Hylatis,
for Hyperspectral Imagery Analysis

Teclhnical Subject Matter Experts
Anne Wilson

Doug Lindholm Odele Coddington

Chris Lindholm ﬁtizrgﬁtwskl
Peter Pfister

the_LASP Web Team

W Alrearheeie andd Sroe



Hyperspectral cubes

spectral fingerprint

9
\
\ \

\
\
\
\

N

v »_ Human Hyperspectral
cye snsor .
\ N y pixel vector x;
' \\‘\_ )

Each pixel contains a continuous
spectrum that is wed 10 identily

the matenals present in the pael

refliectance

J
/
/' Along track
4 “imensior

lines

built up

wavelength A

by the
motion of

the aircraft

Spectral l Bodkin Engineering, http://www.bodkindesign.com/products-page/
N i hyperspectral-imaging/hyperspectral-imaging/

100 B0 1200 1600 2000 2400

Spectral Distortion in Loss Compression of Hyperspectral Data, Aiazzi, et al, COntl n U O u S COve rag e
Journal of Electrical and Computer Engineering, 2012(5):1817-1819, Aug

2003. DOI: 10.1109/IGARSS.2003.1294260 Of an area



Uses, Implications

* Increasing usage and reliance on HI

e agriculture, environmental monitoring, food
safety, forestry, anthropology, medical imaging,
reconnaissance, surveillance, ...

* Very high data volume is a barrier to use




lerms: 'hyper vs multl’ spectral

* Scientists often want to compare, integrate the
two

* Same shape, they are treated uniformly from




Hylatis Project Goals

Toolset for multispectral and hyperspectral datasets in the
cloud

Evolve LaTiS domain agnostic data model and reusable
framework to leverage cloud parallelism

_ong term: develop a flexible, domain agnostic platform for
science data representation and analysis, via

* Data model, providing a common representation that any
domain can write 1o it



Core project principles

 Modeling data mathematically, for flexibility in representation of disparate
datasets

o Commitment to principles of mathematics to operate on datasets

« Use of functional programming style, with benetfits especially for science:

e Based on math, lambda calculus

e More thoughttul, rigorous, up front development produces code that is
more understandable, correct, easily parallelizable




Representing data mathematically

e A ‘functional data model’, in the mathematical
sense

 Datasets are represented as functions of
iIndependent and dependent variables




Mathematical operations on

datasets
e pasic math e subset, filter, slice
e unit, time format * bin (into partitions)

conversion

e statistics: mean,
* replace (e.q., standard deviation
missing values)




Selected Datasets

1.HySICS: LASP hyperspectral instrument to fly on CLARREO

* using calibration data from a balloon flight

*cach image is 480 x 640, and cube has 4200 images
2.GOES-R: multispectral, 16 bands

* 1 - 6 measure outgoing radiance at the top of the atmosphere

e/ - 16 are digital maps of outgoing radiance values at the top of
the atmosphere




User story 1: browsing multiple
datasets via RGB images

Load 4 multispectral datasets into cloud

 Demonstrates handling of 4 different datasets via a
uniform API that supports operations on
multispectral data

Via a web form that invokes that API, user selects:a




User story 2: data fusion

* Via a web page, users will
* select 1 -4 datasets

e define a spatial region, select 3 wavelength




Terms: data ‘tfusion’

 Jo some, any composition of datasets

* To others, implies higher level of thoughtfulness and
complexity

e Hylatis is about the framework rather than the
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What we learned to
love and appreciate

It takes many transformations of a spectral
dataset to move from native coordinates to

e S




Data flow diagram
for RGB image gen problem

.\ load into compute nodes

load into cloud storage

-\ransform to Cartesian

apply map projection
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Transtormations via function composition

cloud detection alg

Using clouds detected
from D1, apply cloud
boundaries to image D3,

to create new dataset D4




Other lessons

e Even more transformations, details than we
anticipated

e Focus on level 3 datasets




Ihank you!







Example hyperspectral imagery
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Band 2: Green
0.52 - 0.60 um
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Band 5: SWIR Band 7: SWIR Band 6: TIR
1.55-1.75 um 2.08-2.35 um 10.40 - 12.50 um

Figure 3: The spectral bands of Landsat Thematic Mapper (TM ): imagery of Las
Cruces and the Mesilla Valley, acquired in 1989. (Band 6 is displayed out of sequence
because it is situated in the thermal region of the electromagnetic spectrum. Bands 1
through 7 (excluding 6) are the visible and reflective infrared bands of the Thematic

Mapper sensor)

http://web.nmsu.edu/~aulery/docs/Lab_9_appendix_e.pdf
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HySICS Level 2 data

This is L2 HySICS calibration data, from a short
balloon flight, viewed by users as snapshots taken at
a single point in time

Users would not subset on time




HySICS geolocation tarpit

To geolocate, first transform from native coordinates (here, table
indices) to a spatial grid.

Required simplitying assumptions:
* the line of travel is linear

* the imager lenses are always perpendicular to the line of travel,
with no |jitter

* the imager is looking straight down (no curvature)
+ dXassumed constant, based on detector field of view and




HySICS lessons

 Need to understand and plan for all dataset specific transforms

Learned

e With HySICS needed 2: new spatial x,y coordinate system and
transform, and transform to lat/lon space

* A distraction - our focus is on the framework, not algorithmic details

* Will use geolocated level 3 products and avoid specific and/or complex
algorithm development where possible

e Subsetting is much faster in X,y space due to binary search capability,
- rather than testing every grid cell, so keep data in x,y space




GOES: Yet more georeferencing

With GOES, users would subset on time, unlike HySICS
GOES data, available in AWS, NetCDF

Native coordinate system is Advanced Baseline Imager (ABI) x,y
coordinate system

Though level 3, still needs geolocation algorithm applied
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GOES native ABI coordinate system

GOES data native coordinate system is ABI, a radial coordinate
system that is new to us

| earned

 Radial coordinate system makes sense for a geostationary
imager
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