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Hyperspectral Target Detection Based on a
Background-Aware Sparse Transformer Network

Zhiwei Wang"”, Kun Tan", Senior Member, IEEE, Xue Wang", and Xiaojun Xu

Abstract—Hyperspectral target detection (HTD) relies on prior
target spectra to locate the targets of interest within hyperspectral
images (HSIs). Recently, deep learning methods have shown
their potential in hyperspectral feature extraction and multiscale
feature fusion. In this article, we propose a background-aware
sparse transformer network (BASTNet) for HTD, to solve the
problems of target sample imbalance and underutilization of
global information. First, the proposed method utilizes random
masking and target spectra generation strategies to establish
an image-level training paradigm, constructing sufficient and
balanced training samples to prompt the network to learn spatial-
contextual features between the target and the background. We
then introduce a Siamese sparse transformer network (S*TNet)
with an encoder—decoder structure to achieve fast inference for
large-scene hyperspectral imagery. Specifically, S’TNet consists
of pyramid feature extraction, multiscale feature fusion, and a
target detector, with a sparse self-attention mechanism enhancing
the focus on target regions and improving the separability
between target and background. Furthermore, a background-
aware learning mechanism is introduced that uses a foreground
and background guidance loss that attenuates the interference of
background noise on the target detection. Experiments on five
benchmark datasets demonstrate the superiority and applicabil-
ity of the proposed BASTNet method, showing that it outperforms
the current state-of-the-art (SOTA) HTD methods.

Index Terms—Background-aware learning, data augmentation,
hyperspectral target detection (HTD), sparse self-attention mech-
anism, vision transformer.

I. INTRODUCTION

YPERSPECTRAL images (HSIs) are acquired by space-
borne or airborne imaging spectrometers, with each pixel
containing hundreds of narrow bands that finely capture the
spectral reflectance vectors of ground objects [1]. Accordingly,
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hyperspectral imagery has garnered significant attention in
various research areas, including image classification [2], [3],
target detection [4], [5], anomaly detection [6], [7], [8], and
environmental monitoring [9]. Hyperspectral target detection
(HTD) involves using the prior spectral information of the
ground object of interest to determine whether each pixel in an
HSI belongs to the target by analyzing its spectral information
[10]. The reference prior spectra typically come from spectral
libraries or identified target pixels within the scene, and usually
only a few reference spectra are available [11].

Over the past decades, numerous target detection methods
have been developed, which can generally be categorized
into three groups: classical methods, sparse representation-
based methods, and deep learning-based methods. The classic
target detection algorithms typically rely on probabilistic
density models, subspace models, or linear mixing models
[12], [13], [14]. These algorithms include techniques such as
the spectral angle mapper (SAM) [12], matched filter (MF),
and constrained energy minimization (CEM) [13]. CEM [13]
assumes that HSI has minimal energy, and it introduces a
finite impulse filter to enhance the response of the target
while suppressing the background signal. However, due to the
complexity of the data distribution and the lack of nonlinear
representations, the classical detectors often perform poorly in
real scenarios [11]. To address these issues, CEM algorithms
based on multilevel/multiscale techniques and spatial-spectral
feature extraction have been proposed, such as hierarchical
CEM (hCEM) [15], ensemble-based cascaded CEM (ECEM)
[16], and multiscale superpixel-based CEM [17]. Moreover,
Zhao et al. [18] used the fractional Fourier transform to
project the spectral into the fractional domain, combining this
with a sliding double window strategy to revise the CEM
and improve the target detection accuracy. The key idea of
the sparse representation-based methods is that each pixel
spectrum can be represented as a linear combination of atoms
from an overcomplete dictionary [19]. Some researchers have
further refined and optimized the sparse representation model
from the perspective of collaborative representation [20], [21],
background dictionary optimization [22], [24], and tensor
decomposition [25], [26]. However, most methods require the
construction of both target and background dictionaries, which
typically involves more parameter settings and time consump-
tion, significantly reducing the target detection capabilities.

Due to its powerful capability to extract deep discriminative
features, deep learning has been successfully and widely
applied in HSI processing tasks [27], [28]. More recently,
network frameworks such as convolutional neural networks

1558-0644 © 2025 IEEE. All rights reserved, including rights for text and data mining, and training of artificial intelligence and
similar technologies. Personal use is permitted, but republication/redistribution requires IEEE permission.
See https://www.ieee.org/publications/rights/index.html for more information.

Authorized licensed use limited to: East China Normal University. Downloaded on September 27,2025 at 11:37:27 UTC from |IEEE Xplore. Restrictions apply.


https://orcid.org/0000-0002-0930-9595
https://orcid.org/0000-0001-6353-0146
https://orcid.org/0000-0002-6999-1362

5525219

(CNNs) [29], [30], autoencoders [31], [32], and transformers
[33], [34] have been widely applied in HTD. Concurrently,
adversarial learning [35], [36], [37], unsupervised learning,
and self-supervised learning [38], [39] approaches are also
being applied to learn the complex background distribu-
tion. For example, Xie et al. [40] proposed background
learning based on target suppression constraint (BLTSC)
methods, which fuses adversarial learning and reconstruc-
tion error strategy to detect targets. As for the unsupervised
methods, Shen et al. [41] proposed a hyperspectral target
detection-interpretable representation network (HTD-IRN) that
introduces a subspace representation network for estimating
endmembers and abundances, combining a transformer mod-
ule to enhance feature extraction. Self-supervised learning
frameworks can capture feature representations of data with-
out relying on labels and can maintain excellent detection
performance even during fine-tuned with a small number
of samples [42], [43]. For instance, self-supervised spectral-
level contrastive learning-based HTD (SCLHTD) [30] and
contrastive self-supervised learning-based HTD method with
dual path networks (DPN-CSSTD) [44] leverage spectral
differences and spatio-spectral correlations in unlabeled data,
effectively alleviating the issues of low model transferability
and insufficient prior information. However, these methods
may still face challenges in fully capturing the intricate spatio-
spectral variations inherent in large-scale scenes with highly
complex backgrounds.

Since the prior target spectra are usually limited to one
or only a few, the scarcity of labeled training samples
remains a major challenge for target detection [33], [47]. To
address this, data augmentation strategies based on physical
models [33], generative adversarial networks (GANs) [45],
and diffusion models [46] are used to enlarge training sam-
ples, thus enriching sample diversity and optimizing network
training. Furthermore, many methods employ Siamese net-
works and contrastive learning, utilizing the feature similarity
between the background and the target pixels for target
localization. HTD-Net [29] constructs a two-branch similar-
ity measurement network and is trained with pseudo-labeled
samples generated by an improved autoencoder and a linear
prediction strategy. The spectral aggregation and separation
network (SASN) [48] combines a target band random mask
strategy to alleviate the sample imbalance problem, and intro-
duces a triplet-soft loss function to enhance the separation
between target and background. Alternatively, transformer
networks leverage the self-attention mechanism to capture
long-range spectral-spatial dependencies, thereby significantly
enhancing feature extraction and representation capability.
Li et al. [49] proposed a transformer-inspired stacked GAN
network to achieve a more detailed reconstruction of the
background. HTD based on transformer via spectral-spatial
similarity (HTD-TS®) [50] and HTDFormer [51] generates
pseudo-labeled samples via coarse sample selection and
flexible sample augmentation strategies, thereby enabling
more effective spectral-spatial feature extraction. Compres-
sive sensing-based triplet transformer detector (CS-TTD) [52]
employs a Siamese network with a triplet transformer and uses
a combined convolutional network classification module to
obtain classification results. Nevertheless, these methods still
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face limitations in both the diversity of generated samples and
their ability to discriminate between background and target
feature similarities.

The deep learning-based methods have improved the
detection performance from the perspectives of feature dis-
crimination and background learning. However, the current
detection methods still have the following drawbacks.

1) The limited availability of target samples cannot satisfy
the demand for target instances, leading to an imbalance
in the training samples and constraining the effectiveness
of the model training. It is therefore crucial to develop
a data augmentation strategy that is suitable for rapid
target detection in large-scale scenarios.

Previous studies have mostly used pixel pairs or pixel
blocks for the model training, focusing more on the
feature differences between target and background, while
neglecting the sparsity and global contextual features
of the targets. It is also important to address how
to integrate target sparsity characteristics and spatial
features to improve the detection accuracy of the model.
The existing methods primarily deal with small-area
HSIs, but large HSIs have more complex backgrounds,
making it difficult to accurately distinguish between
target and background. In addition, with large HSIs, the
computational cost increases significantly, and the infer-
ence speed cannot meet fast processing requirements.

2)

3)

Considering the merits of both the data augmentation and
deep learning-based methods, we propose a background-aware
sparse transformer network (BASTNet) for HTD. First, the
proposed method establishes an image-level training frame-
work for HTD through a spatio-spectral data augmentation
approach. The data enhancement strategy enables the model
to learn from a more diverse set of samples, thereby improv-
ing the precision and robustness of the target detection.
We then introduce a Siamese sparse transformer network
(S?TNet), which captures more robust target spectral features
and the long-range global dependencies by establishing pyra-
mid feature extraction and multiscale feature fusion decoding
structures. Due to the inherent sparsity of targets, we introduce
a sparse self-attention mechanism to enable more precise target
detection by concentrating on the most critical information in
the target regions. Moreover, a Siamese network-based differ-
ential operation is designed to generate a foreground guidance
map that can accurately identify the target’s specific location,
thus improving the separability of the background and target.
Finally, we propose a background-aware learning mechanism,
which establishes a composite loss function to more accurately
separate the target and background. Specifically, we utilize
binary cross-entropy (BCE) loss and dice loss to construct the
foreground-guided loss, aiming to enhance segment accuracy
and locate the targets.

The main contributions of the BASTNet method are sum-
marized as follows.

1) BASTNet is an image-level end-to-end network that can
directly output target detection maps. The method is
capable of handling large HSIs and has rapid response
capabilities during inference, significantly enhancing the
performance in practical applications.
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2) A data augmentation strategy based on image patches,
which includes spatial random masking and target spec-
tra generation, is proposed to enrich the spatial and
spectral diversity of the target samples.

3) An S?TNet integrated with a background-aware learn-
ing mechanism is proposed for HTD. This approach
combines foreground and background guidance losses
to improve the separability between targets and back-
grounds.

The rest of this article is organized as follows. Section II
describes related work on data augmentation, target sparsity
representation, and background distribution learning. Sec-
tion III details the basic principles of the proposed BASTNet
method. Section IV describes the hyperspectral datasets,
experimental analysis, and ablation experiments. Finally, our
conclusions are drawn in Section V.

II. RELATED WORK
A. Data Augmentation

A primary challenge in HTD is the limitation of labeled
target data, which leads to a severe imbalance between target
and background samples during training. To mitigate this issue,
various data augmentation techniques have been proposed. For
instance, Jiao et al. [33] used a data augmentation method
based on the radiative transfer model to constructed sufficient
and balanced training samples. Shi et al. [53] proposed a non-
linear spectral synthesis method that simulates the nonlinear
mixing of target and background spectra. GANs have also
been widely adopted due to their ability to learn complex
data distributions and address data imbalance [54]. Gao et al.
[45] used a GAN network to generate simulated target and
background samples, ensuring stable training of the model.
Chen et al. [38] improved spectral different features by spectral
masking operations to boost the sensitivity of the model.
Zhuang et al. [55] investigated an HTD based on masked
autoencoder data augmentation to alleviate the shortage of
training data.

Although existing studies have achieved good results in
enhancing spectral diversity and alleviating sample scarcity,
GAN-based augmentation methods often require additional
model training and may result in samples that deviate from the
real data distribution. Furthermore, these methods generally
overlook the spatial features of targets, which are crucial for
accurately distinguishing small targets in large-scale scenes.
Although spatial masking strategies exist in the context of
anomaly detection [56], [57], such strategies are not directly
transferable to supervised target detection due to fundamental
differences in the problem formulation. To address this limita-
tion, we proposed a spatio-spectral data augmentation method
that can simultaneously improve both the spatial structure
and spectral diversity. This approach effectively mitigates
the challenges of target sparsity and data imbalance, while
avoiding the computational burden and potential instability
associated with GAN-based data augmentation methods.

B. Target Sparse Representation

In recent years, sparse representation-based methods have
provided innovative approaches for target detection. The main
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idea is that the spectra can be represented as a linear combi-
nations of atoms from an over-complete dictionary, which can
enhance target detection performance [19]. For example, Li
et al. [20] combined sparse and collaborative representations
and used the residuals of the two representations to detect
targets. Cheng et al. [22] proposed a decomposition model
with background dictionary learning (DM-BDL), which uses
locality-constrained linear coding and comprehensive learning
of an a priori target dictionary to suppress the contamination
of the background dictionary by target signals. To fully utilize
the spatial information in the hyperspectral imagery, Feng
et al. [25] proposed a detection algorithm based on low-
rank tensor decomposition, which extracts pure background
information. Recently, state-of-the-art (SOTA) methods have
evolved toward model-driven deep networks, which couple
physical priors with deep neural architectures to enhance
interpretability. Specifically, the model-driven deep mixture
network (MDMN) [58], the low-rank representation network
(LRR-Net) [59], and the joint-sparse prior encoding network
(JSPEN) [5] transform regularization parameters into trainable
parameters within networks to emphasize the interpretability
of the model. These approaches achieve competitive perfor-
mance but still rely heavily on multistage pipelines and manual
parameter settings.

Despite these advances, a key technical gap remains:
existing SOTA methods generally rely on explicit back-
ground dictionary construction, lacking sufficient capability
for dynamic parameter adjustment and optimization in com-
plex scenarios. To address these inherent limitations and
retaining interpretable sparse prior knowledge, we propose an
innovative synergistic integration model that combines sparse
representation with a self-attention mechanism. Specifically,
the proposed sparse self-attention mechanism dynamically
removes background regions by learning sparse mask weights,
allowing the network to automatically focus on target fea-
tures without the need for multistage manual optimization.
Specifically, the proposed sparse self-attention mechanism
automatically and directly focuses on target features without
the need for multistage manual optimization. In addition, we
design the low-rank prior as a differentiable loss function,
enabling the network to adaptively learn compact low-rank
representations of background features while avoiding the high
computational overhead of traditional iterative solvers.

C. Background Distribution Learning

Due to the ability of deep learning to automatically learn
the nonlinear distribution features of the background, it has an
advantage in learning the background distribution of HSIs. The
existing advanced methods for background distribution model-
ing in HSIs mainly involve adversarial learning and contrastive
learning paradigms [38]. Adversarial learning leverages the
adversarial game between the generator and the discriminator
to approximate the true background distribution, potentially
improving the model’s capability to represent complex back-
grounds. For instance, Qin et al. [35] proposed a novel
two-stage detection framework based on adversarial learning,
which extracts spectral features in latent space through back-
ground reconstruction under weak supervision. Zhang et al.
[60] integrated the exploiting of variational features in HSIs
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Fig. 1. Overview illustration of the proposed BASTNet method. (a) Training

with supervision of target priors, helping the detector achieve a
balance between target detectability and background suppress-
ibility. Despite these advantages, adversarial learning methods
still face challenges such as mode collapse and training
instability, which can limit their effectiveness and robustness
in practical applications. Furthermore, Siamese networks are
used to model the separation between background and target,
enhancing target detection capability through contrastive loss
[44], [45]. For example, Rao et al. [61] employed a Siamese
network to solve the problem of similarity metric learning
to make homogeneous features as close as possible and
heterogeneous features as far as possible. The HTD-Net [29],
HTD-TS3 [50], and SASN [48] models learn the feature dif-
ferences between “target-target” and “target-background” pixel
pairs, aiding in the distinction between target and background.
However, contrastive learning primarily performs similarity
measurement in the spectral feature space, which results in
insufficient characterization of spatial features under complex
backgrounds.

To accurately learn the background distribution character-
istics of large-scale HSIs, we propose an S?TNet to enhance
robustness and computational efficiency in complex HSI sce-
narios. Unlike conventional Siamese networks that rely on
explicitly constructed positive—negative sample pairs for sim-
ilarity metric learning, the Siamese architecture of S>TNet
compels the network to automatically separate target and

Authorized licensed use limited to: East China Normal University. Downloaded
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background features in the feature learning phase, without
requiring explicit sample similarity metrics. In addition, a
background-aware learning mechanism is designed to accu-
rately capture the distribution characteristics of the target
and background by imposing background and foreground loss
constraints.

III. PROPOSED METHOD
A. Overall Framework

The proposed BASTNet method consists of four main com-
ponents: training sample construction, the S*TNet architecture,
the background-aware constraint (BAC) module, and target
inference testing. An overview of the architecture of BASTNet
is provided in Fig. 1. First, a random masking strategy [56]
and a target spectra generation strategy are employed to
generate synthetic training samples containing both target and
background for each training HSI. The synthetic patches and
pure background patches are then fed into S>TNet for training.
Finally, during the test phase, the test HSI is split into patches,
and each patch is passed through the test network. The patches
are then merged to obtain the detection map.

For the training data, both background and target samples
are fed into the network in the form of patches for training. The
training set consists of two corresponding parts: a pure back-
ground HSI patch, denoted as Xp € RFXW*5 and a synthetic
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patch containing both target and background Xg € RF*WxB,
where H, W, and B represent the height, width, and band
number of the HSI, respectively. The synthetic patch Xy is
generated from the background patch Xp using a random
masking strategy combined with a target spectra generation
strategy. Both the training and test data are hyperspectral cubes
with the same spatial dimensions and spectral bands. Next, we
can optimize S?TNet using two types of training sample pairs:
Xp and Xg.

S?TNet is constructed using a Siamese network with an
encoder—decoder structure, which includes a pyramid trans-
former feature encoder (PTFE) module, a sparse attention
feature fusion (SAFF) module, and a target probability detector
(TPD) module. The PTFE module is designed to extract
features of both the target and background, while the SAFF
module and the TPD module are used to generate the target
detection map. The BAC module promotes the learning of each
subnetwork within S?TNet by utilizing four different loss func-
tions. Specifically, as shown in Fig. 1, the Xp and Xg patches
are fed into the PTFE module to extract feature maps at three
scales. The two branches of the PTFE module share weights.
Subsequently, only the extracted feature corresponding to Xy,
which contains both target and background, is input into the
SAFF module. Through the TPD module, a target prediction
map M € R¥*W with a 0, 1 distribution can be obtained.

S2TNet utilizes a Siamese architecture integrated with dual-
branched PTFE modules to extract features from Xz and Xg,
ensuring consistent representation of the background feature.
Since Xg is synthesized from Xp and shares the same back-
ground components with Xg, the Siamese architecture drives
the network to disregard background perturbation and focus
on target-induced feature variations. Moreover, the difference
operation of the PTFE module at each stage of feature
extraction eliminates the shared background components and
preserves the target feature. Consequently, the differential
operation generates a foreground guidance map G; € R *Wx1
corresponding to the target distribution, where i denotes the ith
stage of the PTFE module. Gy; can be calculated as follows:

8ijk = | Fije = Fiz
= | PTFE; (Xsjx) - PTFE; (Xgj) [, M

where g;;; represents the guidance value at position (j, k). G;
is obtained by calculating the I, of the feature vector for each
pixel. F and F’ represent the feature maps obtained from the
two branches through the PTFE module. By inverting Gy;,
the background guidance map Gy € R*WX! is obtained.
Subsequently, Gyi, Gp;, and the feature map F; are fed into
the BAC module. Finally, the foreground feature map F; and
background feature map Fp; can be obtained as follows:

Fy; = Fi®Gfi
Fpi = F; @Gy = F; ® (1 - Gyy) 2

where ® represents elementwise multiplication. For Fy;, the
foreground guidance loss, which includes the foreground
classification loss Lrc and the dice loss Lgp, enhances the
activation values of the target features and distinguishes the
target regions. On the other hand, the background guidance
loss, composed of the background low-rank loss Lpp and
the ratio loss Lgr, enables the learning of the distribution
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Fig. 2. Flowchart of training sample augmentation. (a) Random masking
strategy. (b) Spectra generation strategy. (c) Sample construction.

characteristics of the background. Therefore, by combining
the differential operations of the Siamese network with back-
ground and foreground guidance losses, S>TNet effectively
differentiates and enhances target features while suppressing
irrelevant background information.

During the inference phase, the test HSI is first split into
64 x 64 patches. Each patch is then fed into a network
composed of the PTFE, SAFF, and TPD modules to generate
target probability maps for each patch. Finally, these patches
are merged to obtain the final detection map.

B. Training Sample Augmentation

Inspired by the simulation of anomaly samples [57], we
designed a data augmentation strategy for HTD that helps
BASTNet quickly learn the contextual relationship between
target and background. As shown in Fig. 2, the process of
training sample augmentation is divided into random mask
generation [56] and target spectra generation, which, respec-
tively, simulate the spatial and spectral characteristics of the
targets.

1) Random Masking Strategy: As shown in Fig. 2(a), the
random masking strategy [56] can simulate the target shape by
allowing for irregular shapes and random sizes. The mask map
M has the same height H and width W as the input training
HSI Xp, and M is divided into k> nonoverlapping patches,
where k is defined as eight. The number of embedded targets
N is randomly generated within [Npyin, Nmax]- A pixel position
is randomly selected in each selected patches and then the
mask map is generated using the iterative expansion method.
The target areas are set to one, and the background pixels
are set to zero. The region is updated by randomly merging

Authorized licensed use limited to: East China Normal University. Downloaded on September 27,2025 at 11:37:27 UTC from |IEEE Xplore. Restrictions apply.



5525219 IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING, VOL. 63, 2025
(a) (b) Position Embedding > (S| = =depth
Feature Map o = = =
£ | Reshape ‘E’ % 3 ‘;
i “TK ] =] = EEyEert =
Stage-1II —C- TKSA 54 g Zl—> S 2 Z5 S A
Vision Transformer Al 5 s< 5 ;
H W v oW A > >
T - = )
T X 7 Spatial Reduction = ~ =
Stage-/  Linear Embedding Feature Map
Stage-I1
TR— (¢) =) (d)
Vision Transformer El .l s
H W - - el sl § <
0 4 o Spatial Reduction g 3 %O 3 Q % %
Ellellzl] |5 o o
. Higq X Wisq 2 |l & w1 % -
Stage-1 Fi » ) — _
- w (Vison Transtomer e e s
i X W; .
> E !, Feature Map Detection Map
ﬁ 5 - T ® Element-wise Multiplication
HIS Patch o < 21218 .,@_, @ Element-wise Addition
H; x W; ~ @ Siamoid
. CA Sigmoi
i 1

Fig. 3. Illustration of the proposed S2TNet. (a) PTFE. (b) ViT. (c) SAFE. (d) TPD.

until the area reaches A, where A is randomly sampled from
[Amin, Amax]. Finally, the targets are labeled as one and the
background as zero, thus obtaining the ground-truth map of
the targets.

2) Target Spectra Generation Strategy: Due to the singu-
larity and insufficiency of the prior target spectra in HTD,
we employed a background-target spectral mixing strategy
[33], [61] to enhance target samples. As shown in Fig. 2(b),
the spectral mixing strategy integrates a random portion of
background spectra into the target spectra to simulate realistic
variations of targets as real mixed pixels. The prior target and
background spectra are denoted as s;, s, € REX!, respectively.
sp 1s extracted from the pixel in the masked region. The
generated spectra s;, based on a linear mixed model can be
expressed as follows:

S =0 —-a) x5, +axs,+pN 3)

where @ represents the background abundance, which is ran-
domly set between 0 and 0.3 within the pixels. During each
iteration of the network training, a random parameter « is
generated for each pixel in the masked region. N denotes the
noise vector. The parameter 8 is defined as 0.05. The target
spectra generation strategy significantly increases the number
of available target samples and represents the variation of
the target spectra under different environments and acquisition
conditions.

3) Sample Construction: Finally, the synthetic training
sample Xg containing the target and background is built
by randomly embedding the generated spectra into Xp with
random masks. Xg can be attained by

Xs=Xp®M+S8,9(1-M) “)

where S, [Sig:S7» - - -» 7] denotes the set of generated
spectra, and n is the number of target spectra.

C. Siamese Sparse Transformer Network (S°TNet)

In this section, we introduce the roles and steps of each
module in S*TNet, as illustrated in Fig. 3. The PTFE module is
designed to extract features at multiple scales, providing more
robust feature representations of the targets and background.
The SAFF module emphasizes the sparse features of the
targets and integrates features from different scales. Finally, the
TPD module directly generates the target score map without
the need for postprocessing steps.

1) Pyramid Transformer Feature Encoder (PTFE): S*TNet
establishes the PTFE module based on a vision transformer
(ViT) [62], [63] to effectively extract multiscale features during
the encoding process of the HSI. As shown in Fig. 3(a),
the PTFE module consists of three feature extraction stages,
each comprising a ViT block and a downsampling layer.
In the standard self-attention mechanism, the input matrix
feature map is linearly transformed to generate three matrices:
query 0, key K, and value V. The attention weights are then
computed as follows:

. (QKT)
Attention(Q, K, V) = softmax \ %4
Vdy

where d; is the dimension of both the query and key vectors,
which influences the normalization of the attention scores. The
ViT block, utilizing a self-attention mechanism, emphasizes
the most relevant parts of the image, thereby enhancing the
model’s ability to identify targets within the hyperspectral
data. The downsampling layer, which is a 2 x 2 strided con-
volutional layer, reduces the spatial resolution of the feature
map by half while doubling the number of channels.

At stage i, as depicted in Fig. 3(b), the input image is
divided into patches of (H/2")x(W/2"!), which are then
processed through a linear projection layer and a normalization
layer for patch embedding. These patch feature maps are
flattened into vectors, combined with positional embeddings,
and reshaped into feature maps. After passing through the
feed-forward layer, the final feature map is obtained. The

(&)
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Fig. 4. Top-k sparse attention (TKSA) mechanism. (a) Channel TKSA.
(b) Spatial TKSA.

channel numbers in the three feature extraction stages are set
to 64, 128, and 512, respectively.

The transformer focuses on global spatial information and
captures the long-range dependencies between different parts
of the input data. However, it may overlook the channel infor-
mation in the HSI, failing to fully extract key channel features.
Therefore, we introduce the channel top-k sparse attention
(C-TKSA) mechanism [64], which aims to more effectively
perform the feature aggregation process. Specifically, as shown
in Fig. 4(a), 1 x1 convolutions and 3 x 3 depth-wise convolu-
tions are used to encode the channel-wise context, generating
query Q € ROHW key K € REHW and value V € REXHW
representations. The similarity between all the pixel pairs
of Q and K is then computed to form the attention matrix
M € R*C, which excludes less significant elements with
lower weights. Adaptive selection is performed on M to retain
the top-k contribution scores, where k is a tunable parameter
that dynamically controls the level of sparsity. The top-k sparse
selection is as shown in the following equation:

ft K
softmax (Q;K5) L if etk (QK")
2 peik(gik") Softmax (Q,K;) (6)

0, otherwise

where A;; represents the attention score between positions i
and j, and tk(Q;K") denotes the set of top-k elements with the
highest attention scores. The softmax function is subsequently
applied to normalize the k largest elements in each row of the
similarity matrix, while the other elements are set to zero. The
final sparse self-attention result can be expressed as

SAQ.K.V) = Zjak(QiKT) AyV. (7)

The critical parameter of the TKSA mechanism is k, and
the optimal selection of k determines the boundary control of
the sparsity ratio. A controllable range [A;, A;] is established
for k, enabling the S*TNet to dynamically adapt and retain the
optimal values.

2) Sparse Attention Feature Fusion (SAFF): As shown in
Fig. 3(c), the SAFF module is designed to focus more on
target activation characteristics, facilitating accurate extraction
of target features and their spatial distribution. Operating in
a pyramid mode within the decoder, the SAFF module effec-
tively utilizes robust multiscale features and integrates a sparse
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self-attention mechanism to focus more on the targets them-
selves. During the upsampling process, the coarser-resolution
feature ((H/4) x (W/4)) from Stage-III of the decoder and the
finer-resolution feature map ((H/2) x (W/2)) from Stage-II are
input into the SAFF module. This generates a fused feature
map with a resolution of (H/2) x (W/2). Subsequently, the
process continues with this fused feature map and the feature
map from Stage-I of the encoder, eventually producing the
final feature map with resolution H x W.

In each SAFF module, as shown in Fig. 3(c), the coarse-
scale feature F;y; is first upsampled using a bilinear
interpolation layer, followed by convolution, batch normal-
ization, and rectified linear unit (ReLU) operations, defined
as the upsampling processing (UP) block, to obtain a fine-
scale feature map. The spatial top-k sparse attention (S-TKSA)
mechanism is applied to extract target-related information
from the two branches. In addition, in the F; branch, a channel
attention (CA) block [62] is used, which calculates the channel
weight vectors to highlight the channels in the feature map.
The CA block consists of average pooling, two fully connected
layers, a ReLU, and a sigmoid function. Finally, the feature
maps from both scales are combined to produce a robust
feature map for target detection. The fusion step is shown
in the following equation:

Fj=TKSA(UP(Fi1))
+TKSA(F;))® CA(TKSA(F))). (8)

In HTD, it is generally assumed that the targets exhibit
sparsity [65]. We designed the S-TKSA mechanism to enhance
the discriminative ability between target and background. In
the S-TKSA mechanism, the attention feature of each pixel
is determined by the k£ most similar pixels, which allows the
model to focus more on the targets. As shown in Fig. 4(b),
following the initial steps of the S-TKSA mechanism, the
query Q € RAW*C key K € RIW*C and value V € RAV*C are
generated through two convolution operations. The similarity
attention matrix M € REVXHW is computed between all the
pixel pairs. Next, adaptive selection is performed on M to
retain the top-k contribution scores, aiming to preserve the
most critical target parts while eliminating irrelevant back-
ground elements. Finally, the output is obtained by applying
the softmax function and matrix multiplication.

3) Target Probability Detector (TPD): The role of the TPD
module is to decode the features obtained from the SAFF
module into the final target detection map, which represents
the target probability of each pixel within each patch. Ini-
tially, convolution, batch normalization, and ReLU layers are
performed on the feature map to further reduce the number of
feature channels. Following this, through convolution opera-
tions, the feature channels are reduced to a single channel,
and the sigmoid function is applied to generate the final
target probability map. In addition, the foreground classifier
structure of the BAC module is consistent with that of the
TPD module, and the output probability map is utilized to
assist in calculating the foreground guidance loss.

D. BASTNet Loss Function

1) Classification Loss: In the training sample construction
process, the random masking strategy generates background
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and target labels. Therefore, the probability of the target and
background is calculated using the detection map output from
the TPD module. The BCE loss is introduced to supervise
the network training process. The loss function is defined as
follows:

HW

Lpcp = ——— Z [yi log (pi) +(1-y) log (1 = p)] ~ (9)
where y; denotes the ground-truth label, p; represents the
predicted probability for the target, and HW is the number
of samples.

2) Background Guidance Loss: The BAC module is
designed with a background guidance loss Lgg to capture the
distributional characteristics of the hyperspectral background.
The Lpg loss leverages the low-rank characteristics of the
hyperspectral background and is formulated based on the
background ratio. In the low-rank representation model, it is
assumed that the HSI background exhibits a low-rank property
and is typically represented by the nuclear norm of the
hyperspectral matrix [65]. The low-rank matrix factorization
can be defined as follows:

min rank (B) + A|[E]l, =Bl + AE],

st X=B+E (10)

where B represents the background matrix, and rank(B) is the
low-rank constraint function for B. E is the sparse matrix,
and A is the balancing parameter. A novel background low-
rank loss Lgp, is proposed to automatically learn low-rank
representations of the HSI background by imposing nuclear
norm constraints on all feature maps. Ly is defined as follows:

Z I7ul.

where L is the number of feature extraction layers in BAST-
Net. The feature map Fj’ € REHW is transformed by
Fy; € REEXW 1|1, denotes the nuclear norm of the matrix.
H; and W; are the height and width of the ith feature map Fp;,
respectively. Moreover, the Lp;, loss normalizes the nuclear
norm in each feature map, which helps mitigate the effects of
scale variations.

Inspired by background activation suppression [66], we
define the background ratio loss Lpr as a measure of the
discrepancy between the background activation value and the
overall feature activation value in terms of their ratio. The Lgr
loss is used to reduce the influence of background activation
values, thereby enhancing the ability of BASTNet to focus on
target information. Lpg is defined as follows:

e L Z Z T(GAP(Fy)

- o(GAP(F)))+¢

where & is set to 107 to ensure that the equation is well
defined. §; represents the activation value generated from F;.
S? denotes the activation value of the background Fp;. o is
the ReLLU activation function. GAP stands for global average
pooling. In summary, as a key part of the BAC module, the
Lpg loss is achieved by minimizing the predicted probability
for background regions.

|Fbl

Y

S; +s (12)
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3) Foreground Guidance Loss: The foreground guidance
loss Lpg is designed to enhance the model’s ability to precisely
identify and localize the targets within an image. The Lgg loss
is composed of two key components: foreground classification
loss Lpc and dice Loss Lgp. Lgc provides a robust classification
performance by penalizing incorrect predictions, while Lgp
enhances S>TNet’s ability to accurately segment and localize
the targets, especially in cases of class imbalance. Since small
targets are invisible in Stage-IIl features, we compute Lpg
only for the first two stages. By multiplying Gy; with F;,
the foreground feature is fed into the foreground classifier
of the BAC module. The BCE loss is then calculated from
the classification result to obtain Lgc. Lrc can be denoted as
follows:

[y,- log (p;)

+(1-yplog(1-p;)] 13)

where p; represents the predicted probability of the targets
in the foreground classification map. The ground-truth maps
at different stages are obtained by downsampling the original
ground-truth map.

Dice loss [67] is designed to handle imbalanced samples
where the foreground class is relatively small compared to the
background. Lgp can be formulated as

1 L
L21-

i=1

218:N Y

(14)
ISl + Y]

Lrp =

where |§; N Y| represents the area of overlap between the
predicted segmentation S; and the ground truth Y. |S;| and |Y]
are the areas of the predicted and ground-truth segmentations,
respectively. Dice loss emphasizes the overlap between the
predicted regions and the actual target regions, ensuring that
the model gives sufficient attention to the small target areas.
In addition, HSIs can contain noise and irrelevant informa-
tion, and the dice loss reduces the likelihood of the model
misclassifying background areas as target regions.

4) Total Loss: The total loss of BASTNet can be expressed
as follows:

L = Lgcg + Ly + Lgr + Lrc + Lgp. (15)

By jointly optimizing these three losses, BASTNet effec-
tively integrates information from the target classification,
foreground guidance, and background suppression. This
approach directs the target prediction map to the target regions,
resulting in more precise target detection.

IV. EXPERIMENTS RESULTS AND ANALYSIS
A. Datasets

In the experiments conducted in this study, one pub-
lic hyperspectral dataset and four large-scene hyperspectral
datasets developed in this study were used to validate the
proposed BASTNet method.

1) San Diego Dataset: This dataset is publicly available
hyperspectral data, acquired by the airborne visible infrared
imaging spectrometer (AVIRIS) over the San Diego airport
area in California, USA. The San Diego dataset covers a
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(b)

Fig. 5. Pseudo-color images and ground-truth maps for the SanDiego dataset.
(a) Pseudo-color image. (b) Ground-truth map.

—

@ ©) T© «

Fig. 6. Pseudo-color images and ground-truth maps for the two Beaumont
datasets. (a) Beaumont-I pseudo-color image. (b) Beaumont-II pseudo-color
image. (c) Beaumont-I ground-truth map. (d) Beaumont-II ground-truth map.

wavelength range of 370-2510 nm. After removing 35 bands
affected by water vapor absorption and a low signal-to-noise
ratio, 189 bands were retained [68]. The spatial resolution of
the images is 3.5 m. The scene used in the experiment covers
an area of 400 x 400 pixels. Fig. 5(a) shows the scene of this
dataset. Three airplanes were considered as the targets to be
detected, as illustrated in Fig. 5(b).

2) Beaumont Dataset: This dataset was acquired by the
airborne visible/infrared imaging spectrometer-next genera-
tion (AVIRIS-NG) over the Beaumont area of California,
USA, and was downloaded from the AVIRIS-NG website'
(id: ang20191004t185054rfl). After removing the noisy bands
16-109, 119-145, 159-187, 228-274, and 329-407), 276
bands were retained. The spatial resolution of the dataset is
8.4 m. By cropping the original images, large-scale HSIs of
300 x 800 and 600 x 600 pixels were generated, as shown
in Fig. 6(a) and (b). The materials on the top of the storage
tanks were considered as the targets to be detected, as shown
in Fig. 6(c) and (d).

3) Qingpu Dataset: This dataset was acquired over the
Qingpu, Shanghai region of China using the airborne mul-
timodality imaging spectrometer (AMMIS) developed by
the Shanghai Institute of Technical Physics at the Chinese
Academy of Sciences. The wavelength range is 400-1000 nm,
and 250 bands were retained after removing the water vapor
and noisy bands. The spatial resolution of the images is
0.75 m. After cropping the original strip data, two HSIs of
400 x 740 pixels were generated, as shown in Fig. 7(a) and
(c). The blue rooftops were considered as the targets to be
detected, as shown in Fig. 7(b) and (d).

Uhttps://avirisng.jpl.nasa.gov/
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(b)

Fig. 7. Pseudo-color images and ground-truth maps for the two AMMIS
datasets. (a) Qingpu-I pseudo-color image. (b) Qingpu-I ground-truth map.
(c) Qingpu-II pseudo-color image. (d) Qingpu-II ground-truth map.

B. Experimental Setup

1) Comparison Methods: The baseline was made up of
seven popular methods of target detection: SAM [12], CEM
[13], hCEM? [15], DM-BDL? [22], BLTSC* [40], HTD-IRN?
[41], and TSTTD® [33]. For the hCEM algorithm, parameter
A was set to 200 and the tolerance & was set to 1076 for all
five datasets. For the DM-BDL algorithm, the regularization
parameter y, the number of background atoms m, and the
tradeoff parameters A and 8 were set to (50, 10, 0.01, 0.1). For
the BLTSC algorithm, the positive parameter A was set to ten,
the learning rate was set to 0.0001, and the epochs were set to
500. For the HTD-TRN algorithm, the background subspace
dimension m and the sparsity weight n; were set to (5, 0.001)
for all five datasets. For the TSTTD algorithm, the batch size
was 64, the learning rate was 0.0001, and the weight decay
was zero.

2) Experimental Settings: The hardware device used in
the experiments was a computer with an Intel Core i7-
10700K CPU @ 3.80 GHz, an NVIDIA GeForce RTX 3070
GPU, and 64-GB RAM. For the software environment, the
hCEM and DM-BDL detection methods were implemented
using MATLAB R2020b, while Python 3.9 was used for the
SAM, CEM, BLTSC, HTD-IRN, and TSTTD methods. The
deep learning algorithms were implemented using Torch-GPU
2.0.1 and CUDA 11.3. We utilized the Adam optimizer for
BASTNet, and set the learning rate to 0.001 and the weight
decay to 0.0002.

For the San Diego dataset, we selected regions of interest
within the background area and applied the image operations
of cropping, rotation, and flipping, thereby expanding the train-
ing samples to 305. For the Beaumont and Qingpu datasets,
operations such as cropping were applied to the background
areas of the original strips, resulting in expanded training
samples of 565 and 484, respectively. The training sample
size for BASTNet was fixed at 64 x 64, with the number of
pseudo-targets ranging from [Npin, Nmax] set to [3] and [5], and
the area range [Amin, Amax] S€t to [3] and [10]. For C- TKSA,
[A1, Ar] was set to [(1/2),(4/5)]. For S-TKSA, [A;,A>] was
also set to [(1/100), (1/10)], with the value determined by the
ratio of the number of targets to the number of pixels.

2https://levir.buaa.edu.cn/Code.htm
3https://github.com/FDU—ctk/HSl—detection
4https://github.com/zhamgxin—xd/BLTSC/tree/master
3 https://github.com/shendb2022/HTD-IRN

6https:// github.com/shendb2022/TSTTD
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Fig. 8. Detection maps for the San Diego dataset. (a) SAM. (b) CEM. (c¢) hCEM. (d) DM-BDL. (e) BLTSC (f) HTD-IRN. (g) TSTTD. (h) BASTNet.

Fig. 9. Detection maps for the Beaumont-I dataset. (a) SAM (b) CEM. (c) hCEM. (d) DM-BDL. (e) BLTSC. (f) HTD-IRN. (g) TSTTD. (h) BASTNet.

3) Evaluation Metrics: To comprehensively evaluate the
performance of the target detection algorithms, 3-D receiver
operating characteristic (ROC) curves [69], the area under
the curve (AUC) scores [69], and box-whisker plots [33]
are used in this article. The 3-D ROC curves were plotted
using the detection probability P4, the false alarm rate Py,
and the threshold 7. From the 3-D ROC curves, three types
of 2-D ROC curves can be derived: (P4, Py), (P4, 7), and
(P, 7), which, respectively, evaluate the algorithm’s detection
efficiency, background suppression, and overall performance.
To quantitatively evaluate the performance of the algo-
rithms, seven AUC values are used here for the assessment:
AUCp, p,, AUCp,r), AUCe, ), AUCrp, AUCgs, AUCopp,
AUCTDBS’ and AUCSNPR- AUC(Pd’pf), AUC(P(,,T), and AUC(pqu)
were calculated based on the AUC of the three 2-D ROC
curves, while the remaining AUC values were derived from
AUCp, p;), AUCp, ), and AUCp, ). The expressions are as
follows:

AUCtp = AUCp ) + AUCp 1 (16)

AUCgs = AUC(P(,,Pf) — AUC(pf,T) (17)

AUCODP = AUC(P(,,Pf) + AUC(P[]’T) - AUC(pf,-r) (18)

AUCrpps = AUCp, ) — AUCp, 1) (19)
AUCp, 1)

AUC = —02 (20)
SNPR AUC(p, o

where AUCp, p,), AUCp, 1), and AUCrp are used to evaluate
the target detection capability, where higher values indi-
cate a better performance. For the background suppression
performance, AUC(pf,T) and AUCgg assess the background
suppression capability, with smaller values of the former and
larger values of the latter indicating a better performance.
AUCoppp and AUCrpgs reflects the algorithm’s robustness

® (2

and stability. AUCgnpr reflects the signal-to-noise ratio of the
algorithm. Higher values of AUCopp and AUCgnpgr indicate a
better overall performance and target detection capability.

C. Detection Results

In this section, we validate the effectiveness of the proposed
BASTNet method and compare its detection performance with
that of the other methods. Figs. 8—13 provide a qualitative eval-
uation of various methods across the five datasets. Tables I-V
present the AUC values for the different images.

Figs. 8—11 show a detection map of various methods across
the five datasets. It can be observed that all three aircraft targets
in the San Diego dataset are detected by all the methods. Both
BLTSC and BASTNet demonstrate excellent background sup-
pression capabilities. However, hCEM, DM-BDL, and TSTTD
exhibit some false alarms, and TSTTD also shows missing
pixels in certain targets. HTD-IRN mistakenly identifies the
rooftops of buildings as targets, primarily due to the complex
background characteristics. Notably, the proposed BASTNet
method not only accurately detects the edge information of
the targets but also performs well in suppressing the complex
background. For the two Beaumont datasets. SAM, CEM,
hCEM, and BLTSC struggle to identify the targets of different
scales. In addition, BLTSC and HTD-IRN are less effective
at highlighting the targets, with HTD-IRN exhibiting false
alarms on the Beaumont-I dataset. TSTTD and BASTNet
show outstanding performances, with TSTTD demonstrating
the best background suppression, while BASTNet performs
the best in target detection. For the two Qingpu datasets, SAM
and CEM show the worst detection performance because they
do not effectively suppress the background. Although hCEM
and DM-BDL show similar detection performances across
the two datasets, the background suppression is poor in the
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(e) ®

Fig. 10. Detection maps for the two AMMIS datasets, with the first row being Qingpu-I and the second row Qingpu-II. (a) SAM. (b) CEM. (c) hCEM.

(d) DM-BDL. (e) BLTSC. (f) HTD-IRN. (g) TSTTD. (h) BASTNet.

() (b) (©) (d)

(©) 0] (® )

Fig. 11. Detection maps for the Beaumont-II dataset. (a) SAM. (b) CEM. (c) hCEM. (d) DM-BDL. (e) BLTSC. (f) HTD-IRN. (g) TSTTD. (h) BASTNet.

Qingpu-I dataset. BLTSC can effectively localize targets, but
it struggles to maintain the accurate shapes of the targets.
HTD-IRN can highlight the targets but tends to identify more
buildings as targets. TSTTD and BASTNet demonstrate a
higher confidence in target detection, but TSTTD has difficulty
detecting the small-scale targets in the Qingpu-II dataset.
Overall, the proposed BASTNet method not only detects the
targets of varying scales, but also suppresses the background
to a shallow level.

Fig. 12 shows the three types of ROC curves for the five
datasets. The ROC curve of (Py, Py) is close to the top-left
corner, and the ROC curve of (Py,7) is close to the top-
right corner, which indicates a better detection performance.
The ROC curve of (Pf,7) is near the bottom-left corner,
implying that the algorithm has stronger background sup-
pression capabilities. Based on the ROC curves of (Py, Py)
for the five datasets, the curve of BASTNet is primarily
located in the top-left corner, indicating that the algorithm
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Fig. 12. ROC curves for each detection method

shows a good detection performance. For the ROC curves
of (P4, 7), BASTNet is generally positioned in the top-right
corner, clearly outperforming the other detection algorithms.
Even with a high threshold, BASTNet can still maintain a
high detection probability. From the ROC curves of (Py, 1)
for the five datasets, the curves of BASTNet and TSTTD
are almost overlapping, positioned in the optimal bottom-left
corner, which indicates their ability to keep the background

ROC curves (P4, T)

ROC curves (P, T)

on the five datasets. (a) San Diego. (b) Beaumont-I. (¢) Beaumont-II. (d) Qingpu-I. (e) Qingpu-II.

at a relatively low level. In summary, the proposed BAST-
Net not only effectively detects targets but also suppresses
the background well, demonstrating the algorithm’s excellent
robustness.

The box-whisker plots for the five datasets are shown in
Fig. 13. The blue and dark red boxes represent the background
and target, respectively, with the gap between the two boxes
indicating the degree of separation between the target and
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Fig. 13. Box-whisker plots for each detection method on the five datasets. (a) San Diego. (b) Beaumont-I. (c) Beaumont-II. (d) Qingpu-I. (¢) Qingpu-II.

TABLE I
AUC SCORES OF THE DIFFERENT METHODS ON THE SANDIEGO DATASET

Method AUCwp,py AUCp,n AUCp,q AUCrp AUCgg AUCopp  AUCrpgs  AUCgnpr Time/s
SAM 0.9703 0.2385 0.0417 1.2088 0.9286 1.1671 0.1968 5.71 1.14
CEM 0.9957 0.4706 0.2897 1.4664 0.7059 1.1766 0.1809 1.62 0.17
hCEM 0.9768 0.2729 0.0069 1.2497 0.9699 1.2428 0.2660 39.48 3.42

DM-BDL 0.9416 0.2408 0.0077 1.1824 0.9339 1.1747 0.2331 31.43 113.77

BLTSC 0.9880 0.1873 0.0058 1.1754 0.9822 1.1695 0.1849 31.98 5.99

HTD-IRN 0.9514 0.4595 0.0453 1.4109 0.9061 1.3656 0.4142 10.15 3.20
TSTTD 0.9386 0.3299 0.0026 1.2686 0.9359 1.2659 0.3273 125.24 52.43
BASTNet 0.9973 0.5600 0.0012 1.5572 0.9960 1.5561 0.5588 451.90 1.87
TABLE 11
AUC SCORES OF THE DIFFERENT METHODS ON THE BEAUMONT-I DATASET

Method AUC(pd,pf) AUC(pd,T) AUC(pf,T) AUCrp AUCgg AUCqopp AUCrpps AUCsnpr Time/s
SAM 0.9975 0.2822 0.0219 1.2798 0.9756 1.2578 0.2603 12.87 1.81
CEM 0.9965 0.5739 0.2453 1.5705 0.7512 1.3251 0.3286 2.33 0.57
hCEM 0.9324 0.3954 0.0020 1.3278 0.9304 1.3258 0.3993 193.84 6.63

DM-BDL 0.9993 0.6319 0.0175 1.6313 0.9817 1.6137 0.6144 36.01 29.19

BLTSC 0.9943 0.3669 0.0014 1.3613 0.9929 1.3598 0.3655 256.58 7.27

HTD-IRN 0.9976 0.4449 0.0128 1.4425 0.9847 1.4297 0.4320 34.56 3.17
TSTTD 0.9968 0.7679 0.0025 1.7648 0.9943 1.7622 0.7655 311.26 118.83
BASTNet 0.9994 0.8837 0.0012 1.8831 0.9984 1.8819 0.8827 866.41 1.87

the background. It can be observed that BASTNet achieves
the best background suppression while maintaining the maxi-
mum separation between the target and the background. The
separation between the target and background is relatively
small for SAM and CEM, and the background has a broader
range. The hCEM, DM-BDL, and HTD-IRN methods show
varying degrees of background suppression ability. In the

case of TSTTD, the target data include some pixels that are
difficult to distinguish from the background, which increases
the variability and results in a longer box plot. Overall,
BASTNet outperforms the other comparison algorithms and
effectively separates the background from the target.

Tables I-V present the AUC scores for each detection
method across the five datasets. For the San Diego dataset,
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TABLE III
AUC SCORES OF THE DIFFERENT METHODS ON THE BEAUMONT-II DATASET

Method AUCp,py AUCp,ry AUCp n AUCpp AUCgg AUCopp  AUCrpes  AUCgnpr Time/s

SAM 0.9972 0.1891 0.0182 1.1863 0.9791 1.1681 0.1709 10.41 2.61
CEM 0.9997 0.6798 0.2798 1.6796 0.7199 1.3997 0.3999 2.42 0.94
hCEM 0.9986 0.5901 0.0280 1.5887 0.9706 1.5607 0.5621 21.09 9.76
DM-BDL 0.9987 0.3412 0.0049 1.3399 0.9938 1.3350 0.3363 69.37 43.25
BLTSC 0.9997 0.5609 0.0043 1.5607 0.9954 1.5563 0.5566 129.91 8.92
HTD-IRN 0.9981 0.2995 0.0027 1.2977 0.9955 1.2949 0.2969 113.11 2.09

TSTTD 0.9770 0.6874 0.0024 1.6644 0.9746 1.6620 0.6850 286.00 169.27

BASTNet 0.9990 0.8597 0.0017 1.8587 0.9973 1.8580 0.8510 506.38 2.13
TABLE IV
AUC SCORES OF THE DIFFERENT METHODS ON THE QINGPU-I DATASET

Method AUC(pd’pf) AUC(Pd,r) AUC(pf,T) AUCtp AUCgg AUCqpp AUCtpgs AUCgnpr Time/s
SAM 0.9962 0.2551 0.0459 1.2512 0.9503 1.2054 0.2091 5.55 3.21
CEM 0.9996 0.5538 0.1541 1.5535 0.8456 1.3993 0.3997 3.59 0.63
hCEM 0.9962 0.4886 0.0189 1.4882 0.9808 1.4659 0.4697 25.90 17.47

DM-BDL 0.9996 0.4471 0.0355 1.4467 0.9641 1.4112 0.4116 12.60 86.41
BLTSC 0.9993 0.4406 0.0095 1.4399 0.9898 1.4304 0.4311 239.97 6.87
HTD-IRN 0.9964 0.5658 0.0363 1.5622 0.9600 1.5259 0.5295 15.57 3.75
TSTTD 0.9982 0.8655 0.0008 1.8638 0.9974 1.8629 0.8647 1084.88 75.91
BASTNet 0.9998 0.8858 0.0015 1.8856 0.9982 1.8841 0.8843 591.19 2.38
TABLE V
AUC SCORES OF THE DIFFERENT METHODS ON THE QINGPU-II DATASET

Method AUC(pd,pf) AUCp, 1) AUC(pf,q_—) AUCtp AUCgg AUCopp AUCrpgs  AUCgnpr Time/s

SAM 0.9986 0.2673 0.0650 1.2659 0.9336 1.2009 0.2022 4.10 3.21
CEM 0.9998 0.6377 0.1332 1.6376 0.8677 1.5043 0.5045 4.78 0.62
hCEM 0.9943 0.5743 0.0577 1.5686 0.9366 1.5109 0.5166 9.95 5.16
DM-BDL 0.9994 0.4449 0.0088 1.4439 0.9907 1.4355 0.4357 50.36 85.17
BLTSC 0.9997 0.4899 0.0340 1.4897 0.9658 1.4556 0.4559 14.41 6.96
HTD-IRN 0.9974 0.5769 0.0204 1.5743 0.9770 1.5539 0.5566 28.33 4.05

TSTTD 0.9800 0.6233 0.0008 1.6033 0.9792 1.6025 0.6225 334.42 76.04

BASTNet 0.9999 0.7996 0.0009 1.7995 0.9989 1.7986 0.7898 893.87 2.39

BASTNet obtains the highest AUC scores across all seven
metrics, with the AUCqpp score being 0.2314 higher than that
of the second-best TSTTD method. Although CEM shows
high AUCp, ) and AUCtp scores, its AUCgs score is the
lowest. On the two Beaumont datasets, BASTNet achieves the
highest AUCgpp scores, reaching 1.8819 and 1.8580, respec-
tively, surpassing the other methods. Although the AUCp, p,)
score for the Beaumont-II dataset is suboptimal, the proposed
method still attains optimal values for AUCtp and AUCgs,
demonstrating the comprehensive performance of BASTNet.
In the two Qingpu datasets, BASTNet achieves the highest
AUC scores in AUCp, p;), AUCp,r), AUCrp, AUCgs, and
AUCopp, demonstrating its excellent overall performance.
TSTTD also demonstrates strong capabilities in both target
detection and background suppression. In summary, BAST-
Net confidently detects targets and effectively suppresses the
background, achieving precise separation between targets and
background.

Moreover, Tables I-V list the inference times of the detec-
tion algorithms. Among the traditional algorithms, SAM,
CEM, and hCEM maintain relatively fast computation times

but exhibit instability, particularly in complex background
scenarios. The DM-BDL algorithm has a longer computation
time, but its detection performance is superior to those of
the traditional algorithms. Among the four deep learning
methods, BLTSC involves two processing steps during the test
phase, which complicates direct target detection. Although the
TSTTD method demonstrates an excellent detection perfor-
mance, it has the longest inference time. In contrast, BASTNet
achieves the fastest inference time while maintaining a high
accuracy, thanks to its patch-based approach for rapid infer-
ence. Overall, BASTNet maintains a reasonable computation
time while delivering an outstanding detection performance,
which makes it highly promising for practical applications.

D. Ablation Study

1) Class Activation Map Analysis: The class activation
map (CAM) helps explain the decision-making process of the
network by showing which regions of the image the network
relied on to make the classification decision. As shown in
Fig. 14, we present the CAMs for the different phases of
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AUCp,,p;) AND AUC(p; ) SCORES FOR THE DIFFERENT MODULES ON THE FIVE DATASETS

TABLE VI
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Methods San Diego Beaumont-I Beaumont-II Qingpu-I Qingpu-II
Baseline 0.9869/0.0051 0.9919/0.0043 0.9967/0.0031 0.9921/0.0047 0.9990/0.0044
Baseline+tBAC 0.9937/0.0013 0.9963/0.0010 0.9951/0.0007 0.9975/0.0015 0.9992/0.0029
Baseline+TKSA 0.9899/0.0013 0.9913/0.0016 0.9967/0.0031 0.9995/0.0037 0.9990/0.0024
BaselinetBAC+TKSA 0.9973/0.0012 0.9994/0.0012 0.9990/0.0017 0.9998/0.0015 0.9999/0.0009

TABLE VII
AUCp,.p;) AND AUC(p; ) SCORES EACH LOSS TERM ON THE FIVE DATASETS

Loss term San Diego Beaumont-I Beaumont-II Qingpu-I Qingpu-II
Lgck 0.9899/0.0013 0.9913/0.0016 0.9967/0.0031 0.9995/0.0037 0.9990/0.0024
Lpce + Lpy, 0.9908/0.0015 0.9980/0.0014 0.9952/0.0025 0.9995/0.0015 0.9997/0.0015
Lpcg + Lpr 0.9906/0.0011 0.9989/0.0018 0.9944/0.0026 0.9998/0.0016 0.9998/0.0010
Lpcg + Lpg 0.9912/0.0014 0.9988/0.0017 0.9974/0.0021 0.9998/0.0011 0.9998/0.0007
Lgcg + Lic 0.9955/0.0015 0.9992/0.0018 0.9991/0.0023 0.9996/0.0017 0.9995/0.0018
Lpcg + Lep 0.9927/0.0018 0.9985/0.0012 0.9987/0.0030 0.9993/0.0020 0.9998/0.0018
Lpce + Lig 0.9962/0.0015 0.9993/0.0015 0.9988/0.0030 0.9996/0.0015 0.9998/0.0010
Lpcg + Lpg + Lrg 0.9973/0.0012 0.9994/0.0012 0.9990/0.0017 0.9998/0.0015 0.9999/0.0009

Fig. 14. Comparison of the CAMs from the different stages of S2>TNet.
(a) Pseudo-color image. (b) PTFE (Stage-I). (c) PTFE (Stage-II). (d) PTFE
(Stage-III). (e) SAFF. (f) Detection map.

S?TNet, where the false-color map is mixed with the heat map
using a ratio of 0.8 and 1. It can be seen that, in the different
encoding stages of the PTFE module, the intensity of the
heatmap in the target region is the highest, capturing reliable
fine-grained target information. Moreover, with the constraint
of the sparse self-attention mechanism in the decoding stages,
the CAM of the proposed S’TNet method shows a minimal
response in the background areas, accurately providing more
precise target localization information. Moreover, the CAM
demonstrates that the S?TNet network accurately outlines
target boundaries, a capability enhanced by the effective
random masking strategy. The strategy works by randomly
extending boundaries to produce a variety of target shapes,
thereby enabling the network to accurately detect targets with
diverse types and shapes.

2) Network Structure: To validate the effectiveness of the
BAC and TKSA modules designed within the S>TNet network,
we analyzed the target detection performance using four differ-
ent network structures. As shown in Table VI, AUCp, p,) and
AUCp, 1) are used to evaluate the detection performance of the
models. It can be observed that adding either BAC or TKSA

to the baseline model improves the AUCp,p,) score and
reduces the AUCp, 1) score, thereby confirming the effective-
ness of the BAC and TKSA modules. Furthermore, incorpo-
rating both BAC and TKSA modules simultaneously enables
BASTNet to achieve an optimal performance, demonstrating
its superiority in target detection and background suppression.

3) Loss Function: To verify the effectiveness of the pro-
posed BAC module, ablation experiments were conducted
for both the background guidance and foreground guidance
loss functions. The AUC scores for the five datasets using
different combinations of loss components are presented in
Table VII. Lgg represents the background guidance loss, which
is the sum of Lg; and Lgr. The results indicate that the
low-rank background and background ratio losses are crucial
for the proposed BAC module, as they effectively suppress
background interference. The primary reason is that the Lpg
loss minimizes the background response, thereby enhancing
the detection probability P;. When the Lpg loss is applied,
this leads to a significant improvement in AUCp, p,), which
helps the detector to further enhance its performance. This
improvement occurs because Lpc and Lpp are designed to
focus on target regions at different scales, facilitating more
accurate target identification. In summary, by jointly constrain-
ing the foreground guidance and background guidance losses,
the BAC module in BASTNet helps the model achieve an
optimal performance.

4) Data Augmentation Strategy: As shown in Fig. 15(a)
and (b), nine parameter combinations were designed to assess
the influence of the target number range [Npin, Nmax] and
target area range [Amin, Amax] in the random masking strategy.
BASTNet exhibits a downtrend in detection performance as
Nmax increases, while maintaining a smaller Ny, ensures
consistent detection capabilities on all five datasets. That
is, restricting the number of targets to the range [3], [5]
demonstrates strong generalization capability. Appropriately
increasing Ap,x can improve the BASTNet’s adaptability to the
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Fig. 15. Impact of data augmentation strategy on target detection performance. (a) Target number range [Npin, Nmax]. (b) Target area range [Amin, Amaxl-

(c) Parameter combinations [a, 8].

TABLE VIII
AUC(p(,,p/) AND AUC(pf,T) SCORES FOR DIFFERENT TRAINING DATA RATIOS ON THE FIVE DATASETS

Training data ratio San Diego Beaumont-I Beaumont-11 Qingpu-I Qingpu-11
20% 0.9967/0.0048 0.9990/0.0048 0.9932/0.0067 0.9996/0.0096 0.9999/0.0079
40% 0.9947/0.0040 0.9994/0.0042 0.9968/0.0047 0.9996/0.0045 0.9998/0.0043
60% 0.9971/0.0033 0.9991/0.0030 0.9981/0.0034 0.9997/0.0021 0.9998/0.0016
80% 0.9970/0.0010 0.9991/0.0027 0.9983/0.0020 0.9996/0.0018 0.9998/0.0014
100% 0.9973/0.0012 0.9994/0.0012 0.9990/0.0017 0.9998/0.0015 0.9999/0.0009

variation in target size, reflecting the diversity encountered in
real-world scenarios. Setting a high A, hinders BASTNet’s
ability to learn the characteristics of small targets, thus Anin
should remain a minimal value to preserve sensitivity to small-
scale targets. To summarize, a target area range of [3] and [10]
provides an optimal balance between capturing scale diversity
and maintaining sensitivity to small-scale targets.

Moreover, we investigated the performance of the model
with various settings of the background abundance coefficient
a and noise adjustment coefficient S in (3) by establishing
twelve sets of parameter combinations [a, S]. As shown in
Fig. 15(c), the best AUC is achieved when @ = 0.3, where
the generated background disturbance effectively maintains
data authenticity without overshadowing the target signal. The
increasing 8 indicates that an appropriate noise is essential for
enhancing the generalization ability of the BASTNet. When
a is 0.3 and B is 0.05, the proposed algorithm maintains high
detection accuracy and consistent performance.

5) Training Data Ratio: To illustrate the impact of different
training samples on the model accuracy, we used 20%, 40%,
60%, 80%, and 100% of the training samples for the training.
Table VIII lists the test accuracy of BASTNet on the five
datasets under different proportions of training data. It can
be observed that, as the training data ratio increases, both

AUCp, p,) and AUCp, ) gradually reach optimal values,
indicating that a greater amount of training data enhances
the detection performance of BASTNet. The most notable
trend is the inverse relationship between the sample ratio and
AUCp, ), where the most significant changes can be observed.
In summary, the more background training samples available,
the better the network can learn the background, leading to a
superior target detection state.

6) Parameter k of TKSA: As shown in Fig. 16, the detection
performance of C-TKSA and S-TKSA is evaluated across
different k-value ranges [A, A;]. For C-TKSA, the AUC value
decreases when the lower bound for sparsity A is set to 1/4,
since the BASTNet’s ability to distinguish targets is weakened
because of the insufficient channel numbers. In contrast, the
detection capability of BASTNet is gradually improved as the
upper bound A, increases. Consequently, C-TKSA optimizes
the k value in the range of 50%-80% to prevent the loss
of high-frequency features that are essential for effective
target detection. On the other hand, S-TKSA retains only
a limited number of significant feature points when k is
small (1/200-1/50), leading to the loss of crucial local target
details. In comparison, S-TKSA achieves an optimal balance
between preserving target features and reducing background
interference by dynamically adjusting the k value to 1%—-10%.
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Fig. 16. Impact of TKSA on target detection performance. (a) Different k value ranges of C-TKSA. (b) Different k value ranges of S-TKSA.

V. CONCLUSION

In this study, we conducted research on training sample
construction, model design, and loss formulation, and devel-
oped a BASTNet for HTD. First, considering the limitations of
training data and the complexity of the background, random
masking and spectral generation strategies are employed to
generate sufficient and diverse training samples. This image-
level data augmentation approach motivates the network to
learn the spatial and contextual features of the target. An
S2TNet incorporating the PTFE, SAFF, and TPD modules
is applied to capture detailed target information at different
scales. In addition, with the top-k operator, the model focuses
more on the target regions, to improve the target detection
accuracy. Furthermore, we introduce background-aware learn-
ing and a novel foreground and background guidance loss
function to enhance the separability between target and back-
ground. The experimental results confirmed that BASTNet can
achieve a superior detection performance and enables rapid
inference, compared to the current target detection methods,
on five large-scale hyperspectral datasets.

The following will be our future directions for improvement.
First, it will be worth exploring the design of an unsupervised
automatic background patch segmentation mechanism that
also supports the embedding of multiple types of targets, to
simplify the data preprocessing process. In addition, we aim
to explore a transferable and interpretable deep learning model
to extend the practical applicability of the model.
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