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Contributions to Passenger and Commercial Hybrid Electric Vehicle Energy
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Aman Ved Kalia

Chair of the Supervisory Committee:
Brian C. Fabien

Mechanical Engineering

Passenger and commercial vehicle powertrain electrification are both a technical and a
marketing challenge. A common hurdle experienced by the industry and the consumer
is limited driving range and a relatively high cost of purchase. Hybrid electric vehicles
present a promising solution to meet the ever so stringent fuel economy or energy con-
sumption requirements, as well as comparable driving range to the conventional gaso-
line vehicles. Though, a challenge with hybrid electric vehicles is the efficient utilization

of the available energy to reduce emissions and pitch it as a cost-effective solution.

An experimental research vehicle based on the 2016 Chevrolet Camaro platform is
re-built as a Plug-in Series Hybrid Electric or Extended Range Electric Vehicle. In this
dissertation, mathematical modeling and optimization methods are used to develop
a power loss model of this experimental research vehicle. The model is able to esti-
mate vehicle energy consumption within a coefficient of variation of 1.9%-7.0%. The

model serves as a foundation for the development of a novel energy management op-



timal control algorithm termed as Distance Constrained - Adaptive Real Time Dynamic
Programming (DC-ARTDP). Evaluation of the algorithm over different drive conditions
shows an improvement of 9.8% in the overall energy consumption of the vehicle while
meeting required driving range. The algorithm is also able to provide an optimal energy
consumption trajectory under powertrain system fault scenarios and meet the required
range demand. The algorithms functionality is evaluated against a predictive energy
management approach using Model Predictive Control. The novel algorithm improves
overall energy consumption of the experimental research vehicle by 4.25% relative to

the model predictive control approach.

To understand the impact of electrified powertrain architectures in the context of
commercial vehicles, a two-truck and three-truck platoon power loss modeling environ-
ment is developed. The impact of platooning on heterogeneous powertrain architecture
trucks with and without the proposed novel algorithm is evaluated. Implementation of
this algorithm on a Series Parallel hybrid electric truck shows improvements of ~ 8% for
individual runs. Higher improvement is observed for the Series Parallel hybrid electric

truck in a lead position comparative to tail position for two and three-truck platoons.
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Chapter 1

Introduction

As of year 2020, passenger and commercial road vehicles with partially or completely
electrified powertrains are a reality. This transition though slow in the past decade, is
projected to grow exponentially in the next decade and beyond. The rate of increase
in passenger vehicles is noted to be higher than commercial vehicles. Among the elec-
trified powertrain vehicles, Hybrid Electric Vehicles (HEVs) and Battery Electric Vehi-
cles (BEVs) are the two major classifications. Primarily motivated with the intent to re-
duce greenhouse gas (GHG) emissions from vehicles, the journey towards completely
electrified vehicles or BEVs is a long one. The major challenges in this path are: (a)
the purchase cost to the consumer, and (b) obtaining a competitive driving range or
distance-to-empty (DTE) to the fuel powered conventional vehicles. While research to-
wards developing cost-effective, high energy density electrified energy storage systems

progresses, inclusion of HEVs is a promising step towards this transition.

1.1 Motivation and Research Goals

Passenger and Commercial vehicle electrification is a challenging problem, both in
terms of technical and marketing aspects. As of today, the cost associated with this is
substantial, thus posing a hurdle in its acceptance by a majority of the consumers. Hy-
brid Electric Vehicles or HEVs are a promising bridge in this transition towards complete

electrification. Through the U.S. Department of Energy and General Motors sponsored



multi-year competition EcCoCAR, I had the opportunity to work on design, build and op-
timization of 2016 Chevrolet Camaro Plug-In Series Hybrid Electric/ Extended Range
Electric Vehicle. This challenge showed the level of complexity an HEV’s energy system
has and was the key motivation to develop and evaluate energy management control
strategies that can improve the vehicle’s overall energy consumption while ensuring the
vehicle can meet the desired driving tasks. During this period of research, I also had
the opportunity to learn about commercial vehicle energy management concerns and
methods to evaluate these concerns in case of heavy-duty semi-truck platooning. This
experience, motivated to expand my research on hybrid electric vehicle energy man-
agement optimization into the commercial vehicle domain. Finally, a common theme
to combine these two motivations was to develop an energy management strategy that

is real-time implementable on a standard vehicle electronic control unit (ECU).

Hence, based on these motivations the following research goals were drawn to fulfill

the requirements of a doctoral research.

1. The first research goal, was to develop and validate mathematical models rep-
resenting the experimental research vehicle using basic principles, collected test
data and supplier provided data sheets. As access to vehicle is limited, this goal was
to setup the foundation for energy management control and optimization evalua-

tions.

2. The second research goal, was to understand the behavior of state of the art en-
ergy management algorithms on the research vehicle and develop a novel energy
management optimal control algorithm. The novel algorithm was to be real-time
implementable and cost-effective in the sense, that a standard automotive ECU

can be used as the operation platform.

3. The third research goal, was to extend this algorithm to hybrid electric commercial



vehicles, such as a Class 8 Long-Haul 18-wheeler tractor-trailer combination truck.
Additionally, the intent was to understand the behavior of such trucks in a platoon

of trucks with entirely different powertrain architectures.

This dissertation focuses on these three goals and showcases the methods used and

results obtained to achieve these research goals.

1.2 Fundamentals: Vehicle Modeling & Energy Management Control

Mathematical modeling of a vehicle’s longitudinal behaviori.e. motion along a straight
line, is derived from the fundamentals of evaluating forces occurring on a block of mass
under the influence of an external force. To include the forces on the vehicle due to
road inclination, a one degree of freedom (1DOF) longitudinal vehicle dynamics model
is generally considered as shown in Figure This model diagram shows the different
forces acting on a vehicle driving on an incline. The net resistive force determines the
propulsion force required by the vehicle’s prime mover to generate and overcome resis-
tance to motion. This force can be used to determine the amount of power required and
upon summation the total energy required. This 1IDOF model serves as a fundamental

building block for the power loss models developed and discussed in this dissertation.

N\ N\ N\ AN

Figure 1.1: Force diagram for a 1-DOF vehicle longitudinal dynamics model.



The force or power demand determined from the 1DOF model has to be fulfilled
by the energy sources being used by the prime mover on a vehicle. The term prime
mover refers to either an internal combustion engine or an electric motor that provides
propulsive force at the wheels. The power flow path from prime mover to the wheels
of a vehicle converts a significant amount into losses which are dissipated as heat or
noise. Thus, these expected losses from the different powertrain components in power
flow path have to be added to the power demand calculated by the 1DOF model. The
resulting power demand is used to determine the amount of energy source depletion
or recuperation feasible during the vehicle’s desired motion. In addition to these losses,
vehicle’s have auxiliary power demands which do not assist in propulsion but are re-
sponsible for vehicle’s proper functionality or user’s demands. These power requests
are significant when operating low on available energy and thus are crucial to be added
to the net power demand. Hence, in a power loss model, presented in this dissertation,
this fundamental approach of modeling is pursued. System level power loss models of

powertrain components are described in detail in the respective Chapters.

Now, that the net power demand is determined through vehicle modeling, the next
step is to determine strategies that utilize the energy source efficiently while meeting the
required power demand. This process is called as Energy Management. For a conven-
tional gasoline vehicle, this process focuses on determining the most efficient operating
point of the engine. This implies determining the engine torque and speed value that
uses the least amount of fuel to meet the demand. In battery electric vehicles, this pro-
cess focuses on determining the motor torque and speed value that operates the motor
with least amount of losses while meeting the power demand. In addition to that, it also
determines the amount of regenerative braking power that can be recuperated during

braking scenarios.

The process of energy management is immensely crucial for hybrid electric vehicles

due to them having more than one sources of energy to meet the power demand. The



complexity further increases as hybrid vehicles are available in various powertrain con-
figurations, each with their own constraints and operational domain. Irrespective of the
powertrain configuration, the main goal is to minimize overall energy consumption by
the vehicle while meeting the requested power demand. Due, to more than one sources
of energy, the process of energy management is challenging as the functional feasibility
varies with operating conditions and parameters for a vehicle. Various offline and on-
line optimization methods are used to determine the most efficient operating strategies
for such vehicles. These methods are described and further discussed in Chapters as

they become more relevant to the problem.

1.3 Research Contributions

The core contributions made to hybrid electric vehicle energy management research

domain by the author, in the descending order of impact are listed as follows.

1. Distance Constrained - Adaptive Real Time Dynamic Programming Energy Man-
agement Algorithm: During this research work, a novel energy management algo-
rithm based on the concept of Forward Propagating Dynamic Programming was
developed for the research vehicle used in the study. The novelty of this algorithm
comes from the fact that it optimizes for energy consumption minimization while
ensuring that the desired target distance is achieved. The algorithm also is capa-
ble of adapting to unknown and unmeasured disturbances during a drive such as
vehicle speed variations, road grade variation, system faults and route changes.
Real-time, in-vehicle application of this algorithm was determined to be feasible
without extreme computational capabilities. Additionally, the algorithm allows
human interaction as the user can override target distance requirement based on
personal preference or future driving requirements. The algorithm is first intro-
duced in Chapter[2]and is then evaluated over its various aspects and capabilities

through Chapter|6]



2. Real-World Drive Cycle Generator: To ensure that the research vehicle and the
energy management algorithms were being evaluated for realistic real-world sce-
narios, it was crucial to obtain road traffic and grade information. Additionally,
the novel algorithm developed in this research is operable only if prior estimates
of speed and road elevation are available. Thus, leveraging the Google API for Di-
rections and Elevation, a Real-World Drive Cycle Generator was created. This tool
takes in user’s origin and destination information and computes the estimated
speed and elevation map for the drive. This information is crucial in estimating
the energy consumption by the vehicle. The tool also shows the potential of in-
tegrating on-board navigation systems with the novel algorithm for in-vehicle im-

plementation of the energy management algorithm.

3. Power Loss Models: Though the concept of power loss modeling has existed previ-
ously, during this research frameworks to simulate energy consumption by a pas-
senger and a commercial vehicle platoon were created. A library of model subsys-
tems was also created for future development of models or modeling frameworks.
These include custom functions that improve simulation run-time and are intu-
itive to use. This contribution enables future researchers in this domain to lever-

age the model framework and adapt it to their specific research requirements.

1.4 Dissertation Layout

The research conducted in the domain of passenger and commercial vehicle en-
ergy consumption modeling and optimization is presented as a compendium of pub-
lished, submitted and in-preparation conference and journal publications. Beginning
with Chapter[2} the initial approach to model energy consumption for the experimental
research hybrid Chevrolet Camaro is presented. Significant assumptions pertaining to
system efficiencies and behavior are made in accordance with published literature. In

the presented work, a Multi-Objective Optimization approach is considered to deter-



mine optimal operating points for the on-board generator system. Limitations of the

work were observed upon comparison with in-vehicle testing results.

To improve upon the shortcomings of the research vehicle model in Chapter[2} such
as effectiveness and run-time, the modeling approach was changed to that of a power
loss model and system parameters were identified from actual data. In Chapter [3} this
approach is presented and the model is validated. The core premise of this Chapter
though lies in a novel energy management optimization algorithm termed Distance
Constrained - Adaptive Real Time Dynamic Programming. The algorithm is presented
in context of the research vehicle and compared against state-of-the-art optimization
algorithms. Chapter[4 evaluates the fault-tolerant capabilities of the novel algorithm in
context of the research vehicle. Faults are introduced in key powertrain sub-systems
and the algorithm’s functionality is compared against a more standard Charge Deplet-
ing - Charge Sustaining algorithm. To further understand the capabilities of the novel
algorithm in context of road elevation variations, a comparative study between the novel
algorithm and more prevalent Model Predictive Control algorithm is presented in Chap-
ter[5] The evaluation is simulated in a real-world scenario and shows the capabilities of
the algorithm over Model Predictive Control. Based on the observed capabilities of the
novel algorithm in context of a passenger vehicle, it’s capabilities were evaluated for a
Series Parallel Hybrid Electric Semi-Truck in Chapter[6] This chapter focuses on effec-
tiveness of the algorithm over more standard approaches for the hybrid truck for a solo

run and in a platoon of trucks.

Chapter[7]summarizes the outcomes and contributions of the research projects con-
ducted and their alignment with the research goals presented in the beginning of this

chapter.



Chapter 2

Multi-Objective Energy Management
Optimization of a Plug-In Series Hybrid

Electric Vehicle

Publication: A. V. Kalia and B. C. Fabien, “Development of Optimal Control Strategy
for a Plug-In Series Hybrid Electric Vehicle With an On-Board Engine-Generator System
for Overall Fuel Economy Improvement and Reduction in Tail-Pipe Emissions,” presented
at the ASME 2017 Internal Combustion Engine Division Fall Technical Conference, Oct.
2017, p. VO02T05A002-V002T05A002, doi: 10.1115/ICEF2017-3526.

2.1 Abstract

This research study focuses on determining optimal points of operation for the engine-
generator system and regenerative braking at the wheels in a plug-in series hybrid elec-
tric Chevrolet Camaro. The goal is to improve overall fuel economy of the vehicle as well
as reducing overall tail-pipe emissions. An abstract mathematical model of the series
hybrid electric Chevrolet Camaro is being used to simulate the overall energy consump-
tion of the vehicle. Previously tested and published control algorithms and strategies
are studied, discussed and a viable scheme is chosen for optimization. The results from

the optimal strategy considered are compared against the un-optimized results. An im-



provement of ~8.9% in fuel economy and ~8.2% reduction in tail-pipe emissions is es-

timated.

2.2 Introduction

Hybrid electric vehicles (HEVs) have started gaining some traction in the market and
amongst consumers. With ride sharing services on the high and tax benefits, consumers
prefer a hybrid vehicle over a conventional gasoline powered vehicle. HEV sales in the
US show a significant rise in the past two decades [7]. HEVs employ different system ar-
chitectures based on the power flow from energy storage system to different propulsive
components. The series hybrid electric vehicle (SHEV) architecture with an on-board
engine-generator system is currently least adopted in production hybrid vehicles. Un-
like conventional HEVs, SHEVs operate as a battery electric vehicle (BEV) in the charge
depleting mode and switch into a hybrid mode in the charge sustaining mode. The
on-board engine generator system operates with the sole objective to sustain the high

voltage battery state of charge (SOC) and thereby extend the range of the vehicle.

Application based studies of on-board electrical generator systems have been con-
ducted to determine the functionality and effectiveness. Capaldi et al. formed a 10kW
power output electrical generator system for their study. They determined that though
their system was efficient for its single cylinder engine architecture it cannot extend
range [17]. To improve the electrical generator system behavior numerous studies tar-
geting optimization of the energy flow in a series hybrid architecture have been pub-
lished [39,16,54} 27, 24,59,/48]. Kaneko et al. in their research determined the impact of
variable and constant control approaches for the on-board electrical generator system.
The variable control approach they presented varies power output as per the requested
power at the accelerator pedal. The constant control approach operates the electrical
generator system at a constant power output set point [39] . Their research determined

that the constant control approach reduces engine loss but adversely affects battery per-
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formance. These results though could not be generalized for all vehicles due to their
dependency on the engine and battery loss characteristics of the vehicle under study.
Advanced optimization studies have been presented by Styler et al. with their learned
optimal control strategy [63], Herrera et al. with their rule based control in conjunction
with genetic algorithm [31], Menezes et al. with the selective evolutionary generation
system [48] and Serrao et al. with their work on comparing Dynamic Programming, Pon-

tryagin’s Minimum Principle and Equivalent Consumption Minimization Strategy[59].

This paper focuses on determining optimal operation set point for the series hybrid
vehicle architecture considered for the study. Detailed description of the abstract math-
ematical model used for simulating longitudinal dynamics of the vehicle is presented.
The model is based on previously published and validated models as shown by the work
of Herrera et al. and Sampathnarayanan et al. [57]. Further, an assessment of previously
published control strategies is made and a suitable strategy is employed and tested with

the model. Results of this study and a discussion of their impact is also provided.

2.3 Methods
2.3.1 System Description

The vehicle considered for this study has a Plug-in series hybrid electric vehicle architec-
ture with an on-board engine generator system. This architecture as shown in Figure[3.]]
in Chapter [3} is presently implemented on a 2016 Chevrolet Camaro by the University
of Washington EcoCAR 3 team. It comprises of three major sub-systems a) the energy
storage system, b) the propulsion system, and c) the generator system. The energy stor-
age system comprises of a seven module 15s3p architecture A123 high voltage battery
pack. A minimum total of 18.9 kWh of energy is provided through this energy storage
system. The propulsion system uses two EMRAX axial flux permanent magnet motors
driving the rear wheels of the vehicle. Each motor drives the individual rear wheel. A

custom built single speed planetary gearbox with a 4.2:1 reduction assists in delivering
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upto 2100 Nm of peak torque to each wheel. Finally, the electrical generator system uses
a 0.8L V4 Honda VFR Interceptor engine directly coupled through the stock gear train to
180 kW Bosch synchronous motor generator. The engine is fuelled by E85 instead of reg-
ular gasoline from a 7-gallon tank. The 3-phase current generated by the synchronous
motor generator is converted into direct current by an inverter converter module. This
power generated is primarily used to sustain the charge of the energy storage system.
It also assists in supplementing power to the propulsion system during excess power

demand situations.

Table|2.1|provides additional information about the modelled components from the
described architecture. The vehicle is intended to drive in the charge depleting (CD)
mode until the state of charge (SOC) of the battery pack goes below the set limit. After
that limit, the supervisory controller requests the on-board engine-generator system to
operate at acommanded power set point. This is the charge sustaining (CS) mode which
helps in increasing the range of the vehicle. This study at present focuses on a single
set point operation of the electrical generator system. This paper uses a mathematical
model of the vehicle described to simulate various drive cycles to estimate performance

and apply optimization strategy for improvement.

2.3.2 Mathematical Model

The full vehicle mathematical model comprises of sub models for the different compo-
nents listed previously. These include the energy storage system, the propulsion system
and the generator system. A longitudinal vehicle model is formulated using the road
load equation to determine the amount of power required for desired vehicle propul-

sion. Equation(2.1) depicts the road load equation,
Fveh:Ftrac_Far_Frr_Fcr (21)

where, F,, is aerodynamic resistance force, F,.. is rolling resistance force, F,. is climbing

resistance force, Fj,,. is traction force at the rear wheels and F,., is the net propulsive
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Table 2.1: Plug-in SHEV powertrain component parameters

Parameter Value Units
Traction Motor Torque, peak 500 Nm
Traction Motor Torque, continuous 250 Nm
Traction Motor Efficiency 93 — 98 %
A123 Battery Pack Voltage, nominal 340 \%
A123 Battery Pack Capacity, minimum 18.9 kWh
A123 Battery Pack Discharge Current, peak 612 A
A123 Battery Pack Discharge Current, continuous 180 A
A123 Battery Pack Charge Current, peak 300 A
A123 Battery Pack Charge Current, continuous 60 A
Engine Power, peak 78 kw
Engine Efficiency * 35 — 40 %
Synchronous Motor Generator Torque, peak 200 Nm
Synchronous Motor Generator Torque, continuous 95 Nm
Synchronous Motor Generator Efficiency * 83 — 95 %

* Estimated value.

force on the vehicle. The values of F,,,, F}.,, F.. are pre-computed using the data from the
drive trace being simulated. The values of these resistive forces show minor variations
once actual velocity is computed. The mathematical relations for these resistive forces

are given in Egs. (2.2]- with v, considered in mi/h.
F,. = 0.0386p4i,CaA 02 (2.2)

veh

FT‘T‘ = rrMiotg (23)
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where,
C,r = 0.005 + (0 01+0 0095(””eh)2>
T Drire \ ' 100
,and
F.. = myggsin(atan(z)) =~ myu,gsin(z) (2.4)

The overall mass of the vehicle (m;,) is computed as the sum of the kerb weight
(myerb), net mass of the passengers (m,,s) and the net inertial mass of all rotary com-
ponents (m;). A total of 4 passengers are considered for simulation purposes. The in-
ertial mass (m;) was computed as per Eq. which only considers wheels, axles and
motors as the major rotary elements in the vehicle. The engine and generator were not
considered as they were functional only during the CS mode which does not have a
significant impact on the overall vehicle performance. The efficiency of planetary gear
system (7,.,,) is considered as a constant value of 90% in the model. This value was
computed as an average from the preliminary data collected with the vehicle running in

electric mode. Reduction ratio of the gear (i) was 4.2 as per the design parameters of

1 2 i 2
m; = lyh (_> + Imotngem' (ﬂ) (25)
Twh Twh

A pre-computation of the required tractive force (F},,.) at the wheels is done using the

the gearbox.

road load equation and speed values from the drive trace. The F},,. values are then
used in the traction motor model to determine torque request at the motors and by
extension the electric power request to run the motors. As F,.,. is for the entire vehicle,
then the torque for a single motor can be computed by considering equal split between
the wheels. This model is only longitudinal hence torque vectoring is not considered.
Thus, the required torque at one motor can be obtained using Eq.(2.6) and the power
request from the motor from Eq.(2.7).

1
Tmotreq — 0.5F4racTwh (_) (2.6)

gear
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1
Pmotreq = 7—motmqWmot (—) (27)

TNimot ngear

The traction motor model also includes regeneration capabilities during coasting and
braking events. These are included in the model to adjust the torque request at the
motors with regeneration considered. The algorithm applied for regeneration events in

the base model is provided in Algorithm[1}

Algorithm 1: Coasting regen and Braking regen algorithm.
InPUt: Ayeh) KCR» KBR) Tmot» Trzp)mt

Output: 7,

ot

while Tmot < 0 do

if a,er, > —0.268m/s* then

* — Y2
‘ Tmot — _KCR * Tinot)

elseif a,., > —0.5m/s* and a,., < —0.268m/s* then

* _ p .
‘ Trmot — _KBR * Tonot)

end if

end

The K¢r and K g values are variable and can be adjusted as required. In the event of
regeneration being disabled, the torque request to the propulsion system is only depen-
dent on the road load equation. A speed correction is also added to the model to prevent
excessive speed reduction due to regeneration. The actual motor torque computed for
the drive trace is used to determine the net propulsion power demand (P, ciec). In ad-
dition, auxiliary power demand (P,,._...) from accessory electrical components in the
vehicle is assumed to be a constant 700 W. This value is based on the power demand
from the DC-DC convertor that sustains the low voltage supply. Thus, net power de-

mand from the energy storage system (P.;;) is obtained as shown in Eq.(2.8).
Pess = Pmot—elec + Pau:c—elec (28)

This power demand continuously depletes the high voltage energy storage system. The
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state of charge value of the energy storage system reduces overtime and is determined
by Eq.(2.9). This relation is obtained from the fact that state of charge at any point of
time is the ratio of change in charge over the total charge of the energy storage system.
A time derivative of state of charge will provide a relation to determine variation of SOC

with current as a function of time i.e.

SOC(t) _ Q) -~ Qo

Qo

dsoc  14dQ

dt T Qo dt

Q — I(t)-t (2.9)
dQ B

dsoc I@)
dt T Q

The high voltage energy storage system is modelled as a voltage source [73]. It com-
prises of an open circuit voltage (V) with a resistance (r.,;) in series. Equating power
across this modelled circuit provides Equation(2.10) which is used to determine the
current flow in and out of the energy storage system. With the reduction in SOC over
time, the net voltage across the energy storage system sags. Equation(2.11) shows a lin-
ear relation between V- and SOC. Complete depletion of the energy storage system is
counter-productive and thus an on-board generator system is modelled to sustain its
charge. The power requested from the on-board generator (P,.,) is configurable and
modelled as a single set point. Functional limits pertaining to the performance of en-

ergy storage system are also added to the model [31].

I(Tf) == 5 ! Voc(SOC> — \/Voc(SOC)2 — 4TessPess(t)] (210)

T@SS

where,

Voc(SOC) = A-SOC(t)+ B (2.11)
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The genset system is represented as a power demand (P,.,,) requested by the supervisory
controller. The possible operating points are determined based on the BSFC map gen-
erated by Wittenbecher et al. overlaid with engine and generator motor power curves
[74]. The generator is operated at a single power set point instead of load following for
this study. The BSFC map also assists in estimating fuel flow rate at the chosen electrical

generator operation set point. Equation(2.12) shows mass flow rate of fuel is determined

using the BSFC map.
. Py, x BSFC
Mfyel = 3600 (212)
BSFC - Brake Specific Fuel Consumption, Cyl, Part cranktrain-1
X=Engine Speed (cycle average), Part cranktrain-1; Y=Brake Torque, Part cranktrain-1
——15 kW engine brake power ——20 kW engine brake power ——25 kW engine brake power —— Maximum continuous motor-generator torque in 6th gear

— —-Maximum continuous motor-generator torque in 5th gear Maximum continuous motor-generator torque in 4th gear
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Figure 2.1: GT Suite estimated Honda VFR800 engine Brake Specific Fuel Consumption

map.

Tail pipe emissions from E85 combustion in spark-ignition engines comprise of the
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usual components CO,, UHC, NO and CO. In addition to these, certain carbonyl com-
pounds are also found in emissions which are unique to oxy-hydrocarbon fuels. Results
compiled from recorded data suggest that these carbonyl compounds do form a consid-
erable component of the total emissions [23| 21} 41]. Due to unavailability of recorded
tail-pipe emission data from engine modeled for the study, data from referenced papers
is used to determine the fraction these emissions are of the fuel burnt. For this model
carbonyl compounds are not considered a component of the emissions. As the engine
is operated at a fixed set-point load, cruise mode of engine operation is used as a basis
to determine these fractions. Frey et. al. in their study determined mean emission rates
for an E85 fueled vehicle. The data, normalized with mass flow rate of fuel is used to
obtain the required fraction for the model[23] . These fractions are provided in Table

for reference.

Table 2.2: Estimated scaling factors for tail-pipe emissions.

Pollutant Scaling Factor [gfi el}
CO, 2.05
CcO 5.2e-3
NO 6.6e-4
UHC 1.88e-4

Tail-pipe emissions depend on several parameters and operation conditions. As a
three-way catalyst is used downstream of the engine in the exhaust line cold start can
lead to higher emission values. To model this effect, temperature variation in the ex-
haust with its impact on emissions determined from published work is used in the
model. Additionally, spark timing can also affect emissions but is out of scope for this
study as spark timing is not varied. Finally, the total energy consumption for the simu-

lated vehicle is computed using the energy consumption in both CD and CS modes. A



18

utility factor is computed based on the relation provided in SAE J2841 per Eq.(2.14). This
relation is obtained based on the CD range of the vehicle which is computed through the
simulation. Hence, the total energy consumption for the vehicle is determined from the

Eq.(2.13) and used for comparison in the results section.

EC ompinea = UF - ECop + (1 —UF) - ECgg (2.13)
YN min(d(k), Rep)

F ==t ’ 2.14

v S d(R) @14

With the mathematical model developed, the next stage is to determine the cost func-

tion associated with the model for optimization.

2.3.3 Evaluation Setup

The three drive traces considered for the study include: UDDS, HWFET and a combi-
nation of UDDS and HWFET speed traces overlaid on a city and expressway grade data.
The model was simulated with base parameters on all the three drive traces to ascertain
proper functionality. For this paper, the combined drive trace with road grade was con-
sidered for optimization. The simulated drive trace is shown in Figure[2.5 A small set of
configurable parameters are kept unchanged for the simulations to provide some con-
sistency in base functionality of the modeled system. These parameters are populated
in Table and based on the requirements pre-defined for the system. The optimiza-
tion strategies were then implemented using the cost function obtained in the previous
section. The results obtained upon simulating the model with optimized parameters
were then compared with the baseline results and among themselves. These results are

discussed at length in the next section of the paper.

2.3.4 Energy Management Control Strategy

Hybrid electric vehicles like gasoline powered vehicles require optimization of the pow-

ertrain components to attain the maximum possible efficiency. In case of HEVs the cost
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Table 2.3: Simulation Parameters

Parameter Value Units
Number of drive cycle repetitions 5 -
Vehicle kerb weight 1825 kg
Initial SOC 100 %
SOC Lower Limit, Charge Sustaining 30 %
SOC Upper Limit, Charge Sustaining 35 %
Speed Band, Coast Regen +1.5 km/h
Speed Band, Braking Regen +3 km/h

function obtained for optimization is more complex due to significantly more power-
train components which independently impact the functionality of the vehicle. Several
control optimization strategies have been developed, tested and implemented on the

vehicles with different architectures. Broadly these strategies are grouped into,

1. Numerical strategies, where techniques like dynamic programming (DP) and ge-
netic algorithm are used to map out all the possible operating points for the entire
drive cycle. These techniques are perfect for simulation as prior knowledge of the

drive cycle exists.

2. Analytical strategies, also consider the entire drive cycle but are implemented us-
ing a simplified analytical problem. Pontryagin’s minimum principle (PMP) em-

ploys an analytical approach for optimization.

3. Minimization strategies, like the equivalent consumption minimization strategy
(ECMS) are perfect for real time implementation for it involves minimization at

each time step of the considered drive.
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4. Heuristic strategies, employ usage of rules and algorithms determined from func-
tionality constraints of the components. These strategies are highly computation
efficient but are limited in exploiting the full potential of the system for optimiza-

tion. cycle.

Substantial work involving HEV optimization have used one or more of these optimiza-
tion strategies and formulated comparison amongst them. Numerical and Analytical
strategies are found to be the preferred choice for optimization which is consistent with
the fact that they are perfect for situations with prior knowledge. Serrao et al. in their
comparative analysis of energy management strategies for HEVs compared DP, PMP and
ECMS strategies. Their work ascertains the results obtained from the three strategies to
be quite similar and ECMS as a better option for real-time implementation[59] . The
simulation model developed for this paper assumes that the control inputs affecting
the cost function are not varied during a drive cycle. Hence, the approach taken for
determining the optimal operating input set points computes the cost function for all

possible combinations of the control inputs within the specified bounds.

2.3.5 Cost Function and Optimization Strategy

The plug-in series hybrid electric vehicle architecture uses two energy modes of opera-
tion, CD and CS as mentioned in the previous section. In the CD mode, vehicle’s energy
storage system or high voltage battery serves as the only energy source with very min-
imal energy recuperation with regenerative braking. On the contrary, in the CS mode,
in conjunction with the energy storage system, the generator system supplements ad-
ditional energy and thereby maintaining available capacity on the battery and by exten-
sion improving vehicle range. Thus, the goal for the energy management is to utilize
these two available modes in the best possible combination. For the targeted applica-
tion of the control strategy on a real plug-in series hybrid electric vehicle and due to im-

plementation limitations, the deterministic rule-based control strategy was chosen for
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Figure 2.2: Controller-Plant diagram for Energy Management System

optimization. For this optimization process it was assumed that prior knowledge of the
drive cycle existed. Further, to narrow down the scope of optimization, a non-blended
CD-CS operation mode was chosen with pre-defined battery capacity or battery SOC
limit to switch modes from CD to CS. Figure [2.2|shows the controller-plant diagram for
energy management system. Thus, the goal of this optimization process was to obtain
operating power set-point (P, ) for the generator system and determining the amount
of regenerative braking (K¢, Kj;z). These parameters were then correlated against the

net fuel economy of the vehicle over a trip to get the best fuel economy.

2.3.6 Multi-Objective Optimization

P, Kir & K were decided to be the parameters to be optimized as mentioned ear-
lier. The primary goal of optimization was decided as reduction of overall energy con-
sumption of the plug-in series hybrid electric vehicle and as a secondary goal reduction

of net tail-pipe emissions. Hence, the optimization problem can be represented as,

min(f(x),g(x)) st.z € X (2.15)
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where, f(z), g(z) are the objective functions to be minimized, « is a vector of parameters
to be optimized and X a set of all such possible vectors. The form of optimization prob-
lem mentioned in Eq. is similar to that of a Multi-Objective Optimization problem.
Herrera et al. present a similar approach for optimizing energy distribution with genetic
algorithm for a hybrid electric bus [31]. As mentioned previously, the first optimization
objective f(x) is overall energy consumption (EC.ympines) and the second optimization

objective g(x) is net tail-pipe emissions (T'PFE,.,;). Elaborating on the relation shown in

Eq.(2.13),

if SOCcurrent > SOCCD—CS + SOCband—C’S

EC . — [SOCinit - SOCCD,CS] X Ebare EWh (2.16)
“D™ Total distance travelled during CD mode | km '
elseif SOCcurrent <= SOCC’D—C’S + SOCband—C’S
ECe = (M fuei—totar X LHVEss) + (mOCCD?CSJFSOCbMZ;?—SOCWWM]XEbatt) kW h 2.17)
©s Total distance travelled during C'S mode km ’
endif

Equations(2.16}2.17) show energy consumption calculations for CD and CS mode. As
evident from these relations EC,,1ineq depends on amount of fuel used and amount
of battery energy used. Based on the phenomenological emissions model and scaling
factors for four key tail-pipe emissions listed in Table[2.2} the net tail-pipe emissions are
computed as,

TPE, = [Kco, + Kco + Kno + Kunc] X Mpyei—tota [%} (2.18)

With the objective functions set as shown in Egs.(2.13} [2.18), we setup up some con-
straint relations to obtain the optimized solution. These constraint relations are applied
on the parameters chosen to be optimized i.e. P, , K & Kj,. Table [2.4]lists down

gen)

these constraints based on the component performance limitations.



23

Table 2.4: Multi-Objective Optimization constraints.

Constraint Label Relation

Cl 0 < Pyep < 25 kW]

C2 0 < Kpr < 15 [%)]

C3 0 < Kcp <10 [%]

C4 0 < Mypuel < Vel tank capacity * PEss [k9]

2.3.7 Simulation Setup

For this simulation, the plug-in series hybrid electric vehicle described in this chapter
is operated against three different drive cycles i.e. UDDS (Urban Dynamometer Driving
Schedule), HWFET (Highway Fuel Economy drive cycle) and a combination of these
two drive cycles. Figures - display these drive cycles along with the associated
road grade. The combined cycle drive trace was generated as a UDDS-HWFET-HWFET-

UDDS combination with the road grade profile for a round-trip in Seattle, WA as shown

in Figure

For the simulation, vehicle parameters chosen were those similar to the plug-in se-
ries hybrid electric Chevrolet Camaro for which this study is targeted. These are listed
in Table . Full vehicle mathematical model along with vehicle control strategy was
developed on MATLAB/Simulink platform. Baseline simulations were first done on the
UDDS and HWFET cycles separately. This helped debug the vehicle model as well as
the baseline control algorithm. Energy management optimization simulations were
performed using the combined cycle as shown in Figure To enable the vehicle to
operated in both CD and CS energy modes, the cycle was repeated 5 times which made
the entire trip length close to 89 miles. A parameter sweep for P,.,, Kgr, Kcr within

the chosen constraints for overall energy consumption and total fuel consumption was
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Figure 2.3: Urban Dynamometer Driving Schedule (UDDS)
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Figure 2.4: Highway Fuel Economy drive cycle (HWFET)

done. Parameter sweep results showed that the variation in overall energy consumption
and total fuel consumption was inconsequential due to coasting regenerative braking
(Kcr). Thus, the focus was shifted towards determining an optimal generator power

set-point (F;,,) and optimal simple regenerative braking coefficient (K73).
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Figure 2.6: Drive route used for the optimization study.

The parameter sweep results were used to generate the multi-objective cost function.
Overall energy consumption and total fuel used objective function sweep results were

curve fitted to second order polynomial in two variables,  and y which relate to P,
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and K pg, respectively. Equation shows the polynomial type and the coefficients for
the fit are listed in Table 2.5

f(z,y) = a+ bz + cy + dz* + exy + fy? (2.19)

Table 2.5: Coefficient values for polynomial fit of Energy Consumption (EC) and Total
Fuel (TF) used.

Coefficient EC Fit Values TF Fit Values
a 0.2987 -0.1439
b -1.82e-5 1.94e4
C 6.185e-5 2.093e2
d 4.705e-10 -4.986e-9
e 9.211e-8 -9.544e-7
f -1.753e-4 -2.165e-3

Fitted polynomials for the two objective functions are shown in Figures [2.7|and
As evident from the figures, if equally weighted the joint minima for the two objec-
tive functions will not be the optimal solution for the objective functions individually.
Hence, out of the two objective functions more weightage is given to the overall en-
ergy consumption objective. This choice is supported by the key goal of an optimal en-
ergy management strategy to reduce overall energy consumption. Figure |2.9|shows the
multi-objective optimization solution plot along with the possible solutions.The results

are further discussed in the next section.
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objective functions.

2.4 Results and Discussion

On the basis of the Multi-Objective Optimization plot with overall energy consumption
and total fuel used as the objective functions, two points “A" and “B" as labelled in Fig-
ure 2.9 were obtained as possible solutions. Both of the points have the similar simple
regenerative braking (Kggr) value of approximately 15 %. This was expected from the
simulations, as higher the recuperation of energy from regenerative braking, lesser the
overall energy consumption by the vehicle. The limit of 15% was established as per Table
to avoid degradation in driveability. Amongst the solutions obtained from simula-
tion sweeps, point “A" labelled in Figure 2.9 was chosen as the solution that provides
a good compromise between overall energy consumption and total fuel used. Another
possible solution for the least possible overall energy consumption number is point “B"

labelled in the figure. This operating point reduced overall energy consumption by ap-
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proximately 13 % but increased total fuel used by 16 %.

To better compare the two optimal operation points labelled “A" and “B", a baseline
performance set point is chosen. With the intent of operating the generator system at
a fixed set point, the baseline P,.,, was fixed at 15 kW while both Kz & K¢ were kept
zero. So, the Base case has Py, = 15 kW, Kcp = Kgp = 0 %, Optimal case 1 has P, =
12.5 kW, Kcr = 10 %, Kpr = 15 % and Optimal case 2 has P,.,, = 17.5 kW, K¢cr = 10 %,
Kpr = 15 %. Here Optimal case 1 refers to point labelled “A" and Optimal case 2 refers

to point labelled “B" in Figure

As per Figure [2.10} vehicle speed for the Optimal case 1 & 2 overlap each other but
with some deviation from the Base case. As both coasting and braking regeneration
are kept zero in Base case, such a behavior is expected from the vehicle. Additionally,

as the deviation occurs close to coasting and braking events, it further confirms that
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Figure 2.9: Multi-objective optimization solution plot.

regenerative braking control was adequately implemented. One of the shortcomings of

using speed drive trace along with a fixed drive duration as an input is the inconsistency
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Figure 2.10: Vehicle speed comparison between the Base case, Optimal case 1, and Op-

timal case 2.

with the total distance travelled. As evident from the speed trace in Figure due
to speed deviations from Base case, the net distance travelled in Base case is slightly
greater than that travelled in the Optimal case 1 & 2. For the simulations this was found
to be approximately 285 km and 280 km for Base case and Optimal cases, respectively.
As energy consumption is computed with normalization against total distance travelled,
this offset in total distance covered doesn’t impact final simulation results. Additionally,

in reality such a discrepancy between vehicles with and without regenerative braking

will be observed if the total duration is fixed.

The deviation in vehicle speeds as discussed earlier, shows a positive impact on the
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vehicle’s battery energy consumption. With regenerative braking events occurring in
Optimal cases, battery SOC was expected either to stay unchanged/constant or increase
with a positive slope. As per Figure[2.11} such a behavior is observed in the Optimal case
SOC plots than the Base case SOC plots. Subsequently, the CS energy mode starts earlier
in the Base case vehicle than in the Optimal cases, which was expected. The resulting
CD range benefit with active regenerative braking in Optimal cases is that of ~ 2 km.
Though this benefit is not significant but due to limitations of the driver behavior model
and conservative constraints on regenerative braking, the range benefit is still signifi-

cant. With different generator system operating set points i.e. 15 kW for Base case, as
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well as 12.5 kW and 17.5 kW for the Optimal cases, substantial deviations in battery SOC
were observed. The city drive section of the trace shows approximately similar battery
SOC behavior in all three cases due to the low net energy demand which is easily met
by the generator power set-points in all three cases. A much closer observation of SOC
trends shows relatively faster SOC rise for Optimal case 2 as per expectations, due to a
higher P,., set point. Though a significant difference was not observed for the chosen
Py, set points that corresponded to a charging current of approximately 37 Amperes, 44
Amperes, and 51 Amperes (i.e. 0.65C, 0.78C, and 0.9C charge rates). The low energy de-
mand during the city driving section due to stop-and-go type of speed profile as shown
in Figure[2.12} allows the battery SOC to be maintained within the 5 % battery SOC band.
In comparison, during the highway driving section, none of the three cases being com-
pared maintains the battery SOC within the 5 % battery SOC band. The largest drop in
battery SOC is observed for the Optimal case 1 followed by the Base case and the least
for Optimal case 2. The difference in P,., values are in agreement with this trend but
the deviations in battery SOC from the 5% battery SOC band are asymmetric. As shown
in Figure for Optimal case 2 the battery SOC (shown in green) is maintained clos-
est to the CS Mode - Battery SOC lower limit of 0.3, with the minimum value of 0.26.
In contrast, for Optimal case 1 minimum value for the battery SOC was about 0.16 and
that for Base case about 0.19. This asymmetry shows that energy demand during the
highway driving section is at the very least met by P,.,, set point for the Optimal case 1.
Thus to meet this high energy demand, P,.,, needs to be set at a higher value than 17.5
kW. Studies published on LiFePO, battery degradation show that with a repeated SOC <
0.2 in every discharge cycle, battery life diminishes. Hence, from a battery life longevity
perspective both the Base case and Optimal case 1 scenarios are not suitable for the ve-
hicle. Now, the simulation results were evaluated with respect to the objective functions
i.e. Overall Energy Consumption (kWh/km) and Net Tail-pipe Emissions (g/km). The
Base case results were used to determine relative trends for the Optimal case solutions.

For overall energy consumption values it was observed that Optimal case 2 showed a
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Figure 2.12: Vehicle speed and Battery SOC comparison between base and optimal

cases for city driving section.

relative reduction of about 8.91% in overall energy consumption, while Optimal case 1
showed a reduction of about 4.46%. These trends are in accordance with the behavior
of battery SOC observed in the CS mode as analyzed earlier. With the generator system
being active for relatively longer duration in Optimal case 1, fuel consumption is higher,
making overall consumption higher for that scenario. For net tail-pipe emissions we
had considered total fuel consumption as the objective function due to direct correla-
tion as per Eq.(2.13). Based on the phenomenological emissions model used for this
study as discussed in earlier section, the estimated specie-wise emission mass fractions

relative to the base case are compared in Figure Optimal case 2 was found to have
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Figure 2.13: Vehicle speed and Battery SOC comparison between base and optimal

cases for highway driving section.

relatively larger reduction in UHC and CO species than Optimal case 1 with reference to
Base case. For CO, and NO species, larger reduction was observed in the Optimal case
1. Overall both the Optimal cases considered estimate reduction in emissions which
complies with total fuel consumption results and overall energy consumption trends
discussed previously. A closer assessment of the bar plot depicting relative change in

mass of emission species shows large swings in Optimal case 2 than Optimal case 1.

This study was conducted with the intent to determine an optimal set of operat-
ing parameters to reduce overall energy consumption and net tail-pipe emissions for a

plug-in series hybrid electric vehicle. Based on the results obtained from model simula-
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tion and Multi-Objective offline optimization strategy, two feasible optimal solutionsii.e.
Optimal case 1 and Optimal case 2 were further evaluated. Upon comparing the effect
of these two solution sets on overall vehicle performance and objective functions, Opti-
mal case 2 was found to be the most optimal solution with an overall tail-pipe emission

reduction of =~ 8.2% over the Base case.

2.4.1 In-Vehicle Implementation Results

Genset system operation on the Series Hybrid Electric Chevrolet Camaro was tested for
performance at criteria emissions at Transportation Research Center Inc. in East Lib-
erty, Ohio. The test involved operating the vehicle in charge depleting (CD), charge sus-
taining (CS) and transition mode. The test was conducted on a two-wheel chassis dy-

namometer with a hot-soak at 23.8 °C. Two different genset control strategies as listed
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below were tested.

1. Constant genset operation (CTL A)

In this control strategy, a single genset output power set-point of 15.5kW was used.

2. Load-following genset operation (CTL B)
In this control strategy, three different genset output power set-points of 11.5kW,
13kW and 15.5kW were tested. These set-points were enabled in three different
vehicle speed bands of 0-48 km/h, 49-97 km/h and 97+ km/h, respectively.

The results comparing overall energy consumption and criteria tail-pipe emissions
of the vehicle for the UDDS (Urban Dynamometer Driving Schedule) drive cycle were
compared. The UDDS drive cycle is 8.9 km long as is shown in Figure In this test,
SOCecp-_csis 50% and SOCy,,.q_cs is 10%. Battery state of charge (SOC) and power (kW)
of battery, generator and DC-DC for the two control strategies is shown in Figure [2.15]
For battery power data, negative power denotes battery discharge and positive power
battery charge event. In case of generator power, positive power denotes charge power
and for DC-DC power, negative power denotes low voltage discharge. Criteria tail-pipe

emissions (CO,, CO, NOy, HC) in (g/s) for the two genset control strategies are shown in

Figure[2.16]

The overall energy consumption is computed as per Equation[2.13], using m s, val-
ues of 2.03kg and 2.32kg, respectively. The resulting energy consumption values were
obtained to be 1.3 kWh/km and 2.2 kWh/km, respectively. These results are in accor-
dance with the estimated BSFC chart shown in Figure For lower generator power
outputs at the recorded engine speed, bsfc increases thus resulting in higher fuel con-
sumption. The emission trends were found to be as expected for the two different gen-
erator operation regions. The data also shows that at lower generator set-points the

combustion is more lean resulting in considerable CO emissions for CTL B. Also, NOy
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emissions are higher for CTL A which based on other emissions data shows relatively

rich combustion.

Thus, based on the in-vehicle test results, it is further evident that a higher generator
power set-point as in CTL A results in better overall energy consumption. Additionally,
in terms of combustion, the variation in criteria emissions is not directly correlated with
fuel consumption thus an optimal generator power set-point can be chosen based on

having different weights for the emission species.

2.5 Conclusion

In this paper we focused on evaluating a preliminary mathematical model and energy
management optimization strategy on a research Plug-in Series Hybrid Electric Vehicle
built upon the 2016 Chevrolet Camaro platform. Our goal with this paper was to deter-
mine optimal operating points for the on-board generator system with respect to overall
energy consumption and tail-pipe emissions. The optimal generator set point was de-
termined by posing the overall energy consumption problem as a Multi-Objective Opti-

mization.

The optimization process with respect to system operational constraints provided
two feasible optimal operating points for the generator system. These operating points
were evaluated in simulation with a Rule-Based Energy Management approach on the
vehicle mathematical model. A peak improvement of 8.9% in overall energy consump-
tion and 8.2% in net tail-pipe emissions was obtained with generator system operating

point of P,.,=17.5kW.

The Rule-Based approach was evaluated on the actual research vehicle with two dif-
ferent implementations and generator power set points. Vehicle’s overall energy con-
sumption and tail-pipe emissions were measured and recorded with a chassis dynamome-

ter testing setup. The results showed lower energy consumption with higher generator
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power. This result was partially in accordance with our simulation results i.e. for Op-
timal 2 strategy. A lower generator power set point showed higher overall energy con-

sumption.

Based on the simulation and in-vehicle implementation results, the following con-

clusions can be made,

1. The losses considered in the mathematical model do not accurately represent the

vehicle’s losses.

2. The estimated engine BSFC map referenced in this study is partially accurate. Specif-

ically in the high power regions as compared to the low power regions.

3. Thermal limitations of the vehicle further limited the peak power output from the

generator system to 15 kW.

Future work concerning this research vehicle and the energy management optimiza-
tion problem will focus on improving the vehicle mathematical model using actual ve-
hicle data for different powertrain subsystems. Additionally, also assessing a feasibility
of a novel energy management optimization approach for hybrid electric vehicles with

a series architecture.



39

(y/ury)
paads apIYa A

100
150

D0S L13peg

1500

1000

500

(y/ury)
paads apya A

100
0

(b)

100

(A1)
Jamo g Apeqg

1000

500

(y/uny)
paads appmpa A

100
0

1500

1000

(©

500

(A1)
._m.brcn— .:H—N.-@_.—QU

100

(y/uny)
paads appmap

(d)

1000
Duration (seconds)

500

(A
J1mod DADA

CTL B Data ~-=--Drive Cycle|

|——CTL A Data

Figure 2.15: Energy consumption and power data for Series PHEV Chevrolet Camaro

on UDDS drive cycle. Behavior between CTL A and CTL B genset control strategies is

compared and shown as (a) Battery SOC, (b) Battery Power, (c) Generator Power, and

(d) DCDC Power.



40

(y/uny) (guny) (y/uny) (guny)
paads apdIya A paads apmyp A paads apma A paads apmyp A
= = = =
= cﬂd =] m = m = m = m = m = m =] m
T W T uw T W T W
el o L —-=f
= "
s = f.M.......;m 1
< =) 5 = g | | ="
= = L = | =2 L = -
= = i, e r— | =
P P
- 3
_ _— L ..L-.“ _—
= < i e
i -~
! [ = [
< =] = — - 4 &
Wi u i s L
i %
e o
3
N./.ﬂ—..f
0 n 1 1 1 0 1 0
8 & g8 < = g =
S S o =1 =]
(s/3) (s/9)
X
ON JH

CTL B Data -~ Drive Cycle|

Duration (seconds)

|—CTL A Data
Figure 2.16: Criteria tail-pipe emissions data for Series PHEV Chevrolet Camaro on

UDDS drive cycle. Behavior between CTL A and CTL B genset control strategies is

compared and shown for (a) CO,, (b) CO, (c) NOy, and (d) HC.



41

Chapter 3

On Implementing Optimal Energy
Management for EREV using Distance
Constrained Adaptive Real-Time

Dynamic Programming

Publication: A. V. Kalia and B. C. Fabien, “On Implementing Optimal Energy Manage-

ment for EREV Using Distance Constrained Adaptive Real-Time Dynamic Programming,’

Electronics, vol. 9, no. 2, p. 228, Feb. 2020, doi: 10.3390/electronics9020228.

3.1 Abstract

Extended range electric vehicles (EREVs) operate both as an electric vehicle (EV) and as
a hybrid electric vehicle (HEV). As a hybrid, the on-board range extender (REx) system
provides additional energy to increase feasible driving range. In this paper, we evalu-
ate an experimental research EREV based on the 2016 Chevrolet Camaro platform for
optimal energy management control. We use model-in-loop and software-in-loop en-
vironments to validate the data-driven power loss model of the research vehicle. A dis-
cussion on the limitations of conventional energy management control algorithms is

presented. We then propose our algorithm derived from Adaptive Real-Time Dynamic
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Programming (ARTDP) with a distance constraint for energy consumption optimiza-
tion. To achieve a near real-time functionality, the algorithm recomputes optimal pa-
rameters by monitoring ESS state of charge deviations from the previously computed
optimal trajectory. The proposed algorithm is adaptable to variability due to driving
behavior or system limitations while maintaining the target driving range. Net energy
consumption evaluation shows a maximum improvement of 9.8% over the conventional
CD-CS algorithm used in EREVs. Thus, our proposed algorithm shows adaptability and

fault tolerance while being close to the global optimal solution.

3.2 Introduction

Hybrid Electric Vehicles (HEVs) and Electric Vehicles (EVs) are worthy alternatives to the
conventional, gasoline-only powered vehicles. As per a recent IEA (International Energy
Agency) report on Global EV Outlook, these eco-friendly alternatives have grown upto
4% of global vehicle market share from 2013 to 2018 and are expected to go beyond
40% by 2030 [5]. Relatively lower net energy density amongst HEVs and EVs, makes
efficient and optimal utilization of energy necessary. Energy management algorithms
enable these vehicles to perform efficiently and at optimal operation points within- cer-

tain constraints.

HEVs at a minimum have more than one source of propulsive energy which makes
energy management imperative and challenging. Variation in powertrain architectures
among HEVs further diversifies usable energy management strategies. In this article,
we have focused on an Extended Range Electric Vehicle (EREV) for energy management
optimization research. An EREV can operate both as an EV and an HEV based on its bat-
tery or energy storage system’s (ESS) state of charge [22]. The state of charge (SoC) value
represents available energy in the ESS relative to its maximum energy storage capacity.
While operating as an EV, the EREV utilizes only the ESS for its energy demands and op-

erates in a charge depleting (CD) mode. Whereas, during its operation as an HEV, the
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EREV uses both the ESS and the range extender (REx) system to supply the required en-
ergy and operates in a charge sustaining (CS) mode. EREVs either have an on-board REx
system or a trailer-mounted detachable REx system [6]. The trailer-mounted detach-
able REx system allows the user to use REx only for long distance drives thus increasing

opportunities for less fuel consumption and emissions [86), 75].

As mentioned earlier, a distinct CD and CS operating mode is a conventional EREV
energy management approach. Implementations of this strategy with a Rule-Based (RB)
algorithm is well documented in the literature [32, 62]. Researchers have extended on
this work by determining optimal operating points through offline optimization schemes
(18, 10, 9, 20, 87, 34]. To further improve system efficiency and operate close to op-
timal performance, real-time online optimization strategies have also been evaluated.
Energy Consumption Minimization Strategy (ECMS) is one such well documented and
validated strategy [16]. This strategy has proven useful for EREV energy management
in the CS mode. In-production EREVs like the BMW i3 Rex and Chevrolet Volt also
implement the distinct CD and CS strategy with an additional load-following strategy
in CS mode. Moura et al. presented the blended CD-CS strategy as an alternative to
the distinct CD-CS strategy [50]. Here, the optimization algorithm determines feasible
combination of ESS and REx operation points which satisfy the cost function and ad-
ditional constraints. Moura et al. also evaluated stochasticity in driving behavior and
concluded that a blended strategy consistently provided a better fuel economy in the
range of 3.2% to 11.8% over the conventional CD-CS strategy for the different driving
behaviors. With no state feeedback, this approach had limited real-time online imple-
mentation [44}, 55} /43]. For real-time online implementation, a combination of Markov
Decision Process (MDP) and Stochastic Dynamic Programming (SDP) has been im-
plemented and validated in MiL environment. The outcome of this approach showed
~ 24% improvement over a simple RB strategy but was ~ 4% worse than DP [45, [81].

Recently published research has leveraged machine learning techniques to obtain opti-
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mal solutions for HEV energy management. Son et al. proposed an advanced RB mode
control strategy for plug-in HEVs that used DP results for training and forming a predic-
tive mode control map for real-time applications [61]. Vatanparvar et al. [69] developed
a context-aware NARX model to predict driver behavior for energy management and
Wang et al. [71] implemented deep reinforcement learning on RB strategies for EREVs.
Both of these research publications and other similar works have improved energy man-
agement algorithm functionality for real-time application when there is limited future
drive information. Chen et. al. presented a dynamic programming and neural network
based energy management strategy which was evaluated in simulation for known and
unknown driving distance and duration conditions [19]. Xi et. al. improved on this
method and were also able to adjust the strategy for changes in driving distance during

the drive [76].

Based on our review, majority of the existing solutions are sub-optimal. To obtain
a global optimal solution, dynamic programming is the most sought after approach.
Though, due to its requirement for priori information, a real-time online implementa-
tion is challenging. Stochastic approaches to estimate priori information have enabled
real-time online usage but estimation errors seldom result in a sub-optimal solution.
Estimations can be improved using machine learning techniques by training models us-
ing vehicle data. Though the initial computational expense and any future re-training
of models for other scenarios poses a scalability challenge for on vehicle implementa-
tion. Therefore, a method that can provide a good estimate of future driving behavior
and can adapt to changes in real-time while being close to the optimal solution is re-
quired. Additionally, the solution needs to be computationally inexpensive relative to

more sophisticated techniques like machine learning.

To meet these requirements we propose a real-time online implementable energy
management algorithm based on the Adaptive Real-Time Dynamic Programming (ARTDP)

approach. The proposed algorithm uses a forward propagating dynamic programming



45

technique along with Google Directions API to determine average speed trajectory for
the upcoming drive. The algorithm performs re-optimization calculation when the ve-
hicle behavior deviates from initial estimate. We tested our proposed algorithm on an
average speed trajectory obtained from Google and its variants. Thus, the aim for our
EREV energy management research is to: (i) achieve the maximum feasible driving dis-
tance without recharging or refueling and, (ii) maintain the minimum feasible net en-
ergy consumption. The novelty in our proposed approach is in the implemented variant
of ARTDP that uses a driving distance constraint and integration of Google Direction API

for future speed estimate.

This article provides an in-depth description of the EREV power loss model and its
validation in Section[3.3] It is followed by an evaluation and comparison of prominent
EREV energy management algorithms. This section also presents our proposed algo-
rithm in detail. In Section the results from our study and their interpretation and
implications are discussed. Finally, a summary of the results draws a conclusion to this

article in Section[3.5

3.3 Methods

3.3.1 EREV Modeling Methodology

The experimental research EREV referenced in this article is based on the 2016 Chevrolet
Camaro platform. Figure[3.1]represents the vehicle system architecture as implemented
on the experimental research EREV. The key features of this vehicle are, (i) indepen-
dent dual-motor rear wheel drive with custom gearbox and, (ii) 0.8L motorcycle engine
retrofitted to run on E85 fuel [35]. Table[3.1]lists out the modelled operating parameters
for the propulsion system components on the vehicle. The experimental research EREV
modelled in this study performs within operational limits on its traction motors and REx

system.
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Figure 3.1: Experimental research EREV system architecture diagram.

Model-based design approach is extensively used for controls development of com-
plex systems. This process is an integral step in vehicular system controls formulation.
For the presented work, both Model-in-Loop (MiL) and Software-in-Loop (SiL) simu-
lation environment was used in the development, verification and validation stages of
the process. A power loss model for the EREV as shown in Figure was developed
on MATLAB/Simulink platform to simulate the key propulsion and energy storage sys-
tems on the research EREV. The model discards effects of tires and propulsion system
dynamics to reduce computational complexity. This approach is deemed sufficient as
the core premise is to effectively model power flow relative to the power demand during
the simulated drive cycle. The power flow model accepts vehicle speed target (v;q,get)
in m/s and road grade («o,..q) in %, as inputs to compute the total road load forces that
the propulsion system needs to overcome. Equations[3.1Jand[3.2show the discrete-time

road load equations in terms of power, as used in this model.

Pdemand[k:] = Ptraction[k] + Paero[k] + Proll [k] + Pclimb[k] (31)
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Table 3.1: Experimental research EREV system parameters.

System/Component Parameter Value Units
Displacement 0.8 L
Engine Max. Power 80.7 kW
Max. Torque 80 Nm
Max. Capacity 18.9 kWh
Nominal Pack Voltage 340 \Y%
Discharge Power Limit (Peak) 208 kW
ESS Discharge Power Limit (Cont.) 61.2 kW
Charge Power Limit (Peak) 102 kW
Charge Power Limit (Cont.) 20.4 kW
Max. Power (Peak) 83.8 kW
Cenerator Max. Power (Cont.) 58.6 kW
Max. Torque (Peak) 200 Nm
Max. Torque (Cont.) 95 Nm
Max. Power (Peak) 230 kW
Max. Power (Cont.) 110 kW
Traction Motor Max. Torque (Peak) 500 Nm
Max. Torque (Cont.) 250 Nm
Gear Ratio 4.2 -
Gross Weight 1875 kg
Passenger (x2) Weight 160 kg
Vehicle Tire Rolling Radius 0.346 m
Frontal Area 0.4 m?

Fuel Tank Capacity 26.5 L
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Figure 3.2: Block diagram representation of the experimental research EREV.

Utarget[k] - Utarget[k _ 1]
Ak

Pdemand[k] :(mvehicle + mpass) X Utarget [k} X

1
— C air A ron . k
+ 5 X Cg X Pair X Afront X Utarget[ ] (3.2)

+ Crr (ptira Utarget [k]) X (mvehicle + mpass) X g X Utarget[k]

+ (mvehicle + mpass) X g X Sin<ar‘oad[k]) X Utarget [k]

As mentioned earlier, an EREV has an all-electric final propulsion to the wheels.
Thus, the actual electric power demand from the ESS, i.e. P, was computed as per
Equation[3.3] Here 7,,,, i.e. propulsion system efficiency, is an estimated combined ef-
ficiency of the propulsion motor and the custom planetary gearbox used in the research
vehicle. The efficiency map was developed as a function of motor torque (7,,0,-) and

motor speed (wy.ior). Details of this efficiency map estimation are provided in subsec-

tion3.3.3l
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Pdemand [k]

nprop (Tmotor y Wmotor )

Pﬁotor (npropa Pdemand) = (33)

The range extension on an EREV is feasible due to the REx system that serves as an
APU. The research vehicle referenced in this study uses an E85 fueled 0.8L ICE which is
directly coupled to a Bosch SMG 180 electric motor-generator. This REx system supplies
additional power to the electric traction motors and ESS to meet the electric power de-
mand denoted by PZ , and/or recharge the ESS. Electric power from REx i.e. Py, can
be formulated in terms of fuel power (Py,.;) used to generate it. Equation shows the

correlation between these two power terms.

E
PREg (nenginea Ngenerator Pfuel) = nengine(Tenginev wengine) X

(3.4)

Tgenerator (Tgeneratm'a wgenerator) X Pfuel [k}

With limited 7yencrqt0r data available and the feasible value being in the range of i.e.
Ngenerator € [0.82, 0.95], Nyenerator Was assumed to be a constant at 0.86 in this model. En-
gine efficiency or brake specific fuel consumption map for the E85 fueled engine was
infeasible to obtain on an engine dynamometer due to integration limitations. To cir-
cumvent this obstacle, REx electric power data and tail-pipe emissions data obtained
during in-vehicle operation were used to estimate the BSFC map. The details of this
method and validation of estimated fuel flow rate is explained in subsection3.3.2] Addi-
tionally, low-voltage auxiliary electric loads were noted to have a significant impact on
the ESS energy levels. The auxiliary electric power i.e. P, was modeled as a constant
power demand of 520 W with additive noise. The signal-to-noise ratio (SNR) of 25 was

used for the model and determined from auxiliary power load tests on the vehicle.

Finally, the ESS model used in this study was derived from discharge and charge

data collected during vehicle operation. The earlier version of this model was based



50

R R,
A | ] || A
1 1
+ . + I I .
T ' T , G -
VOC —_ Vbar VOC == Vb t

(a) (&

Figure 3.3: Battery equivalent circuit models evaluated for power flow model. (a) Ze-

roth, (b) Dual Polarization.

on the zeroth order equivalent circuit as shown in Figure [3.3|a) and represented by the
Eq.(3.5). In this study, we used a dual polarization battery model as show in Figure
(b) and Eq.. In case of the zeroth order equivalent circuit, if internal resistance
(Ro) is considered a constant, then Eq.(3.5) is linear in voltage. Alternatively, in the
dual polarization battery model, the additional resistance and capacitance represent-
ing electro-chemical and concentration polarization, is capable of capturing transient
behavior during charge and discharge cycles as well as due to ESS SOC non-linear varia-
tion. Comparison of these two models showed that the dual polarization battery model
captures variation in battery voltage more accurately than zeroth order battery model
during discharge and charge current transients [29, [72]. This variation was observed to
have an impact on the battery SoC estimation. The dual polarization battery model is
represented as per Eq.(3.6) and the resistance and capacitance values were estimated

using the System Identification Toolbox in MATLAB.

Viat(SOC, k) = Voc(SOC) — I [k] x Ro(SOC) (3.5)
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Vit (SOC, k) = Voo (SOC) — Vi(SOC, k) — Va(SOC, k) — I [k]timesRy(SOC)  (3.6)

SOCk] = SOCIk —1]  IL[K]

Ak Qma:p

(3.7)

The ESS SOC computation is based on coulomb counting method as per Eq.(3.7),
where discharge current is considered positive and charge current negative. Available
ESS power limits were noted to be a function of ESS SOC and ESS operating temperature.
An ESS thermal model wasn'’t integrated for being out of scope for this study. Hence,
the available ESS power limits were modeled as constants. Furthermore, the available
range of ESS SOC was modeled between 0% and 100% SOCi.e. SOC € [0,1.0] with an ESS
EPO limit at 8%. These limits were set to accurately model available energy as observed

during vehicle evaluation tests.

3.3.2 Engine Efficiency Map Estimation

Limited performance information of the 0.8L engine used in REx system, posed a chal-
lenge in accurately modeling power flow. In addition to this, the engine was retrofitted
to operate with E85 fuel instead of gasoline. In our earlier work [35], engine efficiency
was considered to be a constant due to unknown system state values. In this article, we

present an estimate of the engine efficiency or BSFC, for its region of operation.

As mentioned earlier, the engine was directly coupled to a generator-motor in this
research vehicle. This setup is quite similar to an engine dynamometer and was use-
ful in determining engine output power. The fuel power corresponding to the output
was determined by estimating the input fuel flow rate deduced from the tail-pipe emis-
sions. The E85 fuel used is an oxy-hydrocarbon that is 85% Ethanol and 15% Gasoline

which has an equivalent chemical formula of Cs 55 H7 230. The key tail-pipe emissions
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measured for E85 fuel combustion were CO,, CO, HC and NO,. For this estimate, the
amount of HC emissions were considered negligible and the associated terms weren't

considered in the simplified combustion equation as shown in Eq.(3.8).

leaHbOc + yQ(OQ + 3773N2) — leOg + kQCO + kJ3H20 + k?4NOw (38)

Equating the amount of C,H,O and N atoms amongst reactants and products pro-
vided relation between ¥, y» and kq, ko, k3, k4. With the goal to estimate amount of E85
consumed, the only important relation for estimation is the one between E85 (C 55 H7 230)
and CO,, CO as per Eq.(3.9). This being a molar relation, it was converted into a mass-
based relation by including molar masses as per Table|3.2/and considering y; = li.e. 1
mol. Withoutloosing the equality relation and considering mass conservation of carbon
atoms, the resulting relation is provided in Eq.(3.10). The mass of carbon in a mole of

E85 fuel as well as CO, and CO is correlated to determine the mass flow rate of E85 fuel.
C . a.Yyy = k?l + k‘g (39)

Necy 55 Hy 050 My 551y 050 mc m

. 2.55H7.23 2.55H7.23 €COs . CeCO .

s = I\ Neodeo, ) " \ Neahteo ) 0] ©19
MCeCy.55Hr.230 CO2 M CO2 coiico

Table 3.2: Molar masses for key E85 combustion reactants and products.

Substance Molar Mass [g/mol]
Ca55H7230 53.83

CO, 44.0

coO 28.0

REx system operating power data along with the corresponding tail-pipe emissions
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10Hz modal data set was used to generate the estimated brake specific fuel consump-
tion map for the engine. The estimated fuel flow rate as per Eq.(3.10) was validated
against net fuel consumption measured from fuel tank level sensor in the research ve-
hicle. Figure shows the comparison between measured and estimated volume of
fuel in the tank. The mean estimation error was computed to be with in £2% with an
RMSE of 0.96. The estimated fuel mass flow rate was thus deemed validated and was

subsequently used to generate the BSFC map for the engine.
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Figure 3.4: Estimated net fuel consumption comparison to measured net fuel con-

sumption.

The estimated BSFC map for the E85 fueled VFR800 engine is shown in Figure
The REx system was operated within power limits defined by [0, 17.5] kW in the research
vehicle. This limit was primarily defined by the continuous charge power limit of the
ESS. The operating speed of the engine was bounded between [4000, 7000] RPM while
the load torque bounds were [0,50] Nm. Figure also denotes the engine peak brake

torque, maximum operating torque and torque associated with ESS power limit. The
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map shows the lowest BSFC values in the high torque and low speed region which co-
incide with the maximum operating power, as shown by dashed white curves. Thus, for
lowest fuel consumption rate the REx system must operate near the maximum operat-

ing power with high torque and low speed.
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Figure 3.5: Estimated BSFC map for E85 fueled VFR800 engine.

3.3.3 Transmission Efficiency Map Estimation

The propulsion system on the EREV research vehicle represented a rear wheel drive ar-
chitecture as shown in Figure[3.1] The system includes two independent motors, one on
each of the rear wheels, coupled to a custom single speed straight cut planetary gearbox.

The output from the individual gearboxes is connected to the corresponding rear wheel
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through a half-shaft. The total power loss in this system is due to the inefficiencies in
the motor and the custom gearbox. Constant efficiency assumption for the system re-
duced model accuracy and resulted in under estimating net energy consumption for
low speed drive cycles. Chassis dynamometer testing results were used to estimate a

combined efficiency map for the motor and gearbox assembly on the vehicle.

The propulsion system efficiency (1,,.,,) was computed using the power flow relation
as shownin Eq. earlier. Here, the motor electric power (P? , ) was determined from
ESS discharge current and voltage while operating in charge depleting mode. The power
output at the wheels (Pjenqnq) Was obtained from the chassis dynamometer. By aggre-
gating recorded data from several dynamometer runs, the combined efficiency map as
shown in Figure was obtained. Half-shaft safety and ESS continuous power dis-
charge limits prevented exceeding a commanded maximum torque of 180 Nm. This

resulted in a partial estimation of the efficiency map for the propulsion system.

3.3.4 EREV Power Flow Model Validation

The EREV model discussed in the previous sub-sections was validated against measured
power flow and energy consumption data from the EREV research vehicle. As ESS SOC
is the main energy consumption state variable for an EREV, the validation process com-
pares measured and model simulated ESS SOC data. Figures[3.7,[3.8} and[3.9/show these
comparisons for EEC Cycle in Charge Depleting (CD) mode, Charge Sustaining (CS)
mode and UDDS Cycle in a combined Charge Depleting - Charge Sustaining (CD-CS)
mode. Simulation time step was observed to effect model accuracy. The time step was
varied in the range of 0.05, 0.1, 0.2, 0.5, and 1.0 seconds. The accuracy was found to
deteriorate with increasing time step. A time step of 0.2 seconds was chosen to balance

out simulation time and model accuracy values.

ESS SOC comparison for EEC Cycle - CD as per Figure 3.7 establishes the presented
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Figure 3.6: Estimated combined efficiency map for the motor-gearbox assembly.

EREV model with a high accuracy. The percentage error was computed as per Eq.(3.11)
for all validation scenarios presented in Figures [3.8] and Coefficient of Variation
(C.V) is also calculated as per Eq.(3.12) and shown as a dotted red line overlay.

|SOCmeasured - SOCsimulated| % 10

11
SOOmeasured 0 (3 )

Error %] =

C.V. (%] = %RMSEGI x 100 (3.12)
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C.V. computed for the validation simulation results ranged between 1.9 - 7.0 %. Larger
deviation in model accuracy was observed during charge sustaining mode in the drive.
Discharge current comparison between measured and simulated values for CD and CS
modes showed better accuracy in CD mode than CS. Thus, the deviation can be at-
tributed to battery charge dynamics. As the computed C.V. values are still low, the model
was considered validated for our study. In the next section, we present our work on en-

ergy management optimization for the EREV research vehicle.

3.3.5 Energy Management Optimization Algorithm

An EREV is capable of operating in two different energy modes, CD and CS, as men-
tioned earlier. Both literature and in-production EREVs show either a well-defined tran-
sition between these two modes or a blend of these as an energy management strategy.
The intent of the on-board REx system is to only extend the driving range when required.
An investigation of widely used energy management optimization algorithms was con-
ducted for this EREV research vehicle. It showed that to attain the minimal energy con-
sumption solution, one had to compromise on the feasible driving distance. Vice-versa,
to obtain the maximum driving distance, the energy consumption was found to be sub-

optimal.

Dynamic programming algorithm was used to determine global optimal solution for
net energy consumption using the EREV research vehicle model. This algorithm is gen-
erally defined as backward propagating, where for n equally spaced time intervals be-
tween k stages, the process is started at k-th stage and traversed backwards. We imple-
mented this algorithm in the forward propagating sense where the process started at
the zeroth stage and traversed forwards. Equation (3.13) shows the optimal cost func-
tion (J;) used in dynamic programming, called the Hamilton-Jacobi-Bellman equation
in discrete time [51]. Here z; and u, correspond to the state and control variables cor-

responding to stage k, while f represents the cost associated with traversing from stage
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k — 1to k and g represents the net cost associated till stage & — 1. In this study, we use
a time increment of 1.0 second for optimization, hence stage & also represents the time

step.

JH(SOC) = min { F(SOC, (Pract, Piss)i)+

(Pruets PESS)INEU(Pp 01 Ppss)k

Tt (§(SOCk, (Ppua, PESS)k))}Vk 0<k<n—1 (3.13)

Four different drive cycles, namely EEC, HWFET, UDDS and US06 that emulate dif-
ferent power demand conditions were used. The ESS SOC state variable and the Driving
Range state constraint were varied to perform 45 simulations per drive cycle. The sim-
ulated driving distance was varied by repeating the number of drive cycles as shown in
Table 3.3|for reference. The final ESS SOC, maximum achievable driving range and net
optimal energy consumption results are shown in Figures -

Table 3.3: Number of simulated cycles for Initial ESS SOC and Driving Range combina-

tions.
Driving Range EEC Cycle HWEFET Cycle UDDS Cycle US06 Cycle
50 mi(~ 80.5 km) 3 B 7 6
75 mi(~ 120.7 km) 5 7 10 9
100 mi(= 160.9 km) 7 10 13 12
125 mi(= 201.2 km) 9 12 17 16
150 mi(= 241.4 km) 11 15 20 19

The final ESS SOC results per Figure show that for high power demand drive

cycles such as EEC and USO06, a feasible solution exists only for limited combinations
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of initial ESS SOC and target driving distance. From HWFET and UDDS evaluation re-
sults, we observed that the EREV was able to meet the final ESS SOC requirements for
more simulation scenarios in case of HWFET than UDDS. This outcome is counter in-
tuitive to our initial expectation, due to an expected lower energy demand per cycle in
case of UDDS. To maintain similar driving distances, the number of UDDS cycles was
higher than HWFET resulting in a higher net energy demand and complete depletion of
fuel reserve. On overlaying ESS SOC results with net optimal energy consumption re-
sults per Figure[3.11} lowest values are achievable only for 50mi driving range and 100%
initial ESS SOC amongst the simulated drive cycles. As the driving range requirement
increases or initial ESS SOC value decreases, the energy consumption values increase
substantially. This result is supported by maximum driving range results as per Figure
Thus based on the dynamic programming based simulations, an optimal energy
consumption for the EREV is highly dependent on driving range requirement and initial
ESS SOC.

With a baseline available for our work using dynamic programming, we utilized an-
other energy management optimization algorithm based on Pontryagin’s Minimization
Principle (PMP) [51]. This approach is also applicable only with priori knowledge of the
vehicle behavior. In this algorithm the hamiltonian as shown in Eq.(3.14) is computed

at every time step and minimized to obtain the optimal control parameters.

H(Pfuel [k]v PESS[k]v )\[k?],pl(SOC)) -

Pructl¥llp,, ev,, (MK + p1(S0C)) - Prsslk ppssctn,.. (314)
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Figure 3.10: Final ESS SoC (%) achieved matrix for (a) EEC, (b) HWFET, (c) UDDS, and

(d) US06 drive cycle simulations using forward propagating Dynamic Programming.
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Figure 3.12: Maximum achievable driving range (km) matrix for (a) EEC, (b) HWFET,
(c) UDDS, and (d) US06 drive cycle simulations using forward propagation Dynamic

Programming.
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Based on the feasible power values in Up,,.,, Up,s, and the co-state parameter (\)
that satisfies SOC constraint the hamiltonian obtained is shown in Figure[3.13] The plot
shows hamiltonian corresponding to a feasible set of power with 27 elements computed
at time step £ = 1150 seconds for a single cycle of EEC. As per the figure, at any time-
step k there are only two feasible options for an optimal solution. One corresponding
to ESS only operation and the other corresponding to ESS + REx operation. These sim-
ulations were performed on the EEC, HWFET, UDDS, and US06 drive cycles and the
observed ESS SOC behavior is shown in Figure[3.14] For the US06 drive cycle, due to the
high power demand (as noted through dynamic programming results earlier), even with
maximum REx operation the ESS SOC approaches the lower limit. In case of HWFET
and UDDS drive cycles, a sharp drop in ESS SOC is observed for ESS + REx operation
due to fuel reserve depletion. A key takeaway from these results is that based on the
final SOC constraint, only two feasible operating solutions exist. The ESS only solution
provides the best energy consumption, while the ESS + REx solution provides the maxi-
mum range. This limits the range of operation of the REx and adaptability to variability

in drive power demand.

ESS Only: Co-State =0
RTLL LT Posven:

ESS + REx: Co-State = 4.44
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Figure 3.13: Hamiltonian in the feasible set for ESS only and ESS + REx operation dur-

ing EEC 3 and 9 cycle optimization taken at ¢ = 663.0 seconds, respectively.
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Figure 3.14: ESS SoC and maximum driving range comparison for optimal energy con-

sumption (ESS only) and maximum driving range (ESS + REx) amongst (a) EEC, (b)

HWEFET, (c) UDDS, and (d) US06 drive cycle simulations using Pontryagin’s Minimum

Principle.

With the aim to implement an optimal control algorithm on the research vehicle,

real-time online energy management optimization algorithms were evaluated as men-

tioned in the Introduction section. ECMS and its variants have been proven in literature
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to have similar outcome as PMP and are also applicable only for HEVs operating in CS
mode. As the PMP evaluation showed only two optimal REx operation set points and
the vehicle operates in both CD and CS modes, ECMS was discarded as a possible opti-

mization algorithm.

Amongst the in-production EREVs, 2014 BMW i3 Rex and 2016 Chevrolet Volt, vehi-
cle dynamometer test data was obtained from Argonne National Laboratory (ANL) and
analyzed for energy management strategy. Both of these vehicles perform in a distinct
CD and CS mode and at an ESS SOC level of ~15.7%, the CS mode was observed to ini-
tiate. ESS power analysis and its comparison with vehicle speed showed that the REx
system follows an offline optimized energy management strategy which targets main-
taining ESS SOC level close to 15.7%. For the UDDS cycle, discharge current normalized
with vehicle mass as a function of vehicle speed was compared between our research
vehicle and the two in-production EREVs mentioned earlier as shown in Figure It
is evident from the figure that our research vehicle normalized current demand is nearly
two times greater than the in-production vehicles. Due to the operation power limit on
the REx system in the research vehicle, implementing a generic CS mode as observed
in the in-production vehicles will be inconsequential. Thus, for an energy management
strategy similar to in-production vehicles, the research vehicle has a higher chance of
getting depleted out of it's maximum capacity, thus limiting the feasible driving range.
Therefore, a more blended CD-CS strategy is required for the research vehicle to be op-

erational within the imposed constraints.

Stochastic dynamic programming for energy management has been shown to oper-
ate in a real-time online environment but requires offline optimization over a variety of
drive cycles to generate optimal transition policies while traversing between different
energy states. In our evaluation, dynamic programming optimization results showed
high adaptability to changes in drive scenarios. This motivated us to develop an op-

timal energy management algorithm based on Adaptive Real-Time Dynamic Program-
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ming, that can generate optimal control parameters for power distribution in our EREV.
To overcome the challenge of obtaining priori information about the drive, we have in-
tegrated Google API functions to create an estimated drive trace for the planned drive.
The two key elements of our proposed algorithm are: i) using a range constraint pa-
rameter to variate power distribution between ESS and REx and, ii) adapting to changes

during actual driving by monitoring energy consumption residuals.
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Figure 3.15: Energy consumption comparison on a) UDDS cycle with b) Vehicle mass
normalized ESS current variation in CD mode between Research Vehicle, 2014 BMW i3

Rex and 2016 Chevrolet Volt.

3.3.6 Distance Constrained Dynamic Programming

The results from dynamic programming evaluation in Figures - showed that
the net energy consumption worsened as simulated driving distance increased. If the
required driving range is known prior to the drive or can be treated as a user-input vari-
able, the optimal power distribution between the ESS and REx within these new con-

straints can be obtained. For this variant of the algorithm, we still use the cost func-



70

tion as shown in Eq.(3.13). Though the feasible set of operating parameters is subjected
to the driving range constraint condition. Here, the feasible sets of Py, and Pgggs i.e.
Up,... and Up,,, are derived from the feasible set of ESS SOC at each time step £ i.e.
Usoc,, - Upya, » Upgss, - Usoc, itselfis determined from the net power demand and range
extender available power i.e. Pyenang, and Prp,,, where Prg, F Pyr,. With the addi-
tional range constraint, the feasible set of ESS SOC is represented as U, such that
U gock C Usoc,,- The range constraint changes the lower limit of the set Ugoc, i.e. at time
step k, if Usoc, € [, B] such that o < 8, then Udy,., € [o, 8] suchthata < o' < 3, to
form the new feasible subset of operating parameters. The range constrained feasible

set Udy, is computed at every time step k as per Algorithm

At any time step k, the algorithm takes, SOC range precision factor (v), distance trav-
elled (d), distance remaining (d...,), total energy capacity of ESS (Frgs), ESS energy con-
sumption (EC), power demand Pj.,.,¢ and the optimal SOC i.e. SOC*, from the pre-
vious time step k£ — 1 and initialization. Using these inputs, the lower and upper limits
to Usoc, i-e. afk] and pB[k] are computed. Here a[k] corresponds to ESS only operation,
while jS[k] corresponds to ESS and maximum REx operation. With v = 2e-5, which is
equivalent to 0.002% SOC and provides a power precision of 1360.8 W every time step k
and the limits, Ugo, is obtained. In Figure at time step k = 1 the blue circles repre-
sent the feasible ESS SOC set, Usoc, . To determine U¢,,, , we next compute Ugc, which
forms a set of EC at time step & and is further used to compute Uy, which is a set of
feasible distance the vehicle can travel. Here, the feasible distance computation is based
only on the remaining ESS SOC. This provides the worst case scenario solution, as ESS
energy is the limiting factor for an EREV. Finally, Ug,, is compared against the desired
distance target (d;q.¢¢) and infeasible SOC|k] values are changed to co. In Figure
at time step k = 2 the blue circles represent the range constrained feasible ESS SOC set,
Udoc, and the yellow circles represent SOC values which are infeasible due to the range

constraint. This process continues Vi € [0, n]. The impact of adding range constraint to
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dynamic programming optimization is elaborated in the Results section.

Algorithm 2: Compute feasible set of ESS SOC subject to driving range constraint at
time step k.

Input: v, d[k], dyem k], Egss, EC[k], Piemandlk], SOC*[0], SOC*[k — 1]

Output: U¢y,

alk] «— SOC*[k — 1] — (Pdemand[k]>;

Erss-3600

BIk] «— SOC*[k — 1] — (Paenengliltmaa(Phes) ),

Usoc, <— [a[k] +ny|n€Zt,max(n) = mk]_o‘[k},a[lﬁ],ﬁ[k] +# oo]

Y

Urc, «— i | (SOC*10] = SOCIM] ) - Epss| ~ VSOC[K] € Usoc,

Udgon, € (SOC[%ka]Ocmm) —dremlk]  VSOCIK] € Usoc,,, VECk] € Ugc,

fordinUy,,, do

ifd < dtarget then
| SOC[H] —— oo

end
end

Uboo, +— [0k +ny | n € 2, ma(n) = ZE20 o/ k), G[K] # oo]
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Figure 3.16: Dynamic Programming with Range Constraint network flow diagram.

3.3.7 Adaptive Distance Constrained Dynamic Programming

The estimated average vehicle speed obtained from Google API is helpful for the pro-
posed optimization. Though the variability in actual driving and real-time changes in
traffic conditions can cause the energy consumption to deviate from the pre-drive opti-
mal solution. The effect of this variability was evaluated over a randomized drive trace
bounded within speed limits with reference to average vehicle speed obtained from
Google. Equation(3.15) shows the relation to obtain this random new speed from a
normal distribution AV(u, %), where p is the new speed at previous time step k£ — 1 i.e.

vnewlk — 1] and o? is the variance. The variance was selected to be 0.0625 to limit the
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magnitude of instantaneous acceleration within drive comfort i.e. 0.2G. A speed limit
parameter is also used to prevent the new randomized speed deviate from the average

vehicle speed obtained from Google API.

Unewlk] ~ N(Vpewlk — 1],0%)  Vk € [1,t4] (3.15)

To compare the effect of variation in vehicle speed against the average vehicle speed
used for optimization, we monitor the ESS SOC state variable. It was observed that for
a randomized vehicle speed obtained from Eq.(3.15), a deviation of ~ 3% ESS SOC can
occur at the very least. This deviation can cause a violation of the driving range con-
straint or can increase the net energy consumption. Thus, the optimal solution needs to
be re-computed to avoid these violations. For this we calculated the absolute difference
in magnitude between the optimal ESS SOC and actual ESS SOC, called the ESS SOC
residual, as the vehicle covers required distance. If the ESS SOC residual exceeds the

limit, it re-computes the optimal solution for the remaining ESS energy and distance.

3.3.8 Proposed Real-Time Application of Adaptive Distance Constrained Dynamic Pro-

gramming

The proposed energy management optimization scheme is subdivided into two phases,
1) Pre-drive optimization, and 2) Real-time re-optimization. As the proposed scheme
is based on Dynamic Programming algorithm, priori knowledge of the drive is required
for both the phases. Thus, we implemented a tool that uses Google Directions API to
generate an estimated speed trace of the journey based on user inputs for Origin and
Destination locations. The API uses Google’s "best guess" traffic model to determine
the duration of travel between different path nodes that is crucial in building the esti-
mated speed trace. Figure[3.18[shows the output of the estimated speed trace generating

tool. In this example scenario, the speed trace is generated from coordinates [47.6536,-
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122.3046] to [47.4247,-121.5834], which results in an 84.5 km long travel. To emulate
variability in driving, we used the two randomized speed traces shown in Figure|3.18(c).

Y

Set Get Optimize
. ; Average Speed Trace, R
Origin Location, ’ ’ energy distribution
Y . Drive Distance - )
Destination Location prior to the drive
from Google

A 4

A 4

A

Simulate the drive

Re-Optimize energy

Is diraveted == d ? L
traveled target distribution

Figure 3.17: Proposed optimal energy management algorithm flowchart.

Using this priori knowledge about the drive, the proposed scheme performs Phase
1 and generates an optimal set of control parameters for the EREVs REx system. As the
simulation proceeds, the ESS SOC residual is computed and compared against a pre-
defined limit. If the residual exceeds the limit, it initiates Phase 2 i.e. re-optimization of
control parameters. This re-optimization only occurs for the remaining travel distance
and available energy. The updated control parameters are now used for the remaining
drive. This process of re-optimization is part of an iterative decision loop and thus can
occur as many times the ESS SOC residual exceeds the limit. The process flowchart for

this proposed scheme is represented in Figure[3.17}
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Figure 3.18: Estimated speed trace build using Google Directions API. (a) Shows path
nodes from Origin to Destination, (b) Average vehicle speed determined from current

traffic conditions, and (c) Randomized speed traces based on the average speed.
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3.4 Results and Discussion

In this section we provide simulation results showing key stages of evaluation of this
proposed algorithm. First we present the implementation of dynamic programming al-
gorithm with a distance constraint variable and its impact on energy consumption of
the research vehicle. We then present results which show a comparison of the proposed
algorithm with and without the re-optimization process. Finally, a comparison of the
proposed algorithm against the conventional CD-CS algorithm used in EREV energy
management is provided. Interpretation of these results, the assumptions made and

limitations are also discussed.

3.4.1 Implementation of Distance Constrained Dynamic Programming

The dynamic programming algorithm with distance constraint as described in the pre-
vious section was implemented on the research vehicle model. A simulation sweep for
the UDDS and US06 cycles with varying target distances, d;.,4: = [0, 25, 50, 75, 100, 150,
200, 250] km was conducted. For the UDDS cycle scenario as shown in Figures[3.19(a)-
(c), the algorithm was able to optimize for all values of d;,,;. The net optimal energy
consumption values increased with an increasing d,,4;. A minimum of 0.23 kWh/km
and a maximum of 0.81 kWh/km net energy consumption was obtained for the UDDS

cycle evaluation.

For the US06 cycle scenario as shown in Figures [3.20{(@)-(c), the algorithm was able
to optimize for all values of d;,,¢.: €xcept 150, 200 and 250 km as shown by triangle ()
markers in Figure[3.20(c). The net optimal energy consumption in this case also showed
a similar increasing trend as in the case of UDDS cycle. A minimum of 0.25 kWh/km and
a maximum of 0.53 kWh/km value was obtained for successfully optimized US06 cycle
evaluations. A key difference between the UDDS and US06 cycle was a consistently high

energy consumption value for all optimized d,,,,.: values. This observation is consistent
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with US06 being a relatively higher speed cycle than UDDS.
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Figure 3.19: Distance constrained dynamic programming optimization results on re-

search vehicle for UDDS Cycle.
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Figure 3.20: Distance constrained dynamic programming optimization results on re-

search vehicle for US06 Cycle.

The vehicle energy management inherently prefers to only use ESS energy in order to

maintain a low net energy consumption. Such an outcome reduces EREVs feasibility to
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meet the required target distance. Hence, our implementation of distance constrained
dynamic programming for EREV energy management showed that the feasible set of
solutions at each stage of DP can be varied with the target distance parameter. This
allowed the vehicle to meet the target distance while being optimal in net energy con-
sumption. Based on the UDDS and US06 cycle simulation results shown in Figures[3.19
and the final ESS SOC can be observed to be higher as target distance increases.
This was expected, as a higher target distance would require the REx system to be op-
erational and provide supplemental energy. In Figure 3.20|(a), the optimal solutions for
target distances 150, 200 an 250 km are in violation of the distance constraint but the
optimal solution for d,4,4.: = 250 km does not violate d;,,4.; = {150, 200} km. This implies
that in some cases for a solution to not violate both final ESS SOC and target distance

constraints, it will be sub-optimal for net energy consumption.

An assumption for computing the feasible driving distance was made based on EREV
behavior. We assumed that the available energy at any point of time during the drive is
the energy available in ESS only. An EREVs available driving range in the worst case
scenario i.e. if REx system is non-functional, is solely dependant on the available ESS
energy. Thus, if we optimize with the worst case scenario, we can always ensure that the
vehicle will be able to meet the ESS SOC and target distance requirements, if success-
fully optimized. Based on these results, we were able to establish a functional dynamic

programming algorithm with distance constraint.

3.4.2 Adaptive Distance Constrained Dynamic Programming

The distance constrained dynamic programming algorithm was integrated with an ESS
SOC residual based re-optimization. This approach made the algorithm adaptive to
variation in driving and by extension energy usage. This approach was evaluated for
standard drive cycles and for custom drive cycles obtained from Google Directions API.

The results presented in this section are for a custom drive cycle as shown in Figure
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and the randomized speed traces derived from it. The ESS SOC deviation limit to
initiate re-optimization was chosen to be 3%. This value was chosen to prevent un-
wanted re-optimizations due to modeling errors while preventing excessive deviations
from an optimal solution. Figures (a) -(c) show results for the Random 1 speed trace,
where the actual energy demand was much lower than the pre-drive optimal estimate.
Similarly, Figures [3.22](a)-(c) show results for Random 2 speed trace, where the actual
energy demand was within the deviation limit of the pre-drive optimal estimate and
Figures [3.23](a)- (c) show results for Random 3 speed trace with actual energy demand

much higher than the pre-drive optimal estimate.

For the Random 1 speed trace, ESS SOC was observed to deviate by 8% from the pre-
drive optimal solution, resulting in an excess usage of fuel by the REx system. With re-
optimization, the solution was observed to adapt at 49km and 75km distance markers
resulting in a < 1% deviation from the new optimal solution and a 2.4% deviation from
the pre-drive optimal solution. In case of Random 2 speed trace, ESS SOC was observed
to stay within the 3% limit, thus resulting in no re-optimization events. Finally, for the
Random 3 speed trace, ESS SOC was observed to deviate by 9% from the pre-drive opti-
mal solution, resulting in excess usage of ESS energy. With re-optimization the solution
was observed to adapt at 53km, 71km, 82km and 84km distance markers resulting in
a 2% deviation from the pre-drive optimal solution. In this case, the re-optimization
resulted in an increased power demand from the REx system than originally optimized.
Net energy consumption values for the three randomized speed traces with and without
re-optimization are shown in Figure Random 1 speed trace showed an improve-
ment of ~ 15.6% in the net energy consumption, while Random 3 speed trace increased
the energy consumption by ~ 4.4% but satisfied the driving distance constraint. Ran-

dom 2 speed trace shows a nearly similar net energy consumption in either of the cases.

Driving behavior tends to vary due to several system and environmental disturbances.

Hence, it is challenging to have a deterministic knowledge of future driving speeds.
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Stochastic approach to obtain an estimate of future driving speeds are discussed in lit-
erature but they increase computational load. In our proposed approach we leveraged
the average speed information obtained from Google Direction API which uses a pro-
prietary traffic estimation model along with live traffic data. The average speed trace
served as an initial baseline though possible deviations can occur as observed with the
three random speed traces. Speed deviations result in energy demand variations which
are used to initiate re-optimization. The re-optimization process only computes opti-
mal operation parameters for the remaining drive. Based on the Random 1 speed trace
results, if energy demand is lower due to lower than expected speed, the re-optimization
process reduces REx system run-time for the drive. By extension, if the vehicle comes to
an unexpected complete stop, as the residual calculation is not a function of time but of

distance travelled, the re-optimization process is expected to handle such variations.

Vice-versa based on Random 3 speed trace results, if the energy demand is higher
due to higher than expected speed, the re-optimization process causes an increase in
REx system run-time. Such an outcome would result in an increased net energy con-
sumption than expected initially to meet final ESS SOC and target distance require-
ments. This was expected based on our presented hypothesis and subsequent valida-
tion of the distance constrained dynamic programming explained in the previous sub-
section. This is further confirmed by net energy consumption results as shown in Figure
With re-optimization the EREV was able to get optimal net energy consumption re-
sults without violating final ESS SOC and target distance requirements. Thus, the adap-
tive distance constrained dynamic programming is able to provide optimal results in

case of driving disturbances.
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Figure 3.21: Comparison of vehicle’s performance with and without re-optimization

using the randomized low speed drive cycle.
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Figure 3.22: Comparison of vehicle’s performance with and without re-optimization

using the randomized medium speed drive cycle.
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Figure 3.23: Comparison of vehicle’s performance with and without re-optimization

using the randomized high speed drive cycle.
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scenarios for the three randomized speed traces.

3.4.3 Comparison of Adaptive Distance Constrained Dynamic Programming

We evaluated the performance of our proposed algorithm against the more conven-
tional energy management approach for EREVs. This was based on operating the vehi-
cle in two distinct modes, CD and CS, depending on the ESS SOC value. For the compar-
ison presented we used UDDS-HWFET-UDDS-US06 cycle, a combination of the stan-
dard cycles used by EPA. The ESS SOC band for the CS mode was chosen to be between
15% to 25%. These values ensured that when the REx operated at its maximum output
power, the minimum ESS SOC limit was not violated. The minimum ESS SOC limit was
chosen to be 8% as per vehicle tests. The ESS was found to perform an Emergency Power

Off (EPO) below that limit. In Figures|3.25} [3.26}, and |3.27|we have provided the results

showing a comparison between the two algorithms, corresponding to a single cycle run,

double cycle run and triple cycle run, respectively.

For a single cycle run, both the conventional algorithm and the proposed algorithm
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showed a similar behavior with vehicle operating in the CD mode i.e. using only ESS
energy. Thus, the net energy consumption is of the same magnitude. In case of a double
cycle run, the conventional algorithm covers ~ 60 km distance in CD mode and the
remaining in CS mode. Our proposed algorithm showed an earlier activation of REx
system to meet the driving distance and minimum ESS SOC requirements. A similar
behavior was observed for the triple cycle run case also where our proposed algorithm
was able to generate optimal control parameters for the REx system that satisfied driving
distance and minimum ESS SOC requirements. The double and triple cycle run scenario
results show the ability of our proposed algorithm to adapt to driving distance changes.
The net energy consumption comparison for these three cases as per Figure[3.28} shows
an improvement by our proposed algorithm over the conventional algorithm. Amongst
the three scenarios shown, the largest improvement of 9.8% is observed for the double
cycle run and a 1.6% for the triple cycle run. The single cycle run had the same net

energy consumption due to operating only in the CD mode.

The conventional EREV energy management approach was obtained from our evalu-
ation of two in-production EREV vehicles i.e. 2014 BMW i3 Rex and 2016 Chevrolet Volt.
Both the vehicles were found to operate in distinct CD and CS modes. The CS mode was
found to initiate when ESS SOC was lower than ~ 15.7%. Both vehicles implemented
a proprietary CS mode energy management strategy. Thus for our comparison, we for-
mulated a distinct CD and CS mode energy management strategy for the experimental
research vehicle, inspired by the in-production vehicles strategies we evaluated. This
derived conventional strategy also switched to CS mode near 15.7% ESS SOC. With lim-
itations on REx power, the strategy operated REx at its maximum feasible power output
when required. To ensure the vehicle didn't violate the ESS EPO cutoff and by exten-
sion the distance constraint, the CS mode ESS SOC upper limit was determined to be
25%. This representative conventional EREV strategy was evaluated in the MiL and SiL

environment along with our proposed algorithm.
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In single cycle simulation, the vehicle operates in CD mode for both of the algo-
rithms. This implies that for short distance drives, the proposed algorithm is able to pri-
oritize ESS only usage over REx system. A difference between the conventional and pro-
posed algorithm is more evident for the double and triple cycle simulations. The con-
ventional algorithm in both the cases is able to effectively charge sustain and maintain
ESS SOC higher than the EPO limit as marked by the dashed black line in the ESS SOC
plots. The proposed algorithm on the other hand was observed to employ a blended
CD-CS strategy of operation with the REx system. The corresponding ESS SOC trend
for the experimental research vehicle was observed to fulfill both ESS SOC and distance
constraints. As observed from prior evaluations, such an outcome was expected from
the proposed algorithm over the conventional algorithm. In case of the conventional al-
gorithm, fuel usage was computed to be higher than that in case of proposed algorithm.
For the triple cycle simulation, the conventional algorithm used 17.8 L of fuel against
10.1 L in case of the proposed algorithm. This shows the vehicle can travel farther with
the proposed algorithm. With respect to our research goal of implementing and evalu-
ating an optimal energy management strategy for EREV, the net energy consumption re-
sults as shown in Figure[3.28|shows that the proposed algorithm at a minimum matches
and in other cases lowers the value in comparison to the conventional algorithm. Thus,
the proposed adaptive distance constrained dynamic programming algorithm performs

better than the conventional algorithm.
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tion.

The adaptive nature of the proposed algorithm introduces the possibility of it be-
ing fault tolerant. In a scenario, where a propulsion system component on the research
EREV experiences fault or functional limitation, the vehicle performance will be limited
or the feasible driving distance will reduce. We evaluated a fault scenario causing the
REx system maximum power to reduce from 15 kW to 8 kW. Under this limited power ca-
pability, the conventional CD-CS algorithm and our proposed Adaptive Distance Con-
strained Dynamic Programming algorithm were evaluated. The ESS SOC comparison as
per Figure [3.29|(b) shows that the proposed algorithm was able to adapt to the fault and
optimize REx system operation to meet the final ESS SOC and target distance require-
ments. Unfortunately, in case of the conventional algorithm, ESS SOC drops below the

ESS EPO Limit near 90 km marker, resulting in the vehicle being immobile.
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Based on these results, our proposed algorithm shows fault tolerance over the con-
ventional algorithm but within certain limitations. In the presented results, the fault
insertion occurred early in the drive, thus allowing considerable time for the vehicle to
adjust to the new limitations. We expect the algorithm to violate target distance con-
straint if the fault was inserted much later in the drive. Such an outcome is possible as
the vehicle ESS SOC would be much closer to the ESS EPO Limit. With ADAS features in
modern vehicles, the fault tolerant behavior of the algorithm can also be used to inform

the driver of the updated available driving distance.

3.5 Conclusion

This article presented a novel implementation of an energy management algorithm for
the experimental research EREV. The development and application of this algorithm
was directed by two major goals (i) achieving the maximum feasible driving distance
without recharging or refueling and, (ii) maintaining the minimum feasible net energy

consumption. We also targeted for a real-time online application of this algorithm.

To achieve these goals, we first formulated a power loss model of the experimental re-
search EREV. The model was validated against vehicle test results conducted on a chassis
dynamometer. This followed an evaluation of frequently used energy management op-
timization algorithms. Dynamic Programming approach was chosen for development
of our proposed algorithm. The proposed algorithm was a variation of dynamic pro-
gramming with forward propagation and a distance constraint. To ensure the algorithm
is resilient to external disturbances, a re-optimization feature was added that made the
algorithm adaptive. The application of this algorithm was evaluated against different
standard speed traces and real-time average speed trace obtained from Google Direc-

tions API.

Our evaluation of the more prevalent energy management optimization algorithms

showed that the dynamic programming approach provided more optimal results. We
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implemented our variant of dynamic programming with forward propagation, by adding
a target distance constraint. This approach resulted in ensuring the energy manage-
ment is optimal while the target distance requirement is achieved. The results from the
adaptive version of the proposed algorithm validated our hypothesis of real-time online
implementation while being optimal. Finally, a functional comparison of our proposed
algorithm with the conventional CD-CS algorithm was conducted on the model of our
experimental research EREV vehicle. The results proved that our algorithm at the very
least performs at par with the conventional algorithm and outperforms it by 9.8% on the

other extreme.

In conclusion, the presented work showed that for EREV energy management, in ad-
dition to optimizing for minimum net energy consumption, we also need to optimize
for maximum feasible driving distance. We also showed an implementation of our pro-
posed adaptive distance constrained dynamic programming algorithm with live-traffic
information from Google Directions API. This verified our hypothesis of the proposed
algorithm being real-time online implementable. By extension our proposed algorithm
is also able to provide an optimal solution even if one or more of the propulsion sys-
tems are power limited or faulting. Our proposed algorithm was verified and validated
in MiL and SiL environments in this article and additional system and environmental
disturbances such as road elevation, system ramp-up and ramp-down delays as well as
thermal effects were not considered. Future extension of this work will include the im-
pact of these limitations as well as implementation of the proposed energy management

strategy on the experimental research EREV.
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Chapter 4

On Fault Tolerant Behavior of Optimal
Energy Management Control for

Extended Range Electric Vehicle

Publication: Submitted to IEEE Vehicle Power and Propulsion Conference 2020, A. V.
Kalia and B. C. Fabien, “On Fault Tolerant Behavior of DC-ARTDP Optimal Energy Man-
agement Algorithm for Extended Range Electric Vehicle”

4.1 Abstract

Energy system failure or reduced power operation is a plausible scenario in extended
range electric vehicles (EREVs). Such an occurrence causes performance degradation of
these systems, and can impact vehicle distance-to-empty (DTE) and overall energy con-
sumption. In this article, we present the fault tolerant optimal energy management con-
trol behavior of our proposed Distance Constrained Adaptive Real-Time Dynamic Pro-
gramming (DC-ARTDP) algorithm. We evaluate this behavior with model-in-loop en-
vironment for a 2016 Chevrolet Camaro extended range electric research vehicle. Fault
scenarios limiting (a) propulsion motor output power, and (b) range extender system
output power are evaluated. A discussion on EREV’s response to these faults while com-

paring DC-ARTDP algorithm with the conventional charge depleting - charge sustain-
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ing (CD-CS) algorithm is presented. The DC-ARTDP algorithm can meet the 163 km
DTE target in all of the fault scenarios with net energy consumption between 0.53 - 0.89
kWh/km. Thus, our proposed DC-ARTDP algorithm shows adaptability to fault scenar-

ios over the conventional CD-CS EREV energy management algorithm.

4.2 Introduction

Extended range electric vehicles (EREVs) comprise of multiple energy systems in
their powertrain architecture. The core energy systems include (i) Energy Storage Sys-
tem (ESS), (ii) Electric Propulsion Motor(s), and the (iii) Range Extender System (REXx).
Optimal energy flow amongst these systems is necessary to obtain a minimal overall
energy consumption while targeting the maximum feasible distance-to-empty (DTE).
Off-line and on-line optimized energy management algorithms for EREVs have been
thoroughly discussed but under the assumption that these systems perform flawlessly.
In this article, we focus on fault occurrence scenarios on the earlier mentioned energy
systems in an extended range electric vehicle and their implications on the vehicle’s per-
formance. A fault occurrence in one or more of these energy systems can at minimum

impose power limitations and in worse case scenarios impede vehicle movement.

Fault detection and diagnostic strategies or fault-tolerant control systems (FTCS)
have been a part of vehicle component and system electronic control units (ECUs) [11].
Based on the severity level of fault, a safe operating mode for the system/component is
determined. In conventional powertrain vehicles, a mild to moderate level fault causes
the vehicle to operate in a limp home mode [14]. In such a scenario, the powertrain
system output is derated to protect the components. For a high severity fault, the sys-
tems are completely shutdown to prevent excessive damage. For hybrid electric vehi-
cles (HEVs), both sensor-based measurements and analytical models have been used
for fault detection and diagnostics. Application of these methods on propulsion mo-

tors, engine, transmission, energy sources, and power-converters have been extensively
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studied [65}(78}/49]. The FTCS strategies studied and implemented on HEVs are predom-
inantly focused on improving control robustness at a component level. These strategies
have a limited impact on the high-level vehicle energy management. Aouzellag et al.
implemented a fault-tolerant energy management control strategy on a fuel-cell and
ultra-capacitor based hybrid electric vehicle. Their approach defined different opera-
tion combinations for energy systems based on state of charge (SOC) and vehicle speed
[8]. Oubellil et al. studied fault-tolerant capabilities of a standard PI and two H,, con-
trollers in series with an optimal energy management strategy providing reference loads
to the fuel-cell and battery in parallel hybrid vehicle. Fault in voltage measurement was
introduced to assess system response and robustness of energy management control
[52]. Kamal et al. in their work focus on battery faults in hybrid electric bus. They also
aim to improve component level energy management with a fuzzy control approach
[38]. These solutions approach the energy management problem in a fault scenario by
introducing a robust controller at the component level. Furthermore, the strategies use
offline optimized or safe operating parameters which can be sub-optimal in real test/-

operating scenarios.

Therefore, we present the fault-tolerant behavior of our Distance Constrained Adap-
tive Real-Time Dynamic Programming (DC-ARTDP) algorithm. This algorithm is appli-
cable on a supervisory controller level that can monitor all energy systems status as well
as vehicle’s DTE. The algorithm was evaluated on a 2016 Chevrolet Camaro EREV re-
search vehicle model using MATLAB/Simulink. Fault scenarios targeting two core EREV
energy systems i.e. electric propulsion motor(s), and REx system were simulated. This
novel approach provides optimal energy management control parameters during fault

scenarios at a supervisory level.

The article further comprises of four sections Section[4.3|describes the Methodology
used for vehicle modeling, control and fault scenarios. The Results and Discussion is

presented in Section[4.4|with Conclusion in Section[4.5



98

4.3 Methods

Model-in-Loop (MiL) simulation environment was chosen as a verification and val-
idation approach for this study. A power flow model representing the core energy sys-
tems of the EREV research vehicle was used for simulations. Additionally, a drive sce-
nario generator, the proposed fault-tolerant DC-ARTDP algorithm and active fault in-
sertion nodes are integrated into the MiL environment. The model was verified and
validated against real research vehicle data and presented in our previously published

article [37].

In this study, we used a custom drive cycle obtained using Google Directions API
for a user provided source and destination location. The vehicle’s round trip travel was
simulated for no fault and fault induced scenarios. DC-ARTDP algorithm’s behavior was
compared against the conventional CD-CS EREV energy management algorithm for net
energy consumption and DTE performance. The simulation model, DC-ARTDP algo-

rithm and fault insertion implemented, is further explained in sub-sections below.

4.3.1 EREV Power Flow Model

The mathematical model representing our research vehicle was designed to focus on
power flow among the core energy systems. Figure 4.1|shows the model schematic with
fault insertion locations and the energy management control algorithm in a feedback
loop. Model input is reference speed (v,.;) obtained from the drive cycle block. The
power demand calculator uses v,.; along with Eq.(4.1) to determine propulsion power

demand (P,,,). In this model, road grade «,,.; was kept constant at 0%.
Oreg K] = vreglk — AR
Ak

Pdem[k] :(mveh + mpsg) X U'ref[k] X |:

1
—+ 5 X Cd X Pair X Afront X vgef[k]

+ Crr(ptire> Uref[k]) X (mveh + mpsg) X g X Uref[k]

(4.1)

+ (mveh + mpsg) X g X Sin(aroad[k]) X Uref[k:]
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Figure 4.1: EREV research vehicle power flow model schematic.

As the prime propulsion system on an EREV, the motor system model determines

electric propulsion power (P.,..) demand from energy sources i.e. battery system and

REx system. An efficiency map, 7,0t(Tmot, wmer) fOr the motor system was used to de-

termine P.... The value of 7,,, includes gearbox efficiency and was computed for the

tested operating range. The REx system model employs a combined efficiency map,

NrEs(Tgen, Woen) fOr the system and to obtain Pgp,. Here, nzp, was computed from the

engine BSFC map and constant generator motor efficiency of 0.86. Finally, the auxiliary

power model is represented with a normally distributed power demand about a fixed

value of 520 W, similar to that observed in the research vehicle. The energy storage sys-

tem or battery system model is a dual-polarization model and represented by Eq.(4.2)
and Eq.(4.3). The unknown model parametersi.e. V,V5, and R,, were derived with sys-

tem identification methods using collected test data [37].
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%at(SOC7 k) = VOC<SOC) - ‘/1(5007 k) - %(SOC, k) - IL[k] : RO(SOC) (42)

SOCIK — SOCTk — AK]  I,[K]
A% = O (4-3)

The power flow model was validated against vehicle performance and energy con-
sumption data gathered from on-road tests. This process has been described in our
previous publication in detail [37]. Model estimated battery SOC (S/O?J) was compared
against measured battery SOC (SOC,) to obtain a coefficient of variation in the range

1.9%-7.0% [37]. A low value was indicative of a good fitting model.

4.3.2 Fault Tolerant Optimal Energy Management

The optimal energy management algorithm discussed in this article is termed as the
Distance Constrained Adaptive Real-Time Dynamic Programming (DC-ARTDP) algo-
rithm. The algorithm was designed to operate on-line on the vehicle, with priori knowl-
edge of estimated vehicle speed obtained from Google Directions API for a known origin
and destination location [37]. During the drive, vehicle battery SOC was monitored for
deviations from reference SOC trajectory determined from pre-drive optimization by
the algorithm. SOC deviation limit magnitude was chosen to be +3% i.e. equivalent
to 570 Wh, to discard deviations due to model errors and prevent significant diversion
from the optimal SOC trajectory. In an event of deviation beyond the limit, the algo-

rithm re-optimizes for the remaining planned drive.

High level implementation of the algorithm is represented by the flowchart schematic
in Figure The section of the flowchart bounded by a dashed-box obtains estimated
vehicle speed and computes optimal SOC reference trajectory within energy and DTE

constraints. The remaining section of the flowchart operates as a loop driven by SOC
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Figure 4.2: Fault tolerant DC-ARTDP algorithm execution flow chart.

deviation and fault detection assertion conditions. In this study we assumed that a core
energy system fault detection mechanism exists. Vehicle on-board fault diagnostic soft-
ware for energy systems, generally provides fault severity level as well as updated safe

operable power limits. The fault tolerant behavior of our algorithm was designed and
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verified per this assumption.

Algorithm 3: Fault-triggered parameter renewal
Input: FA_Type, REx_Pwr_Lim, MOT_Pwr_Lim, MOT_Trq_Cont, MOT_Eff,

MOT_Regen_Pwr_MAX
Output: MAX_Spd_Lim, MAX_Regen_Pwr, REx_Min_Lim, REx_Max_Lim,
MOT_Min_Lim, MOT_Max_Lim
Riire < 0.346;
Ngpr < 4.2;
while FA_Type != 0do
if (FA_Type == 1) or (FA_Type == 2) then
REx Min_Lim < 0;

REx Max_Lim + REx Pwr_ Lim;
endif
if FA_Type == 3 then
MOT _Min_Lim < -MOT_Pwr_Lim;
MOT_Max_Lim < MOT_Pwr_Lim;

MAX_Spd_Lim — m Rtire X MOT_Eff X MOT_MaX_Lim ;

MAX_Regen_Pwr < min(MOT_Regen_Pwr_MAX, MOT_Min_Lim);

endif

end

The schematic in Figure shows a parameter update step upon positive fault as-
sertion. The process of parameter updation follows per Algorithm 3]as shown. The up-
dation algorithm was designed around the four fault scenarios studied. The fault type
has four feasible numerical values i.e. FA_Type € {0,1,2,3}, where 0: No Fault, 1: REx
system deration fault, 2: REx system offline fault, 3: Motor system deration fault. The

updated power and speed limits were then used as inputs to the DC-ARTDP algorithm
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to compute a feasible set of SOC at each stage in the process of Dynamic Programming.

4.3.3 Faults and Drive Scenario
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Figure 4.3: Fault injection response trace for (a) REx system deration, (b) REx system

shutdown, and (c) propulsion motor system deration.

Among the EREV energy systems we implemented four fault scenarios, (a) REx sys-
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tem deration fault, (b) REx system offline fault, and (c) Motor system deration fault. Fig-

ure4.3|shows the fault injection response as a function of time on system power output.

The fault is injected at time ¢;, followed by a deration zone in case of faults (a) and (c) till

time t., that denotes deration completion time. For fault scenario (b) the system turns

off upon faultinjection at time ¢;. These faults were introduced in the MATLAB/Simulink

model of the EREV research vehicle as per the schematic in Figure
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Figure 4.4: Simulated 163 km round-trip drive with origin at A and turnaround at B.

The impact of these faults on the EREV research vehicle performance was studied

over a real-world drive scenario. Figure shows the route simulated for a ~ 163 km

round trip from point A to point B and back. The speed trace as shown in Figure[4.5 was
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obtained by generating normally distributed random values around the average speed
obtained from Google Directions API [37]. In this study, the simulations use the random
vehicle speed trace to emulate realistic driving while the DC-ARTDP uses the average

vehicle speed for optimization purposes.

In this study, the EREV research vehicle was evaluated on the basis of, (i) it’s ability to
travel the target driving distance without a battery EPO and (ii) operate close to global
optimal battery SOC trajectory. The Results and Discussion sections provide these eval-

uations in context of the faults studied.
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Figure 4.5: Vehicle speed trace for the simulated round-trip.
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4.4 Results and Discussion

The three faults scenarios described earlier were evaluated through simulations through
the model-in-loop environment. All the faults were evaluated one-by-one for two inser-
tion events at t; = 1000 seconds i.e. ~ 17.9 km marker and at ¢, = 6000 seconds i.e.
~ 131.6 km marker. The deration time for deration faults i.e. ¢. — ¢;, was fixed at 10
seconds. The results presented in this section compare EREV battery SOC performance
with the conventional algorithm, DC-ARTDP algorithm and the Global Optimal trajec-
tory obtained from DP. These results also show the battery EPO limit set at 8% SOC,
determined from in-vehicle testing and the fault trigger shown as the impulse 1 — 0 — 1

i.e. No Fault - Fault - No Fault.

4.4.1 REx System Faults

Two variants of REx system faults were studied on the EREV model. (i) REx deration fault
(FA_Type = 1), where the REx system observed a reduction from its maximum power out-
put of 15 kW to 8 kW after fault insertion, thus limiting supplemental power for range ex-
tension and impacting distance-to-empty of the EREV. (ii) REx shutdown fault (FA_Type
=2), where the REx system shuts down after fault insertion resulting in no supplemental
power. In case of a REx shutdown fault the vehicle functions as an EV, therefore there
is no difference in battery SOC performance between the conventional and DC-ARTDP

algorithms.

The impact of REx deration fault studied at two different time events is shown per
Figure [4.6|and Figure respectively. In Figure the fault was inserted at ¢; = 1000
seconds (~ 17.9 km marker) resulting in varying responses between the conventional
and DC-ARTDP algorithm cases. For the conventional algorithm, the vehicle operates
in charge depleting (CD) mode till battery SOC is lower than 15%. At this limit, the ve-

hicle starts operating in charge sustaining (CS) mode and is expected to sustain SOC
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Figure 4.6: EREV battery SOC performance with REx deration fault occurring at ~ 17.9
km marker.

within the limit i.e. [15, 25]%. With the REx deration fault introduced, the battery SOC
performance was observed to perform as expected in the CD mode but was unable to
sustain charge in the CS mode. Battery SOC was observed to fall below the battery EPO
limit ~ 100 km marker. Thus, the EREVs distance-to-empty in this case was determined
to be 105 km only. With the fault tolerant DC-ARTDP algorithm operating per algorithm
execution flow chart as shown in Figure the EREVs battery SOC was observed to
stay higher than the battery EPO limit. The DC-ARTDP algorithm computed the opti-

mal SOC trajectory prior to the drive and fault insertion. The, algorithm was observed
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Figure 4.7: EREV battery SOC performance with REx deration fault occurring at ~ 131.6
km marker.

to re-compute the optimal trajectory with updating operating parameters as shown in
Algorithm 3| In Figure the global optimal trajectory can be observed to undergo
two more events of re-optimization to meet the distance and final SOC constraints. The
EREV was observed to successfully complete the simulated 163 km drive with the final
battery SOC of 15%. The REx deration fault insertion event at ¢; = 6000 seconds (~ 131.6
km marker) as shown in Figure also showed the EREV being unable to complete the
simulated drive with the conventional algorithm. The distance-to-empty in this case

was determined to be 138 km. The fault tolerant DC-ARTDP algorithm was again able
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to complete the simulated drive with the final battery SOC of 15%.

4.4.2 Motor System Fault

In motor system deration fault (FA_Type = 3), a limit on total motor output power of
60kW from a total maximum continuous power of ~ 140 kW was introduced. The im-
pact of the fault was emulated by limiting maximum vehicle speed to meet the derated
power limit and allowing the maximum continuous torque of 180 Nm. Figure and
Figure[4.9refer to the results from fault insertion at the two time events described earlier.
In both the cases after fault insertion, the vehicle speed is limited to ~ 50 km/h. As ex-
pected, with reduced speed limit, the EREV is able to complete the simulated drive with
both conventional and DC-ARTDP algorithms. The results presented were obtained for

a battery initial SOC of 40%.

For the fault insertion at t; = 1000 seconds (~ 17.9 km marker), the EREV battery
SOC performance can be observed per Figure With the conventional algorithm the
vehicle was able to perform its CD and CS modes of operation and complete the drive.
The vehicle was also able to complete the simulated drive with DC-ARTDP algorithm.
The results show that due to reduced power demand with speed limiting, both the algo-
rithms provide distance-to-empty greater than the target distance. For fault insertion at
t; = 6000 seconds (~ 131.6 km marker), results per Figureshow the EREV was unable
to reach the target distance with conventional algorithm. Though with the DC-ARTDBP,
the EREV was able to successfully complete the simulated drive. Based on the results
obtained for the motor deration fault, an earlier introduction of fault allows the EREV to
have a DTE greater or equal to the target distance. With fault being introduced later in
the drive, due to low battery SOC and high power demand, the EREV battery SOC can
fall below the 8% limit and cut short the DTE. Though in both the fault insertion events,
the DC-ARTDP algorithm is able to achieve a DTE greater than or equal to the target

distance.
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Figure 4.8: EREV battery SOC performance with motor deration fault occurring at ~

17.9 km marker.

DC-ARTDP algorithm’s fault tolerant behavior is best exemplified with the REx de-
ration fault scenario as observed from the results. In a REx deration scenario, the REx

system on an EREV is incapable of providing maximum rated supplemental power. Such
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Figure 4.9: EREV battery SOC performance with motor deration fault occurring at ~

131.6 km marker.

a behavior can prevent EREVs battery to sustain charge effectively in the CS mode with
a conventional energy management algorithm. An impact of this is reduced DTE due to

the battery SOC dropping below the battery EPO limit. The results presented in Figure
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and Figure for such a fault align with the expected behavior. The DC-ARTDP
algorithm, with its ability to adapt to changes in REx system performance, is able to op-
erate the EREV in a blended CD-CS mode. This is helpful in reducing the possibility of
a rapid reduction of battery SOC to EPO and thus provide larger DTE than the conven-

tional algorithm.

Motor system deration fault scenario impacts total power demanded by the EREV.
The deration fault results in reduced power demand, causing the EREV’s DTE to extend.
We found that during motor system deration fault, vehicle’s performance varies between
conventional and DC-ARTDP algorithm as battery initial SOC and motor deration power
change. For a constant motor deration value, both the algorithms are able to attain a
DTE greater than or equal to target for higher initial SOC values. Though for low initial
SOC values, the DC-ARTDP algorithm is able to provide the EREV a high DTE. For the
motor system deration fault shown in Figure the initial SOC was varied between
[20,100]% with a step of 20%. The sweep simulation study showed that only for EREV
with DC-ARTDP algorithm, the target distance was attained for all initial SOC values.
The conventional algorithm was unable to attain the target distance for initial SOC of

20% and 40%.

Based on the EREV’s energy performance results in this study, the DC-ARTDP was
able to adapt to system performance variations caused by inserted faults. The DC-
ARTDP algorithm also provided a global optimal SOC trajectory to the EREV while meet-
ing DTE requirements. The net energy consumption for DC-ARTDP in fault scenarios
was determined to vary between 0.53 - 0.89 kWh/km. Net energy consumption values
showed that for low REx power output, the REx efficiency was low but the fuel used was
significant. This behavior can be attributed to the E85 fueled engine used in the REx sys-
tem. The engine bsfc map showed peak efficiency near 17.5kW output from the engine
which corresponds to 15kW output from the REx system [37]. For lower power outputs

the engine uses more fuel compared to the energy output. This results in an increased
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net energy consumption by the EREV. Such a behavior is a limitation of this EREV re-
search vehicle. Thus, a variation in engine type and fuel can improve the net energy

consumption while using DC-ARTDP.

4.5 Conclusion

In this article, we presented the fault tolerant behavior of our proposed novel DC-ARTDP
algorithm on a research EREV. The algorithm was developed to operate in a real-time
scenario with two major goals. These were, (i) to adapt EREVs response to energy system
performance changes in case of a fault and (ii) to meet DTE requirements while being
energy optimal. We improved our DC-ARTDP algorithm to use updated system param-
eters and perform re-optimization for optimal battery SOC trajectory upon fault detec-
tion. Using the model-in-loop approach of evaluation, we evaluated fault scenarios with
the motor and REx system on the research EREV model. The EREVs performance during
a fault was evaluated with the conventional and DC-ARTDP energy management algo-
rithm. This approach was taken to validate and verify our proposed algorithm’s fault

tolerant behavior and benefit over the conventional EREV algorithm.

In conclusion, the model-in-loop study results presented in this article, showed that
the DC-ARTDP algorithm was able to meet DTE requirements in all fault scenarios.
Whereas, the conventional algorithm was found to be only effective in case of motor
deration fault while initial SOC was higher than 50% SOC. Hence, our goal to develop an
energy management algorithm that is fault tolerant and able to meet DTE requirements
was achieved. A major limitation of the DC-ARTDP algorithm determined from this
evaluation was with a relatively higher overall energy consumption in comparison to
the conventional algorithm. This limitation persists only during extreme motor power
deration fault with battery initial SOC greater than 50%. This behavior is attributed to
the significantly low efficiency of E85 fuel operated engine in the research EREV at low

power outputs. An improvement in the REx system can alleviate this challenge. A future
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extension of this work includes, a processor-in-loop study to evaluate computational
time and memory management of DC-ARTDP algorithm, that will assist in progressing

towards in-vehicle applications.
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Chapter 5

A Comparative Analysis of MPC and
DC-ARTDP Algorithms for EREV
Optimal Energy Management

Publication: Submitted to ASME Journal of Dynamic Systems, Measurement and Con-
trol, A. V. Kalia and B. C. Fabien, ‘A Comparative Analysis of MPC and DC-ARTDP Algo-
rithms for EREV Optimal Energy Management”

5.1 Abstract

Intelligent energy management of hybrid electric vehicles is feasible with a priori in-
formation of route and driving conditions. Model Predictive Control (MPC) with finite
horizon road grade preview has been proposed as a viable predictive energy manage-
ment approach. We propose that our novel Distance Constrained - Adaptive Real Time
Dynamic Programming (DC-ARTDP) approach can provide better energy management
than MPC without any road grade information in context of an Extended Range Elec-
tric Vehicle (EREV). In this article, we have evaluated and compared the MPC and DC-
ARTDP energy management strategies for a real-world driving scenario. The simula-
tions were conducted for a 160km drive with road grade variation between +4% and

—1%. Results show that the DC-ARTDP approach is optimal and at max 4.25% better
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than the simple MPC with a finite horizon road grade preview implementation. Addi-
tionally, a higher value for energy storage system SOC tracking penalty p,, results in the
net energy consumption for MPC to converge towards that of DC-ARTDP. A combina-
tion of the MPC and DC-ARTDP approach is also evaluated with only 1.25% maximum

improvement over simple MPC.

5.2 Introduction

EREV energy management problem is analogous to a resource allocation problem with
a goal to efficiently and effectively match available resources to demand. For EREVs,
a prior knowledge of future energy demands can help improve effectiveness and effi-
ciency. Vehicle weight, speed, acceleration and road grade have a majority impact on
vehicle’s net power demand. Except for vehicle weight, the remaining factors can vary
during the drive. Road grade variation is deterministic spatially i.e. for a given location
on the road, the elevation will not change. Road grade data can be obtained through
online Geographic Information System (GIS) resources or through active sensing with a
combination of on-board IMU, GPS and/or perception systems. For an average sedan
weighing 1520 kg with two average passengers, a variation of +0.5% in road grade at
26.82m/s (60 mi/h) can incur an additional power demand of ~ 2.2kW. Thus, a prior
knowledge of road grade among other factors can help effective allocation of energy re-

sources in EREVs.

Predictive energy management methodologies for hybrid electric vehicles, using a
priori route and driving condition data, have been extensively discussed in literature.
Early implementations use model predictive control (MPC) to estimate future SOC be-
havior without road grade prediction [12,[13,/57,53]. These implementations either as-
sume prior knowledge of vehicle speed or use historic drive data and real-time drive
data to make vehicle speed predictions. Sun et al. improved vehicle speed estima-

tion methods by introducing exponential varying, stochastic Markov chains and neural-
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network based approaches in the MPC framework [64]. Integration of traffic flow in-
formation [15] and use of preceding vehicle’s movement for speed estimation [84] ap-
proaches, shows an emergence of Intelligent Predictive energy management methods.
Though all these approaches show significant improvement in predictive energy man-
agement, they do not consider road grade variation in their prediction. Zhang et al.
evaluated impact of road grade preview in context of a parallel-hybrid electric vehicle
using Rule-Based and ECMS energy management strategies. Their research concluded
that a road grade preview in hilly regions improved fuel economy by 1 — 4% for the
parallel-hybrid vehicle [83]. He et al. implemented a road grade prediction method
along with MPC for predictive energy management of a split-parallel hybrid and re-
ported an improvement of 4.7% over methods without preview [28]. Zeng and Wang
also show benefits of estimate road grade with a stochastic approach in the MPC frame-
work for a parallel-hybrid electric vehicle [82]. Limited implementations of predictive
energy management strategies were found in context of EREVs or series hybrid electric
vehicles (SHEV). Shen et al. presented benefits of predictive energy management with
their implementation two MPC control algorithms for headway and energy manage-
ment, respectively on an SHEV [60]. Hajimiri et al. show battery life extension and en-
ergy management improvement for SHEV with a fuzzy logic predictive control approach
[26]. Wang et al. present their implementation and comparison of MPC based predictive
energy management for a series hybrid electric bulldozer. Their results showed signifi-
cant improvement over a simple Rule-Based strategy and achievement of 98% optimal-

ity [70].

Based on our literature review we ascertained that predictive energy management
with road grade preview has shown improvement in overall energy management for hy-
brid electric vehicles. Additionally, the MPC framework for predictive energy manage-
ment is a widely recognized approach. We also determined that a limited application

of predictive energy management on EREVs and SHEVs is presented. Hence, in this
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presented article we begin at sub-section with the energy management problem
in context of a EREV research vehicle [37] and an explanation of the implementation
of the three different energy management algorithms considered. These include the
basic CD-CS algorithm, MPC algorithm with road grade preview and our proposed DC-
ARTDP algorithm. In sub-section[5.3.2lwe describe the EREV research vehicle power loss
model used for simulations. Our simulation scenario is presented in sub-section|5.3.3
We focus our study on energy consumption benefits amongst these algorithms and the
importance of road grade preview for predictive energy management in comparison to
our DC-ARTDP algorithm. We also determine implications of MPC horizon window and
SOC tracking penalty variations on net energy consumption of the EREV. We finally sum-
marize are findings for the EREV research vehicle studied over a real-world evaluation

route in Section[5.4/and Section

5.3 Methods
5.3.1 Energy Management Problem

Extended Range Electric Vehicle architecture uses two energy sources at a minimum
for propulsion and auxiliary power demands. These include a high voltage battery or
energy storage system (ESS) and a fuel operated generator system. The propulsion and
auxiliary power demands are electric in nature, thus require the energy storage system to
be operational at its rated capacity. Additionally, the generator output power is limited

by the continuous charging power capability of the energy storage system. Thus,

P, =P! + Pl =Pl + P

prop aux ess gen

(5.1)

where,

— ch — dch
P.Y < P, <P’

€SS

and

0 < Ppp < min(P9, pmar)

ess )~ gen
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The overall energy consumption for an EREV is determined by the relation in Eq.(5.2).
This relation is minimized to obtain optimal overall energy consumption. As generator
power is a controllable variable, the optimal problem can be formulated as an optimal

generator power problem.

N
pt + Pt
E,., = Zess T T gen 5.2
! dl, x 3600 62
t=0
M fuer % 3600
e (5.3)
g BSFO(Penmweng)
N
_ 1 M fuet X 3600
Epet = E —[Pt Jue ] 5.4
S et i, %3600 L @ T TMOBSEC (P wong) 64
t=0

The generator power output is non-linearly dependant on generator fuel consumption
as shown in Eq.(5.3). This the overall energy consumption calculation is required to in-
clude fuel energy consumption for the generator and not the electric energy. Thus, the
optimal energy consumption relation for EREVs is shown in Eq.(5.4). This forms the
basis for Energy Management Control approaches evaluated and mentioned in subsec-

tions(.3.1.11-6.3.1.4l

5.3.1.1 CD-CS Energy Management Control Approach

The Charge Depleting - Charge Sustaining (CD-CS) energy management control ap-
proach is the most widely implemented energy management strategy in production
EREVs. This approach divides EREV energy system operation into two operation zones.
The charge depleting zone, where only the ESS meets the energy demand and the charge
sustaining mode, where ESS and generator both meet the energy demand while main-
taining the ESS state of charge within a set of bounds. The CD-CS approach uses opti-
mal generator operating points (P,;,) obtained through offline optimization. The min-
imization problem as shown in Eq.(5.4) is solved for within the CS mode SOC limits
i.e. SOCYL and SOC L, In this study, the CD-CS control approach is referred to as

€SS €SS
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Algorithm 4: CD-CS Energy Management Control Algorithm
Input: SOC.,,,, SOCVE, SOCLL P *

ess ? ess gen

Output: P,
if (SOC.,, > SOCVUEF)and (SOC,,s > SOC.EL) then

€SS €SS

‘ Pyer, < 05

endif

elseif (SOC,.,, < SOCYL) and (SOC.s; > SOC.LE) then
‘ Ppen < P

endif

the baseline strategy. The ESS SOC limits used in the study are SOC.Y* = 0.25 and
SOCLL = 0.15, where SOC,,, € [0, 1.0].

€ss

5.3.1.2 Predictive Energy Management Control with MPC Approach

Prior knowledge of expected energy demand by a vehicle is beneficial in energy man-
agement and optimization. Infinite horizon or finite horizon estimation or prediction
approaches are able to implement predictive energy management control methods for
hybrid electric vehicles. A receding horizon control or model predictive control (MPC)
approach has been extensively evaluated in research for such an application. For an
EREV, this energy management control approach is significantly better than CD-CS ap-

proach, for its ability to preemptively react to expected future high energy demands.

In this study, the implemented MPC observes EREV SOC.; state while manipulat-

ing the Pgt input variable. The observed SOC.,, is compared against reference SOC ¢/

en €SS

obtained from Dynamic Programming. A receding horizon energy consumption esti-
mate is made by assuming vehicle speed (v,.;) and road grade (a;...q) as measured dis-

turbances. For a temporal estimation horizon of N and resolution of 1 second, Eq.(5.5)
t+1

€SS )

computes the future energy demands and subsequently the estimated ESS SOC (SoC
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from Eq.(5.6), for the vehicle. The receding horizon optimization is performed on the
cost function J per Eq.(5.7) over the horizon window.

1
Pdem = L gen + Paux + (mveh + mpass)vvehaveh + §pairAde’U§eh
(5.5)

+ Cr’r(mveh + mpass)gcos(aroad)vveh + (mveh + mpass)QSin(aroad)vveh

— t+1 Pd
soc,, = soc!, — —~" 5.6
€ss €SS Eergéax X 3600 ( )
N-1
1 — t+i)\2 t+i t+1 2
arg Pgenr,%'loncess J = Z [pl (wngen ) + D2 (wQ(SOCess - SOCess, ref)) (5.7
=0

The cost function J is a strictly convex quadratic problem solving for P .'* and SOC {".

gen ess

Inequality constraints of,

0 < P < 15000 (5.8)

gen

—— t+i ( 15000 ) (5.9)

—_— t+i .
. < t+1 < T
min[SOC,,, | < SOC." < max[SOC,,, |+ T maz % 3600

€SS €SS
€SS

along with an equality constraint of,

. Pt+i — t+1
socttt - 9" ____ — §OC 5.10
s E maz 3600 ess ( )

€SS

are applied on the cost function. The terms w;, w, and p;, p, in Eq.(5.7) are weights and

penalties applied to the two variables being solved.

A strictly convex quadratic problem is represented as ;X7 /x-+ fTx, where X represents
the state vector, H represents the Hessian matrix, and f represents the gradient vector.

For an N second horizon window x, 4 and f are determined as follows,



X[3Nx1] =

Hignxan) =

Pt

gen

SocC.!

€SS

P t+1

gen

SOC t+1

e , fanvxa

t+N—1
Pgen

SOC t+N—1

€SS

1

plw% 0 0
0  pows 0
0 0 pSoCret

€SS

0 0 0
0 0 0
0 0 0

_ . _
—2pak250C et
0
0
—2pak250C et
0
0
—2pak2S0OC. S
L O .
0 0 0
0 0 0
0 0 0
pw? 0 0
0  pow? 0
0 0 pSOCL

122

while the inequality constraint Ax > b and equality constraint A.,x = b., vectors are

formed as described below.

Apxan) =

o
—_
o o o O

]
—
o o o O
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The penalty values of p; = 1, p, = {1e6, 1e8}, and weight values of w; = 1.41e — 4,
wy = 1 are used for this study. A kinematic vehicle model per Eq.(5.11) is used to
estimate vehicle speed for the NV horizon window. The estimation model assumes that
vehicle acceleration is constant over the horizoni.e. a '}’ = a!, Vi € [0,---, N—1]. The

estimated vehicle speed v,., is saturated between the feasible upper and lower limits of

the vehiclei.e. v** = 35.76 m/s, v,"%" = (0 m/s.

veh veh

ot =) + Gyl LNl (5.11)

veh|Nx1] veh|Nx1] veh NxN

The control and estimation horizon window for the implemented MPC is chosen to be

of the same size. This approach is referred to as a simple MPC strategy in this study.

5.3.1.3 Distance Constrained - Adaptive Real Time Dynamic Programming Approach

The simple MPC approach mentioned in the previous subsection is a better approach
than CD-CS, but provides a sub-optimal solution. Additionally, it requires road grade in-
formation to effectively estimate future energy demands and respond accordingly. In-
creasing the horizon window N to capture significant road grade data leads to an in-
creased computation time. Our novel Distance Constrained - Adaptive Real Time Dy-

namic Programming (DC-ARTDP) approach provides a global optimal solution while
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considering road grade as an unmeasured disturbance to the EREVs energy system.

Algorithm 5: Forward propagating dynamic programming with distance constraint.

Input: v,.;,, init_ SOC.,, min_SOC s, max_SOC g, ts, Max_dyep, drem
Output: SOC,, P*

ess? T gen

N <— length(v,.)

t<+— 0

whilet < N do

if (t == 0) then
SOC., [t] «— init_SOC

€SS

dveh [t] «— 0
end

dyer [t + 1] = duen [t] + <Uveh t+1] x ts)

SOC@SS [t + 1] +— SOC* [t] N <Pdem [t4+1] + Pyen [t-i—ﬂ) ’ vpgen c UPge'n,

ess E 197 x 3600

SOC¢ss [t+1] — min_SOC¢ss
dpre [t +1] +— [ init_SO[Ces]s —rgch)lcej;S 0 } X dyen [t]

argming,,, s0C.., £Cnet [t +1] +—
oy | (E_SOCy — SOCeslt + 1B + (1}, Pyen[t + 1] ESEGCLIV )]
vSOC{ess : dDTE [t + ]-] Z maX_dveh + drem

€SS

S0C,, [t +1] «— S0C;, [ — (“plal)

t +— t + tg
end

For a known average vehicle speed (v,.;,) between two locations A and B, the DC-
ARTDP algorithm computes the optimal ESS SOC (SOC_%,) and optimal generator power
P,

gen

) trajectory. The distance constrained forward propagating dynamic programming
algorithm used in DC-ARTDP is shown in Algorithm 5| For each stage of forward prop-
agation, the algorithm computes a feasible ESS SOC vector (SOC.,;) subject to distance
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to empty (dprg) constraint condition. Overall energy consumption (EC,,.,) is treated as
a cost function and minimized for optimal parameters. Though variation in actual ve-
hicle speed and the unmeasured disturbance from road grade variation can cause the

real-time ESS SOC (SOC't

€SS

) to deviate from optimality. To adapt to these deviations, the
algorithm re-computes an optimal trajectory of SOC.,, and P, for the remaining dis-
tance to be covered. An additional variable distance parameter (d,.,,) is added to ensure
additional driving distance is feasible and can be varied during re-optimization or route

changes.

The DC-ARTDP approach provides optimal energy management without finite hori-
zon knowledge of road grade. This method is also adaptable to plausible errors in pre-

dictive energy demand estimation due to incorrect road grade data.

5.3.1.4 Combined DC-ARTDP and MPC Approach

As mentioned earlier, the simple MPC approach uses SOC,¢ to track and determine
required P,., at each time step. The approach also predicts future energy demand over
a fixed horizon, which assists in the P, calculation. A limitation to this approach is
its adaptability to changes in route and/or speed during the drive. The DC-ARTDP ap-
proach on the other hand is able to adapt to such changes and thus update the global
optimal SOC trajectory. In this article, we also combine these two approaches to eval-
uate possible benefits to predictive energy management. In this combined MPC DC-
ARTDP approach the SOC "¢/ is frequently updated as SOC.,, deviates from the refer-

ence. Meanwhile, the MPC component ensures implementation of predictive energy

management.

The baseline, simple MPC, DC-ARTDP, and combined MPC DC-ARTDP approaches
discussed were evaluated on the EREV research vehicle power flow model considered in

this research study.
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5.3.2 EREV Power Flow Model

The experimental research extended range electric vehicle built on the 2016 Chevro-
let Camaro platform was used as the target vehicle for this study. The research vehicle
uses a series hybrid electric architecture with an 18.9 kWh ESS, an E85 fueled on-board
range extender or generator system with a peak continuous output of 15kW and two rear
electric traction motors. The power flow model of the research vehicle uses the 1IDOF
longitudinal dynamics equation to determine the propulsive power demand. Figure
shows the model schematic with the energy management control algorithm in a feed-
back loop as implemented in MATLAB/Simulink. EREV power demand calculator input
is vehicle speed (v,.;,) and road grade («,..q) obtained from the drive cycle block. The
power demand calculator uses these inputs along with Eq. to determine propulsion

power demand (Py,,).

The EREV propulsion system model block implements rear traction motors, energy
storage system, generator system and auxiliary power demand sub-models to compute
the net electric power demand P,;... P,.... contribution from rear traction motors is cal-
culated using a combined motor and gearbox efficiency map, 7,0t (Timot, Wmot). The gen-
erator system contribution uses BSFC map for the engine along with constant efficiency
value of 0.86 for the generator motor. Auxiliary power model replicates a continuous low
voltage power demand on the ESS. The model implements this as a constant power de-
mand of 520 W, determined for research vehicle data, with an Additive White Gaussian
Noise having a signal-to-noise ratio of 25. The EREV power flow model was validated
against actual vehicle data in a previous publication [37]. Along with P,,.., the observed
ESS energy state SOC.,,, and generator system mass fuel flow rate i, are treated as
inputs to the energy management control algorithm block. This block implements the
earlier mentioned baseline, simple MPC, DC-ARTDP, and combined MPC DC-ARTDP
strategies. The control output from this block is the requested generator power P,,,. To

simulate the system for a real-time application, the power flow model also implements



127

v
" 3] EREV Power
Drive Cycle a Demand
Lad) Calculator
Y
EREV Propulsion
System Model
—>
Pdem
Pelec:
Pgen S_ocess’
Mtyel
Energy
Management ¢
Control

— Approach

Figure 5.1: EREV power flow model architecture diagram used for simulations.

a drive cycle generator using Google API as well as a distance to empty (DTE) calculator.

The drive cycle generator tool uses origin and destination location information to
determine the path, distance, elevation and average driving speed using Google API
suite. The average speed information obtained is used as a posterior estimated vehi-
cle speed for forward propagating Dynamic Programming used in DC-ARTDP. The dis-
tance to empty calculation is required to estimate feasible driving range. In this model,
we compute a long term average of EREV'’s electric energy consumption Enet,elec to de-
termine the DTE using Eq.(5.12). Computed dprg at each time step is compared against
desired driving distance in the DC-ARTDP approach.
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[SOCeSS — min_SOCess] X Ebatt

Enet,elec

(5.12)

dDTE =

5.3.3 Simulation Scenario

The goal of this study was to evaluate the energy management approaches for the re-
search EREV in real-world driving environments. Thus, we generated a round-trip real-
world evaluation route with origin coordinates [47.6534,-122.3041] and turn-around des-
tination coordinates [47.4194,-121.5771]. Figure shows the evaluation route high-
lighted in blue with origin and turn-around destination represented with triangle mark-
ers of red and green color, respectively. The simulated vehicle speed and road grade used

for simulation and obtained from the drive cycle generator tool are shown in Figure

The 160 km evaluation route is simulated using MATLAB/Simulink with the base-
line, simple MPC, DC-ARTDP, and combined MPC DC-ARTDP energy management ap-
proaches. For these simulations, the initial ESS SOC (init_SOC.,,) is 0.9, minimum ESS
SOC (min_SOC.,) is 0.1 and ESS SOC emergency power off at 0.08. The EREV research
vehicle is assumed to match demanded speed perfectly in these simulations. Hence, it

does not consider vehicle’s powertrain inertia and dynamics.

5.4 Results and Discussion

time and real-time implementation. In this comparative study on MPC and DC-ARTDP
energy management control algorithms for EREV, we have focused on two key attributes
i.e. net energy consumption and computation time. We also present exploratory results
for MPC application on predictive energy management with variation in the size of hori-
zon window and the cost function penalty on SOC tracking. These results help compare
the MPC and DC-ARTDP algorithms as well as understand feasible benefits or disad-
vantages of a combined MPC DC-ARTDP alogrithm.
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5.4.1 Effect of Varying MPC Horizon Window
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The MPC horizon window size h dictates controller’s predictive estimation and control

capability. To determine a reasonable value of / for this study, we evaluated the effect

of varying h on P, set point. For this evaluation we selected a vehicle cruise speed of

26.82 m/s (60 mi/h) and a sinusoidal road grade variation within +1% limits per Figure

The simple MPC approach with SOC tracking penalty as p,

= le6 was evaluated

with five different values where h = {1, 5, 10, 20, 30}. Figure shows a comparison of

P,.,, values for different values of # in the ~ 5.5 — 7.5km distance section as highlighted

in Figure
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Figure 5.3: Vehicle speed trace and road grade targets for the evaluation route

In the P,.,, comparison per Figure it is evident that a larger value of / results in
an earlier rise of P, value. For h = 30 the P,., shows a rise marked by label A near dis-
tance marker 5.9km, while for » = 1 the rise is marked by label E near distance marking
6.5km. An effect of this can also be observed in the peak P,.,, value, where the difference
between label A and label E is nearly 0.8 kW. This result shows that a prior knowledge of
energy demand due to a large horizon can reduce peak power demand and result in re-
duction in net energy consumption. Although certain practical constraints pose a limit
on the feasible values of i. As used in this study, the value of . = 30, where h repre-

sents a temporal horizon of 1.0 second steps, with a cruise speed of 26.82 m/s implies
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Figure 5.4: Cruise vehicle speed of 26.82 m/s and road grade variation of + 1%.

a maximum spatial horizon of ~ 800m. Such a spatial horizon with active perception
sensing hardware is not currently feasible, unless a prior knowledge of road elevation
is obtained. As the current active perception limit is at 300m, we selected a value of
h = 10, for this study. From a computation time standpoint, increasing the value of
h increases the dimension of the Hessian matrix (H) for the strictly convex quadratic
problem solved as a part of MPC. Thus, a lower value of & is also computationally bene-

ficial.
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Figure 5.5: Effect on P,.,, with varying MPC horizons for a sinusoidal road grade varia-

tion with different horizon windows for the ~ 5.5 — 7.5 km section

5.4.2 Effect of Varying MPC SOC.,s Penalty

Another important variable parameter in the simple MPC formulation is the SOC.,
tracking penalty p,, as shown in Eq.(5.7). As per the cost function formulation, when
the value of p, is increased the SOC tracking is favored over fuel consumption by the
generator. To understand its impact on P, we evaluated five different values where
pe = {led, leb, 1e6, 1e7, 1e8} for the same drive cycle parameters as shown in Figure
Figure shows the P,.,, operation for different values of p, as obtained from the

simulations. In accordance with the expected behavior, as the value of p, increases, the
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Figure 5.6: Effect on P,.,, with varying MPC SOC.,, penalty p, for a sinusoidal road

grade variation

peak operating point of P, is also observed to increase. Atp, = 1le6, P, can be ob-
served to react to change in road grade. As the value of p, is further increased, P,.,, can
be observed to saturate at the maximum limit of 15000 W with the generator response
being similar to that of a thermostatic control. We also observed a7 — 10% increase in
computation time with an increase in the value of p, from 1e6 — 1e8. For the study, we

selected two p, values of 1e6 and 1e8, respectively to further assess the impact.
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5.4.3 Net Energy Consumption Comparison

The EREV research vehicle evaluated in this study uses a combination of electric and fuel
energy to meet the energy demand. The net energy consumption by the EREV was com-
puted per Eq.(5.2) and optimized per Eq.(5.4). We compared net energy consumption
for the baseline, simple MPC, DC-ARTDP, and combined MPC DC-ARTDP algorithms
implemented for the return drive simulated for evaluation route. Figures[5.7]- show
the change in ESS SOC and Net Energy Consumption as a function of the distance trav-

elled for these algorithms. In Figures[5.7]and[5.8we use p, = 1e6 for simple MPC and

14 T T T
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Figure 5.7: SOC.,, comparison for different Energy Management Control approaches

during evaluation route simulation with MPC SOC penalty p, = 1le6.
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Figure 5.8: EC,,.; comparison for different Energy Management Control approaches

during evaluation route simulation with MPC SOC penalty p, = 1e6.

combined MPC DC-ARTDP algorithms. It is evident from the ESS SOC plot that the base-
line algorithm is unable to meet excessive energy demands due to extreme road grade
conditions. This results in the vehicle’s ESS SOC dropping below the ESS EPO Limit, im-
plying the vehicle will not be able to meet the required driving distance. For the other
algorithms, ESS SOC stays well above the ESS EPO Limit. While DC-ARTDP algorithm is
able to attain a final ESS SOC of ~ 0.31, the simple MPC algorithm also shows a similar
final result. Though, the combined MPC DC-ARTDP algorithm attains a relatively lower
final ESS SOC of ~ 0.22.
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Net Energy Consumption plot for these algorithms shows, the baseline having the
lowest value, although it is unable to complete the required driving range. Among the
other three algorithms DC-ARTDP has the lowest value at 0.766 kWh/km, combined
MPC DC-ARTDP as the next highest at 0.79 kWh/km, and simple MPC the highest at
0.8 kWh/km. Thus, the DC-ARTDP approach is observed to be the most energy optimal

algorithm in comparison. For p, = 1e8 in MPC related algorithms being evaluated in
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Figure 5.9: SOC.,, comparison for different Energy Management Control approaches

during evaluation route simulation with MPC SOC penalty p, = 1e8.

this study, Figures[5.9]and show the comparison. The key difference from Figure
is observed in outcomes from simple MPC and combined MPC DC-ARTDP algorithms.
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Figure 5.10: EC,,.; comparison for different Energy Management Control approaches

during evaluation route simulation with MPC SOC penalty p, = 1e8.

For simple MPC the final ESS SOC only changes by +0.01, while for combined MPC DC-
ARTDP the change is of +0.06. As for the Net Energy Consumption, the two algorithms
get a similar value as DC-ARTDP of ~ 0.766 kWh/km. These results show that except

baseline, other three algorithms provide similar outcomes.

In our evaluation of MPC based predictive energy management algorithms in con-
trast with our novel DC-ARTDP algorithm, we determined that the DC-ARTDP algo-
rithm is capable of providing optimal energy management without prior knowledge of

road grade variation. Based on the net energy consumption results presented in sub-
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section[5.4.3} the DC-ARTDP algorithm can be observed to perform better or at-par with
simple MPC and combined MPC DC-ARTDP algorithms. The DC-ARTDP algorithm per-
forms a re-optimization if SOC.,,, varies by more than 3% in comparison to the optimal
SOC,ss. Thus, the DC-ARTDP algorithm is actually performing ESS SOC tracking with
a £3% deviation bound. Hence, any ESS SOC deviations occurring due to change in
vehicle speed or due to unmeasured road grade disturbances, are accounted for by the

re-optimization process.

In the "green" highlighted band from the net energy consumption results in Figures
and[5.10} a change of p, from 1e6 to 1e8 converges the net energy consumption val-
ues for simple MPC and combined MPC DC-ARTDP algorithms closer to DC-ARTDP out-
come. Correspondingly, the ESS SOC for simple MPC and combined MPC DC-ARTDP al-
gorithms can be observed to nearly overlap DC-ARTDP ESS SOC. Hence, by increasing
the value of p, we are nearly neglecting the P,., term in the cost function .J per Eq.(5.7)
for MPC problems. Therefore, the MPC optimization problem now becomes an ESS SOC
tracking problem, similar to the DC-ARTDP algorithm approach.

For the EREV research vehicle evaluated in this study, the on-board generator sys-
tem operated under power limits. This resulted in only the available engine peak power
to coincide with its most fuel-efficient zone. Hence, operating the generator at its peak
power by optimizing for ESS SOC tracking also resulted in net energy consumption re-
duction. This behavior is achievable by simple MPC and combined MPC DC-ARTDP
only with a high p, value. This shows an adaptability limitation of the simple MPC and
combined MPC DC-ARTDP, where for a variation in powertrain architecture or power
deration fault scenarios, the MPC algorithms would have to update penalty values to

perform close to global optimal outcomes.

Our evaluation of combined MPC DC-ARTDP algorithm, an approach using a mix of
the MPC and DC-ARTDP algorithms, showed that the outcome is not significantly dif-



139

ferent than that of simple MPC. The expected benefit was from the reference SOC being
updated upon its +3% deviation from previous optimal SOC trajectory. This would have
allowed for the p, penalty to be lower and make the algorithm adaptable to variations.
Though a feasible benefit of this approach is with changes in route or final distance tar-

gets, as the simple MPC operates only on a pre-computed reference SOC trajectory.

5.5 Conclusion

A prior knowledge of driving route, vehicle speed and road elevation is beneficial in
efficiently managing energy resources on hybrid electric vehicles. In this article, we
focused on comparing a widely used predictive energy management approach based
on Model Predictive Control algorithm with our novel Distance Constrained - Adaptive
Real Time Dynamic Programming optimal energy management algorithm. A key vari-
ant between these two approaches was the prior knowledge or prior estimation of road
grade changes. We also compared the behavior of these two algorithms to the CD-CS
based energy management algorithm used in production EREVs. Our evaluation was
conducted for an experimental research EREV developed on the 2016 Chevrolet Camaro
platform. The simulation was conducted on a 160 km real-world driving route with con-

siderable road grade variation.

The study shows that our novel DC-ARTDP algorithm is able to achieve the most
efficient net energy consumption of 0.766 kWh/km while achieving the desired driving
distance. The DC-ARTDP approach is found to improve net energy consumption in the
range of 0 — 3% with respect to combined MPC DC-ARTDP algorithm and an improve-
ment in the range of 0 — 4.25% with respect to simple MPC algorithm. It is worth noting
that a higher penalty value of p, = 1e8 for ESS SOC tracking in the MPC cost function
(J), is able to provide a similar behavior to our novel approach. Thus, we are able to
show that our novel algorithm is able to outperform and at worst perform at-par to an

algorithm that uses a priori road grade measurement for energy management. Hence,
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road grade can be treated as an unmeasured disturbance to the energy management

problem for EREVs with our novel algorithm.

Our future research goals will focus on real-time computation load studies of the DC-
ARTDP algorithm. This novel algorithm uses Dynamic Programming at its core, which
has a time complexity of O(mn). For a single state, m scales with number of feasible
states at a given time step, while n scales with the driving distance. The time complexity
can increase with longer travel distances and introduces an optimization challenge for
real-time implementation in long distance applications such as for hybrid long haul

semi-trucks.
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Chapter 6

Energy Consumption Modeling and
Optimization of Heterogeneous

Powertrain Semi-Truck Platoon

Publication: In preparation

6.1 Abstract

Semi-truck fuel economy or energy consumption improvement is an ongoing effort to
reduce operational costs and emissions. Alternative powertrain architectures such as
hybrid electric and battery electric have been proposed as a feasible solution. A ma-
jor hurdle with powertrain electrification in semi-trucks is significantly limited driving
range. Among these propositions, hybrid electric semi-trucks prove as a viable option
in the effort towards electrification. In this chapter, energy consumption and distance
to empty behaviors of these alternative powertrain architectures are evaluated. Efforts
to improve driving range of electrified powertrains is evaluated under platooning sce-
narios with heterogeneous powertrain architectures. Results show that Battery Electric
Truck (BET) architecture’s distance to empty is improved in the range of 12% to 22% with
platooning in certain specific configurations. Operating Series Parallel Hybrid Electric

Truck (SPHET) architecture with DC-ARTDP optimal energy management algorithm in
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a platoon improved platoon efficiency by a maximum of ~ 8% points when in the lead-
truck position. With this study an energy efficient and distance to empty maximizing

platoon configuration for a heterogeneous platoon is determined.

6.2 Introduction

Long-haul semi-trucks travel an average of ~ 100,990 km (62,752 mi) annually in the
United States [1]. This is almost 4.5x of the annual travel distance by a passenger car.
These distances are covered while carrying heavy loads upto a maximum gross vehi-
cle weight of ~ 35,380 kg (78,000 lbs). Hence, the conventional semi-trucks consume
significant amount of fuel to meet these requirements with an average fuel economy
in the range of 37 - 42 L/100km (6.35 - 5.60 mi/gal) [2]. Improvement in semi-truck
powertrain architectures are being made to reduce fuel consumption and associated
costs. Recently, hybrid electric and battery electric semi-trucks have been proposed
and launched with an expected exponential proliferation till 2050. A major hurdle with
hybrid electric and battery electric semi-trucks at present is it’s distance to empty (DTE)
or available driving range. As of 2018, in-production hybrid electric and battery elec-
tric semi-trucks have shown a maximum DTE of ~ 500 km (310 mi). Tests predict an
expected DTE of ~ 1000 km (620 mi) for upcoming semi-trucks [3]. Even then the test-
based and expected DTE numbers are upto 3 x lower than that of a conventional semi-
truck. Thus, introduction of hybrid electric and battery electric semi-trucks into a long-
haul semi-truck fleet poses a limit to the maximum continuous driving range without

refuelling or recharging.

In this article, we develop a model and evaluate the overall fuel economy or energy
consumption improvement as well as distance to empty for a platoon of two and three
semi-trucks with heterogeneous powertrain architectures. Here, the term heterogeneous
powertrain architecture platoon implies that all the trucks in the platoon have a differ-

ent powertrain among the following choices, a) conventional, b) hybrid electric, and c)
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battery electric. These three different types of powertrain architectures introduce vari-
ations in vehicle longitudinal dynamics and total driving range. Thus, in case of a het-

erogeneous powertrain architecture platoon, the following feasible concerns exist,

1. The battery electric truck has the lowest individual range among the three variants,

thus becoming a limiting factor for platoon’s total driving range.

2. The response time for a conventional semi-truck is much higher than the hybrid
electric and battery electric variants. This can either cause increased separation

from the lead truck or collisions with the rear truck.

3. The potential to overcome extreme road grade variations or elevation changes

varies with the semi-truck powertrain architecture.

The concept of vehicle platooning to reduce overall fuel consumption or energy con-
sumption has been a topic of research as noted by early work of Zabat et al. on aerody-
namic drag reduction in vehicle platoons. Their work showed reduction in average drag
coefficient (Cy 4.,) for the platoon with an increase in the size of platoon and reduction
in the inter-vehicle spacing [80]. Since this work, impact of platooning on vehicle aero-
dynamic drag has been thoroughly studied both theoretically and experimentally. Salari
et al. conducted two-truck and three-truck platooning wind-tunnel experiments with
scale models to compute aerodynamic drag benefit as a function of inter-truck spacing.
These results were computed for wind averaged speeds including yaw upto 6° [56]. Re-
sults reported by Salari et al. showed similar trends to those suggested by Zabat et al.
though magnitude variations were observed due to different vehicle types. At highway
speeds, aerodynamic drag resistance can cause an added power demand of upto =~ 64
kW. Hence, semi-truck aerodynamics are an important variable in overall fuel economy
improvement. Platooning for heavy-duty vehicles has shown an average fuel economy

improvement in the range of 3.5% - 7% for two-truck platoons and 5% - 13% for three-
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truck platoons [47]. The maximum improvements were reported for shortest inter-truck
separation of ~ 4m. Lammert et al. also report fuel economy improvements in a sim-
ilar range for a two-truck platoon i.e. 3.7% - 6.4% [42]. Intelligent heavy-duty truck
platooning with Co-operative Adaptive Cruise Control (CACC) and Vehicle-to-Vehicle
(V2V) communication are some of the more recent approaches in platooning. These
methods have shown improvement in overall energy consumption reduction, platoon

stability, and vehicle safety at close following distances [67, 25} 46, [77].

Impact of variation in powertrain architectures for a platoon hasn’'t been extensively
studied in literature. A recent work considering a platoon of gasoline operated and elec-
tric semi-truck by He et al. provides eco-driving strategies for a such a platoon to im-
prove overall energy consumption. The authors provide a strategy for both an auto-
mated truck as a leader as well as a human operated truck as a leader [30]. Other work
in alternative powertrain platoons involves hybrid electric vehicle platoons both in pas-
senger and commercial vehicles [79,33]. Hence, a need to evaluate semi-truck platoons
with different powertrain architectures i.e. conventional, hybrid electric, and battery
electric is necessitated to further understand the benefits and impact on overall energy
consumption as well as total driving range. Additionally, this work can provide some
guidance for future implementations of such platoons on the road. Therefore, the goal
of this study is to evaluate if platooning can assist in improving overall energy consump-
tion of the platoon and also increase the DTE in comparison to the individual hybrid
electric or battery electric truck. The study also determines the best configuration of
semi-trucks in such a platoon with respect to overall energy consumption and DTE. The
study performs model-in-loop simulation for two-truck and three-truck platoons over

standard, custom and real-world driving cycles with road elevation variations.

Powertrain architectures for the three different semi-trucks, their modeling approach
and verification is mentioned in Section[6.3] The results for overall energy consumption

and DTE for this study are in Section [6.4} followed by concluding remarks in Section|[6.5
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6.3 Methods

I Engine

Front Front Front

Battery Pack

@ (b) (©)

Figure 6.1: Semi-Truck powertrain architecture power flow diagram. (a) Conventional

Truck, (b) Series-Parallel (P2-P2) Hybrid Electric Truck, and (c) Battery Electric Truck.

The heterogeneous powertrain architecture platoons are evaluated for energy con-
sumption as well as distance to empty with a model-in-loop (MiL) framework. To achieve
this a platoon power loss model environment was developed which can evaluate a two-
truck and three-truck platoon scenario. Three different semi-truck powertrain archi-
tectures were modeled for this study. These include, a) a conventional diesel powered
architecture (CT), b) a P2-P2 series-parallel hybrid electric architecture (SPHET), and c)
a battery electric architecture (BET). Mechanical and electrical power flow for these ar-
chitectures is shown in Figure[6.1]and the modeled component parameters are provided
in Table The black arrows represent mechanical power flow and blue arrows repre-
sent electrical power flow. The aerodynamic drag benefit experienced by the trucks in
a platoon was modeled using a power function derived from data presented by Salari et

al. [56].



Table 6.1: Power Loss Model Component Parameter Table
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Powertrain Parameter Value Units
CT, SPHET  Engine, peak power 360 @ 1800 RPM kW
CT, SPHET Engine, peak torque 2100 @ 1300 RPM Nm
CT, SPHET Transmission 10 Speed AMT -
CT, SPHET Transmission, gear ratios 15t - 12.8:1, 10" - -
0.73:1
CT, SPHET Final Drive ratio 2.64:1 -
SPHET, BET Traction Motor, peak power 350 kW
SPHET, BET Traction Motor, continuous power 245 kW
SPHET, BET Traction Motor, peak torque 3400 Nm
SPHET, BET Traction Motor, continuous torque 2380 Nm
SPHET Generator Motor, peak power 173 kW
SPHET Generator Motor, continuous 63 kW
power

SPHET Battery, maximum capacity 145 kWh
SPHET Battery, nominal voltage 600 VDC
SPHET Battery, available SOC range 20-80 %
SPHET Gearbox, Carrier-to-Ring ratio 0.7:1 -
SPHET Gearbox, Sun-to-Carrier ratio 3.35:1 -
SPHET Gearbox, Motor-to-Ring ratio 1.6:1 -
SPHET Gearbox, efficiency* 98 %
BET Battery, maximum capacity 460 kWh
BET Battery, nominal voltage 600 VDC
BET Battery, available SOC range 10-100 %
BET Final Drive ratio 5.2:1 -

* Estimated
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The drag benefit determined by Salari et al. was adapted for an average drag coeffi-
cient (Cy qg) 0f 0.52, used in this study. To simulate platooning, the semi-trucks in this
study use forward looking perception system (such as a RADAR or a LiDAR) to deter-
mine relative distance of an obstacle for the implementation of Adaptive Cruise Control
(ACC). Vehicle-to-Vehicle (V2V) communication wasn’'t considered in this study due to
in-significant impact on semi-truck energy consumption values. The power loss mod-
els, energy management strategies and evaluation scenarios are described in the follow-

ing sub-sections.

6.3.1 Heterogeneous Powertrain Platoon Modeling Environment

In this study, we are focusing on the energy consumption behavior of semi-trucks in
a platoon formation which is predominantly affected by their longitudinal dynamics.
Thus, the core component of this simulation environment are the power loss models
for the different semi-truck powertrain architectures. The platoon modeling environ-
ment also integrates a Perception and Communication Layer (PCL), which models the
forward looking perception systems and V2V communications for future use. Among
the two-truck and three-truck platoons evaluated, the lead truck operates based on a
speed target input, whereas the following trucks operate with Adaptive Cruise Control
(ACC) enabled with a fixed following distance. The ACC settings used in this study are
provided in sub-section Finally, the aerodynamic drag benefit in platooning was
modeled as power functions for the two different platooning scenarios and used in the
simulation environment. The aerodynamic drag coefficient variation as a power func-
tion of separation distance is shown in Egs. 6.2), which can be visualized per Figure
6.2

Cyor = —aXy +c (6.1)

Ca s = —Ka(Xm)X;gKb(m) + K.(X12) (6.2)

In Eq.(6.1), x;2 is the inter-truck separation distance in meters, for a two-truck pla-
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Figure 6.2: Aerodynamic drag coefficient variation as a function of Inter-Truck dis-
tance. (a) Two-Truck Platoon, (b) Lead Truck in a Three-Truck Platoon, (c) Middle

Truck in a Three-Truck Platoon, and (d) Tail Truck in a Three-truck Platoon.
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toon scenario, while a,b, and c are the fitting coefficients for the function. For a three-
truck platoon as shown in Eq.(6.2), x»3 is the inter-truck separation distance in meters
for the middle and tail truck while x;, is the inter-truck separation distance for the lead
and the middle truck. The fitting coefficients K,, K;, and K, are a function of x;, and
are represented by the same power function as in Eq.(6.1) but with different fitting co-
efficients for each of them. These relations are in accordance with drag reduction rate
(DRR) variations as a function of change in normalized air-speed ([%’;) in the wake of
a platoon lead vehicle. Tadakuma et al. determined aerodynamic drag benefit predic-
tion models with the same approach and showed (%; varies as an inverse power of the

distance between vehicles [66].

A common power loss model framework was implemented for all the powertrain ar-
chitecture models. To emulate semi-truck’s longitudinal dynamics, the desired propul-
sion force was computed as a first order response with vehicle speed as the input. For
an effective comparison between the vehicles, the variation in dynamics arose only from
the core power source i.e. engine in conventional truck, motors in battery electric truck
and a combination of both in hybrid electric truck. A driver model emulated by a PI
controller was integrated to generate acceleration and braking demands based on the
vehicle speed error (v.,,,). Hence, the target vehicle speed delivered by the propulsion
system was computed by solving for the roots of Eq.(6.3). The power demand was cal-
culated based on Eq.(6.4) using the actual vehicle speed output from the solution of
Eq.(6.3).

Av2,[t] + Bugult] + C =0 (6.3)
where,
A = % X pair X Ap X Cq(X)

Myeh

B =

+ <9.17e — 5 X ¢ X Myep, X g X cos(amad))

S

C = (% X Uget [t—ts]) — Forop+ <mveh X g X sm(amad)> — (4.16—3 X Miyeh X g X cos(amad)>

s
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and

Pdem = Fdem X Vqct [t] (6.4)

where,

Fdem = Fprop + Far + Frr + Fcr

6.3.1.1 Conventional Truck Power Loss Model

In a conventional truck (CT) powertrain architecture, internal combustion engine is the
prime mover and thus the only source of propulsive power. The power loss model takes
the demand power (P,.,,) as input and computes the required engine output power
(Peng), subject to drive line efficiency (7,,,) and auxiliary power demand (7,,,). The key
output of this model is the fuel flow rate determined from the Brake Specific Fuel Con-
sumption (BSFC) map, which is a function of the engine output torque (r.,,) and engine
output speed (w.,,). Another factor determining the fuel flow rate is the commanded
gear ratio (N¢). For any value of P,,, more than one feasible pair of 7.,,, and w.,,, exist,
a correct gear command (G.,,,,) allows to achieve the most fuel efficient operation. The
engine and transmission data used for this model were obtained from EPA GEM v2.0

Simulation Model data library [68].

t

M fuett] = Peng(Teng: Weng) [t] X BSFC(Teng, Weng) X ﬁ (6.5)
where,
Piemlt
Poglt) = L2
77d1”v
Uact[t]

Equation(6.5) represents the functionality of conventional powertrain architecture
model. Efficient engine operation was obtained by implementing an optimal gear se-

lection algorithm which is discussed in sub-section[6.3.2]



151

6.3.1.2 Series Parallel Hybrid Electric Truck Power Loss Model

The series parallel hybrid electric truck (SPHET) powertrain architecture is modeled
as a P2-P2 hybrid. The term P2-P2 hybrid implies that the generator motor and the
propulsion motor are in a P2 configuration in the powertrain i.e. post-clutch and pre-
transmission. The powertrain architecture is based on the Toyota’s First Generator Hy-
brid Synergy Drive [58]. Figure shows the power flow diagram for this powertrain
architecture. This hybrid electric truck uses the same engine as in the conventional
truck in addition to a 63 kW continuous power generator motor and a 245 kW contin-
uous power propulsion motor. The on-board energy storage for electrical energy is a
600 VDC, 145 kWh LiFePO, battery pack configured based on A123 3.2V, 20Ah prismatic

cells.

Being a series parallel hybrid electric vehicle, the power demand (F,.,,) is fulfilled
by either the propulsion motor, the engine or a combination of both. This choice is
determined by the energy management strategy subject to various operational and op-
timization constraints. The engine power loss model is similar to the one described for
conventional truck. The battery model used in this study uses similar cell resistance and
capacitance parameters and model architecture as implemented for the EREV research
vehicle by Kalia et al. [37]. The only variation is in the cell configuration to achieve the
desired nominal voltage of 600 VDC and energy capacity. Finally, the electric propul-
sion motor and the generator motor model include their respective efficiency maps as a
function of output torque and speed. The auxiliary power load is assumed to be entirely
low-voltage load, and thus was added to the net electric power demand fulfilled by the

on-board battery.

: ls
mfuel[t] = (Peng(Tengaweng)[t] + Pgen<7_gen7wgen)[t]) X BSFC(Tenngeng> X m (66)



where,

and

SOC[t] = SOC[t —1] —

where,

Piemlt
Popglt] = —"—— 4
Ndrv X Tipint
act |t
weng[t] = NC'R X NG X fdratio X v tt{ ]
Weng 1]
Ween |t g
g [ ] NCS

(Pmot (Tmot7 wmot) [t] + Pau:v [t} - Pgen(Tgena wgen)[t]) X ts

Eparr x 3600

Piomlt
Pmot[t] - d [ ]
Ndrv X Tlpint X Nmeot
act |t
wmot[t] = NMR X NG X fdv‘atio X Y t[ ]

tire
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(6.7)

Equations (6.6} show the key operations of the model. The fuel flow rate 7, is

determined based on the combined P,,, and P,.,, demands. In addition to the fuel flow

rate, for a hybrid electric truck the battery state of charge (SOC) was also observed. This

term was computed at every time step per Eq.(6.7) and was influenced by the power

terms P, and P,.,. As mentioned earlier, the hybrid architecture for the truck is that

of a P2-P2 hybrid, additional gear ratio terms for the planetary gear system as shown in

Figure 6.3|used are observed in the calculations. These include N¢, the ratio between

carrier and ring gear, N¢g, the ratio between carrier and sun gear, and Ny, the ratio

between motor pinion and ring gear.
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Figure 6.3: P2-P2 hybrid gear planetary gear system diagram modeled for Series Paral-
lel Hybrid Electric Truck.

Battery operation was limited within the SOC range of 0.2 - 0.8 for the hybrid ar-
chitecture. To maintain these constraints and utilize the various propulsive and energy
recuperation systems on-board, the vehicle was operated in five different energy modes
i.e. EV Mode, Series Mode, Parallel Mode, Engine Only Mode, and Regenerative Braking
Mode. These modes were selected subject to certain operational constraints and can be

determined through offline and online optimization methods.

6.3.1.3 Battery Electric Truck Power Loss Model

Finally, the battery electric truck (BET) powertrain architecture comprised of two 600
VDC, 245 kW continuous power electric motors on each of the rear axles of the tractor.
Each motor transfers torque to the two wheels per axle through a single speed gear ratio

of 5.2:1. The on-board electrical energy storage system is a 600 VDC, 460 kWh LiFePO,
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battery pack configured based on A123 3.2V, 20Ah prismatic cells. The power flow for
this architecture is as straightforward as the CT architecture and shown in Figure|6.1]

(Pmot(Tmota wmot)[ﬂ + Paua: [t]) X ts

6.8
Epare % 3600 (6.8)

SOC[t] = SOC[t—1] —

where,
Piemlt
Ponlt] = _ Paemlt]
Ndrv X NMmot
Vaet |t
wmot[t] = gbx t[]

Ttire

The P,.,, input determines the motor power F,,,;, which by extension was used to
compute the change in battery SOC. In addition, to the propulsive power, auxiliary load
power P,,. was considered to be all electric and was also fulfilled by the battery through
a DC-DC converter. Here, the drive-line efficiency term (7,,) corresponds to the single
speed gear efficiency and (V) refers to the gear ratio of the single speed transmission.
The battery model architecture and cell parameters were similar to that of series parallel
hybrid truck. As the motors can operate only in two modes i.e. motoring, and genera-
tion, the energy management strategy for a battery electric truck is a simple rule-based

approach determined by acceleration requests.

6.3.2 Energy Management Strategies

Energy management implementation varies with the powertrain architecture of the truck,
despite of a similar goal. In case of a conventional truck, the intent is to reduce the
amount of fuel consumed for a given distance with efficient operation of the engine.
Though for a battery electric truck the goal is to reduce the net energy consumption
by efficient usage of motor and energy recuperation with regenerative braking. In this
study, we compare energy management among the different powertrain architecture on
the basis of overall energy consumption. The energy management strategies used in

this study and their implementation in the power loss model are further described.
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6.3.2.1 Conventional Truck Energy Management

In a conventional truck the main approach to actively manage and control fuel econ-
omy is by performing optimal gear shifts. To achieve such a functionality an optimal
gear shift is commanded based on the power demand (7,,,,) and required vehicle speed
(vaet). Thus, the cost function to determine optimal gear shift (G}, ;) at a given time step

is given as,

Sttt

Gema =1 (6.9)

Gemd = Gmax)

where, the fuel flow rate 7, is computed using Eq.(6.5) and associated relations. The

cmd

chnd [t] = arg min (mfuel(Pdem [tL Vact [tD

mfuel<Pdem [ﬂ; Vact [t])

cost function as shown in Eq. finds the gear command (G.,,4) for which the fuel flow

rate is the least at a given time ¢.

6.3.2.2 Series Parallel Hybrid Electric Truck Energy Management: Rule Based

Among the three different powertrain architectures being evaluated in this study, the se-
ries parallel hybrid electric truck architecture is the most complex. As mentioned earlier
in the power loss model section, the SPHET can operate in five different energy modes
i.e. EV Mode, Series Mode, Parallel Mode, Engine Only Mode, and Regenerative Braking
Mode. These modes were determined per operational constraints on battery SOC and
motor output power limit. A rule-based energy management approach as implemented
by Zhao et al. for a medium-duty series parallel hybrid electric truck was implemented

[85]. The Rule Based algorithm implemented in our study is provided as Algorithm ]

In this Rule Based algorithm the different energy modes are referred to by the value
of variable MODE_FLAG. During a drive, if battery SOC is greater than 1im_S0C = 0.5 and
less than max_S0C <= 0.8, the truck operates either in EV Mode (MODE_FLAG = 1) or in Par-
allel Mode (MODE_FLAG = 3). Parallel Mode is chosen if the P,.,, is greater than max_Py,q.
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Algorithm 6: Series Parallel Hybrid Electric Truck Rule Based Energy Management
Algorithm

Input: Py, [t], vact[t], SOCt], max_SOC, min_SOC,lim_SOC, max_P,,.[t],avail_P,.,[t]
Output: P.,,[t], Pyen[t], Pmot[t], MODE_FLAG

if v,[t] == 0then

MODE_FLAG «— 0;

Popglt] <— 0; Pyeplt] <— 0; Puaft] «— 0;

endif

elseif 0 < Py, [t] < max_P,.[t] && lim_SOC < SOC|t] < max_SOC then
MODE_FLAG <«+— 1;

P.oglt] — 0; Puenlt] «— 0; Pootlt] <— Paeml[t];
endif

elseif 0 < Py, [t] < max_P,,.[t] && min_SOC < SOCI|t] < lim_SOC then
MODE_FLAG <+— 2;

P.oglt] <— 0; Pyenlt] «— avail Py, [t]; Prot[t] ¢— Puaemlt]:
endif

elseif P, [t] > max_P,,.[t] && lim_SOC < SOC|[t] < max_SOC then
MODE_FLAG <«— 3;

P.oglt] ¢— Puaem[t] — max_Poo[t]; Pyenlt] <— 0; Poot[t] +— max P,.[t];
endif

elseif P, [t] > max_P,.[t] && SOC[t] < lim_SOC || SOC|t] < min_SOC then
MODE FLAG <+— 4;

Peng < Pdem[ﬂ; Pgen < 07 Pmot — 0,
endif

elseif P;.,,,[t] < 0 && SOC|t] < max_SOC then
MODE_FLAG «— —1;

Peng A 07 Pgen — O, Pmot N Pdem[t];
endif
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If battery SOC is less than 1im_S0C but greater than min_S0C = 0.2 and P, is less than
max_Pno, the truck operates in Series Mode (MODE_FLAG = 3). Engine Only Mode is acti-
vated if the battery SOC is less than 1im_S0C and P, is high. These modes allow the
truck to operate the engine as less as possible for shorter distances and also allows to

meet range requirements by using engine for long distance driving.

6.3.2.3 Series Parallel Hybrid Electric Truck Energy Management: DC-ARTDP

The Distance Constrained Adaptive Real Time Dynamic Programming (DC-ARTDP) al-
gorithm developed in context of a passenger Extended Range Electric Vehicle by Kalia
et al. [37] was modified for application on this SPHET architecture. The optimization

algorithm determines optimal operating points P> and P *

gen mot

for an impending travel
based on Google Directions API. The algorithm recomputes optimal energy modes, if
a deviation of greater than 3% was observed in the battery SOC from the optimal SOC
trajectory. The modified DC-ARTDP algorithm for SPHET architecture is shown in Algo-
rithm 71

6.3.2.4 Battery Electric Truck Energy Management

Battery electric truck energy management ensures the electric propulsion motors run
at their more efficient operation point. This was achieved by minimizing for power loss
by the motor while achieving the desired P,.,, and v,.. In this study, the chosen motor
efficiency ranges between 93% - 96% and hence, for the ease of computation a constant
efficiency at 95% was assumed. The energy management system also implemented a
regenerative braking algorithm in parallel with normal braking request by ensuring the

battery charging power limits were not violated.
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Algorithm 7: Distance Constrained Adaptive Real Time Dynamic Programming for
SPHET Architecture.

Input: v, init_SOC, min_SOC, max_SOC, im_SOC, init_V},, ts, max_dycn, drem,

max_Fo

Output: P’ P~

gen’ = mot
N <— length(V,.); t +— 0; P, +— AV, + BV, + G
whilet < N do
if (t == 0) then
| SOC_, [t] «— init_SOC.; dyen [t] <— 0;

end
ducn [E+1] ¢ duen (1] + (ven [+ 1] % t,)

if Py [t] < max P, && SOC., [t| > lim_SOC then

€SS

SOOess [t+ 1] +«— SOC* [ﬂ . (Pdem [t4+1] 4+ Pyen [t-i-l]) , VPgen c UPgen

ess E e %3600

dDTE [t + 1] — ECnet[t] X dveh [t]

arg minpgem SOCl.ss EC,..: [t —+ 1] —
—dvehl[t 7| (init_SOC.ss — SOCelt + 1)) EL + (Mgen Pgenlt + 1] BEECSEI ) |
VSOCESS : dDTE [t + 1] Z maX_dveh + drem

ess ess E_ maz.3600

€8s

SOC, [t+1] +— S0C., [f] — (Zplltiall)
end

else
SOC, [t +1] +— SOC, [t] — (P_[Hu> N Po € Up

ess E ma® %3600
dDTE [t + 1] —— ECnet[t] X dveh [t]
argming, , soc.,, ECpet [t + 1] «— m [(init_SOCess — SOC.s5t +

IEZ + ((Paons = Pt + 1] BSEGRLHV ),

vSOC’ess : dDTE' [t + 1] Z maX_dveh + drem

SOC.;, [t + 1] +— SOC, [t] — (Pm_m>

ess E 163600

end

t +— t + tg;
end
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6.3.3 Model Verification

Power loss models for the different semi-truck powertrain architectures evaluated in this
study were verified for usability against published simulation and test data. Power loss
models were verified for their energy consumption over the NREL Metro Highway Cycle
x 2 as shown in Figure[6.4] This cycle was chosen as it closely emulates highway driving

power requirements similar to the HHDDT (Highway Heavy Duty Diesel Truck) Cycle.
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Figure 6.4: Vehicle speed response of different semi-truck powertrain architectures on

NREL Metro Highway Cycle.

Based on the results of this verification simulation, we observed the overall fuel econ-
omy of the conventional truck was 38.13 L/100km or 3.38 Wh/m. This is about 2 x
higher in comparison to the hybrid electric truck’s overall energy consumption of 1.69
Wh/m. This relative difference is similar to the ones observed by Zhao et al. for their
series parallel hybrid electric medium-duty vehicle for UDDS and HWFET Cycles [85].

Furthermore, the energy consumption for the conventional vehicle is close to the aver-
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age fuel economy recorded for trucks in the US [2]. The results presented in this study
are normalized against individual truck’s fuel economy to focus on the relative benefit
of platooning and remove the effects of modeled energy consumption deviation from

real-world energy consumption.

6.3.4 Evaluation Scenario

To effectively understand the energy consumption behavior of the three different semi-
truck powertrain architectures, individual trucks and all possible completely hetero-
geneous combinations in a two-truck (T2) and three-truck (T3) platoon configuration
were simulated. As semi-truck platooning is logistically feasible and beneficial only on
highways and at highway speeds, the individual trucks were first evaluated on a custom
highway cycle termed Highway Step (HS). The HS Cycle varies between 24.6m/s - 38m/s
(55mi/h - 85mi/h) and covers ~ 42.9km (26.65mi). A progressive trapezoidal road grade
variation of 1%, 3%, and 6% was also included in this drive cycle. Figure 6.5/shows the

speed trace and road grade variation for the HS Cycle.

The T2 and T3 platoon configurations, where each truck in the platoon had a differ-
ent powertrain architecture were the evaluated. These evaluations were conducted on
a feasible real-world drive scenario for an actual semi-truck route corridor. The Port-
land,OR to Hood River,OR Route (PH Route), is a 97.5km (60.5mi) long drive from co-
ordinates [45.5268, -122.6579] to [45.7120, -121.5166] along highway Interstate 84. The
route has an average speed of 28m/s (63mi/h) a road grade variation between [-0.65%,
2%]. Figure shows the map view of the simulated route and Figure (b) shows the

simulated random speed trace and road grade variation.
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Table 6.2: Semi-Truck evaluation parameters.

Parameter Value Units
Vehicle Weight 35380 kg
Frontal Area 10.4 m?
Average Drag Coefficient 0.52 -
Tire Radius 0.489 m
Fuel Type Diesel -
Fuel Density 0.846 kg/L
Fuel LHV 11.83 kWh/kg
ACC, Set Speed 28 m/s
ACC, Cruise Start Time (from start) 100 S
ACC, Pre-Platoon Target Distance 60 m
ACC, Platoon Start Time (from start) 200 S
ACC, Platoon Target Distance [15,20,30,40] m

The simulation parameters used for the semi-trucks in this evaluation are listed for
reference in Table Apart from the fuel parameters, the rest are common among all

the powertrain architectures being evaluated.

6.4 Results and Discussion
6.4.1 Individual Truck Evaluation

The three powertrain architectures, conventional (CT), hybrid electric (SPHET) and bat-
tery electric (BET) were individually evaluated on the HS Cycle and the PH Route Cycle.
The trucks were simulated to match the desired speed trace. We first observe the speed

response of the three vehicles as shown in Figure The overall energy consumption
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results obtained for the HS Cycle as shown in Table confirms that BET architecture
has the best overall energy consumption followed by SPHET and then CT. The distance
to empty estimation values though show a higher driving range for the SPHET followed

by CT and then BET as shown in Table[6.3]

Table 6.3: Energy Consumption and DTE Results for Individual Truck Simulations on

HS Cycle.

Truck Type Energy Consumption [Wh/m] Distance to Empty [km]
CT 4.63 2207
SPHET 2.14 2376
BET 2.13 149.4

For the individual truck behavior and energy consumption on the PH Route Cycle,
a similar trend as HS Cycle was observed. We also evaluated SPHET both with the Rule
Based energy management strategy and the DC-ARTDP strategy. The DC-ARTDP strat-
egy improved overall energy consumption by ~ 7.65% for the SPHET architecture. In
terms of DTE, BET has the lowest value as expected and CT the highest in this case. As
for SPHET, the DTE improves when the DC-ARTDP strategy was implemented. These
energy consumption and distance to empty values are shown in Table |6.4{for reference.
Observed speed response as shown in Figure [6.9) was relatively similar as in case of HS
cycle. Extreme variations were not observed as the road grade magnitude was not as
high as HS Cycle. The CT can be observed to have a slower response to road grade

changes as well as speed changes in comparison to SPHET and BET.



Vehicle Speed [m/s]

40

w
=]

Vehicle Speed [m/s]
N
o

CT Sp

Target Speed

SPHET Speed

eed BET Speed

500 1000
Duration [seconds]

(a

1500

=y
(=]

Target Spi

eed SPHET Speed ===-=

Road Grade

CT Speed

BET Speed

400

500 600
Duration [seconds]

(©

700

10

-5

-10

Road Grade [%]

Road Grade [%)]

164

Road Grade [%]

Road Grade [%]

-10

Target Speed SPHET Speed ==-=-= Road Grade 1
40 f|——cT Speed BET Speed
12
@
E 3o}
-]
Q
Q
Q.
wn 20F
L)
Q2
=
]
> 10}
0 1 1
0 50 100 150
Duration [seconds]
(b)
40 F

@

E 30

=]

@

@

Q.

“ 20

o

Q2

=

[

> 10

Target Speed SPHET Speed =-=-= Road Grade
CT Speed BET Speed
o= I I I
800 1000 1200 1400
Duration [seconds]
(d)

Figure 6.7: Semi-truck speed response on the custom Highway Step Cycle. (a)

Overview, (b) Initial Acceleration, (c) Acceleration over +3% road grade, and (d) De-

celeration over +6% road grade.

At high magnitude road grade changes, such as the 6% as shown in Figure[6.7|(d), the

CT architecture speed response can be observed to deviate significantly from the target

speed. In comparison, SPHET and BET architectures do not show a deviation of similar

magnitude or duration. The extreme deviation in case of CT can be attributed to the

power limit at the most fuel efficient gear selection during the steep climb. In case of
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SPHET and BET architectures, the relatively less deviation in speed is primarily due to

electric motor’s capability of producing high torque instantaneously.

Table 6.4: Energy Consumption and DTE Results for Individual Truck Simulations on
PH Route Cycle.

Truck Type Energy Consumption [Wh/m] Distance to Empty [km]
CT 3.52 2943
SPHET, Rule Based 1.96 2553
SPHET, DC-ARTDP 1.81 2774
BET 1.92 133.2
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Figure 6.8: Battery SOC comparison for SPHET architecture over PH Route with DC-
ARTDP and Rule Based Energy Management Algorithms.
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Figure 6.9: Semi-truck speed response on the real-world Portland,OR to Hood River,OR

Route. (a) Overview, (b) Initial Acceleration, and (c) Acceleration over positive road

grade.
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Based on these observations made for individual truck behaviors on two different
cycles, the following conclusions can be drawn about the truck behaviors and energy

consumption trends,

1. Among the three powertrain architectures evaluated on the two routes, CT is con-
sistently found to have a higher response time in comparison to SPHET and BET
architectures. Among the SPHET and BET, the response time is almost close and
depends significantly on the chosen prime mover. Though the similarity in re-
sponse mostly exists because of the transmission gear command in case of SPHET

not being varied as frequently as in case of CT.

2. Energy consumption increases significantly with vehicle speed and road grade as
expected due to increased power demand. Though, as the power demand keeps
rising, the energy consumption for CT increases significantly as observed in case of
HS Cycle. The behavior of distance to empty though is highly dependant on road
grade. A significant drop in road grade and increased frequency of such occur-
rences creates more chances for regenerative braking to recuperate energy. This
impact can be observed for BET architecture with respect to DTE value by com-

paring responses of HS Cycle to PH Route Cycle.

3. SPHET architecture shows energy consumption values close to BET and distance
to empty values close to CT. Energy management optimization further improves

these trends for a SPHET.

Hence, based on this study both for a high power demanding cycle like HS Cycle and a
relatively low power demanding cycle as PH Route Cycle, the SPHET architecture pro-

vides the best overall energy consumption and the distance to empty.
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6.4.2 Two-Truck Platoon Evaluation

In the two-truck platoon evaluation, six feasible configurations were evaluated. The goal
was to ensure that neither of the trucks have a similar powertrain architecture. The eval-
uated configurations are identified as Lead Truck - Tail Truck e.g. Conventional - Series
Parallel Hybrid (CS) as shown in Table These configurations were evaluated on the
PH Route Cycle with varying target following distance settings. The variation in distance
settings was evaluated because platooning benefit reduces with increase in inter-truck
separation distance as evident from Salari et al. and Figure[6.2(a). The results shown in
Figure[6.10]and Figure[6.11]are computed as relative improvements over individual truck
performances on the same route. A positive value shows improvement and a negative
value shows degradation. Each bar group in the plot corresponds to the configuration

code mentioned in the X-Axis label.

Table 6.5: Two-Truck Platoon configurations evaluated on PH Route Cycle.

Configuration Identifier
Conventional - Battery Electric CB
Conventional - Series Parallel Hybrid CS
Series Parallel Hybrid - Conventional SC
Series Parallel Hybrid - Battery Electric SB
Battery Electric - Conventional BC

Battery Electric - Series Parallel Hybrid BS
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Figure 6.10: Energy Consumption improvement comparison between heterogeneous
two truck platoon configurations simulated over PH Route for target separation dis-

tances of (a) 15m, (b) 20m, (c) 30m, and (d) 40m.
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Figure 6.11: Distance to Empty improvement comparison between heterogeneous two

truck platoon configurations simulated over PH Route for target separation distances

of (a) 15m, (b) 20m, (c) 30m, and (d) 40m.
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The energy consumption and distance to empty improvement results shown in Fig-
ure and Figure for the different target following distances are summarized as

follows,

1. Evaluating the CB and CS configurations, where the lead truck has CT architec-
ture, it is evident from the energy consumption improvement results as shown in
Figure that as inter-truck separation distance increases, the improvement for
lead truck reduces. Among these two configurations, the energy consumption im-
provement for the lead truck is nearly the same irrespective of the target following
distance. Thus, the reduction in energy consumption improvement can be solely

attributed to reduction aerodynamic drag benefit.

2. For the same CB and CS configurations the BET architecture improvement reduces
as inter-truck separation increases from 15m - 40m, a similar trend as observed
with CT. Though, the SPHET architecture doesn’t show a clear correlation in reduc-
tion similar to CT and BET. This trend can be attributed to two competing variables

i.e. aerodynamic drag benefit and optimal gear command.

3. Asfor DTE values, the trends for lead truck follow the same as of energy consump-
tion but for BET architecture as tail truck the improvement is higher at 40m. This
is because the DTE is calculated based on the blended energy consumption value
which takes into account short term average energy consumption. As for SPHET
architecture, the DTE follows a similar trend as the it’s energy consumption varia-

tion.

4. Now, for the SC and SB configurations, per expectations the key variable responsi-
ble for reduction in lead truck energy consumption improvement with increasing
inter-truck separation distance is aerodynamic drag benefit change. Another ob-

servation is with reference to difference in energy consumption improvement be-
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tween the two configurations for the lead truck. The relatively lower improvement
in case of SC configuration can be attributed to the higher deviations by CT archi-
tecture truck from target distance in comparison to the BET architecture. Thus,
leading to comparatively lower accumulated moments of aerodynamic drag ben-

efit.

5. In the SC and SB configurations, with CT architecture as the tail truck, the en-
ergy consumption improvement can be observed to first rise and then fall due to
the same two competing variables i.e. aerodynamic drag benefit and optimal gear
command. In case of BET architecture, the reduction in energy consumption im-

provement is directly correlated with increase in inter-truck separation.

6. Finally, for the BC and BS configurations with BET architecture in the lead truck
position, the lead truck energy consumption improvement shows the inverse cor-
relation with inter-truck separation distance as expected. While for the tail trucks,
CT architecture shows a similar behavior as in SC but SPHET architecture doesn’t
show a behavior similar to that in case of CS. In terms of DTE improvement, trends

similar to energy consumption were observed.

On the basis of the observations listed above for the six different configurations,
among possible permutations for CT and BET architecture, CB configuration shows a
higher overall energy consumption improvement. Now for possible permutations for
CT and SPHET architecture, CS shows the higher overall energy consumption improve-
ment. Finally, for the possible permutations for BET and SPHET architecture, SB con-
figuration shows the higher overall energy consumption. Hence, having CB, CS and SB

configurations in two-truck platooning scenarios provides the best overall outcome.
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6.4.3 Three-Truck Platoon Study

In case of three-truck platoon configuration evaluation, six feasible heterogeneous pow-
ertrain architecture configurations were evaluated. The evaluated configurations are
identified as Lead Truck - Middle Truck - Tail Truck e.g. Conventional - Series Parallel
Hybrid - Battery Electric (CSB) as shown in Table . These configurations were also eval-
uated on the PH Route Cycle with varying target following distance settings. The target
following distance was simultaneously changed to the same value for both the middle
and the tail truck. The results shown in Figure and Figure[6.13|are computed as rel-
ative improvements over individual truck performances on the same route. A positive
value shows improvement and a negative value shows degradation. Each bar group in

the plot corresponds to the configuration code mentioned in the X-Axis label.

Table 6.6: Three-Truck Platoon configurations evaluated on PH Route Cycle.

Configuration Identifier
Conventional - Series Parallel Hybrid - Battery Electric CSB
Conventional - Battery Electric - Series Parallel Hybrid CBS
Series Parallel Hybrid - Conventional - Battery Electric SCB
Series Parallel Hybrid - Battery Electric - Conventional SBC
Battery Electric - Conventional - Series Parallel Hybrid BCS

Battery Electric - Series Parallel Hybrid - Conventional BSC
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Figure 6.12: Energy Consumption improvement comparison between heterogeneous
three truck platoon configurations simulated over PH Route for target separation dis-

tances of (a) 15m, (b) 20m, (c) 30m, and (d) 40m.
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three truck platoon configurations simulated over PH Route for target separation dis-

tances of (a) 15m, (b) 20m, (c) 30m, and (d) 40m.
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The energy consumption and distance to empty improvement results shown in Fig-
ure [6.12| and Figure for the different target following distances are summarized as

follows,

1. In the simulations conducted, all the configurations except BSC resulted in a ve-
hicle crash at a target following distance at 15m. Among configurations CSB and
CBS with CT architecture as the lead truck, the CT architecture energy consump-
tion improvement is inversely proportional to inter-truck separation distance, as
it was observed in case of two-truck platooning. Now among the mid truck and tail
truck configurations i.e. SB and BS, the overall energy consumption improvement
for SB is inversely proportional to the inter-truck distance. As for BS, the overall
energy consumption improvement improves from 15m to 20m and then reduces
towards 40m target following distance. This variation is specifically attributed to
the SPHET architecture in the tail truck position and occurs due to the competing

variables i.e. aerodynamic drag benefit and optimal gear demand.

2. For the same two configurations in terms of DTE improvement, for CT architecture
in lead truck position the trend is similar to that of it'’s energy consumption. Among
SB and BS sub-configurations, BET architecture benefits most from platooning in
either of the positions. A consistent benefit is observed with BS configuration for
BET architecture across all target following distance. In case of SB, the DTE is lower

than BS for 15m and 20m but greater than BS from 30m and 40m.

3. In case of SCB and SBC configurations with the lead truck having an SPHET archi-
tecture, both the configurations follow a similar trend of inverse proportion to the
inter-truck separation distance for all the architectures. Though among the sub-
configurations CB and BC the combined overall energy consumption improve-

ment is higher for BC than CB across all target following distances.
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4. For DTE improvement of SCB and SBC configurations, the sub-configuration CB
shows the expected trend for CT architecture but for BET architecture the variation
is not highly correlated with inter-truck separation distance. This uncorrelated
variation in BET architecture’s distance to empty can be attributed to the extreme
variations in inter-truck separation distance between lead truck and mid truck. As

for the sub-configuration BC, the trend is inversely correlated as expected.

5. Among the BCS and BSC configurations with the lead truck having a BET archi-
tecture, lead truck energy consumption improvement trends are per expectations.
The negative values for BET architecture in case of 40m target following distance
is approximately zero. A variation of +0.5 in magnitude for the percent improve-
ments being discussed is expected due to modeling errors. Energy consumption
improvement trends for the SPHET architecture in both of the cases is uncorre-
lated as observed in other configurations. For the BCS architecture no significant
improvement is observed for target following distances of 15m, 20m, 30m but for
40m there is some significant improvement observable. In case of BSC configu-
ration, the SPHET architecture energy consumption improvement is observed to
increase from 15m to 20m and then reduce as target following distance grows to-
wards 40m. Trends similar to energy consumption improvement are observed for

DTE improvements for these two configurations.

Therefore, based on these observations made for heterogeneous three-truck platoon
evaluations, the CSB and CBS configurations show the largest combined improvement
for all evaluated target distances. Among these two configurations the BET architecture
experiences more improvement while being the middle truck in comparison to being
the tail truck. Hence, this sub-configuration choice can be made based on the distance

to empty target for the platoon.
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6.4.4 Effect of SPHET Optimal Energy Management on Platoon Energy Consumption

Improvement in overall energy consumption for SPHET architecture was showed ear-
lier with application of DC-ARTDP algorithm in Table Based on that improvement
the algorithm was implemented for two configurations each in the two-truck and three-
truck platoon scenarios. These are CS and SC in case of two-truck platoon, CBS and SBC
in case of three-truck platoon. These configurations were chosen to determine the im-
pact of DC-ARTDP based on the SPHET position in the chosen configurations. The en-
ergy consumption improvement results for different target following distances of 15m,
20m, 30m, and 40m are shown in Figure and Figure A comparison of these
results with those shown in Figure and Figure for the selected configurations

are summarized as follows,

1. In the two-truck platoon scenario as a tail truck, the SPHET architecture shows an
increase in energy consumption improvement in the range of 4.38 to 5.88 percent
points. Whereas with SPHET as a lead truck, the improvement increase is in the

range of 8.43 to 8.82 percent points.

2. In case of three-truck platoon scenario as a tail truck or a lead truck, the improve-

ment increase is in the same range as observed in two-truck platoon scenario.

With the DC-ARTDP algorithm applied on SPHET architecture in a platoon configura-
tion, the results showed that it further improved the platoon energy consumption. In
case of two-truck platoon having the SPHET architecture in lead gives the most benefit
till target following distance is less than or equal to 30m. In case of three-truck platoon
the SPHET architecture in lead truck position provides the best overall improvement in
comparison to tail truck. The middle truck position wasn’t evaluated as the BET archi-

tecture was noted to benefit most at the middle position.
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Figure 6.14: Energy consumption improvement comparison for two-truck platoon
configurations CS and SC at (a) 15m, (b) 20m, (c) 30m and, (d) 40m target separation
distance with DC-ARTDP optimal energy management.
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Figure 6.15: Energy consumption improvement comparison for two-truck platoon
configurations CBS and SBC at (a) 15m, (b) 20m, (c) 30m and, (d) 40m target separa-

tion distance with DC-ARTDP optimal energy management.
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6.5 Conclusion

Hybrid electric and Battery electric powertrain architectures are being introduced into
the commercial vehicle industry to improve overall energy consumption and reduce op-
erational costs. In this chapter, these alternative energy architectures were evaluated
for their energy consumption and distance to empty performances over custom and
real-world drive scenarios. The goal of this study was to understand these behaviors
amongst different architectures and determine if platooning can help improve these be-
haviors further. We also aimed at determining if applying optimal control strategy like

DC-ARTDP pushes the improvement even further.

Through this study we determined that distance to empty for BET architectures is a
major concern, which is also supported by published research and industry evaluations.
CT architectures as expected have the highest distance to empty values generally, owing
to the energy dense fuel being used for propulsion. The SPHET architecture evaluated
in this study is able to provide best compromise between overall energy consumption
and distance to empty. Implementation of the DC-ARTDP algorithm adapted for the
SPHET architecture further improved overall energy consumption of the SPHET archi-
tecture by ~ 7.65%. The two-truck and three-truck platoon studies confirmed the initial
premise of improving BET architecture distance to empty values. Evaluations showed
the maximum DTE improvements are feasible only with CB and SB configurations with
maximum feasible improvement of 12.53% and 13.3% at a target following distance of
40m. For the three-truck platooning scenario, the maximum improvement of 22.01%
for SCB configuration was observed at a target following distance of 30m. In addition
to this, application of DC-ARTDP optimal energy management algorithm to the SPHET
architecture showed maximum benefit to the platoon, when in the lead truck position

for most of the target following distances.

This research work and the semi-truck platooning simulation environment intro-
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duces opportunities to further improve the overall energy consumption behavior by in-
cluding vehicle-to-vehicle communication to share energy consumption information
such as distance to empty and current energy levels. This information can assist in a
combined energy plan for the platoon and change platoon configurations to maximize
for distance to empty or minimize for overall energy consumption based on the desired

goal.
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Chapter 7

Conclusion

The doctoral research was motivated with the intent to develop a real-time implementable
cost-effective energy management optimal control strategy for hybrid electric vehicles.
As listed in the beginning, three key research goals were determined to guide this work

to completion. These were,

1. Developing data driven power loss models for the experimental research vehicle

to build the foundation for this research.

2. Formulate a novel energy management strategy that can be implemented real-
time on a standard electronic control unit and provides the most efficient energy

consumption while meeting the desired driving demand.

3. Evaluate the energy management optimization process for semi-trucks and eval-

uate it’'s combined benefit with heterogeneous powertrain platoons.

To achieve these goals, an initial model of the experimental research vehicle was for-
mulated and evaluated for energy management optimization using the Multi-Objective
Optimization methodology. This process provided a feasible and energy efficient on-
board generator operating point, though the model used a lot of assumption which ren-
dered the energy consumption predictions much lower in comparison to observations

made in testing. The modeling approach was improved with a data-driven modeling
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approach, that created a more accurate energy consumption representation of the ex-

perimental vehicle. This helped achieve the first goal of this research.

Using this model, the state-of-the-art energy management optimization algorithms
were evaluated and compared. The outcomes allowed to develop a novel strategy termed
as the Distance Constrained - Adaptive Real Time Dynamic Programming for the exper-
imental research vehicle. The algorithm does not operate at every time step of the drive
and is capable of being implemented on standard electronic control unit. The algorithm
was thoroughly evaluated for it’s adaptability to variations in driving requests, fault tol-
erance and disturbance rejection to changes in road grade. This completed our second

research goal.

Finally, the hybrid electric commercial vehicle evaluation was conducted in platoon-
ing environment using a custom build platooning power loss model environment that
supports individual truck simulations as well as two-truck and three-truck platoon sim-
ulations. This evaluation showed the potential of a series parallel hybrid electric truck
over a conventional and and electric truck. The novel energy management algorithm
was adapted for this new architecture and showed a maximum energy consumption im-
provement of ~ 8%. The platooning scenarios revealed significant energy consumption
and distance to empty improvements for battery electric trucks. Thus, the study showed
the benefits of platooning for electrified commercial vehicles and additional improve-
ment for the hybrid electric commercial vehicles. Hence, all of the research goals set out

in the beginning were met.

Future extension of the presented work would focus on hardware implementation
of the novel strategy and comparing MiL simulation outcomes with HiL simulation out-
comes. Additionally, as the novel algorithm uses Dynamic Programming, longer dura-
tion routes increase the algorithm run-time. Temporal gradient variation can be applied

to generate shorter time steps in the vicinity of current location of the vehicle which pro-
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gressively increase to prevent excessive run-times and memory usage. This work also
opens various avenues for future research in the domain of hybrid electric and elec-
tric vehicles, as well as energy management optimization. With intelligent transporta-
tion systems and vehicle autonomy research at rise, research areas expanding on vehicle
path planning, leveraging vehicle-to-everything (V2X) communication, and improving

vehicle platooning functionality are feasible future paths.
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Appendix A

Algorithm Implementation

The implementation of algorithms discussed in this dissertation using MAT-
LAB/Simulink platform is provided for reference. The code is also available online
in the public Github repository: https://github.com/avk4714/PhDDissertationCode_
AVKalia. The code is added as Matlab script using the m-code style for LaTeX, created
by Florian Knorn [40].

A.1 SHEV/EREV DC-ARTDP Code

The provided function code is used to compute the optimal battery SOC trajectory
using the DC-ARTDP alogrithm in context of the Series Hybrid Electric Vehicle. This
function is available to be used along with the Passenger Vehicle Model in the Github

repository.

function [optResults] = optimize_SHEV_DP (driveParams, vehParams)

$OPTIMIZE_SHEV_DP Generates optimal operating points for SHEV using DP.

o\

The function is based on the SHEV_DP_FwdProp.m script to assist in an

% easier integration with Simulink for RT evaluation. The input argument

o\°

is form of structure.

o\

—> driveParams : Includes drive trace parameters

o\

—-—>driveParams.time_s


https://github.com/avk4714/PhDDissertationCode_AVKalia
https://github.com/avk4714/PhDDissertationCode_AVKalia

20

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

36

37

38

39

40

41

oo o o oo o o o\ oo o o oo o\ o o\

o\

o o\ oo o

o\°

o\ o\ oo

o\

—-—>driveParams.spd_mph

—-—>driveParams.grade_pct

——>driveParams.startIdx

——>driveParams.tripTypeChoice

—> vehParams
——>vehParams
—-—>vehParams
——>vehParams
——>vehParams
—-—>vehParams
—-—>vehParams
——>vehParams
—-—>vehParams
—-—>vehParams
—-—>vehParams
——>vehParams
—-—>vehParams
—-—>vehParams

——->vehParams.

Includes vehicle initialization parameters

.SOC_Max
.SOC_Min
.SOC_Begin
.SOC_Final
.Fuel _init
.VehMass
.rl_a
.rl b
.rl_c
.L_aux
.SOC_PRCSN
.minFsblRng

.SOC_ReOpt

P_gen_max

# Output structure is as follows:

—> optResults
——>optResults
——>optResults
—-—>o0ptResults
——>optResults
——>optResults

——>optResults

——>o0ptResults.

——>optResults
——>optResults

—-—>o0ptResults

Includes optimization results for the model

.optSOC_pct

.optPgen_W

.optPbatt_Ww

.optPfuel_Ww

.optPregen_W

.optNetEC

fsblRange_m

.estRange_m

.EC_Wh_m

.minFsblRng_m
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42

43

44

45

46

47

48

49

50

51

52

53

54

55

56

57

58

59

60

61

62

63

64

65

66

% —-—>optResults.Veh_Load W
% ——>o0ptResults.Veh_Dem_ W

%% Main Body
%$—— SHEV State Vector
SOC_Max = vehParams.SOC_Max;

SOC_Min = vehParams.SOC_Min;

SOC_Begin vehParams.SOC_BRegin;

SOC_ReOpt vehParams.SOC_ReOpt;

SOC_Final vehParams.SOC_Final;

SOC_Range = [];

MAX_FUEL = vehParams.Fuel_init;

LHV_FUEL = 30000;

RHO_FUEL 783;

J2WH_CONV = 0.00027778;
N = length(driveParams.time_s);

STRTIDX = driveParams.startIdx;

%$—— Vehicle Parameters
VehMass = vehParams.VehMass;
rl _a = vehParams.rl_a;
rl b = vehParams.rl_Db;
rl_c¢ = vehParams.rl_c;
L_aux = vehParams.l_aux;
E_batt = 18900;

P_gen_max = vehParams.P_gen_max;

P_batt_dchg max = 208000;
P_batt_ch_max = -102000;
P_regen_max = -15000;

o\ o\° o\ o\ o\°

o\

o\

o\°

o\°

Initializing SOC_range vector as an

empty vector

Liters. 1 Liter = 0.264172.
Max is 26.49

kJ/kg or J/g

g/L

Conversion multiplier

To assist with re-optimization

Vehicle + Driver

Auxiliary load due to electronics

% Wh

%$-15000; %-11500;

o\
=

T W
%

W
s W

(W]
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for i1i = 1:N

if i1 ==
L _drv(ii,1l) = 0;
acc_drv(ii,1l) = 0;
else % Power = mass % acc * velocity [W]
acc_drv(ii,1l) = (((driveParams.spd_mph(ii) -...
driveParams.spd_mph(ii-1))*0.447)/ (driveParams.time_s (ii) ...
- driveParams.time_s (ii-1)));
L_drv(ii,l) = VehMass * acc_drv(ii,1) =*...
abs ((driveParams.spd_mph(ii))*0.447); %$driveParams.spd_mph (ii-1)
end
L_load(ii,1) = ((((rl_c * (driveParams.spd_mph(ii))~"2)) +...

(rl_b » driveParams.spd_mph(ii)) + (rl_a)) =% 4.448) «*...
(driveParams.spd_mph (ii) = 0.447);

IL_total(ii,l) = calcMotElecPwr ((L_drv(ii) +...
L_load(ii)),driveParams.spd_mph(ii));

if L_total(ii,1l) < O
L_total(ii,l) = max(P_batt_ch_max,L_total(ii,1l));

else
L_total(ii,1l) = min(P_batt_dchg_max,L_total(ii,1));

end

end

optResults.Veh_Dem W = L_drv + L_load;

%—— Adaptive DP

o\

1. Adjust power demand - Negative power demand values imply

\o

> braking/stoppage. For ease of calculation, any power value below or equal

% to zero will be treated as a zero.

L_total = L_total + IL_aux;



108

109

110

111

112

113

114

115

116

117
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119

120

121

122

123

124

125

126

127

128

129

130

131

132

133

134

135

136

137

138

139

140

o\°

2. Total Energy Demand Associated with Drive Cycle and Distance

o)

% Accmulated

for j = 1:N

if 3 ==1
E_dem_total(j,1) = 0;
DistTrvld_m(3j,1) = 0O;
else
E_dem_total(j,1l) = E_dem_total(j-1,1) + (L_total(j,1)/3600); % Wh
DistTrvld_m(j,1) = DistTrvld_m(3-1,1) +
abs ((driveParams.spd_mph(j-1)) % 0.44704); % meters
end
end
% 3. Delta Power - Calculate change in power demand between steps to

o\

determine discharge and charge scenarios. This helps compute feasible SOC

o\

limits.

delPwr_W = zeros(size (L_total)); % First element is zero by default.
for 1 = 2:N
delPwr_W(i,l) = L_total(i,l) - L_total(i-1,1);

end

o\°

4. Initialize minimum and maximum SOC values - For each time instance, a

o\

min and max SOC value can be obtained based on drive cycle data as well

o\

as power and energy limits.

X_1lim = zeros ([N 2]); % X represents state (SOC) here. First column

% 1s min value and second is max value.

X_1im (STRTIDX, 1) SOC_Begin; % Initializing limits at initial time equal to

X_1im(STRTIDX, 2)

SOC_Begin; % the final SOC value.

X_PRCSN = vehParams.SOC_PRCSN;
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o\°

141 Precision for the SOC. 0.0001 corresponds to 0.01% SOC change.

142

o\

143 5. Initialize additional wvariables and parameters
144

15 L_xN = 0;

ue X_opt = zeros ([N 117); % State (SOC)
147 P_gen_opt = zeros ([N 1]);

148 P_batt_opt = zeros ([N 1]);

149 P_battopt_total = zeros ([N 1]);

150 P_regen_opt = zeros ([N 11]);

151 P_fuel opt = zeros ([N 11]);

152 P_fuelopt_total = zeros ([N 1]);

153 FuelUsed_L = zeros ([N 1]);

154 fuelRate_opt = zeros ([N 11]);

155

156 P_regen_LUT = [0 0;

157 2.6 0;

158 5.2 -1250;

159 7.8 =3000;

160 10.4 -5500;

161 13 -8000;

162 15.6 -10250;

163 18.2 -12500;

164 20.8 =-13750;

165 23.4 -14000;

166 26 —14500;

167 28.6 —-15000;

168 31.2 -15000;

169 33.8 -15000;

170 38 -150007; % Regen power Lookup Table
171 eta_genmot = 0.86; % mean value obtained based on the Bosch ICD
172 %% Loop section - DP Forward Propagation

173 X_opt(1,1) = SOC_Begin;
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181
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184
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186
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188

189

190
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192
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196
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198

199

200

201

202

203

204

205

206

X_opt (STRTIDX, 1)
1 = STRTIDX + 1;
switch driveParams
case 'one-way'
minFsblRng
case 'return'
minFsblRng
case 'custom'
minFsblRng
otherwise
minFsblRng

end

FUEL_FLAG 0;
while (1l < N)
% disp (1)

P_regen_avail
(driveParam
if L_total(l) >
% Step 1: D
X_lim(1,2)
((L_tot
X_lim(1,1)

((L_tot

o

NOTE: Her

o\

is withou

o\

Step 2a:

X_range(:,1
P_gen_range
(E_batt

P_batt_rang

len_x_rng

201

SOC_ReOpt;

.tripTypeChoice

= 0;

= DistTrvld_m(end); % meters
= vehParams.minFsblRng; % meters
= 0;

interpl (P_regen_LUT(:,1),P_regen_LUT(:,2), ...
s.spd_mph(1l,1)x0.447), "linear');
0 % Discharging condition

etermine SOC Limits

X_opt (1-1,1)

al(l) + P_gen_max)/ (E_batt = 3600)); % Max feasible SOC

= X_opt(1l-1,1) -
al(l))/ (E_batt % 3600)); % Min feasible SOC
e Max feasible SOC corresponds to with generator and Min
t generator. Because of Forward Propagation.

Form SOC Query Range and form a SOC vector

) = X 1im(1l,1):X_PRCSN:X_ 1lim(1,2);

(:,1) = ((X_ opt(l-1,1) - X_range) x...
* 3600)) - L_total(l);
e(:,1) = L_total(l) + P_gen_range(:,1);

length (X_range) ;
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216

217

218

219
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222

223

224

225

226

227

228

229

230

231

232

233

234

235

236

237

238

239

202

fuelRate = zeros([len_x_rng 11]);

for k = 1l:1len_x_rng
if P_gen_range (k) < =500
[engEff, fuelRate(k,1)] = calcEngEff (abs(P_gen_range (k) ...
/eta_genmot) ) ;
P_fuel_range(k,1) = (P_gen_range (k) /eta_genmot) x (1/engEff) ;
else

fuelRate (k,1) = 0;

|
o
~.

P_fuel_range(k,1)
end

end

% Step 2b: Determine feasible SOC values based on range estimation
ECvector_Wh_m(:,1) = ((X_opt(l,1) - X_range(:,1)) * E_batt)/...

(DistTrvld_m(l,1) - DistTrvld_m(1,1));

% Step 3a: Compute control candidate values corresponding to all
% a SOC
for k = 1l:1len_x_rng
if ECvector_Wh_m(k,1) > 0
estRngVec_m(k,1) = ((X_range(k,1l) - SOC_Min) = E_batt)...
/ECvector_Wh_m(k, 1) ;
fsblRngVec (k,1l) = estRngVec_m(k,1l) - (DistTrvld_m(end,1l)...

- DistTrvld_m(1l,1));

else
estRngVec_m(k,1) = Inf;
fsblRngVec (k,1l) = estRngVec_m(k,1l) - (DistTrvld_m(end,1l)...
— DistTrvld _m(1l,1));
end
P_gen(k) = P_gen_max ...

((X_range (k) - X_range(l))/ (X_range (end) — X_range(l)));
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243
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245

246

247

248

249

250

251

252

253

254

255

256

257

258

259

260

261

262

263

264

265

266

267

268

269

270

271

272

if P_gen(k) # 0 && —isnan (P_gen (k))

[engEff,—] = calcEngEff (abs (P_gen (k) /eta_genmot)) ;
P_fuel(k) = (P_gen(k)/eta_genmot) * (l/engEff);
else
P_fuel(k) = 0;
end
if (fsblRngVec(k,1l) > minFsblRng) && FUEL_FLAG == 0
P_batt (k) = L_total(l) + P_gen(k);
else
P_batt (k) = Inf; % Maximum penalty added for infeasibility
end
P_regen(k) = 0;

end

[

if isinf (P_batt)

if FUEL_FLAG ==

P_batt (end)

else
P_batt (1)
end

end

% Step 3b: If all solution values result in infinity

0

= L_total(l) + P_gen(end);

L_total(l);

% Step 4: Calculate Cost-to-go for each possible path.

Y x = (P_batt + abs(P_fuel)) /3600;

[

% Step 5: Determine optimal path as per cost function.

opt_idx = find(Y_x == min(Y_x));

[

if P_gen_max < -500

[o)

P_gen_opt (1,1)

% 4200 W is minimum power engine map can resolve

% Step 6: Assign optimal SOC value and repeat.

= P_gen (opt_idx) ;

203
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274

275

276

277

278

279

280

281

282

283

284

285

286

287

288

289

290

291

292

293

294

295

296

297

298

299

300

301

302

303

304

305

P_fuel_opt (1,1) abs (P_fuel (opt_idx) ) ;

P_batt_opt (l,1) = P_batt (opt_idx);

P_regen_opt(l,1l) = P_regen (opt_1idx);

X_opt(l,1) = X_range (opt_idx);

fuelRate_opt (1l,1) = fuelRate (opt_idx);
else

[o)

% Step 6: Assign optimal SOC value and repeat.
P_gen_opt(l,1) = P_gen_max;
P_fuel_opt(l,1) = P_fuel;

P_batt_opt(1,1) P_batt_range;

% Step 1: Determine SOC Limits
if L_total(l) > P_regen_avail
I_final = L_total(l);

X 1lim(l1,2) = X_opt(1-1,1) —-...

o\°

((L_final + P_gen_max)/ (E_batt * 3600));
X_lim(l,1) = X opt(1-1,1) —-...
((L_final)/ (E_batt * 3600));

o\

else
IL_final = P_regen_avail;
X_1im(1l,2) = X_opt(1-1,1) -...
((L_final + P_gen_max)/ (E_batt * 3600)); %
X_lim(l,1) = X opt(l-1,1) —-...
((L_final)/ (E_batt = 3600)); %
end

[o)

X_range(:,1) = X_1im(1l,1):X_PRCSN:X_ lim(1l,2);

P_regen_opt (1l,1) = P_regen;
X_opt(l,1) = X_range;
fuelRate_opt(l,1) = fuelRate;
end
elseif L_total(l) < O % Regen-braking condition

Max

Min

Max

Min

% Step 2a: Form SOC Query Range and form a SOC vector

feasible

feasible

feasible

feasible

SOC

SOC

SOC

SOC
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P_gen_range(:,1) = ((X_opt(l-1,1) - X_range) *...
(E_batt = 3600)) - L_total(l);

P_batt_range(:,1) = L_total(l) + P_gen_range(:,1);

len_x_rng = length (X_range);

fuelRate = zeros([len_x_rng 11]);

for k = 1l:len_x_rng

if P_gen_range (k) < =500
[engEff, fuelRate(k,1)] = calcEngEff (abs(P_gen_range (k) ...

/eta_genmot) ) ;

P_fuel_range(k,1) = (P_gen_range (k) /eta_genmot) =*...
(1/engEff) ;
else
fuelRate (k,1) = 0;
P_fuel_range(k,1) = 0;
end
end
ECvector_Wh_m(:,1) = ((X_opt(l,1) - X _range(:,1)) * E_batt)/...
(DistTrvld_m(l,1) - DistTrvld_m(1,1));

% Step 3a: Compute control candidate values corresponding to all
% A SOC
for k = 1l:len_x_rng
if ECvector_Wh_m(k,1) > O
estRngVec_m(k,1) = ((X_range(k,1l) - SOC_Min) x E_batt)...
/ECvector_Wh_m(k,1);
fsblRngVec (k,1) = estRngVec_m(k,1l) - (DistTrvld_m(end,1)...
- DistTrvld_m(1l,1));
else
estRngVec_m(k,1) = Inf;

fsblRngVec (k,1) = estRngVec_m(k,1l) - (DistTrvld_m(end,1l)...
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365
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- DistTrvld_m(1,1));

end

o)
% ——=

P_gen(k) = P_gen_max *...

((X_range (k) - X_range(l))/ (X_range(end) — X_range(l)));

if P_gen(k) # O

&& —isnan (P_gen (k))

[engEff,—] = calcEngEff (abs (P_gen (k) /eta_genmot));
P_fuel (k) = (P_gen(k)/eta_genmot) =* (l/engEff);
else
P_fuel (k) = 0;
end
P_regen(k) = L_final;

[o)
% ———

if (fsblRngVec(k,1l) > minFsblRng) && FUEL_FLAG ==

P_batt (k) =

else

P_batt (k)
end

end

P_regen (k) + P_gen (k);

Inf; % Maximum penalty added for

% Step 3b: If all solution values result in infinity

if isinf (P_batt)
if FUEL_FLAG ==
P_batt (end)
else
P_batt (1) =
end

end

% Step 4: Calculate

Y_x = (P_batt + abs

% Step 5: Determine

0

= L_total(l) + P_gen(end);

IL_total(l);

Cost-to-go for each possible path.

(P_fuel)) /3600;

optimal path as per cost function.

infeasibility
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404

opt_idx = find(Y_x == min(Y_x));
% 4200 W is minimum power engine map can resolve
if P_gen_max < -500

% Step 6: Assign optimal SOC value and repeat.

P_gen_opt(l,1) = P_gen (opt_idx);

P_fuel_opt(l,1) abs (P_fuel (opt_idx));

P_batt_opt(l,1) = P_batt (opt_idx);

P_regen_opt (l,1) = P_regen (opt_1idx);

X _opt(l,1l) = X_range (opt_idx);

fuelRate_opt(l,1) = fuelRate (opt_idx);
else

o)

% Step 6: Assign optimal SOC value and repeat.

P_gen_opt(l,1l) = P_gen_max;
P_fuel_opt(l,1) = P_fuel;
P_batt_opt(l,1) = P_batt_range;
P_regen_opt(l,1) = P_regen;
X_opt(l,1) = X_range;
fuelRate_opt(l,1) = fuelRate;

end

end

[

% Optimal solution addition

P_battopt_total(l,1l) = P_battopt_total(l-1,1) + P_batt_opt(l,1);
P_fuelopt_total(l,1l) = P_fuelopt_total(l-1,1) + P_fuel_opt(l,1);
FuelUsed_L(1l,1) = FuelUsed_L(1-1,1) + fuelRate_opt(l,1);

Q

% Fuel completion check

if (MAX_FUEL - FuelUsed_L(1,1)) > O

FUEL_FLAG 0;
else

FUEL_FLAG

I
—
~

end
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end

EC_Wh_m(1,1) = ((X_opt(l,1) - X_opt(l,1)) %= E_batt)/(DistTrvld_m(1l,1));
if EC_Wh_m(1,1) > O
estRange_m(1l,1) = ((X_opt(l,1) - SOC_Min) * E_batt)/EC_Wh_m(1,1);
fsblRange (1l,1) = estRange_m(1l,1) - (DistTrvld_m(end,1)...

— DistTrvld_m(1,1));

else

estRange_m(l,1) = Inf;

fsblRange (1

,1) = estRange_m(l,1) - (DistTrvld_m(end,1)...

— DistTrvld_m(1,1));

if any (X_opt < SOC_Min)

else

end

disp('## Infeasible Solution due to SOC violation ##'")

OPT_KEYWORD = 'UNSUCCESSFUL';

idx = find(X_opt < SOC_Min, 1);

NetEC_opt = ((sum(P_batt_opt(l:idx-1)) + sum(P_fuel_opt(l:idx-1)))...

/3600) /DistTrvld_m(idx-1) ; % Wh/m

disp('## Optimization was successful for SOC ##')

OPT_KEYWORD = 'SUCCESSFUL';
NetEC_opt = ((sum(P_batt_opt) + sum(P_fuel_opt))/3600)...
/DistTrvld_m(end) ; % Wh/m

% Range based Feasibility

if £

else

sblRange (end) <

minFsblRng

disp('## Infeasible solution due to range violation ##")

OPT_KEYWORD_2 =

'UNSUCCESSFUL"';

208



438

439

440

441

442

443

444

445

446

447

448

449

450
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disp ('## Optimization was successful for Range ##')

OPT_KEYWORD_2 = 'SUCCESSFUL';

end

%% Output Data Structure

optResults
optResults

optResults

optResults.

optResults

optResults

optResults.

optResults.

optResults

optResults

optResults.

optResults.

optResults

optResults.

optResults.

end

.0optSOC_pct =

.optPgen_W =

.optPbatt_W
optPfuel W =
.optPregen_W
.OptNetEC = N
fsblRange_m
estRange_m =

.distTrvld_m

X_opt;
P_gen_opt;
P_batt_opt;
P_fuel_opt;

= P_regen_opt;
etEC_opt;

= fsblRange;
estRange_m;

= DistTrvld_m;

.EC_Wh_m = EC_Wh_m;

Veh_Load W =

FuelUsed_L
.minFsblRng_m
STATUS_KEY =

STATUS_KEY_2

L_load;
FuelUsed_L;

= minFsblRng;
OPT_KEYWORD;

= OPT_KEYWORD_2;
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A.2 SHEV/EREV MPC Code

The provided function code is used to compute the receding horizon model predic-
tive control output for Series Hybrid Electric Vehicle generator system set point. This
function is available to be used along with the Passenger Vehicle Model in the Github

repository.

function [x_soc_est_k_1,P_gen_opt, SOC_opt, status,p] =...
soc_mpc (x_soc_k,u_soc_ref_vec,u_Paux_k_1,u_P_gen_k_1,u_est_spd_vec, ...
u_est_acc_vec,md_grade_vec,estHorizon, ctlHorizon, Ts)

% ,b,H, £, A

%% Linearized Vehicle Power Model - UW EREV

m = 2012;

g = 9.81;

o\°

Aerodynamic Drag Resistance Power Coefficient
Af = 0.4;

Cd

0.34;
rho = 1.225;
Al = 0.5 » Af «x Cd * rho;

o)

% Rolling Resistance Power Coefficient

Q
[n}
Il

0.00502;

Bl =m x g * Cr;

% Climbing Resistance Power Coefficient
Cl =m x g;

% Battery information

Ebatt = 18900;

%% Estimation vector
persistent soc_est_vec
if isempty (soc_est_vec)
soc_est_vec = ones([estHorizon 1]);

end
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oo
)

Pba

for

end

X_S

o\
o\

pl
P2
k1l
k2
H =

for

211

Model based estimation

tt = zeros([estHorizon 1]);
k = l:estHorizon
Pbatt(k,1) = u_Paux_k_ 1 - u_P_gen_k_1 + (m » u_est_spd_vec(k,1l) ...

u_est_acc_vec(k,1)) + (Al x (u_est_spd_vec(k,1)"3)) +...
(Bl % u_est_spd_vec(k,1)) + (Cl * (md_grade_vec(k,1)/100) =...
u_est_spd_vec(k,1));

if Pbatt(k,1) < -15000

Pbatt (k,1) = -15000;
end
if k ==
soc_est_vec(k,1l) = x_soc_k - ((Ts/(Ebatt % 3600)) * Pbatt(k,1));
else
soc_est_vec(k,1l) = soc_est_vec(k-1,1) - ((Ts/(Ebatt * 3600)) *...
Pbatt (k,1));
end
oc_est_k_ 1 = soc_est_vec;
Optimal Generator Power - mpcgpActiveSetSolver
= 1;
= le8§;

= 0.000141 * Ts; % g/W; %Ts/(3600x18900);
= 1;

eye (ctlHorizon * 3);

j = 1:(ctlHorizon * 3)
if mod(3j,3) == 1

H(j,:) = H(J,:) * (pl » k1 » k1);
elseif mod (3j,3) == 2

H(j,:) = H(3,:) » (p2 = k2 * k2);
else

H(Jj,:) = H(j,:) * p2 = (u_soc_ref_vec(]/3)"2);
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end

[L,p] = chol(H, 'lower');

Linv = inv (L) ;

f = zeros([ctlHorizon*3 1]);

f(2:3:end)

inegVec_1

inegVec_3

inegVec_5

inegVec_10

-1 00-100-100-100-100-100-100=-100-10

010
0-10
inegVec_15
ineqgVec_20
inegVec_25

inegVec_30

0
0

-2 % p2 % k2 *x k2 x u_soc_ref_vec(l:ctlHorizon);

[1 0 O;
-1 0 0;

01 0;

0 -1 071;
[100O10010
-100-100 -1

010010001

0-100-100
[100O10010
-100-100 -1

01 0010001

0-100-100

(1001001001001 001O00O1001O0O01O0

1001001001001 0010010010¢010;

0 0;

0;

-1 01;

010010 0;

00 -100-10 0y
001001 0;

-1 00 -100 -1 01;

010 0;
0 -1 0 0;

-100-100-100-100-100-100-100-100+-107;

[inegVec_5 ineqgVec_10];

[inegVec_10 ineqgVec_107];

[inegVec_5 ineqgVec_207];

[inegqVec_15 inegVec_15];

switch ctlHorizon

case 1

mult

A

ineqgVec_1;
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106
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114

115

116

117

118

119

120

121

122

123

124

b = [0 » mult; -15000 » mult; sum(x_soc_est_k_1(l:mult,1));
—(sum(x_soc_est_k_1(l:mult,1)) +...
(((15000 * Ts)/ (18900 x 3600))*mult))];
Aeg = [-(Ts/ (18900 % 3600)) 1 01;
beg = sum(x_soc_est_k_1(l:mult,1));
case 3
mult = 3;
A = ineqgVec_3;
b = [0 » mult; -15000 * mult; sum(x_soc_est_k_1(l:mult,1));
—(sum(x_soc_est_k_1(l:mult,1)) +...
(((15000 = Ts)/ (18900 % 3600))*mult))];
tmp_Aeq = [-(Ts/ (18900 = 3600)) 1 0];
Aeqg = [tmp_Aeqg tmp_Aeq tmp_Aeq];
beg = sum(x_soc_est_k_1(l:mult,1));
case 5
mult = 5;

A = ineqgVec_5;

b [0 » mult; -15000 * mult; sum(x_soc_est_k_1(l:mult,1));
—(sum(x_soc_est_k_1(l:mult,1)) +...
(((15000 * Ts)/ (18900 « 3600))+mult))];
tmp_RAeq = [-(Ts/ (18900 * 3600)) 1 0];
Aeq = [tmp_Aeqg tmp_Aeq tmp_Aeq tmp_Aeqgq tmp_Aed];
beg = sum(x_soc_est_k_1(l:mult,1));
case 10
mult = 10;
A = ineqgVec_10;
b = [0 » mult; -15000 » mult; sum(x_soc_est_k_1(l:mult,1));
—(sum(x_soc_est_k_1(l:mult,1)) +...
(((15000 %= Ts)/ (18900 * 3600))mult))];
tmp_Aeq = [-(Ts/ (18900 = 3600)) 1 0];
Aeqg = [tmp_Aeqg tmp_Aeq tmp_Aeg tmp_Aeq tmp_Aeq tmp_Aed. ..
tmp_Aeqg tmp_Aeq tmp_Aeq tmp_Aed];

beg = sum(x_soc_est_k_1(l:mult,1));
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case 15

mult = 15;

A = ineqgVec_15;

b = [0 » mult; -15000 » mult; sum(x_soc_est_k_1(l:mult,1));
—(sum(x_soc_est_k_1(l:mult,1)) +...
(((15000 * Ts)/ (18900 » 3600))+mult))];

tmp_Aeq = [-(Ts/ (18900 % 3600)) 1 0];

Aeq = [tmp_Aeq tmp_Aeq tmp_Aeqg tmp_Aeq tmp_Aeq tmp_Aeq...
tmp_Aeq tmp_Aeq tmp_Aeq tmp_Aeq tmp_Aeq tmp_Aeqg tmp_Aeq...

tmp_Aeqg tmp_Aeq];

beqg = sum(x_soc_est_k_1(l:mult,1));
case 20
mult = 20;

A = ineqgVec_20;

b = [0 » mult; -15000 » mult; sum(x_soc_est_k_1(l:mult,1));
—(sum(x_soc_est_k_1(l:mult,1)) +...
(((15000 * Ts)/ (18900 = 3600))*mult))];

tmp_Aeq = [-(Ts/ (18900 » 3600)) 1 0];

Aeq = [tmp_Aeq tmp_Aeq tmp_Aeqg tmp_Aeq tmp_Aeq tmp_Aeq...
tmp_Aeq tmp_Aeq tmp_Aeq tmp_Aeq tmp_Aeq tmp_Aeg tmp_Aeq...

tmp_Aeqg tmp_Aeq tmp_Aeq tmp_Aeq tmp_Aeq tmp_Aeq tmp_Aed];

beg = sum(x_soc_est_k_1(l:mult,1));
case 25
mult = 25;

A = ineqgVec_25;

b = [0 * mult; -15000 * mult; sum(x_soc_est_k_ 1 (l:mult,1));
—(sum(x_soc_est_k_1(l:mult,1)) +...
(((15000 * Ts)/ (18900 = 3600))*mult))];

tmp_Aeq = [-(Ts/ (18900 » 3600)) 1 0];

Aeq = [tmp_Aeq tmp_Aeqg tmp_Aeqg tmp_Aeq tmp_Aeqg tmp_Aeqg tmp_Aeq...
tmp_Aeq tmp_Aeq tmp_Aeq tmp_Aeq tmp_Aeq tmp_Aeg tmp_Aeq...
tmp_Aeq tmp_Aeqg tmp_Aeq tmp_Aeq tmp_Aeq tmp_Aeqg tmp_Aedg...

tmp_Aeq tmp_Aeqg tmp_Aeq tmp_Aed];
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158 beg = sum(x_soc_est_k_1(l:mult,1));

159 case 30

160 mult = 30;

161 A = ineqgVec_30;

162 b = [0 * mult; -15000 * mult; sum(x_soc_est_k_ 1 (l:mult,1));

163 —(sum(x_soc_est_k_1(l:mult,1)) +...

164 (((15000 = Ts)/ (18900 % 3600))*mult))];

165 tmp_Aeq = [-(Ts/ (18900 » 3600)) 1 0];

166 Aeq = [tmp_Aeq tmp_Aeqg tmp_Aeqg tmp_Aeq tmp_Aeqg tmp_Aeqg...

167 tmp_Aeq tmp_Aeqg tmp_Aeq tmp_Aeq tmp_Aeqg tmp_Aeqg tmp_Aedg...
168 tmp_Aeq tmp_Aeq tmp_Aeq tmp_Aeq tmp_Aeq tmp_Aeq tmp_Aeqg...
169 tmp_Aeq tmp_Aeq tmp_Aeq tmp_Aeq tmp_Aeq tmp_Aeg tmp_Aeq...
170 tmp_Aeqg tmp_Aeqg tmp_Aeq];

171 beg = sum(x_soc_est_k_1(l:mult,1));

172 otherwise

173 mult = 30;

174 A = ineqgVec_30;

175 b = [0 » mult; -15000 » mult; sum(x_soc_est_k_1(l:mult,1));

176 —(sum(xX_soc_est_k_ 1 (l:mult,1)) +...

177 (((15000 * Ts)/ (18900 » 3600))+mult))];

178 tmp_Aeq = [-(Ts/ (18900 % 3600)) 1 0];

179 Aeqg = [tmp_Aeqg tmp_Aeq tmp_Aeq tmp_Aeqg tmp_Aeq tmp_Aeq tmp_Aeq...
180 tmp_Aeq tmp_Aeq tmp_Aeq tmp_Aeq tmp_Aeq tmp_Aeq tmp_Aeq...
181 tmp_Aeq tmp_Aeq tmp_Aeqg tmp_Aeq tmp_Aeq tmp_Aeg tmp_Aeq...
182 tmp_Aeq tmp_Aeq tmp_Aeq tmp_Aeq tmp_Aeq tmp_Aeq tmp_Aeqg...
183 tmp_Aeq tmp_Aeq];

184 beg = sum(x_soc_est_k_1(l:mult,1));

185 end

186

187 opt = mpcgpsolverOptions;
188

189 1A0 = false(size(b));
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[x,status] = mpcgpsolver (Linv, f,A,b,Aeq,beqg, 1A0,0pt);
P_gen_opt = x(1:3:end);
SOC_opt = x(2:3:end);

end
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A.3 SPHET DC-ARTDP Code

The provided function code is used to compute the optimal battery SOC trajectory
using the DC-ARTDP alogrithm in context of the Series Parallel Hybrid Electric Truck.
This function is available to be used along with the Commercial Vehicle Platoon Model

in the Github repository.

function [optResults] = opt_SPHET_DP (driveParams,vehParams)

$OPTIMIZE_SPHET_DP Generates optimal operation for SPHET using DC-ARTDP.

o\°

The input argument is form of structure.

o\

——>driveParams : Includes drive trace parameters

o\

—-—>driveParams.time_s

o

—-—>driveParams.spd_mph

o\°

——>driveParams.grade_pct

o\

—-—>driveParams.startIdx

o\

—-—>driveParams.tripTypeChoice

o\

—-> vehParams : Includes vehicle initialization parameters

o\

——>vehParams.SOC_Max

o

—-—>vehParams.SOC_Min

o\°

—-—>vehParams.SOC_Begin

o\

—-—>vehParams.SOC_Final

o\

—-—>vehParams.Fuel_init

o\

—-—>vehParams.VehMass

o\

-—>vehParams.rl_a

o\

—-—>vehParams.rl_Db

o

—-—>vehParams.rl_c

o\°

—-—>vehParams.L_aux

o\

—-—>vehParams.SOC_PRCSN

o\

—-—>vehParams.minFsblRng

o\

——>vehParams.SOC_ReOpt
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o\°

—-—>vehParams.P_gen_max

o\

o\

—-> optResults

% ——>o0ptResults.optSOC_pct
% ——>optResults.optPgen_W

% ——>optResults.optPbatt_W
% ——>optResults.optPfuel_ W

o\°

——>o0ptResults.optPregen_W

o\

——>optResults.optNetEC

o

——>optResults.fsblRange_m

o\°

——>0ptResults.estRange_m

o\°

——>o0ptResults.EC_Wh_m

o

——>optResults.minFsblRng_m

o\

——>optResults.Veh_Load_ W

% ——>o0ptResults.Veh_Dem W

%% Main Body

%$—— SHEV State Vector

SOC_Max vehParams.SOC_Max;

SOC_Min vehParams.SOC_Min;

SOC_Begin

vehParams.SOC_Begin;

SOC_ReOpt vehParams.SOC_ReOpt;
SOC_Final = vehParams.SOC_Final;

SOC_Range = [];

MAX_ FUEL vehParams.Fuel_init;

LHV_FUEL 42600;

RHO_FUEL 846;
J2WH_CONV = 0.00027778;
N = length(driveParams.time_s);

STRTIDX = driveParams.startIdx;

# Output structure is as follows:

oo o o oo oo o

o\

o\

Includes optimization results for the model

Initializing SOC_range vector as
an empty vector

Liters. 1 Liter = 0.264172. Max
is 26.49

kJ/kg or J/g — Diesel

g/L - Diesel

Conversion multiplier

To assist with re-optimization
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o)

%$—— Vehicle Parameters
VehMass = vehParams.VehMass;
rl_a = vehParams.rl_a;

rl b = vehParams.rl_b;

rl_c = vehParams.rl_c;
IL_aux = vehParams.L_aux;
g = 9.81;

E_batt = 145920;

P_gen_max = vehParams.P_gen_max;
P_batt_dchg_max = 432000;
P_batt_ch_max = -144000;
P_regen_max = —-109440;

P_mot_max = vehParams.P_mot_max;
% —— Initialization -—-

I_drv = zeros ([N 1]);

acc_drv = zeros ([N 1]);

L_load = zeros ([N 1]1);

L_total = zeros ([N 1]);

HybModeGrp = zeros ([N 1]);

o)

%$ N by 2 matrix storing min and
P_mot_lim = zeros ([N 2]);

P_gen_lim = zeros ([N 2]);

P_eng_lim zeros ([N 271);

o\
o\

% Vehicle + Driver

o\°

Auxiliary load due

o\

to electronics [W]

o
=
oy

o\

o\
= = = = =

o\

o\

o\

o\

o\

-1: Regen

o

1: EV, Series

o\°

2: Engine, Parallel

max value of component power.

This variable stores the value 1,2.

219



92

93

94

95

96

97

98

99

100

101

102

103

104

105

106

107

108

109

110

111

112

113

114

115

116

117

118

119

120

121

122

123

124

for
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ii = 1:N
if i1 ==
L _drv(ii,1l) = 0;
acc_drv(ii,1l) = 0;
else
acc_drv(ii,1l) = (((driveParams.spd_mph(ii) -...
driveParams.spd_mph(ii-1))*0.447)/ (driveParams.time_s (ii) ...
- driveParams.time_s (ii-1)));
L_drv(ii,l) = VehMass * acc_drv(ii,1) =*...
abs ((driveParams.spd_mph(ii))x0.447);
end
% Calculates total power load due to resistances at wheels
L_load(ii,1) = (((((rl_c = (driveParams.spd_mph(ii))"*2)) +...
(rl_b » driveParams.spd_mph(ii)) +...
(rl_a)) = 4.448) + (VehMass * g *...
sin (driveParams.grade_pct (ii)/100))) *...

(driveParams.spd_mph (ii) = 0.447);

% Determine if the load demand can be met by motor alone or requires

Q

% engine too.
L_total(ii,l) = L_drv(ii,1l) + L_load(ii,1); % Total power demand at

[

% wheels.

% Sub-Problem. Group 1 is EV or SHEV, Group 2 is Parallel or Engine
% Only.
if (L_total(ii,1)) > O

if L_total(ii,l) < P_mot_max

HybModeGrp (ii, 1) = 1;
P_eng_lim(ii, 1) = 0;
P_eng_lim(ii,2) = 0;

P_gen_lim(ii, 1) P_gen_max;

P_gen_lim(ii,2) = 0;

P_mot_lim(ii, 1) 0;



125

126

127

128

129

130

131

132

133

134

135

136

137

138

139

140

141

142

143

144

145

146

147

148

149

150

151

152

153

154

155

156

157

else

else

end

HybModeGrp (ii, 1) =
P_eng_lim(ii, 1) = 0;
P_eng_lim(ii,2) = 0;

P_gen_lim(ii, 1) =
P_gen_lim(ii, 2)

P_mot_lim(ii,1l) =

P_mot_lim(ii,2)

HybModeGrp (ii, 1)
P_eng_lim(ii, 1)
P_eng_lim(ii,2)
P_gen_lim(ii, 1)
P_gen_lim(ii,2)
P_mot_lim(ii, 1)

P_mot_lim(ii,2)

0;

_1;

(L_total(ii,1));

(L_total(ii, 1))

(L_total (ii,1));

14

o O O

14

P_mot_max;

P_regen_max;
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- P_mot_max;

max (P_gen_max,P_batt_ch_max - P_regen_max);

P_mot_lim(ii,2) = 0;
end
end
optResults.Veh_Dem W = L_total;
%$—— Adaptive DP
% 1. Adjust power demand - Negative power demand values imply

% braking/stoppage.

For ease of calculation,

% to zero will be treated as a zero.

5 2.

% Accmulated.

% engine.

for 3

1:N

any power value below or equal

Total Energy Demand Associated with Drive Cycle and Distance

This energy is at the wheels and not at the battery or



158

159

160

161

162

163

164

165

166

167

168

169

170

171

172

173

174

175

176

177

178

179

180

181

182

183

184

185

186

187

188

189

190

if 3 == 1
E_dem_total(3j,1) = 0;
DistTrvld m(j,1) = O;
else
E_dem_total(j,1l) = E_dem_total(j-1,1) + (L_total(j,1)/3600); % Wh

DistTrvld_m(3j,1) DistTrvld _m(j-1,1) +

abs ((driveParams.spd_mph(j-1)) =% 0.44704); % meters
end
end
% 3. Delta Power - Calculate change in power demand between steps to

o\°

determine discharge and charge scenarios. This helps compute feasible SOC

o\

limits.

delPwr_W = zeros(size(L_total)); % First element is zero by default.
for 1 = 2:N
delPwr_W(i,1l) = L_total(i,l) - L_total(i-1,1);

end

o\

4. Initialize minimum and maximum SOC values - For each time instance, a

o\

min and max SOC value can be obtained based on drive cycle data as well

o\

as power and energy limits.

X _1lim = zeros ([N 21); % X represents state (SOC) here. First column

Q

% is min value and second is max value.

X_1im (STRTIDX, 1) SOC_Begin; % Initializing limits at initial time equal to

X_1im(STRTIDX, 2)

SOC_Begin; % the final SOC wvalue.

X_PRCSN = vehParams.SOC_PRCSN; % Precision for SOC. 0.0001 corresponds to

o\

0.01% SOC change.

% 5. Initialize additional variables and parameters
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192

193

194

195

196

197

198

199

200

201

202

203

204

205

206

207

208

209

210

211

212

213

214

215

216

217

218

219

220

221

222

223

L_xN = 0;

X_opt = zeros ([N 1]);

P_gen_opt
P_eng_opt
P_mot_opt
P_batt_opt
P_regen_op
P_fuel_opt
EC_fuel_op

FuelUsed_L

fuelRate_opt

t

t

zeros ([N 17);

zeros ([N 11);

zeros ([N 17);

zeros ([N 171);

zeros ([N 17);

zeros ([N 17]);

zeros ([N 17]);

zeros ([N 17);

= zeros ([N 171);

% State (SOC)

P_regen_LUT = [0 O;

2 —-3648;

4 -10944;

8 —-21888;

12 -43776;

16 -65664;

20 -87552;

25 -98496;

30 -105792;

35 -109440]; % Regen power Lookup Table
eta_genmot 0.92; % mean value obtained based on the Bosch ICD
eta_mot = 0.931;

%% Loop section - DP Forward Propagation
X _opt(1l,1) SOC_Begin;
X_opt (STRTIDX,1) = SOC_ReOpt;

1 = STRTIDX + 1;

switch driveParams

case 'one-way'

minFsblRng

case 'return'

.tripTypeChoice
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224

225

226

227

228

229

230

231

232

233

234

235

236

237

238

239

240

241

242

243

244

245

246

247

248

249

250

251

252

253

254

255

256

224

[

minFsblRng = DistTrvld_m(end); % meters
case 'custom'
minFsblRng = vehParams.minFsblRng; % meters
otherwise
minFsblRng = 0;
end
FUEL_FLAG = 0;
while(l < N)
P_regen_avail = interpl (P_regen_LUT(:,1),P_regen_LUT(:,2),...
(driveParams.spd_mph(l,1)*0.447), "linear');

if L_total(l) > O % Discharging condition

% Step 1: Determine SOC Limits based on the Hybrid Mode
% EV and Series Mode
if HybModeGrp(l) == 1 && (X _opt(l-1,1) > SOC_Final)
X _1lim(l1,2) = X_opt(1-1,1) —-...
(((L_total(l,1)/eta_mot) +...
L_aux + P_gen_lim(1l,1))/(E_batt %= 3600));% Max feasible SOC
X _1im(l,1) = X_opt(1-1,1) -—...
(((L_total(l,1)/eta_mot) +...
L_aux + P_gen_lim(1,2))/(E_batt = 3600));% Min feasible SOC
% Engine Only and Parallel Mode
elseif HybModeGrp (l) == |l (X_opt(l-1,1) < SOC_Final)
X 1im(1,2) = X _opt(1-1,1) —...
(((P_mot_lim(l,1)/eta_mot) +...
I_aux)/ (E_batt * 3600)); % Max feasible SOC
X 1im(l,1) = X_opt(1-1,1) -...

(((P_mot_1lim(1l,2)/eta_mot) +...

L_aux)/ (E_batt * 3600)); % Min feasible SOC
HybModeGrp (1) = 2;
elseif HybModeGrp(l) == -1 % Regen Braking Mode
X 1lim(l,2) = X_opt(1-1,1) —-...

(((P_regen_avail/eta_mot) + L_aux +...



257

258

259

260

261

262

263

264

265

266

267

268

269

270

271

272

273

274

276

277

278

279

280

281

282

283

284

285

286

287

288

289

max (P_gen_max,P_batt_ch_max -...

(P_regen_avail/eta_mot))) /...

(E_batt = 3600));% Max feasible SOC

X_lim(l,1) = X opt(1-1,1) —...

(((P_mot_1lim(1l,2)/eta_mot) + L_aux +...

P_gen_1lim(1,2))/ (E_batt = 3600)); % Min feasible SOC

end

o o

o

Propagation.

NOTE: Here Max feasible SOC corresponds to operation with

generator and Min is without generator. Because of Forward

% Step 2a: Form SOC Query Range and form a SOC vector

temp = X_1im(1l,1):X _PRCSN:X_ 1lim(1l,2); % SOC Range
X_range = zeros (size(temp))';

P_batt_range = zeros(size(temp))';

P_mot_range = zeros(size(temp))';

P_gen_range = zeros(size(temp))';

P_eng_range = zeros (size(temp))';

P_fuel_range = zeros(size(temp))';

ECvector_Wh_m = zeros(size(temp))';

X_range(:,1) = X_1im(1l,1):X_PRCSN:X_ lim(1l,2); % SOC Range
if HybModeGrp(l) == 1

P_batt_range(:,1)
P_mot_range(:,1)

P_gen_range (:,1)

(X_opt (1-1,1) - X_range) * (E_batt % 3600);
L_total(l);

P_batt_range(:,1) - L_aux —...

(L_total (l) /eta_mot) ;

P_eng_range (:,1)
elseif HybModeGrp (1)
P_batt_range(:,1)
P_mot_range(:,1)

P_gen_range (:,1)

zeros (size (P_batt_range(:,1)));

2

(X_opt(1-1,1) - X_range) x (E_batt = 3600);
(P_batt_range(:,1) - L_aux) * eta_mot;
zeros (size (P_batt_range(:,1)));
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290

291

292

293

294

295

296

297

298

299

300

301

302

303

304

305

306

307

308

309

310

311

312

313

314

315

316

317

318

319

320

321

322

P_eng_range(:,1) = L_total(l) - P_mot_range(:,1);

elseif HybModeGrp(l) == -1
P_batt_range(:,1) = (X_opt(l-1,1) - X _range) x (E_batt = 3600);
P_mot_range(:,1) = P_regen_avail;
P_gen_range(:,1) = P_batt_range(:,1) - P_mot_range(:,1);
P_eng_range(:,1) = zeros(size(P_batt_range(:,1)));

end

len_x_rng = length(X_range);

fuelRate = zeros([len_x_rng 1]);

for k = 1l:1len_x_rng
if abs(P_gen_range(k, 1)) + P_eng_range(k,1) > 3000
[engEff, fuelRate (k,1)] =...
calcEngFuelRate (abs (P_gen_range (k, 1) /eta_genmot) +...
P_eng_range (k,1));
P_fuel_range(k,1) = (abs(P_gen_range(k,1)/eta_genmot) +...
P_eng_range(k, 1)) *= (l1/engEff);
else
fuelRate (k,1) = 0;
P_fuel_range(k,1l) = 0;
end

end

% Step 2b: Determine feasible SOC values based on range estimation
ECvector_Wh_m(:,1) = (((X_opt(l,1) - X_range(:,1)) = E_batt) +...
(EC_fuel_opt(l,1) + (P_fuel_range(:,1)/3600)))/...

(DistTrvld_m(l,1) - DistTrvld_m(1,1));

% Step 3a: Compute control candidate values corresponding to all
% A SOC
for k = 1l:1len_x_rng

if ECvector_Wh_m(k,1) > O
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estRngVec_m(k,1) = (((X_range(k,1) - SOC_Min) * E_batt)...
+ (MAX_FUEL - (FuelUsed_L(1,1) +...
(fuelRate (k, 1) /RHO_FUEL))) «x...

(LHV_FUEL % RHO_FUEL * J2WH_CONV)) /ECvector_Wh_m(k,1);
fsblRngVec (k,1) = estRngVec_m(k,1) —...
(DistTrvld_m(end,1l) - DistTrvld_m(1l,1));
else
estRngVec_m(k,1) = Inf;
fsblRngVec (k,1) = estRngVec_m(k,1) —...
(DistTrvld_m(end,1l) - DistTrvld_m(1l,1));
end
temp_P_batt_range = P_batt_range;
if (fsblRngVec(k,1l) < minFsblRng) || FUEL_FLAG == 1 |]|...
(X_range(k,1) < SOC_Min)
P_batt_range(k,1l) = Inf;
end

end

% Step 3b: If all solution values result in infinity

if isinf (P_batt_range)

if FUEL_FLAG == 0

P_batt_range(end) = temp_P_batt_range (end);
else

P_batt_range(l) = temp_P_batt_range(l);
end

end

% Step 4: Calculate Cost-to—-go for each possible path.

Y_x = (P_batt_range + abs(P_fuel_range))/3600;

% Step 5: Determine optimal path as per cost function.

opt_idx = find(Y_x == min(Y_x));
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359

360

361
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363

364

365

366

367

368

369

370

371

372

373

374

375

376

377

378

379

380

381

382

383

384

385

386

387

388

[

if abs (P_gen_range (k

o)

1))

% 4200 W is minimum power engine map can resolve

+ P_eng_range (k,1) > 100

% Step 6: Assign optimal SOC value and repeat.

P_gen_opt(l,1) = P_gen_range (opt_idx);

P_fuel_opt(1,1)
P_eng_opt(l,1) =
P_batt_opt (1,1)

P_mot_opt(l,1) =

= P_fuel_range (opt_idx);

P_eng_range (opt_idx);

= P_batt_range (opt_idx);

P_mot_range (opt_idx) ;

X_opt(l,1) = X_range (opt_idx);

fuelRate_opt (1,1

else

o)

) = fuelRate (opt_idx);

P_gen_opt(l,1l) = P_gen_max;

P_fuel_opt(l,1)
P_eng_opt(l,1) =
P_batt_opt(l,1)

P_mot_opt(l,1) =

= P_fuel_range;
P_eng_range;
= P_batt_range;

P_mot_range;

X_opt(l,1) = X_range;

fuelRate_opt (1,1

end

elseif IL_total(l) < O

) = fuelRate;

o

°

% Step 6: Assign optimal SOC value and repeat.

Regen-braking condition

% Step 1: Determine SOC Limits based on the Hybrid Mode

[

% EV and Series Mode

if HybModeGrp (l) ==

1 &&

(X_opt (1-1,1)

X _1im(1l,2) = X_opt(1-1,1) —-...

(((L_total(l,1)/eta_mot)

+...

> SOC_Final)

L_aux + P_gen_lim(1,1))/ (E_batt = 3600));%

X 1lim(l,1) = X_opt(1-1,1) —...

(((L_total(l,1)/eta_mot)

+...

L_aux + P_gen_lim(1,2))/(E_batt % 3600));%

% Engine Only and Parallel Mode

elseif HybModeGrp (1)

Max feasible SOC

Min feasible SOC
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390

391

392

393

394

395

396

397

398

399

400

401

402

403

404

405

406

408

409

410

411

412

413

414

415

416

417

418

419

420

421

X_lim(1

(((

(E_

X lim(1l
(((

,2) = X_opt(l1-1,1) —...
P_mot_lim(l,1)/eta_mot) + I_aux)/...
batt = 3600)); % Max feasible SOC
,1) = X opt(1-1,1) —...

P_mot_lim(l,2)/eta_mot) + IL_aux)/...

(E_batt = 3600)); % Min feasible SOC
HybModeGrp (1) = 2;
elseif HybModeGrp(l) == -1 % Regen Braking Mode
X _1im(l1,2) = X_opt(1-1,1) -...

(((

max

(P_

(E_

X_lim(1l
(A

(BE_

end

o\

o\

generator

o\

Propagati

o\

Step 2a:

P_regen_avail/eta_mot) + L_aux +...

(P_gen_max,P_batt_ch_max -...
regen_avail/eta_mot))) /...

batt = 3600)); % Max feasible SOC
;1) = X opt(1-1,1) —...

P_mot_lim(1l,2)/eta_mot) + L_aux + P_gen_lim(1l,2))/...

batt = 3600)); % Min feasible SOC

NOTE: Here Max feasible SOC corresponds to operation with

and Min is without generator. Because of Forward
on.
Form SOC Query Range and form a SOC vector

temp = X_1im(1l,1):X PRCSN:X 1lim(1l,2);

X_range = z
P_batt_rang
P_mot_range
P_gen_range
P_eng_range
P_fuel_rang
ECvector_Wh

X_range(:,1

eros (size(temp)) ';

e = zeros(size(temp))';

= zeros (size (temp)) ';
= zeros(size (temp)) ';
= zeros (size (temp))';

e = zeros(size(temp))';

_m = zeros(size(temp))';

) = X 1im(1l,1):X_PRCSN:X_ 1lim(1l,2);

o)
°

[o)

°

SOC Range

SOC Range
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if HybModeGrp(l) == 1
P_batt_range(:,1) = (X_opt(l-1,1) - X _range) x (E_batt % 3600);
P_mot_range(:,1) = L_total(l);
P_gen_range(:,1) = P_batt_range(:,1) - L_aux —...

(L_total(l) /eta_mot) ;

P_eng_range(:,1) = zeros(size(P_batt_range(:,1)));

elseif HybModeGrp(l) == 2
P_batt_range(:,1) = (X opt(l-1,1) - X_range) x (E_batt x 3600);
P_mot_range(:,1) = (P_batt_range(:,1) - L_aux) * eta_mot;
P_gen_range(:,1) = zeros(size(P_batt_range(:,1)));
P_eng_range(:,1) = L_total(l) - P_mot_range(:,1);

elseif HybModeGrp(l) == -1
P_batt_range(:,1) = (X_opt(l-1,1) - X _range) x (E_batt % 3600);
P_mot_range(:,1) = P_regen_avail;
P_gen_range(:,1) = P_batt_range(:,1) - P_mot_range(:,1);
P_eng_range(:,1) = zeros(size(P_batt_range(:,1)));

end

len_x_rng = length (X_range);

fuelRate = zeros([len_x_rng 1]);

for k = 1l:len_x_rng
if abs(P_gen_range(k,1)) + P_eng_range(k,1l) > 3000
[engEff, fuelRate(k,1)] =...
calcEngFuelRate (abs (P_gen_range (k, 1) /eta_genmot) +...
P_eng_range (k,1));
P_fuel_range(k,1l) = (abs(P_gen_range (k,1)/eta_genmot) +...
P_eng_range(k,1)) * (1/engEff);
else
fuelRate(k,1) = 0;
P_fuel_range(k,1l) = 0;
end

end
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[

% Step 2b: Determine feasible SOC values based on range estimation

% —— 01ld Version
ECvector_Wh_m(:,1) = (((X_opt(l,1) - X _range(:,1)) = E_batt) +...

(EC_fuel_opt(l,1) + (P_fuel_range(:,1)/3600)))/...

(DistTrvld_m(l,1) - DistTrvld_m(1,1));

% Step 3a: Compute control candidate values corresponding to all
% A SOC
for k = 1l:1len_x_rng

if ECvector_Wh_m(k,1) > 0

estRngVec_m(k,1) = (((X_range(k,1) - SOC_Min) =*...
E_batt) + (MAX FUEL - (FuelUsed_L(1,1) +...
(fuelRate (k, 1) /RHO_FUEL))) *...

(LHV_FUEL * RHO_FUEL * J2WH_CONV) ) /ECvector_Wh_m(k,1);

fsblRngVec (k,1) = estRngVec_m(k,1) —...
(DistTrvld_m(end,1l) - DistTrvld_m(1l,1));
else
estRngVec_m(k,1) = Inf;
fsblRngVec (k,1) = estRngVec_m(k,1) —...
(DistTrvld_m(end,1l) - DistTrvld_m(1l,1));

end

temp_P_batt_range = P_batt_range;
if (fsblRngVec(k,1l) < minFsblRng) || FUEL_FLAG == 1 ||...
(X_range (k,1) < SOC_Min)
P_batt_range(k,1) = Inf;
end
end
% Step 3b: If all solution values result in infinity
if isinf (P_batt_range)
if FUEL_FLAG == 0
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495

497

498

499

500

501

502

503

504

505

506

507

508

509

510

511

512

513

514

515

516

517

518

519

520

end

P_batt_range(end) = temp_P_batt_range (end);
else
P_batt_range(l) = temp_P_batt_range(l);
end
end
% Step 4: Calculate Cost-to-go for each possible path.
Y_x = (P_batt_range + abs(P_fuel_range))/3600;
% Step 5: Determine optimal path as per cost function.
opt_idx = find(Y_x == min(Y_x));

[

% 4200 W is minimum power engine map can resolve

if abs(P_gen_range(k,1l)) + P_eng_range(k,1l) > 100

else

end

o)

P_gen_opt(l,1) = P_gen_range (opt_1idx);
P_fuel opt(l,1l) = P_fuel range (opt_idx);
P_eng_opt(l,1) = P_eng_range (opt_idx);
P_batt_opt(l,1) = P_batt_range (opt_idx);
P_mot_opt(l,1) = P_mot_range (opt_idx);

X _opt(l,1l) = X_range (opt_idx);
fuelRate_opt(l,1) = fuelRate (opt_idx);

o)

P_gen_opt(l,1) = P_gen_max;
P_fuel_opt(l,1) = P_fuel_range;
P_eng_opt(l,1) = P_eng_range;
P_batt_opt(l,1) = P_batt_range;
P_mot_opt(l,1) = P_mot_range;
X_opt(l,1) = X_range;
fuelRate_opt(l,1) = fuelRate;

% Step 6: Assign optimal SOC value and repeat.

% Step 6: Assign optimal SOC value and repeat.
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% Optimal solution addition
FuelUsed_L(1,1) = FuelUsed_L(1-1,1) + (fuelRate_opt(l,1) / RHO_FUEL);
% Fuel completion check

if (MAX _FUEL - FuelUsed_L(1,1)) > O

FUEL_FLAG 0;
else

FUEL_FLAG

Il
s
~.

end

% Mileage computation and range estimation

EC_Wh_m(1l,1) = (((X_opt(l) - X _opt(l,1)) = E_batt) +...
(FuelUsed_L(1,1) % RHO_FUEL * LHV_FUEL x= J2WH_CONV)) /...

(DistTrvld_m(1,1));

if EC_Wh m(1,1) > O
estRange_m(1l,1) = (((X_opt(l,1) - SOC_Min) = E_batt) +...
(MAX_FUEL - FuelUsed_L(1l,1)) *...
(LHV_FUEL *= RHO_FUEL * J2WH_CONV))/EC_Wh_m(1,1);
fsblRange (l,1) = estRange_m(l,1) - (DistTrvld m(end,1l)...

- DistTrvld_m(1,1));

else
estRange_m(l,1) = Inf;
fsblRange(l,1) = estRange_m(1l,1) - (DistTrvld_m(end,1) ...
— DistTrvld_m(1l,1));
end

%clear estRngVec_m fsblRngVec ECvector_Wh_m
1 =1+ 1;

end

if any (X_opt < SOC_Min)

disp('## Infeasible Solution due to SOC violation ##'")
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OPT_KEYWORD = 'UNSUCCESSFUL';
idx = find(X_opt < SOC_Min, 1);
NetEC_opt = ((sum(P_batt_opt(l:idx-1))

/3600) /DistTrvld_m(idx-1);

else

disp('## Optimization was successful for SOC ##')

OPT_KEYWORD = 'SUCCESSFUL';

NetEC_opt = ((sum(P_batt_opt)

/DistTrvld_m(end) ;

end

[)

if fsblRange (end)
disp('## Infeasible solution due to range violation ##"')

OPT_KEYWORD_2 = 'UNSUCCESSFUL';

else

disp('## Optimization was successful for Range ##')

% Range based Feasibility

< minFsblRng

OPT_KEYWORD_2 = 'SUCCESSFUL';

end

%% Output Data Structure

optResults.

optResults
optResults
optResults

optResults

optResults.

optResults

optResults.

optResults

optResults.

optResults

optResults

optSOC_pct

.optPgen_W
.optPbatt_Ww
.optPfuel W

.optPeng_ W

optPmot_W

.optNetEC =
fsblRange_m

.estRange_m

distTrvld_m

EC_Wh om =

.Veh_Load_W

E

= X_opt;

P_gen_opt;

= P_batt_opt;

= P_fuel_opt;

P_eng_opt;
P_mot_opt;

NetEC_opt;

= fsblRange;
= estRange_m;

= DistTrvld_m;

C_Wh_m;

= L_load;

+ sum(P_fuel opt(l:idx-1))) ...

+ sum(P_fuel_opt))/3600)...
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optResults.FuelUsed_L = FuelUsed_L;
optResults.minFsblRng_m = minFsblRng;
optResults.HybModeGrp = HybModeGrp;
optResults.STATUS_KEY = OPT_KEYWORD;
optResults.STATUS_KEY_2 = OPT_KEYWORD_2;

end
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Appendix B

Modeled System Parameters

The propulsion system component parameters, modeled for Series Hybrid Electric/
Extended Range Electric Chevrolet Camaro experimental research vehicle mentioned
in Chapters [2| - [5| are provided in this Appendix section. Component parameters asso-
ciated with Conventional, Series Parallel Hybrid Electric and Battery Electric long-haul
semi-truck architectures mentioned in Chapter [6| are also provided. These parameters
can be used to develop new models and provide necessary information for comparative

studies. The component parameter information is provided in Tables[B.1|-
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Table B.1: Series Hybrid Electric Vehicle Power Loss Model Parameters

System Parameter Value Units
Mass 2012 kg
Vehicle Road Load Coefficients: [a, b, c] [23,0.1,0.002]  [lbf, éb—[{;, %]
Auxiliary Load 520 \W
Tire Radius 0.346 m
Peak Torque, Power 500, 200 Nm, kW
Motor Continuous Torque, Power 250, 91 Nm, kW
Gearbox Ratio 4.2 -
Efﬁciency read below -
Nominal Voltage 340 \%
Battery Minimum Capacity 18.9 kWh
Peak Discharge, Charge Current 612, 300 A
Continuous Discharge, Charge Current 180, 60 A
Peak Power 78 kw
Engine Available Peak Power 20 kw
Efﬁciency read below -
Peak Torque 200 Nm
Generator Continuous Torque 95 Nm
Efﬁciency 83-95 %
Maximum Capacity 26.5 Liters
Fuel Density 0.783 kg/L
Lower Heating Value 30000 kJ/kg

'Part of the motor system combined efficiency map in Chapter



Table B.2: Conventional Truck Power Loss Model Parameters
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System Parameter Value Units
Mass 35,380 kg
Frontal Area 10.4 m?
Vehicle Average Cqy 0.52 -
Road Load Coefficient, [a, b, c] [319.9, 3.2, 0.15] [Ibf, %, %{ﬂ]
Auxiliary Load 3500 \W
Tire Radius 0.489 m
Engine Peak Torque, Power 2100, 360 Nm, kW
Efﬁciency read below -
Number of Gears 10 -
Transmission Maximum, Minimum Ratio ° 12.8, 0.73 -
Efficiency® read below -
Final Drive Ratio 2.64 -
Maximum Capacity 1135.5 Liters
Fuel Density 0.846 kg/L
Lower Heating Value 42600 kJ/kg

2Part of the engine BSFC map in Chapter

30Obtained from component datasheet.

4All trucks modeled in Chapter@use the same parameters. Accept for Battery Electric Truck for Aux-

iliary Load.

°Based on fuel map from EPA GEM v2 Simulator
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Table B.3: Series Parallel Hybrid Electric Truck Power Loss Model Parameters

System Parameter Value Units
Engine Peak Torque, Power 2100, 360 Nm, kW
Efficiency ° read below -
Number of Gears 10 -
Transmission Maximum, Minimum Ratio ° 12.8,0.73 -
Efficiency® read below -
Final Drive Ratio 2.64 -
Maximum Capacity 567.75 Liters
Fuel Density 0.846 kg/L
Lower Heating Value 42600 kJ/kg
Peak Torque, Power 3400, 350 Nm, kW
Motor Continuous Torque, Power 2380, 245 Nm, kW
Efﬁciencyﬂ 95 %
Nominal Voltage 600 \Y%
Battery Minimum Capacity 145.9 kWh
Peak Discharge, Charge Current 2448, 1200 A
Continuous Discharge, Charge Current 720, 240 A
Peak Torque 373 Nm
Generator Continuous Torque 191 Nm
Efﬁcienc read below -

5Estimated from datasheet.

“Obtained from datasheet.



Table B.4: Battery Electric Truck Power Loss Model Parameters
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System Parameter Value Units
Vehicle Auxiliary Load 2200 W
Peak Torque, Power 3400, 350 Nm, kW
Motor Continuous Torque, Power 2380, 245 Nm, kW
Efﬁciencyﬂ 95 %
Gearbox Ratio 5.2 -
Nominal Voltage 600 \Y%
Battery Minimum Capacity 462.1 kWh
Peak Discharge, Charge Current 7752, 3800 A
Continuous Discharge, Charge Current 2280, 760 A

8Estimated from datasheet.
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