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Research on the prediction of carbon trading price combination by
the improved HHO algorithm
ZHAO Feng, XU Danhua
(School of Management Science and Engineering, Anhui University of Technology, Maanshan 243032, China)

Abstract: In order to improve the prediction accuracy of carbon trading price, a multi strategy im-
proved Harris hawk algorithm for carbon trading price combination prediction is established. On
the one hand, ARIMA model and exponential smoothing model are established for the high-
frequency and low-frequency series of carbon trading price series respectively, and the carbon
trading price is predicted by adding. On the other hand, considering the economic and technical
indicators of carbon trading price, six variables highly related to the next day’s carbon trading
price are selected as explanatory variables through the Pearson correlation coefficient, and a multi
strategy improved Harris hawk optimization extreme learning machine model is established
(THHO_ELM). Finally, Model I and Model 1I are combined based on the /, norm. The results
show that the combined prediction model is better than the single classification model.
Key words: carbon price forecast; CEEMDAN decomposition; Harris hawk optimization algo-

rithm; extreme learning machine; /, norm
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Tab. 6 ELM model prediction accuracy

e Ruwse Rk Rruse Ruiare

RF 4.459 1 1.516 6 2.111 6 4.346 1
SVR 1.261 2 0.8337 1.123 0 2.461 6
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Tab. 7 ELM optimization model prediction accuracy

e Ruse Rz Ryvse Rype
PSO_ELM  0.1498 0.3072 0.3870  0.9205
GWO_ELM  0.2452 0.3973 0.4952  1.1712
HHO_ELM 0.1427 0.2829 0.3777  0.8399
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Tab. 8 Prediction results of single model and

combined forecasting model based on /, norm

o Rus  Rww  Ruse  Ruwe
LSTM (%) 0.976 5 1. 335 8 0. 035 3
CIIPNC ik
LGBM £ 0.870 1 1.171 3 0. 029 2
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Fig. 4 Comparison of prediction of each model
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Tab. 9 Comparison of carbon trading pilot models
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