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Abstract
Objective: Spatial Modulation (SM) is proposed for next generation green communications due its high spectral and
energy efficiency. SM is incorporated with massive MIMO structures to leverage its high potential in the application
for future generation wireless networks. Methods/statistical Analysis: The optimal ML detector for SM-MIMO systems requires enormous computational complexity, which makes the implementation infeasible in practice. However,
the greedy low complexity detectors suffer from inferior performance and have huge performance gap from the optimal detectors. In this paper we propose new transmission schemes and detector structures for SM-MIMO systems.
Findings: In particular the transmitter imposes certain structures, known as joint sparse, and the receiver exploits the
information in detecting the symbols. We have shown that our proposed detector performs better than other greedy algorithms in the literature and performs close to the ML solution. We establish theoretical recovery guarantees for our
proposed approach and compare the performance in theoretical and simulation results. Improvements: The theoretical
characterization shows significant improvement in the detection performance compared to the conventional schemes.
It is shown in simulation that the proposed algorithm achieves a gain of 4 dB compared to the conventional detectors.
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1. Introduction

Spatial Modulation (SM)1,2 is the technique of conveying the information through the index of the antenna
used to transmit the information. In SM, the information is transmitted via both the symbol being transmitted
and the antenna used to transmit the symbol. In particular SM incorporated with Multi Input Multi Output
(MIMO) systems to get larger spectral gains from the
additional degrees of freedom available in antenna
index. SM-MIMO can be classified as, small-scale
SM-MIMO, which provides limited gain in the spec-
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tral efficiency and massive SM-MIMO, which is the one
that of major interest in recent research directions for
future green communications. Since the RF chains used
in the transmitter consumes most of the power, in massive SM-MIMO only a single or few of the many transmit
antennas used to transmit the information and thereby
reducing the number of RF chains participating in the
transmission. The transmitter employs many low cost
antennas and the receiver structures are proposed to get
spatial diversity with significantly low correlated channel.
Massive SM-MIMO offers dramatic energy efficiency by a
large number of transmits antennas and the conventional
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linear detectors converge to be the optimal detectors3.
Though, the large transmit antennas in the conventional
MIMO systems offer higher throughput they suffer from
the increased energy consumption due to increased number of RF chains at the transmitter, which surpasses the
benefit of massive MIMO structures. To overcome this
issue, it is proposed in massive SM-MIMO that to activate one or a subset of transmit antennas to transmit the
information. Further, additional information is conveyed
by the indices of the transmit antennas being used to
transmit the symbol. The receivers of SM-MIMO4, not
only detect the information symbols transmitted but also
the subset of the antennas used to transmit the symbol by
prior knowledge of the channels between the each pair
of individual transmit antennas and receiver antennas.
Compressive sensing deals with the recovery of unknown
vectors from underdetermined linear measurements. The
number of measurements is far less than the dimension
of the unknown vector. The key idea behind the unique
recovery of the high dimensional unknown vector for the
low dimensional measurement vector lies on the ground
of two key aspects.
•

•

The vector to be recovered is sparse, that is the
number of non zero elements is far less than the
dimension of the vector.
The matrix used to measure the unknown vector
known as sensing matrix, should possess certain
properties.

There were several works proposed in the literature
of compressive sensing which address the recovery of
sparse vectors from compressed measurements. A set of
signals is said to be jointly sparse5, if the support (location
of the non zero elements) is same in all the vectors. Some
of the works related to recovery of joint sparse signals in
compressive sensing can be seen in the literature6. In this
paper, we propose a transmission scheme which collects
the transmission in groups. In each group the same set of
antennas are activated to convey the spatial constellation
symbol. As the number of transmit antennas is quite large
compared to the number of antennas that are activated,
the transmission vector contains sparse structures and
contain non zero values at the indices corresponding to
transmit antennas. Further, as the same set of antennas

2
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are activated in each group, the non zero elements appear
at similar locations in all the transmission vectors. Hence,
the set of transmitted vectors in each group become jointly
sparse signals. In7 the receiver, we propose low complexity greedy algorithms to detect the information symbols
along with the indices of active antennas in the framework of compressive sensing. In particular, we apply the
principles joint sparse recovery in compressive sensing in
the detection process at the receiver and establish their
recovery guarantees. We also compare the performance of
our proposed approach with the conventional techniques
in the literature. Further, we establish the closeness of our
theoretical development with the simulation results.
Notation:
Matrices/vectors are denoted by bold uppercase/lowercase letters,
norm by

for

F

norm,

2

norm by , Frobenius

transpose by (.) , hermitian by $(.)*$, colt

umn space of matrix A by R(A) , sets by A, cardinality of
the set by

, and set minus operation by A\B.

2. Sytem Model and Problem
Statement
Let us consider an Nt x Nr MIMO system, i.e., the transmitter has Nt antennas and the receiver has Nr antennas.
Let the transmit vector be
transmit symbol of , {

and each of the

, i = 1, …, Nt } is drawn from

i

M-ary constellation. The observation or received vector is
denoted as

. In essence,
			

Where H is the channel matrix of size Nr
each of the element of

(1)
Nt and

, hij denotes the channel from jth

transmit antenna to ith receive antenna. The additive noise
is
. We consider the MIMO system
to be spatially modulated as follows. In the transmitter,
only Na (out of Nt) number of antennas activated at any
given time. The information is conveyed by means of both
the transmitted symbol and the set of active antennas. As
there are NtC Na combinations are there to choose a set of
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Na antennas out of Nt, the number of bits that can be con-

recovery of sparse signals from underdetermined linear
measurements, i.e., recovery of sparse
given
from
the underdetermined and can be solved in compressive
sensing framework.

veyed through the antenna indices is the
. The information bits that are conveyed via the set of
active antennas form the spatial constellation symbols
and the M-ary symbols that are actually transmitted from
the transmit constellation symbol. The following Figure
1 shows the systematic flow of how SM-MIMO works.
Further, we consider the massive MIMO system where
the number of transmit antennas is very large compared
to the number of receive antennas and number of active
antennas, i.e., Nt>>Nr>Na. As the number of active anten-

3. Detector Structure
In this section we apply the Orthogonal Matching Pursuit
(OMP)8 algorithm in the compressive sensing literature
to the system model. Let us interpret the channel matrix
as

nas if far less than total number of transmit antennas, the
transmit vector

			(2)

contains the sparse structure, since the

number of non zero elements in
to the dimension of

is quite low compared

			(3)

. Hence, the problem becomes

Im

(00)01

Im

(00)00
(00)11

(00)10

Tx0
00

Re

Signal constellation for Tx0
Tx1
01

Re

Signal constellation for Tx1

Tx2
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(11)00
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6

Spatial constellation

Figure 1. Spatial modulation schematic diagram.
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In essence, the ith column of channel matrix
conth
tains the channel gains from i transmit antenna to all the
receive antennas. Further, the observation vector y at the
receiver can be interpreted as,

		

(4)

Where, the transmit vector
.
As only Na antennas are active out of Nt antennas at the
transmitter, the observation vector y becomes the linear
combination of Na vectors out of Nt column vectors in
. The OMP algorithm[] is modified to the spatial modulated OMP (SM-OMP) as follows.
Step 1. Initialize t = 1, Â = ø, Ф=[ ],

.

Step 2. Find the antenna index at at the tth iteration
such that at = arg
Step 3. Update the detected active antenna index

←

at
Step 4. Compute the least squares estimate of the
at the tth iteration as follows.

If

go to Step 2 else STOP.

To summarize, the SM-OMP chooses the transmit
antenna index that is most likely by correlating all the
columns in the channel matrix in Step 2. At each iteration the detected components are estimated using least
squares in Step 4. It should be noted that the main difference between the conventional OMP and SM-OMP stems
from the fact that in conventional OMP the least squares
estimated component is removed from the observation as
given in Step 6. But in the case of SM-MIMO, the values or entries of the transmit vector
is from a finite
alphabet constellation symbols. Hence, the detected values of the vector
are replaced by their closest symbol
in the transmit constellation using a minimum distance
decoder9,10 as given in Step 5. This drastically improves
the detection performance of SM-OMP than directly
applying the conventional OMP to the system model in.
Before proceeding to characterizing the perfect recovery
of spatial constellation, let us define the following important parameter which is related to the correlation11,12 of
the channel and hence to the spatial diversity.
Definition 1. The channel correlation
of a given
MIMO system is defined as the minimum angle between
any two columns of its channel matrix.

Фt=[ Фt-1 hat]
				(5)

=
Step 5. From the estimated
detect the transmitted
symbol from the M-ary constellation using the minimum
distance decoder as follows.
Step 6. Update the residual vector

and

Step 7. Repeat until all the Na active antennas and
their transmit symbols are detected.

As the value of approaches zero, the system achieves
full spatial diversity13–15. The following theorem characterizes the recovery guarantee of the spatial constellation
symbol and symbol error rate for the spatially detection
performance.
Theorem 1.
The spatial modulated OMP (SM-OMP) algorithm perfectly recovers the spatial constellation symbols
with the additive noise being zero mean Gaussian with
variance σ2 if

						6)

4
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•
and the probability of spatial constellation symbol
error $P_{\text{SER}}$ is given by
•
						7)
Where
mum

2

is the mini-

norm of the columns of the channel matrix and

} is the minimum power of the transmit constellation symbols.
Proof: See Appendix
The following inferences can be made from the above
theorem.
•

It can be seen from (26) that the error free recovery of spatial constellation symbol depends on
the channel correlation and in turn on the spatial
diversity.

•

Further, the spatial symbol error rate depends on
the probability that the channel gain crosses below
a particular threshold, which is generally referred
as the deep fade event.
The transmit power is same for all symbols in the
case of M-ary phase shift keying signals and different for M-ary QAM signals (except M = 4 as 4-ary
QAM is nothing but QPSK) and the maximum
power of the transmit symbols plays an important
role in the probability of symbol error rate.
The symbol error rate is lesser for the M-ary
PSK signals than M-ary QAM signals used for
SM-MIMO systems while all other parameters are
fixed.

4. Simulation Results
In this section we evaluate the performance of our
proposed algorithm using Monte-Carlo simulations.
We compare the performance of SM-OMP algorithm
with traditional Linear Minimum Mean Square Error

Figure 2. Performance of various detectors in Rayleigh fading channels.
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Figure 3. BER comparison of various detectors.

Figure 4. Performance of various detectors in different spatial constellation.
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(LMMSE)16,17 detector and conventional OMP18 algorithm
directly applied to our system model. Also we compare
the performances of the optimal ML detector to gauge
the performance of our proposed approach with the best
possible detector. We consider Rayleigh fading MIMO
channel and number of transmit antenna to be Nt = 64,
number of receive antenna Nr = 8. The number of active
antennas Na = 4. We simulate the detection performance
for two different transmit constellations, 8-PSK and
16-QAM. The additive noise is considered to be Gaussian
with zero mean and variance
and independent of the
channel and transmit symbols.
In Figure 2, we compare the performance of all spatial constellation symbols for the following algorithms,
1. LMMSE, 2. Conventional OMP 3. Our proposed
SM-OMP and 4. Optimal ML detector. It can be seen that
the perfect detection rate of our proposed approach performs significantly better than the conventional OMP and
LMMSE detectors. Further, SM-OMP algorithm performs
closely to the optimal detector. In Figure 3, we plot the
symbol error rate performance of our proposed SM-OMP
and the conventional OMP directly applied to the system
model. It can be seen that as the SNR increases, the symbol error rate performance of our proposed approach
significantly outperforms the other algorithms and perform similar to the optimal ML detector. In Figure 4, we
simulate the performance for 8-PSK and 8-QAM signal
constellations. As discussed in the Theorem 1, the symbol
error rate performance is better in the case of PSK constellations than the QAM constellations. As the transmit
power is equal for all the transmit symbols in the case of
PSK constellations, the symbol error rate is low compared
to the QAM constellation as the transmit power vary for
different symbols.

5. Conclusion
We proposed a new SM-OMP algorithm for spatial modulation and characterized its theoretical performance in
terms of the successful recovery of all the spatial constellation symbols and the probability of symbol error rate.
Also, we compared the performance of our proposed
approach with the conventional OMP algorithm directly
applied to the SM-MIMO systems and showed the out-
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performance of our proposed approach. Further, we have
shown that our proposed approach performs close to the
optimal ML detector.

6. References
1. Di Renzo M, Haas H, Ghrayeb A, Sugiura S, Hanzo L.
Spatial modulation for generalized MIMO: Challenges,
opportunities, and implementation. Proceedings of the
IEEE. 2014 Jan; 102(1):56–103.
2. Yang P, Di Renzo M, Xiao Y, Li S, Hanzo L. Design guidelines for spatial modulation. IEEE Communications
Surveys and Tutorials. 2015 Mar; 17(1):6–26.
3. Zheng J. Signal vector based list detection for spatial modulation. IEEE Wireless Communications Letters. 2012 Aug;
1(4):265–67.
4. Wang J, Jia S, Song J. Generalised spatial modulation system
with multiple active transmit antennas and low complexity detection scheme. IEEE Transactions on Wireless
Communications. 2012 Apr; 11(4):1605–15.
5. Legnain RM, Hafez RH, Legnain AM. Improved spatial modulation for high spectral efficiency. International
Journal of Distributed and Parallel Systems. 2012 Mar;
3(2):13–9.
6. A novel spatial modulation using MIMO spatial multiplexing. Available from:
http://ieeexplore.ieee.org/
document/6487232/
7. Cal-Braz JA, Sampaio-Neto R. Low-complexity sphere
decoding detector for generalized spatial modulation systems. IEEE Communications letters. 2014 Jun;
18(6):949–52.
8. Duarte MF, Eldar YC. Structured compressed sensing:
From theory to applications. IEEE Transactions on Signal
Processing. 2011 Sep; 59(9):4053–85.
9. Shim B, Kwon S, Song B. Sparse detection with integer constraint using multipath matching pursuit. IEEE
Communications Letters. 2014 Oct; 18(10):1851–4.
10. Garcia-Rodriguez A, Masouros C. Low-complexity compressive sensing detection for spatial modulation in
large-scale multiple access channels. IEEE Transactions on
Communications. 2015 Jul; 63(7):2565–79.
11. Yu CM, Hsieh SH, Liang HW, Lu CS, Chung WH, Kuo SY,
Pei SC. Compressed sensing detector design for space shift
keying in MIMO systems. IEEE Communications Letters.
2012 Oct; 16(10):1556–9.
12. Liu W, Wang N, Jin M, Xu H. Denoising detection for the
generalized spatial modulation system using sparse property. IEEE Communications Letters. 2014 Jan; 18(1):22–5.

Indian Journal of Science and Technology

7

Optimum Detector for Spatial Modulation using Sparsity Recovery in Compressive Sensing

13. Wu X, Claussen H, Di Renzo M, Haas H. Channel estimation for spatial modulation. IEEE Transactions on
Communications. 2014 Dec; 62(12):4362–72.
14. Kay SM. Fundamentals of statistical signal processing:
Practical algorithm development. Pearson Education; 2013.
15. Gao Z, Dai L, Qi C, Yuen C, Wang Z. Near-optimal signal
detector based on structured compressive sensing for massive SM-MIMO. arXiv:1601.07701v3 [cs.IT]; 2016 Apr. p.
1–8.
16. Nandakumar S, Khara S. Modeling and performance
analysis of an improved Data Channel Assignment (DCA)

scheme for 3G/WLAN Mixed Cells. International Journal
of Wireless Information Networks. 2015 Mar; 22(1):10–28.
17. Velmurugan T, Khara S, Basavaraj B. Modified handoff
algorithm for providing optimization in heterogeneous
wireless networks. Evolving Systems. 2015 Sep; 6(3):199–
208.
18. Velmurugan T, Khara S, Nandakumar S, Saravanan B.
Seamless vertical handoff using Invasive Weed Optimization
(IWO) algorithm for heterogeneous wireless networks.
Aim Shams Engineering Journal. 2016 Mar; 7(1):101–11.

Appendix
Without loss of generality let us assume the following.
First Na antennas are active in the transmit vector, i.e. the set of active antenna indices
The gains of the channel matrix
can be ordered as
Thus the observation vector can be written as,
𝒚=
……………..(8)
In the first iteration the SM-OMP will correctly identify the first antenna index if
……………..(9)
The inner product on the left hand side of the above condition can be bounded as,
….(10)

……(11)
By triangle inequality the above term can be lower bounded as,

……(12)

….(13)
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….(14)
From the definition of the channel correlation

given in (5)
…………(15)

since it is assumed without loss of generality that
can be bounded as

. Further, the product

……….(16)
by applying the Schawarz inequality and noting the fact that gain of the channel cannot exceed
1. Moreover, the noise vector
is Gaussian with zero mean and variance . Therefore using the
sigma rule for Gaussian, the 2 norm of the vector
is upper bounded by
with very high
probability. Therefore,
………..(17)
Applying the results on the bounds obtained in (15) and (17) in (14) we get,
….(18)
Similarly, the right hand side of the condition in (9) can be bounded as follows.

…….(19)

….(20)

Using the bounds in (15) and (17) in the above inequality, we obtain,
……(21)
By using the results in (18) and (21) in the recovery condition given in (9), the correct antenna index or
the spatial constellation symbol is detected in the first iteration by SM-OMP if,
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….(22)
…..(23)
….(24)
……….(25)
The same argument can be carried out to show the condition in (25) is sufficient for the detection of
correct spatial symbol in each iteration. Since, the detected columns of the channel matrix
are
estimated and removed from the residual as given in Step 6 of SM-OMP, any column or any spatial
information symbol to get detected twice. Thus considering the worst condition of all the iterations, SMOMP perfectly detects the spatial constellation symbol if,
……..(26)
Which is the condition for perfect recovery of spatial constellation symbols given in (6)By rearranging
equation (26),
….(27)
……..(28)

…….(29)
As the condition (29) is sufficient but not necessary, the entire spatial constellation symbol error
probability is upper bounded as given in (7).
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