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As inferred from its name, a multiple-input multipleoutput (MIMO) radar consists of multiple transmitters and
multiple receivers. Owing to more degrees of freedom,
MIMO radars have superior resolution and higher efficiency
in target detection and parameter estimation compared to
those of the traditional radars [1]. Two different groups can
be considered for MIMO radars: distributed MIMO radars
[2], and colocated MIMO radars [1], [3]. In the former, the
distances between the antennas are considerable compared
to the distances between the antennas and targets. Thus,
if one transmitter-receiver pair is unable to view a target,
it can be compensated by the other pairs. However, in the
latter, the antennas are located in a small common area, and
all of the transmitter-receiver pairs view the same aspect of
the target. In both of these groups, the receivers transmit the
received signal to a common processing center called fusion center. Therefore, decreasing the sampling rate which
can be accomplished by compressive sensing (CS) can lead
to a great decrease in the costs.
CS is a sampling method which uses the sparsity of
the signal in order to sample it with a sub-Nyquist rate by
taking linear combinations of signal entries called measurements. The signal is called sparse if most of its entries are
zero in some domain [4]. Due to the sparsity of the targets in position-velocity space, the received signal at the
fusion center is sparse. Hence, CS can be leveraged to decrease the sampling rate. Let x be a sparse signal in basis
 and x = s. In CS, we multiply the measurement matrix, M×N , by the signal, x, to get the measurement vector
y of size M × 1 where M << N. For the recovery of s,
the sparsest signal that satisfies y = s ( = ) is the
unique solution under some assumptions on the sensing
matrix  [4]. It has been shown that a random-Gaussianmatrix (RGM) is a good choice for the measurement matrix.
The entries of a RGM are independently drawn from a random Gaussian distribution [4]. The mentioned optimization
problem is a nondeterministic polynomial (NP-hard) problem, and some alternative sparse recovery methods have
been proposed such as l1 minimization methods [5]–[9]
and greedy algorithms [10], [11].
Another sparsity-based sampling scheme is random
sampling (RS) [12], [13], which can be considered as a
special case of CS. In the RS, instead of taking linear combinations of the signal samples, a random selection of the
samples is considered as the measurements. Hence, in RS,
 is a matrix which only has one element of 1 per row
and its other entries are 0. This sampling scheme is simpler
compared to the rest of CS-based sampling techniques.
Using the sparsity of the received signal in MIMO radar
systems, we can eliminate the necessity of high sampling
rate analog to digital (A/D) converters and send fewer samples to the fusion center. Moreover, although the sampling
rate is reduced, the target parameter estimation task can
be improved leveraging the sparsity property of the signal.
We shall see in the following sections that the sampling
rate reduction is dependent on the acceptable performance
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at a given noise level. One of the first papers that applies
the sparse recovery methods in colocated MIMO radars
is [14]. This paper shows the superiority of sparsity-based
methods compared to matched filters for multiple targets
localization. The authors in [15] have shown the improvement of sparse recovery methods with respect to some
other target parameter estimation schemes for colocated
MIMO radars. In [15] and [16], an attempt has been made
to improve the sparsity-based colocated MIMO radars by
optimizing the measurement matrix. In [14], [17], and
[18], two transmitting waveform designs are proposed to
improve these systems. Different sparse recovery methods
for colocated MIMO radars are discussed in a Ph.D.
thesis [19].
The exploitation of sparsity for distributed MIMO
radars has been suggested by [20], [21], and [22]. In these
radars, the received signal is block sparse (see Section II).
Hence, by leveraging block sparse recovery techniques
[23]–[28] instead of the traditional sparse recovery ones,
one can achieve higher efficiency. The performance of distributed MIMO radars can also be improved by proper energy allocation methods [17], [22], [29], [30] and measurement matrix designs [30]. The first step in a sparsity-based
distributed MIMO radar is to retrieve the received signal
using a block sparse recovery technique. Then, the parameters of multiple targets are estimated. In these systems, the
block sparsity number of the received signal is equal to the
number of targets, which is unknown in general. Therefore,
we shall use a block sparse recovery method that does not
require the prior knowledge of block sparsity number for
proper recovery. Besides, the complexity is of paramount
importance. Various block sparse recovery methods in the
literature are discussed in Section III.
In this paper, we propose a block sparse recovery
method called Block Iterative Method with Adaptive
Thresholding for Sparse Recovery (BIMATSR). A special
case of this method has been previously proposed in [31]
by the authors. We have also proved that under some sufficient conditions, the proposed algorithm converges to a
stable solution. The simulation results confirm the superiority of BIMATSR relative to other recovery methods
for distributed MIMO radar systems. In addition, we have
shown that RS has better performance than the RGM in this
application while its data acquisition is easier. This paper is
organized as follows: In Section II, the received signal of a
sparsity-based distributed MIMO radar is modeled. In Section III, we discuss some important block sparse recovery
methods. The proposed BIMATSR method and its proof of
convergence are presented in Section IV. In Section V, the
simulation results are discussed, and Section VI concludes
the paper.
II. RECEIVED SIGNAL MODEL

Assume that we have a distributed MIMO radar with
parameters mentioned in Table I. The ith transmitter transmits Np pulses with base-band waveforms of xi (t) and the
durations of TP , and the pulse repetition interval is T . For
524

TABLE I
MIMO Radar Parameters

TABLE II
Multiple Targets Parameters

modeling the signal, we consider K targets moving in a
two-dimensional (2-D) plane, but this model can be easily
extended to the 3-D case. The parameters of these targets are
mentioned in Table II. We have fkil = fcc (vk .ukrl − vk .ukti )
and τkil = 1c (pk − ti 2 + pk − rl 2 ) where c is the speed
of light. Under a narrow band assumption on the waveforms, the base-band signal arriving at the lth receiver
from the ith transmitter can be expressed as zil (t) =
K
il
il j 2π (fkil t−fc τkil )
+ nil (t), where nil (t) is
k=1 βk xi (t − τk )e
the received noise corresponding to the ith transmitter and
lth receiver. In each receiver, at first, we down convert
the received band-pass signal from the radio frequency.
We assume that βkil does not vary within the estimation
process duration and the Doppler shift is small (the velocity of targets is much smaller than c). Let us consider
Ts  Tp and τkil  Tp for i = 1, . . . , Mt , l = 1, . . . , Nr ,
and k = 1, . . . , K. Hence, passing the received signal of
each receiver through a bank of Mt matched filters corresponding to the transmitted waveforms, we can write the
received samples at the fusion center as
zm (n) =  m (n)β + em (n)

for n = 1, . . . , Ns ,

(1)
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where the basis matrix for the sampling time of nTs in the
mth pulse,  m (n), is defined as

 m

 m (n) = diag 1,1
(n), . . . , Nmr ,1 (n) , . . . ,
 m

diag 1,K
(n), . . . , Nmr ,K (n) ,
(2)

m
j 2π (fk 1l ((m−1)T +Tp +nTs )−fc τk1l )
,...
l,k (n) = diag e

Mt l
Mt l
(3)
ej 2π (fk ((m−1)T +Tp +nTs )−fc τk ) .
In 2 and 3, diag {.} denotes a matrix whose diagonal entries
are given by {.}. If ∗ denotes the convolution operator, we
m
T
T T
have em (n) = [(em
1 (n)) , . . . , (eNr (n)) ] , where

em
l (n) = n1l (t) ∗ x1 ((m − 1)T +Tp − t) |t=(m−1)T +Tp +nTs ,
. . . nMt l (t) ∗ xMt ((m − 1)T + Tp − t)

|t=(m−1)T +Tp +nTs .

(4)

Furthermore, β is defined as β = [β T1 , β T2 , . . . , β TK ]T
where β k = [(β 1,k )T , (β 2,k )T , . . . , (β Nr ,k )T ]T , and β l,k =
[βk1l , βk2l , . . . , βkMt l ]T .
Now, let us consider the estimation space as the
position-velocity in direction x and y. We discretize
the space into L points, and denote these points as
(xh , yh , vxh , vyh ) for h = 1, . . . , L. Defining
βk
0(Mt Nr )×1

if the k th target is at (xh , yh , vxh , vyh )
,
otherwise
(5)
and s = [(β 1 )T , . . . , (β L )T ]T , we can rewrite (1) as zm (n) =
˜ m (n) = [
˜ 1m (n), . . . , 
˜ Lm (n)],
˜ m (n)s + em (n), where 

m
m
˜
k
k
k
k
h
h
and h (n) = k (n)|(px ,py ,ṽx ,ṽy )=(xh ,yh ,vx ,vy ) . For the estimation process, we send Np pulses from each transmitter. Hence, there are Np Ns samples at the output of each
Np
s
matched filter. Now, we stack {{zm (n)}N
n=1 }m=1 into
βh =

z(Np Ns Mt Nr )×(1) =
zNp (0)

z1 (0)
T

T

, . . . , z1 (Ns − 1)

, . . . , zNp (Ns − 1)

T T

T

Fig. 1. Measurement procedure.

Np Ns
h=1

Ts φl,a,h p(t − (h − 1)Ts ), where
p(t) =

1
0

0 ≤ t ≤ Ts
.
otherwise

and φl,a,h is the entry of l in the ath row and hth column.
According to this block diagram, for achieving the ath
measurement, the analog signal is multiplied by rectangular
pulses with amplitudes determined by the row elements of
φl multiplied by Ts using an analog multiplier. The output
is fed to an analog adder and passed through a low rate
analog to digital converter (ADC) [32]–[34]. The clock
rate of each ADC is N1 times the full rate. The mentioned
procedure is equivalent to multiplying a discrete M × N
measurement matrix by the discrete signal. For RGM, we
need to use this procedure. However, the implementation
of RS can be simplified with the aid of only an ADC
for each measurement. Let us define M = dM  and
M×dNp Ns as  = [[1][2] . . . [Np Ns ]] where [h] =
[diag{1,1,h , . . . , Nr ,1,h }T , · · · , diag{1,M  ,h , . . . ,
Nr ,M  ,h }T ]T and
⎧
⎫
⎪
⎪
⎨
⎬
l,a,h = diag φl,a,h , . . . , φl,a,h .
(8)

⎪
⎪
⎩
⎭
Mt

By applying CS and using similar steps as in the previous
part, the received signal at the fusion center is written as
y = z = s + n

,...

= s + e,
(6)

˜ 1 (0))T,. . . , (
˜ 1 (Ns −1))T ,
where (Np Ns Mt Nr )×(LMt Nr ) = [(
N
T
N
T
T
p
p
˜ (0)) , . . ., (
˜ (Ns − 1)) ] , and e(Np Ns Mt Nr )×(1)
. . ., (
= [(e1 (0))T , . . . , (e1 (Ns − 1))T , . . . , (eNp (0))T , . . . , (eNp
(Ns − 1))T ]T . Let us divide s into L blocks of length
d = Mt Nr as s = [s[1]T , s[2]T , · · · , s[L]T ]T where
s[l] = [s(l−1)d+1 , · · · , sld ]T . If there is a target at
(xh , yh , vxh , vyh ), the energy of the hth block of s is nonzero.
Hence, s is called a block K-sparse signal with block
length of d.
As it was mentioned in the previous section, the number of samples can be reduced by multiplying the received signal at the lth receiver by l for l = 1, 2, . . . , Nr
where l is a M  × Np Ns matrix and we have M  <
Np Ns . The measurement procedure is shown in Fig. 1.
The continuous signal l,a (t) can be written as l,a (t) =

(7)

(9)

where n = e and  = . As a result, we reduce the
number of the samples that are sent to the fusion center, and
eliminate the necessity of using high rate A/D converters.
III. BLOCK SPARSE RECOVERY METHODS

Various block sparse recovery methods have been suggested in the literature. One of the well-known block sparse
recovery methods is block orthogonal matching pursuit
(BOMP) [25], a block greedy algorithm, which is used in
[30] and has low complexity but requires the block sparsity
number as the priori knowledge for a proper performance.
Another block sparse recovery method is group Least
Absolute Shrinkage and Selection Operator (LASSO), a
convex optimization-based method, which has acceptable
complexity and performance without any priori knowledge
[35]. Group LASSO uses the Lagrangian relaxation to solve
the complicated block basis pursuit problem [23]. This
method has been used in [17], [21], [22], and [36] for the
sparse recovery. In [37], a solution for group LASSO is
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proposed based on the alternating direction method of multipliers (ADMM), which significantly decreases the computational complexity of sparse recovery and improves the
estimation accuracy of distributed MIMO radars. We have
also adopted two iterative thresholding techniques as the
benchmarks for our suggested scheme. One is a block form
of Iterative Hard Thresholding (IHT) algorithm [38], [39]
which we call Block Iterative Hard Thresholding (BIHT).
The other is a modified version of Group-sparsity Iterative
Hard Thresholding (GIHT) method [40]. These two methods will be further discussed in Section IV.

The BIHT and GIHT algorithms are similar to the BIMATSR algorithm in the iterative relation (line 13), but
they do not include lines 15–19 and their thresholding function, T n (.), is different. In the BIHT algorithm, T n (.) is as
follows:

T n (s[i]) =

max [i]H [j ]2 = B1 ,

(13)

(14)

i =j

max s[i]2 = s1 ,
i

T n (sn [i])
sn [i] sn [i]2 ≥ Thn or T n−1 sn−1 [i] = sn−1 [i]
0
else
(10)

The function bn (.) is the threshold generator, which can
be any arbitrary decreasing function. In this application,
we recommend bn+1 (Thn−1 , fn ) = Thn−1 − (a1 − a2 fn ) as
this function. Consider Kmax equal to or larger than the
Th1
block sparsity number, we can set: a1 = iter
α and a2 =
max
a1
.
The
parameter
α
has
a
value
less
than
1.
The relaxKmax
ation parameter, λ, is a positive number that determines the
convergence rate and is chosen as [41]:
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for K largest s[i]2
for the rest

In this section, we prove the convergence of the BIMATSR algorithm. Let us define

In this section, the proposed BIMATSR is introduced.
The suggested BIMATSR method is described in Algorithm 1 where  = [[1], [2], . . . , [L]] and [i] is the
ith block of the matrix . We call the blocks of s with the
Euclidean norms of zero, zero-norm blocks and the other
blocks are called non-zero-norm blocks. The thresholding
operator T n (.) is applied to the L2 norms of the blocks
surpass the threshold, the entries of and is represented as

where σmax (.) is the maximum eigenvalue and C ≤ 2.

s[i]
0

A. Convergence Proof of the BIMATSR Algorithm

IV. THE PROPOSED BIMATSR

C
σmax (H )

(12)

where K is the block sparsity number. The GIHT method,
like BOMP, does not have a proper performance when we
do not know the exact value for K.

1: inputs:  ∈ RM×(L×d) , y ∈ RM , Thmin , Th1 ,
itermax , L.
2: output: the recovered signal
s ∈ Rn .
0
3: s ← 0
4: for n = 1 : itermax do
5:
for i=1:L do
sn [i] ← T n sn−1 [i]+λ [i]H y − sn−1
6:
end for
7:
fn ← the number of non-zero-norm
blocks in sn
8:
Thn+1 ← bn+1 (Thn , fn )
9:
if Thn+1 < Thmin then Thn+1 ← Thmin
10: end if
11: end for
12: 
s ← sitermax

λ=

s[i]2 ≥ η
.
s[i]2 < η

In the GIHT algorithm, T n (.) can be written as

Algorithm 1: BIMATSR

=

s[i]
0

T n (s[i]) =

(11)

and

min

i∈support(s)

s[i]2 = s2

(15)

where support(s) is the set of block indices of s which have
non-zero norms. We also define σm = σmax (I − λH ),
i.e., the maximum singular value of the matrix I − λH .
Without loss of generality we assume that H [i][i] = I.
Thus, [i]H 2 = 1. The latter assumption is correct for
our sensing matrix when its columns are normalized.
In order to prove the convergence of the algorithm,
we show that under some sufficient conditions, the blocks
corresponding to the zero-norm blocks in the actual signal
s have smaller norms than the threshold in each iteration
(Lemma 1) and all the blocks corresponding to the nonzero-norm blocks of the actual signal s have larger norms
than at least one of the thresholds (Lemma 2).
LEMMA 1 Suppose that y = s + n is the measurement
vector, where s is a block K-sparse signal (i.e., it has K
non-zero-norm blocks). For every realization Ñ = n and a
zero-norm block s[i], if
Thn > Cn

(16)
√
n−1

where Cn = λB1 s1 (K − fn−1 ) + λB1 σm
Kfn−1 s1 +
√
√
1−σmn−1
λB1 fn−1 [ Ks1 + λÑ2 ] 1−σm + λÑ2 , we have
sn [i] = 0 or sn−1 [i] + λ [i]H y − sn−1 2 < Thn .
PROOF See Appendix A.
LEMMA 2 Suppose that y = s + n is the measurement
vector, where s is a block K-sparse signal. In the BIMATSR
algorithm for every realization Ñ = n, all the non-zeronorm blocks would surpass the threshold at an iteration,
say n0 , if we have (16), and
Thn0 ≤ Dn0

(17)
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where Dn0 = λs2 − λB1 s1 (K − fn0 −1 − 1) − λB1 σmn0 −1
n0 −1
√


m
Kfn0 −1 s1 − λB1 fn0 −1 [ Ks1 + λÑ2 ] 1−σ
−
1−σm
λÑ2 .

TABLE III
The States of Antennas Locations

PROOF See Appendix B.
Let us define as an Nd × Nd diagonal matrix where
the diagonal entries corresponding to the support elements
of s are set to 1 and the rest are set to 0.
THEOREM 1 Suppose that y = s + n is the measurement
vector, where s is a block K-sparse signal. For every realization Ñ = n, the BIMATSR algorithm will converge
to s + λ[I + (I − − λ H  )† (I − λH )] H Ñ,
where (.)† is pseudo-inverse operator, if we have
B1 <

2 )(1−σm )
√ (Thmin −λÑ√
,
λ K[s1 (3−2σm ) K+λÑ2 ]

TABLE IV
Target Parameters for the Simulations

(18)

|σm | < 1, Thmin ≤ Dn0 ,Ñ , and Thn0 = Thmin .
PROOF See Appendix C.
COROLLARY 1 Let us consider y = s + n as the measurement vector, where s is a block K-sparse signal
and n is a dN × 1 random vector. The absolute error
of BIMATSR algorithm will converge to a value equal
or less than ληI + (I − − λ H  )† (I − λH )
with the probability equal or larger than ξ , if we have
n ≤ η with the probability equal or larger than ξ ,
B1 <

√ (Thmin −λη)(1−σ
√ m)
,
λ K[s1 (3−2σm ) K+λη]

(19)

|σm | < 1, Thn0 = Thmin , and Thmin ≤ D n0 ,η, where D n0 ,η =
λs2 − λB1 s1 (K − fn0 −1 − 1) − λB1 σmn0 −1 Kfn0 −1 s1 −
n0 −1
√

m
λB1 fn0 −1 [ Ks1 + λη] 1−σ
− λη.
1−σm
For a random Gaussian vector n with E{n} = 0 and
H
E{nn
} = σn I, it is shown that we have n ≤ (δ +
√
Ndσn ) with exponentially high probability that is a function of δ (see Theorem 3.1.1 in [42]). Furthermore, from
(18), we deduce that for fulfilling the sufficient condition,
B1 should be less than 1. However, it is a sufficient condition and the simulation results imply that the algorithm
works quite well even when B1 is higher than 1.
V. SIMULATION RESULTS

In this section, the simulation results are reported. Various scenarios are investigated to evaluate the performance
of the proposed algorithm. It should be mentioned that the
simulations have been conducted on a core i7-2600K @
3.4 GHz processor with 8 GHz RAM. We consider a distributed MIMO radar with 2 transmitters and 2 receivers
that are located in a square area with the sides of 250 m.
Five different locations for the antennas are considered
according to Table III (The distance unit is m). The parameters of the MIMO radar system are as follows: fc =
1 GHz, T = 20 ms, Tp = 15 ms, Ts = 0.02 ms, Ns = 96,
and Np = 3. Furthermore, the Mt transmitters send Mt orthogonal chirps with the bandwidth of 25 kHz. The estimation space is discretized into L = 288 points with the
following positions and velocities (The velocity unit is m/s):

xg ∈ {80, 90, 100, 110},yg ∈ {260, 270, 280, 290},vx g ∈
{100, 110, . . . , 150}, and vy g ∈ {100, 110, 120} for g =
1, . . . , 288. The input noise elements at each receiver are
i.i.d. random Gaussian variables, and the distribution of
target attenuation coefficients is complex Gaussian with
mean of 0.407 and variance of 0.0907 for both the real and
imaginary parts. We define normalized signal to noise raE{s2 }
tio (NSNR) as E{e
2 }K where E{.} is the expected value.
. Let
Sampling Rate (SR) is also defined as Mt ×Nr M
×Ns ×NP
us denote the recovered signal by ŝ. We define the MSE
as E{ŝ − s2 } and the normalized mean squared error
(NMSE) as the division of MSE to E{s2 }. We consider
three different scenarios for the targets. Table IV depicts
the parameters of eight different targets. The first scenario
is the existence of the first two targets. The second one is
the existence of the first five targets, and in the last scenario, all the targets exist. For the simulations, a Monte
Carlo loop with 20 iterations for each antenna location mentioned in table III is used. Hence, we utilize a Monte Carlo
loop with 100 iterations. BOMP is set up without the priori knowledge of K with a maximum residual error bound
as the stopping criterion. The group LASSO algorithm is
implemented by ADMM technique [37]. Furthermore, for
BIMATSR, itermax is 200 and Th1 is chosen as the maximum norm of the sensing matrix columns before the normalization. The minimum threshold, Thmin , is determined
according to the noise variance (for the noise variance of
σn2 , we have chosen 0.1(1 + 0.005(σn /0.1 − 1))), and we
have C = 1.8. You can see the curves of NMSE versus α
for the two targets scenario and the sampling rate of 50% in
Fig. 2 where the NSNR is 8 dB. As shown, the best choice
for α is 0.2.
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Fig. 2. NMSE versus α for two targets scenario, SR = 50%,
and NSNR = 8 dB.

Fig. 6. NMSE versus NSNR for eight targets scenario and SR = 50%.

Fig. 3. NMSE versus the iteration number for five targets scenario,
SR = 50%, and NSNR = 6 dB.

Fig. 7. ROC for NSNR = −16 dB and SR = 50%.

Fig. 4. NMSE versus NSNR for two targets scenario and SR = 50%.

Fig. 8. Success rate versus NSNR for five targets scenario
and SR = 50%.

Fig. 5. NMSE versus NSNR for five targets scenario and SR = 50%.

Fig. 9. Success rate versus SR for five targets scenario
and NSNR = −2 dB.

Now, we want to investigate the effect of λ on the performance of the algorithm. To achieve this goal, we set λ
according to (11) and observe the performance of the algorithm for different values of the parameter C. The NMSE
curves versus iteration number for C = 2, C = 1.8, and
C = 1.5 in the five targets scenario with SR = 50% and
NSNR = 6 dB are shown in Fig. 3. It is observed from
this figure that the algorithm converges for C = 2, but the
accuracy is slightly less than that of C = 1.8. For a lower
value of λ, say C = 1.5, the convergence speed decreases
such that it does not converge after 200 iterations. Hence,
we adopt C = 1.8. Figs. 4–6 show NMSE versus NSNR
in the presence of two, five, and eight targets, respectively
where SR = 50%. For the BIHT and the GIHT algorithms,

the relaxation parameter (λ) is adjusted similar to the
BIMATSR algorithm. In the BIHT algorithm, η is equal
to 0.6, and in the GIHT algorithm K is taken as 8. As can
be seen from Figs. 4–6, the proposed method has a lower
NMSE in comparison with the other methods for various
values of NSNR. As an example, in the scenario of eight
targets for the RS case, with NSNR of 5 dB, the difference
between the NMSE of BIMATSR and the other methods is
more than 17 dB. In this scenario, for the NSNR of −10 dB,
the BIMATSR has the NMSE of −14 dB while the NMSE
of group LASSO is around −8 dB. According to Figs. 4–6,
the BIHT algorithm does not have a good performance in
our application and the performance of the GIHT algorithm
significantly decreases when the number of targets is less
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Fig. 11. Processing time versus SR for five targets scenario
and NSNR = 5 dB.

Fig. 10. The average of the attenuation coefficients versus position and
velocity for two targets scenario, SR = 50%, and NSNR = −10 dB.
(a) Original parameters. (b) Estimated parameters by BIMATSR.
(c) Estimated parameters by group LASSO.

than 8. Furthermore, the BOMP without the prior knowledge of the block sparsity has a poor performance for these
NSNR values. The results illustrate that using RS, we can
achieve lower NMSE compared to the RGM. According
to [25], for a good performance of the methods such as
BOMP, we should have a low block coherence that is equal
to B1 /d for a sensing matrix with normalized columns. In
our simulations, the average B1 for RGM and RS are 1.01
and 1, respectively. We can see that these values are really
close to each other, but the one of the RS is slightly better.
In Fig. 7, and 13, the receiver operating characteristic (ROC) curves of the BIMATSR and the group LASSO
methods are compared for the scenarios of five and eight
targets. In this figure, RS is used, SR = 50%, and NSNR =
−16 dB. The probability of detection (Pd ) is defined as the
percentage of the cases in which all the targets are correctly
detected while the probability of false alarm (Pfa ) is the
percentage of the cases in which targets with false parameters are detected. According to Figs. 7, for the scenarios of
five and eight targets and the RS case, BIMATSR has the
detection probability of 0.91 and 0.97 for the false alarm
probability of 0.1. On the other hand, the group LASSO
achieves the same detection probabilities for the false alarm
probabilities of 0.75 and 0.85, respectively.
The success rate versus NSNR curves for the scenario
of five targets and the RS case with SR = 50% are shown in
Fig. 8. The success rate is defined as the ratio of the correct
estimated parameters of all targets in the total number of
Mont Carlo runs. In this Figure, we have assumed that
we know the target number or it is correctly estimated at
the fusion center and then the estimation is done. Thus,
K blocks of the recovered signal with the highest norms
are considered as the blocks related to the parameters of
the targets. According to this figure, for five targets and
SR = 50%, by using BIMATSR, more than 80% of the
estimations are correct even when the probability of the
correct estimation for group LASSO is less than 0.6. In
Fig. 9, the success rate versus SR is presented for five

Fig. 12. NMSE versus NSNR for two targets scenario and SR = 50%.

Fig. 13. NMSE versus NSNR for eight targets scenario and SR = 50%.

targets scenario and NSNR = −2 dB. It can be seen that for
this NSNR, for all sampling rates, the proposed algorithm
outperforms the group LASSO.
In another test, the average of the attenuation coefficient versus position and velocity in two target scenario are
shown in Fig. 10. In this figure, the sampling method is
RS with RS = 50% and NSNR = −10 dB. The superiority
of the BIMATSR method is also clear in this figure. Then,
we calculate the processing time as a complexity measure
of the algorithms. In Fig. 11, we compare the processing
time of these methods for various sampling rates for the
five targets scenario and for the RS case, where the NSNR
is 5 dB. According to this figure, we see that the proposed
method takes longer than the group LASSO. Therefore, the
performance improvement of the BIMATSR scheme is at
the expense of more computational complexity.
Finally, We consider a different radar framework. In
this framework, we have T = 1 ms, Tp = 100μs, Ts =
2μs, Ns = 12, and Np = 24. Other parameters are the
same as before. Figs. 12 and 13 present the NMSE versus
NSNR for two and eight targets scenarios and SR = 50%.
As you can see, in this framework, our proposed method
also outperforms the other methods and RS is also superior over RGM. The ROC curves of the BIMATSR and the
group LASSO methods are also compared for five targets
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c
where we define Sn−1
as the complement of Sn−1 with
respect to the larger support set support(s). The inequalities
result from the triangle inequality, and the Cauchy–Schwarz
inequality (xy2 ≤ x2 y2 ), and (14), respectively. We
have
 




s[k] − sn−1 [k] ≤ fn−1 s − sn−1 
(21)
2
2
k∈Sn−1

Fig. 14. ROC for five targets scenario, NSNR = −16 dB,
and SR = 50%.

scenario in Fig. 14. In this figure, RS is used with SR =
50%. As you can see the superiority of the proposed method
does not depend on the radar framework.

which results from the L1 and L2 norm inequality (x1 ≤
√
N x2 for an N-dmensional vector of x). By defining n
as a Nd × Nd diagonal matrix where the diagonal entries
corresponding to the indices in Sn are set to 1 and others
are 0, we can show that
sn−1 − s =

× s0 − s +

VI. CONCLUSION

In this paper, we proposed a block sparse recovery
method called BIMATSR to recover the received signal
in a under-sampled distributed MIMO radar system. Moreover, owing to the adaptive approach of the thresholding
operator, the BIMATSR does not require the prior information of block sparsity number. We have also presented the
convergence proof of the algorithm. The simulation results
confirm the superiority of the BIMATSR technique over the
block forms of IHT, BOMP, and group LASSO. Furthermore, the superiority of SR over RGM has been shown for
this application.
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+ ···

n−2 . . . I − λ  (I − 1 ) s
(22)

n−1

I − λ 
H

n−2 )

H


 n−1
s
− s2 ≤ σmax
1

I − λH 

I − λ  s2 + (σmax (

+σmax

n−1

. . . I − λ 

+ (σmax (I −

H

σmn−1 s2

1)

n−2

...

+ ···
 T 
λ  Ñ2
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The inequalities result from the triangle inequality and the relation Ax2 ≤ σmax (A)x2 , σmax (AB) ≤
σmax (A)σmax (B), L1 , L2 norm inequality, (15), and geometrical sequence summation. Hence, according to (21) and
(23), if (16) is satisfied, we have sn [i] = 0, and the lemma
is proved.
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If s[i] is a non-zero-norm block that has not surpassed
any threshold yet (sn−1 [i] = 0) and (16) is satisfied, according to Lemma 1, Sn−1 = support(sn−1 ) ⊆ support(s).
Hence, we can write
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Hence, we can write

APPENDIX A PROOF OF LEMMA 1

We use the inductive reasoning to prove lemma 1. According to the zero initial value, we have s0 [i] = 0. Also, we
assume that sn−1 [i] = 0; then, we need to show that sn [i] =
0. According to our assumption, the zero-norm blocks have
not surpassed the threshold up to iteration n − 1 which
implies that Sn−1 = support(sn−1 ) ⊆ support(s). Hence, we
can write
 n−1
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2
 
= λ[i]H
[k]s[k] + Ñ
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). According to [41] and
m | < 1, we can write
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H
H
†
H
(I − λ )] = [I − (I − λ ) ] (I − λ ) =
(I − − λ H  )† (I − λH ). Thus, for n → ∞
and |σm | < 1, the recovered signal using the algorithm
converges
to
s + λ[I + (I − − λ H  )† (I −
H
H
λ )]  Ñ.
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