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Abstract

To improve the accuracy of traffic flow prediction, a traffic flow forecasting model integrating Fuzzy
C-Means (FCM) clustering with an enhanced Particle Swarm Optimization-Grey Wolf Optimizer (PSO-
GWO) hybrid algorithm is proposed. In this model, the FCM algorithm is employed to categorize traffic
flow data into distinct classes. A PSO-GWO hybrid optimizer is designed to dynamically adjust the pa-
rameters of the Light Gradient Boosting Machine (LightGBM). By incorporating temporal feature ex-
traction and selection, a multi-mode prediction model is constructed and subsequently evaluated
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on the PEMSO04 single-sensor traffic dataset. Experimental results demonstrate that the proposed
FCM-PSO-GWO-LightGBM model achieves a Mean Absolute Error (MAE) of 9.22, exhibiting significant
performance advantages over traditional models including Random Forest (RF), Extreme Gradient
Boosting (XGBoost), and the baseline LightGBM model.
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Figure 1. Flowchart of the PSO-GWO algorithm
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Figure 2. Flowchart of the FCM-PSO-GWO-LightGBM
algorithm
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Table 1. Evaluation metrics of each model
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AR MAE RMSE MAPE R2
XGBoost 10.74 15.11 4.84% 0.9935
RF 10.65 15.03 4.75% 0.9936
LightGBM 10.57 14.81 4.78% 0.9937
PSO-GWO-LightGBM 10.50 14.77 4.72% 0.9938
FCM-PSO-GWO-LightGBM 9.22 13.04 4.17% 0.9951
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Figure 3. Histogram of prediction error distribution
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Figure 5. Model prediction fitting effect in the region of Fragment 1
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Figure 6. Model prediction fitting effect in the region of Fragment 2
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