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Agriculture is responsible for
80% of global deforestation

GLOBAL
DEFORESTATION
Agriculture accounts for
70% of freshwater use
70%
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Drivers linked to food production cause
50% of freshwater biodiversity loss
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Food systems release
29% of global GHGs

‘ 29%
6LOBAL GHGs

Drivers linked to food production cause
70% of terrestrial biodiversity loss
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52% of agricultural production
land is degraded
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WWEF (2020) Living Planet Report 2020




Opportunities and challenges
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The ided
An Al naturalist workflow

flickr — Pl@nt\et
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plantnet

github.com/BiologicalRecordsCentre/plantnet
github.com/ropensci/photosearcher



Al Naturalist: Day Out in London
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lianthus annus
Score: 0.23
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Challenges
Data are spatially biased
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Images are biased by
population density
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August et al. 2020. Patterns. https://doi.org/10.1016/j.patter.2020.100116



Challenges

Images are sub-optimal
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Classification score

0z

04

Many of the images
collected are not of a single
species

Many images are of
ornamental species

A mismatch results between

model train data, and these
data

August et al. 2020. Patterns. https://doi.org/10.1016/].patter.2020.100116



Challenges

Task does not match training data

Performance is best for:
Naturally occurring
Nafive plants

Where a single plant is the
focus of the image

Proportion of images correctly identified by Al classifier
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Large scale assessments

Train Al to find

Collect images using Create a tool for reviewing iInteresting images
a car-mounted and labelling images including invasive
camera

species




Gotterbaum
Ailanthus altissima MULHOUSE
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Using ecologist’s insights to design better Al

Species identification can be a high
dimensional problem
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Al #1: Trained on ladybird images

e Learns what ladybirds looks like

Al #2: Trained on ladybird images
and environmental context

* Learns what ladybirds look like
and their ecological niche

Top-3 Test Set Accuracy

87.51

™
o
o

©
N
wn

80.0 1

T
Image

Model

Com'bined

Terry et al. 2020



Reversing the vacuum cleaner

Traditionally we have focussed on citizen
science as a data collection method

Using Al assisted ID can help provide
actionable information

We need to empower people to make a
change, in addition to driving policy
change

€ BACK  Survey

LW Buddieia
L LAy Buddieja davidii

Wood Dock
Rumex sanguineus

s "=, Red Campion
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Prickly Sow-thistle
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€ BAack  Report

Hoverflies are great pollinators, and are useful in
est contro
Supported Crops
PPPPP neficlal sp
Cereals and Grains 12
Beans and Peas 9
Beets 9
Potatoes 9
Vegetable brassicas 9
Soft Fruit 9
Other 9
Oilseed 8
Grasslands 7
Apiaceae 7
Alliums 5

esurveyor.ceh.ac.uk

€ BAack  Report

(@  What does this report mean?
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READ NORE

Pollinators count @
Specles Counts.
Centaurea nigra
Hedge Woundwort 14
Ox-eye Daisy W
Red Campion E
Yarrow m
Supported species groups ®
Specles Count:
Bee 84
Bees are fantastic pollinators.
L —



Addressing global challenges

Mammal Richness

Species
212

Species

Biodiversitymapping.org Nowak. 2015
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Addressing global challenges

Mammal Richness

Needs to be generalisable

Needs to tackling the long-tail in training data

Needs to work with unknown classes Species K' g
212

Needs to be inclusive/co-designed

Birds - nonbreeding ranges

2 {rf ‘v \3@

Biodiversitymapping.org



Number of Observations

Addressing global challenges

—
.

Needs to be generalisable

2. Needs to tackling the long -tail in training data
3. Needs to work with unknown classes
4. Needs to be inclusive/co-designed
10,000 iNaturalist 2017
1,000
100

13,730 species with at least 20 Research Grade observations

10
Verifiable

Research Grade

80,000 100,000

20,000
Grove snail

40,000
Jamaican Tody

60,000

Number of Species

Kim Bjerge et al 2021



Addressing global challenges
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Needs to be generalisable
Needs to tackling the long-tail in training data

2
3. Needs to work with unknown classes
4

Needs to be inclusive/co-designed

Credit: Maxim Larrivée




Addressing global challenges

1. Needs to be generalisable

2. Needs to tackling the long-tail in fraining data
3. Needs to work with unknown classes

4. Needs to be inclusive/co -designed

Redl-time IDentification for Ecolagica
asy Reseqarch and Monitoring

“Bring together complementary expertise to develop
automated sensors using computer vision and deep
learning to monitor insects.”

Establish a Knowledge Field frials Best practise

community exchange guides
of practise




° Agriculture is responsible for Food systems release
O I I C U S I O I IS 80% of global deforestation 29% of global GHGs
80% . \ 29%
GLOBAL GLOBAL GHGs

DEFORESTATION
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1. We are in a biodiversity crisis and need access to the

right tools to address it N— st o puctncae
2. There are new methods and applications that show T — T

promise OLNGES
3. We need to ensure we are applying the technology =

where it is needed mOST, and Working with local Drverslnked t food roduction cause 52% of agricultral poducton

50% of freshwater biodiversity loss land is degraded

communities
) 50% @) 52%
FRESHWATER DEGRADED
BIODIVERSITY LOSS AGRICULTURAL LAND
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