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Abstract

In wireless communication, the multiple-input multiple-output (MIMO) system is a
well-known approach to improve the reliability as well as the data rate. In MIMO systems,
channel state information (CSI) is typically required at the receiver to detect transmitted
signals; however, in practical systems, the CSI is imperfect and contains errors, which affect
the overall system performance. In this paper, we propose a hovel maximum likelihood (ML)
scheme for MIMO systems that is robust to the CSI errors. We apply an optimization method
to estimate an instantaneous covariance matrix of the CSI errors in order to improve the
detection performance. Furthermore, we propose the employment of the list sphere decoding
(LSD) scheme to reduce the computational complexity, which is capable of efficiently finding
a reduced set of the candidate symbol vectors for the computation of the covariance matrix of
the CSl errors. An iterative detection scheme is also proposed to further improve the detection
performance.
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1. Introduction

In multiple-input multiple-output (MIMO) systems, multiple antennas are employed at the

transmitter as well as the receiver. For the same bandwidth and total power, a MIMO system
typically provides substantial performance gains in terms of the data rate and reliability with
respect to single-antenna systems [1]. Specifically, higher data rates can be achieved by
exploiting multiple independent channels between the transmitter and the receiver in order to
simultaneously send multiple data streams, whereas a higher reliability can be attained by
sending and receiving replicated signals via multiple antennas.

The symbol detection performance significantly affects the overall gains of MIMO systems,
and channel state information (CSI) is typically required at the receiver in order to optimally
detect symbols. There are various methods to obtain the CSI. As an example, in
training-symbol-based estimation, the transmitter sends predetermined symbols, which are
exploited for CSI estimation at the receiver [2—4]. In contrast, in blind channel estimation, the
covariance matrix of the received signal vectors is exploited to estimate the channel
coefficients [5]. Moreover, the importance of training sequence design and subspace-based
channel estimation for MIMO systems is addressed in [6], whereas a concept of staggered
frame structure for massive MIMO, in which users transmit training pilots at different time, is
proposed in [7]. However, regardless of the specific channel estimation method, in practical
systems, the estimation performance cannot be perfect, which causes performance degradation
in MIMO systems.

There exist many well-known techniques for detecting transmitted symbols, which include
the maximum likelihood (ML), zero-forcing (ZF), minimum mean square error (MMSE), and
successive interference cancellation (SIC) detection schemes [8, 9]. Among these techniques,
the ML detector provides the best performance in terms of the error probability. However, as
in the other detection schemes, its detection performance is considerably affected by imperfect
CSI. To overcome this problem, a robust ML detector was proposed in [10], which utilizes the
CSlI error bound. In [11], the variance of the CSI errors is taken into account to improve the
performance of the ML detector in the presence of CSI errors. In [12], the optimization of
symbol detection by joint processing of the training sequences and data symbols is discussed.

In this paper, a novel ML detection scheme for MIMO systems is proposed. In the proposed
iterative ML detection (IMLD) scheme, the instantaneous covariance matrix of the noise and
CSl errors is estimated by considering the probabilities of multiple transmit candidate symbol
vectors, whereas the published methods [10, 11] use the bound or the long-term statistical
information of CSI errors. Then, multiple iterations of the estimation of the covariance matrix
and the computation of the symbol probabilities are conducted to improve the error
performance. To reduce the computational complexity of the proposed scheme, the iterative
list sphere decoding (ILSD) scheme is also proposed, which only exploits a list of selected
symbols for the computation of the instantaneous covariance matrix of the noise plus CSI
errors.

Notation : Lower-case bold face lettering denotes column vectors. Capital boldface lettering
denotes matrices. The symbols (.)"and (.)" represent the transpose and conjugate transpose
operations, respectively. Iy denotes an identity matrix with dimensions of NxN.
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2. System Model

The numbers of transmit and receive antennas are assumed to be N, and N, respectively. The
received signal in the kth symbol interval can be expressed as

Yic= HX¢ + Vi, 1)

where X, = [Xy, X4, ..., Xndd " @nd Yy = [y1, Y1, ..., Yr]" denote the transmitted and received signals in

the kth symbol interval, respectively, whereas vy = [vy, V4, ..., Vx/]" represents the noise signal
vector, which is assumed to be a zero-mean complex random vector with a covariance matrix
of o,Z,INr. Furthermore, H indicates an NyxN; channel matrix consisting of independent
complex Gaussian random elements. An uncorrelated block Rayleigh fading is assumed [13—
15]. Specifically, H is fixed during K symbol intervals, and it is randomly generated every Kth
symbol interval.

To consider CSI errors, as in [11, 13], we express the channel matrix H asH = H + E,
where H is the estimated channel matrix, and E is a matrix of the CSl errors. It is assumed that
E consists of the instantaneous values of the independent and identically distributed (i.i.d.)
random variables having zero mean, which is a widely used assumption for CSI errors in
training-symbol-based estimation [2, 3]. Furthermore, E is assumed to be independent of each
H, x;,, and v,. Then, (1) can be rewritten as

Yk = (ﬁ + E)Xk + Vi = ﬁxk + EXk + Vi = ﬁxk + ‘7](, (2)

where ¥,, = Ex;, + v, denotes the effective noise signal that contains the effects of channel
estimation errors as well as the additive noise. On the basis of the central limit theorem, for
sufficiently large N, Ex, can be approximately modeled as a Gaussian random vector with
zero mean, and the proof for its Gaussianity can be carried out by checking the Lindeberg
condition [16], as given in Appendix A.

The covariance matrix of the effective noise, ¥, can be expressed as

Ry, = IE[‘N’k‘NIIIc-I] = E[(Exy + Vi) (Exy + vi)"]
= o5ly, + oZEE”, ©)

where o2 = E[|x|?] represents the average signal power.
Here, we note that the estimation of Ry, is equivalent to the estimation of the covariance

matrix of CSl errors, i.e., a2EE", except for the contribution of the noise signal, i.e., c,Z,INr.

3. Estimation of the Instantaneous Covariance Matrix

By using the covariance matrix in (3), the ML detection rule in the presence of CSI errors can
be expressed as

o 1 1 o \H__4 —
&) = arg rr;i\xm exp {_E(y}‘ — Hx, ) Ry (yx — ka)} )]
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The detection of x;, only depends on the exponential term in (4); hence, the detection rule
can be simplified as

R, = arg n;licn{(yk — lflxk)HR‘?,kl(yk — ﬁxk)} . 5

To obtain the solution of (5), knowledge of R, is required at the receiver. From (2), the

effective noise in the kth symbol interval can be written as ¥, =y, — Hx,, and the
instantaneous covariance matrix can be estimated in the form of

Ry, = (vi — Hx) (i — ﬁxk)H- (6)

We note that (6) requires exact knowledge of x,, which is unavailable at the receiver.
Therefore, instead of x;,, we exploit the a-posteriori probabilities of candidate symbol vectors,
which can be generated in the detector. The a-posteriori probability of the ith candidate
symbol vector in the kth symbol interval can be written as

1
Pk 7TNt det(ﬁv'o)

Pk = exp {~(ve — Axk) "Rg} (yie — Ax)} 7
where x¢. denotes the ith candidate symbol vector in the kth symbol interval, and ﬁv,o is the
initial estimate of Ry, . Furthermore, Py represents the normalization factor that ensures that
the sum of all of the probabilities is equal to one, i.e., Z?’zcl pL = 1. Here, N, = 2VeXNm is the
number of candidate symbol vectors, where N,, is the modulation order. By using (7), Ry, can
be estimated in the form of

N¢
— . —~ —~ :\H
Ry, = Z Dk (Yk - Hxllc)(Yk - Hxllc) . )]
i=1
Under the assumption that the channel matrix and its estimate are fixed for K symbol intervals,

the covariance matrix of the effective noise can be more accurately estimated by averaging
Ry fork = 1,2,...,K,ie,

Ry, . ©)

To compute p}, in (7), the initial estimate of Ry needs to be determined. In (3), the elements of
E are assumed to be zero-mean i.i.d. random variables, and without any further information, it
is reasonable to choose the expectation of Ry with respect to E for its initial estimate:

Ryo = (02 + 0f0fN)ly,, (10)
where o denotes the variance of each CSI error. Finally, the detector output is generated by

substituting Ry for Ry, in (4).
Note that the detection scheme in [11] utilizes (10), which is the expectation of the covariance
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matrix, throughout its entire detection process. However, in the proposed algorithms, the
covariance matrix is initially set to (10), but it gets updated through multiple iterations so that
it approaches its instantaneous value (3), which is capable of providing an improved overall
detection performance. The detailed procedures of the proposed algorithms will be described
in the subsequent section.

4. Proposed lIterative Algorithms

4.1 lterative ML Detection (IMLD)

To further improve the performance of the proposed detector, an iterative scheme can be
considered. Specifically, the covariance estimate of the effective noise in (8) replaces Ry ¢ in
(7) in the subsequent iteration to update p,i(, i=12,,N,k=1,2,--,K. Then, the updated
values of p, are used to recalculate ﬁ;,k and Ry in (8) and (9). This process is repeated to

increase the accuracy of the final detection result. Consequently, the IMLD scheme can be
summarized as follows:

e IMLD Algorithm

1. Initialization : Set1 = 1and Ry = (62 + 0Z0ZN)ly,.
2. Calculatepg,,,i=1,2,-,N., k =1,2,-,K by using Ry,;_4 in (7).
3. Calculate Ry, ;, k =1,2,-,K,in (8)
4. Update Ry; = %Zle Ry,
5, l<1l+1.
6. Ifl< Ny
Go to step 2.
else
Find the ML solutions %, k = 1,2,-+, K, by using Ry, in (5).
end

In this algorithm, | denotes the iteration order. In step 6, if | exceeds the predetermined
maximum number of iterations, N;;.,, the algorithm is terminated by finding the ML solutions.

4.2 lterative ML Detection (ILSD)

In the previous subsection, we proposed an algorithm that estimates the instantaneous
covariance matrix of the effective noise by using the a-posteriori probabilities of all of the
candidate symbol vectors. Even though the proposed scheme is capable of providing improved
performance, the computational complexity of this estimation increases exponentially with
N,, and N;, rendering the scheme impractical. Hence, we propose to exploit the LSD
algorithm, which is capable of reducing computational complexity while achieving
near-optimal performance.

LSD is an expansion of the original sphere decoding (SD) scheme. SD is designed to
efficiently find a single solution point. Therefore, when a point that is inside the sphere is
found, the radius of the sphere for searching the candidate points is updated to the distance
between the received signal and the found point [16]. On the other hand, LSD aims to find the
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N; most probable points [17]; hence, LSD fixes the initial radius and selects multiple points
that are inside the sphere radius. When the number of selected points is greater than N, LSD
computes the distance of each selected point from the received signal and selects the N;,
points with the smallest distances. In the proposed ILSD scheme, only N, points, which are
selected by LSD, are used to estimate the covariance matrix, Ry, instead of exploiting all of
the candidate symbol vectors.

Conventional LSD is typically derived in a real-domain system model [16, 18]. In the rest of
this paper, we will employ a real-domain representation for each matrix and vector that can be
obtained by using the transformation that is specified in [19]. Then, the cost function in (5) can
be represented as

o Tl ~ . ~—1 .
(yk — Hx;) Ry (Yk — Hxy) = (x, — %)"H"Ry H(x) — %)
— o o -1
+ ¥k {ﬁv "Ry 'H (HTRV 1H) H'Ry 1})’1« (11

_ -1 _ .
where X, = (HTﬁle) HTRy 1yk. In (11), it is observed that the second term on the
right-hand side does not depend on x; hence, ML detection can be epressed as

R = argminy, {(x, — %) "UTU(x, - %)}, (12)

where U is an N, x N, upper triangular matrix such that UTU = H"R5'H, and (12) only searches
the points that lie inside the sphere with a radius of r, i.e., the points that satisfy (x, —
%,)TUTU(x, — X,) < r2. The radius r is determined so that we are reasonably sure that a
sufficient number of points exists inside the sphere, as described in [18].

Consequently, the ILSD scheme can be summarized as follows:

e ILSD Algorithm
1. Initialization : Set I = 1, Ry = (67 + 00 Ny)ly,, and
- -1 N1 g
%0 = (H'RyoH)  H'Ryy,.
2. Calculate U;_; by applying Cholesky factorization to HTR;}_lﬂ.

3. Search the points that satisfy (x, — %,)TUTU(x, - %,) <r%, k=1,2,-,K,t0
generate a list of N, points.
4. Calculate p,i(’l,  k=1,2,--,K, for the N, selected points by using Rg;_; in (7).
5. Calculate Ry, ;, k =1,2,-,K, in (8).
6. Update Ry, = %Zle Ry, and calculate X,,; = (HTﬁg,}H)_lHTﬁg}yk.
7. l<1+1.
8. Ifl < Nier
Go to step 2.
else
Select the nearest point to X, ; for the ML solution.
end

In step 3, if the number of selected points is smaller than N;, the radius increases so that the
sphere accommodates a larger number of points. In step 7, if the iteration order is greater than
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Niter, the ILSD algorithm is terminated by finding the ML solution. Otherwise, the algorithm
returns to step 2 to proceed with the iterations.

5. Computational Complexity

In this section, the computational complexities of the proposed schemes are examined by
counting the four fundamental arithmetic operations. To find the inverse of an N x N matrix, it
is assumed that the Gauss-Jordan elimination method is employed, which requires real
(complex) operations of N3 — N additions, N; — N multiplications, and N, + N divisions for a
real (complex) matrix. However, when a matrix is diagonal, N divisions are only required for
matrix inversion.

5.1 IMLD

In this subsection, the computational complexity of IMLD is investigated for each step of the
algorithm by counting the number of complex operations. In step 1, the algorithm is initialized,
and there is no computation. The normalized probabilities are calculated in step 2, where
N, N, additions and multiplications are needed to calculate y, — Hx}, which is stored and
utilized in the following iterations. In addition, for the kth symbol interval and N, symbol
candidates, N.(N; + 1)N, — 1 additions, N.(N; + 2)N, multiplications and N, divisions
are required in the first iteration (I = 1), whereas N.N? — 1 additions, N.(N? +
N,.) multiplications, and N, divisions should be performed in each of the subsequent
iterations (!l # 1), where N, — 1 additions and N, divisions are conducted for the
normalization. Furthermore, these computations are repeated for each of the K symbol
intervals.

In step 3, K(N. — 1)N? additions and 2KN_.N,> multiplications are required during K
symbol intervals. The instantaneous covariance matrix is estimated in step 4, which requires
(K — 1)N? additions, and N2 divisions. Then, the symbol detection in (5) is performed,
where N3 + KN,N? — N, — KN, additions, N3 + KN.N? + (KN, — 1)N,
multiplications and N? + N, divisions are conducted under the assumption that the
Gauss-Jordan elimination method is employed for matrix inversion. Consequently, the total
computational loads for the K symbol intervals can be summarized as follows:

Ncy = IN3 + {(I — 1N, + (I + DKN, — }N? — {(N, + 1)KN, — l + 2}N,
—KN,.—K—-1+1,

Ngy = IN2 + 3IKN.N? + {(N; + L + 2)KN,. — I}N, ,

Ncp = (2N2 + N, + KNI,

where N¢4, Ny, and N denote the numbers of required complex additions, multiplications,
and divisions, respectively.

5.2ILSD

Because a real-domain representation is employed in the ILSD algorithm, real-domain
computations are considered for the computational complexity.

In step 1, the estimated solution, X, is required for the initialization. Hence, 8N§ +
(16N, — 4)N? + {4(K — 2)N, — 2(K + 1)}N,  additions, = 8N? + 16N,.N? + {8N? +
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4(K + 1)N, + 2}N, multiplications, and 4NZ + 2N, + 2N, divisions should be performed
during K symbol intervals. By assuming HTIA{‘;lH is calculated and stored in the previous step,

only Cholesky factorization is conducted in step 2, which requiresgNt3 —%Nt additions,
ng - gNt multiplications, and 2N, — 1 divisions.

In step 3, the bottom-up search algorithm is applied. Because the average number of
searched points in each layer varies depending on the amount of noise and channel estimation
errors, the computational load of this step is counted and averaged by the simulations, and it is
denoted as the subscript “s3.” In step 4, the computation of the a-posteriori probability requires
2KN;(2N; + 1)N, - K additions, 4KN; (N, + 1)N, multiplications, and KN, divisions in
the first iteration, whereas 4K N, N> — K additions, KN (4N? + 2N,) multiplications, and
KN, divisions are required in the subsequent iterations. In step 5, 4K(N, — 1)N? additions
and 8KN,N? multiplications are performed. Finally, 8N2 + (16N, — 4)N? + {16N? +
4(K — 6)N, — K — 1}N, + 8N + 4(K — 1)N2 — 2N, additions, ~ 8N2 + 16N,.N? +
(16N? + 4KN, + 2)N, + 8N? — 2N, multiplications, and 4N? + 2N, + 8N? + 2N,
divisions are required in step 6. In summary, the total computational complexity for the ILSD
scheme during K symbol intervals can be expressed as

32
Ng4 = (81 + ?) N2 +4(L + 1)(4N, — 1)N?

8
+ [16lNr2 +4{K(I+N,+1)—2@l+ DN, —K(1+2)—1- 5] N,
+8IN2 + 4K{IK(N, + 1) — 2}N? — l(2N, + K) + Ngy 53,
32
Npy = (81 + ?) N2 +16(1 + 1)N,N?

2
+ [8(21 + DN+ 4{K(l+ N, + 1) + 1}N, + 2 (l + 5)] N,

+8INZ + 4(1 + 1)KN,N? + 2{(l + KN, — 3N, + Ngp 53,
Ngp = 4L+ 1)NZ + 2(L + 2)N; + 8IN? + 2(l + )N, — 1,

where N4, Ngy, and Ny denote the numbers of real additions, real multiplications, and real
divisions, respectively.

6. Simulation Results

6.1 BER Performance

To evaluate the performance of the proposed schemes, computer simulations have been
performed. The elements of H are assumed to be independent zero-mean complex Gaussian
random variables with a unit variance, whereas the elements of the CSI error matrix E are
independent zero-mean complex Gaussian random variables with a variance of o2 assuming
an uncorrelated block Rayleigh fading channel. It is also assumed that H and E are constant for
K symbol intervals.

In the simulation results, the signal-to-noise ratio (SNR) is defined as the ratio of the total
average transmit power to the noise variance, i.e.,
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O-J?Nt

e (13)

SNR =

The performance of the idealized ML and SD detectors with perfect knowledge of the
covariance matrix (3) is included for the lower bound of the bit-error-rate (BER) performance,
whereas the conventional ML and SD detectors with imperfect CSI represent the upper bound
of the BER performance. The robust ML detector in [11] is also considered in the performance
comparison. However, the ML detector in [11] does not give any performance gains over the
conventional ML detector for constant-modulus modulation schemes in the presence of i.i.d.
CSl errors; therefore, its simulation results for QPSK modulation are omitted.

MEE

1ot i I I i i

SHR (dB)
Fig. 1. MSE versus SNR performance : 4 x 4 and 6 x 6 MIMO, QPSK, ¢% = —10 dB, and K = 32,

To analyze the convergence of the estimated covariance matrix, the mean squared error
(MSE) of the estimated covariance matrix is tested, and Fig. 1 presents the corresponding
results for 4x4 and 6x6MIMO systems with 6% = —10 dB and K = 32 when QPSK
modulation is assumed. In the low SNR region, the MSE increases as the iteration proceeds.
This is because incorrect symbol detection results in low SNRs, leading to inaccuracies in the
estimation of the covariance matrix. However, in the medium and high SNR regions, it is
observed that the MSE decreases as the number of iterations increases, which implies that the
potential gains of the proposed detection schemes in terms of the BER are in the medium and
high SNR regions. Furthermore, it is seen that there is no significant difference in the MSE
between four and eight iterations.
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—%— ML, perfect knowledge (3)
|| 5D, perfect knowledge (3) | | |
10 i

0 5 10 15 20 25 30
SHR (dB)

Fig. 2. BER versus SNR performance : 4 x 4 MIMO, QPSK, and 6% = —10 dB.

Fig. 2 shows the simulation results of the proposed schemes for a 4 x 4 MIMO system with
6% =—10 dB and K = 16, 32 when QPSK modulation is used. In the proposed detection
schemes, as K increases, a larger number of received signals are exploited for the estimation of
the instantaneous covariance matrix of the effective noise; hence, improved performance is
expected. It is observed that the proposed IMLD with K = 16 has an SNR gain of 2.5 dB over
the conventional ML scheme with imperfect CSI at a BER of 3 x 10 2 When the number of
symbol intervals is increased to K = 32, this gain is increased to 2.9 dB at the same BER. In
addition, compared to the performance in the first iteration, the IMLD scheme with K = 32
achieves SNR gains of 3.8 dB and 5.4 dB at a BER of 107 after the second and fourth
iterations, respectively. However, there is no significant further gain at the same BER after the
eighth iteration, which implies that four iterations can be a reasonable choice for the optimal
trade-off between the performance and the complexity. On the basis of the simulation results
in Fig. 1 and 2, the number of iterations will be fixed to four in the forthcoming performance
comparisons.

In Fig. 2, itis also observed that the ILSD scheme with N = 2 provides an SNR gain of 0.8
dB at BER=10 2 compared to that with N, = 1 after the eighth iteration. Furthermore, it is seen
that ILSD with N_ = 2 achieves nearly the same performance as IMLD, in spite of its
significantly lower computational complexity. Specifically, for the computation of Ry in the
corresponding simulation environment, ILSD with N = 2 only takes two selected candidate
solution vectors into account in each symbol interval, whereas IMLD needs to consider
2NexNm = 216 solution vectors.
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In the derivation of the proposed detection schemes, it is claimed that the effect of CSI
errors, Ex; , can be approximately modeled as Gaussian random variables under the
assumption that N, is sufficiently large, and its proof is given in Appendix A. However, in Fig.
2, it is seen that, even for N, = 4, the IMLD scheme achieves substantial gains over the
conventional ML detector in the presence of CSI errors by taking the covariance matrix of the
effective noise into account.

BER

H —=— S0, imperfect C5I
[ —&—ILSD, ¥=8
| —=—IL3D, k=16
| —&—IL3D, =32
—&— |LSD, =54
—4— 3D, perfect knowledge (3)

0 ]

10

SNR (dB)
Fig. 3. BER versus SNR performance : 6 x 6 MIMO, QPSK, N, = 2, and N;;., = 4.

Fig. 3 shows the BER performance of the ILSD scheme and conventional SD for a 6 x 6
MIMO system with various values of 62 when QPSK modulation is used. For 6%2= —20 dB,
the ILSD scheme achieves nearly the same performance as the idealized SD with perfect
knowledge of the covariance matrix. It is also seen that the ILSD scheme with K = 32 only has
a marginal performance degradation with respect to idealized SD for 6% = —15 dB.
Furthermore, it is seen that the proposed ILSD scheme provides significant SNR gains over
conventional SD, which proves its robustness to CSl errors. In particular, for o% =-10dB, the
ILSD schemes with K =16, K =32, and K = 64 achieve 4.1 dB, 5.2 dB, and 5.7 dB SNR gains
respectively, over conventional SD at a BER of 2 x 10 2.
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—=— 5D, imperfect C5I
—&— ML in [11]
[| —F— ILSD, K=8
—&—ILSD, K=16
—HE—ILSD, K=3Z
—=—ILSD, K=b4
ot —+— 5D, perfect knowledge (3) : ‘ I |
o 5 10 18 20 28 30
SMR (dB)

Fig. 4. BER versus SNR Performance : 4x4 MIMO, 16QAM, N; = 2, and N;;,, = 4.

Fig. 4 presents the BER performance of the proposed scheme and robust ML in [11] for 4x4
MIMO when 16-QAM modulation is assumed. The ILSD scheme with K = 16 exhibits an
SNR gain of 1.4 dB at BER=10 over robust ML in [11] for 6% = —20 dB, and this gain
increases to 2.2 dB when K is doubled at the same BER. These performance gains result from
the fact that the proposed schemes estimate the instantaneous covariance matrices of CSI
errors for ML symbol detection, which provide improved robustness against CSI errors,
whereas the algorithm in [11] only utilizes the long-term statistical information of CSI errors.

6.2 Complexity Comparison

In this subsection, the computational complexities of the proposed schemes and conventional
ML and SD are investigated by using the results in Section 5. For a proper comparison, the
complexity in the complex domain is converted to that in the real domain, which can be
summarized as follows:

Nca = 2Nga,
NCM = ZNRA + 4NRM )
NCD = 4NRA + 6NRM + ZNRD .
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5 —— conw, ML Additions
| —% —conv. ML Multiplications
— % -conv. ML Divisions
—=—conv. 30 Additions

—& —conv. 5D Multiplications
— & -conv. 50 Divisions N
—| —&—IMLD Additions
—& —|WLD Multiplications
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Fig. 5. Computational complexity : 4 x 4 MIMO, QPSK, ¢% =-10 dB, and K = 32.

Fig. 5 shows the average number of real arithmetic operations for 4 x 4 MIMO, ¢ =—10dB,
K =32, and the QPSK modulation. As the number of iterations increase, the computational
complexities of the proposed iterative detection schemes also increase, whereas the
conventional non-iterative schemes require a fixed amount of computational load. In Fig. 5, it
is seen that the ILSD scheme requires a higher number of operations compared to the
conventional SD scheme. The number of operations is approximately 4.9 times, 8.5 times, and
15.1 times larger after the first, second, and fourth iterations, respectively. Similarly, for real
additions, the ILSD scheme requires 3.9 times, 6.8 times, and 12.5 times higher complexity
than the conventional SD scheme after the first, second, and fourth iterations, respectively.
However, it is found that the ILSD scheme attains a significant reduction in the computational
load with respect to the IMLD scheme. Specifically, the ILSD scheme only requires 0.9 % of
additions, 1.1 % of multiplications, and 1.8 % of divisions compared to the IMLD scheme;
however, nearly the same BER performance is achieved, as shown in Fig. 2.

7. Conclusion

In this paper, we have proposed novel iterative ML detection algorithms for MIMO systems
that are robust to CSI errors. The proposed schemes estimate the instantaneous covariance
matrix of the effective noise, which contains the effects of CSI errors as well as the additive
noise. In the proposed IMLD scheme, the a-posteriori probabilities of all of the candidate
solution points are considered to estimate the instantaneous covariance matrix of the effective
noise. In contrast, in the ILSD scheme, it is only estimated by exploiting a list of the selected
points that lie inside a sphere. Despite its substantially lower complexity, the simulation
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results show that ILSD with N = 2 nearly achieves the BER performance of IMLD. To further
improve the performance of the proposed detection schemes, the covariance matrix of the
effective noise is iteratively estimated on the basis of the updated probabilities of the candidate
solution points.

In the simulation results, it is shown that the IMLD and ILSD schemes provide significant
performance gains over the conventional ML detector in the presence of channel estimation
errors, especially in medium and high SNR regions, which are typical operating SNR regions
for mobile communication systems. Specifically, for a6 x 6 MIMO system with 6% = —15 dB,
K =32, and QPSK modulation, ILSD provides an SNR gain of 3.4 dB at BER=4 x 10°* over
the conventional ML detector. The computational complexity is also evaluated, which shows
that ILSD achieves a significant reduction of the computational complexity compared to
IMLD.

For future work, the extension of the proposed detection algorithm to soft decoding for
coded MIMO systems can be considered.

Appendix A: Proof for the Gaussianity of Ex

The mth element of Ex can be written as

N¢
[Ex]m = 2 6mnxn ’ (A' 1)
n=1

where [-], denotes the mth element of a vector, and &,,, represents the element at the mth row
and nth column of E. We assume that 6,,, for m=1,2,---,N, and n=1,2,---, N¢,
represents the instantaneous values of i.i.d. random variables. We denote the normalized real
part of [Ex],, as

Nt
Zm = Sl\_/tl Z{‘Smn,Rxn,R - 5mn,1xn,1} ) (4.2)
n=1
where
N¢ 0—)?
Sw, = Z 7{5rznn,ze + 871} (4.3)
n=1

and the subscripts R and | represent the real and imaginary parts of a complex number,
respectively. Then, for a given set of instantaneous values of &,,,, we will prove that z,,
converges to a standard Gaussian random variable as N; — oo when the transmitted signals
xn,r and x,, ; are considered as i.i.d. zero-mean random variables.

In (A. 2), z,, can be observed as the sum of independent random variables 6,,,,, px,, r and
OmniXns »n=1,2,---, N.. We note that they are not identically distributed owing to different
instantaneous values of &,,, r and &,,,,; . In order to check if z,,, converges to a standard
Gaussian distribution, we test the Lindeberg condition [16]. For the signal model in (A. 2), the
Lindeberg condition can be reformulated as
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N¢

1 nSny nsn
— {S,Z,mIR]E [x,ZLRI <|xn’R| > - )] + 8%, E [x,zl,,l <|xn’R| > z -0
SN, oy mn,R mn,I

1
asNy = oo,V >0, (4.4)

where I(.) is the indicator function

_ (1 ifAistrue,
I(4) = {0 if A is false. (A-5)

We define &y max as the maximum value among {81z, **» Smw, ks Omar = » St }-
Then, the left-hand side of (A.4) satisfies the following inequality:

Nt
1 NSy SN
2 2 {&%m,R]E [xrzl,RI <|xn,R| > 5_>] + 512nn,I]E [xrzl,ll <|xn,R| > S
SNt n=1 mn,R mn,l
Nt
1 nsny nsny
S T {672'1”’RIE |:x72,"RI <|xn’R| > 6 >] + 61'27171,1IE |:x72,.'1[ <|xn’R| > 6
sNt n=1 m,max m,max
1 <
NSn
= > Ghns + S8 )8 el sl > 5 )
SNt n=1 m,max
2 NSn
= _Z]E |:x12‘RI <|X1’R| > 6 >:|. (A. 6)
Ox m,max

The third line of (A.6) is obtained from the fact that x,, z and x,, ; are i.i.d. random variables.
A sufficient condition for (A.6) to converge to zero can be expressed as

SNt

—ooas Ny = 00, (A.7)

6m,max

In (A.3), s,%,t is the sum of 2N, instantaneous values of the i.i.d. random variables 62, r and
821, Which have positive mean values. Hence, we have sy, — % as Ny — oo, which implies
(A.7). Consequently, (A.6) converges to zero, which proves that Lindeberg condition of (A.4)
is satisfied.

For the normalized imaginary part of [Ex],,,, similar steps can be performed to prove that it
also tends to a standard Gaussian random variables; therefore, it is concluded that [Ex],, can
be approximated as a complex Gaussian random variable for sufficiently large N;.
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