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Abstract: An airborne bistatic radar working in downward-looking mode confronts two major
challenges for low-altitude target detection. One is range cell migration (RCM) and Doppler migration
(DM) resulting from the relative motion of the radar and target. The other is the non-stationarity
characteristic of clutter due to the radar configuration. To solve these problems, this paper proposes
a joint implementation method based on sub-aperture processing to achieve clutter suppression
and coherent maneuvering target detection. Specifically, clutter Doppler compensation and sliding
window processing are carried out to realize sub-aperture space–time processing, removing the
clutter non-stationarity resulting from the bistatic geometric configuration. Thus, the output matrix
of clutter suppression in the sub-aperture could be obtained. Then, the elements with the same phase
of this matrix are superimposed and rearranged to achieve the reconstructed 2-D range-pluse echo
matrix. Next, the aperture division with respect to slow time is conducted and the RCM correction
based on modified location rotation transform (MLRT) and coherent integration (CI) are realized
within each sub-aperture. Finally, the matched filtering process (MFP) is applied to compensate for
the RCM/DM among different sub-apertures to coherently integrate the maneuvering target energy
of all sub-apertures. The simulation and measured data processing results prove the validity of the
proposed method.

Keywords: airborne bistatic radar; maneuvering target; sub-aperture space–time processing; modified
location rotation transform; coherent detection

1. Introduction

The airborne bistatic radar has anti-jamming, anti-stealth, and anti-destructiveness
capabilities and has provoked a great deal of attention and research [1–4]. The airborne
bistatic radar consists of a separate transmitter and receiver on two different platforms
functioning at high speed, causing problems in relation to clutter non-stationarity/non-
homogeneity and range cell migration (RCM)/Doppler migration (DM) when detecting
a low-altitude maneuvering target, e.g., a missile, an unmanned aerial vehicle (UAV),
etc. [5–9].

The non-stationarity characteristic denotes that the clutter in different range cells
exhibits various spatial-time distributions, which is related to the geometric configuration
of the transmitter and receiver [10]. This problem leads to serious performance degradation
for the traditional adaptive processing method. The RCM and DM effects indicate that the
maneuvering target energy distributes among different range/Doppler cells because of
the relative motion (including the radial velocity and acceleration) between the target and
radar, making the traditional coherent detection methods lose efficacy [11,12]. In order to
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overcome the above problems and improve the signal-to-clutter and noise rate (SCNR),
effective clutter suppression and coherent detection are required.

As for the research into clutter suppression, single channel processing-based methods
have been widely studied, involving Doppler filtering-based time-frequency analysis
and feature decomposition-based methods. Doppler filtering-based methods consider
the Doppler centroid shift of the moving target and realize static clutter suppression
and the out-of-band detection of the clutter spectrum [13]. The typical time-frequency
analysis methods involve the Wigner–Ville distribution (WVD) [14–16], WVD-Hough
transform [17], LV’s distribution (LVD) [18–20], and fractional Fourier transform (FrFT)
[21], which make use of the centroid and modulation frequency differences between the
target and stationary clutter to complete clutter suppression and target detection. Moreover,
the singular value decomposition (SVD) [22] and eigenvalue decomposition [23] belong
to feature decomposition-based methods and they can eliminate the clutter energy point
after echo reconstruction. The above single-channel clutter suppression methods have the
advantages of simple hardware requirements and low operational complexity. However, it
is difficult for airborne radars to detect a moving target within the mainlobe clutter using
these methods because the clutter and target are simultaneously broadened.

Considering the limitations of the above single-channel methods in clutter suppression
processing, methods using multi-channel data have been developed. Such typical methods
include the displaced phase center antenna (DPCA) [24,25] and space–time adaptive pro-
cessing (STAP) [26]. A DPCA is capable of suppressing stationary clutter while retaining
moving target signals through pairwise cancellation processing of two-channel echo data.
However, this method requires the platform velocity, channel spacing, and pulse repetition
frequency (PRF) to meet strict requirements, i.e., the DPCA condition [25]. STAP makes full
use of the spatial-temporal coupling characteristics of clutter signals to conduct joint space
and time processing, which performs adaptive filtering on the echo data and maximizes
the output SCNR [27]. Unfortunately, the problem of the computation of the optimal
weight vector and accurate covariance matrix estimation for a space–time adaptive filter
has always accompanied its development and constrained practical applications.

In terms of studies about coherent detection, the keystone transform (KT) was pro-
posed and applied to correct the linear RCM via sinc interpolation along the slow-time
dimension [11,28,29]. Then, the coherent integration (CI) of KT is completed by moving
target detection (MTD). The modified location rotation transform (MLRT) was presented to
rotate each data coordinate of the pulse compression echo and obtain the linear RCM cor-
rection results. The CI and detection is then achieved by slow-time Fourier transform [30].
Different from the above methods, Radon–Fourier transform (RFT) fulfills the CI by extract-
ing the target energy trajectory via parameter searching [31]. However, these methods just
aim at coherent detection under the condition that there is a relative velocity between the
radar and target. When the relative acceleration motion appears, the coherent detection
performance of these methods may degrade.

The technical studies on coherent detection for a maneuvering target with an accel-
eration focus on quadratic RCM and DM compensation. Generalized RFT (GRFT) was
put forward on the basis of RFT via a parameter search in higher dimensions. In addition,
the keystone transform-matched filtering process (KT-MFP) was investigated by KT cor-
rection and a joint search for the fold factor and acceleration. Such methods obtain the CI
and detection results through a multi-dimensional parameter search, which requires a high
computational complexity and struggles to cope with the clutter influence.

Overall, there are fewer studies that consider joint implementation clutter suppression
and coherent detection, which is very important with regard to moving target detection
within a strong clutter condition. The sub-coherent processing interval (CPI) STAP and key-
stone transform-Lv’s distribution (KT-LVD) are combined in [32]. But, it is hard to eliminate
clutter non-stationary and achieve effective detection for the airborne bistatic radar.

For the sake of joint implementation clutter suppression and coherent maneuvering
target detection, this paper considers combined space–time processing-based clutter sup-



Remote Sens. 2024, 16, 1379 3 of 21

pression and RCM/DM elimination based on MLRT within a sub-aperture. There are three
main processes in this method, including sub-aperture space–time processing by sliding
window processing, range-Doppler echo matrix reconstruction, and RCM correction within
the sub-aperture. Finally, the CI of all sub-apertures is realized and the SCNR can be
improved significantly.

The contributions of this paper are shown in the following:

• The joint implementation method based on sub-aperture processing to realize clutter
suppression and coherent maneuvering target detection is given via sub-aperture pro-
cessing;

• The sub-aperture space–time processing is given to remove the clutter non-stationarity
after clutter Doppler compensation and sliding window processing. Next, the echo
is reconstructed in the range–slow-time domain to provide convenience for subse-
quent CI;

• The slow-time aperture division is studied and the MLRT is applied to correct the
RCM for each sub-aperture. Then, the matched filtering function is established to
eliminate RCM/DM among different sub-apertures and coherent detection is realized
by using all sub-apertures.

The remaining sections of this paper are arranged as follows: In Section 2, the mathe-
matical model of the clutter and maneuvering target with an arbitrary configuration for
an airborne bistatic radar is provided. Section 3 introduces the proposed sub-aperture
processing method, including sub-aperture space–time processing, echo matrix reconstruc-
tion, and sub-aperture coherent detection. Section 4 gives the simulation and measured
data processing results and analysis. Eventually, Section 5 gives a conclusion for the
whole paper.

2. Materials and Methods
2.1. Signal Model

The 3-D geometric configuration of the maneuvering target and airborne bistatic
radar system with downward-looking mode is considered in the Figure 1. In this figure,
the transmitter is considered as an equivalent single-channel system and the receiver
contains N receiving channels with the array element space d. Because of the flexible
configuration of the transmitter and receiver in a real scenario, the moving direction and
location of the transmitter and receiver are not fixed. Thus, the clutter ring consisting of
clutter patches is usually presented as a non-standard ellipse. Suppose that the velocity and
initial coordinate of the transmitter are represented as the vectors v⃗T and R⃗0,t, respectively.
Similarly, the velocity and initial coordinate vectors of the receiver are given as v⃗r and
R⃗0,r. The initial flight heights of the transmitter and receiver are defined as Ht and Hr. In
addition, the maneuvering target flies at the initial height of Htar with initial slant range
vector R⃗0,tar, velocity vector v⃗tar, and acceleration vector a⃗tar.

According to Figure 1, the transient range vector R⃗tar of the maneuvering target can
be modeled as:

R⃗tar = R⃗0,tar + v⃗tartm +
1
2

a⃗tart2
m, (1)

where tm = mPRI(m = 1, 2, · · · , M) denotes the radar slow time. M and PRI indicate the
total pulse number and pulse repetition interval, respectively.

Similarly, the instantaneous ranges of the transmitter and receiver can be separately
written as {

R⃗t(tm) = R⃗0,t + v⃗ttm
R⃗r(tm) = R⃗0,r + v⃗rtm

. (2)
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Figure 1. Three-dimensional geometric configuration of airborne bistatic radar and maneuvering target.

Assume that the signal range history is the same as the transient slant range. Therefore,
the transient slant range Rtr(tm) of the bistatic radar system, which is equivalent to that of
the monostatic radar, can be approximated as

Rtr(tm) =
1
2

(∣∣∣R⃗tar − R⃗t

∣∣∣+ ∣∣∣R⃗tar − R⃗r

∣∣∣) ≈ R0,tr + veq,trtm +
1
2

aeq,trt2
m, (3)

where
R0,tr =

1
2

(∣∣∣R⃗0,tar − R⃗0,t

∣∣∣+ ∣∣∣R⃗0,tar − R⃗0,r

∣∣∣), (4)

veq,tr =

(
R⃗0,r − R⃗0,tar

)
(⃗vr − v⃗tar)

2
∥∥∥R⃗0,r − R⃗0,tar

∥∥∥
2

+

(
R⃗0,t − R⃗0,tar

)
(⃗vt − v⃗tar)

2
∥∥∥R⃗0,t − R⃗0,tar

∥∥∥
2

, (5)

aeq,tr =
∥v⃗r − v⃗tar∥2

2(sin2ηr)∥∥∥R⃗0,r − R⃗0,tar

∥∥∥
2

+
∥v⃗t − v⃗tar∥2

2(sin2ηt)∥∥∥R⃗0,t − R⃗0,tar

∥∥∥
2

+
a⃗tar

(
R⃗0,r − R⃗0,tar

)
∥∥∥R⃗0,r − R⃗0,tar

∥∥∥
2

+
a⃗tar

(
R⃗0,t − R⃗0,tar

)
∥∥∥R⃗0,t − R⃗0,tar

∥∥∥
2

, (6)

| · | and ∥·∥2 separately indicate L1-norm and L2-norm. In addition, ηt = cos−1[
(R⃗0,tar−R⃗0,t)(⃗vtar−v⃗t)

∥R⃗0,tar−R⃗0,t∥2∥v⃗tar−v⃗t∥2

]
, ηr = cos−1

[
(R⃗0,tar−R⃗0,r)(⃗vtar−v⃗r)

∥R⃗0,tar−R⃗0,r∥2∥v⃗tar−v⃗r∥2

]
. Considering the transmitter

sends the linear frequency modulated (LFM) signal, i.e.,

strans(τ, tm) = rect
(

τ

Tp

)
exp

(
jπγτ2

)
exp[j2π fc(τ + tm)], (7)

where rect(z) =

{
1 z ⩽ 0.5
0 z > 0.5

. Tp, γ and fc separately indicate the pulse duration,

chirp rate, and carrier frequency. According to applying the pulse compression (PC) within
the range frequency domain, the result can be given as
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Star( f , tm) = A0 rect
(

f
B

)
exp

[
−j

4π( f + fc)Rtr(tm)

c

]
, (8)

where A0 represents the PC amplitude and it is a constant on that condition regardless
of target fluctuation. f , c, and B denote the range frequency variable, light velocity, and
bandwidth. We can obtain the slow-time-domain echo by the inverse Fourier transform
(IFT), i.e.,

Star(τ, tm) = A1sinc
[

B
(

τ − 2Rtr(tm)

c

)]
exp

(
−j

4πRtr(tm)

λ

)
, (9)

where A1 is the slow-time-domain echo amplitude. λ = c
fc

denotes the radar wavelength.
Let τ = 2r/c and (9) could be recast as

Star(r, tm) = A1sinc
[

2B
c
(r − Rtr(tm))

]
exp

(
−j

4πRtr(tm)

λ

)
. (10)

Similarly, for the k-th clutter scattering patch, its transient slant range vector changes
with tm; then, we have

Rck(tm) =
1
2

(∣∣∣R⃗ck(tm)− R⃗t

∣∣∣+ ∣∣∣R⃗ck(tm)− R⃗r

∣∣∣)
≈ R0,ck(tm) + veq,ck(tm)tm +

1
2

aeq,ck(tm)t2
m, (11)

where
R0,ck(tm) =

1
2

(∣∣∣R⃗0,ck(tm)− R⃗0,t

∣∣∣+ ∣∣∣R⃗0,ck(tm)− R⃗0,r

∣∣∣), (12)

veq,ck(tm) =

(
R⃗0,r − R⃗0,ck(tm)

)
v⃗r

2
∥∥∥R⃗0,r − R⃗0,ck(tm)

∥∥∥
2

+

(
R⃗0,t − R⃗0,ck(tm)

)
v⃗t

2
∥∥∥R⃗0,t − R⃗0,ck(tm)

∥∥∥
2

, (13)

aeq,ck(tm) =

∥∥∥R⃗0,r − R⃗0,ck(tm)
∥∥∥2

2
∥v⃗r∥2

2 −
∥∥∥v⃗r

(
R⃗0,r − R⃗0,ck(tm)

)∥∥∥2

2∥∥∥R⃗0,r − R⃗0,ck(tm)
∥∥∥3

2

+

∥∥∥R⃗0,t − R⃗0,ck(tm)
∥∥∥2

2
∥v⃗t∥2

2 −
∥∥∥v⃗t

(
R⃗0,t − R⃗0,ck(tm)

)∥∥∥2

2∥∥∥R⃗0,t − R⃗0,ck(tm)
∥∥∥3

2

,

(14)

R0,ck(tm), veq,ck(tm) and aeq,ck(tm) separately represent the equivalent initial range, velocity,
and acceleration of the k-th clutter patch, which is time-varying due to the random motion
of clutter [33].

Then, we can obtain the echo expression for the k-th clutter patch, namely,

Sck(r, tm) = Acksinc
[

2B
c
(r − Rck(tm))

]
exp

(
−j

4πRck(tm)

λ

)
, (15)

where Ack is the amplitude of the clutter echo.
Suppose that the clutter echo could be deemed as the K clutter patches sum term,

the clutter echo in the range–slow-time domain is modeled as

Sc(r, tm) =
K

∑
k=1

Acksinc
[

2B
c
(r − Rck(tm))

]
exp

(
−j

4πRck(tm)

λ

)
. (16)



Remote Sens. 2024, 16, 1379 6 of 21

Considering the target, clutter, and noise components exist in the echo simultaneously,
the total radar echo could be given as

S(r, tm) =Star(r, tm) + Sc(r, tm) + n(r, tm)

=s( fs,tar)Star(r, tm) +
K

∑
k=1

s( fs,ck(tm))Sck(r, tm) + n(r, tm),
(17)

where

fs,tar =
(⃗vr − v⃗tar)

(
R⃗0,r − R⃗0,tar

)
d

2
∥∥∥R⃗0,r − R⃗0,tar

∥∥∥
2
∥v⃗r − v⃗tar∥2λ

, (18)

fs,ck(tm) =
v⃗r

(
R⃗0,r − R⃗0,ck(tm)

)
d

2
∥∥∥R⃗0,r − R⃗0,ck(tm)

∥∥∥
2
∥v⃗r∥2λ

, (19)

s( fs,tar) =
[
1, e−j2π fs,tar , · · · , e−j2π(N−1) fs,tar

]T
, (20)

s( fs,ck(tm)) =
[
1, e−j2π fs,ck(tm), · · · , e−j2π(N−1) fs,ck(tm)

]T
, (21)

and d represents the array element space of the receiver, as shown in Figure 1. fs,tar and
fs,ck(tm) denote the normalized spatial frequency of the target and clutter. s( fs,tar) and
s( fs,ck(tm)) indicate the spatial steering vector. [·]T is the transpose operation. n(r, tm)
represents additive white Gaussian noise signal. To suppress clutter and complete the
maneuvering target CI result, a novel method based on sub-aperture processing is presented
and introduced in the following section.

2.2. The Sub-Aperture Processing Method

First, sub-aperture sliding window processing is performed on the pulse dimension
of the bistatic radar echo. For each set of sliding window data, spatiotemporal adaptive
filtering is performed. Then, the filtered data with the same phase are superimposed to
recover the target echo and clutter suppression is realized. Afterwards, for the recovered
target signal, sub-aperture processing is performed and the MLRT algorithm is used for fast
coherent accumulation within sub-apertures. Then, the accumulation results are subjected
to inter-sub-aperture coherent stacking. The entire algorithm effectively highlights the
maneuvering displayed in Figure 2 below.
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Sub-Aperture Space–Time Processing

It is assumed that the clutter echoes of different channels remain highly coherent within
a short dwell time. We designed the primary sliding window based on the correlation
time of the clutter to ensure correlation within the sub-aperture. By selecting appropriate
observation time intervals, it can alleviate the time decorrelation effect of clutter.

Assume the clutter correlation time of each channel calculated and estimated by the
clutter power spectrum of the clutter data is expressed as

{
t̂1, t̂2, . . . , t̂N

}
, then the pulse

number of the time window function is given by

Mh = 2

⌊
min

{
t̂n
}N

n=1 − PRI
2PRI

⌋
+ 1, (22)

where ⌊·⌋ represents the round down operation. For simplicity, the rectangular window is
applied, which can be represented as

h(tm) =


1, |tm| ⩽

⌊
min{t̂n}N

n=1−PRI
2PRI

⌋
PRI

0, |tm| >
⌊

min{t̂n}N
n=1−PRI

2PRI

⌋
PRI

. (23)

After the primary windowing in (17), the sub-aperture time-domain echo of the n-th
channel is recorded as

sn,δi (r, tm) =S(r, tm)h(tm − δi)

=h(tm − δi)

{
Star(r, tm)exp[j2π(n − 1) fs,tar]

+
K

∑
k=1

Sck(r, tm)exp
[
j2π(n − 1) fs,ck(tm)

]
+ n(r, tm)

}
,

(24)

where δi is the intermediate time in the i-th sub-aperture echo data and i = 1, 2, . . . , (M + Mh − 1).
Concurrently, appropriate window functions can reduce the sidelobe clutter levels. To en-
sure that the echo data of different pulses undergo the same number of sliding windows,
we perform a zero filling operation before and after the current pulse. The i-th sub-
aperture data after the primary sliding window are shown in the Figure 3, which can be
represented as

star,δi (r, tm) ≈ h(tm − δi)Star(r, tm)s( fs,tar). (25)

The i-th sub aperture echo data within correclation time 
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Figure 3. The i-th primary sub-aperture echo data within the correlation time interval.

The next step is to complete clutter suppression within the correlation time frame.
However, considering the huge computational complexity of traditional STAP and the
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requirement for independent and identically distributed samples with two degrees of
freedom. We can further perform the secondary sliding window operation for Km times
within the sub-aperture for all channels. Each primary sub-aperture contains Km secondary
sub-aperture echo data. And the pulses contained in the km-th secondary sub-aperture echo
data corresponding to the pulse number of primary sub-aperture are [km, (Mh − km + 1)],
where km = 1, 2, . . . , Km.

For the i-th primary sub-aperture data in (24), assume the following relation holds, i.e.,

ṡδi ,m(r) =
[
s1,δi (r, tm), · · · , sN,δi (r, tm)

]T. (26)

Then, the echo space–time snapshot vector after the km-th secondary sliding window
can be denoted as

Gδi ,km(r) =
[
ṡT

δi ,i−Mh+km
(r), ṡT

δi ,i−Mh+km+1(r), · · · , ṡT
δi ,i+km−Km+1(r)

]T
. (27)

Analogously, the primary sliding window is performed on the echo data M − Mh + 1
times after the filling zero operation, and then the secondary sliding window is performed
Km times for each primary sub-aperture echo. Supposing that there exists no target range
migration within the secondary sub-aperture echo, the target space–time steering vector of
the km-th sliding window echo is able to be written as

sδi ,km = exp(−jϕδi ,km) exp
(
−j

4π

λ

[
R̃tr(ti+km−Mh

), R̃tr(ti+km−Mh+1), · · · , R̃tr(ti+km−Km+1)
]T)

⊗ ss( fs,tar),
(28)

where ⊗ represents the Kronecker product operation, and ϕδi ,km = −
4πR̃tr(ti+km−Mh

)

λ rep-
resents the initial target phase. R̃tr(tm) represents the searching target motion trajectory.
Nevertheless, even though the STAP is carried out in the secondary sub-aperture to avert CI
loss and performance degradation for clutter suppression resulting from non-stationarity
conditions, the inconsonant secondary covariance matrix in the adaptive weight vector
calculation will correspondingly lead to a nonlinear phase response, which may affect the
phase coherence of the target signal among sub-aperture STAP outputs and reduce the
output SCNR of the subsequent CI.

Therefore, by completing the consistent covariance matrix (CCM) estimation among
diverse sub-apertures [34], the weight vector of the current sub-aperture echo has the
following expression, i.e.,

ωδi ,km = µR̂−1
δi ,km

sδi ,km , (29)

where
µ =

1
sH

δi ,km
R̂−1

subsδi ,km

, (30)

R̂−1
δi ,km

is the inverse of the consistent CCM estimation derived from all the auxiliary data.

[·]H denotes the conjugate transpose operation.
By applying training sample selection and covariance matrix smoothing [34], the train-

ing samples can be obtained from the range cell adjacent to the measured cell, namely,

R̂sub =
1

(M − Mh + 1)Km

M−Mh+1

∑
i=1

Km

∑
km=1

1∥∥Ωδi ,km

∥∥
0

∑
r∈Ωδi ,km

Gδi ,km(r)G
H
δi ,km

(r), (31)

where Ωδi ,km is the sample selection interval for clutter covariance estimation. ∥·∥0 indicates
the L0-norm.
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On the basis of the optimal weight vector in (29), clutter suppression for the sub-
aperture data of the n-th channel is well completed, i.e.,

sout,δi ,km = ωH
δi ,km

Gδi ,km , (32)

where sout,δi ,km represents the output echo data after the primary and secondary sub-
aperture space–time processing.

Substituting (27)–(29) into (32) yields

sout,δi ,km =
(

µR̂−1
subsδi ,km

)H
Gδi ,km

=

(
1

sH
δi ,km

R̂−1
subsδi ,km

R̂−1
subsδi ,km

)H(
A′

δi ,km sδi ,km exp(jϕδi ,km) + scn,δi ,km

)
= A′

δi ,km exp(jϕδi ,km) + ωH
δi ,km

scn,δi ,km ,

(33)

where A′
δi ,km

represents the output amplitude of the km-th secondary sub-aperture echo
data within the δi-th primary sub-aperture. scn,δi ,km represents the components of clutter
and noise in the echo space–time snapshot after the two-step sliding window opera-
tion. Then, we can obtain the target echo output with the same phase when δi + km = ϑ
(ϑ = Km + 1, Km + 2, . . . , M + Mh). Therefore, we can recover the target echo by overlaying
the output with the same phase [32], namely,

srec(r, tm) =
m+Mh−Km

∑
i=m

sout,δi ,ϑ−i(r)

h( (Mh−(i−m))
Mh

PRI)
, (34)

where m represents the number of pulses after zero padding, corresponding to the number
of sliding windows, corresponding to the middle time of a sliding window.

2.3. Sub-Aperture CI and Multi-apertures Coherent Detection

By analyzing the above recovered echo signals, we know that the envelope and phase
of the target signal are identical to those in (10), while its amplitude has changed. Then,
(34) could be rewritten as

srec(r, tm) = Arecsinc
[

2B
c
(r − Rtr(tm))

]
exp

(
−j

4πRtr(tm)

λ

)
+ srec,cn(r, tm), (35)

where srec,cn(r, tm) indicates the clutter and noise signal after target echo recovery. Arec
denotes the amplitude of the recovered target echo.

For the sake of further improving the SCNR and detection ability, the segmented
MLRT method is provided to achieve the CI result. For the sake of reducing the impact
of relative acceleration, the coherent processing interval of the recovered target echo is
uniformly divided into Mr tertiary sub-apertures. And each tertiary sub-aperture involves
Ms pulses, where Ms = M/Mr.

After the segmentation, the instantaneous radial range cell, velocity, and acceleration
of the p-th tertiary sub-aperture could be separately represented as

Rp(msPRI) = R0,p + vpmsPRI +
1
2

ap(msPRI)2, (36)

vp(msPRI) = vp + apmsPRI, (37)

ap(nsPRI) = ap, (38)

where p ∈ [1, 2, · · · , Mr], ms ∈ [1, . . . , Ms] is the pulse number in the p-th tertiary sub-
aperture, R0,p, vp, and ap are the initial radial range, velocity, and acceleration of the p-th
tertiary sub-aperture, separately.
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Suppose that the sampling frequency and bandwidth meet the relationship of fs = ςB,
where ς denotes the sampling rate. Thus, one can obtain r = ρ∆r and R0,p = ρ0,p∆r, where
∆r = c/(2 fs) represents the range cell size. In addition, n and ρ0,p indicate the range cell
number related to r and R0,p. Hence, (36) could be recast as

Rp(msPRI) = ρ0,p∆r + vpmsPRI +
1
2

ap(msPRI)2, (39)

When p ⩾ 2, the radial range cell, velocity, and acceleration between adjacent tertiary
sub-apertures are given as

R0,p = ρ0,p−1∆r +
vp−1MsTPRT + 1

2 ap−1(MsPRI)2

∆r
, (40)

vp = vp−1 + ap−1MsPRI, (41)

ap = ap−1 = aeq, (42)

The echo of the p-th tertiary sub-aperture could be given as

srec,p(ρ, ms) =Arec,psinc
[

1
ς

(
ρ −

Rp(msPRI)
∆r

)]
exp

(
−j

4πRp(msPRI)
λ

)
+srec,cn,p(ρ, ms)

=Arec,psinc

[
1
ς

(
ρ − ρ0,p −

vpmsPRI + 1
2 aeq(msPRI)2

∆r

)]

× exp

−j
4π
(

ρ0,p∆r + vpmsPRI + 1
2 aeq(msPRI)2

)
λ

+ srec,cn,p(ρ, ms),

(43)

where srec,cn,p(ρ, ms) indicates the clutter and noise echo within the p-th tertiary
sub-aperture.

To ensure the CI property within each sub-aperture, the influence of acceleration
within each sub-aperture is ignored. For this purpose, on the one hand, the quadratic
RCM caused by the radial acceleration is less than one range cell. On the other hand,
the DM caused by the radial acceleration should not exceed half the Doppler cell. Therefore,
the following constraints should hold, i.e.,

1
2

amax(MsPRI)2 ⩽
c

2 fs
, (44)

2amaxMsPRI
λ

⩽
1

MsPRI
, (45)

where amax represents the possible maximum value of acceleration, which is prior informa-
tion. The constraint condition for the pulse number in the p-th tertiary sub-aperture is

Ms ⩽ min

(√
c

amax fsPRI2 ,

√
λ

2amaxPRI2

)
. (46)

With (44)–(46) being satisfied, (43) can be approximately written as

srec,p(ρ, ms) =Arec,psinc
[

1
ς

(
ρ − ρ0,p −

vpmsPRI
∆r

)]

× exp

−j
4π
(

ρ0,p∆r + vpmsPRI + 1
2 aeq(msPRI)2

)
λ

+ srec,cn,p(ρ, ms).
(47)
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From (47), it can be seen that the envelope and phase alignment of each sub-aperture
can be achieved by correcting the linear RCM caused by the radial velocity. Then, the MLRT
is utilized with the following transform formula:[

ms
ρ

]
=

[
1 0

sin ε′ 1

]
×
[

m′
s

ρ′

]
, (48)

where ε′ denotes the searching rotation angle satisfying ε′ ∈ (−π/2, π/2). Moreover,
(m′

s, ρ′) indicates the new location variable pulse number corresponding to the initial
location (ms, ρ).

By substituting (48) into equation (47), we can obtain

srec,p(ρ
′, m′

s; ε′) =Arec,psinc
[

1
ς

(
ρ′ − ρ0,p + Zp

)]
× exp

[
−j

4π(ρ0,pd + vpm′
sPRI)

λ

]
+ srec,cn,p(ρ

′, m′
s),

(49)

where

Zp = m′
s

(
sin ε′ −

vpPRI
∆r

)
, (50)

and srec,cn,p(ρ′, m′
s) represents the clutter and noise echo after MLRT.

In (50), when Zp = 0 (i.e., ε′ = arcsin
(
vpPRI/∆r

)
), the liner RCM within the p-th ter-

tiary sub-aperture is corrected. Subsequently, M-point Fourier transform (FT) is performed
along the slow-time direction to obtain the CI result within the p-th tertiary sub-aperture,
which is given below.

sint,p(ρ
′, fm′) = Aint,psinc

[
1
ς

(
ρ′ − ρ0,p

)]
sinc

[
MsPRI

(
fm′ +

2vp

λ

)]
+ sint,cn,p(ρ

′, fm′). (51)

where fm′ represents the Doppler frequency variable after M point FT. sint,cn,p(ρ
′, fm′)

indicates the CI result of residual clutter and noise.
In order to achieve the CI of all sub-apertures, the MFP function Hp

(
fρ′ ; v′eq, a′eq

)
is

given to compensate for the envelope and phase differences. And the CI results in the
range frequency domain can be achieved, namely,

sint,Mr ( fρ′ , fm′ ; v′eq, a′eq) =
Mr

∑
p=1

Sint,p( fρ′ , fm′)Hp

(
fρ′ ; v′eq, a′eq

)
, (52)

where

Hp

(
fρ′ ; v′eq, a′eq

)
= exp

(
j4π

fρ′ + fc

c
v′eq pMsPRI

)
exp

[
j2π

fρ′ + fc

c
a′eq(p)2(MsPRI)2

]
, (53)

where v′eq and a′eq are the searching parameters of velocity and acceleration.
When the searched parameters match with the initial parameters (namely, v′eq =

veq,tr and a′eq = aeq,tr ), the residual RCM and DM among the tertiary sub-apertures are

eliminated to obtain Sint

(
fρ′ , fm′

)
. Eventually, the range IFT is applied to (52) and we can

obtain the CI results of all tertiary sub-apertures, i.e.,

sint,Mr

(
ρ′, fm′

)
= IFT

fρ′

(
Sint

(
fρ′ , fm′

))
= sint,tar

(
ρ′, fm′

)
+ sint,cn

(
ρ′, fm′

)
, (54)

where sint,tar(ρ
′, fm′) and sint,cn(ρ

′, fm′) indicate the target CI result and residual clut-
ter/noise integration components.
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3. Results

In this section, we firstly analyze the clutter suppression and CI performance for
the proposed method at the −7 dB SCNR after PC. Then, the simulations in a rather low
SCNR (i.e., −19 dB) environment for the proposed method are provided. In addition,
the simulation scene with multiple targets is considered and the real data processing
is conducted. Finally, the Monte Carlo trials are described to compare the detection
performance of the existing methods with the proposed one.

3.1. Single Target Simulations of the Proposed Method

First, the single target simulation using the proposed method at the −7 dB SCNR is
described in this section, where the detection system consists of the bistatic airborne radar
with the parameters in Table 1. The maneuvering target with acceleration is added into the
scene with the motion parameters in Table 2.

Table 1. Parameters of the bistatic airborne radar system.

Parameters Value

Carrier frequency 0.2 GHz
Range bandwidth 5 MHz

Sampling frequency 10 MHz
PRF 500 Hz
CPI 3 s

Pulse width 10 µs
Velocity of transmitter (−80, 95, 0) m/s

Velocity of receiver (−80, 95, 0) m/s
The initial position coordinates of the transmitter (0.4, 16.5, 5) km

The initial position coordinates of the receiver (0.2, 10, 5) km

Table 2. Motion parameters of maneuvering target.

Parameters Value

The initial position coordinates (−0.1, 4, 3) km
The initial velocity (400, −60, 200) m/s

The acceleration (−3, −10, 10) m/s2

According to (3)–(6), we can obtain the equivalent initial slant range, velocity, and
acceleration of the target in the bistatic airborne radar system, which are about 9.5 km,
81.69 m/s, 51.53 m/s2. Note that transmitter beamforming was realized with an equivalent
phase center and 8 receiving channels were considered. The pulse number was set as
1500 in this simulation and the results are shown in Figure 4. Particularly, Figure 4a gives
the PC echo in the range cell–pulse number domain, where the target energy trajectory is
submerged in clutter and noise. Then, Figure 4b shows the filtering result of sub-aperture
space–time processing, where the space–time response of the target is highlighted and the
clutter/noise energy is suppressed. Accordingly, the target echo can be recovered and the
new echo is given in Figure 4c. By using the recovered echo, the linear RCM correction can
be realized via MLRT and the CI result of each sub-aperture is obtained. Taking the 25-th
tertiary sub-aperture as an example, the target energy of this sub-aperture is accumulated
in Figure 4d. Finally, by compensating the residual quadratic RCM and DM, the CI results
of all sub-apertures can be obtained, as illustrated in Figure 4e. Therefore, the proposed
method achieves good clutter suppression and CI performance for the single target with
maneuvering characteristics.
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Figure 4. Single target simulation results for the proposed method at the −7dB SCNR. (a) PC result.
(b) Sub-aperture space–time filtering. (c) Target echo signal recovery. (d) CI result of the 25-th tertiary
sub-aperture. (e) CI result of all sub-apertures.

3.2. Comparison Results of Different Methods at Low SCNR

To compare the processing performance of KT-MFP, GRFT, ARFT, Sub-CPI STAP based
on GRFT, and the proposed method, the simulation of a single target at the −19 dB SCNR
after PC is given. The simulated parameters of the bistatic airborne radar system and
the target are the same as those in Section 3.1. The processing results of the proposed
method are provided in Figure 5. Comparing Figure 5a,b, we can see that sub-aperture
space–time processing is effective and the target energy gathers some prominence from the
background. By applying the MLRT, the target CI energy of the 25-th tertiary sub-aperture
is still submerged in the clutter and noise, as given in Figure 5c. Then, the residual quadratic
RCM and DM are compensated and the target energy of all sub-apertures is achieved in
Figure 5d, where the SCNR after CI is about 4.36 dB.
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Figure 5. Single target simulation results for the proposed method at the −19 dB SCNR. (a) PC
result. (b) Target echo signal recovery. (c) CI result of the 25-th tertiary sub-aperture. (d) CI result of
all sub-apertures.

Then, the KT-MFP, GRFT, ARFT, and sub-CPI STAP based on GRFT methods were
also used to conduct a comparative experiment with the proposed method. Apparently,
Figure 6a,b show that the KT-MFP and GRFT were unable to realize clutter suppression,
thus the integrated target energy is buried in the background. In addition, because the
ARFT could not eliminate the quadratic RCM and DM or the non-stationary clutter, it
struggled to integrate the target energy, as shown in Figure 6c. The sub-CPI STAP based
on GRFT is provided in Figure 6d. Although it could integrate the target energy from
the clutter background and suppress the clutter to some extent, the SCNR of this method
was only about −1.43dB, which means this method struggles to carry out full data plane
detection effectively. This is because this method does not consider the influence of clutter
correlation and it has about a 5.8dB SCNR loss, as compared with the proposed method in
Figure 5d.
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(a) (b)

(c) (d)

Figure 6. Single target simulation results for several existing methods at the −19 dB SCNR.
(a) KT-MFP. (b) GRFT. (c) ARFT. (d) Sub-CPI STAP based on GRFT.

3.3. Multi-Target Simulation of the Proposed Method

This section describes a simulation for multiple targets using the proposed method.
The motion parameters are list in Table 3. After the conversion, the equivalent initial slant
range, velocity, and acceleration of target 1 are given as 9.49 km, 93.13 m/s, 47.28 m/s2,
respectively. Furthermore, these parameters of target 2 were set as 15.15 km, −49.97 m/s,
51.88 m/s2. The PC result of these two targets is given in Figure 7a, where the targets’
energies are submerged. Then, the echoes of target 1 and target 2 are successively recovered
in Figure 7b,c. Then, the 25-th tertiary sub-aperture accumulation results of target 1 and
target 2 are given in Figure 7d,e, respectively. In these figures, the target energy within the
sub-aperture is accumulated for the first time. Finally, Figure 7f,g separately illustrate the
CI results of target 1 and target 2, where the targets’ energies are enhanced significantly to
obtain a significant SCNR improvement.

Table 3. Parameters of targets.

Parameters Target 1 Target 2

The initial position
coordinates (0.1, 4, 3) km (−0.1, −1, 0) km

The initial velocity (400, −60, 200) m/s (400, 135, 0) m/s
The acceleration (−30, −12.5, 10) m/s2 (−30, −12.5, 0) m/s2
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Figure 7. Multi-target simulation results for the proposed method. (a) PC result. (b) Echo signal
recovery of target 1. (c) Echo signal recovery of target 2. (d) CI result of the 25-th sub-aperture for
target 1. (e) CI result of the 25-th tertiary sub-aperture for target 2. (f) CI result of all sub-apertures
for target 1. (g) CI result of all sub-apertures for target 2.
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3.4. Real Data Processing Results

The real data processing results are given and compared for the typical aforementioned
methods and the proposed one. Note that the data set was collected by two UAVs from
an area of Chinese sea in 2018 and the main parameters of the transmitter and receiver
are listed as follows: fc = 9 GHz, B = 5 MHz, and fs = 8 MHz. Figure 8a gives the PC
result of one receiving channel with heavy sea clutter in which the target energy trajectory
was difficult to obtain. Then, Figure 8b–e exhibit the processing results of KT-MFP, GRFT,
ARFT, sub-CPI STAP based on GRFT, and the proposed method, respectively. Similar to
simulation results, the CI result of the target energy is accumulated and focused well in
Figure 8f, which is better than for the other methods. Particularly, the proposed method
improved the output SCNR by about 4.82 dB as compared to sub-CPI STAP based on GRFT,
which had the best clutter suppression and CI abilities from the other methods.
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Figure 8. Real data processing results. (a) PC result. (b) KT-MFP. (c) GRFT. (d) ARFT. (e) Sub-CPI
STAP based on GRFT. (f) Proposed method.
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3.5. Target Detection Performance

In this section, we present the detection probability comparison results, which were
obtained via 500 Monte Carlo experiments for each SCNR within the range of [−26 dB,
0 dB], as shown in Figure 9, where the false alarm probability was set as 10−4. Taking
into account the computational time cost, the pulse number was reset to 640 in this experi-
ment. As shown in Figure 9, the detection probabilities of KT-MFP, GRFT, ARFT, sub-CPI
based on GRFT, and the proposed method are given, where the detection ability of the
presented method precedes that of the other methods. Particularly, when the detection
probability Pd = 0.8, the proposed method required a lower SCNR after PC as compared
to KT-MFP, GRFT, ARFT, and sub-CPI based on GRFT by about 11 dB, 10.6 dB, 10 dB,
and 5 dB, respectively.
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Figure 9. Detection performance.

In our testing framework, the clutter data were simulated via the computer server and
were added into the echo without the target. Then, the proposed method was executed
10,000 times to obtain the constant false alarm detection threshold TPFA when PFA = 10−4. In
addition, the echo with the target was also processed by the proposed method to achieve 500
detection sampling Monte Carlo trials under different SCNRs. For each trial, the detection
peak value after processing the echo with the target (i.e., Sprocess) was compared to the
threshold TPFA . When Sprocess > TPFA , the detection result was set as 1. Otherwise, the result
was set as 0. Finally, we calculated the average result for each SCNR and the detection
probability was achieved.

In the Gaussian white noise background, the relationship between the detection
probability PD, the false alarm probability PFA, and the output signal-to-noise ratio (SNR)

can be stated as PD = PFA
1

1+SNR . On the condition that PD = 0.8 and PFA = 10−4, we can
state that the output SNR is 15 dB. Because our method has the SNR gain of 640 pulse
CI and 8 channel synthesis, the SNR gain is about 37 dB. Then, we can conclude that the
theoretical SNR after PC is about −22 dB when PD = 0.8 and PFA = 10−4 in the Gaussian
white noise condition. However, our method considers the non-stationary clutter condition
and there is some compensation loss for RCM correction and all sub-aperture accumulation.
Therefore, compared with the theoretical result, our method has an SCNR loss of about
−4 dB, which is consistent with the detection results of the proposed method in Figure 9.

4. Discussion

Note that this paper aims to jointly suppress the clutter and realize coherent detection
via sub-aperture processing. As for the CI process, our contribution is to realize the slow-
time aperture division to ensure the influence of acceleration within each sub-aperture can
be ignored. Then, the MLRT can be applied to correct the RCM within each sub-aperture.
In addition, the matched filtering function is established to eliminate RCM/DM among
different sub-apertures and coherent detection is realized by using all sub-apertures. In fact,
we apply the existing MLRT method for RCM correction within each aperture and it is a
link in our joint implementation processing system.
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5. Conclusions

This paper focuses on the stationary clutter suppression and target detection problems
and proposes a joint implementation method for a maneuvering target with an airborne
bistatic radar. Stationary clutter Doppler compensation and sliding window processing are
first applied within the sub-aperture. Then, the target linear RCM is corrected via MLRT
to obtain the CI of each sub-aperture after the sub-aperture is divided in the slow-time
direction and the residual RCM/DM among different sub-apertures is eliminated by MFP.
Finally, the target energy of all sub-apertures is coherently integrated to realize target
detection. The simulation and measured data processing results are provided to prove the
validity and feasibility of the proposed method.

In this paper, there are some limitations in relation to the validation system of the
proposed method. The connection between the detection probability, false alarm, and
SCNR was not studied because of the non-stationary clutter and compensation loss for
RCM correction and the accumulation of all sub-apertures. In addition, other Swerling
models were not studied in this paper. In the future, we will study and find a novel CI
method without using the traditional parameter searching idea to update our research.
Moreover, we will continue to study echo modeling, clutter suppression, coherent inte-
gration, and variable false alarm detection for the target with other Swerling models in
the airborne bistatic radar system [35,36]. Finally, we will try to reduce the computational
complexity of processing to ensure the real-time requirements and possibility of application
in operational contexts.
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