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Abstract—Sea clutter refers to the radar backscatter from
the ocean surface. Accurate modeling of sea clutter and
rough sea surface is an important problem in radar signal
processing and applications, as it facilitates robust detection
of low observable targets within sea clutter, which has
significant importance to coastal security, navigation safety
and environmental monitoring. Great efforts have been
made to model sea clutter. However, the nature of sea
clutter is poorly understood and the important problem of
target detection within sea clutter remains a tremendous
challenge. We propose a systematic, multi-scale approach to
model sea clutter. By extensively utilizing available real
data, we (1) develop methods to better fit non-stationary and
non-Gaussian sea clutter, (2) characterize correlation
structure of sea clutter on multiple time scales, and (3)
develop accurate and readily implementable methods to
detect low observable targets within sea clutter. 1 2

1. INTRODUCTION
Sea clutter is the backscattered returns from a patch of an
ocean surface illuminated by a radar pulse. The
development of suitable models that properly characterize
radar clutter processes is critical for designing optimum
algorithms for detecting targets within radar clutter as well
as for performance evaluation of those detectors. In modern
radar systems operating at low grazing angles with high
resolution capabilities, sea clutter has often been observed to
be highly non-Gaussian [1–5]. Hence, sea clutter modeling
is a very challenging problem.
In the past few decades, a lot of efforts have been made to
model sea clutter. Roughly, these efforts can be classified
into four categories: (i) Distributional analysis of sea clutter;
(ii) Analysis of sea clutter using fractal theory; (iii) Analysis
of sea clutter using chaos theory; (iv) Modeling of sea
clutter using various methods for the purpose of detecting
targets within sea clutter. Despite these extensive studies,
however, the nature of sea clutter is still poorly understood.
For example, whether sea clutter is chaotic or not is still a
much debated issue [6–15]. As a result, the important
problem of target detection within sea clutter remains a
tremendous challenge. In this paper, we show that one major
complexity in modeling sea clutter is that sea clutter is
highly non-stationary and multi-scaled. We then present a
new type of distributional analysis to cope with nonstationarity, and describe a multi-scale analysis method for
detecting low observable targets within sea clutter.
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2. DATA
Fourteen sea clutter datasets were obtained from a website
maintained
by
Professor
Simon
Haykin:
http://soma.ece.mcmaster.ca/ipix/dartmouth/datasets.html.
The measurement was made using the McMaster IPIX radar
at Dartmouth, Nova Scotia, Canada. The radar was mounted
in a fixed position on land 25-30 m above sea level, with an
operating (carrier) frequency of 9.39 GHz (and hence a
wavelength of about 3 cm). It was operated at low grazing
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Figure 1 A schematic showing how the sea clutter data were collected.
angles, with the antenna dwelling in a fixed direction,
illuminating a patch of ocean surface. The measurements
were performed with the wave height in the ocean varying
from 0.8 to 3.8 m (with peak heights up to 5.5 m) and the
wind conditions varying from still to 60 km/hr (with gusts
up to 90 km/hr). For each measurement, 14 areas, called
antenna footprints or range bins, were scanned. Their
centers are depicted as B1, B2, …, B14 in Figure 1. The
distance between two adjacent range bins was 15m. One or
a few range bins hit a target, which was a spherical block of
styrofoam of diameter 1 m wrapped with wire mesh. The
locations of the three targets were specified by their
azimuthal angle and distance to the radar. They were (1280,
2660 m), (1300, 5525 m), and (1700, 2655 m), respectively.
The range bin where the target is strongest is labeled as the
primary target bin. Due to drift of the target, bins adjacent to
the primary target bin may also have hit the target. They are
called
secondary target bins. For each range bin, there were 217
complex numbers, sampled with a frequency of 1000 Hz.

(m )

useful. From Figure 2 (e), where X t

is the non-

overlapping running mean of X over block size m and X is
the sea clutter amplitude data, it can be further concluded
that neither autoregressive (AR) models nor textbook fractal
models can describe the data. This is because AR modeling
requires exponentially decaying autocorrelation (which
( m)

amounts to Var ( X t

) ~ m −1 , or a Hurst parameter of

1/2, which will be explained in Sec. 5), while fractal
modeling requires the variation between

Var ( X t(m ) ) and

m to follow a power law. However, neither behavior is
observed in Figure 2 (e). Indeed, although extensive work
has been done on sea clutter, its nature is still poorly
understood. Therefore, in order to effectively detect targets
within sea clutter, new multi-scale analysis approaches have
to be developed.

4. MODELING SEA CLUTTER AS A NONSTATIONARY AND NON-EXTENSIVE

3. COMPLEXITIES IN SEA CLUTTER

RANDOM PROCESS

There are two sources of complexity for sea clutter: the
rough sea surface, sometimes oscillatory, sometimes
turbulent, and the multipath propagation of the radar
backscatter. To be quantitative, in Figure 2, two 0.1 s
duration sea clutter signals, sampled with a frequency of 1
KHz, are plotted in (a,b), a 2 s duration signal is plotted in
(c), and an even longer signal (about 130 s) is plotted in (d).
It is clear that the signal is not purely random, since the
waveform can be fairly smooth on short time scales (Figure
2(a)). However, the signal is highly non-stationary, since the
frequency of the signal (Figure 2 (a,b)) as well as the
randomness of the signal (Figure 2 (c,d)) change over time
drastically. Therefore, naive Fourier analysis or
deterministic chaos analysis of sea clutter may not be very

It is well-known that sea clutter data are often highly nonGaussian. There has been much effort to fit various
distributions to the observed amplitude data of sea clutter,
including Weibull, lognormal, K, and compound-Gaussian
distributions [1–5]. However, the fitting of those
distributions to real sea clutter data is not excellent and quite
often using parameters estimated from those distributions is
not very effective for distinguishing sea clutter data with
targets from those without targets. Two examples are shown
in Figure 3 (c,d) for the fitting using K distribution [3, 8],
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where μ is half of the second moment, v − 1 is the order of
the modified Bessel function of the third kind, K v −1 , and
Γ(v) is the usual gamma function. Although K distribution

amplitude data by y(n), n = 1, 2, …, and the differenced
data of sea clutter by x(n) = y(n+1) – y(n), n = 1, 2, … To
fit the differenced data, we use the Tsallis distribution [16,
17],

has been considered the best fit for sea clutter, we observe
that the fitting is not so good. In fact, we have found that the
parameters from K distribution cannot effectively separate
sea clutter data with and without target.

2nd moment, and q is a parameter, whose deviation from 1
indicates non-extensivity of the physical process underlying
the distribution: when q = 1, the distribution reduces to the
Gaussian distribution; when q = 2, the distribution is the
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Figure 2 Example signal: (a,b) Two 0.1 sec duration sea clutter signals; (c) a 2 sec duration sea clutter signal; (d) the
entire sea clutter signal (of about 130 sec); and (e)

log 2 [m 2Var ( X ( m ) )] vs. log 2 m .

We hypothesize that the ineffectiveness of conventional
distributional analysis is due to the non-stationarity in sea
clutter caused by complicated interactions among ocean
sprays, capillary waves, wind waves, and swells in the
ocean. Differencing is often an effective means of
eliminating non-stationarity. For example, the standard
Brownian motion, when differenced, yields the independent
Gaussian noise. Therefore, we propose to perform
distributional analysis on the data obtained by differencing
amplitude data of sea clutter. Denote the sea clutter

Cauchy distribution; when 5/3 < q < 3, the distribution is
heavy-tailed with infinite variance. It is important to note
that Tsallis distribution is considered to provide a physical
foundation to the α -stable distribution. The fitting using
Tsallis distribution to the difference of the data used for
Figure 3 (c,d) is shown in Figure 3(a,b). We observe that the
shape of the density becomes simpler and the fitting is
excellent. This signifies the importance of fitting the
differenced data instead of the original sea clutter data and
the usefulness of the Tsallis distribution.
3
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characterization of multifractal properties of sea clutter and
fractal scaling breaks on time scales determined by the
physical processes underlying sea clutter.

Interestingly, the parameters from the Tsallis distribution
are much more effective in detecting targets within sea
clutter than the parameters from the K distribution. We shall
not include any figures corroborating this here, however,
since in the next section, we shall describe a multi-scale
analysis method for detecting targets within sea clutter,
which is even more accurate than that based on the
parameters from the Tsallis distribution.

6. CONCLUDING REMARKS
In this paper, we have shown that sea clutter data are highly
non-stationary and multi-scaled. We have developed a new
distributional analysis approach to describe sea clutter, and
developed a multi-scale method for detecting low
observable targets within sea clutter.

5. MULTI-SCALE METHOD FOR DETECTING TARGETS
WITHIN SEA CLUTTER

To fully understand the different physical processes
underlying sea clutter, it would be very desirable to
simultaneously characterize the behaviors of sea clutter on a
wide range of scales. Our promising results presented here
may be considered a first solid step toward this goal.

One of the simplest multi-scale analyses is the structurefunction based multifractal formulation [18, 19]. It is
especially convenient for the study of the ubiquitous 1/f
noise, a type of spatial or temporal variations whose powerspectral-density (PSD) decays in a power-law manner.
Under this framework, the sea clutter data, y(n), n = 1, 2, …,
is considered a “random walk” process, and one examines
whether the following scaling-law holds or not,

F ( q ) ( N ) =< | y (i + N ) − y (i ) | q >1 / q ~ N H ( q ) , (3)
where H(q) is a function of real value q, and the average is
taken over all possible pairs of (y( i+ N), y(i)). When the
scaling laws described by Eq. (3) hold, the process under
investigation is said to be a fractal process. Furthermore, if
H(q) is not a constant, the process is a multifractal;
otherwise, it is a monofractal. The case of q = 2 is of special
interest. It characterizes the correlation structure of the data
set. In fact, when Eq. (3) holds, the autocorrelation for the
“increment” process, defined as
x( i ) = y( i + 1 ) – y ( i ),
decays as a power-law,

r (k ) ~ k 2 H ( 2) −2 , as k → ∞ ,
while the PSD for y(n), n = 1, 2, … is

E y ( f ) ~ 1/ f

2 H ( 2 ) +1

.

H(2) is often called the Hurst parameter, and simply denoted
as H. We have found that sea clutter data can be well
described by Eq. (3) in the time scale range of 30 msec to
about 1 sec, and that the H(q) spectrum can accurately
detect whether a range bin hit a target or not. Figure 4 shows
a representative result for q = 2. We observe that H(2) is
much larger when the range bins hit a target. We have found
that sea clutter data are multifractals, and that other q values
can also robustly detect targets within sea clutter.
The accuracy of target detection within sea clutter critically
depends on the time scale range of 30 msec to about 1 sec
we identified. On time scales smaller than 30 msec, we have
found that sea clutter data are actually quite smooth; on time
scales longer than 1 sec, sea clutter data are very irregular,
as shown in Figure 2. We hypothesize that different physical
processes dominate on different time scales. Therefore, our
method may be appropriately termed simultaneous
4
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