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Abstract
In recent years, as the greenhouse effect has intensified, extreme weather events have become
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more frequent, making carbon emission control the most urgent common task for people world-
wide. The carbon trading market, as an important financial instrument for reducing carbon emis-
sions, relies on stable carbon prices for its healthy development. Accurate carbon price forecast-
ing not only helps investors in their investment decisions but also assists policymakers in estab-
lishing reasonable systems. This study proposes an LSTM-BLS prediction model that combines
Long Short-Term Memory Networks (LSTM) with Broad Learning System (BLS) to improve the ac-
curacy and efficiency of carbon price forecasting. Through empirical analysis of the carbon price
data from the Hubei Carbon Exchange, one of the eight local carbon trading markets in China with
a longer development history and higher trading volume, we found that the model’s predictive
performance, after incorporating width learning, is superior to that of the baseline model and the
single LSTM model. The research results provide carbon market participants with a more reliable
forecasting tool. However, this study also has certain limitations, and future work will further
consider multi-factor data that affects carbon prices, continuously optimizing the model.
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Figure 1. Broad learning system network structure diagram
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Figure 2. Long short-term memory structural principle
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Table 1. Parameter data
= 1. BHE
Method Parameter values
Number of neurons {64, 32, 16}
Dropout 0.2
Batch size 128
LSTM Epoch 200
Activation tanh
Loss mse
Optimizer Adam
Number of neurons 10
Dense
layer 2
N1 10
N2 7
BLS N3 80
S 0.8
c le—6
ARICIEER 3 MBFFHAT BT L, 438 MAE, RMSE, R score, H2Ax5510:
MAE=%§|(y(i)—)7)| (12)
RMSE=\/%§(V(i)—y(i))2 (13)
> (v()-50))
R? score=1-+ (14)
>(y()-7)
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Table 2. Comparison of results between the LSTM-BLS model and baseline models
% 2. LSTM-BLS B 5 RE R R REIEX L

MAE RMSE R? score

ARIMA 0.9668 0.9832 -0.0019
SVM 0.9926 0.9963 -0.0263
LSTM 0.0237 0.0269 0.0569
LSTM-BLS 0.0080 0.0081 0.5999
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