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Sparse Index Multiple Access for Multi-Carrier
Systems with Precoding
Jinho Choi
Abstract: In this paper, we consider subcarrier-index modulation
(SIM) for precoded orthogonal frequency division multiplexing
(OFDM) with a few activated subcarriers per user and its generalization to multi-carrier multiple access systems. The resulting multiple access is called sparse index multiple access (SIMA). SIMA
can be considered as a combination of multi-carrier code division
multiple access (MC-CDMA) and SIM. Thus, SIMA is able to exploit a path diversity gain by (random) spreading over multiple
carriers as MC-CDMA. To detect multiple users’ signals, a lowcomplexity detection method is proposed by exploiting the notion
of compressive sensing (CS). The derived low-complexity detection
method is based on the orthogonal matching pursuit (OMP) algorithm, which is one of greedy algorithms used to estimate sparse
signals in CS. From simulation results, we can observe that SIMA
can perform better than MC-CDMA when the ratio of the number
of users to the number of multi-carrier is low.
Index Terms: compressive sensing, sparse index modulation, sparse
index multiple access

I. INTRODUCTION

I

N [1], spatial modulation (SM) is proposed to transmit signals over multiple input multiple output (MIMO) channels
with a single transmit antenna at a time. In SM, the index of
the active transmit antenna is to bear information bits. Thus, if
there are 4 transmit antennas, SM can transmit 2 bits per channel use. Furthermore, a modulated symbol can be transmitted
by the active transmit antenna. SM can be generalized by activating more than one transmit antennas. Thus, the number of
bits that can be transmitted bythe indices of the active transmit
TX
⌋, where NTX is the number of
antennas becomes ⌊log2 NK
transmit antennas and K is the number of active antennas at a
time. Since a fraction of NTX antennas are activated, SM can
be energy efficient, and cost-effective as only K radio frequency
(RF) chains are required. Furthermore, if K = 1, there is no
interference from the other transmit antennas, which allows to
use low-complexity detectors [1], [2]. In order to improve the
performance of SM, the notion of channel coding can also be
employed [3], [4].
Orthogonal frequency division multiplexing (OFDM) has
been extensively studied and employed for wireless standards
[5], [6] due to various advantages over other schemes. In particular, OFDM effectively mitigates inter-symbol interference (ISI)
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and allows to use low-complexity a one-tap equalizer for signal
detection. The notion of SM can be applied to OFDM, which
results in subcarrier-index modulation (SIM) OFDM [7], [8]. In
SIM OFDM, a subset of subcarriers are activated and their indices are used to transmit information bits. Thus, SIM OFDM
can mitigate ISI as OFDM. While SIM OFDM is energy efficient as SM, it cannot exploit path diversity, which is the same
as OFDM [9].
To exploit path diversity, precoding can be used in OFDM
[10]. Unfortunately, precoding can offset one of the advantages
of OFDM systems, which is the orthogonality. Since the orthogonality cannot be retained due to precoding, one-tap equalizers
cannot be used and more complicated equalizers or detectors
are to be used to mitigate ISI. There can be certain precoding
schemes for the trade-off between performance and complexity of detectors. To this end, low density spreading is devised
in [11] and extended for multiple access in [12] to exploit path
diversity by receivers of reasonably low complexity. In [13],
SIM is considered for precoded OFDM with a small number of
activated subcarriers. Due to the sparsity, the notion of compressive sensing (CS) [14], [15] can be employed to derive a
low-complexity detector. CS is to recover sparse signals with
a considerably low sampling rate compared to the bandwidth of
observed signals. There have been various CS algorithms for the
estimation of sparse signals [16]–[18]. The main advantage of
a CS detector is that it can estimate SIM signals by using only
a small fraction of the received signals over subcarriers. Since
a small number of demodulators would be required, the cost to
build a CS detector can be low.
In this paper, we consider SIM for precoded OFDM with a
few activated subcarriers per user and generalize it to multicarrier multiple access systems. The resulting system is referred
to as sparse index multiple access (SIMA) in this paper. SIMA
can be seen as a modification of multi-carrier code division multiple access (MC-CDMA). In SIMA, each user transmit signals
using SIM with precoding over multiple carriers. At a receiver,
multiple users’ signals can be detected using CS algorithms as
signals are sparse. In order to see that CS algorithms are applicable to signal detection, we study the restricted isometry property
(RIP) [19], [20] of a composite channel matrix using Gaussian
approximation. A low-complexity detector based on the orthogonal matching pursuit (OMP) algorithm [16], [21] is derived. In
order to improve the detection performance, we exploit a property of sparse signals in SIMA, which results in a modified OMP
algorithm for signal detection.
The main contribution of the paper is two-fold: (i) SIMA
is proposed for multi-carrier systems; (ii) a CS-based lowcomplexity detector is proposed to detect multiple users’ signals
once we show that the RIP property is verified.

1229-2370/16/$10.00 c 2016 KICS

440

JOURNAL OF COMMUNICATIONS AND NETWORKS, VOL. 18, NO. 3, JUNE, 2016

Notation: Matrices and vectors are denoted by upper- and
lower-case boldface letters, respectively. The superscripts T
and H denote the transpose and complex conjugate, respectively.
The p-norm of a vector a is denoted by ||a||p (If p = 2, the
norm is denoted by ||a|| without the subscript). The superscript † denotes the pseudo-inverse. For a vector a, diag(a)
is the diagonal matrix with the diagonal elements from a. For
a matrix X (a vector a), [X]n ([a]n ) represents the nth column
(element, resp.). If n is a set of indices, [X]n is a submatrix
of X obtained by taking the corresponding columns. Rn and
Cn represent the n-dimensional real and complex vector spaces,
respectively. E[·] and Var(·) denote the statistical expectation
and variance, respectively. CN (a, R) (N (a, R)) represents the
distribution of circularly symmetric complex Gaussian (CSCG)
(resp., real-valued Gaussian) random vectors with mean vector
a and covariance matrix R.

gain and to eliminate the need of orthogonal subcarrier allocation at the expense of IUI. This results in MC-CDMA [22]. Denote by Ck the precoding matrix for user k. Then, the received
signal vector can be written as
X
X
z=
H k Ck s k + u =
Gk sk + u,
(2)

II. SYSTEM MODELS
Throughout the paper, we consider a multi-carrier multiuser
system [22], [23], which consists of a base station (BS) and K
users for uplink transmissions. The BS is to receive signals from
multiple users over L subcarriers. It is assumed that the BS
knows the channel state information (CSI) for signal detection.
The signal vector to be transmitted by user k over L subcarriers is denoted by sk = [sk,0 . . . sk,L−1 ]T , where sk,l ∈ S represents the symbol transmitted through the lth subcarrier from
user k. Here, S is the signal constellation. The received signal
vector at a BS is given by
z=

K
X

Hk sk + u,

(1)

k=1

where u ∼ CN (0, N0 I) is the background noise vector and
Hk = diag(Hk,0 , . . . , Hk,L−1 ) is a diagonal channel matrix
PP −1
pl
from user k to the BS with Hk,l = p=0 hk,p e−j2π L . Here,
{hk,p } is the channel impulse response (CIR) from user k to the
BS and P is the length of CIR. If the BS has multiple receive antennas, say M antennas, the CIR can be represented by a vector
sequence, denoted by {hk,p }, where hk,p ∈ CM . In this case,
Hk becomes block diagonal, and its size is M L × L and the size
of z becomes M L × 1.
A. MC-CDMA
Suppose that each user is to transmit multiple symbols. To
avoid inter-user interference (IUI), each user may use a disjoint
set of subcarriers to transmit signals. Let Ik denote the index set
of subcarriers, over which user k transmits signals. It is assumed
that Ik ∩Iq = ∅ for k 6= q. To detect the signals from user k, the
subvector of z taking the elements corresponding to Ik , denoted
by zk , is used. The resulting system becomes an orthogonal
frequency division multiple access (OFDMA) system.
In some systems, the allocation of subcarriers to users may
not be desirable due to high allocation overhead. Furthermore,
if a signal transmitted through a single subcarrier, it may experience severe fading. To avoid these difficulties, it is possible to
spread the signal over multiple carriers to exploit a path diversity

k

k

where Gk = Hk Ck . It is noteworthy that in MC-CDMA, the
number of symbols per user is not necessary to be L. If a user
wants to transmit B symbols over L subcarriers, the size of sk
becomes B × 1 and that of Ck becomes L × B. As B decreases,
the IUI becomes lower, while the throughput (i.e., the total number of bits over L subcarriers) decreases.
B. Precoded Subcarrier-Index Modulation
Let us consider a single-user system (i.e., K = 1) in (1),
which results in an OFDM system. For convenience, we assume
that user 1 is active. In [13], with sparse s1 , we consider SIM
with precoding for OFDM systems (note that SIM without precoding for OFDM systems is studied in [8]), which is referred to
as precoded SIM in this paper. The main advantage of precoded
SIM is that the path diversity can be exploited without using a
high-complexity receiver. Note that a low-complexity detector
based on the notion of CS will be discussed in Subsection III for
K ≥ 1.
In this subsection, we briefly review SIM in [13]. Consider
(1) with K = 1 as follows:
z = H1 C1 s1 + u = G1 s1 + u,
where C1 ∈ CL×L and s1 is Q-sparse. Here, a Q-sparse signal
is a vector of Q non-zero elements. Denote by ΣQ the set of
Q-sparse vectors, which is defined as
ΣQ = {x ||x||0 = Q}.
Then, s1 ∈ ΣQ . In SIM, the message bits are delivered through
non-zero data symbols as well as their indices [8]. The number
of bits that can be sent through indices is
 
L
NI = ⌊log2
⌋,
Q
while the number of bits that can be sent by non-zero data symbols is K⌊log2 |S|⌋. For example, if L = 64 and Q = 6, we
have NI = 26 bits. Since each non-zero symbol can represent
log2 |S| bits, the total number of bits per user becomes
 
L
N = ⌊log2
⌋ + Q log2 |S|,
(3)
Q
if |S| is a power of 2. For convenience, let α = Q/L, which is
referred to as the sparsity ratio.
In order to see the bit energy of SIM and compare it with
that of OFDM, we first consider OFDM, where each element
of s1 is one of S. Denote by Esym the symbol energy. Then,
the bit energy becomes Ebit = Esym /log2 |S|. In SIM, since
there are Q non-zero elements of s1 , the energy of s1 becomes
Es = QEsym .
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Since the number of bits of s1 is N , from (3), the effective bit
energy of SIM, denoted by Ebit,sim , becomes
log2 |S|
Es
≈ Ebit
,
Ebit,sim =
N
β + log2 |S|

L
where β = L/Q log2 Q
. For a sufficiently large β (i.e., β ≫
log2 |S|), we have Ebit,sim ≈ log2 |S|/β · Ebit .
C. SIM for Multi-Carrier Multiple Access
SIM can be used for MC-CDMA. With a small α, the resulting system is called SIMA in this paper. SIMA can be seen as a
generalization of precoded SIM to multi-carrier multiple access
systems with a few activated subcarriers per user. In SIMA, we
assume that Ck ∈ CL×L and most sk,l ’s are zero, while information bits can be delivered through non-zero data symbols as
well as their indices.
For convenience, let
T T
G = [G1 . . . GK ] and s = [sT
1 . . . sK ] ,

III. COMPRESSIVE SENSING BASED DETECTION
If Q̄ ≪ L̄ or the sparsity ratio, α, is sufficiently small, it is
possible to derive a low-complexity detector by exploiting the
notion of CS. In this section, we derive a low-complexity detector using the OMP algorithm.
A. Multiuser Detection
The maximum likelihood (ML) detection can be considered to
detect x from r in (6). Let X̃ = X ∪ {0}, which is the extended
signal constellation of X including zero as SIM is employed.
Then, the ML detection is given by
x̂ = argminx ||r − Φx||2
subject to x ∈ X˜ L̄K and x ∈ ΣQ̄K .

Since the length of x is L̄K, the number of signals that have
different supports in ΣQ̄K is

(4)

where the sizes of G and s are M L × LK and LK × 1, respectively. Furthermore, sk is Q-sparse for SIM. Then, from (2), we
have
z = Gs + u,
(5)
where s is KQ-sparse. Furthermore, we consider a real-valued
representation. Let




ℜ(z)
ℜ(u)
r=
and n =
,
ℑ(z)
ℑ(u)

NS =




K L̄
.
K Q̄

We can easily show that the complexity of the ML detection
grows exponentially with K for fixed Q̄ and L̄. Thus, the ML
detection becomes prohibitive for a large K. For example, if
Q̄ = 1, L = 64 (or L̄ = 128), and K = 10, we have NS =

K L̄
≈ 3 × 1024 .
K
B. CS-based Detection

For practical detection schemes, we can exploit the notion of
CS under the assumption that Q ≪ L. Since s or x is sparse,
from (6), we can consider to solve the following problem [15],
[20]:

LM

where r, n ∈ R . In addition, let




ℜ(Gk ) −ℑ(Gk )
ℜ(sk )
Φk =
, xk =
,
ℑ(Gk ) ℜ(Gk )
ℑ(sk )

T
Φ = [Φ1 . . . ΦK ], and x = [xT
1 . . . xK ] . Then, the realvalued representation of z in (2) becomes

r = Φx + n.

(8)

(6)

With (6), in this paper, for SIM, we now consider xk (not sk )
which is assumed to be a (real-valued) Q̄-sparse vector of length
L̄ = 2L. In this case, the number of bits to be transmitted by
SIM per user becomes
 
L̄
⌋,
(7)
NI = ⌊log2
Q̄
which becomes about twice larger than that with complexvalued sparse sk . Note that Q̄ is not necessarily an even1 number. For convenience, we denote by X the constellation of the
non-zero elements of xk .
Let
consider an example with Q̄ = 1 and X =
√ us √
{− Ebit , Ebit } (i.e., binary phase shift keying (BPSK) for
non-zero elements). Then, we have
NI = log2 (L̄) = log2 L + 1;
N = log2 (L̄) + 1 = log2 L + 2.
Furthermore, it can be shown that Ebit,sim = Es /N =
Ebit /(log2 L + 2).
1 For example, if s = [j 0]T , we have x = [0 1 0 0]T , which is 1-sparse,
k
k
not 2-sparse.

x̃ = argmin ||r − Φx||22 + λ||x||1 ,

(9)

x

where λ > 0 is a design parameter, which can be considered as
the Lagrange multiplier. As λ increases, the sparsity constraint
is more emphasized. The sparse signal estimation using (9) depends on the RIP condition, which is given by
(1 − ǫ)||s||2 ≤ ||Gs||2 ≤ (1 + ǫ)||s||2

(10)

(1 − ǫ)||x||2 ≤ ||Φx||2 ≤ (1 + ǫ)||x||2 ,

(11)

or
where ǫ ∈ (0, 1) is the isometry constant. We consider the RIP
in Section IV in detail.
The problem in (9) is a convex optimization problem that has
a number of algorithms to solve it (e.g., [17]). Unfortunately,
its complexity becomes prohibitively high if LM is large. Alternatively, we can consider low-complexity greedy algorithms,
e.g., the OMP algorithm [21] to estimate K Q̄-sparse signals. In
[16], it is shown that the OMP algorithm performs well to estimate sparse signals under certain conditions including the RIP
condition.
For convenience, we summarize the conventional OMP algorithm as follows:
*) Input: r, Φ, and K̄ = K Q̄
0) Initialize: y(0) = r, x(0) = 0, and T (0) = ∅
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for i = 1 : K̄
g(i) = ΦT y(i−1)
p∗ = argmaxp |[g(i) ]p |/||[Φ]p ||
T (i) = T (i−1) ∪ p∗
(i)
xT = [ΦT (i) ]† r
y(i) = r − Φx(i)
end;
Output: y(i) , x̂(i)
While the OMP algorithm works for any K̄-sparse signals, it
does not take into account a special property of s or x. Since x
is a concatenation of K Q̄-sparse signal blocks (i.e., the xk ’s),
each block is Q̄-sparse. Thus, line 3 of the OMP algorithm above
needs to be modified to take into account this constraint. The
resulting OMP algorithm will be referred to as the constrained
OMP (C-OMP) algorithm for convenience.
(i)
Denote by Tk the index set of the selected subcarriers for
(0)
user k at the ith iteration. We assume that Tk = ∅. It is
(i)
clear that |Tk | cannot be greater than Q̄ as each xk is Q̄-sparse.
Let I (i) denote the column index of Φ at the ith iteration with
I (0) = {1, . . . , L̄K}. Then, for the C-OMP algorithm, line 3 is
modified as
3a) p∗ = argmaxp∈I (i) |[g(i) ]p |/||Φp ||
∗
3b) k ∗ = ⌈ pL̄ ⌉

A2) The block diagonal elements of Hk are iid and each element is a CSCG random variable with mean zero and variance
1/M .
In general, the frequency-domain channel coefficients can be
correlated in OFDM. However, we consider A2) for tractable
analysis in this section.
For convenience, we first assume that M = 1 (i.e., a single
receive antenna). Denote by dH
k,l is the lth row vector of Ck and
define
K
X
H
Xl =
Hk,l dH
(14)
k,l sk = vl s,

1)
2)
3)
4)
5)
6)
7)
8)

(i)

(i−1)

3c) Tk∗ = Tk∗
∪ p∗
(i)
(i)
3d) T = ∪k Tk
(i)
3e) If |Tk∗ | = Q̄, I (i) = I (i−1) \ {L̄(k ∗ − 1) + 1, . . . , L̄k ∗ }.
Once the indices of non-zero elements of s are found by the
C-OMP algorithm, the modulated signal signals can be further
decided. Let I denote the (estimated) index set of non-zero elements. In addition, let
r̄ = [r]I , x̄ = [x]I , and Φ̄ = [Φ]I .

(12)

Then, the values of the non-zero symbols in s can be detected
as
ˆ = argmin ||r̄ − Φ̄x̄||2 .
x̄
(13)
x̄∈X 2K

It is also possible to employ the minimum mean squared error
(MMSE) detector at the expense of performance.
It is noteworthy that if the index set I is not correctly estimated, the joint detection with I cannot provide reasonable decisions. Due to this error propagation problem, the detection in
(13) is effective only when the sparse signal estimation is successful. In other words, the performance of the signal detection
mainly depends on the sparse signal estimation by the C-OMP
algorithm.

k=1

vlH

[H1,l dH
1,l

where
=
. . . HK,l dH
K,l ]. For given s, under A1)
and A2), the mean and variance of Xl are
E[Xl ] = 0 and Var(Xl ) =

||s||2
.
L

We consider the Gaussian approximation as


||s||2
.
Xl ∼ CN 0,
L

(15)

(16)

chi-squared
Then, |Xl |2 = ||s||2 /(2L) · χ22 , where χ2n denotes aP
random variable with n degrees of freedom, and l |Xl |2 =
||s||2 /(2L) · χ22L .
We now consider multiple receive antennas, i.e., M ≥ 1. Under A2), since there are M L Xl ’s, we have
X
l

|Xl |2 =

||s||2 2
χ
.
2M L 2ML

(17)

From [26], we have the following inequalities for chi-squared
random variables:
√
Pr(χ2n − n ≥ 2 nt + 2t) ≤ e−t ;
√
Pr(χ2n − n ≤ −2 nt) ≤ e−t .
(18)
For the upper tail, we have
Pr

X
l

!
√
2M Lt + t
2
≤ e−t .
||s||
|Xl | − ||s|| ≥
ML
2

2

(19)

√
Letting ǫ = ( 2M Lt + t)/(M L), it follows
!
√ ǫ
X
2
ML
2
2
2
Pr
|Xl | − ||s|| ≥ ǫ||s||
≤ e− 2 ( 1+ 2 −1) . (20)
l

IV. PROPERTIES OF SIM FOR MULTI-CARRIER
MULTIPLE ACCESS
In this section, we focus on the RIP condition for complexvalued random matrix G. It is noteworthy that most results on
RIP conditions are for real-valued random matrices [19], [20,
Chap. 5], [24], [25].
We consider the following assumptions.
A1) The elements of Ck are independent identically
distributed
√
(iid) and each element is one of {(±1 ± j)/ 2L} with equal
probability.

√
Since 1 + x ≥ 1 + x/2 − x2 /8, the right-hand-side (RHS) can
be bounded as

2 !
√
2
ML ǫ
ǫ2
− M2L ( 1+ 2ǫ −1)
≤ exp −
e
.
−
2
4 32
For the lower tail, from (18), we have
!
r
X
2t
||s||2 ≤ e−t .
Pr
|Xl |2 − ||s||2 ≤ −
ML
l

(21)
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Fig. 1. Histogram of ℜ(Xl ) and ℑ(Xl ) when M = 4, L = 64, K = 10.

Letting ǫ =
Pr

X
l

p
2t/(M L), we have

|Xl |2 − ||s||2 ≤ −ǫ||s||2

25
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Fig. 2. BER performances of SIMA and MC-CDMA for different numbers of
users (L = 64, M = 2, P = 3, and SNR = Ebit /N0 = 8 dB).

given by
!



ML 2
ǫ .
≤ exp −
2
(22)

If u = 0, we can see that
X
|Xl |2 = ||z||2 = ||Gs||2 .

(23)

l

Thus, from (20) and (22), we can see that G can satisfy the RIP
with an overwhelming probability. In addition, a large M L is
desirable for the RIP condition as the bounds in (20) and (22)
decrease exponentially with M L with a fixed ǫ > 0.
In Fig. 1, we show histograms of ℜ(Xl ) and ℑ(Xl ) from simulations under A1) and A2) when M = 4, L = 64, K = 10.
We can see that ℜ(Xl ) and ℑ(Xl ) can be well approximated by
Gaussian random variables. Thus, the RIP condition would be
satisfied with a high probability for large L or/and M as in (20)
and (22).
V. SIMULATION RESULTS
In this section, we present simulation results of SIMA. For
convenience, we only consider the case of Q̄ = 1 (i.e.,
√ only one
subcarrier is activated for each user) and X = {± Ebit } (i.e.,
BPSK). The SNR in this section is defined as
SNR =

20

K

Re(Xl) or Im(Xl)

Ebit
.
N0

In order to detect multiple user signals in SIMA, the C-OMP
and OMP algorithms are considered. For comparison purposes,
we consider MC-CDMA with QPSK signaling. In order to detect multiple users’ signals in MC-CDMA, we use the minimum mean squared error (MMSE) detector [27], which is a lowcomplexity linear detector.
For simulations, we assume that each element of C
√k is independent and uniformly generated from {(±1 ± j)/ 2L} (according to A1)). In addition, we assume that the pth tap coefficient of the CIR from user k to of the mth antenna at the BS is

hk,p,m



1
,
∼ CN 0,
PM

and all the tap coefficients are independent. Note that since the
channel gain is normalized, the received signal power is invariant with respect to M , while the dimension of the received signal
increases with M .
Fig. 2 shows the BER performances of SIMA and MCCDMA for different numbers of users when L = 64, M = 2,
P = 3, and SNR = Ebit /N0 = 8 dB. In SIMA, there are two
different BERs: one for SIM and the other for BPSK. It is shown
that the BER of BPSK signals is almost the same as that of SIM
signals due to the error propagation. Thus, we will only show
the BER performances of SIM signals later. The C-OMP algorithm outperforms the OMP algorithm for all numbers of K. It
is also shown that the performances of SIMA are better than that
of MC-CDMA if K is sufficiently small.
In Fig. 3, we show BER performances of SIMA and MCCDMA for various values of SNR when K = 20 with L = 64,
M = 2, and P = 3. While it can also be confirmed that the
C-OMP detector outperforms the OMP-detector, it is observed
that SIMA performs better than MC-CDMA at moderate SNRs
(≥ 4 dB).
In order to see the impact of P (i.e., the length of CIR) on
the performance, simulations are carried out with various values
of P and results are shown in Fig. 4 with L = 64, M = 2,
SNR = Ebit /N0 = 8 dB, and K = 10. The BER of SIMA
decreases with P , which shows that the path diversity gain is
exploited by precoding in SIMA.
The CS-based detection can provide good performances if
there are more measurements, i.e., M is large. Fig. 5 shows the
impact of M on BER performances. It is shown that both MCCDMA and SIMA have better performances for larger M . It is
interesting to see that the performance improvement of SIMA
by increasing M is more significant than that of MC-CDMA
when the SNR is high. In particular, the gap between the BERs
of SIMA and MC-CDMA becomes larger for a larger M and
higher SNR.
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Fig. 5. BER performances of SIMA and MC-CDMA for various values of M
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Fig. 4. BER performances of SIMA and MC-CDMA for various values of
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Fig. 6 shows the BER performances for different numbers of
L with SNR = Ebit /N0 = {4, 8} dB, M = 2, P = 3, and
K = 20. It is shown that SIMA can perform much better than
MC-CDMA for large L’s (e.g., L = 128 and 256). While the
performance of MC-CDMA is slowly improved by increasing L,
that of SIMA is quickly improved. Since L increases, s becomes
more sparse (as Q̄ = 1 is fixed), which allows the CS-based detection to perform well and result in good performances. Thus,
it is desirable to employ SIMA when L is sufficiently large.
In the above results, we consider the same SNR when SIMA
and MC-CDMA are compared, which might be fair in terms of
the energy efficiency, but not in terms of the spectral efficiency.
The number of bits transmitted per user in SIMA with Q̄ = 1
is 2L + 1. On the other hand, in MC-CDMA, the number of
bits transmitted per user is 2 as QPSK is used. This shows that
SIMA can transmit more bits than MC-CDMA. In particular,
the spectral efficiency gap between SIMA and MC-CDMA increases with L. In Fig. 7, we show the BER performance in
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Fig. 6. BER performances of SIMA and MC-CDMA for various values of L
(Ebit /N0 ∈ {4, 8} dB, M = 2, P = 3, and K = 20).

terms of the number of bits per user with various values of L
in SIMA and compare it with that of CDMA when L = 256.
Clearly, with a large L, we can see that SIMA is better than MCCDMA in terms of energy efficiency (i.e., BER performance for
the same SNR) as well as spectral efficiency.
VI. CONCLUSIONS
In this paper, we proposed an application of SIM to multicarrier multiple access, which results in SIMA. The main advantages of SIMA over other multiple access schemes are energy efficiency (for large systems) as well as low-complexity
CS-based detection. We also extended SIM for real-valued representations, which can result in an increase of the throughput
by a factor of 2. We modified an existing CS algorithm (i.e.,
OMP algorithm) for the signal detection in SIMA to take into
account a constraint in SIMA. It was shown that the modified
CS algorithm for signal detection (i.e., the C-OMP detector) can
perform better than the conventional one (i.e., the OMP detec-
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