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http://drive.google.com/file/d/1IZhF8HN_y5ovcizseuIgDvq_g514wLuV/view




David Dao

:\d\f:mcing ;‘\]gorithms and

;‘\pplic:lrions for Data Valuartion in

Machine Learning
o

Proposes a principled framework for data
valuation based on the Shapley value

Develops an efficientalgorithm for computing
the exact Shapley values for unweighted KNN
classification

How should we distribute $X to each data
point to reflect its “value”?
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The big idea: should other species 2%
have their own money?

Are digital wallets for orangutans and a ‘Bank for Other Species’
harebrained fantasies, or genius ways to boost conservation
funding?



PARQUE NACIONAI

.
=)
=
(=]
2
S
Z
>
<3
(=]




27 Communities in the
Global South

maps.gainforestapp

Kenya
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Ecolabs Koko Dao Saving-planet
Colombia Colombia Kenya
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Biodiversity Predictions
Predicted distribution of species habitats
within 150km of the project area.

Predicted Birds

Yellow-Quilled Leafbird

Chiovopsis Mavipennis

Vulnerable

Steere's Pitta
Pitta steeni

Vulnerable

Celestial Monarch
Hypothymis coslestis

Vulnerable

113KIMG_-
uZAenAqLIpOEQVCwWDOIgol

Species: Rhizophora Apiculata
Plant height: 7.5m
DBH: 18.4cm

- N

Lght Latelite lard tree
~ode mode cover off COver o

Satellite imagery date (Tropical regions only): June 2023
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http://drive.google.com/file/d/1PbCzzJ09GkOXRZ6nFp3-ugeA4OtAVJ3C/view




We can’t value what we can’t measure



ETH BiodivX

S10M XPRIZE Rainforest Finalist

( Join our.Citizen Science )

About us

Our experiences span cultural, artistic,
scientific, and social science
backgrounds - from inventing ways to
sequence DNA from air to influencing
and negotiating multilateral
conservation agreements to working on
the frontlines of human health
connections and bicdiversity.

We are team ETH BiodivX and we enter
this competition as if it were no different
than our daily work, because in fact, we
have all dedicated our careers to solving
the technical and environmental
chalienges of our time.

>

XPRIZE
RAINFOREST

alana#



The XPRIZE
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About the SIOM XPRIZE
Rainforest

The $10M XPRIZE Rainforest is a five-year
competition to accelerate the innovation of
autonomous technologies needed for
biodiversity assessment and to enhance our
understanding of rainforest ecosystems.

Our Solution

We collect large amounts of eDNA, images
and sounds through autonomous drones and
rovers - and analyze the data through a live
dashboard, advanced Al algorithms and a
global community of Indigenous citizen
scientists.

ARENA 2
COMPETITION
ARLA



Data Sampling Strategy

Robots

Large hovering drones:
= DJI Matrice 300 RTK
» DJI Mavic 3

eDNA collecting probe

Miniature hovering drone

Terrestrial robot

Region of operations

Types of data / samples

« Air eDNA
* RGB images

+ Surface eDNA

« Surface eDNA
« Water eDNA

« Air eDNA

* RGB images
* Bioacoustics

(58




Challenge:
Machine Learning applications for nature are
under-researched

17



Utilize multi-modal imagery sources

L eft: Public data
(Sentinel-2, LANDSAT-8)

>10m/pXx

Right: Commmercial data
(Planet Labs, MAXAR)

>50cm/px

Challenges:

Different sensors,
reference systems, access
levels and temporal info

-
23/02/2021,142815

Estancia Shalom, Brazil



Utilize large time series

Challenges:

Largely unlabeled data:
E.g. deforestation exhibits
visually recognizable
patterns

Irregular temporal steps:

Visual data depends on
satellite revisiting rate and
cloudfree image




Drone-Based Biomass Estimation

Tree density: 80 /Ha
Flowering: 6
Senescent: 8

4001 C ha-1

Ulu-Segama
21082020

Challenges:

Limited labeled data for
model training




Drone-Based Environmental DNA Sampling

Sample Strategies:

eDNA through water filtration
eDNA through surface collection
eDNA through air filtration

Challenges:
Collecting enough eDNA
Dense Canopy

Work from our collaborator Prof. Stefano Mintchev and Prof. Kristy Deiner




Drone-Based Biodiversity Measurements

.

Challenges:
Difficult Terrain
Network Connection

Work from our collaborator Prof. Stefano Mintchev in “Environmental Robotics”




The satellite-based estimates significantly overestimates AGB
density by a factor of 10

* The AGB density (kg/ha) per ioliion was overestimated for all of the 6

sites with a factor ranging the field data

SITE GROUND FILTERED OVER
NO. TRUTH ESTIMATION
1 19 176 %9.2
2 27 160 %5.9
3 24 47 x2.0
4 24 62 x2.6
5 17 19 % 1.1
6 29 141 \_ %x4.9 )

"Tackling the Overestimation of Forest Carbon with Deep Learning and Aerial Imagery"
Reiersen, Dao et al, CCAI ICML 2021



The crucial role of Indigenous communities in MRV

Participatory Strategy
Mapping Games



Citizen Science + Al

Challenges:
Coordination
Denoising Contributions






http://www.youtube.com/watch?v=0gJPW-Bgh6A

Thank you!

Follow us on

. @gainforest
yf @gainforestnow
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Appendix
More research, etc ...
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Challenge

Automated forest validation opens up possibility of untruthfully reported imagery

Attack vectors

Reported
Land-Use
true time wrong time true time modified image
true location true location wrong location
Detected ] ] ) ]
Simona Santamaria*, David Dao*, Bjorn Lutjens*, TrueBranch: Metric Learning-Based Verification of Forest Conservation Projects, 29

2020 ICML Workshop (CCML), *equal contribution, https:/arxiv.org/abs/2004.09725



Novel opportunities through data fusion

(
a Monitoring

8 }  TrueBranch Public Landowner/
| ' o Institution Data collector

" Satellite i
Auditability s Satellite Data

Drone
Monitoring

)

Drone Data

]
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Classifying truthfulness

How to distinguish truthful imagery from untruthful imagery?

* Image Registration: Matching Drone images with Satellite images

Satellite image

v Same location, c
same time? j

Model and Classifier * Yes/No

-

Simona Santamaria*, David Dao*, Bjorn Lutjens*, TrueBranch: Metric Learning-Based Verification of Forest Conservation Projects,
2020 ICML Workshop (CCML), *equal contribution, https:/arxiv.org/abs/2004.09725



Classifying truthfulness

* Nominal distance metrics of MSE in pixels space

1 n—1m—1 o .
Satellite image MSE = — Z Z [A{I,f] - B[l‘,}}]z
mn = iso

122 -1
— ground truth

120 w—wrong time ‘
—— wrong location

118

Drone image MSE % 116
=

114

12 1

110 4

00 02 04 06 08 10 12
Areainm? 1e6

Simona Santamaria*, David Dao*, Bjorn Lutjens*, TrueBranch: Metric Learning-Based Verification of Forest Conservation Projects,

2020 ICML Workshop (CCML), *equal contribution, https:/arxiv.org/abs/2004.09725 39



Classifying truthfulness

» Nominal distance metrics of MSE in feature space

n= -

MSE= Y 1AG) - B

Satellite image i=0 :l]
225 1 — ground truth
—wrong time
> g » el 200 — wrong location
l 175
Pretrained 150
Modal Embeddings MSE z

125
100

> g > e2
075
050

00 02 04 06 08 10 12
Area inm? le6

Simona Santamaria*, David Dao*, Bjorn Lutjens*, TrueBranch: Metric Learning-Based Verification of Forest Conservation Projects,
2020 ICML Workshop (CCML), *equal contribution, https:/arxiv.org/abs/2004.09725
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Classifying truthfulness
» MSE in pixel space and RESISC-45 feature space not sufficient

Satellite anchor

MSE

-»  MSE

Simona Santamaria*, David Dao*, Bjorn Lutjens*, TrueBranch: Metric Learning-Based Verification of Forest Conservation Projects,
2020 ICML Workshop (CCML), *equal contribution, https:/arxiv.org/abs/2004.09725



Metric Learning

The distance betweenthe anchor and positive image is decreased while the distance
betweenthe anchor and negative image is increased.

anchor positive negatives
H Distance
threshold
I
I
|

L(a, p,n) = max(|f(a) — f(p)|> — |f(a) — f(n)|* + a,0)

Simona Santamaria*, David Dao*, Bjorn Lutjens*, TrueBranch: Metric Learning-Based Verification of Forest Conservation Projects,
2020 ICML Workshop (CCML), *equal contribution, https:/arxiv.org/abs/2004.09725



TrueBranch: Metric Learning-based Verification

Distance between locations

afferent location

20 same locabon
Triplet loss ;
el f‘: 10
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TrueBranch enables the verification of truthfully Qe i e
reported drone imagery from untrusted parties B R ——

Distance betwoon images of dfferent locasons

Simona Santamaria*, David Dao*, Bjorn Lutjens*, TrueBranch: Metric Learning-Based Verification of Forest Conservation Projects,
2020 ICML Workshop (CCML), *equal contribution, https://arxiv.org/abs/2004.09725
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