intuitive solution, it does guarantee a consistent and smoother
estimate for the mean ratio over a variety of different geometries.

Using these constraints, the model in Equation [12]is fitted to the histogram lineshape using
the ‘Levenberg-Marquardt’ algorithm. Random initial values for each parameter are chosen from
within their valid ranges. To obtain a more balanced estimate over the distribution and due to the
large dynamic range, the model is also modified to have the clutter power probability distribution
represented in dBs,

Q(oaslpn) = oQ(alpn)

13
10log; e ’ (13)

and the cost function is formed by taking the difference between the logarithm of this model and
the data, histogrammed in the dB domain, D(ogg). This cost function is not designed to find a
solution meeting the standard chi-square criteria, but rather to more accurately match the tail region
of the distribution. The root mean square of this difference is then calculated over L points evenly
spaced in the range, o4g € [Omin, - - - , Tmax] t0 give the error, E for the optimisation algorithm,

B = [ 3 [log10(@(oum. pa) ~ logio(Dlow)] (14)

0dB
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3.5 Radar performance modelling

The end goal of an accurate PDF model is to enable improved target detection. That is achieved by
setting the most accurate threshold to distinguish between the target plus interference (clutter and
noise) and the interference alone at a defined false alarm rate. Classical hypothesis target detec-
tion involves comparing PDF models of these two alternatives and then choosing an appropriate
threshold to classify the incoming signal, [Ward, Tough & Watts 2006]. Consider Figure [2] where
two distributions are presented representing the interference, fr(z) and the target plus interfer-
ence, frr(x). To classify the radar backscatter into either one of these distributions, a threshold, 7
must be determined which maximises the probability of detection, Py while minimising the prob-
ability of false alarm, Py, and the miss probability Py,. If hypothesis Hjy is for interference and H;
is for target plus interference, then the following definitions can be defined for a radar return of
magnitude X:

Py = P(X > T‘Hl) = / fT[(x)dx (15)
Pa = P(X > 7|Hy) = /OO Fil2)dz (16)

For the work in this report, only the probability of false alarm is of interest as it can be directly
related to the CDF of the clutter plus noise signal by,

Pa=1-P(X <r|Hp)=1- / Fil)dz (17)

Using this relationship, different distribution models can then be compared against the true distri-
bution of the data and a threshold error determined. This error must be defined at a given Py, as
is shown in Figure 3] The magnitude of this error will be used extensively in the remainder of the
report to measure the accuracy of different PDF models.

0.7 1

06 /N clutter plus noise

ost /N /
/

0471 | \

target plus clutter and noise

Probability

03|
02 F/

0 1 2 3 4 5 6
threshold

Relative backscatter level

Figure 2: Target detection regions for two distributions representing the interference (clutter plus
noise) and the target plus interference.
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threshold error
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modelled distribution

3 4 5 6
Relative backscatter level

Figure 3: Threshold error example. The error is determined by the backscatter difference between
the true and modelled distributions.

4 Analysis using simulated data

To effectively quantify the effects of thermal noise and verify the fitting procedures in the previous
section, a sea-clutter simulation is now presented based on the single-look KK model presented
in Section The first Section describes the simulation method with a number of examples
to show how the different components combine together to form the final result. Section §.2]then
looks at the accuracy of the KK-distribution fitting algorithm described in the previous section.
The final Section [4.3]then looks at the K-distribution model and how its accuracy degrades when
sea-spikes and thermal noise are present.

4.1 Simulation method

The goal of the sea-clutter simulation is to form a KK-distributed PDF with thermal noise and
random speckle. The KK model from Equation|12|is formed by creating two K-distributions where
the number of samples for each is specified by the desired ratio between components, k. Also, to
correctly model the multi-look formulation in Equation [6] the speckle component is randomly
generated for each range bin and pulse, while the underlying RCS is kept constant for each pulse.

Figure 4] shows the simulation procedure as it is implemented in MATLAB. Due to memory
constraints, if the total number of points, N is greater than N = 108, the simulation is repeated
ceil(N/N) times where ceil(-) is the ceiling function. After the first iteration, the histogram bins,
oy are defined by the maximum value of clutter power, omax, the histogram range, opnge and the
bin spacing, oa,

0] = Omax — Orange + ({ = 1)on, 1=1...L (18)

with the total number of bins, L = ceil(0range/oa) + 1. Each iteration of the simulation must
therefore align its histogram so the bins line up according to this definition. Any bins which fall
outside of the range are truncated.

UNCLASSIFIED
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To correctly simulate the two-dimensional (2D) range/azimuth backscatter matrix, the desired
number of azimuth rows, IV, and range lines, /V; need to be specified to match with the desired ra-
tio, k between the two instances of the K-distribution. If the number of range lines is fixed at IV, =

1024, then the number of rows for each instance is determined by N,; = round | (1 — k)N, /N;

and N,» = round [kNa /Nr} , with the total number of rows given by N, = N,; + N,,. The round-

ing will slightly change the total number of samples and alter the desired ratio k, but the effect is
minor and will not adversely influence the simulation results.

For each azimuth row, a Rayleigh random vector, R with mode 1/ v/2 and a Gamma random
variable, GG with scale b and shape v is created. The K-distribution (magnitude) is then formed by
the product of R with the square root of (7, while the backscatter phase is modelled as a uniform
random vector with elements ¢ € [0, 27| and is included with a dot product. Consider the two KK
components, P; and P where the r*" row can be written as,

Pi, (v1,01) = Ry (1/\/5) VG1 (v1,b1) © exp [p] € CV,
Py, (12,02) = Ry (1/\@) G2 (v2,b2) ® exp [jpy] € CN2. (19)

The 2D representation is then formed by combining these vectors,

P, (I/l, bl) = [PL1 () ,Pio ()... Pin, ()] c CNTxNM’
Py (I/2, 52) = [P271 () ’13272 () L P27N42 ()] c CNTXNQQ. (20)

The KK-distributed vector of size IV, X N, is then formed by appending the two vectors, Q =
[P1,P2]. The next step is to include the thermal noise, T which is created by simulating two
Gaussian random vectors, T'; and T with zero mean and variance determined by the square root
of half the desired noise power, p,,,

T(pn) = [Tl <0, p2”> + j T (0, \/?ﬂ e N Na, 1)

The clutter plus noise vector, Q is then formed by summing the two vectors,

Q (v1,v2,b1,b2,pn) = Q (1, b1) + T(py) € CN M (22)

Multi-looking using a spectral method with M looks can now be performed by first taking the
inverse fast Fourier transform (FFT) along the range dimension of the data. The spectrum is then
split into M equal parts and the FFT taken for each part. They are then converted to the power
domain by taking their absolute square and averaging to produce the multi-look result. As a result
of this processing however, the range resolution will also be reduced by a factor M. Finally, due
to the large dynamic range of the backscatter powers, the simulated data is converted to a dB
representation before the PDF is formed.

Figures [5H§] show examples of the simulation procedure using the parameters in Table ] and
with all histograms presented in the dB domain. Figure [5] shows a comparison of simulated and
theoretical histograms for the two simulated K-distributed components, Py 4g, P2 gg and the fi-
nal KK-distributed component, Qqg. The histogram of the first component has its mean at -20
dB as is expected, while the second is shifted by 7 dB to be located at -13 dB. The histogram of
the final component clearly models the KK-distribution with a large deviation on the right hand
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side. The second Figure |§| shows histograms of the sea-clutter, Qgg, thermal noise, Tyg, and the
sea-clutter plus thermal noise, QdB. The effect of the thermal noise is to shift the distribution
slightly to the right, according to the sum of means (in the linear domain) of the two distributions,
10log, [10_40/10 + 10_30/10] = —29.59 dB. The third Figure |7 shows the effect as the noise
power is increased and the CNR decreases from 10 dB to -10 dB. The distribution shifts further
to the right, becomes more Rayleigh and the effect of the deviation in the tail becomes less pro-
nounced. The fourth Figure [§] shows the simulated PDF for 1, 2 and 4-looks. As the number of
looks increases, the PDF compresses in its dynamic range from 70 dB, down to 40 dB for 2-looks
and 30 dB for 4-looks. The deviation in the tail also becomes more pronounced as the number of
looks increases. Note that the result in Figure 28] later in the report shows that the ratio of means
actually reduces due to the multi-looking and this pronounced deviation is not present.

. Distribution
No. of points, N parameters

v

Repeat N/N times
Generate Rayleigh PDF 1 P /
P, Multi-look
Generate Gamma PDF 1 %%1,1} ist?er:;tlruem/
and square root ~ £
Q__Q 4
—>® » [FFT in range | | Average looks
Generate random phase 1 Append vectors A ¢
10l0g,(IQ[?)
Generate Rayleigh PDF 2
P, 2
Generate Gamma PDF 2 Form histogram
and square root +
Align with bin locations
Generate random phase 2 of first histogram
T Sum with previous
Generate thermal noise histograms

\
Final histogram

Figure 4: Simulation block diagram.
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Table 4: Simulation parameters.

Parameter Value
Mean, pi; -20 dB
Shape, v1, 12 5
Ratio between components, k£ | 0.01
Ratio of means, p 5
Noise power, p, -30dB
Number of samples, N 107
Dynamic range of histogram | 70 dB
Histogram bin spacing, oA 0.1dB

PDF (log10)

6
—70 —60 —50 —40 —-30

—20

Relative backscatter level (dB)

Figure 5: Simulated and theoretical single-look PDFs (logy).: (—) P14s, (-*-) Paap, (-x-) Qus.

Dashed lines show the theoretical PDFs.

PDF (log10)

Relative backscatter level (dB)

Figure 6: Simulated and theoretical single-look PDF's (log1p): (—) Qus, (-*-) Tap, (-X-) QdB.

Dashed lines show the theoretical PDFs.
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—0.51
-1
—-1.5
-2

PDF (logi0)
&
ot

Relative backscatter level (dB)
Figure 7: Simulated and theoretical single-look PDFs (logyg) with CNR (dB): (—) oo, (-*-) 10,
(-x-) 0, (-A-) —10. Dashed lines show the theoretical PDFs.

—0.5-
—1-
—-1.5-
—2_
—2.5-
-3
—-3.5-
4

PDF (logi0)

Relative backscatter level (dB)

Figure 8: Simulated and theoretical multi-look PDFs (log1g), Hup: (—) 1 look, (-*-) 2 looks,
(-%x-) 4 looks. Dashed lines show the theoretical PDFs.

4.2 Fitting accuracy

To verify the fitting accuracy of the KK plus thermal noise fitting algorithm described in Section
[3:4] a series of Monte Carlo simulations were run and the input parameters compared to the esti-
mated ones. The range of valid simulated values which are randomly selected for each iteration
are shown in Table[5] with the clutter and noise power fixed to provide a constant CNR. A number
of statistical goodness of fit measures were considered such as the chi-squared and Kolmogorov-
Smirnov tests. However, due to the focus on the tail of the distribution, the data is fitted in the log
domain and these tests, which are applied in the linear domain and are not suitable. As a result,
the normalised root mean square (NRMS) error was calculated between the model fit, Q’ and the
data, Q in the log domain. The metric gnrms varies between zero and one, where closer to zero
the better the fit. If there are IV points,

JAS (@ - Q)
INRMS max {Q’} — min{Q’} .

(23)
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Two examples are compared, the first with no thermal noise present and the second with a noise
power of -25 dB giving a CNR of 5 dB. After 1000 iterations the no-noise example has 99.9% of
the fits with an NRMS error of less than 0.02, while 100% had an error of less than 0.05. With
thermal noise present, the former reduces slightly to 99.2%. This demonstrates that the procedure
is working very well at fitting the model to the data.

The second goodness of fit measure is based on measuring how accurately the estimated pa-
rameters match the desired input. The scatter plots in Figure 9] show the results of 1000 iterations
where the estimated parameters which match the input parameters lie close to the diagonal line.
The plots on the left show results with no thermal noise present, while those on the right show
results with thermal noise. From top to bottom, the scatter plots show the result from the shape,
ratio of means and the inverse of the shape.

Along the first row, the shape estimate is a good match for small values while higher values
show some variation. With no thermal noise present, the spread shown on the left starts deviating
from around 8 and is slightly biased upwards, with many hitting the ceiling of 25. With thermal
noise present, the spread on the right starts deviating around 5 with a slightly wider spread. How-
ever, since the model still fitted the data with a high level of accuracy, this result also indicates
that due to the thermal noise in the data, the overall distribution is less sensitive to higher shapes.
In addition, the correlation coefficient has been calculated between the input and output estimates.
The correlation value for this example is 0.98 for the no-noise case and 0.95 for the noisy case. As
both values are close to 1, this result indicates that the correlation between the input and estimated
output is high for both cases.

The second row shows the ratio of means for each case with a good match for nearly all
points. The results both show a slight positive bias with values above 5 but still demonstrates a
good match. The correlation values are 0.99 for both cases indicating a high correlation.

The third row then shows a comparison of the inverse of the shape, which has been proposed as
a more physical quantity related to the square of the underlying cross section, [Lombardo, Oliver
& Tough 1995]. Both scatter plots now have a much better match for nearly all points with high
correlation values of 0.99 for both cases.

Table 5: Simulation parameter range for testing fit accuracy.

Parameter Value

Mean, 11 -20 dB
Shape, vy, 19 0.1to 25
Ratio between components, £ | 0.01

Ratio of means, p 1to 15
Noise power, py, -00 or -30 dB
Number of samples, N 107
Dynamic range of histogram | 70 dB
Histogram bin spacing, oa 0.1dB
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Figure 9: Goodness of fit scatter plot for 1000 iterations where the best estimates lie close to the

diagonal line. From top to bottom: shape, ratio of means, and 1/shape. Left: no thermal noise,
right: with thermal noise.

4.3 The effect of thermal noise and sea-spikes on the K-distribution

If the radar backscatter is assumed to be K-distributed and there are both sea-spikes present in the
sea-clutter and thermal noise present in the radar, then the threshold required for a constant Py, will
be inaccurate. To measure this difference, the KK-distribution with thermal noise is assumed to
be the true representation of the radar backscatter and the threshold error is measured between the
data and a K-distribution fit with a Py, of 10~°. For the first part of this section, the KK-distributed
shape is fixed at /1 = v = 5 and the thermal noise and ratio of means are varied.

Figure[T0]shows the threshold error in dBs with no error on the far left where the ratio of means
is 1. It then increases up to 8.5 dB as the ratio of means increases to 15. The variation in threshold
error is small with changes in CNR in the clutter dominant region, CNR > 0 dB. When the ratio
of means is 15 however, the threshold error varies from 8.5 dB when the CNR is 30 dB down to
7 dB when the CNR is 0 dB. Then in the noise dominant region, the error drops significantly to 1
dB at CNR =-10 dB.

The next result looks at the estimation accuracy of the underlying shape when thermal noise
is present and there is a large deviation in the tail, p = 5. A number of simulations were run

UNCLASSIFIED
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Figure 10: Threshold error with shape = 5, varying CNR and the ratio of means.

with variations in both the underlying shape, 7 and the CNR. Both the X-statistic and the KK-
distribution fit were then applied to compare estimates of the underlying shape with the simulated
values. The first plot in Figure [TT] shows the result from using the X-statistic to estimate the
effective shape and then modified using the relationship from Equation [10| to determine the un-
derlying shape. It is clear that the estimate of the underlying shape is consistently less than the
simulated value, particularly in the region where the underlying shape is greater than 5. Also, in
the noise dominant region where CNR < 0 dB, the underlying shape approaches O and the result
becomes meaningless. The former errors are not unexpected however, as this relationship was
derived assuming a K-distribution and does not consider the case when sea-spikes extend the tail
of the distribution. The second plot then shows the estimated underlying shape from fitting the
KK parameters using the new method described in Section [3.4] The result is now a reasonably
good match to the underlying trend. The estimate starts to fall down however as the noise starts to
dominate in the region where CNR < -3 dB.

X-statistic New method

25
20

% 15

z

) 10
5
0

5 100 15 20 25 5 10 15 20 25
Simulated shape, v Simulated shape, v

Figure 11: Underlying shape comparison with ratio of means = 5, varying CNR and underlying
shape. Left plot shows results based on X-statistic estimate. Right plot shows shows the results
with the KK parameter estimate.
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4.4 KK-distribution sensitivity analysis with thermal noise

To measure the impact of errors in the thermal noise estimate, a sensitivity analysis was performed
on the shape and ratio of means. A number of simulations were run with a shape of 5, ratio of
means of 5 and three CNRs: 0, 5 and 10 dB. The noise power used in the KK estimation algorithm
was then varied away from the true value and the parameters estimated. Figure [12{shows the mean
difference between the shape and ratio of mean estimates.

For the shape variation, Av, the deviation with a CNR of 0 dB has a significant mean error
of more than -2 when the noise deviation is 0.5 dB and a slight error/bias of 0.5 when the noise
deviation is not present. However, when the CNR is 5 dB, the maximum mean error reduces to 0.7,
and for the higher CNR of 10 dB, shows only a very small mean error. This result demonstrates
that shape estimates in the low CNR regions are quite sensitive to incorrect noise values. The
ratio of means deviation, Ap shows only a small mean error for each CNR, even when the noise
deviation is 0.5 dB which demonstrates that the ratio of means is quite robust. In the data sets
analysed in this report, the relative noise estimate error is less than 0.1 dB, so the effect of thermal
noise should not significantly bias the parameter estimates of the shape and ratio of means.

2 Or
1 -0.05 }
J Of-—==x__ _ _ -1
-1 T 015t
-2 - ’ -0.2 - :
-0.5 0 0.5 -0.5 0 0.5
Noise deviation (dB) Noise deviation (dB)

Figure 12: Noise sensitivity analysis shows the mean difference between the shape (left) and the
ratio of means (right), CNR = (—) 0dB, (-.-) 5dB, (- -) 10 dB.
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5 Analysis using Ingara backscatter data

In this section, data collected by the DSTO’s Ingara radar is now analysed to verify the suitabil-
ity of the KK-distribution with thermal noise. The first Section [5.1] describes the pre-processing
required to get the data into the correct form for analysis. This includes the pre-processing of the
trial data, formulation of the noise only data and details on the averaging used to achieve PDF-
s with the required number of samples. The data analysis in Section [5.2] then looks at a single
representative day from each of the two sea-clutter trials. The different parameters of interest are
studied over the three polarisations, multiple looks and a range of grazing and azimuth angles. The
final Section looks at the threshold error associated with the data, a typical K-distribution and
then the KK-distribution with noise.

5.1 Ingara data pre-processing

Before the data is analysed, a number of pre-processing steps must be applied. Firstly, to avoid
biasing the statistics, the data set is first scanned to identify and remove any ‘bad’ regions. These
include some transmit-off regions which were sampled and any other artifacts due to the radar
collection. This is done visually and less than 1% of data is removed in this way. The raw data
then goes through the processing chain shown in Figure Range processing occurs in hardware
as a stretch process. The sampled signal is then processed to first remove bandpass filter modu-
lations and adjust for motion compensation using both the inertial navigation unit and the global
positioning system onboard the radar platform. The next steps include a radiometric correction
due to changes in grazing angle and removal of the elevation beampattern. Using observation-
s from data of a land calibration site, the data is then calibrated using the procedure described
in [Quegan 1994]. During the calibration procedure, reciprocity is assumed to hold and the two
cross-polarised channels are averaged giving a single cross-polarised channel.

5.1.1 Thermal noise

The thermal noise power is found by processing part of the collection where the RF transmitter
was turned off. In these regions, the sampled signal (or raw data) then represents the thermal noise.
By assuming the sea-clutter and thermal noise are independent throughout the processing chain,
a reproduction of the processing chain which was applied to the clutter plus noise signal can be
used to form an estimate of the noise power. This is complicated however as the transmit off data
was collected once and then assumed constant over the entire day. Therefore a different procedure
is required to calculate the thermal noise data for each possible collection geometry.

Figure (14| shows this procedure split into two stages. The first stage involves processing the
data from regions when the transmitter is off. The data follows the processing chain in Figure[13]
with the exception of the geometric dependent terms. After the noise data has been calibrated,
it is then averaged over all angles and over each run which has transmit off sections to form a
calibrated ‘pseudo’ mean noise power.

The second processing stage then uses this value to create a simulated noise signal in the
backscatter coefficient domain with the same number of pulses and range bins as the clutter plus
noise signal. This is achieved using the noise form in Equation [21] with the ‘pseudo’ mean noise
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Figure 13: Ingara pre-processing diagram.

power equal to p,. The simulated noise data then has the same geometric compensations (radio-
metric correction and elevation beam pattern compensation) applied as the clutter plus noise signal
in Figure[I3] To maintain this relationship with the clutter plus noise signal, any further processing
due to multi-looking and data pooling (described below) is also applied to the noise only signal.

Receive only raw data Pseudo noise power
v +
Hardware corrections Recreate noise signal
v +
Calibrate Radiometric correction
+ +
Find mean over all angles and runs Remove elevation beampattern
Pseudo no¢ise power Corrected noise data

Figure 14: Thermal noise pre-processing diagram, left: stage 1, right: stage 2.
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5.1.2 Resolution reduction and multi-looking

Multi-looking is a technique used in radar signal processing to reduce the fluctuation of the radar
backscatter in order to better detect targets of interest. For the case of sea-clutter, this means
reducing the magnitude of both the speckle and the sea-spikes which will in turn alter the observed
PDF of the backscatter. Typically in SAR, multi-looking is implemented in the azimuth frequency
domain, but it can also be done in the range frequency domain. This is implemented by taking an
inverse FFT in range, splitting the data up into M blocks and then forming the range FFT of each
block. The average of the absolute square of the data blocks then contains less variation in the radar
backscatter than the equivalent single-look data. The effect of this multi-looking implementation
will coarsen the range resolution instead of azimuth, which is desirable in a real-beam radar where
the azimuth resolution is much coarser than range.

5.1.3 Forming histograms

In order to form PDFs with a tail that reaches down to 1079, a large number of data samples
must be used. For example, to ensure more than 10 samples lie above the threshold of CFAR
detector with a false alarm rate of 1075, at least 10" samples are needed in total. The first stage of
processing is to pool all the (clutter plus noise and recreated noise) data samples which lie in a 1°
grazing by 5° azimuth region. Since each data block spans a different physical area in range and
azimuth, a weighted average was determined by the amount of the data block which falls into the
defined grid. However, the sample sizes produced by this step are not large enough and therefore a
second processing stage has been implemented to pool data from neighbouring viewing geometry
bins.

The issue with pooling data is that the neighbouring distributions are all slightly different. In
particular, assuming the K-distribution is a good model, the neighbouring means and shape pa-
rameters will vary slightly. The differing means are easily dealt with since the distributions can be
shifted around without altering their inherent shapes. Pooling data with differing shapes is some-
what more problematic since the distribution of the pooled data will no longer be K-distributed.

To reduce the impact of the mixing data from different distributions, an elliptical window can
be used to pool the data rather than a square one. If the viewing geometry bins are arranged
in an array with horizontal dimension corresponding to azimuth angle and vertical dimension to
grazing angle, then the data is pooled by running an elliptical window over the array. To meet
the desired P, levels in this report, an elliptical window is used which covers 15° in grazing and
36° in azimuth. Figure [I5| shows a comparison between the shape of the KK distribution for a
1° x 5° square window and a 15° x 36° elliptical window. The larger window has smoothed the
spatial variations in the data and produced a larger valid area. Unfortunately with this approach,
any data outliers have the potential to significantly alter the final distribution of the pooled data.
An example of this can be seen in the downwind direction for the HH channel, where the outlier
has skewed the average and the shape of the elliptical window is visible. The exact effect of this
windowing on the interpreted phenomenology is also an unknown which can only be resolved by
repeating the analysis with more real data and comparing our results with those from smaller bin
sizes.
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Figure 15: F35 KK shape comparison with different windows, left: 1° X 5° square window, right:
15° x 36° elliptical window. Hashed areas indicate regions with poor or missing data.

5.2 Sea-clutter analysis

To demonstrate the suitability of the KK-distribution fit for sea-clutter analysis, a single representa-
tive day is chosen from each of the two sea-clutter trials described in Section[2.3] Both correspond
to a Douglas sea-state between 3 and 4 with upwind directions (wind towards the radar) for each
day recorded as 115° and 315° respectively. The following results which show grazing against
azimuth angle have however been rotated so the upwind direction is centred at 0° with the down-
wind direction at —180° and the cross wind directions at +90°. Any regions with poor or missing
data are shown with ‘hashed’ diagonal stripes.

To limit the number of incorrect estimates due to a noise dominated distribution, only results
with a CNR>-3 dB are used in the following analysis. Many of the figures in the following
sections have a common scale. If this is located on the right, then the horizontal plots have the
same scale and if the scale is on the bottom, then the vertical plots have the same scale. Also,
unless otherwise stated, the comparisons below are for the K and KK-distributions with thermal
noise.

5.2.1 Single-look

The first group of results focus on the data processed with a single-look, which corresponds to
a range resolution of 0.75 m. Figure [I6] shows example PDFs from each polarisation with the
entire distribution on the left and a close up of the tail on the right. The data is from the upwind
direction with a 30° grazing angle and fits are shown for both the K and KK-distributions with
thermal noise. The K-distribution fit is found by estimating the mean from the data and the shape
using the X-statistic. The thermal noise is then accounted for by offsetting the mean by p,, and
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Figure 16: F35 probability distributions (log1g), 30° grazing, upwind, (—) data, (- -) K, (-.-) KK.
Left: model fit, right: fit error between data and model fit.

modifying the shape using the relationship from Equation [TI0]to determine the underlying shape.
The KK-distribution fit is determined using the estimation method outlined in Section 2.4 and uses
an optimisation algorithm to find the best fit to the data. It is clear that the K-distribution does not
completely match any of the polarisations, with the mismatched tail on the right hand side slightly
larger for HH than the other two channels.

The following results are from the F35 data set and includes the calculated noise power, mean,
shape and ratio of means for each polarisation. Figure [17]| shows the calculated noise power, p,
in dB on the left and the CNR in dB on the right. For the noise power, the HH shows the largest
power level at approximately -38 dB, while the VV channel and HV channels are -40 and -41 dB
respectively. The CNR on the right shows a high level for both the HH and VV channels with
average levels around 5 and 20 dB. There are also noticeable peaks in the upwind direction and
to a lesser extent in the downwind direction. For the HV channel, there are a number of regions
where the noise is dominant, i.e. CNR < 0 dB. The second figure [I8| shows a comparison of the
mean estimate with and without accounting for thermal noise. When noise is subtracted from the
mean, the dynamic range shown over the collected geometry has extended to lower power levels
for both the HH and HV channels and reveals a more complete picture of the mean backscatter.

Figure [19| shows a comparison of both the effective shape estimate for the K-distribution, ves
and the underlying shape estimates, v for the K and the KK-distribution fits. These plots clearly
show the improvements gained in the shape estimate when first thermal noise is included in the
data model and secondly when the tail region has been modelled accurately. The inclusion of
thermal noise makes a significant difference in the shape, particularly for the HV channel which
has now been reduced in value by approximately 5 units. A sinusoidal trend across azimuth with
peaks in the upwind and downwind directions can also be seen for each of the channels. When the
second K component is included in the model, the level has now increased closer to the original
values where noise was not considered.
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Figure 17: F35 noise comparison, left: noise power, right: CNR. Hashed areas indicate regions
with poor or missing data.

For the ratio of means estimate, / shown in Figure 20| the largest ratios are observed in the
HH channel at low grazing angles. A trend is observed primarily for the HH channel, where the
magnitude decreases almost linearly as the grazing angle gets larger. This indicates that the sea-
spike component is more prevalent at lower grazing angles, as is consistent with the literature,
[Ward, Tough & Watts 2006]. For the VV channel, the ratio of means is very low with slight peaks
in the cross wind directions. This effect is minor however, indicating that the K-distribution is a
reasonably good fit to the sea-clutter backscatter received in the VV channel.

The second set of results is for the F9 data set and the same series of plots are now presented.
Figure [21] shows the calculated noise power in dB on the left and the CNR in dB on the right. For
the noise power, the HH channel shows the largest power level with peak around -34 dB. The VV
and HV channels however show a much lower level down around -42.5 dB. This is a significant
difference and is due to the calibration solutions which were generated for the 2006 trial. The
CNR on the right also shows a number of regions where the noise is dominant, i.e. CNR < 0
dB. These are primarily in the HH and HV channels, while the VV channel has a larger CNR
with a maximum of approximately 22 dB. Figure 22| shows a comparison of the mean with and
without accounting for thermal noise. These results mirror what is seen in the first data set, with
the dynamic range greatly improved for the lower power levels in both the HH and HV channels.

Results for the shape and ratio of means are shown in Figures[23|and[24] The first result shows
a significant decrease in the shape for the HV channel, where the thermal noise was greatest. For
the underlying shape from the KK estimate, the detail is again improved with significantly larger
values in the VV channel. There is an artifact in the upwind direction of the VV channel, due to
the averaging process. The ratio of means also shows large values at low grazing angles in the HH
channel with a decreasing linear scale as the grazing angle gets larger. Again, for the VV channel,
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there are slight peaks in the cross wind directions with the overall level being quite low indicating
a near K return from the sea surface.

(dB)
15
o 20
g 25 —25
T @ 30
3 35 -30
8
=
o 40
-35
45 45
—150—100 =50 0 50 100 150 —150—100 =50 0 50 100 150
15 15
o 20 20 NN o ) =8
g 25 25 40
> = 30 30
T§ 35 35 _a5
e
5 40 40
45 45
—150—100 =50 0 50 100 150 —150—100 —50 0 50 100 150
15
o 20
= —
3 25 20
> o 30
>‘§ 35 —25
5 40 %0

45 45
—150—100 =50 0 50 100 150 —150—100 =50 0 50 100 150
Azimuth (deg) Azimuth (deg)

Figure 18: F35 mean comparison, left: without noise, right: with noise. Hashed areas indicate
regions with poor or missing data.
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KK-distribution with noise. Hashed areas indicate regions with poor or missing data.
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Figure 20: F35 KK ratio of means. Hashed areas indicate regions with poor or missing data.
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Figure 21: F9 noise comparison, left: noise power, right: CNR. Hashed areas indicate regions
with poor or missing data.
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Figure 22: F9 mean comparison, left: without noise, right: with noise. Hashed areas indicate
regions with poor or missing data.
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Figure 24: F9 KK ratio of means. Hashed areas indicate regions with poor or missing data.

5.2.2 Multi-look

The second group of results focusses on 2 and 4-look data which correspond to range resolutions
of 1.5 and 3 m respectively. Examples of the 4-look PDFs for each polarisation are shown in
Figure 23] The data is from the upwind direction with a 30° grazing angle and fits are shown for
both the K-distribution and the KK model with thermal noise. Similarly to the single-look results,
its clear that the K-distribution does not accurately match the HH and to a lesser extent, the HV
and VV channels with the mismatched tail on the right hand side. Compared to Figure [§] multi-
looking has also changed the distribution by reducing the dynamic range. The K-distribution fit
for HH channel also shows a slight mismatch on the left hand side. This minor mismatch is not
seen in the KK-distribution fit however.

The next group of results focusses on the shape and ratio of means for the KK-distribution fit
plus noise. Figure 26 shows the shape with the 2-look results on the left and 4-look on the right.
When compared with the single-look results in Figure[T9] the HH and HV shapes have increased
slightly for 2-looks and more significantly for 4-looks, while the VV channel has slightly increased
in the cross wind directions. The increase in shape is due to the increase in the number of scattering
contributions over the larger resolution cell leading to a stronger Rayleigh component in the PDF.
This effect can also be seen in the ratio of means in Figure 27, which is reduced as the number of
looks has increased. To visualise this, Figure [28| shows a direct comparison of multi-look PDFs
for the F35 HH channel. When compared with the simulated results in Figure [] the deviation
between the two K-components is less pronounced due to this reduction in the ratio of means.

Similar results can also be seen for the F9 data set in Figures [29/and[30] The first figure shows
the shape for the 2 and 4-look results with increases for the HH and HV channels. The ratio of
means also shows consistent results with decreasing values as the number of looks increases.
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Figure 25: F35 4-look probability distributions (logig), 30° grazing, upwind, (—) data,
(- -) K, (-.-) KK. Left: model fit, right: fit error between data and model fit.
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Figure 26: F35 multi-look shape, comparison for the KK-distribution, left: 2-look, right: 4-look.
Hashed areas indicate regions with poor or missing data.
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5.3 CFAR threshold errors

Developing a good model for the clutter plus noise probability distribution is important to ac-
curately determine the detection threshold. There is a large amount of literature addressing this
problem, a good summary of which can be found in [Ward, Tough & Watts 2006]. The detection
threshold is used to separate clutter plus noise from potential targets present in a received radar
echo. Determining the optimal threshold can be a complicated procedure and may depend on re-
quirements for the probability of false alarm P, and detection, Py. For the analysis in this section,
only the Py, is relevant as it is related to the clutter plus noise distribution by P, = 1-CDFE.

5.3.1 Single-look

The probability of false alarm and the relative threshold errors are now calculated for the single-
look data sets F35 and F9. The left side of Figure 31| shows the F35 data set with P, on the left
hand side in the upwind direction and 30° grazing. The data is shown in blue, the K-distribution
fit in red and the KK-distribution fit including thermal noise is shown in black. Clearly, the K-
distribution underestimates the true CFAR threshold with an approximate error v at P, = 1076
of 2.8 dB for HH, 1.3 dB for HV and 0.3 dB for VV. The KK-distribution fit is again shown to be
more accurate for each polarisation. To further quantify the error from the K-distribution, the right
side of Figure |31| shows the relative threshold error as a function of grazing angle for 3 constant
false alarm rates, 10~#, 107 and 10~°. For both the HH and HV channels, there is a decreasing
error as the grazing angle increases with a maximum error of nearly 4 dB in the HH channel, while
the VV channel is relatively constant with only a small error. For all the polarisations, the results
for Py, = 10~ show a smaller error than both P, = 1075 and Py, = 10~% which are very similar.
Using a constant false alarm rate of 10~%, Figure 32| shows the relative threshold error calculated
over the entire range of azimuth and grazing angles. The mismatch for the K-distribution HH
channel is clearly worse for lower grazing angles with a maximum of 6 dB. This is consistent
with the estimate for the ratio of means in the previous section demonstrating the region where the
effect of the sea-spike component is greatest. For the HV and VV channels however, the relative
threshold errors are quite variable. The equivalent mismatch in the KK estimate is very small over
the entire region with a mean error on the order of 10~2 dB.

For the second data set F9, similar results are shown for the HH and VV channels in Figures
[33]and 34] In the first figure, the main differences are the maximum error which is now at 4.3
dB in the HH channel. Figure [34] reveals the greatest threshold error in the HH channel is at
low grazing, while the HV channel has largest error in the downwind direction. Interestingly for
the VV channel, the result matches the previous data set with the largest error in the cross wind
directions.
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Figure 32: F35 threshold error between the K-distribution fit and data, Py, = 1075, Hashed
areas indicate regions with poor or missing data.
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Figure 33: F9 upwind comparison plots. Left: false alarm rate (logig), 30° grazing, (—) data,
(- -) K, (-.-) KK. Right: K threshold error between the fit and data, Py, = (—) 1074 (- -) 1075,
(-.-) 1076,

(dB)

HH

Grazing (deg)

5
—150 —100 —50 0 50 100 150

HV

Grazing (deg)

\'A%

Grazing (deg)

5
—150 —100 —50 0 50 100 150
Azimuth (deg)

Figure 34: F9 threshold error between the K-distribution fit and data, Py, = 1075, Hashed areas
indicate regions with poor or missing data.
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5.3.2 Multi-look

This section now looks at the CFAR thresholds for the multi-look data. For 2-look data, Figure 35]
shows the probability of false alarm on the left hand side for each polarisation. The K-distribution
again underestimates the data value with an approximate error at Py, = 1075 of 2.5 dB for HH, 0.8
dB for HV and 0.2 dB for VV. Interestingly, this is very similar to the single-look relative threshold
error, with the biggest difference now being that the relative threshold for both the data and fits
has decreased by approximately 2 dB for each of the channels due to the reduced dynamic range
that arises from the multi-look averaging. The right hand side of this figure then shows the relative
threshold error for the K-distribution as the grazing angle increases. These results are again very
similar to the single-look case to within 0.5 dB. This result is then repeated for the 4-look case in
Figure At P;, = 1079, the relative threshold errors over grazing remain very similar with a
further 2 dB difference in the relative threshold. The relative threshold error is again very similar
to both the single and 2-look results to within 0.5 dB.

The results shown for the second data set F9 in Figures[37]and [38] are consistent with the ones
discussed for F35. The threshold errors remain the same as the single-look case with only the
relative threshold decreasing as the number of looks increases.
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Figure 35: F35 2-look upwind comparison plots. Left: false alarm rate (logig) at 30° grazing,
(—) data, (- -) K, (-.-) KK. Right: K threshold error between the fit and data, Py, = (—) 1074,
(--) 107>, (-.-) 1076.
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Figure 36: F35 4-look upwind comparison plots. Left: false alarm rate (logyo) at 30° grazing,
(—) data, (- -) K, (-.-) KK. Right: K threshold error between the fit and data, Py, = (—) 1074

(--) 1072, (-.-) 1076,

as
an

20
>
=
20
07\..
gg -2
> < —4
> o0
< —6 . b .
0 5 10 15 20

Relative threshold (dB)

7 (dB)
SO e e

7 (dB)

¥ (dB)
SO e

=N W

=2

5 20 25 30 35 40 45

5 20 25 30 35 40 45

5 20 25 30 35 40 45
Grazing (deg)

Figure 37: F9 2-look upwind comparison plots. Left: false alarm rate (logig) at 30° grazing,
(—) data, (- -) K, (-.-) KK. Right: K threshold error between the fit and data, Py, = (—) 1074,
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Figure 38: F9 4-look upwind comparison plots, Left: false alarm rate (logig) at 30° grazing,
(—) data, (- -) K, (-.-) KK. Right: K threshold error between the fit and data, Py, = (—) 1074,
(--) 107>, (-.-) 107

5.3.3 Threshold error comparison

To further quantify the false alarm errors, Table[6|shows a comparison of the mean and variance of
the relative threshold errors calculated over all the azimuth and incidence directions. To compare
against the original KK formulation with no thermal noise, [Dong 2006], a fit is found using the
same KK-distribution fitting method described in this report combined with Dong’s criteria for
choosing the underlying shape and mean. For the K-distribution, errors are clearly worse for the
HH and HV channels, while the mean VV error is small. In contrast, both KK-distribution fits
perform well with the newer version performing slightly better in most cases. There is also very
little difference between the different number of looks. This demonstrates that accounting for
thermal noise in the model estimate does not necessarily improve the radar performance from a
CFAR perspective at the CNRs consistent with false alarm rates lower than 1074,

Table 6: F35 relative threshold errors in dB at Py, = 1075 - mean / variance.

Polarisation | K Dong’s KK KK w. noise
HH (1-look) | 3.21/3.06 | 0.63/0.22 0.63/0.21
HV (1-look) | 2.8 /1.48 1.66/0.78 1.39/0.41
VV (1-look) | 0.28/0.045 | 0.10/0.0057 | 0.096/0.0056
HH (2-look) | 2.87/2.93 | 0.63/0.22 0.63/0.22
HV (2-look) | 2.57/1.42 | 1.65/0.77 1.42/0.44
VV (2-look) | 0.19/0.027 | 0.088/0.0052 | 0.086/0.0052
HH (4-look) | 2.45/2.49 | 0.61/0.21 0.61/0.21
HV (4-look) | 2.29/1.16 | 1.64/0.79 1.44/0.44
VV (4-look) | 0.12/0.013 | 0.083/0.0052 | 0.084 /0.0052
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6 Conclusion

This report has focussed on modelling the sea-clutter distribution using data acquired by the DSTO
Ingara radar, with the ultimate goal of accurately defining a CFAR threshold. The commonly used
K-distribution was shown to not always be accurate enough for modelling the probability distri-
bution, especially in the horizontally polarised channels at lower grazing angles. An alternative,
known as the KK-distribution was used instead to improve the fit in these regions. The model
uses two K-distributions to model both the Bragg and non-Bragg components, with the overall
clutter distribution being the sum/mixture of the two components. Although, the choice of the
second component is arbitrary and has no direct physical basis, the KK-distribution considerably
improves the fit for the extended tails of the PDF that arise from backscatter off sea-spikes on the
ocean surface.

The main contribution from this report is an extension of the KK model to include multiple
looks and thermal noise, thereby allowing estimates of the underlying mean and shape. A tech-
nique for fitting this distribution to the data and estimating the parameters was presented in Section
Rather than fitting all five parameters, constraints were introduced to overcome difficulties in
fitting the full PDF, and the data was fitted in the log;g domain in order to focus on the tail of
the distribution. Following this, a sea-clutter simulation was presented in Section {4 to verify the
KK-distribution fitting procedure and perform two tests measuring the effect of thermal noise and
sea-spikes on the estimated parameters. The first test used a KK model for the data and compared
the threshold error of a typical K-distribution with varying mean separation and CNR. A good
match was observed when the mean separation was 1, but when the mean separation increased
to 15, the threshold error increased up to 8.5 dB. The variation in threshold error however was
not as significant in the region where the clutter mean was larger than the thermal noise, CNR >
0 dB. The second test then used the simulation to verify the relationship between the CNR, the
effective shape when thermal noise is present and the underlying shape. As this was derived using
the moments of the K-distribution, it was shown not to be accurate when the distribution has an
extended tail due to sea-spikes. The new KK estimation method was however able to accurately
determine the underlying shape.

Section [5then applied the new KK model with data collected by the DSTO Ingara radar. Both
the single and multi-look data showed a poor match for the K-distribution in the HH and HV
channels. When the modified KK-distribution is used however, the underlying mean was revealed
for the HH and HV channels, particularly when the CNR was low. When comparing the shape
estimates, the KK-distribution was also able to provide a better estimate, especially when the
thermal noise becomes significant. The mean ratio had its highest values in the low grazing angle
regions for the HH channel which is consistent with the large tail observed in the distribution. As
the number of looks increased, the shape increased slightly for the HH and HV channels, and was
relatively constant for the VV channel. This is due to the increase in the number of scattering
contributions over the larger resolution cell leading to a stronger Rayleigh component in the PDF.
This effect was also seen in the ratio of means, which decreased as the number of looks increased.

To assess the threshold required for CFAR target detection, the false alarm rate was calculated
from the distributions. The false alarm results showed a good match between the data and the
KK-distribution fit, while the K-distribution mismatched the data from approximately 10~2 and
below. The mismatch was highest in the lower grazing region of the HH channel and decreased
almost linearly as the grazing angle increased. As the number of looks increased, the detection
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threshold was reduced, while the threshold error remained similar. Finally, a comparison between
the original formulation of the KK-distribution and the modified version showed only a small
improvement in the threshold error. This demonstrates that the parameters estimated with and
without thermal noise are both able to construct the PDF accurately enough for target detection
purposes. However, estimates of the underlying mean and shape are important as it will enable the
KK-distribution to be used as a proxy for data in radar detection performance studies.
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