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  Spa6otemporal	
  (Remote	
  Sensing)	
  Data	
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Remote	
  Sensing	
  

•  ~130	
  Earth	
  Imaging	
  Satellites	
  
•  33	
  Countries	
  +	
  EU	
  

NASA	
   ESA	
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Water,	
  Food,	
  and	
  Energy	
  

•  Agriculture	
  accounts	
  for	
  70	
  percent	
  of	
  total	
  global	
  freshwater	
  withdrawals	
  	
  
•  Food	
  produc6on	
  and	
  supply	
  chain	
  consumes	
  about	
  30	
  percent	
  of	
  total	
  energy	
  

consumed	
  globally	
  	
  
•  Fast	
  forward:	
  2050	
  

•  60%	
  more	
  food	
  is	
  needed	
  
•  50%	
  energy	
  consump6on	
  
•  10%	
  increase	
  of	
  water	
  usage	
  in	
  agriculture	
  



Global	
  Threats	
  to	
  Human	
  Water	
  
Security	
  

•  C.	
  J.	
  Vörösmarty,	
  et.	
  al.	
  Global	
  threats	
  to	
  human	
  
water	
  security	
  and	
  river	
  biodiversity.	
  Nature	
  467,	
  
555–561	
  (30	
  September	
  2010).	
  

•  C.	
  J.	
  Vörösmarty.	
  Global	
  water	
  resources:	
  
Vulnerability	
  from	
  climate	
  change	
  and	
  popula6on	
  
growth.	
  Science	
  289:	
  284-­‐288.	
  2000.	
  

	
  



Food	
  –	
  Weather	
  Threats	
  



Droughts	
  

USDA-­‐2015	
  



Human	
  Impacts	
  

Deforesta6on	
  

Pollu6on	
  



Biomass	
  Monitoring	
  

•  Changes	
  are	
  dynamic	
  and	
  mul6faceted	
  
–  Popula6on	
  pressure	
  (Present:	
  ~7B;	
  2050:	
  ~9B)	
  
–  Bioenergy	
  demands/policies	
  

•  Strategic	
  goals:	
  Reduce	
  gasoline	
  use	
  by	
  20%	
  by	
  2017	
  and	
  
30%	
  by	
  2030.	
  

•  2007:	
  6.8	
  billion	
  gallons	
  
•  2030:	
  60	
  billion	
  gallons	
  

–  Increasing	
  emphasis	
  on	
  Feedstocks	
  (DOE/OBP,	
  “Biomass:	
  Mul6-­‐Year	
  
Program	
  Plan,”	
  March	
  2008).	
  

–  Emphasis	
  on	
  growing	
  energy	
  crops	
  (Cellulosic	
  ethanol)	
  
–  Diseases	
  
–  Natural	
  disasters	
  

•  This	
  will	
  lead	
  to	
  significant	
  land	
  use	
  changes	
  in	
  US	
  and	
  other	
  
countries	
  



Biomass	
  Monitoring	
  

•  Suppor6ng	
  the	
  na6onal	
  bioenergy	
  infrastructure	
  will	
  demand	
  
moving	
  to	
  opera6onal	
  mode	
  
–  Exis6ng	
  federal	
  mapping	
  efforts	
  are	
  slow,	
  for	
  example	
  NLCD	
  (Started:

1992,	
  Released:2000;	
  2nd	
  Ver.	
  Started:	
  2001,	
  Released:	
  2007)	
  and	
  
Cropland	
  Data	
  Layer	
  (CDL):	
  Annual	
  (not	
  wall-­‐to-­‐wall)	
  

–  Dynamic	
  assessment	
  of	
  “State	
  of	
  Biomass”	
  

•  Timely	
  and	
  accurate	
  biomass	
  monitoring	
  is	
  extremely	
  
important	
  for	
  both	
  economic	
  and	
  energy	
  security	
  
–  Crops	
  are	
  suscep6ble	
  to	
  diseases,	
  natural	
  disasters,	
  droughts,	
  early	
  

frost,	
  etc.	
  
•  1970:	
  Naturally	
  occurring	
  leaf	
  blight	
  disease	
  destroyed	
  crops	
  ~	
  $	
  1B	
  
•  2008:	
  Iowa	
  flood	
  damages	
  to	
  croplands	
  ~	
  $3B	
  



Seasonal	
  Changes	
  

AVHRR	
  NDVI	
  1KM	
  (1981-­‐2000)	
  



Biomass	
  Monitoring	
  Framework	
  

Image	
  &	
  	
  
Ancillary	
  Data	
  

MODIS	
  (4800x4800)	
  
3	
  Bands,	
  250m,	
  8-­‐days	
  
2000-­‐2009	
  
H11V04,	
  MOD09Q1	
  
(LP	
  DACC)	
  
27GB;	
  432	
  products	
  
	
  

AWiFS	
  
(12,300x12,000)	
  
4	
  Bands,	
  56m	
  
May-­‐Sept.	
  2008	
  
Iowa,	
  (USDA)	
  
130	
  Products	
  

ISIN	
  Projec6on	
   UTM	
  Projec6on	
  

Pre-­‐processing	
  
• Reprojec6on	
  
• Atmospheric	
  
• Filtering	
  

Change	
  Detec6on	
  
• Time	
  Series	
  Based	
  

• Time	
  Series	
  Predic6on	
  
• Mul6dimensional	
  Image	
  Based	
  

• Unsupervised	
  Clustering	
  

Characterize	
  
Changes	
  
• Phenology-­‐based	
  
• Type-­‐based	
  

GE	
  Visualiza6on	
  

Filter	
  Each	
  Pixel	
  



Time	
  Series	
  Based	
  Change	
  Detec6on	
  
Basic	
  algorithm	
  
•  Learn	
  from	
  past	
  
observa6ons,	
  that	
  is,	
  build	
  a	
  
model	
  that	
  fits	
  to	
  all	
  
previous	
  observa6ons	
  (NDVI	
  
6me	
  series)	
  

•  Using	
  the	
  model	
  
–  Predict	
  NDVI	
  at	
  next	
  

6me	
  step	
  
•  Determine	
  if	
  there	
  is	
  a	
  
change	
  

–  Compare	
  predicted	
  
value	
  with	
  observed	
  
(current	
  NDVI	
  image)	
  
value	
  

–  If	
  the	
  difference	
  is	
  
within	
  a	
  threshold,	
  no	
  
change,	
  else	
  “possible	
  
change”	
  

•  Challenges	
  
–  Which	
  model	
  
–  What	
  is	
  the	
  

appropriate	
  threshold	
  



Gaussian	
  Process	
  (GP)	
  Regression	
  
	
  
•  GP	
  Prior	
  
	
  

	
  
•  Covariance	
  

– Closer	
  6me	
  instances	
  
should	
  have	
  similar	
  
values	
  

– Can	
  capture	
  seasonality	
  
via	
  sinusoid	
  covariance	
  
func6on	
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GP	
  Based	
  Change	
  Detec6on	
  

Observed	
  

Predicted	
  
Variance	
  No	
  Change	
  

Change	
  



Results	
  

•  MODIS	
  Time	
  Series	
  
From	
  Iowa	
  
– 6	
  years	
  (2001-­‐2006)	
  
– 23	
  Observa6ons/
year	
  

•  Labeled	
  data:	
  97	
  
•  Accuracy:	
  88%	
  	
  

C-­‐Corn;	
  S-­‐Soy;	
  F-­‐Fallow	
  

Varun	
  Chandola,	
  Ranga	
  Raju	
  Vatsavai:	
  A	
  scalable	
  gaussian	
  process	
  analysis	
  algorithm	
  
for	
  biomass	
  monitoring.	
  Sta6s6cal	
  Analysis	
  and	
  Data	
  Mining	
  4(4):	
  430-­‐445	
  (2011)	
  



Biannual	
  Changes	
  

(a)	
  Year-­‐wise	
  independent	
  cluster	
  model	
  

Year-­‐XX	
   Model	
   XX-­‐cluster	
  

YY-­‐cluster	
  Year-­‐YY	
   Model	
  

Year-­‐XX	
  

XX-­‐cluster	
  

YY-­‐cluster	
  

Model	
  

Year-­‐XX-­‐YY	
  

XX-­‐cluster	
  

YY-­‐cluster	
  

Model	
  

(b)	
  Single	
  year	
  model	
  

(c)	
  Combined	
  year	
  model	
  

Unsupervised	
  
Methods	
  



Hierarchical	
  Change	
  Detec6on	
  

•  Hierarchical	
  clustering	
  
– Grouping	
  NDVI	
  6me-­‐series	
  by	
  similarity	
  

•  Extract	
  change	
  rela6onships	
  
•  Generate	
  change	
  image	
  



Hierarchical	
  Model	
  

1	
   2	
   3	
   4	
   5	
   6	
   7	
   8	
  
759	
   221	
   759	
   322	
   682	
   355	
   280	
   70	
  



Similarity	
  Measures	
  

•  Dynamic	
  Time	
  Warping	
  (DTW;	
  Berndt	
  and	
  Clifford,	
  1994)	
  
•  Edit	
  Distance	
  on	
  Real	
  Sequences	
  (EDR;	
  Chen	
  et	
  al.,	
  2005)	
  
•  Minimum	
  jump	
  costs	
  (MJC;	
  Serra	
  and	
  Arcos,	
  2012)	
  

Source:	
  Joan	
  Serra,	
  Josep	
  Ll.	
  Arcos.	
  
An	
  Empirical	
  Evalua6on	
  of	
  Similarity	
  
Measures	
  for	
  Time	
  Series	
  
Classifica6on	
  	
  	
  	
  



Combined	
  Model	
  

Year-­‐XX	
  

Clusters	
  (may	
  
represent	
  
different	
  crops	
  
in	
  Year-­‐XX)	
  

Clusters	
  (may	
  
represent	
  
same	
  crops	
  in	
  
both	
  years)	
  

Year-­‐YY	
  

Clusters	
  (may	
  
represent	
  
different	
  crops	
  in	
  
Year-­‐YY)	
  

•  Build	
  model	
  on	
  samples	
  from	
  
Y1	
  and	
  Y2	
  (Y12.HM)	
  

•  Use	
  Y12.HM	
  to	
  predict	
  labels	
  
for	
  Y1	
  and	
  Y2	
  

Year-­‐XX-­‐YY	
  

XX-­‐cluster	
  

YY-­‐cluster	
  

Model	
  



Extract	
  Hierarchical	
  Changes	
  
•  If	
  (Y1=1	
  &&	
  Y2	
  =	
  6)	
  CH=2	
  
•  If	
  (Y1=8	
  &&	
  Y2	
  =	
  2)	
  CH=3	
  
•  …	
  



Results	
  

K-­‐Means	
   Hierarchical	
  

K-­‐Means	
  
over	
  predicts	
  
changes	
  
(3-­‐7;1-­‐5;2-­‐6)	
  

Ranga	
  Raju	
  Vatsavai.	
  Hierarchical	
  Change	
  Detec6on.	
  (Under	
  Review)	
  



Other	
  Applica6ons	
  
Y1	
   Y2	
   Y3	
   Y4	
  

Y1	
  

Y2	
  

Y3	
  
	
  
	
  

	
  
	
  
	
  
	
  

Online	
  Change	
  Browser	
  



Damage	
  Assessments	
  

• Sevlement	
  Dynamics	
  
– Damages	
  to	
  exis6ng	
  
structures	
  

– New	
  construc6on	
  
• Biomass	
  

– Forest	
  fires	
  
– Floods	
  and	
  Hail	
  Storms	
  
– Disease	
  



Bi-­‐temporal	
  Change	
  Detec6on	
  

•  Image	
  Differencing 	
  	
  
– IDiff(i,j)	
  =	
  I2(i,j)	
  –	
  I1(i,j)	
  
– Thresholding,	
  Sensi6ve	
  to	
  
noise	
  

•  Ra6o	
  of	
  Means	
  
– IRa6o(i,j)	
  =	
  I2(i,j)	
  /I1(i,j)	
  
– Robust	
  to	
  mul6plica6ve	
  
noise	
  

•  Inner	
  Product	
  and	
  Spectral	
  
Correla6on	
  

• Mul6variate	
  Altera6on	
  
Detec6on	
  (MAD)	
  

•  L.	
  Bruzzone,	
  F.	
  Bovolo,	
  2013	
  



Limita6ons	
  

• Point	
  based	
  –	
  at	
  
individual	
  pixel	
  (or	
  small	
  
neighborhood)	
  

• Mostly	
  Univariate	
  
• Mul6variate	
  (e.g.,	
  MAD)	
  
techniques	
  produce	
  mul6-­‐
band	
  change	
  maps	
  

• Mostly	
  the	
  output	
  is	
  
con6nuous	
  (requires	
  
thresholding)	
  



Probabilis6c	
  Approach	
  
• Divide	
  image	
  into	
  fixed	
  
grids	
  

• Model	
  that	
  data	
  in	
  a	
  grid	
  is	
  
generated	
  by	
  probability	
  
distribu6on	
  

•  Es6mate	
  the	
  overlap	
  
between	
  two	
  grids	
  
(distribu6ons)	
  
– No	
  change:	
  distribu6ons	
  
should	
  be	
  highly	
  
overlapping	
  

– Change:	
  less	
  overlap	
  
between	
  distribu6ons	
  

•  Clustering	
  to	
  find	
  change	
  
and	
  possible	
  change	
  
groups	
  (GMM)	
  

Highly	
  overlapping	
  to	
  No	
  overlap	
  

t1	
  
t2	
  

t1	
  
t2	
  



Clustering	
  	
  

• Distribu6on	
  over	
  grid-­‐pair	
  distances	
  
• Gaussian	
  Mixture	
  Model	
  (GMM)	
  

• Compute	
  Model	
  Parameters	
  Using	
  Expecta6on	
  
Maximiza6on	
  (EM)	
  

P(xi |Θ) = α jj=1

K
∑ Pj xi |θ j( )



GMM	
  Execu6on	
  Trace	
  



GMM	
  Execu6on	
  Trace	
  



GMM	
  Execu6on	
  Trace	
  



GMM	
  Execu6on	
  Trace	
  

•  Expecta6on	
  Maximiza6on	
  
(EM)	
  

•  E-­‐Step	
  

•  M-­‐Step	
  

eij =
Σ̂ j
k −1/2

exp −
1
2
xi − µ̂ j

k( )
T
Σ̂ j
−1,k xi − µ̂ j

k( ){ }
Σ̂l
k −1/2

l=1

M
∑ exp −

1
2
xi − µ̂l

k( )
T
Σ̂l
−1,k xi − µ̂l

k( ){ }

α j =
eiji=1

N
∑
N

,               µ̂ j
k+1 =

eij xii=1

N
∑

eiji=1

N
∑

, 

and     Σ̂ j
k+1 =

eij xi − µ̂ j
k+1( )  xi − µ̂ j

k+1( )
T

i=1

N
∑

eiji=1

N
∑



Challenge:	
  How	
  Many	
  Clusters?	
  
Inputs: D, sample dataset; significance (default p-

value = 0.05), initial K (default = 2), nClusters = K 
Loop 1: WHILE (TRUE):  
   Loop 2: FOR 1:nClusters  
        Statistical test: Shapiro-Wilk test.  
        Check: IF a cluster fails statistical test,  

  THEN split that cluster into two 
   clusters using GMM-Clustering;   

  increment nClusters and K;  
  ELSE accept cluster,  
   decrement nClusters  
 Clustering: GMM-Clustering(failed-cluster 
      data-samples, new K) 
 Merge: Compute KL-Divergence,  
      IF two-clusters are closer than threshold,     

           THEN decrement K  
   continue (Loop 2)  
Check: IF nClusters = 0 (break, Loop 1)  
Output: Parameter vector Θ.  



Results	
  
• Kacha	
  Garhi	
  Camp,	
  Pakistan	
  
• Established	
  1980	
  for	
  Afghan	
  Refugees	
  
• QuickBird	
  (2004	
  and	
  2009,	
  4B,	
  2.4m)	
  



Results	
  

Difference	
  

Ra6o	
  

Probabilis6c	
  

Ranga	
  Raju	
  Vatsavai,	
  Jordan	
  Graesser:	
  Probabilis6c	
  Change	
  Detec6on	
  
Framework	
  for	
  Analyzing	
  Sevlement	
  Dynamics	
  Using	
  Very	
  High-­‐
resolu6on	
  Satellite	
  Imagery.	
  ICCS	
  2012:	
  907-­‐916	
  



Results	
  
•  SAR	
  Imagery	
  during	
  Ike	
  –	
  noise,	
  spa6al	
  resolu6on	
  (1.56m	
  vs.	
  
12.5m)	
  

8/31/08	
   9/13/08	
  



Results	
  
•  Off-­‐the-­‐shelf	
  techniques	
  predict	
  almost	
  every	
  pixel	
  as	
  change	
  

Ra6o	
   MAD	
  



Results	
  
•  Probabilis6c	
  Approach	
  

NGA	
  Flood	
  Overlayed	
  



Mul6-­‐temporal	
  Classifica6on	
  

AWiFS	
  (May	
  3,	
  2008;	
  	
  
FCC	
  (4,3,2))	
  

AWiFS	
  (July	
  14,	
  2008;	
  	
  
FCC	
  (4,3,2))	
  

Thema6c	
  Classes:	
  C-­‐Corn,	
  S-­‐Soy	
  



Mul6-­‐temporal	
  Classifica6on	
  



Mul6-­‐view	
  Approach	
  
•  Mul6-­‐temporal	
  images	
  are	
  

different	
  views	
  of	
  same	
  
phenomena	
  
–  Learn	
  single	
  classifier	
  on	
  different	
  views,	
  

chose	
  the	
  best	
  one	
  through	
  empirical	
  
evalua6on	
  

–  Combine	
  different	
  views	
  into	
  a	
  single	
  
view,	
  train	
  classifier	
  on	
  single	
  combined	
  
view	
  –	
  stacked	
  vector	
  approach	
  

–  Learn	
  classifier	
  on	
  single	
  view	
  and	
  
combine	
  predic6ons	
  of	
  individual	
  
classifiers	
  –	
  mul6ple	
  classifier	
  systems	
  

•  Bayesian	
  Model	
  Averaging	
  
–  Co-­‐training	
  

•  Learn	
  a	
  classifier	
  independently	
  on	
  each	
  
view	
  

•  Use	
  predic6ons	
  of	
  each	
  classifier	
  on	
  
unlabeled	
  data	
  instances	
  to	
  augment	
  
training	
  dataset	
  for	
  other	
  classifier	
  

Varun	
  Chandola,	
  Ranga	
  Raju	
  Vatsavai:	
  Mul6-­‐temporal	
  remote	
  sensing	
  
image	
  classifica6on	
  -­‐	
  A	
  mul6-­‐view	
  approach.	
  CIDU	
  2010:	
  258-­‐270	
  



Conclusions	
  and	
  Outlook	
  

•  Remote	
  Sensing	
  is	
  a	
  Key	
  Resource	
  in	
  Understanding	
  
Food,	
  Water,	
  and	
  Energy	
  	
  Resource	
  Monitoring	
  

•  Con6nuous	
  Monitoring	
  
–  Full	
  automa6on	
  is	
  s6ll	
  a	
  challenge	
  
– Mul6-­‐*:	
  sensor,	
  resolu6on,	
  temporal	
  

•  Mining	
  for	
  Interes6ng	
  Paverns	
  
–  Automated	
  Event	
  Genera6on	
  

•  Modeling	
  Spa6al	
  and	
  Temporal	
  Rela6onships	
  
•  Computa6onal	
  Challenges	
  

–  O(N3)	
  
–  Approximate	
  solu6ons	
  
–  Exploita6on	
  of	
  true	
  heterogeneity	
  of	
  modern	
  compute	
  node	
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