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1. Introduction 3. Performance of KGML-ag-Carbon in crop yield estimation 4. Carbon fluxes estimation over the U.S. Midwestern cropland
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potentials of terrestrial ecosystems. Cropland carbon budgets play an important role in Corn Yield Soybean Yield = '1' | * 46

Accurate estimation of carbon budgets is vital to assessing the climate change mitigation

regional carbon budgets over cropland dominates the landscape such as the U.S. Midwest. 2!

However, there is still no reliable product on cropland carbon budget with high spatial and 2|

temporal resolutions over the U.S. Midwest.
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Empirical studies use flux tower observations to quantify different components of cropland | %
carbon budget at local scale, such as net ecosystem exchange (NEE), but it is difficult to scale a | | » .
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capturing this opportunity requires going beyond the ML limitations, including limited — 2:29_ (Reco)

local observations up to regional scales.

Although there is an increasing interest in leveraging recent advances in machine learning,
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generalizability to out-of-sample scenarios, demand for massive training data, and low
interpretability due to the “black-box” use of ML

I = 42 |
To fill this gap, we used the knowledge-based artificial intelligence to integrated the advanced 81 ‘ ' ' 42
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ecosystem model, ecosys, with a new remotely-sensed daily ecosystem gross primary .
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production (GPP) observations to estimate the crop yield, ecosystem respiration (Reco), and
NEE at field scale in the U.S. Midwestern cropland.
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Fig. 3. The performance of KGML-ag-Carbon and pure machine learning (ML) in
crop yield estimation. (a) and (b) were the model performance validated using
210 counties randomly selected in the study area for corn and soybean,
respectively, and (c) and (d) were the model performance validated using the
A_ counties from Illinois for corn and soybean, respectively. T T
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Fig. 1. (a) Major processes represented in the ecosys model (revised from (Grant, peepe— 10 — 5 C US|
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ecosystem model, and remotely-sensed GPP observations.
Validated the performance of KGML-ag-Carbon in corn and soybean yield and carbon fluxes
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