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Abstract

In this paper, we present a compressed sensing method for complex-valued signals based on multiple
measurement vector compressed sensing model. The proposed method constrains the real and
imaginary parts of the recovered signal to have the same sparsity profile. It is applied to a compressed
sensing through-the-wall radar imaging problem. Experiments based on synthetic data shows that the
proposed method achieves lower reconstruction error than the existing CS method.
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ABSTRACT parts of the recovered signal do not share a common sparsitiep

. . This issue was mentioned by Ender who applied a standardesimp
In this paper, we present a compressed sensing method f@l@om algorithm to cope with this problem [20].

valued signals based on multiple measurement vector casgmle In this paper, we propose a CS strategy that constrains e re
sensing model. The proposed method constrains the real@@ti 5 imaginary parts of the solution to share a common suppbet
inary parts of the recovered signal to have the same sparsitife. .50 strategy uses the row sparsity constraint of Melea-
Itis applied to a compressed sensing through-the-wallat@ging  g,rement Vector (MMV) in CS to force the real and imaging part
problem. Experiments based on synthetic data shows thairthe = ¢ 1he solution to have the same sparsity profile. We evaliate

posed method achieves lower reconstruction error thanxisérey effectiveness by applying the proposed CS method to corstes

CS method. sensing through-the-wall radar imaging, which deals withnplex-
Index Terms— Complex-valued, Compressive sensing, Multi- valued signals.
ple measurement vector The remainder of this paper is organized as follows. Se@&ion

presents an overview of compressed sensing and the exsstiiggy
for converting from complex-valued to real-valued CS modec-
tion 3 describes the proposed CS method followed by somdaimu
tions. Application to TWRI is presented in Section 4. Expeital
tesults are presented in Section 5. Finally, a conclusi@ivin in
Section 6.

1. INTRODUCTION

Over the past few years, compressed sensing (CS) has gained
creased interest and has provided a new framework for seynal
quisition without the constraint of Nyquist sampling rat€om-
pressed sensing has shown that a signal or an image, whica has

sparse representation in a certain domain, can be recotestrwith 2. COMPRESSED SENSING

far fewer non-adaptive measurements than Nyquist sam{hiegr ] ) ) ] o ]

rem [1]. With the ability of sensing and compressing sirmstusly, In this section, we briefly describe ’_[he existing strateg_ystdvmg a
compressed sensing has been applied to many radar imagiag, ar COMPplex-valued co]r\r;pressed sensing problem. Conzsvlg(]e\rr plerm
such as Ground Penetrating Radar (GPR) [2, 3], Synthetictyge ~ valued signake € C™ and an orthornormal basis € C™**, such
Radar (SAR) [4-6], Inverse Synthetic Aperture Radar (IS[RS], thate = Y, wherea € C" is a sparse vector. The signal is con-

and Through-the-Wall Radar Imaging (TWRI) [9-12]. Many rsa sidered to be sparse if it contains otynonzero coefficients, where
recovery algorithms have been proposed to solve CS relatds p K < N, or to be compressible if its ordered set of coefficients de-

lems for real-valued signals. Some of the sparse recoveyy-al Cays rapidly and the signal can be well approximated by hesfitst
rithms can cope with complex-valued signals, e.g., thenupa- ¢ coefficients. _ ] _
tion package CVX developed by Grant and Boyd based on convex Compressed sensing shows that a signal that is sparse, er com
programming [13, 14] and YALL1 package developed by Yang andPressible, in some b£?13|s can be acquired using a onv-ratemtumn
Zhang [16]. In [15], the authors proposed a genésahinimization ~ Process. The signal is measured through the following model:
recovery algorithm for CS in which a smoothing constrairpplied y=dx+e 1)
on the phase of the signal and a sparse transform is usecefdath ’
to improve the signal recovery. wherey € C denotes the measurement vectior: CM*V, M <

In order to use the existing sparse recovery algorithms fony, is the sensing matrix, anel € C represents the observation
complex-valued CS problem, the real and imaginary partshef t noise. A common approach to recover the original signéiom y
measured input signal are decoupled and concatenated b a s to solve the so-called Basis Pursuit denoising problerargby
umn vector. Similarly, the dictionary is also decoupleairgal and
imaginary sub-matrices to generate a matrix which is foues the min ||a|[1, subjectto ||y — PVallz <, 2
size of its original size. The solution obtained from therspaecov- -
ery algorithm comprises the real and imaginary parts, gadrina  whereec is an upper bound of thé,-norm of the noise. The CS
similar manner as the measured input signal. This CS syrdtag  problem given in (2) can be solved if the sensing matrix §atighe
been applied to many CS related problems, such as TWRI [9, 10Restricted Isometry Property (RIP). In the CS literatuhereé are
SAR [17], channel estimation [18], and inverse scatterib].[ several types of sparse recovery algorithms that have brepoged
However, this strategy has a drawback is that the real andiimaey ~ to solve this type of minimization problems. Most of them wer



developed for real-valued signals. Therefore, to applyxastiag  Then, a sparse recovery algorithm designed for MMV, suctsias,
real-valued spare recovery algorithm to a complex-valigubd, the  multaneous Orthogonal Matching Pursuit (S-OMP) [21, 22Mer
measured signg} and the dictionanD are decoupled into their real FOCUSS [23] can be used for signal recovery. The real andiimag

and imaginary parts as follows: nary parts of the recovered sigrat can be calculated as
5o ?E{D} ~3{D} @) R{a"} = (¢1 + ¢2)/27 (10)
S{py - R{D} S{a'} = (¢} — ¢5)/2. (a1
To test its effectiveness, the proposed method is appligdeto
o { R{y} } 7 4 recovery of a complex-valued signal. The complex-valugdaiis
S{y} generated to have a length df = 500 where16% of the coeffi-

and cients are nonzero. For the recovery of the signal, a diatipof

~ o’ size200 x 500 is designed with its complex-valued elements are in-
o= { } ) ®) dependent and identically distributed variables drawmfeoGaus-

) o sian distribution\'(0, 1). The measurement vectgris defined as
whereD = oV is the dictionary, ant{-} and3{-} aretherealand , _ pq and is corrupted by white Gaussian noise. OMP is used
imaginary operators, respectively. The ve@os a concatenation of  o¢ 5 sparse recovery algorithm in conjunction with the SMstegy

the reala” and imaginaryx" parts of the recovered signal. Here, this 534 the proposed MMV strategy. The recovery performanceef t

decomposition is termed as single measurement vector (SM&) 4 50rithm is measured in terms of the normalized mean scrae
egy as the CS model contains only one measurement vectoedBas(NMSE) given by
on this decomposition, thé& -norm minimization problem can be

ai

rewritten as NMSE — ||a||;ﬁz ||2‘ (12)
~ 2
min||&1, subjectto ||z — Dal> < e. ®) o -
& The simulation was performed over 1000 runs and the indi€es o

the nonzero coefficients of the recovered signal were rafydoho-
sen for each run. The averaged normalized mean square sreor a
function of the number of measurements and the SNR of the inpu
signal are shown in Figs. 1(a) and (b). Figure 1(a) shows tbe p
posed MMV strategy gives lower reconstruction error thanSMV
strategy when increasing the number of measurements. deing
measurements, we show that the proposed MMV strategy is more
3. PROPOSED COMPRESSED SENSING METHOD robust against noise than the SMV strategy, cf. Fig. 1(b)thin
following section, we apply the proposed CS method to cosgae
Multiple measurement vector (MMV) is a natural extensiorsiof ~ sensing through-the-wall radar imaging.
gle measurement vector (SMV) where a CS problem has several
measurement vectors with an over-complete dictionary. NTk®/ S 8 m— T ‘ ‘ T e —
model addresses the recovery of a set of sparse signal sehair ety e N gy
share a common support. In other words, each column of the sol }
\ -

The real and imaginary parts of the sparse solution obtdiges|v-
ing (6) are not guaranteed to have the same sparsity profilenT
force a constraint on the real and imaginary parts of thesgpso-
lution, we propose to solve (6) as a multiple measuremenrtbrec
(MMV) problem.

tion matrix has the same sparsity profile. By using this aauirst,
we propose to solve (6) as a MMV minimization problem so that t
nonzero coefficients in the real and imaginary parts of thewered
complex-valued signal share the same set of indices. Mattiem : ‘
cally, the proposed CS method can be described as follownst, fie \\ h
measurement vectay is duplicated. Both measurement vectors in- L
cluding the replicated one are decoupled and rearrangealasics B seretmensvenens =
of the Y matrix: @

o
o
I

Normalized mean square error

§R{y} - %{y} . (7) \\ ——— MMV strategy
S{yr Wy}

The sparse matrix solution can be written as

_[ e e & N B S R -

Normalized mean square error
/
L
7

where¢? and ¢’ are, respectively, the real and imaginary parts of ®

the solution for the first column df. Similarly, ¢5 and ¢’ are the

real and imaginary parts of the solution for the second calofit’. Fig. 1. Reconstruction error of the SMV and the proposed MMV

This decomposition is termed as MMV strategy. Now, we canewnri  strategies: (a) NMSE as a function of the number of measurtsme
and (b) NMSE as a function of the SNR of the measured signal.

min|||:, subjectto |[Y — DOz <e, 9)



4., THROUGH-THE-WALL RADAR IMAGING Using the indicator function, we define a column vector =
[s1,...,54], whereq € [1,N] . We also arrange the measure-

Through-the-wall radar imaging (TWRI) has been given mueh a ments given in (14) into a vectet € C* M = M;M,, by
tention recently due its wide range of applications in publifety,  concatenating all/ measurements into a column vector:
law enforcement and military [24]. In order to achieve higs-r
olution imaging, large signal bandwidth and array aperaine re- z=[2(0,0),...,2(M; — 1, M, — 1)]", 17)
quired, leading to an increase in data acquisition time.r&@iean
increasing interest in fast data acquisition and image &tion for
TWRI to allow prompt actionable intelligence and to enal#é-r
able situational awareness. To achieve this objective,pcessed
sensing TWRI methods [9, 10] were developed. In these metfeod where® ¢ CM* N, Each element of the matrik is given by
real-valued sparse recovery algorithm in combination WithSMV
strategy was used for image reconstruction. In the follgwitne U (i, q) = exp(—427 fnTn,q), (19)
signal model and compressed sensing TWRI are described.

Therefore, Equation (14) can be rewritten as

z = VUs, (18)

withm = ¢ mod My, n = [i/My] andi = 0,..., MM, — 1.
41 Sianal Model Suppose that we select a few measurements using a meastiremen

L 9lg matrix, ® € R7*MN (J < M < N), whereJ is the total num-
In a stepped-frequency TWRI approach, a large bandwidth i§er of selected measurements. Then, the measuredydzda be
achieved by transmitting/; narrowband signals of frequency, expressed as

y=®z = Ds, (20)

whereD = ®W. It follows that (20) is an underdetermined system
where f, is the initial frequency anad\ f is the frequency step size. of linear equations that has infinitely many solutions. Hesveit is
Assuming that a\/,-element array of transceivers is used to inter-possible to recover the sparse sigadghrough compressive sensing
rogate the scene behind the wall. The scene is divided intmta r when the matrixD satisfies the Restricted Isometry Property (RIP)
angular grid ofN,. by N, pixels. GivenP targets in the scene, the [1]:

fm = fm +mAf, for m=0,...,M;—1, (13)

stepped-frequency signal of the-th frequency received at theth (1—9x)||s]|3 < ||Ds|3 < (1 +6x)||sl[3, (21)
antenna(m, n) is given by where the sparse vectar has K nonzero coefficients andx €
P (0,1). A small value ofd x leads to better construction of the sparse
2(m,n) = ZUP exp(— 27 fnTnp), (14)  signal. It has been shown that to recoveKasparse signak ex-
st ’ actly or with high probability, the number of measurementsas to
satisfy
wheren € [0, M, — 1], m € [0, My — 1], o, is the reflection J > cK log(W/K), (22)

coefficient of thep-th target,r,,,, is the two-way propagation delay
of the signal from the:x-th antenna to the-th target. It is assumed
that we know the wall parameters, i.e., the wall thickneskdielec-
tric constant, and the received radar signal is free of thié B
signature by using a wall-clutter mitigation. After the aigition
of all the data samples, delay-and-sum (DS) beamformingna c min||s||; subjectto||y — Ds||z < e, (23)
mon image formation method, is used to reconstruct the sdeste -

N = N. N, denote the total number of pixels in the formed image.where||s||1 = >, |s:| ande bounds the amount of noise in the
The complex-valued of the-th pixel can be computed as measured data.

wherec is small constant and’ is the dimension of the vectar[6].
With the measured dataand the dictionanD, the signals can be
recovered from the solution of a convex optimization probleased
on/;-norm:

Mg—1 M, —1

1 .
I(Q):Mf_M ST ST yman) exp(32n fnmaa),  (15) 5. EXPERIMENTAL RESULTS

The proposed CS method is compared with the existing CS metho
whereq € [1, N], 7,4 denotes the focusing delay applied to the on synthetic TWR data. For simulations, the TWRI scene cisapr
output of then-th transceiver for theg-th pixel. The computation three targets that are located @t [1], [—1, 2.5], and [1.5, 3] m
of the focusing delay for TWRI can be found in [25]. With DS pehind a homogeneous wall. Each target is represented byua gr
beamforming, all the data measurements are required toli@m  of four by four pixels. The wall has a thickness of 0.15 m and a
resolution radar images, at the expense of increasing taeadgui-  dielectric constant of .6. A two meter line array containingl an-
sition time and data storage requirements. tenna elements is placed at a standoff distanderoffrom the walll.

Each antenna transmits and receives a stepped-frequgmay wiith
4.2. Compressed Sensing Through-the-Wall Radar Imaging a bandwidth o2 GHz centered &.5 GHz. The frequency step size
is set to 5 MHz, producing01 frequency samples. We assume that
the wall backscatters have been removed from the radaneetis-
ing a wall-clutter mitigation method, such as backgrounbtrse-
tion, spatial filtering [26], or the SVD-based wall clutteitigation
method [27, 28]. llluminating the scene with all the antehaad
frequencies, we have a set of 24,461 measurements40.k fre-
guencies time§1 antenna locations. Based on compressive sensing,

op, Ifatargetp exists at they-th pixel location; a subset of these measurements is required to accuratelyergc
Sq = { 0, otherwise. (16) the target space. Let us consider the target space be a syjichre

Compressed sensing has been applied to reconstruct a naaige i
accurately with few measurements. Since the number oftsaige
far fewer than the number of pixels, the target space can hsido
ered as sparse. Thus, the image formation problem in TWRbean
formulated as a CS problem. Let denote an indicator function,
defined as



with 50 rows and50 columns, i.e., an image of siz® x 50 pixels.
We use the target-to-clutter ratio (TCR) to measure theityuzithe
formed image. TCR is computed as

N Lger, (@)
N: Lger, (@] )

whereR; is the target regionk, is the clutter regionN. and N, are,
respectively, the number of pixels in the clutter and targgtons.
To reconstruct the scene, we Us8 of the total data volume, where
the frequencies are randomly chosen and the antenna losatie
chosen equispaced across the array. Orthogonal matchiagitpis
used as a sparse recovery algorithm since it is a fast teohnm
obtain a sparse solution. The stopping criterion for OMP sets
to 100 iterations. In other words, OMP only computes the fif}
nonzero coefficients of the solution. Figure 2(a) shows thage
reconstructed by DS beamforming based on the full data veliam
a noise-free scene with three targets behind the wall. Ega(b)
and (c) illustrate the images formed by the CS imaging method
combination with the SMV strategy and the proposed MMV strat
egy, respectively. It is clear that the existing SMV strgtpgpduces
an image with many false target pixels. This is due to thetfattthe
real and imaginary parts of the solution obtained from OMFdb
have the same sparsity profile. On the other hand, the prdstrs-
egy, which employs the row sparsity constraint of MMV CS mpde
generates a radar image with few false target pixels. Ingerhim-
age quality, DS beamforming achieves a TCRI904 dB and the
CSimaging method with the SMV strategy gives a TCR®f3 dB.
Using the proposed MMV strategy, we obtain a TCR9f56 dB.

TCR= 20log < (24)

6. CONCLUSION

In this paper, a method for complex-valued CS problem was pro
posed. The proposed CS method constrains the real and ianggin
parts of the solution to share a common support by using the ro
sparsity condition of MMV CS model. For compressed sensing
TWRI, the proposed CS method, based on simulated data, ggddu
a radar image with fewer false target pixels than the exjs@s
method using the same sparse recovery algorithm.
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