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Research on Carbon Price Prediction Based on NeuralProphet-LSTM Model
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Abstract: With the expanding of humanity’s activities,
the continuous escalation in greenhouse gas emissions has
exacerbated the scarcity of carbon environmental capacity,
thereby intensifying the demand for precise carbon emission
rights pricing. The transaction price in the carbon market, as a
pivotal element driving the functionality of the carbon market,
is crucial for the stable operation of the carbon market and the
efficiency of carbon emission reductions. Accurate forecasting
of carbon market transaction prices is of paramount importance
for the effective investment in carbon assets and the pursuit of
the lowest carbon emission reduction costs. Consequently, this
paper proposes a novel carbon price forecasting method based
on the NeuralProphet-LSTM (long short-term memory) model.
Initially, the NeuralProphet model is utilized to decompose
the carbon price series into trends, seasonal effects, event and
holiday effects, and autoregressive effects for preliminary
forecasting. The forecast results are then used to calculate
the residuals, which are inputted into the LSTM for deeper
information mining. Finally, the LSTM’s prediction of the
residuals is combined with the NeuralProphet forecast results
through component addition, completing the integration of
carbon price series information. Forecasts for the EU carbon
market and China’s Hubei carbon market demonstrate that
this model’s forecasting performance surpasses other models,

showing high application value.

Keywords: carbon price prediction; artificial intelligence;
hybrid model; NeuralProphet; LSTM
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Table 1 Performance in EUA dataset

i) MSE  RMSE MAPE REZRH
LSTM 669.195 25869  0.285 -0.234
SVM 2868.058 53.554  0.666 -4.291
LightGBM 1878.672 43.344  0.491 -2.466
Prophet 134.190  11.584  0.185 0.754
NeuralProphet 4.150 2.037 0.023 0.992
Prophet-LSTM 8.060 2.839  0.029 0.985
Prophet-SVM 101.788  10.089  0.135 0.816
Prophet-LightGBM ~ 28.083 5299  0.051 0.949

NeuralProphet-SVM 4.410 2.100 0.024 0.992

NeuralProphet- 4339 2083 0024 0992
LightGBM
NeuralProphet-LSTM  3.626  1.904  0.021 0.993

&2 HBEAHUE&EMAE
Table 2 Performance in HBEA dataset

R MSE  RMSE MAPE REZRH
LSTM 2.847 1.687  0.030 0.747

SVM 200.521 14.161 0278  -16.836
LightGBM 27.521 5246 0.097  -1.448
Prophet 9.385 3.064  0.047 0.165
NeuralProphet 1.008 1.004  0.013 0.910
Prophet-LSTM 1.570 1253 0.016 0.861
Prophet-SVM 9457  3.075  0.043 0.165
Prophet-LightGBM 2.566 1.602  0.022 0.773

NeuralProphet-SVM 0.993 0.997 0.014 0.912

NeuralProphet-

LightGBM 1.021 1011 0.014 0.909

NeuralProphet-LSTM 0.955 0.977 0.013 0.915
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