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Abstract-The performance of wireless MIMO systems is
known to suffer significantly from fading correlation between
the antenna elements in a poor scattering environment if the
transmitter is non-adaptive. However, acquiring accurate
short-term channel state information to control TX adaptivity
can be a serious problem, in particular in FDD systems. Thus,
we are proposing statistical linear transmit prefiltering
schemes for MMSE and ML detection in the receiver that are
solely based on long-term channel state information. It is
demonstrated that long-term adaptive prefiltering can achieve
a significant gain over non-adaptive (blind) transmission.
Prefiltering for ML detection in a strongly correlated channel
is shown to yield almost the same performance as the blind
scheme in an uncorrelated channel. Moreover, exploiting longterm properties of the channel is especially appealing in terms
of computational complexity and channel estimation, as the
long-term channel estimation process can be carried out in a
wide time window.

low angular spread (AS) causing high fading correlation,
while the mobile station experiences a richer scattering
scenario with vanishing correlation.
Furthermore, the requirement of accurate ST CSI at the
transmitter is hard to fulfill in a real system. One example
would be a low mobility TDD system, where the channel state
estimated in receive direction may be assumed to be stable
enough to be still valid for the following transmit cycle. Given
a FDD system, however, the short-term fading states of uplink
and downlink are not interrelated. In this case, the TX CSI is
restricted to statistical long-term (LT) CSI that is determined
by the large scale scattering environment, which shall be
assumed to be changing only on a long-term time-scale.
Statistical TX CSI can be accurately determined e.g. via low
rate feedback from the receiver or via frequency
transformation of the TX antenna array correlation matrix.
After recapitulating two underlying performance measures
for MMSE and ML detection, namely the MSE and the
pairwise error probability (PEP), respectively, we give two
simple bounds on these quantities in a correlated Rayleigh
fading environment. Based on these bounds, we derive the
optimum statistical linear matrix prefilters. The potential of
statistical prefiltering with correlated MIMO channels is then
demonstrated in simulations. There is a noticeable
performance improvement due to the prefiltering operation.
Especially the gain in case of prefiltering with ML detection is
significant. In a strongly correlated channel, the proposed
scheme can achieve a performance similar to that of an
equivalent non-adaptive MIMO system with vanishing fading
correlation.

I. INTRODUCTION
In this paper, we study long-term channel state information
(CSI) based linear transmit prefiltering with correlated MIMO
channels for minimum mean squared error (MMSE) and
maximum likelihood (ML) receivers. This work is motivated
by results on correlated multiple input multiple output
(MIMO) channel capacity with long-term CSI based
waterfilling at the transmitter (cf. [1][2][15]). It has been
shown that the performance penalty due to long-term
processing in terms of ergodic channel capacity compared to
the short-term case is only minor if adequate statistical
waterfilling algorithms are employed at the transmitter.
Several system proposals, including e.g. antenna subset
selection ([3]) and linear prefiltering based on a mean squared
error (MSE) criterion (cf. [4][5][6]), have demonstrated that
the performance in terms of bit error rate (BER) of MIMO
wireless systems can significantly be improved by exploiting
CSI at the transmitter. The focus so far has been mainly on
MIMO channels with uncorrelated fading between the antenna
elements and short-term (ST) CSI at the transmitter, where by
short-term CSI we mean information on the fast fading
channel state. However, especially in outdoor scenarios the
assumption of independent fading can certainly not be
fulfilled. In particular at the base station there is normally a
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In section II, we are introducing the signal and channel
model that is the basis of our work. Section III presents
performance results without transmit prefiltering in semicorrelated channels for MMSE and ML MIMO receivers.
Statistical linear prefiltering is derived and simulation results
are presented in sections IV and V.
II. SIGNAL AND CHANNEL MODEL
We consider a flat fading MIMO link modeled by
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y = HFs + n ,

(1)

On the other hand, the nonlinear ML receiver directly detects
the symbol vector (assuming Gaussian noise) via

where s is the L×1 TX symbol vector, F is a MTX×L TX linear
matrix filter that maps L TX symbols on MTX transmit
antennas, H is the MRX×MTX MIMO channel matrix, n is the
MRX×1 noise vector, y is the MRX×1 receive vector (see Fig. 1).
L is the number of independent subchannels (L symbols are
transmitted in parallel), MRX is the number of RX antennas,
and MTX is the number of TX antennas.

sˆ = arg min ( y − HFs k ) R −nn1 ( y − HFs k ) ,
H

sk

where sk is the hypothesized TX symbol vector. The search for
the minimum is over all Q L possible TX vectors with the
constellation size Q and the number of independent
subchannels L.

A linear or nonlinear receiver can detect (ML) or estimate
(MMSE), respectively, the symbol vector ŝ from the received
signal vector y. In the following we denote the noise
covariance matrix by Rnn and the TX signal covariance is
generally given by Rss.

All correlated fading simulations presented in this paper
are based on the following assumptions, if not explicitly stated
otherwise. We are considering uncoded QPSK transmission on
the subchannels. The noise at the RX is additive white
Gaussian (AWGN) and we assume unity power symbols, i.e.
Rnn and Rss are (scaled) identity matrices. For each channel
use, a new random channel matrix is determined via (2), while
the correlation matrices RRX and RTX are constant, i.e. the
large-scale scattering environment does not change. Both RX
and TX arrays are uniform linear (ULA) and have an antenna
element spacing of 0.5 wavelengths.

n
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Fig. 1: System model with linear precoding

The receiver is assumed to be surrounded by a huge
number of scatterers, resulting in an angular spread (AS) of
360 degrees with equally distributed power. We note that
under this assumption the fading between the RX antenna
elements is approximately uncorrelated. On the transmit side
we assume a mean direction of departure (DOD) of 20 degrees
with respect to the array perpendicular with the AS having a
Laplacian power distribution, as it was proposed for the
macrocellular vehicular environment in [9]. The correlation
matrices RRX and RTX are determined by these parameters.

With common assumptions on the MIMO propagation
model given e.g. in [2][7], the correlated channel can
mathematically be described by the matrix product

H = A H H wB ,

(2)

where Hw is a MRX× MTX matrix of complex i. i. d. Gaussian
variables of unity variance and

AA H = R RX

BB H = R TX ,

(3)

where RRX and RTX is the long-term stable (normalized) receive
and transmit correlation matrix, respectively.

We define the signal-to-noise ratio (SNR)

SNR = 10 log10

III. BLIND TRANSMISSION
The performance of MIMO systems employing MMSE
and ML receivers with transmitters devoid of any CSI shall be
studied in this section. In this case, the best the transmitter can
do is transmitting independent data streams, each via a
different transmit antenna. We will refer to this scenario as
blind transmission. Note that in this case we have F = I M if
we transmit a different symbol on each TX antenna, i.e.
L=MTX, where I M is an identity matrix of size MTX× MTX.

M TX Eb
N0

[dB] ,

The performance degradation due to fading correlation
with blind transmission becomes obvious in Fig. 2.
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Assuming full instantaneous channel knowledge at the
receiver, the optimum receive matrix filter Gopt that minimizes
the mean squared error between RX and TX signal is given by
the well known MMSE solution (cf. [8])

(

)

−1

−1
F H H H R nn

(7)

where N0 is the variance of the complex Gaussian noise on
each RX antenna and Eb is the energy per information bit.

TX

−1
G opt = R −ss1 + F H H H R nn
HF
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Overall BER
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and the vector ŝ that is used for subsequent detection reads

sˆ = G opt y .

(6)
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Fig. 2: Blind transmission in a SCC
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We have plotted BER curves for a 4×4 system with
MMSE and ML receivers for an uncorrelated as well as a
semi-correlated channel (SCC) with a root mean square AS of
10 degrees at the TX side. Especially the performance of the
linear MMSE receiver deteriorates noticeably in the presence
of fading correlation. It is also obvious that the ML receiver
provides the full diversity of 4 (which is equal to the number
of RX antennas), while the MMSE receiver exhibits only a
diversity of 1.

µ =
1

e = s − Gy = s − ( GHFs + Gn )

(8)

by jointly optimizing the matrix filters F and G subject to a
power constraint on the TX vector
2
min c ( G, F ) = E  e 
G,F

.
H
s.t. : tr FR ss F ≤ ρ

The objective function c is the MSE and the total transmit
power is given by ρ. It turns out that the optimum receiver
matrix Gopt in the sense of (9) is given by the standard solution
in (4). With this RX filter choice, the MSE reads (cf. [8])

(

)

−1

.

(11)

H H R −nn1 H = VΛV H ,

(12)

We mention that the transmitter has to know the
covariance matrix of the receiver noise, namely Rnn, in order to
be able to carry out the EVD in (12) and find the optimum
prefilter in (17). However, one can assume that Rnn is
sufficiently stable and can thus be fed back by the RX on a
low rate link to the TX.

and

whereas we will refer to an eigenvector with its corresponding
eigenvalue in (12) as short-term eigenmode, as it is directly
derived from the instantaneous MIMO channel matrix.
Furthermore, we decompose F as

C. Long-Term MMSE Processing
Having only long-term CSI available, the transmitter is clearly
not capable of determining the instantaneous EVD of the
channel and a prefilter design via (17) is not possible.
However, it can adjust the matrix prefilter F in a long-term
sense by averaging the MSE criterion over fast fading. From
(10) the optimization problem can now be written as

(13)

From (10)-(13) we then get

(

)

−1

.

(14)

It was shown in [4] that without loss of generality Φf can be
assumed to be real diagonal. Via Lagrange optimization, the
optimum power allocation (PA) policy can be found to be

(

Φ f = µ − 2 Λ − 2 − Λ −1∆ −1
1

1

)

1

2

+

,

(17)

while the power allocation and the receive matrix filter G
remain unaffected except for an inverse DFT. In the
simulations of this paper, we will use a matrix prefilter F
designed via (13), (15), (16), and (17).

(10)

R ss = Ψ∆Ψ H

c ( F ) = tr ∆ −1 + Φ Hf ΛΦ f

(16)

F = V ⋅ Φ f ⋅ DL ,

We introduce the eigenvalue decompositions (EVD)

F = V ⋅ Φ f ⋅ ΨH .

) .
)+ ρ

Equal BER on the subchannels can be achieved by
distributing the transmit symbol vector via a discrete Fourier
transform (DFT) matrix on the eigenmodes [see (12)] of the
MIMO channel (cf. [6]). Let DL be a normalized DFT matrix
H
of size L×L with DLDL =I, then we can modify (13) according
to

(9)

)

)

−1

Minimizing the MSE does not simultaneously minimize
the overall BER averaged over all subchannels. It is clear that
the subchannel with the worst BER dominates the overall
BER. Thus, forcing the BER to be the same on all subchannels
while keeping the MSE constant minimizes overall BER. In
the following we will assume uncorrelated unity power data
symbols Rss=IL (implying Ψ=∆=IL), where IL denotes an
identity matrix of size L×L.

The generalized MMSE design aims on minimizing the mean
square of the error vector

(

tr ( Λ ∆
−1

1

B. Minimizing BER With MMSE Power Allocation

A. Generalized MMSE Prefiltering

−1
c ( F ) = c F, G opt = tr R −ss1 + F H H H R nn
HF

(

tr Λ − 2

Note that one has to assure φf,l>0 for all l, which is indicated
by the plus sign in (15). To this end, one can iteratively assign
zero power to the weakest eigenmodes (i.e. they are not used
for transmission of information) until all subchannels get a
positive power assignment via (15) and (16).

IV. MMSE DESIGN RECAPITULATED

(

2

Fopt = arg min E  c ( F ) 
F

(

−1
HF
= arg min tr E  R −ss1 + F H H H R nn

F

(15)

)

−1




(18)

subject to the power constraint in (9). The expectation is now
with respect to the channel Rayleigh fading statistics. Explicit
calculation of the expected value of the MSE in (18) is at least
very challenging. Similar problems have occurred in literature

with the constant µ chosen according to the power constraint
in (9), resulting in
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in the context of optimum combining with uncorrelated fading
(e.g. [10][11]). The theory of complex Wishart matrices was
used in [12] to analyze a related problem, namely the
performance of MIMO zero-forcing receivers in semicorrelated channels. Application of random matrix theory for
the design of statistical prefilters for MIMO systems with
linear receivers is investigated in [15].
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ST adapt. MMSE TX 10° AS
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Overall BER
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In this paper, we consider a simple lower bound of the
MSE, namely

(

−1
E c ( F )  ≥ tr R ss−1 + F H E  H H R nn
H  F

)

−1

,
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The potential of adaptive TX processing may thus be better
exploited by keeping the number of independent subchannels
lower than the number of channel eigenmodes (Fig. 4), given
by min(MTX, MRX).

(20)

Now we introduce an EVD
−1
nn

5

However, in the system at hand the requirement of 4
independent subchannels forces the transmitter to use all 4
available MIMO channel eigenmodes, therefore leaving it no
degrees of freedom to avoid transmission on the weakest
eigenmodes. We emphasize that in a strongly correlated
channel zero transmit power could be assigned via (15) to
some of the subchannels. Hence, those subchannels carry no
information and lead only to an increased overall BER. This is
clearly sub-optimum.

Applying (20) to (19), we get

H

0

Fig. 3: Full usage of eigenmodes with a SCC

For an arbitrary deterministic m×m matrix A and an m×n
matrix X with i. i. d. unity variance complex Gaussian
distributed entries one can derive by straightforward algebraic
evaluation

−1
−1
H  = tr ( R nn
R RX ) ⋅ R TX .
E  H H R nn

−2

10

10

which can be optimized more easily. In order to derive (19),
we have applied Jensen’s inequality for a convex function (cf.
[13], where it is shown that the inverse is a convex function of
a positive definite matrix argument). Simulation results below
show that although we are actually optimizing a loose lower
bound on the expected MSE, the true expected MSE is also
noticeably reduced by the linear prefilter F, thus resulting in a
lower overall BER.

E  X H AX  = tr ( A ) ⋅ I n×n .

MTX=4, MRX=4, L=4

0

10

where the eigenvectors and corresponding eigenvalues are
now referred to (compare to the short-term case) as long-term
eigenmodes. We emphasize that the long-term eigenmodes are
only functions of the scaled transmit correlation matrix RTX.
Based on this EVD the same optimization as in the short-term
case may be carried out, i.e. we can use equations (13), (15),
(16), and (17) for the design of the matrix filter F, with the ST
matrices V and Λ replaced by their long-term equivalents VLT
and ΛLT. To this end, we only need to provide RTX to the
transmitter, e.g. via feedback from the receiver or direct
frequency transformation of the correlation matrix in receive
direction.
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Fig. 4: Partial usage of eigenmodes with a SCC

In Fig. 4 BER curves for a MTX=MRX=8 system with L=6
independent data streams are depicted. Now the improvement
of ST as well as LT prefiltering becomes more significant.

D. MMSE Simulation Results

We note that for a fair comparison, the blind system in Fig.
4 transmits each of the independent streams on one of the
outer 6 antennas, i.e. the two antennas in the middle of the
array are not used. It is clear that the outer antenna elements
are subject to the least fading correlation.

Simulation results for the overall BER of a MTX=MRX=4
system with L=4 subchannels are depicted in Fig. 3, again
with an AS of 10° at the TX. As expected, there is a noticeable
performance improvement when ST transmit processing is
applied compared to the blind case. The proposed LT CSI
based curve also clearly achieves a significant gain.
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V. LINEAR PREFILTERING FOR ML DETECTION

simulation results with optimum matrix prefiltering are given
in Fig. 5 with 10° AS at the TX.

A. Derivation of the Matrix Prefilter
Using the standard approximation of the Gaussian tail
function, the pairwise error probability (the probability that the
receiver erroneously decides for symbol vector sj, when sk was
actually transmitted) for ML detection is well bounded by (see
e. g. [14])
2
− dmin
2

,

Blind ML uncorrelated
Blind ML TX 10° AS
LT adapt. ML TX 10° AS
−1

10

Overall BER

Pe ≤ e

MTX=2, MRX=2, L=2

0

10

(23)

where dmin is the minimum distance between two hypothesized
TX vectors after matched filtering and noise whitening at the
receiver

−2

10

−3

10

−4

10

0

d

2
min

(

= min  s j − s k

s j , sk 

)

H

(

)

F H R HF s j − s k  . (24)

H

H

−1
nn

(25)

Instead of explicitly calculating the expectation in (25), which
also appears in a similar form in the context of space-time
code design, in this paper we consider a simple bound that
results from application of Jensen’s inequality
 2

(

)

H



(26)

(

)

F H E  H H R −nn1H  F s j − s k  , (27)


the transmit matrix filter can now be chosen to maximize the
expected squared minimum distance according to

(

Fopt = arg max min  s j − s k

s j , sk
F

)

H

(

)

F H E  H H R −nn1H  F s j − s k 


.

20

25

30

If one considers the minimum distance in (27) for the
uncorrelated blind case and the case with fading correlation
(10° AS) and prefiltering according to (28), one finds with
Rss=I that dmin,unc=2 and dmin,LT,corr≈1.59, i.e. the expected
minimum distance between two MIMO constellation points is
actually reduced due to TX fading correlation. However, we
emphasize that the symbol error rate in the low/medium SNR
range of the ML detector is a function of the distance spectrum
of the total signal constellation, not only of the minimum
distance. A more detailed analysis of the ML detector
performance (taking into account all pairwise error
probabilities) is necessary to better explain the behavior in this
SNR region [17]. On the other hand, in the high SNR range
the minimum distance is the dominant factor, which can
readily be observed in the ML system simulations of this
paper. Systems with the greatest minimum distance according
to (27) yield the best performance in terms of BER at high
SNR.

After introducing the long-term expectation of the minimum
distance
2

d min,
LT = min  s j − s k
s j , sk 

15
SNR [dB]

We have plotted the curves for blind ML processing with
correlated and uncorrelated fading for comparison. Obviously,
statistical prefiltering in the correlated channel allows us to
yield a similar performance as in the blind case with
uncorrelated fading. In the given SNR range, the SNR gain is
about 2.5 dB in this particular scenario.

2

2
− E d
 min 
 − dmin

E e 2  ≤ e 2 .



10

Fig. 5: Prefiltering for ML detection

Analog to the derivation of the MMSE prefilter, we average
the pairwise error probability over fast Rayleigh fading,
namely

 − dmin 
E [ Pe ] ≤ E e 2  .



5

(28)

The minimax problem in (28) with the inner expectation given
by (21) comprises a huge number of terms. Its complexity
grows exponentially with the number of transmit antennas and
the constellation. However, symmetries of the symbol
constellation can be exploited to simplify the problem.
Moreover, we note that the transmit prefilter has to be updated
only on a long-term time scale, reducing the computational
requirements at the transmitter.

The improvements that may be achieved by linear
prefiltering are even more significant in a strongly correlated
channel with a root mean square AS of 2 degrees at the
transmitter (Fig. 6). It can again be observed that with
prefiltering we can achieve and even exceed the performance
of the blind uncorrelated reference case in the presence of TX
correlation (about 4.6 dB gain compared to blind transmission)
in the low/medium SNR range. In this particular case, we find
with correlation and prefiltering dmin,LT,corr≈1.68. The prefilter
can obviously again improve the distance spectrum properties
of the MIMO signal constellation.

B. ML Simulation Results
We have used a random optimization technique to design
the optimum matrix prefilter F according to (28) for a
MTX=MRX=2 MIMO system with QPSK modulation. The
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MTX=2, MRX=2, L=2
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uncorrelated channel even with high fading correlation. Due to
the complexity of the ML prefilter design, simpler algorithms
have to be found that allow for a real-time implementation in
the transmitter. Nevertheless, the design presented in this
paper can be used as a benchmark for other, low complexity
schemes.

10

Blind ML uncorrelated
Blind ML TX 2° AS
LT adapt. ML TX 2° AS

−1

10

−2

Overall BER

10

−3

10

REFERENCES

−4

10

[1]

−5

10

−6

10

0

5

10

15
SNR [dB]

20

25

[2]

30

[3]

Fig. 6: Prefiltering for ML detection – strong correlation

2

2

1.5

1.5

1

1

0.5

0.5

0

Q

Q

A descriptive insight in the prefilter operation for ML
detection can be given by looking at the effective symbol
constellation. We have plotted the first element of the
resulting symbol constellations with TX channel correlation
and prefiltering (left), given by the superposition of all vectors
s% k = BFs k for all k, and without prefiltering (right), given by
)
the superposition of the first element of all vectors sk = Bs k in
Fig. 7. In this example, B [cf. (2)(3)] is chosen again
according to the scenario with 2 degrees AS at the transmitter.

[5]
[6]
[7]

[8]
[9]

0

−0.5

−0.5

−1

−1

−1.5

[4]

[10]

−1.5

−2
−2

−1

0

I

1

2

−2
−2

−1

0

1

2

I

[11]

Fig. 7: Symbol constellation with/without prefiltering

Obviously, the optimum matrix prefilter F arranges the
constellation points more regularly, thus simultaneously
increasing both the effective minimum distance and the
effective distance spectrum.

[12]
[13]
[14]

VI. SUMMARY AND CONCLUSION
[15]

We have derived statistical matrix prefilters based on longterm channel state information at the transmitter for MMSE
and ML wireless MIMO receivers. The simulation results
presented in this paper have demonstrated that exploiting
long-term information to adapt the MIMO transmitter to the
prevailing scattering scenario can significantly improve
performance in terms of BER. Interestingly, the ML prefilter
is capable of achieving the performance of a system with an

[16]

[17]

924

D. Shiu, J. M. Kahn, “Power allocation strategies for wireless systems
with multiple transmit antennas”,
http://www.eecs.berkeley.edu/~jmk/res.areas/mawc.html, July 1998
M. T. Ivrlac, T. P. Kurpjuhn, C. Brunner, W. Utschick, “Efficient use of
fading correlations in MIMO systems”, VTC 2001, October. 2001
Heath R. W., Sandhu S., Paulraj A., “Antenna selection for spatial multiplexing systems with linear receivers”, IEEE Communications Letters,
vol. 5, no. 4, April 2001
Scaglione A., Giannakis G. B., Barbarossa S., “Redundant filterbank
precoders and equalizers part 1: unification and optimal designs”, IEEE
Transactions on Signal Processing, vol. 47, no. 7, pp. 1988-2006, July
1999
Sampath H., ”Linear precoding and decoding for multiple input multiple
output (MIMO) wireless channels”, PhD thesis, August 2001
Thomas T. A., Wok F. W., “MIMO strategies for equal-rate data
streams”, VTC, pp. 548-552, 2001
D. Shiu, G. J. Foschini, M. J. Gans, J. M. Kahn, “Fading correlation and
its effect on the capacity of multielement antenna systems”, IEEE
Transactions on Communications, vol 48, no. 3, pp. 502-513, March
2000
Kay S. M., Fundamentals of statistical signal processing (estimation
theory), Prentice Hall, 1993
Lucent, Nokia, Siemens, Ericsson, “A standardized set of MIMO radio
propagation channels”, TSG-RAN WG 1 #23 R1-01-1179
Shah A., Haimovich A. M., “Performance analysis of optimum combining in wireless communications with Rayleigh fading and cochannel interference”, IEEE Transactions on Communications, vol. 46, no. 4,
April 1998
Winters J. H., Salz J., Gitlin R. D., ”The impact of antenna diversity on
the capacity of wireless communication systems”, Transactions on
Communications, vol. 42, no. 2/3/4, Feb./March/April 1994
D. Gore, R. W. Heath Jr., A. Paulraj, “On performance of the zero forcing receiver in presence of transmit correlation“, ISIT, June 2002
Magnus J. R., Neudecker H., Matrix differential calculus, Wiley, 1999
Tarokh V., Seshadri N., Calderbank A. R., “Space-time codes for high
data rate wireless communication: performance criterion and code construction”, IEEE Transactions on Information Theory, vol. 44, no. 2,
March 1998
Kiessling M., Viering I., Reinhardt M., Speidel J., “A closed form bound
on correlated MIMO channel capacity”, VTC, September 2002
Kiessling M., Speidel J., Viering I., Reinhardt M., “Statistical prefiltering for MIMO systems with linear receivers in the presence of transmit
correlation”, VTC Spring, 2003, submitted
Kiessling M., Speidel J., Geng N., “Performance analysis of MIMO
maximum likelihood receivers with channel correlation, colored Gaussian noise, and linear prefiltering“, ICC, 2003, submitted

