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Abstract

The number of antennas in automotive frequency-modulated continuous wave (FMCW)
multiple-input multiple-output (MIMO) radar systems is increasing. Existing greedy or
subspace-based methods cannot quickly and accurately estimate the direction of arrival
(DoA) of the target. Therefore, we propose a fast and accurate DoA estimation algorithm
for the automotive FMCW MIMO radar. To achieve both fastness and accuracy, we exploit
the group sparsity in DoA estimation by defining the problem as a multiple measurement
vector (MMYV) compressive sensing and extend the step-learnt iterative soft-thresholding
algorithm (SLISTA) to the MMV problem. To apply the extended SLISTA, we train the
network in an unsupervised manner and normalise the input. We conduct experiments to
evaluate the performance of the proposed method. Compared to the algorithms such as
ISTA/FISTA/MFOCUSS that solve the same optimisation problem, the extended SLISTA
exhibits the most accurate DoA estimation results for actual targets, with less execution time
than a subspace-based method. Moreover, the results show that the extended SLISTA

Award Number: 20014098

1 | INTRODUCTION

Radar has emerged as a critical technology for autonomous
driving. Unlike other automotive sensors, such as cameras and
lidars, radars have a unique advantage that their performance
does not deteriorate despite the changes in weather and light
conditions [1]. Fast-chirp frequency modulated continuous
wave (FMCW) radar using the 77-81 GHz frequency band is
widely used for automotive due to its high range resolution and
low cost [2]. One crucial challenge of the fast-chirp FMCW
radar is achieving a high angular resolution [3]. To this end, the
number of antennas must be increased. Many researchers have
used multiple-input multiple-output (MIMO) radar [4] to
maximise the number of antennas, even with a limited radar
form factor. The number of antennas (i.e., the number of
virtual array elements) of the MIMO radar is obtained by
multiplying the number of transmit and receive antennas [5]. In
the past, the fast-chirp FMCW MIMO radars used about 10
antennas at most [6—10]; however, MIMO radars with more
than a hundred antennas [11] are being released.

prevents false detections, whereas greedy and subspace-based methods do not.

MIMO radar with many antennas requires a much heavier
computational burden for direction-of-arrival (DoA) estima-
tion. This computational burden can prevent cars equipped
with FMCW MIMO radars from making real-time decisions
on the road. The angle fast Fourier transform (angle-FFT),
defined as a single matrix product, has the lowest computa-
tional complexity among the DoA estimation algorithms. In
FMCW MIMO radars with few antennas, the angle-FFT' has
been mainly used as a preprocessing algorithm for high-level
signal processing such as target classification through artifi-
cial neural networks [12—14]. However, because the angle-FFT
shows low performance among DoA estimation algorithms
due to the low angular resolution and high sidelobe level [15],
many studies use more accurate DoA estimation algorithms
with higher computational complexity. Subspace-based
methods, such as the multiple signal classification (MUSIC)
[16] and the estimation of signal parameters via rotational
invariant techniques (ESPRIT) [17-20], have been widely used
in conventional MIMO radars because they can obtain higher
angular resolution than the angle-FF'T. However, in the latest
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MIMO radar with a large number of antennas, we cannot
obtain both estimation accuracy and computational speed
simultaneously with existing subspace-based DoA estimation
algorithms. Because subspace-based methods require floating-
point operations proportional to the third power of antennas
[21], an excessive computational burden can be incurred when
the number of antennas becomes large. Therefore, we aim to
find DoA estimation algorithms that are more accurate than
the angle-FFT and faster than subspace-based methods.

Compressive sensing (CS) is an appropriate approach for
fast and accurate DoA estimation. CS is a technique for
recovering sparse vectors. Because FMCW MIMO radat's
DoA estimation has sparsity (i.e., reflected signals come from
only a few directions in the field of view (FoV)), many studies
have achieved good performance using CS [22-24]. The CS
problem is divided into a single measurement vector (SMV)
problem and a multiple measurement vector (MMYV) problem.
The SMV problem reconstructs one vector, whereas the MMV
problem reconstructs multiple vectors simultaneously. For the
CS problem to be defined as the MMV problem, the vectors to
be reconstructed must have joint sparsity. The joint sparsity
refers to the property that sparse vectors have similar nonzero
indices. Due to the high range resolution, FMCW MIMO radar
signals with similar ranges and velocities have similar DoAs,
meaning they have joint sparsity. Therefore, the DoA estima-
tion problem in the FMCW MIMO radar should be formulated
as an MMV problem to exploit the joint sparsity. Some studies
[22, 25-27] formulated the DoA estimation problem of the
MIMO radar as an MMV problem.

However, the studies defining the DoA estimation in
FMCW MIMO radar as an MMV problem have not success-
fully answered the following question: Are proposed methods
faster than subspace-based methods and more accurate than
the angle-FFT for actual data? In particular, many studies have
used iterative algorithms, which have made it challenging to
satisfy fastness. Recently, many studies have realised fast im-
aging in magnetic resonance imaging (MRI) and vision image
reconstruction by treating CS algorithms as a learnable recut-
rent neural network. This technique is referred to as algorithm
unrolling [28]. The step-learnt iterative soft-thresholding al-
gorithm (SLISTA) [29] is an application of algorithm unrolling
for the iterative soft-thresholding algorithm (ISTA) [30]. Un-
like other unrolled IST'As, unsupervised learning is possible in
SLISTA. That is, it is possible to learn the network for actual
radar data whose ground truth is unknown. However, SLISTA
solves the lasso, a type of SMV problem. Therefore, we extend
SLISTA to the MMV problem and train it in an unsupervised
manner. To this end, we set the group lasso [31], the MMV
version of the lasso, as the objective function, and train the
network (i.e., SLISTA) in an unsupervised manner. We also
normalise the input before applying the algorithm for the
robust DoA estimation.

To evaluate the performance of DoA estimation algo-
rithms, we conduct measurement experiments using a fast-
chirp FMCW MIMO radar in the test field. Through the ex-
periments, we measure the execution time of the algorithms

and compare the estimation results. In addition, we compare
how sharp the imaged target (i.e., corner reflector) appears. We
verify that the proposed method satisfies both fastness and
accuracy via the measurements.

In summary, the major contributions of this study are as
follows:

® We extend SLISTA to the MMV problem for the DoA
estimation in the fast-chirp FMCW MIMO radar.

® We train the network and propose a normalisation process
to apply the extended SLISTA.

® We experimentally verify that the proposed method exhibits
better imaging results than the other algorithms in a shorter
computation time than MUSIC.

The remainder of this study is organised as follows. The
distance, velocity, and DoA estimation methods in the FMCW
MIMO radar system are introduced in Section 2. In Section 3,
we explain the interpretation of the DoA estimation problem
as a CS problem. A fast CS-based DoA estimation method is
proposed in Section 4. The performance of the proposed
method is verified through actual experiments in Section 5.
Finally, we present our conclusion in Section 0.

The following symbols will be used throughout the
study:

x, x, X represent a scalar, vector, and matrix, respectively.
For p € [0, o], |||, is the /, norm.

The Frobenius matrix norm is |||z

The identity matrix of size 7 is L.

The pseudoinverse of a matrix X is X,

Subscript x denotes the kth element of x.

Superscript x? represents x at iteration p.

The kth row of X is Xk,

kth column of X is X4

Superscript (-)H denotes the Hermitian operator.

The support of X, supp(X) denotes the index set corre-
sponding to nonzero rows.

® The notation @ denotes the Kronecker product.

2 | FUNDAMENTALS OF FMCW MIMO
RADAR SYSTEMS

2.1 | Range and velocity estimation
We begin by explaining how the range and velocity are esti-

mated in a fast-chirp FMCW radar. The mth chirp of the
transmitted signal can be expressed as

T(m,t) = Arexp {jZn’{ (fc - g)t +§IZH

(1)
. t—mATc_l
rec 7ATSW )
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where B is the sweep bandwidth, AT, is the transmission
period of each chirp, and AT, is the sweep duration, as shown
in Figure 1. In additon, A7, S= %N, J. represents the
amplitude of the transmitted signal, sweep slope, and carrier
frequency, respectively. The notation rect(-) denotes the rect-
angular pulse function, which is defined as follows:

)1, if —1/2<u<1/2
rect(u) = { 0, otherwise. 2)

When the signal in Figure 1 is radiated through the
transmit antenna, the FMCW radar receives the reflected signal
from the target. Suppose the target has a distance 7 and a
relative radial velocity v from the radar system. Then the
received signal will have a time delay of t3 = M and a

Doppler shift of fp = 2.

2= The received signal is expressed as

Riom.t) =g jon{ (=5 o ) =1

—‘1-5(1'— t )2 %_1
3 4 rect AT )

whete Ag is the amplitude of the received signal.
We obtain the baseband signal after mixing the transmitted
and received signals. The baseband signal is expressed as

b(m,t) = LPF(T*(m,t)R(m, 1))

1 2 AT
— LArAgesp {]27, (M

. 2BR , t—mAT, 1
AT rect AT )

Transmitted signal

) =~ Received signal
Z ! il i
5y ~ |t 27| -7
% ~7 B M i I -7 I
g < | < | -z |
= Chirp 1 | Chirp2 | | Chirp 3 |
T T "
ATy, ! AT, ! Time
>
Q
o g
2L
a9
| | l Time
vy
s =) 3 ?
s E 2 = 9
Q = s s
a o M EN-
< 2 '3
S o
. ~ . °
Chirp index Chirp index > Velocity

FIGURE 1 Target information (i.e., range and velocity) estimation in
the fast-chirp frequency-modulated continuous wave (FMCW) radar system

where LPF(-) denotes a low-pass filter. Note that b(m, ) has
the same frequency as the beat frequency (i.e., frequency dif-
ference) between T(m, 1) and R(m, t). In (4), b(m, t) has a
frequency of Ci—';:w, and a phase of ZW%W}A“’. The fre-
quency is proportional to 7, and the phase is proportional to v
when 7 is fixed. Thus, to extract the range and velocity in-
formation of the target from b(m, ), we apply the Fourier
transforms with respect to ¢ and ms, respectively. First, b(m, 1)
is converted to a discrete-time signal b[m, n] = b(m, nAT,) by
an analogue-to-digital converter (ADC), where AT, represents
the sampling period. Then, the FFT is applied to b[m, n] to
extract the range and velocity of the target.

As shown in Figure 1, two FFTSs are applied sequentially to
the ADC data. We first obtain the range spectrum by applying
FFT with respect to 7. Subsequently, we obtain the velocity
spectrum by applying FFT with respect to the chirp index 7.
These FFTs are called range-FFT and velocity-FFT, respectively.
Through these FFTs, we can obtain the range-velocity map
containing the range and velocity information of the targets [32].
On the range-velocity map, the range and velocity bin sizes are
calculated as Ar = ¢/2SAT,Napc and Av = ¢/2fAT.M7N,,
respectively, whete ¢ is the speed of light, Nopc is the number of
ADC data in one chitp, N¢is the number of chirps, and Mis the
number of transmit antennas.

2.2 | DoA estimation

This section describes the DoA estimation petformed on this
range-velocity map. The higher the number of antennas, the
better the DoA estimation performance. However, having a
large number of antennas requires a large radar aperture.
MIMO radars using multiple transmit/receive antennas exhibit
good DoA estimation performance, even with a small aperture.
In our study, we consider a fast-chirp FMCW MIMO radar
with M7 transmit and Mg receive antennas co-located in a two-
dimensional plane.

Assuming that the target lies in the far field (here, far-field
refers to a region where the distance from the antennas is
much greater than the antenna aperture) of the radar system, the
reflected waves teceived at each antenna element are almost
parallel. The phase values of the signals from the ith receiving
antenna element, whose horizontal and vertical positions are xz ;
and zg ;, respectively, become 27” (zRﬁisinHk + xR ;cos kain(,z’)k),
whete O, € [—7/2, w/2] and ¢, € [ —7/2, /2] are the elevation
and azimuth angles between the radar and the kth target,
respectively. In addition, 4 is the wavelength corresponding to
the centre frequency of the FMCW radar signal. For example,
Ok, Pr) = (0, 0) means that the kth target is exactly in the normal
direction of the antenna array plane. The phase of each receive
antenna of signals from the kth target is proportional to the
receive-array steering vector ag(6y, ¢p,) € C% expressed as
follows:

}WR 6]27" (ZR_isin0k+xR7lcos€/esin(/)k) ] (5)

ag (Or, dr); =
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Using M7 transmit antennas with time-division multi-
plexing in transmission can generate a maximum of M Mg
virtual antennas using the MIMO antenna principle [33].
The steering vectors of the MIMO virtual array can be
expressed as a(6g, ) = ar(Or, dp) ® ar (O, ) € CMr,
where a7 (0, ¢,) € CM is the transmit-array steering vector.
We define the array response using the steering vector of the
MIMO virtual array. As shown in Figure 2a, the array
response consisting of signals of the same bin on the range-
velocity map can be written as follows:

a(0y, ¢k)5k + w, (6)
1

K
y =
=
where s, denotes the target reflection coefficient for the kth
target and the additive noise w € CM is assumed to be white
Gaussian noise. Because obtaining a(fg, ¢r) and s directly
from Equation (6) is difficult, the following section formulates
the problem differently from Equation (6).

3 | INTERPRETATION OF DoA
ESTIMATION AS COMPRESSIVE
SENSING

3.1 | CS-based DoA estimation in FMCW
MIMO radar

This section redefines Equation (6) as a CS problem to obtain
the target information from the array response. To this end,
the entire DoA FoV is discretised into a fine grid. It is assumed
that the possible target azimuth angles comply with a grid of
G points ¢, , and the elevation angles comply with a grid of
Gg points 6;.G,. Since each azimuth and elevation pair
parameterises one steering vector a(6y, ¢,) € €M, we can
define the sensing matrix as A = [a(91, $,),a(01,,), ...,
a(@cb, ‘/’G,.\)] € CM*CeOn The array response in Equation (6)
can be represented as

y=Ax + w. (7)

FMCW MIMO radars can achieve a high range resolution
because they offer a wide bandwidth. As a result, only a few
targets fall in the same range-velocity bin; the targets are sparse
in the DoA estimation x [34]. Mathematically, x is K-spatse
when it has at most K nonzero elements, that is, ||x[|, < K [35].
The nonzero elements of x lie only on indices corresponding
to the DoA at which the target exists. This sparsity can be
exploited by CS algorithms for target DoA estimation.

A classic way to recover the K-spatse vector x in Equation
(7) is expressed as

% = arg min [|Ax — y]|3, (8)

xi|[xly<K

5
(a) 2D FFT Results
Ist ED
channel g
Velocity
ond ED |
channel 2 \
Velocity
°
°
°
Mth ED
channel  $
Velocity
(b) 2D FFT Results
It & ]
channel g -
Velocity

H Y
channel 2 =

Velocity
°
°
°
[ ]
h e H B
Mt %b ||
channel  $ -
Velocity

FIGURE 2 Process of generating a vector y € cM (a) and process of
generating a matrix Y € cMt (b) from range-velocity maps, which are outputs
of 2D FFT. (a) Process of generating y from the range-velocity maps.

(b) Process of generating Y from the range-velocity maps
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and is called subset selection [36—38]. Alternative formulations
are

N . 2
X = arg min ||x||, s.t. [[Ax —y|; <€ (9)

or

. 1 2
% = arg min _|Ax —y|[; + /||, (10)

In the field of CS, to ensure the recovery of K-sparse
signals with high probability from the above Equations (8—10),
the sensing matrix A is generally assumed to be incoherent
[39]. We define the coherence of matrix A as the largest ab-
solute inner product between any two columns [40, 41], and it
is expressed as follows:

At A

[:i

(11)

#(A) = max e —
i# || Al [ Azl

Here, A is incoherent if u(A) is small.

To reduce the discretisation error and achieve super-
resolution, the FoV should be discretised into a dense grid,
that is, G and Gy should be large enough. This means that
the steering vectors corresponding to the adjacent DoAs have
a high correlation, and the sensing matrix A is coherent. Thus,
defining DoA estimation as an SMV CS problem has apparent
limitations in achieving super-resolution.

3.2 | Formulation of MMV problem and
conventional approaches

As in the previous section, if we try to recover each sparse
vector X, in a similar range-velocity bin, x will exhibit similar
indices for their nonzero elements. To exploit this joint sparsity
among neighbouring range-velocity bins, we stack these all L
vectors into the columns of a matrix Y € CY*L, In addition,
because the signals are correlated while the noise components
are uncorrelated, higher signal-to-noise ratio can be achieved if
L range-velocity bins are used together. Figure 2b shows the
process of generating Y where L = 4. The goal is to recover
Xe CG“G“XL, which has at most K nonzero rows, that is,
|[supp(X)| < K. This problem is referred to as the MMV
problem. The array response in MMV form is expressed as

Y =AX + W, (12)

where the additive noise W € C**L is assumed to be the white
Gaussian noise.

Subspace-based methods such as MUSIC [16] and ESPRIT
[17—20] can achieve super-resolution in this MMV problem.
Subspace-based methods assume that X has K nonzero rows.
They use the property that the dominant K-dimensional
eigenspace of the covariance matrix (i.e., Ry = %YYH) consists

of steering vectors corresponding to the target. However,
subspace-based methods have practical limitations to be used
in DoA estimation in FMCW MIMO radars. They commonly
tequire the assumption that |supp(X)| = K. Subspace-based
methods provide guaranteed recovery where the assumption
|[supp(X)| = K is correct; otherwise, they suffer from petfor-
mance degradation. Unfortunately, the number of targets in
specific range-velocity bins, that is, [supp(X)], is hardly known
to FMCW MIMO radars. Another disadvantage of subspace-
based methods is their high computational complexity. These
methods need to perform eigenvalue decomposition of Y7y,
which requires the computational complexity of O(M 3)
floating-point operations [21]. Therefore, algorithms that are
faster than subspace-based methods and do not require in-
formation on the number of targets are needed.

Greedy methods are another primary approach for solving
MMV  problems. Most of them, including simultaneous
orthogonal matching pursuit (SOMP) [42], are natural exten-
sions of the SMV problem [43—47], but some are designed
solely for the MMV setting [48]. SOMP, one of the most
representative and intuitive greedy methods, is outlined in
Algorithm 1.

Algorithm 1 SOMP

Input: Y

Output: X(7)

RO =y 50 =9 xT =0
for(t =0t <Tit<t+1)do

D) = arg min (R(t)HA>
J .41
St+1) — g(t) {j(t+1)}
R(t+l) =Y — A[sz(t+l)]A?—:7S(t+1>]Y
end
T
Xigir) 1 = Al s Y

return (

1

3

Greedy methods aim to solve the analogues of (8), (9), or
(10) in the MMV case, expressed as follows:

X = arg min ||AX—Y||§_-, (13)
X:|supp(X)|<K

X = arg min [supp(X)] s.t. ||[AX — Y||i- <e, (14)
X

or
. 1
X =arg min§||AX—Y|\,%+/1|supp(X)|, (15)
X

respectively. However, because function [supp(X)| is non-
convex, Equations (13)—(15) are NP-hard problems [49]. This
fact suggests that greedy methods cannot guarantee fast
computation and good accuracy simultaneously.
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To obtain accurate solutions with numerical optimality
guarantees, we use the convex relaxation approach. In the
MMV case, convex relaxation replaces [supp(:)| with its
convex apptroximation ||-| 1> Where the mixed L, 4 norms for
matrices are defined as

1/q
X, = (Zuxm Hg) (16)

for some g > 1. In Equation (10), the typical value of g is 2
[50-55], and this optimisation model has been applied in dy-
namic MRI [56], gene finding [57-59], and many other fields
[31, 60]. Specifically, the convex relaxation form of Equation
(10) is called the group lasso [31], which is expressed as

A o1
X = arg min AX -V} + 20X, (17)

Multi-vectors focal undetermined system solver (MFO-
CUSS) [51] is the first algorithm to address the group lasso
problem. MFOCUSS can be understood as an iterative
reweighted least squares algorithm. As in the least squares al-
gotithm, MFOCUSS computes the invetrse of size M x M
matrix at every iteration; hence is computationally expensive
for this problem. In the next section, we propose a more
efficient algorithm for the group lasso and apply it to the DoA
estimation problem in the FMCW MIMO radar.

4 | PROPOSED CS-BASED DoA
ESTIMATION IN FMCW MIMO RADAR
4.1 | Basic concept of ISTA

One popular approach that can reduce the computational time
required to solve the group lasso (17) is to apply the proximal-
gradient method. Specifically, ISTA involves finding proximal
mapping associated with the regulariser /1||X||2’1. The proximal
mapping associated with A||-|] 21 can be computed analytically
as follows:

. 1
prosii,, () = g min {30 =X+ 2]l }
- TX) (18

where operator 7,(+) is the soft-thresholding operator, which
is defined as

To(X),.. Zmax<0,1 —L>X,-‘:. (19)
o Xiall,)

In each iteration, the proximal mapping (18) is applied to the
gradient of the first term of (17), which can be expressed as

gX) = & LAX-VIE = ATAX V). (20)

Thus, the iterative step of ISTA applied to the group lasso (17)
is given by

1
XY= prox, X0 - —g(x®
lI-ll2. g
L; (x*)
(21)

1 1
=Ty, ( <IMxM - L_fAHA> X + L—fAHY> )

where Lf is the greatest eigenvalue of A”A. The ISTA for
solving (17) is summarised in Algorithm 2.

Algorithm 2 ISTA for solving (17)

Input: Y
Output: X (7)
X0 = Afly
for (t =0t <T;t+ t+1)do
t4+1) _ 1 AH t 1 AH

X0 =75 ((I—L—fA A)X()-i—L—fA Y)
end
return

(T)

As in Equation (21), ISTA performs matrix multiplication
and soft-thresholding in each iteration. Operations in ISTA
have lower computational complexity than the eigenvalue
decomposition in MUSIC or the inverse operation in MFO-
CUSS. Thus, it is likely that ISTA has less computational time
than algorithms such as MUSIC and MFOCUSS. However,
because ISTA is iterative, computational time increases pro-
portionally to the number of iterations. In the worst possible
case, ISTA converges at a rate of O(1/t) (i.e., the difference of
the objective function values between the tth iteration and an
optimal solution point is inversely proportional to t) [30],
which is quite slow and requires many iterations.

One method to achieve faster convergence and fewer it-
erations is to use algorithms that have momentum. A study
[30] proposed an acceleration scheme to reduce the number of
iterations, which improved the convergence rate of gradient
descent from O(1/t) to O(1/¢*). The application of Ref. [30]
to ISTA is referred to as FISTA [61]. One standard mo-
mentum parameter for FISTA is ﬂ(t) =L=1[62]. The FISTA

Tt+2
for solving (17) is summarised in Algorithm 3.

Algorithm 3 FISTA for solving (17)

Input: Y
Output: X(7)
X = Aty
for(t =0t <T;t«+t+1)do
t+1) _ 1 AH t 1 AH
z0) =7, ((1- £ ATA) X0 4 Lally)

BUHD = /(1 +3)

X4 = z(t+1) 4 gt (Z(t+1) _ Z(8))
end
return X(7)
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However, ISTA and FISTA only consider the case in which
the group lasso is solved for one input. To solve the lasso
problem for many inputs, a seminal work [63], named LISTA,
proposed training a neural network whose input is Y and
output is X in Equation (17). LISTA considers iterative algo-
rithms as a recurrent neural network, where the tth iteration is
regarded as the tth layer in a network. LISTA shows better
petformance than ISTA/FISTA on new inputs for the same
number of iterations (i.e., layers). Many studies over the few
years have used LISTA's concepts to solve the (group) lasso
[29, 64-70]. We extend SLISTA [29], the study for solving the
lasso, to the group lasso and use it for DoA estimation.

Extended SLISTA has two advantages when applied to
DoA estimation in the FMCW MIMO radar. The first
advantage of SLISTA is that the network learns parameters in
an unsupervised manner. Supervised learning is not feasible
because we only know the measurement Y, not the ground
truth X. The second advantage of SLISTA is that the network
has extremely few learnable parameters. For DoA estimation in
FMCW MIMO radar problems, the sensing matrix A has a
large size. LISTA and other works have many learnable pa-
rameters above the size of A (i.e, MGgG,), making network
learning difficult. SLISTA, on the other hand, learns only step
sizes {a(‘) } 41> SO the number of learnable parameters is equal
to that of iterations (i.e., layers) 7. SLISTA for solving (17) is
summarised in Algorithm 4.

Algorithm 4 SLISTA for solving (17)

Input: Y
Outg)ut: x(T)
x(0) = Afly
for(t =0t <T;t<t+1)do
X(t+1) —
Toesny ((1 - a<t+1>AHA) x® 4 a(t“)AHY)

end
return X ()

4.2 | Proposed SLISTA-based fast DoA
estimation

In this section, we explain how to extend SLISTA to the group
lasso to solve the DoA estimation problem in FMCW MIMO
radar. In our application, the recovered matrix X represents
four-dimensional  (range-velocity-azimuth-elevation) — data.
Each column in X represents a sparse vector in CEC* con-
taining azimuth-elevation information of targets corresponding
to one range-velocity bin. To make the network input Y, we
crop the 2D-FFT output of size Napc X N, X M into Wr x
Wp x M, where Wg and Wp are window sizes along the range
and velocity axes, respectively. Then Y is reshaped into
CM*WrWb. hence X € COrGexWaWb,

Before optimising Equation (17), the objective function of
ISTA/FISTA/SLISTA, we must normalise input Y. Consider

the problem of optimising only the first term of Equation (17)
as follows:

X 1
X = arg min £||AX—Y||12F. (22)
X

If we take yY instead of Y as input of Equation (22) for an
arbitrary nonzero constant y € C, the output will be yf(. In
this case, we can always recover X through normalisation,
hence normalising Y before optimisation is unnecessary.
However, in Equation (17), the first and second terms differ
in the exponent; the first is quadratic, but the second is
linear. Because of the difference in exponent between the
two terms, the output will not be }/X when we take yY as
the input of Equation (17). This fact suggests that X can be
recovered entirely differently depending on the magnitude of
Y, which varies exponentially depending on the measure-
ment environment. Therefore, for robust DoA estimation,
the input scale of ISTA/FISTA/SLISTA must all be similar,
that is, Y should be normalised before applying DoA esti-
mation algorithms.

We normalise Y so that ||Y]|
norm is defined as ||Y]|

max = 1, where the maximum

max = max,—d—’Y[i,j] | Let the notation Y
denote the matrix before normalisation and Y denote the
matrix after normalisation. The relation between Y and Y is

expressed as follows:
1 ~

Y.

vl

(23)

max

If X is recovered from the normalised matrix Y, X has no
information about the original signal magnitude. To recon-
struct the signal magnitude, the recovered matrix must have a
scale of Y. Thus, the recovered matrix which has signal
strength information X is obtained as X = ||Y||mah .

We train SLISTA using back-propagation in an unsuper-
vised manner. The network learns to solve the group lasso
from the experimental dataset {Yz}l 2, where N, trepre-
sents the number of training samples. The loss function is the
sum of the objective function in Equation (17), which is

expressed as

train

Z[ Iaf(y

=1

) = Yill7 + A (Y ©)],, |, (24)

where f{(Y; ©) is the sparse output of the SLISTA network with
learnable parameters © = {a", ..., aDy.

Figure 3 shows the process using SLISTA as the DoA
estimation algorithm. Because other algorithms, such as ISTA/
FISTA/MFOCUSS, do not have learnable parameters, /(Y; ®)
should be changed to f{Y;) for those cases. Where MUSIC is
employed as the DoA estimation algorithm, normalisation is
not required; hence the normalisation process in Figure 3
should be eliminated.
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FIGURE 3 Block diagram of the proposed DoA estimation process 00 10 20 30 40 50 60 70 80 90

with normalisation. The input is the ADC output (i.e., b[m, n]), and the
output is the DoA estimation result (i.e., X). The network {(Y;; ®) is trained
with examples from the experimental dataset

5 | EXPERIMENTAL RESULTS

5.1 | Measurement environment
In our experiments, we used the fast-chirp FMCW MIMO
radar system, AWR2243 cascade [11], developed by Texas In-
struments. This radar uses 78.3 GHz as the centre frequency
and 2.53 GHz as the bandwidth. The number of transmit
antennas and receive antennas is 12 and 16, respectively,
forming a total of 192 (i.e., MMg = 192) virtual antennas
according to the MIMO principle. Because some MIMO vit-
tual array elements are duplicated in the same location, we only
used 134 virtual antennas (i.e., M = 134), excluding ovetlapped
58 cases. The positions of the MIMO virtual array elements are
shown in Figure 4. In addition, a total of 64 chirps were used,
and 256 ADC samples were obtained from each chirp. Table 1
summarises the specifications of the radar system we used.
We define grid points in the azimuth and elevation di-
rections as explained in Section 3. As shown in the MIMO
virtual array in Figure 4, the horizontal (i.e., in x-axis) and
vertical (i.e., in z-axis) apertures ate 85 and 6 times the half
wavelength, respectively. Suppose the angle-FFT is applied in a
uniform linear array, whose aperture is 85 times the half-
wavelength. In that case, the grid size G is 86, and sine
values sin ;.55 are equidistant, that is, ¢, = arcsin(—1 + 2p/86).
Similarly, we obtain 6, = arcsin(—1 + 2¢/7). To achieve super-
resolution, we made the grids finer than in this case. Consid-
ering that the beam pattern of the antenna does not cover all
DoAs, we took sin ¢, € [—0.8, 0.8] and sin 6, € [-0.5, 0.5].
Moteovert, we set G and Gy to 128 and 8, which are greater
than 86 and 7, respectively. The grid points for achieving super-
resolution are defined as

. 1.6
¢p:arcsm<—0.8+@ ) (p<128,peN), (25

and
. 1.0
anrcs1n(—0.5+8q>, (g<8,9€N). (26)

Our purpose is to train the network to optimise the loss
function (24), but only a few range-velocity bins correspond to

z in half wavelengths

FIGURE 4 DPositions of M = 134 virtual array elements in the
multiple-input multiple-output (MIMO) antenna system

TABLE 1 Specifications of the multiple-input multiple-output
(MIMO) radar

Parameters Values
Centre frequency, f; 78.3 GHz
Bandwidth, B 2.53 GHz

Sweep slope, § 79.0 MHz/ps

Chirp period, AT, 46 ps
Sampling period, AT 0.125 us
The number of transmit antennas, M 12

The number of receive antennas, Mz 16

The number of non-duplicated antennas, M 134

The number of chirps, N¢ 64

The number of ADC samples, Napc 256

Size of range bin, Ar 5.93 cm
Size of velocity bin, Av 5.42 cm/s

the actual target (i.e., most of the range-velocity bins corre-
spond to the empty space); hence, a small number of Ys are
appropriate for training, Therefore, we created a training set
with only Ys where the radar target existed. As this approach
reduces the amount of data, we use data augmentation to avoid
overfitting,

First, we normalised and applied FISTA to Ys obtained by

the experiment. Among the output Xs (X € COrCexL ), the

signals corresponding to the actual target are nonzero rows.
Because the /,-norm of nonzero rows represents the signal
strength from corresponding DoAs, we collected 100 nonzero
rows with the largest [,-norm of Xs. Then, we created virtual
ground truths (i.e., Xs) by rearranging those nonzero rows. In
other words, we randomly selected one to five of the 100 rows
and placed them in random rows of a zero matrix. Finally, Y
for unsupervised learning was obtained by multiplying the
virtual X and A. By repeating this process 100 times for each
number of targets, we got Niin = 500. SLISTA was trained
using the RMSprop optimiser [71] with a learning rate of 107
for five epochs, until the loss function (24) converged.
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We implemented all our algorithms in Python 3.7.6, using
the PyTorch 1.9.0 package. These algorithms were performed on
a graphic processing unit, NVIDIA RTX 2070 SUPER. When
executing MUSIC with |supp(X)| = 3 in this environment, the
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was 11.31 ms.

We found that ISTA/FISTA/SLISTA took a shorter execution
time than MUSIC when the iteration number T was less than 6,
so we set 1 = 4. We also set 1 = 5.
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FIGURE 5 Experimental scenarios in the parking lot when the direction of movement and the boresight of the radar are parallel (a), perpendicular (b), and
the point cloud generation results (c). The left half of (c) is the result in environment (a), and the right half of (c) is the result in environment (b)
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Using this radar system, radar signal measurements were
conducted in two different environments. In the first envi-
ronment, we measured radar signals in a parking lot with cars,
as shown in Figure 5a,b. The data were collected with the radar
changing its position 16 times by 0.5 m increments along a
straight line. Figure 5a shows a scenario in which the direction
of the radar movement is parallel to the radat's boresight, and
Figure 5b shows a scenario in which they are perpendicular. In
the second environment, we measured signals of three corner
reflectors at a similar range, as shown in Figure 6. In the
following section, we compare the performance of the algo-
rithms by synthesising images generated from the data
measured at each location.

5.2 | DoA estimation results

52.1 | Experiment in the parking lot

To evaluate the performance of the proposed method, we
visualised the detected point clouds for the parking lot, as
shown in Figure 5c. As shown in the figure, ISTA and FISTA
have poorer elevation estimation accuracy than SLISTA or
MFOCUSS. From the top view, we can observe that SLISTA
and MFOCUSS are more precise than ISTA or FISTA at the
edges of parked cars. Therefore, SLISTA also exhibits good
imaging performance for actual targets on the road. To
compare with the proposed method, we implemented MUSIC
and SOMP on the data for the parking lot scenario, as shown
in Figure 5c. MUSIC does not recover X, as in SOMP, but only
the nonzero indices of X. We assume that all nonzero values of
X recovered to MUSIC have the same value. As shown in
Figure 5¢, MUSIC and SOMP detected more targets than
actually existed. Thus, we set the support of X, the input
required for MUSIC and SOMP, to 1 (ie., suppX) = 1 in

FMCW MIMO radar
(AWR2243 cascade)

FIGURE 6 Measurement environment with the fast-chirp frequency-
modulated continuous wave (FMCW) multiple-input multiple-output
(MIMO) radar

TABLE 2 Direction of arrival (DoA) estimation performance

MUSIC and T'= 1 in SOMP). Note that each point in SOMP is
imaged in the same size scale as in ISTA/FISTA/SLISTA/
MFOCUSS.

In Figure 5¢c, MUSIC and SOMP both imaged targets that
did not exist. According to the photographs and imaging re-
sults of ISTA/FISTA/SLISTA/MFOCUSS, parking lots
should have no targets other than cars and walls. However,
MUSIC and SOMP have formed points in many places where
there are no targets, including just in front of the radat's
boresight. These false detections can be a severe problem
when generating radar point clouds for autonomous driving,
This problem occurs because both MUSIC and SOMP assume
that supp(X) = 1. Even if the target does not exist (i.e., X = 0),
MUSIC and SOMP generated false detections due to inter-
ference and noise. On the other hand, because the methods of
solving the group lasso (i.e.,, ISTA/FISTA/SLISTA/MFO-
CUSS) do not require information about support and their
objective functions have regularisation terms, they form points
only where actual targets exist.

5.2.2 | Experiment with corner reflectors

In this section, we analyse the performance of the algorithms
in the following aspects. First, we measured the execution
time of the algorithms, from obtaining Y to generating X.
The average execution time for ISTA/FISTA/SLISTA/
MFOCUSS is shown in the bottom line of Table 2. Second,
in a corner reflector measurement experiment, we evaluated
how sharply the corner reflector is imaged. Radar-imaged
corner reflector should theoretically have only one range
and DoA [72], which implies that most nonzero values atre
concentrated in considerably few indices of X. To evaluate
the sharpness, we calculated the ratio of the Frobenius norm
to the /;;-norm of X, that is, ||X||F/||X||11 A high ratio
implies that the corner reflectors are sharply imaged. Because
corner reflectors were imaged in range bins 141-144 (i.c.,
8.36-8.54 m), and 145-148 (i.e., 8.60-8.78 m), we calculated
[IX||z/IIX]|; ; in both ranges. These ratios are shown in Ta-
ble 2. The execution time section of Table 2 shows that
ISTA, FISTA, and SLISTA have less than 11.32 ms of
MUSIC. By comparison, we can observe that MFOCUSS has
a quite large execution time compared to MUSIC. In terms of
sharpness (i.e., ||X||F/||X||1l), SLISTA shows better accuracy
than ISTA or FISTA, and worse accuracy than MFOCUSS.
Thus, the proposed algorithm, which applies SLISTA to the
group lasso, yields the best imaging results among algorithms
that are faster than MUSIC.

Range bins (ranges) ISTA FISTA SLISTA MFOCUSS (T'=1) MFOCUSS (T'= 4) MUSIC
K, 141-144 (8.36-8.54 m) 0.190 0.195 0.288 0.080 0.430 N/A
1l 145-148 (8.60-8.78 m) 0.271 0.261 0.360 0.132 0.503 N/A
Execution time (ms) 7.20 8.08 8.57 11.813 45.5 11.32
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FIGURE 7 Point cloud generation results for three corner reflectors. The actual location of the corner reflectors is indicated by red circles

To further analyse the performance of algorithms, we
visualised the point clouds for corner reflectors in Figure 7.
The actual location of the corner reflectors are indicated by red
circles. The size of each point is proportional to the log of the
absolute value of each entry of X. Ideally, there should be only
three points in the middle, where the actual targets (i.c., three
corner reflectors) exist. If the number of iterations is small,
many points are imaged where the actual target does not exist.
As the number of iterations increased, the point clouds pro-
gressively converged into the positions of each corner re-
flectors. Comparing the number of imaged points at 7 = 4,
SLISTA and MFOCUSS showed better DoA estimation per-
formance than ISTA and FISTA. Note that ISTA and FISTA
formed many points with an incorrect elevation because of the

poor elevation resolution. SLISTA showed better results
because the step size was determined considering 7 = 4 and
the probabilistic distribution of the target information, whereas
ISTA and FISTA did not consider these factors and decided
the step size based only on A.

In this section, the performance of the DoA estimation
was evaluated using experimental data for each algorithm. We
explained that MUSIC and SOMP have the disadvantage of
generating false detections compared to the convex relaxation-
based methods by comparing the results in Figure 5c. More-
over, Table 2 and Figure 7 show that SLISTA generates the
best image with less execution time than MUSIC among
methods solving the group lasso (i.e., convex relaxation-based

approaches).
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6 | CONCLUSION

The main findings of this study can be summarised in two
points. First, the DoA estimation for point cloud generation in
the FMCW MIMO radar was defined as the group lasso
problem. Second, the extended SLISTA for the MMV problem
had excellent imaging performance for less computational time
than the widely used algorithm, MUSIC. To wvalidate our
findings, we collected actual radar data and applied six different
DoA estimation algorithms to compare their performances.
Experimental results showed that greedy and subspace
methods suffered from false detection problems, whereas al-
gorithms solving the group lasso did not. The experimental
results also numerically demonstrated that the imaging accu-
racy of the extended SLISTA outperformed ISTA/FISTA/
MFOCUSS. We expect the proposed method to effectively
reduce the time consumed for DoA estimation in the FMCW
MIMO radar system.
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