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Real-time prediction model for carbon emission using BP neural network
based on clustering algorithm and Bayesian optimization
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Abstract: To construct a prediction model for carbon emission from coal-fired power plants and address the
problem of general lack of real-time elemental analysis for coal entering the furnace of coal-fired units, according
to the in-furnace coal quality information of a million kilowatt unit in 2023, the low calorific value, volatile matter,
and sulfur content were used as the basis for coal quality classification, K-means++ algorithm was used for
clustering analysis, and correlation analysis was used to screen the input parameters of the carbon emission
prediction model. The BP neural network suffered Bayesian optimization was used to construct carbon emission
prediction models for each cluster data after clustering, and the models were tested for working conditions such as
load increase and decrease. The results show that, the accuracy of the coal quality clustering model in predicting
carbon emissions increases significantly. Compared with the non clustered model, the optimal cases of average root
mean square error and average relative error reduce by about 53.4% and 49.2%, respectively. Especially under
variable load conditions, the predicted results are more in line with the actual values. This indicates that the proposed
method can not only effectively predict the carbon emissions of coal-fired power plants, but also maintain high
accuracy in the case of complex and variable coal quality.
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Fig.9 Prediction results of carbon emissions from power
plants under variable load conditions
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