Preprints are preliminary reports that have not undergone peer review.

6 Research Sq uare They should not be considered conclusive, used to inform clinical practice,

or referenced by the media as validated information.

More accuracy approach for signal subspace-based
algorithms in bistatic EMVS-MIMO radar

Fengtao Xue
National University of Defense Technology

Yunxiu Yang
South-West Institute of Technical Physics

Maoyuan Feng
1170475472@qq, com

Sichuan University

Qin Shu
Sichuan University

Research Article

Keywords: Angle estimaion, MIMO radar, Electromagnetic vector sensors.
Posted Date: September 14th, 2023

DOI: https://doi.org/10.21203/rs.3.rs-3339610/v1

License: © ® This work is licensed under a Creative Commons Attribution 4.0 International License.
Read Full License

Additional Declarations: No competing interests reported.

Version of Record: A version of this preprint was published at Signal, Image and Video Processing on
February 26th, 2024. See the published version at https://doi.org/10.1007/s11760-024-03041-3.


https://doi.org/10.21203/rs.3.rs-3339610/v1
https://doi.org/10.21203/rs.3.rs-3339610/v1
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1007/s11760-024-03041-3

More accuracy approach for signal subspace-based
algorithms in bistatic EMVS-MIMO radar

Fengtao Xue?, Yunxiu Yang”, Maoyuan Feng®*, Qin Shu®

2410003 National University of Defense Technology, Changsha, China
Y610041 South-West Institute of Technical Physics, Chengdu, China
€610065 College of Electrical Engineering, Sichuan University, Chengdu, China

Abstract

In this article, we rediscuss the parameter estimation in a bistatic multiple-
input multiple-output radar system with electromagnetic vector sensor (EMVS)
and propose an improved approach for all signal subspace-based estimation
algorithms. First, the signal subspace is obtained by directly performing SVD
or high-order SVD on the signal matrix or the signal tensor. Then, the ele-
vation angle is automatically estimated by exploiting the rotation invariance
of the receive-transmit array manifold and the Joint diagonalization technol-
ogy. Then, the estimated elevation angle is taken as prior information, and
the spatial response vector is recovered from the entire signal subspace us-
ing least-squares by exploring the property of the Kronecker product. Next,
the azimuth angle is estimated by the ‘Vector Cross-Product’ strategy. Fi-
nally, the polarization parameters are calculated based on the least-squares
method. The proposed algorithm is analyzed from the aspects of identifi-
ability and complexity. The proposed signal subspace acquisition method
is less computationally intensive. The improved parameter estimation ap-
proach can realize automatic parameter pairing and have a better parameter
estimation performance than the previous corresponding algorithms when it
works on the subspace obtained in different ways. Simulation results verify
the performance improvement of the proposed algorithm.
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1. Introduction

Multiple-input multiple-output is an emerging direction estimation tech-
nology in radar systems since it has unique advantages and outstanding per-
formance compared to the traditional phased array radar system [1, 2, 3].
The estimation of the direction-of-departure (DOD) and direction-of-arrival
(DOA) has been extensively studied for multiple-input multiple-output radar
[4, 5, 6, 7, 8]. However, the number of literature studied on two-dimensional
(2D) problems, namely azimuth, and elevation, 2D-DOD, and 2D-DOA es-
timation, is limited [9, 10, 11]. Chen and Zhang developed a PM-based
algorithm for 2D-DOD and 2D-DOA estimation algorithm in MIMO radar
with arbitrary arrays[9]. An improved ESPRIT-bassed algorithm was intro-
duced for 2D-DOD, and 2D-DOA estimation in MIMO radar with arbitrary
arrays [10]. In [11], a new approach that combines ESPRIT and joint diag-
onalization technology was proposed for 2D-DOD and 2D-DOA estimation
in bistatic MIMO radar with an L-shaped array. These methods developed
for 2D-DOD and 2D-DOA estimation are based on scalar sensors. A typical
character of [9, 10, 11] is that the antenna array is nonlinear, e.g., L-shape,
rectangular, or arbitrary shape. As an alternative to the scalar sensor, the
electromagnetic vector sensor (EMVS) brings new development space for tar-
get positioning [12]. The EMVS at a certain point in space can provide a
2D direction finding [13]. Besides, it can also provide the polarization state
of the input signal, which provides new potential possibilities for detecting
invisible targets.

The use of EMVS for direction finding has become a hot research topic,
and various estimators have been proposed in [12, 13, 14, 15, 16]. A general
bistatic MIMO-EMVS radar with multiple transmit and receive EMVSs was
introduced in [17], and a ESPRIT-like algorithm was proposed to estimate
2D-DOD, 2D-DOA, 2D transmit polarization angle (TPA) and 2D receive
polarization angle(RPA). First, the signal subspace is obtained by perform-
ing eigen decomposition (EVD) on the covariance matrix of the received
data. Next, a rotation matrix is obtained from the 6N/6M rows of the signal
subspace by exploiting the rotation invariance of the receive/transmit array
manifold and use it to recover the receive/transmit spatial response vector
from these rows where N/M is the number of receive/transmit arrays. The
2D-DOA and 2D-DOD are estimated via ‘Vector Cross-Product’ idea using
the recovered spatial response vector. Then, the 2D-TPA and 2D-RPA are
estimated by least-squares method. Finally, the orthogonality of the virtual



steering vector and the noise subspace is used to the pairing of the transmit
and receive parameters. In [18], the signal subspace is obtained by directly
performing high-order SVD on the covariance tensor, then all parameters
are estimated by using the same process as that in [17]. The HOSVD based
algorithm can improve the signal subspace estimation accuracy to improve
the parameter estimation performance, but it suffers a high computational
complexity. To avoid decomposition, the signal subspace is obtained by the
propagator method in [19]. Then, all parameters are estimated by using the
same process in [17], except the elevation angle is estimated from the ro-
tation matrix. The above algorithms only select 6N/6M rows of the signal
subspace to estimate all parameters and do not fully utilize the entire signal
subspace. Furthermore, in [20], by exploiting the rotation invariance of the
virtual array manifold, the elevation angle is estimated from the entire signal
subspace obtained by PM. However, other parameters estimation process is
the same as that in [17], except no need for the other pairing process. It is
a pity that only the elevation angle estimation make full use of the entire
signal subspace. We can know that all algorithms based on signal subspace
do not make full use of the entire signal subspace to estimate all parameters
through the above introduction. They only select 6N/6M rows of the signal
subspace to estimate the parameter and waste most of the signal subspace,
which will cause performance degradation. Besides, as shown in [17], param-
eter estimation accuracy is also affected by the position of the selected part
in the signal subspace. Different positions of the selected part in the signal
subspace will bring different estimation results. So it is difficult to determine
which part can get the best estimation effect. All the algorithms mentioned
above, except HOSVD, do not make full use of the inherent multi-dimensional
structure of the matched filters, resulting in some performance loss. The au-
thors in [21] make full use of the inherent multi-dimensional structure, and
introduce the trilinear decomposition to obtain the estimation of the loading
matrices, and use those loading matrices to realize the separate estimate of
the receive and transmit parameters. At the same time, the transmit and
receive parameters are automatically paired.

In this paper, we introduce two effective ways to get signal subspace and
propose an improved approach suitable for all signal subspace-based algo-
rithms in bistatic EMVS-MIMO radar parameter estimation to save compu-
tational load and make full use of the entire signal subspace in the bistatic
EMVS-MIMO radar. The main contributions of this paper are as follows:
(1)Two effective ways to obtain the signal subspace are introduced to re-
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duce the computational complexity, namely, directly performing singular
value decomposition (SVD) on the data matrix or performing high-order
SVD (HOSVD) on the data tensor to get the signal subspace. (2) To make
full use of the virtual array manifold of the MIMO radar and the entire sig-
nal subspace, an improved approach suitable for all signal subspace-based
algorithms is proposed. The transmit/receive parameters do not affect the
receive/transmit parameters estimation is proved. (3) The computational
complexity and the number of identifiable targets of the proposed algorithm
are analyzed and compared with the existing algorithms. Numerical simula-
tions are further used to verify the effectiveness of the proposed algorithm.
What needs special emphasis is that although in the new parameter estima-
tion approach, it combines the ESPRIT and “Vector Cross-Product” ideas
to estimate the parameters, the difference from the existing algorithms are:
(1) The transmit/receive elevation angle is estimated by exploiting the ro-
tation invariance of the virtual array manifold of the MIMO radar, instead
of the transmit /receive array manifold. The joint diagonalization technology
is introduced to ensures the pairing estimation of the receive and transmit
elevation angle, and no additional pairing process is required. (2) The trans-
mit /receive spatial response vector is recovered from the 36 N M rows of the
signal subspace, instead of the 6M /6N rows of the signal subspace. As
above, all parameters estimation are obtained from the whole signal sub-
space instead of the 6M or 6N rows of the signal subspace. Therefore, when
the improved approach is applied to the signal subspace obtained by dif-
ferent ways, a certain degree of performance improvement will be obtained
compared with the original parameter estimation method.

The rest of this paper is organized as follows: The signal model for bistatic
EMVS-MIMO radar is introduced in section 2, the signal subsapce obtain by
perform SVD on the data matrix and perform HOSVD on the data tensor
are presented in section 3, the improved signal subspace-based parameter
estimation approach is introduced in section 4. The performance including
identifiability, complexity, and CRB are derived in section 5. Several numeri-
cal results are provided to indicate the effectiveness of the proposed algorithm
in section 6. Finally, a conclusion is drawn in section 7.

Notation : We use symbols ()T, (), (e)~! and (e)* to represent transposi-
tion operator, conjugate transposition operator, matrix inverse operator and
conjugate operator, respectively. &, ® and ® represent the Hadamard prod-
uct, Khatri-Rao product and Kronecker product, respectively. vec{e} de-
notes straightening the matrix A € CV*™ into a column vector a € CMNx1,



in which ag,—1)n4n = Ay . angle{a} stands for the phase of a; The "Vector

Cross-Product’ between a; = [ay, as, a3]" and ay = [a4, as, ag]T is defined
0 —das a9 ay
asa;®as = | as 0 —aq| |as
— Q9 aq 0 Qg

2. Signal model

Consider the same bistatic EMVS-MIMO radar system scenario to that
in Chintagunta and Palanisamy [17], which is equiped with an M-element
EMVS transmit arrays and an N-element EMVS receive arrays. Both of
them are uniform linear array (ULA). Suppose there are K far-field point-
like targets located at the same range bin. The 2D-DOD pair and 2D-DOA
pair of the kth target are (0, ¢rx) and (6, x, ¢,x), respectively, where 6, ,
0,1 are the elevation angles, ¢;, ¢, are the azimuth angles. The transmit
and the receive steering vector of the k-th target can be expressed as [17]

by r =ai; ®cp (1a)
br,k = ark ® Crk (1b>
where a; ), = [1’€j27rdtsin(9t7k)/)\’ . ’ejQW(M—l)dtsin(Gt,k)/)\]T e CMx1 gand a,, =
[1, ej27rdrsin(9nk)/)\’ . 76]‘27&'(N—1)clTsin(9,n’k)/)\]T c CNXl in which )\7 dt7 dr are the

wavelength, the spacing of adjacent transmit array, the spacing of adjacent
receive array, respectively, ¢, ;/c, ; stands for the spatial response of an EVS
associated with the transmitter/receiver. Moreever, ¢, and ¢, can be ex-
pressed in detail as

T
Cir = Ft,kht,k = | Ct1,ks Cta,ks Cts,ks Cty ks Cts ks Ctg k ) (23)
A TV 7\ TV 4
ctlek ctTka
T
Crr = Fr,khr,k’ = | Cri,ky Cro ks Cra ks Cry ks Crs,ky Crg k s (2b)
~ TV TV -
T T
CT‘I,k CTQ,]C

in which



[cos(y.1.)cos(0y 1) —sin(¢r )
sin(¢y x)cos(6; k) —cos(¢yr)
. —Sin(@t, ) 0
Fip = —sin(gbt;) —cos(¢r,k)cos(0y 1) (32)
cos(pri) —sin(¢yx)cos(Op k)
i 0 Sin( tk) ]
[cos(dyx)cos(0,.x) —sin(¢rp) |
sin(¢y. )cos (0. 1) —cos( k)
—sin(6, k)
F.,= _Sin(@’],i) —cos(¢y, k)cos( k) (3b)
cos(¢rx) —sin(¢yx)cos(Or.x)
I 0 sin(6,.x) ]
and in (7, ) e
| sin(yg k) el Mk
hth = |: COS(]’CYM) :| (4&)
B Sin(’}/n )ejm,k
b= [ (41)

where v, v-x € [0 7/2) are the polarization angles, n: ., n,, € [—7 ) are
the polarization phase difference. Besides,

lewklle = llceilly = llen &lly = llern &lly = 1 (5)
and _
Ci k Cly s%n(et’k)c-oswt’k)
Y Tenally el [ o o
t1.kll p L2,k p i cos(6: )
o o [sin(6,.)cos(¢r.x)
T T : ]
VTZH I’H @H Q’H = |sin(f,x)sin(¢d, k) (6b)
Crikllp Crokllp cos(0, )

Then the received signal in the [th snapshot can be expressed as [17]
X; =B,ABS +N;, (7)

where BT = [bT717b7',27 o 7b"‘,K] - AT © CT € (C6N><K7 Bt = [bt7labt,27 )
b, k] = A;©C,; € C*M*K are the transmit and receive array manifold, respec-
tiVGlYﬁ in which Ar = [ar,b Ar2, aar,K] € CNXKa Cr = [Cr,la Cr2,: " 7CT,K] €
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COK Ay = [ag1,a19, ,ar k] € CM*E and C; = [c1,¢10, - ,Cri] €
Co™HK; Ay = diag(s)), in which s; = [pi(1), pa(0), - -, pxc(1)] € CK*F and pi(1)
stands for the reflection coefficient of the kth target during the [th snapshot,
S € C5M*Q are the orthogonal signal emitted by the transmit arrays, and
N; € COV*Q stands for the noise matrix. The output of matched filters can
be expressed as

Y, = X,;8"[ss"] " = B,A,Bf + N, (8)

where N, = N;S”(SS")~! is the noise matrix after matched filters.

3. Signal subspace acquisition method

3.1. Definitions related to tensor

First, some definition and properties about tensor are introduced for the
following analysis, which is present in [22].
Definition 1. (Unfolding or Matrixcization)

The mode-n unfolding of an N-th order tensor X € Cl*2x>In ig de-
noted by X(,,y. The (i1,4z,--- ,in) element of X maps to the (,, j)th element
of X(,,), where

=14 in[<ik_1>< I 1)] o

k=1k# m=1,m#n

Definition 2. (Mode-n tensor-matrix product)

The mode-n product of an N-th order X € C>*2X*IN with a matrix
A € C/"*Injsdenoted by Y = X' x, A, where ) € Cl>¥f2xxIn-13JnxInp1x Iy
and Vi, iy in s dmi iy = S X i iy i ine G- Moreover, the mode-

in=1

n product satisfies the following properties

X XnAXx,B=Xx,Bx,, A, (m#n) (10)

X x,Ax,B=Xx,(BA),AcC’”™ BecC (11)

[X X1 A1 X2A2 Xoeee XNAN](n) =
An : X(n) : [An+1 ® An+2 e AN ® Al @ Anfl]T
Definition 3. (High-order SVD, HOSVD )

(12)
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The HOSVD of an N-th order tensor X € C1*/2xIn ig given by X =
G x1 Uy xo Uy x3--- xy Uy, where U,, € C»*I» represents the left singular
matric obtained by performing SVD on X, i.e, { X, = U, X, ViV | G €

ChxfxxIn js the core tensor which satisfies the all orthogonality conditions.
Meanwhile, the core tensor can be written as G = X' x; Ul x,Ullx ;. - . x y UY.

3.2. proposed signal subspace acquisition method

Generally, the signal subspace can be obtained by the following ways:
(1)Perform SVD on the data matrix or EVD on the covariance matrix of the
data matrix to get the signal subspace; (2)Adopt the propagation method
to get the signal subspace through the covariance matrix of the data matrix;
(3) Perform HOSVD on the data tensor or the covariance tensor of the data
tensor to get the signal subspace. The signal subspace mentioned above
generally refers to that spans the same space as the receive-transmit array
manifold.

When 36 NM > L, we directly perform SVD or HOSVD on the data
matrix or data tensor to save computation load [7]. Otherwise, we perform
EVD or HOSVD on the covariance matrix of the data matrix or the covari-
ance tensor of the data tensor. The process that through performing EVD
on covariance matrix, performing HOSVD on covariance tensor and PM to
get the signal subspace have been introduced in the literatures [17, 18, 19,
respectively. This paper only presents the approach that performs SVD or
HOSVD on the data matrix or the data tensor to get the signal subspace.

First, we introduce the method that directly performs SVD on the data
matrix. In order to take advantage of the high degree of freedom of the
MIMO radar, the received data matrix in each snapshot (8) is straightened
into a column vector, and then (8) can be rewritten as

Y = VQC(Y[) - [Br ®© Bt]sg + n,(l) = BrtS; + 1’12 (13)

where B,; = [B,©B;| € C3MNxK i the joint receive-transmit array manifold
and n, = vec(N;) € C*¥MNx1  Quppose the number of snapshots is L, then
the received multi-snapshot data can be written into the matrix form as

Y = [YLYQ, . 7YL] c CBGMNXL _ BrtS, + N/ (14)

where S/ = [Sllas/27' o 7S/L] < CF*E and N/ = [1’12,1’1/27' o 7n,L] € COOMNXE,
The SVD of Y can be expressed as Y = UAV, the left singular value
vectors corresponding to the firstK large singular values are selected to form
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the signal subspace (marked as Uy,). It is clear that U,y spans the same
space as the joint receive-transmit array manifold B,;.

Next, we introduce the method that directly performs HOSVD on the
received data tensor. By stacking the matrices Y;, (I = 1,2,--- L) along
the third dimension to construct a data tensor ) € CONVX6MXL which is
given by

Ya=B,AB} + N, (15)

And we have Y = D)(g)]T [7]. As introduced in [7], the signal subspace is
estimated by direct processing on the measurement tensor ) when 36 M N >
L. The HOSVD of Y can be expressed as

y:gx1 U1 X2U2 X3U3 (16)

where G € COV*X6MxL gtands for the core tensor and Uy, (i = 1,2,3) is the
left singular vector matrix of the i-mode matrix unfolding of ) as {y(z-) =
U,;%; VI3 |- Then we can define a subspace tensor U as

U = Gs x1 Uy X9 Uy (17)

where G, = Y x; UL x, ULl x3 Ul € CE*E*K represents the signal com-
ponent in G, and the column vectors in Uy, (i = 1,2) are composed of the
singular vectors in U;, (i = 1,2) corresponding to the first K large singular
values. Insert Gs into eq(17), and combine with the definition 1, we have

U=Y x; (U,UL) x5 (UyUs,) x5 UL, (18)

Then the signal subspace is given by U,y = [U)]", by utilizing eq(18)
and definition 1, we have

Ups = [(UlsUll{s) ® (UQSUIQ{sﬂ YU;S (19>

Where Y = [y(g)}T. Genearlly, the signal subspace can be estimated by
using the truncated SVD of Y, ie. Y =~ UySEysV;{S, insert it into eq(19),
we have

Ups = [(UISU?s) ® (U28U§s)} UyszysvgsUgs (20>

Due to Vg = U Z VL and Y = [Vg] ', we have Uj, = V,, and
3, = B3, To simplify analysis, we multiply eq(19) by X;'. Therefore,
eq(20) can be rewritten as

U = [(UsUyy) @ (U U3,)] Uy (21)

9



Eq(21) describes the relationship between Uy, and U,,, where Uy, is the
projection of U, on the Kronecker product of the space spanned by 1-mode
vectors UlsUi and space spanned by 2-mode vectors UQSUIQHS. Like U, Uy,
spans the same space as the joint receive-transmit array manifold B,..

4. Parameter estimation approach

4.0.1. Previous signal subspace-based algorithms

As mentioned in the introduction, the ESPRIT algorithm in [17], the
HOSVD algorithm in [18], and the PM algorithm in [19] are all selecting a
part of the signal subspace to estimate all parameters. The signal subspace
obtained by EVD in [17], HOSVD in [18], and PM in [19] are all marked as
U,. When estimating the receive parameters, the selected part of the signal
subspace can be expressed as

E, = J, U, € COVxK (22)

where Jr = [06N><6pN | _[6]\/' | OGNX(SGNM—G(p—i—l)N)] with P = O, ]_, tee ,GM —1. A
diagonal matrix ®, = diag([e/™sn0r)/A eimdrsin(@r2)/A .. pimdrsin(6r, k) /A])
related to receive elevation angle is calculated using E, by exploiting the
rotation invariance of the receive array manifold. Then the receive spatial
response vector ¢, (k = 1,2, --- | K) is recovered from E, using the estimated
diagonal matrix ®,. The receive elevation angle 0, and azimuth angle ¢,
are estimated using ‘Vector Cross-Product’ in [17, 18], receive polarization
parameters 7, and 7 are estimated via LS principle. Different from the
receive elevation angle estimation in [17, 18], 6, is calculated using the
estimated diagonal matrix ®,. When estimating the transmit parameters,
the selected part of the signal subspace can be expressed as

E, = J, U, € COMxK (23)

where J; = [Igns ® e;F], in which e, is a 6/NV x 1 vector with gth entry is one
and others are zeros, and ¢ = 1,2,--- ,6/N. Similarly, use E; to calculate the
diagonal matrix ®; = diag([e/™sin6n)/A gimdisin@2)/A . gimdisin®@ex)/A)) ro-
lated to the transmit elevation angle by exploiting the rotation invariance of
the transmit array manifold. The transmit spatial response vector c;x(k =
1,2,-+- | K) is recovered from E; using the estimated diagonal matrix ®,.
The transmit elevation angle 6, ; and azimuth angle ¢, are estimated using
‘Vector Cross-Product’ in [17, 18], transmit polarization parameters 7, and
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Nk are estimated via LS principle. 6, is also estimated using the estimated
diagonal matrix ®,., and other parameters estimation is the same as that in
(17, 18].

Different from the above three algorithms, the PM algorithm in [20] uses
the 36NM rows of signal subspace to estimate the transmit and receive eleva-
tion angle by exploiting the rotation invariance of the joint receive-transmit
array manifold, which will be introduced in the next section. But after
that, the PM algorithm in [20] also just select a part of signal subspace as
eq(22)/eq(23) to estimate the receive/transmit azimuth angle and polariza-
tion parameters by adopting the ‘Vector Cross-Product’ and LS ideas in [17].

It can be seen from the above analysis that all methods based on signal
subspace only select 6N/6M rows of 36NM rows in the signal subspace to
estimate all transmit/receive parameters, except for the PM algorithm in [20]
use the whole signal subspace to estimate the transmit and receive elevation
angle. They only selected a small part of the signal subspace and wast most
of the signal subspace. Besides, as shown in [17], the accuracy of the transmit
and receive parameter estimation is also related to the value of p and ¢, and
different values of p and q will bring different estimation results.

4.0.2. Proposed signal subspace-based approach

To make full use of the entire signal subspace, we propose an improved
approach applicable to all signal subspace-based algorithms where the all
parameters are estimated by usig the 36NM rows of the signal subspace,
instead of 6N/6M rows of the signal subspace.

No matter which method is used to obtain the signal subspace, all of them
are uniformly denoted as U, for the convenience of the following expressions.
From the analysis in [20], we know that U, spans the same space as B,..
Therefore, there excite a full-rank matrix satisfying

B,;,=U,T (24)
Define four selection matrices as

J1 =[In_1 Ov—1yx1] ® Isgpr

(25a)
Jo =[0v-1)x1 In—1] ® Isenr
J3 =Issn @ [Tnr—1 Oar—1yx1] (25b)
J4 =Issn @ [0(ar—1)x1 Tnr—1]

11



Then we can find that

J2Br,t = JlBr,tq)r (26&)
J4B7‘,t = J3Br,tq)t (26b)

where ®, and ®, have been given above. Insert (24) into (26), we have

J,U,Ir =J,0,I's, (27a)
7,0, = J,U,I'd, (27b)
Then, we calculate
v, = (J,U)11,0, =1®,r! (28a)
v, = (J,U,)13,U, =T®,1r! (28b)

Perform eigenvalue decomposition on ¥, and W, respectively. Mark their
eigenvalues as &, and &, respectively, and mark the corresponding eigenvec-
tors as I‘l and 1"2 It is easy to see that ‘IJT, <I>t, F1 and I‘g are the estimates
of ®,, ®;, T, respectively. Due to the non-uniqueness of eigenvalue decom-
position, the position of diagonal elements of &, and P, may be different,
so do <i>t and ®; are. To ensure the paired estimation of the transmit and
the receive elevation angle, we adopt the joint diagonalization of ¥, and ¥,.
A common approach is to perform EVD on one of the matrices and use its
eigenvectors matrix to diagonalize the other matrix, i.e.

U, =TT (29a)

A A —

o, =T oI (29b)
where ®, = diag(;\m, 5\7«72, . ,XT,K) and ®, = diag(jxt,l, j\t’g, _ ,Xt’K). The
transmit and receive elevation angles can be obtained via

0, = arcsin{angle(\,)A/(2d,)} (30a)

0,1, = arcsin{angle(Ax)\/(2d;)} (30b)

The elevation angle estimation process introduced above is all almost
the same as that in [20], except the joint diagonalization process. After
obtaining elevation angle estimates, we start to recover the spatial response
vectors ¢, and ¢, from the 36NM rows of the signal subspace to estimate
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other parameters, instead of from the 6N or 6M rows of the signal subspace.
This approach is entirely different from all previous methods based on signal
subspace.

The joint receive-transmit array manifold can be recovered via

B, = U,I (31)

In fact, by using the property of Kronecker-product, the joint receive-
transmit steering vector can be rewritten as

Ak = (A @ Crp) @ (Arr ® Crp)
= [(aﬁk & Iﬁ) Cr,k] X [(at,k & 16) Ct,k] (32)
=[(a,r ® Is) @ (ar; @ Ig)] (Crp ® Cr)

Let ¢t = ¢, ® ¢y denotes the joint receive-transmit spatial response
vector of the kth target. Since the elevation angle estimation (éryk, étk) and
the joint receive-transmit array manifold estimation use the same matrix T,
thus the elevation angle estimation of the kth target and the joint receive-
transmit array vector Brt(:7 k) are paired, in which ]A3Tt(:, k) is the kth column
of matrix B,,. By utilizing (32), ¢,+x can be estimated by last-squares (LS)
principle via

min |[[(&, ® Is) ® (4 @ Ig)] Crere — Bre(s, k) ) (33)
Crt,k
where a,;, = [1, j\r,k, . ,ngl]T and a;;, = [1, 5\t7k,--- ,X%C_l]T. The LS

solution for ¢, is
Eron = ([(Arr @ I6) @ (ar ® 1)) Bra(:, k) (34)

Combine ¢, = €1 @ Ci, SO €y can be rewritten as € = Crp @
¢, in which ¢, € C™! and ¢, € C%! are the estimates of ¢, and
C:x, respectively. Let c%k and c;vk be the rough estimates of ¢, and ¢y,
respectively, and they can be calculated via

1 6

Tkj, _EZ k(6] —5:64,1)(j=1,2,---,6)

6

E Crk_ctkcrk

=1
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Ctk:.]a Zcrtk Z_]- +]71)(j ]-72a 76)
(35b)
1 A A s A
6 Z Crr(f, ey = Cikct,k
i=1

where ¢; ), = %Z?:l ¢ik(J,1) and ¢, = éZ?:l Crx(7,1). It should be em-
phasized that é;k is the product of the vector ¢, and the complex number
Ci gy and é;k is the product of the vector ¢;; and the complex number ¢; ;.
After obtaining the estimated ¢, and ¢, the azimuth angle and the polar-
iztion parameters can be estimated through "Vector Cross-Product’ method
in [17). Let ¢, , € C**! and ¢,,, € C**! be the first and last three elements
of é;}k, respectively. And let é;hk e C**! and é;%k € C**! be the first and

last three elements of é;k, respectively. Utilize (6), we can estimate v, ; and
Vi via

N A;l, éif;k . éf,kén,k éf*kéjfgk
Vr,k s A
&lle Tl Hctkcn,kH illp
R - sin(f),. )cos(qﬁ ) (362)
Cm,k Crg,k
o O o~ |aine)
TLREIE T2,RIE COS(Q,«yk)
A~ é;h é;;, Ai kétl k f‘*ké;fkg,k
Vik =
el el Tesenall, © Teenl,
P or 51n(9t7k)cos(q§t7k) (36b)
k & . A . 5
:“é 2 “ ® Hétz H = Sln(et,k)sgn(gbt,k)
fkllp f2kllF cos(6; 1)

where ¢,, , and ¢,, ;, are the first and last three elements of ¢, ;, respectively.
Ct, 1 and €, i, are the first and last three elements of ¢, respectively. As we
can see from Eq.(36), ¢, in é;k and ¢} in é;k can be eliminated by ‘Vector
Cross-Product’. The following receive/transmit azimuth angle estimation
will not be affected by ¢7,/¢; ;.

Then, ¢, and ¢, can be estimated by

R vV, 1. (2
¢ = arctan (YTk( )
v

) (37a)
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. Vi r(2)
= t : 37b
b= mton (345 )
Once ( ks qbr k) and (Gt s ¢t ) are obtained, we can construct the transmit

and receive spatial angular matrices Frk and Ft & according to (3), respec-
tively. Then, h, ; and h;j; can be estimated via

X s |sin (Fpp) €k
h =F ¢ =¢ N 38a
rkork T Ytk |: coS (f}/r,k) ( )

" ATt oA s Sin (’:)/t7k) ejﬁt’k
hij = F €y = G [ cos (1.1) (38b)

Finally, (Vk, 7rx) and (yex, nex) can be estimated via

> (39a)
.
%k = arctan (

) (39b)
) angle b,
Ntk = al =
\ ht,k ( 1)

From Eq.(39), we can know that when calculating 4, and 7)., ¢, in

(

Al = arctan (

\

lﬁnk can be eliminated by division, and the ¢;; in l:lt,k also can be eliminated
by division when calculating 4,5 and 7, ;. The receive elevation angle es-
timate étﬁk(k; =1,2,---,K) and the transmit elevation angle estimate ét,k
are automatically paired by using joint diagonalization. Other receive and
transmit parameters correspond one-to-one with the receive and transmit
elevation angles, so the above algorithm can ensure automatic matching of
all parameters. Although the azimuth angle and the polarization parameters
are estimated by the ‘Vector Cross-Product’ and LS ideas like that in [17],
respectively, we proved that the transmit/receive parameters does not affect
the receive/transmit parameters estimation in the proposed approach, which
is also not reflected in previous subspace-based algorithms.
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5. Performance Analysis

5.1. Identifiability

When the proposed parameter estimation approach is applied to the
signal subspace obtained by the two propsoed methods (marked the two
algofithm as ImESPRIT-D algorithm and ImHOSVD-D algorithm, where
the signal subsapce is obtained by performing SVD/HOSVD on data ma-
trix/tensor), the elevation angles 6, ; and 6, are estimated by exploiting the
invariant property of the virtual array manifold, and other receive/transmit
parameters have a one-to-one correspondence with 6, 5 /6;x. Thus, the max-
imum number of identifiable targets is limited by the rank of ¥, and W,.
When the signal subspace is obtained by directly performing SVD on the ma-
trix Y , the maximum rank of ¥, and ¥, are 36 M (N — 1) and 36 N (M — 1),
respectively. Therefore, the maximum number of identifiable targets of the
ESPRIT-data algorithm (marked as K,) is

K, = min{36M (N —1),36N(M — 1)} (40)

When the signal subspace is obtained by performing high-order SVD on
the tensor Y, the ranks of ¥, and W, are restricted by the ranks of U;, and
Uss, which is max{6M,6N}. Therefore, the maximum number of identifiable
targets of the HOSVD-data algorithm (marked as Kj) is

Kj, = max{6M,6N} (41)

The identifiability of the ESPRIT alforithm in [17], the HOSVD algorithm
in [18], and the PARAFAC algorithm in [21] are are min{6(AM —1),6(N —1)}.
The identifiability of the PM algorithm in [20] is min{36M (N —1), 36N (M —
1)}. Therefore, we can conclude that the identifiability of the proposed
ESPRIT-data algorithm is the same as that of the PM algorithm, and both
have better identifiability than other algorithms. Besides, the proposed
HOSVD-data also has better identifiability than the ESPRIT, the HOSVD
and the PARAFAC algorithms.

5.2. Computational Complezity

In the algorithm introduced in this article, the computation load is mainly
concentrated in three processes, one is the signal subspace acquisition pro-
cess, the second is the elevation angle estimation process, and the third is
the spatial response vector recovery process. In the proposed signal subspace
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Table 1: Computational complexity

Algorithm Complexity
2
ImESPRIT-D ?rg(():fé\)% /ﬁ([g’_ + 2K°(2NM — M — N)
2
2 2 —
PARAFAC in [21] i%ﬁ(% N+ L)+ 2K2(N + M - 2)

PM in [20] 362N2M?L +T2K*(3NM — N — M) + O{K?}
ESPRIT in [17] O{36°N3M?} + 36°N?M*K*
HOSVD in [18] O{4 x 36°N3M3} + 36N> M?K?

acquisition process, according to [7], the complexity of performing SVD on
matrix Y is O(36 NM LK), the complexity of performing HOSVD on tensor
YVis O3 x 36 NMLK). In the proposed parameter estimation process, the
main complexity of elevation angle estimation process is 2 x 36(N —1)M K2 +
2K3+2x36(M—1)NK?2 The main complexity of joint receive-transmit spa-
tial response vector recovery process is K[(36)*NM + (36)2NM]. Let n, be
the number of iterations of the PARAFAC algorithm in [21]. Table 1 list the
main computational loads of the proposed ImnESPRIT-D algorithm, the pro-
posed InHOSVD-D algorithm, the PM in [20], the HOSVD algorithm in [18],
and the ESPRIT algorithm in [17], the PARAFAC algorithm in [21]. It can
be roughly judged from the table 1 that the computational complexity of di-
rectly performing SVD/HOSVD on the data matrix/tensor is lower than that
of performing EVD/HOSVD on the covariance matrix/tensor. Therefore, the
computational complexity of the proposed ImESPRIT-D and ImHOSVD-D
is lower than that of ESPRIT and HOSVD, respectively.

5.3. Cramer-Rao bound (CRB)

Let © = [0p1, -+ ,0,1,0:1, - ,mix] € C3¥ 1 be the parameters needed
to be estimated. According to [21], the CRB on © is given by

2
CRB = ;’—L {Re [(BY AITg, B.a) @ (RS @ 15)]} (42)

Where Hért = Issn—Brt(BEB,;) !B in which B,; is the joint receive-

rty

transmit array manifold; Ry = S's'™™ /L, in which L is the number of pulses;
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90,10 00,k 9010 Onue
derivation process of CRB can be referred to [21].

o2 is the noise power; Byia = [aB” oo OBrt OBy .. OBy | The detailed

6. Simulation

In this section, 200 Monte Carlo trials are taken to evaluate the perfor-
mance of the proposed algorithm. The PM algorithm in [20], the ESPRIT
algorithm in [17], the HOSVD algorithm in [18], the PARAFAC algorithm
in [21] and the CRB are introduced as comparisons. Except for special in-
struction, the bistatic EMVS-MIMO radar is equipped with M = 6 transmit
antennas and N = 8 receive antennas. Both the transmit and receive arrays
are ULAs arranged in half-wavelength. The transmit baseband code matrix
is S = (1 +7)/v2Hgy, where Hgy, is composed of the first 6M rows of the
@ x () Hadamard matrix. Here, () is set to 512. Suppose there are three
uncorrelated far-field point-like targets. The angle information of these tar-
gets are 8; = (40°,20°,30°), ¢, = (15°,25°,35°), v, = (10°,22°,35°), ;, =
(36°,48°,56°), 6, = (24°,38°,16°), ¢, = (21°,32°,55°), ~, = (42°,33°,60°),
n, = (17°,27°,39°). The reflection coefficient of targets obey Gaussian distri-
bution. The additive noise is assumed to be a spatial white complex Gaussian
noise. The performance of the algorithm is evaluated by Root Mean Square
Errors (RMSE), which is defined as

c

1 & 1 . 2
RMSE = 23~ |57 2 (G — ) (432)

=1 me=1

where K is the number of targets, M, is the number of Monte Carlo trials,
Ckm. 1s the estimate of (;, in the m.th Monte Carlo trial. Asin [2], to simplify
the RMSE results, we only display the average RMSE of the direction angle
estimation (marked as RMSE performance of DAE), namely 2D-DOA and
2D-DOD, and the average RMSE of the polarization parameters estimation
(marked as RMSE performance of PAE), namely 2D-TPA and 2D-RPA. A
PC (with Interl(R) i7-10750H CPU, 64G RAM ) and MATLAB R2020a are
used to run the simulation.

First, the proposed parameter estimation approach was applied to the
signal subspaces obtained by the PM in [20], EVD in [17], and HOSVD in
[18] to prove that the proposed parameter estimation approach can improve
parameter estimation accuracy compared with the original parameter estima-
tion approach. Fig.1 (a) and (b) depict the RMSE performance of different
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Figure 1: RMSE performance comparison. (a) RMSE performance of DAE. (b) RMSE
performance of PAE.

algorithms to estimate the direction angle and polarization parameters, re-
spectively. As shown in Fig.1, whether it is the direction angle estimation
or the polarization parameters estimation, the RMSE performance of the
proposed approach is better than that of the corresponding traditional pa-
rameter estimation approach. This improvement may can from the truth
that the proposed approach uses the 36 N M rows instead of 6N /6M rows of
the signal subspace to estimate all parameters.

In the following simulations, the average running time (ART) is used
to compare the computational complexity of each algorithm. The proposed
ImESPRIT-D algorithm, the proposed InHOSVD-D algorithm, the PM al-
gorithm in [20], the ESPRIT algorithm in [17], the HOSVD algorithm in
[18], and the PARAFAC algorithm in [21] are tested from three aspects:
the RMSE performance, the average running time (ART), the probability
of successfully detecting the target (PSD), thus to show that the proposed
ImESPRIT-D and the InHOSVD-D algorithms have a slight computational
complexity and a better parameter estimation performance. Suppose that
target can be successfully detected as long as the absolute error of the esti-
mated angle is under p,.

Fig.2 depicts the performance of different algorithms versus SNR, where
L = 100 and p. = 1°. Fig.2 (a)-(b) show that the RMSE performance
of different algorithms gradually improves as the SNR increases. The pro-
posed ImHOSVD-D algorithm has the best RMSE performance over other
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Figure 2: Performance versus SNR. (a) RMSE performance of DAE versus SNR. (b)
RMSE performance of PAE versus SNR. (d) PSD versus SNR. (d) ART versus SNR.

algorithms, and the proposed ImESPRIT-D algorithm has a better RMSE
performance than the PM and ESPRIT algorithms. The reason has been
explained in the first simulation. The proposed ImnHOSVD-D algorithm has
the best PSD performance, and the ImnESPRIT-D algorithm has a better
PSD performance than the PM, the ESPRIT algorithms, as shown in Fig.2
(c). From Fig.2 (d), we know that the ART of the proposed ImESPRIT-D
algorithm is much shorter than that of the ESPRIT algorithm, and the ART
of the proposed ImnHOSVD-D algorithm is also much shorter than that of
the HOSVD algorithms, even shorter than that of the ESPRIT algorithm.
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Figure 3: Performance versus L. (a) RMSE performance of DAE versus L. (b) RMSE
performance of PAE versus L. (d) PSD versus L. (d) ART versus L.

It can be concluded from Fig.2 that the computational complexity of per-
forming SVD/HOSVD on the data matrix/tensor is much lower than that
of performing EVD/HOSVD on the covariance matrix/tensor, which is con-
sistent with the theoretical analysis result of computational complexity. So
that when the proposed parameter estimation approach is applied to the two
signal subspaces obtained by the proposed methods, the new algorithms can
save computation load and provide a better estimation performance at the
same time.

Fig.3 depicts the performance of different algorithms versus L, where
SNR= 10dB and p. = 0.15°. The same conclusion as the second test can
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be drawn from Fig.3(a)-(c) that the proposed InHOSVD-D algorithm has
the best RMSE and PSD performance and the proposed ImESPRIT-D algo-
rithm has a better RMSE performance than the PM and ESPRIT algorithms.
The ART of the HOSVD and ESPRIT algorithms is basically unchanged, as
shown in Fig.3(d). Because the most time-consuming process of these two
algorithms is EVD and high-order SVD, increasing L will not increase the
order of the covariance matrix, so their ART does not change much with the
increase in L. Besides, the proposed InHOSVD-D algorithm is more econom-
ical than the HOSVD algorithm, and the proposed InESPRIT-D algorithm
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is also more economical than the ESPRIT algorithm.

Fig.4 depicts the performance of different algorithms versus N, where
SNR= 10dB, L = 100, and p. = 0.15°. The RMSE performance of different
algorithms improves less as N increases, as shown in Fig.1(a)-(b). The ART
of different algorithms gradually increases as the increase of N. Similarly,
the proposed ImHOSVD-D algorithm has the best RMSE and PSD perfor-
mance and is more economical than the HOSVD; the proposed ImESPRIT-D
algorithm is more economical and has a better RMSE performance than the

ESPRIT and PM algorithms.
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Fig.5 displays the performance of different algorithms versus K, where
SNR= 10dB, L = 100, and p. = 0.15°. The targets are selected from the
front K targets from the following targets: 6, = (10°,15°,25° 30°, 35°, 50°,
58°,67°), ¢, = (30°,56°,15°,36°, 65°,22°,40°,48°), v, = (14°,30°, 54°,62°, 38°
,46°,22° 70°), n, = (18°,64°,34°,56°,48°,72°,30°,40°), 0, = (12°,52°,27°,
37°,20°,40°,46°, 40°) ¢, = (62°,13°,54°,28°,38°,34°,46°,21°), v, = (35°, 15°
,25°,65°,45°, 55° , 5°,75%), n,. = (81°,31°,51°,61°,45°,55° 5°, 75°). Asshown
in Fig.5 (d), the ART of different algorithms hardly increases with the in-
crease in K. Similar to the previous result, the proposed InHOSVD-D al-
gorithm has the best RMSE and PSD performance and a shorter ART than
that of the HOSVD algorithm; the proposed ImESPRIT-D algorithm has a
better RMSE performance and a shorter ART than that of the PM and ES-
PRIT algorithms. Besides, the proposed InESPRIT-D algorithm also has a
better PSD performance than the PM and ESPRIT algorithms when K < 6.

7. Conclusion

In this paper, two economical methods to obtain signal subspace and a
more accurate approach for parameter estimation based on signal subspace
are introduced for joint 2D-DOD, 2D-DOA, and polarization parameters esti-
mation without pairing. When the improved parameter estimation approach
is applied to the signal subspace obtained by performing EVD/HOSVD on
the covariance matrix/ tensor or the PM algorithm, the estimation perfor-
mance can be improved compared with the existing estimation methods.
When the parameter estimation approach is applied to the signal subspace
obtained by the proposed two methods, the new algorithms can get more
accurate estimation results and save computational load.

8. Declarations

Ethical Approval: It is not applicable for both human and animal studies.

Competing interests: No competing interests.

Authors contributions: Fengtao Xue proposed the method, did the sim-
ulation, and wrote the paper. Yunxiu Yang, Maoyuan Feng, and Qin Shu
check the paper.

Funding: No funding.

Availability of data and materials: the authors have the corresponding
simulation data.

24



References

1]

[10]

[11]

E. Fishler, A. Haimovich, R. Blum, D. Chizhik, L. Cimini, R. Valenzuela,
Mimo radar: an idea whose time has come, in: Proceedings of the 2004
IEEE Radar Conference (IEEE Cat. No.04CH37509), 2004, pp. 71-78.

J. Li, P. Stoica, Mimo radar with colocated antennas, IEEE Signal Pro-
cessing Magazine 24 (5) (2007) 106-114.

A. M. Haimovich, R. S. Blum, L. J. Cimini, Mimo radar with widely
separated antennas, IEEE Signal Processing Magazine 25 (1) (2007)
116-129.

R. Xie, Z. Liu, Z. J. Zhang, Doa estimation for monostatic mimo radar
using polynomial rooting, Signal Processing 90 (12) (2010) 3284-3288.

W. Wang, X. Wang, H. Song, Y. Ma, Conjugate esprit for doa estimation
in monostatic mimo radar, Signal Processing 93 (7) (2013) 2070-2075.

M. L. Bencheikh, Y. Wang, H. He, Polynomial root finding technique
for joint doa dod estimation in bistatic mimo radar, Signal Processing

90 (9) (2010) 2723-2730.

Y. Cheng, R. Yu, H. Gu, W. Su, Multi-svd based subspace estimation
to improve angle estimation accuracy in bistatic mimo radar, Signal

Processing 93 (7) (2013) 2003-2009.

Zhao, Yongbo, Li, Hui, Cheng, Zengfei, Xu, Baoqing, A novel unitary
parafac method for dod and doa estimation in bistatic mimo radar,
Signal Processing: The Official Publication of the European Association
for Signal Processing (EURASIP) (2017).

C. Chen, X. Zhang, A low-complexity joint 2d-dod and 2d-doa esti-
mation algorithm for mimo radar with arbitrary arrays, International

Journal of Electronics 100 (10-12) (2013) 1455-1469.
J. Li, X. Zhang, Closed-form blind 2d-dod and 2d-doa estimation for

mimo radar with arbitrary arrays, Wireless Personal Communications

69 (1) (2013) 175-186.

T. Xia, Joint diagonalization based 2d-dod and 2d-doa estimation for
bistatic mimo radar, Signal Processing 116 (2015) (2015) 7-12.

25



[12]

[13]

[14]

[15]

[16]

[17]

K. T. Wong, M. D. Zoltowski, Uni-vector-sensor esprit for multisource
azimuth, elevation, and polarization estimation, Antennas & Propaga-
tion IEEE Transactions on 45 (10) (1997) 1467-1474.

K. T. Wong, X. Yuan, ”vector cross-product direction-finding” with an
electromagnetic vector-sensor of six orthogonally oriented but spatially
noncollocating dipoles/loops, IEEE Transactions on Signal Processing
59 (1) (2010) 160-171.

X. Yuan, Estimating the doa and the polarization of a polynomial-phase
signal using a single polarized vector-sensor, IEEE Transactions on Sig-
nal Processing 60 (3) (2012) 1270-1282.

C. Gu, J. He, H. Li, X. Zhu, Target localization using mimo electromag-
netic vector array systems, Signal Processing 93 (7) (2013) 2103-2107.

Yuan, X., Coherent sources direction finding and polarization estimation
with various compositions of spatially spread polarized antenna arrays,
Signal Processing Amsterdam (2014).

Chintagunta, Srinivasarao, Ponnusamy, Palanisamy, 2d-dod and 2d-doa
estimation using the electromagnetic vector sensors, Signal Processing
the Official Publication of the European Association for Signal Process-
ing (2018).

C. Mao, J. Shi, F. Wen, Target localization in bistatic emvs-mimo radar
using tensor subspace method, IEEE Access 7 (2019) 163119-163127.

T. Liu, F. Wen, J. Shi, Z. Gong, H. Xu, A computationally economic
location algorithm for bistatic evms-mimo radar, IEEE Access 7 (2019)
120533-120540.

F. Wen, J. Shi, Fast direction finding for bistatic emvs-mimo radar with-
out pairing, Signal Processing 173 (2020) 107512.

F. Wen, J. Shi, Z. Zhang, Joint 2d-dod, 2d-doa and polarization an-
gles estimation for bistatic emvs-mimo radar via parafac analysis, IEEE
Transactions on Vehicular Technology PP (99) (2019) 1-1.

T. G. Kolda, B. W. Bader, Tensor decompositions and applications,
Siam Review 51 (3) (2009) 455-500.

26



