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Introduction
Overtaking is one of the most complex driving maneuvers to be modeled.
Current overtaking prediction models mainly focus on car-overtaking-car
behavior, but it has been observed that overtaking a truck is significantly
different from overtaking a car. Additionally, although driving styles have
been included as an important component in lane-changing and car-
following models, they are not included in current overtaking behavior
models. Thus, this study aims to propose a deep learning-based method to
develop car-overtaking-truck prediction models by considering individual
driving style estimations.

Objectives
1. Develop driving style estimation algorithms during overtaking maneuver;
2. Compare and select the best deep learning model that alleviates time shifts;
3. Validate models that incorporating driving styles have improved performance of

predicting overtaking behavior.

Data
• Safety Pilot Model Deployment (SPMD) database1;
• Two type of car-overtaking-truck events were defined (Figure 1);
• A total of 805 valid events were identified and three corresponding features

were calculated (Figure 2).

Algorithm
• K-means clustering and Gaussian mixture distributions were used to estimate

individual driving styles;
• Combined Empirical mode decomposition with Long short-term memory

(EMD-LSTM), a variant of the basic LSTM algorithm, were used to predict
real-time overtaking features;

• EMD-LSTM alleviates the time lag issue by decomposing the time-series
signals into Intrinsic mode functions (IMF), avoiding misleading local
optimums and singular values2.

Procedure
• Time shift was introduced to measure the time lag between the predicted and

target values;
• Different lead time steps for prediction were examined, while the impacts of

driving styles on model performances were investigated.

Methods

Results

Conclusions
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By K-means clustering, two groups of
car-overtaking-truck events were
obtained, aggressive group (Group2)
and conservative (Group 1), as shown in
Figure 4 & 5.

Gaussian mixture distributions were
applied to fit the aggressive event
frequency distribution and all the drivers
were then divided into three different
levels (Figure 6).Figure 4. K-means clustering results

Figure 5. Distributions of variables in
each group

Figure 6. The frequency distribution
of risky event rates

Figure 3. The structure of EMD-LSTM

• This study proposed a promising deep learning method to predict car-
overtaking truck behavior;

• Results showed that EMD-LSTM significantly reduced the time delayed
prediction problem with fewer time shifts;

• The prediction accuracy of the overtaking model was significantly
increased by including driving styles;

• Findings in this study could contribute to the optimization of car-
overtaking-truck prediction algorithms and the improvement of driving
safety of autonomous vehicles.

• EMD-LSTM first decomposes the independent variables into IMF. Then
each IMF component walks through a separate LSTM layer and returns
with a prediction along that IMF basis. The result is the summation of all
separate LSTM layers (Figure 3).
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Figure 1. Two types of overtaking events

Figure 2. Variables used in driving style estimation

Figure 10. An example event of overtaking prediction by EMD-LSTM with and
without considering driving styles for 5 time steps (0.5s) ahead

Figure 9. An example event of overtaking prediction (considering driving styles) using
different models for 10 time steps (1.0s) ahead

EMD-LSTM showed higher accuracy and lower time shift than LSTM and
SVR (Figure 7&9).

Figure 7. Performance comparison of different
models (considering driving styles) for 𝐴𝐴𝑥𝑥

Figure 8. Overtaking prediction by EMD-LSTM
with and without considering driving styles for 𝐴𝐴𝑥𝑥

Incorporating driving styles into EMD-LSTM could significantly improve 
the accuracy of the prediction model with greater R2 and smaller RMSE 
(Figure 7 & 8), MAE, and time shift. As the lead time increased, the impact 
of driving styles became bigger (Figure 9 & 10). 
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