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EO data €= EO challenges

e Earth Observation data represent a huge amount of
information with multiple dimensions (spatial, spectral,
temporal).

* They also represent the ultimate result of the
interaction between electromagnetic waves and the
materials of the Earth surface.

* [nverting the process and extracting biophysical
parameters is the biggest challenge for EO data, and
this where tools such as Quantum Computing are

extremely valuable.
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Geospatial data fusion

* There is no «one fits all» solution

Geospatial data fusion

Fusion of gridded collections of
measurements
(e.g., image fusion)
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Fusion of remote sensing image data and
semantic data residing in a GIS
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Pansharpening ...
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Multiresolution/temporal/frequency/... fusion

* Multiple scales, multiple time instances, multiple frequencies, multiple
polarizations, ... could and should be used

* The information from each data set reconciled so that features
extracted from one data set match with the similar extractions using
other data sets and, at the same time, help infer more refined features

at other spatial resolutions.
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And then ... non-EO data

Clinical  Environmental Productivity Census
Framework Epidemiological Data Data Data
Data
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Urban extents from Tweets
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Impervious surface extraction Impervious surface extraction
using RF & Twitter. using RF & Weibo.

Impervious surface extraction  Impervious surface extraction
using Clustering and Weibo. using EO data only.



From impervious surfaces to pollution

e Using the thermal band, and considering artificial landscape

elements
Highway ==
Air quality PM10
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From Thermal IR to PM, .

The PM, s measurements by 11 ground stations on 46 dates are used to model
the regression between the MODIS data and the measured PM, s concentrations
observed at the closest time point to the MODIS imaging time on the 46 dates.

30

25

20

%65 27‘0 27‘5 28‘0 28‘5 25‘)0 2é5 . 3(;:) | ‘30"5 310 5
% MODIS PM, 5 #h
PM2.5 = exp(28. 7012) (BT -4.7920 (1000m)

The PM, 5 concentration decreases
with the increase of at-satellite BT,
since more PM,s impose more
blocking effects on the energy
transformation process from the
land surface to the satellite.
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Air quality & medical records

Air quality estimates

VeryBad 4
Bad 3 Winter
- .
Medium 2 Spring
Summer
Good 1 B Autumn
Very Good
Pavia 2011 Pavia 2012
Glycated hemoglobin evals
56 Winter
54 W Spring
52 Summer
50 - | Autumn

48

UNIVERSITA DI PAY|APavia 2011 Pavia 2012




Fine grid population maps

Aggregate Census Blocks
to One Administrative . . .
Unit Up
Aggregate Covariates by
Census Blocks and
Estimate Random Forest
Model
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From buildings to risks
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“Data fusion of all types” in the loop
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Challenges

* Feature selection, dimensionality reduction starting
from (very) heterogeneous data sets:
* computationally intensive if performed by the system

* Al may help

* but scene intelligence requires large training sets, currently
unavailable

* Better using
e semisupervised (quantum?) machine learning
* for classification/mapping

* Physics-based data fusion
 to reduce (or understand) uncertainties (but solving complex equ.)
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EO data mining

* Looking for local affinity patterns, i.e. “common
behaviors” that a set of samples share over a finite
set of attributes.
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(Graph) Depth-first search

* Employed in many existing mining frameworks,

Complete local affinity patterns search
soof- et put not very efficient
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Temporal data mining using EO

 Asequence of 73 SAR images High

* LAP =similar radar properties
over time for given space
samples

Likelihood of change occurrence
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Clustering vs. classification
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Experimental results

e At the global (European) level, DDFE highlighted nearly
10,000 different trends of air quality dynamics that can be
discriminated in 2016. Dependences and similarity links

among significant patterns can be extracted by means of a
linkage dendrogram.
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Challenges

* Efficient multi-clustering approaches
e combining multiple clustering approaches
 useful in case of known/unknown patterns
* we still have the “name the pattern” issue

* Data mining using computationally efficient
approaches in long temporal sequences
* missing values in the temporal sequence
 Effective approaches to select significant patterns

LD
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EO data mining: spatial dimension

* More and more EO data sets are currently used to extract
data at a finer resolution than what they were meant for.

* Typical examples are hyperspectral sensors, which have
many spectral bands (> 100) but relatively coarse spatial
resolution.




Pixel as a linear mixture

* For each pixel of a given image, the recorded signal
is @ mixture of light scattered by substances
(endmembers) located in the field-of-view
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Pixel as a hon-linear mixture

Intimate mixture (particulatemedia)  Two-layers: canopies+ground
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Non-linear models

e Bilinear mixture models
* easy to implement; - ‘
* can describe very well 2-elements scenes; “

* might not efficiently track the endmember

composition in case of multiple scattering and/or
higher order non-linearities.

* Intimate mixture models
* very accurate

e quite cumbersome to invert and achieve
abundances.
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Polynomial models

* Properly extending linear models to polynomial
(with non-linearity order p = 2) may help to have
a more flexible solution.

Linear
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Challenges

 Selection of the p-linear model
* per-pixel vs. per-object vs. per-scene

* Inversion of the p-linear model
 parallel processing vs. local/multiscale refinements

* transformation into a liner optimization model via
auxiliary variable?

* Inversion of the “intimate mixture model”
considering spatial constraints
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