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Abstract; To address the limitations of existing research, such as insufficient characterization of traffic flow,
high data processing costs, and poor model interpretability, a borderline-ROC optimized light GBM ( BROC-
LGBM) highway congestion detection algorithm is proposed, which integrates spatiotemporal information.
First, a time-domain segmental delay distribution vector and a spatial-domain vehicle-type weighted occupancy
rate vector are designed to overcome the shortcomings of traditional methods in characterizing spatiotemporal
features of road segments, enabling precise traffic flow representation. Then, the Borderline-SMOTE technique
is introduced to generate synthetic boundary samples, enhancing the model’ s ability to learn from minority
classes (congestion data) and optimizing class distribution. Finally, a ROC curve-based dynamic threshold
optimization strategy is employed to address the issues of insufficient accuracy and high false detection rates
caused by fixed thresholds in traditional classification models. Experimental results based on over 432,000 ETC
data records from highways in Fujian Province demonstrate that BROC-LGBM significantly outperforms existing
models in key metrics, achieving a G-Mean of 95.2% , a recall rate of 97.1%, and a false detection rate.
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Tab.1 Vehicle type conversion factors
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15 4.0 25 4.0
16 4.0 26 4.0
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Tab.3 Comparative experiments of different models

ETY G-Mean  AUC RBIIHE/% RKFE/ %
TableNet 0.761  0.785 59.3 2.3
XGBoost 0.853  0.862  73.9 1.4

SVM 0.877  0.878 83.4 7.7
CatBoost 0871  0.876  78.4 3.2
NGhoost 0.902  0.907 90.2 5.4

BROC-LGBM ~ 0.952  0.953 97.1 6.4

%% 3 i/~ , BROC-LGBM %) G-Mean( 0.952)
F1AUC (0.953) B X LA NGBoost 43 91 $2
F5.0%F1 4.6% ; 4 [F1 Z23K 97.1% , %8 XGBoost 42
Tt 23.2% ; JRE R K F (6.4%) W 55 T XGBoost
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Tab.5 Performance comparison of spatiotemporal feature

ablation experiments
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