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ABSTRACT

A key issue in detection of small targets on the ocean surface

using active radar is low signal-to-clutter ratio (SCR), partic-

ularly in situations involving low grazing angle and high sea

state. When sufficiently high pulse repetition rates are avail-

able, it is possible to obtain several samples of the clutter in

a time interval short enough that key contributors to the clut-

ter remain approximately stationary. This paper develops an

approach to estimate the clutter subspace in such scenarios

and exploit this estimate for clutter suppression and improved

detection performance.

1. INTRODUCTION

The detection of small targets on the ocean surface remains a

challenging problem due to the low SCR. Further, sea clut-

ter returns exhibit significant spatial and temporal correla-

tions which must be incorporated into detection strategies.

We present a subspace-based approach that exploits the dif-

ference in the statistics of the returns from sea clutter and the

target to improve detection performance. A detector based on

sea clutter statistics is developed. To exploit recent advances

in sensing technologies that permit the dynamic adaptation

of waveforms on-the-fly, we provide an extension of the ap-

proach to waveform-agile detection.

Early studies of detection and waveform design for sea

clutter rejection typically assumed a Gaussian model for sea

clutter echoes [1]. With modern radars however, the resolu-

tion is high enough to resolve the small-scale structure of the

sea surface. In this scenario, the Gaussian model, which de-

rives from the application of the central limit theorem to a

large number of independent scattering centers, is no longer

appropriate and cannot account for the increased presence

of spikes in the returns. This has motivated the compound-

Gaussian (CG) model for sea clutter [2].

This work was supported by the DARPA Waveforms for Active Sensing

(WAS) Program under NRL grant N00173-06-1-G006.

In this model, sea clutter returns are believed to be the

result of two processes. The first process is called speckle, and

is the result of reflections of the incident beam by multiple

independent scattering centers. The second process, termed

texture, is caused by the large-scale structures of the sea such

as swell and wind, and modulates the local mean power of

the speckle. The CG model has received empirical as well

as theoretical support [3, 4]. It has long been known that sea

clutter echoes exhibit temporal and spatial correlation [5]. In

particular, the speckle decorrelates rapidly (1-5 ms), while the

texture remains correlated over several seconds. In practice,

the correlation properties of the clutter are determined by the

speckle component [4].

In this paper, we propose a method to improve target de-

tection performance in heavy sea clutter. Under the assump-

tion that the radar scene remains practically stationary over

several snapshots, we demonstrate that the radar returns from

the ocean surface, when imaged at a high pulse repetition

frequency (PRF), can provide a waveform-independent esti-

mate of the subspace occupied by the clutter. The orthogonal

projection of the received signal on this subspace provides a

clutter-suppressed signal. A similar approach to improve de-

tection performance was used in [6], where the subspace of

the sea clutter returns was estimated using a Karhunen-Loève

decomposition. We estimate the value of the texture in each

range bin and use it to form a generalized likelihood ratio test

(GLRT) detector. We demonstrate using simulations based on

real clutter data that this approach yields significant improve-

ment in detection performance.

The paper is organized as follows. In Section 2, we de-

scribe the CG model in detail, while Section 3 develops the

received signal model. In Section 4, we present the subspace

estimation and clutter suppression algorithms, and in Section

5, we describe the GLRT detector. Simulation results are pre-

sented in Section 6.
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Fig. 1. Correlation coefficient of the speckle component.

2. COMPOUND-GAUSSIAN CLUTTER MODEL

In this section, we present a mathematical model for sea clut-

ter returns [5]. In particular, we describe the correlation prop-

erties derived from real sea clutter data.

Let xi = [x0
i , x

1
i , . . . , x

K−1
i ]T represent the complex re-

flectivity of the ith clutter scatterer when it is illuminated with

K pulses of a radar signal. The CG model states that xi fol-

lows a complex Gaussian probability distribution with zero

mean and covariance matrix TiΣ, where Ti ≥ 0 is the tex-

ture, and Σ ∈ C
K×K �= IK is the speckle covariance matrix

with IK denoting the K × K identity matrix [7]. Given the

texture and the speckle covariance matrix, the reflectivities of

two scatterers xi and xj are independent so that

p(xi,xj |Ti, Tj ,Σ) = p(xi|Ti,Σ)p(xj |Tj ,Σ), (1)

where p(a|b) is the probability density function of a given b.

The correlation properties of the speckle and texture are

shown in Fig. 1 and Fig. 2, respectively. These have been

obtained by analyzing real sea clutter data, collected at the

Osborne Head Gunnery Range (OHGR) with the McMaster

University IPIX radar [8]. In particular, we note that the

speckle decorrelates within a few milliseconds while the tex-

ture decorrelates much more slowly.

3. RECEIVED SIGNAL MODEL

We consider a radar operating at a PRF > 10 kHz so that

K = 10 pulses can be transmitted in each dwell within a du-

ration of 1 ms, during which we assume that the radar scene

stays practically stationary. This implies that the number of

scatterers, their delays and Doppler shifts remain constant

during a dwell. In addition, the clutter returns in a dwell will

be correlated according to the specular correlation shown in

Fig. 1, while the texture can be assumed to be constant.
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Fig. 2. Correlation coefficient of the texture component. The

figures indicate the number of samples that are averaged to

obtain each texture estimate.

If s(t) is the signal transmitted in each pulse, the received

signal in the kth pulse, k = 0, 1, . . . , K − 1, is given by

gk(t) = bks(t − τ0)ej2πν0t +
∑

i

xk
i s(t − τi)ej2πνit + n(t),

(2)

where bk, τ0 and ν0 are the complex reflectivity, delay and

Doppler shift, respectively, of the target (if present), τi and

νi are the delay and Doppler shift of the ith scatterer, re-

spectively, and n(t) is additive noise. Note that the complex

reflectivity of each scatterer fluctuates randomly with each

pulse. This is due to the fact that small changes in range,

on the order of the radar wavelength, may cause significant

changes in the phase of the received signal [9]. In the scenario

we consider, the interference due to clutter dominates the ad-

ditive noise and we will henceforth neglect the latter. Also, we

will focus on range estimation alone; the extension to include

Doppler estimation is the subject of ongoing research. The re-

ceived signal in (2) is sampled at a rate fs to yield a sequence

gk[n] = gk(n/fs). This sampled signal is then matched fil-

tered at each sampling instant to yield the sequence rk[n]. We

define rj ∈ C
K×1 = [r0[j], r1[j], . . . , rK−1[j]]T as the vec-

tor of matched-filtered outputs at the jth delay or range bin.

Then,

rj =
(N−1)∑

n=−(N−1)

xj+nzs[n], (3)

where N is the length of the transmitted signal sequence s[n],
and zs[m] =

∑N−1
n=0 s[n]s∗[n − m], |m| < N , is the value of

the autocorrelation function of s[n] at lag m.

4. CLUTTER SUBSPACE ESTIMATION

Next, we present the clutter subspace estimation algorithm.

We also show that the subspace is waveform independent.
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Let Γj define a neighborhood of range bins (with indices

j±n, where N ≤ n < N +NQ) around the jth bin for which

we seek an estimate Q̂j of the clutter subspace. The set Γj

thus includes 2NQ range bins whose returns do not include

any contribution from the scatterers in bin j. We form the

covariance matrix estimate

R̂j =
1

2NQ

∑
n∈Γj

rnrH
n , (4)

where the superscript H denotes Hermitian transpose. Let

Q̂j denote the subspace spanned by the Ne < K principal

eigenvectors of R̂j . The remaining eigenvectors span a space

Q̂⊥
j and we define the orthogonal projection of the received

signal on the clutter subspace as

r⊥j = Q̂⊥H

j rj , (5)

which constitute the clutter-suppressed signal.

From (3), the covariance Rj of rj may be written as

Rj = E{rjrH
J }

=
N−1∑

n=−(N−1)

N−1∑
i=−(N−1)

E{xj+nxH
j+i}zs[n]z∗s [i],

where E{·} is the expectation operator. From the CG model

however, given the texture and covariance matrix Σ, xi and

xn are independent if i �= n. Also, xi has zero mean and

hence

Rj =
N−1∑

n=−(N−1)

Tj+nΣ |zs[n]|2

= Σβj ,

where the scalar βj is a function of the waveform. The eigen-

vectors of Rj are identical to those of Σ and are thus wave-

form independent. The estimator of R̂j requires only that the

speckle covariance be constant across the training data and

this is met by the CG model in which only the texture varies

across range bins. The estimate R̂j is thus a scaled estimate

of Σ and we conclude that the subspace estimates Q̂j and Q̂⊥
j

are waveform independent.

5. GLRT DETECTOR

In this section, we develop the GLRT detector that operates on

the clutter-suppressed data r⊥j . An application of the

Expectation-Maximization (EM) algorithm [10] to the esti-

mation of the texture values and the speckle covariance matrix

is also described.

With respect to a given range bin, we define the hypothe-

ses H0 to indicate the presence of only clutter and H1 to in-

dicate the presence of both clutter and target in that bin. We

seek to form a detector based on the log-likelihood ratio test:

Λj = ln
p(r⊥j |H1)
p(r⊥j |H0)

≷ γ, (6)

where γ is a threshold that is set to obtain a specified prob-

ability of false alarm. The probability density functions in

(6) depend upon the distributions for the texture values T =
Ti, i ∈ j + [−(N − 1), N − 1], the speckle covariance matrix

Σ, and the variance of the target return σ2
IK . Thus,

Λj = ln
E{T ,Σ,σ2}{p(r⊥j |H1, T ,Σ, σ2)}

E{T ,Σ}{p(r⊥j |H0,T ,Σ)} ≷ γ, (7)

where E{a}{·} indicates expectation conditioned on a. Since

the distributions for the parameters in (7) are difficult to ob-

tain, we instead form the GLRT by using estimates of the pa-

rameters so that

ΛGLRT
j = ln

p(r⊥j |H1, T̂ , Σ̂, σ̂2)

p(r⊥j |H0, T̂ , Σ̂)
≷ γ′. (8)

From (3) and (5), note that both the probability density func-

tions in (8) are complex Gaussian. Once the parameters are

estimated, these densities are known and the detection prob-

lem can be solved [11]. Next, we present the estimation of

the texture and the speckle covariance matrix. Once these are

obtained, the maximum likelihood estimate σ̂2 is obtained for

a given value of r⊥j .

5.1. Texture and Speckle Covariance Estimation

We seek the maximum-likelihood estimate of

θ = {Tj−(N−1), . . . , Tj , . . . , Tj+(N−1),Σ},

given the observed data

r = [rH
j−(N−1), . . . , r

H
j , . . . , rH

j+(N−1)]
H .

However, from (3), the probability density of r depends on

Θ = {Tj−2(N−1), . . . , Tj , . . . , Tj+2(N−1),Σ}

so that θ ⊂ Θ. We will therefore seek

Θ̂ = arg max
Θ

p(r; Θ), (9)

where p(r; Θ) is the probability density function of r that de-

pends on Θ. In (9), note that we treat the texture as a de-

terministic but unknown parameter rather than as a random

process. This is in contrast to most clutter research, where a

probability distribution is assigned to the texture and its pa-

rameters are estimated [12].

Since the maximization in (9) requires a complicated multi-

dimensional search, we instead attempt to find an estimate of

Θ that maximizes p(x; Θ), where

x = [xH
j−2(N−1), . . . ,x

H
j , . . . ,xH

j+2(N−1)]
H
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is the unobserved or complete data upon which the observed

data r depends. Thus, we seek

Θ̂ = arg max
Θ

p(x; Θ),

which can be accomplished by the application of the EM al-

gorithm as follows [10].

Starting with an initial guess Θ̂(0), let Θ̂(l) be the estimate

of Θ after l iterations. Then the EM algorithm is given by

• E (expectation) step: Compute

U(Θ, Θ̂(l)) = E{ln p(x; Θ)| r, Θ̂(l)}. (10)

• M (maximization) step: Obtain

Θ̂(l+1) = arg max
Θ

U(Θ, Θ̂(l)). (11)

The details of the computations in (10) and (11) follow [13],

and are not be provided here. Making use of the Kronecker

product for simplification, we can show that the final results

are obtained as a simultaneous solution of

T̂i =
tr{Σ̂−1

Λi}
K

, i ∈ j + [−2(N − 1), 2(N − 1)]

Σ̂ =
1

4N − 3

j+2(N−1)∑
i=j−2(N−1)

Λi

T̂i

,

where Λi is the ith K × K matrix on the diagonal of

x̂xH = E{xxH | r; Θ̂(l)}.

Note that the estimate of texture in the range bin that con-

tains the target is likely to be incorrect and cannot be used

as an estimate of the texture statistics under the H0 hypoth-

esis. It is therefore necessary to obtain this estimate when

the return in that bin is not influenced by the target. Assum-

ing that a moving target is located in range bin j at dwell k,

we use the estimate of Tj from dwell k − 1 as the required

H0 statistic for this bin at dwell k. Note that, this procedure

is sub-optimal because the texture will undergo changes be-

tween dwells. However, from the correlation properties of the

texture, we can expect these changes to be small if the inter-

dwell duration is on the order of 0.5-1 s. In practice, this

approach works reasonably well.

6. SIMULATIONS

Our simulation study consists of the detection of a moving

target in the presence of K-distributed sea clutter, which spec-

ifies a gamma distribution for the texture. Note that the devel-

opment in Sections 4 and 5 does not depend on any specific

probability distribution for the texture. The generation of cor-

related K-distributed sea clutter is not trivial and has received
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Fig. 3. Norm of (a) the matched-filtered output ‖rj‖2 , and

(b) the clutter-suppressed output ‖r⊥j ‖2 , for a typical dwell

with SCR = -35 dB. The true target range bin is marked with

an asterisk.

significant attention in the literature (see [14] for a review).

Our method generates the complex reflectivity xi =
√
TiXi,

where the speckle variable Xi is drawn from a complex Gaus-

sian distribution with zero mean and covariance matrix Σ, de-

rived from the autocorrelation function shown in Fig. 1. The

texture variables Ti are drawn from a gamma distribution and

correlated in time according to the autocorrelation function

shown in Fig. 2 using a memoryless nonlinear transforma-

tion [15]. Briefly, this method generates a gamma distributed

variate Ti from the Gaussian variable yi as the solution of∫ ∞

Ti

2b2ν

Γ(ν)
u2ν−1e−b2u2

du =
1√
2π

∫ ∞

yi

e−
v2
2 dv. (12)

The correlation properties of Ti can be expressed in terms of

the correlation properties of yi [15]. This mapping can then be

inverted to provide a means of generating Ti with the desired

correlation. In our simulations, we use b = 1 and ν = 0.5 in

(12), which results in highly non-Gaussian clutter.

We assume a PRF of 10 kHz and transmit K = 10 pulses

of a 1.5 μs duration linear frequency modulated (LFM) chirp

with a frequency sweep of 100 MHz. The specular reflections

are thus correlated within a sub-dwell. We use a neighbor-

hood of NQ = 20 range bins in the estimation of the clutter

covariance in (4), and the eigen vectors in the subspace Q̂⊥
j

correspond to the smallest eigen values that contribute 0.01%

of the total energy. The amplitude of the target return was

sampled from a zero mean complex Gaussian process with

covariance matrix σ2
IK , where σ2 was chosen to satisfy spec-

ified values of SCR. We define the SCR to be the ratio of

the target signal power to the total power of the clutter in the

range bin containing the target.

A typical example of the clutter suppression behavior is
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Fig. 4. ROC curves with and without clutter suppression us-

ing a static LFM chirp waveform. The indicated values corre-

spond to SCR in dB.

presented in Fig. 3, where the L2 norm of the clutter-

suppressed signal r⊥j and the raw matched-filtered signal (with-

out clutter suppression) rj are shown. Fig. 4 demonstrates the

receiver operating characteristic (ROC) curves for the GLRT

detector operating on the clutter-suppressed signal for a num-

ber of different SCR values. The performance curves for de-

tection based on the matched-filtered output are also shown

for comparison. We note that the clutter suppression algo-

rithm significantly improves detection performance.

7. CONCLUSIONS

The problem of detecting small targets on the ocean surface in

heavy sea clutter remains challenging. However, a great deal

is known about the statistical properties of sea clutter echoes,

and this may be exploited to improve detection performance.

We have demonstrated an online, subspace-based approach to

sea clutter mitigation. We used the CG model to build a GLRT

detector that uses estimates of the texture provided by the EM

algorithm. Simulation results were shown to demonstrate the

improvement in detection performance.
The estimate of the texture obtained in Section 5 can be

used to design the next transmitted waveform. Note that the
matched-filtering operation smears energy from one range bin
to another leading to out-of-bin clutter contributions in the
range bin of interest. This smearing depends upon the auto-
correlation function of the waveform and can be minimized
by designing it to be small where the clutter is strong [16].
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