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ABSTRACT

In this paper we present a technique for evaluating the
moments of “adaptive” detectors, where the noise co-
variance is estimated from training data, rather than
assumed to be known a priori. It is based on the method
of “stochastic representations” recently presented in [1].
These representations express adaptive detectors as sim-
ple functions of the same set of five statistically indepen-
dent scalar random variables. They may be applied to
a whole class of detectors, which includes the adaptive
versions of the matched subspace detectors shown to
be UMP-invariant and GLRT in [2] and [3], and to the
adaptive GLRT detector of Kelly [4]. Using a stochastic
representation, the moments of any member of this class
may be evaluated without the need to derive its density
or characteristic function. The first two moments give
a convenient measure for how the SNR. loss improves as
the number of training vectors, M, increases. In this
paper, the analysis is presented using the example of
the adaptive version of the matched filter, illustrated in
Figure 1.

1 INTRODUCTION

This paper is concerned with the general problem of
testing the presence of a signal in a multivariate mea-
surement y € CV that has a complex normal distribu-
tion, y ~ CN|[u,v?*R]. The question is whether or not
the si_gnal ¢ is present in the data; this characterizes a
hypothesis test on the scaling parameter u: Ho : p =0,
vs. Hy : p # 0. When the structure of the noise covari-
ance R is known, there is a class of four “matched sub-
space detectors” (MSDs) that can be applied, depending
on whether the noise scaling v and the signal phase are
known or unknown. These detectors have been shown to
be Uniformly Most Powerful Invariant (UMP Invariant)
[2] and Generalized Likelihood Ratio Tests (GLRT) [3].

Here we consider the “adaptive” case in which the
noise covariance R is unknown and is replaced by an es-
timate R = S based on training data vectors {z;}, which
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Figure 1: The matched filter statistic resolves the
projection of z onto (@)

are independent of y. In [1], we presented the method of
“stochastic representations” for analyzing the statistical
behavior of adaptive detectors constructed in this man-
ner. This method applies to the adaptive versions of
all four MSDs, as well as to Kelly’s adaptive GLRT [4].
All of these detectors have a stochastic representation
in terms of the same set of five scalar, independent ran-
dom variables, which are either normal or chi-squared
distributed. These representations distill the probabilis-
tic expressions of the adaptive detectors down to their
simplest form, in terms of the same scalar random vari-
ables. They may be used to directly evaluate the mean,
variance, and higher moments of an adaptive detector,
without requiring its density or characteristic function.

The ratio of the difference in means to the variance, or
signal-to-noise ratio (SNR) is one simple scalar measure
of how well the probability densities are separated under
the two hypotheses, and thus of detection performance.
In the following sections, we will demonstrate the eval-
uation of the SNR using the example of an adaptive
matched filter, 7. This will yield a simple expression for
how the SNR improves as M gets larger and the sample
covariance estimate improves.

To see this behavior graphically, refer to Figure 2,
which shows how the densities of 7 become better sep-
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Figure 2: Densities for the matched filter n and the
adaptive matched filter 7, for different numbers of train-
ing samples M ; these were obtained from a Monte Carlo
simulation using the canonical representation of n. As

M increases, the separation between the two hypotheses
improves. (Here N = 10 and |u2|gTR_1y =5).

arated as the number of training vectors, M, increases.
Figure 3 indicates the corresponding improvement in de-
tection performance, as shown by the Receiver Operat-
ing Characteristics (ROC).

2 MATCHED SUBSPACE DETECTORS

The detector we will analyze in the following sections is
the adaptive version of the matched filter, which resolves
the projection of the measurement y onto the subspace of
the signal (or steering vector) ¢, in coordinates whitened

by R~'/2, and compares it with a threshold 7:
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This is depicted geometrically in Figure 1, where the
whitened measurement and signal are denoted by z =
R*%g and ¢ = R’%y. When R is known, the matched

filter is normally distributed: n ~ CN[£ QTR—ly, 1].
When the noise covariance has an unknown scaling,

v, then the appropriate detector is the CFAR matched
filter [2, 3]:
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This is simply the matched filter divided by the magni-
tude of the whitened measurement vector. This oper-
ation makes the detector invariant to arbitrary scaling
of the measurement, and makes it CFAR with respect

to the variance level . Referring again to Figure 1,
the CFAR MSD measures the cosine of the angle that z
makes with v, rather than its projection onto ().

In the noncoherent case, when the phase of the signal
1 is unknown, these two detection statistics are mod-
ified by magnitude squaring them, yielding two more
statistics, x* = |n|? and 38 = |cos|?.

When the covariance R is unknown, all four detec-
tors may be modified by simply replacing R with its
estimate, S. The resulting detectors, along with the
stochastic representations that are explained in the next
section, are summarized in Figure 4. For the coherent
and noncoherent versions of the matched filter, this pro-
cedure is ad hoc, as the true GLRTs are given by the
Kelly detector of [4], and its coherent version (neither
are shown here, though the method of stochastic rep-
resentations can be applied to them as well). For the
coherent and noncoherent CFAR matched filters, this
procedure is not ad hoc; it does produce the true GLRT,
as we have recently shown in [5].

3 DERIVING STOCHASTIC REPRESENTA-
TIONS

Now we present a method for succinctly characteriz-
ing the statistical behavior of adaptive detectors which
employ the sample estimate of R, namely R=S-=
LS zzl, (We assume that the training data used

A~

to build R is complex Gaussian distributed: z; ~

CN[0,R].) An example is the adaptive matched filter
statistic, n, given by
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Figure 3: Receiver operating characteristics for the
matched filter n and the adaptive matched filter 1. As
M increases, the detection performance improves.



L ytsTYy . $i81y
n=——r—— C0s = ——=— 51
7/eis 1w VS y/ui8 1y
_ VM [ hs } _ i
=V " T VIV IRV where
f—_L |
i= g [V + bl
= syl P AL
X0 T agisiy T WSSy
2 .
_ M h _ _F
=ik in+gde = Fv  Where
~ 2
F = hL1 \/L?\/hg + hg‘

n, g, hi, ha, hs all 1 (independent)

n~ CN[%\/M? 1] (HO TH= 0)7 g~ 7]\771 [0]

B~ Yagonar 01 B~ Yoy nin 0], s ~ ON[O,1]

Figure 4: The stochastic representations of the four
adaptive matched subspace detectors.

The derivation of the representation for n will only
be briefly described here; the method is presented in
complete detail in [1, 6]. The method may be outlined
in four steps: (1) Apply the whitening transformation
R™2 to the training and test data; this generates the
transformed signal vector ¢ = R_%g, and test vector

z = R_%g. (2) Next apply a unitary transformation

to rotate to a coordinate system in which the first two
basis vectors are set in the direction of ¢ and Pj;g. (3)

Resolve the inverse of the sample covariance matrix S
onto the 2 x 2 subspace (¢, Pjg). (4) Perform a change

of variables on the elements of the resulting 2 x 2 covari-
ance matrix so that these variables are now statistically
independent.
This results in the following stochastic representation
for n:
VM hs
o= v @

This representation is in terms of five statistically inde-
pendent variables. Two of these, n and g, depend solely
on the measurement y: n is the nonadaptive matched
filter of Equation 1, and v%g = 27(I — Py)z is an es-
timate of (N — 1)y2. Then g has a gamma distribu-
tion (it is a chi-squared random variable scaled by 1):
g ~ Y n_, [0]. The other three, hi,h2, and h3, depend
solely on the training data {z;}, and have gamma or
normal distributions. The canonical representations for
n, as well as for the other three MSDs are summarized
in Figure 4.

4 USING THE CANONICAL REPRESENTA-
TIONS TO EVALUATE MOMENTS

The expressions in Figure 4 can be written in terms of
sums and products of scalar random variables. For ex-
ample, an adaptive matched filter n involves sums and
products of n,\/g,\/Lh—l, \/Lh—z, and hs. For two indepen-
dent random variables, a and b, the expectation of their
sums and products is given by

Ela+b] = E[a]+ E[}]
Ela-b] = Ela]-E[b]. (5)

Similarly, one can also obtain “propagation of variance”
formulas for the variance of their sums and products
(this is in analogy with the “propagation of error” for-
mulas used to evaluate the uncertainty in an experi-
mentally derived quantity, due to the uncertainties in
measured quantities). Note however that the following
expressions are exact:

varfa +b] = wvar[a] + var[b]
varla-b] = (E[a])*var[b] + (E[b])*var|a]
+var[alvar[b] (6)

Let us consider densities of the variables in the rep-
resentation for n: n and hs have complex normal dis-
tributions; /g has a scaled Rayleigh distribution, and
\/% and \/th are inverse scaled Rayleighs. The square
root of a gamma with p degrees of freedom,,/7;, has the
following moments:

Byl = e, Evmr =T @

Similar expressions may be found for the first two mo-
. . 1
ments of the inverse scaled Rayleigh, Narh
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By repeated application of Equations 5-6, we can ex-
press the mean and variance of 1 and the other adaptive
MSDs detectors in terms of the moments of the gamma
and Rayleigh densities. Under the signal-absent hypoth-
esis Hy, n has zero mean. Under the signal-present hy-
pothesis Hi, 7i has a mean given by

o I(M-N+3) M _
El(n)_\/MF(M—NnLl)nN\/M—N—in’ ©

where 71 is the mean of the nonadaptive matched fil-
ter under the signal-present hypothesis: 7 = Ey(n) =

N

Gamma functions is obtained from the asymptotic ap-

. . 1 .
proximation I'(z + 1) &~ v/272*~3¢7%.) The exact vari-
ance under Hy is given by

(The approximation of the ratio of

M2
(M-N)(M-N+1)

o3 () = (10)



And the variance under H; is given by
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The variance under H; is larger, so a pessimistic esti-
mate of the SNR is given by

[E1(R) — Bo(R)]” (B (7))

SNR(#)

(11)

ot (n)

(M-N)(M-N+1)D(M—N+4)* 2

n

o2l + ﬁ2en(M, N)]

MT (M—N+1)2

M —-N
M

’ﬁ,2

14

X

Normalizing this by the SNR Qf the nonadaptive
matched filter, namely SNR(n) = ﬁz/l, gives

SNR(n) =~ M-N 1
~ ' SNR(n
SNR(n) M 1+ ﬁ_l
4(M=N)
SNR(n)’ 4M < SN R(n) (13)
M=N " 4M > SNR(n)

For the performance of the adaptive detector to ap-
proach that of the non-adaptive detector, this ratio
needs to be close to unity. This in turn gives a mini-
mal requirement that M > SNR(”)/4 (incidently, this
condition makes o?(n) ~ oZ(n)). Then the second ap-
proximation of Equation 13 can be used to determine
how large M (number of training vectors) needs to be
to only suffer % of SNR loss:

M-N _ 10—z

M 100
S =200 (14)

xr

To lose less than 5% of the SNR, this says M has to
be larger than 20 - N (where N is the dimension of the
measurement and signal vectors), etc.

5 Conclusion

We have presented stochastic representations for four
adaptive matched subspace detectors and shown how
they may be applied to find the detector moments and
evaluate the SNR as a figure-of-merit for detector perfor-
mance. It should be noted that by integrating over the
densities of the constituent random variables in the rep-
resentations given in Figure 4, explicit analytic functions
for the density and characteristic function of an adaptive
detector can be obtained. However, these expressions in-
volve infinite sums and/or indefinite integrals that need

1+ n2e,(M,N)

(12)

to be numerically approximated [4, 7, 8, 9]. By making
use of the fact the the constituent random variables in a
stochastic representation are statistically independent,
we have shown how exact analytic expressions for the
moments can be obtained, bypassing the complexity of
the density and characteristic function. In this way we
can characterize how the performance of the adaptive
detectors approaches that of their non-adaptive coun-
terparts, as the number of training samples in the esti-
mated covariance matrix gets large.
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