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Hooray for the unlimited potential of ML methods
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ML method evolution

Algorithm evolution
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How good are the ML algorithms?

RMSE test

Model performance
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New data, new problems: e.g. shadows
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New data problems: e.g. shadows

Accuracy test

L8 VNIR
B 8 VNIR+T
S2 VNIR

Model performance

L8 VNIR L8 VNIR+T S2 VNIR Air
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New data problems: e.g. shadows
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New data problems: change detection for disaster management

PrelPevent Posti?l vent
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New data problems: time urgency
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The input data is originated from the xBD, Sentinel-2 and Sentinel-1 dataset
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The input data is originated from the xBD, Sentinel-2 and Sentinel-1 dataset
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Data resolution matters ...

Performance vs xBD resolution
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Data type matters ...

Example Example 1 Example 2 Example 3 Example 4

Label Ne-damage Miner-damage Major-damage Destroyed

xBD 0.5m
Optical data

0.68

[¢][¢] 012D [¢]

xBD 10.0m
Optieal data

Sentinel-2
Optieal data

Sentinel-1
SAR data

" Blorrect < F[hcorrect
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... but not always that much

Pre-Event

XBD 0.5m

xBD 2.5m

xBD 5.0m

xBD 10.0m

Post-Event
: < Sy, .
% N D 9,
065 | 0.63 | 0.61 0.57
X 0.61 | 0.58 | 0.57
X X 0.57 | 0.53
X X X 0.52
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onclusions

ML methods offer promising methodological opportunities
but are no magical solutions.

ML methods require application/data/label-specific development

Even the best ML methods suffer from “garbage in = garbage out’

Stef L ermitte Y @steflhermitte
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