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Abstract— In Multiple-input multiple-output (MIMO) wire-
less systems, beamforming (BF) at the transmitter, and beam-
combining (BC) at the receiver are simple spatial diversity
techniques that increase the effective signal to noise ratio (SNR)
of the system.

The optimal BF-BC systems require estimation of the channel
at the receiver and transmission of the optimum beamforming
vector back to the transmitter. In related research, authors
define a codebook of beamforming vectors, and the receiver
sends back the index of the vector that maximizes the SNR. In
all of these methods channel estimation can be quite complex,
time consuming and can lead to more errors especially when
strong, unmodeled, interference is present.

In this paper, a codebook method that does not require
channel estimation at the receiver is proposed. There is a
beamforming vector codebook at the transmitter and a beam-
combining vector codebook at the receiver. The codebook vector
selection algorithm is based on maximizing the received SNR.
The losses are minimal when compared to the ideal BF-
BC method and the method using a codebook only at the
transmitter.

I. INTRODUCTION

Multiple-input multiple-output (MIMO) wireless systems
have recently emerged as one of the significant developments
in the communications area that can help resolve the traffic
bottleneck of future data-intensive wireless communication
networks. The technology has been specified into many
different wireless communication standards including broad-
band wireless standards such as IEEE 802.16e [1] and
wireless local area network standards such as 802.11n [2].

In MIMO, the key idea is to use space-time processing
by utilizing time separation of signals and spatial separation
of multiple antennas. In [3], [4], MIMO takes advantage
of multipath random fading when gains among receive and
transmit antennas behave independently.

In this system, each antenna at the transmitter and the
receiver antenna provides an independent path that the same
signal can be sent. Independently faded multiple replicas of
the same signal are combined in a way that bit error rate
(BER) for a given signal to noise ratio (SNR) decreases.
Assuming channels between the transmit and the receive
antennas are independent and identically distributed (i.i.d.)
Rayleigh faded, the bit error rate decays asSNR−Mt Mr for Mt

transmit andMr receive antennas. This type of gain is called
diversity gain, and the system is called aspatial diversity
system.
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Spatial diversity is mainly used in narrowband channels
where flat fading is observed in the channel, i.e. there is
little or no frequency diversity. In the wideband applications,
the spectrum is usually divided into smaller sub-channels
within which the channel is flat fading. Orthogonal fre-
quency division multiplexing (OFDM) is an example of sub-
channel division technique. Spatial diversity techniquescan
be applied in each sub-channel [5], since sub-channels are
narrowband, and each may be modeled to experience flat
fading. Thus, we focus our attention in this paper on spatial
diversity MIMO systems with flat fading channels with an
understanding that this could correspond to a single sub-
channel in an OFDM system.

Most implementations and previous research assume that
channel state information (CSI) is available only at the the
receiver (Rx). The CSI is used in decoding the coded symbols
with methods such as maximum likelihood (ML) detection.
These systems are calledno Tx-CSI or open loop MIMO
systems since there is no feedback loop between the Rx
and the transmitter (Tx). InTx-CSI or closed loop MIMO
systems, the channel state information is sent back to the
Tx. The transmitter then uses CSI to decrease the BER in
the system and potentially the receiver detection complexity.

No Tx-CSI systems has worse BER performance for a
given SNR than the Tx-CSI systems, since closed loop
systems have additional beamforming gain [6]. For a given
level of BER performance most no Tx-CSI systems also
have more complex receiver architectures than the Tx-CSI
systems as Tx-CSI systems can simplify the Rx architectures
by using beamforming techniques at the Tx [7]. All of these
benefits in Tx-CSI systems require a feedback loop from the
Rx to the Tx that carries CSI. Research has shown delay
or errors on the feedback channel degrade the performance,
so some recent research [8] analyzed using a codebook of
beamforming vectors instead of having the full CSI at the
Tx. The Rx sends back only the index number of the vector
in the codebook instead of sending back the whole channel
matrix coefficients. We refer to these methods asPartial Tx-
CSI MIMO systems.

Partial Tx-CSI MIMO systems reduce the effect of the
errors that can happen on the feedback link, but still require
complex signal processing algorithms at the Rx. This may
not be feasible in practical implementations where the Rx
can be a portable device such as a cell phone which has
limited resources to perform Rx algorithms.

In this paper, a codebook method, thedual codebook
antenna (DCA) method that does not require direct channel
estimation at the receiver is proposed. There is a beamform-
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Fig. 1. Block diagram of MIMO system

ing vector codebook at the transmitter and a beamcombining
vector codebook at the receiver. Each vector pair is tried to
find the pair that maximizes the SNR. The paper is organized
as follows:

(I) Introduction
(II) System overview

(III) Tx-CSI, no Tx-CSI and Partial Tx-CSI differences
(IV) The DCA method in a no-interference system
(V) The DCA system in an interference system

(VI) Conclusion and future work

II. SYSTEM OVERVIEW

We consider a MIMO system that hasMt transmit antennas
and Mr receive antennas. The system is shown in figure 1.
The input symbols vectorc are modulated and encoded into
symbolss, which are sent over the wireless channel. It is
assumed that the signal bandwidth is much smaller than the
coherence bandwidth of the channel, so that the channel can
be represented asMr x Mt complex matrixH. The complex
numbers in the matrix signify the magnitude and the phase of
the channel gain between each receive and transmit antenna.
The discrete time input-output relationship of the system
given a complex or real transmitted symbol vectors of size
Mt x 1 is given below:

r = Hs+n (1)

The noise vectorn has independent and identically dis-
tributed (i.i.d.), circularly symmetric entries distributed by
CN (0,N0) where CN (m,σ2) represents circularly sym-
metric complex normal distribution with meanm, and vari-
ance σ2, and N0 is the noise variance. Note thatσ2 is
the variance of real and imaginary noise components. The
channel matrixH is modeled as having complex entries with
i.i.d. CN (0,1) distribution. The transmitted symbol energy
is fixed and given byE

[

|s|2
]

= εs. We also define the pre-
channel SNR asγt = εs

N0
.

We definec asK consecutiveQ-ary symbols, whereQ is
the modulation level. The encoding,F(), generatesLxMt s
symbols for everyK symbols ofc. It is assumed that symbol
si wherei = 1...Mt is transmitted from each antenna for aMt

transmit antenna MIMO system. We can define the rate of a
MIMO system: The rate,R, is equal to number of uncoded
symbols,c j, j = 1...K, that are transmitted per use of the
MIMO channel. For example, for each uncoded symbolc,
if Mt coded symbolss are generated, then the rate,R = 1.

For an encoding rate ofK/(LxMt), the MIMO system rate
is K/L.

In a beamforming (BF) MIMO system, the system rate is
1. The coded symbol vector,s, is weighed by beamforming
vectorw. More details on BF is given in III.

The eigenvector and eigenvalue properties ofH are im-
portant in MIMO system analysis and design and will be
used throughout this paper. The singular value decomposition
(SVD) of the matrixH is an appropriate way of diagonalizing
the matrix and finding eigenvalues [10], [11]. An SVD
expansion is a description ofH itself as

H = ZDWH (2)

whereD is a diagonal matrix of real, non-negative singular
values which are the square roots of eigenvalues ofG =
HHH, whereH is Hermitian or complex conjugate transpose
operation. The columns of matricesZ andW are the left and
right eigenvectors ofH. The equation above can be written
in a different way

zH
1 Hw1 =

√

λ1

zH
2 Hw2 =

√

λ2

...

zH
Mt

HwMt =
√

λMt

(3)

wherezi andwi are individual column vectors ofZ andW.
It is assumed that number non-zero eigenvalues inD areMt

andMt ≤ Mr. We will use this equation when explaining the
beamforming and the beamcombining in later sections.

III. OPEN LOOP (NO TX-CSI) VS CLOSED LOOP
(TX-CSI) MIMO SYSTEMS

In the no Tx-CSI MIMO systems, the received signal are
decoded and detected at the Rx using methods such as ML.
Note that spatial diversity systems have rate equal to or lower
than 1. The ML method is complex to implement for most
coding designs, so sub-optimal methods have been designed.
One such method is to use minimum mean square estimation
(MMSE) to decouple the transmitted streams, and then use a
simpler ML algorithm. The effective received signal to noise
ratio for this method is given as

SNRmaximum=
Mt

∑
k=1

εs

(εs + N0)Mt
hH

k hk ≤
εs

N0
λ1 (4)

The left side of the inequality is the maximum SNR
achieved by the no Tx-CSI MIMO system. The right hand
side is the SNR that is achieved by the Tx-CSI MIMO
system. The inequality means that the no Tx-CSI MIMO
system does not observe the beamforming gain as the Tx-
CSI MIMO system.

To understand the complexity difference between no Tx-
CSI and Tx-CSI systems, we evaluate the ML complexity
for each method. The no Tx-CSI ML objective equation is
given as

ĉ = argmin
c̃

‖r − ĤF(c̃)‖ (5)
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Fig. 2. Block diagram of Tx-CSI Spatial Diversity MIMO System

where ˆc is the estimate of the uncoded transmitted symbol
ĉ. The ML algorithm complexity increases with the number
of antennas asH becomes bigger. To find a solution to the
Rx complexity problem in no Tx-CSI systems, orthogonal
space time block codes (Alamouti-STBC) were invented
[9]. Orthogonal STBC has a very efficient space time code
that allows maximum likelihood decisions at the Rx, the
complexity of which does not increase with number of
antennas. The Alamouti-STBC, the most famous STBC, is
also rate efficient as its system rate is 1, and also attains
the highest possible SNR as given at the right hand side
of equation 4, but only works for 2x2 MIMO systems. All
higher antenna orthogonal STBC systems have rates lower
than 1.

In Tx-CSI spatial diversity systems, the transmitted sym-
bol is weighed by abeamforming vector, and the received
signal at the Rx onMr antennas as weighed by abeamcom-
bining vector. The system is shown below in Fig. 2. The
system equation can be given as below

x = zHHws+zHn (6)

and the received signal on multiple antennas before the
combining is given by

r = Hws+n (7)

The complex vectorsw and z are called beamforming and
beamcombining vectors, respectively. We assume throughout
the paperw andz are unit norm vectors.

In recent research [13], it has been shown thatw and
z should be chosen to maximize the received SNR. The
received SNR is [8]

γr =
εs|zHHw|2
‖z‖2

2N0
(8)

where ‖ · ‖2 is matrix two-norm. Whenz is assumed unit
norm, it is observed from the formula that|zHHw|2 is the
channel gain.

This indicates that for a channel matrix,H, if transmit
beamforming vector is chosen aswi, the right singular vector
corresponding to singular value

√
λi of channel matrixH,

and receive beamcombining vector is chosen aszi, the left
singular vector corresponding to the same singular value√

λi, then the received signal SNR isγtλi. This is essentially
following the principles of SVD as defined in equation
3. Assuming that

√
λ1 is the biggest singular value, then

system can selectw1 and z1 as the beamforming and the
beamcombining vectors respectively to attain the highest
possible SNR for a given channelH. This is the SNR value
on the right hand side of inequality defined in equation 4.
We refer to this method asMaximum ratio transmission -
maximum ratio combining (MRT-MRC) method.

Note that the Rx complexity of Tx-CSI system after
beamforming and beamcombining is equivalent to a single
input single output (SISO) antenna system. The channel
still needs to be estimated, and any estimation errors cause
degradation in the system performance.

In many practical systems, such as IEEE 802.16 standard
based wireless networks, there is a limited rate feedback
channel between the Rx and the Tx. Perfect Tx-CSI is an
utopia as the amount of information needed to represent the
channel matrixH is large and is impractical to send that
information from the Rx back to the Tx. This led to the
research onpartial Tx-CSI. The partial Tx-CSI, sent from
the Rx back to the Tx, can be in the form of outdated
CSI (delayed feedback), uncertain CSI (estimation errors)
or limited CSI (quantized feedback) [15].

Most of the early papers, focused on the limited feedback
channels, assume that a quantized version of the optimum
beamforming vector is sent back to the Tx [7]. Following
that, there has been numerous research efforts focused on
codebook based beamforming at the Tx [8], [16] and [17].

The codebook based designs can be classified into two
categories. The first group of research optimizes the received
SNR [8], [16]. Under the condition that the Rx performs
MRC, the beamforming vector is chosen from a codebook
W = {w1,w2, ...,wN} of size N. The vector is chosen such
that it maximizes the received SNR

wmax = arg max
1≤i≤N

‖Hwi‖2 (9)

A distortion function based on the difference between opti-
mum channel gain,λ1, the maximum singular value ofHHH,
and the received SNR whenwmax is used as beamforming
vector can then be defined:

G(W) = EH [λ1−‖Hwmax‖2
2] (10)

For H, which has i.i.d. values which are complex-normal, it
has been shown that the codebook should be chosen so that
the vectors have the maximum distance among each other in
the unit-norm beamforming vector space. This leads to using
results from the Grassmannian line packing in designing
codebooks. We define this method as theGrassmannian
Beamforming (GBF) method. The other methods [17], [18]
are based on Lloyd’s subspace quantization theorem, and
have been shown to converge to GBF for Rayleigh fading
channels. Note that the channel still needs to be estimated at
the Rx, therefore complexity and performance degradation
issues remain.

Most research reviewed is based on the assumption that
the Rx and the Tx have perfect knowledge of CSI, but in the
practical systems, the channel parameters are estimated by



Methods Ala. MRT-MRC DCA
ML Comp. KQMt Mr KQMt Mr KQMt Mr

Channel Est. Comp. M4
r +M2

r T 2 M4
r +M2

r T 2 NMrT/M
Int. Cancel Comp. M4

r +2Mt Mr M4
r +2Mt Mr NMr

TABLE I

COMPLEXITY OF DIFFERENT SPATIAL DIVERSITY METHODS

using some form of training symbols. We assume that the
total training time is fixed for all methods.

In many practical wireless systems, there are many un-
known and unmodeled interferers in the vicinity of the Tx
and the Rx. The interference cancelation causes additional
complexity at the Rx. The Rx usually cancels the interference
by using Wiener filter variant algorithms. If not properly can-
celed, the interference significantly lowers the performance
of the system by causing an error in the channel estimation.

Our method, DCA keeps the performance and the ML de-
tection simplicity benefits of the closed loop MIMO system
while eliminating the direct channel estimation and inter-
ference cancelation complexity. There is no direct channel
estimation in the MIMO system. Instead we assume that
there is a beamforming vector codebook at the Tx, and a
beamcombining vector codebook at the Rx.

The Rx complexity for different methods with rate 1 can
be summarized as below in the following table I. In the table,
K stands for number of symbols transmitted in a block,
Q is the level of modulation, (for example for 64-QAM
modulation, Q is 64),T is the total training time,N and
M are Tx and Rx vector codebook sizes, respectively. The
Alamouti method is abbreviated as Ala, and the GBF method
complexity is the same as MRT-MRC complexity. Note
that overall Rx complexity of a method is the total of the
ML detection complexity, the channel estimation complexity,
and the interference cancelation complexity. The complexity
calculation is based on number of multiplications needed for
that operation, and approximated for large values ofMr and
T .

The ML detection complexities of all of these methods
are similar, but the channel estimation and interference can-
celation complexities are different. The channel estimation
complexities for the Alamouti, MRT-MRC and GBF methods
are dominated by the matrix inversion complexity for small
training time. The matrix inversion is needed for least
squares estimation. The interference cancelation complexity
is similarly dominated by matrix inversion complexity. The
inversion is needed for the the Wiener filter calculation. The
proposed dual codebook antenna (DCA) method is simpler
in both, only requiring multiplication of each vector in the
codebook with received observation vector.

IV. D UAL CODEBOOK ANTENNA METHOD - DCA

The DCA system quantizes both the beamforming and
beamcombining vectors by having vector codebooks at each
side. The Tx trains the Rx by sending a training sequence
with each of the beamforming vectors,wk wherek = 1...N.

Upon receiving the observation, the Rx tries every beam-
combining vector,zq whereq = 1...M, in the beamforming
codebook to findwmax and zmax which maximize the re-
ceived SNR. The numbersN andM are beamcombining and
beamforming codebook sizes respectively.

The distortion function, which gives the difference be-
tween ideal SNR,λ1, and the SNR of the DCA system, will
lead to the design of codebooks for both the Rx and the Tx
side.

If the beamforming vectorwk∗ , and the beamcombining
vector zq∗ are selected to maximize the received signal
power, then

(zq∗ ,wk∗) = arg max
1≤q≤M,1≤k≤N

|zH
q Hwk|2 (11)

We can define the distortion function which gives the value
of the received SNR loss due to the quantized beamforming
and beamcombining:

G(W,Z) = EH [λ1−|zH
q∗Hwk∗ |2] (12)

whereλ1 is the maximum eigenvalue ofHHH. By minimiz-
ing the distortion function, the received SNR is maximized.
Then we can upper bound the distortion function as below:

G(W,Z) = EH [λ1−wH
k∗Hzq∗zH

q∗Hwk∗ ] (13)

≤ EH [λ1− (14)
minMr ,Mt

∑
i=1

wH
k∗si

√

λiuH
i zq∗zH

q∗ui

√

λisH
i wk∗ ]

whereui andsi are the left and right singular vectors ofH,
and

√
λi is the corresponding eigenvalue. The upper bound is

found by eliminating the cross multiplication terms. Further
simplification can be done as below:

G(W,Z) ≤ EH [λ1− (15)

wH
k∗s1

√

λ1uH
1 zq∗zH

q∗u1

√

λ1sH
1 wk∗ ]

= EH [λ1]EH [1−|zH
q∗u1sH

1 wk∗ |2] (16)

The upper bound in equation 15 is found by eliminating
the terms other than the ones which includeλ1, u1, and
s1. The equation 16 is difficult to analyze in order to
find the optimum beamforming and beamcombining vector
codebooks. There are two variables,zq∗ and wk∗ that will
minimize the distortion, and the selection of one will affect
the selection of the other. We can bound the equation 16 as
below:

G(W,Z) ≤ EH [λ1]EH [1−|zH
q∗u1|2|sH

1 wk∗ |2] (17)

with equality only when angle ofzH
q∗u1 is equal to the angle

of sH
1 wk∗ .

We can further simplify the bound in the equation 17.
The left and right singular vectors that correspond to

√
λ1,

u1, and s1, are not independent. The vectors,zq∗ and wk∗

can be chosen to minimize the distortion function utilizing
the correlation between them. If they were independent, the
correlation is zero and can not be exploited, therefore the



distortion function does not decrease. Using this, we can
simplify the bound as

G(W,Z) ≤ EH [λ1]EH

[

1−|zH
q∗u1|2EH [|sH

1 wk∗ |2]
]

(18)

Using the knowledge that the beamforming and the beam-
combining codebooks,W, and Z, are Grassmannian line
packings and thatu1, and s1 are uniformly distributed in
ΩMt , and ΩMr , which are unit-norm vector spaces withMt

andMr dimensions, respectively, we can use the results in [8]
to calculate the expectation function in 18. The approximate
probability distribution of the expression|zH

q∗u1|2 is given as

Pr

(

(|zH
q∗u1|2) ≥ 1− δ 2(Z)

4

)

= △(Z) (19)

where△(Z) is the density of lines in a sphere of radius
δ (Z)/2, whereδ (Z) is the minimum distance among code-
book vectors, which can be expressed as:

δ (Z) = min
1≤k<l≤M

√

1−|zH
k zl|2 (20)

When the line generated byu1 is in the metric ball
of one of the codebook vectors in the packingZ, then
(

(|zH
q∗u1|2) ≥ 1− δ (Z)

4

)

with probability △(Z) as given in
19. When the line is not in the metric ball, we have the
trivial bound, |zH

q∗u1|2 ≥ 0 with probability 1−△(Z). The
same argument applies to the expression|sH

1 wk∗ |2. Using
these two upper bounds and the associated probabilities, the
equation 17 can be rewritten as

G(W,Z) ≤
EH [λ1]

[

1−
[(

1− δ 2(W)
4

)

△(W)
(

1− δ 2(Z)
4

)

△(Z)
]]

(21)

By inserting the value of△(W) and △(Z) from [8], the
bound becomes

G(W,Z) ≤ EH [λ1]−

EH [λ1]
(

1− δ 2(W)
4

)(

δ (W)
2

)2Mt−2
N.

(

1− δ 2(Z)
4

)(

δ (Z)
2

)2Mr−2
M (22)

The term,
(

1− δ 2(Z)
4

)

is always greater than 0, since

δ (Z) is a sinusoid function that is not larger than 1. The
same argument applies forδ (W). The distortion function
upper bound in equation 22 is not a tight upper bound, but
shows that in order to minimize the upper bound of the
distortion function, the minimum distance in codebookW,
andZ should be maximized.

The equation 22 has two additional important results. The
first is that it partitions the DCA Tx and Rx codebook design
problem into two. The beamforming and beamcombining
vectors can be designed independently to maximize the
transmitted SNR,γt , and the received SNR separately. The
second is that, similar to the beamcombining results as given
in [8], the Grassmannian line packing results can be used for
the beamcombining codebook design as well.

A large number of Grassmannian codebooks for different
dimensions are given in [19].

A. Training and Vector Selection for DCA

In a practical system, the channel estimation for MRT-
MRC and GBF methods are achieved by using a training
sequence at the initialization of the MIMO system. For the
DCA method, a training sequence is transmitted with each
beamforming vector in the beamforming codebook at the
Tx. The received signal is multiplied with each vector in the
beamcombining vector at the Rx. Each beamforming vector
candidate is tried with each beamcombining vector candidate
to find the matching vectors that maximize the received SNR.

In the DCA method, both the beamcombining vector,z,
and the beamcombining vectorw are chosen out of respective
codebooks. The beamforming and the beamcombining vector
pair are chosen as below:

(wk,zq) = arg max
1≤q≤M,1≤k≤N

<
∥

∥zH
q Hwk +zH

q n
∥

∥

2

2
>TDCA

(23)

where < ... >TDCA operator is the time average overTDCA

samples. In the equation,TDCA is chosen as the training
period of one beamforming vector.

Each beamcombining vector,wk, is trainedTDCA times. To
make a fair comparison to MRT-MRC and GBF methods,
number of training periods are set equal, i.e.

MTDCA = T (24)

whereT is the training period for the GBF and the MRT-
MRC methods.

B. Simulation Results and Discussion

We have simulated a MIMO spatial diversity system with
a BPSK modulation and with 2 Tx and 2 Rx antennas for
all of the MIMO spatial diversity systems. The system rate
is R = 1. It is assumed that the MIMO system is trained for
a total time of tGBF signalling periods. After the training,
the channel is assumed to stay fixed for 100 signaling
periods. We have simulated various MIMO systems including
the MRT-MRC, GBF, the Alamouti system, and the DCA
systems.

For the MRT-MRC, GBF, and the Alamouti methods, a
training based channel estimation is assumed. The training
period, tGBF , is set to 32 signalling periods. An orthogonal
set of training BF vectors are chosen to enable the least
square (LS) channel estimation. Singular value decomposi-
tion (SVD) of the estimated channel matrixH is used to find
the left and the right singular vectors for the MRT-MRC or
the best beamforming vector out of a beamforming vector
codebook for the GBF. For the GBF, a codebook size of 2
or 4 BF vectors was considered.

For the DCA method, four or eight entry beamforming
vector codebooks are used at the Tx, and only eight entry
vector codebooks were used at the Rx, since increasing num-
ber of vectors in the Rx vector codebook does not increase
the training time, and only increases the Rx complexity in a
linear fashion. Each BF vector is trained a number of times
so that the total training time is equal toT as given by the
equation 24.
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In Fig. 3, the performance of all considered methods are
shown. In the figure, the GBF method is designated with
”GBF - NBF” (N beamforming (BF) vectors at the Tx), and
the DCA method is designated as ”DCA -NBF/MBC” (N
BF vectors at the Tx,M beamcombining (BC) vectors at the
Rx).

It can be observed from the Fig. 3 that all of the meth-
ods perform close to one another. The received SNR loss
compared to MRT-MRC method for DCA - 4BF/8BC was
expected to be upperbounded by 5dB, and the SNR loss for
the GBF - 4BF method was expected to be upperbounded
by 3dB from the theoretical formula given in 22. It can
be observed that the SNR loss is smaller than the theoretical
expected values, the GBF loss is about 0.5dB, and the DCA
method loss is 2dB. The main reason is that the distortion
upper bound functions for the GBF and the DCA methods
are not tight upper bounds. The Alamouti method performs
worse than all other methods, since it does not benefit from
any beamforming gain.

V. STRONG RANDOM INTERFERENCESPATIAL

DIVERSITY SYSTEMS

In shared spectrum applications, such as wireless local
area networks [2], there can be other independent transmis-
sions in the same environment. Although in shared spectrum
applications, the power output of wireless antennas are re-
stricted by the Federal Communications Commission (FCC),
the signals interfere with one another. This interference is
usually unmodeled, and uncompansated.

In the wireless receivers and transmitters, there can be
non-linearities associated with the radio frequency (RF)
components in the system. Examples of nonlinearities can be
given as DC offset, I-Q imbalance, etc. These nonlinearities
may also be roughly modeled as additional interference.

In this section, we address how the DCA method can
be used for this type of MIMO system with strong random
interference.

The system model changes as below:

y = Hws+wintsint +n (25)

x = zHHws+zHwintsint +zHn (26)

wherewint is Mrx1 uniformly distributed complex vector that
represents the interference gain for each receive antenna,and
sint is the random modulated pattern of the interference. The
interference vector,wint , is also assumed to be constant for
long period of time, similar to the channel matrixH.

The MRT-MRC, Alamouti and GBF methods need to
estimate and cancel the effects of interference. This further
increases the Rx complexity. One method that is used to can-
cel the interference is to use Wiener filter. The DCA method
maximizes the received signal to noise and interference ratio
(SNIR). From a codebook of sizeN beamforming andM
beamcombining vectors, a pair of vectors, which maximize
the SNIR, are chosen.

There are two steps in the training for the DCA method:
(I) Training Step 1: For the interference cancelation, a

silent observation is done, i.e. there is no transmis-
sion from the Tx for this period. By trying different
beamcombining vectors, the Rx finds the power of
canceled interference for each beamcombining vector,
zq whereq = 1...N, andN is the beamcombining vector
codebook size.

(II) Training Step 2: Training for the beamforming vectors
start after step 1. Each beamforming vector (out of a
codebook of sizeM) is sent multiple times to get a
time averaging effect, and each beamcombining vector
at the Rx (out of a codebook of sizeN) is tried with
each beamforming vector.

The algorithm is set up such that the received signal
power is maximized at the same time the interference and
the noise power is minimized, therefore the received SNIR
is maximized. The beamforming and beamcombining vector
pair, which maximizes the following SNIR value, is chosen
by the Rx:

(wk,zq) = arg max
1≤q≤M,1≤k≤N

E
[

‖zH
q y‖2

]

E
[

‖zH
q winty +zH

q n‖2
] −1 (27)

where y is defined in equation 25. The denominator is
calculated in training step 1 for eachzq. The numerator
is calculated in training step 2 for eachzq and wk. Then
the maximizing pair is chosen. The factor−1 comes from
subtraction of the interference power from the received signal
power.

The DCA method always maximizes the estimated re-
ceived SNIR by choosing appropriate BF and BC vectors
even in the presence of interference. Note that the complexity
of the algorithm still remains very low despite the addition
of interference cancelation. There is no complex signal
processing. This makes it a simple yet robust algorithm for
any environment.

A. Simulation Results and Discussion

Monte Carlo simulations were run for different methods.
The same assumptions that were used in section IV-B are
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used. For the interference, a uniformly distributed, unit-
norm, complex vector is assumed forwint , and is modulated
by BPSK signalling. The interference gain vectorwint is
assumed to be fixed when the channel,H, is fixed.

Simulations were performed for a strong interference sys-
tem. The Fig. 4 shows different methods with the appropriate
interference cancelation in a MIMO system with SIR 0dB.

There is about 4dB difference between the MRT-MRC and
the DCA 4BF/8BC methods. The Alamouti method, although
the interference is taken into affect, performs much worse
than other methods.

Note that the difference between MRT-MRC to DCA -
4BF/8BC is larger compared to the no-interference case
when the difference was about 2dB. This difference in
performance is due to limited number of entries in the
beamcombining vector codebook as it is used for both the
interference cancelation as well as SNR maximization, and
also the training time difference.

VI. CONCLUSION AND FUTURE WORK

In this paper, we have introduced a simple algorithm,
DCA, that eliminates the need to directly estimate the chan-
nel as well as the need to directly cancel the interference with
a complex algorithm in a MIMO spatial diversity system.
The DCA method performs much better than the open loop
Alamouti systems. The closed loop methods other than the
DCA method still require accurate channel estimation, and
they depend heavily on assumptions about the system.

In future research we will focus on applying DCA to the
spatial multiplexing MIMO systems. The codebooks need
to be extended to include orthogonal vector pairs so that
interference from other streams can be canceled. Since larger
vector codebook size will lead to longer training time for the
training method described in this paper, a new method needs
to be developed to effectively use the training time.
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