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Abstract

In order to better exploit the effective information contained in the large amount of collected data
and improve the accuracy of carbon trading volume prediction, a combined carbon trading vo-
lume prediction method based on wavelet transform and convolutional neural network (CNN),
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gated recurrent unit (GRU) model is proposed in this paper. Firstly, the wavelet transform algo-
rithm was used to denoise the historical carbon trading volume data in Shanghai, and then the
denoised data series were input into the CNN-GRU model for measurement. Finally, the prediction
results were compared with those of the GRU model and CNN-GRU model using the original data, and
the results showed that the combined prediction method using wavelet transform and CNN-GRU
could effectively improve the accuracy of carbon trading volume prediction.
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1. 5|8

Bt AN OS5 B RS K, BB R S SRR, DASRILA PRI K 5 AR S IR XU
W FEHRBREF A £ 52 SEANLIR ] o R VAR (V0B 52 2 T %of T HE B 25 16 R 3= 3 S x g AR A HL A B
RO, DU REIRHES A T BRI = AR RS B, T R [ R SRR 0 B R r R 1) B AR B
TR RS 7 T e s R IPE R[] [2] [3] [4]. FITCL, FIFBREE 5 1735 (1) )73 S B4 ok T A R AR AE 5 = 1)
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DAL AR R [B] YA 2R g AR PR N ) 3 A1) TV o SCHR[8]45 SCHR[ 918 /& K STIRPAT AL 53 Sl %49 JH 7
AR AR HETSCER DA R = A DX HE TR e R 2 3R AT TN AT S A AT, W 9T 4 R AR B R (5 B
MZEEN, B A A S HANME, HEdE s A gk g TAE M E B S8 SCER[10]H R AR & B0E s A
(MIDAS)E] 5 28 6} 32 8] i A7 M R4 FERRHE TSGR HEAT 7 T30, 7045 S5 Lk ARDL B S AU 4T L
B, W REL MIDAS #5585 A 58 iy R TR B

F—J7 T, N A RS T 7792 B DA SRR 1) B [ (S VR) AR B A 28 ) 245 AR R P[] 2 47 v
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[18][19]o Bk, ASCHRH —FhdE T/ NBR Al CNN-GRU 204 100 7 vk xd g R s 5 s B kA7 Jei
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e T ER AR ARE S R IUE B R BT, B DA/ AR et 5 it Fe AL BRAE 5 1 0B [20]
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Figure 1. The basic principle of wavelet denoising
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2.2. CNN &8
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Figure 2. Basic structure of CNN
B 2. CNN EA L

2.3. GRU &8

PG ZE X 25 (Recurrent Neural Network, RNN)A& 07 5 B 1 dm N,  HARE ToAH RE 0 H2: 52 KJR
THEMETTMENE, mHEEZRIET B SNEE, Bt RNN Bt SEOLEmR, EEE
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Figure 3. GRU unit structure
& 3. GRU # il
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2.4. WT-CNN-GRU & 1E8
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Figure 4. Prediction process
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Figure 5. Carbon trading volume data actual signal
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Figure 6. Carbon trading volume data after denoising signal
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Figure 7. Prediction results of CNN-GRU after wavelet denoising
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Table 1. Comparison of prediction errors of different models
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