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Introduction



Hyperspectral Images
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Image Acquisition
Satellite

Airborne

Ground based

Laboratory

Spatial resolution
Surface area per pixel (e.g. 30 sq. Meters per pixel) 

Spectral resolution
Bands per pixel (e.g. 400 bands, from 0.4 to 2.5 µm)

source: RESONON Hyperspectral Image Solutions [https://resonon.com/hyperspectral-airborne-remote-sensing-system]
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https://resonon.com/hyperspectral-airborne-remote-sensing-system%5D


Research Motivations

• Richness of information


• Richness of distinctive features


• Spectral and spatial data


• Remote Sensing


• Science of Materials


• Real world applications: 


• Agriculture, Forestry, Mineralogy, 
Urban Planning, Healthcare, and 
others.

• Complex classifications - Pixel 
Unmixing


• High dimensionality


• Computational complexity and costs


• Storage, Transmission, 
Processing, Classification, model 
training


• Potential Data Fusion with spatial 
features

Hyperspectral Images Deep Learning
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Hyperspectral Images and Ground-Truth
University of Toronto - Remote Sensing and Spatial Ecosystem Modeling Laboratory

source: University of Toronto - Remote Sensing and Spatial Ecosystem Modeling laboratory [http://sites.utm.utoronto.ca/yuhong/] 6



Segmentation and Classification 

Dao, P. D.; Mantripragada, K.; He, Y.; and Qureshi, F. Z.; Improving hyperspectral image segmentation by applying inverse noise weighting and outlier removal for optimal scale selection; 
ISPRS Journal of Photogrammetry and Remote Sensing, 171: 348 - 366, 2021. 
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Segmentation
Method
• Inverse Noise Weighting


• Segmentation:


• K-means (scale: seeds)


• Mean-shift (scale: seeds)  


• Watershed (scale: markers)


• Coefficient of Variation


• Outlier removal


• Scale Selection


• Final segmentation
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Segmentation

Suburban

Bolton, Ontario

Urban

Bolton, Ontario

Forest

Bolton, Ontario

Datasets
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Dimensionality Reduction

Mantripragada K, Dao PD, He Y, Qureshi FZ (2022); The Effects of Spectral Dimensionality Reduction on Hyperspectral Pixel Classification: A Case Study. PLOS ONE 17(7): e0269174. https://
doi.org/10.1371/journal.pone.0269174
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Task 1: Pixel Labeling (Classification)

XGBoost Classifiers (compressed spectra) 
3 x 5 x 98 ( x 2) = 2940

Datasets

Suburban, Urban, 
and Forest

Task 2: Signal Recovery (Reconstruction)

Mean Squared Error

Dimensionality 
Reduction

PCA, KPCA, ICA, AE, 
DAE
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Dimensionality Reduction
Development set up



MSE
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Dimensionality Reduction
Reconstruction & Classification 

F1 scores



Classification f1 scores (using 
compressed data) vs. compression 
rates. The f1-scores are plotted for 
each label present in the dataset.
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Dimensionality Reduction
Classification
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Dimensionality Reduction
Computational Considerations



Classification results 
with spectra 

compressed to 95% 
of the original size.
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Dimensionality Reduction
Results



Hyperspectral  data,  even  when  compressed,  outperforms  RGB  data  for  classification.  
This  highlights  the  value  of  hyperspectral  information  for  detailed  land  cover  analysis.


Different  compression  methods  are  suited  for  different  compression  rates.  PCA,  KPCA,  
and  ICA  perform  well  at  lower  compression  rates,  while  AE  and  DAE  excel  at  higher  
compression  rates  (above  95%).


AE  and  DAE  are  particularly  promising  for  high  compression  scenarios.  They  achieved  
the  best  classification  scores  when  compressing  data  down  to  a  very  small  fraction  of  its  
original  size.


AE  and  DAE  are  suitable  for  in-situ  applications.  Their  ability  to  be  trained  in  batches  
makes  them  adaptable  to  resource-constrained  environments.
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Dimensionality Reduction
Conclusions



Hyperspectral Pixel Unmixing
Latent Dirichlet Variational Autoencoder

Mantripragada K. and Qureshi F. Z., Hyperspectral Pixel Unmixing With Latent Dirichlet Variational Autoencoder, in IEEE Transactions on Geoscience and Remote Sensing, vol. 62, pp. 1-12, 2024, 
Art no. 5507112, doi: 10.1109/TGRS.2024.3357589.
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• How to extract the mixing ratios of 
endmembers?


• How to recover the spectral signature 
of a pure class?

Mixing Ratios 
(abundances) Endmembers

22% Water

70% Vegetation

8% Soil

?

source: Molero et al. (2012)  

The unmixing problem
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Hyperspectral Pixel Unmixing



• Spectral mixing is an important problem in Hyperspectral Image analysis

• Earth Observation (Remote Sensing), agriculture, mineralogy, biology, botany, medicine, 

pharmaceutical, etc.

• The assumption that observation is from one pure material is not realistic (Heylen, 2014)


• Linear unmixing methods are still widely used


• Physics-based models require intrinsic material properties


• We need to develop data driven approaches that eschew explicit modelling and linearity 
assumptions and offer advantages such as transfer learning and generalizability

Hyperspectral Pixel Unmixing
Motivation
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Abundances    are drawn from a Dirichlet distribution


where

<latexit sha1_base64="2jxwOHhR/cRf322mRp1tfKNZDko=">AAACKHicbVDLSsNAFJ34tr6qLt0MFkE3JRFRwYWCLnRXwT6gCeVmOmkHJ5kwMxFqyOe48VfciCjSrV/ipI34qAcGDuecy9x7/JgzpW17aE1Nz8zOzS8slpaWV1bXyusbDSUSSWidCC5kywdFOYtoXTPNaSuWFEKf06Z/e577zTsqFRPRjR7E1AuhF7GAEdBG6pRP3RB03w/S+wy7ioXYFTGVoIWMIKTpBZPZ7nfkBH9xF3jch2yvU67YVXsEPEmcglRQgVqn/OJ2BUlCGmnCQam2Y8faS0FqRjjNSm6iaAzkFnq0bWi+hfLS0aEZ3jFKFwdCmhdpPFJ/TqQQKjUIfZPM91R/vVz8z2snOjj2UhbFiaYRGX8UJBxrgfPWcJdJSjQfGAJEMrMrJn2QQLTptmRKcP6ePEka+1XnsGpfH1TOroo6FtAW2ka7yEFH6AxdohqqI4Ie0BN6RW/Wo/VsvVvDcXTKKmY20S9YH58ui6fm</latexit>

z ⇠ Dir(z;↵)

<latexit sha1_base64="XDQwVvFbWjclkxRNpNreEd+zJOM=">AAACAHicbVDLSsNAFL2pr1pfURcu3AwWwVVJRNRNoeBGdxXsA9oYJtNJO3QyCTMToYZs/BU3LhRx62e482+cPhbaeuDC4Zx7ufeeIOFMacf5tgpLyyura8X10sbm1vaOvbvXVHEqCW2QmMeyHWBFORO0oZnmtJ1IiqOA01YwvBr7rQcqFYvFnR4l1ItwX7CQEayN5NsHXZVGfsaqbn6fDXP06COGqsj17bJTcSZAi8SdkTLMUPftr24vJmlEhSYcK9VxnUR7GZaaEU7zUjdVNMFkiPu0Y6jAEVVeNnkgR8dG6aEwlqaERhP190SGI6VGUWA6I6wHat4bi/95nVSHl17GRJJqKsh0UZhypGM0TgP1mKRE85EhmEhmbkVkgCUm2mRWMiG48y8vkuZpxT2vOLdn5drNLI4iHMIRnIALF1CDa6hDAwjk8Ayv8GY9WS/Wu/UxbS1Ys5l9+APr8wcTBJVt</latexit>

kX

i=1

zi = 1

<latexit sha1_base64="enQuLjfIiVR/yIHtvoM8brumsYw=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIqMuCG91VsA9sS8mkd9rQTGZIMkId+hduXCji1r9x59+YaWehrQcCh3PuJecePxZcG9f9dgorq2vrG8XN0tb2zu5eef+gqaNEMWywSESq7VONgktsGG4EtmOFNPQFtvzxdea3HlFpHsl7M4mxF9Kh5AFn1FjpoRtSM/KD9GnaL1fcqjsDWSZeTiqQo94vf3UHEUtClIYJqnXHc2PTS6kynAmclrqJxpiyMR1ix1JJQ9S9dJZ4Sk6sMiBBpOyThszU3xspDbWehL6dzBLqRS8T//M6iQmueimXcWJQsvlHQSKIiUh2PhlwhcyIiSWUKW6zEjaiijJjSyrZErzFk5dJ86zqXVTdu/NK7TavowhHcAyn4MEl1OAG6tAABhKe4RXeHO28OO/Ox3y04OQ7h/AHzucPBBORKg==</latexit>z

<latexit sha1_base64="IEVIrLsVyFqkZR9uyEHYPvHAoik=">AAACHnicbVDLSsNAFJ3UV42vqEs3g0VxUUJSnxuh4EZ3FWwrNCFMppN26OTBzERoQ77Ejb/ixoUigiv9G5M0C209MNzDOfdy5x43YlRIw/hWKguLS8sr1VV1bX1jc0vb3umIMOaYtHHIQn7vIkEYDUhbUsnIfcQJ8l1Guu7oKve7D4QLGgZ3chwR20eDgHoUI5lJjnZq+UgOXS+ZpPAQXkIrgRMnMdN6XhrTcpzWdV0v6CiFVqqqjlYzdKMAnCdmSWqgRMvRPq1+iGOfBBIzJETPNCJpJ4hLihlJVSsWJEJ4hAakl9EA+UTYSXFeCg8ypQ+9kGcvkLBQf08kyBdi7LtZZ36MmPVy8T+vF0vvwk5oEMWSBHi6yIsZlCHMs4J9ygmWbJwRhDnN/grxEHGEZZZoHoI5e/I86TR080w3bk9qzZsyjirYA/vgCJjgHDTBNWiBNsDgETyDV/CmPCkvyrvyMW2tKOXMLvgD5esHpxifrw==</latexit>

z = {z1, z2, z3, ..., zk}

zi � 0

<latexit sha1_base64="jZMBtUK02xGFB+sV0tXG95Frjo8=">AAAB8HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8cK9kPaUDbbSbt0Nwm7G6GG/govHhTx6s/x5r9x2+agrQ8GHu/NMDMvSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVDBssFrFqB1Sj4BE2DDcC24lCKgOBrWB0M/Vbj6g0j6N7M07Ql3QQ8ZAzaqz08NTjpDtA4vbKFbfqzkCWiZeTCuSo98pf3X7MUomRYYJq3fHcxPgZVYYzgZNSN9WYUDaiA+xYGlGJ2s9mB0/IiVX6JIyVrciQmfp7IqNS67EMbKekZqgXvan4n9dJTXjlZzxKUoMRmy8KU0FMTKbfkz5XyIwYW0KZ4vZWwoZUUWZsRiUbgrf48jJpnlW98+rF3Xmldp3HUYQjOIZT8OASanALdWgAAwnP8ApvjnJenHfnY95acPKZQ/gD5/MHugqPtg==</latexit>

and

Mixing Ratios 
(abundances) Endmembers

22% Water

70% Vegetation

8% Soil

?

Hyperspectral Pixel Unmixing
Abundances
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Also for the observed spectra    :


where


and each band value 

<latexit sha1_base64="uU4ZsFE1Jenr8R26O4qJKYrjpNc=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIqMuCG91VsA9sS8mkd9rQTGZIMmIZ+hduXCji1r9x59+YaWehrQcCh3PuJecePxZcG9f9dgorq2vrG8XN0tb2zu5eef+gqaNEMWywSESq7VONgktsGG4EtmOFNPQFtvzxdea3HlFpHsl7M4mxF9Kh5AFn1FjpoRtSM/KD9GnaL1fcqjsDWSZeTiqQo94vf3UHEUtClIYJqnXHc2PTS6kynAmclrqJxpiyMR1ix1JJQ9S9dJZ4Sk6sMiBBpOyThszU3xspDbWehL6dzBLqRS8T//M6iQmueimXcWJQsvlHQSKIiUh2PhlwhcyIiSWUKW6zEjaiijJjSyrZErzFk5dJ86zqXVTdu/NK7TavowhHcAyn4MEl1OAG6tAABhKe4RXeHO28OO/Ox3y04OQ7h/AHzucPAQmRKA==</latexit>x
<latexit sha1_base64="PwQs3ewHJNEtTw8G2AyFanEmK3I="></latexit>

x ⇠ Normal(x;µ,⌃)

<latexit sha1_base64="SWAunJ8JXhI4nT57YZ8Yo6JpKv0="></latexit>

x = {x1, x2 x3, . . . , xk}
<latexit sha1_base64="D9juEx1oM7McealmqXJl2Yg1ukE="></latexit>

µ = {µ1, µ2 µ3, . . . , µk}
<latexit sha1_base64="qkWhn97Ug/PeaT2FPnACWseqNr4="></latexit>

⌃ = diag(�2
1 ,�

2
2 ,�

2
3 , . . . ,�

2
k)

<latexit sha1_base64="Swp5yWs+MdzmQbDdBlUM4HjsnIM="></latexit>

xi ⇠ Normal(x;µi,�
2
i )

Pixel 

Hyperspectral Pixel Unmixing
Pixel Spectra
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encoder decoder
<latexit sha1_base64="uU4ZsFE1Jenr8R26O4qJKYrjpNc=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIqMuCG91VsA9sS8mkd9rQTGZIMmIZ+hduXCji1r9x59+YaWehrQcCh3PuJecePxZcG9f9dgorq2vrG8XN0tb2zu5eef+gqaNEMWywSESq7VONgktsGG4EtmOFNPQFtvzxdea3HlFpHsl7M4mxF9Kh5AFn1FjpoRtSM/KD9GnaL1fcqjsDWSZeTiqQo94vf3UHEUtClIYJqnXHc2PTS6kynAmclrqJxpiyMR1ix1JJQ9S9dJZ4Sk6sMiBBpOyThszU3xspDbWehL6dzBLqRS8T//M6iQmueimXcWJQsvlHQSKIiUh2PhlwhcyIiSWUKW6zEjaiijJjSyrZErzFk5dJ86zqXVTdu/NK7TavowhHcAyn4MEl1OAG6tAABhKe4RXeHO28OO/Ox3y04OQ7h/AHzucPAQmRKA==</latexit>x

<latexit sha1_base64="rVLFS4CohUvDszsutVQXYEuN9Tc=">AAAB+XicbVDLSsNAFJ3UV62vqEs3g0VwVRIRdVlwo7sK9gFNKJPppB06mYSZm2IJ+RM3LhRx65+482+ctFlo64GBwzn3cs+cIBFcg+N8W5W19Y3Nrep2bWd3b//APjzq6DhVlLVpLGLVC4hmgkvWBg6C9RLFSBQI1g0mt4XfnTKleSwfYZYwPyIjyUNOCRhpYNteRGAchJk3JpA95fnArjsNZw68StyS1FGJ1sD+8oYxTSMmgQqidd91EvAzooBTwfKal2qWEDohI9Y3VJKIaT+bJ8/xmVGGOIyVeRLwXP29kZFI61kUmMkip172CvE/r59CeONnXCYpMEkXh8JUYIhxUQMecsUoiJkhhCpusmI6JopQMGXVTAnu8pdXSeei4V41nIfLevO+rKOKTtApOkcuukZNdIdaqI0omqJn9IrerMx6sd6tj8VoxSp3jtEfWJ8/WZOUJg==</latexit>

x̂
<latexit sha1_base64="enQuLjfIiVR/yIHtvoM8brumsYw=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIqMuCG91VsA9sS8mkd9rQTGZIMkId+hduXCji1r9x59+YaWehrQcCh3PuJecePxZcG9f9dgorq2vrG8XN0tb2zu5eef+gqaNEMWywSESq7VONgktsGG4EtmOFNPQFtvzxdea3HlFpHsl7M4mxF9Kh5AFn1FjpoRtSM/KD9GnaL1fcqjsDWSZeTiqQo94vf3UHEUtClIYJqnXHc2PTS6kynAmclrqJxpiyMR1ix1JJQ9S9dJZ4Sk6sMiBBpOyThszU3xspDbWehL6dzBLqRS8T//M6iQmueimXcWJQsvlHQSKIiUh2PhlwhcyIiSWUKW6zEjaiijJjSyrZErzFk5dJ86zqXVTdu/NK7TavowhHcAyn4MEl1OAG6tAABhKe4RXeHO28OO/Ox3y04OQ7h/AHzucPBBORKg==</latexit>z

<latexit sha1_base64="UeANYIEytW1+HxPip7vfIBPO/q0=">AAACHHicbVDLSgMxFM34rPVVdekmWIS6KTMq6rLgRncV7AM6ZcikmTY08zC5I9ZxPsSNv+LGhSJuXAj+jZm2Qm09EDg5517uvceNBFdgmt/G3PzC4tJybiW/ura+sVnY2q6rMJaU1WgoQtl0iWKCB6wGHARrRpIR3xWs4fbPM79xy6TiYXANg4i1fdINuMcpAS05hSPbJ9BzveQ+xbbiPr5xEht6DEhamrAe8O/nLj1wCkWzbA6BZ4k1JkU0RtUpfNqdkMY+C4AKolTLMiNoJ0QCp4KleTtWLCK0T7qspWlAfKbayfC4FO9rpYO9UOoXAB6qkx0J8ZUa+K6uzFZU014m/ue1YvDO2gkPohhYQEeDvFhgCHGWFO5wySiIgSaESq53xbRHJKGg88zrEKzpk2dJ/bBsnZTNq+Ni5XIcRw7toj1UQhY6RRV0gaqohih6RM/oFb0ZT8aL8W58jErnjHHPDvoD4+sHE+Oinw==</latexit>

z ⇠ q✓(z|x)

<latexit sha1_base64="BPjA+vawYnXqCEyGKTfQyDIzQsg=">AAACDXicbZDLSsNAFIYnXmu9RV26GaxC3ZRERF0W3Oiugr1AE8JkOmmHziRhZiLWmBdw46u4caGIW/fufBsnbQRt/WHg4z/nMOf8fsyoVJb1ZczNLywuLZdWyqtr6xub5tZ2S0aJwKSJIxaJjo8kYTQkTUUVI51YEMR9Rtr+8Dyvt2+IkDQKr9UoJi5H/ZAGFCOlLc/cdyTlMPZSJx7QrOpwpAZ+kN5m9z94lx16ZsWqWWPBWbALqIBCDc/8dHoRTjgJFWZIyq5txcpNkVAUM5KVnUSSGOEh6pOuxhBxIt10fE0GD7TTg0Ek9AsVHLu/J1LEpRxxX3fmK8rpWm7+V+smKjhzUxrGiSIhnnwUJAyqCObRwB4VBCs20oCwoHpXiAdIIKx0gGUdgj198iy0jmr2Sc26Oq7UL4s4SmAX7IEqsMEpqIML0ABNgMEDeAIv4NV4NJ6NN+N90jpnFDM74I+Mj2+gfZyT</latexit>

⇠ p�(x|z)

[Kingma et al, 2013]

Hyperspectral Pixel Unmixing
Variational Autoencoder setting
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• The decoder is set to:


• reconstruct the spectra     


• given the abundances  


• where    is a set of learnable parameters of the decoder

<latexit sha1_base64="enQuLjfIiVR/yIHtvoM8brumsYw=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIqMuCG91VsA9sS8mkd9rQTGZIMkId+hduXCji1r9x59+YaWehrQcCh3PuJecePxZcG9f9dgorq2vrG8XN0tb2zu5eef+gqaNEMWywSESq7VONgktsGG4EtmOFNPQFtvzxdea3HlFpHsl7M4mxF9Kh5AFn1FjpoRtSM/KD9GnaL1fcqjsDWSZeTiqQo94vf3UHEUtClIYJqnXHc2PTS6kynAmclrqJxpiyMR1ix1JJQ9S9dJZ4Sk6sMiBBpOyThszU3xspDbWehL6dzBLqRS8T//M6iQmueimXcWJQsvlHQSKIiUh2PhlwhcyIiSWUKW6zEjaiijJjSyrZErzFk5dJ86zqXVTdu/NK7TavowhHcAyn4MEl1OAG6tAABhKe4RXeHO28OO/Ox3y04OQ7h/AHzucPBBORKg==</latexit>z
<latexit sha1_base64="rVLFS4CohUvDszsutVQXYEuN9Tc=">AAAB+XicbVDLSsNAFJ3UV62vqEs3g0VwVRIRdVlwo7sK9gFNKJPppB06mYSZm2IJ+RM3LhRx65+482+ctFlo64GBwzn3cs+cIBFcg+N8W5W19Y3Nrep2bWd3b//APjzq6DhVlLVpLGLVC4hmgkvWBg6C9RLFSBQI1g0mt4XfnTKleSwfYZYwPyIjyUNOCRhpYNteRGAchJk3JpA95fnArjsNZw68StyS1FGJ1sD+8oYxTSMmgQqidd91EvAzooBTwfKal2qWEDohI9Y3VJKIaT+bJ8/xmVGGOIyVeRLwXP29kZFI61kUmMkip172CvE/r59CeONnXCYpMEkXh8JUYIhxUQMecsUoiJkhhCpusmI6JopQMGXVTAnu8pdXSeei4V41nIfLevO+rKOKTtApOkcuukZNdIdaqI0omqJn9IrerMx6sd6tj8VoxSp3jtEfWJ8/WZOUJg==</latexit>

x̂
<latexit sha1_base64="Dxox1icTj43gXbgpE454cWAmpTM=">AAAB/XicbVDLSsNAFL3xWesrPnZuBotQNyURUTdCwY3uKtgHNKVMppN26GQSZiZCG4q/4saFIm79D3f+jZM2C209MHA4517umePHnCntON/W0vLK6tp6YaO4ubW9s2vv7TdUlEhC6yTikWz5WFHOBK1rpjltxZLi0Oe06Q9vMr/5SKVikXjQo5h2QtwXLGAEayN17UMvHjB0jfplL8R64AfpeHLatUtOxZkCLRI3JyXIUevaX14vIklIhSYcK9V2nVh3Uiw1I5xOil6iaIzJEPdp21CBQ6o66TT9BJ0YpYeCSJonNJqqvzdSHCo1Cn0zmUVU814m/ue1Ex1cdVIm4kRTQWaHgoQjHaGsCtRjkhLNR4ZgIpnJisgAS0y0KaxoSnDnv7xIGmcV96Li3J+Xqnd5HQU4gmMogwuXUIVbqEEdCIzhGV7hzXqyXqx362M2umTlOwfwB9bnD2LJlJE=</latexit>

� = g(z)encoder

<latexit sha1_base64="kaGwOejSuA766CV3B1qjkhHX1tc=">AAACHnicbZDLSsNAFIYnXmu9RV26GSxC3ZREvC0LbnRXwV6gCWEynTRDJxdmJtIa8yRufBU3LhQRXOnbOGlT0NYDAx//fw5zzu/GjAppGN/awuLS8spqaa28vrG5ta3v7LZElHBMmjhiEe+4SBBGQ9KUVDLSiTlBgctI2x1c5n77jnBBo/BWjmJiB6gfUo9iJJXk6KdWgKTveqnlI5kOswxaggYwdlIr9mlWndrD7GGK99mRo1eMmjEuOA9mARVQVMPRP61ehJOAhBIzJETXNGJpp4hLihnJylYiSIzwAPVJV2GIAiLsdHxeBg+V0oNexNULJRyrvydSFAgxClzVma8oZr1c/M/rJtK7sFMaxokkIZ585CUMygjmWcEe5QRLNlKAMKdqV4h9xBGWKtGyCsGcPXkeWsc186xm3JxU6tdFHCWwDw5AFZjgHNTBFWiAJsDgETyDV/CmPWkv2rv2MWld0IqZPfCntK8fz9ekLA==</latexit>

x̂ ⇠ p�(x|z)
<latexit sha1_base64="enQuLjfIiVR/yIHtvoM8brumsYw=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIqMuCG91VsA9sS8mkd9rQTGZIMkId+hduXCji1r9x59+YaWehrQcCh3PuJecePxZcG9f9dgorq2vrG8XN0tb2zu5eef+gqaNEMWywSESq7VONgktsGG4EtmOFNPQFtvzxdea3HlFpHsl7M4mxF9Kh5AFn1FjpoRtSM/KD9GnaL1fcqjsDWSZeTiqQo94vf3UHEUtClIYJqnXHc2PTS6kynAmclrqJxpiyMR1ix1JJQ9S9dJZ4Sk6sMiBBpOyThszU3xspDbWehL6dzBLqRS8T//M6iQmueimXcWJQsvlHQSKIiUh2PhlwhcyIiSWUKW6zEjaiijJjSyrZErzFk5dJ86zqXVTdu/NK7TavowhHcAyn4MEl1OAG6tAABhKe4RXeHO28OO/Ox3y04OQ7h/AHzucPBBORKg==</latexit>z

<latexit sha1_base64="33OKncTI9CAx20t4wsSeLuRvWi0=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPBi94q2A9oQ9lsN83S3U3Y3Qgl9C948aCIV/+QN/+NmzQHbX0w8Hhvhpl5QcKZNq777VTW1jc2t6rbtZ3dvf2D+uFRV8epIrRDYh6rfoA15UzSjmGG036iKBYBp71gepv7vSeqNIvlo5kl1Bd4IlnICDa5NEwiNqo33KZbAK0SryQNKNEe1b+G45ikgkpDONZ64LmJ8TOsDCOczmvDVNMEkyme0IGlEguq/ay4dY7OrDJGYaxsSYMK9fdEhoXWMxHYToFNpJe9XPzPG6QmvPEzJpPUUEkWi8KUIxOj/HE0ZooSw2eWYKKYvRWRCCtMjI2nZkPwll9eJd2LpnfVdB8uG637Mo4qnMApnIMH19CCO2hDBwhE8Ayv8OYI58V5dz4WrRWnnDmGP3A+fwAXSY5L</latexit>

�

Hyperspectral Pixel Unmixing
Decoder
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The encoder is set to learn parameters of the distribution of abundances:


where     are the learnable parameters of the encoder


<latexit sha1_base64="uU4ZsFE1Jenr8R26O4qJKYrjpNc=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIqMuCG91VsA9sS8mkd9rQTGZIMmIZ+hduXCji1r9x59+YaWehrQcCh3PuJecePxZcG9f9dgorq2vrG8XN0tb2zu5eef+gqaNEMWywSESq7VONgktsGG4EtmOFNPQFtvzxdea3HlFpHsl7M4mxF9Kh5AFn1FjpoRtSM/KD9GnaL1fcqjsDWSZeTiqQo94vf3UHEUtClIYJqnXHc2PTS6kynAmclrqJxpiyMR1ix1JJQ9S9dJZ4Sk6sMiBBpOyThszU3xspDbWehL6dzBLqRS8T//M6iQmueimXcWJQsvlHQSKIiUh2PhlwhcyIiSWUKW6zEjaiijJjSyrZErzFk5dJ86zqXVTdu/NK7TavowhHcAyn4MEl1OAG6tAABhKe4RXeHO28OO/Ox3y04OQ7h/AHzucPAQmRKA==</latexit>x <latexit sha1_base64="f6Vj5Oiaslrpe3Lt0QLxzE4n3BU=">AAAB+HicbVDLSsNAFL2pr1ofrbp0M1gEVyURUZcFN7qrYB/QhHIznbRDJw9mJkIN/RI3LhRx66e482+ctFlo64GBwzn3cs8cPxFcadv+tkpr6xubW+Xtys7u3n61dnDYUXEqKWvTWMSy56NigkesrbkWrJdIhqEvWNef3OR+95FJxePoQU8T5oU4injAKWojDWpVN0Q99oPMRZGMcTao1e2GPQdZJU5B6lCgNah9ucOYpiGLNBWoVN+xE+1lKDWngs0qbqpYgnSCI9Y3NMKQKS+bB5+RU6MMSRBL8yJN5urvjQxDpaahbybzmGrZy8X/vH6qg2sv41GSahbRxaEgFUTHJG+BDLlkVIupIUglN1kJHaNEqk1XFVOCs/zlVdI5bziXDfv+ot68K+oowzGcwBk4cAVNuIUWtIFCCs/wCm/Wk/VivVsfi9GSVewcwR9Ynz8wt5N1</latexit>↵
<latexit sha1_base64="0HPbal+j55u9g541idYMR5p063g=">AAAB/3icbVDLSsNAFJ34rPUVFdy4GSxC3ZRERN0IBTe6q2Af0IQymU7aoZNJmLkRS+zCX3HjQhG3/oY7/8ZJ24W2Hhg4nHMv98wJEsE1OM63tbC4tLyyWlgrrm9sbm3bO7sNHaeKsjqNRaxaAdFMcMnqwEGwVqIYiQLBmsHgKveb90xpHss7GCbMj0hP8pBTAkbq2Pse9BkQfInDshcR6Adh9jA67tglp+KMgeeJOyUlNEWtY3953ZimEZNABdG67ToJ+BlRwKlgo6KXapYQOiA91jZUkohpPxvnH+Ejo3RxGCvzJOCx+nsjI5HWwygwk3lEPevl4n9eO4Xwws+4TFJgkk4OhanAEOO8DNzlilEQQ0MIVdxkxbRPFKFgKiuaEtzZL8+TxknFPas4t6el6s20jgI6QIeojFx0jqroGtVQHVH0iJ7RK3qznqwX6936mIwuWNOdPfQH1ucP/GqVdw==</latexit>

✓ = f(x)

<latexit sha1_base64="0HPbal+j55u9g541idYMR5p063g=">AAAB/3icbVDLSsNAFJ34rPUVFdy4GSxC3ZRERN0IBTe6q2Af0IQymU7aoZNJmLkRS+zCX3HjQhG3/oY7/8ZJ24W2Hhg4nHMv98wJEsE1OM63tbC4tLyyWlgrrm9sbm3bO7sNHaeKsjqNRaxaAdFMcMnqwEGwVqIYiQLBmsHgKveb90xpHss7GCbMj0hP8pBTAkbq2Pse9BkQfInDshcR6Adh9jA67tglp+KMgeeJOyUlNEWtY3953ZimEZNABdG67ToJ+BlRwKlgo6KXapYQOiA91jZUkohpPxvnH+Ejo3RxGCvzJOCx+nsjI5HWwygwk3lEPevl4n9eO4Xwws+4TFJgkk4OhanAEOO8DNzlilEQQ0MIVdxkxbRPFKFgKiuaEtzZL8+TxknFPas4t6el6s20jgI6QIeojFx0jqroGtVQHVH0iJ7RK3qznqwX6936mIwuWNOdPfQH1ucP/GqVdw==</latexit>

✓ = f(x)

<latexit sha1_base64="g5namx2mzWZIKQ8y6Dq+7pMXjqE="></latexit>

z ⇠ q✓(z|x) ! Dir(↵)

<latexit sha1_base64="VuOxeLSQqhg71qH7doDmicTSbE0=">AAACE3icbVDLSsNAFJ34rPVVdelmsAjVRUlE1GVBF7qrYB/QhHIznbRDJ5kwMxFqyD+48VfcuFDErRt3/o2TtgttPTBwOOde7pzjx5wpbdvf1sLi0vLKamGtuL6xubVd2tltKpFIQhtEcCHbPijKWUQbmmlO27GkEPqctvzhZe637qlUTER3ehRTL4R+xAJGQBupWzp2Q9ADP0gfMuwqFmJXxFSCFjKCkKZXTGYVF3g8gKNuqWxX7THwPHGmpIymqHdLX25PkCSkkSYclOo4dqy9FKRmhNOs6CaKxkCG0KcdQ/ODykvHmTJ8aJQeDoQ0L9J4rP7eSCFUahT6ZjJPoGa9XPzP6yQ6uPBSFsWJphGZHAoSjrXAeUG4xyQlmo8MASKZ+SsmA5BAtKmxaEpwZiPPk+ZJ1Tmr2ren5drNtI4C2kcHqIIcdI5q6BrVUQMR9Iie0St6s56sF+vd+piMLljTnT30B9bnD7obnrM=</latexit>

z ⇠ Dir(↵) decoder

<latexit sha1_base64="lxP/UfrwQ17WmgEF2hei3nDaNlM=">AAAB7XicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9RjworcI5gHJEmYns8mY2ZllplcIIf/gxYMiXv0fb/6Nk2QPmljQUFR1090VpVJY9P1vb2V1bX1js7BV3N7Z3dsvHRw2rM4M43WmpTatiFouheJ1FCh5KzWcJpHkzWh4M/WbT9xYodUDjlIeJrSvRCwYRSc1OjjgSLulsl/xZyDLJMhJGXLUuqWvTk+zLOEKmaTWtgM/xXBMDQom+aTYySxPKRvSPm87qmjCbTieXTshp07pkVgbVwrJTP09MaaJtaMkcp0JxYFd9Kbif147w/g6HAuVZsgVmy+KM0lQk+nrpCcMZyhHjlBmhLuVsAE1lKELqOhCCBZfXiaN80pwWfHvL8rVuzyOAhzDCZxBAFdQhVuoQR0YPMIzvMKbp70X7937mLeuePnMEfyB9/kDp7iPNA==</latexit>

✓
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Hyperspectral Pixel Unmixing
Encoder



We aim to learn the encoder function such that:


and


<latexit sha1_base64="RAC1Ytv0oIF3edtEpyk9G7blU4g=">AAACGXicbVDJSgNBEO1xjXGLevTSGIR4CTMiKogQ8KK3CGaBJISaTk/SpGehu0YMw/yGF3/FiwdFPOrJv7GzKJr4oODxXhVV9dxICo22/WnNzS8sLi1nVrKra+sbm7mt7aoOY8V4hYUyVHUXNJci4BUUKHk9Uhx8V/Ka278Y+rVbrrQIgxscRLzlQzcQnmCARmrn7KYP2HO9pAky6kFKz6lX+Nbu0jP642OPI6QH7VzeLtoj0FniTEieTFBu596bnZDFPg+QSdC64dgRthJQKJjkabYZax4B60OXNwwNwOe6lYw+S+m+UTrUC5WpAOlI/T2RgK/1wHdN5/BOPe0Nxf+8RozeaSsRQRQjD9h4kRdLiiEdxkQ7QnGGcmAIMCXMrZT1QAFDE2bWhOBMvzxLqodF57hoXx/lS1eTODJkl+yRAnHICSmRS1ImFcLIPXkkz+TFerCerFfrbdw6Z01mdsgfWB9ftmmgxA==</latexit>

↵ = f(x; ✓)

<latexit sha1_base64="mst5jsR38zyNctP65IKgEVRrsJY=">AAACFnicbVDLSsNAFJ34rPUVdelmsAjtwpKIqCBCwY3uKtgHNKFMppN26GQSZiZijf0KN/6KGxeKuBV3/o2TNqK2Hhg4c8693HuPFzEqlWV9GjOzc/MLi7ml/PLK6tq6ubFZl2EsMKnhkIWi6SFJGOWkpqhipBkJggKPkYbXP0v9xjURkob8Sg0i4gaoy6lPMVJaapt7UdEJkOp5fnIzvPumt8MSPIXd4s//xIl6tNQ2C1bZGgFOEzsjBZCh2jY/nE6I44BwhRmSsmVbkXITJBTFjAzzTixJhHAfdUlLU44CIt1kdNYQ7mqlA/1Q6McVHKm/OxIUSDkIPF2Z7iknvVT8z2vFyj92E8qjWBGOx4P8mEEVwjQj2KGCYMUGmiAsqN4V4h4SCCudZF6HYE+ePE3q+2X7sGxdHhQqF1kcObANdkAR2OAIVMA5qIIawOAePIJn8GI8GE/Gq/E2Lp0xsp4t8AfG+xdeUZ+B</latexit>

p(x|z) = g(z;�)

<latexit sha1_base64="f6Vj5Oiaslrpe3Lt0QLxzE4n3BU=">AAAB+HicbVDLSsNAFL2pr1ofrbp0M1gEVyURUZcFN7qrYB/QhHIznbRDJw9mJkIN/RI3LhRx66e482+ctFlo64GBwzn3cs8cPxFcadv+tkpr6xubW+Xtys7u3n61dnDYUXEqKWvTWMSy56NigkesrbkWrJdIhqEvWNef3OR+95FJxePoQU8T5oU4injAKWojDWpVN0Q99oPMRZGMcTao1e2GPQdZJU5B6lCgNah9ucOYpiGLNBWoVN+xE+1lKDWngs0qbqpYgnSCI9Y3NMKQKS+bB5+RU6MMSRBL8yJN5urvjQxDpaahbybzmGrZy8X/vH6qg2sv41GSahbRxaEgFUTHJG+BDLlkVIupIUglN1kJHaNEqk1XFVOCs/zlVdI5bziXDfv+ot68K+oowzGcwBk4cAVNuIUWtIFCCs/wCm/Wk/VivVsfi9GSVewcwR9Ynz8wt5N1</latexit>↵<latexit sha1_base64="uU4ZsFE1Jenr8R26O4qJKYrjpNc=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIqMuCG91VsA9sS8mkd9rQTGZIMmIZ+hduXCji1r9x59+YaWehrQcCh3PuJecePxZcG9f9dgorq2vrG8XN0tb2zu5eef+gqaNEMWywSESq7VONgktsGG4EtmOFNPQFtvzxdea3HlFpHsl7M4mxF9Kh5AFn1FjpoRtSM/KD9GnaL1fcqjsDWSZeTiqQo94vf3UHEUtClIYJqnXHc2PTS6kynAmclrqJxpiyMR1ix1JJQ9S9dJZ4Sk6sMiBBpOyThszU3xspDbWehL6dzBLqRS8T//M6iQmueimXcWJQsvlHQSKIiUh2PhlwhcyIiSWUKW6zEjaiijJjSyrZErzFk5dJ86zqXVTdu/NK7TavowhHcAyn4MEl1OAG6tAABhKe4RXeHO28OO/Ox3y04OQ7h/AHzucPAQmRKA==</latexit>x
<latexit sha1_base64="0HPbal+j55u9g541idYMR5p063g=">AAAB/3icbVDLSsNAFJ34rPUVFdy4GSxC3ZRERN0IBTe6q2Af0IQymU7aoZNJmLkRS+zCX3HjQhG3/oY7/8ZJ24W2Hhg4nHMv98wJEsE1OM63tbC4tLyyWlgrrm9sbm3bO7sNHaeKsjqNRaxaAdFMcMnqwEGwVqIYiQLBmsHgKveb90xpHss7GCbMj0hP8pBTAkbq2Pse9BkQfInDshcR6Adh9jA67tglp+KMgeeJOyUlNEWtY3953ZimEZNABdG67ToJ+BlRwKlgo6KXapYQOiA91jZUkohpPxvnH+Ejo3RxGCvzJOCx+nsjI5HWwygwk3lEPevl4n9eO4Xwws+4TFJgkk4OhanAEOO8DNzlilEQQ0MIVdxkxbRPFKFgKiuaEtzZL8+TxknFPas4t6el6s20jgI6QIeojFx0jqroGtVQHVH0iJ7RK3qznqwX6936mIwuWNOdPfQH1ucP/GqVdw==</latexit>

✓ = f(x) <latexit sha1_base64="enQuLjfIiVR/yIHtvoM8brumsYw=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIqMuCG91VsA9sS8mkd9rQTGZIMkId+hduXCji1r9x59+YaWehrQcCh3PuJecePxZcG9f9dgorq2vrG8XN0tb2zu5eef+gqaNEMWywSESq7VONgktsGG4EtmOFNPQFtvzxdea3HlFpHsl7M4mxF9Kh5AFn1FjpoRtSM/KD9GnaL1fcqjsDWSZeTiqQo94vf3UHEUtClIYJqnXHc2PTS6kynAmclrqJxpiyMR1ix1JJQ9S9dJZ4Sk6sMiBBpOyThszU3xspDbWehL6dzBLqRS8T//M6iQmueimXcWJQsvlHQSKIiUh2PhlwhcyIiSWUKW6zEjaiijJjSyrZErzFk5dJ86zqXVTdu/NK7TavowhHcAyn4MEl1OAG6tAABhKe4RXeHO28OO/Ox3y04OQ7h/AHzucPBBORKg==</latexit>z
<latexit sha1_base64="rVLFS4CohUvDszsutVQXYEuN9Tc=">AAAB+XicbVDLSsNAFJ3UV62vqEs3g0VwVRIRdVlwo7sK9gFNKJPppB06mYSZm2IJ+RM3LhRx65+482+ctFlo64GBwzn3cs+cIBFcg+N8W5W19Y3Nrep2bWd3b//APjzq6DhVlLVpLGLVC4hmgkvWBg6C9RLFSBQI1g0mt4XfnTKleSwfYZYwPyIjyUNOCRhpYNteRGAchJk3JpA95fnArjsNZw68StyS1FGJ1sD+8oYxTSMmgQqidd91EvAzooBTwfKal2qWEDohI9Y3VJKIaT+bJ8/xmVGGOIyVeRLwXP29kZFI61kUmMkip172CvE/r59CeONnXCYpMEkXh8JUYIhxUQMecsUoiJkhhCpusmI6JopQMGXVTAnu8pdXSeei4V41nIfLevO+rKOKTtApOkcuukZNdIdaqI0omqJn9IrerMx6sd6tj8VoxSp3jtEfWJ8/WZOUJg==</latexit>

x̂
<latexit sha1_base64="Dxox1icTj43gXbgpE454cWAmpTM=">AAAB/XicbVDLSsNAFL3xWesrPnZuBotQNyURUTdCwY3uKtgHNKVMppN26GQSZiZCG4q/4saFIm79D3f+jZM2C209MHA4517umePHnCntON/W0vLK6tp6YaO4ubW9s2vv7TdUlEhC6yTikWz5WFHOBK1rpjltxZLi0Oe06Q9vMr/5SKVikXjQo5h2QtwXLGAEayN17UMvHjB0jfplL8R64AfpeHLatUtOxZkCLRI3JyXIUevaX14vIklIhSYcK9V2nVh3Uiw1I5xOil6iaIzJEPdp21CBQ6o66TT9BJ0YpYeCSJonNJqqvzdSHCo1Cn0zmUVU814m/ue1Ex1cdVIm4kRTQWaHgoQjHaGsCtRjkhLNR4ZgIpnJisgAS0y0KaxoSnDnv7xIGmcV96Li3J+Xqnd5HQU4gmMogwuXUIVbqEEdCIzhGV7hzXqyXqx362M2umTlOwfwB9bnD2LJlJE=</latexit>

� = g(z)
<latexit sha1_base64="1JxEXEK3eeHjvtSwAAjWb4qSE+A=">AAACH3icbVBNS8NAEN34WetX1KOXxSLUS0lEquCloAe9VbAf0JQy2W7apZts2N0INfSfePGvePGgiHjrv3HTFtTWBwOP92aYmefHnCntOGNraXlldW09t5Hf3Nre2bX39utKJJLQGhFcyKYPinIW0ZpmmtNmLCmEPqcNf3CV+Y0HKhUT0b0exrQdQi9iASOgjdSxy14Iuu8H6eMIe4qF2BMxlaCFjCCk6TWTo+JPyyX2gMd9OOnYBafkTIAXiTsjBTRDtWN/eV1BkpBGmnBQquU6sW6nIDUjnI7yXqJoDGQAPdoyNFuu2unkvxE+NkoXB0KaijSeqL8nUgiVGoa+6cxOVfNeJv7ntRIdXLRTFsWJphGZLgoSjrXAWVi4yyQlmg8NASKZuRWTPkgg2kSaNyG48y8vkvppyS2XnLuzQuV2FkcOHaIjVEQuOkcVdIOqqIYIekIv6A29W8/Wq/VhfU5bl6zZzAH6A2v8DVbmo8Y=</latexit>

z ⇠ Dir(z;↵)

25

Hyperspectral Pixel Unmixing
Variational Autoencoder setting - Latent Dirichlet



We cannot just calculate gradients and apply backpropagation due to the 
existence of the stochastic nodes, i.e, sampling stage [Kingma et al, 2013]
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<latexit sha1_base64="uU4ZsFE1Jenr8R26O4qJKYrjpNc=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIqMuCG91VsA9sS8mkd9rQTGZIMmIZ+hduXCji1r9x59+YaWehrQcCh3PuJecePxZcG9f9dgorq2vrG8XN0tb2zu5eef+gqaNEMWywSESq7VONgktsGG4EtmOFNPQFtvzxdea3HlFpHsl7M4mxF9Kh5AFn1FjpoRtSM/KD9GnaL1fcqjsDWSZeTiqQo94vf3UHEUtClIYJqnXHc2PTS6kynAmclrqJxpiyMR1ix1JJQ9S9dJZ4Sk6sMiBBpOyThszU3xspDbWehL6dzBLqRS8T//M6iQmueimXcWJQsvlHQSKIiUh2PhlwhcyIiSWUKW6zEjaiijJjSyrZErzFk5dJ86zqXVTdu/NK7TavowhHcAyn4MEl1OAG6tAABhKe4RXeHO28OO/Ox3y04OQ7h/AHzucPAQmRKA==</latexit>x <latexit sha1_base64="f6Vj5Oiaslrpe3Lt0QLxzE4n3BU=">AAAB+HicbVDLSsNAFL2pr1ofrbp0M1gEVyURUZcFN7qrYB/QhHIznbRDJw9mJkIN/RI3LhRx66e482+ctFlo64GBwzn3cs8cPxFcadv+tkpr6xubW+Xtys7u3n61dnDYUXEqKWvTWMSy56NigkesrbkWrJdIhqEvWNef3OR+95FJxePoQU8T5oU4injAKWojDWpVN0Q99oPMRZGMcTao1e2GPQdZJU5B6lCgNah9ucOYpiGLNBWoVN+xE+1lKDWngs0qbqpYgnSCI9Y3NMKQKS+bB5+RU6MMSRBL8yJN5urvjQxDpaahbybzmGrZy8X/vH6qg2sv41GSahbRxaEgFUTHJG+BDLlkVIupIUglN1kJHaNEqk1XFVOCs/zlVdI5bziXDfv+ot68K+oowzGcwBk4cAVNuIUWtIFCCs/wCm/Wk/VivVsfi9GSVewcwR9Ynz8wt5N1</latexit>↵
<latexit sha1_base64="0HPbal+j55u9g541idYMR5p063g=">AAAB/3icbVDLSsNAFJ34rPUVFdy4GSxC3ZRERN0IBTe6q2Af0IQymU7aoZNJmLkRS+zCX3HjQhG3/oY7/8ZJ24W2Hhg4nHMv98wJEsE1OM63tbC4tLyyWlgrrm9sbm3bO7sNHaeKsjqNRaxaAdFMcMnqwEGwVqIYiQLBmsHgKveb90xpHss7GCbMj0hP8pBTAkbq2Pse9BkQfInDshcR6Adh9jA67tglp+KMgeeJOyUlNEWtY3953ZimEZNABdG67ToJ+BlRwKlgo6KXapYQOiA91jZUkohpPxvnH+Ejo3RxGCvzJOCx+nsjI5HWwygwk3lEPevl4n9eO4Xwws+4TFJgkk4OhanAEOO8DNzlilEQQ0MIVdxkxbRPFKFgKiuaEtzZL8+TxknFPas4t6el6s20jgI6QIeojFx0jqroGtVQHVH0iJ7RK3qznqwX6936mIwuWNOdPfQH1ucP/GqVdw==</latexit>

✓ = f(x) <latexit sha1_base64="enQuLjfIiVR/yIHtvoM8brumsYw=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIqMuCG91VsA9sS8mkd9rQTGZIMkId+hduXCji1r9x59+YaWehrQcCh3PuJecePxZcG9f9dgorq2vrG8XN0tb2zu5eef+gqaNEMWywSESq7VONgktsGG4EtmOFNPQFtvzxdea3HlFpHsl7M4mxF9Kh5AFn1FjpoRtSM/KD9GnaL1fcqjsDWSZeTiqQo94vf3UHEUtClIYJqnXHc2PTS6kynAmclrqJxpiyMR1ix1JJQ9S9dJZ4Sk6sMiBBpOyThszU3xspDbWehL6dzBLqRS8T//M6iQmueimXcWJQsvlHQSKIiUh2PhlwhcyIiSWUKW6zEjaiijJjSyrZErzFk5dJ86zqXVTdu/NK7TavowhHcAyn4MEl1OAG6tAABhKe4RXeHO28OO/Ox3y04OQ7h/AHzucPBBORKg==</latexit>z
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We decompose the components of the Dirichlet distribution into K Gamma 
random variables and use the Inverse Gamma CDF function [Joo et al, 2020]:
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We observe that a Dirichlet distribution can be expressed as a composition of 
multiple Gamma distributions [Joo et al, 2020]:


and the KL divergence between MultiGamma distributions is: 
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KL for Dirichlet Distributions



Loss Function
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• Cuprite dataset

• 512-by-614, 188 channels, 12 endmembers

• No training data available


• Cuprite-Synthetic

• Endmembers provided in Cuprite dataset

• Random abundances


• Urban (HYDICE) dataset

• 307-by-307, 162 channels, 6 endmembers

• 50/50 train/test split


• Samson dataset

• 95-by-95, 156 channels, 3 endmembers

• 80/20 train/test split

Hyperspectral Pixel Unmixing
Benchmark datasets
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Abundance estimation, endmember extraction and pixel reconstruction
Hyperspectral Pixel Unmixing
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Abundance maps - Synthetic dataset
Hyperspectral Pixel Unmixing

Abundance maps of the synthetic dataset (top row: LDVAE and bottom row: ground truth). From left to right: Adularia, Jarosite gds99, Jarosite 
gds101, Anorthite, Calcite, Alunite, Howlite, Corrensite, and Fassaite.
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Endmembers extraction - Synthetic dataset
Hyperspectral Pixel Unmixing
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Abundance maps - Cuprite dataset
Hyperspectral Pixel Unmixing

Abundance maps of the Cuprite dataset estimated by LDVAE (ground truth not available). From left to right: Alunite, Andradite, 
Buddingtonite, Chalcedony, Dumortierite, Kaolinite1, Kaolinite2, Montmorillonite, Muscovite Nontronite, Pyrope, and Sphene.
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Endmembers extraction - Cuprite dataset
Hyperspectral Pixel Unmixing
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Abundance maps - HYDICE Urban dataset
Hyperspectral Pixel Unmixing

Abundances maps of the HYDICE Urban dataset (top row: LDVAE and bottom row: ground truth). From left to right: asphalt, dirt, grass, and metal.
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Endmembers extraction - HYDICE Urban dataset
Hyperspectral Pixel Unmixing
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Abundance maps - Samson dataset
Hyperspectral Pixel Unmixing

Abundances maps of the Samson dataset. From left to right, respectively: soil (LDVAE), soil (ground truth), tree (LDVAE), tree (ground truth), 
water (LDVAE), and water (ground truth).
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Endmembers extraction - Samson dataset
Hyperspectral Pixel Unmixing
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Effective Unmixing: The LDVAE model effectively performs both endmember extraction and abundance 
estimation. It utilizes a Dirichlet distribution to represent abundances and a multivariate normal distribution 
for endmember spectra.


Spectral Reconstruction: The decoder stage of the LDVAE can reconstruct both mixed and pure pixel 
spectra accurately, demonstrating its ability to synthesize hyperspectral data.


Transfer Learning Capability: The model can be trained on synthetic data and successfully applied to real 
data lacking pixel-level abundance information. This was demonstrated with the Cuprite dataset.


Comparable Performance: The model achieves comparable and sometimes superior performance to 
other commonly used hyperspectral pixel unmixing techniques.


Overall, the paper demonstrates the effectiveness of the LDVAE model for hyperspectral pixel unmixing, 
showcasing its ability to learn from synthetic data and achieve strong performance on both synthetic and 
real-world datasets.

Conclusions
Hyperspectral Pixel Unmixing

40



Iterative LDVAE
Overcoming the lack of ground truth

Mantripragada, K. and Adler, P. R. and Olsen P. A. and Qureshi F. Z.; An Iterative Method for Hyperspectral Pixel Unmixing Leveraging Latent Dirichlet Variational Autoencoder, IGARSS 2023 - 
2023 IEEE International Geoscience and Remote Sensing Symposium, Pasadena, CA, USA, 2023, pp. 7527-7530, doi: 10.1109/IGARSS52108.2023.10282175.
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Overcome the limitations of labeled data in hyperspectral pixel unmixing: Traditional machine 
learning-based unmixing methods require large amounts of pixel-level labeled data, which is often 
costly and difficult to obtain. 


Leveraging the power Latent Dirichlet Variational Autoencoder (LDVAE) on an iterative analysis-
synthesis loop to learn endmember spectra and estimate their abundances in a self-supervised manner.


Developing a practical and effective unmixing solution: Create a method that can be applied to real-
world hyperspectral analysis tasks, such as crop analysis, where obtaining labeled data is often 
impractical.


Providing a novel approach to hyperspectral unmixing: The iLDVAE method offers a new 
perspective on solving the unmixing problem by combining deep learning with an iterative approach, 
eliminating the reliance on labeled training data.

Iterative LDVAE
Motivation
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Iterative LDVAE
Motivation - Collaboration with USDA and Microsoft

43

Since the traction of LDVAE after the pre-print submission to arXiv, we defined a research 
collaboration with United States Department of Agriculture (USDA) and Microsoft.


For this investigation, we explored the Cover Crop USDA dataset, which is a Hyperspectral 
imagery dataset collected from field plots using a DJI Matrice 600 Pro which collects data from 
270 spectral bands over the range of 400nm to 1000nm with a spectral resolution of 2.2nm. 


The imagery was collected by the United States Department of Agriculture (USDA) over 4 
species of vegetation: canola, clover, triticale, and vetch. 


Additionally the class “soil” is also part of the categories to represent all the materials present in 
a scene. 


There are 120 datacubes, 40 of them categorized as monocultures, i.e. , datacubes with only 
one of the species plus soil. This figure shows the 120 RGB images taken from regular iPhone 
cameras.




Iterative LDVAE
Method

Target HSI image

synthetic  datacube

LDVAE

Inference

abundances

2 3

4

5 6 7 8

LDVAE

Training

synthetic  datacube

1

segmentation
updated


endmembers
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Iterative LDVAE
Results - Synthetic dataset

Abundances maps estimated by iLDVAE and Segmentation results (accuracy = 1.00)
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Iterative LDVAE
Results - HYDICE Urban dataset

Abundances maps estimated by iLDVAE and Segmentation results (accuracy = 0.7238)
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Iterative LDVAE
Results

Abundances of each species estimated by iLD- VAE (x-axis) vs. ground truth (y-axis); 
bottom-right: Percentage of vegetation cover: iLDVAE-estimated and Canopeo Green 
Fraction index [18, 19] vs. ground truth (y-axis). Each data point corresponds to one quadrat 
(total number of quadrats=120).

iLDVAE-estimated abundance maps and RGB image composite from HSI
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Feasibility of self-supervised unmixing: iLDVAE successfully performs hyperspectral pixel unmixing without 
requiring labeled training data, achieving accurate results on both synthetic and benchmark datasets.


High purity pixels are crucial: The effectiveness of iLDVAE depends on the presence of pixels with high 
purity indices, as these serve as starting points for identifying endmembers.


Potential for real-world application: The application of iLDVAE on the Cover Crop USDA dataset 
demonstrates its potential for practical use in real-world scenarios, specifically in analyzing crop composition.


Competitive performance compared to existing methods: we highlight the results of iLDVAE, particularly 
its high correlation with ground truth in estimating vegetation cover compared to other methods like Canopeo 
Green Fraction.


Further research and comparison are needed: While iLDVAE shows promise, we acknowledge the need 
for further research, including a detailed comparison with other unmixing methods and exploration of 
techniques to address the limitation of requiring high purity pixels.

Conclusions
Iterative LDVAE
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SpACNN-LDVAE 

Combining Spatial and Spectral features into LDVAE for Hyperspectral 
Pixel Unmixing framework with Spatial Attention Convolutional

Chitnis, S. and Mantripragada K and Qureshi F.Z.; SpACNN-LDVAE: Spatial Attention Convolutional Latent Dirichlet Variational Autoencoder for Hyperspectral Pixel Unmixing, IGARSS 2024 - 
2024 IEEE International Geoscience and Remote Sensing Symposium

49



Limitations of existing methods: most well-known data-driven methods like BSS often don't 
consider spatial context.


Exploiting spatial coherence: neighboring pixels often share similar endmembers and 
abundances. Incorporating this information can lead to better unmixing results.


Building upon LDVAE: The existing LDVAE approach successfully uses a probabilistic 
approach for unmixing but ignores spatial context.


Improving endmember extraction and abundance estimation: we investigate how the spatial 
context can improve results of unmixing, within the same LDVAE mathematical framework.

SpACNN-LDVAE 

Motivation
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SpACNN-LDVAE 

Method

Spatial Attention Convolutional Neural Network Encoder
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SpACNN-LDVAE 

Results
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SpACNN-LDVAE 

Conclusions
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Spatial context matters: Incorporating spatial information within the LDVAE framework leads to 
better hyperspectral unmixing results. 


Effectiveness of CNN with Spatial Attention: Spatial Attention mechanism successfully captures the 
local spatial structure of hyperspectral images, contributing to the improved unmixing performance.


Transfer learning has limitations: While the model shows promising results with transfer learning 
from synthetic to real-world data (Cuprite dataset), its performance in endmember extraction is 
comparable to MLP-LDVAE. This occurred because the training data lacks spatial coherence and it 
limited the ability of SpACNN-LDVAE to fully leverage its spatial awareness capabilities.


Lower standard deviations: The proposed method generally achieves lower standard deviations in 
its metrics compared to MLP-LDVAE, indicating more stable and consistent unmixing performance.
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Segmentation
Results
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From top to bottom are the results of RoC and NN-nRoC methods, respectively. From left to right: Surburban, Urban, Forest datasets.



Impact of Noise and Outliers: The finer the segmentation, the more outliers are produced. 
Traditional approaches using RoC graphs without addressing noise and outliers lead to unreliable 
scale selection.


NN-nRoC Method's Effectiveness: Applying noise normalization and removing outlier segments 
in the calculation makes the NN-nRoC curves more robust.


Improved Segmentation Results: Evaluation using OS, US, and ED metrics demonstrated that 
the NN-nRoC method produced better segmentation results for various segmentation algorithms.


Computational Efficiency: The NN-nRoC method offered a good balance between accuracy and 
computation efficiency, especially when compared to the ESP tool for the MRS algorithm.


Overall, the NN-nRoC method is a promising approach for hyperspectral image segmentation. It 
can be applied to other data types and has the potential to be automated for faster and more 
objective scale selection.
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Conclusions



source:  Heylen et al.  (2014)  

Hyperspectral Pixel Unmixing
The unmixing problem
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source:  Keshava, 2003

Hyperspectral Pixel Unmixing
Linear vs. Non-Linear
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• Physical models 

• Prior knowledge of the constituents endmembers and surface


• Models of reflectance, dispersion, absorption, scattering, refractance

• [Hapke, 2012], [Heylen, 2014], [Sun and Lucey, 2021], [Janiczek et al., 2020], [Meganem et al., 2011], [Keshava, 2003]


• Linear models 
• Assume linear relationship between the observed and constituents spectra

• [Khajehrayeni and Ghassemian, 2021], [Wei and Wang, 2020], [Keshava, 2003]


• Abundance maps 
• Given constituents endmembers, find mixing ratios (parameters of linear models)

• Polinomial fitting through least squares (UCLS, NNLS, FCLS)

• [Ibarrola et al., 2019]

Hyperspectral Pixel Unmixing
Current methods
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• Topic modelling framework: Latent Dirichlet Allocation (LDA) [Blei, 2003]


• The mixing ratio of topics is represented by a Dirichlet Distribution

documents

inference

topics topics topics topics

Hyperspectral Pixel Unmixing
Key insight: Topic Analysis - Natural Language Processing
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• Reframe the unmixing problem within the Topic Modelling framework


• We model the abundances (mixing ratios) as Dirichlet distributions


• Learn Dirichlet distributions as latent space within a variational auto encoder setting  

inference

pixels
Abundances Abundances Abundances Abundances

Key insight: Applying the concept of LDA to HSI Unmixing
Hyperspectral Pixel Unmixing
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<latexit sha1_base64="T3R+2XZs2EoTLtPMRxNkAGYI/fk="></latexit>

KL(q✓kp�) = log p�(x)� L(x; ✓,�)

L(x; ✓,�) = Eq✓ [log p�(x|z)]�KL(q✓(z|x)kp(z))

Hyperspectral Pixel Unmixing
ELBO (Evidence Lower Bound) Function



pixel classes
inference
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⇠ p�(x|z)

Hyperspectral Pixel Unmixing
Variational Autoencoder


