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Enlarging the study area
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The SustainBench : a Source of SDGs Monitoring OLIRMM

Dataset

Sustainbench website' : https://sustainlab-group.github.io/sustainbench/

Living Standard Measurement Study &
Demographic and Health Survey

Data harmonization between countries
Ready to use in a deep leanring context

C. Yeh, C. Meng, S. Wang, et al. “SustainBench: Benchmarks for Monitoring the Sustainable Development Goals with Machine Learning,” in Thirty-fifth NeurIPS,

Datasets and Benchmarks Track (Round 2), Dec. 2021. 20



