Uncertainty-Aware Carbon Flux Estimation from Multispectral Landsat Imagery
Using Mixture Density Networks
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truth data at high temporal resolution but suffer from limited spatial coverage.
Upscaling these measurements to ecosystem scales is performed with machine
learning methods based on environmental drivers and satellite data. However,
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correctly quantifying uncertainty in these predictions remains a challenge, which : o - ‘ Ve srees
limits its use in carbon markets. We propose an uncertainty-aware carbon flux Carbon F o -
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estimation framework that integrates multispectral Landsat imagery, EC flux Satellite Data Estimator (MLP + S : v R -
measurements, and ancillary environmental variables using Mixture Density MDN) _> : B
Networks. Our framework provides estimates of both aleatoric and epistemic S g e i - o
uncertainties that enhance the reliability and scalability of carbon monitoring efforts. S T TN S U—— ST S o o os
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* Natural Climate Solutions (NCS) like reforestation and

conservation are vital for climate change mitigation,
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Ground methods like eddy covariance towers offer TNGR Tower Height  poreee T Footprint radiation, air temperature and Landsat Bands 3, 4 & 5 dominate both flux

precision but lack spatial coverage.
 Remote sensing + ML enable upscaling, but most traditional
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Figure: MDN-based architecture combining Landsat and meteorological inputs for carbon flux prediction and uncertainty estimation.

* Performance: R? 0.74 (val) — 0.72 (temporal test) shows strong
time-generalization; drop to 0.58 on unseen sites pinpoints the spatial gap.

and uncertainty (SHAP).
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