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Abstract

In the last decades the automotive sector has seen a technological revolution, due mainly to the more restrictive
regulation, the newly introduced technologies and, as last, to the poor resources of fossil fuels remaining on
Earth.

Promising solutionin@hi cl esd® propul sion are represented by a
example fuekells and pure electric vehicles. The automotive transition to new and green vehicles is passing
through the development of hybrid vehicles, that usualinbine positive aspects of each technology. In this
scenario, Hybrid Electric Vehicles are the most established solution, mainly for the benefits gainable in
including electric machines émard a standard combustion powertrain. Electrical auxiliary pawnieican,

for example, recover energy during braking phases and support the engine in higldgroaeding driving
conditions.

To fully exploit the powerful of hybrid vehicles,
of freedom in thesmartest way possible, otherwise hybridization would be worthless. To thighagm,
dissertation is focusesh the development of energy management strategies and predictive control functions.
Such algorithms have the goal of increasing the powertrairalbedficiency and contextually increasing the

driver safety.

Such control algorithms have been applied t@sde-split Plugin Hybrid Electric Vehicle with a complex
architecture that allowsiore than oneriving modes, including the pure electric oriEhe different energy
management strategigwestigatecaremainly threethe vehicle baseline heuristic controllierthe following
mentioned as rulbased controllera suboptimal controller that can include also predictive functionalities
referredto as Equivalent Consumption Minimization Strategynd a vehicle global optimum control
technique calledDynamic Programmingalsoincludingthe highvoltage battery thermal management.

During this projectdifferent modelling approaches have baeplied to the powertrajiincluding Hardware
in-the-loop, anddiversepowertrain higHevel controllers have been develoedl implementedncreasing

at each step their complexitit. has been proven the potential of using sophisticated powertrairolcontr
techniques, and that the gainable benefits ingefrfuel economy are largely influenced by the chose energy
management strateggven considering the powerful vehicle investigaidoreover, it has also been assessed
the potential of including predige driving information within the powertrain control, showing interesting
results both for the vehicle overall efficiency and pollutant emisgioyduction reduction.
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|. Introduction

In recent years the automotive market has seen dramatic changes in the homologation regulations, both
for pollutants emissions and for fuelbonsumption, i.e. carbon dioxide production. To face these
restrictive legislations academic researchers and automotive manufacturers have proposed different
solutions, in terms of powertrain architectures, vehicle control and driver assistance systems.
Concerning the propulsion, innovative developments have regarded both the engine and the overall
vehiclesystem At the engine level different solutions can be cited: the engine ¢azing and down
speeding, variable valve timing and lifting, water injenti@CCI combustions. At vehicle level, instead,

the most promising solution is the powertrain hybridizafbectrification

Regarding general vehicle control, promising applications of predictive control have been implemented
by means of oiboard and wieless vehicle connectivity for future driving conditions estimation.

To even improve the driversd safety and the c¢comf
added to standangehicles

In this scenario, this dissertation aims to investightepotential benefitsomingfrom the combination

of different approaches, among the aforementioned ones, with the final goal of reducing the vehicle
overall energy consumption or, equivalently, to increasdahkto-wheelglobal efficiency.

In the fird chapter it is presented a short but necessary overview of the thesis topic, to point out which
are the fundamental characteristics of hybrid electric vehicles, with a focus on their control and their
possible connection to the environmanimpact

Then, the following section deals with the description of the powertrain taken into account for the
research activities, showing its characteristics, the diverse approaches used to naodetihée vehicle
simulation environment.

In the third chapter are detad all the controllers, both predictive and causal ¢poedictive),
implemented as energy management strategies for the vehicle under study. This section can be considered
the main core of this dissertation and collects all the main results obtained diiis threeyearslong
research.

To further underline the potential benefits achieved in simulation and the stability of the implemented
controllers, the fourth section shewhe causal controllers testiragd validation phases a hardware
in-the-loop environment.

The main contribution of this thesis relies on the implementation of-kvelivn energy management
strategies for hybrid vehicle for a complex powertrain architecture with many degrees of freedom in
providing propulsion, together with some irnvative approaches to the powertrain control optimization.



lI. Overview

1 Hybridization

As hybrid powertrain it is usually intended a vehicle architecture that includes at least one additional
energy source and one or more auxiliary energy converters, that contribute directly or indirectly to the
vehicle propulsion and support the conventioiméernal Combustion &gine (ICE) operation [13].

According to the nature of the auxiliary energy source, the hybridization can be:

- Hydraulic [4], where the auxiliary energy storage system is a hydraulic accumulator and the
energy converter is a hydraulmotor/pump. Usually this solution is suitable for healuty
application, because of the weights and sizes of the additional components.

- Pneumatic [5], in which the engine is used both as a thermal machine in standard conditions and
as pneumatic machiria idle or low load conditions.

- Kinetic [6], that foresees the usage of a higfeed flywheel both to accumulate and provide the
recovered energy.

- Electric [7], including a battery or supeapacitors for the energy storage and electric
motor/generator asnergy converter.

Considering the powertrain flexibility and the benefits achievable by adopting this solution, the electric
one has become the most widespread hybridization [8].

1.1 Electric Hybridization

Hybrid electric vehicles (HEVS) usually include ansentional internal combustion engine and one or
more electric machines. The energy stored on board is: chemical, flowing from the fuel tank to the
engine; electrochemical flowing from the battery to the electric machines and vice versa.

The major advantge in developing HEVs consists in combining the characteristics ofedangric and
conventionalCE-based vehicles, allowing to reduce the fuel consumption. The main benefits related to
HEVs are:

- the possibility to recover energy during braking phasesesd of using mechanical braki®
dissipate it as heat;

- the avoidance of idling phases for the engine, switchiogfitvhen it is not needed and restarting
it using the electric machine. This functionality is commonly known as Stop/Start.;

- a better mamgement of the power required to the engine, using the electric machine for low
demanding conditions (in terms of speed and loads) or performing tbeasb | ed @l oad
shiftod, which consists in augment i nigcreasbigs t or c
specific efficiency, and use a part of such power to recharge the battery;

- eventually, downsize the engine and using the electric machine as booster.

1.1.1 Powertrain configuration

According to the size of the electric energy storage system aniel®achines, different hybridization
level can be defined [2]:

- Micro Hybrid, in which theelectric machine is an integrated starter genelatuly Stop/Start and
recuperatiorcapabilities)

- Mild Hybrid, where the small size of the electdomponents allows limited manoeuvres in pure
electric mode



- Full Hybrid, which includes powerful motors and large battery sizes; in this caselgetac mode
is admissible.

- Plugin Hybrid, the powertrain architecture is similar to falbrid, butthe kattery can be externally
rechargedand is typically larger

- Rangeextenderelectric vehicles, for which the electric propulsion is the main contidouto the
propulsion and the engine is the auxiliary energy converter.

For HEVs three powertraiarchitectirescan be defined considering thaitructure series, parallel and
powersplit [8].

In Series HEVS, the engine can be considered as the auxiliary power unit, since it is not directly coupled
to the wheels, but it only provides torque to an electric gene. For this kind of vehicles, the electric
energy is always the primary mover. The energy flow principle of Series HEV is depicted in the following
Fig.1.1, where ICE is the internal combustion engine, MG1 and MG2 are two electric motor/generator,
BAT is the battery and the output is the mechanical power that reaches the wheels.

BAT —4—’—|—+
MG1 MG2
foelyf o |—1 | >
output
chemical

Figure 1.1. Series HEV energy ibw ( [8])

ParalletHEV, instead can have diverse configurations according to the position of the electric machine,
while the engine is always mechanically coupled to the wheels through the transmission chain. In this
category, all the aforementioned hidization levels can be reacheBor Paralllel HEVs the energy
flowing in the vehicle can be schematized aBim1.2.
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Figure 1.2. Parallel HEV energy flow ([8])

Powetrsplit architecture, instead, foresees the possibility of managing the powertrain both in series and
parallel configurations. To do so, it is needed a particular transmission technoddlgy, planetargear,

also mentioned as powsplit device. Despite the high flexibility of such powertrains, the complexity of
the vehicle control increases due to the highest number of degrees of freedom, as underlined3vy Fig.
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Figure 1.3. Powersplit HEV energy flow ([8])

In Fig.1.4 are summarized all the possible driving modes, hybridization levels and powertrain
configurations that characterize HEVs [8].

) Degree of Hybridization )
Start/ Stos
Recuperation |
Boost |
Electric Drive |
Drive Modes External Charging :
Micro-Hybrid  Mild-Hybrid ~ Full-Hybrid Plug-in-Hybrid
Parallel Hybrid
Power-split Hybrid
Serial Hybrid
Topologies Range Extender
Conventional Vehicle Hybrid Electric Vehicle Battery Electric Vehicle

Figure 1.4. Overview of HEV characteristics ([8])

1.2 HEVsO6 powertrain control

The control architecture of a HEV is usually referred to as hierarchical, since it usually includes one control
unit for each main component, i.e. the engihe, electric motor, the battery and the transmission, plus a
supervisory controller, usually mentioned as Hybrid Control Unit (HCU) or Vehicle Control Unit (VCU). As
clarified by Figl.5, t he HCU r ecei ves i n i ngthetowdrlével coatrollersier 6 s 1
order to satisfy such request according to the powertrain actual conditions. Within the supervisory controller

it is implemented the Energy Management Strategy (EMS), which is the control algorithm that defines the

torque distribution betwen the energy sources available in the powertrain.
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Figure 1.5. HEV's powertrain control architecture

More in detail, the HCU has to collect and respect all the constraints, both from components physical
imit ati ons and from the actual driving conditions,
to the i mplemented EMS. This |l atter has a | arge i
degrees of freedom gained with the hgimation can be managed in order to improve the vehicle global
efficiency.
The complexity of the implemented EMS depends mainly on the powertrain configuration and, most important,
its development approach. There are, in fact, different ways to defiri&iBefor a HEV and they can be
categorized according to their usage of optimal control theory. In this sense, it can be made the following
distinction [1]:

- Heuristic controller, no usage of optimal control theory;

- Suboptimal controller, local optimizatioaf the energy management;

- Optimal controller, based on optimal control theory.

1.2.1 Heuiristic Control

Heuristic controllers are commonly not optimizatisased, but rather they include a series of rules that define
powertrain management. According to #etual values of meaningful vehicle parameter, i.e. the battery state

of charge and temperature, the vehicle speed and the torque requested at thé wheeEMS derives the
control actions to be performed and genextiite targets for the componenintmllers, for example the torque

to be provided by each of the machines included in the vehicle.

The rules are commonly defined according to the developer experience, powertrain architecture and limitations
and, in general, with the idea of maximizing #&fficiency of each component.

Generally speaking, this category of EMS is fast, robust and highlyimeacapable, therefore it is even the

most widespread solution among car manufacturers. However, on the other hand, a large calibration effort is
nealed to tune the thresholds of the ry&4.0] and, since no optimal control theory is used in such controllers,
their performances are usually quite far from optimality.

Interesting works in literatufd 1-13] have used optimization techniques to dettieerules to be implemented

in the heuristic controller, somehow aiming to replicatdioe the optimal control policy.



1.2.2 Sub-optimal Control

To this EMS category belong all the controllers that make use of the optimal control theory defining and
solving the problem instant by instant. Therefore, in the end, the global solution will be a sequence of local
opti mum sol ut i on seetheddba dptimim E4.n 6t guar ant
The following control policiebelong b this category:

- Equivalent Consumption Minimization Strategy (ECMS);

- Model Predictive Control (MPC);

Equivalent Consumption Minimization Strategy

ECMS-based controller derives from tRentryagin's Minimum Principle (PMP), which is an analytic method

for the minimization/maximization of a given cdanction [15]. Within the sumptimal controller, this
control strategy is the mostell-known and investigated among researchers on HE®}s At the basis of
ECMS there is the assumption that it is possible
power consumption in virtual fuel consumption. Then, the sum of the actual fuel consumption of the engine
plus the virtualconsumption related to the battery usage becomes thduoatibn to be instantaneously
minimized. Many works in literature have proven the capability of such EMS in terms of fuel economy, in
most cases not so far from the optimal solution [1,16]. Then paiential of such controller relies on the
relatively simple implementation and reduced calibration effort, even if its performances are hugely influenced
by the definition of equivalence factor, as demonstrai¢he following chapters of this disserta.

Model Predictive Control

The MPC loop is a receding horizon optimization algorithm that makes use of system predicted information.
To implement it as energy management strategy of a HEV, the algorithm foresees the followings steps. Inside
the loop tiere is a simplified vehicle model fed with historidaling data, and it is used to predict the velocity
profile over the finite prediction horizon. Once the vehicle speed and acceleration have been estimated, the
optimal control sequence for the timédrval of the horizon can be calculated. The first element of the optimal
control sequence is applied to the powertrain control, then the MPCgéstarthe beginning, updating the
driving historical data according to the actual feedback from the paiveft 7-18].

Following the scheme iRig.1.6, at each step time Kk, the referestate ¢ is given to the controllethen he
optimization algorithm calculates tlogtimal control actiorsequenceauk+n for the predictionhorizon The

first control action wis used to feed the planthich is the powertrain in HEVs cased thegpowertrainmodel

inside the loopThe first model output yis compared to the plant output ¥he error is used to update the
model The second output of the model is used as state input for the next iteration y*

Figure 1.6. MPC loop



1.2.3 Optimal Control

Thinking at HEVs as complex dynamic systethat evolve over a driving mission, it is possible to define an
optimal control problem in order to minimize a giveostfunction, for example the fuel consumption.

Generally speaking, feerform a global optimization on a given driving mission, all the problem variables that
are independent from the powertrain operation must be known a priori. Such particular characteristic make
optimizatiorrbased controllers suitable only for difie implementation, but on the other hahdyguarantee

the global optimal control, being useful for benchmarking other controllers.

As optimal EMSs can be mentioned:

- Pontryaginbébs Minimum Principle (PMP);
- Convex Optimization (CVX);
- Dynamic Programming (DP);

Pontryaginds Minimum Principle

TheP o nt r yMingrnium Rrisciple is a theorem that aisrto solve a global optimal control problem by
redefining it using differential equations that represent instantaneous conditions and local minimization. To
keep the glbal intent of the minimization, boundary conditions are imposed both for the starting and ending
times, indeed it cannot be considered as a dynamic evolving system control problem [14].

The problem formulation only provides necessary conditions for ogitynaadd, even they are not sufficient,

they can be applied to search for candidates to solve the optimal control problem. The candidates that fulfil
al | the | ocal conditions of the probl eaestha,ifen i den
optimal control policy exists, then it is an external control and, considering that usually only one solution is
admissible for the optimization problem, if there is only one extremal solution, then clearly it is the optimal
control policy, while if thee are more than one solution, the optimal one is the one that gives as results the
lowest global cost.

The main drawback of this approach is related to the analytic formulation of the problem, which means the
equations included in the optimal control pehl have to be derived from a simplified system model. As a
consequence, if the simplification makes the model too poor in accuracy, the system representation is not
effective, and the optimal control policy found becomesaqutimal for the real system.

Convex Optimization

In the last few years CVX approach has raised attention in the development of EMS for hybrid vehicles mainly
for its computational efficiency. This optimization technique is based on the assumption that the energy
management problem cae formulated in a convex form. The key points for defining a CVX problem are
[19]:

- exclude from the optimization decisions regarding discrete or integer control variables, i.e. the engine

on/off status and the gegatio;

- discretize the problem in time dain;

- model the powertrain components in a convex way [20];
The substantial advantage of this optimization algorithm, if compared to other techniques, relies on the
fact the computation effort needed to solve the problem is independent from the numtsteof states
included in the optimization. Author ¢21] have also proposed to use CVX for the parametric optimization
of HEVs components sizing.



Dynamic Programming

Dynamic Programming algorithm diaoptenality[2]. TdslveiaDRe s f o
problem, as for the other optimal control techniques, it is necessary to know in advance the driving condition
for the complete horizon. The numerical solution of the optimal control problem allows to find a global optimal
sdution without any simplification of the model and including its nonlinearities but, given the iterative nature

of the DP, the computational effort increases with the number of variable added to the problem, both as system
state variable or control varieg{23]. When dealing with dynamic programming algorithm as EMS for HEVS,

the problem formulation must include the following variables:

- Disturbances, which are independent from the powertrain operation, for example the vehicle
speed and the road slope ples for the chosen driving mission;

- State Variables, that are the parameters considered as representative for the powertrain status;

- Control Variables, including all the control actions that are the object of the optimal control
problem solution;

- Costfunction, is the mathematical formulation of the powertrain operational cost over the
mission and needs to be minimized to find the global optimal solution.

In the following chapters this optimization technique will be further discussed and implemente



2 Vehicle connectivity and prediction horizon

As already mentioned in the introduction, together with the powertrain hybridization and its control
optimization, interesting steforward have been done in terms of vehaeanectivity [24] tdfurther improve

the vehicle overall efficiency by predicting in advance the future driving conditions and manage consequently
the powertrain operation. The idea behind the usage of external information within the vehicle is to, somehow
Il i mit the driversoé influence on the fuel economy,
lights, roundabouts, and low speed zones. Moreover, if the car is capable of predictive control, data concerning
the surrounding environment dugndamental input for the implemented energy management strategy.

2.1 Vehicle sensors

There are different technologies available in the automotive market to predict the-heate af the vehicle,

each of them with its own characteristics and capabilities. The solutions chosen to set the vehicle
communication and horizon reconstruction elegh on the signals or data the vehicle aims to acquire. In this
sensethe followingonescan be cited:

- Preceding vehicle, in terms of speed and distance;

- Stop events, such as trafiignsor road intersections;

- Weather conditions, important for the spdieditations;

- Obstacles on the route, for awbllision features development.

According to the meaningful information that can be collected, different sensors can be installed on
board, such as:

- Cameras systems (CS);
- Radar systems (RS);
- Lidar systems (LS)

2.1.1Camera System

Cameras are not communication systems, they simpl
scenario. Such fundamental characteristic has led cameras to become an immediate solution for car
manufacturers, together with the mndtty of the sensors itself. In fact, CS are composed by a visual sensor
(camera) plus hardware and software to process the acquired images in order to identify objects nearby the
vehicle. Modern applications of cameras are able to detect not only teaqees other vehicles (cars, trucks,
motorcycles, ecc.), pedestrian and obstacles in general, but also the presence and meaning of traffic signals
[25-27]. Given the working principle of such technology, their potential can be limited by the preseunse of d

or dirt on the camera lens, as well as particular weather conditions, such as fog, rain and snow [28]. The fuel
consumption reduction potential of CS is not widely investigated in literature and they are mainly considered
for safety featureg29].

2.1.2 Radar System

Radars are a weknown solution for object detection in many applications, including automotive. As for CS,

RS donét communicate with other parties but si mpl

vehicle [30]. The working priciple of a radar sensor is quite simple: a radio wave is emitted by the sensor

and, if there is an object in the radar range, the emitted wave would be reflected, reaching back the vehicle.

According to the characteristic of the reflected signal, it isiptesto detect the distance between the vehicle

and the object and the relative velocity. The effectiveness of such sensors highly depends on the range and
9



precision of the object and speed detection. As well as CS, radars are considered a reliatdesand ro
technology and their presence is quite common in modern vehicles. By integrating information from radars
and cameras systems, it is possible to overcome the weak points of the single sok8jn [31

2.1.3 Lidar System

Lidar is the acronyms fdright Detecton and Rangingnd it is a technology for object detection quite similar

to radars, with the only difference that in LS the emitted wave is a laser, instead of a radio wave. Lidars usually
offer a detailed object detection with a higher angular rangée vadars are a more mature and less expensive
solution[33].

Fig. 2.1is a representative example for vehicle sensors installation and application.

Blind
Spot
Detection

Emergency Braking
Adaptive g :
Cruise Control Pedestrian Detection ]
Collision Avoidancg " Rear
Collision

¢ Warning

M Long-Range Radar

I LIDAR

W Camera

M Short-/Medium Range Radar
M Ultrasound

Figure 2.1. Vehicle sensors integration
2.2 Vehiclecommunication

Aiming to predict the future driving conditions, interesting solutions have been proposed in order to exchange
information between the vehicle and external environment. In addition to the vehicle sensing configuration
proposed in the previouparagraph, important steps forward have been made in terms of vehicle
communication capabilitig84].

The most investigated solutions are:

- Vehicleto-Vehicle (V2V) communication;
- Vehicleto-Infrastructure (V21) communication;
- Vehicle-to-Everything (V2X)communication.

2.2.1V2V communication

The Vehicleto-Vehicle module installed ehoard provides information regarding other vehicles in the same
driving environment, such as their actual speed, acceleration/deceleration and position. Moreover, the same

10



communi@tion module is able to provide the same information to the other vehicles, setting uprarsfert
communication between vehicles. It has been shown #3634 fuel economy potential between 5% and 20%
compared to a standard powertrain, eveniftterel si gni fi cant dependency on
The main potential of this solution is related to the possibility of predicting immediate stop evens, thus
increasing the regenerative braking phase, as well as adding information to the standard adgaptoantrol

(ACC), which is based on radars and cameras in actual applications.

2.2.2\V/2] communication

V2l application are strictly related to V2V communication, since they basically use the same technology to
communicate, but the receiver/sender is differémtthis case, in fact, the vehicle communicates with a
centralized data provider system, commonly mentioned as a generic infrastructure. The advantage of this
approach relies on the amount and the type of data the vehicle can collect about the sgreowirdimment,

which can impact on the fuel economy potential. A typical example of V2I communication is the possibility
of knowing in advance the presence and the status of a traffic light, including its future transitions schedule.
Once this informatiolis available, a smart vehicle can manage the powertrain to approach the stop in the best
way possible, in terms of safety and energy efficiency. Another application can be, for example, the prediction
of traffic signals ehead that would lead to an interdesceleration, allowing a more safety approach to such
critical condition [37].

In terms of potential benefits, these technologies are between 10% [38] and 40% [39] of fuel consumption
reduction, considering a conventional vehicle.

2.2.3V2X communication

As V2X technology is intended, in general, a communication between the vehicle and a general entity in the
driving scenario, such as: pedestrian (V2P), roadside communication systems (V2R), cloud services for
mobility (V2C). All these possilel applications of vehicle communication are usually considered more for road
safety and smart mobility concepts, than for vehicle energetic efficiency.

An example of vehicle communication systems integration is shown RZEig.

Remote Cloud Control
and Management Center

Satellite
Cllular or Optical (o | ) Positioning System
Communication _, [ ] \
.

(¢ \ \ ‘~

R :>,\|\.) \:

Cellular Base Station ‘-‘\ A / \\ \-
7
I

\

Visible V4
Light Roadside Unit
Communication WAVE/EEE 802.11p /'

4 I Cellular V21

]E- ((-A)-) '. |munioation ((_A)_ }

Figure 2.2. Vehicle communication technologies
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2.3 Prediction Horizon

The prediction horizon, also mentioned as electronic horizon (eHrioa reconstruction of the vehicle
future driving conditions based on the combination of vehicle sensors, vehicle connectivity anthpoad
information [40].Its importance varies according to the application, starting from a fuel economy and safety
improvement in conventional and hybrid vehicles that have predictive control features and reaching a
fundamental presence in autonomous vehicles development.

Fewmain potential applications of predictive horizon can be [41]:

- Driving safety and comfort enhancement;

- Fuel consumption and CO2 emission consumption;
- Adaptive cruise control;

- Autonomous driving;

- Curve warning and traffic signs recognition;

An example of her eHorizon information can be provided to the driver is showkigr2.3 [42],

Figure 2.3. eHorizon information example

There are several works in literature where authors have proven the potential of predictive future driving
conditions in order to improve the powertrain efficiency[43]. Zheng et al. have assessed in [44] the importance
of the knowledge of road ieiin in the energy management strategy of a HEV. In [45], instead, it has been
proven the potential benefits related to the prediction of the future driving conditions. Authors of [46] have
conducted a study that aims to underline the sensitivity afitheementemented EMS to the trip estimation.
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lll. Powertrain modelling

3 Powertrain architecture

The powertrain architecture of the examined vehicle is depicted ir8.EigThe vehicle propulsion can be
provided by two different paths: the pure electrical one and the hybrid one. The former includes two identical
electric machines mounted on the front axle, which can serve both as motors or generators. They are directly

coupled to the front wheels by means of a fixed gear ratio.

Electric
motors

FRONT AXLE

Figure 3.1 Powertrain architecture

Clutch

ERRARLEL]

Integrated
Starter/
Generator

The hybrid path, instead, includes a powerful 5.2 L gasoline engine, another electrical machine used as an
integrated starter generator, a-gear automatic transmission, and a differential gear. Depending on the
selected powertrain operating mode, the twapplsion paths can work separately or in combination. If the
vehicle is in pure electric mode, the propulsion comes only from the electrical machines on the front axle, so
the engine is kept switcheaaff and the clutch is open. In this condition, a frarteeldriving is performed

(FWD). If the vehicle is in hybrid mode, all the machines availablbaard work in combination to fulfil the

torgue request. The main powertrain specifications are listed ir8Tab.

Table 3.1 Vehicle powertrain data

Battery nominal capacity (0.5C @25°C) 30 Ah
Battery nominal / max. voltage 355/450V
Motor cont. / peak t@ue 145/ 350 Nm
Motor cont. / peak power 64 / 140 kW
Engine max. torque 533 Nm
Engine max. power 449 kW
Overall max. power (cont. / peak) 5771729 kW

13



4  Analytic Powertrain consumption model

The first modelling approach for the powertrain in exam is a consumptionsiaisimodel, which imposes

a given vehicle speed at the wheels and proceeds backward through the propulsion chain to calculate the energy
consumption needed to perform the givdriving mission. Therefore, in the following equations, the
calculation starts from the vehicle longitudinal dynamics and reachesapeision system

4.1 Vehicle dynamics

The vehicle dynamics analytical model only takes into accountotigatudinal forces acting on the car
(Fig.4.1). This approach is typical in controtiented modelling of vehicle dynamics. The fundamental
equatian for vehicle longitudinal dynamics is:

4.1
a —bo O o O o

whered is the vehicle mas8D s the propulsion force, whil® is the resistance force acting on the
vehicle. The latter can be expressed as follows

O 6 00 00 O0 4.2

On the right side of Edl.2there are, respectively, aerodynamic resistance, rolling resistance, and slope
related resistance.

Figure 4.1 Longitudinal resistance forcesacting on a moving vehicle

Since both aerodynamic and rolling resistances depend on the vehicle speed, for their modelling it has been
used theeoastdownparameters approachq]. Therefore, the total resistance force can benten as

O 6 Q QLUO QU O & QOEIO 4.3
where’Q, "Q, "Qare the coaslown parameters andis the road slope.

4.2 Wheels level

. Q 4.4
"6 06 & & 5 f=D o
ot

where™O is the total force requested at the whe#s, is defined as in Eg4.3, & is the vehicle mass,
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&  is the equivalent mass of rotative components anis the vehicle speed imposed by the driving
mission. Then, the torque request at the wheels is:

YR 06 O o ti 4.5

withi  being the wheel radius.

4.3 Front axle

From the knowledge of the total torque request at the wheels, it is passdallculate the torque request to
the electrical machines on the front axle by following the transmission chain from the wheels to the motors.

‘Yn 5 0 YR oti @ 4.6
where”Yn  is the torque to be provided on the front axle according to the fact@uhich is the torque
split factor between the front and readle or, equivalently, the pure electric and hybrid paths. It is defined as

Y4 { O 4.7
T n r

or, equivalently,

YN g

:
9P wie

being”Yr | the torque to be provided by the rear axle.
At the front differential gear, the speed is

¢ 0 & oft 4.8

¢ | isthe rotational speed of the differential gear at the motors sidie apds the fixed transmission ratio.

Still, at the motors6é side, the requested torque
YA j O . 4.9
Yig o — i g
T 5
. ph “YA m
W 5w
ph "Yn T

Reaching the motors, the speed is the same as the motors shaft of the differential gear, while the torque
requested is

YN R0 YR f o0t- 4.10
. ph YA 6 m
W 5 .
ph “Yn o 1



beingt t he motorsd efficiency for the requested pow

4.4 Rear axle

The torque to be supplied to the rear wheels is also related to the actual split factor, as it can be seen in Eq.
4.11.

YR R0 YR ofp (@ 4.11

Then it is possible to calculate tretational speed of the engine crankshaft, which is
€ 0 ¢ ott 5 Qio 4.12

where th& is the engine speed afd j, is the total gear ratio considering both the actual gear ratio of the
automatic transmission and the rear differential. The gear ratio depends on the currently engaged gear
and it is defined only for the rear axle, while if the vehicle is propelfdg using the electrical machines on
the front axle, the automatic transmission is decoupled from the crankshaft by means of a clutch.

The torque request at the engine side of the transmission is

YA 5 O . 413
R p o it
T 5 Q6 — §

The transmission efficiency is represented by the terny, . Therefore, the engine torque request is
‘YR 6 YR 0 Yn 0 4.14

and, consequently, the torque request to the integrated starter generatdol&8harging the battery is
expressed as

Yoo YR o 4.15

while the speed of this latter machine is the same as the internal combustion engine one.

4.5 Battery model

The vehicle analytic model is completed by the battery model. It starts with the calculation of the global
electrical power request. To this aim, the contribution related to battery thermal managemengn be
highlighted, which takes into accouietpower request of the HV compressbr, , and the electric pump,

0 ,to cool down the component. Thus

v 6 v o0 0 o0 U j-— L o° 4.16

where
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5 o 0 o O j- 4.17

in which0  j is the power requested from the electrical motors on the front axle for tragtions the

power provided by the engine to recharge the battery, is the constant power to be supplied to the LV
battery and the other auxiliaries, is the efficiency of the DCDC converter

Cell electrical behaviour has been represented by an equivalent electrical circuit model (EECM) with an
equivalent series resistance, as depicted in42g.Cell data for the opedircuit voltage as a function of
battery state of charge (SO&)d for ohmic resistance as a function of the temperature have been used.

R(T) 1D
—AM—o

Vac(s00) (%) V(D)

)

Figure 4.2 Equivalent series resistance (ESR) model for cell electrical characterization.

Therefore, battery voltage andcurrenftO can be calculated from the fol

0 ®wpr YOO Y 5 YEO oje& t& 4.18
0 ®w otO o

CA 8,

where¢ , ¢ are the number of cells in parallel and in series, respectively) and is the battery power
request coming from E¢.16
It is then possible to calculate the power losses of the battery due to resistive heating as follows

0 5 O0=w p O0t0O0 06 —Y YO o 4.19

in whichw f is the internal voltage drop of the battery due to the presence of the internal resistance
Y ;i 'Y £ j& thatcauses the power disation0 f © when the currenD s flowing in

the circuit

Then, the battery state of charge is defined as

"0 6 QdocemT 4.20
0

en

YO® YOO

beingd  the nominal battery capacity [Ah], and¥0 Othe initial value of the state of charge (that is
dimensionless and in a range between 0 and 1).
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5 Model in the Loop

The same powertrain has been modelled in Simulink/SimSeayieonment. Differently from the analytic

model, the Modein-the-Loop (MiL) follows a forwardfacing approach, which means there is a driver model
capable of reproducing realistic acceleration and brake pedals signals. According to that, the madel follo
the conventional control chain present in a real vehicle. The driver request (pedals signals) is converted in
torgue requested at the wheels, then vehicle and components control units manage the actuators in order to
provide the power to satisfy the der request.

This modelling approach allows a more realistic simulation of the powertrain behaviour, calculating not only
the energy consumption, but also all the interesting physical quantities to represent the vehicle motion, such
as, for example, thecaal vehicle speed and the machines behaviour in terms of torque, speed, temperature,
failures.

The MiL environment is divided in different parts:

- Components, where the powertrain physical parts have been modelled using SimScape libraries,
allowing a direct coupling of the rotational components.

- Controllers, in which all the control unit installed-board a real vehicle are modelled, following th
operation they would have in retaine application.

- Communication, reproducing the vehicle communication network.

All the data needed to implement the such detailed MiL derives from-axistihg vehicle prototype.

The powertrain components have beeardeiled using efficiency maps to calculate the energy consumption
and their physical characteristics to reproduce their operation. In the following paragraphs al the data regarding
the powertrain components have been normalized for confidentiality reasons.

5.1 Engine model

The vehicle in exam is equipped with a powerful 5.2 litres V10 gasoline engine capable of providing 540 Nm
as a maximum torque and a maximum power 449 kW. As previously mentioned, the physical behaviour of the
internal combustion engine (ICEas been modelled using SimScape libraries, therefore it is considered as a
generic ideal torque source. Its characteristic is reported iB.Eig.
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~
—Engine Power /——/ \
0.8 ed

— ~

,/

0.2 ///

/

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
Engine Speed

Figure 5.1. Engine Maximum Torque and Power vs Engine Speed
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Figure 5.2 Engine efficiency map

The engine efficiency has been modelled using a map, which is function of the spged and torque and it
is reported in Figb.2. Analytically, it can be expressed asHq. 5.1

_ Y 5.1
a z) Ow
Where— ,°YR ] , are respectively the efficiency, torque and angular speed of the engine and
a ,0 'Ow are the mass fuel rate and fuel lower heating value (LHV).

5.2 Electric motor model

Before showing the data related to the electric propellers, it is important to underline that all the electrical
machines included in the powertrain, i.e. the two electric motors/generators on the frofigagld)(and the
integrated starter generator mounted on the crank shaft, are identical, so they have exactly the same
characteristics.

The maximum torque the motors can provide as function ohtiter speed is depicted in Fig3.
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Figure 5.3 Electric Motor Maximum Torque vs Motor Speed
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As for the engine, the motefficiency is expressed as function of the torque and spee8.4yid.he physical
formulation its expressed asHu. 5.2 being— ,"Yn | RO , the efficiency, torque, angular speed and
current of the motor and  is the voltage of the high voltage battery.

Yn 7] 5.2
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&
w
o 0.6
o
=
0.4 -
1
1
0 o
Motor Torque Motor Speed
Figure 5.4 Motor efficiency map
5.3 Battery

The high voltage energy storage system, in this context mentioned simply as battery, is actually a battery pack
composed by 96 electrochemical cells in series, with only one string (there are no cells in parallel). The
maximumbattery capacity is 30 Ati2 kwh)and a maximum power of 140 kWits modelling is conceptually
identical to the scheme Fig. 4.2, but some additional information have been added in the MiL to reproduce

its dependency from meaningful physical variable, such as the battery state of charge and the battery
temperature.

These latter, in fact, affect two main battery operational paraspé& the open circuit voltagey( and the

internal resistanceY ).

Fig. 5.5 depicts thay characteristic as a function of the SOC.
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Figure 5.5 Battery Open Circuit Voltage vs SOC

The other fundamental parameter, the internal resistance, decreases as the battery temperature increases, &
shown in Figh.6, where the axis reports the battery temperature operational range, normalized on the
maximum value of the rangeself.
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Figure 5.6 Battery internal Resistance vs Battery TemperaturdRange
5.4 Transmission

The global transmission model includedwatclutch between the ISG and the-gi@ars automatic/manual
transmission and a differential gear on the rede.d&No meaningful data can be shown about the gearbox,
since in this case t her e-shiftingnbluttratharm coatroldogit thasdeperedsiam | i n
the driverés request, the powertrdaun conditions a
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6 Hardware in the Loop

The Hardware in the Loop (HiL) environmehtiilt for simulating the realime operation of the vehicle under
investigation directly derives from the MiL illustrated in the previous chapter.this sensethe HiL
environment is strictly developed for testing the HCU operation intireal, therefore all the signals that in

the real vehicle reach the supervisory controller are modelled and, more importanthtdaddiagnostic for

such component is incled in the loop. This approach helps to reduce the differences between the simulation
and the real vehicle, allowing to detect any particular error related the robustness of the implemented control
strategy before implementing it in the vehicle prototype.

The only and main differendeetween the MiL an#liiL environments is that the latt@cludes three powerful
computational platforms for the vehicle simulation which are:

- SCALEXIOProcessing UnifdSpace)where the whole powertrain model has baeployed for real
time execution, except for the hybrid control unit (HCU). Therefore, the vehicle components and their
controller are still simulated, indedltere isno real hardware for the components included in the loop.

- SCALEXIOLabBox(dSpace)being the hardware that handles the communication interf&om one
side, itreplicates all the signals that in the real vehicle reaches the HCU, such as: CAN messages,
digital andanalog signals. In the opposite communication way, it takes the outputsaffeevisory
controller and deliver the information to the processing unit.

- MicroAutoBox (MABX (dSpace) which is a rapid control prototyping unit, where the hybrid
supervisory controller has been implemented for thetim& execution.

In this new vehile configuration, the communication between SCALEXIO and MABX are physical, which
means there is a cabled CAN network that replicates the communication between the vehicle components and
the HCU as in the real vehicle.

To have a complete view of such cdepvehicle simulator environment, the reader can refer t6.Eig.

' e ey .

Scalexio CPU Host PC

Components contro]lers models; Gt
Components physical models;

im;lllllllllllll i ‘WE);@%%

LABX =
Communication interface MABX
Hybrid control unit software

)

Figure 6.1 HiL setup
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7 Model Validation

The validation of the models shown in the previous chapters has been done in two steps:

- The MiL environment has been validated against experimental data acquired on New European
Driving Cycle (NEDC) test at the tebench;
- The Analytic moel of the powertrain has beafevelopedusing as reference the validated MiL

simulator.
The experimental data for the validation has been
provided data on the battery state of charge trendfthere e it hasnédét been possi bl

it has been chosen to validate the analytic model against the validated MiL data.

7.1 MiL vs experimental data

The MiL represents with high accuracy the real behaviour of the vebmhsjdering for the validation the
engine cumulative fuel consumption, speed and to@gii,can be seen in Fig.l.
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Figure 7.1 MiL validation

Except for theslight difference on the geahifting strategy, it can be assumed that the MiL environment
represents the real vehicle behaviour with an acceptable accuracy since the overall difference in the fuel
consumption is less than 3% between the model simulation and theamd measured dafBhe experimental

data for the validation has been provided by an i
the battery state of charge trend, therefoienot possible to show iEor this reason, thealidation has been
performed against thenly ICE operation

7.2 Analytic model vs MiL
The energyconsumption, both electrical and thermal, of the analytic modgbeen validated against the

results obtaied in the model in the loop environment, whichd previously beervalidated against
experimental data.
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For such validation, the reference cycle has been a Real Driving Emission (RDE) test and this choice is mainly
related to the length of tlogcle, which allows to have a consistent energy consumption and different operating
modes of the powertrain. The speed and road altitude profile of the RDE cycle are shown2n Fig.

140

=}
=

=
=

o
=
T

WN |
]

.‘,
W

L L L L L L
1] 1000 2000 3000 4000 a000 G000 Tooo 1] 1000 2000 000 4000 000 G000 Tooo
time [5] time [5]

(a) (b)

Figure 7.2 RDE cycle vehicle speed (a) and road altitude (b) profiles
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The validation of the energy consumptiorodelhas been done considering the battery statshafge
(SOC) evolution over the cycle and the cumulative value of the engine fuel consumption (FC).
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Figure 7.3 Analytic model validation

As can be noticed from Fig.3, the analyticenergyconsumption model is highly representative for the
vehicle energy usage. The final value of the analytic SOC is less than the 1% lower than the reference
MiL value and the same percentual difference there is between the two fuel consumptions, but in this
case the analytic model value is higher than its reference.
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I\VV. Powertrain Supervisory Control

As briefly mentioned in the overviesection of this dissertation, the powertrain control of a hybrid electric
vehicle is hierarchical, which means there is a supervisory controller that impieheeahergy management
strategy and consequently mansigee components controller in order i if f i | the drivers?o
section are collected all the EMSs implemented for the vehicle object of this project.

8 On-line controllers

Causal controllers are widely known in the field of HEVs control [16], mainly for the possibility of using a
cont r ol strategy that doesndét need the full (or pa
the energy management. In this scenario, two main solutions can be citediaRedeand ECM8Based
controllers. Following the classification domethe first chapter, the formers are considered as heuristic and

the latter are subptimal strategies.

8.1 Rule-based strategy

8.1.1 Overview

The peculiarity of rulédbased heuristic controllers is that they are based on thresholds and fixed rules.
Automotive researchers have investigated, in this sense, diverse ways to make these controllers more effective
in terms of fuel consumption. At the earliest stage of the investigation on EMSs for HEVs, heuristic centroller
were developed following basicssumptios on the components, for example in [9], authors have set rules

with the aim of maximizing the powertrain capabilities, indeed using as much electrical energy as possible and
using the ICE at its maximum load to recharge the battery when neesgiitedllhese engineering assumptions

make totally sense, they also make the EMS poor in flexibility, since the rules and the calibrations have no
possibility to be adapted to different driving conditions.

In [48], instead, the rules are integrated in ayubgic controller that has in input the battery state of charge,
electric machines speed and driver request, thus considering all the powertrain components as a single complex
system. Another approach, widely used by researchers feimeaprototypingand by carmakers for series
production, is to derive the rules from offline optimal control policies, as proposed in [49]. The main drawback

of this latter approach is that the obtained rules are particularly suitable for the driving mission chosen during
the optimization, but may be less effective for other driving cycles.

8.1.2 Implementation

For the vehicle in exam, the rubmsed controller (RBS) is in charge to select the operating mode between
pure electric and hybrid propulsion. If the former is selectedt han t he dri versd r ec
by the electrical machines on the front axle, otherwise the engine is swidchadd it provides the

required torque at the wheels, pkesentuallya certain amount used to recharge the battery by means of
theintegrated startegenerator (ISG).

The parameters taken into account to decide whether to switch from a driving mode to another are:

- The battery state of charge (SOC);
- Vehicle speed (V_veh);
- Torque demand at the wheels (Tg_whl);

According to the actualalue of these three variables, the RBS selects the operating mode.
There is a transition from the pure electric mode to the hybrid mode if at least one of the following
conditions is satisfied:
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- SOC < 24 %;
- V_veh > 120 km/h;
- Tqg_whl > 2000 Nm.

The RBS switbes from hybrid mode to pure electric if all the following conditions are true:

- SOC > 26 %;
- V_veh <115 km/h;
- Tg_whl <1800 Nm.

When the vehicle is in hybrid mode, the amount of torque the engine delivers to the ISG to recharge the
battery isdefined by means of a dedicated control logic based on the actual speed of the crank shaft on
which both the machines are mounted.

As can be noticed, this RBS is quite simple and it is particularly related to the behaviour ofia Plug
HEV, for which it isusually considered a consistent discharge phase when the battery is charged and a
following chargesustaining phase when the SOC reaches the lower threshold.

8.2 Equivalent Consumption Minimization Strategy

8.2.1 Overview

The theory behind ECMS is well known in the energy managefigtditfor hybrid electric vehicle It was

proposed a few years ads(] as a possible approach to optimize, with local optimization, the energy flowing
through the vehicle. Different works iitdrature discussed and further developed this meth8dLj-16,50

57], and in thiscontent it has been usedk startingpoith parti cul ar ECMSEECEM$ MUl @ant i
AdaptiveECMS, explained in detail irL[55]. However, inthis dissertation ihas been applied to a complex
powertrain that can also include pure electric driving and axle split propalsthmoreovedifferent battery

state of charge management strategies have been implemented and test, also preldiding: information
toincrease the energy recovering capability of the vehicle.

The control variable that characterizes this-eptimal controller isi, which is the torque split factor between

the electrical and thermal propulsion patlikich can be defined as in Bjl.

8.1

or

where’Y ¢ isthe torque request to the electrical machihes,o is the torque request at tlgE andy 0o
is the total torque request at the whe€le main idea of ECMS is fostantaneouslyninimize a function that
takes into account both the eggicoming from the fuel and from the battery, formulated as follows:

dbdbdbdbszl’)b 8.2

Whered is the engine instantaneous fuel consumption, is the fuel consumption equivalent to the used

electrical powerd s the electrical power demanded at a certain inglant,is the fuel lower heating value
(energy content for mass unit) ast theequivalere factor, which is used to conviethe electrical power

from the battery into equivalent fuel consumption. The power requested to the battery can be either positive or
negative and, consequently, the equivalent fuel consumption can be higher or lower than the real one.
Defining
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e R ‘0, bk
, 0 Qo 5 8.3
WhereO is the battery currenfy  is the battery charge capacityis the battery state of charge ani$
the control action, it is possible to define the Hamiltonian of the optimal control probleich 8 to be
minimized b6
0, hoh _0zQ, mh a o 8.4
The costate variable 0 is the solution of:
QR
Lo _o 2ol 8.5
- - T b
In other words, the Hamiltonian is the total equivalent fuel consumption includirdetttec energy.
To better understand the meaning ad , an auxiliary variable can be introduced, the equivalent factor
formulated as follow:

i 0 _07 8.6

hered 0 is the power request to the battery and is the lower heating value of the fuel. At the end, the
instantaneous equivalent fuel consumption is:

L o 0 0o . .
O,mhh & ,Mhh i 0:°z s z'Q, v 8 & oh 8.7
The optimalcontrol action is the one that satisfies:
6’0 AJCED, bh 8.8

The optimal control depends on the valué af, but this is unknown a priori and this makes the strategy sub
optimal.

Equivalercefactor

Physically, the equivalentfactoro r e pr esent s t he fAcosto of the ener g:
value, then it is preferable to use the engine an
In this work, anA-ECMS approach proposed i, 559 has been adopted, with adaptation on feedback values.
The formulation ofi 0 has two contributions:

- adaptive term, which is related, in this case, to the feedback of the previous SOC (square brackets);

- penalty functionhat corrects the value sf’When it 6s near to the maxi mt

values (first curly bracket).

It is defined as follows:

o v o 0 I C J v ) ‘ i i

o p T N 8.9
I , , p C
Vg q o

Where, 0 is the actual SOC, and, are the SOC upper and lower limits defined by the developer,

, Is the target value amsl: ands.. are the values of s used in two previous time intervals, between two
adaptation step® and™Q ,instead, are two gain paraters used to tune the strategy.

Focusing on the adaptive term, it can be noticed the subkcwpich indicates the current adaptation step of

s. In this strategy, in fact, the adaptation is not done every simulation time step, but every update time, which
is a tuning parameter and shouldnét be too short
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possible. In the relation abovie, andi are the values fused in two previous time intervals, between
two adaptation steps.

The termQ , 0 instead, gives a proportional correctiors tmnsidering the difference between the

reference value of the SOC and its actual value at the adaptation step.

This mathematic approach refers to ARMA (AlRegressive Moving\verage) models [55] and, in this case,

the feedbacks are two autegressivedrms, while the other is the moving average one. By using such solution,

it is possible to lower the computational load, due to the large updating steps, reflecting in a small number of
calculations. Moreover, this control policy is more robust if theimgiwycle is unknown, because the trend

of the SOC is corrected to have an average value as near as possible to the one desired for the whole simulation
not in the single time interval.

The contribubn of the penalty functionis influentwhenthe SOCvalue is approaching théimits of the
admissible rangebecauseéf the SOCreaches criticalaluesfor the battery operatigrin terms ofpossithe

damage ohigh inefficienciesa correctionoéi t 6 s needed i nstantaneously, n
After the calculation of the current equivalency factor, the controller evaluates p¢disiblete)values of the

energy split between the movers, considering the efficiencies and the actual conditiseleeatsthe one

that minimizes the equivalefitel consumptiorin Eq.8.2

Torque split

Given the complexity of the powertrain architectutres possible to define different torque split configurations

for the same torque split factor. To be more precise, the optimization routine returns thé sypiirfector

u*, which is unique, but the presence of two electrical motors on the front axle (EM) and an electrical motor
just before the main clutch (ISG), leads to the possibility of obtaining the same split factor in different ways.
For this work, tle torque split strategy has been defined as follows:

Table 8.1 Driving Modes

Driving Mode Split Factor ICE ISG EM

Edrive u*=1 OFF OFF ON
= ON

Regenerative Braking u*=1 OFF OFF

ICE only u*=0 ON OFF OFF

Boosting O<u*<1 ON OFF ON

OFF
Battery Recharge O<u* ON ON

8.2.2 Implementation

The ECMS controller illustrated in the previous paragraph has been implemented in the model in the loop
simulation environment of the real vehicle, shown in Chap. 5.

Firstly, it is needed to define a searching window that contains the values of adnsigkilfctor for the
actual conditions, considering both the powertrai
the possible solutions of the instantaneous minimization problem must be searched considering fundamental
operation panaeter such as the maximum torque providable by the engine and the electrical machines, the
maximum power and current the battery can deliver/absorb

At the same time, the calculation of the equivalence fadétoone using Eq. 8.9, considering the actaiie

of the SOC and the tuning parameters.
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Once the value of the equivalence factor and the split factor searching window are known, it is possible to
calculate the value of the equivalent fuel consumpdion 0 ,as in Eq. 8.2, for all the admiskhu values.

The minimum of the calculatéd 0 values returns the instantaneous optimal split faatgrthiat minimizes

the cost function. According to the, it is possible to define both the driving mode and the torque to be
requested to each tife machines included in the powertrain.

A global block diagram of the ECMS controller is depicted ing-g.

Driver
Request
FEquivalence s
T EM
SOC — Factor — orquesrs
Algorithm Instantaneous * Driving Mode Selection
; u Torque ISG
Cost-function — * And e
Minimization Torque Split
Torque ICE
<< U>>
Physical Searching <<u>>
Limitations Window
Definition

Figure 8.1 ECMS controller block diagram
8.2.3 Battery SOC Management Strategies

Within the ECMS control framework ii§ possible to define a state of charge management strategy (30CMS
which governs the battery usage along the entire driving midsidhis contet, three SOCMSs have been
implementedand comparedChargeSustaining (CS)1,50,55; ChargeBlended (CB) $1,53] andCharge
Depleting/Chargeustaining (CBECS).

All the proposed approaches for SOCMS are obtained by manipulation Eqg. 8.9 in order to obtain different
behaviour for the equivalence factor evolution over the driving cycle.

The possibility of evaluating different behaviour of the state of charge trend alongstiemis mainly due

to the fact the considered vehicle is a PHEV, which medas#sumed that it cafalway® be recharged at

the end of the driving mission.

Charge Sustaining

For obtaining the CS policy for the SOC, the definition of the equivaleaterfis exactly the same shown in

Eq. 8.9. This strategy follows a target SOC value that is constant and equal to the initial state of charge,
therefore the ECMS controller would keep the state of charge around such target for the entire mission, as
can clarified by Fig3.2 , where the reference vehiéteoperated alonthe driving cycle illustrated in Fig. 7.2.

29



140

—Vehicle speed [km/h]
—State of Charge ECMS- CS [%]

120 —-State of Charge Reference ECMS- CS [%)]
100 '
[
80 h I
T\
I \
N
i i
-2000 3000 4000 5000 6000

time [sec]

Figure 8.2 ECMS controller Charge-Sustaining

Charge Blended

CB is a battery charge management strategy that works similarly to the-shatgiging mode, but follows

an SOQarget that linearly decreases with the driven distance, starting from the initial value of the SOC.
This solution is preferable f6tHEVs, since it allows to reach the end of the driving mission with a low SOC
level. The formulation of the equivalence facds similar to Eq.8.9, ais can be noticed in Eq. 8.10, the

only slight difference is related to the definition of the SOCresfee value, which decreases linearly with

the driven distance, as in Eg. 8.11.
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Where, 0 is the SOC reference, is the initial SOC, is the desired SOC at the end of the driving
mission,wis the actual driven distance agdis the supposed trip distance.

A decreasing SOC reference value is preferable for PHEVs because usyadlyrihe arrive with a low SOC
level at the enaf the mission. As for the CS, Fi§.3 shows the evolution of the state of charge along the
mission with respect to the controller SOC reference value.
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Figure 8.3 ECMS controller Charge-Blended

ChargeDepleting/ ChargeSustaining

For ChargeDepleting/Chargeustaining (CIXCS) strategy, one intends an electrical energy usage plan that
firstly discharges the battery untilcgrtain SOC value and then sustains the charge around a specific SOC
target. This approach is widely used in heuristic supervisory controller for PHEVs, since commonly these
vehicles have large battery capacity and can be mainly recharged from thrigtics usually implemented
using fixed rules, while in this content it has been applied to-agtimal controller. Thédea, and consequent
benefit, of using such approach in combination with the ECMS, relies on the possibility of adapting the
rechargimg phases to the actual powertrain conditions, avoijgliegmposed thresholds and, moreover, leaving
to the controller the freedom of switching the driving mode also if the battery state of charge is low.
In this ECMS configurationCD/CS policy could be ntegrated in different ways, for example by adding a
simple rule that forces the initial discharge (by varying the SOC target) until a certain value of the SOC, and
then les ECMS follows a target value (reasonably low) for the rest of the driving mids$ee.this behavior
has been obtained by eliminating the second tergqirB.9,so that the controllehasthe only constraintto
keep the SOC value between the given boundaigiswithout followinga state of charge target. This new
expression fosis formulated inEq. 8.12The idea behind this approach is that, if the vehicle can be externally
recharged at the end of the driving mission, it is worthless to add other constraints on the state of charge value,
to keep it around a reference value.
Such ontrol policyderives from two main considerations:
- Avoiding rules, less calibration effort is needed for the strategy, and the controller follows its normal
algorithm.
- Theinitial discharge is guaranteed by the fact that, in general conditions forghggivertrain along

the given driving cycle, the electric drive is always more efficient than the hybrid one, so the ECMS

optimization process would select pure electric mode.
In this way, it is possible to have GOS behavior without forcing the drivingade and leaving to the
supervisory controller the freedom to choose the best split factor in every driving condition.
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The formulation in Eq. 8.12 is basically the same as in Eq. 8.9, but without the-shatg@ing capability.
The parameter is a gain used to tune the strategy and represents the initial cost of using electrical energy.
For CD/CS SoCMS, the trend difet battery state of charge for the reference cycle is depicted &4Fig
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Figure 8.4 ECMS controller Charge-Depleting/Charge Sustaining
8.3 Online controller results

For the comparison of the performance obtained with the online causal controllers illustrated in this chapter, it
has ber considered only one parameter, which is the global fuel consumption of the \oeticke driving
mission, which is again the RDE cycle introduced in Cap. 7. In this case, no correction related to the electrical
energy balance between the beginning and the end of the driving missineeded, since all the controllers

have ended thariving mission with the same state of charge, so the electrical energy consumption is the same
for all of them. In Fig8.5it can be noticed that the RBS has a CDIi&& behaviour, since it firstly discharges

the battery until a low value, and thielkkeeps the SOC around such minimum boundary.

8.3.1 RBS results

The vehicle in exam that uses the heuristic controller to perform gremnet driving mission shown ih&p.7
presentsan evolution of the SOC trend over the driving mission that is shown &5-ig.
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Figure 8.5 RBS results- SOC

Contextually, the fuel consumption of RBS, expressed in I/100km is reported8r6Fig.
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Figure 8.6 RBS resultsi cFC

8.3.2 ECMS results
The results for the ECMS controller have been reported considering all the implebadteéedstate of charge

management strategies. Accordingly, the SOC trend over the reference cycle is reportei7imridgthe
cumulative fuel consumption is depicted in Bi§..
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A chargedepleting/chargsustaining approach, integrated within the ECMS controllergsod solution for

PHEVs because it leaves the controller free to choose the best torque split factor, without penalizing the

electrical energy use by fang therecharge to be sustaindide SOCaround a pralefined target. Anyways,
this solution may not be the best if lmsnsumptionzones areplacedin the middleor at the enaf the driving

mission
be possible.
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The comparison of the two implemented-lore controllers hebeen done considering both the average

efficiencies of the machines included in the propulsion system and the engine fuel consumption over the

driving mission. Adt can be noticed from Fi8.9, the overall average efficiencies are similar between RBS
and ECMS controllexfor all the propellers, which underlines that actually heuristics controller have a good
efficiency in energy conversion, but theain difference, that reflects in a higher fuel consumption, is related

to the conditions in which the machines are used. For the nature of the minimization algorithm, ECMS

controllers are more flexible and can change the driving mode freely duringssiemaccording to the actual
powertrain status and the driving conditions.

34



Table 8.2 cFC results RBS vs EMCS

Strategy Fuel Consumption Difference
[I/100 km] [%]
RBS 9.41 0.00
ECMS- ChargeSustaining 8.91 -5.13
ECMS- Charge Blended 8.87 -5.74
ECMS- Charge Depleting/Charge Sustaining 8.85 -5.95
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Figure 8.9 Average Efficiencies on RDE cycl&BS vs ECMS
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Figure 8.10 Fuel Consumption RBS vs ECMS
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To motivate the differences in the performances of the controllers, considering the similar mean efficiencies
of the machines over the cycle, it can be interestingiside the engine usage during the cydtés possible
to definethe energy deman® |, to the engine as:

o o Yy 7 8.13

Where’Yr] is the torque provided by the engine and is its angular speed.

Assumingsuch physical quantity as representative for the engine usage over the mission, it can be noticed in
Fig.8.11that the RBS controller makes a largergesaf the engine, if compared to the ECMS oiibs. overall
difference is around the 5¢4.5 MJ) which is a percentage similar to the fuel economy improvement shown

in Tab.8.2 and Fig.8.10.
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Figure 8.11 Engine provided energyon RDE cycle RBS vs ECMS

At this point,it mayseenthat the total amount of required energy for performing the driving cycle is different

for the two controllers, since the engine provides more energy in RBS but the ending battery state of charge
are the samekven if theseconsideration are surely trui¢ is important to underline that the nature of the
ECMS controller allows to recover more energy during the cycle, since the local optimization choses the torque
split according to the actual required power at the wheelsfahis negative, than choses the best recovering
option, which, for the vehicle in exam, to use the electrical machines on the front axle. The RBS, instead,
defines the operating mode according to the defined rules, therefore it may happen thaethreqoest is
negativeand the engine a n oéswitchea off, but rather the recoverable energy is us&idly to keep it on

using the ISG. In this case the transmission, and therefore its efficiency, is involved in the energy recuperation
leading to lesset energy stored in the battery. In Bifj2 can be seen the trends of the recovered energy using
the two controllers. The numerical differer{8e4 MJ)is similarto the one obtained the engine usage, shown

in Fig. 8.11, considering that the energy has to use the ISG, that has its own efficiency, to stamdhe s
amount of energy in the battery.
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Figure 8.12 Recoveredenergy on RDE cycle RBS vs ECMS
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9 Predictive control functions

This chapter presesitwo powertrain predictive control functions, for which it is assumed to know in advance
and for the entire driving mission, the vehicle speedthatad altitude profile. The aim of this section is to
investigate the benefits that can come from thdahility of predictive information about the route ahead the
vehicle in terms of fuel economy and powertrain control in general. The first predictive function deals with the
possibility of optimizng the energy recuperation when a ECMS controller is impleed in the vehicldP@r.

8.2), while the second control function is related to a generic Diesel hybrid electric vehicle godltiseto
optimize the usage of the aftertreatment system (Par.9.2).

9.1 Predictive State of Charge Management Strategy

For theimplementation of a predictive state of charge management strategy for an optimal recypkeation
vehicle speed profile and road altitude prdfiteve been considered knowine reference cycle for this section
has been the one introduced ihap. 7. Tk main aim of the proposed predictive SOCMS is to free enough
battery capacity to store as much energy as possible during long recuperation phases [54].

No Restrictions

ErefECms _predictive — Eref ECMS €S

Discharge

£ refECMs predictive < & refECMS_ (S

Recuperation

g ref ECMS_predictive — § refECMS_CS

e
- e -

Figure 9.1 Predictive SOC target ideal modification

The predictive function influences the battery state of charge by modifying the SOC reference value along the
driving mission, according to the presence of recuperation phases detected in the route ahead by means of
predictive data.

9.1.1 Algorithm

Predictvenf or mati on i s wused in an al gor i)lfm C$ staetof mo d i
charge management strategy (Eq. 8.9), as shown i®.Eig.

1° Step Data preparation
Road altitude profile is filtered to eliminate noise (since it is a recorded signal, it presents some noise). After
that, it is converted into road slope signal.

2° Step Global energy request calculation
Vehiclespeed profile and road slope profile are used to calculate the energy request at the wheels to drive the
cycle, using the simplified vehicle dynamics model mentioned in Par 4.1.

3° Step Recuperation phase detection
Energy request profile is used to fitite recuperation phases in the cycle and the amount of energy that can
be recuperated in each phase.
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4° Step SOC reference modification

At this point, the energy recoverable for each phase is converted into equivalent battery state of charge, then
these values are used to lower the SOC reference. Since even the energy profile is already calculated, the SOC
reference is lowered only for the space segments just before every recuperation phase. Each segment space
length is exactly the one the vehicleedls to consume the energy it will recover in the following recuperation

phase.

In this study, only the CS strategy has been combined with predictive information, because:

- CB mode already lowers the SOC reference value along the distance, so the comitiative

aforementioned algorithm is worthless.

- CD-CS strategy always has enough battery capacity to store energy in recuperation phases, since it

sustains the charge once it reaches the lower battery limit;

9.1.2 ECMS-CSvs ECMS-predictive-CS

As for the compasons in the previous chapter, the performance of the ECMS with and without predictive
function for the battery state of charge management are compared using the evolution of the state of charge,
the cumulative fuel consumption and the average efficisrdithe machines available-board the vehicle.
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Figure 9.2 ECMS-CS vs ECMSpredictive_CSi SOC

Figures9.2 and 9.3 show behaviors for the controllers thatubstantially equivalenaind it is confirmed by
the numerical data collected in T&li. And by Fig.9.4, where average efficiencies are depicted.
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Considering the limited benefits gained with the usage of predictive information for the battery levelling along
the route, it may seem that the proposed function is worthless. However, since the aim of the shown predictive
control is to partially empty thbattery capacity in order to recover as much energy as possible during the
regenerative breaking phases, teachable benefitsy using such approach are strongifluenced by the
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Figure 9.4 Average Efficiencies on RDE cycle ECMES vs ECMS- predictive CS

total battery capacity, which is, for the vehicle under study, quite large.

To prove the dependency of the performance of the E@MS8ictive CS from the battery capacity, a
sensitivity analysis has been conducted considering smaltenpaizes, and it is presented in detail in the

following paragraph.
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Table 9.1 Fuel Consumption comparisonECMS-CS vs ECMS- predictive CS
Strategy Fuel Consumption Difference
[1/200 km] [%]
ECMS- CS 8.91 0.00
ECMSi predictive CS 8.88 -0.34
! mEcws cs
BECMS predictive CS




9.1.3 Battery capacity influence on ECMSpredictive-CS performance

This section aims to demonstrate that the battery total capacity has an influence on the proposed predictive
state of chargemanagement strategy. To do so, the comparison between EC3kshd ECMSpredictive CS

has been done considering smaller battery capacities: 15 Ah and 6Ah, respectively 0.5 and 0.2 times the
original size.

15 Ah battery capacity
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Figure 9.5 15Ah-ECMS-CS vs ECMSpredictive_CSi SOC

Just considering a half of the original battery size, it is already possible to appreciate the difference between
the behaviours of the two ECMS controllers. Thedictive SOCMS behaves differently starting from the
middle of the driving mission to the end. Contextually, also the benefits of using predictive information, in
terms of fuel economy, are more appreciable, as confirmed by the numerical results dollEatedi2.

Table 9.2 15Ah-Fuel Consumption comparison ECMSCS vs ECMS- predictive CS

Strategy Fuel Consumption Difference
Battery capacity:15 Ah [I/200 km] [%]
ECMS- CS 9.84 0.00
ECMSI predictive CS 9.78 -0.61

6 Ah battery capacity
With a battery capacity of 6Althe different decisions the two controllers take along the driving mission are

evident from the SOC trends, as depicted inF&g.ln this case, ifiact, there are diverse zones where the
recoverable energy, if compared to the energy in the battery, is consistent.
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The different behaviour of thgredictive controller with respect to the standard EGNCS controller reflects
in a different performance in terms of fuel consumption, as can be seen l3rab.

Table 9.3 6Ah-Fuel Consumption comparison ECMSCS vs ECMS- predictive CS

Strategy Fuel Consumption Difference
Battery capacity:6 Ah [I/200 km] [%]
ECMS- CS 10.26 0.00
ECMSi predictive CS 10.15 -1.07

To further explain why the benefits of predictive information are more appreciable in the SOC levelling if
considering small battery capacity, Fig@.& shows the SOC target modification for the considered battery
sizes. Thaecoverable amount of energy corresponds to large percentages of the battery total energy if the
capacity is limited. Due to this reason, the SOC target value is decreased diffemexifferent battery
capacitiesIn the case of the baseliB8Ah battery, the SOC target modification is so small that the effect is
barely appreciable. On the contraryaiBAh battery capacity is considered, the effect is noticeabiee the
refererce value of the ECMS controllers is highly modified by the predictive function.
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Figure 9.7 SOC target modification for different battery capacities
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Moreover, considering that tHeCMS chargesustaining capability is given by an analytic function that acts

like a slow PI controller, if the target modification is small, the control actakes by the predictive controller

are not so differenfrom the standard one€n the contrarylarge target modificatios lead to significant
changes in the controllersdéd behaviours, reflectin
consumptions.

9.2 Predictive NOx emission control of a DieseHEV

With the aim of assessing the benefiadding predictive information to powertrain control in order to better
control the pollutant emission, in this test case it has been considered a different powertrain architecture and
propulsion, considering a Diesleghsed engine. However, also in thése, as in Par. 9.1, the external igput
arestill the same, the vehicle speed and road slope profile. Such similarity depends on the goal of the section,
which is to underline the potential benefits that can be obtayattiuding longtermpredictive information
(long-term ehorizon function)within the supervisory controller.

This section deals with the development of a predictive NOx emissions control function for a diesel hybrid
electric vehicle, equipped with an electrically heated dfeatment system composed by a Diesel Oxidation
Catalyst (DOC), a Diesel Particulate Filter (DPF), and a Selective Catalytic Reactor (SCR). Such function
makes use of anpriori-known vehicle speed trajectory that would be made available by the elettooizion

provider, and it presents two main sections. The first one predicts the aftertreatment system temperature and
the NOx emissions both at the engine out and at the tailpipe over the prediction horizon. The second section
defines the powertrain araftertreatment control policy, with the objective of minimizing afteratment

electric heating energy and SCR urea consumption, while respecting the legal NOx limits for the given mission.
Furthermore, if the estimated pollutant production exceedsitties leven if the aftertreatment system is
operated in the highest efficiency conditions, the predictive control function redefines the torque demanded to
the internal combustion engine (and the one requested to the electric motor) to match the Iggal limit

The aim of this predictive control function is to keep the NOx emissions within the legal limits, while
minimizing urea usage and electrical energy consumption related to the aftertreatment system operation.

The control algorithm receives as input theed and torque profiles of the engine for the next driving mission.
Such information are supposed to be availabkbaard once the energy management strategy receives the
information about the route ahead, and computes the optimal torque/power splib&ateen the electrical

and thermal machines. Even if the electrical catalyst heating is mainly designed for the DOC system, but it is
supposed the aftertreatment components are close to each other, so that there is a considerable effect even o
SCR temprature Figure9.8 can give an overview of the algorithm structure of the predictive aftertreatment
control function.

ICE speed prediction ICE Torque prediction
Analytical aftertreatment Temperature model | Raw emissions prediction using steady-state maps
Aftertreatment temperature model based on steady-state engine-out maps ' NOx production as function of ICE torque and ICE speed (steady-state)
considering the aftertreatmentas a first order dynamic system considering the aftertreatment as a first order dynamic system
Predicted aftertreatment temperature for the horizon Predicted raw emission’s for the horizon

Selective Catalytic Reactor (SCR) model
SCR efficiency model, function of the system temperature

Predicted tailpipe emissions for the horizon

Control Strategy
= SCR predictive management = ICE torque limitation
= eHC predictive management = ICE torque gradient limitation

Figure 9.8 Predictive Aftertreatment control function algorithm structure
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9.2.1 Modelling
Aftertreatment System Temperature Model

As widely known, temperature plays a key role in the emissions reduction efficiency of an aftertreatment
systemln this paper, the aftertreatment system temperature has to be intended as the average value of the SCR
hardware, which is the parameter that mostly influences the efficiency of that component.

The methodology partially derives from the solution foundabthors of [14], where a similar approach is

used to model a temperature sensor positioned on the aftertreatment system before the DOC.

Firstly, a quasstatic exhaust gases temperature model has been designed by usingtateathaps.
Therefore, the inantaneous engireut temperature is only function of the engine speed and load.

Y Q¢ hbaQn 9.1

WhereY is the exhaust gasses temperatiire, is the ICE rotational speed amald ‘Qis)the brake mean
effective pressure of the engiréhen the aftertreatment temperature is evaluated by summing the responses
of two first-order systems to thef'

The combination of the two dynamics is needed since each of them representBcpdpesical behavior of

the aftertreatment system. More in detail, in the following the two contribution are referred to as fast and slow
dynamics.

HQ
% P 9%y 9.2
. p w .

Here z is the transform variable, b is the filtering quantity and d is a weighting gain. This term represents the
heat exchange between the exhaust gases and the aftertreatment line as a physical system.

P Q vy 9.3

@ p
p

Where the z is the-zansform variable, c is the filtering quantity and d is a weighting gain (as in Eq.2). The
slow dynamics represent the thermal inertia of the aftertreatment line as a physical system.

Therefore, considerindeq. 9.2 and Eq.9.3 in the superposition principle, the predicted aftertreatment
temperature is:

NOx Emissions Production Model

Emissions production has been modelled using experimental steadymaps based on engine load and
speed.InthisE ont ext, they havendédt been c¢ @9, b anly®thketinb ¢ o0 n
accountcolest art r el at edt eermti & sri @ofner © Ctod dt he condi ti ons
the SCR temperature is below its ligft value (190°C). The additional contribution to the emissions
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production related to this specific scenario is due to the null conversion efficiency that the SCR system has
when its temperature is below the activation limit.
According to this definition, the itsntaneous production can be defined as:

a Q¢ faQn 9.5

Wherel is the actual emission asd s the additional contribution due to cold start events, if
needed. The decision of adding the esldrt terms dependsn the aftertreatment temperature and the
contribution is proportional to the difference between the actual temperature at the ersfgmeard SCR
light-off temperatureThe value obtained with this modelling is representative of the emissions poodaicti

the engineout, while the tailpipe emissions are obtained considering the presence of SCR and eHC systems.
The selective catalytic reactor has been modelled considering its efficiency as a function of the system
temperature, assuming a lighff temperature equal to 190°C. If also the electrically heating feature is used,
then the colestart related contribution is eliminated since, as it will be clarified in the next paragraph, the look
ahead nature of the function allows using the aftertreatmesitiese heating in a predictive way, so that at

the engine restart the SCR system is already warm enough to be efficient.

Modelsvalidation

The validation of the aftertreatment temperature and raw emissions production modelling has been done
against expemental dataresults have been normalized for confidentiality reasdhs.reference cycle for

the validation has beeWLTC, since the experimental data were already available at the beginning of this
activity.
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Figure 9.9 Aftertreatment Temperature model validation

Figure9.9 shows that the aftertreatment temperature is estimated quite well considering that the modelling is
zeradimensional and control oriented, therefore it needs to be fast, which is usually diifoe the
accuracy. Instead, the raw emissions production model is highly representative for the experimentally
measured data (FdLO0).
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Figure 9.10 NOx production model validation
9.2.2 Control

The emission control is here meant as the strategy to be followed in order to ensure the NOx cumulative
production over the driving mission will respect the legal limitations (to be alimtysded at the tailpipe),

while reducing as much as possible the SCR and eHC usage. In general, when a prediction horizon is
considered, it is assumed that the driving missi
account small changesattcan occur along the route, the emissions legal limitations are corrected with a safety
factor k, as clarified in the following.

It is important to remark that the designed function has, by means of emissions production modelling, the
capability to predict the NOx production over the mission before it starts. This is possible knowing in advance
the engine torque and speed profiles, considered as predictive information. The control strategy foresees three
different cases:

Raw NOx < NOX,,, Casel

Raw NOx > Nox,,

And Case2

Raw NOx Case,

Tailpipe NOx < Nox;,,

Raw NOx > Nox,,
And Case3

Tailpipe NOx > Nox;,,
Figure 9.11 Strategy possible cases

- A Ca s ,ahe flaw NOx emissions, at the engoé and reported at the tailpipe without SCR and eHC
activation, respect the limitation;

- ACase RMe raw NOx e mi Bnsts, muntalpipd emmiséidns areenvghin ¢he limitst h e
(using SCR and eHC systems);

- A Ca s €lailpige NOx emissions exceed the limit imposed by the regulation.
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According to the actual case (Cageof the driving mission, i.e. the prediction horizorg ttontrol function
can make different choices:
- Casei = Case 1 here the controller asks to the Engine Control Unit (ECU) to minimize the SCR
operation and to disable the eHC system, for the whole driving mission;
- Caseq= Case 2 the function will calclate the exact position over the horizon from where on it is
possible to minimize the usage of the SCR, while remaining within the legal NOx emission limitations;
- Caseq= Case 3 in this case the algorithm foresees the possibility of limiting the ergioee
absolute value and gradient to avoid high emissions phases, in order to respect the limits.

Table 9.4 Predictive emission controlstrategy possible actions
Control Strategy

CASEct SCR eHC ICE Torque ICE Torque gradient
1 Minimum Off Unconstrained Unconstrained

2 On/Minimum On/Off Unconstrained Unconstrained

3 On On Limited Limited

The SCR fAmini mumo bairdeadpedas anadyvicetastiie EGLA Fhis tatter would still manage
the SCR system following its standard strategy, but assuming a very low NOx production at the tailpipe.
Therefore, when possible and for the maximum time allowed, the AdBlue usage reitiuned.

At this point, a clarification for Case3 is probably needed. Since the vehicle has a hybrid powertrain, when the
function asks for a torque gradient limitation of the ICE, it assumes that the battery has enough energy to
provide the additionalsng the electrical machine, to still match the overall driver request. Therefore, such
torque gradient limitation request is verified by the Hybrid Control Unit (HCU), that decides if it is possible
to satisfy it or not, according to the driver demand thedbatterystate of chargkevel.

As briefly mentioned before, the control function also foresees the possibility of predictively requiring the
eHC activation. In fact, combining the predictive knowledge of the engine switelrents with the predicted
aftertreatment temperature trend, it is possible to know in advance when it is needed-up Heat
aftertreatment system. Consequently, the function can ask to the ECU te@witatheHC before the engine
firings, in order to avoid cold starts emissipsiice the SCR system will be already warm enough to be
efficient. However, this functionality has not been further investigated since data on the eHC system were not
available, therefore the proof of the capability of the predictive function in terpredittive catalyst heating
hasndét been possible in this content.

The outputs of the described control function have two different targets: the ECU and the Hybrid Control Unit
(HCU). More in detail, the engine control unit will be asked for managing ttke (8@/Minimum) and the

eHC (On/Off) according to the function calculations, while the HCU will receive the limitation on the engine
torque gradient in order to respect the emissions limitation (only for Case 3).

The objective of respecting the NOx legahitations is always considered, while the goal of reducing urea
consumption and CCemissions can be reached only in Cases 1 and 2.

9.2.3 Results

Considering as reference driving cycle the RDE cycle introduced in Cap. 7, the input for the aftertreatment
temper&aure and NOx production is the predicted usage of the internal combustion engine over the mission,
supposed to be known as this control function has been developed to be integrated in a predictive energy
management capable of optimizing the energy ushgesfore calculating when it is worth to use the engine
rather than performing a pure electric drive. Therefore, the function input are the ICE speed and torque profile
over the chosen route. The trends of these two parameter are reporte@ 1”2 FAg.can be noticed, the engine

is not always used but rather has a switching behaviglich would hardly influence the aftertreatment
temperature.

47



5000 250

3000

4000 200
| \u |

I me -

0 0
0 1000 2000 3000 4000 5000 6000 7000 0 1000 2000 3000 4000 5000 6000 7000
time [s] time [s]

(@) (b)

Figure 9.12 Predictive Aftertreatment control function Input
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According to the shown input, the predicted aftertreatment temperature trend obtained by using the model
shown in Par 9.2.1, is depicted in Bid.3.
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Figure 9.13 Aftertreatment Temperature prediction

Before showing the NOx production estimation, it is important to mention that in this function have been
considered two limitations for the pollutant emission production, the first one can be referred to as legal
limitation, since it is simply the Euro @ntits for NOx production in Diesel vehicles [80 mg/km],
multiplied by the total space driven during the driving mission, which is predictable since the speed
profile is given.

0 ﬂ_ \ 0 ﬂ_ z 9.6
Where. / is the cumulative vale of the limit. / is the limit imposedy the regulation an@is
the total distance (in km).
The additional limitation considered within the function and cdliedtion limitation . / o, is a virtual
l i mitati on, more restrictive than the | egal one,

the legal limit of 80 mg/km. The function limitation is obtained by the legal one by means a of safety factor
E , chosen equal 0.8, as in Eq. 9.7.

66 00 27 9.7

Considering these two limitations, the NOx production estimation both at the engiaad at the tailpipe
can be calculated. The results on the reference driving mission are depleigg8. ir%.
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Figure 9.14 Cumulative NOx production @ engine- out estimation

The emission production estimation at the tailpipe have deeeconsidering an SCR conversion efficiency
that depends on the aftertreatment actual temperature, as from the schem®.8) féigthe whole driving
mission, without any predictive aftertreatment conffble trend obtained is depicted in Bid5.
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Figure 9.15 Cumulative NOx production @ tailpipe estimation

Case 2

According to the rules defined in T8, the choserriving missionbelongs tadCase2

As foreseen by the strategy f©ase2there would be a certain position over the route, from which on it would

be possible toinimizethe SR systen usageavhile respecting the functiddOx cumulativdimitation.

Figure 9.16 shows that thetrategy requires the SCR to detiveuntil km 842, where the systemsagecan

be minimized while respectinthe cumulative emissions limitatiobnfortunately, the lack of experimental
data doesnét allow a clear quantification of the
for the 6.52 % of the total distance, ®€R consumption is minimized and, moreover, it happens in the high
speed portion of the mission, which would require a consistent urea injection if the SCR system was active.
The SCR request outputted by the function needs a clarification: when iteslsehe function leaves to the
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ECU the freedom of using the system without constraints, while if it is set to O, it means the function is
suggesting to the ECU to avoid injectimpre AdBlue than the minimum valyéecause it woulbe useless,

since thaNOx emissiondimitationwo n 6t be exceeded.

Another information provided by Fi§.16is that, inCase2the control function matches exactly the imposed
functionlimitation since the average NOXx production is 0.064 [g/km], which is also the value \ofttia
constraint
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Figure 9.16 Predictive emission control strateg decisiors for Case2
Casel

To investigate also theontrol decisions taken from the predictive control function on a driving mission that
belongs taCasel it hasbeen consideredlamited portion of the same cycle

Here the suggestion to the ECU is to minimize as much as possible the SCR usage since, from the NOXx
productions estimations, it is possi bl-casdhexchoses ses s
portion of the cycle is-1990 [s],for whichthe inputs are as reported in Bid.7.
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Figure 9.17 Predictive Aftertreatment control function Input (Casel)
As it can be noticed from the Fggl18, the NOx production at the tailpipe (dished magenta line) are equal
to the ones predicted at the engme (blue line), considering null the contribution of the SCR system (cyan
line), for whichthe activation request is constantly zero over the considered cycle portion.
The green line, representing the NOx production at the tailpipe if the SCR system is always active when
needed, itds quite far fr om nadmes, medningthatdhe injecred AdBluet h t
would be somehow useless, since the NOx production at the engimeould be already compliant with the
regulation limit.
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Figure 9.18 Predictive emission control stategy decision for Casé
Case3
For driving mission belonging to Case3, which mea

even using the SCR for the whole duration of the trip, the proposed control strategy proposes to the supervisory
controller to limit the engine torgugradient.

To show the behavior of the function in this case, the considered cycle portion is between 5262.5 and 5308
seconds, since it is needed an Aaggressiveodo port.i
significantly high, to bewgre that also the tailpipe emissions, considering the SCR system always active, exceed
the function limitation. With this aim, the input of the function is reported irDHi§.

N
o
=]

3500

n
S
)

A e i s il

2000

n
a
3
3

R

o
=)
3

o
3
3

ICE torque [Nm]
=) @
3 3
—
| —

T v

ICE angular speed [rpm]

L

@
S

o
=)
3

| |

0 0
5260 5265 5270 5275 5280 5285 5290 5295 5300 5305 5310 5260 5265 5270 5275 5280 5285 5290 5295 5300 5305 5310
time [s] time [s]

() (b)

Figure 9.19 Predictive Aftertreatment control function Input (Case3)

The results for Case3 are reported in the following figwighout any limitation on the engine usage.

It is possible to see that the NOx production estimation exceeds both the legal and function limitation,

t herefor e, on t hat particul ar driving mission, tr
regulation. In order to match the impodaditations, as reported in TaB.4, the implemented predictive
aftertreatment control function has the capability of calculating the internal combustion engine torque
limitation needed in order to reduce the NOx productiobe compliant with the constraints.
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Figure 9.20 Predictive emission control strategy decision for Cage

In this particular scenaridCase3it can be seen the additiorapability of the proposegredictivefunction,
whichis the engine torque gradient limitation in order to match the function limitation.
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Figure 9.21 Torque gradient limitation (a) and consequent NOx production reduction (b¥or Case3
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As Fig9.21 shows the torque limitation (a) helps to reduce the NOx production (b) and, therefore, to respect

the function constraintsThe yellow line in Fig9.21 (a) represents the limited engine torque, and it clarifies

why this control policy can be considered only if the powertrain can drive in pure electric or, at least, has a
wonot

large electric boosting capalyls i n c e,
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10 Optimal Powertrain Control

Considering a generiaultivariable dynamic system evolving over a time horizon, an optimal control problem
can be formulated in order to find the optimal sequence of control inputs that minimizes a gifanatast,
which is usually related to the cost of the system operati
Thinking to a powertrain that perfosma given driving mission, it is possible to define an optimal control
problem to optimizéts operation in order to obtaitihe best performance in correlation with the objective
which could be, for example, the mmum fuel consumptiofi,23], the minimum lagime on a track60] or
the minimum of the pollutant emissiopsoduction[61].
Usually, when dealing with an optimal control problem, the following characteristics are always present:

- Boundary Conditionghat defines the initial and final state desired for the dynamic system;

- Constraintson the values the variable included in the problem can assume;

- Costfunction to be minimized in order to find the optimal control law.
Different algorithms have been proged over the years by automotive researchers with the aim of solving
optimal control problems applied toybrid powertrainsusing, as mentioned in Par.1.2@timization
techniques calledDynamic Programmind1,62-63], Pontryagin's minimum principl¢14-1564-65 and
Convex Optimizatio [66-68].
In this content the Dynamic Programming has been investigated in detail and applied to the reference vehicle
detailed in @ap.3to find the optimal control law to be applied to the powertrain in order to readhest
possiblefuel economy.

10.1 Dynamic Programming
10.1.1 Overview

Theory

As Dynamic Programmin¢DP) [69] is intended a direct, or numerical, method to solve multistage optimal
control problems (OCP). It is considered the only optimization technique able tdgeos®lution to any OCP
without limitation on the problem complexitpince it performs a global optimization, it is poausal [1],

which means the problem variables that are independent on the system evolution (in the following mentioned
asDisturbance} must be knowm priori for the entire optimization horizon.

Suchal gorithm derives from t he Bel stated im differem wayspfori pl e
example:

fif the optimal solution for a problem passes through an intermediate(state, then the optimal solution
to the same problem starting at,(k) must be the continuation of the same patj [. 0

Or, equivalently

flAn optimal control policy has the property that no matter what the previous decision (i.e., controls) have
been the remaining decisions must constitute an optimal policy with regard to the state resulting from those
previous decisions [ . 0

Considering Bell mandéds principle, it can be assess
end, the optimatontrol policy corresponds to the remaining part of the global optimal solution.

To express such complex concept in mathematical formusatageneric discrettme dynamic systergFig.

10.1) can be considered
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Figure 10.1Generic discretetime dynamic system

Being

- "Qdiscretetime index, or stage;

- 0, given time horizon;

- ® N Y, system state vector at tirf@ can be measured at tirigg
- 6 7Y @ |, control input vector at tim&

0 , disturbance vector at tim@ a random variable;

- "Q PhEhE, function capturing system evolution at tire

Assuming that all the intermediate states of the
control input policy that minimizes a given cdshction 0, which can be formulated as shown in EG.1.

0 Q w Q o 101

The terminal cost is a constraint to ensure the desired state of the system at the final stage, while the stage cos!
is related to the actual system status.
Now let* map the statey» to control inputd

6 wh 6 nNYi Ny 10.2
The following definition may then be introduced

“h * EH EMBH 3 10.3
where" is calledadmissible policyGiven an initial system state, the statesy 8 o are unknown and the

disturbance$ B h) are random variablet.is then possible to define tiesxpected costssociated with an
admissible policy as

0 ® h Qo Qohl o 10.4
Let™ be the set of all admissible policies. Thehjs called aroptimalpolicy if:
V.60 0 @h “n~n" 10.5

The optimal cost is defined & & d, 0. @ .Thus,J E is a function that maps initial states to optimal
cost
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Therefore, the output of the optimization algorithm returns the optimal control péliefined as:
“r 0" T B 10.6

In other words, the DP algorithm proceeds backwards startingtfrerfinal statechoosing at each stage the
control actios that minimize the codb-go function from the actual stage to thelefinding in this way the
optimal control policy that minimizes the global cost.

The backward optimization is divided in tmages:

- Initialization, where a cost is associated to desired final state of the system:
Vw Qowh ltonTy 10.7
- Recursionwhere the costio-go matrix is minimized to find the optimal control actioraaetualstage:
0 @ a'Q¢ "Q wh 0 Qo
5 o 10.8
JoNYh'Q 0 ph8hm

Applicationsin Automotive

Over the years, DP has beengely used in automotive research for different applications. Author&2pf [

have used dynamic programming to optimize the energy management of hybrid electric vehicles, while the
work [73] proposes an optimization of the battery thermal manageunsan this optimization technique. In

[1] the author uses the optimal control policy to benchmark airealsuboptimal controller.

Other interesting works use DP in combination with other optimization algorithm, for exampl@ inHas

been used in a mayer optimal control, in combination with convex optimization, to optimize thdinear

control variable, such as the gear selection and the ICE status, making the problem of energy management
convex and, therefore, solvable using CVX.

In [74], instead, Dynamic programming has beappliedin order to optimize the vehicle speed profile over a
given route in a given timavhile authors of [75] have improved the capability of cruise controller application

by applying DP over a receding horizan orderto optimize both the vehicle speed and the -ghifting,
showing interesting results in terms of achievable fuel economy.

10.2DP Application to PHEVs

The application of the described generic algorithm to the considered complex dynamic system, i.eirthe plug
hybrid electric powertrain, needs an association between algorithm variables and specific problem variables.
In this section the DP kdeen implemented to find the optimal powertrain control in order to minimize the
vehicle fuel consumption, indeed,daptimize the EMS for the vehicle.

The following variables ha been chosen to define the problem formulation:

Disturbances

Thedisturbancesectory , whichcollectsthe variables that are independent of the vehicle sthiehare the
speedU and the road slope profiles.

0 | 10.9
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State variables

The state variablesiy chosen for defining the system state are the battery state of casgéhe curently
engaged geaiQi.

YO 6
O 10.10

Control variables

The chosen variables for the powertrain operating control are:

- the torque split factar "®etween the electrical and hybrid paths. When it is equal to 1, the total amount
of torque requested at the wheels is provided by the two electric motors on the front axle and the engine is
switched off. Otherwise, if " equal to 0, the engine proe&lthe torque requested at the wheels and the
electrical machines on the front axle are used only for regenerative braking;

- the additional torqua n(that meansoad point shiftrequested to the engine to recharge the battery. This
control variable isised in combination with the "® define the total amount of torque the engine has to
provide and, multiplied byl, to calculate the torque of the integrated stayéererator (ISG);

In symbols,

N 10.11
ani

Cost function

The cost function ssociated to the powertrain energy management problem is the sum of the instantaneous
fuel consumption at each stage, plus the final cost related to the battery state of charge target for the end of the
driving mission. To be more precise, there is no imgrcost for the electrical energy usage, but only a
constraint, defined using the terminal cost, that forces the controller to reach a specific state of charge at

the end of the cycleSOG).

0w U Y06 4 {5 who 10.12

Subject to

YOO YOO YOO

N v
Ni v
i v
N v
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where the' Y0 s the battery state of chargad”Yry ,"Yr ,"YR are, respectively, the torque reqsdst
the engineelectric motorand integrated startgenerator

10.2.1 Control variables influence on powertrain operation

According to the value of thehosen control variables, the supervisory controller defines the EMS for the
vehicle in a certain instant of the driving mission. To better understand how such variables affect the energy
flow among the powertrain, in Fi0.2 have been reported the powertrain layout with a mention of the
components influenced by each control variable.

motors

Clutch
/
Tqtrans,rear
y =
: | 2
= g &
g Ips m
——————————— J (1 - Sf) TQTeq
sf - TQTeq PISG(lpS) 1SG

Pbat(SfJ lpS)

Figure 10.2 Control variable for target PHEV

Remembering the powertrain analytic model illustrated in Chepe4ontrol variables appear in the definition
of:

- The torque split between the electrical and thermal path@ (

YA i vl vy 10.13
and
YA | p v 10.14

- The total torque requested to the enginé® 1) i
YA 0 mam¥YYR n=vYy 5 V]t 10.15
- The battery power request (@ 1) i

0 0 vVl 0 memvi j- 0 10.16
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10.2.2 Algorithm Implementation

For the backward optimizatiaigorithm,it has been chosen a discrete approach, theralidtee variable of
the problem can only assume discrete values.

Variables Discretization

In this section, it is presented the discretization chosen for each of the problem variables. With regards to the
state variable, he di screti zationbs ar e:

- Battery state otharge
YO O TR o8t dpo v;

- Actual engaged gear

QL pdpdyp ;
and for the control variables
- Torque split factor
[ 'Q T ;
- Engine additional torque for battery recharge
anit mdg T

The termdiscretizatiorhere means the minimum step the algorithm can take to span a variable vector. In this
sense, the algorithm is considering that the problem variables can only be part of the fixed range and, moreover,
assumethe discrete values defined by the vectors shaloveThe more the discretization step is small, the

more the accuracy of the optimal solution increases but, contextually, it increases the computational load. The
choice of using onlythree stegs to discretize the split factor variable derives fornsemsitivity analysis
performed in order to investigate the influence of each variable on the global optimum cost, that have shown
a flat behaviour with respect to "tiscretization, as can be seen in EQ@3 .

107 107 10
SOCk discretization

0.5 0.45 0.4 0.35 0.3 0.25 0.2 0.15 0.1 0.05
sfK discretization

Global Cost

0.99

100 90 80 70 60 50 40 30 20 10
Ipsk discretization

Figure 10.3 Sensitivity of the Global Cost to variables discretization

For thet ndiscretization it has been chosen the minimum step, 5, which is even the one that leads to a lower
global cost.
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Regarding théY ) (Oinstead, ihas been made a trad# between the optimization time and the globast,
since the optimization time fdhe chosen step is 3750 seconds, while with the lowest step considered the
simulation time is 20512 seconds. For the maximum step, 0.01, the time needed for the optimization is 1737
seconds, but the global cost is slightly higher. The chosen step hasaaalst near the minimum and an
acceptable computational time.
From Fig.10.3 it seems the system has a slow sensitivity with respetiteonariable discretization. For the
i "@nda nthe behavior can be explained considering that the engine is definitively powerful, therefore the
optimization algorithm mostly chooses an On/Off behaviour, rather than a torque splitting one andewhen th
engine is on, the load point shift is often high to reach higher efficiencies zones.
Concerning théY ) ,&he sensitivity analysis has been conducted only on discretization that are already small
enough to have a good accurafoy,two main reasons:
- the results of the optimizatidmave to be implemented in a more complex simulation environment (MiL)
to assesthe benefit of optimal control. A large discretization on such important state variable may lead to
important differences between the analytical model and the Aroted loop;
- the battery capacity is quite high, therefore a small percentage of thefstharge is a consistent amount
of energy, therefore a poor accuracy in the discretization could affect the definition of the optimal control
policy.

Backward Optimization

The evaluation for all the possible combination is performed using concatéreaéidn loops, one fagach
problemvariable that can be schematically represented as follows

for time= N-1.-1:0
% analytic longitudinal vehicle dynamics
for sf=0:0.5:1
for [ps=0:5:200
%analytic components model
% costto-go matrix updating with actual stage cost
for SOC=0.25:0.001.0.95
forgr=1:6
%cost-to-go-matrix minimization
%control variables optimal combination for the actual states
variables combination
end
end
end
end
end

At the end of the optimization algorithm, the optimal control variables for each time stage and each possible
combination of the state variables are saved in
dimension (1 dimension for the stagedithensions for the states).

Forward Implementation

The forward implementation of the optimal control policy has been done using the MiL environment of the
vehicle, in order to have a more realistic behaviour of the powertrain in terms of components $oaltro
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approach has been possible since the state variables have been discretized, therefore small changes in the
powertrain state evolution with respect to the backward optimization can be handled
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Figure 10.4 Forward implementation of the optimal control policy

Since the Mil has been implemented in Simulink, the optimal control matrixes have been loaded using 3D
look-up table where the breakpoints are the vagboeviously defined in this paragraph.

10.2.3 Resultsvs RBS and ECMS

Before showing the results mention isieeded on the performances shown in the followarggraphsSince,

as hybrid electric vehicle, the considered powertrain has two possible energy sources and, therefore, two

differetener gy consumptions, it has been chosen to fi

performancesThe proposed correctide purely based on energetic considerationst her ef or e it i
with homologation standardn this case, thedea, is to consider a mofeneut r al 6 appr oach
consumptionjncluding just the energy provided by each energy storage sgstieen fuel tank and battery,

along the driving missiorMoreover, using such policy, it is possible to make the resulependent from the

driving mission type, by taking into account just the efficiencies of the machines.

CQO; correction

The CQ production has been chosen as the assessment parameter for compamghgbdhenergy
consumption related to the applied cohstrategies.

The CQ production is evaluated directly from the fuel consumption, calaulaithin the MiL, by means of
a conversion factor whose value @ ¢ oxQru j, . In order to evaluate the effective fuel

consumption of the engine it hasdm used a loelp table that maps the fuel mass rate as a function of the
engine speed and torque.

For havng a comparison on a single parameter, that takes also into account the electrical energy balance of
the battery between the beginning and the drideodriving mission, the C{production has been corrected
considering the following approach.

The energy requested at the wheels can be delivered both by the ICE or the EMs, therefore two different
situations can occur: energy balance at the end afyttie,3*Q dexpressed in KJ), is positive or negative, i.e.

the battery SOC at the end is higher or lower than the initial value. In the first scenario, it is assumed that the
positive difference of the electric energy is covered by the engine (reupdhg battery using the ISG),
consuming more fuel than actually required. It is possible to calculate the virtual fuel consumption (to be
subtracted to the actual one) using the average efficiencies of the machines on the thermal path, as shown in
Eq.1017
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whered "Ow is the lower heating value of the fuel equal to 42B00Kg, and-[ and-[ are the average
efficiencies calculated directly in Simulink. Instant by instant, the engine efficiency is calculated by dividing
the mechanical power provided by the engine for the chemical power of the injected fuel.

In the other case, with negative @lécal energy balance, the difference is considered as a further request of
torgue addressed to the EMs on the front axle instead of using the ICE. Therefore, it is possible to calculate
the additional fuel consumption to be added to the actual onejentorcompensate the battery balance. The
formulation is defined by Eq.0.18

Ya D 0w O  3Q63_{ 10.18

It is important to underline that this correction is formulated considering the physics of the powertrain since
there isno regulation that can be followed for the chosen driving sycle

Results comparison

The results shown in the following regard the driving mission introducedhap €. Asit can be seen from
Fig.10.5, the full knowledge of the driving missi@illows the DPbased controller to manage the SOC in a
completely different wayvith respect to the other two causal controllers. This different behavior reflects in a
betterfuel economy, a# can be noticed in Fi0.6.
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Figure 10.5 DDP vs ECMS-CDCSvs RBSi SOC
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Figure 10.6 DDP vs ECMSCDCS vs RBSi cFC

Considering the afore mentioned correction to balance the electrical energy in the battery between the
beginning and the end of the driving mission, the numerical results that summarize the cdntrollers
performance over the given driving mission are collected in10db.

Table 10.1 Corrected CO2 comparison DDP vs ECMS CDCS vs RBS

Strategy Corrected CO2 Difference
[g/km] [%]
RBS 251.76 0.00
ECMSi CDCS 23705 -5.85
DDP 22978 -8.73

As can be noticed, using the BRsed controller in a MiL simulation, thus considering all the complexities

t hat candét be expressed within the analytic model
to the sukoptimal controller introdued in Par. 8.2 and more than the 8% with respect to the baseline RBS
controller.
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Figure 10.7 Average Efficiencies on RDE cycl®DP vs ECMS CDCS vs RBS

62



The machinesd aver age cemparabkefoealthe censolleosywhich unhdarimesehatc | e
RBS is not inefficient in the management of the components, but rather far from optimality in terms of energy
management, because the fixed rules are not adaptive with respect to actual drivitignsoAd it has

already been shown in Par. 8.3.3, a large contribute to the fuel consumption reduction is due to the better
management of the recuperation phases, which is more efficient in the case of the ECMS and DDP controller.

Results on other&®DE cycles

Table 10.2 Corrected CO2 comparison DDP vs ECMS CDCS vs RBSRDE2

Strategy SOGin COo Corrected CQ@ Difference
RDE-2 [%] [o/km]] | [g/km] [%]
RBS 25.00 206.27 281.31 0.00
ECMSi CDCS 28.00 188.31 255.93 -9.02
DDP 27.27 181.48 253.29 -9.96

The RDE2 cycleis similar to the one shown in detail in the previous paragraph and, as can be seen from
Tabl10.2, the performance of the swptimal controller is amehow near to the optimal powertrain control in
fact, the percentual difference on the corrected fuel consumption with respect to the DDP controller is less than

1%.

Table 10.3 Corrected CO2 comparison DDP vs ECMS CDCS vs RBSRDE3

Strategy SOGin COo Corrected CQ@ Difference
RDE-3 [%] [o/km]] | [g/km] [%]
RBS 2533 224.00 312.90 0.00
ECMSi CDCS 2664 19200 272.20 -1300
DDP 2712 169.10 249.00 -2042

For the third RDE cycldnstead, it has been considered an inverted driving cytich mean the lovgpeed
zone is placed at the end of the driving mission, as id@:&y.In this case it is possible to dbat, for unknown
driving cycles, the ECMS controller is definitely more performant than,RBSonfirmed by the quantitative
results reported in Tah0.3.
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Figure 10.8 RDE3: DDP vs ECMS-CDCSvs RBSi SOC
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Even if RBS and ECMEDCS have the sanohargedepleting/chargsustaining behaviour, the one obtained

with the suboptimal controller leads to an higher efficiency in the engine usage, as shownlid-he

DDP controller, instead, reagha large gain in fuel economy both for the engine usage efficiency and the
knowledge of the driving mission, which allows a different usage of the electrical energy stored in the battery,
resulting in a different SOC evolution on the cycle, as noticealii 10.8.

Figure 10.9 Average Efficiencies on RDB cycle DDP vs ECMS CDCS vs RBS

10.3Combined optimization of Energy and HVbattery thermal management

This section proposea combined optimization algorithm that simultaneously optimizes the energy
management and HV battery thermal management of the reference vehicle. There are two aims in combining
the optimization:

- Include inthe Energy Management optimization the energy consumption related to the batteryammbling
adding the battery temperature as a state variable, therefore considering also the efficiency of the battery
with respect to such variable, see Bi@.

- Optimize the Thermal Management control over a given driving mission.

10.3.1 Battery cooling circuit

The battery cooling circuit is depicted in Aig.10.

Figure 10.10 HV Battery cooling circuit
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