
applied  
sciences

Article

Battery High Temperature Sensitive Optimization-Based
Calibration of Energy and Thermal Management for a
Parallel-through-the-Road Plug-in Hybrid Electric Vehicle

Pier Giuseppe Anselma 1,2,* , Marco Del Prete 1 and Giovanni Belingardi 1,2

����������
�������

Citation: Anselma, P.G.; Del Prete,

M.; Belingardi, G. Battery High

Temperature Sensitive

Optimization-Based Calibration of

Energy and Thermal Management for

a Parallel-through-the-Road Plug-in

Hybrid Electric Vehicle. Appl. Sci.

2021, 11, 8593. https://doi.org/

10.3390/app11188593

Academic Editors: Marco Cammalleri

and Vincenzo Di Dio

Received: 30 June 2021

Accepted: 11 September 2021

Published: 16 September 2021

Publisher’s Note: MDPI stays neutral

with regard to jurisdictional claims in

published maps and institutional affil-

iations.

Copyright: © 2021 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

1 Department of Mechanical and Aerospace Engineering (DIMEAS), Politecnico di Torino, 10129 Torino, Italy;
delpretemarco96@gmail.com (M.D.P.); giovanni.belingardi@polito.it (G.B.)

2 Center for Automotive Research and Sustainable Mobility (CARS), Politecnico di Torino, 10129 Torino, Italy
* Correspondence: pier.anselma@polito.it

Abstract: Preserving high-voltage battery pack lifetime represents a key issue in hybrid electric
vehicles (HEVs). Temperature has remarkably major impacts on battery lifetime and implementing
HEV thermal and energy management approaches to enhance fuel economy while preserving
battery lifetime at various temperatures still represents an open challenge. This paper introduces
an optimization driven methodology to tune the parameters of thermal and energy on-board rule-
based control approaches of a parallel through-the-road plug-in HEV. Particle swarm optimization
is implemented to this end and the calibration objective involves minimizing HEV operative costs
concerning energy consumption and battery degradation over the entire vehicle lifetime for various
ambient temperatures, driving conditions, payload conditions, and cabin conditioning system states.
Numerical models are implemented that can estimate the evolution over time of the state of charge,
state of health, and temperature of HEV high-voltage battery packs. Obtained results suggest that
the calibrated thermal and energy management strategy tends to reduce pure electric operation
as the ambient temperature progressively increases beyond 30 ◦C. The consequent longer internal
combustion engine operation entails a gradual increase in the overall vehicle energy demand. At
a 36 ◦C ambient temperature, the HEV consumes 2.3 times more energy compared with the 15 ◦C
reference value. Moreover, activating the cabin conditioning system seems beneficial for overall
plug-in HEV energy consumption at high ambient temperatures. The presented methodology can
contribute to easing and accelerating the development process for energy and thermal management
systems of HEVs.

Keywords: battery ageing; battery lifetime; battery temperature; calibration optimization; control
strategy; electrified powertrain; energy management; hybrid electric vehicle; thermal management

1. Introduction

Lithium-ion batteries currently represent the most commonly employed energy stor-
age systems on-board hybrid electric vehicles (HEVs) and pure electric vehicles [1,2]. They
allow the storage of electrical energy for subsequent use as vehicle propelling energy. How-
ever, they present some critical issues that currently contribute to restricting the widespread
diffusion of electrified powertrains. As an example, the current high cost of Li-ion battery
packs (250–2500 $/kWh [3]) is a major factor in making the retail price of electrified vehicles
considerably higher compared with vehicles equipped with traditional propulsion systems,
i.e., based solely on internal combustion engines (ICEs) [4]. Moreover, Li-ion battery packs
notably suffer from degradation of performance throughout their lifetime: their internal re-
sistance increases, their capacity reduces, and their charge and discharge power capabilities
consequently decrease [5]. Battery degradation worsens the performance of the electrified
vehicle both in terms of fuel economy and acceleration capability [6]. Cyclic ageing that
occurs during effective battery operation is normally considered the most critical ageing
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aspect [7]. The rate of cyclic ageing depends on given battery operating factors such as the
C-rate, state-of-charge (SOC), and battery temperature as examples [8–10].

In general, the more critical the battery operating conditions, the more rapidly the
battery approaches its end-of-life (EOL). However, defining the battery EOL is not a trivial
operation. Indeed, the battery EOL is not simply related to the effective maximum number
of charging and discharging cycles that a battery can supply, but rather to a more subtle
concept of battery charge throughput (often expressed as Ah-throughput). The total
number of allowed battery cycles loses relevance as the nominal capacity decreases below
a certain value. The progression of the battery towards its EOL is normally monitored by
the battery state-of-health (SOH) and it ends when the effective battery capacity is reduced
to 80% of its initial nominal value [11].

Progressive capacity loss in Li-ion energy storage systems involves specific chemi-
cal processes that take place within the cells. For example, a solid electrolyte interface
(SEI) layer gradually grows on the anode with a rate that particularly accelerates at high
temperatures above 35 ◦C [12]. Battery ageing is also due to lithium plating at the anode,
which principally occurs at low temperatures below 15 ◦C [13]. However, battery ageing
also occurs when the temperature of the battery is between 15 ◦C and 35 ◦C at a rate that
depends on the battery C-rate, SOC swing, and battery temperature itself [14].

Developing battery SOH sensitive EMSs for HEVs has become a topic of growing
interest in the literature. In 2012, Ebbesen et al. first adopted the concept of SOH for
controlling battery ageing using a throughput-based capacity fading model. They simu-
lated different driving missions by means of a quasi-static HEV model controlled by an
equivalent consumption minimization strategy (ECMS) [15]. Similar considerations were
made by Onori et al. in the same year, who introduced a severity factor in place of the
battery SOH [16]. Further battery SOH sensitive energy management approaches were then
introduced in the following years. The concept of dual-objective ECMS for controlling fuel
consumption and battery ageing was further extended in 2015 [17] and in 2019 [18]. These
investigations demonstrated that considerable economic saving can be achieved by preserv-
ing the same battery pack for the entire vehicle lifetime. Different battery SOH sensitive
HEV energy management approaches were developed, including convex optimization [19],
model-predictive control [20], and dynamic programming [21,22].

The above studies assumed that battery temperature was kept constant by the condi-
tioning system throughout the entire simulated driving missions. However, guaranteeing
a constant battery temperature over time can represent a difficult task for the thermal
regulation system, and slight temperature oscillations can occur even in best case scenar-
ios. A number of studies have currently begun to assess this issue. The authors of this
paper conducted a one-year long experimental campaign to validate the battery lifetime
predicted by a SOH sensitive HEV EMS and found that an increase in the average cell
surface temperature of only 1 ◦C can culminate in as much as a 15,000 km or 7% decrease
in the cell lifetime [23]. Du et al. recently considered energy management for a parallel
plug-in hybrid electric bus sensitive to both battery temperature and SOH. They suggested
that noticeable equivalent cost savings might be attained by limiting the overall battery
temperature increase while driving [24]. Although these works represent steps in the right
direction, extensive research is still needed to develop a battery thermal management
system whose calibration can guarantee a satisfactory high-voltage battery kilometrical
lifetime. The present work introduces an optimization-driven calibration method for the
on-board energy and thermal management of a plug-in HEV. The aim is to minimize
operative costs of fuel and electrical energy consumption and battery degradation over the
entire vehicle lifetime. The optimization-driven calibration workflow considers different
ambient temperatures, driving conditions, payload conditions, and cabin conditioning
system states. The developed HEV energy and thermal management strategy proved to
flexibly adapt to different ambient temperatures. Moreover, the strategy limits the increase
in the overall HEV energy demand that may be expected when ambient temperature rises
above 30 ◦C.
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The paper is organized as follows: the retained HEV powertrain model and base-
line on-board EMS are presented first. Section 3 then describes the numerical models
implemented to reproduce the electrical, thermal, and ageing behavior of the high-voltage
HEV battery. The battery cooling system and its numerical model are also described. The
optimization-driven calibration of the HEV EMS is discussed in Section 4. Results are
presented in Section 5, with conclusions drawn in Section 6.

2. HEV Modeling and Baseline Energy Management

Figure 1 illustrates a schematic diagram of the parallel-through-the-road plug-in HEV
powertrain retained in this study. The vehicle configuration has been inspired by the
commercially available Jeep Renegade 4xe® [25]. This HEV is equipped with a 1.3-L,
four-cylinder, turbocharged spark-ignition internal combustion engine (ICE) on the front
axle. Moreover, two permanent magnet electric motor/generators are embedded, one in
configuration P4 (at the rear axle) and one in configuration P0 as a belt starter-generator.
These are respectively indicated as MGP4 and MGP0 in the paper. It should be noted
that the high-voltage battery has been considered made of A123 26650 cells instead of
LiNiMnCoO2 (NMC) cells, as in the commercially available Renegade 4xe®. This choice
stems from the availability of both a widely accepted battery cyclic ageing model and open-
source data for A123 26650 cells [14,26]. The number of cells has been selected targeting
overall pack parameters as close as possible to the ones of the commercially available plug-
in HEV (e.g., 11.4 kWh nominal capacity and 400 V nominal voltage). Retained vehicle
data are reported in Table 1, while the follow-up of this section discusses further details
concerning the on-board HEV energy management logic and the considered powertrain
modeling approach.
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Figure 1. Schematic diagram of a parallel-through-the-road HEV powertrain.

Table 1. Parameters of the parallel-through-the-road plug-in HEV powertrain.

Component Parameter Value

ICE Max. power (hp @ RPM) 130 @ 5500
Max. torque (Nm @ RPM) 270 @ 1850

MGP4 Max. power (hp @ RPM) 60 @ >1240
Max. torque (Nm @ RPM) 250 @ <1240

MGP0 Max. power (hp @ RPM) 20 @ >2480
Max. torque (Nm @ RPM) 48 @ <2480

Transmission ratios
Rear final drive (-) 5.6
Front final drive (-) 3.68

Automatic gearbox (-) [4.46; 2.51; 1.56;
1.14; 0.85; 0.67]

MGP0 belt (-) 2.7
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Table 1. Cont.

Component Parameter Value

High-voltage battery
Battery nominal capacity/voltage

(kWh/V) 10.94/400

Cell nominal capacity/voltage (Wh/V) 7.6/3.33
Pack configuration 120 S; 12 P

Cell type A123 ANR26650
Vehicle body Road load coefficient A (N) 94.04

Road load coefficient B (Ns/m) 3.81
Road load coefficient C (Ns2/m2) 0.48

Wheel radius (m) 0.322

2.1. HEV on-Board Energy Management Strategy

The considered HEV embeds an ICE, a MGP0, and a MGP4. These three power
components allow the HEV to choose between the three following operating modes while
driving [25]:

1. Electric mode, in which the traction is provided by the MGP4 alone;
2. Hybrid mode, which is characterized by the three power components being controlled

in order to have the ICE working close to its optimal operating line (OOL). The OOL
is particularly defined by the values of ICE torque that maximize the engine efficiency
for each given value of rotational speed;

3. E-save mode, where the ICE can be simultaneously employed for propelling the HEV
and charging the battery by means of MGP0 and MGP4 working as generators. In par-
ticular, the instantaneous ICE power is controlled to be the maximum value between
the one corresponding to its OOL and the one required to propel the HEV alone.

All the operating modes allow performing regenerative braking, while the baseline
HEV controller implemented in this study is assumed to operate as follows:

• As the HEV starts a given driving mission, pure electric operation is selected if the
battery is sufficiently charged. Then, an automatic shift to Hybrid mode is performed
if the SOC goes below 0.30 in order to preserve battery charge sustenance. Moreover,
if the driver’s power demand exceeds the value that can be provided by the MGP4
alone in Electric mode, then the powertrain temporarily operates in Hybrid mode.

• In case the value of battery SOC falls below 0.25, the rule-based HEV controller
switches to the E-save mode to charge the battery until SOC reaches 0.30. Hybrid
mode is subsequently set as the operating mode.

• Regenerative braking is disabled when the battery SOC exceeds the upper limit, which
is set to 0.8 here. This is performed as Li-Ion cells significantly degrades when being
charged at high SOC values [27].

2.2. HEV Modeling Approach

A quasi-static approach was adopted for modeling the HEV in Matlab/Simulink®

software (Mathworks Inc., Natick, MA, US). This approach is largely used in design and
analysis activities for HEV powertrains thanks to its high computational efficiency [28]. A
proportional–integral–derivative (PID) controller is introduced here to model the driver
following the speed profile over time for given drive cycles. Lookup tables of power
components employed in this paper are illustrated in Figure 2 and they have been generated
using dedicated tools in Simcenter Amesim® software (Siemens PLM, Camberley, UK).
The mathematical procedures implemented in the software to generate the lookup tables
are available in the literature [29,30].
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software.

The total vehicle resistive force Fres can be easily computed from the vehicle free body
diagram using Equation (1):

Fres = Faero + Froll + Fmisc + Fgrad (1)

where Faero is the aerodynamic drag, Froll represents the rolling resistance, Fmisc incorporates
some miscellaneous terms, whereas Fgrad is the grading resistance related to road slope
angle ϑ. Specifically, the above resistive terms were evaluated as follows:

Faero + Froll + Fmisc = A + Bv + Cv2 (2)

Fgrad = mvehgsinϑ (3)
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where A, B, and C are the vehicle road load coefficients [31], v is the longitudinal speed
of the vehicle, g represents the gravitational acceleration, and mveh is the total mass of the
vehicle in kilograms that was assumed to be related to the number of passengers npass:

mveh = 1768 + 100·npass. (4)

The tractive or braking force Fpwt that is provided at the wheels by the powertrain was
introduced. Then, the equilibrium equation at the vehicle level could be written as follows:

mveha = Fpwt − Fres,tot (5)

where a indicates the longitudinal acceleration of the vehicle. The powertrain torque Tpwt
requested at the wheels could thus be computed as follows:

Tpwt = Fpwtrwheel (6)

where rwheel is the radius of the wheels. All possible terms contributing to Tpwt were
considered, and Equation (7) could thus be obtained:

Tpwt = TICE,wheel + TMGP4,wheel + TMGP0,wheel − Tbrakes (7)

where the terms TICE,wheel , TMGP4,wheel, and TMGP0,wheel represent the values of torque
provided at the wheels by the respective power components, while Tbrakes is the braking
torque supplied by the brake system.

The torques of power components TICE, TMGP4, and TMGP0 were evaluated back-
wardly from the respective torques outputted at the wheels by means of relations using the
transmission ratios reported in Table 1 and appropriate efficiencies [32]. The wheel angular
speed ωwheel could be defined as follows:

ωwheel =
v

rwheel
. (8)

ωMGP4, ωICE, and ωMGP0 that respectively represent angular speeds of MGP4, ICE,
and MGP0 can be evaluated by multiplying times transmission ratios. Once the operating
conditions (i.e., torque and speed) are known for each power component, evaluating the
fuel consumed by the ICE and the electric power requested to the high-voltage battery by
the electric motors is possible through considering the following equations:

M f uel =
∫ t

0

.
m f ueldt + ncrankmcrank (9)

Pbat,MGP4 = ωMGP4TMGP4 + Ploss,MGP4 (10)

Pbat,MGP0 = ωMGP0TMGP0 + Ploss,MGP0 (11)

where M f uel is the total amount of fuel in grams consumed by the ICE up to time instant t,
.

m f uel is the fuel consumption rate in grams per second, mcrank is the mass of fuel required to
crank the ICE (equal to 0.5 g here [33]), ncrank takes into account the number of activations
over time, Pbat,MGP4 and Pbat,MGP0 are respectively the powers requested or supplied by the
electric motors to the battery, whereas Ploss,MGP4 and Ploss,MGP0 indicate the power losses
that characterize the two electric motors. These were evaluated by means of the lookup
tables reported in Figure 2. The electrical, thermal, and ageing behavior of the battery
could then be modeled as described in the following section.

3. High-Voltage Battery and Air Cooling System Modeling

The following methodologies were adopted here for modeling the plug-in HEV high-
voltage battery pack from electrical, thermal, and ageing perspectives:

1. An equivalent circuit model for battery electrical modeling;
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2. A single temperature lumped-parameter model that evaluates battery temperature
evolution during HEV operation, which is coupled with the air cooling system model;

3. A throughput-based battery capacity fade model that evaluates battery cyclic ageing.
4. Each of the listed modeling methodologies is illustrated in the follow-up of this

section.

3.1. Equivalent Circuit Model

Following a common approach from literature, the battery pack was modeled with
an equivalent circuit [34]. To this end, Thevenin’s theorem was applied to the pack con-
figuration illustrated in Table 1 and constituted by A123 cells. In particular, the following
equations hold:

OCVbat = NsOCVcell (12)

Rbat =
Ns

Np
Rcell (13)

where Ns and Np are respectively the number of cells in series per branch and the number
of branches in parallel, OCVcell and OCVbat represent open circuit voltages of one single
cell and of the high-voltage battery pack, whereas Rcell and Rbat are the internal resistances
of the cell and pack, respectively.

Similarly, cell and battery pack capacities Ccell and Cbat were linked as in Equation (14):

Cbat = NpCcell . (14)

Battery current Ibat can be computed by means of Equation (15) by applying the power
conservation law to the battery equivalent circuit model and by introducing battery power
Pbat, which is detailed in Equations (22)–(25) in Section 4:

Ibat =
OCVbat −

√
OCV2

bat − 4PbatRbat
2Rbat

. (15)

The instantaneous battery C-rate c could then be evaluated using Equation (16):

c =
|Ibat|
Cbat

. (16)

Battery state-of-charge SOC could consequently be evaluated by knowing its value at
the beginning of the driving mission (SOC0) and using the current integration method:

SOC = SOC0 −
∫ t

0

Ibat
Cbat

dt. (17)

It should be noted that cell parameters are not constant, but rather their values change
during HEV operation. With respect to OCVcell , its value varies with SOC, whereas Rcell de-
pends on more factors, namely SOC, C-rate, battery temperature, and charging/discharging
conditions [14]. OCVcell is sensitive to temperature variation as well, but its variation nor-
mally has less impact.

3.2. Single Temperature Lumped-Parameter Model and Battery Cooling System

Temperature has an extremely major impact on battery lifetime, which is especially
holds when it falls beyond the ideal thermal thresholds that are currently estimated within
15 ◦C and 35 ◦C [12]. The high-voltage battery pack is an extended body characterized by
a spatial distribution of temperature values, which is rather complex to model [35,36]. A
wide range of battery thermal modeling options is available in the literature. Among these,
lumped-parameter thermal models can be suggested as a good trade-off between model
accuracy and ease of implementation in Matlab/Simulink® software. A single temperature
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lumped-parameter model of the battery has been implemented here by taking inspiration
from the works by Han et al. [37] and Jaguemont et al. [38].

The battery pack considered in this paper is constituted by a total of 1440 cylindrical
cells of type A123 26650. As reported by the manufacturer [26], each cell is shaped in a
cylinder of Ø26× 65 mm and weights of 76 g. Reasonable values for battery and air thermal
parameters were obtained by combining cell manufacturer data with data extracted from
the work presented by Kim et al. in 2013 [39]. These values have been reported in Table 2.
In particular, they refer to the battery pack mass mbat, to its specific heat cbat and to its
sizes: length lbat, height Hbat, and width wbat. Sbat represent the exchange surface with the
surrounding air, which characterizes for a specific heat cp,air. Despite being modeled using
a thermal lumped approach, the battery pack was not assumed to be lumped from a spatial
point of view, as displayed in Figure 3. Notably, 40, 3, and 12 cells were particularly aligned
along lbat, Hbat, and wbat, respectively. The assembly of the battery pack was conceived to
leave sufficient space for the channels in which the air flows when the cooling system is in
operation. These channels were assumed to be 15 mm wide, and they constitute the overall
cooling exchange surface between air and cells Scooling whose value is reported in Table 2.
hside,air and hcooling,air are convective coefficients for the air surrounding the battery and the
air forced to circulate in the cooling channels, respectively.

Table 2. Battery and air thermal parameters [26,39].

Parameter Symbol Value

Battery pack mass mbat 109.4 kg
Battery pack length lbat 1050 mm
Battery pack height Hbat 240 mm
Battery pack width wbat 400 mm

Battery side exchange surface Sbat 1.10 m2

Overall cooling exchange surface Scooling 2.55 m2

Battery specific heat cbat 1109.2 J/(kg·K)
Air specific heat cp,air 1005 J/(kg·K)

Convective coefficient—side air hside,air 10 W(m2·K)
Convective coefficient—cooling air hcooling,air 50 W(m2·K)
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The rest of this sub-section is structured as follows: the air cooling system for cabin
and battery is described first. The numerical thermal modeling approach adopted for the
battery pack is then illustrated, and the implemented HEV battery thermal management
strategy is finally described.

3.2.1. Air Cooling System

The battery air cooling system has been assumed here to be capable of exploiting
the cabin conditioned air, as suggested for example in the paper by Han et al. [37]. Air
cooling is less effective than liquid cooling, however this approach is still widely used
thanks to its limited cost and its ease of installation [40]. Moreover, several examples of its
application can be found in the literature when aiming to evaluate the thermal behavior of



Appl. Sci. 2021, 11, 8593 9 of 23

cylindrical Li-ion cells [41,42]. Furthermore, the objective of this work does not relate to
identifying the most suitable cooling system, but rather to analyze how the operation of a
realistic cooling system impacts on the effective electrical power consumption during a
given driving mission. A scheme of the cabin and battery air cooling system implemented
here is reported in Figure 4.
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When the battery cooling system is activated, air flow is enabled between vehicle cabin
and high-voltage battery thanks to Fan2 in Figure 4. In this case, air flows through the bat-
tery in the dedicated channels between the cells. A forced convection heat exchange occurs
in this framework through the surface Scooling. Cabin climate comfort of the passengers
might be slightly affected by such air flow circulation between the cabin and high-voltage
battery [40]. If cabin air conditioning is not activated by the HEV passengers, the air flow
enabled by Fan2 to cool the battery will be at ambient temperature, thus considerably
limiting the cooling effect. On the other hand, if cabin air conditioning is activated by
the passengers, air flow will be enabled by Fan1 in Figure 4 from the HVAC (Heating,
Ventilation, and Air Conditioning) system to the cabin. The air flow coming from the
HVAC system will be at the temperature set by the HEV passengers for the air conditioning
system. When the battery cooling system is not activated, the battery pack only dissipates
heat with the surrounding air at cabin temperature by means of natural convection and
passive cooling through its side surface Sbat.

3.2.2. Battery Thermal Model

The heat generated by the battery due to Joule effect (Qjoule) can take three differ-
ent paths: a portion Qbat,heat remains stored in the battery and contributes to increasing
its temperature, while a quantity Qconv,nat is dissipated by means of natural convective
phenomena with the surrounding air. This latter is expected to remain at a constant tem-
perature whose values refer to the cabin temperature Tcab. The final heat path Qconv, AC is
different from zero only when the battery cooling system is in operation. This represents
the portion of heat transferred from the battery pack to the air flowing at cabin temperature
Tcab thanks to Fan2 being activated. When the HVAC system is not in operation, the cabin
temperature Tcab has been considered as equal to the ambient temperature. On the other
hand, when the HEV passengers activate the air conditioning, cabin temperature has been
assumed to be constantly at 20 ◦C. The thermal balance for the battery pack can thus be
obtained as in Equation (18):

Qjoule = Qbat,heat + Qconv,nat + Qconv, AC (18)

which in turn can be written by detailing each term as follows:

Rbat·Ibat
2 = mbat·cbat· dTbat

dt + hside,air·Sbat·(Tbat − Tcab) +
hcooling,air·Scooling·(Tbat − Tcab)·(Batcooling > 0)

(19)

where mbat , cbat, Tbat, and Sbat refer respectively to battery mass, specific heat, temperature,
and exchange surface with the surrounding air. Batcooling is a binary flag and its value is
set to 1 when the battery air cooling system is in operation (i.e., Fan2 is activated). All
the thermal parameters have been reported in Table 2. It should be noted that Qjoule in
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Equation (19) has been considered to be related to Joule’s heating only. Battery temperature
variation due to entropy changes was not considered here in the same way as normally
assumed in the literature [43].

It should be admitted that a few assumptions were made for the illustrated battery
thermal model. First, the formulation for Qconv, AC used in Equation (19) assumes that
the air flow remains at a constant temperature equal to Tcab during the heat exchange
with the battery pack. Moreover, assuming a constant value for the convective coefficient
hcooling,air is not rigorous. Indeed, the convective coefficient is not an intrinsic property
of the considered fluid, rather it also depends on the geometry of the object immersed in
the fluid flow and on the flow rate magnitude [35]. As consequence, the evaluation of
hcooling,air is rather complex and it is normally obtained by means of empirical correlations
available in the literature. These correlations relate to forced convection and they consider
the a-dimensional coefficients of Reynolds, Prandtl, and Nusselt [42]. However, these
correlations normally refer to very simple cases and they might lead to important errors if
applied to more complicate configurations. Although these approximations are not realistic,
they aim to avoid introducing further modeling inaccuracy and they could therefore be
retained for the purposes of this paper.

3.2.3. Battery Thermal Management Strategy

In this paper, a reactive battery thermal management strategy is considered. Inputs
for the retained strategy include current values for battery temperature Tbat and battery air
cooling system state Batcooling. Two threshold vales of battery temperature for the battery
thermal management strategy were defined as respectively being related to Tbat−cooling,ON
and Tbat−cooling,OFF. The battery air cooling system was activated when the battery tem-
perature increases above Tbat−cooling,ON . Batcooling switches from 0 to 1 in this case. The
battery air cooling system was set to operate until the battery temperature falls below
Tbat−cooling,OFF. As is shown in Section 4, choosing the values for these two temperatures
as function of the ambient temperature is not trivial and requires fine tuning.

3.3. Throughput-Based Battery Capacity Fade Model

A largely employed throughput-based capacity fade model was used to evaluate the
high-voltage battery cyclic ageing. This model was calibrated for A123 26650 cells and it is
based on the concept of battery charge throughput (Ah-throughput) [14]. Here, the Ah-
throughput (QEOL) processed throughout the battery lifetime included the energy charged
from the grid [16]. QEOL was associated to the overall quantity of charge (in ampere-hours)
that a battery is able to process before reaching its end of life and it is calculable as:

QEOL =
∫ tEOL

0
|Ibat|dt (20)

where tEOL is the time instant in which EOL occurs, which depends on the battery oper-
ating conditions. The EOL is considered to happen when the percentage value of battery
nominal capacity faded (indicated by C f ade,%) equals 20% (i.e., C f ade,% = 20). When the
battery operates under constant conditions, QEOL and C f ade,% could be evaluated using
the equation proposed in [14] for A123 26650 cells. This formulation was inspired by the
Arrhenius’ gas equation [7] and it can only be employed for battery temperature ranging
between 15 ◦C and 60 ◦C:

C f ade,% = B·exp
(
−

A f

Tbat

)(
QEOL,const

Np·1 Ah

)z
(21)

where battery Ah-throughput was indicated as QEOL,const to specify that it refers to constant
operating conditions. B, A f , and z respectively indicate the pre-exponential, the activation,
and the power-law factors. Both B and A f are a function of the cell C-rate c [31]. Since these
parameters refer to a single cell, QEOL,const was divided by the number of parallel branches
Np in order to scale to the whole battery pack. Table 3 reports the values of parameters used
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in the considered battery ageing model. The values of pre-exponential factor B as function
of the C-rate were determined by conducting an ageing experimental campaign [23].

Table 3. Battery ageing parameters for A123 26650 cell [23].

Parameter Symbol Value

C-rate index for
pre-exponential factor c [0.5; 2; 4; 6; 8; 10; 12; 14; 16; 18; 20]

Pre-exponential factor as
function of C-rate B(c)

[31,630; 21,681; 17,307; 12,934;
13,512; 15,512; 12,099; 11,380; 13,656;

16,342; 14,599]
Activation factor A f (c) 3814.68–44.56·c
Power-law factor z 0.55

As B and A f vary according to the battery C-rate, QEOL,const depends on both the
operating conditions Tbat and C-rate, as illustrated in Figure 5. The range of the battery
pack C-rate allowed as function of the considered plug-in HEV characteristics (i.e., battery
pack capacity, MGP0 maximum power, and MGP4 maximum power) is highlighted in
Figure 5. The larger capacity of a plug-in HEV battery slightly reduces the overall values of
the C-rate, and this implies that the variation in QEOL,const might largely relate to thermal
characteristics. Looking again at Figure 5, thermal phenomena are forecasted to have a
remarkable influence, even when the battery temperature is contained within the ideal
range of 15 ◦C to 35 ◦C.

Appl. Sci. 2021, 11, x FOR PEER REVIEW 11 of 24 
 

𝐶𝑓𝑎𝑑𝑒,% = 𝐵 ∙ 𝑒𝑥𝑝 (−
𝐴𝑓

𝑇𝑏𝑎𝑡
) (

𝑄𝐸𝑂𝐿,𝑐𝑜𝑛𝑠𝑡

𝑁𝑝 ∙ 1𝐴ℎ
)

𝑧

 (21) 

where battery Ah-throughput was indicated as 𝑄𝐸𝑂𝐿,𝑐𝑜𝑛𝑠𝑡  to specify that it refers to 

constant operating conditions. 𝐵, 𝐴𝑓, and 𝑧 respectively indicate the pre-exponential, the 

activation, and the power-law factors. Both 𝐵 and 𝐴𝑓 are a function of the cell C-rate 𝑐 

[31]. Since these parameters refer to a single cell, 𝑄𝐸𝑂𝐿,𝑐𝑜𝑛𝑠𝑡 was divided by the number of 

parallel branches 𝑁𝑝 in order to scale to the whole battery pack. Table 3 reports the values 

of parameters used in the considered battery ageing model. The values of pre-exponential 

factor 𝐵 as function of the C-rate were determined by conducting an ageing experimental 

campaign [23]. 

Table 3. Battery ageing parameters for A123 26650 cell [23]. 

Parameter Symbol Value 

C-rate index for  

pre-exponential factor 
𝑐 [0.5; 2; 4; 6; 8; 10; 12; 14; 16; 18; 20] 

Pre-exponential factor as 

function of C-rate 
𝐵(𝑐) 

[31,630; 21,681; 17,307; 12,934; 13,512; 15,512; 

12,099; 11,380; 13,656; 16,342; 14,599] 

Activation factor 𝐴𝑓(𝑐) 3814.68–44.56∙𝑐 

Power-law factor 𝑧 0.55 

As 𝐵 and 𝐴𝑓 vary according to the battery C-rate, 𝑄𝐸𝑂𝐿,𝑐𝑜𝑛𝑠𝑡 depends on both the 

operating conditions 𝑇𝑏𝑎𝑡 and C-rate, as illustrated in Figure 5. The range of the battery 

pack C-rate allowed as function of the considered plug-in HEV characteristics (i.e., battery 

pack capacity, MGP0 maximum power, and MGP4 maximum power) is highlighted in 

Figure 5. The larger capacity of a plug-in HEV battery slightly reduces the overall values 

of the C-rate, and this implies that the variation in 𝑄𝐸𝑂𝐿,𝑐𝑜𝑛𝑠𝑡  might largely relate to 

thermal characteristics. Looking again at Figure 5, thermal phenomena are forecasted to 

have a remarkable influence, even when the battery temperature is contained within the 

ideal range of 15 °C to 35 °C. 

 

Figure 5. Allowed lifetime Ah-throughput predicted by the numerical ageing model as a function 

of the cell temperature and C-rate. 

After calculating 𝑄𝐸𝑂𝐿,𝑐𝑜𝑛𝑠𝑡 using Equation (21), the overall quantity of charge 𝑄𝑐𝑜𝑛𝑠𝑡 

supplied by the battery under fixed values of C-rate and temperature became known. 

Then, it became possible to evaluate the current battery ageing state by comparing 𝑄𝑐𝑜𝑛𝑠𝑡 

with 𝑄𝐸𝑂𝐿,𝑐𝑜𝑛𝑠𝑡. However, since batteries employed in HEVs are characterized by varying 

operation over time, the contribution of each combination of the C-rate and 𝑇𝑏𝑎𝑡 towards 

the achievement of 𝑄𝐸𝑂𝐿 over time could be evaluated by integrating the instantaneous 

SOH variation: 

C-rate limitation following 

MGP0 maximum power and 

MGP4 maximum power

Figure 5. Allowed lifetime Ah-throughput predicted by the numerical ageing model as a function of
the cell temperature and C-rate.

After calculating QEOL,const using Equation (21), the overall quantity of charge Qconst
supplied by the battery under fixed values of C-rate and temperature became known.
Then, it became possible to evaluate the current battery ageing state by comparing Qconst
with QEOL,const. However, since batteries employed in HEVs are characterized by varying
operation over time, the contribution of each combination of the C-rate and Tbat towards
the achievement of QEOL over time could be evaluated by integrating the instantaneous
SOH variation:

SOH = SOH0 −
t∫

0

|Ibat|
QEOL,const(c, Tbat)

dt (22)

where SOH0 is the initial state-of-health of the battery and it is equal to 1 at the beginning
of battery life. Predicting the battery SOH variation over time as a function of C-rate and
temperature is possible in this way thanks to the implemented numerical ageing model.
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4. Battery High Temperature Sensitive Optimization Based HEV Energy and Thermal
Management Calibration

The optimization-driven calibration of the HEV on-line energy and thermal manage-
ment strategies will be discussed in this section. Indeed, an adaptation of HEV energy
and thermal management according to the ambient temperature value may allow finding
the optimal trade-off between an enhanced fuel economy and satisfactory high-voltage
battery lifetime. Table 4 summarizes variables and the calibration objective function for
the optimization-based calibration of the HEV energy and thermal management. The
calibration of HEV energy and thermal management is desired to be optimal and it must
bring into play both Tbat−cooling,ON and Tbat−cooling,OFF. Values for these parameters will
depend both on the ambient temperature Tamb and on whether the HVAC system is in
operation or not. Moreover, adapting the rule-based HEV EMS according to the battery
temperature and predicted ageing rate may improve the accuracy and effectiveness of the
vehicle control system. This work particularly considers varying the battery SOC which
determines the transition from the charge depleting in pure electric (EV) mode to blended
charge-depleting (HEV) hybrid as a function of Tamb. This value of battery SOC threshold
was initially set to 0.30 for the baseline HEV energy management approach described in
Section 2.1 and now it is indicated as SOCEV,OFF.

Table 4. Variables and objective function for the optimization based HEV energy and thermal
management calibration.

Parameter Symbol Bounds

Calibration variables

Upper battery pack
temperature threshold for
cooling system activation

Tbat−cooling,ON
(Tamb, HVACstate)

[Tamb–40◦]

Lower battery pack
temperature threshold for

cooling system de-activation

Tbat−cooling,OFF
(Tamb, HVACstate)

[10◦–Tamb]

Lower battery SOC threshold
for pure electric to hybrid

electric operation transition

SOCEV,OFF
(Tamb, HVACstate)

[0.3–1]

Calibration objective
function

Operative cost associated to
the entire plug-in HEV

lifetime
Jcalibration (31)

Figure 6 illustrates the flowchart for simulating the HEV in a given driving mis-
sion according to the implemented energy and thermal management approaches. The
three parameters that need calibration in this framework (Tbat−cooling,ON , Tbat−cooling,OFF,
SOCEV,OFF) are highlighted in Figure 6. When the HEV driver starts the driving mission,
the battery temperature was assumed to be equal to the ambient temperature. The HVAC
system state was selected at the beginning of the driving mission, and it was considered to
be constant throughout the journey. When the HVAC system was set to be in operation, the
cabin temperature was assumed to be 20 ◦C from the first instant of the driving mission
while neglecting transient thermal phenomena in the cabin.
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Figure 6. Flowchart for simulating the HEV in a driving mission according to the implemented
energy and thermal management approaches.

At each time instant, the terms impacting on the instantaneous battery power Pbat used
in Equation (15) were updated. The HVAC system state, the battery air conditioning system
state, and the ambient temperature were considered to this end as in Equations (23)–(25):

Pbat = Pbat,MGP0 + Pbat,MGP4 + Paux + PHVAC(Tamb, HVACstate) + Pbat−cooling

(
Batcooling

)
(23)

PHVAC(Tamb, HVACstate) = 1000 + (Tamb − 20)2·(HVACstate > 0) (24)

Pbat−cooling

(
Batcooling

)
= 200·

(
Batcooling > 0

)
(25)

where Paux, PHVAC, and Pbat−cooling stand for the power demand of the auxiliaries (e.g.,
lubrication, ICE cooling, lighting), the HVAC system electrical power, and the battery
air conditioning system electrical power, respectively. A constant value of 400 W was
set here for Paux, while a value of the electrical load of the HVAC system was assumed
in Equation (24) as a function of the ambient temperature by analyzing data presented
in [44]. HVACstate represents a binary variable detecting HVAC system activation at the
beginning of the driving mission. The power consumed by the battery air conditioning
system (Pbat−cooling) mainly relates to Fan2 in Figure 4 and it was assumed here to be equal
to 200 W [45].
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4.1. HEV Fuel Economy and Battery Lifetime over Retained Driving Mix

An appropriate objective function needs definition to guide the optimization-based
calibration of the HEV energy and thermal management parameters, i.e., Tbat−cooling,ON ,
Tbat−cooling,OFF, and SOCEV,OFF. The minimization of HEV operative costs was considered
in this work by simulating a realistic driving mix. Eight driving missions were retained
including four standard drive cycles such as the worldwide harmonized light-vehicle test
procedure (WLTP), the federal test procedure (FTP75), the RTS aggressive cycle (RTS95),
and the highway federal test procedure (HWFET). Moreover, four real-world driving
missions recorded by the authors by means of the global positioning system (GPS) were
considered including up-hill (RWC01), 2.7-h highway (RWC02), down-mountain (RWC03),
and downhill (RWC04) driving conditions. Time series for vehicle speed and net road
altitude over time for all the eight driving missions retained are illustrated in Figure A1 in
Appendix A, while Table 5 reports driving statistics. The overall vehicle lifetime in terms of
mileage was divided while considering the eight driving missions steadily repeated. Each
journey was associated with a coefficient α f req in Table 5 that represents the percentage of
vehicle lifetime which was assumed to be traveled in the corresponding driving mission.

Table 5. Statistics for retained driving missions.

Driving
Mission WLTP FTP75 RTS95 HWFET RWC01—

Uphill
RWC02—Long

Highway
RWC03—Down-

Mountain
RWC04—
Downhill

Length Lcycle [km] 23.3 17.8 12.9 16.5 17.8 296 27.4 16.7
Time [s] 1800 1878 887 765 1031 9792 2345 1123

Max speed [km/h] 131.3 91.2 134.4 96.3 112.7 135.4 84.9 103
Average speed

[km/h] 46.5 34.1 52.5 77.6 62.1 108.8 42 53.5

Average acceleration
[m/s2] 0.4 0.5 0.8 0.2 0.5 0.2 0.5 0.6

Average deceleration
[m/s2] −0.4 −0.6 −0.8 −0.2 −0.6 −0.2 −0.6 −0.6

Max altitude—min
altitude [m] 0 0 0 0 278 523 682 225

Final altitude—
initial altitude [m] 0 0 0 0 235 341 −633 −148

Journey frequency
α f req [%] 8.33 16.67 16.67 16.67 8.33 8.33 8.33 16.67

The predicted HEV fuel economy, HEV electrical energy economy, and battery lifetime
over the entire vehicle lifetime considering the introduced driving mix could be expressed
as:

Fuelavg =
8

∑
k=1

Fuelk·α f req,k (26)

Electricityavg =
8

∑
k=1

Electricityk·α f req,k (27)

battli f e,avg =
8

∑
k=1

Lcycle,k

SOH0 − SOHend,k
·α f req,k (28)

where Fuelk and Fuelavg are the HEV fuel economy values expressed in liters per 100 km re-
lated to the given driving mission k and the entire vehicle lifetime, respectively. Electricityk
and Electricityavg are the plug-in HEV electrical energy economy values expressed in
kilowatt-hours per 100 km related to the given driving mission k and the entire vehicle life-
time, respectively. Lcycle,k stand for the mileage in kilometers of the given driving mission
k, while SOHend,k is the battery SOH at the end of the driving mission k according to the
HEV simulated following the discussed energy and thermal management strategies.
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4.2. Workflow for Optimization-Based HEV Thermal and Energy Management Calibration

This sub-section aims at introducing the flowchart of the optimization-based cali-
bration of Tbat−cooling,ON , Tbat−cooling,OFF, and SOCEV,OFF as function of the ambient tem-
perature. When establishing the energy and thermal management calibration objective,
minimizing the operative cost related to the entire lifetime of the plug-in HEV was consid-
ered. Retained vehicle cost contributions particularly include:

• The HEV fuel consumption;
• The electrical energy consumed by the plug-in HEV coming from the grid;
• The monetary cost associated with the battery pack degradation.

In this work, particle swarm optimization (PSO) was selected as an algorithm for explor-
ing the identified three-dimensional calibration space with Tbat−cooling,ON , Tbat−cooling,OFF,
and SOCEV,OFF as independent variables. PSO is an iterative stochastic optimization algo-
rithm that relies on a numerical model capturing the social behavior of fishes and birds
proposed by Kennedy and Eberhart in 1995 [46]. The flowchart of the PSO approach
implemented in this work is illustrated in Figure 7 and detailed as follows. During step
1, a population of N particles was initialized aiming at the subsequent exploration of the
calibration space searching for the minimum of the PSO cost function Jcalibration. For each
value of the selected ambient temperature Tamb and HVAC system state, at each iteration
of the PSO algorithm, step 2 aims at assessing the value of Jcalibration for each particle of
the swarm. This was performed by simulating the HEV traveling through all the eight
retained driving missions constantly in Simulink®® software at the selected value of am-
bient temperature and considering both the selected HVAC system state being constant
and the battery being fully charged at the beginning of the driving mission (i.e., the SOC
was set to 95% as the maximum value assumed). For the sake of an exhaustive analysis,
two different vehicle loading conditions were considered when simulating each driving
mission. These relate to consider either the vehicle lightly loaded (i.e., npass = 1) or fully
loaded (i.e., npass = 5), respectively. As all the simulations of the driving missions were
completed, the fuel economy, electrical energy economy and battery lifetime weighted
according to both driving mix and vehicle payload conditions could be computed as:

Fuelavg,total = αpayload·Fuelavg,LLV +
(

1− αpayload

)
·Fuelavg,FLV (29)

Electricityavg,total = αpayload·Electricityavg,LLV +
(

1− αpayload

)
·Electricityavg,FLV (30)

battli f e,total = αpayload·battli f e,avg,LLV +
(

1− αpayload

)
·battli f e,avg,FLV (31)

where Fuelavg,total , Electricityavg,total , and battli f e,total respectively represent HEV fuel econ-
omy in litres per 100 km, electrical energy economy in kilowatt-hours per 100 km, and
kilometrical battery lifetime weighted according to both driving mix and payload con-
ditions. Subscripts LLV and FLV were associated with lightly loaded and fully loaded
vehicle conditions, respectively. Finally, αpayload represents a weighting coefficient for the
two loading conditions. Its value was set here to 0.0825 following a press release by the
association Anci suggesting that, in Italy, the average number of passengers per car is equal
to 1.33 [47].
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Figure 7. Flowchart of the particle swarm optimization-based calibration of the parameters for HEV
energy and thermal management.

The cost function Jcalibration associated to the particle under analysis could then be
evaluated including monetary costs associated with fuel consumption, electrical energy
consumption, and battery degradation for the target plug-in HEV lifetime in kilometres
vehli f e,target, which was assumed to be 300 thousand km here [48]. The resulting mathemat-
ical formulation for Jcalibration was as follows:

Jcalibration = c f uel ·
Fuelavg,total

100
·vehli f e,target + celec·

Electricityavg,total

100
·vehli f e,target + cbatt·

vehli f e,target

battli f e,total
(32)

where c f uel , celec, and cbatt respectively represent the fuel refuelling cost, the cost of the
electricity coming from the grid, and the battery pack replacement cost. Values of c f uel and
celec retained here correspond to 1.41 euros per liter and 0.22 euros per kilowatt-hour, which
relate to average prices observed in Italy in the first half of 2020 [49,50]. Concerning cbatt, its
value was assumed here to be around 6130 euros, considering the current estimated battery
pack specific production cost of 280 euros per kilowatt-hour and multiplying it by the
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HEV battery pack capacity and a factor of 2, which accounts for manpower and other costs
associated with the battery pack replacement process [51]. The battery pack replacement
cost term was not considered here in case battli f e,total exceeded the target value for the
entire vehicle lifetime vehli f e,target. Jcalibration thus considers the operative costs in euros
associated with the entire plug-in HEV lifetime involving fuel consumption, electricity
consumption, and battery pack degradation. Once Jcalibration was evaluated for all the
particles of the swarm, step 3 in Figure 7 aims to update the local and global minima for
the swarm. Position and velocity of each particle in the three-dimensional calibration space
considered were then updated in step 4 based on the local and global optima previously
identified. Three main PSO parameters were involved in this procedure, namely the inertia
parameter, the cognitive parameter, and the social parameter [52]. More details regarding
this step can be found in [53].

Once the maximum number of iterations was reached for the PSO algorithm, the
obtained results included the calibrated values of Tbat−cooling,ON , Tbat−cooling,OFF, and
SOCEV,OFF for the selected value of ambient temperature and HVAC system state. Com-
pared with other popular stochastic optimization algorithms (e.g., genetic algorithm—GA),
PSO distinguished itself by the ease of its management and parameter tuning [54,55]. This
corroborates the likelihood of effectively finding a global optimum for the considered cali-
bration problem and it represents the main motivation behind the use of PSO in this work.
The version of the PSO algorithm considered in this paper refers to the corresponding
toolbox provided by the Yarpiz project and it was implemented in MATLAB© software [56].

In the next section, results are provided for the energy and thermal HEV management
strategies calibrated according to the illustrated methodology.

5. Results

In this work, the HEV energy and thermal management strategies discussed earlier
find calibration in terms of Tbat−cooling,ON , Tbat−cooling,OFF, and SOCEV,OFF according to
eight different values of ambient temperature corresponding to 15, 18, 21, 24, 27, 30, 33,
and 36 ◦C. Retained parameters for the PSO-based calibration flowchart are reported in
Table 6 [56].

Table 6. Retained PSO parameters.

Parameter Value

Swarm size [-] 20
Number of iterations [-] 15

Inertia coefficient [-] 0.73
Cognitive coefficient [-] 1.5

Social coefficient [-] 1.5

Considering a desktop computer with Intel Core i7-8700 (3.2 GHz) and 32 GB of
RAM, around 320 min were required to complete step 1 to step 5 of Figure 7. In total,
16 iterations of the workflow from step 1 to step 5 were then required when considering
eight values of ambient temperature and two HVAC system states (i.e., on or off). This
led to around 43 h of computational time being required for completing the entire HEV
energy and thermal management calibration procedure illustrated. Figure 8 illustrates the
values of Tbat−cooling,ON , Tbat−cooling,OFF, and SOCEV,OFF obtained after the completion of
the overall PSO based calibration workflow illustrated in Figure 7. Concerning the thermal
management parameters shown in Figure 8a, a large gap between Tbat−cooling,ON and
Tbat−cooling,OFF meant that the battery air conditioning system could be kept operating for
longer after being activated. On the other hand, a narrower difference between the values
of Tbat−cooling,ON and Tbat−cooling,OFF entailed more frequent activations and deactivations
of the battery air conditioning system. When the HVAC system was off, a larger gap
between Tbat−cooling,ON and Tbat−cooling,OFF was observed below 30 ◦C, which involves
more usage of the battery air conditioning system. However, this correlated to a substantial
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increase in the calibrated values for SOCEV,OFF in Figure 8b from around 0.33 to around
0.58 and progressively above as the ambient temperature overcomes 30 ◦C, especially
for the HVAC system being de-activated. This means that, as the ambient temperature
gradually increases, the PSO based calibration procedure prefers switching from pure
electric operation to hybrid electric operation much earlier in a driving mission rather
than retaining a pure electric operation while keeping the battery air conditioning system
in operation for a shorter time when the HVAC system is off. The trend of SOCEV,OFF as
function of the ambient temperature when the HVAC system was in operation showed a
similar trend, yet slightly shifted downwards, with respect to the HVAC system being off in
Figure 8b. As a consequence, the HVAC system being activated seemed to enable exploiting
pure electric charge-depleting operation for longer at high ambient temperatures thanks
to the availability of the cooled cabin air to cool down the battery pack. This correlates
with a calibrated larger gap between Tbat−cooling,ON and Tbat−cooling,OFF for high ambient
temperatures when the HVAC system is in operation in Figure 8a, which entails longer
usage of the battery cooling system.
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Figure 8. Calibrated values of Tbat−cooling,ON , Tbat−cooling,OFF, and SOCEV,OFF according to the ambient temperature and
HVAC system state.

Table 7 reports numerical values for the calibrated thermal and energy management
parameters as a function of the ambient temperature and the HVAC system state. Values of
Fuelavg,total , Electricityavg,total , and battli f e,total are included along with the corresponding
value of Jcalibration. Moreover, a graphical representation of the considered plug-in HEV
energy consumption as function of the ambient temperature is shown in Figure 9. As
can be seen in Figure 9, fuel consumption and battery energy consumption are quite
stable within the ambient temperature range of 15 ◦C to 30 ◦C thanks to the implemented
calibration process for the HEV energy and thermal management strategy. As the value of
SOCEV,OFF shown in Figure 8b was increased to preserve battery lifetime at around 33 ◦C,
the corresponding battery energy consumption lowered by 11.2% and the corresponding
fuel consumption increased by around two times compared to the 15 ◦C reference values in
Figure 9a. The overall plug-in HEV energy consumption shown in Figure 9b considers the
sum of battery electrical energy and fuel chemical energy in kilowatt-hours per 100 km. The
fuel chemical energy could be obtained by considering values of fuel density and a lower
heating value corresponding to 744 g per liter and 43.74 kilojoules/gram, respectively.
In this case, a 33 ◦C ambient temperature might lead to 1.4 times the overall plug-in
HEV energy consumption compared with 15 ◦C. As the ambient temperature further
increased, the average fuel consumption increased, and the battery energy consumption
reduced to prevent accelerated lifetime consumption. From the overall energy consumption
perspective, 36 ◦C involved more than two times the energy consumption estimated at
15 ◦C in Figure 9b. This reflects operative costs in the increased values for the overall
plug-in HEV at high ambient temperatures as well.
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Table 7. Calibrated thermal and energy management parameters and HEV performance in terms of energy consumption
and predicted battery lifetime as a function of the ambient temperature and HVAC system state.

HVAC System
State

Tamb
[◦C]

Tbat−cooling,ON
[◦C]

Tbat−cooling,OFF
[◦C]

SOCEV ,OFF
[%]

Fuelavg,total
[L/100 km]

Electricityavg,total
[kWh/100 km]

battli f e,total

[km·103]
Jcalibration

[k€]

Off 15 25.7 16.1 33.4 0.69 16.57 799 13.8
Off 18 30.7 18.2 33.5 0.69 16.42 658 13.8
Off 21 31.9 20.2 33.4 0.69 16.41 521 13.8
Off 24 33.0 25.2 33.4 0.69 16.40 414 13.8
Off 27 35.7 26.4 33.5 0.69 16.39 331 13.8
Off 30 33.5 29.6 55.8 0.74 16.21 300 14.0
Off 33 37.4 32.9 70.7 1.44 14.21 300 15.6
Off 36 39.4 36.9 76.5 2.65 10.74 300 18.4
On 15 29.2 19.0 33.2 0.69 16.55 781 13.8
On 18 35.0 27.0 33.4 0.69 16.42 651 13.8
On 21 30.8 23.8 33.4 0.69 16.41 524 13.8
On 24 33.0 23.9 33.5 0.69 16.40 422 13.8
On 27 35.9 30.7 33.3 0.69 16.39 342 13.8
On 30 35.2 25.8 48.9 0.70 16.34 300 13.9
On 33 40.0 23.6 67.3 1.10 15.20 300 14.8
On 36 38.7 31.3 74.3 2.20 12.06 304 17.4
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Figure 9. Plug-in HEV fuel consumption, battery energy consumption, and overall energy consumption as a function of the
ambient temperature while benchmarking with corresponding values at 15 ◦C.

The activation of the HVAC system impacted on the cabin temperature and, in turn,
allowed cooling the battery pack with air at lower temperature compared with the ambient
temperature. Nevertheless, a considerable amount of additional auxiliary power consump-
tion was associated to the HVAC system activation. In this framework, Figure 9b suggests
that, from the overall vehicle perspective, the beneficial effect of lowering the tempera-
ture of the battery air conditioning system overcame the increased power consumption
when the HVAC system was activated. As a result, the HVAC system being in operation
entailed a lower overall plug-in HEV energy consumption by 16.5% and 13.6% for ambient
temperature equal to 33 ◦C and 36 ◦C, respectively.

Finally, it should be noted that values of battli f e,total reported in Table 7 are always
equal to or are higher than the set vehicle lifetime target of 300,000 km. The calibration
performed by PSO thus suggests that, from the point of view of the plug-in HEV operative
cost, slightly increasing the usage of ICE might be advised at high ambient temperatures
in order to preserve battery lifetime and thus avoid the costs required for replacing the
battery pack within the vehicle lifetime.

6. Conclusions

This paper proposes the calibration of the thermal and energy management strategies
of a plug-in HEV to minimize the operative costs associated to fuel consumption, electricity
consumption, and battery pack degradation for the overall vehicle lifetime at various
ambient temperatures. A parallel though-the-road plug-in HEV powertrain architecture
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was modeled in Matlab/Simulink® software. Moreover, the battery pack was modeled
from electrical, ageing, and thermal perspectives. A methodology based on PSO was
proposed to calibrate three parameters of the HEV thermal and energy management
aiming at minimizing overall vehicle operative cost. The exhaustiveness of the calibration
procedure was improved by considering different ambient temperature, vehicle payload
conditions, and HVAC system states.

Obtained results suggest that, as the ambient temperature increases, different settings
of the battery air conditioning system should be implemented in the on-board HEV con-
troller. Moreover, switching from a pure electric to hybrid electric operation below a certain
value of the battery SOC can be advised to preserve battery lifetime and to avoid replacing
the battery pack within the vehicle lifetime. High ambient temperatures impact on the
overall plug-in HEV energy consumption to the point that at 36 ◦C, the HEV depletes
2.3 times the corresponding energy depleted at 15 ◦C. Results also suggested that the
activation of the HVAC system for cabin conditioning at high ambient temperatures might
have a beneficial impact on cooling the battery, which overcomes the increase in auxiliary
power consumption due to the HVAC system.

Implementing the methodology introduced here can decrease time and engineering
effort required to calibrate energy and thermal management strategies of HEVs. The
satisfaction of conflicting calibration objectives can be enhanced in this way, including
fuel economy and electrical energy economy enhancement, high-voltage battery lifetime
safeguarding, and temperature control. Related future work might involve improving the
fidelity level of both the HEV powertrain model, the battery pack thermal model, and the
battery ageing model. Moreover, different design solutions in terms of cell chemistry and
battery pack conditioning system could be investigated. Developing more sophisticated
and accurate thermal and energy management might lead to further enhancing the overall
energy economy of the HEV. Finally, performing experimental tests might prove funda-
mental to validate the proposed numerical methodology and the calibrated HEV thermal
and energy management strategy.
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Abbreviations

ECMS Equivalent consumption minimization strategy
EMS Energy management strategy
EOL End-of-life
FTP75 Federal test procedure 75
HEV Hybrid electric vehicle
HVAC Heating, Ventilation, and Air Conditioning
HWFET Highway federal test procedure
ICE Internal combustion engine
MGP0 Motor/generator P0
MGP4 Motor/generator P4
OOL Optimal operating line
PID Proportional–integral–derivative
PSO Particle swarm optimization
SEI Solid electrolyte interface
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SOC State of charge
SOH State of health
WLTP Worldwide harmonized light-vehicle test procedure
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