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ABSTRACT Linear precoding algorithms with low complexity in massive multi-in multi-out system have
always been a hot research topic to solve the problem of inter-cell interference. In this paper, we proposed
a conjugate gradient-based regularized zero-forcing (CG-RZF) precoding algorithm, with which the base
station can directly obtain the transmitted signal after RZF precoding and avoid directly solving the inverse
matrix in RZF. Moreover, an RZF precoding algorithm based on a parallel conjugate gradient (Parallel-CG-
RZF) is also proposed, which can optimize initial values and iterative process of the aforementioned CG-RZF
precoding algorithm. The simulation results have shown that the proposed CG-RZF and the optimized
Parallel-CG-RZF precoding algorithm can significantly improve the performance of bit error rate with
fast convergence speed compared with other precoding algorithms and can reduce the number of global
communications. Meanwhile, the calculation complexity of the proposed CG-RZF and Parallel-CG-RZF
precoding algorithm is much lower than the optimized Chebysheyv iteration algorithm.

INDEX TERMS Massive MIMO systems, parallel conjugate gradient, RZF, bit error rate, calculation

complexity.

I. INTRODUCTION

With the development of wireless communication technol-
ogy, the number of data transmission and access devices
has grown exponentially in the communication networks [1].
As one of the key and promising technologies of 5G [2],
massive MIMO technology can support higher data trans-
mission rates, enhance system capacity, and improve power
efficiency and spectrum efficiency, and thus it has broad
prospects in application. However, the use of large number of
antennas in the massive MIMO systems may cause series of
limitations to the mobile communications networks, such as
cell interference, pilot pollution, and multi-user interference.
Precoding technique [3] can be used to overcome above lim-
itations effectively based on kinds of precoding algorithms.

The precoding algorithm can obtain a related precoding
matrix based on the acquired channel state information (CSI),
with which the transmitted signal can be precoded before
transmission, and thus the received signal by the users can
avoid inter-user interference in the cell.

According to different modes of creating the precoding
matrix, the precoding algorithms are classified into non-linear
precoding algorithms [4] and linear precoding algorithms,
respectively. The linear precoding algorithms have much
lower complexity and are easier to obtain the precoding
matrix than the non-linear precoding algorithms [5], and
thus becoming more suitable for use in the massive MIMO
systems. In linear precoding algorithms, the Regularized
Zero-Forcing (RZF) precoding algorithm is improved form
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Zero-Forcing (ZF) precoding algorithm, and can obtain a
much better performance as the number of transmitting anten-
nas increases, and therefore, this paper proposed a lower
complexity precoding algorithm based on the RZF precoding
algorithm.

Linear precoding algorithms are designed to obtain the
approximate solution of an inverse matrix in the precoding
algorithm indirectly by some proposed methods, rather than
calculating the inverse matrix directly to reduce the calcu-
lation complexity. These algorithms are mainly divided into
three categories based on series expansion [6], iterative meth-
ods [7] and gradient methods [8]. In [9], the inverse matrix in
the precoding algorithm is developed based on Kapteyn series
which can be truncated to reduce the calculation complex-
ity. In [10], Symmetric Successive Over Relaxation (SSOR)
iteration method is proposed to obtain the estimation of the
inverse matrix to lower the direct calculation complexity.
After several iterations, the obtained iterative results are
approximately equal to the required inverse matrix. In [11]
a mixed iteration method combined with conjugate gradients
is proposed, i.e. joint Conjugate Gradient and Jacobi iteration
(CGJC), which can speed up convergence and thus reduce
bit error rate in the precoding algorithm. In [12], a novel
low-complexity linear precoding algorithm based on Jacobi
method (JM) is proposed to avoid calculating the matrix
inversion, which can achieve the near-optimal performance
and capacity-approaching of ZF precoding with a reduced
number of iterations. In [13], a low-complexity precoding
scheme based on dirty paper coding and zero-forcing is
proposed to improve the downlink sum rate for a multi-cell
massive MIMO system and combines a reduced form of QR
decomposition and an orthogonal projection by applying a
quasi-Newton algorithm per iteration. In [14], a low peak-to-
average power ratio precoding scheme based on an approx-
imate message passing algorithm is proposed to minimize
multiuser interference in massive multiuser MIMO systems,
which exhibits fast convergence and low complexity charac-
teristics. In [15], the precoding algorithms of iterative discrete
estimation and IDE2 are developed for a downlink massive
MU-MIMO system with finite-alphabet precoding based on
the alternating direction method of multipliers framework.

In this paper, a low complexity RZF precoding algorithm
based on the conjugate gradient method for Massive MIMO
Systems is proposed. The main contributions of this paper are
as follows. Firstly, a conjugate gradient based RZF precoding
algorithm (CG-RZF) is proposed, with which the base station
can directly obtain the transmitted signal after RZF precoding
and avoid directly solving the inverse matrix in RZF and
thus reducing the calculation complexity. Secondly, a parallel
conjugate gradient based RZF precoding algorithm (Parallel-
CG-RZF) is also proposed by optimizing initial values and
iterative process of the aforementioned conjugate gradient
based RZF precoding algorithm, which can not only accel-
erate the convergence speed, but also reduce the number
of global communications overhead. Thirdly, the calculation
complexity of both conjugate gradient and parallel conjugate
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gradient based RZF precoding algorithm is reduced greatly,
meanwhile, they can improve the performance of the Massive
MIMO Systems in terms of BER significantly.

The remainder of this paper is organized as follows.
Section II describes the system model. Section III presents
the proposed RZF precoding algorithm based on parallel
conjugate gradient and parallel conjugate gradient, respec-
tively, and then also analyzes the complexity of both proposed
algorithms. Section IV investigates the performance of the
proposed algorithms and shows simulation results in terms of
the BER for CG-RZF precoding algorithm, Parallel-CG-RZF
precoding algorithm and other RZF precoding algorithms,
respectively. Section V concludes this paper.

Il. SYSTEM MODEL

As shown in Fig. 1, the defined massive MIMO system
consists of a multi-antenna (M-antennas) Base Station (BS)
and several single-antenna (S-antenna) users. Let M denote
the number of transmit antennas of the BS, and K denote the
number of single-antenna users, respectively. In the system,
the real channel state information (CSI) matrix between the
BS and the users can be denoted by [16]

H=[hy,...hg], h € C¥x! 1))

where hy is the real channel matrix from the k-th single
antenna user to the BS, which subjects to an average of 0
Gaussian distribution.

Mt emnas
Base Station

FIGURE 1. System model.

The estimated channel matrix obtained by the BS based on
the real CSI matrix in equation (1) is calculated as

ﬁ:[ﬁl,...ﬁK]e(CMXK )
where ﬁk € CMx1 s the estimated channel matrix between
the BS and the k-th single-antenna user calculated by the BS.
Suppose that I subjects to Gaussian distribution, i.e. hy ~
CN (0ps1, ®) where ® € CM*M s the channel covariance
matrix. However, in the actual channel environment, the BS

may not be able to accurately obtain the estimated CSI matrix
from equation (2), so this paper uses the general Gaussian
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Markov model [17] to estimate channel matrix as follows.
hy = V1 — t2hy + Ty 3)

In equation (3), t € [0, 1] is the channel estimation parame-
ter, and T = 0 means that the estimated channel matrix is the
same as the real channel matrix, which denotes the channel
estimation is quite accurate. In this model, the channel noise
is also estimated by ny, which follows the Gaussian distribu-
tion ny ~ CN (0, 02) and is distributed with the matrix hy
independently and identically.
The signal received by the k-th user can be expressed as

i = hilx + z; 4)

where matrix x denotes the transmitted signal from the BS,
and z; denotes additive white Gaussian noise at the k-th user,
which satisfies z; ~ CN (0, c?).

Lets = [sq1,...,5x]T ~ CN (0Oxx1, Ixx1) denote the
transmitting data signal required by users from the BS, where
sk is the only desired signal for the k-th user. For mitigating
these multi-user data interference, the transmitting data signal
s should be precoded before being transmitted by the BS [18],
and thus the transmitted signal x in equation (4) can be
calculated by

x = Gs &)

where matrix G = [gy, ..., gx] € CM*K is the precoding
matrix for the proposed precoding algorithm, which should
satisfy the power constraint condition tr (GGH ) = Pand P
is the overall transmitting power at the BS.

The proposed RZF precoding algorithm based on conju-
gate gradient is to obtain the transmitted signal matrix X in
equation (4) directly and can avoid calculating the specific
precoding matrix in equation (5). In this paper the Bit Error
Rate (BER) is used to evaluate the performance of the pro-
posed algorithms. The estimated received signal after signal
detection can be expressed as

X =Wy (6)

This paper adopts MMSE signal detection algorithm [19]
to decode the received signal and the detection matrix W can
be denoted by

W= (HHH n UZI)_I %)

Thus, the estimated received signal X is compared statistically
with the original transmitted signal x to obtain the perfor-
mance of the BER.

IIl. RZF PRECODING ALGORITHM BASED

ON CONJUGATE GRADIENT

This section first makes a clear explanation to the pro-
posed conjugate gradient based RZF precoding algorithm
(CG-RZF), and then proposes a parallel conjugate gra-
dient based RZF precoding algorithm (Parallel-CG-RZF)
by further optimizing initial values and iterative process
of the aforementioned CG-RZF precoding algorithm, and
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thus improving the performance in terms of Bit Error Rate
(BER) and reducing the number of global communications
overhead.

A. THE CONJUGATE GRADIENT BASED RZF

PRECODING ALGORITHM (CG-RZF)

According to [20], the RZF precoding matrix can be
expressed as

G =gl (ﬁHH + éIK)_l ®)

Suppose A = HYH + &Ik, and substitute matrix A into
equation (8), we can obtain
A 1
G = SHA ©)
Then substituting equation (9) into equation (5), we can have
the transmitted signal x calculated by

x=BHA s (10)

Finally, let t = A~!s and we can obtain the linear equation as
follows.

At=s (11)

From the above, by using the conjugate gradient method to
calculate the vector t based on the equation (11), the trans-
mitted signal can be obtained directly, and avoid solving the
specific precoding matrix. The detailed procedure of the pro-
posed RZF precoding algorithm based on conjugate gradient
is presented as follows.

Next, we discuss the convergence of the proposed CG-RZF
precoding algorithm. According to the convergence theo-
rem of classical conjugate gradient method proved in [21]
and [22], the convergence condition of the iterative vector t;
in the above Algorithm 1 can be expressed as follows.

VA — A Ay
VA1 + A/ An
where A = (ﬁHﬁ + élk) in the Algorithm 1 denotes an

n-order real symmetric positive definite matrix, and the max-
imum and minimum eigenvalues of A are denoted by A1 > 0

k
0= - =2 ) lo-rly a2

Algorithm 1 The Proposed RZF Precoding Algorithm Based
on Conjugate Gradient

(Input ﬁ, s; Output x)

A= (ﬁHﬁ + glk)

2. 10 =0, rg =s — Atg, po=ry9
3. fork = 0:n-1

4. = (rx, ) / (pj» Ap))

5. tp41 =t + pLkPr

6. Tht+1 = rp — UpApy

7. Nk = (Ckg1, Teg1) / (g, Tk)

8. Pk+1 =Tk + NkPk

9. end .

10. x = fHz,
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and A, > 0, respectively. In addition, the accurate value of
the iterative vector ty is denoted by t* and the initial value of
the iterative vector t; is denoted by tp.

For the convergence, the right of the equation (12) can be
converged to zero when the iteration times £ is infinite, i.e.

. S = i\ a
£$>F<7ﬁ:7ﬁ>““‘th =0

k

. V)\l_\/)\n V)\l_«/)"n
s.t. lim | ——— =0 and ——————
k=00 \ /A1 +A Ay VAL FA Ay

According to Squeeze Theorem, we can obtain the equa-
tion (14) as follows.

<1 (13)

Jim [t — €], =0 (1)

This means that with the increase of the iteration times &, t;
will get closer to t*, and we have limy_, ooty = t* when
the iteration times k is infinite. As a result, the proposed
algorithm is converged.

Furthermore, it is also seen from the equation (12)

that the initial value ty can significantly affect the conver-
gence rate of the proposed algorithm, and to which is closer
to the accurate value t* can accelerate the convergence rate.
Moreover, in the proposed CG-RZF precoding algorithm t is
set to zero for simplicity, while in the proposed Parallel-CG-
RZF precoding algorithm, we let tg = D~ !s after optimizing
the initial values to. The discussion of the convergence rate
of the proposed algorithm is mainly presented from the per-
spective of the simulation results in Section VI.

B. THE PARALLEL CONJUGATE GRADIENT BASED RZF
PRECODING ALGORITHM (PARALLEL-CG-RZF)

As the ratio of the number of the BS antennas to users
increases, the diagonal elements of the matrix HYH are much
larger than those of non-diagonal elements, which tends to be
diagonally dominant [23]. Therefore, matrix A is character-
ized by diagonally dominant property, and is approximately
equal to its main diagonal matrix A when the number of
antennas is very large, and thus equation (11) can be approx-
imated as follows.

At=s (15)

Therefore, the initial value of t can be optimized and calcu-
lated as

to frd A_IS (16)

The standard CG consists of two inner product calcula-
tions. In a distributed storage parallel system [24], the first
inner product must be calculated before the second inner
product data is required, so they need two separate global
communications. Since global communications are relatively
expensive in the current distributed storage parallel system,
it is desirable to combine the two global communications
into one to reduce communication overhead [25]. Here is a
rearrangement of the calculation order of the CG method to
reduce the number of global communications.
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According to the intrinsic properties of CG process:
orthogonality of residual vectors [26], we can obtain

(1 et 1) (P, Apkt1)

=0 (17)
(re, i) (Px» Api)
(ri,Ar)) =0, |i—jl>1 (18)

Rearrangement can be done by substituting py = rr +nigpr—1
into (pr, Apr), and thus we have

ok = (Pk, vi) = (Pk, APk)
= (rk + MkPk—1, Ark + Nkvk—1)
= (rk, Arg) + i (e, vie—1) + Mk (Pr—1, Arx)
+ 0% (Ph—1+ Vi—1)
= (1, Ar) + 21k (e, ve—1) + ngok—1 (19)

According to the equation (17) and considering about r; =
ri—1 — Mk—lApk_l =Trj—1 — MUk—1Vk—1, WE can obtain

(rk, 1) = (e, rie—1) — k=1 (P, Vi—1)
Ve = 0— pp—1 (re, vie—1) (20)

According to equation (19), equation (20) and n; =
(rk+1, re+1) / (g, rr), and denoting 8 = (¢, Arg), thus we
can have

ok = (e, Are) + 20k (= Vi / tk—1) +0g0k—1 =8k — Ngok—1
(21

The rearrangement from the above makes a correction to
the standard CG method on the reduced global communi-
cation. And it can also be shown that this method is stable.
The proposed algorithm is started by performing a one-step
standard algorithm to obtain the initialization of v| and o7 as
follows.

C. THE COMPLEXITY ANALYSIS

This part analyzes the complexity of the proposed CG-RZF
precoding algorithm and the proposed Parallel-CG-RZF
precoding algorithm, respectively. Here, the complexity is
defined as the number of additions and multiplications
required for the user data signal to be converted into signal
transmitted by the antenna of the base station in equation (5).

According to the RZF precoding calculation procedures
based on the conjugate gradient, it is assumed that H and
&I are known matrices. The transmitted signal is x = SH#
after a single iteration of the conjugate gradient method. The
overall calculation procedures of the proposed algorithms can
be presented as follows.

1) The matrix H¥ multiplied by matrix H and comes
to H”H, and the corresponding calculation complexity is
M - 1) K?;

2) The matrix H7H added by diagonal matrix £Ix and
comes to HH + &Ik, and the corresponding calculation
complexity is K;

3) The matrix A multiplied by vector ty and comes to Aty,
and the corresponding calculation complexity is (2K — 1) K;
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TABLE 1. Calculation complexity of proposed CG-RZF algorithm and parallel-CG-RZF algorithm.

Iterations times/ Addition times

N iterations

Multiplication times

Calculation Complexity

CG-RZF Algorithm  MK* -2K +

N(K* +MK +4K - M -2)

Parallel-CG-RZF
Algorithm

MK*+K*+K+KM -M
—2+N(K*+5K -1)

MK*+K*-2K -1+
N(K?+MK +5K + M +2)
MK* +2K*+ KM +2K +2
+N(K +6K +4)

2MK® +K* - 4K —1+

N(2K* +2MK +9K)

2MK® +3K* +2KM +3K - M
+N (2K +11K +3)

Algorithm 2 The Proposed RZF Precoding Algorithm Based
on Parallel Conjugate Gradient

(Input ﬁ s; Output x)
A= (I:IHfI + &1,
2. D =diag (diag (I:IHI:I + §Ik))
3.t0=D7!s, rp=s—Aty,y1 = (r1,r)p1 =711, Vi =
Ap,
4. 01 =(P1,v1), = (y1/01) p1
5. fork = 2:n-1
6. Sk = Al‘k
7. Yk = (Tk, %), S = (Xk, Sg)
8. Nk = Vi/Vk—1
9. Pk = Tk + NkPik—1
10. Vi = Sk + Nk Vi—1
11. o = 8 — Njok—1
12wk = yi/ok
13, ey =t + Pk
14. Tg41 =Yg — Wk Vk
15. end .
16. x = fHz,

4) The vector s added by vector Aty and comes to ryp =
s — Atp, and the corresponding calculation complexity is K;

5) The vector rg multiplied by vector rg and comes to rg 1o,
and the corresponding calculation complexity is 2K — 1;

6) The matrix A multiplied by vector pg and comes to Ap,,
and the corresponding calculation complexity is 2K — 1) K;;

7) The vector pg multiplied by vector Ap, and comes
to pg Ap,, and the corresponding calculation complexity is
2K — 1;

8) The constant rjro divided by constant pJAp, and

comes to ©p = prTg;:’O, and the corresponding calculation
complexity is 1; ’

9) The constant o multiplied by vector pp and then added
by vector tp, thus coming to t; = to + popo, and the
corresponding calculation complexity is K A

10) The matrix H multiplied by vector t; and comes to Ht;,
and the corresponding calculation complexity is (2K — 1) M

11) The constant 8 multiplied by vector Ht; and comes to
,BI-itl , and the corresponding calculation complexity is M.
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According to the above calculation procedures, it can be
seen that the calculation complexity of the proposed CG-RZF
precoding algorithm is 2MK? + 2MK + 3K? + 5K — 1 after
only a conjugate gradient iteration. Additionally, we can also
obtain the calculation complexity of the proposed CG-RZF
precoding algorithm after N iterations, denoted by 2MK? +
K% —4K — 1+ NQK?+2MK +9K). Moreover, the calcula-
tion complexity of the proposed Parallel-CG-RZF precoding
algorithm after N iterations can be denoted by 2MK? 43K > +
2KM + 3K —M + N (2K + 11K + 3).

The analysis results of calculation complexity of proposed
CG-RZF Algorithm and Paralle]-CG-RZF Algorithm are
clearly shown in Table 1.

IV. SIMULATION AND ANALYSIS

In this section, we analyze and evaluate the performance and
calculation complexity of the proposed conjugate gradient
based RZF precoding algorithm (CG-RZF) and the proposed
parallel conjugate gradient based RZF precoding algorithm
(Parallel-CG-RZF), respectively. Compared with other RZF
precoding algorithms, the proposed CG-RZF and Parallel-
CG-RZF precoding algorithms can directly finds the transmit
signal matrix and do not need to obtain the specific precoding
matrix, and thus can avoid solving the inverse matrix in
RZF precoding algorithm, so the bit error rate (BER) is used
to appropriately evaluate the performance of the proposed
algorithms in this section. In the following simulations, it is
assumed that the number of transmitting antennas of the
BS M equals to 256, the number of users K equals to 32.
Moreover, 4QAM modulation mode is used by the BS, and
the transmitted signal power is also normalized.

Fig. 2 shows the BER with the SNR using the proposed
conjugate gradient based RZF precoding algorithm and other
four precoding algorithms when iteration times N = 1. It is
assumed that the channel estimation is imperfect, and the
channel estimation parameter t equals to 0.1. It is seen that
the BER with the RZF precoding algorithm decreases much
faster than that with other four algorithms. The reason is that
the RZF precoding algorithm calculates the precoding matrix
directly with high calculation complexity and thus its perfor-
mance can be regarded as a reference to the proposed algo-
rithms for evaluation. Moreover, it is also seen that the BER
using Newton-RZF precoding algorithm is much smaller than
that of using other three precoding algorithms after only one
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—&— RZF
Taylor-RZF
—&— Numman-RZF

¥
2

—3%— Newton-RZF
CG-RZF

102

Bit Error Rate
3
A

0 2 4 6 8 10 12 14 16 18 20
Signal to Noise Ratio[dB]

FIGURE 2. Bit error rate VS. SNR (M =256, K=32,7 =0.1,N=1).

iteration, and meanwhile the BER of CG, Taylor, Numman
algorithms is almost the same and all improved slightly
because of insufficient iteration times.

—&— RZF

& Taylor-R2ZF

—&— Numman-RZF

—%— Newlon-RZF
CG-RZF

Bit Error Rate

o 2 4 6 8 10 12 14 16 18 20
Signal to Noise Ratio[dB]

FIGURE 3. Bit error rate VS. SNR (M = 256, K=32, t =0.1,N =2).

Fig. 3 shows the BER with the SNR using the proposed
CG-RZF precoding algorithm and other precoding algo-
rithms when iteration times N =2 and 7 = 0.1. Itis obviously
seen that, the BER with the four precoding algorithms per-
forms much better after two iterations than after only an iter-
ation shown in Fig. 2, and with increase of the SNR, the BER
decreases much faster compared with the performance after
only an iteration. Moreover, the proposed CG-RZF precoding
algorithm has quite faster convergence speed, which can be
explained that with the proposed CG-RZF algorithm the base
station can directly obtain the transmitted signal after RZF
precoding and avoid directly solving the inverse matrix in
RZF and thus reducing the calculation complexity. Besides,
after two iterations, the BER performance of the proposed
algorithm is obviously superior to the Neumann-RZF and
the Taylor-RZF precoding algorithm, and it also performs
much better than Newton-RZF precoding algorithm in terms
of BER, respectively.

Fig. 4 shows the BER with the SNR using the proposed
Parallel-CG-RZF and CG-RZF precoding algorithms com-
pared to that of the referred RZF precoding algorithm when
iteration times N = 1. It can be seen that the BER with the
proposed Parallel-CG-RZF algorithm is quite smaller than
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Bit Error Rate

—6—=01RZF
+= 0.4 RZF
—e—=07RZF
—%—r= 0.1 CG-RZF
= 0.4 CG-RZF
—g— = 0.7 CG-RZF
—&— 7= 0.1 Parallel-CG-RZF
+= 0.4 Parallel-CG-RZF
—6— = 0.7 Parallel-CG-RZF
2

4 6 8 10 12 14 16 18 20
Signal to Noise Ratio[dB]

FIGURE 4. Bit error rate VS. SNR (M = 256, K=32,N=1).

that with the proposed CG-RZF algorithm and approaches
the RZF precoding algorithm after only one iteration. More-
over, it also can be seen that the convergence speed of the
proposed Parallel-CG-RZF precoding algorithm is obviously
accelerated compared with the proposed CG-RZF precoding
algorithms. This is because the Parallel-CG-RZF algorithm
can optimize initial values and iterative process of the CG-
RZF algorithm, and thus the BER and convergence speed are
meanwhile improved significantly.

Bit Error Rate

—8—r=0.1RZF

7= 0.4 RZF
—8— =07 RZF
—F—r=0.1 CG-RZF

7= 0.4 CG-RZF
—— = 0.7 CG-RZF

+= 0.1 Parallel-CG-RZF

+= 0.4 Parallel-CG-RZF
—&— = 0.7 Parallel-CG-RZF

2

4 8 8 0 12 14 18 18 20
Signal to Noise Ratio[dB]

FIGURE 5. Bit error rate VS. SNR (M = 256, K = 32, N = 2).

Fig. 5 shows the BER with the SNR using the pro-
posed Parallel-CG-RZF and CG-RZF precoding algorithms
when iteration times N = 2. It is noticed that the proposed
Parallel-CG-RZF and CG-RZF precoding algorithms can
obtain much lower BER after two iterations than after only
an iteration shown in Fig. 4. It also can be clearly seen
that the BER of the Parallel-CG-RZF precoding algorithm
gets nearly close to that of the RZF precoding algorithm,
and the Parallel-CG-RZF precoding algorithm still performs
much better than the CG-RZF precoding algorithm in term of
BER and convergence speed, respectively. Moreover, the pro-
posed Parallel-CG-RZF precoding algorithm has a signifi-
cantly faster convergence speed after two iterations because
of the reduced calculation complexity from the analysis in
Section III. Additionally, the Parallel-CG-RZF precoding
algorithm after only one iteration achieves the same perfor-
mance as other precoding algorithms after two iterations,
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TABLE 2. Complexity of proposed algorithms VS. Chebyshev-RZF algorithms.

Algorithms One iteration Complexity Two iterations Complexity
Chebyshev-RZF Algorithm 2MK* + K* +2MK 2MK* +9K* + 2MK
-K +1 +2K +1
Optimized-Chebyshev-RZF Algorithm 2MK? +3K*+2MK + K 2MK? +11K* + 2MK
CG-RZF Algorithm MK* + MK +K* 2MK? +5K* + 4MK
+2K-M -2 +14K -1
Parallel-CG-RZF Algorithm 2MK? +5K* +2KM 2MK> + 7K +2KM
+14K — M +3 +25K - M +6

which are shown in Fig. 4 and Fig. 3, respectively. Therefore,
the proposed Parallel-CG-RZF precoding algorithm performs
much better than other precoding algorithms in terms of BER
and calculation complexity, respectively.

Moreover, form Fig. 4 and Fig. 5 it is seen that the BER per-
formance of the proposed precoding scheme can be affected
by the channel estimation parameter t, and the BER per-
formance of the proposed algorithm is getting much better
with the value of t is becoming smaller. The reason is that
the smaller T means the channel estimation is more accurate,
based on which the performance of the proposed schemes can
perform better.

—6—RZF
CG-RZF
Chebyshev-RZF [
—8— Optimized-Chebyshev-RZF | {
| —o— Paralle-CG-RZF 1

Bit Error Rate

o 2 4 6 8 10 12 14 16 18 20
Signal to Noise Ratio[dB]

FIGURE 6. Bit error rate VS. SNR (M =256, K=32,7 =0.1,N=1).

In Fig. 6 and Fig. 7, we compare the proposed Parallel-
CG-RZF and CG-RZF precoding algorithms with Chebyshev
iteration [20] in terms of the performance of BER. It can
be seen that when the number of iterations is 1, the pro-
posed Parallel-CG-RZF precoding algorithms is obviously
superior to the Chebyshev iteration algorithm proposed by
Zhang et al. [20], but performs slightly less than the optimized
Chebyshev iteration algorithm. Moreover, when the number
of iterations is 2, the performance of the proposed Parallel-
CG-RZF precoding algorithm is quite similar to the opti-
mized Chebysheyv iteration algorithm. And the complexity of
the optimized Chebysheyv iteration algorithm at N = 2 can be
calculated as 2MK?2 +11K2 +2MK , however, the complexity
of the Parallel-CG iteration algorithm is 2MK? + 7K? +
2KM + 25K — M + 6. The comparison results are clearly
shown in Table 2. Thus it can be see that the complexity
of the Parallel-CG-RZF and CG-RZF precoding algorithms
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FIGURE 7. Bit error rate VS. SNR (M = 256, K= 32,7 = 0.1, N = 2).

are much lower than the optimized Chebyshev iteration algo-
rithm by directly obtaining the transmitted signal and avoid-
ing solving the inverse matrix in RZF and thus reducing the
calculation complexity.

V. CONCLUSIONS

In this paper, we proposed a low complexity RZF precoding
algorithm based on the conjugate gradient for Massive MIMO
Systems. By using the conjugate gradient method, the base
station can directly obtain the transmitted signal after RZF
precoding and avoid directly solving the inverse matrix in
RZF and thus reducing the calculation complexity. Moreover,
a parallel conjugate gradient based RZF precoding algorithm
is also proposed by optimizing initial values and iterative
process of the aforementioned conjugate gradient based RZF
precoding algorithm, which can speed up the iterations and
reduce the number of global communications overhead. The
simulation results have shown that the proposed CG-RZF
precoding algorithm can significantly improve BER after two
iterations with fast convergence speed. More importantly, the
optimized Paralle]l-CG-RZF precoding algorithm can obtain
much better performance of BER compared with other pre-
coding algorithms, meanwhile, the calculation complexity of
which is much lower than the Chebyshev iteration algorithm
and optimized Chebysheyv iteration algorithm, respectively.

REFERENCES

[1] E. G. Larsson, O. Edfors, F. Tufvesson, and T. L. Marzetta, ‘“Massive
MIMO for next generation wireless systems,” [EEE Commun. Mag.,
vol. 52, no. 2, pp. 186-195, Feb. 2014.

VOLUME 6, 2018



G. Chen et al.: Low Complexity Precoding Algorithm Based on Parallel Conjugate Gradient

IEEE Access

[2]

[3]

[4]

[5]

[6]

[71

[8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

J. G. Andrews et al., “What will 5G be?”’ IEEE J. Sel. Areas Commun.,
vol. 32, no. 6, pp. 1065-1082, Jun. 2014.

M. Wu, B. Yin, A. Vosoughi, C. Studer, J. R. Cavallaro, and C. Dick,
“Approximate matrix inversion for high-throughput data detection in
the large-scale MIMO uplink,” in Proc. IEEE Int. Symp. Circuits Syst.
(ISCAS), Beijing, China, May 2013, pp. 2155-2158.

M. Kazemi, H. Aghaeinia, and T. M. Duman, “Discrete-phase constant
envelope precoding for massive MIMO systems,” IEEE Trans. Commun.,
vol. 65, no. 5, pp. 2011-2021, May 2017.

S. Jacobsson, G. Durisi, M. Coldrey, T. Goldstein, and C. Studer, “Quan-
tized precoding for massive MU-MIMO,” IEEE Trans. Commun., vol. 65,
no. 11, pp. 46704684, Nov. 2017.

E. Bertilsson, O. Gustafsson, J. Klasson, and E. G. Larsson, “Com-
putation limited matrix inversion using Neumann series expansion for
massive MIMO,” in Proc. 51st Asilomar Conf. Signals, Syst., Comput.,
Pacific Grove, CA, USA, Oct. 2017, pp. 466—469.

Y. Man, C. Zhang, Z. Li, F. Yan, S. Xing, and L. Shen, ‘“Massive MIMO
pre-coding algorithm based on improved Newton iteration,” in Proc.
85th IEEE Veh. Technol. Conf. (VTC Spring), Sydney, NSW, Australia,
Jun. 2017, pp. 1-5.

B. Yin, M. Wu, J. R. Cavallaro, and C. Studer, “Conjugate gradient-
based soft-output detection and precoding in massive MIMO systems,”
in Proc. IEEE Global Commun. Conf., Austin, TX, USA, Dec. 2014,
pp. 3696-3701.

Y. Man, Z. Li, F. Yan, S. Xing, and L. Shen, “Massive MIMO pre-coding
algorithm based on truncated Kapteyn series expansion,” in Proc. IEEE
Int. Conf. Commun. Syst. (ICCS), Shenzhen, China, Dec. 2016, pp. 1-5.
T. Xie, L. Dai, X. Gao, X. Dai, and Y. Zhao, “Low-complexity SSOR-
based precoding for massive MIMO systems,” IEEE Commun. Lett.,
vol. 20, no. 4, pp. 744-747, Apr. 2016.

W. Song, X. Chen, L. Wang, and X. Lu, “Joint conjugate gradient and
Jacobi iteration based low complexity precoding for massive MIMO sys-
tems,” in Proc. IEEE/CIC Int. Conf. Commun. China (ICCC), Chengdu,
China, Jul. 2016, pp. 1-5.

J. Minango and C. de Almeida, “A low-complexity linear precoding
algorithm based on Jacobi method for massive MIMO systems,” in Proc.
87th IEEE Veh. Technol. Conf. (VIC Spring), Porto, Portugal, Jun. 2018,
pp. 1-5.

H. V. Nguyen, V.-D. Nguyen, and O.-S. Shin, “Low-complexity precoding
for sum rate maximization in downlink massive MIMO systems,” IEEE
Wireless Commun. Lett., vol. 6, no. 2, pp. 186-189, Apr. 2017.

J.-C. Chen, C.-J. Wang, K.-K. Wong, and C.-K. Wen, “Low-complexity
precoding design for massive multiuser MIMO systems using approx-
imate message passing,” IEEE Trans. Veh. Technol., vol. 65, no. 7,
pp. 5707-5714, Jul. 2016.

C.-J. Wang, C.-K. Wen, S. Jin, and S.-H. Tsai, ‘‘Finite-alphabet precoding
for massive MU-MIMO with low-resolution DACs,” IEEE Trans. Wireless
Commun., vol. 17, no. 7, pp. 4706-4720, Jul. 2018.

A. Adhikary, J. Nam, J.-Y. Ahn, and G. Caire, “Joint spatial division and
multiplexing—The large-scale array regime,” IEEE Trans. Inf. Theory.,
vol. 59, no. 10, pp. 6441-6463, Oct. 2013.

B. Nosrat-Makouei, J. G. Andrews, and R. W. Heath, “MIMO interference
alignment over correlated channels with imperfect CSL,” IEEE Trans.
Signal Process., vol. 59, no. 6, pp. 2783-2794, Jun. 2011.

G. Chen, J. Zheng, and L. Shen, “A preset threshold based cross-tier
handover algorithm for uplink co-channel interference mitigation in two-
tier femtocell networks,” Wireless Netw., vol. 22, no. 6, pp. 1819-1835,
Aug. 2016.

B. Ren, Y. Wang, S. Sun, Y. Zhang, X. Dai, and K. Niu, “Low-complexity
MMSE-IRC algorithm for uplink massive MIMO systems,” Electron.
Lett., vol. 53, no. 14, pp. 972-974, Jul. 2017.

C.Zhang, Z.Li, L. Shen, F. Yan, M. Wu, and X. Wang, “A low-complexity
massive MIMO precoding algorithm based on Chebysheyv iteration,” IEEE
Access, vol. 5, pp. 22545-22551, 2017.

D. G. Luenberger, Intraduction to Linear and Nonliner Programming.
New York, NY, USA: Addison-Wesley, 1973.

A. van der Sluis and H. A. van der Vorst, “The rate of convergence
of conjugate gradients,” Numer. Math., vol. 48, no. 5, pp. 543-560,
1986.

L. Dai et al, “Low-complexity soft-output signal detection based
on Gauss—Seidel method for uplink multiuser large-scale MIMO sys-
tems,” IEEE Trans. Veh. Technol., vol. 64, no. 10, pp. 4839-4845,
Oct. 2015.

VOLUME 6, 2018

(24]

[25]

(26]

W. Peng, Y. Li, B. Li, and X. Zhu, “An analysis platform of road traffic
management system log data based on distributed storage and parallel
computing techniques,” in Proc. IEEE Int. Conf. Big Data Cloud Comput.
(BDCloud), Atlanta, GA, USA, Oct. 2016, pp. 585-589.

L. Ismail, J. A. Kassem, and B. Qamar, “Implementation and performance
analysis of a parallel oil reservoir simulator tool using a CG method on
a GPU-based system,” in Proc. UKSim-AMSS 16th Int. Conf. Comput.
Modelling Simulation, Cambridge, U.K., Mar. 2014, pp. 375-380.

M. R. Hestenes and E. L. Stiefel, “Methods of conjugate gradient for
solving linear systems,” J. Res. Nat. Bureau Standards, B, vol. 49, no. 6,
pp. 409436, 1952.

GENG CHEN received the B.S. degree in elec-
tronic information engineering and the M.S.
degree in communication and information sys-
tem from the Shandong University of Science and
Technology, Qingdao, China, in 2007 and 2010,
respectively, and the Ph.D. degree in information
and communications engineering from Southeast
University, Nanjing, China, in 2015. He is cur-
rently a Lecturer with the College of Electronic,
Communication and Physics, Shandong Univer-

sity of Science and Technology. His current research interests are in the
areas of heterogeneous networks, ubiquitous networks, and software-defined
mobile networks, with emphasis on wireless resource management and
optimization algorithms and precoding algorithms in large-scale multi in
multi out.

QINGTIAN ZENG received the B.S. degree and
the M.S. degree in computer science from the
Shandong University of Science and Technology,
Tai’an, China, in 1998 and 2001, respectively, and
the Ph.D. degree in computer software and the-
ory from the Institute of Computing Technology,
Chinese Academy of Sciences, Beijing, China,
in 2005. He is currently a Professor with the
Shandong University of Science and Technology,
Qingdao, China. His research interests are in the

areas of Petri nets, process mining, and knowledge management.

XIAOMEI XUE received the B.S. degree from
Jiangnan University in 2018, where she is cur-
rently pursuing the M.S. degree. Her current
research interest is in the area of precoding algo-
rithm in massive multi in multi out.

ZHENGQUAN LI received the B.S. degree from
the Jilin University of Technology in 1998,
the M.S. degree from the University of Shanghai
for Science and Technology in 2000, and the
Ph.D. degree in circuit and system from Shanghai
& Jiaotong University in 2003. He is currently a
Professor with Jiangnan University. His current
research interests include space—time coding and
l cooperative communications and massive multi in
multi out.

54017



	INTRODUCTION
	SYSTEM MODEL
	RZF PRECODING ALGORITHM BASED ON CONJUGATE GRADIENT
	THE CONJUGATE GRADIENT BASED RZF PRECODING ALGORITHM (CG-RZF)
	THE PARALLEL CONJUGATE GRADIENT BASED RZF PRECODING ALGORITHM (PARALLEL-CG-RZF)
	THE COMPLEXITY ANALYSIS

	SIMULATION AND ANALYSIS
	CONCLUSIONS
	REFERENCES
	Biographies
	GENG CHEN
	QINGTIAN ZENG
	XIAOMEI XUE
	ZHENGQUAN LI


