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Optimize measurement acquisition Enhance and enable focused Science
using many diverse observing investigations by facilitating access, integration
capabilities, collaborating across Assimilate Observations and understanding of disparate datasets using
multiple dimensions and creating pioneering visualization and analytics tools as
a unified architecture — — well as relevant computing environments
New Observing Strategies (NOS) Analytic Collaborative Frameworks (ACF)

Assimilate many
various data into
models and analytic
workflows.

Acquire coordinated

Multi-Nodes

observations ) A\ MR

Track dynamic and

spatially distributed What additional

phenomena observations are
needed?
2L SNPRPPT Ly ”
Example: NOS Testbed Demonstration planr.w.e"'d """""""""""""""""" st Example: OceanWorks, ACF for Ocean
for Spring 2021 targeting Mid-West Floods with Observation Requests Science https://oceanworks.jpl.nasa.gov

LIS Models as well as Space and ground

observations NOS+ACF acquires and integrates complementary and coincident data to build a more

complete and in-depth picture of science phenomena



https://oceanworks.jpl.nasa.gov/

Data Archives | Analytic Centers

Focus on data capture, storage, and management Focus on the science user
Each user has to find, download, integrate, and analyze . Integrated data analytics & tools tailored for a science discipline
Search

Analytics

Science

Integration

Applications
Visualization

80%  Prepare : 20%  Prepare i
20%  Analyze 80%  Analyze Decision

Support
Facilitates collaborative science across

multiple missions and data sets



Focus is on the Science User

Allow flexibility/tailor
configurations for
Science investigators to
choose among a large
variety of datasets &
tools

Storage

Data Containers
Thematic model

Metadata/Ontology
Resulting Products
Published data
Provenance

Data >
e (Catalog

e NASA DAAC

* Other US Govt

* Non-US

* Local or non-public

User

* Project Definition

* Plan for Investigation

Vv Vv

Project Work
Environment
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Computational
Infrastructure
Computing
o Capacity
o Capability
Storage
Communications

<——Tools

Earth Science Technslogy Office

Reduce repetitive work
in data access and pre-
processing, e.g.,
develop reusable
component

Discovery & Catalog
Work Management
Data Interfaces
Analytic Tools
Modeling
Collaboration
Visualization
Sharing/ Publication
Local/custom

Computing

Local systems
High End Computing

Cloud Computing
Capability

Quantum Computing
Neuromorphic
Computing
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ADVANCED ANALYTICS:

Data Accessibility (Duren, Jetz, Coen)

Data Fusion (Donnellan, Duren, Jetz, Uz, Coen)
Big Data Analytics (Hua, Ives, Swenson,
Townsend)

Data Mining (Donnellan)

On-Demand Product Generation (Hua,
Townsend)

Data Operations Workflows (Zhang)

Data Incorporation of Metadata, Provenance,
Semantics, etc. (Huffer)

Al CAPABILITIES:

Machine Learning (Beck, Holm, Huffer, Uz)
Deep Learning (Beck, Holm, Huffer, Uz)
Data Services Discovery (Zhang)
Uncertainty Quantification Methods (lves)

COMPUTATIONAL ENVIRONMENTS:

Cloud Computing (Beck)

IMPROVED MODELING CAPABILITIES:

Science Data Model Validation/Automation
(Moisan)

Science Code Development and Reuse (Henze,
Moisan)

Modeling Systems (Martin)

Model Data Inter-Comparisons (Henze, Swenson)
Custom Tools (Martin)

Forecasting/Prediction (Jetz, Swenson, Townsend,
Moisan)



January 22", 2021 Analytics Collaborative Framewoks (ACF-Group B) Technical Annual Reviews

Tech Science Name Title Start Stop
Le Moigne Introductions 11:00 AM 11:20 AM
. A Deep Learning LIDAR-based Ceilometer Atmospheric
Ceilometers, ML Halem _ 11:20 PM 12:00 PM
Boundary Layer Height Over CONUS
science Code Development, Surrogate modeling for atmospheric chemistry and data
Model Data Inter- Henze o : . v 12:00 PM 12:40 PM
. assimilation
Comparisons
Modeling Systems, Custom Martin Development gf GCHP '_co enable improved access to high- e T B
Tools res atmospheric modeling
Autonomy, ML, Sensor Predicting What We Breathe: Using ML to Understand
: . . Hol ) ) 1:20 PM 2:00 PM
Calibration & Validation oim Urban Air Quality
Break 2:00 PM 2:20 PM
. .. Quantifying Uncertainty and Kinematics of Earthquake
Data Fusion, Data Minin Donnellan 2:20 PM 3:00 PM
0 Systems (QUAKES-A)
Big D Analyti -
'g Data Andlytics, On Hua Smart On-Demand of SAR ARDs in Multi-Cloud & HPC 3:00 PM 3:40 PM
Demand Products
Data Fusion & Accessibility Duren Multi-scale Methane Analytic Framework 3:40 PM 4:20 PM
Data Operations Workflows, . . . .
P : G Zhang Mining Chained Modules in Analytics Center Framework 4:20 PM 5:00 PM

Data Services Discoverability




February 5, 2021 Analytics Collaborative Framewoks (ACF-Group A) Technical Annual Reviews

Tech Science Name Title Start Stop
Le Moigne Introductions 11:00 AM 11:20 AM
Data Fusion, Big Data . NeMO-Net — The Neural Multi-Modal Observation &
. Chirayath . 11:20 AM 12:00 PM
Analytics y Training Network for Global Coral Reef Assessment
: hellfi ' ;
Autonomy, ML, Data Fusion Schollaert Uz S ao!uaculture LG L GV A il 12:00 PM 12:40 PM
water quality
Science Data Modeling
: ’ Moi NASA Evoluti P ing Analyti NEPA 12:40 PM 1:20 PM
Setenee @l Bevelammnan oisan SA Evolutionary Programming Analytic Center ( Q)
Autonomy, ML, Cloud Beck Cloud-based Anfalytlc Framework for Precipitation e 0 B
Computing Research (CAPRI)
Big Datq Analytlcs,' o lves Statistical tool to ana!yze large datasets for pattern 50 B 1) B
Uncertainty Quantification changes and forecasting
Break 2:40 PM 2:50 PM
Data Fusion, Data . . . . .
iy Jetz Biodiversity - Environment Analytic Center Modeling 2:50 PM 3:30 PM
Accessibility
Model Data Inte'rcomparlson, Swenson Canopy condition to continental scale biodiversity T AR
Big Data Analytics forecasts
On-Demand.Products, Big Townsend GeoSPEC 4:10 PM 4:50 PM
Data Analytics
Autonomy, ML, Metadata Huffer AMP: An Automated Metadata Pipeline 4:50 PM 5:30 PM




Regular Annual Reporting Requirements

* Individual Programmatic Annual Reviews
» Technical Annual Reviews Grouped by Topics

Establish relationship between awardees
 Introduce AIST Pls and their work to one another
» Enable desired collaborations
» Potentially share algorithms, codes or cross-cutting ideas
e GoogleDocs:
https://docs.google.com/document/d/1CvmgehHflwgDoTKtmrg7bdCm7NMY30bhlu2cHplv5g8/edit?usp=sharing

Present AIST-18 Projects and Pls to broader community

» Present AIST-18 projects to NASA ESD Program Managers and partner organizations
« Support technology infusions and knowledge transfer of AIST projects upon completion.

Review Needs in terms of:
« ESIP: Project analysis to improve infusion and transition opportunities
« SMCE (NASA Science Managed Cloud Environment): AWS system access


https://gcc02.safelinks.protection.outlook.com/?url=https%3A%2F%2Fdocs.google.com%2Fdocument%2Fd%2F1CvmgehHflwqDoTKtmrq7bdCm7NMY30bh1u2cHpIv5g8%2Fedit%3Fusp%3Dsharing&data=04%7C01%7Cjacqueline.j.lemoigne-stewart%40nasa.gov%7C8dddf5e34c964c82260808d8be3fdff4%7C7005d45845be48ae8140d43da96dd17b%7C0%7C0%7C637468528905203230%7CUnknown%7CTWFpbGZsb3d8eyJWIjoiMC4wLjAwMDAiLCJQIjoiV2luMzIiLCJBTiI6Ik1haWwiLCJXVCI6Mn0%3D%7C1000&sdata=2XJXVyuCb8cHzmX6teHbPnQZ%2B1PohTXAqeiEGMjHeeU%3D&reserved=0

ESIP

Earth Science Information Partners
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ESIP PROVIDES AN EVALUATION FUNDING i
FRAMEWORK THAT EXPOSES Evaluators are compensated for their
DEVELOPING TECHNOLOGY TO time, increasing the likelihood of a
POTENTIAL END-USERS AND thorough, comprehensive evaluation.
ADOPTERS, ULTIMATELY

INCREASING ITS UTILITY AND

USABILITY.

FACILITATION
ESIP facilitates evaluator calls, F RAM EWO RK

development of evaluation plan,
communication with Pls.

Y 4 OBJECTIVES

ESIP works with Pls to set specific
objectives taking into consideration TRL.




EVALUATION PERIOD

ESIP coordinates evaluation process.
Evaluators meet regularly, requesting
information from Pls when necessary.

TECHNICAL EXCHANGE MEETING

Pl team meets evaluators. Big picture to
backend... evaluators should have a solid
understanding of the purpose and goals of tech.

FINAL REPORT

ESIP works with evaluators to create final
report to be shared with Pls & AIST.
Reports can be public upon Pl request.



ROBUST

USABLE USEFUL



. SIP

esipfed.org | #ESIPfed

THANK YOU

ANNIE BURGESS, PHD
ANNIEBURGESS@ESIPFED.ORG

ESIP is
supported




A critical component of the success of AIST projects is access to cost effective, flexible,

and scalable compute and storage infrastructure.

The Science Managed Cloud Environment (SMCE) is a managed Amazon Web Service
(AWS) based infrastructure for NASA funded projects that can leverage cloud computing

capabilities. This environment is designed to:

O

©)
©)
©)

Provide cloud access to NASA Pls with non-NASA team members.

Perform research using new computing capabilities without extensive start-up time.
Use new tools and methods from AWS's product catalogue easily and affordably.
Scale computing for high-demand, high-bandwidth needs.

More information at: https://www.nccs.nasa.gov/systems/SMCE

NASA Managed (AWS) Cloud Environment Access

©)
©)

Pay-as-you-go cloud account access with NASA security already built in

Enables ease of cloud-based project transition to NASA programs due to NASA level security already

requirements already being met.




Pl's Introductions

Around the Virtual Room
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Airborne Fluid

Can FluidCam & MiDAR
3D imagery augment
low resolution 2D

Airborne

imagery?

Pleiades |-A

WorldView-2




NEM@INEIFDATASO©UREES

Sensor Effective Spatial Resolution 3D Spectral Bands Locations

Underwater AUV 0.1 -5 cm YES 3 éAustraIia, Great Barrier Reef, Pacific

..................................................................................................................................................................................................................................................................................................................................................................................................................................

FluidCam & MiDAR . American Samoa, Guam,VWestern
i 0.1 -1 . YES | 3-8 i ’ ’
(NASA) cm ~ Australia, Puerto Rico, Indo-Pacfifc

...............................................................................................................................................................................................................................................................................................................................................................................................................................
I
..................................................................................................................................................................................................................................................................................................................................................................................................................................

..................................................................................................................................................................................................................................................................................................................................................................................................................................

LandSat (USGS)

o+ FluidCam . . . QuickBird WorldView-2
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NASA Wants You to Help Save the Ocean’s Corals by
Playing This New Game

AMBER SUTHERLAND-NAMAKO By AMBER SUTHERLAND-NAMAKO

e

NASA/Ames Research Center/Ved Chirayath

NASA's been using its sophisticated instruments and supercomputers to peek beneath the surface of the ocean to examine

at-risk ecosystems for quite some time, but there’s only so much it can do on its own. Cue: you.

Go ahead and start callin’ yourself an honorary astronaut, because the National Aeronautics and Space Administration needs
you to help save our precious coral reefs by playing a computer game in your underpants. To begin your next act as an
amateur scientist, download the Apple-only NeMO-Net game from the App Store and dive into a virtual ocean tour.
Traveling in your trusty vessel, the Nautilus, you'll explore NASA's own 3D images to find and categorize types of coral and

ocean life.

NeMO-Net's an eco game, and a numbers game -- the more people who play, the more insight NASA can glean.

NASA prosi o pomoc: Hranim
hry NeMO-Net pomuzete
védcum ucit superpocitac

Zadné komentare

Hranim her na mobilu a tabletu vétSinou mnoho uzite€éného nedosahneme. To se vSak
neda fict o aplikaci NeMO-Net od agentury NASA. Chytry po¢in pomaha naugit
superpocita¢ rozpoznavat koraly a analyzovat 3D snimky ze satelit(. Pomoci muze kazdy,
je to prijemna oddychova zabava.
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EZENASAFIFA RRIZRETH— N ERTE KR EE R IR 2 2518 7 _FAOME, ik
ERINEBEFTREEE, URMFIERKRPEN. ARREZNE THNASA
NeMO-Net#¥, ©HEHBIAIOSHMIPadOS kA (macOSFIAndroidhRAENIEHEE) -

R EREEFPHIT—RINELIEK, RIESRIRFIRFTEZININ. HENERNKTHER
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NASA noctpouT KapTbl KOpannoBbiX puc¢goB B okeaHe ¢ NOMOLLbIO
urpol NeMO-Net

13 anpensa 2020, 23:45

.o
AA

MNpobnema BbIIBNEHUA W KaaccuduKauum KopannoBbiX pudOB AABHO 3HAUUTCA B u4ucCle
NpUoOpUTETHBIX 3ada4y Ana vyenoseyecTtsa. Cellyac U3ydyeHUe noceneHunii Kopannosbix pndos,
UX AWHaMUKK BeAEeTCs C MCMOoSIb30BaHMEM CHUMKOB, MOSYYEHHbIX M3 KOCcMoca. Ho Ha 3Tom
nyTu ecTb cepbe3Has npobnema.

Ee pas3bsdcHeHue HepaBHO nosABMNOCb co CcTopoHbl NASA. [lMpeacrtaBuTeny KOCMUYECKOro
areHTCTBa pa3bsCHUM, YTO Y HUX UMEIKTCH ceidac BCe BO3MOXHOCTU U TE€XHONOruMu Ass
Nnosy4YeHuss TpexMepHbIX M306pa)keHuii KopannoBbix pudoB B OKeaHe. B pacnopsixeHun
nccnepoBatenbckoro ueHtpa NASA B KanndopHun ectb Heobxoammblie nNpubopbl, KOTOpble
Mo3BONAKT HabnpgaTe 3a M3MEHEHUAMU, MNPOUCXOAAWMMM C  KOpasaoBbiMu pudamu.
HabntogeHne BO3MOXHO, JaXe HeCMOTPs Ha ONTUYECKME WCKAaXeHUs Ha CHUMKaX,
Bbl3blBaeMble BOSIHEHWEM BOAHOW NMOBEPXHOCTU. B pesynbtate NASA nonydyaet TpexmepHsble
n3obpaxeHnss MOpPCKOro AHa MMPOBOrO0 OKeaHa, Ha KOTOPOM HaHeceHbl u306paxkeHus
KOpannoBbiX pUdoB N KOJTOHUN MOPCKUX pacTEHUN.

Ho cywectByer npobnema. OHa cocTOoMT B TOM, 4YTO Ana uUX wuaeHTudbdukaumm u
knaccmdumkaumm pndos Heob6xoamMMo UCNOAb30BaTh TPyA 4yesnioBeka. HecMoOTps Ha NpocToTy
3ajauun pacnosHaBaHus pudoB, AOCTOBEPHO BbIMOHUTL 3Ty 3a4a4vy MOXET TO/IbKO YenoBeK.

Mostomy B NASA 06bsSBMAM O BbiNycKke urpbl noja HassaHueMm «NeMO-Net». lenmmnnen
CBAI3aH C 3axBaTOM WIrPOKOM KOJIOHWUM KOpanfioBbiX pudoB. 3aHUMaACb 3TUM, renMmepsbl
nokKasblBalT, Kak uaeHTMduunpoBatb M KnaccuduumpoBaTb 3axBadeHHble UMW pudbl. o
MHeHuto npeactasutenenn NASA, urpa AOCTynHa ANS NOHUMAHMS AaXe CaMblM MaleHbKUM.
OHM CMOryT Urpatb 1 NOMoraTb y4eHbIM B NpoLLecCe COPTUPOBKM AAHHbIX 06 okeaHe.

HazBaHue urpbl B3STO MO UMEHWN HEWPOHHOWN, MyNbTUMOAANIbHOW CeTU, Ha 6ase KOTopol OHa
rnoctpoeHa. B npouecce urpbl yyacTHMKKM nomoraeT obyumtb cynepkomnbioTep NeMO-NET.
OH yuunTCca pacno3HaBaTb Kopasnosble pudbl U3 TEX 3NEMEHTOB, KOTOPblIE MY YyKa3blBaloT
nrpoku. Co BpeMeHeM CynepKOMMbOTEP Y3HAeT, YTO npeacTasnseT coboi Kaxabli 31eMeHT
kKopannosoro puda. B pesynbtate dpopmmpyeTcs ux knaccmdukaumsa. Ee co3patoT BpyUHyto
WUrpoku, npoknagbieas cebe nyTb B NpoLecce OCBOEHUSA TEPPUTOPUN.

1 Sol de Mexico

Park Ave 2 — — .

YNOL- S 10:00-18:00 JECELNLEL °\\I
San Carlos 4
S—

Con videojuego NeMO-Net, NASA Buscara
corales

Los arrecifes de coral del fondo marino de las regiones subtropicales y tropicales del
planeta albergan algunos de los ecosistemas mas diversos y complejos del planeta

Foto: Reuters

» Gry » Zagraj w gre i poméz NASA ocali¢ rafy koralowe

Zagraj w gre i pomoéz NASA ocalic
koralowe

z dnia 12-04-2020
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NEMONETGAME GVERVIEW.

Input Data

: In-situ
photogrammetry

Player Base

. Citizen
- Scientists

" Airbome
FluidCam

Satellite
é (4 Imagery

Suhject
Matter
Experts

’b’
NeMO-Net Game
[ In-Game rutonal

Now available on Windows, Mac,
Android and 10S!

== é_{ " New Frontiers paper in review!
gzzztgrzil ‘_( Classiﬂcatlon Mode})
Int“:’r::ce - .
) (oconriezcume J New language support coming
. i‘ﬁf@* soon!

PSR S T e ( Traiming Dataset )( Validation Dataset )
[ foright! Now it s time 1o ratate hotiz onmlv

Hold and diag the mlddlc mouze button (or Control + the Right Mouse
J 'ron) aftand rghr o rotace hor..onmlu

NeMO-Net CNN
(" CNMModel ) [ NASAPleiades )

@ Supercomputer
\_ 2 P E E § J

Benthic Habitat Maps




NEMO-NET GAME

 NET
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Try zooming in closer to the NASA logo! B |
1gers on the screen and spread them apa
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Mounding Coral

Far=s substretum refers fto ron
Tiving meterlals

Sand, neta'! and rubble all fall
inta this cateabry.

Mounding —orals are typically
characterized by their thick.
sphere | 7Xe shepes, |heir
massive struzture a lows them to
wiltistand hiah wave energy. Sume
COICNIES zan grow several metars

Figh

Mounding, or Massive corals are typically characterized by
their thick., sphere-17 ke shapes. These forms are usuzlly
fourd al differenl depihs [0 Lo >20m; from Lhe back-reet Lo ‘

the fore-reef. Their massive structure al lows them to

nt'"stand 119h Wave energy. Thes2 are major reaf-builders
\r I m rer ’l\":"' Frasan AR ol an ™, I"‘!V"V"‘ .'b' ‘l:l"l



NEMO-NET GAME

Players are required to classity coral at a minimum accuracy
before sending data to the neural network
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GANESTANISTES

- 78,646 classifications - 4.9 star rating on iOS -

’ - Reached #3 for family apps on Mac App Store
- 64,728 classification ratings - 4.3 star rating on Mac - Reached #48 for casﬁalpeﬁ)ps on i0S ApxFF))p Store
- 45,800 unigue downloads - 4 star rating on Android

S *

““‘.ﬁ’-"‘ﬂa >
TR
.S

App Downloads
Per Country




CATIONIGONVERGENGE

Heat Map of Coral

0% of Users (Classified as 100% of Users Classified as
Algae / Coral B W B Algae / Coral
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Bare Substratum -

Acroporidae
Poritidae
Gorgoniidae
Merulinidae
Montastraeidae
Mussidae
Invertebrate
Agariciidae
Coral*

Bare Substratum®
Beach*
Seagrass”®
Terrestrial*
Deep Water*
Clouds®

Wave Breaking®
Siderastreidae
Pocilloporidae
Alcyoniidae
Fungiidae
Green Algae
Brown Algae
Red Algae
Plexauridae
Seagrass

Truth

Predicted

Class labels with an asterisk indicate that the class label is used purely in satellite classifications.

- 0.8

Calculated by comparing player
classifications on pixel-by-pixel basis to a
representative truth dataset of 134 expert
3D classifications.

Average recall (accuracy) over all class
labels is ~78%

Average precision over all class labels is
~57%.



Recall

1.0

0.8

0.6

0.4

0.2

0.0

mem All Classifications

= Players with high
experience points

e Players with high

Guam

GLASSIFIGATION FILTERS Aas

high ratings

ratings

hours played

Guam

Puerto Rico Puerto Rico Hawau

Reglon & Data Type

wem Classifications with

mmm Players with high

Hawau

Satelllte

Classification ratings is an effective filter!

Each of NeMO-Net's regions has a higher
3D recall than 2D recall.

- Guam (all classifications) has a 41.14%
Increase

- Puerto Rico (all classifications) has a
20.26% increase

- Hawal’i (all classifications) has a
140.45% increase

- High rated Hawal’i players have a
1739.9% increase



Standard Deviation

0.4

0.3

o
N

0.1

0.0 ®

0.0

» : .‘ﬂ

Accuracy

Classifications Completed

Each datapoint represents an individual player,
the size and color of the datapoint corresponds
to the classifications completed.

Standard deviation can be used to estimate
player consistency.

A small group of players have submitted several
classifications, have high average accuracy, and
a relatively low standard deviation.
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Average Percent Cover is what percent of
a transect a class label covers on average.
Jaccard Index is a measure of overall
classification quality. Each datapoint
represents an individual class label.

Class labels with high average percent
cover have higher classification quality.

Jaccard Index

Class labels with high average percent
COVer improve In accuracy as
R2= 06618 classification ratings improve.

& y = 0.0084x + 0.2849

0.0

0% 20% 40% 60% 80%  100%
Average Percent Cover
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- The NeMO-Net Machine Learning algorithm is split into 3 sections:

Cloud Masking

Incoming Data (Raw) Radiometric Calibration

Post Processing

Encoder Encoder Encoder Encoder
Block #1 Block #2 Block #3 Block #4

) Pre. o B RS o [ o [ 3) Post-processing
) . re-processing. e Conditional random
 File and data tald (CRE

2) CNN ield (CRF)

preparation
 Augmentation
» Calibration

e K-Nearest

* Image segmentation and |
neighbors (KNN)

classification
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Clouds
B Terrestrial vegetation =0 Wave breaking
Bl Deep water @ Other or Unknown
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Yy
----------------------------------------------------------------------------------------------------------------------------------------------------

Digital Numbers (DN)
to Top of Atmosphere
(TOA) radiance

Data Sources:

* WorldView-2 (Living
Oceans Foundation)

 Planet satellites

Trusted user
screening (known
scientists and users)

Data Augmentation
(Spectral randomization,
image modification)

Solar Angle
Correction

To CNN




Encoder Block #1

Encoder Block #3

Output

Bridge Block #4

Decoder Block #4

Bridge Block #3

Decoder Block #3

Y] .y .Y O
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Residual Convolution Unit
(RCU)

L

.Y .y 0 O
: |<
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Chained Residual Pooling (CRP)

e ]

Encoder Block #4

Bridge Block #2

Decoder Block #2

Bridge Block #1

Decoder Block #1

.Y .Y Y] O
: )
- - cC o

2D Convolution

Downsampling by
pooling

.Y Y] 0 O “
‘ :
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Layers

Activation Batch Normalization

Upsampling by
bilinear
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Coral

Sediment -

Beach -

Seagrass

Terrestrial vegetation -

Deep water -

Wave breaking -

Other or Unknown -

Confusion matrix, without normalization

Total Accuracy: 84.3%
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RGB Image . Expe Classified Method Accuracy Mean Precision Mean Recall Frequency-
e ',{;7_ by S Py weighted IOU
n. gl CNN-CRF only (all classes)
mm Coral BN Seagrass Clouds VGG16-FCN 81.5% 74.0% 77.5% 69.2%
— Sediment M Terrestrial vegetation @ Wave breaking DeepLab 61.0% 62.0% 55.99, 43 6%
0 Beach Bl Deep water I Other or Unknown SharpMaSk 79 99, 68.8% 63.0% 66.6%
NeMO-Net (RefineNet) (Focal) 75.9% 73.4% 70.2% 61.5%
NeMO-Net (RefineNet) (Lovasz) 81.2% 70.4% 61.6% 69.6%
NeMO-Net (RefineNet) (CE) 82.1% 68.3% 67.8% 69.9%
Post-processing with KNN (all classes)

VGG16-FCN 81.0% 73.7% 78.3% 68.8%
DeepLab 78.5% 67.4% 74.0% 65.4%
SharpMask 80.3% 68.3% 64.3% 67.5%
NeMO-Net (RefineNet) (Focal) 80.6% 73.8% 72.8% 67.7%
NeMO-Net (RefineNet) (Lovasz) 83.6% 69.3% 65.4% 72.4%
NeMO-Net (RefineNet) (CE) No CRF 83.5% 67.3% 69.6% 71.8%
NeMO-Net (RefineNet) (CE) with CRF 84.3% 77.6% 79.5% 72.9%

Post-processing with KNN-CRF (Coral, sediment, and seagrass only)
: " - VGG16-FCN 79.6% 76.2% 82.5% 66.7%
Comparisons against other common CNN architectures DeepLab 8070 g 0 00 07 00
SharpMask 79.8% 78.2% 70.9% 66.2%
NeMO-Net (RefineNet) 83.6% 82.6% 84.4% 72.0%
KSLOF Ecognition Prediction 65.1% 68.9% 59.0% 48.6%

RESULS

* Post-processing gets the accuracy to ~83.6%
* Weighted cross-entropy loss and Lovasz loss
performed the best generally



MM-Scale Airborne MM-Scale Airborne M-Scale Airborne
Fluid Lensing Fluid Lensing DEM & Satellite Data

VR & App-based Active Learning & Interactive Training v
through IUCN, Mission Blue, & Partners

Level 1 Data & Existing Training Data Analysis

Active Learning Training of Coral Cov'? Morphology Type
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Chirayath, V. 2020. "System and method for imaging underwater environments using

fluid lensing.” United States Patent and Irade Office No. 1 6/393,569, 2020.
Li, Alan S, Chirayath, V, et al. 2020. "NASA NeMO-Net's Convolutional Neurdl
Network: Mapping Marine Habitats with Spectrally Heterogeneous Remote Sensing

Imagery." IEEE Journal of Selected Topics in Applied Earth Observations and Remote
Sensing |3 (2020): 51 15-5133.

Chirayath, V. et al. 2020. "NASA NeMO-Net — A Neural Multimodal Observation &
Iraining Network for Marine Ecosystem Mapping at Diverse Spatiotemporal

Scales.” [EEE Geoscience and Remote Sensing Society. In press.

Asanjan, A, Das, K, Li, A, Chirayath, V., Torres- Perez, |, and Sorooshian, 5. 2020.
“Learning Instrument Invariant Characteristics for Generating High-resolution Global
Coral Reef Maps. 26th ACM SIGKDD Conference on Knowledge Discovery and
Data Mining (KDD).

2020.ACM, New York, N, USA, 8 pages.

Chirayath, Ved, and Alan Li. "Next-Generation Optical Sensing lechnologies for
Exploring Ocean Worlds-NASA  FluidCam, MIDAR, and NeMO-Net." Frontiers in
Marine Science 6 (2019): 521,

"Drone takes to the skies to image offshore reefs”. Nature (2019) Vol 570. 545.

Current pre-release code (release_v0.|) implementation available to public (working
through official NASA release): https://github.com/NASA-NeMO-Net/NeMO-Net.git
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Supporting shellfish aquaculture in the Chesapeake Bay using Al
Pl. Stephanie Schollaert Uz, NASA GSFC

Objective
» Develop a low-cost proof-of-concept artificial intelligence neural | Remote Sensing data Semi-Supervised Learning
: . (satellite, airborne) sty
network model to detect poor water quality in the well-sampled S'ampgesH

Chesapeake Bay

« Initial performance goals are >90% accuracy for detection of
poor water quality (exceeding MDE indicators, e.g. low oxygen,
turbidity, fecal coliform threshold, harmful algal bloom) B

« Technology includes data collection (publicly available in situ WateriLand WaterQualty Peciction
data, satellite data, hand-held optical spectroscopy, hull- Glassieatons
mounted flow through sampling) and artificial intelligence
software Hierarchical Semantic Segmentation: a modular framework for

* Improved capability prepares to exploit hyperspectral sensing detecting water quality from remote sensing and in situ data
by future PACE, GLIMR, SBG missions

L)
| Training only
A 4
Course ; Fine
Semantic Semantic
Segmentation Segmentation
Module Module(s)

p——

Water Quality
Discriminator/ [
Classifier

Approach Key Milestones
Apply NASA data, science, and technology to support interagency « In situ, above-water, satellite data collection 01/20
partners (e.g. MDE, NOAA) in their operations toward the development of| , Data analysis and processing 01/20

a decision support tool for shellfish aquaculture:

1. Collect and analyze all available in situ and remotely sensed
data relevant to Chesapeake Bay water quality

2. Collect and analyze absorption and fluorescence properties
of in-water constituents at hyperspectral resolution for select
sites

3. Train an ACF Al to identify poor water quality that resulted in
shellfish bed closure

4. Refine and validate the Al against current conditions

« Artificial Intelligence training, tuning  12/20
« Artificial Intelligence validation (TRL 3) 06/21

Co-lIs/Partners: Troy Ames, GSFC; Nargess Memarsadeghi, GSFC;
John McKay, Maryland Department of Environment

TRLin = 1 TRLcurrent = 2 €5TQ

03/18 AIST-18-007 2
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Background

This project helps meet R&A and Applications goals for cross-cutting science areas,
namely the development of new observations beyond traditional ocean color (i.e.
chlorophyll-a) from space-based assets (Ocean Biology & Biogeochemistry); promoting
the use of Earth observations to monitor systems and develop management strategies
(EcoForecasting; Water/Food Security; Health & Air Quality)

U ®

ECOLOGICAL WATER HEALTH &
FORECASTING RESOURCES AIR QUALITY

Reliable information on water quality is not currently available at the space and time scales
that are required for aquaculture and other resource management needs.

Technical approach: develop an analytic center framework (ACF) to harmonize disparate

in situ and remotely sensed datasets; use Atrtificial Intelligence (Al) to detect patterns of
poor water quality not previously possible through traditional techniques

EST0




Objectives

This project is addressing several questions:

« Existing technologies and data collected in the Chesapeake Bay over several decades
are being integrated and tested to determine which indicators of poor water quality we
can identify via remote sensing using big data analytics and machine learning. Which
indicators can we detect? What do we need to be able to detect additional indicators?

« A second component of this project is to integrate higher spectral information of inherent
optical properties in cases of good and poor water quality to determine the minimum set
of requirements to deliver effective remote sensing of water quality for aquaculture (i.e.
critical wavelengths, spectral width, spatial and temporal resolution)?

« Many of the water quality features that impact aquaculture happen close to land at fine

spatial scales where moderate-resolution satellite data lack spatial or spectral resolution.
We plan to add commercial data into the system to augment the nearshore environment.

ESTO




Objectives: AIST18-007 project overview

As of 1 Jan 2021

] o Define match-ups Identification of poor water quality:
Landsat8 OLI v 1. Single variable exceeding threshold
. . A (e.g. DO, turbidity, bacteria)
Sentinel2 MSI Train semi- 2. Multi-variable check for threshold
supervised learning exceedance
Aqua MODIS Spatial & v 3. Presence of likely harmful algal
—» . —> Classify variables blooms
Sentinel3 OLCI temporal v v
r on
aggregatio Integration with additional causal
HICO Fit models variables i.e. land cover, rain, stream
v gauges, runoff
DESIS
Assess accuracy 5 | * h
o et up virtual machine
Pl | v e Create database to store outputs
Quantify uncertainty ____| « Create interface to tool

In situ data QA/QC & format  —— / \

_> . .
NWQMC, CBP for integration

with Al Identification of Identification of
« DO ¥—__ Absorbance & threshold threshold
e Kd T T fluorescence exceedance exceedance
* Chl-a (single variable) (multi-variable)
« pH DataMax Above-water
. Temp obs spectroscopy
*  Salinity
e Bacterial Legend In progress Not-yet started COVID-19 impact
counts

G570
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Technical and Science Advancements

Technical and science advancement since project kick-off: data acquired, analyzed, data
segmentation begun, application formulated

Current TRL Rational: Experiments ongoing with satellite data and synthetic data analog

Technology
Readiness
Level - (TRL)

Definition

Hardware Description

Software Description

Exit Criteria

1 Basic principles observed and reported

Scientific knowledge
generated underpinning
hardware technology
concepts/applications.

Scientific knowledge
generated underpinning
basic properties of
software architecture and
mathematical formulation.

Peer reviewed publication
of research underlying the
proposed concept or
application

Technology concept or application

Invention begins, practical
application is identified but
is speculative, no
experimental proof or

Practical application
identified but speculative,
no experimental proof or
detailed analysis available
to support the conjecture.

Documented description
of the application or

formulated detailed analysis is Basm? properties of conc.e.p.t that addres§es

. algorithms & concepts feasibility and benefit
available to support the . T

et defined. Basic principles
conjecture. coded. Experiments with

synthetic data.
Analytical studies place |Development of limited
technology in appropriate [functionality to validate Documented analytical or
3 Analytical or experimental critical function or |context and laboratory critical properties and experimental results

characteristic proof-of-concept

demonstrations, modeling
and simulation validate
analytical prediction.

predictions using non-
integrated software
components

validating predictions of
key parameters

C5T0O
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® NCCS ADAPT partition created for project to
exploit GPU processing and large storage

® In situ data from Chesapeake Bay Program (CBP)
& National Water Quality Monitoring Council
(NWQMC) acquired for Chl-a, DO, Kd, pH,
salinity, Secchi depth, nutrients, water temp, plus
bacteriological fecal coliform from MDE

® Multiple ocean color satellite data sets acquired

MODIS chlorophyll-a map from July 2, 2019 with routine

sampling sites by Maryland and Virginia superimposed E.’5TQ
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Summary of Accomplishments

Remote Sensors Spectral Bands Spatial Resolution Revisit Time Period
(Days)
Aqua MODIS 36 (1 red, 1 NIR) 250m & 500mé& 1km 1-2 2002-present
Sentinel 3A&3B OLCI >15 (5 on red edge) 300m 2 2016-present
Landsat 8 OLI 4 (1 red,1 NIR) 15m & 30m 16 2013-present
Sentinel 2A&2B MSI 5 (1 red, 2 NIR, 1 red edge) 10m & 20m 5 2015-present

Current optical remote sensing of water quality parameters, e.g. chlorophyll-a, water clarity

Level 1 satellite data processed with SeaDAS to derive Rrs, Chl-a, later Rhos to
circumvent inconsistencies in atmospheric correction i.e. Rayleigh-corrected top-of-
atmosphere reflectances per Wolny et al., 2020

Later plan to explore hyperspectral HICO, DESIS, PRISMA satellite data in combination
with field and lab work to prepare to exploit expanded capability of PACE, GLIMR, SBG

CEST0
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Summary of Accomplishments

Parameter name Water Quality Threshold
. , ® Limited sampling prior to COVID-19 and no
Fecal coliform <14 MPN median per100ml ] ] .
poor cases, thus targeting hypoxia first as a
Bacteriological <410 count per 100ml large scale, seasonal problem related to
Escherichia coli physical drivers

Dissolved oxygen > 5 mg/l

Temperature <90°F/32°C

pH 6.5-8.5

Turbidity <150 nephelometer turbidity
units

Color <75 platinum cobalt units

Water clarity > 13% (tidal fresh)

Water quality criteria for shellfish harvesting
http://www.dsd.state.md.us/comar/comarhtml/26/26.08.02.03-3.htm

EST0
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http://www.dsd.state.md.us/comar/comarhtml/26/26.08.02.03-3.htm

Summary of Accomplishments

Parameter name Water Quality Threshold
Fecal coliform <14 MPN median per100ml * Limited Samp”ng prior t.o COVID-198nd no
poor cases, thus targeting hypoxia first as a
Bacteriological <410 count per 100ml large scale, seasonal problem related to
Escherichia coli physical drivers
_—
<>Dlssowed o @ ® Virginia Institute of Marine Science (VIMS)
Temperature < 90°F/32°C shared output from geophysically forced
hypoxia model at 600m, 20 level, daily
pH 65-82 resolution. Model since 1984, we’re using
Turbidity <150 nephelometer turbidity 2002'present (Ocean color satellite era)
units
® Using hypoxia model output as synthetic data
Color 75 platinum cobalt units analog for training, can tune it with in situ data
Water clarity > 13% (tidal fresh)

Water quality criteria for shellfish harvesting
http://www.dsd.state.md.us/comar/comarhtml/26/26.08.02.03-3.htm

ESTO
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Summary of Accomplishments

e Establish proof-of-concept for
using optical remote sensing in ML
for water quality

) . HIGH nutrient inputs
® Low Dissolved Oxygen (Hypoxia) “

is large scale, seasonal problem
related to biological and physical
mechanisms, i.e. phytoplankton

blooms, bacteria, stratification

e Although hypoxia is not visible in
remote sensing, training Al to
recognize patterns that lead to it - , e —
will demonstrate its feaS|b|||ty to B l_dW nutrient inputs

. . ) High O,
identify water quality

- |

t“

® Targeting its identification first by
training Al with Rhos and other
precursors in combination with
VIMS model output trained with
CBP O, profiles

Low O,

CESTO

€arth Science Technology Office
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Summary of Accomplishments

Bottom Oxygen: Forecast
July 23, 2020

| (VIS |
vz Desvmime e Masno Soarve
& ANCHOR

QrA =2

Blue -> high bottom oxygen

Healthy Waters

-> marginal oxygen

Red -> very low bottom oxygen (hypoxia)

Feature variables:

1
v
Dissolved Oxygen mg/L

Satellite: Rhos to indicate organic matter
ERAS5: wind (u & V)

VIMS: currents (u, v, w), water temperature (T),
salinity(S)

Ancillary: day of year for seasonal variations

Hypoxic Waters

Label variable: DO (from VIMS and CBP in situ data)

3-D array prediction for a region

G570
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@ Summary of Accomplishments

S3A-OLCI-0179_043_20190409T153743.nc

merging in situ water quality data
e Developed tools to collate remote sensing and

e Developed pipeline to pull updated wind data o S 2
from the National Data Buoy Center 5. 39.0 #
e Completed data pipeline for preprocessing and §;38-5- & ’
§, 38.0 4

in situ data for time, location, and quality 37.0 - -
e Completed design and implementation of a ML 36.5 ] A ,
framework for S3 OCLI spectra data to assess longltude [degrees_east]

water quality parameters for a specific pixel

e Completed ML design for a feature
segmentation framework for S3 OCLI (example
on right)

e Defined requirements for using ML for mapping
hypoxia over time using wind, tides, stream flow,
and bathymetry

Segmentation of Rhos bands

€arth Science Technology Office

16



Summary of Accomplishments

Water Quality Parameter Segmentation
(unsupervised)
Segmentation Model

S3A-OLCI-0179_043_20190409T153743.nc

Water Quality

e ¥ Values
39.5 1 .
E 30 R Modified SegNet ]
' 365 : Pooling Indices >
gas.o 4 > g
é 37.5 g >
36.5 . ". . WEE REE WREE B WRNE BHAE EHHE BHON BN EE
=77 -76 =75 L
longitude [degrees_east]
| Input | Convolutional Encoder | Convolutional Decoder | Output |
Rhos Classification

I Conv + Batch Normalization + ReLU Sparse Labeling
I Pooling I Upsampling |:| Softmax

€arth Science Technology Office
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@ Summary of Accomplishments

Composite Hypoxia ML Model

In-situ DO
Temperature
¢y
i’ 2D Segmentatio@
Rhos - Time ()
Tide -
Stream - UV, W =
Wind - ,
Bathymetry - Time ()
Temperature - | |
3D
Segmentation
Time (j+17)
Segmentation
Time (i-7)
| Inputs | Intermediate Models Fusion Model Output
EST9

18



Spatial/Temporal Segmentation Model

Input / \ P
>IIIII IIII .| Convolutional i
I“ ’ LSTM
! . IIII IIII .| Convolutional
LSTM
Time 2 = - l
: Spatial : | : :
i Segmentation Temporal |
| II ﬁ ' i
! >IIIII IIII .| Convolutional !
! ; LSTM !
| n ' !
" AN )
______________________ .
Spatial and Temporal Loss InitiaIIy VIMS Model
C Discriminator )4 J
Augment with
in-situ data for fine tuning
CEST7T0
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Future Plans

Fecal Coliform

« Complete Semantic Segmentation pipeline
modules
— Feature matching utilizing weakly
annotated data (i.e., in situ
measurements)
* Implement additional modules for the hypoxia
prediction ML framework
« Develop methods for ingesting and preparing
VIMS data for training
« Create training, validation, and test data sets
for hypoxia

2000

1500

1000

500

« Evaluate applicable data augmentation strategies for training
— GAN for generating extra training examples
* Resume data collection and analysis: target poor water quality; distinguish pertinent
amino acids, e.g. tyrosine/tryptophan, brighteners. Analyze spectral ratios of
phytoplankton and bacteria regions within complex CDOM spectra
* Develop identification of additional phytoplankton pigments, likely harmful algal bloom

(HAB)
ESTO

20



Summary of Accomplishments and Future Plans

Historical and current in situ and satellite data collected & hypoxia model output for ML training
Al proof-of-concept objective defined. Training and testing ongoing
Currently running parallel testing for different satellite platforms

Data fusion will be explored for different satellites and platforms. Quality label to score
matchups (<1hr best; 1-3hr good; 3-9hr fair; 9-24hr poor)

DataMax collection by MDE will resume in spring and provide continuous underway
measurements to detect phytoplankton pigments, high nutrient concentration, contamination,
effluent, fresh or brine discharges, spills. We plan to target poor water quality cases

NOAA Hand-held hyperspectral sensor (hypergun) will provide point source spectral
information to augment satellite data with above-water optical properties

Once lab work resumes, absorbance and fluorescence measurements will be analyzed for
different cases, poor and good, in order to train Al objective for exploiting higher spectral
characteristics

In situ data will be used to tune, test, and validate ML, assess accuracy, uncertainties

ESTO
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Publications

Journal | Conference Papers

IGARSS 2020 manuscript presented as an oral presentation

#3587, 'SUPPORTING AQUACULTURE IN THE CHESAPEAKE BAY USING ARTIFICIAL
INTELLIGENCE TO DETECT POOR WATER QUALITY WITH REMOTE SENSING’

Wolny, J.L., M.C. Tomlinson, S. Schollaert Uz, T.A. Egerton, J.R. McKay, A. Meredith, K.S.
Reece, G.P. Scott, and. R.P. Stumpf, 2020, Current and Future Remote Sensing of

Harmful Algal Blooms in the Chesapeake Bay to Support the Shellfish Industry, Front. Mar.
Sci., doi:10.3389/fmars.2020.00337

Dissertations
McDonnell, S.M. in prep.

Other

ESTO
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List of Acronyms

CBP
CDOM
CNN
DESIS
GLIMR
HAB
HICO
LSTM
MODIS
MSI
NWQMC
OLCI
OLI
PACE
PRISMA
Rhos
Rrs
SBG
SST
S2

S3

Chesapeake Bay Program
Colored Dissolved Organic Matter
Convolutional Neural Network

DLR (German Space Agency) Earth Sensing Imaging Spectrometer

Geostationary Littoral Imaging and Monitoring Radiometer
Harmful Algal Bloom

Hyperspectral Imager for the Coastal Ocean

Long Short Term Memory

Moderate-resolution Imaging Spectrometer

Multispectral Imager

National Water Quality Monitoring Council

Ocean and Land Color Instrument

Operational Land Imager

Plankton Cloud ocean Ecosystem

(Italian) Hyperspectral Precursor of the Application Mission
Top-of-atmosphere reflectance minus Rayleigh

Remote sensing reflectance

Surface Biology and Geology

Sea-Surface Temperature

Sentinel-2 A&B

Sentinel-3 A&B

24
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NASA Evolutionary Programming Analytic
Center (NEPAC) for Climate Data Records,
Science Products and Models

John R. Moisan (PlI, NASA/GSFC Code 610.W)
Carlos del Castillo (Co-lI, NASA/GSFC Code 616)

AIST-18-0031 Annual Review Meeting
S5 February 2021

Team listing:
Guoging Wang (SSAI)
Yuping Liu (SSAI)
Code 606 Support:
Mark Caroll, Roger Gill, Calib Spradlin
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NASA Evolutionary Programming Analytic Center (NEPAC)
for Climate Data Records, Science Products and Models

Pl: John R. Moisan / NASA/GSFC

Objective

Bring Genetic Programming (GP) into a state of general use by
NASA scientists and engineers. NEPAC will be an Analytic
Center Framework (ACF) that links satellite and in situ data
sets to a GP code with bootstrapping and performance metrics
to objectively evolve empirical algorithms for satellite products.
A Graphical User Interface (GUI) will escort users through a
simple self-described procedure for choosing data sets,
optimization and GP operational criteria, and specific
computational assets (e.g. NASA HEC, ESTO or other Cloud).

Performance goals are to: (1) create chlorophyll a (Chl-a)
algorithms with a >50% improvement over present algorithms,
(2) eliminate present over/underfitting of low/high Chl-a
estimates, (3) quantify algorithm uncertainties and errors, (4)
yield an improved Chl-a time series across multiple satellites
sensors, and (5) prototype NEPAC to the larger NASA
community of algorithm developers.

0  Number of Algorithms per bin 500 ‘A GPCODE-generated Chl-a Algorithm (10 levels) ‘
]

=
o
m
+
(5]

- e
o e e
T eo® e e o
o & 6 e cas®
ScesOoOL® © Soew
Syt o & & BO@:

Ill-‘__—__ 1 9E_'_‘I_l.multiply | |.divide | | @ add ||.subtract ” power | |.exp |

| @ > Boolean | | > parameters | | @D Rrs observations | | ( Iogl

o Total Sum of Squared Error

Direction of Algorithm Evolution =

|-Michae|is—Ment0n | | @ max-bounded exp |

0 GP Generation Number 1491
GP created algorithms outperform the classic OC4 Chl-a algorithm.
A time sequence of SSE histograms from the algorithm population
(upper left) shows the rapid evolution of Chl-a algorithms (e.g. upper
right) that outperform the OC4 algorithm. NEPAC’s long term goal is
to bring this capacity into general NASA use.

Approach

Design the NEPAC’s ACF system and interface based upon
target community user requirements.

Develop a web-enabled GUI for NEPAC front end.

Develop APIs to link data sets to data selection and uploads, and
for submitting GP runs to the HEC and collect post-run analysis.

Expand GPCODE capability by:

1. Insertion of bootstrap sampling to limit algorithm overfit and
support uncertainty estimation,

Upgrading optimization performance metrics with methods
that utilize data error and variances, and

Demonstrating GP’s utility by evolving improved Chl-a
algorithms to the targeted science community.

2.

3.

Co-lIs/Partners: Dr. Carlos Del Castillo (co-l)

Key Milestones

* Completed ACF flowchart, requirements,

testing plan 10/20
» Upgrade GP, create APIs and remote HEC access. 01/21*
» Complete GUI interface and testing components 10/21
* Prototype validation (TRL 6) 12/21

*Modified milestones to eliminate remote HES access in order
to create a ‘containerized’ NEPAC application that allows any
user to apply NEPAC using other HEC infrastructure.

API’s are under development with Code 606 partnership.

TRL, =2 TRLyy = 4/5

CESTO
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Background and Objectives

« This project is focused on improving the satellite algorithm for ocean chlorophyll-a, the key
biological state variable for ocean and inland water ecosystem assessment, historically the
first-order proxy for phytoplankton biomass estimates and necessary inputs for contemporary
carbon-based productivity estimates, making Chl-a observations a critical element for global
phytoplankton climate assessment. The key Earth Science Programs that this project
supports are the Carbon Cycle (Laura Lorenzoni) and Ecosystem Forecasting (Woody
Turner).

« Objectives: To develop an Analytic Center Framework (ACF), called the NASA Evolutionary
Programming Analytic Center (NEPAC), for rapid formulation of satellite algorithms for Chl-a.
NEPAC will generate Chl-a algorithms with reduced uncertainties and the capability to anneal
Chl-a estimates across multiple Ocean Color (OC) satellite data sets to support coherent
Chl-a Climate Data Records (CDRs).

« Technology: The core technology element is a Genetic Programming (GP) application that
generates equations/algorithms. A Graphical User Interface (GUI) will provide user access to
the GP toolbox and allow for selection of data sets and GP control inputs and connect data
and GP code to high end computer resources.

« Science Goals: The overall science goal is to use the improved Chl-a algorithm, with lower
errors, bias and uncertainty, to generate global Chl-a estimates that can be used to analyze
the long-term and climate-scale changes in ocean biomass and ocean carbon cycling
dynamics, and key science questions regarding the sensitivity of ocean ecology.

CESTO
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Technical and Science Advancements

The project has made progress in each of the AC’s components.

« The front-end user interface is presently carrying out testing of a process that takes
user-supplied in situ observations of chlorophyll a in situ to mine the OC_DAAC and
other data archives to generate a training data set for GPCODE runs.

« The GPCODE has completed installation of several modifications that are aimed to
provide improvements in satellite algorithms.

» First, there is now an option of using Mean Absolute Percent Error (MAPE) as a metric for
algorithm evolution. This has led to providing improvements in generating algorithms for
observations that have not first been log-transformed—as the present satellite algorithms
are. And the solutions obtained using the MAPE metric have not impacted to resulting SSE
improvements.

+ Second, we have inserted the option of using Bootstrapping to the data sets in order to
suppress potential overfitting of the algorithms and to foster the development of sparse or
‘non-bloated’ algorithms. This modification is still being tested.

« Third, the trees populations are now being analyzed to track the entropy of each of the
individual trees in order to test some dynamic controls for evolution that might yield better
performance in the evolutionary process. The idea is to insert a control that enhances tree
diversity so that there is vibrant evolution.

« A suite of post-run analysis programs have been created. One specifically takes the
resulting GPCODE trees and converts them into usable Fortran/C/Matlab code.

The results from the test runs are showing that the modifications are yielding improved
satellite algorithms. We are in the process now of interfacing with the OCSSW to
complete the NEPAC tests.

CESTO




Example binary tree for OC4 Chlorophyll a algorithm

Presently used chlorophyll-a satellite algorithms are 11-level trees with
21 parameters, 5 of which are tuned to a data set. [Note: the other 16
define the log (10) scales to which the observations are transformed.]
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Satellite OC Algorithm
SSE: 27173.17; MAPE: 87.42%

An Example GPCODE Algorithm
SSE: 3603.44; MAPE: 20.54%

Case 12: GP_Tree_All_SSE

GPCODE re—calculated MAPE

n_GP_Generations=304 0. Error Color Bar 200.
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GPCODE algorithms using IOCCG data

chla data = 0C4 = GPCODE = -~
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Summary of Accomplishments and Future Plans

Provide a summary of the current state

All of the NEPAC components are in various stages of development and testing.

It has been decided that the complete NEPAC application should be delivered to the
community as a ‘containerized’ application that can be ported onto any user’s computer
infrastructure. This decision came from the simple fact the NASA’s IT access continues to
be a moving target and having a broad use of NEPAC in the science community requires
that it be user-friendly.

Two papers (one published, one in review) and a published book chapter have been
completed.

We have been able to obtain some highly successful chlorophyll algorithms during the
development tests, which is a very signal that this effort will have high return on
investment.

The front-end and development of the GUI and Containerization will make up a large part
of the work in the coming year. In addition, we will be completing the steps needed to
insert the tree-generated C-codes into the OCSSW application.

Jupyter Notebook is being used to develop and test the process scripts for the NEPAC
architecture to provide early beta-testing of the software applications.

We are working on a suite of NEPAC runs that are using a variety of satellite data sets in
order to develop a process for creating an algorithm that can be used for Climate Data
Record time series estimates.

Still working to incorporate the Maximum Probability Regression technique into the

GPCODE.
ESTO
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Publications

« Journal / Conference Papers

Two papers that have made demonstrated the use of using chlorophyll algorithms to
estimate phytoplankton functional types and their observed trends in the coastal
ocean.

2020: Friedland, K. D., J. R. Moisan, A. Maureaud, D. Brady, A. Davies, S. Bograd,
R. Watson, and Y. Rousswau, Trends in phytoplankton communities within large
marine ecosystems diverge from the global ocean, Canadian J. Fish and Aquatic Sci.,
In Review.

2020: Friedland, K. D., R. E. Morse, N. Shackell, J. C. Tam, J. L. Morano, J. R.
Moisan, and D. C. Brady, Changing physical conditions and lower and upper trophic
level responses on the US Northeast Shelf, Frontiers in Marine Science,

* Book Chapter

A review chapter presenting an overview on the techniques of estimating pigments
from satellite measurements.

2020: Wang, G., and J. R. Moisan, Remote Sensing of Phytoplankton Pigments, In
“Plankton Communities”, Leonel Pereira (ed.), Open Access, IntechOpen, London,
ISBN 978-1-83968-609-2.

CESTO
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CAPRi: Cloud-based Analytic Framework for sc

AND SYSTEMS CENTER

Precipitation Research V7, 3\

THE UNIVERSITY OF
ALABAMA IN HUNTSVILL

Objective imbitnasariag S
Develop a cloud-based integrated platform for conducting Deep Learning ﬁ w?;m “ﬁ*@— —Q ?‘ alll
research to open new frontiers for extracting knowledge from the vast SO g 78 B S i i e’ S acer T Cong s
amounts of data generated by NASA'’s Earth observation systems.

_»Adapt and extend cloud-based serverless technologies prototyped in the e
AIST-2016 VISAGE project to implement a Cloud-based Analytical g ... . | [»_. e W -
Framework for Precipitation Research (CAPRI). o ) m?i;.,.. L ! “...'.! e l;_-

. . . . . . .. eI e g by Mretires  Foeoveane T Nees
- Provide tools and services for accessing, analyzing, and visualizing GPM oders
VN data. (Figure, Components 1, 4) o :
- Integrate Deep Learning models into CAPRi for super-resolution of GPM M emamen | e Desmetey o)

- DPRradar data. CAPRI services will be developed to select and prepare ﬁ ---------------------------------------- ﬁ- ----------------- ;
training and test data. (Component 2) Al T oo ey g °

- Use CAPRI services and the results from the super-resolution CNN to _ o O v é - $
¥ create a 3D precipitation features demonstration database. (Component 3) CAPRi Component Architecture | s.oms = owcme owomcmes e Aoy |
Approach Key Milestones

CAPRI will support Deep Learning from space-based precipitation * Ingest GPM-VN data in CAPRI Completed
observations. Serverless computing tools from Amazon Web Services (AWS), | « Develop Deep Learning training data Completed

including step and lambda functions, S3 object storage, and the Athena - Develop Real-time Data Querying Service Completed

stateless query service will bg used in conjun(_:tlon with a Deep Learning - Develop Storage Rules and Procedures Completed

Network. This approach provides flexible scaling to support on-demand data . Develop Metrics for S Resolution Result 02/21

discovery, rendering, and analytics at minimal cost. One challenge will be the evelop MErcs Tor super-Resolution kesults

sheer volume and file size of the data for serverless technologies to handle. * Update CNN to process 3D Data 04/21

» Create 3D Convective Scale Precip. Features 09/21

Co-Is/Partners: Patrick Gatlin, NASA/MSFC; Todd Berendes, Anita LeRoy, » Test and evaluate CAPRI functionality 11/21

Geoffrey Stano UAH « Final review and report 02/22

Collaborators: W. Petersen, NASA-MSFC _ _

TRLin =2 TRLcurrent =2

CS TORYYI L2 AIST Annual Technical Review - CAPRi

Earth Science Technoloau Office
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THE UNIVERSITY OF
ALABAMA IN HUNTSVILL

We are developing a Cloud-based Analytic Framework for Precipitation Research
(CAPRI) to provide users with tools for on-demand Global Precipitation Mission Validation
Network (GPM VN) data querying, fusion, sub-setting, extraction, and analysis integrated
| with Deep Learning architectures. A part of this solution will include the ability to generate
e GPM training data for researchers to use within Deep Learning models.

Base technology will leverage previous work by Co-1 Berendes and Co-| Gatlin
with the AIST-2016 VISAGE project.
CAPRI will extend earlier VISAGE work to support Deep Learning in a cloud-
based serverless platform.
CAPRI technology will expand on Pl Beck’s research in super-resolution of
remotely sensed images and adapt lessons learned from a successful
~ prototype using GPM Dual-frequency Precipitation Radar (DPR) gridded data
as the target for developing a higher resolution product
A science use case will access, process, and analyze GPM VN datasets from
- CAPRI for identifying and extracting three-dimensional 3D convective-
scale precipitation based on previous work by Co-I LeRoy.

.....

CS TORYYI L2 AIST Annual Technical Review - CAPRi
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Develop a cloud-based integrated platform for conducting Deep Learning research to
open new frontiers for extracting knowledge from the vast amounts of data generated
by NASA’s Earth observation systems.

g ' « Adapt and extend cloud-based serverless technologies prototyped in VISAGE to
[ = implement a Cloud-based Analytical Framework for Precipitation Research (CAPRI).

« Integrate Deep Learning software and models into CAPRI for super-resolution of
GPM DPR radar data.

« Develop CAPRI services and tools that will allow researchers to select and prepare
training and test data for Deep Learning.

S « Use CAPRI services and the results from the super-resolution CNN to create a 3D
. precipitation features demonstration database.

Key technical challenges:
\ Large volume of training data for the CNN development
Temporal alignment of data with diverse time scales and resolutions
Management and cost of cloud resources

CS TORYYI L2 AIST Annual Technical Review - CAPRi

Earth Science Technoloau Office
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.“ A . — i ”F;;;;Isﬁ%&icgE”Nﬂ;%GY
&‘3 % Current State - Cloud Technologies AN

| £ s  Cloud Technologies are being used in many scientific applications

/) - Including the use of precipitation data.

* e Advanced cloud databases, lambda functions, storage, and visualization
— tools are readily available. However, they can be difficult to use by most

N N researchers.

AN\ CAPRI is expanding the state of knowledge in Cloud Technologies for precipitation

+ . databy: (1) providing new solutions for real-time querying of large data sets in a

D ~serverless environment, (2) developing new methods for generating Deep Learning
Training data on the fly, and (3) by providing an easy-to-use user interface for
analysis and visualization of the data. Results will have wide application to other
types of NASA datasets has the potential to impact the state of knowledge in other
disciplines that require large diverse training data for Deep Learning. To demonstrate this
technology, we propose to use CAPRI services for identifying convective scale 3D
precipitation features.

CS TORYYI L2 AIST Annual Technical Review - CAPRi
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* VN matchup is a GPM footprint-based geometric match between
ground radar (GR) acquired at nexrad (and other) sites and the

; P GPM satellite overpass date/time
( <4 -+ GPM gates are averaged within intersecting GR elevation sweeps
' : [ * GR gates are averaged within GPM ray footprints at intersections
i 7' * 3D cylindrical volumes represent intersection of GPM rays and GR
f scans within the GPM vertical column (footprint)

A e
] W i [ ) t
L £
) ' f
"b"__’_i':— e, ——
, : '~ DPR gate averaging at GR sweep intersections. GR volume matchlpg 0 DPR._The waffle
b ' A areas show the horizontal outline of GR gates
h _The values of the individual DPR gates are A
¥ . mapped to the DPR ray for each individual
, averaged over the vertical extent of the GR sweeps, elevation sweeb of the around radar ) o
resulting in two matching volumes for the single P g ' 3D display of VN matchup volumes of DPR reflectivity
*. DPR ray shown in this case.
CS TORT AIST Annual Technical Review - CAPRI

Earth Science Technoloau Office
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GPM VN super-resolution of surface rain rate data using MRMS
"GPM Original MRMS Target GPM Downscale

* MRMS data corresponding to the VN
matchup time is extracted from the
full CONUS gridded data, and a subset
image is created centered on the VN
radar site +/- 175km
GPM surface precipitation from VN
matchup files within the MRMS subset
area are rendered as circular 5 km
footprints in an image corresponding
to the same area as the MRMS subset
around the radar site in lat/lon .01
degree grid
Deep learning CNN applied using
MRMS data as truth to downscale|=
GPM to MRMS resolution

CS TORT 78 AIST Annual Technical Review - CAPRi g &=
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CAPRI Architecture

Deep Learning Service

: - Find VN and
[ ] v vy MRMS match up

'

Upload Imagery and
Binary match up data

v

ERRRE &
o H |
. GPM VN Process |and Extract

W U and MRMS NetCDFfiles. Create Metadata for
N /. .dataServer GPM VN dataset
S \ - (Goddard)

e e

B

Upload VN metadata
to S3 bucket

.-/'

| Convert and compress
Y to Parguet format

E
Upload VN data
to S3 bucket

E’ETQ 02/05/2021

Earth Science Technoloau Office

S3- IMG Data - . Generate s3
Training/ | Testing Cloud-Optimized Cloud-Optimized
GeoTIFF GeoTIFF
Precipitation Feature |
: Service
. :
» L I I
Extract Create Generate
Precipitation Precipitation Loss function and '
Features Feature Database Metrics b i
Data for Scatter ;
/ plot, convective-scale Query Processing | Sarvlca\
precipitation ]

S3 - Selected Query

5o O

S3 - Data in Glue Crawler Glue Data Catalog Athena API Gateway /

Parquet Format

AIST Annual Technical Review - CAPRi
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W GPM VN Data Service AN\

GPM VN Data Service
‘ Find VN anc Ugioas imagery a0
MAMS maich & Bracy ek O cets

—_— Y
’a PR S 00 >
- L oo e
. and MRMS fies. Create Metadasa for 1 53 Sucket
" caka Server GPM VN cataset
f ‘lWl

Convert and compress Uploas VN cats

1 Parguet format © S3 Ducker

55 TO 02/05/2021

Earth Science Technoloau Office

ALABAMA IN HUNTSVILL

Initial Development Complete:

Created a script to extract, process, and upload GPM VN and coincident
MRMS data to CAPRI as netCDF-4 data files

Developed a script to create both binary data and imagery of surface rain
rate from GPM VN and MRMS for Deep Learning work

Converted GPM VN 3D data from netCDF into compressed Parquet
format for analysis tools

Uploaded all the available GPM VN and MRMS matchup data and
iImagery to AWS S3 buckets

Ran Unit Tests on GPN VN Data Service
Retrieved additional data using CAPRI services

Created an Athena partition for optimizing performance

AIST Annual Technical Review - CAPRi
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(az! Summary of Accomplishments atsc,

« Completed a comparative study on data formats based on storage size,
T retrieval speed, and best compression ratio. (JSON, CSV, and Parquet)

g Setup a Glue crawler to read compressed Parquet data from AWS S3
- buckets then catalog and store in AWS Athena

_ = “mm". <, Query Processing Service

* Implemented security controls on the APl g. .............. ,,

« Created queries to request data in AWS Athena St | 5
« .« Created an API to query data from AWS Athena 'ﬁf‘m&jm—‘r """""" i
.« Created support to utilize the API for front end and as stand-alone
=N .« Wrapped the project using Terraform Framework to easily provision
services

'8

» Resolved cross-origin resource sharing (CORS) issues for the API
 Investigated options to resolve the latency in API calls

* Implemented paging options and download options

» Created a Python Class for the Science team to utilize the stand-alone API

CS TORYYI L2 AIST Annual Technical Review - CAPRi

Earth Science Technoloau Office
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- CAPRiI Core API Definition

THE UNIVERSITY OF
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« The CAPRI Core API provides endpoints for VN matched
| . precipitation data. Data are first ingested in S3 bucket and then are
“ indexed with the corresponding key into AWS Athena. AWS Athena
PN gt stores the data in columnar format and can be queried with SQL
74 gueries. A Python class has been developed that allows a
programmer to easily set up and perform queries of VN data in
W Athena without having to deal with complicated URL construction
VAN and SQL query commands. Query results can be streamed directly
e SN to a python data structure or downloaded to a file for later analysis.

N \ Co-Il Gatlin is evaluating a prototype of the code and has provided
A ¢ useful feedback and suggestions for improving performance and
\Y functionality.

CS TORYYI L2 AIST Annual Technical Review - CAPRi
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Use Case: Evaluation of satellite retrieval

Facli

litates a 48x faster analysis of VN dataset

Traditional
File-based access
IDL

(35min)

CaPRi
Athena
Python

(<435s)
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Investigated various charts and
renderings to create a meaningful
representation of the datasets to
include Histogram, Heat map,
Scatter plot, and Line graph

Developed an REACT webpage to
interact with AWS API Gateway to
fetch sample data for charts

Conducted a case study to place the
components across the webpage
and developing the wireframes

Selected CesiumJS for dataset
visualization and investigating
deck.gl for additional capabilities
(i.e., large dataset visualization)

AIST Annual Technical Review - CAPRI
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2D Histogram

» Adjusted the chart rendering capabilities based on
advice from Co-| Gatlin and Co-l Berendes such as
implemented 2D histogram plot which automatically
calculates the bin intervals and color codes the

10,

of samples

. v number of samples.
» Added the sensor and scan type filters.
' « Added advanced filters edit customizing the scale of X
W or Y-axis and the binning interval sizes. User can now
' even edit the title, X or Y axis labels etc.

Start Date End Dats KA Y-Axis S

A X-Axis 5 ensor Scan
" 01/01/2020 | 01/04/2020 = gr_rc_rainrate ~ preciprate ~ DPR + None ~ SUBMIT

Show Advanced Filters

X-Axis-Label Y-Axis-Label X-Axis-End-Scale Y-Axis-End-Scale
GR RC rainrate (mm/h) Precip Rate (mm/h) 10 10
i ]
Title X-Bif Y-Bin
v ) 2D Histogram {0.2 0.2
CS T O AIST Annual Technical Review - CAPRI
~arth Science Technoloau I1CEé
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7 T~  Designed an API for accessing KML images containing the date,
ey . radar site, GPM orbit, PPS version, GPM sensor, GPM scan, and
) = VN version number.

el g « Utilized the Cesium application to develop a Front-End mapping
7 component.
N  Added the KML images dynamically to the map according to the
DA\ selected filters.
« Finished adding a transparency slider for the image display flipping
SISO MRMS and GPM sites.
' -« Added a results dialog box called “Data Viewer” where image

1 \ locations for the selected date are visible.

Mgt « Added toggle switches for Color to Black and for selecting datasets
" (MRMS or GPM).

CS T O AIST Annual Technical Review - CAPRi
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= (°2) CAPRi

Date: 2018-01-29
Data manager -

09/29/2020 a

Color: BW( @ COL
: GPM ( @ MRMS

DATA VIEWER

Threshold =

Site; KBOX

Example of the Front-End mapping capability

CSTORTZA
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Summary of Accomplishments tsc

AND SYSTEMS CENTER

Front End AN\

ALABAMA IN HUNTSVILLE

Updated the Data manager toolbar with a date picker and
an assistant icon(with a tooltip). Clicking on the assistant
gives a list of all the dates available with data.

Data manager -

. ‘ e — Updated the Data manager toolbox to be movable.
available data.

Selecting a date auto-submits and plots the images for all
sites. Added a toggle to switch from MRMS to GPM and
from Color to Black & White images.

« Added a highlighter in the date picker for
dates with available data.

'
Data manager Av‘;ﬁ

09/28/2020 u £ Dy
wh
|

\\‘*‘

coo: BW @ oL 1L e U - SRR KRAX

Dataset: GPM (I @ MRMS E} 3 KMHX (=)

Ao 1 §
DATA VIEWER %
TF “?\“‘“! KDEX ; 8
« . A KPOE .,Va"' ! ,t, &
Nk KLIX . a
\,, 5

.

<
\ \—):)
V) '
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Summary of Accomplishments Itsc

AND SYSTEMS CENTER

Front End A\

THE UNIVERSITY OF
ALABAMA IN HUNTSVILLE

Added labels to images like site names (when all images for a
e et : particular date are viewed at once) and date and site name (for
; single image view).

Color: BW @ COL
Dataset: GPM @ MRMS

oATAvIEWER | “Data Viewer” has list of sites. Clicking on each row opens the
corresponding image and the transparency slider.

Sliding the Threshold value lets you extract the hotspots and
compare with its corresponding GPM image.

Bate: 2019-01-29

Data manager -

+) Adding a color scale for images is underway.

Color: BW (@ COL
Dataset: GPM (@ MRMS

Date: 2019-01-29
DATA VIEWER

Threshold TS Data manager -

09/29/2020 a

Color: BW (@ COL
Dataset: GPM (7@ MRMS

Site: KBOX
DATA VIEWER

Thiesholg (w5
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Summary of Accomplishments atsc.
Front End AN

ALABAMA IN HUNTSVILLE

= () capri

Data manager -

Color: BW (@ COL
: GPM ( @ MRMS

DATA VIEWER

Threshold S

Site; KBOX

« Example of the front end mapping capability
CS T O FPLA AIST Annual Technical Review - CAPRi 20 = & &



Summary of Accomplishments

AND SYSTEMS CENTER

Deep Learning AN

ALABAMA IN HUNTSVILL

« Two models are being developed and tested: Unet and Generative Adversarial Network (GAN)

« An Unet learns the features of the input GPM DPR data through a series of convolutional and
activation layers and then generates the output from these features. The output is then
evaluated against the corresponding MRMS sample.

» GANSs consist of two constituent neural networks: Discriminator Network and Generator
Network

The generator network is trained to generate enhanced GPM DPR data using corresponding
MRMS data as a target.

« The discriminator network is trained to distinguish the generator's output and real MRMS data.

* The zero-sum gain between these two networks results in the generator network learning how
to generate data that closely resembles MRMS data.

« Due to the presence of no data gaps in the GPM DPR data, a second band is added to the
rain-rate matrix.

« This band consists of binary flags at each index indicating the presence (or absence) of an
actual measurement value.

« This is intended to help the network learn to approximate values in the areas for which there
are no measurements in the GPM DPR data matrices.

-----

CS T O AIST Annual Technical Review - CAPRi
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Summary of Accomplishments tsc
Deep Learning - Super Resolution GAN (SRGAN) N

GPM DPR
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Summary of Accomplishments tsc

AND SYSTEMS CENTER

Deep Learning - Super Resolution GAN (SRGAN) AN

ALABAMA IN HUNTSVILLE

GPM VN and

Gl IE L P
il orecip imagery/binary files for MRMS
rendered to and GPM and

MRMS lat/lon MRMS sfc precip

MRMS grid grid

merged to GPM VN data
VN gemoatch 3D fusion with
volume product MRMS GPM lat/lon MRMS lat/lon
netcdf image surface image surface
precip rate precip rate

3D VN volume metadata
and statistics (json)

\o
“Q

ingested into AWS N CAPRl %’

Athena database (GPM s S T S o g

and GR, MRMS could be - | qle Y
added)) el

CS T O
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INFORMATION TECHNOLOGY

AND SYSTEMS CENTER

AN\

THE UNIVERSITY OF
ALABAMA IN HUNTSVILL

( | “ « Finalize the development of the Front-End and GPM VN Data
X - Services

A  Finalize decisions on data retrieval methods from the Query
Processing Service

' AN « Complete the design and Implement the Deep Learning

N : Service

. .+ Develop a module to generate Training and Testing Data

« Start developing the Precipitation Feature Service with Test
Data

AIST Annual Technical Review - CAPRi
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@ Publications

THE UNIVERSITY OF
ALABAMA IN HUNTSVILL

_Presentations

' ~ * Conducted an on-line presentation at the 2020 ESTO Technology
Spiiar /4 Forum on 24 June 2020.
‘ * PI (Beck) presented the project at the 2020 Annual American
Geophysical Union (AGU) Conference.

/

— ~* Co-l Gatlin presented some results from using the GPM VN API at the
2020 Annual American Geophysical Union (AGU) Conference.

AIST Annual Technical Review - CAPRi



1tscC

INFORMATION TECHNOLOGY

AND SYSTEMS CENTER

AN\

THE UNIVERSITY OF
ALABAMA IN HUNTSVILL

/ T 3D Three Dimensional

. C - API Application Programming Interface

" CNN Convolutional Neural Network
CORS Cross-origin resource sharing
" | DPR Dual-frequency Precipitation Radar
; H : :' _. GPM-VN Global Precipitation Measurement-Validation Network
— — IMERG Integrated Multi-satellite Retrievals for GPM
_. 3 . LIS Lightning Imaging Sensor

Y MRMS Multiple Radar Multiple Sensor

CS TORYYI L2 AIST Annual Technical Review - CAPRi

Earth Science Technoloau Office




Valid time-series analyses of satellite data to
obtain statistical inference about spatiotemporal
trends at global scales

Anthony R. Ives (PI, University of Wisconsin-Madison)
Jun Zhu (Co-l, University of Wisconsin-Madison)
Volker C. Radeloff (Co-Il, University of Wisconsin-Madison)
Fangfang Wang (Co-l, Worcester Polytechnic Institute)

AIST-18-0020 Annual Technical Review
5 February, 2021

ESTO




Analyzing remotely sensed time-series data
Pl: Anthony lves

Objective

Develop new statistical tools to analyze large, remotely
sensed datasets that will give statistical rigor to
conclusions about patterns of past change and statistical
confidence to forecasts of future change.

Our goal is to develop methods for valid statistical tests of
hypotheses involving changes through time at the spatial
resolution of many remote sensing products (containing
potentially millions of non-independent time series).

The methods will be general enough to address diverse
types of hypotheses, such as whether changes in the

uration of snow cover vary with latitude, and whether
land-cover classes (e.g., cropland, deciduous forest) differ
in their rates of greening.

<30 -30 25 20 -15 -10 -5 O 5 10 15 20 25 30 =30(days)

Example: Changes in the number of days of frozen ground
without snow cover per year based on AMSR-E and JAXA
satellite data for 1982-2014. This dataset consists of
>6,000,000 correlated time series that challenges hypothesis
tests by current statistical methods.

Approach
We will build:

1. statistical algorithms for analyzing large spatiotemporal
datasets. Our strategy is to separate the task of analyzing
time series from the task of analyzing spatial structure, so
that computation burden scales linearly with data size. Our
approaches to this problem will be general and can be
applied to many types of models of temporal change.

2. a software package that applies the algorithms.

We will test these algorithms with AVHRR/GIMMS3g,
MODIS, AMSR-E, JAXA/JASMES, and Landsat data

Co-ls: Volker Radeloff, Fangfang Wang, Jun Zhu

Key Milestones

Year 1

5/20 TRL3 for Partitioned Autoregressive Time Series (PARTS)
8/20 TRL4 for PARTS

11/20 TRLS5 for PARTS

2/21 TRL3 Panel regression (PR)

Year 2
4/21 TRL4 for PR

8/21 TRL5 PR
11/21 Applications for PARTS and PR

2/22 Completed software (R package)

TRbn =2 ESTO

10/2019
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Background and Objectives

Remote sensing provides vast amounts of data.

Making the most of them requires appropriate statistical models.

[ non-vegetated or unstable land cover

<3 3 2 -1 0 0 1 2 3 0>3

Mean greenness (NDVI),
2013

Change in greenness (NDVI),

1982-2013

ESTO
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Background and Objectives

Alaska west of —141° Change in greenness
(NDVI), 1982-2013
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[ greening trend
[ ] notrend

] browning trend
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Background and Objectives

Hypotheses involve broad-scale (not within-pixel) patterns

Statistical models need to account for temporal and spatial
autocorrelation in the “unexplained” variation.

AN

Annualized NDVI

. . A
R
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" § © o =] —
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[ greening trend
[] notrend

[ browning trend
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Background and Objectives

Hypotheses involve broad-scale (not within-pixel) patterns

Statistical models need to account for temporal and spatial
autocorrelation in the “unexplained” variation.

Example illustrations with simulations

1. Time trends vs. temporal autocorrelation
2. Spatial drivers vs. spatial autocorrelation

3. Revealing true drivers underlying observed patterns

CEST0



Background and Objectives

A
. 1. Time trends vs. temporal
E R autocorrelation
>
A Which time series has the
vear greatest change, A or B?
B
(I) 1|0 2|O 3|0 4|0 5|0

Year ESTQ




Background and Objectives

A
x(t) = bx(t-1) + &(t)
§ ° ] Autocorrelated process
Year
B
o x(f)=a+ ct + g(f)
R Time trend
>
Year E5TQ




Background and Objectives

A
x(t) = bx(t-1) + &(t)
S ° Autocorrelated process
Year
B
. x(t) = a + ct + ¢(f)
R Time trend
>
Year G~,‘5TQ
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Background and Objectives

A Which time series has
the greatest change?

The differences between the first and
last points are greater in A than B

Value

I I I I I I 1 1
e s s 4 Focus on one outcome of a statistical
process

B

Statistically, the expected value
increases in B but not A

Value

Focus on the process

0 10 20 30 40 50
ESTO
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Background and Objectives

1100

2. Spatial drivers vs.
spatial autocorrelation

Is there greater greening
at higher latitude?

Latitude

B greening trend

no trend

. browning trend
CESTO

12
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Background and Objectives

Time trend

Latitude

showing trends for 500 of 10,000 pixels

13
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@ Background and Objectives

Is there greater greening at higher latitude”? NO

Simulation 1 j Simulation 3

Simulation 2 Simulation 4

€arth Science Technology Office
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Background and Objectives

What you are seeing is spatial autocorrelation

15
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Background and Objectives

What you are seeing is spatial autocorrelation

16
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@ Background and Objectives

Partitioned Autoregressive Time-Series (PARTS) analysis

P =044 P=0.85

P=017 P=0.16

€arth Science Technology Office
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@’ Background and Objectives

3. Revealing true drivers underlying observed patterns

B:1<2<3<4




Background and Objectives

&

Plots of average time trends (Z=se) per pixel

A:1=2=3=4 B-1<2<3<4
< <
o o
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o o &
2 2 ’
oS o o o
0 o © N o .
S
: . :
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2 3 1 2 3 4
Land class Land class
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Background and Objectives

PARTS: Difference from zero
PARTS: Differences from each other

A:1=2=3=4 B:1<2<3<4
3 3 i
() _ = () =% f
g T g _ | i
@< ] f ul @< J °
7 [ [ [ | ol_ [ [ [ |
1 ° 3 4 1 2 3 4
Land class Land class

ESTO
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Background and Objectives

Example illustrations with simulations

1. Time trends vs. temporal autocorrelation
True time trends must be statistically distinguished from
temporal autocorrelation

2. Spatial drivers vs. spatial autocorrelation
Spatial patterns do not always imply spatial drivers

3. Revealing true drivers underlying observed patterns

Accounting for spatial autocorrelation can reveal the true
underlying patterns and allow them to be tested statistically

ESTO
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Background and Objectives

Obijective

To develop statistically sound and
computationally feasible ways to test
hypotheses using remote-sensing data

ESTO
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Technical and Science Advancements

Methods

1. Partitioned Autoregressive Time Series (PARTS)
2. Panel Regression (PR)

Applications

1. Global trends in NDVI (PARTS)
2. Changes in vegetation in Central Asian grasslands (PARTS)

3. Trends in Arctic summer sea ice (PARTS)

CEST0
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Technical and Science Advancements

Two statistical approaches

1. PARTS (“old-school” statistics)

i. Performs time-series analyses on individual pixels to estimate trends

ii. Analyzes the spatial pattern in trends in random partitions of the
map

iii. Combines the tests from the partitions to give an omnibus statistical
test for the map

iv. Scales linearly to arbitrarily large maps

v. Validated with simulations

vi. R package remotePARTS

G570
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Technical and Science Advancements

Two statistical approaches
2. Panel regression (“new-school” statistics)

i. Uses a model of the complete system with time and space

ii. Creates a mathematically parsimonious representation of the full
model

iii. Solves the complete time-and-space problem with quasi-maximum
likelihood

iv. Scales linearly to arbitrarily large maps if spatial autocorrelation is
moderate

v. Strong theoretical foundation for good statistical properties

vi. Validated with simulations

vii. Current implementation in MATLAB

ESTO
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Technical and Science Advancements

Two statistical approaches
Why two?

PARTS is “flexible” because it makes minimal assumptions about the
data

PR is “stiff’ because it relies on making more assumptions about a full
time-and-space model

Statistical trade-off between robustness and power: a specific problem
might be best-served by one or the other

By comparing both, we can improve both

CEST0
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Technical and Science Advancements

Methods

1. Partitioned Autoregressive Time Series (PARTS)
2. Panel Regression (PR)

Applications

1. Global trends in NDVI (PARTS)
2. Changes in vegetation in Central Asian grasslands (PARTS)

3. Trends in Arctic summer sea ice (PARTS)

CEST0
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@ Technical and Science Advancements

Applications

1. Global trends in NDVI (PARTS)

ESTO
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Technical and Science Advancements

(a)

Global trends in NDVI 1982-2015 (PARTS, Likai Zhu)

S SR a5
% 3 ;
L A &
-\'; 3 L Nz gdts _ 3} \
i (o o ";’5{,’? %

[ not significant
[] non-vegetated/unstable

(b)

[J Unstable
Bl Non-vegetated 5
I8 Mixed land cover

N ENFED DNFIED Mixed forestCZ] Savannas [J Croplands
I EBF[] DBFIE Shrublands [CJ Grasslandsl@ Crop/natural mosaic

Annual cumulative NDVI 1982-2015 from NDVI3g
MODIS land-cover product (MCD12Q1)

ESTO
€arth Science Te hnology Office
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Technical and Science Advancements

Differences in greening among land-cover classes

Europe
P <0.0001 = red = average trend (% se) per pixel

o
&
?

0.15
|

black = PARTS mean (*se)

0.10
|

n = number of pixels

P for differences among land-cover
classes

Trend Cre[
0.0
| |
|—$—| 38954
—e—] 7208
L—e—| 13411
—eo— 200%7
F—e— $1 622
b F—e— 6319

-0.05 0.00

solid dot for differences from zero
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Technical and Science Advancements

Differences in greening with latitude

Continent n Ppart
Africa 214121 0.44
Asia 570250 1.00
Australia 91459 0.61
Europe 174498 0.08

North America 345264 0.75
South America 190832 0.15

EST9
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Technical and Science Advancements

Land-cover class by latitude interaction

Continent n Ppart

Africa 182587  0.0074
Asia 441312  0.0004
Australia 80958 0.0555
Europe 110385 0.0006

North America 257344  0.0007
South America 152549 <0.0001

ESTO
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Technical and Science Advancements

Applications

2. Changes in vegetation in Central Asian grasslands (PARTS)

ESTO
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Technical and Science Advancements

Kasia Lewinska

Green vegetation Cumulative Endmember Fraction
(proxy for annual vegetation productivity)

2002-2019 e
S "‘“‘“’\ Range of spatial autocorrelation: 125 km
= T N\

{\ i ? Land-cover classes differ
V:) o« Sl £¢ (F2 123954 — 2 369 P O 00001)
& € 3
i\l fﬂ\} Ca e " ff/? Weak differences among ecoregions
\t“;::i /:’{//w = :0_8 (F5,118270 - 144, P - 004)
{/\F\\ m P 3
o woim &,} | e ecoregions: Olson et al. (BioScience, 2001)

Il outliers

AGU 2020 Fall meeting (10.1002/essoar.10505216.1) CSTO
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Technical and Science Advancements

Kasia Lewinska

Rain-Use Efficiency
(indicates ecosystem functioning)

2002-2019 L~
P e A : :
o é , \w,\d Range of spatial autocorrelation: 305 km

5 =, Land-cover classes differ
tﬁ? \ =% (F2 124062 = 6.615, P =0.00001)
\ b e *}
Z‘\Jf“} fwwév_,\; w,;? No differences among ecoregions
\rh L b (Fs 118070 = 0.72, P = 0.95)
L/\ e M P 81
e i

Il outliers

AGU 2020 Fall meeting (10.1002/essoar.10505216.1) CSTO
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Technical and Science Advancements

Applications

3. Trends in Arctic summer sea ice (PARTS)

ESTO
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Technical and Science Advancements

Connor Stephens
Loss of days of ice cover in September

No temporal autocorrelation Regression with temporal
(least-squares regression) autocorrelation
A Days/Year A Days/Year
O -o. Russia -0 Russi
-?-0.2)5-0 gﬂ)w B =?4J.2)5-o d’)—uw o e
Een-05) |~ GimEs Vgl [1(1)- (-0.5) = i
I (-5) - (1) I (-5) - (1) i
[[Z]12018 Extent [[Z12018 Extent

Greenland

Northw est
Territories

@ Northwest  #77%
o Ternt?nesh
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Technical and Science Advancements

Methods

1. Partitioned Autoregressive Time Series (PARTS)
2. Panel Regression (PR)

Applications

1. Global trends in NDVI (PARTS)
2. Changes in vegetation in Central Asian grasslands (PARTS)

3. Trends in Arctic summer sea ice (PARTS)

CEST0
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Summary of Accomplishments and Future Plans

Current state

1. remotePARTS (R package: Clay Morrow)
As we are applying it to different datasets and
questions, we are learning and modifying
remotePARTS accordingly.

2. Panel regression (Ralph Ting Fung Ma)
The theoretical development is largely done,
and the next step is challenging it with
datasets.

[COVID-19 lag in PR development]
CESTO
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Summary of Accomplishments and Future Plans

Future plans (methods)

Comparing PARTS and panel regression

Spatiotemporal drivers (independent variables
change through time within a pixel)

For example, estimating the effect of changing

temperature (independent variable) on changing
green-up phenology

G570
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@/ Summary of Accomplishments and Future Plans

Future plans (applications)

Global greening and browning
since 1981

Overgrazing in arid regions
Change in sea-ice
Surface temperature and urban

heat islands

Change in phenology

Boreal forest fires

Trends in Dynamic Habitat
Indices

GIMMS NDVI3g

MODIS/in-house
NOAA

MODIS

MODIS Veg. dynamics

Landsat

MODIS/in-house

Tony (PARTS)

Kasia (PARTS)
Connor (PARTYS)
Ralph (PR)

Clay (PARTS and
PR)

Connor (PARTYS)

Lena (PARTS)

Analyses complete,
manuscript written

Compiling dataset for

Central Asia

Datasets complete, pixel-
level trends started

Datasets complete

Datasets complete

Datasets being assembled

Datasets complete

ESTO
€arth Science Technology Office
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Publications

Journal / Conference Papers:
lves, A. R., and C. Bozzuto. 2021. Estimating and explaining the spread of
COVID-19 at the county level in the USA. Communications Biology 4:60.

lves, A. R., L. Zhu, F. Wang, J. Zhu, C. J. Morrow, and V. C. Radeloff. in
review. Statistical inference for spatiotemporal trends in remote-sensing
data. Remote Sensing of Environment.

Ilves, A. R. in review. Statistical tests for non-independent partitions of
large autocorrelated datasets. MethodsX.

Presentations

Lewinska, K. E., A. R. lves, C. J. Morrow, N. Rogova, and V. C. Radeloff.
2020. Monitoring trends in grasslands in Central Asia while accounting for
temporal and spatial autocorrelation. American Geophysical Union.

lves, A. R., L. Zhu, F. Wang, J. Zhu, C. J. Morrow, and V. C. Radeloff.
2020. Statistical inference for spatiotemporal trends in remote-sensing
data. American Geophysical Union.

ESTO
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Acronyms

List of Acronyms

 PARTS Partitioned Autoregressive Time Series model
* PR Panel regression

ESTO
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An Analytic Center for Biodiversity and Remote
Sensing Data Integration

Walter Jetz (PI, Yale University)
Adam Wilson (Co-I, University at Buffalo)
Rob Guralnick (Co-I, University of Florida)

AIST-18-0034 Annual Technical Review
5 February 2021

G570




An Analytic Center for biodiversity and remote sensing data integration

Pl. Walter Jetz, Yale University

Objective L
Increase the usability and accessibility of linked remote Workflow schematic s TRl 28
sensing (RS) and biodiversity information in support of
both communities through a versatile analysis and support i
dashboard, client libraries and shared products (uocan ) meﬁ'::m (B

Explors Arnotations

Provide pre-computed annotations of >1B biodiversity [ vt |5 Df] @
observations for a large suite of RS or RS-derived ;n{l" [ @82
roducts, together with dynamic updating.
p g y p g mﬁb C} ﬂ L>

Support the informed integration of biodiversity and RS data
by providing data-driven guidance regarding respective e Ll o fr )
spatiotemporal grains and most effective combination of )t @I tl e | O || { Enoner |
RS information for downstream use. u—1— ) \J‘"‘“ I—f ~/

Improve documentation of environmental biodiversity data
coverage and its signal about biodiversity responses to
rapid environmental change. Online dashboard

Approach: Key Milestones

Leverage prototyped software tools to connect Map of Life
and multiple remote sensing layer sources (Google Earth
Engine, Descartes Labs, ESRI).

Data connectors to the three platforms complete

. . . . 09/20
Apply fusion tools to existing and user-provided spatial « Pre-annotations (for data up to that time) executed
biodiversity data and a set of remote sensing layers. 12/20
Create an online dashboard_ and_ client Ilbra_rles for user- « Environmental data reports available on MOL
driven custom annotation with visual reporting tools to 03/21
Zﬂgﬁ?étn\ézr:ﬂ%ﬁjgﬁﬂgg&;ﬁ%ﬁgund characterization, * Final R library and documentation published on CRAN
' 12/21

Contribute environmental metrics, reports, and graphics to
partners (MOL, GBIF, Movebank, Wildlife Insights).

Cols: Adam Wilson (U Buffalo) _ _
Rob Guralnick (U Florida) TRLin =5 TRLcurrent= 6 ESTD

01/20 AIST-18-0034 2
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Background, Objectives

For many uses in ecological forecasting and biodiversity science
the integration of remote sensing and biodiversity data is too
complex and inflexible or lacks transparency and guidance

This Analytic Center addresses this need through a combination
of user-friendly dashboards linked to a scalable environmental
annotation engine and vast precomputed information

It supports the informed integration of biodiversity and RS data by
providing data-driven guidance for the selection of variables and
spatiotemporal grains to characterize environmental niches

The Center enables improved documentation of environmental
biodiversity data coverage and its signal about biodiversity
responses to rapid environmental change.

G570
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Background, Objectives

datasers

European mammal atlas 2013 - 2017

LA il User Perspective:
| q.":g;'
= - = : : :
i RS — @® Quantify the environmental niche of
o B v - el species, offer contrast to background or
S e broader taxonomic group
- 888828.3c:s . .
000000 -0 ' e Increase environmental data options to
0000000 | o i .
000000 soo: include more remote sensing data
g;:.::"::.]; o= e Increase the options for spatial and

temporal aggregation

e Supportand provide guidance for data
analysis and variable selection,

Dashboard from Proposal ESTO




Background, Objectives

1. Leverage prototyped software tools to connect MOL and multiple RS
layer sources (Google Earth Engine, Descartes Labs, ESRI).

2. Apply fusion tools to existing and user-provided spatial biodiversity
data and a set of remote sensing layers.

3. Create an online dashboard and client libraries for user-driven
custom annotation.

4. Contribute environmental metrics, reports, and graphics to partners
(MOL, GBIF, Movebank, Wildlife Insights).
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Technical and Science Advancements

Dashboard Components: Current Status

Spe Product *

All ~  Ursus arctos poral Enhanced Vegetation Index = Landsat8 ~  spatial: 500m, temporal: 32days ~ @

2,255 data points Bivariate

22+ ® Ursidae

@ Ursus arctos.
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Technical and Science Advancements

0.8
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Landsat 8 - Enhanced Veaetation Index

©® Ursidae

@® Ursus arctos

1.0

Display species
environmental niche for
single variable (density).

Optionally: contrast with
broader taxonomic

group

Genus, Family, Order

Helps user understand
environmental differences
compared to related

species
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Display species
environmental niche for
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-0.4

—0.6

—0.8

Species occurrences
annotated with
environmental

conditions

Helps user understand
spatial variability in
environmental conditions
for the species of interest

Earth Science Technology Office
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Temporal distribution of
environmental
conditions at
occurrence locations

0.5

o2

? Helps user understand
r] temporal variability
(seasonality & interannual
trends) in environmental
conditions for the species
-1 e of interest

2013 2014 2015 201M201? 2018 2019

Event Date

Landsat 8 - Enhanced Vegetation Index
&

Earth Science Technology Office
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2,255 data points Ursus arctos

MODIS NDWVI 250m 90day -
MODIS NDVI 250m 30day-
MODIS NDVI 250m 1day-| o
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MODIS LST Might 1000m 1day- y: MODIS LST Might 1000m 1day
MODIS LST Day 1000m 90day- H B 7 0.2191718

MODIS LST Day 1000m 30day-
MODIS LST Day 1000m 1day-
MODIS EVI 250m S0day -
MODIS EVI 250m 30day -
MODIS EVI 250m 1day-
MODIS EVI 1000m 30day-

MODIS EVI 1000m 1day-
Landsaté EVI 500m 32day-
Landsaté EVI 500m 16day-

Landsaté EVI 30m 32day-
Landsaté EVI 30m 16day-
Landsaté EVI 250m 32day -
Landsaté EVI 250m 16day -
Landsaté EVI 100m 32day -
LandsatB EVI 100m l16day-
Chelsa Precip 5000m 30day -
Chelsa Precip 5000m 15day-
Chelsa Precip 5000m lday-

Chelsa Precip 10000m 30day - r | |

Chelsa Precip 10000m 15day -

Chelsa Precip 10000m lday -

Chelsa Precip 1000m 30day - r |

Chelsa Precip 1000m 15day -

Chelsa Precip 1000m lday-

[ [T T T e T e T T T R O T R Y R Y R N |
OO OO00nn
22329535000 bbhbbb b 3835555355508000
AR R R R R A R
:::::::::HHHHHHHHmmmmmmmmmmmg:zz:
COCOCO COCOCOGCD oo

24828288 0poppppSiniihhhhyhggsse
TUOTTOUTT OO ASaSaSSS oM MODO 2 22
e R R AR e MY US e oo o< <22 S o hhik
HHHHHHHHHHHHH'\'\HH--EE3._.._.._..—|-.-|-.—|-DEDDD

Exploratory Data
Analysis and Variable
Selection

Visualize relationships

between environmental

datasets to guide user
through variable selection

To explore: on selection of
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Technical and Science Advancements

ashboard Components: Current Status

Species * Var . Product * Spatiotemporal bulfer *
~  Ursus arctos emporal Enhanced Vegetation Index = Landsat8 ~  spatial: 500m, temporal: 32days ~ @
2,255 data points. Bivariate
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Technical and Science Advancements

STOAT (beta) My Annotations ~ Preannotstions  Sources  About  FAQ

1. Select dataset

Pawerful Owl Annotator Demo Dat... ~ + Upload New

e Custom Annotation Dashboard
2. Select product and variable O Comp Ie te d UI
o Customizable spatial and temporal buffers
. oo ” m:" o Many static layers added to layer list
(Static) °
° Land Surface MODIS 1000 7

e o Custom annotation for static layers in
production

o o Includes improved custom annotation
Yo s e aro ey o make smal austmerts o the buffer. workflow

Spatial Buffer: 1A8@ m radius

Land Surface Temperature Day - MOos

1000 mify 10000 m

Tempaoral Buffer: 7 days prior

1 day 30 days

Add
3. Set annotation title

TR—
Example Annotation

4. Run annotations

CESTO

Earth Science Technology Office
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Asks questions to
[Email]
Data Manager
[Person]

Data Manager has access to
internal systems and processes

1
1
Manages biodiversity »
and user datastore s
[Web/Python] i

Authenticates and uploéds
biodiversity data using
[Web and SDK]

I

4

- =
- - - -

d
4

Get's necessary
information
[User and Biodiversi

Map of Life
[Software System]

MOL provides research and decision-
making tools and services based large-
scale biodiversity data

Manages environmental
layers and platforms
[Web/Python/SQL]

STOAT

Environmental Layer Platforms
[Software System]

Environmental Layer Providers

STOAT User
[Person]

A STOAT user who is either
anonymous or authenticated
with MOL

1
Views pre-annotated publicly
available spatiotemporal data,

and makes custom annotations using

[Web.lFl/Python] \

STOAT System :
[Software System] '

‘nds pm'ail to
The core system for (Mefgun
visualising and annotating !
spatiotemporal data with RS X
layers. !
[ N 1
Makes APl calls to Sends email using !
[Python] [Mailgun]

y A Y
’ A

Email System
[Software System]

[System]

17

Third-party email service
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Legend

[Software System]

Focal System

[Container: technology]

Focal System

Database
[Container: Technology] F:pr:ﬁoaﬁnﬂnd ol
Focal System

name
[Saoftware System]

Existing System

Relationship _ _
[technalogy] >

ESTO
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. . Call relevant RS layer provider
Authenticates with [Python]
[HTTPS,

N

Map of Life
[Software System]

SDK Applications
[Container:
Javascript/R/Python]

Environmental Layers
Service
[Container: Python]

MOL provides research and decision-
making tools and services based large-
scale biodiversity data

Maintains a list of
Remote Sensing layers
along with their metadata.

Applications based
on REST API

Get layer info P
0 L’ : ) N [HTTPS/JSON] .
Uses ! Uses . A - .
Makes API calls to nnotation Service
0 ! [Web/R/Python] g Get RS Layer
K [HTTPS/JSON] [Container: Python] metadata
&7 Annotates spatiotemporal | [sau
data with selected Remote = "Store annotation results !
STOAT User 1t OnDemand|” Sensing layers. e
[Person] API Applications nnotation wit

[Container: Python] Il [Python]

! LS

A STOAT user who is either

anonymous or authenticated Provides functionality via a Start annotations with b Database

with MOL JSONHTTPS API. [Python] M [Container: PostgreSQL]
1 ~
I . STOAT Storage including:

: * Annotations, Analytics,
Setup batch Task Runner Container . RS Layer Metadata
t‘::;sn::;h [Conatner: Fython] tore annotation results
Environmental Layer Platforms A Run queued tasks which can {Python!SOL}‘
o [Software System] Trigger include annotations,
. . G COVelLRer: S summarization and emailing
Environmental Layer Providers Annotation Task Manager #id results

[Container: Pythan]

Manages all annotation tasks Get bim:liversi data 4
; Manages as requested by the user or [Pwhomsot{] Goog!e C}Ioucl Storage
0 the system. I [Container: Blob Storage]

; .
(I, i p e % s Raw and annotation data
i ) ! storage

Data Manager
[Person]

Data Manager has access to TOAT -
internal systems and processes @stem] /

w

CESTO

Earth Science Technology Office
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Technical and Science Advancements

—\

Task Runner Container
[Container: Python]

API Applications
[Container: Python]

i Run queued tasks which can
Provides functionality via a - ! include annotations,
JSON/HTTPS API. Uses : summarization and emailing
[Python] " results
1

Start annotations w

I R R |

[Python]
v )
™
Database
[Container: PostgreSQL]
DL Interface GEE Interface ESRI Interface
[Component: Python] [Component: Python] [Component: Python] RS Myeridiadets
Descartes Labs Google Earth Engine ESRI
platform interface platform interface platform interface
Google Cloud Storage
[Container: Blob Storage]
Annotation Service Raw data storage
[Container]

Makes API calls to !
[Python]

Environmental Layer Platforms
[Software System]

Environmental Layer Providers

Earth Science Technology Office
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Annotation Task Manager
[Container: Python]

Email System

[Software System]

Dequeue Controller
[Component: Python]

Task System Metadata
[Component: Python]

Provides metadata for the
platform where the task will
execute.

Manages all annotation tasks
as requested by the user or
the system.

Third-party email service

Select annotation jobs that
match criteria and start the
appropriate task.

1_ _Getatask from_J

[HTTPS]

Environmental Layers
Service
[Container: Python]

Maintains a list of

Remote Sensing layers
along with their metadata.

Annotation Service
[Container: Python]

Annotates spatiotemporal data

with selected Remote Sensing
layers.

C

\

Task Runner

ontainer]

Annotation Task Runner
[Component: Python]

Check and start an annotation
job.

Emall Task Runner
[Component: Python]

Sends emails to users.

[HTTPS]

Send email using

Database
[Container: PostgreSQL]

STOAT Storage including:
Annotations, Analytics,
RS Layer Metadata

Earth Science Technology Office
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Q
API Applications
[Container: Python]
Provides functionality via a Task Queue Controller Summary Controller |
JSON/HTTPS AP, [Component: Python] ool [Component: Python] Run task |
[Component: Python] [Python] :
‘Queues annotation job e . . Generates summary of the '
request Tn_ggers a task runner ‘annotation job' i
[} .
- IR
. Task Runner Container
Add a task to the queue Container: Pytho
[Python] " Get a queued task from f [Conminet: Feh]
[Python / Cloud Tasks] cron-job RiA various taeks
Annotation Task Manager including annotations,
[Container] summaries, emails, etc
" o

Earth Science Technology Office
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SDK Applications
[Container: Javascript/R/Python]

Applications based
on REST API

k 1 an'ﬁs to

' [HTTPS / JSON]

z A\
On-Damca::trﬁ‘r:z:naﬂons Batch :_Annqtatlons Controller Annot::t;t:‘n;oﬁ::nmaw
[Component: Python] [Component: Python] [Component: Python]
. oy Provides registered users ability . S o
" amnotato noiromatl |l | 1o mrotte teirirge-sose | W iy i o past annotaions
spatiotemporal biodiversity data. el po : - - and access them at a future data.
1 1
1 1
) i
AP Application | YUses Uses
[Conter:i?ner] [Python] [Python]
& - - Y

Annotation Service
[Container: Python]

Annotates spatiotemporal data with
selected Remote Sensing layers.

Annotation Task Manager

[Container: Python]

Manages all annotation tasks as
requested by the user or the
system.

Earth Science Technology Office
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Views pre-annotated
_ . Ppublicly available

and makes custom
annotations using

STOAT User
[Browser / RStudio]

[Person]

A STOAT user who is either
anonymous or authenticated
with MOL

1 Authenticates and uploads
1 biodiversity data using
[Web]

spatiotemporal data,

Web Application

Provides all of tha STOAT

[Component: Angular/Javascript]

Custom Application
[Component: R and Python]

~ Provides 'all of mé"S AT

Makes API calls to
[HTTPS / JSON]

API Applications
[Container: Python]

Provides functionality via a
JSON/MHTTPS API.

Map of Life
[Software System]
MOL provides research and SDK Applications
decision-making tools and services &[Contamer]
Authenticates wit, T

based large-scale biodiversity data

[HTTPS / JSON]

® e

® Umawcs

Y thbond lerhesd vedstcandes

ESTO

Earth Science Technolegy Office
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STOAT System a - o

[Software System]

The core system for == _— e ®
visualising and annotating E

spatiotemporal data with RS Uses = ﬁ -;-e :

layers. [Python]

Uploader
Authentication [Container: Python]
[Container: Python]

Species
[Container: Python]

Provides functionality to -
Keeps track of users and upload biodiversity data RIOvidos omatior: suot

: species, their taxonomy, and
their data. basadﬁgmﬂc"m other rich information

i
]
Uses : d
e ['é‘g’lj ! Uses
v : , [sau
Uses :
[say i i
Database Database
[Container: PostgreSQL] [Container: Users]
Access to various biodiversity data including ‘Store information about users.
taxonomy, expert data, and observed spatiotemporal e e
information
Map of Life MOL Authentication
{ [Container]
ststem] ) 5 J

Earth Science Technology Office
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) Google Cloud Platform

User Information
Cloud SQL

Biodiversity
Information
Cloud SQL

o

MOL API
User, Mapping, Biodiversity
App Engine

@~

____________

and Science Advancements

¥\ Microsoft Azure

Annotation Service
Virtual Machine(s)

o

Batch Annotations
ArcGIS Pro

—

Cloud Raster Format
Azure Blob Storage

I -Annotation Semce_{ { RS Layers

}
¥

9 ESRI Living Atlas

3 Time-series datastore

\.

("I Annotation API SiEDamand
é ‘App Service(s) nnotations —
ArcGIS Enterprise
2
S
5
5 -
£ - Cache P
kd Redis =z Timescale
G |
E - f
a b————Cache and annotated data
\ | 15
T Pre-Annotatons
_— i . - e r-\
B  High Perf Computin ‘a Bind | i" i&
h o

E I
f ) Google Cloud Platform
Application

L] ]
l

Raw Storage

Biodiversity
BigQuery

l

Pre-Annotations
Cloud Dataflow

@

Q Google Earth Engine ﬁ Descartes Labs Cloud Storage

Desktop | dock

" OCKer

— Task | I )
| STOAT AFPI @ Quedes I o)) Annotation Task
App Engine | App Engine
Annotations
- Summary Storage
I__ Cloud SQL
Metrics Annotation Storage

Cloud Datastore

Cloud Storage

Pre-Annotations

Q BigQuery
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Annotation Run Amphibians Birds Fishes Invertebrates Mammals QOther Plants Reptiles
CHELSA Precip, 10000m 1 Day 7.05x10° 435x10% 1.10x107 1.18x107 3.94x10% 995x10° 7.86x107 937 x10°

Count of
annotated
species
occurrence
records

CESTO

Earth Science Technology Office
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Annotation Run Amphibians Birds Fishes Invertebrates Mammals Other Plants Reptiles

CHELSA Precip, 10000m 1 Day 7.05x 105 435x10%8 1.10x107 1.18x107 394x10° 995x10% 7.86x107 9.37x 105

Count of CHELSA Precip, 10000m 15Day ~ 7.06 x 105  4.37x10% 1.10x107 1.18x107 3.94x10° 9.95x10%® 7.86x 107 9.38x 10°%
CHELSA Precip, 10000m 30 Day ~ 7.07 x 105 4.39x 108 1.10x 107 1.18x107 3.94x10%® 9.95x10% 7.86x 107 9.40x 108

annotated CHELSA Precip, 1000m 1 Day 7.04%x10° 434x10% 1.10x107 1.17x107 3.91x10%° 9.90x10% 7.81x107 9.36x 105
species CHELSA Precip, 1000m 15 Day 705%x10° 435x10% 1.10x107 1.17x107 392x10° 990x10% 7.81x107 9.38x10°
CHELSA Precip, 1000m 30 Day 7.06x10° 4.37x10® 1.10x107 1.17x107 3.92x10° 9.91x10% 7.81x107 9.39x10°

occurrence CHELSA Precip, 5000m 1 Day 7.05%x10° 435x10% 1.10x107 1.18x107 3.94x10%° 9.95x10% 7.86x107 9.37x 105
records CHELSA Precip, 5000m 15 Day 7.06x10° 437x10% 1.10x107 1.18x107 3.94x10° 9.95x10° 7.86x 107 9.38x 10°
CHELSA Precip, 5000m 30 Day 7.07x10° 439x10® 1.10x107 1.18x107 394x10° 995x10% 7.86x107 9.40x 105

Landsat8 EVI, 100m 16 Day 1.98x10° 2.03x10%8 1.16x10% 267x10° 8.13x10° 1.85x10%° 9.17x105 3.09x 10°

Landsat8 EVI, 100m 32 Day 261%x10° 2.63x10% 1.45x105 3.41x10% 1.06x10%° 235x10% 1.17x107 3.86x 105

Landsat8 EVI, 250m 16 Day 215%x10° 2.15x10% 1.23x105 2.88x10%° 877x10° 1.99x10° 9.85x10%° 3.26x 10°

Landsat8 EVI, 260m 32 Day 274x105 272x10% 1.48x10% 355x10% 1.10x10° 243x10% 1.22x107 3.98x10°

Landsat8 EVI, 30m 16 Day 1.79x10° 1.86x10%8 1.06x10% 231x10% 7.07x10° 1.58x10%° 7.79x105 2.89x 10°

Landsat8 EVI, 30m 32 Day 242x10°5 2.48x10% 1.41x105 3.05x10% 9.47x10° 2.06x10% 1.03x107 3.69x 105

Landsat8 EVI, 500m 16 Day 2.30%x10° 2.26x10% 1.28x105 3.08x10%° 9.35x10° 2.11x10% 1.05x107 3.42x 105

Landsat8 EVI, 500m 32 Day 285x 105 279x10® 150x10% 367x10% 1.14x10° 251x10% 1.26x107 4.08x 105

MODIS EVI, 1000m 1 Day 195x10° 1.91x10%8 1.83x10% 3.62x10° 1.27x10° 2.17x10%° 1.52x10’ 2.80x10°

MODIS EVI, 1000m 30 Day 566x10° 4.33x10% 7.35x105 7.46x10% 290x10%° 5.27x10% 4.07x107 7.33x105

MODIS EVI, 250m 1 Day 1.72x10° 1.62x108 1.50x10%° 252x10% 1.13x10° 1.55x10% 1.21x107 3.26x 10°

MODIS EVI, 250m 30 Day 411x10° 353x108 7.08x10% 581x10% 217x10°5 429x10% 366x107 6.30x 10°

MODIS EVI, 250m 90 Day 402x10° 3.49x10%8 3.46x10% 6.25x10° 225x10° 7.20x10° 2.25x105 4.79x10°

MODIS LST Day, 1000m 1 Day 1.06x10° 1.38x 108 2.67x10° 195x10% 593x105 9.18x10° 6.23x105 1.84x 1085

MODIS LST Day, 1000m 30 Day 3.19x10° 3.28x10® 6.19x10° 3.85x10° 1.51x10° 2.08x105 1.48x10" 467x10°
MODIS LST Day, 1000m 90 Day 1.16x10° 1.43x10% 1.16x10* 2.03x10° 540x10° 1.94x10° 556x10° 2.06x 10°
MODIS LST Night, 1000m 1 Day 1.17x10° 1.44x10% 2.71x10° 2.11x10%° 6.54x10° 1.02x10° 6.88x10° 1.87x10°
MODIS LST Night, 1000m 30 Day 3.13x 10> 3.27x10® 6.12x10° 3.84x105 1.50x10%5 2.06x10%° 1.48x107 4.81x10°
MODIS LST Night, 1000m 90 Day  1.30x 10° 1.50x 10% 1.45x10% 3.01x10° 6.88x10° 270x10° 7.60x10° 2.09x 10°

MODIS NDVI, 1000m 1 Day 195x10° 191x10® 1.83x10° 3.62x10° 1.27x10° 217x10% 1.52x107 2.80x10°
MODIS NDVI, 1000m 30 Day 5.66x10° 4.33x10® 7.35x10%° 7.46x10%° 290x105 5.27x105 4.07x10" 7.33x10°
MODIS NDVI, 250m 1 Day 1.72x10° 1.62x10% 1.50x105 252x10% 1.13x10%° 1.65x10° 1.21x107 3.26x10°
MODIS NDVI, 260m 30 Day 411%x10%° 353x10% 7.08x10° 581x10° 2.17x10° 4.29x10° 3.66x 107 6.30x 10°
MODIS NDVI, 250m 90 Day 402x10° 349x10® 346x10* 6.25x10° 225x10° 7.20x10° 2.25x10° 4.79x10°

CGSTO

Earth Science Technology Office
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Benchmarking results for key products + buffers: 10,000 records

Source

Product

Dataset

Spatial Buffer

Temporal Buffer

Mean Elapsed

Landsat 8

EVI

Global

30m

l6d

0:44:00

Spatiotemporal clustering

to increase

computational efficiency

@® Temporal buffers drive total compute time
e Comparable performance across products, faster for static layers

Time

®

@ Latitude
.\,@6

\/0(8 @
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Technical and Science Advancements

Benchmarking results for key products + buffers: 10,000 records

Source Product Dataset Spatial Buffer |Temporal Buffer [Mean Elapsed

Landsat 8 EVI Global 30m 16d 0:44:00
Landsat 8 EVI Global 250m 16d 0:40:30
Landsat 8 EVI Continental 30m 16d 0:36:00
Landsat 8 EVI Local 30m 16d 0:22:00
MODIS LST (Day) Global 1000m 1d 0:22:00
MODIS LST (Day) Global 1000m 30d 0:59:00
MODIS LST (Day) Continental 1000m 1d 0:20:00
MODIS LST (Day) Local 1000m 1d 0:20:00
ESA CCI Land Cover Global 300m 365d 0:15:30
ESA CCI Land Cover Global 5000m 365d 0:14:00
ESA CCI Land Cover Continental 300m 365d 0:13:00
ESA CCI Land Cover Local 300m 365d 0:13:30
TNC Global Human Modification Global 1000m Static 0:14:30
TNC Global Human Modification Global 10000m Static 0:12:00
TNC Global Human Modification Continental 1000m Static 0:12:30
TNC Global Human Modification Local 1000m Static 0:13:00

@® Temporal buffers drive total compute time

e Comparable performance across products, faster for static layers

29
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Technical and Science Advancements

R Library

O Search or jump to... Pulls Issues Marketplace Explore
H MapofLife [ rstoat @®Watch ~ 4 ¥r Star 0 % Fork 1
<> Code (1) Issues 3 11 Pull requests (*) Actions [71] Projects [T wiki

¥ main ~ Go to file Add file ~ About

rstoat allows for the easy

! rich9100 Fix download_sample_data(), remove vig... =  2daysago 7 integration of STOAT into
existing R-based
R Fix download_sample_data(), remove ... 2 days ago workflows, and provides
man Fix download_sample_data(), remove ... 2 days ago all the core

functionalities of the

Stoat R library (v0.2) Available now
at with .
BSD3 license IR

Extended documentation and
examples available in Vignette

CESTO

Earth Science Technology Office
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http://github.com/MapofLife/rstoat

Technical and Science Advancements

R package - Batch annotator

#1
Specify Annotation
occurrences for one
or more species

> ninox_result_dir <- download_annotation(job_list$annotation_id[1]) #2
Created directory: annotation_results Download
trying URL

annotated data as
R data objects

Content type 'applic
downloaded 2.5 MB

#3
Use data in local
analytical workflows in R

MODIS LST Day (degrees C)
10 20 30 40 50 60

2010 2011 2012 2013 2014 2015 2016 2017 2018 2019

ESTO

31




Technical and Science Advancements

Driving an
environmental
niche tab in
Map of Life

Grizzly Bear
Ursus arctos

L. d

Least Concern (IUCN 2017)

Landsat 8 - Enhanced Vegetation Index

100m, 16 days

Landsat 8 - Enhanced Vegetation Index:100m, 16

days

Ursus arctos: Landsat 8 - Enhanced Vegetation Index:100m, 16 days
1.00 L] ®
L] L]
0.75 H il -; 3 t‘.
. [ = 2 ®
s E A e 3% % A
0.50
0.25
000 — —
-0.25 o
© o @
L]
-0.50 . ")
L - ]
-0.75 .
-1.00
2013-05-01  2014-01-01 2015-01-01 2016-01-01 2017-01-01 2018-01-01  2018-09-01
Date
® Landsat 8 - Enhanced Vegetation Index
[
- »
'
=
* - J
. Fo®
3 a ] .
. LGl
a
g .
. o
AN
oa MIGES
© CARTO
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https://mol.org/species-dev/niche/Ursus_arctos
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Summary of Accomplishments and Future Plans

My datasets | Public
daTaseTy
European mammal atlas 2013 - 2017

87 641,582 72,971

SPECIES RECORDS UNIGQUE RECORDS

5
e eurnpavus »  MoanCludCowr . Land Surface Temperatura
Filter by: t Specie Variable 1 Varabie }
Bt Range
Calor occurmences by data type [ 1 Mark outlie n
Covatiance T Emaronmental Space - Univaiate

HE T T -

Future Plans

- System

- Improve computational efficiency

- Platform independence
- Web Interface

- Improve user guidance for variable selection
- R package

- Functions for effective variable selection

34
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Summary of Accomplishments and Future Plans

® Soft-launch of Projectat ESA 2020 virtual conference

o  Workshop:
o Poster:

e R-package pushed to CRAN

e STOAT Methods paper finished, ready for submission to Methods in Ecology and Evolution

Accomplished milestones:

» Data connectors to the three platforms complete
» Pre-annotations (for data up to that time) executed

Upcoming milestones:

* Environmental data reports available on MOL
 Final R library and documentation published on CRAN

09/20
12/20

12/21

03/21

35
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https://eco.confex.com/eco/2020/meetingapp.cgi/Session/17853
https://eco.confex.com/eco/2020/meetingapp.cgi/Paper/85131
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Publications

A toolbox for environmental annotation of spatiotemporal biodiversity and ecological data.
Richard Li, Ajay Ranipeta, John Wilshire, Jeremy Malczyk, Michelle Duong, Robert Guralnick,
Adam Wilson, Walter Jetz

Journal : Methods in Ecology and Evolution

Submission: submission Feb 2021

A unifying framework for quantifying and comparing n-dimensional hypervolumes. Lu, M., K.
Winner, and W. Jetz.

Journal : Methods in Ecology and Evolution

Submission: in review

Preprint:

Global cloud cover informed daily very high resolution downscaled land surface precipitation
Dirk Nikolaus Karger, Adam Wilson, Colin Mahony, Niklaus E. Zimmermann, Walter Jetz
Target Journal: Nature Scientific Data
Submission: submitted
Preprint:

G570
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https://www.biorxiv.org/content/10.1101/2020.11.21.392696v2
https://arxiv.org/abs/2012.10108

List of Acronyms

Acronym

Definition

CMS
CSV
DEM
DS
ESRI
MOL
GBIF
GCS
STOAT
API

QC

Content Management System.

Comma Separated Variables

Digital Elevation Model

Decadal Survey

Environmental Systems Research Institute
Map Of Life

Global Biodiversity Information Facility
Google Cloud Storage

Spatiotemporal Observation Annotation Tool
Application Programming Interface
Quality Control

38
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The bridge from canopy condition to continental
scale biodiversity forecasts, including the rare
species of greatest conservation concern

Jennifer Swenson, PI, Duke University
James Clark, Co-PI, Duke University

AlIST-18-0063 Annual Group Technical Review
5 Feb 2021
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GJAH i FEGAAM M L pha] g SPECIES MODELS
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Biodiversity habitats in
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~ offer insights for ST
species and N\
communities -
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https://pbgjam.org/

Future free habiiat suitability and community maps are preliminary. In the next few weeks, we will be
adding unceriainty layers for all maps, updaling maps for abundance-weighted habitat suitability for
frees, and finalizing the analysis of community shifis.

| ( smPLE LEGEND |

Explore: Habitat Suitablity

Taxa: Mammals

Small Mammals Birds Beetles Trees

Ottawa

Species: Microtus Ochrogaster / Prairie Vole

Map: 2070 RCP 4.5 Habitat Suitability

Toronto

e ; AT S Microtus ochrogaster Prairie Vole
N O Y fLre e
o Abundance-weighted habitat suitability per 100 trap nights

DD I:IIII

.o~ 1.25- 1.5 25
1 25 15 1.75
Use elevation, sonls & climate Use remote sensing inputs
Using these Using remotely sensed inputs
remote sensing inp of elevation,

provides future scenario tools hides future-y=ar tools
Chiargst=
Grecnills Set climate scenario CMIP5 RCP level RCP 45
Atlariia Represantative Concentration Pathways modeled: 4.5 and 8.5. More sbout RCP
Set year Show abundance
¢ Abundance
U 1 Y
2018 2040- 2070- Zras
2069 2099 Shov predictive stz_msiard error
Juclesondills relative to the predictive mean
Uncertainty
Show difference from 2018
in future time steps
Difference
Tomeén Monterrey Wl Explore more
Ml el Statistical output for mammals Interpreting these data
Havana
Canline HICAM Nad | iaéa 1 & | mmnd nnmmmen

€arth Science Technology Office




Input: Biodiversity data options

Small Mammals -

Input: Environmental data options

climate + topography + soils -

B2 VIEW HABITAT SUITABILITY MAPS

Model outputs for Small
Mammals

Mean posterior estimates: Fitted coefficients having
95% intervals that exclude zero. Use the dropdown
menus below (1) to display regression coefficients
for an explanatory variable in the model, (2) to color-
code each species by a trait, or (3) to switch
between common and scientific name.
Environmental variables explain variation in species
abundance across the map. Positive values [Mean
posterior estimate] mean that higher values of a
variable (e.g. high elevations) are associated with
higher abundance, and vice versa.

Environmental Variable

Apr-Sep precip-PET -

Color-coded by trait

Habitat -

To learn more about each trait click here

REGRESSION COEFFICIENTS SENSITIVITY COMMUMITIES

SENSITIVITY & REGRESSION COEF

ACCURACY

forest herbaceous shrub
Cotton Deermouse —
) Meadow Vole T
Woodland Jumping Mouse © |
Northern Shorttailed Shrew @
Whitefooted Deermouse @
Eastern Chipmunk 2
Southern Redbacked Vole -
Meadow Jumping Mouse -
Cinereus Shrew ' 1
Southern Shorttailed Shrew [
r Southern Plains Woodrat
e Thirteenlined Ground Squirre
» North American Deermouse
™ Fulvous Harvest Mouse
Xy Hispid Pocket Mouse
. Western Harvest Mouse
. Silky Pocket Mouse
. Hispid Cotton Rat
I Northwestern Deermouse
e Southern Grasshopper Mouse
. ‘Whitethroated Woodrat
. Northern Grasshopper Mouse
. Ords Kangaroo Rat
® Desert Pocket Mouse
L Merriams Kangaroo Rat
I ] ] I I
-0.6 -0.4 -0.2 0.0 0.2 0.4

Mean posterior estimate



The Bridge from Canopy Condition to Continental Scale Biodiversity

Forecasts, Including the Rare Species of Greatest Conservation Concern
Pl. Jennifer Swenson, Duke University

Objective

canopy Condition ¢,

3D&2D
. o Forest traits: T erSitVlFDOdweb For,
Advance open-source modeling ensemble to solve scientific- NEON lidar, oW Mact inference CCasyg
technical challenges and develop an accessible user & T b Rforecosting || Prosremning
interface to access raw and processed data. imagery | “voeen e & PO (MASTIF) statistical
. i i . . . Mastiff Seed production e T:::i::fans
* Model the impacts of climate change on biodiversity with a network A7 Sl o (R-cran)
focus on food energy fluctuations and thermal stress. fleld data N Open-mouzoe
L i i MODIS, - - g scftwal::e fCl:.‘
+ Make predictions across the continental US and into the phenology, Generalized Joint —...;  data dimension
i . thermal stress ey Dl (ReCRA)
future under climate change for forest mast consumers: mensures — (SAM) S
ground beetles, birds and small mammals. (EcoStress, - Climate change projections Development of
DroughtEye) - Rare species. w_suailzatlon
" . . pertal cpen
+ Target additional challenges of spatial scaling and A source & ESRI
.. .. . NEON data -Masting trends & preds. :
conditional predictions for rare species. on beetles, -Mast consumers: distb & abundance Web Portal of
mammals -Rare species conditional preds. model predictions
& birds -Canopy traits/structure maps and inputs

Wire diagram: Canopy condition to continental scale biodiversity forecasts

Approach Key Milestones
Advancing open-source modeling ensemble to solve scientific-
technical challenges and develop an accessible user interface to - Data assimilation/preprocessing 11/20
access raw and processed data: o .
Uod | biodi ) » Canopy characterization linked to traits and 05/21
pdate latest bio |ve.rs.|ty SUVeys. _ ) reproductive effortin GJAM
* Incorporate new statistical up- and down- scaling approach with _
non-smooth spatiotemporal dependence. * GJAM-MASTIF Model improvements 05/21
* Innovate conditional predictions for rare species via * Mast & consumer prediction local & national 11/21
improvements to the generalized joint attribution model (GJAM) o _
and mast inference and forecasting model (MASTIF). * Full development of Biodiversity Portal 02/22

» Develop biodiversity web portal to host field, predictor, and new
modeled distributions that allow user interaction and multi-
dimensional web visualizations.

Co-PI: J. Clark, Duke University

TRLin =4 TRLcurrent =4

G570
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Background: Ecological Forecasting

%+ Technical framework:

Automated workflows and probabilistic framework linking
biodiversity and remote sensing for impacts of climate change on
plants, ground beetles, birds and small mammals

* Challenges:
* Link remote sensing to high-dimensional canopy characteristics
« Predict species of conservation concerns, accommodating
dependence structure

“* R&A and Application science goals:

Biodiversity & Ecological Forecasting: “factors that determine the
distribution, abundance, movement, demographics, physical or
genetic characteristics, behavior, and/or physiology of organisms on
Earth ...development of remote sensing tools, techniques, and
associated models”

G570




Objectives:

Advance open-source modeling ensemble to solve scientific-technical challenges
and develop an accessible user interface to access raw and processed data.

s Science objectives

« Evaluate climate change impacts on biodiversity, including species interactions and
thermal stress.

 Predict efforts on mast consumers: ground beetles, birds and small mammals.

s Technical objectives

« Advance and integrate open source Bayesian analysis of environment-species
interactions

» Develop data cube processing workflows for NEON observations and remotely sensed
imagery

« Coherent, probabilistic inference and prediction of community change, including
conditional prediction for rare species.

« Expand pbgjam.org site to a Biodiversity Portal with data, statistical, and cartographic
visualizations.

G570
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Technical Advancements Summary

Remote Sensing workflow: 1-m 3-D canopy structure and
characteristics (lidar + hyperspectral) for all NEON sites linked to
land surface products from MODIS/VIIRS and soils;

gjamTime: dynamic statistical workflow to quantify environment-
species interactions

MASTIF: dynamic inference food supply

Dimension reduction: exploit spatio-temporal dependence in
large arrays of remotely sensed canopy and climate

Conditional prediction: rare species of conservation concern.

10
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Science Advancements Summary

Continental-scale tree mast
» biogeographic fecundity and recruitment hotspots

« fecundity change driven by indirect climate effects on
growth

Tree Migration: Tree migration is happening now, slowed in
the East by fecundity, tracking climate in the West and North

Foliar traits and mast: crown-level correlations between
fecundity and foliar traits, collaboration with Phil Townsend.

Communities driven by environment-species interactions:

dynamic community responses in progress for birds and
ground beetles to climate change

11

G570



Technical Advancement:
Overview

—Biodiversi W:;;aaz
survey

“Remote Sensing
Input

GJAM/
GjamTime

Modeling framework

NEON AOP Diverse Community (only
NEON can provide such
Hyperspectral foliar traits (with opporunity) Probabilistic framework with full

uncertainty for data, parameter,

Townsend Lab)
,process, and prediction

Vascular Plants

Lidar 3D canopy structure and
terrain attribtue

Non-Gaussian for both space and

Other land surface products
Birds Direct interpretation on
parameters and predictions

Soil and Climate conditions S Y |
ma ammails Multiple Data types and deal with
zero inflation data

ECOSTRESS drought index

Conditional prediction for

MODIS/VIIRS Phenology and
Productivity different communities (beetles
[ 1 and plants)

Multiple covariates at different
scales

Dynamic model for species
interaction inference and
prediction

Pulsed seed and fruit prediction
for North America
Open source

To date, first continental scale
prediction

CESTO

Earth Science Technology Office
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Technical Advancement:
NEON Comprehensive Biodiversity Data Collection

NEON Field Sites Map ) |N€&N

6 - PRAIRIE
PENINSULA

wONA WOz
;-;UKOS

O NOAB

D13: SOUTHERN ROCKIES
& COLORADO PLATEAU

Maxy
0ELAMDarwa

@ core Torrestrial
) Relocatable Agquatic
) Relocatable Core ot

cience Technology Office

13



Technical Advancement:
NEON Comprehensive Biodiversity Data Collection

20 meters
¢

N ]
Distributed Base Plot<- e (5] P ey a4t H@]rointsl
40m e %
‘ 40.3.10 41.4.10
© vapo vy |
A bl
20m
P —— ! 40.1.10 41.1.10
: | o L J
[0]«——40.1.1 0] 41.1.1
: } 31.4.1 »[_*‘\ 3241 > 0]
| e a ® 322810
o * 5 O
traplD (W) | | trapID (E)
: 1 & ®
31.1.10 32.2.10
) ®
O (] i s 5 32.2.1 -[—‘,
@ trapiD (5) | o

Legend

o Beetle pitfall I:‘ Biodiversity subplot

14,000 observations @ Core Terrestrial Sites
« Consistent design

N EON b|0t|C data « Multiple species groups: plants, trees, ground

beetles, birds, small mammals.

G570
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Technical Advancement:
Mast Inference and Forecast (MSTIF)

WM TZHQE% v
I MEOV-TSRN DSP

GLCR2, HEME ,MORA

VISP

MASK
COCH.\&)UPT

I ASWR LOMPT
MICH =V BART
PAFA SORE—UMBS HBEF gHARY

g OEGorE
YELL /HOTC /HAYM W "WNTREE

HOTC ,HAYN
éT/ ")H"." 10 _\WACA

UNDE

GLPA ;N Y EPENN
SOAP CBTSﬁ/ YOSE / J MORATN ot SCBIseqc
AT ASA (@ . '._ ”‘/.»"}:— ) . <
ucs s ASA rone gUkES, mes Q-
e N o e 7 KeNT wusL  GRANN. CROA
/ g SUCR VIVES
WFRS 043 cunm  MARS Sy oLsr
SEQU GSNM  WINO JT' ) 2 SASF ~GRSW
MB
WHIT" Fo BRSF-T,
MONY iy
UsS
DSNY

T

Long-term monitoring
network plots and crop-
count locations.

800 plots, 7M trees

Base of the forest food
web combines
monitoring and
opportunistic sampling

ESTO
Earth Science Technology Office
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Technical Advancement:
Data integration & remote sensing workflow

Nitrogen

. B Y
Photosynthesis absorption rate
+ LMA « Chlorophylls
« EWT « Carotenoids
+ SLA « Sugars

=
Poen.

Foliar traits for tree mast

- Carbon - Starches

o saeS

estlmatlon ."b"u + Nitrogen + Phosphorus
[ 4
Collaboration with the Townsend lab ifef| - Celllose -+ Potassium
4 * Lignin « Calcium
- .. " RACt R , « Water + Sulfur
Spectral indices as canopy characteristics AT 0, o [N

for biodiversity modeling

cience Technology Office
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Technical Advancement:
Data integration & remote sensing workflow

Forest canopy structure |
« Understory habitat structure

« Crown delineation for individual

Current: Beetles, plant, tree field plots _
tree attributes

Ongoing: wall-to-wall mapping across
entire NEON site

Earth Science Technology Office
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Technical Advancement:
New Statistical Approach

gjJamTime
guantify and predict environment-species interactions

 The emergent interactions that govern biodiversity change, PNAS
(Clark, et al. 2020)

« Code on CRAN: gjam 2.3.0
e Tutorial here:
* Vignettes:

G570

18


https://rpubs.com/jimclark/631209
https://cran.r-project.org/web/packages/gjam/vignettes/gjamVignette.html

Technical Advancement:
New Statistical Approach

Modeling spatial bias in citizen science data

Citizen science databases like ebird and iNaturalist need bias-correction

Point-process to account for location and effort bias

Novelty: will allow us to evaluate species distribution and abundance accounting
for citizen science bias

Tang et al., in revision, Modeling Spatially Biased Citizen Science Effort Through the
eBird Database, EES, 2021
CEST0
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Science Advancements:
Continental-wide prediction of tree fecundity

] ] Fecundity (seed mass/Basal Area)
» The biogeographic hotspot for ;

fecundity

* Fecundity change driven by

indirect climate effects: through kg/BA
tree growth and stand structure ““n
1
a Response b Direct effect ¢ Full effect
= Response X climate change = Direct + indirect
Z “.:&._“. ey y‘ v 2
o — - : i 25 ,:_) a’_
£ PR i" "< <7/ = .\"25 3 ' :—:,‘ 5[/’
g’ 3{_, (R ) &\IJ \%C 3 X % 0
5 10, ) I"'/ 0025, (g 0.1\ T
n -0.2 0.010" Tk

Clark et al., in press Nature Communications

ESTO
Earth Science Technology Office
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Science Advancements:
Migration study

a) Current habitat suitability b) Suitability change

Can tree populations track climate
change?

] ,' 2
: : : i
First continental scale synthesis of tree ¢ o
fecundity and recruitment rates N
change

Species in the North and intermountain
West are moving now.

Species in the Southeast are lagging \,__,_>
E?f;\,{w H e
L& ¥
<

&k
v

Sharma et al., in review

ESTO
Earth Science Technology Office
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Science Advancement;:
Tree mast and Foliar Traits at individual tree crown

Substantial differences in foliar traits Weak correlation between foliar traits and
across species; NEON Mountain Lake Biological fecundity (more sites to be added)
Station

querRubr

Nitrogen | o
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Science Advancement:
gjamTime captures environment species interaction

A Chimney swift B Common grackle C American goldfinch
Environment-species P A L Nedi ks 3
interactions guantifiable WANELY YA Y 3P
with full uncertainty ' S .

s Sy

Applications to determine .. ¢ 2 . LT
impacts of climate 1.8 o 5 B o 8 H s 7 g §
change when species § 8 & g2 - M 'S 2

Equilibrium abundance
1.0 20
1 \ |
dey
e

are responding to other | J \ ) }‘?H NEAA 2
species that are also 14, JJ . ‘-' a_ﬁ | Wl i HH M J r ) jf:_z? ) Af}a

responding to climate SN o) S
Chang e Temperature (+ 2.5 standard deviations) by cover type

Response to temperature depends on land cover

Clark et al., PNAS 2020
ESTO
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Science Advancement:
Technology application for biodiversity modeling

Beetles response to multi-scale environment variables

- most important variables
2 for community dynamics
o Soil C
Summer
Leaf N deficit
> S Leaf
2 % 4 Aspect2 Slope
ZE' 2 Soil CEC Chlorophyl
(V)] .
Winter : .
é temp NEON SOIIngd

Aspectl Hyperspectral 250

5e+00
|

Shuttle Radar  paymet
| Topography
Elevation

5e-01

4 ’
Earth Science Technology Office
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Science Advancement:
Technology application for biodiversity modeling

Community response to environment can be grcouped by traits

13

Species § % %
f.% n =
2 4

Granivorous
Omnivorous
O Predaceous

Diurnal
= ™ Nocturnal

Active Flier
Reluctant Flier
Flyless

High climber
B Low climber

Burrowing
Non-Burrowing

= - =

negative 04 I I 05 Positive

——l' .-
= {
i
Earth Science Technology Office
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Science Advancement
Exploration of other NASA products

Continue to include/test NASA products in the mastif/gjam
model:
- MODIS and VIIRS Phenology to model tree mast

- MODIS Land Surface Temperature to model ground beetle
abundance

- GEDI forest height model to estimate tree mast
- ECOSTRESS for the drought stress western sites (e.g.SOAP)

G570
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Summary of Accomplishments

Task 1. Environment-species interactions:

s Dynamic GJAM (gjamTime) applied continent-wide
% Spatial biases in citizen science data: ebird and BBS
+ Conditional prediction: tested using ground beetles and vascular plants

Results: open-sources R packages

Task 2: Remote sensing workflow:

v NEON AOP Lidar processing (Point cloud data to canopy characterization)
v NEON AOP Hyperspectral data (1-m resolution)
v With Townsend lab re-preprocessing hyperspectral (BRDF, etc.)
v Soil fertility from soilgrid250 (250-m spatial resolution)
v Canopy segmentation with Lidar

Anticipated results: continental-wide workflow for multi-scale covariates

Technology development

Task 3: Biodiversity analysis
¢ Plants: crown delineation to link tree mast and foliar traits
*» Beetles: dynamic response to climate change and habitat
 Birds: integrating BBS and ebird
Anticipated results: development of gjam/mastif food web

Technology application

G570
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Future Plans

Next 6 months

 Remote sensing workflow:

» Integration of Hyperspectral, lidar, MODIS/VIIRS
land surface products, soil, terrain, etc. to modeling
mast and biodiversity

« ECOSTRESS testing for drought-stressed NEON
sites

« Modeling: rare species, mast consumer prediction, up-
/down-scaling with uncertainty

* Prediction of mast consumers: mammal, birds, rare
species

» Website/portal: begin design & implementation

G570

29



PBD? https://pbgjam.or -
GJAM £ PBGJAM Menu p pogj d SPECIES MODELS

///'}1'
PBGJAM 4

__Biodiversity habitats in

" transition: big data

~ offer sights for
species and
communities - e

, ; SRS, (T
We applytheatest advancements in technology and statistics o) J; e RN
forecast the effects ofa changing climate.on the'abundance and g > x ;
distribution/of America’s wildlife \ : TR

SPECIES MAPS [ SPECIES MODELS J B S, 350 W v
. AN ) - w7 * NG, ~”uu’\h‘,\:"\

. ~ . A .. N W BRI /
f & ‘ s R ' N e
s @ R R M T



https://pbgjam.org/

Presentation Contents

* Publications - List of Acronyms

ESTO
Earth Science Technology Office

31



Publications

Publications
Clark, et al. In press. Continent-wide tree fecundity driven by indirect climate effects. Nature Communications

Clark, J. S., C. L. Scher, and M. Swift. 2020. The emergent interactions that govern biodiversity
change. Proceedings of the National Academy of Sciences, 202003852,

Qiu, T., C. Song, J. S. Clark, B. Seyednasrollah, and N. Rathnayaka. 2020. Understanding the continuous
phenological development at daily time step with a Bayesian hierarchical space-time model: impacts of climate
change and extreme weather events. Remote Sensing of Environment, in press.

Conference Papers

IGARSS:

Community reorganization response to climate change: species interaction, state-space modeling, and food webs. Jennifer

Swenson, Tong Qiu, Amanda Schwantes, Christopher Kilner, Chase Nunez, Lane Scher, Shubhi Sharma, James S. Clark

ESA:

Capturing emergent interactions that govern food web dynamics with climate change. Tong Qiu, C. Lane Scher, Margaret E.
Swift, Jennifer J. Swenson and James S. Clark

Is citizen science a reliable source of big data? Identifying biases in eBird records. C. Lane Scher and James S. Clark

Understanding the diverse responses of South African savanna communities to climate change Margaret E. Swift, Steven I.
Higgins and James S. Clark

North American tree migration paced by fecundity and recruitment through contrasting mechanisms east and west Shubhi
Sharma et al.

Interactions that control the pace of forest change in North America. James S. Clark et al.

AGU:

Dynamic responses of ground beetles to climate change and habitat characteristics Tong Qiu, Christopher Kilner, Jennifer
Swenson, and James S. Clark
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https://doi.org/10.1073/pnas.2003852117

Acronyms

List of Acronyms

AOP Airborne observation platform

CRAN Comprehensive R Archive Network
GJAM Generalized Joint Attribute Model
MASTIF Masting inference network

NEON National Ecological Observatory Network
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GeoSPEC (renamed ImgSPEC)

Philip Townsend (PI, U. Wisconsin, Madison)
Natasha Stavros (Co-1/JPL Lead exiting, JPL, Caltech)
Hook Hua (Co-I/JPL Lead entering, JPL, Caltech)
AIST-18-0043 Annual Review for February 5, 2020




On-Demand Geospatial Spectroscopy Processing
Environment on the Cloud (GeoSPEC; renamed ImgSPEC)

PI: Philip Townsend, University of Wisconsin - Madison

Objectives
* Prototype a science data system to satisfy SBG'’s

unprecedented data volume and user/algorithm diversity.

* End-to-end on-demand cloud framework for imaging
spectroscopy Level 1 calibrated radiance through Level
3+ products including atmospheric and surface reflectance
retrieval, BRDF correction, topographic correction, L3
retrieval algorithms, mosaicking, and analytics

* Focus on SBG vegetation algorithms in 2017 ESAS.

* Implement alternative open-source algorithms and user-
defined parameterization

* Link to existing algorithm databases (EcoSML.org) and
spectra (EcoSIS.org)

* Maintain provenance of on-demand user workflow with
opportunity to modify as algorithms improve

Airborne Data
Collected by
NASA

Pre-processing
(JPL)

User-guided Pre-
processing Workflow
(e.g. HyTools)

High-Level Products
(e.g., Trait Mapping

from EcoSML)

Cloud/

AVIRIS-Classic Shadow

L1 Radiance

L2
Reflectance

. 1
I
Refined 3
Reflectance
| |

Topographic

AVIRIS-NG Correction

N,

off-ramp to custom
algorithms or processing

JPL SDS

N,
N

e e e e e e
Intermediate products and/or

Correction

\gn-ramp

~

Amazon Web
Services

Workflows with
user on-demand
selections

Trait
Algorithms

L)
L4
Intermediate
Products

i
Locally-specific spectra,
basemaps, climatology, and
subsets (ISOFIT, EcoSIS)

User -~
User

supplied

v
Products
distributed and
retained

Example workflow for vegetation traits. Solid lines: default workflow. Dashed lines: user-provided
configuration options to improve corrections (e.g. L2 atmospheric/BRDF using spectra from EcoSIS in
ISOFIT), implement alternative trait algorithms (e.g. from EcoSML), or eventually supply new

algorithms.

Approach
» Leverage Earth/GIBS visualization and image mosaicking

technology, Common Mapping Client (CMC) open-sourced
software for predictive analytics

» Overcome download data volumes with Amazon Web
Services platform accessing NASA AVIRIS-C and AVIRIS-
NG spectra from JPL science data system

* Implement on-demand analysis with user on-ramps and
off-ramps for alternative workflows with higher
computational needs or customized parameterizations

Co-I’s/Partners: Natasha Stavros, Hook Hua, Thomas
Huang, Winston Olson-Duvall, David R. Thompson, George

Chang, Sujen Shah, Justin Merz, William Phyo, Ryan Pavlick

Key Milestones

+ ImgSPEC portal and connection to AVIRIS SDS

06/20

« Workflow testing on AWS with ISOFIT (atmospheric corr.) and

HyTools (BRDF/topo corr. and veg. trait maps)

11/20

- Demonstrate full workflow including EcoSIS/EcoSML API 05/21
« Full demonstration of on-demand processing with on- and off-

ramp options

TRLin = 3 TRLcurrent= 4

5

02/21 AIST18 Townsend/Stavros et al.

2

10/21

TRL oy =
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Background: SBG DO Study

 The most recent Earth Science Decadal Survey was released by the National
Academies in 2017

* 5 Designated Observables (DOs) — the most highly recommended Earth
observables to change the current understanding of the Earth System

» Surface Biology and Geology (SBG) — open data access global imaging
spectrometer at regular repeat observation

ESTO




SBG
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SBG

e “Chemical Fingerprint of the Atmosphere and Earth’s Surface”
= dozens of information value-added products

« Backwards compatible with a 30-year record = huge existing
user base

e Barriers to use: Big data — volumes and processing
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Low

High

SBG Data is Valuable to a Broad Range of Users

INFORMATION DENSITY

ARAR
A

General Public
& Policy/Decision Maker®
EPORT CARD

Stakeholder Groups & Officials
Management Community

Scientific Community

INFORMATION SYNTHESIS

High

Low

Types of Users

Field scientist mostly interested in remote data at point
locations

Remote Sensing algorithm developer

Technician providing data processing support
Researcher using remote sensing data as a tool in
statistical and modeling experiments

Software developer generating tools and services of
value

Manager using data visualizations to inform decisions
Educator/Student working on limited scope class
projects

Disciplines

Hydrological Cycles, Water Resources and Aquatic Ecosystems
Weather and Air Quality

Terrestrial Ecosystems and Natural Resource Management
Climate variability and Change

Earth Surface/ Geology

ESTO




ImMgSPEC focuses on a Subset of SBG users

Types of Users
i i i i » Field scientist mostly interested in remote data at point
locations
i i i « Remote Sensing algorithm developer
- Technician providing data processing support
Generl « Researcher using remote sensing data as a tool in

& Poli Cy/Dec ision M;keﬁ

High

2
S
-~

statistical and modeling experiments

- Software developer generating tools and services of
value

- Manager using data visualizations to inform decisions

- Educator/Student working on limited scope class
projects

Stakeholder Groups & Officials

Management Community

INFORMATION DENSITY
INFORMATION SYNTHESIS

Scientific Community

High
Low

Disciplines
- Hydrological Cycles, Water Resources and Aquatic Ecosystems
- Weather and Air Quality
« Terrestrial Ecosystems and Natural Resource Management
- Climate variability and Change
- Earth Surface/ Geology

ESTO
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ImMgSPEC Objective

For the terrestrial ecology use case, demonstrate an
end-to-end, on-demand, processing platform on the
cloud for imaging spectroscopy Level 1 calibrated
radiance data through Level 3+ information products
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Problem we want to solve: many plausible
algorithms for same “product”
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Quantifying forest canopy traits: Imaging spectroscopy versus M s
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Gregory P. Asner 1
Department of Globol Fcvlbgy, Shimoga

Foliar functional traits from imaging spectroscopy across biomes
in eastern North America

Zhihui Wang' (9, Adam Chlus' (3, Ryan Geygan', Zhiwei Ye' (3, Ting Zheng' (3, Aditya Singh® (9,

John J. Couture® (1), Jeannine Cavender-Bares* (3, Eric L. Kruger' (3 and PhiAlip A. Townsend' () Sholayar
Imaging spectroscopy algorithms for mapping canopy foliar chemical
and morphological traits and their uncertainties
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Problem we want to solve: multiple different
processing workflows
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Intermediate processing (e.g. BRDF

correction)
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Context and Setting the Stage for Infusion

The ImMgSPEC premise is that data distribution from SBG will differ
dramatically from current approaches; specifically, in relation to the number
of potential products, algorithms, and pre-processing steps

— Aligns with ongoing discussions with Kevin Murphy about a science data
system as a service

— Builds on Multi-mission Algorithm and Analysis Platform (MAAP)

— Builds on another AISTs: 1) Smart, on-demand for multi-temporal SAR; 2)
GJAM, 3) MOL

Rather than locking users into a specific processing flow, ImgSPEC provides

on-demand, customized processing workflows that support SBG Pathfinder
SISTER:

— Maintain provenance

— Enable Reproducibility

— Limit data download bottlenecks

— Limit scope of development of all possible SBG products

— Limit costs for reprocessing an entire data set when algorithms improve

ESTO
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Programmatic Objectives

Develop an on-demand SDS for distributing new and existing L2+ imaging spectroscopy
data from:
» AVIRIS-classic and Next Generation, which currently distributes L1 and L2
« NEON
 SBG, a “designated” spaceborne global imaging spectrometer (ESAS, 2017) with
>100 different potential algorithms for Level 1+ data products

Expand use of existing imaging spectroscopy data by non-remote sensing experts:
* Functional diversity and vegetation evolutionary lineage (collaborator Jeannine
Cavender-Bares)
* Predictive mapping of animal distributions (collaborator Walter Jetz: MOL)
* Quantify aspects of ecosystem function (collaborators Jennifer Swenson/Jim Clark:
GJAM)

Relevant to multiple programs in the NASA Earth Science Division:
« Direct: Terrestrial Ecology (Hank Margolis, ABoVE), Biological Diversity (Woody
Turner), Ecological Forecasting (Woody Turner) [SBG Precursor], Land Cover/Land
Use Change (Garik Gutman)
* Indirect: Ocean Biology and Biogeochemistry (Laura Lorenzoni) and Water
Resources (Brad Doorn)

Leverage previously funded NASA tech: EcoSIS, EcoSML, HySDS, and SDAP CESTO

15
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Technical Advancements

Prototype on-demand AVIRIS SDS that:
1. Automatically ingests data from the AVIRIS SDS and ORNL DAAC

2. Processes user-defined, on-demand Level 1 to Level 3 data
3. Enables three levels of user interaction:
* prescribed start-to-finish workflow with existing algorithms
» prescribed workflow with user parameterization or algorithm selection for
processing at different stages
« workflow that allows user off-ramps and on-ramps to the processing
4. Includes metadata to maintain
provenance and enable reproducibility  “GREiE TTEST ecessing workiow (o, Trat Mapping
5. Provides a GUI for visualizing the data ... £ .
and produce on-the-fly data analytics QUSRS —RECEEEY AR . Serviows
and cloud optimized GeoTIFFs i 3 oo
6. Enables download of a CSV containing [ /| p— zn
data used in the analytic plots el /M c e
7. Open-source and archive IngSPEC = T £58
software ' B
subsets (ISOFIT, EcoSIS) retained
EST0
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Technical Advancements: INgSPEC design leverages component
technologies to create an on-demand, cloud-based science data system
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6-month Update Overview

« System Tests 1 & 2
* Documentation:
* Metrics for Return on Investment
* Interface Control Document
« Data formats and metadata standards for imaging
spectroscopy and on-demand data product generation
« Continued partnerships with collaborator AISTs, JPL
Unity and SBG Pathfinder (SISTER)

ESTO
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System Test 1

ImMgSPEC Common Metadata Repository (CMR)
AVIRIS SDS Interface
Algorithm Development Envrionment (ADE) - The ADE is the web-

based interface that end users utilize to search for data, edit and run code,
and also execute jobs using the HySDS back-end

— NOTE: Eclipse Che 7 not yet ready implemented; instead, this Jupyter
notebook used for Test 1

MAAP API - centralized software interface allowing the ADE to make
requests of back-end services like CMR, the Gitlab registry, and HySDS
Gitlab and Gitlab-runner - Foundation for registering algorithms with
ImgSPEC and building their Docker containers for execution

Data Processing System (DPS) - HySDS functions as ImgSPEC's DPS,
providing a scalable, cloud-based data processing back-end for executing
jobs

Amazon Web Services (AWS) - IngSPEC is built on AWS in accordance
with JPL cybersecurity rules

21
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Jupyter Notebook Deployment

" Jupyterhub System_Test_1 Last Checkpoint: 09/30/2020 (autosaved) Logout  Control Panel

File Edit View Insert Cell Kernel Widgets Help Trusted | Python3 O

+ < @A B 4 ¥ PRin B C » Markdown j (o)

ImgSPEC System Test 1

The primary goal of System Test 1 is to execute a default run of HyTools as a containerized job on HySDS using input data distributed by the AVIRIS SDS. In
order to achieve this goal, several key ImgSPEC components have been installed and configured including:

* ImgSPEC Common Metadata Repository (CMR) - The CMR is a searchable repository of flight line metadata which also provides the back-end for the
EarthData search GUI.

* AVIRIS SDS - The AVIRIS SDS provides metadata for CMR ingest and also hosts the flight line radiance and reflectance data products (also referred to as
data granules below).

* Algorithm Development Envrionment (ADE) - The ADE is the web-based interface that end users utilize to search for data, edit and run code, and also
execute jobs using the HySDS back-end. NOTE: ImgSPEC's ADE is expected to be Eclipse Che 7, but this component is not yet ready for demonstration.
Instead, this Jupyter notebook will be used as the ADE for the system test (see additional notes below).

* MAAP API - The MAAP api provides a centralized software interface allowing the ADE to make requests of back-end services like CMR, the Gitlab
registry, and HySDS.

» Gitlab and Gitlab-runner - These components provide the foundation for registering algorithms with ImgSPEC and building their Docker containers for
execution.

» Data Processing System (DPS) - HySDS functions as IngSPEC's DPS, providing a scalable, cloud-based data processing back-end for executing jobs.

* Amazon Web Services (AWS) - IngSPEC is built on AWS in accordance with JPL cybersecurity rules.

In the activities below, we will demonstrate the basic functionality and connectivity of these components.

IMPORTANT NOTE: Without the graphical features of the Eclipse Che ADE, the examples below are all executed inside this notebook using Python
or Bash commands. Please note that IngSPEC users will not be required to learn these commands. They are just placeholders for user interface
features yet to be implemented. To give you an idea of what Eclipse Che looks like, here is an example screenshot taken from MAAP that can be
used as a reference for the direction we have planned.

ESTO
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System Test 2

e Introduce Algorithm Development Environment
(ADE) - main user interface to develop algorithms,
locate data, and execute jobs through many
workspace options (Jupyter, RStudio, etc)

e Use Earthdata search client

e Demonstrate ISOFIT fully-open source atmospheric
correction registration with ImgSPEC in ADE

e Run a ISOFIT job through ADE to backend

e Demonstrate final publication of data products to
Earth data search

ESTO
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Metrics for Return on Investment

 Reduced download times (Req 3)

— Download time for flightline/flight box from FTP vs.
Download AWS

— Download time for flightline/flight box vs. download
CSV at relevant points from AWS

« Easy provenance for reproducibility (Req 7)
— Reproducible L2+ product from given metadata

« Scalable work environments (Req 4-6)

— Processing time for variable size jobs as an AWS
job vs. AVIRIS SDS job

ESTO
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Imaging Spectroscopy
Data Formats and Metadata

e Coordinating with MEET-SBG and SISTER
e Defining UMM-C and UMM-G science key words

 Data Formats:
— Assume ENVI format coming in
— Work in COG
— Still TBD: Export to nc4 or ENVI format

 Metadata: What is needed by scientists to reproduce
a granule?

— Link to code that generated it including all subsequent data
product levels: “PGE + version”

— Coefficients (parameters for a model):
— Ancillary data -- “input granules”

ESTO
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Plan Forward

Aug 2020 System Test 3: Interface with EcoSIS

Start Date |Due Date |What

9/1/2020 1/30/2021 |Read ECOSIS API into ImgSPEC ADE

1/15/2021 |2/7/2021 Setup iframe in ADE of EcoSIS

2/7/2021 2/14/2021  |Search for EcoSIS spectra through iframe in ADE
2/14/2021 |2/21/2021 |Use EcoSIS spectra in ADE in ISOFIT

1/15/2021 |2/21/2021 |Define write spectra to EcoSIS interface

1/15/2021 |2/21/2021 |ORNL Interface: ORNL data ingest to INgSPEC search
1/15/2021 |2/14/2021 |Implement ImgSPEC ADE login through UAT-URS
1/15/2021 |2/21/2021 |Set-up new HySDS system to enable auto-scaling
1/1/2021 2/21/2021  |System Test 3: ISOFIT with EcoSIS spectra
2/21/2021 |2/28/2021 |System Test 3: User Acceptance Testing

ESTO
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Summary

COVID complicated staffing
* As of October fully staffed at JPL and U Wisconsin
« JPL Co-Il on extend leave returned
« JPL Product Delivery Manager moving to CU Boulder as Co-l;
new PDM
« Ramping up FTE to mitigate risks and catch-up on spending
System Test 1 Completed
« Descoped to Jupyter Notebook with Eclipse Che Deployment
deferred to Test 2
« User Acceptance Testing
System Test 2 Completed
« Tested Algorithm Development Environment and HySDS
interface with fully-open source ISOFIT
 Demonstrated CMR faceted search and interfaces
Continued collaborations with fellow AIST projects, SBG Pathfinder
(SISTER), JPL Unity, and MAAP

28
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Publications/ Conferences

* Publication in draft on the user-centered design approach
with ImgSPEC as the case study (Aim: Research
Technology Management)

 Made the ESTO news story about coordinated
Biodiversity AIST projects

« Attended ESTF 2020 virtually

« Keynote address planned at Apache Con in September
by Co-l Huang

* Invited speaker at AIST session for AGU

« Spoke at AGU in virtual e-lightening

ESTO
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Acronyms

List of Acronyms

AGU American Geophysical Union

API Application Programming Interface

AVIRIS Airborne Visible Infrared Imaging Spectrometer

BRDF Bi-directional Reflectance Function

CMC Common Mapping Client

collab collaborator

CSV Comma-Separated Values

EcoSIS Ecological Spectral Information System

EcoSML Ecological Spectral Model Library

ESAS Earth Science and Applications from Space Decadal Survey
GeoSPEC Geospatial Spectroscopy Processing Environment on the Cloud
HySDS Hybrid Science Data System

ISOFIT Imaging Spectrometer Optimal Fitting

NEON National Ecological Observation Network

ORNL DAAC Oak Ridge National Laboratory Data Active Archive Center
SBG Surface Biology and Geology

SDAP Science Data Analytics Platform

SDS Science Data System

ESTO
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AMP: An Automated Metadata Pipeline

Beth Huffer (PI, Lingua Logica)
Damian Gessler (Co-l, Lingua Logica)
Simon Handley (Co-l, Lingua Logica)
Kala Babcock Gessler (Co-l, Lingua Logica)
Ken Bagstad (Co-Il, USGS)
Ferdinando Villa (Co-l, Basque Center for Climate Change)
Jennifer Wei (Collaborator, NASA GES DISC)

AIST-18-0042 Annual Technical Review
02-05-2021
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AMP: An Automated Metadata Pipeline

Pl: Beth Huffer, Ling_;ua Logica

Objectives

Develop an automated metadata pipeline (AMP) to create
accurate, robust metadata that will racilitate data discovery and
interoperability across Earth science data sources

» Use Machine Learning SML) techniques to classify datasets
ontologically and find related data

» Make NASA Earth science data easily discoverable and
accessible

* Integrate AMP with Goddard Earth Science Data and
Information Services Center (GES DISC) data distribution
services

+ Test usability of metadata and data services with the ARtificial
Intelligence for Ecosystem Services (ARIES) modeling platform
to demonstrate the value of semantics in improving usability

Automated Metadata Pipeline (AMP)

*Science Data Pre-Processing Package

Approach

Manually curate sample datasets with semantic annotations that
uniquely characterize the data and assign the manually curated
datasets to ontological classes in the AMP ontology

Using manually curated datasets, train Convolutional Neural
Network (CNN) models to detect patterns in data to classify new
data sets

Auto-generate semantically annotated metadata records for
datasets classified by AMP for use by downstream systems sucl
as ARIES and Common Metadata Repository (CMR)

Create interfaces between AMP and ARIES and GES DISC data
services to enable deployment of AMP within ARIES and GES
DISC

Co-Is/Partners: Co-Is/Partners: D. Gessler, S. Handley, C. Babcock-Gessler

(Lingua Logica); K. Bagstad, USGS; F. Villa, Basque Center for Climate
Change; J. Wei, GES DISC

-

Key Milestones

* AMP High Level System Design 05/20
» Decision tree for semantic parser/subsetter 08/20
* Finalize ontology design 09/20
» Demonstrate pre-alpha pipeline proof of concept 02/21
» Complete CNN training 02/21
» Finish end-to-end pipeline proof of concept 11/21

TRI—in = 3 TRI—current =4

ESTO
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Background and Objectives

EARTHDATA

» The primary goal of the AMP project is to
make NASA Earth science data Findable, e ——
Accessible, Interoperable, and Reusable e

 FAIR data needs good metadata at the e
individual dataset level
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€a COP_Phase_CloudMaskClear 1 8 Mean at /Cloud_Effective_Radius_1621_ice/ [CLDPROP_D3_MODIS_Aqua.A2020229.011.2020233001037.n¢ in ... " [ [lx
o~ G4 COP_Phase_Cloudy L a Identifier ©
' Clou Table i
€A COP_Phase_Partly_C| !
€4 COP_Phase,_Partly_Cloudy | I 0-based
o 4 COP_Phase_RestoredToClear |
306,8 = | 1024 Characters Remaining

oG4 CTP_Phase =
o- G4 CTP_Phase_Day
- €4 CTP_Phase_Night
- €4 Cloud_Effective_Emissivity
o~ €4 Cloud_Effective_Emissivity_Day
o~ 4 Cloud_Effective_Emissivity_Night
¢ @ Cloud_Effective_Radius_1621_ice
B Histogram_Counts
[ JHisto_vs_Uncertainty
B Mean
B Pixel_Counts
B Standard_Deviation
B sum
& sum_squares
o €4 Cloud_Effective_Radius_1621_Liquid
- €4 Cloud_Effective_Radius_1621_PCL_Ice
o ©4 Cloud_Effective_Radius_1621_PCL_Liquid
o~ 4 Cloud_Effective_Radius_16_Ice
o €4 Cloud_Effective_Radius_16_Liquid
- €4 Cloud_Effective_Radius_16_PCL_lce
- G Cloud_Effective_Radius_16_PCL_Liquid
o~ 4 Cloud_Effective_Radius_37_Ice
o~ G4 Cloud_Effective_Radius_37_Liquid
- €4 Cloud_Effective_Radius_37_PCL_lce
- G Cloud_Effective_Radius_37_PCL_Liquid =
o~ €4 Cloud_Effective_Radius_ice

Description ©

4000 Characters Remaining

© Add another Additional Identifier

Variable Type © Variable Sub Type ©
Select a Variable Type : Select a Variable Sub Type +

« NASA Earth science data archives contain
1000’s of data collections (7500+ available at

» Each collection contains multiple datasets
s S « Creating metadata records for each of these
" tren_seoxie datasets is a daunting task; if it must be done

Number of attribute:
ESTO
€a S

_FillValue = -9999.

manually, it probably won’t get done

DIMENSION_LIST = 1-179842,1-170886
0
ence Technology Office



https://search.earthdata.nasa.gov/

@ Background and Objectives

« AMP is an automated metadata production pipeline that combines ML and Semantics to
produce the metadata needed to make data FAIR
 The AMP system has 3 main components:
* An ML pipeline (CNN)
* A Semantic Annotator + RDF Triple Store
 The SD3P (Science Data Pre-Processing Package)

 The ML Pipeline and the

g ~oDC Dat — Semantic Annotator
UL AR O togeth t
Sy gy ogether generate

" — metadata records that are

semantically and
syntactically consistent,
and provide the
information users need to
work with the data

 The SD3P supports data
access and interoperability
by parsing and subsetting
HDF files, providing on-
demand access to
analysis-ready datasets

€arth Science Technology Office

Automated Metadata Pipeline (AMP) *Science Data Pre-Processing Package
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Background and Objectives

* Our pre-alpha version of the NASA. Made Simple portal demonstrates this for a broad
sampling of NASA air quality, hydrology, meteorology, and radiation budget datasets

NASA. Made simple.

LIVE DEMO

LIVE DEMO




HDF5 or HDF4 — HDF5

Metadata: Destructuring of packed strings into structured data (JSON)
Data: Filter missing and fill values; apply scale and offset transformations; attach

units

Geospatial: Projection extraction of measurements onto longitudinal and latitudinal

coordinates

Temporal: Lossless transformation to 1ISO-8601 standard (“time since January 1,

1948

Universal, multi-dimensional point-cloud:

$ ./hdfp slice -n 10 /time /lat:[::1] /lon:[::1] /BCANGSTR /BCCMASS MERRA2 400.tavgl_2d aer Nx.20200630.nc4

/time IS0-8601

/lat

/lon

minutes since 2020-06-~30 00:30:00

24 24 361

(=]

(== i e i e ]

2020-06-30T00:
2020-06~30T00:
2020-06=-30T00:
2020-06~30T00:
2020-06-30T00:
2020-06~30T00:
2020-06=-30T00:
2020-06~30T00:
2020-06-30T00:
2020-06=30T00:

576
30:
30:
30:
30:
30:
30:
30:
30:
30:
30:

00
00
00
00
00
00
00
00
00
00

4990464
-89.
-89.
-89.
-89.
-89.
-89.
-89.
-89.
-89.
-89.

0

(== = e e i )

/BCANGSTR

IS0-8601
4990464

-179.
-178.
-177.
-176.
-175.
-174.
-173.
-172.
-171.
-170.

375
125

/BCCMASS
degrees_north degrees_east 1
1.5657406 8.934125e-08
1.5657406 8.934125e-08
.5657406 8.934125e-08
.5657406 8.934125e-08
.565176 8.9457664e-08
1.5651379 8.9457664e~-08
1.5651379 8.9457664e~-08
.5651379 8.9457664e-08
.5651379 8.9457664e-08
.5651379 8.9457664e-08

kg m=2

Cross-DAAC geospatial/temporal data integration across missions, collections, and variables

echnology Office




NASA. Made simple.

Today’s Demo

Single Page Application (SPA)

rma( o D

4’_\

URL Service Python
1r ‘ * (Containerized)
- GSFC

&>
Route 53 CloudFront S3 %@
CDN
SMCE AWS
AWS Fargate Containers
(~250 simultaneous: POC)
: Static : ASDC
Routing Asset Retrieval Parse Merge
\ Ssets / NASA DAACs

ESTO




NASA. Made simple.

Planned Completion

Single Page Application (SPA) S

& .
-||. oy * DocumentDB *
>

Route 53 CloudFront

Lambdas S3
CDN
SMCE AWS
AWS Fargate Containers
(~250 simultaneous: Prod)
Routing itatlc Retrieval Parse Merge Publish ASDC
\ ssets / NASA DAACs

ESTO
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HDF/NétCDF

Automated Metadata Pipeline (AMP)

Variable name: RLUT

Measurement context:
Spatial resolution: 1 x 1

Feature of interest: Longwave radiation
Measured quantity: Irradiance

Temporal resolution: Daily

Earth’s atmosphere

*Science Data Pre-Processing

11

Package

ESTO0
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Technical and Science Advancements

AMP metadata records support discovery of datasets that are highly relevant to an
individual user’s specific research needs because they include the information needed to
use the data, including:

» The collection that the dataset -
belongs to

* The dimensions

» The urls for downloading the data,
and the dataset landing page » SD3P+

- Fill values, offsets, and scale factors [T Semantic

« The spatial and temporal Annotator
characteristics of the data 2
(spatial/temporal coverage,
spatial/temporal resolution) i

« The Earth science phenomenon 7 —
represented by the data (what was ML Pipeline + |
measured, what quantity ofitwas F Semantic
measured, and what context was it Annotator
measured in

ESTO
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Technical and Science Advancements

«  Completed and stabilized our system design SERTS2EN PRl THE SR (PR 17/4) ML Pipeline

aer/DUCM gpm-3/HQpre maer/BCS maer/SO2 maer/SSS maer/OC maer/DUC
aer/BCSMA ASS25 aer/SSSMASS aer/OCCMASS  aer/SO2CMA cipitation MASS CMASS MASS25 CMASS MASS25
i Il | |p|e| | |entEd prOtOtypeS Of a “ 3 CO' | IponentS sS (0.18) 25(0.17) (0.15) SS(0.14)  (0.06) (0.02) (0.02) (0.02) (0.02)  (0.01)
gpm-3/HQpre maer/BCS maer/SO2 maer/SSS maer/OC maer/DUC
aer/DUCMA aer/BCSMA aer/SSSMASS aer/OCCMASS  aer/SO2CMA cipitation MASS CMASS MASS25 CMASS MASS25
$825 SS (0.19) 25 (0.17) (0.15) SS (0.14) (0.06) (0.02) (0.02) (0.02) (0.02) (0.01)
ece TBCMEWorkspace - TopBraid - AMP/AMP.Ontology.tt - TopBraid Composer ME aer/DUCM gpm-3/HQpre maer/BCS maer/SO2 maer/SSS maer/OC maer/DUC
o 2 Qv A Ei{y )it v -4 AMP.CIB0895-b609-4417-8333-1abee32t {) A B R evelopment aer/OCCMA aer/BCSMA ASS25 aer/SSSMASS aer/SO2CMA cipitation MASS CMASS MASS25 CMASS MASS25
o [T cosses w[Osmoa] = O] awe.omaeons 5] = 5| T properis ] “m -0 ss $S(0.19)  (0.18) 25(0.17) SS(0.14)  (0.06) (0.02) (0.02) (0.02) 0.02)  (0.01)
> W &Y | Resource Form " 8 Apcollection
B[ 7 wesmsonce o) e . m,,F‘,am%,m,m,,m TR ¢ e e aer/DUCM gpm-3/HQpre maer/BCS maer/SO2 maer/SSS maer/OC maer/DUC
v @ airosann (289 et aer/SO2CM aer/BCSMA ASS25 aer/SSSMASS aer/OCCMASS cipitation MASS CMASS MASS25 CMASS MASS25
" ® i ovaserotont 5 pirnanantaconcce ASS $S(0.19 0.18 25 (0.17 0.15 0.06 0.02 0.02 0.02 0.02 0.01
e pacene (0.19)  (0.18) (0.17) (0.15) (0.06) (0.02) (0.02) (0.02) (0.02) (0.01)
> ® b OatasetsySpatisAtinides (28 P measuseduantl
¢ e messremerCenert aer/DUCM gpm-3/HQpre maer/BCS maer/SO2 maer/SSS maer/OC maer/DUC
et aer/SSSMA aer/BCSMA  ASS25 aer/OCCMASS  aer/SO2CMA cipitation MASS CMASS MASS25 CMASS MASS25
ecion et §825 SS(0.19)  (0.18) (0.15) SS(0.14)  (0.06) (0.02) (0.02) (0.02) (0.02)  (0.01)
P CLOPROP D3 MODIS Aqua V-1 b sosichres
T AMP:dimension e aer/DUCM gpm-3/HQpre maer/SSS maer/SO2C maer/OC maer/DUC
ikl e | il maer/BCSM aer/BCSMA ASS25  aer/SSSMASS aer/OCCMASS aer/SO2CMA cipitation MASS25 MASS CMASS MASS25
> Qsicaecten — I " e ASS SS(0.19)  (0.18) 25(0.17) (0.15) SS(0.15)  (0.06) (0.02) (0.02) (0.02)  (0.01)
oy o 4 :::smf:::::;:n-w aer/DUCM gpm-3/HQpre maer/BCS maer/SO2 maer/SSS maer/OC
S —— > imeselos maer/DUCM aer/BCSMA ASS25 aer/SSSMASS aerfOCCMASS  aer/SO2CMA cipitation MASS CMASS MASS25 CMASS
" imeTemporsiion . menesomermedesciion ASS25 SS(0.19)  (0.18) 25(0.17) (0.15) SS(0.15)  (0.06) (0.02) (0.02) (0.02) (0.02)
v @ wtorpeny (5121 - aer/DUCM gpm-3/HQpre maer/BCS maer/SO2 maer/SSS
maer/OCCM aer/BCSMA ASS25 a2er/SSSMASS aer/OCCMASS aer/SO2CMA cipitation MASS CMASS MASS25
e, ASS SS(0.19)  (0.18) 25(0.17) (0.15) SS(0.14)  (0.06) (0.02) (0.02) (0.02)
e oy aer/DUCM gpm-3/HQpre maer/BCS maer/SSS maer/OC maer/DUC
. * o meinaln maer/SO2C aer/BCSMA ASS25 2er/SSSMASS aerflOCCMASS  aer/SO2CMA cipitation MASS MASS25 CMASS MASS25
@ AMP:Atmosphere-Earth-Vertical_Column time:intervalMetBy
© cmimemmovtrmen . /lon Nat ftime /Albedo_inst /AvgSurfT_inst
.  Form arowser Gragh [ Sourcs Code] ar;
» & mecis 20 © imoors [ & atances |8 Doman] = raevan | § orange - [ @) erartoa . sranat 51 7 v en | b iorenc [ © rrges] — degrees_east degrees_north date % K
> @ snavstracthesat
> @ sascraane $ python app.py get /lon:[40:50
o o e @ i consots.sac-roonscossronsen | waspan ] . 40.5 -14.5 1 2014-01-01 20.882565 300.65137
» @ o amenaitie (32 & i ot sss. s v usorscs e T /lon /lat /time /Albedo inst /2
vt @ 014300 92204713 st canrsaets$10 | B moumcna -
Hiiondl S oz s aensmess Bumcersow| d@grees_east degrees north date 405 -13.5 | 2014-01-01 19.73688 299.9783
> ® e o oaast i 257 et mnesssomoss .l Tuows Sy i 360 150_1 T =
® shseveity (3) .
> @ shshape (122) & AP 8
@ e S 8 40.5 -12.5 | 2014-01-01 19.773048 299.9726
*RuT & s s oo B 40.5 -14.52014-01-01 20.882565
= AMP- 07900820-8812-4106-Scha-126ce8teezab 15 Cloud Wate Pat |
40.5 -13.52014-01-01 19.736882¢ 40.5 -2.52014-01-01 15.350428 303.07785

SEMANTIC ANNOTATOR/ 40.5 -12.52014-01-01 19.773048 405 -1.5 | 2014-01-01 16.658976 303.86224

40.5 -2.5 2014-01-01 15.350428

RDF Trlple Store 40.5 -1.5 2014-01-01 16.658976 405 -0.5 | 2014-01-01 17.662725 304.30237

40.5 -0.5 2014-01-01 17.662725 405 0.5 | 2014-01-01 17.940388 305.42383
40.5 0.5 2014-01-01 17.940388

o i: oiiciici i 405 1.5 | 2014-01-01 16.766033 305.63602
40.5 2.5 2014-01-01 15.799581 405 2.5 | 2014-01-01 15.799581 304.23944
o Sog | cloe 0l S e ek ol 405 3.5 2014-01-01 14.35454 302.46603

SD3P

ESTO
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Technical and Science Advancements

SEMANTIC ANNOTATOR
A prototype semantic annotator uses semi-automated methods (scripts and

inference rules) to generate metadata records;

Created over 200 test records with “gold-standard” metadata records for sample
radiation, air quality, and precipitation data products for training the CNN

classifier

. opBraid A e
O 1 [ 21 B 511t v - AMPCER SYN1aeg s Torw e 00 f & ~
S ] e [ o £ s i T sewen| % e | © Torger] B s vt [ et [ 5 oo o0 TTTY =

s vt | @) o o [ soaRL 52

constaueT (7

et e vu\l»p:AvBuEhﬁA?suDiu w124

I ey Ltrsy
)

e AP APy )

43t 9225-4713-2488-CHB4SERBAE10
O430ccs.9223-4703

[ —

i
M

o‘ ‘w precpasen

@ AP 01430cc8-0228-4712-4485-c864566845100um1

@ b Seconss .
-

@ P01 430cc8-0225-4712-3488-cB6 45608451002

4350-3040-181187711451Dimé

Ondccs4-8a89-4350-ad44- 181187711451

OaDiccS4-8a80-4350-30dc 181187711451 [y
O0otccs-8089-4260-add-181187711d51 s dimencion

1980/01/01 - presant
o

0999,
@ AP CoStccs-089-4360-ad4d- 18118771145 1Dim1
-

Oeotccs-8089-4260-d-181187711d51 A dimersion

@ AP Codtccs-8089-4360-3d40- 18118771148 1Dim2

D chto . 10 5079CTNTWG V>

@ huponedsy

e st s 4550110711 0m3

Oudfocs4-8a89-4350-2d44- 16118771151
Oeotccs-8089-4260-add-181187711d51
13213031-c926-4c46. 80532910612

oo
AR L w0 243 W12

.

@ AP 1321393-c928-4c48-H85-<ca291b681120im2
p—

iMac:temp_scripts bethhuffer$ python3 sparql_insert_variable-M2Met.py

enter variable name: TPRECMAX
enter units, or enter Unitless: kg m-2 s-1

@ b onedy

8 temp_scripts — -bash — 151x38

for Dim 4, enter either LatDim, LonDim, TimeDim, AltitudeDim, or enter N

enter the name of dimensiond, or skip if NA:
enter number of fields:
enter beginning and ending values

INSERT DATA { AMP:_d043e7a6-b912-414b-a0df-535431923b14 rdf:type AMP:MERRA-2_statd_2d_slv_Nx_

AMP:variableName "TPRECMAX" ;
rdfs label “TPRECMAX'

s groupPath "/ .
d043e7a6-b912-414b-a0df-535431923b14 AMP:
d043e7a6-b912-414b-a@df-535431923b14Dim1
rdfs:label "time

AMP:size "1"

AMP: indexRange 690, 690" .

:_d043e7a6-b912-414b-a0df-535431923b14 AMP:
d043e7a6-b912-414b-a@df-535431923b14Dim2
rdfs:label "lol H

AMP:size "576'

indexRange "[-180.0, 179.375
d043e7a6-b912-414b-a0d-535431923b14 AMP:
d043726-b912-414b-20d~535431923b14Din3
rdfs label "la

[-90.0, 90.0]"

d043e7a6-b912-414b-a0d f-535431923b14 AMP:
3 d043e7a§ b912-414b-a0df-535431923b14Dimd

7y 7z }

ype AMP:MERRA-2_statD_2d_slv_}

7z . 7y rdf:type AMP:AMPProperty }
iMac: temp_scripts bethhuffers J|

dimension AMP d04387aﬁ b912-414b-a0df-53543192,
meDim ;

dimension AMP _d043e726-b912-414b-30d 53543192
rdf:type Al

dimension AMP d043e7aﬁ b912-414b-a0df-53543192,

dimension AMP:_d@43e7a6-b912-414b-a0df-53543192. ;
rdf:type AMP:NANA ;

Nx_V5-12-4 .

- ipt

temp_scripts bethhuffel
ots bethhutters python3 sparal_insert coltection paNet.py

5x 8.5 dearee VB 12.4 (HISONXSLY)

enter date range (yyyy/a/ad - yyyy/en/dd): 1980/01/01 - present
enter time unit

S oy GriddeddatosetriazsxPispesree

TaTLE heupat7/goldsard. gesdisc. eosdis. nass. gov/data/NERRAZ /NZSONKSLY. 5. 12.4/
9.0

Mgregated Statistics,Single-Level, Assinilats

(M2SDNXSLV}

t625XPtsDegree
ANpidot <ttp://0x. dot.org/10.5067/9SCLTHGHY3>
AMPicurrentVersion tr

P G15tribut lonURL <https: //goldsard. gesdise. eosdis.nasa. gov/data/MERRAZ/2SONX

spin: constructor [
rdf:type sp:Construct ;
sp:teplates ( [

spiwhere ()
]

spin: constructor [
rdf:type sp:Construct ;
sp: templates ( t

nasa.gov/data/MERRAZ/M2SONKSLY. 5.12.4/>

ributionURL

D
spiwhere () ;

spin: constructor
rdf:type sp:Construct ;
Shitemptates ( (

Spiobject <http://dx.dod.ora/10.5067/9SCIINTWGHV3> ;

sp:subject spin:
N
spiwhere () ;

13
spin: constructor [
refstype spiconstruct 1
sp:tesplates ( [
spiobject "-9999.0" ;
dicate AHP:fillValve ;
Shisubfect spint_this 3
) 6
spiwhere ()
]

spin: constructor
rastype spi Conslrm.l i
p: template: spobject

1
,m cons

yoe spiConstruct ;
TPitempiates spiobject "1980/01/01 - presen
Anestemporatcoverage ;

this

spins e i
ype sp:Construct ;
“pitemptates (

edi :scaleFactor
sp:subject spin:

spiwhere () ;

}
ripts bethhuffers |

. i Nid BB e

AMP:CER_SYN1deg-3Hour._Terra-Aqua-MODI {

spiobject <https://goldsard.gesdisc.eosdis.

Py —

Node Shape Form
Name: |AMP-CER_SYN1deg-3Hour_Terra-Aqua-MODIS EditiondA

~ Annotations

oA, Surface Fluxes,
* Constraints

* Targets

~ Other Properties

9 _EditiondN>.
-] 1300aA>

*  CONSTRUCT(
‘this AMPcollection AMP-CER_SYN1deg-3Hour_Terra-Aqua-MODIS_EditiondA

)
WHERE {
)

%/ constRuCT(
2this

Hourly Terra EditiondA

)
WHERE {
)

% CONSTRUCT(
2this

)
WHERE {
)

#|  CONSTRUCT(

AMP:doi <https/c 1300885

)
WHERE (
)

% CONSTRUCT(
2this AMPfillvalue *3.4028235€38"

)
WHERE {
)

% constauct(
Ahis AMP-offset 00"

WHERE {
)

% consTRUCT
‘this AMPscaleFactor 1.0

WHERE {
)

%  consTRUCT
2this AMP:spatialStructure AMP:Grid1X1Degree.

WHERE {
)

% constRuCT(
2this AMP-temporalCoverage *2002-07-01 ongoing™

WHERE {
)

CSTO
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Technical and Science Advancements

ML PIPELINE

The goal of the ML pipeline is to produce the portion of the metadata record that
describes a dataset’s science characteristics

A de-novo dataset » The de novo dataset’s metadata

ESTO
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Technical and Science Advancements

ML PIPELINE

We determine the de novo dataset’s science characteristics by comparing it to our gold standard
datasets, and determining how similar the de novo dataset is to a gold standard

A de-novo dataset The de novo dataset’s metadata

A “gold standard” dataset » The gold standard dataset’s metadata

Given: a set of measurements through space and time

Can we: classify them by similarity to each of a set of well-known datasets (the gold-
standards)

So that: we can infer metadata for a de-novo dataset

ESTO
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Technical and Science Advancements

THE OVERALL GOAL

We want to learn a mapping from de-novo datasets to discrete probability distributions over gold-
standard datasets. These discrete distributions are embeddings that we can use to compute similarity.

g Pr(g)
g_0 0.08
g_1 0.01
g_2 0.9
de novo variable /
1 g_n 0.01

de novo variable g Pr(g)
2 g_0 0.95
. g_2 0.01

g_n 0.01

ESTO
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Technical and Science Advancements

Machine learning methodology

Each dataset is a time-series of gridded measurements (L3)
o Daily, monthly, and 1-hourly.
Each temporal snapshot becomes a training example
All examples are spatially resampled to 1.0° % 1.0°
8 collections, 49 variables -> 49 gold-standards
189,269 examples -> 50% training, 25% test, 25% hold-out
Training:
o Labelis variable name
o Inputis 180 X 360 matrix
o Output of model is 49 probabilities (one-hot, soft-max)
o Standard convolutional network
Inference:
o Examples are same as in training
o Combine distributions for examples into one distribution for a variable
Interface to Semantic Annotator is probability distribution over gold-standards
o Pick the most likely and use that, or
o Use top-k most-likely gold-standards

18
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Technical and Science Advancements

Gold-standards vs. De novo variables

init_all_sfc_lw_dn (A) {
init_all_sfc_lw_up (A)
init_all_sfc_sw_dn (A)
init_all_sfc_sw_up (A)
init_all_toa_lw_up (A) q
init_all_toa_sw_up (A)
init_clr_sfc_lw_dn (C)
init_cir_sfc_lw_up (C)
init_clr_sfc_sw_dn (C)
init_clr_sfc_sw_up (C) 1
init_clr_toa_Iw_up (C)
init_cir_toa_sw_up (C)
AvgSurfT_tavg
LWdown_f_tavg E
Lwnet_tavg ;
Rainf f tavg 02222 022 022

Rainf_tavg 02929 029 029
SWE _tavg -
SWdown_f_tavg i

SnowDepth_tavg 1 02027 028 027

SnowT _tavg B B
Snowf_tavg 021021 021 o021
Swnet_tavg |l
gd:precip
gm:gauge_precip 1
gm:sat_gauge_precip
gm:satellite_precip
3:HQprecipitation O.Diﬂ 0.060.08.060.08.060.0@.080.0@.080.06

|

3:precipitationCal
1:BCSMASS A 019019190191019101919019

1:DUCMASS25 0101D101DIDIDIDIDIDN18
1.0CCMASS 015019101910191019D13015
1:SO2CMASS 0140101£01010191019D13015
1:SSSMASS25 012010120101201010101017
m:BCSMASS
m:DUCMASS25
mM:OCCMASS
m:S02CMASS
m:SSSMASS25
WLWLAND L0
UwPRECSNOLAND 020202024

uPRECTOTLAND 0232302022
uwPRMC 020203027

uSNODP 022702926
wSNOMAS
AT pscry
uTSURF 01723
wTUNST 0301037
uTWLAND i
AR AP OOC OO 80000 OR Q8 A RQFD (9D DD 52220 OOLER L EXKAL
R R R s s i S e R R B B S SRS RS
A 3 S EEHS 5 PR RN

Gold-standard variables

<>
SLRELCE, &
S S, &
2C4C AL A ,‘_}L é“ LAL @‘b & éﬁ\b‘) S Q?\ 60*10?3‘}‘ LA
R \('I q\\ S
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Summary of Accomplishments and Future Plans

* Prototypes of AMP components are complete, and AMP has advanced from TRL 3 to TRL

4

» Next steps include:
» Building the end-to-end pipeline to connect the 3 components that currently operate

independently
» Writing APIs and testing AMP outputs with the ARIES system
« Expanding the metadata repository with new metadata records
« Analyzing and addressing weaknesses in the CNN
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Thank you!

For questions, or for more information, please feel free to email us.

Beth Huffer
Simon Handley
Damian Gessler

ESTO

23


mailto:beth@lingualogica.net
mailto:simon@lingualogica.net
mailto:damian@lingualogica.net

List of Acronyms

Al
API
ML
SD3P

Artificial Intelligence

Application Programming Interface
Machine Learning

Science Data Pre-Processing Package
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