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ABSTRACT

To enable massive-scale connectivity with low latency and efficient resource usage for massive machine
type communications, the grant free access scheme has been proposed, which allows users to commu-
nicate with low signaling overhead and without the need for any prior resource allocation procedure.
Due to the sporadic nature of packet transmission and non-orthogonal multiplexing, access points need
to perform active user detection (AUD) to identify which users have sent the packets based on the re-
ceived data. In this paper, we propose an enhanced AUD algorithm, which exploits each user’s activity
pattern for detecting active users. We assume that each user randomly sends its own packet with dif-
ferent probability distributions parameterized by the user activity probability (UAP). In our work, such
UAPs are inferred from the trajectory of the measurements collected over a certain period of time. Then,
the estimated UAPs are incorporated into the compressed sensing-based algorithm for the joint AUD and
channel estimation. Using the expectation-maximization algorithm, our method can efficiently find the
maximum likelihood estimate of the UAPs for all users. We also present an on-line algorithm that se-
quentially updates the UAP estimates for each measurement. Our numerical evaluation demonstrates the
benefit of the UAP estimation for compressed sensing-based AUD methods.

© 2022 Elsevier B.V. All rights reserved.

1. Introduction

The present era demands wireless communications in vari-
ous disciplines including public communications, high-speed data
transfer, industrial automation, health monitoring, and transporta-
tion. In addition to the traditional human-central communications,
next-generation wireless technologies are expected to support au-
tomated machine-type communications where hundreds of devices
are connected to the internet, and information is exchanged to pro-
vide new services. To support machine-centric communications, in-
ternational telecommunication union (ITU) has defined such new
use-cases of communications as massive machine-type communi-
cation (MMTC) [1]. MMTC is distinct from conventional commu-
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nication paradigms in that it pursues the multi-dimensional goal
of massive connectivity, longer off-grid unmanned operations, and
low latency and low power communications.

In order to support massive devices in the limited resource
environments, grant-free access (GFA) has been proposed as a
promising technique for implementing MMTC [2]. The users com-
municating in a GFA network can transmit packets to the access
point (AP) at any time without user scheduling. This results in a
significant reduction in the resources and latency required for in-
teractive access protocols in conventional wireless systems. Owing
to the potentially large number of users and limited coherence re-
sources, non-orthogonal user identification codes are widely used
for user multiplexing. However, this approach will induce a large
amount of multi-user interference, limiting system performance.
Fortunately, because of the sporadic nature of the packet transmis-
sions in typical MMTC applications, only a fraction of users com-
municate in a particular time slot. To decode the data of these
active users without a scheduling procedure, the AP needs to au-
tonomously identify the users transmitting packets solely based on
the received packets. This process is often called active user detec-
tion (AUD).
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Fig. 1. Illustration of dynamic user activity samples for the given UAP 6.

Thus far, various AUD techniques have been proposed in the
context of MMTC. Exploiting the sparse nature of user activity,
compressed sensing (CS) techniques [3,4] have been widely used
to detect active users. In [5-8,10-14], well-known CS recovery al-
gorithms including basis pursuit denoising (BPDN) [18], orthogonal
matching pursuit (OMP) [19], compressive sampling matching pur-
suit (CoSaMp) [20], subspace pursuit (SP) [21], and approximate
message passing (AMP) [22] have been used to identify the sup-
port of the vector associated with the users’ data symbols to be
transmitted. In [5-9], user activity and data detection were jointly
performed under the CS framework with the knowledge of chan-
nel information. In [10-13,15], by processing the pilot symbols con-
tained in the data packet, joint AUD and channel estimation were
performed. In [16,17], data-aided AUD algorithms, which exploit the
information provided by both pilot and data symbols, were pro-
posed. Recently, a considerable amount of effort has been made
to enhance AUD performance using a particular structure of the
underlying user sparsity. Under the assumption that the support
of the user vectors is common over several packet transmissions,
AUD methods recovering such joint sparsity were proposed in [23-
26,32]. In [32], deep-neural network based architecture is proposed
to exploit the block-sparse structure to perform joint AUD and
channel estimation. In [27,28], a similar structure of the AUD al-
gorithm recovering the joint sparsity was derived for multi-input
multi-output (MIMO) setup, which recovered the common support
over the measurements acquired from multiple antennas. In prac-
tical scenarios, user activity tends to vary slowly over consecu-
tive packet transmissions; thus, partially common support models
were adopted to develop the AUD algorithms [29,30]. Notable ap-
proaches handling the temporally correlated support include DCS-
based MUD [29] and PIA-ASP [30].

In practical MMTC scenarios, various type of users exhibit dif-
ferent packet transmission behaviors and patterns. For example,
some devices in the GFA network tend to transmit packets more
frequently than others. If packet transmissions from a particular
user can be viewed as a random event, each user will have a
different probability of transmitting a packet at a particular in-
stant. (see Fig. 1 for illustration.) From a Bayesian perspective, such
prior user information can be used to enhance the performance
of the AUD algorithm. There exist several works that have con-
sidered the use of such prior information in designing AUD algo-
rithms [12,30,31,33,34]. In [12,33], the joint AUD and channel es-

timation was proposed, which used probabilistic information re-
garding user activity. In [31], the joint AUD, channel estimation and
signal detection are performed using the prior information. In [30],
prior user activity was obtained from previously estimated user ac-
tivity using the temporal correlations of active user support sets.
In [34], although not presented for AUD applications, two practi-
cal CS-recovery methods exploiting prior information on the spar-
sity pattern were proposed. It provides the theoretical foundation
demonstrating the performance gain of prior information. More-
over, it is demonstrated that the performance gains are improved if
the prior is sufficiently non-uniform as compared to uniform prior.
While these approach might be applied to the AUD purpose, since
the algorithm is developed under the assumption that prior user
activity information is perfectly known, it cannot be directly used
in practical scenarios. Methods to acquire such prior user activity
information from the actual packet data have not yet been studied
in depth.

In this work, we study the problem of analyzing user activ-
ity based on the sequence of measurements acquired during a
certain period of time. Because the sequence of packet data re-
flects each users’ footprints in packet transmission activity, we
can learn the probability of the packet transmission from the se-
quential packet data. Such user activity probabilities (UAPs) are
used as prior information in detecting active users in the AUD al-
gorithm. Therefore, the proposed algorithm utilizes these packets
for 1) UAPs estimation 2) joint active user detection (AUD) and
the channel estimation. Specifically, we assume that the event of
packet transmission for each user is the realization of a Bernoulli
random variable with the parameter specified by the UAP. We aim
to find the maximum likelihood (ML) estimate of the UAPs based
on the sequence of measurements. In solving the problem, we
use expectation-maximization algorithm to find the ML estimate
of UAPs and use importance sampling to efficiently compute the
log-likelihood function over a non-Gaussian distribution in a com-
putationally efficient manner. We also present an online algorithm
that sequentially updates the UAP estimates for a new measure-
ment. Such online implementation enables our method to not store
all measurements used for the UAP estimation. Finally, we present
two CS-based AUD algorithms, called UAP-aware OMP and UAP-
aware BPDN that exploit the prior user activity information for
joint identification of active users and corresponding channel es-
timates. Our extensive simulations demonstrate that by using the
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UAP estimate, the proposed scheme can achieve significant perfor-
mance gains over conventional AUD methods. The main contribu-
tions of our paper are summarized as follows;

* We propose the algorithm that analyses the history of user ac-
tivity over the sequence of received packets and infers the prior
probability of packet transmission for each user. To our best
knowledge, methods to infer user activity from the sequence
of packet data in MMTC systems have not yet been proposed in
the literature.

Since the trajectory of user activity cannot be directly observed,
it is not straightforward to derive the statistically optimal es-
timate of the UAP. With an aid of EM algorithm and impor-
tance sampling method, our algorithm can efficiently compute
the UAP in an iterative fashion given the sequence of measure-
ments.

We present two CS-based AUD algorithms that can exploit the
UAP information obtained by our method to jointly identify the
active users and performs the channel estimation for the active
users respectively. Our experiments confirm significant perfor-
mance gains of the proposed AUD methods over the baseline
methods.

The current work is applicable to massive antenna regime for
the independently identically distributed (IID) user’s activity pat-
tern without any loss of generality. However, as a future research
direction, it would be interesting to exploit the common support
among the multiple antennas for UAP estimation.

The rest of the paper is organized as follows. In Section 2,
we briefly introduce the system model where the proposed AUD
method is derived. In Section 3, we derive the EM algorithm for
estimating UAPs based on the sequence of received packets. In
Section 4, we present two CS-based AUD algorithms that exploit
the UAP estimates as prior information. In Section 5, we present
the simulation results and in Section 6, we conclude the paper.

2. System model

We consider a grant-free multiple access scenario for the MMTC
uplink transmission, where a total of N users have a single an-
tenna for establishing communication with the AP, which is also
equipped with a single antenna. This communication setup can
be easily extended to multiple antennas without any loss of
generality. In the tth time slot, the kth user transmits its own
packet containing the pilot symbol p,; e C by spreading over
the length-M pseudo-random unique user identification code ¢, =
[Pr1.--- . Pem]’. We assume that among a total of N users, only
K(< N) active users transmit the data to the AP in one time slot,
and the rest of the users remain silent during the whole trans-
mission frame. The activity of the kth user at the tth time slot is
represented by the binary random variable s; ,, where s, =1 im-
plies that the kth user is active and s, = 0 implies that the kth
user is inactive. The probability that s, , equals one is specified by
the parameter 6, called UAP. The higher value of 6, indicates a
higher likelihood that the kth user transmits the packet. The vector
0 =1[01,0,,...,05]" shows the distribution of the UAPs of N users.
The probabilistic density function of s, is given by the Bernoulli
distribution

P(Sex: O) = (G (1 = G) ek (1)

Then, the measurement vector y; received by the AP in the tth
time slot can be expressed as

N
Ve = Z uDe kSt ke + Wy (2)

k=1

= ®A(so)h: +wy, (3)
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where

e=[¢ .. ¢n] (4)
A(se) = diag([se1, - sen]") (5)
hy = [pr.1hea, ~~~7pt,Nht,N]T (6)

where s = [s¢ 1, ...,S:.n]T, b is the vector of the complex Gaussian
channel gains following CN (0, crhzl) and w; is the additive complex
Gaussian noise vector CA (0, o.2I). Without loss of generality, we
can assume that the pilot symbol is set to p, , = 1. We also assume
that the matrix @ has a full row rank with M < N. Because only a
small number of users transmit a packet for the given time slot,
we assume that the structure of the vector s; is sparse.

In summary, the AUD problem can be formulated as the joint
estimation of the user activity s; and channel h; from the mea-
surement vector y;. Such a joint estimation problem can be solved
under the Bayesian framework for the given UAP 6. The key issue
here is that such prior information given by the UAP is unknown
in practice. In the next section, we discuss how to learn the UAP
from the history of user activities observed in the received packets.

3. Proposed user activity prior estimation

In this section, we present the details of the proposed UAP es-
timation method.

3.1. Problem formulation

Since the history of the packet transmission activities for N
users is captured in the sequence of | measurements, we aim to
estimate the deterministic parameter @ based on the | measure-
ments y;.; = {V1,¥2, ..., ¥;}. The ML estimate of  for the given y

is given by

0w = argmaxp(yy.; 0). (7)
0

The sequence of binary user activity vectors s;.; = {Sq,S2,...,S;}

contains the latent variables that cannot be directly observed.
Thus, we can show that

Zp(yl:lvhl:lvsl:l;o)dhl:ls (8)

1l Si:

Oy = arg max/
0 h

- arg max /h S pialhyg, 10 p(hy)p(s1a0)dhyy,  (9)

1l S1:

where
I
PVl 1) = [ JCN(@ A (sp)he, o21) (10)
t=1
I
p(hyy) = ]_[CN(O, o) (11)
t=1
I N
p(s1418) = [T [T G (1 - )1~ (12)

t=1k=1

We assumed that the channel gains hy.; and user activity vectors
s1.; are temporally uncorrelated. Unfortunately, it is difficult to de-
termine a tractable solution to (9) since the marginalization over
the discrete-valued variable s;.; requires 2N configurations in total.
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3.2. EM-based UAP estimation

The EM algorithm [35] seeks to determine the ML estimate of 6
in an iterative fashion by alternating the expectation step (E-step)
and the maximization step (M-step) until convergence. The E-step
creates a Q function for the expectation of the log-likelihood eval-
uated using the current estimate for the parameters, and the M-
step computes parameters maximizing the expected log-likelihood
found in the E-step.

3.2.1. E-Step

For the given measurements y;., and the estimate 0" ob-
tained in the previous iteration, the E-step computes the function
Q(#; 0“’”) which is the log likelihood function of the complete
data {Y1:1» hl:l’ s]:l}v ie,

QB:0%") = E[lnp(yl;l, by, s 0) lyras 0“*”], (13)
N 1
= 3 Yo E[seaviai 0| né
k=1 t=1
N I ,
+ (’ - ZE[SLkWI:li 0(’”]) In(1-6,) +C,
k=1 t=1

(14)

where C is the term independent of #. The derivation of
(14) is presented in Appendix B. The conditional expectation

E[Sr,km:z: 0

+0‘p(sr,k = 0|y 00_1)) (15)

1 .
)] is expressed as

= p(Sr,k = 1|y 9<H)> (16)

=Y p(stIm;u 0“’”) (17)

{scisex=1}

> p(SIIyt; 0“‘”). (18)

{st:5k=1}

The expression of the distribution p(stlyt; 0) is provided in
Appendix A. In typical MMTC scenarios, the number of potential
users N is large so that the size of summation 2N-1 in (18) in-

curs infeasible computational complexity. In order to calculate
E[st.k|y1:l; 0V | at low complexity, we use the importance sam-

pling method [36], which calculates the conditional expectation us-
ing the samples generated by the proposal distribution, which is

different from the posteriori distribution p(stlylz,; 0”’”).
Suppose we have Ns sample vectors s(” s(Q) drawn from
the proposal distribution q(st|y]:,;0(i ) Then, E[s[k|y” 0 1)]

can be approximated by

Els ilyr: 0 ”1~Zw<” . (19)
j=1
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where s( is the kth element of the jth sample s ) and the impor-

tance welght wﬁ” is given by

(s i)
w? = (20)

t T T N
a(s w1 0"")

The approximation error approaches zero as the number of sam-
ples N; increases. It is difficult to generate the samples for the N el-
ements of s; from the joint posteriori distribution p( s¢|y;.; 6D

in (18). On the contrary, according to the prior distribution
p(st;G(H) , the elements of s; are independent and identically

distributed. Thus, it is convenient to use the prior distribution as
the proposal distribution, i.e.,

Cl<5t|Y1:17 0“’”) = p(st: 0("’”) (21)

N
=TTE)
k=1

Owing to the statistical independence between the elements, we

i1 1-s
i) (22)

can easily generate samples according to p(st 6"~ 1)) The impor-

tance weight 17v[ without normalization can obtained from

p(s013:0"")
—— (23)

p(sff); 0(:’—1))

p(yrISED; 0“‘”)

5 _
w =

=0 (24)
(36"
loaZ; |
—EX
o) (wa)"
% (== (Iyel? - Y @A D)= A D)ty (25)
o J
o<|2j]|exp< — <1>A(s§f>)2 TA(s9)H @y ) (26)

where =, = A(sY)A@H @A (sY) + (03/02)L. The derivation of
(25) is presented in Appendix C. The scaled weight W "(]) n (26) is
normalized to obtain the importance weight W[(])

-1
NS . .
w = (wa”) W, (27)

3.2.2. M-Step A
In M-Step, we find # that maximizes Q(6; 0“"). From (14), the
updated estimate 0 for the ith iteration is given by

0" — arg;naxQ(G; 0y, (28)

Il
- IM-

E[Sr|Y1:1; 0(i_])] (29)

1

N
% Z Z WORD (30)

-
Il
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3.2.3. Algorithm summary
The procedure of the proposed UAP estimation algorithm is
summarized in Algorithm 1.

Algorithm 1 Proposed UAP estimation algorithm.
Input : 6, {y1.y.... i}
Output : 6y

Initialize 8 = 6,.

for i =1 to Iter do

fort=1:1do ‘
Generate the samples st(”, - sgNS) according to p(s; 09"
in (22).
Calculate the importance weights v”vf),.‘.,vT/ENS) according
to (26).

Normalize  the  importance  weights : w[(j ) =

~-1
[ w0] W for i =1, N

Calculate E[stly”, 0("’1)] = Wt(j)st(j).

end for A
Update 6" = Iy E[St|Y1:l; 0('71)].
end for_
Obtain 8y, = 0"

3.3. Practical implementation

In this subsection, we discuss the implementation of the UAP
estimation algorithm in the practical MMTC scenarios.

3.3.1. Batch algorithm

One strategy to implement the proposed method is to calcu-
late the estimate of UAP based on a block of L measurements col-
lected periodically (called a measurement block). In the beginning,
each element of the UAP @ is initialized with a fixed value, e.g.
1/4. During the period of collecting the measurements, the AUD is
performed using 8 obtained from the previous measurement block.
Once L measurements are collected, we update the UAP estimate
by applying our UAP estimation algorithm described in the previ-
ous subsections. In EM iteration, @ is initialized with the UAP es-
timate obtained from the previous measurement block. One disad-
vantage of this approach is that the entire sequence of measure-
ments needs to be stored in the buffer because EM iterations need
to be performed over the entire measurement block. Additionally,
the size of the measurement block should be sufficiently large to
analyze the user activity, resulting in considerable memory usage
and the UAP estimate cannot be updated until the entire measure-
ment block is received.

3.3.2. Online algorithm

In order to overcome the shortcomings of the batch algorithm,
we devise the online algorithm. When processing large data sets,
the online variants of the EM have been proposed to estimate the
parameters of a latent data model without storing the data [37].
The online EM algorithm comprises two steps: a stochastic ap-
proximation version of the E-step incorporating the information
brought by the newly available observation and the M-step max-
imizing the Q function as the M-step of the traditional EM al-
gorithm. Consequently, our approach sequentially updates 6 only
once for each new measurement. Denote 6; and Q; as the param-
eter estimate and Q function updated at time step t, respectively.
Then, the online EM algorithm can be described by
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Stochastic E-STEP
Q = Q-1+ e (E[In p(¥e, e, 5t 0)|ye; 0:-1 ] — Q1) (31)

= (1= y)Q-1 + VE[In p(¥e. he,5t: 0)[ye: 0,1 . (32)

N
= (1= y)Q-1+Ve| D_E[seklye: 0 1] 6,y

k=1
N
+ 3 (1 —E[seulye: 0c1]) In(1 - et_ua) +C (33)
k=1
M-STEP
0; = argmaxQ; (34)
0
=1 -y 1+ )/tE[StWt; 0t_1], (35)
’VS . -
~ (] — yt)0t4 + Ve (Z Wt(])st(])> . (36)
j=1

Note that y; is the step size that scales the contribution of the
present input in comparison with the past information. A higher
y leads to faster convergence of the parameter estimate at the ex-
pense of a more noisy estimate. Under some mild regularity con-
ditions, the convergence of the online-EM algorithm is guaranteed
[37].

4. UAP-aware active user detection

In this section, we propose an AUD algorithm that can adopt
the UAPs as prior information for enhancing the massive machine
type communications. The UAPs estimated by our algorithm are
incorporated into two well-known CS-based AUD methods OMP
and BPDN, yielding UAP-aware OMP and UAP-aware BPDN for joint
AUD and channel estimation.

4.1. UAP-aware OMP

OMP is a greedy algorithm that identifies the strongest ele-
ments of the support set one at a time in an iterative fashion. In
each iteration, OMP calculates the absolute inner product of the
residual signal r; with the columns of ®. It selects the column
from @ with the largest absolute inner product and adds it to
the set I containing the selected columns. Then, the residual sig-
nal is calculated by projecting the measurement vector y; on the
orthogonal complement of the subspace spanned by the selected
columns. We can show that the metric of absolute inner product
used in the standard OMP algorithm can be derived from the pos-
teriori probability of s;

In p(s¢lye) = In p(ye(se) + In p(se) (37)
231 1

%L Ly - WA T AG) 9" Y,)
(mo3)" (mo?)”  Ow

N
+ ) sk In(B) + (1= s¢ ) In(1 = 6), (38)

k=1

where ¥ = A(s)H®H®A(sp) + (02/0)1. We observe that the ab-
solute inner product metric can be obtained by plugging the
N candidate vectors, ¢; =[1,0,...,0],c; =[0,1,...,0],...,cy =
[0,0,..., 1] in place of s; in (38). Assuming that all columns of ®
have the magnitude one, i.e., ||¢,<||§ =1 and with equal UAPs for



S.A. Irtaza, S. Riaz, A. Nauman et al.

all uers, we can show that Inp(s; = ¢;|ye) |ytH<I>A(cj) 2, which
equals the absolute inner product used in the standard OMP. In
subsequent iterations, the absolute inner product metric ¥ (j) is
obtained by replacing y; with the residual signal r;

2

ORI INCH] (39)

where je[1,...,NJuT®.

Similarly, when the UAP @ is available, the new metric v/ (j) for
the proposed AUD method can be obtained by plugging c;,...,cy
in place of s; in (38)

V()= [EeA)[ +Ind). (40)

Except for the different metrics v (j) and v'(j) being used, the
rest of the procedure is the same for the standard OMP and the
proposed UAP-aware OMP.

In the proposed UAP-aware OMP, the sparsity level K can be
determined by applying the stopping rule during the iterations. We
can choose one of the well-known stopping rules including energy-
based thresholding [16], cross-validation method [38] and rank es-
timation method [39]. Our method terminates the iteration if the
following criterion is met:

lIrully < VMo, (41)

The summary of the proposed UAP-aware OMP algorithm is pre-
sented in Algorithm 2.

Algorithm 2 UAP-aware OMP algorithm.
Input : boldsymbolé and y;

Output : f; and &

1: Initialize I' = o and r; = y;.

2: while do

3:  y= argmax ¥’'(j).

jell....NJure
4 I'=Tuy.
5. Update the residual signal using rr=Yyr —
(boldsymbol @ 5 )Tyt.

6:  Exit the loop if the stopping criterion is satisfied.
7: end while

4.2. UAP-Aware BPDN

Let u; = A(st)h;, then u; is also a sparse vector, and thus we
can find the estimate of u; using the standard BPDN

1, (42)

. . 2
i, = argmin|ly; — ®ue |2 + Afu|
uy
where ||u¢||; is the ¢;-norm regularization term promoting the
sparsity of the solution and A is the regularization parameter. In
[36], it was shown that the UAP # can be incorporated into the
BPDN as a prior information as

N
0, = argmin|ly; — @[5+ A Y (— 6 [ugrl. (43)
e k=1

where u; = [u; 1, ..., U y]7. The solution to (43) can be found using
the convex optimization tool [40].

5. Simulations

In this section, we evaluate the performance of the proposed
AUD method under the IoT MMTC scenarios.
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Table 1

UAPs assigned for each user group.
Group  Number of Users  Distribution
1 25 U(0.02,0.05)
2 8 U(0.05,0.1)
3 4 U(0.1,0.4)
4 3 U(0.4,0.7)

5.1. Simulation setup

We consider the MMTC scenario where there exist N = 40 users
in total and the length of a user identification code is set to
M = 20. The user identification codes are generated using Gaussian
random number generator. We assume block fading channels
where the channel gain is be fixed within each packet frame but
randomly changes across the frames. Each packet consists of single
pilot symbol and ten data symbols. The data symbols are modu-
lated using quadrature phase shift keying (QPSK). The number of
samples generated for the importance sampling is set to 500. The
EM-iteration terminates when the power of the UAP difference is
less than 104 between the two successive iterations or 10 iter-
ations are performed in total. The UAP estimate is initialized to
9;0) = 0.5 for all users in the EM-iteration. For online algorithm,
the step size y; = t799 is used, as suggested in [37]. We suppose
that N = 40 users are divided into four groups that exhibit differ-
ent packet transmission behaviors. The first group of 25 users send
packets very occasionally so that they have relatively low UAPs
uniformly distributed between 0.02 and 0.05. The next group of
eight users has the slightly higher UAPs between 0.05 and 0.1 and
another group of four users have even higher UAPs between 0.1
and 0.4. The final group of three users transmit packets very fre-
quently with the UAPs between 0.4 and 0.7. The UAPs assigned for
all four groups are summarized in Table 1.

We evaluate the accuracy of the UAP estimation using the nor-
malized mean square error (NMSE) metric defined by

E[||6 - 0]1°]
NMSE () = 101log,, ( E017] ) (44)
The performance of the AUD algorithms can be measured using the
active user recovery rate and the net symbol error rate (NSER). The
active user recovery rate implies the ratio of the number of pack-
ets over which the algorithm correctly detects all active users to
the total number of packets transmitted. The NSER is measured by
counting the errors occurring in decoding the data symbols for all
users detected by the AUD algorithm. Since the channel estimate
is also obtained as a byproduct, we also evaluate the channel esti-
mation NMSE. The signal to noise ratio (SNR) is defined by

2
SNR = 101log;, (0"2> (45)
g,

w
5.2. Simulation results

In this section, we provide the simulation results. As a refer-
ence, we compare the proposed AUD methods with two baseline
algorithms, the OMP and BPDN. In addition, we compare our meth-
ods with the ideal UAP-aware OMP and the ideal UAP-aware BPDN
using the true UAP values. Note that these algorithms provide the
performance bound that can be achieved by the proposed AUD
methods, the UAP-aware OMP and the UAP-aware BPDN. Moreover,
we have evaluated the existing algorithms [12,27] while utilizing
the estimated UAP to reflect the utility of the proposed UAP esti-
mation algorithm.

Fig. 2 provides a look at the performance of the online al-
gorithm as compared to the batch algorithm. The SNR is set to
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Fig. 2. Plot of comparison between online and batch variants of UAP estimation
algorithms.

15 dB. It can be observed that the online version performs close
to the batch version when large number of packets L are avail-
able for a fixed Ny =500. However, if N; is increased, it can be
observed that the online version surpasses the batch version for
a fairly reduced number of received packets L. Specifically, it can
be observed that same performance can be observed for online
versions when L= 150,L =250,and L =550 for N;=2000,N; =
1000, and N; = 500 respectively. It is also observed that for batch
algorithm an estimate 6 is obtained after L measurements, how-
ever for the online scenario, an estimate for 6 is obtained immedi-
ately after each measurement is made available.

The computational complexity evaluation provides further in-
sight about the performance comparison of the proposed UAP esti-
mation algorithms. The computational complexity of the batch and
online UAP estimation algorithms is of the order of O(IterLNsMN)
and O(LNsMN) respectively for inferring an estimate of the UAP 6
after L measurements.

Fig. 3 a provides insight into computational complexity for a
fixed number of samples Ns while the measurement block size L
is varied. As the batch UAP estimation algorithm takes multiple it-
erations before converging, the number of flop count required to
infer 6 increases much faster as compared to the online UAP ap-
proach. Fig. 3b analyze the computational complexity as the num-
ber of samples N; are varied while the measurement block size is
set to L = 100. It can be observed that even at significantly higher
Ns = 2000, the flop count for the online UAP is much less as com-
pared to the batch algorithm. In conclusion, the online UAP es-
timation algorithm provides compare able estimation accuracy at

%108

4
—e—Batch-EM
—&—Online-EM

Flops

0
100 150 200 250 300 350 400 450 500
Block length, L
(a)

Signal Processing 205 (2023) 108884

e

o
©
T

o
o
T

o
-
T

o
o
T

—— UAP-aware OMP with true prior

—+— UAP-aware BPDN with true prior
Proposed UAP-aware OMP

—&— Proposed UAP-aware BPDN

o
~

Active user detection rate
o o
w [,

0.2 —%— UAP-aware EP
—#— UAP-aware AMP
01 L2 —4—OMP
01 ‘ ! —6—BPDN
0 5 10 15 20
SNR

Fig. 4. Plot of active user recovery rate versus SNR for several AUD algorithms.

a fairly less computational complexity as compared to its counter
part even if sufficiently large number of samples Ns or packets L
are utilized for estimating the UAP.

Fig. 4 provides the plot of the active user recovery rate as a
function of SNR. The batch algorithm is used for the proposed
methods. We set the number of the packets used for UAP estima-
tion to L = 100. We observe from Fig. 4 that the proposed UAP-
aware AUD methods outperform the baselines by a significant mar-
gin. At the 15 dB SNR, the improvement of the active user recovery
rate achieved by the proposed method over the baselines is over
10%. We also observe that the proposed AUD methods achieve the
performance close to the ideal algorithms using the true UAP val-
ues. This shows that the proposed UAP estimator provides accurate
UAP estimates so that the effect of the UAP information is kept
large for the MMTC scenario considered. As the SNR increases, the
quality of measurement improves and the role of prior informa-
tion diminishes, reducing the performance gain over the baseline
algorithms. Note that the largest performance gap is achieved at
around 10dB SNR.

Fig. 5 shows the channel estimation NMSE for the active users
detected by the proposed AUD methods. Similarly, the proposed
methods achieve large performance gain over the baselines and the
performance of our schemes is close to the performance bound
achieved with the perfect knowledge of the UAP. Specifically, the
proposed UAP-aware OMP and UAP-aware BPDN offer around 2dB
gain over the baseline OMP and BPDN, respectively.

Next, we evaluate the NSER achieved by the active users as a
function of SNR. We use the channel estimate obtained by our AUD
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Fig. 3. Plot of computation complexity comparison of the proposed batch and online UAP estimation algorithms in terms of flops per iteration: (a) Flops versus block length

L for Ny = 500, (b) Flops versus the number of samples Ns when L = 100.
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T ] algorithm to demodulate the data symbols. Fig. 6 shows that the
performance gain of the proposed methods is maintained in terms
of the data detection performance. We observe that the proposed
algorithms also achieve more than 2 dB gain over the baseline al-
1 gorithms.

Next, we investigate how the performance of the proposed al-

g gorithm behaves as a function of the block length L, the number of
W’ N i the EM iterations Iter, and the number of samples Ny drawn for im-
= -25 |—k— UAP-aware OMP with true prior 1 portance sampling. For all the cases, the SNR is set to 15 dB. Fig. 7a

.30 | UAP-aware BPDN with true prior shows that the UAP estimation NMSE decreases with L. This is be-
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-35 |—8— Proposed UAP-aware BPDN
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40 | —A— UAP-aware AMP

-45 —<4— OMP

—oe—BPDN
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cause when a long period of user activities are observed, better
statistics can be obtained for UAP and the effect of noise averaging
would be larger. Fig. 7b shows the convergence behaviour of EM it-
eration with L = 100. We observe that the EM algorithm converges
faster in higher SNR range. We observe that for most cases, the
EM algorithm used in our method converges within 10 iterations.
Fig. 7c show the performance behavior as a function of the number
Fig. 5. Plot of channel NMSE versus SNR for several AUD algorithms. of particles. We observe that the approximation error caused by
‘ the importance sampling decreases with the number of the parti-
cles but performance improvement diminishes over Ny = 500. Note
that Ny = 500 was used for our simulations.

6. Conclusions

In this paper, we proposed the enhanced AUD algorithm for
MMTC systems, which exploits the prior user activity informa-
tion in identifying the active users. Based on the observation that
each user can exhibit different packet transmission patterns, we
designed the algorithm which can infer each user’s probability of
packet transmission based on the sequence of the data packets re-
ceived over certain period of time. The proposed method efficiently

NSER
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Fig. 6. Plot of NSER versus SNR for several AUD algorithms.
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Fig. 7. Behavior of the proposed UAP-estimation algorithm : (a) UAP NMSE versus block length L, (b) UAP NMSE versus the number of EM iterations Iter (c) UAP NMSE
versus the number of particles N for approxiating the desired density.
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algorithms: UAP-aware OMP and UAP-ware BPDN. Our simulation
results showed that the use of the UAP information can offer the
significant performance gain over the baseline AUD detectors.
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Appendix A. Expression of posterior distribution in (18)

The posteriori distribution in (18) is expressed as

p(yelse)p(se: 0)

p(s:ly:: 0) = , (A1)
( ) Y5, PVels)p(se: 0)
where
log =1
p(Yelst) = ——Sr———€exp
R . o 3
1
< (== (Ilyell> -y @ A(s) =7 A(s) " @y ),
GW
(A.2)
N
p(s; 0) = [T 0 (1 -6+ (A3)
k=1
Appendix B. Derivation of (14)
We can show that
Q(6:0") = E[In pyra By 51.: )|y 6" . (B.1)

= E[ln Pt |y s p(hyy) p(sy: 0)|yy.i: 0(1;1)],

(B.2)
= E[ln p(s1:1: ) +Clyri 0“’”], (B3)
where C is the term independent of #. Then,
. ! o
Q(8:0°"") = E| In[ ] p(st: 0)[y1.: 6" | +C. (B.4)
t=1
I N )
=E[InT]6(1 = 60" |yrs: 67" | +C, (B.5)
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Appendix C. Derivation of (25)

The distribution p(y;|s;) can be obtained from

p(Yelse) = fh p(¥e|he. s0) p(he)dh, (1)

where  p(yt|he,s) ~ CN(®Sthe, 021) and  p(he) ~ CN(0, o21).
Then, we can easily show that

/h p(yeIhe. s)p(hy)dh,

1 1 3 1
= /h[ W exp <—0‘/2V||Yt — ®A(s)h]| )(T[th)N exp

1
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