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Explainable Al

*%* How can we interpret the predicted fire danger

o)
Black box .
mpvt 2P, % Whyis the danger high on a given day or
location?

*%*  Which are the main drivers leading to wildfires?

% What is the main mechanism behind fire
occurrence and spread?

*%*  When can we trust model’s predictions?
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Bird’s-eye view of xAl How to explain
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[Lundberg, Leee, A Unified Approach to Interpreting Model Predictions,
Shapley values NIPS 2017 |

[Shapley, A value for n-person games, 1953]
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Predictors

Main drivers with SHAP

Soil Moisture Index (%)
Min Relative Humidity (%) -
NDVI

Max Wind Speed (m/s) 1
LST Day (K) 1

Max Dewpoint temperature (K) 1
General Agricultural (%)
Max Temperature (K) 1
General Vegetation (%) 1
Slope

Arable Land (%)

Forest (%)

Max Surface Pressure (Pa)
Total Precipitation (m)
Distance from Roads -
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Shapley values
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% Type 1: driven by low Relative Humidity

< Type 2: driven by high Wind Speed
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[Molnar, Interpretable Machine Learning]

PCI rtidl Dependency PIOts [Zhao & Hastie, Causal Interpretation of Black Box models, 2021]
f: X —y

f(xs) = Exo|f(xs, Xc)] = / f(xs,wc)dP(c)

Marginalization procedure

flrs,zc) = h(zs)g(rc) — f(xs) = h(xs) /g(:v(;)dP(xc) = const X h(xg)

PDP >  Causal effectof XsonY

EVENT TITLE AND DATE DEE?
CUBE




Univariate dependencies with PDP
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[Sundararajan, et al., Axiomatic Attribution for Deep Networks,

Integrated Gradients ICML 2017]

= Implementation
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1 input image
Point for
attribution,
gradient=0
5 Baseline
baseline at 0 'X (all zeros)
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Explainability: short-term temporal behaviour from IntGrad

Slow-onset activation:
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Scaling to the whole Mediterranean basin..
[Prapas, et al, in-preparation, 2023 ]

band = 1. time = 2021-08-02
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Next steps

Scale to the whole Mediterranean
- Bigger datacube
« MOoOdels with more data
« Study regional variability

- Couple with terrestrial ecosystem modeglling (TEM) for carbon cycle, and add
more info on vegetation (e.g: plant tl’(]ltS?

- Extend validation and compare against other solutions and models

- Improve transparency by evaluating xAl results with experts (e.g. fire risk
managers), c_omporm% exXplanationsTor different regions and tlme}spoce
scales,’combining multi

ple XAl methods
- Hybrid modelling to take into account physical propagation mechanisms

- Estimate uncertainty with Bayesian networks

EVENT TITLE AND DATE DEL:¢
CUBE




Thank youl! ‘ T

L research and innovation programme under grant agreement No

RN This project has received funding from the European Union’s Horizon 2020 CUBE4
101004188 .




