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Abnormal driving behaviours (check Figure 1 for some examples) which bring great uncertainty 

to the traffic, may lead to accidents causing serious danger to both the driver and the public. To 

ensure traffic safety, accurate identification and detection of abnormal driving is vital which 

can also help to evaluate the drivers’ driving style and alert surrounding vehicles. Furthermore, 

detecting and removing abnormal driving behaviours from naturalistic driving data would be 

the prerequisite step for imitate training of a human-like driving model. 

 

  
 

Figure 1. Selected examples of abnormal driving behaviours1 

 

Existing abnormal driving detectors are mainly based upon shallow supervised learning, which 

requires a large amount of labelled data. Abnormal driving behaviours are always rare cases. 

Usually, there is a large amount of normal driving data, while collecting data involving 

abnormal driving is difficult and even dangerous. So, how to make use of the available normal 

data to train a model able to detect potential abnormal samples would be a meaningful and yet 

challenging task.  

Semi-supervised machine learning (ML), e.g. Auto-encoder Neural Networks and Extreme 

Learning Machine, is a promising direction for exploration to handle this research task. 

Furthermore, Surrogate Safety Measures (SSMs) will provide useful and important features 

contributing to the improvement of abnormal driving detection model performance. Therefore, 

based on a large scale of real-world video-based trajectory dataset generated from drone, i.e., 

CitySim dataset, which provides recordings focusing on traffic safety in the United States, this 

study firstly carried out a thorough data analysis with visualization, then identified several 

abnormal driving behaviours, e.g., emergency braking and sudden start, together with rapid 

lane-changing and close lane-changing, by human experts referring to several criteria, and 

 
1 Picture modified from  

S. Jia, F. Hui, S. Li, X. Zhao, and A. J. Khattak, “Long short-term memory and convolutional neural network for 

abnormal driving behaviour recognition,” IET Intell. Transp. Syst., vol. 14, no. 5, pp. 306–312, 2020, doi: 10.1049/iet-

its.2019.0200. 
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finally developed and implemented two semi-supervised machine learning algorithms, i.e., the 

deep autoencoder (DAE) based and the Hierarchical Extreme Learning Machines (HELM) 

based approach. To verify the model performance, several unsupervised or other semi-

supervised machine learning baseline models (e.g., Isolation Forest, Local Outlier Factor, 

Robust Covariance, and one-class Support Vector Machine) together with a fully-supervised 

method (eXtreme Gradient Boosting, XGBoost) were also implemented. Experimental results 

show that the proposed semi-supervised ML models, especially HELM based approach obtains 

better performance over other semi-supervised or unsupervised ML baselines. Furthermore, 

SSMs, e.g., Time To Collision (TTC), two-dimensional TTC (2D-TTC), and post-

encroachment time (PET) were calculated and introduced as important features for the 

developed model. It is demonstrated that SSMs really contribute to the improvement of model 

performance. 

2𝐷𝑇𝑇𝐶 = {

𝐷𝑇𝐶

|𝑣𝑖 − 𝑣𝑗|
, 𝑖𝑓 𝑡ℎ𝑒 𝑑𝑖𝑟𝑒𝑐𝑡𝑖𝑜𝑛 𝑜𝑓 𝐷𝑇𝐶 𝑖𝑠 𝑡ℎ𝑒 𝑠𝑎𝑚𝑒 𝑤𝑖𝑡ℎ (𝑣𝑖 − 𝑣𝑗)

𝑖𝑛𝑓, 𝑖𝑓 𝑡ℎ𝑒 𝑑𝑖𝑟𝑒𝑐𝑡𝑖𝑜𝑛 𝑜𝑓 𝐷𝑇𝐶 𝑖𝑠 𝑜𝑝𝑝𝑜𝑠𝑖𝑡𝑒 𝑤𝑖𝑡ℎ (𝑣𝑖 − 𝑣𝑗)

 

 

 
Figure 2. The illustration of 2D-TTC 

 
Figure 3. The distribution of lateral 

acceleration at different speeds 
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Figure 4. The illustration of DAE base 

semi supervised ML model 

 
Figure 5. The illustration of HELM base 

semi supervised ML model


