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Enhancing Forward-Looking Image Resolution:
Combining Low-Rank and Sparsity Priors

Junkui Tang™, Zheng Liu

Abstract— Compressed sensing (CS)-based imaging technology
has attracted a lot of interest because it can enhance imag-
ing resolution. Targets of interest for forward-looking imaging
radar are typically few in comparison to the entire imaging
region. This sparsity allows for the natural application of CS
to the reconstruction of high-resolution forward-looking images.
However, conventional CS-based imaging methods can only
perform well when the signal-to-noise ratio (SNR) is high. Strong
noise in radar imaging prevents the CS-based methods from
producing excellent imaging results. Inspired by the low-rank
property of the received radar target echo and the sparsity
of the forward-looking image targets, we present a combined
low-rank and sparse prior restricted model for forward-looking
imaging with a multichannel array radar to overcome strong
noise. To solve the low-rank joint sparse double prior constraint
optimization problem, an augmented Lagrange multiplier (ALM)
reconstruction method under the framework of the alternating
direction multiplier method (ADMM) is proposed. Finally, the
results of simulation and real measurement data indicate that
our presented method is fairly effective at enhancing the azimuth
resolution and robustness of forward-looking radar imaging in
comparison to other current methods.

Index Terms— Alternating direction multiplier method
(ADMM), augmented Lagrange multiplier (ALM), compressed
sensing (CS), forward-looking imaging, low-rank and sparse
prior, strong noise.

I. INTRODUCTION

N SEVERAL civil and military applications, such as

precise navigation, autonomous landing, and topographic
mapping, forward-looking high-resolution imaging is critical
importance [1], [2], [3], [4], [5]. Unfortunately, the mech-
anism behind Doppler beam sharpening (DBS) or standard
monostatic synthetic aperture radar (SAR) prohibits their
forward-looking high-resolution imaging, i.e., terrain sites
symmetrically located along the flight route have identical
Doppler histories, which makes the Doppler frequency gra-
dient in the flight direction relatively tiny [6], [7]. Theo-
retically, we can expand the antenna aperture to improve
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the forward-looking image resolution. In practical application
scenarios, the antenna aperture size is usually constrained by
platforms like missiles and unmanned aerial vehicles (UAVs),
which results in the ineffective method of increasing the
aperture size to improve the forward-looking resolution [8],
[9], [10]. Therefore, low azimuth resolution inhibits the quality
of imaging in the forward-looking direction for practical
applications [11], [12], [13].

In recent years, forward-looking scanning radar imaging
based on the deconvolution approach has been described
and demonstrated to be useful for boosting image azimuth
resolution [14], [15], [16]. This is due to the fact that the
forward-looking image azimuth echo signal is a convolution
of the spatial distribution of the target and the antenna pat-
tern [17]. However, because the antenna design is a low-
pass filter, the strength of high-frequency noise is amplified
during deconvolution, which has an effect on the azimuth
resolution. Consequently, the traditional deconvolution method
is an ill-posed problem [18]. Many strategies have been offered
in prior research to alleviate the discomfort of deconvolution.
Huang et al. [11] resolved the issue of noise amplification in
deconvolution imaging using the truncated singular decom-
position approach within the context of algebraic theory,
thereby attaining effective augmentation of forward-looking
imaging angular resolution. Tan et al. [19] proposed a max-
imum likelihood (ML) method for I/Q channel modeling of
forward-looking scanning radar, which can accurately estimate
targets by maximizing the likelihood function. Xia et al. [20]
designed a multichannel deconvolution super-resolution sig-
nal model of forward-looking imaging that greatly allevi-
ates the ill-posed problem of the traditional single-channel
deconvolution through joint processing of multiple channels.
Zhang et al. [21] proposed a total variation (TV) forward-
looking high-resolution imaging approach using the trun-
cated singular value decomposition (TSVD) strategy, which
increases noise robustness by removing small singular val-
ues of the antenna convolution matrix. Furthermore, based
on the Bayesian theory, Zha et al. [22] used a Laplacian
distribution to describe the prior information of the target
and the maximum a posteriori probability criterion to solve
the relevant deconvolution issue, thereby attaining the azimuth
super-resolution of scanning radar. As mentioned in the above
literature, forward-looking super-resolution imaging has been
made possible with the use of deconvolution methods. How-
ever, in most papers, the amplitude absolute value pattern is
adopted without considering the influence of phase on the
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pattern. According to the antenna theory, this pattern is difficult
to realize in reality [23], [24].

At present, compressed sensing (CS) technology has been
introduced into radar high-resolution imaging applications,
which can use low-dimensional observation data to achieve
accurate recovery of high-dimensional sparse signals, provided
that the targets in the imaging are sparse [25], [26], [27].
In actual radar imaging, the number of intense scattering
centers is far less than the total number of image pixels [28],
[29], [30], [31]. Therefore, it is feasible to realize forward-
looking high-resolution imaging based on CS. Giusti et al. [32]
analyzed in detail the performance of using CS to reconstruct
super-resolution inverse SAR (ISAR) images and the compar-
ison between CS and traditional super-resolution technologies.
They demonstrated that CS is applicable to ISAR images.
In [33], under sub-Nyquist rate sampling, a new CS-SAR
imaging method using a multimeasurement vector (MMYV)
model has been used to achieve high-quality imaging, which
can greatly save the computational cost in time and memory.
Also, Ao et al. [34] realized the accurate reconstruction of
bistatic ISAR (Bi-ISAR) images by joint CS optimized weight-
ing and improved Fourier basis. However, considerable noise is
typically unavoidable in radar imaging. The insufficient spar-
sity of noise distribution will have a significant impact on the
reconstruction of target information, which poses a challenge
to the existing high-resolution imaging techniques based on
CS. The sparsity prior assumption is the most widely used
method for overcoming severe noise. Nevertheless, a single
sparsity constraint cannot solve every problem. Qiu et al. [35]
presented a joint low-rank and sparse prior (JLRS) ISAR
imaging method. The low-rank property of the echo signal
and the sparsity of the target are used to improve ISAR
imaging performance when data are lost randomly. However,
because the noise is not constrained in the imaging model,
the performance of the imaging results will deteriorate in
the strong noise environment. Zhang et al. [36] found that
combining a nonlocal total variation (NLTV) constraint with
local sparsity can overcome strong noise and eliminate some
spurious strong scattering targets or clutter in ISAR imaging
while simultaneously preserving the form and geometry of
target regions. Furthermore, Zeng et al. [37], inspired by
the sparsity and low-rank of the 2-D distribution of the
target, presented a novel ISAR reconstruction method. The
experimental results demonstrate that this approach provides
superior image quality and noise resistance. However, the
reconstruction performance is not optimal due to the use of
the zero norm of the 2-D matrix as the sparsity constraint.
Zhang et al. [38] proposed a weighted CS (WCS) method for
ISAR image generation, which improved the robustness of the
traditional CS algorithm through different weight constraints
on the target and noise.

In the above literature, we observe that adding additional
prior knowledge can increase the performance of the CS-based
imaging. In light of this, we propose a multichannel array radar
forward-looking imaging model based on combining sparse
and low-rank priors. Our model takes into account the fact that
the target is sparse in the forward-looking region and that the
received signal of a multichannel array radar system exhibits
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Fig. 1. Forward-looking imaging model of the multichannel array radar.

substantial intracorrelations. Specifically, the signal matrix is
recovered by a low-rank constraint, and the sparsity of target
distribution is used to detect and differentiate the strong scat-
tering centers and noise spots to eliminate false or unreliable
strong scattering points. Moreover, with regard to the resulting
double optimization issue, the alternating direction multiplier
method (ADMM) [39] can effectively solve the constrained
optimization problem and converge mild. The ADMM has
been effectively used in multiple joint optimizations of ISAR
or SAR imaging [40], [41], [42]. Therefore, under the ADMM
framework, this article proposes an augmented Lagrange mul-
tiplier (ALM) method for efficiently solving our proposed
optimization problem model.

The structure of this article is as follows. Section II
presents the forward-looking imaging model of multichannel
array radar and the CS-based forward-looking super-resolution
imaging method. In Section III, a forward-looking imaging
method that combines low-rank and sparsity is proposed in
detail. In Section 1V, the experimental results are presented to
demonstrate the effectiveness of our proposed method, and in
Section V, a conclusion is given.

II. SIGNAL MODEL

The forward-looking imaging system model of the multi-
channel array radar is depicted in Fig. 1. The N multiple
integrated transceiver antennas are positioned on a radar
platform with a height of H and a length of L. The radar
platform moves at speed v, and N antennas are linearly aligned
at equal intervals d, sequentially sending signals and receiving
echoes. Assume there is a point target P(xg, yp,0) on the
ground directly in front of the radar platform, and the azimuth
coordinate of the nth antenna is y,. If r denotes the slow
time, v, is the equivalent moving speed of the antenna, i.e.,
Yn = 04t, then the oblique distance from the point target P to
the nth antenna is

R(t) = /01 —x0P + (vt — yoP + HL (1)
The expansion of (1) by the second order of Taylor is
X0 Yo
R(t)=Ry— | —v — =—v, |t
() = Ro <Rov " )
H? (02 +0?) + (0yo + vax0)’
+ (va v ) (vyo + vaxo) 2 +0(l2) ?)

2Ry’
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where Ry = (xo? + yo> + H?)'/? is the slant distance from the
scattering point P to the center of the array antenna.

The distance R is usually quite large in forward-looking
radar imaging, and small platforms such as UAVs move slowly,
so the second-order term of the Taylor expansion in (2) is very
small and can be ignored, then (2) can be approximated as

X0 Yo

R(t) =~ Ry — <—v — —va)t.

2" Ro 3)

Suppose that the radar transmits linear frequency modula-
tion (LFM) signal as

su)zzm(ﬂepr2ﬂ(ﬁf*‘%fﬂ}

where f, is the carrier frequency, 7z denotes the fast time, y is
the chirp rate, and w, stands for the range window function.
After the echo is compressed by matched filtering, it can be
expressed as

See(z, 1) =C - sinc[nB(T _ ZRC(I)H .exp(—j47r ?)
(5)

where C represents the scattering point’s complex scattering
coefficient, ¢ is the light velocity, 4 is the wavelength, and
B stands for the signal bandwidth. Then, the range walk
correction factor is constructed for the echo signal after pulse
compression in the frequency domain to eliminate the impact
of platform motion on the echo signal. The echo signal after
range walk correction can be expressed as

. 2Ry .. R(@)
Sic(t, 1) = C - s1nc[7rB (r — T)} oexp(—]4n7>
e (e ) o)
~C-sinclrB|7—— || -exp| —jmr—
c A
. 2l)ay0 . 21))60

'exp(]Zn iRy t) oexp(127r 7Ry t)
where (2v,y0/ARo) and (2vx¢/ARy) are the Doppler fre-
quency caused by the equivalent motion of the array antenna
and the motion of the platform, respectively. In a range
bin (i.e., xo is a fixed value), the slope of the Doppler
frequency caused by the platform motion along the azimuth
direction is d(20x0/ARo)/dyo = (2vxoyo/AR3). It is generally
defined that the front +10° of the moving platform is the
forward-looking imaging area. Therefore, there is yg < xo,
and the Doppler frequency (2vx9/ARp) changes little in the
azimuth direction. This is why it is impossible to achieve
forward-looking high-resolution radar imaging by relying only

on the traditional monostatic SAR imaging technology.
Assuming that the echo contains M range bins, ignore the
fixed term exp(—jz(4Ry/A)) in (6) and cancel the phase

factor exp(j2x (2vxg/ARp)t), then the 2-D echo matrix S
after range compression can be expressed as

“)

(6)

Se=Y+E=AX+E @)

where Y € CN*M and E € CV*M are the signal matrix and
noise matrix, respectively. X € CN*M(N > N) represent
the 2-D super-resolution imaging. A € CM*V denotes the
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Fig. 2. Distribution of singular value of signal matrix ¥ and echo matrix
Sre (SNR = 5 dB). (a) Simulation data. (b) Real data.
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dictionary matrix for the dimension of azimuth, and it can

be expressed as
A=la,.. ap = exp[—j2x - fy(n).t], 0<n <N

@)

"aN]’

where f; = [1: N]A f;, with N = f,/A fy.

Based on the a priori knowledge that targets are sparsely
distributed in space, we can reconstruct the scattering intensity
matrix X of the target through the following constrained
optimization problem:

©)

where |||, denotes the lp-norm of matrix, |-|| denotes a
matrix’s Frobenius norm, and ¢ is a small constant that is deter-
mined by the level of noise. Formally, (8) is an MMV solution
problem, which can be solved by the Bayesian algorithms [43],
[44] and iterative reweighting algorithms [45], [46]. However,
in practical applications, there is usually a strong noise in the
echo. No sparsity of noise distribution will seriously affect the
reconstruction of target information, resulting in the loss of
important scattering points and the appearance of false points
in the forward-looking imaging results.

: 2
min X[, st 1S — AX[} <6

III. PROPOSED METHOD
A. Low-Rank Property Analysis

Imaging of the CS-based systems is essentially an ill-posed
problem for which there is no unique solution, particularly in
the presence of significant noise [47]. Introducing appropriate
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prior knowledge helps decrease the solving equation’s ill-
posedness [31], [48], [49]. In this section, we study the
low-rank characteristic of the signal matrix received by
forward-looking imaging. First, according to the rank inequal-
ities of matric, the rank of signal matrix Y satisfies the
following conditions:

rank(Y) = rank(AX) < rank(X). (10)

Formula (10) shows that if the image matrix X satisfies
the low-rank property, then Y must also satisfy the low-rank
property. In fact, there is a lot of redundant information in
the generated high-quality image, and the area we focus on
only accounts for a small part, which indicates that there
are multiple complete zero columns or rows in the image,
that is, the image matrix X is low-rank. Consequently, the
received signal matrix Y has the characteristic of low-rank.
However, in a strong noise environment, the echo matrix S
is not low-rank. Fig. 2(a) and (b) depicts the normalized
singular values of the signal matrix ¥ and echo matrix S
used in Section IV-A simulated point target experiment and
Section IV-C real data surface target experiment, respectively.

As can be seen from Fig. 2(a), the singular value distribution
of the actual echo matrix S,. decays gradually. In contrast,
the distribution of signal matrix Y singular values decays
rapidly, indicating that the signal matrix ¥ has a low-rank
characteristic. Furthermore, the singular values have the same
change trend in real data, as shown in Fig. 2(b). Therefore,
to increase the accuracy of reconstruction in forward-looking
imaging processing, it is possible to take advantage of both
the sparse and low-rank properties.

B. Proposed Combine Low-Rank and Sparse
Forward-Looking Imaging Model

In this section, the low-rank characteristics of the signal
matrix and the sparse qualities of the targets are exploited in
forward-looking image reconstruction to improve the capacity
to suppress noise. When low-rank and sparse characteristic
constraints are applied, the forward-looking imaging model
can be expressed as

min_rank(¥) + 211X llo + 22/ E |7
s.t. ¥ = AX

Y+E =S5 (11)

where rank(-) denotes the rank function, 4; and 1, are the
regularization parameters. A; is used to balance /yp-norm, and
the rank of Y, and 1, is related to noise.

Considering that the /p-norm and the rank function rank(-)
problems are usually NP-hard. Therefore, we relax the /y-norm
to the /;-norm and the rank(-) to the nuclear norm. Then, the
optimization issue in (11) can be changed into the convex
optimization issue shown below

min [|Y ], + 411X, + LIEN:
X.Y.E
s.t. Y =AX

Y+ E =Sk (12)
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where ||V, := ), o; represents the nuclear norm of Y, and
o; is the ith singular value of Y.

C. Solution of the Proposed Model

Using the augmented Lagrange function, the optimization
issue posed in (12) can be efficiently resolved within the
ADMM framework. To facilitate calculation, we let J = X,
and then the ADMM form of (12) is

. 2
min [Vl + Al + 220 Elle

s.t. Y —AX =0,
Se —AX —E =0,
X—-J=0. (13)

The representation for the augmented Lagrange function
of (13) is

L(Y’ Ja Xa E’ Ql’ QZ, Q3au19 uz, M3)
= 1Yl + 211 + 22N ENF
u
+OT(Y = AX) + Y — AXI}

us
+ 03 (Se — AX — Ey+— 1S — AX — E|%

u
+Q§(X—J)+§||X—J||% (14)

where Q;, O, and Q3 denote the Lagrange multiplier matri-
ces, uj, up, and us represent the penalty coefficient, until a
particular convergence condition is reached, and the ADMM
approach is used to predict the optimal variables Y, J, X, E,
01, O», and Q3 alternately, that is, by estimating one while
holding the others constant. The solution to (14) is as follows:

ve! = argmin {L(v*, /5, X", EX, 0}, 04, %)}
J = argmin {L (Y, 75 X5 ER, 07, 05, 05)}
XK = arg min {L(y!, g X8 BN 0F, 05, 00) )
E! = argmin {L(Y*, 75 XML ER, 04, 05, 05) )
7= 01+ i (S — AXT — EM)
05" = Q5 + ub (v — AX*H)
=05+ us(x - M)

it =i
u5t = popdh
u5t = papd

5)

where p;, p», and p3 are ratios used to increase u;, up, and
us, respectively, and pi, p2, p3 > 1.

1) Updating Y : First, the optimization problem of updating
Y while fixing J, X, E, Q1, O, and Q3 can be expressed as
follows:

YH = argmin ||Y¥]|, + (%) (Y% — AXY)
Y
u 2
Frioaxt
RY|[}

1 1
= in — || Y* —|ly* — 16
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where
Q1
ﬂ 1

Using the singular value thresholding (SVT) algorithm [49],
the minimization nuclear norm problem of (16) was resolved

as follows:
1 H
7))

RF = AX* + (17)

YA = Uksoft():k, (18)
where U¥, V* and ¥ are the SVD results of R¥, i.e
RF = U"Ek(V")H. U* and V* are the unitary matrices, which
satisfy UK(UX)" = I and V¥(V})" = I, respectively, and X*
is all zero besides the elements on the main diagonal. soft(-)
represents a soft threshold function which is defined as

soft(®, a) = max{l — 0} (19)

a
oG, j)’
where O (7, j) is a matrix, and a is a constant.

2) Updating J: Second, similar to updating Y, the opti-
mization problem of updating J while fixing Y, X, E, O,
0>, and Q3 can be expressed as

JHH — argjmin [T, + (05" (xF = %)

Jk (Xk Qk>
3

Let Rf = X* + (Q%/uf) — (11/0%), and R = X* +
(Q%/u%) + (21/0Q5%). This [;-norm minimization problem of
(20) can be solved as

us 2
FO - R

= argmin /1—1,(‘|Jk‘|1+—‘ (20)
;05 2

F

J* = max (0, R}) + min (0, R}). (21)

3) Updating X: Third, the following optimization problem
of updating X, i.e.,

X! = argmin (Y

X

k
+1HAX" — (Y"“ 4 )
2 ui

+(Se — AX* — EY)
Q2>
15

1 kN |17
2 H3 F

— AXY)

L]
2

AXF — (s,c — EF 4+

+(x (22)

The minimization optimization issue of (22) can be resolved
by the following:

X = (ATA+21)/1
x{AT {Sm — EF 4 yH! - <Q—k + gk)]
ﬂ1 ﬂz
k
Q Jk+1} (23)
,U3

where [ represents a unit array, and 1 € CV>*V,

5100812

TABLE I
ALGORITHM: ALM-ADMM FOR SOLVING (13)

Input: Measurd data matrix S, € CN>*M

, azimuth dictionary
matrix A € CN Xﬁ, regularization parameter A1, A2 > 0;
_Q%:Qé:El_Yl 0N><M’

> 0, and p1, p2,p3 > 1.

iteration number k = 1, Q%

JV=Xx1 e oNV*M y bl ud >

While the stop condition is not reached, do

Update Y:
k
L RE = AXF 4 2L RF = Uksk(vR)
1
k — 77k k
2. YR+l — @y soft( Q,f) (e
Update J:
k k
T Top T Ao

4. J’“Jrl = max (O, R’f) + min (07 R’;)

Update X:
5. Xk+1l = (AT A +21) /Ix
k k k
(oo o= (5285 o)
Ky Ho M3
Update E:
k<S _axkt+1 &5)
1) re +—%
6. EF 1 = 2

stk

Update Q1, Q2, Q3:

7. Qk+1 _ Qllc JFH'If (Sm o AXk+1
Q3T = Qb+ (Y - AXMHY)
Qk+1 _ Q’§ +#1§ (X _ ch+1)

Update p1, p2, pa:

k
8. uy = prk

pb Tt = popk
ph Tt = papk
9. k=Fk+1

end while

_ Ek+1)

Output: X

4) Updating E: Finally, by fixing others, the update of E
can be expressed as

EM! = argmin L,||E|% + Q) (S — AX — E)
E
us
+7||Sm—AX—E||2F
2
pl 1 Q%
—ar min—||E||2+—‘S —AX - E+ =
B gh T g 15 |l
(24)

The solution to this optimization problem (24) can be
obtained by

(S — x4 &)
2
5+ b

Ek+1 — (25)

Finally, the whole ALM—ADMM algorithm solution process
for the proposed forward-looking imaging model (13) is sum-
marized in Table 1.
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TABLE 11
SIMULATION RADAR PARAMETERS

Carrier Frequency 35 GHz
Bandwidth 150 MHz
Antenna length 04 m
Antenna number 94
Antenna number 94
Working distance 3000 m
Radar platform speed 150 m/s

IV. EXPERIMENTAL RESULT AND ANALYSIS

In this section, validate the efficacy of our proposed model
and methods using both the simulated and actual measured
data. All the processed results are compared with the conven-
tional methods, such as real-beam imaging, CS, WCS [38], and
JLRS [35]. For convenience, our proposed forward-looking
imaging method combining low-rank and sparsity is called
FLI-CLRS. For all the experiments, some parameters are set as
follows: p1 = po = p3 = 1.2, u} = ul = ul = 1.2/||A||%, and
the maximum number of iterations is 200. The regularization
parameters 4, and A, are [1, 3] and [2, 3], respectively.

A. Simulated Point Target Results

The experiments on the simulated data are presented in
this section to validate the proposed forward-looking imaging
method. This simulation considers a Ka-band millimeter-
wave radar and nine scattering point targets, as represented
in Fig. 3(a). Table II gives the most important simulation
parameters. According to the experimental parameters, we can
calculate that the range resolution is 1 m, and the resolution in
azimuth of real-beam imaging is 32 m. However, according to
the experimental setup, in the azimuth direction, the distance
between two adjacent targets is about 8 m, so the real-beam
imaging method does not have the ability to distinguish three
targets in the same range bin, as shown in Fig. 3(b). Fig. 3(c)
shows the results of super-resolution imaging with the con-
ventional CS method under free noise. It can be seen that the
nine strong scattering point targets are clearly distinguishable,
which indicates that the CS-based imaging method is suitable
for forward-looking super-resolution imaging. Next, Gaussian
white noise is added to the echo to generate a different signal-
to-noise ratio (SNR) to verify the robustness of our FLI-CLRS
method, where SNR is defined as

”Src”F
”Src - Y”F.

First, we compare the performances of different methods,
including CS, WCS, JLRS, and the proposed FLI-CLRS, under
different SNRs. The images obtained by the four methods
are given in Fig. 4. We can clearly see that the traditional
CS imaging algorithm still fails to achieve a satisfactory
high-resolution image even under SNR = 10 dB. Similarly, the

SNR = 20log,, (26)
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TABLE III
AWR2243 CASCADE RADAR PARAMETERS

Carrier Frequency 78.7 GHz
Bandwidth 2.5 GHz
Antenna length 0.16 m
Antenna number 86
Max working distance 150 m

WCS and JLRS methods can only reconstruct part of the target
due to their limited noise suppression ability, and there is a
defocus problem. On the contrary, the proposed FLI-CLRS can
still obtain a clear and separable image of the target close to
the image referenced in Fig. 3(c) even under a low SNR, which
shows the superior performance of the proposed method.

Then, we use the image correlation coefficient (ICorrcoef)
and root mean square error (RMSE) to further quantitatively
compare the performance of different methods, in which
ICorrcoef is defined as

ICorrcoef(E, , E,) = VB, vee(Eo))l 27)
e lvec(E,) 2 llvec(E,) I,

where E, and E, represent the reference image and images
generated by different methods, respectively. Furthermore, the
RMSE is defined as

X~
RMSE = (28)
where X is the raw data, and X is the recovered data.
Smaller RMSE and higher ICorrcoef represent a method with
better reconstruction performance and better image quality,
respectively.

Set the radar echo SNR to —5, 0, 5, 10, and 15 dB,
respectively, to model different noise conditions. Then, the
RMSE and ICorrcoef results of 200 Monte Carlo experiments
for different methods are shown in Fig. 5. Obviously, under
the same SNR, the proposed FLI-CLRS method has a smaller
RMSE and higher ICorrcoef than the other three methods,
which demonstrates that the proposed method obtains better
reconstruction accuracy. This further confirms the effective-
ness of the presented method.

B. Real Data Point Target Results

Next, we use the measurement data to further compare the
performance of our proposed method. As shown in Fig. 6(a),
the experimental scene is one of the roads in Xidian University,
Xi’an, China, and the target is two corner reflectors. We fixed
the AWR2243 cascade radar on the tripod to collect experi-
mental data as depicted in Fig. 6(b), in which the AWR2243
cascade radar operates in the MIMO radar mode and transmits
frequency modulated continuous wave signals in time-sharing,
including 12 transmitting antennas and 16 receiving antennas.
In MIMO configuration, with 86 virtual array antennas in the
azimuth axis and A/2 antenna spacing. Meanwhile, Table III
gives the key AWR?2243 cascade radar operating parameters.
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Fig. 3. (a) Nine point targets’ distribution. (b) Real-beam imaging without noise. (c) CS-based imaging without noise.
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Fig. 4. Simulation imaging results of point targets with different imaging methods. (a) SNR = 0 dB. (b) SNR = 5 dB. (c) SNR = 10 dB.
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It should be noted that in real data acquisition, we use the can ignore the impact of platform motion on imaging after
MIMO radar stationary platform, which is different from the platform range walk and phase correction processing, so it
signal model in Section II. First, the echo signal in Section II  can be replaced by a stationary platform. Second, we extracted
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Fig. 5. Simulation imaging results of point targets’ performance comparison with different imaging methods. (a) RMSE. (b) Corr.
Fig. 6. (a) Experimental scenario of point targets. (b) AWR2243 cascade radar.
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Fig. 7. Real data imaging results of point targets. (a) Real-beam imaging result of 86 antennas. (b) Real-beam imaging result of 24 antennas. (c) CS-based

imaging result of 86 antennas.

the MIMO radar azimuth 86 antenna echo data for process-
ing, that is, we still process range azimuth 2-D data in
the subsequent, which will not affect the topic of forward-
looking super-resolution imaging in this article. Therefore, it is
reasonable for us to use MIMO radar to collect measured
data in this article, which can also verify the target of this
article: the azimuth super-resolution of a forward-looking
image.

In this experiment, adjust the positions of the two targets so
that they are placed in the same range unit and the distance
between the azimuth center points is 0.20 m. Then, adjust the

distance Ry between the AWR2243 radar platform and the
targets. When Ry = 9.5 m, the real-beam imaging resolution
can be calculated to be about 0.22 m. Therefore, as shown
in Fig. 6(a), the full-aperture real-beam imaging method can
distinguish between two targets. The real-beam imaging results
obtained using the echoes of the 1-24 antennas are shown in
Fig. 7(b). We can clearly see that the two targets cannot be
distinguished at this time. Therefore, we can use the imaging
results obtained from these 24 antenna echoes to validate the
performance of our presented approach for super-resolution
imaging. Meanwhile, we take the imaging result of the original
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echo of the full aperture radar based on the CS method as the
reference image, as shown in Fig. 7(c). We can clearly see that
the two targets are clearly separable and have low sidelobes.
Since the SNR in this scene is about 18 dB, we add Gaussian
white noise to generate different SNRs.

Similar to the simulation point targets’ experiment, Fig. 8
gives the imaging results of CS, WCS, JLRS, and FLI-CLRS
with SNR = 0, 5, and 10 dB, respectively. From each column
in Fig. 8, it can be seen that when SNR = 0 or 5 dB,
strong noise destroys the sparsity of the target, resulting in
the limited ability of the CS and WCS methods to constrain
noise only depending on the /;-norm, making it difficult to
distinguish between the two targets or the appearance of false
targets. Although both the JLRS method and the proposed
FLI-CLRS method improve the imaging performance by using
low-rank and sparse constraints, the JLRS method does not
take noise into account in the optimization function, so the
image obtained by the JLRS method is not as good as that
produced by our proposed FLI-CLRS method, which indicates
the superior performance of our proposed method. Of course,
from each line in Fig. 8, we can see that the correlation
between the target and the noise decreases with the increase in
the SNR for the same method, and the imaging performance

Real data imaging results of point targets with different imaging methods. (a) SNR
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(c)

Fig. 9. Experimental scenario of surface targets.

of all the methods improves. Then, as shown in Table IV, use
RMSE and ICorrcoef to quantitatively evaluate the imaging
results of different methods. We can clearly see that our
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Fig. 10. Real data imaging results of surface target. (a) Real-beam imaging result of 86 antennas. (b) Real-beam imaging result of 24 antennas. (c) CS-based
imaging result of 86 antennas.
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Fig. 11. Real data imaging results of surface targets with different imaging methods. (a) SNR = 0 dB. (b) SNR = 5 dB. (c) SNR = 10 dB.

proposed FLI-CLRS has superior super-resolution imaging or bridges. Therefore, in this section, the availability of our

performance. proposed method is evaluated using a surface target. Simi-
lar to point target measurement, the experimental device is
C. Real Data Surface Target Results an AWR2243 cascade radar, and the parameter values are

Usually, in real forward-looking imaging scenarios, the identical to those in Section IV-B. The experimental site is
objects we observe are surface targets, such as cars, ships, located in the parking lot of Xidian University, Xi’an, China,
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TABLE IV
COMPARISON OF RMSE AND ICORRCOEF OF POINT TARGETS’ IMAGING

RMSE ICorrcoef
Method
0dB 5dB 10dB 0dB 5dB 10dB
CS 0.84 0.75 0.52 0.32 038 0.52
WCS 0.81 0.72 0.50 048 0.50 0.53
JLRS 0.70 045 032 072 0.75 0.77
FLR-CLRS 0.32 030 0.18 0.85 0.88 0.90
TABLE V

COMPARISON OF RMSE AND ICORRCOEF OF
SURFACE TARGETS’ IMAGING

RMSE ICorrcoef
Method
0dB 5dB 10dB 0dB 5dB 10dB
CS 0.89 0.80 0.63 0.16 0.24 0.38
WCS 0.82 0.75 0.63 045 048 0.50
JLRS 0.50 044 035 046 0.50 0.65
FLR-CLRS 0.24 0.21 0.20 0.82 0.85 0.89

and the target is two cars, as shown in Fig. 9. Fig. 10(a)
shows the image obtained by the real-beam imaging method
based on full-aperture radar echo data, where two cars can
be distinguished. When we only use the echo data of the
1-24 antennas and also use the real beam imaging method, the
imaging result is depicted in Fig. 10(b). At this time, the two
cars are overlapped and cannot be distinguished. Therefore,
use these 24 antenna echoes to test the super-resolution
imaging capability of our proposed method in terms of surface
targets. Similarly, as shown in Fig. 10(c), we use the imaging
results of the CS-based imaging method with the full aperture
radar echo data as the reference image.

Fig. 11 shows the imaging results of different methods under
three SNRs. We can clearly see that under the same SNR, both
the conventional CS method and the WCS method generated
images are difficult to distinguish between the two cars, and
a large number of false targets appear. Although the JLRS
method can roughly distinguish targets, there are still false
targets. The proposed FLI-CLRS method can produce satisfac-
tory imaging results, and the target is clear and distinguishable.
Subsequently, ICorrcoef and RMSE of different methods were
calculated, and the results are shown in Table V. We can
clearly see from Table V that the FLI-CLRS method proposed
by us has the highest Corr and the lowest RMSE, which proves
the excellent performance of the method presented by us.

V. CONCLUSION

This article proposes a valid method to enhance the
forward-looking radar image with limited aperture. In addi-
tion to the sparse nature of the target commonly used by
the traditional CS-based imaging algorithms, the inherent
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relationship between the echo signals is used to improve the
image quality. Specifically, a forward-looking high-resolution
imaging method combining sparse and low-rank characteristics
is presented, where low-rank refers to the energy of the echo
signal that can be represented by several large eigenvalues
when noise is not considered. Furthermore, an algorithm based
on ALM-ADMM is presented to effectively solve the two con-
straints. Finally, based on the simulated and actual measured
data, we demonstrate that the method can not only obtain
forward-looking super-resolution imaging but also has noise
robustness. When SNR is over 0 dB, the FLR-CLRS imaging
method that we propose can produce at least four times the
super-resolution imaging in simulation experiments and at
least 3.5 times the super-resolution imaging in measured data
experiments compared with the real beam imaging method.

It is important to note that the method presented in this
article only suppresses the noise appearing in radar imaging,
whereas the actual scene contains a great deal of clutter.
If clutter is not suppressed, subsequent target detection will
be affected. Therefore, future studies will consider suppressing
both noise and clutter so that the proposed method can be
applied to more scenarios.
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