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PermaSense	  Project	  

•  Wireless	  Sensor	  Network	  (WSN)	  to	  
monitor	  Permafrost	  

•  DSLR	  to	  monitor	  snow	  coverage	  
•  Programmed	  to	  take	  hourly	  captures	  

•  Challenges	  
•  Camera	  at	  3500	  m.a.s.l.	  
•  Extremely	  harsh	  weather	  condiDons	  
•  Uninforma4ve	  images	  
•  Missing	  images	  

Ma1erhorn,	  Switzerland	  

=	  rock,	  ground	  and	  debris	  frozen	  
throughout	  the	  year	  
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Image	  Set	  

•  Very	  different	  image	  
taking	  condiDons	  
•  Changing	  illuminaDon	  

•  Noisy	  data	  
•  PrecipitaDon	  on	  lens	  
•  Fog	  
•  Ice	  

•  Irregular	  Sampling	  
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Project	  Aim	  
•  Create	  a	  temporally	  consistent	  snow	  cover	  map	  which	  
is	  driven	  by	  informa4ve	  images,	  and	  robust	  to	  
uninforma4ve	  images	  where	  the	  illuminaDon/visibility	  
is	  poor.	  
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Single	  Image	  Snow	  Segmenta4on	  
•  Gaussian	  Mixture	  Model	  of	  Color	  

•  Bayes	  Formula	  leads	  to:	  

z	  =	  observaDon	  
x	  =	  snow	  state	  
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Temporal	  Consistency	  

•  Use	  temporal	  dependence	  
between	  images	  to	  obtain	  
temporally	  consistent	  
results	  

•  Different	  Approaches	  
•  Median	  Filter	  

•  In	  space	  and	  Dme	  
•  Not	  sensiDve	  to	  data	  

•  Markov	  Random	  Field	  
•  Contains	  data	  and	  prior	  term	  
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Markov	  Random	  Field	  (MRF)	  

•  Minimize	  the	  following	  energy	  funcDon	  

•  Data	  term:	  Nega4ve	  log	  likelihood	  from	  GMM	  

•  Prior	  term:	  PoPs	  Model	  

	  
•  Only	  need	  to	  connect	  neighboring	  pixels	  in	  4me	  for	  
temporally	  (and	  spaDally)	  consistent	  results	  

controls	  the	  strength	  of	  the	  bond	  between	  adjacent	  pixels	  
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Demo	  I	  on	  Day$me	  Images	  

•  Long	  temporal	  filter	  sizes	  needed	  to	  be	  robust	  to	  
uninformaDve	  images	  
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Demo	  II	  on	  Day$me	  Images	  

•  Problems	  if	  too	  many	  consecu4ve	  images	  are	  
uninforma4ve	  
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A	  Closer	  Look	  at	  the	  Dataset	  

Image	  Database	  
(2500	  images)	  

Good	  Images	  
(650	  images)	  

Day4me	  Images	  
(1770	  images)	  

Uninforma4ve	  
(1120	  images)	  

Dark	  or	  Corrupted	  
(730	  images)	  



IntroducDon	   Temporal	  Cons.	   Results	   Conclusions	  GMM	  

13	  

SpliIng	  

Excluding	  Uninforma4ve	  Images	  

•  Manually	  labelled	  250	  
informa4ve	  and	  250	  
uninforma4ve	  images	  
•  Sharpness	  Index	  

•  Threshold	  set	  such	  that	  	  
there	  are	  less	  than	  1%	  
false	  posi4ves	  

exclude	  these	  
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Results:	  Median	  Filter	  
Best	  results	  on	  good	  images	   Best	  results	  on	  day4me	  images	  

→Temporal	  filter	  length	  reduced	  by	  a	  factor	  of	  8	  

temporal	  filter	  half	  length	  
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Results:	  Markov	  Random	  Field	  (MRF)	  

Lower	  weight	  -‐>	  Faster	  reac4vity	  to	  changes	  
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Quan4ta4ve	  Results	  
Method	   Correctness	   Std	  Dev	  

GMM	  of	  Color	   83.3%	   8.7	  

Median	  Day5me	   86.1%	   6.9	  

MRF	  Day5me	   86.5%	   6.6	  

Median	  Good	   87.2%	   6.8	  

MRF	  Good	   87.9%	   6.1	  

69.4%	   88.0%	   89.1%	  
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Demo	  on	  Good	  Images	  
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Conclusions	  &	  Future	  Work	  

•  Challenging	  dataset	  
•  Single	  image	  segmentaDon	  insufficient	  
•  Temporal	  filtering	  for	  more	  consistent	  results	  

•  Incorporate	  domain	  knowledge	  
•  Discard	  uninforma5ve	  images	  to	  improve	  results	  

•  Future	  work	  
•  ImplementaDon	  of	  a	  snow	  deposi4oning	  model	  

	  →	  Smoother	  transiDons	  
•  Different	  models	  for	  different	  weather	  states	  

	  →	  Improve	  iniDal	  snow	  cover	  esDmates	  



Thank	  you	  	  
for	  your	  a1enDon	  

QuesDons?	  
More	  informa4on:	  
PermaSense	  project:	  	  
h1p://www.permasense.ch	  
Time	  Lapse	  Videos:	  
h1p://ivrg.epfl.ch/research/snow_segmentaDon	  
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Number	  of	  Mixture	  Components	  

Three	  Mixture	  Components	   XYZ	  Color	  Space	  


