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Abstract: Target three-dimensional (3D) high-resolution imaging via multiple-input multiple-output
(MIMO) radar may suffer from a heavy sampling burden and complicated radio frequency interfer-
ences. Considering a collocated two-dimensional wideband MIMO radar under dynamic wideband
interference (WBI), this paper proposes a cognitive method to achieve a 3D high-resolution target
image with a reduced sampling cost. Firstly, based on the known knowledge of the target and WBI,
provided by previous measurements, optimal sparse sampling in the 3D signal domain is conducted
to reduce the number of sub-pulses and transceiving antennas by solving an optimization problem.
Then, the detection and removal of the interfered signal components are conducted to provide the
WBI information for following measurements and the interference-free signal cube for the target
imaging process. Finally, by using the tensor-based smoothed L0 algorithm, the 3D high-resolution
image of the target is obtained, providing the target information for the next measurement. Based
on these three steps, a cognitive sparse imaging loop is formed for MIMO radar under WBI situa-
tions. The simulation and experiment results demonstrate the effectiveness and advantage of the
proposed methods.

Keywords: MIMO radar; cognitive radar; sparse imaging; wideband interference

1. Introduction

High-resolution radar images of stationary or moving targets have been widely used
in both civil and military applications for target classification and recognition purposes.
Rather than a two-dimensional (2D) image, a three-dimensional (3D) image is more desired
to achieve more detailed target information. Owing to its flexibility and efficiency, the
collocated wideband 2D MIMO (multiple-input multiple-output) radar has been well
developed for target 3D high-resolution imaging in the last decade [1,2]. However, to
achieve high imaging resolution, the MIMO radar system may have heavy sampling costs.
For example, high angular resolution comes at the price of a large number of transceiving
antennas and high range resolution comes at the cost of wide signal bandwidth. Besides,
a wide signal bandwidth means there is a high probability for the radar system to be
seriously affected by the radio frequency environment, especially by wideband interference
(WBI) due to its wide frequency band occupation, strong emitting power, and time-varying
properties [3,4].

To reduce the sampling cost of MIMO radar, sparse sampling (SS) methods have been
proposed, aiming to achieve a similar or the same performance with reduced sub-pulses
(frequencies) and antennas. For example, a spatial compressed sensing (CS)-based method
for MIMO radar target localization with limited randomly located antennas was proposed
in [5], a matrix completion (MC)-based method for MIMO radar target imaging with
a sparse planar array was presented in [6], a tensor CS-based method for wideband 2D
MIMO radar target imaging with random frequencies and antenna positions was proposed
in [7], and a sub-Nyquist MIMO radar system with randomly reduced antennas and

Remote Sens. 2022, 14, 5294. https:/ /doi.org/10.3390 /1514215294

https://www.mdpi.com/journal /remotesensing


https://doi.org/10.3390/rs14215294
https://doi.org/10.3390/rs14215294
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/remotesensing
https://www.mdpi.com
https://orcid.org/0000-0002-4205-538X
https://orcid.org/0000-0001-5960-8377
https://orcid.org/0000-0002-8479-6514
https://doi.org/10.3390/rs14215294
https://www.mdpi.com/journal/remotesensing
https://www.mdpi.com/article/10.3390/rs14215294?type=check_update&version=2

Remote Sens. 2022, 14, 5294

2 of 36

temporal samples was developed in [8]. Besides, different from the random SS (RSS)
approach used in the above studies, the cognitive SS (CSS) approach, i.e., selecting antennas
or sub-pulses (frequencies) based on the known information of the target or environment,
has been shown to enjoy a higher performance. For example, a cognitive sparse antenna
selection method has been proposed for MIMO radar target imaging in [9] and the sub-
Nyquist MIMO radar system presented in [8] has been extended to a cognitive one in [10]
by adapting the transmitted spectrum to the sub-bands that the receiver samples and
processes. Beyond the sampling cost, for multi-task MIMO radar, SS can also help to save
more radar resources for other tasks, e.g., monitoring and tracking, rather than imaging.

On the other hand, although the interfering principles are the same, the WBI problem
has not been well studied for MIMO radar target imaging but has been widely discussed
for synthetic aperture radar (SAR) target imaging. For example, an efficient narrowband
and wideband radio frequency interference suppression algorithm via an alternating
projection scheme for real SAR data has been presented in [11], an iterative adaptive
approach and orthogonal subspace projection-based WBI mitigation method has been
utilized in [12], a complex tensor robust principal component analysis method based on
a 3D range-azimuth-space tensor model has been proposed in [13], a complex reweighted
tensor factorization algorithm based on a smoothing multiview tensor model in the range—
azimuth-space domain has been used in [14], and a WBI mitigation algorithm based on
variational Bayesian inference has been proposed in [15]. Although these methods may well
reduce the influences of WBI and obtain the actual target echoed signal for the following
process, the WBI cannot be avoided in the data sampling step. In other words, these
methods mainly attempt to process the fully sampled and interfered radar signal via some
advanced signal processing algorithms. On the contrary, by adjusting the radar system
parameters to avoid sampling the interference signal from the beginning, some cognitive
methods have emerged in recent years, e.g., the methods proposed in [16-19], showing
a promising prospect for radar target imaging under WBI situations.

In this paper, in the framework of CSS, we consider simultaneously reducing the
system sampling burden and the influence of WBI for wideband 2D MIMO radar target 3D
high-resolution imaging. In general, given a collocated 2D MIMO imaging radar using the
frequency-stepped narrow-band orthogonal signal, the main contributions of this study
can be summarized as follows:

(1) Given the information of the target and WBI, obtained from previous measurements
(in this study, a measurement means a data sampling process of all selected sub-pulses
and antennas), the sub-pulses and transceiving antennas are optimally sparse-selected by
solving a discrete optimization problem via the greedy algorithm [20,21], based on the idea
to minimize a tight surrogate of the estimation mean-squared -error (MSE) of the target
parameters [22,23].

(2) Considering the time-varying property of WBI, a simple method is proposed to de-
tect and remove the interfered signal components in the sparse-sampled signal cube based
on the constant false alarm rate (CFAR) technique [24], providing the WBI information for
the following measurements.

(3) With the 3D signal cube obtained from the previous two steps and considering the
sparsity of the target, the tensor-based smoothed L0 (TSL0) algorithm [25,26] is adopted to
obtain the 3D high-resolution image of the target, hence providing target information for
the next measurement.

Based on these three steps, a cognitive sparse imaging loop can be formed for MIMO
radar, helping to achieve the 3D high-resolution target image in the presence of WBI
with a reduced system sampling cost. Different from existing cognitive radar imaging
methods [9,10], the proposed method can save more radar resources as 3D sparse sampling
is conducted and can work well under WBI situations as the WBI information is exploited
in the cognitive processing loop.

This paper is organized as follows. Section 2 introduces some basics of this study. In
Section 3, the cognitive sparse imaging method and three main modules of the cognitive
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loop are presented in detail. Sections 4 and 5 give some simulation and experiment results
to show the effectiveness and advantage of the proposed methods. Section 6 concludes
this paper.

2. Theoretical Basics

In this Section, we provide some theoretical basics for the proposed cognitive sparse
imaging method, including signal model, WBI influences, and sparse sampling.

2.1. Signal Model

As shown in Figure 1, this paper considers a collocated 2D MIMO radar system formed
by two orthogonal uniform linear arrays with M transmitting antennas (the m-th one is
denoted as Ty, and the antenna spacing is d;) and N receiving antennas (the n-th one is
denoted as R, and the antenna spacing is d;), respectively. Let e; and e, denote the unitary
direction vectors of the transmitting and receiving array, respectively. The target is seen as
a set of P scattering centers with the p-th one denoted as L,, whose scattering coefficient is
¢p- The reference point for target imaging is denoted as O, whose coordinate is (x,, Yo, Z) at
the initial time. The unitary direction vector from O to L, is denoted as p = (xy, y, zp) with
Xp, Yp, and z, as the 3D positions of the p-th scattering center relative to the reference point.
The target is assumed to move with a constant velocity (v, vy, v;) and the target scattering
is assumed to be unchanged with time.

Reference point O p

A Transmitting antenna

P Receiving antenna

Figure 1. MIMO radar target 3D imaging geometry.

To get high range resolution and fulfill the requirement of cognitive suppression of
WBI, the frequency-stepped narrow-band orthogonal signal is adopted by each transmitting
antenna, which can also help to avoid the use of high-speed analog to digital converters.
For the g-th frequency (sub-pulse) and the m-th transmitting antenna, the transmitted signal
can be expressed as

sprl(t) = rect[(t — (q —1)T,) / T,)el2fat ef@" () 1)
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where t € [0, Ty], Ty is the signal duration, m = 1,2,...,M, q = 1,2,...,Q, Q is the
number of sub-pulses, rect[-] is the rectangle function, t, € [0, T;], T} is the duration of each
sub-pulse, f; = fo + (9 — 1)Af is the g-th frequency, fj is the starting frequency, Af is the
frequency step, and ¢™ (t,) is the modulation phase of the m-th transmitting antenna.

After being backscattered from the target, the signal received by the n-th receiving
antenna can be expressed as

P M m
:ZZ ST t_Tmnp) )
p=1m=1

wheren = 1,2,...,N, T}, p = ’TmLp‘q + |Lp Rn‘ )/c is the delay of the p-th scattering
center at the g-th sub -pulse with the reference point at (x, + vx(q — 1)T}, yo + vy(q — 1T,
Zo +0z(q — 1) Lp|"and |L,R,|" are the distances from the m-th
transmitting antenna and the n-th receiving antenna to the p-th scattering center at the g-th
sub-pulse, respectively.

Then, corresponding to the m-th transmitting antenna and the n-th receiving an-
tenna, the received signal in (2) can be down-converted by mixing with a reference
signal [27], giving

P M
o _ 1 o q : 1
ST (1) = () - e 2 Tn0) = Y Y g e 2R b et (= Thon) (3

where Tl,n’o = (’TmO‘q +|OR;,
m-th transmitting antenna and the n-th receiving antenna at the g-th sub-pulse (here, it is
assumed that the target velocities vy, v, and v, can be estimated with a high accuracy),
AR} minp =| T Lp|g|LpRa 4= | TuO|4—|ORs T and Ty = (| oLy | +ILpRalg) /e

As the transmitted signal in each sub-pulse is narrow-band, the down-converted
signal can go through a low-pass filter to suppress the out-band interference and then
be digitally sampled by using a relatively low data sampling rate f; to get sTé"’q (k) with
k= fstr =0,1,...,K—1and K = f;T,. Then, matched filtering (MF) based method [28]
can be used to reduce the influences of the signal components from other transmitting
antennas, giving

q)/c is the delay of the reference point with respect to the

i M / P .
s (k) = Zsm (k) - e K K e Y Gpou (K — fehnp)e PR/ ()
p=1

where k' =0,1,...,K—1, p(k’) denotes the auto-correlation function of the modulation
phase of the m-th transmitting signal, whose peak is set as one in the following derivation
1=| w0y~ |OR,|"

Since the bandwidth of each sub-pulse is small, all the scattering centers of the target
will locate at the same range cell. Hence, by selecting the peak of (4), a 3D signal cube can
be obtained, whose m-n-g-th element is given by

without loss of generality, and AR%,M, = ) TuLy ‘q—t— ‘ LyRy

P
7 q
SO(m n, q) = S%" q( [fsTmnp — Z Cpe J27t fg AR p / € (5)
p=1

In (5), AR}, can be approximated by AR}, ~ apAc(m —1)+ BpAc(n —1) +
Xpc/Af with [27].

{ ap = —e; pdt/(}\cf’]‘) ‘B = *erpdr/(Ach)

Xp = { (e m)Tp - [1/2rr) +1/ @ro)lpp ) A ©
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where A; denotes the wavelength, r7 =|T;0| and rg =|OR;| denote the distances from the
reference point O at (xo, Yo, Zo) to the first transmitting antenna and to the first receiving
—

%
antenna, n; and n, denote the unitary vectors of 710 and R;0.
Therefore, letting f. = fo + (Q — 1)Af /2 denote the center frequency and A, = ¢/ f,
(5) can be rewritten as

P
o(m,n,q) Z e 2m(m=1)ap ,—j2m(n—=1)Bp ,— 270 (4=1) Xp o= Pmnp.q @)

where Y, p,q = 27(fg — f)[ap(m —1) + Bp(n — 1)}/ fe and &}, = Gpe 20/ A%,

It can be observed that the first three exponential terms in (7) are decoupled and form
the basis of the 3D Fourier transform (FT), while the last exponential term is space-frequency
coupled and makes the process of the 3D signal cube difficult. Fortunately, according to [29],
if [m,n,p,q| < 71/2, the influence of this exponential term on target imaging can be ignored.
To make sure |,n,p,4| become always smaller than 71/2, we can simply set its maximum
to be smaller than 77/2, i.e.,,

[270(fy = fo) (M = 1) + B (N = 1))/ | < 70/2 ®)

Since |(fg — fo) o |= (Q—1)Af/2 = B/2 (where B is the signal bandwidth) and
‘a’g‘ax’ :‘ ,Bg‘ax’: 1/2 (which is obtained by the Nyquist sampling theorem), (8) can be
simplified to

nB(M+N—2)/f./2< m/2 )

Therefore, by setting the system parameters to make the condition in (10) always
satisfied, we can get the 3D signal cube used for target imaging in this study, as given
in (11).

BIM+N-2) < fe (10)

Som,m,0) = il g2 n =)y o2 a1
p=

Based on the signal model given in (11), the target parameters {&, B, x } = {[a1, ..., ap],
[B1,---,Bpr), [Xx1,---,xp])} can be simply obtained by using the 3D inverse fast FT (IFFT) or
the high-resolution spectral estimation-based method [30]. At last, based on {«,B, x}, the
target position {x, y, z} = {[x1, ... ,xp], [y1, - .- ,¥pl, [z1, - .. ,Zp]} can be obtained by solving
the set of ternary quadratic equations in (6). For example, as we set e; = [1, 0, 0] and
e; =[0, 1, 0] in the simulations, it can be derived that Xp = —ocp)tCrT /d; and Yp=— ﬁp/\ch /dy.

Then, z, can be obtained according to the definition of x.

2.2. WBI Influences

WBI is a generalized term for the interference that occupies a wide frequency band.
Since the radio frequency environment becomes more and more crowded, the source of WBI
may be complicated, such as the communication/broadcasting signal, the non-cooperative
radar signal, the intentional jamming signal, and many others, leading to the complexity
of WBI. According to [4,14], the WBI existing in the environment has two typical forms,
i.e., chirp-modulated WBI (CM-WBI) and sinusoidal-modulated WBI (SM-WBI). In this
study, to reflect its dynamic property, the WBI is modeled by simultaneously considering
these two typical WBIs, expressed as

swar(t) = scm-wai(t) + ssm-wai () (12)
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with
scmwpi (t) = Acwm(t) - exp{j2rfomt + jreult — (([t/ Tem) +0.5)Tem)?]} (13)
ssmwsi(F) = Asu(t) - exp{j27tfomt + JLS_ Bg sin(27fet + pg)}

where Ty denotes the period of the CM-WBI, fcy and fspr denote the carrier frequencies,
u denotes the chirp rate, Bg, fo, and ¢, denote the amplitude, frequency, and phase
of the g-th (g = 1,2,..., G) sinusoidal signal of the SM-WBI with G as the number of
sinusoids, Acp(t) and Agp(t) denote the modulation amplitudes, modeled as band-
passed Gaussian noise signals with standard deviations of I-ys and Isy that are determined
by the interference-to-signal-ratios (ISRs).

To give an impression about the WBI, Figure 2 shows the time—-frequency spectrum
(TFS) diagrams of the transmitting signal and the WBI. For the transmitting signal, we
set Ty =7.2ms, T, = 0.1 ms, Af =2 MHz, Q =72, and the starting frequency is set as
fo =—71 MHz to make the center frequency 0. For the WBI, we set the ISRs of CW-WBI and
SM-WBI as 70 dB, fcy = —40 MHz (i.e., the carrier frequency of CM-WBI is 40 MHz lower
than the center frequency of the transmitting signal), # =5 MHz/ms, Tcy = 4 ms (i.e., the
bandwidth of the CM-WBI is about 20 MHz), fsy; = 20 MHz (i.e., the carrier frequency
of SM-WBI is 20 MHz higher than the center frequency of the transmitting signal), G = 3,
B1=5x 103 ¢1 =0, f1 =200 Hz, B = 7.5 x 103, ¢, = /2, f» = 350 Hz, B3 = 10 x 103,
@3 = m, and f3 = 500 Hz. It can be seen from Figure 2 that the WBI will pollute some
frequency bands of the radar signal, thus affecting the process of some sub-pulses. In the
following, the influences of WBI on target imaging will be analyzed in detail.

115
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M 85

2 4 6
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Figure 2. TFS diagrams of (a) the transmitting signal and (b) the considered WBI with ISR = 70 dB.
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For the frequency-stepped narrow-band orthogonal signal used in this paper, its wide
bandwidth is obtained by changing the carrier frequencies of the radar signal in different
sub-pulses. For each sub-pulse, its instantaneous bandwidth is limited. Hence, the WBI
will not pollute the signal frequency band completely in each measurement. In other words,
as given in (3), the received signal will be down-converted and then be low-pass filtered,
resulting in the fragmentized WBI segments that only affect partial sub-pulses that work in
the WBI occupied bands, as illustrated in Figure 3.
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Figure 3. TFS diagrams of the WBI after (a) down-converting and (b) low-pass filtering with a pass
frequency of 0.5 MHz and a stop frequency of 1 MHz.

As a consequence, the MF-based process, as given in (4), will be destroyed only for
the sub-pulses that are affected by the WBI segments. As shown in Figure 4, for the non-
interfered sub-pulse, the peak of (4) can still be easily identified; thus, the following process
can be normally conducted, while, for the interfered sub-pulse, the strong WBI segment
will make the MF-based process fail.

40 ¢ 300
250 |
30 i
N » 200 |
=l =
= 2
=204 = 150
: 5
100 w
10§
50§
0 : : 0 : : :
0 100 150 200 0 50 100 150 200
Range cell Range cell

(a) (b)

Figure 4. The MF results of (a) the non-interfered sub-pulse and (b) the interfered sub-pulse.

Therefore, considering the influences of WBI, the 3D signal cube given in (11) should
be changed to

SWBL (3, 1, ) — unusable, g=¢q% eTIf (14)
So(m,n,q), otherwise

where the signal component corresponding to the sub-pulse indexed by 4 will be unusable
and I’ IC is the index set of all the WBI-interfered sub-pulses in the current measurement.
It should be noted that, considering the time-varying property of the WBL, I'" may
vary for different measurements with an interval of the signal duration Ty,. In such a case,
we may need several measurements to obtain the complete information of WBI, i.e., to
get a full index set I to represent the frequency bands occupied by the WBI and all the
sub-pulses that may be affected by the WBI. Hence, in each measurement, I'" should be
determined and then combined with those obtained from previous measurements. Besides,
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(14) also indicates that conventional methods, e.g., 3D IFFT, cannot be directly used for
target imaging when WBI exists and thus some advanced methods should be exploited.

2.3. Sparse Sampling (SS)

For MIMO radar applications, SS can be seen as the selection of a sub-dataset from
all the available spatial and temporal (frequency) samples. Compared to the full sampling
method, SS is able to save radar resources and get similar performance by using some
advanced processing methods that exploit the data structure and the target properties
(e.g., the target sparsity in the imaging scene). In general, there are many types of SS,
e.g., global SS, partially separable SS, and separable SS (SSS) [31]. In this study, SSS is
adopted for MIMO radar target 3D imaging due to its lowest sampling cost. In such a case,
the 3D signal cube in (11) should be expressed as

So(m,n,q), m=mg,n=ng,q=qs

. (15)
0, otherwise

s -

where mg € U, ng € Uy, qs € Z/{f, Uy, U, and L{f are the sampling index subsets of
transmitting antennas, receiving antennas, and sub-pulses, respectively. The sizes of the
subsets, i.e., the numbers of samples in different domains, are |U;|= Mg, |U;|= Ng, and
‘U ¢ ’ = Qg, respectively.

There are two ways to determine the sampling index subsets, i.e., the RSS method that
selects Uy, Uy, and Uy randomly from the full index sets L; = 1,2,...,M],L,=[1,2,...,N],
and Lf = [1,2,...,Q)], and the CSS method that obtains U;, U,, and Uy from Ly, Ly, and Ly
based on the knowledge of the target and the environment with the help of optimization.
In general, the CSS method can achieve higher performance than the RSS method. In the
following, we will give a brief analysis of this statement and introduce the basic idea of the
proposed cognitive imaging method under SS and WBL

According to (14), in the current measurement, the structure of the 3D signal cube
is shown in Figure 5a, where the black blocks denote the unusable signal components
interfered by the WBI and the blue ones denote the non-interfered components. In the
framework of RSS, the structure of the signal cube given in (15) is shown in Figure 5b, where
the interstitial spaces denote the unsampled signal components. It can be seen that the
signal cube still includes some unusable blocks interfered by the WBL. If some methods are
used to detect and then remove these blocks, we can get a signal cube shown in Figure 5c,
where the translucent blocks denote the removed signal components. On the contrary, in
the framework of CSS, with the same numbers of selected antennas and sub-pulses, the
structure of the 3D signal cube given (15) is shown in Figure 5d. It can be seen that, as the
sampling index subsets are determined by exploiting the information of the target and the
WBI, provided by previous measurements, the number of unusable signal blocks, i.e., the
interfered signal components, is much reduced, leaving only a few unusable blocks caused
by the time-varying property of the WBI. Similarly, by detecting and removing these blocks,
we can get the signal cube shown in Figure 5e. At last, by exploiting the sparsity of the
target, we can use some advanced methods, e.g., the TSLO algorithm, to process the sparse
signal cube and obtain the 3D high-resolution target image, as shown in Figure 5f.

Since the sampling index subsets are more fitted for target imaging and there are
more usable signal components, as can be learned by comparing Figures 5c and 5e, the
imaging performance of CSS will be higher than RSS if the same imaging method is used.
Thus, the proposed cognitive sparse imaging method is mainly realized based on the
above-mentioned CSS, WBI-interfered signal component detection and removal (WDR),
and 3D high-resolution imaging (HRI), which will be presented in the next Section.
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Figure 5. The schematic diagram that shows the advantage of CSS over RSS and the basic idea
of the proposed cognitive sparse imaging method. (a) The structure of the 3D signal cube in (14),
(b) the structure of the 3D signal cube in (15) obtained by RSS, (c) the structure of the 3D signal cube
obtained by RSS and unusable block removal, (d) the structure of the 3D signal cube in (15) obtained
by CSS, (e) the structure of the 3D signal cube obtained by CSS and unusable block removal, and
(f) the 3D high-resolution target image obtained by exploiting the target sparsity.

3. Cognitive Sparse Imaging Method
3.1. Cognitive Loop

According to the analysis in Section 2, the proposed imaging method for MIMO radar
under SS and WBI is based on a cognitive loop that mainly includes 4 steps, as shown in
Figure 6.

3.1.1. Step 1: Initial Sparse Sampling

In the initial measurement, assuming there is no knowledge of the target and the
WABI, in order to reduce the sampling cost, the RSS method will be used to select limited
transceiving antennas and sub-pulses for target imaging, giving

o (f) = {S?z',?/t,(t) +suwpi(t), q=4qs,n=ns (16)

s
WS.R 0, otherwise

where SWB ;(t) denotes the WBI signal for the g-th sub-pulse and the n-th receiving antenna,

P
sﬁ"l’lt ()= Y Y &1 "(t—Thynp) and the subscript WS denotes SS in the presence
g p=1mgcll;
of WBL. Equation (16) indicates that, when g = g5 € Ur and n = ng € Uy, the signal
will be sampled according to |U;|= Mg transmitting antennas. Otherwise, no signal will
be sampled.
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[ Initial Sparse Sampling ]
Sis g
b[ Signal Pre-processing ]

Down-converting, low-pass filtering &
digital sampling

[ WBI detection & removal (WDR)

[ MF-based process

3D high-resolution imaging

A A A

la.p.x}

Cognitive sparse sampling (CSS) |«

1y
Figure 6. Flowchart of the proposed cognitive sparse imaging method.

3.1.2. Step 2: Signal Pre-Processing

(1) Down-converting, low-pass filtering, and digital sampling

Corresponding to the mg-th selected transmitting antenna, the ns-th selected receiving

antenna, and the gs-th selected sub-pulses, snws’sq%(t) will be down-converted to

_j _ 08
SRS (1) = syodly (1) s hnens ) (17)
where Tgfs n,0 denotes the delay of the reference point. Then, low-pass filtering and digital

sampling will be conducted to suppress the out-band WBI and get s, 5 (k).

(2) WBI-interfered component detection and removal (WDR)

The signal array syg s includes some components that are interfered by WBI, which
should be detected and removed (i.e., set to 0), expressed as

— ,C C
SMSIISAS (1) = 0, qs =qr €I (18)
WS.DR Snvcss,,nfsqu (k), otherwise

The index set I'C that includes all the detected ¢¢ in the current measurement will be
saved into the full WBI index set I for the CSS process in the following measurements. In
this study, the averaged amplitude (AA) will be used as the indicator for WBI-interfered
signal component detection.

(3) MF-based process and peak selection
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For qs # q?, to reduce the influences from other transmitting antennas, MF process
will be conducted, giving

mg,ng, ‘75 mg,ng, ¢75 —‘ "s (k—k'
SWs,M Z SWS,LS ) (19)

By selecting the peak with k' = [f,T, ., »] from (19), we get

P
mg,ns,gs —j2 -1 —j2 -1 -2 -1
Swe s — 2 gpe j2mt(ms )"‘pe j2m(ng )ﬁpe j2r(gs—=1)xp (20)
p=1

which denotes the signal components that will be used for the following process.

3.1.3. Step 3: 3D High-Resolution Imaging (HRI)

After signal pre-processing given in (17)—(20), we can get a 3D signal cube whose
m-n-g-th element can be expressed as

— _ _ C
S(‘)/VS(m,n,q) — {So(mln/q)/ m=mg,n=Mng, 4 ={qs 7é ‘11 (21)

0, otherwise

Compared to the signal cube given in (11), the signal cube given in (21) cannot be di-
rectly applied for target imaging by conventional methods. Hence, we will use the TSLO algo-
rithm to get the 3D high-resolution image of the target considering the effectiveness and wide
application of the SLO algorithm in radar imaging [2,19,26,28,31], which will also provide tar-
get information for the next measurement. In this study, the target information is obtained by

extracting the target parameter {&, B,X} = {[a1,...,&p], [Bl, e, ‘Bﬁ], [)21, ..., Xpl}, where

P is the number of strong points in the target image whose coefficients are higher than a
given threshold.

3.1.4. Step 4: Cognitive Sparse Sampling (CSS)

The CSS can be regarded as a dynamic interaction with the target and the WBI to
select the optimal sampling index subsets U}, Uy, and Uy for the next measurement by

exploiting the information provided by {&, B, X} and I7. In general, the target information

is exploited to get the best sampling strategy and the WBI information is exploited to avoid
the negative influences of the WBI on target imaging. In this study, the CSS will be realized
by solving a discrete optimization problem by the greedy algorithm.

After CSS, the signal will be processed based on Step 2 and Step 3 to get the cognitive
3D HRI result of the target, and then CSS will be conducted again for the next measurement.
In the following, three main modules of the cognitive loop, i.e., WDR, HRI, and CSS, will
be detailed.

3.2. WDR Module

The WDR is the first important module of the cognitive sparse imaging method to
provide: (1) the WBI information for the CSS in the following measurements and (2)
the useful signal components for the HRI process. It will be conducted based on sy s,
a four-dimension signal array, to find the set I’ IC to indicate the WBI-interfered sub-pulses.

For each pair of transceiving antennas, since the WBI is normally much stronger than
the target echoes, the amplitude of data samples in the interfered sub-pulses will be much
higher than those in the regular sub-pulses. Therefore, we can get I’ IC by using a simple
indicator, i.e., the AA of the data samples of each sub-pulse, whose mg-ng-qs-th element is
defined by

K
AA(mg,ng,q5) = Z ’srv'\zlss’nfs’qs ’ (22)
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Based on (22), the WBI-interfered sub-pulse can be detected if AA is higher than a
threshold, expressed as

q5 (ms, ng) < AA(mg, ng, qs) > & (23)

where qIC (mg, ng) denotes the WBI-interfered sub-pulse index for the mg-th selected trans-
mitting antenna and the ng-th selected receiving antenna. The detection threshold can be
set as a fixed value in advance empirically or be determined adaptively by some efficient
techniques, e.g., the cell-averaging CFAR (CA-CFAR) technique or the smallest-of CFAR
(SO-CFAR) technique [24].

In principle, for different pairs of transceiving antennas, the interfered sub-pulses
should be the same, i.e., q?(mg, ng) = q?, Vmg € U;, Vng € U,. Hence, in order to get better
detection performance without missing any interfered sub-pulses, we get the sub-pulse
index set I'* by

It = U, ai(msns) (24)

After detection, according to (18), the signal components indexed by g% € I'C should

be removed, i.e., setto 0, and I IC should be merged into I for CSS, i.e., IT - ITUT IC .

3.3. HRI Module

Based on the CS theory, and considering there are only a few strong scattering centers
of the target, we solve the following problem for 3D HRI with the sparse signal cube
SyVS [26].

m1r1HX||O S.t.HSuWns - X X1 F}m X2F%m Xgl:?m

F<le (25)

where X € CMo*NoxQo denotes the 3D image of the target, || - ||, denotes the number
of nonzero elements in a tensor, ¢ denotes the noise level, x k denotes the mode-k tensor
by matrix product, Suwns = SgVS(Q), a4 {m EU,n €Uy, g€ Uf\FIC}, F., = F(Uy),
F, = F*(U,),and £, = F° (UAT, ©) denote the under-sampled Fourier transform ma-
01, M=1]"ag ¢ CMxMy p2 _

trices corresponding to U;, Uy, and U\T] © with F! = ¢7/27
o201, N=1)"By ¢ CN*No and PP = e—127(01,.0-1"x0 ¢ CQ*Q, where ay € RMox1,
Bo € RNox1 and xo € RQ0*1 gre given by

wo =[—1/2,-1/24+1/M,,...,1/2—1/ M)
Bo=[-1/2,—-1/2+1/Ny,...,1/2—1/Ny] (26)
xo=1[-1/2,-1/2+1/Qo,...,1/2 = 1/Q]

with My > M, Ng > N, and Qg > Q as the imaging grid numbers.

Since directly solving (25) is difficult, we use the TSLO algorithm to solve (25) in this
study. Firstly, according to [26], a function is formulated to measure the sparsity of the
target image as

My Np Qo
Go(X) = MoNoQo — Z Z Z exp(_’Xmo,"Mo

m0:1 710:1 q[):l

2/20%) (27)

where ¢ is an auxiliary variable and X'y, 1,4, is the mg-19-go-th element of X'
It is clear that

0, Xmoxnoﬂo | 7& 0 (28)

. 2 2
iy xp(=| Ko oo |~/207) = {1, X

mo,Mo,q0 | =0



Remote Sens. 2022, 14, 5294

13 of 36

which indicates that, when o is close to 0, G,(X) will approximate the L0 norm of X.
Therefore, solving (25) is similar to solving the following minimization problem,

minlin})Gg(X) s.t.||SWS — X X1 FLy xo B2, <3 B || 7 < ¢ (29)
o—

For the TSLO algorithm, (29) is solved iteratively by setting a decreasing sequence of o
and, for each o, the steepest descent algorithm followed by the projection onto the feasible
set is used to get X. The details of the TSLO algorithm are shown in Algorithm 1.

Algorithms 1 Tensor-based SLO (TSLO) algorithm

Input: Fl,, F2,, F,, S,Zvns, iteration number W and H.
Procedure:
(1) Initialization: 20 = SYS x| (FL)" x5 (B2,)" x5 (F3,,))", a suitable decreasing sequence
{01,02,...,0n}, the step size p, and w = 1.
(2) Let 0 = 0.
(3) Minimize the cost function G, (X') on the feasible set using H iterations of the steepest descent
algorithm (followed by the projection onto the feasible set) as shown in the following and then go
to (4).
(3.1) Initialization X = X*~1;
B32)Forh=1,2,...,H:
(32.1) AX = X oexp(—|X|2/20%);
(322) X < X —uAX;
(323) X «+ X — (X X1 Fin XZF%H ><?’Fﬁn - SuWnS) X1 (F11m)+ X2 (F%m)Jr X3 (Pﬁn)f'
(4) Set X* = X and go to (5).
(®) Let w <= w+ 1. If w < W go back to (2), or else stop.
Output: X = X",

After 3D HRI, the target information will be extracted, giving & = [&1,...,&p),
B = [B1,....Bpl, and ¥ = [R1,..., Xp] that satisfy | X (&5, By, X5)|> 0, where 6 is the
amplitude threshold that balances the imaging accuracy and the number of selected
strong points.

3.4. CSS Module

The aim of CSS is to use the obtained WBI index set I'7 and the target parameter (&, 8, %)
as the known information to achieve the optimal selection of given-number transceiving
antennas and sub-pulses. Similar to the cognitive antenna selection method used for MIMO
radar target 2D imaging [9], with the help of the sub-modularity concept [32], the CSS used
in this study is realized by solving a discrete optimization problem whose cost function is
defined as the MSE of the target parameter estimated by using only partial transceiving
antennas and sub-pulses.

Since MSE is not submodular in general, the frame potential (FP) [22,23] is used as
a tight surrogate of the MSE, expressed as

FP(U) £ tr[T(U)"T(U)] (30)

where tr[-] denotes the trace of a matrix, ()H denotes the conjugate transpose process,
TU) = V(U) V() denotes a Grammian matrix, U = U; Uy U Uy, V(U) = CMsNsQs xP
is defined by [23]

V) = ViU © VZ(Uy) © VP (Uy) (31)

. T A
with ©® denoting the Khatri-Rao product between two matrices, Vi = =271, M~1] &

V2 = e—jZn[O,l,...,N—l]Tﬁ’ Vv = e—jZn[O,l,...,Q—l]TX, ViUy) = &V, V2(U,) = @,V
V3(Mf) = @3V, & ¢ RM>M @, ¢ RNs*N and ®&; € R¥*CQ as the row-sampling
matrices according to U}, U,, and U i respectively.
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It should be noted that, in (31), the target information (&, ,B, K) is contained in V' (U;),
V2(U,), and V(U ¢), and the WBI information is exploited by setting Uy N [T = @ (when
WBI exists, some of the sub-pulses selected by the CSS method that only considers the
target information may be polluted, resulting in performance degradation, and, to solve
this problem, a natural idea is to leave the WBI-interfered sub-pulse indexes out when
conducting CSS, i.e., setting U N I =Q).

According to the property of the Khatri-Rao product, the Grammian matrix T({/) and
the FP can be rewritten as [9]

T(U) = V2 (U) VU)o VE(U)PVE (U ) o V(U PVR(Up) = Ti(Us) 0 T (Uy) 0 T5(Uy) (32)

and
FP(U) =||T1(th) o T2(Uy) o Ta(tly) |} (33)

where o denotes the Hadamard product between two matrices, T (U:), T2(Uy ), and T3 (Uy)
denote the Grammian matrices corresponding to the transmitting antennas, receiving
antennas, and sub-pulses, respectively.

As indicated in [20], since FP(Y{) in (33) is not a monotone non-decreasing, normalized,
and submodular set function, it cannot be directly used as the cost function to meet the
expected performance guarantee. Hence, the cost function is redefined by modifying FP (/)
to [33]

J(U) = FP(L) = FP(L\U) (34)

where U = L\U is the complement set of I that denotes the index sets of non-selected
transceiving antennas and sub-pulses, £ = £ U L, U (L¢\I]) denotes the index set of all
available antennas and sub-pulses with the size of |£|= M + N + Q—|I;|, and it should be
noted that the WBI information, i.e., I, is thus contained in £ by setting ¢/ ¢ C L f\F 7.

Therefore, the proposed CSS method conducted via the minimization of MSE is
reformulated as the maximization of J({{), expressed as [23]

max JU)st.U € T,NI, (35)
where Z, N Z, is the truncated partition matroid constraint to ensure T(U) as
a non-singular matrix with Z, = {{/ C £ :|U|<|L|-Ms —Ns— Qs}and Z, = {U C L :
UNLe| < [Le] = Ms, [UNLy|| < [Lr] = Ns, [0 (LATT)| < [(£4\T)] = Qs

Equation (35) is a submodular discrete optimization problem that can be solved via
the convex optimization algorithm [34] or the greedy algorithm [20,21]. Considering its
higher efficiency, the greedy algorithm is used in this study, as given in Algorithm 2.

After solving (35), the optimal SS index sets, and thus the corresponding 3D signal
cube, can be obtained. Hence, limited transceiving antennas and sub-pulses can be used
for HRI with a reduced sampling cost and more radar resources can be reserved for
other tasks.

Algorithms 2 Greedy algorithm

Input: V!, V2, V3, Mg, Ng, Qs, M, N, Q, and I7.

Procedure:

(1) Initialization: £ = L4 U L, U (Lf\I7), U=Q,andU = L\U.

(2) Repetition:
(1) If |U|=|L|—(Ms + Ng + Qg) stop, or else continue;
(2.2) Find the index satisfying: u* = argmax, ;; {J(UUu) :UUu € I,N I, };
Q@3 U=UUu* andU = U\u*.

Output: U = U UU, UZ/{f.




Remote Sens. 2022, 14, 5294

15 of 36

3.5. Complexity Analysis

Without considering down-converting, low-pass filtering, and digital sampling, which
are implemented in the data measurement stage, the computing complexity of the proposed
cognitive sparse imaging method in each loop mainly comes from WDR, MF, HRI, and CSS
(or RSS in the first loop, whose complexity can be ignored).

For WDR, if an empirical threshold is used, the complexity is ignorable, i.e., Cypr =~ 0; if
the CFAR technique is used, the complexity in terms of multiplications is
CwpRr = (Q,gf + 1)MsNsQs, where Qyef denotes the number of reference cells. For MF
conducted via FFT and IFFT, the complexity is Cyir = MsNs(Qs—|I'F|)[K(3log, K+ 1)].
For HRI using the TSLO algorithm shown in Algorithm 1, the complexity of the initialization
step is CI, = MsQo[MoNp + NsNy + Ns(Qs—|I'F|)] and the complexity of each iteration is
Cﬁ% = 2MyNoQo + 2MsQo[MoNo + NsNp + Ns(Qs— |FIC|)] . Thus, the complexity of HRI
is Cyg; = CHit, + WH - Clter For CSS using the greedy algorithm shown in Algorithm 2, the
complexity depends on the evaluation of J({/ Uu) in L =|£|—Mg — Ng — Qg iterations. Ac-
cording to (32) and (33), the complexity of calculating FP(£) is Cy = [M + N + Q— |I7|+3] P2,
and, in the I-th (I = 1,..., L) iteration, given £/ = £} U LL U (C}\FI), Lhc Ly, £l c Ly, and
£l C Lywith LF = M—Ms <|£l|= M < M= £}, £F = N=Ns <|c}|= N' < N = £},
and ££ = Q — Ng S‘EHZ Q' < Q = £, weneed to: (1) evaluate FP(E’\ut) over each trans-

mitting antenna index u; € £}, giving a complexity of C} = [M'(M' + 1) + N' + Ql—’l}‘—&—l]f’z;
(2) evaluate FP(L'\u,) over each receiving antenna index u, € L., giving a complexity of
C,=[N(N'+1)+M + Ql—‘l}‘—o—l]fﬂ; and (3) evaluate FP(El\uf) over each sub-pulse

index uy € E}\FI, giving a complexity of C; = [(Ql—‘H’)(Ql—’FI‘—H) + M + NP +1]P2.

Therefore, the complexity of CSSis Ccgs = Cp + Zle (Ci + Cé_ + Cé)

Based on above analysis, the computing complexity of the proposed cognitive sparse
imaging method can be expressed as C = Cwpr + Cpmr + Cygy in the first loop and
C = Cwpr + Cmr + Chrr + Ccss from the second loop. In general, the HRI has the
dominant complexity in the proposed method, higher than other steps. Besides, compared
to the sparse imaging method with only RSS, MF, and HRI, the additional complexities
Cwpr and Ccgg are relatively low.

4. Simulation Results

In this Section, various simulations are conducted to evaluate the proposed cognitive
sparse imaging method. First, without SS, we show the influence of WBI on target imaging
and the performance of WDR and HRI. Then, we show the advantage of CSS over RSS on
target imaging in the absence of WBI. Lastly, we show the performance of the proposed
cognitive sparse imaging method considering WBI and SS simultaneously. It should be
noted that, to be more practical, all the simulations are conducted based on the received
signal modeled in (2) or (16). Therefore, the influences of down-converting, low-pass
filtering, and MF-based process on target imaging are included.

Simulation parameters are set as: center frequency f. = 10 GHz, frequency step
Af =2 MHz, sub-pulse number Q = 72, sub-pulse duration T, = 0.1 ms, antenna num-
ber M = N = 36, antenna spacing d; = d, = 8 m. Transmitting antennas are set along the
x-axis and receiving antennas are set along the y-axis. A random polyphase coding method
is used to set the modulation phases of different transmitting antennas. The reference point
is set as the coordinate origin and its distance to the radar system is set as 10 km at the
initial time. The target velocity is set as (150, 150, 0) m/s and there are P = 47 scattering
centers whose 3D positions relative to the reference point are shown in Figure 7. Based on
(6), the target parameters {«, B, x } can be obtained, as shown in Figure 8. In the following,
we use Figure 8 as the ground-truth X for target imaging without changing {«, B, x } back

to {x,y,z}.
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Figure 7. 3D positions of the scattering centers of the simulated target.
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Figure 8. Ground-truth for simulated target imaging.
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With the above system parameters and target model, the feasibility of the approxima-
tions used to establish the signal model in this study is first validated. For all sub-pulses,
transmitting antennas, receiving antennas, and target-scattering centers, the maximal dif-
ference between the phase terms of (5) and (11) is about 0.48 7, smaller than 7t/2. Moreover,
at the lowest frequency f1, highest frequency f7,, and close-center frequencies f34 and f37,
the maximal phase differences of all target-scattering centers for different transceiving
antennas are shown in Figure 9. It can thus be concluded that the signal model given in
(11) is reasonable for MIMO radar target 3D imaging.
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Figure 9. Maximal phase differences of all target-scattering centers for different transceiving antennas

at (a) f1, (b) f36, (¢) f37, and (d) f7>.

To assess the imaging performance of different methods in different conditions, nor-
malized mean square error (NMSE) and image contrast (IC) are applied to quantitatively
evaluate the imaging results. Target image with higher quality will have lower NMSE and
higher IC. The two indicators are defined as

1 1
NMSE = 33~ 1 = Xoll/[| Xoll ¢ (36)
i=1

\/Ave{ [lXi|2 — AVE{|X1'|2}]2}

I
IC =
i=zl AVG{|XZ'|2}

~| =

(37)

where X'; denotes the target image obtained by different methods in the i-th Monte Carlo
trial, Ave{-} denotes the averaging operations of all image elements, and I denotes the
number of Monte Carlo trials.

4.1. Imaging Results under WBI

For the receiving signal that only contains target echoes, we can perform down-
converting, low-pass filtering, digital sampling, and MF to obtain the signal cube as
modeled in (5). Then, according to the model in (11), we can simply use the 3D IFFT to
get the target image, as shown in Figure 10, where the signal-to-noise ratio (SNR) is set as
0 dB in each sub-pulse. According to (11), the imaging resolutions of the target parameters
«, B, and -y obtained by the simple 3D IFFT method are given by Aa =1/M, A =1/N,
and Ay = 1/Q. Then, according to (6) and considering the sizes of both the target and the
MIMO array are far less than the distance between the MIMO array and the target, the



Remote Sens. 2022, 14, 5294

18 of 36

imaging resolutions of the target positions x, y, and z can be derived as Ax = A.rrAa/dy =
Acrr/(Mdy), Ay = AcrrAB/dy = Acrr/(Nd,), and Az =~ cAy/(2Af) = ¢/(2QAf). Tt
can be seen from Figure 10 that all the scattering centers of the target are well focused,
corresponding to the ground-truth. However, when WBI exists, the target image quality
will be seriously degraded, as shown in Figure 11, where the WBI parameters are the same
as those used in Figure 2 except that fcp = f; — 40 MHz and fsp1 = f + 20 MHz here.
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Figure 11. Target imaging result obtained by the 3D IFFT in the presence of WBI with ISR =70 dB.

Assuming the WBI parameters are randomly selected in the ranges given in Table 1
and the ISRs of SM-WBI and CM-WBI are equivalent, the NMSEs and ICs of the target
images obtained by the 3D IFFT under different ISRs are shown in Figure 12, where
1000 Monte Carlo trials are conducted for each ISR. It can be seen that, with the increase
in the ISR, the NMSE becomes higher and the IC becomes lower. Therefore, when the
WBI is strong (e.g., the ISR is higher than 50 dB), which is normally the case in practice,
some advanced methods should be developed to improve the target imaging performance,
i.e., to reduce the negative influence of WBI.

Table 1. Value range of the WBI parameters.

Parameter Value Range Parameter Value Range
fem +[20, 40] MHz G [1,2,3]
Tem [1, 4] ms Bg [5,10] x 103

U +[2,5] MHz/ms fe [0.2,0.5] kHz

fom +[0, 20] MHz Pg [0, 27]
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Figure 12. NMSEs and ICs of the target images obtained by the 3D IFFT under different ISRs with

random WBI parameters.

For the proposed cognitive imaging method, WDR is used to provide the WBI informa-
tion, i.e., to get I'". As mentioned in Section 3, after performing down-converting, low-pass
filtering, and digital sampling on the receiving signal, the AA of the signal array syg s can
be used as the indicator to get I'C. With the SNR as 0 dB and the same WBI parameters as
Figure 11, for the first transmitting antenna, the AAs corresponding to different sub-pulses
and receiving antennas are shown by the red surface in Figure 13. It can be seen that the
WBI-interfered sub-pulses are clearly indicated by the AA values. Hence, either based on
an empirical threshold or an adaptive threshold, I IC can be easily obtained, as shown in
Figure 13, where the SO-CFAR algorithm with a guard cell number of 4, a false alert rate of
1073, and a reference cell number of 8 is used to determine the detection threshold (i.e., the
blue surface).
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Figure 13. The AA and detection threshold for the first transmitting antenna with ISR = 70 dB.

After getting I'", i.e., after WBI detection, as shown in (18), the WBI-interfered sub-
pulses can be removed and the TSLO algorithm given in Algorithm 1 can be used to
get the 3D HRI result, as shown in Figure 14, where, for the TSLO algorithm, W = 11,
H=3 0 = 2max{’)€'0 }, Ows1 = 090y, F.,, F2,, and F3, are constructed based on
U =112,...,M, U, =1[1,2,...,N],and Up = [1,2,...,Q] asno SS is applied here. It can
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be seen that a high-quality target image can be obtained by TSLO after WDR, giving an
NMSE of about —15.37 dB. Besides, the comparisons of Figures 10, 11 and 14 are given in
Figure 15, from which it can be seen that the proposed method can obtain higher imaging
resolution and lower sidelobe level.

0 0.5 0
[ ]
e o
5 o oo 5
e o0
-~ )
108 e oo -10 2
L
S @ 9 . . E
£ ee oo =
15 & . . -15 &
‘E o oe o o <
° ° [
220 ! -20
e * o °*
0.5 -25
25 0.5 0 0.5

\1‘ -0.5 -0.5 o o
Figure 14. Target imaging result obtained by TSLO after WDR with ISR = 70 dB. Compared to
Figure 10, the target-scattering centers are more clearly separated, indicating the higher imaging
resolution obtained by TSLO than 3D IFFT.
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Figure 15. Comparisons of Figures 10, 11 and 14 for (top) p = 0.375 & x = —0.0764,
(middle) x = —0.0417 & x = —0.0764, and (bottom) & = —0.0417 & = 0.375. The black rectan-
gle in the middle sub-figure indicates the sidelobes generated by other scattering centers.
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Similar to Figure 12, with 1000 Monte Carlo trials, the NMSEs and ICs of the target
images obtained by TSLO under different ISRs are shown in Figure 16. It can be seen
that, with various ISRs, small NMSEs and high ICs can always be achieved, verifying the
imaging performance of the proposed method. It should be mentioned that the slight
performance decrease along with the ISR increase is caused by the WBI leakages to all
sub-pulses after low-pass filtering.
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Figure 16. NMSEs and ICs of the target images obtained by TSLO after WDR under different ISRs

with random WBI parameters.

4.2. Imaging Results under SS

Sparse sampling can help to save radar resources and reduce sampling cost (transceiv-
ing antennas and sub-pulses). However, when the signal cube is sparsely sampled, conven-
tional imaging methods cannot be used to obtain a high-quality target image. For example,
by using the RSS scheme and setting SNR = 0 dB and Mg = N5 = Qg/2 = 24, the target
image obtained by the zero-padded 3D IFFT is shown in Figure 17, where many high-level

artifacts are generated.
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Figure 17. Target imaging result obtained by the zero-padded 3D IFFT with random sparse-sampled

signal cube.

In such a case, we can use the CS-based method to obtain a well-focused target image.
By using the TSLO algorithm, we obtain the 3D HRI result shown in Figure 18 with the same
data as Figure 17. Here, F3, is constructed by setting I~ = @ as no WBI is considered. It can
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be seen from Figure 18 that, even with the sparsely sampled signal, the TSLO algorithm can
still obtain a 3D high-resolution target image, better than that obtained by the zero-padded
3D IFFT.
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Figure 18. Target imaging result obtained by TSLO with random sparse-sampled signal cube.

However, RSS does not exploit the target information for imaging. On the contrary, the
CSS method proposed in this study exploits the target information to get higher imaging
performance. For example, based on the greedy algorithm shown in Algorithm 2 with
I7 = @ (as no WBI is considered here) and (&, ﬁ, X) = (a, B, x), we can obtain the optimal
sparse selection of transceiving antennas and sub-pulses, giving the 3D HRI result shown
in Figure 19. It can be seen that the image is more focused than Figure 18; the NMSEs of
the target images shown in Figures 18 and 19 are —4.93 dB and —9.24 dB, respectively,
indicating the superiority of the CSS method.
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Figure 19. Target imaging result obtained by TSLO with cognitive sparse-sampled signal cube.

It should be noted that Figure 18 only shows one imaging example of the RSS method.
Considering its randomness, the RSS method can actually obtain higher imaging perfor-
mance than that shown in Figure 18. In order to fairly compare the RSS method and the
CSS method, two additional simulations are conducted.

Firstly, keeping SNR = 0 dB and Mg = Ns = Qs/2, we calculate the NMSEs of the RSS
method and the CSS method by changing the number of selected transmitting antennas
Mg from 16 to 30 with a step of 2. For each Mg, 1000 RSSs are conducted and the maximum,
minimum, and mean values of the NMSEs are saved. By averaging over 10 Monte Carlo
trials, the obtained results are shown in Figure 20.
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Figure 20. NMSEs of the RSS method and the CSS method against the number of selected antennas
and sub-pulses.

Secondly, keeping Ms = Ng = Qs/2, we calculate the NMSEs of the RSS and CSS
methods by changing the SNR from —55 dB to 0 dB with a step of 5 dB. Similarly, for each
SNR, 1000 RSSs are conducted. With 10 Monte Carlo trials, the obtained results are shown

in Figure 21.
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Figure 21. NMSEs of the RSS method and the CSS method against SNRs with
(a)Ms ZNS =Q5/2=20, (b) MS = NS = Qg/z =22, (C) Ms = NS = Qs/2 =24, and (d) MS = Ns
=Qg/2=26.
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It can be learned from Figures 20 and 21 that, under different conditions, the CSS
method can always achieve the almost-smallest NMSEs, indicating the effectiveness and
advantage of the proposed cognitive sparse imaging method in the condition without WBL

4.3. Cognitive Imaging under SS and WBI

In the previous two sub-Sections, we show the performance of WBI detection without
SS, HRI by TSLO with WBI, HRI by TSLO with SS, and CSS without WBI; i.e., main modules
of the proposed cognitive sparse imaging method have been verified separately. In this
sub-Section, we show the performance of the cognitive sparse imaging method under
SS and WBI at the same time. To verify the proposed method in different loops, we set
Mg = Ng = Qs/2 =24 and the number of measurements (loops) as 10 (i.e., the total measure-
ment duration is 48 ms). For CSS in each loop, the target information (&, 8, §) is obtained
by setting the normalized amplitude threshold as —25 dB, i.e., 6 = 10727 |x |max and the
WBI information is obtained by WBI detection and I7 < I7 U I IC .

Firstly, we show the WBI detection performance of the proposed method under dif-
ferent conditions. Three WBIs are generated, as shown in the left subfigures of Figure 22,
where the white vertical lines indicate the starting/ending time of different measurements
(i.e., loops). The left-top subfigure of Figure 22 is obtained by using the same WBI parame-
ters as those used for Figure 11, while the WBI parameters for generating left-middle and
left-bottom subfigures of Figure 22 are randomly selected in the ranges given in Table 1
with the ISRs of CM-WBI and SM-WBI randomly selected from [50 dB, 80 dB]. It can be
seen from the right subfigures of Figure 22 that, under different conditions, the complete
WBI information, i.e., the frequency bands occupied by the WBI and the sub-pulses that
may be affected by WBI, can be well obtained with the increase in loop number, verifying
the WBI detection performance of the proposed method. It should be mentioned that, due
to the randomness of the initial SS step in the proposed method (i.e., the randomness in
the first loop), Figure 22 only shows some examples of WBI detection and the identified
WBI-interfered sub-pulses may become unchanged from various loops.

Secondly, we show the imaging performance and running time of the proposed
method under SS and WBI by using the same WBI parameters as those used for Figure 22.
Figure 23 shows the NMSEs of the target images obtained by the proposed cognitive sparse
imaging method at different loops. For comparison purposes, the NMSEs obtained by the
RSS method are also shown. Here, 10 Monte Carlo trials are conducted and the averaged
value is obtained. For the RSS method, in each loop and each Monte Carlo trial, 1000 RSSs
are conducted and the maximal, minimal, and mean NMSEs are obtained. For the initial
SS of the proposed method (i.e., the first loop), in each Monte Carlo trial, 1000 RSSs are
conducted and the maximal, minimal, and mean NMSEs of different loops are obtained. It
can be seen that, apart from the first loop, where RSS is used, the proposed method can
always achieve almost-smallest NMSEs from the second loop, indicating its advantage over
RSS. It should be explained that, although the complete WBI information can be obtained
after several loops, the TSLO algorithm can always work well when the size of U\ T “is
slightly smaller than Qg; thus, the proposed method can obtain high imaging performance
just from the second loop.

Figure 24 shows the running time of the proposed cognitive sparse imaging method at
different loops. Table 2 shows the running time of different steps of the proposed method
at different loops under the first WBI. It can be seen that: (1) as RSS is conducted instead
of CSS, the complexity of the first loop is lower than other loops; (2) as CSS starts to be
conducted, the complexity of the second loop is the highest; (3) as the size of I'1 becomes
larger and then unchanged, the running time of the proposed method decreases from the
third loop and then becomes stable, which can be derived according to the CSS complexity
analysis in Section 3.5; (4) as the WBI bandwidth is widest and thus the size of I IC is
generally large, the complexity under the first WBI is lower than those under the other two
WBISs, which can be derived according to the MF and HRI complexity analysis in Section 3.5;
(5) compared to the running time obtained with only RSS, MF, and HRI, the complexity of
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the proposed method with additional WDR and CSS does not increase too much, consistent
with the analysis in Section 3.5.
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Figure 22. (Left) TFS diagrams of three WBIs with different parameters and (right) the corresponding
WBI-interfered sub-pulse detection examples.
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Figure 23. NMSE:s of the proposed cognitive sparse imaging method and the RSS method against the
processing loops under three different WBIs.
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Figure 24. Running time of the proposed cognitive sparse imaging method and the RSS method
against the processing loops under three different WBIs.
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Table 2. Running time of different processing steps of the proposed method at different loops under
the first WBI (similar running time can be obtained under the other two WBIs). The unit is ms.

Loop 1 2 3 4 5 6 7 8 9 10
Step
WDR 0.82 0.82 0.83 0.83 0.82 0.82 0.83 0.83 0.83 0.85
MEF 5865 5969  60.06 6151 5079 6635  67.23 6729 6712 6499
HRI 456.80 45721 45694 45633 45689  457.67 45837 45742  457.63 45751
Css 0.03 137.08 12426 11232 10397  91.03 8940 8818 8767  87.11

Thirdly, we show the imaging performance of the proposed cognitive sparse imaging
method under different ISRs. Given the WBI parameters randomly selected from the ranges
in Table 1 and assuming the ISRs of SM-WBI and CM-WBI are equivalent, the NMSEs of
the target images obtained by the proposed method and the RSS method at different loops
are shown in Figure 25 with different ISRs, where 100 Monte Carlo trials are conducted for
each ISR. For the RSS method and the first loop of the proposed method, in each Monte
Carlo trial and each ISR, 100 RSSs are conducted and the maximal, minimal, and mean
NMSEs are obtained. It can be seen that, under different loops and ISRs, the proposed
method can always work well and its performance is higher than the RSS method.
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Figure 25. NMSEs of the proposed cognitive sparse imaging method and the RSS method against
ISRs with random WBI parameters at the (a) second loop, (b) fourth loop, (c) sixth loop, and

(d) eighth loop.

Finally, similar to Figures 12 and 16, the NMSEs and ICs of the target images obtained
at the different loops of the proposed method under different ISRs are shown in Figure 26.
It can be seen that, with various ISRs, small NMSEs and high ICs can always be achieved,
verifying the imaging performance of the proposed method under SS and WBI at the

same time.
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Figure 26. NMSEs and ICs of the target images obtained at the different loops of the proposed method
under different ISRs with random WBI parameters.

5. Experiment Results

To assess the performance of the proposed method in practice, a field experiment was
conducted by a software-defined radio (SDR)-implemented 8 x 8 MIMO radar system, as
shown in Figure 27. In the imaging scene, several strong reflections exist, e.g., a trihedral
corner reflector (CR) and multiple concrete walls, acting as point targets, as indicated by
the three red rectangles in Figure 27. Stepped frequency continuous waveform is employed
by the SDR-MIMO radar system with the center frequency of f. = 5 GHz, the frequency
step selected as Af =2 MHz, and the frequency number selected as Q = 72. To guarantee
the waveform orthogonality, two 1x8 switches are used to realize the time-divided signal
transceiving. More details of the SDR-MIMO radar system and the field experiment can be
found in [35].

Figure 27. SDR-MIMO radar experiment setup. The left image shows the trihedral CR and the right
image shows the front side of the radar system and the array geometry.

The array structure and the imaging geometry of the SDR-MIMO radar system are
shown in Figure 28. Assuming the p-th (p = 1,2,..., P) target is located at (x, v, zp) with
a scattering coefficient of ¢, for the m,-th transmitter (m, = 1,...,8), the n,-th receiver
(n, = 1,...,8), and the g-th frequency (g = 1,...,72), the signal obtained after data
pre-processing (e.g., transceiving antenna direct coupling signal suppression, which is
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significant for the use of time-continuous waveform for target imaging in practice [35]) can
be expressed as
RMIMO /c

P ;
S(r)eal(mr, ny,q) = Z é’pe*]Zﬁfq iy nrp (38)
p=1

MIMO _ pMIMO MIMO pMIMO _ 2 2 MIMO _
where Rm,,n,,p - Rmy,p =+ Rn,,p /Rm,‘,p - \/(xmr - xp) + (ymr - ]/p) + Z%J/Rn,,p -
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YA z 4

Vs Zp)

0.15
0.1
005t ©°°°

0 KERAMERY . - »
005t 0600 xxxme * + X
-0.1 :
-0.15 ; ; : ; - :

03 02 -01 0 0l 02 03

Figure 28. SDR-MIMO radar array structure and imaging geometry.

To mimic the MIMO radar considered in this paper for target imaging under WBI, the
pre-processed signal shown in (38) is phase modulated, giving

I ? — 27 fu RMIMO /1 imr (1)
86611 (mr, 7’17, q, tr) = Z gpe J fq r.tr.p g 4 7 tr S [0, Tr] (39)
p=1

The simulated WBI signal can thus be added to the signal in (39) to validate the
proposed methods in the presence of WBI and, via the MF method given in (4) and (5), (39)
can be transformed back to (38) for imaging process. Besides, as the SDR-MIMO array is
designed to be equivalent to a uniform planar array (UPA), as shown by the red crosses in
Figure 28, the signal given in (38) can be approximated as

1 P —i4 RUPA /
S5 (m,n,q) ~ Z Zpe 7 fqRinmp /€ (40)
p=1

where R%fﬁp = \/(xm—xp)z—l-(yn—yp)z—i—z%, m=12,...,8n=1,2,...,8 xu =

xo+(m—1)d, ypn =yo+ (n—1)d,and d = A, /4 = 1.5 cm.
According to the first-order Taylor expansion [7], (40) can be approximated as

P
866’1[ (ml n, q) ~ Z gpef]llnfq [rpfsin prmfsin (Ppyn] /c (41)
p=1
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where ¢, and 6, denote the angles of the p-th target, x, = r,sin0,, y, = r,sin¢,, and
p = \/X3 + Y3 + z3. With similar approximations as those used to get (11), we can get the
following 3D signal model

P
Séeal(m, n,q) ~ Z g;e—jzn(m—l)ape—jZn(n—l)ﬁpg—jzn(q—l)Xp (42)
p=1

where ap = —sin()p/z,‘ Bp = —singy/2, xp = 2rpAf/c, and
ér; _ érpe—]47tf0rp/ce]47r sinOpxo/ Ac 47T sin @pyo/Ac

It can be seen that the signal model (42) of the SDR-MIMO radar system is similar to
that in (11). Thus, the conducted field experiment can be used to validate the proposed
methods in this study. Via the back projection (BP) algorithm [35,36], the target image in
the x-y-z domain obtained without the approximations in (40)—(42) is shown in Figure 29. It
can be seen that the CR and the concrete walls can be well focused, as indicated by the red
rectangles in the right sub-figure. Via the 3D IFFT, the target image in the a--x domain
obtained based on (42) and its corresponding image in the x-y-z domain are shown in
Figure 30. The consistency between Figures 29 and 30 well validates the approximations in
(40)—(42). It should be mentioned that, similar to the simulations, the imaging resolutions
of the target parameters «, , and 7y obtained by the 3D IFFT are expressed as Ax = 1/M,
AB =1/N,and Ay = 1/Q. Then, according to definitions of ap, B, and xp, the imaging
resolutions of the target position x, y, and r;, can be derived as Ax, = 2r,Aa = 2rp/ M,
Ayp = 2rpAB = 2rp/N, and Ary = cAy/(2Af) = ¢/ (2QAf).
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Figure 29. Real target imaging result obtained by the BP algorithm. The CR and the two close
concrete walls are marked by the rectangles in the right sub-figure. The other two scatters indicate
two concrete walls further from the radar system.

Given W =15 and H = 5, the imaging result obtained by the TSLO algorithm is shown
in Figure 31. It can be seen that a high-quality target image with a higher imaging resolution
and a lower sidelobe level can be obtained. The targets shown in Figure 31 can be more
easily distinguished than those given in Figure 30. Hence, in the following, Figure 31 is
used as the ground-truth to assess different results.

Adding the simulated WBI used for Figures 11 and 14 to the pre-processed signal in
(39), the target imaging results obtained by 3D IFFT and TSLO after WDR are shown in
Figure 32. Besides, similar to Figures 12 and 16, with 1000 Monte Carlo trials, the NMSEs
(with respect to the result given in Figure 31) and ICs of the target images obtained by
TSLO after WDR under different ISRs are shown in Figure 33. High quality of the bottom
sub-figure of Figure 32, low NMSEs, and high ICs indicate the performance of the proposed
method under WBI in practice.
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Figure 30. Real target imaging results obtained by the 3D IFFT in (top) the o-f-x domain and
(bottom) the x-y-z domain.
0 1 0
e
[ _J
0.8 - -5 0.8 - -5
0.6 * )
? -10 g 0.6 -10 %
> P <
0.4 E < é
a5 g 04 s 2
0.2 ) il z
-
L_J
0l - 20 02 20
0.5 o
e 0.5 0 25
i SH 2
8 05 s -0.5 0 0.5

Figure 31. Real target imaging result obtained by the TSLO algorithm.
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Figure 32. Real target imaging results obtained by (top) 3D IFFT and (bottom) TSLO after WDR with

ISR =70 dB.
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Figure 33. NMSEs and ICs of the real target images obtained by TSLO after WDR under different ISRs

with random WBI parameters.

Given Ms = Ns = 6, Qs = 48, and the target parameter (&, B, {) obtained from
Figure 31 with the normalized amplitude threshold as —25 dB, the target images obtained
by TSLO under RSS and CSS are shown in Figure 34. Besides, keeping Mg = Ng = 6, the
NMSEs of the obtained target images under RSS and CSS with the number of the selected
frequencies Qg changing from 40 to 60 with a step of 2 is shown in Figure 35. Higher
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quality of the bottom subfigure of Figure 34 and smaller NMSEs in Figure 35 validate the

advantage of the proposed cognitive imaging method in practice.
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Figure 34. Real target imaging results obtained by the TSLO algorithm with (top) random sparse-
sampled signal cube and (bottom) cognitive sparse-sampled signal cube.
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Figure 35. NMSEs of the real target images obtained under RSS and CSS against the numbers of
selected frequencies (sub-pulses).

Lastly, given Mg = Ns = 6 and Qg = 48, the NMSEs of the target images obtained
by the proposed cognitive sparse imaging method and the RSS method in different loops
under the three different WBIs shown in Figure 22 are presented in Figure 36. It can be seen
that, under WBI and SS simultaneously, the proposed method can always achieve a higher
imaging performance in practice.
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Figure 36. NMSEs of the real target images obtained by the proposed cognitive sparse imaging

method and the RSS method against the processing loops under three different WBIs.

6. Conclusions

In this paper, to reduce the sampling burden and the negative influence of WBI at
the same time, a cognitive method was proposed for target 3D high-resolution imag-
ing by a collocated wideband MIMO radar system using a frequency-stepped narrow-
band orthogonal signal and the sparse sampling approach. In the proposed method, the
WBI information was obtained by the WDR process via the CFAR technique and the tar-
get information was obtained by the HRI process via the TSLO algorithm. By solving
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an optimization problem, the information of the target and WBI was exploited by the CSS
process to obtain optimal selection of transceiving antennas and sub-pulses (frequencies)
for target imaging and WBI influence reduction. Simulation and experiment results showed
that, under different SS, SNR, and ISR conditions, higher imaging performance can always
be achieved by the proposed method than the commonly used RSS method.
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