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Abstract: To facilitate the selection of iron ore oxygen carriers for practical chemical looping combustion (CLC)
processes, a data-driven strategy for predicting the performance of these carriers is proposed. Ten machine learning
classification models are developed to actively match the oxygen carrier dataset. The predictions for both the time
required to achieve 95% carbon conversion of coal/char and the combustion efficiency achieve high accuracy of
94.66% and 93.07%, respectively. Using a SHAP-based model interpretation method, the research identifies key
factors that constrain the performance of iron ore oxygen carriers, including coal type characteristics, Fe,O; con-
tent, particle size, temperature, and oxygen-to-fuel ratio. The study addresses the individual and combined ef-
fects of complex factors in practical CLC processes, achieving a harmonized integration of the physicochemical
properties of the oxygen carrier, reaction conditions, and coal type matching under multiple operating

conditions.
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tion and screening of oxygen carriers
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Tab.1 Experimental dataset of iron ore oxygen carriers for machine learning training
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Fig.2 Workflow of oxygen carriers performance prediction with multiple machine learning models
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Fig.4 Model interpretation and feature contribution analysis using the SHAP method
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