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Towards a Real-Time Automated Eco-driving
Algorithm Based on Human Cognition with

Drivability Constraints
Edwin Solano-Araque, Guillaume Colin, Guy-Michel Cloarec, Abdel-Djalil Ourabah, Yann Chamaillard

Abstract—Driving automation offers a great potential for
reducing environmental impact of road transports. Automated
eco-driving, i.e. adapting vehicle behaviour in order to reduce
energy consumption is a way of achieving it. However, for an
eco-driving algorithm to be implemented in a commercial vehicle
some constraints on drivability, safety and computing power
are to be addressed. In this paper, we propose an accelera-
tion maneuver model allowing to explicitly consider drivability
constraints. The model is based on many empirical studies on
Physiology and Ergonomics and has been verified using real
driving recordings. Then we propose an Automated Eco-driving
algorithm, allowing to minimize driving energy consumption
while meeting drivability and safety constraints. The algorithm
is able to adapt to changes in the driving scenario and its
architecture is compatible with a real-time implementation.

Index Terms—Eco-driving, Real-time Control, Automated
Driving, Connected and Autonomous Vehicles, Optimal Control,
Electric Vehicles.

I. INTRODUCTION

REDUCING the environmental impact of road transport
has become a priority. In this context, Connected and

Autonomous Vehicles (CAV) offer significant potential for
lowering vehicles’ in-use energy consumption and could play
a key role in the transition towards sustainable mobility [1],
[2]. These vehicles are equipped with environmental sensors
that provide valuable information about driving conditions,
which can be used to reduce energy consumption. One way
to achieve this is by adapting vehicle’s dynamic behavior (or
driving style) in order to improve overall efficiency, commonly
referred to as Eco-driving [3], [4], [5]. This also has the
potential to extend the range of Electric Vehicles (EV), a major
concern for this type of vehicles [6], [7], [8].

For Eco-driving algorithms to be widely implemented on
commercial vehicles, several important constraints must be
respected: these must be safe, able to adapt to changes in
the driving scenario and must guarantee comfort which gives
the drivability constraints. The review of the state of the
art [9], summarized at the beginning of the article, provides
clear physiologically justified criteria for enforcing drivability.
These criteria align with empirical observations in the field of
human ergonomics and are presented in a way that simplifies
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their consideration for control algorithms. Based on these
theories of human physiology, drivability constraints can be
defined as limits on maximal and minimal accelerations, on
maximal and minimal jerks (derivative of acceleration) and on
maximal and minimal acceleration durations. To achieve this,
one can draw inspiration from human cognitive mechanisms.
Furthermore, it is also important for Eco-driving algorithms to
be compatible with real-time operation and efficient enough to
run on embedded systems.

In the literature, several solutions have been proposed to
address the problem of eco-driving [10]. Eco-driving can be
written as an Optimal Control Problem (OCP) [4], [11], where
system’s states are speed and position. This complete OCP
problem can be solved by Dynamic Programing (DP) [1].
The main characteristics of DP solution are an off-line global
optimum depending on the mesh, but as expressed in [12],
its computational complexity becomes a limiting factor. To
mitigate computational challenges, a receding-horizon OCP
can be solved using the Model Predictive Control (MPC)
framework as in [13], [14], [15], [16], [17] or with bi-level
optimization [18].

To further reduce computational demands, real-time eco-
driving algorithms have been proposed based on the Pon-
tryagin Minimum Principle as in [19], [20], [21]. Some
drivability constraints could also be incorporated such as [3],
[22], [23], [24]. For example, in [1], an explicit acceleration
limit is considered for an analytical solution of the Eco-
driving OCP for EV’s. A real-time approach to implement
it is presented in [25]. Most of these approaches aim to solve
the eco-driving problem by finding the optimal vehicle speed
trajectory [10]. However, they often overlook human behavior
and driver perception when addressing safety and drivability
constraints, particularly with regard to jerk [26]. Moreover,
an important factor for an industrial implementation of Eco-
driving algorithms is the capacity to adapt to changes in
the driving scenario. This is crucial as input data generally
comes from prediction of future conditions. While few works
consider this aspect, [21], [25] present offer some approaches
to address it.

To tackle these challenges and explicitly take into account
safety and drivability constraints, this paper proposes an ap-
proach that finds the optimal acceleration and jerk by dividing
trips into individual maneuvers. Moreover, the current algo-
rithm proposes a new approach for adapting to changes in the
driving scenario that explicitly takes into account drivability
and safety considerations. Hence, our proposed algorithm will
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have several advantages: respect human ergonomy, mimic
human behavior, consider drivability and safety constraints by
design, minimize energy consumption, be real-time capable
and ease the tuning.

Hence, the main contributions of this paper can be summa-
rized as follows:
• the generation of the drivability constraints based on

physiology and driving ergonomics state of the art,
• a human cognition friendly maneuver model validated on

real driving experiments,
• an off-line optimisation to determine energy optimal

maneuvers set points,
• a real time capable Eco-driving algorithm based on trape-

zoidal maneuvers that adapts to changes in the driving
conditions,

• a comparison of the proposed algorithm to a classical
state of the art result (Intelligent Driving Model, IDM
[27]) and to real maneuvers.

Note that the present work is the subject of patents [28], [29].
This paper is then organized as follows. Section II de-

scribes how a human could be mathematically modeled from
ergonomy literature and empirical observations. A complete
elementary maneuver model that respect human ergonomy
is then deduced and validated on real driving data. From
that, in section III, an energy management algorithm which
applies optimal driving maneuvers is proposed. Afterwards in
section IV, results from testing and tuning this algorithm on a
simulation of an EV are discussed and compared to the IDM
and real driving. Finally, section V includes some conclusions
and perspectives for future work.

II. ERGONOMICS MODELING OF A DRIVING MANEUVER

Drivability is a major issue in designing CAV. For an
Automated Driving System (ADS) to be adopted by the user,
it not only needs to take into account safety and energy
consumption performances; vehicle behavior should fit well
with what a driver would expect and appreciate.

In order to better understand what makes a vehicle behavior
to be pleasant (or to be unpleasant) one should consider
the way the human body perceives movement. Therefore, in
this section we will present some results on Physiology and
Driving Ergonomics, that will be the basis for proposing an
ergonomic model of a driving maneuver. For a more detailed
presentation of this review and of our own conclusions and
hypothesis, the reader is invited to consult [9].

A. General Vestibular Function Principle

In addition to visual and acoustic cues, the human body is
capable of perceiving its movement by means of what is called
the Vestibular Function (VF) [30]. The VF allows an individual
to perceive his own movement as well as the gravitational
field acting on him. It is mainly (yet not uniquely) related to
the Vestibular System (VS), located in the internal ear [31],
[32], [33]. The VS consists of two main subsystems [34]:
the Semicircular Canals (horizontal, posterior and anterior),
related to rotational movement and orientation perception, and

the Otholitic Organs (OO) (utricle and saccule), related to
linear movements.

OO play a main role in drivability perception as they are
related with translational movement. This is especially true
for the utricle, the organ responsible for movement perception
in the horizontal plane [34], [35], [36], [37], [38]. Each OO
is made up of an patch of sensory and support cells called
macula, covered with a gelatinous membrane, the otolithic
membrane, which contains on its top calcium carbonate crys-
tals, known as otoliths or otoconial crystals. Embedded in
the otolithic membrane are clusters of hairs coming from the
Vestibular sensory cells in the macula’s support layer, the
Neuro-epithelial Layer. There are two kinds of cell hairs: a
unique hair at the extreme of the cell, the kinocilium, and all
the other hairs, called Stereocilia. This is represented by Fig.
1.
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Fig. 1. Otolithic Organs anatomy (based on [34], [35], [36], [39], [37], [38])

When the head moves linearly, the inertia of the otoliths
make them resists to the movement, bending the gelatinous
layer and the hairs within. It generates a polarisation or
depolarisation in the hair cells that will be communicated to
the brain [34], [40].

One implication of this mechanism is that constant speed
movement is not perceived by the VS as its response depends
on inertial effects. Another implication is that, when the head
is bowed, gravitational effects will act on the VS and generate
a response affecting translationnal movement perception. Ap-
plied to driving, this means that speed variation will have a
main impact on drivability perception and road slope will
affect the sensitivity of the driver to the vehicle behavior.
This is schematized in Fig. 2 for a longitudinal dynamics with
slope.

Curthoys et al. propose the existence of two kinds of VS,
associated with two different zones of each vestibular organ:
the Sustained Vestibular System (SVS) and the Transient
Vestibular System (TVS) [42]. The former is responsible
of perceiving steady vestibular stimuli, as constant and low
frequency accelerations and head tilt. The latter is in charge
of sensing transient stimuli, high frequency accelerations and
jerk (acceleration’s derivative). Therefore, a driver is sensible
to both acceleration and jerk, respectively related to steady
and transient vehicle speed variations.

As it has been pointed out, the utricle is the OO responsible
for movement perception on the horizontal plane. As lateral
and longitudinal translations are sensed by the same organ,
it comes that lateral behavior of a vehicle will affect the
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Fig. 2. General Vestibular movement perception in a longitudinal vehicle
(based on [34], [41]). Seat inclination and head tilt are not represented here.

drivability perception of the longitudinal behavior. It means
that drivability constraints will depend on the road curvature.

By looking at the way the sensory cells are distributed
on the utricle, one can conclude that, depending on whether
the individual undergoes an acceleration or a deceleration,
different cells will be inhibited and activated [35], [38], [43],
[44]. It might result in a difference in the way a driver
perceives vehicle acceleration and deceleration.

Finally, in vivo studies in mammals tests show that the
neural response to constant acceleration and jerk stimuli vary
depending on the duration of the input [45], [46]. This means
that there might be an influence of the topology of the
vehicle acceleration profile and the drivers comfort. Hence,
in order to rightly evaluate comfort, evaluating acceleration
and jerk instantaneous values is not enough; one should also
consider the duration and sequence of steady and transient
acceleration phases.

B. Empiric Observations in Ergonomics Studies

So far, we have considered the physiological mechanisms
influencing driving comfort perception, particularly looking at
results from animal in vivo and in vitro experiments. We will
now consider studies on humans, either using ad hoc vehicles
or platforms or driving experience on simulation or on the
road. For sake of conciseness, We will limit our presentation
to some main results with direct implications for drivability.

In [47] (as cited by [48]), different acceleration profiles
were applied on a panel of passengers standing on a small car
moving on a smooth track. The drivability criterion considered
was the ”loss of balance” associated to the passenger either
grabbing a handrail or moving either foot. Subjects experi-
enced a greater difficulty to keep balance when acceleration
varied very quickly than when it increased linearly with a
constant jerk. Also, higher jerk values led to a higher loss of
balance than lower jerk values.

In [49] passengers on a modified trolley were subjected to
symmetric trapezoidal acceleration profiles and their capacity
to maintain stability was studied. It was found that comfort
does not depend only on acceleration values but also in jerk
levels. It was also shown that stronger jerk levels can be
accepted provided that the acceleration at the top the trapezium
is kept low.

Both studies suggest that jerk levels and overall topology
of the acceleration profile have a great influence on
drivability.

Muller et al studied the minimum variation in jerk and
acceleration values than a driver can perceive [50], called
just noticeable difference. They applied stimuli to participants
in a modified vehicle. For considered acceleration variations,
constant jerk was applied; for studying jerk effect on drivers,
the same end acceleration was used. The tests showed that
there is a threshold of variation of acceleration and jerk
that the driver cannot perceive. It may be useful for the
design of ADS. The just noticeable differences determined
were 0.1[m/s2] for acceleration and 1[m/s3] for jerk.

In a study conducted on real vehicles in urban/rural and
highway environments, Bellem et al looked for objective
metrics allowing to differentiate between three driving styles
[51]. A remarkable contribution of theirs is considering driv-
ability through a maneuver-based analysis. They showed
that some maneuver-specific metrics such as acceleration,
jerk, quickness (the inverse of the maneuver duration)
and headway distance (in seconds) allow to differentiate
between driving styles. Hence, these features are likely to
have a strong influence on drivability. The difference between
the metrics relevant for urban and highway settings highlights
that driving context plays an important role on driving
comfort perception. Also, in this research, maneuvers are
represented as sequences of basic actions. We will exploit
this idea when proposing a maneuver model.

Ikonen et al performed a study on experienced drivers
in a simulation platform [52]. The goal was to investigate
relationships between jerk, acceleration and time headway
in a controlled environment. They found strong correlations
between jerk and acceleration values and also an inverse
relation between time headway and jerk values. These results
indicate that time headway has an important influence on
driver behavior and on his perception of comfort. An ADS
should therefore guarantee to maintain an acceptable distance
with the preceeding vehicle.

In Bellem et al a moving-base simulation platform is used
to study drivers preference on acceleration and jerk in lane
changes, acceleration and deceleration scenarios [53]. For
the acceleration and deceleration scenarios, different types of
acceleration profiles were considered, showing a difference in
drivers comfort perception. In particular, symmetrical accel-
eration profiles seem to improve drivability assessement.
This shows that maneuver topology plays an important role
on driving comfort.

C. Mathematical Formalization of a Driving Maneuver Model
Starting from the results presented below, we will now pro-

pose a vehicle dynamics model taking into account ergonomic
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considerations. As we have seen, drivability seems to be better
assessed when considered on a maneuver basis. Therefore, we
will propose an acceleration maneuver model.

First, we need to define a maneuver: A driving maneuver
is the vehicle trajectory allowing it to pass from a ”quasi-
steady” state, from the driver’s perspective, to another ”quasi-
steady” state. A quasi-steady state is the situation where the
driver gets a minimal (relative) vestibular stimulus and where
he has no action to perform other than keeping the vehicle
controls in the current position. This corresponds to driving
on a straight line while keeping a roughly constant speed.
Some examples of maneuvers covered by this definition are:
acceleration after a speed limit change, turning, line-changing,
deceleration behind a preceding vehicle, maintaining speed
during a strong slope variation, etc. However, the scope of
this work will be longitudinal maneuvers.

The modeling principle we propose consists in representing
a maneuver as an acceleration profile constituted by a sequence
of transient (Fig. 3b) and steady acceleration phases (Fig.
3a). This coheres with the physiological response of a human
driver: during transient phases the TVS will be active, as
the SVS will be so during steady acceleration phases. Here,
we will only consider elementary maneuvers, i.e., those in
which the acceleration level only gets close to 0 [m/s2] at
the beginning and the end of the profile; more complex or
compound maneuvers can be produced by the concatenation
of elementary maneuvers, but it is out of the scope of this
paper.

 

a b

Fig. 3. Model of Steady and Transient phases of an acceleration maneuver.
a) Steady phases, b) Transient phases.

1) Steady-acceleration phases: correspond to the time in-
tervals within a maneuver where the acceleration is subjected
to weak fluctuations. In these phases, acceleration has the
most influence in comfort due the SVS behavior. Acceleration
during steady phases as is supposed almost constant, i.e. inside
an acceptable range, corresponding to the just noticeable ac-
celeration difference for a driver, and defined by the tolerance
values δa− and δa+ as shown in Fig. 3a. Likewise, jerk should
be kept within the driver’s perception threshold, defined by
δjs− and δjs+. In order to guarantee driving comfort, the steady-
phase acceleration should not exceed a drivability threshold
âs.

2) Transient-acceleration phases: In these phases, jerk has
the greatest influence on driving comfort due to the TVS. We
will consider here that jerk remains at a roughly constant
level, J tr, during transient phases, as shown in Fig. 3b.
Drivability requires jerk to be kept below a threshold Ĵ tr.
Acceleration should also remain under a certain limit, âtr,
but these condition will usually be covered by the drivability
constraint of steady phases. As in the case steady phases, jerk
should not exceed a tolerance range defined by δjtr− and δjtr+ .

TVS response seems to be dependent on stimulus duration,
as shown by empirical test at Renault S.A.S. and in [54], [46].
Therefore, we should introduce a constraint in the transient
phase duration, τph ≤ τ̂ tr, where τ̂ tr is the maximal duration
for the jerk limit J tr. J tr = f (τ̂ tr) can be identified on
empirical driving data [9].

 

Phase 3Phase 1 Phase 2

=

Fig. 4. Complete acceleration maneuver model.

3) Complete elementary maneuver model: By combining,
transient and steady phases, it is possible to propose dif-
ferent maneuver topologies, e.g. the trapezoidal acceleration
maneuver, Fig. 4. At the beginning, the vehicle moves at
constant (possibly 0 [m/s]) speed, then during Phase 1 vehicle
acceleration increases (or decreases) at a constant rate J trph1;
next, in Phase 2 acceleration is kept constant at as for some
time until one gets close to the desired speed; then, Phase 3
starts and acceleration decreases at a constant jerk J trph3 until
reaching the final speed. From now on, vehicle speed will
remain constant until the next maneuver.

Real driving recording have been performed in an instru-
mented car riding between Guyancourt and Versailles (France).
The total recording duration was 3470s and it was made during
two different days. By using these recordings, we were able to
check that the trapezoidal topology represents well the vehicle
behaviour in some driving scenarios. This is shown in Fig. 5,
were trapezoidal profiles were identified from the recordings.
The value denoted as pr is the Pearson coefficient which was
used to assess the quality of the identification [55]. One can
see that the model fits well the data. The signal treatment
applied to the recorded signal is presented in [56].
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Fig. 5. Validation of the trapezoidal acceleration model of maneuvers with
real driving data.

As we will see in the next section, the proposed model
can be used for the design of longitudinal dynamics control
function. Its use for guaranteeing drivability while controlling
some of the vehicle’s actuators can be done [29].

III. ALGORITHM FOR APPLYING OPTIMAL LONGITUDINAL
DRIVING MANEUVERS

In this section we will focus on how to exploit our anal-
ysis and modeling of driving ergonomics for the design of
efficient ADS. For this, we propose an algorithm architecture
inspired by some features of human cognition related to skill
acquisition and problem-solving, compatible with real-time
implementation. The proposed algorithm is the subject of the
patent [28].

A. Algorithm’s Architecture

The algorithm we propose is inspired by principles of
human cognition associated with skill learning and problem-
solving, as presented in chapter 9 of [57]. It is composed of
4 interacting subsystems (Fig. 6):
• Constraints generation allows to define constraints,

based on information from the vehicle’s internal and
environmental sensors, safety and drivability, compatible
with the driving context.

• Energy optimization solves the optimization problem
and allows to find the optimal maneuver for the current
driving scenario, taking into account safety and drivability
constraints.

• Kinematics Control of the Vehicle manages the timing
of the different maneuver phases, based on the optimal
driving maneuver, while adapting the acceleration profil
to changes in the driving scenario. It produces an instan-
taneous acceleration setpoint.

• Actuators Setpoint Definition generates a torque (or
force) setpoint for the powertrain, allowing to reach the
desired acceleration value.

We will present below how the formulation and working
principle of the last three subsystems, as well as some simula-
tion results. The safety and drivability constraints are supposed
to be known; we have used some values based on the analysis
of empirical data as the one shown in Fig. 5. The considered
scenario was taken from a real driving situation, recorded
at the route D91 leading to Versailles, France; the scenario
consists in the instrumented vehicle slowing down before a
truck in a three-way road with slightly dense traffic conditions.

B. Off-line Energy Optimization of Driving Maneuvers

1) Optimization Problem Formulation: As shown in section
II, a trapezoidal acceleration profile (Fig. 4) will allow to
produce a right vehicle behaviour that the driver will found
familiar enough. The acceleration profile is given by (1),
where aph1 (t) = a0 + J1 t, aph2 (t) = aex, aph3 (t) =

J3

[
aex−a0
J1

+ τ2 + aex
J3

]
−J3 t, τ1 = aex−a0

J1
and τ3 = aex

J3
. An

acceleration maneuver will therefore be defined by the value
of the parameter vector θ = [aex, J1, J3, τ2]

T .

Aveh (θ, t) =

 aph1 (θ, t) , 0 ≤ t < τ1
aph2 (θ, t) , τ1 ≤ t < τ1 + τ2
aph3 (θ, t) , τ1 + τ2 ≤ t ≤ τ1 + τ2 + τ3

(1)

The optimal trapezoidal maneuver from time 0 to tf , that
respects all the safety and drivability constraints, can be found
off-line by solving the optimization problem (2) in order to
find the high-level parameters θ of this driving maneuver.

minimize
θ ∈ Rr

Emnv (θ) =

∫ tf (θ)

0

Pbat (θ, t) dt (2a)

subject to V hf = Vveh (tf ) = V h0 +
aex

2 − a02

2 J1
+ aexτ2 +

aex
2

2 J3
(2b)

∆X̌mnv ≤ ∆Xf (θ) ≤ ∆X̂mnv (2c)
τ̌mnv ≤ tf (θ) ≤ τ̂mnv (2d)
τ1 (θ) , τ2 (θ) , τ3 (θ) ≥ 0 (2e)
ǎmnv ≤ aex ≤ âmnv (2f)
qJmnv ≤ J1 ≤ Ĵmnv (2g)
qJmnv ≤ J3 ≤ Ĵmnv (2h)

The instantaneous power consumption Pbat (θ, t), as a
function of time t and of the maneuver parameters θ, can
be found by applying the acceleration profile defined in (1) to
a vehicle consumption model. The numerical and analytical
consumption models Pbat (θ, t) could be found in [5], [9].

The equality constraint (2b) imposes that the host vehicle
(or ego-vehicle), whose initial speed is V h0 , should attain the
desired speed V hf at the end of the maneuver. It is a safety
condition. In the case of speed limit changes, V hf will be
equal to the next allowed maximal speed; in the case of a
deceleration maneuver allowing to reach the vehicle ahead,
we will have V hf = V tf , where V tf will be a prediction of the
target vehicle speed at the end of the maneuver.

Equation (2c) requires the gap ∆Xf between the host
vehicle and its target at the end of the maneuver to be
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Fig. 6. Optimal maneuver algorithm structure. Each stage is associated with human cognition features, as presented in [57]

contained within a certain acceptable corridor as in [16],
defined by the high and low limits, ∆X̌mnv and ∆X̂mnv ,
respectively. The target may be a static one (e.g., a stop sign),
or a moving one (e.g., the preceding vehicle), and ∆Xf (θ)
definition should be adapted accordingly. When the target is
another vehicle, ending too close to it may affect the safety
of the host vehicle’s driver and passengers; on the contrary,
if the host vehicle ends too far from its target, other vehicles
may overtake it and it may be bothering for the driver. In this
case, ∆Xf can be deduced directly from (1):

∆Xf = ∆X0 + ∆V0

[
τ2 +

(
1

J1
+

1

J3

)
aex

]
− aex

2

(
τ2 +

aex
J3

)2

− aex
3

6

(
1

J1
2 −

1

J3
2

)
− aex

2

2 J1

(
τ2 +

aex
J3

) (3)

Box constraint (2d) for final time tf is used to prevent
the maneuver from being too quick τ̌mnv (on longitudinal
quickness, see [51]) or from taking too long τ̂mnv . This
conditions are aimed to enforce drivability. Also, causality
constraints (2e) impose each of the trapezoidal maneuver
phases duration to be non-negative.

Finally, constraints (2f)-(2h) allow to guarantee that vehi-
cle’s behaviour will respect drivability requirements. Box con-
straint (2f) is associated with driver’s SVS as it is associated to
vehicles acceleration aex during trapezium steady phase, i.e.
between minimal ǎmnv and maximal âmnv accelerations. Box
constraints (2g) and (2h) are related to the driver’s TVS and
impose jerk during transient phases to have acceptable levels,
i.e. between minimal qJmnv and maximal Ĵmnv jerks.

For our study, the different constraint parameters are based
either on empirical data analysis or on Renault S.A.S. expertise
[9].

2) Optimisation Problem Solving: To solve the off-line
optimisation problem (2), a brute-force algorithm is used.
Some feasibility constraints should be checked. Firstly, the
domain defined by (2f)-(2h) was discretized. Then, for each
combination of aex, J1 and J3, τ2 is deduced from (2b),
and if τ2 < 0 then the maneuver is considered as non-
feasible. Next, position constraint (2c) and time constraint
(2d) were checked. The maneuver was considered only if it
complied with all of these constraints. Finally, the optimal
maneuver was determined by finding the parameters a?ex, J?1
and J?3 minimizing energy consumption among the feasible
maneuvers.

To fairly compare the different maneuvers, a correction
term should be applied to the cost function. Indeed, different
trapezoidal profiles will led to different travelled distances.

Hence, we can define a reference distance that should be
reached whatever the acceleration profile is. A steady speed
phase is then added at the end of each trapezoidal acceleration
profile so that that reference travelled distance is reached. The
corrected consumption will be the sum of the energy expended
during the maneuver and the one expended during the steady
phase.

3) Optimisation Problem Results: Fig. 7 presents the cor-
rected energy consumption as a function of the maneuver
parameters and the optimal point (represented by a star).
Two cases have been solved. First, an Asymmetric Maneuver
Optimization Problem is considered, where the jerk at the
beginning J1 and at the end J3 are independent (Fig. 7a).

Fig. 7. Optimization results on the studied scenario. a) Asymmetric maneuver
optimization problem; b) Symmetric maneuver optimization problem. Energy
consumption is presented in normalized units.

The second case is Symmetric Maneuver Optimization Prob-
lem where the trapezoidal profile is symmetrical: J1 = J3 =
Js. The rational for studying this special case is that, as
shown in [53], drivers seem to prefer symmetrical acceleration
profiles and also as it allows to reduce the complexity of
the optimization problem and of the Kinematic Control of
the vehicle. The results of the optimization problem for the
considered scenario are presented in Fig. 7b.

C. On-line Kinematic Control of Driving Maneuvers

A trapezoidal acceleration maneuver is constituted by four
phases, as shown in Fig. 8a. They are the same whether we
consider an acceleration or a deceleration scenario. We have:

• Phase 0: State of the vehicle previous to the start of the
maneuver. During this phase acceleration is zero and the
vehicle keeps a steady speed.
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• Phase 1: initial transient of the maneuver. The accelera-
tion increases at a (relatively) constant jerk until a certain
acceleration is reached.

• Phase 2: during this phase acceleration is kept close to
a constant value.

• Phase 3: final transient of the maneuver. Acceleration
is decreased at a (relatively) constant jerk until reaching
0. At the end of this phase, the vehicle will start a new
Phase 0 and maintain at steady speed.

It is possible to generate such a profile by means of a
state-machine, as shown at Fig. 8b. Each state corresponds
to a phase of the trapezoidal maneuver, and the behavior of
the acceleration can be easily represented by linear recursive
equations. The behavior of the state machine can be described
as: at Phase 0 acceleration is zero until the flag bmnv became
true, indicating the beginning of Phase 1; during this phase,
vehicle acceleration will linearly increase at each iteration
until reaching a value close enough to aex; then, Phase 2 will
start and acceleration will be equal to aex until the condition
associated to flag bph2 is activated; at this moment, Phase
3 begins, and acceleration will linearly decrease at each time
step. Once Aveh gets close enough to zero, the maneuver ends
and a new Phase 0 could begin.

In order to adapt to changes in the driving scenario, at each
phase our algorithm allows to change certain parameters of the
trapezoidal profile. Evolution in the driving scenario will affect
many kinematic parameters, such as the desired final speed,
V fh [k] and the initial headway, ∆X0[k] = X0

t − X0
h. Also,

the natural progress in the maneuver execution will affect the
current relative speed ∆V 0[k] = V 0

t − V 0
h and the current

acceleration a0[k]. Index k allows us to consider the ”initial
values” (i.e. the current values) of the algorithm at iteration k.
The desired variation in host vehicle speed, ∆V h = V fh −V 0

h ,
and the desired headway at the end of the maneuver, ∆Xf , will
be considered as the ”Maneuver goals”, as they will influence
drivers assessment on whether a maneuver responded well to
a given driving scenario.

At each iteration on Phase 1, jerk value J1 will be kept
constant. However, at this stage, it is still possible to change
the other maneuver parameters (aex, τ2 and J3) without
the driver realizing it. Our approach consists in modifying
these parameters during this phase in order to adapt vehicle’s
maneuver behavior to changes in the scenario. This is done
by combining constraints 2b (on final speed) and 2c (on final
relative position) while fixing jerk values to the results of the
optimal problem: J1 = J?1 and J3 = J?3 . From (2b), we obtain:

τ2 = α1 [k]
1

aex
+ α2 aex (4)

where α1 [k] =

[
∆V h [k]− (a0 [k])

2

2 J?1

]
and α2 = −1

2

(
J?1 + J?3
J?1 J

?
3

)
.

aex can be updated by finding the zeros of (5):

f (aex) = δ0 + δ1 aex + δ2 aex
2 + δ4 aex

4 (5)

where:

δ0 [k] =
[

∆V h [k] +
(a0 [k])

2

2J?1

](
∆V0 [k]− ∆V h [k]

2
+

(a0 [k])
2

4J?1

)
(6)

δ1 [k] = ∆X0 [k]−∆X?
f −

a0 [k]

J?1

[(
∆V0 [k] +

(a0 [k])
2

2J?1

)
− (a0 [k])

2

6J?1

]
(7)

δ2 [k] = 1

2

(
1

J?1
+

1

J?3

)[
∆V0 [k] +

(a0 [k])
2

2J?1

]
− 1

2J?3

[
∆V h [k] +

(a0 [k])
2

2J?1

]
(8)

δ4 = (J?1 )
2 − (J?3 )

2

24 (J?1 )
2

(J?3 )
2 (9)

For the case of a symmetric maneuver δ4 = 0 so that aex [k]
is given by:

aex [k] =
−δ1 [k]±

√
(δ1 [k])

2 − 4 δ2 [k] δ0 [k]

2 δ2 [k]
(10)

Phase 1 ends when the condition |Aspveh [k] |≥ |aex [k] | is
met. At that moment, Phase 2 begins and acceleration is kept
constant to the value of aex when the phase shift took place
(Aspveh [k] = aex). This phase will continue until the condition
(11) is met, which guarantees the final speed to be close
enough to the desired value V hf (within a tolerance defined
by ε3), as shown in Fig. 8d. Then the Phase 3 will start.
A safety condition for monitoring distance to the preceding
vehicle is presented in [9].

bph2 =

[∣∣∣∣∣∆V0 [k]− (aex)
2

2J?3

∣∣∣∣∣ ≤ ε3
]

(11)

Once car acceleration is close enough to 0, (|aveh(t)|≤ ε0),
the current maneuver will be ended and a new Phase 0 could
start.

D. Vehicle Actuators Set-point Generation

Here, we propose a control approach allowing the appli-
cation of the acceleration setpoint defined in the previous
section. It is based on vehicle realistic measurements (or
estimates), previous knowledge of the system and classic
control techniques.

The proposed control strategy, shown in Fig. 9, allows to
generate the torque signal that should be produced by the
powertrain to follow the desired acceleration profile Tem (t).
This signal results from the combination of a feed-forward (or
open-loop) term, T olem (t), and a closed-loop term, T clem (t). The
value of T olem can be calculated through a backward model of
vehicle dynamics. In the present study, T clem corresponds to a
simple integral term with a Anti-Reset Windup (ARW), but
more complex control strategies could be considered.

Simulation results of the control strategy are presented in
the following section.

IV. RESULTS OF THE PROPOSED ECO DRIVING
ALGORITHM

A. Simulation results

Fig. 10 presents the results of applying the proposed eco-
driving algorithm, under the hypothesis of perfect knowledge
of the required physical quantities. The torque dynamics of the
powertrain was modeled as a second-order linear system, as
shown in [9]. The results are quite satisfying: the setpoint is
rightly followed while keeping the jerk under an acceptable
threshold. The transient behavior after t = 8s comes from
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Fig. 8. Working principle of the Kinematics Control of the Vehicle. a) Maneuver phases, b) State machine algorithm’s representation, c) Determination of
the 1st phase duration, d) determination of the 2nd phase duration.
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Fig. 9. Actuators setpoint generation: control structure compatible with
drivability requirements.

an adaptive cruise control-like algorithm, that was activated
during phase 0 at the end of the maneuver.

Fig. 10d shows actuator torque set-point, T acem, as well as
the effective value applied to the vehicle, T effem . We notice that
the main contribution to the torque value comes largely from
the open-loop term, T olem; nonetheless, the contribution of the
closed-loop term seems to enhance the transient phases of the
maneuver. Jerk threshold is slightly exceeded, but it should
not affect drivability given its short duration.

B. Comparison with Intelligent Driver Model (IDM)

The algorithm is compared to the well known Intelligent
Driver Model (IDM) [27], representing a realistic driving with
these equations:

˙V h(t) = amax

(
1−

(
V h(t)

vdesired

)δ
−
(

∆X∗

∆X(t)

)2
)

(12)

with

∆X∗ = ∆X0 + V h(t)T +
V h(t)∆V (t)

2
√
amaxbmax

(13)

 

Fig. 10. Signals from the complete eco-maneuver algorithm. a) Vehicle speed;
b) Acceleration; c) Jerk; d) Electric machine torque (all signals have been
normalized so that the maximum value equals 1).

where V h and ∆X are respectively host speed and distance,
∆V the velocity difference to the leading vehicle and vdesired
the desired velocity. The parameters of the IDM are: δ often
chosen to 4, maximal acceleration amax and braking bmax
chosen first to 0.73 and 1.67 as in [27] and then to 0.3 as in
the proposed algorithm, jam distance ∆X0 chosen to 2m and
safe time headway T . T was reduced to 1s to ensure a more
precise behavior. Fig. 11 shows the results of this IDM on a
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deceleration maneuver compared to the proposed algorithm.
It can be noticed that the IDM jerk violates the acceptable
limits (±1m/s3) and the speed error is greater than 1kmph.
The proposed algorithm ensure a comfortable behavior with a
more precise vehicle speed.
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Fig. 11. Comparison of the proposed algorithm to the IDM. a) Vehicle speed;
b) Acceleration; c) Jerk

C. Comparison with real driving

In Fig. 12, the performance of the proposed eco-driving
algorithm is compared with an actual vehicle maneuver in a
real driving situation (based on the driving recording above
mentioned). Fig. 12a-12c show the kinematic signals resulting
from the algorithm, as well as the signals from the actual
maneuver in the real driving scenario, and the theoretical sig-
nals from the Maneuver Optimization and Kinematic Control
stages. We verify that the final acceleration value is pretty
close to the profile proposed by the Kinematic Control stage.

By comparing the operating points of the powertrain for
the actual and the optimized maneuvers (Fig. 12d), we find
that, during the non-optimal maneuver the system is constantly
operating in areas of less efficiency, when compared to the
optimal maneuver. In addition, in the non-optimal maneuver,
the vehicle initially reaches a lower speed than desired, so
the driver must accelerate and then decelerate again before
reaching the target speed. So the eco-driving algorithm has
reduced energy consumption by improving the system’s op-
erating points as well as avoiding compensatory accelerations
and deceleration. For the studied scenario, energy consumption
reduction due to the application of an optimal eco-maneuver
amounts to 42.80%. Other scenarii were tested to assess the
algorithm performances with effect of some delay on the
acceleration signal [9].

V. CONCLUSIONS AND DISCUSSION

The work just presented is twofold. First, an approach for
modeling drivability is proposed, based on the state of the art
in ergonomics and various research on the vestibular system
operation. Some main guidelines and hypotheses that can be
applied for the design of ADS were presented. A driving
maneuver model that allows to explicitly consider drivability
constraints is proposed and verified based on real-driving data.
This model is well-suited for the design of control algorithms.

Then, based on that model, we have proposed the functional
architecture of an algorithm for optimizing driving maneuvers,
to minimize energy consumption while taking into account
safety and drivability constraints. The algorithm is capable of
adapting to changes in the driving scenario and is compatible
with real-time implementation.

The simulation results are very encouraging. And, even if
the energy gain will be probably less in a real implementation
of the algorithm, these results show the interest of designing
ADS for the optimization of vehicle dynamics at the scale of
a driving maneuver. Further studies and development of this
type of system should continue, with testing and refinement
in diverse environments and on different vehicles. Potential
improvements to the proposed algorithm include: real-time
high-level optimization of maneuver parameters (e.g., using
learning-based methods or simplifying the cost function),
examining the impact of jerk duration on drivability, complexi-
fying the seat model, assessing the effects of low temperatures
and slope on eco-driving performance, developing cooperative
human-friendly eco-driving, and implementing the algorithm
in vehicles, among others.
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increasing the electric vehicle range,” Procedia engineering, vol. 192,
pp. 621–625, 2017.

[8] L. Thibault, G. De Nunzio, and A. Sciarretta, “A unified approach
for electric vehicles range maximization via eco-routing, eco-driving,
and energy consumption prediction,” IEEE Transactions on Intelligent
Vehicles, vol. 3, no. 4, pp. 463–475, 2018.

[9] E. Solano-Araque, “De l’ergonomie automobile à l’optimisation de
la conduite automatisée. application à l’écoconduite de véhicules
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