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RGB High-Resolution Image
(HR-MSI)

University of Houston Dataset
(2018 IEEE GRSS Data Fusion Contest)

Hyperspectral Low-Resolution Image
(LR-HSI)
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4

ICASSP, May 6 2026                                                                                                           Department of Electrical and Computer Engineering



Prior State of the Art
HYPERSPECTRAL I MAGE FUSION

5

SEVERAL ISSUES

• Supervised deep learning methods: Require 
ground truth HR HSI - impractical for real sensors

• Unsupervised/Self-supervised deep learning 
methods: Depend on accurate PSF or its 
estimation - often unreliable to obtain or estimate 
from data alone

• Explicit fusion methods: Sensitive to temporal 
misalignment - motion or illumination changes 
cause artifacts in output

• Performance depends on the blurring used: Some 
prior methods are sensitive to the blurring type 
present in the LR HSI

• Large complex architectures
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• Spectral Inversion Network (SIN) learns mapping from multispectral to hyperspectral pixels 

• Self-supervised learning: create LR-MSI from LR-HSI, learn inverse mapping

• Apply SIN to HR-MSI to obtain pixel-wise reconstruction of HR-HSI

• No spatial or temporal alignment issues
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• Light calibration: Requires neither PSF nor ground truth, only requires the MSI’s SRF

• Resolution agnostic: Per-pixel spectral inversion naturally handles any spatial resolution - can 
train on LR and infer on HR

• Blur agnostic: Performs strongly across various blur types

• Compact: Small MLP (SIN) learns a physically intuitive spectral inversion, not explicit fusion
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SpectraMorph: Self-Supervised HSI Image Fusion
NEW APPROACH: LEVERAGE PHYSI CS -GUIDED STRUCTURED LATENT SPACE 
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ENDMEMBER UNMI XING:  A SOUND PHYSICAL MODEL

•Endmember identification provides 
a strong physics-guided model for 
HSI pixels/spectral signatures

•Replace SpectraLift’s blackbox
inversion network w/ lightweight 
model (single hidden layer, 1024 
neurons) that predicts endmember 
abundances from MSI pixel values

•Self-supervised training: 
compute endmembers with 
off-the-shelf methods (e.g., NNMF) 
applied on LR-HSI
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Spectral mean absolute error loss

We do not enforce 
sum-to-one or non-
negative abundances 
(will revisit)
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As with SpectraLift, apply learned model 
on each individual pixel to map HR-MSI 
pixels to HR-HIS pixels
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Library of HSI Fusion setups: HyperBench
•Automate generation of degraded (LR, 
MSI) data from HR-HSI ground truth

•Easily illustrate degradation details 
and resulting images

•Automate computation of 
performance measures (RMSE, 
PSNR, SSIM, UIQI, ERGAS, SAM)

•All that is needed: integration of 
HSI fusion method (wrapper) and 
hyperspectral datacube (MATLAB)

1 band SRF - IKONOS 3 band SRF - IKONOS 4 band SRF - IKONOS

8 band SRF - WorldView 2 16 band SRF - WorldView
3



HyperBench Data Degradation Strategy
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Experiments use 80 LR HSI/HR MSI input pairs:  
{r,c} = {4,4}, {8,4}, {16,4}, {32,4}, {8,1}, {8,3}, {8,8}, {8,16}

For each of the 10 PSFs
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Results are representative of all datasets tested (DC, Pavia, Botswana) available in full paper



Evaluation Strategy: Datasets w/o Ground Truth
SPECTRAMORPH: NUMERICAL EXPERIMENTS WI TH HYPERBENCH
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UH Dataset (2018 IEEE GRSS Data Fusion Contest)PSF, SRF unknown; IKONOS RGB SRF used, 
each method that needs PSF obtains estimate



Evaluation Strategy: Datasets w/o Ground Truth
SPECTRAMORPH: NUMERICAL EXPERIMENTS WI TH HYPERBENCH

16

ICASSP, May 6 2026                                                                                                           Department of Electrical and Computer Engineering

UH Dataset 
(2018 IEEE GRSS 

Data Fusion Contest)
PSF, SRF unknown; 

IKONOS RGB SRF used, 
each method that needs 

PSF obtains estimate



Ablation Study (Pavia Center, Gaussian PSF)
SPECTRAMORPH: NUMERICAL EXPERIMENTS
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QR: Full paper, Replicability code, HyperBench
SPECTRAMORPH: RESOURCES
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SpectraMorph
code on GitHub

HyperBench
code on GitHub

SpectraMorph paper 
(extended version)

on arXiv
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