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ABSTRACT

In this work, we analyze the sea clutter data collected simultaneously by the bistatic and
monostatic nodes of a S-band netted radar system. The analyzed radar system is the NetRad,
developed by the University College London (UCL) and the datasets were collected with four
different out-of-plane geometries. The aim of the analysis is to compare statistically the behavior of
the bistatic and monostatic sea clutter for different geometries. In particular, we focus on the sea
spikes, whose presence increases the probability of false alarm of the radar detector. The statistical
analysis is carried out by comparing the empirical distribution of sea clutter data with some known
heavy-tailed distributions and by studying the behavior of three statistical parameters, the kurtosis
the Weibull and K+Noise shape parameter. An algorithm that separates the sea spikes from the
Bragg background is implemented, in order to study in-depth the sea spikes statistics. To this aim,
we examine the empirical distribution of the spike duration and of the interval between two
subsequent spikes. The results of our analyses show that spikiness is higher for low values of the
bistatic angle and that bistatic data are sometimes less spiky than monostatic ones only for

horizontal polarization.

Keywords: bistatic radar, bistatic clutter, clutter modeling, real clutter data, sea spikes.



1 INTRODUCTION

One of the hardest problems to deal with for the development and the performance evaluation of a
maritime radar system is the presence of clutter. For this reason, the research on signal processing
techniques for new radars, such as bistatic, multistatic and MIMO radars, cannot leave aside a
detailed analysis of bistatic clutter properties. In recent years, the development at University
College London (UCL) of the NetRad system, a netted radar composed of a monostatic node and a
widely separated bistatic node, and the following measurement campaigns have allowed the study
of sea clutter in the case of out-of-plane bistatic geometry [1]-[5]. The aim of this work is to
characterize the differences between monostatic and bistatic clutter data, which were collected
simultaneously by varying the polarization and the bistatic geometry (different baselines and
bistatic angles). The analyzed datasets were acquired in two different days during which the
environmental conditions were quite similar in terms of wind velocity and sea state [6].

From a statistical point of view, sea clutter is typically considered as a stochastic process
characterized by the presence of spikes, which are sequences of high-value samples, not expected in
a Gaussian process, hence the terms spikiness and spiky, referred to clutter, are often used to
indicate its deviation from Gaussianity. The analysis about the spikiness is usually made by
examining the empirical probability density function (pdf), i.e. the histogram, of the clutter samples
and by considering that the heavier its tail is the spikier the clutter is. In recent times, a growing
attention has been devoted to the family of the Complex Elliptically Symmetric (CES) distributions,
which includes the compound-Gaussian (such as K and #-Student) and Generalized Gaussian
distributions and some recent works have shown their good fitting to measured radar clutter data
[7].

Previous works [3] have dealt with the statistical analysis of sea clutter data which were
simultaneously collected by the NetRad monostatic and bistatic nodes. In particular, Al-Ashwal et
al. [5] analyze the behavior of the empirical cumulative distribution function (c.d.f) of the clutter
amplitude and show that some data are best modeled by the KA distribution. The authors study also
the spikiness of the data, by concluding that in many cases bistatic clutter is less spiky than
monostatic one. Furthermore, the largest difference between bistatic and monostatic spikiness has
been measured for horizontally polarized data and a bistatic angle close to 90°.

In the present paper, we compare the empirical pdf with some known distributions, such as the
Weibull, K, K plus thermal noise, Log-Normal, #-Student, Generalized Gaussian [8], [9] and the
study of clutter spikiness is deepened by analyzing the variation of the shape parameters of the

Weibull and K-plus-noise distributions as a function of range.



The work published by Walker [10] provides a distinction among three different contributions to
sea clutter, depending on the physical phenomenon that originates the radar returns: Bragg,
whitecap and burst scattering. Other works distinguish only between the Bragg and non-Bragg
scattering, that is generally indicated as sea spikes [11]. Furthermore, it has been demonstrated that
sea spikes are strongly related to breaking waves and can be separated from the Bragg scattering,
which is a background component ([12], [13]). In the literature, the identification of sea spikes has
been performed by amplitude thresholding [12] or based on some sea spike parameters ([13]-[15]).
The statistical analysis of sea spikes has been carried out also in [14]. Furthermore, a recent work
[16] proposes an algorithm that separates the contribution of the persistent spikes, of long duration,
and short discrete spikes by employing the Hough transform. The differences between the
monostatic and bistatic sea clutter have their physical justification, since basically the amount of
electromagnetic (e.m.) energy backscattered by one point of sea surface is not the same in all the
scattering directions. In general, the bistatic radar cross section (RCS) of one clutter cell is strongly
influenced by the bistatic geometry, the polarization and the roughness of the sea surface.
Concerning the characterization of the clutter received by a bistatic radar system, some works (e.g.
[17], [18]) have dealt with the simulation of the e.m. scattering from rough surfaces, including the
sea. According to [18], the azimuth angles which minimize the bistatic backscattered returns are
different in case of horizontal and vertical polarization. The work published by Arnold-Bos et al.
[17] provides the theoretical background for the simulation of the bistatic radar returns depending
on the environmental conditions and on the bistatic geometry. In [4] the authors analyze the average
reflectivity of bistatic and monostatic sea clutter data for low and high sea states and the results
show that the radar cross section of bistatic clutter is generally lower than the monostatic one,
reaching a minimum around a bistatic angle of 90°. This behavior is common for low and high sea
states, with a slightly larger difference for VV polarized data.

After this introduction, the rest of this paper is organized as follows. In Section 2, the
characteristics of the system and of the analyzed datasets are illustrated. In Section 3, we report the
time history plots and the Power-Range-Time (PRT) maps of the received clutter samples, in order
to provide a general view of the sea clutter data. In Section 4, we examine the fitting between the
empirical distribution of the clutter amplitude and some known heavy-tailed theoretical models. We
also investigate the behavior of the kurtosis of the In-Phase (I) and Quadrature (Q) clutter
components and of the shape parameters of the Weibull and K-plus-Noise distributions, that bring
some information about the clutter spikiness.

The spectral analysis is illustrated in Section 5, which contains the Range-Doppler maps, obtained

by estimating the clutter Power Spectral Density (PSD). In Section 6, we analyze sea spikes by



studying the distribution of the spike duration and the interval between two subsequent spikes.

Finally, the summary of the results of our analysis and other remarks are reported in Section 7.

2 SYSTEM AND DATASET DESCRIPTION

The analyzed data were collected by the NetRad system during a measurement campaign realized
in October 2010 at Scarborough, Cape Town, by researchers from University College London
(UCL) and University of Cape Town (UCT). NetRad, which is an abbreviation of "netted radar", is
a radar system working both in monostatic and in bistatic configuration, thus composed of two
nodes that are synchronized in time by using two GPS Disciplined Oscillators (GPSDO) and a 5
GHz wireless link. The system has been designed to work also in multistatic configuration,
employing more than two nodes and more than two GPSDOs. The synchronization channel does
not interfere with the radar signal, whose carrier frequency is 2.4 GHz. The monostatic node
consists of a transmitter and a co-located receiver, whereas each bistatic node operates only as a
receiver. In the analyzed dataset, only one bistatic node was employed. The baseline that separates
the two nodes was set at 1827m (L;) and 728m (L) for the measurements made on 10 October and
21 October, respectively (see details in Tab.2). The radar transmits a train of chirp pulses and its
main parameters are listed in Tab.1 [2,3].

The antennas work in vertical (VV) or horizontal (HH) polarization and were pointed with an
elevation angle 6, =-1° and a variable azimuth angle. The receive and transmit antennas were
pointed to create a bistatic geometry consisting in an isosceles triangle, whose vertices are the two
nodes and the intersection point between their antenna patterns. As an effect of this bistatic

geometry, in the region illuminated by both the antennas the two-way bistatic range 7"’ is twice

the one way monostatic range ", then an equivalent one-way bistatic range ", being equal to

m

7>/ /2, can be used in the comparisons. In the following, we will indicate as r =7’ = 7"’ the

range for both the bistatic and monostatic nodes. The value of the bistatic angle is a function of the
selected range r and the baseline L,

B(r,L)=2sin™ (Lj 1)

2r
As shown in Fig.1, the illustrated geometry was obtained by pointing the bistatic antenna with an
azimuth angle @1 and the monostatic node with an azimuth angle ¢>, supplementary to ¢i. Thus the

boresights of the monostatic and bistatic antennas form the angle f =180° - 2¢1,which is the bistatic



angle at the center of the beam intersection'. Hence the main contribution of the clutter power is
concentrated in the area illuminated by both the antennas, which corresponds to a range interval

[71,72] given by

{rl = (L/z) COS(¢HP/2)/COS(¢1 _¢HP/2) )

r, =(L/2)cos (¢HP/2)/c0s (¢, +8.,/2)

where gnp indicates the half-power beamwidth along the azimuth direction.

The nodes are synchronized by a 5 GHz wireless link using two GPSDOs. Since these oscillators
are independent, there is a difference between their oscillation frequencies, which causes a
deviation of the relative phase between the signals from the bistatic and the monostatic nodes [3].
This relative phase appears to be time-varying and generally non-linear and makes the clutter
spectrum to spread out and its side-lobes to raise. The phase correction was realized by subtracting
the phase of the direct signal, i.e. the return from the range cell containing the transmitter, from the
matched-filtered signal as in [3],[19]. Measurements were made by varying the azimuth angle and

the polarization. In each file the number of received samples, for each acquisition, is N, =N XN, ,

where N,=130000 is the number of pulse repetition intervals, corresponding to a total acquisition
time of 130 seconds, and N,=1024 is the number of samples per sweep, i.e. the number of range
bins. The radar was located on a bay facing the Atlantic Ocean and the analyzed data were acquired
on October 10 and October 21, 2010. The weather reports indicate that the wind speed was from 35
km/h to 55 km/h on October 10 and from 20 km/h to 30 km/h on October 21, and its direction was
approximately 300° (North-West) on both the days [6]. From the information about the wind speed,
the sea state was 4-5 (Beaufort scale) for all the datasets. Furthermore, as reported in [3], the wave
direction was different between the two days, which could indicate different levels of development

of the sea. Tab.2 summarizes the main properties of each analyzed dataset.

3 MEASURED CLUTTER DATA

3.1 Time History of Amplitude Clutter Samples

The time-history plots of the amplitudes clutter samples are shown in Fig.2 for a selected range
cell of the bistatic and monostatic VV data. The data relate to the dataset 4 (p1 = 60°, @2 = 60°,

L=1827 m) and the range cell under test (rcur) is 2000 m from the receivers, corresponding to a

U In this paper, £ indicates the bistatic angle at the center of the beam intersection for each dataset, whereas f(r) is the bistatic

angle corresponding to the range r.



bistatic angle S(rcur,) = 54°. Although the monostatic data show a power level higher than the
bistatic ones, the presence of spikes is evident in both cases. It could be noted that there is little
correspondence between the spiking events of the two plots. For the bistatic data, one high spike
with short duration is present at about 60 s, and then other long spikes occur at about 90 s and 115 s.
On the other hand, the monostatic data show one high and short spike at 80 s and minor events at

about 45 s and 55 s. Further time-history plots of amplitude clutter samples can be found in [5].

3.2 Power-Range-Time (PRT) Maps

The PRT maps have been obtained by considering the entire duration of the data. Fig.3 and Fig.4
show the PRT maps for f = 30°, (datasets 7-8) and f =60° (datasets 3-4), respectively. In the maps,
the horizontal axis corresponds to the time in seconds, the vertical one to the range in meters and
the color scale gives the power in dBmW. The considered range interval is where the bistatic
clutter-to-noise power ratio (CNR) is high, that is approximately from 1000 m to 1350 m if § = 30°
and from 1700 m to 2200 m if f = 60°. The limits of the considered range interval were observed
both in the PRT maps and in the plots of CNR versus range in Fig.7, and show a good matching to
the values of r; and r> calculated by (2). The range-time maps are characterized by bands of high
power, i.e. the e.m. returns from the wave fronts. A great number of powerful scatterers can be
located on the crest of the sea waves, and the velocity by which they migrate in range is related to
the slope of the banded pattern in each map. By examining one range cell, this backscattering
component lasts from one to about 3 seconds, thus it seems similar to the whitecap component of
the Walker’s model ([9],[10]). The third clutter component is given by the discrete sea spikes,
which have a smaller duration — less than one second — and are supposed to be present only in HH
polarization. Discrete and long-lasting spikes are generally considered as part of the same non-
Bragg scattering component and can be noted mostly in the HH polarized data. On the other hand,
the PRT maps shows a more uniform power level in the VV polarized data, which means that the
Bragg scattering component influences strongly the sea clutter returns at vertical polarization. By
examining Fig.3, for the dataset acquired on the 21st October 2010 the monostatic data show a
banded pattern which is smoother than for bistatic data, which means that the shadowing effect on
the scatterers not on the crest of the sea waves is stronger for the bistatic data. This can be caused
by the geometry of the system, since those scatterers are located on the monostatic line of sight
(l.o.s.) but not also on the bistatic one. Furthermore, by considering how the bistatic maps vary
w.r.t. the bistatic angle - while keeping the baseline fixed - the banded pattern is more evident in the

data with small bistatic angle (f# = 30°), then its level decreases for f=50°. For both bistatic and



monostatic data the banded pattern vanishes almost totally in the datasets acquired on 10th
Oct.2010, which may be due to different sea conditions. For the same datasets, the evidence of the
banded pattern is minimum for = 60°, and increases slightly for f=90°.

In conclusion the presence of the banded pattern is influenced mostly by the sea conditions. If the
banded pattern is present, the bistatic geometry, and in particular the bistatic angle, has appeared as
the most influential factor. The PRT maps suggest a strong relation between the presence of bands
of high power and the occurrence of long-lasting spikes. This is justified by the fact that these long-
lasting spikes occur on the crest of the sea waves - whose e.m. returns originate the banded pattern
in the maps - probably when they are about to break. Nevertheless, the presence of discrete (short-
lasting) spikes can be noted also where the e.m. return from the wave fronts is negligible (see
Fig.4c). In general, discrete spikes occur mainly in horizontally polarized data, both for monostatic
and bistatic, but in case of vertical polarization the bistatic data seem to have a higher number of
discrete spikes than monostatic data. The behavior of the monostatic and bistatic data depending on
the polarization is similar to that showed in [12] for monostatic clutter, since in general spikes occur

mainly in horizontally polarized data.

4 STATISTICAL ANALYSIS

4.1 I-Q Clutter Components

We analyze here the behavior of the clutter complex envelope, X=X;+jXo. The empirical pdf’s of
I and Q data are compared to a Gaussian (G) pdf and a Generalized Gaussian (GG) pdf, which is

j 3)

where a > 0 is the scale parameter, v > 0O is the shape parameter, and I'(.) denotes the Gamma

given by:

X

a

0= 1, )= 55y

function. The Gaussian distribution is a special case of the GG, for shape parameter v =2 and scale
parameter a equal to the standard deviation (std) of the data [7]. The I and Q components of the
measured sea clutter data show a heavy-tailed behavior, which means that a considerable number of
spikes occur in both HH and VV data. I-Q histograms fit closely the GG model, which provides
good fitting also in the tail region. An example of the results is plotted in Fig.5, where we plot the

histograms of the bistatic HH data for azimuth angle ¢1= 65°, for the range cell at 900 m.



For a deeper analysis of I and Q data non-Gaussianity, the kurtosis was also evaluated, since it
measures the relative (w.r.t. the Gaussian one) peakedness or flatness of the data distribution. The
kurtosis ), of the random variable (r.v.) Y is defined by

E{(Y_/JY)4}

Vi=————=3773, “)

E{(Y—,uy)z}z

where 1, = E {Y } .If Yis a Gaussianr.v. y, =0, whereas ), assumes increasing values for heavier

tailed distributions. In Tab.3 we show the values of kurtosis for the I and Q components, X; and Xp,
averaged over an interval of ten range cells, centered on rcyr. The center range cell was chosen
among the cells with higher CNR, by examining the plots in Fig.7. By considering the center range
cell rcyr at 1400 m, the average kurtosis assumes the highest values for f=30° (acquired on
21/10/10). The difference is due to the different geometries, but, maybe as well, to different
environmental conditions. The comparison between simultaneously collected bistatic and
monostatic data shows that in the case of horizontal polarization, monostatic data assume generally
higher values of kurtosis than bistatic ones, but the behavior is opposite for vertically polarized

data.

4.2 Clutter Amplitude

The analysis of the data amplitude was performed by examining the fitting between the empirical
pdf and the theoretical pdf’s of some known distributions, which are the Weibull (W), K, Log-
Normal (LN), and compound-Gaussian with Inverse Gamma texture (IG) or ¢-Student ([22], [23]).
In addition to these models, which have been widely studied in literature, we also investigated the
goodness of fitting of the K-plus-Noise (K+N) and of the Generalized Gaussian (|GG|) models. The
empirical pdf of the data was estimated by computing the histograms over the Np pulses collected
from each selected range cell. The characteristic parameters of the theoretical pdf’s were estimated
by using the Method of Moments (MoM) [22]. Herein, we report the mathematical expressions of
each utilized theoretical pdf pz(z) and of its n-th order moment E{Z"}, where Z =|X]| is the clutter

amplitude in the cell under test.

a. Weibull (W)
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E{Z"} =b'T (n/c +1) 6)
where b>0 is the scale parameter and ¢ >0 is the shape parameter, I'(.) is the Gamma function and

u(.) is the unit step function. The Rayleigh distribution is obtained by setting ¢ = 2 (the smaller ¢ the
spikier the data).

b. K

m(zFM( J2v/u) K, (ef2v/u)u(z) %

r(v)2

~—

(2u/v)"* T (n/2+V)T (n/2+1)

rv)

where p>0 is the scale parameter and v>0 is the shape parameter, K,.;(.) is the modified Bessel

E{z} = 8)

function of the third kind of order v-1. The Rayleigh distribution is obtained for v — o (the

smaller v the spikier the data).

c. Log-Normal ( LN )

o
ZN2TT

E{z"} =exp {%(2% —ﬂﬂ (10)

where 9>0 is the scale parameter and >0 is the shape parameter. The Rayleigh distribution is

()= —Fexp| ~3(9+ M (a)) Ju(2) ®

obtained by setting 6 =0.5 (the higher 6 over 0.5 the spikier the data).

d. Compound Gaussian with Inverse Gamma texture ( IG )
n -(A+1)
pz(z)zzqzinjzzj u(z) (11)

(A/n)" T (A=n/2)T (n/2+1)
r(4)

E{Z} = (12)

where n>0 is the scale parameter and A>0 is the shape parameter. The Rayleigh distribution is

obtained for A — oo ( the smaller A the spikier the data).

e.  Generalized Gaussian Amplitude ( |GG]| )

p()ﬁp“g”() (13)



E{z'} = (2a)" s"*F [”—Hj r [lj (14)

20 g

where s = [F(J_l) / F(ZJ _I)T, 0>0 is the scale parameter and ¢>0 is the shape parameter. The

Rayleigh distribution is obtained by setting ¢ =0.5 (the smaller o the spikier the data).

f- K plus thermal noise (K+N)

B bl/ o xl/—l _
p,(z)=2z 10 u(z)J; s exp{ }exp{ bx}dx (15)

x+p,

where b>0 is the scale parameter, v>0 is the shape parameter and p, is the thermal noise power. The
Rayleigh distribution is obtained for V — oo ( the smaller v the spikier the data). Since for this
distribution, the even order moments have a closed form expression, the estimation of the three
unknown parameters should involve the 6-th order moment, which is not robust since the variance
of the estimators increases with the order of the moment. The problem can be simplified by

extracting from the Range-Doppler map the noise level p, on the frequency intervals where clutter
is negligible (noise floor). Then the scale and shape parameters are estimated as shown in (16), by

using the second and forth order moments, 71, = E { rz} and m, = E { r4} , estimated from the data as

in [9].

(16)

We focused on the range interval where bistatic-clutter power is high, since by moving away from
this region, the contribution of the thermal noise is dominant. For the datasets acquired on 10th
October 2010, the LN, K+N and IG models show to be a good fit for the data over the whole
examined range interval, but only the LN pdf is able to follow the tails of the data histograms for
those range cells where clutter power is very high. For the datasets collected on 21st October 2010,
the data seem to be appropriately represented by the K model, but the good fitting of this model gets
less precise in the cells where the CNR decreases. This is an expected result, since the K-
distribution does not take into account the non-negligible effect of thermal noise [9]. The K-plus-
Noise model is an extension of the K one and is obtained by adding a constant term (pn),
representing the thermal noise, to the Gamma-distributed texture (as shown in eq. (15)). The K+N

distribution have a good fitting with the data over the entire analyzed range, also for low CNR
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values (close to 5 dB). Weibull and |GG| distributions are not that far from the histograms but the
fitting is good only on some range cells.

Some of these results on the amplitude fitting are shown in Fig.6, for bistatic HH and VV data, ¢,
=45° rcyr = 1380 m (a and b), and ¢; = 60°, rcyr= 1900 m (c and d).

4.3 Shape Parameter Analysis

Some further information about the spikiness of the data is provided by the value of the shape
parameter of one or more of the tested distributions. The shape parameter of a statistical distribution
is often directly related to the shape of its tails, then it quantifies the deviation from Gaussianity of
the data. It should be noted that in the analysis of the clutter amplitude the Gaussian nature is
represented by a Rayleigh distributed r.v. For the Weibull distribution, decreasing values of the
shape parameter ¢ indicate an increasing deviation from Gaussianity. Typically, the values of ¢ span
the interval [0.5-2] and the lower ¢ the spikier the clutter is. For the K+N distribution, decreasing
values of its shape parameter vk.n % indicate an increasing deviation from Gaussianity, and for vk.x
— o0 it converges to a Rayleigh distribution. For each analyzed dataset, the values of ¢ and vkn
were plotted as a function of the range. Fig.8 and Fig.9 show respectively the behavior of ¢ and vik+n
vs the range for all the analyzed datasets. The values of the CNR in the considered range cells can
be read, for each dataset, in Fig.7. Figs.7 a, b, e and f show that for these datasets the average
bistatic CNR is close to 10 dB, with peaks between 15 dB and 20 dB. On the other hand, Figs.7d, g
and h show that, for some other datasets, the values of CNR is almost always higher than 15 dB.,
with wide range intervals where the CNR assumes values higher than 30 dB. The CNR is almost
always higher in the monostatic data than in the bistatic ones.

As shown in Fig.8, the parameter ¢ of bistatic HH data is generally higher than (or comparable
with) that of the monostatic HH data. The behavior is different in VV polarized data, for which the
bistatic parameter c is generally smaller than (or comparable with) the monostatic one.

The Weibull shape parameter assumes lower values for datasets 5-8 than for datasets 1-4,
meaning that the former are spikier than the others. This is probably due to different sea conditions,
different position of the analyzed clutter patch with respect to the shoreline, between the datasets
acquired on 10th October 2010 (dataset 1-4) and those acquired on 21st October 2010 (5-8).

The behavior of K-plus-Noise shape parameter vk~ (see Fig. 9) as a function of range show a

good agreement with that of the Weibull shape parameter. This is evident by comparing, for

2 In this section, we denote by vk~ the shape parameter of the K-plus-Noise distribution, in order to distinguish it

from the shape parameter v of the “pure” K distribution.
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instance, Fig.8h and Fig.9h. In some plots, the K+N shape show sharp variations, but its overall
behavior is similar to the behavior of the Weibull shape parameter.

In addition, Tab.4 provides the values of vk+n for each analyzed dataset, averaged over an interval
of ten range cells. This interval is centered on a range cell under test (rcur), selected within the
high-CNR region (same interval used for average kurtosis values in Tab.3).The comparison
between the values of simultaneous acquisitions seems to confirm that bistatic VV data are spikier

than monostatic VV ones, while the spikiness of bistatic and monostatic HH data is comparable.

S SPECTRAL ANALYSIS

5.1 Range-Doppler Maps

The Power Spectral Density (PSD) was estimated for each range cell in order to build the Range-
Doppler maps for each analyzed dataset. The method adopted to estimate PSD was the Welch
periodogram, with a window of 512 samples and an overlap of 50% [21]. Finally, Range-Doppler
maps were plotted from the estimated PSDs. Fig.10a shows an example of the results, that is the
map of the data collected by the bistatic node in case of horizontal polarization and bistatic angle
[=50° (dataset 1). Fig.8b shows the Range-Doppler map of the simultaneously collected monostatic
data. It is easy to note that the bistatic clutter is contained within a well-defined range interval,
between 750 m and 1250 m, with the strongest peak in the range 850 m-1100 m. The bistatic clutter
spectra are limited in range because of the geometry, whereas the monostatic ones show only an
attenuation with increasing range. From the analysis of all the data, the clutter spectra show a higher
power level, a higher center frequency and a larger bandwidth for the datasets collected on
21/10/10. What we show in Fig.10 is, of course, the average (in time) spectral behavior of the
clutter, since each periodogram was calculated over a time interval of 130 seconds. The time-
variability of the clutter spectrum and the effect of short scattering phenomena could be studied by
plotting a Time-Doppler map of the data for a fixed range cell. An example of the analysis of the
time-varying behavior of the bistatic sea clutter spectra can be found in [2], for the dataset collected
on 10th October 2010.

The bistatic spectra are centered on a positive normalized Doppler frequency, which is justified
by the fact that the angle formed by the sea waves direction - in most cases it is the same as the
wind direction - and the bistatic bisector influences the value of the center frequency of the bistatic
clutter spectrum. Once indicated as y the aspect angle of the sea waves direction with respect to the

bistatic bisector in the illuminated clutter patch, the bistatic Doppler frequency f; is

12
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f, :(ﬂv}cosl[/cos(éj , (17)

where v is the sea waves speed, f. is the carrier frequency and ¢; is the speed of light [20]. Fig.10
shows that the spectrum is centered on a value of normalized frequency close to 0.1, which yields a
bistatic Doppler frequency equal to 100 Hz, by accounting that the PRF is 1 KHz. Once considered
that the aspect angle y is close to 10°, the resulting sea waves speed is about 25 km/h, which is
included into the range of values assumed by the wind speed at the time of the measurements,

according to the forecast reports [6].

6 SEA SPIKES ANALYSIS

6.1 Sea Spikes Classification

Once analyzed the behavior of the measured data, we separated the spikes from the background.
The classification of spikes was made by using the algorithm illustrated in [15]. Spikes are short
echoes with an amplitude much higher than the background. Due to this observation, the
implemented algorithm identifies a spike by using three parameters, which are the power threshold
Jp, the minimum spike width dui» and the minimum interval between spikes imin. Those sets of
samples which have a power level higher than 4, and last longer than dni, are classified as spikes,
and those spikes which are separated by an interval smaller than i,.;, are joined together to form one
spike [15]. The power threshold was set as 6 times the mean power of the received returns, the
minimum spike width was 80 ms and the minimum interval between spikes was 150 ms. These
values were chosen empirically, by evaluating the performance of the spike selection algorithm in
the time-history plots of clutter samples and in the masks of selected spikes. Fig.11a shows the time
history of amplitude clutter samples (dataset 4), with the selected spikes highlighted in red. Fig.11b
shows the mask of the selected sea spikes (bistatic data of dataset 4, same range interval of the PRT
maps in Fig.4), where a white pixel corresponds to a spiky sample. The figures confirm a quite good

classification of the spiking events.

6.2 Statistical Analysis

In this section we analyze the statistics of the spike width d and of the time interval between
spikes i, by computing the histograms of the data and comparing them with the exponential pdf.
This analysis was performed after that the sea spikes had been separated from the background. The
theoretical pdf of the spike width, denoted as pp(d) in (18), is a one-sided exponential [15], shifted

by dmin, With the same mean value of its empirical pdf, denoted as d :
13



exp(—d_d’"i”ju(d—dmin) (18)

Similarly, the theoretical pdf of the interval between spikes, pi(i), has the same mean value of the

data, i, and is shifted by imi, [15]:

P, (i):%exP(_@)”(i_imm) (19)

l

Fig.12 and Fig.13 show that the exponential distribution can model the distribution of the spike
width and of the interval between spikes, but there are some deviations for values of i included
between 10 s and 15 s. The deviations from the exponential model are present also in other analyzed
data and they are sometimes evident as secondary peaks in the empirical distributions. A possible
justification is the fact that the spikes classification algorithm does not distinguish the two different
components, 1.e. persistent and discrete spikes, which have different temporal characteristics and are
caused by different physical phenomena. Some important information about the spikiness of each
data can be extracted from Tabs. 5-6-7-8, which contain respectively the values of the mean spike
width, the mean interval between spikes and the ratio between the number of samples belonging to
a spike (Nyp) and the number of received samples (N,s). In general, the number of spikes is the
highest in the case of f=30°. The mean spike width is higher for f=30° (datasets 7-8) and f=50°
(datasets 5-6) compared with f=60° (datasets 3-4) and f=90° (datasets 1-2). We also observe that
bistatic data have longer spikes than monostatic data in case of vertical polarization, which is true
also for most of the horizontal polarized data. The values assumed by the mean interval between

spikes are generally higher for bistatic data than for monostatic.

7 CONCLUSIONS

This work addresses the analysis of sea clutter data collected simultaneously from the monostatic
and bistatic nodes of the NetRad. The analysis of the measured clutter data has highlighted the
presence of a banded pattern in the Power-Range-Time maps, which is generally more evident in
bistatic data than in monostatic data. This banded pattern is due to the e.m. return from the wave
fronts and its presence appears as related to the occurrence of powerful long-lasting spikes, similar
to whitecaps. The presence of spiking events of short duration has been also observed within the

banded pattern, where it is present, but discrete spikes occur also in datasets for which the banded
14



pattern vanishes. It has been shown that the banded pattern is more evident for the datasets collected
on October 21, which is probably due to different sea conditions. The combined effect of discrete
and long-lasting spikes is considered as non-Bragg scattering, which differs from the Bragg
background component. In general, for the VV data the power level is more uniform, then the
Bragg component is stronger than in HH data. The spikiness of each dataset has been statistically
analyzed by evaluating the variation of the shape parameter of the Weibull and K-plus-Noise
distributions as a function of range and the values of the kurtosis for a range cell selected within the
region of high bistatic-clutter. The analysis also revealed that the data collected on 21st October
2010 have a higher spikiness, due to low values of the Weibull and K-plus-Noise shape parameters
and higher values of kurtosis.

By considering the variation with respect to the polarization, bistatic VV data have shown to be
often spikier than monostatic VV ones, which is not the case for HH polarization. However, for
some of the analyzed data, the level of spikiness of bistatic and monostatic data is comparable,
particularly for HH data. For the datasets collected on October 10, the LN and K+N models have
shown to be a good fit for the distribution of the amplitude of clutter samples. On the other hand,
Weibull and |GGl distributions have a good fit with the data for the datasets of October 21. It is
worth remembering that the measurements were made with large baseline (1827 m) on the first day
and with small baseline (728 m) on the second day, thus there are some differences on the positions
of the nodes on the seacoast. Secondly, the wind speed was slightly smaller on October 10 than on
October 21, even if the wind direction was almost the same.

The analysis of the distribution of the spike width and the interval between two subsequent spikes
has revealed that both the parameters are fitted accurately by a shifted exponential distribution,
particularly for the spike width. Moreover, he analysis of the statistical properties of sea spikes has

shown that bistatic spikes last longer and are less frequent in time than monostatic ones.

In future work, we will analyze the variation of sea clutter spectra as a function of time, with the

aim of examining the time-varying behavior of bistatic clutter spectra and of their statistics.
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List of Figures

Fig.1 - Sketch of bistatic geometry (B: bistatic node, M: monostatic node, L: baseline, #: bistatic angle).
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Fig.2 - Time History of the amplitude clutter samples. Dataset #4,
VYV polarization, ¢i= 60°, rcvr =2000m.
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Fig.3 - Power-Range-Time maps f = 30°; (a) bistatic HH, (b) bistatic VV, (c) monostatic HH, (d) monostatic
VV. Color scale: dBmW.
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Bistatic Pol:HH B = 60° Bistatic Pol:VV B = 60°
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Fig.4 - Power-Range-Time maps f = 60°; (a) bistatic HH, (b) bistatic VV, (c) monostatic HH, (d) monostatic
VV. Color scale: dBmW.
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Fig.5 - Empirical Pdf of In-Phase (upper) and Quadrature (lower) clutter components. Dataset #5, bistatic HH

data, azimuth pointing angle ¢; = 65°, range cell rcyr = 900m
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Fig.10 - Range-Doppler map of bistatic (a) and monostatic (b) data, HH polarization.
bistatic angle f=50°.
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List of Tables

Radar Parameters
Carrier Frequency 2.4 GHz
Transmitted Signal Up/Down Chirp
Bandwidth 45 MHz
Pulse Duration Variable
Pulse Repetition Frequency 1 KHz
Range Resolution 3.33m
Sampling Frequency 100 MHz
Polarization HH,VYV (separately)
Half Power Beamwidth 9° (el.) x 11° (az.)

Tab.1 - NetRad Parameters.

# Day Time Q1 @2 Pol L (m) S
Dataset (dd/mm/yy) (hh/mm/ss)

1 10/10/10 12/44/20 45° 135° HH 1827 90°
2 10/10/10 16/03/00 45° 135° \'AY 1827 90°
3 10/10/10 12/33/00 60° 120° HH 1827 60°
4 10/10/10 15/51/50 60° 120° \AY% 1827 60°
5 21/10/10 17/30/00 65° 115° HH 728 50°
6 21/10/10 19/55/00 65° 115° \AY% 728 50°
7 21/10/10 19/01/00 75° 105° HH 728 30°
8 21/10/10 19/27/55 75° 105° \'AY 728 30°

Tab.2 - Summary of the analyzed datasets.
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Bi HH Mono HH Bi VV Mono VV

I Q I Q I Q I Q

B=90° rcyr=1400m 30.57 | 31.11| 41.53| 42.69 | 6.27 6.36 5.89 6.01
p=60° rcur=1900m 31.67 | 30.52| 2523 | 20.70 | 9.71 9.73 5.66 6.00
B=50° rcur=900m 1633 | 16.34 | 34.88 | 34.99 | 16.52| 1654 | 6.47 6.47
B=50° rcyr=1400m 5529 | 5548 | 63.59| 6294 | 5139 | 5129 | 54.09| 54.02

Tab.3 - Values of kurtosis averaged over an interval of ten range cells, centered on rcur.

Bi HH Mono HH Bi VV Mono VV
B=90° rcur = 1400m 0.141 0.172 0.981 1.181
B=60° rcur=1900m 0.161 0.079 0.756 0.801
B=50° rcur=900m 0.226 0.094 0.229 0.872
B=30° rcur = 1400m 0.047 0.057 0.064 0.091

Tab.4 - Values of the K+N shape parameter averaged over an interval of ten range cells, centered on rcur

Bi HH Mono HH Bi VV Mono VV
p=90° 5% 5.3% 7.1% 3.4%
p=60° 6.1% 5.3% 6.6% 5.1%
p=50° 11.8% 9.9% 6.4% 14.3%
p=30° 8.4% 13.3% 11.9% 12.2%

Tab.5 - Percentage of the number of spikes with respect to the number of total samples.
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Bi HH/Mono HH Bi VV/Mono VV Bi HH/Bi VV Mono HH/Mono VV
£=90° 0.95 2.11 0.71 1.57
S=60° 1.14 1.31 0.92 1.06
p=50° 1.19 0.45 1.86 0.70
£=30° 0.63 0.98 0.71 1.09
Tab.6 Relative number of spikes
Bi HH Mono HH BiVV Mono VV
£=90° 0.459 0.371 0.442 0.318
[=60° 0.439 0.406 0.556 0.368
p=50° 0.959 1.220 0.816 0.578
£=30° 0.935 0.750 1.215 1.001
Tab.7 - Mean spike width [s].
Bi HH Mono HH BiVV Mono VV
£=90° 8.284 6.092 6.068 9.394
[=60° 7.497 7.368 6.959 6.517
p=50° 7.965 11.867 8.934 5.776
p=30° 12.222 6.514 14.128 8.561

Tab.8 - Mean interval between spikes [s].
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