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Abstract: Spaceborne inverse synthetic aperture ladar (ISAL) can achieve high-resolution
imaging of satellite targets. However, because the amplitudes of satellite microvibration
are comparable to the ladar wavelength, the echoes will contain both space-variant and
space-invariant phase errors. These errors will lead to azimuthal image defocus and impede
target analysis and identification. In this paper, we establish a phase error estimation model
based on satellite vibration characteristics. Based on this model, we propose a vibration
phase error compensation algorithm using prior information and adaptive windowing.
Compared to conventional algorithms, this algorithm utilizes prior information to improve
estimation accuracy while significantly reducing computational complexity. Furthermore,
high-accuracy phase function estimation can be achieved through maximum likelihood
estimation and adaptive window filtering, thereby enabling the compensation of vibration
phase errors. Both simulation and real imaging experiments validate the effectiveness and
robustness of the proposed algorithm.

Keywords: inverse synthetic aperture ladar (ISAL); satellite targets; vibration compensa-
tion; space-variant phase error; space-invariant phase error; priori information; adaptive
windowing

1. Introduction
Inverse synthetic aperture ladar (ISAL) represents a breakthrough in super-resolution

imaging by overcoming the diffraction limit. Compared to conventional microwave radar,
ISAL achieves superior spatial resolution in reduced acquisition time by leveraging the
shorter wavelengths of the optical band. Additionally, through laser heterodyne detection,
ISAL enables high-fidelity imaging of ultralong-distance targets [1,2]. When deployed
on orbital platforms, ISAL can circumvent the decoherence effects in optical heterodyne
detection signals caused by atmospheric turbulence, thereby facilitating target classification
and identification [3,4]. Consequently, spaceborne ISAL presents significant potential for
the detection and identification of space targets, particularly satellites.

However, the short laser wavelength presents both advantages and challenges. The
ISAL operates at wavelengths on the order of micrometers, which is comparable to the
microvibration amplitude of satellite targets. This high sensitivity to satellite vibration
introduces significant phase errors in the echo signals, causing image defocus and severely
degrading the ISAL imaging quality. Consequently, compensation for vibration-induced
phase errors is essential for achieving high-resolution imaging [5].
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Satellite target microvibration consists of two components: translational vibration and
angular vibration. Translational vibration occurs along the line-of-sight direction relative
to the ladar. This motion generates space-invariant phase errors, which remain constant
in both azimuthal and range dimensions. Angular vibration refers to the vibration of the
target as it rotates relative to the ladar. It produces space-variant phase errors that vary
with the target’s azimuthal dimension. In satellite ISAL imaging, angular vibration is the
dominant motion component [6,7]. Therefore, the resulting space-variant phase errors
cannot be ignored.

Multiple strategies have been developed to address ISAL/SAL vibration phase error
compensation. Established methods include the phase gradient autofocus (PGA) [8], maxi-
mum contrast algorithm [9], and minimum entropy algorithm [10]. PGA, the most widely
adopted method, demonstrates robust performance by estimating strong scattering points
across range cells without assuming any specific phase error form. Recent advances have
introduced novel compensation techniques. Hu et al. [11] developed a multichannel inter-
ferometric processing method for ISAL vibration phase estimation. Their approach models
phase errors using polynomials and extracts phase error differentials through multichannel
interference. Yin et al. [12] proposed a delay-based conjugate multiplication method that
suppresses pairwise echoes during ISAL platform amplitude variations. However, these
methods are limited to compensating space-invariant phase errors, leaving space-variant
phase errors unaddressed.

To address this issue, Song et al. [13] developed an autofocusing method based on
nonparametric estimation of two distinctive points for space-variant phase error compen-
sation. However, this method’s reliance on isolated distinctive points in the target scene
restricts its practical applications. Subsequently, Song et al. [14] introduced the phase
gradient matrix autofocusing (PGMA) algorithm. This method employs weighted least
squares linear fitting (WLSLF) to iteratively estimate vibration phase errors, enabling com-
pensation of higher-order space-variant phase errors from satellite vibration. However,
PGMA’s performance is limited by two factors: the inclusion of misestimated range cells
reduces both estimation accuracy and computational efficiency, and the requirement for
manual parameter input leads to unstable compensation results. Wang et al. [7] proposed a
frequency descent minimum entropy optimization algorithm that improves the estimation
of both space-variant and space-invariant phase errors. Despite its enhanced accuracy,
the algorithm’s high computational cost makes it impractical for real-time spaceborne
ISAL imaging.

For these considerations, we propose an improved vibration phase error compensa-
tion algorithm based on prior information and adaptive windowing. First, we establish
a phase error estimation model based on satellite vibration characteristics, transforming
the vibration phase error estimation into a phase function estimation problem. Then,
range-compressed data undergo PGA preprocessing to identify viable range cells as prior
information. Using this information, we extract corresponding image segments for adaptive
window width estimation. These estimated widths are applied to window the main scatter-
ers’ centers in each range cell, effectively filtering clutter interference. The phase functions
are then estimated using maximum likelihood estimation. Finally, vibration phase errors
are determined through weighted least-squares (WLS) estimation. Echo data compensation
is performed iteratively to achieve a well-focused image. Simulation and experimental
results demonstrate that our method effectively compensates both space-variant and space-
invariant phase errors caused by satellite vibration, offering high accuracy, computational
efficiency and robust performance.

The paper is organized as follows. In Section 2, we introduce the ISAL turntable
imaging model and echo signal model with target vibration effects. Section 2.3 details
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the developed vibration phase error estimation model and describes the detailed imple-
mentation of the proposed algorithm. Experimental results using both simulation and
real measurement data are presented in Section 3. Section 4 provides a discussion of the
obtained results. Finally, the conclusion is given in Section 5.

2. Methods
2.1. Imaging Geometry

In ISAL imaging, the synthetic aperture is formed by the relative motion between the
target and the ladar. The imaging geometry can be simplified by assuming a stationary ladar
while decomposing satellite target motion into translational and rotational components.
After range migration compensation and initial phase correction eliminate the translational
motion, the imaging geometry becomes equivalent to a turntable model where the target
rotates around a reference point, as illustrated in Figure 1.
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Figure 1. ISAL imaging equivalent turntable model.

In Figure 1, the ladar is positioned in the far field. A Cartesian coordinate system
is set up with the target’s equivalent rotation center O, as the origin. In this system, the
Y-axis is defined by the ladar’s line of sight, while the X-axis is oriented perpendicular to
it. The satellite target revolves around the origin O with an angular speed of ω, with no
translational motion relative to the ladar. Point D represents the ith scattering point on
the target with coordinates (xi, yi), and θ0 denotes the angle between OD and the X-axis.
When the target is not vibrating, the distance from scattering point D to the ladar can be
expressed as:

Ri(tn) =
√

R0
2 + Rd

2 + 2R0Rd sin(θ0 + ωtn) (1)

where R0 represents the distance between the ladar and origin O, Rd represents the distance
from scattering point D to origin O, and tn denotes the slow time. Since the target-to-ladar
distance R0 is much greater than the target dimensions (R0 ≫ Rd), the equation can be
approximated as:

Ri(tn) ≈ R0 + xi sin(ωtn) + yi cos(ωtn) (2)

Since the coherent accumulation angle required for ISAL imaging is very small, i.e.,
the value of ωtn is small, Ri(tn) can be approximated as:

Ri(tn) ≈ R0 + yi + xiωtn (3)
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In the turntable model, satellite microvibration can be decomposed into translational
vibration and angular vibration. The translational vibration corresponds to the radial
displacement component of the satellite from origin O to the ladar along the Y-axis, while
the angular vibration represents the angular displacement component of the satellite
relative to origin O. Satellite microvibration is induced by both internal and external forces.
Assuming these influences follow a smooth random process, the resulting translational and
angular vibrations can be modeled as independent harmonic motions [15,16], expressed,
respectively, as: 

r(tn) = ∑
p

Arp sin(2π frptn + φrp)

θ(tn) = ∑
p

Aθp sin(2π fθptn + φθp)
(4)

where r(tn) denotes the instantaneous vibration-induced radial distance variation along
the ladar line of sight direction, Arp, frp and φrp denote the amplitude, frequency, and
initial phase of the p-th translational vibration component, respectively, θ(tn) represents
the instantaneous angular displacement of the satellite relative to the origin O, Aθp, fθp

and φθp indicate the amplitude, frequency, and initial phase of the p-th angular vibration
component, respectively. Due to target vibration, the distance from ladar to scattering point
D becomes:

Ri(tn) ≈ R0 + yi + xi(ωtn + θ(tn)) + r(tn) (5)

2.2. Signal Model

ISAL systems conventionally utilize linear frequency-modulated (LFM) signals for
target imaging, and its mathematical expression is:

s(t f , tn) = rect(
t f

Tp
) exp(j2π fct + jπγt2

f ) (6)

where the rectangle function

rect(u) =

{
1, |u| ≤ 1/2
0, |u|> 1/2

and t f is the fast time, t = t f + tn is the full time, Tp is the pulse width, fc is the carrier
frequency. The ratio γ = B/Tp is the chirp rate, where B is the bandwidth of the transmitted
LFM signal. Assuming k scattering points in the target scene, the received echo signal can
be expressed as:

sr(t f , tn) =
k

∑
i=1

σirect(
t f − 2Ri(tn)/c

Tp
) exp(jπγ(t f − 2

Ri(tn)

c
)

2

) exp(j2π fc(t f − 2
Ri(tn)

c
)) (7)

where σi and Ri(tn) denote the backscattering coefficient and the distance between the
ladar and the ith scattering point, respectively, and c represents the speed of light. After the
dechirping, range compression, and the residue video phase (RVP) compensation [17] of
the ISAL target echo signals, we can obtain the following:

sr( fr, tn) =
k

∑
i=1

σi sin c

(
Tp( fr + 2γ

Ri(tn)− Rre f

c
)

)
exp(−j

4π

λ
(Ri(tn)− Rre f )) (8)

where Rre f is the reference distance corresponding to the reference channel and λ is the
optical wavelength.
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Setting Rre f = R0 and substituting (5) into (8), we can obtain:

sr( fr, tn) =
k
∑

i=1
σi sin c

(
Tp( fr + 2γ

∆Ri(tn)

c
)

)
exp(−j

4π

λ
(yi + xiωtn))

· exp(−j
4π

λ
xiθ(tn)) exp(−j

4π

λ
r(tn))

(9)

where ∆Ri(tn) = Ri(tn)− Rre f . The first phase term in Equation (9), induced by target
rotation, encodes the azimuthal position information of the ith scattering point. The second
term corresponds to space-variant phase error arising from angular vibration, which
exhibits dependence on the target’s azimuthal coordinates. The third term describes the
space-invariant phase error caused by translational vibration. Both the second and third
terms induce azimuthal defocusing in ISAL imagery and necessitate compensation to
achieve optimal focusing performance.

2.3. Proposed Vibration Phase Error Compensation Algorithm

In this section, we establish a phase error estimation model for satellite vibrations.
Building on this model, we propose an iterative compensation algorithm that incorporates
prior information and adaptive windowing. The algorithm utilizes prior data to select
appropriate range cells for estimation, thereby reducing computational complexity while
enhancing estimation accuracy. In each iteration, adaptive window center filtering is
applied to improve both the efficiency and stability of the algorithm.

2.3.1. Phase Error Estimation Model

Phase error estimation typically begins with the data in the range-compressed do-
main. The range-compressed data matrix of the outlier echo is denoted as S(m, n), where
m = 1, 2, . . . M, is the range cell number, M is the total number of range cells, and
n = 1, 2, . . . N, is the sequence of pulse numbers, N is the total number of pulses. During
data processing, the phase function of the echo signal is sampled at the pulse repetition
frequency of the slow-time sampling. Since the constant term does not impact the imaging
process, it is ignored. As a result, Equation (9) can be rewritten as follows:

S(m, n) =
k

∑
i=1

σi sin c
(

Tp( fr + 2γ
∆Ri(tn)

c
)

)
exp(j2π fin) exp(j2π fi φθ(n)) exp(jφr(n)) (10)

where fi = −2xiω/(λ · PRF) denotes the Doppler frequency of the ith scattering point,
normalized by the pulse repetition frequency. The azimuthal frequency position of the
ith scattering point is represented by 2π fi, ranging from −π to π, and PRF is the pulse
repetition frequency. We define the normalized angular vibration error parameter as
φθ(n) = θ(tn) · PRF/ω, and the normalized translational vibration error parameter as
φr(n) = −j4πr(tn)/λ. Assume that the Doppler frequency of the strongest scatterer in the
mth range cell is fd, and treat the other scatterers as clutter terms. The signal for the mth
range cell can then be written as:

Sm(n) = Km exp(j(2π fdn + 2π fd φθ(n) + φr(n))) + ηm(n) (11)

where Km denotes the magnitude of the strongest scatterer in the mth range cell, and ηm(n)
represents the clutter term in the mth range cell. For the same slow-time, the space-variant
and space-invariant phase errors induced by satellite microvibration are identical across all
range cells. Therefore, the phase function of the signal for all range cells can be expressed
as follows:

Φ = Aφe +φη (12)
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where
Φ =

[
ϕ1(n) ϕ2(n) , . . . , ϕM(n)

]T

M×N

φη =
[

φ1,η(n) φ2,η(n) , . . . , φM,η(n)
]T

M×N

φe =
[

φθ(n) + n φr(n)
]T

2×N

A =


2π f1 1
2π f2 1

...
...

2π fM 1


M×2

Φ is the phase function matrix, φe is the vibrational error parameter matrix, and A is the
eigenvalue matrix, consisting of the magnitude of 1 and the azimuthal frequency position
of the strongest scatterer at each range cell. φη represents the clutter matrix.

The linear Equation (12) describes the vibration phase error estimation model, which
makes no assumptions about the clutter terms, thus making it applicable to a broad range
of azimuth space-variant phase error estimation problems. From Equation (11), it is evident
that the slope of the phase function corresponds to the azimuthal frequency position of the
prominent point, meaning the eigenvalue matrix A can be derived from the phase function
matrix Φ. Therefore, through appropriate filtering, the vibration error parameter φe can be
obtained by linearly fitting Φ and A. Consequently, the estimation of the vibration error
parameter φe can be transformed into the estimation of the phase function Φ.

2.3.2. Vibration Phase Error Compensation Algorithm

Through the above analysis, we need to estimate the phase function for each range
cell. However, the phase function can only be accurately estimated when the range cell
contains prominent points. In complex observation scenarios, not all range cells contain
prominent points, and some phase functions may be inaccurately estimated due to the
effects of vibration and noise. To ensure accurate estimation, it is necessary to preprocess
the data to identify the range cells that can be used for fitting, serving as a priori information
for the algorithm. If too few range cells are selected, the statistical regularity of the clutter
background is lost, which negatively affects estimation accuracy. Conversely, selecting
too many range cells introduces additional estimation errors and increases computational
effort. In this paper, we use the PGA algorithm for data preprocessing. First, the PGA
algorithm is used to estimate the space-invariant phase error for all range cells, which is
then used to compensate for the image. The image entropy index is employed to quantify
the image quality, and the expression for image entropy is as follows [18]:

HIE = −
M

∑
m=1

N

∑
n=1

I(m, n) ln
[
I(m, n)

]
(13)

where I(m, n) denotes the normalized image power, defined as:

I(m, n) =
|I(m, n)|2

M
∑

m=1

N
∑

n=1
|I(m, n)|2

(14)
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Calculate the entropy values for each compensated image and the average of all
entropy values, denoted as IEM×1 and IE, respectively. The range cells in IEM×1 with
values greater than IE are marked as having larger estimation errors and are recorded using
the vector markM×1, where mark(i) = 1 indicates a correct estimation and mark(i) = 0
indicates an incorrect estimation. This vector markM×1 can then be used as a priori
information.

After obtaining the priori information, we can further estimate the phase function
and the eigenvalue matrix A. The phase function can be estimated using the maximum
likelihood estimation (MLE) method in the PGA algorithm, which has been shown to
achieve the Cramér–Rao lower bound on the estimation variance. The expression for the
maximum likelihood estimation is:

∆ϕ̂m(n) = arg[S∗
m(n) · Sm(n + 1)] (15)

where ∆ϕ̂m(n) denotes the phase error gradient function of the mth range cell, * denotes
the conjugate operation, and arg [·] denotes the phase operation. After obtaining the
phase error gradient function, the phase function can be obtained by accumulating it. The
expression for the phase function is:

ϕm(n) =
n

∑
l=2

∆ϕ̂m(l) (16)

where ϕm(n) denotes the phase function of the mth range cell. To improve the estimation
accuracy of the phase function, we adopt a scheme that adds a window centered on the main
scatterer of each range cell, which helps eliminate the interference from high-frequency
noise and clutter. This approach involves critical trade-offs: excessively narrow windows
truncate critical signal components, while oversized windows degrade the signal-to-noise
ratio (SNR) through clutter inclusion. In this paper, we propose an adaptive window
width estimation method based on curve-fitting envelope extraction. The specific steps are
as follows:

Step1: Normalized amplitude.
Based on the priori information, i.e., the vector markM×1, the corresponding range

cells are selected to form a new complex image. This image is then circularly shifted, with
the point having the highest pixel intensity for each range cell moved to the center of the
image. The energies of the points in all azimuth cells for each range direction of the image
are accumulated to obtain a one-dimensional vector. The calculation formula is:

l(n) = ∑
m1

I′(m1, n) (17)

where I′(m1, n) is the two-dimensional complex image after cyclic shifting, m1 = 1, 2, . . . M1,
denotes the sequence of range cells after selection, and M1 is the total number of vectors
markM×1 for which mark(i) = 1.

Step2: Downsampling and curve fitting.
The one-dimensional vectors obtained are searched for two maxima, and these data

points are extracted for downsampling purposes. Segmented Hermite interpolation is then
performed to fit the filtered data points.

Step3: Window width estimation.
Search along the fitted curve from both edges towards the center, and detect the first

points on both sides where the curve changes drastically (with a change greater than three
times the previous value). The distance between these two points is calculated as the
window width for the windowing, as shown in Figure 2. To ensure the convergence of the
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window width, the search for the window width in each iteration begins from the position
of the previous window’s width.

This approach facilitates phase function matrix estimation during iterative windowing
processes, operating independently of prior window width specifications. It adaptively
selects the appropriate window width, thereby eliminating dependence on external param-
eter tuning. Furthermore, it can adapt to various ISAL images, improving the algorithm’s
estimation accuracy and robustness.
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After estimating the a priori phase function matrix ΦPI, the slope of the phase function,
according to Equation (11), represents the azimuthal frequency position of the prominent
point. Therefore, the priori eigenvalue matrix API can be obtained by calculating the slope
of ΦPI. The vibration error parameter matrix is then estimated using the weighted least
squares fitting (WLS) method. Its expression is:

φ̂e =
[
AT

PIWAPI

]−1
AT

PIWΦPI (18)

where W = diag
[
w2

1 · · · w2
g · · · w2

M1

]
is the weighted diagonal matrix computed from

the variance of the phase gradient function and w2
g = var[∆ϕ̂g(n)]−1/∑M1

j=1 var[∆ϕ̂j(n)]−1.
The superscript T denotes the transpose operation, and var [·] denotes the variance of the
enclosed quantity.

Based on the vibration phase error parameter matrix, we can construct the phase error
compensation matrix and the discrete Fourier transform matrix [13]:

PEN =


exp{−j[φr(1) + φθ(1) · f (1)]} · · · exp{−j[φr(1) + φθ(1) · f (N)]}
exp{−j[φr(2) + φθ(2) · f (1)]} · · · exp{−j[φr(2) + φθ(2) · f (N)]}

... · · ·
...

exp{−j[φr(N) + φθ(N) · f (1)]} · · · exp{−j[φr(N) + φθ(N) · f (N)]}

 (19)

FFTN =


exp[−j · f (1) · 0] exp[−j · f (2) · 0] · · · exp[−j · f (N) · 0]
exp[−j · f (1) · 1] exp[−j · f (2) · 1] · · · exp[−j · f (N) · 1]

...
...

...
exp[−j · f (1) · (N − 1)] exp[−j · f (2) · (N − 1)] · · · exp[−j · f (N) · (N − 1)]

 (20)
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where f (s) = 2π(s− N
2 )

N , s = 1, 2, . . . N is the digitized azimuthal frequency. The compensa-
tion of the vibration phase error can be achieved as follows [13]:

I(m, n) = S(m, n) · (FFTN ◦ PEN) (21)

where I(m, n) denotes the refocused image and the operator “◦” is the Hadamard product.
For satellite target ISAL imaging, the echo signal typically has a low SNR. This ne-

cessitates iterative refinement of the aforementioned processing steps to achieve optimal
image focus. The convergence criterion terminates iterations when the residual phase error
falls below a predetermined threshold, at which point the optimized image is generated.

2.3.3. Flowchart of the Proposed Algorithm

To improve the iterative efficiency, our priori information is computed only once.
Subsequent iterations estimate only the range cells where mark(i) = 1, significantly reduc-
ing the computational load. By combining priori information with adaptive windowing,
the proposed algorithm does not require user input parameters and is not dependent
on isolated prominent points in the imaging scene. This allows for efficient and precise
compensation of the phase errors caused by satellite microvibration, making it applicable
to a wide range of scenarios. Figure 3 shows the flowchart of the proposed algorithm.
Figure 3a shows the flowchart for computing a priori information, and Figure 3b illustrates
the iterative compensation process of the algorithm.
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3. Results
In this section, computer simulation and indoor ISAL imaging experiments are pre-

sented to demonstrate the performance of the proposed algorithm.

3.1. Simulation Result

In this subsection, simulation experiments are conducted for a satellite model con-
sisting of approximately 1500 scattering points. The backward scattering coefficients
of these points are randomly distributed between 0.2 and 0.4. Gaussian white noise is
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added to simulate scattering speckle noise. The satellite target scattering point model is
shown in Figure 4.

The satellite microvibration is modeled according to Equation (4). The parameters
for the translational and angular vibrations are based on the ETS-VI, OICETS, and Micius
in-orbit test data provided by the European Space Agency (ESA) and other institutions. The
main vibration frequency is distributed within 200 Hz, and the maximum acceleration is
controlled to be within 0.5 m/s2 through filtering and other methods [6,19,20]. The angular
vibration power spectral density fitting function for the Olympus satellite, provided by
ESA, is expressed as [19]:

S( f ) =
160

1 + f 2 µrad2/Hz (22)

where f denotes the frequency of vibration in Hertz. Accordingly, vibration components of
180 Hz, 120 Hz and 70 Hz are added to the simulation with amplitudes calculated from
(22) and set random initial phases. The parameters of the simulated experimental ladar are
shown in Table 1.
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Table 1. Parameters used in the simulation.

Parameters Values

Laser wavelength (λ) 1550 nm
Pulse repetition frequency (PRF) 50 kHz

Bandwidth (B) 8 GHz
Pulse width (Tp) 20 µs

Pulse number (N) 500
Angular rate of the target (ω) 2.5 mrad/s

Distance of the target (R0) 50 km

After injecting vibration phase errors, we controlled echo SNR via calibrated noise.
Signals at 5, 0, and −5 dB SNR were processed via RD, PGA, PGMA, and the proposed
algorithm, followed by a systematic comparison of their imaging results. In addition,
we quantified the image quality using image entropy, image contrast and peak signal-to-
noise ratio (PSNR). Reduced entropy values signify enhanced focusing precision, whereas
elevated contrast and PSNR values correlate with improved edge sharpness and effective
noise suppression, respectively. The expression for image entropy was previously provided,
and the expressions for image contrast and PSNR are as follows:

HIC =

√
E{I2(m, n)− E[I2(m, n)]}2

E[I2(m, n)]
(23)
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PSNR = 10 log10


NM f 2

max
M
∑

m=1

N
∑

n=1

[
I(m, n)− Ĩ(m, n)

]2

 (24)

where E[·] is the averaging function, fmax represents the maximum possible grayscale value

of the image, and
∼
I (m, n) refers to the ideal image without noise and vibration phase errors.

Figure 5 shows the imaging results obtained using the RD, PGA, PGMA, and the pro-
posed algorithm for echo signals with SNRs of 5, 0, and −5 dB. To reduce side lobes,
the image is processed by adding a Hamming window in the slow-time dimension.
Figure 5a–c demonstrate the RD algorithm’s imaging performance across varying SNR
levels. The results reveal fundamental limitations in vibration phase error compensation
manifesting as azimuthal defocusing that intensifies progressively toward the scene margin.
Figure 5d–f indicates partial success in the central region focusing through space-invariant
phase error correction, though significant edge defocusing persists due to unresolved
space-variant phase errors. Notably, decreasing SNR levels lead to progressively degraded
space-invariant phase error compensation performance in PGA outputs. The PGMA al-
gorithm shows improved focusing uniformity between central and edge regions from
Figure 5g–i, yet residual defocusing persists along solar panel extremities, as evidenced in
the annotated regions (Figure 5i red insets). Similar to PGA, PGMA’s performance exhibits
SNR-dependent degradation in edge preservation. By contrast, the proposed algorithm
demonstrates superior focusing performance at both the center and edges of the image
across various SNR levels.
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Figure 5. Imaging results of the four algorithms at SNRs of 5, 0, and −5 dB. (a–c) RD; (d–f) PGA; (g–
i) PGMA; (j–l) proposed algorithm. 
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Figure 5. Imaging results of the four algorithms at SNRs of 5, 0, and −5 dB. (a–c) RD; (d–f) PGA;
(g–i) PGMA; (j–l) proposed algorithm.

Table 2 lists the image entropy, image contrast, and PSNR of the images shown in
Figure 5, with the results obtained by compensating for the true values of the vibration
phase errors as a reference. As shown in Table 2, the image entropy decreases progressively
from the RD algorithm to the proposed algorithm. For the image contrast and PSNR
metrics, both increase progressively from the RD algorithm to the proposed algorithm.
Furthermore, the metrics corrected using the proposed algorithm are very close to those
obtained by compensating with the true values, validating the proposed algorithm’s ability
to compensate for vibration phase errors.

Table 2. Image quality of different algorithms at different SNRs.

IE IC PSNR
SNR/dB −5 0 5 −5 0 5 −5 0 5

True values 11.71 10.85 9.72 3.12 6.11 9.22 29.54 35.08 39.95
RD 11.96 11.45 10.69 1.68 2.99 4.41 22.91 25.94 27.46

PGA 11.91 11.25 10.29 1.88 3.94 6.08 24.38 28.68 31.14
PGMA 11.85 11.29 9.84 2.35 5.56 8.80 27.57 33.30 37.45

Proposed algorithm 11.76 10.89 9.79 2.87 6.06 9.05 28.17 34.24 39.14
IE: Image entropy; IC: Image contrast; PSNR: Peak signal-to-noise ratio.

To demonstrate the iterative efficiency of the proposed algorithm, we plotted the
curve of image contrast versus the number of iterations for the proposed algorithm, PGMA
algorithm, and PGA algorithm at SNRs of 5 dB, 0 dB, and −5 dB, as shown in Figure 6.
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In Figure 6, the image contrast of all three algorithms progressively improves with
increasing iterations. Comprehensive analysis reveals that the PGA algorithm achieves
convergence after approximately eight iterations, yet demonstrates inferior phase com-
pensation performance. The PGMA algorithm consistently requires 12–14 iterations to
reach convergence. In comparison, the proposed algorithm attains convergence within
6–8 iterations under high SNR conditions and 10–12 iterations under low SNR conditions,
representing a reduction in the number of iterations by 16% to 50%. Notably, the proposed
algorithm maintains superior imaging quality throughout all iterative cycles compared to
both PGA and PGMA methods, demonstrating its highest iterative efficiency.
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Figure 6. Image contrast versus number of iterations curves for imaging results obtained with PGA,
PGMA and the proposed algorithm at SNRs of 5, 0, and −5 dB. (a) 5 dB; (b) 0 dB; (c) −5 dB.

To further verify the compensation ability of the proposed algorithm under different
SNR conditions, we repeated the simulation with SNR ranging from −10 dB to 6 dB. To
reduce randomness, five simulations were conducted for each condition. The resulting
curves of the average values for image contrast, image entropy and PSNR as a function of
SNR are shown in Figure 7.
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Figure 7. Variation curve of image quality with SNRs. (a) image contrast; (b) image entropy;
(c) PSNR.

In Figure 7, it can be seen that the proposed algorithm outperforms the other al-
gorithms under all SNR conditions. The proposed algorithm significantly outperforms
the PGMA algorithm at SNR greater than −7 dB. When the SNR is greater than −5 dB,
the performance of the proposed algorithm is very close to that of using the true value
compensation for the vibration phase error, thus validating the robustness of the pro-
posed algorithm.

3.2. Real Data Experiment Results

The real measurement data were obtained through indoor imaging experiments, and
the main system parameters of the ladar are shown in Table 1. In these experiments, the
target distance and the target rotational angular velocity were set to 3 m and 48 mrad/s,
respectively. The experimental target comprised an X-configured structure featuring nine
3M retroreflective strips (1.0 × 0.7 cm each), mounted on a precision rotary stage. With
physical dimensions of 5.7 cm (azimuth) × 17.0 cm (range), the target’s spatial configuration
and corresponding optical reference image with scale markers are presented in Figure 8.
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The letter “X” is no longer distinguishable, and the defocusing degree varies across dif-
ferent target blocks, indicating the presence of a space-variant phase error. Figure 9b 
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achieves a certain degree of focus in the center of the target, but the four target blocks at 

Figure 8. Optical picture of targets.

The results of processing the echo data using RD, PGA, PGMA and the proposed
algorithm, respectively. The results obtained are shown in Figure 9.
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Figure 9a shows the imaging results using the RD algorithm, where it can be observed
that, due to the effect of target vibration, the image suffers from severe defocusing. The
letter “X” is no longer distinguishable, and the defocusing degree varies across different
target blocks, indicating the presence of a space-variant phase error. Figure 9b shows the
imaging results using the PGA algorithm. It can be seen that the PGA algorithm achieves a
certain degree of focus in the center of the target, but the four target blocks at the edges still
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exhibit some defocusing. Figure 9c shows the imaging results using the PGMA algorithm.
Compared to the RD algorithm, most target blocks in the image are well-focused, but the
target block located farthest from the center in the lower right corner still exhibits significant
defocusing. Figure 9d presents the imaging results using the proposed algorithm. All
target blocks in the image are clearly focused, indicating that the algorithm can effectively
compensate for both space-variant and space-invariant phase errors.

Similarly, the results were quantitatively analyzed using image entropy and image
contrast. The results are shown in Table 3. It can be seen that compared to the PGMA
algorithm, the proposed algorithm reduces the image entropy by 0.16 and increases the
contrast by 12%. The results indicate that the proposed algorithm achieves the best image
quality, validating the effectiveness of the algorithm.

Table 3. Image quality of real experimental data based on different algorithms.

IE IC

RD 6.02 4.56
PGA 5.84 5.31

PGMA 5.72 6.18
Proposed algorithm 5.56 6.94

To further verify the compensation effect of the algorithm, we intercepted 100 pulses
from the obtained echo data. The corresponding ladar azimuthal resolution at this point is
approximately 0.8 cm, and the distance between the two target blocks at the second step
of the “X” target is about 1.2 cm. The data were processed using the RD, PGA, PGMA,
and proposed algorithms, and the target azimuthal profiles at the second step are shown
in Figure 10.

Figure 10 marks the normalized amplitude value at the minimum between two points.
We characterize the discriminability of the two target blocks by the sum of amplitude
differences between the target blocks and this minimum value. The calculated results
for the four algorithms are 0.5275, 0.8658,1.5581, and 1.7681, respectively, demonstrating
that the proposed algorithm achieves the highest distinction. Furthermore, a comparison
of Figure 10a–d reveals noticeable sidelobes in Figure 10a–c, while Figure 10d shows
effective sidelobe suppression, confirming that the proposed algorithm delivers optimal
compensation performance and enhances azimuth resolution.
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compensation performance and enhances azimuth resolution. 
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4. Discussion
This paper establishes an estimation model addressing both space-invariant and

space-variant phase errors induced by satellite microvibration, and proposes an autofocus
iterative compensation algorithm based on prior information and adaptive windowing.
The processing results in Section 3 demonstrate that the proposed algorithm effectively
compensates for both types of phase errors without limitations from phase error patterns
or the presence of isolated scattering points in target scenes.

Quantitative evaluations across varying SNR conditions and real data experiment
results reveal two key advantages:

1. Superior Image Quality: The algorithm achieves optimal performance in both visual
assessments and objective metrics (e.g., image contrast improves 22% at −5 dB SNR
compared to conventional methods), validating its effectiveness and robustness.

2. Enhanced Iterative Efficiency: Statistical analysis reveals that the proposed algorithm
requires estimation for only approximately 30% of range cells per iteration, dramati-
cally decreasing computational load. By incorporating prior information and adaptive
windowing, the proposed algorithm reduces the number of iterations by 16–50%
compared to the PGMA and PGA methods, while yielding superior image quality, as
evidenced by Figure 6.

Notably, while PGMA requires manual parameter tuning (e.g., filtering thresholds, ini-
tial window width) for optimal results in different scenarios, our algorithm autonomously
adapts windowing parameters across all SNR conditions, consistently delivering superior
imaging outcomes. This self-adaptive capability significantly enhances its applicability
to spaceborne ISAL systems requiring rapid imaging processing. These advancements
address critical limitations in existing methods and establish a practical framework for
vibration compensation in next-generation spaceborne ISAL systems.

5. Conclusions
Spaceborne ISAL imaging of satellites is significantly affected by microvibration dur-

ing satellite operations, which introduces both space-variant and space-invariant phase
errors, degrading image quality. In this paper, we develop a phase error estimation model
for satellite vibration. Based on this model, we propose an improved vibration phase
error compensation algorithm that utilizes a priori information and adaptive windowing.
The algorithm holistically balances estimation accuracy with iteration efficiency, operating
independently of the presence of prominent points in the target scene. By leveraging prior
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information, it selects optimal range cells for estimation, enhancing precision while reduc-
ing computational overhead per iteration. The integration of adaptive windowing mitigates
clutter and noise interference, further improving both accuracy and robustness. The simu-
lation results demonstrate that the proposed algorithm achieves optimal image quality and
enhanced iterative efficiency within the SNR range of −10 to 6 dB, reducing the required
iterations by 16–50%. Furthermore, in real data experiments, the algorithm reduces image
entropy by 0.16 and improves image contrast by 12% compared with conventional meth-
ods. These results validate its superior capability in balancing the precision, robustness,
and efficiency requirements for rapid spaceborne ISAL imaging. Future work will focus
on FPGA-accelerated implementation for real-time onboard processing, while extending
the framework to compensate for orbital motion perturbations and ultra-high-frequency
microvibration in next-generation agile satellite imaging systems.
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