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Abstract—The paper proposes low-latency signal detection
methods for overloaded MU-MIMO (Multi-User Multi-Input
Multi-Output) SC-CP (Single Carrier block transmission with
Cyclic Prefix) using convex optimization approach for uplink IoT
(Internet of Things) environments where a lot of IoT terminals
are served by a base station having less number of antennas than
that of IoT terminals. The proposed method detects overloaded
IoT signals via convex optimization approach named sum of
complex sparse regularizers (SCSR) taking advantage of both the
discreteness and the sparsity of the SC-CP IoT signal. Simulation
results demonstrate the validity of the proposed method.

I. INTRODUCTION

Typical IoT data collection environment using a base station
with a large number of antennas in the 5th generation mobile
communications systems (5G) [1],[2] can be considered as
a massive multi-user multi-input multi-output (MU-MIMO)
communications system by regarding each IoT terminal as
a transmit antenna. One of fundamental differences between
the conventional massive MU-MIMO [3],[4] and the IoT data
collection is that the number of IoT nodes, in other words, the
number of transmit antennas is typically much greater than
that of receiving antennas even when a large antenna array
is employed at the base station. Combined use with multiple
access schemes will enable us to serve a large number of IoT
nodes, but it also introduces additional delay, which may not
be acceptable in many IoT applications.

MIMO systems having greater number of transmit antennas
(transmit streams) than that of receiving antennas is called
overloaded MIMO. The signal detection problem in such
scenario is very difficult due to the underdetermined nature
of the problem, however, if the transmit symbol takes discrete
values on a finite set as in the case of digital communica-
tions, we can detect signals based on maximum likelihood
(ML) approach[5]. In the case of massive overloaded MIMO
detection, since the ML approach is not tractable, we have
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proposed a signal detection scheme using SOAV (Sum-of-
Absolute-Values) optimization[8], which is based on the idea
of convex optimization and compressed sensing[6], [7]. This
approach is especially effective when the number of antennas
is large and the number of elements in the alphabet is small.
Taking advantage of the fact that the transmission rate from
each IoT node is typically low, we have proposed a detection
scheme for uplink OFDM (Orthogonal Frequency Devision
Multiplexing) IoT signals[9], where the overloaded MIMO
signal reconstruction scheme in [8] is employed. In [9], it
has been shown that the proposed IoT signal detection can
achieve almost the same performance as in the case with the
i.1.d. Gaussian measurement matrix, which can be considered
as an ideal case, by multiplying a common Hadamard matrix at
IoT nodes (transmitters) as a precoding matrix. However, the
proposed method cannot takes the dependency between the
real and the imaginary parts of the transmitted symbol into
consideration, since it has utilized the SOAV optimization in
real domain, and thus it sometimes returns the reconstruction
result of 1+ 07 even when the alphabet of transmitted symbol
is {0,1+4,—1+4,1—j,—1—j}, where 0 means non-active
terminal. Namely, the method in [9] cannot use the fact that
the real and the imaginary parts becomes 0 simultaneously.
In this paper, we consider the overloaded MU-MIMO SC-
CP (Single Carrier block transmission with Cyclic Prefix)
without precoding because it is equivalent to the MU-MIMO
OFDM with precoding by a common discrete Fourier trans-
form (DFT) matrix, while neither the operations of inverse
DFT nor the precoding is not required at the transmitter, which
can greatly reduce the complexity of IoT nodes. Moreover,
we employ a sparse complex discrete-valued vector recon-
struction scheme named sum of complex sparse regularizers
(SCSR) optimization in [10], in order to appropriately treat the
symbol of 0 by non-active terminals. Validity of the proposed
approach is confirmed via computer simulations compared to
the performance of the signal reconstruction method in [9].
In the rest of the paper, we use the following notations. R
is the set of all real numbers and C is the set of all complex
numbers. We represent the transpose by () , the Hermitian
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Fig. 1. Transmitter structure of precoded OFDM
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Fig. 2. Uplink of IoT environment using SC-CP signaling

transpose by (-)H, the imaginary unit by j, the N x N identity
matrix by I, a vector of size N x 1 whose elements are all
1 by 15 , and a vector of size N x 1 whose elements are
all 0 by Oyn. Re{-} and Im{-} denote the real part and the
imaginary part, respectively. For u = [u; ---uy] and some
operator f, [f(u)], and u, denote the n-th element of f(u)
and u, respectively.

II. SYSTEM MODEL

Here, we firstly show that MU-MIMO SC-CP signal can be
regarded as a special case of the precoded MU-MIMO OFDM,
where the DFT matrix is employed as the precoding matrix.

The frequency domain received signal model of precoded
MU-MIMO OFDM in Fig. 1 can be written as [9]

’I’i’Ofdm A171P Al,NP S1 'U{
: = : : S
fofdm Ay P Ay NP]| |sn vl
(1)
where rLofdm ¢ CQ  (m = 1,...,M) is the frequency

domain received signal block at the m-th antenna at the base
station, s,, (n = 1,...,N) is the transmitted signal block
in the frequency domain from the n-th IoT terminal. Here,
taking IoT environment specific feature into consideration,
we assume only N, IoT terminals out of N terminals are
active and transmit the signal block. Non-active N — N,
terminals actually keep silent, but we can regard they transmit
all zero signal block 0. P € C?*? is a precoding matrix
required to achieve good detection performance by the convex
optimization based detection scheme. Note that, in [9], we
have numerically confirmed that we don’t have to use different
precoding matrices among IoT terminals, and a common
Hadamard precoding matrix leads to good symbol error rate

(SER) performance. vi, € C@ is the frequency domain
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additive white noise vector at the m-th receiving antenna
having mean O¢, and covariance matrix o2 1. The frequency
domain diagonal channel matrix A, , € C9*¥ between the
n-th IoT terminal and the m-th receiving antenna is given by
using the impulse response of the frequency selective channel
(™™ ... h{™™} with the channel order of L — 1 as

)\gmm) hgm,n)
L |=veD| o, e)
h(man)
)\(m,n) L
Q 0o-1,
where {A{™"™) ,)\gn’n)} are diagonal elements of A, .,

and D is a Q-point DFT matrix defined as

1 1 1
_s2mx1x1 _ 27X 1x(Q—1)
1 1 e’ @ e’ Q

27X (Q—1)X1 _ a2 x(Q-1)X(Q—1)
1 e/ Q v ?

We then consider the received signal model of SC-CP
signaling without precoding. Assuming the length cyclic prefix
K is greater than or equal to the channel order L — 1, the time
domain received signal block at the m-th receive antenna of
the base station is written as

t,sccp __

riseep — ROH™ T, s, + vt 3)

where v!, € C@ is the time domain additive white noise
vector at the m-th receiving antenna having mean Og and
covariance matrix 02Io. H{™™ is a time domain channel
matrix between the n-th IoT terminal and the m-th base station
antenna given by

Wm0 0 . 0]
Do
(m,n)

Him |
0
: s 0
0 o0 plmm gl

Also, T¢,, is a cyclic prefix insertion matrix defined as

I @)

and R, is a cyclic prefix removal matrix given by
R, = [0gxk Ig]. &)

Then, the overall channel matrix including the impact of
cyclic prefix operations as well as the actual frequency selec-
tive fading channel R, H{™™ T, has a following circulant
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structure:
RCPH(gm’n)Tcp
—hgm’”) 0 .0 h(Lm’”) hgm,n)'
pimm)
Ry )
= 0 - - - 0
: L 0
| O e 0 h(Lm’") hgm,n)_

Since unitary similarity transformation of any circulant matrix
is given by DFT matrix, the overall channel matrix can be
written as

R, H{"™T,, = D"A,, D, (6)

Ayyn is the same matrix as in (1), whose diagonal elements
are defined in (2).

By stacking from r;»SCCP to TR;CCP
a unitary matrix

in (3), and multiplying

D 0 - 0
0 D ECQA{XQM (7)
: -0
0O .- --- D

from the left of both sides, we have the frequency domain
received SC-CP IoT signal vector at the base station depicted
in Fig. 2 as

D 0
f,sccp t,sccp
™ . 1
|0 D :
f,sccp .. 0 t,sccp
m 0 LS Vs
B f
A171D Al,ND S1 Uy
= : : S B A I
_AA{JD AM7ND SN ’UEM
(®)

where riscP ¢ C? (m = 1,...,M) is the frequency
domain received SC-CP signal vector at the m-th base station
antenna. It should be noted here that this received signal model
can be regarded as a special case of (1), where the precoding
matrix P is set to be D. Thus, if DFT matrix D is appropriate
for the precoding matrix of overloaded MU-MIMO OFDM
system with the convex optimization based signal detection,
then the choice of SC-CP signaling is extremely suited for
IoT environments because this approach requires neither the
IDFT operation nor the precoding operation at the IoT node
(transmitter side).
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III. COMPLEX DISCRETE VALUED SIGNAL
RECONSTRUCTION VIA SCSR OPTIMIZATION

One of features of the proposed approach in this paper
is the employment of SCSR optimization instead of SOAV
optimization in [9], which considerably improves the SER
performance for IoT environments, where only a subset of IoT
nodes are active at a time. Here, we briefly review the complex
discrete signal reconstruction via SCSR optimization[10].

Consider the reconstruction problem of a complex discrete-
valued vector z = [z1---zn|H € CN C CV from a linear
measurement of

y=Ax+veCM. 9)

Here, C = {c1---cg} is a set of discrete values, that each
element of unknown vector a takes, and the probability
distribution of each element of x is given by

Pr(z, =c)) =pe, 0 =1,...,9), (10)
S

> p=1 (11)
=1

A € CM*N js a measurement matrix and v € CM is an
additive noise vector with mean of 05, and covariance matrix
of o 12, I M-

The optimization problem for the complex discrete-valued
signal reconstruction named SCSR, which is an extension of
SOAV optimization for real discrete-valued signal reconstruc-
tion, is given by

s
inimize & —col) + Ny — Az, 12
minimiz ;wgz( cel) + Ay 12 (12)
where A > 0O and ¢¢ > 0 (£ =1,---,S5) are parameters.

ge(+) is a function for the sparse regularizer, and in this paper,
we consider two possilbe options for the function as

N
hi(w) = uly =Y vRefu,}? + Im{u, }2, (13)
ho(u) = [[Re{u}(|s + [[Tm{u}|s (14)
N
= (|Refun}| + [Im{uy, }|). (15)

SCSR optimization problem (12) can be solved by ADMM
(Alternating Direction Method of Multipliers) based computa-
tionally efficient algorithm (Algorithm 1). The proximity op-
erators of vhi(-), vha(-) (v > 0) required in the algorithm
are given by

(Tl =) (fuwl =)

[prox,p,, (w)]n = {0 (lun| <),

[prox., (u)]n =sign([Re(u)],,) max(|[Re(w)].| —7,0)
+ j - sign({Im(w)];,) max(|[Im(w)]n| — 7,0),
e CN,

where u = [ug - - - up]

1475



Proceedings of APSIPA Annual Summit and Conference 2019

18-21 November 2019, Lanzhou, China

Algorithm 1 SCSR

Algorithm 2 ITW-SCSR

Require: y ¢ CM, A ¢ CM*N
Ensure: & ¢ CV
1: Fix p >0, 20 € CV, w® e ¢V
2: for k=0to K — 1 do
3 s = (pSTy + AATA) L (pYE (2 — wf) +
AAMy)

4: 25+1 =
1,...,5)
whtt = wh + 51 — 20T (1=1,...,9)
end for
7. & = sk

cel + proxa g, (s +wp — 1) (0 =
£ ge

AN

If we define the function of sparse regularizer go(-) to be an
element wise function, we can extend the SCSR optimization
(12) to a weighted SCSR optimization problem of

S N
SO Guegeln — o) + My — Azll3. (16)

{=1n=1

minimize
xeCN
where different weight ¢, , can be set for each element
Zp. Moreover, g, can be updated iteratively by using the
estimate obtained in the previous iteration round. Specifically,
we employ following update equation [10] for the parameter
update
- -1

__ |# =l
= — —,

N
where ZP'° is the n-th element of the estimate in the previous
iteration round. Also, for some fixed parameter (3, the param-
eter A in (16) is set to be

I [25:1 25:1 Gn,09e(Tn — Ce)]
E[\ly — As][3]

in order to adaptively adjust the balance between the regular-
ization term and the data fidelity term.

The algorithm to solve the iterative weighted SCSR (IW-
SCSR) optimization problem also can be derived by the
ADMM framework, which is shown in Algorithm 2.

Int a7

=7, (18)

IV. SC-CP IoT SIGNAL DETECTION VIA IW-SCSR

A generalized form of the time domain received signal
vector r € C¢M in (8) can be given by

r=Hs+v, (19)

where s € CPV is a transmitted signal vector, H ¢
COMXQN s a channel matrix, and v € C®M is a white
noise vector. The weighted SCSR optimization problem for
(19) is given by

S N
SO0 Guegelsn — o) + Allr — Hs|3. (20)

minierlize

N

seC (=1 n=1

If we assume QPSK modulation, we have

S = 57 (61762763764765) = {07 1 +j7_]— +.77 1 _jv_]- _J}
Note that, if transmit symbol does not include non-active

Require: y ¢ CM, A ¢ CM*N
Ensure: & ¢ CV
1: Initialize ¢, ¢(n=1,...,Nand £ =1,...,5)
2. fort=1to T do
3 FixB>0,p>0,20¢cC, w’ecCN
A= ngl=1 Dyt Zf:l 25:1 qn,ege(cer —ce)

4: Bilo?

5: for k=0to K — 1 do

6 " = (pSIy + AATA) T (p T, (2F — wf) +
AAly)

7 it =co+ prOXq%gW(Sffrl +wf , — )

8: (n=1,...,.Nand ¢ =1,...,5)

9: witt = wh +sF it (1=1,...,9)

10: end for

11: doo=1s8 —c)| (n=1,...,Nand¢=1,...,9)

iz

: n :% :1,..., =1,...,

12 It =55 T (n Nand /=1 S)

13: end for

14: & = s

IoT terminal (or symbol of 0), the sparse regularizer of
ha(-) is appropriate for gy(-), which is equivalent to the
approach using SOAV optimization for real and imaginary
parts independently. However, as we’ll see in the next section,
if we have certain number of non-active terminals, the
employment of the sparse regularizer of g1(-) = hi(-) can
improve the performance because it can utilize the fact that
the real and the imaginary parts of c; take the value of O
simultaneously. After all, we employ

g1(u) = hi(u),
ge(u) =ha(u) (£=2,...

for the regularizers.

21

.S, (22)

V. NUMERICAL RESULTS

We have conducted numerical experiments via computer
simulations to evaluate the SER performance of the pro-
posed overloaded SC-CP signal detection scheme using the
frequency domain received signal. The block size of the SC-
CP transmission is set to () = 64, and the length of the
cyclic prefix is assumed to be greater than or equal to the
channel order. In order to evaluate the performance of different
system size, we have set the number of antennas at the
base station M and the number of IoT terminals N to be
(M,N) = (6,8) and (M, N) = (60,80), which correspond
to the overloaded factor of about 1.33. We regard non-active
terminals transmit symbols of 0, and the number of active
terminals N, is set so that the ratio of zero symbols over
total symbols Y=o becomes 0.125 or 0.875. The parameters
for IW-SCSR algorithm are set to 8 = 10, p = 0.1, and the
number of iterations 1" of the outer loop of IW-SCSR is 1 or
5. Note that no precoding is employed in the simulations.

As for the reference scheme to compare the performance,
we have employed DFISTA (Discreteness-aware FISTA)[8],
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Fig. 4. SER performance (M = 6, N =8, N, = 1)

which is based on FISTA (Fast Iterative Shrinkage Threshold-
ing Algorithm) [11] for compressed sensing, and BODAMP
(Bayes Optimized Discreteness-aware AMP)[13], which is
based on AMP (Approximate Message Passing) [12] for
compressed sensing.

Figures 3—-6 show the SER performance for the four differ-
ent parameter sets (M, N, N,) =(6,8,7), (6,8,1), (60,80,70),
(60,80, 10), respectively. From the performance of DFISTA
and BODAMP, we can confirm that the precoding by the
DFT matrix implicitly equipped in the SC-CP signaling has
comparable capability as the Hadamard matrix considered in
[9]. Thus, we are now free from the operations of IDFT and
precoding at the IoT transmitter side. Moreover, by comparing
the performance of IW-SCSR with 7" =1 and 5, we can see
that considerable performance gain is achieved by 7" = 5,
which justifies the validity of update equations of (17) and
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(18). Note that, as the number of zero symbols increases,
IW-SCSR achieves better performance compared to DFISTA
owing to the employment of the sparse regularizer. Also, ITW-
SCSR with T" = 5 outperform other methods for all parameter
sets, while the performance of BODAMP is equivalent to that
of IW-SCSR with T' = 5 for (M, N, N,) = (60,80, 10). It
should be noted that it may be possible to further improve
the performance of IW-SCSR by more appropriate choice of
B, p,T in our future work.

VI. CONCLUSION

We have proposed overloaded SC-CP signal detection
scheme for uplink IoT environments via IW-SCSR optimiza-
tion approach. Unlike the OFDM based approach in [9], the
proposed scheme require neither IDFT operation nor precod-
ing matrix multiplication at the transmitter side, the proposed
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approach is suited to the IoT data collection scenario, where
cost, capability and energy of the transmitter are extremely
limited. The validity of the proposed approach using SC-

CP

signaling and IW-SCSR optimization is confirmed via

computer simulations

Future work includes the investigations of more appropriate
system parameters and more sophisticated detection algorithm
taking advantage of group sparsity in the block transmission
schemes.
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