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“s". Biodiversity monitoring at scale

‘Crucial Copi5 deal includes target to
protect 30% of nature on Earth by 2030
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Increased conservation efforts
+ more sustainable production @
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Increased conservation efforts e
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This artwork illustrates the main findings of the article, but does not intend to accurately represent its results (https://doi.org/10.1038/s41586-020-2705-y)

Top: The Guardian, 19 Dec 2022
Leclere et al., 2020, Nature Bottom: Kunming-Montreal COP15 2022
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Year of last assessment

In England, 66% of SSSIs [nature
reserves] had not been assessed for
>10 years (in 2023). Recent
assessments show worse conditions. I I I I I
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Ca n We cre ate sca la ble mo n ito ri ng 2000 2003 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022 2023
methods? -> ML and EO

Top: Wild Justice, 2023, A sight for sore SSSIs
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In England, 66% of SSSIs [nature Year of last assessment

reserves] had not been assessed for
>10 years (in 2023). Recent
assessments show worse conditions. I I I
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Ca n We cre ate sca la ble mon ito ri ng 2000 2003 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022 2023
methods? -> ML and EO "

We improved UK National Park land
covermapfrom10mto12.5cm
resolution.

How can we map habitat condition?

Top: Wild Justice, 2023, A sight for sore SSSIs

Bottom: Van der Plas et al., 2023, Rem. Sens.
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/ Protected Area (PA) data High-resolution biodiversity monitorinh

Remote sensing (RS) Citizen-science (CS) Machine Learning (ML)
. habitat information  « species information flexible, high-capacity Local habitat
« comprehensive « sparsely distributed analysis tools condition

K « indicator of habitat quality j

Van der Plas et al., 2025, Ecol. Sol. Evid.
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Predict bird species in US using
eBird and sentinel-2.

Aggregate ‘complete’ observations
across visits to compute
P(observed) per species.

ML task: predict P(observed) per
species per location from remote
sensing data.
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Predicting species presence from satellite data
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Teng et al., 2023, NeurlPS Datasets and Benchmarks
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“¢". S2BMS data set

UK Butterfly Monitoring Scheme (UKBMS):
highly structured citizen science project for
recording butterflies.

We used 2018 and 2019, locations with >
200 obs: 1329 locations & 62 species
remaining.
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Van der Plas et al., 2025, CVPRW proc.
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UK Butterfly Monitoring Scheme (BMS):
highly structured citizen science project for
recording butterflies.

We used 2018 and 2019, locations with >
200 obs: 1329 locations & 62 species

remaining.

2.56 km x 2.56 km sentinel-2 images of 10
m RGB+IR bands. Cloud-free between June-
Aug.

Location #0

Location #3

Location #1 Location #2

Location #4 Location #5

P(presence)

Van der Plas et al., 2025, CVPRW proc.
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¢~ S2BMS data set

UK Butterfly Monitoring Scheme (BMS):
highly structured citizen science project for
recording butterflies.

We used 2018 and 2019, locations with >
200 obs: 1329 locations & 62 species
remaining.

2.56 km x 2.56 km sentinel-2 images of 10
m RGB+IR bands. Cloud-free between June-
Aug.

Compute species similarity between
locations.

Location #0

Location #3

Location #1 Location #2

Location #4 Location #5

P(presence)

-— COS

d
1.0 o o
> © 37
= U o
2 2
c O 5 5
08 =2 o > 2
E = @
-G o ‘G:J 1 -
(@]
0.6 ¢ ¢ 0l = \
D 9 0.0 0.5 1.0
0.4 S 7y cos similarity s;;

Van der Plas et al., 2025, CVPRW proc.
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Location #0 Location #1 Location #2

~ 1000 ‘training’ data points.

Convolutional NN (Resnet) encodes
image to embedding.

Data augmentation: crop, flip, rotate.
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Van der Plas et al., 2025, CVPRW proc.
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~ 1000 ‘training’ data points.

Convolutional NN (Resnet) encodes
image to embedding.

Data augmentation: crop, flip, rotate.

Few, but high-quality data. How can we
extract more information?

Currently N data points. If we could
learn from similarities between
locations: N2

Predicting with CNN

Model Top-10 [%] Top-5[%] MSE [1e-02]
- Meanrate 67.3 58.7 1.39

1 ImageNet 689+08 609+10 1.334+0.05
1 SeCo 69.1 05 61.84+09 1.34+0.04
2 ImageNet 69.7+05 61.5+0.7 1.244+0.03
2 SeCo 69.5+04 624+08 1.22+0.04
3 ImageNet 69.0+0.5 61.8+0.7 1.244+0.03
3 SeCo 69.6 02 624+1.0 1.21+0.04
o
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Van der Plas et al., 2025, CVPRW proc.
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PECL: Paired Embeddings Contrastive Learning

location #1 location #2

v P(observed)

Van der Plas et al., 2025, CVPRW proc.



PECL: Paired Embeddings Contrastive Learning

location #1 location #2
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Van der Plas et al., 2025, CVPRW proc.



+={.BEeS | n . "
®®". PECL: Paired Embeddings Contrastive Learning

location #1 location #2

CNN CNN

embed.
embed
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species similarity
sim = (s4°82) / (|| 54 [I"|l s2 I1)

o P(observed)

Van der Plas et al., 2025, CVPRW proc.
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location #1 location #2
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image
embeddings
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Van der Plas et al., 2025, CVPRW proc.
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location #1 location #2
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Van der Plas et al., 2025, CVPRW proc.
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Pre-training or regularisation?

location #1 location #2

similarity
Challenge: more hyperparameters to | gnmage
optimise. 4—4—> CNN
() ()
PECL improves top-10 accuracy by Ig!‘f;“"“se :
35%. A- Ifrerence :
3 v ;
: «—
;Ci:, species similarity
N sim = (sq°s) / (Il s4 Il s2 11) s,
Model Top-10 [%] Top-5[%] MSE [le-02]
Mean rate 67.3 58.7 1.39
Unfrozen 3-layer SeCo 682+02 61.8+08 1.32+0.03
Frozen 3-layer SeCo 69.6+02 624+1.0 1.21+0.04

Frozen 3-layer SeCo + CR (best grid search) 70002 623+0.6 1.21+£0.03
Frozen 3-layer SeCo + CR (best random search) 704 +0.2 63.0+0.9 1.20 + 0.03

Van der Plas et al., 2025, CVPRW proc.
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*®"_ Predicting with CNN + contrastive regularisation

Pre-training or regularisation? | |
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Use bigger SatBird data set to pre-
train using contrastive learning?

Integrate more data modalities
(sensors, long-term monitoring, ..).

Derive comprehensive metrics of

habitat condition (indicator species,

XAl ..).
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similarity
image

CNN

embeddings
4——’ CNN

I minimise
| difference

[embed |
[embed ]

Use larger SatBird data to pre-train
using contrastive learning?

1 | N |

o
Integrate more data modalities ; 4_i_>
(sensors, long-term monitoring, ..). ol I ey A P

Derive comprehensive metrics of
habitat condition (indicator species,
XAl ..).

Feed into ecosystem digital twins for
scenario forecasting.

FAIR Data & Models : Virtual Lab

Community
% LTER-LIFE graphic




* Acknowledgements

David Alexander (PDNPA)
Simon Geikie (PDNPA)
Daniel Simms (Cranfield)
Matt Fry (Turing/CEH)
Michael Pocock (CEH)
Stephen Law (UCL)

loannis Athanasiadis (WUR)

thijs.vanderplas@wur.nl

vdplasthijs.github.io

PEAK The
° NaronAL - Alan Turing

PARK Institute

UK Centre for
Ecology & Hydrology

v

High-resolution land cover mapping:
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ML for monitoring PAs perspective:
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