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 A B S T R A C T

Eco-driving cruising strategies can effectively reduce energy demand and contribute to extend the range of 
full electric vehicles. However, the adoption of these strategies, involving alternating cycles of acceleration 
and deceleration as a replacement for constant-speed cruising, may potentially compromise the longitudinal 
comfort of the vehicle. In this paper, a method for a comfort-oriented optimization of eco-driving cruising 
strategies is proposed and validated by using a dynamic driving simulator. Dynamic driving simulators are 
rarely used for longitudinal comfort assessment. Therefore, a series of preliminary tests are conducted to 
compare the longitudinal comfort perceived on a driving simulator and on an actual vehicle. It turns out that, 
with appropriate cueing settings, the perceived longitudinal comfort remains consistent across both scenarios. 
Moreover, levels of jerk related to the perception of vehicle comfort at different velocities are identified to serve 
as reference in the eco-driving strategy design. On the basis of these results, an eco-driving cruising strategy is 
optimized within a two-step multi-objective framework based on GA by considering both energy consumption 
and longitudinal comfort. Subsequently, the Pareto points corresponding to the thresholds, representing the 
occupants’ comfort preferences, are evaluated at the driving simulator. These tests show that the comfort 
ranking of the solution is consistent between the optimization process and the subjective perceptions and 
confirm the reference jerk levels determined in the preliminary tests and the effectiveness of the optimization 
procedure, indicating dynamic driving simulators can be effectively employed to assess the longitudinal comfort 
of vehicles and to evaluate eco-driving cruising strategies.
1. Introduction

Eco-driving strategies refer to a set of driving practices and tech-
niques aimed at minimizing fuel consumption, reducing emissions and 
promoting environmental friendly transportation. In order to maintain 
the powertrain system working at high efficiency, repeated acceleration 
and coasting is a widely employed strategy. The pulse and glide (PnG) 
strategy, alternating the vehicle between ‘‘pulse’’ (accelerating) and 
‘‘glide’’ (coasting), is one of the classic driving strategies using this 
approach. Compared with the most frequently used cruising strategy, 
the constant speed (CS) strategy, the PnG strategy can achieve more 
fuel/energy savings by optimizing the phases of pulse and glide (Lee, 
2009). In addition, the PnG shows an excellent potential for reducing 
the fuel consumption in the speed range between 5 m/s to 35 m/s, 
and can achieve the best fuel-saving performance (about 32% reduction 
of fuel consumption with respect to the CS strategy) at 15 m/s in a 
car-following scenario (Li and Peng, 2012).
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Smart and electric vehicles are acknowledged as a sustainable per-
sonal mobility system, especially in urban environments (Faria et al., 
2012, 2019). The application of PnG strategies and adaptive cruise 
control (ACC) to EVs has also attracted wide attention. Referring to 
ultra-efficient lightweight EVs specifically designed for mileage compe-
titions (Stabile et al., 2021), the optimization of eco-driving strategies 
has been extensively discussed in several papers (Targosz et al., 2018; 
Olivier et al., 2017; Ballo et al., 2022). For passenger vehicles, the 
PnG strategy has been considered to be the most effective (Kim and 
Ahn, 2019). However, in most cases the strategy is optimized offline 
leading to a loss of optimality when actually employed. A real-time 
control structure is proposed in Kim and Ahn (2019) for online PnG 
optimization. In Shieh et al. (2023), an online implementable MPC 
controller for the PnG strategy is proposed, for an hybrid vehicle, to 
balance both fuel economy and ride comfort while maintaining the 
state of charge (SOC) in a car-following scenario.
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Eco-driving strategies involve a driving style that differs from what 
is typically expected by drivers and passengers, for example, incorpo-
rating a series of accelerations and decelerations in situations where a 
constant speed would normally be anticipated. From both social and 
personal perspectives, the acceptance of such driving styles needs to be 
evaluated (Muehlbacher et al., 2023). This is particularly important in 
the case of automated vehicles (AVs), where acceptance plays a crucial 
role. To this end, the driving style of AVs must be comfortable (Peng 
et al., 2024).

Ride comfort, defined as the level of comfort experienced by oc-
cupants during vehicle traveling, is another critical aspect of vehicle 
performance (Heißing and Ersoy, 2010). With the development of 
AVs and advanced driver assistance systems (ADAS), the driving styles 
for passenger comfort has gained significant attention (Peng et al., 
2024; Jungblut et al., 2023). Frequent accelerations and decelerations 
of the PnG strategy may cause discomfort (Sohn et al., 2020). Com-
fort assessment, however, is inherently subjective (Heißing and Ersoy, 
2010). Several methodologies can be employed for its quantification. 
Some of the most common approaches include setting vehicle dy-
namics response thresholds (Parsons and Griffin, 1988; Sohn et al., 
2019). These thresholds are determined on the basis of self-reported 
scores (Smyth et al., 2018; Zhu et al., 2022) or by monitoring phys-
iological signals (Aledhari et al., 2023), such as heart rate variability 
(HRV), systolic blood pressure (SBP), and galvanic skin response (GSR). 
Although vehicle dynamics response thresholds cannot accurately re-
flect all occupants’ feelings due to subjective differences, reasonable 
threshold quantities and values can be correlated to the subjective 
preference of the majority of individuals and effectively employed 
to guide vehicle design and control (Hayafune and Yoshida, 1990). 
Thus, vehicle dynamics response thresholds are widely used and many 
standards specify dynamics thresholds to guide the design of vehicles.

Referring to vehicle longitudinal motion, comfort is often related 
to the smoothness of acceleration and deceleration, which is described 
by jerk, i.e. longitudinal acceleration derivative (Huang and Wang 
(2004)). In particular, the maximum absolute value of jerk is commonly 
used as a metric to evaluate driving style and comfort. In the literature, 
different thresholds related to maximum jerk can be found. Hoberock 
(1976) and Hubbard and Youcef-Toumi (1997) recommend, for pas-
senger cars, not to exceed a maximum jerk of 0.3 g/s (2.94 m/s3) to 
ensure passengers’ comfort. In case of public transportation vehicles, 
the maximum jerk that an occupant can withstand without losing 
balance is approximately 0.60 m/s3 (Martin and Litwhiler, 2008). Bae 
et al. (2019) pointed out that the jerk threshold for ride comfort is 
approximately between 0.3 and 0.9 m/s3, and can be reasonably set 
to 0.9 m/𝑠3 (Bae et al., 2020). Additionally, the ISO standard  (ISO 
15622:2018(E), 2018) outlines that the maximum negative longitudinal 
jerk should not exceed 2.5 m/s3 at speed above 20 m/s and 5 m/s3 at 
speed below 5 m/s for adaptive cruise control.

However, driving comfort and energy saving are in conflict with 
each other (Sohn et al., 2020). Considering the interaction between 
ride comfort and energy saving, several papers consider both jerk and 
fuel consumption minimization while optimizing eco-driving strate-
gies (Nandi et al., 2015; Wu et al., 2019; Chada et al., 2023). For the 
PnG strategy, rapid transitions between acceleration and deceleration 
are typically required to achieve highly efficient operation of the pow-
ertrain system, which would generate a large jerk and, consequently, 
cause discomfort. Sohn et al. linked ride comfort to the jerk value 
of the PnG strategy by subjective evaluation while riding in a real 
vehicle (Sohn et al., 2019). Results show that the absolute jerk value 
of the comfort level defined as ’noticeable only to skeptical customers’ 
should be below 0.4 m/s3 and 0.6 m/s3 during the acceleration to de-
celeration transition phases. Furthermore, based on this investigation, 
an analysis of the tradeoff between fuel economy and ride comfort for a 
1.2-liter engine has been conducted (Sohn et al., 2020), showing that an 
additional energy saving up to 5% can be achieved when ride comfort 
is not considered. A similar work was conducted for a battery electric 
2 
vehicle (BEV) with a high efficient motor (Xue et al., 2024). The result 
shows that the optimal PnG strategy is able to save up to 5% energy 
compared with the corresponding CS strategy, and a reduction of about 
1% energy saving can be found when a constraint of maximum jerk is 
considered.

Physical prototypes are typically needed to validate the driving 
strategy and evaluate ride comfort. With the development of driving 
simulation technologies, able to realistically simulate various driving 
scenarios, there is the potential of performing such evaluations in 
a safe, efficient, and realistic environment without needing physical 
prototypes.

Driving simulators have been widely used for analyzing the driver 
response to ADAS and AVs (Gouribhatla and Pulugurtha, 2022; Orlovska
et al., 2020; Aramrattana et al., 2021; Steimle et al., 2025). The 
potential effects of ADAS on driver behaviors across different driving 
scenarios, lighting conditions, and weather conditions was analyzed 
by using driving simulator (Orlovska et al., 2020). With reference to 
eco-driving strategy validation, Stabile et al. (2023) successfully used a 
nine-degree-of-freedom dynamic driving simulator to study the impact 
of driver behavior and traffic conditions on the ecological driving 
strategy of an urban concept light electric four-wheel vehicle. In Chada 
et al. (2023), the validation of a predictive eco-driving assistance 
system (pEDAS), designed to assist drivers in optimizing their behaviors 
to minimize energy consumption in BEVs, has been validated by using 
a dynamic driving simulator. The result shows that pEDAS exhibits 
promising potential, not only in reducing overall energy consumption, 
but also in promoting driver compliance with speed limits and avoiding 
unnecessary stops at signalized intersections.

Referring to comfort evaluation, several application of driving sim-
ulators can be found in the literature (for a literature review see Xue 
et al., 2023 and Bruck et al., 2020). Dynamic driving simulators can 
exhibit a good correlation between vehicle dynamic performance with 
driver behavior and subjective perceptions (Sekar et al., 2022). In Ar-
conada et al. (2023), a dynamic simulator based on a Stewart platform 
was employed to perform ride comfort tests in the 1–10 Hz frequency 
range, demonstrating that the driving simulator has a strong capability 
of whole-body vibration comfort evaluation in this frequency range. 
In de Winkel et al. (2023), the impact of transient motion on ride com-
fort was investigated using a driving simulator. The study considered 
simple acceleration and jerk profiles to provide a parametrization of ex-
pected discomfort for AVs. The comfort in high-level AV driving styles 
are investigated by using a motion-based driving simulator in Peng 
et al. (2025). Interestingly, in contrast to the general idea of minimizing 
jerk magnitude, both de Winkel et al. (2023) and Peng et al. (2025) 
reached to a similar conclusion that a higher jerk, usually with a shorter 
duration, may result in a more comfortable driving experience, and 
highlighted that the duration of jerk needs to be taken into account 
when evaluating the longitudinal comfort. In Xue et al. (2024), the 
optimal PnG strategies with and without comfort considerations were 
subjectively evaluated using a dynamic driving simulator, and the 
results highlighted a strong correlation between objective jerk data 
and human subjective perceptions, demonstrating the rationality of 
the selected jerk threshold (0.9 m/s3) and the potential of driving 
simulators in evaluating longitudinal comfort.

Compared with real vehicles, driving simulators have a capability of 
controling vehicle accurately and safely and can effectively simulate the 
comfort level under different driving conditions, thus providing reliable 
data support for the setting of comfort evaluation. However, existing 
studies seldomly explore the correlation of the longitudinal comfort 
between driving simulators and real vehicles to further demonstrate 
the potential of driving simulators in comfort evaluation of eco-driving 
strategies.

With the aim to investigate the ride comfort of the PnG strategy by 
using a dynamic driving simulator, the paper first presents a compre-
hensive approach to estimating the longitudinal comfort thresholds in 
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Table 1
Parameters of the electric vehicle.
 Value  
 Curb mass + driver 1700 kg  
 Drag coefficient 0.32  
 Frontal area 2.3 m2  
 Air density 1.225 kg/m3  
 Tyre model 215/50 R17  
 Tyre resistance coefficient 0.013  
 Suspension (F/R) MacPherson/Multi-link 
 Height 1594 mm  
 Width 1765 mm  
 Length 4166 mm  
 Track (F/R) 1501/1501 mm  
 Wheelbase 2601 mm  
 Peak Torque 360 Nm  
 Peak Power 150 kW  
 Peak Power density 28.8 W/cm2  
 Max speed 8810 rpm  
 Number of poles 8  
 Differential drive ratio 7.05  
 Differential efficiency 0.902  

an eco-driving strategy using a driving simulator to validates the cor-
relation with the real car. Furthermore, the obtained thresholds, which 
represents drivers’ comfort preferences, are used to define and validate 
a procedure for PnG optimization to balance energy consumption and 
ride comfort.

The paper is organized as follows. Firstly, Section 2 introduces the 
vehicle model used throughout the paper. The model is exploited both 
for the experimental tests with the dynamic driving simulator and 
as reference model for the PnG strategy optimization. The dynamic 
driving simulator is described in 3. Particular attention is devoted to 
the definition of the driving simulator feedback behavior, i.e. the so 
called cueing algorithm. The experimental procedure for the estimation 
of jerk thresholds is described in Section 4 along with the experimental 
results. The identified thresholds are exploited in Section 5 for the 
optimization of the PnG strategy. In this section, the optimization 
procedure, comprising the definition of the optimization problem, the 
multi-objective solution, and the optimized strategies, is presented. 
Finally, Section 6 is devoted to the experimental verification of the 
obtained optimal strategies. Section 7 concludes the paper.

2. Mathematical model of the vehicle

In this section, the mathematical model of the reference vehicle 
is described. The considered vehicle is a Bolt EV. This vehicle is an 
electric sedan car whose data has been obtained from open access 
repository (www.evspecifications.com, 2020) and summarized in Table 
1. In particular, motor efficiency data has been taken from Momen et al. 
(2016) and adapted to obtain the map of Fig.  1.

The vehicle dynamic model developed in Xue et al. (2024) is 
employed. The vehicle model has been realized by using the com-
mercial software VI-CarRealTime by VI-Grade (VI-grade GmbH, 2021). 
The resulting model is a 14-degree-of-freedom vehicle model, includ-
ing subsystems such as body, braking, suspension, tires, steering, and 
powertrain systems. In particular, the motor efficiency map has been 
integrated into the powertrain system. Due to a lack of data and to sim-
plify the powertrain model, an ideal zero-torque coasting is assumed. 
The inertia properties of the vehicle have been estimated based on the 
mass and dimensional parameters of the vehicle according to Gobbi 
et al. (2014). Finally, due to the short duration of the maneuver, a fixed 
state of charge (SOC) and constant voltage of the battery are assumed.

The vehicle model, in particular longitudinal dynamic performance 
and energy consumption, has been validated by the public-available 
data of the reference vehicle (www.evspecifications.com, 2020). The 
comparison of the acceleration time, top speed, braking distance, and 
3 
Fig. 1. Efficiency map of motor.
Source: Adapted from Momen 
et al. (2016).

Fig. 2. 9-DOF cable-driven dynamic driving simulator at DriSMi (DriSMi, 
2025).

energy consumption (combined city and highway EPA driving test) of 
the vehicle model with respect to reference data are shown in Table  2.

As shown in Table  2, the model is able to well approximate the 
longitudinal dynamics and energy consumption, with errors of less 
than 3% for maximum speed, less than 1% for braking distance, and 
1.2% for the combined EPA test. The model slightly overestimates the 
acceleration time (with a maximum variance of about 8%), which may 
be caused by differences related to the actual configuration of the test 
vehicle, such as effective mass and grip conditions.

3. Dynamic driving simulator

The cable-driven 9-DoF VI-grade DIM400 dynamic driving simula-
tor of the DriSMi laboratory (DriSMi, 2025) of Politecnico di Milano 
(shown in Fig.  2) is employed to conduct the tests. The driving sim-
ulator features two actuation stages for the simulation of the vehicle 
motion. The first stage consists of a cable-driven platform able to 
move in the plane and rotate around the vertical axis. This stage 
can reproduce low frequency motions up to 3 Hz. The second stage 
is a modified Steward platform with 6 degrees of freedom able to 
reproduce higher frequencies motions up to 30 Hz. Furthermore, eight 
on-board shakers are connected to the cockpit at the suspension points 
for higher frequency vibrations up to 200 Hz. Table  3 summarizes the 
motion-related specification of the DIM400 driving simulator.
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Table 2
Vehicle model validation. Comparison between numerical simulations and vehicle reference data 
available at www.evspecifications.com (2020).
 Vehicle model Ref. (www.evspecifications.com, 2020) Relative error 
 5–60 mile/h 7.23 s 6.70 s 7.3%  
 30–50 mile/h 2.67 s 2.50 s 6.3%  
 50–70 mile/h 4.05 s 3.70 s 8.6%  
 70–0 mile/h 57.93 m 58.22 m 0.5%  
 top speed 149.3 km/h 145 km/h 2.9%  
 EPA combined 119.5 MPGe 118 MPGe 1.2%  
Table 3
Motion-related specifications of DIM400 at DriSMi.
 Value  
 Longitudinal/lateral displacement range [m] ±2  
 Vertical displacement range [m] ±0.298  
 Pitch/roll displacement range [deg] ±15  
 Yaw motion range [deg] ±62  
 Maximum longitudinal/lateral acceleration [g] 1.5  
 Maximum vertical acceleration [g] 2.5  
 Maximum longitudinal jerk [m/s3] 2 e + 05 

Due to the limited workspace, driving simulators cannot fully re-
produce the motion of the real car, but a motion cueing algorithm 
has to be introduced to convert the vehicle dynamic response into a 
feasible driving simulator motion range (Fisher et al., 2011). Thus, a 
model predictive control (MPC)-based algorithm is employed to provide 
motion perceptions to the driver (VI-grade GmbH, 2022; Bruschetta 
et al., 2017). To provide a more realistic and immersive experience, 
the simulator is equipped with active seat cushions and active seat belts 
to enhance the driver’s perception of longitudinal acceleration. A 270◦
wrap-around screen and a system of five speakers provide the visual 
and auditory feedback to the driver (more details in Melzi and Previati, 
2024).

4. Subjective ride comfort evaluation by using the dynamic driv-
ing simulator

In this section, the experimental activities completed at the dynamic 
driving simulator for the evaluation of the perceived longitudinal ride 
comfort are described. In particular, the tests aim to the identification 
of different jerk thresholds related to different comfort perceptions of 
the occupants.

4.1. Jerk thresholds definition

The objective of the tests is to identify three different jerk levels re-
lated to different perceptions of the testers. The investigated thresholds 
are defined as follows.

• Threshold 1: noticeable jerk. Testers find the vehicle comfortable 
but notice a difference with respect to constant velocity.

• Threshold 2: annoying jerk. Testers find the vehicle no more 
comfortable and they feel annoyed by the continuously changing 
acceleration.

• Threshold 3: unbearable jerk. Above this jerk value, the vehicle 
is too uncomfortable and the corresponding strategy should be 
considered as a failure.

In Sohn et al. (2019), it is pointed out that ride comfort is not only 
related to maximum jerk but also to maximum longitudinal accelera-
tion. In traditional internal combustion engine vehicles, this relation-
ship is particularly critical. In fact, according to Xu et al. (2015), the 
optimal PnG strategy always makes the powertrain system of internal 
combustion engine vehicles operating in regions close to the maximum 
available torque. In this case, therefore, high longitudinal accelerations 
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can be expected. In this paper, we consider electric vehicles whose 
motors exhibit large high-efficiency areas, also at relatively low levels 
of torque (see Fig.  1). High longitudinal accelerations are not required 
for these vehicles and jerk plays the most important role. For these 
reasons, in the following tests and optimization, only the jerk value 
is considered.

In the following subsections, the driving simulator settings, the test 
procedure, and the collected results are described.

4.2. Dynamic driving simulator set up

Drivers on autonomous cars are like passengers and most of the 
time they do not need to interact with the steering wheel or the 
pedals. To realistically reproduce this scenario on the driving simulator, 
pedals and steering wheel are disabled and the vehicle is controlled by 
a control algorithm. This control implements a simple Kondo’s shaft 
driver model (Plöchl and Edelmann, 2007) for controlling the steering 
angle and keeping the straight line trajectory, while the accelerator is 
controlled to obtain the desired jerk values.

The PnG-like strategy is centered around a reference velocity 𝑣0 as 
depicted in Fig.  3. Starting from 𝑣0, the vehicle is accelerated up to a 
higher velocity level 𝑣𝑢. When 𝑣𝑢 is reached, the accelerator is released, 
and the vehicle decelerates to a lower velocity level 𝑣𝑙. Once 𝑣𝑙 is 
reached, the accelerator is opened, and the velocity increases, resuming 
the cycle. Different reference velocities 𝑣0 are considered in the tests, 
namely 50 km/h, 80 km/h, and 130 km/h.

As depicted in Fig.  3, for the reference velocity 𝑣0 different PnG-like 
strategies are considered, resulting in different velocity cycles. These 
strategies differ only in the time required for opening or closing the 
accelerator. In fact, the maximum jerk reached in each cycle is deter-
mined only by the way in which the accelerator command is varied. 
Clearly, slower accelerator releases result in higher maximum velocities 
reached during the cycle. These (small) differences in the maximum 
velocities are not relevant as they are not perceivable by the testers 
and the actual mean velocity in the cycle is not the subject of this study. 
Finally, during the acceleration phase, the accelerator amplitude is kept 
constant and selected to maintain the motor in the high-efficiency area 
for each reference velocity. The accelerator command is set to 20%, 
25%, and 50% for 50 km/h, 80 km/h, and 130 km/h, respectively.

The fidelity of driving scenario influences driver responses (Mus-
sone, 2023). Therefore, a 3-line highway scenario without any traffic 
interaction, featuring detailed road geometries and signals, and realistic 
visual textures closely resembling a real-world driving environment (as 
shown in Fig.  4) has been developed and integrated into the driving 
simulator.

Motion cueing plays a vital role in improving realism and the 
driver’s perception of vehicle velocity and road conditions (El hamdani 
et al., 2023; Zhao et al., 2024). In El hamdani et al. (2023) the effects 
of motion cueing on drivers’ braking behavior are investigated. Three 
different levels of motion cueing (no motion, moderate motion, and 
maximal possible response and range) are created for the evaluation. 
Results show that the higher level of motion cueing, i.e., maximal 
response and range, would yield a close correlation with real car data, 
enhancing drivers’ vehicle control and vehicle velocity perception. In 
addition, motion cueing has been proven to be correlated to road 
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Fig. 3. Velocity profile generated by the PnG-like control strategy.

Fig. 4. 3-line highway scenario without any traffic interaction.

surface sensing of drivers (Zhao et al., 2024). Therefore, to provide 
a realistic driving experience, the motion cueing parameters of the 
simulator have been optimized to reproduce the maximal possible 
dynamic response and motion range.

Fig.  5(a) displays the jerk signal that has been considered. The 
reference jerk is the one derived from vehicle model and the actual 
jerk perceived by passengers is the one defined by motion cueing. The 
initialization phase of the maneuver has been removed in Fig.  5(a). 
Fig.  5(b) depicts the corresponding power spectral densities (PSD) of 
the signal in Fig.  5(a). The optimized motion cueing algorithm can 
accurately reproduce the jerk response of the vehicle model, with 
only minor differences in the positive jerk peak value. Considering the 
PSD comparison, the utilized motion cueing reproduces the response 
up to about 25 Hz, close to the simulator’s maximum frequency of 
30 Hz. Also, the response above 25 Hz is attenuated to approximately 
−60 dB/Hz, giving a small contribution to the perceived motion. To 
complete the motion feedback, active cushions are utilized to provide 
the feeling of constant longitudinal acceleration. Finally, to avoid influ-
encing participants’ perceptions, the dashboard of the vehicle is turned 
off.

4.3. Test procedure

The estimation of the three thresholds defined in Section 4.1 has 
been performed according to the up-down method (Levitt, 1971). This 
method finds out the perception threshold by an iterative approach. 
Each participant is subjected to different stimulus levels. Each level 
5 
Table 4
Questions asked to each participant for each jerk threshold and initial jerk 
levels. Jerk thresholds defined in Section 4.1.
 Threshold no Question to the participant Initial jerk level 
 1 Can you notice the jerk during

traveling?
0.4 m/s3  

 2 Do you feel annoyed by the jerk
during traveling?

0.9 m/s3  

 3 Do you think this driving strategy
is too uncomfortable to accept?

2.5 m/s3  

is adjusted on the basis of the participant’s response to the previous 
level. In particular, the stimulus is increased of a predefined amount if 
it is not felt by the participant or reduced otherwise. The test is ended 
when the increase/decrease direction is inverted at least four times. 
The identified threshold is then computed as the mean value of the 
jerk values before and after the last two increase/decrease inversions. 
The up-down method has been proven to be efficient for the estimation 
of the perception threshold requiring a reduced total number of tests 
compared to conventional self-reported scoring methods (Levitt, 1971; 
Soranzo and Grassi, 2014).

Algorithm 1 introduces the process of the subjective experiment 
using the up-down method. Tests are organized as follows. Each par-
ticipant repeats the test for the three considered velocities, 50 km/h, 
80 km/h, and 130 km/h. For each velocity, the up-down approach 
is applied for the identification of the three thresholds defined in 
Section 4.1. The questions used for the identification of each threshold 
are reported in Table  4. In the same table, the initial jerk value for 
each threshold is reported. The same questions and initial jerk values 
are used for all of the considered velocities. For all tests, the same step 
size of 0.1 m/s3 is used. Each participant performs a total of nine up-
down procedures to identify the three thresholds for each of the three 
considered velocities. At the beginning of each test, the participant is 
informed of the reference velocity level and of the type of threshold.
Algorithm 1: Comfort threshold estimation using up-down method
Input: Participant’s answer: Yes/ No;

 Step size: 𝛥𝑠;
Output: Estimated threshold Threshold
while 𝑁rev < 4 do

evaluate the current jerk level Jerk(𝑗), and give the answer;
if answer(𝑗) ≠ answer(𝑗−1) then

𝑇 (𝑁𝑟𝑒𝑣) = (Jerk(𝑗−1) + Jerk(𝑗))∕2 𝑁rev = 𝑁rev + 1
if answer(𝑗) = "Yes" then

Jerk(𝑗+1) = Jerk(𝑗) − 𝛥𝑠

else
Jerk(𝑗+1) = Jerk(𝑗) + 𝛥𝑠

𝑗 = 𝑗 + 1
Threshold = (𝑇 (𝑁rev−1) + 𝑇 (𝑁rev))∕2
return Threshold;

The initial jerk values reported in Table  4 have been chosen from 
similar conditions considered in previous papers from the literature. 
In particular, for threshold 1, the initial jerk corresponds to the jerk 
threshold identified in Sohn et al. (2019) for the jerk level defined 
‘‘noticeable for all customers’’. For threshold 2, the initial jerk level cor-
responds to the level of aggressive driving defined in Bae et al. (2020), 
while threshold 3 corresponds to the limitation on the maximum jerk 
for ACC defined in ISO standard (ISO 15622:2018(E), 2018).

In case of very low values of jerk, a slight modification of the 
method has been introduced due to the motion range of the dynamic 
driving simulator. Specifically, by using the optimized cueing settings 
discussed in Section 4.2, the longitudinal displacement of the driving 
simulator limits the minimum reproducible jerk value to 0.2 m/s3. 
Below this jerk value, the displacement limits are reached and the test 
cannot be performed. Therefore, in the identification of Threshold 1, if 
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(a) Time history

  
(b) Frequency domain

 

Fig. 5. Comparison between the jerk output of optimized motion cueing and the jerk simulated by the vehicle model.
Table 5
Estimated thresholds of jerk for different comfort levels.
 50 km/h 80 km/h 130 km/h
 Threshold 1 2 3 1 2 3 1 2 3  
 Participant 1 0.65 1.1 2.4 0.55 1.1 2.7 0.45 0.85 2.2  
 Participant 2 0.25 0.75 1.7 0.25 0.7 1.8 0.35 0.65 1.7  
 Participant 3 0.5 0.85 2.4 0.45 0.95 2.25 0.65 0.95 2.4  
 Participant 4 0.5 1.05 2.3 0.35 0.75 2.1 0.35 0.95 1.7  
 Participant 5 0.2 0.65 2.4 0.35 0.85 1.8 0.35 0.7 2.1  
 Participant 6 0.35 0.65 1.7 0.25 0.65 1.7 0.3 0.5 1.7  
 Participant 7 0.3 0.85 2.3 0.35 0.9 2.25 0.3 0.95 2.25  
 Participant 8 0.2 0.75 2.1 0.2 0.95 1.7 0.25 0.9 2.4  
 Ref 0.4 0.9 2.5 0.4 0.9 2.5 0.4 0.9 2.5  
 Mean 0.37 0.83 2.16 0.34 0.86 2.04 0.38 0.81 2.06  
 Std 0.16 0.17 0.30 0.11 0.15 0.35 0.13 0.17 0.31  
 95% CI [0.23, 0.51] [0.69, 0.97] [1.91, 2.41] [0.25, 0.44] [0.73, 0.98] [1.74, 2.33] [0.27, 0.48] [0.66, 0.94] [1.79, 2.32] 
the current level is 0.2 m/s3 and the participant identifies this level as 
noticeable, instead of reducing the jerk value, the initial guess of 0.4 
m/s3 is restored. From this value, the sequence is resumed. If, again, 
the participant reaches 0.2 m/s3 and identifies this value as noticeable, 
the test is interrupted. In this case, the participant is interviewed to 
understand if he or she considers that this level could be the threshold 
or expects to notice a lower value of jerk. In the performed tests, 
only 2 participants found themselves in this situation, and they all 
believed that this level of jerk was the least they would be able to 
experience. Therefore, for those participants, 0.2 m/s3 is considered as 
the identified threshold.

4.4. Estimated thresholds

For the experimental identification of the jerk thresholds, eight 
participants have been recruited (drivers’ information in Table  A.11). 
The number of participants is relatively low, but comparable with 
similar experiments reported in the literature (Sohn et al., 2019). 
The limited number of participants allows for a preliminary analysis 
and the obtained results should be further investigated with a larger 
panel of participants. However, to the best knowledge of the authors, 
similar tests with dynamic driving simulators are not available in the 
literature and these tests provide a first, even if preliminary, assessment 
of the perceived longitudinal comfort on a driving simulator. All of the 
participants possess a driving license and a total of 366 trials were 
conducted for the estimation of the thresholds. Table  5 and Fig.  6 
show the estimated thresholds for different comfort levels at the three 
considered reference velocities. In particular, the statistical metrics, 
such as mean value, standard deviation (std), and 95% confidence 
interval (95% CI), have been calculated, and shown in Table  5.

Results show a rather good agreement between the thresholds iden-
tified at the driving simulator and previously published data referring 
6 
Fig. 6. Estimated thresholds of jerk for different comfort levels — different 
colors of scatters represent different participants.

to tests performed on real cars. In particular, the mean value of the 
estimated Threshold 1 and Threshold 2 closely match the reference 
values of 0.4 m/s3 and 0.9 m/s3, respectively. Additionally, for all ref-
erence speeds, the reference values of both Threshold 1 and Threshold 
2 reported in the literature fell within the 95% confidence intervals 
of the thresholds estimated using the driving simulator. Additionally, 
the estimated range of Threshold 1 is from 0.2 m/s3 to 0.65 m/s3, and 
closely matches the results of the subjective experiments in Sohn et al. 
(2019). Threshold 3 shows an identified level of jerk moderately lower 
than the value of 2.5 m/s3 suggested as limit by the standards (ISO 
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15622:2018(E), 2018). Moreover, as shown in Table  5, the estimated 
Threshold 3 values for most participants are lower than the value re-
ported in the literature. This can be attributed to the test configuration, 
in which the PnG strategy repeatedly generates jerk peaks, leading 
to greater perceived discomfort compared to the emergency braking 
defined in the ISO standard (ISO 15622:2018(E), 2018), where jerk is 
applied only once. Also, the estimated value of jerk for this threshold 
shows a relatively large variation with subjective estimations ranging 
between 1.7 m/s3, and 2.7 m/s3. Finally, from the inspection of Fig.  6, 
estimated jerk thresholds seem to be independent from the reference 
velocity.

5. Multi-objective optimization

The values of the thresholds on jerk perception estimated in the 
previous section are exploited for the optimization of the PnG strat-
egy of the considered electric vehicle. The Pareto optimal set is able 
to provide the best trade-off between energy consumption and ride 
comfort. The offline Pareto optimal solution under different working 
conditions (average velocity) would be helpful as a reference input 
into the vehicle control system, allowing the control system to select 
the optimal strategy on the Pareto optimal set as the real-time control 
strategy according to demand. In particular, different Pareto points 
with different levels of jerk can be dynamically selected based on 
real-time traffic conditions or driver preference of energy consumption 
and ride comfort to achieve adaptive control. Therefore, the optimiza-
tion is performed by a multi-stage approach comprising the following
steps.

• Definition of the optimization problem in a multi-objective frame-
work (Pareto optimization).

• Computation of an initial Pareto-optimal set by means of a neural 
network surrogate model trained by simulating the vehicle model 
described in Section 2.

• Refinement of the obtained Pareto-optimal set by directly using 
the physical model described in Section 2.

• Validation of the obtained Pareto-optimal set by experimental 
tests at the dynamic driving simulator

In the following sections, these steps are discussed.

5.1. Design variables

The smoothed accelerator pulse width modulation (PWM) command 
is periodically repeated to control the vehicle velocity. The command is 
parameterized as shown in Fig.  7. Six design variables, namely five time 
durations 𝑡𝑖, 𝑖 = 1...5 of the different command intervals and accelerator 
amplitude 𝐴 are used to define the shape of the accelerator command 
signal as 

𝑦(𝑡) = 𝑦𝑟𝑖𝑠𝑒(𝑡) + 𝑦𝑓𝑎𝑙𝑙(𝑡), 0 ≤ 𝑡 ≤ 𝑡𝑐𝑦𝑐𝑙𝑒

𝑦𝑟𝑖𝑠𝑒(𝑡) =
𝐴
𝑡2

log
(

1 + 𝑒𝛽⋅(𝑡−𝑡1)

1 + 𝑒𝛽⋅(𝑡−𝑡1−𝑡2)

)
1
𝛽

𝑦𝑓𝑎𝑙𝑙(𝑡) =
𝐴
𝑡4

log
(

1 + 𝑒𝛽⋅(𝑡−𝑡1−𝑡2−𝑡3)

1 + 𝑒𝛽⋅(𝑡−𝑡1−𝑡2−𝑡3−𝑡4)

)
1
𝛽

(1)

where the parameter 𝛽 (𝛽 > 0) is introduced to control the curvature 
of the transition zone (Dombi and Gera, 2005) and is fixed to 20. It is 
important to highlight that the optimization is performed based on the 
offline simulation, in which a total of 8 driving cycles are conducted: 
the first 4 cycles are used to stabilize the vehicle speed, while the last 
4 cycles are used to calculate the vehicle response. 𝑡5 is treated as a 
redundant design variable, which expands the optimization space and 
enhances flexibility in controlling the vehicle, to ensure that the vehicle 
stabilizes as quickly as possible during offline optimization. The design 
variables and related ranges are summarized in Table  6.
7 
Fig. 7. Smoothed accelerator command and design variables.

Table 6
Design variables of the optimization problem (𝑡𝑖 in 
seconds).
 Description Notation Range  
 Starting interval 𝑡1 [0.001, 10] 
 Rising interval 𝑡2 [0.001, 10] 
 Plateau interval 𝑡3 [0.001, 10] 
 Falling interval 𝑡4 [0.001, 10] 
 Ending interval 𝑡5 [0.001, 10] 
 Magnitude A [0, 1]  

5.2. Optimization problem definition

In the PnG strategy, energy consumption and ride comfort usually 
conflict with each other (Sohn et al., 2020). Thus, a two-objective 
functions minimization problem is defined as follows 
min
𝒙

𝒇 (𝒙) =
{

𝐸PnG(𝒙), 𝐽 (𝒙)
}

s.t. |
|

𝑣A(𝒙) − 𝑣T|| ≤ 0.1

𝒙 ∈ 𝑿

(2)

where 𝒙 is the vector of the design variables, namely 𝑡1, . . . , 𝑡5, and 𝐴, 
𝒇 (𝒙) is the vector of the objective functions, 𝐸PnG(𝒙) the energy con-
sumption per traveling distance (kWh/m), 𝐽 (𝒙), the maximum absolute 
value of the jerk (m/s3), see Eq. (3), 𝑣A the average vehicle velocity 
(km/h), see Eq. (4), 𝑣T the reference velocity (km/h), and 𝑿 the feasible 
design variable domain. 

𝐸PnG(𝒙) =
𝐸4𝑐𝑦𝑐𝑙𝑒(𝒙)

𝛥𝑥
(3)

where, both 𝐸4𝑐𝑦𝑐𝑙𝑒(𝒙) and 𝛥𝑥 are calculated by VI-CarRealTime soft-
ware. 𝐸4𝑐𝑦𝑐𝑙𝑒(𝒙) is the total energy consumption (kWh) in the last four 
cycles of the eight. 𝛥𝑥 is the travel distance (m) in the last four cycles. 

𝐽 (𝒙) = 𝑚𝑎𝑥|
𝛥𝑎𝑥(𝒙)
𝛥𝑡

| (4)

where, 𝛥𝑎𝑥(𝒙) is the longitudinal acceleration changed in each time step 
derived from Vi-CarRealTime, and 𝛥𝑡 is the time step of the simulation 
result output, 0.01s.

The optimization problem is solved according to the Pareto optimal 
theory (Papalambros and Wilde, 2000), which consists in finding the 
set of solutions representing the best compromise between 𝐸PnG(𝒙) and 
𝐽 (𝒙), while fulfilling the constraints.
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5.3. Optimization procedure

Although the optimization problem stated in Eq. (2) includes only 
two objective functions, the constraint on the mean velocity is rather 
binding as a large number of simulations are required to find a feasible 
solution. By using the physical model of Section 2, each simulation 
takes from a few seconds to 5 min on a laptop with AMD Ryzen 7 
5800H 3.20 GHz and 16 GB of RAM and the whole process would 
require a non-feasible amount of time. Therefore, a surrogate model 
and a two-stage solution procedure have been developed to reduce 
the computational time. The first stage exploits the surrogate model 
to quickly obtain a preliminary Pareto optimal set. On the basis of the 
solutions obtained in the first stage, in the second step, the physical 
model is employed to obtain the final optimal solutions. Fig.  8 shows 
the main structure of the optimization framework.

The surrogate model to approximate the vehicle response in the 
first stage is a neural network (NN) with one hidden layer of 20 
neurons, and a tangent sigmoid activation function. The NN is trained 
by using a dataset of 3500 initial samples generated in the feasible 
domain by a low-discrepancy Sobol sequence (Mastinu et al., 2007). 
Of these samples, 70% are randomly sampled for training and the 
remainder 30% for validation. The NN receives as input the parameters 
describing the accelerator profile and outputs the energy consumption, 
average velocity, and maximum jerk. Mean squared error (MSE) and 
R-square (R2) are used for monitoring the fitting performance of the 
trained NN. To ensure optimal model performance and robustness, 
a systematic hyperparameter optimization was conducted based on 
a DOE test. The DOE considers three levels for the learning rate, 
namely [0.001, 0.01, 0.05] and three different training algorithms, 
namely [‘‘traincgf’’ (Fletchel-Powel Conjugate), ‘‘trainlm’’ (Levenberg–
Marquardt), ‘‘trainscg’’ (Scaled Conjugate Gradient)]. This resulted in 
9 different combinations of parameters. Each configuration was evalu-
ated based on its performance in the validation set, with the optimal 
combination selected according to the minimum MSE criterion. The 
best result was obtained with a learning rate of 0.01 combined with 
the Levenberg–Marquardt training algorithm. To avoid overfitting, L2 
regularization with a coefficient of 0.001 was applied, penalizing large 
weight values and promoting simpler models. Furthermore, the training 
and validation loss curves were monitored throughout the learning 
process. The trained NN is exploited by a genetic algorithm (GA) for the 
computation of the approximated Pareto optimal set. The GA features a 
population size of 200 individuals and a maximum of 200 generations 
is considered. The solutions of the approximated Pareto-optimal set are 
then recomputed by using the physical model in order to verify the 
accuracy level of the NN for solutions close to the actual Pareto-optimal 
set. If the relative error between the objective functions computed by 
the NN and the physical model is above 2%, the NN is retrained by 
adding the solutions in the dataset and the procedure is iterated. In 
particular, the updated dataset is randomly sampled as in the previous 
iteration, with the condition that the newly generated data is included 
in the training set. The same neural network structure and training 
parameters are used for all iterations. When the relative error 𝐸 is 
below 2% the first stage of the optimization is concluded. The relative 
error between NN Pareto optimal set 𝒇̂ (𝒙̂) and the corresponding output 
of the physical model 𝒇 (𝒙̂) is defined as 
𝐸 = 𝑚𝑎𝑥{𝐸̄1, 𝐸̄2, 𝐸̄3} (5)

where, 𝐸̄1, 𝐸̄2, 𝐸̄3 are the average relative error in terms of the energy 
consumption, maximum jerk, and average velocity, respectively, which 
are defined as 

𝐸̄𝑗 =
1
𝑛

𝑛
∑

𝑖=1

|

|

|

𝑓𝑗 (𝑥𝑖) − 𝑓𝑗 (𝑥𝑖)
|

|

|

|

|

|

𝑓𝑗 (𝑥𝑖)
|

|

|

, 𝑗 = 1, 2, 3 (6)

where, 𝑛 represents the Pareto size, 𝑓𝑗 , and 𝑓𝑗 are the output of the 
physical model and of the NN, respectively.
8 
In the second stage, the approximated Pareto optimal set obtained 
is refined, and the physical model is exploited in place of the NN for 
the computation of the objective functions and constraints. Considering 
the increased computational effort with the use of the physical model, 
the population size is reduced to 100 individuals at this stage. All the 
200 Pareto-optimal points obtained from the first stage are simulated 
by the physical model and the relative fitness function is computed 
again for each individual. The newly computed fitness values may differ 
from the previous ones because of the small approximation errors of the 
NN model. These individuals are then ranked according to their fitness 
value and the best 100 points are selected as the starting population 
for the second-stage of the optimization. In this selection process the 
following two situations can happen

• the number of optimal points is less than 100: in this case also 
non-optimal points are randomly included in the population

• the number of optimal points to be included is more than 100: in 
this case 100 points are randomly selected from the optimal ones.

It has to be emphasized that the described selection procedure is 
only affecting the way of building the starting population of the refined 
optimization process and has a negligible effect on the convergence rate 
of the algorithm.

In the two stages of the optimization procedure, the same multi-
objective GA algorithm (Gobbi, 2013) is employed to solve the op-
timization problem. The difference between the two stages is that 
the objective functions are computed in the first stage by the surro-
gate model, while in the second stage are computed by the physical 
model. The multi-objective GA algorithm is based on the fitness sharing 
method (Mastinu et al., 2007). The fitness 𝐹𝑖 of each individual 𝑖 is 
defined as follows 

𝐹𝑖 =
𝑁𝑟 − 𝑟𝑎𝑛𝑘(𝑖) + 1

∑𝑁𝑟
𝑟𝑎𝑛𝑘=1

(

𝑁𝑟 − 𝑟𝑎𝑛𝑘(𝑖) + 1
)

⋅ 𝑃𝑠𝑖∕𝑃
(7)

where, 𝑟𝑎𝑛𝑘(𝑖) and 𝑃𝑠𝑖 are the dominance rank of individual 𝑖 and the 
population of 𝑟𝑎𝑛𝑘(𝑖), respectively. 𝑁𝑟 is maximum rank in the current 
generation, 𝑃  is the population size. The non-dominated points in the 
whole population are assigned rank 1. Among the remainder popula-
tion, non-dominated individuals are ranked 2. The ranking procedure 
continues until the whole population is involved.

In order to avoid individuals moving into crowded areas and to 
obtain a uniformly distributed Pareto optimal set, the fitness function is 
modified by a fitness sharing method (Mastinu et al., 2007). The fitness 
function 𝐹𝑖, to be maximized, for each individual 𝑖 with fitness 𝐹𝑖 is 
defined as 
𝐹𝑖 = 𝐹𝑖 − 𝛼1𝑚𝑖 − 𝛼2𝛥𝑖 (8)

where, the coefficients 𝛼1 and 𝛼2 are the scaling factors of the niche 
count 𝑚𝑖. A penalty term 𝛥𝑖 in included to avoid constraints violation.

The niche count 𝑚𝑖 measures the approximate number of individuals 
sharing fitness (Sareni and Krahenbuhl, 1998), and is described by 
Eq. (9)

𝑚𝑖 =
𝑃
∑

𝑗=1
sh

(

𝑑𝑖𝑗
)

(9)

where, 𝑑𝑖𝑗 is the distance between individuals i and j, and the sharing 
function sh (𝑑𝑖𝑗

) is defined as follow 

sh
(

𝑑𝑖𝑗
)

=

{

1 −
(

𝑑𝑖𝑗∕𝜎𝑠
)2 ,  if 𝑑𝑖𝑗 < 𝜎𝑠

0 ,  otherwise (10)

where, 𝜎𝑠 stands for the threshold of dissimilarity, i.e., the niche 
radius (Sareni and Krahenbuhl, 1998).

The penalty term 𝛥𝑖 of each individual 𝑖 accounts for the violation 
of the velocity constraints and is defined as 

𝛥𝑖 =

{

(𝑣(𝑖)𝐴 − 𝑣𝑇 )2 , ∣ 𝑣(𝑖)𝐴 − 𝑣𝑇 ∣> 0.1
(11)
0 ,  otherwise 
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Fig. 8. Flow chart of the optimization procedure.
 
(a) Velocity: 50 km/h

  
(b) Velocity: 80 km/h

  
(c) Velocity: 130 km/h

 

Fig. 9. Pareto optimal sets for the three considered velocities. 
Table 7
Energy consumption of the CS strategy.
 Velocity [km/h] Energy consumption [kWh/km] 
 50 0.1078  
 80 0.1524  
 130 0.2781  

5.4. Optimization results

The described optimization procedure has been repeated for the 
three considered velocities (50 km/h, 80 km/h, and 130 km/h) and 
Fig.  9 shows the resulting Pareto optimal set in the objective functions 
domain. The energy saving is defined as the percentage reduction in 
energy consumption with respect to the CS strategy. Table  7 reports the 
fuel consumption of the CS strategy for the three considered velocities.

The depicted Pareto optimal sets show that the two objective func-
tions, namely energy saving and maximum jerk, exhibit, as expected, 
a conflicting relationship. In the case of 130 km/h (Fig.  9(c)) a sharp 
9 
change in the curvature appears on the Pareto optimal sets as the jerk 
approaches approximately 5 m/s3. This curvature change is caused by 
the activation of the constraints on the rising interval 𝑡2 and falling 
interval 𝑡4. In accordance with the results reported in the literature (Li 
and Peng, 2012), the PnG strategy exhibits greater fuel savings with 
respect to the CS strategy at lower velocities. In fact, the maximum 
energy saving is about 5% at 50 km/h. Furthermore, the maximum jerk 
increases as the considered velocity increases.

According to Sohn et al. (2019), also the longitudinal acceleration 
delta, defined as the difference between the maximum acceleration 
and the minimum acceleration in a cycle, is related to longitudinal 
comfort. Thus, it is interesting to investigate the correlation between 
maximum jerk and the longitudinal acceleration delta of the optimal 
solutions. Table  8 shows the Spearman correlation coefficient (Press, 
2007) between the maximum jerk and the longitudinal acceleration 
delta for the solutions belonging to the Pareto optimal sets.

At 50 and 80 km/h, the Spearman correlation coefficients is greater 
than 0.9, showing a clear direct correlation between the maximum 
jerk and the longitudinal acceleration delta. At 130 km/h, a smaller 
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(a) Velocity: 50 km/h

  
(b) Velocity: 80 km/h

  
(c) Velocity: 130 km/h

 

Fig. 10. Optimal PnG strategies selected on the Pareto optimal set.
Table 8
Spearman correlation between the maximum jerk and the longitudinal 
acceleration delta for the computed solutions of the Pareto optimal sets.
 Velocity

 50 km/h 80 km/h 130 km/h 
 Spearman correlation
coefficient

0.9655 0.9352 0.7221  

value of 0.72 has been found for the Spearman correlation coefficient. 
This value, however, indicates an overall positive correlation between 
maximum jerk and longitudinal acceleration delta.

6. Subjective evaluation of the optimal solutions

The Pareto optimal sets define sets of solutions that constitute 
the best compromise between conflicting objectives. However, these 
solutions are all equivalent, as none of them is dominated by any other 
solution. The designer has then to choose the preferred solution. In this 
section, we exploit the results of the experimental tests of Section 4 to 
identify three possible choices for each of the three velocities. Then, a 
new session of tests at the driving simulator is conducted to subjectively 
evaluate the selected solutions.

According to the definitions reported in Section 4.1, threshold 2 
represents the limit between a comfortable and annoying level of jerk, 
which is highly related to the drivers’ comfort preference. Therefore, for 
the three velocities, referring to the results in Section 4.4, the preferred 
solutions are chosen as the ones closest to the mean identified value of 
threshold 2 and the ones closest to this mean value plus and minus two 
times the standard deviation. The three selected solutions are labeled 
as ‘‘PnG-opt-mean’’, ‘‘PnG-opt-lwr’’ and ‘‘PnG-opt-upr’’, respectively for 
the mean value solution, the lower bound solution (mean minus two 
standard deviations) and the upper bound solution (mean plus two 
standard deviations). Fig.  10 and Table  9 show the selected solutions 
on the Pareto optimal set and their parameters.

The experimental evaluation of the chosen solution has been per-
formed by using the same testing setup defined in Section 4. In partic-
ular, the same motion cueing parameters for the driving simulator are 
used.

For the tests, a panel of 12 participants has been considered. Of 
these participants, 7 also took part to the threshold estimation test 
and 5 additional participants are 3 males and 2 females (details in 
Table  A.11). The tests have been performed approximately two weeks 
after the preliminary tests of Section 4. Participants have been asked to 
test the solutions starting from the velocity of 50 km/h to 130 km/h. 
For each vehicle velocity, the three optimal solutions were randomly 
tested, without informing the participants about the solution under test. 
Each solution has been tested once. After each test, for the considered 
solution, participants were asked if they would like to choose this 
driving strategy for long-distance traveling. Before the test, participants 
have been instructed about the possible answers and their qualitative 
description. Table  10 reports the possible answers and descriptions.
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Fig.  11 displays the results of the subjective evaluation of the 
selected optimal solutions, indicating the frequency of selection for 
each answer. Consistent results are reported for all of the considered 
velocities, with the solutions at low levels of jerk felt as comfortable by 
most participants and only the solutions with high levels of jerk have 
been found uncomfortable by few participants.

Fig.  12 shows the results of the subjective evaluation of the optimal 
solutions in aggregated form. The evaluations have been aggregated 
by summing the answers for the three levels of jerk (lower bound, 
mean, and upper bound) at the different velocities. The figure shows 
a reduction in the perceived comfort as the level of jerk is increased. 
For the lower level, only in very few cases, the participants have 
found the proposed PnG strategies rather annoying, while the great 
majority of answers have considered these strategies as comfortable 
or overall comfortable. As the level of jerk increases, the number of 
answers describing as rather annoying the strategies increases and, for 
the highest level of jerk, in some cases strategies have been perceived 
as uncomfortable. These results can provide the designer indications on 
how to chose the preferred optimal PnG strategy. The mean value of the 
threshold is actually considered as comfortable or overall comfortable 
in the majority of the cases, but for a significant fraction of cases is 
felt as rather annoying. If the designer prefers to reduce this fraction, a 
level of jerk close to the lower bound of the identified threshold should 
be chosen, at the cost of a slight reduction of energy savings.

7. Conclusion

The paper presents a method for optimizing and validating PnG 
(Pulse and Glide) strategies for electric vehicles. The experimental 
validation was conducted by using a dynamic driving simulator, which 
provides a controlled and repeatable environment for safe testing.

As driving simulators are rarely used for evaluating longitudinal 
comfort, the first part of the paper has been devoted to defining a 
suitable testing procedure. Based on an analysis of similar tests in the 
literature aimed at defining longitudinal comfort using actual vehi-
cles, longitudinal jerk has been identified as the most relevant metric. 
Preliminary tests, employing an up-down method, were conducted on 
the driving simulator to identify three jerk thresholds representing 
significant transitions in participants’ perceptions. Additionally, this 
activity also provided supporting evidence of the correlation between 
the jerk responses obtained on the driving simulator and those reported 
in the literature obtained from experimental tests on real vehicles.

The first threshold corresponds to the jerk value at which partici-
pants felt the vehicle as comfortable but noticed a difference compared 
to a constant velocity ride. The second threshold aimed at identifying 
the jerk level at which participants no longer felt the vehicle as com-
fortable. Finally, the third threshold represented the jerk level at which 
the vehicle was deemed too uncomfortable to ride. Despite a limited 
number of testers were involved, preliminary results indicate that the 
identified jerk thresholds closely align with similar thresholds reported 
in the literature and identified through tests on actual vehicles. The 
standard deviation associated with these values is also comparable to 



H. Xue et al. Transportation Research Interdisciplinary Perspectives 34 (2025) 101733 
Table 9
Parameters of selected optimal solutions.
 t1 t2 t3 t4 t5 A Average velocity

[km/h]
Energy saving
[%]

Max jerk
[m/s3]

 

 
50 km/h

PnG-opt-lwr 2.413 2.024 1.647 2.408 6.210 0.181 49.90 4.08 0.469  
 PnG-opt-mean 2.376 0.998 3.266 1.281 7.674 0.168 49.92 4.52 0.869  
 PnG-opt-upr 1.609 0.768 2.040 2.824 7.500 0.181 49.90 4.71 1.187  
 
80 km/h

PnG-opt-lwr 2.898 2.392 1.723 2.671 5.237 0.309 79.93 3.27 0.547  
 PnG-opt-mean 1.810 1.459 1.723 1.723 4.884 0.307 79.98 3.61 0.870  
 PnG-opt-upr 1.810 1.109 1.723 1.723 4.977 0.316 79.91 3.79 1.141  
 
130 km/h

PnG-opt-lwr 0.060 2.904 3.725 3.275 3.305 0.568 129.91 3.02 0.465  
 PnG-opt-mean 0.060 1.799 3.569 1.565 3.197 0.564 129.94 3.26 0.824  
 PnG-opt-upr 0.060 0.991 3.569 1.057 3.217 0.560 129.91 3.55 1.231  
Fig. 11. Subjective test result for optimal PnG strategies. Definitions of answers A, B, C, and D in Table  10.
Fig. 12. Comprehensive evaluation of different jerk levels. Definitions of answers A, B, C, and D in Table  10.
Table 10
Qualitative description of the answers for the experimental evaluation of the 
chosen optimal solutions.
 Answer Description  
 A Yes Comfortable, they would definitely

travel with this strategy
 

 B More yes than no A little bit annoying,
but overall comfortable

 

 C More no than yes Rather annoying,
only travel with this strategy if 
there is no other option

 

 D No Uncomfortable, they would not
travel with this strategy

 

results reported in the literature. Additionally, the thresholds appear to 
be relatively independent on the longitudinal velocity of the vehicle. 
While further testing is needed to confirm these results, the size of 
11 
the participant panel in the preliminary tests is comparable to that of 
similar tests in the literature.

The second part of the paper exploits the results of the prelimi-
nary tests to define a multi-objective optimization of PnG strategies 
for an electric vehicle. The Pareto optimal set, representing the best 
compromise between comfort and energy consumption, was derived 
through an offline optimization approach for three reference velocities, 
namely 50 km/h, 80 km/h, and 130 km/h, corresponding to urban 
roads, country roads, and motorway situations, respectively. Different 
PnG strategies were defined by modifying the accelerator actuation law, 
with comfort evaluated based on maximum jerk.

In the present study, the dynamic driving simulator demonstrated 
considerable potential for evaluating longitudinal ride comfort, partic-
ularly when assessing jerk-related effects within the Pulse-and-Glide 
(PnG) strategy. Objective jerk measurements obtained from the simula-
tor were compared with reference data from a vehicle dynamics model, 
showing high accuracy in reproducing longitudinal jerk. Subjective 
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Table A.11
Participants’ personal information.
 Gender Age Driving license Duration of License 

Holding
[years]

Driving Frequency Experiment 1
(Section 4)

Experiment 2
(Section 6)

 

 1 Male 53 Yes 35 Often X X  
 2 Male 37 Yes 19 Often X X  
 3 Female 28 Yes 9 Often X  
 4 Male 33 Yes 5 Often X  
 5 Male 25 Yes 4 Often X  
 6 Male 29 Yes 10 Normal X X  
 7 Male 32 Yes 14 Normal X X  
 8 Male 31 Yes 9 Normal X X  
 9 Male 33 Yes 5 Normal X  
 10 Female 26 Yes 8 Normal X  
 11 Female 31 Yes 7 Seldom X X  
 12 Male 32 Yes 10 Seldom X X  
 13 Female 29 Yes 4 Seldom X  
evaluations further confirmed a strong correlation with real vehicle 
experiences, supporting the simulator’s effectiveness for comfort assess-
ment. However, certain limitations should be noted. The PnG strategy 
used in this study involves frequent acceleration and deceleration with 
brief transition periods. Under these conditions, the dynamic driv-
ing simulator’s longitudinal motion range proved sufficient to achieve 
highly accurate jerk reproduction, nearly at a 1:1 scale. In contrast, 
other driving scenarios involving prolonged acceleration and significant 
speed variations, or the use of simulators with a more limited longitu-
dinal motion range, may require a reduced motion replication scale. 
In such cases, a decrease in the accuracy of comfort evaluations may 
occur.

The offline Pareto optimal set, which represents the best trade-
offs between comfort and energy efficiency in accelerator commands, 
can be applied in real-time applications. These include serving as a 
reference for speed planning in autonomous vehicles (AVs), vehicle 
platoon control, or as a look-up table that allows the controller to 
offer multiple selectable options based on the driver’s preferences. 
Additionally, the proposed methodology can be extended to inves-
tigate comfort-oriented driving under varying traffic conditions by 
incorporating relevant constraints. In particular, the second threshold, 
the critical value between comfortable and annoying level of jerk, is 
highly related to the drivers’ comfort preference. Three Pareto points 
of each considered reference velocities were therefore chosen at a jerk 
level corresponding to the second threshold and tested by a panel of 
participants, including those from the preliminary tests. These tests 
showed consistent results compared to the preliminary tests, demon-
strating appreciable differences between the various levels of jerk of the 
chosen optimal solutions. It emphasizes the role of the Pareto optimal 
set in offering adaptable solutions and indicates that dynamic driving 
simulators can effectively be used for assessing the longitudinal comfort 
of vehicles and developing PnG strategies
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