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The recent wildfiresin
Californiain 2018 cost
more than $27 billion

capital loss 04/11/2021

https://firms.modaps.eosdis.nasa.gov/map
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Study areas and observations
Daily satellite (MODIS) observation

Images every 1-2 days at 1km resolution
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Buck fire, 2017
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R Idea:
iy~ ani « Learning from simulation data
_— « Using satellite observations to
o validate/assimilate
Los Angeles
Fire latitude longitude area
North South West, East
Bear 2020 39.8567  39.7780  —121.1615 —121.0171 ~ 108km?
Buck 2017  40.2558  40.1707  —123.0791 —122.9734 ~ 83km?
Picr 2017 36.1909  36.0543  —118.7986G98  —118.616145 ~ 244km?”

Table 1: study areas of the three wildfires
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CA (Buck fire) Satellite observations

(a)

Stochastic simulation  Pun = pr(l + Pueg) (1 + Pden ) Ps

Other fire
simulators/algorithms
State 1: State 2: State 3: State 4:
no burnable not ignited burning Burned down
« Rothermel equation
!))1111
' -  Flammap
« SPARK
\ - CA
\ ,’ 1 — i)hllll
- It is time consuming to simulate large fires
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Reduced order modelling

Variational auto-encoder
Principle component analysis (PCA)

robust latent space
Stochastic simulations

Previous layer
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CAE vs. POD (reconstructions) "l P
Training set: 120 CA simulations . f
\ﬂ\‘_«.\-'\s—o

R-RMSE
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Satellite obs: Daily observation (MODIS)
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(c) observations

(g) training: AE (h) test: AE (i) obs: AE
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Latent RNN

> time
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— prediction

— Latent space
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Prediction in the latent space

~3000 3600 3100 3200 -300 2800 2600 00 ~300 ] 00 —dto 3o -200 -To0 0 100 200 300 20 B 1 s e see
prediction prediction prediction prediction
(a) M(Ay=1) (b) A2(Ay =1) () A3(Ay=1) (d) Aroo(Ay=1)
60
2600 40 w
¢ e g 3 g7
2 a0 s E E_
- 3600 -0
3800
400
3000 ~3600 -3400 -3200 -3000 2000 ~Z600 4 200 [ 200 i o 30 200 -ioa © w0 w0 = oo 2o 1] Za
prediction prediction prediction prediction
(e) M1 (A, = 10) () Aa(A; = 10) (g) As(A; = 10) (h) Aroo(A¢ = 10)
.

— ] b c= ™ 4 I W = "] D - C == BEH 11 T i E — WL

A



ESA-ECMWEF Workshop 2021

Prediction error
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How to correctthe predictions with real-time observations?

days
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Latent Assimilation: principle DI01 covariance tuning

Desroziers & Ivanov, 2001

DA

Latent space

Model reduction LSTM prediction Covariance tuning

v P .
BT - N -

State (simulations)

DIO1

observation

simulation

h .
Compression Latent space /
Satellite observations

Improved prediction/reconstruction
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(a) Bear 2020: latent LSTM and DA
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(c) Buck 2017: latent LSTM and DA (d) Buck 2017: effect of the covariance tuning
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(m) LSTM(day 4)

(n) obs(day 4)

(p) DA(day 4)

Bear 2020
Buck 2017
Pier 2017

3.85s
2.96s
8.28s

3.1e 3s
5.26e %5
6.28¢ 35

5.8e %s
4.26e 35
5.36e 35

R.7e %s
2.12¢ 25
2.68¢2s

10 ~ 30s
5~ 20s
10 ~ 30s

Table 5: Averaged computational time for one time-step using different approaches °
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Conclusion and future wor

Conclusion

- The ROM- and RNN-based surrogate model is very efficient
« Latent Assimilation is computationally cheap and can be performed near real-time

Future works

* Physics-informed machine learning
« Variational latent assimilation
 More general machine learning modelling for fire spread prediction
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