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ABSTRACT Direction-of-arrival (DOA) estimation in coprime array involves the problem that there is the
coexistence of both uncorrelated signals and coherent signals in the multipath environment. An approach
to estimate DOA of uncorrelated and coherent signals separately, based on the coprime linear array and
coprime planar array, is proposed in this paper. The uncorrelated signals are estimated first, where the root
multiple signal classification (root-MUSIC) is applied in the coprime linear array and unitary estimating
signal parameters via rotational invariance techniques (Unitary-ESPRIT) is utilized in the coprime planar
array. Those subspace algorithms are of low complexity compared with the spectral peak search method.
We then eliminate the components of noises and uncorrelated signals and reconstruct a covariance matrix
of coherent signals. Finally, we use the root-MUSIC or Unitary-ESPRIT to resolve the one-dimensional or
two-dimensional DOAs of coherent signals, respectively. The simulation results demonstrate the computa-
tional efficiency and high accuracy of the proposed algorithm. The results also prove that this algorithm can
estimate the number of signals more than that of subarray sensors and separate two signals from the same

angle.

INDEX TERMS Direction-of-arrival, coprime linear array, coprime planar array, coherent signals.

I. INTRODUCTION

Direction-of-arrival (DOA) estimation for multiple uncor-
related signals is a fundamental task in many applications
such as radar [1], underwater acoustics [2], [3], indoor nav-
igation, and wireless communication [4]. In most researches,
the uniform non-sparse arrays, such as uniform linear array
and uniform rectangular array (URAs) [5], with subspace
algorithms can obtain high-resolution DOA estimations. The
multiple signal classification (MUSIC) [6] is a spectral peak
search method. However, it owns large computational com-
plexity. The root-MUSIC [7], estimating signal parameters
via rotational invariance techniques (ESPRIT) [8], propaga-
tion method (PM) [9], and Unitary-ESPRIT [10], [11] aim
to reduce the complexity efficiently. The algorithms men-
tioned above are all based on uncorrelated signals. However,
there are usually the coherent signals or highly correlated
signals in multipath environment, which results in the low
rank of signals subspace. Thus, the subspace algorithms
become invalid to estimate DOAs for coherent signals and
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highly correlated signals. In uniform non-sparse array, spatial
smoothing divides an array into multiple overlapping subar-
rays, and combines all covariance matrices of subarrays to
recovery the rank of the signals subspace [12], [13]. Besides
spatial smoothing, in uniform non-sparse array, a processing
that estimates the DOAs of uncorrelated signals and coherent
signals, separately, has a favorable performance [14]-[17].
The methods are all based on the processing that estimates
the uncorrelated signals, then eliminates the components of
them, and resolves the coherent signals at last. Thus, they can
estimate the number of signals more than that of sensors.
Nowadays, the coprime arrays, a kind of sparse array,
including coprime linear arrays [18]-[20] and coprime planar
arrays [21], [22], which are respectively applied to estimate
one-dimensional (1D) and two-dimensional (2D) DOAs,
have become a focus. Compared with a uniform non-sparse
array, a coprime array has a larger aperture with the same
number of sensors so that it can acquire a higher accu-
racy. When the signals are coherent, the coprime array can
also have effective methods. We consider that the coprime
array consists of two uniform arrays, then we respectively
use spatial smoothing in each subarray, and apply common
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peak search method to find the real DOAs [20]-[22]. Unfor-
tunately, one disadvantage of spatial smoothing is that it
reduces the maximum number of signals resolved. More-
over, common peak search also limits the number of signals
resolved less than that of subarray sensors. Hence, if we
combine those two methods to estimate coherent signals in
coprime array, we will not be able to estimate multiple sig-
nals with limited sensors. Two active estimation algorithms
in coprime linear array of multiple-input multiple-output
(MIMO) system have been presented in [23] and [24]. But
the active detection has a higher cost than passive detection.
A passive estimation method in coprime linear array uses
fourth-order cumulants matrix (FCM), which can estimate
the number of signals more than that of sensors, but it needs
another supplementary sparse array [25].

In this paper, we introduce the methods from [15] and [17]
to coprime model to estimate both coherent and uncorrelated
signals, where we consider both coprime linear array and
coprime planar array. We present the algorithms steps and
prove that the methods in uniform non-sparse array can also
be applied to sparse array. Compared with spatial smoothing
in coprime array, we can estimate the number of signals big-
ger than that of subarray sensors. Compared with the existing
passive estimation algorithms, we need no supplementary
array in coprime linear array. Moreover, we have made some
improvements to reduce the complexity. We use root-MUSIC
in coprime linear array. Partial spectral search (PSS) [21]
and 2D-ESPRIT [22] have been utilized in coprime planar
array, where the former is still based on spectral peak finding
and the latter needs to match parameters. Hence, we utilize
Unitary-ESPRIT in coprime planar array, which obtain the
lowest complexity than PSS and 2D-ESPRIT without param-
eters matching.

The paper is organized as follows. We first present two
array models in Section 2. In Section 3, we explain our
approach to estimate DOAs, and show the steps of the pro-
posed algorithm. The computational complexity and the max-
imum number of signals resolved analysis are presented in
Section 4. In Section 5, we show the results of simulations.
Finally, we summarize work in Section 6. Throughout this
paper, Iy represents the N dimensional unit array; (e)”, (8)*
and (e)? respectively represent the transposition, conjuga-
tion and conjugate transposition; diag [e] represents a vector
transforming to a diagonal matrix; ® denotes the Kronecker
product; [e] denotes the round up to the number.

Il. SYSTEM MODEL

Considering the coprime array model, 1D and 2D array geom-
etry are shown in Fig. 1 and 2, respectively. 1D coprime array
is generally made up of two uniform linear arrays. Subarray
1 has M; sensors and subarray 2 has M> sensors, where
M; and M, are the coprime integers (generally assuming
M < M;). We define the mth sensor location of the ith
(i = 1,2) subarray as (m — DM;A/2 (i = 1,2 and i # i),
where A denotes the wavelength. Hence, the steering vector
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FIGURE 1. Geometry of coprime linear array.

FIGURE 2. Geometry of coprime planar array when M; =3, M, = 4.

of coprime linear array is given by

o AT
a; (p) = [1’ eITMising =i (Mi—DM; Slngo] e

where ¢ is the DOA of one signal. As for 2D coprime array,
we combine two uniform rectangular arrays, where subarray
1 has M| x M sensors and subarray 2 has My x M, sensors,
and the space distance between the two adjacent sensors is
M:;) /2. The steering vector of coprime planar array is denoted
as

bi ((p7 9) = ay,' ® ax,-a (2)

where

’

3)

T Mi=D)M;sing sin(p]T

. . . . T
aXi(¢7 ) = I:]’ e*jﬂM}Sl]’lGCOS(p7 —_ e*jn(M,-fl)M;schosxp:I

—jmt M5 sin 6 si
ayi(gD,g) — [1’6 -j7t M sin Sln(p’

“

and (¢, 0) are the azimuth angle and elevation angle of one
signal, respectively.

Suppose that there are K narrowband far-field signals
impinging on the array. Assume P coherent signal groups,
where the pth group has L, signals. The coherent signal com-
ing from @, ¢ or (¢p,¢, 6p,¢) is corresponding to the £th mul-
tipath propagation of Sj(¢) with power 01,2 forp=1,---,P.
The signals within each group are coherent to each other and
uncorrelated to those in the different group. The total number
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of coherent signals is K, = ZII;:] L,. And the remaining

signals, Si(#) coming from @ or (¢, ;) with the power okz

fork = K.+ 1,---, K, are uncorrelated to each other. The
number of those signals is K, = K — K. Thus, the received
signals at the ith subarray can be represented as

P L
X0 =30 ai (9p.e) oSy

p=1 =1

K
+ ) Ao S +n (1)
k=K.+1
=AS@®) +n" @), )
P Ly
XP (0 =Y b (0p.e. Op.t) BpaSp (1)
p=1¢=1
K
+ 3 b 6 S () + 0l (1)
k=K +1

2
=BS®+n (1), (6)
where the array manifold matrices are denoted as

A (p) = [a; (¢1) -+ a; (px)], @)
B; (¢, 0) = [b; (¢1,01) --- b;i (¢k, 0k)], (8)

and B, ¢ is the complex fading coefficient of the £th coherent
signals in the pth group. The signal data vector

SO =[BiSi @), sk O], )

wheret = 1, --- ,J is sampling time and J is the number of
snapshots. And the noise vector is usually Gaussian random
variables with zero means and variance o,2.

lll. DOA ESTIMATION FOR BOTH UNCORRELATED AND
COHERENT SIGNALS

From (5) and (6), we can obtain the received signal covariance
matrix of the ith (i = 1, 2) subarray as

1 H

1 1 1

Ry = 7Xf. XY = ARsA + 021y, (10)
2 1,0v@H

R§ = jxf. X" = B;RsB/ —}—anIMiz, (11)

where Rg = SS7/J. If there exist the coherent signals,
the rank of Rg is P + K,,, which is smaller than K. The con-
ventional spatial smoothing is used to increase rank of signal
subspace to K. However, The algorithms in [15] and [17]
divide covariance matrix into two parts, according to uncorre-
lated and coherent signals, and just needs to enhance the rank
of covariance matrix of coherent signals to K. In coprime
array, the processing of algorithms is changed and shown in
following parts.

A. DOA ESTIMATION FOR UNCORRELATED SIGNALS
Generally, the MUSIC and 2D-MUSIC can be applied to
find DOAs in linear array and rectangular array, respectively.
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However, to reduce the complexity burden, we apply root-
MUSIC [7] and Unitary-ESPRIT [10] to solve this problem.

In coprime linear array, through root-MUSIC, we can get
the estimation ¢;x (k = K. + 1, ---, K). But because the
space between the adjacent sensors is more than half wave-
length, the ¢; ; may be an ambiguous value. If we get the
one possible value of one signal, we can solute all possible
values, including the real value, by the relationship between
ambiguous values and real value. The relationship is given by

M 8in @; req; = 2m + M; sin Di,ambiguous
(=M; <m < M;). (12)

Then we define the two sets as

1 A A . - oA
<I>§,k) = {@ik,m!@ikm = arcsin(sin @; x + 2m/M;)}
(=M; <m <M, (13)
1
L@ (14)

I _ (N
Q" ={P; g 10

Through finding the common values between the set ®; x
and &, we can obtain the real DOA estimation <,?),: of the
uncorrelated signal.

Similarly, as for coprime planar array, the possible estima-
tion (¢ k., é,-, ) can be resolved via Unitary-ESPRIT. Consider
the relationship between ambiguous values and real value,
which is represented as (15), as shown at the top of the next
page. Thus, we can also have corresponding sets given by (16)
and (17), shown at the top of the next page.

Through finding the common values between the set Q(ZZ;C

and <I>(12), and ®(223€ and ®(12), we can calculate the real val-

ues fi; and D;. Furthermore, the DOA estimation (¢y, ék’ )
(k=K.+1,---,K)is denotes as

Ay . ~r\2 5r)2
oy = arcsm< (Mk) + (Vk) ) (18)
¢ = arctan (D) /4}) -

B. DOA ESTIMATION FOR COHERENT SIGNALS
1) ELIMINATE THE COMPONENTS OF NOISES AND
UNCORRELATED SIGNALS

We first eliminate the components of the noises, following the
steps as:

1 n(1 ~

RV = Ry — 621, ~ ARAY, (19)
2 N2 A

Rf ) = R;[) — O—leiIMl-z ~ BiRsBlH, (20)

where &,%'_ is the average value of M; — K, — P smallest
eigenvalues of Iigl) or M 52 — K, — P smallest eigenvalues of

lig? ) Moreover, the Rg can be rewritten as

Rs = 2 ; 1)
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Mf sin Gi,real COS @¥; real = 2my + M} sin ei,amhiguous COS Qi ambiguous (_Mf <my < ME) (15)
Mf sin 0 real sin Di,real = 2my + Mf sin ei,ambiguuus sin Pi,ambiguous (_Mf =my =< MZ)
2 N N .o N
d)fk) = { i k,my | i ke,my = 2mx /M5 + sin; i cos @; i, —M; < my < M;} (16)
2 A A oA
fk) = {Vik.my | i k,my = 2my/M; + sin0; x sin @; k, —M; < my < M3}
2 _ (2 2)
[ o o) )
0" = {®i,KC+1’ T ’®i,K}
P Ly K
RED (m, n) = Z Z agﬂ;’eypme]n(n—l)Mg singp.e 4 Z O_k2€17r(n—m)M; sin g (23)
p=1 =1 k=K +1
rD (m,ny = R (m,n) — RV* (M; —m +1,M; —n+ 1) (25)
P Ly
R (e, my. ne. ) = 303 028y M (D eos ) sings )
p=1¢=1
K
+ Z O'kzejﬂMf sin Ok ((nx—my) cos g+ (ny—my) sin gy ) (28)
k=K.+1
L,
.1y it M- sin 6, ( (1—my r+(1— ing, .
U;Jn my _ Z:Bp,l/ejn ;sing, , (( M) COS @, ¢ +(1—my) 5111<P,_g) 29)
=1
2 2 2
ri( ) (mx, my’ My, ny) = RE ) (mx,my, My, ny) _RE ™ (Ml — My + I,Mi _my + l,Mi — Ny + I,Mi _ny + 1) (30)
P L
ri(2) (mx, my, ny, ny) — Z Z O_pZCI:’?-lx’mye/nM; sin6p ¢ ((nx—1) cos @p ¢+(ny—1) sing, ¢) (31)
p=1t=1
My ,m L, JruM;sin6, o ( (1—my) cos @, yr+(1—my) sing, o
=S (BB — BBy ) part(1m) sy ) (32)
where REl)(m, n) and that ofREl)*(Mi —m+1,M; —n+1)as
K
Bp.181 Z o 2o (Mi=n+1)—=(Mi=m-+1))M; sin g
R _ 1 * SH ... R* SH k
=7 p1°1 p.Lp P k=K.+1
Bo.1,S o
P:LpSp — Z O_kZejrr(n—m)M; sin (pk’ (24)
.Bp,lﬂ*,] ﬁp,lﬁiz ,Bp,lﬂ;;,Lp k=Kc+1
ﬂp,zﬂgl ,317,2:3;2 ﬂp‘Zﬂ*Lp For m,n = 1,---,M;, we then define rl.(l)(m, n) as (25),
= ) ) . 0, shown at the top of this page, and ri(l) (m, n) can be rewritten
: as
,3pr,3*1 ,BpL ,3*2 ,BpL IB*L P L
LpPp, LpPp, LpPp,L, 1) 2 it (n—1)M; si
(22) r; (m,n) = Z Z o, E;Zlge]”(” WM sin gy ¢ , (26)
p=1t=1
Thus, the element of RED in the mth row and nth column is where
expressed as (23), shown at the top of this page, where y," = L,
L it (1—m)M si . . T (1—mM- si
Ze’pzl 517,/8’6’]”(1 mM;sing, e Because the covariance matrix g;"[ = Z (ﬂ;zﬂp’p - ,Bp’gﬂ; z') /TU=mMsing, o
of uncorrelated signals is a Hermite matrix, we can get the =1

relationship between the uncorrelated signals component of
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Hence, we remove the components of uncorrelated signals
via (25).

This processing can also be applied to the 2D symmet-
ric rectangular array. The element of Rl@ in the (M;(m, —
1) + my)th row and (M;(n, — 1) + ny)th column is denoted
as (28), as shown at the top of the previous page, where
np " is given by (29), shown at the top of the previous page.
For my, my, ny,ny, = 1, , M;, we define the new value

(2) (my, my, ny, ny) as (30) shown at the top of the previous
page which can be rewritten as (31), as shown at the top of
the previous page, where {1:1 z’m"' is given by (32), shown at the
top of the previous page. Thus, we eliminate the component
of uncorrelated signals in coprime planar array via (30).

2) COHERENT SIGNALS IN COPRIME LINEAR ARRAY

In order to construct covariance matrix of coherent signals,
whose rank is K., we utilize the feature that the covariance
matrix of linear array is a Toeplitz matrix, and reconstruct a
Toeplitz matrix based on ri(l)(m, n). Define the new covari-
ance matrix as

rl.(l) (m, Mi) rl.(l) (m, M;)
Ry (m=| z
rD (m, 1) riDm, M)
= A, 3D (m) AH, (33)

where M; = (M; + 1)/2. If M; is an even number, we just
set r(l) (m M; ) = 0. The new array manifold A; =

3[ar (1) 8 (0ran)) I = [Otinry iy | and
>Dm) = diag [01251””1, e 1

,aﬁé{,’fLP]. When K, < M;,

the rank of Rg) is generally K.
As a result, we can apply root-MUSIC to R(l) to solve
the closed-form solutions of DOAs. Through (13) and (14),
we can calculate all possible DOAs and find the common

values ¢y (k =1,---, K,).

3) COHERENT SIGNALS IN COPRIME PLANAR ARRAY

In order to construct the covariance matrix of coherent signals
based on a rectangular array, we first construct a new matrix
F; n, of size MYZ1 X My as (34), shown at the bottom of the
next page, wherems = 1, - -+ , Mg with M1 +Mgp—1 = M;
and 1 < my,my, < M;. Arrange all F; ;,, to a new matrix F;
as F; = [F;1,---,F;p,] Hence, construct the covariance
matrix of coherent signals as

R%) = FlFfi (35)

When MSZ2 > K. and MSZ1 > K, the rank R(é) is K., which sat-
isfies the requirement of using Unitary-ESPRIT. We provide
Theorem 1, the proof of which is postponed into Appendix A.
And we can calculate (@,ﬁ é,,:) k=1,---,K.) via (16),(17)
and (18).

Theorem 1: 1If M?Q > K, and M?l > K., the rank of R%)
is K.

18594

C. ALGORITHM STEPS CONCLUSION

The main steps for the proposed algorithms in coprime lin-
ear array and coprime planar array can be summarized as
follows:

Algorithm 1 DOA Estimation Algorithm in Coprime Linear
Array
1) Calculate the covariance matrix via (5) and estimate
the DOAs of uncorrelated signals using root-MUSIC
in each subarray.
2) Find the common Values of two subarrays and obtain
the real DOAs as ¢; (k = K. + 1, , K).
3) Eliminate the component of noises and uncorrelated
signals via (19) and (25).
4) Define a new matrix rgl) and construct the new covari-
ance matrix of coherent signals via (33).
5) Utilize root-MUSIC to resolve the DOAs of coherent
signals in each subarray and find the common values
of two subarrays as ¢; (k =1,--- , K,).

Algorithm 2 DOA Estimation Algorithm in Coprime Planar
Array
1) Calculate the covariance matrix via (6) and use
Unitary-ESPRIT to solve the possible values of each
subarray.
2) Find the common values of two subarrays and obtain
the real DOASs as (¢, é,:) k=K.+1,---,K).
3) Eliminate the component of noises and uncorrelated
signals via (20) and (30).
4) Define a new matrix rl( ) and F; ., construct Y;, and
calculate the new covariance matrix of coherent signals
as R
5) Utlllze Umtary -ESPRIT to resolve the DOAs of coher-
ent signals in each subarray and find the common val-
ues of two subarrays as (¢, é,f) k=1,---,Kp).

IV. ANALYSIS OF MAXIMUM NUMBER OF SIGNALS
RESOLVED AND COMPUTATIONAL COMPLEXITY
A. ANALYSIS OF MAXIMUM NUMBER OF SIGNALS
RESOLVED
Here we analyze the maximum number of signals that can be
resolved by the proposed algorithm. In coprime linear array,
using the proposed algorithm to estimate the uncorrelated
signals, we should meet the requirement that K,,+P < M| —1.
To estimate the coherent signals, the requirement changes
to Ko < [(My—1)/2]. If P = 1, the K. 4+ K,, can reach
the maximum value M| — 2 + [(M; — 1)/2]. In conclusion,
the proposed algorithm can estimate more number of signals
than the number of subarray sensors when there are coherent
signals.

Furthermore, in coprime planar array, when K, + P <
M12 — 1, we can first estimate the DOAs of uncorrelated
signals. After constructing an My X Mj) covariance matrix,
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we can estimate maximum K, = MSZ1 — 1 coherent signals,
while the total coherent signals are no more than M 32, where
Mg + My — 1 = M;. The maximum K requires that
M;y and My, are big enough, and P is small enough. Thus,
when My = [(M1+1)/2], My = M1 + 1 — My, and
P = 1, the number of resolved signals is maximum as K =
min{Mszz, M s21 - 1}+M 12 — 2, which can also be larger than
the number of subarray sensors.

B. ANALYSIS OF COMPUTATIONAL COMPLEXITY

We analyze the computational complexity of proposed algo-
rithm, which is divided into two parts: coprime linear array
and coprime planar array.

We present an algorithm using root-MUSIC to reduce
the complexity in coprime linear array. Compared with
the algorithm using MUSIC, the difference of complexity
between them is the complexity of subspace algorithms.
The root-MUSIC costs O (M3 + M3 + ([(M; + 1)/21)*+
(T(My + 1)/21)3) while the MUSIC costs O ((([(M; + 1) /

2% + ([(M2 + 1) 121)%) G,) +0 ((M? + M?)), where G,
denotes the number of spectral points.

Similarly, the difference of complexity between the
algorithm using Unitary-ESPRIT and algorithm using 2D-
MUSIC is the complexity of subspace algorithms. That of for-
meris O (M + MS + ([(My + 1)/121)° + (T(M2 + 1) 121)°)
and that of latter is O ((([M1/21)* + (IM2/21)*) G,Go)
+0 ((M} + M3)), where G, Gy denote the number of spec-
tral points.

For the sake of clarity, we compare the complexities of
methods in Fig. 3, where we set M, = M1+1, A6 = Ay, and
Gg =90°/A0 + 1, G, = 360°/Ag + 1. The figure proves
that root-MUSIC and Unitary-ESPRIT can truly reduce the
complexity compared with spectral peak search methods.
Moreover, the spectral peak search method can obtain the
higher accuracy with a smaller searching step, which means
costing higher complexity.

V. SIMULATION RESULTS

A. CRAMER-RAO BOUND OF COPRIME ARRAY

In this section, the Cramer-Rao bound (CRB) of coprime
array is presented, which is plotted as a benchmark. The
CRB for two-dimensional DOA estimation in planar array
has been derived in [26], when uncorrelated and coherent

(a)

(b)

FIGURE 3. Complexity comparison versus the number of subarray
sensors. (a) Coprime linear array. (b) Coprime planar array.

signals coexist. Consider that a coprime planar array is
also a planar array, thus, the unknown parameter vec-
tor in [26] has been changed to ¥ = [(pT,OT, rT,ﬁiT],
[o1,1, - ,<PP,LP,§0KE+1,"'§0K]T, 0 =
[01,1, ,OP,LP,GKCH,n-QK]T, and B,,B; are the real
part and the imaginary part of the vector f =
[/31,2, L By Bros e ’IBP,LP]T. We denote the mth ele-
ments in ¥ as v, thus the general expression of the (m, n)th

where ¢ =

rfz) (mx, my, 1, ms)

ri(z) (mx, my, My, mx)
Fi,mx =
rl.(z) (my,my, 1, My +mg—1,)

@

=1
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. . .
r; (mx,my,Msl,Msl“‘ms_l,)"‘ ()(mmmy’Msl+M92_1aM§l+mx_1)_

ri(z) (mx, my, My, ms)

ri(Z) (mX’ myv M.S] + MS2 - 1’ mg, )
: (34)
ri(2) (m)rs my, Mg, Mg + ms — 1)
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element in Fisher information matrix (FIM) can be expressed

as
9L

—] . (36)

Ym0y
Moreover, the FIMs corresponding to each vector included
in ¢ are denoted as FIMy,, FIMgg, FIMg g, and FIMg,g;,
respectively, and to the cross terms between each vector are
FIMyg, FIMyg,, FIM g, FIMg,,, FIMgg,, FIMgg,, FIMg ,,
FIMlgro, FIMﬂrﬂi’ FIM,gi(p, FIMﬂio and FIMﬂiﬁr' Asa result,
the whole FIM is given as

FIM y,,y, = —E [

FIM,, FIM,y FIM,; FIM,
| FIMg, FIMyy  FIMgs,  FIMyp
MMy = FIMg,,  FIMgy  FIMgy  FIMgg
FIMg, FIMgy FIMgg  FIMgg

(37

Define H = FIM:;}//’ and we can obtain the CRBs of azimuth
angle and coherent angle, respectively, as

K
1
CRBy = |+ > Hy. (38)
N k=l
1 2K
CRBy = X Z Hi, (39)
N\ 7 k=K+1

where Hy i denotes the (k, k)th element of H.

We can consider the linear array as a special planar array,
where only the azimuth can be solved. Hence, we just need
change ¢ = [@”, B!, B!, and the FIM and CRB of azimuth
angle are respectively given by

FIM,,, FIM,5, FIM,,

FIMyy = FIMﬂr(p FIMg. g  FIMgg [. (40)
FIMp,, FIMpgp  FIMgg,

CRB, = (41)

B. SIMULATION EXPERIMENTS
To measure the accuracy of the algorithms, we define the root
mean square error (RMSE) as

RMSE = Ql_K XQ; = quz. (42)

where Q, & and é qare the number of Monte Carlo simulations,
the real values and the gth estimated values, respectively.

1) DOA ESTIMATION OF TWO DISTINCT SIGNALS FROM THE
SAME ANGLE

There are two possible situations when two distinct sources
from the same azimuth (for simplicity we only consider
coprime linear array here). One situation is that one of the
coherent signals and one uncorrelated signal come from the
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(a)

(®
FIGURE 4. Distribution of estimated values. (a) Coprime linear array.
(b) Coprime planar array.

same azimuth. The other is that the two signals, from the same
azimuth, are both uncorrelated signals or belong to the groups
of coherent signal. With the proposed algorithm, we can
separate two signals in different steps in the former situation.
But we cannot obtain the results in the latter situation because
their peaks are totally overlapped in spatial spectrum in the
same estimating step.

Hence, we assume that there are two coherent signals at
1.1 = 0.7° and ¢1 2 = 25.8°, and one signal uncorrelated
to the other two signals at ¢3 = 0.7° with a signal-to-
noise ratio (SNR) of 15dB and J = 500. We set M| = 7
and My = 9. The results of proposed algorithm are listed
in Table 1. Through finding the nearest values between sets
of two subarrays, we can ensure that ¢; 1 = 0.6979°, ¢1 2 =
25.82° and ¢3 = 0.6993°.

Both conclusions of two situations can be applied to
coprime planar array, where the two signals come from
the same azimuth and elevation angle. The signals are
from (¢1,1,01,1) = (45°,45°), (p12,012) = (64°,54°),
and (¢3,603) = (45°,45°), and M| = 4, M, = 5.
The estimated values are shown in Table 2. Obviously,
(@7, v = (0.5002,0.5001), (15, D5) = (0.3545,0.7271),
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TABLE 1. The detailed values of results in coprime linear array.

Value Subarray 1 Subarray 2
oM —61.2275° —40.8677° —25.6005° —12.1148° —57.6654° —34.0022° —15.8732°

0,3 0.7077° 13.5665° 27.1805° 42.7670° 64.3216° 0.6993° 17.3326° 35.7065° 60.3829°

(1) 61.5859° 41.0950° 25.7908° 12.2903° 46.1586° 25.8200° 8.6172°

i1 —0.5361° —13.3901° —26.9879° —42.5337° —63.9285°  —7.8097° —24.9355° —45.0166° —83.2292°
) 64.3349° 42.7748° 27.1870° 13.5724° 60.3801° 35.7048° 17.3312°

i,2 0.7135° —12.1089° —25.5941° —40.8601° —61.2155°

0.6979° —15.8747° —34.0038° —57.6679°

TABLE 2. The detailed values of results in coprime planar array.

Value Subarray 1

Subarray 2

3 .0.6996 -0.2996 0.1004 0.5004 0.9004

-0.9998 -0.4998 0.0002 0.5002

®§23) -0.7001 -0.3001 0.0999 0.4999 0.8999

-0.5002 -0.0002 0.4998 0.9998

o) -0.6998-0.2998 0.1002 0.5002 0.9002

-0.9998 -0.4998 0.0002 0.5002

e -0.7000 -0.3000 0.1000 0.5000 0.9000

-0.9999 -0.4999 0.0001 0.5001

) -0.8456 -0.4456 -0.0456 0.3544 0.7544

-0.6455 -0.1455 0.3545 0.8545

0 -0.8726-0.4726 -0.0726 0.3274 0.7274

-0.7729 -0.2729 0.2271 0.7271

and (5, D5) = (0.5002,0.4998), and then (ém, o1,1) =
(44.967°, 45.007°), (B2, $1.2) = (64.016°,54.007°), and
(03, §3) = (44.997°, 45.009°).

In conclusion, the proposed algorithm is valid to estimate
the DOAs, even if there are two distinct signals from the
same angle, where one is an uncorrelated signal and the other
belongs to a group of coherent signals.

2) FEASIBILITY DEMONSTRATION WHEN THE NUMBER OF
SIGNALS IS BIGGER THAN THAT OF SUBARRAY SENSORS

In the second simulation, we consider the case of K, = 5,
P =1 and K. = 3 with a SNR of 15dB in coprime linear
array, where M; = 7 and M, = 9. Next, we conduct
the simulation in coprime planar array where M; = 4 and
M, = 5 WesetK, = 14, P = 1, and K, = 4 with a
SNR of 15dB. The estimated values of 20 times Monte Carlo
simulations are shown in Fig. 4 (a) and (b). The figure shows
that the proposed algorithms can realize the estimation of the
true DOAs, when there is the coexistence of both uncorrelated
and coherent signals, under the condition that the number of
signals is bigger than that of subarray sensors.

3) RMSE COMPARISON UNDER DIFFERENT SNRs
In the third simulation, we compare the RMSE of proposed

algorithm using root-MUSIC with that of algorithm using
MUSIC and FCM under SNRs from —5dB to 15dB at 5dB

intervals and J = 500, where M; = 7 and M, = O.
There are two coherent signals at ¢ = —40.6° and
@12 = 25.8°, and one signal uncorrelated to the other

two at ¢3 = 0.2°. Furthermore, we compare the proposed
algorithm using Unitary-ESPRIT with the algorithm using
2D-MUSIC, where M; = 4 and M, = 5. Assume that
two coherent signals come from (g1 1, 61,1) = (25.3°, 28.1°)
and (¢12,6012) = (64.4°,54.2°), and one uncorrelated
signal comes from (g3, 63) = (45.2°,45.7°). We conduct
100 simulations for each SNR and vary searching step in
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FIGURE 5. RMSE versus SNR in coprime linear array.

the range from 0.5°, 0.1°, and 0.01°.The results are shown
in Fig. 5 and Fig. 6, respectively.

The Fig. 5 demonstrates that FCM is not sensitive to SNR.
Because there exists the fence effect in spatial spectrum and
the real angles are not located at the searching grid, the accu-
racy of MUSIC with Ag = 0.5° do not improve when SNR is
high. Moreover, the smaller searching step can acquire higher
accuracy. Hence, the RMSE of MUSIC with Agp = 0.01° is
smaller than that of MUSIC with A¢ = 0.1°, but the gap
between them is not big. In low SNR, the RMSE of FCM is
lowest, while that of root-MUSIC is highest. However, when
SNR is high, root-MUSIC has close accuracy as MUSIC
with small searching steps, and higher accuracy than FCM.
Although the RMSE of MUSIC with Agp = 0.01° is closest
to the CRB, considering the complexity, root-MUSIC is more
computationally efficient than MUSIC.

As for coprime planar array, the RMSE of 2D-MUSIC with
Agp = 0.5° is highest due to fence effect. The proposed
algorithm using Unitary-ESPRIT obtains higher RMSE than
2D-MUSIC with small searching steps in low SNR, but the
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(a)

(b)
FIGURE 6. RMSE versus SNR in coprime planar array. (a) Elevation.
(b) Azimuth.

FIGURE 7. RMSE versus J in coprime linear array.

gap between them becomes smaller with SNR increasing.
They have the close RMSE in high SNR. Also given the
complexity, even though the 2D-MUSIC with A¢ = 0.01°
is closest to the CRB, the Unitary-ESPRIT is more favorable
because it costs much lower complexity to acquire the highly
precise estimated values.
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(a)

(b)

FIGURE 8. RMSE versus J in coprime planar array. (a) Azimuth.
(b) Elevation.

4) RMSE COMPARISON UNDER THE DIFFERENT NUMBER
OF SNAPSHOTS

Consider situations used in simulation 3 again. The number
of snapshots is varied in the range from J = [20, 50,
100, 200, 500, 1000, 2000, 5000], when SNR = 15dB, and
the results are shown in Fig. 7 and Fig. 8, respectively. With
the increase of number of snapshots, the accuracy of the
proposed algorithms becomes higher. Moreover, the decline
gradually reaches a plateau. The figures also prove the
conclusions in simulation 3.

VI. CONCLUSIONS

The paper has presented the DOA estimation algorithm in
coprime array when there is the coexistence of both coherent
and uncorrelated signals. The paper has described coprime
linear array model for 1D DOA estimation and coprime pla-
nar array model for 2D DOA estimation. We then present the
associated algorithms, analyze the computational complexity
and the maximum number of signals resolved, and conduct
the simulation experiments, respectively. We prove that both
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proposed algorithms in two models can estimate signals of
which the number is bigger than that of subarray sensors,
when there exist the coherent signals. And compared with
spectral peak search method, the root-MUSIC in coprime lin-
ear array and Unitary-ESPRIT in coprime planar array have
greatly reduced the complexity. They obtain the higher RMSE
in low SNR than spectral peak search methods, while they
can obtain the close accuracy when SNR is high. Moreover,
the proposed method can separate two signals coming from
the same angle, when one of them is a uncorrelated signal and
the other belongs to a group of coherent signals.

APPENDIX
PROOF OF THEOREM 1
The F; ,,; in (34) can be reformulated as

Fism, = BeDI™ [; D.¢ - Dgsz*l(;], 43)

My, 1My My ,mmy

where ¢ = [01 SR PgP Lp b and

dxl,]
D, = ,
L dXP,Lp
‘e—jrrM; sin 6y 1 cos @11
= ’
e—jnM; sin Op.Lp COSQP.Lp
(44)
_dyl.l
Dy, =
L d}’P,LP
_efjnM; sin 6y 1 singy
e—jﬂM; Sinfp,Lp singp Lp
(45)

By, is denoted as B¢, = [a],(¢1,1, 01,1) ® &}, (¢1,1,01,1), - -,
f};(‘PP,LP 7~9P,Lp) ®a} (¢p.1p. Op.1p)], Where ay, = Ja,,, &y, =
Jay,, and J = [y, , Onps, M —m,, ] Thus,

o—1
1 dy, dxl 2
Fim =B;D,=® 1 1 S T
1 dyy, dupt,!
where £@ = diag(t). Next, F; can be rewritten as
F, =B,x?D;, (47)
where D; = [d yi1 @ dxl [ ’dyP,Lp ® dXPLP] dxpz =
[], . xpseZ I]T, and dy — [1, . ypsz2 l]T At last

the covariance matrix of coherent signals is given by
2
Ry = FF =B, x?D,D 5?8 (48)

Given the conclusion in [12], we can find that B, is of full
column rank when M 521 > K., @ is of full rank, and D,-qu
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is of full of rank when M > K. Thus, the rank of R( ) is K.,
which satisfies the requlrement of using subspace algorlthms
This completes the proof of Theorem 1.
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