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Abstract— A cooperative MIMO system for range extension
in sensor networks is considered. A local sensor group forms
a consensus and seeks to transmit a common pool of data to
a stand-off multi-element collector. Each sensor then transmits
one column of an orthogonal space-time block code (OSTBC).
The resulting increased effective power and diversity can yield
substantial range increases for moderate numbers of sensors.The
major problem is tracking the individual sensor frequency offsets,
delays and sensor-to-collector channels under high mobility. The
unscented Kalman filter (UKF) is presented as a state of the art
solution to the cooperative MIMO channel estimation problem,
and its performance is evaluated via a hybrid analysis/simulation
of bit-error rate. A hardware implementation of the collector
is also discussed based on simplified correlation and homodyne
estimation strategies. The homodyne estimator performance is
finally compared to that of previous generalized successive in-
terference cancellation (GSIC) and correlation-based algorithms
via simulation.

I. I NTRODUCTION

The use of multiple single-antenna sensors to form a virtual
transmit antenna array has been proposed in [1][2] and [3].
Typically, each sensor transmits one column of an OSTBC
[4], and the resulting spatial/temporal diversity allows trade-
offs between reduced sensor power, error rates and range.
Here, it is assumed that a local sensor group has formed
a consensus (e.g. acoustic localization of a target) and thus
has a common pool of data to transmit to the collector (e.g.
target position/velocity/ID.) It is assumed that each sensor has
fixed transmit power. The objective is to increase collector
operating range for constant BER by increasing the number
of cooperating sensors.

The primary difficulty in the proposed cooperative MIMO
system is estimation of channel states. Unlike point-to-point
MIMO links, the individual sensor oscillators cannot be
coupled, and thus frequency/phase offsets are independent
and must be tracked individually. In addition, the collector
experiences different transmission delays from each sensor and
thus individual symbol timing, as well as channel gains must
be estimated. Previous estimators for offset/delay/channels
in MIMO systems typically assume that these parameters
are quasi-static, and thus maximum-likelihood (correlation)
techniques are applicable [5][6][7][8]. However, the collector
is often highly mobile and thus time-varying channel models
are more realistic.

This paper considers two types of channel estimators. First,
the unscented Kalman filter (UKF) [9] is proposed for joint
estimation of offset/delay/channels. The UKF is challenging
from the standpoint of actual hardware implementation, but
results here show that its performance is within a half dB
of that achieved with perfect channel state information (CSI.)
Second, we describe the current status of a hardware testbed
for cooperative MIMO. Although implementation of the UKF
is not yet feasible, quasi ML techniques using a homodyne
frequency offset estimator have been demonstrated. It is shown
that the homodyne method can be obtained via a systematic
approximation to the ML offset estimator.

The paper is organized as follows. Section II presents the
signal/channel model incorporating realistic pulse shaping,
and derives the link budget for computing collector range
under Rayleigh fading. Section III discusses the UKF channel
estimator and the hybrid analysis/simulation BER evaluation.
The current hardware testbed channel estimator, derivation
and performance evaluation of the homodyne method are
summarized in Section IV. Conclusions are given in Section
V.

II. SIGNAL /CHANNEL MODELS AND L INK BUDGET

It is assumed that each ofNs single-element sensors trans-
mits one column of an OSTBC to anMc element collector.
The collector oversamples atNd times the symbol rate, and
thus for eachNc symbol-long OSTBC codeword forms a
received matrixR(n) ∈ C

NcNd×Ns . The resulting received
signal for OSTBC codewordn is derived in [8] as

R(n) =

Ns
∑

k=1

Nc−1
∑

q=0

pq,n(τk, δωk)hT
k sk(q + nNc) +N(n). (1)

The noiseN(m) has i.i.d. circular Gaussian elements with
variance2N0/Ts for an input Nyquist bandwidth1/(2Ts).
The oversampled raised-cosine pulse corresponding to symbol
sk(q + mNc) is pq,n(τk, δωk) and is parameterized by the
delayτk and frequency offsetδωk. Specifically [8],

pq,n(τk, δωk) = (2)
[

p((NcNd − 1)Ts − τk − qT )eiδωk(nNcT+(NcNd−1)Ts),

. . . , p(−τk − qT )eiδωknNcT
]T

,



where p(t) is the continuous-time pulse,T is the OSTBC
symbol interval, andNd = T/Ts is the oversampling factor.
The bandpass energy in each pulsep(t) is defined byEs =
Nu

∫

p(t)2dt/2, whereNu = 1 for the Alamouti code and
Nu = 2 for G4

c . Thus, each sensor transmits with fixed power
regardless of the number of sensorsNs, in order to maximize
operating range.

To determine maximum collector range to meet a BER
target, perfect CSI and orthogonal pulsespq,n are assumed.
For linear decoding [4] and QPSK symbolssk(q), it has
been shown [10][2] that the resulting BER conditioned on the
channel realization is

Pb =
1

2
erfc

(

√

Eb

N0
||H||2F

)

, (3)

whereH = [h1 . . .hNs
]. Note that (3) is modified slightly for

constant sensor power with increasingNs. In Rayleigh fading,
the components ofH are i.i.d. circular Gaussian. The expo-
nential bound erfc(

√
x) < exp(−x) is then employed, which

when averaged over the density ofH yields the expression for
unconditional BER

P b <
1

2

[

1 +
Eb

N0

]−McNs

. (4)

The asymptotic upper bound on BER in Rayleigh fading is
thusP b → 1

2 exp(−EbMcNs/N0). Again, since sensor power
is fixed regardless ofNs, an exponential coding gain inNs and
exponential collector diversity gain inMc are jointly obtained.

The Hata model [11] is employed to calculate the link
budget between an individual sensor and individual collector
element. The receive power (dB) is

PR(dB) = PT (dB) + GT (dB) + GR(dB)+

10 log10

(

λ

4πd0

)2

+ 10α log10(d0/dr),
(5)

wherePT is transmit power,GT is the transmit antenna gain (
0 dB for a single-antenna sensor),GR is the collector element
gain andd0 is a nominal distance at which spherical loss is
valid. The actual range between the sensor and collector isdr.
The propagation loss typically satisfies2 < α < 5 and λ is
wavelength. From eq. (4), we compute the required received
power PR needed to maintain a target BERP ∗

b . Let γ =
Eb/N0 be the required receive SNR per bit between a single
sensor and single collector element computed from (3). Then

γ =

(

1

2P ∗
b

)1/(NsMc)

− 1

P ∗
R(dB) = 10 log10(N0Rcγ),

(6)

where Rc is the bit rate. The achievable rangedr is then
obtained from (5) by substitutingP ∗

R.
The range as a function of number of sensors and bit rate

is shown in Fig. 1 for the Hata model. Aλ corresponding to a
1 GHz carrier is assumed, withα = 3 as the fading exponent
andd0 = 100 m. Each sensor has fixed power of20 dBm, and
Mc = 8 collector elements with individual gains ofGR = 15
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Fig. 1. Collector range for Rayleigh fading and OSTBCs.

dB are assumed. It is seen that at1 kbps, range is doubled as
Ns increases from2 to 16 sensors. At low data rates, ranges
up to 4.5 km can be achieved with16 sensors.

III. U NSCENTEDKALMAN FILTER FOR CHANNEL

ESTIMATION

Returning to the received signal model eq. (1), it is seen
thatR(n) is a nonlinear function of the delaysτk and offsets
δωk. Furthermore, these quantities along with the channelshk

are time-varying. Due to the nonlinear measurement model,
the standard Kalman filter cannot be employed. Alternative
nonlinear estimators include the extended Kalman, Gaussian
sum and particle filters [12]. However, we focus here on the
unscented Kalman filter (UKF) [9] which has less complexity
than particle filters, and generally outperforms the EKF.

To apply the UKF, it is convenient to first define a single
real-valued state vectorx(n) as follows.

x(n) = [τ1 . . . τNs
δω1 . . . δωNs

Re{h1}T . . . Re{hNs
}T Im{h1}T . . . Im{hNs

}T ]T
(7)

The dimension ofx(n) is thusNx = Ns(2Mc +2). Next, the
complex-valued received signalR(n) in (1) is mapped to a
real-valued vector

z(n) = [Re{V ec(R(n)}T Im{V ec(R(n)}T ]T , (8)

whereV ec(A) is the vector formed by stacking the columns of
matrixA. Thusz(n) has dimension2NcNdMc. The nonlinear
measurementg(x(n)) is then defined as

G(x(n), sk(q + nNc)) =
Ns
∑

k=1

Nc−1
∑

q=0

pq,n(τk(n), δωk(n))hk(n)T sk(q + nNc)

g(x(n), sk(q + nNc)) =
[

Re{V ec(G(x(n), sk(q + nNc)))
T }

Im{V ec(G(x(n), sk(q + nNc)))
T }
]T

,

(9)



where the dependence ofx(n) on hk, δωk, τk is given by (7).
Note that the measurement function (9) also depends on the
STC symbolssk(q). A linear, first-order autoregressive process
model is appropriate for MIMO channels and offsets governed
by Jakes’ model [13]. Thus, the process and measurement
model for the cooperative MIMO problem are expressed as

x(n + 1) = Fx(n) + w(n)

z(n) = g(x(n)) + v(n)
. (10)

A detailed derivation of the UKF is given in [9]. For
the model (10), the prediction equations are identical to the
ordinary Kalman filter. Let̂x(n−1|n−1) ≈ E{x(n−1)|zn−1}
be the measurement update, withzn = {z(n) . . . z(1)}. The
measurement covariance isP(n− 1|n− 1) ≈ E{[x(n− 1)−
x̂(n− 1|n− 1)][]T }. Then the first step in the UKF recursion
after receivingz(n) is to compute one-step predictions

x̂(n|n − 1) = Fx̂(n − 1|n − 1)

P(n|n − 1) = FP(n − 1|n − 1)FT + Q,
(11)

whereQ = E{w(n)w(n)T } is the process noise covariance.
The measurement update step must account for the non-

linear measurement functiong(x(n)). The extended Kalman
filter accomplishes this via linearization, whereas the UKF
forces a linear structure to the measurement update as follows
[9].

x̂(n|n) = x̂(n|n− 1) + Px,z̃(n)Pz̃(n)−1[z(n)− ẑ(n|n− 1)].
(12)

The covariance matricesPx,z̃(n) andPz̃(n)−1 are defined in
terms of sigma-points [9]x0(n) = x̂(n|n − 1), andxi(n) =

x0(n)±
√

(2Nx + 1)P(n|n− 1)
1/2
i , for i = 1, . . . , 2Nx. The

weights Wi form a probability vector. The vectorP(n|n −
1)

1/2
i is the i-th column of the Cholesky decomposition of

the predicted covariance [9]. A predicted measurement is then
formed by

ẑ(n|n − 1) =

2Nx
∑

i=0

Wig(xi(n)), (13)

and the covariances are

Px,z̃(n) =
2Nx
∑

i=0

Wi[xi(n) − x̂i(n|n − 1)][g(xi(n)) − ẑ(n|n − 1)]T ,

Pz̃(n) =
2Nx
∑

i=0

Wi[g(xi(n)) − ẑ(n|n − 1)][g(xi(n)) − ẑ(n|n − 1)]T +

N0

Ts
I.

(14)

In order to implement the UKF, tentative decisions on the
OSTBC symbolssk(q) are required to compute the measure-
ment functiong(x(n)). Linear decoding [4] for OSTBCs can
be shown to only be optimal for orthogonal pulse vectors
pq,n in (1) and perfect synchronization among sensorsτk =

Given channel/offset estimateŝx(n|n− 1)

ĥk, τ̂k, δ̂ωk ← x̂(n|n− 1)

Update estimated sufficient statistics

ŷk(q) = ĥT
k
R(n)Hpq(τ̂k, δ̂ωk)

Compute data decisions using linear decoding (QPSK)

{b̂l} = argmax{bl}

∑Ns

l=1 2Re
{

bl

∑Nc−1
q=0 ŷ′

kq(l)
(q)
}

Form predicted measurement using data decisionsb̂l → ŝk(q)

ẑ(n|n− 1) =
∑Ns(2Mc+2)

i=0 Wig(xi(n), ŝk(q))

Compute Cholesky decomposition ofP(n|n− 1) and sigma-pointsxi(n)

Update covariance matricesPx,z̃(n),Pz̃(n)

Form real-valued measurement vector

z(n) = [Re{V ec(R(n)}T Im{V ec(R(n)}T ]T

Measurement update

x̂(n|n) = x̂(n|n− 1) + Px,z̃(n)Pz̃(n)−1[z(n)− ẑ(n|n− 1)]

Covariance update

P(n|n) = P(n|n− 1)−Px,z̃(n)Pz̃(n)−1Px,z̃(n)T

Prediction

x̂(n + 1|n) = Fx̂(n|n)

TABLE I

UKF CHANNEL TRACKER/DECODER

τ for k = 1, . . . , Ns. For the raised-cosine pulses used,
and asynchronous sensor transmission, the ML decoder for
OSTBCs has complexityO(QNs), where Q is the size of
the signal constellation. Thus, we employ linear decoding
despite its suboptimality for simplicity. The details of the
linear decoder are given in [8], but the final form assuming
orthogonal pulses is

b̂l =

argmax
bl

2Re

{

bl

Nc−1
∑

q=0

y′
kq(l)(q)

}

− |bl|2
Nc−1
∑

q=0

Qkq(l),kq(l),q,q,

(15)

where thebl ∈ C are the information symbols corresponding
to the OSTBC code symbolssk(q). The sensor indexkq(l)
corresponds to the sensor transmitting symbolbl at timeq in
the OSTBC. In (15), the sufficient statistics are defined by

y′
kq(l)(q) =

{

(−)ykq(l)(q) if skq(l)(q) = (−)bl

(−)ykq(l)(q)
∗ if skq(l)(q) = (−)b∗l

, (16)

where

yk(q) = ĥT
k R(n)Hpq(τ̂k, δ̂ωk)

Qk,k′,q,q′ = pq′(τ̂k′ , δ̂ωk′)Hpq(τ̂k, δ̂ωk)ĥH
k′ ĥk.

(17)

The UKF channel/offset tracking algorithm operates in
decision-directed mode, where estimatesx̂(n|n − 1) are used
to compute the data decisionsb̂l(n) using the linear decoding
rule (15). The decisionŝbl(n) then determine the STC sym-
bols ŝk(q) in (9). The overall decoder and UKF estimation
algorithm is given in Table I.

A hybrid analysis/simulation evaluation of BER is employed
for the UKF in a manner similar to that used for GSIC in [8].



The BER for linear decoding was obtained in closed form in
[8] conditioned on offset/delay/channel states and estimates.
The result is

Pb =
1

22Ns−1

∑

Sn:sgn(Re{bn
1 })=1

1

2
erfc

(

E{Un
1 }

√

2V ar{U1}

)

,

E{Un
1 } =

2Re

{

Nc−1
∑

q=0

sgn(Re{sn
kq(1)})ĥT

kq(1)(S
n)Hpq(θ̂kq(1))

}

V ar{U1} =

4N0

Ts

Nc−1
∑

q=0

Nc−1
∑

q′=0

ĥH
kq(1)ĥkq′(1)

pq(θ̂kq(1))
Hpq′(θ̂kq′ (1)

),

(18)

Note thatθ̂k = {τ̂k, δ̂ωk}. The signal matrixSn corresponds
to then-th of 4Ns OSTBC codewords and is equivalent to eq.
(1) with zero noise.

In the simulations, a channel trajectory and corresponding
UKF estimates are generated, and BER (18) is evaluated for
each OSTBC codeword interval. The time-average of BER,
assuming ergodicity, then yields an estimate of unconditional
error rate. Figure 2 shows the performance of the UKF,
linear decoding with CSI, and linear decoding for orthogonal
synchronized pulses. A2 × 2 Alamouti code and4 × 4 G4

c

code, both withMc = 8 collector elements are compared.
The carrier frequency was1 GHz with a 1/T = 500 ksps
symbol rate. Frequency offsets were chosen uniformly in the
range±10 kHz. The first-order AR channel was simulated
according to an approximate Jakes’ model with collector
velocity of 100 m/s. It is seen that the performance loss due to
offset/delay/channel estimation is less than.5 dB. The largest
performance degradation occurs due to non-orthogonality of
the pulsespq,n and relative frequency offsets between sensors.
Note that the UKF was initialized using the GSIC estimator
of [8].

Channel errors and UKF predicted error covariances are
compared in Fig. 3. Specifically, we compare the error norm
||H(n)− Ĥ(n)||2F with the trace covariance tr{Pc(n|n− 1)}.
Note thatPc is the2NsMc×2NsMc submatrix ofP(n|n−1)
corresponding to the channel estimation errors alone. It isseen
that the UKF predicted covariance is significantly smaller than
theL2 channel error at lower SNRs. This is conjectured to be
due to both the non-Gaussian statistics of the received signal
which is amplified at lower SNR, as well as the effect of
decision errors. At higher SNR, it is seen that theL2 error
norm approaches the trace covariance.

IV. I MPLEMENTATION CONSTRAINTS AND HOMODYNE

OFFSETESTIMATOR

The UKF-based algorithm is a state-of-the art nonlinear
filtering solution to the cooperative MIMO channel estimation
problem. However, it was determined that Kalman filter-based
channel estimators were too complex for implementation in the
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current testbed [14]. This testbed employs the Xilinx Virtex-
4SX FPGA for signal processing and currently implements
an Alamouti 2x1 OSTBC at 500 kbps and a 1.3 GHz carrier
frequency. Due to the FPGA constraints, a simplified homo-
dyne frequency-offset estimator with LMS channel tracker was
targeted to the Virtex device as described in [14]. Here, we
show that the homodyne method is a systematic approximation
to the ML joint delay/offset/channel estimator. The perfor-
mance of the homodyne estimator is compared to the quasi-
ML correlation and GSIC algorithms in [8].

The homodyne method is introduced by considering a single
sensor/single collector element received signal model. Set
Ns = Mc = 1, with delay τ = 0. Assume raised-cosine
signaling with resulting zero intersymbol interference, and
Ts = T as the minimum Nyquist sampling interval. Then eq.
(1) for the received signal matrix reduces to the sequence

r(n) = hs(n)eiδωnTs + n(n), (19)



whereh ∈ C is the scalar channel gain, ands(n) is a training
sequence. Consider the variablesu(n) = r(n)r∗(n+1). Then

u(n) = |h|2s(n)s∗(n + 1)e−iδωTs + v(n), (20)

where v(n) depends on both the thermal noisen(n) and
transmitted signal. The following statistic is computed

g(δω) =
∑

n

s(n)∗s(n + 1)u(n)

≈ |h|2
(

∑

n

|s(n)|2|s(n + 1)|2
)

e−iδωTs + ν

. (21)

An estimate of the frequency offsetδω is then just δ̂ω =
−argg(δω)/Ts.

We next derive a homodyne algorithm for multiple sensors
and collector elements for a quasi-static channel that jointly
estimates the delays and channels. A TDMA transmission
format is assumed during training, in which only sensork
transmits in each frame. First rewrite the received matrix (1)
over anNc symbol long training packet as

R =

Nc−1
∑

q=0

sk(q)(pq(τk) ◦ w(δωk))hT
k + N (22)

= (sk(τk) ◦ w(δωk))hT
k + N.

In (22), the pulse function with zero frequency offset is defined
by pq(τk) = pq(τk, 0) in (2). The training sequence with
zero frequency offset issk(τk) =

∑Nc−1
q=0 sk(q)pq(τk), and

the frequency vectorw(δω) is

w(δωk) =
[

eiδωk(NcNd−1)Ts , . . . , eiδωkTs , 1
]T

. (23)

The joint ML estimate is

τ̂k, ĥk, δ̂ωk = arg min
τk,hk,δωk

||R(n)− (sk(τk) ◦w(δωk))hT
k ||2F .

(24)
The channel estimatêhk is first computed as

ĥk =
1

||(sk(τk)||2 R(n)T (sk(τk) ◦ w(δωk))∗, (25)

and substitution into (24) yields the delay/frequency estimates

τ̂k, δ̂ωk =

arg max
τk,δωk

(sk(τk) ◦ w(δωk))HR(n)R(n)H(sk(τk) ◦ w(δωk))

||(sk(τk)||2 .

(26)

To develop the Homodyne approximation, rewrite the max-
imization overδω for fixed τk in (26) as

δ̂ωk = argmax
δωk

NcNd−1
∑

l=0

NcNd−1
∑

l′=0

eiδωk(l′−l)TsA(τk)l,l′ . (27)

where the matrixA(τk) is defined by

A(τk) = sk(τk)H ◦ R(n)R(n)H ◦ sk(τk). (28)

Note that with an abuse of notation,R(n)H ◦ sk corresponds
to the Hadamard product of each row ofR(n)H with sk.
Changing variables yields

δ̂ωk = argmax
δωk

NcNd−1
∑

µ=−(NcNd−1)

eiδωkµTs

l2(µ)
∑

l=l1(µ)

A(τk)l,l+µ,

(29)
where l1(µ) = max(0,−µ) and l2(µ) = min(NcNd −
1, NcNd − 1 − µ).

Define the cross-correlation coefficient

c(τk, µ) =

l2(µ)
∑

l=l1(µ)

A(τk)l,l+µ (30)

We now approximatec(τk, µ) = 0 for µ 6= ±1. Note that
c(τk,−µ) = c(τk, µ)∗, since matrixA(τk) in (28) is Hermi-
tian symmetric. Then an approximate frequency estimate for
given τk is obtained by only using the termsµ = ±1 in (29).

δ̂ωk = argmax
δωk

∑

µ=±1

eiδωkµTsc(τk, µ) (31)

= argmax
δωk

2|c(τk, 1)| cos (δωkTs + argc(τk, 1)) ,

which yields

δ̂ωk = − arg (c(τk, 1))/Ts. (32)

The overall homodyne-based channel/delay/offset estima-
tion algorithm is given in Table II.

It is next shown that the homodyne estimator (31) corre-
sponds to (21) forNs = Mc = 1 andTs = T for zero delay.
In this case, the received vector isr = sk ◦w(δω)hk, and the
correlation coefficient becomes (assuming zero noise)

c(τ, 1) =
NcNd−2
∑

l=0

(s∗ ◦ (s ◦ w(δω))h)l((s ◦ w(δω))∗h∗ ◦ s)l+1

= |h|2
NcNd−2
∑

l=0

(|(s)l|2)(w(δω))l(w(δω)∗)l+1(|(s)l+1|2)

= e−iδωTs |h|2
NcNd−2
∑

l=0

(|(s)l|2)(|(s)l+1|2).

Hence the coefficient is maximized when arg(c(τk, 1)) =
−δωkTs, and δ̂ωk = − arg (c(τk, 1))/Ts yields the true
frequency offset.

The algorithm in (31) was simulated for a quasistatic
channel, where each realization ofhk was generated as i.i.d.
circular Gaussian (Rayleigh fading.) Frequency offsets were
chosen uniformly in the range±10 KHz. The frequency offset
estimation error is shown in Fig. 4 for the homodyne method in
Table II and the GSIC/correlation approximate ML estimators
in [8]. It is seen that the homodyne estimator performance is
unacceptable until> 20 dB SNR. This is evidently due to the
approximationc(τk, µ) = 0 for µ 6= ±1, since without this
simplification, the homodyne can be shown to be equivalent
to the correlation method in [8].



For sensors/packetsk = n = 1, . . . , Ns

Receive packetR(n) from sensork = m

For delay hypothesesq = 1, 2, . . . Q

Trial delay isτ = dq

Compute Hadamard training sequence/received matrix product

A(dq) = sk(dq)H ◦R(n)R(n)H ◦ sk(dq)

Compute homodyne correlation coefficient

c(dq , 1) =

NcNd−2
∑

l=0

A(dq)l,l+1

Compute offset estimate

δ̂ω(dq) = −arg(c(dq, 1))/Ts

Metric computation

γ(dq) =

NcNd−1
∑

l=0

NcNd−1
∑

l′=0

eiδ̂ωk(dq)(l′−l)TsA(dq)l,l′

Next delay hypothesisdq

τ̂k = argmaxdq
γ(dq)

δ̂ωk = δ̂ωk(dq)

Channel estimate for sensork

ĥk = 1
||sk(τ̂k||2

R(n)T (sk(τ̂k) ◦w(δ̂ωk)∗

Next sensor/packetk = m

TABLE II

HOMODYNE ALGORITHM FOR CHANNEL/OFFSET ESTIMATION.

The channel estimation error (sine-squared error) is com-
pared for the homodyne, GSIC and correlation algorithms
in Fig. 5. At higher SNR, the homodyne actually outper-
forms GSIC and correlation, apparently since the former
employs TDMA transmission eliminating inter-sensor interfer-
ence. Note that GSIC and correlation do not require TDMA,
whereas homodyne performance was found to be unacceptable
when all sensors transmit simultaneously.

V. CONCLUSIONS

Two joint estimators for cooperative MIMO systems were
presented. The UKF method is an advanced nonlinear filtering
algorithm that suffers a< .5 dB performance loss compared
with perfect channel state information. In contrast, the current
testbed based on FPGA technology can only implement a sim-
plified homodyne estimator. It was shown that the homodyne
is a systematic approximation to the joint ML estimator for
quasi-static channels. However, simulated performance shows
unacceptable offset errors except at very high> 20 dB SNRs.
Thus, more advanced FPGA and ASIC technology is clearly
required to implement Kalman-filter based tracking algorithms
for the cooperative MIMO channel.
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