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ABSTRACT: To address the challenges of high computational complexity in linear system solving and slow convergence of the Alternating
Direction Method of Multipliers (ADMM) for compressed sensing Synthetic Aperture Radar (SAR) imaging, this study proposes a
precomputation strategy based on Cholesky decomposition. Specifically, the system matrix is decomposed once during the initialization
phase and reused across subsequent iterations, substantially reducing the computational overhead associated with the primal variable
update. Furthermore, a novel dual-momentum coupling mechanism is designed, and building on Nesterov extrapolation, this mechanism
integrates cross-momentum interactions between the real and imaginary components of dual variables, along with the historical variation
trends of primal variables, thereby effectively accelerating overall convergence. Both simulated and measured data results demonstrate
that the proposed method achieves a significant improvement in computational efficiency while ensuring high imaging quality.

1. INTRODUCTION

Synthetic Aperture Radar (SAR) is an active remote sensing
imaging radar that enables all-time and all-weather Earth

observation via penetrating microwaves and has wide applica-
tions in diverse fields such as marine development and military
reconnaissance [1]. High resolution represents its development
trend, as it can enhance the capability of target monitoring and
recognition. However, constrained by radar resolution theory
and Nyquist sampling theorem, high resolution inevitably leads
to enormous computational complexity and storage challenges,
which restrict technological advancement [2].
To address the computational and storage challenges in high-

resolution SAR imaging, researchers have introduced the Com-
pressed Sensing (CS) theory, which can be sampled at a rate
far below the Nyquist sampling frequency, and the echo sig-
nal can be reconstructed with high precision using only a small
amount of observed data [3]. Compared with traditional pulse
compression-based SAR imaging algorithms, CS-based sparse
SAR imaging algorithms can achieve high-resolution imaging
with merely a small quantity of echo data and exhibit stronger
suppression capabilities for signal sidelobes and scene noise;
even for full-sampling systems, sparse signal processing still
contributes to improving reconstruction performance [4].
In sparse signal reconstruction, L1 regularization has been

widely applied in fields such as compressed sensing and radar
imaging because of its effectiveness in promoting solution spar-
sity [5]. However, in practical applications, L1 regularization
tends to overpenalize large coefficients, which result in the un-
derestimation of the amplitude of strong scatterers, thus degrad-
ing the reconstruction accuracy [6, 7]. To mitigate this issue,
some studies have adopted non-convex regularization terms as
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alternatives. Specifically, Ref. [8] introduced L1/2 regular-
ization into sparse SAR imaging and combined it with an it-
erative half-thresholding algorithm, achieving a linear conver-
gence rate under specific conditions. Although such methods
can significantly enhance the point target features, the continu-
ity of regional targets is equally crucial in tasks such as image
segmentation.
To preserve the smooth characteristics of targets within re-

gions, researchers have introduced the Total Variation (TV)
norm as a regularization term to constrain the variation am-
plitude between adjacent pixels, thereby maintaining the spa-
tial continuity of backscattering coefficients in the region [9].
However, in complex scenarios, it is often necessary to simul-
taneously achieve high-resolution focusing of point targets and
structural integrity of regional targets, which is difficult for a
single regularization model to balance. Therefore, composite
regularization methods have emerged, among which joint L1-
TV regularization has become a mainstream choice owing to its
practicality and effectiveness [10, 11].
However, composite regularization models typically involve

multiple variables and constraints, leading to a significant in-
crease in the difficulty of solving joint minimization problems.
Similarly, inverse scattering problems in other wave phenom-
ena — specifically elastic waves and acoustic waves — also
face the ill-posedness and computational bottlenecks of high-
resolution imaging. For instance, the corner analysis of non-
radiating elastic sources in inhomogeneous media [12], the cor-
ner detection of dislocations in elastic bodies [13], the coupled-
physics transmission eigenvalue problem [14], and the quasi-
Minnaert resonances in high-contrast acoustic structures [15]
all involve handling non-smooth terms and accelerating con-
vergence through regularization frameworks to achieve unique
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identifiability and an efficient solution. The Alternating Direc-
tion Method of Multipliers (ADMM) has become a commonly
used tool for solving such problems because of its excellent
decomposition capability and convergence performance [16].
By introducing auxiliary variables, which decompose the orig-
inal problem into a series of easily solvable subproblems and
gradually approximates the optimal solution through alternat-
ing updates of the primal variables, auxiliary variables, and
dual variables. Owing to its modular structure and stable con-
vergence characteristics, ADMM has been widely applied in
various fields, including signal processing [17], image restora-
tion [18], speech recognition [19], deep learning [20], and elec-
tronic countermeasures [21].
Despite the favorable theoretical properties of the ADMM,

its computational efficiency bottleneck remains prominent, pri-
marily focusing on solving the large-scale linear system in the
primal variable update (x-update) step. For high-resolution
imaging tasks, the coefficient matrixM ∈ RN×N of this linear
system often reaches a dimension N of the order of hundreds
of thousands or even millions. If direct solvers such as Lower-
Upper (LU) decomposition [22] or Gaussian elimination [23]
are adopted, the computational complexity of a single iteration
is as high as O(N3), which makes it difficult to meet the real-
time requirements. Even when switching to iterative solvers,
such as the Conjugate Gradient (CG) method, slow conver-
gence may still occur because of the potentially large condition
number of the system matrix, which requires a large number of
inner iterations to achieve the desired accuracy, resulting in a
significant overall computational cost.
In particular, in complex domain imaging problems (e.g.,

SAR and Magnetic Resonance Imaging (MRI)), the observed
signals are inherently complex. Conventional processing meth-
ods require splitting unknown variables into real and imagi-
nary parts for joint modeling, expanding the problem dimen-
sion from N to 2N , thus increasing the size of the correspond-
ing linear system to 2N × 2N . In this case, the computational
burden of both the direct and iterative methods grows geomet-
rically, severely limiting the practicality of the algorithm. Even
if the Kronecker structure is used to preserve sparsity, the com-
putation of the linear system remains the core bottleneck that
restricts the real-time performance of the algorithm. Therefore,
there is an urgent need to develop efficient numerical accel-
eration strategies that significantly reduce computational costs
while ensuring reconstruction accuracy.
To address the aforementioned issues, this paper proposes an

efficient ADMM acceleration framework for complex-valued
SAR imaging. The core of this framework lies in two synergis-
tically designed key mechanisms.
On one hand, leveraging the Hermitian Positive Definite

(HPD) structure of the coefficient matrix in the x-update sub-
problem, Cholesky decomposition [24] is preperformed during
the algorithm initialization phase to achieve “one-time decom-
position, multiple reuses”. Subsequent iterations only require
low-complexity forward-backward substitution operations, sig-
nificantly reducing computational overhead. Compared with
general decomposition methods such as LU or Orthogonal–
Triangular (QR), Cholesky decomposition eliminates the need

for pivoting, only requires storing the lower triangular fac-
tor, and can directly handle complex-valued variables. This
avoids the dimension doubling caused by splitting complex sig-
nals into real and imaginary parts, thereby substantially saving
memory and computational load while ensuring numerical sta-
bility.
On the other hand, aiming at the limitation of the traditional

Nesterov extrapolation momentum acceleration method —
where Nesterov extrapolation is only applicable to real-valued
sequences and difficult to characterize the intrinsic structure
of complex-domain variables — a novel dual-momentum
coupling mechanism is designed. It not only introduces
Nesterov-type extrapolation for dual variables to accelerate
their convergence, but also constructs a cross-momentum inter-
action structure between their real and imaginary parts, while
integrating the historical variation trend of primal variables
to form a composite inertial driving mode. This mechanism
explicitly models the strong physical correlation between
the real and imaginary parts of SAR complex reflectivity,
which not only effectively reduces the number of required
iterations but also better maintains the physical consistency in
phase-sensitive imaging.
The above two mechanisms are organically integrated, sig-

nificantly improving the overall efficiency and reconstruction
quality of sparse SAR imaging in the complex domain without
compromising the convergence guarantee of ADMM.

2. SPARSE SAR IMAGING MODEL
In SAR imaging, the introduction of sparse signal processing
theory has led to the development of sparse SAR imagingmeth-
ods that can overcome the limitations of the Nyquist sampling
theorem, acquire data at a sampling rate far lower than that
specified by the theorem, and achieve a high-precision recon-
struction of the observed scene.
In the sparse SAR imaging model, the relationship between

the echo sampled data Y ∈ CP×Q and scene X ∈ CM×N is
given as follows:

y = Φx+ n (1)
where y ∈ CL×1 denotes the echo sampled data formed by
stacking each column ofY into a column vector, with L = P ×
Q; x ∈ CK×1 is the column vector obtained by stacking each
column of the observed scene X; K = M × N > L; Φ ∈
CL×K represents the measurement matrix; and n ∈ CK×1 is
the noise vector.
Sparse SAR target scenes typically consist of discrete point

targets and continuously distributed regional targets. To pre-
serve both types of features simultaneously, a composite opti-
mization model with joint L1-TV regularization was adopted,
which is expressed as follows:

min
x∈CK×1

1

2
∥Φx− y∥22 + λ1∥x∥1 + λ2∥Dx∥1 (2)

where D denotes the first-order difference operator, which is
used to extract image gradient information; λ1 and λ2 are regu-
larization weight parameters that balance the data fidelity term,
sparsity constraint, and the smoothness constraint, respectively.
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Specifically, the first term ensures the consistency between the
reconstructed result and the observed data; the second term pro-
motes the sparse representation of point targets; and the third
term maintains the continuity of pixels within regions through
TV constraint, suppresses noise, and enhances edge structures.
Owing to the non-differentiability of the objective function

and the presence of multiple non-smooth terms, direct opti-
mization is challenging. The ADMM method transforms this
non-separable problem into a more tractable form by introduc-
ing auxiliary variables. Specifically, we introduce z = x to
handle the L1 regularization term, and v = Dx to address the
TV regularization term. Thus, the equivalent constrained opti-
mization problem is obtained as follows:

min
x∈CK×1

1

2
∥Φx− y∥22 + λ1∥z∥1 + λ2∥v∥1 (3)

The corresponding augmented Lagrangian function is given
by:

Lρ1,ρ2
(x, z, v; u1, u2) =

1

2
∥Φx− y∥22 + λ1∥z∥1

+λ2∥v∥1 +
ρ1
2
∥x− z+ u1∥22

+
ρ2
2
∥Dx− v+ u2∥22 (4)

where u1, u2 are scaled dual variables, and ρ1, ρ2 > 0 are
penalty parameters. In all experiments, ρ1 and ρ2 are fixed to
constant values to avoid introducing additional tuning complex-
ity. The proposed algorithm converges stably for a wide range
of ρ values, and the reconstruction performance is not sensitive
to their exact settings. In this study, both ρ1 and ρ2 are set to 2.

3. ADMM-BASED ACCELERATION MECHANISM

3.1. ADMM Iterative Updates
The ADMM alternately minimizes the aforementioned aug-
mented Lagrangian function to sequentially update the primal,
auxiliary, and dual variables. The specific iterative steps are as
follows:

xk+1 = argmin
x
L(·) =⇒

(
ΦHΦ+ ρ1I+ ρ2DHD

)
xk+1

= ΦHy+ ρ1
(
zk − uk1

)
+ ρ2DH

(
vk − uk2

)
(5)

LetM denote the system matrix:

M = ΦHΦ+ ρ1I+ ρ2DHD (6)

Since ΦHΦ and DHD are both Hermitian positive semi-
definite matrices, the addition of the term ρ1I (with ρ1 > 0,
which is strictly positive definite) ensures that the resulting
system matrixM is strictly Hermitian positive definite (HPD).
This HPD property guarantees the uniqueness of the solution
to the corresponding optimization problem and provides a
theoretical basis for the stable convergence of the iterative
algorithm. where bk denotes the right-hand side vector at the
k-th iteration:

bk = ΦHy+ ρ1
(
zk − uk1

)
+ ρ2DH

(
vk − uk2

)
(7)

Thus, the x-update step is equivalent to solving the linear sys-
tem:

Mxk+1 = bk (8)
Second, the z-update step is solved via the soft-thresholding
operation:

zk+1 = Sλ1/ρ1

(
xk+1 + uk1

)
(9)

Third, the v-update step is solved via the TV soft-thresholding
operation:

vk+1 = Sλ2/ρ2

(
Dxk+1 + uk2

)
(10)

Fourth, the dual variables are updated as follows:

uk+1
1 = uk1 + xk+1 − zk+1 (11)
uk+1
2 = uk2 + Dxk+1 − vk+1 (12)

where the updates follow the complementary slackness condi-
tion of ADMM, which adjusts the dual variables based on the
residual of the primal-auxiliary variable constraints to promote
iteration convergence.

3.2. Matrix Precomputation Based on Cholesky Decomposition

The system matrix M has special structural properties: ΦHΦ
reflects the geometric characteristics of the observation process
and is usually positive semi-definite. The identity matrix term
ρ1I provides a regularization effect, and ρ2DHD is the Gram
matrix of the difference operator, which corresponds to a form
of the discrete Laplacian operator. Overall, M is a Hermitian
positive definite (HPD) matrix, which provides an important
theoretical foundation for subsequent numerical optimization;
thus, we can perform a one-time matrix decomposition on M
before the algorithm starts, and then reuse the decomposition
result in each iteration to quickly solve the linear system, signif-
icantly reducing the computational complexity of the x-update
step.
Given that M is a Hermitian positive definite matrix,

Cholesky decomposition is the most natural and efficient
choice and factorizes M into the form M = LLH , where L is
a lower triangular matrix with positive real diagonal entries.
This decomposition exhibits excellent numerical stability (no
pivot selection required) and minimal storage requirements
(only the lower triangular part of L needs to be stored), making
it well-suited for the precomputation step of the ADMM
algorithm.
The computation process of Cholesky decomposition is

based on the following recursive relations. For the (i, j)-th
elementMij of matrixM, the elements of the lower triangular
matrix L are calculated as follows:

Lii =

√√√√Mii −
i−1∑
k=1

|Lik|2,

Lij =
Mij −

∑j−1
k=1 LikL

∗
jk

Ljj
i > j

(13)

The total computational cost of this process was 1
3N

3+O(N2)
floating-point operations (FLOPs), corresponding to the time
complexity of O(N3). Although the decomposition itself still
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has a cubic complexity, it is a one-time precomputation cost.
Once Cholesky decomposition L is obtained, solving the linear
systemMx = b is transformed into solving two triangular sys-
tems. First, intermediate vector y is obtained by solvingLy = b
via forward substitution.

yi =
bi −

∑i−1
j=1 Lijyj

Lii
, i = 1, 2, . . . , N (14)

Then, the final solution x is obtained by solving LHx = y via
backward substitution:

xi =
yi −

∑N
j=i+1 L

∗
jixj

Lii
, i = N,N − 1, . . . , 1 (15)

Each triangular system solution requiredN2 floating-point op-
erations (FLOPs), resulting in a total solution cost of 2N2 +
O(N) = O(N2). In this manner, we reduce the complex-
ity of solving the linear system in each iteration from O(N3)
to O(N2), achieving an order-of-magnitude performance im-
provement.
From the perspective of overall computational complexity,

assuming that the ADMM algorithm requires K iterations to
converge, the total computational cost with the precomputa-
tion strategy is O(N3) + K · O(N2) = O(N3 + KN2).
In practical applications, K ≪ N generally holds (e.g., K
ranges from tens to hundreds, whereas N may reach millions),
so the total complexity is actually close to O(N3). In contrast,
the complexity of the original method without precomputation
is K · O(N3) = O(KN3). The ratio of the two complexi-
ties is approximatelyK, which means that the precomputation
strategy can improve performance by tens or even hundreds of
times.

3.3. Dual Momentum Coupling Mechanism
To further reduce the required number of iterations, this paper
proposes a Dual-Momentum Coupled Mechanism based on the
standard Nesterov momentum acceleration, which includes a
two-level momentum design, in which the dual variables u1 and
u2 are complex-valued and can be expressed as:

u = ur + jui (16)

The traditional Nesterov momentum only performs extrapola-
tion within each component:

u(k)eff = u(k) + β
(
u(k) − u(k−1)

)
(17)

There was a strong correlation between the error evolution pro-
cesses of the real and imaginary parts. Therefore, we introduce
cross-momentum terms to update the real part affected by the
variation trend of the imaginary part, and vice versa, where the
effective dual variable update is defined as:

ueffr = u(k)r +β
(
u(k)r − u(k−1)

r

)
+γ

(
u(k)i − u

(k−1)
i

)
(18)

ueffi = u(k)i +β
(
u(k)i − u

(k−1)
i

)
+γ

(
u(k)r − u(k−1)

r

)
(19)

The value ranges of the primary momentum coefficient β and
the coupling strength parameter γ are jointly defined by the
algorithm stability and the momentum coupling mechanism.
Specifically, as a first-order momentum coefficient, β is re-
stricted to the range of (0, 1) to ensure the stability of inertial
acceleration. In contrast, γ, which is used to introduce momen-
tum interaction between the real and imaginary components, is
limited to the interval [0, β); this ensures that the coupled mo-
mentum always serves as a supplement to the primary inertial
term, thereby avoiding numerical instability caused by exces-
sive momentum superposition.
In addition to dual-side acceleration, this study further intro-

duces a primal momentum term into the right-hand side (RHS)
of the x-update to form a composite acceleration structure. Let
x(k−1) and x(k−2) be the primal variables of the previous two
iterations. Then, the momentum increment is defined as:

∆Xmom = α
(
x(k−1) − x(k−2)

)
(20)

It is added as an “inertial push” to the right-hand side vector of
the x-update as follows:

bk ← bk +∆xmom (21)

where α ∈ [0, β) is a momentum weighting parameter that
scales the inertial contribution in the update rule. The lower
bound α = 0 corresponds to disabling the additional iner-
tial weighting, while the upper bound α < β ensures that the
weighted inertial term remains subordinate to the primary mo-
mentum coefficient. This constraint prevents excessive accu-
mulation of inertia and contributes to the numerical stability of
the iterative process.
In summary, the complete momentum mechanism process

is as follows. If k > 1, calculate the effective dual variables
ueffr and ueffi based on historical values; construct the right-hand
side term bk with primal momentum, quickly solve xk+1 using
Cholesky decomposition, update all variables, and record the
current state for subsequent use.
The two components jointly form an efficient acceleration

loop: the precomputation strategy based on Cholesky decom-
position significantly reduces the solution overhead of the x-
update; the novel dual-momentum coupling mechanism, based
on Nesterov extrapolation, introduces momentum interaction
between the real and imaginary parts of dual variables and in-
tegrates the historical variation trend of the primal variables,
further accelerating the overall convergence speed.

4. EXPERIMENTS AND RESULTS ANALYSIS

4.1. Simulated Data
This section presents a simulation analysis of point targets in
the squint imaging mode of an airborne strip-map SAR system.
The simulation experiments obtained imaging results and per-
formed performance analysis on the Range-Doppler (RD) algo-
rithm, L1-regularization algorithm [5], L1&TV-regularization
algorithm [10], ADMM algorithm [16], and the algorithm pro-
posed in this paper. The simulation parameters are listed in
Table 1. First, the simulation imaging of 4-point targets is used
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FIGURE 1. Point target simulation imaging results. (a) RD algorithm. (b) L1-regularization algorithm. (c) L1 & TV-regularization algorithm. (d)
ADMM algorithm. (e) Proposed algorithm.

TABLE 1. Two-dimensional radar system parameters.

Parameter Value
Radar Carrier Frequency (GHz) 10

Platform Velocity (m/s) 7
Radar Platform Altitude (m) 50
Signal-to-Noise Ratio (SNR) 10

Sampling Rate (MHz) 5

in order to verify the performance of the proposed algorithm.
The imaging results of the five algorithms are shown in Fig. 1,
where the two point targets in the first row are strong targets
and the two-point targets in the second row are weak targets.
Point target simulation results of the RD algorithm are shown

in Fig. 1(a). It can be observed that the RD algorithm can
achieve point target imaging but exhibits strong sidelobes. For
the point target imaging using regularization algorithms in

Fig. 1(b) and Fig. 1(c), the sidelobes are suppressed, and the
point target imaging is clearer than that of the RD algorithm,
but scattering artifacts still exist. Specifically, the weak tar-
gets are also suppressed in Fig. 1(b) owing to the use of the
L1-regularization algorithm. The ADMM algorithm used in
Fig. 1(d) was slightly inferior to the proposed algorithm, with
relatively blurred imaging results. In contrast, the proposed al-
gorithm, shown in Fig. 1(e), can achieve clear imaging of weak
targets.
To evaluate the performance of each algorithm in imaging

more intuitively, a profile analysis was performed by selecting
the rows and columns with the strongest energy from the imag-
ing results of each algorithm.
The experimental results in Fig. 2 indicate that the proposed

algorithm exhibits a sharper main-lobe structure and a lower
noise floor, demonstrating its excellent target focusing capabil-
ity and anti-noise performance. The reconstruction quality was
optimal for both the range and azimuth dimensions. In contrast,
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FIGURE 2. Imaging profiles. (a) Azimuth profile. (b) Range profile.
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(e)

FIGURE 3. 3D visualization results. (a) RD algorithm. (b)L1-regularization algorithm. (c)L1 &TV-regularization algorithm. (d) ADMM algorithm.
(e) Proposed algorithm.

other algorithms perform poorly in terms of anti-noise capabil-
ity, with wider main lobes, limited image focusing effects, and
noticeable noise artifacts. In particular, the L1-regularization
algorithm showed strong suppression of targets, resulting in an
insufficiently prominent main lobe.

The 3D visualization results of the point target imaging for
all algorithms are displayed in Fig. 3, which provides a compre-
hensive view of the energy distribution in the range, azimuth,
and amplitude dimensions.
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Figure 3(a) presents the RD algorithm, which is a pure
frequency-domain processing method that directly performs a
two-dimensional Fast Fourier Transform on the de-skewed sig-
nal. Without any regularization constraints, the signal energy
accumulates directly in the frequency domain, thus achieving
extremely high-amplitude values. For the L1-regularization al-
gorithm in Fig. 3(b), excessive signal suppression results in
blank areas at the bottom of the 3D image. Although the L1

& Total Variation (TV)-regularization algorithm in Fig. 3(c)
can suppress noise, its target focusing performance is inferior
to that of the proposed algorithm. The ADMM algorithm in
Fig. 3(d) failed to effectively suppress noise. By contrast, the
proposed algorithm in Fig. 3(e) exhibits optimal performance
in both imaging focusing and noise suppression.
To comprehensively evaluate the imaging performance of the

proposed self-iterative algorithm under different values of three
key metrics, namely, Peak Sidelobe Ratio (PSLR), Integrated
Sidelobe Ratio (ISLR), and Impulse Response Width (IRW),
the three key metrics are calculated for the point target imaging
results of the aforementioned five algorithms. The results are
summarized in Table 2.

TABLE 2. Performance comparison of different algorithms.

Algorithm PSLR/dB ISLR/dB IRW/m
RD algorithm −13.254 −10.262 1.667

L1-regularization algorithm −12.215 −12.215 1.640
L1&TV-regularization −14.626 −11.265 1.642
ADMM algorithm −18.264 −15.265 1.765
Proposed Algorithm −29.545 −30.262 1.641

As can be observed from Table 2, compared with the RD al-
gorithm, the sparse SAR imaging algorithms (including theL1-
regularization algorithm, L1 & TV-regularization algorithm,
ADMM algorithm, and the proposed algorithm) exhibit a sig-
nificantly improved Peak PSLR and ISLR. Meanwhile, the
IRW was reduced, indicating an enhanced imaging resolution.
Specifically, in comparison with the ADMM algorithm, the
proposed algorithm achieves a remarkably higher PSLR and
ISLR, along with a reduced IRW, which effectively improves
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FIGURE 5. PSNR sensitivity to normalized λ.

the imaging resolution and facilitates the imaging of weak tar-
gets.
In addition, the algorithm proposed in this study requires iter-

ative updates of each variable, and the number of iterations has
a certain impact on the imaging accuracy. Taking the PSNR
as an example, the influence of the number of iterations on the
PSNR is illustrated in Fig. 4. The proposed algorithm achieved
optimal performance at approximately the 12th iteration. With
a further increase in the number of iterations, the PSNR re-
mained stable at a constant value. However, when the number
of iterations continued to increase excessively, the PSNR grad-
ually decreased. This phenomenon, commonly referred to as
semi-convergence in iterative reconstruction algorithms, arises
because the model begins to overfit the noise component in the
measurement data rather than the true target signal, leading to
a slight degradation in imaging quality. Overall, the proposed
algorithm can achieve the maximum PSNR with a very small
number of iterations, ensuring excellent reconstruction accu-
racy, while achieving fast convergence.
The fixed values of the key regularization parameters λ1 and

λ2 in the proposed model are determined through controlled
variable experiments. Specifically, a series of univariate con-
trol experiments are conducted to traverse the value ranges of
λ1 and λ2, and the Peak Signal-to-Noise Ratio (PSNR) of the
imaging results under different parameter combinations is cal-
culated. Ultimately, λ1 = 0.1 and λ2 = 0.01, which maximize
the PSNR, are selected as the fixed experimental values.
To intuitively demonstrate the rationality of the fixed values

and parameter sensitivity, λ1 and λ2 are normalized by their re-
spective optimal fixed values, and the curves of PSNR versus
normalized regularization parameters are plotted Fig. 5. Specif-
ically, the blue curve illustrates the variation of PSNR with the
normalized λ1 when λ2 = 0.01 (experimentally determined
optimal value) is fixed; the red curve depicts the variation of
PSNR with the normalized λ2 when λ1 = 0.1 (experimentally
determined optimal value) is fixed. The curve results show that
PSNR reaches a peak of 29.54 dB centered at the experimen-
tally determined fixed values (normalized value = 1), and any
deviation from these values leads to a significant degradation
in imaging quality. This verifies the optimality and rationality
of the fixed parameter values.
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FIGURE 6. Imaging results of the RADARSAT-1 measured data.
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FIGURE 7. Imaging with real data. (a) RD algorithm. (b) L1-regularization algorithm. (c) L1 & TV-regularization. (d) ADMM algorithm. (e)
Proposed algorithm.
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4.2. Real Data
To fully verify the effectiveness of the algorithm proposed in
this paper, measured data from RADARSAT-1 were adopted
for experiments, with the imaging parameters summarized in
Table 3. The imaging results of ships on the sea surface in the
Vancouver, Canada area are presented in Fig. 6. For a better
comparison of the imaging results, four ships within the red
rectangular boxes were selected as research objects.

TABLE 3. Two-dimensional radar system parameters.

Parameter Value
Radar Operating Frequency (GHz) 5.3

Pulse Width (MHz) 30.111
Radar Wavelength (m) 0.0566
Radar Velocity (m/s) 7062

Range Chirp Rate (MHz/s) 721350
Azimuth Chirp Rate (Hz/s) 1733
Range Sampling Rate (MHz) 3.2317

Pulse Repetition Frequency (Hz) 1257

The imaging results of the five algorithms are shown in
Fig. 7. Fig. 7(a) presents the measured data imaging result
of the RD algorithm, where a large amount of noise exists in
the imaging of the ship targets. Fig. 7(b) shows the imaging
result of the L1-regularization algorithm; it can be observed
that the noise is significantly reduced, but some weak targets
on the ship are also suppressed. Fig. 7(c) and Fig. 7(d) depict
the imaging results for the L1 & TV-regularization algorithm
and the ADMM algorithm, respectively. In these two results,
the noise was clearly reduced, but the target intensity was also
suppressed. Fig. 7(e) shows the measured data imaging result
of the proposed algorithm. Compared with other algorithms,
it not only achieves a better noise suppression effect but also
enhances the scattering intensity of ship targets, demonstrating
certain advantages in practical scenario imaging.
From the aforementioned experimental results and analysis,

it can be concluded that the proposed algorithm exhibits ex-
cellent imaging performance in practical scenarios. It can ef-
fectively suppress scene noise and sidelobes, thus possessing a
considerable practical application value.

5. CONCLUSION
This study addresses the computational complexity and stor-
age challenges faced by high-resolution Synthetic Aperture
Radar (SAR) imaging, focusing on the efficiency optimization
of sparse reconstruction in the complex domain. A compressed
sensing imaging scheme based on hyperparameter self-iteration
is proposed, and key research conclusions are derived through
theoretical analysis and experimental verification.
To address the solution challenge of the combined L1-TV

regularization composite model, the Alternating Direction
Method of Multipliers (ADMM) can decompose complex
optimization problems into solvable subproblems. However,
the solution of large-scale linear systems during the primal

variable update phase remains a core bottleneck that restricts
the efficiency. By leveraging the Hermitian positive definite
property of the coefficient matrix, this study introduces
Cholesky decomposition during the algorithm initialization
phase and implements a “one-time decomposition, multiple
reuses” strategy. This successfully reduces the computational
complexity of solving the linear system in each iteration from
O(N3) to O(N2), significantly lowering the computational
overhead and laying a crucial foundation for improving the
real-time performance of the algorithm.
Meanwhile, to further reduce the number of iterations re-

quired for convergence, the proposed dual-momentum cou-
pling mechanism overcomes the limitation of traditional Nes-
terov momentum, which only performs extrapolation within a
single component. By constructing a cross-momentum inter-
action structure between the real and imaginary parts of the
dual variables and integrating the historical variation trend of
the primal variables to form a composite acceleration mode,
the overall convergence speed of the algorithm is effectively
accelerated, achieving a secondary improvement in computa-
tional efficiency.
The simulation experimental results demonstrate that the

proposed algorithm exhibits a sharper main-lobe structure and a
lower noise floor in point target imaging, with significantly su-
perior weak target reconstruction performance compared with
the RD, L1-regularization, L1 & TV regularization, and tra-
ditional ADMM algorithms. Furthermore, verification using
RADARSAT-1 measured data confirms that the algorithm can
not only effectively suppress background noise but also en-
hance target scattering intensity in ship target imaging scenar-
ios, successfully achieving collaborative optimization of imag-
ing accuracy and computational efficiency.
In summary, the proposed ADMM acceleration framework

provides an efficient numerical solution for sparse imaging in
the complex domain. Its core ideas can be further extended to
other complex domain signal processing fields such as MRI.
In the future, the robustness and generalization ability of the
algorithm in complex scenarios can be further improved by ex-
ploring adaptive hyperparameter adjustment strategies, thereby
providing technical support for more high-resolution imaging
tasks.
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