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Abstract—Detection of targets at sea is challenging due to
unwanted echo returns from the sea surface, i.e. sea clutter
returns. To account for the undesired effects of sea clutter at
the receiver, and to control the probability of detection and
false alarm, the K-distribution has often been used to provide a
promising statistical fit to real clutter data. However, controlling
the performance of the receiver becomes very challenging in
heterogeneous clutter, that is when there is a sudden transition
from one clutter region to another with a change in shape and/or
scale distribution parameters. A possible solution to this challenge
is to use some prior information on the sea clutter characteristics
to generate clutter maps that inform adaptive detection solutions.
This prior information can be obtained by the radar in real time
(or close to real time) using oceanographic models, statistical
clustering or potentially Artificial Intelligence.

This paper presents our first step in this direction by investigat-
ing detection in heterogeneous fully correlated K-distributed sea
clutter. A transition line between homogeneous clutter regions is
estimated using the statistical parameters of a K-distribution, to
avoid polluting the training windows of a Constant False Alarm
Rate (CFAR) detector with non-representative data. The tran-
sition cells assist to resolve the heterogeneous clutter into small
homogeneous clutter regions and for every homogeneous region a
CFAR detector is designed according to the K-distribution shape
parameter. Results are obtained and presented for simulated data
as well as for real sea clutter data provided by Hensoldt UK.

Index Terms—Sea clutter, K-distribution, CFAR, Probability
of False alarm, Probability of Detection

I. INTRODUCTION

Unpredictable changes on the sea surface challenge statis-
tical models which are used to characterise sea clutter and to
estimate sea clutter parameters. Because of this, performance
of the radar reduces in both detection capability as well in
maintaining controlled and constant false alarm rates. Modern
radars have high-resolution capability and can resolve small
patches of the sea surface. As a result, data collected by
modern radar does not meet the assumptions required for
recalling the central limit theorem and clutter can no longer
be modelled with a classic Gaussian distribution.

Previous research on clutter has focused on accelerating the
development of non-Gaussian distributions to model sea clutter
returns. Researchers have, for example, proposed the Log-
Normal, Weibull, K and many other non-Gaussian distributions
to characterise sea radar returns [1]-[3]. Sea clutter returns
were characterised in [4] with the Log-Normal and contami-
nated Normal statistical models. Sea clutter was modelled by

using the Weibull distribution, and radar detection performance
using the Rayleigh, Log-Normal and Weibull distributions was
compared in [5]. Long tailed, spiky sea clutter returns were
modelled by a K-distribution in [6]. Later, K-distributed clutter
was formulated as a compound clutter model consisting of the
product of two independent components called texture and
speckle [7]. The texture models the slow signal variations
generated by swells and the speckle models the fast variation
signals which are generated by ripples on the swells. In
addition to these models, there have been some other models
proposed to fit sea clutter such as compound Gaussian [8],
compound Gaussian with Log-Normal texture [9], [10] and
Inverse Gamma texture [11]. An adaptive target detection
solution was proposed in compound Gaussian sea clutter with
Inverse Gamma texture in [12].

Constant False Alarm Rate (CFAR) detectors maintain the
false alarm rate constant in the presence of fluctuating inter-
ference, by estimating the interference level and adjusting the
detection threshold. An Adaptive Censoring Maximum Likeli-
hood Constant False Alarm Rate Detector (ACML-CFAR) for
spiky Weibull clutter was proposed in [13]. Analysis of CA-
CFAR performance was carried out in homogeneous Weibull
clutter for shape parameters greater or equal to 1 in [14]. A
constant false alarm rate detector based on the clutter data
Skewness (SK) and Mean Ratio (MR), named SKMR-CFAR,
was proposed for non-homogeneous Weibull clutter and mul-
tiple targets in [15]. Cell averaging CFAR was designed in
an unknown Gamma distributed clutter background in [16]. A
CFAR algorithm was designed for fully correlated texture in
K-distributed sea clutter in [17].

Radar detection performance reduces when there is hetero-
geneous clutter. A modified Generalised K-distribution was
proposed to mitigate detection capability losses with the K-
distribution in heterogeneous environments in [18]. Another
way to enhance detection capability in heterogeneous clutter
data is to divide the data into a subset of homogeneous regions.
Using this solution, a CFAR algorithm was developed for
Rayleigh and Log-Normal clutter in [19]. In addition, CFAR
performance was analysed in heterogeneous Weibull Sea clut-
ter in [20]. By using a windowing method, heterogeneous data
was separated into homogeneous data sections in [21].

Oceanography models that exist can potentially provide
useful information on the sea parameters and the modelling
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Fig. 1. Methodology for designing adaptive CFAR using prioir information.

of sea clutter, using the data collected by the radar itself
in real time or close to real time [22], [23]. These models
can be potentially used to create clutter maps and exploited
to provide prior information of the clutter parameters, such
as correlation properties, clutter power, type of distribution
etc. Other methods that can provide this prior information
include Statistical Clustering (e.g. [19] and [17]) and Artificial
Intelligence (AI). By using prior information, adaptive CFAR
solutions can be designed based on a detection strategy as
shown in Fig. 1, where prior information is used to adapt the
detection threshold according to a clutter region of interest.

In this paper, an initial step has been taken to address
the idea of designing a detection algorithm by using oceano-
graphic models to characterise the sea clutter. The algorithm
described in [17] and [19] are used to provide a CFAR solution
for fully correlated K-distributed clutter with different shape
and scale parameters from region to region. Initially, the
clutter maps are built by dividing the heterogeneous regions
into homogeneous regions by maximising a log-likelihood
function, from which a transition point is estimated [19]. Then
a Cell Averaging Constant False Alarm Rate algorithm (CA-
CFAR) is applied separately on both regions. This algorithm is
tested on both simulated and real sea clutter data collected with
the Mk11 ShapeEye X-band radar produced by Hensoldt UK
[24]. The results show that the clustering algorithm efficiently
identifies the regions with different clutter parameters and
CFAR detection on real data. These heterogeneous algorithms
were not explored on K-distributed clutter in the past.

II. CLUTTER MODEL

We consider a square law detector which models the ampli-
tude square of the sea clutter return Z as the product of two
terms

Z =TS8 (D

where, T ~ T'(a, ) represents a texture component that
follows a Gamma distribution with shape parameter o and
scale parameter 0 and S ~ exp(l) represents a speckle
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Fig. 2. Clutter region transition.

component that follows an exponential distribution with mean
value equal to one. Under these assumptions
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The probability density function of Z is found by using the
Bayes theorem
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and leads to a K-distribution.

III. ESTIMATE THE TRANSITION CELL

Two clutter regions are considered as shown in Fig. 2.
In each region, the clutter follows a K-distribution but is
described by different shape and scale parameters to repre-
sent an heterogeneous clutter scene. In this paper, we are
mostly concerned with changes in shape parameter because
the employed CFAR detector (see Eq.14) is independent of
the scale parameter and does not affect false alarm rates. It is
assumed the clutter is K-distributed and fully correlated so that
the speckle is considered independent and the texture constant
within a processing data window.

The estimators of the shape and scale parameters of a K-
distribution can be found in [25] and expressed as

1 (ZlogZ) 1
E—T—@OgZ)—z Q)
b &

(Z)

where, the operator (W) = 1 5™ W, indicates the mean
value of the L-element data vector W. The vector Z represents
the L-element window of homogenous clutter data used to
estimate the shape and scale parameters.

When Z is a vector of heterogenous data, consisting of two



homogenous clutter regions, the Log-likelihood function of the
index representing the transition cell M (M < L) is

log(Lps(m)) =log <H(K(Zi;aim7ﬁ£m))> x (6
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where (&1, Blm) and (4o, Bgm) are the estimates of the
shape and scale parameters obtained from the vectors Zi,, =
[Z1 .. Zy) and Zoy,, = [Zy41 .- Z1] for m between 1 and
L — 1. There will be a value of m where log(Py;(m)) is
maximised. By maximising the log-likelihood function, the
transition cell M can be estimated as

M = argmax log(Lys(m)) (7

Once M is estimated, the final K-parameters are estimated
from their respective clutter regions. The maximum log-
likelihood algorithm to estimate the transition cell in (6)
assumes Z1,, and Zs,, are statistically independent.

IV. DESIGN OF CA-CFAR

Sea clutter is modelled as K-distributed with fully correlated
Gamma texture and independent exponentially distributed
speckle. In the single sided Cell-Averaging CFAR (CA-CFAR)
algorithm, the power is estimated with N reference samples
adjacent to the Cell Under Test (CUT). The mean clutter power
4 is estimated as
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and the threshold ¥ = 47 is derived from the product of the
estimated mean clutter power and a CFAR constant. A target
is declared when the CUT is above the threshold [26].
Because of the assumption of a fully correlated texture, the
Probability Distribution Functions (PDF) of p(%) is
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where px <Z is the PDF of the mean of independent

exponential random variables with equal mean value X, and
pr(t) is the Gamma distribution. By using the PDF of the sum
of exponential random variables from [27], the PDF of p(¥)
becomes

B UG v (2V/Y) (10)

A. Probability of false alarm

To determine the probability of false alarm Pr, =
P (Z > v), the Bayes Theorem is recalled and the conditioned
probability is used with respect to the mean clutter power
estimator 4 as

Pra= [ P(Z>vi)p(i)di (1)
0
where, P (Z > v|4) can be calculated by integrating (4) from
the threshold to infinity as
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By substituting (10) and (12) in (11), the probability of false
alarm can be written as
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The integral can also be expressed in closed form by using
the Hypergeometric special function o F} from [28] as

P, = (1)% x (13)
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This equation is known in the existing literature [17] and
shows that the scale parameter does not affect the false
alarm performance because Py, is independent of the scale
parameter.

V. RESULTS

The algorithms were initially tested on simulated het-
erogeneous K-distributed sea clutter data. To begin with,
two regions of fully-correlated K-distributed clutter data
were generated with parameters K (ay = 5,6; = 2.5) and
K (ag = 10, 85 = 5), respectively. This step provided a sea
clutter data matrix consisting of 10* rows and 10* columns,
for a total of 108 samples, with equal clutter regions made
of 10 rows and 5000 columns. In the simulations, each row
identifies an aspect angle and each column identifies a range
bin. The transition line between the two regions was a straight
line across the rows (i.e. at a constant range) and the transition
cell was estimated along the range bins for each look aspect
angle, with an expected transition cell at the 5001%" column.
Fig. 3 shows a single row of the simulated data vector with
the estimated transition cell location. The red points in Fig.
4 show the results of the estimated transition line between
the two regions over the entire data matrix. Once the regions
were resolved the shape and scale parameters were estimated
in their respective regions. It should be noticed, that the
estimation algorithm for the transition cell works also when
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Fig. 4. Estimation of transition cells

the size of the regions is unequal. However, because the data
follows a fully correlated K-distribution, and the maximum
log-likelihood function of the parameters assumes independent
K-distributed data, errors in estimating the transition cell can
be expected. The fully correlated K clutter CA-CFAR detector
[17], for a desired Py, = 10~% with N = 16 reference
windows, was applied (single sided) to the simulated data to
analyse CFAR performance. Fig. 5 shows the results of the
CFAR simulation. Result shows that the false alarms due to
the clutter edge are suppressed and the desired Py, is obtained
despite the heterogeneous environment. Using the information
on the estimated transition cell, the relevant estimated CFAR
parameters could be used in each regions. This prevented from
polluting the training windows with data from the two different
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statistical distributions.

Real sea clutter data was collected with the Mk11 X-band
Radar by Hensoldt UK. The radar operates at 9.22 GHz with a
Pulse Repetition Frequency (PRF) of 1.647 kHz, and transmits
8 ws long pulses to a maximum range of 24 Nm. The Mkl11
SharpEye X-band Radar is a mechanical scanning radar with
an update interval of 3 seconds. The antenna beam has a
width equal to 0.9° in azimuth and rotates with a speed of 20
Rotations Per Minute (RPM). The radar has a range resolution
of 15 m, uses 16 Doppler channels and achieves a Doppler
resolution of 3 m/s. Fig. 6 shows the real data collected by
the radar. A visual inspection of the data indicates the clutter is
not homogenous with the presence of different clutter regions,
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two of which have been marked in the figure.

The same CA-CFAR algorithm used for the simulated data, set
to achieve a Py, = 103 with N = 16 reference windows,
was firstly applied to the entire experimental data with no
attempts to separate the clutter into homogenous regions. The
results relative to this case are shown in Fig. 7 and show a
high false alarm rate along the clutter edges visually identified
in Fig. 6. In this case, a false alarm of 0.0033 was obtained. To
estimate the transition cells between homogenous regions, the
algorithm proposed in this paper was then applied to the data
along the range bins and along different look aspect angles.
Fig. 8 shows the transition line between the regions in real
data. Fig. 9 shows the CFAR results for this case where the
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false alarm rate of 0.0016 was achieved. Fig. 10 and Fig. 11
show the same results for a different radar scan to corroborate
the results are consistent for different scans. In this case,
the false alarm rate of 0.00155 was obtained. Overall, results
also show that although the CFAR was designed to obtain a
P, = 1073, higher experimental rates were obtained. This is
likely due to the assumptions made on the experimental clutter
statistics and correlation properties not being fully met by the
real data.

VI. CONCLUSION

This work reports an algorithm to reduce false alarms along
the clutter edge in heterogeneous fully correlated K-distributed
clutter. A transition line is estimated between homogeneous
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clutter regions and the shape and scale parameters are es-
timated from the respective homogeneous clutter regions. A
single sided CA-CFAR algorithm was applied to individual ho-
mogeneous regions. Results showed the algorithm suppresses
the false alarms due to clutter edges. Findings are applied
to the real sea clutter data collected by a X-band maritime
RADAR.
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