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Tackling Climate Change with Machine Learning
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Motivation

Global damage costs from natural disasters, Wildfire, 1980 G»OECD

Total economic cost of damages as a result of global natural disasters in any given year, measured in 2 o D o
current US$. ' N

Damage Costs from Wildfires (Bn USD)
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Source: Qur World in Data, EM-DAT, CREED / UCLouvain (2024)
Note: Data includes disasters recorded up to April 2024




Wildfires know
no bO rders - GFAS Total Fire Radiative Power - January 2024

Wildfire radiative
power (W m~2)
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Ion datasets do!

ANDFIRE 2022 EVT Ecological Systems Classification ot Facific Wiovded Walcanic Flewage

North Pacific Dry-Mesic Silver Fir-Western Hemlock-Douglas-fir Forest]
Quarries-Strip Mines-Gravel Pits-Well and Wind Pads

- Developed-Roads

I North Pacific Shrub Swamp

I North Pacific Montane Massive Bedrock-Cliff and Talus

I Western Cool Temperate Urban Deciduous Forest

- Western Cool Temperate Urban Evergreen Forest

... But high quality veget

East Cascades Mesic Montane Mixed-Conifer Forest and Woodland
North Pacific Dry Douglas-fir-(Madrone) Forest and Woodland

North Pacific Maritime Dry-Mesic Douglas-fir-Western Hemlock Forest
North Pacific Maritime Mesic-Wet Douglas-fir-Western Hemlock Forest
North Pacific Mountain Hemlock Forest

North Pacific Mesic Western Hemlock-Silver Fir Forest

* LANDFIRE is an American cross-
agency program

Rocky Mountain Subalpine Dry-Mesic Spruce-Fir Forest and Woodland | 5 g
Western Cool Temperate Urban Mixed Forest
Rocky Mountain Subalpine Mesic-Wet Spruce-Fir Forest and Woodland P
North Pacific Montane Shrubland

North Pacific Montane Grassland

Western Cool Temperate Urban Shrubland
- North Pacific Active Volcanic Rock and Cinder Land
Temperate Pacific Subalpine-Montane Wet Meadow
I southern Vancouverian Lowland Ruderal Shrubland

[ southern Vancouverian Lowland Ruderal Grassland

North Pacific Lowland Riparian Forest
North Pacific Montane Riparian Woodland

North Pacific Montane Riparian Shrubland

L ANDFIRE 2022 EVT-ES
grouped by SubClass

Annual Graminoid/Forb

* Produces vegetation dataset in
the US for fire management

Deciduous closed tree canopy
Deciduous open tree canopy
Deciduous shrubland
Deciduous sparse tree canopy
Developed

Evergreen closed tree canopy
Evergreen dwarf-shrubland

* EVT: “Existing Vegetation Type

LANDFIRE 2008 Refresh Updates: Existing Vegetation Type for Alaska

Evergreen open tree canopy
Evergreen shrubland

Evergreen sparse tree canopy

Mixed evergreen-deciduous
closed tree canopy

Mixed evergreen-deciduous
dwarf-shrubland

Mixed evergreen-deciduous open
tree canopy

Mixed evergreen-deciduous
shrubland

Mixed evergreen-deciduous

Existing Vegetation Types are Grouped sparse tree canopy

by NVCS Subclass
Non-vegetated

| Annual Graminoid/Forb
| Perennial Graminoid Perennial graminoid
|| Perennial Forb ) o
| Deciduous Shrubland Perennial graminoid grassland
| |Deciduous Dwarf Shrubland . -
B Deciduous Closed Tree Canopy Perennial graminoid steppe
SR UpciSuces Dpm Tres Canopy N : Sparsely vegetated
|| Deciduous Sparse Tree Canopy
| Evergreen Closed Tree Canopy
| Evergreen Open Tree Canopy

[ Mixed Evergreen-Deciduous Closed Tree Canopy
| Mixed Evergreen-Deciduous Open Tree Canopy

\
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About AlphaEarth Foundations (AEF)
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* Google Deepmind model-as-data publicly released on Google Earth Engine
* Model trained on wide variety of geospatial data (satellite optical + SAR, ERAS...)

* ‘General purpose’ embeddings provided as 64-dimensioned vectors

Brown, Christopher F., et al. "AlphaEarth Foundations: An embedding field model for accurate and efficient global mapping
from sparse label data." arXiv preprint arXiv:2507.22291 (2025).



Project overview

64 AEF bands

Model
inference




Inference in Canada

13 classes

EVT (Predicted) [ Sparsely Vegetated

B shuoend [ Grassland
B Riparian || Conifer

Hardwood - Developed

Conifer-Hardwood - Snow-lce Exotic Tree-Shrub

Open Water - Agricultural




Methods

* 2 held out test areas to evaluate performance

* 4 different models investigated
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Grassland
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Developed
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Training and testing

* Similar performance across models

* Drop in performance (a) in test regions and (b) as humber of classes increases

* Over-performing random forest model in training

13 classes

80 Classes

Training Validation Test
ACC J F1 ACC J F1 ACC J F1
Logistic Regression 0.77 | 0.48 | 0.60 | 0.77 | 0.48 | 0.59 | 0.71 | 0.39 | 0.51
Random Forest 0.97 | 0.95 | 0.97 | 0.81 | 0.55 | 0.67 | 0.73 | 0.43 | 0.55
Gradient Boosted Trees | 0.79 | 0.52 | 0.65 | 0.79 | 0.52 | 0.64 | 0.73 | 0.42 | 0.54
Segmentation Model 0.79 | 0.50 | 0.63 | 0.79 | 0.51 | 0.63 | 0.73 | 0.42 | 0.54
Training Validation Test
ACC J F1 ACC J F1 ACC J F1
Logistic Regression 0.60 | 0.28 | 0.40 | 0.60 | 0.27 | 0.39 | 0.42 | 0.11 | 0.17
Random Forest 0.96 | 094 | 0.96 | 0.71 | 0.39 | 0.53 | 0.48 | 0.16 | 0.23
Gradient Boosted Trees | 0.63 | 0.29 | 0.43 | 0.62 | 0.28 | 0.41 | 0.44 | 0.12 | 0.17
Segmentation Model 0.65 | 0.28 | 0.40 | 0.66 | 0.29 | 0.41 | 048 | 0.15 | 0.21




Training and testing

* Large variations in performances across test

regions

* Abrupt transition in LANDFIRE data could explain
drop In performance

13 classes
Canada South Canada West
ACC F1 ACC F1
Logistic Regression 67 | 0.31 | 0.41 82 | 0.35 | 0.42
Random Forest 0.69 | 0.34 | 0.45 | 0.83 | 0.42 | 0.52
Gradient Boosted Trees | 0.69 | 0.34 | 0.45 | 0.83 | 0.32 | 0.39
Segmentation Model 0.69 | 0.34 | 0.45 | 0.83 | 0.37 | 0.45
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* This study can be extended to other u



