
Recursive Least-Squares Adaptive
Channel Estimation for Spatial Modulation Systems

Mohammed Mujahid Ulla Faiz, Samir Al-Ghadhban, and Azzedine Zerguine
Department of Electrical Engineering

King Fahd University of Petroleum & Minerals
Dhahran 31261, Saudi Arabia

E-mail: {mujahid, samir, azzedine}@kfupm.edu.sa

Abstract—In this paper, a recursive least-squares (RLS) adap-
tive channel estimation scheme is applied for spatial modulation
(SM) system over a block fading multiple-input–multiple-output
(MIMO) channel. The performance of spatial modulation with
channel estimation is compared to vertical Bell Labs layered
space–time (V-BLAST) and maximum ratio combining (MRC)
transmission schemes for different pilot rates and a fixed 3-
b/s/Hz spectral efficiency. Computer simulations carried out
demonstrate the superiority of SM over V-BLAST and MRC
schemes. In addition, the results in this study show that SM is
more robust against channel estimation errors than the other
MIMO schemes.

Index Terms—Block fading, channel estimation, multiple-
input–multiple-output (MIMO), recursive least-squares (RLS),
spatial modulation (SM), vertical Bell Labs layered space-time
(V-BLAST).

I. INTRODUCTION

The necessity for higher data rate and higher spectral
efficiency are the key elements that are driving research in
future wireless communication systems [1]. Multiple-input–
multiple-output (MIMO) transmission scheme is one solution
to achieve this by transmitting multiple data streams from
multiple antennas [2]. However, the capacity gain resulting
from MIMO transmission is dependent on transmit and receive
antenna spacing [3]– [4], transmit antenna synchronization
[5]– [6], and the algorithm employed to combat the interchan-
nel interference (ICI) at the receiver. Many ICI reduction algo-
rithms have been reported in the literature and among them is
the vertical Bell Labs layered space–time (V-BLAST), which
is considered as one of the most promising MIMO detection
algorithms. Due to ICI caused by coupling multiple symbols
in time and space, the complexity of maximum likelihood
(ML) detection increases exponentially with the number of
transmit antennas [7]. Avoiding ICI helps in reducing receiver
complexity, and achieving better performance gains.

In the spatial modulation (SM) system introduced in [8]–
[9] only one antenna remains active during transmission.
Therefore, ICI is completely avoided and inter-antenna syn-
chronization (IAS) is not needed as in the case of V-BLAST,
where all antennas are transmitting at the same time. How-
ever, the detector in [8] is sub-optimal, and hinders the full
performance gains achievable by SM. An optimal detector for
spatial modulation system presented in [7], assuming full chan-

nel knowledge, achieved performance gains of approximately
1.5−3 dB over other transmission schemes, such as V-BLAST
and amplitude/phase modulation (APM) with maximum ratio
combining (MRC).

In this work, recursive least-squares adaptive channel es-
timation for spatial modulation system over a block fading
MIMO channel is introduced. From the simulation results it
is shown that SM with optimal detection and RLS channel
estimation outperforms other transmission schemes, such as
V-BLAST and MRC for different pilot rates and a fixed 3-
b/s/Hz spectral efficiency.

This paper is organized as follows: Section II introduces the
basic spatial modulation system model. Section III introduces
the optimal detection scheme for spatial modulation system.
Section IV introduces the recursive least-squares adaptive
channel estimation scheme. Section V presents the simulation
results, and Section VI reports some conclusions drawn from
this work.

II. SPATIAL MODULATION SYSTEM MODEL

A basic spatial modulation system model is shown in Fig. 1.
It comprises of a SM mapper, Nt transmitter antennas, MIMO
channel H, Nr receiver antennas and a SM optimal detector.

In spatial modulation system, a block of information bits are
mapped into two information carrying units: a symbol that was
chosen from a constellation diagram, and a unique transmitter
antenna number that was chosen from a set of transmitter
antennas, which increases the overall spectral efficiency of the
spatial modulation system by the base-two logarithm of the
number of transmitter antennas [9]. In general, the number of
bits that can be transmitted using spatial modulation system
is given as follows [8]:

n = log2(Nt) + m. (1)

For MQAM modulation, m is the number of bits/symbol and
is given by:

m = log2(M).

A random sequence of b independent bits enters into the
SM mapper, which groups them into n bits and maps them
into a constellation vector x = [x1 x2 · · ·xNt

]T of size Nt.
Only one of the xj in x is nonzero as only one antenna remains
active during transmission in spatial modulation, where j is the



mapped transmitter antenna number, j ∈ [1 : Nt]. The symbol
xj is transmitted from antenna j over an Nr × Nt MIMO
channel, H. The received signal is given by:

y =
√

rρHx + η, (2)

where r denotes the data rate and is given by:

r =
(block length− number of pilots)

(block length)
, (3)

ρ is the average signal-to-noise ratio (SNR) at each receiver
antenna, η is the additive white Gaussian noise (AWGN)
vector given by:

η = [η1 η2 · · · ηNr
]T ,

H and η have independent and identically distributed (i.i.d.)
entries according to CN (0, 1).

As only one antenna remains active during transmission, SM
mapper outputs a constellation vector of the following form:

xjq = [0 0 · · · xq · · · 0 0]T ,

where j represents the activated transmitter antenna, and xq

is the qth symbol from the M -ary constellation. When xq is
transmitted from the jth antenna, then (2) can be written as:

y =
√

rρhjxq + η, (4)

where hj is the jth column of H.
The number of transmitted information bits, n, can be

adjusted in two different and independent ways - either by
changing the modulation scheme employed and/or changing
the number of transmitter antennas [8]. For example, three
information bits can be mapped into 4QAM and two trans-
mitter antennas. Alternatively, if the channel and interference
environment do not allow the use of 4QAM, the same spectral
efficiency can be achieved with BPSK and four transmitter
antennas.

Some of the advantages of SM over other transmission
schemes like V-BLAST and APM are summarized here:
• Interchannel interference (ICI) is completely avoided.
• Inter-antenna synchronization (IAS) is not needed.
• Provides high spectral efficiency.
• Results in a significant reduction in receiver complexity.
• Does not suffer from the error propagation problem that

exists in V-BLAST.

III. OPTIMAL DETECTION

The receiver estimates both the transmitted symbol and
the transmitter antenna number and uses these two pieces of
information to de-map the block of information bits.

The optimal detector is based on the ML principle [7]:

[̂ML, q̂ML] = argj,q max pY(y|xjq,H),

= argj,q min
√

ρ||gjq||2F − 2Re{yHgjq}, (5)

where gjq = hjxq, 1 ≤ j ≤ Nt, 1 ≤ q ≤ M , and
pY(y|xjq,H) = π−Nr exp(−||y − √ρHxjq||2F) is the PDF
of y, conditioned on xjq and H. As seen in (5) both the

Fig. 1. Spatial modulation system model.

transmitted symbols and the transmitter antenna numbers are
detected jointly in optimal detection as opposed to the scheme
presented in [8], where the problem is decoupled.

IV. RECURSIVE LEAST-SQUARES ADAPTIVE CHANNEL

ESTIMATION

A basic adaptive channel estimation model as shown in
Fig. 2 is used here to estimate the MIMO channel H. The
same input u is applied to the adaptive filter and the unknown
system. The unknown system output d is measured in the
presence of additive noise v. The output of the adaptive filter
y is subtracted from the output of the unknown system d.
The resulting difference is an error signal e, which is used to
update the filter coefficients of the adaptive filter. If the system
is designed correctly, the adaptive filter’s transfer function will
converge to the unknown system’s transfer function after a
known number of iterations. In this paper, the adaptive filter
used to estimate the MIMO channel coefficients is imple-
mented using the recursive least-squares (RLS) algorithm.

Given an N × 1 measurement vector y, an N × M data
matrix H and an M×M positive-define matrix Π, the M×1
solution wi to the following regularized least-squares problem
[10]:

min
w

[w∗Πw + ||yi −Hiw||2], (6)

can be computed recursively as follows. The individual entries
of yi are denoted by {di}, and the individual rows of Hi are
denoted by {ui}, i.e.,

yi =




d0

d1

d2
...
di




, Hi =




u0

u1

u2
...
ui


 .

Start with w−1 = 0, P−1 = Π−1 and iterate for i ≥ 0:

γi =
1

(1 + uiPi−1u∗i )
,

gi = Pi−1u∗i γi,

wi = wi−1 + gi[di − uiwi−1],

Pi = Pi−1 − gig∗i
γi

.



Fig. 2. Adaptive channel estimation model.

At each iteration, the matrix Pi has the following interpreta-
tion:

Pi = (Π + H∗
i Hi)−1.

V. SIMULATION RESULTS

In the simulation, a block Rayleigh fading channel is
assumed with AWGN. Monte Carlo simulations are performed
for 105 channel realizations. The spectral efficiency is fixed at
m = 3-b/s/Hz. The BER performance versus SNR is plotted
for Nr = 4 antennas.

For comparison, we use two different transmission setups.
The first one is MRC with 8-QAM modulation, and Nt = 1.
The second one is V-BLAST with BPSK modulation, Nt = 3,
and ordered successive interference cancellation (OSIC) with
the minimum mean squared error (MMSE) receiver [11]. SM
with BPSK modulation, and Nt = 4 antennas is shown for
optimal receiver [7].

Figs. 3, 4, and 5 present the performance of the RLS
channel estimator for pilot rates equal to 10%, 5%, and 2%
over a block fading channel at 3-b/s/Hz spectral efficiency
using spatial modulation, V-BLAST and MRC respectively.
The results show the expected trade-off between pilot rate and
performance. For example, reduction in the pilot rate from
10% to 5% results in performance degradation of approxi-
mately 2.5 dB in spatial modulation for BER equal to 10−3,
while the loss is much larger in case of V-BLAST (∼ 4.5 dB).
This is an advantage of SM to be more robust when using
practical channel estimation. Also at low pilot rate (2%), the
system needs much more SNR to perform well.

It is interesting to compare three different MIMO schemes
when using practical channel estimation. The result in Fig.
6 shows that SM with RLS channel estimation provides
performance improvements of approximately 2.1 dB over V-
BLAST and approximately 2.6 dB over MRC for BER equal
to 10−3 and pilot rate equal to 10%.

In addition, SM with RLS channel estimation is still better
than V-BLAST and MRC for pilot rates equal to 5% and 2%
as shown in Figs. 7-8 respectively.
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Fig. 3. Performance of the RLS channel estimator for pilot rates = 10%, 5%,
and 2% over a block fading channel at 3-b/s/Hz using spatial modulation.
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Fig. 4. Performance of the RLS channel estimator for pilot rates = 10%, 5%,
and 2% over a block fading channel at 3-b/s/Hz using V-BLAST.

VI. CONCLUSIONS

In this paper, we applied recursive least-squares adaptive
channel estimator for spatial modulation system with optimal
detection over a block fading MIMO channel. The spectral
efficiency is fixed at 3-b/s/Hz and pilot rates are varied at
10%, 5%, and 2%. The simulation results indicate that SM
with optimal detection and RLS channel estimation achieves
performance gains of approximately 2.1 dB over V-BLAST
and approximately 2.6 dB over MRC for BER equal to 10−3

and pilot rate equal to 10%. In addition, the results show that
SM is more robust with practical channel estimation than
V-BLAST.

ACKNOWLEDGMENT

The authors would like to thank King Fahd University of
Petroleum & minerals for its support.



0 2 4 6 8 10 12 14 16 18

10
−4

10
−3

10
−2

10
−1

10
0

SNR (dB)

B
E

R

 

 

Perfect Channel−MRC 8QAM 1x4
Estimated Channel−MRC 8QAM 1x4 with Pilot Rate = 10 %
Estimated Channel−MRC 8QAM 1x4 with Pilot Rate = 5 %
Estimated Channel−MRC 8QAM 1x4 with Pilot Rate = 2 %

Fig. 5. Performance of the RLS channel estimator for pilot rates = 10%, 5%,
and 2% over a block fading channel at 3-b/s/Hz using MRC.
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Fig. 6. Performance of the RLS channel estimator for pilot rate = 10% over
a block fading channel at 3-b/s/Hz using spatial modulation, V-BLAST, and
MRC.
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Fig. 7. Performance of the RLS channel estimator for pilot rate = 5% over
a block fading channel at 3-b/s/Hz using spatial modulation, V-BLAST, and
MRC.
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Fig. 8. Performance of the RLS channel estimator for pilot rate = 2% over
a block fading channel at 3-b/s/Hz using spatial modulation, V-BLAST, and
MRC.
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