-

VIT

Emulation of a Forest Growth

Model with Deep Learning

Heikki Astola’, Francesco Minunno?, Annika Kangas®, Matti Mottus’

"WVTT Technical Research Centre of Finland, ?Yucatrote, *Natural Resources Institute
Finland (Luke)

Introduction

The enormous volume of observed and modeled data and
the required level of detail calls for advanced machine
learning methods. In ARTISDIG project we studied the
possibility of replacing a complex forest growth and
productivity model with a deep learning model under
realistic climate scenarios with sufficient accuracy. We set
our goal for the emulator prediction relative bias to be within
+2%.

Data

 The process-based Rprebasso [1] forest growth model
was used to produce the 25-year predictions for forest
sites in continental Finland

« Site data: 28,666 field inventory plots provided by the
Finnish Forest Centre

* Climate data from Copernicus Climate Data Store (CDS;
https://cds.climate.copernicus.eu/#!/home)  for  three
climate scenarios for period 2020 — 2100

Methods

We tested three different neural network architectures for
modelling the prediction task of the Rprebasso software:

1. RNN Encoder-decoder network combined with a fully
connected section parallel to the encoder

2. RNN encoder with a fully connected input section

3. Transformer encoder network

* Prediction variables: tree height (H), stem diameter (D),
basal area (BA), stem volume (V), net primary production
(npp), gross primary production per tree layer (GPPtrees),

Results

 The RNN encoder with a fully connected input section
(model 2.) produced the best results

* The yearly bias values for the forest variables of the test
set were within the specified 2% limit

* The deep learning model produced predictions 7.4 times
faster than Prebasso
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Scatterplots of test set basal area/pine (BA pine) predictions (prediction) against Prebasso
estimates (target) for years 5, 12 and 25.
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Boxplots of yearly residual errors for basal area/pine. Green diamond = mean, red line =
median. The yearly mean values of the target variable varied between 12.6 and 25.0 m?/ha.

The mean, minimum and maximum relative bias and root mean squared error values for a 25-
year prediction by the emulator. Bias values exceeding the +2% limit plotted with red, otherwise
green. *) The actual mean and mean of absolute values of BIAS% shown (mean(.)/mean(abs(.))

Relative bias Relative RMS error

net ecosystem exchange (NEP), and gross growth

Variable Species mean* min max mean min max
Pine -0.3/0.4 -0.8 0.3 5.2 4.6 6.9

H Spruce 0.1/0.3 -0.5 0.4 6.7 6.0 8.1
Broadleaved -0.5/0.5 -0.7 -0.4 5.4 51 6.1

Pine 0.8/0.8 -0.1 1.1 11.1 /7.9 15.1

BA Spruce -1.0/1.0 -1.4 -0.8 16.5 14.0 19.6
Broadleaved -1.0/1.2 -2.0 1.5 249 16.7 35.9

Pine 0.7/0.8 -0.3 1.3 /7.9 /7.1 10.3

GPPtrees Spruce -0.1/0.4 -0.5 0.8 9.2 3.0 11.9
Broadleaved -0.4/0.4 -0.8 0.3 19.0 15.2 21.2

Pine 1.7/1.7 0.1 2.5 12.7 11.2 17.9

GGrowth Spruce -0.4/0.5 -1.5 0.5 14.7 13.0 20.3
Broadleaved 1.0/1.1 -0.4 3.6 23.9 20.2 28.7
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Recurrent Neural Network (RNN) encoder with a fully connected input section (model 2.)

Weather Data: monthly/yearly averages for 25 years
(PAR, Tair, Precip, VPD, CO2)
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Conclusions

 Emulating the operation of analytical forest growth models
s feasible using state-of-the-art machine learning methods

* The tested methods produced predictions for the selected
set of variables effectively
* The study shows the potential of using such emulators for
producing long time span simulations for e.g. digital twins
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