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A GCICA Grant-Free Random Access Scheme
for M2M Communications in Crowded
Massive MIMO Systems

Huimei Han', Lushun Fang!, Weidang Lu'!, Wenchao Zhai?, Ying Li?, Jun Zhao?

Abstract—A high success rate of grant-free random
access scheme is proposed to support massive access for
machine-to-machine communications in massive multiple-
input multiple-output systems. This scheme allows active
user equipments (UEs) to transmit their modulated uplink
messages along with super pilots consisting of multiple
sub-pilots to a base station (BS). Then, the BS performs
channel state information (CSI) estimation and uplink
message decoding by utilizing a proposed graph combined
clustering independent component analysis (GCICA) de-
coding algorithm, and then employs the estimated CSIs to
detect active UEs by utilizing the characteristic of asymp-
totic favorable propagation of massive MIMO channel.
We call this proposed scheme as GCICA based random
access (GCICA-RA) scheme. We analyze the successful
access probability, missed detection probability, and uplink
throughput of the GCICA-RA scheme. Numerical results
show that, the GCICA-RA scheme significantly improves
the successful access probability and uplink throughput,
decreases missed detection probability, and provides low
CSI estimation error at the same time.

Index Terms—Grant-free random access, independent
component analysis (ICA), massive MIMO, M2M commu-
nications.

I. INTRODUCTION

HE machine-to-machine (M2M) communications

are centered on the intelligent interaction of user
equipments (UEs) without human intervention, which is
the enabler for the Internet of Things (IoT) to achieve
the envision of the “Internet of Everything” [1]-[4]. In
recent years, M2M communications develop rapidly and
have been applied to many scenarios, such as smart
medical, smart vehicle, smart logistics, etc. Cisco visual
networking index and forecast predicts that there will
be around 28.5 billion connected UEs by 2022 [S]]. The
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massive multiple-input multiple-output (MIMO) technol-
ogy, which achieves significant improvements in energy
and spectral efficiency and can serve massive UEs in the
same time-frequency resource, is well suited for M2M
communications [6]]-[8].

For M2M communications in massive MIMO systems,
random access procedure is a critical step to initiate
a data transmission [9]], [10]. Since payload data is
usually in small size and the number of UEs in a cell
is envisioned in the order of hundreds or thousands in
M2M communications [[11l], random access procedure
utilized in the long term evolution (LTE) network may
induce excessive signaling overhead and cannot support
massive access [9]], [12].

Researchers are exploring new random access schemes
for M2M communications in massive MIMO systems,
and the grant-based random access schemes have been
proposed in recent years. E. Bjornson et al. proposed
a strongest-user collision resolution (SUCRe) scheme,
which allocates pilots to active UEs with largest channel
gain among the contenders [13]. However, the number
of successful accessing UEs decreases with the increase
of the number of contenders [14]. To improve the pi-
lot resource utilization of the SUCRe scheme, SUCR
combined idle pilots access (SUCR-IPA) scheme was
proposed in [15], where the weaker UEs randomly select
idle pilots to increase the number of successful accessing
UEs. A user identity-aided pilot access scheme was
proposed for massive MIMO with interleave-division
multiple-access systems, where the interleaver of each
UE is available at the BS according to the one-to-
one correspondence between UE’s identity number (ID)
and its interleaver [16]. However, since the grant-based
random access schemes require two handshake processes
between the base station (BS) and UEs, considering
the small packet transmission in M2M communication,
such kind of random access scheme will introduce heavy
signaling overhead and low data transmission efficiency.

To address this problem, the grant-free random access
schemes have attracted much attention in recent years,
which allow active UEs to transmit their pilots and up-
link messages to the BS directly and perform activity de-
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tection, channel state information (CSI) estimation, and
uplink message decoding in one shot. J. Ahn et al. pro-
posed a Bayesian based random access scheme to detect
the UE’s activity and estimate the CSI jointly by utilizing
the expectation propagation algorithm, considering the
BS with one antenna [17)]. L. Liu et al. proposed a
approximate message passing (AMP) based grant-free
scheme to achieve the joint activity detection and CSI
estimation for massive MIMO systems [18]. However,
this AMP-based grant-free random access scheme re-
quires long pilot sequence to achieve better performance,
resulting in heavy pilot overhead. To support massive
connectivity with low access delay and overhead, a novel
grant-free random access scheme was proposed to detect
active UEs and uplink message without CSI estimation
in one shot [19]. However, the CSI estimation is needed
for some M2M traffics for downlink beamforming in
the case of time-division duplex (TDD) model, such as
the telemedicine surgery requiring the downlink control
signal transmission. The above-mentioned grant-free ran-
dom access schemes consider the single pilot structure.
Jiang et al. proposed to concatenate multiple orthogonal
sub-pilots into a super pilot sequence, and the super
pilot sequence is utilized for activity detection and CSI
estimation [20]]. Simulation results show that, compared
to the single pilot structure, this super pilot structure
can improve the number of successful UEs by utilizing
their proposed detection approach. However, with the
increase of the number of active UEs, the probability that
more UEs have the same super pilot sequence increases,
resulting in low row rank pilot selection matrix and thus
degrading the number of successful UEs. This motivates
interesting researches on how to support massive access
by utilizing the super pilot structure.

To achieve this goal, we propose a graph combined
clustering independent component analysis based ran-
dom access (GCICA-RA) scheme. This scheme utilizes
the super pilot structure and mainly consists of two steps.
During the first step, all the active UEs concatenate
their randomly selected sub-pilots to obtain their super
pilot sequences, and send their super pilot sequences and
modulated uplink messages to the BS. During the second
step, the BS performs CSI estimation and uplink message
decoding jointly by utilizing a proposed GCICA de-
coding algorithm, employs the estimated CSIs to detect
active UEs by utilizing the characteristic of asymptotic
favorable propagation of massive MIMO channel, and
sends random access response (RAR) to active UEs. We
analyze the successful access probability, missed detec-
tion probability, and uplink throughput of the GCICA-
RA scheme. Numerical results show that, compared to
the random access scheme proposed in [20], the GCICA-
RA scheme significantly improves the successful access
probability and uplink throughput, decreases missed

detection probability, and provides low CSI estimation
error at the same time.

The main contributions of this paper are summarized
as follows.

o We propose a GCICA algorithm to perform CSIs
estimation and uplink message decoding jointly.
Specifically, based on the received sub-pilot sig-
nal, the BS first utilizes a successive interference
cancellation (SIC) algorithm to estimate CSIs of
active UEs, and then decodes the uplink message by
utilizing the estimated CSIs. Then, the BS utilizes a
proposed CICA algorithm to decode uplink message
and estimate CSIs of UEs whose CSIs cannot be
estimated by the SIC algorithm. Simulation results
show that, compared to the detection method pro-
posed in [20], the number of successful UEs can be
improved even multiple UEs having the same super
pilot sequence.

o For the SIC algorithm, we propose to employ the
estimated CSIs without other overhead to find edges
connecting to a recovered variable node, by utilizing
the asymptotic favorable propagation of massive
MIMO systems. This is different from the existing
method where indexes of selected pilots should
be inserted into the uplink message to find edges
connected to a recovered variable node [14]], which
degrades data transmission efficiency.

e« We analyze the upper bound for the successful
access probability and uplink throughput of the
proposed GCICA-RA scheme, and derive the lower
bound for the missed detection probability of the
proposed GCICA-RA scheme.

The remainder of this paper is organized as follows.
Section II introduces system model and the proposed
GCICA-RA scheme. Section III describes SIC and CICA
algorithms in the the proposed GCICA-RA scheme. We
present the performance analysis in Section IV. Simula-
tion results and the conclusion are given in Section V
and VI, respectively.

Notations utilized throughout this paper are described
in Table [

II. SYSTEM MODEL AND THE PROPOSED
GCICA-RA SCHEME

A. SYSTEM MODEL

In this paper, we consider massive MIMO commu-
nication systems in time-division duplex (TDD) mode.
There is a BS with M antennas and K single-antenna
UEs in a cell, where the number of active UEs in a
random access procedure is N,.

In the proposed GCICA-RA scheme, each UE trans-
mits its modulated uplink message and super pilot to
the BS directly. The BS performs CSI estimation and



TABLE I
NOTATIONS.
Notations Description
Italic letters Scalars
Boldface lower-case Vectors
Boldface upper-case letters Matrices

(_)T and (-) H The transpose and conjugate ‘transpose
of a vector or a matrix
o Complex conjugate of a vector or a matrix
x; The i*" element of a vector &
R The set of all real numbers
2 A circularly-symmetric complex Gaussian
CN(u, o) distribution with mean y and variance o2
I1-1] The Euclidean norm of a vector
[ -] The cardinality of a set
arg(d) The phase of complex d

1] The rounding operation

The n'" element of vector «

The 47" column of matrix X

uplink message decoding by utilizing a proposed GCICA
decoding algorithm, and then employs the estimated
CSIs to detect active UEs. The frame structure of the
GCICA-RA scheme is shown in Fig. Il Specifically,
the super pilot of each UE consists of L consecutive
sub-pilots, and the symbol length of each sub-pilot is
Tp. Therefore, the symbol length of each super pilot is
L7,. In addition, the proposed GCICA decoding algo-
rithm utilizes multiple ICA classifiers to separate source
signals. However, the phase of the separated signals is
unpredictable.

To solve this problem, each active UE inserts
a reference symbol (termed RS) with symbol
length 1 into its uplink message [19]. Let
v = [ve(1),v1(2), ..., v (Nm)]T denote the modulated
uplink message of UE k, where N, represents the
symbol length of the modulated uplink message. Then,
ve(1), [vk(2),...,vx(Nm)] represent the RS and the
payload data with symbol length Npp, respectively.
Furthermore, since any complex symbol can be
represented as a real symbol [21], we employ the
BPSK modulation scheme in the proposed GCICA-RA
scheme, i.e. v (i) = {£1}.

Lz, N
( " (
Pilot Pilot Pilot
‘ phase 1 ‘ phase 2 ‘ phase L RS fevcadiete
l Super Pilot Modulated Uplink Message—

Fig. 1. The frame structure of the proposed GCICA-RA scheme.

B. GCICA-RA scheme description

As shown in Fig. 2] the proposed GCICA-RA scheme
allows each UE to transmit its modulated uplink message
and super pilot to the BS directly. Then, the BS performs
CSI estimation and uplink message decoding by utilizing
a proposed GCICA decoding algorithm, employs the

estimated CSIs to detect active UEs, and sends RAR
information to active UEs. In addition, the proposed
GCICA decoding algorithm first utilizes a SIC algorithm
to estimate CSIs and decode the uplink message of active
UEs, performs the number of active UEs estimation, and
utilizes a proposed CICA algorithm to decode uplink
messages and estimate CSIs of active UEs whose CSIs
cannot be recovered by the SIC algorithm. The details
are described as follows.

1) Step 1: Super pilot and modulated uplink message
transmission:

There are L sub-pilot phases, and each active UE
randomly selects its sub-pilot from a set of mutually or-
thogonal normalized pilots P, = {S1,S2,++, S, } €
R™*7» during each sub-pilot phase. Concatenating these
randomly selected sub-pilot sequences, each active UE
obtains its super pilot. Following the frame structure as
shown in Fig. [l each active UE sends it super pilot and
modulated uplink message to the BS. In addition, the
value of RS is the same for all active UEs, and we set
the RS to be 1, i.e., vi(1) = 1 Vk.

Then, let gx = (93,93, ,9M)T denote the
independent and identically distributed (i.i.d.) small-
scale fading channel from UE k to the BS, i.e., g ~
N(0,Ipg). Let pg denote UE k’s transmitting power.
Let [ stand for the channel gain between UE k and
the BS, which can be known for UE £k before the
random access procedure [13[]. Then, the received sub-
pilot signal during the I** (I = 1,2,...,L) sub-pilot
phase at the BS is

Y, = Z Z Brorgr(Se)" + Z}, 1=1,2,... L,
t=1keAl
(1

where Al stands for the set of UEs that select pilot S;
during the I*" sub-pilot phase, Z! € R **™ denotes the
additive white noise matrix with each element following
from a distribution of N'(0,0?). In this paper, Z with
different subscripts or superscripts will follow the same
distribution. In addition, we consider p;8x = 1 to make
the received signal from all active UEs have the same
power [22].

The received superimposed uplink message Yy €
R M>*Nu gt the BS is

Na
Yo=Y grvk)" + Zn. 2
k=1

2) CSI estimation, uplink message decoding, active
UE detection and RAR transmission:

Based on the received sub-pilot signal and the su-
perimposed uplink message, the BS performs (D) CSI
estimation and uplink message decoding jointly, and 2
active UE detection and RAR information transmission.
The details are described as follows.
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Fig. 2. Block diagram of the proposed GCICA-RA scheme. Each active UE sends its super pilot and modulated uplink message to the BS. The
BS performs CSI estimation and uplink message decoding by utilizing a proposed GCICA decoding algorithm, employs the estimated CSIs to
detect active UEs, and sends RAR information to active UEs. In addition, the proposed GCICA decoding algorithm utilizes a SIC algorithm
to estimate CSIs and thus decodes the uplink message of active UEs, performs the number of active UEs estimation, and utilizes a proposed
CICA algorithm to decode uplink message and estimate CSIs of active UEs whose CSIs cannot be recovered by the SIC algorithm.

@D CSI estimation and uplink message decoding
The BS utilizes the proposed GCICA decoding al-
gorithm to perform CSI estimation and uplink message
decoding. The details of the GCICA decoding algorithm
are described as follows.
The BS first estimates the CSI corresponding to pilot
S; during the I** sub-pilot phase by utilizing least
squares (LS) method, denoted by h!

Ry =Y (S)* =Y gr + Zi.
ke Al

3

It can be seen from (3) that, during the I*" sub-pilot
phase, the estimated CSI corresponding to pilot Sy is
the sum of CSIs of active UEs selecting pilot S;. So,
considering all L sub-pilot phases, a bipartite graph can
be used to describe the proposed GCICA-RA scheme,
and thus the SIC algorithm can be utilized to estimate
UEs’ CSIs on the bipartite graph. The procedure of the
SIC algorithm is described in Section [II=Al in detail. We
use Hge = [ﬁ%lc, RN ﬁé\lfgc] € R M*Nsic to denote the
estimated CSIs via the SIC algorithm, where Ng,- is the
number of estimated CSIs via the SIC algorithm. Thus,
the detected uplink message can be obtained by utilizing
LS method

ii _ (iLéIC)HYm
SIC™ 24 \NH(ji
(R&c) " ()

After demodulating and decoding the detected uplink
message @&, we obtain the corresponding decoded
uplink message Y.

Then, based on the estimated CSIs corresponding to
all pilots during the {** sub-pilot phase, the BS estimates
the number of active UEs by utilizing the estimation

1<i< Ny )

method proposed in [19]], denoted by N, which is given
by

~ Tp, (hL)Hpl p !
NQZE#%ZLA.A:NQ,M%OO. (5)
t=1 t=1

We can observe from (3) that N, approaches N, with
large M. Therefore, the estimated number of active UEs
whose CSIs cannot be obtained via the SIC algorithm is

N; = Ny — Njc. (6)

Finally, by utilizing Nr, f:glc(l <1< N§IC), and Y;,.,
the BS employs a proposed CICA algorithm to obtain
the CSIs and decoded uplink message of active UEs
whose CSIs cannot be obtained via the SIC algorithm,
denoted by Hcien = [ﬁéICA, e ,iAlngA] € RMxNr and
Déyeas respectively. The details of the CICA algorithm
are descried in Section [[I=Bl

@ Active UE detection and RAR information
transmission

The BS detects an active UE by judging whether its
CSI can be estimated (i.e., whether the corresponding
estimated CSI is a valid CSI estimation), and this UE
realizes whether it has been detected by the BS in a
distributed manner. The details are described as follows.

We utilize H = [ﬂSIC,ﬁCICA] to denote the es-
timated CSIs, and assume that H (1) is a valid CSI
estimation. More specifically, H (1) is the estimated CSI
for UE m (i.e., ﬁ(l) = gm + Agm, where Ag,,
denotes the estimation error and takes small values). By
correlating H (1) with the estimated CSI corresponding
to pilot Sy during the [** sub-pilot phase (i.e., hl, t =



1,2,...,7), we have

H
. > gk + Zt (gm + Agm)
(ht)"H(1)  \keA
M o M
Z (gk)Hgm
_ (gm)Hgm n kEAé,k#m
M M
> (gr)FAgm -
AL (2" (gm + Agm)
M M
ﬁ>1 M — oo, if t is the index of

+

the pilot selected by UE m
) > (ge)"H(1) + (Z)"H(1)
(h)"H(1) _ kea}
M - M
(—b)> 0, M — oo, otherwise

@)
where (a) follows from the fact that, when M goes
(gm) T gm —1, ZkEAL k#m Ik “gm _

M M
= 0 by utilizing the asymptotic
favorable propagatlon of massive MIMO channel, term
ZkeAz (gk) Agm

into infinity, terms
0, 20" (4t D)
M

is close to 0 since elements in Agy,
are small values, and (b) is derived based on the random

matrix theory. In addition, it is easy to derive that, when

H (i) is not a valid CSI estimation, M is close to

0 by utilizing the random matrix theory Therefore, the
BS utilizes the following rule to judge whether H (%)

is a valid CSI estimation: for the I*" (I € {1,...,L})

sub-pilot phase, if there only exits an element in set
1\H t\H P

[(h )MH(Z e (hy )MH(Z 7 (h ") H(z)] close to 1,

H (i) is a valid CSI estimatlon because each active
UE only selects one pilot during each sub-pilot phase;
otherwise, H () is not a valid CSI estimation.

After obtaining all valid CSIs, the BS generates and
broadcasts the RAR information V' = 3" - B(ff (u))H
to all active UEs where B stands for the index set of
valid CSI estimations.

The received RAR at UE m is

Rm =V Bngm + Zd- (8)
Then, we have

R _ VBmVgm +
VBmM T /BmM vﬁmM

m( ) <H<u>>”gm>

u€B + Zg
VB M VBm M )]
1 if UE m has been detected

(a)M—o0
_—

0 otherwise

where (a) is derived by utilizing the asymptotic favorable
propagation of massive MIMO channel, similar to (7).
Based on the value of Rm , UE m can realize whether
it has been detected. Ifﬁ not, UE m will reattempt the
random access procedure in the upcoming random access
slot.

III. SIC AND CICA ALGORITHMS

A. SIC Algorithm

As we described in Section II-B, a bipartite graph can
be used to describe the proposed GCICA-RA scheme,
and thus the SIC algorithm can be utilized to estimate
UEs’ CSIs on the bipartite graph. In this subsection, we
first present the bipartite graph representation, and then
describe the SIC algorithm in detail.

1) Bipartite Graph Representation:

A bipartite graph consists of variable nodes, factor
nodes, and edges connecting variable nodes and factor
nodes. We utilize active UEs and available pilots during
each sub-pilot phase to represent variable nodes and
factor nodes, respectively. Furthermore, if pilot S} is
selected by UE k during sub-pilot phase I, we use ¢! to
denote the corresponding factor node, and there exists
an edge connecting the variable node k with the factor
node #'. The CSI of UE k is marked on edges connected
to UE k. Note that, since we use the power control
mechanism to make pi 5 = 1, we only need to estimate
the small-scale fading channel. So, we only mark the
small-scale fading coefficients between the BS and active
UE. Furthermore, the degree of a node is referred to the
number of edges connected to this node.

Example: Fig. Bla) illustrates a bipartite graph based
on 5 active UEs, 2 sub-pilot phases, and 3 available
pilots. During each sub-pilot phase, active UEs (repre-
sented by circles) are variable nodes and all available
pilots (represented by squares) are factor nodes. Since
UE 1 and UE 2 select pilot S; during sub-pilot phase
1, UE 1 and UE 2 are connected to factor node 1! by a
black solid line. Since UE 3 selects pilot So during sub-
pilot phase 1, UE 3 is connected to factor node 2* by a
black solid line. Since UE 4 and UE 5 select pilot S3
during sub-pilot phase 1, UE 4 and UE 5 are connected
to factor node 3! by a black solid line. Since UE 1 and
UE 3 select pilot Sy during sub-pilot phase 2, UE 1
and UE 3 are connected to factor node 12 by a black
solid line. Since UE 2, UE 4, and UE 5 all select pilot
S3 during sub-pilot phase 2, UE 2, UE 4 and UE 5 are
connected to factor node 32 by a black solid line.

2) SIC Algorithm:

The BS employs SIC algorithm to estimate UE’s CSI
on the bipartite graph, and then utilizes the estimated
CSIs to decode the uplink message. In the following,



Fig. 3. An example of SIC process.

we briefly discuss the SIC algorithm, present the pseudo-
code of the SIC algorithm in Algorithm 1, and give an
example to show the SIC algorithm intuitively.

By performing the autocorrelation operation on CSI
corresponding to each pilot during each sub-pilot phase,
we have

H
> () g+ | X g+ 2t Zi
(R)H R, keal ke Al

M M
DAL M s o,

(10)
where (a) can be easily derived by utilizing the charac-
teristic of asymptotic favorable propagation of massive
MIMO channel. L

(10D shows that, with large M, (hf)Th"' approaches
the number of active UEs selecting pilot Sy during the
I sub-pilot phase. In other words, %
the degree of factor node t'.

During the first SIC iteration, the BS first finds factor

nodes with degree 1 by utilizing (I0). A factor node with

represents

degree 1 indicates that there is only one UE selecting the
corresponding sub-pilot and the corresponding CSI can
be recovered. Then, the BS finds other selected sub-pilots
of UEs whose CSIs are recovered. More specifically,
for each CSI corresponding to factor node with degree
larger than 1, after subtracting each recovered CSI, the
BS utilizes (I0) to compute the new degree of this factor
node. If the new degree is less than the previous degree,
this means that the sub-pilot corresponding to this factor
node is selected by active UE corresponding to this
recovered CSI. We subtract the recovered CSI from the
CSI corresponding to this factor node and update the new
degree as the previous degree of this factor node. This
is equivalent to delete the edges between this active UE
and its selected sub-pilots on the bipartite graph. Thus,
a new bipartite graph can be obtained, and SIC iteration
continues until there is no factor node with degree 1.

Since each active UE selects its sub-pilots randomly,
there exits the case of UE k having no pilot collision
during multiple sub-pilot phases. This results in the case
of the recovered multiple CSIs corresponding to the
same UE. Luckily, by utilizing the asymptotic favorable
propagation of massive MIMO channel, we can find
these CSIs from the recovered CSIs and select one of
them as the recovered CSI of this UE. For example,
if estimated ﬁl and ﬁz correspond to the same active
UE, by utilizing the asymptotic favorable propagation
of massive MIMO channel, (h1) " b
(h1)"hs

M

is close to 1 with

large M. Otherwise, is close to 0 with large
M. Finally, the recovered CSls via the SIC algorithm
are ﬁSIC = [iL%IC, L hé\lfgc] eR MXNgIC.

Algorithm 1 gives the detailed iteration process of SIC
algorithm, where hf, ; to represent the CSI corresponding
to factor node j* during the i*" iteration.

To better understand the SIC algorithm, an example
is given to illustrate the SIC algorithm. The details are
described as follows:

During the first iteration (Fig. Bla)), the BS finds
that the degree of factor node 2% is 1 based on (I0Q).
So the BS can directly recover the CSI of UE 3, and
incorporates this CSI (i.e., hi,2) into the set ﬁSIC. Then,
after subtracting hg; from CSIs corresponding to factor
node with degree larger than 1, the BS finds that the
new degree of factor node 12 is less than the previous
degree according to (I0), and thus realizes that the other
index of sub-pilot selected by this UE is 1 in the second
sub-pilot phase. Subtracting the recovered CSI from the
CSI corresponding to factor node 12 (i.e, deleting the
lines connected to variable node UE 3), a new bipartite
graph can be obtained. Same as above operation, the BS
can recover the CSI of UE 1 during the second iteration
(.e., h%,l Figl3b)) and the CSI of UE 2 during the
third iteration (i.e., hzl,,,1 Fig[3(c)). In the end, since there



Algorithm 1: The SIC Algorithm

Algorithm 2: CICA decoding algorithm

Input : hl,(t=1,2,...,7;1=1,2,...,L)
Output' FISIC: a set of recovered CSIs

1 kY, =hl, flag=1,Hsyc=¢,i=1;

2 while (flag # 0) do

3 flag = 0;
4 for all
hl,le{l,2,....L},t€{1,2,...,7,} do
5 Compute the degree of the corresponding
factor node by utilizing (10);
6 if the degree is 1 then
7 Set flag = 1;
8 Hgc = Hgic U hé,t;
9 for all b}, ,me{l,2,...,L},n€
{1,2,...,7,} do
. (h” )Thi,
10 if ~—="—= is less than the
prevzous degree then
1 update the channel response:
h?—l—l,m = h?, hi t’
12 end
13 else
14 update the channel response:
h?—kl,m = h:L,m’
15 end
16 end
17 end
18 end
19 1=1+1;
20 end

21 Return: After deleting the recovered CSIs
corresponding to the same UEs in set
Hgc and selecting one of them as the
recovered CSI, we have
Hyic = [hSIC’ ) hé\llélc]

is no factor node with degree 1 (Fig[3(d)), SIC ends.
Finally, by utilizing the asymptotic favorable propagation
of massive MIMO channel, we find that the recovered
CSIs (.e., h1 2 h% 1 and h3 1) belong to different
UEs. Hence, we have hlc = hi,, h%. = h%,, and
h§ic = h3,1-

B. CICA algorithm

We can see from Fig. [3] that, for these 5 active UEs,
we can only recover CSIs of UE 1, UE 2, and UE 3
by utilizing the SIC algorithm, and UE 4 and UE 5 fail
to access the network. We propose a CICA algorithm to
further obtain the CSIs and decoded uplink messages of
UE 4 and UE 5. We briefly describe the CICA algorithm
in Algorithm 2. In the following, we use the term “the
remaining active UEs” to represent active UEs whose

Input : Y, = [Yn(1), Yu(2), -, Yu(M)]7,
N,
Output: Ocica: a set of decoded uplink message,
ﬁCICA: a set of estimated CSIs;
1 7= Np,dcica = ¢, Herea = ¢;
2 while (r # 0) do
3 fi < Select N, row vectors from Y
randomly to obtain YIE A» and then feed it to
the " ICA classifier to obtain separated
source signal f; = [f}, f2, ..., fiN”];
r=r-—1;
end
or allic{1,2,..,N;},t€{1,2,....N,} do
ff + Use the first decoding symbol in f} to
solve the ICA phase ambiguity problem via
@ )
8 | DEC(f})«+ After the first symbol in f} is
deleted, ff is fed into the decoder to obtain
the decoded signal DEC( ff),

9 j < Judge which class DEC(ff) belongs to
by using the proposed clustering algorithm
(assume it belongs to class j) ;

10 Cj + Incorporate this signal to the decoded
signal set of the corresponding class ;

11 (ij <+ Add the remodulated signal via (13);

12 end

B I NY | B N
=

13f01‘j€{1 N}do
4| Bles = 31gn(d ). Beica = Beica U Dy’
J Y, i (Bc)"
15 h ——mYiea)
cica = (vjl D (vClCA)
16 | Heica = Heica U by
17 end
Return: ¥ = [B&1cas D2icas * * > DONEA]L
« UCICA — |YcIcAay YcIcas © ° *» Ycical»
3 _ [l 7 N,
Heica = [hgicas -+ 5 heical-

CSIs cannot be recovered by the SIC algorithm for
simplify representation. The proposed CICA algorithm
first (D utilizes multiple ICA classifiers to separate the
source signals and obtain the decoded signals, and then
@ employs a proposed clustering algorithm to obtain
estimated CSIs and decoded uplink messages of the re-
maining active UEs. The details are described as follows.

D ICA classifiers

The BS first obtains the sum of received superimposed
uplink message of the remaining active UEs, denoted by



Y' c R]WXNm
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Y,=Yn— 21 hic (Dgic)
iz

N, ,

=3 gi(vi))T+ Z,
=1

— GV, + 7.,

(1)

where NN; denotes the number of the remaining active
UEs. Recall that we can obtain the estimated value of
N; (ie., N;) by utilizing (@).

Then, by utilizing the ICA method in [19], the BS
utilizes Ny ICA classifiers to separate the source signals
V; in Yn'l. More specifically, the BS randomly selects N,

’

different row vectors from Y, = [Y. (1),--- , Y, (M)]”
as the input signal of the i*" ICA classifier, and the
it" ICA classifier outputs the separated source signal,
denoted by f; = [f},--- ,fiN‘], 1 = 1,...,N.. We
further use the first symbol in each separated source
signal to solve the phase ambiguity problem introduced

by the ICA classifier as follows

Fr=fle) < i (e {1,2,.., N}t € {1,2,... N:}).
k)

Finally, after deleting the first symbol in ff, ff is
fed into the channel decoder to obtain the decoded
signal DEC(ff). Thus, we can obtain the decoded
signal from the ith ICA classifier, i.e:,., DEC(f;) =
[DEC(fil)v e ,DEC(ff), e 7DEC(fiIV“)]'

@ Clustering algorithm

The order of the ICA classifier output is undetermined,
and thus we cannot sure which UE each decoded signal
from the i*"* ICA classifier belongs to. To solve this
problem, we propose a clustering algorithm to cluster
the decoded signals of the same UE from these Ny ICA
classifiers, and further obtain the estimated CSIs and
decoded uplink messages of the remaining active UEs.

We regard each remaining active UE as a class, and
the decoded signals of one UE belong to the same class.
Therefore, there are Nr classes, indexed by 1,2, ..., N..
Actually, since each ICA classifier outputs decoded
signals of N; UEs, we can utilize decoded signals from
any ICA classifiers as the first sample in each class. Here,
we assume that N, decoded signals from the first ICA
classifier (i.e., DEC(f1)) are the first sample in each
class accordingly.

The BS first judges which class each decoded signal
from the i*" (i = 2,..., Ny) ICA classifier belongs to.
More specifically, considering that the fewer the number
of different bits between two decoded signals, the more
likely these two decoded signals come from the same
UE. The BS compares the number of different bits be-
tween the decoded signal DEC(f?), (t =1,2,...,N;)
and each element in DEC(f1), and judges DEC(f})
belonging to the class which has the minimum number

of different bits with DEC(ff). We use C; to denote a
set of decoded signals in the 5 class.

Then, for the jth class, the BS remodulates each
element in set C; by utilizing the BPSK modulator and
performs the sum operation as follows

|G
dj =) 2xC;(i) -1, (13)
where 2 x C}(i) — 1 refers to the remodulated signal.
Finally, the decoded uplink message of the remaining
active UE can be obtained by

Olica = sign(dy), j=1,..., N, (14)

and the estimated CSIs of the remaining active UEs can
be obtained by
pi_ Y (@éICA)*
CICA — (@ 7

Pac 5
Oeiea) ™ (0¢ica)

L i=1,... (15)

IV. PERFORMANCE ANALYSIS

In this section, we analyze the performance of the
proposed GCICA-RA scheme, including the successful
access probability, missed detection probability, and the
uplink throughput.

A. Successful access probability analysis

Based on the procedure of the proposed GCICA-RA
scheme, if the CSI of one UE can be obtained, this UE
is a detected UE and its uplink message can also be
decoded. This means that this UE can access the network
successfully. The GCICA-RA scheme first utilizes the
SIC algorithm to obtain the CSIs of active UEs, and
then employs the proposed CICA algorithm to obtain
the CSIs of active UEs whose CSI cannot be recovered
by the SIC algorithm. Let Sgcicara, Ssic and Scica
denote the number of successful UEs obtained by the
proposed GCICA-RA scheme, the SIC algorithm and
the CICA algorithm, respectively. Then, the successful
access probability of the proposed GCICA-RA scheme
is given by

Sceicara  Ssic + Scica

No N, '
Next, we discuss how to compute terms Ssic and Scica
in (16).

1) Ssic computation :

To compute Ssic, we follow the two assumptions
below [14]:

Assumption I: If an active UE has no pilot collision
with other active UEs, its CSI can be recovered success-
fully.

Assumption 2: When an active UE selects the same
pilot with other / active UEs, if CSIs of these [ UEs can
be recovered, its CSI can be recovered successfully.

P, =

(16)



Let P denote the probability that UE’s CSI cannot
be recovered by the SIC algorithm. Then, we have

Ssic = N (1 — Prail) - (17

The and-or tree principle is used to study random pro-
cess, and we employ this principle to compute Pg. In
the following, we first derive the degree distributions of
the proposed GCICA-RA scheme, and then discuss how
to utilize the and-or tree principle to compute P, based
on the derived degree distributions.

@ Degree distributions of the proposed GCICA-
RA scheme derivation

Let A; and ¥, denote the probability that the degree of
a variable node is [ and the probability that the degree of
a factor node is [, respectively. Then, the corresponding
polynomial representations are given by

A(z) & Zl Azt W(z) 2 Zz Uzl

The proposed GCICA-RA scheme allows each active
UE to select its sub-pilot during each sub-pilot phase,
and there are L sub-pilot phases. Therefore, the degree
of each variable node is L, i.e.,

(18)

=1,

19
otherwise. (19)

In addition, since each active UE randomly selects its
sub-pilot during each sub-pilot phase, the event that [
active UEs select the same sub-pilot follows a Bernoulli
distribution with parameters N, and 1 /Tp. Thus, the
probability of a factor node with degree [ (i.e., ¥;) is

l (Na—1)
()6
l Tp Tp

Let A; denote the probability of an edge connecting
to a variable node with degree [, and p; denote the
probability of an edge connecting to a factor node
with degree [. Then, we transfer the node-perspective
presentations in (19) and (20) into the edge perspective
presentations, respectively

Al vyl
o= — = 21
l ZlAll, Pl Zlq}ll’ ( )
and the polynomial representations are
Ma) £ e pl@) £ pa T (22)

@ Prain computation

Considering a factor node with degree [ (i.e., there
are [ UEs selecting the corresponding pilot), an edge
connecting to this factor node can be recovered when the
other [—1 edges connecting to this factor node have been
recovered, as shown in Fig. (a). Similarly, as shown in
Fig. 4(b), considering a variable node with degree [ (i.e.,
UE corresponding to this variable node sends [ sub-pilots

AND = all edge recovered
OR = any edge recovered

12 1-1 1 2 -1

0 TR
(c) tree representation

(a) factor node (b) variable node

Fig. 4. Probability updates

to the BS), an edge connecting to a variable node with
degree [ can be recovered when at least one of the other
I — 1 edges have been recovered. Let n(m) denote the
probability that an edge connecting to a factor (variable)
node with degree | cannot be recovered. Then, we have

n=1-(1-m)", 23)

and

mznl_l.

(24)

By averaging m and n over the edge distributions,
the evolution of the average erasure probability during
the i*" (1 < i < I) iteration where I is the maximum
number of iterations, can be written as

n; = Zl Pl (1 — (1 — mifl)lil)
= 1- 14 (1 - mi_l) y (25)
mi = S, anlTt = (n).

The update process of m; and n; is shown in Fig. d(c).
Specifically, given initial values mq and ng, m; and n;
can be derived by (23).

It can be seen from Fig. d(b) that, a variable node with
degree ! is unknown when all of these [ edges cannot
be recovered in the I iteration. So, the probability of
the variable node being unknown is (n)!. By averaging
(n 1)l over the degree distributions of variable nodes, P;
can be calculated by [23]

Priy = Zl Ai(np)' = A(ng). (26)
Substituting 26) into (1I7), we have
Ssic = No (1 — Prit) = No(1 — A(ng)). 27

2) Scica computation :
The number of successful UEs obtained by the CICA
algorithm can be written as

SCICA = (Na - SSIC)PgICAv

where P, denotes the probability that the CSI of one
UE can be obtained successfully.

(28)



Based on the procedure of the CICA algorithm de-
scribed in Subsection [II-B], we can see that, the CICA
algorithm first obtains the decoded uplink message via
(14), and then obtains UE’s CSI via (13). Thus, if the
uplink message of one UE can be decoded successfully,
the CSI of this UE can be recovered successfully. Then,
P&ca can be computed by

Feiea = (1 - Pe)Nm : 29
where P, is the bit error rate (BER) of the proposed
CICA algorithm, which is larger than that using maxi-
mum likelihood (ML) decoding method [24], and can be
written as

]
e ¥ dx

Pe Z _/
ﬁ V1B M (91,m)?

@ 1 o0y M/2=1o—y/2
/ / oM /2F )

where step (a) follows from the fact that an\le (g1.m)°

is a central chi-squared distribution with degree of free-

dom M and that p18; = 1, and T'(2) is the gamma
function with parameter z which is given by

F(z):/ t*~le~tdt.
0

Substituting (30) into @29), we can derive the upper
bound for P,

e dady,  (30)

€19

N
1 o yM/2 e/
_ ﬁfo f\@ 2]‘,{7/2“%) e~ dxdy ’

FPéica < P([:JICA = (1
(32)

and thus derive the upper bound for Scica

U
Scica < Scica

= Péca(Na — Ssic)

yM/2=1=y/2
- ( I
X (Nq — Ssic)-

Substituting (33, into (I6), we can get the
upper bound for the successful access probability of the

proposed GCICA-RA scheme

N
e dzdy)

(33)

N,
} yM/2=1¢=v/2 oot "
(NaA(nr1)) (1 - \/—fo IWW dwdy)

Na
N,(1—A(ny))

S — (34)

P, < PY=

10

B. Missed detection probability analysis

The missed detection probability refers to the ratio of
the number of undetected active UEs to the total number
of active UEs, which can be calculated as

No — Sccicara
N,
Substituting into (33), we can get the lower bound
for the missed detection probability
Pmd Z
= 1-pY
= 1— [M + (NoA(ng))x

yM/2-1g-y/2 N
\/—fo f\f 2M/21“(1VI) e dl‘dy
]

Pna = =1-F. (35)

Na
(36)
C. Uplink throughput analysis
We define the uplink throughput as follows
_ SSchemeNameNPDR o NoPsNep R
NPD + OSChemeName NPD + OSchemeName ’
(37)

where SschemeName denotes the number of successful UEs
where subscript “SchemeName” stands for the name
of the scheme, OschemeNname denotes the overhead of
the random access scheme, and Npp + OschemeName 1S
the frame length. Fig. [l indicates that the amount of
total overhead of the proposed GCICA-RA scheme is
Ogeicara = Tp X L + 1.

Substituting into (37), we can derive the upper
bound for the uplink throughput of the proposed GCICA-
RA scheme

v_  NePUNeoR
NPD “+ Tp x L —+ 1

v < (38)

V. NUMERICAL RESULTS

In this section, we first present the performance of
the proposed GCICA-RA scheme, including the suc-
cessful access probability, missed detection probability,
and MSE performance of the CSI estimation method.
Then, we make a comparison between the proposed
GCICA-RA scheme, multiple-preamble grant-free RA
scheme proposed in [20] and the traditional random
access scheme in terms of the uplink throughput. For
the traditional random access scheme, active UEs sends
their randomly selected pilots along with their uplink
messages to the BS, and the BS can only decode the
uplink message of UE free from pilot collision.

In the simulation, we consider the urban micro sce-
nario, where the path loss exponent is 3.8 [25]. The
radius of the cell is 200 meters and all UEs are uniformly
distributed among the location farther than 25 meters



from the BS. Simulation parameters are shown in Table
[ In addition, we utilize a LDPC code with 1/2 rate
to code the payload data, and then employ the BPSK
scheme to module the coded payload data. In the simu-
lation, since the length of payload data is a few hundred
bytes in M2M communications [26], the payload data
size is set to 128 bytes to meet the communication
requirements of M2M communications, and further to
verify the proposed GCICA-RA scheme.

TABLE II
SIMULATION PARAMETERS
Parameter Value
R (Code rate) 12
Nep (Symbol length of the coded 2048

payload data)

M (The number of antennas) 400

SNR, (Median signal to noise ratio (SNR) 5. 10, 15, 20 dB

of the UEs at the corner of cell)
7p (The number of pilots during each sub-pilot phase) 6,9,10

L (The number of sub-pilot phases) 23

N1 (The number of ICA classifiers) 5~30

N, (The number of acll\‘/e UEs during 10 ~ 40
one random access procedure)

1.1

— 4+ —SNR =20 dB
a —

07F —-©-—SNRe=15dB| |

— % —SNR =10dB

~-%-— SNR =5 dB

0.6 1
Upper bound
051 1
0.4 . . . .
5 10 15 20 25 30

Fig. 5.  Successful access probability versus the number of ICA
classifiers IVy.

Fig. 5] shows how the successful access probability Py
changes with the number of ICA classifiers /N;, where
SNR, = 5,10,15,20 dB, M = 400, L = 2, N, = 20
and 7, = 10. The upper bound for the successful
access probability can be obtained according to (34).
We can see from Fig. [3 that, with the increase of Ny,
the successful access probability increases dramatically
first and then increases at a slower pace for different
SNR.. The reason is that, the more the number of ICA
classifiers, the more signals of one UE we can obtain,
which further improves the decoding performance. We
can also observe that, with the increase of SNR., the
successful access probability increases, and is close to
the upper bound.
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0.4 . . . :
——SNR =20dB

0.35 —-©-—SNR =15dB | 1
—%— SNR =10 dB
0.3 F ——SNR =5 dB | 4

Lower bound

0,05 L L L L

Fig. 6. Missed detection probability versus the number of ICA
classifiers Vy.
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Fig. 7. MSE performance versus the number of ICA classifiers INy.

Fig. 16| shows how the missed detection probability
changes with the number of ICA classifiers /N;, where
SNR,. = 5,10,15,20 dB, M = 400, L = 2, N, = 20
and 7, = 10. The lower bound for the missed detection
probability can be obtained according to (36). Fig.
illustrates that, with the increase of NNy, the missed
detection probability decreases dramatically first and
then decreases at a slower pace for different SNR.. We
can also note that, with the increase of SNR., the missed
detection probability takes small values and decreases,
and is close to the lower bound.

Fig. [ illustrates MSE performance of the proposed
GCICA-RA, where SNR, = 5,10, 15,20 dB, M = 400,
L =2, N, = 20 and 7, = 10. We can see from
Fig. [7 that, with the increase of Nj, MSE decreases
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Fig. 8. Uplink throughput comparison between GCICA-RA and
multiple-preamble grant-free RA scheme.

dramatically first and then decreases at a slower pace
for different SNR.. We can also note that MSE takes
small values and decreases with the increase of SNR..

Fig. Bl compares the uplink throughput between the
proposed GCICA-RA, multiple-preamble grant-free RA
schemes in [20], and the traditional random access
scheme with different L. We set M = 400, SNR, = 10
dB and Ny = 30. To see how the uplink throughput
changes with the number of sub-pilot phases, we fix
the length of the super pilot to 18, i.e.,, L x 7, = 18,
and set L to 2 and 3. To compare fairly, we ensure
all random access scheme have the same pilot length
and the same symbol length of the modulated uplink
message. The upper bound for the uplink throughput
of the proposed GCICA-RA is obtained via (38). Note
that, since upper bounds for the uplink throughput of
the proposed GCICA-RA are same for cases of L = 2
and L. = 3 based on (B8), we not distinguish these
two upper bounds in this figure. It is observed that,
the uplink throughput of L = 3 is slightly higher than
that of L = 2 for the proposed GCICA-RA scheme.
The reason is that the number of iterations of the SIC
for L = 2 is larger than that for L = 3 on average,
which results in the higher CSI estimation error [14] and
further increase the equivalent noise introduced by the
SIC algorithm. We also see that, the uplink throughput
of the proposed GCICA-RA scheme is close to the
upper bound, and significantly higher than those of
baselines. With the increase of the number of active
UEs, the gap between the uplink throughput of the
proposed GCICA-RA scheme and those of baselines
increases. This means that our proposed GCICA-RA is
more suitable to crowded scenarios.
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VI. CONCLUSION

An GCICA-RA grant-free scheme was proposed to
support massive connectivity for M2M communications
in massive MIMO systems. The GCICA-RA scheme
allows each active UE to transmit their super pilots and
modulated uplink messages to the BS. Based on the
received pilot signal and modulated uplink message, the
BS utilizes a proposed GCICA algorithm to estimate the
CSI and decode the uplink message of each active UE
jointly, and then employs the estimated CSIs to detect
active UEs. Simulation results demonstrated that, our
proposed GCICA-RA scheme achieves performance gain
even in the very crowded scenarios.
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