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Abstract

In order to respond to the requirements of the carbon peak and carbon neutrality in the “14th Five
Year Plan”, Enterprises are asked for effectively controlling their own carbon emissions. How to
additionally predict the carbon emission trend in the future, based on the historical carbon emis-
sion time sequential changing data plays a vital role in the dual carbon planning and carbon re-
duction work of enterprises. This article attempts to use an improved Prophet model to predict
carbon emissions data in time series. After data preprocessing, the Prophet algorithm is first used
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for pre-training, then the residuals in all time periods are put into the LSTM neural network for
residual prediction. After that, the predicted residuals are added to the original Prophet predic-
tion values to obtain the improved prediction values. By comparing these values with the original
prediction values, it can be found that the prediction accuracy (based on the Mean Absolute Per-
centage Error) of the improved model is improved by 12% and 82% respectively compared with
the original Prophet and LSTM models.
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Figure 1. Carbon emissions raw data
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Figure 2. Historical holiday label settings
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Figure 3. Prophet’s several terms trends
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Figure 4. The flow path of ensuring prophet parameters
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Figure 5. Prophet prediction on the carbon emissions
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Figure 6. Ensemble flow path of improving prophet algorithm
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Figure 7. Prediction results of three algorithms in several time periods
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Table 1. Final prediction results
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