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A Temporal Decorrelation Model for
Polarimetric Radar Interferometers

1

2

Marco Lavalle, Marc Simard, and Scott Hensley3

Abstract—This paper describes a physical model of the tempo-4
ral changes that occur in vegetated land surfaces observed by a re-5
peat-pass radar interferometer. We assume the temporal changes6
to be caused by a Gaussian-statistic motion of the vegetation ele-7
ments, with motion variance changing along the vertical direction.8
We show that the temporal correlation between two interferomet-9
ric radar signals is affected by the structural parameters of the10
vegetation, such as canopy height, and varies with the wave polar-11
ization. We validate the model using L-band data acquired by the12
Jet Propulsion Laboratory/Uninhabited Aerial Vehicle Synthetic13
Aperture Radar airborne radar. This work provides new insightsAQ1 14
into the role of temporal decorrelation in interferometric radar15
applications.16

Index Terms—Decorrelation, interferometry, polarimetry, syn-17
thetic aperture radar (SAR).18

I. INTRODUCTION19

SYNTHETIC APERTURE RADAR (SAR) interferometry20

[1], [2] is an imaging technique with important applica-21

tions in the measurement of geophysical parameters, such as22

topography, ground deformations, and vegetation properties. A23

repeat-pass SAR interferometer is realized with consecutive24

SAR observations of the Earth’s surface from two slightly25

different orbital positions and at different times. The complex26

correlation coefficient between two received signals, also called27

interferometric coherence, provides information about the im-28

aged surface. Several factors contribute to alter the value of29

the interferometric coherence—these values are referred to as30

decorrelation sources. The most common decorrelation sources31

are the geometric surface decorrelation, the geometric volume32

decorrelation, the temporal decorrelation, and the thermal noise33

decorrelation [3], [4].34

Temporal decorrelation is one major limitation of SAR35

interferometry and polarimetric SAR interferometry [5] over36

vegetated land surfaces. Temporal decorrelation originates from37

physical changes of vegetation and ground properties that oc-38

cur between acquisition times and affects the interferometric39

coherence. Physical changes can be anthropogenic or natural.40

Examples of anthropogenic changes include deforestation and41

ploughing and irrigation, which usually reduce the coherence.AQ2 42

Natural changes may arise from biological growth and varia-43

Manuscript received September 30, 2010; revised April 1, 2011, June 30,
2011, and September 3, 2011; accepted October 1, 2011.

The authors are with the Jet Propulsion Laboratory, California Institute of
Technology, Pasadena, CA 91125 USA (e-mail: marco.lavalle@jpl.nasa.gov;
marc.simard@jpl.nasa.gov; scott.hensley@jpl.nasa.gov).AQ3

Color versions of one or more of the figures in this paper are available online
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tions in weather conditions. For instance, wind perturbs the lo- 44

cation and the orientation of the scattering elements in the radar 45

resolution cell. Rain and temperature transitions may alter the 46

moisture content and the dielectric properties of the vegetated 47

surface. Some temporal phenomena, such as the wind, have 48

short temporal scales on the order of seconds or minutes, while 49

others, like natural vegetation growth, occur over longer time 50

periods. 51

In previous works, an exponential model of temporal decor- 52

relation assuming Gaussian-statistic motion of the scatterers 53

was derived and validated using L-band SEASAT data [4]. AQ454

This model was then extended to incorporate Brownian motion 55

[6], which implies that the motion variance of the scatter- 56

ers increases linearly with the time interval, and tested with 57

L-band airborne data [7]. The exponential model was shown to 58

be valid for birth-and-death processes and was validated using 59

C-band ERS data [8]. As the motion variance was assumed AQ560

equal for all scatterers, other scientists proposed to associate 61

different temporal decorrelation levels to different components 62

of vegetation but without providing an explicit expression for 63

the temporal decorrelation [9]–[11]. 64

Here, we develop a physical model of temporal decorrelation 65

that assumes that the Gaussian-statistic motion varies along 66

the vertical direction of vegetated surfaces. Our objective is to 67

investigate the consequences of this assumption, which might 68

be particularly useful for modeling the effects of wind in 69

forest canopies. We consider the case of zero spatial baseline, 70

at which point the geometric decorrelation disappears. As a 71

result, we show that temporal decorrelation depends on the 72

structural parameters of the vegetation, such as forest height, 73

and on the wave polarization. We validate our model using 74

quad-polarimetric L-band data acquired by the Jet Propulsion 75

Laboratory (JPL)/Uninhabited Aerial Vehicle SAR (UAVSAR) 76

airborne radar. 77

This paper is organized as follows. In Section II, the general 78

underlying theory of the model is presented. In Section III, we 79

use the theory in Section II to derive and discuss an explicit 80

expression of the temporal decorrelation model. In Section IV, 81

we validate the model with airborne observations at zero spatial 82

baseline. Finally, Section V summarizes the results and outlines 83

the limits of applicability of the model. 84

II. UNDERLYING THEORY 85

In order to design a model of temporal decorrelation, we need 86

to develop a general framework for the correlation between two 87

interferometric radar signals. The derivation presented hereafter 88

follows the same approach as in [4]. The key difference here is 89

0196-2892/$26.00 © 2011 IEEE
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where pr(dr, z) is the probability density function associated145

with the displacement dr.146

The distribution of scatterers is assumed homogeneous along147

range and azimuth within the resolution cell, such that the struc-148

ture function may be written as ρ(x, y, z) = σ0ρ(z), where σ0149

is a constant average backscatter density. After normalization,150

the correlation coefficient (or coherence) between the signals is151

γt =

∫∫

ρ(z) exp
{

−j 4π
λ dr

}

pr(dr, z)dz ddr
∫

ρ(z)dz
. (7)

If the probability density function pr(dr, z) is Gaussian with152

zero mean and z-dependent variance σ2
r(z) along the line of153

sight, then (7) can be further simplified as154

γt =

∫

ρ(z) exp
{

− 1
2

(

4π
λ

)2
σ2
r(z)

}

dz
∫

ρ(z)dz
. (8)

Equation (8) is a general expression of the temporal coherence155

based on Gaussian-statistic motion of the scattering elements156

with arbitrary motion variance. From (8), the temporal coher-157

ence at zero spatial baseline changes with the structure function158

and is always real valued. If the motion is uniform along z, then159

γt reduces to the exponential model published in [4].160

In order to derive an explicit expression for γt, we consider161

the following first-order approximation of the motion variance162

[12]163

σ2
r(z) =σ2

g +
(

σ2
v − σ2

g

) z − zg
hr

=σ2
g +∆σ2 z − zg

hr
(9)

with164

∆σ2 = σ2
v − σ2

g (10)

where σg is the motion standard deviation of the scatterers165

at ground level, σv is the motion standard deviation of the166

scatterers at a reference height hr, and zg is the elevation167

of the ground. A distribution of scatterers that represents the168

forest canopy and the motion variance (9) are shown in Fig. 2.169

The differential motion variance ∆σ2 and the differential mo-170

tion standard deviation ∆σ = σv − σg are indicators of how171

much the temporal decorrelation based on varying Gaussian-172

statistic motion along the vertical profile (8) departs from the173

vertically uniform temporal decorrelation. In the remainder of174

our paper, we will assume ∆σ ≥ 0, i.e., the motion variance175

increases from the bottom to the top of the canopy layer. This176

is in agreement with previous observations on bare soil and177

forested areas , Fig. 8[4]. When σv = σg , the motion variance178

is uniform in the canopy, and γt reduces to the exponential179

model. When σv > σg , the scattering elements experience a180

differential motion along z. Note that the motion variance does181

not depend on the particular structure of the canopy but varies182

strictly with the location of the scatterers above the ground. The183

dependence of the temporal decorrelation on canopy height is184

one of the consequences of the differential motion, which will185

be examined in the next section.186

Fig. 2. Structure functions and motion variance of a canopy layer with
underlying ground surface. The structure function of the RV model and of the
RVoG model corresponds to (11) and (15). The motion variance illustrates the
function in (9). The structure functions and the motion variance are used to
derive the temporal coherence model in Section III.

III. TEMPORAL DECORRELATION MODEL 187

We present hereafter a model of the polarimetric and in- 188

terferometric correlation for zero spatial baseline data, i.e., 189

a temporal coherence model. We use the theory exposed in 190

Section II and the motion variance (9), which changes along 191

the vertical profile of the vegetation. 192

In order to derive an explicit expression for the temporal 193

coherence, the scattering properties of the medium, i.e., the 194

structure function in (8), must be modeled. A two-layer scat- 195

tering scenario is considered for this purpose. We first consider 196

the structure function of the random volume (RV) model and, 197

subsequently, the structure function of the RV over ground 198

(RVoG) model (cf. Fig. 2) [13]. 199

These two models are useful for understanding the de- 200

pendence of temporal decorrelation on structural parameters, 201

namely, wave polarization and radar frequency. We will also AQ6202

discuss the impact of the temporal baseline on the temporal 203

coherence. 204

A. Dependence on Structural Parameters 205

The dependence of temporal decorrelation on structural pa- 206

rameters, such as forest height, can be examined using a basic 207

model of a forest canopy, namely, the RV model [13]. The 208

forest is modeled as a layer of uniform and randomly distributed 209

scatterers that extend between zg and zg + hv, where hv is the 210

thickness of the layer. The structure function is an exponential 211

function in the interval zg < z ≤ zg + hv and may be written as 212

ρv(z) = $v exp

[

2κe

cos θ
(z − zg − hv)

]

(11)

where $v is the average backscatter per unit length of the 213

volume layer and κe is the mean wave extinction coefficient in 214

the canopy. 215

The temporal coherence associated with an RV is obtained 216

by solving (8) using (9) and (11) and may be written as 217

γtv = γtg
p1

[

e(p1+p3)hv − 1
]

(p1 + p3)(ep1hv − 1)
(12)

where 218

γtg = exp

[

−1

2

(

4π

λ

)2

σ2
g

]

(13)
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aggregated at any height across a footprint. Thus, waveform
metrics are correlated with stand level canopy measures, such as
tree density, that are derived from canopy structures much finer
than the footprint resolution. For example, RH75 can be
correlated to basal-area weighted height (Lorey’s height) at the
plot level. So even though LVIS does not measure the number of
trees directly, which DRL can do, the waveform implicitly
captures this information. This has important implications for
habitat mapping from space-borne sensors with footprint sizes far
exceeding DRL. In any case, the question of the appropriate scale
(grain) of canopy measurement for habitat analyses is still an open
one that will require more study.
Our analyses using RF allowed us to assess the importance of

the individual remote sensing variables and thus habitat
characteristics in predicting prevalence. Out of 104 variables,
stem density and crown metrics from DRL data, seasonal NDVI
change from Landsat and LVIS quantile energy (RH) metrics were
selected more often than other variables. A previous study [3]
found that deciduousness from Landsat, canopy height metrics
from LVIS and elevation were important predictors of prevalence
for one species (the black-throated blue warbler) [1]. Our work is
consistent with this result and shows that these metrics were useful
for the other bird species as well. Identifying the most important

structural and compositional variables influencing habitat use as
demonstrated here provides a quantitative basis for identifying and
protecting existing high use sites as well as for managing habitats
for multiple species, especially under competing policy scenarios.
These important variables may further be used in a hierarchical
multi-species model to predict occurrence for species assemblages,
as shown by [58].
The availability of multi-dimensional habitat characteristics

from remote sensing at landscape scales can provide new
perspectives on habitat data. A novel finding in our study was
the variation in bird prevalence with canopy cover at 5 m height
intervals. Ovenbird and yellow-rumped warbler prevalence
showed exactly opposite relationships with canopy cover at each
interval suggesting preferences for dissimilar habitats. Variations in
red-eyed vireo and black-throated blue warbler prevalence were
similar to the ovenbird while those of the blackpoll warbler,
magnolia warbler, dark-eyed junco, and yellow-bellied flycatcher
were similar to the yellow- rumped warbler. While these species
are known to co-exist at the HBEF, our study supports a long-
standing hypothesized mechanism for coexistence, i.e. habitat
preferences based on vertical variations in cover [4].
Within the same species, birds showed opposite preferences for

cover between 5–15 m and 15–25 m indicating stratification

Figure 8. Quantile predictions for black-throated blue warbler [BTBW] and magnolia warbler [MAWA].
doi:10.1371/journal.pone.0028922.g008
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sampling error in a 403 km2 study area in central Maine using a com-
bination of passive optical, SAR and wall-to-wall LiDAR data. We used
wall-to-wall airborne LiDAR to assess the sampling errors associated
with forest AGB estimates from simulated spaceborne LiDAR samples
combined with forest patches derived from either passive optical,
SAR, or a combination of the two. The AGB and sampling error esti-
mates were aggregated to 100 m, 250 m, 500 m, and 1 km grids sim-
ilar to gridded AGB results that could be produced from near-term
spaceborne data. Our results show that:

1. Forest patches can provide sub-grid forest information for coarser
grid-level AGB reporting.

2. A data fusion approach for estimating AGB using simulated space-
borne LiDAR with SAR and passive optical image combinations
reduced forest AGB sampling errors 12%–38% from those where
LiDAR is used with SAR or passive optical alone. In absolute
terms, sampling errors were reduced from 14–40 Mg ha−1 to
11–28 Mg ha−1 across all grid scales and prediction methods,
where minimum sampling errors were 11,15,18, and 22 Mg ha−1

for 1 km, 500 m, 250 m, and 100 m grid scales, respectively.

3. At least 80% of the grid cells at 100 m, 250 m, 500 m, and 1 km
grid levels met AGB accuracy requirements for spaceborne global
scale mapping using a combination of passive optical and SAR
along with machine learning methods to predict vegetation struc-
ture metrics for forested areas without LiDAR samples.

4. Using either passive optical or SAR the spaceborne global scale ac-
curacy requirements were met at the 500 m and 250 m grid level,
respectively.

Thus, the ability to apply LiDAR sample measurements across for-
est patches, use patches to characterize coarser-scale grid cells, and
leverage a combination of data provides an opportunity to continue
to improve global scale AGB monitoring. These methods can be ap-
plied to a range of spaceborne or airborne remote sensing measure-
ments from LiDAR samples and image data that will be available
from future earth observation missions. Furthermore, these results
demonstrate the ability of achieving global scale forest AGB map ac-
curacy requirements that will provide detailed understanding of the
spatial variation of forest AGB, and help improve monitoring of car-
bon sources, sinks and fluxes across the terrestrial biosphere.

Fig. 11. (a) Gridded (1 km) AGB estimates for the study area derived from SAR/Optical data and NNET predictions; (b) Corresponding accuracy classes of gridded (1 km) AGB
estimates, where accuracy is met when estimates are within±20 Mg ha−1 or 20%, whichever is greater. The inset maps show a portion of Howland Forest at the 100 m grid
scale from the corresponding data combination and prediction method.

168 P.M. Montesano et al. / Remote Sensing of Environment 130 (2013) 153–170
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Global	  Map	  of	  Forest	  Canopy	  Height	  
(1km	  resolu@on)	  

Simard,	  Pinto,	  Baccini	  and	  Fisher	  (Journal	  of	  Geophysical	  Research,	  2011)	  



Marc.simard@jpl.nasa.gov	  

IS	  THE	  NEW	  
LeisureArts	  

The	  project	  documents	  every	  instance	  of	  the	  phrase	  "is	  the	  new"	  encountered	  from	  various	  sources	  in	  2005.	  It	  is	  intended	  to	  map	  
the	  itera@ons	  of	  a	  peculiarly	  common	  marke@ng	  and	  literary	  device.	  	  

hDp://thediagram.com/6_3/leisurearts.html	  

So
ci
o-‐
ec

on
om

ic
s	  
	  

Ca
rb
on

	  

po
lin

sa
r	  

Li
da

r	  



Marc.simard@jpl.nasa.gov	  

UAVSAR	  Campaign	  2009-‐2010	  

•  PI:	  Marc	  Simard,	  	  
– Co-‐I’s	  Ralph	  Dubayah,	  ScoD	  Hensley	  

•  Objec@ve:	  
– To	  assess,	  quan@fy	  and	  mi@gate	  the	  impact	  of	  
temporal	  decorrela@on	  on	  the	  retrieval	  of	  canopy	  
height	  from	  polinSAR	  
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Airborne	  and	  Field	  Data	  Collec@on	  	  
UAVSAR	  	  

L-‐band	  polarimetric	  radar	  capable	  
of	  repeat	  pass	  interferometry	  

LVIS	  
Laser	  Vegeta@on	  Imaging	  System	  
Full	  waveform	  lidar	  (25m	  footprint)	  

•  Spa@al	  resolu@on	  
–  UAVSAR:	  ~6m	  
–  LVIS	  ~25m	  

•  Swaths	  
•  UAVSAR	  ~20km	  
•  LVIS	  2km	  (based	  on	  max	  

of	  5o	  look	  for	  vegeta@on)	  
•  Field	  data	  (88	  forest	  plots)	  

•  Tree	  height;	  
•  Trunk	  diameter	  DBH	  
•  Tree	  species	  
•  Crown	  size	  
•  Terrain	  Slopes	  
•  Plot	  height	  and	  biomass	  

2	  
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Sites	  
•  Lauren@des,	  Québec	  
•  PenobscoD/Howland,	  

Maine	  
•  BartleD/Hubbard	  Brook,	  

New	  Hampshire	  
•  Sierra	  Nevada,	  Clifornia	  
•  La	  Selva,	  Costa	  Rica	  
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UAVSAR	  Campaign	  2009-‐2010	  
• Test	  Sites	  cover	  a	  wide	  range	  of	  forest	  types	  and	  terrain	  
– New	  Hampshire	  (Temperate)	  
– Maine	  (Temperate)	  
– Québec	  (Temperate	  and	  boreal)	  
– Sierra	  (Temperate	  with	  strong	  eleva@onal	  gradient)	  
– La	  Selva	  	  (Tropical)	  
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Data	  collec@on	  strategy	  
•  UAVSAR	  images	  covered	  transects	  of	  ~100km	  with	  ~20km	  swath	  	  

(Lauren@des	  is	  185km	  long)	  
•  Covered	  boreal,	  temperate	  and	  tropical	  forests	  
•  Large	  diversity	  of	  management	  prac@ces:	  

–  sites	  are	  characterized	  by	  experimental	  forests,	  na@onal	  parks	  and	  
managed	  forests	  (e.g.	  lumber)	  

•  UAVSAR	  flew	  3	  days(5	  in	  tropics)	  over	  a	  period	  of	  about	  2	  weeks.	  	  	  
–  Each	  day,	  UAVSAR	  flew	  4	  @mes	  over	  each	  site.	  
–  Collected	  both	  zero	  and	  65m	  baselines.	  

•  	  Example:	  
–  North	  East	  sites	  flown	  on	  5th,	  7th	  and	  14th	  of	  August	  2009.	  
–  Providing	  4	  temporal	  baslines	  of	  45’,	  2,	  7	  and	  9	  days	  
–  Costa	  Rica:	  January	  29th,	  31st,	  February	  4th,	  6th,	  10th	  2010	  
–  Temporal	  baselines:	  30’	  and	  	  2,	  4,	  6,	  9,	  10	  and	  12	  days	  	  	  
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45’	   2	  days	   7	  days	   9	  days	  σHV	
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It	  is	  precipita@on	  and	  change	  in	  moisture	  rather	  
than	  “@me”	  that	  most	  impacts	  temporal	  
decorrela@on	  on	  temporal	  scales	  of	  days.	  

•  A	  large	  rain	  storm	  on	  the	  acquisi@on	  date	  of	  the	  7th	  causes	  a	  decrease	  of	  the	  inSAR	  correla@on	  with	  pairs	  including	  other	  days.	  
•  Wind	  is	  nearly	  stable	  between	  5	  and	  10km/h.	  
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Temporal	  Decorrela@on	  Experiment	  
Summary	  and	  Conclusion	  

•  Simard,	  M.;	  Hensley,	  S.;	  Lavalle,	  M.;	  Dubayah,	  R.;	  Pinto,	  N.;	  Hopon,	  M.	  An	  Empirical	  Assessment	  of	  Temporal	  
Decorrela@on	  Using	  the	  Uninhabited	  Aerial	  Vehicle	  Synthe@c	  Aperture	  Radar	  over	  Forested	  Landscapes.	  
Remote	  Sens.	  2012,	  4,	  975-‐986.	  

•  M.	  Lavalle,	  M.	  Simard,	  and	  S.	  Hensley,	  “A	  temporal	  decorrela@on	  model	  for	  polarimetric	  radar	  
interferometers,”	  IEEE	  Transac6ons	  on	  Geoscience	  and	  Remote	  Sensing,	  2011	  (online),	  DOI:	  10.1109/TGRS.
2011.2174367.	  	  

•  Pinto,	  N.;	  Simard,	  M.;	  Dubayah,	  R.	  Using	  InSAR	  Coherence	  to	  Map	  Stand	  Age	  in	  a	  Boreal	  Forest.	  Remote	  Sens.	  
2013,	  5,	  42-‐56.	  



Marc.simard@jpl.nasa.gov	  



Marc.simard@jpl.nasa.gov	  



Marc.simard@jpl.nasa.gov	  

A	  Cal/Val	  Super	  Site	  for	  Ac@ve	  Remote	  Sensing	  Plaqorms	  
Réserve	  Faunique	  des	  Lauren@des	  (Québec,	  Canada)	  proposed	  at	  CEOS	  2010	  

•  Lauren@des	  
•  1000m	  eleva@on	  range	  
•  Temperate	  and	  boreal	  forests	  
•  Na@onal	  Parks	  
•  Experimental	  forests	  
•  Large	  scale	  (Governmental)	  lumber	  

management	  
•  Public	  access	  to	  all	  sites	  

•  Data	  
–  UAVSAR,	  ALOS/PALSAR	  
–  repeat-‐pass	  UAVSAR	  (Mul@-‐temporal	  )	  
–  MODIS,	  LANDSAT	  
–  Lidars	  :	  LVIS,	  ICESat/GLAS,	  high	  res.	  

–  Field	  
•  Canopy	  structure	  
•  Weather	  data	  
•  Government/industry	  par@cipa@on	  
•  Stand	  age	  

–  Real	  Time	  Weather	  data	  
–  Accurate	  knowledge	  of	  terrain	  slope	  

•  Missing	  
–  Radarsat	  (requested)	  
–  ENVISAT	  
–  TerraSAR-‐X	  

1000m	  

500m	  

0m	  
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PenobscoD,	  Maine	  
8km	  
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PenobscoD,	  Maine	  
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Lauren@des,	  Québec	  
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PolinSAR	  inversion	  of	  canopy	  Height	  
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UAVSAR	  polinSAR	  vs	  Field	  Height	  
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UAVSAR	  polinSAR	  vs	  Field	  Height	  
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UAVSAR	  polinSAR	  vs	  Field	  Height	  

•  Kz<0.2	  
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IS	  THE	  NEW	  
LeisureArts	  

The	  project	  documents	  every	  instance	  of	  the	  phrase	  "is	  the	  new"	  encountered	  from	  various	  sources	  in	  2005.	  It	  is	  intended	  to	  map	  
the	  itera@ons	  of	  a	  peculiarly	  common	  marke@ng	  and	  literary	  device.	  	  

hDp://thediagram.com/6_3/leisurearts.html	  
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UAVSAR	  mangrove	  monitoring	  campaign	  in	  
Central	  and	  South	  America	  

Térraba-‐Sierpe,	  Costa	  Rica	  
	  
Gulf	  of	  Fonseca,	  Honduras	  
	  

Chocó,	  Colombia	  
	  

Guayas,	  Ecuador	  
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Mangrove	  Vulnerability	  Assessment	  to	  Climate	  Change	  and	  
Socio-‐Economic	  Pressure.	  
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Time-‐series	  analysis	  with	  JAXA’s	  ALOS/PALSAR	  dataset	  
(K&C	  ini@a@ve	  and	  Mangrove	  Watch)	  

•  Launched	  in	  2006,	  worked	  un@l	  April	  2011	  	  
•  Programmed	  for	  repeat	  data	  acquisi@on	  over	  global	  wetland	  sites	  through	  the	  Kyoto	  and	  Carbon	  Ini@a@ve	  in	  support	  of	  the	  Ramsar	  

conven@on.	  	  
•  Current	  research	  on	  using	  ALOS/PALSAR	  for	  mapping	  of	  land	  cover,	  degrada@on	  and	  biomass	  in	  mangroves	  

Collaborators:	  Souza-‐Filho,	  Nascimento,	  Lucas,	  Fatoyinbo	  
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Conclusion	  

•  We	  empirically	  es@mated	  the	  impact	  of	  temporal	  
decorrela@on	  on	  interferometric	  coherence	  and	  
iden@fied	  a	  few	  causes	  

•  We	  successfully	  performed	  polinSAR	  inversion	  of	  
canopy	  height	  using	  repeat-‐pass	  UAVSAR	  data	  

•  Future:	  Con@nue	  analysis	  of	  the	  impact	  of	  Kz,	  
ex@nc@on,	  temporal	  decorrela@on	  and	  spa@al	  
resolu@on	  

•  Process	  other	  sites	  	  	  


