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We consider the problem of subspace optimization for
centralized noncoherent multiple input-multiple output (MIMO)
radar based on various measures such as capacity, diversity, and
probability of detection. In subspace centralized noncoherent
MIMO radar (SC-MIMO), a subset of stations is selected based
on channel knowledge or channel statistics to reduce system
complexity while simultaneously attempting to optimize the
performance of the reduced-dimension centralized MIMO
radar system. The radar transmitters are assumed to be
sufficiently separated (e.g., at different locations) to yield spatially
white channel transfer gains and are assumed to operate on a
noninterference basis through time-division or frequency-division
multiplexing. Detection optimization for the SC-MIMO system
in a Neyman Pearson (NP) sense is found to be equivalent to
selecting the subspace that maximizes the Frobenius norm of the
corresponding channel matrix. Information-theoretic measures
for capacity and diversity are also applied to the problem of
subspace selection. Channels with temporal coherence times that
are long relative to the radar system’s latencies and channels
with coherence times that are short relative to the radar system’s
latencies are considered. In the former case, metrics are based
upon instantaneous channel estimates, whereas in the latter
case, average channel estimates are used. Numerical analyses
are conducted to illustrate the use of the metrics for optimizing

system performance.
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I.  INTRODUCTION

Distributed multiple input-multiple output (MIMO)
radar is a research area that has received increasing
attention lately, see, e.g., [5, 3, 10]. A salient feature
of distributed radar is its ability to simultaneously
engage a target from multiple aspect angles. While
the legacy radar is confined to viewing the target from
a single aspect angle at any given time instant, the
distributed radar utilizes waveforms from spatially
diverse stations to illuminate the target and detect
reflected target energy from multiple aspect angles,
taking advantage of aspect-dependent radar cross
section (RCS) to significantly improve the ability
to detect and track targets. The benefit over a single
station implementation comes at the cost of increased
system complexity including more demanding
inter-station communications for data fusion and
coordination among the stations. Given a multiplicity
of stations, down-selecting the number of stations
used in processing provides one mechanism to reduce
system complexity, where the stations are selected in a
manner that optimizes the performance for the number
of resources that are dedicated to the task. We refer to
this architecture as subspace centralized noncoherent
MIMO radar (SC-MIMO). The SC-MIMO radar
architecture, exemplified in Fig. 1, is characterized
by the optimized selection of a subset of spatially
diverse radar stations and joint processing of the
received signals from this subset at a common fusion
center. The transmitters are assumed to be sufficiently
separated to yield spatially white channel transfer
gains and are assumed to operate on a noninterference
basis through time or frequency multiplexing, which
facilitates both the separation of the signals at the
receivers and the application of associated Doppler
compensation tapering for signal conditioning.

Subspace optimization measures in SC-MIMO are
explored to optimize system performance in terms
of probability of detection, information-theoretic
capacity, and channel diversity, where optimized
system performance in each of these senses is
achieved by selecting the subspace that maximizes
measures associated with the MIMO channel matrix.
Information-theoretic metrics such as capacity and
diversity are considered because of their ability to
characterize MIMO channels in a manner that could
potentially be exploited by an SC-MIMO system. For
the case of SC-MIMO radar detection performance,
joint detection optimization in a Neyman-Pearson
(NP) sense with noncoherent square-law processing is
shown to be equivalent to maximizing the Froebenius
norm of the SC-MIMO radar channel matrix. The
channel capacity measure is optimized by maximizing
the determinant of the channel matrix [6, 12].
Diversity can be optimized by evaluating correlations
between the elements of the channel matrix [8].
These subspace optimization measures are applied
in the case of slowly changing channels wherein the

IEEE TRANSACTIONS ON AEROSPACE AND ELECTRONIC SYSTEMS VOL. 47, NO. 2 APRIL 2011



Channel
Matrix G

Y BEFORE
, DOWN-SELECTION

Fusion Center

>

Channel
Matrix G,
: AFTER
Uy DOWN-SELECTION
'h i
v ‘
N . 4 -
1 2 i i N

Fusion Center

Fig. 1.

channel changes can readily be tracked and utilized
by the radar system for optimal subspace selection.
Optimization measures are also applied in the case of
channels that change faster than can be tracked and
exploited by the radar system. In this case, average
channel estimates, rather than instantaneous channel
estimates, are employed in the optimization strategies.
The channel capacity measure in this case is achieved
by selecting the subspace that maximizes the sum of
the eigenvalues associated with the corresponding
channel matrix. In relation to the waveform design
approaches addressed in [2], these metrics represent
alternative approaches to optimizing the performance
of a MIMO radar system.

The remainder of the paper is organized as
follows. The system model, including the MIMO
radar channel matrix G is introduced in Section II.
Using this model, Section III provides a theoretical
development of target detection optimization in
centralized MIMO radar. Subspace architectures are
considered in Section IV and the Frobenius norm of
the subspace channel matrix is identified as a measure
for optimizing detection probability in SC-MIMO.
Optimization in channels with long coherence
times (i.e., such that the radar can estimate the
instantaneous channel and exploit this knowledge in

the subspace selection) are addressed, and a numerical

example is given that illustrates the impact of the
subspace dimension of the detection performance.
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Example of a SC-MIMO radar architecture.

Information-theoretic optimization measures for
capacity and diversity are also introduced. In
Section V, adaptation of the measures for channels
with short coherence times are addressed. In these
dynamic channels, the radar cannot adequately track
and utilize the instantaneous channel estimate and
must instead resort to exploiting average channel
estimates. Results illustrating the potential for joint
optimization of detection probability, capacity and
diversity are presented based upon the revised metrics.
Section VI contains the conclusions of the paper.

II.  SYSTEM MODEL

A general system model, in accordance with
Fig. 1, is given below:
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K K
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k=1 k=1
[1=12,..,K, k=12,....K 3)

are the received waveforms at each receiver, z;; is the
received signal component at the /th receive station
from the kth transmit station, g, is the complex
channel transfer gain from the kth transmit station to
the /th receive station, i, (t — z;) is the orthogonal unit
norm waveform from the kth transmit station delayed
by 7, and w(t) is additive Gaussian noise. Note that
G € CK*K is not necessarily symmetric (for example
if the radar stations transmit on different frequencies)
and that each element g, in G is proportional to the
square root of the target’s RCS and will depend on
the target aspect angle relative to both the transmit
station and the receive station (see Fig. 1). In general,
g Will also be a function of the directional transmit
and receive antenna gains, propagation losses, and
other link budget parameters. We assume that the
stations are deployed in a manner that results in
spatially white, but temporally colored, channel
transfer gains.

Ill. TARGET DETECTION OPTIMIZATION IN
CENTRALIZED MIMO RADAR

We present formulations based on NP detection for
the centralized detection approach. The development
is similar to one found in [4], although we assume
the utilization of either short-term statistics or
long-term averages, leading to noncentral chi-square
distributions for the alternative hypothesis, H,.

We also employ weighted noncoherent detection,
where the contributions from the radar stations are
normalized relative to the measured noise level at each
station. This serves to accommodate asymmetric noise,
such as intentional jamming, that may be present

in the RF environment. We also link the optimal
detection solution with the maximization of a channel
matrix norm, giving a mechanism for subspace
optimization by expeditiously selecting a subset of
radar stations employed in detection processing.

Assuming that waveform orthogonality is
preserved, the outputs of the bank of matched filters

2,2 / Z(Dsi(t —)dr 4)

can be expressed as

Hor =m0 K k=12...K
Hy: o oy =gy +my
4)
where 7, is the matched filter output’s noise
component, which is assumed to be zero-mean
complex Gaussian with variance o . The channel
transfer gain g, is a complex random variable that
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is approximately constant over the coherence time.

Appropriate Doppler compensation of the received

signal is assumed to have been employed at each

receiver. Doppler compensation involves compensating

for Doppler shift imparted on the received signal

using methods such as those discussed in [9],

[14], [13], [15], and [16]. Doppler compensation

in the noncoherent MIMO radar case is enabled

by the assumption of orthogonal waveforms. The

orthogonal property can be achieved through various

tactics, including time multiplexing (e.g., where each

transmitter is assigned to a time slot) or frequency

multiplexing (e.g., where each transmitter is assigned

to a different frequency). This stands in contrast to the

methods of [1] in which the radar waveforms occupy

the same bandwidth and where pseudo-orthogonality

is achieved through waveform design.

The proposed model exploits short term statistics

associated with the bistatic returns, leading to

returns (represented by g, ) that exhibit negligible

variability over the coherence time. Normalizing each

output with respect to the noise level (which may

be measured, e.g., through constant false-alarm rate

(CFAR) techniques), the normalized outputs are

Hy: z;=n

H: zp=g;+n
(6)

where the noise components are zero-mean Gaussian

with variance o2. The probability density function

(pdf) of z;, under each hypothesis is

CN(0,0?)
CN(gy-07)

where CN(y1,02) denotes a complex normal
distribution with mean 4 and variance o2. The
test static is obtained by noncoherently combining
the normalized filter outputs. The corresponding
distributions of the test statistic y = ||z||> for each
hypothesis is given by

under H,

Pz (Z/k) ~ { @)

under H,

2
g

2
7 Xok? H,

®)

y=lz|* =
(s*+0%) ,

2 2K2 Hl

where 3 denotes a chi-square random variable
having d degrees of freedom [11] and x/? denotes a
noncentral chi-square random variable [11] having d
degrees of freedom and a noncentrality parameter

K K
@)=Y 7

i=1 j=1

)

For optimal detection in the NP sense, the relations
between the probability of false alarm, F,, the
probability of detection, P;, and the threshold are
governed by NP Theorem. The probability of false
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alarm is given by
Y A B 26
Bo= | polHpdy=1-F; (). (10

For a desired B, and with the knowledge of o, § may

be set using
6=—F, (1-P 11
SF: (=R (11
where F3' is the inverse cumulative distribution
2k2

function of a chi-square random variable with 2K?
degrees of freedom. Note that § is independent of
the MIMO radar channel gains. The probability of
detection is given by

Pd=/; Py | Hydy (12)

:1—F/2
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where F,»
ve
a noncentral chi-square random variable with degree

2K2.

is the cumulative distribution function of

IV.  SUBSPACE OPTIMIZATION FOR CENTRALIZED
DETECTION: THE CASE OF SHORT TERM
STATISTICS

The concept of subspace optimization for
centralized MIMO radar processing may be addressed
using results from the above theoretical development.
Subspace optimization assumes that a set of radar
stations are available for organization into a MIMO
radar system. Rather than utilizing all of the resources
for a given detection problem, the premise is that it
might be more desirable from a resource utilization
perspective to employ only a subset of these resources
for a given detection problem, where the resources are
carefully selected to ensure that detection performance
does not suffer substantially. We assume a centralized
topology, and hence the central processor needs
access to all of the K statistics in order to identify the
subspace that will suitably optimize performance. A
centralized approach based upon short-term statistics
can readily be achieved in systems where information
sharing between nodes does not introduce latencies
that are on the order of the temporal decorrelation
times of the channel transfer gain statistics. Where
latencies associated with information sharing exceeds
a major fraction of the temporal decorrelation times,
subspace optimization based on short-term statistics
will be marginalized. In this case, optimizations
based upon longer term average statistics (as
described in Section V) would be more appropriate.
A downselection approach has the benefit of reducing
the overall complexity of the problem in terms of
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required resources, the backhaul communications for
coordination and passing of data (once a subspace

is assigned), and also the signal processing at each
radar station and at the fusion center. In this section,
short-term statistics are assumed. This approach would
be representative of implementations with low-latency
inter-station communications. In the next section,
longer term statistics that exploit average channel
characteristics are addressed.

For the specific case of short-term statistics, the
following theorem and the subsequent corollary define
the mechanism for optimizing selection of the radar
stations for subspace centralized detection.

THEOREM 1 Let G|,G,,...,G; represent a set of L
N x N channel matrix realizations. Given a constant
false alarm rate, F,, and assuming a constant noise
variance c* at the receivers, the channel matrix
realization with the largest Froebenius norm yields the
largest probability of detection in the NP sense.

PROOF For identical o2 at all receivers, and a
constant prescribed F,, the threshold ¢ is given

by (11) and is constant. Using ¢ with (9) in (15)
where N is used in place of K and G, in place of

G (to enable indexing among the different channel
realizations), and recognizing that the cumulative
distribution function is nonincreasing with increasing
5%(G,) leads to the conclusion that P, is monotonically
nondecreasing with sz(Ga), and hence the maximum
5%(G,) leads to the highest P,. But the Froebenius
norm of each channel realization, G, with a €
{1,...,L}, is given by

a’

1Galle

15)

TI[GHG, ] =

where the g, ;; are the normalized channel transfer
gains of G, fori,j=1,...,N, the Aq are the
eigenvalues of GG,, and the dependence of s* on
the channel realization G, is expressed. Therefore it
follows that the channel realization yielding the largest
Froebenius norm maximizes s*(G,) and hence the
probability of detection in the NP sense. As evidenced
in (16), this metric corresponds to a maximization of
the sum of the eigenvalues of GG, over the index
range o = 1,...,L.

From a systems perspective, this result implies that
maximum system performance generally cannot be
achieved if each radar station independently attempts
to maximize its own monostatic return (e.g., through
beamsteering, maneuvers, etc.). Rather, improved
performance is more readily achieved if the radar
stations take on a global perspective in their responses
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Fig. 2. Detection performance for subspace MIMO radar using Frobenius norm with F, = 1073,

in order to maximize the sum of the reflected energy
received by all of the sensors. We also note that the
requirement for identical o2 implies that the stations
influenced by noise in the environment, such as

from a local interferer, will incur channel power
transfer attenuations in the signal processing that are
inversely proportional to the variance of the noise, i.e.,
all contributing signals are normalized to have unit
variance.

COROLLARY 1 Under similar assumptions as in
Theorem 1, but with K > N stations, the subset of N
stations yielding the channel matrix with the largest
Froebenius norm provides the maximum probability of
detection in the NP sense, assuming a constant false
alarm rate.

PROOF Define L = (K N) as the number of possible
N x N channel realizations. Application of Theorem 1
then proves the corollary.

Computational simulations were employed
to evaluate the relative performance of subspace
configurations. Fig. 2 depicts results using (15) and
(16) that illustrate the detection performance of the
subspace optimization approach as a function of the
SNR (defined here as |G G|?/o? where G € RNV
and K is the number of available stations) and the
subset size. For these simulations, a topology of K = 6
stations was assumed, and subspace sizes of two,
three, and four radar stations were considered using
a false alarm probability of B, = 107>. The channel
gains assumed in the investigation were drawn from
a CN(0,1) distribution. Ten channel realizations were
averaged to obtain the results. The figure indicates
performance advantages of K-choose-N topologies
over topologies with N fixed stations. The results also
illustrate the performance dependence on the subset
size.

1234

The understanding that the NP formulation
for subspace optimization in centralized MIMO
radar is equivalent to optimizations based on the
Frobenius norm of the MIMO radar channel state
matrix invites consideration of other channel-based
information-theoretic measures to optimize MIMO
radar system performance in some sense. We consider
here optimization metrics that have been reported for
MIMO system capacity [6, 12] and MIMO system
diversity [8]. The information-theoretic formulations
are based upon the channel product GG and the
correlation matrix derived from the elements of the
channel matrix G, respectively. Diversity applies to
long-term statistics and is projected to be useful when
assigning MIMO resources over long periods of time,
i.e., when resource assignment updates are infrequent.
Capacity metrics apply to both short-term and longer
term statistics and provide a measure of the ability
of the MIMO system to convey information. This
attribute might be instrumental in applications where
radar transmissions serve a dual purpose of conveying
communications information while also providing
illumination signals for radar detection.

A. Capacity Measure

The (theoretical) capacity of a MIMO
communications system with a corresponding channel
matrix G, € CV*V is determined from

) (16)

where P is the signal power and N, is the power
spectral density of the noise. Given a set of L N x N
channel realizations, G,,G,,...,G,, it is evident

that channel capacity is maximized by selecting the
channel matrix G, ,, € {G,,G,,...,G,} for which

the determinant |GG, | is maximized over o, where
a=1,2,...,L. This is equivalent to selecting the

P
I - H
+NGQGQ

o

C:log(
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TABLE I
Scaled Channel Gains Employed in Computational Studies
Channel Gains (columns are Tx Stations, rows are Rx Stations)
1 2 3 4 5 6
1 —0.62 +0.51i 1.37 —0.20i —0.02 — 1.90i —0.13+0.17i —0.31-0.12i —0.02 — 1.86i
2 —0.60 —0.051 —1.61 -0.63i 1.68 —2.151 0.27 - 0.481 2.12-1.43i 0.17 - 0.251
3 —0.53 +0.27i —0.73 + 1.33i 1.15-0.71i 0.02 —1.55i 2.52+1.42i 1.13 +0.17i
4 —0.59 +0.72i —1.48 +0.51i 1.03 —0.39i —0.26 + 0.03i 1.39-1.11i —0.40 +0.13i
5 0.69 — 0.46i —0.32 +0.47i —0.99 —0.38i —0.10—1.61i 0.94 + 0.54i —0.85 + 0.68i
6 —0.45-0.111 0.52 -1.07i —0.89 + 1.29i 1.48 +1.43i —0.91-0.72i 0.03 —0.091

channel realization that maximizes the product of the
eigenvalues of G¥G,, over a since

N
‘GiIGa‘ = H)\a,k"

(=1

a7

Therefore, this strategy maximizes the product of the
eigenvalues of G# G, over « instead of the sum of the
eigenvalues, leading to a different form of subspace
optimization. The capacity measure yields detection
performance levels that are less than or equal to that
for the Frobenious norm measure. The degradation
will generally depend upon the specific channel
matrix realization. This form of optimization may be
useful to MIMO radar configurations that attempt to
employ radar signals that double as communications
signals (e.g., for sharing information between the
radar systems). For example, a weighted combination
of the sum of the eigenvalues and the product of

the eigenvalues of GG, might be employed to
ensure that both radar and communications functions
could be productively employed. For the case of the
single channel realization represented in Table I,

the detection performance and the channel capacity
for each of the six-choose-four configurations

are indicated in Fig. 3. The results illustrate the
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potential tradeoff that occurs when trying to jointly
maximize the detection performance and the MIMO
communications capacity. For example the 2nd

subset yields maximum capacity with suboptimal
detection performance, whereas the 11th subset yields
maximum probability of detection but with suboptimal
capacity. While the capacity and the probability of
detection metrics are not necessarily optimized by

the same subspace, it is evident that subpaces leading
to good results for one also tend to yield reasonable
results for the other. This would be expected given the
inherent relationship between the sum of eigenvalues
and the product of eigenvalues.

B. Diversity Measure
A second subspace optimization approach that also

finds a basis in wireless communications is one that
maximizes diversity, where the diversity is measured

by [8] TR \2
r (8]
VR = (|Ra||F>

where R, = E[vec(G,)vec(G, )] € CN"*N" is a
correlation matrix between the elements of G,
and vec(X) is the column stacking operation. This
approach is expected to provide robust detection

(18)
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performance through long-term diversity when severe  to longer term statistics would be appropriate

time-varying channel fading is prevalent and the in scenarios involving radar stations with high
latencies encountered in subspace formation and intercommunications and processing latencies
coordination among the stations exceeds the coherent such as might be experienced with widely-spaced
time of the fading channels. Fig. 4 illustrates the radar stations. We examine subspace optimization
magnitude of the system diversities that are achievable based upon 1) probability of detection using the

in subspaces of dimension R?, R?, and R* as a Frobenius norm of the average channel estimates,
function of the inter-station temporal correlations 2) the capacity based on the average channel

in channels with coherence times less than system estimates, and 3) the diversity based on the correlation
latencies. Because temporal diversity estimation matrix R, where these matrices take on the

requires longer term statistics, we provide comparative  following form for a 2 x 2 subspace MIMO radar
examples of diversity performance in the next section.  configuration:

2
|ga,l,l| 801180,12P012 80.118021P013 8a118a22P014
2
g:,l,zga,l,lpa,Z,l |ga,l,2‘ 82,1,280,2,1%,2,3 g:;,l,zga,Z,Zpa,ZA
R, = ) (19)
852180.11P031 8502180.12Pa32 ‘ga,2,1| 8452.18022P034
2
8022801,1Pas1  80228012P042  8022802,1P043 80.22]
and
" 18011 *+ |80.2.1 1 8o1,180,12Pa,12 * 80.218022P0 34
E[G)G,]=| . ) R (20)
80,1280,1,1Pa2,1 T 80,2280,2,1P0,43 18012l *+ 18022l
V. SUBSPACE OPTIMIZATION. LONGER TERM where the g, ; ; represent the average channel
STATISTICS transfer gains associated with G, and Paij = Paji

corresponds to the correlation between the ith and
Jjth channel elements in vec(G,). Extensions to larger
configurations can be similarly computed.

In this section, the case of long-term channel
statistics is considered. Under these conditions,
the system does not exploit knowledge of the

instantaneous channel matrix. Rather, it exploits A. Probability of Detection Based on Average Channel
knowledge of the average channel matrix Estimates

product E[GG,_] and the correlation matrix Use of long-term statistics is applicable to

R, =F [Vec(Gu)Vec(Ga)H 1. The need to resort operation in time-varying channels. To circumvent the
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difficulties faced in computing the average probability
of detection for each subset over these time-varying
fading channels, it is proposed instead to employ a
computationally simpler metric based on the average
channel product. This strategy results in replacing the
channel matrix product G¥G,, with its expected value
E[GG,_]. Thus, the proposed measure for estimating
detection performance uses (15) and (16), but where
Tr[E[GG,]] is used instead of Tr[GHG,] in the
computation of s?(G,,). The resulting detection metric,
P, is

2
A~ 1 g —1 _
F(G)=1 5@2<(HUHG5GJ]+UQF£ﬂ(I @Q>.

2D

B. Capacity Measure Based on Average Channel
Estimates

We adopt a multiplexing gain metric proposed
in [7] to estimate average capacity based upon the
average channel product estimate E[G”G,_]. The
metric is given by

C =Tr[D(c’I+ D) '] (22)

where D is a diagonal matrix containing the
eigenvalues of E[G”G,]. Note that this measure

is based on an optimization of the sum of the
eigenvalues and hence should yield a strong
correlation with the P; measure. Whereas application
of the metric defined in (18) requires tracking

the instantaneous channels, the application of the
metric in (23) is less stringent and instead requires
tracking average channel statistics, which change
more slowly. Hence, while the performance of this
approach is moderated due to averaging, so are the

PRATT ET AL.: SUBSPACE OPTIMIZATION IN CENTRALIZED NONCOHERENT MIMO RADAR

update requirements, lending the approach to practical
implementation in highly variable channels.

C. Example Performance Estimates for Longer Term
Statistics

In this subsection, the relative performance as
defined in (19), (22), and (23) is computed. For
the computations, the channel gains in Table I
are employed along with randomized correlation
coefficients uniformly distributed over the closed
interval [0 1] to generate E [fo G_] and R,,. The
resulting averages are then employed to compute
metrics for each of the channel realizations
corresponding to the radar station subsets (assuming a
six-choose-four downselection process). The resulting
measures for each subset are plotted in Fig. 5. Joint
optimization of the subspace can be achieved through
optimization with respect to all three metrics, or
with respect to either the P, versus capacity, the
capacity versus diversity, or the P; versus diversity
projections. Note the high correlation that is evident
between the capacity and the probability of detection
measures.

VI.  CONCLUSIONS

Operationally, SC-MIMO radar involves the
selection and utilization of a subset of available radar
stations to reduce system complexity while attempting
to optimize the performance of a centralized MIMO
radar system. Subspace optimization criteria based
on the MIMO channel matrix have been proposed,
where the optimization is characterized in terms of
probability of detection, communications capacity,
and channel diversity. Subspace selection to optimize
NP detection statistics in SC-MIMO was found
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to be equivalent to the selection of the subspace
channel matrix yielding the maximum Frobenius
norm, which is equivalent to maximizing the sum

of the eigenvalues of the channel matrix product

G G. The subspace size can be adapted to channel
conditions to limit resource utilization while meeting
prescribed performance levels. A diversity metric was
also discussed that is useful for robust performance
in fading channels. Achievable diversities for systems
employing this measure are reported as a function of
the inter-station temporal correlations. Instantaneous
capacity measures drawn from information theory
are also employed. The measures were applied to
channels with long coherence times that enabled

the radar system to exploit instantaneous channel
estimates, and to channels that changed more quickly
than could be tracked or exploited by the radar
system. In this latter case, average channel estimates,
rather than instantaneous channel estimates, were
applied to estimate the optimization measures.

When channel averaging is employed, the capacity
measure reduces to a measure that is proportional

to the sum of the eigenvalues of the channel matrix
product, and therefore is highly correlated to the
detection metric. The analysis assumes the availability
of six radar stations from which subsets were
selected for detection processing and illustrates that
joint optimization based upon all three metrics or
optimization based upon a pair of measures using
projections onto either the P, versus capacity plane,
the P, versus diversity plane, or the capacity versus
diversity plane is possible.

REFERENCES

[1]  Abramovich, Y. and Frazer, G.
Bounds on the volume and height distributions for the
MIMO radar ambiguity function.
IEEE Signal Processing Letters, 15 (2008), 505-508.
[2] Bell, M.
Information theory and radar waveform design.
IEEE Transactions on Information Theory, 39, 5 (Sept.
1993), 1578-1596.
[3] Chen, C-Y. and Vaidyanathan, P. P.
MIMO radar space-time adaptive processing using prolate
spheroidal wave functions.
IEEE Transactions on Signal Processing, 56, 2 (Feb.
2008), 623-635.
[4]  Fishler, E., Haimovich, A., Blum, R. S., Cimini, Jr., L. J.,
Chizhik, D., and Valenzuela, R. A.
Spatial diversity in radars—Models and detection
performance.
IEEE Transactions on Signal Processing, 54, 3 (Mar.
2006), 823-838.

1238

(5]

(6]

(71

(8]

[9]

(10]

(11]

[12]

[13]

[14]

[15]

[16]

Haimovich, A., Blum, R. S., and Cimini, Jr., L. J.
MIMO radar with widely separated antennas.
IEEE Signal Processing Magazine, 25, 1 (Jan. 2008),
116-129.
Heath, Jr., R., Sandhu, S., and Paulraj, A.
Antenna selection for spatial multiplexing systems with
linear receivers.
IEEE Communications Letters, 5, 4 (Apr. 2001), 142—144.
Ivrlac, M. and Nossek, J.
MIMO performance measures—A signal processing point
of view.
In Proceedings of the 18th International Conference on
Applied Electromagnetics and Communications, 2005, 1-4.
Ivrlac, M. T. and Nossek, J. A.
Quantifying diversity and correlation in Rayleigh fading
MIMO communication systems.
In Proceedings of the 3rd IEEE International Symposium
on Signal Processing and Information Technology, 2003,
158-161.
Kogon, S. M.
Adaptive array processing techniques for terrain scattered
interference mitigation.
Ph.D. dissertation, Georgia Institute of Technology,
Atlanta, 1997.
Leshem, A., Naparstek, O., and Nehorai, A.
Adaptive radar waveform design for multiple targets:
Computational aspects.
In Proceedings of the 2007 IEEE International Conference
on Acoustics, Speech, and Signal Processing, 2007,
11-909-912.
Proakis, J. G.
Digital Communications.
Columbus, OH: McGraw-Hill, 1983.
Walkenhorst, B., Pratt, T., and Ingram, M.
Improving MIMO capacity in a line-of-sight environment.
In Proceedings of the IEEE Global Telecommunications
Conference, 2007, 3623-3628.
Ward, J.
Space-time adaptive processing for airborne radar.
MIT Lincoln Laboratory, Cambridge, MA, Technical
Report 1015, DTIC ESC-TR-94-109, Dec. 13, 1994.
Ward, J., Baranoski, E., and Gabel, R.
Adaptive processing for airborne surveillance radar.
In Conference Record of the Thirtieth Asilomar Conference
on Signals, Systems, and Computers, vol. 1, 1997,
566-571.
Wicks, M., Piwinski, D., and Li, P.
Space-time adaptive processing in modern electronic
warfare environments.
In Proceedings of the IEEE International Radar
Conference, 1995, 609-613.
Widrow, B., Glover, J., McCool, J., Kaunitz, J., Williams, C.,
Hearn, R., Zeidler, J., Dong, E., and Goodlin, R.
Adaptive noise cancelling: Principles and applications.
Proceedings of the IEEE, 63, 12 (1975), 1692-1716.

IEEE TRANSACTIONS ON AEROSPACE AND ELECTRONIC SYSTEMS VOL. 47, NO. 2 APRIL 2011



Thomas G. Pratt (M’85—SM’10) received an M.S. and a Ph.D. in electrical
engineering from the Georgia Institute of Technology, Atlanta, in 1989 and 1999.

He is a research associate professor in the Department of Electrical
Engineering at the University of Notre Dame. Prior to his appointment at Notre
Dame, he served as a principal research engineer at the Georgia Tech Research
Institute (GTRI), where he served 23 years. His current research is focused on
multiport systems, including dual polarized architectures, for RF-based sensing.

Dr. Pratt has patents and patents pending in the areas of signal detection,
interference suppression, and adaptive processing. He has authored over one
hundred publications, and was a keynote speaker at the WAVE 2008 conference
in Dearborn, MI.

Yih-Fang Huang (M’79—SM’94—F’95) received his Ph.D. in 1982 from
Princeton University, Princeton, NJ.

He is Professor of the Department of Electrical Engineering at University
of Notre Dame where he started as an assistant professor in 1982. He served as
chair of the department from 1998 to 2006. In Spring 1993, Dr. Huang received
the Toshiba Fellowship and was Toshiba Visiting Professor at Waseda University,
Tokyo, Japan, in the Department of Electrical Engineering. From April to July
2007, he was a visiting professor at the Munich University of Technology.

In Fall, 2007, Dr. Huang was awarded the Fulbright-Nokia Scholarship for
lectures/research at Helsinki University of Technology. His research interests
focus on statistical communications and adaptive signal processing.

Over the years, collaborating with his students and colleagues, Dr. Huang
has worked on set-membership filtering (SMF) and identification and developed
a group of adaptive algorithms known as optimal bounding ellipsoids (OBE).
He was the area editor on Mathematics for Circuits and Filters Handbook (CRC
Press/IEEE Press, 1995) and the area editor on Signal Processing for Electrical
Engineering Handbook (Elsevier/Academic Press, 2005). He has also served on
the Editorial Board for the Journal of the Franklin Institute. He was associate
editor for the IEEE Transactions on Circuits and Systems (1989—1991) and
associate editor for its Express Letters in 1992—-1993. He received the Golden
Jubilee Medal of the IEEE Circuits and Systems Society in 1999, served as vice
president in 1997-1998 and was a distinguished lecturer for the same society in
2000-2001. He received the University of Notre Dame’s Presidential Award in
2003.

PRATT ET AL.: SUBSPACE OPTIMIZATION IN CENTRALIZED NONCOHERENT MIMO RADAR 1239



Zhenhua Gong received the B.S. degree in electrical engineering from Shanghai
Jiao Tong University, Shanghai, China, in 2007.

Since 2007, he has been with the Department of Electrical Engineering,
University of Notre Dame, Notre Dame, IN, where he received the M.S. degree
in 2009. He is currently working towards the Ph.D. degree at the University of
Notre Dame, Notre Dame, IN.

Michael D. Lemmon (M’81) received the B.S. degree in electrical engineering
from Stanford University, Stanford, CA, in 1979 and the Ph.D. degree in
electrical and computer engineering from Carnegie Mellon University, Pittsburgh,
PA, in 1990.

He is a Professor of Electrical Engineering at the University of Notre Dame.
Most recently he helped forge a consortium of academic, private and public sector
partners to build one of the first metropolitan scale sensor-actuator networks
(CSOnet) used in monitoring and controlling combined-sewer overflow events.
His research deals with real-time networked control systems with an emphasis
on understanding the impact that reduced feedback information has on overall
system performance. This work has been funded by a variety of state and
federal agencies that include the National Science Foundation, Army Research
Office, Defense Advanced Research Project Agency, and Indiana’s 21st Century
Technology Fund.

Dr. Lemmon served as an associate editor for the IEEE Transactions on Neural
Networks and the IEEE Transactions on Control Systems Technology. He chaired
the first IEEE working group on hybrid dynamical systems and was the program
chair for a hybrid systems workshop in 1997.

1240 IEEE TRANSACTIONS ON AEROSPACE AND ELECTRONIC SYSTEMS VOL. 47, NO. 2 APRIL 2011



