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Bistatic radar imaging can overcome limitations of monostatic radar imaging and obtain abundant target feature information; thus,
it is followed with interest. Different from bistatic inverse synthetic aperture radar (Bi-ISAR) imaging, bistatic radar coincidence
imaging (Bi-RCI) provides a new tack on the bistatic radar imaging technique. In this paper, a Bi-RCI based on multiple
measurement vectors (MMV) for rotating cone-shaped targets is proposed to realize Bi-RCI coherent processing and improve
imaging performance. Based on the mixed mode signals, a MMV parametric model is established and measurement number
coarse selection is proposed. Finally, a modified sparse Bayesian learning (MSBL) algorithm is introduced to reconstruct the
target image. Simulation results demonstrate the validity and the superiority of the proposed method.

1. Introduction

Due to the separation of the transmitter and receiver, bistatic
radar has better survivability and antijamming performance,
can obtain more abundant target feature information, and
can effectively reduce the system cost [1]. Therefore, a bistatic
radar system has great advantages and potential in modern
electronic warfare, and it has become a research hotspot of
radar technology [2–6].

As one of the imaging techniques, the inverse synthetic
aperture radar (ISAR) imaging using bistatic configuration
can overcome some limitations of monostatic ISAR imaging
and is exploited in territory air defense [7], ocean surveillance
[8], and other fields. Currently, aiming at two features of the
Bi-ISAR in terms of scaled image resolution and image shear-
ing distortion, bistatic distortion correction methods and a
crossrange scaling technique are studied [9–11]. With the
continuous development of signal processing technology,
bistatic three-dimensional (3-D) interferometric ISAR based

on interference processing has gradually become a research
hotspot [12–14]. Also, this kind of method can provide more
abundant information. The methods above have played an
important role in promoting the practical application of
bistatic radar imaging systems. The Bi-ISAR imaging and
the bistatic 3-D interferometric ISAR imaging are both
ISAR-based imaging methods. Nevertheless, these methods
are complicated and even ineffective for targets with internal
motions due to the influence of target micromotion.

In recent years, radar coincidence imaging (RCI), which
is one of the incoherent and computational imaging
methods, has been proposed and studied by Li et al. [15].
Compared with ISAR imaging, RCI is highly effective for
rapid real-time imaging and is suitable for static or quasista-
tionary targets [16]. The ability of RCI processing to simplify
the complicated motion compensation of a noncooperative
target makes it applicable to both cooperative and noncoop-
erative targets. There is a mode of the correlation between
signals A and B in the RCI processing, where A is the
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detection signal and B is the received signal. Importantly, it is
essential that signal A require time-space independence. In
order to acquire the time-space independent signals, the core
for achieving RCI is to design the transmitted signal. Conse-
quently, a multitransmitting configuration with multiple
independent subsources is reasonable for RCI and is used
to produce the time-space independent signals. Compared
with ISAR imaging, RCI does not rely on coherent focus pro-
cessing to achieve the desired azimuth resolution, so imaging
processing is much faster, which is an important superiority
of RCI. Currently, a mixed mode radar coincidence imaging
(MMRCI) system is proposed by Zhu et al. [17]. The trans-
mitted signals of the MMRCI system consist of two parts:
the coherent part used for the target detection and the inco-
herent part used for the target imaging. In this way, the image
quality of the moving target can be improved by effectively
reducing the target position estimation error with the coher-
ent part of transmitted signals. Then, the incoherent part
produces the time-space independent reference radiation
field with high resolution but no target information. On the
contrary, the echoes have no spatial resolution but carry the
target information. Therefore, the RCI images can be
acquired by processing the reference radiation field and the
echoes together.

Based on the RCI principle, although bistatic RCI (Bi-
RCI) has been introduced in our previous work [18], a linear
imaging model is established to reconstruct images in this Bi-
RCI. The linear imaging model is a single measurement
vector (SMV) and has limited imaging performance. Cur-
rently, there are few researches on the RCI coherent process-
ing method for rotating targets. Cone-shaped targets such as
the missile are a kind of typical rotating targets, so taking the
cone-shaped targets as the research object, Bi-RCI coherent
processing is investigated in this paper. To realize Bi-RCI
coherent processing for rotating targets, two new problems
need to be solved: one is how to exploit the echoes to conduct
coherent accumulation and the other one is the determina-
tion of the coherent accumulation time to ensure the
coherent processing performance. Hitherto, RCI uses a
parametric model to reconstruct images. The advantage of
this method is to improve the imaging resolution and to
obtain super-resolution imaging results. Therefore, in this
paper, in order to solve the first problem, the signal waveform
is repeatedly transmitted to obtain coherent echoes for accu-
mulation, and then a multiple measurement vector (MMV)
parametric model is established to realize the Bi-RCI coher-
ent accumulation process. For the other problem, due to
the influence of target motion, the coherence accumulation
time has an upper limit, which affects the measurement num-
ber of the MMV parametric model. By analyzing the Doppler
and micro-Doppler effects of target motion and rotation, the
constraints between coherent accumulation time and dis-
tance variation caused by target motion are derived, and
the measurement number coarse selection of the MMV para-
metric model is finally obtained. The advantages of the pro-
posed method can be summarized as follows: (1) because of
the separation of the transceiver and receiver, the continuous
waveform can be used to shorten the observation time to
realize fast and real-time imaging of rotating targets; (2) the

coherent accumulation time is short, so the influence of
target motion and rotation can be neglected, and it is not
necessary to implement the echo translational motion
compensation in the imaging process; and (3) coherent pro-
cessing can enhance the antinoise ability and further improve
the imaging quality.

The paper is structured as follows. Section 2 introduces
the signal model including transmitted signals and received
signals and proposes a MMV parametric model and a mea-
surement number coarse selection to realize Bi-RCI coherent
processing. Then, the target image is reconstructed with a
modified sparse Bayesian learning (MSBL) algorithm.
Section 3 presents our simulation results to analyze the per-
formance of the proposed method. In Section 4, we draw
the conclusions of this paper.

2. Bi-RCI Based on MMV

2.1. Signal Model. In the Bi-RCI system shown in Figure 1,
the radar coordinate system O‐XYZ and the reference coor-
dinate system O′‐xyz are established. For O‐XYZ, the origin
O is located on the transmitter; the X-axis is selected along
the base line L, connecting the transmitter and the receiver;
and the XOY plane is determined by a rotating target, the
transmitter, and the receiver together. The Z-axis is perpen-
dicular to the XOY plane by the right-handed helix rule.
For O′‐xyz, the origin O′ is located on the rotating target,
and O′‐xyz is parallel to the radar coordinate system O‐
XYZ. A uniform linear array (ULA) consisting of N ele-
ments is used as the transmitting antenna. N elements
are distributed uniformly on the X-axis with equal interval
d. The mixed mode signals of the hybrid configuration are
transmitted by the ULA, comprising the coherent part and
the incoherent part [17]. Assuming that the reference
point O′ is located at ðx0, y0, 0Þ, the unit vectors along
the Line-of-Sight (LOS) of the transmitter and receiver

are it = ½x0/
ffiffiffiffiffiffiffiffiffiffiffiffiffi
x20 + y20

p
, y0/

ffiffiffiffiffiffiffiffiffiffiffiffiffi
x20 + y20

p
, 0�T and ir = ½ðx0 − LÞ/ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

ðx0 − LÞ2 + y20

q
, y0/

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðx0 − LÞ2 + y20

q
, 0�T , respectively.

The coherent part of the mixed mode signals is used to
analyze the distance variation and determine the measure-
ment number. Because narrow-band signal makes the radar
have high system sensitivity and large maximum detectable
distance brought by small-signal bandwidth and noise coeffi-
cient [19], a single frequency narrowband (SFN) signal is
used as this part. The signal is transmitted by the element
located at origin O, expressed as

ssf tð Þ = exp j2π f c + ΔFð Þtf g, ð1Þ

where f c denotes the carrier frequency and ΔF denotes the
frequency difference between the SFN signal frequency
and the carrier frequency. The setting of ΔF needs to con-
sider that the SFN signal can be separated from the mixed
mode signals.

The incoherent part of the mixed mode signals is a
random frequency modulation (RFM) signal, with the
time-space independence. This signal can achieve imaging
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for the rotating target. The signal transmitted by the nth
element can be expressed as

sinn tð Þ = rect t
Tp

 !
exp j2π f c + Cn tð Þ ⋅ Bð Þtf g, ð2Þ

where Tp is the pulse duration, f c is the carrier frequency that
is the same as the coherent part, B is the signal bandwidth,
CnðtÞ are uniformly distributed in ½−0:5, 0:5�, and n represents
the element index that is n = 1, 2,⋯,N. In addition,

rect tð Þ =
1, 0 < t ≤ 1,
0, else:

(
ð3Þ

Hence, the mixed mode signals is the summation of the
coherent and incoherent signals, which can be described by

s tð Þ = ssf tð Þ + sin tð Þ = ssf tð Þ + 〠
N

n=1
sinn tð Þ: ð4Þ

A is a scatterer on the rotating target. The receiving
antenna captures the echoes scattered from scatterer A, which
can be expressed as

yr tð Þ = σA ⋅ s t − τAð Þ, ð5Þ

where σA is the scattering coefficient of scatterer A and τA is
the time delay of the echoes scattered by scatterer A. Owing
to the existence of the motion, time delay τA varies with time
t. Moreover, the mixed mode signals are continuously trans-
mitted during the radar observing period because of the
separation of the transmitter and the receiver, and their
time-frequency spectrum is shown in Figure 2.

2.2. MMV Parametric Model. Although the RFM signal and
the SFN signal are mixed and transmitted together in the
time domain, these two parts are mutually independent in
the frequency domain. Hence, they can be distinguished in
the frequency domain. Assume that the receiver can obtain
synchronous signals with good performance to achieve time
and frequency synchronization and that the translational

motion and rotation within one pulse duration Tp are
ignored. After using a band-pass filter, the incoherent part
of the echoes can be expressed as

yinr t̂, tm
� �

= σA ⋅ 〠
N

n=1
rect t̂ − Rn

A tmð Þ/c
Tp

 !

⋅ exp j2π f c + Cn t̂
� �

⋅ B
� �

t̂ −
Rn
A tmð Þ
c

� �� �
,

ð6Þ

where t = t̂ + tm = t̂ + ðm − 1ÞTp and t̂ and tm are the fast-
time variate and slow-time variate, respectively. c is the speed
of light in space. Rn

AðtmÞ denotes the time-varying distance
that the echoes travel from the nth element to the receiving
antenna and can be expressed as

Rn
A tmð Þ = Rn + vtm + Rrot tmð ÞrAk k + Rr + vtm + Rrot tmð ÞrAk k,

ð7Þ

where Rn denotes the vector from the nth element to O′, Rr

denotes the vector from the receiving antenna to O′, v is
the target velocity, RrotðtmÞ denotes a 3-D rotating matrix,
and rA = ½xA, yA, zA�T is the position vector of A in the refer-
ence coordinate system. Assuming that the target is located
on a plane I, and the variation in the phase distribution
caused by the translational motion and rotation is ignored,
yinr ð̂t, tmÞ can be expressed as the superposition of reference
signal Sð̂t, tm, rÞ [15]:

yinr t̂, tm
� �

=
ð
I
σr ⋅ S t̂, tm, r

� �
dr, ð8Þ

where

S t̂, tm, r
� �

= 〠
N

n=1
rect t̂ − Rn tm, rð Þ/c

Tp

 !

⋅ exp j2π f c + Cn t̂
� �

⋅ B
� �

t̂ −
Rn tm, rð Þ

c

� �� �
,

ð9Þ

Rn tm, rð Þ = Rn + vtm + Rrot tmð Þrk k + Rr + vtm + Rrot tmð Þrk k:
ð10Þ

After the discretization of the fast-time domain, the
incoherent part of the echoes can be expressed as yðtmÞ =
½y1ðtmÞ, y2ðtmÞ,⋯,yPðtmÞ�T ∈ℂP×1, in which

yp tmð Þ = yinr t̂p, tm
� �

= σA ⋅ 〠
N

n=1
exp j2πf p t̂p −

Rn
A tmð Þ
c

� �� �
,

ð11Þ
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Figure 1: Bi-RCI system model.
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where t̂p is the pth sampling time, f p = ð f c + Cnð̂tpÞ ⋅ BÞ
denotes the signal frequency at this sampling time t̂p, and P
is the sample number in the fast-time domain.

According to the RCI theory, the parameterized method
can be used to establish a parametric model, and the super-
resolution image can be constructed by solving this problem
[20]. The imaging area is first discretized as a grid of Q cells.
The position vectors of the cells are expressed as V = frq ∣ q
= 1, 2,⋯,Qg, where rq = ½xq, yq, zq�T is the position vector of

the q cell in the reference coordinate system O′‐xyz. The
scattering coefficients of these cells form a vector σðtmÞ =
½σ1ðtmÞ, σ2ðtmÞ,⋯,σQðtmÞ�T ∈ℂQ×1. Then, after sampling in
the fast-time domain, the reference signal vector of the imag-
ing area at t̂p can be calculated:

Sp tmð Þ = S t̂p, tm, r1
� �

, S t̂p, tm, r2
� �

,⋯,S t̂p, tm, rQ
� �	 


: ð12Þ

Hence, the measurement matrix formed by the reference
signal vectors can be written as

S tmð Þ = S1 tmð Þ, S2 tmð Þ,⋯,SP tmð Þ½ �T

=

S t̂1, tm, r1
� �

S t̂1, tm, r2
� �

⋯ S t̂1, tm, rQ
� �

S t̂2, tm, r1
� �

S t̂2, tm, r2
� �

⋯ S t̂2, tm, rQ
� �

⋮ ⋮ ⋱ ⋮

S t̂P, tm, r1
� �

S t̂P, tm, r2
� �

⋯ S t̂P , tm, rQ
� �

26666664

37777775:

ð13Þ

Finally, we consider the influences of noise. Based on the
parameterized method, the equation is expressed as

y tmð Þ = S tmð Þ ⋅ σ tmð Þ + e tmð Þ, ð14Þ

where eðtmÞ ∈ℂP×1 is a noise vector at tm. When observation
time is Tp, the parametric model is established based on a
single measurement vector (SMV), expressed as formula
(14). If M pulses are transmitted in the coherent accumula-
tion time TM , echo matrix Y can be obtained and expressed
as Y = ½yðt1Þ, yðt2Þ,⋯,yðtMÞ� ∈ℂP×M , where yðtmÞ ∈ℂP×1,m
= 1, 2,⋯,M is the echo vector of the mth pulse.

According to (9), (10), and (13), the measurement matrix
SðtmÞ varies with tm because of the target motions. To estab-
lish a parametric model based on multiple measurement
vectors (MMV), a measurement matrix not varying with tm
is necessary. It is feasible to ignore the distance variation
brought by the target translational motion and rotation in
short coherent accumulation time TM , because the target is
still located in the grid discretized initially at t1. Under this
condition, a MMV parametric model can be obtained and
expressed as

Y = S ⋅ Σ + E, ð15Þ

where the measurement matrix S = Sðt1Þ, E is a noise matrix,
and E = ½eðt1Þ, eðt2Þ,⋯,eðtMÞ� ∈ℂP×M . Σ = ½σðt1Þ, σðt2Þ,⋯,σ
ðtMÞ� ∈ℂQ×M is a scattering coefficient matrix, and fσðtmÞ ∣
m = 1, 2,⋯,Mg has the same sparse structure in TM under
the condition of an ideal scatterer model. Hence, the determi-
nation of the observation time is significant to establish the
MMV parametric model. The coherent accumulation time
decides the measurement number of the model; in other
words, we need determine a suitable measurement number,
which is helpful to coherent processing of Bi-RCI.

2.3. Measurement Number Coarse Selection. By filtering, the
coherent part of the echoes can be denoted

ysfr tð Þ = σA ⋅ exp j2πf s t −
RA tð Þ
c

� �� �
, ð16Þ

where f s = f c + ΔF denotes the frequency of the SFN signal,
and RAðtÞ denotes the time-varying distance that the echoes
travel, which is expressed as

RA tð Þ = Ro + vt + Rrot tð ÞrAk k + Rr + vt + Rrot tð ÞrAk k, ð17Þ

where Ro denotes the vector from the first element of the
ULA to O′ and RrotðtÞ denotes a 3-D rotating matrix. By
taking the time derivative of the phase Φsf ðtÞ = 2πf sðt −
RAðtÞ/cÞ, the Doppler frequency shift of ysfr ðtÞ is derived
as follows [21]:

fc+𝛥F

fc

Time (Tp) Pulse

Fr
eq

ue
nc

y
Tp

0 1 2 3 4 5

Figure 2: The time-frequency spectrum of the mixed mode signals.
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f d =
1
2π

d
dt

Φsf tð Þ = −
f s
c
d
dt

RA tð Þ = −
f s
c

v + d
dt

Rrot tð ÞrAð Þ
� �T

nb tð Þ,

ð18Þ

where nbðtÞ is a direction vector of the bistatic angle bisec-
tor at t. The first term of (18) is the Doppler shift caused
by the target translational motion, while the second term
denotes the micro-Doppler (m-D) frequency modulation
induced by the rotation of scatterer A. The distance varia-
tion rate of scatterer A can be obtained:

d
dt

RA tð Þ = −
c
f s
f d = v + d

dt
Rrot tð ÞrAð Þ

� �T
nb tð Þ: ð19Þ

Assuming that the rotating angular velocity is ω =
½ωx, ωy, ωz�T , Ω = kωk, and ω′ = ω/Ω = ½ωx′ , ωy′ , ωz′�

T
, the

skew symmetric matrix generated byω′can be expressed as

bω ′ =

0 −ωz′ ωy′

ωz′ 0 −ωx′

−ωy′ ωx′ 0

26664
37775, ð20Þ

and the rotating matrix RrotðtÞ is determined by

Rrot tð Þ = exp Ωbω ′t
 �

= I + bω ′ sin Ωt + bω ′2 1 − cos Ωtð Þ:
ð21Þ

The m-D frequency can be described by

f m−D = −
Ωf s
c

bω ′ bω ′ sin Ωt + I cos Ωt
 �

rA
h iT

nb tð Þ: ð22Þ

By the Taylor Formula, the expansion of (22) can be
obtained:

f m−D = −
Ωf s
c

bω ′ bω ′ Ωt + o tð Þð Þ
h

+ I 1 − 1
2 Ωtð Þ2 + o t2

� �� ��
rA
�T

nb tð Þ:
ð23Þ

When t⟶ 0,

f m−D ≈ −
Ωf s
c

bω ′ bω ′Ωt + I
 �

rA
h iT

nb tð Þ: ð24Þ

Though nbðtÞ is time-varying, its effect on f d is negligible
in a short time. Therefore, nbðtÞ ≈ nb0, where nb0 is the direc-
tion vector of a bistatic angle bisector at the initial position.
Then, the distance variation rate can be written as

d
dt

RA tð Þ = vTnb tð Þ − c
f s
f m−D ≈ vTnb0 +Ω bω ′ bω ′Ωt + I

 �
rA

h iT
nb0:

ð25Þ

In TM , to make Sðt1Þ ≈ SðtmÞ,m = 1, 2,⋯,M, the inequa-
tion needs to be satisfied as follows:

ðTM

0

d
dt

RA tð Þdt
���� ���� = ðTM

0
vTnb0 +Ω bω ′ bω ′Ωt + I

 �
rA

h iT
nb0

� �
dt

���� ����
< δr

2 ,

ð26Þ

where δr denotes the cell size of the grid. If TM could be set-
tled, the measurement number can be determined by M =
bTM/Tpc, in which b∗c denotes downward integer opera-
tion. By conducting the TF analysis and exploiting the
existing methods [22], v and Ω can be obtained easily,
while ω∧′ is more difficult to acquire. This causes TM to
not settle. Considering the prior information of the imaging
target such as the values of the translational motion veloc-
ity, the rotating radius, and the rotating angular velocity,
the values of Ω and rA are both much smaller than that
of v, which make Ωbω ′rA ≪ jvj work. Hence, the inequation
can be expressed asðTM

0
vTnb0
� �

dt
���� ���� < ξδr

2 , ð27Þ

where ξ denotes an attenuation factor and ξ ∈ ð0, 1Þ. The
function of the attenuation factor is to constrain the upper
bound of distance variation, considering that the distance
variation caused by the target rotation is ignored in the
analysis process. If the value of ξ is small, the MMV para-
metric model established based on the obtained measure-
ment number is more likely to succeed, but the imaging
performance may not be significantly improved. This is
because the coherent accumulation time is too short. On
the contrary, if the value of ξ is larger, the risk of imaging
failure will increase. In this paper, we mainly study how to
achieve Bi-RCI coherent processing to improve imaging
performance. Therefore, in order to ensure the reliability
of establishing a MMV parametric model, we select a small
attenuation factor.

2.4. Image Reconstruction. The MMV parametric model
expressed as (15) can be solved by dealing with the following
optimization problem:

min 1
M

〠
M

m=1
σ tmð Þk k0,

s:t: Y − S ⋅ Σk kF < ε:

ð28Þ

Considering both the sparse feature and the prior infor-
mation of the signal and consulting the algorithm of [23],
we propose the MSBL algorithm to reconstruct the image
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by deriving the sparse Bayesian formulation and conducting
the Bayesian inference.

For the noise Σ, assuming that it is the white complex
Gaussian noises, we have

p E α0jð Þ =
YM
m=1

CN e tmð Þ 0, α−10 I
��� �

, ð29Þ

where α0 = σ−2 is the noise precision and σ2 denotes the noise
variance. For α0, a Gamma hyperprior is assumed because it
is a conjugate prior of the Gaussian distribution, and it is
given by

p α0 ; a, bð Þ = Γ α0 a, bjð Þ, ð30Þ

where Γðα0ja, bÞ = ½ΓðaÞ�−1baαa−10 e−bα0 , Γðv1Þ is the Gamma
function, and a and b are constants with a, b⟶ 0.

For the scattering coefficient matrix Σ, a two-layer
Gaussian-Gamma hierarchical prior is adopted: pðΣ ; ρÞ =Ð
pðΣjαÞpðα ; ρÞdα, in which

p Σ αjð Þ =
YM
m=1

CN σ tmð Þ 0,Λjð Þ, ð31Þ

p α ; ρð Þ =
YQ
q=1

Γ αq 1, ρj� �
, ð32Þ

where ρ > 0, α ∈ℝQ, and Λ = diag ðαÞ.
Then, Bayesian inference is conducted, and we treat Σ as

a hidden variable and α0 and α as hyperparameters. Here, the
expectation-maximization algorithm is implemented as the
Bayesian inference principle. It is easy to obtain that the pos-

terior distribution of Σ follows a Gaussian distribution,
whose probability density function (PDF) is

p Σ Y, α0, αjð Þ =
YM
m=1

CN σ tmð Þ μ tmð Þ,Φjð Þ, ð33Þ

with

μ tmð Þ = α0ΦSdHy tmð Þ, ð34Þ

Φ = α0SHS +Λ−1� �−1
: ð35Þ

For the acquisition of μðtmÞ,m = 1, 2,⋯,M and Φ, the
estimates of the hyperparameters α0 and α are needed.
Denoting U = ½μðt1Þ, μðt2Þ,⋯,μðtMÞ� and following similar
procedures as in [23], we can acquire the updates of α0 and
α as follows:

αnew0 = MP + a − 1
E Y − S ⋅ Σk k2F
� �

+ b
, ð36Þ

αnewq =

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1 + 4ρE Σqk k22

� �q
− 1

2ρ , q = 1, 2,⋯,Q, ð37Þ

where EfkY − S ⋅ Σk2Fg = kY − S ⋅Uk2F + α−10 ∑Q
q=1γq with γq

= 1 − α−1q Φqq, EfkΣqk22g = kUqk22 +Φqq. Uq denotes the qth
row vector ofU, andΦqq denotes the qth row and the qth col-
umn element of Φ. k⋅k2 and k⋅kF denote the l2 norm and the
Frobenius norm, respectively.

The MSBL algorithm is implemented as follows. The
hyperparameters α0 and α are initialized. After that, μðtmÞ,
m = 1, 2,⋯,M, and Φ can be calculated using the current
values of the hyperparameters according to (34) and (35),
respectively. Then, the hyperparameters α0 and α are
updated according to (36) and (37), respectively. The steps
above are repeated, and when the convergence criterion is
satisfied, reaching the maximum number of iterations
orkαi+1 − αik2/kαik2 < β, the iteration is ended. The
reconstruction scattering coefficient vector bσ = ð1/MÞ∑M

m=1j
μðtmÞj.

In summary, the specific steps of the proposed method
are given as follows:

Step 1. By filtering, obtain the coherence of the echoes and
conduct TF analysis. According to the constraints between the

Mixed mode signals:
SFN and RFM signal

Target scattering

Filtering

Output image

MSBL

Incoherent part

MMVparametric model

Measurement matrix
design

RFM signal

Imaging area
grid discretization

Measurement number
coarse selection

TF analysis

Coherent part

FilteringEchoes

Figure 3: The flowchart of Bi-RCI based on the MMV method.

Table 1: The parameters of transmitted signals.

Parameter Value

Carrier frequency, f c 10GHz

Bandwidth, B 2GHz

Pulse duration, Tp 2 μs

Frequency difference, ΔF 1.5GHz
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coherent accumulation time and the distance variation, calcu-
late the measurement number.

Step 2. According to the prior information such as the
target position and rough target size, determine the refer-

ence point and imaging area and discretize the imaging
area as a grid.

Step 3. Calculate the reference signal vectors in the imag-
ing area and design the measurement matrix.
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Figure 4: Target model: (a) scatterer position distribution; (b) scattering coefficient.
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Figure 5: The distance variation rate with time variation. (a) The theoretical curves of the target with 5 scatterers. (b) The overall curve of
distance variation rate obtained by the method of phase difference. (c) The overall curve of distance variation rate obtained by the method
of Gabor Transform.
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Step 4. By filtering, obtain the incoherence of the echoes
and establish the MMV parametric model.

Step 5. Solve the MMV parametric model and reconstruct
the target image with the MSBL algorithm.

The flowchart of Bi-RCI based on MMV is depicted in
Figure 3.

3. Simulation and Analysis

This part performs simulation experiments to validate the
proposed method. The element number of the ULA is N
= 12, and all of the elements are set in [0m, 11m] of
the X-axis with an interval of 1m. The baseline length L
= 50 km, and the receiving antenna is located at (50 km,
0 km, and 0 km). The first element of the ULA transmits
the mixed mode signals including the SFM signal and
the RFM signal, and the others only transmit the RFM sig-
nal. The key simulation parameters of transmitted signals
are chosen and listed in Table 1. For the coherent part
of echoes, the sample number is 40000 in 1 s. For the
incoherent part of the echoes, the sample number in the
fast-time domain is P = 256 in Tp.

We assume a cone-shaped target as shown in Figure 4.
The reference point is located at (55 km, 20 km, and
0 km). The target moves with a velocity v = ½−281:9380m/s,
−102:5229m/s, 0m/s�T and rotates with a rotating angular
velocity ω = ½−25:3911 rad/s,−9:2331 rad/s, 0 rad/s�T . In the
simulation experiment, the imaging area of 6m × 6m was
discretized to a grid of 13× 13 cells, with a range resolu-
tion of δr = 0:5m. The target scatterers are located at the
cell centers.

We verify the measurement number coarse selection and
introduce the specific implementation process. By filtering
the echoes to acquire the coherent part and conducting the
TF analysis, the curve of the distance variation rate with time

variation is obtained, as shown in Figure 5(a). It shows the
theoretical curves of the distance variation rate of all scat-
terers. Theoretically, due to the existence of rotation of differ-
ent scatterers, the distance variation rate of each scatterer is
slightly different. However, the difference of the distance
variation rate among different scatterers is very small com-
pared with the overall distance variation rate. Depicted as
Figures 5(b) and 5(c), the target distance variation rate
obtained by the method of phase difference or Gabor Trans-
form is a straight line, which is a constant, and the modulus is
expressed by DVR. The distance variation rate is mainly
caused by the target motion. This is mainly because the reso-
lution of the above-mentioned method cannot meet the
requirements of resolving the difference between the distance
variation rates of different scatterers. Here, the symbol of the
distance variation rate indicates the increase or decrease of
the target’s distance from the radar, and the minus sign indi-
cates that the target is getting closer and closer to the radar,
and the distance decreases. As shown in Figure 5(b), the area
Sqa represents the increment of distance variation, that is, S

qa ≈ jÐ TM
0 ðvTnb0Þdtj =DVR ⋅ TM . Finally, under the condi-

tion of satisfying the inequation (27), the maximum of TM
is calculated and obtained.

Then, the influence of the attenuation factor on the
performance of the MMV parametric model is verified,
and the curves are obtained as shown in Figure 6. In
MSBL, we set ρ = 0:01 and a = b = 10−4. We initialize α0
= 100M/∑M

m=1varðYÞ and α = ð1/MÞ∑M
m=1jSHYj. We set β

= 10−3 and the maximum number of iterations to 500.
To act as the reconstruction performance metric, the mean
square error (MSE) is defined as

MSE = 10 log 1
K
〠
K

k=1

bσ − ~σ
�� ��2

2
~σk k22

 !
, ð38Þ
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Figure 6: Imaging performance with attenuation factor varying
under different SNR conditions.
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Figure 7: Imaging performance of the traditional and proposed
models as a function of the SNR.
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where K is the number of Monte Carlo trials, and K = 30
in this paper. bσ is the estimated scattering coefficient
vector, and ~σ is the true scattering coefficient vector.
Figure 6 shows the MSE with the attenuation factor vary-
ing under different SNR conditions. It can be seen that
each curve is a single peak curve, which indicates that
there is an optimal attenuation factor, so that the MMV
parametric model can obtain the optimal imaging results.
The coherent accumulation time is proportional to the
attenuation factor. Therefore, when the attenuation factor
is less than the optimal attenuation factor, the imaging
results of the MMV parametric model will get better and
better with the increase of the coherent accumulation time;
on the contrary, when the attenuation factor is greater
than the optimal attenuation factor, the imaging results
of the MMV parametric model will get worse and worse
with the increase of the coherent accumulation time. Obvi-
ously, this is because although the coherent accumulation
time is further increased, the impact of the target motion
on the imaging performance is not equal to the gain
brought by the coherent processing, which makes the
imaging result worse as a whole. Under different SNR con-
ditions, the attenuation factors corresponding to the opti-
mal imaging results are different. However, in a certain
range, the imaging results are good. Therefore, selecting
any value in this peripheral area can obtain ideal imaging
results.

According to the analysis above, we take the attenuation
factor as 0.1, obtain the measurement number as 26 through
calculation, and establish the MMV parametric model. To
verify the superiority of the proposed method, we design a
simulation experiment and compare it with the classical
RCI based on SMV that is called the “traditional model.”
We use the mean square error (MSE) as a metric for quanti-
fying reconstruction performance and carry out 100 Monte
Carlo trials under different SNR conditions. The curves of
MSE with varying SNR are given as shown in Figure 7. The
imaging performance of the proposed method using the
MMV parametric model is better than that of the classical
method using the traditional model, and it is improved by
around 7dB.

In order to intuitively reflect the imaging results and the
advantages of the MSBL algorithm, we present the imaging

results using different models and different reconstruction
algorithms under the condition of SNR = 10 dB, as shown
in Figure 7.

Figures 8(a) and 8(c) show the imaging results obtained
by the traditional model, while Figures 8(b) and 8(d) show
the imaging results obtained by the proposed model. By
observing and comparing the MSEs of the imaging result,
the side-lobe interferences of Figures 8(b) and 8(d) are lower
than those of Figures 8(a) and 8(c), and the MSEs of
Figures 8(b) and 8(d) are much smaller than those of Figur-
es8(a) and8(c).Hence, the imaging performance of the pro-
posed model is better than that of the traditional model.
Furthermore, with the proposed model exploited, the
MMV-OMP algorithm in [24] is compared with the MSBL
algorithm, as shown in Figures 8(b) and 8(d). Because the
MSE of Figure 8(d) is smaller than that of Figure 8(b), the
imaging result obtained by MSBL is better than that
obtained by MMV-OMP. It applies that MSBL can solve
the proposed model better and obtain the better image
based on the sparse feature of the model and the prior
information of noise.

Therefore, according to two comparative experiments
above, we can draw the conclusion that the proposed Bi-
RCI coherent processing method can improve imaging
performance.

4. Conclusions

The Bi-RCI coherent processing method is focused on in this
paper. Based on the parametric model extensively applied in
RCI, the MMV parametric model is proposed to realize Bi-
RCI coherent processing. Considering the influence of the
target translational motion and rotation in the imaging pro-
cess, we give prominence to establish a model. Using the
coherent part of mixed mode signals, the target distance var-
iation rate is obtained by analyzing Doppler and micro-
Doppler effects. Further, the coarse measurement number
of the MMV parametric model is determined. Then, the
MMV parametric model is established to realize coherent
accumulation for the incoherent part of echoes. Besides,
based on the existing algorithm, theMSBL algorithm is intro-
duced to solve the MMV parametric model, and the image
has been reconstructed finally. By simulations and

x

y

(a) (b) (c) (d)

Figure 8: Imaging results using different models and different reconstruction algorithms under the condition of SNR = 10 dB. (a) Using the
traditional model and the OMP algorithm,MSE = −0:93 dB. (b) Using the proposed model and the MMV-OMP algorithm,MSE = −5:12 dB.
(c) Using the traditional model and the MSBL algorithm, MSE = −0:95 dB. (d) Using the proposed model and the MSBL algorithm,
MSE = −7:60 dB.
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comparisons, the validity and the superiority of the Bi-RCI
coherent processing method are demonstrated.

In this paper, a feasible Bi-RCI coherent processing
method is introduced, and it can improve the imaging
performance of Bi-RCI. However, how to find the optimal
solution of measurement number will be further studied in
our future work. Here, the attenuation factor is introduced
to select a coarse measurement number. Under this condi-
tion, we test the performance of the proposed method.
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