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Direction-of-arrival estimation for co-located multiple-input
multiple-output radar using structural sparsity Bayesian learning∗
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This paper addresses the direction of arrival (DOA) estimation problem for the co-located multiple-input multiple-
output (MIMO) radar with random arrays. The spatially distributed sparsity of the targets in the background makes com-
pressive sensing (CS) desirable for DOA estimation. A spatial CS framework is presented, which links the DOA estimation
problem to support recovery from a known over-complete dictionary. A modified statistical model is developed to ac-
curately represent the intra-block correlation of the received signal. A structural sparsity Bayesian learning algorithm is
proposed for the sparse recovery problem. The proposed algorithm, which exploits intra-signal correlation, is capable being
applied to limited data support and low signal-to-noise ratio (SNR) scene. Furthermore, the proposed algorithm has less
computation load compared to the classical Bayesian algorithm. Simulation results show that the proposed algorithm has a
more accurate DOA estimation than the traditional multiple signal classification (MUSIC) algorithm and other CS recovery
algorithms.
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1. Introduction

The multiple-input multiple-output (MIMO) radar ex-
ploits multiple transmitting antennas to simultaneously trans-
mit orthogonal waveforms, and utilizes multiple receiving an-
tennas to receive the reflected signal. The information of an
individual transmit path is extracted by a set of matched filters
in the receiver, and the information from all the transmit paths
enables the MIMO radar to achieve better performance than
the traditional radars.[1] Theoretical research indicates that the
MIMO radar has several built-in advantages in noise suppres-
sion, overcoming the fading effect, improving spatial resolu-
tion, enhancing parameter identifiability, etc.[2,3]

Direction of arrival (DOA) estimation is a fundamental
task in the MIMO radar that has been widely investigated in
the past decades. However, most of the previous studies fo-
cused on the uniform array geometry, such as uniform linear
arrays (ULA), uniform circular-shape, and L-shape arrays. To
avoid phase ambiguity, elements in the uniform array geom-
etry are spaced at intervals no larger than half wavelength of
the transmit signal carrier. The uniform array setup, which per-
forms spatial sampling at the Nyquist rate, requires the prod-
uct of transmit and receive elements scale linearly with the
array aperture. In addition, this kind of configuration leads to

high volume of data, which may be more serious in a massive
MIMO radar system.[4] Generally speaking, angle resolution
improves with the increase of array aperture. For a given num-
ber of antenna elements, the minimum redundancy linear ar-
ray (MRLA) can achieve the maximum resolution by reducing
the redundancy of spatial correlation lags.[5] An MRLA con-
figuration was introduced to the MIMO radar in Ref. [6] and
achieved similar resolution with the ULA architecture. Com-
pared with the MRLA configuration, the random array pat-
tern provides a more flexible form for the MIMO radar, where
transmit and receive elements are randomly placed over a large
aperture and spatial sampling is applied at sub-Nyquist rate.
The random array setup would achieve similar resolution with
significantly fewer elements. Hence, the random array config-
uration has attracted much attention in recent years.[7]

DOA estimation for the random array architecture MIMO
radar can be accomplished with a variety of algorithms. Clas-
sical angle estimation algorithms such as multiple signal clas-
sification (MUSIC)[8] estimate parameters via the spectral
peak searching. The estimation method of signal parameters
via rotational invariance techniques (ESPRIT)[9] utilizes the
invariance property of both transmit array and receive array
for angle estimation. The array in ESPRIT algorithm must
be composed of two identical, translationally invariant sub-
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arrays. One main drawback of these algorithms is the ne-
cessity of processing singular value decomposition (SVD) or
eigenvalue decomposition (EVD) of the received data, which
requires the prior information of the incident signal number.
Besides, large numbers of snapshots are necessary to ensure
the stability of SVD or EVD, which is impractical for the
fast-moving targets, as the direction of target is continuously
changing over a period of time. As a result, only a few
snapshots are available for DOA estimation. From a sparsity
point of view, the number of targets in the detection back-
ground is much smaller than the total number of the inter-
esting cells. Therefore, the angle estimation from the sub-
sampled array data can be linked to a sparse inverse prob-
lem from multiple measurement vectors (MMV) in compres-
sive sensing (CS),[10,11] which can be solved by technologies
such as basis pursuit (BP) algorithm,[12] orthogonal matching
pursuit (OMP) algorithm,[13] FOCal underdetermined system
solver (FOCUSS) algorithm,[14] and sparse bayesian learning
(SBL) algorithm.[15] The motivation for sparse solution is to
estimate the parameters more accurately compared to the tra-
ditional methods. Unfortunately, the complexity of BP algo-
rithm is too high to implement. OMP and FOCUSS are sen-
sitive to noise and have the problem of choosing a proper reg-
ularization parameter. As one important family of Bayesian
algorithms, SBL has received much attention recently since it
always achieves the sparsest global minima.[15] Besides, the
statistical model in SBL provides a flexible framework to ex-
ploit special structures in the sparse signal,[16–23] which may
significantly improve the recovery performance.

Generally speaking, the special structures of the source
matrix in the MMV model can be divided into two
categories.[16] The first category is inter-correlation that de-
scribes the distribution of the nonzero entities in each column
vector. The second category is intra-correlation that indicates
the correlation between the entries in each of the non-zero
rows. In Ref. [24], the intra-correlation was modeled with a
zero-mean Gaussian process, and a maximum-likelihood es-
timator is derived for DOA estimation. To reduce the com-
putational load in Ref. [24], a block Gaussian priori was
present to describe the inter-cluster of the spatial power spec-
trum in array antenna DOA estimation.[25] The coarse loca-
tions of the sources were obtained via SBL, and a peak search-
ing procedure was introduced for refined DOA estimation. A
block Gaussian process was modeled in Ref. [26] to capture
the intra-correlation of the incident sources, and the block
sparse Bayesian learning (BSBL) was derived for the off-grid
DOA estimation. The sparse representation coefficients in dis-
tributed MIMO radar were assumed to satisfy a parameterized
multivariate Gaussian distribution in Ref. [27], and BSBL was
exploited for multi-targets localization. These structures have
been shown to be very effective in robust parameter estimation

with limited snapshots. However, intra-block correlation was
ignored by the previous literature, which may result in perfor-
mance loss in the reconstruction.

This paper links the DOA estimation problem in random
manifold configured co-located MIMO radar to support recov-
ery in the CS framework. The intra-signal correlation of the re-
ceived snapshots is modeled with a modified statistical model,
which represents the correlation of the snapshots more accu-
rately. The BSBL framework is introduced to exploit the spe-
cial correlation. Angle estimation is then linked to hyperpa-
rameters learning in the Bayesian framework, and a low com-
plexity Bayesian learning algorithm is developed to speed up
the learning process. The proposed algorithm does not require
the prior information of the target number, which means that
our algorithm has blind and robust characteristic, therefore
the proposed algorithm has higher working efficiency. The
proposed algorithm has better DOA estimation accuracy than
MUSIC method[8] and conventional CS methods. Besides, our
approach reduces the computational cost of the conventional
SBL algorithm.[15] Extensive experiments show the superior-
ity of the proposed algorithm.

The rest of the paper is organized as follows. Section 2
presents the signal model for the spatial CS-MIMO radar and
provides the proposed Bayesian algorithm. Simulation results
are given in Section 3. Finally, conclusion remarks are drawn
in Section 4.

Notation Lower case and capital letters in bold denote,
respectively, vectors and matrices. The superscripts (•)T,
(•)H, (•)−1, and (•)† represent the operations of transpose,
Hermitian transpose, inverse, and pseudo-inverse, respec-
tively; the subscripts ‖•‖0, ‖•‖1, ‖•‖2, and ‖•‖F separately
denote the l0-norm, l1-norm, l2-norm, and Frobenius norm,
respectively; the vec(•) operator stacks the columns of its ma-
trix argument in one tall column; ⊗ and � represent the Kro-
necker product and Khatri–Rao product (column-wise Kro-
necker product).

2. Signal model and the proposed algorithm
2.1. Signal model

Consider the co-located MIMO radar model in Ref. [7],
which is equipped with an M-element transmitter and an N-
element receiver (as shown in Fig. 1). The transmitter and re-
ceiver are assumed to be linearly distributed in the x axis (pos-
sibly overlapping), with the total aperture ZTX and ZRX (nor-
malized in wavelength units), respectively. The physical loca-
tions of the m-th transmitter and the n-th receiver are denoted
by Zζm/2 and Zξn/2, respectively. Here, Z = ZTX +ZRX, ζm

lies in the interval [−ZTX/Z, ZTX/Z], and ξn lies in the interval[
−ZRXZ, ZRX/Z

]
. We assume that the transmitter antennas’

locations ζ are independent and identically distributed (i. i. d.)
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random variables governed by a distribution p(ζ ). Similarly,
the positions of the receivers ξ are drawn i. i. d. from a distri-
bution p(ξ ). It is also assumed that there are K non-coherent
targets appearing in the far-field of the radar system, the DOA
of the k-th target is denoted by θk. Additional assumptions are
that each transmit antenna emits a pulse train with L orthogo-
nal waveforms, during which θk is a constant and the effect of
jammers and interference is compensated. The output of the
matched filters at the n-th receiver can be expressed as

𝑦
(l)
n =

K

∑
k=1

exp(jπZθkξn)𝑐(θk)s(l)k +𝑒
(l)
n , l = 1,2, . . . ,L, (1)

where 𝑦
(l)
n ∈ CM×1 is the matched filtering results for

the l-th pulse, 𝑐(θk) = [exp(jπZθkζ1), exp(jπZθkζ2) , . . .,
exp(jπZθkζM)]T ∈ CM×1 is the steering vector of the transmit
array, s(l)k is the radar cross section (RCS) fading coefficient of

target k during the l-th pulse, and 𝑒
(l)
n ∈ CM×1 is an additive

Gaussian white noise vector.

θ

k-th target

n th receive element m th transmit element

2
m

Z
ζ2

λ
?

2
n

Z
ξ

x

Fig. 1. (color online) MIMO radar system model.

Define 𝑏(θk) = [exp(jπZθkξ1), exp(jπZθkξ2) , . . .,
exp(jπZθkξN)]

T ∈ CN×1 as the steering vector of the re-
ceive array. Let the receive direction matrix 𝐵 (𝜃) =

[𝑏(θ1) ,𝑏(θ2) , . . . ,𝑏(θK)], and the transmit direction matrix
𝐶 (θ) = [𝑐(𝜃1) ,𝑐(θ2) , . . . ,𝑐(θK)]. Arrange the matched
filtering results as 𝑌 = [𝑌1,𝑌2, . . . ,𝑌N ]

T ∈ CMN×L with
𝑌n =

[
𝑦
(1)
n ,𝑦

(2)
n , . . . ,𝑦

(L)
n

]
∈ CM×L, n = 1,2, . . . ,N, then the

received signal matrix 𝑌 can be expressed as

𝑌 = 𝐴̃(𝜃)𝑆+𝐸, (2)

where 𝐴̃(𝜃) = 𝐵 (𝜃) , . . . ,𝐶 (θ) ∈ CMN×K is the virtual ar-
ray direction matrix, S = [𝑆1,𝑆2, . . . ,𝑆L] ∈ CK×L with 𝑆l =[
sl

1,s
l
2, . . . ,s

l
K
]T ∈ CK×1, 𝐸 ∈ CMN×L denotes the received

noise matrix.
It is assumed that the targets are located in the maxi-

mum unambiguous angles. By discretizing the possible tar-
get DOA on a fine uniform grid, i.e., [ϕ1,ϕ2, . . . ,ϕG] (K �
G), we can obtain an over-complete dictionary 𝐴(𝜙) =

[𝑎(ϕ1) ,𝑎(ϕ2) , . . . ,𝑎(ϕG)] ∈ CMN×G for DOA estimation,
where 𝑎(ϕg) = 𝑏(ϕg)⊗ 𝑐(ϕg), g = 1,2, . . . ,G. The received
signal in Eq. (2) can be written as

𝑌 =𝐴(𝜙)𝑋+𝐸, 𝑋g• =

{
Sk•, ϕg = θk,

0, others,
(3)

where 𝑋g• denotes the g-th row vector of matrix 𝑋 . Our aim
is to recover θ from the given measurements 𝑌 and the known
matrix 𝐴(𝜙), which is equal to the recovery of the support
supp(𝑋) (non-zero rows of X). Note that K � MN < G,
equation (3) is a sparse inverse problem. The research in
Ref. [7] has shown that once MN satisfies certain boundary
conditions, 𝐴(𝜙) would provide a uniform recovery guaran-
tee for Eq. (3). By relying on a random array geometry, the
model in Eq. (3) is linked to the CS framework. In the case of
L > 1, the sparse inverse problem in Eq. (3) can be extended
to the noisy MMV model,[10] where common sparsity assump-
tion on 𝑋 is valid.

2.2. Problem statement

DOA estimation problem from Eq. (3) is equivalent to
supporting recovery from the received array data, which can
be accomplished by solving the following non-convex l0-norm
problem:

supp(𝑋) = argmin‖𝑋‖0 , s.t. ‖𝑌 −𝐴(𝜙)𝑋‖F ≤ ε, (4)

where ‖𝑋‖0 is a row-diversity measure which counts the num-
ber of nonzero rows in 𝑋 , and ε represents the noise level.
The cost function (4) can be globally minimized using a va-
riety of optimization algorithms. However, as MN � G, the
linear system in Eq. (3) is highly underdetermined and equa-
tion (4) is usually NP-hard. CS theory has pointed out that un-
der specific conditions,[11] the l0-norm optimization problem
can be approximated by its l1-norm relaxation with a bounded
error, which is expressed as

supp(𝑋) = argmin‖X‖1 , s.t. ‖𝑌 −𝐴(𝜙)𝑋‖F ≤ ε. (5)

Since the noise is present, the solution is decidedly nebulous.
In practice, equation (5) is always transformed into an uncon-
strained regularized formulation and accomplished with an al-
ternative strategy, suggesting the relaxed optimization prob-
lem

supp(𝑋) = argmin
𝑋
‖𝑌 −𝐴(𝜙)𝑋‖2

F +ηℑ(𝑋) , (6)

where η is a tradeoff parameter balancing the estimation
quality. The regularization term ℑ(𝑋) denotes the es-
sential diversity measure, and it varies with the algorithm.

When ℑ(𝑋) =
G
∑

g=1

∥∥𝑋g•
∥∥

2, the algorithm in this category

is a natural extension of the BP method,[12] while ℑ(𝑋) =
G
∑

g=1
log
∥∥𝑋g•

∥∥
2 corresponds to the Jeffreys algorithm[13] and

ℑ(𝑋) =
G
∑

g=1

(∥∥Xg•
∥∥

2

)p to the FOCUSS algorithm.[14] By us-

ing an exp [−(•)] transformation, the algorithm can be recast
in Bayesian terms.
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2.3. Block sparse Bayesian learning

The key idea of applying Bayesian framework to recover
the row sparse signal 𝑋 is to establish a hierarchical prior in
𝑋 . We assume that all sources 𝑋g• (g = 1,2, . . . ,G) are mu-
tually independent, thus the inter-signal correlation in of the
source is assumed to be an independent Gaussian process. We
assign a structural prior on 𝑋g•, the density of 𝑋g• is there-
fore given by

p(𝑋g•;γg,𝑅g)∼ N(0,γg𝑅g), g = 1,2, . . . ,G, (7)

where N(0,γg𝑅g) represents the Gaussian distribution with
zero mean and covariance γgRg. In this prior model, γg is a hy-
perparameter, 𝑅g is the covariance matrix of 𝑋g•. Hence, the
inter-signal correlation of the source is modeled with a param-
eterized multivariate Gaussian process. The non-negative hy-
perparameter γg controls the row sparsity of 𝑋g•, i.e., γg = 0,
the associated 𝑋g• becomes zeroes. Unlike the block sparse
model in Ref. [21], the added positive matrix 𝑅g captures the
intra-block correlation of 𝑋g• and needs to be estimated.

We construct the following vectors: 𝑦 = vec
(
𝑌 T
)
, 𝑥 =

vec
(
𝑋T
)
, and 𝑛 = vec

(
𝐸T
)
. Let 𝛩 = 𝐴(𝜙)⊗ 𝐼L with 𝐼L

denoting the identity matrix with the size of L×L, the afore-
mentioned MMV model is therefore transformed into a block
sparse single measurement vector (SMV) model

𝑦 = [𝑎(ϕ1)⊗𝐼L,𝑎(ϕ2)⊗𝐼L, . . . ,𝑎(ϕG)⊗𝐼L]

× [𝑋1•,𝑋2•, . . . ,𝑋G•]
T +𝑛

= ∑
G
g=1 {𝑎(ϕ1)⊗𝐼L}𝑋g•+𝑛

= 𝛩𝑥+𝑛. (8)

We postulate 𝑛 to be i.i.d. zero mean Gaussian variable with
variance λ , i.e., p(𝑛) ∼ N (0,λ ). As a result, the likelihood
function for 𝑦 in Eq. (8) could be formulated as

p(𝑦|𝑥,λ ) = (2πλ )−MNL/2 exp
(
− 1

2λ
‖𝑦−𝛩𝑥‖2

2

)
, (9)

which is consistent with the likelihood model implied by
Eq. (6) and previous Bayesian methods. To simplify the
model, we just assume that all the sources have the same cor-
relation structure, i.e., 𝑅1 =𝑅2 = · · · =𝑅G =𝑅. We define
𝛾 = [γ1,γ2, . . . ,γG], let 𝛬= diag(γ) and 𝛤 =𝛬⊗R. Accord-
ing to Eq. (7), the prior of 𝑥 is

p(𝑥;𝛾,𝑅) = (2π)−
GL
2 det−

1
2 (𝛤 )exp

{
−1

2
xT (𝛤 )−1 x

}
, (10)

where det(𝛤 ) denotes the determinant of matrix 𝛤 . By using
the Bayes rule, the posterior probability function for 𝑥 can be
derived from Eqs. (9) and (10), which is also Gaussian and
given by

p(𝑥|𝑦;λ ,𝛾,𝑅)

=
p(𝑦|𝑥;λ ) p(𝑥|𝛾;𝑅)

p(𝑦|λ ,𝛾,𝑅)

= (2π)−
GL+1

2 det−
1
2 (𝛴)exp

{
−1

2
[x−µ]T (𝛴)−1 [𝑥−𝜇]

}
, (11)

with mean and covariance given by

𝜇=
(
λ𝛤−1 +𝛩T𝛩

)−1
𝛩T𝑦

= 𝛤𝛩T (
λ𝐼+𝛩𝛤𝛩T)−1

𝑦,

𝛴 =

(
𝛤−1 +

1
λ
𝛩T𝛩

)−1

= 𝛤 −𝛤𝛩T (
λ𝐼+𝛩𝛤𝛩T)−1

𝛩𝛤 .

(12)

Subsequently, to obtain the posterior probability function
in Eq. (11), we have to estimate the hyperparameters λ , 𝛾, and
𝑅. Therefore, estimating the sparsity profile of 𝑋 is conve-
niently shifted to hyperparameters learning. Usually, the ex-
pectation maximization (EM) method is employed for deriv-
ing these hyperparameters. The logarithm marginal likelihood
function is constructed as

L(λ ,𝛾,𝑅) = log p(𝑦|λ ,𝛾,𝑅)

= log p(𝑦|𝑥,λ )+ log p(𝑥|𝛾,𝑅)

∝ −𝑦T𝛷𝑦− log{det(𝛷)} , (13)

where 𝛷 = λ𝐼 +𝛩𝛤𝛩T. To obtain the hyperparameter λ ,
the EM method proceeds by treating 𝛾 and 𝑅 as hidden vari-
ables and then maximizing the formulation in Eq. (13), we can
obtain

L(λ ) = log p(𝑦|𝑥,λ )

∝ −MNL
2

logλ − 1
2λ

{
‖𝑦−𝛩𝑥‖2

2 +Tr
(
𝛴𝛩T𝛩

)}
= −MNL

2
logλ − 1

2λ

{
‖𝑦−𝛩𝑥‖2

2

− λ̂
[
GL−Tr

(
𝛴𝛤−1)]}, (14)

where λ̂ represents the estimated λ in the previous iteration.
Taking the derivative of Eq. (14) over λ to zero ∂L(λ )/∂λ =

0 yielding the learning rule for λ in the (d +1)-th iteration as

λd+1 =
‖𝑦−𝛩𝑥d‖2

2 +λd
[
GL−Tr

(
𝛴d𝛤

−1
d

)]
MNL

, (15)

where λd , 𝑥d , 𝛴d , and 𝛤d are previously obtained estimates
of λ , 𝑥, 𝛴, and 𝛤 , respectively. Similarly, to obtain the hy-
perparameters 𝛾 and 𝑅, the EM method proceeds by treating
λ as a hidden variable and then maximizing the formulation in
Eq. (13), we can obtain

L(𝛾,𝑅) = log p(𝑥|𝛾,𝑅)

= −L
2

log{det(𝛬)}− G
2

log{det(R)}

− 1
2

Tr
{(

𝛬−1⊗R−1)(𝛴+µµ
T)} . (16)
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Taking the gradient of Eq. (16) with respect to 𝛾g

(g = 1,2, . . . ,G) equal to zero, i.e., ∂L(𝛾,𝑅)/∂γg = 0, and
treating 𝑅 as a known matrix, we obtain the learning rule for
γg in the (d +1)-th iteration as

(γg)d+1 =
1
L

Tr
{
𝑅−1

d

[
𝛴d +𝜇d𝜇

T
d
]}

, (17)

where 𝜇d , 𝛴d , and 𝑅d are previously obtained estimates of
𝜇, 𝛴 and 𝑅, respectively. By treating 𝛾 and λ as hidden vari-
ables, taking the derivative of Eq. (16) over 𝑅 to zero, i.e.,
∂L(𝛾,𝑅)/∂𝑅 = 0, while treating 𝛾 as a known vector, we
obtain the learning rule for 𝑅 in the (d +1)-th iteration as

𝑅d+1 =
1
Q

Q

∑
q=1

𝛴d +𝜇d𝜇
T
d

(γq)d
, (18)

where 𝜇d , 𝛴d , and (γq)d are previously obtained estimates of
𝜇, 𝛴, and γq, respectively. The algorithm using iterative learn-
ing rules (12), (15), (17), and (18) is denoted by block SBL.

2.4. A faster version for parameters learning

BSBL was proved to provide highly accurate solutions.
However, it suffers from high computational complexity, as
the vec(•) operator maps the inverse problem to a higher-
dimensional space. To speed up the learning process of block
SBL, we map the learning of the parameters in a higher-
dimensional space to the original problem. The mean and
covariance in Eq. (12) are updated using the rules in MSBL
method[15] (𝛴𝑋)d+1 =

(
𝛬−1

d +
1

λd
𝐴T (𝜙)𝛬d

)
,

𝑋d+1 =𝐻d𝑌 ,

(19)

where 𝐻d = 𝛬d𝐴
T (𝜙)

(
λd𝐼+𝐴(𝜙)𝛬d𝐴

T (𝜙)
)−1. A se-

ries of reasonable approximations are proposed in Ref. [16] to
simplify the learning rules of Eqs. (15), (17), and (18), which
are summarized as the iteration of the following steps:

(γg)d+1 =
1
L
(𝑋g•)d 𝑅

−1
d

(
𝑋T

g•
)

d +((𝛴𝑋)d)gg,

g = 1,2, . . . ,G; (20)

𝑅d+1 = 𝑅̃d+1/
∥∥𝑅̃d+1

∥∥
F,

𝑅̃d+1 = ∑
G
g=1

(
𝑋T

g•
)

d (𝑋g•)d +η𝐼; (21)

λd+1 =
1

MNL
‖𝑌 −𝐴(𝜙)𝑋d‖2

F +
λd

G
Tr [𝐴(𝜙)𝐻d ] , (22)

where η is a positive scalar. The faster version is very similar
to that of MSBL method. The only difference is the added 𝑅

in 𝛾g learning. Matrix 𝑅 incorporates the structural correla-
tion of the sources, which is positive definite and symmetric
while with only a small size, therefore, the extra computa-
tional load is low. It has been proved that the faster version

has the very desirable property that the global minimum is at
the sparsest solution to the MMV problem.[16]

Till now, we have achieved the proposal for the structural
sparsity Bayesian learning based on the DOA estimation al-
gorithm in the MIMO radar. The major steps of the proposed
algorithm are shown as follows.

1) Initialize 𝑋 to a matrix that elements are all 1, initial-
ize 𝑅 to an identity matrix, set λ = 10−6 and set the iteration
count d = 0.

2) Subsequently, solve the MMV minimization problem
by alternatively iterating among Eqs. (20)–(22).

3) Afterwards, compute the posterior moments 𝑋 and
𝛴𝑋 using Eq. (19).

4) Repeat Eqs. (2) and (3) until convergence or the itera-
tion count d attains a specified maximum number.

3. Simulation results and analysis
In this section, Monte Carlo simulations are used to as-

sess the DOA estimation performance of the proposed algo-
rithm. Success-rate and average running time are used for per-
formance evaluation. A successful trial is recognized if the
indexes of estimated sources with the K largest l2-norms are
the support of 𝑋 . In our simulation, the total aperture of the
elements is Z = 250. It is assumed that targets are located in
the far field, and the RCS coefficients of each target satisfy the
first-order autoregressive process with the correlation coeffi-
cient β = 0.9. In our experiments, we compare our algorithm
with the traditional MUSIC algorithm and the following CS
recovery algorithms for the MMV model: the MOMP method
proposed in Ref. [13], the MFOCUSS algorithm proposed in
Ref. [14], and the MSBL method proposed in Ref. [15], which
could be regarded as a faster version of the BSBL method. The
computer used to run the simulation is a HP Z400 workstation,
which is configured with four Intel Xeon W3550 3.07 GHz
processors, and 12 GB of RAM.

Figure 2 depicts the DOA estimation performance com-
parison of all the algorithms with L = 5, M = N = 6, 𝜃 =

[15,40,65] and different values of SNR in the numerical sim-
ulations. According to Fig. 2, all algorithms would achieve
better performance with the increase of the SNR. It is obvi-
ous that the proposed algorithm could provide almost precise
results. Notably, compared with the MSBL method, our algo-
rithm has better DOA estimation accuracy at low SNR, and the
proposed algorithm is appealing from the running time point
of view, since more precision of the estimated temporary vari-
ables would result in much fewer learning steps. As shown
in this figure, the MOMP method possesses poor success rate.
This is caused by the severe mutual coherence between the
atoms of the dictionary A(𝜙). The greedy MOMP algorithm
ensures that the residual is orthogonal to the atoms chosen in
the last iteration, which may destroy the information hiding in
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the residual when updating the new residual. Meanwhile, the
traditional MUSIC algorithm achieves a relatively poor esti-
mation accuracy with a limited number of snapshots.
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Fig. 2. (color online) Performance of all the algorithms with different
SNR. (a) Success-rate comparison and (b) average running time com-
parison.

The DOA estimation performance comparison of all the
algorithms with respect to different sparsity K was investi-
gated in the simulation, as shown in Fig. 3. Therein, M = N =

6, L = 5, and SNR = 10 were considered in the simulation.
In each trial, the locations of the targets were randomly uni-
formly chosen from the feasible regions 0◦–90◦. It is clearly
shown that the Bayesian algorithm accurately recovers much
more targets than other algorithms. Thanks to the learning
process of the intra-block correlation parameter, the proposed
algorithm performs better than the MSBL method.

Figure 4 shows the DOA estimation performance compar-
ison of all the algorithms with different number of receive an-
tenna N, where M = 6, L = 5, 𝜃 = [15,40,65], and SNR = 10.
It indicates that angle estimation accuracy of all the algorithms
were improved with N increasing. The proposed algorithm
requires significantly fewer numbers of antenna for the same
successful enumeration, and only requires about 5 receive an-
tennas to start stabilizing (success-rate more than 95%). Sim-
ulation results are consistent with CS theory, which indicates
that recovery performance would rapidly be improved with the
increase of the measurement length, as more measurements
would provide more information for the sparse recovery.
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Fig. 3. (color online) Performance of all the algorithms with different
sparsity K. (a) Success-rate comparison and (b) average running time
comparison.
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Fig. 4. (color online) Performance of all the algorithms with different
antenna number N. (a) Success-rate comparison and (b) average run-
ning time comparison.
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Figure 5 illustrates the angle estimation performance
comparison of all the algorithms with different snapshots L,
where M = N = 6, 𝜃 = [15,40,65], and SNR = 10. Fig-
ure 5(a) shows clearly that the increasing number of snapshots
improves the estimation resolution. However, once L reaches
a value (approximately equal to 5 in our simulation), the ben-
efit from MMV becomes indistinct. Therefore, an appropriate
number of snapshots is important for the proposed algorithm,
as a smaller L value may impair the angle estimation accuracy,
and large L values may require more computational resources.
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Fig. 5. (color online) Performance of all the algorithms with different
snapshot L. (a) Success-rate comparison and (b) average running time
comparison.

4. Conclusion
In this paper, we have proposed a structural sparsity

Bayesian model for DOA estimation in the spatial CS MIMO

radar. Our work links the DOA estimation problem to the pa-
rameters learning in the Bayesian framework, which signifi-
cantly reduces the computation load of conventional Bayesian
algorithm. The proposed algorithm requires no prior informa-
tion of the number of targets, and achieves DOA estimation
performance better than the traditional Bayesian algorithm.
The proposed algorithm outperforms the traditional MUSIC
algorithm and other CS recovery algorithms with fewer num-
bers of snapshots and low SNR scene.
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