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Abstract This paper proposes CSWin-WNet, a W-shaped deep network bas ed on the CSWin Transformer, for noise-robust inverse
synthetic aperture radar (ISAR) imaging under challenging conditions. The method starts with an initial reconstructi on using the 2D-
SL0 algorithm, followed by a Bayesian denoising framework t hat enables the derivation of posteriors and the variationa l lower bound.
Inspired by the strengths of U-Net and the CSWin Transformer , CSWin-WNet is designed to jointly estimate the posterior d istribution
of the reconstructed image and the noise variance. By integr ating sparse Bayesian learning with deep learning, the nega tive variational
lower bound is used as the loss function, allowing end-to-en d training on simulated data with varying noise levels to obt ain optimal
network parameters. Experimental results on the proprieta ry aircraft ISAR dataset (AID) and satellite ISAR dataset (S ID) show that
CSWin-WNet achieves superior imaging performance, enhanc ed noise robustness, and strong generalization capability . These results
con�rm its e�ectiveness and reliability for ISAR imaging ap plications under low signal-to-noise ratio and incomplete data conditions.
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1 Introduction

High resolution inverse synthetic aperture radar (ISAR) is a sophisticated radar imaging technique capable of
capturing high-resolution images of non-cooperative targets in any weather and at any time of day, making it essential
for space environment monitoring and airborne target tracking [1,2]. ISAR imaging exploits the target's translational
and rotational motions relative to the radar. While translational mo tion introduces phase errors that degrade image
quality and requires compensation using either parametric [3,4] or non-parametric [5] approaches, rotational motion
plays a crucial role in synthesizing the aperture necessary for high-resolution imaging. Nevertheless, conventional
techniques struggle with challenges like low signal-to-noise ratios (SNR), fragmented echoes caused by jamming,
or incomplete azimuth data due to resource scheduling, especially when dealing with non-cooperative targets that
have small radar cross-sections (RCS) or are located at long distances [6]. To address these issues, sparse signal
reconstruction methods, which exploit the sparsity of ISAR imagesin the image domain, present a promising
solution [7{ 10].

1.1 Prior work

Following motion compensation [11,12], sparse signal reconstruction techniques cast ISAR imaging into the frame-
work of sparse recovery using sparse representation methods [13]. This involves determining the model parameters
by solving an optimization problem. Presently, sparse signal reconstruction techniques are broadly divided into two
categories.
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(1) Numerical optimization. Classical sparsity-driven solvers suchas orthogonal matching pursuit (OMP) [14],
smoothed`0 (SL0) [15, 16], and related nonconvex variants often converge to suboptimal solutions due to noncon-
vexity or sensitivity to initialization. Although convex relaxations bas ed on the`1-norm guarantee global optimality
via interior-point [ 17] or simplex [18] methods, their computational cost is prohibitive for large-scale ISAR imag-
ing. Accelerated proximal algorithms such as the fast iterative shrinkage-thresholding algorithm (FISTA) [ 19] and
splitting frameworks such as the alternating direction method of multipliers (ADMM) [ 20{ 22] improve scalability
but remain sensitive to regularization parameter selection, particularly under varying SNR and sparsity levels. To
enhance e�ciency in 2D reconstruction, structure-exploiting var iants including 2D SL0 [23,24], 2D FISTA [ 25], and
2D ADMM [ 26] have been developed to preserve spatial coherence while reducing complexity.

(2) Statistical optimization. From a statistical viewpoint, sparse B ayesian learning (SBL) [27] establishes a prob-
abilistic model by assigning appropriate priors to the ISAR image and noise. It then estimates the model parameters
using Bayesian inference. By leveraging the statistical characteristics of the target and its environment, SBL can
determine globally optimal parameters, demonstrating superior performance compared to numerical optimization
methods [28]. However, Bayesian inference techniques such as expectation-maximization (EM) and variational in-
ference (VI) often involve extensive matrix inversion, leading to high computational complexity that limits their
applicability to 2D imaging applications [ 28].

In recent years, deep learning-based ISAR imaging techniques have garnered signi�cant attention within the radar
imaging community, and available methods mainly include the following.

(1) Model-driven networks. These networks reinterpret sparsesignal reconstruction techniques as a �nite-layer
deep network by unrolling an algorithm [29, 30]. The adjustable parameters in this process are transformed into
the network's learnable parameters. Through training with a limited number of samples, the network determines
its optimal parameter values. Subsequently, test samples (target echoes) are passed through the trained network
to generate high-resolution ISAR images. Notable examples of suchnetworks include 2D-ADN [31], 2D-FAN,
CIST [32], and AF-AMPNet [ 33]. By diverging from traditional iterative algorithms, model-driven ap proaches
provide enhanced interpretability and superior reconstruction capabilities. Nevertheless, the initialization of network
parameters signi�cantly in
uences reconstruction performance, with optimal values being highly dependent on
SNR [34]. Consequently, developing a model capable of handling echo signals under varying noise levels is crucial.
This approach, however, increases both computational time and storage requirements.

(2) Data-driven networks. These networks create a direct nonlinear mapping between input data (such as RD
images) and the desired output to accomplish ISAR imaging. Typical examples include FCNN [35], U-Net [36],
and UNet++ [ 37]. Vision Transformers (ViTs) and their variants have demonstrated strong performance in vision
tasks by modeling long-range dependencies through self-attention over image patches, circumventing the limited
receptive �elds of conventional convolutions. This has motivated hybrid architectures that integrate the U-Net
encoder-decoder framework with hierarchical attention mechanisms, exempli�ed by SWin-UNet [38] and CSWin-
UNet [39], which achieve an e�ective trade-o� between global context modeling and computational e�ciency. The
�eld of deep learning has seen the continuous emergence of novel architectures in recent years. Leveraging linear-
complexity sequence modeling, the Mamba state-space model [40] o�ers an e�cient substitute for self-attention
mechanisms in vision applications [41{ 45]. The Kolmogorov-Arnold network (KAN) [ 46] employs learnable B-spline
functions to replace traditional �xed activation functions, enablin g hierarchical adaptive nonlinear transformations
that signi�cantly improve both representational capacity and par ameter e�ciency [ 47]. Leveraging their adaptable
architectures and powerful representation capabilities, these networks can achieve noise-robust ISAR imaging by
training on samples across di�erent SNR levels. However, despite their superior performance, the interpretability
of current data-driven approaches remains an area requiring further improvement.

1.2 Contribution

To tackle the aforementioned challenge, this article proposes the W-shaped network based on CSWin Transformer
(CSWin-WNet), a new approach speci�cally designed for ISAR imagingunder complex conditions. The key con-
tributions are summarized below.

(a) The 2D-SL0 algorithm is used to obtain the reconstructed image, and a Bayesian model is developed for
the denoising problem, which enhances the generalization capability from simulated images (training samples) to
measured images (test samples). Within this framework, formulas for estimating image and noise variance are
provided, and the variational lower bound is derived.

(b) The CSWin-WNet architecture is engineered for the concurrent estimation of the posterior distributions of
ISAR images alongside their associated noise variances. It utilizes the negative variational lower bound as the basis
for its loss function, facilitating a robust approach to inference and noise reduction.
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Figure 1 (Color online) ISAR imaging model.

(c) Following training on the aircraft ISAR dataset (AID) across va rious noise levels, CSWin-WNet exhibits
superior imaging performance and substantial noise robustness innoisy environments. Further testing on the
satellite ISAR dataset (SID) con�rms its exceptional generalization capability.

The paper is organized as follows. Section 2 formulates the signal and Bayesian models, derives parameter
estimation expressions, and establishes the variational lower bound. Section 3 details the CSWin-WNet architecture.
Section 4 evaluates CSWin-WNet through comprehensive experiments, and Section 5 concludes the work.

2 Modelling

2.1 Signal modelling

As shown in Figure 1, the ISAR imaging geometry enables high-resolution reconstruction in both range and cross-
range directions through the exploitation of target motion and wideband signals. To decrease the receiver's in-
stantaneous bandwidth and improve the anti-interference capability of the waveform, the transmitted signal usually
adopts a sparse stepped-frequency waveform (SSFW). A widely used stepped-frequency waveform (SFW) comprises
a sequence of single-frequency continuous sub-pulses, where the frequency between neighboring sub-pulses increases
by � f . If the number of sub-pulses isU, the resulting bandwidth is

B = U� f: (1)

The u-th subpulse in the SFW burst can be expressed as

y(t; u) = rect
�

t � uTR

Tp

�
exp(j2� f u(t � uTR ))

= rect
�

t � uTR

Tp

�
exp(j2� (f c + u� f )( t � uTR )) ;

(2)

where u denotes the transmitter pulse index,

rect(r ) =

(
1; jr j 6 1=2;

0; jr j > 1=2:
(3)

This corresponds to the window function. In this context, t denotes time, TR represents the subpulse period,
Tp stands for the subpulse width, f c is the carrier frequency, andf u indicates the carrier frequency of theu-th
subpulse. The frequency and time characteristics of the SFW are depicted in Figure 2.
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Figure 2 (Color online) Time-frequency pro�les for SFW.

Under the assumption of continuous target observation,V SFW bursts are transmitted. The slow time is de�ned
as tv = v

PRF , where v denotes the sequence index and PRF refers to the pulse repetitionfrequency. The range
between the radar and thep-th scattering point on the target for the d-th echo is represented asRp(v). Given that
the target's motion varies with slow time and the target consists ofP scattering points, the echo delay for thep-th
scattering point can be expressed as� p(v) = 2R p (v)

c , and its corresponding echo can be formulated as

xp1(t̂; u; v ) = � prect
�

t̂ � � p(v)
Tp

�
� exp(j2� (f c + u� f )( t̂ � � p(v))) ; (4)

where t̂ denotes fast time, and� p signi�es the backscattering coe�cient of the p-th scattering point.
The reference signal associated with theu-th subpulse in the v-th burst group can be expressed as

ss(t̂; u; v ) = rect
�

t̂ � � 0

Ts

�
exp(j2� (f c + u� f )( t̂ � � 0)) ; (5)

where � 0 is the reference signal delay. Multiplying the echo signal by the conjugate of the reference signal yields

xp2(t̂; u; v ) = xp1(t̂; u; v ) � s�
s (t̂; u; v )

= � prect
�

t̂ � � p(v)
Tp

�
rect

�
t̂ � � 0

Ts

�
� exp(j2� (f c + u� f )( � � p(v) + � 0)) :

(6)

After completing translational compensation, Eq. (6) becomes simpli�ed to

xp3(t̂; u; v ) = � prect
�

t̂ � � p(v)
Tp

�
� exp

�
� j

4�
c

(f c + u� f )Rps(v)
�

: (7)

The term Rps(v) = � � p(v) + � 0 represents the instantaneous slope distance. For high-resolution range image
synthesis in SFW, it is necessary to sample at least one point per subpulse. This results in the echo signal of the
nth subpulse being expressed as

xp4(u; v) = � p exp
�

� j
4�
c

(f c + u� f )Rps(v)
�

: (8)

In complex electromagnetic environments, SSFW is capable of designing pulse trains based on interference fre-
quency bands, thereby achieving robust anti-interference performance. As the operating frequencies are no longer
uniformly spaced or continuously distributed, conventional rangepulse compression methods become ine�ective.
Consequently, sparse signal reconstruction techniques are required for the reconstruction of high-resolution 1-D
range images.

Assume that M sub-pulses are sequentially extracted from the complete SFW to construct an SSFW (M < U ).
The carrier frequency sequence is given byf sm = f c + g(m)� f , where g denotes an ordered subset of [0 :N � 1],
m represents the subpulse sequence number, and the instantaneous frequency over time is illustrated in Figure 3.

Similarly, the signal sampled by paired SSFW can be expressed as

xp5(g(m); v) = � p exp
�

� j
4�
c

f smRps(v)
�

: (9)
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Figure 3 (Color online) Time-frequency pro�les for SSFW.

When the imaging accumulation angle is small or after cross-range unit migration correction of the target echo,
the instantaneous slope during the imaging time can be approximatedas

Rps(v) = xp + yp! rot tv ; (10)

where xp and yp denote the positions of thep-th scattering points in the reference coordinate system, and! rot

represents the rotation angular frequency.
Due to active or passive interference, as well as radar resource scheduling constraints, continuous target observa-

tion is often unfeasible, resulting in sparse aperture echoes. Assuming only N e�ective observations are completed
during coherent accumulation time (N < V ), where V corresponds to the full echo, the sparse aperture echo can
be written as

xp6(g(m); h(n)) = � p exp
�

� j
4�
c

f smRps(h(n))
�

; (11)

where h is an ordered subset of [0 :V � 1] and n is the echo sequence number. At this stage, traditional azimuth
pulse compression methods are no longer applicable. Given that ISARtargets are typically sparse, sparse signal
reconstruction techniques can be utilized to reconstruct high-resolution ISAR 2-D images.

After translational motion compensation, an initial image ~x 0 2 CUV � 1 is obtained via the 2D-SL0 algorithm
[23]. Although 2D-SL0 e�ectively focuses the energy of dominant scatterers, it lacks an explicit noise suppression
mechanism. Consequently,~x 0 is inherently a noise-corrupted observation of the true scattering distribution.

To address this limitation and enhance �delity, we establish a causal link between the coarse 2D-SL0 output and
the subsequent Bayesian framework. Formally, the relationship between the initial reconstruction ~x 0 and the true
scattering distribution z0 2 CUV � 1 is modeled as additive noise:

~x 0 = z0 + n 0; (12)

where n 0 2 CUV � 1 represents residual noise and reconstruction artifacts inherent in the SL0 estimation.
By treating the deterministic 2D-SL0 output as a probabilistic observation ~x 0, we are naturally led to a Bayesian

posterior model in which z0 serves as a latent variable to be inferred from its noisy counterpart.
For Bayesian inference, we express (12) in the real domain as

"
Re(~x 0)

Im( ~x 0)

#

=

"
Re(z0)

Im(z0)

#

+

"
Re(n 0)

Im(n 0)

#

; (13)

where Re(�) and Im( �) extract the real and imaginary parts, respectively. This yields the compact representation

~x = z + n ; (14)

where ~x = [ Re(~x 0) Im( ~x 0)]T , z = [ Re(z0) Im( z0)]T , n = [ Re(n 0) Im( n 0)]T , with ~x ; z; n 2 R2UV .

2.2 Bayesian modeling

Using the observation model in (14), we develop the Bayesian inference framework. Assuming zero-mean Gaussian
noisen , the likelihood of observing ~x given z is

p( ~x j z) = N
�

~x j z; � 2I
�

; (15)
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Figure 4 Graphical model of the proposed Bayesian framework.

where � 2 denotes the noise variance andI 2 R2UV � 2UV is the identity matrix.
The simulated clean imagex from the training set provides a strong prior for the latent clean image z. To

incorporate this prior knowledge, we place a conjugate Gaussian prior on z:

p(z) � N (z j x ; � I ) ; (16)

where � is a small hyper-parameter that describes the dependence ofz on x .
The conjugate prior of the noise variance� 2 follows the inverse Gamma distribution [48]:

p(� 2) = IG( � 2 j a; b); (17)

where a = � � 1, b = �! , ! is the mode [49].
The joint distribution satis�es

p( ~x ; z; � 2) = p( ~x j z; � 2)p(z)p(� 2); (18)

and the posterior is given by

p(z; � 2 j ~x ) =
p( ~x j z; � 2)p(z)p(� 2)

p( ~x )
: (19)

The probabilistic relationships among variables are illustrated in Figure 4. The clean imagex serves as a prior
for z, while � 2 controls the observation noise. Together, they de�ne the generative process of~x .

The role of x di�ers fundamentally between the training and inference phases. During training, paired data
( ~x ; x ) are available, and the Gaussian priorp(z) = N (z j x ; � I ) supplies an explicit supervision signal that aligns
the inferred latent image with the ground-truth clean distribution. At inference time, however, x is unknown.
Consequently, the prior is not evaluated explicitly at this stage; rather, the network learns to implicitly capture the
statistical structure of clean ISAR images through exposure to numerous paired examples during training. Hence,
inference requires only the noisy observation~x to produce an estimate of the latent image, with no access to a clean
reference.

Computing the exact posterior in (19) requires evaluating the marginal likelihood p( ~x ) =
RR

p( ~x j z; � 2)p(z)
�p(� 2)dzd� 2, which is analytically intractable. To overcome this obstacle, we resort to variational inference.

2.3 Variational inference and lower bound

To enable tractable posterior inference, we adopt variational inference under the mean-�eld assumption. The
overall structure of the evidence lower bound and its decomposition are illustrated in Figure 5. Optimization of
the variational parameters � ; A ; �; � maximizes this bound, e�ectively balancing reconstruction �delity an d prior
regularization.

The marginal likelihood of ~x can be expressed as

logp( ~x ) =
Z

q(z; � 2) ln
p( ~x ; z; � 2)

q(z; � 2)
dzd� 2 +

Z
q(z; � 2) ln

q(z; � 2)
p(z; � 2 j ~x )

dzd� 2: (20)

Based on the \Mean-�eld" assumption, the posterior distribution c an be factorized as

q(z; � 2) = q(z)q(� 2): (21)

From (16) and (17), the variational posteriors for z and � 2 are given by

q(z) = N (z j � ; A ); (22)
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Figure 5 Structure of variational inference and the evidence lower b ound.

q(� 2) = IG( � 2 j �; � ); (23)

where A 2 R2UV � 2UV denotes the covariance matrix of the approximate posterior distribution over z.
Furthermore, the second term in (20) represents the Kullback-Leibler (KL) divergence between the variational

posterior and the true posterior. This term is non-negative by de�nition. The �rst term in ( 20) corresponds to the
variational lower bound, which is denoted as follows:

logp( ~x ) > L (z; � 2 j ~x )

= Eq(z ;� 2 )
�
logp( ~x j z; � 2)

�
� DKL (q(z)kp(z)) � DKL (q(� 2)kp(� 2))

= L 1 � L 2 � L 3:

(24)

In (24), the �rst term L 1 is the likelihood of ~x ,

L 1 = Eq(z ;� 2 )
�
logp( ~x j z; � 2)

�

= � P Q log(2� ) � P Q (log � �  (� )) �
�
2�

�
( ~x � � )T ( ~x � � ) + Tr ( A )

�
;

(25)

where the notation Tr( �) represents the matrix trace.
The second term,L 2, governs the di�erence between the variational posterior ofz and its corresponding prior.

This can be expressed as

L 2 = DKL (q(z)kp(z))

= UV log(� ) �
1
2

log (det(A )) � UV +
1
2�

�
(� � x )T (� � x ) + Tr( A )

�
;

(26)

where, det(�) stands for the determinant.
The third term, L 3, regulates the divergence between the variational posterior of� 2 and its associated prior:

L 3 = DKL
�
q(� 2)kp(� 2)

�

= ( � � (� � 1)) (� ) + (log �( � � 1) � log �( � )) + ( � � 1)(log � � log(�! )) + �
�

�!
�

� 1
�

;
(27)

where  (�) and �( �) correspond to the digamma and gamma functions, respectively.

3 Proposed network architecture

Although the ELBO in ( 24) provides a tractable objective for variational inference, its direct optimization requires
iterative coordinate ascent updates, which may converge slowly and scale poorly with data dimension. Moreover, the
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expectation terms in L 1 involve the variational parameters � , A , � , and � in a nonlinear fashion, making closed-
form maximization di�cult beyond the simplest cases. To address these computational challenges and leverage
the expressiveness of deep learning, we propose CSWin-WNet, a neural network that directly parameterizes the
mapping from the observed image~x to the variational parameters, with the negative ELBO serving as the loss
function for end-to-end stochastic optimization.

The architectural design of CSWin-WNet follows directly from the factorized structure of the variational pos-
terior established in (21). Under the mean-�eld assumption, the joint posterior decomposes into two statistically
independent components: q(z) capturing the latent ISAR image and q(� 2) governing the noise variance. This
factorization renders the inference ofz and � 2 separable subproblems, which naturally motivates a dual-branch
network topology wherein the two variables are estimated along parallel processing pathways.

Nevertheless, the disparate statistical nature of these latent variables demands fundamentally di�erent feature-
aggregation strategies. The latent imagez 2 R2UV resides in a high-dimensional space characterized by strong
spatial correlations; its accurate restoration therefore requires both the preservation of high-resolution spatial de-
tails and the e�ective modeling of long-range scattering dependencies. To meet this demand, we employ CSWin
Transformer blocks whose cross-shaped window attention mechanism e�ciently captures local textures and global
contextual relationships. Conversely, the noise variance� 2 constitutes a scalar global statistic that encodes the ag-
gregate perturbation level over the full spatial extent of ~x . Consequently, its reliable estimation relies on aggressive
spatial down-sampling and a su�ciently large receptive �eld to integr ate information from all pixel locations. In
accordance with this principle, the noise branch adopts a comparatively compact feature-extraction pathway char-
acterized by strong down-sampling and global average pooling, whereas the image branch preserves higher spatial
resolution through deeper feature hierarchies augmented with skip connections. This asymmetry, wherein the image
branch remains spatially preservative while the noise branch operates in a globally compressive manner, constitutes
a principled design decision stemming directly from the distinct probabilistic roles of the respective variables. The
resulting W-shaped architecture, depicted in Figure6, embodies this dual-path paradigm: a shared encoder extracts
hierarchical multi-scale representations from~x , which are subsequently routed into two specialized decoder heads.

Inspired by the architecture of U-Net [36] and CSWin Transformer [39], CSWin-WNet e�ciently estimates the
posterior parameters by exploiting strong data-�tting and featu re representation capabilities. Speci�cally, the
negative variational lower bound is adopted as the objective function for end-to-end optimization.

3.1 Framework of CSWin-WNet

The architecture of CSWin-WNet is depicted in Figure 6. This network concurrently estimates the parameters of
the posterior distributions for both noise variance and the ISAR image, as described by (22) and (23). The input to
CSWin-WNet is the reconstructed image ~x derived from the original echoes by 2D-SL0 algorithm. Following deep
feature extraction via multiple down-sampling operations, the left portion of the network computes the posterior
distribution parameters � and � for noise variance, while the right portion estimates the parameters � and A
associated with the ISAR image. The distinct aggregation behaviorsare clearly visible: the image branch retains
skip connections and high-resolution feature maps to preserve spatial �delity, whereas the noise branch collapses
spatial dimensions via global average pooling before the �nal regression heads, aligning with its need for a global
summary statistic. Furthermore, the loss function is constructed based on the negative variational lower bound,
which can be expressed as follows:

�L (z; � 2 j ~x ) = �L 1 + L 2 + L 3: (28)

In (28), L 2 relies on � and A , whereasL 3 depends on� and � . Meanwhile, �L 1 is in
uenced by � , A , � , and
� . Consequently, the inference forz and � 2 is facilitated to learn from one another.

In the subsequent section, we will o�er an in-depth analysis of the CSWin-WNet architecture.

3.2 CSWin Transformer block

Consider an input feature map of sizeH � W � C, the CSWin Transformer block �rst performs a linear projection
to obtain � attention heads. Subsequently, the attention heads are partitioned into two groups for processing
horizontal and vertical strip-based self-attention.

For horizontal stripe self-attention, the input feature map is partitioned into M = H=sw horizontal stripes of
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Figure 6 (Color online) Structure of the CSWin-WNet.

equal width sw , denoted as [X 1; : : : ; X M ]. The output of the kth attention head is

�
X 1; X 2; : : : ; X M �

Y i
k = Attention

�
X i W Q

k ; X i W K
k ; X i W V

k

�
;

H-Attention k (X ) =
�
Y 1

k ; Y 2
k ; : : : ; Y M

k

�
;

(29)

where

X i 2 Rsw � W � C ; i = 1 ; : : : ; M;

W Q
k 2 RC � dk ;

W K
k 2 RC � dk ;

W V
k 2 RC � dk ; dk = C=K:

Similarly, the self-attention output for vertical stripes is V-Atten tion k (X ).
After performing both horizontal and vertical self-attention ca lculations separately, the results are concatenated

as follows:
CSWin-Attention( X ) = Concat (head1; : : : ; headk ) W O ;

headk =

(
H-Attention k (X ); k = 1 ; : : : ; K=2;

V-Attention k (X ); k = K=2 + 1; : : : ; K;

(30)

where W O 2 RC � C maps the concatenated self-attention outputs onto the outputchannels.
Each CSWin Transformer module includes residual connections (depicted by yellow lines in Figure 6) to facilitate

gradient 
ow during training. Additionally, a multi-layer perceptron ( MLP) with GELU activation and dropout is
applied after each attention mechanism to enhance feature transformation.

3.3 Encoder

The encoder processes tokenized inputs of dimensionC and spatial resolution H
4 � W

4 through a series of consecutive
CSWin Transformer blocks. Each block comprises a cross-shaped window self-attention mechanism followed by an
MLP, maintaining both feature dimension and spatial resolution within the block.

After every two blocks, a patch merging operation reduces the spatial resolution by a factor of two while doubling
the feature dimension. Speci�cally, adjacent patches are grouped into non-overlapping 2� 2 blocks, which are then
concatenated along the channel dimension, leading to a fourfold increase in feature channels. A linear projection
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layer subsequently maps the concatenated features to twice theoriginal dimension, ensuring consistent feature
representation across stages.

This hierarchical downsampling and feature expansion procedure isapplied three times within the encoder,
progressively reducing spatial resolution and enhancing feature expressiveness at each stage.

3.4 Decoder

The decoder is designed as a symmetric counterpart to the encoder, operating in a bottom-up fashion to reconstruct
high-resolution representations from deep semantic features. It consists of multiple CSWin Transformer blocks that
process the encoded features, maintaining consistent spatial and channel dimensions within each block.

To reverse the downsampling process, the decoder introduces a patch expansion mechanism after every two
blocks. This mechanism �rst expands the feature dimension via a linear transformation, then reorganizes the
feature vectors into a higher-resolution grid through a spatial reshaping operation, e�ectively achieving 2� up-
sampling. As a result, the spatial resolution is doubled while the feature dimension is halved, mirroring the inverse
behavior of the encoder's patch merging layer.

To ensure consistency in feature dimensions between the encoderand decoder stages, a �nal patch expand
operation may be applied to match the original input resolution.

3.5 Skip connections

Skip connections, following the U-Net paradigm [36], are adopted to integrate multi-scale encoder outputs with
up-sampled decoder features. In this scheme, encoder features extracted at coarser stages are concatenated with
matching decoder features to alleviate the loss of spatial resolution introduced during down-sampling. The resulting
concatenated tensor is projected through a linear layer so that its feature dimension conforms to that of the up-
sampled path. Each integrated feature group is then passed through an additional CSWin Transformer block for
re�nement before being used in subsequent layers or as the �nal prediction.

4 Experiments

4.1 Datasets

This study developed two dedicated datasets for ISAR imaging: AIDand SID. AID contains �ve military air-
craft targets (F117, F15C, F16, MiG29, F18), and SID contains �ve satellite targets (Beidou-BD, Tiangong-TG,
CALIPSO, OCO-2, CloudSat) to support space object imaging research. As shown in Figures7 and 8, the optical
images and 3D models illustrate the distinct structural characteristics of each aircraft and the morphological fea-
tures of each satellite, respectively. Furthermore, the representative ISAR imagery samples reveal the �ne detail
and complexity typical of such radar images. ISAR images were generated via full-wave electromagnetic simulation.
The radar operated in the 16{18 GHz band with a 2 GHz bandwidth for high range resolution. Data in AID were
generated at 45� and 55� elevation angles, and data in SID at 55� elevation. Azimuth coverage spanned 0� {360�

with a 0:02� sampling step to ensure full-aspect coverage. Target scatteringwas simulated using the physical optics
(PO) method in FEKO, an e�cient high-frequency approximation for electrically large targets. Echo processing
used the polar format algorithm (PFA) for handling large-angle data and providing motion compensation. During
imaging, the cumulative angle � � was 5:12� , and the azimuth interval between images was 1� . Final images were
uniformly sized to 256� 256 pixels.

The datasets were divided into training and testing sets. A detailed summary of the dataset speci�cations is
provided in Table 1. The training set included AID aircraft images at 45� elevation, with 360 samples per category
(1800 images total) covering all aspects. The testing set was morecomprehensive, containing both AID aircraft
and SID satellite images at 55� elevation across ten categories (360 samples each, 3600 images total). To enhance
robustness and simulate real radar conditions, training samples covered a wide SNR range from 5 to 15 dB.

4.2 Implementation details

CSWin-WNet was trained for 100 epochs with an initial learning rate of2� 10� 4. The learning rate was decayed by
a factor of 0.99 per epoch to ensure gradual convergence. The Adam optimizer [50] was used for parameter updates.
This section systematically evaluates the e�ectiveness, robustness, and generalization capability of CSWin-WNet.

Training was conducted on the AID with SNRs ranging from 5 to 15 dB, enabling the model to learn ro-
bust representations across varying noise levels. Testing was performed at �ve SNR levels: � 5, 0, 5, 10, and
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Figure 7 (Color online) Overview of the AID.

Figure 8 (Color online) Overview of the SID.

15 dB. The higher SNRs (5{15 dB) assessed e�ectiveness under moderate noise, whereas the lower SNRs (� 5 and
0 dB) evaluated robustness against severe interference. To assess generalization to unseen target geometries, the
SID electromagnetic simulation dataset was employed as an external test set. Furthermore, generalization from
simulated to real-world data was validated using measured echoes ofa Yak-42 aircraft.

When deploying the model, several practical choices are made to reconcile the theoretical formulation with the
associated computational constraints. The variational posterior in ( 22) is formally speci�ed with a full covariance
matrix A 2 R2UV � 2UV . Nevertheless, owing to the high dimensionality typical of ISAR imagery, direct manipula-
tion of a dense covariance matrix proves computationally infeasible.Accordingly, we restrict A to be a diagonal
matrix. Under this diagonal constraint, the log-determinant and t race operations in (25) and (26) simplify sub-
stantially, thereby lowering both memory footprint and computatio nal overhead while preserving the capacity to
model pixel-wise uncertainty. Second, to guarantee the strict positivity required for the variance and scale param-
eters (the diagonal elements ofA , as well as� and � ), the network operates in the logarithmic domain, predicting
unconstrained values that are subsequently exponentiated to yield the natural parameters. This parameterization
inherently enforces the positivity constraints. Finally, during the evaluation of the ELBO terms, the arguments
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Table 1 Overview of the electromagnetic simulation dataset.

Class Condition F117 F15C F16 MiG29 F18 BD TG CALIPSO OCO-2 Cl oudSat Total No.

Training set

� = 45 �

360 360 360 360 360 { { { { { 1800
� � = 5 :12�

f c = 17 GHz

B = 2 GHz

Test set

� = 55 �

360 360 360 360 360 360 360 360 360 360 3600
� � = 5 :12�

f c = 17 GHz

B = 2 GHz

supplied to logarithmic and digamma functions are explicitly clipped to a bounded interval, for instance [e� 8; e4],
thereby mitigating gradient explosion and avoiding domain errors. Taken together, these measures enable a nu-
merically stable and faithful realization of the variational objective while preserving the integrity of the underlying
theoretical framework.

The initial reconstruction ~x 0 fed into CSWin-WNet is produced by the 2D-SL0 algorithm. In our implementa-
tion, 2D-SL0 operates jointly in range and azimuth using precomputed overcomplete dictionaries derived from the
radar geometry. The algorithm follows a two-loop structure: an outer loop progressively reduces the smoothing
parameter � by a constant decay factor, while an inner loop executes a �xed number of gradient descent steps with
a predetermined step size to minimize the smoothed̀0 norm. The initial � is set proportionally to the magnitude
of the least-squares initialization, and a projection step after each gradient update enforces consistency with the
measured data. All hyperparameters were selected empirically on avalidation subset and held constant across all
experiments to ensure fair comparison.

To thoroughly evaluate CSWin-WNet's performance, we compared itwith several representative methods, includ-
ing 2D-ADN, 2D-FAN, KAN-UNet, Mamba-UNet and SWin-UNet. For q uantitative evaluation, we employed key
metrics including normalized mean square error (NMSE), peak signal-to-noise ratio (PSNR), structural similarity
index measure (SSIM), and image entropy (ENT) [51, 52]. While NMSE, PSNR, and SSIM assess reconstruction
accuracy and structural �delity, ENT provides insight into the info rmation richness and textural complexity of the
reconstructed images. It should be noted that ENT is not strictly monotonic with perceptual image quality: an ex-
cessively high ENT value may indicate residual noise, whereas an excessively low value may re
ect over-smoothing.
Consequently, ENT is most informative when interpreted jointly with error-based metrics and visual inspection,
rather than as a standalone indicator of reconstruction �delity.

4.3 Loss rate

A representative simulated point-scatterer sample is shown in Figure 9. To evaluate the reconstruction performance
of CSWin-WNet under incomplete observations, experiments were conducted on simulated point-scatterer data
with varying missing-data rates. Figures 10 and 11 display the reconstruction results for range-incomplete and
azimuth-incomplete data, respectively, across di�erent SNRs. The results indicate that reconstruction performance
degrades markedly when the missing-data rate surpasses 50%. This observation aligns with practical scenarios
involving complex observation conditions, including target maneuvering, pulse loss, or intentional under sampling,
where comparable levels of data incompleteness are encountered.Accordingly, a 50% missing-data rate was selected
for subsequent experiments.

Unlike other methods that only provide the 2D ISAR image, CSWin-WNet also accurately estimates the noise
variance of the test image. This is further validated in Figure 12(a), which illustrates the variation of true and
estimated noise variances across di�erent SNRs, where the estimated values closely align with the true values,
demonstrating its robustness under diverse noise conditions.

Similarly, the incomplete azimuth data was generated by sampling fromthe complete dataset. The estimated
noise variances are depicted in Figure12(b), where they closely match the true values, further validating the
e�ectiveness and reliability of CSWin-WNet in handling incomplete azimuth data.

Overall, these results highlight CSWin-WNet's ability to handle both inco mplete range and azimuth data e�ec-
tively, providing accurate reconstructions and reliable noise variance estimations under varying SNR conditions.

4.4 Comparative experiments

To validate the e�ectiveness of the proposed CSWin-WNet method,we conducted systematic comparative experi-
ments on the aircraft-model dataset AID. The experimental settings matched the previously described implementa-
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Figure 9 (Color online) Image of a test sample.

Figure 10 (Color online) Variation of (a) NMSE, (b) PSNR, and (c) SSIM o n incomplete range data with di�erent loss rates.

Figure 11 (Color online) Variation of (a) NMSE, (b) PSNR, and (c) SSIM o n incomplete azimuth data with di�erent loss rates.

tion details; both the range and azimuth loss rates of the echo signals were set at 50%. Tests were conducted under
three SNR conditions: 5, 10, and 15 dB. The proposed method was comprehensively compared against �ve state-
of-the-art deep learning approaches: 2D-ADN, 2D-FAN, KAN-UNet, Mamba-UNet, and SWin-UNet. Performance
was evaluated based on both quantitative metrics and visual results.

Quantitative results are summarized in Table 2. As shown, the proposed method achieved the best performance
on most metrics across all SNR conditions. Speci�cally, CSWin-WNet achieved NMSE values of 0.2954, 0.2776, and
0.2720 at 5, 10, and 15 dB, signi�cantly lower than comparative methods and suggesting minimal reconstruction
error. In terms of PSNR, the proposed method reached 54.6584,55.2157, and 55.3964 dB at the three SNR levels,
surpassing all others and demonstrating higher signal �delity. CSWin-WNet also consistently led in SSIM, with
values of 0.9935, 0.9940, and 0.9940, con�rming its excellence in retaining structural information. Although SWin-
UNet and 2D-FAN occasionally produced lower ENT values, this metric primarily re
ects information quantity
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Figure 12 (Color online) Variation of the noise variance on incomplet e (a) range echoes and (b) azimuth echoes with di�erent SNR.

Table 2 Quantitative performance of diverse imaging techniques on AID across a 5{15 dB SNR interval. Bold values indicate the be st
performance.

SNR Method NMSE PSNR SSIM ENT

5 dB

2D-ADN 0.4467 51.5393 0.9867 1.2288

2D-FAN 0.4596 51.3025 0.9861 1.0438

KAN-UNet 0.4605 51.2644 0.9855 0.6541

Mamba-UNet 0.4649 51.1889 0.9855 0.7512

SWin-UNet 0.4096 53.3161 0.9890 0.5803

CSWin-WNet 0.2954 54.6584 0.9935 1.0678

10 dB

2D-ADN 0.3792 52.9629 0.9900 0.7851

2D-FAN 0.4024 52.4368 0.9893 0.6645

KAN-UNet 0.4480 51.5039 0.9859 0.6475

Mamba-UNet 0.4495 51.4791 0.9861 0.7470

SWin-UNet 0.3984 53.5637 0.9894 0.5614

CSWin-WNet 0.2776 55.2157 0.9940 1.2260

15 dB

2D-ADN 0.3571 53.4793 0.9910 0.6111

2D-FAN 0.3891 52.7308 0.9899 0.5133

KAN-UNet 0.4436 51.5905 0.9861 0.6473

Mamba-UNet 0.4457 51.5536 0.9863 0.7406

SWin-UNet 0.3949 53.6405 0.9895 0.5548

CSWin-WNet 0.2720 55.3964 0.9940 1.3174

rather than visual quality or structural completeness. The overall superiority of CSWin-WNet in critical perceptual
metrics is more compelling. These results robustly indicate the high robustness and reconstruction accuracy of
CSWin-WNet for ISAR imaging under various noise conditions.

Visual comparisons of imaging results for a typical aircraft targetare presented in Figure13. Observations reveal
that when processing under sampled signals severely contaminatedby noise, CSWin-WNet e�ectively recovered
the geometric structure and detailed features of the target, demonstrating superior reconstruction clarity in key
parts such as wings, tail, and fuselage compared to other methods. In contrast, the results of 2D-ADN and 2D-
FAN exhibited noticeable blurring and distortion. Although KAN-UNet and SWin-UNet could roughly restore
the target outline, they lacked precision in depicting �ne structures. Moreover, Mamba-UNet introduces spurious
scattering points that do not correspond to actual target features. The lower ENT values occasionally observed for
SWin-UNet and 2D-FAN are consistent with this visual evidence, re
ecting over-smoothing that suppresses textural
details rather than genuine noise reduction. The results clearly demonstrate that the proposed method performs
well in global consistency and has outstanding capabilities in local detail restoration.

To further validate the noise estimation capability of the proposed method, we computed the predicted noise
variance from the network and the ground-truth noise variance.The ground-truth noise variance was 4:98� 10� 5,
while the predicted variance was 3:94� 10� 5. These values show strong agreement. This result demonstratesthat
CSWin-WNet not only achieves high-quality image reconstruction but also e�ectively estimates the noise level,
highlighting its strong robustness and generalization capability under various noise conditions.
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Figure 13 (Color online) Comparative ISAR imaging results on the AID a t an SNR of 5 dB.

4.5 Ablation experiments

To analyze the contribution of each component in CSWin-WNet, we compare it with four baselines under identical
experimental settings: 2D-SL0, U-Net, CSWin-UNet, and CSWin-WNet-M, where the loss function is replaced
with mean squared error (MSE). As shown in Table 3, the proposed method achieves consistent improvements
across all metrics, including NMSE, PSNR, and SSIM, at all tested SNR levels. For instance, at 10 dB, it attains
a PSNR of 55.2157 dB, an NMSE of 0.2776, and an SSIM of 0.994, signi�cantly outperforming all baselines. The
only minor deviation occurs at 5 dB, where CSWin-WNet-M shows a PSNR that is 0.1 dB higher. This slight
increase is attributed to the pixel-wise nature of MSE, which can yieldmarginally better PSNR under strong noise
by suppressing high-frequency residuals. On the ENT metric, all deep learning baselines except 2D-SL0 yield
lower values than CSWin-WNet. This indicates over-smoothing in their reconstructions, which suppresses textural
details and reduces information content. In contrast, CSWin-WNet preserves structural �delity while e�ectively
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Table 3 Performance metrics from ablation experiments on AID over a range of SNRs (5 dB to 15 dB).

SNR Method NMSE PSNR SSIM ENT

5 dB

2D-SL0 1.2552 42.6001 0.9609 1.8779

U-Net 0.4849 50.8319 0.9839 0.7122

CSWin-UNet 0.5034 50.5206 0.9840 0.6348

CSWin-WNet-M 0.3467 54.7685 0.9918 0.6762

CSWin-WNet 0.2954 54.6584 0.9935 1.0678

10 dB

2D-SL0 1.2306 42.7781 0.9643 1.6669

U-Net 0.4739 51.0325 0.9842 0.7127

CSWin-UNet 0.4900 50.7478 0.9844 0.6297

CSWin-WNet-M 0.3351 55.0607 0.9921 0.7621

CSWin-WNet 0.2776 55.2157 0.9940 1.2260

15 dB

2D-SL0 1.2256 42.8150 0.9652 1.6006

U-Net 0.4697 51.1118 0.9844 0.7164

CSWin-UNet 0.4847 50.8388 0.9846 0.6338

CSWin-WNet-M 0.3313 55.1559 0.9922 0.8101

CSWin-WNet 0.2720 55.3964 0.9940 1.3174

suppressing noise, resulting in ENT values closer to those of real complex ISAR scenes and demonstrating superior
detail recovery capability.

A comparative analysis of the visual results, provided in Figure14, o�ers intuitive evidence for the aforementioned
quantitative advantages. As a traditional method based on sparse optimization, 2D-SL0's results still contain
signi�cant noise and exhibit blurry overall contours; �ne structur es are nearly indistinguishable. U-Net, a canonical
encoder-decoder architecture, e�ectively suppresses noise and recovers the general outline of targets. However, being
inherently a purely data-driven network that lacks explicit modeling of physical priors or structural constraints,
its reconstruction results exhibit noticeable smooth distortions. Correspondingly, U-Net yields the lowest ENT
values among the compared methods, re
ecting the loss of textural information caused by such over-smoothing. By
incorporating a Transformer module, CSWin-UNet enhances globaldependency modeling and outperforms U-Net
in overall shape preservation. However, it still lacks su�cient precision in depicting local �ne features. In contrast,
CSWin-WNet utilizes the reconstruction results from 2D-SL0 as its input. Leveraging its unique dual-branch
encoder-decoder architecture and optimized via a loss function based on the negative variational lower bound, it
concurrently and precisely estimates the posterior distribution of the image alongside the noise variance. This
approach yields output exhibiting excellent detail restoration and high overall structural �delity. As clearly shown
in Figure 14, whether it is the unique stealth contour of the F117, the clear fuselage of the F15C, or the MiG29's tail,
the reconstruction results of CSWin-WNet are the clearest and most accurate, signi�cantly enhancing the visual
perception quality of the imaging results.

The ablation analysis demonstrates that CSWin-WNet e�ectively leverages key design components to enhance
ISAR image reconstruction quality. Both numerical evaluations andvisual inspections consistently indicate superior
performance in preserving structural �delity and recovering �ne details.

To assess the practical deployment potential of CSWin-WNet for noise-robust ISAR imaging, we evaluate its
computational footprint through 
oating-point operations (FLO Ps), model parameters, and inference speed. All
evaluations are carried out using an NVIDIA L20 GPU, processing input patches of size 256� 256 in batches of eight.
The inference latency is computed by averaging the duration of 100synchronized forward passes, benchmarked with
torch.utils.benchmark() , and the corresponding results appear in Table4.

CSWin-WNet achieves a latency of 27.81 ms (35.96 FPS) and requires 29.96 G FLOPs|slightly higher than
CSWin-UNet due to its W-shaped dual-branch architecture. This design enhances robustness to measurement noise
and missing data by optimizing the negative variational lower bound in a Bayesian framework, enabling e�ective
recovery of �ne scattering features under low-SNR or sparse-aperture conditions. Despite this, it retains the same
parameter count (6.82 M) as CSWin-UNet through inter-branch weight sharing and e�cient skip connections. In
contrast, lightweight models such as 2D-ADN and 2D-FAN su�er from insu�cient representational capacity, failing
to preserve target geometry in challenging ISAR scenarios. Moreover, CSWin-WNet reduces inference latency by
approximately 43% and 47% compared to KAN-UNet and standard U-Net, respectively, while achieving superior
reconstruction �delity|demonstrating an excellent trade-o� amo ng noise resilience, accuracy, and e�ciency for
practical ISAR systems.
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Figure 14 (Color online) Visual outcomes of ablation experiments on t he AID under 5 dB SNR.

Table 4 Comparison of computational complexity and model e�ciency across di�erent methods.

Method FLOPs (G) Params (M) Input size Batch size GPU Latency (ms) FPS

2D-ADN 6.01 0.000021 256 � 256 8 L20 6.05 165.38

2D-FAN 6.01 0.000021 256 � 256 8 L20 5.72 174.83

SWin-UNet 16.00 6.81 256 � 256 8 L20 13.59 73.61

CSWin-UNet 19.99 6.82 256 � 256 8 L20 20.57 48.60

KAN-UNet 32.92 8.87 256 � 256 8 L20 49.42 20.23

Mamba-UNet 13.53 5.23 256 � 256 8 L20 21.01 47.59

U-Net 587.47 7.70 256 � 256 8 L20 52.35 19.10

CSWin-WNet 29.96 6.82 256 � 256 8 L20 27.81 35.96

4.6 Robustness analysis

To comprehensively evaluate the robustness of CSWin-WNet understrong noise interference, we established more
challenging low SNR conditions (0 and� 5 dB) for testing, building upon its original training range (5 to 15 dB) .
Tables 5 and 6 present the quantitative evaluation results of various methods under these two extreme noise levels
within the framework of comparative experiments and ablation experiments, respectively. The visual comparison
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Figure 15 (Color online) ISAR image reconstructions by various appro aches on the AID under 0 dB SNR.

results are displayed in Figures15 and 16, intuitively showcasing the imaging quality of each method at the 0 dB
SNR.

Quantitative results from the comparative experiments (Table 5) reveal that CSWin-WNet sustained its leading
performance in the high-noise environments of� 5 dB and 0 dB. At � 5 dB, it achieved a notably low NMSE of
0.4366, outperforming traditional methods like 2D-ADN (1.0505) and 2D-FAN (1.0779), and also exceeding the
performance of SWin-UNet (0.5170), KAN-UNet (0.5645), and Mamba-UNet (0.6046). It also attained the highest
PSNR (51.2378 dB) and SSIM (0.9873) among all methods. This superiority was maintained at 0 dB, with values
of 0.3437 for NMSE, 53.3230 dB for PSNR, and 0.9918 for SSIM. Visual results (Figure 15) further support these
�ndings. Despite the highly severe input noise at 0 dB, CSWin-WNet's reconstructions (e.g., the nose sections of
the F117, F15C, and F18, and the empennage of the F16 and MiG29)demonstrated signi�cantly enhanced contour
clarity and detail �delity compared to other methods, most closely approximating the ground truth image.
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Table 5 Numerical evaluation of ISAR imaging approaches on the AID a t noise levels of � 5 and 0 dB.

SNR Method NMSE PSNR SSIM ENT

� 5 dB

2D-ADN 1.0505 44.1638 0.9356 2.6933

2D-FAN 1.0779 43.9932 0.9288 2.5109

KAN-UNet 0.5645 49.4930 0.9813 0.7208

Mamba-UNet 0.6046 48.9206 0.9792 1.0647

SWin-UNet 0.5170 51.2377 0.9852 0.7558

CSWin-WNet 0.4366 51.2378 0.9873 1.1012

0 dB

2D-ADN 0.6154 48.7616 0.9762 1.9287

2D-FAN 0.6194 48.6976 0.9767 1.6224

KAN-UNet 0.4872 50.7769 0.9843 0.6838

Mamba-UNet 0.5018 50.5254 0.9840 0.8125

SWin-UNet 0.4411 52.6541 0.9879 0.6296

CSWin-WNet 0.3437 53.3230 0.9918 0.9121

Figure 16 (Color online) Visual reconstructions from ablation varia nts on the AID dataset under 0 dB SNR.

Further ablation analysis shown in Table6 validates the superior design of the proposed CSWin-WNet architecture
under low SNR conditions. At both � 5 and 0 dB SNR levels, CSWin-WNet outperforms baseline methods across
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Table 6 Numerical assessment of ablation con�gurations on the AID a t � 5 and 0 dB SNR.

SNR Method NMSE PSNR SSIM ENT

� 5 dB

2D-SL0 1.5630 40.6558 0.9125 3.0377

U-Net 0.5791 49.2839 0.9800 0.5577

CSWin-UNet 0.6105 48.8350 0.9795 0.7179

CSWin-WNet-M 0.4627 52.2842 0.9864 0.6781

CSWin-WNet 0.4366 51.2378 0.9873 1.1012

0 dB

2D-SL0 1.3238 42.1231 0.9501 2.3633

U-Net 0.5136 50.3290 0.9827 0.6782

CSWin-UNet 0.5376 49.9505 0.9826 0.6485

CSWin-WNet-M 0.3788 54.0144 0.9905 0.5934

CSWin-WNet 0.3437 53.3230 0.9918 0.9121

Figure 17 (Color online) (a) Optical photograph of the Yak-42; (b) cor responding ISAR image; (c) ISAR image at a di�erent attitude .

all metrics, with only a slight de�cit in PSNR compared to CSWin-WNet-M . Speci�cally, at � 5 dB, CSWin-WNet
achieves an NMSE of 0.4366, representing a 28.4% reduction compared to CSWin-UNet (0.6105), and signi�cantly
better than U-Net (0.5791). Its PSNR is 51.2378 dB, slightly below that of CSWin-WNet-M (52.2842 dB), but
remains competitive. As shown in Figure16, 2D-SL0 reconstructions are severely a�ected by noise, making target
structures di�cult to discern. U-Net produces overly smooth out puts, leading to blurred edges and loss of texture
information. CSWin-UNet performs well in overall structural recovery but exhibits some blurriness in local feature
clarity. CSWin-WNet-M achieves �ner detail recovery in certain areas but often overestimates the amplitudes of
strong scatterers, producing unphysically high intensities|a know n artifact of MSE-based optimization. In contrast,
CSWin-WNet maintains robust feature extraction and reconstruction capabilities, generating high-�delity images
with clear edges and rich textures even under extreme noise. These quantitative and qualitative results collectively
demonstrate that the CSWin-WNet architecture excels in noise resistance and structural representation, particularly
suitable for remote sensing image reconstruction under low SNR conditions.

4.7 Generalization analysis

Having validated the e�ectiveness, architectural validity, and noise robustness of CSWin-WNet on the AID dataset,
this study further investigates its generalization capability|espec ially its transferability across heterogeneous imag-
ing scenarios and target categories. We therefore evaluate the model on the satellite image dataset SID, which
exhibits signi�cant di�erences from AID in terms of target geometr y, scattering characteristics, and imaging con-
ditions, making it an ideal benchmark for assessing cross-domain generalization. Subsequently, we test the method
on real-world measurements of a Yak-42 aircraft in Figure17 to verify its ability to generalize from simulated to
real-world data.

Quantitative results in Table 7 demonstrate that CSWin-WNet consistently achieves state-of-the-art performance
across all evaluation metrics under varying SNR conditions. At an SNR of � 5 dB, the method attains an NMSE
of 0.3873, a PSNR of 55.7908 dB, and an SSIM of 0.9942, signi�cantly outperforming all competing approaches.
As shown in Table 8, CSWin-WNet maintains a clear advantage when transferred to real-world measurements,
surpassing all other methods except for a marginally lower SSIM than Mamba-UNet at � 5 dB. These results
indicate that the proposed method e�ectively adapts to the diverse scattering characteristics of di�erent targets
without over�tting to speci�c training data distributions, thereby exhibiting excellent generalization capability.

Visual results in Figure 18 further demonstrate CSWin-WNet's superior cross-domain reconstruction perfor-
mance. At an SNR of 5 dB, CSWin-WNet produces reconstructions with sharper boundaries and reduced back-
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Table 7 Numerical performance of multiple approaches on the SID acr oss SNRs from � 5 to 5 dB.

SNR Method NMSE PSNR SSIM ENT

� 5 dB

2D-ADN 0.8616 48.7804 0.9742 2.1924

2D-FAN 0.8507 48.8048 0.9765 1.8327

KAN-UNet 0.4000 55.6246 0.9939 0.4435

Mamba-UNet 0.4300 54.9759 0.9935 0.5818

SWin-UNet 0.4420 54.6628 0.9932 0.4859

CSWin-WNet 0.3873 55.7908 0.9942 0.7210

0 dB

2D-ADN 0.4625 54.1244 0.9925 1.3197

2D-FAN 0.4528 54.4810 0.9923 1.1166

KAN-UNet 0.3451 56.9611 0.9951 0.3771

Mamba-UNet 0.3608 56.4603 0.9949 0.4211

SWin-UNet 0.3739 56.2112 0.9944 0.3691

CSWin-WNet 0.3000 57.9863 0.9961 0.4617

5 dB

2D-ADN 0.2896 58.3732 0.9965 0.5888

2D-FAN 0.2961 58.1828 0.9964 0.5184

KAN-UNet 0.3177 57.7211 0.9956 0.3424

Mamba-UNet 0.3330 57.1967 0.9954 0.3966

SWin-UNet 0.3483 56.8134 0.9949 0.3584

CSWin-WNet 0.2554 59.3453 0.9969 0.4274

Table 8 Numerical evaluation of multiple methods on the Yak-42 acro ss SNRs from � 5 to 5 dB.

SNR Method NMSE PSNR SSIM ENT

� 5 dB

2D-ADN 0.8703 48.4496 0.9821 2.1933

2D-FAN 0.8359 48.7906 0.9842 1.7814

KAN-UNet 0.6548 50.9042 0.9943 0.4198

Mamba-UNet 0.5935 51.7617 0.9949 0.5288

SWin-WNet 0.6196 51.3903 0.9946 0.5510

CSWin-WNet 0.5524 52.3956 0.9939 0.8018

0 dB

2D-ADN 0.4897 53.4442 0.9949 1.3425

2D-FAN 0.4998 53.2705 0.9947 1.1612

KAN-UNet 0.5986 51.6835 0.9956 0.3558

Mamba-UNet 0.5348 52.6615 0.9961 0.4342

SWin-WNet 0.5656 52.1754 0.9958 0.4158

CSWin-WNet 0.3457 56.5093 0.9978 0.4819

5 dB

2D-ADN 0.2803 58.3472 0.9985 0.4849

2D-FAN 0.3065 57.5260 0.9983 0.4240

KAN-UNet 0.5784 51.9818 0.9959 0.3372

Mamba-UNet 0.5107 53.0619 0.9965 0.4180

SWin-WNet 0.5442 52.5112 0.9962 0.3903

CSWin-WNet 0.2292 60.0940 0.9990 0.3874

ground clutter. In contrast, 2D-ADN and 2D-FAN exhibit noticeab le residual noise, while other competing methods
su�er from structural distortions across multiple satellite target s. Notably, CSWin-WNet successfully recovers �ne
details that other approaches fail to reconstruct|such as the m ain body of the BD satellite, solar panel textures of
the TG, CALIPSO, and OCO-2 satellites, edge features of CloudSat's solar panels, and the wing structure of the
Yak-42. This accurate restoration of intricate features underscores the model's strong feature representation and
reconstruction capabilities.

5 Conclusion

This paper has presented CSWin-WNet, a uni�ed deep learning framework for sparse ISAR imaging that jointly re-
constructs high-�delity two-dimensional images and estimates theassociated noise variance from incomplete echoes
acquired under varying SNRs. By embedding Bayesian inference directly within a neural architecture, CSWin-WNet
amortizes the computationally intensive posterior estimation into a single forward pass, thereby facilitating e�cient
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Figure 18 (Color online) Visual reconstructions by various approach es on the SID and Yak-42 under 5 dB SNR.

and accurate reconstruction without requiring per-instance parameter optimization. The proposed framework es-
tablishes a principled connection between sparse signal recovery and probabilistic graphical modeling, thereby
providing a robust solution for imaging scenarios characterized by severe noise contamination and substantial data
incompleteness.

Extensive experimental evaluations conducted on both electromagnetic simulation datasets and real-world mea-
sured data demonstrate that CSWin-WNet consistently outperforms competing state-of-the-art methods with re-
spect to reconstruction �delity, resilience to severe noise, and cross-domain generalization capability. The tight
integration of deep neural networks with variational Bayesian inference bridges the gap between data-driven rep-
resentation learning and uncertainty-aware probabilistic reasoning, o�ering a versatile and principled paradigm
for sparse radar imaging. Beyond the contributions of the present study, this work establishes a foundation for
extending amortized variational inference to more sophisticated acquisition geometries and adaptive strategies for
handling heterogeneous missing-data patterns.
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