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Abstract: The received signal of passive radar based on mobile communication signals contains
direct and multipath interference (DMI) signals from multiple co-channel base stations (CCBS). The
direct signal spatial spectrum of each CCBS should be obtained first to eliminate the co-channel
interference. The performance of the traditional spatial spectrum estimation algorithms based on
uniform linear array (ULA) is related to the number of array elements. In the complex co-channel
interference environment, the array requires an ultra-large number of array elements and the spatial
spectrum estimation resolution is poor. This paper proposes a method for estimating the direct
signal spatial spectrum of the CCBS by fusing coprime array and compressive sensing. Firstly, an
augmented virtual array signal is constructed by using the second-order statistics of the received
signals of the coprime array and then the compressive sensing algorithm is used to estimate the
spatial spectrum of the direct signal of the CCBS. The proposed method can achieve higher resolution
and higher-degrees-of-freedom (DOFs) performance than traditional ULA by using the same number
of array elements. The effectiveness of the proposed method is verified by numerical simulation
analysis and experimental data.

Keywords: passive bistatic radar (PBR); coprime array; spatial spectrum estimation; co-channel

interference; sparse estimation

1. Introduction

Passive radars with no transmitter exploit existing third-party non-cooperative emit-
ters to detect, locate and track targets [1,2]. Compared to active radar, passive radar has the
advantages of better covertness, no required spectrum allocation, a simple structure and eas-
ier radar networking [3,4]. At present, the available third-party illuminators of opportunity
(IoO) mainly include frequency modulation (FM) broadcast signal [5,6], digital audio/video
broadcast (DAB/DVB) [6-8], WiFi [9] and mobile communication systems (Global System
for Mobile Communication, Long-Term Evolution, 5G) [10-15], etc. Compared with tra-
ditional low-frequency-band 10O, such as FM/DVB-T, using mobile IoO communication
signals has the following advantages: (1) Benefiting from the dense distribution of mobile
communication base stations, it provides a foundation for radar networking and it is easy
to achieve multi-station integration and improve the positioning accuracy and detection
ability of the target [16,17]. (2) Mobile communication signals have a higher frequency and
larger spectral bandwidth, which provides a higher range and higher speed resolution for
radar use [18-20]. Therefore, it has become a hot research field in PBR [10-22].

Using mobile communication signals as an IoO brings benefits, but also increases the
complexity of radar system signal processing. In traditional low-frequency-band irradiation
sources for passive radar, such as FM and analog TV signals, the transmitters are sparsely
distributed and the frequency division multiple-access (FDMA) transmission technology
is adopted. The transmitters sharing the same frequency are far apart [17]. Therefore, the
interference signals mainly come from the direct signal of the base station that is used
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as the illuminator opportunity (BS-IoO) [23] and the co-channel interference is usually
ignored [24]. Unlike the traditional low-frequency-band irradiation sources used as the
10O, the mobile communication base stations adopt the dense cellular distribution and
some of them share the same frequency band. As a result, the signals received by the radar
systems cannot be filtered in the frequency domain to eliminate the DMI of the co-channel.
Therefore, the signal received by the passive radar system uses the mobile communication
signal, as the IoO contains both the DMI from the BS-IoO and other CCBSs [25,26]. Because
the energy of the co-channel interference is much greater than that of the target echo, the
target echo is masked in the co-channel interference clutter [27]. Though the energy of the
target can be improved through coherent integration, the targets will still be covered up by
the sidelobes of the clutter, causing miss detection. Therefore, the co-channel interference
clutter in the received signal must be eliminated to effectively detect the target [28].

The signals transmitted by each mobile communication base station are different; the
direct reference signal obtained from the beamforming in the direction of the BS-IoO can
only be used to eliminate the DMI from the BS-IoO in the echo channel, it cannot be used to
eliminate the DMI from the CCBSs [29]. Therefore, it is necessary to obtain the transmitted
signals of each CCBS as a reference signal to eliminate the interference clutter.

The premise of obtaining the reference signals from each CCBS is to obtain the direct
signal spatial spectrum information of CCBS. In this paper, the signal with the strongest
energy reaching the receiving antenna from each CCBS is called the direct signal. In [30],
the subspace method is used to obtain the direct signal direction of arriving (DOA) of the
BS-100, which can be used when the amount of co-channel interference is small, but a
large-scale array antenna is required in a complex co-channel interference environment;
otherwise, it will fail. In [29], the m-Capon spectrum estimation method is used for the
target signal, co-channel interference signal and direct signal. This method still maintains
a high angular resolution when the number of snapshots is small and can perform spa-
tial spectrum estimation for a certain number of strong co-channel interference signals.
However, this method also has shortcomings. Due to the limitation of the number of array
antennas in the actual system, only a limited number of DOAs with strong co-channel
interference can be estimated and the estimation effect is not complete. In [17], the DOA
estimation of direct signal is realized using a ULA array. Due to the limitation of the array
size, only the DOAs of a few strong direct signals from the CCBS can be estimated each
time. This method can only obtain sufficient cancellation performance with a small amount
of co-channel interference, but when the amount of co-channel interference is large, it is
limited by the actual number of array antennas. This will lead to a deterioration in the
accuracy of the spatial spectrum estimation each time and the spatial spectrum estima-
tion of the co-channel interference signals needs to be repeated many times, which will
undoubtedly increase the complexity in the system calculation. In [31], a method similar
to that of the study in [17] is used to realize the DOA estimation of direct signal from the
CCBSs and the spatial spectrum estimation performance is limited by the array size in a
complex co-channel interference environment. Therefore, due to the dense distribution of
mobile communication base stations, the signals received by the radar system include DMI
from multiple CCBSs, resulting in a large amount of interference. The spatial spectrum
estimation method under the traditional uniform linear array (MUSIC, Capon, Maximum
likelihood, etc.) has a poor resolution in the complex co-channel interference environ-
ment and will fail when the amount of interference is greater than the number of array
elements [17]. If the traditional spatial spectrum estimation method is applied to it, larger
array size is required, which leads to a great increase in the complexity of the system.

Aiming at this problem, this paper proposes a method for estimating the direct signal
spatial spectrum from the CCBSs by fusing coprime array and compressive sensing algo-
rithm. Firstly, the signal receiving model of the radar in a complex co-channel interference
environment is constructed. Then, using the second-order statistics of signals received by
the coprime array, the enhanced virtual array signal is constructed, which effectively breaks
through the actual array size in the traditional ULA [32]. On this basis, the compressed
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sensing algorithm is used to achieve a high-resolution estimation of the direct signal spatial
spectrum of the CCBSs. Through simulation analysis, the proposed method is better than
MUSIC, Capon, maximum likelihood (MLE) and compressed sensing (CS) spatial spectrum
estimation methods based on ULA in the spatial spectrum estimation performance of CCBS
strong direct signals in a complex co-channel interference environment. The experimental
data verify that the proposed algorithm can be applied in practical scenarios.

2. Materials and Methods
2.1. Signal Model

The layout of the mobile-communication-based PBR is shown in Figure 1, where 3
is the bistatic angle of the radar and o is the angle between the radar line of sight and the
target. Using a coprime array antenna with L array elements as the receiving antenna of
the passive radar, the received signal of each array element can be expressed as:

Niq . . NI NI[J . . )
Xm = 21 Ag[n)e 12dnsin(@p) /A 4 ‘21 21 S p[n)e /2 sin(6;p) /A O
= i=1p=

+Dnjm=1,...,Ln=1,..., N—1

where A4[n] represents the envelope of the g-th moving target echo signal, S; ,[n] is the
complex envelope of the p-th co-channel interference signal from the i-th CCBS (where we
assume that i = 1 is the BS-I00, the rest are the CCBSs), D[n] is the noise signal of the m-th
array element and d,, is the distance from the m-th array element to the reference array
element.

6 is the DOA of the g-th moving target echo and 6; ,, is the DOA of the p-th co-channel
interference signal from the i-th CCBS. A is the wavelength of the irradiation source signal.

Ny, is the total number of target echoes, Nj is the number of CCBSs and N; is the i-th
CCBS that has p co-channel interference in total.

Figure 1. Schematic diagram of radar target detection structure for mobile communication pas-
sive radar.

As shown in Equation (1), the interferences in the surveillance channel of passive
radar based on mobile communication include the interferences from both BS-IoO and
CCBSs. This is different from the conventional low-frequency-band PBR, in which only the
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interference clutter from the BS-I00 is considered. To eliminate the co-channel interference,
the spatial spectrum of the direct signal of the CCBSs should be known and then the
reference signals from the CCBSs are obtained through beamforming. It is necessary to
improve the traditional passive radar processing (as seen in Figure 2). First, the spatial
spectrum of the received signal is estimated in the reference channel to obtain the DOAs of
the CCBSs. Then, the reference signals of the CCBSs are obtained by beamforming and the
co-channel interference in the echo channel is eliminated by the cancellation method. The
improved signal processing of the passive radar based on mobile communication is shown
in Figure 3.

Echo channel Reference channel

v

Direct signal from
BS-100

v

Cancellation of DMI from BS-100

v

Range-doppler cross-correlation

v

Detection target

Figure 2. Traditional passive radar signal processing process.
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v

Range-Doppler cross-correlation

v

Detection target

Figure 3. Signal processing process of passive radar for mobile communication.
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Considering that the energy of the DMI from BS-IoO or CCBSs is higher than that
of the target echo, the target echo is treated as noise in Equation (1) in the co-channel
interference spatial spectrum estimation [28]. The co-channel interference is prioritized to
estimate the spatial spectrum, so we assume that the interference from both the BS-IoO
and CCBSs are regarded as co-channel interference, whereby the received signal can be
expressed as:

K » .
x =Y Sg[nle 2Mnsin@I/A 4 Niulm =1,...,Ln=1,...,N—1 )
k=1
where:

K ] N; Np ) .

Z Sk[n}e_fzmim sin(6x) /A _ Z Z Sip[n]e—ﬂndm sm(G,;,,)/A

k=1 i=1p=1

Ntu

N[u] = Y. Aglule 20 5n®) /4 D)
q=1
The received signal is expressed in vector form as:

x(t) = k§1 a(00)si (1) + n(t) = A(8)s(t) + n(t)
- t=1,...,T

®)

where k represents the number of co-channel interferences, the array steering vector corre-
sponding to the k-th co-channel interference is expressed as a(6)) = [1,e 127250 (60)/A ...
e 127rdLsin(0)/MT A(9) = [a(61),a(62),...,a(0k)] represents (2M + N — 1) x K dimension
coprime array manifold matrix, the co-channel interference waveform vector is expressed
ass(t) = [s1(t),52(t), . ..,sx()]T, n(t) is the noise vector. [-]” denotes the transpose of the
vector.

2.2. Direct Signal Spatial Spectrum Estimation Algorithm Based on the Fusion of Coprime Array
and Compressed Sensing

To realize co-channel interference spatial spectrum estimation and interference sup-
pression in a complex interference environment, the coprime array is used as the receiving
array. A direct signal spatial spectrum estimation method using coprime array and com-
pressed sensing is proposed (as seen in Figure 3). The sparse array architecture of coprime
array can break through the limitation of Nyquist sampling rate and realize under-sampling
and sparse perception of incident signals. An augmented virtual array is formed on the
virtual domain by calculating the difference coarray of the coprime array and the perfor-
mance of the array in degrees of freedom and resolution is improved. Further, virtual
domain signal fusion compressed sensing sparse reconstruction algorithm is used to achieve
high-resolution estimation of co-channel direct signal in complex co-channel interference
environment.

A typical structure of coprime array can be seen in Figure 4, which consists of two
uniform linear subarrays whose number of elements is mutually prime. The number
and spacing of the first ULA array elements are 2M and Nd, respectively. The number
and spacing of the first ULA array elements are N and Md, respectively. d is set to
half wavelength, denoted as A/2. The total number of elements in the coprime array is
L =2M+ N —1 and the positions of the physical array elements are:

D = {Mnd,n =0,1,..1, N — 1} U {Nmd,m = 0,1,...,2M — 1} 4)
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Subarrax?.--.&-------.& ________ A __________________________________
1 e oo N l

Figure 4. Extended coprime array construction.

The structure of the extended coprime array is described above. The structure of the
coprime array has many styles. For example, the simple coprime array is to change the
number of elements of the subarray from 2M to M and the other configurations remain
unchanged. The configuration will reduce the utilization rate of the array elements. The
method in this paper uses the extended coprime array and the measured data verification
part adopts a simple coprime array due to hardware conditions.

The elements in the virtual array are acquired by the covariance statistic of the received
signal. Each value in the covariance matrix can represent the equivalent received signal of
a virtual array element. Thereby, a virtual received signal of an extended virtual array can
be formed and the spatial spectrum estimation can be realized by using the virtual domain
signal. The covariance statistic of the received signal can be expressed as:

Ryx _E[ () H(t”
Z ofa(Oc)at (6;) + 071y (5)
= APAH + 021,

where 07 represents the k-th co-channel interference power, a(6y) is the steering vector of

the k-th co-channel interference, P = d1ag( [01,022,~ .. ,(led T) is the covariance matrix of

co-channel interference, o7 represents noise power and I} represents the (2M + N — 1) x
(2M + N — 1) dimensional unit matrix. E[-] denotes the statistical expectation operator

and []H denotes the conjugate transpose of a matrix or vector. In practice, we use sample
averaging, as in Equation (6).

) 1<
Ryy = sz(t)xH(t) (6)
The covariance matrix is composed as shown in Formula (7):

X K
2 2 (d1—d 8 2,2 (d—d _1)sin(6)
’El of + oy 2 ole —j 5 (dr—dy) sin(6;) kgl o2e 1K (d—damsn 1) sin(6)
K 2,2 (dy—dy) sin(6y) 2 K o % (dy—d ) sin(6y)
Zo'ke])\ 2—d1 k ng+0-n Ea'ke]A 2—AM+N-1 k
k=1 k=1 k=1 @)
K , . K . . K
y g]%g_]zTn(dZMJrN—l_dl) sin(6) Y g‘lge_]zTn(dZMJrN—l_dZ) sin(6) y (7]% + 02
_k:l k=1 k=1 ]
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As can be seen from Formula (7), the elements of the i-th row and the j-th column in
the covariance matrix Ry, of the coprime array are expressed as:

K 21 i

£ ogerusamne, iy
rii=E|x(Hxi(t)| = { * v
ij |: 1 ] i| § oﬂ’gesz)\—ﬂ(d[*d]‘)Sin(Gk) +0’%, i :]

k=1

where i,j = 1,2,--- ,2M + N — 1, [-]" represents a conjugate operation. It can be seen
from the above formula that the correlation statistic operation of the received signals of the
i-th and j-th array elements in the array is expressed as the difference set (d; — d;) of the
physical array element positions in the exponential term. It is similar to the steering vector
a(0k). The exponential function term in the second-order statistic r; ; can be regarded as the
steering vector of an equivalent virtual array and the position of each array element in the
virtual array as:

V:{di—dj|di,djED, i,j:1,2,-",2M—|—N—1} (9)
V can be represented by the following four subsets:
V=ViuV,uV; UV, (10)
where
Vl = {in = M(Vll‘ —nj)d,O < 11,‘,1’[]' < N—l}
Vz = {$|$ = N(ml — m])d,O S mi,m]- S 2M — 1}
Vs = {1 = (Mn; — Nm;)d,0 <n; <N—1,0 <m; <2M -1}
V4 = {i‘:l: = (le —Mnj)d,O S m; S 2M — 1,0 S I’Zj S N — 1}

V1 and V; correspond to the autocorrelation statistics of the received signals of subar-
ray 1 and subarray 2, respectively, V3 and V4 correspond to the cross-correlation statistics
of the received signals of the two sub-arrays, which are mirror images of each other. It can
be seen from the above expression that the virtual array element positions V; and V; corre-
sponding to the autocorrelation statistics are subsets of V3 and V. After the redundancy is
removed from V, the difference coarray of the coprime array is expressed as

Vpe = {$[3 = £(Mn—Nm)d,0 < n < N—1,0 <m <2M — 1} (11)

Correspondingly, the equivalent virtual signal corresponding to the virtual array V
can be obtained by vectorizing the covariance matrix of the coprime array, that is, stacking
the columns in the matrix Ryy in turn to form a vector, which can be expressed as:

(12)

K
= Y. oPvec [a(Qk)a(Gk)H} + veco, Iy,
k=1

where vec(-) denotes the vectorization operator that stacks the column vectors of a matrix
one by one, so according to Equation (13)

vec(aall) =a* @ a (13)
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where a is an arbitrary vector, ® represents Kronecker product and [-]* represents a conju-
gate operation. The first part in Equation (12) can be simplified as:

f o2vec [a(ek)a(ek)H] = § of [a(6)" @ a(6y)]
k=1 k=1 o2
1
= [a(@l)*@)ﬂwl)/ /u(QK)*® a(9K>] (14)
0%

where B = [a(61)" ® a(61),- -, a(0k)"® a(fk)] is the steering matrix of the virtual array,
p=lo,0;,- - ,(TK]T, I, = vec(I). Therefore, Equation (12) can be expressed as:

z=Bp -+, (15)

We observe the mathematical model of z, which is similar to the original received
signal model in Equation (3), whereby the vector z can be seen as the equivalent received
signal of the virtual array with the corresponding steering matrix B. Using the definition of
the Kronecker product, it can be known that the process of calculating B corresponds to the
operation process of the actual array element position difference set V. The dimension of B
is (2M + N — 1)? x K and the dimension of the original array manifold is 2M + N —1) X K;
therefore, the virtual array greatly improves the array aperture and DOF to the actual
physical array.

We use the extended coprime array with M = 3, N = 4 in the simulation analysis in
Section 3.2 as an example, as shown in the schematic diagram in Figure 5.

Nd ! Nd ; Nd ' Nd ! Nd
Subar_tay_l____i. _________ . ________ . __________ . ________________ , _________________ ¢ ______
1 2 2M
¢ Md Md  ,  Md
Subarray 2 ____ S S 1 ___________ )W
1 2 N
Coprimearray_ g . ________ A PR Ao @A mmmmmmmmee PR P .
virtual array
------ FOOAPOAEEEEEIE00000000 000000000 444040 004

Figure 5. Schematic diagram of the extended coprime matrix combined with M =3, N = 4

It can be seen from Figure 5 that the obtained virtual array is not continuous and the
positions 15, 18 and 19 are holes, so these positions do not have corresponding virtual
array elements. Therefore, z is not a signal received by a continuous virtual array and
there are locations where virtual array elements are missing. However, there is a virtual
uniform linear subarray composed of (2MN + 1) virtual array elements from —MNd to
MNd positions in the virtual array.

U= {-MNd,—(MN —1)d,---,—d,0,d,--- ,(MN — 1)d, MNd} (16)
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By intercepting the segment of the uniform linear subarray in the non-uniform virtual
array, the equivalent virtual signal of the virtual uniform linear array can be obtained by
selecting the element at the corresponding position in z:

T
2= (2] s (2 uan-var /2o o 1o oy (Flana] 47)
The model can be represented as:
Z=Bp+02l, (18)

In Equation (18), B is the (2MN + 1) x K dimensional matrix of each steering vector
corresponding to the co-channel interference signal and z is like a single snapshot signal
vector received by (2MN + 1) virtual linear array elements. It can be seen that (2MN + 1)
continuous virtual array elements can be obtained only by (2M + N — 1) actual array
elements, which improves the DOF of the array.

From Equation (18), it can be considered that Z is a linear combination of co-channel
interference signals from their respective directions. Therefore, the compressed sensing
algorithm can be used to solve the DOAs of the co-channel interference and the azimuth
angle of Z is sparsely reconstructed by the sparse reconstruction method in the literature [33]
to obtain the spatial spectrum of the co-channel interference. The specific method is to
solve the following /;-norm minimum optimization problem:

min IAp — ZI15 + Allpll; (19)
P
where p is the energy amplitude vector in all directions of the co-channel interference to be
solved, ||p||; is the 1 norm of p and A is a constant.
A is the observation matrix, which consists of steering vectors in all directions. The
observation matrix can be expressed as Formula (20):

. ,—N . ., —Njy+1 . ., —Np+2N
ef]T(fMN)sm(ﬁn) ef]—zqd(fMN)sm(izﬁA 0o ef]—zxd(fMN)sm( gy A m)
. . ,—N . . —Np+1 . . —Np+2N
e_JZTmi(—MN-&-l)sm(ﬁn) e_]z}\ﬂ(—MN-‘rl)sm( ZI\I?A 7) E_JZTW(_MN+1)sln( ?NA A )

A=

) . -N
e—]Z/\LdMNsm(ﬁn)

(20)

. . —Np+1
e—]Z/\LdMNsm( ZI\?A 7)

2d . —Nj+2N
e—]%MNsm(Wn)

2Ny is to divide the spatial azimuth angle of —90° ~ 90° into 2N 4 grids to construct a
complete spatial grid point, so that the co-channel interference is sparsely distributed in
the spatial domain of interest.

In the minimum optimization process of solving Equation (19), the greater the energy
of the co-channel interference, the greater the weight it occupies in the minimum opti-
mization process and the high-energy co-channel interference signals will be preferentially
reconstructed. Therefore, Equation (19) can be used to estimate the spatial spectrum of
strong co-channel interference.

The method from the study of [33] requires that the parameters are real numbers, but
the vector parameters in Equation (19) are complex numbers, so they need to be converted
into a real-valued domain.

minimize

A[”Re ]z

2 (21)

where:
~ Re(A) —Im(A)
A= ima) o)
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Im(Z)

Re(A) means taking the real part of matrix A and Im(A) means taking the imaginary
part of matrix A.

Solving for p requires the introduction of a new unknown real vector u = [u[1],- - -, u[M]],
Pre and py are real and imaginary parts of the p.

According to the interior point method [33], the optimization problem constrained
in Equation (19) can be transformed into the following optimization problem without
constraints:

2
+ t/\ITu + ¢(pRe’ pIm'u) (22)
2

minmize t

i3 -

Im

where: y
¢ (Prerpimet) = = 1 log (ufm)* — prelm)* = pr[m]’)

t is a scalar. The convex optimization problem in Equation (22) can be solved by
Newton’s method [33], which is the solution of Equation (21).

By solving Equation (22), we can obtain p = y/pg.? + P12, Which is a 2N 4-dimensional
vector, which represents the energy amplitude of the interference signal in all directions in
the observation matrix A. By performing energy detection in all directions, the DOAs of
the interference are obtained.

3. Results and Analysis
3.1. Numerical Simulation Description

In this section, the proposed method is simulated and analyzed. The simulation
parameters are set according to the mobile communication signal parameters in the actual
environment. The simulation scenario is shown in Figure 1.

Mobile communication base stations are located in urban or suburban areas and their
coverage radius is 0.3-1 km. In the simulation, the radar receiving antenna is set to be 1
km away from BS-IoO and the CCBSs are distributed about 5 km away from the BS-IoO
(meeting the condition that the co-channel interference energy is less than 12 dB relative
to the BS-100 [34]). The radar adopts M = 3, N = 4 combined coprime array receiving
antennas, with a total of nine omnidirectional array elements (as seen in Figure 5). As a
comparison, a ULA antenna with the same number of coprime arrays is selected and the
element spacing is half the wavelength.

In the following simulations, we assume that each CCBS has one direct and five
multipath signals and there are six interferences in total. In each simulation, the direct
signal energy is randomly selected between 20 and 25 dB. The multipath interference
energy is randomly selected between 0 and 5 dB, the DOAs of all co-channel interference
are randomly selected at [-90° and 90°] and the spatial grid division angle interval is
1°. The above parameters are randomly selected in each Monte Carlo simulation. In
the following simulations, the number of CCBSs and specific parameters of co-channel
interference clutter are set according to each simulation scenario. We assume that in the
simulations, the difference between the sparsely reconstructed DOA of the co-channel
interference and its real DOA is no more than 3 dB half-beam width. That is, when the
difference between the real DOA and the sparsely reconstructed DOA does not exceed
3°, we think that the correct high-resolution detection and DOA estimation are achieved.
Probability of discrimination success = number of successful discrimination/number of
Monte Carlo experiments.
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3.2. Simulation Results and Analysis
3.2.1. Performance Analysis of DOF

For the DOF simulation when there is too much co-channel interference, eight CCBSs
are set, each CCBS has 1 direct signal and 5 multipath interferences and there are a total of
48 co-channel interferences. The energies of direct signal and multipath interference are
randomly selected between 20 and 25 dB and 0 and 5 dB, respectively, and their DOAs are
randomly selected between [-90° and 90°]. The simulation results are shown in Figure 6.
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Figure 6. Cont.
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Figure 6. Co-channel interference spatial spectrum estimation, (a) Maximum likelihood, (b) MUSIC,
(c) Compressed sensing based on ULA, (d) the proposed method.

Figure 6 shows that the traditional maximum likelihood and MUSIC algorithms based
on ULA almost fail in the case of complex co-channel interference in Figure 6a,b. The
compressed sensing (CS) algorithm based on ULA can correctly estimate the DOA of
four direct signals of the co-channel, but the peak response is not sharp, as shown in
Figure 6¢. Therefore, this method cannot effectively estimate the spatial spectrum of co-
channel interference in such a complex co-channel interference environment. The proposed
method can estimate the DOAs of the direct signal of seven CCBSs, as shown in Figure 6d.
From Figure 6d, it can be seen that there is one co-channel direct signal that has not been
estimated. The reason is that, in order to simulate the actual environment as much as
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possible, the direct signal energy of each CCBS is set to be random. The energy of the
non-correctly estimated direct signal is lower than that of other signals. Therefore, in order
to correctly estimate the DOA of all direct signals, we use a cascade cancellation method in
the actual processing process. Firstly, the DOAs of the strongest direct signal are estimated
and cancelled and then the echo signal of other sub-strong energies is estimated. For more
details about the cascading cancellation algorithm, see Section 3.3 of Field Experiment
Results and Analysis.

From Figure 6d, it also can be seen that there are two spurious signals. The reason
for these two spurious signals is that in the simulation, the DOAs of the interfering signal
are random and there is some low-energy multipath interference gathered in these two
azimuths, causing energy accumulation. In the process of sparse reconstruction, they
are regarded as two strong direct signals of the co-channel. In the subsequent clutter
elimination process, the two spurious signals can be eliminated without affecting target
detection. Therefore, in the complex co-channel interference environment, the spatial
spectrum estimation performance of the coprime array is obviously better than that of
the ULA.

3.2.2. Performance Analysis of Direct-Signal High-Resolution DOA Estimation

In the suburban application environment, when the direct signal of two CCBSs have
similar DOAs, it is used to verify the high-resolution performance of the proposed method.
For set 2 CCBSs, the direct signal energy of the CCBS is 23 dB and 25 dB, respectively. The
first direct-signal DOA is kept at 20° and the second DOA is between 20.5° and 40°, varying
from 20.5° to 40° in 0.5° steps. For every 0.5° increase in the DOA of the second co-channel
direct signal, we conducted 200 Monte Carlo experiments. For each experiment, the energy
and DOA of 10 multipath interferences were randomly selected between 0 and 5 dB and
[—90° and 90°], respectively. Here, we set that the target DOA can be correctly estimated
after reconstruction means that the two targets can be effectively distinguished and the
difference between the positions of the two largest peaks and the real DOA of the target is
less than 3°. The simulation result is shown in Figure 7.
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Figure 7. The relationship between the probability that can be correctly estimated and the direct-signal
DOA difference between two CCBSs.
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Figure 7 shows that the three spatial spectrum estimation algorithms of the traditional
ULA have poor performance. With the proposed method, when the difference between the
direct-signal DOA of the two CCBSs is greater than 4°, the probability of correctly estimating
the two targets after sparse reconstruction is greater than 0.99. The proposed method
has better high-resolution performance, so it can have better anti-mainlobe interference
capability in practical applications.

3.2.3. Performance Analysis of Direct-Signal High-Resolution DOA Estimation in Complex
Environment

In the urban environment, when there are four CCBSs, the high-resolution performance
of the proposed method is verified in this complex co-channel interference environment.
Based on the simulation (3.2.2), two more CCBSs are added and the DOAs of the two added
CCBSs are set to —30° and —66°, respectively. Further, 200 Monte Carlo simulations were
performed at each DOA and the simulation result is shown in Figure 8.
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Figure 8. The relationship between the probability that can be correctly estimated and the direct-signal
DOA difference between two CCBSs when there are 4 co-frequency base stations.

Figure 8 shows that in the complex co-channel interference environment, the proposed
method can correctly distinguish the two direct signals when the DOA difference between
the two direct signals is greater than 6°. However, when the DOA difference between the
two direct signals is greater than 16°, the probability that the compressed sensing algorithm
based on ULA can correctly distinguish the two direct signals reaches 0.9 and the estimation
accuracy fluctuates greatly. The other two spatial spectrum estimation algorithms based
on the ULA almost fail. Compared with the traditional method, the proposed method
can still obtain better high-resolution performance in the complex co-channel interference
environment.

3.2.4. Performance Analysis of the Accuracy of Enumerating All CCBSs

In actual application scenarios, the number of CCBSs is not fixed and will change. The
number of CCBSs is increased from one to six and the enumeration accuracy of the proposed
method is verified when the number of CCBSs is different. In each case of the number of
CCBSs, we performed 200 Monte Carlo experiments. Each CCBS has one co-channel direct
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signal and five multipaths. Each additional CCBS will increase six co-channel interferences
accordingly. In each experiment, the energies of the co-channel direct signal and multipath
are randomly selected between 20 and 25 dB and 0 and 5 dB, respectively, and their DOAs
are randomly selected at [-90°,90°]. Therefore, the DOA difference between any two
CCBSs is random. The simulation result is shown in Figure 9.
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Figure 9. All CCBSs estimate the correct probability.

In Figure 9, the horizontal axis represents the number of CCBSs and the vertical
axis represents the probability that the DOA of the corresponding number of co-channel
direct signal can be correctly estimated in 200 Monte Carlo experiments. As can be seen
from Figure 9, when the number of CCBSs is one; that is, when there is only co-channel
interference from the BS-100O, all methods can be correctly estimated in 200 Monte Carlo
experiments. This is similar to the scenario with traditional low-band radiation sources. In
this case, a uniform array can be used to estimate the spatial spectrum of the CCBS. When
the number of CCBSs is four, the probability that the proposed method can estimate all
four co-channel direct signals in one estimation is 0.85, while the probability that the CS
algorithm based on the ULA can correctly estimate is only 0.44. With the increase in the
number of CCBSs, the performance of the spatial spectrum estimation algorithm based on
the ULA decreases faster. When there are 6 CCBSs, a total of 36 co-channel interferences,
in this complex co-channel interference environment, the probability that the proposed
method can estimate all the 6 co-channel direct signals in one estimation is 0.54 and the
spatial spectrum algorithms based on the ULA are almost invalid. It can be seen that
the enumeration accuracy of the coprime array in the complex co-channel interference
environment is better than that of the ULA with the same number of elements.

3.2.5. Performance Analysis of the Accuracy of Enumerating Some CCBSs

We hope to estimate all the co-channel direct signals in one spatial spectrum estimation,
but when the number of CCBSs is large, the DOAs of all co-channel direct signals cannot
be estimated in one spatial spectrum estimation. The more the number of co-channel
direct signals is estimated in one simulation, the better the target detection. For this, six
CCBSs were set and 200 Monte Carlo experiments were performed. In each experiment, the
energies of the co-channel direct signal and multipath are randomly selected between 20
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and 25 dB and 0 and 5 dB, respectively, and their DOAs are randomly selected at [-90°,90°].
The simulation result is shown in Figure 10.
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Figure 10. The relationship between the number of CCBSs and the probability of correct estimation.

As can be seen from Figure 10, the probability that the proposed method can estimate
the DOA of at least four co-channel direct signals in one estimation is 0.97 and the proba-
bility of estimating at least five co-channel direct-signal DOAs is 0.86 and the probability
of estimating all six co-channel direct signals is only 0.54. The probability that the CS
algorithm based on the ULA can estimate the DOA of at least five direct signals in one
estimation is 0.45 and the probability of estimating all six co-channel direct signals is only
0.16. Obviously, in the complex co-channel interference environment, the enumeration ac-
curacy of the proposed method is higher than that of the traditional method. It can be seen
that in the complex co-channel interference environment, using the proposed method to
estimate the spatial spectrum of the CCBS, a larger number of co-channel direct signals can
be estimated each time, which will be very beneficial to the subsequent clutter elimination.

3.3. Field Experiment Results and Analysis

In this section, we analyze and verify the performance of the proposed method through
experiments. The vertical polarized dipole plate-type antenna was used as the receiving
antenna to receive the moving target echo and DMI from both BS-IoO and CCBS. The
antenna has eight elements and the element spacing is 0.16 m. A photograph of the antenna
is shown in Figure 11. The signals received undergo digital signal processing for data
analysis. The 1st, 3rd, 4th and 5th elements are extracted from the ULA to form a simple
coprime array with M = 2, N = 3. The 6th, 7th and 8th elements of the ULA fill the
right hole of the virtual array extended by the coprime array (as shown in Figure 12). The
experiment location is near Xi’an Xianyang International Airport. The G5M signal was
selected as the IoO for this experiment. The carrier frequency of the IoO is 957 MHz. A
collection target is an aircraft that is landing or taking off. During the collection process, the
normal direction of the antenna is aligned with the airport runway and the target direction
is also set to about 0°. The sketch of the radar setup is shown in Figure 13, where £ is the
bistatic angle of the radar and « is the angle between the radar line of sight and the target
movement path. From Figure 13, we can see that when the aircraft is taking off, the DOA
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of the target is gradually getting closer to the normal direction of the radar. The signal
processing flow of the measured data is shown in Figure 14.

Figure 11. Photograph of radar receiving antenna.
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Figure 12. Equivalent antenna schematic.
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Figure 13. Sketch of radar setup.
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The range-Doppler cross-correlation (RDCC) is performed directly on the original

echo signal and Figure 15 shows the result of RDCC.
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Figure 15. The RDCC result of the original signal.

In Figure 15, the target echo cannot be seen, but we see strong interference in 0
Doppler. Because the received signal contains both the DMI from the BS-IoO and other
CCBSs, at the energy level, the target echo is much smaller than the co-channel interference,
causing the target echo to be submerged in it and it cannot be detected. The co-channel
interference is strongest near 0 range-Doppler, which is the interference from the BS-100O.
Then, the proposed method is used to estimate the spatial spectrum of the strong co-channel
interference. The spatial spectrum is shown in Figure 16.
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Figure 16. The first strong co-channel interference spatial spectrum.
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As can be seen from Figure 16, one peak is significantly higher than other peaks, which
is the direct signal from the BS-10O. After obtaining the DOA of the direct signal from the
BS-100, the non-adaptive beamformer is performed to obtain the reference signal from
the BS-IoO and then the ECA-B cancellation method in [35] is performed to eliminate the
interference from the BS-100. The RDCC is performed after eliminating the interference
from the BS-IoO and Figure 17 shows the result of RDCC.
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Figure 17. RDCC after eliminating BS-IoO interference.

In Figure 17, we can see that the interference at 0 range-Doppler that appeared in
Figure 15 has disappeared, indicating that the interference from the BS-IoO has been
effectively suppressed, but there are still two obvious peaks in the zero-Doppler and no
target is detected, because the signal received by the antenna includes a large amount of
co-channel interference from other CCBSs; the energy of co-channel interference is stronger
than the target echo, causing the target echo to be masked under the co-channel interference.
Therefore, it is necessary to continue to eliminate strong co-channel interference. To use the
ECA-B clutter cancellation algorithm to eliminate co-channel interference, it is necessary
to know the DOAs of the CCBS in advance. The spatial spectrum estimation algorithms
based on the ULA are limited by the spacing of the array element and the maximum cannot
exceed half of the wavelength; otherwise, it will lead to angle ambiguity. When the amount
of co-channel interference is large, a larger-scale array is required to improve the DOF and
accuracy of the array. The coprime array breaks through the half-wavelength limit and the
larger array aperture can be obtained with fewer array elements. The proposed method is
used to estimate the spatial spectrum of the strong co-channel interference again and the
result is shown in Figure 18.
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Figure 18. The second strong co-channel interference spatial spectrum.

In Figure 18, five DOAs with strong co-channel interference are estimated by the
proposed method and the interference energy in the directions of —48.3°, 5° and 43.3° is
the strongest. The RDCC is performed after the three strongest interferences are eliminated
from the echo channel and Figure 19 shows the result of the RDCC.
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Figure 19. RDCC after eliminating the strongest interference in Figure 18.

In Figure 19, the strongest co-channel interferences in the zero-range Doppler unit
that appeared in Figure 17 are eliminated and it can be seen that a weak target echo is
detected. However, there are still other strong co-channel interferences. It can be seen that
the energy of the co-channel interference near 14,000 m is stronger than the target echo.
Because the process of eliminating co-channel interference is to first eliminate co-channel
interference with the strongest energy and then eliminate co-channel interference with the
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second-strongest energy step by step, weaker interference occurs in a relative bistatic range
of 14,000 m, which was previously covered by the stronger interference. It is necessary
to continue to perform spatial spectrum estimation on co-channel interference and obtain
reference signals to eliminate these interferences. The result of spatial spectrum estimation
with the proposed method is shown in Figure 20.
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Figure 20. The third strong co-channel interference spatial spectrum.

It can be seen from Figure 20 that the energy of the interference is strongest in the 16.6°
and 26.6°. The RDCC is performed after eliminating the interference signals whose DOAs
are 16.6° and 26.6° and Figure 21 shows the result of RDCC.
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Figure 21. RDCC after eliminating the strong interference in Figure 20.

The clear target echo can be seen in Figure 21, indicating that most of the co-channel
interference has been eliminated. There are some interferences with the weaker energy,



Remote Sens. 2022, 14, 5308

23 of 26

but they do not affect the target detection and do not need to be eliminated. As can be
seen from Figure 22, the strong co-channel interference near 0 Doppler was eliminated.
This shows that the method proposed can be used in the estimation of the co-channel
interference spatial spectrum.
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Figure 22. Zoomed in near 0 Doppler.

In the measured data, the proposed method is used to estimate the spatial spectrum
of the CCBS, which provides a basis for beamforming to obtain the direct reference signal
of the CCBS. After processing multiple frames of data, the tracking result of the target
Doppler trajectory is obtained, as shown in Figure 23, which verifies that the proposed
method can be applied in practical scenarios.
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Figure 23. Target Doppler trajectory tracking results.
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4. Discussion

This study investigates the problem of obtaining the spatial spectrum of the co-channel
direct signal in the complex co-channel interference environment of passive radar based on
mobile communication signals. In practical application scenarios, passive radar based on
mobile communication suffers from severe co-channel interference, which affects target
detection. The premise of eliminating co-channel interference is to obtain the spatial
spectrum of the CCBS. The method we propose is to fuse coprime array and compressed
sensing to estimate the spatial spectrum of the CCBS.

The authors of [17,29-31] used a ULA to estimate the spatial spectrum of the direct
signal of the CCBS. These methods based on ULA are applicable when there is only
one CCBS (that is, BS-100). However, the CCBSs are densely distributed and adopt the
transmission method of frequency division multiple access, which causes the mobile
communication passive radar to face a large amount of co-channel interference. The
amount of co-channel interference is much larger than the number of array elements and
the methods in the literature have poor estimation performance or even fail in this complex
co-channel interference environment. We propose to use the coprime array as the receiving
antenna of the radar. The coprime array is a sparse array, the spacing between the array
elements can be greater than half a wavelength and the array aperture is larger than that of
the ULA when the number of array elements is the same. Signal processing is performed
based on the virtual domain of the coprime array. The number of array elements in the
virtual array is greater than the number of physical arrays, which effectively improves the
DOF. Therefore, it can be used in scenarios where the amount of co-channel interference
is greater than the number of array elements. We fuse coprime array and compressive
sensing algorithm to realize super-resolution DOA estimation of co-channel interference in
a complex co-channel interference environment.

In Section 3.2.1, we can see that the proposed method can effectively estimate the
spatial spectrum of the co-channel direct signal in a complex co-channel interference
environment. Traditional uniform arrays based on subspace classes, maximum likelihood
and compressed sensing algorithms cannot be effectively estimated or may even fail. In
Sections 3.2.2 and 3.2.3, the proposed method has better high-resolution performance than
traditional methods and, thus, has better anti-mainlobe interference capability in practical
applications. The high-resolution performance of the proposed method can obtain a more
accurate DOA of the direct signal of the CCBS and can obtain a purer reference signal, which
is very beneficial for subsequent clutter elimination and target detection. In Sections 3.2.4
and 3.2.5, we simulate the enumeration accuracy between the proposed method and the
traditional method in a complex co-channel interference environment. The enumeration
accuracy of the proposed method is much higher than that of the traditional method.
The number of co-channel direct signals that can be estimated in one spatial spectrum
estimation is larger than that of the traditional method. This will be very beneficial for
subsequent clutter cancellation. The proposed method is verified by experiments. In the
experiment, the proposed method is used to estimate the spatial spectrum of the co-channel
direct signal. After eliminating the strong co-channel direct signal, the track of the target
can be obtained after multi-frame processing.

Numerical simulations show that the proposed method has significantly better spatial
spectrum estimation performance for co-channel direct signals than the traditional methods
in a complex co-channel interference environment. The experimental method verifies that
the proposed method can be applied in practical scenarios.

5. Conclusions

Passive radar based on mobile communication has many advantages, but it faces
serious co-channel interference in practical applications, which leads to the inability to
effectively detect the target, resulting in missed detection. In this paper, a CCBS direct-
signal spatial spectrum estimation method fusing coprime array and compressed sensing
is proposed to assist in suppressing co-channel interference. We convert the received
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signal of the extended coprime array to the virtual domain and the array aperture of the
virtual domain array is far greater than the ULA under the same array element, which
creates conditions for improving the resolution and DOF. Then, the compressive sensing
algorithm is used in the virtual domain to estimate the spatial spectrum of the co-channel
interference. The proposed method is compared with the MUSIC, maximum likelihood
and compressed sensing algorithms based on ULA in terms of array DOF, resolution and
enumeration accuracy. The simulation results show that the proposed method is superior
to the traditional method in a complex co-channel interference environment. Finally, the
proposed method is verified by experiments in the GSM passive radar and the results show
that the proposed method can be applied to the actual mobile communication passive radar
scene.
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