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Table 4 Comparison between actual carbon emissions and predictions from various models
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10t MEMD —SSA —LSTM  MEMD - LSTM  SSA-LSTM GWO — KELM LSTM BP
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2019 9 794.76 9 882.56 9902. 21 10 002. 34 9942.53 9231.65 9159.43
2020 9 879.75 9 795.93 9 688.21 10 132.43 10 189.53 9502.42 9382.72
2021 10 356.27 10 300. 27 10 580. 37 10 372. 31 10 482. 87 9832.43 9723.43
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Research on China’s carbon emission prediction based on
LASSO - MEMD - SSA - LSTM

WANG Qingrong' , LIU Xinkang' , ZHU Changfeng’, WANG Junjie'

(1 School of Electronic and Information Engineering, Lanzhou Jiaotong University, Lanzhou 730070, China;
2 School of Transportation, Lanzhou Jiaotong University, Lanzhou 730070, China)

Abstract: This study presents a novel hybrid prediction model that integrates the Least Absolute Shrinkage and Selection Operator
(LASSO) , Multivariate Empirical Mode Decomposition ( MEMD) , Sparrow Search Algorithm (SSA), and Long Short-Term Memory
(LSTM) network to significantly enhance the accuracy of carbon emission forecasting. The methodological framework was implemented
in a structured, multi-stage process. Initially, within the Stochastic T Impacts by Regression on PAT ( STIRPAT) framework, key
influencing factors such as year-end population, per capita GDP, daily energy consumption, and per capita consumption expenditure
were identified. These variables were then refined using a two-step statistical approach; Pearson correlation analysis was conducted to
identify relationships among the variables, followed by LASSO regression, which penalized coefficients and eliminated multicollinearity,
thereby ensuring the selection of the most robust predictors. Subsequently, the refined multivariable time series data were processed
using the MEMD technique. MEMD adaptively decomposed the complex, non-stationary signals into a finite set of simpler and more
stable sub-series components, specifically several Intrinsic Mode Functions (IMFs) representing different frequency bands, along with a
single monotonic Residual ( RES) component that denotes the long-term trend. This critical step effectively mitigated the inherent
nonlinearity and non-stationarity of the data, thus simplifying the forecasting task. Each IMF and the RES component then served as
inputs for individual LSTM networks. To optimize the performance of each LSTM model, key hyperparameters—including the number of
hidden neurons, training iterations, and learning rate—were automatically and intelligently tuned using the Sparrow Search Algorithm
(SSA). This optimization aimed to minimize prediction errors for each component, enhancing convergence speed and preventing
overfitting. The final carbon emission forecast was obtained by aggregating the predictions from all the IMF and RES components. The
model was rigorously validated using China’s carbon emission data from 2000 to 2021. Its performance was benchmarked against several
other models, including the BP neural network, standalone LSTM, GWO — KELM, SSA — LSTM, and MEMD — LSTM. The proposed
LASSO — MEMD — SSA — LSTM model demonstrated superior performance, achieving the lowest error metrics: a Mean Absolute Error
(MAE) of 8.32, a Root Mean Square Error (RMSE) of 8. 45, and an impressively low Mean Absolute Percentage Error ( MAPE) of
0.85% . An ablation analysis underscored the contribution of each component: the MEMD decomposition alone led to reductions in
MAPE, MAE, and RMSE by 6.04 percentage points, 59.3% , and 59.4% , respectively, compared to a standalone LSTM, with
further significant enhancements achieved through SSA optimization. In conclusion, the integrated model demonstrates high effectiveness
in managing the volatility and complexity of carbon emission data, providing a reliable and accurate tool for medium- and long-term
forecasting. This capability establishes a solid foundation for strategic energy and environmental policy planning. Future studies will
focus on incorporating socio-political variables and expanding the model’s application to high-resolution spatial-temporal analyses.

Key words: environmental engineering; carbon emission prediction; LLASSO regression; multivariate empirical mode decomposition;

sparrow search algorithm; long short-term memory network
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