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Study area and CA simulation

Cellular Automata

Canopy cover ~ Canopy density Landscape slope MODIS Satellite

Launched by NASA in 1999
Daily image at 1km resolution

(a)
Other fire simulators/algorithms

Ottawa Montreal

ST MAINE ™

«  Rothermel equation Sl R 5
«  Flammap | |

« SPARK

-« CA

It is time consuming to simulate large fires o A |

Alexandridis, A., Vakalis, D., Siettos, C.l. and Bafas, G.V., 2008. A cellular automata model for forest fire ' . A

spread prediction: The case of the wildfire that swept through Spetses Island in 1990. Applied Mathematics
and Computation, 204(1), pp.191-201.

Gulf of
Mexico
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Surrogate modelling

LL. ercoder ||| -+ — %

Simulation Surrogate Motivation of DA

Integrating satellite
data
Accumulation of

Latent states LSTM training/prediction == === == === . prediction error
i

State (simulation) \\ : Covariance tuning :
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Encoder I —— Latent Assimilation
: Latent observation
Satellite observation i
(m) LSTM(day 4) (n) obs(day 4) (0) LSTM+DA(day 4) (p) DA(day 4)
Figure 1: Flowchart of deep latent assimilation with information-based observation compression
and error covariance tuning

Fire simulation | LSTM DA DI01 Flammap
Bear 2020 J3.85s 3.1e %s | 5.8¢7%s | 8B.Te %s | 10 ~ 30s
Buck 2017 2.96s 5.26e3s | 4.26e7 335 | 2.12¢ 23 | 5~ 20s
Cheng, S., Prentice, I.C., Huang, Y., Jin, Y., Guo, Y.K. and Arcucci, R., 2022. Data-driven surrogate model Pier 2017 8.28s 6.28¢7 33 | 5.36e %5 | 2.68¢ 25 | 10 ~ 30s

with latent data assimilation: Application to wildfire forecasting. Journal of Computational Physics, p.111302.
Table 5: .-";'-.Tr;lgq'ql :'n]upl]lF!Ti:J:la'rll time for one Ii'|:|||‘—.~'-lt:]r |1.~ihu.; different ;lpprcm:'hr_-.
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Model parameter identification

get elevation map,
fuel distribution,
and wind data

Y

get measurements
of the fire front

Y

first guess
of parameters

k=1

Bottleneck

r

compute fire
rate of spread

Y

update fire front
via level set methods

Y

compute cost function
J comparing simulation
and measurement
fronts

Are stopping
criteria
satisfied?

Case-by-case tuning
Time-consuming

Idea
Use fast ROM and ML

compute a new set of
parameters with the
optimization algorithm

L
k=k+1

forward models
DA for parameter
estimation

Alessandri, A., Bagnerini, P., Gaggero, M. and Mantelli, L., 2021.
Parameter estimation of fire propagation models using level set

methods. Applied Mathematical Modelling, 92, pp.731-747.

Our solution

Generalised Latent Assimilation

—

Decoder D

Encoder £,

i
Xpt

1 Xpt

Yt

-| - —
yf_, Encoder Ey

LHS sampling Polynomial regression

Evaluation

I | | | Opemtor | | I I

Decoder D Encoder

Cheng, S. et al., 2022. Generalised Latent Assimilation in Heterogeneous Reduced Spaces
with Machine Learning Surrogate Models, accepted in Journal of scientific computing
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Prediction

_ after parameter estimation

I Background

Observations Simulation space l

+ ML prediction
. preprocessing @
- .

time

prior adjusted satellite

Generalised
—) LatENT

_ Assimilation
encoding

ML prediction or physics-based simulation

Figure 3. Flowchart of the inverse model for parameter identification using GLA.

Cheng, S. et al., 2022. Parameter flexible wildfire prediction using machine learning techniques: Forward
and inverse modelling. Remote Sensing, 14(13), p.3228.
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Surrogate model for JULES-INFERNO
With a fine-tuning strategy

(e, 112, 192)
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r" ! g (a) Original
t= 10 . t= 65

\f train ytrain pptrain
M"U s MEER", METY Mta:gei Ml.u‘gr\ Mtnrgrr
Shifted copy 41 g2 e t+n

V-

T(nm -[-tlam Tl ain

itarget target rarget
Tivr s Teaz veens T

l "
’ 2 t+n i 1 ‘ g
5::::::;7:: > Concatenate < (h) CAE - L5TM
- r' r e L= 6
-
Xirain, .., X, X -

Shifted copy
Fore:ustm;

ytarget ;target i target
Xesr 1 Xea2 o Xtin

‘}H;inl s V,";;i",v,f[‘}’“
ylareet ytarger | target () ConvLSTM
- hest CAE - LSTM hest ConvLSTM
‘Ccﬁ:‘;;w Lty ﬂ onvolitional e e 3 copy * toputs [ Oupucs ' — _ — _
Metric Original Fine tuned | Original Fine tuned
RE 213x107% 201 x107 | 1.73x 107 151 x 107°
o gp"m':h\.f s mean SSIM 98.52% 98.70% 98.96% 99.24%
) .’.i' % ;,‘H l. AT Prediction time (s) 2.29 2.34 7.31 6.53
0.99 1 & |‘ v 1' u P} ‘” (’ e “" n‘ ’ '
i f 1I'Ill" A u.‘,“lll\ “r’-" “ " i‘fr‘l‘ t' ? H
= '1,' W\ ; ] Zhang, C., Cheng, S., Kasoar, M., and Arcucci, R.: Reduced order digital twin and latent data
i 0.98 L]

—=- CAE LSTM fine tuned

CAE LSTM original
==: Conv LSTM fine tuned
— =+ Conv LSTM original

assimilation for global wildfire prediction, EGUsphere [preprint], 2022.

0.97

Chassagnon, H., Cheng, S., Kasoar, M., Guo, Y., and Arcucci, R.: Deep learning surrogate models of
0 50 160 150 200 250 300 JULES-INFERNO for wildfire prediction on a global scale,submitted, 2022.

Months predicted
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Our idea

Generative models

trainable codebook

Challenges

CA simulation

|

Surrogate models are specific to
ecoregions

Many simulations need to the
performed to form the training set

Discrete latent space \

trcoser ||| -+ %

Latent states LSTM training/prediction

Surrogate model training

State (simulation)

apE
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Generative model

Embedding

Spece reasonable

VQ_VAE i | i « Most of the generations are

« The generative model ‘understand’
the impact of vegetation density
and slope

z,(x)

Encoder Decoder

Van Den Oord, A. and Vinyals, O., 2017. NeurlPS
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Fire-Image-Densenet
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(a) Runtime (b) MSE
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m Dense Block(4) Transition
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Figure 9: Predicted results for the Whaleback(2018) Fire and the Ryan(2018) Fire (from
top to bottom)
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Future works

« Improve the generalizability of the developed models
« Extend the current models to other natural hazards

« Self-supervised learning with remote sensing data
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Weekly meetings with invited speakers from other universities or companies:

We meet every Tuesday at 4pm (UK time) on Zoom °YOUTUbe :
Our mailing list: All the talks are recorded and uploaded ~ D€€PMind
on ourYouTube Channel — Data Learning &4 nvIDIA.

International Conference:

Every year, the DatalLearning group organises a workshop on Machine Learning and
Data Assimilation for Dynamical Systems (MLDADS), as part of the International
Conference on Computational Science (ICCS).

L ondon - ICCS 2022 Poland - ICCS 2021 Amsterdam - ICCS 2020

i |

-
| Sharing contents with our community worldwide: .
I To get access to our codes: Our GitHub https://github.com/DL-WG O GitHub
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https://github.com/DL-WG
https://mailman.ic.ac.uk/mailman/listinfo/datalearning
https://sites.google.com/view/rossella-arcucci/home/machine-learning-and-data-assimilation-for-dynamical-systems?authuser=0
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