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Abstract: Current studies of global navigation satellite systems (GNSS)-based bistatic synthetic
aperture radar (GNSS-SAR) is focused on static objects on land. However, moving target imaging
is also very significant for modern SAR systems. Imaging a moving target has two main problems.
One is the unknown range cell migration; the other is the motion parameter estimation, such as the
target’s velocity. This paper proposes a moving target imaging formation algorithm for GNSS-SAR.
First, an approximate bistatic range history is derived to describe the phase variation of the target
signal along the azimuth time. Then, a keystone transform is employed to correct the range cell
migration. To address the motion parameter estimation, a chirp rate estimation method based
on short-time Fourier transform and random sample consensus is proposed with high processing
efficiency and robust estimation errors in low signal-to-noise ratio scenes. The estimated chirp rate
can calculate the target’s velocity. Finally, azimuth compression derivation is performed to accomplish
GNSS-SAR imaging. A maritime experimental campaign is conducted to validate the effectiveness
of the proposed algorithm. The two cargo ships in the SAR images have good accordance with the
ground truth in terms of the target-to-receiver vertical distances along the range and the ships’ length
along the cross-range.

Keywords: GNSS-SAR; image formation algorithm; keystone transform; short-time Fourier transform;
random sample consensus

1. Introduction

In the last decade, passive bistatic synthetic aperture radar (SAR) has received substantial
attention from the research community. Because the transmitters are illuminators of opportunity,
such as digital video broadcasting-terrestrial systems [1], frequency-modulated radio [2], GSM [3],
and global navigation satellite systems (GNSS), only the receiver needs to be developed. Hence,
a passive bistatic SAR has advantages of low cost, license-free, covertness, and no electromagnetic
pollution. Among these opportunistic illuminators, GNSS-based bistatic SAR (GNSS-SAR) is a very
promising research field. Besides the above advantages, GNSS-SAR systems have good system stability,
short revisit time, and flexible configuration thanks to its global GNSS constellations, e.g., the global
positioning system (GPS), global navigation satellite system (GLONASS), Galileo system, and the
Beidou system.

The concept of GNSS-SAR was likely proposed for the first time in [4]. Then, the theoretical and
experimental investigations were reported in [5,6], which confirmed the feasibility of the GNSS-SAR
technique. To provide imagery, the derivation of an image formation algorithm has become a major
challenge because GNSS-SAR has a flexible topology of bistatic acquisition. The transmitter is a GNSS
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satellite, while the receiver can be deployed on the ground, a moving vehicle, or an aircraft, resulting in
various bistatic acquisition geometries. Several contributions to image formation algorithms for special
bistatic SAR topologies can be found in recent papers, such as the range-Doppler algorithm [7,8],
back-projection algorithm [9], range migration algorithm [10], and some improved algorithms [11–13].
The validation of the GNSS-SAR image formation algorithms has paved the way for GNSS-SAR
application. For example, temporal land change monitoring based on GNSS-SAR was investigated
in [14,15]. A GNSS-SAR imaging for the urban area with 360◦ coverage was obtained in [16]. Moreover,
considering the rough range resolution of GNSS-SAR, some papers focused on range resolution
improvement [17–20].

The above studies on GNSS-SAR have been dedicated to static objects on land. However, to the
best of the authors’ knowledge, few contributions to moving target imaging have been presented in the
GNSS-SAR field. With growing requirements for both civilian and military applications, moving target
imaging has been a long-standing subject for modern SAR systems. Many investigations on moving
target imaging have been conducted in the active SAR community [21–24]. In recent years, passive radar
systems have been used for inverse SAR (ISAR) [25–28]. ISAR processing is a post-processing operation
applied to the final SAR image [29]. To extend the range of GNSS-SAR applications, this paper
concentrates on moving target imaging. The conventional GNSS-SAR image formation algorithms
have two main steps, including range cell migration (RCM) correction and azimuth compression.
For the stationary target, the RCM and azimuthal Doppler shifts of the echoes are dependent on the
motion of the SAR platform (the receiver or the satellite). That is to say, RCM correction and azimuth
compression can be achieved by the known motion of the platform. However, for the moving target,
none of the above GNSS-SAR image formation algorithms can enable RCM correction and azimuth
compression due to the unknown motion of the non-cooperative target. As a result, the moving
target will be defocused in the SAR image. Therefore, moving target imaging has at least two main
problems. One is the unknown RCM, and the second is the motion parameter estimation before
azimuth compression.

In this paper, to address the main problems of moving target imaging, we select a relatively
simple bistatic acquisition geometry shown in Figure 1. The receiver is fixed on the shore, and the
GNSS satellite is assumed as stationary during the observation time (e.g., less than 120 s). A maritime
moving target whose trajectory perpendicular to the line of sight (LOS) of the receiver antenna is
selected as the object of interest so that a synthetic aperture can be formed. Based on the bistatic
acquisition geometry, we first derive an approximate bistatic range history that can describe the phase
variation of the target signal. To correct the RCM, a keystone transform [30] is employed without
prior knowledge of the target’s motion. Then, to deal with the parameter estimation problem, a chirp
rate estimation method based on short-time Fourier transform (STFT) and random sample consensus
(RANSAC) [31] is proposed with high processing efficiency and robust estimation errors. The estimated
chirp rate can calculate the target’s velocity. Finally, a derivation of azimuth compression is conducted
to accomplish the moving target imaging. Two groups of real experimental data are obtained to
validate the effectiveness of the proposed method, and then the experimental results are reported and
discussed in detail.

The paper is organized as follows. An approximate bistatic range history is derived in Section 2.
Then, Section 3 describes the image formation algorithm. Section 4 provides the experimental setup
and results. A further discussion about the experimental results is presented in Section 5, and Section 6
concludes this paper.
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For the sake of simplicity, the receiver and the target are located at the same height. The simple 
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Figure 1. Bistatic acquisition geometry with a stationary receiver and a global navigation satellite
systems (GNSS) satellite.

2. Approximate Bistatic Range History

In this section, the bistatic acquisition geometry of maritime moving target imaging is introduced
to derive an approximate bistatic range history that can describe the phase variation of the target
signal for the next image formation algorithm. At the same time, the maximum error between the
approximate bistatic range and the real bistatic range will be analyzed.

Figure 1 shows the bistatic acquisition geometry. The receiver on the shore has a pair of channels:
the reference channel (RC) steers the antenna toward the sky to collect the direct GNSS signals as
reference, and the surveillance channel (SC) points the antenna toward the sea surface to record the
reflected GNSS signals from the moving target.

For the sake of simplicity, the receiver and the target are located at the same height. The simple side
view of the bistatic acquisition geometry is illustrated in Figure 2, where the satellite (S), receiver (R),
and target (T) constitute a plane. It is assumed that the satellite in space is approximated as stationary
during the observation time (e.g., less than 120 s). The bistatic range history of the moving target
during the observation time is defined as:

Rbi(tm) = Rt(tm) + Rr(tm) −Rb (1)

where tm ∈
[
−

T
2 , T

2

]
is the azimuth time (or slow time), T is the entire observation time, Rt is the

transmitter-to-target range, Rr is the target-to-receiver range, and Rb is the baseline range between
the satellite and the receiver. Note that the bistatic range history in (1) is accurate without any
approximation. Nevertheless, it is not convenient for the next derivation of the moving target image
formation algorithm. Hence, an approximate bistatic range history is introduced here.Remote Sens. 2020, 12, x 4 of 21 
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Figure 2. Side view of the bistatic acquisition geometry.
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Because the transmitter-to-target range is in an order of tens of thousands of kilometers, much larger
than the target-to-receiver range, line SR and line ST in Figure 2 can be regarded as parallel. The bistatic
range history defined in (1) can be approximated as:

Rbi(tm) ≈ Rr(tm) + Rr(tm) cos[θ(tm)] (2)

where θ is the bistatic angle. However, the bistatic angle cannot be measured directly and varies with
the target’s motion. The three-dimensional view of the bistatic acquisition geometry is presented in
Figure 3a for the bistatic angle analysis. By adding some auxiliary lines (dashed lines) in the solid
geometry, we have:

(Rt sin θ)2 = (Rt sin α)2 + (Rt cos α sin β)2 (3)
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Figure 3. Different views of the bistatic acquisition geometry: (a) is the three-dimensional view, and (b)
is the top view.

With algebraic simplification, the bistatic angle is derived as:

cos θ = cos α × cos β (4)

where α is the satellite elevation angle and β is a vertex angle constituted by the receiver, target,
and nadir point of the satellite. The top view of the bistatic acquisition geometry in Figure 3b is
presented to analyze β. In Figure 3b, a point target T is moving from the initial position T0 to the
right side. The trajectory of the point target as the synthetic aperture is perpendicular to the LOS of
the receiver antenna (assuming that the target moves within the antenna footprint during the whole
observation time). Some angles can be obtained as:

β = β′ − ε (5)

and
β′ = ϕ + az (6)

where β′ and ε are the vertex angles, ϕ is the squint angle between Rr and Rs, Rs is the target-to-receiver
vertical range (i.e., the closest range), and az is named as local satellite azimuth angle that is the
difference between the satellite azimuth angle and the azimuth angle of the LOS of the receiver antenna
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(Section 4 will give the computing equation according to the field test). Nevertheless, ε is so small that
β′ ≈ β. Substituting (6) into (4), we have the bistatic angle as:

cos[θ(tm)] = cos α× cos(ϕ+ az)

= cos α cos a z × Rs
Rr(tm)

− cos α sin a z × (L − vtm)
Rr(tm)

(7)

where tm ∈
[
0, 2L

v

]
, v is the target’s velocity, and L = |xr − x0| is the half length of the synthetic aperture.

Equation (7) shows that the variation of the bistatic angle θ is related to the target’s motion. Substituting
(7) into (2), we obtain the approximate bistatic range history as:

Rbi(tm) = Rr(tm) − (L− vtm)cos α sin a z + Rs cos α cos a z

=

√
Rs2 + (L− vtm)

2
− (L− vtm)cos α sin a z + Rs cos α cos a z

(8)

Moreover, if the target in Figure 3b moves towards the opposite direction, likewise, the bistatic
range is:

Rbi(tm) =

√
Rs2 + (L− vtm)

2 + (L− vtm)cos α sin a z + Rs cos α cos a z (9)

In summary, before the target crosses the LOS of the receiver antenna, if the target and the nadir
point of the satellite are on the same side in Figure 3b with respect to the receiver, the bistatic range
expression is (8); otherwise, it is (9). This peculiarity will be used in Section 5.2.

To evaluate the error between the approximate bistatic range and the real bistatic range,
simulation calculation is conducted. The parameters in Table 1 are used to calculate the real bistatic
range in (1) and the approximate bistatic range in (8) or (9). Note that the local satellite azimuth
angle in Table 1 is equal to the satellite azimuth angle for convenience. Figure 4 shows the maximum
errors between the approximate bistatic ranges and the real bistatic ranges versus the target-to-receiver
vertical ranges for various satellite elevation angles and azimuth angles. We can observe that the
maximum errors become large gradually with the increase of satellite elevation angles, azimuth angles,
and target-to-receiver vertical ranges. The maximum errors do not exceed 1 m within the range of
5000 m, which is acceptable. Therefore, the approximate bistatic range history can be safely used for
the next moving target image formation algorithm.

Table 1. Parameters for the real bistatic range and the approximate bistatic range calculation.

Parameters Values

Coordinates of the receiver (0, 0, 0)
Satellite-to-receiver range (Rb) 20,000 km

Satellite elevation angle (α) 0◦, 30◦, 45◦, 60◦

Local azimuth angle (az) 0◦, 30◦, 45◦, 60◦

Radar antenna beam angle (θbw) 10◦

Target-to-receiver vertical range (Rs) 500–5000 m
Half-length of the synthetic aperture (L) Rs × tan(θbw/2)

Coordinates of the receiver (0, 0, 0)
Satellite-to-receiver range (Rb) 20,000 km
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3. Moving Target Image Formation Algorithm

The block diagram of the proposed moving target image formation algorithm for GNSS-SAR is
presented in Figure 5. Each processing block will be described in the following.
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3.1. Signal Synchronization and Signal Model

In the passive bistatic SAR system, a direct signal is usually employed as the reference signal for the
target signal compression. However, the signal-to-noise ratio (SNR) of the direct signal output from the
RC antenna can be as low as −30 dB [5]. For this reason, it is critical to track the parameters of the direct
signal, including the code phase, carrier phase, Doppler, navigation bits, etc. These parameters can
generate a noise-free replica of the direct signal. The above processing is called signal synchronization
and is very significant for the GNSS-SAR system. To acquire and track the direct signal, a software
receiver is exploited. In our previous work, the software receiver has been successfully applied for
deformation monitoring based on GNSS-R technology in [32], which implies that the software receiver
is reliable and stable.

With the tracked parameters, the local reference signal is generated for the next range compression
for the target signal. Here, taking GPS L1 signal as an example and ignoring the constant phase and
amplitude terms, we can express the local reference signal as radar data formatting:

Sd(t, tm) = C(t− τd) × D(t− τd) × e j(2π fdt + ϕd(tm)) (10)

where t ∈ [0, PRI] is the fast time, PRI means the pulse repetition interval (i.e., the duration time of
the C/A code), tm ∈

[
−

T
2 , T

2

]
is the azimuth time, T is the entire observation time, C(•) is the C/A

code whose duration time is 1 ms, D(•) is the navigation data, and e(•) denotes the complex carrier.
τd, fd and ϕd(tm) are the code phase delay, carrier frequency, and carrier phase term of the local
reference signal, respectively. Their values are dependent on the relative position and movement
between the satellite and receiver. Moreover, τd and ϕd(tm) contain the total delay and phase errors,
respectively, induced by the atmospheric factors (i.e., troposphere and ionosphere delay) and the
receiver errors (i.e., clock cycle slip and local oscillator drift). Likewise, assuming a point target case,
we can express the target signal in the SC as:

Sr(t, tm) = C(t− τr) × D(t− τr) × e j(2π frt+ϕr(tm)) (11)

where τr, fr, and ϕr(tm) are the code phase delay, carrier frequency, and carrier phase term of the target
signal, respectively.

3.2. Range Compression

To compress the target signal along the fast time and preserve the exponential phase term for the
next azimuth-time processing, range compression operation is implemented. By cross-correlating the
complex conjugate of (10) with (11) for every azimuth time, we have range compression as:

rc(τ, tm) =
∫

S∗d(t− τ, tm) Sr(t, tm)dt
=

∫
C(t− τd − τ)C(t− τr)D(t− τd)D(t− τr) e j(2π∆ f (tm)t+∆ϕ(tm))dt

(12)

where * denotes the complex conjugate. ∆ f (tm) and ∆ϕ(tm) are the instantaneous difference between
the local reference signal and the target signal with respect to carrier Doppler frequency and phase,
respectively. Note that:

• The reference signal and the target signal have the same navigation data within the range of 6000 km [33].
• ∆ϕ(tm) has eliminated the total phase errors, respectively, induced by the atmospheric factors and

the receiver errors due to the similar atmospheric factors and the shared oscillator in the RC and
SC [34].

• ∆ f (tm) can be neglected considering the low Doppler frequencies induced by the moving target
during the PRI [34].
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After integration, we can rewrite (12) as:

rc(τ, tm) = CF
[
τ−

Rbi(tm)

c

]
× e− j2π fc

c Rbi(tm) (13)

where CF(•) represents the envelope of the cross-correlation function, Rbi(tm) is the bistatic range
history, c is the speed of light, and fc is the central carrier frequency.

3.3. Range Cell Migration Correction

From (13), we can observe that the varying bistatic range gives rise to both RCM and Doppler
shifts along the azimuth time. The Doppler shifts can be used for motion parameter estimation and
imaging later. For the RCM, if the range resolution is coarse and the target is not far from the receiver,
there is no need for an additional RCM correction in the algorithm, as shown in Figure 6a. For instance,
the best range resolution of GPS-based SAR is about 150 m in a quasi-monostatic configuration [20].
Otherwise, the RCM should be tackled and compensated.

Remote Sens. 2020, 12, x 8 of 21 

To compress the target signal along the fast time and preserve the exponential phase term for 
the next azimuth-time processing, range compression operation is implemented. By cross-correlating 
the complex conjugate of (10) with (11) for every azimuth time, we have range compression as: 𝑟𝑐 𝜏, 𝑡 = 𝑆∗ 𝑡 − 𝜏, 𝑡   𝑆 𝑡, 𝑡 𝑑𝑡 

          = 𝐶 𝑡 − 𝜏 − 𝜏  𝐶 𝑡 − 𝜏  𝐷 𝑡 − 𝜏  𝐷 𝑡 − 𝜏  𝑒 𝑑𝑡 
(12)

where * denotes the complex conjugate. 𝛥𝑓 𝑡  and 𝛥𝜑 𝑡  are the instantaneous difference between 
the local reference signal and the target signal with respect to carrier Doppler frequency and phase, 
respectively. Note that: 

• The reference signal and the target signal have the same navigation data within the range of 6000 
km [33]. 

• 𝛥𝜑 𝑡  has eliminated the total phase errors, respectively, induced by the atmospheric factors 
and the receiver errors due to the similar atmospheric factors and the shared oscillator in the RC 
and SC [34]. 

• 𝛥𝑓 𝑡  can be neglected considering the low Doppler frequencies induced by the moving target 
during the PRI [34]. 

After integration, we can rewrite (12) as: 𝑟𝑐 𝜏, 𝑡 =  𝐶𝐹 𝜏 − 𝑅 𝑡𝑐   × 𝑒  (13)

where 𝐶𝐹 •  represents the envelope of the cross-correlation function, 𝑅 𝑡  is the bistatic range 
history, 𝑐 is the speed of light, and 𝑓  is the central carrier frequency. 

3.3. Range Cell Migration Correction 

From (13), we can observe that the varying bistatic range gives rise to both RCM and Doppler 
shifts along the azimuth time. The Doppler shifts can be used for motion parameter estimation and 
imaging later. For the RCM, if the range resolution is coarse and the target is not far from the receiver, 
there is no need for an additional RCM correction in the algorithm, as shown in Figure 6a. For 
instance, the best range resolution of GPS-based SAR is about 150 m in a quasi-monostatic 
configuration [20]. Otherwise, the RCM should be tackled and compensated. 

(a) (b) 

Figure 6. Maximum range cell migration (RCM) for the target at the imaging scene center with satellite 
elevation angle = 45°, local azimuth angle = 45°, and radar antenna beam angle = 10°: (a) is the 
maximum RCM before range walk correction, and (b) is the residual maximum nonlinear range 
migration after range walk correction. 

Figure 6. Maximum range cell migration (RCM) for the target at the imaging scene center with
satellite elevation angle = 45◦, local azimuth angle = 45◦, and radar antenna beam angle = 10◦: (a) is
the maximum RCM before range walk correction, and (b) is the residual maximum nonlinear range
migration after range walk correction.

Let us take the instant time when the moving target is crossing the LOS of the receiver antenna as
the reference time (here, it is assumed to be tm = 0, corresponding to the target at the imaging scene
center). Taking (8) for derivation and applying a second-order Taylor series expansion, we can obtain
Rbi(tm) as:

Rbi(tm) =
1
2
×

v2

Rs
× t2

m + v cos α sin a z × tm + Rs(1 + cos α cos a z) (14)

where tm ∈
[
−

L
v , L

v

]
. Equation (14) shows that the RCM is related to the target’s velocity. However, in

practice, the velocity of the non-cooperative target is unknown. Here, a keystone transform is used
to correct the RCM without prior knowledge of the target’s velocity. To apply keystone transform,
the range-compressed target signal in (13) is put in the range frequency and azimuth time domain by
Fourier transform (FT), which is written as:

rc( fr, tm) =
∫

CF
[
τ−

Rbi(tm)
c

]
× e− j2π fc

c Rbi(tm) × e− j2π frτdτ

= CF( fr) × e− j2π fr+ fc
c Rbi(tm)

(15)
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where fr is the range frequency component and CF( fr) is the envelope of the target signal in the range
frequency dimension. By inserting (14) into (15), we have the exponential phase term of the signal:

Φrc( fr, tm) = −2π
[

v2

2Rs
×

fr + fc
c
× t2

m + v cos α sin a z×
fr + fc

c
× tm

fr + fc
c
×Rs(1 + cos α cos a z)

]
(16)

From (16), we can see that the coupling of the range frequency and the azimuth time in the first
and the second phase term results in range curvature and range walk, respectively. The range walk
can be removed if we rescale the azimuth time for each range frequency by keystone transform as:

fc × τm = ( fr + fc) × tm (17)

Substituting (17) into (16), the rescaled phase term in the new ( fr, τm) domain is:

Φrc( fr, τm) = −2π
[

v2

2λRs
×

fc
fr + fc

× τ2
m +

v cos α sin a z
λ

× τm
fr + fc

c
×Rs(1 + cos α cos a z)

]
(18)

where λ = c
fc

is the central wavelength of the carrier. Because the GNSS signal is not designed for

SAR application, the narrow band of GNSS ranging code makes fr � fc, and we have fc
( fr+ fc)

≈ 1.
Equation (18) can be rewritten as:

Φrc( fr, τm) = −2π
[

v2

2λRs
× τ2

m + v cos α sin a z
λ × τm +

Rs(1+ cos α cos a z)
λ

]
−2π

[
fr
c ×Rs(1 + cos α cos a z)

] (19)

As shown in (19), the first square brackets correspond to the quadratic phase term of the target
signal along the azimuth time, while the second square brackets indicate that the RCM is compensated
into the constant bistatic range. The above procedure allows the coupling effects of the range walk to
be removed, but the residual range curvature is still present, as shown in Figure 6b. However, the effect
of range curvature is expected to be smaller than a one range resolution cell since Galileo E5a/b or
GPS L5 signals with a bandwidth of 10.23 MHz can provide the best range resolution of 15 m in a
quasi-monostatic configuration [6].

After the RCM correction, a range inverse Fourier transform (IFT) is conducted for (15) to derive
the range-compressed target signal as:

rc(τ, τm) = CF
(
τ−

Rc

c

)
× e− j2π

Rbi(τm)
λ (20)

where Rc = Rs(1 + cosαcosaz) is the constant bistatic range. The cross-correlation envelopes of the target
signal along the azimuth time are now compensated to the same range cell. Hence, the target-to-receiver
vertical range Rs can be estimated by:

Rs(τ) =
Rc

1 + cos α cos a z
=

c× τ
1 + cos α cos a z

(21)

The target-to-receiver vertical range will be used later in Sections 3.4 and 3.5.

3.4. Motion Parameter Estimation

Because the target’s motion induces the modulation of the target signal along the azimuth time,
the motion parameter, such as the target’s velocity, should be obtained before azimuth compression.
Otherwise, the moving target will be smeared and shifted in a static SAR image. In this paper, we refer
to a target moving at almost constant velocity, such as ships sailing at cruising speed. Therefore,
the target velocity estimation issue will be tackled in this subsection.
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The Doppler shifts of the target signal can be obtained from the first derivative of the exponential
phase term of (20) versus the azimuth time as:

fd(τm) = −
1
λ
×

dRbi(τm)

dτm
= γ× τm + f0,γ = −

v2

λRs
, f0 = −

v cos α sin a z
λ

(22)

where γ is the chirp rate and f0 is the Doppler centroid. Equation (22) indicates that the target signal
along the azimuth time is a linear frequency modulation (LFM) signal and the target’s velocity is
related to the constant chirp rate. The velocity estimation issue can be transformed into the chirp rate
estimation of the LFM signal. Time-frequency analysis techniques are effective methods for chirp rate
estimation, such as Radon–Wigner transform [35], chirp-Fourier transform [36], and fractional Fourier
transform [37]. These methods usually require a one-dimensional search and projection integration
for the chirp rate estimation. Let N be the number of time samples. The computational costs of these
time-frequency methods are in the order of O

(
N2logN

)
. However, long aperture time is essential in

the GNSS-SAR to improve the azimuth resolution and the SNR, which leads to these time-frequency
analysis methods to be very time-consuming. To counteract this problem, a chirp rate estimation
method based on STFT and RANSAC is proposed. The computational cost of the proposed method
is in the order of O(N log N + M) because STFT is implemented on a computer using fast Fourier
transform (FFT) with the order of O(NlogN) and RANSAC needs M times of iterations. Figure 7 shows
the flowchart of the processing chain.
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3.4.1. STFT and Time-Frequency Sampling Point Extraction

STFT can project the target signal in (20) along the azimuth time into the joint time-frequency
domain. The STFT of (20) is defined as:

STFT(τm, f ) =
∫

[rc(τ, τm) ×win∗(µ− τm)] × e− j2π fµdµ (23)

where win∗(•) is the complex conjugate of the analyzing window. Figure 8 shows two joint
time-frequency distributions produced by the STFT, corresponding to two cargo ships in the field test.
We can observe that two straight lines are displayed with width because the target signal in the real
scene is the sum of echoes from multiple scattering points on the target surface. Moreover, the slopes
of the straight lines are, in fact, the chirp rates of two cargo ships.

To estimate the slope values, i.e., fitting lines, the straight lines should be extracted first. A suitable
threshold T is used to separate the time-frequency sampling points of the straight line (target points)
from the background noise sampling points (noise points) by:

STFT(τm, f ) =

0 T > A

1 T ≤ A
(24)

where A is the magnitude value of the sampling point in the joint time-frequency distribution.
These sampling points construct a sampling set S =

{
(t1, f1), (t2, f2), . . . , (tn, fn)

}
. Figure 9 shows two

binary images generated by the sampling sets of two cargo ships.
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3.4.2. RANSAC and Median Filter

Due to the low SNR, it is impossible to ensure S without the noise points shown in Figure 9.
The number of noise points may even be more than that of the target points. Therefore, traditional
least square method (LSM) may fail to be applied in the slope value estimation (Section 4.2 shows
an experimental example). RANSAC can perform parameter estimation in low SNR because it can
address sampling sets involving many wrong data points by iteration. The general processing steps
of RANSAC were stated in [31]. In our case, the model is (22), and RANSAC is employed to fit an
optimal straight line from S and derive the estimated slope value. Moreover, several optimal slope
values may be obtained because of the straight lines with width in Figure 9. For robust estimation,
after RANSAC operation, a median filter is used to get the suitable slope value with a high confidence
level. Inliers are denoted as the target points that can be expressed by the model, while outliers are the
noise points. The steps of RANSAC iteration are demonstrated below:

Step 1: Let K be the maximum iteration number and generate S by STFT.
Step 2: Select two points randomly from S and construct the line via (22). Note that the process of

random selection has some limitations that can improve the robustness:

• Because the chirp rate in (22) is always negative, two points with the positive slope value are
not considered.
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• The maximum considered chirp rate value can be set to limit the point selection region.
• Because of the long observation time, two points with respect to the time axis should be selected

as far away as possible so that the line can fit more sampling points.

Step 3: For every point (ti, fi), the distance of point (ti, fi) to the constructed line in Step 2 is
calculated by:

di =
∣∣∣ f k

0 + γkti − fi
∣∣∣ (25)

where |•| represents the absolute value. If di ≤ th where th is the tolerance threshold, point (ti, fi) is
regarded as an inlier.

Step 4: Count the number of inliers as Nk. If Nk ≥ Ns where Ns is the minimum number of inliers
that agrees with the line, the slope value of the line is put into the consensus set.

Step 5: Let k = k + 1. If k ≤ K, go back to Step 2. Otherwise, proceed to Step 6.
Step 6: A median filter is used to select the suitable slope value from the consensus set. Finally,

the target’s velocity is calculated via the target-to-receiver vertical range in (21) and the chirp rate
equation in (22).

3.5. Azimuth Compression

The principle of azimuth compression is to remove the modulation phase term of the target signal
through the designed azimuth matched filter in the range and Doppler frequency domain. Therefore,
a derivation of azimuth matched filter is given in this subsection.

To design the azimuth matched filter, we should first obtain the analytical solution of the target
signal in the azimuth frequency domain. For simplicity, one scattering point is considered here.
The range-compressed target signal in (20) is transformed into the range and azimuth frequency
domain by FT, which is written as:

rc(τ, fd) =
∫

CF
(
τ−

Rc

c

)
× e− j2π

Rbi(τm)
λ × e− j2π fdτm dτm (26)

where fd is the azimuth frequency component and Rbi(τm) is expressed by (8) or (9). However, it is
hard to directly obtain the analytical solution of (26). The principle of stationary phase [38] is employed
to address (26). After some lengthy algebra, we have:

rc(τ, fd) = σ× e− j2π[
√
( v
λ )

2
− ( v

λ×cos α sin az+ fd)
2
×

Rs(τ)
v + L

v× fd+
Rs(τ)cos α cos az

λ ] (27)

or

rc(τ, fd) = σ× e− j2π[
√
( v
λ )

2
− ( v

λ×cos α sin az− fd)
2
×

Rs(τ)
v + L

v× fd+
Rs(τ)cos α cos az

λ ] (28)

where σ represents the magnitude of the Doppler spectrum, which is not important. From the previous
time-frequency analysis, we know that the scattering points on the target surface experience the same
Doppler shifts. Hence, Doppler spectra of N scattering points can be extended as:

rcN(τ, fd) =
N∑

n=1

σn × e− j2π[
√
( v
λ )

2
− ( v

λ×cos α sin az+ fd)
2
×

Rs(τ)
v + Ln

v × fd+
Rs(τ)cos α cos az

λ ] (29)

or

rcN(τ, fd) =
N∑

n=1

σn × e− j2π[
√
( v
λ )

2
− ( v

λ×cos α sin az− fd)
2
×

Rs(τ)
v + Ln

v × fd+
Rs(τ)cos α cos az

λ ] (30)

where
∑
(•) represents linear superposition of the N scattering points’ echoes, Ln = |xr − xn|, and xn is

the azimuth position. We can see that there are three exponential phase terms in (29) and (30). The first
term is a modulation phase term that is the same for every scattering point. The second term is a linear
phase term that contains the azimuth position of the scattering point. The last term is a constant phase
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term that has no effect on imaging. Obviously, the azimuth matched filter is a complex conjugate of the
modulation term in (29) or (30), derived as:

H(τ, fd) = e j2π
√
( v
λ )

2
− ( v

λ×cos α sin az+ fd)
2
×

Rs(τ)
v (31)

or

H(τ, fd) = e j2π
√
( v
λ )

2
− ( v

λ×cos α sin az− fd)
2
×

Rs(τ)
v (32)

Equations (31) and (32) show that which azimuth matched filter is chosen depends on the target’s
moving direction. For example, (31) corresponds to the target moving towards the right side in
Figure 3b, while (32) corresponds to the opposite direction. In other words, combining the bistatic
acquisition geometry and the azimuth matched filter, we can determine the target’s moving direction.
This peculiarity will be discussed later in Section 5.2.

The azimuth matched filter generation requires parameters including the satellite elevation angle,
the satellite azimuth angle, the azimuth angle of the LOS of the receiver antenna, the target-to-receiver
vertical range, and the target’s velocity. The first three parameters can be obtained through ephemeris
data and measurement. The target-to-receiver vertical range and the target’s velocity have been
obtained in Sections 3.3 and 3.4, respectively. Then, to remove the modulation phase term, (29) is
multiplied by (31), while (30) is multiplied by (32). An azimuthal IFT is conducted to accomplish the
azimuth compression. The whole azimuth compression is derived as:

ac(τ, τm) =
∫

rcN(τ, fd) × H(τ, fd) × e j2π fdτm d fd

=
N∑

n=1
CF

(
τ− Rc

c

)
× sin c(B× (tm − tn

m))
(33)

where B = 2v×sin θ
λ is the Doppler bandwidth, θ is the maximum squint angle, and tn

m = Ln
v is the

instant slow time when the nth scattering point crosses the antenna point direction.

4. Experimental Results

4.1. Experimental Setup

A maritime experimental campaign was carried out at 16:25 on 16 May 2019. A GPS L1 signal
was chosen as the non-cooperative illuminator of opportunity. The receiver was fixed at Cyberport
Waterfront Park in Hong Kong. Figure 10a shows the receiver front end that has a pair of channels to
collect the direct and reflected signals. Two different types of antennas shown in Figure 10b connect
with the receiver front end. The circular antenna was a commercial off-the-shelf right-hand circular
polarization (RHCP) antenna for direct signal collection, while the square antenna was a custom
left-hand circular polarization (LHCP) antenna with a 12 dB gain for reflected signal collection. One can
obtain more details on the receiver front end and the software receiver in Section 3 of [32]. An automatic
identification system (AIS) [39] was exploited to provide voyage-related information of the ships as
the ground truth. Table 2 lists some essential parameters for the imaging processing. From the zenith,
Figure 11 presents the top view of the real scene where the azimuth angles of both the satellite and the
LOS of the receiver antenna (clockwise from north) are marked. Hence, the local satellite azimuth
angle defined in (6) is calculated by:

az = |Sat_Az− LOS_Az| (34)

where Sat_Az denotes the satellite azimuth angle and LOS_Az is equal to the azimuth angle of the LOS
of the receiver antenna with the subtraction of 180◦. We selected two cargo ships shown in Figure 12
as the main objects. Table 3 gives the AIS information of the ships and the selected GPS satellites
including the pseudo random noise code (PRN) numbers, the elevation angles, and the azimuth angles.
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To validate the effectiveness of the proposed image formation algorithm, the collected raw data were
addressed in MATLAB (MathWorks, Natick, MA, USA) on a computer with Intel i7-7700 3.60 GHz
processors and 64 GB RAM. The results will be described later in this work.
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Table 2. Experimental and signal processing parameters.

Parameters Values

Sampling frequency 16.368 MHz
Pulse repetition frequency (PRF) 1000 Hz

Observation time 120 s
Azimuth angle of antenna pointing direction 239.7◦

Length of the analyzing window (T) 2048 ms
Sampling points extraction threshold 0.1

The maximum RANSAC iteration number 200
The tolerance threshold (PRF/T) × 3

The proportion of the minimum number of inliers 7.5%

Table 3. Automatic identification system (AIS) information and the selected GPS satellites.

Name Length Speed Vertical Range PRN/Elev/Az

WAN HAI 506 269 m 4.94 m/s 1663.7 m 3/40◦/68◦

WAN HAI 313 213 m 7.21 m/s 938.6 m 22/19◦/46◦
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a yacht at 16:40.

4.2. Velocity Estimation Results and SAR Images

Figure 13 shows the fitting results of two cargo ships via RANSAC, LSM, and the ground truth
from AIS. In Figure 13a, we can find that the number of noise points seem to be more than that of
the target points. However, RANSAC can still provide a good fitting line (red line) compared with
the ground truth (black line), which implies that the estimated velocity is close to the AIS velocity.
However, LSM shows a fitting line (green dashed line) with a positive slope value. As described in (22),
the chirp rate is always negative. Therefore, LSM has failed to be applied in the velocity estimation.
In Figure 13b, there is a small angle between the red line and the black line. The main reason is that
the fluctuations of the target complex reflectivity influence the distribution of the sampling points.
Particularly, the echoes whose Doppler frequencies are near zero have the strongest scattering effect
shown in Figure 8b, resulting in more sampling points than that from other Doppler frequency regions.
The estimated chirp rate and velocity are listed in Table 4. Considering the fluctuations of the target
complex reflectivity, the errors between the estimated velocities and the AIS velocities are reasonable.
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Table 4. The estimated results and ground truth from AIS.

Name Est. Chirp Rate Est. Velocity AIS Chirp Rate AIS Velocity

WAN HAI 506 −0.082 Hz/s 4.81 m/s −0.087 Hz/s 4.94 Hz/s

WAN HAI 313 −0.286 Hz/s 6.81 m/s −0.321 Hz/s 7.21 Hz/s

With the estimated targets’ velocities, the final SAR images of WAN HAI 506 and WAN HAI 313
are presented in Figure 14a,b, respectively. The bright spots corresponding to two cargo ships provide
good characteristics in terms of signal to background ratio. The range values of the bright spots have
good accordance with the vertical range in Table 3, at less than one range resolution cell of the GPS
L1 signal. Due to the high azimuth resolution of GNSS-SAR, Figure 14a,b also demonstrate the ship
length measurement results along the cross-range: WAN HAI 506 is about 254 m, and WAN HAI 313 is
about 204 m. The measurement results are very close to the real targets’ length in Table 3. Moreover,
Figure 14b indicates two bright spots located at different ranges, corresponding to the cargo ship of
interest (ellipse box) and the yacht (square box) in Figure 12b, which further confirms the effectiveness
of the proposed image formation method. For comparison, Figure 14c,d show the moving target
imaging with an arbitrary target’s velocity. Both moving targets are obviously smeared and shifted in
the SAR images.Remote Sens. 2020, 12, x 17 of 21 

(a) (b) 

(c) (d) 

Figure 14. Synthetic aperture radar (SAR) images of two cargo ships with different velocities: (a) is 
WAN HAI 506 with the estimated velocity in Table 4, (b) is WAN HAI 313 with the estimated velocity 
in Table 4, (c) is WAN HAI 506 with target’s velocity = 3 m/s, and (d) is WAN HAI 313 with target’s 
velocity = 3 m/s. 

5. Discussion 

In this section, the mean square error (MSE) of the proposed chirp rate estimation method and 
the target’s moving direction determination will be discussed. 

5.1. Mean Square Error of the Chirp Rate Estimation Method 

To quantitatively evaluate the chirp rate estimation performance of the proposed motion 
parameter estimation method in Section 3.4, Monte Carlo trials were conducted. At the same time, 
LSM and Cramer–Rao lower bound (CRLB) [40] were employed for comparison. Table 5 lists the 
detailed parameters for the simulations. Gaussian white noise as the background disturbance was 
added to the target signals, while no sea clutter was considered. Note that the parameters of RANSAC 
are the same as that in Table 2. Figure 15 shows the curves of the MSEs of the chirp rates versus 
different SNR levels, and in each case, 100 Monte Carlo simulations are done. In Figure 15, if the SNR 
is more than −50 dB, the MSEs of LSM are lower than that of RANSAC and even close to the CRLBs. 
However, the estimation performance of LSM will reduce sharply with the SNR decrease because a 
large number of outliers in the time-frequency sampling set lead to the fitting process being distorted. 
Compared with LSM, RANSAC demonstrates advantages for line-fitting in the presence of outliers. 
The MSEs of RANSAC in Figure 15 can keep stable and approach a relatively low level when the SNR 

Figure 14. Synthetic aperture radar (SAR) images of two cargo ships with different velocities: (a) is
WAN HAI 506 with the estimated velocity in Table 4, (b) is WAN HAI 313 with the estimated velocity
in Table 4, (c) is WAN HAI 506 with target’s velocity = 3 m/s, and (d) is WAN HAI 313 with target’s
velocity = 3 m/s.

5. Discussion

In this section, the mean square error (MSE) of the proposed chirp rate estimation method and the
target’s moving direction determination will be discussed.
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5.1. Mean Square Error of the Chirp Rate Estimation Method

To quantitatively evaluate the chirp rate estimation performance of the proposed motion parameter
estimation method in Section 3.4, Monte Carlo trials were conducted. At the same time, LSM and
Cramer–Rao lower bound (CRLB) [40] were employed for comparison. Table 5 lists the detailed
parameters for the simulations. Gaussian white noise as the background disturbance was added to
the target signals, while no sea clutter was considered. Note that the parameters of RANSAC are the
same as that in Table 2. Figure 15 shows the curves of the MSEs of the chirp rates versus different SNR
levels, and in each case, 100 Monte Carlo simulations are done. In Figure 15, if the SNR is more than
−50 dB, the MSEs of LSM are lower than that of RANSAC and even close to the CRLBs. However,
the estimation performance of LSM will reduce sharply with the SNR decrease because a large number
of outliers in the time-frequency sampling set lead to the fitting process being distorted. Compared
with LSM, RANSAC demonstrates advantages for line-fitting in the presence of outliers. The MSEs of
RANSAC in Figure 15 can keep stable and approach a relatively low level when the SNR is lower than
−55 dB. In practical application, it is more inclined to have good estimation performance when the
input SNR is low. Therefore, the proposed motion parameter estimation method is suitable for the
GNSS-SAR application.

Table 5. Simulation parameters for chirp rate estimation.

Parameters Values

Boltzmann constant 1.38 × 1023

Environment Temperature 300 K
Power density on the ground −153 W/m2

Observation time 16,384 ms

Antenna gain 20 dB
Receiver Receiver noise bandwidth 1.023 MHz

Receiver Noise figure 2.03 dB

Target Target’s velocity 7.47 m/s
Target-to-receiver vertical range 1000 m
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5.2. Target’s Moving Direction Determination

As deduced in Section 3.5, combining the bistatic acquisition geometry and the azimuth
matched filter, we can determine the target’s moving direction. Take WAN HAI 506 for example.
First, we compare the SAR images produced by two azimuth matched filters defined in (31) and (32).
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Figure 14a is produced by using (32), in which we can see that the target signal energy is concentrated
together. Figure 16 indicates the SAR image with (31). Due to mismatch during the azimuth
compression, the target signal energy in Figure 16 has been split into two parts. Therefore, the correct
azimuth matched filter is (32). According to the derivation in Sections 2 and 3.5, (32) corresponds to (9),
which means that the satellite and target are on different sides with respect to the receiver before the
target crosses the LOS of the receiver antenna. Tables 2 and 3 provide the azimuth angles of the LOS of
the receiver antenna and the satellite, respectively. From the azimuth angle relationship, we know
that the satellite is on the left side with respect to the receiver, like in Figure 3b. Based on the above
analysis, we can determine that the cargo ship is on the right side before crossing the receiver and
moves towards the left side, which follows the direction of the arrow marked in Figure 12a.
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6. Conclusions

In this paper, GNSS-SAR technique was proposed for maritime moving target imaging. The main
work contained three parts. First, an approximate bistatic range history was derived to describe
the phase variation of the target signal, the maximum error of which was less than 1 m compared
with the real bistatic range. Second, a moving target imaging formation algorithm was proposed,
involving unknown range cell migration correction, motion parameter estimation, and azimuth
compression derivation. Finally, two groups of real experimental data were used to validate the
effectiveness of the proposed method.

The obtained SAR images demonstrated that the target-to-receiver vertical ranges of the moving
targets along the range had good accordance with the ground truth and the measurement results
of the ships’ length along the cross-range were very close to the real values, which confirmed the
effectiveness of the proposed algorithm. Furthermore, Monte Carlo simulations showed that the MSEs
of the proposed motion parameter estimation method were better than that of LSM in low SNR scenes.
The capability of the proposed algorithm for the target’s moving direction determination was also
confirmed. In the case of a low sea state, target translation motion was dominant, while rotation motion
could be negligible. The proposed method has the capacity to be applied for maritime moving target
imaging, velocity estimation, and ship length measurement in coastal areas.

This paper considered a simple case of bistatic acquisition geometry where the receiver and the
satellite are stationary. In the next work, more general cases should be taken into account. For example,
when the receiver is mounted on the aircraft. In this case, Doppler ambiguity will occur. Moreover,
the use of multiple GNSS satellites can further improve the information about target features. Thus,
exploring data fusion of multiple SAR images should be investigated in the future.



Remote Sens. 2020, 12, 3356 19 of 20

Author Contributions: Conceptualization, W.C.; methodology, Z.-Y.H. and D.-J.W.; software, Z.-Y.H. and Y.Y.;
validation, Z.-Y.H. and Y.Y.; formal analysis, Z.-Y.H.; investigation, Z.-Y.H. and Y.Y.; resources, W.C. and Y.Y.;
data curation, Z.-Y.H. and Y.Y.; writing—original draft preparation, Z.-Y.H.; writing—review and editing, W.C. and
D.-J.W.; visualization, Z.-Y.H.; supervision, Y.Y.; project administration, W.C.; funding acquisition, W.C. and D.-J.W.
All authors have read and agreed to the published version of the manuscript.

Funding: This research was funded by National Key Research and Development Program of China
(grant number: 2016YFB0502101), Shenzhen Science and Technology Innovation Commission (grant number:
JCYJ20170818104822282) and Hong Kong Research Grants Council (RGC) Competitive Earmarked Research
Grants (Project No: PolyU 152151/17E).

Conflicts of Interest: The authors declare no conflict of interest.

References

1. Gromek, D.; Kulpa, K.; Samczynski, P. Experimental Results of Passive SAR Imaging Using DVB-T
Illuminators of Opportunity. IEEE Geosci. Remote. Sens. Lett. 2016, 13, 1124–1128. [CrossRef]

2. Colone, F.; Pastina, D.; Marongiu, V. VHF Cross-Range Profiling of Aerial Targets Via Passive ISAR: Signal Processing
Schemes and Experimental Results. IEEE Trans. Aerosp. Electron. Syst. 2017, 53, 218–235. [CrossRef]

3. Zemmari, R.; Nickel, U.; Broetje, M.; Battistello, G. GSM passive coherent location system: Performance
prediction and measurement evaluation. IET Radar Sonar Navig. 2014, 8, 94–105. [CrossRef]

4. Cherniakov, M. Space-surface bistatic synthetic aperture radar: Prospective and problems. In Proceedings of
the IEE Conference Publication, Edinburgh, UK, 15–17 October 2002; pp. 22–25.

5. Antoniou, M.; Cherniakov, M. GNSS-based bistatic SAR: A signal processing view. EURASIP J.
Adv. Signal Process. 2013, 2013, 98. [CrossRef]

6. Antoniou, M.; Cherniakov, M.; Ma, H. Space-surface bistatic synthetic aperture radar with navigation satellite
transmissions: A review. Sci. China Inf. Sci. 2015, 58, 1–20. [CrossRef]

7. Antoniou, M.; Saini, R.; Cherniakov, M. Results of a Space-Surface Bistatic SAR Image Formation Algorithm.
IEEE Trans. Geosci. Remote. Sens. 2007, 45, 3359–3371. [CrossRef]

8. Antoniou, M.; Cherniakov, M.; Hu, C. Space-Surface Bistatic SAR Image Formation Algorithms. IEEE Trans.
Geosci. Remote. Sens. 2009, 47, 1827–1843. [CrossRef]

9. Antoniou, M.; Zhang, Q.; Cherniakov, M.; Hong, Z.; Zhangfan, Z.; Zuo, R. Passive bistatic synthetic aperture
radar imaging with Galileo transmitters and a moving receiver: Experimental demonstration. IET Radar
Sonar Navig. 2013, 7, 985–993. [CrossRef]

10. Zeng, T.; Liu, F.; Antoniou, M.; Cherniakov, M. GNSS-based BiSAR imaging using modified range migration
algorithm. Sci. China Inf. Sci. 2015, 58, 1–13. [CrossRef]

11. Zeng, H.-C.; Wang, P.-B.; Chen, J.; Liu, W.; Ge, L.; Yang, W. A Novel General Imaging Formation Algorithm
for GNSS-Based Bistatic SAR. Sensors 2016, 16, 294. [CrossRef]

12. Zeng, Z.; Shi, Z.; Xing, S.; Pan, Y. A Fourier-Based Image Formation Algorithm for Geo-Stationary GNSS-Based
Bistatic Forward-Looking Synthetic Aperture Radar. Sensors 2019, 19, 1965. [CrossRef] [PubMed]

13. Zhou, X.-K.; Chen, J.; Wang, P.; Zeng, H.-C.; Fang, Y.; Men, Z.-R.; Liu, W. An Efficient Imaging Algorithm for
GNSS-R Bi-Static SAR. Remote. Sens. 2019, 11, 2945. [CrossRef]

14. Liu, F.; Antoniou, M.; Zeng, Z.; Cherniakov, M. Coherent Change Detection Using Passive GNSS-Based
BSAR: Experimental Proof of Concept. IEEE Trans. Geosci. Remote. Sens. 2013, 51, 4544–4555. [CrossRef]

15. Zhang, Q.; Antoniou, M.; Chang, W.; Cherniakov, M. Spatial Decorrelation in GNSS-Based SAR Coherent
Change Detection. IEEE Trans. Geosci. Remote. Sens. 2014, 53, 219–228. [CrossRef]

16. Liu, F.; Fan, X.; Zhang, L.; Zhang, T.; Liu, Q. GNSS-based SAR for urban area imaging: Topology optimization
and experimental confirmation. Int. J. Remote. Sens. 2019, 40, 4668–4682. [CrossRef]

17. Ma, H.; Antoniou, M.; Cherniakov, M. Passive GNSS-Based SAR Resolution Improvement Using Joint Galileo
E5 Signals. IEEE Geosci. Remote. Sens. Lett. 2015, 12, 1640–1644. [CrossRef]

18. Zheng, Y.; Yang, Y.; Chen, W. A Novel Range Compression Algorithm for Resolution Enhancement in
GNSS-SARs. Sensors 2017, 17, 1496. [CrossRef]

19. Zeng, Z.; Shi, Z.; Zhou, Y.; Chen, Y.; Pan, Y. An Improved Pre-Processing Algorithm for Resolution
Optimization in Galileo-Based Bistatic SAR. IEEE Access 2019, 7, 122972–122981. [CrossRef]

20. Fang, Y.; Chen, J.; Wang, P.; Zhou, X. An Image Formation Algorithm for Bistatic SAR Using GNSS Signal
With Improved Range Resolution. IEEE Access 2020, 8, 80333–80346. [CrossRef]

http://dx.doi.org/10.1109/LGRS.2016.2571901
http://dx.doi.org/10.1109/TAES.2017.2649999
http://dx.doi.org/10.1049/iet-rsn.2013.0206
http://dx.doi.org/10.1186/1687-6180-2013-98
http://dx.doi.org/10.1007/s11432-015-5334-6
http://dx.doi.org/10.1109/TGRS.2007.902124
http://dx.doi.org/10.1109/TGRS.2008.2007571
http://dx.doi.org/10.1049/iet-rsn.2012.0330
http://dx.doi.org/10.1007/s11432-015-5366-y
http://dx.doi.org/10.3390/s16030294
http://dx.doi.org/10.3390/s19091965
http://www.ncbi.nlm.nih.gov/pubmed/31035450
http://dx.doi.org/10.3390/rs11242945
http://dx.doi.org/10.1109/TGRS.2012.2231082
http://dx.doi.org/10.1109/TGRS.2014.2321145
http://dx.doi.org/10.1080/01431161.2019.1569790
http://dx.doi.org/10.1109/LGRS.2015.2417594
http://dx.doi.org/10.3390/s17071496
http://dx.doi.org/10.1109/ACCESS.2019.2938238
http://dx.doi.org/10.1109/ACCESS.2020.2990622


Remote Sens. 2020, 12, 3356 20 of 20

21. Sun, G.-C.; Xing, M.; Xia, X.-G.; Wu, Y.; Bao, Z. Robust Ground Moving-Target Imaging Using
Deramp–Keystone Processing. IEEE Trans. Geosci. Remote. Sens. 2012, 51, 966–982. [CrossRef]

22. Yang, J.; Liu, C.; Wang, Y. Detection and Imaging of Ground Moving Targets With Real SAR Data. IEEE Trans.
Geosci. Remote. Sens. 2014, 53, 920–932. [CrossRef]

23. Pelich, R.; Longepe, N.; Mercier, G.; Hajduch, G.; Garello, R. Vessel Refocusing and Velocity Estimation on SAR
Imagery Using the Fractional Fourier Transform. IEEE Trans. Geosci. Remote. Sens. 2015, 54, 1670–1684. [CrossRef]

24. Li, Z.; Wu, J.; Liu, Z.; Huang, Y.; Yang, H.; Yang, J. An Optimal 2-D Spectrum Matching Method for SAR
Ground Moving Target Imaging. IEEE Trans. Geosci. Remote. Sens. 2018, 56, 5961–5974. [CrossRef]

25. Colone, F.; Pastina, D.; Falcone, P.; Lombardo, P. WiFi-Based Passive ISAR for High-Resolution Cross-Range
Profiling of Moving Targets. IEEE Trans. Geosci. Remote. Sens. 2013, 52, 3486–3501. [CrossRef]

26. Pisciottano, I.; Cristallini, D.; Pastina, D. Maritime target imaging via simultaneous DVB-T and DVB-S
passive ISAR. IET Radar Sonar Navig. 2019, 13, 1479–1487. [CrossRef]

27. Pieralice, F.; Santi, F.; Pastina, D.; Antoniou, M.; Cherniakov, M. Ship targets feature extraction with
GNSS-based passive radar via ISAR approaches: Preliminary experimental study. In Proceedings of the
EUSAR 2018; 12th European Conference on Synthetic Aperture Radar, Aachen, Germany, 4–7 June 2018;
pp. 1–5.

28. Santi, F.; Pieralice, F.; Pastina, D.; Antoniou, M.; Cherniakov, M. Passive radar imagery of ship targets
by using navigation satellites transmitters of opportunity. In Proceedings of the 20th International Radar
Symposium (IRS), Ulm, Germany, 26–28 June 2019; pp. 1–10. [CrossRef]

29. Martorella, M.; Pastina, D.; Berizzi, F.; Lombardo, P. Spaceborne Radar Imaging of Maritime Moving
Targets With the Cosmo-SkyMed SAR System. IEEE J. Sel. Top. Appl. Earth Obs. Remote. Sens. 2014,
7, 2797–2810. [CrossRef]

30. Perry, R.; DiPietro, R.; Fante, R. SAR imaging of moving targets. IEEE Trans. Aerosp. Electron. Syst. 1999,
35, 188–200. [CrossRef]

31. Fischler, M.; Bolles, R. Random sample consensus: A paradigm for model fitting with applications to image
analysis and automated cartography. Commun. ACM 1981, 24, 381–395. [CrossRef]

32. Yang, Y.; Zheng, Y.; Yu, W.; Chen, W.; Weng, D. Deformation monitoring using GNSS-R technology.
Adv. Space Res. 2019, 63, 3303–3314. [CrossRef]

33. Zeng, Z. Passive Bistatic SAR with GNSS Transmitter and a Stationary Receiver. Ph.D. Thesis, University of
Birmingham, Birmingham, UK, 2013.

34. Pastina, D.; Santi, F.; Pieralice, F.; Bucciarelli, M.; Ma, H.; Tzagkas, D.; Antoniou, M.; Cherniakov, M.
Maritime Moving Target Long Time Integration for GNSS-Based Passive Bistatic Radar. IEEE Trans. Aerosp.
Electron. Syst. 2018, 54, 3060–3083. [CrossRef]

35. Wood, J.; Barry, D. Radon transformation of time-frequency distributions for analysis of multicomponent
signals. IEEE Trans. Signal Process. 1994, 42, 3166–3177. [CrossRef]

36. Xia, X.-G. Discrete chirp-Fourier transform and its application to chirp rate estimation. IEEE Trans.
Signal Process. 2000, 48, 3122–3133. [CrossRef]

37. Ozaktas, H.; Arikan, O.; Kutay, M.; Bozdagt, G. Digital computation of the fractional Fourier transform.
IEEE Trans. Signal Process. 1996, 44, 2141–2150. [CrossRef]

38. Cumming, I.G.; Wong, F.H. Digital Processing of Synthetic Aperture Radar Data: Algorithms and Implementation;
Artech House Print on Demand: London, UK, 2005.

39. Di Simone, A.; Braca, P.; Millefiori, L.M.; Willett, P. Ship detection using GNSS-reflectometry in backscattering
configuration. In Proceedings of the 2018 IEEE Radar Conference (RadarConf18), Oklahoma City, OK, USA,
23–27 April 2018; pp. 1589–1593.

40. Peleg, S.; Porat, B. The Cramer-Rao lower bound for signals with constant amplitude and polynomial phase.
IEEE Trans. Signal Process. 1991, 39, 749–752. [CrossRef]

Publisher’s Note: MDPI stays neutral with regard to jurisdictional claims in published maps and institutional
affiliations.

© 2020 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

http://dx.doi.org/10.1109/TGRS.2012.2204889
http://dx.doi.org/10.1109/TGRS.2014.2330456
http://dx.doi.org/10.1109/TGRS.2015.2487378
http://dx.doi.org/10.1109/TGRS.2018.2829166
http://dx.doi.org/10.1109/TGRS.2013.2273099
http://dx.doi.org/10.1049/iet-rsn.2018.5622
http://dx.doi.org/10.23919/irs.2019.8768131
http://dx.doi.org/10.1109/JSTARS.2014.2321708
http://dx.doi.org/10.1109/7.745691
http://dx.doi.org/10.1145/358669.358692
http://dx.doi.org/10.1016/j.asr.2019.01.033
http://dx.doi.org/10.1109/TAES.2018.2840298
http://dx.doi.org/10.1109/78.330375
http://dx.doi.org/10.1109/78.875469
http://dx.doi.org/10.1109/78.536672
http://dx.doi.org/10.1109/78.80864
http://creativecommons.org/
http://creativecommons.org/licenses/by/4.0/.

	Introduction 
	Approximate Bistatic Range History 
	Moving Target Image Formation Algorithm 
	Signal Synchronization and Signal Model 
	Range Compression 
	Range Cell Migration Correction 
	Motion Parameter Estimation 
	STFT and Time-Frequency Sampling Point Extraction 
	RANSAC and Median Filter 

	Azimuth Compression 

	Experimental Results 
	Experimental Setup 
	Velocity Estimation Results and SAR Images 

	Discussion 
	Mean Square Error of the Chirp Rate Estimation Method 
	Target’s Moving Direction Determination 

	Conclusions 
	References

