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ABSTRACT In the coming 6th generation (6G) and beyond in wireless communication, an increas-
ing number of ultrascale intelligent factors, including mobile robot users and smart cars, will result in
interference exploitation. The management of this exploitation will be a great challenge for detection
algorithms in uplink massive multiple-input and multiple-output (MIMO) systems, especially for high-order
quadrature amplitude modulation (QAM) signals. Artificial intelligence technology employing machine
learning is one of the key approaches among the 6G technical solutions. In this paper, a convolutional-
neural-network-based likelihood ascent search (CNNLAS) detection algorithm is proposed on the basis of
a graphical detection model for uplink multiuser massive MIMO systems. Compared with other algorithms,
the proposed CNNLAS detection algorithm has a stronger robustness against the channel estimation errors,
and requires lower average received signal-to-noise ratios to obtain better bit error rate performance and
to achieve the theoretical spectral efficiency with a lower polynomial average per symbol computational
complexity, both for the graphical low-order and high-order QAM signals in uplink multiuser massive MIMO
systems.

INDEX TERMS Wireless communication, massive multiple-input and multiple-output (MIMO), con-
volutional neural network (CNN), detection algorithm, high-order modulation, bit error rate (BER),

computational complexity.

I. INTRODUCTION

The growing number of ultrascale intelligent factors, includ-
ing mobile robot users and smart cars, create the core require-
ments for ultrahigh-speed and low-latency communications
and innovation in the communication systems architecture,
and the 6th generation (6G) and beyond wireless commu-
nications are coming [1], [2]. Meanwhile, more aggressive
resource sharing and tighter cooperation in these intelli-
gent factors will result in interference exploitation. In uplink
massive multiple-input and multiple-output (MIMO) sys-
tems, obtaining the optimum bit error rate (BER) perfor-
mance with a low polynomial computational complexity is a
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nondeterministic polynomial hard problem [3]-[5]. Interfer-
ence exploitation and management will be a great challenge
for detection algorithms in uplink massive MIMO systems
in the future, especially for high-order quadrature ampli-
tude modulation (QAM) signals at an ultrascale. As key
technology, the development of a low-complexity detection
algorithm for uplink high-order modulated massive MIMO
systems is one of the most difficult but urgent issues that
needs to be addressed.

Recently, for the low-order modulation signals in mas-
sive MIMO systems, including binary phase shift key-
ing and 4-QAM signals, a number of detection algorithms
have obtained approximate optimum BER performance
using the maximum likelihood algorithm with polynomial
computational complexity, including the likelihood ascent
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FIGURE 1. The graphical detection model for the uplink multiuser massive MIMO system in a cell.

search (LAS) detection algorithm [6]—[8], mixed-Gibbs sam-
pling (MGS) detection method [9], [10] and probabilistic data
association detection algorithm [11], [12], belief propaga-
tion (BP) detection method [13], [14], and ant colony opti-
mization detection algorithm [15]. However, these methods
failed to detect high-order modulation signals due to poor
BER performance, including 16-QAM and 64-QAM sig-
nals. On the other hand, the semidefinite relaxation decoder
(SDR) [16], LLLSDR detection method [17], MGS-MR
detection algorithm [18] and hybrid RTS-BP detection algo-
rithm [19] provide solutions for high-order modulation sig-
nals in small- or medium-scale MIMO systems. However,
the BER performance worsens, and the computational com-
plexity increases with an increase in the antenna number
or modulation order. These solutions are not effective for
ultrascale massive MIMO systems.

Artificial intelligence (AI) technology employing machine
learning is one of the key approaches among 6G tech-
nical solutions [1], [2]. In machine learning, deep learn-
ing technology has been employed and has achieved many
advantages in wireless physical communications [20]-[30],
including signal processing and channel estimation. In partic-
ular, by means of deep learning technology, the detection net-
work (DetNet) algorithm proposed in [27], [28], orthogonal
approximate message passing network (OAMP-Net) detec-
tion algorithm in [29], deep-learning-based sphere decoding
(DL-SD) algorithm in [26], and multilevel deep neural net-
work (DNN) detection algorithm in [30] provide solutions to
the problem of detecting both low-order and high-order mod-
ulation signals in small- or medium-scale MIMO systems.

Motivated by this, in this paper, the convolutional neural
network (CNN) in deep learning technology is employed for
detection in massive MIMO systems. The main contribution
of this paper is to propose a CNN-based likelihood ascent
search (CNNLAS) detection algorithm on the basis of the
presented graphical detection model for uplink multiuser
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massive MIMO systems. Its effectiveness has been proved
through the simulation results. Compared to other algorithms,
the proposed CNNLAS algorithm requires a lower average
received signal-to-noise ratio (SNR) to obtain a better BER
performance and achieve the theoretical spectral efficiency
with a lower polynomial computational complexity, both for
the graphical low-order and high-order QAM signals in the
uplink multiuser massive MIMO systems.

The remainder of this paper is organized as follows. The
graphical detection model for the uplink multiuser massive
MIMO system is presented in Section II. The proposed
CNNLAS detection algorithm is introduced in Section III.
Section IV analyzes the computational complexity of the
algorithm. Section V presents the simulation results. The
conclusion is presented in Section VI.

Notation

In this paper, the lowercase boldface, uppercase boldface and
blackboard bold letter denote a vector, 2-D matrix and 3-D
matrix, respectively. The superscripts ()T and ()71, vec(),
unvec(:), * and ®, C, R and Z, R (-) and I (-), E{-}, ||,
sign(-), |1, I, On, 1n, 1y xas denote the transpose, inversion,
column vectorization operators of a matrix, matrix transfor-
mation from a column vector, Hadamard and Kronecker prod-
uct, complex, real and integer domains, real and imaginary
parts of a complex number, statistical expectation, absolute
value, sign and round operators, unit diagonal matrix, N x 1
column vector whose entries are all zeros, and N x 1 and
N x M column vector and matrix whose entries are all ones,
respectively.

Il. GRAPHICAL DETECTION MODEL FOR UPLINK
MULTIUSER MASSIVE MIMO SYSTEM

Fig. 1 shows the graphical detection model for uplink mul-
tiuser massive MIMO system in a single cell, which is
constructed based on the Vertical Bell Layered Space-Time
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(VBLAST) system [4]. In this model, hundreds of receiving
antennas are centralized and located at the base station (BS),
which receives the signals transmitted from tens of users
through the uplink channel. The number of receiving anten-
nas and users in a cell are denoted as Ng and Nk, respec-
tively, and their index numbers are denoted as ng and ny,
where ng € {1,2,--- ,Ng}and n; € {1,2,---,Ng}. The
users are randomly distributed in the cell. The transmitting
antennas of each user are centralized and are assumed with
the same number, which is denoted as N,. The total number
of transmitting antennas in a single cell is denoted as Nr,
where Ny = NyNg and Ny < Ng. The index number of
the nyth transmitting antenna from the nith user is denoted
as ny = (ngy — 1)Ny + ny, where np € {1,2,---, Ny} and
ny € {1,2,---, Ny}. The length of the modulation symbols
per frame duration and its index number are denoted as Ny
and ny, respectively, where n; € {1,2,--- , Np}.

In the cell, the graphical signal data center is estab-
lished with two parts. One part is the 3-D graphical signal

matrix and is denoted as G = [Gl, e, G ,GN] €
ANeXNLXN “wwhere G € ANe*Ne is the nth graphical sig-
nal matrix element, Ny = 2N,, N is the total number

and Ny <« N < (WM)NND and n € {1,2,---,N}
is its index number. Each symbol entry is transformed
from the bitstream by M-QAM modulation. The modu-
lation constellation is denoted as S = A + jA, where
A= [ =1, =3, -1 13, (M = D) rep-
resents its real alphabet and M is the modulation order. The
other part of the data center is the label vector of the graphical
signal, which is denoted asf = [f, -+ , fn, - ,fv] € RIXN,
where the nth entry is f, = n and labels the nth graphical
signal. For the BS and users in the cell, each of them is
equipped with a graphical signal database, which downloads
and stores G and f from the graphical signal data center,
respectively.

Over the unit frame duration for the Nk users in the cell,
each user randomly selects one different graphical signal
from the database for graphical encoding at the transmitter.
The transmitted graphical signal matrix from the nith user

is denoted as X, = [i,llk,-n Xy ,i%] € SMuxNL
T
T ~ny ~ny
where X, = [x(nk—l)Nu+l’ o Xy — DN ’xnkNu] €
SMux1 denotes the transmitted graphical signal vector during
the n;th symbol time and its entry )’Ezik—l)Nu +n, € S denotes
the symbol from the nyth transmitting antenna. It is encoded

by

X, = VG 4 joGUn) (1)
Herein,

W =[1,0]® Iy, € ZN*Ne )
and

® =[0,1]® Iy, € ZNw*Ne 3)

As the nth entry of the users’ label vector, which is denoted as
d = [dl, s dy ,dNK] e 7Nk | the positive integer
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dy, is randomly generated and different in each case, where

1 < d,, < N. Then, the graphical signal transmitted from

each user is different from the others and is nonorthogonal.
The graphical signal matrix transmitted from the Nk

users is denoted as X = [XIT sz ,X;K]T =
[il, e XM iNL] € SNTXNL ynder the assumption that
the signals are transmitted from each user and received by
the BS simultaneously through synchronous progessing. The
entry X" = (;}q’l)T,... 7(gglk)T’... ’(;(;'\;K)T c Shrxl
denotes the transmitted symbol vector over the n;th symbol
duration.

_ The channel gain matrix is denoted as H = [hy, -,
hn’r9 ] hNT] € (CNRXNT, where hn’r = [h]n’ra ]
Bugngs -+ » hngny )T € CNRX1 where 1y, denotes the chan-

nel gain from the nrth transmitting antenna to the ngth receiv-
ing antenna. Over flat fading channel in the rich-scattering
environment, the entries of H are modeled as independent and
identically distributed (iid) complex Gaussian variables with
zero mean and unit variance, and are invariant during a frame
but change independently from frame to frame. Through the
channel estimation procedure, the channel gain matrix has
been known at the receiver [4], [5], [31].

Over the unit fra~me time, the received signal matrix at the
BS is denoted as Y = [yl, e ,yNL] € CNrxNL,

and
Y=HX+Z @)
T
where y" = [)N’rf’, e Vg J/X}RL € CN#*1 denotes the
received signal vector during the n;th symbol time. Herein,

the entry J, is the received symbol at the ngth receiving
antenna. Z = [z',---.zv, .- ,Z%] e CNeNe denotes
the complex additive White Gaussian noise (AWGN) matrix,
whose entry 7% € CNX1 is the received noise vector over
the n;th symbol duration. E {i"’ (z" )H} = O’ZINR, where o2
is the noise variance.

At the BS, the convolutional neural network (CNN) is
trained by the graphical signal matrix of G and its label
matrix of B in the graphical signal database. With the
trained CNN, a detection algorithm based on the CNN is
proposed in this paper. After graphical detection process-
ing at the BS, the estimated transmitted graphical symbol
matrix for the Nk users over the unit frame duration is

2 2 2 2 T
obtained and denoted as X = [XT, s XD ,X;;K] =
[il, ce XN f(NL e SNTXNL’ where Xnk e SNUXNL

1s the estimated transmitted graphical signal matrix from the
N am 1T
! o Ty e SNrxl g

Xp oo Xy Xy

the estimated transmitted SL},’anOI vector over the n;th sym-
bol duration, whose entry X, denotes the estimated symbol
from the nrth transmitting antenna. Meanwhile, the esti-
mated users’ label vector is also obtained and represented as
d=|d, - . dy. ’EiNKJ € Z'Nk _This paper aims to
obtain the optimum BER performance over finite polynomial
complexity time.

A

ny user and X" =
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FIGURE 2. The network architecture and the diagram for the training process and detection procedure of the proposed CNNLAS detection algorithm.

Ill. PROPOSED
CONVOLUTIONAL-NEURAL-NETWORK-BASED
LIKELIHOOD ASCENT SEARCH DETECTION ALGORITHM
Considering that the algorithm is carried out in the real
domain, the complex detection model in (4) is expanded as
areal one, that is,

Y=HX+7Z 5)

Herein,

g A [RAED —3AD] o s [9RX)

N i‘s(H) R(H) LX) | ©

y2 E)‘i(Y) 72 5h(Z)

LY 132
where H = [hl,... Jhy,, o ,th] € RN-xN
X = [xl,u-,x’”,~~~,xNL] e AVMN Y =
[yl,... ’ynl’... ,yNL] c RNrXNL and Z ¢ RNrXNL
denote the expanded real channel gain, transmitted
signal, received signal and noise matrix, respectively.
Here, hy, = [hin. oy, ’thn,]T e RNx1

T

yio= [}’rl”,“' yZ’, ,y;lvlr] € RNl gnd x =
[xfl, X ,x]'\’,lt] € AN>1 represent the expanded

real transmitted and received signal vectors over the
nith symbol duration, respectively. Furthermore, X, =

~ ~ T
NXG ). X ) | € ANXNe where N; = 2N, Ny = 2Ng,
andnte{laZ,"',Nt}’nre{l,z""’Nr}-
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A. TRAINING PROCESS

As shown in Fig. 2(a) and Fig. 2(b), the convolutional neural
network (CNN) is trained through G and f in the database
before the detection procedure.

As shown in Fig. 2(a), considering the computa-
tional complexity, the CNN consists of five layers: the
input layer, convolutional layer, pool layer, hidden layer
and output layer. In the convolutional layer, the weight
matrix of the convolutional filter is denoted as W, =
[Wg,--- WL ,WJCVC] e RNONoNe | where W/ e
RNt g the weight matrix of the ncth convolutional filter,
Nr denotes its dimension and N, is the total number of con-
volutional filters, n. € {1,2, -, Nc}. The weight matrices
between the pool layer and the hidden layer, and between
the hidden layer and the output layer are denoted as Wy, €

Np —Nf+1
RM*Na and W, € RY*M where N, = (%)N
N — Ni+ 12
and Nd = % Nc-

As shown in Alg. 1, the training graphical signal matrix
inputed into the CNN is given by

U=1 ® G e ANxNuxN: @)

Herein, U = [U!, ..., U™ , UM2], whose entry U™ €
ANLXNu denotes the n,th training graphical signal, N, =
kN is its total number, ¥ denotes a positive integer, and
n, € {1,2,---,N,}. The corresponding label vector of U is
denoted as B = [by, -+, by, - ,by,] € ZV*N2, whose
column vector entry b,, € ZN*1 Tabels the n,th training
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graphical signal Uz, and
B=1'®F ®)

Herein, F € ZV*N, whose f,th diagonal entry is 1, and the
other entries are 0.

Algorithm 1 Training Process
Require: U=1 ® G,B=1] ®F, WO, W}(]O) and W,
1: for loop = 1 t0 Nechop do
2:  Initialize each entry of M(CO), Méo) and ME,O) as 0.
3 for np, = 1 to N, do
4 Initialize each entry of ]Lﬁo), Lg)) and LE)O) as 0.
5: for ny =nyton, + N, — 1 do
6:
7

Input U"? and by,,.
Calculate ﬁ’c, Ve, Vp, Vh, Vh, Vo successively
according from (9) to (15) in the forward prop-
agation.

8: Calculate e, ey, Ep, E: successively according
from (16) to (21) in the back propagation.

9: Update ]Lin"), L;ln") and L(()"q) as in (22).
10: end for
1 Update M, M" and MY as in (23).

12: Update W™, W}ﬁ"”) and W™ as in (24).
13:  end for

14: end for

Ensure: WC, Wh and WO.

Each entry of W(O) Wflo) and W(O) is initialized as a
random real number ranging from O to §., from —§y to 8y
and from —§, to 8y, where 0 < 6. < 1,0 < &, < 1 and
0 <8, < 1, respectively.

During each loop of the training, the CNN is trained by
the minibatch method. The number of graphical signals in
each batch is Ny = N, /Nb, where N, denotes the total
number of batches. Furthermore, each weight matrix is also
updated by the momentum method. As shown in Alg. 1
the superscript “(™)” and “(@)” denote the index number of
training iteration, where np € {1, 2, --- , Np}.

Through the convolutional filters in the convolutional
layer, U™ is transformed into the feature map matrix, which
is denoted as V. = [Vé, A VS ,Vivcfe RMvxNyxNe

whose n¢th entry Ve e RM*M denotes the feature map
transformed by the ncth convolutional filter, given by

n ne(np—1)
C(! D Z ZU(Sqt)WC(l 1;/ 1) ©)
where the subscript “(; ;" denotes the (7,)th entry of a
matrix, and Ny = (N — N¢ + 1).
Then, the n.th feature map V¢ is activated, given by

V% = ReLu (Vgc) € RV M (10)
where RelLu(x) = x,x >0 is the activation func-
0,x<0

tion with the variable x, and V.° is the ncth entry of the
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output matrix from the convolutional layer, which is denoted
aSch Vé’_._’ gc,._.’ Nc RNVXNVXNC

Through the 2 x 2 mean poohng operation in the pool
layer, the ncth activated feature map V¢ is transformed into
a smaller map, given by

Vi =

g (Wm *ng) ol (11)

Herein, V¥ € RM*Ms s the ncth entry of V, =

I:Vllj? 1Vgc’ ’Vgc] € RNSXNSXNC’ Wm = [(1) 8} ®
Iy, € ZVW B =1y, ® 1] € ZVN, Ny = N, /2, and

VS“ e RMW*M_ given by
p<, D Z Z Vc@ 1 Wpli—s,j—1) (12)

where Wy, = 41112><2 € R2*2 is the mean pooling matrix.
Then, with the smaller feature map matrix V,,, the output
vector from the hidden layer is obtained by

vi, = ReLu (W{l”b‘”vh) € RMnx1 (13)
where
Wi = vec (V) € RVNex! (14)

Through the output layer, the output vector is deduced by

Vo = Softmax (wg”b*“vh) e RVX! (15)
Herein, Softmax(y,) = ;i is the activation func-
> Xi

i=1
tion with the wvariable x,, where y, is the entry of

X :[le"' s Xm0t 7XN]T GRNXI'

With the output vector v,, the back propagation process
is carried out as described below. The error vector from the
output layer is obtained by

€o = bnq — Vo (16)

Then, the error vector from the hidden layer is given by

en = <w> * ((Wénb—l))T%) (17)

The error matrix from the :rooling layer is denoted as

Ep = [Eb - Ef o EY| e RV whose ncth

entry E;° € RM*M is given by
Er = (E®1 5 (18)
p — P 2x2 ) * 2 Ny XNy

where I:ZSC e RM*Ns is the ncth matrix entry of pr =
[I:Zrl), o Epe, ,Egc] € RNsXNsxNe and [E, is given by

. T
E, = unvecy, xn, ((Wﬁ"“”) eh> (19)

VOLUME 8, 2020
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The error matrix from the convolutional layer is denoted
as B, = [Eé, RN VSRR ,EICVC] € RNixNixNe \whose ncth

matrix entry EZ¢ € RV is given by
Biin = 22 2 Ui Biesion 20)

where Eg“ e RMW*Nv ig the ncth matrix entry of fEc =

I:Eés T, Egcs R Eivc:l [S RNVXNVXNC and EC IS giVen by
~ ign (V 1
E. = <w> * E, 21)

After the ngth training iteration, the delta weight matrices
L& e RNoNoNe L) ¢ RN gnd LYY € RV are
updated by

(nq) ("q 1

LM =L +E,
L =1 4 el 22)
L(()nq) L(nq 1) Tev g

After the training iteration of the nyth batch, the momen-
tum weight matrices Mﬁ"b) € RNixNpxNe Ml(qnb) € RMxNa

and Mg"’) € RV*M are updated, given by

(np+Ng—1)
Mgnb) =« c v + ,BMgnb_l)
q
(np+Ng—1)
Mflnb) —a h + IBM;nbfl) (23)
Nq
Lf)nb+Nq—1) 1
M(()nh) =« ~ + ,BME)nb_ )
q

where « is the learning rate and B is the momentum
parameter, with0 <o < land 0 < 8 < 1.

Then, the weight matrices W), Wf]"") and W are
updated accordingly, that is,

Wé’lb) — Wgnbfl) + Mgnb)
W:]nb) — W}(]"b—l) + M:}”b) (24)
ngb) — ngbfl) + Mgnb).

After the training loops by Nechop times, the modified
weight matrices of the trained CNN are obtained and denoted

as W, = [v‘vg,... W ,v‘vgvc],wh and W,

B. DETECTION PROCEDURE
As shown in Fig. 2(c) and Alg. 2, through the above trained
CNN, the detection procedure is carried out as described
below.

Over the n;th symbol duration, through the minimum mean
square error (MMSE) detection method, the initial vectors for
the local search are denoted as x(© and ¥, given by

{ X0 = 0 <Q—lﬁTynl)

25
im(()) — I_{Ty’” _ ngl. (25)
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Algorithm 2 Detection procedure

Require: Y, H, G, f, WC, Wh and WO.
1: for n; = 1to Ny do

2. Initialize x© and " as in (25) and (26), T = 0.

3 repeat

4 for g = 1to N; do

5 Calculate and modified ,o"’ @ asin (28) and (29).

6: Compute AF,' V(o) as in (27).
7: end for

8 Calculate ¢’ as in (31).

9 if AF)/ V(i) < 0 then

10: Update x+1D and X"+ ag in (30).
11: T=1t+1.
12: end if

132 until ARV 0y >

14 XM =x"10 !

15: end for

16: for ny = 1to Ny do

17:  Input X, into the trained CNN.

18:  Calculate Vc, Vp, v;, and v, successively according
from (32) to (37) through the trained CNN.

19:  Estimate CAJnk as in (38).

20:  Calculate X,,k as in (39).

21: end for

Ensure: X and d.

Herein,

Q=H"H (26)

H n
— _ y .
h = d v¢ = . .
where H |: T;IN,:| and y I:ONri| () is

the hard decision operator according to A. With the initial
value, the local search iterates by likelihood ascent searching
proceed as described below.

During the (r + 1)th iteration, the gth difference cost
function is obtained by

~n1(f)

AF;z(rH)(pgl(f)) — (pgl(f))2rq q— zpnl(r)

27)

where r, 4 is the gth diagonal entry of €2, i;’(r) denotes the
gth entry of X(™)_ and

pp@ =2 [51| [arg, ] (28)
Herein, when x(;"’(TH) nl(r) + ,o"l( )s1gn(vZ’ ™y is out of

the boundary of A, p
81gn< /nl(r+1)) < /M — 1) _x(;l/(f)

) is also further modified, given by

Py = (29)
4 51gn(x"’( )
where x;' ) denotes the gth entry of x'@®. 7 = 0,1, --- and
ge{l,2,---, N}
64255
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When AF”,'(” ‘)(p",f“)) <0

xME+D — gm@ p’”(”s1gn(x"l( ))eq/ 30
FuE+) — g _ Z[(T)Slgn(xm(r))rq/. (30)
Herein,
r : n(t+1) ¢ (1)
q' = argmin AF, (pg"™") 3L
q

ry € RN <1 is the ¢'th column vector entry of  and
ey € ZN>1 denotes the vector whose ¢'th entry is 1 and the
other entries are 0.

The above iterations are

(,0”’ (T)) > 0, and the optimum solution vector during the unit
symbol time by the local search is obtained, which is denoted
as X = x"(™ e ANx1,

After the frame duration, the estimation of the transmit-
ted signal matrix from the Nk users by the local search is
obtained, which is denoted as X = [ L GO N’] =

— _ _ T
[T 0T (5)] e A whos

entry X,,, € ANe*Me s the corresponding estimation of the
graphical signal from the nyth user.

Then, for a further optimization, )_(,,k is inputted to the
trained CNN from n; = 1 to ny = Ng.

In the trained CNN, through the transformation from )_(nk
by the convolutional filters, the output activated feature map
matrix from the convolutional layer is denoted as V., =

vl ...y NC] e RM*NvxNe whose ncth acti-

looped until AF;,’ e+

cH'""y ¥e

vated feature map matrix entry \72" is given by
V7 — ReLu (V'gc) e RV (32)

Ny xN, Ny xNy xN,
e RM>W ER"XVXC,

where V' is the ncth entry of V,

given by

C(l ST Z Z Xins. ’)Wc(z s.j—1) (33)

Through the pool layer, the output smaller feature
map matrix is obtained, which is denoted as V, =

~ . AN i .
[Vllg, s Ve 7Vpc] € RN*NoxNe whose ncth matrix

entry VSC e RM*Ns is given by

Ve =g (Wm s VgC) ol (34)
where VnC RM*M s the ncth entry of V,, € RNvxMxNe,
given by

p(l D Z Z Vet Wti=s,j—) (35)

The output vector from the hidden layer is denoted as vy, €
RM <1 given by

vh = ReLu (Wh (vec (\%))) (36)
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Through the output layer, the output vector of the trained
CNN is denoted as ¥, € RV*! that is,

Vo = Softmax (Wo¥) (37)

The estimated label number of the nith user of 3nk is
deduced by

c?nk = arg max v, (38)
n
wheren € {1,2,--- ,N}.
After the optimization by the trained CNN, the optimum
solution of the nyth graphical signal matrix by the proposed
CNNLAS detection algorithm is obtained by

X, = WG 4 jpGln) (39)

From npy = 1 to npy = MK, the optimum solution of
the graphical signal matrix of X from the Nk users and the
optimum estimation of its label vector of d are obtained by
the CNNLAS detection algorithm.

IV. COMPUTATIONAL COMPLEXITY ANALYSIS

The computational complexity is evaluated by the order of
magnitude, denoted as O(-), of the number of float point
number operations (flops) [32].

Considering the calculation for AB, where A € R9*b and
B € RY*¢, the computational complexity is (2b — 1)ac ~
O(abc) [32].

Considering one convolutional layer, the computational
complexity is O(p?g?st), where p? is the scale of each feature
map output from one convolutional filter, g> is the scale of
each convolutional filter, s is the number of input channels
for each filter, and ¢ is the number of convolutional filters in
the layer [33].

As shown in Tab. 1, the computational complexity for
the proposed algorithm arises from two processes. The first
process is the convolutional neural network training, and
the second process is the detection procedure.

A. THE COMPUTATIONAL COMPLEXITY OF THE TRAINING
PROCESS

The computational complexity of the convolutional layer
from (9) and (10) is O(szNszc). The computational com-
plexity of the pool layer from (11) and (12) is O(N>N?2). The
computational complexity from the hidden layer from (13)
and (14) is O(NyNg). The computational complexity of
the output layer from (17) is O(N,N). Thus, the compu-
tational complexity during the forward propagation pro-
cess is O(N2N2N ) + O(N2N?2) + O(NyNg) + O(NyN) =
O@4NZNZN,) + O(4N2N2) 4+ O(N3N.N) + O(N;N?).

The computatmnal complexity of the procedure of the back
propagation from (16) to (21) is on the same order as that
of the forward propagation process, that is, O(4Ns2Nf2Nc) +
O(4NS2N02)+O(NS3NCN)—i—O(NSNz). The number of batches is
Np, and the number of graphical signals updated during each
batch is N,,.

VOLUME 8, 2020



L. Li et al.: Convolutional-Neural-Network-Based Detection Algorithm for Uplink Multiuser Massive MIMO Systems

IEEE Access

TABLE 1. The computational complexity of the proposed CNNLAS detection algorithm.

Main calculation = CNN

Detection procedure

. Initial solution  Local search  Optimization by
part training . .
calculation of LAS the trained CNN
Computational
O (N (N2 + N2 O (N3 O (N3 O (Np(N2 + N2
complexity (N=(NZ+N2)) O (N7) (N7) (N7 (NE + N?%))

Thus, considering that N > Ny and N > Nj, the total
computational complexity of the training process during each
loop is
O4NINZN,) + O(4NINZ)
+O(N;NeN) + O(N;N?)

~0 (NZ(ch + NZ)) (40)

2NN, (

B. THE COMPUTATIONAL COMPLEXITY OF THE
DETECTION PROCEDURE

As shown in Tab. 1, the computational complexity of the
detection procedure arises from three processes.

First, the computational complexity of calculating 2 as
in (26) is O (NZNg). When Ny = Ng, this complex-
ity is approximated as O(N%). Then, the computational
complexity of the initial solution calculation as in (25) is
O(N3) +0 (V) +0 (N7) + 0 (V3) +0 (V2) + 0 (N3) =
O (3N; +3N7). When Ny > 100, this complexity is
approximated as O (N7).

Second, the computational complexity of the local search
of the LAS from (27) to (31) mainly arises from the calcula-
tion of € as in (26), which is O (N3).

Third, the computational complexity of the further opti-
mization by the trained CNN from (32) to (39) is the
same as that of the forward procedure for the Nk users,
that is, NK(O(4NS2Nf2NC) + O@AN2ZN2) + O(N3N.N) +
O(NsN?)) = Nr(O((4NJNP)/NuNe) + O((4N] /N)NZ) +
O((N}/N,)N:N) + O((Ny/N,)N?)). Considering Ny >>
Ny and Ny >> Ny, the complexity is approximated as
O (Nr(N? + N?)).

Thus, the total average computational complexity per sym-
bol is deduced as

O (N3) + O (N}) + O (Nr(N2 + N?))
Nr

~0 (N% +N? +N2) (41)

V. SIMULATION RESULTS

The numbers of receiving and transmitting antennas in the
massive MIMO system are considered to be Ny = N =
288, Ny = 120 and Ny = 288. For each user, the number
of transmitting antennas is N, = 8. The number of users in
the unit cell is Ny = Ny /N, and ranges from 15 to 36. The
number of graphical signals G in the database is N = 100,
and its dimension is Ny x N, where N, = 16 and N| =
16. Each symbol of G is modulated by M-QAM from the
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randomly generated bitstream, and the label index of G is
fn = n, where M ranges from4 to 64 andn € {1,2,--- ,N}.
Over unit duration, the graphical signal transmitted from the
nith user X, is generated as in (1), and its label index d,;,
is a random integer ranging from 1 to N and different from
each other, where n, € {1, 2, ..., Nx}. Detailed in Section II,
the channel is flat Rayleigh fading. The average received SNR
ranges from 0 dB to 46 dB.

Detailed in Section III, the hyper parameters of the CNN
are presented as below. The dimension of each filter in the
convolutional layer is Ny x Ny, where Nf changes from 3
to 11. The total number is N, and changes from 20 to 100.
For the initial value of the weight matrix in the hidden layer

and the output layer, &, = /m and 8, =,/ Nr_éN [34].

The learning rate is « = 0.01 and the momentum parameter
is B = 0.95. During each loop, the training graphical signal
inputted into the CNN U": and its label vector b, are gen-
erated as in (7) and (8), where n, € {1,2,---, N.}. Its total
number is N, = NpyNq = 100000, where the total number of
training graphical signals in each batch is Nq = 200 and the
number of batches is N, = 500. The number of training loops
iS Nechop = 3.

In this section, implemented by programming through
MATLAB 2017a, the BER performance, spectral efficiency
and computational complexity of the proposed CNNLAS
algorithm are simulated and compared with those of the
MMSE detection algorithm in [4], MMSELAS detection
algorithm in [6], SDR algorithm in [16], LLLSDR algorithm
in [17], DetNet detection algorithm in [28], where the number
of layers for the DetNet algorithm is Lp = 90.

A. BER PERFORMANCE

1) BER PERFORMANCE OF DETECTING DIFFERENT
GRAPHICAL M-QAM SIGNALS

Fig. 3 shows the BER performance of the proposed CNNLAS
detection algorithm for the graphical 4-QAM signals in the
uplink multiuser MIMO system, where Ny = 32 and Ng =
48. At an average received SNR of 3 dB, the BER of the
proposed CNNLAS detection algorithm in the case of Ny x
Ny =3x3and N, = 20is 10~3, which is much lower than the
BER of 10~! of the counterpart algorithms. To obtain a BER
of 1073, the required average received SNR for the proposed
CNNLAS algorithm increases by 1 dB when Ny x Ny =3 x 3
increases to Ny x Ny = 7 x 7 as a result of the generated
overfitting but decreases to 2 dB when N, = 20 increases
to N. = 60. This average received SNR is nearly 9 dB
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FIGURE 3. BER performance of the proposed CNNLAS detection
algorithm for graphical 4-QAM signals in uplink multiuser MIMO system,
where Ny =32 and N, = 48.
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FIGURE 4. BER performance of the proposed CNNLAS detection
algorithm for graphical 4-QAM signals in uplink multiuser massive MIMO
system, where Ny = Np = 288.

lower than that required for the DetNet detection algorithm,
10 dB lower than that required for the MMSELAS, SDR and
LLLSDR algorithms, and much lower than that required for
the MMSE detection algorithm. Compared to the counter-
part algorithms, the proposed CNNLAS detection algorithm
obtains a much better BER performance in medium-small
MIMO system.

Fig. 4 shows the BER performance of the proposed
CNNLAS detection algorithm for the graphical 4-QAM sig-
nals in the uplink multiuser massive MIMO system, where
Nr = Nr = 288. The DetNet detection algorithm obtains
a quite worse BER performance of 10~! in this case. At an
average received SNR of 6 dB, the BER of the proposed
CNNLAS detection algorithm in the case of Ny x Ny =
3x3and N, = 20 is 1073, which is much lower than the
BER of 10! of the counterpart algorithms. To obtain a BER
of 1073, the required average received SNR for the proposed
CNNLAS algorithm increases by 1 dB when Ny x Ny =3 x 3
increases to Ny x Ny = 7 x 7 as a result of the generated
overfitting but decreases to 5 dB when N. = 20 increases
to N. = 60. This average received SNR is nearly 7 dB lower
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FIGURE 5. BER performance of the proposed CNNLAS detection
algorithm for graphical 16-QAM signals in uplink multiuser massive
MIMO system, where Ny = Np = 288.
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FIGURE 6. BER performance of the proposed CNNLAS detection
algorithm for graphical 64-QAM signals in uplink multiuser massive
MIMO system, where Ny = Np = 288.

than that required for the MMSELAS method and much lower
than that required for the other detection algorithms.

Fig. 5 shows the BER performance of the proposed
CNNLAS detection algorithm for the graphical 16-QAM
signals in the uplink multiuser massive MIMO system, where
Nr = Nr = 288. At an average received SNR of 16 dB,
the BER of the proposed CNNLAS algorithm in the case
of Np x Ny = 3 x 3 and N, = 20 is 107>, which is
lower than the BER of 10~! of the counterpart detection
algorithms. To obtain a BER of 107>, the required average
received SNR for the proposed CNNLAS detection algorithm
decreases by 1 dB when Ny x Ny = 3 x 3 increases to
Nr x Ny = 9 x 9 and decreases to 12 dB when N, = 20
increases to N, = 100. This average received SNR is 12 dB
lower than that required for the SDR method, and 14 dB lower
than that for the LLSDR algorithm, more than 18 dB lower
than that for the MMSELAS detection algorithm, and much
lower than that required for the MMSE algorithm.

Fig. 6 shows the BER performance of the proposed
CNNLAS detection algorithm for the graphical 64-QAM
signals in the uplink multiuser massive MIMO system, where
Nr = Nr = 288. At a fixed average received SNR, the BER
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FIGURE 7. BER performance of the proposed CNNLAS detection
algorithm for graphical 64-QAM signals in uplink multiuser massive
MIMO system, where Ny = 120 and Np = 288.

of the proposed CNNLAS detection algorithm is lower than
those of the counterpart detection algorithms. To obtain the
BER of 1072, the required average received SNR for the
proposed CNNLAS detection algorithm is 24 dB in the case
of Ny x Ny = 3 x 3 and N, = 20, decreases by 5 dB when
Ny x Ny =3 x 3increases to Ny x Ny = 11 x 11 and further
decreases to 14 dB when N, = 20 increases to N. = 100. This
average received SNR is 20 dB lower than that required for
the SDR method, more than 24 dB lower than that required for
the LLLSDR algorithm, and much lower than that required
for the MMSELAS and MMSE detection algorithms.

The above-mentioned simulation results illustrate that the
proposed CNNLAS detection algorithm is both applicable
for graphical low-order and high-order modulation signals
in the uplink multiuser medium-small or massive MIMO
systems. Under medium-low average received SNR cases,
the proposed CNNLAS detection algorithm obtains a much
better BER performance than the counterpart algorithms in
massive MIMO system when Ny = Ng.

2) BER PERFORMANCE IN THE UPLINK MULTIUSER
MASSIVE MIMO SYSTEMS WHERE N7 < Np
Fig. 7 shows the BER performance of the proposed CNNLAS
detection algorithm for the graphical 64-QAM signals in the
uplink multiuser massive MIMO system, where Ny = 120
and Ng = 288. At an average received SNR of 11 dB,
the BER of the proposed CNNLAS detection algorithm in
the case of Ny x Ny = 3 x 3 and N, = 20 is 107>, which is
lower than the BER of 10~! of the counterpart algorithms.
To achieve a BER of 107>, the required average received
SNR for the proposed CNNLAS decreases by 3 dB when
Ny x Ny = 3 x 3 increases to Ny x Ny = 11 x 11 and
decreases to 6 dB when N, = 20 increases to N, = 100. This
average received SNR is 15 dB lower than that required for
the SDR method, more than 18 dB lower than that required for
the LLLSDR and MMSELAS algorithms, and much lower
than that required for the MMSE algorithm.

At medium low average received SNR, when Ny < Ng,
the proposed CNNLAS detection algorithm obtains better
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FIGURE 8. BER performance of the proposed CNNLAS detection
algorithm in presence of channel estimation errors for graphical 64-QAM
signals in uplink multiuser massive MIMO system, where Ny = Np = 288
and 62 =0.1.

BER performance than the counterpart detection algorithms
for the uplink multiuser massive MIMO system.

3) BER PERFORMANCE IN PRESENCE OF CHANNEL
ESTIMATION ERRORS

In presence of channel estimation errors, the performance
of the proposed CNNLAS algorithm in the uplink multiuser
massive MIMO system is investigated. The estimated channel
gain matrix is given by [35]

H=H+ AH ¢ CVoM (42)

where AH € CNe*NT g the error matrix with iid complex
Gaussian entries with zero mean and o2 variance.

Fig. 8 illustrates the BER performance of the proposed
CNNLAS detection algorithm for the graphical 64-QAM
signals in the presence of channel estimation errors as those
in (42), where Ny = N = 288 and 082 = 0.1, and all other
conditions remain the same as in Fig. 6. It can be seen that,
to achieve a BER of 1073, the required average received SNR
for the proposed CNNLAS detection algorithm decreases by
6 dB when Ny x Ny = 3 x 3 increases to Ny x Ny =
11 x 11 and decreases to 16 dB when N. = 20 increases
to N. = 100. In the presence of channel estimation errors,
to achieve the same BER performance, the average received
SNRs are respectively 3 dB, 2 dB and 2 dB higher than
those required in the cases without channel estimation errors.
The BER performance of the proposed CNNLAS algorithm
decreases sharply versus the average received SNR, but it
is much better than those of the counterpart compared algo-
rithms which obtain a quite worse BER performance of 107!

In the presence of channel estimation errors, the coun-
terpart detection algorithms present poor BER performance,
whereas the proposed CNNLAS detection algorithm still
obtains good BER performance. The proposed CNNLAS
detection algorithm shows a much stronger robustness against
channel estimation errors in the uplink multiuser massive
MIMO system.
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FIGURE 9. Spectral efficiency of the proposed CNNLAS detection
algorithm for graphical 4-QAM signals in uplink multiuser MIMO system,
where Ny =32 and Nj = 48.

B. SPECTRAL EFFICIENCY
According to Section II, the graphical detection model for the
uplink multiuser massive MIMO system is constructed on the

VBLAST system, whose theoretical spectral efficiency for
M-QAM signals is [36]

SEtheory = Nr lng(M) (43)

The spectral efficiency of the proposed CNNLAS detection
algorithm is also compared with the theoretical value.

1) SPECTRAL EFFICIENCY OF DETECTING DIFFERENT
GRAPHICAL M-QAM SIGNALS

Fig. 9 shows the spectral efficiency of the proposed CNNLAS
detection algorithm for the graphical 4-QAM signals in the
uplink multiuser MIMO system, where Ny = 32 and
Nr = 48. The proposed CNNLAS algorithm obtains a
much higher spectral efficiency than the counterpart detection
algorithms. To obtain the theoretical spectral efficiency of
64 bps/Hz, the required average received SNR for the pro-
posed CNNLAS algorithm in the case of Ny x Ny = 3 x 3
and N. = 20is 3 dB, increases by 1 dB when Ny x Ny = 3x3
grows to Ny x Ny = 7 x 7 as a result of the generated
overfitting but decreases to 1 dB when N, = 20 increases
to N, = 60. This average received SNR is 8 dB lower than
that required for the DetNet detection algorithm, 9 dB lower
than that required for the MMSELAS, SDR, and LLLSDR
algorithms, and 13 dB lower than that required for the MMSE
algorithm. Compared to the counterpart detection algorithms,
the proposed CNNLAS detection algorithm requires a lower
average received SNR to achieve the theoretical spectral effi-
ciency in the medium-small MIMO systems.

Fig. 10 shows the spectral efficiency of the proposed
CNNLAS detection algorithm for the graphical 4-QAM sig-
nals in the uplink multiuser massive MIMO system, where
Nt = Nr = 288. The DetNet detection algorithm obtains a
much lower spectral efficiency of 460 bps/Hz than the theo-
retical value in this case. The proposed CNNLAS algorithm
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FIGURE 10. Spectral efficiency of the proposed CNNLAS detection

algorithm for graphical 4-QAM signals in uplink multiuser massive MIMO
system, where Ny = Np = 288.
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FIGURE 11. Spectral efficiency of the proposed CNNLAS detection
algorithm for graphical 16-QAM signals in uplink multiuser massive
MIMO system, where Ny = Np = 288.

obtains the much higher spectral efficiency than the counter-
part detection algorithms. To obtain the theoretical spectral
efficiency of 576 bps/Hz, the required average received SNR
for the proposed CNNLAS algorithm in the case of Ny x Ny =
3x3and N, = 201is 5 dB, increases by 1 dB when Ny x Ny =
3 x 3 grows to Ny x Ny =7 x 7 as aresult of the generated
overfitting but decreases to 4 dB when N, = 20 increases
to No = 60. This average received SNR is 7 dB lower
than that required for the MMSELAS algorithm, 8 dB lower
than that required for the SDR and LLLSDR algorithms, and
more than 16 dB lower than that required for the MMSE
algorithm.

Fig. 11 shows the spectral efficiency of the proposed
CNNLAS detection algorithm for the graphical 16-QAM
signals in the uplink multiuser massive MIMO system, where
Nt = Nr = 288. The proposed CNNLAS algorithm obtains
a much higher spectral efficiency than that of the counterpart
algorithms. To obtain the theoretical spectral efficiency of
1152 bps/Hz, the required average received SNR for the
proposed CNNLAS algorithm in the case of Ny x Ny =
3 x3and N, = 20 is 12 dB, decreases by 2 dB when
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FIGURE 12. Spectral efficiency of the proposed CNNLAS detection

algorithm for graphical 64-QAM signals in uplink multiuser massive
MIMO system, where Ny = Np = 288.

Ny x Ny = 3 x 3 increases to Ny x Ny = 9 x 9 and
decreases to 8 dB when N, = 20 increases to N, = 100. This
average received SNR is 14 dB lower than that required for
the SDR algorithm, and 16 dB lower than that required for the
LLLSDR method, 20 dB lower than that for the MMSELAS
algorithm, and 32 dB lower than that required for the MMSE
detection algorithm.

Fig. 12 shows the spectral efficiency of the proposed
CNNLAS detection algorithm for the graphical 64-QAM
signals in the uplink multiuser massive MIMO system, where
Nr = Nr = 288. Along with the increase of the aver-
age received SNR, the spectral efficiency of the detection
algorithms increases until converging to the theoretical value
of 1728 bps/Hz. The proposed spectral efficiency of the
proposed CNNLAS algorithm is much higher than that of
the counterpart algorithms. In order to obtain the theoretical
spectral efficiency, the required average received SNR for
the proposed CNNLAS detection algorithm in the case of
Ny x Ny = 3 x 3 and N. = 20 is 20 dB, decreases by
4 dB when Ny x Ny = 3 x 3 increases to Ny x Ny =
11 x 11, and decreases to 12 dB when N, = 20 increases
to N. = 100. This average received SNR is 20 dB lower
than that required for the SDR method, 26 dB lower than that
required for the LLLSDR method, and more than 34 dB lower
than that required for the MMSELAS and MMSE detection
algorithms.

The before-mentioned simulation results show that, com-
pared with the counterpart detection algorithms, the pro-
posed CNNLAS detection algorithm requires a lower average
received SNR to achieve the theoretical spectral efficiency
for uplink multiuser medium-small or massive MIMO system
in terms of detecting the graphical low-order and high-order
modulation signals.

2) SPECTRAL EFFICIENCY IN THE UPLINK MULTIUSER
MASSIVE MIMO SYSTEMS WHERE N7 < Ng

Fig. 13 shows the spectral efficiency of the proposed
CNNLAS detection algorithm for the graphical 64-QAM
signals in the uplink multiuser massive MIMO system, where

VOLUME 8, 2020

J|—>—MMSE

—©— MMSELAS
—8—LLLSDR

1|—&—SDR

-k~ CNNLAS N =3.N =20

- o - CNNLAS N=11N =20
J|—*—CNNLAS N =11N =100

Spectral efficiency (bps/Hz)

. . . . . - - - - Theoretical spectral efficiency
0 S 10 15 20 25 30
Average received SNR (dB)

FIGURE 13. Spectral efficiency of the proposed CNNLAS detection
algorithm for graphical 64-QAM signals in uplink multiuser massive
MIMO system, where Ny = 120 and N = 288.

Nr = 120 and Np = 288. The proposed spectral efficiency
of the proposed CNNLAS algorithm is much higher than
that of the counterpart algorithms. To obtain the theoretical
spectral efficiency, the required average received SNR for
the proposed CNNLAS detection algorithm in the case of
Ny x Ny =3 x3and N, = 20 is 8 dB, decreases by 2 dB
when Ny x Ny =3 x 3increases to Ny x Ny =11 x 11 and
decreases to 4 dB when N, = 20 increases to N. = 100. This
average received SNR is 16 dB lower than that required for
the SDR method, and 20 dB lower than that for the LLLSDR
and MMSELAS algorithms, and more than 24 dB lower than
that required for the MMSE detection algorithm.

In the case of N7 < Np, the proposed CNNLAS detection
algorithm requires a much lower average received SNR to
reach the theoretical spectral efficiency when compared with
the counterpart detection algorithms in the uplink multiuser
massive MIMO system.

3) SPECTRAL EFFICIENCY IN PRESENCE OF CHANNEL
ESTIMATION ERRORS

Fig. 14 presents the spectral efficiency of the proposed
CNNLAS detection algorithm for the graphical 64-QAM
signals in the presence of channel estimation errors as in (42),
where Nt = Ng = 288 and %2 = 0.1, and all other
conditions remain the same as those in Fig. 12. The results
show that the spectral efficiency of the SDR, LLLDR,
MMSELAS and MMSE detection algorithms increase along
with the average received SNR and converge to 1316 bps/Hz
or 1265 bps/Hz, which are much lower than the theoretical
value 1728 bps/Hz. To reach the theoretical spectral effi-
ciency, the average received SNR required for the proposed
CNNLAS algorithm with channel estimation errors in the
case of Ny x Ny = 3 x 3 and N, = 20 is 22 dB, which
is 2 dB higher than that required for the same case of the
proposed CNNLAS algorithm without the channel estimation
errors. This SNR decreases by 6 dB when Ny x Ny =3 x 3
increases to Ny x Ny = 11 x 11, and decreases to 12 dB
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TABLE 2. The average per symbol computational complexity of detection algorithms.

Detection algorithm SDR LLLSDR MMSE MMSELAS  DetNet CNNLAS (proposed)
Average per symbol
(@) N3.5M o) N3.5 1 /M 2
computational (N7 (N7 (logg VM) O(N2) O(N2) O(MLpN2) O(NZ + N2 4+ N2)
complexity +NZ5M35)  +NZ5(logy VM)3)
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FIGURE 14. Spectral efficiency of the proposed CNNLAS detection
algorithm in presence of channel estimation errors for graphical 64-QAM
signals in uplink multiuser massive MIMO system, where Ny = Np = 288
and 62 =0.1.

when N, = 20 increases to N. = 100, which are the same as
those of the proposed CNNLAS algorithm without channel
estimation errors.

In the presence of channel estimation errors, the counter-
part algorithms are not applicable to the massive MIMO sys-
tems since their spectral efficiency is much lower than the the-
oretical value. The proposed CNNLAS detection algorithm
reaches the theoretical spectral efficiency at medium-low
average received SNR, and shows strong robustness against
the channel estimation errors in the uplink multiuser massive
MIMO system.

C. COMPUTATIONAL COMPLEXITY

The average per symbol computational complexity of the
detection algorithms in the uplink multiuser massive MIMO
system in terms of O(-) with the number of flops is shown
in Tab.2, including the values for the proposed CNNLAS
detection algorithm in this paper and the above mentioned
counterpart detection algorithms.

1) COMPUTATIONAL COMPLEXITY VERSUS DIFFERENT
ANTENNAS

Fig. 15 shows the average per symbol computational com-
plexity of the proposed CNNLAS detection algorithm versus
the number of antennas for graphical 4-QAM signals in the
uplink multiuser massive MIMO system. The computational
complexity of the proposed CNNLAS detection algorithm
increase polynomially with the number of antennas. For
Nt = Ng = 100, the average computational complexity of
the CNNLAS algorithm in the case of N, = 20 is 2.0 x 10%,
which increases by a small amount but maintains a similar
order of magnitude of 3.0 x 10* when N. = 20 increases
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FIGURE 15. Average per symbol computational complexity of the
proposed CNNLAS detection algorithm versus the number of antennas for
graphical 4-QAM signals in uplink multiuser massive MIMO system.
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FIGURE 16. Average per symbol computational complexity of the
proposed CNNLAS detection algorithm versus the modulation order for
graphical M-QAM signals in uplink multiuser massive MIMO system,
where Ny = Np = 288.

to N = 100. For Ny = Nr = 800, the computational
complexities of the CNNLAS detection algorithm in the two
cases are 6.5 x 10° and 6.6 x 105, which are on a similar
order of magnitude to the complexities of 6.4 x 10° of the
MMSE and MMSELAS algorithms, but much lower than the
complexity of 2.3 x 103 of the DetNet detection algorithm,
the complexity of 1.5 x 10'° of the LLLSDR method and the
complexity of 8.2 x 10! of the SDR algorithm.

2) COMPUTATIONAL COMPLEXITY OF DETECTING
DIFFERENT GRAPHICAL M-QAM SIGNALS

Fig. 16 shows the average per symbol computational com-
plexity of the proposed CNNLAS detection algorithm versus
the modulation order M for graphical M-QAM signals in
the uplink multiuser massive MIMO system, where Ny =
Ngr = 288. The computational complexities of the DetNet,
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TABLE 3. The comparison of the computational complexity and the performance including the BER and spectral efficiency of the proposed CNNLAS
detection algorithm with those of other detection algorithms for graphical M-QAM signals in the uplink multiuser massive MIMO system where

Ny = Ng = 288.
Detection algorithm CNNLAS MMSE MMSELAS LLLSDR SDR DetNet
(proposed)
A i R i
verage received SNR required 5dB 26 dB 12 dB 14 dB 14 dB > 40 dB
to obtain the BER of 10~5
Graphical Average received SNR required
4-QAM to achieve the theoretical 4 dB 20 dB 11dB 12dB 12dB > 40 dB
signals spectral efficiency of 576 bps/Hz
A bol tational
Verase per symbo” Compuiational g 7x 101 83x 101 83x 100 41x 105 23x10° 3.0 x 107
complexity of O(-) (flops)
Average received SNR required 12 dB < 40 dB 32 dB 26 dB 94 dB
to obtain the BER of 10—°
Graphical Average received SNR required
16-QAM to achieve the theoretical 8 dB 40 dB 28 dB 24 dB 22 dB -
signals spectral efficiency of 1152 bps/Hz
Average per symbol computational 05 g5 q00 g3, 10t 1.6x10° 1.3 x 1010
complexity of O(-) (flops)
A i R i
verage received SNR required 14 dB > 40 dB > 40 dB 39 dB 34 dB
to obtain the BER of 103
Graphical Average received SNR required
64-QAM to achieve the theoretical 12dB > 40 dB > 40 dB 38 dB 32dB -
signals spectral efficiency of 1728 bps/Hz
Average per symbol computational -, o5 g5 100 g3x 104 37x10° 7.5 x 1010

complexity of O(-) (flops)

LLLSDR and the SDR detection algorithms grow with an
increase in the modulation order M, while the complexity
of the proposed CNNLAS algorithm remains unchanged at
alower order of magnitude of 9.3 x 10* with a slight increase
to 1.0 x 10° when N, = 20 increases to N. = 100. For the
graphical 64-QAM signals, the complexity of the proposed
CNNLAS algorithm is on a similar order of magnitude to the
complexities of 8.3 x 10* of the MMSE and MMSELAS algo-
rithms, but much lower than the complexity of 4.8 x 103 of the
DetNet detection algorithm, the complexity of 3.7 x 10° of
the LLLSDR algorithm and the complexity of 7.5 x 100 of
the SDR algorithm.

Similar to the MMSE and MMSELAS algorithms,
the computational complexity of the proposed CNNLAS
detection algorithm polynomially increases along with the
number of antennas and remains invariable against the mod-
ulation order. Besides, especially for the graphical high-order
modulation signals, the computational complexity of the pro-
posed CNNLAS detection algorithm is much lower than those
of the DetNet, LLLSDR and SDR algorithms in the uplink
multiuser massive MIMO systems.

Eventually, as summarized in Tab. 3, the computational
complexity and the performance including the BER and spec-
tral efficiency of the above mentioned counterpart detec-
tion algorithms are compared with those of the proposed
CNNLAS detection algorithm in the case of Ny x Ny =
11 x 11 and N, = 100 for the graphical 64-QAM signals,
in the case of Ny x Ny = 9 x 9 and N, = 100 for
the graphical 16-QAM signals, in the case of Ny x Ny =
3 x 3 and N, = 60 for the graphical 4-QAM signals in

VOLUME 8, 2020

the uplink multiuser massive MIMO system where Ny =
Ngr = 288. The DetNet detection algorithm has the lowest
spectral efficiency and the worst BER performance with high
computational complexity in this case. Although the com-
putational complexity of the MMSE detection algorithm is
the lowest, the BER and spectral efficiency performance of
it are poor. With the same complexity, the BER and spectral
efficiency performance of the MMSELAS algorithm are poor
for the graphical high-order modulation signals, including
16-QAM and 64-QAM. The LLLSDR and SDR algorithms
have improvements on the BER and spectral efficiency per-
formance for the graphical high-order modulation signals, but
their computational complexities are too high, and sharply
increase versus Ny and M. From the comparison, with a
medium low polynomial computational complexity of 10°,
the proposed CNNLAS detection algorithm required much
lower average received SNRs to obtain the BER performance
of 1073 and to achieve the theoretical spectral efficiency both
for the graphical low-order and high-order modulation signals
in the uplink multiuser massive MIMO system.

VI. CONCLUSION

In this paper, a CNNLAS detection algorithm is proposed
on the basis of a graphical detection model for the uplink
multiuser massive MIMO system. The proposed CNNLAS
detection algorithm is both applicable for detecting the graph-
ical low-order and high-order QAM signals in the uplink
multiuser medium-small or massive MIMO systems. The per-
formance of the proposed CNNLAS algorithm is evaluated
in the cases of Ny = N and Ny < Ng. The polynomial
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average per symbol computational complexity of the pro-
posed CNNLAS algorithm is O(N% +N%+ NCZ). Compared
with the counterpart algorithms, the proposed CNNLAS
detection algorithm shows a stronger robustness against chan-
nel estimation errors, and it respectively obtains a BER of
107 for graphical 4-QAM, 16-QAM and 64-QAM signals
at average received SNRs of 5 dB, 12 dB and 14 dB when
Nt = Ngr = 288. Meanwhile, it respectively requires much
lower average received SNRs of 4 dB, 8 dB and 12 dB to
reach the theoretical spectral efficiency.
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