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of oxygen content in flue gas due to the inherent nonlinearity and uncertainty of the municipal solid waste incineration
process. Therefore, a data-driven predictive control scheme of oxygen content in flue gas is proposed for municipal solid
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method is utilized to obtain the control law, and the optimization efficiency is guaranteed. Thirdly, the stability of the pro-
posed control scheme is analyzed based on the Lyapunov theory. Finally, the effectiveness of the proposed control method
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