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Positioning and Contour Extraction of Autonomous
Vehicles Based on Enhanced DOA Estimation
By Large-scale Arrays

He Xu, Wei Liu, Senior Member, IEEE, Ming Jin, Member, IEEE, and Ye Tian, Member, IEEE

Abstract—As an important branch of internet of vehicle (IoV)
systems, autonomous vehicle (AV) positioning based on direction-
of-arrival (DOA) estimation has received extensive attention in
recent years. In this paper, an AV positioning method under
unknown mutual coupling is proposed within the framework
of large-dimensional asymptotic theory (LAT). Firstly, enhanced
and closed-form DOA estimation is achieved by jointly exploiting
large-scale uniform linear arrays (ULAs), Toeplitz rectification
and the phase transformation result associated with the sample
covariance matrix; secondly, a more reliable subset/set of DOAs is
constructed according to the signal-to-noise at receivers; finally,
robust AV positioning is achieved with the reliable subset/set.
Motivated by satisfactory DOA estimation performance, an AV
contour extraction scheme is developed with the aid of two
antennas installed on an AV. The proposed method shows several
salient advantages compared with existing methods, including
improved resolution and accuracy, reduced computational com-
plexity, robustness to mutual coupling and unreasonable DOA
estimates, as well as the ability to effectively extract AV contour
information.

Index Terms—Internet of Vehicle (IoV), autonomous vehicle
(AV) positioning, contour extraction, enhanced DOA estimation,
large-scale ULA, mutual coupling.

I. INTRODUCTION

S an important part of Internet of Vehicle (IoV) sys-

tems, autonomous vehicles (AVs) have become a major
current innovation hotspot and development direction of the
automotive industry [1]. To guarantee the safety and security
of autonomous driving, the accurate location and the contour
information of AVs are required. In most scenarios of IoVs,
global positioning system (GPS) based vehicle positioning
is a common and basic strategy [2]. However, the current
commercial GPS may suffer from long latency and inadequate
accuracy, which cannot meet the positioning requirements of
autonomous driving in IoV business [3]. Meanwhile, for some
conditions, such as tunnels and cloud cover, the GPS may fail
to work. Under such circumstances, exploiting collaborative
positioning methods to improve vehicle positioning accuracy,
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continuity and stability has become one of the key develop-
ment trends in [oV systems.

Collaborative positioning techniques often estimate the po-
sitions of target vehicles with radio signal strengths (RSSs),
time of arrivals (TOAs), time difference of arrivals (TDOASs)
or direction of arrivals (DOAs), which are measured with
reference signals at wireless communication devices, such as
wireless access points (APs) and base stations (BSs) [4], [5].
In [6] and [7], RSS-based methods are proposed to achieve
target vehicle positioning via multiple BSs, which have the
advantage of simplicity. However, these methods require a
priori knowledge of the path-loss exponents (PLEs), which
is difficult to obtain accurately because of the complexity
of wireless channels. In [8]-[10], TOA- and TDOA-based
methods are investigated, and their performance relies on
accurate synchronization of different clocks. Since perfect
synchronization is not easily available among LTE BSs/nodes
in practice, it is difficult for these methods to achieve a
satisfactory positioning performance. Different from TOA- and
TDOA-based methods, DOA-based methods are more likely
to obtain accurate vehicle positioning results, because they
are relatively insensitive to time delay measurements and
an accurate clock synchronization is not required [11]. As
a competitive candidate, several DOA positioning methods
utilizing LTE BSs or wireless APs have been investigated
[12]. Recently, by combining DOA and TOA or DOA and
TDOA, the matrix pencil (MP) method and the semi-definite
programming (SDP) method for positioning using LTE signals
are introduced in [13] and [14], respectively. However, like
TOA- and TDOA-based methods, these joint methods are
also sensitive to delay measurements. With this consideration,
in this work, we focus on a DOA-based AV positioning
architecture.

Many DOA estimation methods have been developed under
different frameworks, such as the traditional multiple signal
classification (MUSIC) method [15], the estimation of signal
parameters via rotational invariance techniques (ESPRIT) [16]
and their variations [17]-[22] in the classical asymptotic theory
(CAT) framework; the G-MUSIC method [23], the conditional
G-MUSIC method [24] and the R-MUSIC method [25] in
the large-dimensional asymptotic theory (LAT) framework; the
matching pursuit based methods [26], [27], the ¢;-norm mini-
mization based methods [28]-[30], and the sparse Bayesian
learning (SBL) based methods in the sparse representation
(SR) framework [31], [32]. In particular, the MUSIC-like [33]
and the SBL [34] based methods are proposed for vehicle
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positioning in IoV systems in the past few years, and these
two are good attempts for vehicle localization from a DOA
estimation perspective. However, they still face the following
challenges when applied to vehicle positioning in an actual
IoV environment.

o The existing DOA-based vehicle positioning methods are
normally developed for small-scale arrays and exploit
spectral search to achieve DOA estimation. As a result,
they suffer from not only performance degeneration in
closely-spaced vehicle scenarios due to insufficient array
aperture, but also high computational complexity, which
makes them difficult to meet the actual needs of au-
tonomous driving in terms of positioning accuracy and
complexity.

o Most of existing DOA estimators are based on ideal/well-
calibrated sensor arrays. However, in practice, array un-
certainties, such as the mutual coupling, gain-phase errors
and sensor location errors always exist, which could
degrade the DOA estimation performance substantially
[35]-[37]. Although the MUSIC-like method in [33] takes
the unknown mutual coupling into consideration, the
spectral search cannot be avoided.

o Both the MUSIC-like method [33] and the SBL method
[34] utilize multiple DOAs provided by the BSs or
wireless APs directly for vehicle localization. In fact, due
to the influence of factors such as the transmission loss
and the incident angle, not all DOA estimates are accurate
enough and how to choose the best subset of estimation
results in order to achieve a robust performance is still a
challenge.

To tackle the mentioned problems above, an AV posi-
tioning and contour extraction method is proposed in this
work, employing large-scale uniform linear arrays (ULAs)
with unknown mutual coupling. Different from the existing
DOA-based vehicle localization methods, the proposed one is
developed in the LAT framework, leading to an improved AV
positioning performance. The main contributions of the work
are:

1) Instead of utilizing general small-scale arrays, large-
scale ULAs are employed, and the impact of un-
known mutual coupling and finite samples for the high-
dimensional scenario is considered. In the proposed
approach, firstly, a linear transformation is performed for
eliminating unknown mutual coupling; then, a two-stage
strategy which jointly exploit the Toeplitz rectification
and the phase transformation in the LAT framework
is developed for improving the estimation of sample
covariance matrix (SCM) and its corresponding eigen-
vectors, leading to a super-resolution and closed-form
DOA estimate. To our best knowledge, it is the first
time to apply this two-stage statistical enhancement to
achieving vehicle localization in the field of IoV. More-
over, it should be emphasized here that the considered
scenario matches well with the application scenarios of
AVs in 5G/6G IoV systems, representing a good step in
the realization of highly reliable autonomous driving of
AVs.

2) Instead of using DOA estimates provided by multiple
base stations (BSs) directly, we exploit information
about the received SNR and the relationship between
estimation accuracy and incident angle to select a re-
liable subset/set of DOA estimates, and then achieve
robust vehicle positioning with those preferred DOA
information. As demonstrated by simulations, it is a
simple but very effective method and it is also the first
time to apply such a method to promoting the robustness
of DOA-based vehicle positioning.

3) The proposed positioning method can yield decimeter
or even centimeter-level positioning accuracy even for
closely-spaced vehicle scenarios. When SNR > 10 dB,
and the numbers of sensors and samples are 80 and
100, respectively, the proposed method can yield a posi-
tioning accuracy within 0.3 m with 100% availability,
and be carried out in less than nine milliseconds on
MATLAB with a 2.0 GHz CPU. That is, the method
can meet the requirements of absolute position accuracy,
service availability and latency in 5G standardization in
conformance with the 3rd Generation Partnership Project
(3GPP) TS 22.261 [38], [39].

4) Due to the high positioning accuracy, we further extract
contour information of the vehicle with the aid of two
antennas installed. In detail, a configuration scheme for
antennas is first designed, and then information about
vehicle moving direction and the location of two an-
tennas is exploited to achieve coarse contour estimation
of the vehicle. Moreover, the fundamental requirement
for the two antennas on DOA separation for contour
extraction is analyzed and the feasibility of this scheme
is validated by numerical simulations. In literature, con-
tour extraction of vehicles is almost always achieved by
various imaging methods. To our best knowledge, this is
the first time to approach this problem from the DOA-
based perspective, which provides another simple but
effective tool for tackling this challenge.

The remainder of this article is organized as follows. In
Section II, an AV positioning system using three collaborative
BSs, and the data model for DOA estimation with large-
scale ULAs with unknown mutual coupling are presented. The
enhanced DOA estimation method is described in Section III.
The robust AV positioning and contour extraction scheme is
demonstrated in Section IV. Numerical examples are provided
in Section V, and conclusions are drawn in Section VI.

Notations: Capital boldface letters, lower-case boldface let-
ters and lower-case italic letters are used to represent matrices,
vectors and scalars, respectively. Superscripts (1), (-)7, ()"
and (-)”" and ()T represent the conjugate, transpose, conju-
gate transpose, inverse and pseudo inverse operators, respec-
tively. E{-} stands for the statistical expectation, ®, diag{-}
and det[-] denote the Hadamard Schur product, diagonalization
and determinant operators, respectively. Moreover, I, is the
M x M identity matrix, J™ is the M x M shift matrix, whose
elements on the mth superdiagonal equal 1 and O elsewhere,
and Opr«n is the M x N-dimensional all-zero matrix. /-]
represents the phase of a complex number, and Teoplitz{r}
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Fig. 1. TIllustration of AV positioning system using multiple BSs.

the symmetric Toeplitz matrix constructed by the vector r.
Re{-} and Im {-} stand for the real part and imaginary part
of a complex value, respectively. tr {-} represents the trace of
a matrix. Finally, ||-||, (), 25 and 25 indicate the spectral
norm, the normal distribution, almost certain convergence and
convergence in distribution, respectively.

II. POSITIONING SYSTEM AND DATA MODEL

Consider an AV positioning system shown in Fig. 1, where
three collaborative BSs are employed, each equipped with a
large M -element ULA with interspacing d. By assumption, all
the three BSs are configured to work in the same way. Each
AV terminal carries a wireless signal transmitter with a unique
identification label. The BS first estimates the DOA of the
target vehicle, and then applies the cross-positioning principle
to achieve AV localization. The key point lies in a robust and
accurate DOA estimation. For simplicity, it is assumed that
there are K AVs on the same plane, whose transmitted signals
are uncorrelated and impinge on a BS from distinct DOAs 6,
k=1,..., K. Using the first element of the ULA as the phase
reference point, the received array signal at a BS at time instant
t can be expressed as

K
y(t) = CAs(t Za (Or)sk(t) +n(t) (1)

k=1
where Y() = [n(),...,yu(®]" € CY¥ s(t) =
[s1(1), .., sx()]" € CF*m(t) = [na(t),...,nu(1)]" €
@M“, A =T[a(6),...a(0),. a(oK)] e@MxK
afy) = [lyedwr ... e’j(M’l)wk] € CMx1l and

wy = 2mwdsin /A with A denoting the carrier wavelength.
C € CM*M js a mutual coupling matrix (MCM) with a
symmetric Toeplitz structure. In practice, the mutual coupling
coefficients are approximately zero when the distance between
antennas is larger than a given threshold; thus, C is typically
expressed as

C = Toeplitz{[1,c1,. .., .01} 2)

CP,O,...

where 0 < |cp| < -+ <|]e1] <1 and P < M.

Suppose that the noise n(t) is zero-mean, complex white
Gaussian distributed and is independent of the signal s(¢), the
covariance matrix of y(¢) is given by

, =E{y(t)y"(t)} = CAP, AP CH + 521, € CM*M
3)
where Py = diag{o?,03,...,0%} with o} representing the
received signal power of the kth source, and o2 is the variance
of additive noise. In case of N samples, R, can be estimated
by the unstructured SCM

Zy

For the classical asymptotic case where M is fixed and N —
00, Ry is a consistent estimator of R,,. Unfortunately, in actual
IoV scenarios for AV positioning utilizing large-scale arrays,
the number of available samples N is limited and normally
of the same order as the number of sensors M, since the
location of the fast-moving AVs can only be assumed to be
fixed for a very short period of time. In this situation, R,
is no longer a good estimator of R, [40]. In the following,
we will develop an efficient scheme to achieve satisfactory
DOA and positioning results in the scenario where N is of
the same order as M, to meet the requirement of an actual
AV positioning.

(CMX]\/[ (4)

III. ENHANCED DOA ESTIMATION
A. Mutual Coupling Elimination

The symmetric Toeplitz structure of MCM can be
exploited to eliminate its influence. Defining T =
[0(p—2P)x Py Inr—2pP, O(pr—2p) x p|, We have

_ - _H

R, = TR,TT = ACP,C*A + 521y 2p, (5
where A = [a(6;),...,a(0x)] consists of the middle M =
M — 2P rows of A, and C = diag{6?,52,...,0%} with
o = 25:713 Clple_jpwk'

It is interesting to see that the mutual coupling coefficients
are embedded in the diagonal matrix C, which implies that the
influence of unknown mutual coupling is eliminated effective-
ly. On the other hand, it can be further observed that the SCM
is transformed from the Hermitian structure into a complex
Toeplitz structure, which in fact provides a basic condition for
the enhancement of SCM in the next subsection.

Remark 1: It can be observed from (5) that the application
of linear transformation has reduced the array aperture by 2P,
which is a drawback and reduces the maximum number of
resolvable sources. However, since for most practical scenarios
we usually have P = 2 or 3 [41], [42], given the large-scale
array employed for IoV applications (M > P), such an array
aperture loss will have a minimal/tolerable effect.

B. Two-stage Strategy for Enhanced DOA Estimation

To obtain a robust and optimal DOA estimate, a two-stage
statistical enhancement method is adopted. The first stage is to
enhance the SCM via Toeplitz rectification, while the second
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stage is to enhance eigenvalues and eigenvectors by exploiting
the asymptotic property of the “spiked” covariance matrix.

Stage A: Toeplitz rectification is a widely used approach to
improve the SCM that holds a Toeplitz structure statistically
[43]. For an M x M matrix Y, the process of Toeplitz
rectification is performed as

M—1 1
=2(Y) = —Tr(YJ™)J" 6
M= Y oI ©
=—M+1
where J=™ stands for (J”)7, and J° = I,;. Subsequently,
the rectified SCM can be given by

where ﬁy stands for the estimation of f{y with N samples.
The rectified SCM R, leads to a norm-consistent estimator,
which implies that the converge ||R,. — R, || =25 0 holds as
M,N — oo, and M /N = c € (0,00) [25].

Suppose that the number of sources K is estimated accu-
rately with the linear shrinkage based minimum description
length (LS-MDL) [44] or the bayesian information criterion
(BIC) variant [45] criterion, then, by performing eigenvalue

decomposition (EVD) on f{T, we have

ﬁr = ﬂeisﬁsH + ﬂninﬂgy (8)
where 33, = diag{jxl, ce 5\K}, s, = diag{;\KH, ce 5\M},
and \; (¢ =1,...,M) are eigenvalues of R, in descending
order. U, € (CMXK and U, € CM*X(M-K) are the signal
subspace and the noise subspace corresponding to S, and 3,
respectively. According to the subspace theory, the following
relationship holds

ﬁsl :| A1 a
N = G=| _ G, 9)
[ Usz l A 1 (

where ﬂsl (stg) and :Al (7&2) are the first (last) M — 1 rows
of U, and A, respectively. ® = diag{e 71, ... e wx},
G € CEXK and G = CG € CE*K are matrices.

Defining I' = G~ WG, the estimate of I is given by

P -0l U,

A C
A,C

(10)

It is clear that the eigenvalues of Iis just the estimates of
the diagonal elements of W, which means that the DOAs of
K sources can be estimated as

O = sin~t (=A\L[y)/2nd)  k=1,..., K, (1)
where 7, is the kth eigenvalue of I".
It has been studied that Toeplitz rectification can yield an

improved DOA estimation performance, provided that SNR

is not sufficiently high [25]. Unfortunately, in high SNR
situations, their corresponding estimators often suffer from
the so-called “saturation phenomenon” (see the corresponding
simulation results in [25] for details), primarily because the
difference || Zivzls(t)sH(t)/N — Pg|| converges to 0 at a
rate slower than O(N~'/2). As a result, the unbiased signal
subspace cannot be achieved regardless of SNR.

Stage B: To tackle the problem associated with the “satura-
tion phenomenon”, the asymptotic properties of elgenvalues

and eigenvectors of R are exploited. Note that R can
be regarded as a kind of ‘“spiked” covariance matrix [46],
whose convergence characteristics of K largest eigenvalues
5\1, ceey A x and their corresponding eigenvectors Uy, ..., Ux
under the case that M, N — oo, and M /N = ¢ € (0,0)
satisfy

« (02 +ap) (02 ctag) )
A =2 #7 ay > oa\/c (12)
0721(1 + \ﬁ)z, ay < Uﬁﬁ,

_ag—one > 02 /e
|ﬁkHwk|2 L ar(artoZe) %k Z 0;1 c (13)
O ar < ohe,

where o and wy stand for the true eigenvalues and eigen-

—_ _ _H
vectors of ACP,CH” A | respectively.

According to (12) and (13), we can further derive that the
following holds

i = 5 (=621 e — 6201+ 02 — 462c), (14)

= D
VM (i = fewr) = N0, (1= B)Ly), (15
(X 0'4
where 67 = 7% ZZ K1 Nis B = T (6 iz, Formula-
tion (15) implies that G, can be written as
U = Bpwy + 0, k=1,..., K, (16)

CMx1 s a random vector with E{fi;} = 0 and

1Bk

where N €

E{n.ny } = L.

Motivated by the fact that /(1 — p3)/M — 0 as M — oo,

nj is omitted here, and subsequently we have
a, ~ frwi, k=1,..., K. (17)

With (17), the enhanced signal subspace is constructed as
U, =[5 ', (18)

Finally, DOA estimation is performed after replacing U,
with US. Let 9k denote the estimated DOA of the kth source
and c = [1 c1,...,cp)T. Since a(0y)o7 = B(f;)c and

Ha(0))57 = = 0(j7—K)x 1, We have

73;(1{1[(]

E/[B(0k)c = 07— rc)x1> 19)

ef.jpwk
e_j(P"l‘l)wk

o—J(M—P—1)w

—j(P=1wy, | o—j(P+1)wy
e—JPwg + e~ (P+2)wy

—i(M—P=2}wy | o—j(M-Pyuy,

1 _i_efj2Pw;c
e—ijk +e—j(2P+1)wk

—j(M—2P—1}wy, + e—j(]\/[—l)w;c
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Algorithm 1: Two-stage Strategy for DOA Estimation

1: Calculate the SCM f{y with N samples, and carry out

linear transformation using T to get ﬁy
Stage A:
2: Form the rectified SCM f{T via Toeplitz rectification.
3: Perform EVD on R, to obtain A and @, k € 1, K.
Stage B:
4: Calculate &y, and Gy, by (14) and (17), respectively.
5: Construct the enhanced signal subspace U, according
to (18), and further divide it into U, and Uso.
6: Obtain the estimate of I' by = 611632.
7: Perform EVD on I to obtain eigenvalues v1,...,7Vk.
8: Estimate K DOAs by ), = sin™* (=AZ[yx]/27d).
9: Form Qy, and further estimate ¢ based on (21).

where E,, € CM>*(M=K) denotes the noise subspace of R,
and B(6,) € CM*(P+1) js given at the bottom of this page.

Define Qi = B (0,)E,EZB(6:), and then the mutual
coupling estimation problem can be transformed into the
following optimization problem,

min c?Qpe, s.t. dTc=1, (20)

where d = [1,0,...,0]7. By using the well-known Lagrange
multiplier method, ¢ can be estimated by

ey

The proposed two-stage strategy for enhanced DOA estima-
tion is summarized in Algorithm 1.

Remark 2: The proposed method is computationally more
efficient than the MUSIC-Like method [33]. For the latter,
the major computations involved are to form one M x M
SCM, to perform its EVD and to conduct a spectrum search,
whose total number of complex multiplications required is
O{M?N + $M? + M?*(P + 1)G + M(P + 1)>G}, where
G is the number of searching grids. For the proposed method,
the major computations involved are only to form one M x M
SCM and to perform its EVD, and the process of mutual
coupling estimation can be avoided since it is not necessary
for DOA estimation. Therefore, the total number of multipli-
cations required is O{M?2N + 5M?3}, which is much lower
than the MUSIC-Like method.

C. Cramér-Rao Bound

The Cramér-Rao Bound (CRB) serves as the benchmark
for the performance analysis, which is obtained by taking the
inverse of the Fisher information matrix (FIM). The vector of
unknown parameters is given by

n= {OT’KT’éT}T

where 0 = [01,...,0k], K = Re{c} and & = Im{c}. Then,
the (m, n)th element of the FIM is given by

F,n = Ntr {RlaRy -1 9R, } .

(22)

YO Y O @9

Defining A = [9a (0,)/06:,...,0a(0k)/00k], A = CA,
C,im = —J- Cgm = Toeplitz [0,6%:“01X(M_p_1)], where
e,, is the P-dimensional column vector with 1 at its m-th
element and O elsewhere, we can obtain that [47], [48]

Foe _ 2NRQ{(P5AHR;1AP5) ® (AHCHquch
+(P,A"R,'CA) © (P,A'R, 1CA>T}

)T

For, = 2NRe {diag {P,AFR,1C, AP, AFR,1CA}
+ diag {P,A"R,'AP,A%C, R, 'CA}}

Foe, = 2NRe {diag {PSAHRglégn APSAHR;CA}
+ diag {P,A"R;'AP,A%C¢, R, 'CA}}

F. . —2NRe {tr {R;lc':,mAPSAHR;APSAH(’:M}
+ tr {R,1C,, AP, ARG, AP,AY ||

F,. ¢ =2NRe {tr {R;léﬁm APSAHR;APSAHCE,”}
¥ tr {R;lcﬁm APSAHR;CE”APSAH}}

Fe ¢ =2NRe {tr {R;l('?gmAPSAHR;IAPSAHc'Jg,,L}
+ tr {R,Ce, AP, AYR, 1, AP AT} ]

Consequently, F' is given by

Foo Fo. For
F = FK,B an Fnﬁ (24)
Feo Fen Feg

Finally, the CRB for DOA estimation can be obtained by
taking the inverse of F' as

1 K
CRBy = \/K > FL

(25)

IV. VEHICLE POSITIONING AND CONTOUR EXTRACTION

A. Vehicle Positioning
For simplicity, three collaborative BSs with known coor-

dinates Bl(leley)a BQ(LQ;ngy), and B3(L3I,L5y) are
employed for the AV localization, as illustrated in Fig. 1.
Consider an AV with its center point located at S(z,y) and
its DOAs corresponding to three BSs are 61,052, and 63,
respectively. Then, the following equations hold,
Lly -y
T — Ll:c7
Yy — L2y
T — L2w7

tan Oy, = (26)

tan Opo = 27

tan 0k3 =

(28)

and S(z,y) can be determined by
T — Liy—Loy+LigtanOp1+ Loy tan o
1= tan 01 +tan Oy
g1 = Ly, tan 0po+Loy tan 01+ (L1z—Lag) tan Ok tan 02
91 —

tan 01 +tan 0o

(29)
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Algorithm 2: Procedure to Select Reliable Subset/Set of
DOAs

Input: The rectified R,, DOAs {01, 0k2, 03} given by three
BSs, and received SNRs. The number of reliable DOAs
7, with its initialization 7 = 3. €;=2 dB, e; = 75°.
Output: Reliable subset/set of DOAs and the AV location.
1: if max(SNR; ;) — min(SNR, 1) > €;
Remove the DOA 60,; corresponding to min(SNR,; ),
T+ 717—1.
2: else if max(|0y;|) > €2
Remove the DOA 6,; corresponding to max(|6x;|),

T+ T17-—1.
3: end
4. if 7 =2

Output reliable subset of DOAs, consisting of the re-
maining two DOAs, and determine the AV location by
(29) or (30) or (31).

5: else

Output reliable set of DOAsS, consisting of all the three

DOAs, and determine the AV location by (32).
6: end

or
(L1iy—Lsay) tan Ogxs+Li, tan Op; tan Op3— L3,
To =
tan 01 tan O3 —1 (30)
_ (Lsz—Lig)tan0y1+Lsy, tan O tan Oz —Lyy,
Y2 = tan O tan O3 —1
or
(Lgy 7L2y) tan 03+ Lo, tan o tan O3+ L3,
T3 =
tan 0o tan O3+1 (31)
_ (L3z—Log) tan Opa+ L3, tan Oy tan Ogz+ Loy,
Y3 = tan 0o tan O3 +1 :

Obviously, using only two of three collaborative BSs, the
location of AV can be determined. For a better performance,
the common strategy is to perform the average operation, and
the resulting coordinates of S(z,y) are given by

1 3 1 3
=3 Zi:l T V=3 Zi:l Yi-

However, a direct application of the average operation may
not always be a good choice for vehicle positioning, and the
positioning accuracy may benefit from selecting a reliable
subset of DOAs instead of the entire set [49], [50].

The received signal to noise ratios (SNRs) and the imping-
ing DOAs of the same vehicle for different BSs could be
quite different in practice. It is well known that if the received
SNR of a BS is much lower than that of other BSs, and its
corresponding DOA is close to the end of the visible region
(i.e., @ — £90°), then the DOA information provided by such
a BS is no longer beneficial for the vehicle positioning and
should be ignored.

Based on this observation, we propose to jointly exploit the
received SNR and the impinging DOA information to select
a more reliable subset/set of DOA estimates first, and then
perform the AV positioning with preferred DOAs. Suppose
that the received SNR of the ith BS to the kth source is pre-
estimated in some way or simply estimated by

(32)

SNRy . = 101g (P.(k,k)/52) i € [L3],k € [LK], (33)

Symmetrical
coordinate point
Symmetrical
coordinate point

Wo‘\

Movement direction

Fig. 2. Scheme for contour extraction by installing two antennas.

time instant #,

A

¥ movement direction time instant 7,

Fig. 3. Tllustration to obtain the information of vehicle movement direction.

where P, (k, k) = ATC (R, — 62I,,)(CT)~1(AH), and
A and C are the estimates of A and C corresponding to
the ith BS, respectively. In detailed implementation, when
the difference between maximum SNR and minimum SNR
is greater than 2 dB, the DOA corresponding to the minimum
SNR will be ignored, and the reliable subset is built from the
remaining two DOAs. On the other hand, if the received SNRs
of three BSs are similar, we further select the reliable subset of
DOAs according to the value of estimated DOAs. Specifically,
if the absolute value of a DOA is greater than 75°, it will
be ignored, and the remaining two DOAs form the reliable
subset. However, if the three DOAs can meet all the conditions
above, they are supposed to be all reliable, and constitute the
reliable set for positioning as a whole. The detailed procedure
for selecting the reliable subset/set of DOA estimates for a
certain AV positioning result is provided as Algorithm 2.

B. Vehicle Contour Extraction

Through extensive simulations, it is found that the proposed
method is capable of achieving decimeter or even centimeter-
level positioning accuracy for closely-spaced vehicles, which
motivates us to further extract contour information of the ve-
hicle by installing antennas with different identification labels
on one vehicle. To achieve a reasonable contour extraction
result, two key points need to be solved, i.e., configuration of
suitable antennas and required DOA resolution capacity for
the adopted DOA estimation method.

1) Configuration of antennas: In general, one can deploy
multiple antennas on an AV with different carrier frequencies,
which can provide an optimal and robust AV contour extrac-
tion result, since different wireless signals can be distinguished
via bandpass filtering at the receiver side. However, such a
deployment will undoubtedly increase system overhead and
is also not in line with the current development trend of
communication and sensing integration. Therefore, we here
mainly consider the scenario that multiple antennas have
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Fig. 4. Scene description for required DOA resolution capacity.

the same carrier frequency. Under such a circumstance, in-
stalling two antennas with different identification labels on
two diagonal positions of one vehicle will be a good choice,
as depicted in Fig. 2. On the one hand, two antennas can
effectively realize the extraction of AV contour information
and simultaneously save the cost. On the other hand, more
antennas with same frequency band are actually not conducive
to effective antenna identification. To avoid ambiguity, the
information of movement direction of the vehicle provided by
the location information of two adjacent short period of time
(i.e., to > t1 & t1 — to) is utilized here, whose principle is
shown in Fig. 3. By combining the information of vehicle
movement direction and the location of two antennas, the
coarse contour of the vehicle can be determined.

2) Required DOA Resolution Capacity: High DOA resolu-
tion capacity of closely spaced antennas is a fundamental re-
quirement for successful AV contour extraction. For simplicity,
we only consider the required DOA resolution ability for one
BS, the scene description and related parameter definitions are
shown in Fig. 4. Suppose that the distance of two antennas
for a given AV is fixed at d;. Based on the trigonometric
relationship, we have

sin Af = % sin @, (34)

which implies that the required DOA resolution must satisfy

Af < arcsin [Sl;lwdf} .

T

(35)

Obviously, the resolution requirement increases as sin ¢/d,.
decreases. For instance, when ¢ = 30°, dy = 6 m, and d,, =
300 m, Af < 0.573°; while ¢ = 40° and d, = 200 m lead
to A6 < 1.105°. Moreover, as ¢ may be a small value or
even zero for certain orientation of the vehicle, the current BS
cannot distinguish two antennas. Therefore, it is necessary to
point out that the DOA resolution of at least two BSs must
simultaneously satisfy (35) to ensure a continuity of contour
extraction.

Remark 3: Note that the contour information of a vehicle
is typically acquired by imaging methods [51], [52]. The
proposed method provides another simple but effective way to
extract the vehicle contour information, which is very useful
and can be exploited as an auxiliary technology for safety
driving in IoV environments.
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Fig. 5. RMSE and PO of DOA estimation versus SNR with M = 50, and

N =100, DOAs={10°,12°,13°, 15°}.

V. NUMERICAL SIMULATIONS

In this section, performance of the proposed method is
evaluated in comparison with the traditional ESPRIT (using
the mutual coupling elimination mechanism, and named as
T-ESPRIT), the MUSIC-Like method in [33] and the CRB.
The source signals are BPSK modulated with equal power,
and the mutual coupling coefficients are set to be ¢ =
[1,0.7¢77/5,0.3¢=97/12]T The inter-element distance d equals
A/2, and the SNR is defined as SNR = 101log 19(07 /02). Five
metrics are adopted for performance evaluation. The first one
is the root mean square error (RMSE) of DOA estimation.
The second one is the probability of outlier (PO). The third
one is the absolute error (AE) of AV positioning. The fourth
one is the average runtime. And the last one is the AV
contour extraction error (CEE). RMSE, PO, AE and CEE are
respectively defined as

RMSE = (36)
n=1k=1
PO = 1—i§jf<m9kn,o 1), (37)
N n=1 ,
1 K N
AB=—=> > din, (38)
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Fig. 6. RMSE and PO of DOA estimation versus the number of samples N
with SNR=0 dB, and M = 50, DOAs={10°,12°,13°,15°}.

2

1

EE =—
C N (39)

Z (d1,n + d2.n),

n=1

where the parameter ¢, denotes the estimate of ¢; in

the nith Monte Carlo trial, Af,r; = |9A;w—l — 0|, and
f(Abk7,0.1°) = 1 if and only if each Afy 5 < 0.1°, and
s = [(@kn —21)* + (Gk,n — y&)?]. For all simulations

below, N is fixed at 500.

A. DOA Estimation Performance Versus SNR

In the first simulation, we compare the DOA estimation
performance for different methods at different SNRs, and their
RMSE and PO curves are shown in Figs. 5(a) and 5(b),
respectively. Four signals transmitted by four different AVs
from DOAs {10°,12°,13°,15°} are considered. The number
of searching grids in MUSIC-Like method is 1801 with a
0.1° interval. M = 50, N = 100, and SNR varies from -
10 dB to 30 dB. It can be seen that the MUSIC-Like method
suffers from a performance breakdown at 10 dB SNR, while
the proposed one can avoid this effectively. As shown, our
method outperforms the T-ESPRIT method in the whole SNR
region and follows the CRB very well. Meanwhile, it also
performs better than the MUSIC-Like method when SNR <
15 dB; this robust performance plays an important role at
the following stage for AV positioning. In addition, it should
also be noted that the MUSIC-Like method outperforms the
proposed one for SNR > 15 dB, which can be explained as

10 : ‘
—o— T-ESPRIT
MUSIC-Like
0 —&— Proposed
107 ——CRB

107}

RMSE (degree)

-4
1 Il Il Il Il Il Il
0 30 40 50 60 70 80 90 100
Number of sensors
(a)
—o0— T-ESPRIT
MUSIC-Like 4
—&— Proposed
0 Il
30 40 50 60 70 830 930 1%0
Number of sensors

(b)

Fig. 7. RMSE and PO of DOA estimation versus the number of sensors M
with SNR=0 dB, and N = 100, DOAs={10°,12°,13°,15°}.

follows: there exists some array aperture loss for the proposed
method in the presence of mutual coupling, and when the
received SNR is large enough, the impact of array aperture
loss on the DOA performance will be greater than that of
the mutual coupling, leading to the under performance of the
proposed method. Moreover, the PO indicates the resolution
capability of the method to closely-spaced sources, as the
minimum angle separation among four sources is only 1°.
Overall, we can say that the proposed method can achieve
super resolution, and provides an effective way for high-
performance AV positioning in actual IoV environments.

B. DOA Estimation Performance Versus N and M

In the second simulation, we examine the DOA estimation
performance of the proposed method for different number of
samples N and different number of sensors M. In Fig. 6,
N varies from 50 to 400 in steps of 50 with SNR=0 dB,
and M = 50, while in Fig. 7, M varies from 30 to 100
with SNR=0 dB, and N = 100. The other conditions are
the same as in the first simulation. As can be seen from
Figs. 6 and 7, the estimation performance of the proposed
method becomes better with the increase of both N and
M as expected. Meanwhile, the proposed method has again
outperformed the other methods in terms of RMSE and PO.
On the other hand, it can also be found that the performance
of the MUSIC-Like method improves only slightly with the
increase of N, as shown in Fig. 6, which can be explained in
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Fig. 9. Latency of positioning service versus M.

that the four sources are not effectively distinguished for the
MUSIC-Like method under the current simulation condition.

C. Average Runtime Versus M and N

Fig. 8 shows the computational cost required by the pro-
posed method in comparison with the MUSIC-Like method for
different M and N. The number of searching grids in MUSIC-
Like method is 180 with a 1° interval. The other configurations
are the same as those in Fig. 7. It can be clearly observed that
the proposed method is computationally more efficient than the
MUSIC-Like method, which implies that the proposed one is
more suitable for real-time positioning requirement of AV. As
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Fig. 10. AE of AV positioning versus SNR of BS1 with M = 50, N = 100.
(a) Scenario 1. (b) Scenario 2.
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Fig. 11. Availability with 0.3 m positioning accuracy versus M and SNR

under the Scenario 1 with N = 100.

shown in Fig. 9, for M < 80 and N = 100, the proposed
method can be carried out in less than nine milliseconds on
MATLAB of a MacBook Pro laptop with Intel Core i5-2.0
GHz CPU and 3733 MHz LPDDR4X. That is, the proposed
method can meet the 10 ms latency requirement of location
services in 5G [38], [39]. Note that the actual latency is slightly
larger than the theoretical one. This is because the CPU on the
MacBook Pro laptop is also occupied by other applications.

D. AV Positioning Performance for Different SNRs

The AV localization performance of different methods
is studied. The coordinates of three collaborative BSs are
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Fig. 12. Contour extraction result of the AV utilizing the proposed scheme,
with M = 50, N = 200, and SNR=20 dB.

B1(0 m,500 m), B2(0 m,0 m), and B3(600 m,0 m),
respectively. The number of sensors M and the number of
samples N at each BS are the same and equal to 50 and
100, respectively. Suppose that there are four AVs at the same
plane with their locations being .S7(395.4525 m, 356.0671 m),
S2(370.4931 m, 357.7810 m), S3(395.7028 m, 332.0341 m)
and S4(85.5050 m, 484.9232 m). Two different scenarios are
considered. Scenario I: the received SNR at each BS is the
same. Scenario 2: the received SNRs of different BSs are
different, and specifically, at BS3 it is 3 dB lower than those of
BS1 and BS2. The simulation result with respect to Scenario
1 is given in Fig. 10(a), from which we can see that the
proposed method can achieve the submeter level accuracy
when SNR> 10 dB and the centimeter level when SNR>
25 dB. This satisfactory performance demonstrates that it can
provide a feasible way for the vehicle to realize autonomous
and safe driving. The simulation result with respect to Scenario
2 is given in Fig. 10(b), and it can be seen that when the
received SNRs of different BSs are different, the localization
performance of the compared methods based on the simple
average operation degrades significantly. In comparison, the
proposed one can provide a rather reliable performance under
such a circumstance. Moreover, the availability result of the
proposed method within 0.3 m positioning error is also tested
under Scenario 1, as shown in Fig. 11, where N = 100 and M
varies from 30 to 100. It can be seen that when SNR > 10 dB
and M = 80, the proposed method can yield a positioning
accuracy within 0.3 m with 100% availability. Meanwhile,
the running time of our method is less than 10 ms under
these configurations, according to Fig. 9, which means that
the proposed method can meet the requirements of an absolute
position accuracy, the service availability and the latency for
5G localization, referring to the indicators corresponding to
the 6th service level in 3GPP TS 22.261 [38], [39], which are
0.3 m, 99.9% and 10 ms, respectively.

E. Intuitive Result for Contour Extraction

Now, we provide an intuitive result for contour extraction
of two AVs. The locations of antennas corresponding to two

TABLE 1
PROPOSED AV CONTOUR EXTRACTION RESULT

CEE (m)
SNR(dB)

N=200 N=300 N=400 N=500
0 4.9482 3.9208 3.7255 3.4132
5 2.8199 2.3376 2.0512 1.8086
10 1.6464 1.3051 1.0849 0.9530
15 0.8934 0.6965 0.6313 0.5497
20 0.5106 0.4195 0.3538 0.3194
25 0.2861 0.2223 0.2065 0.1783
30 0.1564 0.1229 0.1049 0.1010

vehicles are shown in the left half of Fig. 12, and the extracted
contour result is given in the right half of Fig. 12. The number
of sensors M, the number of samples N and the received
SNR at each BS are the same and equal to 50, 200 and 20
dB, respectively. By comparing the gap/difference between the
true and estimated contours of two vehicles, we conclude that
the proposed method is capable of accurate contour extraction
of AVs. A more detailed design and realization on this aspect
will be a topic of our future research.

F. Contour Extraction Performance versus SNR and N

In the last simulation, the AV contour extraction perfor-
mance is further examined for different SNRs and number of
samples V. The BS configuration is the same as in the fifth
simulation, and an AV with coordinates of two antennas being
L1(200m, 100m) and L5(196.1921m,96.1921m) is consid-
ered. The number of sensors M is set to 100, while SNR and
N vary from 0 dB to 30 dB in a step of 5 dB and 200 to 500 in
a step of 100, respectively. The AV contour extraction result is
shown in Table 1. It can be seen that the proposed scheme can
yield a good contour extraction performance, which in fact
provides a feasible way for a safe and reliable autonomous
driving.

VI. CONCLUSION

A novel method for AV positioning exploiting large-scale
arrays has been proposed, where unknown mutual coupling is
taken into account. Different from the state-of-the-art methods
that utilize SCM and its corresponding eigenvectors directly,
Toeplitz rectification and phase compensation are jointly ap-
plied to enhance the SCM and eigenvectors. As a result, the
proposed method can provide a robust and super-resolution
DOA estimation performance. Concerning the computational
complexity, a shift invariance structure is constructed, which
yields closed-form DOA solutions leading to the significant
reduction in the computational complexity. Instead of using
DOA estimates provided by multiple collaborative BSs direct-
ly, an effective approach has been developed to select a more
reliable subset/set of DOA estimates first, and then achieve
AV localization with preferred DOA information. Furthermore,
given that the proposed method can reach the decimeter or
even centimeter-level positioning accuracy, an antenna based
scheme to extract the coarse contour information has been
introduced, which is a good attempt from the DOA estimation
perspective compared to the existing image based solutions.
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