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Abstract

In this paper, we consider a single group massive MIMO system, which consists of one
receiver (base station) deployed with a large number of antennas and multiple users
with each having single antenna. In the uplink transmissions from users to base station,
we focus on an efficient signal reconstruction of all the users' transmitted symbols. We
build a statistic decision matrix based on the received signals, whose eigenvectors and
eigenvalues constitute the key components of our signal reconstruction algorithm. Then,
an optimization problem is formulated and we convert this problem to two sub-
problems: obtaining the optimal weights by solving Semidefinite Relaxation (SDR)
optimization and obtaining the optimal rotation phases. Finally, an iterative algorithm
framework is proposed for multi-user signal reconstruction. Numerical results are also
carried out to verify the bit-error-ratio (BER) performance compared with the several

coherent detection schemes and the noncoherent transmission schemes.
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1 Introduction

1.1 Massive MIMO and Motivation

Massive multiple-input multiple-output (MIMO) [1,2] is a hot topic research in recent
years and has been considered as one promising technology for the future wireless

communication systems, since it can provide many benefits, such as great

I+


mailto:gli@xidian.edu.cn
https://www.editorialmanager.com/jwcn/download.aspx?id=276900&guid=d123d5a4-0c6c-47b0-b849-d6cae3d390cd&scheme=1
https://www.editorialmanager.com/jwcn/download.aspx?id=276900&guid=d123d5a4-0c6c-47b0-b849-d6cae3d390cd&scheme=1

O Joy b WN

OO OO OO DD DDEDWWWWWWWWWWDNDDNDDNDNDNNMNNMdDMdDNMdDNMNNNRPRPRPRRPRRRRRE
adh WNRPFRPROoOCDLVWOJOOUDWNRPRPODOVOJONUUPWDNRPRPOOVOJOOUDdDWNREFRPROOWOJIOOUD WNEFOWOLOWTJIOU D WDNDE OV

improvements in throughput, efficient radiated energy and simplification of the MAC
layer [3]. Essentially, these performance improvements mainly result from the higher
beamforming gain at transmitter or diversity gain at receiver due to the large number of
independent channel realizations of the active antennas.

Generally, in order to ensure a high receiver performance, the demodulator must
know the channel state information (CSI), which is estimated before demodulation and
decoding procedures [4,5]. Therefore, training sequences or pilot signals are usually
embedded in the transmission frame structures to obtain the channel knowledge.
However, the acquisition of the whole accurate instantaneous CSI is not an easy thing
for the massive MIMO systems. The cost of time and frequency resources significantly
increase with the number of the active antennas and users. In cellular scenarios [1], a
frequency-division duplex (FDD) system generally requires large amount of pilots
which scales linearly with the number of antennas. Even in time-division duplex (TDD)
mode, since the circuits in transmitting and receiving paths could result in different
drifting, a large number of training sequences need to make calibration in order to
maintain the channel reciprocity [6]. In long term evolution (LTE) [7], the channel
estimation and pilot overhead occupy approximately $15\%$ amount of time and
frequency resources. These investigations suggest that the channel training in coherent
system may be inefficient, especially in massive-antenna scenarios.

CSI acquisition is generally necessary when the receiver adopts the coherent
detection, such as the commonly-used maximal ratio combining (MRC) algorithm. In
the uplink transmissions, the CSI estimations at the base station are obtained from the
signals transmitted by the multiple users in TDD mode. In FDD mode, the CSI
estimations are obtained with the CSI feedback from the multiple users by using the
different transmission frequency. The CSI plays an important role in the receiver
algorithm, such as the signal equalization. In addition, the transmission schemes
without the CSI training or estimation become more necessary and practical, especially
in the internet of things (IoT), device-to-device (D2D) or massive MIMO scenarios.
The most noncoherent transmission schemes focus on elaborately designing the

transmitting signals.
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Motivation: In this paper, we expect to reduce the cost of pilots or training sequences
as much as possible in an approximately non-coherent transmission. We alternatively
turn our attention on an efficient signal processing and signal reconstruction at the

receiver.

1.2 Related Works

The perception and acquisition of the CSI are crucial for single-input-single-output
(SISO) and multiple-input-multiple output (MIMO) systems. Generally, the channel
training is commonly used in the current practical systems. However, in the massive
MIMO systems, the large number of antenna elements induce two major challenges.
The one is a large number of radio frequency (RF) chains increases the energy
consumptions. The other is RF chains occupy an increasing amount of spectral
resources. Therefore, several improved transmission schemes and CSI acquisition
strategies are proposed in order to reduce the processing complexity. Hybrid
beamforming [8] uses a combination of analog beamformers in the RF domain, together
with digital beamforming in the baseband, so as to reduce the RF with a smaller number
of up/down-conversion chains. Joint spatial division and multiplexing (JSDM)
proposed in [9,10] provides significant potential to achieve link gains in massive MIMO
systems. Its key idea lies in partitioning the users into groups with approximately
similar covariance matrices and splitting beamforming into a pre-beamforming and the
multi-user MIMO (MU-MIMO) precoder, which results in the significantly reduced
training dimensions. In addition, the beam division multiple access transmission
proposed in [11] with the similar idea to simultaneously serve multiple users via
different beams. The sparsity property and the phase-only precoding [12,13]
significantly reduce the overhead of channel estimation.

In order to avoid the channel estimation before signal detection at the receiver, the
noncoherent signal processing provides the ideal choice. Actually, noncoherent unitary
space-time transmissions in multi-antenna system have been intensively considered
[14-16]. In massive MIMO systems, it is crucial to fully utilize the receiving freedom

of the receiver's large-scale antennas in order to design the noncoherent transmission
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strategy. The unitary space-time modulation [17,18] was proposed earlier for avoiding
the need of CSI estimation at the receiver. However, this scheme was designed for the
classical MIMO systems and showed to be effective for the long coherence time
intervals and for the high signal-to-noise ratio (SNR) scenarios. An energy-detection-
based noncoherent communication scheme for multiuser massive single-input multiple-
output (SIMO) systems with multiple access channels (MAC) was proposed in [19-21],
where an Amplitude Shift Keying (ASK) modulation was described. This scheme
showed that in terms of a scaling law of achievable rate, the performance of the energy-
based noncoherent transmission is not different from that with perfect CSI at
transmitters and receivers. However, the transmitted symbols in this scheme are limited
to the amplitude signals, which generally requires excessive antennas at receiver for the
considerable performance. A differential Phase Shift Keying (PSK) aided large-scale
MIMO system was designed in [22], which proposed a transmitting constellation design
by allocating different power factors to different transmitters. These power factors are
not straightforward for general PSK constellations, which generally need exhaustive
search to determine their optimal values. To design well noncoherent transmitting
signal structure, authors in [23] proposed a 2x2 noncoherent space-time signal block in
point-to-point massive MIMO system, which does not require any knowledge of
instantaneous CSI at either transmitter or receiver. Furthermore, the determinant and
trace criteria of this noncoherent signal structure were also presented in [23] based on
the noncoherent maximum likelihood detector. In addition, a transmission scheme
based on uniquely factorable constellation (UFC) is proposed [24], which enables

transmission without knowing the channel information.

1.3 Contributions

The main contributions of this paper can be summarized as
® Firstly, a statistic decision matrix is built based on the received signals, whose
eigenvectors and eigenvalues constitute the key components of our signal
reconstruction algorithm.

® Then, an optimization problem is refined to reconstruct one user's transmitted
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signals. Then, we convert this problem to two equivalent sub-problems, i.e.,
obtain the optimal weights by solving Semidefinite Relaxation (SDR)
optimization and obtain the optimal rotation phases.

® Finally, an iterative algorithm framework is proposed for multi-user signal

reconstruction. The overall complexity analyses are also included.

1.4 Paper structure

The rests of this paper are organized as follows. We present the system and transmission
model in Section 2.1. The basic signal reconstruction model is described in section 2.2.
In section 3, a reconstruction algorithm with SDR optimization is formulated and the
complete iterative algorithm is presented. Simulation results and conclusions are then

shown in section 4 and section 5 respectively.

Notations: Bold lowercase x and bold uppercase A denote vector and matrix
respectively. We use A", A", A”, tr A and rank A to denote the transpose,
conjugate, Hermitian transpose, trace and rank of matrix A respectively; CN(0,X)
denotes the complex Gaussian distribution with zeros mean and covariance matrix X.
R* denotes the set of positive real numbers and H* denotes the set of KxK
Hermitian matrices. I, and 0, denotes the KxK identity matrix and all zero-

element matrix.

2 Problem formulation

2.1 System and Transmission Model

As shown in Figure 1, we consider K single-antenna transmitters (Users) and one
receiver (Base-station) deployed with N antennas, N> K . This paper focuses on
the uplink transmission where all the users transmit their symbols simultaneously and
independently. We assume no accurate channel state information (CSI) is available at
either the users or the base station. A quasi-static channel fading with channel coherence

time 7 can be modeled as h, =[h .,k ,, -l 1", where h_,

denotes the fading
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coefficient between the £k -th users to the n -th antenna of the base station,
k=12,--,K, n=12,---,N. Generally, the channel fading undergoes large-scale and

small-scale fading, that is to say %, =./8,h,,, where B, denotes the large-scale

fading and 7, denotes the small-scale fading. In typical scenarios, the user's physical
position changes negligibly in one observation duration. Hence, the large-scale fading
parameter [, can be treated as unchanged within one channel coherence time 7 . We
model as the random variable with independent and identical distributed (i.i.d.)

complex Gaussian CA(0,1). It points out that the spatial characteristics vary in the

order of seconds, while the sampling duration is usually in the order of microsecond.

Single antenna N antennas

foruser

@ : 7 r \\\\\\\ @
Uer-1 B
Uer-K
- . N R eeccee
Uer-2 ' . @
/ \ Uer-5

Basestation
[{QLP (Receiver) [{QLP
Uer-3 Uer-4

Figure 1: Scenario with multiple users and a based station having large number of
antennas

The received signals at every receiving antenna are sampled according to the system
AD/DA  modules after the matched filters. Let the 1xL row vector
S =[8,1>8,25"""»5, .1, be the transmitted symbols from the &k -th user during the L
time slots, L <7, in which s, is selected from a power-normalized constellation,
k=12,---,K , [=12,---,L. Then, during the [-th time slot, the received signal at

the base station can be expressed as
K
yl:Z\/Ehksk,l+§l’ (1)
k=1

where P, denotes the transmitting power of the k -th user, §, denotes the noise
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vector with each element having i.i.d. complex Gaussian distribution with zero mean

and noise power o”.
After the L observations at base station, the whole received signals can be

compactly combined as

Y:[ylyyz,-.-,yL]:HAPS+E, (2)

where H=[h h,,---;h,] with dimension N XK denotes the equivalent channel
matrix, A, = diag(\/F , \/Fz ;B )®I, denotes the diagonal power matrix,
S=Is,,S,,",S,]" with dimension K xL denotes the combined transmitted symbol

matrix of all the users, E=I[§,,&,,---,§,] denotes the additive complex Gaussian

noises.

Considering the large-scale fading (3, and small fading Ek , we express the

equivalent channel vector as H=Hp , where B:diag(\/ﬁ_1 ,\/E oo Be)

ﬁ - [l_ll’ﬁz” * ',hK] and Ek - [l’_lk,l,ljlk’z,' : 'ahk,N]T .
In order to overcome the influence of large-scale fading on received signal average

energy, transmitting power is allocated as P, = ¢’/ 3, , where ¢ is a constant. Then,

we have A B =cl, . The transceiver model in (2) can be rewritten as Y = cHS +E.

It is worth noting that the received signals in (2) has the dimension N XL, where
N 1islargely greater than K in our massive MIMO scenario. That is to say, benefiting
from the large degree of freedom (DoF) of antenna array at the base station, it is possible
for us to build a detector to extract the transmitted symbols directly from the received

signals without extra operations for channel information acquisition.
2.2 signal Reconstruction with Statistical Eigenvectors

Preliminarily, we first introduce several useful properties of very large antenna arrays.
Assuming p and q tobetwo N x1 mutually independent vectors whose elements

.. . . . . 2 2
are i.i.d. zero-mean complex Gaussian random variables with variances of ¢, and o,
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respectively. According to the probability statistical theory [25], we have

H a.s. 2 H a.s. a.s.
pPpP—-—No,, pq—--—0, where —=—— denotes the almost sure

convergence in distribution when $N$ approaches to the infinity.

Therefore, in our transmission model (2), we have H"H/ N —=—I ,

e F a.s. 2 —H Ty a.s. ry H = a.s. .
= n/N%—m>a IL’ = H/NWOLXK, H :/NWOKXL' Since there

is no accurate CSI known at base station, we just build a new $L\times L$ statistic
decision matrix as

1

Y- Y'Y, 3

N (3)
Yy H 1y :Hl:l

_ 28 %SJF% SYAYE +="AS +“N“, 4)

Combined with (2), the asymptotic expression of this statistic decision matrix, when

N 1is very large, can be expressed as

X, .. =cS"S+o’1,, (5)

N—oc

Clearly we observe that X contains no channel fading gains but the only

N—o00

transmitted symbol matrix S and the statistical noise power o . Therefore, it means
we can obtain the symbol estimations regardless of the channel coefficients.

In this paper, we expect to propose a signal reconstruction method based on the
decision statistic matrix X . Before to do that, we consider the noise-free case as the

exploratory investigation. Based on (5), we can easily obtain the noise-free statistic

.. . 0 T
decision matrix as X

2. H H H
N =C(8]'s, +80s, - +sis, ). Dueto S=[s,s,,":-,8,]", the

structure of X% suggests that it is possible to extract the individual symbols

s..k=12,---,K . Since pIN

N—x

is a Hermitian symmetric matrix, it can be

decomposed as X) =UAU" , where U denotes the LxL unitary matrix

consisting of the eigenvectors, and the A 1is the corresponding diagonal matrix
consisting of the eigenvalues. Furthermore, because the rank of X% _ is K, it has

only K nonzero eigenvalues. Therefore, the transmitted symbols S can be
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reconstructed from these eigenvalues and eigenvectors
L
S=0QA?U , (6)

where A =diag \,\,---, A with )\ being the eigenvalue, U= [u,u,,---,u,]
with u, being the eigenvector corresponding to the eigenvalue \,i=12,---,K, Q
is an unitary matrix, ie, QQ"=I, , @=diag e, e, -, e
0, € 0,2r ,k=1,2,---,K . Here, Q reflects the linear relationship between the K
eigenvectors and the element e’* in @ reflects the phase rotation. This
reconstruction method can be verified by performing (G)Q[\%ﬁﬂ ) ®Q1~\%I~JH =X .

Given the LXxL statistic decision matrix in (3) and (4), we can refer to the noise-
free and infinite N case,ie., X% . Since the noise terms in (4) cannot be ignored,
the results and analyses will not be valid in (6). Due to the nonlinear nature of Eigen
decomposition, it is difficult to give precise analysis of the effect of noise terms on the
Eigen properties of the matrix. However, we can also perform the reconstruction
processes with similar idea. We observe that the term H”H/N in (4) is a diagonal-
dominant matrix, and the term (S"H"E+E"HS+E"E)/N goes to very small
values resulting from the independence between random variable H and ZE. That is
to say there must be K nonzero eigenvalues clearly larger than the others among all
the L eigenvaluesof X in(3). Therefore, we just focus on the dominant components

of these eigenvalues.

Based on the above analyses, the k& -th user's estimation can be reconstructed as
) K
5, =e Z ak,i\//\iuiH ; (7
i=l1

where ), is the eigenvalue of the LxL decision statistic matrix X in (3), u,
denotes the eigenvector with Xu, = A\u,, 0, € 0,27 . Certainly, the parameters o
and 0, are needed to be determined according to some metric. From [7], we know the
k -th user's estimation §, is related with parameters «,, and 6, . Here, we could
define a metric function ¢ «

« o, .0, with the average symbol energy

[ EA TR &)
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based on the assumption of the normalized average power of the transmitted symbols,

L

€ ak,wak,z"”’ak,[wek :E :
=1

1107~ ®)

where §,[/] denotes the [-th element of vector §,, y means the expected average
power. The optimal values of parameters «,; and 6, should make the reconstructed

symbols §, minimizing the metric function ¢ ¢, ,« o 0, . From (6), we

IR TR &)

have already know the k,i -th element «,; of the unitary matrix Q should satisfy
oy, P+ ey o[ ++ -+ ey ([’=1. Hence, the optimal parameters can be obtained with

solving the following optimization problem

(P1) mine «, ,0q;,, ", .0, )
K + I, k=k'
S.t. . Oék i&k/i -
s 0, k=k
0, € 0,27

We observe it's very computationally complex to obtain the whole K K +1 optimal

parameters according the above optimization problem (P1), especially when K is

large. More efficient algorithm will be designed in the next section.

3 Method: reconstruction Algorithm with SDR Optimization

Carefully, we observe that the value of 6, in (7) and (8) cannot affect the value of

~ 2
sk[l ]‘ . Therefore, we temporarily take away the parameter 0, . Let

K 1
S, = oy JAu =x A0, (10)
i=1

1
where  x, =[a, 05, 1", the diagonal matrix A2 =diag A\,
JAsafA¢  with )\ being the first K eigenvalues of the LXxL decision
statistic matrix X, A\ >\, >---> ., u, is the eigenvector corresponding to ;. In

1
order to give a convenient representation, we define V = A2U" and rewrite V
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with L column vectors, i.e.,
V=A2U"=[v,,v,,--,v,]. (11)

3.1 Reconstruction of the transmitted symbols using SDR optimization

As for the optimization (P1), it is not easy to solve this problem directly. Alternatively,
we find that a problem of minimizing a summation can be converted to a problem of
minimizing the maximum of the summands. Hence, the problem (P1) can be

reformulated as
(P2) min max ‘|§i[z]|2—x‘ (12)
1=1,2,---,.L

He _
s.t. xx, =1

Although (P2) takes away the summation of (P1), it still belongs to the class of NP-

hard problems [26]. However, we can see §,[/[]=Xx|v, and

s 712 T oHot H T
S, =x;v,v)'x] =tr v,v/xx; . (13)

Here, we notice X x, is a LxL matrix and rank(x|x,)=1. Clearly, this is a
nonconvex Quadratically Constrained Quadratic Programs (QCQPs). According to
[26], this problem can be efficiently solved by Semidefinite Relaxation (SDR).

Therefore, let X, = x|X, , the problem (P2) can be reformulated as

(P3) min ¢ (14)

teRT XeHX
st. —t<tr v,v/X, —x<t
tr X, =1LX, =0
[=1,2,---,L
This optimization problem can be efficiently solved by using the cvx foolbox to obtain

the global optimal solution X, .

The final procedure of using SDR is how to convert a globally optimal solution X,
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into our expected solution. Generally speaking, the rank of this globally optimal
solution Xk is larger than one, that is to say we must somehow extract a vector
feasible for (12). There are two methods to do this extraction. The one is to apply a
rank-one approximation on X, . Specially, let r=rank(X,) , and then
X, = Z::I Nq,q” ,where \/>X >.-.>N >0 and q,,q,,"--,q, are the respective
eigenvectors. Here we know the best rank-one approximation of X, can be given by
ANq,q;" . Therefore, the candidate solution can be defined as X, = \/qu. The other
method is to use randomization to extract an approximate QCQP solution from an SDR
solution X . Considering the K x1 complex random vector m according to the
Gaussian distribution with zero mean and covariance X,, M~ CN(0,X,). Then, with
generated random vectors n, , m=12,--- M , we normalize 1, as

4 random

X, =, /norm(n ). Finally, the best solution can be determined as

' : T wHST
m =argmin max (X Vv, v, X —X|.
m [=1,2,---,L

Correspondingly, we obtain the best approximated solution X, = X ..

Here we obtain the temporary reconstructed vector with optimal weight X, by using

SDR optimization as

1

~ ax T o725

5, = x, A2U", (15)

It should be noted that according to (7) and (8), the §Z in (15) is not the final estimation
of one users' transmitted symbols. Here, we still have two problems to solve

® The estimation §, is a phase-rotated version because of taking away the

parameter 6, in (8). Therefore, the first problem is how to determine the

A

parameter 0, .

® Although we find out §, and then give the phase-correction 0, , we still need to

know which user the estimation §, solved by SDR optimization belongs to.

3.2 Recognition with embedded training sequences
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It is natural to use a few structured sequences to address the phase-rotation and
assignment ambiguity problems which are mentioned above. Since there are K users
in our communication scenario, it needs K training sequences ¢,,c,,---,¢, forusers
with each sequence having length L'. To successfully determine the index of user, the
orthogonality between every two sequences must be assured. A small piece of training
sequences is embedded into the transmission frame structure for every user, which
results in a slight reduction of the transmission rate by L'/ L. Therefore, the decrease
in throughput is negligible. In addition, it should be noted that it is not necessary to
have the same start location of all the users' training sequences. In other words, the
training sequences in transmission frames could be asynchronous. Based on the
estimation §, in (15), these training sequences can help us to achieve the following
three goals.

1) With the cross correlation processing between the estimation §, and the possible
local training sequences c,,c,,---,¢, , we can determine the user index k" which
corresponds to the maximum correlation peak. This is due to orthogonal and quasi-
orthogonal properties between training sequences.

2) Meanwhile, we can get the location of the training sequence in the estimation §,
with searching the maximum correlation peak. We note the starting point of the training

sequence €. in S, as [ .

3) Perform the phase estimation ék based on the above results

ék = angle[%? c’ ], (16)

Kl

where §lel =[8,[L,1,8;[L, +11,---,8;[L, +L —1]], and here §[/, +1] denotes the

ke

wm

(I, +1)-th element of

Based on the result S, solved by SDR in Section 3.1 and the above procedures, we

finally obtain the estimation of user k" as

§. =8¢, (17)

k

3.3 Successive extraction for all the users
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It is easy to see that the optimization (P3) in 3.1 and the procedures in 3.2 just give out
the estimation § » of the k" -th user. Therefore, the final question is how to extract
the estimations of the other users' transmitted symbol vectors by using the similar
method described in the previous subsections. Actually, we observe that the information
from the other users except for the k" -th user is embedded in a new LXxL statistic

decision matrix
r=x-§s§ . (18)

Here, we can consider this problem of extracting the remaining K —1 unknown

vectors [S,,S,,---,8 ., ,§

S --,§,] as a dimension-reduced problem similar to the

AECE
previous (P1). Therefore, according to the methods and analysis in 3.1 and 3.2, we can
iteratively use the SDR optimization and recognition with remaining embedded training
sequences to successively obtain the all users' estimation. Overall, the entire successive
SDR-based signal reconstruction can be summarized as the Algorithm 1. The logical

relationships between the signal processing modules of the proposed algorithm are also

illustrated in Figure 2.

Algorithm 1 Successive Signal Reconstruction with SDR

~

Step 1  Given the received signals Y , initialize set S = & ;

Step2  Build the decision statistic matrix £ =Y"Y/N ;

Step3  Eigenvalue decomposition X =UAU" where A =diag )\, )\, "\,
with A\ >--->X, ., U=[u,u,,---,u,] with Zu, =A\u, ,
[=1,2,---,L;

Step4  Selectively construct A= diag{ A\, \,,--A\¢} and U= [u,u,,---,u.];
Let V:[&%fjH =[v,v,,,v,], T =X;
for k = 1:K

(a) Solve SDR problem (P3) and obtain XZ ;

(b) Extract approximate solution )A(z from XZ ;

r .1
(c) Construct §Z = X, A2U";
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(d) Recognize and determine the user index k" ;

~

(e) Estimate the rotated phase 0, ;
(f) Reconstruct final estimation S o= §Zeij9k , S=SUs o

@ T =X 88§ ;

g

end for

A

Step5 Output the set S.

moving cross-correlati I
with €, 7 Lo
: corTETar :ﬁ user index [* |—
parison
build statistic eigen problel? moving cross-correlation
decision matrix Y ) decomposition [ formulation [— with C | I
P and SDR 2 I |
...... |
| peak search Q location of training
moving cross-correlation | | sequence lp
with €, EI_______!
reconstructed sequence (training

phase estimation ék_ <—

sequence location)

L

final estimation § -

iterative update X =X — czﬁr_ §:

Figure 2: signal processing blocks of the proposed successive signal reconstruction algorithm

3.4 Complexity Analysis

The algorithm complexity of the proposed signal reconstruction with SDR is measured
in terms of the number of required multiplications. Since the receiver incudes Eigen-
decomposition and SDR operations, we cannot have an accurate closed expressions to
show the overall complexity. We give the complexity analyses of the key operations
used in this algorithm in the order of multiplications. At first, we build the signal
reconstruction as the problem (P1) expressed in (9), which cannot be solved directly
with some algorithm in a polynomial-time complexity. After we convert this problem
to (P2) which is a nonconvex QCQP and go further convert it into a SDR problem (P3),
feasible solution can be solved in a polynomial time. Table 1 shows the complexity of
the key operations. The complexity of construct £ and decomposition UAU” is
completely caused by the matrix computation. The complexity of the SDR has been

verified as a powerful, computationally efficient approximation technique for many
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nonconvex QCQPs [26], where in the Table 1, ¢ means a given solution accuracy. The
SDR complexity scales slowly (logarithmically) with € and the general problems do
not need very high precision. As for determining k" and ék , the complexity is mainly
caused by the sequence correlation operations, which is related with the length of
training sequences L . However L is not large because it is chosen according to the

number of users, which generally is also much smaller than the number of antennas at

receiver.
Table 1: Complexity of the key processing
Receiver operation Number of multiplications (Order)
decomposition UAU" or
solve SDR problem (P3) O LCK"log(1/¢)
determine k” O KL L-L
estimate ék OL

Table 1 shows the computational complexity comparisons between our proposed
scheme and the several existed schemes. For the uplink signal detection schemes with
using CSI, the linear detectors, such as zero-forcing (ZF) and minimum mean squared
error (MMSE), involves inversion of high dimension matrices which has unacceptable
computational complexity. The low-complexity algorithms based on approximate
matrix inverse for near-optimal detection in massive MIMO systems are of great
interest, e.g., [27-29]. For the uplink signal detection schemes without using CSI,
several noncoherent detector have also been extensively researched, such as the energy
based scheme [19], DPSK-based scheme [22] and UFC-based noncoherent scheme [24].
Although a piece of training sequences are inserted into the transited symbols in our
proposed scheme, they are not used to estimate the CSI at receiver. Therefore, we treat
the scheme in this paper as the detection without CSI. From the comparisons in Table
2, we find the complexity of schemes with CSI is related with the number of users. This

is mainly derived from matrix inverse operations, for example the MMSE detector
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§=H"H+o1 X )*II:IH y . Comparably, the complexity of schemes without CSI varies
greatly according to the different algorithm. Our proposed scheme is mainly related
with the length of the received signals. According to the asymptotic property of the
massive channels (6) and (7), the large L will improve the performance of our
proposed scheme. However, the complexity will also relatively increase. Hence, a
trade-off should be made in the practical scenario between the channel coherent time,

performance requirement and complexity limitations.

Table 2: Complexity comparison

Schemes Computational complexity
MMSE (LS) detection O(K?)
Sequential detection [27] O(K?)

with CSI
Guass-Seidel method [28] O(K?)
Jacobi method [29] O(K?)
Energy-based scheme [19] oS
DPSK-based scheme [22] O(N)

Without CSI .
UFC-based scheme [24] O(K>N + 20D g
Proposed scheme O I’ +LCK"log(l/¢€)

4 Results and discussions

In this section, we carry out several numerical simulations to show how the proposed
signal reconstruction scheme works and to examine its statistical performance of the bit
error ratio (BER) at the receiver (base-station). We mainly investigate the performance
comparisons with different antenna number  and the channel quality signal-to-noise
ratio (SNR). All the user's transmitted symbols are randomly selected from the same
given constellation, and the SDR is solved by the cvx toolbox in MATLAB which is
developed by Michael Grant, Stephen Boyd, and Yinyu Ye. We choose the Zadoff-chu
sequence as the structured sequences inserted into the transmission frames, which are

known as CAZAC (constant amplitude zero autocorrelation) sequences and have



O Joy b WN

perfect zeros cross-correlation property [30].

10'1 T T T T T T

—S— Proposed: QPSK
——8— UFC-based [24]: 16QAM
—<— Energy-based [19]
—— DPSK scheme [22]

Bit Error Ratio
=
w

-
S
N

40 50 60 70 80 90 100
The number of antennas at receiver: N

Figure 3: BER performance with increasing the number of antennas at receiver K = 4, L = 200,
SNR = 10dB.

Figure 3 shows the BER performance with the increasing number of receive antennas.
We consider the observation length L = 200 and channel SNR = 10dB.
Comparisons are also performed with several noncoherent schemes in massive MIMO
system, the energy-detection-based noncoherent communication scheme [9], the
differential PSK (DPSK) noncoherent scheme [22] and the uniquely factorable
constellation (UFC) transmission scheme [24]. From the numerical results, we clearly
see that the average BER sharply reduces along with increasing N . As for consensus
of the simulation condition, we assume the same transmission efficiency, i.e. the
number of bits per every channel-use for each user. Obviously, the proposed scheme
obtains the minimum BER under the same $N$ and the same constellation. In addition,
we observe BER error floor. This phenomenon is reasonable. Actually, there still exist

the channel noises with given SNR = 10dB even when N is very large.
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Figure 4: BER performance with increasing SNR, K =4, L =200, N = 64.
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Figure 5: BER performance comparison with ML detector, MMSE detector and typical linear

detectors, K =4, L =200, SNR = 10dB, 16QAM constellation.

Figure 4 shows the statistical BER performance with the increasing SNR when the
number of antennas is assumed N = 64. The other simulation parameters are the

same as in Figure 3. Compared with noncoherent schemes [19,22,24], the proposed
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signal reconstruction algorithm achieves the competitive performance. In this
simulation, we can conclude a high SNR results in much purer decision statistic matrix
X in (4). From the numerical results in Figure 3 and this Figure 4, we can say that N
and SNR constitute the two dominant parameter in our proposed algorithm. By
comparisons, these noncoherent schemes actually have a strong dependence on a large
number of antennas and high SNR to obtain a considerable performance.

Figure 5 gives a performance comparisons between the proposed signal
reconstruction algorithm and the detectors with using CSI, i.e., the optimal maximum
likelihood (ML), minimum mean squared error (MMSE) detection, the complexity-
reduced iterative sequential detection [27] and Gauss-Seidel soft-output signal
detection [28]. There exist performance gap between our proposed scheme and the
optimal ML detection. However, we can see the performance gap gradually decreases
with the increasing N . In addition, we observe that the proposed algorithm is slightly

better than the MMSE detection.

5 Conclusion

In summary, we present a signal reconstruction algorithm for the wireless
communication scenario with receiver having large number of antennas. The
mathematical essence of this algorithm comes from the quasi-orthogonality property of
any two independently random vectors when the length of vectors is large according to
the probability statistical theory. Therefore, by building a statistical decision matrix
with the observed received signals, this property could effectively alleviate the accurate
CSI acquirement in the massive MIMO systems. Then, we formulate the original
problem of reconstructing the every user's transmitted symbols from the statistical
decision matrix and we convert this problem to an SDR optimization problem. With the
computationally efficient SDR solver based on the convex optimization theory, we can
obtain the estimations successfully. Transmission without the CSI in massive MIMO
system is not a new topic. However, most works focus on the transmitting signal design

at the transmitter. Our scheme puts the attention on the signal reconstruction based on
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the statistical results of the received signals. By numerical simulations, our proposed
scheme shows a relatively competitive performance compared with the coherent linear

detection algorithms and the noncoherent transmission strategies.
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Figure 1: Scenario with multiple users and a based station having large number of antennas.

We consider K single-antenna transmitters (Users) and one receiver (Base-station) deployed with

N antennas, N > K.
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Figure 2: Signal processing blocks of the proposed successive signal reconstruction algorithm.
The logical relationships between the signal processing modules of the proposed algorithm:

Successive Signal Reconstruction with SDR.
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Figure 3: BER performance with increasing the number of antennas at receiver. We consider
the observation length L. = 200 and channel SNR = 10dB. Comparisons are also performed
with several noncoherent schemes in massive MIMO system, the energy-detection-based
noncoherent communication scheme [19], the differential PSK (DPSK) noncoherent scheme [22]
and the uniquely factorable constellation (UFC) transmission scheme [24]. From the numerical
results, we clearly see that the average BER sharply reduces along with increasing N . As for
consensus of the simulation condition, we assume the same transmission efficiency, i.e. the number
of bits per every channel-use for each user. Obviously, the proposed scheme obtains the minimum
BER under the same $N$ and the same constellation. In addition, we observe BER error floor. This
phenomenon is reasonable. Actually, there still exist the channel noises with given SNR=10dB even

when N is very large.
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Figure 4: BER performance with increasing SNR. Compared with noncoherent schemes
[19,22,24], the proposed signal reconstruction algorithm achieves the competitive performance. In
this simulation, we can conclude a high SNR results in much purer decision statistic matrix X in
(4). From the numerical results in Figure 3 and this Figure 4, we can say that N and SNR
constitute the two dominant parameter in our proposed algorithm. By comparisons, these
noncoherent schemes actually have a strong dependence on a large number of antennas and high

SNR to obtain a considerable performance.
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Figure 5: BER performance comparison with ML detector, MMSE detector and typical linear
detectors. The performance comparisons between the proposed signal reconstruction algorithm and
the detectors with using CSI, i.e., the optimal maximum likelihood (ML), minimum mean squared
error (MMSE) detection, the complexity-reduced iterative sequential detection and Gauss-Seidel
soft-output signal detection. There exist performance gap between our proposed scheme and the
optimal ML detection. However, we can see the performance gap gradually decreases with the
increasing N . In addition, we observe that the proposed algorithm is slightly better than the

MMSE detection.
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signal processing blocks of the proposed successive signal reconstruction algorithm
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BER performance with increasing the number of antennas at receiver K = 4, L = 200, SNR = 10dB.
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BER performance with increasing SNR, K = 4, L = 200, N = 64.
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Figure 5

BER performance comparison with ML detector, MMSE detector and typical linear detectors, K= 4, L =
200, SNR = 10dB, 16QAM constellation.



