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Abstract

The high cost of synthetic aperture radar (SAR) data ac-
quisition motivates SAR image generation research. How-
ever, the data scarcity and SAR’s inherent azimuth sensitiv-
ity make generative models suffer from severe azimuth over-
fitting. Most existing methods require supplementary data to
work effectively, limiting their practicality. In this paper, we
propose SAR-DisentDM, a novel semantic-disentangled dif-
fusion model for limited-data SAR image generation, with-
out requiring any auxiliary resources. We develop a physics-
aware diffusion architecture that explicitly models seman-
tic knowledge of SAR images, including intrinsic charac-
teristics, contextual diversity, and measurement randomness.
A key innovation is the attention-guided semantic disentan-
glement (AGSD) module, designed to decouple category-
specific features from azimuth-variable scattering patterns.
This is achieved by aid of a dual disentangled loss with time-
step-adaptive optimization. Furthermore, we introduce an az-
imuth angle perturbation augmentation (AAPA) mechanism,
to enhance the model’s robustness to minor azimuth angle er-
rors. Extensive evaluations validate that SAR-DisentDM en-
ables controllable SAR image synthesis with designated at-
tributes, significantly improving representation and general-
ization abilities under limited data. Synthetic imagery from
our approach boosts automatic target recognition (ATR) ac-
curacy beyond state-of-the-art methods.

Introduction
Synthetic aperture radar (SAR) enables all-weather, day-
night imaging, driving its use in automatic target recognition
(ATR) for surveillance, reconnaissance, urban management,
and disaster assessment (Curlander and McDonough 1991;
Joo, Sungmin, and Taesup 2019; Goldberg 2024; Yang et al.
2025). While deep learning has advanced SAR ATR perfor-
mance (Li et al. 2022; Chen et al. 2022; Tan et al. 2025;
Wang et al. 2025; Liu et al. 2025), fundamental data scarcity
remains a major constraint. As depicted in Fig. 1(a), SAR
data acquisition is costly and time-intensive, resulting in
sparse observation apertures and scarce imagery. Crucially,
SAR targets exhibit unique electromagnetic (EM) scattering
characteristics that change significantly with the azimuth an-
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gle. This leads to a pronounced discrepancy between the ac-
tual target rotation and its corresponding rotation in the SAR
image, as shown in Fig. 1(b). Consequently, conventional
geometric augmentations (e.g., rotation) are often ineffec-
tive for SAR image.

Generative data augmentation offers a promising solution.
Deep generative models (DGMs) like generative adversar-
ial networks (GANs) (Goodfellow et al. 2014; Odena et al.
2017; Zhu et al. 2023) can synthesize SAR images and po-
tentially generate samples of unseen azimuth angles. How-
ever, the strong azimuth sensitivity of SAR images makes it
difficult to learn both azimuth-invariant representations and
azimuth-dependent rules. This issue is exacerbated by data
scarcity. With limited training samples, the model may in-
correctly associate a target’s scattering features with the spe-
cific azimuth angles contained in the small training set, lead-
ing to severe azimuth overfitting. Existing SAR image gen-
eration methods primarily employ GANs, and rely on costly
auxiliary data such as semantic maps or simulated SAR data
(Song et al. 2021; Sun et al. 2023; Bao et al. 2024), limiting
their practical deployment.

Diffusion models (DMs) (Ho et al. 2020; Nichol and
Dhariwal 2021; Dhariwal and Nichol 2021; Rombach et al.
2022) recently surpass GANs in training stability and con-
ditioning flexibility. Inspired by this, we propose SAR-
DisentDM, a novel semantic-disentangled diffusion model,
requiring no auxiliary resources. Specifically, we employ
a conditioned latent diffusion model (LDM) (Rombach
et al. 2022) as our backbone, and explicitly integrate key
SAR semantic information, including intrinsic character-
istics, contextual diversity and measurement randomness,
into the framework. Then an attention-guided semantic
disentanglement (AGSD) module is proposed to decouple
category-specific features from azimuth-variable patterns.
This is achieved by aid of a dual disentangled loss with
time-step-adaptive optimization strategy. Moreover, to en-
hance model’s tolerance for minor angular value uncer-
tainties arising from measurement errors or other factors,
we introduce an azimuth angle perturbation augmentation
(AAPA) mechanism in conditioning. As Fig. 1(c)-(f) il-
lustrate, SAR-DisentDM enables precise and controllable
attribute-specified image synthesis. Extensive experiments
confirm that our synthetic images boost ATR accuracy.

The contributions of this work are summarized as follows:
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Figure 1: Addressing azimuth-controllable SAR image generation under data scarcity. (a) Goal: generating SAR images at
unseen azimuth angles using limited data. (b) SAR-specific challenge: target rotation 6= SAR image rotation due to EM scat-
tering characteristics. (c)-(f) Method comparison: (c) Ground-truth SAR images (red boxes: unseen angles; blue boxes: seen
angles); (d) ACGAN (Odena et al. 2017): fails to provide azimuth control, leading to incorrect categories/angles; (e) AGGAN
(Sun et al. 2023) & (f) LDM (Rombach et al. 2022): realize basic azimuth control but obtain inaccurate categories/angles; (g)
SAR-DisentDM (ours): reduces azimuth overfitting, achieving precise category and azimuth angle control.

(1) We propose a novel method termed SAR-DisentDM to
tackle an untouched problem, i.e., semantic disentanglement
for SAR image with limited data. To the best of our knowl-
edge, this work is the first study on this problem. (2) A novel
attention-guided semantic disentanglement (AGSD) module
is presented to solve azimuth-target coupling. (3) We de-
velop an azimuth angle perturbation augmentation (AAPA)
mechanism to further combat azimuth overfitting and en-
hance model’s robustness. (4) Extensive validation shows
that our synthetic images yield significant SAR-ATR accu-
racy improvements, outperforming previous benchmarks.

Related Work
Synthetic Image Generation
Advancements in DGMs have enabled high-quality syn-
thetic image generation. While GANs produce high-fidelity
images (Goodfellow et al. 2014; Odena et al. 2017; Zhu et al.
2023), they suffer from unstable training and mode collapse
under limited data. DMs (Ho et al. 2020; Nichol and Dhari-
wal 2021; Dhariwal and Nichol 2021; Rombach et al. 2022)
exceed GANs in training stability and conditioning flexibil-
ity, achieving impressive results in many generative tasks,
particularly in LDM (Rombach et al. 2022). However, cur-
rent DM applications mainly focus on generating synthetic
human faces (Kim et al. 2023; Melzi et al. 2023; Boutros
et al. 2023; Xu et al. 2024; Otroshi and Marcel 2025). For
instance, IDiff-Face (Boutros et al. 2023) employs a DM
backbone with contextual partial dropout (CPD) on identity
embeddings to enhance diversity, though at the cost of iden-
tity fidelity. Later ID3 (Xu et al. 2024) utilizes an identity-
preserving loss to balance appearance diversity with intra-
class consistency. Despite these successes, applying such ad-
vanced generative techniques to SAR data remains challeng-
ing. SAR’s intrinsic azimuth-sensitive scattering patterns

differ from the human-interpretable features of natural im-
ages. This highlights the urgent need for SAR-specific gen-
erative methods capable of learning both azimuth-invariant
representations and azimuth-dependent scattering patterns.

SAR Image Generation
Early SAR image generation relied on numerical simulation
or template-based methods, which either incurred high com-
putational costs or failed to model complex scenes (Ding
et al. 2017; Yang, Zhao, and Wan 2024). Recent DGM-
based approaches leverage their ability to learn complex
SAR data distributions. Certain researches have focused on
enhancing GAN architectures, aiming to reduce complex-
ity or improve feature representation (Hu et al. 2021; Shi
et al. 2022; Zou et al. 2020; Cao et al. 2022; Wang et al.
2022a). Another key direction involves employing SAR-
specific properties, such as incorporating statistical priors
to suppress speckle artifacts (Guo et al. 2017; Wang et al.
2018; Peng et al. 2024), employing SAR frequency do-
main features to prevent low-frequency interference (Ying
et al. 2025), or integrating physical models (e.g., causal or
scattering models) to enforce physical consistency (Guo,
Xu, and Xu 2023; Huang et al. 2024; Zhang et al. 2025).
However, performance degrades significantly in low-data
regimes due to azimuth overfitting. Recent efforts aim to
address data scarcity via semantic map guidance (requir-
ing costly annotations) (Song et al. 2021), meta-optimized
episodic training (needing abundant base classes) (Sun et al.
2023), and cross-modal translation (dependent on multi-
modal fusion) (Bao et al. 2024). Nevertheless, these meth-
ods’ dependence on substantial supplementary data limits
their practical utility. In this paper, we introduce the se-
mantic diffusion-based SAR generation framework. Our ap-
proach disentangles azimuth-target semantics and incorpo-
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Figure 2: The pipeline of our SAR-DisentDM for SAR image synthesis with limited data. The LDM backbone is leveraged
to incorporate semantic knowledge of SAR images: intrinsic characteristics (including category and azimuth angle) injected
as conditions, contextual diversity enhanced through stochastic sampling, and measurement randomness modeled via diffusion
noise scheduling. AGSD decouples category-specific and azimuth-sensitive features within the latent space. AAPA improves
model’s robustness to minor errors of angular values.

rates azimuth perturbation augmentation, effectively over-
coming the aforementioned limitations without auxiliary re-
sources.

Methodology
SAR-DisentDM aims to generate diverse SAR images with
category consistency using limited training samples. As Fig.
2 shows, our framework employs an LDM backbone incor-
porating SAR semantic representations. During training, the
model is fed with SAR images, paired with their ground-
truth azimuth angles and categories. For inference, only tar-
get azimuth angles and categories are required to gener-
ate designated SAR images. To solve azimuth-target cou-
pling, we propose AGSD, which enforces attention separa-
tion between target identity and angular features. Further-
more, we introduce AAPA, which promotes model’s robust-
ness to small azimuth uncertainties.

Preliminaries
Denoising diffusion probabilistic model (DDPM) (Ho et al.
2020) is a typical DM designed to learn data distribution
by variational inference based on Markov chain. One could
add Gaussian noise to the input data during forward process
while mitigating the noise by training a denoising network
during reverse process. In the forward (diffusion) procedure,
supposing a clean SAR image x0, we obtain a series of noise
samples x1,x2, ...,xT , i.e.,

xt =
√
αtxt−1 + σtε, (1)

for ∀t ∈ {1, 2, ...T}, where T is the number of diffusion
time-steps, ε follows a normal distribution, αt and σt control
the noise strength with σt =

√
1− αt.

The noisy SAR image xt is denoised in the reverse (de-
noising) stage by training a model εθ(xt, t), mathematically
formulated as

xt−1 =
1
√
αt

(xt −
1− αt√
1− ᾱt

εθ(xt, t)) + σtg, (2)

where ᾱt =
∏t
s=1 αs, and g obeys N (0, I). A U-Net struc-

ture (Rombach et al. 2022) is employed for the denoising
network εθ(xt, t) to predict ε, by minimizing loss function:

Lddpm = Ext,t,ε∼N (0,1)

[
‖εθ(xt, t)− ε‖22

]
. (3)

Semantic Knowledge Latent Diffusion Modeling
SAR-DisentDM builds upon an LDM and operates in the
compressed latent space of a pre-trained VAE (denoted as
Fvae) (Rombach et al. 2022). The input image x0 is en-
coded as latent representation z0 = Fvae(x0), mitigating
dimensionality challenges under limited data. SAR seman-
tic knowledge is embedded through three components. (i)
Intrinsic characteristics: essential attributes including target
azimuth caz and category ccls, representing the primary In-
formation of Interest (IoI) for SAR ATR. They are injected
as conditions via cross-attention (CA). (ii) Contextual di-
versity: variations from target deformations and observation
scenes, causing minor imaging fluctuations within a class.
This is modeled through stochastic latent sampling during
generation, namely z ∼ N (0, I), denoting random seeds
and Gaussian initial noise. (iii) Measurement randomness:
inherent uncertainty from sensor noise, measurement and
imaging errors (Yang, Ma, and Yang 2026). This is captured
by the noise scheduling vector β ∼ N (0, I) within the dif-
fusion process.
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Implementation details: we respectively imply one-hot
encoding for ccls and cyclic high-frequency embedding
(CHE) for caz due to its periodicity θ ∈ [0, 2π] (Guo, Xu,
and Xu 2023), expressed as

caz = [sin(θ), cos(θ), ..., sin(Lθ), cos(Lθ)], (4)

where L is set as 5 to balance feature dimensionality and
representational capacity. By concatenating caz and ccls as
ccxt, the conditioned denoising U-Net ε̂θ(zt, t, ccxt) exe-
cutes reverse sampling:

zt−1 =
1
√
αt

(zt −
1− αt√
1− ᾱt

ε̂θ(zt, t, ccxt)) + σtg. (5)

Attention-Guided Semantic Disentanglement
To address azimuth-target coupling, model must distinct
their relevant components in latent space. This motivates
cross-attention, which adaptively weights interactions be-
tween zt and ccxt. Task-specific supervision further enforces
attention to distinct latent aspects. Our proposed AGSD is
achieved through the following three core components.

Attention Extraction. A convolutional feature projector
and a 2D positional encoding are firstly applied for the la-
tent representation zt, expressed as z̄t = Fpe(Fproj(zt)).
The resulting features are transformed into queries Q, while
keys K and values V are derived from conditional represen-
tations ccxt:

Q = WQ · z̄t,K = WK · ccxt,V = WV · ccxt, (6)

where WQ,WK ,WV are the learnable projection matri-
ces. The multi-head cross-attention maps at time-step t are
computed as

Ah
t = Softmax{Qh(Kh)T /

√
d} (h = 1, ...,H), (7)

where d is the query/key dimension, H denotes the head
number. Attention values are then calculated by concatenat-
ing multi-head maps and projecting them:

At = Concat(A1
tV, ...,A

H
t V)WO, (8)

where WO is the output projection. After LayerNorm and
Feed-Forward Networks (FFNs) processing, the attention-
refined feature ẑ is yielded. It is then fed into task-
disentangled heads, i.e., the classification head and angle
prediction head, which are formally defined as

ĉcls = Wcls ·AAP(ẑ) + bcls, (9)
ĉaz = Tanh(Waz ·AAP(ẑ) + baz),

where AAP denotes adaptive average pooling, Tanh activa-
tion constrains angle predictions to [-1,1] for normalization.
Wcls,Waz,bcls,baz are weight matrices and bias vectors.

Dual Disentangled Loss. Classification and angle predic-
tion are supervised using dual disentangled loss:

Lcls = CE(ĉcls, c
gt
cls), (10)

Laz = MSE(ĉaz, c
gt
az),

where CE and MSE are the cross entropy and `2-norm
losses, respectively. cgtcls and cgtaz represent the ground-truth
category and angle, respectively.

Time-Step-Adaptive Optimization. Since azimuth and
category are not inferred in early steps, we incorporate a
time-step-adaptive weighting scheme for the reconstruction
and dual disentangled losses. The total loss is given by

Ltotal = Lrec + (1− t/T )(λ1Lcls + λ2Laz), (11)

Lrec = Ezt,t,ccxt,ε∼N (0,1)

[
‖ε̂θ(zt, t, ccxt)− ε‖22

]
.

In Eq. (11), λ1 and λ2 are balancing coefficients. The term
(1 − t/T ) provides a time-step-adaptive weighting that lin-
early changes from 0 to 1. This loss allows ε̂θ to play dif-
ferent roles depending on t. When t ≈ T , ε̂θ is predict-
ing zt from random noise, the AGSD plays a minor role
((1 − t/T ) ≈ 0), and we let the model fully exploit the
reconstruction loss Lrec. Gradually as t increases, the loss
progressively guides the denoising trajectory using semantic
disentanglement. This strategy exerts granular control over
feature formation by modulating the emphasis between re-
construction and disentanglement during denoising.

Azimuth Angle Perturbation Augmentation
Dropout is commonly used in preventing model overfitting
(Boutros et al. 2023). However, it risks discarding critical
information in low-dimensional azimuth embeddings caz .
To address this, we introduce AAPA by applying controlled
perturbations to caz . Specifically, AAPA preserves original
azimuth information through orthogonal perturbation:

ĉaz = caz · cos θT + δ · sin θT , (12)

where δ is a randomly sampled orthogonal unit vector. The
perturbation angle θT follows a truncated Gaussian distri-
bution with mean µ = 0, standard deviation η (controlling
intensity), and interval (va, vb) (ensuring physical rational-
ity). The probability density function (PDF) is defined as

f(x;µ, η, va, vb) =1/η · φ ((x− µ)/η) (13)

[Φ ((va − µ)/η)− Φ ((vb − µ)/η)]
−1
,

where φ(·) and Φ(·) are standard normal PDF and cumula-
tive distribution function (CDF). By introducing azimuthal
variations via small perturbations, model’s robustness to an-
gular errors is improved.

Experimental Setups
Datasets
We evaluate our model on two SAR image datasets: (1)
MSTAR 10-class target dataset (AFRL 2016), containing ten
military vehicle types captured at 0.3×0.3 m (128×128 pix-
els). (2) SAR-Airplane database (Wang et al. 2022b), featur-
ing two aircraft types with 72 samples per class (128×128
pixels). MSTAR targets span full azimuth range (0◦ ∼ 360◦,
1◦ ∼ 2◦ intervals) at 17◦ and 15◦ depression angles. SAR-
Airplane provides 5◦ azimuth increments over 0◦ to 355◦. To
emulate limited-data scenarios, we uniformly sample sub-
sets from the original datasets based on the target azimuth
angles. Specifically, we use azimuth intervals of 10◦ for
MSTAR (17◦ depression-angle images) and 20◦ for SAR-
Airplane to train the generative models. Once trained, we
sample 2746 and 720 synthetic images for MSTAR and
SAR-Airplane datasets, respectively.
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Methods MSTAR SAR-Airplane

SSIM↑ FID↓ COSS↑ SSIM↑ FID↓ COSS↑
ACGAN 0.19 588.1 0.54 0.31 926.4 0.26
AGGAN 0.21 485.5 0.62 0.61 810.3 0.34

LDM 0.23 477.8 0.63 0.62 808.7 0.35
IDiff-Face 0.23 472.3 0.63 0.62 793.1 0.37

ID3 0.23 461.5 0.64 0.63 786.4 0.38
SAR-DisentDM 0.24 433.6 0.65 0.66 725.2 0.43

Table 1: Synthetic image quality assessment: SOTA DGMs
vs. SAR-DisentDM on MSTAR and SAR-Airplane datasets.

Implementation Detail
We employ a DM trained for 30000 diffusion steps using
a linear noise schedule. Training is performed with a batch
size of 32 using float16 precision. Optimization uses Adam
with an initial learning rate of 1e−4. Input images (128×128
pixels) are compressed into a 32×32×3 latent space via
a pre-trained VQ-VAE (Razavi et al. 2019). Hyperparame-
ters are set to λ1=0.17, λ2=0.5, and perturbation parameters
(va, vb)=(-0.2, 0.2), η=0.13.

Experimental Results & Discussion
Representation Capability Assessment
Image Synthesis Ability. We first verify SAR-
DisentDM’s image synthesis capability. Fig. 3 compares
generated samples with real images on MSTAR and SAR-
Airplane datasets. The model generates two image groups,
demonstrating effective representation of diverse samples.
The subtle inter-group variations are both expected and
beneficial, as they arise from inherent diffusion stochasticity
(noise addition/removal) and random seeds, which are
critical mechanisms for enhancing output diversity.

Azimuth Attribute Disentanglement. To assess az-
imuth attribute disentanglement, we conduct an angle-
interpolation experiment. We gradually interpolate azimuth
attributes from initial to target angles and generate cor-
responding samples. Fig. 4 presents interpolated samples
for two MSTAR classes (BMP-2: [92◦, 119◦], BTR-60:
[40◦, 67◦]). The results clearly highlight the model’s az-
imuth disentanglement ability. The interpolated samples ex-
hibit high visual similarity to the corresponding target at
respective angles, consistent with patterns observed in the
real data. Critically, the proposed model effectively prevents
overfitting to specific angles, ensuring that the target orien-
tation changes coherently as the azimuth vector is modified.

Class Attribute Disentanglement. A target interpolation
experiment is carried out to evaluate class attribute disen-
tanglement ability. Fixing the azimuth angle, we linearly in-
terpolate class embedding from one class (e.g., 2S1) to an-
other, and generate images from the interpolated vectors.
Fig. 5 shows two sets of results, where columns represent
source class (left), target class (right), and intermediate syn-
thetic images with transformation ratios [0, 1]. For example,
in Fig. 5(a), as transformation ratio increases, the target size

in the synthetic images decreases, and the associated shadow
evolves accordingly, while the azimuth information remains
fixed at 45◦. Although these generated images represent ob-
jects not present in the real world, the model is able to gener-
ate convincing and realistic samples. These findings demon-
strate that SAR-DisentDM effectively disentangles class at-
tributes while preserving azimuth information.

Synthetic Image Quality Assessment
We evaluate synthetic image quality using three metrics:
Structural Similarity Index (SSIM), Frechet Inception Dis-
tance (FID) and Cosine Similarity (COSS). Table 1 com-
pares our method against SOTA approaches, including AC-
GAN (Odena et al. 2017), AGGAN (Sun et al. 2023), LDM
(Rombach et al. 2022), IDiff-Face (Boutros et al. 2023) and
ID3 (Xu et al. 2024). ACGAN conditions only on class la-
bels, lacking azimuth control and yielding inferior perfor-
mance. While AGGAN and LDM incorporate azimuth con-
dition, their naive concatenation of angular and class embed-
dings entangles geometric and identity attributes, reducing
precision in target/azimuth representation. IDiff-Face and
ID3 improve upon previous methods via CPD or enhanced
loss strategies, but they fails to resolve fundamental attribute
entanglement limitations. Our SAR-DisentDM achieves su-
perior image quality. The designed AGSD and AAPA pro-
duce samples with precise target contours and accurate az-
imuthal transitions. This validates our model’s effectiveness
in learning complex data distributions from limited samples.

Utility of Synthetic Images for SAR-ATR
SAR-ATR performance is evaluated using synthetic data
produced by various generative models. Six recognition ar-
chitectures are benchmarked: VGG16 (Simonyan and Zis-
serman 2014), ResNet34 (RN34) (He et al. 2016), ResNet50
(RN50) (He et al. 2016), EfficientNet (EN) (Tan and Le
2019), ConvNext (CN) (Woo et al. 2023), and Vision Trans-
former (ViT) (Dosovitskiy 2021). These recognition mod-
els are pre-trained on synthetic data (for feature learning)
and fine-tuned with limited real samples (for adaptation).
For fairness, they are evaluated on unified test sets, i.e.,
15◦ depression-angle MSTAR data or pre-partitioned SAR-
Airplane test data. All ATR models adopt standard configu-
rations, trained with a batch size of 64 for 50 epochs. Per-
formance is reported using overall accuracy (%) indicator.

The experimental results are listed in Table 2. It is ob-
served that ACGAN provides marginal gains over Base-
line (trained solely on limited real data), because it lacks
azimuth modeling, leading to imbalanced angular distribu-
tions and spurious feature correlations. AGGAN and LDM
obtain better scores by incorporating both class and an-
gular conditions, but naive attribute concatenation causes
feature entanglement, resulting in limited angular diversity
and distribution gaps. IDiff-Face suffers from partial in-
formation loss with 10-dimensional azimuth embeddings
under CPD strategy. ID3 shows minor gains over IDiff-
Face through customized loss design. In contrast, SAR-
DisentDM achieves SOTA performance, attaining an av-
erage accuracy of 78.10%/93.30% for MSTAR and SAR-
Airplane datasets, surpassing ID3 by +2.05%/+1.09%. This
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Figure 3: Illustrations of synthetic images on MSTAR and SAR-Airplane datasets. (a) Real images. (b)-(c) Our synthetic images
(round #1 & round #2). Both image groups are synthesized with identical intrinsic attributes but varied contextual diversity and
measurement randomness. The generated images accurately depict the targets, and subtle differences appear in the background
texture. (MSTAR images are enlarged for clarity.)

Methods MSTAR SAR-Airplane

VGG16 RN34 RN50 EN CN ViT Avg. VGG16 RN34 RN50 EN CN ViT Avg.

Baseline 68.35 63.45 71.42 64.65 80.61 48.38 66.14 86.36 90.91 90.34 80.68 94.89 50.00 82.20
ACGAN 69.19 68.33 72.98 72.26 82.49 64.35 71.60 86.53 91.86 91.77 90.54 96.01 78.24 89.17
AGGAN 72.42 71.47 75.83 73.62 84.35 69.21 74.48 90.66 92.75 92.34 95.69 96.17 82.61 91.70

LDM 74.25 71.86 77.39 73.53 84.81 70.14 75.33 91.13 93.10 92.31 96.52 96.14 83.12 92.05
IDiff-Face 74.52 72.21 77.45 73.58 84.83 71.43 75.67 91.21 93.25 92.38 96.61 96.22 83.16 92.14

ID3 74.84 72.80 77.87 74.14 85.17 71.50 76.05 91.24 93.27 92.38 96.73 96.38 83.25 92.21
SAR-DisentDM 77.28 73.36 78.92 77.03 86.51 75.51 78.10 92.05 96.02 92.77 97.16 97.73 84.09 93.30

Table 2: SAR-ATR accuracy (%) comparison: SOTA DGMs vs. SAR-DisentDM on MSTAR and SAR-Airplane datasets.

Figure 4: Illustrations of azimuth attribute disentanglement.
(a) BMP-2. (b) BTR-60. Top: real images; bottom: synthetic
images. Blue boxes highlight training samples.

Figure 5: Illustrations of class attribute disentanglement. (a)
Transformation from 2S1 to D7 (azimuth angle = 45◦). (b)
Transformation from 2S1 to T72 (azimuth angle = 200◦).

C1 C2 VGG16 RN34 RN50 EN CN ViT Avg.

× × 74.25 71.86 77.39 73.53 84.81 70.14 75.33√
× 75.04 72.41 77.84 74.42 84.93 71.48 76.02

×
√

76.13 72.71 78.45 76.14 86.26 74.05 77.29√ √
77.28 73.36 78.92 77.03 86.51 75.51 78.10

Table 3: Ablation studies on MSTAR dataset (C1 and C2

respectively stand for AAPA and AGSD).

improvement originates from its specific design: 1) the
AGSD ensures identity discrimination through azimuth-
target decoupling; and 2) the AAPA increases robustness to
azimuth angle errors by perturbation augmentation.

Ablation Studies
We conduct ablation studies to demonstrate the efficacy
of key components in SAR-DisentDM: the AAPA and the
AGSD. As summarized in Table 3, incorporating AAPA
results in consistently higher ATR accuracy across the
tested ATR models, indicating its effectiveness in intro-
ducing greater angle variation, thereby reducing the gen-
erative model from overfitting to specific azimuth angles.
Meanwhile, adding AGSD further enhances ATR accuracy.
Specifically, AGSD provides an average accuracy gain of ap-
proximately 2.0% for the six ATR models, attributable to its
role in extracting discriminative identity features. These ab-
lation studies confirm the critical role of both the AAPA and
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Figure 6: t-SNE visualizations of SAR data generated by six SOTA DGMs (a-f) on MSTAR dataset. Top: real training images
vs. synthetic images; bottom: real test images vs. synthetic images.

Tra. Size VGG16 RN34 RN50 EN CN ViT Avg.

Nf /5 79.04 80.01 82.26 73.89 87.13 59.80 77.02
82.52 84.78 84.77 83.68 94.25 79.25 84.88

Nf /10 68.35 63.45 71.42 64.65 80.61 48.38 66.14
77.28 73.36 78.92 77.03 86.51 75.51 78.10

Nf /25 55.78 53.85 67.43 52.26 68.72 27.04 54.18
76.08 78.92 76.21 71.39 79.56 49.14 71.88

Nf /40 41.34 36.31 44.00 42.33 47.72 15.13 37.81
49.71 42.04 56.25 54.22 56.65 39.94 49.80

Table 4: SAR-ATR accuracy (%) vs. training data size for
generation on MSTAR dataset. Top: Baseline (ATR models
trained with real data only); bottom: Ours (pre-trained with
synthetic data, fine-tuned with real data).

Syn. Size VGG16 RN34 RN50 EN CN ViT Avg.

Nf×0.5 71.62 68.55 72.37 67.39 83.31 52.25 69.25
Nf×1 77.28 73.36 78.92 77.03 86.51 75.51 78.10
Nf×2 77.52 73.71 79.53 77.66 87.14 76.80 78.73
Nf×5 77.73 73.83 79.61 77.70 87.42 77.81 79.02

Table 5: SAR-ATR accuracy (%) vs. synthetic data size for
ATR training on MSTAR dataset.

AGSD in boosting the performance of SAR-DisentDM.

Discussion
We investigate how training data size affects generative
models, by progressively increasing azimuth sampling in-
tervals: 5◦, 10◦, 25◦, 40◦. This reduces training data size
to Nf/5, Nf/10, Nf/25, Nf/40, where Nf is the full 17◦
depression-angle MSTAR data size. Training samples are
evenly distributed per interval. As Table 4 depicted, decreas-
ing training data size lowers classification accuracy across
all SAR-ATR models. In particular, SAR-DisentDM signif-
icantly outperforms the Baseline (trained solely on sparse

real samples), achieving average accuracy boosts of 7.86%,
11.96%, 17.70%, and 11.99% for the respective intervals,
demonstrating superior performance under data scarcity.

Subsequently, we analyze the impact of synthetic data
volume on ATR performance, by scaling ATR training sets
to Nf × 0.5, Nf × 1, Nf × 2, and Nf × 5. As observed in
Table 5, identification accuracy generally improves with in-
creasing synthetic data volume; however, these gains begin
to saturate once the data reaches a certain size. For instance,
expanding the dataset to Nf × 5 yields negligible improve-
ment over Nf × 2. This saturation likely occurs because the
additional images, generated under identical azimuth condi-
tions but with varying noise, contribute less discriminative
information than increased azimuth diversity. This also im-
plies that the generative model’s representational capacity is
bounded above under limited samples.

Finally, as shown in Fig. 6, we visualize the t-SNE distri-
bution of SAR data generated by five DGMs and our pro-
posed SAR-DisentDM on MSTAR dataset. From the fig-
ures, one can observe that compared to benchmark meth-
ods, the distribution of our generated data aligns better with
real training/testing samples from the corresponding cate-
gories. This confirms that SAR-DisentDM produces a more
discriminative representation by effectively capturing class-
specific features and generalizing across azimuth angles.

Conclusions
This work addresses limited-data SAR image genera-
tion, where data scarcity and azimuth sensitivity cause
azimuth-target coupling and overfitting. We propose SAR-
DisentDM, a semantic knowledge guided diffusion frame-
work featuring: 1) an AGSD module decoupling category-
specific/azimuth-variant features via adaptive dual loss, and
2) an AAPA mechanism enhancing robustness to azimuth
angle errors. Comprehensive experiments are conducted on
two SAR image datasets, and evaluation against several
SOTA approaches validates the effectiveness of our pro-
posed SAR-DisentDM. Future work will enforce azimuth
correlations by incorporating EM constraints into the diffu-
sion process, further improving the interpretability and gen-
eralization capability of SAR image synthesis.
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