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Abstract
Carbon emission rights trading price is the core element of carbon trading market, in order to help
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enterprises, investors and governments optimize the carbon market participation behavior, it is
necessary to make reasonable and effective prediction of carbon emission rights trading price. In
this paper, the Pearson Correlation Coefficient (PCC) method is used to extract the key influencing
factors of carbon price, and then a combination of Atrous Spatial Pyramid Pooling (ASPP), LSTM
model with Sophia as the optimizer, and Integrated Learning XGBoost model is applied, as well as
the addition of an attention-based mechanism Efficient Multi-Scale Attention (EMA) combined
model to predict the trading price in the national carbon market, and compared with a single model
to test the effectiveness of the combined model by comparing the prediction accuracy with the MSE,
RMSE, MAE and R2values of the model prediction values. The comparison results show that the com-
bined model of attention mechanism has the highest prediction accuracy and is an effective and
highly accurate carbon price prediction model.
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Table 1. Carbon price influences

1. RN mER

25 A EAE D S
G 4/}%} 300 T‘aiﬁz” W%nd iﬂz?ﬁ%ﬁ?
FrifE R 500 TE51 Wind $¥5 2
Shibor Wind $¥5 %
SRl KRG Wind $¥5 %
FEIUILR Wind ¥
& bR 737 EUA HATR Mk Wind $¥g 2
h IR Choice ¥ %
WA BETRAN 5 KRR JE I B 524 Choice $14 £
LNG itk KRS T 50 Wind #5045 %
= H 345 05 KA M
Rt AP Ry AU KA
HRIEHT RE IR $E 5L Wind ¥
“ARBR” ERIEH HEHEER
H
AR “HRHER I R % i
“BRAL 57 HREBH HEMEEH
75
70
65
2 6+
B
Xa
S 55
50 -
45
40 % T T T T T T
2021/7/16 2021/12/14 2022/5/18 2022/10/14 2023/3/13 2023/8/8

BHER

Figure 1. National carbon market closing price

1. 2ERTIAREN

HaR ], R 300 FRE. SLoTilR . EUA WIGTAAS Al e s fa MR e i S B AT O R &
PrUERF /R 500 F5%. Shibor. KEREMILIIM . LNG WAL KA TS “BAl” L RIGHIRR M 2
BURBEMIGR & WOTILR . st BP0, P UiEmsn R R4

DOI: 10.12677/hjdm.2025.153018 216 EAC/EE e


https://doi.org/10.12677/hjdm.2025.153018

S
B
48

Table 2. Correlation analysis of influencing factors
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Algorithm: Sophia

Input: 6, , learning rate {77,}; ,hyperparameters A, y, B, B,, & ,andestimator choice Estimator e{Hutchinson,
Gauss-Newton-Bartlett}

Set m,=0, v,=0, h,=0
for t=1 toTdo
Compute minibatch loss L (6,) .
Compute g, =VL (6,).
m, = ﬁlm/—l + (1 - ﬁl )gr
If t mod k=1 then
Compute ﬁ, = Estimator( 0, )
hr = ﬂzhsz +(1 _ﬂz)l:;r
else
hr = htfl
6, =6, —n,10 (weight decay)

6,,=0,—n,-clip(m,/max{y - h,e}.1)

return 6,
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3.2. Efficient Multi-Scale Attention (EMA)
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Figure 2. Combined model prediction flowchart
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Figure 3. LSTM model prediction results
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Figure 4. ASPP-LSTM model prediction results
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Figure 6. Sophia-LSTM model prediction results
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Figure 7. LSTM-XGBoost model prediction results
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Figure 8. Combined model prediction results
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