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Fig.1 Development trajectory of hyperspectral target detection methods
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Fig. 6 Principle of Transformer-based weakly-supervised and cross-domain few-shot hyperspectral target detection
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Fig.7 Principle of HTD based on unsupervised and generative self-supervised Transformer
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Fig. 8 Principle of background reconstruction and residual detection based on constrained autoencoder
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Fig. 9 Autoencoder-based target detection framework integrating latent space constraints
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Fig. 12 Experimental results of various methods on Sandiegol (AVIRIS-2) dataset
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Hyperspectral Target Detection:The Evolution from Conventional to

Artificial Intelligence

ZHANG Zhili, SUN Haixiang", DING Yao, LU Zhenhang,

LI Huaichun, LI Jian, WU Junhao
(Rocket Force University of Engineering, Xi’ an 710025, China)

ABSTRACT: To systematically analyze the development trajectory of hyperspectral target detection

(HTD) technology from traditional mathematical modeling to deep learning frameworks, the performance

of various representative algorithms was quantitatively evaluated. The study performed a horizontal compari-
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son of classic models such as constrained energy minimization and adaptive matched filtering, as well as
comprehensively analyzed the core innovations of three cutting—edge intelligent mechanisms: reshaping a
convolutional neural network (CNN) into nonlinear relationship measurers based on joint spatial-spectral
representation; precisely capturing long—range spectral dependencies across the entire image by combining
the multi-head self-attention mechanism of the Transformer with a generative self-supervised paradigm;
and achieving deep decoupling of weak targets from complex backgrounds through multi-dimensional physi-
cal constraints in the latent space of autoencoders. Based on the Sandiegol, Sandiego2, and Cuprite datas—
ets, a detailed validation of 10 different algorithms using the area under the curve (AUC) as the core
evaluation metric was conducted. The results indicate that, constrained by single—pixel feature fitting and
high—dimensional redundancy, traditional methods generally struggle to exceed an AUC of 0.81; in con-
trast, deep learning models achieve a comprehensive AUC exceeding 0.86. The CNN-based SCLHTD
model achieves a peak AUC of 0.8974 on the mixed-background Sandiego2 dataset due to its outstanding
long-range correlation capture ability; the CNN-based S2ADet algorithm achieves an AUC of 0.8945 on
the spatially regular target—distributed Cuprite dataset; and the unsupervised reconstruction—integrated auto-
encoder model NUN-UTD also achieves the best AUC of 0.8952 on the Sandiegol dataset. As single net-
work models have reached the bottleneck of feature representation, the future breakthrough in hyperspectral
detection technology lies in constructing adaptive hybrid architectures and multi—granularity feature fusion
mechanisms, with a shift toward unsupervised and weakly supervised paradigms to address the problems of
complex environment generalization and few—shot feature transfer.

KEYWORDS: hyperspectral image; target detection; deep learning; image processing
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