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CHAPTER 1 INTRODUCTION

Model-based parametric approaches for detection of time-correlated signals
in non-white Gaussian noise have been given considerable attention. The
utilization of these methods for radar applications has been considered in {1-6].
An important feature of the model-based methods is their ability to utilize
modern parameter estimators in the signal processing. In this scheme, the
processes are whitened through a causal transformation of the observation data
[1] using prediction error filters. Implementation architectures utilize either
recursive or block processing methods to determine the weights in prediction
error filtering methods [3,5]. An extension of these procedures to multichannel
vector processes has recently been addressed [7]. In {7], a multichannel
generalized likelihood ratio was derived using the conditional covariance matrix
of the complex vector observation processes given past and present data. It was
implemented using the model-based approach where the signal and the non-white
noise (clutter) vector processes are assumed to be characterized by the output of a
linear system driven by a white Gaussian noise vector. Furthermore, the
derivation made no assumption of statistical independence between the signal and
clutter processes and is thus expected to retain robustness in the presence of
multipath (or reverberation) for applications in radar and sonar problems.

The use of multiple channels provides additional information and results in
better performance than the single channel case. The additional information is
extracted by removing the redundant (i.e. correlated) information from the
observation data. This is achieved via estimation methods which “whiten" the data
in time and space (i.e., across channels). The resulting uncorrclated error
processes are the ‘'innovations' and contain in a compact form all the useful or
'new' infcrmation about the processes. In this analysis, they are utilized to
determine a sufficient statistic for the hypothesis testing.

Application areas include signal detection, estimation and discrimination
for radar, sonar, biomedical and geophysical problems. For radar problems, the
model-based multichannel approach establishes a framework for the consideration
of sensor systems using multi-frequencies and/or polarization diversity, the
centralized processing of netted sensor suites and the processing of diverse, yet
correlated, processes. In biomedical research, the procedure may be applied to
the processing of signals such as multiple EEG brain waves for seizure state
detection and classification.




This report considers the Gaussian multichanne] binary detection problem
in which the desired signal is random, the additive clutter disturbance is non-
white, anc both processes have ‘unknown’ statistics. In the model-based approach
considered here, the signal and clutter are characterized by autoregressive (AR)
vector processes. In this case, the parameters of the underlying processes are
'unknown' and must be estimated from the observation data. Detection
performance is presented using a Monte-Carlo procedure as the estimators
approach their steady-state values (ie., when the time sample window sizes in the
estimation procedure are sufficient to obtain near optimai performance). These
results provide a determination of the detection performance as a function of the
algorithm convergence rates. Furthermore, these convergence rates are
considered as a function of both signal and clutter-to-noise ratios as well as the
temporal and cross-channel correlation properties associated with the signal and
clutter processes. These results provide insight as to the processing time
requirements associated with the estimators under various conditions of channel
diversity as well as signal and clutter power levels.

For the steady-state case, detection results have been obtained (7] and
validated with available detection curves [10] for the extreme cases of signal
temporal correlation as described by Swerling case I and II targets. The results
presented in this report are shown to converge to these values in the limit of large
data. Detection results are also considered for the case of unequal signal-to-noise
ratios on each channel thus revealing the impact of a degraded channel on overall
performance. Finally, in these detection computations, observation vector
processes are synthesized using a multichannel time series method [8,9] capable of
providing parametric variations in temporal and spatial (ie., cross-channel)
correlation as well as in the signal-to-noise (S/N) and clutter-to-noise (C/N)
ratios. As such, the signal generation method used in this investigation provides
target models which lie between the bounds of the Swerling temporal fluctuation
models as well as for varying degress of cross-channel correlation.

In chapter 2, the detection problem is presented along with a description of
the partially correlated signal models. Chapter 3 contains a derivation of the
multichannel likelihood ratio used to compute the detection results. The content
of these two sections has been described in [7,16} and is presented here for
completeness. Implementation architectures for the computation of the sufficient
statistic are shown in chapter 4 with Monte-Carlo results presented in chapter S.
A discussion and summary of the results are contained in chapters 6 and 7,
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respectively. Finally, an abbreviated version of this report has been presented in
(17].




CHAPTER 2 THE DETECTION PROBLEM

In this chapter, we discuss the multichannel detection problem addressed in
this report. In addition, the models of the random signal and clutter processes
are also described. The multichannel binary detection problem is expressed as

HI: x(n) = s(n) + ¢(n) + w(n) n=12,..N (1a)
Ho:  x(n) =¢c(n) + w(n) n=1,2,..,N, (1b)

where the discrete received observation process x(n) is a zero mean, wide-sense
jointly stationary Jx1 baseband vector consisting of J channels. The vectors s(n),

¢(n) and w(n) are zero mean, complex Gaussian random Jx1 vector processes
describing the signal, non-white noise(clutter) and white noise, respectively. H;

and Hy denote the hypotheses under which the signal is present or absent,

respectively. The vector processes s(n) and ¢(n) individually contain an arbitrary
correlation in time and between channels. In addition, correlation is allowed
between s(n) and ¢(n). Finally, the vector w(n) is uncorrelated with itself in
time, but not necessarily across channels.

In this study, we compute detection results using a process synthesis method
described in [8,9] to generate time samples of §(n), ¢(n), and w(n). In [7], we
discuss the relationship between these synthesized processes and those denoted in
the radar literature as the Swerling models for which analytical detection
performance curves are available [10]. For two extremes of temporal and cross-
channel correlation, these latter models are used here to provide bounds on the
detection results. We designate model I(INCOH) as the signal modei where all the
bandpass signal amplitudes in a pulse train of Ny pulses are equal but vary
randomly from pulse-train to pulse-train according to a Rayleigh distribution and
the initial phase of each pulse is a statistically independent, uniformly distributed
random variable. This model is used to describe the case where the phases of the
echo returns are randomized due to phase instabilities associated with the
transmitted waveform. We designate model II(INCOH) as the signal model where
both the amplitudes and phases of the echo pulses are statistically independent
random variables with Rayleigh and uniform distributions, respectively. Models
I(INCOH) and model II(INCOH) provide the two extremes on the amplitude
correlation of the processes. For a coherent transmitted pulse train, we define
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model I(COH) as the signal model where the amplitudes over each entire pulse
train are totally correlated random variables as are the initial phases. However,
they are uncorrelated between pulse trains with Rayleigh and uniform
distributions, respectively. In [7], these models are generalized for the
multichannel case.

In {8,9], autoregressive processes AR(pg) of order p; are synthesized

individually for the signal (g=s) and clutter (g=c). The temporal correlation of

the jth channel is controlled by the one-lag temporal correlation parameter, ij.

For low temporal correlation, A;;—0; for high temporal correlation, A;;—1.
Likewise, the cross-channel correlation is controlled by the one-lag temporal
cross-correlation parameter )‘ij (which relates to the width of the cross-
correlation function) and by the cross-channel correlation parameter lpijl where
P;;=R;;(0)/0;;0;; and R;;(0) is the cross-correlation function at lag zero. Two
extreme cases occur when ijzlpijlzo and kjj-»:lpijlzl for all i,j=1,2,...,J. In the
former case, all of the J channel processes are uncorrelated both in time and
space (ie., across channels). In the latter, they are highly correlated in both of
these dimensions. These two cases of synthesized processes characterize the
multichannel model II(INCOH) and model I(COH) signals, respectively. Thus, the
detection results computed in this report are bounded by the analytical detection
curves associated with these models.

Finally, we point out that for certain applications such as radar and sonar
systems, ¢ distinct Doppler center frequency may be obtained on each of the J
channels due to the operational characteristics of the multichannel system. This
may result for example when each channel contains data received using a separate
transmitter frequency. The result of this situation is the introduction of a non-
stationarity in the covariance matrices of the multichannel processes. In this case,
it may be necessary to pre-process the observation data to normalize the Doppler
frequencies on each channel to that of a selected reference channel. This pre-
processing procedure is discussed in [7,9] and is assumed to have been
implemented for the results presented in this analysis.




CHAPTER 3 THE MULTICHANNEL LIKELIHOOD RATIO

In this chapter, we briefly present the derivation of a multichannel
likelihood ratio for the detection problem of eqs(1). The derivation is described
more thoroughly in [7]. First, we define the concatenated vector consisting of N
time samples of the vector x(n) as

x1 N = [XT(1) x7(2)..xT(N))

where
xT(k) = [xl(k) xz(k)...xj(k)] k=12, .,N

and
X1 = x(1).

Under hypothesis H; 1=0,1, the multivariate joint Gaussian density can be written
as the product of conditional densities so that

N
Px(x;,nHj) = p(x(1)IH;] Hz plx(n)lx n-1.Hjl i=0,1 (2)
n=

and all the conditional densities are complex Gaussian. Let £(nin-1,H;) denote the
conditional expectation of x(n) given x,  , with multivariate conditional density
p[x(n)lgl,n_l,Hi]. Then, ﬁ(nln-l,l—li) is the linear minimum mean-squared error
(MMSE) predictor of x(n) using past data x, . ; assuming H; is true. The JxJ

covariance matrix of this density function is the conditional covariance matrix
K (nin-1,H;) such that

Ky (nin-1,Hj) = E{[x(n) - &(nIn-1,H;)][x(n) - &(nin-1,H;)]H) (3a)
=E[g(nH)eHnH;))] n=12,..,N i=0,1 (3b)

where
L(110,H;) = Q i=0,1 (4)

due to the zero-mean assumption on x(n) and
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£(nlH;) = x(n) - &(nin-1,H;) 1=0,1 (5)

is the zero-mean MMSE vector. Assuming joint wide-sense stationarity on the

narrowband bandpass processes, the conditional density functions can be
expressed as [7]

plx()ix i Hil =
1
(YK, (nin-1,H;)!

exp(- [x(n)-R(nin-1,H)H[K «(nin-1,H;)) "} [x(n)-R(nin-1,H;)])

i=0,1. (6a)

= K ity &P £ HKy(nin-1H)] lemiHy)} i=01  (6b)
XV AR

where

plx(1)IH;] = ple(1)IH;j)
1

" (mVIK (110,Hy)l

exp(- eHUHDK,(IH)] le (1K) i=01. ()

Using eqs(2), (6b) and (7), the log-likelihood ratio for the multivariate
joint Gaussian density function now becomes

Px(x1NIHy)
I“AH,.HO =In Px(&1 NIH) (8a)
N

(plx(1)H,] l_[zp[x(n)lz_n,n-l,ﬂll)
n=

=In N (8b)

(plx(1)IHy] I]zp[zs.(n)lél,n-l,ﬂol)
n=




N ]

T K(nln-1,Hp)! exp(-gH(nIH, )[Ky(nin-1,H;)] ‘g (nlH;))

n=1

- '"A N
[T Kx(nin-1,H))l exp{-gB(nlHg)[K (nin-1,Hg)] e(nlHy))

L n=1 .

(8¢c)

IKy (nin-1,Hg)l H y
Ijg (ain-1,H,) + & (nHo)(Kx(nin-1,Ho)]""¢ (nlHy)

N
-3

n=1

- eHlH)Ky@n-LHD) le@H)]  8d)

Eq(8d) can be simpified further by a diagonalization of the conditional
covariance matrices and an orthogonal transformation of g(niH;) i=0,1 across
channels. Since these matrices are Hermitian and positive semi-definite, various
decompositions are possible. In [7], the LDLH and Cholesky CCH decompositions
are considered. The resulting likelihood ratios are shown to be

2
I N | OymHy) y:niH2  ly;(nlH )2
7] fjinite)" 1jinit,
I’U\Hl,n(f._l Z«l In—3 + 7 ) 9)
L=l oy oyiHy  opmiH))
and

J N |c0‘jj(mHO)|2 ) )
InAg g.= 2, Y In 5 + loj(ntH)l” - loj(nlH )l (10)
PP =1 0=l lcajj(nIHl)I

respectively. The quantities y;(nlH;) and a;(nlH;) i=0,1 are the jth channel error

vectors or innovations processes which are whitened both in time and across
2

channels under hypothesis H;. The quantity oyj(nIHi) is the error variance for

¥;j(nlHj) while the coefficients Cajj(ani) are contained along the diagonal of the

Cholesky matrix C and are related by (7]




2

2

J oymHy ] leg:(niHp)
Sing— = 3 In—d

i=0,l. (11)

=1 Sy, (niH) ;=1 Icajj(nIHl)l




CHAPTER 4 IMPLEMENTATION PROCEDURES

A block diagram of the architectures used to compute the likelihood ratios
of eqs(9) and (10) are shown in Figs. 1 and 2, respectively. Fig. 1 is the
multichannel extension of the implementation reported in [3,5]. The lower
branch is used to compute the second term and the numerator of the first term in
eq(9), while the upper branch determines the third term and the denominator of
the first term. Analogous comments apply to Fig. 2. The quantity Y}, is the
threshold for the decision procedure. We note that the specific choice of the
prediction error filter structure will depend on the assumed underlying model of
the observation processes [7]. A multichannel forward prediction error filter
with a tapped delay line architecture is utilized in this investigation and is shown
in Fig. 3. For this filter structure, the JxJ matrix tap weights are the forward
lincar prediction coefficients [13,14]. In this analysis, these coefficients are
estimated directly from the observation data x(n) using the procedure described
below in subsection 4c.

We now briefly describe three conditions pertaining to the use of 'a priori’
information regarding the statistics of the processes (for each of the hypotheses)
that is used in the estimation procedure.

4a. Known Covariance Matrix
In [7], we discuss filtering methods using multichannel linear prediction to
obtain y(nlH;) and a(nlH;). For a known covariance matrix under each of the two

hypotheses, two sets of filter coefficients and error variances can be obtained
exactly. In this case, y(nlH;) and g(nlH;) will be minimum mean squared error

(MMSE) residuals at the output of a multichannel prediction error filter (such as
that.shown in Fig.3) designated under hypothesis H,. It is this case that is

approached as the estimators reach steady-state.

4b. Unknown Covariance Matrix

For the unknown covariance matrix case, the filter coefficients, their order
and the error variances must be estimated. Thus, eqs(9) and (10) become
suboptimal generalized likelihood ratios. In practice, only one set of observation
data may be available to estimate the parameters (ie., the filter coefficients and
error variances) for each filter assuming the appropriate hypothesis is true. In the

practical implementation for this case, we must assume that the MMSE filters
10
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under each hypothesis have unequal orders so that the likelihood ratio will, in
general, have a value other than zero. This assumption is justified, for example,
when characterizing the underlying signal and clutter as autoregressive processes.
We note that the summation of AR processes and white noise is, in general, an
autoregressive moving-average (ARMA) process which can be approximated by a

higher order AR model. Thus, the order of the observation process under
hypothesis H,(signal present) is larger than that under H, (signal absent).

Therefore, a higher order prediction error filter is used for filter F, than for F,

in the practical implementation architectures for the likelihood ratios. For single
channel processes, these considerations have been treated in [5].

4c. Use of 'A Priori' Data
In some applications, 'a priori' information can be used to predetermine

the filter orders, the error variances and the filter coefficients [4]. In this case,
data from a 'reference channel' is used to assess the hypothesis Hj condition while

data from a 'test cell' is used for that of H,. Under these conditions, the two data
sets are used to estimate the coefficients for filters Fy and F,, respectively. In

radar applications, the 'reference channel' data is often collected from adjacent
resolution cells either in azimuth or range.

In this analysis, the filter coefficients are estimated with the Strand-Nuttall
algorithm [11,12] using the software routine from [13]. This algorithm is the
multichannel generalization of the Burg algorithm [14]. Since this algorithm

utilizes a block of data in the estimation procedure, 'a priori' data consisting of
Nrc time samples per block are used. In some cases, coefficient averaging is

performed over N statistically independent block realizations and are assumed

to be collected from the 'reference cell' data. With the filter weights fixed, the
detection results are then computed using N time samples per channel and Ny

Monte-Carlo realizations.
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CHAPTER § DETECTION RESULTS USING MONTE-CARLO
SIMULATION

In this chapter, Monte-Carlo simulation results are presented using the
likelihood ratio described in eq(10) while comments on these results are deferred
until chapter 6. Details of the Monte-Carlo procedure are described in [7]. The
input observation data processes are generated using the process synthesis
procedure described in [8,9]. Detection performance results are determined as a
function of the channel signal-to-noise (S/N)j and clutter-to-noise (C/N)j ratios,
the temporal and cross-channel correlation of the processes and the time sample
window block sizes used to estimate the process parameters.

Two-channel (J=2) complex baseband Gaussian signal and clutter vectors
were synthesized as autoregressive AR(2) processes and added to a complex
Gaussian white noise vector. These observation data processes are used as an

input to the system architecture shown in Fig. 2 for eq(10). In this investigation,
the parameter estimators utilize ‘a priori' data consisting of Ny time samples per

block and averaging over Ny independent block realizations to estimate the filter

weights as discussed in section 4c. All the detection results presented here were
computed using a probability of false alarm level of 6.93x10-4. The order of the
F, and F; filters used in this analysis was fixed ‘'a priori' at eight and four,
respectively. Empirical investigations have indicated insignificant performance
improvement beyond these orders for the processes considered here. With the
filter weights fixed, the detection results were computed via Monte-Carlo using
Ng=20,000 realizations and N, =10 time samples per channel. In [7], we
considered the special case of the signal in additive white noise detection problem.
Detection results were determined for N pulses while parameter estimation was
performed using N.~-=10,000 time samples per block and coefficient averaging
over Np~=100 data blocks. Processing over these large data samples was

performed in order to consider detection performance for the case where the
parameter estimates have converged to their steady-state values. Selected results

from [7]) are shown here for the parameters listed in Table 1 with the simulated
detection results plotted in Figs. 4 and 5. Equal signal-to-noise (S/N); ratios were

used on each channel at values of 3dB and -SdB. Sample standard deviations

associated with the Monte-Carlo method for these simulated detection results are

reported in [7]. We also plot the analytical probability of detection curves from

[10] for the model I(INCOH), model I(COH) and model II(INCOH) signals using
15




case Mi A Iyl (S/N); | (S/N),
1abec]| O.1 0.1 0,0.5,0.99 -5dB -5dB
2 ab,c 0.9 0.9 0,0.5,0.99 -5dB -5dB
3ab,c 0.1 0.1 0,0.5,0.99 +3dB | +3dB
4 ab,c 0.1 0.9 0,0.5,0.99 +3dB | +3dB
Sab,c| 0999 | 0.999 0,0.5,0.99 +3dB | +3dB

Table 1 Signal Process Parameters used in the detection results
for Figs. 4 and 5.
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Fig. 4 Probability of detection versus S/N for a Gaussian signal plus Gaussian
white noise 'with’ F, filter coefficients; S/N=(S/N),=(S/N).,

P;,=6.93x10+, N=10, J=2.
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JN;=20. In order to compare detection performance for incoherent integration

to that of coherent integration, the filter coefficients of the prediction error
filters F, and F, are disabled; ie., the filter coefficients are set to null matrices
and the observation data is allowed to pass through the filters unaltered. In this
case, the error variances are replaced with the variances of the observation
processes under the respective hypotheses. We note that the simulated detection
results now range between the model I(INCOH) and model II(INCOH) curves.
Consistent with the cross-over of the analytic curves shown in Figs. 4, note that
the relative detection performance has reversed for the signal fluctuation models;
ie., for the lower S/N value of -5dB, the more highly correlated process of case
2¢ has a higher P4 than the uncorrelated process of case la. Whereas at the
higher S/N value of +3dB, the more highly correlated process of case 5c has a
lower P4 than the corresponding process of case 3a.

For Figs. 6 through 18, all parameter estimates were obtained using Ng=1
block realization consisting of Ny time samples. The estimates of the filter
coefficients for F, and F, were obtained using observation data from a

'reference’ and ‘test’ cell, respectively.

In Figs. 6 and 7, we plot the probability of detection versus the number of
time samples Np. per block for the Gaussian signal in additive Gaussian white

noise problem. A signal-to-noise (S/N)j ratio of 3dB was used on each channel.

Each of the three detection curves represents a specific case of signal temporal

and cross-channel correlation as designated in the figures. Similar detection plots
are shown in Figs 8 and 9 for (S/’N)j = -5dB on each channel. Finally, it is noted

that the detection results of Figs. 6 through 9 at Ny = 10,000 are bounded by the

analytic detection curves of Figs. 4 and 5 representing the extremes in signal
correlation (temporal and cross-channel). Thus, the detection results are shown
to converge to those of optimal performance as the parameter estimates improve
with increasing sample window sizes.

For the remainder of the detection results presented in this report, we
include the presence of Gaussian non-white clutter noise. In Figs. 10 and 11, we

plot the computed detection results as a function of the signal-to-noise ratio
(S/N)j. For these results, (S/N)j and (C/N)j are equal on each channel with
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Fig. 6 Probability of detection versus the number of block samples Ny used in
parameter estimation via the Strand-Nuttall algorithm for a Gaussian
signal in white Gaussian noise; P,=6.93x102, (S/N),=(S/N),=+3dB,
N;=10, J=2, channel j signal temporal correlation parameter A, and
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signal cross-correlation parameter p,.
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Fig. 7 Probability of detection versus the number of block samples Ny used in

parameter estimation via the Strand-Nuttall algorithm for a Gaussian
signal in white Gaussian noise; P;,=6.93x10*, (S/N),=(S/N),=+3dB,
Nr=10, J=2, channel j signal temporal correlation parameter }\'sjj and

signal cross-correlation parameter p..
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parameter estimation via the Strand-Nuttall algorithm for a Gaussian
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(C/N)j fixed at 20dB. The normalized referencet doppler frequency [7,9] to
pulse repetiticn frequency (PRF) ratio also expressed as f.T and f_T for the signal
and clutter, respectively, was f T=0.5 and f.-T=0 where T is the sample period
(1/PRF). Two sets of clutter cross-correlation parameters were used with
Ipc12I=O and 'Pc12'=0-9 to illustrate the effect of increasing cross-channel clutter
correlation. The temporal auto-correlation parameter for the clutter was
)»cii=0.9, i=1,2.

In Figs. 12 through 18, we again consider the probabiiity of detection as a
function of the number of block samples N used in parameter estimation for
processes containing clutter noise. Figs. 12 and 13 show the results for processes
with a signal-to-noise (S/N)=3dB on each channel for P, values 6.93x10-2 and

6.93x1074, respectively. Various signal correlation parameters are considered in

each of these figures. Also, two cases of clutter temporal correlation with
parameters lc“=0.9 and 0.7, i=1,2 both with Xc12=0.1 are shown in the upper and

lower group of curves, respectively. The latter case represents an increase in the
spectral spread of the clutter thus increasing the interference with the signal. In
Fig. 14, we present the corresponding detection results for the case where
(S/N)=-5dB on each channel with A_=0.9, i=1,2. In this plot, the curves for both
P¢, values are displayed.

Figs. 15 and 16 show the detection results for the slow fluctuating signal

case where again the clutter spectrurn has different spectral widths; ie., the upper
curves have a temporal correlation parameter lcii=0.9 on both channels whereas

the lower curves have A.C“=O.7 on both channels. As noted above, the latter case

represents an increase in the spectral spread of the clutter which interferes more
strongly with the signal thus causing the decrease in Py. The center curve,

however, has A, =09 and A =0.7; ie., the clutter spectrum on channel 2

interferes with the signal more than that on channel 1 due to its larger spectral

spread.
Fig. 17 shows the detection results versus Ny for variations in the cross-

channel correlation of the clutter at P;,=6.93x10-4. For these results, the more
slowly fluctuating signal model with high cross-channel signal correlation (i.e.,

t A reference doppler frequency must be considered in the multichannel casc as noted in chapter 2 and is discussed
more¢ thoroughly in [10].
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Fig. 12 Probability of detection versus the number of block samples N used in
parameter estimation via the Strand-Nuttall algorithm for a Gaussian
signal in additive Gaussian clutter plus white noise; Pfa=6.93x10'2, J=2,

N1=10, channel j signal and clutter temporal correlation parameters A

i
and )"ij' signal and clutter cross-correlation parameters pg and P

respectively.
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parameter estimation via the Strand-Nuttall algorithm for a Gaussian
signal in additive Gaussian clutter plus white noise; Pfa=6.93x10'4, J=2,
N;=10, channel j signal and clutter temporal correlation parameters A

j]]

and )‘ij’ signal and clutter cross-correlation parameters p¢ and p.,

respectively.
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parameter estimation via the Strand-Nuttall algorithm for a Gaussian
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15 Probability of detection versus the number of block samples Ny used in

parameter estimation via the Strand-Nuttall algorithm for a Gaussian

signal in additive Gaussian clutter plus white noise; P;,=6.93x1072, J=2,
N=10, chanuel j signal and clutter temporal correlation parameters A

and lcjj, signal and clutter cross-correlation parameters p¢ and p,

respectively.
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Fig. 16 Probability of detection versus the number of block samples Ny used in

parameter estimation via the Strand-Nuttall algorithm for a Gaussian
signal in additive Gaussian clutter plus white noise; Pfa=6.93x10'4, J=2,

N.=10, channel j signal and clutter temporal correlation parameters A
i
and ).ij. signal and clutter cross-correlation parameters pg and p,

respectively.
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Fig. 17 Probability of detection versus the number of block samples Npc used in
parameter estimation via the Strand-Nuttall algorithm for a Gaussian
signal in additive Gaussian clutter plus white noise; P;,=6.93x10"%, J=2,

N1=10, channel j signal and clutter temporal correlation parameters A
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with ).s“=0.9, i=1,2 and Ip(|=0.99) was used. Signal and clutter-to-ncise ratios of

(S/N)=3dB and (C/N)=20dB were used on each channel. The results reveal a
decrease in probability of deiection with increasing cross-channel clutter
correlation for the more slowly fluctuating signal model and thc specific
detection parameters considered in this case. We note that the results shown here
labeled X and O at large Ny (ie., Ny =10,0C0) are consistent with those shown

in Fig. 11 at (§/N)=+3dB. In Fig. 18, however, the signal cross-channel
correlation is varied for the more slowly fluctuating signal medel (?\S“=O.9,

i=1,2) while the clutter correlation is held fixed with kcﬁ=0.9 and lp J=0. These

results reveal a decrease in probability of detection with decreasing cross-channel
signal correlation.
Finally, in Figs. 19 and 20, we consider the case in which one of the

channels contains a lower signal-to-noise ratio than the othzr channel. For these
results, (S§/N),=+3dB on channel 1, (S/N), on channel 2 ranges from +3dB to

-40dB and k51‘=k822=0.1 (a fast fluctuating signal). The detection results are also

displayed for signal cross-channel correlation coefficients 1p,I1=0, 0.5, and 0.99.
We also show the Py value for channel 1 alone using Ny=10. This last result

provides the basis for a comparison between the multichannel detection results
using (S/N), < (S/N), and the results obtained with the superior channel 1 alone.

Additional plots are considered in [7].
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Fig. 18 Probability of detection versus the number of block samples Ny used in

parameter estimation via the Strand-Nuttall algorithm for a Gaussian
signal in additive Gaussian clutter plus white noise; Pg,=6.93x10%, J=2,
N;=10, channel j signal and clutter temporal correlation parameters ksﬂ

and }»C”,, signal and clutter cross-correlation parameters pg and p.,

respectively.
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CHAPTER 6 DISCUSSION OF RESULTS

Inspection of the detection curves contained in this report reveals several
interesting features. First, in Figs. 4, 5, 10 and 11, we note the cross-over point

between the fast-fluctuating and slow-fluctuating signal detection curves. For
these detection results, the estimators used in the filters F, and F, have reached

their steady-state values after processing Np-=10,000 time samples. In Fig. 5,

for example, the model I(COH) and model II(INCOH) curves intersect at S/N=
+1dB. In this case, we have considered the Gaussian signal in additive white
Gaussian noise. We have purposely selected processes with S/N values above and
below these intersection points in order to investigate the effect of the temporal
and cross-channel correlation on detection performance in both regions. We
anticipate that processes uncorrelated both temporally and across channels will lie
closer to the model II(INCOH) bound while those with high correlation will lie
closer to the model I(COH) bound. Thus, the effect of the temporal and cross-
channel correlation for both the signal and clutter on the detection results is
dependent upon the location along the detection curve with respect to this cross-
over point; ie., at (S§/N) values above this point, the fast-fluctuating signal model
provides the superior performance whereas at (S/N) values below it, the slow-
fluctuating signal model dominates. Furthermore, the presence of the non-white
clutter process also effects the position of this cross-over point. Specifically, in
Fig. 11, where the processes have a clutter-to-noise ratio of 20dB on each
channel, we note that the cross-over point for the processes with high cross-
channel clutter correlation occurs at (S/N)=+6dB as compared to +9dB when no
cross-channel correlation is present. In general, the cross-over point for the

detection curves is a function of the temporal and cross-channel correlation of
both the signal and clutter processes as well as parameters such as (C/N);, P, and

Nr. We also note that for the cases with high cross-channel clutter correlation

(ie., 'Pc,2|=0~9)’ the increasing cross-channel correlation causes a decrease in Py

for the more slowly fluctuating signal (A, =0.9, i=1,2), but an increase for the
3

fast-fluctuating signal (Xsﬁ=0.l, i=1,2). These results can be explained by noting

that the increased cross-channel clutter correlation can be used to discriminate the
fast fluctuating signal from the clutter more readily than the more slowly
fluctuating signal. Finally, we point out that for the results shown in Figs. 10 and
11, the slow fluctuating signal model provides the higher performance results for
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(S/N) below values in the 4 to 9dB cross-over range. Thus, at the (S/N) values of
-5dB and +3dB which are primarily considered in this report, the slow-
fluctuating signal case in the presence of clutter provides the superior detection
performance over the fast-fluctuating case.

Next, we consider the ‘transient’ condition in which the estimators have not
reached their 'steady-state' values due to limited data sample sizes used in the
estimation procedure. The detection results in Figs. 6 through 9 for the various
signal fluctuation models in additive white noise, asymptotically approach those
shown in Figs. 4 and 5 and are bounded by the analytic detection curves
representing the extremes in signal correlation (temporal and cross-channel).
Furthermore, they are consistent with the detection performance reversal about
the cross-over point as described above. Thus, as the estimators approach steady-
state for large Nqc, the detection results are shown to converge to their optimal
values. Likewise, the detection values shown in Figs 12 through 18
asymptotically approach those shown in Figs. 10 and 11. Analytic detection
curves for the latter will be reported in future investigations involving partially

correlated clutter processes.
Examination of Figs. 12 and 13 indicates that as the temporal correlation of

the clutter decreases from A;_=0.9 to lcii=0.7, i=1,2 the detection performance

decreases significantly. This result is to be expected since the decrease in the
temporal correlation of the clutter causes an increase in its spectral width on both
channels. Thus, the clutter interferes more strongly with the signal at its
normalized Doppler location of f{T=0.5 in the frequency spectrum.

The detection performance shown on the the center curve of Figs. 15 and
16 with lc,‘1=0.9 on channel 1 and A.c22=0.7 on channel 2 describes the situation

where the signal on channel 1 is less affected by the narrower clutter noise
spectrum than that on channel 2. The detection results for this case show that a
significant improvement in detection performance can be obtained for the case
where one of the two channels operates 'in the clear' as compared to the case
where both channels have high interference.

An interesting feature associated with the performance of the parameter
estimation procedure can be observed in several of the results. In Figs. 6 through

9 and 12 through 18, we observe that the rate at which the detection curves
approach their asymptotic values for increasing N. is significantly affected not

only by (S/N); and (C/N);, but also by the process correlation. In the next several

cases, we observe that increases in the temporal correlation of the data processes
provide a faster convergence rate to the asymptotic detection values.
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In Figs. 6 and 7, we consider the Gaussian signal in additive Gaussian
white noise problem for (S/N)j=+3dB on each channel. At this (S/N)j value, the
detection performance for the fast-fluctuating signal model is higher than that for

the slow-fluctuating model when the estimators have reached their steady-state
values using high values of Nyc. This is verified by obscrving the results shown

in Figs. 4 and 5 which describe the 'steady-state’ case. Thus, for N ->50, the
superior detection performance associated with the fast fluctuating signal model
at this (§/N) value dominates the results as expected. However, for N;~<50, we
note that the superior performance is obtained for the slow-fluctuating (more
highly correlated) signal model.

In Fig. 13, for the upper three curves with temporal clutter correlation

parameters }»CH=XC22=O.9, we note that the probability of detection reaches

within 4% of its asymptotic value at N;~=200 for signal processes with high
temporal and cross-channel correlation ().sjj=0.9). However, for signal processes

with low temporal correlation (A =0.1), these levels are not achieved until
il

N1c=1,000. For the lower curves, however, where XC“=7LC22=O.7, P4 is only

within 50% of its asymptotic value at N-=200 as compared to the 4% value

noted above.

In Fig. 16, we also note that the convergence rate for the upper curve (with
high clutter temporal correlation on both channels) is significantly faster than that
for the lower curve (with lower temporal clutter correlation); ie., the upper
curve is within 5% of its asymptotic value at N;.-=200 whereas the lower curve is

only within 50% at this value.
In Figs. 17 and 18, we observe the effect of the process cross-correlation
on the convergence rates. Fig. 17 shows the detection results versus N for

variations in the cross-channel correlation of the clutter. For these results, the
more slowly fluctuating signal model was used with A  =0.9, j=1,2 and

Sij
Ips 1=0.99. Signal and clutter-to-noise ratios of (S/N)=3dB and (C/N)=20dB,

respectively, were used on each channel. With the parameters considered here
and the more slowly fluctuating signal model, the results reveal a decrease in
probability of detection with increasing cross-channel clutter correlation. These
results are consistent with those shown in Fig. 11. We note from the two lower

curves at (§/N)=3dB in Fig.11, however, that the opposite trend is obtained for
the fast fluctuating signal model; i.e., Py increases with increasing cross-channel

clutter correlation. We also note in Fig. 17, that the convergence rate of the
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detection performance is superior for the case of no cross-channel correlation;
ie., for lp.I=0, the detection probability is within 5% of the steady-state value at

Nrc= 200, whereas for Ip;i=0.9, N1c21,000 is required. In Fig. 18, however, the

signal cross-channel correlation is varied while the clutter correlation is held
fixed with lcii=0.9 and Ip.|=0. These results reveal a decrease in probability of

detection with decreacing cross-channel signal correlation. It also appears that
the convergence rate has increased slightly for the case where Ip¢|=0.99. Further

consideration of these observations will be made in forthcoming analyses.

The dependence of detection performance on N noted in the above results
is attributed to the fact that the error variance associated with the multichannel
parameter estimators is directly related to both the temporal and cross-channel
correlation of the processes as well as the data sample window size, N3¢ [15].
The interesting result noted in [15] is that, unlike the estimators for covariance
matrices, the error variance of parameter estimators, such as that considered
here, decreases with increasing temporal correlation. Thus, the detection
performance resulting when limited data is used is dependent upon the signal and
clutter correlation both directly as well as indirectly through dependence upon
the performance of the estimation procedure. In some cases, this direct and
indirect dependence may be inversely related as noted in Figs 6 and 7. In these

figures, the superior performance of the estimator using the more correlated
processes dominates with limited data (Npc small) whereas with larger data

window sizes (Nyc large), the detection performance is dependent upon the

process correlation only.
In the previously results, we considered the situation in which (S/N)j was

the same on both channels. In Figs. 19 and 20, we consider the situation in which
(S/N)j remains the same on one channel but is lowered on the other channel, In

this case, the overall detection performance will degrade from the previous cases.
For the results shown here, (S/N), was held fixed at +3dB while (S/N), was

varied from +3dB to -40dB. In each case, two channels each with ten
observations were considered (ie., J=2 and N;=10). Again, we note that no

cross-channel correlation is considered on the noise processes. The coherent
detection results arz shown in Figs. 19 and 20 for Pg3=0.0693 and 6.93x1074,
respectively, with signal one-lag temporal correlation parameters A =A,,=0.1.

The values are also displayed for signal cross-channel correlation coefficients
Ip,!=0, 0.5, and 0.99. We also show the P4 value for channel | alone using
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N;=10. This last result provides the basis for a comparison between the two-
channel detection results using (S/N), < (S/N); and the results obtained with

channel 1 alone. These results indicate that the two-channel case shows improved

detection performance over that of the channel 1 case alone. Furthermore, as
(S/N), decreases, the two-channel detection results for these cases approach that

of channel 1 alone. More examples are shown in [7].
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CHAPTER 7 CONCLUSIONS

In this report, we have considered the Gaussian multichannel detection
problem in which the signal and additive non-white clutter noise have 'unknown’
statistics. A multichannel generalized likelihood ratio is implemented using a
model-based approach where the signal and clutter are assumed to be
characterized by autoregressive (AR) vector proccsses. In the case considered
here, the parameters of the underlying processes are 'unknown' and are estimated
using the Stand-Nuttall algorithm (a multichannel generalization of the Burg
algorithm). Detection results are obtained for a two-channel detection problem
using a Monte-Carlo procedure and performance is assessed as the estimators
approach their 'steady-state’ values. Furthermore, the convergence rates are
considered as a function of the signal and clutter-to-noise ratios as well as the
temporal and cross-correlation of the signal and clutter.
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