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Abstract

To enhance the accuracy of carbon price forecasting, this study introduces an integrated model
that combines Complete Ensemble Empirical Mode Decomposition with Adaptive Noise (CEEMDAN),
Convolutional Neural Networks (CNN), Gated Recurrent Units (GRU), and Attentions mechanisms.
The model utilizes the GRU’s update gate to simplify the Long Short-Term Memory (LSTM) struc-
ture, reducing the model’s parameter count and complexity. By leveraging the feature extraction
capabilities of CNNs and GRU'’s capture of time series, the model can simulate the temporal and
spatial dependencies of carbon prices. The incorporation of the Attention mechanism further en-
hances the model’s ability to identify key historical features. Experimental results demonstrate
that the CNN-GRU-Attention model outperforms traditional models in terms of fit, Mean Absolute
Error (MAE), Mean Absolute Percentage Error (MAPE), and Root Mean Square Error (RMSE), indi-
cating its higher predictive accuracy and practical application potential.
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Figure 1. CNN basic architecture
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Figure 2. Structure diagram of GRU neural unit
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Figure 3. Attention mechanism structure diagram
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Figure 4. Prediction flow chart based on CEEMDAN decomposition and CNN-GRU-Attention com-
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Figure 5. CEEMDAN decomposition results of carbon price
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Figure 6. Prediction results of CNN-GRU-Attention model
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Table 2. Comparison of prediction errors of different models
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PEH+#5 7 /Evaluation Indicators GRU Model CNN-GRU Model =~ CNN-GRU-Attention Model
MAE (Mean Absolute Error) 1.034 0.309 0.151
MAPE (Mean Absolute Percentage Error) 66.179 41.203 13.014
RMSE (Root Mean Square Error) 1.333 0.505 0.192
R? (Coefficient of Determination) 0.913 0.988 0.998
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JL% CNN-GRU-Attention #5784 75 S6 i R B €4, (BAAFEAE— 2L R PR . &5, BRI Je ki
FER B GEAR AT IR, HK, BRI N RRIE I RS v, ol g 7 N S (K ARG
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B2 MERA 5 T AT RAE . ALY TAEMIAR R, B A3 1w B R 2 — P A A S
5 L B Ao [ BRI L ) 4 AR SR
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gER, DB SEE R, DIRRREE .. SINIENEEIR, 40 Dropout 5% L1/L2 IENIfL, PL$E
TR AR TR S M 7 R S i (I S e . A RN B8 22 ) v, IRl AR vE, HS B P H A A
A TR i A2
4, EitERE

AR T — MO E SR, Z5EA45 S T CEEMDAN 70 B4 (CNN). [ 13516
PR HLIG(GRU) I B /ML (Attentions), FHF$& @l #& Tl (i AE R PE o SaG 28 AR B, 2R R A B
PR L TR ZE(MAE) . 465 1 43 EL iR 25 (MAPE) filES U5 4% 22 (RMSE) &5 S B AN Fa Ar 0 T Bl
R, B RO
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