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Energy Consumption Evaluation Based on a
Personalized Driver–Vehicle Model
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Abstract— A new approach to evaluate personalized energy
consumption is presented in this paper. The method consists
of identifying driver–vehicle dynamics using the probability
weighted autoregressive model, which is one of the multi-mode
ARX models, and then of reproducing the driver–vehicle behavior
in a vehicle-following task. The energy consumption of the
vehicle is estimated from the velocity profile calculated by using
the driver–vehicle model. In this paper, driving simulator and
real-world driving data were recorded to identify the driver–
vehicle model in various situations. As a result, real-world energy
consumption could be reproduced in a variety of situations
with an average error of 1.9% and a standard deviation within
1.5%. Several promising applications of the energy consumption
evaluation are introduced in this paper, such as an online energy
consumption prediction, a powertrain choice-assistance system
for car buyers, and a solution to estimate the macroscopic energy
consumption of aggregated vehicles in a traffic flow.

Index Terms— Driving behavior reproduction, energy con-
sumption evaluation, hybrid systems, probability-weighted ARX.

I. INTRODUCTION

THE modeling and reproduction of driving behavior
have been studied since the 50’s from various

viewpoints [1]–[3]. These studies were used for numerous
applications such as modeling of traffic flows, optimization
of road infrastructures, prediction of traffic jams, creation of
advanced personalized driver assistance systems, and for the
design of automated driving vehicles.

Analysis and evaluation of mobility solutions’ energy con-
sumption is one of the key issues to realize environment-
aware transportations. Numerous studies have been dedicated
to energy consumption analysis of road and rail vehicles, at
microscopic and macroscopic scales, in order to reduce energy
losses [5]–[16]. The optimization theory have been applied
by many researchers and developers to establish the control
method to realize vehicle motion controls which minimizes
the energy consumption of single or networked vehicles.

Although these works could successfully estimate the
energy consumption in each application domain, the accuracy
of road vehicles energy optimization was limited due to the
lack of precise information on the driving characteristics of
each driver. In order to improve the modeling and estimation
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accuracy of the energy consumption, driving characteristics of
each individual driver must be explicitly represented.

From these considerations, this paper develops a novel
energy consumption estimation method, explicitly based on
personalized driver-vehicle dynamics in vehicle-following
task.

Numerous models have been developed to reproduce the
driver-vehicle personalized behavior in a vehicle-following
task. Some behavior models and most of traffic car-following
models are based on system-oriented methods [1]–[4],
[17]–[20]. These methods are robust, and model parameters
are comprehensive. However, mathematical structure of these
models tend to be complicated. To improve the modeling
accuracy, another broadly studied approach is machine learn-
ing. With machine learning techniques, the human is usually
regarded as a controller. Typical driving behavior models for
this context are linear or non-linear controller model [21], [22],
hybrid dynamical models [24]–[26], stochastic models [23],
neural networks or hidden Markov chains [27]–[29]. In this
paper, the integrated driver-vehicle system is considered as a
single entity, and its reaction to the leading vehicle is modeled
by using the probability weighted autoregressive exogenous
model, PrARX model [31]. PrARX model is one of the hybrid
dynamical (multi-mode) models. This model enables us to
reproduce human behavior by probabilistically overlapping
multiple ARX models. The PrARX model has a comprehen-
sive set of parameters which represent not only motion control
aspects but also mode switching in the driving behavior.
PrARX model has better precision than a simple ARX model
without the drawback of output discontinuity inherent to other
piecewise ARX models. Moreover the PrARX model benefits
from a method to identify the parameters online.

This paper proposes a novel approach to driver behavior
personalized vehicle energy consumption estimation. A new
framework and closed-loop implementation of the PrARX
model is proposed. The hybrid model inputs selection is
detailed, and the simulation energy consumption results are
compared with driving simulator and real-world data.

The paper is organized as follows: In section II, the devel-
oped energy consumption evaluation structure is explained.
In section III, the implementation of the PrARX model to
represent the driver-vehicle dynamics is described in detail.
Modeling method, inputs, output, and the identification process
are explained. Section IV introduces the experimental setups
to collect the driving data. Section V describes the energy
consumption evaluation method in detail, and in section VI,
results of the energy consumption evaluations are discussed
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Fig. 1. Driver personalized vehicle energy consumption evaluation frame-
work. Comparison of the estimation of the energy consumption of a vehicle
based on a recorded vehicle velocity profile and a simulated vehicle velocity
profile.

for various situations. Section VII is dedicated to application
proposals.

II. PERSONALIZED ENERGY CONSUMPTION EVALUATION

Energy consumption (EC) optimization is a major topic in
vehicle development. In order to correctly dimension compo-
nents and to optimize control systems, realistic driving of a
virtual vehicle in a variety of environments is a key feature.
Figure 1 depicts the overall architecture of the proposed
energy consumption evaluation system. The proposed system
explicitly includes the driver-vehicle model which has two
main inputs: a specific set of parameters depending on the
driver, and a velocity pattern of the leading vehicle. Definition
of the driver-vehicle model is described in section III-B. The
ego-vehicle velocity profile is calculated as the output of the
driver-vehicle model. Finally, the vehicle energy consumption
is estimated by using a detailed car model (in this work, IPG
Carmaker is used).

As shown in Figure 1, the driver-vehicle model is validated
by comparing experimental energy consumption to simu-
lated driver-vehicle energy consumption. Thus, the proposed
framework enables us to evaluate the energy consumption
of different drivers, depending on the choice of the leading
vehicle velocity pattern and depending on a vehicle powertrain.

Obviously, careful selection of the driver-vehicle model is
a central issue in this framework. The driver-model should
be simple enough to be used in optimization procedures, and
precise enough to realize accurate reproduction of the driver-
vehicle behavior. Model selection, definition and implementa-
tion are detailed in the following section.

III. DEFINITION OF DRIVER-VEHICLE MODEL

The personalized driver-vehicle model is developed in this
paper based on the probability weighted autoregressive exoge-
nous (PrARX) model [31]. PrARX model is a modified ver-
sion of piecewise autoregressive exogenous (PWARX) model,
which is one of the well-known identification models of hybrid
dynamical systems. The main difference between these two
ARX models is the definition of mode switching mechanism.
Although the PWARX model has discrete (discontinuous)
mode switching, the PrARX model has soft (continuous) mode
switching defined by a probabilistic softmax function. The soft
switching mechanism avoids to have discontinuity in the

model output during mode transition. The PrARX model
also allows adaptive parameter estimation, which implies the
possibility of the progressive revision of the model parameters
depending on the change of the driving characteristics and/or
the driving environment. Although the PrARX model has some
advantages described above, it has some drawbacks, such as
difficulty in initial parameters setting, and instability observed
when the model is embedded in the closed loop analysis. This
study focuses on the analysis of a single following vehicle.
Vehicle platooning modeling would require more in-depth
analysis of information propagation on the modeled string.
The following sections describe the detail of the definition of
the model and the identification procedure, which is updated
from the one in [27] to embed the PrARX model in the energy
consumption system.

A. Definition of PrARX Model

This section briefly reviews the PrARX model. The PrARX
model is a hybrid model composed of several ARX sub-
models, named modes. The output is defined by weighted
summation of the output of each ARX model. The weighting
function expresses the probability of the region to be in each
mode. Thus the PrARX model is defined by the set of ARX
model parameters, and by the weighting function parameters.
PrARX model are formally defined by:

yk = f Pr AR X (rk) =
s∑

i=1

Piθ
T
i ϕk (1)

where rk ∈ R
n defines the regressor vector (input vector)

with k ∈ N the time index, ϕk = [r T
k 1]T ∈ R

n+1, yk ∈ R
q ,

θT
i ∈ R

q∗(n+1)(i = 1, . . . , s) is the parameter vectors defining
the i th ARX modes, s defines the number of modes, and
Pi ∈ R

q is the weighting function expressing the probability of
the q outputs. Pi is defined by the following softmax function:

Pi = exp(ηT
i ϕk)∑s

j=1 exp(ηT
j ϕk)

ηs = 0 (2)

where ηi (i = 1, . . . , s −1) is the parameter vectors specifying
the probabilistic (soft) partition between modes.

B. PrARX Model for Vehicle-Following Task

The goal of this study is to reproduce personalized vehicle
behavior in vehicle-following task. The PrARX model is used
to model the integrated behavior of the driver and vehicle
dynamics. The measured data of leading vehicle and the
model output are used to create the regressor vector (see
Figure 2). The PrARX model is used to predict the outputs
of the integrated behavior at k + τ based on the current
input at time k. A delay τ is applied to the model input to
represent the drivers’ cognitive reaction time (300ms [1], [4]).
Then, the output of each ARX model and the mode prob-
abilities (weighting parameters) are calculated by using the
PrARX model. The PrARX model with input-delay is
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Fig. 2. Driver-vehicle model, expressed as the feed-back implementation of
a PrARX model with input-delay. Relation between inputs and outputs.

given by:

ik = finputs (sk, yk)

rk = ik−τ

yk = fPr AR X (rk) (3)

where ik is the regressor vector without delay, finputs (·, ·) is
the function to calculate the PrARX model inputs without
delay based on the sensor information sk and on the model
output yk . rk is the regressor vector for the PrARX model,
and yk represents the input-delay PrARX model output.

Definition of the driver-vehicle model is given as follows:

ik = finputs (sk, yk) with

finputs (sk, yk) =

⎧
⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎩

Accelerationk

Rangek

RangeRatek
1

H Tk + 1

=

⎧
⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎩

yk

sk

ṡk ∑k
t=0 yt

sk + ∑k
t=0 yt

rk = ik−τ

yk = fPr AR X (rk)

H Tk = Rangek

V eloci tyk
= sk∑k

t=0 yt
(4)

where H T refers to the headway time.
The choice of variables in (4) is discussed in III-C.

C. Parameter Identification

Parameter identification of the PrARX model is based on
a steepest descent method [31]. The cost function is defined
by the Euclid norm of the output error in the identification
scheme in [31]. Although both parameters in the ARX model
and the softmax function can be identified simultaneously
by a single algorithm, this identification scheme is a non-
convex optimization problem. In order to increase the level
of reliability and accuracy of the identified of the PrARX
model, a two-stage identification process is newly developed
in this work. In the first stage, a classification technique is

applied to the data, and PrARX hyperplans parameters are
identified. The set of data is separated into subsets depending
on the preferable mode separation, and the mode separation
parameters η are identified with a multinomial logistic regres-
sion method. In the second stage, the parameters of the ARX
models θ are identified using a steepest descend method. The
advantage of using classification over clustering in the case
of applying a multi-mode model to analyze realistic driving
data lies in the nature of the observed data. If constancy
in the physical understanding of the modes parameter is
desired, data clusters must have high margin hyperplanes
separation, enabling similar data clusters formation for every
identification. Unfortunately, the available data does not show
clear separation pattern. Thus, in this work, subjective prior-
knowledge about the data classification is assumed, based
on the vehicle acceleration, to describe the following driving
situations: acceleration, deceleration, and constant speed.

1) Choice of Regressor Vector: Reproduction of the driving
behavior depends not only on the structure of the model, but
also on the selection of explanatory variables of the model.
The regressor vector must have strong relation with the output
of the ARX models. In addition, the regressor vector must be
able to distinguish the driving modes, i.e., to represent the
partition between modes.

In this work, the output of the model is set to be the
longitudinal acceleration of the vehicle because our goal
is the evaluation of the energy consumption. Generally, it
seems natural to select the range between leading vehicle,
and range-rate as elements of regressor vector in the case of
vehicle following task. In addition, some indices have also
been considered as variable, which express the feeling of the
driver [1] (KDB [32], PRE (Perceptual Risk Estimate) [33]).
These indices are commonly used to trigger emergency sys-
tems (e.g. emergency braking), however, it is difficult to use
them for behavior reproduction. In this work, we tried to
find the explanatory variables that can be linked as simply
as possible to the output of the system (vehicle acceleration).
To understand the necessary input variables for ARX models,
multivariable linear regression statistical test was performed
in each mode based on real world recorded data. According
to the values of the standard error of the coefficient estimate
and on the p-values, it was observed that the past acceleration
and range-rate were the two most significant variables to
estimate the current acceleration value. The range-rate is a
fundamental variable to calculate the output acceleration of the
vehicle (consistent p-value lower than 10−8). This result is also
reported in the Gazis-Herman-Rothery (GHR) model [3]. The
past acceleration is obviously linked to the current acceleration
due to the low dynamics of the car (lower than 0.5Hz), and the
fact that the model is running at 10Hz. Headway time (time
to collision) also has shown strong importance. The range was
not directly linked to the model output, but is used in the mode
determination process. Note that the magnitude of the linkage
between some variables and output highly depends on driver
and on the driving mode.

Thus, the selected inputs are the acceleration of the driven
vehicle [m/s2], distance between the driver and leading
vehicles (“range” [m]), relative velocity between the vehicles
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Fig. 3. 3 modes PrARX input-delay model output depending on the selected
learning regressor vector. The label “Recorded” represents the reference
recorded vehicle following profile. Definition of the labels is in Table 1.

TABLE I

REGRESSOR VECTORS DEFINITION FOR FIGURE 3

(“range-rate” [m/s]), and an adjusted inverse of the headway
time ((velocity+1)/range) [1/s] [34], [35]. The inverse of the
headway time was adjusted to provide information even when
the vehicle is stopped. Headway time provides an improved
stability to the output model response as stated later. The
identified parameters of the corresponding variable can be
interpreted to represent the driving characteristics of each
driver. For example, aggressive drivers tend to base their
judgement on the range and the range-rate, while soft drivers
rely mostly on the headway time.

To provide more information about the effectiveness of
the selected input parameters, Figure 3 shows the verification
results of the driver-vehicle model with input delay in the cases
of different regressor vector choice. The regressor vectors
definition are in TABLE I:

2) Data Classification for Mode Definition: Classification is
used to determine the modes of the PrARX model. According
to the distribution of the recorded driving data and to the
energy estimation error of the resulting model, we decided
to classify the data into three clusters based on the vehicle
acceleration. The defined mode definition is shown in Table II.
This segmentation implies to differentiate low-band dynam-
ical driving mode and high-band dynamical driving modes.
High-band dynamical driving modes are representative of the
acceleration and deceleration phases. To avoid sudden mode
changes and take advantage of the smooth mode switching of
the PrARX model, overlapping between the simple clusters is
considered on a 0.1 m/s2 range of the acceleration data.

Figure 14 shows the velocity and acceleration profile of the
output of simulation using the 3-modes PrARX model with
input-delay, which is identified from real-world data. It can

TABLE II

LEARNING DATA CLUSTERS DEFINITION

Fig. 4. Acceleration error of the input-delay model output on the left, and
velocity error on the right, depending on the type of regressor vector. The
error is the Euclid norm of the difference between the reference data and the
identified 3 modes PrARX input-delay model output.

be observed that the behavior reproduction is successfully
made, and it is expected to play a key role for precise energy
consumption evaluation. The “Mode probability” graph in
Figure 14 illustrates the instantaneous mode probability which
is used as a weighting factor for the calculation of PrARX
model output.

Without range or range-rate, the driver-vehicle behavior
becomes unstable particularly in high-band dynamics domain.
The headway time helps to stabilize the behavior. To get more
information about the precision of the reproduced vehicle
dynamics, Figure 4 shows the error in terms of reproduced
accelerations and reproduced velocities, that is Euclid norm
of the difference between the recorded vehicle data and the
output of the simulation using driver-vehicle model. According
to the error bar graphs, we can see that the selected regressor
vector (i.e., RegV) provides the best acceleration and velocity
reproduction performance among the considered set. Since
the selected regressor vector does not depend on the absolute
velocity of the vehicle, different driver models can be identi-
fied depending on various velocity spans, congestion states or
road types.

3) Learning Data Decimation: The data used for this study
has been recorded from a driving simulator and from real
world experiments. Due to the amount of data (30 minutes
at 10Hz) and the distribution of the data, a simple technique
has been developed to remove possible redundant data, and
thus to reduce the computational burden for the identification
of the model parameters while realizing more homogeneous
data repartition.

The process consists in placing the regressor data into cells
based on acceleration. Width of the cells in constant, thus only
the number of elements in the cells vary. Then the data of each
cell is independently decimated based on two factors: a global
maximal decimation factor, and the average number of data in
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Fig. 5. Influence of the selected decimation factor on the proportion of
learning data in the classification modes. Number of data vectors in each
cluster is specified.

Fig. 6. Influence of the selected maximal decimation factor on the model
parameters identification duration.

the decimated cell.
Figures 5 and 6 illustrate the increase of the data repartition

homogeneity thanks to the dynamical data decimation, and the
reduction of computation time of this technique. As observed
in Figure 6, the calculation time decreases according to the
increase of the decimation factor. A minimum amount of data
in each identified mode is set as a threshold to select the
appropriate decimation factor during the PrARX parameters
identification process. The only drawback of this method is
the fact that outliers in high dynamical bands have low chance
to be removed and thus become significantly important in the
identification process. Careful prior learning data processing
is required.

4) Overall Flowchart of Identification Process: Overall
flowchart of the identification process is depicted in Figure 7.
Two types of data sets are used during the identification
process. The first one is for the parameter identification,
and the other one is for the model verification (simulation).
The first data set contains as much information as possible.
This data set is manually preprocessed to remove noise and
outliers. Then data is decimated to reduce the computation
burden of the identification process, while ensuring to have
enough data in each cluster. The identification step takes about
3 minutes on a personal computer (CPU i7 870, RAM 8Gb).
The second data set (velocity profile of leading vehicle) is used
to run the simulation using PrARX model with input-delay.
The velocity profile of the leading vehicle used for verification
can be any velocity profile, as long as the underlying dynamics
are coherent with the first data set.

Fig. 7. Flowchart of the PrARX input-delay model identification process.

Fig. 8. View from the examinee in the DS.

IV. EXPERIMENTAL SETUP FOR DATA COLLECTION

In order to get data from different driving styles in various
situations, two types of experimental setups were used for
data collection. At first, data was collected by using a driving
simulator, which enabled us to control all the environmental
parameters. Then a real world experiment was executed to get
realistic driver-vehicle dynamics.

A. Data Collection by Using Driving Simulator

In order to exactly control the velocity pattern of the leading
vehicle, i.e., to realize a broad variety of driving situations,
data collection was executed by using a driving simulator (DS)
shown in Figure 8. The DS is composed of a real vehicle
interior and HMI devices, and the visualized image is projected
on three wide screens. This configuration provides 180 degree
vision and good driver immersion.

The created environments are: a typical residential area
from real-world map, and a 4-lane oval-loop highway.
Different velocity profiles of leading vehicle have been imple-
mented to reproduce the different driving situations.
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Fig. 9. Velocity patterns of the leading vehicles used in the DS experiments.

Fig. 10. View from the driver of the leading vehicle. The velocity profile
display system is squared and zoomed on the right. Current velocity, future
velocity and desired velocity plots are displayed.

Four non-professional examinees executed the following
task with different levels of aggressiveness. The leading vehi-
cle ran according to three different velocity patterns designed
in-house to represent typical driving scenarios (See Figure 9):

- 30 to 70 km/h pattern: representing city use.
- 80 to 110 km/h pattern: representing extra-urban/Japan

highways.
- 100 to 150 km/h pattern: representing European

highways.

B. Data Collection From Real-World Driving

In order to get more realistic driver-vehicle dynamics,
experiments were executed in real-world. Three different
examinees drove on a highway following a leading vehicle.
Each driver repeated the experiment twice. The leading vehicle
was equipped with a GPS based reference velocity profile
display system which showed a predefined velocity pattern on

Fig. 11. Reference velocity profile of the leading vehicle used for real world
experiment.

Fig. 12. Engine mapping of the 130hp petrol powertrain (IPG Carmaker).
The blue line represents the torque at full load, and colored dots the specific
fuel consumption.

a smartphone (see Figure 10). The ego-vehicle was equipped
with a CAN bus acquisition tool, and a millimeter-wave radar.
The CAN bus acquisition tool was used to record the GPS
position, and the velocity and acceleration at the wheel of the
vehicle. The millimeter-wave radar was used to get precise
information on the distance to the leading vehicle, and to
calculate the relative velocity.

A velocity profile reference shown in Figure 11 was created.
This velocity profile included a wide range of accelerations
and decelerations in order to include all the possible
driving situations. Emergency braking was not performed
in this experiment since the model was not designed
for such a situation. Low velocity under 5 m/s were
excluded from the identification data since the driving behav-
ior changes significantly in traffic jams and in creeping
situations.

V. ENERGY CONSUMPTION EVALUATION

The energy consumption of the vehicle is estimated by
inputting a vehicle velocity pattern, which is calculated by
using the driver-vehicle model, to the car dynamics simulation
software Carmaker (IPG Automotive), as shown in Figure 1.
Carmaker is known to be able to calculate the fuel consump-
tion with high accuracy based on the different car losses,
including the engine efficiency mapping of the vehicle. This
software is industry standard, and it is used by the biggest
manufacturers to model car dynamics and powertrains.

The fuel consumption volume flow ˙vol f is calculated by

˙vol f = ṁF
(
ωEng , T rq Eng

) ∗ ∣∣PEng
∣∣

ζF ∗ 3.6 ∗ 109 (5)

where ṁF (ωEng , T rq Eng) is the specific mass flow extracted
from the engine mapping (see Figure 12), ωEng the engine



1474 IEEE TRANSACTIONS ON INTELLIGENT TRANSPORTATION SYSTEMS, VOL. 18, NO. 6, JUNE 2017

TABLE III

DS EXPERIMENT FUEL CONSUMPTION VALUES [l/100 km]

TABLE IV

DS EXPERIMENT FUEL CONSUMPTION ESTIMATION ERROR [%]

frequency of rotation, and T rq Eng the torque load at the crank
shaft. ζF is the petrol density (0.75 kg/L), and PEng is the
engine output power. Eq.5 is provided by IPG Carmaker.

The speed profile tracking function of Carmaker can realize
very precise reproduction of any velocity pattern. The sim-
ulated environment is a flat straight line, and the selected
powertrain are 250hp and 130hp petrol engines for the DS and
real-world driving, respectively. The average velocity differ-
ence between the evaluated pattern and the reproduced pattern
is 0.3km/h and the median absolute deviation is 0.1km/h.

Using the energy consumption evaluation scheme shown in
Figure 1, the fuel consumption of the different vehicles can
be assessed and compared, considering the variety of driving
characteristics.

VI. RESULTS AND ANALYSIS

In this section, results of fuel consumption analysis are
shown and discussed.

Fuel consumption modeling error is calculated by compar-
ing the fuel consumption estimated from the driver-vehicle
model, and the fuel consumption estimated from the reference
velocity profile used to train the driver-vehicle model. The
formula is detailed in equation (6).

errorFC[%] = FCestimate − FCreference

FCreference
∗ 100 (6)

Here, FC stands for fuel consumption.

A. Results Using Data From DS

Tables III and IV show the fuel consumption estimation
values and their estimation errors, respectively.

The estimation error of the fuel consumption varies from
−10.7% to −1.6%, with an average error of −4.6% and an
absolute standard deviation of 3.4%. The energy consumption
value is underestimated due to the low-pass characteristics of

Fig. 13. Velocity of the driver-vehicle model output. DS European highway
profile with aggressive following. In black the leading vehicle, in blue the
recorded ego vehicle, in orange the driver-vehicle model simulated ego
vehicle. The oscillatory behavior of the aggressive driver during constant
velocity phases is squared in grey.

TABLE V

REAL WORLD EXPERIMENT FUEL CONSUMPTION EVALUATION

ARX models. The lack of acceleration feeling of vehicle in
the DS makes the driver act quite aggressively, and examinees
struggled to follow the leading car with creating acceleration
oscillations in usual low dynamical band. Figure 13 shows
these oscillations squared in black. This behavior cannot be
correctly modeled by the PrARX input-delay model, due to
the absence of direct path between the input and the output.

B. Results Using Data From Real-World Driving

Table V shows the fuel consumption evaluation values
for three drivers on real-world measurement. “Lead vehicle”
represents the fuel-consumption of the leading car. Due to
the impossibility to exactly realize the desired leading vehicle
velocity profile (shown in Figure 11), leading vehicle energy
consumption is calculated for each driver-vehicle model using
realized velocity profile. “Follow recorded” represents the fuel
consumption of the vehicle used for driver-vehicle model
identification, and “PrARX input-delay” represents the fuel
consumption of the simulated driver-vehicle model.

In Table V, we can observe good results in energy consump-
tion estimation. The average estimation error is −1.9%, and
the absolute standard deviation 1.5%. The energy estimation
error is much lower in real-world environment than in the
driving simulator experiment.

Figure 14 illustrates the driver-vehicle model dynamics
reproduction ability based on real-world recorded data. The
low estimation error of energy consumption in real-world
experiment is due to the fact that examinees seem to drive
the vehicle with lower frequency dynamics in real world, so
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Fig. 14. Velocity, acceleration, and modes probability weight of an identified 3 modes PrARX input-delay model. “Rec. leading vehicle” represents the
recorded leading vehicle used for simulation, “Rec. following vehicle” represents a section of the recorded ego vehicle of the learning phase, “Feed-forward
model” is the output of the PrARX model when using pre-calculated learning data regressor vector, without feedback loop, “Input-delay model” is the output
of the drivervehicle model by using “Rec. leading vehicle” for the lead vehicle.

that the recorded and reproduced signals are no more limited
by the low pass behavior of the PrARX input-delay model.
Moreover the observed correlation between the leading vehicle
and ego-vehicle is much better than in the driving simulator.

VII. APPLICATION EXAMPLES

It could be observed in the previous sections that the PrARX
input-delay model is able to provide ego-vehicle dynamics
with enough precision to evaluate first order energy consump-
tion of the vehicle. The computation cost of the PrARX input-
delay model being very low, online use in a vehicle is possible.
Although the parameter identification process requires high
computational cost, thanks to the increase of V2X commu-
nication in recent years [36], parameter identification can be
done remotely on most cars without any implementation on
the vehicle computer system. Based on this information, two
in-vehicle and one traffic flow model oriented applications are
proposed in this section. The first application can be described
as a customer decision assistance system for the choice of
an appropriate powertrain in buying new vehicle. The second
application aims to help the driver to reduce his fuel or elec-
tricity consumption by challenging his behavior with some-
body else’s. The last application is a method to evaluate energy
consumption of vehicles embedded in a traffic flow model.

A. Customer Decision Assistance for Powertrain Choice

The first application of the developed driver-vehicle model
with energy consumption estimation is based on the ability of
the model to reproduce a user’s behavior on a variety of lead
velocity patterns, as long as driving situation is equivalent.
Each different vehicle powertrain has specific high and low
efficient zones. Depending on the human driving manner,

different types of powertrains will be adapted to different
users. The goal of this application is to help customers to
select an appropriate vehicle powertrain depending on their
individual driving habits.

The typical situation places a customer comparing some
possible new vehicles. The parameters of customer’s vehicle-
following behavior model have already been identified during
daily driving. These parameters can then be applied to classic
homologation cycles or any usual velocity pattern. Knowing
that every manufacturer is able to provide the powertrain
performance map of their vehicles, the customer will be able
to receive a personalized estimation of the energy consumption
of the vehicle depending on his personal behavior.

B. Social Eco-Driving Challenge

The second proposed application of the behavior person-
alized energy consumption estimation model is based on
the ability of the driver-vehicle model to reproduce different
driving behaviors under identical lead velocity pattern. The
idea behind social eco-driving challenge is based on the
concept of social games [34]. The aim of this application is
to get people interested in eco-driving by challenging them to
outperform others. Setting goals to reach their best results in
the form of eco-indicators is the main focus to obtain good
efficiency results [30]. Thus the combination of goal reaching
and the interest of social game could assist the development of
a platform which proposes advice to help drivers to reduced
energy consumption.

The PrARX input-delay model can be used to calculate
the reaction of different drivers online, and thus compare
in real time the energy consumption of virtual drivers.
As an example, comparison of behavior in the cases of
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Fig. 15. A leading vehicle from real-world, followed by two different
PrARX input-delay models. The PrARX input-delay models are representative
of an aggressive and a soft driver. These models have been identified from
distinctive driving measurements.

TABLE VI

COMPARISON OF FC OF D-VMs FOLLOWING DS RECORDED VEHICLE 1

using aggressive driver model and soft driver model is shown
in Figure 15. The estimated energy consumption are simulated
and compared based on two leading vehicle velocity patterns.
The driver-vehicle parameters have been identified from
city-center driving situation in section VI. The selected
leading vehicle velocity patterns are: a DS recorded velocity
profile, and a velocity pattern measured in real-world (R-W)
experiment.

Tables VI and VII show the relative difference of fuel
consumption between the two driver-vehicle models (D-VMs)
with different leading vehicle velocity patterns.

The fuel consumption comparisons in Tables VI and VII
show that the driver models keep their own relative energy
consumption behavior independently on the leading vehicle
velocity profile. The soft D-VM is consistently 17% more
energy efficient than the aggressive D-VM. Therefore, the
PrARX input-delay model is a good candidate to compare
drivers based on a selected driving situation.

C. Estimation of Vehicle Energy Consumption
in Traffic Flow Model

Traffic flow models enable users to analyze wide road
networks dynamical behavior depending on the road topology,
the traffic flow density, the basic vehicle characteristics and
other macroscopic parameters [7], [20], [38], [39]. Neverthe-
less, conventional driver-vehicle models used in traffic flow
simulation cannot provide realistic microscopic behavior due
to the lack of personalized driving characterization.

PrARX input-delay model can be used as an adaptive cruise
control model when implemented with the Virtual Leading
Vehicle (Vlv-ACC) system [40]. Vlv-ACC system is based on
the philosophy of action-point microscopic traffic flow models.
Thus, by embedding the developed driver-vehicle model in
the Vlv-ACC system, an interesting traffic flow model can
be developed. This model can provide more precise and user
personalized driver-vehicle dynamics of certain road sections,
and as the results, energy consumption of particular vehicles
can be assessed in the context of traffic flow.

TABLE VII

COMPARISON OF FC OF D-VMs FOLLOWING R-W RECORDED VEHICLE 2

VIII. CONCLUSION

This paper propose a new method to accurately estimate
energy consumption in vehicle-following task by using a
personalized driver-vehicle behavior model. The driver-vehicle
behavior model is a PrARX model, which is one of the
hybrid dynamical system models, with an input time-delay
integration. In particular, careful selection of the regressor
vector and dynamical input decimation enabled us to realize
robust identification with small computational cost. Then the
vehicle energy consumption was calculated based on the model
output signals. The proposed driver-vehicle model leads to
average fuel consumption estimation error of 1.9% and 1.5%
standard deviation in real-world measurement cases. Based on
this method, possible application domains are: a powertrain
choice assistance system for car buyers, an online energy
consumption evaluation system based on driver models, and a
method to estimate energy consumption of vehicles in a traffic
flow modeling. The realization of these applications and exten-
sion to the different driving situations are our future works.
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