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Abstract Interferometric inverse synthetic aperture radar (InISAR ) reconstructs three-dimensional (3-D) target geometry by exploiting
the interferometric phase between multi-channel two-dime nsional (2-D) images, and plays an important role in space do main awareness
(SDA) and maritime surveillance. However, the performance of InISAR is fundamentally constrained by the limited resol ution of 2-D
images and the di�culty of maintaining inter-channel coher ence. Conventional compressed sensing (CS)-based super-r esolution methods
rely on explicit dictionaries and fragile sparsity priors, which often fail to capture the diverse scattering features of space targets. To
overcome these limitations, this paper proposes a novel mul ti-channel joint super-resolution algorithm of InISAR usi ng gridless Hankel-lift
framework. The proposed algorithm dispenses with dictiona ry design and instead exploits the intrinsic low-rank prope rty of multi-channel
Hankel matrices as a higher-order representation, enablin g a more general and robust characterization of scattering f eatures. This low-
rank prior is embedded into a multi-channel echo extrapolat ion problem and solved with an iterative re-weighted least s quares (IRLS)
algorithm. By jointly enhancing resolution and preserving inter-channel coherence, the proposed algorithm produces high-quality 2-D
images that retain interferometric phase integrity and lea d to accurate, robust, and interpretable 3-D reconstructio ns. Simulated and
measured data experiments demonstrate the improved perfor mance over most of the state-of-the-art CS-based algorithm s.
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1 Introduction

Inverse synthetic aperture radar (ISAR) is a critical microwave imaging technology, capable of producing high-
resolution two-dimensional (2-D) images of non-cooperative targets, such as aircraft, ships, and satellites [1]. Build-
ing upon the foundations of conventional ISAR, interferometric ISAR (InISAR) which employs spatially separated
antennas to extend imaging capability into the third dimension has established signi�cant advancement in applica-
tions like space domain awareness (SDA) and maritime surveillance [2{ 6]. In InISAR systems, the three-dimensional
(3-D) reconstruction of a target is typically achieved by exploiting the interferometric phase information extracted
from 2-D ISAR image pairs generated by distinct antennas [7]. The con�gurations of the antenna array vary [8{ 10],
and the L-shaped array is particularly common due to its distinct advantages of determining the projected rota-
tion vector and the imaging projection planes. In the work
ow, aft er necessary preliminary steps like 2-D focused
imaging and image registration, 3-D coordinates are calculated one by one using the interferometric phase of each
scattering element from image pairs. Since these 2-D images serve as the direct input from which scattering centers
and interferometric phases are extracted, the e�cacy of InISAR in generating high-quality 3-D target geometry is
fundamentally dependent on the quality and resolution of these 2-Dimages.

In practical scenarios, there are considerable challenges in achieving su�ciently high-quality 2-D ISAR images.
First, the operating bandwidth of radar systems is inherently limited, and wideband waveforms can be more suscep-
tible to interference in complex electromagnetic environments. It ischallenging to perform long coherent processing
intervals (CPIs) of maneuvering targets for high-resolution imaging due to the complex motion manifold over a
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long aperture. Generally speaking, the deterioration of 2-D image resolution, often caused by limited bandwidth,
limited aperture and target maneuvering, will impair the extraction o f scattering features. Meanwhile, InISAR can
be considered a \2.5-D" imaging technology: due to the limitation of degrees of freedom, only one elevation value
can typically be estimated per resolution cell. Consequently, low range and Doppler resolution can facilitate the for-
mation of synthetic scattering centers (SSCs) in the range-Doppler plane. The resulting layover phenomenon (also
termed angular glint in some literature) can introduce signi�cant dist urbances in the 3-D reconstruction [11, 12].
When suboptimal 2-D images are used for InISAR processing, the errors can propagate and amplify, leading to sub-
stantial degradation in the �nal 3-D reconstruction. Therefore , the precision, clarity, and accurate representation
of scattering centers within the initial 2-D projections are crucial for the success of the 3-D reconstruction pipeline.

Given the critical dependence of InISAR 3-D reconstruction on the quality of its constituent 2-D images, extensive
research has been dedicated to enhancing ISAR imagery through advanced signal processing techniques. Among
these, super-resolution has emerged as a particularly vital area [13{ 18]. Since range resolution is often limited by
signal bandwidth, multi-band fusion techniques have been proposed for direct resolution enhancement [14, 19{21].
Subsequently, many super-resolution algorithms have been developed [22,23], including spectrum estimation meth-
ods [24{ 27], compressed sensing (CS) methods [28{ 32], and deep learning methods [33, 34]. The principles of
spectrum estimation methods have their own unique characteristics. For example, BURG [25] estimates the coef-
�cients of the auto-regressive (AR) model by minimizing the total energy of the forward error and the backward
error. The iterative adaptive approach (IAA) [ 26,27] iteratively updates the weight matrix to minimize the recon-
struction error. The CS methods transform super-resolution into an under-determined problem and optimize the
solution by introducing sparse priors [32]. Nevertheless, when considering the application of these super-resolution
techniques to InISAR, several limitations become evident [2]. To be more speci�c, InISAR requires maintaining the
coherence between channels and retaining the interferometric phase while enhancing resolution [17]. Methods that
achieve super-resolution using power spectrum density or other high-order statistics may not be directly applicable
to InISAR. Additionally, some existing algorithms process each channel independently, or employ simple fusion
strategies after individual 2-D imaging. These independent processing paradigms fail to e�ectively exploit the inter-
channel correlations and shared information inherent in multi-channel InISAR acquisitions. The under-utilization
of inter-channel similarity has restricted the channel-by-channel methods from further pushing the boundaries of
super-resolution imaging performance.

Typical InISAR systems with co-located arrays observe the target from slightly di�erent aspect angles. Conse-
quently, the underlying scattering features contributing to the im ages from di�erent channels share similarity in
their envelope, implying shared supporting sets or structural similarities in the echo data. Leveraging this prior,
CS methods have been successfully extended to InISAR [17, 18]. By exploiting the joint sparsity of multi-channel
signals, not only is super-resolution 2-D imaging achieved, but inter-channel information is also preserved for in-
terferometric phase extraction and high precision 3-D reconstruction. The CS methods essentially exploit a sparse
dictionary to represent the joint sparsity of the target. However, they face the following challenges. First, for
high-order data matrices of multi-channel echoes, a linear dictionary cannot su�ciently capture and extract the
latent features. Second, CS relies on sparse priors, while space targets are composed of various complex structural
components and exhibit diverse scattering mechanisms, under which the sparsity prior becomes weak, especially in
the presence of distributed scattering.

Motivated by the idea of joint multi-channel processing, yet recognizing the limitations of CS-based
approaches|namely the dependence on preset dictionaries and the fragility of sparsity priors under diverse scat-
tering mechanisms|this work extends our previous single-channelHankel-lift based super-resolution algorithm [23]
to the multi-channel case. By leveraging the low-rank property ofstructured Hankel matrices as a higher-order
representation tool, the proposed algorithm eliminates the need for explicit dictionaries and provides a more general
and robust characterization of scattering features. Consequently, we develop a multi-channel Hankel-lift embedded
super-resolution array InISAR imaging algorithm, which not only enhances the 2-D resolution but also preserves
interferometric phase integrity, thereby enabling accurate and robust 3-D reconstruction of space targets. In the
scheme, the 2-D images are assumed to share common support sets, re
ecting envelope distribution similarity
across channels. Then, the structured low-rank property is harnessed by exploiting the multi-channel Hankel-lift
structure. This structure is subsequently embedded into a multi-channel echo joint extrapolation problem, which
is solved using an iterative re-weighted least squares (IRLS) algorithm. The enhanced 2-D ISAR images generated
by the proposed algorithm then serve as high-quality inputs for interferometric processing. Finally, the interfero-
metric phase is extracted from these super-resolved 2-D images to achieve 3-D reconstruction. By jointly enforcing
support consistency and structured low-rankness, the proposed algorithm achieves range-Doppler super-resolution
while preserving inter-channel coherence, thereby enabling high-precision and more interpretable 3-D reconstruction
results. The e�ectiveness of the proposed algorithm is validated through a series of experiments, including simulated
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Figure 1 (Color online) The imaging geometry of array InISAR.

scattering centers (spikes), synthetic space targets with diverse scattering elements, and measured data. Compared
with existing CS-based and single-channel approaches, the proposed method achieves superior super-resolution
performance in the range-Doppler domain, and signi�cantly improves the accuracy and robustness of 3-D InISAR
imaging. These experimental results highlight the potential of the proposed framework to advance high-resolution,
interpretable InISAR imaging for SDA.

The rest of this paper is organized as follows. In Section2, the basic imaging geometry and signal model for
array InISAR are introduced, together with the problem formulat ion of super-resolution imaging. In Section3,
the multi-channel Hankel-lift embedded super-resolution imaging algorithm is introduced in detail, including the
construction of structured matrix and proof of its low-rank prop erty, the detailed steps of the iterative re-weighted
least squares algorithm. The key steps for 3-D reconstruction using 2-D images are introduced in Section4, and
experimental results are provided in Section5. Finally, Section 6 draws conclusion.

Notations. Column vector and matrix are denoted by lowercase boldx and uppercase boldX , respectively. j�j ,
k � k2 and k � kF represent the modulus of an element, thel2-norm of a vector and the Frobenius norm of a matrix,
respectively. x � y and x � y represent the dot product and cross product of vectors.X � S and X 
 S are the
convolution and Kronecker product, respectively. x � , xT , xH denote conjugate, transpose and conjugate transpose.
X [M 1 : M 2; :] represents theM 1-th to M 2-th rows and all columns. vec(X ) represents vectorization by columns.

2 Preliminaries

In this section, the imaging geometry and signal model for InISAR system with the L-shaped array are introduced.
Then, the problem of super-resolution imaging is formulated.

2.1 Imaging geometry

As shown in Figure 1, a typical con�guration of the L-shaped antenna array is considered in this paper. There are
Nhor and Nvert antennas in the horizontal and vertical array, respectively. On the basis of this, the reference system
can be established, where the axisY is de�ned as the direction of the radar line of sight (LOS). The coordinates of
the center antenna, the � -th horizontal antenna and the � -th vertical antenna can then be given byc = [0 ; 0; 0]T ,
h � = [ �L H ; 0; 0]T and v � = [0 ; 0; �L V ]T , respectively. The motion of the target can be divided into the translational
part and the rotational part. The translational motion is modeled b y R0(t), the rotational motion is modeled by
the angular rotational vector 
 (t) and the rotational center o = [0 ; R0(t); 0]T .

2.2 Signal model

In this paper, the CPI is assumed to be short and the target maneuvering motion is neglected [35]. A more general
case considering long CPI and maneuvering motion is discussed in Appendix A. In this case, the e�ective rotational
vector invariant in time is de�ned as 
 = ! i rotate , where i rotate = [cos �; 0; sin � ]T represents the unit vector of
direction.
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With the �xed rotational vector assumption, the coordinates of one scattering elementp = [ x; y; z]T at time t
can be expressed as [36]

p̂(t) = p cos!t + ( i rotate � p) sin !t + i rotate (i rotate � p) (1 � cos!t ) : (1)

In the case of short CPI, the trigonometric functions can be approximated using Taylor series as cos!t � 1 and
sin !t � !t , so that p̂(t) can be approximated by

p̂(t) � p + ( 
 � p) t: (2)

Then, the range expression can be derived using the coordinates of scattering centers and antennas. Taking the
� -th horizontal antenna H � as an example, the LOSlosH�O can be calculated as

losH�O =
o � h �

ko � h � k2
=

1
p

R2
0(t) + � 2L 2

H

2

6
6
4

� �L H

R0(t)

0

3

7
7
5 : (3)

In the far �eld assumption with limited length of the antenna baselines, the range from antennaH � to the target
center is approximately expressed as

R(H � )
p (t) � R0(t) + losH � O � p̂(t) � R0(t) + y + ( x! sin � � z! cos� )t +

� x�L H

R0
: (4)

Similarly, the range expressions with respect to antennasC and V� are given by

R(C )
p (t) � R0(t) + losCO � p̂(t) � R0(t) + y + ( x! sin� � z! cos� )t; (5)

and

R(V� )
p (t) � R0(t) + losV� O � p̂(t) � R0(t) + y + ( x! sin� � z! cos� )t +

� y�L V

R0
: (6)

It is assumed that antenna C transmits the wideband signal and the echo is received by all the antennas to
form the individual channels. The echo corresponds to scatteringelement P received by antennai (i 2 A and
A = f C; � � � ; H � ; � � � ; V� ; � � � g is the set of antennas) can be expressed as

eS( i )
p (f; t ) = � (p)rect

�
f � f c

B

�
rect

�
t

TCP I

�
exp

�
� j

2� f
c

(R(C )
p (t) + R( i )

p (t))
�
; (7)

whereB and f c are the bandwidth and center frequency of the transmitted signal, respectively. � (p) is the scattering
coe�cient of the scattering element with coordinates p = [ x; y; z]T . TCP I is the length of the CPI. rect [�] is the
rectangular function.

After joint translational motion compensation, the ISAR imaging pr ocess can be equivalently modeled as a
turntable con�guration. In the case of small bandwidth and short CPI, MTRC can be neglected. The echo is
expressed as the integration of the echoes from individual scattering elements

S( i ) (f r ; t) =
ZZ

P
rect

�
f r

B

�
rect

�
t

TCP I

�
e� ( i ) (p) exp

�
� j

4� f r

c
y
�

exp
�
� j

4� t
�

(x! sin � � z! cos� )
�
dp; (8)

where f r denotes range-frequency,� = c=fc is the wavelength corresponding to center frequency,c is the speed
of electromagnetic wave in vacuum. e� ( i ) (p) is the combination of scattering coe�cient and the exponential term
related to range di�erence from di�erent antennas to di�erent sc attering centers, the expressions are given by

e� (C ) (p) = � (p);

e� (H � ) (p) = � (p) exp
�
j
2�
�

x�L H

R0

�
;

e� (V� ) (p) = � (p) exp
�
j
2�
�

z�L V

R0

�
:

(9)
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The discrete form of (8) can be expressed as

S( i ) (m; n) =
ZZ

P
e� ( i ) (p) exp

�
� j

4� (m � 1)� f
c

y
�

exp
�
� j

4� (n � 1)
� PRF

(x! sin� � z! cos� )
�
dp; (10)

where m 2 f 1; 2; � � � ; M g, n 2 f 1; 2; � � � ; N g, M is the number of frequency points, � f = B=M is the frequency
step, N = TCP I PRF is the number of pulses within CPI, PRF is the pulse repetition frequency (PRF).

Provided the echo, the ISAR image can be obtained using the range-Doppler (R-D) algorithm, where processing
can be easily implemented by fast Fourier transform (FFT). The ISAR image corresponding to the echo in (8) can
be expressed as

I ( i ) (�; f d) = TCP I B
ZZ

P
e� ( i ) (p)sinc

�
B

�
� �

2y
c

��
sinc

�
TCP I

�
f d �

2(x! sin � � z! cos� )
�

��
dp; (11)

where � and f d denote time delay and Doppler frequency after the R-D algorithm, respectively. sinc [�] is the \sinc"
function, where sinc [x] = sin � x

� x .

2.3 Problem formulation of super-resolution imaging

In the following, the problem of super-resolution imaging will be introduced using the convolution relationship
between the ideal ISAR image and the limited observation caused by asmall bandwidth and a short aperture. The
ideal 2-D ISAR image is expressed as a continuous projection of thesurface scattering coe�cient distribution onto
the range-Doppler plane, that is

I ( i ) (�; f d) =
ZZ

P
e� ( i ) (p)�

�
2y
c

;
2(x! sin � � z! cos� )

�

�
dp; (12)

where� (�) denotes the Dirac function. The acquisition of radar echo can be seen as the modulation of the transmitted
waveform by the target scattering information. The restriction on resolution can be modeled as an observation
function with a �nite window length, and its corresponding point spre ad function (PSF) can be expressed as

W (�; f d) = TCP I B sinc [B� ] sinc [TCP I f d] : (13)

In this case, the measured ISAR image further corresponds to the convolution of the ideal projection with the
system PSF determined by the �nite bandwidth and aperture, i.e.,

X ( i ) (�; f d) = I ( i ) (�; f d) � W (�; f d): (14)

The problem of super-resolution imaging is to overcome the restriction of W (�; f d) and achieve the exact image
I ( i ) (�; f d).

According to (13), the nominal resolution is determined by the bandwidth and size of the synthetic aperture
(under the assumption of uniform rotation speed, the aperture size is directly proportional to CPI length), and the
mathematical expressions are given by

� r =
c

2B
;

� a =
�

2!T CP I
:

(15)

Super-resolution is inherently an ill-posed problem, as it attempts to recover �ne-scale information beyond the
nominal resolution supported by the available bandwidth or aperture. In theory, the achievable resolution enhance-
ment is therefore characterized using the super-resolution factor (SRF), de�ned as the ratio between the desired
reconstruction resolution and the nominal resolution permitted by the measurements [37]. Following this de�ni-
tion, an SRF of � 1 in the range dimension corresponds to a nominal resolution of� r =� 1, and the SRF � 2 in the
cross-range dimension follows similar de�nition. It should be emphasized that SRF represents a nominal reference
rather than a guaranteed performance bound. As shown in [37], the super-resolution problem becomes increasingly
ill-conditioned as SRF increases, and the reconstruction error increases proportionally to the square of SRF in the
presence of noise.
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Figure 2 (Color online) Illustration of the multi-channel joint ann ihilating �lter.

3 Multi-channel Hankel-lift embedded super-resolution im aging

In order to jointly use multi-channel echo to achieve super-resolution, the multi-channel Hankel-lift structure is
adopted in this paper, which will be detailed in this section. Then, the structured low-rank property will be
analyzed. Finally, super-resolution imaging is achieved by exploiting the structured low-rank property with an
iterative re-weighted least squares algorithm.

3.1 Multi-channel Hankel-lift structure of ISAR echo

The multi-channel Hankel-lift structure originates from the annihila tion in the research of �nite rate of innovation
(FRI) signals [38{ 40]. To be more speci�c, Eqs. (11) and (12) have revealed the consistency of envelope distribution
of multi-channel images. Using this property, a multi-channel joint annihilating �lter E can be established, which
satis�es

E(�; f d)I ( i ) (�; f d) = 0 ; 8(�; f d) 2 P ; i 2 A: (16)

The relationship between multi-channel scattering elements and the joint annihilating �lter is illustrated in
Figure 2.

In other words, the joint annihilating �lter in the discrete range fre quency-time domain E 2 C(2M E +1) � (2N E +1)

should satisfy
E � S( i ) = 0; 8i 2 f C; � � � ; HN � ; � � � ; VN � ; � � � g : (17)

For each individual channel, the convolution relationship can be restated using the Hankel-lift of the echo matrix
as

vec (E)T H S( i ) = 0; 8i 2 f C; � � � ; HN � ; � � � ; VN � ; � � � g ; (18)

where H S( i ) is constructed by extracting the (ms; ns)-th patch from S( i ) , vectorizing the patch and stacking it as
the nh -th column. The operator is denoted byH S( i ) = H

�
S( i )

�
and the detailed expression can be given by

H S( i ) [:; nh ] = vec
�

S( i ) [ms � M E : ms + M E ; ns � NE : ns + NE ]
�

; (19)

where ms 2 f M E + 1 ; � � � ; M � M E g, ns 2 f NE + 1 ; � � � ; N � NE g and nh = ( ms � M E � 1)(N � 2NE ) + ns � NE .
Combining all the channels, the multi-channel Hankel-lift structure is given by

H =
h
H S( C ) ; � � � ; H S( H � ) ; � � � ; H S( V � ) ; � � �

i
2 CM H � N H ; (20)
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Figure 3 (Color online) Illustration of the multi-channel Hankel-l ift structure.

where M H = (2 M E + 1)(2 NE + 1), NH = ( M � 2M E )(N � 2NE )(Nhor + Nvert + 1). The construction of the
structured Hankel-lift matrix is illustrated in Figure 3. In the following, the operator to construct the matrix is

denoted by H = H
� �

S( i )
	

i 2 A

�
.

3.2 Analysis on structured low-rank property

This part establishes the foundation of our framework. We �rst assume that the scattering coe�cient distribution
of man-made targets exhibits approximate low-rankness, from which the low-rank property of the echo matrix
naturally follows. Then, under the classical scattering center model as a special case, we show that the Hankel-
lift structure becomes strictly low-rank. The general approximate case highlights the broad applicability of the
proposed algorithm, while the special case provides a theoretical guarantee.

Recalling (10), the discrete echo can be restated as

S( i ) =
ZZ

D
e� ( i ) (y; f d)u(y)vT (f d)dydf d; (21)

where e� ( i ) (y; f d) is the scattering coe�cient distribution on the range-Doppler plan e, f d = 2( x! sin� � z! cos� )=� ,
and the steering vectors in range and Doppler are given by

u(y) =
�
1; exp

�
� j

4� � fy
c

�
; � � � ; exp

�
� j

4� (M � 1)� fy
c

�� T

2 CM � 1;

v (f d) =
�
1; exp

�
� j

2� f d

PRF

�
; � � � ; exp

�
� j

2� (N � 1)f d

PRF

�� T

2 CN � 1:

(22)

Provided that the energy of the target scattering coe�cient is bo unded, i.e., e� ( i ) (y; f d) 2 L 2(D), e� ( i ) (y; f d) can be
decomposed using Karhunen-Lo�eve expansion as

e� ( i ) (y; f d) =
1X

k=1

� ( i )
k � k (y)	 k (f d); (23)
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where f � k (y)g and f 	 k (f d)g are a complete orthogonal basis. The coe�cients are given by

� ( i )
k =

ZZ

D
e� ( i ) (y; f d)� k (y)	 k (f d)dydf d: (24)

Then, the discrete echo can be expressed as

S( i ) =
1X

k=1

� ( i )
k

� Z
� k (y)u(y)dy

� � Z
	 k (f d)v (f d)df d

� T

=
1X

k=1

� ( i )
k pk qT

k

(25)

with pk and qk de�ned by the basis functions and steering vectors. The approximate low-rank property funda-
mentally relies on the rapid decay of the expansion coe�cients f � ( i )

k g. The underlying scattering of man-made
targets is dominated by a few structural components such as panels, edges, and antennas, while higher-order modes
contain negligible energy [41, 42]. Consequently, the majority of the signal energy is concentrated in the �rst few
coe�cients, while higher-order terms decay rapidly. In this case, the echo matrix can be well approximated by a
low-rank representation.

For the scattering center model, a more strict structured low-rank property can be proved. With K dominant
scattering centers, the echo matrix can be rewritten as

S( i ) =
KX

k=1

e� ( i )
k uk vT

k : (26)

In this case, the echo of di�erent antennas can be considered supported by the same sets
�

uk vT
k

	 K
k=1 with di�erent

coe�cients e� ( i )
k . In order to facilitate subsequent derivation, Eq. (26) can be restated as

S( i ) = U� ( i ) V T ; (27)

whereU [:; k] = uk , V [:; k] = vk , � ( i ) is a diagonal matrix with � ( i ) [k; k] = e� ( i )
k . In this case, the (ms; ns)-th patch

of echo matrix can be expressed as

S( i ) [ms � M E : ms + M E ; ns � NE : ns + NE ] = U m s � ( i ) V T
n s

; (28)

where U m s = U [ms � M E : ms + M E ; :], V n s = V [ns � NE : ns + NE ; :]. The nh -th column of H S( i ) can then be
expressed as

H S( i ) [:; nh ] = ( V n s 
 U m s )vec(� ( i ) ): (29)

Meanwhile, the (ms + � m ; ns + � n )-th patch can also be expressed as

S( i ) [ms + � m � M E : ms + � m + M E ; ns + � n � NE : ns + � n + NE ] = U m s +� m � ( i ) V T
n s +� n

: (30)

Provided that U m s +� m = U m s � u ;� m , V n s +� n = V n s � v ;� n , where � u ;� m and � v ;� n are both diagonal matrices,

� u ;� m [k; k] = exp
h
� j 4� (� m � 1)

c yk

i
, � v ;� n [k; k] = exp

h
� j 4� (� n � 1)( x k ! sin � � zk ! cos � )

�P RF

i
, the (nh + � h )-th column of

H S( i ) can be expressed as

H S( i ) [:; nh + � h ] = ( V n s 
 U m s )vec(� u ;� m � ( i ) � T
v ;� n

); (31)

where � h = � m (N � 2NE ) + � n . In this case, the multi-channel Hankel-lift structure matrix can b e factorized as

H =( V n s 
 U m s )
h
vec(� u ;0� (C ) � T

v ;0); � � � ; vec(� u ;� m � (C ) � T
v ;� n

); � � � ;

vec(� u ;� m � (H � ) � T
v ;� n

); � � � ; vec(� u ;� m � (V� ) � T
v ;� n

); � � �
i

:
(32)

As revealed in (32), the rank of H is restricted by the number of non-zero rows in
�

vec(� u ;� m � ( i ) � T
v ;� n

)
	

, which
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should not be greater thanK .

3.3 Iterative re-weighted least squares algorithm

The low-rank property of the structured Hankel-lift matrix re
ec ts the existence of its null space. This subsection
will use the null space to re-weight the structured matrix and achieve super-resolution by iteratively alternating
updates of the re-weighting coe�cients and the echo matrix.

As stated in Subsection2.3, the echo of low-resolution image is the result of an observation function with a �nite
window length; the a�ne transformation can be denoted by S( i ) = A

�
Y ( i )

�
. Thus, the objective function can be

stated as
arg min

e;f Y ( i ) g
i 2 A

P
i 2 A




 A(Y ( i ) ) � S( i )




 2

F + �



 eT H




 2

2

s.t. H = H
� �

Y ( i )
	

i 2 A

�
;

(33)

where � is the regularizing coe�cient. In each iteration, the least squares problem in (33) alternates between the
re-weighting coe�cients estimation

ê = E(H ) ; (34)

and echo reconstruction

Ŷ ( i ) = arg min
Y ( i )






 A(Y ( i ) ) � S( i )








2

F
+ �




 eT H




 2

2
; 8i 2 A: (35)

The least squares problem in (35) can be solved using the conjugate gradient (CG) algorithm [23, 43], which will
not be detailed here. The steps of estimating the re-weighting coe�cients will be introduced speci�cally in the
following.

The singular value decomposition ofH can be stated as

H = U H � H V H
H ; (36)

where � H is a diagonal matrix, the diagonal elements consist of singular valuesf � H ;k gM H

k=1 (when M H <N H ), and
are arranged in descending order.U H = [ uH ;1; uH ;2; � � � ; uH ;M H ] is the matrix composed of left singular value
vectors andV H is similar. With the structured low-rank property proved in Subsect ion 3.2, the M H � K r smallest
singular valuesf � H ;k gM H

k= K r +1 in � H correspond to the null space is expected close to 0. The selection of K r is based

on the singular value decay. In this paper, the corresponding left singular vectors f uH ;k gM H

k= K r +1 are combined to
get the re-weighting coe�cients in each iteration. To be more speci�c, the singular value vectors are �rst reshaped
into the size of the annihilating �lter, and an interpolated FFT is perfo rmed on the reshaped matrices, which can
be expressed as

eEH ;k = reshape (uH ;k ; 2M E + 1 ; 2NE + 1) ;

eI H ;k = F( eEH ;k ; � 1M; � 2N );

8k 2 f K r + 1 ; K r + 2 ; � � � ; M H g;

(37)

where eEH ;k = reshape (uH ;k ; 2M E + 1 ; 2NE + 1) represents stacking the vectoruH ;k 2 C(2M E +1)(2 N E +1) � 1 column
by column into an matrix eEH ;k 2 C(2M E +1) � (2N E +1) . F(�) denotes interpolated FFT, � 1M and � 2N denote the
number of points interpolated in each dimension. Then, the matricesare combined as

I H = C
� n

eI H ;k

o M H

k= K r +1

�
; (38)

where

I H [m; n] =
M HX

k= K r +1

�
�
� eI H ;k [m; n]

�
�
�
2

: (39)

Finally, inverse FFT is performed and the result is vectorized to get the re-weighting coe�cients, which can be
expressed as

e = vec
�
Fy(I H ; 2M E + 1 ; 2NE + 1)

�
: (40)

The process of estimating the re-weighting coe�cients is denoted by ê = E(H ). The diagram of calculating re-
weighting coe�cients in each iteration is shown in Figure 4.
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Figure 4 (Color online) Diagram of calculating re-weighting coe�ci ents using singular value vectors.

The iterative process stops when either the relative change of reconstructed echoes between two successive itera-
tions falls below a tolerance� iter , or the iteration number reaches a preset maximum numberNmax . After iterations,
the reconstructed echoes

�
Y ( i )

	
i 2 A is derived and R-D imaging is performed to get the super-resolution imaging

results
�

X ( i )
	

i 2 A . The proposed algorithm is summarized in Algorithm 1. The computational complexity of the
proposed algorithm is mainly dominated by two components: the SVD of the structured multi-channel Hankel
matrix in the reweighting stage and the per-channel reconstruction via IRLS optimization. In each iteration, the
computational complexity of SVD scales asO((2M E + 1)(2 NE + 1)( M � 2M E )(N � 2NE )(Nhor + Nvert + 1) K r )
when only a subset of singular vectors associated with the rank thresholdK is required. The computational com-
plexity of IRLS reconstruction in each iteration is given by O((Nhor + Nvert + 1) NcgMN (2M E + 1)(2 NE + 1)),
where Ncg is the number of iterations in the CG algorithm. The overall complexity of the proposed algorithm is
given by O

�
(2M E + 1)(2 NE + 1)( M � 2M E )(N � 2NE )(Nhor + Nvert + 1) 2K r Nmax

�
.

4 Array InISAR 3-D reconstruction

Provided the echoes
�

Y ( i )
	

i 2 A , 3-D reconstruction can be performed using the interferometricphase of image pairs.
Although multi-channel arrays theoretically provide higher degrees of freedom, they are limited by the aperture
size, target size, and e�ective range (i.e.,R0 � �L H , R0 � �L V ), making it di�cult to further e�ectively resolve
scattering elements within the same range-Doppler cell. Therefore, this paper still uses interferometric phase for
3-D reconstruction, and improves the point cloud quality by combining multiple sets of interferometric phases.

First, dominant scattering elements are extracted using existing methods, such as CLEAN [44] and signal-to-
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Algorithm 1 Multi-channel Hankel-lift embedded super-resolution ima ging.

1: Initialize reconstructed echoes
n

Y ( i )
o

i 2 A
=

n
S( i )

o

i 2 A
, regularizing coe�cient � , dimension of signal subspace K r , number of iterations

n iter , maximum iterations N max .
2: while n iter < N max do
3: // Construct multi-channel Hankel-lift matrix H

4: H = H
� n

Y ( i )
o

i 2 A

�
;

5: // Estimate re-weighting coe�cients ê = E (H )
6: H = U H � H V H

H , U H =
�
u H ; 1 ; u H ; 2 ; � � � ; u H ;M H

�
;

7: for k = K r + 1 to M H do
8: eE H ; k = reshape ( u H ;k ; 2M E + 1 ; 2N E + 1) ;
9: eI H ;k = F ( eE H ; k ; �M; �N );

10: end for

11: I H = C
� n

eI H ;k

o M H

k = K +1

�
;

12: e = vec
�

F y ( I H ; 2M E + 1 ; 2N E + 1)
�

;

13: // Reconstruct echoes
n

Y ( i )
o

i 2 A
14: for all i 2 A do

15: Ŷ ( i ) = arg min
Y ( i )






 A (Y ( i ) ) � S( i )








2

F
+ �






 eT H








2

2
;

16: end for
17: n iter = n iter + 1;
18: end while

clutter ratio (SCR) based method [4]. Then, the interferometric phase is calculated as

� � (H � )
k = \

�
e� (H � )

k

�
e� (C )

k

� � �
=

2�
�

xk �L H

R0
;

� � (V� )
k = \

�
e� (V� )

k

�
e� (C )

k

� � �
=

2�
�

zk �L V

R0
;

(41)

where \ (�) represents taking the phase. In this work, the antenna baselinelengths are assumed to be properly
designed such that phase wrapping does not occur within the e�ective imaging region. Under this assumption,
explicit phase unwrapping is not required. Furthermore, to mitigate additional errors caused by noise-induced phase
perturbations, an equal-weight circular mean is adopted when combining multiple sets of baseline interferometric
phases, which can be expressed as

� � H
k = \

0

@

P N hor
� =1 � 2 exp

�
j� � (H � )

k =�
�

P N hor
� =1 � 2

1

A ;

� � V
k = \

0

@

P N vert
� =1 � 2 exp

�
j� � (V� )

k =�
�

P N vert
� =1 � 2

1

A :

(42)

The 3-D coordinates can be coarsely estimated using the interferometric phase, which can be stated as

x̂k =
�R 0

2� L H
� � H

k ;

ẑk =
�R 0

2� L V
� � V

k :
(43)

The coarsely estimated results will be �ltered with the expression ofthe Doppler frequency

f d;k = 2( xk ! sin � � zk ! cos� )=�:

To be more speci�c, the 3-D coordinates of each scattering element should satisfy

�
R0

f d;k =
� � H

k

L H
! sin � �

� � V
k

L V
! cos�; 8k 2 f 1; 2; � � � ; K g: (44)
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Then, the rotational speed ! and the projection angle� can be estimated by solving the over-determined equation

�
R0

2

6
6
6
6
6
4

f d;1

f d;2

...

f d;K

3

7
7
7
7
7
5

=

2

6
6
6
6
6
4

� � H
1

L H

� � V
1

L V
� � H

2
L H

� � V
2

L V

...
...

� � H
K

L H

� � V
K

L V

3

7
7
7
7
7
5

"
! sin �

� ! cos�

#

: (45)

With the estimated !̂ and �̂ , the outliers that do not �t the following expression can be �ltered o ut
�
�
�
�
�
f d;k �

2(x̂k !̂ sin �̂ � ẑk !̂ cos�̂ )
�

�
�
�
�
�

< �; (46)

where � is a positive threshold.

5 Experiments

In this section, experiments are performed using both simulated and measured data to validate the proposed
algorithm. First, experiments on spikes are performed to intuitively demonstrate the super-resolution capability of
the proposed algorithm for ideal spikes. Then, simulated data experiments are performed to verify the 2-D super-
resolution imaging capability of space targets and the improvement of 3-D reconstruction. Finally, the validation
is con�rmed with measured data experiments. The proposed multi-channel Hankel-lift algorithm (abbreviated as
MC-HL) is compared with several methods, including R-D, single-channel Hankel-lift method [23] (abbreviated as
SC-HL), single-channel pattern-coupled sparse Bayesian learning method [45] (abbreviated as SC-PCSBL) and CS
method using multi-channel joint sparsity [17] (abbreviated as MC-CS).

For 2-D imaging results, three indicators are used for quantitativeanalysis, including peak signal-to-noise ratio
(PSNR), structure similarity (SSIM) and correlation coe�cient (CO RR). The de�nitions can refer to [ 23]. For 3-D
reconstruction results, the indicators of mean square error (MSE), chamfer distance (CD), completeness (Comp)
and F-score are used for quantitative analysis. Provided the reconstructed point cloud P = f pk gK

k=1 and the ground
truth point cloud Pgt = f pgt;k gK gt

k=1 where the �rst K match points are matched, the de�nitions are given as follows:

MSE =
1

K match

K matchX

k=1

kpk � pgt ;k k2;

CD =
1
K

X

p 2 P

min
p gt 2 Pgt

kp � pgt k2 +
1

K gt

X

p gt 2 Pgt

min
p 2 P

kpgt � pk2;

Comp =
K match

K gt
;

Fscore =
2 � Precision� Recall
Precision + Recall

;

(47)

where two points are considered match whenkpk � pgt ;k k2 < � , Precision = K match =K , Recall = K match =Kgt . In
both simulated and measured data experiments, the imaging resultsobtained with full bandwidth and full aperture
are used as the reference, representing a practical upper bound for performance comparison.

5.1 Simulated data experiments of spikes resolving

In this subsection, experiments on resolving spikes are carried outusing simulated data. As analyzed in Subsection
2.2, the envelope of multiple channels is consistent in distribution, but the phase of each spike contains both its own
complex scattering coe�cient and the additional phase determined by the 3-D coordinates and antenna baseline.
Therefore, in the experiments in this section, the scattering coe�cient of each spike is set manually, while the
additional phases of di�erent channels follow a uniform distribution. The number of samples for the reference result
is set to ~M = ~N = 64. The number of channels is set toNhor = Nvert = 4 and the number of spikes is set toK = 6.
The length of windows is set toM = N = 32 while the closest spikes are spaced at 1= ~M and 1= ~N . According to
the de�nition in Subsection 2.3, the SRF is � 1 � � 2 = 2 � 2. The signal-to-noise ratio (SNR) is set to SNR = 20 dB.
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Figure 5 (Color online) Comparison of super-resolution results of s pikes. (a) Reference; (b) R-D; (c) SC-HL; (d) MC-HL.

Table 1 Localization results of spikes.

Index Ground truth Reference R-D SC-HL MC-HL

#1 (0.25, 0.5) (0.2520, 0.5020) (0.2520, 0.5020) (0.2520, 0 .5020) (0.2520, 0.5020)

#2 (0.5, 0.25) (0.5020, 0.2539) Not resolved (0.5020, 0.253 9) (0.5020, 0.2539)

#3 (0.5156, 0.2656) (0.5176, 0.2676) (0.5137, 0.2695) (0.5 176, 0.2676) (0.5176, 0.2676)

#4 (0.5, 0.2344) (0.5020, 0.2344) (0.5039, 0.2305) (0.5020 , 0.2363) (0.5020, 0.2344)

#5 (0.75, 0.75) (0.7520, 0.7520) (0.7441, 0.7598) (0.7520, 0.7520) (0.7520, 0.7520)

#6 (0.7344, 0.7656) (0.7363, 0.7676) Not resolved (0.7363, 0.7676) (0.7363, 0.7676)

The comparison of super-resolution results is shown in Figure5. The localization results of spikes are shown in
Table 1. Both SC-HL and MC-HL can resolve the spikes in the case of 2� 2 SRF. MC-HL has better resolution
performance by leveraging inter-channel joint structure. Three adjacent spikes can be resolved, and the main-lobe
corresponding to each spike is more obvious and clear.

5.2 Simulated data experiments of InISAR

In this subsection, simulated data experiments are performed using a total of 9 antennas (Nhor = Nvert = 4) to
verify the ISAR 2-D super-resolution imaging capability and its improvement on 3-D reconstruction. The detailed
parameters are listed in Table2. The bandwidth and CPI of the reference full aperture data are 800 MHz and
2.56 s, corresponding to 0.1874 m range resolution and 0.1747 m cross-range resolution, respectively. In the sim-
ulation, the bandwidth and CPI for the low-resolution image are set to B = 400 MHz and CPI = 1 :28 s, which
corresponds to the case of SRF= 2� 2. The satellite target model in simulated data experiments is shown inFigure
6, together with the reference 2-D and 3-D results using full bandwidth and aperture, and the low-resolution result.
Note that the amplitude of the scattering coe�cient in decibels is represented by color in the �gure, and is the value
relative to 0 dB noise equivalent sigma zero (NESZ). The tolerance for relative change in the iterative process of
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Figure 6 (Color online) Satellite target model in simulated data exp eriments. (a) Target model; (b) referenced 2-D imaging resu lt;
(c) low-resolution 2-D imaging result; (d) referenced 3-D r econstruction result.

Table 2 Key parameters of simulated data experiments.

System parameter Value

Carrier frequency 9.6 GHz

Bandwidth 800 MHz

Pulse repetition frequency 200 Hz

Coherent processing interval 2.56 s

Range resolution 0.1874 m

Cross-range resolution � 0.1747 m

Baseline length 200�

the proposed algorithm is set to� iter = 10 � 6 and the maximum iteration number is set to Nmax = 100.

5.2.1 Comparison of 2-D super-resolution results

The comparison of super-resolution results under di�erent SNRs isshown in Figure 7. As can be seen from the
�gure, the methods have super-resolution capabilities compared to R-D; the main-lobe width is e�ectively reduced,
and the side-lobes can also be suppressed. The Hankel-lift methodsbased on the structured low-rank property can
better maintain the structural similarity. The edge contours of th e panels are clearer. In addition, MC-HL that
jointly utilizes multiple channels has better imaging results under high noise levels due to the robust combination
of multi-channel information. To provide a more detailed comparisonbetween the sparse prior and the structured
low-rank prior approaches, Figure8 presents local regions of the ISAR image. Due to occlusion from thesatellite
body, a shadow is formed in the solar panel area. It can be observed that the sparse prior (SC-PCSBL and MC-CS)
reconstructions su�er from discontinuities and artifacts, whereas the structured low-rank prior (MC-HL) yields
clearer boundaries and more continuous structures in the shadowed region. Although PCSBL adopts a Bayesian
learning formulation, it still fundamentally relies on a sparse prior. It s performance superiority over traditional CS
methods mainly stems from improved exploitation of local structural correlations. As a result, the improvement
brought by PCSBL is typically incremental when the underlying sparsity assumption is already well satis�ed. On
the other hand, by exploiting the inherent correlations across channels, MC-HL enforces consistency and suppresses
isolated artifacts and preserves coherent structures in regionsa�ected by occlusion, leading to sharper and more
reliable contour recovery.

The quantitative indicators are shown in Figure 9. As is revealed in the PSNR curves, the algorithms leveraging
joint priors of multi-channel echo generally have better PSNR performance. Especially under high noise levels, the
PSNR of the imaging result is signi�cantly superior to that of the single-channel super-resolution algorithm. On the
other hand, the algorithms that utilize the structured low-rank pr operty have more advantages in terms of structural
similarity and correlation coe�cient indicators. The proposed MC-HL algorithm combines the advantages of both;
it has better performance in indicators describing structural similarity, and the imaging results have better PSNR
under high noise levels.

5.2.2 Comparison of 3-D reconstruction results

The 3-D reconstruction results under a 20 dB SNR are presented inFigure 10. From top to bottom, the �gure shows
the range-cross range-elevation view of the point clouds, the projection onto the range-cross-range plane, and the
projection onto the range-elevation plane, respectively. From the comparison of these 3-D reconstruction results,
although the R-D method produces a denser point cloud, this is primarily due to false alarm points introduced
by high side-lobes. In each view, a signi�cant number of reconstructed points fail to align with the ground truth,
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Figure 7 (Color online) Comparison of super-resolution 2-D imaging results of simulated satellite target under di�erent SNRs.

Figure 8 (Color online) Comparison of local details of satellite tar get under 20 dB SNR. (a) Detailed region; (b) MC-CS; (c) MC-HL .

Figure 9 (Color online) Quantitative indicators of super-resoluti on 2-D imaging results of simulated satellite target under d i�erent SNRs.
(a) PSNR; (b) SSIM; (c) CORR.
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Figure 10 (Color online) Comparison of 3-D reconstruction of simulat ed satellite target. From top to bottom are range-cross rang e-elevation
view, range-cross range view, and range-elevation plane vi ew results.

Table 3 Quantitative indicators of 3-D reconstruction of simulate d satellite target under di�erent SNRs.

Algorithm
SNR = 10 dB SNR = 20 dB

MSE CD Comp F score MSE CD Comp F score

R-D 0.0392 9.0918 0.0158 0.0175 0.0343 4.0422 0.0320 0.0360

SC-PCSBL 0.0371 7.7892 0.0140 0.0190 0.0332 2.8292 0.0220 0 .0282

MC-CS 0.0365 8.7437 0.0136 0.0186 0.0317 2.9894 0.0193 0.02 75

SC-HL 0.0376 5.4908 0.0171 0.0199 0.0336 2.7829 0.0294 0.04 32

MC-HL 0.0361 5.2851 0.0171 0.0255 0.0307 2.7732 0.0294 0.04 41

which can be attributed to both high side-lobes and layover e�ects. In contrast, the super-resolution methods
being compared are able to e�ectively suppress both side-lobes andlayovers, resulting in 3-D reconstructions with
signi�cantly fewer false alarms. Among all the methods evaluated, the proposed algorithm demonstrates the best
visual performance. After threshold detection, individual scattering centers are more accurately extracted in the
range-cross-range plane, while maintaining the precision of the 3-Dcoordinates and minimizing the inclusion of
false alarm points.

The quantitative evaluation metrics are presented in Table 3. The simulated target model is represented by a
dense point cloud. However, due to the theoretical resolution limit, the density of all reconstructed point clouds
is signi�cantly lower than that of the reference model. At 10 dB SNR, the four algorithms yield comparable
MSE values, while MC-HL achieves the lowest CD and the highestFscore, indicating better consistency with the
reference geometry. When the SNR increases to 20 dB, all algorithms demonstrate performance improvement, with
a notable reduction in CD. In particular, SC-HL and MC-HL maintain su perior accuracy in terms of both CD and
Fscore, re
ecting their robustness against noise. Overall, MC-HL consistently provides the best trade-o� among
error metrics, highlighting the advantage of incorporating both multi-channel and structured low-rank priors in 3-D
reconstruction.

5.3 Measured data experiments of InISAR

In this subsection, measured data of a civil aircraft are used to evaluate the performance of the proposed algo-
rithm. The optical image, the reference results of 2-D imaging, thelow-resolution R-D imaging result with limited
bandwidth and aperture, and 3-D reconstruction are shown in Figure 11, respectively. The key parameters of the
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Figure 11 (Color online) Measured data of a civil aircraft. (a) Optica l image; (b) referenced 2-D imaging result; (c) low-resolut ion 2-D imaging
result; (d) referenced 3-D reconstruction result.

Table 4 Key parameters of measured data experiments.

System parameter Value

Carrier frequency 8.1 GHz

Bandwidth 800 MHz

Pulse repetition frequency 150 Hz

Baseline length 16 m

Table 5 Comparison of computational time for single-channel 2-D im age.

SC-PCSBL MC-CS SC-HL MC-HL

Computational time (s) 70.25 25.34 18.35 40.28

Table 6 Quantitative indicators of measured data experiments.

Algorithm
2-D imaging 3-D reconstruction

PSNR SSIM CORR MSE CD Comp F score

R-D 39.1581 0.9636 0.8570 0.8159 3.2314 0.5992 0.4011

SC-PCSBL 42.3412 0.9642 0.8321 0.7602 2.6285 0.4812 0.4991

MC-CS 42.3548 0.9630 0.8288 0.7583 2.7433 0.4726 0.4989

SC-HL 42.3929 0.9791 0.8617 0.7680 2.8985 0.4515 0.5063

MC-HL 43.8769 0.9887 0.9357 0.7545 2.4346 0.5063 0.5607

measured data experiments are listed in Table4. Although the R-D method can reveal the general shape of the
target, there are obvious side-lobes and blurred areas, and the target structure details are poor.

The 2-D super-resolution imaging results are compared in Figure12. Both SC-PCSBL, MC-CS and SC-HL meth-
ods have improved in maintaining structural clarity and can signi�can tly suppress side-lobes, but the reconstruction
of some components is insu�cient. The imaging result of the MC-HL algorithm is the clearest: not only are the
edge structure sharper and the response of the dominant scattering center stronger, but also the joint similarity
between multiple channels is retained, which e�ectively enhances theability to restore structural details.

The computational time of di�erent algorithms for single-channel 2-D image is compared in Table 5. The
computational complexity of the proposed algorithm is mainly dominated by the SVD of the structured multi-
channel Hankel matrix in the reweighting stage, and the reconstruction via IRLS optimization. Overall, the IRLS
problem remains within the scope of deterministic optimization, and can be e�ciently solved using methods like
conjugate gradient. In the multi-channel Hankel-lifting operation, the structured echo of each channel is stacked,
which inevitably increases the computational complexity as the problem scale grows. On the other hand, PCSBL
follows a fundamentally di�erent Bayesian learning framework, where the computational cost is dominated by
repeated posterior and hyperparameter updates involving covariance-related matrix operations associated with the
dictionary size. Although PCSBL provides strong sparsity modeling capability, its per-iteration complexity is
generally much higher than that of operator-based optimization methods.

The 3-D reconstruction results are compared in Figure13. SC-PCSBL, MC-CS and SC-HL can also alleviate
the problem of high side-lobes and serious layovers in the R-D result.The point cloud distribution is sparser
and the structure is closer to the real target, but there are still missing details and some false points. The point
cloud structure reconstructed by MC-HL has the best visual performance compared to the reference result. The
distribution of each scattering center is more accurate, and there are fewer false alarm points. Especially in
complex areas such as the junction of the fuselage and the wing, MC-HL shows stronger resolution. Meanwhile,
the quantitative indicators of both 2-D imaging and 3-D reconstruction are shown in Table 6. Since the measured
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Figure 12 (Color online) Comparison of super-resolution 2-D imaging results of measured data.

data lacks ground truth, the reconstruction results of high-resolution images are used as a reference. The indicators
of the measured data have similar trends to the simulated data. From the perspective of 2-D imaging indicators,
SC-HL and MC-HL using the low-rank property of Hankel-lift have signi�cant advantages in the SSIM and CORR
indicators that re
ects structural similarity. In addition, MC-HL u sing multiple channels for joint super-resolution
has a higher PSNR. In addition, the robustness to noise can also be analyzed from the MSE indicator of 3-
D reconstruction. MC-CS and MC-HL based on the joint features of multi-channel images have smaller MSE
and CD. The superiority of MC-HL on Comp also reveals its advantagein retaining structural similarity in 3-D
reconstruction result. In addition, the Comp and Fscore indicators show that the proposed algorithm can achieve
a balance between reconstruction rate and false alarm, which e�ectively veri�es its ability to resolve layovers and
improve 3-D reconstruction performance.

6 Conclusion

This paper presented a novel multi-channel Hankel-lift embedded super-resolution ISAR imaging algorithm. By
modeling the envelope distribution similarity among multi-channel 2-D images in array InISAR, the proposed
method assumes a shared support set across channels. Leveraging this assumption, the algorithm exploits the struc-
tured low-rank property through a multi-channel Hankel-lift fram ework. This structure is integrated into a joint
extrapolation problem and e�ciently solved via an iterative re-weight ed least squares approach. The super-resolved
2-D imaging results enable accurate extraction of interferometricphase information for 3-D reconstruction. Exper-
imental results on both simulated and measured datasets con�rm that the proposed algorithm achieves enhanced
resolution in the range-Doppler domain, e�ectively mitigates layover e�ects, preserves inter-channel coherence, and
facilitates high-precision 3-D ISAR imaging. Potential extensions include relaxing the strict common support set
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Figure 13 (Color online) Comparison of 3-D reconstruction of measure d data.

assumption and instead adopting partially shared or group-wise support models, where only subsets of scattering
components are jointly structured across channels. Under this formulation, the proposed algorithm can be naturally
generalized to multistatic con�gurations as well as multi-polarization imaging.
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Appendix A

For maneuvering targets, the e�ective rotating angle can be parametrically modeled by � (t ) = !t + _!t 2 + •!t 3 . Then, the echo in ( 8)
can be restated as

S( i ) (f r ; t ) =
ZZ

P
rect

�
f r

B

�
rect

�
t

TCP I

�
e� ( i ) (p ) exp

�
� j

4� f r cos(� (t ))

c
y

�

� exp
�

� j
4� sin( � (t ))

�
(x sin � � z cos� )

�
dp :

(A1)

Without the short-aperture approximation, the signal mode l in ( A1) reveals two key e�ects. First, large rotational angles may induce
MTRC. Second, target maneuvering leads to non-linear phase terms with respect to slow time, arising from the time-varyi ng rotational
angle. These e�ects result in a non-linear dictionary.

However, this non-linear dictionary can be converted into a linear dictionary in k-space by using polar-formatting interpolation. De�ne
the cross-range coordinate (under the projected rotation p lane) as � = x sin � � z cos� , the echo taken at a polar-format determined by
(f r ; t ) can be expressed as

S( i ) (f r ; t ) =
ZZ

P
e� ( i ) (p ) exp [ � j ( kr (f r ; t )y + ku (t )� )]dp ; (A2)
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where the 2-D k-domain coordinates are de�ned as

kr (f r ; t ) =
4�

c
f r cos� (t );

ku (t ) =
4�

�
sin � (t ):

(A3)

Since � (t ) is nonlinear for maneuvering motion, the discrete form of e cho S( i ) (m; n ) in ( 10) corresponds to a non-uniform set of points
f (kr (m; n ); ku (n)) g in the k-space. After polar-format interpolation, these measurem ents are resampled onto a uniform grid. The
discrete echo after interpolation can be expressed as

S( i )
pf (m; n ) =

ZZ

P
e� ( i ) (p ) exp [ � j (� kr (m � 1)y + � ku (n � 1)� )]dp : (A4)

After replacing S( i ) (m; n ) by S( i )
pf (m; n ), the signal model is consistent with the subsequent analys is.
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