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Jiaqi Zhen* and Yong Liu

College of Electronic Engineering, Heilongjiang University, Harbin 150080, China

Abstract: Most of the direction of arrival (DOA) estimation meth-
ods often need the exact array manifold, but in actual applications,
the gain and phase of the channels are usually inconsistent, which
will cause the estimation invalid. A novel direction finding ap-
proach for mixed far-field and near-field signals with gain-phase
error array is provided. Based on simplifying the space spectrum
function by matrix transformation, DOA of far-field signals is ob-
tained. Consequently, errors of the array are acquired according to
the orthogonality of far-field signal subspace and noise subspace.
Finally, DOA of near-field signals can be estimated. The method
merely needs one-dimensional spectrum searching, so as to im-
prove the computational efficiency on the premise of ensuring a
certain accuracy, simulation results manifest the effectiveness of
the method.
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1. Introduction

Direction of arrival (DOA) estimation is a popular subject
in signal processing, it is widely used in acoustic signal
processing [1 – 6], internet of things [7 – 10] and electronic
countermeasure [11 – 16]. At present, most of the methods
are based on learning the accurate array manifold, how-
ever, the gain-phase of the channels are usually inconsis-
tent in applications, which will cause the estimation in-
valid, so the array is necessary to be calibrated.

Generally speaking, there are two kinds of calibration
methods: one is using source, the other is self correction.
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The former is implemented by using the auxiliary source
whose position is known; the latter is often based on some
iteration techniques to estimate the DOA and uncertainty
parameters of the array alternately. Some of them have
their unique superiorities. Liu [17] proposed an eigenstruc-
ture method which simultaneously estimated the DOA and
gain-phase errors without joint iteration. Chen [18] stu-
died the performance of near-field subband beamformers
for arbitrary arrays in the presence of microphone gain
and phase errors from the perspective of statistical analy-
sis. Nikoofard [19] employed a dual-loop feedback which
looks for the minimum gain-phase errors using a two-
dimensional analog-based search algorithm and then finds
the minimum value for the phase and gain mismatches. Dai
[20] proposed an offline calibration algorithm for sensor
gain-phase errors using two auxiliary sources, it is not nec-
essary to know the accurate direction measurement of cal-
ibration sources. In the past few years, gain-phase calibra-
tion methods for the bistatic multiple-inputmultiple-output
radar have raised [21 – 23], they also greatly promoted the
practical application of corresponding techniques.

In the past ten years, some scholars have proposed some
direction finding methods of mixed far-field and near-field
signals (FS and NS) [24 – 30]. Liang [24] developed a two-
stage multiple signal classification (MUSIC) algorithm us-
ing cumulant technique, it avoided two-dimensional search
and pairing parameters. Wang [25] addressed a new mixed
NS and FS localization algorithm based on sparse signal
recovery, it can provide an improved estimation accuracy
comparing with the past algorithms. He [26] derived the
stochastic Cramer-Rao bound for scenarios where both the
far-field and near-field narrowband sources may coexist.
Liu [27] used an efficient third-order cyclic moment-based
estimation of signal parameters via the rotational invari-
ance techniques algorithm to cope with the mixed far-
field and near-field cyclostationary sources location prob-
lem, and it avoided pairing parameters. Leong [28] pro-
posed a technique for active detection and estimation of the
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range, radial velocity and DOA of multiple moving closely
spaced targets in the three-dimensional space for both far-
field and near-field cases. Zhang [29] optimized a beam-
former pattern for far-field detection by maximizing the
beam-former output in the direction of the far-field targets
with the imposed condition to eliminate interfering signals
from near-field locations. Based on the polynomial decom-
posing method and high-order cumulant technique, Wang
[30] estimated DOA of these signals without any spectral
search and parameter matching procedure. Malyuskin [31]
studied the superdirective radiation patterns of ultracom-
pact retrodirective antenna arrays, which improved the ca-
pability of distinguishing mixed signals. However there are
rare published literature of the mixed signals with gain-
phase error array.

A novel approach for direction finding of mixed FS and
NS based on the gain-phase error array is provided in this
paper. First, DOA of FS is obtained by simplifying the
space spectrum function with matrix transformation. Then
gain-phase errors are estimated, thus the array can be cal-
ibrated. Finally, DOA of NS is calculated, their locations
can also be acquired in the open environment, this method
merely needs one-dimensional spectrum searching, so as
to improve the computation efficiency on the premise of
ensuring a certain accuracy.

2. Signal model

2.1 Ideal signal model

Assume that there is a uniform linear array with 2M + 1
omnidirectional sensors, the 0th sensor is defined as the
reference (origin), as shown in Fig. 1, N1 narrowband FS
and N2 NS with the same frequency f and power im-
pinge on the array simultaneously, they are sn1(t) (n1 =
1, 2, . . . , N1) and sn2(t) (n2 = 1, 2, . . . , N2), DOA of
the them are θ = [θ1, . . . , θN1 , θN1+1, . . . , θN ] where
N = N1+N2, 0 < θ < π, the space of sensors is d = λ/2,
λ is the corresponding wavelength of these signals.

Fig. 1 Signal model

Here N1, N2 is known in advance, these signals are
uncorrelated with one another, the distance of sn2(t) to

the origin is ln2 , if observed time is T , the number of
snapshots is Z , the received data by the array at time
tz (z = 1, 2, . . . , Z) is expressed as

X(tz) =

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

x−M (tz)
...

x−m(tz)
...

x0(tz)
...

xm(tz)
...

xM (tz)

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

=

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

N∑
n=1

sn(tz − τ−M (θn))

...
N∑

n=1

sn(tz − τ−m(θn))

...
N∑

n=1

sn(tz)

...
N∑

n=1

sn(tz − τm(θn))

...
N∑

n=1

sn(tz − τM (θn))

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

+

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

e−M (tz)
...

e−m(tz)
...

e0(tz)
...

em(tz)
...

eM (tz)

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

.

(1)
Then output of Z snapshots can be abbreviated

X = A(θ)S + E (2)

where X = [X(t1), . . . , X(tz), . . . , X(tZ)], A(θ) is the
array manifold with dimension (2M + 1) × N :

A(θ) = [aFS(θ1), . . . , aFS(θn1), . . . , aFS(θN1),

aNS(θN1+1), . . . , aNS(θn2), . . . , aNS(θN )] =
[AFS, ANS] (3)

where AFS = [aFS(θ1), . . . , aFS(θn1), . . . , aFS(θN1)]
is the array manifold of FS in ideal conditions, and
aFS(θn1) is the steering vector of sn1(t); ANS =
[aNS(θN1+1), . . . , aNS(θn2), . . . , aNS(θN )] is the array
manifold of NS in ideal conditions, and aNS(θn2) is the
steering vector of sn2(t), where

aFS(θn1) = [exp(−j2πfτ−M (θn1)), . . . ,

exp(−j2πfτ−m(θn1)), . . . , 1, . . . ,

exp(−j2πfτm(θn1)), . . . , exp(−j2πfτM (θn1))]
T. (4)

And

τm(θn1) = m
d

c
cos θn1 ,

m = −M, . . . ,−m, . . . , 0, . . . , m, . . . , M ;

n1 = 1, 2, . . . , N1 (5)

is the delay for sn1(t) arriving at the mth sensor with re-
spect to the origin, c is the speed of the signal, we also
have

aNS(θn2) = [exp(−j2πfτ−M (θn2)), . . . ,
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exp(−j2πfτ−m(θn2)), . . . , 1, . . . ,

exp(−j2πfτm(θn2)), . . . , exp(−j2πfτM (θn2))]
T. (6)

Combing the cosine law, we can deduce τm(θn2) from ge-
ometrical relationship in Fig. 1.

τm(θn2) =
ln2−

√
l2n2

+(md)2 − 2ln2md cos θn2

c
. (7)

It is the delay for sn2(t) arriving at the mth sensor with
respect to the origin, Fourier series [32] is employed for
expanding (7).

τm(θn2) =
m2d2

4ln2c
cos(2θn2)+

1
c
md cos θn2−

m2d2

4ln2c
. (8)

In (2), we have

S = [SFS, SNS]T = [S1, . . . , Sn1 , . . . ,

SN1 , SN1+1, . . . , Sn2 , . . . , SN ]T. (9)

It is the signal vector, [ ]T means the transpose of [ ],
where SFS = [S1, . . . , Sn1 , . . . , SN1 ]T is the vector of
FS, SNS = [SN1+1, . . . , Sn2 , . . . , SN ]T is that of NS. E

is the Gaussian white noise matrix with mean 0 and vari-
ance σ2, then the covariance matrix in ideal conditions is

R =
1
Z

XXH =

1
Z

A(θ)SSHAH(θ) + σ2I(2M+1)×(2M+1) =

RFS + RNS + σ2I(2M+1)×(2M+1). (10)

Here, XH denotes the conjugate transpose of X , the co-

variance matrix of FS is RFS =
1
Z

AFSSFSSH
FSA

H
FS, and

that of NS is RNS =
1
Z

ANSSNSS
H
NSA

H
NS.

2.2 Error model

The gain-phase errors can be modeled by

W = diag([W−M , . . . , W−m, . . . , 1, . . . ,

Wm, . . . , WM ]T) (11)

where diag( ) means forming a diagonal matrix by taking
the given vector as main diagonal, and

Wm = ρmejφm , m ∈ [−M, M ] (12)

is the gain-phase errors of the mth channel, ρm, φm are
respectively the gain and phase of the mth channel with
respect to the reference, thus the steering vector of the nth
signal at present is

a′(θn) = [W−M e−j2πfτ−M(θn), . . . ,

W−me−j2πfτ−m(θn), . . . , 1, . . . , Wme−j2πfτm(θn), . . . ,

WMe−j2πfτM(θn)]T = diag([W−M , . . . , W−m, . . . ,

1, . . . , Wm, . . . , WM ]T)a(θn) =

Wa(θn), n = 1, 2, . . . , N. (13)

The corresponding array manifold is

A′(θ) = [a′
FS(θ1), . . . , a′

FS(θn1), . . . , a
′
FS(θN1),

a′
NS(θN1+1), . . . , a′

NS(θn2), . . . , a
′
NS(θN )] =

[A′
FS, A′

NS] = WA(θ) (14)

where
A′

FS = WAFS =

[a′
FS(θ1), . . . , a′

FS(θn1), . . . , a
′
FS(θN1)]

is the array manifold of FS, a′
FS(θn1) is the corresponding

steering vector of sn1(t);

A′
NS = WANS =

[a′
NS(θN1+1), . . . , a′

NS(θn2), . . . , a
′
NS(θN )]

is the array manifold of NS, a′
NS(θn2) is the corresponding

steering vector of sn2(t), and the output in the presence of
gain-phase errors is

X ′ = A′(θ)S + E = WA(θ)S + E. (15)

3. Proposed method

3.1 DOA estimation of FS

First, the covariance matrix in the presence of gain-phase
errors can be acquired

R′ =
1
Z

X ′(X ′)H =

1
Z

A′(θ)SSH(A′(θ))H + σ2I(2M+1)×(2M+1) =

1
Z

WA(θ)SSHAH(θ)W H + σ2I(2M+1)×(2M+1) =

R′
FS + R′

NS + σ2I(2M+1)×(2M+1) (16)

where the covariance matrix of the FS in the
presence of gain and phase error is R′

FS =
1
Z

WAFSSFSS
H
FSA

H
FSW H, that of the NS is R′

NS =
1
Z

WANSSNSSH
NSA

H
NSW H. We can acquire the eigen-

vector U ′ = [U ′
SU ′

E ] by decomposing R′, here U ′
S is the

signal eigenvector and U ′
E is the noise eigenvector, then

combining MUSIC algorithm [33], we can establish the
following spatial spectrum of FS,

PMU−F (θ) =
1

(a′
FS(θ))HU ′

E(U ′
E)Ha′

FS(θ)
=

1
aH

FS(θ)W HU ′
E(U ′

E)HWaFS(θ)
=

1
Y

. (17)
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The denominator of (17) can be transformed into

Y =
N1∑

n1=1

aH
FS(θn1)W

HU ′
E(U ′

E)HWaFS(θn1). (18)

Define the gain-phase error vector

w = [ρ−Mejφ−M , . . . , ρ−mejφ−m , . . . , 1, . . . ,

ρmejφm , . . . , ρMejφM ]T. (19)

In fact, we can simplify Y further

Y =
N1∑

n1=1

aH
FS(θn1)W

HU ′
E(U ′

E)HWaFS(θn1) =

N1∑
n1=1

wH{(diag(aFS(θn1)))
HU ′

E(U ′
E)H·

diag(aFS(θn1))}w = wHB(θ)w (20)

where
B(θ) =

N1∑
n1=1

{(diag(aFS(θn1)))
HU ′

E(U ′
E)Hdiag(aFS(θn1))}.

According to the MUSIC algorithm, DOA of FS can be es-
timated by minimizing (20). w �= 0, so wHB(θ)w will
be zero only if B(θ) is singular, then we will calculate the
estimation θ̂1, . . . θ̂N1 by searching N1 peaks of the follow-
ing modified equation

PMMU−F (θ) =
1

|B(θ)| (21)

where | | denotes solving determinant, thus, DOA of
FS can be determined through one-dimensional searching
without knowing gain-phase errors.

3.2 Estimation of gain-phase errors

The orthogonality of signal subspace of FS and noise sub-
space will be employed for estimating the gain-phase er-
rors, that is

(a′
FS(θn1))

HU ′
E = aH

FS(θn1)W
HU ′

E =

01×(2M+1−N). (22)

It is the same as

aH
FS(θn1)W

HU ′
E = wH{diag(aFS(θn1))}HU ′

E =

wHQ(θn1). (23)

Here Q(θn1) = {diag(aFS(θn1))}HU ′
E , define D as the

middle row of U ′
E , as the middle row of aFS(θn1) equals 1,

the middle element of Q(θn1) is D too. Integrating all FS,
let Q(θ) = [Q(θ1), . . . , Q(θn1), . . . , Q(θN1)], we have

wHQ(θ) = wH

⎡
⎣ Q1(θ)

D · · ·D
Q2(θ)

⎤
⎦

(2M+1)×(2M+1−N)N1

=

[wH
1 , 1, wH

2 ]

⎡
⎣ Q1(θ)

D · · ·D
Q2(θ)

⎤
⎦

(2M+1)×(2M+1−N)N1

=

[0, . . . ,0]1×(2M+1−N)N1 (24)

where w1 is the first M rows of w, w2 is the latter M rows
of w, Q1(θ) is the first M rows of Q(θ), Q2(θ) is the latter
M rows of Q(θ), define G = [D · · ·D]1×(2M+1−N)N1 ,
w1 and w2 will be acquired according to (24), that is

ŵ1 = −(G × pinv(Q1(θ)))H (25)

ŵ2 = −(G × pinv(Q2(θ)))H. (26)

ŵ1 and ŵ2 is the estimation of w1 and w2, pinv( ) means
solving pseudo-inverse, then we have

ŵ = [ŵT
1 , 1, ŵT

2 ]T. (27)

Thus, estimation of W can also be acquired.

3.3 DOA estimation of NS

We can estimate the covariance matrix without the errors
and noise according to (16)

R̄ = Ŵ−1(R′ − σ2I(2M+1)×(2M+1))(Ŵ H)−1 =

R̄FS + R̄NS (28)

where Ŵ is the estimation of W , R̄FS and R̄NS are re-
spectively the estimation of RFS and RNS, σ2 can be re-
placed by the minimum eigenvalue of R′.

It is seen from (10), R̄FS is a Hermitian matrix, and has
Toeplitz property (Toeplitz means the elements on clinodi-
agonal line of the matrix is equal), and R̄NS is a Hermitian
matrix, but has no Toeplitz property.

Proof Define γα,β as the element of row α, column β

in R̄FS, according to (10), we have

γα,β = E

{[
N1∑
g=1

aFS−α(θg)sn1−g(tz)

]
×

[
N1∑
h=1

a∗
FS−β(θh)s∗n1−h(tz)

] }
+ E[eα(tz)e∗β(tz)] =

[
N1∑
g=1

μ2aFS−α(θg)a∗
FS−β(θh)

]
+ σ2δα,β (29)

where μ2 is the signal power received by the array,
aFS−α(θg) represents the element of row α, column g in
AFS, sn1−g(tz) means the zth samples of the gth FS, δα,β
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denotes Dirac delta function, combining (4) and (5), we
have

aFS−α(θg) =
{
−j2πf

(
α

d

c
cos θg

)}
. (30)

Thus

γα,β =

{
N1∑
g=1

μ2 exp
[
−j2πf

(
α

d

c
cos θg

)]
×

exp
[
j2πf

(
β

d

c
cos θg

)]}
+ σ2δα,β =

{
N1∑
g=1

μ2 exp
[
−j2πf

(
(α − β)

d

c
cos θg

)] }
+ σ2δα,β.

(31)

Similarly, element on row α + 1, column β + 1 in R̄FS is

γα+1,β+1=

{
N1∑
g=1

μ2 exp
[
−j2πf

(
(α−β)

d

c
cos θg

)]}
+

σ2δα+1,β+1. (32)

Comparing (31) with (32), it can be concluded γα,β =
γα+1,β+1, so R̄FS has Toeplitz property.

In the same way, for R̄NS,

γα,β = E

{ [
N2∑
g=1

aNS−α(θg)sn2−g(tz)

]
×

[
N2∑
h=1

a∗
NS−β(θh)s∗n2−h(tz)

]}
+

E[eα(tz)e∗β(tz)] =[
N2∑
g=1

μ2aNS−α(θg)a∗
NS−β(θh)

]
+ σ2δα,β . (33)

According to (6) and (8), we have

aNS−α(θg) =

exp
{
− j2πf

[
α2d2

4lgc
cos(2θg) +

1
c
αd cos θg − α2d2

4lgc

]}
.

(34)

Thus

γα,β =
{ N2∑

g=1

μ2 exp
[
− j2πf

(
α2d2

4lgc
cos(2θg)+

1
c
αd cos θg − α2d2

4lgc

)]
× exp

[
j2πf

(
β2d2

4lgc
cos(2θg)+

1
c
βd cos θg − β2d2

4lgc

)]}
+ σ2δα,β =

{ N2∑
g=1

μ2 exp
[
− j2πf

(
(α2 − β2)d2

4lgc
cos(2θg)+

1
c
(α − β)d cos θg − (α2 − β2)d2

4lgc

)]}
+ σ2δα,β =

{ N2∑
g=1

μ2 exp
[
−j2πf

((
(α2 − β2)d2

2lgc
×(cos2 θg−1)

)
+

1
c
(α − β)d cos θg

)]}
+ σ2δα,β . (35)

The element on row α + 1, column β + 1 in R̄NS is

γα+1,β+1 =

{ N2∑
g=1

μ2 exp
[
− j2πf

((
((α + 1)2 − (β + 1)2)d2

2lgc
×

(cos2 θg − 1)
)

+
1
c
(α − β)d cos θg

)]}
+ σ2δα+1,β+1.

(36)

Comparing (35) with (36), in general, α2 − β2 �= (α +
1)2 − (β + 1)2, so γα,β �= γα+1,β+1, thus, R̄NS has no
Toeplitz

Thus the covariance matrix of FS meets [34]:

R̄T
FS = JR̄FSJ (37)

where J is a (2M+1)×(2M+1) dimensional anti-identity
matrix with ones on its anti-diagonal and zeros elsewhere.
The covariance matrix of NS satisfies:

R̄H
NS = R̄NS. (38)

Thus we can eliminate the information of FS in R̄, that is

R̃ = (R̄T − JR̄J))∗ =

((R̄FS + R̄NS)T − J(R̄FS + R̄NS)J)∗ =

(R̄T
FS − JR̄FSJ)∗ + (R̄T

NS − JR̄NSJ)∗ =

R̄NS − JR̄∗
NSJ =

1
Z

ANSSNSS
H
NSA

H
NS−

1
Z

J(ANSSNSS
H
NSAH

NS)∗J . (39)

Eigen-decomposition is performed on R̃, the eigenvalue Σ̃

and eigenvector Ũ of R̃ can be obtained, then we have

aH
NS(θ)Ũ ŨHaNS(θ) = 0. (40)

According to the characteristics of eigen-decomposi-
tion [34], −Σ̃ and JŨ∗ are also the eigenvalue and eigen-
vector of R̃, so

aH
NS(θ)(JŨ∗)(JŨ∗)HaNS(θ) = 0. (41)
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Take the conjugate of (41)

(a∗
NS(θ))

H(JŨ )(JŨ )Ha∗
NS(θ) =

[Ja∗
NS(θ)]HŨŨH[Ja∗

NS(θ)] = 0. (42)

From (6) and (7), we know aNS(θ) includes the informa-
tion of the distance and DOA, it will be two-dimensional
searching if we use the MUSIC algorithm directly, it is nec-
essary to reduce the computation by the matrix transfor-
mation based on the array structure. In (40) and (42), we
respectively have aNS(θ) = Ξ (θ)Φ(θ) and Ja∗

NS(θ) =
Ξ (θ)Λ(θ), where

Ξ (θ) =⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

e(j2πf
d
c M cos θ) · · · 0 · · · 0
...

. . .
... · · · ...

0 · · · e(j2πf
d
c m cos θ) · · · 0

... · · · ...
. . .

...
0 · · · 0 0 1
... · · · ... . .

. ...

0 · · · e(−j2πf
d
c m cos θ) · · · 0

... . .
. ... · · · ...

e(−j2πf
d
c M cos θ) · · · 0 · · · 0

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

.

(43)

Φ(θ) =
[

exp
(
−j2πf

(
M2d2

4ln2c
cos(2θ) − M2d2

4ln2c

))
, . . . ,

exp
(
−j2πf

(
m2d2

4ln2c
cos(2θ) − m2d2

4ln2c

))
, . . . , 1

]T

(44)

Λ(θ)=
[

exp
(
−j2πf

(−M2d2

4ln2c
cos(2θ)+

M2d2

4ln2c

))
, . . . ,

exp
(
−j2πf

(−m2d2

4ln2c
cos(2θ) +

m2d2

4ln2c

))
, . . . , 1

]T

.

(45)

Combing (40) and (42), we have

aH
NS(θ)Ũ ŨHaNS(θ) =

ΦH(θ)ΞH(θ)ŨŨHΞ (θ)Φ(θ) = 0. (46)

[Ja∗
NS(θ)]HŨŨH[Ja∗

NS(θ)] =

ΛH(θ)ΞH(θ)ŨŨHΞ (θ)Λ(θ) = 0. (47)

Similarly, Φ(θ) �= 0 and Λ(θ) �= 0, (46) and (47) hold
only if ΞH(θ)ŨŨHΞ (θ) is singular, then we can obtain
estimation of NS θ̂N1+1, . . . , θ̂N by searching N2 peaks of
the equation below

PMU−N =
1

|ΞH(θ)Ũ ŨHΞ (θ)| . (48)

Besides, we know from Fig. 1, after acquiring DOA
of NS, if there is no multi-path propagation, reflection or
diffraction, the distance of sn2(t) to the origin will also be
estimated from Φ(θ) or Λ(θ) according to (46) or (47).
That means the locations of the signals can be determined.
The method we propose is based on the calibration for the
array, and it is suitable for mixed FS and NS, so it can be
abbreviated as CFN method.

4. Computational complexity

Here, an eigenstructure method for estimating DOA and
sensor gain-phase errors (AGP) [17], passive localization
of mixed near-field and far-field sources using the two-
stage MUSIC algorithm (PLT) [24], efficient application
of the MUSIC algorithm under the coexistence of far-
field and near-field sources (EAM) [26] and CFN are
used for the comparison. Assume that the DOA of sig-
nals satisfy 0 < η1 < θ < η2 < π, searching step
sizes of DOA and the distance are respectively Δθ and
Δl. For convenience, we just compare the main steps,
PLT and EAM both adapt to mixed FS and NS with
ideal array, where PLT needs constructing one (2M +
1) × (2M + 1) and one (4M + 1) × (4M + 1) dimen-
sional statistical matrices, eigen-decomposition, solving
spatial spectrum, so the complexity of PLT is approxi-

mately O

(
9(2M +1)2Z +9(4M +1)2Z +

4
3
(2M +1)3+

4
3
(4M+1)3+

(η2 − η1)(2M + 1)2

Δθ

)
; EAM needs to form

one (2M +1)× (2M +1) and one (M +2)× (M +2) di-
mensional statistical matrices, eigen-decomposition, solv-
ing spatial spectrum for DOA and the distance of NS,

so it requires nearly O

(
(2M + 1)2Z + (M + 2)2M +

4
3
(2M + 1)3 +

4
3
(M + 2)3 +

(η2 − η1)(2M + 1)2

Δθ
+

(η2 − η1)(M + 2)2

Δθ
+ N2

(2M + 1)2

Δl

)
; AGP adapts to

FS and gain-phase calibration, it needs constructing sta-
tistical matrix, eigen-decomposition and solving spatial

spectrum, so its complexity is almost O

(
(2M + 1)2Z +

4
3
(2M +1)3 +

(2M + 1)2

Δθ
(η2 − η1)2 +

(2M + 1)2

Δθ
(η2 −

η1)β
)

, where β indicates the iteration times; CFN in-

volves computing (2M + 1) × (2M + 1) dimensional
statistical matrices, eigen-decomposition and solving two
one-dimensional spatial spectrums for FS and NS, so the

complexity is about O

(
(2M + 1)2Z +

8
3
(2M + 1)3 +
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2(η2 − η1)(2M + 1)2

Δθ

)
.

5. Simulations

In this section, some simulations are provided to prove
these methods, consider some narrowband signals with
the same power arriving at a uniform linear array com-
posed of nine omnidirectional sensors, the fifth sensor is
deemed to be the reference and origin, the structure is il-
lustrated as Fig. 1. Three FS and three NS impinge on the
array from (73◦, 79◦, 85◦) and (40◦, 55◦, 65◦) simultane-
ously, distances between the three NS and origin are re-
spectively 10 m, 14 m and 18 m, their coordinates are de-
fined as (xn2 , yn2) (n2 = 1, 2, 3). The frequency of the
signals is 0.1 GHz, and interspace between the sensors
d = λ/2 =1.5 m. Here the gain and phase errors are gen-
erated by

ρm = 1 + υρξm, ϕm = υφζm (49)

where ξm and ζm are independent and identically dis-
tributed random variables in the uniform distribution over
[−0.5, 0.5], υρ and υφ are the standard deviations of ρm

and φm respectively, in simulation 5.1 – 5.5, define υρ = 1,
υφ = 64◦. We repeat 400 Monte-Carlo trials and their ave-
rage is deemed to be the result. AGP, PLT, EAM and CFN
are employed for the estimation, where AGP and CFN
adapt to DOA estimation in the presence of gain-phase er-
rors; PLT, EAM and CFN are suitable for mixed FS and
NS. Δθ = 0.2◦, Δl = 0.01 m, iteration times of AGP
β = 500.

5.1 DOA Estimation

Estimation error of FS is defined as
N1∑

n1=1

|θn1 − θ̂n1 |, that

of NS is defined as
N2∑

n2=1

|θn2−θ̂n2 |, Fig. 2 is the FS estima-

tion errors versus signal-to-noise ratio (SNR) when num-
ber of snapshots is 70, Fig. 3 presents that versus number
of snapshots when SNR is 8 dB.

We can see from Fig. 2 and Fig. 3, estimation accuracy
of FS is improving with the increase of SNR or the num-
ber of snapshots, and all these methods are converged ul-
timately. As EAM and PLT are not suitable for the array
calibration, there are still some errors even if SNR is high
or the number of snapshots is large enough; AGP needs
to cope with the gain-phase errors before estimating FS,
this treatment also produces some uncertainties which will
influence the final result; CFN avoids the process of cal-
ibration before calculating FS, so it manifests better than
AGP and the other two methods.

Fig. 2 DOA estimation errors of FS versus SNR

Fig. 3 DOA estimation errors of FS versus number of snapshots

Fig. 4 is the NS estimation errors versus SNR when the
number of snapshots is 70, Fig. 5 demonstrates that versus
number of snapshots when SNR is 8 dB.

Fig. 4 DOA estimation errors of NS versus SNR
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Fig. 5 DOA estimation errors of NS versus number of snapshots

From Fig. 4 and Fig. 5 we know that CFN is still effec-
tive to NS in the presence of gain-phase errors, while EAM
and PLT have failed owing to the array errors.

5.2 Estimation for gain-phase errors

SNR is 6 dB, the number of snapshots is 30, other condi-
tions are the same with 5.1, Fig. 6 and Fig. 7 respectively
show the gain and phase error estimations of each sensor
with AGP and CFN.

Fig. 6 Gain error estimation

We can see from Fig. 6 and Fig. 7, both AGP and CFN
can estimate the gain and phase error of the array. The for-
mer method needs to calculate the noise variance before
the gain error is determined. Moreover, AGP requires the
condition that at least two signals are spatially far from
each other when we compute their DOA which is needed
in the course of solving the phase error [17]. Thus compar-
ing with AGP, CFN is closer to the actual error in the case
of low SNR, or signals are not far enough apart.

Fig. 7 Phase error estimation

5.3 Resolution capability for FS

Consider two FS arriving at the array from (ϑ1, ϑ2) with
the same power, here

PMUSIC

(
ϑ1 + ϑ2

2

)
<

PMUSIC(ϑ1) + PMUSIC(ϑ2)
2

.

(50)

The two signals can be resolved, else they cannot [35],
(49) represents there is hollowness between two spectrum
peaks, and (21) is used as PMUSIC( ) for the CFN method.

In this simulation, consider two FS arriving at the ar-
ray, their DOA are taken 90◦ as the symmetrical point,
other conditions are the same with 5.2, the DOA interval
is defined as Δ = |ϑ1 − ϑ2|, 200 Monte-Carlo trials are
repeated for each interval and we present the simulation
result for resolution probability of success of two methods
versus different DOA intervals, it is shown in Fig. 8.

Fig. 8 Resolution capability versus different DOA intervals
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From Fig. 8 it can be seen the resolution capability of
CFN performs better than that of AGP when the two sig-
nals are close to each other, and the latter can not resolve
them absolutely right until DOA interval is 8◦, after that
there are no differences between the two methods.

5.4 Location for NS

Location error is defined as

N2∑
n2=1

√
(xn2 − x̂n2)2 + (yn2 − ŷn2)2

where (xn2 , yn2) is the actual coordinate of sn2(t),
(x̂n2 , ŷn2) is its corresponding estimation, SNR is 0 dB,
the number of snapshots is 70, other conditions are the
same with 5.1. Fig. 9 shows the estimated locations of the
three NS. Fig. 10 presents the location errors versus SNR
when the number of snapshots is 70.

Fig. 9 Location estimation

Fig. 10 Location errors versus SNR

It can be seen from Fig. 9, CFN can locate the signals
relatively exactly, but EAM and PLT have failed because of

the gain-phase errors. And we know from Fig. 10 that lo-
cation estimations of the three methods are improving with
the increase of SNR, in comparison, CFN can compute the
location of NS more accurately. However, due to the array
error, the other two methods still fail even if SNR is high
enough.

5.5 Estimation for mixed signals with
different powers

In this section, more complex scenarios will be considered,
suppose that an FS and an NS with small DOA intervals
arrive at the array simultaneously, we discuss the resolu-
tion of these methods. If DOA of the two mixed signals are
respectively ϑF and ϑN , estimations of them are ϑ̂F and

ϑ̂N , if |ϑk − ϑ̂k| <
|ϑF − ϑN |

2
(k = F, N), we believe

the two mixed signals can be resolved. In this simulation,
ϑF = 93◦, ϑN = 87◦, SNR of FS is 0 dB, other condi-
tions are the same with 5.4. Fig. 11 shows the resolution
probability of success versus SNR of NS.

Fig. 11 Probability of success of mixed signals versus SNR disparity

It can be seen from Fig. 11, EAM and PLT cannot
resolve the two signals from beginning to end because
of the gain-phase errors. And when the power of NS is
70 dB higher than that of FS, CFN is still effective, when
the SNR disparity is 95 dB, all these methods have failed
completely. Therefore, even if the powers of the FS and NS
with small DOA intervals are not the same, as long as they
are not different from each other too much, the method we
propose still applies here.

5.6 Estimation for NS versus gain-phase errors

It can be seen from the proposed method, FS estimation is
independent of the gain-phase errors, so we only need to
analyze the performance of NS versus gain-phase errors.
In this simulation, SNR is 8 dB, the number of snapshots
is 70, Fig. 12 shows the DOA estimation errors versus υρ
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when υφ = 30◦. While Fig. 13 presents the DOA estima-
tion errors versus υφ when υρ = 0.2.

Fig. 12 DOA estimation error of NS versus gain error

Fig. 13 DOA estimation error of NS versus phase error

It is noted that the performance of EAM and PLT de-
grades seriously as gain or phase error increases, and CFN
is steady relatively, so the proposed method is applicable
for gain-phase error array.

6. Conclusions

A novel approach of DOA estimation for mixed far-field
and near-field signals based on gain-phase error array is
proposed in the paper. It both adapts to mixed DOA es-
timation and location for near-field signals. Meanwhile,
it changes two-dimensional spectrum searching into one-
dimensional one by matrix transformation according to the
special structure of the array, so as to improve the com-
putational efficiency on the premise of ensuring a certain
accuracy. However, it just applies to narrowband signals,

we will be committed to studying the technique for wide-
band signals in future.
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