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Abstract

This paper considers an asynchronous grant-free non-orthogonal multiple access (NOMA) systems which can be applied in
massive machine-type communications (mMTCs) and underwater IoT acoustic communication scenarios due to its high
spectral efficiency and low power consumption characteristics. In particular, the system’s asynchronous reception of user
signals can effectively reduce the additional overhead caused by synchronous reception. We investigate the joint activity
and channel estimation in the asynchronous case, where an asynchronous frame structure is considered, and a pilot
sequence designed by chaotic sequence is used to reduce the pilot storage space. The joint estimations are formulated as
single measurement vector (SMV) and multiple measurement vector (MMYV) problems for single-antenna and multiple-
antenna systems. Different from the existing estimation algorithms, where prior information is considered for estimation,
an adaptive alternating direction method of multiplier (ADMM)is proposed for the SMV problem and a two-stage ADMM
is proposed for the MMV problem. In particular, an index set is first estimated in each iteration of our proposed adaptive
ADMM, and a linear ADMM is performed based on the index set. The first stage of our proposed two-stage ADMM is to
estimate the delay and the activity, and then the channel state information is estimated. Further, we analyze the complexity
of the two algorithms and their sensitivity to the initial values of chaotic sequences. Finally, simulation results reflecting the
detection performance of the algorithms are given. Based on the simulation results, the proposed two algorithms are
computationally efficient, providing superior signal recovery accuracy and user activity detection performance. More
importantly, the signal delay has a relatively small impact on the proposed algorithm.

Keywords Adaptive alternating direction method of multiplier (ADMM) - Asynchronous grant-free NOMA -
Chaos sequence - Underwater IoT

1 Introduction response delay and connection in massive machine-type

communications (mMTCs) [1, 2]. As the research focus of
With the dramatic growth of IoT devices and wireless = B5G wireless communication technology, there are always
network data, future communication technology has higher  particular technical challenges to realize low-latency reli-

requirements for spectrum efficiency, energy consumption,  able communication in mMTC with limited bandwidth
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resources. Especially, underwater communication based on
acoustic propagation has stricter requirements for energy
efficiency [3, 4]. Generally, to prolong the life of the
device, only a few of the devices or users in mMTC are
active simultaneously. In this sporadic communication
mode, the base station (BS) will find active users according
to the data received at different moments. Therefore,
detecting active user devices and accurately decoding their
data with low latency and low power consumption will be
challenging in various communication scenarios, especially
for underwater acoustic network communication.

Grant-free access [5, 6] and NOMA [7, 8] are promising
solutions to the problems of low-latency communication
and massive connection, respectively. As there is no
requirement for any verification or authorization, the delay
of the signal can be reduced in communication. In NOMA,
different users can reuse channel resources to provide more
user connections and achieve higher spectrum efficiency.
Therefore, NOMA technology is desirable attractive for
underwater communication where resources are minimal
[9-11]. In [9], NOMA communication is used for multi-
user underwater communication, while the MMW-NOMA
technique based on a node-pairing algorithm is applied to
an underwater acoustic network [10]. Furthermore, [11] is
based on NOMA with relay assistance to optimize the
power of the devices and maximize the secrecy perfor-
mance of the underwater communication network.

In [12], the sparsity of the underwater acoustic channel
is described. Therefore, the channel estimation and signal
detection process in underwater communication can be
viewed as a sparse signal recovery problem and solved
using a signal estimation algorithm. In the massive IoT, the
research on channel estimation, user and data detection has
attracted much attention [13-21]. For example, in [13], a
two-stage scheme is given, in which the pilot is first sent to
detection, and then the data is estimated. In [16], a method
based on the EP algorithm is proposed, which is used for
the estimation of the signal. AMP algorithm is widely used
in signal estimation, and various improved AMP algo-
rithms abound. Initially, the AMP algorithm was used in
SMV systems [17]. Then, the improved AMP was applied
to MMV systems [18]. In [19] and [20], the author com-
bined the Vector-AMP algorithm [21] with the MMSE
denoiser to propose an MMV-AMP method. Besides, [22]
adopted a parallel AMP method with improved computa-
tional efficiency. However, the above research is based on
the premise that different users are fully synchronized. This
synchronization scheme does not make sense in practice,
since the timing of the signals sent by various users to the
base station can vary over time. Therefore, research based
on asynchronous scenarios is essential.

Recently, many works have discussed the asynchronous
grant-free access system [23-30]. In the asynchronous
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NOMA scenario in [23], the signal frame is divided into
segments, and each segment is processed separately by the
AMP algorithm to reduce the complexity. In [26], aiming
at the pilot pollution caused by asynchrony, an LMMSE
estimator for asynchrony estimation is designed. For the
problem of inter-symbol interference caused by asyn-
chronous transmission, [27] designs a pilot with a two-part
structure based on the grant-free NOMA system to deal
with it; Whereas in [28], a Bayesian receiver composed of
two modules is designed for processing, including signal
decomposition and time delay estimation. The research
[29] considered a blind MIMO detection problem and
proposed a Turbo-BiG-AMP algorithm to solve it. In
addition, a learnable AMP network is proposed in [30],
where parameter learning of the network is performed by
model driving.

It should be noted that in the signal processing algorithm
mentioned above, most of the pilots used are randomly
generated Gaussian matrices, which requires additional
storage space for pilots. A chaotic system [31] is a non-
linear system that is uniquely determined by the initial seed
and susceptible to the initial value. Therefore, taking the
sequence generated by a chaotic map as the pilot matrix
only needs to store and transmit the initial seed, saving the
space overhead for storing the pilot.

In this paper, based on the scenario of asynchronous
grant-free NOMA, we conduct the activity and channel
joint estimation in SMV and MMV problems, respectively.
We will propose a new estimation scheme based on
ADMM, which will be applied to SMV and MMV prob-
lems, respectively. Different from the joint estimation
algorithms in [32] and [33], it deals with asynchronous
issues here. The asynchronous delay is reflected in the pilot
design. Here, the Chebyshev chaotic sequence generates
the pilot, and gaps of different lengths are added to the pilot
to simulate the signal delay. Then, in the SVM scenario, we
solve it using a low-complexity linear ADMM algorithm,
as discussed in previous work [34]. In addition, with the
need for greater accuracy, an adaptive ADMM algorithm
framework is proposed based on the index set update. This
idea of index set update was first put forward in [35], and
later it was applied to many different scenes [36, 37]. A
two-stage ADMM approach is proposed for its sparse
hierarchical structure to solve the MMV problem. A sum-
mary of our contribution is as follows:

e To reduce the storage space of pilot sequences, a
chaotic sequence is used to generate a pilot matrix. An
adaptive ADMM is proposed for the SMV problem. In
particular, an outer loop of index set updating is added
outside the adaptive ADMM. The outer circle of the
algorithm is used to update the index set, and the inner
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loop is used to estimate the signal under the corre-
sponding index set.

e A sparse hierarchical structure of a joint /;-norm and
[, 1-norm regular equation acting on the MMV problem.
A two-stage ADMM is proposed to solve this equation.
In the first stage, whether each user is active or not and
their signal delay is estimated based on block sparsity.
In the second stage, the channel information of each
user is accurately estimated.

e Finally, for the proposed method, the main reasons that
affect the complexity are analyzed, and the influence of
signal delay and SNRs is revealed. Based on the
simulation results, the proposed two algorithms are
computationally efficient while providing superior
signal recovery accuracy and activity detection perfor-
mance. Moreover, the proposed algorithm has strong
stability for the delay.

2 System model

Consider an asynchronous frame grant-free uplink NOMA
system for the underwater IoT, where the base station (BS)
serves N potential active single-antenna users. In order to
save energy consumption and extend the life of underwater
IoT devices, the potential user is activated sporadically
with a small probability and transmits its data to the BS.
Therefore, when the signal arrives at the BS, the BS will
process it asynchronously for different users. It is assumed
that the signals of active users are synchronous at the
symbol duration level with some unknown symbol delays.
The frame structure of the asynchronous grant-free NOMA
system is shown in Fig. 1. In particular, the maximal
symbol delay D is not large than the guard time T, i.e.,
D < T,. In this paper, we will set T, = D, and the duration
of pilot observation is L + D, where the pilot sent by the
user is a sequence of length L.

Unlike the pilot sequences generated by random
sequences, which require considerable storage space, we
consider a pilot sequence introduced by Chebyshev chaotic
map [31], in which only the initial seeds and main
parameters must be stored. Thus the pilot storage space is
significantly reduced. Especially, the Ith (I =1,2...,L)

symbol of the pilot sequence for user n (n = 1,2,...,N) is
defined as
an; = cos(t - arccos(a,—1)), (1)

where a,0 € [—1, 1] is the initial seed for user n. Then the

unique normalized L(L < N)-length sequence a, =
(a,l,l A2, - - .a,,,L)TE R for the nth user is obtained by

normalizing L outputs of the Chebyshev map defined in (1)

with seed a,, o. It is essential to point out that each user only
needs to protect its own initial seed from enhancing the
security of the pilot sequence. Besides, the real sequence
defined in (1) can be easily extended to the complex
sequence by producing the imaginary part with another
seed.

For a complete synchronization case, i.e., D =0, the
single measurement vector (SMV) signal is received by the
BS with a single-antenna as indicated below

y = [317327 .. '7aN}(w1hlaw2h27 D) thN)T+W
— AQh + W 2)
2 A€+ W,

where A = [a},a,,...,ay] € REV is the pilot matrix, Q =
diag(w) with @ = (wy, @y, ..., wy) is an indicator matrix
for all users to be active or not. In particular, w, =1
denotes the active state of user n, and w, = 0 means the
inactive state. Besides, h = (hl,hz,...,hN)T denotes the
channel coefficient vector associated with all users.
w~N(0,021;) is an additive white Gaussian noise
(AWGN) vector.

For the asynchronous case, i.e., D>1, the pilot
sequence a, of user n can be expanded to an L x (t, + 1)
matrix A, = [a,1,au, ..., a,(,+1)] representing all possible
measurements within delay #,(f, <D), where a, =

(dnjvl,..., d,lj,,,l+1,...,dnj7£)re RE*! s the jth possible

measurement of pilot sequence, and
L=L+t,j=1,2...,t,+ 1. In particular, a, is obtained

by inserting ¢, zeros before a, and D — 1, zeros after a,,

T
ie., a, = (OT al OLT)_,n) . Moreover, Q, = diag(w,) €

) “no

R(D+1)X(D+l) with @, = (wn17wn27 EER) wn(D+1))T denotes

the equivalent activity, where only one element of w, is
one, and other elements are zeros. Then the SMV can be
formulated as

y= AQh + w
.- (3)
= Ae+w,

in which matrix A = [A}, A, ..., Ay] € CEVOHD collects

the pilot of all users, Q = diag(Q;,Q,,
CN(D+1)><N(D+1)

Q) €
“h= (i)™, (Ap i)™ €
CNP+D and w € C**! is the AWGN vector.

Furthermore, the multiple measurement vectors
(MMYV5) problem for the BS with M antennas is
Y=AOQH + W2AE + W, (4)

where H = [h,hy, ... hy] € CYPHM  denotes  the
channel matrix, and E = OH ¢ CVNPHDM i the effective

channel matrix, and W € C”™ is an AWGN matrix.

@ Springer



Wireless Networks

Fig. 1 The frame structure of
asynchronous grant-free NOMA
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Note that the SMV and MMV problems formulated in
(3) and (4) are both sparse recovery problems due to the
sporadic activity of users. Different from the existing
works, where some prior information or Gaussian mea-
surement matrix is required, the aim of this paper is to
chaotic sparse measurement problems without any prior
information.

3 Proposed adaptive ADMM algorithm
for SMV problem

We propose an adaptive ADMM algorithm for the activity
and channel joint estimation of asynchronous grant-free
uplink NOMA in this section. In particular, the joint esti-
mation is first formulated as an SMV problem, which is a
sparse recovery problem. Unlike the ADMM algorithm,
where all of the elements of the sparse vector are estimated
in each iteration. The proposed adaptive ADMM algorithm
selects part of elements with small amplitudes to perform
low-complexity ADMM estimation in each iteration of the
outer loop. To this end, a sparse recovery framework based
on the index set update is introduced for the outer loop and
a linear ADMM is derived for the inner loop.

The joint estimation for the SMV in (3) is formulated as

llello (5a)

(5b)

min
eECN(D+1)

s.t. [ly — zie||§ <k,

where parameter € > 0 is determined by Gaussian noise. It
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is challenging to handle the problem (5) which is an NP-
hard problem. Consequently, problem (5) is further related
as

min lell, (6a)
st [ly — Ae|); <e. (6b)

Note that all of the elements in sparse vector e can be
estimated by solving the optimization problem (6). How-
ever, the estimation accuracy is difficult to guarantee
because most elements are zeros. Especially, the perfor-
mance of activity detection will degrade significantly
without perfect prior information or an appropriate
threshold. To this end, the kth estimation of e based on the
problem (6)

") = argmin [[e|| ., 7a)
ecCND+1) '
st. ||y — Ae|); <e, 7

where the set Y® is obtained by
Y® = {i: |e§k_1)| Sw(k’”}

with threshold @®) = ||e®)|| _/p!, B! > 1 is parameter,
and |le[lyw; = > i cyw \egk)\. Different from (6), problem
(7) is solved according to the set YO 1t is important to
point out that the set Y® is the index set of elements with a
smaller amplitude in e®). The aim of the problem (7) is to
find the solution under constraint (7b) such that the sum of



Wireless Networks

the amplitudes of elements over set Y® is minimal. The
proposed sparse recovery framework based on iterative
index update is summarized (Fig. 2):

e Step 1: The set Y® s updated in (8).

e Step 2: The sparse signal vector e®) is obtained by
solving problem (7).

e Step 3: The threshold @® in set Y® is updated.

To solve the problem (7) effectively, a linear ADMM

algorithm is proposed. The corresponding unconstrained
optimization problem for the problem (7) is formulated as

1 N
min |y — Ael3 + 7llellye . ©)

eECN(D“

where the regularization parameter y>0. Adding the
variable z simplifies the solution of (9) as

S T
min 5 lly = Aelz + vz, (10a)
s.t. e =12, (10b)

Consequently, we can obtain the augmented Lagrange
function of (10)

e—z+u\|§,

(11)

where the constant parameter p > 0, and the variable u is
the multiplier of (11), also called a dual variable. Subse-
quently, we can then decompose (11) into several sub-
problems to be solved, with the rth iteration proceeding as

1 Lol p
L(e,z,u) =7 |ly — Aell + yllzllyw , + 7]

1 N
el = argmin ~ Hy—Ae||§ +£ e — 2" + “(l)”%’ (12a)
N(D+1) 2 2
ecCM
. P
2"V = argmin y|zl| v ,+ 2 Iz — e+ —u|5, (12b)
2eCNP+D ’
ul) = g 4 el g4, (12¢)

Firstly, the (12a) is convex and differentiable to the
variable e. Take the derivative of (12a), and we can get

(Ae —y)"A + p(e — 2 +u")" =0, (13)
After a simple calculation we obtain
e = (pIy + A"A)! (AHy + p(z" — u<f))). (14)

In (14), we can see that its primary computational con-
sumption lies in the multiplication and inversion of the
matrix. As we know, an increase in users and the asyn-
chronous signal delay will bring an increase in the size of
matrix 1& which in turn leads to a dramatic increase in
complexity. Considering the efficiency of solving the
algorithm and avoiding the inverse operation of the matrix,
we can treat (12a) as

O
e = argmin 3 |Ae — |3, (15)
ecCNO+D)
where the matrix A = (Af, \/EIN)H and

¥ = (", /o2 —u®)".
Let f(e) = 1||Ae — y||; denote the objective function of
(15), then perform a Taylor expansion at e("),

f(e) =£(e?) +Re[Vf(e)(e — )]

+ % (e — e % (e®) (e — &)

0
~ f(e)+Re[ V() (e — )]+ e — e},
(16)
where the parameter 1) > 0 is used for the approximation
of the second-order derivative V2f(el)), and u® is

dynamically adjusted with the result of each iteration,
defined as

o _ IIAEY —2)[5

. 17
I(e®) — 203 )

u

We submit (16) into (15) and can obtain

Received signal

Processing framework based on index set update

Detection of zero
index sets Y@

y
Pilot matrix

A
Y® = {i:]e®] < @®}

Linear ADMM solution

minllellyw, 5.t [ly - Ael[]

Initialization
e@® =9

e(k+1)

Determine exit or not
ek+1) IYES | Detection result
flet+D — e®)|. e(k+1)
—_—2t<
e, "
NO

Fig. 2 Proposed adaptive ADMM framework
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(1) 1
e 1) = argmin ' <2Re [7 Vr(e®)(e — e(’))} + e — e ||§>
ecCND+) ﬂ(t)

(1) 1
= in & (®) Vi(e®)|?
= argmin € € € .
eggN(DH) 2 H H(t) f( )HZ

(18)
Accordingly, the rth update of (12a)is

el — o _
ul
| (19)
=el) — —Af(Ae") —§).
'u(’)
For sub-problem (12b), the elements of solution over index
set YW is obtained by

(t+1) . p (r+1) (n 2
Zyw = argmin Pllzllywy +5 lzyw — e —wpp
z
. IS
= shrink; (eg(t)l) + u(r'(f) ),;> ,
(20)

The threshold function shrink; is consistent with the defi-
nition in [38]. The elements of the solution z*1) over the
complement of the index set Y® i

+1 +1 t
ZEW)))C = eéwc)))c + “E;w)@ (21)
The solution z(tY) of sub-problem (12b) is then obtained
based on (20) and (21).

Therefore, the updates of (17), (19), (20), and (21) are

repeated until the exit condition is satisfied:
eV — e,

22
ey, < 22)

where 1 > 0 is a constant, which is specified according to
the precision required. Finally, in Algorithm 1 we can see
the overall process of the proposed algorithm.

Algorithm 1 Proposed Adaptive ADMM for SMV Problem

Input: A,y.
Output: e.

Outer-Loop Initialization: e®©) =0, =1,8,~,p,7.

1: for k=1,2,--- ke do

(t+1) 1) :

2 ey =elrl;
3: TH = {i: \e§k71)| < k=D,
4: Inner-Loop: Solving problem (7)
5: fort=1,2, -+ ,tyqe do
_ 1AE®—2M))3 .
6: ,u(t) = Hei)_izfn“gz»
7. e(t+1> — e(t) — iAT(Ae(t) — y)7
1 . 1

8: z(;(t)) = shrink; (eg;(t)) +ure’s S

(t+1)  _ (+1) (t+1) |
9: (r®)e = €rrmye T Wpwes
10: u(t+1) = u(t) + e(t+1) — Z(t+1);

) (1) _ ().

11: if 7“9”'3““?”2 l 1 then
12: break;
13: end if
14: end for
15: e®) « From loop 5 to 14.
16: w®) (k:) e |0 /851,
17: if W < n then
18: break;
19: end if

20: end for
Return: é.

@ Springer



Wireless Networks

4 Proposed two-stage-ADMM for MMV
problem

Different to the SMV problem, the sparse recovery for
MMV problem (4) with multiple-antenna BS is expressed
as

min) [lvec(E)||, (23a)

s.t. [lvec(Y) — (Iyy ® A)vec(E)|5 <e, (23b)

where the operation of converting a matrix into a vector is
vec(+).

Similarly, we can relax the problem (23) and deal with it
by joint norm

1 N
mI%HEHY_AE”}zF—i_VIHEHI + 02l[Elly15 (24)

The regular parameters y, > 0, 7, > 0. In (24), the matrix E
is row sparse. Thus, the /;-norm is used to constrain the
overall sparsity, while the /, ;-norm is used to constrain the
row sparsity.

Under the joint norm constraint, we can still use the idea
of linear ADMM to solve (24). However, the straightfor-
ward solution has high complexity and low precision.
Therefore, we consider (24) as a two-part process to meet
efficiency and accuracy requirements and propose a two-
stage ADMM algorithm.

In the first stage, considering the effect of signal delay
T, = D, the related channel information of each user is
changed from one row of matrix E to 7, + 1 rows. This
way, we can transform the sparse constraint on each row in
[>,1-norm term into the constraint on T, + 1 rows. The new

norm term is denoted as S, ||(E),||;» where (E), €

1
CTADM g a1l possible channel information belonging to
the ith user. Of all these possibilities, only one row is the
actual channel coefficient of the user, i.e., only one row is
non-zero. Therefore, the first stage of the algorithm is to
solve a block sparse constraint problem

1 o -
min ||Y — AE[; + 7, D IE) (25)
i=1
Furthermore, the augmented Lagrange function of (25) is

1 B N
L(E.ZU)=[Y - AE[; 491 ) (@)l
i=1

14

+2HIE—Z+ U]}

Based on the classical ADMM and the idea of (12a), the
solution process of (26) is as follows,

(1) Update E**D as

1 ~ ~
E+) — gk _ o ((AHA + pyIy)EW
Hy (27)

“AHY — p, (Z<k> _ U<’<>))
(2) Update Z*+V as
@) = st (B 0.2 2s)
I
where i = 1,2,...,N.
(3) Update UX*Y a5
U(k+1) — U(k) + E(k+1) _ Z<k+1>. (29)

Remark 1 By solving (25), we can obtain a block-sparse
solution that defines the index set corresponding to a non-
ZEro block as ind;, ie.,
ind; = {i|||(E);||r #0,i=1,2,...,N}.

Remark 2 For each non-zero block in ind;, only one row is
channel information belonging to an actual active user.

To find the real location of active users, we take the row
with the largest ,-norm in the ith non-zero block (E), as
the estimated active user location and record it as ind,.
Where

indy = {jlmax([|(E),ll,),i = 1,2,....,N,j = 1,2,... T, + 1},
J denotes the jth row of (E),.

In the second stage, we use /;-norm constraint to esti-
mate only the channel coefficients on the index set ind,.

1 - 2
min > 1Y — Aing, Eing, [[7 + 72/ Eina, - (30)

indy
Similarly, the augmented Lagrange function of formula
(30) is
1 N 2
L(Eindy Zin Uing;) =5 1Y = Aing, Binas |l + 72| Zines [

+ % Eind, — Zing, + Uind, || -
(31)

Similar to the first stage solution, the process of solving
(31) is

(1) Update Efﬁzl) as

1 o

k+1 k k

Ei(ndz ) :Ei(m)iz - ,u(k> ((Ail-rlndzAindz + pZIN) Ei(nt)iz
2

" k k
A Y- (28,0,

lndz

(32)

(2) Update Zi(ﬁg D as

@ Springer
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i i

2"V = shrink, (e(k+l> + ufk),y—z). (33)

P2

where z; is the ith column of matrix Zing,,

i=1,2,..,M,
(3) Update Ui(f;2 D as
Un,” = Upa, + B, = Zng.” (34)

Similar to (22), the condition for loop exit is

B — EO,

<n. 35
e, G3)

The proposed two-stage ADMM algorithm is summarized
in Algorithm 2.

improves estimation

accuracy.

computational efficiency and

5 Complexity analysis

This section will analyze the steps within the algorithm that
contribute the most to the complexity.

As can be obtained in Algorithm 1, the primary com-
putational consumption in the loop comes from the multi-
plication calculation of Eq. (19). In this step, a total of

K(To(3N(T, + 1) + 2LN(T, + 1))) multiplication opera-

Algorithm 2 Proposed Two-Stage-ADMM for MMV Problem

Input: A,AY.
Output: E.

Initialization: E(©), Z©) UW© ~, p1 ~s, pa, 7.

Loop in stage 1:

1: for k=1,2, -, kypas do
(k) _ JA®E® —z®))2
L= [E®)-Z2FZ

3 Update E*+1 by using (27);
4 Update Z*+1) by using (28);
5. Update UKD by using (29);
6: if (35) then
7
8
9:

N

break;
end if
end for
Return the support set inds
Loop in stage 2:
1: for k=1,2, -, kyae do

2 P = [ Asnay (B, ~Zina, )
; - k k
: IES,)-200, 13

3: Update E Y by using (32);

inds
4: Update VAN

ind, Dy using (33);
5 Update Ui(r}f;;l) by using (34);
6: if (35) then

7: break;

8 end if

9: end for

Return: E.

Remark 3 We transformed (24) into a two-stage solution,
with the first stage considering only the estimation of active
users without specific accuracy and the second stage
solving exactly for each user’s channel information. This
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tions are performed, where KK and Ty represent the times of
the outer loop and inner loop, respectively.

Similarly, (27) and (32) are the primary computational
costs of algorithm 2 in two stages, respectively. In the first
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stage, (27) performed [<;(2MN(T, + 1)(L + 1)) times of
multiplication. In the second stage, (32) was multiplied
IK2(2inda|M(L + 1)) times where IK; and I, are the
iteration times in each of the two stages.

6 Simulation

We will perform simulation experiments and performance
analysis of the linear ADMM algorithm, the adaptive
ADMM algorithm, and the two-stage ADMM algorithm.
The parameters are set: N = 256, the probability of users
being active p = 0.1, L = 128. In particular, the initial seed
of the chaotic sequence used to generate the pilot for each
user is a random number a, € [—1,1],n=1,2,..,N. In
the asynchronous case, the number of users is extended to
N(T,+ 1) and L= L+ T,.

The performance evaluation of the algorithms for
channel estimation is defined as

1© - oj,

NMSE = ,
101,

(36)
where ® = e or ® = E. The parameters used to evaluate
the performance for active user detection are the false
alarm rate (PFA) and the missed detection rate (PMD),
defined in [39]. To better describe the PFA and PMD in the
simulation results, the same strategy as in [39] is adopted
here, where the threshold is set for determining whether it
is active. When the estimated value exceeds the threshoud,
it is considered active.

In the SMV problem, the parameters of the relevant
algorithm are set as: f =5,y = 0.03, n = 0.0001, p = 0.1,
and threshold € [0,1]. A performance comparison of the
algorithms is given in Figs. 3 and 4. A NMSE comparison
of the linear ADMM, the adaptive ADMM and the AMP is
given in Fig. 3, where the signal delays are set as T, = 3
and T, = 5, respectively. We can see that both the linear
ADMM algorithm and the AMP algorithm have a decrease
in estimation accuracy when the signal delay 7, increases.
The linear ADMM algorithm performs better at high SNRs
(SNR >25 dB), while the AMP algorithm has an advan-
tage at low SNRs. In addition, the adaptive ADMM algo-
rithm is very accurate, achieving a 5 dB performance
improvement at high SNRs. This is attributed to the fact
that the usual linear ADMM is deficient in estimating small
amplitude signals. In contrast, the adaptive ADMM algo-
rithm only estimates small amplitude signals in each inner
loop.

In Fig. 4, the active user detection performance of the
algorithm is given for SNR = 25 dB and different signal
delays T,. We can observe a significant improvement in
PFA and PMD performance for the adaptive ADMM

algorithm. In particular, the PFA and PMD performance of
the linear ADMM is worse than the AMP at T, = 1. As T,
increases, the performance of linear ADMM is gradually
superior to the AMP algorithm. Therefore, it can be con-
cluded that the impact of signal delay 7T, on the linear
ADMM is less than that of the AMP.

Furthermore, we consider the MMV problem with a
receiving antenna M = 32, parameters p; =1, y; =2,
n=0.0001 p,=1, p,=0.01, threshold € [0,10] for
PMD and threshold € [0,5] for PFA. Figure 5 compares
the estimation accuracy (NMSE) of the two-stage ADMM
and MMV-AMP. The impact of signal delay on the esti-
mation accuracy of the MMV-AMP can be very significant,
with the estimation accuracy at T, = 3 already worse than
the proposed two-stage ADMM at T, = 7. In other words,
the proposed two-stage ADMM is superior to the MMV-
AMP in terms of estimation accuracy and robustness to
signal delay T,. These advantages of the two-stage ADMM
are reflected in the fact that the first stage of the algorithm
is used to detect whether a user is active in the delay T7,.
From (25), although the increase in T, introduces a dis-
turbance in precision, it has less impact on whether the (E),
is non-zero.

Simulation results of the active user detection perfor-
mance of the two-stage ADMM are shown in Figs. 6, 7,
and 8. Figure 6 gives the effect of the proposed algorithm
on detection performance at Tg = 3 with different SNRs.
From Fig. 6, when the signal delay T, is fixed, the noise
has no significant impact on the PFA but has a greater
effect on the PMD. In addition, when the SNRs increase to
SNR = 2 dB, the PMD of the algorithm shows a relatively
stable trend.

The PMD and PFA performance of the two-stage
ADMM algorithm at SNR = 5 dB and for different 7, are
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Fig. 3 NMSE comparison in the SMV problem
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Fig. 4 Comparison of the algorithm’s active user detection perfor-
mance at SNR = 25 dB
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Fig. 5 NMSE comparison in the MMV problem

given in Figs. 7 and 8, respectively. From the simulation
figure, we can see that when the SNRs are constant, the
signal delay T, has a considerable impact on both the PFA
and PMD performance of the algorithm. As T, increases,
the PMD gradually decreases while the PFA gradually
improves.

Finally, the NMSE of the proposed algorithm for the
estimated signals using different initial seeds is given in
Table 1. It is assumed that the initial seed used by each user
at the transmitter side to generate the pilot is a;, and the
initial seeds used at the receiver side to generate the pilot
are a;o, a;p + 107¢ and a;o + 10‘12(1' =1,2, ,N) The
estimated NMSE shows that the proposed two algorithms
have extremely poor estimation performance after slight
changes in the initial seeds. Thus, this demonstrates the
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Table 1 Comparison of NMSE for estimating with different initial
seeds at SNR = 25 dB

Algorithm Seeds for recovery NMSE

Adaptive-ADMM aip (i=1,2,..,N) 0.0073
aig+107% (i=1,2,..,N) 0.9995
aio+10712 (i=1,2,..,N) 0.9997

Two-stage ADMM aio (i=1,2,..,N) 0.002
ajo+107° (i=1,2,..,N) 1
ajo+10712 (i=1,2,..,N) 1

sensitivity of the estimation performance of the algorithms
to the initial seeds.

7 Conclusion

This paper proposed two algorithms for joint estimation of
activity and channel state information for an asynchronous
grant-free NOMA system, which can be applied to massive
IoT wireless communications. Due to the high spectral
efficiency and low power consumption of the system, it is
well suited for underwater acoustic communication, which
has higher power requirements. In particular, the pilots
generated by chaotic sequences are considered for reducing
the pilot storage space. An adaptive ADMM is proposed
for the SMV problem, and a two-stage ADMM is proposed
for the MMV problem. Simulations show that the proposed
two algorithms are computationally efficient while pro-
viding superior signal recovery accuracy and activity
detection performance. Moreover, the sensitivity of chaotic
sequences to initial values is demonstrated. Finally, the
proposed algorithm has strong stability for the delay.
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