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ABSTRACT–Advanced driving assistance systems (ADAS) such as adaptive cruise control (ACC), traffic jam assistance, 

and collision warning have been developed to enhance driving comfort and reduce the driving burden in car-following 

situations. Although these systems provide automated driving to ensure safety, those do not harmonize the intentions of the 

driver by reflecting individual drivers’ characteristics. To ensure that system reflects driver intention, we propose a 

personalized longitudinal speed planning algorithm in car-following situations, which system mimics personal driving styles. 

Individual driving styles were characterized by designing a pedal behavior prediction model and time headway distribution 

prediction model. The pedal behavior prediction model is an ensemble tree-based classifier that estimates the driver’s current 

driving state, i.e., accelerating, cruising, or braking. Then, the driver-specific time headway distribution is estimated based on 

the polynomial model. These two prediction models were applied to the existing sampling-based speed planning algorithm 

and implemented with MATLAB/Simulink. The entire speed planning algorithm was simulated using vehicle simulation 

software. The simulation results showed that the actual driver’s driving style was successfully reproduced. 

 

KEY WORDS : Personalized speed planning, Prediction and cost function-based algorithm, Car-following situation, Time 

headway distribution, Driver model, Ensembles of trees, Kullback-Leibler divergence 

 

 

NOMENCLATURE 

d : distance, m 

v : velocity, km/h 

a : acceleration, m/s2 

t : time, s 

μTHW : mean of time headway distribution, s 

σTHW : standard deviation of time headway distribution, s 

N : number of iteration 

ŷ : predicted value 

y : actual value 

C : cost function 

ω : weight of each cost function 

F : cumulative probability density function 

P : probability density function 

kd : ACC control algorithm gain related to distance 

kv : ACC control algorithm gain related to velocity 

subscripts 

 

SUBSCRIPTS 

rel : relative 

ego : ego-vehicle 

preced : preceding vehicle 

max : maximum value 

min : minimum value 

i : iteration number 

pre : prediction 

cur : current 

des : desired 

cd : control delay 

vd : vehicle delay 

tot : total 

comf : comfort 

ref : reference 

 

1. INTRODUCTION 

For the past several decades, advanced driving assistance 

system (ADAS) and autonomous vehicle (AV) technologies 

have evolved rapidly (Kuwata et al., 2009). Currently 

commercially available autonomous driving systems such 

as adaptive cruise control (ACC), stop & go (S&G), and 

collision warning/collision avoidance (CW/CA) have been 

known to improve passenger comfort in car-following 

situations (Bishop, 2000). They have also contributed to 

reductions of driving burden and traffic accidents. However, 

these techniques have exposed a limitation in reflecting 

general driving behaviors rather than individual driving *Corresponding author. e-mail: mbhan2002@kmu.ac.kr
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characteristics. Therefore, these systems cause disharmony 

with drivers and, thus, result in poor system acceptance by 

drivers (Joshi et al., 2009). 

To alleviate this inconvenience, many automotive 

manufacturers provide several presets, e.g. cruising speed 

and time head way (THW); however, it remains difficult for 

a few presets in an ACC system to allow system to mimic 

individual driving styles (Reagan et al., 2017). Due to the 

wide variety of preferences of individual drivers and diverse 

personal experience and background according to age, 

gender, country, education, and income level, the design of 

a personalized autonomous driving system that can reflect 

individual driving styles has been treated as a challenging 

task (Moon and Yi, 2008; Lin et al., 2014; Rosenfeld et al., 

2015; Martinez et al., 2017; Zhu et al., 2019). 

Many studies for the design of personalized autonomous 

driving systems have been conducted by modeling human 

driving styles for personalized autonomous driving systems 

can be classified into group-based, deterministic, and 

stochastic approaches. 

The group-based driver model classifies drivers into 

several groups based on their driving styles, such as 

‘aggressive’, ‘normal’, and ‘cautious’. Then, the mode- 

switching control was achieved using a driver model 

(Rosenfeld et al., 2015; de Gelder et al., 2016; Zhu et al., 

2019). Rosenfeld et al. (2015) classified drivers into three 

groups through a large data set and, using a regression 

model and a decision tree, predicted the THW preferred by 

drivers in the group. Meanwhile, de Gelder et al. (2016) 

proposed a Support Vector Machine (SVM) based classifier 

that predicts the driver preferred. THW based on 20 test 

drivers’ driving data. However, it is still challenging to 

design a personalized controller for every driver with this 

group-based driver model. 

Deterministic driver models directly calculate control 

inputs such as speed, acceleration, and pedal operation based 

on individual driving style (Mikami et al., 2010; Liebner et 

al., 2012; Wang et al., 2012; Butakov and Ioannou, 2015). 

Driver models composed of deterministic equations are more 

transparent and analytical than group-based driver models. 

However, it remains a challenge to model the stochastic 

behavior of real drivers because drivers exhibit stochastic 

reactions under the same driving conditions. 

To reflect the stochastic characteristics of driving 

characteristics, some stochastic driver models have been 

proposed. For most of these driver models, the control 

inputs are calculated using the gaussian mixture model 

(GMM) or hidden markov model (HMM) trained with 

human-driven data (Miyajima et al., 2007; Yang and Peng, 

2010; Angkititrakul et al., 2011; Lefèvre et al., 2015a; 

Wang et al., 2017). These stochastic driver models have 

precisely explained the stochastic characteristics of drivers.  

However, with the exception of (Lefèvre et al., 2015a), 

most of these studies have a limitation in that they do not 

perform experimental study and/or perform a simulation 

study using a vehicle model. 

Aside from the above mentioned research using driver 

models, in recent years there have been many approaches to 

achieving personalized autonomous driving systems in 

various driving situations (Wei et al., 2010a; Gu et al., 2016; 

Lefèvre et al., 2015b; Driggs-Campbell et al., 2017; Li et al., 

2017; González et al., 2018; He et al., 2018). These studies 

were conducted based on a planning algorithm, which is 

considered a key technology of AV because it can present 

various performance indices and constraints better than is 

possible using conventional control algorithms. In several 

studies, a learning-from-demonstration technique was 

proposed to solve the inefficient cost-function tuning 

process that was performed in existing planning algorithm 

design (Gu et al., 2016; González et al., 2018). The 

researchers used the novel inverse reinforcement learning 

(IRL) method to learn human driving styles in merging and 

overtaking situations. Moreover, He et al. (2018) proposed a 

sampling-based planning algorithm that generates a human- 

like trajectory by calculating the similarities between 

candidate trajectories and naturalistic driving data in lane- 

changing scenarios. This algorithm also involves the process 

of learning the selection policy based on naturalistic driving 

data to generate a human-like trajectory. Furthermore, Wei 

et al. (2010a) proposed a learning-based driver model that 

showed behavior similar to that of real drivers in car- 

following situations. Their model was designed by learning 

the cost-function of the prediction and cost function-based 

(PCB) algorithm based on human driving data. Most of 

these studies have focused on learning the cost functions or 

reward functions of the planning algorithm. However, 

although the planning algorithm designed in the above 

approach can mimic human driving styles, it has a limitation 

in that it is difficult to clearly describe the relationship 

between learned cost functions and human driving styles. 

In this paper, we propose a statistical driver model that can 

mimic individual driving styles in car-following situations; 

we then apply it to the existing planning algorithm to 

achieve a personalized speed planning algorithm. To analyze 

the mechanism by which individual drivers determine pedal 

operation and control the vehicle in their preferred area in 

car-following situations, real driving data were acquired. 

We designed a driver model that predicts a driver’s pedal 

behavior and his or her THW distribution in car-following 

situations because we reason that noticeable differences in 

THW distribution of individual drivers also strongly depend 

on the pedal behavior. To design this driver model, we used 

a bagged tree, a machine learning technique, and a 

polynomial regression. Then, the driver model was applied 

to the PCB algorithm. We implemented the proposed 

algorithm in MATLAB/Simulink and verified the algorithm 

using the commercial vehicle simulation software IPG 

CarMaker. The simulation results show that the proposed 

planning algorithm can reflect the driving styles of 

individual drivers. The remainder of this paper is structured 
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as follows. Data acquisition is described in Section 2. The 

statistical driver model is elaborated in Section 3. Section 4 

contains an explanation of the personalized speed planning 

algorithm using the statistical driver model, which is 

followed by a discussion of the simulation results in Section 

5. Finally, the conclusions of this study are presented in 

Section 6. 

 

2. DATA ACQUISITION 

2.1. Data Acquisition Environment 

To perceive significant driver features for design of the 

driver model, driving data were acquired using an electric 

vehicle, a Hyundai KONA, equipped with various in-vehicle 

sensors and radar with a 150 m maximum range. Figure 1 

shows the overall structure of the in-vehicle data flow. 

On-Board Diagnostics II (OBD II) was connected to the 

arbitrator using an Infineon TC237 through a CAN protocol. 

The measured data were logged using Vector VN1640. The 

real-time acquisition was synchronized and recorded at 100 

Hz. 

A two-lane straight urban road in Incheon, Korea, was 

selected as the driving environment, as shown in Figure 2. 

The 2.0 km route represented by the yellow line in Figure 2 

is the actual test route. Data acquisition experiments were 

conducted with three drivers in car-following situations. A  

 

 

 

Figure 1. Schematic diagram of in-vehicle data flow. 

 

 

 

Figure 2. Driving environment. 

total of 36 km of driving data were accumulated from three 

round trips by three drivers who possessed different styles 

of driving. 

 

2.2. Driving Data Analysis 

Statistical analysis has been used in several studies to 

compare the means and standard deviations of driver 

features to distinguish driving styles of individual drivers in 

car-following situations (Moon and Yi, 2008; de Gelder et 

al., 2016; Zhu et al., 2019). Driver features in car-following 

situations are related to the ego-vehicle and the behavior of 

the preceding vehicle. Driver features related to the ego- 

vehicle include ego-vehicle velocity, acceleration, and jerk, 

i.e. a derivative of acceleration. Related to the behavior of 

the preceding vehicle is the relative velocity, a relative 

distance measured directly, THW, and Time to Collision at 

ith time instant (TTCi). THW and TTCi, especially, have 

been considered crucial parameters to represent driver 

features, as elaborated in related works (Moon and Yi, 2008; 

Wang et al., 2012; Lefèvre et al., 2015c; Rosenfeld et al., 

2015; de Gelder et al., 2016). Distributions of THW and 

TTCi distinguish individual drivers in car-following situations 

(Ohno, 2001; Yang and Peng, 2010; Rosenfeld et al., 2015; 

Loulizi et al., 2019; Zhu et al., 2019). They are defined as 

in Equations (1) and (2), respectively: 

 

THW =
����

����
  (1) 

 

TTCi =
����

����
 (2) 

 

where, drel the relative distance between the preceding 

vehicle and the ego-vehicle, vrel is the relative velocity, and 

vego is the velocity of the ego-vehicle. 

 

3. STATISTICAL DRIVER MODEL 

The THW distribution of an individual driver is well known 

as an important feature of the driver model. We reason that 

noticeable differences in THW distribution of individual 

drivers also strongly depend on the pedal behavior (stepping 

on and off the accelerator pedal or brake pedal). Therefore, 

we propose a statistical driver model that combines a pedal 

behavior prediction model and THW distribution prediction 

model. The pedal behavior prediction model predicts which 

pedal operation the driver will perform based on the current 

vehicle state. The driving section, which is the output of the 

model, is defined by the driver’s pedal behavior and is 

classified into the accelerating section (accelerator pedal), 

the cruising section (no pedal), and the braking section 

(brake pedal). Moreover, the THW distribution prediction 

model predicts the THW distribution for the near future 

based on initial driver features when driving section changes 

(accelerating, braking section). 
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3.1. Reasoning Why Pedal Behavior Prediction Model is 

Included in Driver Model 

Based on the analysis of the driving data, individual drivers 

exhibit different pedal behaviors and, thus, different driving 

behaviors, which are confirmed by comparing the THW 

distribution results. Figures 3 and 4 show the THW 

distributions of individual drivers. 

In Figure 3, the means and the standard deviations of the 

THW distributions can be seen to vary from driver to driver, 

indicating that the driving style of the individual drivers 

differs in car-following situations. Figure 4 presents 

differences in THW distributions according to pedal 

behavior of individual drivers. To analyze the causes of 

differences in driving style between individual drivers when 

accelerator or brake pedal is stepped on, we compared the 

driving conditions during which the drivers began to step 

on each pedal. Figure 5 shows scatter plots of the different 

conditions (velocity, relative velocity, THW, TTCi) when 

individual drivers initiate stepping on the accelerator pedal. 

In this figure, the red, blue, and green dots show the driving 

data for Driver1, Driver2, and Driver3, respectively. For 

example, the second figure in first row shows the condition 

of time headway and velocity when three drivers initiate 

stepping the accelerator pedal. The Driver1 steps on the 

pedal in the condition of faster velocity and lower time 

headway than Driver3. It means that the Driver1 tends to 

keep the distance from the preceding vehicle narrower at a 

faster speed than Driver3. In the same manner, the driver’s 

 

 

 

Figure 3. THW distribution of the individual drivers. 

 

 

 

Figure 4. THW distributions of the individual drivers 

according to pedal behavior. 

characteristics can be expressed by the difference in the 

distribution shown in the nine scattered plots. All subplots 

show that individual drivers begin stepping on the accelerator 

pedal under their own preferred driving conditions. 

Therefore, we defined the initial driver feature at which the 

driver steps on the accelerator or brake pedal, which is a 

significant factor distinguishing the driving styles of 

individual drivers. Hence, as shown in Figure 6, the 

statistical driver model is designed to mimic human driving 

style by combining the pedal behavior prediction model and 

the THW distribution prediction model. 

 

3.2. Pedal Behavior Prediction Model 

The pedal behavior prediction model predicts which pedals 

driver will press at the current vehicle state. Due to the high 

variance of pedal behaviors of individual drivers, a bagged  

 

 

 

Figure 5. Initial driver features when the driver steps on 

the accelerator pedal. 

 

 

 

Figure 6. Structure of the statistical driver model. 
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tree based-classifier with high classification performance for 

low dimensional data sets was chosen to design the pedal 

behavior prediction model. A bagged tree, known as the 

‘ensembles of trees method’, is a suitable method to solve 

the high-variance problem occurring when using a single 

tree based-classifier (Caruana and Niculescu-Mizil, 2006; 

Lou et al., 2012). To reduce the variance, this method uses 

some of the data to train numerous single trees and averages 

the classification results of these single trees. 

The proposed pedal behavior prediction model was 

trained using the supervised machine learning toolbox in 

MATLAB based on the acquired driving data. The inputs to 

the model, which predict these driving sections, are as 

follows: vego, ego vehicle’s acceleration (aego), drel, vrel, THW, 

TTCi. The outputs of the model are three driving sections: 

accelerating section (accelerator pedal), braking section 

(brake pedal), cruising section (no pedal). The inputs and 

outputs of the model are summarized in Table 1. 

To train the proposed model, more than 5000 data 

samples were used for each driver. 70 % of the data were 

chosen as the training set and the other 30 % were chosen 

as the test set. Moreover, to enhance the model performance, 

we performed parameter optimization of the bagged 

tree-based prediction model using Bayesian optimization, 

which has been utilized as a method for optimizing 

hyperparameters in various machine learning techniques. In 

this step, the objective function is defined as a function that 

outputs the loss of the model according to the parameters of 

the bagged tree. Bayesian optimization was then performed, 

which consists of estimating the defined objective function 

through the Gaussian Process (GP) model trained using 

certain parameters-loss pairs and searching the optimal 

parameters by learning the GP model through the 

acquisition function. In this paper, the optimal parameters of 

the bagg, such as the number of single trees and minimum 

leaf size, are different for individual drivers. The optimal 

parameters are reported in Table 2. 

To analyze the results of the pedal behavior prediction 

 

 

Table 1. Inputs and outputs of the prediction model. 

 Variable 

Input 

Ego-vehicle velocity 

Acceleration 

Relative distance 

Relative velocity 

THW 

TTCi 

Output 

Accelerating section (accelerator pedal) 

Braking section (brake pedal) 

Cruising section (no pedal) 

model for individual drivers in detail, confusion matrices are 

plotted and shown in Figure 7. In this figure, the diagonal 

cells show the number and percentage of correct predictions 

of cruising, braking, and accelerating sections. 

Taking the confusion matrix of driver1 as an example, 

during the whole test set, 45.6 % of the data predicted 

accelerating sections correctly, 40.9 % of data predicted 

braking sections correctly, and 12.4 % of data predicted 

cruising sections correctly. The non-diagonal cells show 

where the wrong predictions occurred and the rightmost 

column in gray shows the accuracy of each prediction result. 

For example, in the third column of the first row, even 

though the actual driving sections were cruising sections, the 

data incorrectly predicted these to be accelerating sections 

as three times. As a result, the first cell in the rightmost 

column shows that 99.6 % of the results were correctly 

predicted as accelerating section and 0.4 % of the results 

were wrongly predicted. The bottom row in gray shows the 

prediction accuracy for each actual driving section. For 

example, the first cell in the bottom row shows that 99.5 % 

of the results correctly predicted the acceleration section and 

0.5 % of the results incorrectly predicted the acceleration 

section as the cruising section. The cell in the lower right 

corner shows the overall accuracy of 98.9 % of the model’s 

predictions of driving section of driver1. Finally, the yellow 

dashed cells show that the proposed prediction model does 

not confuse the accelerating and braking sections. These 

results are important because the driving styles of individual 

drivers are significantly different in acceleration and braking 

sections; results also show that the proposed prediction 

model for all drivers meets the previously enumerated 

requirements. 

 

3.3. Time Headway Distribution Prediction Model 

From the analysis of the car-following situation, it was 

realized that drivers tend to maintain different THW values 

for each driving section by stepping on different pedals. To 

reflect this in the speed planning algorithm, a THW 

distribution prediction model that predicts the THW 

distribution for each driving section was designed. As 

shown in Figure 8, for parametric design purposes, the 

THW distribution for each driver is assumed to be Gaussian. 

Moreover, the parameters of the distribution (the maximum 

THW, the minimum THW, the mean and the standard 

deviation) were modeled using the second-order polynomial 

regression method based on the initial driver features; their 

functional equations are described, respectively, below: 

 

 

Table 2. Parameters of the bagged tree. 

 Driver1 Driver2 Driver3

Number of single trees 371 493 495 

Minimum leaf size 1 2 1 
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Figure 7. Confusion matrices for prediction results. 

 

 

THW���  = �����	 , TTCi, THW,��
�� (3) 

 

THW��
 = �����	 , TTCi, THW,��
�� (4) 

 

Figure 8. Parameters of the THW distribution assumed as 

Gaussian. 
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where, μTHW means the mean of THW distribution and σTHW 

means the standard deviation of THW distribution. The 

design variables of the proposed distribution prediction 

model are reported in Table 3. 

Though the prediction of μTHW and σTHW by using the 

driver features as independent variables is challenging, it 

can be simplified by estimating THWmax and THWmin. The 

proposed prediction model was designed to predict the 

THW distribution in the driving section through the initial 

driver features at the moment the predicted pedal behavior 

changes. The accuracy of the proposed prediction model 

was verified through a Quantile-Quantile (Q-Q) plot (Figure 

9) and using evaluation metrics, such as the coefficient of 

determination R2, and the root-mean-squared of error 

(RMSE), which are respectively given as 

 


� =
�

�
∑ 
��
���  (7) 

 

R� = 1 −
∑ ��������

	

���

∑ �������
	


���

 (8) 

 

RMSE = 
∑ ��������
	


���

�
 (9) 

 

where, ȳ denotes the average of the actual values yi, and ŷi 

denotes the predicted values. R2 is an index that can 

measure the accuracy of the model. Figures 9 (a) and 9 (b) 

show the regression performance of the mean and standard 

deviation, respectively, of the THW distribution for the 

accelerating section. The modeling results show that the 

prediction accuracy is significant, although somewhat 

different for each driver, as expected. 
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Table 3. Initial driver features correlated with the 

parameters of THW distribution. 

Parameter Correlated initial driver features 

THWmax Relative velocity, TTCi, THW, velocity 

THWmin Relative velocity, TTCi, THW, velocity 

μTHW THWmax, THWmin, THW, acceleration 

σTHW 
μTHW, THWmax, velocity, relative distance, 

acceleration 

 

 

 

Figure 9. Results of the THW distribution prediction 

model for accelerating sections (a) μTHW, (b) σTHW. 

 

 

4. PERSONALIZED SPEED PLANNING 

ALGORITHM 

4.1. Overall Structure 

The personalized speed planning algorithm generates a 

personalized speed trajectory by utilizing the predicted THW 

distribution, which is predicted by the statistical driver model 

via receiving the driver features as inputs, as shown in 

Figure 10. The PCB algorithm utilizes the THW distribution 

to generate the speed trajectory. The process of the PCB 

algorithm is as follows: candidate THW strategy generation, 

speed trajectory prediction, and cost function-based strategy 

evaluation, as shown in Figure 11. In Figure 11, tpre is the 

prediction time, which is the length of the speed trajectory 

generated through the PCB algorithm. 

 

4.2. Candidate THW Strategy Generation 

In the candidate THW strategy generation step, a certain 

number of strategies are generated by the predicted THW 

distribution from the statistical driver model, while the 

conventional PCB algorithm generates THW distribution 

using random uniform sampling regardless of the current 

driving section. Figure 12 shows the process of generating 

THW strategies, which includes random sampling and 

profiling. As shown in the figure, this step generates driver- 

preferred THW strategies, which is a crucial difference from 

the previous PCB algorithm. Moreover, the following steps 

convert each driver preferred THW strategy into a 

personalized speed trajectory. 

 

4.3. Speed Trajectory Prediction 

In the speed trajectory prediction step, the generated THW 

strategies are forward-simulated in a prediction engine 

capable of simulating car-following from a microscopic 

perspective to predict the speed trajectories corresponding 

to each THW strategy (Wei and Dolan, 2009; Wei et al., 

2010b; Wei et al., 2014). The generated THW strategies are 

converted into speed trajectories in the prediction engine. 

As shown in Figure 13, the prediction engine receives the 

THW strategy as a control input of ego-vehicle’s ACC 

algorithm, as described in Figure 14. Moreover, the 

preceding vehicle’s speed assumed a Constant Velocity (CV) 

model. We denote the assumed velocity of the preceding 

vehicle as vpreced. 

 

4.4. Cost Function-based Evaluation 

In Figure 14, drel,des is the desired relative distance, vego is 

the ego-vehicle velocity, kd and kv are parameters of the 

controller, vdes is the desired velocity, and ades is the desired 

 

Figure 10. Overall structure of the personalized speed planning algorithm. 
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Figure 11. Conventional PCB algorithm process. 

 

 

 

Figure 12. Candidate THW strategy generation step. 

 

 

 

Figure 13. Diagram of the prediction engine. 

 

 

 

Figure 14. ACC algorithm in the prediction engine. 

 

acceleration. The ACC algorithm first calculates the desired 

safety distance of the control target using the THW strategy 

at each step. Subsequently, ego-vehicle’s speed trajectories, 

considering vehicle time delay tvd and control time delay tcd, 

are predicted corresponding to the generated THW strategies. 

In the cost function-based evaluation step, the generated 

speed trajectories are evaluated with a pre-defined cost 

function: 

 

������ � ������������ � ���	
���	
 � ���
����
� (10) 
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 � ∑ 
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����� , ������
	�

���
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where the total cost includes tracking cost, comfort cost, and 

safety cost. The tracking cost Ctrack verifies the controllability 

of the candidate THW strategy. The comfort cost Ccomf 

punishes fast acceleration and fast jerk as a squared sum of 

acceleration and jerk. Lastly, the safety cost Csafe penalizes 

candidate THW strategies that engage the ego-vehicle in 

dangerous situation such as approaching the preceding 

vehicle too quickly, as previously proposed in (Wei et al., 

2014). 

After the evaluation, the personalized speed trajectory 

was selected. We then performed the simulation to verify 

whether or not the proposed planning algorithm reflects 

individual driver’s driving styles. 

 

5. SIMULATION RESULTS 

5.1. Simulation Environment 

To verify the proposed planning algorithm, a simulation 

environment including a test track, preceding vehicle and 

radar sensor was developed with commercial vehicle 

simulation software (IPG CarMaker); this setup provides 

the various sensor models required for ADAS and is a 

simulation software that can freely configure the shape of 

the test track and behavior of the surrounding vehicles. In 

addition, it has detailed fidelity at the vehicle powertrain 

level and has been used extensively in powertrain research 

(Shin et al., 2019) and connected vehicles (Boudali et al., 

2020), as well as ADAS (Mitra et al., 2018; Gao and 

Gordon, 2019; Ilić et al., 2019; Kale et al., 2019). The 

Hyundai KONA in IPG CarMaker was virtually modeled 

and used for data acquisition to extract reliable simulation 

results; Table 4 shows the specifications of the vehicle. 

Furthermore, to generate output from the proposed planning 

algorithm, a velocity tracking controller is required to control 

the vehicle in IPG CarMaker. Controller was designed with 

a hierarchical structure that has been widely adopted in the 
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longitudinal control of vehicles, including a higher-level 

controller as a model predictive control (MPC)-based 

controller that can systematically handle the constraints and 

nonlinearities of the vehicle system and a lower-level 

controller as a simple PID based controller (Gray et al., 2013; 

Li et al., 2017). Thus, the speed trajectory generated by the 

planning algorithm was used as the input to the higher-level 

controller, which then output the reference acceleration (aref) 

required to track the input of the inputted speed trajectory. 

Likewise, the lower-level controller outputs the normalized 

pedal position that follows aref. 

To verify the proposed planning algorithm designed with 

MATLAB/Simulink, the proposed algorithm and IPG 

CarMaker were integrated through the CarMaker For 

SimuLink (CM4SL) library. Through this library, the control 

outputs of the velocity tracking controller, such as the 

accelerator and brake pedal positions, were connected to the 

internal variables of the virtual vehicle. 

The entire simulation environment was constructed as 

shown in Figure 15. First, in MATLAB/Simulink, the 

proposed planning algorithm and velocity tracking controler 

were implemented and the normalized pedal positions were 

calculated. Next, the CM4SL library was used to convert the 

control output to the internal variables. Then, the ego-vehicle 

was controlled via inputting a pedal position in the IPG 

CarMaker. Finally, the internal variables including the ego- 

vehicle states and the preceding vehicle states were fed back 

into the proposed algorithm and velocity tracking controller. 

To verify that the proposed planning algorithm can reflect 

actual drivers’ driving styles, the vehicle in car-following 

situations was controlled with the proposed planning 

algorithm using the different driver models for the same 

preceding vehicle behavior that was acquired in the vehicle 

experiments (Figure 16). 

 

5.2. Results Analysis 

The simulation results of the proposed planning algorithm 

are presented in Figures 17 ~ 18 and Tables 5 ~ 6. In Figure 

17, the driving results are plotted in the time domain. The 

yellow line shows the behavior of the preceding vehicle. 

The red, blue, and green lines show the driving data of the 

proposed planning algorithm using the different driver 

models (Driver1 ~ Driver3). The simulation results show 

that for the same preceding vehicle, only the ego-vehicle 

behavior differed according to the driver model used in the 

proposed algorithm. The results indicate that the proposed 

planning algorithm works well in car-following situations. 

Furthermore, these results show that even if the initial 

conditions such as Figure 17 (a) speed, Figure 17 (b) 

relative distance, and Figure 17 (c) THW are the same, the 

driving results of the proposed algorithm using different 

driver models will be different. In particular, the THW 

trajectories show that the proposed planning algorithm 

controls the vehicle while maintaining THW that actual 

drivers prefer. 

Table 4. Specification of vehicle (Hyundai KONA). 

Vehicle 

parameter 
Value 

Powertrain 

parameter 
Value 

Unloaded 

weight 
1685 kg 

Maximum torque 

(Motor) 
395 Nm 

Length 4180 mm
Maximum power 

(Motor) 
150 kW 

Width 1800 mm
Maximum rpm 

(Motor) 
11000 rpm

Height 1570 mm
Inertia 

(Motor) 
0.028 kg∙m2

Driving 

axle 
Front driven

Capacity 

(Battery) 

180 Ah 

64 kWh 

Tire 

specification
215/55 R

Idle voltage 

(Battery) 
353 V 

Tire radius 17 inch 
Maximum power 

(Battery) 
150 kW 

 

 

 

Figure 15. Simulation environment. 

 

 

 

Figure 16. Simulation scenario. 
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Figure 17. (a) Speed; (b) Relative distance; (c) THW 

simulation results in the time domain. 

 

 

 

Figure 18. Comparison of the driving data for the real 

driver and the proposed algorithm. 

 

 

Also, THW distributions of the simulated and real driving 

data were compared to verify that the outcomes of using the 

simulated driving data were similar to actual driver’s 

driving styles. Figure 18 shows driving data of actual drivers 

and from the proposed planning algorithm. The yellow 

distributions show driving data for the proposed algorithm 

using different driver models, while the red, blue, and green 

distributions show the driving data of the real drivers. The 

K-S distance and the K-L divergence were used to 

objectively evaluate the similarity between driving style of 

the proposed planning algorithm and the human manual 

driving style. The K-S distance and the K-L divergence are 

indicators that can measure the similarity between two 

distributions (Lefèvre et al., 2015b), and are respectively 

defined as in the following equations: 

 

���(F�||F�) = max
�

|����� − �����| (14) 

Table 5. K-S distance and K-L divergence of the proposed 

planning algorithm and the same driver. 

Driver K-S distance K-L divergence 

1 0.1605 0.1310 

2 0.2887 0.2419 

3 0.2126 0.2447 

Average 0.2206 0.2059 

 

 

Table 6. K-S distance and K-L divergence of the proposed 

planning algorithm and the different drivers. 

Driver K-S distance K-L divergence 

1 0.4232 (with driver2) 0.3834 (with driver2)

1 0.2608 (with driver3) 0.4615 (with driver3)

2 0.2828 (with driver1) 0.5197 (with driver1)

2 0.4851 (with driver3) 1.0196 (with driver3)

3 0.2686 (with driver1) 0.1567 (with driver1)

3 0.5788 (with driver2) 0.3159 (with driver2)

Average 0.3832 0.4761 

 

 

���(��||��� = −∑����� log � 	���
 ����

� (15) 

 

where, P1(x) and P2(x) denote the Probability Density 

Function (PDF) of x and F1(x) and F2(x) denote the 

Cumulative probability Density Functions (CDF) of x for 

the two different distributions. The K-S distance can 

compute the maximum differences in the shape and the 

location of the PDF, while the K-L divergence can calculate 

the sum of the differences at each index x of the two PDFs. 

The similarity between the driving style of the proposed 

planning algorithm and human manual driving is measured 

by the similarity of the THW distributions (Wang et al., 

2012; Rosenfeld et al., 2015). For both indicators used to 

measure the similarity between distributions, a large value 

signifies a large difference. In other words, a small value 

means that the two distributions are similar. Both indicators 

were calculated to verify the similarity between the driving 

data of the proposed planning algorithm personalized to the 

individual drivers and the driving data of the same driver, 

used in the algorithm (Table 5). And indicators were also 

calculated between the driving data of the proposed 

planning algorithm and the different drivers’ driving data as 

a control target (Table 6). The results in Tables 5 ~ 6 show 

that the indices in Table 5 have smaller values than the 

indices in Table 6. Therefore, the simulation results indicate 

that the proposed planning algorithm can plan the vehicle 

speed in a personalized driving style in car-following 

situations. 
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6. CONCLUSION 

In this paper, a personalized speed planning algorithm in 

car-following situations using the statistical driver model to 

reflect individual drivers’ driving styles is proposed. The 

statistical driver model predicts the pedal behavior of the 

driver through the bagged tree-based model using real 

driving data. The statistical driver model predicts the THW 

distribution in the near future through the driver features that 

cause changes in pedal behavior. The personalized speed 

planning algorithm was designed through a combination of 

the statistical driver model and the PCB algorithm. The 

results of simulation study show that the proposed algorithm 

generated personalized speed trajectories for individual 

drivers under the same conditions. In addition, the K-S 

distance and the K-L divergence values show that the THW 

distribution of the driving data obtained with the proposed 

planning algorithm was more similar to the actual driver’s 

THW distribution, compared with those of different drivers. 

The main focus of this study was to develop a 

personalized ADAS to enhance driver comfort in the most 

frequent driving situation, the car-following situation. The 

proposed approach has the potential to be applied to other 

longitudinal driving situations, such as cut-in and cut-out 

situations. However, to consider various driving situations 

in which not only the front vehicle but also the surrounding 

vehicles are involved, it is necessary to integrate radar as 

well as Lidar and ITS information. With this environment 

established, as a future work we have a plan to design a 

personalized ADAS that can reflect individual drivers’ 

driving styles in various driving situations. 
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