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Abstract— Multi-band Synthetic Aperture Radar (SAR) pro-
vides complementary scattering information of targets across dif-
ferent frequencies, which is of great value for target detection
in a complex background. However, the multi-band SAR dataset
characterized by scarce targets and abundant backgrounds con-
stitutes an imbalanced few-shot problem for target detection,
which significantly limits the effectiveness of deep learning based
detectors. To address this imbalanced few-shot learning challenge,
a Modified Variational Autoencoder-Auxiliary Classifier Generative
Adversarial Network (MVAE-ACGAN) framework is proposed for
generating high-quality multi-band SAR target imagery in this
paper. The proposed framework introduces three improvements to
VAE-ACGAN: a geometric transformation based pre-augmentation
module, which preliminarily expands the training target dataset
to prevent mode collapse in the generative network; a modified
reconstruction loss including the band-weighted reconstruction pixel
loss and the reconstruction statistical loss, which ensures the
cross-band variability and regularity of generated samples; and
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a feature perceptual mechanism with a staged training strategy
in the classification branch of an ACGAN-based discriminator,
which enforces similarity between generated samples and real
samples in a discriminative feature space. Collectively, these im-
provements enable the proposed framework to generate samples
that not only maintain inter- and intra-band authenticity but also
remain separable from the background, thereby supplying high-
quality training samples for subsequent target detection networks.
Experimental results on a self-built multi-band SAR dataset show
that the proposed MVAE-ACGAN framework outperforms existing
generative approaches in terms of reconstruction and generation
quality, and significantly improves the detection performance of
the deep learning detector, demonstrating excellent results across
multiple evaluation metrics.

Index Terms— ACGAN, VAE, multi-band SAR, target detec-
tion, few-shot learning

I. Introduction

TARGET detection, as one of the core tasks of syn-
thetic aperture radar (SAR), serves as the technical foun-
dation for various SAR applications, including military
reconnaissance, disaster assessment, and environmental
monitoring. However, the conventional SAR system faces
a bottleneck in target detection under a complex back-
ground, as manifested by its difficulty in achieving both
high detection probability and low false alarm probability
[1], due to the limitation of the single-band SAR system
in capturing comprehensive information of target and
background. Multi-band SAR has emerged as an advanced
alternative, which acquires multiple SAR images through
radar signals of distinct frequencies, and expands the
target information acquired in the frequency dimension,
enabling a more comprehensive characterization of targets
[2].

Existing studies on multi-band SAR target detection
mainly focus on extracting discriminative handcrafted
features from each band and integrating them into a
joint detector. Typical examples include band-transferable
texture representations for foliage-penetrating target [3],
statistical feature fusion for target covered by camou-
flage netting [4], scattering-mechanism combinations for
artificial targets in urban areas [5], and geometric and
tracking-based features for road targets [6]. While these
methods benefit from strong physical interpretability by
designing features based on inherent properties of differ-
ent targets, their performance is limited by two key fac-
tors. First, handcrafted features have limited capacity to
capture the nonlinear and high-dimensional discriminative
information that distinguishes targets from backgrounds
in complex scenes [7]. Second, the judgment threshold
of the detector relies on prior knowledge, lacking the
capability to adaptively learn the optimal decision bound-
ary directly from data [8]. As a result, when applied
to diverse and previously unencountered scenarios, these
traditional methods often fall short in meeting the increas-
ingly stringent performance requirements in terms of both
robustness and detection accuracy [9].

Deep learning, as a powerful technique originating
from computer vision, has demonstrated remarkable ca-
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pability in learning complex features and nonlinear rela-
tionships through end-to-end training. It has been widely
applied to single-band SAR target detection [10], achiev-
ing significant performance gains compared to traditional
non-learning methods. However, the effectiveness of deep
learning methods is highly dependent on large-scale and
high-quality labeled datasets, which poses a significant
challenge in multi-band SAR target detection. Specif-
ically, while background samples are generally abun-
dant, high-value target multi-band samples are extremely
scarce and costly to annotate [11], which renders multi-
band SAR target detection a typical imbalanced few-shot
problem. Consequently, in such a few-shot multi-band
scenario, deep learning models struggle to learn robust
and generalizable representations, resulting in overfitted
models with poor performance [12].

For the few-shot learning problem, data augmentation
has become a vital strategy for expanding the dataset to
improve model generalization and robustness, ultimately
enhancing detection performance. Existing augmentation
methods can be broadly categorized into two types.
The first type is based on geometric transformations,
including rotation, flipping, noise addition, and hybrid
manipulations [13], which augment data by applying
pixel-level operations to existing samples. While simple
and efficient, these methods are inherently limited to rule-
based and shallow transformations without learning the
underlying scattering structures or feature distributions of
the real data. Consequently, they can only modify the
apparent appearance of the samples and fail to generate
new semantic content or essential discriminative fea-
tures, thereby constraining the diversity of the generated
samples and limiting the overall improvement in model
discriminability [14]. The second type is based on deep
generative models, which learn complex mappings from
a latent space to the real data distribution through neural
networks [15]. In contrast to the pixel-level manipulations
of geometric transformation based augmentation methods,
generative models create new samples at the data distribu-
tion level. The generated samples not only appear visually
realistic but also possess discriminability and diversity,
effectively addressing overfitting, poor robustness, and
limited generalization associated with few-shot problems
of deep learning, and improving detection performance
[16] [17].

Variational Autoencoder (VAE) is one of the earliest
generative models that established a fundamental con-
nection between variational inference and deep neural
networks [18] . By introducing a latent variable distri-
bution constraint into the autoencoder, the VAE achieves
explicit modeling of the data generation process, enabling
the sampling of new samples from the latent space.
Unlike conventional autoencoders, VAE benefits from an
interpretable and continuous latent space, enabling the
generation of diverse samples. However, the generated
results of VAE often lack fine details and appear overly
smooth, since the model is trained mainly through recon-
struction error minimization. Various modifications have

been proposed to enrich the details of generated images:
β-VAE [19], which introduces a regularization coefficient
to strengthen the disentanglement of latent variables;
CVAE [20], which incorporates class conditions into the
encoding and decoding processes; perceptual loss [21],
which constrains the reconstruction in a high-level feature
space to preserve semantic consistency and mitigate the
blurring artifacts of generated images. Although these
VAE variants alleviate the blurring and detail-loss issues
to some extent, they still struggle to generate high-fidelity
structures for complex multi-band SAR imagery.

In contrast, the Generative Adversarial Network
(GAN) approximates the real data distribution implicitly
through an adversarial training between a generator and
a discriminator [22]. GANs is excellent at recovering
high-frequency details and textures of images, producing
visually superior results compared to VAE. However, the
training process of GAN is inherently unstable, often
suffering from mode collapse and gradient instability
[23], which can impede convergence, especially in few-
shot learning scenarios. Consequently, many variants have
been developed to improve model stability and control-
lability. Wasserstein GAN [24] replaces the original JS-
divergence with the Wasserstein distance, substantially
improving training stability and mitigating mode collapse;
InfoGAN [25] introduces mutual information constraints
to disentangle the latent space, thereby enhancing the in-
terpretability and controllability of the generation process;
Conditional GAN (CGAN) [26] utilized label information
to guide the generation of multi-class targets; Auxiliary
Classifier GAN (ACGAN) [27] further enhances CGAN
by incorporating an classifier to improve the inter-class
separability of the generated samples. Considering that
the stability of VAE and the visual realism of GAN
are complementary, hybrid frameworks like VAE-GAN
[28] and VAE-ACGAN [29] have been proposed, which
integrate the latent space modeling of VAE with GAN-
based adversarial discrimination to achieve the stable
generation of high-quality samples, offering a promising
approach to addressing few-shot learning challenges.

Although generative models have made significant
progress in single-band SAR target detection tasks [30]
[31] [32], no prior work has explored their extension
to multi-band SAR, leaving a clear research gap. These
methods face several fundamental limitations when di-
rectly applied to multi-band SAR. First, due to the dif-
ferent imaging parameters across multiple frequencies,
multi-band SAR imagery exhibit substantial variations
in appearance, including difference in texture patterns,
structural expression and intensity distributions. However,
most existing generative models are fundamentally de-
signed for single-channel imagery and therefore lack the
ability to accommodate such cross-band diversity. When
directly extended to multi-band SAR data, these models
tend to learn an averaged representation across bands
rather than preserving band specific properties, resulting
in generated samples that fail to retain the intrinsic inter-
band variability present in real multi-band SAR imagery.
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Second, the scattering difference across bands in multi-
band SAR imagery reflects the frequency-dependent char-
acteristics of target, proving important information for dis-
tinguishing targets from complex background. However,
existing single-channel generative models lack mecha-
nisms to enforce cross-band consistency in these charac-
teristics. Consequently, the generated samples may exhibit
distorted or mismatched inter-band relationships. More-
over, because existing generative models are not specifi-
cally designed for SAR imagery, the generated samples,
even when visually plausible, may still fail to preserve
critical SAR specific structural or semantic features that
can distinguish the targets from the complex background.
These limitations collectively hinder existing generative
models from effectively addressing the imbalanced few-
shot learning problem in multi-band SAR target detection.

To address the above challenges, a Modified Vari-
ational Autoencoder Auxiliary Classifier Generative
Adversarial Network (MVAE-ACGAN) framework for
multi-band SAR data augmentation is proposed in this
paper. Three key improvements are incorporated into the
VAE-ACGAN framework to generate multi-band SAR
images for multi-band SAR target detection. First, a data
pre-augmentation process based on geometric transfor-
mations is employed to preliminarily expand the limited
target sample set. Second, the VAE module is redesigned
with a band-weighted pixel reconstruction loss and a
statistical reconstruction loss, enabling the model to better
preserve band-specific structural variability and maintain
the inter-band relationships of multi-band target imagery.
Third, a feature extraction interface is incorporated into
the classification branch of ACGAN to compute a feature
perceptual loss, which is progressively integrated through
a staged training strategy to ensure stable optimization and
more faithful reconstruction of deep semantic features.

Furthermore, a multi-band SAR dataset for vehicle tar-
get detection in urban environments is constructed in this
work, using airborne SAR images acquired at P-, S-, C-
and Ka-bands. Experiments on this dataset demonstrated
that, compared to existing data augmentation methods,
the proposed MVAE-ACGAN framework significantly
enhances target detection performance under imbalanced
few-shot dataset, effectively validating its feasibility and
effectiveness in addressing the few-shot problem in multi-
band SAR target detection tasks.

The rest of this article is organized as follows.
Section II introduces the foundational background on
VAE, GAN and VAE-ACGAN. Section III details the
proposed MVAE-ACGAN framework and its three key
improvements, including pre-augmentation, the modified
reconstruction loss of VAE, and the feature perceptual
mechanism with staged training strategy in an ACGAN-
based discriminator. In Section IV, effectiveness of the
proposed framework is demonstrated by experimental
results on a self-built multi-band SAR target detection
dataset. Conclusions are drawn in Section V.

II. Related Work

In this section, the fundamental generative models
relevant to this study are briefly reviewed. The basic
principles of VAE and GAN are introduced, followed by
their hybrid architecture, the VAE-ACGAN.

A. Variational Autoencoder

VAE is a generative model that combines deep learn-
ing with variational inference, whose fundamental prin-
ciple is to reconstruct and generate data through an
encoding-decoding process. Specifically, the encoder E(·)
maps an input sample x to the distribution parameters of a
latent variable z, denoted as E(z|x)=N(z;µ(x), σ2(x)),
where N(z) represents a Gaussian distribution parame-
terized by the mean and variance defined by µ(x) and
σ2(x). The decoder then samples from the latent space
to reconstruct the input data, expressed as x̂ = R(x|z).
The loss function of the VAE consists of a reconstruction
loss and a Kullback-Leibler (KL) divergence loss, and is
formulated as follows [18]:

LVAE(E,R)=Lrec(E,R) + LKL(E,R)

=EE(z|x)[logR(x|z)]−KL[E(z|x)∥PZ(z)]
(1)

where E[·] denotes the expectation operator, and KL[·∥·]
represents the KL divergence between two distributions.
The reconstruction loss Lrec(E,R) constrains the re-
constructed sample x̂ to be consistent with the input
real sample x in the pixel space. The KL divergence
loss LKL(E,R) encourages the distribution of the latent
variable z produced by the encoder to approximate a
prior distribution PZ(z), thereby ensuring continuity of
the latent space.

To promote consistency between the generated sam-
ples and the real samples in feature space, the Feature
Perceptual Loss is introduced in [21], which computes the
loss based on the feature differences between the real and
reconstructed samples extracted by a feature extraction
operator F (·). It can be formulated as follows:

Lfea(E,R) = ∥F (x)− F (x̂)∥22 (2)

Then, the loss of VAE is the sum of the reconstruction
loss, KL divergence loss and feature perception loss and
can be denoted as:

LVAE(E,R) = Lrec(E,R) +LKL(E,R) +Lfea(E,R) (3)

B. Generative Adversarial Network

The GAN consists of a generator and a discriminator
and achieves data generation through adversarial train-
ing. The generator G(z) learns a mapping function to
transform an input random noise z ∼ Pz(z) vector into
the sample space. The discriminator D(x) distinguishes
whether an input sample is a real sample x∼Pdata(x) or
one generated by the generator. The adversarial training
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between G and D can be formulated as the following
min-max game [22]:

min
G

max
D

LGAN (G,D) (4)

where
LGAN (G,D) =

Ex∼Pdata
[logD(x)] + Ez∼PZ(z)[log(1−D(G(z)))]

(5)

The first and second terms of (5) correspond to the
discriminator losses for real data and for generated sam-
ples from random noise, respectively. During training,
the discriminator D aims to accurately distinguish real
samples from generated ones by assigning labels of 1
and 0, respectively, and therefore seeks to maximize
LGAN (G,D). In contrast, the generator G attempts to
minimize the second term of LGAN (G,D) so that the
generated samples can resemble real ones and deceive
the discriminator into labeling them as 1. Through this
adversarial training process, the generator gradually learns
the underlying distribution of real samples, enabling it to
produce diverse and realistic samples from random noise
to augment the dataset.

ACGAN is a variant of GAN designed for multi-class
target generation, which extends the aforementioned GAN
framework by introducing a class-conditional variable and
an additional classification branch [26]. The generator is
reformulated into a conditional generation model G(z, c),
which takes both random noise and class labels as in-
put to guide the generation of class-specific samples.
The discriminator incorporates both an adversary branch
Dadv(x) for authenticity assessment and a classification
branch Dcls(c|x) for category prediction. The overall loss
function of ACGAN can be expressed as:

LACGAN (G,D)=Ladv(G,D) + λLcls(G,D)

Ladv(G,D)=Ex∼Pdata(x)[logDadv(x)]

+Ez∼PZ(z),c∈C [log(1−Dadv(G(z,c)))]

Lcls(G,D)=Ex,c∼Pdata(x,c)[−logDcls(c|x)]
+Ez∼PZ(z),c∈C [−logDcls(c|G(z,c))]

(6)

where Ladv(G,D) and Lcls(G,D) denotes the loss func-
tions of Dadv(x) and Dcls(c|x), respectively.

C. VAE-ACGAN

To integrate the training stability of the VAE with
the high visual fidelity and class-conditional generation
capability of the ACGAN, the VAE-ACGAN framework
was proposed [28], which replaces the standard ACGAN
generator with a VAE model and trains the encoder,
decoder and discriminators jointly through an adversarial
objection. The loss function of VAE-ACGAN can be
formulated as:

LVAE−ACGAN (E,R,D)=LVAE(E,R)+LACGAN (E,R,D)
(7)

where LACGAN (E,R,D) represents the adversarial loss
of VAE introduced by incorporating a discriminator D
with an adversary branch and a classification branch.

These generation models offer promising solutions to
the few-shot problem in multi-band SAR target detection.
Nevertheless, directly applying these methods to multi-
band SAR data is not effective in solving the few-shot
learning problem. Existing single-channel models tend to
generate average representations across different bands,
ignoring the inherent diversity between them. Moreover,
they lack dedicated mechanisms to enforce consistency
in cross-band characteristics. Consequently, they fail to
produce multi-band SAR samples that are authentic both
inter-band and intra-band. These limitations motivate the
development of a specialized generation framework tai-
lored to the imbalanced few-shot learning challenge in
multi-band SAR target detection.

III. MVAE-ACGAN

To address the limitation of existing generative mod-
els when applied to the multi-band SAR imbalanced
few-shot target detection task, a Modified Variational
Autoencoder Auxiliary Classifier Generative Adversarial
Network (MVAE-ACGAN) framework is proposed in this
section. The proposed framework incorporates three key
improvements over the VAE-ACGAN paradigm, includ-
ing a geometric transformation-based pre-augmentation
module, a modified reconstruction loss of VAE with
band-weighted pixel loss term and statistical loss term,
and a staged training feature-perceptual mechanism im-
plemented by a deep feature interface in classification
branch. These improvements collectively guide the pro-
posed MVAE-ACGAN to generate multi-band SAR sam-
ples that exhibit authenticity both inter- and intra-band at
the pixel-level, statistical-level and the deep feature-level.

The architecture of the proposed method is illustrated
in Fig. 1. First, the training data set is divided into
target and background sets. The target set undergoes the
geometric transformation-based pre-augmentation process
to initially expand the dataset. The augmented target
samples are then fed into the VAE for multi-band tar-
get sample reconstruction and generation, during which
the modified reconstruction loss and the KL divergence
loss are computed between the reconstructed and input
samples. Next, the generated target samples, along with
real target samples and real background samples, are
input into the ACGAN-based discriminator. Its adversarial
branch receives both generated and real target samples,
outputs a real/fake judgment, and computes the adver-
sarial loss. The classification branch receives all target
and background samples, performs a target/background
classification, and yields the classification loss. At a
later training phase, when the classification branch has
gradually converged, an additional feature perceptual loss
is calculated based on the deep features extracted by the
feature interface of the classification branch from real
and reconstructed target samples. Throughout training,
these losses jointly guide the learning of the generator,
ultimately producing generated target samples that exhibit
authenticity both inter- and intra-band.
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Fig. 1. Overall architecture of the proposed MVAE-ACGAN framework.

The details of three improvements in the proposed
MVAE-ACGAN framework are described as follows.

A. Pre-Augmentation Module

For extremely limited samples, directly training a
complex generative network often leads to mode col-
lapse or unstable convergence. To alleviate this issue and
improve robustness of the training process, a data pre-
augmentation module based on geometric transformation
is added prior to the generative model.

This module takes the multi-band SAR training target
samples x as input and performs a series of trans-
formations, including rotation Rot(x), flipping Flip(x),
noise injection Noi(x) and samples mixing Mix(x) to
construct an augmented target training set as:

Xaug = {x, Rot(x), F lip(x), Noi(x),Mix(x)} (8)

This pre-augmentation module efficiently expands the
number of target samples by five times, which mitigated
the instability in network training under few-shot con-
ditions. Nevertheless, as the operations are restricted to
pixel-level geometric transformations without modeling
the intrinsic intra- and inter-band characteristics in multi-
band SAR data, the diversity of generated samples re-
mains bounded by the input sample distribution. There-
fore, to achieve deeper and more representative generative
enhancement, a VAE with modified reconstruction loss is
introduced to learn the underlying distribution of multi-
band SAR target samples.

B. VAE Module with Modified Reconstruction Loss

To effectively capture both the inter- and intra-band
characteristics of multi-band SAR targets, a multi-channel
VAE with a modified reconstruction loss is designed. The
input to the encoder is the augmented multi-band SAR
target sample xaug ∈ RB×H×W , where B, H and W
denote the number of bands, height and width of sample
patch, respectively. The encoder is implemented using

a multi-channel convolutional neural network (CNN),
in which shared convolutional kernels are employed to
extract cross-band features and to estimate the distribution
parameters of multi-dimensional latent variables z as
follows:

µ,σ2 = E(xaug) (9)

where µ ∈ RK and σ2 ∈ RK denote the mean vector
and the variance vector of z ∈ RK , and K denotes the
dimensional of the latent space.

Then, reparameterization is employed to obtain the
multi-dimensional latent variables z:

z = µ+ σ2 ⊙ ε, ε ∼ N(0, I) (10)

where ⊙ denotes the Hardamard product, N(0, I) repre-
sents the K− dimensional normal distribution and I is
the identity matrix.

Subsequently, the decoder reconstructs the target sam-
ple from the latent space, which can be expressed as:

x̂ = R(z) (11)

The original loss function of the VAE, as in (1),
consists of the reconstruction loss and the KL divergence
loss. For multi-band SAR images, system resolutions and
the target scattering characteristics vary among different
bands, leading to cross-band variations in images. These
cross-band variations, which exhibit distinct regularities
in target and background, serve as an important source
of discriminative information for multi-band SAR target
detection. However, simply extending the existing VAE
model to multiple channels for generating multi-band
SAR sample leads to indiscriminate learning across bands
due to the uniform reconstruction loss, ignoring cross-
band variability and regularity. Therefore, in this work,
the reconstruction loss is redefined as a band-weighted
reconstruction pixel loss term and a reconstruction sta-
tistical loss term to constrain the cross-band variability
and regularity of the generated multi-band SAR target
samples.
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1. Band-weighted Reconstruction Pixel Loss
The reconstruction loss of VAE refers to the pixel-

level difference between the generated and the real sam-
ples, which can be regarded as the reconstruction pixel
loss. Considering the varying roles of different bands in
image generation, a weight coefficient is introduced for
the reconstruction pixel loss of each band, differentially
emphasizing their respective contributions to target char-
acteristics at the pixel level. Specifically, high-resolution
band, like Ka-band, which contains more spatial infor-
mation and is crucial for target structure and texture, is
assigned a higher weight. In contrast, low-resolution band,
like P-band, which provides richer statistical features but
weaker spatial information, is assigned a lower weight.
Therefore, the band-weighted reconstruction pixel loss in
VAE can be expressed as:

Lpixel =

B∑
b=1

λb ∥xb − x̂b∥22 (12)

where, xb and x̂b represent the input and reconstructed
samples of the b-th band, respectively, and λb denotes the
weight for the b-th band. By introducing the band weight,
higher attention is given to high-resolution bands during
pixel-level reconstruction, thereby guiding the VAE to
generate multi-band SAR target images that preserve the
cross-band structural discrepancies present in real target
sample.

2. Reconstruction Statistical Loss
The statistical properties of multi-band SAR imagery,

such as mean and variance, describe the scattering energy
distribution of the target and background in multiple
bands. These statistics exhibit band-dependent variation
patterns that are closely related to the physical charac-
teristics of an object, serving as important discriminative
features for effectively distinguishing target from complex
background. Therefore, preserving the regularity of cross-
band statistics in multi-band reconstructed samples is par-
ticularly crucial for generating target samples with inter-
band authenticity. Accordingly, a reconstruction statistical
loss is introduced as follows, focusing on the means and
variances of multi-band SAR images.

Lstat =

B∑
b=1

(
∥µb − µ̂b∥22 +

∥∥σ2
b − σ̂2

b

∥∥2

2

)
(13)

where µb and σ2
b represent the mean and variance of the

input sample at the b-th band, while µ̂b and σ̂2
b denote the

mean and variance of the reconstructed sample at the same
band. By enforcing consistency in inter-band statistics,
this loss guides the VAE to generate samples that better
preserve the cross-band energy distribution of real targets.

Integrating these loss terms, the modified loss function
for the VAE can be expressed as:

LV AE = α1Lpixel + α2Lstat + α3LKL (14)

where αi, i = 1, 2, 3 is the coefficient that balances the
contributions of the band-weighted pixel reconstruction

loss, reconstruction statistical loss and KL divergence loss
in guiding the learning direction of the network. This
modified VAE module prevents the multi-channel genera-
tive network from treating images cross bands uniformly.
Instead, it enables band-dependent preservation of spatial
structural details of targets according to the imaging pa-
rameters, while simultaneously maintaining the regularity
of statistical properties across multiple bands.

C. Feature Perceptual Mechanism with a Staged
Training Strategy in ACGAN-based Discriminator

This work focuses on the multi-band SAR target de-
tection task under imbalanced few-shot learning problem,
aiming to separate targets from complex background.
Therefore, an ACGAN-based discriminator, which incor-
porates an adversarial branch Dadv and a classification
branch Dcls, is selected to assist the VAE generator in
producing target samples with enhanced realistic details
and discriminative feature through adversarial training.
The adversarial branch Dadv takes both the real target
samples x and the generated target samples x̂ from VAE
as inputs, and outputs the probability that a given sample
is real. The loss function of Dadv can be expressed as
Ladv in (6), where the generator G(z, c) is replaced by
R(z).

The classification branch Dcls takes real target sample
x, generated target sample x̂, and real background sample
y as inputs, and performs a binary classification task to
distinguish targets from background without differentiat-
ing between real and generated samples. Its loss function
can be expressed as a binary cross-entropy loss:

Lcls = Ex∼Ptar(x)[− logDcls(1|x)]
+ Ey∼Pback(y)[− logDcls(0|y)]
+ Ez∼PZ(z)[− logDcls(1|R(z)]

(15)

where Pback(y) denotes the distribution of multi-band
SAR background sample y which is labeled as 0, and
the target sample is labeled as 1.

In such an ACGAN-based discriminator, which per-
forms both real or generated target discrimination and
target or background classification, a feature perceptual
mechanism is introduced to enhance the discriminative
feature in generated multi-band target sample and facil-
itate separation from the background. Unlike previous
approaches that compute feature perceptual loss using
feature extracted from the adversarial of GAN [28], a
feature extraction interface Dfea

cls is incorporated into the
intermediate layers of the classification branch that dis-
tinguishes targets from backgrounds, as illustrated in Fig.
2. This modification ensures that the extracted features
are deep representations specifically tailored for the target
detection task and exhibit substantial distinction from
background features.

This interface extracts high-level semantic features
from the intermediate layer of Dcls, which effectively
distinguish targets from background and exhibit strong
discriminability. Accordingly, the feature perceptual loss
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Fig. 2. Classification branch with feature extraction interface.

of the VAE under this mechanism can be formulated as:

Lfea =
∥∥∥Dfea

cls (x)−Dfea
cls (x̂)

∥∥∥2

2
(16)

By introducing this feature perceptual mechanism, the
distribution of the generated target samples in the feature
space is further constrained. Specifically, the discrimina-
tive features relevant for target detection are emphasized
during the VAE reconstruction process. Since the VAE
generation is now guided by features derived from a
network trained jointly on both target and background
samples, the generated target samples maintain high
separability from the background even though the VAE
generator is trained only on target samples. This high
separability is particularly crucial for the imbalanced few-
shot learning problem in multi-band SAR target detection,
where target samples are extremely scarce compared to
abundant background samples.

Since the classification branch Dcls is dynamically
trained and its feature extraction capability is unstable at
the early training stage, applying the feature perceptual
loss too early may lead to unstable feature distributions
and interfere with the joint optimization of the VAE
and discriminator. Therefore, a staged training strategy is
adopted for this feature perceptual loss to ensure effective
learning of both the VAE and the discriminator.

Specifically, in the initial stage, which occupies the
first η proportion of the total training epochs, the proposed
framework is trained without the feature perceptual loss,
and the generator and discriminator are optimized adver-
sarially to improve their respective capabilities. During
this stage, the VAE is guided by dual objective. Internally,
it learns to reconstruct the cross-band variability and
regularity of multi-band target samples through the band-
weighted reconstruction pixel loss, the statistical recon-
struction loss, and the KL divergence loss. Externally, it
is driven by the adversarial loss and the classification loss
from the ACGAN-based discriminator, which together
ensure that the generated target samples are visually
realistic and correctly classifiable as targets. The overall
optimization objective at this stage is expressed as:

min
E,R,Dcls

max
Dadv

(α1Lpixel + α2Lstat+ α3LKL

φ1Ladv + φ2Lcls)
(17)

where φ1 and φ2 are weighting coefficients that balance
the contributions of the adversarial loss term and the
classification loss term.

As the training progresses, the classification branch
Dcls gradually converges and learns highly discriminative
semantic features between targets and background. At this
stage, which occupies the remaining (1 − η) proportion
of the training epochs, the feature perceptual mechanism
is activated to further constrain the reconstructed images
in the feature space, ensuring that the reconstructed target
samples are also close to real ones in the space of deep
features that are discriminative for separating target from
the complex background. Adding the feature perceptual
loss with a weight φ3, the overall optimization objective
becomes:

min
E,R,Dcls

max
Dadv

(α1Lpixel + α2Lstat+ α3LKL

φ1Ladv + φ2Lcls + φ3Lfea)
(18)

This staged training strategy effectively avoids the in-
stability that may occur when complex feature constraints
are introduced prematurely. By progressively introducing
the feature perceptual loss, the network achieves smoother
convergence and a better balance between the spatial
fidelity and feature-level consistency of the generated
target samples.

In summary, the proposed MVAE-ACGAN first ex-
pands the training target data set through a pre-
augmentation module to prevent mode collapse in sub-
sequent generative training. It then employs three refined
loss functions to enforce generated target sample authen-
ticity at the pixel, statistical and feature levels. The band-
weighted reconstruction pixel loss realizes differentiated
generation across bands by allocating more weight to
the reconstruction of high-resolution bands that contain
richer spatial details. The reconstruction statistical loss
ensures the regularity of cross-band energy distribution
by enforcing consistency in statistical properties between
generated and real target samples across all bands. The
feature perceptual loss constrains target sample generation
in a discriminative feature space that separates targets
from the background, while a staged training strategy
is adopted to enhance the stability and effectiveness
of this mechanism during training. Collectively, these
improvements enable the framework to generate target
samples that are authentic both inter- and intra-band,
thereby effectively addressing the imbalanced few-shot
learning problem in multi-band SAR target detection.

IV. Experiment Results

To validate the proposed MVAE-ACGAN framework
for few-shot multi-band SAR target detection, an air-
borne multi-band SAR dataset containing vehicle targets
is constructed in this section. Comparative experiments,
including reconstruction quality evaluation and detection
performance analysis, are conducted on the self-built
multi-band SAR dataset to demonstrate the effectiveness
of the proposed framework in addressing multi-band
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target detection challenges. In addition, ablation studies
are conducted to verify the contribution of each key
improvements of the proposed framework.

A. Multi-Band Airborne SAR Dataset for Target
Detection

In this study, a Multi-band SAR Vehicle Detection
Dataset (MSVDD) is constructed using the airborne SAR
data. The dataset contains HH-polarized SAR images
across four bands with respective resolutions: P-band
at 1m, S-band at 1m, C-band at 0.5m and Ka-band at
0.3m. It includes 163 vehicle target samples and 1790
background samples collected from diverse urban en-
vironments such as airports, residential areas, harbors,
and toll stations. Since vehicles occupy only a small
fraction of urban scenes and manual annotation is costly,
the number of target samples is far fewer than that of
background samples, resulting in a imbalanced few-shot
target dataset.

The dataset has been co-registered and resampled to
a uniform size, with each sample consisting of a 16×16-
pixel image patch for four bands. Representative samples
from the dataset are illustrated in Fig. 3, where (a)-(e)
show five vehicle target examples and (f)-(j) show five
background examples. From top to bottom, each row
corresponds to the P-, S-, C-, and Ka-bands SAR images.
As the frequency increases from the S-band to the Ka-
band, the image characteristics of both targets and back-
grounds exhibit evident differences. In the low-frequency
P- and S- bands, the images are dominated by large-
scale bright scatterers and relatively smooth background
regions, with vehicle targets typically appearing as stable
strong-scattering patches. In the C-band, the image texture
becomes more complex, and target scattering evolves
from coarse structures into multi-scale details. In the
high-frequency Ka-band, the shorter wavelength intro-
duces richer fine textures and stronger speckle effects,
resulting in highly complex local structures. Overall, the
low-frequency bands emphasize large-scale scattering and
energy distribution, whereas the high-frequency bands
provide more detailed structural and textural information.

As the first multi-band SAR detection dataset, the
MSVDD constructed in this study offers a reliable foun-
dation for research on few-shot multi-band SAR target
detection.

B. Evaluation Metrics

To comprehensively evaluate the performance of the
proposed framework in few-shot multi-band SAR target
detection, two categories of evaluation metrics are em-
ployed, corresponding to the assessment of reconstruc-
tion quality and the detection performance of generated
samples.

The reconstruction quality metrics include

1) Multi-band Euclidean Reconstruction Error

The multi-band Euclidean reconstruction error DE

measures the pixel-wise Euclidean distance be-
tween the reconstructed sample set x̂ and the real
target sample set x, defined as:

DE =
1

N

N∑
i=1

1

B

B∑
b=1

∥∥∥x(b)
i − x̂

(b)
i

∥∥∥
2

(19)

where x
(b)
i and x̂

(b)
i denote b-th band images of the

i-th real target sample xi and its reconstruction x̂i,
respectively. A lower DE indicates that the recon-
structed sample is closer to the real target sample
in pixel intensity and that the model achieves better
reconstruction performance.

2) Multi-band Correlation Coefficient
The multi-band correlation coefficient (MCC)
measures the structural similarity between the
multi-band reconstructed samples and the real
samples [33], defined as:

MCC =
1

N

N∑
i=1

1

B

B∑
b=1

Cov(x
(b)
i , x̂

(b)
i )

Std(x
(b)
i )Std(x̂

(b)
i )

(20)

where Cov(·) and Std(·) represent the image co-
variance operator and standard deviation operator,
respectively. A higher MCC indicates better struc-
tural consistency between real and reconstructed
samples.

3) Fréchet Feature Distance
Inspired by the Fréchet Inception Distance [34],
the Fréchet Feature Distance (FFD) is proposed to
measure the distributional discrepancy between the
real sample set and the reconstructed sample set in
a deep feature space. It is defined as:

FFD =
∥∥∥µfea

real − µfea
rec

∥∥∥2

2

+ Tr(Σfea
real +Σfea

rec − 2(Σfea
realΣ

fea
rec )

1
2 )
(21)

where (µfea
real,Σ

fea
real) and (µfea

rec ,Σ
fea
rec ) denote the

mean and covariance of deep features extracted
from real and reconstructed samples, respectively.
Tr(·) denotes the trace of a metric. A lower FFD
indicates better feature-level fidelity.

The detection performance metrics include [35] [36]:

1) Detection Probability
The detection probability Pd, also known as the
Recall, represents the proportion of true targets
that are correctly detected, assessing the complete-
ness of target coverage in the detection results. A
higher Pd indicates fewer missed detections in the
results.

2) False Alarm Probability
The false alarm probability Pf denotes the pro-
portion of background samples that are incorrectly
identified as targets, evaluating the reliability of
detection results over background regions. A lower
Pf indicates reduced risk of false alarms in back-
ground regions.
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3) F1-Score
The F1-Score focuses on the overall balance be-
tween accuracy and completeness in the detection
task. It effectively reflects the task-level quality
of detection results, especially under few-shot or
imbalanced scenarios. A higher F1-Score signifies
a better trade-off between missed detections and
false alarms. It is the harmonic mean of Precision
and Recall.

4) Average Precision
The Average Precision (AP) focuses on the robust-
ness and stability of detection performance across
different decision thresholds. It is equivalent to the
area under the Precision-Recall curve. A higher
AP value indicates that the detection method main-
tains high performance across varying thresholds,
demonstrating more stable decision boundaries.

5) Receiver Operating Characteristic Curve and
Area Under the Curve
The Receiver Operating Characteristic (ROC)
curve illustrates the trade-off between Pd and Pf

across different thresholds. A curve closer to the
top-left corner indicates better detection perfor-
mance. The Area Under the Curve (AUC) quanti-
fies the overall effectiveness of this discrimination,
with a value closer to 1 indicating stronger inherent
class separation capability.

In summary, the reconstruction quality metrics DE ,
MCC and FFD evaluate the reconstruction ability of
generator in pixel-, statistics- and feature-levels, respec-
tively. The detection performance metrices Pd and Pf

describe the detection correctness from complementary
perspectives; the F1-Score reflects the balance between
accuracy and completeness; the AP and AUC metrics
offer global evaluations of detection robustness and sepa-
rability. These metrics collectively form an assessment of
the generation framework for few-shot multi-band SAR

detection challenge, providing a basis for evaluating the
effectiveness of the proposed MVAE-ACGAN framework.

C. Experimental Setup and Visualization of Results

The proposed MVAE-ACGAN framework is validated
on the self-built dataset MSVDD. The data split and the
key parameters of the network are set in TABLE I. The
band weights are assigned according to the resolution of
different bands, while the coefficients in the loss function
are selected based on the magnitude of each term.

TABLE I
Parameters Setting

Parameter Value

Training/Test Split 8 : 2
Number of Generated Samples 80

(λ1, λ2, λ3, λ4) (0.5, 0.5, 0.8, 1)

(α1, α2, α3) (2, 3, 1000)
(φ1, φ2, φ3) (0.2, 0.1, 0.1)

η 50%

To provide an intuitive demonstration of the effective-
ness of the proposed MVAE-ACGAN generation frame-
work, Fig. 4 presents the visualized results of multi-band
SAR target samples at different processing stages. The
figure includes the real target samples used as network
inputs (a), the pre-augmentation samples obtained through
rotation (b), flipping (c), noise injection (d), and samples
mixing (e), the VAE-reconstructed samples (f), and three
generated samples produced by the proposed framework
(g)-(i). From top to bottom, each row corresponds to the
P-, S-, C-, and Ka-bands, respectively.

It can be observed that the pre-augmentation samples
maintain consistent spatial structures with the real targets
but produce no new scattering information, as this pro-
cessing merely applied geometric transformations to the
input real target samples. In contrast, the reconstructed
samples from the modified VAE module successfully

Fig. 3. Representative samples from MSVDD: (a)-(e) are five different vehicle target samples, and (c)-(d) are five background samples; from
top to bottom, each row corresponds to the P-, S-, C-, and Ka-bands, respectively.
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reproduce the energy distribution and scattering structure
across all bands, indicating that the latent space effectively
captures the core features of multi-band SAR targets.
Furthermore, the generated target samples exhibit inter-
and intra-band representations similar to those of real
target samples. Specifically, as the resolution improves,
the generated samples evolve from concentrated, blurry
bright spots at low-frequency bands to rich structural
details with dispersed energy in higher-frequency bands,
consistent with the cross-band behavior of real target
samples. Moreover, rather than merely replicating the
structural details of the input real target samples, the gen-
erated samples produce novel textural patterns, thereby
effectively expanding the diversity of the training target
set.

D. Comparative Evaluation of Reconstruction Quality

Image reconstruction plays a central role in the pro-
posed MVAE-ACGAN generation framework, as higher
quality reconstruction generally leads to better generative
performance. Accordingly, this subsection evaluates the
reconstruction quality against three representative gener-
ation approaches: a geometric transformations based aug-
mentation method [13] employing geometric operations
such as flipping, rotation, and noise addition (denoted as
Aug); a standard VAE approach [18] (denoted as VAE);
and a VAE method integrated with the ACGAN concept
[29] (denoted as VAE-ACGAN).

Fig. 5 presents the real target samples and the re-
constructed target samples obtained by the four meth-
ods, where each method illustrates four different target
examples and each example contains the P-, S-, C-, and
Ka-bands patches from top to bottom. The Aug method
yields the visually closest results to the real target images,
as it applies only geometric transformations to the original
samples without performing genuine reconstruction. The

VAE exhibits severe over smoothing across all bands,
where the fine scale scattering characteristics and inter-
sample differences are largely lost. The VAE-ACGAN
benefits from adversarial learning and recovers limited
local textures, producing reconstructed images with slight
target-like variations. However, both VAE and VAE-
ACGAN perform poorly in terms of inter-band variability
and diversity across samples. This may be due to the lack
of effective mechanisms in both methods, which prevents
them from emphasizing key features when learning and
generating multi-band image characteristics. Moreover,
with only 130 training target samples, these models
struggle to adequately learn the data distribution, thereby
limiting the diversity of the generated results.

In contrast, the target samples reconstructed by the
proposed MVAE-ACGAN framework more accurately re-
stores the inter-band and intra-band characteristics of the
real target images. The enhanced performance is attributed
to key improvements in the proposed framework. Specif-
ically, the pre-augmentation module initially expands the
training sample set, allowing the proposed framework to
be sufficiently trained and to perform targeted reconstruc-
tion for different samples rather than applying a uniform
decoding process. Then, the band-weighted reconstruction
loss strengthens high-frequency texture retention, and the
reconstruction statistic loss regularizes inter-band contrast
and dynamic range. Furthermore, the feature perception
loss enforces consistency between the reconstructed out-
put and the real sample at the deep feature level, further
improving reconstruction fidelity.

A quantitative comparison of reconstruction perfor-
mance of the four methods is summarized in TABLE II,
where three evaluation metrics are reported: DE , MCC
and FFD.

For the pixel-level error metric DE , Aug and the pro-
posed framework perform poorly, yielding higher recon-
struction errors than VAE and VAE-ACGAN, even though

Fig. 4. Results of the proposed MVAE-ACGAN framework across different stages: (a) is a vehicle target sample, (b)-(e) are four additional
samples after pre-augmentation, (f) is the reconstructed sample of VAE and (g)-(i) are three final generated samples of MVAE-ACGAN, from

top to bottom, each row corresponds to the P-, S-, C-, and Ka-bands, respectively.
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TABLE II
Quantitative Reconstruction Evaluation

Aug VAE VAE-ACGAN Proposed

DE 5.3590 4.1688 4.3055 5.1666
MCC 0.8431 0.3450 0.5073 0.6576
FFD 10.1424 25.6753 66.8835 11.6507

they produce the most visually faithful results in Fig.
5. This because DE only measures pointwise intensity
differences between the reconstructed sample and the real
sample, without considering deeper semantic similarity.
Consequently, VAE and VAE-ACGAN, which reconstruct
over-smoothed images that collapse toward band-wise
average intensities, achieve better scores under this metric.
Moreover, DE is mathematically identical to the original
reconstruction loss used in VAE. The proposed framework
alters this averaging-oriented loss, which consequently
results in a comparatively poorer performance on DE .
However, this does not indicate inferior reconstruction
by MVAE-ACGAN. Instead, it suggests that this classic
pixel-level metric DE is insufficient for evaluating the
reconstruction quality of multi-band SAR images, which
contain rich inter- and intra-band information.

The structure preserving metric MCC and deep feature
preserving metric FFD provide a more reliable measure
of reconstruction fidelity. The proposed MVAE-ACGAN
substantially outperforms both VAE and VAE-ACGAN
on these two metrics, demonstrating its capability to
maintain cross-band structural characteristics and high-

level semantic consistency during reconstruction. On both
MCC and FFD, Aug achieves the best performance, as it
merely applies geometric transformations such as rotation
and flipping to the input samples, completely preserving
the texture structure and deep features of the target. The
proposed method ranks second, especially on the FFD,
achieving 11.6507 that is notably close to 10.1424 of
Aug. This further indicates that the introduced feature
perception loss effectively guides the model to perform
reconstruction at the deep feature level. Nonetheless, the
superior reconstruction performance of Aug does not
imply that the proposed framework is less effective in
addressing the few-shot learning problem of multi-band
SAR, as the generated samples by the Aug method lacks
the diversity needed to improve detection accuracy.

E. Comparative Evaluation of Detection Performance

Following the reconstruction evaluation, the detection
experiments are conducted to validate the effectiveness
of the proposed MVAE-ACGAN framework in the im-
balanced few-shot multi-band SAR target detection task.
To ensure a fair comparison, all methods adopt the same
multi-channel CNN detector. The compared methods in-
clude: a CNN baseline trained directly on the few-shot
dataset; and three data augmentation methods compared
in the previous section, namely Aug, VAE, and VAE-
ACGAN. For each of these data augmentation methods,
an equal number of target samples is generated and
combined with the real target and background training set

Fig. 5. Reconstruction samples of different methods corresponding to four different target samples; from top to bottom, each row corresponds
to the P-, S-, C-, and Ka-bands, respectively.
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to form the corresponding augmented training dataset, on
which the same detector is then trained, and the detection
performance is evaluated.

Fig. 6. Receiver operating characteristic (ROC) curves of different
methods.

The ROC curves of the five methods are shown in Fig.
6. The curve of the proposed method is positioned closest
to the top-left corner and consistently achieves a higher
detection probability than the other methods across nearly
every false alarm rate. These results indicate that the data
generated by the proposed framework lead to a signifi-
cant improvement in detection quality, characterized by
a superior balance between false alarm suppression and
target detection.

Fig. 7. Precision-recall (PR) curves of different methods.

Fig. 7 presents the Precision-Recall (PR) curves cor-
responding to these five methods. The PR curve of the
proposed framework is positioned closer to the top-
right corner and consistently dominates those of other
counterparts across most recall levels, indicating that the
detection model trained with data augmented by our
method maintains high precision and recall stably under
varying decision thresholds. In contrast, the PR curves
of the other methods exhibit significant fluctuations, with

precision dropping rapidly, particularly in high-recall re-
gions. This suggests that while these compared augmen-
tation strategies can improve recall to some extent, they
fail to effectively suppress false alarms, leading to sharp
degradation in precision. The proposed MVAE-ACGAN
framework, however, enables a steady increase in recall
while preserving high precision, demonstrating its ef-
fectiveness and superiority in enhancing target detection
performance.

The detection performance of the CNN baseline
and the four augmentation methods (Aug, VAE, VAE-
ACGAN, and the proposed MVAE-ACGAN) is quantita-
tively evaluated using the five metrics including the Pd,
Pf , AUC, F1-Score, and AP. The results are presented in
TABLE III. The proposed framework achieves the best
performance across all evaluation metrics.

TABLE III
Quantitative Detection Performance Evaluation

Method Pd Pf AUC F1 AP

CNN-baseline 88.44% 32.88% 0.8065 0.3774 0.2474
Aug 91.15% 22.59% 0.8813 0.4752 0.3638
VAE 87.07% 25.30% 0.8576 0.4324 0.3249

VAE-ACGAN 91.83% 33.52% 0.8447 0.3846 0.3228
Proposed 95.24% 17.79% 0.9324 0.5490 0.5317

Regarding the trade-off between the mutually con-
strained metrics Pd and Pf , the proposed framework
achieves the highest Pd of 95.24% while simultaneously
attaining the lowest Pf of 17.79%. In contrast, the
other methods struggle to balance these two aspects.
For instance, VAE-ACGAN, which has the second-best
Pd, exhibits the highest Pf ; meanwhile, Aug maintains
a relatively low Pf but its Pd is less competitive. In
terms of the comprehensive detection metric AUC, the
proposed method reaches 0.9324, representing a signifi-
cant improvement of 0.0511 over the Aug method. These
overall detection improvements can be attributed to the
ability of the proposed MVAE-ACGAN framework to
generate both authentic and diverse multi-band SAR target
samples. In particular, the feature perception mechanism
integrated through the classification branch ensures that
the generated target samples not only remain highly
consistent with real targets samples at the deep feature
level but also exhibit clear distinction from background
samples. As a result, the detection network is supplied
with discriminative training samples that possess well-
defined class boundaries, effectively enhancing its gener-
alization capability and detection robustness in complex
scenarios.

For the class-imbalance-aware metrics F1-Score and
AP, the proposed framework also achieves the highest
scores of 0.5490 and 0.5317, respectively, significantly
outperforming the other methods. This indicates that
the proposed MVAE-ACGAN can effectively adapt to
the highly imbalanced dataset in multi-band SAR target
detection. For such imbalanced dataset, the proposed
framework not only performs target generation but also
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involves both background and target samples in dis-
criminator training, thereby establishing a clear target
background boundary in the feature space. This design
partially compensates for issues of detector bias towards
the background category and reduced target recognition
ability caused by the scarcity of target samples and the
confusion of inter-class features.

These results collectively confirm that the proposed
framework succeeds in generating highly authentic and
discriminative samples, which directly leads to enhanced
detection accuracy in challenging few-shot and class-
imbalanced multi-band SAR scenarios.

F. Ablation Study

The above comparative results have shown clearly
the superior performance of the proposed framework in
few-shot multi-band SAR target detection. To further
understand how the proposed improvements contribute to
this effect, an ablation study is conducted on the three
key improvements of the proposed framework: the pre-
augmentation module, the modified reconstruction loss in
VAE and the feature perceptual mechanism with staged
training strategy. The baseline is the VAE-ACGAN frame-
work [28]. The experimental configurations are as fol-
lows: (1) v1: the baseline model with the pre-enhancement
stage; (2) v2: the baseline model with the modified re-
construction loss of VAE including weighted reconstruc-
tion pixel loss and reconstruction statistics loss; (3) v3:
the baseline model incorporating feature perceptual loss
with staged training. Additionally, the proposed MVAE-
ACGAN, which combines all these modules, is also
evaluated. For clarity and focus, AUC, F1-score, and AP
are reported in the ablation study, as they comprehensively
capture the overall detection performance.

As results shown in the TABLE IV, incorporating
each individual module into the baseline framework con-
sistently improves the detection performance. Specifi-
cally, the pre-augmentation module (v1) achieves the
most significant gains, improving AUC, F1-score, and
AP by 0.0697, 0.1727, and 0.1528, respectively. This
indicates that preliminarily expanding the original few-
shot target samples through geometric transformations
before generative model can significantly enhance sub-
sequent generation and detection performance. Notably,
the F1-score of V1 (0.5573) is slightly higher than that
of the proposed framework (0.5490). This is because
pre-augmentation directly increases the number of target
samples consistent with the real distribution, enabling
the detector to achieve a better precision-recall balance
near the decision threshold. As F1 is the harmonic mean
of precision and recall at a specific threshold, such
improvement leads to a localized improvement of this
metric. However, pre-augmentation does not introduce
new data diversity, as the expanded samples are limited to
geometric transformations of the original target samples,
leading to lower performance on threshold-independent

metrics such as AUC and AP compared with the proposed
framework.

The reconstruction module (v2) also contributes posi-
tively to the performance, improving AUC, F1-score, and
AP by 0.0357, 0.0853, and 0.1039, respectively. Com-
pared to the VAE-ACGAN baseline, which employs a
simple pixel-wise loss for generation, the improved band-
weighted reconstruction pixel loss and reconstruction
statistic loss in the proposed framework jointly constrain
the inter- and intra- band variability and regularity. This
ensures that the generated multi-band images are realistic
at both the pixel-level and the statistical-level, thereby
further improving the performance of multi-band SAR
target detection.

With the introduction of the feature perceptual mech-
anism incorporating staged training (v3), the detection
metrics also show improvement, with AUC, F-Score, and
AP increasing by 0.0417, 0.0678 and 0.1333, respectively.
This module extracts discriminative deep features by
the classification branch, ensuring the generated target
samples maintain both feature consistency with real tar-
get samples and separability from the background. The
enhancement in detection metrics validates the effective-
ness of this improvement in generating multi-band SAR
samples that are beneficial for target detection.

Finally, the proposed method, with all of these im-
provements jointly integrated, achieves superior overall
detection performance with AUC, F1-score, and AP of
0.9324, 0.5490, and 0.5317, respectively, showing signif-
icant improvements over the baseline. This demonstrates
that each improvement contributes to the overall detec-
tion performance gain, validating the effectiveness of the
proposed MVAE-ACGAN framework of multi-band SAR
target detection.

V. Conclusion

In this paper, a novel Modified Variational Autoen-
coder Auxiliary Classifier Generative Adversarial Net-
work (MVAE-ACGAN) framework is proposed to address
the imbalanced few-shot learning problem in multi-band
SAR target detection. The proposed framework contains
three key improvements: a pre-augmentation module; a
VAE with band-weighted reconstruction pixel loss and re-
construction statistic loss; a feature perceptual mechanism
with a staged training strategy in classification branch
of an ACGAN-based discriminator. These improvements
collectively work to generate realistic multi-band SAR
images that exhibit both inter- band and intra-band vari-
ability and regularity, thereby providing high quality train-
ing data for subsequent multi-band SAR target detection
networks. Experiments on a self-built Multi-band SAR
Vehicle Detection Dataset (MSVDD) demonstrate that
the proposed MVAE-ACGAN framework yields substan-
tial improvements in multi-band SAR target detection.
Compared with existing best-performing augmentation
method, the proposed approach increases AUC by 0.0511,
F1-score by 0.0738, and AP by 0.1679, achieving higher
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TABLE IV
Ablation Study on the Proposed MVAE-ACGAN Framework

Pre-augmentation Modified Reconstruction Loss Feature Perceptual Mechanism AUC F1 AP

Baseline × × × 0.8447 0.3846 0.3228
V1 ✓ × × 0.9144 0.5573 0.4756
V2 × ✓ × 0.8804 0.4699 0.4267
V3 × × ✓ 0.8864 0.4524 0.4561

Proposed ✓ ✓ ✓ 0.9324 0.5490 0.5317

detection probability, lower false alarm probability, and
overall superior detection performance. In summary, the
proposed MVAE-ACGAN framework provides a practical
and effective solution for multi-band SAR few-shot target
detection.
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