Hyperspectral Unmixing for Raman Spectroscopy
via Physics-Constrained Autoencoders
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TL;DR Validation on synthetic Raman mixtures
We propose a framework for Raman spectroscopy unmixing based on autoencoders. We Benchmark results: Using our generator, we created synthetic datasets of increasing complexity.
develop a library of autoencoder models and perform a systematic validation on a range of We tested 4 autoencoder models developed in-house, and showed that they consistently
synthetic and experimental datasets against standard methods for unmixing. Our results show outperform conventional methods for unmixing across virtually all datasets and mixture settings.
that autoencoders consistently provide more accurate, robust and efficient unmixing.
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o o o - Validation on experimental data from sugar mixtures
Hyperspectral unmixing aims to resolve mixed signals by identifying the individual components
resent (endmembers) and quantifying their proportions (fractional abundances). : :
P ( ) 9 ying prop ( ) Data: We acquired high and Ground truth: Abundances were calculated based on the
.. : low signal-to-noise ratio experimental concentrations, and endmember signatures
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We approach Raman unmixing as a self-supervised autoencoder (AE) learning problem. — Raman shift (cm”)
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Encoders can incorporate concepts from representation learning to improve feature extraction Raman shift (cm”) CDEF CDEF CDEF CDEF
and abundance estimation. Decoders can be structured to model different linear and non-linear n=
mixing models. Physics constraints can be built into the model architecture (highlighted in red). - - -
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Data generation: We developed a Raman mixture generator (available within RamanSPy?), 1 g 1& 4 é wﬂmm
which allows us to create synthetic datasets of variable complexity with known ground truth.
This enables us to quantitatively benchmark the performance of different methods for unmixing. o emanshitm®
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