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Abstract: The resolution of the multistatic passive radar imaging system (MPRIS) is poor due to the narrow bandwidth of the
signal transmitted by illuminators of opportunity. Moreover, the inaccuracies caused by the inaccurate tracking system or the error
position measurement of illuminators or receivers can deteriorate the quality of an image. To improve the performance of an
MPRIS, an imaging method based on the tomographic imaging principle is presented. Then the compressed sensing technique is
extended to the MPRIS to realize high-resolution imaging. Furthermore, a phase correction technique is developed for compensating for phase errors in an MPRIS. Phase errors can be estimated by iteratively solving an equation that is derived by minimizing
the mean recovery error of the reconstructed image based on the principle of fixed-point iteration technique. The technique is
nonparametric and can be used to estimate phase errors of any form. The effectiveness and convergence of the technique are
confirmed by numerical simulations.
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1 Introduction
The conventional synthetic aperture radar (SAR)
is monostatic with collocated transmit and receive
antenna elements. It is a remote sensing system that
can provide high-resolution imagery of target scenes
independent of weather and time. Thus, it is widely
used in both civil and military installations. The resolution of an SAR is determined by the bandwidth of
the signal and the aperture size of the antenna. An
alternative approach is imaging with a multistatic
configuration where transmit and receive antenna
elements are distributed around the target to be

*

Project supported by the National Natural Science Foundation of
China (No. 61401526), the Innovative Research Team in University,
China (No. IRT0954), and the Foundation of National Ministries,
China (No. 9140A07020614DZ01)
ORCID: Jue WANG, http://orcid.org/0000-0003-1717-6750
© Zhejiang University and Springer-Verlag GmbH Germany, part of
Springer Nature 2018

imaged. High resolution can be achieved because of
the spatial distribution and the frequency diversity
provided by the multistatic configuration (Stojanovic
et al., 2013). In this study, a multistatic configuration
is composed of illuminators of opportunity (such as
frequency modulation (FM) stations, television stations, and satellites) and multiple receivers. Because
the illuminators are non-cooperative, the configuration presented here is also called the ‘multistatic passive radar’. It has advantages over traditional imaging
systems because of its low cost, strong survivability,
and robustness against deliberate interference (Liu et
al., 2014; Lv et al., 2015). On the other hand, a multistatic passive radar system has some limitations.
Restricted by the narrow bandwidth of signals (the
bandwidth of the radiated signals usually ranges from
100 kHz to 10 MHz) transmitted by the illuminators
of opportunity, the resolution of the multistatic passive radar imaging system (MPRIS) is poor. Furthermore, the number of illuminators of opportunity
that can be used to observe the target is small.
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Therefore, the Fourier measurement coverage is relatively sparse, failing to realize high-resolution imaging. To improve the performance of an MPRIS, Wang
et al. (2006) proposed a sub-aperture method based on
the polar format algorithm. By synthesizing all the
sub-apertures formed by transmitters and receivers
into a large equivalent aperture, a high-resolution
image can be achieved. The principle of the imaging
algorithm is similar to tomographic ones and the resolution cell can reach as high as λ/3 in theory, where λ
represents the wavelength of the transmitted signal.
However, the sidelobes around the scatterers are relatively high compared with traditional ones, which
can be seen from their point-spread function (PSF).
The profile of the PSF is a curve that obeys the first
kind zero-order Bessel function and the sidelobe is
7.9 dB below the main lobe of the PSF, while the
profile of the target response function of the traditional SAR/inverse SAR (ISAR) is a curve that obeys
the sinc function and the sidelobe is 13.2 dB below
the main lobe. The quality of the image suffers from
high sidelobes. To mitigate the influence of high
sidelobes, we extend the compressed sensing (CS)
technique to a multistatic configuration.
The imaging process can be seen as a process of
finding the solution to an inverse problem in imaging
(Kirsch, 2011). The precision of the solution is determined by the accuracy of the mathematical model
of the observation process. However, the mathematical model often contains errors and uncertainties due
to the inaccurate knowledge of both motion of the
target and multistatic geometry. The errors will cause
a defocus of the reconstructed image. Therefore,
techniques for removing the phase errors caused by
the inaccurate observation, which are also called
‘autofocusing techniques’ should be developed to
improve the quality of the image. Many studies have
been carried out with an emphasis on autofocus
problems (Brisken et al., 2012, 2014; Giusti et al.,
2013). There are mainly two types of autofocusing
techniques (Berizzi et al., 2004): one is parametric
autofocusing technique, and the typical ones are image entropy based techniques (IEBTs) and image
contrast based techniques (ICBTs). The phase error is
approximated as a polynomial of high order. By focusing the image based on image quality measurement, the coefficients of the polynomial of different
orders can be found and thus the estimate of the phase
error is obtained. The image quality measurement

can be chosen as an entropy function or an image
contrast function (Berizzi and Corsini, 1996; Brisken
and Martella, 2014). However, there are various kinds
of phase errors in reality and some phase errors cannot be simply approximated as a polynomial. For
example, phase errors are slowly arising because of
the inaccurate knowledge of the positions of the
geometry of the multistatic configuration, while
phase errors induced by propagation effects are much
more irregular (such as random phase errors) (Önhon
and Çetin, 2012). When the form of phase errors in
practice does not fit that of the model as assumed, the
performance of the autofocusing technique suffers
from degradation. Another technique is the nonparametric autofocusing technique. The most wellknown ones are phase gradient autofocus (PGA) and
prominent point processing (PPP). To perform PGA/
PPP well, the following two assumptions should be
satisfied: (1) the image can be obtained by applying
the Fourier transform on the data after range alignment; (2) phase errors exist only in the azimuth dimension. However, the image domain is reconstructed by the convolution of the data acquired by the
multistatic configuration with the function built up
based on the scenery to be imaged. Moreover, the
resolution parameters used to measure the performance of an MPRIS are chosen in directions of x-axis
and y-axis according to the coordinates that were built,
and phase errors may exist in both dimensions.
Therefore, neither of the conditions is satisfied and
the conventional nonparametric autofocusing techniques (PGA/PPP) cannot be used in an MPRIS effectively. In this study, we propose an autofocusing
technique that can perform well in an MPRIS. The
phase errors can be estimated by iteratively solving an
equation derived from minimizing the mean recovery
error (MRE) of the reflectivity of the target to be
imaged. The proposed method does not assume the
form of phase errors, and thus it can be used to estimate phase errors of any form.

2 Geometry of the multistatic passive radar
imaging system and high-resolution imaging
technique
The geometry under consideration for an MPRIS
consists of multiple receivers and a single illuminator
because the number of illuminators of opportunity
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used in reality is usually small. The signal transmitted
by an illuminator of opportunity located at rt=(xt, yt)T
is denoted as s(t)exp(j2πfct), where s(t) is the baseband waveform of the transmitted signal and fc represents the carrier frequency. The target echo received
by the mth receiver, located at rm=(xm, ym)T, reflected
from the scatterer of the target which is located at
r=(x, y)T, can be given as

γ m (t ) =
s (r ) s (t − t m (r )) exp[ j2πf c (t − t m (r ))], (1)
where σ(r) is the reflectivity of the scatterer, and τm(r)
is the propagation delay from the illuminator to the
scatterer and back from the scatterer to the mth
receiver, satisfying

t m (r ) = (|| rt − r ||2 + || rm − r ||2 ) c ,

(2)

where c is the velocity of light.
Assume that the distance between the target and
stations is much greater than the size of the target
usually held in practice. Thus, we can make the following approximations:

Receiver
Rm
Target region

y

ϕ
b

Receiver R1

s (r ) s (t − t m (r )) e− j2πf t

c m (r )

r 2 ∈Ω

Receiver
Rm´

(3)

where bt=rt/||rt||2 and bm=rm/||rm||2 are unit vectors in
the directions of the illuminator and the mth receiver,
respectively. The overall target echo reflected from
the entire ground patch to be imaged can be modeled
as a superposition of the returns from all scatterers
(the target is assumed to consist of several strong
scatterers in this study and it is reasonable in reality).
The signal received after baseband processing is
given as

∫

Equivalent
observation arc

0

T
|| rt − r ||2 ≈|| rt ||2 −bt r ,

T
|| rm − r ||2 ≈|| rm ||2 −bm r ,

=
γ m (t )

‘translation compensation’. When translation compensation is performed accurately, the imaging system turns into a turntable model. The simplified 2D
geometry of an MPRIS is shown in Fig. 1. The Cartesian coordinates are built with the target center as its
origin. The illuminator is located right on the x-axis
and multiple receivers are distributed around the target region to be imaged. From the viewpoint of the
synthetic aperture (Mensa et al., 1980), the rotation of
the target could be equivalent to the rotation of the
receivers. Therefore, multiple arc sub-apertures
whose centers are just the rotation center of the target
are synthesized. A large aperture is formed by combining all the sub-apertures. When the aperture consisting of all the sub-apertures subtends an angle
equal to 2π, the target can be observed from every
aspect angle and thus the system achieves its best
performance.

dr ,

(4)

where τm(r)≈(||rt||2+||rm||2)/c−(bt+bm)Tr/c and Ω is the
spatial domain of the target region where the function
is defined. From Eq. (4), we can easily obtain
exp[−j2πfc(||rt||2+||rm||2)/c] contained in the received
signal, which does not contribute to the imaging and
should be estimated and removed with accuracy. The
process to remove the phase term is also called

Receiver
RM

Target echo
Transmitter
x

Transmitted signal
Point scatterer

Fig. 1 2D geometry of the multistatic passive radar imaging system (References to color refer to the online version of this figure)

Yarman et al. (2010) proposed that the narrowband signals transmitted by the illuminator of opportunity (such as radio and TV stations) can be denoted as single frequency waveforms. Therefore, after
translation compensation, Eq. (4) can be rewritten as

γ m (km ) = ∫

r 2 ∈Ω

σ (r ) exp( jkmT r )dr ,

(5)

where km=2π(bt+bm)/λ depends on the spatial distribution of the receivers. From Eq. (5), it is obvious that
the acquired MPRIS data is the Fourier k-space
measurement of the underlying spatial reflectivity
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field. If the Fourier k-space measurements fall on a
rectangular grid uniformly and densely, the imagery
of the target can be obtained by a direct inverse Fourier transform. However, the Fourier k-space measurements are distributed sparsely on a circle with
radius 1/λ in the case of an MPRIS consisting of a
single illuminator and multiple receivers. No matter
how well the interpolation performs, serious interpolation errors would be introduced, resulting in the
degeneracy of the resolution of the image. Furthermore, the non-uniform nature of the Fourier k-space
coverage would aggravate the interpolation errors.
The problem can be solved well by the modified polar
format algorithm based on the principle of the subaperture imaging technique proposed by Wang et al.
(2006). However, the performance of the method is
restricted by high sidelobes, which are only 7.9 dB
below the main lobe even when the equivalent aperture subtends an angle 2π. Therefore, the PSF is
chosen as the metric to measure the performance of
the imaging system. PSF is an important criterion for
evaluating the imaging performance of a radar system,
which can be used to represent the capability of a
system to separate two close points. Based on the
reciprocity theorem (Gonzalez-Valdes et al., 2014),
the PSF of the system can be derived as

=
h( r )

∑

m

exp(− jkmT r ).

(6)

Fig. 2 shows different PSFs for different multistatic configurations. The carrier frequency of the
transmitted signal is adopted as 600 MHz. Suppose
that 12 receivers are distributed around the target
uniformly, and the aspect angle of receivers noted as
Rm (m=1, 2, …, M, and m represents the index of
receivers) ranges from 0 to 2π. Limited by various
external conditions (such as the geometry of the
multistatic configuration), some receivers may not
perform well, and thus some sub-apertures cannot be
formed in practice; that is to say, there are gaps among
the equivalent sub-apertures. Assume that there are M
sub-apertures for a target consisting of the full
equivalent aperture. Fig. 2a shows the geometry of the
sub-apertures noted as Sm (m=1, 2, ..., M). The realistic PSF, when all sub-apertures are synthesized effectively and the equivalent aperture subtends an
angle equal to 2π, is given in Fig. 2b. Figs. 2c and 2d
represent PSFs of the multistatic configuration when

the data acquired by sub-apertures S10–S12 and S7–S12
are missing, respectively.
The plots have been normalized to the maximum
amplitude. Figs. 2b–2d show that the main lobe of the
PSF is broadening with the decrease in the number of
sub-apertures, while the relative sidelobe level becomes higher. Therefore, the performance of the imaging system is subjected to degradation with the
decrease in the sub-apertures. Recently, theory developed in CS can be used to recover the sparse imagery with a limited number of measurements due to
the discontinuities of the sub-apertures, by exploiting
the sparsity of the signal to be recovered. Consider the
image formation of the target scenes consisting of a
set of point reflectors. The geometry of the multistatic
configuration is shown in Fig. 1. By discretizing
Eq. (5), the imaging model for an MPRIS can be
derived as
γ = Aσ ,

(7)

where vector γ represents the observed set of signals
received by all receivers, which can be used to form
sub-apertures. Assume that there are P effective
sub-apertures in all; thus, γ can be denoted as γ=[γ1,
γ2, …, γP]T, where P≤M (M is the total number of
receivers). Assume that the sampling measurements
acquired by each of the sub-apertures are L0; thus, the
data set observed by the pth (p=1, 2, ..., P) subaperture can be denoted as. γ p = [γ ( p −1) L0 +1 , ..., γ pL0 ]T . γl
represents the arbitrary sample measurement of the
valid data set in the target echo, where l belongs to the
set {l|1≤l≤L0·P}. σ represents the spatial reflectivity
of the imagery scene reconstructed in the rectangular
grid, σ=[σ(x1, y1), σ(x1, y2), …, σ(xq, yu), …, σ(xQ, yU)]
(supposing that there are Q bins in the direction of
x-axis and U bins in the direction of y-axis). σ(xq, yu)
is the reflectivity of the point scatterer located at
(xq, yu) in the coordinates. Matrix A is given as
 A(l ,:) = [al (1,1), al (1, 2),..., al (q, u ),..., al (Q,U )],
(8)

q, u ) exp[ j2π( xq (1 + cos ββ
al (=
l ) + yu sin l ) l ],

where βl (l=1, 2, …, L0P) represents the equivalent
bistatic angles. Based on the CS theory, when matrix
A satisfies the restricted isometry property (RIP), the
sparse vector β can be reconstructed by solving the
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Fig. 2 Geometry of the sub-apertures and point-spread functions (PSFs) for different multistatic configurations: (a) geometry of the sub-apertures; (b) PSFs for full apertures; (c) PSFs in the case of missing sub-apertures S10–S12; (d) PSFs in
the case of missing sub-apertures S7–S12 (References to color refer to the online version of this figure)

following optimization problem:
min(|| γ ||0 )

s.t. γ = Aσ ,

(9)

where ||·||0 denotes the l0 norm and min(·) the minimization. However, the above optimization problem
is essentially a non-deterministic polynomial-time
hard (NP-hard) problem. Candès and Tao (2006) and
Donoho (2006) demonstrated that the sparse signal
can be reconstructed by solving the following convex
problem equivalently:
min(|| γ ||1 )

s.t. γ = Aσ.

(10)

In Eq. (10), l1 norm minimizes most of the elements of σ with a few large ones in accordance with
the sparsity of spatial reflectivity. The optimization
problem can be solved effectively by some CS algorithms and software (Grant et al., 2015). However,

the inaccurate knowledge of the positions of illuminators, receivers, and the target would cause phase
errors in the target echo, resulting in the degradation
of the image quality. Therefore, a nonparametric autofocusing technique is proposed, which can be used
to jointly estimate phase errors and reconstruct the
high-resolution image. It is noteworthy that although
the analysis above is based on the isotropic target
model, it does not limit the applicability of the proposed approach to the anisotropic case. The problem
of anisotropy can be solved by dividing the entire
observation aperture into multiple smaller subapertures (Wu et al., 2015). When the observation
angle corresponding to each sub-aperture does not
vary much, it is reasonable to assume that the scattering coefficients are invariant in each sub-aperture.
The positions of the scattering coefficients are the
same across different sub-apertures, whereas their
values are different. Hence, the multistatic passive
radar imaging problem can be regarded as the
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reconstruction of multiple groups of sparse scattering
coefficients. In addition, the nonparametric autofocusing technique proposed in our study can be readily
extended to the anisotropic case. Since the positions
of the scattering coefficients are the same across different sub-apertures, phase errors can be estimated
within each observation aperture with our proposed
autofocusing technique. From the above analysis, we
can see that the model we propose can be easily extended to an anisotropic case.

Obviously, the optimization problem (13) is an
implicit function with respect to φ. There is no
closed-form solution for the optimization expression.
This problem can be solved well by an iterative
method, which is also called the ‘fixed-point algorithm’ (Wang et al., 2004).
From Eqs. (7) and (11), we can see that the cost
function (12) can be equivalently transformed into Eq.
(14) since || Au ||22 =|| u ||22 holds for any vector u:

e(φ ) =

3 Autofocusing techniques for multistatic
passive radar imaging system

=

The mathematical imaging model for an MPRIS
in the case of existing phase errors can be formulated
as
=
γ ΓAσ
= Aσ (φ ),

Γ is a diagonal matrix with the phase errors existing
on its diagonal line, i.e., Γ = diag(e jφ1 , e jφ2 , , e jφL ),
where e jφl (l=1, 2, ..., L, L=L0P) is the phase error of
the lth sample measurement in the target echo. σ (φ ) is
the defocused image recovered in the case of phase
errors presented in the target echo. The objective of
the autofocus technique is to produce phase estimates
φˆ = {φˆ , φˆ , , φˆ } such that the image quality is op2

L

timized over a given metric. The criterion we choose
here to measure the image quality is the relative recovery error, namely, the MRE for the spatial reflectivity normalized by its energy:
e(φ ) =

|| σˆ (φ ) − σ ||
,
|| σ ||22
2
2

(12)

where σˆ(φ ) is the estimate of the refocused imagery
scenario when phase errors are compensated for by
the phase estimates. Phase estimates can be derived
from minimizing the MRE. Thus, the estimate of
phase errors can be transformed into

φˆ = arg min e(φ ).
φ

Aσ
ΓAσ − γ
γ

∑

L
l =1

2

2

(13)

2
2

2
2

(14)

2

2

exp(jφl ) A(l ,:)σ − γ l
γ

(11)

where γ is the target echo contained by phase errors,

1

=

Aσˆ (φ ) − Aσ

2
2

2

.

2

We can see from Eq. (14) that the minimized
e(φ ) is equivalent to the minimized || e(φ ) ||22 . The
necessary condition for the minimization is described
by setting the derivative of || e(φ ) ||22 with respect to
the parameter φl as zero, i.e.,
∂ || e(φ ) ||22 ∂φ=
l 1, 2,  , L.
0, =
l

(15)

The derivative of || e(φ ) ||22 with respect to the
parameter φl can be obtained from Eq. (14):
∂ e(φ )
∂φl

2
2

exp(− jφl )σ H A(l ,:)H γ l 
= j

H
 − exp(jφl )γ l A(l ,:)σ 
= −2

γ

Im(exp(− jφl )σ H A(l ,:)H γ l )
γ

2

2
2

(16)
,

2

where (·)H is the conjugate transposition operator and
Im(·) denotes the imaginary part of the complex value.
Substituting Eq. (16) into Eq. (15), we can obtain

φ=
dπ + ∠σ H A(l ,:)H γ l ,
l

(17)

where d represents an arbitrary integer and
∠σ H A(l ,:)H γ l denotes the phases of σ H A(l ,:)H γ l .
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The estimates of φl can also be taken as
φl = ∠σ H A(l ,:)H γ l for simplicity, which performs
well in our test. From Eq. (11), we can see that there is
no closed-form solution for φl because calculating
∠σ H A(l ,:)H γ l requires φl. We resort to the fixedpoint algorithm to solve the optimization problem. A
similar approach for range-Doppler (RD) images was
considered by Wang et al. (2004). Note that φ is initialized as zero and the spatial reflectivity is reconstructed by the CS algorithm described in Section 2
with the target echo contaminated by phase errors.
Then the phase errors can be estimated by Eq. (17).
The target echo is updated by multiplying the
conjugate phase errors, which are found in the previous iteration with the original received signal,
ˆ
ˆ
ˆ
i.e., γˆ = Γˆ Η γ , where Γˆ = diag(e jφ1 , e jφ2 , , e jφL ),

right on the x-axis. The geometry of the MPRIS is
shown in Fig. 1. The carrier frequency of the transmitted signal is 600 MHz. The target is supposed to
consist of four isotropic scatterers with the unit reflection coefficient. A model of the imaging scenario
whose dimension is 3 m×3 m in the directions of
x-axis and y-axis is constructed in Fig. 4.
Signal received from a
moving target by
receiver 1

Multi-subaperture combination

ˆ
gg
u = l exp( - jfl )

u

The process of the
proposed
Estimate phase errors from
autofocusing
Eq. (17)
technique

No

the previous iteration, and γˆu represents the updated

Halt condition
satisfied?
Yes
Obtain focused image with
high resolution

Fig. 3 Flowchart of multistatic passive radar imaging

2

(18)

where σˆ i and σˆ i−1 denote the estimates of the spatial
reflectivity obtained after the current iteration and the
previous iteration, respectively, and e is a small constant. The convergence of the iteration is easily
guaranteed by inequality (18) and the algorithm
converges very quickly. An optimal solution can be
obtained by the fixed-point algorithm with only several iterations, which will be shown in the following
simulations. For clarity, a flowchart for multistatic
passive radar imaging is given in Fig. 3.
4 Simulation
In our simulation, 12 receivers (M=12) uniformly located around the imaging scenery are used.
The illuminator of opportunity is assumed to locate

y (m)

e(φˆi ) =
|| σˆ i − σˆ i −1 ||22 || σˆ i −1 ||22 ≤ e ,

Translation
compensation

High-resolution imaging by
compressed sensing

φˆl (l = 1, 2,  , L) represents phase errors estimated in
target echo that is obtained. Again, spatial reflectivity
is recovered by CS with the updated received signal.
The phase errors can be found by Eq. (17). The iterations described above are carried out round after
round until the relative recovery error does not change
obviously during adjacent iterations. The halt condition can be directly expressed as

Signal received from a
moving target by receiver P

... exp[- j2πf c (|| r t ||2 + || rP ||2 ) c ]

exp[- j2πf c (|| r t ||2 + || r1 ||2 ) c ]

Coarse translation
compensation

...

0

−2

−3

−2

−1

0

1

2

3

x (m)

Fig. 4 Model of the imaging scenario

In the ideal case, all receivers can be used to
form equivalent sub-apertures around the target effectively. A large complete aperture consisting of all
the sub-apertures (i.e., S1–S12, with the geometry of
the sub-apertures shown in Fig. 2a) subtends an angle
equal to the processing interval 2π. The resolution
in both directions is the best in this case. Fig. 5 shows
the imaging results obtained using the polar format
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shows the imaging results when sub-apertures S10–S12
are missing; Fig. 5c shows the imaging results when
sub-apertures S7–S12 are missing. The first and third
rows are the imaging results obtained using the polar
format algorithm and the CS approach, respectively.
To show the performance of these approaches more
explicitly, the profiles of the images along the y-axis
are shown in the second and fourth rows. From

algorithm and the CS approach under different sparse
sub-apertures patterns. In the following, we extract
echoes from the complete aperture data set as the
gaped aperture sampling data for the simulation.
Figs. 5a–5c show the imaging results with different
sparse sub-aperture patterns with different numbers of
sub-apertures. Fig. 5a presents the imaging results
when all the sub-apertures are available; Fig. 5b

(a)

(b)

(c)

Fig. 5 Imaging results obtained using the polar format algorithm and compressed sensing: (a) imaging results when all the
sub-apertures are available; (b) imaging results when sub-apertures S10–S12 are missing; (c) imaging results when
sub-apertures S7–S12 are missing (References to color refer to the online version of this figure)
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the first and second rows of Fig. 5, we can see that the
main lobe in the imaging results is broadening with
the decreasing number of sub-apertures, while the
sidelobe levels are increasing. This is also in line with
the expectation that the performance of the polar
algorithm will suffer from degradation given the decreasing coverage of the Fourier measurements.
Comparing the third and fourth rows of Fig. 5 with the
previous two rows, we can see that the point scatterers
of the target can be reconstructed almost without
distortion by CS even when half of the aperture data is
missing.
From the analysis above, the CS approach is
extended to an MPRIS and a high-resolution image is
realized. However, high-quality imaging results are
obtained based on phase term exp[−j2πfc(||rt||2+
||rm||2)/c], which is accurately compensated for by the
process of translation motion compensation. Residual
phase errors are unavoidable during this process

due to various reasons. Typical reasons would include
phase errors caused by the uncertainties of the tracking system, phase errors arising due to propagation
effects, and so on. Suppose that a random phase error
is distributed in [0, 2π]. Fig. 6 shows the image results
reconstructed by CS without phase error compensation when half of the sub-apertures are missing. The
scale of the plots is linear and it has been normalized
to its maximum amplitude. The profile of the image
along y-axis is shown in Fig. 6b. We can see that the
residual phase errors would seriously deteriorate the
quality of the reconstructed image. Many virtual point
scatters occur in the imaginary scenario, and the target
is almost unrecognizable. Thus, further autofocusing
is required to compensate for the phase error. Figs. 6c
and 6d present the corresponding imaging results with
our proposed autofocusing technique. Comparing
these results with the imaging results from CS shown
in Fig. 5c, we can easily see that the performance of
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Fig. 6 Reconstructed image results before and after using the proposed autofocusing technique: (a) reconstructed image
with the phase error; (b) profile of the defocused image; (c) image refocused by the proposed autofocusing technique;
(d) profile of the refocused image (References to color refer to the online version of this figure)
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the imaging system has been improved significantly
after applying the proposed autofocusing technique.
Most of the virtual scatterers are mitigated by the
autofocusing technique, and the target consisting of
several strong scatterers is discernable.
The original phase errors and their estimates are
also compared in Fig. 7. The estimates of the phase
errors (dashed line) coincide with the real ones (solid
line) basically.
4

Phase error

Phase error (rad)

Estimate
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20

40

60

Index of sampling measurement

Fig. 7 Comparison of the estimates of phase errors and the
true ones

Furthermore, simulations are performed to test
the performance of the proposed autofocusing technique with regard to two aspects: convergence of the
algorithm and quality of the image. To provide a
quantitative evaluation of the two aspects, two metrics are considered here. The first metric can be chosen as the MRE for spatial reflectivity, which is already defined in Eq. (11). Herein, we use image contrast (IC) as the second metric. Image contrast can be

used as a suitable measurement to measure the focus
quality of an image in SAR/ISAR imaging. The definition of IC is given as
=
C

E[σ − E (σ )]2 E (σ ),

(19)

where E(·) stands for the expectation operator and
E(σ) represents the spatial mean of the image over the
region to which the target belongs. From the definition, it can be found that the function C represents the
normalized effective power of image intensity σ.
When the image is defocused, the image intensity
levels are concentrated around the mean value and the
contrast is low. On the other hand, when the image is
well focused, the image contrast will reach its maximum. Both of the metrics presented here are used as
quantitative metrics to evaluate the performance of
the proposed algorithm. The corresponding simulations are shown in Fig. 8.
Fig. 8a shows the variation in MRE according to
the number of iterations. The MRE is the basis on
which the adjustment phase is derived. We can see
that the MRE reaches its minimum after approximately eight iterations and remains unchanged afterwards. This is equivalent to saying that the proposed iterative algorithm achieves convergence.
The variation in IC according to the number of
iterations is given in Fig. 8b. It can be easily seen that
the contrast increases with the number of iterations.
With the increasing number of iterations, the image
quality is basically enhanced. After eight iterations,
the value of IC remains unchanged. It validates the
effectiveness of the proposed algorithm. In addition,
the convergence of the algorithm is confirmed.
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Fig. 8 Performance of the proposed autofocusing technique: (a) variation in the mean recovery error (MRE) according to
the number of iterations; (b) variation in image contrast according to the number of iterations

Wang and Wang / Front Inform Technol Electron Eng 2018 19(4):557-568

5 Conclusions
In this paper, an MPRIS has been constructed
with a single external illuminator. Since the signal
transmitted by the illuminator has a narrow bandwidth and is non-cooperative, we have presented a
polar format imaging algorithm to realize highresolution imaging based on the tomographic principle. Furthermore, a sparsity-driven algorithm has
been extended to the MPRIS and a super-resolution
image has been obtained even when several
sub-apertures are missing. Finally, an autofocusing
technique has been developed to improve the performance of the imaging system based on the minimization of the mean relative recovery error of the
reconstructed image. The effectiveness of the proposed approach has been manifested in theory and by
simulation results. It is noteworthy that phase errors
can be compensated for well in the proposed approach
when a high signal-to-noise ratio (SNR) gain of the
image is achieved. However, the high SNR gain by
coherent integration is not achievable in the multistatic passive radar system presented in this study.
Therefore, the imaging approach is submerged by
strong noise. In a sparsity-driven imaging case, the
robustness of the proposed approach can be achieved
by modifying the constraint conditions of the cost
function, i.e.,
min( γ 1 ) s.t. γ − Aσ

2

≤ ε,

(20)

where ε represents the tolerance of the energy of the
noise. By solving the l1 norm optimization problem
above, the quality of the image recovered by the passive radar system can be enhanced under a low SNR
gain. Due to the scope of this study, the sparsitydriven imaging algorithm, which is robust to noise in
the MPRIS, is not presented here. The relevant content will be investigated in our future work.
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