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Abstract

This paper studies the near-field (NF) parameter estimation problem for a
multiple-input multiple-output (MIMO) array system, which employs mul-
tiple pairs of orthogonal velocity sensors at both the transmitter and the
receiver. A trilinear decomposition method is proposed to estimate the four-
dimensional (4-D) parameters, including the direction of departure (DOD),
the range from transmitter to target (RF'TT), the direction of arrival (DOA),
and the range from target to receiver (RFTR). Firstly, the output of the
matched filter at the receiver is formulated in a third-order parallel factor
(PARAFAC) model; secondly, the initial coarse estimates of DOD, RFT-
T, DOA and RFTR embedded in the velocity vector sensors are obtained

through trilinear decomposition, and then more accurate estimates of DOD,
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RFTT, DOA and RFTR are achieved from the steering vector. The pro-
posed method is search-free and has a close form, with automatically paired

results. Its performance is demonstrated via numerical examples.

Keywords: MIMO, velocity vector sensor, near-field, parallel factor.

1. Introduction

In the past few decades, many efforts have been devoted to acoustic vec-
tor sensor signal processing, which now has been widely used in underwater
communication, surveillance and other similar fields [1, 2]. Either a com-
plete (four-component) acoustic vector sensor including three orthogonal
velocity sensors plus an isotropic pressure sensor, or an incomplete (two-,
three-component) one can be employed for localization and tracking [3-5].
A representative localization method using a complete acoustic vector sensor
array is proposed in [6], along with the Cramer-Rao bound (CRB) derived as
a benchmark. For an incomplete one, a successive multiple signal classifica-
tion (MUSIC) method for a multi-input multi-output (MIMO) array system
with multiple pairs of velocity receive sensors is proposed in [7], which uses
the direction of arrival (DOA) information embedded in the velocity sensors
to perform two consecutive one-dimensional (1-D) MUSIC searches for direc-
tion of departure (DOD) and DOA in turn. Further, with the same MIMO
system, an improved dimensionality-reduction MUSIC algorithm is proposed
to estimate the DOD and DOA [8] , which only requires a local 1-D search
to obtain the DOA estimate, and then the least squares principle is adopted
to obtain the DOD estimates. In order to avoid spectral peak search, an ex-

tended unitary root MUSIC algorithm is proposed in [9] for a sparse nested



MIMO radar system with velocity receiver sensors, which can obtain a larger
aperture and achieve better DOA estimation performance. However, none
of the above three methods considers velocity diversity in the transmitter,
which underutilizes the wealth of information on MIMO arrays and veloci-
ty arrays, and more importantly they cannot be applied to near-field (NF)
source localization directly.

Several NF source localization methods [10-12] have been presented based
on one acoustic vector sensor with a satisfactory performance achieved; how-
ever, they are only focused on the receiver side. In this paper, a four-
dimensional (4-D) parameter estimation method for a bistatic MIMO sys-
tem is proposed, where both the transmitter and the receiver are equipped
with velocity vector sensor arrays. Trilinear decomposition is performed to
obtain the initial coarse estimates of DOD, DOA, the range from transmitter
to target (RFTT) and the range from target to receiver (RFTR), based on
which, more accurate estimates of DOD, DOA, RFTT and RFTR are then
derived with the steering vector. The proposed method avoids spectral peak
search, and the associated 4-D parameters can be automatically paired. Note
that an ideal model is adopted in this work and more practical factors need
to be considered in the future. For example, the amplitude of the received
signal may vary from sensor to sensor and be inversely proportional to the
source-sensor distance, as pointed out in [13, 14]; the acoustic propagation
environment may include the effects of turbulence, medium convection, tem-
perature gradient, and pressure gradient, etc. Further work is needed for
more practical models.

Notations: (-)7%, (-)T, (-)" and (-)¥ represent inverse, transpose, pseudo-



inverse, and conjugate transpose, respectively; I, stands for the p x p identity
matrix; ®, © and @ are the Kronecker product, Khatri-Rao product and
Hadamard product, respectively; 1, represents an all-one px 1 column vector;
||| is the Frobenius norm; Re{-} denotes taking real part operation; /

indicates the phase information; |-| represents the absolute value.

2. Signal Model

—Lt

mit . n,r
Transmit array Receive array

Figure 1: Geometry of the considered MIMO velocity vector sensor arrays.

Consider a bistatic MIMO system equipped with a nonuniform linear
array (NULA) of 2M 41 and 2N +1 vector sensors at the transmitter and the
receiver, respectively, as shown in Fig. 1. Take the center of the transmitting
and receiving arrays as the reference point, respectively. Each array element
consists of a pair of velocity sensors, which are aligned with the y-axis and
the z -axis, respectively. Let d,,; and d,, , represent the range between the m-

th transmit sensor and the reference transmit sensor, the range between the



n-th receiver sensor and the reference receive sensor. Assume that there are
K NF targets located on the yoz plane, parametrized by the DOD, DOA,
RFTT and RFTR and denoted as 0., 0,x, 74 and r,.g, respectively, with
k=1,---, K. The unit velocity vectors at the mth transmit and nth receive

sensors towards the kth NF target are respectively given by [6]

: T
Cntk = [SIN Opy, 1, COS Orpy 1] (1)
= [sind O] (2)
Cnrk = |SMUp pk, COSUp rk
where 6 " = COS_l 7'k COS O and 0 & :COS_l 7'k COS 0.1
m, \/rfk—i-dﬁm—%tkdm,t sin Oy n,r \/rfk+d%’r+2rmdn7r sin 6,5

with 0 i = O, 0o ok = Opge, m = —M,--- ,0,--- ,Mandn=—-N,---,0,--- | N.

Then, the output data of the receive velocity vector sensors at time t,

after matched filtering, can be expressed as
y(t) = (At © A, )s(t) +n(t) (3)

where s(t) denotes the reflected coefficient vector and n(t) is the complex
additive white Gaussian noise with zero mean and a variance of o2. A, =
[ (i1, me1), - A (G, e )] and Ay = [0 (01, 701), -+, @ric (i, 7y )] are
the steering vectors of the transmitting array and the receiving array, respec-

tively, with each column denoted as
T T T
s (O, Ter) = [b—M,tka by, by tk]T (4)

aTk(eT/m TTk) = [bTN,rlw T 7b(7;,1‘k7 T Jb%,,rk]T (5>

where by, 11 = Cpe’™ % and by, = ¢, e’ with the phase factor

21
Ttk = 7 (Tm,tk - Ttk)

2 .
= ( r2 + dfn’t — 2743y ¢ SIN Oy, — rtk>

5
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2
Tnrk = (Tn,rk’ - ’rrk:)

A
2
= TW ( r2 + d2 . — 21 pdy e sin O, — rrk>

(7)

By collecting L snapshots, the observation of the receive array can be

expressed as

- - A.D(A,)
Y,
ADy(A,)
Y, _ T
Y = . = : S + N,
: (8)
Ya0on+1)
- - i AtD2(2N+1)(A7~) |
= (A ©® A,,)ST + N,

where D;(+) represents the diagonal matrix formed by taking the ith row of
a matrix, S = [s(1),s(2),---,s(L)] is the reflected coefficient matrix of size
K x L, N, = [n(1),n(2),--- ,n(L)] is the signal noise of L snapshots, and
Y, = AD;(A,)S" + Ny, i = 1,2,--- ,2(2N + 1), with N,; being the ith
slice of noise.

Additionally, Y; can also be expressed in the following trilinear model

K

Yipj = E ik rkSjk T Nip 9)
k=1

where a; 4, and a,,; are the (i, k) and (p, k) elements of A; and A, respec-
tively, s; is the (j,k) element of S, and n;,; is the (p,7) element of IN,;.
According to the structural feature of the PARAFAC model, (8) can also be

represented in two other slice forms
X = (A, ©S)AT +N, (10)

Z =(SOA)AT +N.. (11)



3. Proposed Method

3.1. Trilinear Decomposition

According to (8), the least squares (LS) fit can be denoted as

min || 'Y — (A; © A)ST||p. (12)

AtyATz

Then, the LS update of S is given by
ST = (AT o AD)'y (13)

where At and AT are the corresponding estimates of A; and A, obtained
from the previous iteration.

Similarly, the LS fitting of (10) can be expressed as

. . T
Amin || X — (A, ©S)A; P (14)

Then, the LS solution for A, is updated as

AT = (A, 089)X (15)

where A, and S are the estimates of A, and S obtained from the previous
iteration.

From (11), the LS fitting can be obtained as
- _ T
Aming | Z—-(S®A)A|F. (16)
Then, the LS solution for A, is updated as
AT =(SoA)Z (17)

where S and At are the estimates of A, and S obtained from the previous

1teration.



According to (13), (15) and (17), S, A, and A, are updated sequentially,
and the process is repeated until the predefined convergence criterion is sat-
isfied, and then estimates of the matrices S, A; and A, can be obtained. The
uniqueness of trilinear decomposition is supported by the following theorem
[15].

Theorem [15]: Consider a trilinear model Y; = A;D;(A,)S”,i=1,2,---,
2(2N + 1), where A; € C?CMFUXK A e C2ENFUXE 3nd § € CF*K . Pro-
vided that the ranks of the three matrices are Ka,, Ka, and Kg, respectively,

which meet the following requirement
Ka, + Ka, + Ks 2 2K + 2, (18)

A;, A, and S are unique for column transformation and scaling transforma-

tion.

3.2. Coarse Parameter Estimation

After normalizing At, and according to definitions of A; and ay, the
estimate of b,, 4 can be denoted as Bmik = At(2m+2M—|—1 2mA42M+2, k),
m=—-M,---,0,--- M, k=1,--- K. Then, 0,,,; can be estimated via

0, = tan ! M , (19)
7 b (2)

Consequently, a coarse estimate of 6y is given by Ag,ga = éo,tk-
Thereafter, with the estimated émtk and the geometric relationship in

conjunction with Fig. 1, the coarse estimate of 7y is given by

i dm ¢ COS émtk + % dm ¢ cOs émﬂk

s (pcoa __p (D __pcoa
ccon | m=_M sm(@tk Om, tk) o Sin(Op,, ¢k 050 ) (2())
tk oM



Similar to (19), 6, can be estimated via

0, x = tan ! M , (21)
7 bn,rk(2)

and thus, the coarse estimate of 6, is given by 91?2“ = 00,rk7 and the coarse

estimate of r,; is

i dn, r COS én,r‘k + iv: dn - COS én,rk
Sin(écoafén 'rk) Sin(én rkiécoa)
~coa n=—N Tk ’ n=1 ' Tk
Trg = (22>
2N

3.8. Fine Parameter Estimation

Different from (19)-(22) for calculating the estimates of DOD, DOA,
RFTT and RFTR embedded in the velocity vector sensors, the 4-D pa-
rameters can be obtained from the spatial phase factor g, s 2 etk and
Qn.rk 2 el™rk respectively. Therefore, we first calculate the estimates of gy, 4
and ¢, .« as follows
1,m=20
—?OT’““ﬁm’tk m#0

T bl
¢ 1Po stk

qu,tk = (23)
1,n= 0
&g Pk n#0

Cn,rkbo rk

Qn,rk = (24)

where €, 4 and €, are the estimates of (1) and (2) obtained by exploiting
the results of (19) and (21), respectively.

Obviously, if the inter-element spacing is less than one-quarter wave-
length, the spatial phases of ¢y, and ¢, ., are unambiguous. However, when
the inter-element spacing is more than one-quarter wavelength, the spatial
phase obtained directly from g, + and ¢, ., will be ambiguous. In this case,

we first need to obtain the unambiguous spatial phase.

9



3 3 3 3 coa coa coa coa 3
According to earlier discussion, 057, ri¢, 052 and rS3* are unambiguous
since they are estimated for the velocity vectors. With the coarse estimates of
coa

the 4-D parameters, the coarse but unambiguous spatial phase factors 7774,

and 7% can be constructed via

2

Pt = 0 (P — 75p) (25)
2

Fo = S (P — ). (26)

Using 7°°%, and 799 as references, the unambiguous estimates for 7,, 1

and 7, ,; can be obtained via

~fin . coa ~

Ttk = QTgmin |Tm7tk — Lmtk — 27rmt‘ (27)
mg

,\fzn, _ . coa A

Took = Qrgmin ‘ank — Lnrk — 27mr‘ ) (28)
Ny

Then, by rearranging (6) and (7), two overdetermined linear equations

can be formed as follows

_ _ - 5 -
#fin #Jin
2 ( J}i’“) 2d 1, (donre)” = ( 2;;;k)
] 2
7’\_77/” 2 7,;71n
? ( Z;f;) 2d-1¢ Ttk (d-14)” — (27:/’?)
’Ffm . = me 9 (29>
’ <271T; i) 2 "ok S10 Oy (drs)* = (2;7;)
——
: : Ltk :
i, s
! 2wy ) 2 ] (dare)* = (21;%)
o T‘t,k

10



—2d; Tk SIN 0,1 (dlm)Q _

Fr,k

2 7A-fi{,lrk 2 d d 2 7A{ililrk ?
27/ a1 Trk ( 1) — 27 /X
™ - ( . (30)

By exploiting the LS method, I';; and I', ;, can be solved as

I = (HH,) HIT,, (31)
.= (H'H,,) HT,, (32)
Therefore, the fine estimates of 4-D parameters can be calculated as

i =Toi(1)

0l = sin™ (Dop(2)/Pra(1))

= Tor(1)

flin — sin~! (fr,k(z)/ﬂ,k(n) '

4. Algorithm Analysis

4.1. Algorithm Summary

The main steps of the proposed algorithm are summarized in Tab. 1.

11



Table 1: Steps of the Proposed Algorithm.

Step  Operation

Step 1 According to Egs. (13), (15) and (17), the estimates of A;, A, and

S are updated iteratively until converge, and finally the estimates of A,

and AT are obtained.

Step 2 Obtain ém,tk and én,rk via Eq. (19) and Eq. (21), respectively, and
further obtain 050, < r<oa and reon

Step 3 Compute ¢, 4 and ¢, via Eq. (23) and Eq. (24).

Step 4 Construct 7,7 and 7,53 according to Eq. (25) and Eq. (26), and then
S and 71

obtain 7,

Step 5 Employ the LS method to solve Eq. (29) and Eq. (30), and finally get

nfin  pfin fin fin
0., 0, ry and ..

12



4.2. Deterministic CRB

To derive the deterministic Cramr-Rao Bound (CRB) for the estimates
of DOD, RFTT, DOA and RFTR, first, define a real-valued vector of un-

known parameters as @ = [0, 07 vl rT|T with 0, = [0;1, 0, - ,0ik]7, 0, =
T T T
[67"17 97‘27 T JGTK] , Ty = [Tth Tto, - 7,rtK] ) and r, = [T'I’l) Ty, 7TTK] .

Then, the (p,q)th entry of the 4K x 4K CRB matrix for the parameters
in © is given by [16-18]

_ 2L OA" | OA
[CRB™(©®)],, = —Re{ag Pja@ RS} (35)
q

where A = A; © A,, Py = Ligarsnevs+) — A(ATA)TAY Ry = 1878,
Define

A= [A9t7 A9r7 ATt’ ATr] (36)
. _ oA . oA _ |oa . oA _ oA .. oA
with AGt - |:39t17 ) 39tK]7 AOT - |:39T17 ) ang:|7 AT’t - |:87’t1’ ) BT’tK:|’
A, = |24 ... A1 and after some simplification, the closed-form ex-
r Ore1 Y Orrk |0 )

pression for the CRB is given by

2

CRB(O) = ;’—2{3@ [(AHPXA> o(Lolle R?;)] }1. (37)

4.3. Computational Complexity

The main computational complexity of the proposed method is reflect-
ed in step 1 (Trilinear Decomposition), and its complexity is denoted as

O(2(2M + 1)K? + 2(2N + 1)K? + LK?), while the computational costs for

13
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(a) Angle estimation (b) Range estimation

Figure 2: Estimation performance under different receive elements spacing.
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Figure 3: Estimation performance under different number of snapshots.
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steps. 2, 3, 4 and 5 are negligible compared with step 1.

5. Simulation Results

In this section, performance of the proposed algorithm is assessed through
a series of simulations. First, assume that the source signals are narrowband
and uncorrelated, and there are two targets in the NF space, with 4-D pa-
rameters (6y, Ok, Tk, o) being (60°,45° 3.5, 5)) and (45°,50°, 2\, 3)), re-
spectively. Unless otherwise stated, assume that M = N = 3, L = 512 and
the inter-element spacings in the transmitting array and the receiving array

are \/2.

Angle estimation Range estimation

—+—coarse: Mt=7, Mr=5

——fine: Mt=7, Mr=5

~~~~~ - coarse: Mt=7, Mr=9

~~~~~ P fine: Mt=7, Mr=9

—8—CRB-d: Mt=7, Mr=5
—#—CRB-d: Mt=7, Mr=9

= -
I -

» 10,2 &N P
=

o

—*—coarse: Mt=7, Mr=5

—+—fine: Mt=7, Mr=5 Kkk’\’\kﬁ\'
_3|-@-coarse: Mt=7, Mr=9 B
~~~~~ > fine: Mt=7, Mr=9

—8—CRB-r: Mt=7, Mr=5
—*—CRB-r: Mt=7, Mr=9

0 5 10 15 20 25 0 10 20 30

RMSE(degree)

SNR(dB) SNR(dB)
(a) Angle estimation (b) Range estimation

Figure 4. Estimation performance under different number of receive sensors.

The estimation performance is evaluated through the root-mean-square

K 500 .
error (RMSE) defined as RMSE = [ z52= > > (Vp — 19k)2, where U,

k=1p=1
denotes the estimate of the parameters 6, ru, 0,1, 7 at the pth Monte-

Carlo trial, and v} represents the true value. In addition, CRB-d in the

legend refers to the average CRB of DOD and DOA, while CRB-r in the

15



Angle estimation Range estimation
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T 6 ]
T 2
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g 24
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[
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Figure 5: Estimation results of two targets with identical DOA; SNR=10dB,

L=200, and 200 independent trials are performed.

legend refers to the average CRB of RFTT and RFTR.

In the first simulation, the performance of the proposed algorithm is ex-
amined in terms of the coarse and fine estimates with signal-to-noise ratio
(SNR) varying from 0dB to 30dB under different array element spacings.
It can be seen from Fig. 2(a) that when the transmitting array element s-
pacing is the same, the angle RMSE obtained by fine estimation decreases
significantly with the increase of receiving array element spacing, while that
obtained by coarse estimation does not change significantly. This is because
the coarse estimates of DOA obtained by Eq. (21) are independent of array
element spacing, and thus, they are not sensitive to its change. As for the
range estimate in Fig. 2(b), the RMSE obtained by fine estimation is smaller
than that by coarse estimation. In addition, when the receiving array ele-
ment spacing is different, the RMSE of angle and range parameters obtained

by both decreases with the increase of the receiving array element spacing.

16



The same conclusion can be drawn for the transmitting array, which is not
shown here to avoid unnecessary repetition

In the second simulation, the performance of the proposed algorithm is
studied under different number of snapshots (L), and the other parameters
are the same as before. Fig. 3 (a) and Fig. 3 (b) show the angle and range
estimation results, where it can be clearly observed that when the number
of snapshots is the same, the RMSE of both angle and range obtained by
the fine estimation is smaller than that obtained by the coarse estimation.
Moreover, when the number of snapshots is different, the RMSE of the coarse
estimation and the fine estimation decreases significantly with increase of the
number of snapshots, which in turn improves the time diversity gain.

Fig. 4 (a) and (b) present the performance with a varying number of
receiving sensors, and the other settings are the same as the first simulation.
It can be seen that when the number of transmitting sensors is the same, the
RMSE of angle estimate and range estimate obtained by coarse estimation
and fine estimation decreases significantly with the increase of the receiving
sensors. The same conclusion can be drawn for the number of transmitting
elements.

In the last simulation, ability of the proposed method to handle the angle
(for example, DOA) ambiguity [19, 20] problem is demonstrated with two
targets. As shown in Fig. 5, the proposed method can accurately estimate
the 4-D parameters of the two targets with identical DOAs. Actually, tar-
gets with 1-D ambiguity such as identical DODs, RFTT or RFTR can be
identified effectively without any pairing issue by the proposed method.

17



6. Conclusions

In this paper, a 4-D parameter estimation method for a bistatic MIMO
system has been proposed, where both the transmitter and the receiver are
equipped with velocity vector sensor arrays. The 4-D parameters can be au-
tomatically paired and accurately estimated through trilinear decomposition,
avoiding the extra parameter pairing process and spectrum peak search. In
addition, the inter-element spacing does not need to be limited to a quarter
wavelength. As indicated by numerical simulations, the proposed method

has a good estimation performance, which is close to the derived CRB.
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