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Deep Learning Weather Vegetation modeling
Weather variables x; ForeCCISflng
* Deep learning weather models . o
accurately predict weather at * Vegetation models provide insights
high spatial and temporal into the interplay of vegetation state
resolution and environmental conditions
° A’rmospheric. representation e Short-term and small-scale weather
Deep Learning learned during pre-training phenomena affect vegetation state
Weather Model usable for novel tasks
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Data-driven vegetation model at

* global scale
* high spatial resolution

* high temporal resolution

Weather variables x;

Deep Learning
Weather Model

Weather variables x¢1

Pre-training \Q @

Contribution saence

CAIDAS

... exploiting the learnt
atmospheric representations of a
pretrained weather model

Our work:
Finetuning

08.04.24 Global Vegetation Modeling with Pre-trained Weather Transformers



Julius-Maximilians-

UNIVERSITAT
WURZBURG

Weather variables x;
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Deep Learning
Weather Model
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Vegetation index y;
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Dataset

Input Dataset

* ERAS5 [1]: Global reanalysis weather data
*  Multiple atmospherics variables at different

vertical levels
* Temperature
* Geopotential
*  Wind speeds
* Relative humidity

Target Variable

* Normalized difference vegetation index (NDVI)
as proxy for vegetation state from GIMMS [2]

* Remotely sensed data

* Index range: -1 (water) to 1 (dense vegetation);
around O means only sparse vegetation

* Globadlly available for terrestrial ecosystems

* Sparingly available in high-latitude regions

. dafa
science

CAIDAS

___ Global, high-resolution dataset to
model shori-term and small-scale
meteorological effects on vegetation

* Spatial resolution: 0.25°

* Temporal resolution: daily
* Train period: 1982 — 2010
* Val period: 2011 - 2012

* Test period: 2013

—> Efficient model required
to process large-scale
dataset

[1] Hersbach et al. "The ERA5 global reanalysis." (2020)

—

[2] Vermote et al. ,Noaa climate data record (cdr) of avhrr
normalized difference vegetation index (ndvi), version 5% (2019)
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Efficient global vegetation model by replacing the head

Weather variables x;

Adapted
FourCastNet

Vegetation index y;
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Patches Embedding
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Global Vegetation Modeling with Pre-trained Weather Transformers

Transformer Block

Spatial
Mixing

Fourier
Space

Channel
Mixing

Pre-trained weights from
FourCastNet [1]

Output Head

New head

and finetuning the entire pre-trained FourCastNet [3]

FourCastNet (FCN) info:

Weather model based on
VisionTransformer

Adaptive Fourier Neural Operator
used for efficient global spatial
mixing

Pretrained to predict Xt agp from
xt on ERA5

7 3 million parameters

[3]: Pathak et al. "Fourcastnet: A global data-driven
high-resolution weather model using adaptive fourier
neural operators." (2022).
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Evaluation

Comparison against results from the literature by adopting their evaluation scheme

Our Models

Global input x; and output y;
with daily resolution at 0.25°

FourCastNet finetuned

State Space Model [5]

* Guided by plant-growth
equations

* Separate, local models for 100
locations

* 7-daily resolution

08.04.24

FourCastNet from scratch
(all weights randomly
intialized)

CNN

(hyperparameter optimized)

Local evaluation
Aggregate model output to weekly
resolution at the same 100 locations
Compute unweighted average R? and
RMSE per location

[4]: Kraft et al. "Identifying dynamic memory effects on vegetation state using recurrent neural networks." (2019)
[5]: Higgins et al. "Shifts in vegetation activity of terrestrial ecosystems attributable to climate trends." (2023)
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Finetuning FourCastNet captures a substantial amount of the NDVI’s variability

Global visualization of the R? score 1.0
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Our finetuned model outperforms training from scratch

Model FCN finetune FCN scratch Recap: evaluation setting

 Aggregate model output and target to
RMSE 0.0403 0.0512 15-daily resolution
R’ 0.6331 0.4977

=> Structural atmospheric knowledge gained during pre-training is beneficial for
NDVI modeling

—> Structural knowledge might not be attained in training from scratch
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Our finetuned model outperforms a hyperparameter-optimized CNN

Model FCN finetune CNN LSTM Evaluation setting and recap:

* Aggregate model output and target to 15-
RMSE 0.0403 0.0431 0.017 daily resolution
R’ 0.6331 0.6061 0.904

* LSTM performance is a strong baseline and currently not reached
* LSTM uses data from multiple past timesteps (FCN uses only current #)

e LSTM uses soil variables

- FCN performance might improve by incorporating past and soil-related variables
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Ablation Study: Freezing Blocks

Finetuning only 509% of FourCastNet’s parameters creates
strong global ecosystem model

* Vary the number of trainable 0700
parameters by freezing 06751
Transformer blocks ne30”

0.625 -

* Until 50% frozen parameters, “ 0.600.
FCN outperforms CNN baseline —_—

—> Features extracted from 0.550

(frozen) pre-trained weather 0.525-

models beneficial for ecosystem 0.500

modeling

C AIDAS
Results for varying number of frozen blocks
B
— — . |
___________________________________ D2 G N
\\
~
-

—a- RZ
——== CNN baseline
None 1 2 3 4 5 6 7 8

Number of frozen Transformer blocks
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Our global model outperforms location-specific state space models

Location: Burkina Faso National Park (Year 2013)

Model FCN finetune SSM osf
RMSE 0.0547 0.0548

2 —05 7 Normalized difference vegetation index (NDVI) (weekly data)
I ! 0 - 5 1 5 1 0 . 40 38 FourCastNet Ecosystem Model (RMSE: 0.0508 | R2: 0.5351 | MAE: 0.0374)
—— SSM (RMSE: 0.2333 | R2: -12.6989 | MAE: 0.2169)
0 10 20 30 40 50
Week of year

Location: Brasil (Year 2013)

= Our global model captures 10

e 0.5
biome-related patterns solely from _
5 0.0
global data 2
—05 1 Normalized difference vegetation index (NDVI) (weekly data)
FourCastNet Ecosystem Model (RMSE: 0.0574 | R2: 0.7219 | MAE: 0.0465)
—— SSM (RMSE: 0.5187 | R2: -164.6435 | MAE: 0.5165)
-1.0

0 10 20 30 40 50
Week of year
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* Pre-trained weather model for globally modeling NDVI at
high spatial and temporal resolution

Weather variables x;

* Global model also shows strong local performance

* Structural atmospheric weather knowledge of weather
models beneficial for ecosystem modeling

Deep Learning . . . ]
Weather Model * FCN performance might be improved by incorporating

Iyl past and soil-related variables

_ Finetuning for :
: vegetation modeling
: B :

AR

Vegetation index y;
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Modeling vegetation activity in tropical regions is challening

RMSE R2 Samples
Biome FCN SSM FCN SSM
Boreal forest 0.0656 0.0834 0.7244 0.8321 16
Grassland 0.0416 0.0449 04716 0.4484 14
Mediterranean-type  0.0364  0.0393  0.1921 -0.6008 SI
Tropical forest 0.0789  0.0508 0.1405 -0.0515 16
e O S L B T
Shrubland 0.0478 0.0445 0.3021 0.1966 16
Temperate forest 0.0598 0.0693 0.7726  0.5247 12
Tundra 0.0423 0.0600 0.8312 0.9149 9

NDVI modeling performance of our global FCN model (evaluated locally) and the SSM approach [5] at 100 selected
locations, covering 8 different terrestrial ecosystems. Both approaches perform notably worse in tropical and
Mediterranean-type ecosystems.
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Global Results

Number of valid samples decreases towards the poles

Pixelwise number of valid (i.e., non-NaN) samples

14000

12000

10000

8000

Latitude

6000

so|dwes jo JoaquinN

4000

2000

Longitude

ivaiasal VCBCLQLLUJ.I. J.VJ.U\J.CJ.J.J.I.B VVILLL L LTTLLAQLILTWL VYVOQULOL L1ioilviLiLlltcLio

CAIDAS

18



