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Abstract—Narrowband interference (NBI) caused by narrow-
band licensed or unlicensed services is a major concern that
constrains the performance of multiple-input multiple-output
(MIMO) systems. In this paper, the new and powerful signal
processing theory of structured compressed sensing (SCS) is in-
troduced to solve this problem. Exploiting the 2-D spatial and
temporal correlations of NBI in MIMO systems, a novel NBI
recovery method, i.e., the spatial multiple differential measuring
method, is proposed in the framework of 2-D SCS. At each receive
antenna, a differential measurement vector is acquired from the
repeated training sequences in the IEEE 802.11 series preamble.
Then, multiple measurement vectors from all receive antennas are
utilized to recover and cancel NBI using the proposed SCS greedy
algorithm of structured sparsity adaptive matching pursuit. Sim-
ulation results indicate that the proposed scheme outperforms the
conventional schemes over the wireless MIMO channel.

Index Terms—Multiple-input multiple-output (MIMO), nar-
rowband interference (NBI), spatial and temporal correlations,
two-dimensional (2-D) structured compressed sensing (SCS).
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I. INTRODUCTION

THE multiple-input multiple-output (MIMO) technique is
widely applied in various broadband communications

systems, such as the wireless local area network (WLAN) spec-
ified in the IEEE 802.11 series standards [1] and the wireless
access in vehicular environments specified in the IEEE 802.11p
standard [2], to utilize spatial diversity and improve system
capacity. To overcome severe channel conditions, orthogonal
frequency-division multiplexing (OFDM) has been adopted in
wireless MIMO systems [1], [2]. However, the OFDM-based
MIMO systems, including WLAN and wireless access in ve-
hicular environment systems, suffer from various noise levels
such as the non-Gaussian narrowband interference (NBI). NBI
is generated by licensed service or unlicensed (intended or
unintended) signals in the same band. There can be multiple
interferes in the same band, making the NBI a superposition
of tone interferers. For instance, the WLAN system is prone to
the licensed narrowband Bluetooth signal that shares the same
band with the WLAN [3]. The wireless access in the vehicular
environment system specified by the IEEE 802.11p standard
also suffers from narrowband disruptions [4]. Narrowband radio
emissions from some electric devices such as microwave ovens
will generate NBI impacts on wireless systems [5]. The narrow-
band harmonics noise levels from personal computers generate
NBI that has impacts on wireless OFDM systems [6]. The
narrowband broadcast signal and amateur radio could introduce
very harmful impacts to the subcarriers of digital subscriber
line or power line communications [7], [8]. NBI causes a severe
impact on the synchronization and demodulation performance
at the receiver [9], [10]. Moreover, the NBI is mixed with the
transmitted signal in both the time and frequency domains,
making it very difficult to measure or mitigate [11]. According
to thorough literature investigation, the state-of-the-art-related
research on NBI mitigation for MIMO systems is still quite
inadequate, nor is the temporal or spatial correlation of the NBI
fully exploited for NBI mitigation. Hence, it is important to de-
sign an effective method of NBI mitigation for MIMO systems.

Some state-of-the-art NBI mitigation methods have been
studied in [12]–[14]. For instance, a time–frequency interleav-
ing scheme aimed at mitigating NBI is proposed to provide
large time and frequency diversities [12]. The conventional
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frequency threshold excision approach detects and then ex-
cludes the subcarriers with power larger than the threshold [13].
Through linear minimum-mean-square-error estimation, NBI
signal is subtracted with the aid of the preserved virtual sub-
carriers [14], whereas the positions of virtual subcarriers have to
be set around the NBI-contaminated subcarriers. Unfortunately,
conventional methods passively mitigate the NBI, which means
that they try to relieve the degradation caused by the NBI
through excision or filtering that cannot exactly recover and
cancel the true interference, leading to a reduction in OFDM
system capacity.

The frequency-domain NBI signal is modeled as a long
vector with as many entries as the OFDM subcarriers, and only
a few of them are nonzero entries; hence, the frequency-domain
NBI is a high-dimensional sparse vector. Since the length of
the NBI vector is quite long, it is difficult to acquire sufficient
sampling data for estimation using conventional methods. The
powerful newly emerging technique in signal processing, i.e.,
compressed sensing (CS) [15], proffers a novel solution to NBI
estimation since the NBI is naturally sparse in the frequency do-
main. However, how to acquire the CS measurement vector of
the NBI is still a difficult problem since the NBI is mixed with
transmitted data and/or training sequences in both time and fre-
quency domains. The CS theory is first introduced to NBI mit-
igation in [16], where the measurement vector is acquired from
the null space of the channel transfer matrix. As another branch
of CS-based NBI recovery methods, a simple and effective
method of temporal differential measuring (TDM) is presented
to acquire the measurement vector for NBI recovery in our
previous work [4], but the NBI is processed by the classical CS
method at only one single receive antenna without exploiting
the possible spatial correlation, which is not stable enough and
might degrade in severe conditions of the NBI. Consequently,
the current research on CS-based NBI recovery is still far from
adequate.

To overcome the drawbacks of conventional NBI mitigation
techniques and the classical CS-based method in our previous
work [4], this paper focuses on the accurate and stable NBI re-
covery for MIMO systems for the first time by the development
and application of the extension of the classical CS theory, i.e.,
the structured CS (SCS) theory [17]. The 2-D spatial and tem-
poral correlations are also first exploited in this paper to facilitate
the SCS-based method. The main novel contributions of this pa-
per with respect to the state-of-the-art methods are as follows.

• The method of spatial multiple differential measuring
(SMDM) is proposed to obtain the SCS measurement
matrix of the NBI for MIMO systems, which has not
been reported in the literature. It is noted that in MIMO
systems, the superposition of different training sequence
components at any receive antenna is of a strictly repeat-
ing structure independent of the multipath channel so that
the NBI temporal correlation can be fully exploited to
obtain the measurement data accurately through a simple
differential operation.

• The 2-D temporal and spatial correlations of the NBI are
utilized to constitute the SCS optimization model for the
first time using the measurement matrix obtained by the

SMDM method, which is built on the basis of the 2-D
SCS framework.

• In the framework of 2-D SCS and SMDM, the SCS greedy
algorithm of structured sparsity adaptive matching pursuit
(S-SAMP) is proposed to recover the NBI in MIMO
systems. The proposed S-SAMP algorithm achieves better
robustness and efficiency than the classical CS algorithm
SAMP and a priori-aided SAMP [4], [18], without coop-
eratively exploiting the 2-D NBI correlations.

The rest of this paper is organized as follows: The system
model of the MIMO system as well as the NBI model is de-
scribed in Section II. Section III presents the main contribution
of this paper, including the proposed SMDM method and the
S-SAMP algorithm for NBI recovery in MIMO systems. The
performance of the proposed method is theoretically analyzed
in Section IV. Simulation results are demonstrated in Section V
to validate the proposed method, followed by the conclusion.

Notations: Matrices and column vectors are denoted by bold-
face letters; (·)† and (·)H denote the pseudo-inversion operation
and conjugate transpose, respectively; ‖ · ‖r represents the �r-
norm operation; v|Ω denotes the entries of vector v in the set
of Ω; Max(v, T ) denotes the indexes of the T largest entries of
vector v; AΩ and A|Ω represent the submatrices comprised of
the Ω columns and Ω rows of matrix A, respectively; (A)i,j
denotes the (i, j)th entry of A; Ωc denotes the complementary
set of Ω; and EX{·} denotes the mathematical expectation on a
random variable X .

Acronyms: The following are the acronyms used in this pa-
per: CS: compressed sensing; SCS: structured compressed sens-
ing; TDM: temporal differential measurement; SMDM: spatial
multiple differential measuring; SAMP: sparsity adaptivematch-
ing pursuit; S-SAMP: structured SAMP; MIMO: multiple-input
multiple-output; MISO: multiple-input single-output; SISO:
single-input single-output; NBI: narrowband interference; TS:
training sequence; INR: interference-to-noise ratio.

II. SYSTEM MODEL

The NBI signal that interferes with MIMO systems is typ-
ically a sparse signal, whose detailed modeling is given as
follows. Following the NBI model, the model of typical MIMO
systems that suffers from NBI is presented.

A. NBI Signal Model

The frequency-domain NBI signal ẽi = [ẽi,0, ẽi,1, . . . ,
ẽi,N−1]

T , which is interfering with the ith transmitted TS or
OFDM symbol with N subcarriers, is a sparse signal usually
modeled by a superposition of tone interferers [19]. The spar-
sity level of the NBI is denoted by K , which is defined as
the number of nonzero entries, and is much smaller than the
signal dimension, i.e., K � N . According to the CS theory,
the sparsity level should not be too large so that the NBI
could be accurately recovered from the undersampled measure-
ment data [15]. The sparsity level also determines the amount
of measurement data that is required by the CS method to
guarantee the sparse recovery. In practical MIMO systems,
since there might not be so many interferers at the same
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band of interest [20], the NBI signal can be well assumed
to be a strictly sparse signal model. The support of the NBI
Ωi = {k|ẽi,k �= 0, k = 0, 1, . . . , N − 1} is the set of the loca-
tions of nonzero entries. The interference-to-noise ratio (INR)
is adopted as an indicator of the NBI intensity compared with
the background noise and is defined as Eẽi

{Pe}/ σ2, with the
average power Pe =

∑
k∈Ωi

|ẽi,k|2/K and the variance of the
additive white Gaussian noise (AWGN) σ2. After the inverse
discrete Fourier transform (IDFT) of ẽi, the corresponding
time-domain NBI vector ei of length M is obtained as ei =
FM ẽi, where the partial IDFT matrix FM ∈ CM×N is given by

FM =
1√
N

[γ0 γ1 · · · γN−1] (1)

where γk is a vector with the nth element of
exp(j2πkn/N), n = 0, 1, . . . ,M − 1, and M is the length of
each TS. The locations of the nonzero entries of the NBI signal
can be randomly distributed in all the OFDM subcarriers,
and the sparsity level is arbitrary. Without loss of generality,
the random distribution of the NBI support is applicable for
practical wireless channels [21].

In the development of a more effective NBI recovery scheme,
the 2-D SCS framework where both the temporal and spa-
tial correlations in a MIMO-OFDM system are exploited is
proposed in this paper. The temporal correlation is that the
NBI signal remains quasi-static during a certain number of
consecutive transmitted symbols. This is based on the fact that
NBI in wireless systems is commonly generated by electric-
device nonlinearity emission, amateur radio-frequency ingress,
or wireless interferers working at relatively fixed frequencies
[11], [20]. The spatial correlation of the NBI in MIMO systems
is that the NBI supports (the set of nonzero entry locations) at
Nr receive antennas are assumed to share the same sparse pat-
tern Ω(1) = Ω(2) = · · · = Ω(Nr) = Ω [22], since the distance
between different receive antennas in the MIMO system is short
enough so that the NBI frequencies are spatially correlated.

B. MIMO System Model

In MIMO systems, repeated training sequences are adopted
for synchronization and channel estimation, such as in the
preamble of the IEEE 802.11 series standards [1], [2]. Without
loss of generality, the repeated training sequences specified
by the IEEE 802.11p standard [2] are adopted as an instance
to demonstrate the mechanism of SMDM, which is shown in
Fig. 1. Typically, a 2 × 2 MIMO system configured in the
IEEE 802.11p standard is investigated in this paper, whereas
the proposed scheme is also applicable in arbitrary Nt ×Nr

MIMO systems. At each transmit antenna, a group of D
identical training sequences is sent continuously, with each
denoted as c(t) = [c

(t)
0 , c

(t)
1 , . . . , c

(t)
M−1]

T for the tth transmit
antenna and having the identical length M . All the Nt groups
of training sequences are sent simultaneously at Nt transmit
antennas. After being transmitted over the Nt ×Nr wireless
MIMO channel [23] with the channel impulse response h(tr) =

[h
(tr)
0 , h

(tr)
1 , . . . , h

(tr)
L−1]

T between the tth transmit antenna and
the rth receive antenna, where h(tr) is assumed to be invari-

Fig. 1. Two-dimensional SCS-based NBI recovery through SMDM in MIMO
systems.

ant during temporally adjacent training sequences [24], the
received ith TS impacted by the NBI at the rth receive antenna
y
(r)
i = [y

(r)
i,0 , y

(r)
i,1 , . . . , y

(r)
i,M−1]

T , i = 1, 2 . . . , D is given by

y
(r)
i = FM ẽ

(r)
i +w

(r)
i +

Nt∑
t=1

Φ(t)h(tr) (2)

where ẽ
(r)
i denotes the frequency-domain NBI vector for the

ith TS at the rth receive antenna, and wi is the AWGN vector
with zero mean and variance of σ2. At the rth receive antenna,
the received TS components from the Nt transmit antennas
are denoted by

∑Nt

t=1 Φ
(t)h(tr) in (2), with the matrix Φ(t) ∈

CM×L given by

Φ(t)=

⎡
⎢⎢⎢⎣
c
(t)
0 c

(t)
M−1 c

(t)
M−2 · · · c

(t)
M−L+1

c
(t)
1 c

(t)
0 c

(t)
M−1 · · · c

(t)
M−L+2...

...
...

. . .
...

c
(t)
M−1 c

(t)
M−2 c

(t)
M−3 · · · c

(t)
M−L

⎤
⎥⎥⎥⎦
M×L

. (3)

At each receive antenna, the received signal of the ith TS
is given in the form of (2), including the superposition of the
received Nt ith training sequences from Nt transmit antennas,
the NBI signal, and the background AWGN. The proposed
SMDM method will first acquire a one-dimensional (1-D)
differential measurement of the NBI exploiting the temporal
correlation from each receive antenna and then fully utilizes the
spatial correlation of the NBI at the Nr receive antennas and
implement the multiple differential measuring of the NBI for
the 2-D SCS-based NBI recovery, which is described in detail
in the following section.

III. TWO-DIMENSIONAL STRUCTURED COMPRESSED

SENSING-BASED NARROWBAND INTERFERENCE

RECOVERY IN MULTIPLE-INPUT MULTIPLE-OUTPUT

SYSTEMS

How to acquire the measurement matrix of the NBI with
2-D correlations to build up the SCS model is vital. Here,
the SMDM method is first proposed to accomplish this task.
Afterward, a novel SCS-based greedy algorithm, i.e., S-SAMP,
is presented to efficiently recover the SCS optimization problem
set up by SMDM.

A. Spatial Multiple Differential Measurements of the NBI

According to the CS theory, obtaining the measurement
vector of the NBI signal is crucial for CS algorithms [15]. It has
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been proved that using CS algorithms, a sparse vector will be
exactly recovered from low-rate sampled measurements in the
presence of power-constrained background AWGN [25]. Nev-
ertheless, the TS or data components with much higher power
than AWGN should be excluded to ensure effective recovery.
This is a difficult task for conventional schemes since the NBI
signal is messed up with data or training sequences in both time
and frequency domains and difficult to measure separately. To
achieve this goal, a novel TDM method has been proposed in
our previous work [4] to obtain the measurement vector simply
by the differential operation between adjacent received training
sequences. For MIMO systems considered in this paper, as
shown in Fig. 1, the NBI differential measurement vector
Δy

(r)
i for the rth receive antenna can be similarly acquired by

subtracting y
(r)
i+1 from y

(r)
i given by (2) to exclude the common

received TS components
∑Nt

t=1 Φ
(t)h(tr), which yields the

following CS measurement equation:

Δy
(r)
i = FMΔẽ

(r)
i +Δw

(r)
i (4)

where Δy
(r)
i = y

(r)
i − y

(r)
i+1, Δw

(r)
i = w

(r)
i −w

(r)
i+1, and the

NBI differential vector at the rth receive antenna Δẽ
(r)
i ∈ CN

is denoted as

Δẽ
(r)
i = ẽ

(r)
i − ẽ

(r)
i+1 =

[
Δẽ

(r)
i,0 ,Δẽ

(r)
i,1 , . . . ,Δẽ

(r)
i,N−1

]T
. (5)

It is noted that the differential AWGN Δw
(r)
i in (4) is the

addition of two AWGN variables, which results in an AWGN
variable with only a power increase compared with the original
background noise. However, it has hardly any impact on the ef-
fectiveness of the proposed method. It is proved in [15] and [25]
that it is highly probable to recover the sparse signal accurately
in the presence of the power constraint of the background noise.
Moreover, the power of the practical NBI is much larger than
that of AWGN in the frequency domain, which leads to high
INR and facilitates the recovery of the NBI. The simulation
results are also reported in Section V to show the effectiveness
and accuracy of NBI recovery in the presence of the background
AWGN.

Due to its temporal correlation, the NBI signal remains
invariant during adjacent training sequences, and thus, the time-
domain NBI vector at the (i + 1)th TS e

(r)
i+1 is equal to the

time-domain NBI vector at the ith TS e
(r)
i delayed by Δl sam-

ples, where Δl = M is the distance between the two adjacent
training sequences. Hence, the frequency-domain NBI vector at
the (i+ 1)th TS ẽ

(r)
i+1 should be ẽ(r)i with a phase shift, i.e.,

ẽ
(r)
i+1,k = ẽ

(r)
i,k exp

(
j2πkΔl

N

)
, k = 0, 1, . . . , N − 1. (6)

Here, (6) is the very temporal correlation of the NBI between
adjacent training sequences that facilitates the TDM of the NBI,
as well as the proposed SMDM framework. Consequently, the
entries of the NBI differential vector in (5) are given by

Δẽ
(r)
i,k = ẽ

(r)
i,k

(
1 − exp

(
j2πkΔl

N

))
, k = 0, 1, . . . , N − 1.

(7)

The unknown sparse NBI differential vector is estimated
from only a 1-D measurement vector by solving (4) using CS
algorithms in our previously proposed method [4]. However,
this approach might suffer from large NBI sparsity levels,
strong background noise, and short length of the measurement
vector in severe circumstances.

In the proposed framework of 2-D SCS and SMDM, the
spatial correlation as well as the temporal correlation of the
NBI signal is taken full advantage of to improve the stability
of NBI recovery for MIMO systems. Recall that one measure-
ment vector at the ith received TS given by (4) is acquired
for each receive antenna using the previously proposed TDM
method. Now, in the proposed SMDM method, considering the
Nr measurement vectors at the ith received TS from the Nr

receive antennas, with each having the form of the CS sparse
measurement model given by (4), we obtain the following SCS
measurement equation:

ΔY =
[
Δy

(1)
i ,Δy

(2)
i , . . . ,Δy

(Nr)
i

]
M×Nr

=FMΔẼ+ΔW

(8)

where ΔẼ = [Δẽ
(1)
i ,Δẽ

(2)
i , . . . ,Δẽ

(Nr)
i ] are the spatially

jointly sparse matrix of the NBI whose columns share the same
support Ω (i.e., NBI supports at the Nr receive antennas are
the same), whereas the values of the nonzero entries in the
same row of the matrix might be different from each other.
ΔW = [Δw

(1)
i ,Δw

(2)
i , . . . ,Δw

(Nr)
i ] is the AWGN matrix.

Consequently, the formulated mathematical model (8) precisely
complies with the newly developed theory of SCS [17].

According to the SCS theory, it is proved that the jointly
sparse vectors within ΔẼ (the columns of ΔẼ) will be simul-
taneously recovered accurately by solving the convex optimiza-
tion problem, which is deduced from the SCS measurement
equation (8), as follows [17]:

ΔÊ = arg min
ΔẼ∈CN×Nr

‖ΔẼ‖p,q, s.t‖ΔY − FMΔẼ‖p,q ≤ ε2

(9)

where ε2 denotes the power constraint of the background
AWGN ΔW, and the �p,q norm of the matrix ΔẼ is defined by

‖ΔẼ‖p,q =
(∑

m

‖ΔẼm‖qp

) 1
q

(10)

with ΔẼm being the mth row of ΔẼ. The �2,0 norm is adopted
[17], with ε2 = Nrσ

2 accordingly. Note that the previously
proposed TDM approach without exploiting the spatial corre-
lation can be regarded as a special case of the newly proposed
SCS-based SMDM framework with Nr = 1 in (8) and (9).

Greedy CS algorithms could be implemented to solve the 1-D
convex optimization problem (4) induced by the TDM method,
such as the classical SAMP [18] dealing with sparse recovery
with unknown sparsity levels. Using the TDM method with the
SAMP algorithm, the NBI Δẽ

(r)
i is recovered and canceled at

each receive antenna separately without cooperative reconstruc-
tion of NBI from multiple receive antennas that exploits the
spatial correlation in MIMO systems. However, since SAMP
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is aimed at the classical CS-based recovery using only 1-D
measurement, it might become vulnerable in severe conditions.
To solve this problem, the spatial correlation of the NBI is fully
exploited to improve the stability and accuracy of SAMP for
the MIMO system. Under the 2-D SCS-based SMDM frame-
work, we propose the S-SAMP algorithm to effectively solve
the multidimensional convex optimization problem in (9) and
reconstruct the spatially jointly sparse matrix ΔẼ accurately,
which is introduced in detail in the following section.

B. SCS-Based Greedy Algorithm of Structured SAMP

The pseudocode of the proposed S-SAMP is summarized in
Algorithm 1. The inputs of Algorithm 1 are the measurement
matrix ΔY, the observation matrix Ψ = FM , and the iteration
step size δ of the test sparsity level Kt. The iterations are
composed of multiple stages, and Kt is increased by δ when
the stage switches. The output of Algorithm 1 is the final output
support Ω̂ and the recovered jointly sparse matrix ΔÊ of the
NBI s.t. ΔÊ|Ω̂ = Ψ†

Ω̂
ΔY,ΔÊ|Ω̂c = 0.

Algorithm 1 S-SAMP for NBI Recovery in the MIMO System

Input:
1) Measurement matrix ΔY
2) Observation matrix Ψ = FM

3) Step size δ.

Initialization:
1: ΔÊ(0) ← 0N×Nr

; R(0) ← ΔY
2: Ω(0) ← ∅; Kt ← δ
3: k ← 1; j ← 1

Iterations:
4: repeat
5: v ∈ CN s.t vi =

∑Nr

j=1 |(ΨHR(k−1))i,j |
6: Sk ← Max{v,Kt} {Preliminary test}
7: Ck ← Ω(k−1) ∪ Sk {Make candidate list}
8: u ∈ C|Ck| s.t ui =

∑Nr

j=1 |(Ψ
†
Ck

ΔY)
i,j
|

9: Ωt ← Max{u,Kt} {Temporary final list}
10: ΔÊ(k)|Ωt

← Ψ†
Ωt
ΔY; ΔÊ(k)|Ωc

t
← 0

11: Rt ← ΔY −ΨΩt
Ψ†

Ωt
ΔY {Compute residue}

12: if ‖Rt‖2,0 ≥ ‖R(k−1)‖2,0 then
13: T ← T + δ {Stage switching}
14: else
15: Ω(k) ← Ωt; Ω̂ ← Ωt;R

(k) ← Rt

16: k ← k + 1 {Same stage, next iteration}
17: end if
18: until ‖Rt‖2,0 < ε2

Output:
1) Final output support Ω̂
2) Recovered spatially jointly sparse matrix ΔÊ, s.t.

ΔÊ|Ω̂ = Ψ†
Ω̂
ΔY, ΔÊ|Ω̂c = 0

It is observed from Algorithm 1 that the spatial correlation
of the NBI is fully exploited in S-SAMP by summing up the
values of the Nr columns of the measurement matrix ΔY to
pick out the maximum Kt entries as the candidate support list

in each iteration instead of picking from only one measurement
vector in classical SAMP [18]. Under the 2-D SCS-based
SMDM framework, S-SAMP takes full advantage of the spatial
multiple differential measurements to enhance the robustness
of NBI recovery. Particularly under severe conditions with short
measurement vector, large background noise intensity, or higher
sparsity levels, S-SAMP ensures better performance than clas-
sical CS algorithms, which is demonstrated by simulations
in Section IV.

C. Subsequent NBI Cancelation for MIMO Systems

The rth column of the recovered jointly sparse matrix ΔÊ of
the NBI is the recovered NBI differential vector Δê

(r)
i related

to the rth receive antenna. Hence, according to (5) and (7), the
original frequency-domain NBI vector ẽ(r)i associated to the ith

received TS y
(r)
i at the rth receive antenna can be acquired from

Δê
(r)
i by

ẽ
(r)
i,k =

Δê
(r)
i,k(

1 − exp
(

j2πkΔl
N

)) , k = 0, 1, . . . , N − 1. (11)

Finally, the frequency-domain NBI vector ẽ
′(r)
n =

[ẽ
′(r)
n,0 , ẽ

′(r)
n,1 , . . . , ẽ

′(r)
n,N−1]

T associated to the received nth
OFDM symbol in the payload at the rth receive antenna is
similarly acquired by

ẽ
′(r)
n,k = ẽ

(r)
i,k · exp

(
j2πkΔdi,n

N

)
, k = 0, 1, . . . , N − 1 (12)

where {Δdi,n = (n− 1)F + (D − i+ 1)M}D−1
i=2 is the dis-

tance between the ith received TS y
(r)
i and the nth OFDM

symbol with the frame length of F . Afterward, the recovered
NBI signal is canceled from the received OFDM symbol for
each of the Nr receive antennas.

IV. PERFORMANCE EVALUATION

This section gives an evaluation on the performance of the
proposed method, including the analysis of the computational
complexity of the algorithm, and a brief introductory analysis
of the restricted isometry property of the adopted observation
matrix.

A. Computational Complexity Analysis

The computational complexity of the proposed 2-D SCS-
based SMDM method using the proposed S-SAMP algorithm
mainly includes the following two parts.

1) SMDM: The complexity of each 1-D CS measurement
vector acquisition at each receive antenna is O(M);
hence, the complexity of the SMDM operation for ob-
taining multiple measurement vectors at the Nr receive
antennas is O(NrM).

2) S-SAMP: The SCS greedy algorithm contributes the ma-
jor complexity. For each iteration, the complexity consists
of two parts: the inner product between the observation
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matrix Ψ and the residue matrix R(k−1) has complexity
of O(NrMN); the equivalent LS problem ΔÊ(k)|Ωt

←
Ψ†

Ωt
ΔY requires the complexity O(NrMK), which is

distinguished from that of the classical SAMP algorithm
in that each iteration has been extended to Nr multiple
dimensions. The upper bound of the total number of
iterations is K in S-SAMP; hence, the total complexity
of S-SAMP is on the order of O(KNrM(N +K)).

To sum up, the total complexity of the proposed NBI cancela-
tion approach is on the order of O(NrM +KNrM(N +K)).

B. Brief Introductory Analysis on Restricted Isometry Property

The observation matrix should satisfy the restricted isometry
property to solve the CS problem accurately according to the
probabilistic theory of sparse signal recovery [26]. An M ×N
matrix A is considered to obey the restricted isometry property
with parameters K and δK if

(1 − δK)‖x‖22 ≤ ‖Ax‖22 ≤ (1 + δK)‖x‖22 (13)

for any K-sparse vector x (K-sparse means its sparsity level is
K), where the parameter 0 ≤ δK < 1 is the restricted isometry
constant. With the decrease of δK , the isometric property of
matrix A becomes more restricted and closer to the strict
orthogonal isometric property for matrix A when δK = 0.
Hence, the restricted isometry property can also be regarded
as the indicator of the orthogonality extent of the matrix.
Considering the observation matrix FM used in the proposed
SMDM method, the semiorthogonal property is inherent due to
its specific structure. It is not difficult to prove that the cross-
correlation values of the columns of FM are relatively small
compared with the autocorrelation value of 1. We can regard
this property as the semiorthogonal property, which indicates
that the observation matrixFM of the proposed method satisfies
the restricted isometry property requirements properly with a
fairly small restricted isometry property constant δK .

V. SIMULATION RESULTS AND DISCUSSIONS

The performance of the proposed 2-D SCS-based SMDM
method with the proposed S-SAMP algorithm for NBI recovery
in wireless MIMO systems is evaluated through simulations.
The NBI recovery performance of the previously proposed
classical CS-based TDM method with the SAMP algorithm,
which is implemented at each receive antenna separately, is also
evaluated using the same MIMO system setup for comparison
(as described in Section III-A, it is equivalent to the NBI
recovery process in the MISO or the SISO system). Typically,
the simulation setup is configured according to the wireless
access in vehicular environment MIMO systems specified by
the IEEE 802.11p standard [2]. The OFDM subcarrier number
N = 64, and the length of each TS M = 16. The number of
repeated training sequences sent by each transmit antenna is
D = 5. The 2 × 2 MIMO or 4 × 4 MIMO multipath channel
[23] in the presence of NBI is adopted. The low-density parity-
check code with a code length of 1944 bits and a code rate
of 1/2, as well as the 64-quadrature amplitude modulation as
specified in [1] are adopted.

Fig. 2. Performance of one realization of NBI recovery using the 2-D
SCS-based SMDM scheme with S-SAMP.

The performance of one realization of the NBI recovery
using the proposed 2-D SCS-based SMDM scheme with the
S-SAMP algorithm for the 2 × 2 MIMO wireless access in
the vehicular environment system is shown in Fig. 2, when
the sparsity level K = 4 and INR = 30 dB. Without loss of
generality, we demonstrate the actual and estimated NBI signals
at one of the receive antennas. The NBI at one certain receive
antenna is recovered from the measurement matrix constituted
by the differential measurements at Nr = 2 receive antennas.
The result in Fig. 2 implies that the NBI estimation precisely
matches the actual NBI signal.

The mean square error (MSE) of NBI recovery is shown in
Fig. 3. In the 2 × 2 MIMO wireless access in the vehicular
environment system, the SMDM scheme with the S-SAMP
algorithm, and the previously proposed TDM scheme with the
SAMP algorithm are compared, with the sparsity level K = 4
and K = 8. The theoretical Cramer–Rao lower bound (CRLB)
of 2σ2(NK/M) [4] is depicted as the benchmark. The pro-
posed SMDM scheme with S-SAMP achieves the MSE of 10−3

with the INR of 17.5 and 24.6 dB at the sparsity level K = 4
and K = 8, respectively, which has a 2.5-dB gain over the
TDM method with SAMP. With the increase of INR, the MSE
of SMDM asymptotically approaches the CRLB, verifying
the recovery accuracy. Moreover, the introduction of SMDM
will reduce the requirement of the length of the measurement
vector from O(K log2(N/K)) in the classical CS to O(K) in
SCS [22].

The NBI recovery probability versus the sparsity level K
is shown in Fig. 4. The recovery probability is defined as
the frequency of successful NBI recovery, i.e., the frequency
of MSE < 10−2. It is noted that the SMDM scheme with
S-SAMP for 2 × 2 MIMO and 4 × 4 MIMO reaches a
recovery probability of 0.9 at K > 7 and K > 10, respectively,
which indicates that the proposed SMDM method exploiting
the spatial correlation can recover the NBI signal at larger
sparsity levels and is more robust against the variance of the
sparsity level than the previously proposed TDM method with
the SAMP algorithm in the MIMO system.

To demonstrate the effects of different measurement vector
lengths on the NBI recovery performance, we assume that the
length of each TS M used as the measurement vector is variant
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Fig. 3. MSE of NBI recovery versus INR for the 2-D SCS-based SMDM
scheme with S-SAMP and the 1-D CS-based TDM scheme with SAMP for
the 2 × 2 MIMO system.

Fig. 4. NBI recovery probability versus sparsity level K for the 2-D SCS-based
SMDM S-SAMP and 1-D CS-based TDM SAMP schemes.

Fig. 5. NBI recovery probability versus measurement vector length M for the
2-D SCS-based SMDM S-SAMP and 1-D CS-based TDM SAMP schemes.

in this case and simulate the corresponding performance. This
way, the recovery probability of both the SMDM method with
S-SAMP and the TDM method with SAMP versus the measure-
ment vector length M is shown in Fig. 5. It can be noted from
Fig. 5 that to reach the successful NBI recovery probability of
0.90, the 4 × 4 MIMO and 2 × 2 MIMO SMDM method with
S-SAMP only requireM = 9 andM = 11 measurement vector
length (measurement samples), whereas longer measurement

TABLE I
AVERAGE NUMBER OF ITERATIONS TO REACH SUCCESSFUL

NBI RECONSTRUCTION (MSE < 10−3)

Fig. 6. BER performance comparison of different NBI mitigation schemes for
the 2 × 2 MIMO wireless access in the vehicular environment system.

vector M = 14 is required by the MISO/SISO TDM method
with SAMP. It can be inferred that the proposed SMDM method
takes full advantage of the spatial correlation in MIMO systems
based on the SCS theory, making the NBI easier to recover and
cancel with less measurement data. Hence, using the proposed
SMDM method, shorter overhead TS in the IEEE 802.11p
standard specified preamble is needed for NBI cancelation.

To quantitatively measure the execution time of the pro-
posed SCS greedy algorithm S-SAMP and the classical CS
greedy algorithm SAMP, the average number of iterations using
S-SAMP and SAMP for NBI recovery is summarized in
Table I, where the average value is calculated from 106 times of
NBI reconstruction simulations. It can be noted that the average
iteration number to reach the same criterion (MSE < 10−3,
INR = 30 dB) for S-SAMP is significantly smaller than that of
SAMP in case of different sparsity levels. One can infer from
Table I that the convergence rate of NBI recovery will be much
higher using the proposed SMDM method and the S-SAMP
algorithm that exploits the MIMO spatial correlation based on
the SCS theory.

The bit error rate (BER) performances of different NBI mit-
igation schemes over the 2 × 2 MIMO channel in the presence
of NBI are shown in Fig. 6, including the proposed SMDM
scheme with S-SAMP, as well as the conventional frequency
threshold excision method and the TDM method with SAMP
for comparison. The case ignoring NBI and the ideal case
without NBI are depicted as benchmarks. It is observed that
the proposed SMDM method with S-SAMP outperforms the
conventional frequency threshold excision method and the case
ignoring NBI by approximately 0.9 and 1.2 dB, respectively,
at the target BER of 10−4 in the presence of the NBI with
K = 8 and INR = 30 dB. With the aid of the spatial correlation
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under the SCS framework, the SMDM method further achieves
a 0.4-dB gain over the previously proposed TDM method.
Moreover, the proposed SMDM method is only about 0.1 dB
from the ideal curve without NBI, which demonstrates the
accuracy and effectiveness of NBI recovery for MIMO systems.

VI. CONCLUSION

In this paper, a novel 2-D SCS-based method of NBI can-
celation has been proposed in MIMO systems and validated
by both theoretical analysis and computer simulations. Ex-
ploiting the spatial and temporal correlations of the NBI, the
classical CS algorithm SAMP is improved by the proposed
S-SAMP algorithm. The proposed SMDM method is capable
of recovering the NBI only using the training sequences in
the existing IEEE 802.11 series standards. The proposed 2-D
SCS-based SMDM method outperforms conventional NBI mit-
igation schemes, as well as the classical CS-based TDM method
that ignores the spatial correlation, particularly in severe con-
ditions where strong background noise and large NBI sparsity
levels are present. The 2-D SCS-based SMDM method requires
an even shorter TS length in the IEEE 802.11 preamble for
measurements than does the classical CS-based TDM method.
Furthermore, apart from the IEEE 802.11 series MIMO sys-
tems, the proposed method is also workable in other communi-
cation systems adopting repeated training sequences impacted
by NBI and in massive MIMO systems.
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