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Vegetation and the Carbon Cycle
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https://www.ipcc.ch/site/assets/uploads/2018/02/WG1AR5_Chapter06_FINAL.pdf

Question
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e Precipitation sum (rr)

e Mean temperature (tg)

e Averaged sea level pressure (pp)

e Mean global radiation (qq) v(t) =
Vegetation: normalized difference vegetation index (ndvi)

Can we model the unknown part of v(t)?
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Echo State Networks
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Chosen locations

72° N EU Locations

Selected locations:

e different climate zones
e diverse vegetation cover

We chose to focus on forest sites to minimize
the imperfections in the data due to human
activity

Data from E-OBS and FluxnetEO datasets
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https://staging.igrac.kartoza.com/layers/igrac:other_climate_2007_koppen_geiger

Dfb: Warm Summer Continental or Hemiboreal Climate
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Dfc: Subartic or Boreal Climates

Deciduous broad-leaved forest

NDVI at DE-Lnf

0.9
0.8
HINAY W‘n{fﬁ
0.6
o8 actual
0.4
2

— predicted

014-01-01 2016-01-01  2018-01-01  2020-01-01

Relative error

014-01-01 2016-01-01  2018-01-01  2020-01-01

Distribution - Relative error
1000

600
400
200

0.0 0.1 0.2 0.3 0.4 0.5

Evergreen needle-leaved forest

NDVI at SE-Ros

o
) TASNANVANA Vi
0.6
08 actual
0.4
2

predicted

014-01-01  2016-01-01  2018-01-01  2020-01-01

Relative error

05
0.4
03
0.2
0 MMWWJM\MNW
0.0
2014-01-01  2016-01-01  2018-01-01  2020-01-01
Distribution - Relative error
1000
800
600
400
200
0
0.0 0.1 0.2 0.3 0.4 0.5

Francesco Martinuzzi “Learning Biosphere Response to Climate Drivers with Echo State Observers”

12.01.2023

UNIVERSITAT
LEIPZIG




Cfb: Oceanic Climate
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Csa: Mediterranean Hot Summer Climates
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Conclusions and future directions

e We showed that the Echo State Networks can successfully learn the
dynamics of ndvi in different settings, thus working as observers for
the biosphere-atmosphere system

e Even if the data presented some strong artifacts in the training set
the model was able to extrapolate the underlying dynamics

e The next step is an in depth comparison with other recurrent models
(LSTM, GRU, and RNN)
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Thanks for your attention
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Echo State Networks

e Based onrandom and untrained (fixed) recurrent neural network
x(t + At) = (1 — a)x(t) + af (Wx(t) + Wi,u(t))

e The hidden states x(t) are collected in a states matrix X
e The output layer (W_ ) is computed at the end as linear regression of
the teacher output on the reservoir states.

Wout _ YtargetXT(XXT 4+ BI)—l

e The predictions leverage the same update equations to obtain the states,
and the predicted state is obtained as

v(t) = g(Wourx(t))
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