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Abstract Spaceborne synthetic aperture radar (SAR) provides all-da y and all-weather observation capabilities. Recent techno logical
advances have facilitated high-resolution and wide-swath imaging, thereby demonstrating signi cant potential for t he imaging of moving
aircraft over the sea background. However, the echoes from a ircraft often su er from a low signal-to-noise ratio (SNR) d ue to the low
radar cross section (RCS) and sea clutter. In addition, the h igh-speed and non-stationary motion of aircraft can cause s igni cant range
migration (RM) and Doppler frequency migration (DFM), seve rely degrading the focusing performance. To tackle these is sues, this paper
proposes a ne imaging method with high accuracy and computa tional e ciency. First, a high-speed dual-component motio n model is
established between the spaceborne SAR and the aircraft. Th en, an adaptive blind speed side lobe-guided equilibrium op timizer-based
generalized Radon-Fourier transform (ABEO-GRFT) is devel oped, enabling accurate and e cient estimation of translat ional motion
parameters. Finally, an angle-matched fractional Fourier transform (AM-FRFT) is proposed to compensate for spatiall y variant phase
errors. Both simulations and experiments based on Gaofen-3 (GF-3) spaceborne SAR measured data con rm that the propose d method
achieves ne imaging of moving aircraft under low SNR, valid ating the application feasibility of spaceborne SAR for ope n-sea moving
aircraft imaging.
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1 Introduction

Spaceborne synthetic aperture radar (SAR) has become a critideapproach to Earth observation owing to its all-
day, all-weather work ability. At present, spaceborne SAR enableshigh-resolution and wide-swath imaging for
both terrestrial and maritime scenes [l{4], but signi cant challenges remain in imaging moving targets within
these scenes. Speci cally, the level of technological developmeand the challenges encountered in imaging di er
across various types of moving targets. For ship targets, imagingechnologies have become relatively mature,
enabling high-resolution imaging B{8]. For ground moving targets, current progress is mainly con ned o ground
moving target indication (GMTI) [ 9{11], while imaging still faces considerable di culties. However, for air moving
targets, research on imaging remains limited and requires systemat exploration. In particular, the imaging of
moving aircraft over open-sea airspace has become a critical tecital challenge in the eld of aerospace remote
sensing. Currently, microwave imaging of aircraft over maritime airpace primarily relies on inverse synthetic
aperture radar (ISAR) [12{14]. However, ISAR is typically deployed on ground-based or shipborneplatforms.
Ground-based radars are inherently constrained by the curvatue of the Earth, limiting their imaging range to
nearshore regions, while shipborne radars are restricted by pladtfm endurance, making it equally di cult to meet
the imaging requirements for aircraft over wide-area open-sea ggons. In comparison, spaceborne SAR o ers wide
swath and continuous imaging capabilities 15{18], thereby providing a promising solution for moving aircraft
imaging over open-sea regions. In recent years, with the continuedevelopment of large models and related data-
driven methods [L9{21], the detection of aircraft and the indication of candidate regions fom spaceborne SAR
echoes have become increasingly feasible. However, for the imaginfj moving aircraft with spaceborne SAR,
studies on the underlying physical mechanisms, motion induced errg, and interpretable ne imaging frameworks
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remain relatively limited. This limitation constrains the further extens ion of large model-based approaches from
target detection toward ne imaging.

Imaging moving aircraft over the sea background with spaceborn&AR faces multiple challenges. First, aircraft
typically exhibit low radar cross sections (RCS), and the long obseration range between the spaceborne SAR
platform and the target further weakens the energy of the echo In addition, due to the inherent imaging geometry
of spaceborne SAR, the target echo is often superimposed with istng background sea clutter R2], resulting in
a low signal-to-noise ratio (SNR). Consequently, long-time coherenintegration is required to enhance the SNR.
However, during the integration time, the high-speed motion of aircaft often induces signi cant range migration
(RM) and Doppler frequency migration (DFM) [ 23,24], which severely degrades the focusing performance. These
issues severely restrict the application of spaceborne SAR in the inggng of moving aircraft over open seas.

For targets with stationary motion, conventional motion compensation methods generally involve two steps: rst,
range alignment algorithms are employed to align the echo envelop&}, 26]; then, phase compensation algorithms
are used to correct the phase errors caused by the translatioh@aomponents P7,28]. However, under low SNR con-
ditions, the performance of these decoupled range-Doppler segutial processing strategies degrades signi cantly,
making it di cult to achieve accurate motion compensation for weak aircraft targets. In comparison, improved
Radon transform (RT)-based algorithms can perform joint envelge and phase correction in the two-dimensional
domain, thereby alleviating the performance degradation causedydecoupled processing in conventional methods.
Radon-Fourier transform (RFT) [ 29{31] is suitable for rst-order motion coherent integration and parameter es-
timation. For maneuvering targets with second-order motion, Radn-fractional Fourier transform (RFRFT) [ 32]
provides an e ective solution. Building on this, an RFRFT canceller-based method B3] was proposed to suppress
strong sea clutter and e ciently estimate weak target parameters. Moreover, the short-time Radon-Lv's distribu-
tion (STRLVD) [ 34] eliminates RM and DFM within each integration frame, thereby enabling multiframe coherent
integration of weak targets. However, these algorithms are gemeally developed for specic motion models and
associated transform frameworks, which limit their applicability. In contrast, generalized Radon-Fourier transform
(GRFT) [ 35] imposes no restriction on the motion order and enables coherent fagration and motion parameter
estimation along arbitrary motion trajectories. It demonstrates excellent performance under low SNR, providing
a more general solution for complex motion model parameter estintaon. Nevertheless, GRFT requires joint pa-
rameter search across all dimensions of the parameter spacestdting in extremely high computational complexity,
which poses a challenge for practical implementation. In recent yaa, several fast implementations of GRFT have
been proposed. Particle swarm optimization-based GRFT (PSO-GRH) [36] employs the PSO to accelerate pa-
rameter search, but it is prone to local optima under low SNR. The time reversing transform and special GRFT
(TRT-SGRFT) [ 37] leverage TRT to reduce the motion order. However, the TRT pro@ss results in the loss of inte-
gration gain, limiting its performance under low SNR. The dual-scale GRFT (DS-GRFT) [ 38] signi cantly reduces
the multidimensional search space of GRFT, but its acceleration e &t relies on speci c prior conditions, and its
computational burden remains signi cant in high-sampling-rate scenarios.

After motion compensation, stationary moving targets can be foased by performing azimuth Fourier transform
(FT). However, aircraft typically exhibit non-stationary motion ch aracteristics, leading to time-varying Doppler
frequencies across di erent scattering points39]. In such scenarios, applying azimuth FT after motion compensation
results in azimuth defocusing for some scattering points. To addrss this problem, range instantaneous Doppler
(RID) algorithms based on time-frequency analysis are commonly adpted [40{42]. These methods apply time-
frequency analysis to each range cell of the motion-compensateiinal in order to extract the instantaneous Doppler
spectrum of the target echo, thereby e ectively improving the imaging quality of non-stationary moving targets.
However, since the RID algorithms form images based only on instamineous slices of the signal's time-frequency
distribution, the amount of usable signal energy is relatively limited. Thus, under low SNR, RID imaging su ers
from poor SNR and degraded image quality, making it insu cient for n e imaging of moving aircraft.

To e ectively address the aforementioned challenges, this paper rst constructs a high-speed dual-component
motion model that captures the complex motion characteristics am imaging di culties encountered in spaceborne
SAR imaging of moving aircraft. Building upon this model, an adaptive blind speed side lobe-guided equilibrium
optimizer-based GRFT (ABEO-GRFT) is proposed to achieve accurde and e cient estimation of translational
motion parameters. Then, a two-dimensional matched lter is condructed based on the estimated parameters to
simultaneously compensate for range migration and azimuth phase odulation induced by translational motion.
Finally, to address the residual rotational motion component, an angle-matched fractional Fourier transform (AM-
FRFT) is developed, enabling ne focusing of echoes within each rargcell. The framework of the proposed ne
imaging method is illustrated in Figure 1.

The main contributions of this paper are summarized as follows.

(1) A high-speed dual-component motion model is established for siceborne SAR relative to aircraft, which
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Figure 1 (Color online) Framework of the ne imaging method for movin g aircraft in spaceborne SAR.

accounts for inter-pulse motion and non-stationary motion charateristics of the aircraft.

(2) An e cient motion parameter estimation method based on ABEO- GRFT is proposed, leveraging the blind
speed side lobe (BSSL) in GRFT to signi cantly improve search e ciency while maintaining high estimation accu-
racy.

(3) A ne focusing method based on FRFT is developed to address amuth defocusing caused by equivalent
rotation of the aircraft, thereby further enhancing the imaging quality.

(4) Measured Gaofen-3 (GF-3) satellite data are used to validate e proposed method. To the best of our
knowledge, this is the rstimplementation of ne imaging for moving air craft over a sea background with spaceborne
SAR.

The remainder of this paper is organized as follows: Section 2 estaliiss a high-speed dual-component spaceborne
SAR signal model for aircraft. Section 3 presents a motion paramer estimation method based on ABEO-GRFT.
Section 4 proposes a ne focusing method based on FRFT. Sectionfovides simulation analysis and experimental
validation to verify the e ectiveness of the proposed method. Findly, Section 6 concludes the paper.

2 Spaceborne SAR signal model for aircraft

In this section, a high-speed dual-component motion model and theorresponding signal model are established
for aircraft under the stripmap mode of spaceborne SAR. Considéng the resolution of spaceborne SAR and the
spatial scale of the aircraft, the aircraft is modeled as an extend# target composed of multiple scattering points.
The imaging geometry between the spaceborne SAR platform and # moving aircraft is illustrated in Figure 2.
The dual-component motion includes the overall translational motion between the SAR platform and the aircraft's
rotation center, as well as the rotational motion of the remaining attering points relative to the rotation center.
The former characterizes the rigid body overall translational motion of the aircraft relative to the spaceborne SAR
platform, while the latter describes the equivalent rotation of the aircraft, induced by changes in radar line of
sight and by non-ideal factors such as air ow disturbances and vaations in aircraft attitude during the coherent
integration time. The proposed model provides a geometric frameark for describing the motion characteristics of
all scattering points, thereby laying the foundation for subsequat signal modeling and ne focusing.

2.1 Motion model

In this section, a relative translational motion model between the AR platform and the aircraft is rst established

in the slant range plane, as illustrated in Figure 2. The SAR platform travels along the azimuth direction with a
velocity of vg. It is assumed that the satellite passes through the origin of the slat range plane at azimuth slow
time zero, at which point the rotation center of the aircraft is located at (Ag; Ro) in the slant range plane, with an
azimuth velocity of v,, azimuth acceleration ofa,, range velocity of v,, and range acceleration ofa, . Considering
the inter-pulse motion of both the satellite and the aircraft, the satellite transmits the signal from position (A¢( );0)
at slow time , which arrives at the aircraft's rotation center position (Az( );Rz( )) after a propagation delay 1,
and then returns to the satellite's position (A;( );0) after a further propagation delay ».

The expression for the coordinates of the aircraft's rotation ceter (A,( ); R2( )) is given as follows:

A2()= Aot val + )% Zaul + 1) 1)

Ry()= Ro+vi ( + 1)+ a( + 17 @
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Figure 2 (Color online) Imaging geometry between the spaceborne SAR platform and the moving aircraft.

Neglecting the cross terms and higher-order terms with respecta i, the above equations can be simpli ed as

A2()=A1( )+ Va1; ()
Ro()=Ra( )+ v 1; (4)
where 1

A1()= Ao+ Va + Saa 2 (5)

Ri()= Ro+ v +5a * ©)

1 and , can be solved from {) and (8),

Ax() A)*+ Ro() 7= R() % (7)

Ax() A() %+ Ro() = Re() ®)

where A; () and A, () are given byvsy andvg ( + 1+ ), respectively, while R; ( ) and R, ( ) are given by
¢ 1 and c ,, respectively, with ¢ denoting the speed of light.
By substituting ( 3) and (4) into (7), it follows that

r h i
@ (Ade( )*+(Ri()®  [VaRa()  VrAge( )]?
()= — Vg vrz + VaAgg( )V; Vr\lzzl( ); )
where
Ade( )= A1() Vs (10)
By substituting ( 3) and (4) into ( 8), it follows that
r h i

Co( ) V&4 VE(1( DP+2vRe( ) 1( )+ (Ru())? Vot [Age( )+ (Va  Var) 1( )]
()= v & 2 ;o (1)
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Figure 3 (Color online) Range migration components of di erent orde rs. (a) Components of the rst, second, and third orders; (b) detailed

view of the third-order component.

where
h i
Co()= (Va Ve)’+ V2 [1()P+2[(Va Vst)Ade( )+ VRi ()] 1()+[Ace (NP +[Ri (> (12)

The round-trip range history between the SAR platform and the aircraft's rotation center, Rsym( ), can be
approximated as "

#
(Ade ())°
Raum ()= Re()+ R () K Ri()+ 5o (13)
where 2 2
K = + : 14
e Va2 v? & vg? (14)
Expanding Rgm( ) at =0 by Taylor series expansion yields
1 2 1 3 3y.
Ram ()=2 ao+a +3za "+ zag ” +o( ) (15)
where X
K Ao
= — + —
%= 3 Ro Ry (16)
K (Va Vst) AO Vy 'A‘O2
a= — V + ; 17
1T Ro 2R 2 (17)
K (Va Vst)?2  @Ao  aA3  2(va Vs)VrAg VA3
= _ + + + 18
2= & Ro Ro 2R RZ R (18)
2 3aa(Va  Vst) 3(va Vst)ZVr 3a,Vr Ag 3ar (Va Vst)A03
K R R2 R2 R2
az = _g ° 2 ° 2 3 O2 ° é: (19)
2 N 6(Va Vst)VFAQ N 3a, Vi A§  3VPAG
R3 RS RS

For low Earth orbit (LEO) spaceborne SAR in stripmap mode, the coherent integration time is generally on the
sub-second scale. The typical rst-order, second-order, andhird-order range migration components are illustrated
in Figure 3(a), with a detailed view of the third-order range migration component shown in Figure 3(b). As can be
seen, over the exposure time, the rst-order and second-orderange migration components are signi cant, whereas
the third-order range migration is much smaller than the range resdution, indicating that its in uence on imaging
performance can be neglected. Consequently, in the following dei@tion, only terms up to second order are retained.
Accordingly, at slow time , the equivalent single range history between the SAR platform and he aircraft's rotation
center can be expressed as

Re()=ao+an + 32 % (20)
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After establishing the relative translational motion model betweenthe SAR platform and the moving aircraft, it
is necessary to further consider the rotational motion. Since theaircraft can be regarded as a rigid body, the spatial
con guration among its scattering points remains constant. Therefore, the rotational motion can be modeled as
a rigid body rotation dominated by the rotation center. In general, the target exposure time is relatively short,
allowing the assumption that during the integration time, the motions of both the SAR platform and the aircraft
remain relatively stable, and the projection of the target onto the imaging plane remains approximately unchanged.
With this assumption, the rotation of scattering points can be modded in the slant range plane, as illustrated in
the zoomed-in part of Figure 2. The rotation center is set at the origin O of the body- xed coordinate system.

Let the aircraft be modeled as a rigid body comprisingN scattering points. At slow time zero, the position of
the aircraft is indicated by the gray dashed line in the zoomed-in partof Figure 2. Consider an arbitrary scattering
point S; (i =1;2;::;N)on the aircraft, with coordinates (X;;Yy;). Assume that the aircraft rotates about its rotation
center with an angular velocity of ! ; and an angular acceleration of ,, and the positive direction is de ned as
counterclockwise. At slow time , the aircraft position corresponds to the black solid line. After rotation, the
scattering point S; moves to S%, with new coordinates (x% y?).

The rotation angle of the target after a time interval is given by

1

()=t +5 .2 (21)
The coordinate relationship between the scattering point before ad after rotation is
g #" #
x? cos () sin () x

Yo sin () cos () i (22)

Typically, the rotation angle ( ) remains small during the integration time, allowing the following approxima-
tions:
cos () 1; (23)

sin () !y +=, 2 (24)

NI =

Given that the size of the aircraft is much smaller than the range betveen the radar platform and the aircraft,
the e ect of the azimuth coordinate x{ of the scattering point S; on the range can be neglected, retaining only the
displacement along they? direction. Thus, the range between the radar platform and the sattering point S; at
slow time can be approximated as

1 1
Ri()= a+a "féaz2 oYt Xl +§Xir2 ; (25)

where the entire rst term represents the translational comporent, while the entire second term represents the
rotational component. It can be seen that the rotational compment varies with the position of each scattering
point relative to the rotation center.

2.2 Signal model

On the basis of the established motion model of the aircraft relativeto the SAR platform, this section further
derives the signal model. The transmitted linear frequency-moduléed (LFM) signal is given by

s( ) =rect = exp 2 fo +j ke 2 ; (26)
P
where is the fast time, T, is the pulse duration, fo is the carrier frequency, andk, is the frequency-modulated
rate of the transmitted signal.
The demodulated baseband echo can be represented as

X ()=
So(; )= i rect % exp j ki
i=1 p

2
RO " ep 2R (27)

where ; is the magnitude of backscatter coe cient of scattering point S;, and is the wavelength of the transmitted
signal.
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After range compression, the signal can be expressed as

X _
Src(; )= Gre isinc B &C() exp j4_Ri() ; (28)

i=1

where B is the signal bandwidth and G, is the gain of range compression.

Based on the above derivations, it can be concluded that the envef®e peak of the range-compressed target echo is
distributed along 2R;( )=c. This shows that the combined e ects of the satellite motion and theaircraft motion cause
the envelope to exhibit range walk and range curvature. Meanwhilethe phase term in (28) results in signi cant phase
modulation, among which the component corresponding to translaibn, expressed as exp j& a; + az 2 s
spatially invariant and can be uniformly compensated by accurately stimating a; and a,. In contrast, the quadratic
phase term corresponding to the rotational component, expresed as exp j2-x; , 2 , varies with the position of
each scattering point in the body- xed coordinate system and exlibits spatial variability, making it impossible to
compensate with a uni ed parameter. Therefore, independent cmpensation must be performed for each scattering
point in the subsequent processing.

3 Motion parameter estimation method based on ABEO-GRFT

In order to achieve e cient and accurate estimation of the translational motion parameters under low SNR, this
paper presents a novel motion parameter estimation method baseon ABEO-GRFT. By leveraging the structural
properties of BSSL and incorporating advanced search optimizatio strategies, the proposed method signi cantly
enhances search e ciency compared with conventional motion paameter estimation methods.

3.1 Generalized Radon-Fourier transform

GRFT achieves long-time coherent integration of moving target ecloes with any parameterized range migration 29.
For the range-compressed signal, GRFT is de ned as

Koo 1, 4 1.,
G(8) = Src c 8o +autm + EaZtm yIm eXp j— Qo +/astym + éaztm ; (29)

m=0

where M is the integration pulse number, and the integration time isT = M PRI, with PRI denoting the pulse
repetition interval. t,, is the azimuth slow time within the integration time. & = [‘ap;41;4,] is the search vector
corresponding to the range polynomial coe cient vector a = [ag; a;; az].

When the search vector&4 matches the true value vectora, the GRFT model achieves accurate compensation of
the translational component in the echo, thereby enabling optimalphase compensation and maximizing the coherent
integration gain. In contrast, the phase error introduced by the rotational component cannot be compensated by the
GRFT model, leading to a reduction in integration gain. Therefore, the global optimum of GRFT in the parameter
space corresponds to the target's translational motion parametrs, and the amplitude of the coherent peak can be
expressed as

G@)i=MA; (30)

WhereArc = Grc i
However, whend) = a; + ppVp, € ective translational phase compensation can still be achievedwhere p, is the
blind speed integer andvy, = =2PRI is the blind speed. In this case, the output amplitude of GRFT is given ly

. . Kt o
iG@)j = Arc sinc T((’ao ap) + PoVptm) (31)

m=0

It can be seen from B1) that when p, = 0 and &y = ap, GRFT achieves the maximum coherent integration gain,
as indicated in (30). When py, 6 0, the location of the peak of the sinc function varies with m, so it is not possible
to coherently integrate all the peaks of the sinc function output. Nevertheless, relatively high local accumulation
values can still be achieved, resulting in local peaks, which are referd to as BSSLs. To demonstrate this e ect, an
example of the GRFT search results in thead-4; domain is provided in Figure 4, where the BSSLs can be clearly
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Figure 4 (Color online) lllustration of the coherent peak and BSSLs i n GRFT.

observed. In @3], the sinc function is further approximated by a rectangular window, and the range center of the
BSSL peak is given by 82), with the corresponding BSSL peak value shown in 83).

1
&op = Qo iprbT; (32)

iGp@)j= A (33)

r .
" jpoj VPRI’
where ; = ¢=2B and p, 6 0. It can be seen that, asjpyj increases, the range center of the BSSL peak gradually
deviates from the range center of the coherent peak (i.egg). Meanwhile, the BSSL peak value decreases gpyj
increases. Furthermore, according to 81), the BSSL peak value is lower than that of the coherent peak value
These theoretical results are consistent with the phenomenon illusated in Figure 4.

3.2 Adaptive BSSL-guided equilibrium optimizer

As GRFT requires an exhaustive search within the parameter sealt space, it exhibits high computational com-
plexity, which greatly hinders its practical application. To address this issue, an adaptive BSSL-guided equilibrium
optimizer (ABEO) is developed based on the equilibrium optimizer (EO) [44], which enhances global optimization
performance and enables e cient and accurate parameter seatcin GRFT.

The EO models the conservation of mass within a control volume. As dscribed in 4], the temporal evolution
of concentration is formulated as follows:

V%—Ct: = QCeq QCH+G; (34)
where V is the control volume, C is the concentration, Q is the volumetric ow rate of in ow and outow, Cegq iS
the equilibrium concentration, and G is the mass generation rate.

By integration, the analytical solution for the concentration is obt ained as

C = Ceq +(Co Ceq)F+%(1 F); (35)

where = Q=V is the turnover rate, F =exp( (t tg)) is the exponential term, Cy is the initial concentration,
and tq is the initial time.

Based on the analytical solution in (35), the concentration variable C is mapped to the current position vector
of individual in the search space for the optimization problem. Accodingly, the continuous time concentration
evolution is transformed into the iterative update rule for the individ ual position. The resulting update rule
consists of three components. The rst term is the equilibrium conentration, which is randomly selected from
the equilibrium pool to guide the search. The second term represes the concentration di erence, re ecting the
gap between the individual and the equilibrium solution, and is used to pomote global exploration. The third
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term denotes the generation rate, which controls the intensity oflocal search to enhance exploitation capability and
improve solution accuracy.

EO simulates the dynamic mass balance of non-reactive componentgthin a control volume under the combined
in uence of multiple sources and sinks. This mechanism guides the sdiions to evolve collaboratively between
global exploration and local exploitation. Consequently, EO exhibits strong global search ability during the early
optimization phase, while enabling ne adjustments to the solutions inthe later phase to enhance local convergence
performance.

However, for the translational parameter search of moving aircaft in spaceborne SAR, EO still encounters di -
culties due to the lack of physical priors and the tendency to becora trapped in local optima, which is exacerbated
by low echo SNR and the high dimensionality of the parameter space. fiese issues restrict its e ectiveness in such
scenarios. To achieve robust and accurate estimation of motion pameters for the moving aircraft over the sea
background, this paper systematically improves the search mechmsms by integrating the structural characteristics
of GRFT and the convergence requirements under low SNR. The preosed improvements encompass the update
of equilibrium candidates, the update of individual positions, and adative activation strategies, culminating in
the development of ABEO, which incorporates both physical guidare and dynamic regulation. This signi cantly
improves global exploration capability, local exploitation precision, and convergence stability.

The speci ¢ implementation steps of ABEO are as follows.

(1) Initialization: Prior to executing the search process, the paraneters are initialized. The main parameters
include the maximum number of iterations | max , the population size N, the search dimensionD, the lower bound
LB and upper boundUB , as well as the weighting factors that control the search behavio To enhance the search
e ciency and solution diversity of ABEO, the initial population is gener ated using a uniform random distribution.

cihtial = |B +rand, (UB LB); n=1;2::;Np; (36)

where Cintd - denotes the initial position vector of the nth particle, and rand,, denotes a random number uniformly
distributed in the interval [O ; 1].

(2) Update of equilibrium candidates: All individuals in the current iter ation are evaluated according to the
tness function, which in this paper is designed based on the GRFT otput. A smaller tness value indicates better
individual performance. The four individuals with the best tness values and the arithmetic mean of their positions
are selected as equilibrium candidates to construct the equilibrium cadidate pool, given by

Ceqipool = Ceq(l) ; Ceq(2) ) Ceq(3) , Ceq(4) ) Ceq(ave) ; (37)

where 1
Ceqave) = 7 Ceq) * Ceq2) * Ceqd) + Ceqy (38)

Due to the locally optimal structural properties of the BSSL in GRFT , the current best equilibrium candidate
Ceqq Is likely to fall near the main lobe or a side lobe of GRFT. To ensure that he equilibrium candidates are more
likely to fall within the main lobe region and to avoid being misled into the BSSL regions, thereby further enhancing
the guidance e ectiveness of the equilibrium concentration term in psition updates, this paper proposes a BSSL-
guided equilibrium candidates update (BSSL-ECU) mechanism. This mehanism employs a dual-scanning strategy
combining blind speed interval scanning and neighborhood scanningyhich applies BSSL-structured guidance to the
equilibrium candidates for a re ned update, thereby improving the guidance quality and overall search performance.
When the adaptive activation strategy satis es rand > 1 i=l max,» Where rand is a random number uniformly
distributed in [0;1] andi is the current iteration number, a dual-scanning strategy is perfamed on the current best
equilibrium candidate Ceq) -

First, blind speed interval scanning is performed. Speci cally, the £cond element of the vectorC ), denoted
by Ceqq) (2), is shifted in integer multiples of the blind speed interval v, to construct the scanning sequence as
follows:

| m Cé?(l) (2) = Ceq (2) + qW; (39)
J
where q = M i M , with g being the blind speed integer andN, denoting the

number of g, while UB (2) and LB (2) denote the upper and lower bounds of the search range for pameter &,
respectively, andd e and b ¢ denote the ceiling and oor operations, respectively.

Next, each element in 89) undergoes further re nement via neighborhood scanning, fornmg a dual-scanning
sequence as follows:

i . L .
ci)@=cl, @+ i 5 viiELiziny (40)
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Figure 5 (Color online) Schematic of the dual-scanning sequence con struction.

where v is the neighborhood scanning step size, with v v, and L is the neighborhood scanning range. This
dual-scanning sequence construction is illustrated in Figureb.
Based on @2), the corresponding range component of each velocity scanningesment in (40) is given by

h i
r T .
Ceaty D= Ceqy () 5 Ceqi) @ Ceqy ) (41)
Thus, the positions of the new solutions generated by the BSSL-EQ mechanism are
, h i i
Ceatn = Coatn i Coglyy @i Ceqr) @) : (42)

The tness of each new solution is then evaluated. If the tness ofa new solution is superior to that of any
equilibrium candidate in the current equilibrium pool, a replacement is paformed and the stagnation counter is reset.
Otherwise, the stagnation counter is incremented by one. During he subsequent update of individual positions,
each individual randomly selects an equilibrium candidate from the eqilibrium pool with equal probability to serve
as the equilibrium concentration term.

The BSSL-ECU mechanism, which is designed based on the BSSL struce, achieves enhanced global guidance
capability and accuracy for the equilibrium candidates. This strengthens the ABEO's ability to exploit local optima
associated with BSSL, thereby improving the reliability of the searchdirection and the stability of convergence.

(3) Memory saving: After updating the equilibrium candidates, the algorithm employs a memory saving mecha-
nism to retrospectively screen the current individual states. If the tness of an individual in the current iteration is
not superior to its historical best tness, a rollback operation is performed. This mechanism e ectively suppresses
performance degradation caused by search uctuations and erdnces the stability and exploitation capability of
individuals. However, if the algorithm lacks su cient global exploratio n ability, the memory saving mechanism may
cause the search to stagnate near local optima. The BSSL-ECU nahanism e ectively avoids local optima induced
by BSSL. Meanwhile, ABEO introduces a random walk mechanism duringhe stage of individual position updates,
which adaptively triggers long steps in the event of stagnation, theeby further enhancing search diversity and the
ability to escape from local optima.

(4) Update of individual positions: Based on the established physicemodel and the mapping of parameters, the
iterative update rule for individual positions derived from (35) is given by

G
Ch=Ce+(Cnp Ceq)F+—V(1 F); (43)

whereV is set to unity and the exponential term F is de ned as [44]
F=lsignr 05)e ' 1; (44)
(b2 )

where sign () denotes the sign function, andt is given byt = 1 ﬁ . by and by, are constants controlling

the exploration and exploitation capabilities, respectively, while bothr and are random vectors within the interval
[0; 1]. Following [44], by =2 and b, = 1 are adopted. Furthermore, the generation rate G is given by [44]

G = GoF; (45)
with the initial generation rate de ned as Go = GCP (Ceq Cn), where GCP is expressed as
(
0:5rq; > GP;
cep = M 27 R (46)
0; r, < GP;

wherer; and r, are random numbers within the interval [0; 1]. Following [44], GP = 0:5 is adopted to balance
exploration and exploitation.
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To suppress the potential trapping in local optima and premature @nvergence, as well as to maintain a dynamic
balance between global exploration in the early stage and re ned gXoitation in the later stage, ABEO introduces
a power-law random walk (PL-RW) mechanism. This mechanism is activéed in the early iterations when the
stagnation counter reaches a speci ed threshold and the convgence criterion < 1 10 © is satis ed, where

= Cequ C'é"(fgl) . and C'é"(fgl) is the best equilibrium candidate from the previous iteration. The activation

probability is determined as rand > = i=l nax. The PL-RW mechanism is driven by the levy ight, which enables
individuals to perform random walks in the parameter search space.The step length of the levy ight follows a
power-law distribution, characterized by a heavy tail, meaning that most steps are short but a few are extremely long.
This constructs a search behavior that combines short steps andccasional long steps, thus e ectively enhancing
ABEO's capability to escape from local optima. The calculation of the gep length is given by |45] as

v L+ )sin( =2) ¥
it @+ )=z 20 H=

Ly = (47)

wherev and are independent random vectors with elements drawn from a stanard normal distribution N (0O; 1),
and ( ) denotes the Euler function. is the parameter of the Levy distribution, typically set to 1.5.
Based on the PL-RW mechanism, the position update rule for individuds is expressed as

Cn = Cn + Ln (48)

The PL-RW mechanism enables individuals to perform Levy ight-based random walks during the stagnation
phase, allowing for adaptive execution of long steps to e ectively esape from local optima, thereby increasing the
overall exploration diversity. In combination with the stable memory saving mechanism, the proposed position
update strategy achieves a favorable balance between global egpation and local exploitation, thus improving the
e ciency and accessibility of global optimum search.

To clearly present the overall execution logic of ABEO, the pseudoade is provided in Algorithm 1.

Algorithm 1 ABEO.

1: Set ABEO parameters and initialize the population;
2: while i<l max do

3: Calculate individual tness;

4: Construct equilitbrium pool Cegipool Via (1 37) and ( 38);

5: if rand > 1 i=l max then

6: for iqg=1: Ng do

7: Calculate CP, (2) via ( 39);

8: for j =1: L do

9: Calculate Céﬁ"d via (40){( 42);

10: end for

11: Record the individual ~ C pew( iq) with the best tness value;
12: Check if  C pew( iq) should replace any of the equilibrium candidates;
13: end for

14: end if

15: Update stagnation counter  s_cnt;

16: Apply memory saving;
17: for n=1: Ny do
18: Update individual position via ( 43);

19: if i< blmax =2¢ ~ sccnt > 5~ < 10 ® ~ rand > P i=l max then
20: Update individual position via ( 47) and ( 48);

21: end if

22: end for

23: i( i+

24: end while

The core improvements of ABEO are summarized as follows.

(1) BSSL-guided equilibrium candidates update mechanism: By updahg equilibrium candidates based on BSSL-
structured search and re nement, this mechanism enhances therepresentativeness and guidance accuracy in the
solution space. As a result, the ABEQO's ability to escape from BSSL-iduced local optima and its convergence
accuracy are signi cantly improved.

(2) Power-law random walk mechanism: By adaptively triggering the levy ight-based random walk strategy, this
mechanism e ectively prevents premature convergence and enipment in local optima. This signi cantly enhances
search diversity and global exploration capability.
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(3) Stagnation detection and adaptive activation mechanism: A staynation counter is employed to coordinate the
regulation between the BSSL-ECU mechanism and the PL-RW mechaism. On this basis, adaptive activation mech-
anisms based on iteration progress are further incorporated, allwing di erent search mechanisms to be selectively
activated at di erent execution stages, thereby realizing enhaned intelligence and stage-speci ¢ adaptability.

3.3 Ecient ABEO-GRFT motion parameter estimation method

In this section, ABEO is incorporated into the GRFT parameter search process, thereby forming the ABEO-GRFT
motion parameter estimation method. This method treats the ovemll translational motion parameters [&p; &1; &,] as
optimization variables and, by leveraging the accurate and e cient search capability of ABEO, locates the optimal
motion parameters in the solution space that maximize the coherenintegration output of GRFT.

For each individual C, = [‘ap; a1; 8], the tness function of ABEO-GRFT is de ned as

f(Cn)= ] G(Cn)j; (49)

where the negative sign is used to transform the maximization of thecoherent gain into a minimization problem
within ABEO.

3.4 Computational complexity analysis

This section presents a comparative analysis of the computationatomplexity for both GRFT and ABEO-GRFT.
Let M denote the integration pulse number,D denote the parameter search dimension, and the search vectoreb
& =[%a;8;1;::;;8p 1] with search boundsLB and UB as the lower and upper limits, respectively.

For GRFT, an exhaustive search is required over the entire paramier space. Thus, the computational complexity
of GRFT is mainly determined by the integration pulse number, the dimensionality and range of the parameter
space, and the step size for each parameter. For thdth dimension with search step size 4, the corresponding
number of search points is given by

UB (d) LB (d)
d

Ng = round ;d=0;%:::;D 1, (50)
where round() denotes the rounding function, UB (d) and LB (d) are the upper and lower bounds for thedth di-
mension, respectively. Neglecting the minor computational overhads in GRFT, the main part of the computational
complexity can be approximated as

o1

O (GRFT) Ng Mlm+ (M 1)la]; (51)
d=0

where |, is the complex multiplication, 1, is the complex addition.

For ABEO-GRFT, instead of exhaustive search in the parameter space, optimization is performed using a xed-
size population, which adaptively updates and iteratively re nes the search via intelligent selection. Thus, the
computational complexity of ABEO-GRFT mainly depends on the integration pulse number, population size, and
the number of iterations. Let the population size beN, and the number of iterations belmax. The computational
complexity of ABEO-GRFT can be approximated as

7 7 3 3 5
O(ABEO-GRFT)  Imax zMNp+ zMNgL+ ZNpD Im+ SMNp+ MNGL+ ZNpD 1o 1 (52)

From the above computational complexity expressions, it can be oberved that GRET requires exhaustive search
in a D-dimensional parameter space, with the dominant term being the poduct 5:01 Ng . As a result, the
computational complexity grows exponentially as the dimensionality increases. Once the step size is re ned or
the search dimension increases, the resulting computational andt@age burdens become prohibitive for practical
applications. By contrast, ABEO-GRFT involves only polynomial-order operations, and its computational com-

plexity increases much more slowly with the search dimension. Consegntly, in high-dimensional search scenarios,
ABEO-GRFT can signi cantly reduce computational overhead and enhance e ciency.
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4  Fine focusing method based on FRFT

In this section, a two-dimensional matched Iter is rst construct ed based on the estimated translational motion
parameters to jointly correct the range migration and phase moduation induced by the overall translational motion,
thereby achieving accurate translational compensation. Howewe for spaceborne SAR echoes of moving aircraft,
quadratic phase errors caused by the rotational component remin. These phase errors result in azimuth defocusing
and are spatially variant, making uni ed compensation infeasible. Furthermore, since each range cell typically
contains multiple scattering points, the corresponding azimuth sigral is generally characterized as a superposition
of multiple LFM components, which further increases the di culty of ne focusing. To address these challenges, an
imaging method based on AM-FRFT is proposed by leveraging the focsing capability of FRFT for LFM signals.
The proposed method is speci cally designed for the signal structte associated with the residual rotational term
and further incorporates peak extraction, CLEAN-based iterative separation, and termination criteria to enable
progressive extraction and ne focusing of multiple scattering poiris within each range cell, thereby e ectively
improving the imaging quality of complex scattering structures.

4.1 Translational motion compensation

The range-compressed signas.c ( ;tm) within the coherent integration time is subjected to a range FT, which
yields

X f 4
Src (f ;tm) = Gre jrect B exp J? (f +fo)Ri(tm) : (53)
i=1
Let the motion parameters estimated by ABEO-GRFT be Cyest = [ap; a1; a2]. The corresponding two-dimensional
matched lter is designed as

4 1
Hue (f ;tm) =exp J?(f +fo) aitm + ét'ﬂlz'[m2 : (54)

Multiplying the range frequency-azimuth time domain range-compressed signal by the two-dimensional matched
Iter yields

X f 4 1
Sic(f ;tm) = Gre i rect B exp J?(f +1fo) ag+yi+ X! tm+ éxi rtﬁq : (55)
i=1
By performing a range inverse Fourier transform (IFT) on (55) and neglecting envelope variation caused by
rotational motion, the time-domain signal after translational mot ion compensation can be expressed as
2(a0 + Vi)

X
Ste(itm) = Grc i sinc B e exp 14_ At yit+ X!ty + %Xi rtﬁw : (56)
i=1

The Doppler frequency corresponding to each scattering point is
2
fai= —(Xi!'r+ X rtm): (57)

It can be observed that there remains a residual quadratic phaserror introduced by rotational motion after
translational compensation. The azimuth signal corresponding taeach scattering point is an LFM signal. Typically,
there are multiple scattering points within a range cell, resulting in a siperposition of LFM signals with di erent
centroid frequencies and frequency-modulated rates in the sighaf each range cell. Therefore, if azimuth FT is
performed directly on the compensated signak ( ;t ), the resulting image will exhibit azimuth defocusing, and
the farther the scattering point is from the rotation center in the azimuth direction (i.e., the greater the value of
iXij), the more pronounced the defocusing becomes.

4.2 Angle-matched fractional Fourier transform

To further correct the residual quadratic phase errors in the aamuth direction, this paper proposes an AM-FRFT.
Speci cally, after translational motion compensation, the N, range cells containing the target signal are selected.
For the ir th range cell, let the signal bes ;) (tm). The FRFT is applied to this signal, yielding
Z,
Stc(ir )(U) =F Ste (ir )(tm) (u) = Ste (ir )(tm) K (tm;u)dty; (58)
1
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whereF denotes the FRFT of angle , Stc(ir) (u) is the signal after FRFT, and K (tm;u) is the transform kernel,
which is given by

A expj 3t2 cot utpcsc + iucot ;6 n ;

© T v =n

(59)

where r _
A = 1127(:0.[ : (60)

It can be seen that when 6 n , K (tn;u)is an LFM signal with a frequency-modulated rate of cot . For the
signal of the jsth scattering point within the ir th range cell, FRFT is expressed as

Zq
St ir y(js) (U) = . Ste(ir )(js ) (tm) K (tm; U) dtm; (61)

where 4 L
St (ir )(js)(tm) = Grc js exp j— ag+ Yis + Xjs ! rtm + zxjs I’tﬁq : (62)

When the angle satis es the following condition:
4
Kk =arccot —Xjs r (63)

the quadratic phase term in the signal of the scattering point will be e ectively eliminated. At this point, the

envelope ofStC"(ir )(js)(u) will take the form of a sinc function, given by
I . T(@4 xjs!r= +ucsc k)
where
IC, (Wj=Gr jsjA ,J: (65)
It can be observed that, by searching for the angle x corresponding to the maximum peak of S (u) , the

te(ir ) (js)
optimal angle can be selected to best match the frequency-moduled characteristics of the scattering point. This
enables the echo energy of the scattering point to be most e ectigly accumulated, and the coordinate corresponding
to the peak can be expressed as n 0

Umax = arg Lnax Stck(ir Ys) (u) (66)
After locating the peak value for the scattering point, the CLEAN t echnique B6] is employed to remove the echo
component corresponding to this scattering point from the current range cell echo. Subsequently, the above process
is repeated for the residual signal to iteratively extract the accumulated energy of the remaining scattering points
until the preset termination criteria are satis ed. The termination criteria for AM-FRFT are designed based on
geometric priors and energy residual thresholds. According to th theoretical limit determined by the physical size
L4, and the resolution ,;, the theoretical upper limit of the number of azimuthal scattering points is calculated

asMg,; = dLa,= az€ Meanwhile, the initial total energy of the range cell echo isEi,i; . After the kth CLEAN

iteration, the residual energy is EX& , and the residual energy ratio is ) = E{& =Eint . When & falls below
the threshold ", the residual energy is considered indistinguishable from noise, anithe iteration is terminated. The
owchart of AM-FRFT is shown in Figure 6.

5 Experimental validation

5.1 Simulation analysis

5.1.1 Performance analysis of the ABEO-GRFT-based motion paramter estimation method

The SAR simulation parameters are listed in Table 1, and the system operates in stripmap mode. The aircraft
model constructed in the slant range plane is shown in Figuré/(a), with motion parameters provided in Table 2.
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Figure 6 Flowchart of AM-FRFT.

Without loss of generality, the left engine is selected as the rotationcenter in the simulation. To simulate the low
SNR echo of aircraft as encountered in practical scenarios, Gagmn white noise is added to the range-compressed
signal to achieve an SNR of 0 dB, as shown in Figureg(b) and (c), where the range-compressed signal exhibits
signi cant range migration.

A total of 800 pulses are selected for estimating the overall tranational motion parameters of the aircraft using
ABEO-GRFT. The true values of the translational parameters between the SAR platform and the aircraft at the
initial azimuth time are listed in Table 3. The population size of ABEO-GRFT is set to 200, and the maximum
number of iterations is set to 2000. The search ranges foag} 4; and &, are [899, 901]km, [0, 250]m/s, and
[0, 100]m/s?, respectively. The convergence curve of ABEO-GRFT is shown in Figre 8(a). Figures 8(b) and (c)
illustrate the three-dimensional distribution of all individuals' histor ical positions in the parameter search space and
their corresponding normalized tness values over iterations. Thee gures demonstrate that the population, under
the guidance of ABEO search strategies, is capable of adaptively qasting the search density, resulting in adaptive
and non-uniform search behavior, thereby achieving e cient identi cation of the global optimum. The search result
corresponding to the peak isay = 900.070 km, &, = 183:131 m/s, and &, = 65.955 m/s2. Compared with the true
values, the errors in the three dimensions are 0.002 km, 0.001 m/s,nd 0.043 m/s?, respectively, indicating that
ABEO-GRFT achieves accurate estimation of the translational parameters.

A comparison is further conducted among ABEO-GRFT, EO-based QRFT (EO-GRFT), and conventional GRFT
in terms of parameter estimation accuracy and e ciency to evaluate the advantages of the proposed method. The
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Table 1 Spaceborne SAR simulation parameters.
Parameter Value Unit
Carrier frequency 5.4 GHz
Signal bandwidth 60 MHz
Sampling frequency 66.667 MHz
Transmitted pulse duration 45 s
Slant range of scene center 900 km
Altitude 755 km
E ective radar velocity 7569.768 m/s
Pulse repetition frequency 1410.921 Hz
Squint angle 0
Antenna length 10 m
Table 2 Aircraft motion parameters.
Parameter Value Unit
Range velocity 200 m/s
Azimuth velocity 100 m/s
Range acceleration 4 m/s 2
Azimuth acceleration 1 m/s 2
Angular velocity 0.0087 rad/s
Angular acceleration 0.0175 rad/s 2
True values of the translational parameters.
Parameter Value Unit
ao 900.068 km
a 183.130 m/s
a, 65.998 m/s 2
(a)20' . : .. ®) © 400 @
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Figure 7

(Color online) Simulated data of the aircraft. (a) Aircraft
compressed signal after noise addition; (d) range-compres

model; (b) range-compressed signal

sed signal after translational motion compensation.

before noise addition; (c) range-

number of coherent integration pulses and parameter settings 'tGRFT and EO-GRFT are identical to those

described previously for ABEO-GRFT. In GRFT, the search interval for g is 2.248 m, for&) is 0.049 m/s, and
for &, is 0.1 m/s?>. For each algorithm, 30 independent experiments are conductedand the statistical results are
summarized in Table 4. The runtime refers to the computational time required to execute each algorithm on a
computer equipped with an Intel i7-12700 processor.

As can be observed from Table4, the conventional GRFT achieves the highest accuracy. Howeverit su ers
from extremely high computational complexity, which makes it di cult to satisfy the e ciency requirements of
practical applications. Although EO-GRFT exhibits slightly higher com putational e ciency than ABEO-GRFT,
its accuracy is signi cantly lower under low SNR. In contrast, ABEO- GRFT achieves a substantial reduction in
runtime while maintaining high accuracy, thus enabling highly e cient an d accurate estimation of translational
motion parameters for aircraft.

To further validate the e ectiveness of ABEO-GRFT for motion par ameter estimation under low SNR and clutter
conditions, 200 independent experiments are conducted under derent SNRs and signal-to-clutter ratios (SCRs).
The root mean square errors (RMSESs) 0B} and &, are then calculated. The parameter settings of ABEO-GRFT are
kept consistent with those described previously. The SNR and SCR fathe range-compressed data are both varied
from 5 to 10 dB with an interval of 1 dB. For the clutter background, the sea clutter is statistically modeled using
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Table 4 Performance comparison of algorithms.

Algorithm Accuracy (%) Runtime (s)
GRFT 100 376769.35
EO-GRFT 53.33 40.76
ABEO-GRFT 93.33 63.60
@5 x10° (b) . © 1
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Figure 8 (Color online) ABEO-GRFT search results in simulation. (a) Convergence curve; (b) search results in the ~  ap-4; domain; (c) search

results in the ~ag-4, domain.
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Figure 9 (Color online) RMSEs of A a; and ‘a» versus SNR or SCR. (a) * a1; (b) "a2.

the generalized gamma distribution (G D), which is commonly adopted for spaceborne SAR maritime scene|/{ 49].
The parameters of GD are setto =0:9198, =1:4667, and =1:4236. The RMSEs ofa} and &, versus SNR
or SCR are shown in Figures9(a) and (b), respectively.

As shown in Figure 9, when the SNR or SCR is higher than 3 dB, the RMSEs of% and &, remain stable around
10 2, indicating that ABEO-GRFT can achieve high motion parameter estimation accuracy. However, when the
SNR or SCR falls below 3 dB, the RMSEs gradually increase as the SNR d8CR decreases, suggesting that the
parameter estimation accuracy of ABEO-GRFT is progressively degaded. When the SNR or SCR decreases to
approximately 3 dB, ABEO-GRFT is essentially ine ective for motion parameter estimation. Further comparison
shows that the RMSEs ofd) and &, exhibit generally consistent trends with respect to SNR and SCR. Tlis indicates
that, under the sea clutter statistical model and experimental sttings adopted in this paper, the in uence of sea
clutter on motion parameter estimation performance is relatively limited. In summary, ABEO-GRFT demonstrates
robust parameter estimation performance under both noise andlatter backgrounds, and maintains accurate motion
parameter estimation within a certain low-SNR and low-SCR range, trereby providing reliable motion parameters
for the subsequent translational motion compensation.

5.1.2 Performance analysis of the FRFT-based ne focusing method

Based on the estimated translational parameters, the range-aopressed signal is compensated, as shown in Fig-
ure 7(d). Figures 7(c) and (d) demonstrate that the two-dimensional matched Iter designed with the parameters
estimated by ABEO-GRFT achieves precise translational compens#gon. The compensated signal after azimuth
FFT is presented in Figure 10(b). To more clearly demonstrate the focusing quality of scatterirg points, the image
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Figure 10 (Color online) Imaging results in simulation. (a) Imaging r esult of the autofocus algorithm; (b) imaging result after a zimuth FFT;

(c) imaging result after AM-FRFT.
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Figure 11 (Color online) Comparison of azimuth proles of scattering points in simulation. (a) Right engine scattering point; (b ) nose

scattering point.

was interpolated by a factor of 16. In this gure, the scattering point located at the rotation center remains well
focused, as it is una ected by the rotational component, wherea the other scattering points mostly exhibit varying
degrees of azimuth defocusing. This observation agrees with thengoretical analysis in Section 4, which shows
that the farther a scattering point lies from the rotation center along the azimuth direction, the more pronounced
the defocusing. In comparison, FigurelQ(c) shows the imaging result obtained by applying the AM-FRFT to the
compensated signal. The AM-FRFT e ectively corrects the spatially variant phase errors introduced by rotation,
yielding ne focusing for all scattering points. Meanwhile, the average runtime over 30 independent experiments is
2.33 s. The strong scattering points at the right engine and the nos, highlighted by red boxes in the gures, are
selected for comparison, and their azimuth pro les are shown in Figue 11. Compared to the azimuth FFT, the
AM-FRFT achieves higher-quality azimuth focusing and signi cantly im proves the imaging quality of scattering
points.

5.1.3 Performance comparison of the proposed ne imaging method

To validate the superiority of the proposed ne imaging method unde low SNR, a classical autofocus imaging
algorithm is applied to the same set of echo data. This algorithm consis of minimum-entropy range alignment
combined with phase compensation using phase gradient autofocyBGA). The result is shown in Figure 10(a), and
the average runtime over 30 independent experiments is 198.55 s. domparison with Figure 10(c) indicates that
the autofocus algorithm fails to extract the phase characteristis of the target under low SNR. The compensation
accuracy is signi cantly reduced, resulting in severe image degraden and ine ective focusing. By contrast, the
proposed method constructs an accurate slant range model angimploys ABEO-GRFT for precise estimation of the
translational parameters, combined with the AM-FRFT to compensate for the quadratic rotational components.
This method enables e cient and ne imaging under low SNR, clearly demonstrating its performance advantages
in spaceborne SAR imaging of moving aircraft.



LiZY ,etal Sci China Inf Sci August 2026, Vol. 69, Iss. 8, 180303:19

Table 5 GF-3 spaceborne SAR parameters.

Parameter Value Unit
Carrier frequency 5.4 GHz
Signal bandwidth 60 MHz
Sampling frequency 66.667 MHz
Transmitted pulse duration 45 s
Near range 859.999 km
Pulse repetition frequency 1410.921 Hz

Squint angle 0

Look angle 30.62

(a)

Figure 12 (Color online) Measured data from the GF-3 satellite. (a) Ra nge-compressed data; (b) B77W aircraft.

5.2 Measured data validation

To further verify the e ectiveness of the proposed ne imaging mehod in real scenarios, this paper processes
measured data of a moving aircraft over the sea background, acired by the GF-3 satellite. The parameters of
GF-3 spaceborne SAR are listed in Tables. The range-compressed data of this scene are shown in Figule(a),
highlighting the presence of a moving aircraft over the sea backgund with low observability. According to ( 67), the
SNR of the range-compressed data is approximately 3.5 dB, indicatig that the target echo is relatively weak and
thus poses signi cant challenges to subsequent imaging. To furthrecon rm the authenticity of the imaged target,
the temporal and spatial information of the SAR scene was matché with the automatic dependent surveillance-
broadcast (ADS-B) database of the aircraft. The result con rms that the target is a Boeing 777-300ER (B77W)
aircraft, whose photograph is shown in Figurel2(b).

SNR =10l0g,, —39_ (67)

I:)noise

where Pgjg denotes the mean signal power, andP,qise denotes the mean noise power.

A total of 800 pulses are selected for coherent integration. ABEGGRFT is con gured with a population size
of 200 and a maximum of 2000 iterations. The search ranges fap?&; and &, are [874.403, 875.184] km, [250,
0] m/s, and [0, 100] m/s?, respectively. The convergence curve of ABEO-GRFT is shown in Figre 13(a). The search
results in the three-dimensional parameter space are presentad Figures 13(b) and (c). The optimal parameters
corresponding to the peak value area§=874.830 km, &, = 150818 m/s, and &, =59.126 m/s?.

After applying translational compensation with the estimated motion parameters, azimuth compression is per-
formed using both FFT and AM-FRFT. The corresponding imaging results are shown in Figures14(b) and (c). It
can be observed that the AM-FRFT-based imaging provides improve focusing of the scattering points compared
to azimuth FFT-based imaging, with the left wing scattering point bein g clearly resolved. Furthermore, Figurel5
presents a comparison of the azimuth pro les of typical scatterirg points, including the left wing and the nose,
which are marked with red boxes in Figures14(b) and (c). The results demonstrate that AM-FRFT e ectively
enhances the energy accumulation of weak and edge scatteringipts and achieves ne imaging of moving aircraft.

To further verify the geometric consistency of the imaging result, the overall length, wingspan, and engine
spacing of the target are approximately measured based on the inggng result in Figure 14(c) together with
the projection relationship in spaceborne SAR imaging geometry. Tl measured values are 72.56, 60.47, and
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Figure 13 (Color online) ABEO-GRFT search results for measured data. (a) Convergence curve; (b) search results in the ~ ap-4; domain;
(c) search results in the * ap-4, domain.

Figure 14 (Color online) Imaging results for measured data. (a) Imagi ng result of the autofocus algorithm; (b) imaging result aft er azimuth
FFT; (c) imaging result after AM-FRFT.

Figure 15 (Color online) Comparison of azimuth pro les of scattering points for measured data. (a) Left wing scattering point; (b ) nose
scattering point.

18.39 m, respectively. According to the o cial Boeing document [50], the corresponding o cial nominal values of
the overall length, wingspan, and engine spacing for this aircraft ype are 73.86, 64.80, and 19.22 m, respectively.
The results demonstrate that the measurements are in reasondd agreement with the o cial nominal values, indi-
cating that the reconstructed scattering structure is consistent with the true geometric con guration of the aircraft.
This further supports the validity of the imaging result.

The autofocus algorithm is also applied to the measured data, as sk in Figure 14(a). The results indicate
that, under low SNR, the autofocus algorithm fails to e ectively compensate for phase errors, rendering the target
structure unrecognizable. In contrast, the proposed ne imagirg method is still capable of achieving high-quality
focusing under the same conditions, successfully recovering theattering structure of the aircraft. As far as we
know, this is the rst realization of ne imaging of moving aircraft ove r a sea background using spaceborne SAR
measured data.
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6 Conclusion

To address the challenges of low SNR and range Doppler migration in sgeborne SAR imaging of moving aircraft
over the sea background, this paper proposes a ne imaging metlth First, a high-speed dual-component motion
model between spaceborne SAR and aircraft is established, and ¢himpact of di erent motion components on

imaging performance is analyzed. Subsequently, a motion paramatestimation method based on ABEO-GRFT is

developed to achieve accurate and e cient estimation of translaticnal parameters. Finally, a ne focusing method
based on FRFT is proposed to realize translational compensation ah ne azimuth focusing. Simulation and

experimental results demonstrate that the proposed method eables high-quality imaging of moving aircraft. This

work highlights the feasibility of spaceborne SAR for imaging moving aicraft over open seas. Future work could
explore integrating the signal model and the methods for comperation and focusing developed in this paper into
large model-driven aerospace microwave imaging frameworks as prioonstraints or interpretable modules, thereby
advancing the development of imaging methods that combine data-dven capability with physical interpretability.
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