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Abstract: This paper presents an efficient two-dimensional (2D) direction of arrival (DOA) estima-
tion method, termed as decoupled projected atomic norm minimization (D-PANM), to solve the
angle-ambiguity problem. It first introduces a novel atomic metric via projecting the original atom
set onto a smoothing space, based on which we formulate an equivalent semi-definite program-
ming (SDP) problem. Then, two relatively low-complexity decoupled Toeplitz matrices can be ob-
tained to estimate the DOAs. We further exploit the structural information hidden in the newly
constructed data to avoid pair matching for the azimuth and elevation angles when the number of
sensors is odd, and then propose a fast and feasible decoupled alternating projections (D-AP) algo-
rithm, reducing computational complexity to a great extent. Numerical simulations are performed
to demonstrate that the proposed algorithm is no longer restricted by angle ambiguity scenarios,
but instead provides a more stable estimation performance, even when multiple signals share the
same angles in both azimuth and elevation dimensions. Additionally, it greatly improves the reso-
lution, with control of the computation load compared with the existing atomic norm minimization
(ANM) algorithm.

Keywords: two-dimensional DOA estimation; angle ambiguity; atomic norm minimization; pair
matching; fast algorithm

1. Introduction

Two-dimensional (2D) direction of arrival (DOA) estimation is an important branch
of array signal processing encountered in various applications: radar, wireless communi-
cation, sonar, seismology, etc. [1-5]. The core issue of this field is the nonlinear 2D spatial
parameters estimation problem. Although numerous algorithms have been devised for 2D
DOA estimation to date [6-8], the investigation of fast and effective algorithms with high
resolution and precision, utilizing highly limited snapshots with increasingly complex sig-
nal scenarios, remains a hot topic.

The current state-of-the-art high-resolution 2D DOA estimation algorithms primarily
focus on the subspace-based methods and the sparsity-based ones. The classic subspace al-
gorithms are 2D MUSIC and 2D ESPRIT [9-11]: MUSIC is implemented by employing the
orthogonality of the steering vectors and the noise subspace, with a huge computational
cost of 2D spectral peak search, and ESPRIT constructs two subspaces of rotation-invariant
properties corresponding to two diagonal angular matrices, respectively, thus avoiding a
spectral search. Although the subspace methods mentioned above have achieved consid-
erable performance in terms of resolution, theoretically reaching the Cramér-Rao bound
(CRB), they heavily rely on a relatively large number of snapshots, an environment with
a high signal-to-noise ratio (SNR), and a known source number. Conversely, the sparse
reconstruction algorithms are intended to build mathematical models between array ob-
servation data and the 2D DOA, followed by a series of optimization steps based on dif-
ferent matching criteria, which no longer require the number of sources as a prior and
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are robust to noise. Nevertheless, the original sparsity-based algorithms divide the entire
spatial directions into discrete grids [12-14], forming a redundant dictionary to formulate
the array data, where the grid mismatch problem may occur to a large extent. In view of
this, varieties of off-grid algorithms have been proposed, one after the other, to overcome
this strict grid limit by introducing quantization errors between divided grids and real val-
ues [15-17], and many types of strategies are applied to approximate these errors instead.
Unfortunately, these strategies can still hardly express the data precisely when the quanti-
zation errors are larger, reducing the accuracy of algorithms greatly. In addition, they all
have to face huge computational challenges.

The sparse reconstruction algorithms have opened a new chapter, with the concept
of continuous compressed sensing (CCS) first introduced by Candés et al. [18], and the es-
timated parameters are no longer dependent on the grid, but allowed to take any values.
Thus, a theory of super-resolution was born based on the total variation (TV) norm, along
with a theoretically minimum interval condition. Due to the CCS presented in a continu-
ous domain, Chandrasekaran et al. [19] and Tang et al. [20] then generalized the theory to
the discrete domain and developed an atomic norm metric, which served as the founda-
tion for a range of later algorithms, especially in terms of the parameter estimation, where
the atomic norm minimization (ANM) theory made it possible to handle data with a few
snapshots —even a single one—while retaining the advantages of sparse algorithms. Mean-
while, Tang et al. [20] argued that the atomic norm could be minimized through equiva-
lent semi-definite programming (SDP), which was further extended to one-dimensional
(1D) parameter estimation from complete and incomplete data by Yang et al. [21], and
they also completed an intensive study of a reweighting strategy to enhance the resolution
greatly [22]. Similar theories have been advanced regarding high-dimensional data by Chi
et al. [23] and [24],[25]]. However, the computational complexity begins to increase dra-
matically as the number of dimensions increases. To handle this, Tian et al. [26] proposed
a decoupled atomic norm minimization (DeANM) algorithm expressing the 2D Toeplitz
problem into two decoupled 1D matrices. Despite the algorithm displaying a low com-
plexity in terms of computational load, its results are ill-posed when the sources share
the same angles in either azimuth or elevation dimension, i.e., they exhibit the problem of
angular ambiguity.

In this paper, we consider 2D DOA estimation for a uniform rectangular array (URA)
in the case of angle ambiguity and propose an efficient optimization method based on the
framework of atomic norm minimization (ANM). Motivated by the idea of spatial smooth-
ing processing [27], we introduce a novel atom metric via a projection operator, which fully
exploits the phase elimination property of the SDP problem converted from ANM. The
SDP is formulated mainly by two relatively low-complexity decoupled Toeplitz matrices,
which is similar to the de-noising covariances in the traditional sense, and hence, the esti-
mations of azimuth and elevation of interest can be efficiently achieved, respectively. This
proposed algorithm is, therefore, named decoupled projected atomic norm minimization
(D-PANM). In addition, this paper presents a more stable recovery method without pair
matching, utilizing the newly constructed atom when the array has an odd number of sen-
sors. This method always provides correct angle pairs, even in complex scenarios where
multiple signals share the same angles. Subsequently, a fast implementation of D-PANM,
named decoupled alternating projections (D-AP), is presented, which is generalized from
the 1D alternating projections (AP) algorithm [28], reducing the computational complexity
greatly compared with the most commonly used SDP solver, namely, SDPT3. However,
its application is conditional. The simulation results show that the proposed D-PANM is
no longer limited by the application scenarios and exhibits a better anti-noise performance
than the DeANM algorithm proposed in [26]. Furthermore, compared with the vectorized
ANM algorithm [23,24], it provides more effective DOA estimation without pair matching,
even when multiple signals share the same azimuth and elevation angles, and it addition-
ally has remarkable advantages in terms of both resolution and computational load.

Our main contributions are summarized as follows:
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e  We formulate a novel atom norm metric under the framework of ANM via a defined
projected operator, which not only follows the decoupled strategy of DeANM to re-
duce the complexity, but also has the ability to handle the angle-ambiguity problem
compared with existing methods.

e  We utilize the structural characteristics of the newly constructed data to provide a
more stable recovery criterion without pair matching.

e  We present a fast implementation of our algorithm to reduce the computational com-
plexity, and employ a joint low-rank projection to improve the convergence rate.

o  We further show that our proposed algorithm with a decoupled reweighted strategy
has a higher resolution than existing vectorized ANM.

The rest of the paper is organized as follows. Section 2 formulates the 2D DOA estima-
tion model and introduces the problem setup. Section 3 introduces the proposed approach.
Section 4 performs numerical simulations to validate the proposed method. Section 5 con-
cludes the paper. For ease of presentation, the main abbreviations used in this paper are
provided in Table 1, and a brief overview of the proposed method and the related ANM
algorithms is also given in Table 2.

Table 1. The abbreviation index.

Acronyms Full Name Acronyms Full Name
1D one-dimensional vV total variation
2D two-dimensional AP alternating projections
DOA direction of arrival MM majorization-minimization
URA uniform rectangular SDP semi-definite programming
array
CRB Cramér-Rao bound PSD positive semidefinite
SNR signal-to-noise radio CCS continuous compressed sensing
RMSE root mean squared error ANM atomic norm minimization
AWGCN addltlye wh%te CVX Matlab software pac'kage for
Gaussian noise convex programming [29]
MUSIC mulh}.)l.e mgnal SDPT3 Ma.tlab. sF)ftware packa.ge for
classification semidefinite programming [30]
estimation of signal
ESPRIT par.amett.ers usimg MMV multiple measurement vector
rotational invariance
techniques
DeANM decoup.le.d a.torr.uc norm D-PANM decoupled p.ro.]ec.ted.atomlc
minimization norm minimization
vecANM Vectorl;e.d atomic norm D-PRAM decoupl.ed pro]ect.ed. rewelghted
minimization atomic norm minimization
vectorized reweighted .
vecRAM atomic norm D-AP decoupled alternating

AT projections
minimization

Table 2. An overview of the proposed method and related algorithms under the framework of ANM.

Algorithms Main Idea Advantages Challenges

Resolution: high.

A minimum
Number of snapshots:

Atom norm

ANM(1D) minimization (ANM). separation between
. .. small.
[19,20] Semi-definite the parameters
. Number of sources: . .
programming (SDP). is required.

not required.
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Table 2. Cont.

Algorithms Main Idea Advantages Challenges
Iteratively carry out Resolution: higher, no .
E/;]MGD) ANM(1D) with A limit to minimum fgﬁg‘: only to
reweighting strategy. separation. '
Retains advantages of
. the ANM framework Computational cost:
vecANM(2D) \zreDctAogi\;[ dlr;f:r(fsd by for 2D data. huge.
[23] . . Ability to handle Pair matching
An equivalent SDP. - .
angle-ambiguity required: yes.
problem: yes.
Ability to handle
2D ANM induced by Computational cost: angle-ambiguity
DeANM(2D) atoms in matrix form. low. problem: no.
[26] A decoupled strategy Number of snapshots: Anti-noise
for SDP. single. performance:
reduced.
Ability to handle
2D ANM induced by angle-ambiguity
novel atoms constructed ~ problem: yes.
via projection operator. Anti-noise
A decoupled strategy performance: better . .
Proposed for SDP. than DeANM. }(ljao‘rl?r?u;at:zgal cost:
D-PANM(2D) A recovery criterion Computational cost: toim grOI\)/e
without pair matching lower than vecANM p '
based on the structural Pair matching
characteristics of the required: no.
newly constructed data. Number of snapshots:
single.
A fast solver for
Proposed D-PANM. . Computational cost: Anti-noise
Decoupled alternating performance:
D-AP(2D) L low.
projections. reduced.
A joint projection.
Iteratively carries out Resolution: higher than
Proposed D-PANM(2D) with a reweighted version of Computational cost:
D-PRAM(2D) decoupled reweighting vecANM, i.e,, vecRAM  increased.

strategy.

(in Section 4).

Notations: Boldface letters stand for vectors and matrices. (1), ()T, ()8, ()71, ()T,
and E{-} denote the conjugate, transpose, conjugate transpose, inverse, pseudo-inverse,
and statistical expectation, respectively. trace(-), Ty (), T(-), rank(-), and conv(-) represent
the trace, the 1D Toeplitz matrix, the block Toeplitz matrix, the rank, and the convex hull,
respectively. C denotes the set of complex numbers. diag(A) retains the diagonal elements
of A as a vector, while DIAG(a) constructs a matrix with vector a as the diagonal and
zeros elsewhere. [-] and |-| are rounded up and down to integers, respectively. vec(A)
indicates the vectorization of the matrix A. ||| and ||-||; stand for {, and the Frobenius
norm, respectively. | - || 4 represents the atom norm induced by A. |-| is the amplitude of
a complex scalar or the absolute of a real one. ® denotes the Kronecker product. A = 0
implies that A is positive semidefinite (PSD).

2. Signal Model and Problem Statement

Consider a uniform rectangular array (URA) consisting of N X M sensors with inter-
sensor spacing d along the x-direction and z-direction, respectively. There are I far-field
narrowband uncorrelated signals {c;(t)}/_, impinging from distinct directions
{(6;, (pi)}iI:l, where 6; represents the azimuth angle and ¢; is the elevation value. Note
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that 6; is redefined as the angle between the signal and the yoz plane rather than the tradi-
tional one (Figure 1).

sources

Figure 1. Uniform rectangular array (URA) configuration.

Therefore, the single-snapshot array output matrix without noise can be expressed as

X = An(8)CA} (¢ Zc,aN ) @i ()" @
where AN (0) = [an(01),an(62), - - - aN(G 1)] is the array manifold matrix with the steering
vectors an(0;) = [an1(6i),an2(60i),- - ,aN,N(QZ-)]T, having a Vandermonde structure of

size N, and Ay (@) = [a} (1), aM(goz), -+ ,a}(¢r)] is defined similarly, with conjugated

T
Vandermonde steering vectors ay,(¢;) = {“7\/1,1(4’1‘)/“7\/1,2(401‘)/' - ,a}*\A,M(q)i)} of size M.
C = diag(c;), where ¢; = |c;|¢; with |c;| being the amplitude of the receiving signal c; and
¢; being the phase. Let the spacing d be half the wavelength of the signals as usual, and the
elements of X can then be given by

I
m) — ZCie—jn(n—l)sinf)e—jn(m—l)sinqy @)

In addition, assume that the phases {ffi}f:O are i.i.d. samples uniformly drawn from
either distribution with mean E{¢;} = 0 or the complex unit circle, which is a necessary
condition to guarantee the solutions of the subsequent algorithms in this paper [20,31].

The goal of our paper is to recover {6;}i_, and {¢;}|_, from the receiving data X.

Note that X is a linear combination of a few steering matrices ay(6;) (aj‘w(qoi))H. As is
similar to the decoupled atomic norm minimization (DeANM) algorithm in [26], we then
utilize the atomic norm to seek the sparsest expression of some defined atoms by treating

an(0;) (a}, (gol))H as the atom. Specifically, the atom set Ay and the atomic norm induced
by A are defined as

Au = {an(0) @) "0 € [~ 7 g € [~ 7]} .
{AMm(©),0 € [—m, ] x [—m, 7]}

1
|muM—m{sz
1

where © = (6, ¢), and [|-|| 4,, denotes the atom norm symbol. Next, the atomic norm
X[l 4,, is optimized via an equivalent semi-definite programming (SDP) given by

I
X =) ciAm(0;), Am(®) € Ay } 4)
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Xl 4,, = ‘rl?{lr;{ SN (trace(Ty(ug)) + trace(Ty (uy))) } 5
H
s.t[ Dilw) X0 T
X Ty (ug)

where T; (ug) and Ty (uy) denote the 1D Toeplitz matrices, with ug and u, as their respec-

tive first columns, and the { 6,-}{11 and {(pi}le of interest are coded in these two Toeplitz
matrices, respectively. Once the optimum solutions Ty (fig) and T; (@i,) are determined,

the estimates of {91'}1‘1:1 and {(pi}le can be obtained accordingly. Unfortunately, when
two or more signals impinge from the same direction in either the azimuth or elevation
dimension, the optimization results of (5) will be ill-posed because the Toeplitz matrix of
the corresponding dimension will be rank-deficient.

3. The Proposed Approach
3.1. The Proposed D-PANM

In order to handle the angle-ambiguity problem mentioned above, [27] adopted a
linear projection operator to map the array output matrix to a block Hankle matrix, and
then exploited the newly constructed array matrix to estimate the DOAs combined with a
traditional matrix pencil approach.

The constructed matrix is a K x K block Hankle matrix, written as

Xo Xi 0 Xg g
X, Xo o Xg
Xe= : : : : ©)
Xk-1 Xk o Xn-1
where _
x(n,0)  x(n,1) --- x(n,L—1)
x(n,1)  x(n,2) ---  x(nL)

Xn = (7)

x(mL—1) x(nL) *(n, M—1)

is also an L x L Hankle matrix, with L = M —L+1, and K = N — K+ 1. According
to [27], the estimation of DOAs achieved the optimal performance when K = [N /2] and
L = [M/2]. In fact, X, is a matrix enhanced by applying smoothing processing along
each dimension. Here, each column of X;; is a window segment of the vector sequence
{x(n,0),x(n,1),--- ,x(n,M — 1)}, and the parameter L is the corresponding sliding win-
dow length. X, is formed by the window segment of the matrix sequence
{Xo, X1, -+ ,XNn-1}, and parameter K denotes the sliding window length accordingly.
Then, X, can be given in the form of steering vectors by

&
[

ci(ax(0)aL(6) © (ac(gi)al(gy))

H ()
ci(ax(0) @ (@) (a(6) @ a2 (@)

LM=Lt1-

where ax(6;) = [an1(6;),an2(6;), -+, an(6;)]" and ag(6) = [an1(6;),an2(6)), -,
ay x(6;)]" are obtained from parts of ay(6;), respectively, while being acquired in the

same way from ap(¢;) for ar(¢;) = [ama(9i), ama(i), - - ami(9:)]" and ar(g;) =
T

[ﬂM,l(q’i)/‘lM,Z(q’i)f' - f“M,z(q’i)} . Letting by (0;, ¢;) = ax(0;) ® ar(¢;) and ber(6;, ¢;)

= az(6;) ® ar(¢;), (8) can be concisely expressed as

I

1
Xe = Y cibir (6, 9i)bEr (6:, 91) = Y |cil&ibie (8, )b (6:, ¢;) = B )
i=1 i=1
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T
where B = [bKL(ell (Pl)rbKL(92/ (pz),- s /bKL(QIr q)[)], and FH = fH,fgl,' . ,f?} with
f; = |ci|Cbrr(0;, ¢;). Using (9), it follows that

X xH = BpHFBH (10)

Note that F'F is a diagonally dominant matrix with real values on the diagonal, based
on which a new covariance matrix Ry = BA;BY with A = diag (FH F) =
DIAG([s},83,--- ,83]) is redefined, where s? = ||f;||*> = KL|c;|*>. Obviously, the newly
defined R; displays the same features as the traditional covariance matrix of the Toeplitz
structure, and therefore, as long as R is given, the azimuth angles {91-}511 can be estimated
via extensive existing approaches such as the Vandermonde decomposition [24], the matrix

pencil method [32], etc.
On the other hand, we construct another matrix of size LK x LK as follows:

I

X, = Y cilan(p0) @ ax(6) (at(g) @ az(6)) an

i=1

It is also a block Hankle matrix applied to estimate the elevation angles {qoi}le [33],
whose analysis procedure is similar to that of the azimuth angles, and (11) can also be
rewritten as

1
=Y lcil&idik (9i, 0:) A (97, 6;) = DGH (12)
i=1

by letting d;x(¢i,6;) = ap(¢;) ® ax(6;) and dr(¢;,0;) = a%((pi) ® ag(6;), where D =
T .
[dik(91,01), dix(2,02), - dik(gr,0p)], G = [gil g, -~ 8] with g =
|ci|¢; drg (@i, 0;); hence, the dlagonally dominant matrix X’X’H = DGHGD" is obtained.
We redefined another new covariance matrix Ry = DA,D by retaining diag (GH G) =
DIAG([s},s3,- - ,53]) as the diagonal matrix A,, and then {¢;}/_; could be estimated
through an assumed R; in a similar fashion to that outlined in the approaches mentioned

earlier.
Inspired by the analysis above, we introduce a permutation matrix:

~MN

L _ _
LxK K®L
H=) ) H"®H; (13)
j
where H].ZZ.XK denotes a matrix of size L x K with one at the position (j,i) and zeros else-

where, and HE@Z is defined similarly, except for the size, which is K x L. Then, we further

construct more efficient array observation data X,H!! rather than utilizing X or X, directly,
expressed as

I H
XH! = 1 (6:) @ ac(g:)) (a5 (i) @ at(6;))
—é it (6, 1)t (91, 6)) 14
—BcD'?

where D' = [diz(¢1,01), drg(92,02), - - -, dig(@1,0;)] has the same structure as the
conjugate of D, except in terms of size. We denoted the projection operator of the original
array receiving matrix X onto the new observation data space by

I I
=Y P (an(0) (@ (p:)") = L cibre (©))di(0;) =BCD™ (15)
i=1 i=1
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and the range of Pby P = {E € (CKLXR|E = P(X),X € CN*M }, where P is essentially a

smoothing operator that handles the data through multiple sliding windows: K = [N /2],
L=[M/2],K=N—-K+1l,andL=M—-L+1.
Next, let us define a new projected atom set as:

Ap ={P,(Am)} = {bKL(G))dLH—K(@), @€ [-mna| x|, n]}

(16)
= {Ap(©), © € [~ 7] x [-7, 7]}
and hence, the projected atomic norm induced by the convex hull of Ap is given by
[P(X)||.4, = inf{t>O0[P(X) € tconv(Ap)}
(17)

I
= inf{ZCi|
i

P(X) = fzciAp@i), Ap(O) € Ap}

Note that (17) is an optimization problem seeking the smallest possible combination
of the projected atoms from an infinite set .Ap. This is not easy to solve directly. As such,
we turn to the optimization of an equivalent semi-definite programming (SDP) instead,
and propose a decoupled projected atomic norm minimization (D-PANM) problem as de-
scribed in the proposition below.

Proposition 1. For any N x M array receiving matrix X° = Z ciAp(0;), consider new observa-

tion data of size KL x LK as follows:
chP Ap(® chAp (18)

utilizing the projection operator of X = X° onto P, if the minimum angle distance between{@i}fz1
satisfies

Amine = mm||® ®]H_oo

= mmmm{ ‘9 9 (19)
i#j

— ¢} Zmin{[4/(N-1)], [4/(M-1)]}

where |0; — 0;] and |p; — @;| are considered the wrapped distances on the unit circle. Then, the
solution to (17) is guaranteed by (18) with at least a possibility of 1 — 6, and two Toeplitz matrices
with {@i}f:l coded in can be efficiently achieved via a SDP given by:

IPOO]Lap = gmin {52t (brace(T(wy)) + trace(T (uq) }

T(u) PX)Y w0
S"*[P(X) T(uw} 7OX=X

(20)

Since P is a linear operator satisfying its homogeneity and additivity, the performance
guarantees of this proposition, followed by the equivalent SDP problem, can be easily de-
rived from the atom norm theory in [20,26,31]. We omit the details and provide a brief
proof of the equivalence (20) in Appendix A.

Remark 1. Given

[ 1 1
ZCAP 2\01|AP @;, i) Z|CibKL<®ir2§i>dI£IK<®irzgi>r (21)
;

the positive semidefinite (PSD) feasible cone can be expressed as follows:
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H
1 1
'/ ,é’. di @., 7(;‘.
: f : LKA f Y1 o= (22)
bKL ©;, 3G ) | |bkL(©i, 58

Then, one has the following two Toeplitz matrices
I 1 . 1 I .
T(upy) = )_leilbke| ©i 58 Jbxy { O 58 ) =) [eilbr(©;,0)bg; (©;,0)  (23)
i i

B R N

i

1 1 1 1
Tlug) = ¥l (04 56 ) (@4, 36 ) = Llaldre(©,,0)ak(0,0) (24

withu, = Z lci|bkr(©;,0) and uy = Z |ci|drz(®;,0), which implies that T'(uy) in the PSD

cone owns the same column space as the covariance matrix R; defined previously, while
T(uj;) also has the same Toeplitz structure as Ry, except for the size and the constant differ-
ences in terms of the diagonal elements. That is to say, we can efficiently estimate {61-}511
and {qoi}le by exploiting the optimum solutions T (1) and T (#};), respectively. It is im-
portant to note that the PSD constraint above will eliminate the phase information of mul-
tiple measurement data, which here results in the phase eliminations of P(X) and P(X)H,
respectively, making it possible to separately process the two spaces of P(X). However,
for single-snapshot data, this constraint can help to deal with cases where the rank of the
covariance is one, which explains how the framework of ANM can even handle the data
with a single snapshot. In addition, the estimators T(ii,) and T(@;) are obtained with a
de-noising process; thus, knowledge of the number of sources is not needed, even if the
traditional methods are then applied to achieve estimates of {6;}/_; and {¢;}|_;.

Remark 2. In particular, the conditions for the minimum angle distances still rely on the size
of X (i.e., the lengths N and M) rather than the projection parameters K and L. Furthermore, [23]
has shown that the minimum distances can be relaxed tomin{|1.19/(N —1)], [1.19/(M —1) |},
which satisfies most practical applications. We conducted experiments to verify these, and these are
described in Section 4 of the paper.

In fact, the array receiving data are always corrupted by the additive white Gaussian
noise (AWGN) as follows:
Y =X+N (25)

and hence, the projection of Y’ onto P is given by
P(Y’) = P(X)+P(N) (26)

Nevertheless, P(N) can hardly be employed directly, because projecting N onto P
will not only increase the computation complexity, but also make the statistically indepen-
dent noise variables become correlated. Note that P is a linear mapping, and thus, P(N)
is uniquely determined by the noise data N. Thereby, N can be considered as the ker-
nel of P(N), and is an acceptable noise constraint. Combining (17), (20), and Remark 1,
two Toeplitz optimization matrices, where {91‘}1-[:1 and {go,'}f:1 of interest are coded in, are
achieved in the presence of noise via

min||P(X)]| 4, s.t.HYO - xHi <P 27)

or, equivalently,
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. 1
Xn;;gd{ 2\/Iﬁ(tmce(T(ub)) + trace(T(ud)))} o
T(uy) P(X)H] 0 HZ 2
.t. =0Y —X|| <
’ LD(X) T(uy) P

where 7?2 is the noise level known. The equations in (20) or (28) are usually solved based
on the interior point method using a SDP solver of the CVX tool, namely, SDPT3 [29,30].
Then, {91-}1.1:1 and {(pi}le can be estimated from the optimum solutions T(#,) and T ({,)
via traditional estimation methods, as mentioned before.

3.2. The Odd-Number Array and Fast Algorithm

This section focuses mainly on the case where both N and M are odd, and develops
a new estimation criterion for {91‘}{:1 and {(pi}f:l without pair matching [33] after the
SDP (20) or (28) is solved, which can bring computational convenience and performance
improvements.

Now, we select the optimal parameters K = (N+1)/2and L = (M +1)/2, where
onehas K = N—K+1 = Kand L = L. Assume that two estimators T(#,) and T(d,)
have been obtained, and then the following equations hold:

(D) =PB (&) = PT(,)P" 29)

according to (15), (23), and (24). We denote the eigenvalue decompositions of T(i1,) and
T (%) by . .
T(ﬁb) = UpsAps Uy, T(ﬁ;) = UgsAgs Uy (30)

where Uy contains the principal eigenvectors of T(#,), whose eigenvalues satisfy
{(Tb,i > ’Wb,max}- Here, 0}, max denotes the maximum eigenvalue of T({i;), and v is a con-
stant and can be fixed at 0.1. Meanwhile, Uy, is obtained in the same way from T(a}),
which is reasonable because the minor components of the de-noising estimators T ({1, ) and
T(f;) have almost near-zero eigenvalues. Then, assuming there are two nonsingular ma-
trices such that .

U, = BU L, Uy, = (D’) Uy (31)

we obtain Uy, = PBU, ! = PU,,U;U, . Denoting U;U, ! £ O leads to U, = PU,,0 and
o'y =0, (32)

Let us further construct U Uy, and U" U, where U  and Uy, are selected from Uy,
—bs —ds - bs o
with the last and first L rows deleted, respectively, while U and U, are constructed from
o —ds
Uy, in the same way with the K rows deleted. We then obtain the two following eigenvalue

decompositions: B B
U0, = UiTU; Y, UT G, = U, YU, ! (33)
—bs —ds
and {Gi}le and {(p,»}f:l are coded in the diagonal eigenvalue matrices I' and ¥ according
to the rotational invariant subspace method [27]. Using (32) and (33), it follows that

r= UflU:ﬁthl, Y = UElU;ﬁdsUz = UfloU;ﬁdsO_lUl. (34)
—bs —ds

Since O is also a nonsingular matrix, OUT U0 ! displays the same eigenvalues as
. —ds
Ut Uy, ie., the eigenvalue matrix ¥. Then, the following linear fitting and a joint eigen-
—ds
value decomposition are computed by

aUT Uy, + (1 — a)UT U, = UDUH (35)
—bs —ds
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where parameter « is introduced to prevent the rank defect when 6; = ¢;. Finally, the
eigenvalue matrices can be obtained, adopting the common eigenvector matrix U as

I = UHU:ﬁbSU, Y= UHU; U, U (36)
—bs —ds

and the estimation of the DOAs can be achieved directly using ® = (diag(T), diag(‘¥))
without a pairing step. This new estimation criterion not only quickens the solving process
to a certain extent, but also provides the DOA estimation without pair matching, which
proves to be more effective even when multiple signals share the same angles in both the
azimuth and elevation dimensions (Section 4).

In addition, due to higher temporal complexity of the SDPT3 solver based on the inte-
rior point method, we further propose a fast implementation of the SDP (20) or (28), termed
as the decoupled alternating projections (D-AP) algorithm, to adequately exploit the struc-
tural information about P(X), which is motivated by [28,34]. Note that the optimization
problem (20) displays the following features:

1.  The feasible set
S — [T(ud)) P(X)H] (37)

is PSD.

2. Weobtain T(up) = 0and T(uy) = 0 using the Schur Complement Lemma [35]; hence,
Agi > 0and Ap; > Oforallthei = 1,2,---,1, where A;; and A;; denote the eigen-
values of T(uy) and T(uy), respectively. Thus, the essence of the objective function
in (20) becomes minimizing two J; norms of the eigenvalues. Also, because of the
Hermitian features of T (u;) and T (uy), (20) is equivalent to optimizing two low-rank
Toeplitz matrices.

3.  T(up) and T(uy) on the PSD cone have the following relationship:
T(ug) = PT(uj)P" (38)

Aiming at the analysis above, some important projection operators are defined accordingly:

1. Let S be the projection of a | x | Hermitian matrix A onto the PSD subspace, and the
range of S is the PSD set as

J J
B =) max(A,, O)vjv;{, A=) )\jvjv}{} (39)
. =

S(A) = {B e/
j=1

]
where A = jgl /\jvjv]H is the eigenvalue decomposition with eigenvalues {)\j } ]]':1 and

eigenvectors {v; } jI.:l.

2. Let £ be the projection of a | x | Hermitian matrix A onto the low-rank set, with a

rank of no more than Q, by introducing a threshold parameter T,

L(A) = {mnk(B) <Q

] J
B = 2 max()\]- -7, O)UjUfIA = 2 /\jv]-v]H } (40)
i =

which aims mainly to make the eigenvalues of A sparse, and T is chosen for a balance
between the accuracy of the solution and the convergence rate of the algorithm [36].

3. Let T be the projection of a KL x KL matrix A onto the two-level Toeplitz subspace,

such that
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UK*II+1,]‘ — K=ir1 Z (Bj)mm#»ifl’ l: 1,...,K,j - 1,2,...,L

T(A) =< Ts(U)| Uk—i-1 = g7 L (B))

Lt A((t— DK+ 1: 4K, (t— DK+ (j— DK +1: tK + (j — DK)+
= A=K+ (- 1DK+1:tK+ (j— 1K, (t— 1)K +1: tK)

i=—K,...,—2j=12,..,L (41)

B = st

where 7Tp(U) is an L x L block Toeplitz projection with each block
Ty, (UK:ZKfl,\hHl/Ul:K,\hHl) being a 1D Toeplitz matrix of size K x K, h =

—(L—=1),---,0,1,---,(L —1) [23], and Ugog_1,pj4+1 and Uy 41 denote the first
column and the first row of Tj,, respectively.

Then, the D-AP algorithm can be carried out via iteratively projecting the optimiza-
tion variables S, T(uy), and T(u,) onto the corresponding spaces, which are presented in
detail in Table 3, where T(u,) and T(uy) share a joint low-rank projection utilizing the
mathematical relationship (29), improving both the accuracy and the convergence rate of
the algorithm to a certain extent.

Table 3. The D-AP algorithm.

Algorithm 1: D-AP

1. Initialization: given n = KL, Z° = (YO), TO(uy) = (ZZH), TO(uy) = (ZHZ>
2. Iteration:
for j = I:max iterations

. Ti—1 zi—1 H . .

21 §1= (ug) ( ) ,and S/ = (51-1)
7zt T ()

22 Ti(w)=Si(n+1:endn+1:end), T(u,) = E(Tf(ub)) Ti(uy) = PT/ (u,)PH

2.3 cut-off condition: if HSj —gi1 HF < J, break

end
3. Estimation: DOAs ® are estimated through T(ii,) and T ().

Remark 3. The initial Y'should be unitized, helping to select the parameter T in the low-rank
projection steps, and an empirical value 0.1 is provided here for the signals in this paper. Note that
the low-rank projection in the D-AP algorithm is also a de-noising process in the presence of noise,
so this algorithm can also deal with the SDP (28). In addition, the convergence of our proposed
D-AP algorithm has been guaranteed, because the range spaces of the projection operators utilized
in D-AP are all closed and convex except for the low-rank projection, which is nonconvex, but has
been proven to exercise no influence on the convergence of the algorithm [37,38].

Remark 4. The D-AP algorithm is an iterative process that involves alternating projections onto
the PSD and two low-rank spaces. Specifically, at each iteration, the PSD projection consists of
two steps: the eigenvalue decomposition and matrix multiplication, resulting in a computational

complexity of O ((1 /2%)(N M)3) The low-rank projections follow a similar process, but with re-
duced complexity of O ((3/26) (NM)3) due to a joint projection of T (uy) and T (uy). Assuming

that the maximum number of iterations is kp, the overall complexity is O (kp (19/2°)(N )6) for

N = M. Recall that the D-PANM algorithm implemented by the SDPT3 solver relies on calculat-
ing the Newton direction by solving a group of linear equations, and its complexity, determined by

the size of the PSD constraint, is O ((N )7> for N = M [26]. Consequently, the D-AP algorithm
offers a more computationally efficient solution compared with the D-PANM one.
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3.3. Higher Resolution and Discussions

In the previous section, we discussed a fast implementation algorithm utilizing two
low-rank projections under the framework of the proposed projected atomic norm. Ac-
tually, since the atomic norm theory is limited by the conditions of the minimum angle
distances (stated in Proposition 1), it is usually substituted by an atomic J norm [22,39],
which will be further transformed into the low-rank problem for optimization.

We define a projected atomic Jp norm via the projected atom set Ap, proposed in
Section 3.1 as

1
1P a0 = inf{l P(X) = Y ciAp(®;), Ap(®) € Ap } 42)

Similarly, an approximation of [|P(X)|| 4,, o is allowed as

IPX)|ap,0 = X{gjgd{%mnka(ub)) + %rank(T(ud))}

St[nud) P(x)"
PO ()

(43)

2
=0, ([ YO —X|| <#?
F

Unfortunately, the discontinuous problem (43) above is NP-hard. Although the D-AP
algorithm proposed earlier can be exploited to solve the low-rank problem, it lacks stabil-
ity in some case with higher resolution requirements. In order to obtain a more accurate
solution, many smooth surrogate functions which simulate the characters of the rank are
then adopted for the objective function of (43) instead [40]. Here, we consider two concave
trace functions given by

f(T(up)) = trace((T(up) + 1) "), fo(T(wg)) = trace((T(ug) +e0) ") (@4)

as the approximations of rank(T(u;)) and rank(T (u,)), where ¢, and ¢, are the parameters
introduced to avoid the appearances of zero matrices. We then find the local optimum for
the new programming problem via the majorization—-minimization (MM) algorithm [41],
which is an iterative method with the following decoupled weighted optimization problem
for each iteration:

min { trace (Wb,jT(ub)> + gtrace (WdJT(ud)) }

upj1.84,4+1,P(X) 11

(45)
T(uy) 73(X)H 0 2 2
.1 =0, —X|| <
’ {P(X) T(up) 0 Y
-1
with the weighting functions W;; = trace((T(uh/]’) —l—sb,jl) > and Wy, =

-1
trace((T(ud,O + sd,]-l) > Then, problem (43) can be implemented via iterative opti-

mization (45) until the accuracy condition is met, and this algorithm is termed decoupled
projected reweighted atomic norm minimization (D-PRAM), following the same naming
convention seen in [22].

The reason for mentioning the above problem in this paper is that we are surprised to
find that our proposed projected atom set can not only handle the angle-ambiguity prob-
lem under the framework of ANM, but also has a better resolution performance under
the framework of atomic J) norm minimization than the existing 2D reweighting atomic
norm algorithm induced by a vectorized atom set [22-24]. The vectorized 2D atomic norm
optimization problem adopts an atom set given by

Ay ={a}(¢)®an(0),0 € [-m, 7], ¢ € [-7, 7]}

={ay(0),0 € [-n, 7] x [-m, 7]} (46)
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via vectorization of the matrix set 4,4, and its atomic norm, defined similarly to the way
stated earlier except for the induced atom, can be computed via the following SDP problem:

[vec(X) | 4, = min){z\/}\lthmce(T(u)) + %t}

u,vec(X
H
ot [ t vec(X)

, W
vec(X) T(u) H

<
277

] =0, vec(YO) — vec(X)

where T(u) is a NM x NM block Toeplitz matrix. For ease of comparison, this 2D atomic
norm algorithm is termed as vectorized atomic norm minimization (vecANM), and its cor-
responding reweighted algorithm is referred to as vectorized reweighted atomic norm
minimization (vecRAM) according to [22,24], which is a problem optimizing the atomic
To norm induced by the vectorized atom set Ay and similarly formulates the following
SDP for each iteration:

min {%trace(WjT(u)) + %t}
ujy1,0e0(X) 4

t vec(X)"
t. =0,
; [ vec(X) T(u) }

e "

vec(Y) — vec(X
(Y°) = vec(x)

where W; denotes the weighting function accordingly. Note that (48) here reweights to
the single term of the objective function, while the proposed D-PRAM adopts a decoupled
reweighting strategy, and we will show that the decoupled strategy achieves a more en-
hanced performance in terms of resolution in the subsequent simulation. Additionally, the
computational load of our proposed algorithms has also been relatively reduced compared
with these vectorized 2D atomic norm optimization algorithms. According to the analysis
in the previous subsection, the complexity of the vecANM problem (47) is predominantly

influenced by the size of the PSD cone, which can reach O ((N M )3'5> . In contrast, the pro-

posed D-PANM algorithm has a PSD constraint of smaller size KL x LK, thereby reducing
the complexity to O ((NM)3'5 / 23'5>. For the reweighted versions, i.e., vecRAM and D-

PRAM, the computational complexities are O(lel(NM)?"S) and O(kR,z(NM)B'S / 23'5),

respectively, given the iterations kg 1 and kg ». Notably, this implies that D-PRAM holds
more noticeable advantages regarding computational efficiency, particularly in scenarios
necessitating multiple iterations.

4. Numerical Simulations

We present a series of numerical simulations to illustrate the performance of the pro-
posed D-PANM algorithm and its derived results compared with those of the existing
ANM algorithms. All of the methods involved in this section are illustrated briefly in
Table 4, along with the computational complexity. Each experiment was based on single-
snapshot array data, the signals were generated independently with the same constant
magnitudes o; and the phases satisfied a randomly uniform distribution from — to 7t such

that E (CCH ) = 0?1. The array’s signal-to-noise radio (SNR) was set to be 10log,, (02 /07),
where ¢2 is the covariance of the Gaussian noise. Specifically, the number of signals I

was not known as a priori, and only the information about the magnitude of noise N Moc?
was given.
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Elevation ¢

Table 4. A brief illustration of proposed algorithms and the comparison ones. (kg1, kg2, and kp
denote the maximum number of iterations in related algorithms).

Algorithm Illustration C?ﬁzlze\;; ty
DeANM Atomic norm minimization induced by matrix atom set [26] @) (23'5 N 3'5)
vecANM  Atomic norm minimization induced by vectorized atom set [23] @) (N 7)
vecRAM Reweighted version of vecANM [22,24] O (kr2N7)
D-PANM Proposed decoupled projected atomic norm minimization @) (2%5 N7)
D-PRAM Reweighted version of D-PANM o (k 19 N7 )
Proposed fast implementation of D-PANM with decoupled 19 716
D-AP alternating projections o (kp »N )

First, we provide an intuitive example to verify the accuracy of the proposed algo-
rithms when the signals share common angles in both the azimuth and elevation dimen-
sions. In particular, consider a URA with N = M =9, and [ = 7 narrowband signals ran-
domly generated with ¢2 = 1 and directions (—37.1°,81.2°), (—19.6°,34.9°), (5.2°,19.2°),
(5.2°,70.6°), (20.1°,55.3°), (38.5°,19.2°), and (57.3°,55.3°). Assume single-snapshot ar-
ray data polluted by the noise with 02 = 1/105NR/10 where SNR = 30dB, and let K =
L = (N+1)/2 = 5. Then, 500 Monte Carlo experiments were carried out to estimate
the DOAs for each of the algorithms DeANM, vecANM, and D-PANM. Figure 2a—c show
the results, respectively, all of which were implemented by the SDPT3 solver. It is ap-
parent that DeANM could hardly obtain correct angles, and vecANM provided incorrect
DOA pairs in some runs in such a multi-angle ambiguity scenario. However, the pro-
posed D-PANM with an automatic pairing criterion demonstrated a strong performance.
Furthermore, the estimated results of the fast algorithm D-AP proposed in Section 3.2 are
described in Figure 2d, which had almost the same recovery performance as the D-PANM
did using an SDPT3 solver, but with a fairly small amount of computation. We will give a
detailed computational analysis in the following simulation.

—40 |
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—100

' ' ! 9 : : : :
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S0 |4 A vecANM | |
70| 4 Al
| 60 | ]
5 + A +
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>
K]
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40 b
30
20 b e A
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Figure 2. Cont.
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Figure 2. The estimated DOAs in the angle-ambiguity scenario with N = M = 9, K = L =5,
SNR =30 dB, and the number of signals I = 7: (a) DeANM; (b) vecANM,; (c) proposed D-PANM,;
(d) proposed D-AP.

Second, we investigate the performance of the algorithms in terms of resolution,
adding the reweighted versions of the corresponding algorithms. Let N = M = 9 and
the mapping parameters K = L = 5. Suppose there were I = 2 sources impinging onto
the array, one of which was set to be the reference with DOAs (30°,30°), while the other
one gradually moved away by a directional step of 0.5° on a scale of 1° to 10° in both the az-
imuth and elevation dimensions, and that a random fluctuation within a range of £0.025°
was allowed for each trial. We empirically set the initial reweighting parameters ¢ = Apax
for each algorithm uniformly and reduced them by half in each iteration, where A,y de-
notes the maximum eigenvalue of the corresponding Toeplitz matrix in the first iteration.
One hundred Monte Carlo experiments were carried out, and their results are shown in
Figure 3, which compares D-PANM and vecANM with their reweighted algorithms, re-
spectively, where RMSE is the root mean squared error. The results show that D-PANM
and vecANM had the same resolution performance, being able to exactly recover two
sources mutually separated by 8.5°, and verified the condition for the minimum angle dis-
tance argued in Proposition 1: sin(8.5°) > min(1.19/(N — 1), 1.19/(M — 1)). Meanwhile,
D-PRAM (the reweighted version of D-PANM) could efficiently distinguish the sources
with a 3° distance while vecRAM (the reweighted version of vecANM) can only distinguish
a 6° one, which is to say that our decoupled reweighting strategy adopted in D-PRAM is
superior to the one utilized in vecRAM. In addition, the resolution performance of D-AP
is also presented in Figure 3 with a deletion of failed runs, denoted by D-APDeleted. Note
that, although the curve shows that D-AP is almost unlimited in resolution, it becomes
increasing unstable as the angle distance grows closer. To verify this, the success rates of
our algorithms D-PRAM and D-AP are shown in Figure 4, where the success rate is set to
be the ratio of runs with RMSE < 10~2. The results indicate that the performance of D-AP
is not stable enough when the angle distances are relatively closer, even though it is gen-
erally considered that the implementation method based on AP is capable of handling the
low-rank problem. However, its stability becomes guaranteed starting with a larger angle
interval of 13°, and the computational complexity benefit remains attractive. By contrast,
D-PRAM has a 100% success rate as long as the sources are separated within the minimum
allowable range.
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Figure 3. Comparison of resolutions for two signals with N = M = 9 and K = L = 5: (a) azimuth
distance Af;; (b) elevation distance Ag;.
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Figure 4. Success rates of DOA estimation with respect to the angle interval: (a) azimuth distance
AB;; (b) elevation distance Ag;.

Furthermore, the mean computational times of the algorithms involved in this section
are provided in Figure 5, obtained by a computer with an Inter i7-7700K 4.20 GHz CPU. As
shown in the figure, the performance of D-PANM showed improvement in terms of reduc-
ing the computational amount compared with vecANM, meanwhile, D-PRAM based on
the decoupled reweighted strategy even displayed the same computational complexity as
vecANM after multiple iterations, but had a greatly enhanced resolution. Of course, D-AP,
as a fast implementation of D-PANM, exhibited reductions orders of magnitude larger in
terms of computational complexity. Additionally, it is interesting to find that the curve of
DeANM was higher than that of D-AP even though the theoretical computational complex-
ity of DeANM was lower than that of D-AP, which was most likely due to the differences
in implementation methods between different algorithms and the time-consuming nature
of scheduling the SDPT3 solver. However, there was a downward trend for DeANM as
the number of sensors increased.

Finally, we carried out 100 Monte Carlo experiments to validate the performance of
the proposed algorithms in the presence of noise. In this simulation, we considered the
scenario without angle ambiguity for the convenience of comparing our algorithms and
the DeANM algorithm, which can hardly deal with the data when the signals share the
same angles in either the azimuth or elevation dimension. In particular, we take a group
of signals with distinct directions (18°,32°), (38°,70°), and (50°,55°), and let N = M = 11
and K = L = 6. Assume the array receiving data are polluted by the Gaussian noise, with
the SNR varying from 0 to 30dB, and Figure 6 compares the RMSEs of different algorithms
with respect to SNR, where CRB denotes the Cramér-Rao bound. The results show that
the RMSE curve of the proposed D-PANM kept the same level as that of vecANM, but
was lower than that of DeANM, i.e., although the noise constraint in D-PANM relying on
the kernel matrix was the same as that in DeANM, the performance of D-PANM was still
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better, implying that the smoothing projection process helped to improve the anti-noise
performance. In addition, the proposed fast implementation algorithm D-AP exhibited
good performance under a larger SNR, but began to degenerate as SNR decreased, mainly
due to the influence of the parameters.

—O—DeANM ' X
. —A—vecANM
10°F | % vecRAM N\
—5—D-PANM D
—5—D-PRAM
10*+ | —k—D-AP ]
T
=
= 10'LE i
=
z 8 5
10 J
107! B
5 ‘ ‘ .
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Figure 5. Mean computational time vs. the number of sensors.
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Figure 6. Noise performance: RMSE vs. SNR with N =M =1land K= L = 6.

5. Conclusions

In this study, we developed a 2D DOA estimation method in angle-ambiguity sce-
narios based on the framework of ANM, and a valid atom set, i.e., the projected atom set
Ap, was then constructed taking full advantage of the phase elimination property of the
equivalent SDP problem, along with the smoothing idea. Indeed, the D-PANM algorithm
induced by it fully retained the benefits of ANM. That is, it is capable of handling the ar-
ray data with limited snapshots, even a single one, without knowing the source number.
Moreover, it not only accurately yielded the estimation of DOA with automatic pairing
when two or more signals impinged from the same directions, but also was more robust to
the noise compared with ANM of the decoupled type. In addition, the proposed algorithm
had a lower computational load compared with the existing vecANM, and its resolution
with a decoupled reweighted strategy was superior to that of the comparison algorithms.
Furthermore, a D-AP algorithm was also utilized to accelerate the implementation of our
problem, which proved effective under many conditions.
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However, the proposed method is based on the ideal array manifold matrix and is rel-
atively sensitive to signals with vastly different power levels, so a more robust algorithms
in a real test environment should be investigated in the future. Moreover, we will consider
incorporating the processing method with multiple-snapshot data. Lastly, a characteristic
of ANM is that it can deal with incomplete data, so a sparse array or an array with missing
elements is also a direction for future research.

Author Contributions: Conceptualization, M.L. and C.D.; methodology, M.L. and Y.D.; software,
M.L.; validation, M.L., Y.D. and G.Z.; formal analysis, Y.D.; data curation, G.Z.; writing—original
draft preparation, M.L.; writing—review and editing, M.L.; visualization, Y.D.; supervision, C.D.;
funding acquisition, Y.D. and C.D. All authors have read and agreed to the published version of the
manuscript.

Funding: This research was funded by the National Natural Science Foundation of China, grant
number 61901332.

Data Availability Statement: The data that support the findings of this study are available from the
corresponding author upon reasonable request.

Conflicts of Interest: The authors declare no conflicts of interest.

Appendix A

Proof of (20) in Proposition 1. Let us introduce the following theorem first before proving
this equivalence:

Theorem A1 ([31]). Suppose a 1D multiple measurement vector (MMV) Y € CN*L is expressed

I
asY = Y |c;|a(0;)¢;, where a(0;) denotes the steering vector, |c;| > 0 denotes the amplitude of
i=1

the receiving signal c;, and the matrix ¢; is the phase of c; with ¢; = lci| Yc; and || ;]| = 1. Then,
the atom set of MMV data can be defined as

Amm = {a(0)¢, ll¢] =1} (A1)

and its atomic norm induced by Appp is given by

I
Y]] Ay = inf{Z,|Ci|
1

which equals the following SDP:

I
Y= Z |cila(0;)¢:, a(0;)¢; € AMM} (A2)

1YN 4y = n&%‘?{ﬁ[trace(W) + trace(Ty (u))]}
Wy (A3)
'[Y Tl(u)} g

where Ty (u) denotes the 1D Toeplitz matrix with u as its first column, and W is an introduced
optimization variable. In addition, the right side of (A3) is denoted by SDPp(Y).

O

Next, denote the right side of (20) by SDP(P (X)), and show || P(X)|| 4, = SDP(P, (X))
by proving SDP(P(X) < [P(X) .4, and SDP(P(X)) = [P(X)]| 4,,-
On the one hand, we prove SDP (P(X) < [[P(X)[| 4, - Suppose that
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Zcﬂ? Au(© chAp 2|c1|bKL<®z, )t (0n58)

I I
is given, then let u, = ) |c;|bxr (©;,0) and uy; = ¥ |c;|d;z(©;,0). We have
i i

ub Z V |C1|bKL ®z/0 bKL ®z/0 Z V |Cz|bKL ®z/ é(z) (®1/ €1>

(A5)

L /KL H 1
T = Y/ R loldrx(©,0)af(0,0) = 3y R llare (0 36 ) ot (0 3

l (A6)

Then,
H

[T(ud) ] - FdLK ®;, 3Gi) | | VKLAg (9, 5 (A7)
P(X) i FbKL ®;, 1¢&) | | VKIbki (0, 3¢

is positive semidefinite (PSD), since |c;| > 0 for all i hold. In addition, each diagonal
I 1
. /KLy, - . [KLy|..
element of T(uy) is ﬁ§|cl|, and the diagonal elements of T(uy) is ﬁg\clL so the

following equations hold:

\/ﬁtmce Z|Cl| ﬁtmce Z|Cl| (A8)
Therefore, SDP(P (X)), as the minimum point, has the following relationship:
1 I
SDP(P(X)) < 2\/ﬁ(tmce(T(ub)) +trace(T(uy))) = Li—:\cl-| (A9)

ie., SDP(P(X)) < [[P(X)| 4,-
On the other hand, we prove SDP(P(X)) > [|P(X)| 4, from the results of Theorem

Al.
Given
I
PX) =Y lalbke (@ 3i) die (@) 1)
i
I 1
i2Gi
= v le|afi (©: 2)) \bKL( o 38) e (A10)
Rle e (0, 12,) - x(@:45)
= LVRTledbi (0 36) it {e:15)
i(®ir éz H ( i (:t)
Then, || —H—2221 1,and b , 72 has the same structure as
[t (@.Je) (9161 o, o1
| —
a(0)¢, which can be considered as the atom of Aym. Thus, [P(X)| 4,,,, = '21 VKL|c;],
i=
and
SDPuy(P (X)) = thZr [trace(W) + trace(T(uy))]
b
H . All
s.t.[ w P(X) ] =0 ( )
P(X)  T(up)

Therefore, one has
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I
1
P(X = Yol = —|IPX)| ) (A12)
Combining (20) with (A11), we know that SDP(P (X)) has the same objective function
as \/%S DPp (P (X)) except for an additional Toeplitz constraint T(u,). Thus,

SDP(P(X)) = —=SDPy(P(X) = —=[P(X) s, (A13)
According to (A12) and (A13), SDP(P(X)) = [[P(X)|| 4,
In conclusion, we obtain ||P(X)|| 4, = SDP(P (X))
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