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Abstract

Spatial multiplexing (SM) multi-input multi-output (MIMO) systems can transmit independent
data streams using multiple antennas to achieve high data rates. SM techniques can be
employed in single-user multi-input multi-output (SU-MIMO) and multi-user multi-input multi-
output (MU-MIMO) systems. There are two types of interference in SM MIMO systems, inter-
antenna interference and multi-user interference (MUI). In order to improve SM MIMO system
performance, channel precoding is used at the base station (BS). In this report, block
diagonalization (BD) channel precoding is employed to reduce the MUl and decompose the
MU-MIMO system into parallel SU-MIMO systems. Then, several detection techniques are used
to detect the received signal and reduce the inter-antenna interference at each user.
Simulation results are presented to evaluate and compare the bit error rate (BER) performance
of SU-MIMO and MU-MIMO systems with zero-forcing (ZF), minimum mean square error
(MMSE), ordered successive interference cancellation (OSIC), and maximum likelihood (ML)
detection algorithms. Three modulation schemes, namely QPSK, 16 QAM and 64 QAM are
considered. Further, the BER performance of MIMO systems in correlated channels is

investigated using the exponential correlation model.
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1 Introduction

Due to the dramatic increase in mobile network data traffic, multi-input multi-output (MIMO)
systems have become crucial for future wireless networks. Multiple antennas are employed at
the base station (BS) and the user equipment (UE) in MIMO systems. MIMO systems have more
degrees of freedom than single-input single-output (SISO) systems which can increase wireless
system capacity and offer more reliable communications [4], [17]. The capacity of MIMO
channels increases linearly with the minimum number of transmit and receive antennas
without requiring increased signal power and bandwidth [1]. The use of MIMO technology it
also increases the complexity of wireless networks. Many standards such as IEEE802.16 and
IEEE802.11n employ MIMO technology [2].

Spatial diversity (SD) or spatial multiplexing (SM) techniques can be employed in MIMO
systems for data transmission. SD uses multiple antennas to transmit multiple copies of the
transmitted data stream. It can improve transmission reliability and the bit error rate (BER)
performance. SM divides the data stream into several independent data streams which are
modulated and transmitted simultaneously from multiple transmit antennas. These antennas
should be sufficiently separated to reduce the correlation between neighboring antennas [17].
SM technology can increase the channel capacity without requiring additional bandwidth. In
[24], it was shown that employing SM in MIMO systems increases the system capacity.

SM can be employed in single-user MIMO (SU-MIMO) systems and multi-user MIMO (MU-
MIMO) systems. In MIMO systems, there are two types of interference, inter-antenna
interference and multi-user interference. Inter-antenna interference is the interference
between antennas for the same user. On the other hand, multi-user interference (MUI) is
between the data streams of multiple users. MUI can be reduced by using channel precoding
techniques at the BS [15]. Several detection techniques and channel precoding algorithms have
been proposed to reduce the effects of inter-antenna interference and multi-user interference,
respectively [17]. In the next two subsections, a review of several detection and precoding

techniques is presented.



1.1 SM MIMO Detection

In order to achieve high data rates and low bit error rates, SM MIMO detection techniques are
used to reduce inter-antenna interference. In [16], a low complexity MIMO receiver was
presented to mitigate inter-antenna interference. Several SM MIMO detection techniques were
discussed and evaluated in [3] in terms of their BER performance and computational
complexity. Channel state information (CSI) is required at the UE to implement these
techniques. In this report, zero-forcing (ZF), minimum mean square error (MMSE), ordered
successive interference cancellation (OSIC), and maximum likelihood (ML) detection techniques

are considered.

1.2  MIMO Channel Precoding

Channel precoding plays an essential role in improving MIMO system reliability. In the
downlink MU-MIMO channel, MUI is introduced when a single BS communicates with multiple
users due to the interference between the transmitted data streams. MIMO channel precoding
is used to reduce this MUI. The BS has higher computational capabilities than the UE so the
channel precoding is usually applied at the BS. Several precoding techniques have been
proposed such as channel inversion, regularized channel inversion, block diagonalization,
regularized block diagonalization, dirty paper coding, and Tomlinson-Harashima precoding [17].
Further research has been done to improve existing precoding algorithms in terms of BER
performance and complexity [12], [14], [26].

In order to perform channel precoding, CSl is required at the BS. There are several ways to
obtain this CSI. In time division duplex (TDD) systems, the BS can exploit the channel reciprocity
and make channel measurements based on the received signal because the downlink and
uplink channels share the same frequency band to transmit and receive signals. In frequency
division duplex (FDD) systems, there is no channel reciprocity because the downlink and uplink

channels are on different frequencies, so the CSl is estimated and fed back from the user to the



BS [6], [17].

In [18], [22], block diagonalization (BD) precoding was proposed for MU-MIMO systems.
Employing BD precoding at the BS decomposes the MU-MIMO system into parallel SU-MIMO
systems to reduce the MUI. BD has better performance compared with simple channel
inversion precoding and lower complexity than non-linear precoding techniques such as dirty
paper coding (DPC) and Tomlinson-Harashima precoding (THP) [8], [17]. Thus in this report, BD

precoding is considered.

1.3 Objectives and Methodology

The detection techniques given in Section 1.1 for SM MIMO systems are compared in terms of
their BER performance. MIMO systems with different numbers of antennas are evaluated, and
three modulation schemes, namely QPSK, 16 QAM and 64 QAM, are considered [3], [8], [21].
BD channel precoding is used to reduce the effect of MUl in MU-MIMO systems [11], [15], [17].
Moreover, the BER performance of MIMO systems is investigated over correlated channels [8].
The objective is to evaluate the BER performance of SU-MIMO and MU-MIMO systems. For the
downlink SU-MIMO channel, it is assumed that a single BS communicates with a single user.
The BS and UE are equipped with Ny and Ny antennas, respectively. At the BS, the data is
divided into several independent data streams, and then modulated and transmitted
simultaneously from multiple antennas. No channel precoding is applied at the BS because
there is no MUI. The ZF, MMSE, OSIC and ML techniques are used to detect the received signal
and reduce the inter-antenna interference at the UE. The BER performance of these detection
techniques is evaluated and compared.

For the downlink MU-MIMO channel, it is assumed that a single BS communicates with K users
k=1,2,..,K. The BS is equipped with Nz antennas and each user is equipped with N
antennas. BD channel precoding is employed at the BS to decompose the MU-MIMO system
into parallel SU-MIMO systems and reduce the MUI. The ZF, MMSE, OSIC and ML techniques
are used to detect the received signal and reduce the inter-antenna interference at each UE.

The BER performance of these detection techniques is evaluated and compared. It is assumed



that full CSI is available at the BS and UE. An independent Rayleigh fading channel model is
assumed, and the noise is additive white Gaussian noise (AWGN). MATLAB is used for the

simulations.

1.4  Report Outline

Chapter 2 gives the SU-MIMO and MU-MIMO system models. The BD algorithm is presented
and considered for channel precoding in MU-MIMO systems. The ZF, MMSE, OSIC and ML signal
detection techniques are also presented. These techniques are studied and compared in terms
of their computational complexity. Spatial correlation is also considered using an exponential
correlation model. Chapter 3 presents the methodology and the simulation parameters used in
the MATLAB simulation of the SU-MIMO and MU-MIMO systems. Simulation results are given
and the performance of the detection techniques is discussed for both SU-MIMO and MU-
MIMO systems. Chapter 4 provides some concluding remarks and discusses possibilities for

future work.

Notation: in this report, uppercase bold letters denote matrices, while lowercase bold letters
denote vectors. Lowercase letters donates scalars. AT and A" denote matrix transpose and

Hermitian transpose, respectively.



2 MIMO Systems

This chapter provides the spatial multiplexing (SM) MIMO system models and the signal

detection techniques. Spatial correlation is also discussed.

2.1 MIMO System Model

Downlink MIMO channel models for both SU-MIMO and MU-MIMO are considered. It is
assumed that a single BS communicates with a single user for SU-MIMO and with multiple users

for MU-MIMO. A SM MIMO system is considered.

2.1.1 SU-MIMO System Model

Figure 1 shows the SU-MIMO system model. A single BS equipped with Nz antennas
communicates with a single user equipped with N antennas. H is the channel matrix between

the BS and UE. The channel matrix can be expressed as [8]

Ry o hy U
H = hj,l hj,i hj,NB (D
hNU,1 hNUri hNU,NB

where h;; denotes the channel gain between the ith transmit antenna at the BS and the jth

receive antenna at the UE, i = 1,2,...,Ng, j = 1,2, ..., Ny. The transmitted and received signal

vectors are x = [xl,xz, ey Xi, ...,xNB]T andy = [yl,yz, s Yo ...,yNU]T, respectively, where x;
denotes the transmitted signal at the ith transmit antenna and y; denotes the received signal
at the jth receive antenna. A narrowband flat fading channel is assumed so the received signal
at a given time is independent of the received signals at other times [17]. The received signal at

the UE can then be expressed as



y=Hx+z (2)

T
where z = [zl,zz, s Zj) ...,ZNU] and z; denotes additive white Gaussian noise (AWGN) with
zero mean and variance o2 at the jth receive antenna. From (1) and (2), the received signal can

be expressed as

Vi hii -+ hyy < hong 1p xg Zy
| AN
Yil=| hia hj; hing || Xt |+] % (3)
B .
yNU hNU,l h’Nu,i hNU,NB NB ZNU

Detection techniques to reduce the inter-antenna interference at the UE will be discussed in

Section 2.2.
X, jE]
_— —
, :
1 ]
] 1
! !
X X

UE [

Figure 1: The single-user multi-input multi-output (SU-MIMO) system model.



2.1.2 MU-MIMO System Model

Figure 2 shows the MU-MIMO system model. A single BS equipped with multiple antennas
communicates with K users, and each user is equipped with multiple antennas. Assuming that
the K users have the same number of antennas. Let Nz and Ny denote the number of antennas

at the BS and the kth UE, respectively. The total number of receive antennas is

NR == KNU (4’)

M
X
N UE-1
X1 Yu,
W P :
1
i o
X' ‘ 2,
; >
> W - BS X
k UE-k
! " ] Yu
] A o'
! ‘.. Cad
x;{: kY % :
— WA' J?VB \ 3 :'lv i
S | Vi, '
"y | Xy
*V .| UEK [
“ri' ‘.‘lll.k

Figure 2: The multi-user multi-input multi-output (MU-MIMO) system model.

The kth UE transmitted and the detected signals are x,, € CNVand ¥, € CNU respectively. The
channel matrix between the BS and the K users is H € CVR*NB which can be expressed as [8]

H=[HT .. HY .HY]" (5)

where the kth element represents the kth UE channel matrix H, € CNU*NB_ |n 3 flat fading



channel, the received signal y; € CNv for the kth UE is

K

Yi = Hyx, + Hy z xj+ 2z (6)
j=1%k

where x;, € CNU is the kth UE transmitted signal, and z;, € CNU is the kth UE AWGN. The term
H, Z;{=1,j¢kxj represents the MUl at the kth UE. To reduce the effect of MUI, channel
precoding is employed at the BS. The kth UE precoding matrix can be expressed with W, €

CNB*Nu From (6), the received signal at the kth UE after channel precoding is [15]

The goal of precoding is to reduce the effect of the MUI and obtain H W; = Oy «n,, Yk # J,
where Oy« is the zero matrix [17]. From (7), the received signal at the kth UE can be written

as
Yi = HWyxy + z, 8

After applying channel precoding, the received signal matrix for the K users can be expressed

as

Y1 H,W, - 0 0 X1 zZ,
:y-k = 0 kak 0 .x:k + Z-k (9)
Yk 0 0 o H W Xk Zy

where the elements of the diagonal matrix represent the product of the UE channel matrix H;,

and the UE precoding matrix Wy, k = 1,2, ..., K. The zeros denote N; XN zero matrices.



In this report, BD precoding is used to reduce the effect of MUl and decompose the MU-MIMO
system into parallel SU-MIMO systems at the BS. Then the detection techniques, which are
discussed in the next section, are employed to reduce the inter-antenna interference at each
UE [17], [26], [27]. Assume that the number of antennas at the BS is equal to the number of
antennas at the K users so that Nz = Ny = KNy. Using singular value decomposition (SVD),

the kth UE channel H;, € CNU*NB can be represented as [15], [17]
H, = UkAkVII;I (10)

where the Ny XNy matrix U;, and the NgXNp matrix V,, are unitary so that U, U = Iy, and
Vi, = Iy, . The columns of Uy and V, are the left singular and right singular vectors of H,
respectively. The columns of U, are obtained from the eigenvectors of H,HY, while the
columns of V, are obtained from the eigenvectors of HY H,.. The Ny XNp matrix Ay is a
diagonal matrix which has non-zero elements only on the diagonal. These elements are the

singular values which are the square roots of the eigenvalues of H, HY.

Definition 1: The eigenvalues of an nXn matrix A4 are the roots of det(4 — AIy) = 0, while the
eigenvectors are the non-zero solutions of (4 — AIy)X = 0. The null space of A, which is also

called the eigenspace, is the set of solutions of A — Al = 0.

The Nz XNy matrix V, can be expressed as [V,(cl) Vfco)], where the matrix Vfcl) € CNs*(Np=Ny)

consists of the first (Ng — Ny ) non-zero singular vectors and V,(CO) € CVB*NU js the last Ny zero
singular vectors [15]. The non-zero singular vectors and zero singular vectors represent the
non-zero solutions and zero solutions of (H), — AIy)X = 0, respectively, as in Definition 1.

From (10), the effective channel of the kth UE can be written as

H
H, = U AV = UkAk[V,(\}) v,(j’)] (11)
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The NpXNy ; matrix VECO) forms an orthogonal basis of the null space of H; [15]. The BD

precoding solution is given by
0 .
W, =VO v+ (12)
2.2 Signal Detection for Spatial Multiplexing MIMO Systems

In an SM MIMO system, the data stream is divided into multiple streams. These streams are
modulated and then transmitted via multiple antennas simultaneously. Although employing SM
technology with MIMO systems can increase the system throughput, it also increases the
complexity [5]. In this section, four signal detection techniques for SM MIMO systems are
discussed. These detection algorithms are zero-forcing (ZF), minimum mean square error
(MMSE), ordered successive interference cancellation (OSIC), and maximum likelihood (ML). ZF
and MMSE are linear detection techniques. Although, these techniques have low complexity,
the performance is worse than with non-linear detection algorithms [3]. OSIC employs either
the ZF or MMSE algorithm to detect the received streams one at a time. OSIC detection has
better BER performance than ZF or MMSE detection [11]. ML detection provides the best BER
performance, but it has the highest computational complexity and so is used as a reference to
evaluate the performance of the other techniques. CSI is required at the UE in order to

implement these techniques.

2.2.1 Linear Signal Detection Algorithms

Linear detection algorithms apply a weight matrix G to detect the received signal and reduce
the inter-antenna interference [5]. Figure 3 shows the linear detection block diagram. The

detected signal after applying the weight matrix is

¥ = Gy (13)
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&

L 4

. y v
—— H (H)—— G

Figure 3: Linear detection block diagram.

In MIMO systems, linear detectors are more practical than nonlinear detectors because of the
lower complexity [3]. In general, the computational complexity of a MIMO system increases
with the number of antennas. In addition, a large modulation constellation size increases the
system complexity. Here, two well known linear detection algorithms, namely zero-forcing (ZF)

and minimum mean square error (MMSE), are considered.

2.2.1.1 Zero-Forcing (ZF) Signal Detection

The ZF detector reduces the inter-antenna interference by applying a weight matrix G, on the

received signal. G, is the pseudo inverse of the channel matrix which is given by

G, = (H'H) *H" (14)

and from (2), (13) and (14), the ZF detect or output can be expressed as

%ZF = % + (HHH)_lHHZ = x + ZZF (15)

where Z, = (H"H) *H" z is the product of the pseudo inverse of the channel matrix with the

AWGN z [3], [17].
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2.2.1.2 Minimum Mean Square Error (MMSE) Signal Detection

MMSE is another linear detection technique used to reduce the inter-antenna interference. In
contrast to the ZF algorithm, the MMSE algorithm takes the noise term into account and so
provides better BER performance. The MMSE detector applies a weight matrix G55 to detect

the received signal which is given by [3]

The MMSE detector requires that the noise variance and channel gain be known at the receiver.

From (2), (13) and (16), the MMSE detect or output can be expressed as

Both the inter-antenna interference and AWGN are considered in the MMSE detector which
results in improved performance compared to the ZF detector. Determining (H"H)~?! for zF
detection or (HH + ¢2I)~! for MMSE detection is the main factor in the computational
complexity of these algorithms [25]. The diversity order achieved by these linear detection

techniques is (Ny — Nz + 1) [3], [17].

2.2.2 Ordered Successive Interference Cancellation (OSIC) Signal Detection

Successive interference cancellation (SIC) detects the received signal by employing a bank of
linear detectors. In this report, SIC employs ZF or MMSE detection. The BER performance of ZF
and MMSE signal detection is improved by employing SIC without a significant increase in
complexity [17]. SIC detects the parallel received symbols from multiple antennas one at a time.
Then it uses the detected symbols for interference cancellation in the next stages. The
performance of SIC detection is degraded by error propagation caused by erroneous decisions

in previous stages [17].
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Ordered successive interference cancellation was proposed to improve SIC detection [11]. OSIC
employs ZF or MMSE detection to detect the received symbols at each stage. The received
symbols are sorted in descending order based on either the signal-to-noise ratio (SNR) for ZF-
OSIC or the signal-to-interference plus noise ratio (SINR) for MMSE-OSIC. The SNR is the ratio of

signal power to noise power given by

Exlai,ZFhilz

SNR; =
l UZZHGL',ZFHZ

(18)

The SINR is the ratio of the signal power to the sum of the power of the other interfering signals

(interference power) and noise power given by

2
Eyx | G, ymseh; |

E, Zj:#ilGi,MMSEhjlz + UZZHGi,MMSEHZ

SINR,; = (19)

where E, is the energy of the transmitted signal. h; is the ith column vector of the channel
matrix. G; zr and G; y sk are the ith row of the ZF and MMSE weight matrices, respectively [3],
[11],[ 17]. These vectors are obtained from (14) and (16).
Figure 4 shows the MMSE-OSIC detection procedure for three received symbols. MMSE
detection is used at each stage. Assume that the number of antennas at the BS and UE is equal,
Ng = Ny = 3. There are three received symbols at the UE, where y = [y;,y,,V3]7. Suppose
that the received symbols are ordered as y;,y, and y; based on the SINR values from (19) so
that y; has the highest SINR. The MMSE-OSIC detection steps are as follows.
* After ordering the received signal symbols, the first received symbol is detected with the
first row vector of the MMSE weight matrix Gy sy in (17). The first detected symbol is

given by

X1y = Guuse (L)Y (20)
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where Gy yse(1) is the first row of the MMSE weight matrix. Then, the symbol is
estimated as the nearest point in the signal constellation. For example, with QPSK
modulation, there are four constellation points —1 —j,—1+j,1—j, and 1+ . The
function Q()?(l)) estimates the transmitted symbol by determining the nearest
constellation point. The first estimated symbol is given by X,y = Q(J?(l)).

In the second stage, the first estimated symbol X(;) is used in the interference

cancellation which is given by

?(1) =Yy- h(1)3?(1) (21)

where ¥4 is the received symbols after canceling the first estimated symbol X1)- heyy
is the first column of the channel matrix. The OSIC procedure is repeated for the second
stage where the second and the third received symbols are ordered based on their SINR

values from (19). The second received symbol is detected using MMSE detection as

f(z) = GMMSE(Z)y(l) (22)

where Gy s (2) is the first row of the MMSE weight matrix which is obtained from
(16). Then, the second estimated symbol X, is determined by %,y = Q(f(z)) as in the
previous stage.

In the last stage, the third received symbol is obtained by canceling the second

estimated symbol X,y giving

Yo =¥u — hpipe) (23)

where h(,) is the second column of the channel matrix. At this stage, there is no need to
calculate the SINR. The MMSE is used to detect the third received symbol which is given
by
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f(3) = GMMSE(?’)?(Z) (24)

Then, the third estimated symbol X3y is obtained using the function Q(f@) which
determines the nearest constellation point.
The performance of the MMSE-OSIC detector is better than that of the MMSE detector when
symbols are estimated correctly [3], [11]. The same steps are followed for ZF-OSIC detection
but the received symbols are ordered based on their SNR values from (18). Further, ZF

detection is used at each stage instead of MMSE detection.

y J mmse Xy, ectimation Xy,
"|  detection "
1 -~ ”
XA, X
N vo=v—h ¥ N MMSE (2} | . , Y2y,
Yy =¥—hy X, detection estimation >
X . X
o + -+ . . “H(3
» VYo=Y~ hlz'}'rlj_'-'] d:f[‘:gzgn £2, estimation —”)

Figure 4: The MMSE-OSIC signal detection block diagram.

The MMSE-OSIC detector provides better performance than the ZF-OSIC detector. The
calculation of the SNR or SINR increases the computational complexity of ZF-OSIC and MMSE-
OSIC detection compared with ZF and MMSE detection, respectively. The number of SNR or

SINR calculations is given by [17]

L(L+1
T:%_

where L is the number of received streams.

1 (25)
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2.2.3 Maximum Likelihood (ML) Signal Detection

Maximum likelihood (ML) detection provides the best performance [3], [17]. ML detection
estimates the transmitted symbol using an exhaustive search over all possible transmitted
symbols, and chooses the one that maximizes the likelihood of the received symbol and has the

smallest error probability. The detected signal using the ML detector is given by [3]
Xy, = arg max f(y|x) (26)
XEM™YB

where M and Nz are the signal constellation size and number of transmit antennas,
respectively. The ML detector calculates the Euclidean distance between the received signal y
and all possible transmitted signals x multiplied by the channel matrix H, and the detected
signal is the one corresponding to the smallest Euclidean distance. The detected signal in (27)

can be rewritten as [3]
Xy, = arg min |ly — Hx||? (27)
xeMNB

The ML detector employs an exhaustive search over all possible constellation points, which
leads to a low error probability but high computational complexity. A large constellation size M
and large number of transmit antennas makes ML detection intractable in practical scenarios
[3], as the number of Euclidean distance calculations is |[M|VB. For example, for a MIMO system
with Nz = 3 and 16 QAM this number is 163 = 4096. However, ML detection provides optimal
performance and achieves a diversity order equal to the number of receive antennas Ny [3],
[17]. ML detection is used here as a reference to evaluate the performance of other detection

techniques.
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2.2.4 Computational Complexity

The detection techniques given previously are now compared in terms of the computational
complexity. The computational complexity of ZF, MMSE, and OSIC detection depends on the
number of transmit Nz and receive Ny antennas. The complexity of ML detection depends on
the modulation constellation size M and the number of antennas at the UE and BS. The
computational complexity is measured in terms of the number of floating point operations
(FLOPs). A floating-point operation is a mathematical operation that involves floating point
numbers. For example, a multiplication followed by an addition requires 2 FLOPs and 8 FLOPs
with real values and complex values, respectively [8]. Table 1 gives the number of FLOPs

required for the detection algorithms.

Detection Number of Flops
Technique
ZF 4N3 + 8N;iNy — 2N [18]
MMSE 4N3 + 8NN, [25]
_ 5 2 7 1
ZF-05IC Ng+ (42N, ) N3 + (24 Ny ) N3 +2NyNp  [20]
_ 5 2 7 1
MMSE-OSIC Ni+ (C+2N,) N3 + (24 NoNG) NG + (3 + Ny ) Nyl [20]
ML IMIVENy (Ng + 1) [3]

Table 1: Computational complexity for the detection techniques

Figure 5 presents the required number of FLOPs for the detection techniques when the
number of antennas at the BS and UE is Ny = Ny. This shows that ZF and MMSE detection
require the lowest number of FLOPs, while ML detection needs the highest number of FLOPs.
The ML detector complexity increases with the constellation size M. This figure also shows that

ML detection becomes intractable when 64 QAM is used. Further OSIC detection has lower
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complexity than ML detection. For example, the required number of FLOPs for ZF, MMSE, ZF-
OSIC and MMSE-OSIC detection when Nz =Ny =6 is 2520, 2592, 3054 and 4566,
respectively. For ML detection with Nz = N; = 6 and QPSK, 16 QAM and 64 QAM modulation,
the required number of FLOPs is 1720%x102%,7046x10% and 2886x10°, respectively. The
complexity of the ZF-OSIC algorithm depends on the number of SNR calculations, while the
MMSE-OSIC algorithm depends on the number of SINR calculations. Thus, the required number

of FLOPs for MMSE-OSIC detection is higher than that for ZF-OSIC detection [20].

ZF
—&— MMSE -
—#— ZF-0SIC
—b&— MMSE-OSIC
—&— ML, QPSK
—©—- ML, 16QAM
v+ ML, 64QAM |

FLOPs

NB=NU

Figure 5: The computational complexity of different detection techniques for MIMO systems with

NB = Nu.
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2.3 Spatial Correlation

In wireless networks, spatial correlation between antennas occurs due to inadequate antenna
spacing and signal scattering [17], which causes a loss in performance. In [6], the Kronecker
model was introduced for channel correlation. This model assumes that there is no correlation
between the BS and UE due to the distance between them. Thus, there is only correlation
between antenna elements at the BS and UE. The Kronecker model for a correlated channel can

be expressed as

1 1
Heory = RZHR? (28)

where Ry is the UE correlation matrix, Rp is the BS correlation matrix, and H denotes the
channel between the BS and UE. In an urban wireless environment, there can be many
obstacles near the UE. Thus, the channels are almost independent when the UE antenna
elements are spaced by 1/2, where A is the wavelength [17]. Therefore, the spatial correlation
is assumed to be zero at the UE, so that R, = Iy, as in [8], where Iy is the identity matrix,

and from (28)

1
H.opr = HRlzg (29)

An exponential correlation model was considered in [13] to study the effect of correlation
between antenna elements. It was shown that an increase in the exponential correlation
coefficient between antenna elements leads to a decrease in system capacity. Thus, increasing
the SNR in the case of correlated channels can reduce the loss in system capacity. The

correlation matrix elements at the BS is given as [13]

.. ri- i<j
RB(1.1)={rl-_j i>j. Jrl<1 (30)

)
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where 1 is the correlation between any two neighboring antennas at the BS, i = 1, 2, ..., Nz and
Jj=1,2,...,Ng. Thus, the correlation is greatest between neighboring antennas. For example,

the BS correlation matrix when Nz = 4 and r = 0.7 from (30) is

1 0.7 049 0.34

rR. =107 1 0.7 049
B 71049 0.7 1 07

034 049 07 1

This shows that the correlation between the first and second antennasis greater than the
correlation between the first and third antennas. When r = 0, the correlation matrix is
Ry = Iy, which means there is no correlation between antennas at the BS, so then H.,,,- = H.
The highest correlation between antennas occurs when r = 1. Exponential correlation is used

here to study the effect of correlated channels as in [8].
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3 Performance Results

3.1 Simulation Models and Parameters

For both SU-MIMO and MU-MIMO systems, the downlink channel model is assumed to be
independent and identically distributed (i.i.d.) Rayleigh fading. Perfect channel state
information (CSI) is assumed at the BS and UE for MU-MIMO systems, while it is only assumed
at the UE for SU-MIMO systems. The BER performance for spatial multiplexing MIMO systems is
evaluated. The detection techniques presented in Section 2.2 are employed at the UE. QPSK, 16
QAM, and 64 QAM modulation are employed. Spatial correlation is also considered as discussed
in Section 2.3 with different values of r [8], [13]. In this report, the notation Nz XN;-MIMO is
used for SU-MIMO systems, where Ny and Ny are the number of BS and UE antennas,
respectively. For MU-MIMO systems, the notation (Ng, K, N;)-MIMO is used where Ny is the
number of BS antennas, K is the number of users, and Ny is the number of UE antennas. The

simulation parameters for both SU-MIMO and MU-MIMO systems are listed in Table 2.

The MATLAB simulation steps are summarized below.

1- The transmitted data is generated and then modulated using QPSK, 16 QAM or 64 QAM.

2- The modulated data is divided into multiple data streams based on the MIMO system
dimension.

3- The channels are generated based on the number of UE and BS antennas. A Rayleigh
fading channel is employed with exponential correlation.

4- BD channel precoding is used on the transmitted streams for MU-MIMO systems.

5- The received signal is the product of the user channel and the transmitted signal. AWGN
is added based on the SNR.

6- The UE employs ZF, MMSE, ZF-OSIC, MMSE-OSIC and ML techniques to detect the
received signal.

7- The received signal is demodulated and compared to the transmitted data to obtain the

BER.
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The above steps are repeated for 1000 iterations to obtain the average BER for different

SNR values.

SU-MIMO systems
NgXNy-MIMO

2X2-MIMO, 3x3-MIMO,
4X4-MIMO, 6X6-MIMO

MU-MIMO systems
(Ng, K, Ny)-MIMO

(6,2,3)-MIMO, (8,2, 4)-MIMO,
(12,2, 6)-MIMO

Channel model

Rayleigh fading

Data modulation

QPSK, 16 QAM, 64 QAM

Channel information

Ideal (known CSl)

Detection techniques

ZF, MMSE, ML
ZF-0SIC, MMSE-OSIC

Spatial correlation

Exponential correlation with

r= 0.50.7
MU-MIMO channel precoding BD
Data length per iteration 10000 bits

Table 2: Simulation parameters
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3.2 SU-MIMO Performance

The downlink SU-MIMO channel model in Figure 1 is considered where a single BS
communicates with a single user. The SU-MIMO channel is assumed to be Rayleigh flat fading.
The BS is equipped with Nz = 2, 3,4, and 6 antennas, and the UE is equipped with the same
number of antennas as the BS so that N; = Ny [3].

The BER performance was evaluated for both uncorrelated and correlated MIMO channels, and
QPSK, 16 QAM, and 64 QAM modulation was employed. Figure 6 presents the performance of
different detection algorithms for a 2X2-MIMO system. QPSK modulation is used and the
channel is uncorrelated. This shows that the ZF detector has the worst performance, while the
ML detector has the best. MMSE detection shows an improvement in BER performance
compared with ZF detection of approximately 3 dB at a BER of 1073. Employing ordered
successive interference cancellation improves the BER performance of the ZF and MMSE
detectors. The ZF-OSIC and MMSE-OSIC detectors have a gain of approximately 3 dB and 2 dB
over the ZF and MMSE detectors, respectively, at a BER of 1073, An SNR of 19 dB is required to
achieve a BER of 1073 for the ML detector, while the MMSE-OSIC detector needs an SNR of 26
dB to achieve the same BER.

Figure 7 presents the BER performance of different detection techniques for a 4x4-MIMO
system with 16 QAM and an uncorrelated channel. ZF detection still has the worst
performance, while ML detection has the best. MMSE detection provides better performance
than ZF detection. The required SNR to achieve a BER of 1072 is 28 dB and 30 dB for the MMSE
and ZF detectors, respectively. Employing OSIC again provides better performance than the ZF
and MMSE techniques with a 2 dB and 2.2 dB gain when the MMSE-OSIC and ZF-OSIC detectors
are employed, respectively, at a BER of 1072. The MMSE-OSIC detector requires an SNR of 26
dB to achieve a BER of 1072, while the ML algorithm needs an SNR of 19 dB to achieve the
same BER. In order to achieve a BER of 1072 instead of 1072, the ML and MMSE-OSIC detectors
require an increase in SNR of 3.2 dB and 9 dB, respectively. Although ML detection provides the
best BER performance, it is not practical due to its high computational complexity as mentioned

previously.
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Figure 8 presents the BER performance of 3X3-MIMO, 4X4-MIMO and 6X6-MIMO systems
with QPSK modulation. MMSE, MMSE-OSIC and ML detectors are employed at the UE. This
shows that increasing the number of antennas improves the BER performance with ML
detection. For example, to achieve a BER of 1073, there is an approximately 1 dB SNR gain
when the number of antennas increases from 3 to 4, and from 4 to 6. The performance remains
almost the same as the number of antenna increases with MMSE and MMSE-OSIC detection.

Figures 9 to 11 present the BER performance of a 4X4-MIMO system with ZF, MMSE, and
MMSE-OSIC detectors, respectively, with QPSK, 16 QAM, and 64 QAM modulation. Exponential
channel correlation is assumed with r = 0,0.5 and 0.7. These results show that the BER
performance is better with a modulation scheme that has small constellation size. Figure 11
shows that MMSE-OSIC detection with QPSK has approximately an 8 dB and 15 dB SNR gain
compared with 16 QAM and 64 QAM modulation, respectively, at a BER of 1072. Moreover,
there is a noticeable BER performance degradation with exponential channel correlation. The
BER performance decreases as r increases. Figure 10 shows that there is approximately a 4 dB
of loss with r = 0.7 compared with an uncorrelated channel at a BER of 1073 with MMSE

detection and QPSK modulation.
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Figure 10: BER performance of a 4X4-MIMO system with an MMSE detector and different modulation
and correlation coefficients.
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33 MU-MIMO Performance

The downlink MU-MIMO system in Figure 2 is now considered where a single BS communicates
with multiple users over Rayleigh fading channels. The BS is equipped with Nz = 6,8, and 12
antennas. Two users are assumed and both are equipped with the same number of antennas
Ny . The number of antennas for both users Ny is assumed to be equal to the number of BS
antennas so that N; = Ng. BD precoding is employed at the BS to reduce the MUI and
decompose the MU-MIMO system into two parallel SU-MIMO systems.

The BER performance was evaluated for both uncorrelated and correlated channels, and QPSK,
16 QAM, and 64 QAM modulation were employed. Figure 12 presents the performance of
different detection techniques for an (8, 2,4)-MIMO system with 16 QAM and uncorrelated
channels. This shows that the ZF detector has the worst performance compared to the other
detection techniques. MMSE detection provides better performance than ZF detection. The
required SNR to achieve a BER of 1072 is 30 dB and 31.8 dB for the MMSE and ZF detectors,
respectively. Employing OSIC detection improves the performance of ZF and MMSE detection.
Figure 12 shows that the MMSE-OSIC and ZF-OSIC detectors have a gain of approximately 2 dB
and 1.5 dB over the MMSE and ZF detectors, respectively, at a BER of 1072, It also shows that
ML detection provides the best performance compared with the other detection techniques.
The ML detector requires an SNR of 22 dB to achieve a BER of 1072, while MMSE-OSIC
detection needs an SNR of 28 dB to achieve the same BER. In order to achieve a BER of 1073
instead of 1072, the ML and MMSE-OSIC detectors require an increase in SNR of 3 dB and 7.5
dB, respectively.

The constellation diagrams in Figures 13 to 17 present the received symbols for an (8, 2, 4)-
MIMO system with different detection techniques and 16 QAM. These results show that the
received symbols are spread around their ideal values due to noise, fading and interference.
These symbols are less spread at an SNR of 25 dB compared to 10 dB with ZF and MMSE
detection. Figures 13 and 14 show that ZF detection provides worse performance compared
with MMSE detection at an SNR of 10 dB with BER of approximately 2.5x10~! and 2.0x107?!

respectively. Figures 15 and 16 show that the performance of ZF and MMSE detection improves
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at an SNR of 25 dB with BER of approximately 1.9x1072 and 1.5x1072 respectively. Figure 17
shows that ML detection provides the best performance at an SNR of 25 dB where the BER is
approximately 3.0x107%,

Figure 18 presents the BER performance of the MU-MIMO system with N; = 6, 8,12 antennas
and two users, so each user is equipped with Ny = 3,4, 6 antennas. MMSE, MMSE-OSIC and
ML detectors are employed at the UE, and QPSK modulation is used. These results show that
increasing the number of antennas improves the BER performance with ML detection, while the
performance with MMSE and MMSE-OSIC detection remains almost the same.

Figures 19 to 21 present the BER performance of an (8, 2,4)-MIMO system with ZF, MMSE, and
MMSE-OSIC detection, respectively, with QPSK, 16 QAM, and 64 QAM modulation. Exponential
channel correlation is assumed with r =0,0.5 and 0.7. These results show that the
performance is better when the modulation constellation size is smaller. For example, QPSK
provides an approximately 6 dB SNR gain over 16 QAM modulation with a ZF detector for a BER
of 1072, Further, the performance decreases as the exponential correlation increases. Figure 21
shows that there is an approximately 2 dB SNR loss when r = 0.5 compared with uncorrelated

channels at a BER of 1072 with MMSE-OSIC detection and 16 QAM.
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Figure 12: BER performance of an (8, 2, 4)-MIMO system with 16 QAM and different detection
techniques.
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Figure 13: Constellation diagram of the received symbols after ZF detection for 16 QAM and SNR=10 dB.
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Figure 14: Constellation diagram of the received symbols after MMSE detection for 16 QAM and SNR=10
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Figure 18: BER performance of MU-MIMO systems with QPSK and different detection techniques.
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Figure 19: BER performance of an (8, 2,4)-MIMO system with a ZF detector and different modulation
and correlation coefficients.
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Figure 21: BER performance of an (8, 2,4)-MIMO system with an MMSE-OSIC detector and different
modulation and correlation coefficients.
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Discussion

This section discusses the simulation results for SU-MIMO and MU-MIMO systems given in the

previous sections.

1-

Figures 7 and 12 presented the BER performance of different detection techniques with
4X4-MIMO and (8, 2,4)-MIMO systems, respectively, and 16 QAM modulation. These
show that employing BD precoding successfully decomposed the (8, 2,4)-MIMO system
into two parallel 4x4-MIMO systems. Further, using BD precoding with the (8,2, 4)-
MIMO system reduces the MUI with a small performance degradation compared with
the 4X4-MIMO system. This degradation is approximately 1.8, 2.1, 1.6, 2 and 3 dB with
the ZF, MMSE, ZF-OSIC, MMSE-OSIC and ML detectors at a BER of 1072, respectively.
OSIC detection provides better BER performance than ZF and MMSE detection.

The ML detector provides the best BER performance and outperforms the other
detection techniques. However, the complexity of ML detection becomes infeasible
from an implementation point of view when the modulation constellation size is large.
Figures 8 and 18 showed that increasing the number of antennas with ML detection
provides better performance for SU-MIMO and MU-MIMO systems, respectively. In
contrast, the performance of the SU-MIMO and MU-MIMO systems with MMSE and
MMSE-OSIC detection remains almost the same when the number of antennas
increases.

A large modulation constellation is affected more by noise, fading and interference as
shown in Figures 9 to 11 for a 4X4-MIMO system and Figures 19 to 21 for an (8,2, 4)-
MIMO system. Thus, QPSK provides better BER performance than 16 QAM and 64 QAM.
There is a noticeable degradation in BER performance when the channel is spatially
correlated. Exponential correlation with different values of r was employed with SU-
MIMO and MU-MIMO systems and the results presented in Figures 9 to 11 and Figures
19 to 21, respectively. These show that the BER performance of the detection

techniques decreases as the correlation increases.
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4 Conclusion and Future Work

Spatial multiplexing MIMO techniques are used to increase the capacity of wireless systems,
but they increase the system complexity. This report provided a comparison of the BER
performance of zero-forcing (ZF), minimum mean square error (MMSE), ordered successive
interference cancellation (OSIC), and maximum likelihood (ML) detection techniques. They
were employed at the user equipment (UE) for SU-MIMO and MU-MIMO systems. Block
diagonalization (BD) channel precoding was considered at the BS for the downlink MU-MIMO
channel. Moreover, spatial correlation and different modulation schemes were considered.
Simulation results were presented which showed that ZF detection has the worst performance
while ML detection has the best performance. Employing OSIC provides better BER
performance than the ZF and MMSE detection techniques. BD precoding was used to
decompose the MU-MIMO system into parallel SU-MIMO systems in order to reduce the multi-
user interference (MUI). It was shown that increasing the number of antennas provides
diversity gain and improves the performance with ML detection, while the performance with
MMSE and OSIC detection techniques remains almost the same as the number of antennas
increases. Thus, the system performance can be increased using spatial diversity instead of
spatial multiplexing with MIMO systems.

Exponential spatial correlation was also considered for SU-MIMO and MU-MIMO systems. The
results obtained show that an increase in the correlation between antennas degrades the BER
performance of MIMO systems. Finally, using a small modulation constellation results in better

BER performance.

4.1 Future Work

Spatial multiplexing MIMO techniques can be used to increase the channel capacity. In this
report, flat fading wireless MIMO channel models were assumed. Thus, spatial multiplexing
MIMO system in frequency selective fading could be considered. In addition, the channel state

information (CSI) was assumed to be perfectly known which is difficult in practice. Thus, the
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BER performance of MU-MIMO systems with BD channel precoding can be studied in the case
of imperfect CSI. Currently, massive MIMO where hundreds of antennas are employed is an
important research topic. To address the number of antennas, research should be conducted to

reduce the complexity of signal detection and channel precoding techniques.
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