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Sustainable Management of the
Eart hos Ecosys|

AThe Earthoéos Ecosystems a

AWe have failed to manage them in a sustainable
way
A Example:

A Species extinction rate of mammals  10-100 times
historical rates

A Mammalian populations are dropping rapidly worldwide

Ceballos & Erhlich, 2002
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Why?

1. We did not think about ecosystems
as a management or control problem

2. Our knowledge of function and
structure Is inadequate

3. Optimal management requires
spatial planning over horizons of
100+ years
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Computer Science can help! |

1. We did not think about ecosystems
as a management or control problem

2. Our knowledge of function and «

structure is inadequate \
3. Optimal management requires -

spatial planning over horizons of
12/5/2012 NIPS 2012 .

100+ years



Computational Sustainabllity

AThe study of computational
methods that can contribute
to the sustainable

management of thef/le

ecosystems

AData A Models A Policies
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Outline

Alllustrative Research
Challenges for each stage

ADrill down on three projects
at Oregon State University

ADiscussion: What are the
distinctive aspects of
computational sustainability
problems?
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Example Research Challenges
Data Acquisition Data

Acquisition

AAfrica is very poorly sensed

AOnly a few dozen weather stations reliably
report data to WMO (blue points in map)

AProject TAHMO (tahmo.org)
ATU-DELFT & Oregon State University

ADesign a complete meteorology sensor
station at a cost of EUR 200

ADeploy 20,000 such stations across Africa

AWhere should sensors be placed?

A Accuracy of reconstructed fields for precipitation,
temperature, relative humidity, wind, etc.

A Robustness to sensor failure, station loss

NIPS 2012




Data Interpretation

Alnsect identification for population counting

ARaw data: image

4 \g.

Alnterpreted data: CouJ_ @ |
AChallenge: Fine-Grai

www.epa.gov
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Data Integration pata
Acquisition
AVirtually all ecosystem prediction problems —
require integrating heterogeneous data sources ( Data h
A ITandsat (30m; monthly) Interpretation
A land cover type \_ Y,
AMODIS (500m; daily/weekly) ——
A land cover type Data
A Census (every 10 years) . Integration )

A human population density

A Interpolated weather data (15 mins)

A rain, snow, solar radiation, wind speed & direction,
humidity

AChallenge:

A Learn from heterogeneous data
A without losing fine-grained information
A without losing uncertainty in the data

Landsat NDVI:
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http://ivm.cr.usgs.gov/viewer/
http://ivm.cr.usgs.gov/viewer/

Model Fitting

ASpecies Distribution Models
Acreate a map of the distribution of a species
AMeta-Population Models

Amodel a set of patches with local extinction and
colonization

AMigration and Dispersal Models
Amodel the trajectory and timing of movement

AChallenges

AThe variables of interest are all latent
A Latent distribution of species
A Latent dynamics

AThe data are very messy
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State of the Art: STEM Model of
Bird Species Distribution

slide courtesy of Daniel Fink



Policy Optimization

AChallenges
ALong time horizons (100+ years)

AThe system model is uncertain, so the
optimization needs to be robust to this
uncertainty

AThe state of the system covers large spatial
regions (scales exponentially in region size)

ASystem dynamics only available via simulation
or sampling

12/5/2012 Leathwick et al, 2008
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State of the Art: Reserve Design from a
Species Distribution Model
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State of the Art: Reserve Design from a
Species Distribution Model
Observations Fitted Model

Kilomeatars

12/5/2012 Leathwick et al, 2008




(1 £,
f ' ;35;. o S o Conservation
(78 22 o ranking
L - &
s ol . 0-10%
/ Sl | mt0-20%
i = N g o™= ] 20-50%
J S 1> S50%

Disregarding costs

Full consideration of costs

to fishing industry to fishing industry

Leathwick et al, 2008
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Policy Execution pata
Acquisition
\_ ¥ J
ARepeat 4 )
A Observe Current State Data
; _ Interpretation
A Choose and Execute Action N y
( ¥ )
< : : Data
ANeed to contlnually_ Improve our models Integration
and update our policies +
AChallenge: We must start taking actions Model Fitting
while our models are still very poor. —a
AHow can we make our models robust to both g Policy
t he nkn_own unknownso (~ ur Optimization
uncertainty) and the nu\Yxkn nown
(things we will discover in the future) 2
Policy
Execution
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Drill Down:
Three Projects at Oregon State | oas |.

Acquisition
\ 4
ASpecies Distribution Modeling with Data
Imperfect Observations Interpretation
A Explicit Observation Models - v
AFlexible Latent Variable Models ™~ _ . Data
DR Integration
AModels of Bird Migration -~ DRI —
A Collective Graphical Models TTe=~L_.._ ™ .
= =3 | Model Fitting
APolicy Optimization ; ¥ <
AControlling Invasive Species ~ ~ == === _ _ _ S Policy
A Algorithms for Large Spatial MDPs \Optimization)
4
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Project eBird
www.ebird.org

AVolunteer Bird Watchers
A Stationary Count
ATravelling Count

ATime, place, duration, distance travelled

ASpecies seen
ANumber of Dbirds for each ppecies or 0

ACheckbox: This is everything that | saw

A8,000-12,000 checklists per day uploaded

““Audubon

NIPS 2012
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Species Distribution Modeling from
Citizen Science Data: |.

AeBird data issues
Aimperfect detection
Avariable expertise
Asampling bias
A..

Tom Auer http://geocommons.com/maps/137230
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