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Arderne et al. 2020
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Grid Infrastructure Dataset by
Duke University
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Infrastructure Detection

Cycle-GAN to bridge gap between dataset
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Country-Level Demand Forecasting

via Bayesian Deep Learning and Others
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Forecast Model Backtest for Senegal
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Sources: S. J. Lee, D. Suri, P. Somani, C. L. Dean, J. Pacheco, R. Stoner, I. Perez-Arriaga, J. W. Fisher lll, and J. Taneja, “How probabilistic electricity demand forecasts can expedite universal access to clean and reliable electricity,” Energy for Economic Growth, 2021.; S. J. Lee, C. 13

L. Dean, D. Suri, P. Somani, J. Pacheco, R. Stoner, |. Perez-Arriaga, J. W. Fisher IIl, and J. Taneja, “Probabilistic forecasts of country-level electricity demand in Africa,” 2022 (not yet public). - Soon to be open-sourced, please contact authors
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RESEARCH ARTICLES

ECONOMICS

Combining satellite imagery and
machine learning to predict poverty

Neal Jean,"?* Marshall Burke,****{ Michael Xie,! W. Matthew Davis,*
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Building-Level Demand Forecasting
via Bayesian Deep Learning and Others
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