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ABSTRACT

The difficulty of modeling interference is one of the main
problems in constructing an efficient interference-resistant
detector. We present a new detector which exploits the sig-
nal correlation structure to account for interference. In or-
der to make a decision between two composite hypotheses,
our detector uses the generalized likelihood ratio test. Pre-
liminary results suggest that the resulting detection scheme
achieves high performance in presence of strong interfer-
ence.

1. INTRODUCTION

The problem of detecting non-stationary stochastic signals
in the presence of interference occurs in many important
applications, including mobile wireless communications and
radar/sonar processing. Inferring the structure of interfer-
ence and incorporating it efficiently in detector design is a
key issue in such applications.

We present a new data-driven framework for attacking
this important problem. One of the key challenges in data-
driven methods is to isolate signal and interference struc-
ture/features from available data. Even if labeled training
data is available, reliable detector design necessitates the
exploitation of some inherent structure due to the limited
amount of data typically available. Our approach is based
on second-order statistics and exploits a priori knowledge
about the signal correlation structure to implicitly account
for interference.

Time-frequency and wavelet bases often provide a natu-
ral framework for modeling the signal correlation structure.
For example, in wireless communications and active sonar
processing, the channel induces a canonical basis, comprised
of time-frequency shifted copies of the transmitted wave-
form, for low-dimensional modeling of the signal correlation
function [1].

In the next section, we present a general result on
interference-resistant detector design that exploits signal
structure. Section 3 describes a canonical signal model that
is applicable in broadband signaling over dispersive chan-
nels, such as in radar/sonar processing and wireless commu-
nications. Section 4 exploits the signal model of Section 3
to formulate a framework for interference-resistant detector
design in composite hypothesis testing scenarios that are
particularly relevant in radar/sonar processing. We present
some simulation results in Section 5, followed by conclusions
in Section 6.

2. CONSTRAINED SUBSPACE DETECTOR
DESIGN

Consider the binary hypothesis testing problem

Hy : x = w+n
H :x = s4+w+n (1)

where x € UV is an N-dimensional complex-valued observa-
tion vector, s denotes the non-stationary stochastic signal
of interest, w denotes the non-stationary stochastic inter-
ference, and n denotes zero-mean additive complex white
Gaussian noise with variance o?. Our second-order frame-
work is motivated by the detector structure in the Gaussian
case when both s and w are zero-mean Gaussian signals
with correlation matrices R and R, respectively. It 1s in-
structive to consider two detectors which strike two extreme
performance-versus-complexity tradeoffs.

The optimal detector for (1) in the Gaussian case is given
by the quadratic test statistic [2]

Lo(x) = x"(Rg" = R{')x, (2)
where R1 = R; + Ry, + 02T and Ry = Ry, + 021 If labeled

(Ho versus Hi) training data is available, R1 and Ry can
be estimated, in principle, to design the detector. However,
due to the nonlinear dependence of Lo(x) on R; and Ry,
the resulting detector is susceptible to estimation errors par-
ticularly in the case of himited training data. Moreover, the
structure of L,(x) becomes particularly complicated if the
signal of interest s exhibits some unknown parameters, such
as delay, that have to be taken into account [3, 4]. On the
other hand, in the absence of interference (w = 0), a fairly
robust design is provided by the locally optimal processor

Lio(x) = x" R.x, (3)

which is based on a low signal-to-noise ratio assumption
[3, 2]. Even though (3) is less sensitive to estimation errors
in data-driven design, it is only acceptable in the absence
of strong interference.

Both the above detectors are nonnegative definite
quadratic forms and represent two extremes. The detec-
tor (2) is optimal, but has a complicated structure. On the
other hand, the locally optimal detector (3) is simple but is
susceptible to interference. Our design formulation strikes a
balance between the two extremes: it designs a nonnegative
definite detector by enhancing the simple detector Llo(x)
in (3) via interference suppression. Our detector design is
based on the following constrained optimization problem

e in E[x" Qx] = in tr(QR.
Q arg min [x"Qx] = arg min r(QR)

s.t. E[s”Qs] = tr(QR.) = 1, (4)
where R = E[xx"] denotes the data correlation matrix,

which could be either Rg or Ry, and tr(-) denotes the trace
of a matrix. The resulting detector is given by

Le(x) = x7Q.x. (3)

The intuition behind the above formulation is that the op-
timal detector Q. passes the components of x in the “di-
rection” of s at a fixed gain via the constraint, while sup-
pressing the interference due to the minimization of output



power of the detector. Our interference-resistant detection
framework is based on the following solution to the above
optimization problem, which we state without proof.

Theorem. The solution to (4) is given by

K
Qc = ZakukukH, (6)
k=1

where the uy’s are the K > 1 generalized eigenvectors cor-
responding to the largest generalized eigenvalue An,qz of

R.u = ARu, (7)

and the ar > 0 are chosen to satisfy the constraint in (4).
[}

The detector L. has the interesting property that its ex-
pected output power can be expressed as

1

E[Lc(x)] = E[x" Qcx] = tr(Q.R) = (8)

Ama.r
The above property suggests the following general detection
procedure: for each observation interval, solve the general-
ized eigenvalue problem (7), and the resulting value of the
maximum eigenvalue A,,., serves as the test statistic to
distinguish between the two hypotheses.

The novelty of the above result is that it implicitly ac-
counts for the interference by exploiting the signal correla-
tion structure R, via (4). In practice, R can be estimated
from data, whereas R can be modeled analytically via a
priori knowledge. Furthermore, appropriate modeling of
R can result in simple detector designs. In particular, the
focus of this paper is on a canonical representation of R
for time- and frequency-dispersive channel which leads to
a simple and efficient solution of the generalized eigenvalue
problem.

3. CANONICAL SIGNAL REPRESENTATION

Time-frequency or wavelet subspaces provide a natural and
powerful approach for modeling the structure of R,. The
focus of this paper is on the detection of broadband signals
over time- and frequency-dispersive channels. Such prob-
lems arise in many applications, including spread-spectrum
wireless communications, and radar/sonar processing. The
effect of a time-frequency dispersive channel can be gener-
ally expressed as [5]

Tmazw Fraz
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H(8,7)q(t — 7)e’*™ % dodr  (9)

where ¢(t) is the transmitted waveform, H (8, 7) is the chan-
nel spreading function, and Thex denotes the delay (time)
spreadand Fp,q, the Doppler (frequency) spread of the chan-
nel. The waveform q(t) is typically broadband, such as a
spread-spectrum symbol waveform in wireless communica-
tions [6, 1] or a linear FM pulse in radar/sonar [7].

Due to the finite time-bandwidth-product (TBP) of ¢(t),

(9) admits the following canonical low-dimensional charac-

terization [1, 8]
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where T is the duration and B the bandwidth of g(t), and
H(8,7) is a time-frequency smoothed version of H (4, 7) [1].
L and P denote the number of distinct time delays and

Doppler shifts determined by the temporal signaling reso-
lution 1/B and spectral resolution 1/7: L = [Tinas B] and
P = [FrpazT] [1]. A very important feature of the canon-
ical representation (10) is that the time-frequency shifted
waveforms

Gpa(t) = q(t =1/ B)e* /T (11)

form an approximately orthogonal basis for representing the
channel distorted signal. Furthermore, for the wide-sense
stationary uncorrelated scatterer (WSSUS) channel model

[5], the sampled channel coeflicients Hp; = H(p/T 1/B)
are approximately uncorrelated [1]. Thus, (10) 1s like a
Karhunen-Loeve representation of s(¢) with a corresponding
approximate eigenrepresentation given by

L P
. l l 27p(ty—t3)
Rs(t17t2) ~ Z Z \Ijlypq (tl — E) q* (t2 — E) 6] T
1=0 p=—P
(12)
Note that (12) is a “diagonal” representation in terms of
the approximately orthogonal basis waveforms gy 1 (t).
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Figure 1. Basic detector operation in D.

4. DETECTOR DESIGN IN CANONICAL
SIGNAL REPRESENTATION

Recall that detector design in Section 2 exploits a prior:
information about Rs. In this section, we combine the
canonical R structure in (12) with the framework of Sec-
tion 2 to design interference resistant detectors applicable
in radar/sonar scenarios. We consider a composite hypoth-
esis testing problem which is appropriate in radar/sonar
applications [3, 2]:

Hy : x = w+4+n
H :x = sfom) Lwin (13)

where 79 and 6y are the unknownnominal delay and Doppler
of the signal of interest 5(4907 7'0) which corresponds to a sam-
pled version of 5(90’70)(5) = s(t— 70)6]27T90t as in (10). We
assume knowledge of the transmitted broadband pulse g(t),
the duration T' and bandwidth B, and the number of delay
and Doppler components I and P in (10). Furthermore,
the scattering statistics W, ; corresponding to s(t) are also
known (Whlch do not depend on (4907 7'0) No information
about noise and interference is assumed known.

To deal with the unknown parameters (8o, 70), we propose
the following detector structure which is motivated by the



generalized likelihood ratio test [2, 3]

L(x) = max L7 (x)=

14’
(6,7)€ED ( )

(emep AE7)’
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where L7 (x) constitutes the constrained detector (5) cor-

responding to s (t) (and R ), and D denotes a delay-

Doppler region contaming the possible unknown values of
(607 T()).
For each fixed (8, 7), the structure of L) (x) is derived

by incorporating the R model given by (12) in the de-

tector design dictated by the Theorem. It follow from (12)

that R\ admits the following approximate eigendecom-
position:

R(SQ,T) o~ V(G,T)ASV(G,T)H (15)

where V(®7) is an (approximately) orthogonal matrix cor-
responding to the (L 4+ 1)(2P + 1) basis functions (11),
all time-frequency shifted by (8,7), and A, is a diago-
nal matrix corresponding to the powers ¥,; in the dif-
ferent time-frequency eigencoordinates. Furthermore, since
the interference w(t) can also be modeled as the transmit-
ted pulse ¢(t) passing through a time-frequency dispersive
channel,! with different parameters than those correspond-
ing to S(Q’T)(t:), the matrix V(®7) also approximately diago-
nalizes w(t) and n(t). Thus, the generalized eigenequation
(7) can be expressed as
Av®T) = AAET) L (:7) (16)
= VEIHRV®7) is the representation of the
8,7)

where A(%7)

data correlation matrix and v is a corresponding repre-
sentation of the generalized eigevectors in the (L—l— 1)(2P—|— 1)

eigencoordinates corresponding to R, The characteri-

zation of the maximum generalized eigenvalue of (16) is very
simple in those coordinates:

o) = max AP (17)
1<i<(L+1)(2P+1)

The final detector (14) thus takes the form

L(x) = max ( min A;lA(e’T)')i,i). (18)
(6,7)€D \1<i<(L+1)(2P+1) / /

We note that the above detector operates in the trans-
formed coordinates z(®7 = V®x for (6,7) € D,
which can be efficiently computed via a sampled short-time
Fourier transform (STFT) as evident from the definition
of the underlying basis functions (11). The diagonal ma-

trix A7) represents the expected received power in the

transformed coordinates. A(®7) in (18) can be estimated
by averaging the STFT coefficients over multiple received
pulse waveforms, and A is based on our a priori knowledge
of signal power in the eigencoordinates. A decision is made
by comparing the test statistic L(x) to a threshold v: if
L(x) > v, Hi is true, otherwise Hy is true. A schematic
depicting the basic detector operation in (18) is shown in
Figure 1. The search grid corresponds to the data correla-
tion matrix A®7) at the current search location (8,7). It
is moved at each possible location of D in order to compute

)\5,2;;) as in (17). The final detector output used to make

1'We restrict our attention to interference due to reverbera-
tion. The framework can be extended to other forms of interfer-
ence as well.

the decision between the two hypotheses is then computed
from the )\5,22;) ,(8,7) € D, as in (14).

The threshold v used to perform the decision is set us-
ing the probability of false alarm (PFA) which depends on
the signal to interference and noise ratio (SINR) at every
time-frequency coordinate. Good bounds for ¥ can be ob-
tained assuming a uniform power distribution for interfer-
ence. However, due to lack of space,a detailed analysis of
the threshold is beyond the scope of this paper.

It is worth noting the (6, 7) location at which the maxi-
mum occurs in (18) also provides an estimate of the nom-

inal delay-Doppler coordinates of s(Po,70) (t), which provide
crucial information about the distance and velocity of the
target representing the signal of interest.

5. RESULTS

For the experiments, we generate the data on a sub-sampled
version of the (6, 7) grid sampled at the critical sampling
rates given by (B,T) in (10). This allows us to model
the nominal delay-Doppler coordinates for the signal and
the interference as “continuous” random variables which do
not depend on the critical sampling. The signal of interest
and the interference are generated as linear combinations
of time-frequency shifted versions of the transmitted wave-
form as in (10). In the case of the signal, the coefficients
of each time-frequency component are computed according
to the channel statistics W; ,. The signal and the interfer-
ence are then shifted in time and frequency so that their
nominal delay-Doppler coordinates are (8o, 70) and (8:, 7:)
respectively, as seen in Figure 1. Finally white Gaussian
noise is added.

With such a generation scheme, the performance of our
detector in several different cases of overlap between signal
and interference, and for different signal to interference and
noise ratios (SINR) can be explored.

Figures 2 and 3 show the Receiver Operating Character-
istics (ROC) curves of our detector for two different SINR
and the same partial overlap. As expected, the performance
of the detector gets better for higher SINR. However, as seen
from Figure 3, our detector can still achieve good perfor-
mance in very bad situations as long as enough realizations
of observations are available to estimate the statistics of the
data. In fact, in most cases, it is even possible to achieve
perfect detection.

Figure 4 shows the performance of the detector for differ-
ent cases of overlap at the same SINR. It is interesting to
see that more overlap does not necessary decrease the de-
tector accuracy. In fact, we observe the opposite behavior:
less overlap between the signal and the interference results
in lower performance of the detector. This effect is due to
the composite hypothesis testing. The detector must not
only decide whether the signal of interest is present, it also
has to estimate the localization of this signal. In the case of
complete overlap, the detector cannot hesitate between two
different locations. On the other hand, when there is no
overlap, the detector needs more observations to decide be-
tween the location of the signal of interest and the location
of the interference.

However, in all different cases of overlap, our detector can
still differentiate between signal of interest and interference.
From the Figure 5, we can see that this does not stand for
the locally optimal detector presented in (3). In the case of
partial overlap, it seems able to detect the true signal, but
in the case when there is no overlap between the true signal
and interference, its performance gets worse as the number
of realizations increases. In fact, in the second case, the
locally optimal detector mistakes the interference for the
true signal.



6. CONCLUSION

We have presented a new detector which proved to be very
efficient in the presence of strong interference. Based on
the generalized likelihood ratio test, our detector exploits a
priori knowledge about the signal correlation structure to
implicitly account for interference. To make the decision be-
tween the two hypotheses, the detector output is compared
to a threshold. However, due to lack of space, the threshold-
ing analysis was not presented in this paper. This issue will
be addressed in a future publication. We will also explore
the possibility of using wavelet bases which, thanks to their
decorrelation and energy compaction properties, also seem
attractive candidates for parsimoniously representing sig-
nal correlation structure in applications such as wide-band
radar.
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