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Abstract—In this paper, we investigate the detection problem
in large-scale multiuser generalized spatial modulation MIMO
(GSM-MIMO) systems on the uplink. The inherent sparsity
present in multiuser GSM-MIMO signals enables us to view
the signal detection problem as one of sparse signal recovery in
underdetermined systems using compressed sensing techniques.
Accordingly, we propose a FOCUSS (FOCal Underdetermined
System Solver) based algorithm for GSM-MIMO signal detection.
Viewing the FOCUSS based detection as a sequence of weighted
𝑙2 -norm minimizations, we compare the performance of the
FOCUSS based detection with that of the classical 𝑙2 -norm
minimizer, the MMSE detection. Simulation results show that the
FOCUSS based detection beats the MMSE detection by about
10 dB at 10−3 BER at a system loading factor of 1.1. This
SNR gain of FOCUSS based detection over MMSE detection is
found to increase with increasing system loading factors. Also, the
FOCUSS based detection is shown to achieve better performance
compared to OMP and CoSaMP based detection.
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I. I NTRODUCTION
Large-scale MIMO systems (e.g., massive MIMO systems)
have attracted increased research attention because of their
increased spectral and power efficiencies [1],[2],[3]. Multiuser
MIMO has several advantages over single-user (point-to-point)
MIMO [4]. Generalized spatial modulation (GSM) is an attractive modulation scheme for multi-antenna communications
[5]-[7]. In GSM, there are 𝑛𝑡 antennas and 𝑛𝑟𝑓 radio frequency
(RF) chains at the transmitter, 1 ≤ 𝑛𝑟𝑓 ≤ 𝑛𝑡 . So, the need to
have a large number of RF chains at the transmitter can be
alleviated in GSM. In a given channel use, 𝑛𝑟𝑓 out of 𝑛𝑡
transmit antennas are chosen and activated. The remaining
𝑛𝑡 − 𝑛𝑟𝑓 antennas remain silent. On the chosen antennas,
𝑛𝑟𝑓 modulation symbols (one on each chosen antenna) from
an alphabet 𝔸 (e.g., QAM) are transmitted. The indices of
the 𝑛𝑟𝑓 active
( ) antennas out of 𝑛𝑡 available antennas convey ⌊log2 𝑛𝑛𝑟𝑓𝑡 ⌋ information bits. This is in addition to the
𝑛𝑟𝑓 ⌊log2 ∣𝔸∣⌋ information bits conveyed by the 𝑛𝑟𝑓 modulation symbols. Spatial modulation (SM) is a special case of
GSM with 𝑛𝑟𝑓 = 1. Spatial multiplexing (SMP) is another
special case of GSM with 𝑛𝑟𝑓 = 𝑛𝑡 . GSM in multiuser MIMO
systems on the uplink has been studied in [8],[9], and it is
shown to be a promising modulation scheme for large-scale
multiuser MIMO systems [9].
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The inactive antennas in GSM naturally result in a sparse
transmitted signal. The GSM signal detection problem, therefore, can be viewed in the compressed sensing (CS) framework. Also, GSM systems can be underdetermined; i.e., if
𝐾 is the number of uplink users, 𝑛𝑡 is the number of
transmit antennas in each user, and 𝑁 is the number of
receive antennas at the BS, then the GSM system becomes
𝑡
> 1 (i.e., if number of BS receive
underdetermined if 𝐾𝑛
𝑁
antennas is less than the total number of transmit antennas
in all the users). From an efficient system utilization point
of view, it is desired to increase the number of users 𝐾 in
the system. But, for a given 𝑛𝑡 and 𝑁 , increasing 𝐾 can lead
to underdetermined condition. Therefore, efficient GSM signal
detection in underdetermined settings is of interest. Again, CS
framework comes as a natural choice as the mathematics at the
foundation of CS makes it possible to reconstruct signals even
when the number of available measurements is smaller than
the signal dimension (i.e., underdetermined systems) [10].
CS based detection schemes for space shift keying (SSK)
and generalized SSK (GSSK) in single-user (point-to-point)
settings have been studied in [11], [12]. These schemes used
orthogonal matching pursuit (OMP) in the CS literature and
modifications thereof to detect the active antenna indices
(called the support of the transmitted signal vector). However,
we found that OMP [13] did not provide good bit error rate
(BER) performance for the multiuser GSM-MIMO system
model under consideration (see Fig. 2). Compressive sampling
matching pursuit (CoSaMP) [14] is a robust variant of OMP.
Though CoSaMP performed better than OMP, CoSaMP still
witnessed high error rates (see Fig. 2). We speculate that this
poor performance in OMP and CoSaMP could be due to the
following reasons: 𝑖) the sparsity level in the multiuser GSMMIMO signal is significantly lower than the sparsity levels
considered in [11], [12], 𝑖𝑖) the sparsity in the overall multiuser
signal is constrained by the sparsity profiles of the individual
users, which disallows some of the sparse vectors as solutions,
and 𝑖𝑖𝑖) the symbols from the modulation alphabet also have to
be detected in addition to detecting the active antenna indices.
The need thus arises for robust CS techniques to recover both
the support and signal components of the transmitted signal
vector in multiuser GSM-MIMO systems.
The FOCUSS(FOCal Underdetermined System Solver) algorithm in the sparse signal recovery literature is a promising
approach [15]-[17]. The strength of the FOCUSS technique
lies in it being formulated as a general estimation tool using
classical optimization methods usable across several application domains (e.g., biomedical signal processing, image
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reconstruction and restoration, dictionary learning, and MIMO
radar imaging [18]-[20]). To the best of our knowledge, use
of FOCUSS in communication theory/systems domain has not
been reported in the literature so far.
In this paper, we consider the uplink of a multiuser MIMO
system, where each user equipment employs GSM with 𝑛𝑡
transmit antennas and 𝑛𝑟𝑓 transmit RF chains. The underlying
signal sparsity and underdetermined nature of the system
motivate us to consider a FOCUSS based approach. Accordingly, our new contribution in this paper is that we propose
a FOCUSS based algorithm for large-scale multiuser GSMMIMO signal detection. Viewing the FOCUSS based detection
as a sequence of weighted 𝑙2 -norm minimizations, we compare
the performance of the FOCUSS based detection, with that
of the classical 𝑙2 -norm minimizer, the MMSE detection.
Simulation results show that the proposed FOCUSS based
detection performs significantly better than MMSE, OMP, and
CoSaMP detectors in GSM-MIMO and SM-MIMO systems.
The SNR gain of FOCUSS detection over MMSE detection is
found to increase with increasing system loading factors.
II. S YSTEM M ODEL
Consider a multiuser system with 𝐾 users communicating
on the uplink with a BS having 𝑁 receive antennas (see Fig.
1). 𝑁 is in the order of tens to hundreds. Each user has 𝑛𝑡
transmit antennas and employs GSM for transmission using
𝑡
𝑛𝑟𝑓 RF chains, 1 ≤ 𝑛𝑟𝑓 ≤ 𝑛𝑡 . The ratio 𝐾𝑛
𝑁 is the system
loading factor. An 𝑛𝑟𝑓 × 𝑛𝑡 switch connects the RF chains
to the transmit antennas. In a given channel use, each user
selects 𝑛𝑟𝑓 of its 𝑛𝑡 antennas and transmits 𝑛𝑟𝑓 symbols from
a modulation alphabet 𝔸 on the selected antennas. The remaining 𝑛𝑡 − 𝑛𝑟𝑓 antennas remain silent( (they
) could be viewed as
transmitting a zero). The first ⌊log2 𝑛𝑛𝑟𝑓𝑡 ⌋ information bits are
used to select the antennas. The next 𝑛𝑟𝑓 ⌊log2 ∣𝔸∣⌋ bits are
used to form 𝑛𝑟𝑓 modulation symbols to be transmitted on
the selected antennas. So, the total number
( ) of bits conveyed
by each user per channel use is ⌊log2 𝑛𝑛𝑟𝑓𝑡 ⌋ + 𝑛𝑟𝑓 ⌊log2 ∣𝔸∣⌋.
For example, a GSM transmitter with 𝑛𝑡 = 4, 𝑛𝑟𝑓 = 2, and
4-QAM conveys 6 bpcu. When 𝑛𝑟𝑓 = 1, GSM specializes to
SM, giving the total number of bits conveyed by each user
per channel use as ⌊log2 𝑛𝑡 ⌋ + ⌊log2 ∣𝔸∣⌋. An SM transmitter
with 𝑛𝑡 = 4 and 16-QAM also conveys 6 bpcu.
The mapping of information bits to active antenna indices
is described next. Define an ‘antenna activation pattern’ to be
an 𝑛𝑡 × 1 vector consisting of 0’s and 1’s, where a 1 in a
coordinate position indicates that the antenna corresponding
to that coordinate is active and a 0 indicates
( ) that the corresponding antenna is silent. There are 𝑛𝑛𝑟𝑓𝑡 such activation
patterns possible. For instance, with 𝑛𝑡 = 4 and 𝑛𝑟𝑓 = 2 the
following six activation patterns are possible:

Fig. 1. Multiuser GSM-MIMO system

( 𝑛𝑡 )

⌊log ( 𝑛𝑡 )⌋
Out of the 𝑛𝑟𝑓 possible activation patterns, only 2 2 𝑛𝑟𝑓
activation patterns are needed for signaling. Let 𝒮 denote the
⌊log ( 𝑛𝑡 )⌋
set of these 2 2 𝑛𝑟𝑓 activation patterns chosen from the
set of all possible patterns. Continuing the above example, let
the set of chosen activation patterns be

𝒮 = {[1 1 0 0]𝑇 , [0 1 1 0]𝑇 , [0 0 1 1]𝑇 , [1 0 0 1]𝑇 }.
( )
⌊log ( 𝑛𝑡 )⌋
2 2 𝑛𝑟𝑓 possible combinations of ⌊log2 𝑛𝑛𝑟𝑓𝑡 ⌋ information bits are then mapped to the elements of 𝒮.
𝑛
GSM signal set: Let 𝕊𝑛𝑟𝑓
denote the GSM signal set, which
𝑡 ,𝔸
is the set of GSM signal vectors that can be transmitted. Then,
𝑛

= {s : 𝑠𝑗 ∈ 𝔸 ∪ {0}, ∥s∥0 = 𝑛𝑟𝑓 , ℐ(s) ∈ 𝒮},
𝕊𝑛𝑟𝑓
𝑡 ,𝔸
where s is the 𝑛𝑡 × 1 transmit vector, 𝑠𝑗 is the 𝑗th entry of s,
𝑗 = 1, . . . , 𝑛𝑡 , ∥s∥0 is the 𝑙0 -norm of the vector s, and ℐ(⋅)
is a function that gives the activation pattern of its (vector)
argument; for example ℐ([+1 0 − 1 + 1]𝑇 ) = [1 0 1 1]𝑇 .
Example: Let 𝑛𝑡 = 4, 𝑛𝑟𝑓 = 2, BPSK, and 𝒮 =
{[1 1 0 0]𝑇 , [0 1 1 0]𝑇 , [0 0 1 1]𝑇 , [1 0 0 1]𝑇 }. The GSM
signal set for this scheme will be
⎧⎡
⎤ ⎡
⎤ ⎡
⎤ ⎡
⎤ ⎡
⎤ ⎡
⎤ ⎡
⎤ ⎡
⎤
0
0
0
−1
−1
+1
+1
0



⎥ ⎢
⎥ ⎢
⎥ ⎢
⎥ ⎢
⎥ ⎢
⎥ ⎢
⎥ ⎢
⎥

⎨⎢
⎢+1⎥ ⎢−1⎥ ⎢+1⎥ ⎢−1⎥ ⎢+1⎥ ⎢+1⎥ ⎢−1⎥ ⎢−1⎥
2
⎥
⎢
⎥
⎢
⎥
⎢
⎥
⎢
⎥
⎢
⎥
⎢
⎥
⎥,
⎢
⎢
,⎢
𝕊
= ⎢
⎥,⎢
⎥,⎢
⎥,⎢
⎥,⎢
⎥,⎢
⎥,⎢
⎥
4,bpsk
⎣ 0 ⎥

⎦ ⎣ 0 ⎦ ⎣ 0 ⎦ ⎣ 0 ⎦ ⎣+1⎦ ⎣−1⎦ ⎣+1⎦ ⎣−1⎦


⎩
0
0
0
0
0
0
0
0
⎤ ⎡
⎤ ⎡
⎤ ⎡
⎤ ⎡
⎤ ⎡
⎤ ⎡
⎡
⎤⎫
⎤ ⎡
−1
+1
+1
0
0
0
0
−1 

⎥ ⎢
⎥ ⎢
⎥ ⎢
⎥ ⎢
⎥ ⎢
⎥ ⎢

⎢
⎥
⎥ ⎢
⎢ 0 ⎥ ⎢ 0 ⎥ ⎢ 0 ⎥ ⎢ 0 ⎥ ⎢ 0 ⎥ ⎢ 0 ⎥ ⎢ 0 ⎥ ⎢ 0 ⎥⎬
⎥ ⎢
⎥ ⎢
⎥ ⎢
⎥ ⎢
⎥ ⎢
⎥ ⎢
⎢
⎥
⎥ ⎢
⎢+1⎥ , ⎢+1⎥ , ⎢−1⎥ , ⎢−1⎥ , ⎢ 0 ⎥ , ⎢ 0 ⎥ , ⎢ 0 ⎥ , ⎢ 0 ⎥ .
⎦ ⎣
⎦ ⎣
⎦ ⎣
⎦ ⎣
⎦ ⎣
⎦ ⎣
⎣
⎦
⎦ ⎣


⎭
−1
+1
−1
+1
−1
+1
−1
+1

𝑛

If x𝑘 ∈ 𝕊𝑛𝑟𝑓
denotes the transmit vector from the 𝑘th user,
𝑡 ,𝔸
x = [x1 𝑇 , . . . , x𝐾 𝑇 ]𝑇 represents the 𝐾-user GSM transmitted
𝑛
)𝐾 . Let H ∈ ℂ𝑁 ×𝐾𝑛𝑡 denote the
signal. Note that x ∈ (𝕊𝑛𝑟𝑓
𝑡 ,𝔸
channel gain matrix, where 𝐻𝑖,(𝑘−1)𝑛𝑡 +𝑗 denotes the complex
channel gain from the 𝑗th transmit antenna of the 𝑘th user to
the 𝑖th BS receive antenna. The channel gains are assumed
[1 1 0 0]𝑇 , [0 1 1 0]𝑇 , [0 0 1 1]𝑇 , [1 0 0 1]𝑇 , [1 0 1 0]𝑇 , [0 1 0 1]𝑇 .
to be independent
mean and variance 𝜎𝜅2 ,
∑𝐾𝑛𝑡 2Gaussian with zero
such that 𝜅=1 𝜎𝜅 = 𝐾𝑛𝑡 . The 𝜎𝜅2 models the imbalance in
It is noted that the antennas to be activated in a given channel use are
the
received power from the 𝜅th antenna, 𝜅 ∈ {1, ⋅ ⋅ ⋅ , 𝐾𝑛𝑡 },
chosen solely based on information bits, and not based on the channel matrix.
Channel state information at the transmitter (CSIT) is not needed in GSM.
due to path loss etc., and 𝜎𝜅2 = 1 corresponds to the case of

perfect power control. Assuming perfect synchronization, the
received signal at the 𝑖th antenna of the BS is given by
𝐾
∑

𝑦𝑖 =

h𝑖,[𝑘] x𝑘 + 𝑛𝑖 ,

(1)

𝑘=1

where h𝑖,[𝑘] is a 1 × 𝑛𝑡 vector obtained from the 𝑖th row and
(𝑘 −1)𝑛𝑡 +1 to 𝑘𝑛𝑡 columns of H and 𝑛𝑖 is the noise modeled
as a complex Gaussian r. v. with zero mean and variance 𝜎 2 .
The received signal at the BS can be written as
y = Hx + n,

(2)

where y = [𝑦1 , 𝑦2 , ⋅ ⋅ ⋅ , 𝑦𝑁 ]𝑇 , n = [𝑛1 , 𝑛2 , ⋅ ⋅ ⋅ , 𝑛𝑁 ]𝑇 , and the
𝐻
average received SNR is given by 𝔼[x𝜎2 x] .

Algorithm 1: FOCUSS algorithm based GSM detection
Input: H, y, x(0) , max iter, p
Output: x̂
Set 𝑡 = 0
while 𝑡 < 𝑚𝑎𝑥 𝑖𝑡𝑒𝑟 do
𝑝
(𝑡) 1− 2

(𝑡)

1− 𝑝
2

W(𝑡+1) = diag(∣𝑥1 ∣
, . . . , ∣𝑥𝐾𝑛𝑡 ∣
)
(𝑡+1)
(𝑡+1)
= HW
H
−1
𝐻
𝐻
x(𝑡+1) = W(𝑡+1) H(𝑡+1) (H(𝑡+1) H(𝑡+1) + 𝜆I) y
𝑡=𝑡+1
end
x̂ = 𝑓 (x(𝑚𝑎𝑥 𝑖𝑡𝑒𝑟) )
2

III. FOCUSS BASED GSM-MIMO DETECTION
In this section, we present the development of the FOCUSS
based detection algorithm for multiuser GSM-MIMO. The aim
is to get an estimate of the multiuser transmitted vector x in
(2). The maximum a posteriori estimate of x is given by

where 𝛾 = 𝛽𝜎𝑝 is a regularization parameter, and 𝐷(𝑝) (x) is
the 𝑙𝑝 -diversity measure [17] defined by

Pr(x∣y, H)

The choice of 𝑝 in the range 𝑝 ≤ 1 ensures sparse solutions
[17]. The regularization parameter 𝛾 controls the tradeoff
between the quality of the solution (in terms of ∥y−Hx∥) and
the amount of sparsity. Large values of 𝛾 give sparse solutions
and small values give a lower ∥y − Hx∥. Solving (6) using
the factored gradient approach in [16], the optimum solution
xo can be obtained as

x̂ =

argmax
𝑛𝑟𝑓

x∈(𝕊𝑛

=

𝑡 ,𝔸

)

𝐾

argmax [log Pr(y∣x, H) + log Pr(x)]
𝑛

x∈(𝕊𝑛𝑟𝑓
,𝔸 )

𝐾

𝑡

=

argmin [∥y − Hx∥2 − log Pr(x)],
𝑛

x∈(𝕊𝑛𝑟𝑓
,𝔸 )

(3)

𝐾

𝑡

where the term ∥y − Hx∥2 follows from the Gaussian distribution of the noise. Since the elements of x come from
the set 𝔸 ∪ {0}, (3) is a constrained optimization problem
𝑛
)𝐾 ), the solution
(constrained by the multiuser signal set (𝕊𝑛𝑟𝑓
𝑡 ,𝔸
to which is NP-hard. So, for the development of the proposed
algorithm, we relax this constraint by assuming that the real
and imaginary parts of each of the elements of x in (3) are
drawn from a generalized Gaussian distribution, the pdf of
which is given by [21]
𝑝
𝑝
𝑝
𝑒−(∣𝑡∣ /2𝛽 ) ,
(4)
𝑓 (𝑡, 𝑝, 𝛽) = √
𝑝
1
2 2𝛽Γ( 𝑝 )
where Γ(⋅) is the gamma function. The parameter 𝑝 governs
the shape of the distribution and 𝛽 is the variance. The
motivation for choosing this distribution comes from the fact
that we desire sparse solutions to (3) because of the sparse
nature of the transmitted vector. This can be seen from the
fact that the generalized Gaussian distribution moves toward
a peaky distribution at 𝑡 = 0 as 𝑝 → 0. Because of the
above relaxation, the vector x in (3) now belongs to ℂ𝐾𝑛𝑡 ,
containing i.i.d generalized Gaussian distributed entries 𝑥𝑖 ,
𝑖 = 1, . . . , 𝐾𝑛𝑡 , i.e.,
Pr(x) = Pr(𝑥1 , . . . , 𝑥𝐾𝑛𝑡 )
𝐾𝑛
)
(
)2𝐾𝑛𝑡
(
𝑝
1 ∑𝑡
√
=
exp
−
∣𝑥𝑘 ∣𝑝 . (5)
𝑝
𝑝
1
𝛽
2 2𝛽Γ( 𝑝 )
𝑘=1
Therefore, a relaxed estimate of x in (3) is given by
x̂ = argmin [∥y − Hx∥2 + 𝛾𝐷(𝑝) (x)],
x∈ℂ𝐾𝑛𝑡

(6)

𝐷(𝑝) (x) =

𝐾𝑛
∑𝑡

∣𝑥𝑘 ∣𝑝 .

(7)

𝑘=1

xo = W(xo )(HW(xo ))𝐻 (HW(xo ) + 𝜆I)−1 (HW(xo ))𝐻 y, (8)
𝑝

2

where W(xo ) = diag(∣𝑥o𝑖 ∣1− 2 , 𝑖 = 1, . . . , 𝐾𝑛𝑡 ) and 𝜆 = 𝑝2 𝛽𝜎𝑝 .
Equation (8) suggests that xo can be obtained iteratively. The
𝑛
in the
vector xo is then mapped to the nearest vector in 𝕊𝑛𝑟𝑓
𝑡 ,𝔸
Euclidean distance sense to obtain the final solution x̂. The
proposed FOCUSS based iterative algorithm to obtain x̂ is
listed in Algorithm 1.
In Algorithm 1, max iter is the maximum number of iterations, x(0) is the unconstrained initial solution vector (e.g., x(0)
can be the output from matched filter or zero-forcing/MMSE
filters), and 𝑓 (⋅) is a function which maps each 𝑛𝑡 ×1 vector in
its 𝐾𝑛𝑡 × 1-sized vector argument to the nearest 𝑛𝑡 × 1 vector
in the GSM signal set. Choosing the parameter 𝜆 is nontrivial
and there appears to be no rule in general for the same.
However, driven by the requirement to have ∥y − Hx∥ → 0
as noise variance 𝜎 2 → 0 (high SNRs) and observing that
𝜎 2 → 0 implies 𝜆 → 0, we set this parameter equal to the
noise variance 𝜎 2 . The Algorithm 1 has a complexity of order
𝑂(𝐾𝑛𝑡 𝑁 2 ) for 𝐾𝑛𝑡 > 𝑁 , which is mainly due to the update
of the x(𝑡) vector, i.e., computation of x(𝑡+1) .
IV. R ESULTS AND D ISCUSSIONS
In this section, we present the simulation results of the
BER performance of the proposed FOCUSS based detection
algorithm for various configurations of large-scale multiuser
GSM-MIMO. We compare the performance of the FOCUSS
based detection with that of the conventional MMSE detection.
In Fig. 2, we compare the BER vs SNR performance of the
FOCUSS based detector with that of the MMSE, OMP, and
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Fig. 2. BER performance comparison between FOCUSS, MMSE, OMP,
and CoSaMP based detectors in GSM-MIMO and SM-MIMO systems.
𝐾 = 16, 𝑛𝑡 = 4, 𝑁 = 48, and 6 bpcu per user.

CoSaMP based detectors for multiuser GSM and SM systems
with number of users 𝐾 = 16, transmit antennas per user
𝑛𝑡 = 4, number of BS antennas 𝑁 = 48, and 𝜎𝜅2 = 1, 𝜅 ∈
𝑡
{1, ⋅ ⋅ ⋅ , 𝐾𝑛𝑡 }. The system loading factor is 𝐾𝑛
= 64
𝑁
48 =
1.33. We compare the performance of GSM with 𝑛𝑟𝑓 = 2
and SM with 𝑛𝑟𝑓 = 1 for the same spectral efficiency of 6
bpcu per user. GSM uses 4-QAM and SM uses 16-QAM to
achieve the same 6 bpcu per user. The MMSE solution vector
is used as the initial solution in the FOCUSS based algorithm,
𝑝 is chosen to be 0.5, and the number of iterations used is 8.
The following interesting observations can be made in Fig.
2: 𝑖) FOCUSS based detection performs significantly better
than MMSE, OMP, and CoSaMP based detection in both GSM
and SM (e.g., in SM, the FOCUSS based detector outperforms
CoSaMP based detector by about 5 dB at 10−3 BER); 𝑖𝑖) OMP
and CoSaMP based detection perform poorly compared to
MMSE detection in GSM owing to the number of observations
𝑁 being less and half of the elements of the transmitted vector
being non-zeros; 𝑖𝑖𝑖) With MMSE detection, SM performs
worse than GSM. This is because of the larger-sized QAM
used by SM (i.e., 16-QAM in SM vs 4-QAM in GSM); and
𝑖𝑣) With the FOCUSS based detection, SM is found to achieve
better performance compared to GSM. This is because, the
higher sparsity levels in SM than in GSM are more favorable
for the FOCUSS based algorithm to exploit sparsity.
The above observations are further reinforced in Fig. 3,
which show the average SNR required to achieve a target
𝑡
BER of 10−3 as a function of system loading factor 𝐾𝑛
𝑁
in the range 1 to 1.7 for the same set of parameters in
Fig. 2. The loading factor is increased by keeping 𝐾 and
𝑛𝑡 fixed and progressively decreasing 𝑁 . Note that system
loading factors greater than 1 can be equivalently obtained
by fixing 𝑛𝑡 and 𝑁 and increasing the number of users 𝐾.
From Fig. 3, it is clearly seen that MMSE detector is not
robust to increase in system loading factor. On the other
hand, with FOCUSS based detection, both GSM and SM
are much more robust to increase in loading factor. Among
GSM and SM with FOCUSS detection, SM is more robust

1.15

1.2

1.25

1.3

45
40
35
30
25
20

K = 16, n = 4, n = 1
rf

16−QAM, 6bpcu per user

10
5

1.35

t

15

MMSE
Prop. FOCUSS based algo.
1

1.1

1.2

Loading factor Knt/N

Average SNR in dB

1.3

1.4

1.5

1.6

1.7

Loading factor Knt/N

(a) GSM: 𝑛𝑟𝑓 = 2, 4-QAM

(b) SM: 𝑛𝑟𝑓 = 1, 16-QAM

Fig. 3. SNR required by FOCUSS based and MMSE detectors to achieve a
𝑡
in GSM-MIMO
BER of 10−3 as a function of system loading factor 𝐾𝑛
𝑁
and SM-MIMO systems. 𝐾 = 16, 𝑛𝑡 = 4, and 6 bpcu per user.
0

10

GSM−MIMO,4−QAM, n =4,n =2
t

rf

SM−MIMO,16−QAM, n =4,n =1
t

−1

rf

K = 16, N = 48, 6 bpcu per user
SNR = 20dB

10

Bit Error Rate

Bit Error Rate

Bit Error Rate

10

50
Avg SNR in dB required to achieve 10−3 BER

0

10

−2

10

−3

10

−4

10

0

1

2

3

4

5

6

7

8

9

10

Number of Iterations

Fig. 4. Variation of BER as a function of number of iterations in FOCUSS
based algorithm in GSM-MIMO and SM-MIMO systems. 𝐾 = 16, 𝑁 =
48, 𝑛𝑡 = 4, 6 bpcu per user, and 20 dB SNR

than GSM because of the higher level of sparsity in SM.
The above observations made in Figs. 2 and3 highlight the
effectiveness of the proposed algorithm in exploiting sparsity
in underdetermined multiuser GSM-MIMO systems.
Figure 4 shows the variation in BER as a function of the
number of iterations in the FOCUSS based algorithm for
GSM-MIMO and SM-MIMO systems at 20 dB SNR. Zero
iterations correspond to the initial solution x(0) , which we take
to be the MMSE solution. We see that most of the gain in BER
performance comes within 4 to 5 iterations, an observation
which can be used to limit computation complexity. The
interplay between QAM size and sparsity discussed above
is evident from the crossover happening from 0 iterations
(MMSE detector) to 2 iterations (FOCUSS based detector),
after which sparsity gains over QAM size.
Figure 5 shows the SNR required to achieve 10−3 BER with
increasing loading factors (1 to 1.7) and number of iterations
(2, 5, 8) in SM-MIMO with 6 bpcu per user. We see that for
loading factors in the range 1.1 to 1.5, about 2 to 5 iterations
of the algorithm brings most of the gains in SNR. For loading
factors beyond 1.5, more iterations result in better gains.
In order to further validate the sparsity exploiting nature of
the FOCUSS based algorithm, we compare its performance

V. C ONCLUSION
We introduced FOCUSS algorithm, a sparsity-exploiting
algorithm hitherto unused in communication theory/systems
domain, for the purpose of signal detection in large-scale
multiuser GSM-MIMO systems. The proposed FOCUSS based
detection algorithm used a relaxation that encouraged sparsity
in the solution. Simulation results showed that the proposed
FOCUSS based detection outperforms MMSE detection by
increasingly larger margins for increasingly larger system
loading factors. This can help increasing the number of users
in multiuser GSM-MIMO systems.
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for varying sparsity levels (number of zeros in relation to the
total number of elements in the vector) in two scenarios. In
the first scenario (Fig. 6(a)), we fix the bpcu at 6 per user,
and consider three SM-MIMO systems with 𝑖) 𝑛𝑡 = 2, 32QAM, 𝑖𝑖) 𝑛𝑡 = 4, 16-QAM, and 𝑖𝑖𝑖) 𝑛𝑡 = 8, 8QAM. The
sparsity levels in these systems are 12 , 34 , and 78 , respectively.
We see that the third system with most zeros gains about 6
dB with respect to the second system, and more than about 15
dB compared to the first system at a loading factor of 1.06.
These gains become more pronounced for increasing loading
factors (Fig. 6(a)). In the second scenario (Fig. 6(b)), we fix
the number of transmit antennas 𝑛𝑡 and the QAM size, and
consider the following systems for comparison 𝑖) 𝑛𝑟𝑓 = 4,
GSM-MIMO, 𝑖𝑖) 𝑛𝑟𝑓 = 2, GSM-MIMO, and 𝑖𝑖𝑖) 𝑛𝑟𝑓 = 1,
SM-MIMO. The sparsity levels in these systems are the same
as those considered in the first scenario. This leads to 14 bpcu,
8 bpcu, and 5 bpcu per user, respectively. As before, the third
system which is the most sparse achieves the best performance
(Fig. 6(b)). Beside the higher energy required for a higher
order QAM, the identical shapes of the curves in both the
scenarios suggests a lesser sensitivity of the FOCUSS based
algorithm to QAM size.
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