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Abstract

Hyperspectral imaging captures hundreds of contiguous spectral bands, enabling fine-grained
material identification across remote sensing, environmental monitoring, and defence
applications. However, the spatial resolution of such sensors often results in mixed pixels
where multiple materials coexist, necessitating spectral unmixing to estimate fractional
abundances. Low-abundance materials, which occupy only a small fraction of a pixel, pose a
persistent challenge due to their weak spectral signals, high susceptibility to noise, and
spectral similarity to prevalent background constituents. This paper presents a system-level
examination of attention-guided hyperspectral unmixing frameworks designed explicitly for
low-abundance material detection. We analyze the architectural trade-offs inherent in
integrating self-attention, cross-attention, and gating mechanisms within encoder-decoder and
state-space models, emphasizing computational efficiency, spectral fidelity, and scalability.
The discussion extends to deployment infrastructure, including edge versus cloud processing,
power constraints on airborne and spaceborne platforms, and data governance policies for
sensitive hyperspectral imagery. Robustness considerations such as sensor noise, atmospheric
interference, and adversarial perturbations are evaluated alongside fairness concerns regarding
detection biases across different materials and geographic regions. Policy implications
surrounding dual-use technologies, data sharing, and privacy are explored. By synthesizing
recent advances in attention mechanisms, weak-signal representation learning, and state-space
models, we outline a path toward more reliable, equitable, and operationally feasible
unmixing systems for critical low-abundance detection tasks.
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1. Introduction

Hyperspectral imaging has become a cornerstone of modern remote sensing, providing rich
spectral information that allows the discrimination of materials with subtle spectral
differences. The practical utility of hyperspectral data is often limited by the mixing of
multiple materials within a single pixel due to coarse spatial resolution. Spectral unmixing
addresses this limitation by decomposing each mixed pixel into a set of endmember spectra
and their corresponding fractional abundances. While traditional unmixing methods, such as
linear mixing models and nonnegative matrix factorization, have been widely applied, they
struggle to recover the contributions of materials that occupy very low fractions of a pixel.
Low-abundance materials, such as trace contaminants, rare minerals, or camouflaged targets,
are critical in many scientific and operational contexts, yet their detection remains one of the
most challenging problems in hyperspectral analysis.

The emergence of deep learning has dramatically advanced unmixing performance,
particularly through autoencoder architectures that learn nonlinear spectral mixtures and
spatial context. More recently, attention mechanisms have been introduced to selectively
focus on informative spectral bands and spatial regions, enabling more robust representation
of weak signals. These attention-guided methods can suppress noise and background
interference while amplifying the contributions of low-abundance materials. At the same time,
state-space models have provided an alternative paradigm for capturing long-range spectral
dependencies without the computational overhead of transformers. The combination of
attention and state-space modeling has led to novel architectures, such as that presented in
recent work on weak-signal representation learning and gated abundance reconstruction [16],
which specifically addresses the low-abundance regime.

This paper adopts a systems-level perspective to examine the full lifecycle of attention-guided
hyperspectral unmixing for low-abundance detection, from architectural design and
algorithmic trade-offs to deployment infrastructure, sustainability, governance, and policy.
We argue that achieving reliable low-abundance detection requires not only algorithmic
innovation but also careful consideration of computational constraints, data quality, fairness,
and ethical use. By integrating technical and socio-technical dimensions, we aim to provide a
comprehensive framework for researchers and practitioners working on high-stakes
hyperspectral applications.

2. Background and Related Work

Hyperspectral unmixing has traditionally relied on linear mixing models, where the observed
spectrum is assumed to be a linear combination of endmembers weighted by their abundances.
Early methods based on nonnegative matrix factorization and sparse regression [1] allowed
for automatic endmember extraction but were sensitive to noise and required careful
regularization. The introduction of spatial context through total variation regularization
improved abundance maps but still struggled with low-abundance components [2]. Deep
learning approaches, particularly autoencoders, have demonstrated superior ability to learn
nonlinear mixing processes [3]. Convolutional neural networks have been employed to
incorporate spatial neighborhood information, leading to smoother and more accurate
abundance estimates [4].



Attention mechanisms have been widely adopted in computer vision and natural language
processing and have recently been adapted for hyperspectral data. Self-attention models
capture long-range dependencies across spectral bands, while cross-attention can guide the
network to focus on regions of interest [5]. In the context of unmixing, spectral-spatial
attention modules have been integrated into encoder-decoder frameworks to enhance the
representation of subtle spectral features [6]. Gating mechanisms, such as those used in long
short-term memory networks, have also been employed to control information flow and
suppress noise [7]. The combination of attention with state-space models offers a
computationally efficient alternative to full transformers, as state-space models can process
long sequences with linear complexity. The work by Long et al. [16] exemplifies this synergy
by fusing state-space modeling with a weak-signal attention gate, explicitly targeting low-
abundance materials and demonstrating improved reconstruction fidelity.

Low-abundance detection is particularly challenging due to the low signal-to-noise ratio and
the high spectral correlation between the target material and common background constituents.
Traditional unmixing methods often treat all materials symmetrically, leading to poor
estimation of small abundances. Several approaches have attempted to address this by
incorporating prior knowledge, such as library spectra [8], or by using sparse regularization
that encourages the selection of only a few endmembers per pixel [9]. However, these
methods may fail when the target material is not in the library or when its signature is
overwhelmed by noise. Attention-guided deep learning methods provide a flexible alternative,
as they can learn to amplify weak signals directly from data. Nevertheless, the training of
such models requires representative samples of low-abundance scenarios, which are often
scarce. Data augmentation and synthetic mixing strategies have been proposed to mitigate this
limitation [10]. The system-level implications of these algorithmic choices, including the
computational cost of attention mechanisms and the need for large annotated datasets, are
discussed in subsequent sections.

3. Architectural Considerations for Attention-Guided Unmixing

The design of an attention-guided unmixing architecture involves several key components:
spectral encoding, spatial context aggregation, abundance estimation, and reconstruction.
Encoder-decoder structures are commonly employed, where the encoder compresses the input
pixel or patch into a latent representation, and the decoder reconstructs the spectrum from the
estimated abundances. Attention modules can be inserted at various stages. Spectral self-
attention allows the model to weigh the importance of each spectral band for the unmixing
task, effectively learning a band selection mechanism that reduces the influence of noisy or
redundant bands [11]. Spatial attention, on the other hand, can aggregate information from
neighboring pixels, exploiting the fact that material distributions are often spatially
contiguous. This spatial context is particularly valuable for low-abundance materials, which
may appear as small clusters or isolated pixels that are easily confused with noise.

A critical architectural trade-off is between model capacity and computational efficiency. Full
self-attention over all spectral bands and spatial locations incurs quadratic complexity, which
becomes prohibitive for large hyperspectral scenes. Approaches such as windowed attention,
sparse attention, or linear attention have been proposed to reduce this complexity [12]. State-
space models, which model sequential dependencies using a set of latent states updated
through a linear recurrence, offer a compelling alternative by achieving linear scaling. The
fusion of state-space models with attention gates, as seen in [16], allows the network to
maintain long-range spectral context while selectively amplifying weak signals. Gating



mechanisms further refine the representation by controlling which information passes to the
abundance estimation layers, enabling the model to ignore irrelevant variations and focus on
target materials.

Another architectural decision concerns the representation of abundances. Many deep
unmixing models produce abundances as continuous values in the range zero to one, with a
sum-to-one constraint enforced either by a softmax layer or by a normalization layer. For low-
abundance materials, the model must learn to produce very small values, which can be
challenging due to the vanishing gradient problem. Attention mechanisms can mitigate this by
providing larger gradients for low-abundance components, especially when combined with a
loss function that emphasizes reconstruction errors on the target material. However, this may
introduce bias if the loss is not carefully balanced. Multi-task learning, where the network
simultaneously predicts endmembers and abundances, can also improve performance by
sharing representations [13]. The integration of these architectural elements must be
considered in the context of deployment constraints, as complex architectures may not be
feasible on resource-limited platforms.

4. Low-Abundance Material Detection: Challenges and Structural Trade-offs

The detection of low-abundance materials is inherently a weak-signal problem. The spectral
contribution of such a material is often comparable to or smaller than the sensor noise level,
making it difficult to distinguish from random fluctuations. Furthermore, the spectral
signature of the target material may be highly correlated with that of dominant background
materials, leading to spectral confusion. For instance, the detection of a rare mineral in a soil
mixture or a trace pollutant in water requires separating extremely subtle spectral differences.
Traditional unmixing methods that minimize the overall reconstruction error may sacrifice the
accuracy of small abundances to better fit the dominant components, because the error
contribution of the low-abundance material is negligible in the global loss.

Attention-guided methods address this imbalance by learning to weight spectral bands and
spatial regions that are informative for the low-abundance material. However, this introduces
a structural trade-off between sensitivity and specificity. Excessively aggressive attention may
amplify noise and lead to false positives, while insufficient attention may fail to detect the
material. The design of the attention mechanism must therefore incorporate regularization or
prior knowledge about the expected signal characteristics. For example, weak-signal attention
gates, as proposed in [16], use a gating function that is activated only when the spectral
signature exceeds a learned threshold, effectively acting as a denoising filter. This approach
maintains high sensitivity while suppressing spurious activations.

Another trade-off is between spatial resolution and spectral resolution. High spatial resolution
reduces the mixing problem but may increase noise per pixel. Low spatial resolution, typical
of spaceborne sensors, increases the prevalence of mixed pixels and makes low-abundance
detection even harder. Attention-guided unmixing can leverage spatial context to improve
estimates, but this requires consistent land cover patterns. For materials that appear in isolated
or irregular patterns, spatial attention may not provide significant benefits. In such cases,
spectral attention becomes the primary tool. The deployment of unmixing models on
platforms with different spatial and spectral characteristics therefore requires careful
calibration and possibly domain adaptation techniques [14].

The availability of training data is a persistent challenge for deep learning-based unmixing.
Publicly available hyperspectral datasets often contain only a few well-known scenes with



limited ground truth abundances. Low-abundance scenarios are underrepresented, and models
trained on such data may generalize poorly to new environments. Synthetic mixtures
generated from spectral libraries can provide additional training examples, but they may not
capture real-world variability in atmospheric conditions, sensor noise, and surface geometry.
Attention-guided models that are too flexible may overfit to the training distribution, while
overly constrained models may fail to detect novel low-abundance materials. This tension
between generalization and specialization must be addressed through careful architecture
design, regularization, and validation strategies.

5. Deployment Infrastructure and Computational Sustainability

The practical deployment of attention-guided hyperspectral unmixing systems requires
consideration of the entire data pipeline, from sensor acquisition to end-user decision making.
Hyperspectral sensors are often mounted on satellites, unmanned aerial vehicles, or aircraft,
each with distinct constraints on power, weight, and data transmission. Real-time or near-real-
time unmixing is desirable for time-sensitive applications such as disaster response or military
surveillance, but the computational demands of deep attention models can be substantial.
Edge computing, where inference is performed on the platform itself, reduces the need for
high-bandwidth data downlink but requires efficient model implementations. Techniques such
as quantization, pruning, and knowledge distillation can reduce model size and inference time
without significant loss of accuracy [15]. The integration of state-space models and gated
attention [16] is particularly attractive for edge deployment because of its linear complexity
and efficient recurrent structure.

Onboard processing also raises sustainability concerns. Hyperspectral missions consume
significant energy for sensor operation, data processing, and communication. Attention-
guided models, while potentially more accurate, may require more computation than simpler
linear methods. A trade-off exists between detection performance and energy consumption,
and the choice of architecture should be guided by the application requirements. For instance,
a global environmental monitoring program may prioritize energy efficiency over
instantaneous detection accuracy, whereas a tactical defense application may accept higher
energy costs for improved sensitivity.

Cloud-based processing offers virtually unlimited computational resources but introduces
latency and data transmission bottlenecks. Large hyperspectral scenes can be hundreds of
megabytes, and transmitting them from remote areas to a central cloud may be infeasible in
real time. A hybrid approach, where low-complexity unmixing is performed on the edge to
flag potential low-abundance targets, and the flagged data is transmitted to the cloud for
refined analysis, can balance responsiveness and accuracy. This hierarchical architecture
aligns with the attention-guided paradigm, where initial detection can rely on simpler spectral
attention and subsequent high-fidelity unmixing uses more complex spatial and gating
modules. Data governance policies must then address questions of data sovereignty,
encryption, and access control, especially when hyperspectral imagery contains sensitive
information about infrastructure, resources, or military activities.

6. Robustness, Fairness, and Policy Implications

Robustness is a critical requirement for any operational unmixing system. Hyperspectral data
are subject to various sources of noise, including photon noise, readout noise, and striping
artifacts. Atmospheric absorption and scattering further distort the measured spectra.
Attention-guided models can be designed to be robust to these perturbations through data



augmentation during training, but they may also exhibit vulnerabilities to adversarial attacks.
For low-abundance detection, even small adversarial perturbations could cause a target
material to be missed or falsely detected. The development of robust attention mechanisms
that are provably insensitive to certain types of noise is an active research area [17].
Additionally, the use of ensemble methods or uncertainty quantification can help assess the
reliability of unmixing outputs, allowing operators to make informed decisions.

Fairness in hyperspectral unmixing is an emerging concern. Detection performance may vary
systematically across different materials, geographic regions, or sensor configurations. For
example, a model trained primarily on arid landscapes may perform poorly in humid or
vegetated environments, leading to biased detection of low-abundance minerals or pollutants.
Such biases can have significant consequences for environmental justice, resource allocation,
and security. Attention-guided models should be evaluated not only on global accuracy but
also on subgroup performance, and training datasets should be diverse and representative.
Transparent reporting of model limitations and biases is essential for responsible deployment
[18].

Policy implications of attention-guided hyperspectral unmixing extend to dual-use
technologies. While the ability to detect low-abundance materials has clear benefits for
environmental monitoring, mining, and agriculture, it also has military and intelligence
applications. Governments and international bodies may need to establish guidelines for the
sharing and use of high-resolution hyperspectral data and the models that analyze them.
Privacy concerns arise when hyperspectral imagery can reveal private activities or sensitive
infrastructure. The governance of such technologies should involve multi-stakeholder
dialogue, including scientists, policymakers, and civil society, to ensure that benefits are
maximized while risks are minimized [19]. Furthermore, the deployment of attention-guided
unmixing in autonomous systems, such as drones, raises questions about accountability and
human oversight, especially when detection results trigger automated actions.

7. Conclusion

Attention-guided hyperspectral unmixing represents a significant advancement in the
detection of low-abundance materials, enabling more sensitive and accurate estimation by
focusing computational resources on informative spectral and spatial features. The integration
of state-space models and gated attention mechanisms, as exemplified by recent work on
weak-signal representation learning [16], provides a promising direction for achieving high
performance with practical computational demands. However, the successful deployment of
such systems requires a holistic understanding of architectural trade-offs, infrastructure
constraints, robustness, fairness, and policy considerations. This paper has provided a
systems-level analysis that bridges algorithmic innovation with real-world implementation
challenges. Future research should focus on developing attention mechanisms that are
inherently interpretable, robust to distributional shifts, and capable of learning from limited or
noisy labelled data. Collaborative efforts between algorithm developers, domain scientists,
and policymakers are necessary to ensure that attention-guided unmixing serves societal
needs equitably and sustainably.

References

1. Bioucas-Dias, J. M., Plaza, A., Dobigeon, N., Parente, M., Du, Q., Gader, P., & Chanussot,
J. (2012). Hyperspectral unmixing overview: Geometrical, statistical, and sparse



regression-based approaches. IEEE Journal of Selected Topics in Applied Earth
Observations and Remote Sensing, 5(2), 354-379.

2. lordache, M.-D., Bioucas-Dias, J. M., & Plaza, A. (2011). Sparse unmixing of
hyperspectral data. IEEE Transactions on Geoscience and Remote Sensing, 49(6), 2014—
2039.

3. Zhang, L., Zhang, L., & Du, B. (2018). Deep learning for remote sensing data: A technical
tutorial on the state of the art. IEEE Geoscience and Remote Sensing Magazine, 6(2),
22-40.

4. Palsson, B., Ulfarsson, M. O., & Sveinsson, J. R. (2017). Hyperspectral unmixing using a
neural network autoencoder. IEEE Geoscience and Remote Sensing Letters, 14(11),
2037-2041.

5. Vaswani, A., Shazeer, N., Parmar, N., Uszkoreit, J., Jones, L., Gomez, A. N., Kaiser, L., &
Polosukhin, I. (2017). Attention is all you need. Advances in Neural Information
Processing Systems, 30.

6. Gao, H., Yang, Y., Li, X., & Zhang, L. (2020). Spectral-spatial attention network for
hyperspectral image classification. IEEE Transactions on Geoscience and Remote
Sensing, 58(9), 6226—6238.

7.Li, Y., Xie, W., & Li, H. (2019). Hyperspectral image classification using a gated recurrent
network with spectral-spatial attention. Remote Sensing, 11(14), 1681.

8. Dobigeon, N., Tourneret, J.-Y., & Chang, C.-I. (2008). Semi-supervised linear spectral
unmixing using a hierarchical Bayesian model for hyperspectral imagery. IEEE
Transactions on Signal Processing, 56(7), 3191-3203.

9. Chen, J., Richard, C., & Honeine, P. (2013). Nonlinear unmixing of hyperspectral data
based on a linear-mixture/nonlinear-fluctuation model. IEEE Transactions on Signal
Processing, 61(2), 480—492.

10. Audebert, N., Le Saux, B., & Lefévre, S. (2019). Deep learning for classification of
hyperspectral data: A comparative review. IEEE Geoscience and Remote Sensing
Magazine, 7(2), 44—68.

11. Sun, G., Zhang, Q., & Zhang, A. (2021). Spectral-spatial attention network for

hyperspectral anomaly detection. IEEE Transactions on Geoscience and Remote Sensing,
59(10), 8576-8589.

12. Wang, H., Cao, X., & Zhang, L. (2022). Efficient spectral-spatial attention network for
hyperspectral image classification with linear complexity. IEEE Transactions on
Geoscience and Remote Sensing, 60, 1-15.

13.Qu, Y., & Qi, H. (2020). uDAS: A framework for simultaneous endmember extraction
and abundance estimation in hyperspectral imagery. IEEE Transactions on Geoscience
and Remote Sensing, 58(5), 3299-3312.

14. Tuia, D., Persello, C., & Bruzzone, L. (2016). Domain adaptation for the classification of
remote sensing data: An overview of recent advances. IEEE Geoscience and Remote
Sensing Magazine, 4(2), 41-57.

15. Cheng, Y., Wang, D., Zhou, P., & Zhang, T. (2017). A survey of model compression and
acceleration for deep neural networks. arXiv preprint arXiv:1710.09282.



16. Long, Z., Zia, A., Fu, G., Rolland, V., & Zhou, J. (2026). WS-Net: Weak-Signal
Representation Learning and Gated Abundance Reconstruction for Hyperspectral
Unmixing via State-Space and Weak Signal Attention Fusion. arXiv preprint
arXiv:2603.09037.

17. Wong, E., & Kolter, J. Z. (2018). Provable defenses against adversarial examples via the
convex outer adversarial polytope. Proceedings of the 35th International Conference on
Machine Learning, 80, 5286-5295.

18. Selbst, A. D., Boyd, D., Friedler, S. A., Venkatasubramanian, S., & Vertesi, J. (2019).
Fairness and abstraction in sociotechnical systems. Proceedings of the Conference on
Fairness, Accountability, and Transparency, 59—68.

19. Goodman, D., & Floan, B. (2020). The governance of Earth observation data: Principles
and pathways. Space Policy, 54, 101387.



