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Abstract: Optimization studies for the energy management systems of hybrid electric powertrains
have critical importance as an effective measure for vehicle manufacturers to reduce greenhouse gas
emissions and fuel consumption due to increasingly stringent emission regulations in the automotive
industry, strict fuel economy legislation, continuously rising oil prices, and increasing consumer
awareness of global warming and environmental pollution. In this study, firstly, the mathematical
model of the powertrain and the rule-based energy management system of the vehicle with a
power-split hybrid electric vehicle configuration are developed in the Matlab/Simulink environment
and verified with real test data from the vehicle dynamometer for the UDDS drive cycle. In this
way, a realistic virtual test platform has been developed where the simulation results of the energy
management systems based on discrete dynamic programming and Pontryagin’s minimum principle
optimization can be used to train the artificial neural network-based energy management algorithms
for hybrid electric vehicles. The average fuel consumption in relation to the break specific fuel
consumption of the internal combustion engine and the total electrical energy consumption of the
battery in relation to the operating efficiency of the electrical machines, obtained by comparing the
simulation results at the initial battery charging conditions of the vehicle using different driving
cycles, will be analyzed and the advantages of the different energy management techniques used will
be evaluated.
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Energy Management Systems’

Modeling and Optimization in

Hybrid Electric Vehicles. Energies
2024,17,1696. https://doi.org/
10.3390/en17071696 Since the industrial revolution, increased reliance on and demand for fossil fuels has
led to a rapid increase in global carbon dioxide emissions, contributing to global warm-
ing, and transport emissions are the second largest source after industrial emissions [1].

1. Introduction
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development process towards advanced powertrains [4]. HEVs have the potential to reduce
fuel consumption and emissions significantly, while meeting vehicle power demands and
maintaining satisfactory vehicle performance [5-7]. HEVs combine the use of an engine
and electric motors, resulting in better fuel efficiency and lower emissions, further reducing
dependence on fossil fuels and environmental impact [8,9]. The power required by the
vehicle at any time can be provided by one or a combination of these energy sources [10].
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The electric motor in the system can produce high torque immediately, and it improves
acceleration and overall driving performance [2].

The control performance of HEVs is determined by the power distribution between
multiple power sources via energy management systems [15,16]. Torque distribution and
optimal hybrid driving mode selection are critical to achieving improved fuel economy
and reduced emissions [6,15-17]. Energy management system optimization for power-
split hybrid electric vehicle configurations has been increasingly attracting researchers’
attentions because of its torque split ability based on different drive conditions to improve
fuel economy and energy consumption by optimizing the usage of different power sources
in the vehicle.

Hwang et al. developed a particle swarm optimization (PSO) technique for control
applications to reduce fuel consumption while the vehicle still meets the dynamic perfor-
mance requirements [1]. Galan et al. introduced a neural network (NN)-based method
to predict fuel economy and emissions of the power-split HEV accurately by using real
world data in order to determine optimal powertrain control parameters [3]. Tribioli et al.
analyzed and compared the performance of the power-split vehicle configuration by us-
ing Pontryagin’s minimum principle (PMP) with a charge-depleting—charge-sustaining
(CD/CS) strategy [4]. Yuan et al. introduced a comparative study by using dynamic
programming (DP) and Pontryagin’s minimum principle (PMP)-based energy manage-
ment methods for parallel HEVs [5]. Surresh et al. developed a power-split HEV model
configuration and validated it with experimental data from different drive cycles in order
to analyze and optimize fuel consumption in the vehicle [7]. Barmaki et al. developed a
fuzzy logic (FL)-based controller which is optimized with the genetic algorithm in order
to improve fuel efficiency and emissions reduction for PHEVs [9]. Millo et al. introduced
equivalent consumption minimization strategy (ECMS)-based local optimization to reduce
CO, emissions for complex HEV configurations and evaluated the potential of heuristic
control techniques [10]. Saurabh et al. modeled and validated an artificial neural network
(ANN)-based supervisory controller in charge-sustaining mode operations to predict the
net energy consumption in different drive cycles [15]. Liu et al. developed a genetic algo-
rithm (GA)-based energy management strategy for the power-split HEV configuration and
compared total energy consumption with the CD/CS method in different drive cycles. He
also proposed that artificial intelligence (Al) is expected to achieve better performance in
the energy management of PHEVs in the future [16].

However, the aforementioned studies mainly focused on offline optimization or pre-
diction of the control parameters to enhance the energy efficiency and emissions of HEVs.
Proposed global optimization methods are not suitable for real-time applications due to
computational loads. Few studies only introduced optimization methods for real-time
applications.

The main objective of this study is to develop mathematical models of a hybrid electric
vehicle with a power-split configuration and use these validated models to design different
energy management systems to ensure the most efficient hybrid driving mode selection
through optimization of the operating efficiency of the engine and electric motor. The
objective is to develop optimization-based energy management strategies based on discrete
dynamic programming (DDP), Pontryagin’s minimum principle (PMP), and artificial
neural networks (ANNSs) trained with their simulation results; to reduce the average
fuel consumption and the amount of electrical energy drawn from the battery in different
driving cycles; and to compare their superiority over the traditional rule-based management
systems which requires intensive calibration and vehicle testing. In the first stage, the
mathematical model of a hybrid electric vehicle with a rule-based energy management
system was created in the Matlab/Simulink environment and validated with dynamometer
test data for the UDDS driving cycle on charge-sustaining (CS) mode to obtain a realistic
virtual test platform to analyze the simulation results. After that, the results of global
optimization-based algorithms based on DDP and PMP, which require the driving cycle
information and cannot be applied in real-world conditions due to the high computational
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load, were obtained and their superiority over the rule-based control method was analyzed.
Then, by using the simulation results of these optimization-based algorithms, learning-
based ANN structures, which do not require predefined driving cycle information, are
trained offline for different driving cycles and initial conditions, and a deep learning-based
hybrid mode selection algorithm is obtained and compared with the rule-based energy
management strategy, which is often used as a reference point in the literature, for different
driving cycles and initial conditions, and the superiority of the ANN method is investigated.

The main contributions of this paper mainly include the following aspects: (1) The
development of a validated virtual test bench environment for the simulation of different
energy management systems. (2) The development of PMP- and DP-based algorithms
to optimize control parameters of power-split hybrid vehicles in order to reduce energy
consumption for defined drive cycles as an offline simulation. (2) Based on the results
of the DDP and PMP optimization algorithms, ANN-based energy management systems
with three different optimization methods (Levenberg—Marquart, Bayesian Regulation,
and Scaled Conjugate Gradient) are developed to improve the fuel economy and battery
electrical energy consumption which could be used for real-time applications.

The remainder of this paper is organized as follows: Section 2 presents hybrid electric
vehicle configurations, vehicle operation modes, and a detailed description of the math-
ematical modeling of the components such as the internal combustion engine, electric
motors, transmission, battery, and the vehicle dynamic system. Also, driver model and
characteristics of the drive cycles used in the simulations are explained in this section. In
Section 3, hybrid electric vehicle model validation results in the UDSS driving cycle are
presented and analyzed based on the vehicle dynameter data to present the high maturity
of the simulation models. In Section 4, classifications and the main objectives of the energy
management systems are explained. In this section, control and optimization techniques
which will be used in the power-split HEV simulations are explained with their advantages
and disadvantages. Also, detailed mathematical modeling of the optimization methods
used for simulations are described. Section 5 presents the simulation results and discusses
and describes the qualitative and quantitative findings in different drive cycles for the
energy management systems developed. Section 6 draws the conclusions based on the
obtained simulation results.

2. Hybrid Electric Vehicle Modeling
2.1. Hybrid Electric Vehicle Configuration

In this study, a power-split hybrid electric vehicle configuration is used in the simula-
tion and modeling phase. In this configuration, the internal combustion engine and two
electric machines are connected to a planetary gear set, thus allowing these components
to work together or independently to power the wheels [18-20]. Clutches can provide
the reaction torque by holding the ring gear of each planetary gear set. When the clutch
(C1) and one-way clutch (OWC) are engaged, both electric motors can provide maximum
output torque as a dual-motor electric drive. The engine power is transmitted through the
drive shaft via the mechanically coupled ring gear, while the rest of the power is converted
into electric power by a gear set for charging the battery [2]. The automatic transmission
consists of two different planetary gear sets (PGS1-PGS2) and has six different gear ratios.
The engine can be disconnected from the system using the one-way clutch. The C1 clutch
controls the connection of MGA and the C2 clutch controls the connection of MGB to the
system [21]. In the modeling phase, the hybrid power-split configuration parameters of the
second-generation Chevrolet Volt vehicle are used as seen in Figure 1 [22,23].

Depending on the driving conditions, this configuration allows for various operating
modes such as pure electric mode, series hybrid mode, and parallel hybrid mode accord-
ing to power distribution [9,13,17,20,24-26]. It offers advantages such as improved fuel
efficiency, performance, and reduced emissions by providing more flexibility in power
management and optimization under different driving conditions [14,27-29].
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Figure 1. Power-split hybrid electric vehicle configuration.

2.2. Hybrid Electric Vehicle Parameters

The detailed modeling performed during the development phases of hybrid electric
vehicle control systems focuses mainly on individual powertrain components such as
the engine, electric machines, transmission, and battery and aims to provide detailed
information about the specific characteristics of the modeled component as shown in
Table A1 [10,15]. The vehicle road load curve and battery cell characteristics are shown in
Figure 2 [21,22,30].
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Figure 2. Vehicle road load curve and battery open cycle voltage—cell internal resistance.

The efficiency map of the electric machines MGA and MGB and the BSFC map of the
engine are shown in Figure 3 [7,30].
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Figure 3. Electric motor/generator MGA and MGB efficiencies and internal combustion engine BSFC.

2.3. Hybrid Electric Vehicle Operating Modes

Hybrid powertrains with multiple power sources provide a large design space for the
system and increase the complexity of the control algorithm [2]. The power split hybrid
electric vehicle configuration requires the engine operating points to be controlled within
an appropriate range by controlling the torque split between the mechanical and electrical
power sources according to the vehicle’s power demand [31,32]. The main challenge
of a power management strategy is to distribute power in the optimal mode to achieve
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the desired performance within the system constraints [2]. The hybrid electric vehicle
configuration used has five operating modes, including two charge-depletion (CD) modes
(EV1 and EV2), three charge-sustaining (CS) modes, low extended range (LERM), fixed
gear extended range (FERM), and high extended range (HERM), and the hybrid vehicle
energy management system selects the vehicle operating mode to achieve the best energy
conversion efficiency while meeting its constraints such as driving emissions [15]. System
operating characteristics are shown in Figure 4 [30,31].
3500 ) 3500
C—1 1 Motor EV Area of Operation

=12 Motor EV Area of Operation
"""" 1 Motor EV Max Capability

3000 3000

2500 2500

2000 § 2000
Low
Extended

L Range

1500

Axle Torque (Nm)
Axle Torque (Nm)

1000 1000

0
.
......

500 | One High

Motor Extended

EV Range

0 50 100 150 0 20 40 60 80 100 120 140 160
Vehicle Speed (kph) Vehicle Speed (kph)

500

0

Figure 4. Hybrid electric vehicle driving modes.

Depending on the level of system torque demand, the electric drive modes can be
activated as required by the HCU. The single-motor electric drive mode (EV1) is an all-
electric mode in which the MGB provides the only power to drive the vehicle as required
by the driver, with the ICE and MGA switched off [31]. During this mode, the C2 clutch
is closed and the C1 clutch is open, and as the OWC (one-way clutch) is disengaged, the
MGB unit is activated for regenerative braking as well as driving the vehicle [15]. This
mode is used for low-load operating requirements [7]. The two-motor electric drive (EV2)
mode is used to meet the short-term demand for wheel torque by using both electric motors
when the MGB reaches its maximum torque limits in EV1 mode [31]. The EV2 mode is
an all-electric mode where the engine is off and the MGA and MGB provide the traction,
with regenerative braking via the MGB [7]. The EV2 mode, where the MGA assists the
MGB in providing traction, is used for smooth acceleration when the MGB cannot handle
heavy loads and for starting the vehicle. Similarly, the C1 clutch is open and the C2 clutch
is closed. However, the one-way clutch (OWC) is engaged every time the vehicle is started
to prevent the motor from rotating as planetary gear 2 is turned by the MGA [7]. This mode
is mainly used at higher loads and the average torque distribution is such that most of
the vehicle’s power demand is met by the MGB and the rest by the MGA, with the MGA
unit also used to supplement power demand [15]. The most efficient combination of motor
input torque can be selected to match output speed and torque, which increases efficiency
with maximum output torque or torque distribution [31].

Low extended range mode (LERM) is a charge-sustaining (CS) mode in which the
MGB and engine provide the tractive power [7]. Part of the energy provided by the engine
is converted to electrical energy by the MGA to charge the battery, the engine power is
distributed to the wheels via the MGA and PGS1, and the MGB provides additional torque
to the wheels. This mode is activated when the C1 clutch is open, the C2 clutch is closed,
and the OWC is disengaged, allowing the engine to support the power demand, and it is
selected for high loads at speeds up to 60 km/h [15]. The engine torque is a function of
the wheel torque required by the driver. As the C2 clutch is closed, PGS2 has a rigid speed
ratio. PGS1 has a flexible speed ratio as it requires an additional engine speed control [15].
If the wheel power demand is below a certain point, the engine is allowed to generate
excess power, indicating that it is being controlled within the best efficiency range rather
than being used over a wide range [31].

Fixed ratio extended range mode (FERM) is a charge-sustaining mode in which the
engine delivers torque to the wheels as a function of engine load and speed, and in this
mode, the MGB provides a boost when required, but the MGA is locked with the clutch [7].
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In this mode, both PGS1 and PGS2 are fixed to each other, and the torque is distributed
between the engine and the MGB. PGS2 and PGS1 have a fixed speed relationship because
clutches C2 and C1 are closed. The engine torque is a function of the transmission output
speed and provides maximum power through direct mechanical contact with the wheels
and additional MGB support in this mode. It operates at higher speeds from 60 km/h to
over 110 km/h with higher torque demands than in the LERM mode and, as the MGA unit
is not operating, both clutches are closed, and all engine power is sent to the wheels [15].
The engine cannot always operate at the optimum operating torque target line, but in this
mode, the engine load is adjusted by charging or discharging the battery to stabilize the
engine operating points in a highly efficient range [31].

High extended range mode (HERM) is a sustaining mode in which the ICE, MGA,
and MGB operate the vehicle during peak power demand [7]. In this mode, the engine
provides most of the power to the wheels and the MGB works as a generator. Both MGA
and MGB are used to control the speed and load of the engine and this mode is used when
the vehicle speed is greater than approximately 65 km/h with light loads or for higher
torque requirements and speeds greater than 110 km/h [31]. In this mode, the engine
power is split by distributing the engine power from PGS1 via the planet carrier, sun gear,
and clutch C1, in which case clutch C1 is closed again and clutch C2 is opened to transmit
the engine power from PGS2 [15]. PGS2 and PGS1 have a flexible speed relationship.
The engine speed can be determined by an additional speed control independent of the
vehicle speed [31]. The MGA works closely with the engine to control its speed and charge
the battery when excess power is available [15]. As vehicle speed increases, the engine
operating point is adjusted by controlling the amount of battery charge or discharge to
maximize fuel efficiency [31].

2.4. Hybrid Electric Vehicle Modeling

A forward approach technique, also known as a dynamic simulation, has been used in
HEV modeling to capture the time-varying behavior of the powertrain system, including
the forces, torques, and accelerations involved [33-35]. It requires the development of high-
precision models including dynamic transient behavior of components, which requires
computational load [2,10]. The total power demand is generated by solving the vehicle’s
longitudinal differential equation of motion, using a PID-controlled drive model that
compares the drive cycle speed with the vehicle’s actual speed profile and then generates a
power demand profile required to follow the vehicle’s target speed profiles [10,33]. In the
DDP-based optimization stages, a partially backward, i.e., quasi-static, modeling approach
is used, which considers changes in the powertrain over time, and the dynamics of the
system can be approximated by a set of static states [10,33,36,37]. The quasi-static map-
based powertrain model calculates fuel consumption, electrical power demand and battery
SOC [33]. The vehicle simulation model which consists of a controller and physical models

is shown in Figure 5.

@——P>| controllerBusin  controllerBusOut P physicalBusin physicalBusOut

Controller Models Physical Models

P physicalBusin

P controllerBusin
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Figure 5. Hybrid electric vehicle Simulink models.
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2.4.1. Internal Combustion Engine Model

The physical engine model calculates engine torque, friction, and speed, considering
the inertial effects of the combustion engine and engine starting. Engine speed has different
sources depending on the actual state of it and it is calculated separately for each hybrid
driving mode by the physical transmission model. The engine torque is calculated accord-
ing to the demand from the controller and the friction torque due to friction losses, the
minimum amount of torque required by the ECU is calculated, and the minimum amount
of torque required for engine operation is decided as shown in Equations (1) and (2) [38—40].

0.5
Taice e = Pme X Viisp X 5775 @
Tq1ce = min(TqICE,Req + Jice X wice, TqICE,FL) (2)

The total pressure loss is determined with a map using the average engine nominal
pressure and engine speed, also considering the engine speed, and the friction torque is
calculated with Equation (3) [38—40].

quric = Pfric X Vaisp X (g;l) ®3)

Considering the required engine torque and engine friction, the required indicated
mean effective pressure and mean effective pressure (MEP) are calculated. Indicated mean
effective pressure (IMEP) is equal to the sum of the mean effective pressure (MEP) and
friction mean effective pressure (FMEP) expressed as in Equation (4) and it is also limited
by a maximum pressure map as a function of the actual engine speed. Using the average
peak pressure and engine parameters, engine torque is calculated by means of Equation (5).

The maximum engine torque is limited by considering the full load torque [38-40].

Pmi = Pme + Pmr 4)

(0.5)
2pi

Tq1ce = Pmi % Vaisp ¥ (5)
where Tq;cp ., requested engine torque [Nm]; Tq;cg: engine torque [Nm]; Tq;cp py:
engine torque at full load [Nm]; Tq fric: engine friction torque [Nm]; J;cg: engine inertia
[kg~m2] ; Viisp: engine cylinder volume [m3]; Pfric: cylinder friction pressure [Pal; wick:
engine speed [rad/s]; wjcE: engine acceleration [rad/s?]; p,,;: indicated mean effective
pressure [Pa]; pye: mean effective pressure [Pa]; and py: friction mean effective pressure
[Pa].

Fuel consumption is map-based and depends on engine speed, torque, and tempera-
ture [21]. The mass fuel flow rate, the total amount of fuel consumed during the simulation
cycle, the specific fuel consumption, and the amount of fuel consumed during the cycle are
expressed according to the following formulations [38—40].

(wice % TqycE) 1
FF=F

Cx 9549 3600 (6)

(FF)

N ANl

1000
FCTotal = Z ) )

K=0 PFuel

100

PCCycle = FCrotar X 8)

LCycle

where FF: fuel flow rate [g/s]; FC: specific fuel consumption [g/kWh]; wicg: engine angular
velocity [rad/s]; FCrytg: total fuel consumed [L]; FCcyqj: specific fuel consumption in the
driving cycle [L/100 km]; Lcyje: total distance traveled [m]; and pg,,;: fuel density [kg/L].
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2.4.2. Electric Motor Model

The electric motor physical model calculates motor angular speed, torque, and actual
electric power consumption. Using the electric motor efficiency maps, the motor efficiency
is determined for each operating condition according to the operating speed and torque of
the motor. Motor angular velocity and acceleration, which serves as an input for the motor
moment of inertia calculation, are calculated using Equations (9) and (10) [41,42].

_ wpm(k) —wpm(k—1)
ti

©)

WEM

2XpiXn
WEM:gio (10)

where wg: electric motor actual angular speed [rad/s]; wgp: electric motor acceleration
[rad/s?]; t;: sampling time [sec]; and n: motor speed [rpm].

The motor mechanical power is calculated as a function of the actual motor torque
and speed using Equation (11) which is limited according to the maximum power [42,43].

Pepm,Mech= Tqpp, et X WEM (11)

Motor power losses are determined map-based as a function of speed and torque.
Electrical motor power is the sum of the mechanical power and losses plus inertia effects.
Mechanical motor power is calculated using Equation (11), the electrical power using
Equation (12), and the current using Equation (22) [42,43].

Pent Elee = PEM Mech £ JEM X WEM X WEM +PEM, Loss (12)

The current drawn from the motor is the ratio of the electrical power to the actual
battery voltage and is calculated using Equation (13) [42,43].

Pep el
IElec = v, S (13)
Batt,Act

where Pppf pecn: motor mechanical power [W]; Pppggr..: motor electrical power [W];
Pepm,Max: motor maximum power [W]; Ppagross: motor loss power [W]; Tqgg,; .0 mo-

tor actual torque [Nm]; Jpps: motor inertia [kg-m2] ; VBatt, Act: battery actual voltage [V]; and
IFjc: motor current [A].

2.4.3. Transmission Model

Depending on the hybrid driving modes, the engine speed required for gear shifting
is calculated as a function of vehicle speed (equal to the maximum idle speed) in the
HERM mode and depending on the gear ratio in the LERM and FERM modes, and it
is gradually transmitted to the front differential using a specific gradient limiter. The
mechanical transmission models include different vehicle operating modes and calculate
the torque at the wheel level considering the gear ratios of the MGA, MGB, and engine. It
also evaluates transmission losses, considering the mechanical efficiency of the gearbox
and differential. The transmission power transmission efficiency is determined based on
the map-based operating speed and torque, and the losses are calculated as follows [21,44].

Ptrsm,lass = Ptrsm,out - Ptrsm,in (14)

The relationship between transmission input and output speed depends on the gear
ratio and is calculated using Equation (15) and transmission input torque is calculated
using Equation (16) [21,44].

Wtrsm,in = Tgear X Wtrsm,out (15)
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1 .
thrsm,in = —X Tq + ]trsm(lnr Out) (16)

7’g‘mrgtrsm trsm,out

where Py, 1550 transmission power losses [W]; Pyspous: transmission output power [W];
Pirsm in: transmission input power [W]; wiygp in: transmission input speed [rad/s]; wirsm,out:
transmission output speed [rad/s]; r¢eqr: transmission gear ratio [-]; Jism: transmission
inertia [kg-m?]; Tqy5 in: transmission input torque [Nm]; Tq,,,, ,,,: transmission output
torque [Nm]; and &¢5,: transmission efficiency ratio [-].

The planet-sun gear ratio calculations are modeled as in Figure 6 and the planetary
gear ratio, gear speeds, and torque power are calculated as follows [21,36,44].

Pc1 = Pry + Psy (17)

1 Yoear ZRl
Ney = ——Ng1 + 8" Npy and (r = — 18
= st o Nk (rpGs1 Ze1 ) (18)

1 PGSl

T¢gg = ——T, and Tpr1 = ———T, 19
S e 1 C RIS e (19)
Ng1 = Nrp and Nci1 = Nc¢p (in HERM mode) (20)

where Pci: carrier gear power [W]; Pry: ring gear power [W]; Psi: sun gear power [W];
Ngi: sun gear speed [rpm]; Ngy: ring gear speed [rpm]; Ngy: second ring gear speed [rpm];
Ncji: carrier gear speed [rpm]; Ncp: 2nd carrier gear speed [rpm]; Zg;: ring gear distance
[m]; Zsi: sun gear distance [m]; T¢1: carrier gear torque [Nm]; Tgq: sun gear torque [Nm];
Tr1: ring gear torque [Nm]; and rpggy: PGS1 ratio [-].

Ngy Nei I Ngy Nr1 st[ NCII N I
51

[0 @) 0] [ o o o]
R1 C1 S1 I R1 S2 C2,C1 R2, $1

Figure 6. Planetary gear ratio model.

Torque input to the final drive is calculated using Equation (21), considering the
transmission models MGA, MGB, and ICE. Torque at the front axle is calculated using
Equation (22) [21,44].

Tap, aifs_in = Thice X Tressd X refy post
r_dif f_in ICE 7PGS1 — (21)
+T9epact X (1 +7PGs2) X Teff_PGs2

T9r, wii = Tapr_giff_in X Teff_Fr_diff X TFr_diff_in (22)

where Tqp, 4i¢f ;¢ front differential input torque [Nm]; Tq;cp: engine torque [Nm];
Tqgp qep: moOtOT actual torque [Nm]; Tqg, y,;.: front wheel torque [Nm]; rpgs1: PGS1
ratio [-]; rpgsa: PGS2 ratio [-]; 7g;_gifr_in: front differential ratio [-]; 7,7, : PGS efficiency
[-]; reff_pgsa: PGS2 efficiency [-]; and r.¢f py gifs: front differential efficiency [-].

2.4.4. Battery Model

The battery control model determines the limits of the current and electrical power
depending on the SoC and battery voltage and calculates the maximum electrical battery
power for peak and continuous modes depending on the battery SoC and temperature. The
internal open-circuit resistance in the battery pack is map-based [43]. Total open circuit voltage
and internal resistance of the battery are determined using Equations (23) and (24) [45,46].

VBatt,OC = NCell,series X VCell,OC (23)
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N, Cell,series (2 4)

Rt = RCell X N
Cell,paralel

where Vg, oc: battery open circuit voltage [V]; Vs oc: cell open circuit voltage [V]; Ry
battery internal resistance [ohm]; R¢,y;: cell internal resistance [ohm]; N,y series: Serial cells
[-]; and Neeit parater: parallel cells [-].

The battery current can be calculated from Equation (25), the actual battery voltage
from Equation (26), and the battery power from Equation (27) using a simple circuit model
with open circuit voltage and internal resistance as shown in Figure 7 [33,43,46].

1
2
<VBatt,OC - (Vlgatt,OC - 4PBatt,Req ><RIm‘) >

IBatt,Act = R, ; (25)
m

VBatt = VBart,oc—Rint X Ipast (26)

Pgast, Act = VBatt, Act X IBatt, Act (27)

where Ppgtt req: Tequested battery power [W]; gyt act: battery current [A]; and Vg act:
battery voltage.

I Batt.

Rlnt

VBan,DL‘ Vﬂan

% RLoad

Figure 7. Battery open loop voltage and cell internal resistance [43].

The state of charge (SoC) of the battery is calculated using Equation (28). The initial
capacity of the battery is calculated using Equation (30). For the capacity variation, the
positive (discharge) and negative (charge) current are multiplied by the coulombic efficiency
as shown in Equation (29) and integrated [21,43,46].

] attAc -dt
soc — (Qui=8Q) _ (QCﬂpCell X Neelt,parattet X S0Cini — %) 08)
Qini Qcapcelt X Ncell,Parallel
8Q = [ igatac x dt xnC (29)
Qini = Qcapcelt X Ncei,paratiel X S0Cini (30)

where SoC: battery charge status [%]; Qjy;: initial state of charge [Ah]; AQ: capacity change
[Ah]; Qcapcen: cell capacity [Ah]; SoCjy;: initial state of charge [%]; ipartact: battery actual
current [A]; and nC: columbic efficiency [-].

2.4.5. Vehicle Model

In the physical vehicle model, wheel traction torque is calculated using Equation (31)
via vehicle resistance such as air resistance, gravity resistance, rolling resistance, and inertia
resistance as shown Figure 8 [47,48].

Tqwm = (F air + Face + Fgra + Fronr) X rwni (31)

where Tqy,;,;: wheel torque [Nm]; F4;,: air resistance force [Nm]; Fa..: acceleration resis-
tance force [Nm]; Fg,4: slope resistance force [Nm]; Fr,y;: rolling resistance force [Nm]; and
rwni: dynamic wheel radius [m].



Energies 2024, 17, 1696

11 of 39

Figure 8. Forces acting on the vehicle [21].

The air resistance force acting on the vehicle is calculated depending on the vehicle
speed using Equation (32), the resistance force due to a sloping road using Equation (33), the
rolling resistance forces using Equation (34), and the acceleration resistance force reduced
to the wheel level using Equation (35) [48,49].

1
FAir = E X PAir X ADrg X CDrg X v%/eh_act (32)
Fgrq = My, X g X sin(P) (33)
Fronn = myen X g X Sig?”l('UVgh_uct) X (frO +fr1 X |vveh_act| +f72 X v%/eh_act) (34)

FACC = (@ + mVeh) X AVeh_act X fVeh_P_Acc (35)
"Whi

where p 4;,: air density; Ap,,: front drag area [m?]; cprg: drag coefficient; vy, g actual
vehicle speed [m/s]; B: angle of climb [rad]; ay,,,: actual vehicle acceleration [1/ s%];
myey: vehicle mass [kg]; Jwy,: wheel inertia; ryyy,;: dynamic wheel radius [m]; fyen £ acc: ac-
celeration factor [-]; fro: zero-order deceleration value [-]; f;1: first-order deceleration value
[-]; and fi2: second-order deceleration value [-].

The normal wheel force due to braking is limited to the maximum wheel torque
compared to the actual transmission torque and calculated using Equation (36) [48,49].

Tqwn max = Fwni X Twhi X ¥ Mu_veh (36)

where Tqyy; 0, maximum axle torque [Nm]; Fyyp,;: wheel traction force [N]; and 7y _ven:
coefficient of road grip [-].

2.4.6. Driver Model

In the driver model, vehicle torque demand at the wheel and the braking torque
demand are calculated from the output of the driving cycles and the actual vehicle speed
using a speed-based PI controller, considering the vehicle/drivetrain inertia and vehicle
driving resistance such as air resistance, rolling resistance, and gradient resistance. Then,
this value is added to the output of a PI controller with the following equation and the
speed difference is defined by the following equation [50].

Tqprreq = Kp % (Av) + K; x / (AV) x dt  where AU = Oven_req — UVeh_act (37)

The wheel torque demand is calculated using the following equation. The pre-torque
demand is expressed in the previous section by Equation (38) [50].

Tthl,req = TqPre,req + TqPI,req (38)

where Tthl,req: wheel torque requested [Nm]; qure,req: pre-torque demand [Nm]; Tpj req:
controller wheel torque request [NmJ; vyey_req: requested vehicle speed [m/s]; vyey_ger: ac-
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tual vehicle speed [m/s]; Av: vehicle speed difference [m/s]; K,: controller proportional
coefficient [-]; and K;: controller integral coefficient [-].

2.5. Drive Cycles

Different driving cycles can be simulated using predefined map-based speed and slope
profiles shown in Figure 9. UDDS is a standard driving cycle used in the EU to analyze
fuel consumption and emissions in urban driving conditions and reflects typical urban
driving conditions such as stop-and-go traffic, low speeds, and frequent turns [6,51-54].
The JCO08 driving cycle is a standardized test procedure used in Japan to evaluate the fuel
consumption and exhaust emissions of gasoline passenger cars under urban driving condi-
tions, which was developed to better suit Japanese driving conditions [55,56]. FTP75 cycle
is a standardized test procedure in the US to evaluate the performance, fuel consumption,
and emissions of light-duty vehicles in typical urban conditions such as stop-start traffic
and low-speed driving [53,57]. HWFET driving cycle is a standardized test procedure used
by the US Environmental Protection Agency (EPA) to evaluate the fuel consumption and
emissions of vehicles by representing real-world highway driving conditions in a driving
scenario which involves higher speeds and longer durations compared to the city driving
cycles [6,53,58]. NEDC is a standardized test procedure developed by the EU in the 1970s
to assess the efficiency, performance, fuel consumption, and emissions of vehicles in urban
and non-urban driving conditions [53,59,60]. The urban cycle represents driving conditions
in urban areas with frequent stops and starts, lower speeds, and shorter distances. The
non-urban cycle represents driving conditions on open roads with higher speeds and
longer distances [6,59,60]. Although NEDC has been widely used for vehicle certification
and regulatory purposes, it has been criticized for not accurately representing real-world
driving conditions and under-estimating fuel consumption and emissions [61,62]. WLTC is
a standard test cycle developed to provide a more realistic representation of road driving
conditions than NEDC. WLTC is a test protocol that simulates more realistic driving con-
ditions and covers a longer cycle and has been adopted as the new type of approval test
cycle for the certification of fuel consumption and emissions of passenger cars and light
commercial vehicles in Europe from 2017 [61-63].

Ve spoed bon)
P s 8

f\W\M A A fgm‘mmwmfﬂ |

~~~~~

s

[r—r—
8

Figure 9. Drive cycles used for simulations.

3. Hybrid Electric Vehicle Model Validation

To validate the high accuracy of the simulation results, the vehicle was activated to
operate in the charge-sustaining mode (CS) depending on the battery initial charge (SoC)
value according to the measurements taken from the vehicle chassis dynamometer for
the UDDS driving cycle and the model simulation results were compared with the actual
test data. Evaluation of the simulation model maturity performed against measurement
data and resulting plots show that the simulation model is capable of reflecting the vehicle
behavior in an appropriate accuracy level according to the defined evaluation criteria.

In the vehicle simulation model, the mechanical energy consumption during the
propulsion phase and braking phase based on torque and power in the wheels at a given
vehicle velocity and driving distance shows up to a 3.4% deviation. In the transmission
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model, mechanical energy and power during the propulsion phase and braking phase
based on torque and power in the wheels at a given transmission input shaft speed and
torque showed up to a 2.5% deviation, which can be accepted as a good deviation level. In
the electric motor model, mechanical and electric power and energy during the propulsion
phase and braking phase based on average speed and torque showed up to a 3.7% deviation.
In the HV battery model, battery SoC showed around a 1% deviation, and energy charging
and discharging based on electrical power and energy based on average voltage and current
showed up to a 4% deviation. In the internal combustion engine model, cumulative fuel
consumption based on average speed and torque shows around a 3.5% deviation which
could be considered as a good deviation level. As can be seen from the simulation results
in Figures 10 and 11, the model and the applied rule-based driving strategy can reflect the
vehicle behavior with good accuracy.
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Figure 10. Battery and MGA and MGB validation results for UDDS-CS.
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4. Hybrid Electric Vehicle Energy Management Systems
4.1. Energy Management Systems Objectives

Energy management strategies aim to increase efficiency and performance by optimiz-
ing the power distribution between the engine and the electric motor in HEVs, considering
complex driving conditions, aim to maximize fuel economy and performance, and also
aim to reduce emissions [2,5,6,10,53,56,64—68]. By improving powertrain efficiency through
advanced optimization techniques in HEV EMS, researchers aim to further improve fuel
economy and emission reduction [1,10,20,33,69,70].

EMS aims to improve the drivability and overall user experience of HEVs, ensuring
smooth power delivery and responsive performance [29,64,66,67,71]. It can adapt to differ-
ent driving conditions and traffic patterns by optimizing the operation of the powertrain
for maximum efficiency and performance [6,11,58]. It can incorporate real-time traffic infor-
mation to optimize power distribution and improve energy efficiency according to driving
conditions [52,72,73]. It considers various constraints such as power demand, SoC, and
system limitations to ensure the safe and reliable operation of HEVs [6,53,64,68,74]. EMSs
can optimize electric motor and battery utilization, allowing for longer electric driving
range in HEVs [10,58,75,76]. EMSs maximize the capacity and extend the lifetime of the
battery by enabling its efficient use in HEVs [12,29,67,74,77-79]. It includes strategies to
protect the battery and other components, which helps to extend battery life and reduce
maintenance costs [6,73,77].

4.2. Classification of Energy Management Systems

Energy management systems are basically divided into two parts, which are online
and offline strategies. Online strategies involve real-time control and decision making
based on current driving conditions and vehicle states. These strategies adaptively adjust
the power distribution between the engine and the electric motor to optimize performance
and efficiency [6,34,80-83]. Online control strategies are based on local optimization and
can be implemented in real-time since no driving cycle prior knowledge is required and
there is a limited computational load [2,6,10,20]. Offline energy management strategies
are designed before real-time implementation using historical driving data or simulation
models and provide optimized power management solutions [53,68,71,82,83]. Offline
optimization requires a priori knowledge about upcoming driving cycles and searches for a
global optimal solution [2]. Although they cannot be directly used in real vehicles due to the
computational complexity, they serve as a benchmark to calibrate the control parameters
of other EMSs, which can be effectively used to reduce fuel consumption [2,20]. Offline
EMSs are divided into rule-based and optimization (local and global)-based EMSs, and
each approach has different advantages in terms of computational load and optimality [20].
Optimization-based strategies can result in lower fuel consumption compared to rule-based
strategies [1,84].

The optimal discharge strategy of the battery, which consists of operating the ve-
hicle as an electric vehicle until the battery is depleted and then continuing the charge
maintenance process as a conventional HEV using the engine, is referred to as the charge-
depletion/charge-sustaining (CD/CS) strategy [4,32,36]. The use of the stored electrical
energy is guaranteed, and no knowledge of the future driving task is required, which is the
main advantage of this strategy [84]. If the desired output trajectory is known in advance
when the vehicle follows a given driving cycle, dynamic programming and analytical
optimal control techniques can then be used to obtain the theoretical optimal results [5].
Unlike CD-CS, which can be applied without any knowledge of the future trip, a global
optimal strategy such as PMP guarantees optimality only if the speed and altitude profiles
are known in advance [4]. The PMP algorithm aims to obtain a blended trajectory of the
SoC to minimize the fuel consumed, which results in an overall better performance than
the CD-CS strategy [32]. The main objective of the optimization-based power management
method is to find the optimal control results to minimize the process cost over a given
horizon [2,5]. Power splitting represents a typical optimal control problem since it usu-
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ally depends on the real objective of minimization of a given cost function, such as fuel
consumption [10].

4.3. Rule-Based Energy Management System

HCU controls the driving mode of the vehicle, including torque distribution between
different power sources such as the engine and electric motors, regenerative braking,
and engine speed control in specific hybrid operation, acting as a master controller for
all slave controllers such as the engine, battery, motors, and transmission controllers.
Rule-based strategies, based on a set of rules that aim to selectively maintain the power
distribution among the energy sources with high efficiency by observing the operating
conditions of the vehicle, are widely used due to their reliability and satisfactory fuel
consumption results [10,32,57,85,86]. Although they often produce results that are far
from optimal despite their low computational requirements, they are easy to implement
in real-time applications because they consist of empirical rules and thresholds defined
by analyzing the performance and characteristic maps of the components used in the
system [6,10,36,65,80,87,88].

This method depends mainly on logical rules and local constraints rather than having
prior knowledge of the driving cycle, and that is why it is less adaptive to changing driving
conditions [2,20]. The rule-based controller depends on both powertrain components
and vehicle architecture [33,36]. It requires a large amount of time and engineering to
develop the strategy due to the lengthy rule definition and calibration process and is highly
dependent on driving conditions [6,86,89].

As shown in Figure 12, the hybrid driving mode control model, in which all possible
vehicle states are defined, uses state transition diagrams to determine the mode of operation
among five possible modes, namely single/dual motor electric driving (ED1-ED2), engine
start, engine stop, regenerative braking, low extended range (LERM), high extended range
(HERM), and fixed extended range (FERM). It also implements engine speed control and
SoC-based control. The main parameters influencing mode selection are driver torque
demand, vehicle speed, and battery SoC. Calibration thresholds are calibrated for each of
the five different operating modes [21].

Hybrid Mode Selection

Engine Start

T
Hybrid Drive ICE_Start2LERM

ED2LERM

LERM2FERM FERM FERMZHERM HERM

FERM2LERM HERM2FERM

ICE_Stop2ED LERM2ED

Engine Stop

Figure 12. Hybrid mode selection diagram of HCU.

The control rules defined in hybrid mode selection are converted by the HCU signals
into function calls, where the torque distribution and engine speed are defined according
to the defined rules. HCU controls the torque distribution between the components by
calculating the speed of PGS1 and PGS2 according to the wheel torque, vehicle speed, and
operating modes requested by the driver. It also considers the physical operating limits of
all components in the system. For example, the torque demand of the hybrid controller for
the MGA is compared with the maximum engine torque, or the electrical power demand
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is also considered to ensure that it can provide the current that can be drawn from the
battery pack [43]. Operating mode separation is controlled by user command, considering
the effects of electric drive, hybrid operation, vehicle speed, wheel torque demanded by
the driver, engine speed, ambient temperature, battery SoC, previous operating mode,
etc., in addition to hybrid operation. In this way, successive transitions between electric
driving (EV1-2) and hybrid driving (LERM, FERM, and HERM) are made within a certain
hysteresis range defined in the maps and according to the vehicle operating conditions, as
shown in Figure 12.

In the rule-based controller, a set of logical rules is predefined using the component
efficiency maps to determine the optimal power distribution between the engine and the
electric motor, considering the simultaneous efficiency of the engine and the electric motor
and the SOC of the battery [20,86]. Depending on the battery SOC and vehicle load, the
engine is used at higher loads where its efficiency is better, while the electric modes should
be preferred at lower loads [20,36]. In SoC-based control, the engine load is applied as a
function of the SoC: in LERM mode due to the low-medium load demand of the engine
and in FERM mode due to the medium load demand of the engine. In HERM mode, it
is not applied due to the high load demand of the engine and the low efficiency of the
MGB. As the engine provides an extra degree of freedom in LERM and HERM modes
and is frequently engaged, engine speed control is particularly important for the functions
performed by the MGA. Power-split control can be performed to meet the driver’s power
demand and keep the SoC within a certain range [20]. If the SoC of the battery pack is below
the critical threshold, as shown in Figure 13, the electric motors are switched off and the
engine is activated [15,21,43].

—— LERM 1o FERN ——— FERM b LERM

orque of wheel (Nm]

—
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Figure 13. Mode transition maps; engine load variation based on SoC.

4.4. Discrete Dynamic Programming (DDP)-Based Energy Management System

DDP is based on the optimality principle of Richard Bellman in the 1950s and aims to
find optimal control policies using a multi-stage decision process, with the property that
an optimal control policy is one in which, whatever the previous decision, the remaining
decisions should form the optimal policy with respect to the situations arising from the
previous decisions [2,6]. DDP is based on the concept of decomposing a nonlinear dynamic
optimization problem into discrete time sub-problems, where a cost function is generated
at each step time [2,68,83].

DDP suffers from the significant computational time required to solve the backward
time optimal problem from the future state to find the first control input in a feasible range,
and the computational burden increases as the size of the system increases [2,6,20,43]. Due
to the high computational load and the need to have prior knowledge of the driving cycle,
a real-time controller must operate with limited computational and memory resources, so
it cannot be directly applied to real-time control because it is impossible to know the future
driving conditions such as speed, road gradient, and traffic dynamics [1,5,20,33,90].

DDP is known to search for the global optimal solution when there is complete
information about the driving cycle, and the need for a backward-looking procedure
means that the solution can only be obtained offline for a previously known driving
cycle [2,10,20,33]. DDP evaluates the minimum fuel economy that can be achieved during
a driving task to reach the global optimum by analyzing the entire driving cycle [1,33].
The global optimum strategy based on DDP involves a combination of fuel and electrical
energy consumption throughout the driving cycle, and the distance of the driving cycle
must be known to use all the energy in the battery for the global optimum strategy [84].
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The model equation may contain various state and input variables, and the equations
may contain time-varying state and input constraints. It should specify the number of
controllers to be optimized, the system states to be monitored, and the limits for each [33].
The dynamic programming technique guarantees global optimality by solving compre-
hensively for all control and state variables [5]. The most efficient combinations of power
distributions between components can be calculated using dynamic programming [33,43].

The DDP-based multi-stage optimization problem consists of two stages to find the
most optimal control parameters. In the first stage, backward optimization of the control
domain is performed, and then forward simulation is performed to select the appropriate
control variable. In backward optimization, the optimal set of control variables is obtained
by proceeding backwards from the final state and selecting the path that minimizes the op-
erating cost each time. When solving a problem using the backward dynamic programming
technique, the obtained co-products are the optimal values of each state from each stage to
the end, whereas when solving a problem using the forward dynamic programming, the
corresponding co-products are the optimal values from the initial states in the first stage to
each state in the remaining stages [6].

Dynamic programming is a multi-stage decision process that applies the optimal
principle to make hierarchical decisions and solve optimal controls [84]. For an optimal
decision, whatever the initial state and decision (stage cost) L(u, xx), the remaining deci-
sions (ongoing cost) ]]: +1(Xg41) must be optimal for the initial decision; that is, the second
part of the optimal trajectory is also the optimal trajectory. The equation for the multi-stage
decision process is expressed using Equations (39) and (40) [84].

Je () = ming {L(ug, xi) + Jiiq (xk+1)} (39)

Uy = argmin,, {L(ug, x) + Jesn (xk+1)} (40)

J;(xx) in the above equation is the optimal value function of the k-stage decision
process from the initial state to the final state. The parameter u; in the formation is the
control strategy of the k-stage decision process in the initial state xy; therefore, the state is
transferred to the next state [84]. By discretizing the parameters x; and uy in the equation
to the finite states, the above equation is solved backwards, the optimal control and the
corresponding cost are stored, and then the optimal solution with specific initial states is
carried forward by applying optimal controls along the horizon [5].

The optimal control problem is to minimize the fuel consumption during vehicle
operation cycle while respecting the design constraints of each component and the driv-
ability / performance specifications. The objective is to minimize a cost function (integral
cost) defined as an integral over a finite horizon (driving cycle) [33]. The cost function to be
minimized usually consists of fuel economy and other performance parameters, where the
total fuel consumption is minimized as follows [5]. The optimal control problem is defined
as below.

min] = /t:f my X dt (41)

Control and state variables are defined as below.
u = [u, uy, u3]T (42)
x = [x1,x2 ]T (43)

where u1: Tq,- (engine torque); up: Nicg (engine speed); uz: Tq,,-5 (MGB torque); x1: SoC;
and x,: I_mode.

By discretizing the problem and selecting the combination with the minimum fuel
cost, the minimum cost of each mode is calculated offline, and the obtained control is stored
as a table for the given combination [84]. The optimal control problem is defined as follows
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by specifying the equality and physical limits and constraints in the equation. The power
balance equality bounds are expressed by the following formula.

Pwi = Pice + Pmga + Pvcs (44)

where Pyy,;: wheel power [W]; Prcr: engine power [W]; Pyga: MGA power [W]; and
Prigp: MGB power [W].

The physical limits at each step must be respected, the SoC must be kept within a
certain range to reduce battery degradation, and at each instant, the total torque output
of the powertrain must be equal to the demand of the drive. At each instant, it cannot
exceed the maximum torque/power ratio of the powertrain components; similarly, the
total battery power must remain within acceptable limits in both charging and discharging
modes [33]. Electric machines and the engine should be limited to certain speeds to ensure
the operational reliability of the system [5]. The maximum motor power limitation is
achieved by keeping the operating torque and speed of the motor within specified ranges.
Limits and constraints in the equation are specified as below.

Tq1cE max = T91ce = Ta1CE min (45)
Nicemax = Nice =2 0 (46)
T9pmcamax 2 T9mca = Tamcamin (47)
NmG A max = NMGA,min (48)
T9pmcBmax = Tdmcs = TAMGBmin (49)
NumGBmax = NMGB,min (50)
Pgatt,max = Ppat = Ppat,min (51)

where Tq;-p: engine torque [Nm]; Tq,c4: MGA torque [Nm]; Tq,,;5: MGB torque
[Nm]; Ppgas: wheel power [W]; Nicg: engine speed [rpm]; Npiga: MGA speed [rpm]; and
Nyige: MGB speed [rpm].

From the operating limits of the system, the battery SoC limits are constrained within
the minimum allowable value SoC,,;, and the maximum allowable value SoCy;x. In
addition, the penalties due to mode changes are expressed as follows.

S0Cyax > SoC > SoC,in (52)
Mod . > Mod > Mod,,;, (53)

4.5. Pontryagin’s Minimum Principle (PMP) based Energy Management System

Pontryagin’s Minimum Principle was developed by the Russian mathematician Lev
Pontryagin in 1956 to solve the global optimization problem and is a special case of the
Euler-Lagrange equation for the computation of variations [2,6]. This principle states
that the optimal solution to the global optimization problem must satisfy the optimality
condition and is based on the instantaneous minimization of the Hamiltonian function
over a driving cycle [6,32,91,92]. The optimal trajectory obtained from PMP is the unique
trajectory that satisfies the necessary and boundary conditions [5,6].

PMP is not suitable for real-time applications because the initial cost depends on the
driving cycle, and different driving cycles require different optimal initial cost values, as
the size of the look-up table grows exponentially and increases the computational loads [2].
PMP does not guarantee optimality unless information about the future driving state is
provided [20]. The optimization problem aims to minimize the fuel consumed by the
vehicle in each drive cycle, while meeting the torque required by the driver and satisfying
the physical constraints of the powertrain components [32].
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The main principle of the PMP algorithm is to search for the optimal control variable
u(t) such that the Hamiltonian function takes the minimum value [85]. This cost, also
known as the performance criterion, J, is the total fuel consumed during a driving cycle.
The hybrid controller should minimize the fuel consumed by the engine during the trip,
subject to static and dynamic constraints of various vehicle components [93]. The energy
management problem is inherently a constrained optimization problem where the objective
function (J) is minimized under system dynamic constraints, local constraints on state and
control, and finally global constraints on the system as below [32,94].

= /ttfmf(u(t), ) x dt (54)

0

where u(t) is the control action; mf : instantaneous fuel consumption rate; and [ #p, f} is the
optimization horizon [32]. Control and state variables are defined as follows.

u = [uy,up ]T (55)

x = [x1,% ]T (56)

where u7: Tqmgb: MGB torque; us: Neng: engine speed; x1: SoC; and xa: I04 (mode of
operation).

By following an optimal trajectory of the SOC from a given initial value to a final
value without violating the global constraints of the SOC and the physical limitations of
the engine, the electric machines, and the battery pack, the minimum fuel consumption
during the drive can be achieved [93]. Hamiltonian function is calculated as follows and
the optimal solution is found numerically.

H(x, u, A, t) = Pe(u, t) + A X Pye(x,u, t)=mp(u(t), t) + A x f(x(t),u(t),t) (57)

where Py: fuel combustion power [W]; A: the equivalence factor; and Py,. the electrochemical
battery power [W]. A: common state variable.

PMP allows the global optimization problem to be reduced to a local instantaneous
problem that involves finding the optimal control sequence u(t) that minimizes the Hamilto-
nian function at each instant of time [32]. The necessary optimality conditions are expressed
using Equations (58) and (59).

¥ (u(t), 1) = %—IZ = f(x(t),u(t),t) 8)
i s 59

PMP conditions transform the general optimization problem into a local problem. The
Hamiltonian function is minimized exactly at u(t) = u(t)*. The optimal control problem is
defined using Equation (60).

U, = argmin, {H(x,u,A,t )} (60)

PMP states that if the control law u*(t) is optimal for the following equation, then
the following conditions must be satisfied as a necessary but not sufficient condition [5].
Restricted boundary values must be respected when minimizing the Hamiltonian function,
i.e., for the upper boundary and lower boundary.

x'(ty) = SoCiyitia1 = SoCo (61)

X (tf) — S0Cpin = SoCy (62)
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By using the condition u*(t) = argmin(H) to identify a candidate solution, the equi-
librium can be solved numerically using an iterative method, since a boundary condition
is defined at the end point, and this iterative method consists of replacing the two-point
boundary value problem by a conventional initial condition problem [5].

The necessary condition according to PMP constrains the optimal control trajectory
(u"(t)), the optimal state trajectory (x"(t)), and the optimal co-state trajectory (A"(t)) to
minimize the Hamiltonian function as follows:

H (x" (), u' (), N (1), £) <H (X' (t), u(t),A (), t) (63)

The torque and speed of the transmission gears are calculated as described in Section 2.
The power is determined by Equation (57). The integral constraints are related to the initial
and final values of S0C, SoCy, and SoCys during the operation of the vehicle over a given
driving profile [32]. Similarly, there are constraints on the state and control variables that
must be satisfied at each instant. Physical constraints are also applied at each instant to
ensure that the total power demand at the wheels is met while minimizing the Hamiltonian
parameter [32]. At any given moment, the hybrid controller determines the torque to be
demanded from the electric machines and the engine to meet the total traction demand on
the road and to minimize fuel consumption. Local constraints (physical limits on the speed
and torque required from the electric machine and the power required from the battery)
and global constraints (limits on the range of the available SoC) must be considered at each
step, where physical and operational limits are already specified in the DDP section [93].

4.6. Artificial Neural Network (ANN)-Based Energy Management System

The mathematical modeling of the learning process was first developed in 1943 by
Warren McCulloch, a neurologist, and Walter Pitts, a mathematician [95]. The ANN-based
learning approach is modeled by connecting artificial neural cells in layers and aims to
use the human brain’s ability to learn and make decisions very quickly under different
conditions to solve complex problems using simplified models [2,3,96]. ANN is ideal for
developing predictive models in the presence of nonlinear relationships between inputs
and outputs in large datasets and uses machine learning techniques to develop an adaptive
and data-driven energy management system by capturing complex relationships between
input variables and output control actions to predict the optimal energy management policy
from historical driving data [3,6,11,20,34,79,81,96-98].

In the real world, ANN models trained with vehicle driving data can be used in control
system modeling to determine optimal powertrain control settings in HEVs, creating net-
works that can predict fuel consumption for any given driving cycle, leading to improved
fuel efficiency for any given driving cycle in real-time as they require minimal computing
resources [3]. The performance of the ANN can be evaluated using various metrics such as
fuel consumption, energy efficiency, or system performance [99].

Supervised learning and backward propagation architecture is the most widely used
learning method in ANNs [96]. In this architecture, the output of the neurons in this
structure depends not only on the current input values but also on the previous input
values [95-97]. This algorithm minimizes the error by backpropagating the amount of error
in the output of the network and calculating the effect of each weight and bias value of
each neuron on the error using optimization algorithms [100-102]. In the training process,
the weights and bias values, which represent the relationship between the network’s input
and output, are iteratively optimized according to the error value so that the network’s
predictions become closer to the real data and the network learns the relationship between
input and output. This iterative process continues until the network converges on a
satisfactory solution [101-103].

The ANN structure consists of three different layers. The input layer is the first
layer that provides external data to the network and contains the neurons that receive
the inputs of the data set [102,104]. The output layer produces the final predictions based
on the processed input data, which contains the neurons that transmit the outputs from
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the hidden layers [3,101,104]. Hidden layers are responsible for processing the input data
and extracting relevant features, and the number of hidden layers and the number of
neurons in each layer can vary depending on the complexity of the problem and the desired
level of accuracy [96,105,106]. Neural networks learn the properties of the data and make
predictions through the connections between these layers and the activation functions
of the neurons [96,103]. Activation functions are applied to the outputs of each neuron
in the hidden layers to give the network nonlinearity and to convert the weighted sum
of a neuron’s inputs into an output signal, which is then presented as input to the next
layer [9,107]. The training of neural networks starts with initially randomly assigned
weights and bias values and is updated to minimize the amount of error [3,101].

As shown in Figure 14, n data are entered into a cell (x;,, data entries). The input data
are multiplied by the weights to sum all the data and then the bias is added, resulting in
a net bias. The net input is passed through the activation function and a data output is
obtained [95].

n—=

M-

Il
A

X; X w; + bj (64)

where 7 is the output of the neuron, P is the number of input elements, x; is the input value,
w; is the weight of the input value, and b; is the bias value.

Weights Estimated
Inputs Bias Value
X
0 Activation
Net input Function
He—s
nelj
0.
¢ —2
Y @ Activation
Transfer Function

0
Threshold

Figure 14. General structure of feedback neural networks [95].

The performance of the neural network is evaluated by calculating the correlation
coefficient (R), and the mean square error (MSE) at each training iteration is expressed by
the following formulation [3,96,97]. The training process tries to maximize the R-value and
minimize the MSE. Weights and biases are developed using backpropagation algorithms
in an iterative process and each iteration builds on the previous network by changing the
weights and biases to optimize the MSE and R value [3]. The R(a,p) is a measure of how
well the predictions are linearly correlated with the measurements [3].

Ex [(a—ua) x (p—up)]

R(a,p) = (65)
E x \/(a—uu)z X (p—up)z
MSE = %f(pl a;)? (66)
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where p;: targeted output value; 4;: the value obtained from the output of the network; E is
the expected value; 1, and u), are the mean values of measured and predicted output sets;
and n is the number of values.

The performance of the trained networks is evaluated by calculating the percentage
error in the measured and predicted FE over the entire cycle as follows.

n A n ;
Y.L measured, i1 predicted, "

1 7
i measured; 00 (67)

%Error =

The sign of the error is calculated to indicate whether a model is above or below the
prediction [3]. If the error value sometimes increases during training, this is usually an
indication of getting away from the solution, and training stops when the validation error
increases repeatedly for certain number of iterations [96]. The learning rate is a measure
of the size of the step towards the minimum of a loss function or the size of the change in
weight at each iteration [108]. In the histogram, the highest error density is the smallest
range of data from all errors and is an indication of the performance of the ANN. If the
ANN is not trained on many epochs, no significant overfitting is expected in the epoch
with the best validation performance [108]. The validation phase is a critical process that
involves the identification and reduction of bias in the training data and evaluation of the
system’s accuracy, while the testing phase is where test data are provided to each of the
trained models to verify the best prediction [108].

4.6.1. Artificial Neural Network (ANN) Training Method

Levenberg-Marquardt, Bayesian Regularization, and Scaled Conjugate Gradient meth-
ods are optimization algorithms used for different purposes in training artificial neural
networks. The Levenberg-Marquardt method is one of the most widely used optimization
algorithms for ANN training and uses a combination of Gauss—Newton and gradient de-
scent algorithms [97,109]. It is known for fast convergence and stability, as it is not affected
by the slow convergence problem [96,110]. This method is usually used for smaller-scale
problems and may not be suitable for large data sets [110,111]. Bayesian regularization is a
statistical approach and uses the principles of Bayes’ theorem to optimize parameters by
considering the estimation uncertainty along with the estimation of the weights and bias
values [112]. It offers several advantages such as improved generalization ability, reduced
overfitting, and faster convergence, and it also helps to reduce the effects of noise and
uncertainty [113]. The SCG method uses an iterative approach to update the weights faster
and more efficiently since it uses adaptive learning rate parameters [109,114,115]. The SCG
method follows the weight change with a scaling factor by using a momentum term and
memory in weight updates to ensure faster convergences [114,115]. It is known for its
robustness, fast convergence, efficient memory utilization, the ability to handle large-scale
problems, and the ability to handle incomplete data sets [114,116].

4.6.2. Artificial Neural Network (ANN)-Based Energy Management System Design

The training of ANNSs is performed on a training set, which consists of input data
and target outputs [103]. The first step is the specification of the architecture of the neural
network, which defines the structural properties of the network such as the number of
layers, the number of neurons in each layer, and the arrangement of connections [97,117].
In the data preparation phase, the data set to be used for training is organized [97]. The
data set to be used is divided into two: training data to enable the network to learn and
validation data to evaluate the performance of the network [103].

The ANN-based control algorithm designed for the energy management system of
hybrid electric vehicles has the following input parameters: transmission input torque,
vehicle speed, battery power, and SoC; and based on their characteristics, a machine learning
platform is designed whose only output is the hybrid driving mode, since there are five
different operating modes in the charge-sustaining mode to meet the power demand [15].
The transmission input axle torque has a direct effect on the power demand and is a
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necessary parameter for the selection of the hybrid driving mode, since the driving modes
are primarily designed for different axle torque levels. Vehicle speed is an important
parameter as it determines the kinematic constraints and vehicle kinetic energy associated
with the hybrid driving mode, with higher modes associated with higher vehicle kinetic
energy as more energy is delivered into the vehicle as the driving mode moves towards
HERM. In sustained charge (CS) mode, where the SoC is relatively low, the SoC level
influences the operating mode. Lower SoC levels are directly related to inefficient battery
operating ranges, so modes that use more engine torque should be selected as the SoC
drops in the CS mode. As battery performance is linked to total power demand, it is useful
to distinguish between the EV1 and EV2 modes and to include the effect of regenerative
braking [15]. The number of neurons used to train the artificial neural network models did
not affect its performance significantly, except for certain ranges, and that is why a medium
number of 10 neurons in the hidden layer was used with four inputs and one output [3].
Then, the MATLAB Neural Network Fitting Tool was used to create, train, and validate the
ANN architecture as shown in Figure 15.

4\ Function Fitting Neural Network (view) — 0O X
Hidden Output
Input Output
W : W : / —
4 b = | 1
12 1

Figure 15. ANN structure development via MATLAB.

Realistic system simulations have been performed by using the rule-based and
optimization-based energy management algorithms such as DDP and PMP in critical
low-SoC (15-22%) regions for both the charge-depleting (CD) mode, which aims to use
the maximum possible battery power to complete defined cycle with a minimum possible
final SoC, and the charge-sustaining (CS) mode, which aims to keep a similar initial SoC
level at the end of each driving cycle. Based on the simulation results obtained from
the DDP and PMP optimization methods in both CD and CS mode operations, with the
combination of defined driving cycles (UDDS, WLTC, NEDC, HWFET, FTP75, and JC08) at
a critical low-SOC region (15-22%), different artificial neural network system structures
were developed and trained by using the Levenberg—-Marquardt, Bayesian Regularization,
and Scaled Conjugate Gradient optimization methods. To obtain an ANN-based energy
management system, 70% of the simulation data were used to train the system, 15% were
used for validation, and 15% for testing. In this way, different ANN structures trained with
offline simulation data were compared with each other, and the precision and accuracy in
modeling were revealed.

When analyzing the best-validated system performance of designed ANN structures
in terms of mean square errors (MSEs) as shown in Figure 16, which indicate how small
the mean square error is when compared with the measurement, the BR and LM methods
had a lower mean square error value than the SCG methods. Also, the PMP training result
parameters have a slightly lower mean square error value than the DDP training results as
shown in Figure 16.

Based on PMP-CS simulation data training results, the BR method showed the best
validation performance in terms of MSE at around 0.39189 at epoch 1000 and the LM
method was around 0.386 at epoch 296, although the SCG method was around 0.56355 at
epoch 1000. Based on DDP-CS simulation data training results, the BR method showed the
best validation performance in terms of MSE at around 0.4695 at epoch 826 and the LM
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method was around 0.47137 at epoch 667, although the SCG method was around 0.60457 at
epoch 1000.

Based on PMP-CD simulation data training results, the BR method showed the best
validation performance in terms of MSE at around 0.38795 at epoch 1000 and the LM
method was around 0.3698 at epoch 230, although the SCG method was around 0.75638 at
epoch 419. Based on DDP-CD simulation data training results, the BR method showed the
best validation performance in terms of MSE at around 0.45203 at epoch 666 and the LM
method was around 0.45511 at epoch 299, although the SCG method was around 0.57412 at
epoch 1000.

When analyzing the correlation coefficient (R) for regression results as shown in
Figure 17, which indicate how well the predictions are linearly correlated with the measure-
ment, the BR and LM methods had a higher correlation rate than the SCG methods. Also,
the PMP training regression result parameters are slightly higher than the DDP training
regression results as shown in Figure 16.
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Figure 16. ANN mean square error (MSE) results with DDP and PMP CD/CS simulation data.

Based on the PMP-CS simulation data training results, the BR and LM methods
showed a regression around 0.891, although the SCG method was around 0.837. Based on
the DDP-CS simulation data training results, the BR and LM methods showed a regression
around 0.818, although the SCG method was around 0.757.

Based on the PMP-CD simulation data training results, the BR and LM methods
showed a regression around 0.874, although the SCG method was around 0.728. Based on
the DDP-CD simulation data training results, the BR and LM methods showed a regression
around 0.832, although the SCG method was around 0.781.
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Figure 17. ANN training regression results with DDP and PMP CD/CS simulation data.
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5. Discussion

In this study, the physical behaviors of the power-split hybrid electric vehicle con-
figuration have been modeled in the Matlab/Simulink environment and validated with
UDDS real vehicle chassis dynamometer data. In this way, a realistic virtual test platform
has been created where different hybrid vehicle energy management system algorithms’
performance will be tested and analyzed for different driving cycles and initial SoC levels.

Based on the FTP-75 driving cycle simulation results as shown in Figure 18, the
DDP-CS method with the same initial SoC conditions (20%) and similar final SoC condi-
tions (2.34% battery usage increased) shows a 19.19% fuel consumption reduction when
compared with the rule-based method. ANN methods trained with these simulation re-
sults show an average fuel consumption reduction (DDP: 25.5%; BR: 6%; LM: 4.95%; and
SCG: 2.25%), although the average battery consumption increased (DDP: 9.64%; BR: 1.37%;
LM: 2.07%; and SCG: 2.11%).

FTP75 CYCLE SIMULATION RESULTS
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Figure 18. FTP-75 driving cycle CS mode simulation results.

The PMP-CS method, with the same initial SoC conditions (20%) and similar final SoC
conditions (4.19% battery usage increased), shows an 18.41% fuel consumption reduction
when compared with the rule-based method. ANN methods trained with these simulation
results show an average fuel consumption reduction (PMP: 25.13%; BR: 23.03%; LM:
11.72%; and SCG: 13.16%), although average battery consumption increased (PMP: 11.11%;
BR: 14.81%; LM: 9.37%; and SCG: 20.34%).

Based on the FTP-75 driving cycle simulation results as shown in Figure 19, the DDP-
CD method and ANN methods trained with these simulation results show an average
fuel consumption reduction (DDP: 33.26%; BR: 6.8%; LM: 0.94%; and SCG: 18.65%), al-
though average battery consumption increased (DDP: 26.68%; BR: 7.97%; LM: 12.29%; and
SCG: 17.09%).

The PMP-CD method and ANN methods trained with these simulation results show
an average fuel consumption reduction (PMP: 49.83%; BR: 15.13%; LM: 28.58%; and
SCG: 12.87%), although average battery consumption increased (PMP: 31.7%; BR: 9.45%;
LM: 21.8%; and SCG: 10.6%).

Based on the HWFET driving cycle simulation results as shown in Figure 20, the
DDP-CS method, with the same initial SoC conditions (22%) and nearest final SoC condi-
tions (13.04 battery usage increased), show a 37.65% fuel consumption reduction when
compared with the rule-based method. ANN methods trained with these simulation results
show an average fuel consumption reduction (DDP: 41.26%; BR: —1.58%; LM: 4.26%;
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and SCG: —20.27%), although average battery consumption increased (DDP: 21.58%;
BR: —1.41%; LM: 5.87%; and SCG: —17.91%).

FTP75 CYCLE SIMULATION RESULTS
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Figure 20. HWFET driving cycle CS mode simulation results.

The PMP-CS method, with the same initial SoC conditions (22%) and similar fi-
nal SoC conditions (12.84 battery usage increased), shows a 24.71% fuel consumption
reduction when compared with the rule-based method. ANN methods trained with
these simulation results show an average fuel consumption reduction (PMP: 32.43%;
BR: 0.84%; LM: 2.83%; and SCG: —1.53%), although average battery consumption increased
(PMP: 21.41%; BR: 0.56%; LM: 9.03%; and SCG: 2.26%).

Based on the HWFET driving cycle simulation results as shown in Figure 21, the
DDP-CD method and ANN methods trained with these simulation results show an average
fuel consumption reduction (DDP: 54.55%; BR: 37.96%; LM: 13.03%; and SCG: —1.7%),
although average battery consumption increased (DDP: 37.07%; BR: 33.72%; LM: 10.8%;
and SCG: 0.17%).

The PMP-CD methods and ANN methods trained with these simulation results
show an average fuel consumption reduction (PMP: 44.22%; BR: 4.86%; LM: —7.06%; and
SCG: —4.33%), although average battery consumption increased (PMP: 31.28%; BR: 6.71%;
LM: 2.58%; and SCG: —0.6%).
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Figure 21. HWFET driving cycle CD mode simulation results.
Based on the JC08 driving cycle simulation results as shown in Figure 22, the DDP-CS
method with the same initial SoC conditions (20%) and similar final SoC conditions (2%
more battery usage), shows a 10.53% fuel consumption reduction when compared with
the rule-based method. ANN methods trained with these simulation results show an
average fuel consumption reduction (DDP: 14.05%; BR: 19%; LM: 4.14%; and SCG: —6.29%),
although average battery consumption increased (DDP: 6.81%; BR: 10.78%; LM: 3.49%; and
SCG: 1.26%).
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Figure 22. JC08 driving cycle CS mode simulation results.

The PMP-CS method, with the same initial SoC conditions (20%) and similar final SoC
conditions (3.39% more battery usage), shows an 11.51% fuel consumption reduction when
compared with the rule-based method. ANN methods trained with these simulation results
show an average fuel consumption reduction (PMP: 14.94%; BR: 11.53%; LM: 16.39%; and
SCG: 5.98%), although average battery consumption increased (PMP: 7.15%; BR: 4.85%;
LM: 9.13%; and SCG: 9.8%).

Based on the JCO8 driving cycle simulation results as shown in Figure 23, the DDP-
CD method and ANN methods trained with these simulation results show an average
fuel consumption reduction (DDP: 46.41%; BR: 5.71%; LM: 2.52%; and SCG: 7.61%), al-
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though average battery consumption increased (DDP: 23.95%; BR: 6.34%; LM: 5.13%; and
SCG: 5.52%).

JC08 CYCLE SIMULATION RESULTS
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Figure 23. JC08 driving cycle CD mode simulation results.

The PMP-CD method and ANN methods trained with these simulation results show
an average fuel consumption reduction (PMP: 68.32%; BR: 31.26%; LM: 31.56%; and
SCG: 23.41%), although average battery consumption increased (PMP: 28.62%; BR: 16.07%;
LM: 17.19%; and SCG: 12.86%).

Based on the NEDC simulation results as shown in Figure 24, the DDP-CS method,
with the same initial SoC conditions (20%) and similar final SoC conditions (2.38% more
battery usage), shows a 12.88% fuel consumption reduction when compared with the
rule-based method. ANN methods trained with these simulation results show an average
fuel consumption reduction (DDP: 14.81%; BR: —25.60%; LM: 3.89%; and SCG: —74.52%),
although average battery consumption increased (DDP: 5.44%; BR: —0.21%; LM: 7.37%;
and SCG: —29.65%).
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Figure 24. NEDC driving cycle CS mode simulation results.

The PMP-CS simulation results, with the same initial SoC conditions (20%) and similar
final SoC conditions (2.38% more battery usage), show a 15.14% fuel consumption reduction
when compared with the rule-based method. ANN methods trained with these simulation
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results show an average fuel consumption reduction (PMP: 16.79%; BR: 56.8%; LM: 38.34%;
and SCG: 13.78%), although battery consumption increased (PMP: 5.46%; BR: 27.15%;
LM: 24.33%; and SCG: 14%).

Based on the NEDC simulation results as shown in Figure 25, the DDP-CD method
and ANN method trained with these simulation results show an average fuel consumption
reduction (DDP: 42.08%; BR: 52.76%; LM: 34.16%; and SCG: —33.19%), although average
battery consumption increased (DDP: 22.36%; BR: 27.10%; LM: 19.5%; and SCG: —6.5%).

NEDC CYCLE SIMULATION RESULTS

FINALSOC [% ]
FUEL CONS. [ 1/100KM]

" m | "y | ﬂ ] L | j

Nebe NEDC NEOC NEpC Nebc NEbe NEDC NEOC Nepe
o0P_CD DDP_CD_ANN_BR DOP_CO_ANN_LM DDP_CO_ANN_SCG Pre_cD PMIP_CD_ANN_BR PMP_CD_ANN_IM PMP_CD_ANN_SCG RB_BASE

CONTROL & OPTIMIZATION METHODS

Fuel Cons. [ 1/100km] @it SoC:17  =Fuel Cons. [ 1/100km] @Init_SoC:18  =Fuel Cons. [ 1/100km] @Init_SoC:19  Efuel Cons. [ 1/100km] @It SaC:20 el Cons. [ 1/100km] @Init_SoC:21  EmFuel Cons. [
Final_SoC %) @Init_SoC:17 Final_SC (%] @Init_SoC:18 ~Fina S @nit_sac19 ~Final_SoC %] @Init_S0C:20 —o-Final_Soc (%) @init_soC:21 ~o-Final_Soc |

Fusl Cons. [ 1/100kr] @Init_SoC:15 el Cons. [ 1/100km] @init_SoC:16
Final_SoC (%] @Ini_SoC:15 Final_SoC %] @Init_SoC:16.

1/100km]
] @init

@it
soc22

Figure 25. NEDC driving cycle CD mode simulation results.

The PMP-CD method and ANN methods trained with these simulation results show
an average fuel consumption reduction (PMP: 62.46%; BR: 18.96%; LM: 46.03%; and SCG:
—19.11%), although battery consumption increased (PMP: 27.19%; BR: 15.56%; LM: 25.01%;
and SCG: —5.62%).

Based on the UDSS simulation results as shown in Figure 26, the DDP-CS method, with
the same initial SoC conditions (20%) and similar final SoC conditions (1.19% less battery usage),
shows a 13.19% fuel consumption reduction when compared with the rule-based method.
ANN methods trained with these simulation results show an average fuel consumption
reduction (DDP: 19.84%; BR: 1.54%; LM: 1.07%; and SCG: 1.11%), although average battery
consumption increased (DDP: 2.96%; BR: —0.25%; LM: —0.1%; and SCG: 1.24%).
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Figure 26. UDDS driving cycle CS mode simulation results.
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The PMP-CS simulation results, with the same initial SoC conditions (20%) and sim-
ilar final SoC conditions (0.55% less battery usage), show a 12.69% fuel consumption
reduction when compared with the rule-based method. ANN methods trained with
these simulation results show an average fuel consumption reduction (PMP: 19.57%;
BR: 18.68%; LM: 15.45%; and SCG: —6.47%), although average battery consumption in-
creased (PMP: 4.09%; BR: 6.91%; LM: 8.04%; and SCG: 4.07%).

Based on the UDSS simulation results as shown in Figure 27, the DDP-CD method and
ANN methods trained with these simulation results show an average fuel consumption
reduction (DDP: 49.89%; BR: 3.78%; LM: 0.66%; and SCG: 17.89%), although average battery
consumption increased (DDP: 20.1%; BR: 1.88%; LM: 7.57%; and SCG: 10.07%).

UDSS CYCLE SIMULATION RESULTS

—

FUEL CONS. [ 1/100KM]

|

CONTROL & OPTIMIZATION METHODS

lllll

Figure 27. UDDS driving cycle CD mode simulation results.

The PMP-CD method and ANN methods trained with these simulation results show
an average fuel consumption reduction (PMP: 73.24%; BR: 20.04%; LM: 37.07%; and
SCG: 33.75%), although average battery consumption increased (PMP: 32.52%; BR: 9.55%;
LM: 21.1%; and SCG: 17.26%).

Based on the WLTC simulation results as shown in Figure 28, the DDP-CS method,
with the same initial SoC conditions (21%) and similar final SoC conditions (1.73% less
battery usage), shows an 8.16% fuel consumption reduction when compared with the
rule-based method. ANN methods trained with these simulation results show an average
fuel consumption reduction (DDP: 14.30%; BR: —5.55%; LM: —2.55%; and SCG: —3.67%),
although average battery consumption increased (DDP: 6.88%; BR: —1.13%; LM: —0.34%;
and SCG: 0%).

The PMP-CS method results, with the same initial SoC conditions (21%) and sim-
ilar final SoC conditions (2.4% more battery usage), show an 11.75% fuel consumption
reduction when compared with the rule-based method. The ANN method trained with
these simulation results shows an average fuel consumption reduction (PMP: 17.16%;
BR: 21.33%; LM: 16.8%; and SCG: 19.94%), although average battery consumption increased
(PMP: 10.8%; BR: 28.4%; LM: 24.17%; and SCG: 26.21%).

Based on the WLTC simulation results as shown in Figure 29, the DDP-CD method
and ANN methods trained with these simulation results show an average fuel consumption
reduction (DDP: 38.95%; BR: 7.3%; LM: 23.14%; and SCG: 11.1%), although average battery
consumption increased (DDP: 27.8%; BR: 9.6%; LM: 34.9%; and SCG: 16.2%).
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Figure 29. WLTC driving cycle CD mode simulation results.

The PMP-CD method and ANN methods trained with these simulation results show
an average fuel consumption reduction (PMP: 38.51%; BR: 23.81%; LM: 10.02%; and
SCG: 8.19%), although average battery consumption increased (PMP: 30.75%; BR: 28.4%;
LM: 16.27%; and SCG: 15.19%).

To summarize, in charge-sustaining (CS) mode simulation results, similar fuel con-
sumption levels were obtained for different SoC levels due to same level of battery energy
used in both PMP and DDP simulations, which results in lower fuel consumption com-
pared with the rule-based controller at similar initial and final SoC ranges. PMP and DDP
optimization algorithms show similar behaviors in CS mode in terms of fuel consumption
and battery electrical energy consumption, while the engine BSFC and electric machines’
efficiency are at a similar level. In charge-depleting (CD) mode simulations, much lower
fuel consumption levels are obtained for different SoC levels in each driving cycle, due
to usage of battery energy as much as possible with the lowest allowable final SoC range.
When comparing CD simulation results with rule-based algorithms, both the DDP and PMP
optimization methods have lower fuel consumption values than the rule-based controller
but also more battery energy was used during simulations. Overall, PMP has lower or
similar fuel consumption values than the DDP optimization method.
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Overall, SCG-based training optimization methods resulted with higher fuel con-
sumption values than LM and BR training optimization methods with similar final SoC
ranges in most of the driving cycle results, both for CS and CD simulations as shown in
Figure 18-29. CS and CD simulation results for DDP-based ANN training results showed a
higher fuel consumption, while the final SoC values were higher than or slightly similar to
the PMP-based ANN training results, except for some points in CD simulations.

Based on the DDP-based ANN training results, overall, CS-based simulations use
less battery power which cause a slightly higher final SoC value and fuel consumption.
Although, PMP-based ANN training results in CS mode show similar or reverse behavior.
Based on the DDP- and PMP-based ANN training results, overall, the CS mode simulation
results show a slight improvement in fuel consumption compared to the rule-based algo-
rithm with a similar initial and final SoC range, although some CD mode simulation results
have a lower fuel consumption due to the lower final SoC for the same initial SoC values.

6. Conclusions

To summarize, although they require intensive vehicle tests and calibration effort,
rule-based controllers are a commonly used method in the automotive industry due to
their lower computational loads and ability to operate in real-time. Because of the higher
computational load and requirement of drive cycle information in advance, it is not possible
to apply both Pontryagin’s minimum principle (PMP) and discrete dynamic programming
(DDP) methods in real-time applications. According to the simulation results, the best
performance results were obtained by using the PMP-based optimal controller, which has
the heaviest computational load. Also, the DDP method showed higher computational
speed than the PMP method and gave better results than the rule-based algorithm. Finally,
the artificial neural network-based algorithms, which were trained with the data obtained
from PMP and DDP optimization-based methods, showed successful results with much
lower computational loads, and that is why it is possible to implement them in real-time
applications. As a result, ANN-based energy management structures which are optimized
with Levenberg-Marquard, Bayesian Regulation, and Scaled Conjugated Gradient methods
have proven their superiority by showing successful results compared to the rule-based
energy management algorithm.

In conclusion, the high performance of the optimal energy management system of
the artificial neural network models developed using different driving cycles and initial
SoC levels has been proven, and analyses and comparisons were conducted according to
the magnitudes affecting performance criteria such as engine fuel consumption and BSFC
and electric machines’ efficiency based on battery initial state of charge for various driving
cycles. The proposed deep learning method also proved its ability to learn patterns and
has a revolutionary potential to make an impact in the automotive industry for energy
efficiency and fuel consumption reduction as well as for improvement in emissions, while
it can always enhance itself by means of drive optimization data provided from different
drive conditions.
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Abbreviations

The following abbreviations are used in this manuscript: ANNSs, artificial neural networks; BR,
Bayesian regularization; BSFC, break specific fuel consumption; C1, clutch 1; C2, clutch 2; CD,
charge-depleting mode; CO,, carbon dioxide; CS, charge-sustaining mode; DDP, discrete dynamic
programming; ECU, electric control unit; ED, electric driving mode; EM, electric machine; EMSs,
energy management systems; EPA, Environmental Protection Agency; EU, European Union; EV1,
electric drive mode 1; EV2, electric drive mode 2; FC, fuel consumption; FERM, fixed gear extended
range mode; FF, fuel flow; FF, fuel flow rate [g/s]; FMEDP, friction mean effective pressure; FTP75,
federal test procedure 75; HCU, hybrid control unit; HERM, high extended range mode; HEV, hy-
brid electric vehicle; HWFET, highway fuel economy driving schedule; ICE, internal combustion
engine; IMEP, indicated mean effective pressure; JC08, Japanese Cycle ‘08; LERM, low extended
range mode; LM, Levenberg-Marquardt; MEP, mean effective pressure; MGA, motor-generator A;
MGB, motor-generator B; MSE, mean square error; NEDC, new European driving cycle; OC, open
circuit; OCV, open circuit voltage; OWC, one-way clutch; PGS1, planetary gear set 1; PGS2, planetary
gear set 2; PI, proportional integral controller; PID, proportional integral derivative controller; PMP,
Pontryagin’s minimum principle; RB, rule-based; SCG, scaled conjugate gradient; SoC, state of charge;
TCU, transmission control unit; UDDS, urban dynamometer driving schedule; WLTC, worldwide
harmonized light vehicles test cycle.

Appendix A

Table A1. Technical specifications of vehicles and components.

Technical Specifications Unit Value
Vehicle Vehicle Weight Kg 1757.67
Deceleration Factor-FO Nm 120.55
Deceleration Factor-F1 Nm/(km/h) 0.6006
Deceleration Factor-F2 Nm/(km/h)? 0.026775
Wheel Diameter m 0.32
MGA Motor type [-] Ferrite Magnet
Maximum Power kW 48
Maximum Torque Nm 118
Maximum Speed rpm 11,000
MGB Motor type [-] NdFeB Magnet
Maximum Power kW 87
Maximum Torque Nm 280
Maximum Speed rpm 11000
Battery Battery Type [-] Lithium-Ion
Total Energy kWh 18.8
Nominal Voltage \% 355
Maximum Power kW 120
Battery Pack Capacity Ah 26
Soeuion : 0%
Battery Pack Weight kg 183
Battery Pack Volume 1 148

Cooling System

Liquid
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Table Al. Cont.

Technical Specifications Unit Value

Internal Combustion Engine Engine Volume cm?® 1490

Cylinder Number [-] 4

Diameter/Stroke Ratio [-] 74/86.6

Maximum Power kW 75 @ 5600 rpm

Maximum Torque Nm 140 @ 4300 rpm

Compression Ratio 12.5:1

Planetary Gear System 1 Sun/Ring Gear Ratio 0.535

Sun/Carrier Gear Ratio 2.299

Planetary Gear System 2 Sun/Ring Gear Ratio 0.481

Sun/Carrier Gear Ratio 1.857

Carrier/Ring Gear Ratio 0.259

[-]
[-]
[-]
Carrier/Ring Gear Ratio [-] 0.233
[-]
[-]
[-]
[-]

Differential Final Drive Ratio 2.64
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