ABSTRACT

HU, CHANGJIAN. A Comprehensive Study of Control Methodology for Plug-in Hybrid
Electric Vehicles. (Under the direction of Dr. Alex Q. Huang).

Vehicle electrification has been well acknowledged as the most promising technology
to achieve the efficient and clean transportation. Plug-in hybrid electric vehicles (PHEVS) are
one of the major targets due to its potential of fuel displacement and extended driving range.
However, the different operation cost of the two energy sources, electric energy from the
utility grid and fuel energy, makes the drivetrain control problem more complex. This
dissertation is dedicated to study the design and implementation of control methodology for

PHEVs.

The drivetrain design is delivered first. Based on the targeted vehicle dynamic
performances, each component of the hybrid drivetrain are properly sized and later applied in
the simulation. Then, the driving pattern identification using LVQ neural network is
proposed. It uses the statistical feature of the short term historical speed profile as the input.
Instead of trying to identify and categorize driving cycles from detailed characteristics, only

the driving patterns (highway or urban stop-and-go) are targeted.

Since the cost of utilizing the two energy sources (engine and motor) significantly
differs on the highway and urban driving, the pattern identified can serve as guidance for the
“smart” utilization of the “cheap and clean” electric energy. By extracting the results from
global optimization, a deterministic energy management strategy is established subsequently.
With the given trip distance, it switches the energy source between the battery and engine
based on the recognized driving pattern such that the both the all-electric capability and the

high average system efficiency are achievable. Additionally, in order to exploit the full



potential of fuel displacement, lowest SOC is expected by the end of the trip. To this end, the
remaining distance-to-go and AER are monitored so that the operation can shift to the all-

electric when necessary to deplete the battery by the end of the trip.

One of the most challenging problems in the control of hybrid drivetrain is to
determine the optimal power split between the engine, traction motor, and generator if
applicable. As a result, in the next step, an optimization based power management strategy is
developed. Using the innovatively proposed algorithm the normalized comprehensive energy
loss of each power split is available to be computed. It is then employed as the criteria for
determining the optimality of each operation. The power split with the minimum energy loss
is believed being able to achieve better fuel economy. Moreover, the proposed normalized
comprehensive energy loss can also serve as an indicator of customers’ behavior, similar to

the MPG in conventional vehicles.

Real time implementation depends on how fast the global minima can be located. For
the drivetrain like series-parallel, the solution domain for a power demand is an unknown
surface. Searching for the optimal solution could be time-consuming. Based on the
characteristics of the solution domains, algorithms such as Particle Swarm Optimization
(PSO) and Dividing Rectangles (DIRECT), as well as the look up table method are
investigated. By trading off between the accuracy and speed, outcomes show that look up

table method is the most appropriate approach thus is eventually applied.

Finally, the result from simulation is evaluated by comparing with the global optimal
strategy. The comparison shows that the proposed control strategy can achieve comparable
overall fuel economy with the global optimization, but is able to be implemented in real time

control.



© Copyright 2015 by Changjian Hu

All Rights Reserved



A Comprehensive Study of Control Methodology for Plug-in Hybrid Electric Vehicles

by
Changjian Hu

A dissertation submitted to the Graduate Faculty of
North Carolina State University
in partial fulfillment of the
requirements for the degree of
Doctor of Philosophy

Electrical Engineering

Raleigh, North Carolina

2015

APPROVED BY:

Alex Q. Huang Yimin Gao
Committee Chair

Igbal Husain Srdjan Lukic

Chris Frey



DEDICATION

This document is dedicated to my parents, my family and especially to my wife, Qun Gai



BIOGRAPHY

Jun 1983 .. o Born-Changchun, China

2006. ... B.S. Automotive Engineering,
Jilin University, China

2008. ... M.S. Automotive Engineering,
Jilin University, China

2011 tOPresent........ooovieriiiiiiiieen Graduate Research Assistant,
Department of Electrical Engineering,
North Carolina State University, US



ACKNOWLEDGMENTS

I would like to express my sincere gratitude to both of my advisor, Dr. Alex Q.
Huang and Dr. Yimin Gao. Their guidance, assistance, patience, and encouragement have
been exceptionally important to my research and the completion of my dissertation. | would
also like thank my committee members, Dr. Igbal Husain, Dr. Srdjan Lukic, and Dr. Chris
Frey, for their helpful advice and comments. In particularly, | appreciate the help from Dr.
Chris Frey and his student Jiangchuan Hu for supporting me with the experiment data.

| am indebted to the NSF funded Future Renewable Electrical Energy Management
and Distribution (FREEDM) System Center and the Advanced Transportation Energy Center
(ATEC) at North Carolina State University for the financial support, equipment and facilities.

I am highly grateful for the opportunity to work at the Advanced Vehicle Research
Center (AVRC) at Danville, VA as part of my research study. | wish to thank Dick Dell,
Richard Dell Jr., Justin Dix, and Judy Baboun for their kindly support during my work at
AVRC.

It has been a great pleasure working in the FREEDM and ATEC lab as a doctoral
student. Many thanks to the center faculties, staffs and my fellow graduates students, for the
help, discussion, and all the good times we have had in the office: Dr. Ewan Pritchard, Dr.
Ning Lu, Dr. Mo-Yuen Chow, Dr. Aranya Chakrabotty, Kassa Hulgize, Karen Autry,
Colleen Reid. Rui Wang and Di Zhu.

Finally, my deepest thanks to my parents, my wife Qun Gai, and my family. They

have always been supportive and encouraging during my many years’ study.



TABLE OF CONTENTS

LIST OF TABLES ...ttt ra e neens viii
LIST OF FIGURES ...ttt bbbttt bbb IX
CHAPTER 1 INTRODUCTION ....ooiiiiie ettt sresnaeneas 1
1.1 Motivation of the ReSEArCH .........cccoii it 1

1.2 Background of Hybrid VENICIES ..o 2
1.2.1 Energy Consumption Analysis of Conventional Vehicles............c.cccccocvvinne 2

1.2.2 Hybrid Electric Vehicle DriVELrain ... 9

1.2.3 Plug-in Hybrid Electric VENICIES .........ccoevveiiiiecice e 13

1.3 Literature Review of the Control Strategies for HEV and PHEV .................... 18
1.3.1 Control Strategies for HEV ... 18

1.3.2 Control Strategies fOr PHEV ..o 26

1.4 Problem Statements and Research Contributions............c.ccocvvvvvneneiencnenene, 34
1.4.1 Problem Statement of the current control strategies of PHEV ..................... 34

1.4.2 Research CONLIDULIONS .........ociiiiiiiiieiee e 35

1.5 Outline of the DISSErtatiON ..........ccceiiiieiieie e e 38
CHAPTER 2 PARAMETRIC DESIGN AND SYSTEM CONFIGURATION............... 40
2.1 Vehicle DIIVADIIITY ........ooooiiiiiiic e 40
2.1.1 Maximum CruiSing SPEEQ.........cccueieiriiiieii e 40

N A Aol ot [ LA o] S 42

2.1.3 Maximum Gradeability .............ccceveiiiiiie i 43

2.2 PArametriC DESIGN ........ooiiiiiiieieiieite sttt bbb 45
2.2.1 Design of EIECHC MOTOT..........c.coieieciecc e 45

2.2.2 DESIgN OF ENQINE....oouiiiiiiiie e 52

2.2.3 Design of Energy Storage SYSteM........cccvciveiieiieieeie e 54

2.3 SyStemM CONFIQUIATION .......cuiiiieiiiieieie e 55
CHAPTER 3 DRIVING CYCLE IDENTIFICATION ......cccoiiiiiiiieieieiee e 59
3.1 The Impact of Driving Cycles on Comprehensive Fuel Economy ...................... 59

3.2 Statistics of the Historical Speed Data.........c.ccccvevveiiieiiiii i 60

3.3 INEUFAI NETWOIK......viieierec et nns 61

3.4 Driving Pattern 1dentifiCation ............ccccoieiiiiiiic i 63



CHAPTER 4 ENERGY MANAGEMENT STRATEGY FOR CHARGE DEPLETION

IMIODIE ...ttt b bbbttt s et et b bbbttt b bbb enes 65

4.1 AER-focused Strategy versus Blended CD Strategy ..........c.ccooeveveiencneniinnninns 66

4.1.1 AER-TOCUSES SIFAtEOY ....eeveivieiieiesieesie et se et e e te et ee e e 66

4.1.2 Blended CD STrAtEQY......ccoueieriieieiriesieeieseesieeeesreesteeeesessteseesseessesneesseeseas 67

4.1.3 Comparison of the AER-focused strategy and the blended CD strategey .... 69

4.2 Smart Utilization of the Plug-in EIectric ENergy..........cccoovivieiiiieiencicninnes 70

4.3 Intelligent Energy Management Strategy .........ccccevvveveiieevveiesiee s esie e 74

A4 SUMIMBEY ..ottt ettt bt s bttt e e he e e e be e ea b e e ke e eabe e sbeeanbeeabeeanteenreeenns 77
CHAPTER 5. POWER FLOW MANAGEMENT STRATEGY FOR CHARGE

SUSTAINING MODE ..ottt st sa e e et e stesresneeneaneas 78

5.1 Power Management Problem ..o 78

5.2 Charge SuStaiNiNg STFATEQY ......ccooviiiriririsieiee e 80

5.3 Power Flow Control Strategy of Mechanical Coupled (Parallel) Drivetrain..... 81

5.3.1 Control Strategy for Power ASSiSt MOGE ..........coocoiiriiiiiiiccec s 81

5.3.2 Control Strategy for Engine Charging Mode.............cccccoovveveiieiieece e 84

5.4 Power Flow Control Strategy of Power-Split (Series-parallel) Drivetrain ........ 96

5.4.1 The Control Strategy of EV MOde .........ccoveiiiieiieiece e 99

5.4.2 The Control Strategy for Engine Charging ..........ccccoovvvevieeneneneneseninns 101

5.5 SUMIMANY ..ottt e bbb e e e nbb e e et e e e nraeean 108

CHAPTER 6 IMPLEMENTATION OF DRIVETRAIN CONTROL STRATEGY ... 109

6.1 Vehicle Simulation Model ..o s 109
6.2 Solution DOMAIN ANAIYSIS ......cviiiiiiiii e 111
6.2.1 Solution domain for parallel drivetrain...........c.ccoceviinininieieee e 112
6.2.2 Solution domain for series-parallel drivetrain...........ccocevvieieiencienennn 115
6.3 Global optimization algorithms...........cccoooiiieiiiic e 120
6.3.1 Simulated Annealing Algorithm ..........cccooiiiiiiiii 121
6.3.2 Particle Swarm Optimization ...........ccccoveiiieeii e 122
6.3.3 Dividing RECTangles algorithm ............cccoeveiiiiiinineceee e 124
6.3.4 Performance ANAIYSIS ........c.ooiiiiiiiie e 127
6.4 Real-time Implementation Method ..o 131
6.4.1 Lookup tables for real time implementation .............ccccoceevveiii e e 132
6.4.2 Accuracy Analysis of LOOK-Up Tables.........ccccoiiiiiiiniiiee e 142

Vi



CHAPTER 7 COMPARATIVE STUDY ...ttt 145

7.1 Dynamic Programming TEChNIQUE .........couviveiiiie e 145

7.2 Comparative Simulation ANalYSIS..........ccoviiiiiiiiee s 148
7.2.1 Comparative Study of the Power Management Strategy ...........ccccceeveenene. 148

7.2.2 Comparative Study of the Energy Management Strategy..........cc.ccocvrenene. 159

7.2.3 Simulation Study with Real World Driving Data ...........ccccceecveieiveriecnenn, 164

7.3 SUIMIMABEY ..ottt ettt ettt et s e bt e bt e s b e e e bt e s be e e nbeeebeeebeenaneenes 169
CHAPTER 8 CONCLUSION AND FUTURE WORK .......ccooiiiirnice e 170
8.1 CONCIUSION ...ttt e eeneenbeeneesneesbeenbeas 170

8.2 FULUIE WOTK ..ottt bbbttt bt 173
REFERENGES. ... ..ottt ettt e e sae e e s e e e nna e e e nnae e e e 175

vii



LIST OF TABLES

Table 1.1. Vehicle parameter of conventional vehicle..................cooiiviiiiii i, 3
Table 1.2. Comparison between HEV and HEV...................i s 17
Table 2.1. VehiCle parameters. ... .....o.viriniii e 45
Table 2.2. Component specification of the parallel drivetrain................................... 56
Table 2.3. Component specification of the series-parallel drivetrain............................. 58

Table 6.1. Simulation results of 6 UDDS cycles and 3 HWFET cycles under exhaustive

search method and look up table method. ..., 149
Table 7.1. Fuel economy comparison for parallel drivetrain.....................oevvininnn.. 149
Table 7.2. Fuel economy comparison for series-parallel drivetrain............................. 142

Table 7.3 Fuel economy for DP and proposed control under highway, urban and blended
driving cycle with initial SOC=0.8...........coiiiiiii e 161
Figure 7.4 Fuel economy for the comparison of energy management strategies over 140 miles
blended driving cycles with initial SOC=0.8..............cccoiiiiiii e 163
Figure 7.5 Fuel economy for the comparison of energy management strategies over 54 miles

real world data with initial SOC=0.8. ... 176

viii



LIST OF FIGURES

Figure 1.1. Speed profile of UDDS driving cycle.........cocooviiiiiiiiiiiiieee e 3
Figure 1.2. Pie chart of energy consumption of a conventional vehicle........................... 4
Figure 1.3. Engine operation points under UDDS driving cycle.............ccoooeiiiiiiiinininnn. 5
Figure 1.4. Torque and efficiency of torque converter based on speed ratio...................... 7
Figure 1.5. Efficiency of torque converter over UDDS driving cycle............cooviiiiennnn 7
Figure 1.6. Accumulative energy loss over UDDS driving cycle............ooevviiiiiininninnnnn. 8
Figure 1.7. System architecture of series hybrid rivetrain.............cccoccoveiiininnccie 10
Figure 1.8. System architecture of parallel hybrid drivetrain............ccocoooiiiiiiiniiiie 12
Figure 1.9. System architecture of series-parallel hybrid drivetrain............................... 13
Figure 1.10. Cumulative distribution of daily trip length based on NHTS 2009................. 16
Figure 1.11. Hierarchical classification of control strategies for HEVs.......................... 19
Figure 2.1. Illustration of the forces of a vehicle climbing a grade...........................e. 44
Figure 2.2. Power and torque characteristics of an electric motor...................ccoeveeennnn. 47
Figure 2.3. Torque-speed characteristic with 3 gear transmission.................coceoeeennnnn. 48
Figure 2.4. Power required at constant speed on a flat road and a 5% grade road.............. 49

Figure 2.5. Tractive effort developed by the motor with single gear versus the resistance of

Vehicle at CONStANT SPEEA. ... . it 51
Figure 2.6. Power required for cruising at constant speed on a flat and a 5% grade road.....53
Figure 2.7. Average tractive power of UDDS, HWFET, US06 and ECE driving cycle....... 54

Figure 2.8. Configuration of the parallel drivetrain...................ooviiiiiiiiiiiieeennn, 56



Figure 2.9. Component specification of the series-parallel drivetrain........................... 57
Figure 3.1. Flow chart of driving pattern identification..................ccoviviiiiiiinninenn... 61
Figure 3.2. Architecture of LVQ neural network...............c.oooiiiiiiiiiiiiiiiine, 63

Figure 3.3. Driving pattern identified of UDDS, HWFET, US06, ECE, NEW YORK, and

LA92 driving cycles based on the statistical method and LVQ neural network................. 64
Figure 4.1. Conceptual illustration of the AER-focused strategy.............ccovvvvininnennn. 67
Figure 4.2. Conceptual illustration of the blended CD strategy..............ccoeiveiiiniinnnn... 68
Figure 4.3. SOC behavior with and without trip adjustment....................cccoeeiiiiinenn... 73
Figure 4.4. Flow chart of vehicle energy management strategy...............coevvivreniennennnn. 76
Figure 5.1. Power flow diagram of hybrid electric vehicle....................ooooiiiiiiin. . 79
Figure 5.2. lllustration of thermostat strategy for SOC regulation........................cc...... 80
Figure 5.3. Power split of proposed strategy on engine BSFC map.............................. 83
Figure 5.4. Power split of proposed strategy on motor efficiency map........................... 84
Figure 5.5. Power flow analysis of engine charging mode for parallel drivetrain............... 86
Figure 5.6. Analysis of energy loss in engine during engine charging........................... 91
Figure 5.7. Analysis of energy loss in motor during engine charging............................ 91
Figure 5.8. Analysis of SOC in during engine charging................coooviiiiiiiiiiiiinnn 92
Figure 5.9. Optimal engine operation selection during engine charging......................... 95
Figure 5.10. Optimal motor operation selection during engine charging......................... 95
Figure 5.11. SOC behavior of the selected engine and motor operation........................ 96
Figure 5.12. Configuration of series-parallel hybrid drivetrain......................c.ooiinin, 98
Figure 5.13. Traction torque capability of the series-parallel hybrid drivetrain................ 101



Figure 5.14. Power flow analysis of engine charging mode for series-parallel drivetrain...104
Figure 5.15. Illustration of selecting the optimal engine operation in a series-parallel

4o A2 2V 1 106
Figure 5.16. Illustration of the operation of the TM associated with the engine operation...107
Figure 5.17. lllustration of the operation of the GM associated with the engine operation..107
Figure 6.1. Equivalent circuit of battery model................ccooiiiiiiiiiiiii e 111
Figure 6.2. Possible operation points of engine and electric motor.........................ee. 113

Figure 6.3. Average energy loss and efficiency of the proposed strategy for parallel

0[S ¢ 1 PP 114
Figure 6.4. Operation region and optimal operation points of engine, TM and GM......... 116
Figure 6.5. Operation region and optimal operation points of engine, TM and GM......... 116
Figure 6.6. Efficiencies of engine TM, GM and the system...................cooiiiiiiiniiinnn, 119
Figure 6.7. Average energy loss of engine, electrical system and the drivetrain...............118

Figure 6.8. Graphical representation of the first three iteration of the DIRECT algorithm..126

Figure 6.9. Sphere test function and the location searched by PSO...................ooooee. 129
Figure 6.10. GP test function and the location searched by PSO.....................oooeeie, 129
Figure 6.11 Iteration statistics for sphere test function by DIRECT............................ 130
Figure 6.12. Iteration statistics for GP test function by DIRECT.................c.ccoovin. 130
Figure 6.13. Optimal engine torque for engine charging mode with 1% gear.................. 133
Figure 6.14. Optimal engine torque for engine charging mode with 2" gear................... 133
Figure 6.15. Optimal engine torque engine charging mode with 3 gear.......................134
Figure 6.16. Optimal engine torque for engine charging mode with 4™ gear.................... 134

Xi



Figure 6.17. Optimal engine torque for engine charging mode with 5" gear.................. 135

Figure 6.18. Acceleration created by drag force................oooiiiiiiiiiiiiiiii 136
Figure 6.19. Optimal engine torque during the engine-motor combined traction............. 137
Figure 6.20. Optimal motor torque during the engine-motor combined traction...............138
Figure 6.21. Optimal engine torque for engine charging of series-parallel drivetrain......... 139
Figure 6.22. Optimal engine speed for engine charging of series-parallel drivetrain......... 139
Figure 6.23. Optimal TM torque for engine charging of series-parallel drivetrain............ 140
Figure 6.24. Optimal GM speed for engine charging of series-parallel drivetrain............ 140

Figure 6.25. Engine operation points in CS mode under UDDS cycle with exhaustive search
and 100k up table. ... ..o 142
Figure 6.26. Engine operation points in CS mode under HWFET cycle with exhaustive
search and 100k up table........oooiieiii i 143
Figure 7.1. Component energy loss for parallel drivetrain with DP and proposed control
strategy for PHEV, and constraint engine on-off for HEV...................ocooiin 151
Figure 7.2. SOC behavior of DP, proposed strategy and engine on-off strategy for parallel
drivetrain over UDDS driving CyCle.......o.viiiiiii e 151
Figure 7.3. Engine operation point of DP, proposed strategy and engine on-off strategy for
parallel drivetrain over UDDS driving CYClIe..........ooviiiii i 152
Figure 7.4. Motor operation points of DP, proposed strategy and engine on-off strategy for
parallel drivetrain over UDDS driving CYClIe............oieiiiii e 152
Figure 7.5. Engine operation point of DP, proposed strategy and engine on-off strategy for

parallel drivetrain over HWFET driving CYCle..........ooiviiiiiii e, 153

Xii



Figure 7.6. Motor operation points of DP, proposed strategy and engine on-off strategy for
parallel drivetrain over HWFET driving cycle.........oooviiiiiiiiiiiiiie e 153
Figure 7.7. Component and system efficiency of DP, proposed strategy and the constraint
engine on-off strategy for parallel drivetrain over UDDS driving ..............ccoeivinnn... 155
Figure 7.8. Component energy loss of DP strategy and the proposed strategy for series-
parallel driVetrain. .. ... ..o e 156
Figure 7.9. Generator operation point of DP and the proposed strategy for series-parallel
drivetrain over UDDS driViNg CYCIe. ......ovineiiii i, 157
Figure 7.10. Engine operation points of DP and the proposed strategy for series-parallel
drivetrain over UDDS driving CYCle.......c.ouviniiiiii e e 158
Figure 7.11. Motor operation points of DP and the proposed strategy for series-parallel
drivetrain over UDDS driving CYCle. ... ..o 158
Figure 7.12. SOC behavior of DP and the proposed strategy for series-parallel drivetrain over
UDDS driving CYCIe. ...ttt e e e et et 159

Figure 7.13. SOC of proposed and DP under highway, urban and blended driving cycles..161

Figure 7.14. Driving cycle, engine power and SOC for CELMS..............cccociviiiiinnnn. 163
Figure 7.15. Driving cycle, engine power and SOC for AER-focuses strategy............... 164
Figure 7.16. Local routes of tested driving cycles in RTP area of NC.......................... 165
Figure 7.17. Speed profile of the driving cycle captured in RTP area of NC.................. 166
Figure 7.18. Speed profile, engine power and SOC with AER-focuses strategy.............. 168
Figure 7.19. Speed profile, engine power and SOC with CELMS strategy.................... 168

Xiii



CHAPTER 1 INTRODUCTION

1.1 Motivation of the Research

In recent decades, the growing concerns of the environment issues, rapid depleting
fossil fuel reserves and the more restrictive legislations have been pushing the technologies
of automotive industry to develop vehicles with higher fuel economy and lower emission][1,
2]. Vehicle electrification has been well recognized as the most promising technology to
achieve the efficient and clean transportation [1, 3-5]. In the past decade, the major focus of
vehicle OEMs are battery powered electric vehicle (BEV), hybrid electric vehicle (HEV) and

plug-in hybrid electric vehicle (PHEV).

BEV completely switches its energy source from liquid fuel to electricity and
diminishes the emission problems on vehicles. However, the low energy and power capacity
per unit weight and volume (1.8% of diesel fuel and 2% of gasoline [6, 7] for Li-ion battery)
lead short driving range per charge and bulky and heavy battery pack, which hurt the vehicle
performance again. Currently, with the limitation of battery performance, BEV is only
suitable for certain purpose of usages such as golf cart or neighborhood commute. Compared
with the conventional oil-fueled vehicles, the latter are still a better choice due to the long
driving range[8]. HEV, on the other hand, appears to be a more viable and realistic solution.
Rather than switching the oil consumption to electricity, HEV aims at the significant
improvement on the vehicle fuel economy. By adding an electric motor and a battery pack as
the secondary power and energy source, the operation of the oil fueled engine is able to be

optimized to become more efficient. Additionally, during vehicle braking, the electric motor



can work as a generator to partially recuperate the kinetic energy that used to be dissipated
into heat on conventional vehicles. Therefore, the fuel economy of an HEV is much better
than a vehicle with conventional powertrain. Nevertheless, HEV only has one energy input,
the liquid fuel, implying that all the energy still comes from burning the fuels. From the
environmental point of view, HEV is not the ultimate solution due to lack of zero dispersed
emissions, dependence of petroleum-based energy supply, and perhaps high operation cost[9].
Plug-in hybrid electric vehicle (PHEV) shares the advantages of EV and HEV. It typically
has a larger battery pack that enables the vehicle for certain miles of all-electric capability,
and a smaller onboard internal combustion engine (ICE) that enables the extended range
capability. Therefore, it has the potential of shifting a significant part of petroleum fuel to
the 4 times cheaper electricity without much sacrifice of user’s convenience[10]. PHEV has
been acknowledged to be one of the most critical technologies for sustainable transportation
by both government and research institutes such as U.S. Department of Energy (DOE) [11],

Argonne National Lab (ANL)[11-13], and National Renewable Energy Lab (NREL)[5, 14].
1.2 Background of Hybrid Vehicles
1.2.1 Energy Consumption Analysis of Conventional Vehicles

As aforementioned, hybrid vehicles are aimed at increasing the fuel economy by
optimizing the operation of the drivetrain. To achieve this, the most efficient method is to
analyze the energy loss during operations of a conventional drivetrain so as to locate the
potential energy consumptions that are possible to be eliminated or mitigated. In this thesis,

the operation of a conventional vehicle’s drivetrain is simulated under the urban



dynamometer driving schedule (UDDS) provided by U.S. Environmental Protection Agency
(EPA)[15], which is shown in Figure 1.1. The parameters of the conventional vehicle are
listed in Table 1.1. In the simulated conventional drivetrain, an 85kW engine is selected as

the power source with an automatic transmission.

Table 1.1 Vehicle parameters of conventional vehicle

Vehicle Mass M =1500(kg)
Front Area A =2.0m
Radius of the driven wheels r, =0.29m
Transmission efficiency 1, =0.98
Air density p, =1.205kg / m®
Aerodynamic drag coefficient Cp, =03
Rolling resistance coefficient f. =0.01
Mass transfer coefficient det=1.089
Gravity coefficient g=9.81
Final drive speed ratio id=4.2
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Figure 1.1 Speed profile of UDDS driving schedule



The distribution of the energy usage is summarized in Figure 1.2. Among all the
listed losses, drag loss includes the energy applied on balancing the rolling and aerodynamic
drag on the road. Transmission loss represents the energy lost in torque converter, while the
electric loss stands for the energy used in powering the accessories. From the explanation of
the energy losses, the drag loss and the electric loss are apparently inevitable. Therefore, the
main effort of recuperating the energy loss should focus on the engine, brake and

transmission[16-18].

Engine Loss
77.43%

Drag Loss
7.18%

Electric Loss
5.00%

Brake Loss
3.45%

Figure 1.2 Pie chart of energy consumption of a conventional vehicle



From the pie chart, it can be seen that over 77% of the energy coming from burning
the fuel is lost inside the engine. The energy is usually consumed by overcoming the friction,
driving the engine accessories, air inflow and exhaust[16, 18, 19]. However, the efficiency of
the engine is also determined by the location of its operation points. Figure 1.3 shows the
engine operation under a typical urban driving cycle. It can be seen that the operation points
aggregate in low speed and low power area, where the engine efficiency can be as low as 8%.
This is directly caused by the oversize design, which is to guarantee the dynamic
performance of the vehicles, and the lack of engine optimal control. Consequently, most of
the time when the power demand is not aggressive, the engine will work in its low efficient

area and lead to very bad fuel economy.
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Figure 1.3 Engine operation points under UDDS driving cycle



On conventional vehicles, due to the added load of work brought by the manual-shift
gear transmission, currently most of the passenger cars, especially in North America, are
equipped with automatic transmission. Torque converter (TC) is the main component of the
automatic transmission that transmits the torque through hydraulic coupling. However, the
hydraulic coupling is not very efficient, especially when there is a large difference of
rotational speed between the input turbine and output pump, such as the heavy acceleration
[20, 21]. According to the simulation results shown in Figure 1.2, 6.94% of the energy from
the fuel are lost in the torque converter, which is almost the same energy used for moving the
vehicle (7.18%). Figure 1.4 shows the torque ratio and efficiency of torque converters in
terms of speed ratio. It can be seen that the efficiency drops gradually as the speed ratio
reduces. When the speed ratio is close to zero (large difference between input and output
speed), the efficiency of the TC is close to zero. Figure 1.5 shows the efficiency profile of TC
over the UDDS driving cycle. The average efficiency over the entire cycle is only 0.6285,
which is more than 30% lower than the common mechanical gear transmission. The sharp

spikes correspond to the accelerations when the efficiency of TC considerably reduced.
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Another source of energy loss is the vehicle braking. Conventional braking system
uses mechanical friction mechanism to convert the kinetic energy stored in the vehicle’s
inertia into heat and dissipate it through the air flow. So, basically, all the kinetic energy
stored in the conventional vehicle’s body has been wasted. Figure 1.6 shows the
accumulative braking energy loss over a UDDS driving cycle. It can be seen that by the end
of the driving cycle, the total braking energy abandoned is 0.35kWh, which is around 50% of
the total energy used in traction. If this amount of energy can be used in coasting and
overcoming the drags without braking, the vehicle will travel a significant long distance.
However, different from the urban stop-and-go driving pattern where frequent braking is
involved, in typical highway driving, the vehicle is steadily maintained at a high speed.
Therefore, the energy loss on braking over highway cycle is expected to be much smaller

than that in urban cycle.
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Figure 1.6 Accumulative energy loss over UDDS driving cycle



1.2.2 Hybrid Electric Vehicle Drivetrain

From the previous analysis of sources of energy loss, operating ICE in the low
efficiency region is the most detrimental problem[16]. To address this, in hybrid drivetrain,
an electric motor is coupled together with the ICE as the secondary power source so as to
partially or fully decouple the ICE from the wheels. In such case, either the engine speed, or
engine torque, or both are controllable. Therefore, by optimizing the operation of the engine,
the efficiency of the engine can be increased. Based on different types of coupling between
the ICE and the motor, the configuration of the hybrid drivetrain can be mainly divided into
three types, electrical coupling (series) configuration, mechanical coupling (parallel)

configuration and power split (series-parallel) configuration.
1.2.2.1 Electrical Coupled (Series) Drivetrain

Electrical coupling drivetrain is also referred as series drivetrain. The power from the
two energy sources, namely, the fuel tank and the battery pack, are coupled together in the
form of electrical energy. Figure 1.7 conceptually shows the configuration of the drivetrain.
A traction motor (TM) is mechanically connected to the wheels through the gear box (GB)
and the differential (D). It is the only component that can be used to propel the vehicle. An
IC engine is mechanically connected to a generator (G) to generate electric energy from
burning the fuels. During traction, the TM is powered by either the battery pack, or the
engine-generator, or both if the power rating from a single source is not enough. The TM can
also work in generating mode during braking, to recover the kinetic energy used for

recharging the battery. The dashed line in Figure 1.7 shows the power flow in the electrical



coupling drivetrain. It can be seen that the power transfer of engine-generator is
unidirectional. The electrical power from the engine-generator can be transferred either to the
wheels or to the battery, while the power transfer between the battery and the TM is
bidirectional. It is also can be seen that in this configuration, the engine is mechanically
decoupled from the wheels. Therefore, the engine is available to be operated in its high
efficient area to achieve a better fuel economy, which is the biggest advantage of this
configuration. However, since all the energy from the fuel must go through two times of
changing of its energy form before reaching the wheels, a significant energy loss will be

caused on the generator and motor.
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Figure 1.7 System architecture of series hybrid drivetrain
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1.2.2.2 Mechanical Coupled (Parallel) Drivetrain

In a parallel drivetrain, the energy is coupled together in form of mechanical energy,
as is shown in Figure 1.8. Both the I1C engine and the electric motor directly fed power to the
driving wheels. So the vehicle can be propelled by either the engine, or the motor, or both.
During traction, the motor can work in motoring mode, powered by the battery, to propel the
vehicle. The motor can also work in generating mode, powered by the vehicle braking or IC
engine, to recharge the battery. One big difference from the electrical couple structure is that
the IC engine is mechanically connected to the driven wheels. Therefore, when the engine is
turn on, it has to follow the speed of the load. This prevents the engine from always working
in a very narrow, high efficiency region. However, with the assistant of electric motor, the
engine torque can still be optimized to achieve a better fuel economy. Further, since the
power from the engine can be transferred mechanically to the wheels, the energy loss during

transmission is much smaller than electrical coupling.
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Figure 1.8 System architecture of parallel hybrid drivetrain

1.2.2.3 Power Split (Series-Parallel) Drivetrain

A Power Split (series-parallel) drivetrain incorporates the characteristics of both
electrical coupling and mechanical coupling system. It employs the planetary gear set to
constitute the speed coupling between the engine and the generator/motor (GM), which are
connected to the ring gear and sun gear respectively. The carrier is then coupled with the
traction motor (TM) through a torque coupling device and connected the wheels. Therefore,
both the speed and torque of the engine can be decupled by controlling the GM and TM [16,
18, 22]. Additionally, by controlling the locks, clutch, engine, GM and TM, the power flows
of the power split drivetrain is more flexible and complex. Figure 1.9 shows power flow
paths on the system configuration scheme. It can be seen that the engine can only deliver
power to the planetary gear, while the power flow through the GM and TM are both

bidirectional. During traction, the GM can work in either motoring mode or generating mode
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depending on the required target engine speed. The TM, on the other hand, can either be
powered by the battery to propel the vehicle, or work in the generating mode, driven by the
engine, to recharge the battery. The TM can also work as a generator to recuperate the

braking energy during vehicle braking.
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Figure 1.9 System architecture of series-parallel drivetrain

1.2.3 Plug-in Hybrid Electric Vehicles

Apparently, simply by expanding the capacity of battery pack, while maintaining the
system structures, the HEVs become PHEVs. The objective of PHEV is to use the cheaper
grid charged electric energy to partially or entirely displace the fuel consumption. By

carrying a larger battery pack, the vehicle is able to operate all-electrically for a certain
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range, which is defined as all electric range (AER). After the battery state of charge (SOC)
drops to a specific low level, the vehicle operates as a charge sustaining (CS) HEV. It can be
seen that the increased battery capacity enables PHEV more flexibilities in terms of operation

modes.
1.2.3.1 Operation Mode of PHEV

The available working modes for PHEVs based on the behavior of SOC can be
defined as electric vehicle (EV) mode, charge depletion (CD) mode, and charge sustaining

(CS) mode:
a. EV mode

In EV mode, the drivetrain works as a pure electric vehicle, in which the electric
motor is the only power source to propel the vehicle and the battery provides all the
propulsion energy[23, 24]. It is clear that when the trip length is less than the AER, operating
the vehicle in EV mode is the wise choice, such that all the fuel consumption can be
displaced by electric energy. However, this is one exception. Since the electric motor is
usually designed to be capable of the designated acceleration (0~100km/h or 0~96mph in 10
second) and the designated max cruising speed (100mph)[18, 25]. Therefore, under certain
circumstances when the vehicle is operated aggressively, it is possible that the power
requirement exceeds the maximum power the motor can provide. In such case, meeting the
driver’s requirement has the highest priority. Thus, the engine is turned on to assist the motor.
However, the engine assistance is only available when it is mechanically connected to the

wheels, such as parallel or series-parallel configuration.
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b. CD mode

The CD mode here is more preferred as blended CD mode, in which the electric
motor works as a dominant power source to propel the vehicle whereas the engine works to
supplement. Therefore, most of the propulsion energy comes from the battery and only a
small part comes from the fuel tank[9]. For the drivings loner than AER distance, CD gives a
slightly higher average engine efficiency over long driving distance[23]. Based on the
different drivetrain configurations and the control strategies, the engine and the electric

motor can work either alternatively or together[26].
c. CS mode

The CS mode is used when the battery SOC reaches a specific low threshold [27-29].
The drivetrain is then controlled to maintain the battery SOC within a narrow operating band.
Since the battery SOC does not change much, the liquid fuel is considered the net source of
propulsion energy of the vehicle[30]. This is the mode that conventional HEVs operation in

for most of the time [31-33].
1.2.3.2 Statistics of the Daily Driving Distances

The basic concept of PHEV is to fully or partially displace the fuel consumption with
the cheaper and cleaner electric energy charged from the utility grid. The ability of fuel
displacement mainly depends on the energy capacity of the energy storage and the driving
distance. Therefore, it is worth to investigate the behavior of our daily driving distances.
According to the National Household Travel Survey (NHTS) 2009[34, 35], the distribution

of daily driving mileage are reported in Figure 1.10. It reveals that 65% of our daily travel
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distance is less than 40 miles. That is to say, if the energy capacity of the energy storage is
designed to be able to support the vehicle for 40 mile all electrically, 65% of people’s daily
fuel consumption can be fully shifted to electricity. Even the daily driving range is larger

than 40 miles, still a large portion of the fuel consumption can be covered.
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Figure 1.10 Cumulative distribution of daily trip length based on the NHTS 2009

1.2.3.3 Comparison of the PHEV and HEV

PHEVs and HEVs may have the same system structure. But each of them owns
specific features as listed in Table 1.2. PHEV carries a larger battery pack which can support
the vehicle to travel all electrically for a certain distance, defined as all-electric range (AER).
When the battery energy is in high-energy state, the vehicle can operate in electric vehicle
(EV) mode, where all the propulsion energy comes from the battery, or charge-depletion (CD)

mode, where most of the propulsion energy comes from battery and only a small part comes

from engine.
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Table 1.2 Comparison between HEV and PHEV

HEV PHEV
Plug-in charge No Yes
Daily range limitation No No
All-electric range 0 20, 40, 60 as required

Small or middle depending

Motor size on the hybridization degree Large
Battery size small Middle, de_pending on the
pure electric range
Engine size Large Small
Sing gear or multi-gear,
Transmission requirement | depending on the Single gear

hybridization degree

After the battery energy reaches certain low level, the vehicle enters charge-sustained
(CS) mode, in which the battery energy is maintained till the end of the trip [9, 23, 36].
Apparently, the battery is depleted more intensively in EV mode than in CD mode. Therefore,
before entering the CS mode, the distance traveled under pure CD mode is longer than that
under pure EV mode. In Additional, in HEV, engine is the dominant power source, while
electric motor is the supplement. But, in PHEVs, during the EV or CD mode, the electric
motor is the only or dominant power source. In such case, to satisfy the various acceleration
and high-speed cruising power demand, the motor size of a PHEV is much larger than that of
a HEV. Moreover, the concept of PHEVS is to use the cheaper and cleaner electricity from
the utility grid to replace the fuel consumption. Other than the common energy input of fuel
tank, PHEV also has a secondary energy input of electricity. Due to the difference operation
cost, the energy management strategy has significant effects on the fuel economy. For

example, for a trip shorter than AER, operating the vehicle in EV mode can achieve zero fuel
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consumption. However, for a trip longer than the AER, applying the electric energy on the
road where the engine efficiency is low obviously is the smarter choice. Previous researches
also have indicated that for a trip longer than AER, it is preferable to deplete the battery by
the end of the trip[37]. Therefore, it can be seen that, other than the control of power flow of
hybrid drivetrain, one more layer of control problem is required in PHEV. In this thesis, the
added layer of control problem is referred as the energy management of the plug-in energy
and the control problem of power flow of the hybrid drivetrain is referred as power

management.
1.3 Literature Review of the Control Strategies for HEV and PHEV
1.3.1 Control Strategies for HEV

In general, the power management of strategies of HEVs can be classified into two
groups: 1) the heuristic-based control strategies and 2) the optimization-based control
strategies[2, 38]. Figure 1.11 shows the hierarchical classification of control strategies for

HEVs.
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Figure 1.11 Hierarchical classification of control strategies for HEVs

1.3.1.1 Heuristic-based Control Strategies

The heuristic-based control strategies are real time control schemes that depend on
the current mode of operation and the predefined control rules[39]. The main objective is to
operate the major components of the drivetrain (ICE and motor) in their high efficiency
region such that the better fuel economy can be achieved [40, 41]. Usually, the control rules
are designed based on heuristics, engineering intuition, human expertise, mathematical
models, and even off-line optimization process without the a priori knowledge of the future
driving cycles. When certain predefined criteria are met, the operation will transit from one
mode to another following the corresponding rules. The heuristic-based control strategies can

be further subcategorized into four classes that are: a. the deterministic rule-based control
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strategy[38, 42], b. the fuzzy rule-based control strategy [38, 39, 43], c. the optimized rule-
based control strategy[44, 45], and the predictive rule-based control strategy[46, 47]. The
latter two can actually be classified into the first two categories, since they are just the
heuristic control with optimization and prediction techniques. However, due to the special

features, they are described individually in this dissertation.
a. Deterministic Rule-based Control Strategy

The heuristic-based control strategies are real time control schemes that depend on
the current mode of operation and the predefined control rules[39]. The main objective is to
operate the major components of the drivetrain (ICE and motor) in their high efficiency
region such that the better fuel economy can be achieved [40, 41]. Usually, the control rules
are designed based on heuristics, engineering intuition, human expertise, mathematical
models, and even off-line optimization process without the a priori knowledge of the future
driving cycles. When certain predefined criteria are met, the operation will transit from one
mode to another following the corresponding rules. The heuristic-based control strategies can
be further subcategorized into four classes that are: a. the deterministic rule-based control
strategy[38, 42], b. the fuzzy rule-based control strategy [38, 39, 43], c. the optimized rule-
based control strategy[44, 45], and the predictive rule-based control strategy[46, 47]. The
latter two can actually be classified into the first two categories, since they are just the
heuristic control with optimization and prediction techniques. However, due to the special

features, they are described individually in this dissertation.
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b. Fuzzy Rule-based Control Strategy

Fuzzy logic approach can achieve intelligent, time-varying control system in which
the fuzzy rules can be tuned and adapted if necessary, thus enhancing the degree of freedom
of control[47]. Due to the tolerance to imprecise measurement and the fuzzified rules, fuzzy
rule-based controllers are robust, adaptable to variations and easily adjustable[39, 48]. Niels
et al. [49] developed a fuzzy logic control strategy for a parallel structure passenger car. The
fuzzy rules are designed based on the driver’s command, battery SOC and motor/generator
speed. Through analyzing the efficiency maps and energy loss on the power flow path, the
rules are optimized towards increasing the operational efficiency of all components
considered as one system. Optimal power split between the two power plants (engine and
motor) can be effectively determined. Lee and Sul [50] proposed a fuzzy logic-based control
strategy to minimize the NOx emissions while sustaining the battery charge and achieving the
requested torque for an urban shuttle. The diesel engine speed-torque map is partitioned with
respect to emission, based on which the normalized ratio of the command motor torque to
rated motor torque is obtained to reduce the NOx emission. Moreover, to guarantee the
charge sustenance of the battery, a two layer fuzzy logic controllers are further developed in
[51]. They provide the torque references that represent the predicted drive’s intension and the
torque to achieve balanced battery charge. In such case, the previously generated motor
torque command can be corrected to consider both the pollutant emission and the battery

charge balance.
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c. Optimized Rule-based Strategies

Heuristic rules established on the engineering intuition and human expertise cannot
achieve optimal parameter tuning[52]. But optimizing the control parameters, such as the
logic threshold is challenging due to the non-differentiable, discrete, highly constrained and
nonlinear feature of the HEV system. Non gradient optimization algorithms have been
applied to optimize the control parameters. In [52-56], Particle Swarm Optimization
(PSO)[57] algorithm has been employed. The problem is formulated as searching the global
minima of the objective function with the constrained parameters. The objective function is
usually defined as the fuel consumption, while the constraint parameters are the state variable
such as the vehicle speed, battery SOC etc. Based on the result of PSO, the optimized control
parameters are determined and applied in the rules-based control strategy. Dividing
rectangles (DIRECT)[58] is anther non gradient global minima searching algorithm that can
be used in control parameter optimization. Similar to the integration process of PSO, in [59-
61] the control logic are designed first. The control parameters are then fitted into the
DIRECT algorithm to obtain optimal result such that parameter of interest (fuel consumption

or emission) can be minimized
d. Predictive Rule-based Strategies

Researches have shown that other than the management of torque and power
distribution, driving cycles also play important role on the fuel consumption of hybrid
vehicles [62, 63]. However, the aforementioned strategies are all established on a fixed drive

cycle, and such do not deal with the variability in the driving situation. Langari and Won [46,
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64-67] introduced a rule-based power management controller that incorporates the driving
conditions and the vehicle operation modes. Using the learning vector quantization (LVQ)
network, 9 driving cycles with different characterizations are identified. The four subagent of
the intelligent controller are carefully tuned over each of the driving cycles, such that the
optimal torque distribution is achieved while sustaining the battery charge. Another way of
gaining the trip information is through the global positioning system (GPS). Rajagopalan et
al [47] hires the GPS system to provide the knowledge of type of obstacles or heavy traffic or
s steep grade in the near future. A predictive control strategy based on the trip information is
developed with the aim of achieving a higher degree of control on the emission and fuel

economy over an entire trip.
1.3.1.2 Optimization-based Control Strategies

Although heuristic rule-based control strategies are able to offer increased energy
efficiency, they cannot guarantee the global optimum in all situations[68]. Strategies that are
based on optimization technique are essentially studied. By minimizing the cost function that
usually consists of fuel consumption, emissions, and multiple penalties, the reference power
split and gear ratio, if necessary, can be computed such that the global optimum solution is

achieved.
a. Global Optimization

Global optimum solutions can be achieved with dynamic programming(DP)
technique over a known driving cycles[68]. DP is a technique that has been well

acknowledged to find the global optimum solution of a complex problem with nonlinearity
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and multiple constraints[69]. It breaks the problem into simpler sub-problems (stages), and
find out the solution that minimize or maximize certain cost function consisted of several
interested variations[70]. Lin et al. [71, 72] employed DP technique to computer the best
control strategy for a parallel hybrid electric truck. Over a given driving cycle, at each step
every possible combination of engine and battery power is calculated under multiple
constraints. The globally control path that minimize the fuel consumption and emission is
then obtained as the global optimum control strategy. Wang and Lukic [73] specifically
presented the steps of implementing the DP algorithm on different drivetrain configurations.
Other than the fuel consumption and emission, the battery state of health (SOH) penalty and
frequent engine on-and-off penalty are also added into the cost function, making the optimum
control strategy obtained more applicable. However, to assure the global optimality, DP
requires the a priori knowledge of the driving cycles (Acausal system), which is non-
accessible in real driving condition. Further, the intensive computation load again makes it
impossible to be implemented in real time. Nevertheless, DP technique can act as a good

benchmarking tool in offline simulation.
b. Instantaneous optimization

The introduction of equivalent fuel consumption strategy (ECMS) paved a way of
utilizing optimal control theory for real time power management in hybrid vehicles [74-77].
ECMS is the application of Pontryagin’s Minimum Principe (PMP). Compared with DP, it
looks for local optimal trajectories, but is much faster (small computation load)[78]. The

instantaneous cost function is defined as the sum of fuel consumed by ICE and the equivalent

24



fuel consumption caused by the variation (charging/discharging) of battery SOC. On this
basis, minimizing the instantaneous cost function means choosing the proper equivalent
factor. However, the fuel energy and the electrical energy are not directly comparable.
Therefore, the core process in ECMS is to find the equivalent factor that can be used to

bridge the two. Paganelli et al [75] proposed the approach of calculating the equivalent factor

using mean efficiencies. Sciarretta et al [77, 79] introduced two driving condition factor S

and s, that represent the current driving conditions. The equivalent factor is a function of

Sqis and s, . By storing the representative driving condition factors, such as typical urban,

typical highway etc, the equivalent factor can be evaluated in real time. Musardo et al [80]
delivered an adaptive ECMS. It periodically refreshes the equivalent factor based on the past,
current, and predicted vehicle speed data. To overcome the drawback of heavy computational
burden during updating the equivalent factor, a unique equivalent factor for both charging

and discharging behavior is assumed. In [81], Pisu and Rzzoni compared the three online

implementable control strategies that are A-ECMS, rule-based and H_ . Using DP as the

baseline strategy, the result shows that A-ECMS outperforms the rule-based and H_ control

strategy. Although ECMS is able to achieve comparable fuel economy with DP technique,
previous researches [76, 82-84] have shown that, the equivalent factor strongly depends on
the driving cycles. Therefore, knowing the driving cycle helps to better determine the proper
equivalent factor. Gurkaynak et al[85] incorporate the driving cycle recognition into the
ECMS. A neural network is designed to identify the current driving cycles, based on which

the equivalent factor is selected for the power control. Additionally, varies methods of
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estimating the equivalent factor mentioned above are based on the heuristic ideas[86]. Kim et
al[78, 86] introduced a method of approximating the equivalent factor based on realistic data.
The study has shown that, only two parameters have to be considered when approximating

the equivalent factor that are the effective SOC and the effective mean power.
1.3.2 Control Strategies for PHEV

PHEV is essentially a combination of BEV and HEV, with a larger battery pack that
enables the all-electric capability as an EV and an onboard ICE that enables the extended
range capability as a HEV[42]. When the battery is depleted, the PHEV operates as a
conventional HEV, thus the previous described control strategies in section 1.3.1 are readily
applicable. However, since the utility grid charged electric energy is four times cheaper than
the gasoline fuel, the different operation cost between the electric energy and fuel energy
makes the control problem more complex to minimize the overall cost while maintaining the
dynamic performances under multiple constraints[87, 88]. Therefore, much of the attention
of PHEV controls are paid on the charge depletion (CD) strategy. In this dissertation, the
classification approach of PHEV CD strategy in [89] is borrowed, in which three groups are
proposed as (1) all-electric range(AER) focused strategy (2) rule-based blended charge

depletion strategy and (3) optimization-based charge depletion strategy.
1.3.2.1 All Electric Range focused strategy

All electric range focused strategy is actually a special case in CD strategy. The
concept is to use electric energy as much as possible until the battery SOC reaches certain

specific low level, followed which the SOC is sustained (CS HEV)[9, 90]. It is the most
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straightforward straight that is being widely used in product PHEVs[91]. During all-electric
operation, since the engine never turns on, the vehicle will emit zero tailpipe pollutants. This
potential emission benefit brought much credit in the area where the emissions are strictly
controlled. It also let the California Air Resources Board (CARB) to promote zero-emission-

vehicle (ZEV) over the one without and all-electric capability[92].
1.3.2.2 Rule-based Blended Charge Depletion Strategy

Blended CD strategy, by definition, consists of both the engine and motor providing
propelling energy for vehicles in conjunction with each other through the entire drive
cycle[27, 93]. In such case, the power requirement for the battery and electric motor is
lowered, resulting a mild charge depletion behavior and longer distance before entering CS
mode than AER-focused strategy. Researches also indicate such rule-based CD strategy
reduce fuel consumption when the vehicle AER is exceeded[36, 94]. However, when the
engine turns on, deciding the proper power of the engine is a vital problem. Low power
makes the engine in-efficient, while high power may under-utilize the electrical capability. In
[23, 24, 95], three rule based CD strategies are developed to control the engine power, that
are the differential engine power strategy, load engine power strategy and optimal engine

power strategy.
a. Differential engine power strategy

Differential engine power strategy is one of the simplest CD strategies. The control

logic of differential engine power strategy can be express as:
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P 0 for Seng :Off (11)
9 Py —P for S,, =0On

oad ~ ' eng_threshold eng

mc

min(Pload,PmC_maX) for Seng = Off
P for S,, =0n (1.2)

eng _threshold

Where P, and Py, are the engine power and motor power respectively, Pj,,  is the
power demand of the load, P.,g thresnoia F€Presents the power threshold beyond which the
engine is turned on, B¢ 1mqx IS the maximum motor power, and S, indicates engine on-off

states.

When the predesigned power threshold is triggered, the engine will turn on and
provide the difference power between the load and the threshold. In this strategy, the

threshold needs to be selected smaller than the maximum power from the motor.
b. Load engine power strategy

The difference between the load engine power strategy and the differential engine
power strategy is when engine turns on, it works alone to provide the load. This is designed
with the goal of forcing the engine to operate at a higher power with higher efficiency. The

control logic is shown below:

for S, =0On (1.3)
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mc

min(Pload,PmC_max) for Seng = Off
10 for S, =0n (14)

c. Optimal engine power strategy

Operating the engine at load power may not achieve the optimal efficiency.
Borrowing the idea from load engine power strategy, the optimal engine power strategy is
proposed to control the engine, when turns on, to operate at its optimal power, Py ¢imq;- The
motor will used to compensate the engine to meet the load requirement. This strategy is

expressed as:

b 0 for S, =Off
“ | Pya for S, =0n (1.5)
mMiN(R.q, P )  for S, =Off
" Pload - I:)optimal for Seng =0n (16)

From equations (1.1)~(1.6) listed for the three strategies, other than the engine power,
the threshold power based on which the engine is turned on and off also plays an important
role. Therefore, in [24, 95], the author investigated the power threshold based on the
efficiency analysis and the dynamic programming technique. The results show that the rule-
based CD strategy does have advantages over the AER-focused strategy, but under the
condition that the trip distance is predetermined and the power threshold are well tuned.

Zhang et al [36] proposed a blended CD control strategy, in which a power threshold is
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designed beyond which engine turn on and provides the critical power such that the best fuel
economy can be achieved. The critical engine power is a function of the loss characteristics
of electric system and is estimated by considering both the efficiency of engine and electric
system. However, the optimization is based on the assumption of constant vehicle speed. The
variations such as the accelerations and decelerations are not considered when estimating the
critical engine power. Also, based on the simulation results, the engine turns on and off

frequently, which may not be able to achieve in real world.
1.3.2.3 Optimization based Charge Depletion Strategy
a. Global Optimization

DP technique uses the battery SOC as a state parameter. By changing the initial and
end state, DP algorithm can be readily implemented into PHEV. In [96], O’Keefe and Markel
uses DP as a tool to explore two different control concepts of managing the battery
discharging strategy for PHEVs. Based on the DP optimization, a near-optimal control, rule-
based strategy is derived for real-time implementation. In [97], Karbowski et al analyzed the
impact of driving distance on the overall fuel consumption of PHEVs using DP algorithm.
Different driving cycles are also applied to see the effect of driving patterns. More
importantly, the main reason of different fuel consumptions of DP and EV followed by CS
strategy are analyzed. This provides an essential inspiration and solid proof for the energy

management strategy proposed in this thesis.

Although DP has the ability to find the global best control trajectory, it is commonly

used for off-line simulation, or benchmarking tool. This is because: 1. To ensure the global
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optimality, DP algorithm requires a long horizon, that is, it requires ‘a priori’ knowledge of
the future speed and load profile. 2. The long horizon makes the algorithm computationally

intensive. Therefore, the ‘traditional’ DP algorithm is not implementable in real time controls.

Recently, many researches had been done to overcome these two barriers. Effective
approaches include the modeling of the future driving cycle, and decreasing the computation
load. Moura et al [98] hires the stochastic dynamic programming (SDP) approach to manage
the power demand problem for PHEVS. In the study, the future power demand is treated as a
stochastic distribution and is predicted using a discrete-time Markov chain[99]. The
transition probabilities for future power demands are derived using the data from standard
driving cycles. Based on the results of SDP, a static map which relates current states (engine
speed, vehicle speed, SOC and power demand) to the control inputs, is produced for real-
time implementation. Instead of using standard driving cycles, in [100], the data collected
during the actual driving is used to build the transition probability function. The global
positioning system (GPS) is also employed to compare the performance of control strategies
with different level of route information. However, the optimization still relies on heavy load
of computation, thus not suitable for real time implementation. Another method of modeling
the future driving cycles is through the GPS and intelligent transportation system (ITS) [88,
101-105]. The GPS presents the information such as speed profile, acceleration and
deceleration, road, while the ITS provides the traffic flow information, such as the traffic
lights, speed limits, and historic traffic data[102, 106, 107]. Therefore, with the assist of GPS
and ITS, detailed model of driving cycle is attainable. Gong et al [10, 88, 101, 108] proposed

a trip-based global optimized charge depletion strategy for PHEVs. With the assist of GPS
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and ITS, the speed profile of the trip is modeled through the gas-kinetic traffic flow model.
The global optimum charge-depletion strategy is then obtained through the DP algorithm.
Moreover, to mitigate the computation load of DP, Gong also investigated the spatial-domain
two-scale dynamic programming[109]. With the obtained trip model, the entire trip is
spatially divided into segments. Inside each road segments, the trip model is simplified into
‘constant acceleration-constant speed-constant deceleration’. The DP algorithm is then
applied on the spatial-based road segment. The simulated results shows a minor reduce on
fuel economy, due to the sacrifice on trip model simplification. However, the computation

time is still not comparable to the rule-based strategy.
b. Instantaneous Optimization

The ECMS based on Pontryagin’s Minimum Principle (PMP) and Hamiltonian
function is a good candidate for instantaneous control for PHEVS. Stockar et al [110, 111]
derived the optimal control policy from PMP. The global optimal problem is formulated as
minimizing the global CO2 emission associated with the fuel energy and grid energy
utilization based on a well-to-wheel energy balance. Based on the necessary conditions of
optimal control policy, the relationship with the co-state, control input and the system states
are established. The control input that minimizes the Hamiltonian is chosen as the optimum
solution. It is obvious that obtaining the proper co-state is the essential point to implement
the algorithm. Calculating the optimal co-state may require long time of computation[110].
Common method is to use offline simulation to obtain representative co-state map, in which

the co-states are carefully tuned according to different drive cycles [112, 113]. However, it is
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also indicated that the co-state for the optimal control of PHEV is very sensitive to both the
trip distance and pattern of the driving cycles [77, 111]. Pre-tuned co-state map will not adapt
to different driving conditions. Recent research has been focused on predicting the future
driving cycles for ECMS. Larsson et al [114] proposed a GPS-based route recognition for
ECMS controls. The ongoing trajectory will be cross-compared with the stored commuting
routes. The optimal control parameter (co-state) will be adopted after being adjusted
according to the trip length when a route is recognized. Another route prediction utilizing DP
technique is delivered in [115], instead of using DP as a optimization tool for optimal fuel
consumption, the author hires the DP to predict the low-horizon future trip with intuition
constraint of driving energy, time consumed and the traffic data acquired from ITS. The
optimal control solution is then calculated with PMP approach. Other than predicting the
speed profile of the drive cycle, Zhang et al [103-105] suggested the fully preview of the
future trip including the terrain information. In such case, more judicious use of the electrical
energy can be reached by knowing on the upcoming terrain. Additionally, Zhang also
incorporates the DP technique and backward ECMS into ECMS for optimizing the control of
powertrain. With the “a priori” knowledge attained through GPS, the simplified DP
algorithm and the backward ECMS are able to found the optimal co-state value for the
ECMS and update it periodically. Comparison shows that the backward ECMS outperforms
the DP in terms of the computation load. Therefore, a trip prediction-co state estimation-

power split determination strategy is established that is available for real time control.
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1.4 Problem Statements and Research Contributions
1.4.1 Problem Statement of the current control strategies of PHEV

Through carefully reviewing the current researches on the energy and power
management strategies of PHEVSs, problems can be summarized as:

1. The optimization based strategies can achieve the global optimum control
solution. However, they are not suitable for real time implementation because of the
requirement of the ‘a priori’ knowledge of the driving cycles, and the intensive computation
load. To overcome the first barrier, researches have been accomplished to hire the connected
vehicle equipment such as the GPS and ITS to provide the anticipation of the overhead trip
information [10, 88, 103-105], or borrow the stochastic theory to predict the near future
driving cycles[98, 100, 116]. Nevertheless, due to the extreme uncertainty of the traffic flow,
both of the methods are not very promising. Moreover, previous study has shown that the
price of incorrectly predicting the future driving cycle is detrimental [24, 95-97]. On the
other hand, to avoid the heavy computation, instantaneous control strategies such as ECMS
[77, 86, 103, 110, 113, 115] are developed. At each instant, it uses the pre-tuned control
parameters from off-line simulation to decide the power split. However, it has been proved
that the tunable parameter are exceptionally sensitive to different driving cycles, thus makes
the results deviate from the that of the global optimization.

2. The heuristic strategies, such as rule-based [22, 117, 118] and fuzzy logic [47,
49, 119] are generic schemes that are independent of the driving conditions. It consists of the

deterministic rules as a function of only the vehicle states. Usually, the rules are constructed
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based on engineering experience and each rule has the intuitional physical interpretation.
Comparing to the optimization-based strategy, rule-based strategy obviously has the
advantage of effortless computation, which makes it available for real-time control. However,
due to the nonlinearity of the components and the uncertainty of the driving cycles, the static
rules created according the engineering intuition usually cannot comprehensively consider

the influence related to the fuel economy, thus cannot make optimal decisions from the

system viewpoint.

This dissertation is dedicated to address the two major problems for PHEVs. The goal
of the research is to develop a vehicle level energy and power control strategy that can
properly trade off the optimality with the computational load, such that the globally
suboptimal control solution and, more importantly, the real time implementation are

achievable.
1.4.2 Research Contributions

The major contributions of this dissertation are listed as follows:

e A recursive driving pattern identification methods is proposed. The method doesn’t
require the cooperation of the intelligent connected vehicle equipment such as GPS, GIS, and
ITS, etc. It uses the historical vehicle operation data and recursively calculate the key
statistical parameters that can represent the driving patterns. Additionally, instead of
identifying the detailed characteristics of the current driving manipulation and categorize it
into numerous typical cycles as Won and Langari did in [64, 65], the proposed method only

monitors several key statistical parameters, such as average speed, speed variation,
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coefficient of variation, number of stops etc. Based on the captured and calculated data, the
driving pattern is categorized into two classes, urban driving pattern and highway driving
pattern. This identified driving pattern provides essential information to guide the decision of
the proposed energy management strategy.

e A deterministic energy management based on the driving pattern and the total trip
length is developed. This energy management strategy inherits the advantages of both the
AER-focused CD strategy and the Blended CD strategy [23, 24, 95, 97]. It can intensively
deplete the battery (AER-focused strategy), when the trip distance is less than the AER, to
displace all the vehicle fuel consumption. When the trip distance is larger than the AER, it
gradually discharge the battery (CD-CS strategy) by smartly switching the power source to
ICE according to the identified driving pattern. In such way, the “cheap and clean” electric
energy can be utilized more efficiently on the necessary parts [96]. However, the proposed
CD-CS strategy is different from the Blended CD strategy, proposed by the Argonne
National Lab (ANL) [24, 95, 97] and National Renewable Energy Lab (NREL)[23]. In
blended CD strategy, a power threshold is introduced, beyond which the engine is turn on.
Such approach demonstrates some circumstances when the engine turns on and off multiple
times over a short period of time, which is particularly inefficient and will definitely have
negative impact on the overall fuel consumption[42]. Our approach uses the driving patterns
as the trigger to turn on the engine. Since the driving pattern will not change repetitively in a
short time frame, the engine won’t have the frequent start-up problem. Additionally,
researches have demonstrates that the CD-CS strategy has advantage over an EV-CS strategy

when the control parameters are tuned to deplete the battery consistently at the end of the trip
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[24, 95]. In the proposed strategy, to avoid over utilizing the engine, leading to a high residue
battery SOC at the end the trip, the remaining trip distance and the remaining AER are also
estimated, such that the operation can switch to all-electric mode for the ending part of the
trip and deplete the battery. It is necessary to note that, the estimation of remaining AER in
this dissertation uses a preliminary method, which is not accurate enough. Therefore, it is
possible that the battery SOC at of the end of the trip is not guaranteed to reach the ideal
minimum level. However, the error is acceptable.

e An optimization-based power management strategy is proposed. In the power flow
control of the hybrid drivetrain, the most challenging part is to determine the power split
between engine, traction motor, and generator/motor (in series-parallel configuration) if
applicable. Instead of using the fuel consumption as the optimization function, the
comprehensive energy loss (CEL) of the whole drivetrain are being estimated and optimized.
Through rationally presuming the future battery discharging behavior and trading off the
energy loss between the mechanical system and electrical system, the proposed control
strategy proposed an innovative approach to calculate the average comprehensive energy loss.
The power split with the minimum CEL is found to be the optimum control solution that
could achieve better fuel efficiency.

e The approaches of implementing the proposed vehicle level control strategy for
parallel and series-parallel hybrid drivetrain are discussed. Based on the description of the
control strategy, the optimization problem becomes the computationally intensive global
minima searching problem. Since it is impractical to tackle the problem in real time by brute

force manner, different algorithms, such as gradient based algorithms [120, 121], genetic
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algorithm[122], PSO[52, 123], and DIRECT[39, 124, 125] are discussed and compared from
the real time application viewpoint. In the end, by trading off the marginal accuracy for
enormous improvement of calculation speed, the proposed control strategy is able to be
implemented in real time using numerous look up tables. These tables are created through
off-line simulation based on dense mesh grid. The accuracy analysis presented consecutively
proves that the lookup table is one of the most cost efficient approaches.

e Aninnovative indicator for consumer behavior is created. Currently, most of the
conventional vehicles or HEVs display the instantaneous miles per gallon (MPG) as the
behavior indicator of the influence of driver’s manipulation on fuel economy. However,
MPG might not be a proper or visible indicator because not all the energy comes from
burning the fuel is delivered to the wheels. Part of the fuel energy may go into the battery for
future usage. Therefore, low instantaneous MPG may also lead to high overall fuel economy,
and visa versa. In this dissertation, an instantaneous efficiency that incorporates the energy
loss of the entire hybrid drivetrain system is calculated using the proposed algorithm. This
efficiency effectively functions as the indicator that represents the instantaneous energy
consumption of the vehicle. The driver can also adjust the handling behavior accordingly so

that a lower cost can be achieved.
1.5 QOutline of the Dissertation

The remaining chapters of the dissertation are organized as follows: In Chapter 2, the
component design of the PHEV drivetrain is proposed. The design focuses on the sizing of

the electric motor and the battery. Based on the analysis of the desired vehicle dynamic
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specifications and the distribution of the daily driving range of NHTS 2009, the critical
power rating of the electric motor and the energy capacity of the battery are able to be
designed. Chapter 3 presented the implementation of driving pattern identification. It uses the
recursively calculated statistics of the historical speed data as input. Two different
identification methods, namely the deterministic method and the LVVQ neutral network
method, are investigated. The comparison of performance shows LVQ neutral network
method outperforms the deterministic method. The energy management strategy is developed
in Chapter 4. It incorporates the driving pattern identification as guidance and “smartly”
utilizes the grid-charged electric energy through actively switching the energy sources
between battery and engine over the CD range. Chapter 5 describes the power management
strategy. An innovative algorithm is created that weighs both the instant and total system
energy loss. By computing the normalized energy loss of the whole hybrid drivetrain, the
optimal power split can be achieved that leads to the maximum fuel efficiency. Chapter 6 is
dedicated to implement the proposed vehicle level control strategy into real time control.
After discussing and comparing several possible algorithms, the look up table method is
determined as the most viable method for implementation. Error analysis is also delivered.
Chapter 7 introduces the dynamic programming (DP) technique and employs it as the
benchmarking tool to verify the proposed strategy. The performance of DP, the proposed
strategy and the previously developed rule-based strategy over different cycles and initial
conditions are reported together for comparison. Results show the proposed control strategy
is able to provide considerable aggregated fuel savings. Finally, a summary of the

dissertation and suggested future work are presented in Chapter 8.
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CHAPTER 2 PARAMETRIC DESIGN AND SYSTEM

CONFIGURATION

The goal of parametric design is to determine the power and energy rating of the main
components in the drivetrain. In some other literatures, it is also refereed as component
sizing[18, 126, 127]. With the introduction of the grid-charged electric energy, PHEVS are
different than HEVs in many aspects such as the operation modes, battery size, motor size,
and even the control strategy. Obviously, the design methodology of PHEVs is different from
the HEVs. Therefore, this section will concentrate on the parametric design and system
configuration of PHEVS. It is necessary to mention that, this part is not the original work of

this dissertation. However, to support the study of control strategy, it is still described here.
2.1 Vehicle Drivability

The drivability of the vehicles is the quality and ability of the powertrain’s operation
to deliver power to the wheels[128]. It can be indicated by the maximum cruising speed,

acceleration time/distance, and the maximum gradeability.
2.1.1 Maximum Cruising Speed

The maximum vehicle speed is defined as the highest constant cruising speed that the

vehicle can reach on a flat, well-conditioned road. For a vehicle driving on the road, the

resistance includes the rolling resistance F, , the aerodynamic drag F,, grading resistance F,.

According to the Newton’s Second Law, the equilibrium equation of the tractive force and

the resistances can be expressed as:
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dv
Mazﬁ—(Ff+FW+Fg) (2.1)

or

Ti.i
Sl \f cosa+ = p.Co AV + Mgsine+ oM 3V
r, 2 dt (2.2)

Where T is the torque output of the power plant; i, is the gear ratio of the
transmission; i, is the gear ratio of the final drive; 7, is the efficiency of the driveline from
the power plant to the wheels; r, is the radius of the wheels; M is the vehicle mass; gis
gravity coefficient; V is the vehicle speed; f, is rolling resistance coefficient, « is the road
angle, p,is the air density; C, is the aerodynamic drag coefficient; A, is the frontal area of

the vehicle; o is the mass that equivalently converts the rotational inertias of rotating

components into translational mass.

Therefore, according to equation (2.2), when a vehicle cruises at speed V,, on a flat

road, the engine power can be expressed as:

Re = I\/Igfrvm +%paCD Afvm3 (23)

This equation shows that to design a vehicle with the ability of cruising at speed V,,,

the power required for the power plant is no smaller than P, .
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2.1.2 Acceleration

The acceleration performance is usually evaluated by the time and distance covered in
the acceleration from stand still to a certain high speed (0 to 60mph, or 96km/h) on level
ground. During acceleration, the vehicle is kept with its possible largest acceleration rate. For
a vehicle with single-gear transmission, the largest acceleration rate is achieved by using full
throttle (largest power output), whereas for a vehicle with multi-gear transmission, it is also
related with selecting the best gear-shift timing. Based on equation (2.2), the acceleration

time and distance can be expressed by:

Vi Mo
=] — Fdv (2.4)
v T /1y —Mgf, =1/2p,C AV
and
S, = Vi _ MoV "y
Vi Tolglorry 11y —Mdf, =1/2p,C, AV (2.5)

where V. is the initial vehicle speed, and V, is the final vehicle speed.

With a given acceleration time and distance designed for the vehicle, the power
required for the power plant can be calculated by equation (2.4) and (2.5). However, for the
vehicle with multi-gear transmission, the torque of the power plant and the transmission ratio
are the function of vehicle speed. The selection of gear shifting is also arbitrary. It is hard to

solve equation (2.4) and (2.5) analytically. Numerical methods are required.
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2.1.3 Maximum Gradeability

Gradeability is defined as the maximum grade or angle of the road that the vehicle

can overcome at a constant speed. As is shown from Figure 2.1, when the vehicle is going

uphill, the gravity consists of two components. The one whose direction is in the opposite of

the vehicle speed is defined as grading resistance. The grade of the road can be expressed as:

: H
I=tana =—
S

(2.6)

According to the equilibrium of the traction force and the resistances, the equilibrium

equation in such case is:

T i
ool _ Mgf COSa+%paCDAfV2 +Mgsina
rd

Yielding,

Tpigio77T Ir, =1/ ZpaCDAfV2 ~ Mgf cosa d—cosq f

sina = ;
Mg Mg

Where

Tigiore 11, ~-1/2p,C,AV? _R-F,

t

Mg Mg

d=

2.7)

(2.8)

(2.9)
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It is called the performance factor, which is the function of the tractive force and the
aerodynamic drag. For a small road grade, cosa ~1, sina ~tana =i. Thus, the grade of the

road can be calculated by:

i=d—f (2.10)

However, when the road grade is large, calculating road grade with equation (2.10)
will introduce a large error. Using equation (2.8) and the trigonometric feature of angle «,

the grade of the road can be obtained by:

d—f1-d?+ 1
i—tana = \/% 2.11)
df —Ji-d?+f.

Figure 2.1 Illustration of the forces of a vehicle climbing a grade
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2.2 Parametric Design

The dynamic performances discussed in the previous section are the objectives that
must be achieved by the components. Therefore, during the designed, the power demand of
the each drivability required is simulated. The simulation borrows the vehicle parameters

from a nominal full size passenger car, such as TOYOTA Camry[129]. The parameters are

listed in Table 2.1.

Table 2.1 Vehicle Parameters

Vehicle Mass

Front Area

Radius of the driven wheels

Transmission efficiency from the engine to drive wheels
Transmission efficiency from the electric motor to drive wheels
Air density

Aerodynamic drag coefficient

Rolling resistance coefficient

M =1500(kg)

A, =2.0m’

r, =0.29m

7 .=095

7 n=095

p, =1.205kg / m®
C,=03

f =0.01

2.2.1 Design of Electric Motor

The major difference between HEV and PHEV is that PHEV has the ability of
operating the vehicle all electrically for a certain range. During the pure electric operation,

motor is the only power source for propelling the vehicle with battery as the only energy
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source. This requires the electric motor to have enough power so that it can satisfy the

extreme load demand of designated vehicle performances listed in section 2.1.
a. Motor torque-speed characteristic

The design of the motor is based on its torque-speed characteristics. Figure 2.2 shows

the envelop curve of torque-speed and power-speed characteristics. Given the base speed at
V, . In the region where the speed is smaller than the base speed, the motor delivers rated

torque while the power increases linearly. This region is also called constant torque region
[130, 131]. Beyond the base speed, the motor operates in a constant power mode where
torque falls off hyperbolically. This region is called constant power region. In addition, in the
low speed region, the voltage supplied to the motor increases linearly. The current fed to the
motor is constant, which leads to a constant output torque. At the base speed, the voltage
reaches the source voltage. The power of the motor reaches its maximum value. During the
continued increasing of motor speed, the voltage is kept constant with the field flux
weakened hyperbolically. Thus the hyperbolically decreasing output torque is obtained. Note
that, the curve in Figure 2.2 only shows the envelope. Thought controlling the different
feeding from the motor controller, the motor is able to operate at any point inside the

envelope curve.

The necessity of gearbox in motor drive depends mostly on the torque-speed
characteristics. Since the size of the motor depends on the maximum torque. Under certain
rated power, if the motor is designed to operate in high-speed region, the size of the motor

can be reduced. However, such design will make the motor have a lower maximum torque,
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which is not favorable for tractive effort of the vehicle. A multi-gear transmission can be
used to solve the problem. The torque-speed characteristic curve of a motor with 3 gear
transmission is shown in Figure 2.3. It can be seen that, using a lower gear, large tractive
effort from the motor is available for the high torque demand operation such as sharp
acceleration. However, when higher vehicle speed is required, higher gear can be used so that

the speed range of the motor can be extended to cover the desired vehicle speed.
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Figure 2.2 Power and torque characteristics of the electric motor
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Figure 2.3 Torque-speed characteristic with 3 gear transmission

b. Power rating of the electric motor

During the design, the first concern is whether the motor can satisfy the power
requirement of the maximum cruising speed. , The power required to maintain a vehicle at a

constant speed on a flat road or mild grade road from the motor can be expressed as:

Vv

1 )
P=—— | Mgf +=pC.AVZ+M.gi|, kW
" 1000m_m( EARPYCL ng (212

The power curve of the vehicle cruising at constant speed at a flat road and a 5%
grade road is shown in Figure 2.4. It can be seen that, if the vehicle is designed to have a

maximum cruising speed at 160 km/h (100 mile/h), the power required from the power train
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is 43.84 kKW. In addition, if the electric motor is designed at this power level, it can support

the vehicle at the constant speed of 112 km/h (70 mile/h) on a 5% grade road.

12 T T

100~

Power (kW)
D [ee]
<L <

D
()

20r

112 km/h
(70 mile/h)

5% Grade Road
Flat Road

Figure 2.4 Power required at constant speed on a flat and a 5% grade road
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In normal operation, sometimes the vehicle needs to pick up speed very quickly such

as entering the highway, or a sharp launch. In such cases, the power plant is required to

provide very high power for a short period of time. For passenger cars, the power demand of

the acceleration performance usually is higher than that of the maximum cruising speed and

the gradeability, thus it dictates the power rating of the motor drive[132, 133].

Figure 2.5 shows the tractive effort on the wheels developed by the electric motor

with single-gear transmission. In the figure, at each vehicle speed, the available torque for
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accelerating the vehicle is F,. Since F, is a function of speed. The acceleration time can be

expressed as:

_ J'Vb Mo J'Vf Mo
Vo

dv + dv
0 Pt /Vb - Mgfr _1/ 2paCDAfV2 R /V _ Mgfr _l/ 2,0aCDAfV2 (213)

a

where V, is the vehicle speed associated with motor base speed. V, is the target vehicle

speed of the acceleration. It is very hard to obtain P, analytically from equation 2.13. The

preliminary solution can be obtained by ignoring the rolling resistance and aerodynamic drag,

yielding:
oM
A= (V¢ +V)) (2.14)

Now, the power required to overcome the rolling resistance and the aerodynamiac

drag can be obtained by:

P —ljta(M v+l c AV
drag — ta 0 g r Zpa D" (215)
Assume during the acceleration, the vehicle keeps a constant acceleration rate.
Therefore, the vehicle speed can be expressed as:
t (2.16)
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Figure 2.5 Tractive effort developed by the motor with single gear versus the resistance of
vehicle at constant speed.

By substituting equation (2.16) into equation (2.15), the power required to overcome

the rolling resistance and aerodynamic drag is:

2 1
Pdrag = g Mgfr + g:OaCDAfo3 (217)

Therefore, the total tractive power for accelerating the vehicle from zero to speed V,

in t, seconds can be calculated by:

oM 2 1
R= U VZ+V,))+ 3 Mof V, + 5 P.CoANV? (2.18)

a
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In electric motor design, the power capability of the motor needs to cover the extreme
acceleration performance, which is 0~100 km/h in 10 seconds. Using the parameter shown in

Table 2.1, the power required for acceleration is about 62.64 kW.

The gradeability of the vehicle is determined by the available net tractive effort at
each vehicle speed. According to Figure 2.5, the net tractive effort of at one speed can be

obtained by:

a t.m Ff - Fw (219)

It can be seen from the figure, at low speed, the motor torque is much larger than the
rolling resistance and the aerodynamic drag, resulting a large net tractive effort. Therefore,
large gradeability is possible. Equation (2.11) is more suitable to calculate the maximum
grade that the vehicle can overcome. However, at high speed, especially when the vehicle
speed is close to its maximum speed, the net tractive effort is very small, leading to a small

gradeability. Therefore, when calculating the grade, Equation (2.10) is more proper.
2.2.2 Design of Engine

The principle of using the engine on PHEV is to satisfy the average power demand
during extended driving range. After the electric energy stored in the battery is depleted, the
vehicle will operates in CS mode where engine is the dominant power source, with battery
and motor as “load-leveling” device[134, 135]. In such case, it can be seen that the engine
operation in PHEV drivetrain is similar to that in HEV drivetrain, indicating the design

process of engine is also identical. Therefore, the design of engine power rating will only be
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briefly discussed here. The objective of designing the engine power rating is to satisfy

average power demand in normal driving and the power required for cruising on highway.

Figure 2.6 shows the power required for a vehicle cruising at a constant speed on a
flat road and 5% grade road. It can be seen that with a 5-gear transmission, to cruise at 85
mph, the required engine power is 28kW. Additionally, with the same power, the vehicle can

reach the constant speed of 51mph on a 5% grade road.
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Figure 2.6 Power required for cruising at constant speed on a flat road and 5% grade road

To obtain the average tractive power, standard driving cycles are hired to represent
normal driving. Figure 2.7 shows the average traction power of UDDS, HWFET, US06 and
ECE driving cycles. It can be seen that the average power required to finish the driving

cycles are very limited. The largest average traction power is in US06 driving cycles, which
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is 21.3kW. Therefore, if the engine power is designed to be 30kW, it can satisfy both the

cruising requirement and the average power requirement in typical driving cycles.
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Figure 2.7 Average traction power of UDDS, HWFET, US06 and ECE driving cycle.

2.2.3 Design of Energy Storage System

Based on the statistics of daily driving distance from NHTS 2009[35], it is efficient to
design the electric mileage to be 40 miles. To assure the all electrical capability for the

designated mileage, the power and energy capacity of the energy storage system needs to be
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designed such that this 40 miles AER is achievable. Since the main interested of this
dissertation is the study of control strategy, the simple lithium-ion battery is assumed as the
energy storage system. Therefore, given that the battery is the only energy source for electric
motor, the power rating of the battery should be identical or larger than that of the electric
motor, so as to fully utilize the power capability of the motor[136, 137]. However, the energy
capacity for the AER depends on the vehicle type, drive cycle, hybrid configuration, and
even the operation efficiency of the electric motor[138]. As a result, the energy capacity is
determined through simulating the energy consumed by a full size passenger car over 40
miles repeated UDDS drive cycle. Based on the simulation, to achieve 40 miles pure electric
range, the energy required for the battery is 8.76kWh. However, due to concern of battery the
life span, usually only around 60% of the capacity can be actually used. Therefore, the

energy capacity of the battery is determined to carry 14.6kWh.
2.3 System Configuration

The target is this research is the parallel and series-parallel plug-in hybrid drivetrain.
Based on the result of the component sizing, the power rating of the engine is determined as
31.4 kW, while the power of electric motor is 60 kW. The battery energy capacity is

14.6kWh (44.6Ah, 328V).

For the parallel drivetrain, a 1.3L 31.4 kW gasoline internal combustion engine and a
60kWw PMDC motor are arranged in a parallel configuration which is later connected to a 5
speed automatic mechanical transmission. The system configuration is shown in Figure 2.8.

The key vehicle parameters are summarized in Table 2.2.
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Table 2.2 Component specification of parallel drivetrain

Maximum engine power | 31.4kW Maximum motor power | 60kW
Battery capacity 44.5 Ah Battery voltage 328V
5-gear transmission ratio | [3.32 2 1.36 1.01 0.82] | Final drive ratio 3.93

Mechanical Transmission

e Electrical Transmission

-
'llfel:r?ll( {: Engine B|=
=8 GB D
o2 '
28
—{ Motor || &
Battery —{ Controller ™ 1

l

Figure 2.8 Configuration of the parallel hybrid drivetrain

The configuration of the series-parallel drivetrain is shown in figure 2.9. Different
from the drivetrain of TOYOTA Prius, the engine is connected to ring gear, while the carrier
is linked to wheels. This configuration is first proposed in [22]. Based on the kinetic

characteristics of planetary gear set, the torque on carrier is calculated as:

. B
. 1+ig,
T, = (1 + ignf)Tey = —° Teng (2.20)

srilp
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Where T, is the torque on carrier, Tgy IS the torque from engine, and T, is the

torque from generator. iy, represents the speed ratio from sun gear to ring gear, noﬁ is the

transmission efficiency of planetary gear set.

It can be seen that, in such arrangement, the engine torque transmitted to the wheels

B
are increased by multiplying the gear ratio WLZ“. This helps to improve the vehicle

st

dynamic performance. The component specifications of series-parallel drivetrain are shown

in Table 2.3.
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Figure 2.9 Configuration of a series-parallel hybrid drivetrain
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Table 2.3 Component specification of series-parallel drivetrain

Maximum engine power 31.4 kW | Maximum motor power
Battery capacity 445 Ah | Battery voltage

Maximum generator power 30 kW | Final drive ratio

60 kW

328V

3.01
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CHAPTER 3 DRIVING CYCLE IDENTIFICATION

3.1 The Impact of Driving Cycles on Comprehensive Fuel Economy

Plug-in Hybrid Electric Vehicles have a large battery pack which gives the ability to
carry a certain amount of “cheap and clean” electric energy charged from the utility gird. It
also has the energy input of petroleum fuel, which can extend the per-charging range beyond
the limitation of the electric energy stored in the battery. However, due to the different cost
of the two energies, utilizing them accordingly is significantly important to the total

operation cost of the PHEV[139].

It is well accepted that the electric motor has efficiency advantage over the engine in
the urban traffic with stop-and-go pattern[9]. However, considering the low energy density of
the battery, as well as the low efficiency of generating electricity from the fuel, in highway
traffic, engine propulsion is a better choice. But this is not appropriate when the trip is within
the PHEV’s pure electric range. In such case, the electric motor is preferred throughout the
trip to achieve “zero” fuel consumption. Clearly that the information of the driving cycle,
such as the trip length, traffic pattern, vehicle speed, etc. can be a great guidance for utilizing
the two energies. Control strategies, such as dynamic programming technique and equivalent
consumption minimization strategy, require the full knowledge of the driving cycles.
Exclusively high fuel economy can be achieved through managing the available energy
sources based on it. However, such full knowledge of the driving cycles usually is not
possible in real world, especially for the family-used passenger cars that is involved in more

flexible applications.

59



In this study, the historical vehicle speed data is utilized as the guidance for the
control strategy. Through analyzing the recursively recorded vehicle speed of the past certain
duration, the traffic pattern is identified and applied as the traffic pattern guidance. The
energy management strategy (see chapter 5) is developed based on the identified traffic

pattern.
3.2 Statistics of the Historical Speed Data

The speed characteristics of the traffic patterns are different. To capture these
characteristics, statistical parameters of the historical speeds are employed. They are the
instant vehicle speed, the average speed during the past t second, the number of stops during
the past t second and the coefficient of variation (CV). The calculations of the statistics are

expressed as:
V=Y Vi/At 3.1)
1 f 2 %
s =[Ei2 (vi-v) J 32)

(3.3)

Where V. is the instant vehicle speed, V is the average vehicle speed, At is the

selected time duration to calculate the average vehicle speed, and S is the total length

travelled during At.
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Through simulations, thresholds of each statistic quantity are set. These values act
like the filtering windows that can identify the urban and highway traffic pattern. The flow

chart of identifying the traffic pattern is shown in Figure 3.1

START m: Recursive time
V_lth:  Low speed threshold
V_hth: High speed threshold

Check: V_lth, V_hth, NS avg>NS avg_th vy CV_th: Coe_fficient of
V_avg_th, CV_th, Variance threshold

NS_avg_th, m V_avg_th: Average speed threshold

Entry: V ' NS_avg_th: Average number
+ of stops threshold

MODE=0: Urban traffic

MODE-=1: Highway traffic
Cal: V_avg, CV, NS_avg @ A\
\

MODE=1 MODE=0

Figure 3.1 Flow chart of driving pattern identification

After a large amount of simulations, the values obtained for the identifications are:
recursive time=20 second, V_Ith=20km/h, V_hth=55km/h, A_avg_th=40 km/h,

NS_avg_th=0.3, and CV=0.3
3.3 Neural Network

Neural Network (NN) is one of the methodologies that have been popularly used for
pattern recognition due to the salient feature of learning the nonlinear relationships [65, 85,
140-142]. Inspired by the biological nervous system, the concept of NN is to establish the
projection functions between the input neurons and the output neurons of a known training

data, and apply the obtained projection function on the future inputs[143].
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In this research, to compare with the performance of the statistical factor based
method, the NN is also implemented for the driving pattern identification. The supervised
competitive LVQ network is selected due to its effectiveness in the classification of complex
and nonlinearly separable target classes[144]. Its architecture is shown in Figure 3.2[145].
The inputs of the network are neurons, which are usually the independent input parameters,
while the outputs are categories which are identified by the network based on the inputs. The
identification process includes 2 layers, namely the competitive layer and the linear layer. In
the competitive layer, the subclass vector IW is predefined first. It usually has the same
dimension as the output categories. The Euclidean distance between each pair of input vector
P and the subclass vector IW is calculated. The competitive layer then gives LW weights to
all neurons according to the Euclidean distance. The neuron with the smallest Euclidean
distance will have weight of 1, while the others have 0. In such case the influence of the most
related neurons are strengthened. Finally, the linear layer then transforms the competitive

layer’s classes into target classifications defined by the user.

To improve the performance of the LVQ network, large amount of training data and
long training time are required. However, after the network is determined, the execution of
the category decision through the network is very quick. In this research, the standard driving
cycles provided by US EPA are employed as the training data set and testing data set.
Specifically, the UDDS, HWFET, NYCC, Japan, heavy duty UDDS and SCO03 cycles are
used as the training set, while US06, ECE and LA92 cycles used as testing set. To show the
comparison with the deterministic based driving pattern identification, the simulation results

of UDDS, HWFET and NYCC are also included.
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Figure 3.2 Architecture of LVQ neural network

3.4 Driving Pattern Identification

Figure 3.3 shows the identified driving patterns of UDDS, HWFET, US06, ECE,
New York, and LA92 driving cycles respectively. It can be seen that the proposed
identification algorithm based on statistical parameters can identify the urban and highway
driving pattern on UDDS, HWFET and US 06, and New York drive cycle very well.
However, for the ECE and LA92 drive cycle, it doesn’t deliver the result as expected,
especially in LA92 cycle, where there are several misidentified highway patterns and
haunting between the highway and urban pattern in a short period of time. Such problem is
caused by the arbitrary selection of the parameter and the non-adaptable feature of the
statistical-based method. The driving pattern identified by the LVQ neural network is also

plotted in Figure 3.3. It can be seen that due to the outstanding ability on classification, the
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LVQ method successfully identified the driving patterns as expected. Besides, the self-
learning feature makes it possible to adapt new cycles beyond the standard ones. Therefore,

the LVQ neural network is finally selected for identifying the driving patterns.
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Figure 3.3 Driving cycle identified of the UDDS, HWFET, US06, ECE, New York, and
LA92 driving cycles based on the statistical method and LVQ neural network.



CHAPTER 4 ENERGY MANAGEMENT STRATEGY FOR CHARGE

DEPLETION MODE

One of the major features of the PHEV is the ability of displacing the petroleum fuel
with 4-times cheaper grid electricity[13, 27]. This is done by using a large battery pack to
carry certain amount of electric energy pre-charged from the utility gird. The electric energy
can support the PHEV for a designated AER, and eventually displace the petroleum
consumption. However, the amount of electricity carried depends mostly upon the capacity
of the battery pack, which is very limited. Therefore, the utilization of the “cheap and clean”
plug-in energy should be carefully planned. Intensively draining the electric energy may later
force the engine to operate in the driving situations where its fuel efficiency is very low or
where the pollution is very sensitive, such as the urban stop-and-go driving. On the other
hand, over utilizing the fuel energy makes the fuel displacement capability not fully exploited.
Therefore, the purpose of this chapter is to design the energy management to apply the

electric energy “smartly” in order to achieve better fuel economy.

In this chapter, a rule-based management strategy of electric energy during battery
discharging is proposed. It inherits the advantages of two popular management strategies,
namely the AER-focused strategy and blended CD strategy. To achieve the “smart”
utilization of the electric energy, the driving pattern identification are incorporated as the

guidance.
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4.1 AER-focused Strategy versus Blended CD Strategy

The most popular management strategies of the plug-in energy are AER-focused
energy management strategy and the Blended CD energy management strategy [23, 24, 36].
They both uses the electric energy intensively during the starting certain amount of ranges,
and switches to CS mode for the extended range. The difference is at the starting certain
range, AER-focuses strategy uses EV operation solely, in which electrical energy is the only
energy source, while Blended CD strategy uses CD operation, in which electric energy is the
dominant energy source with fuel energy as a supplement. In this dissertation, to help better
understand the strategies, the operation of using electric energy intensively is defined as
electric intensive (EI) mode or El operation. Therefore, El mode consists of EV operation

and CD operation.
4.1.1 AER-focuses Strategy

Figure 4.1 conceptually shows the SOC and engine usage, and the power split of the
AER-focused strategy. It can be seen that before driving, the vehicle’s fully charged battery
has the maximum SOC. At the starting certain amount of distance, AER-focused strategy
operates the PHEYV all electrically, in which only electric motor propulsion is utilized. Since
all of the driving energy comes from the battery, the SOC drops drastically during the El
operation distance. Since no fuel energy is involved in this distance, it is also called all
electric range (AER). After the SOC of the battery drops to a specific low level, the vehicle
enters CS mode where engine becomes the main power source and the SOC is maintained in

this level.
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Figure 4.1 Conceptual Illustration of the AER-focused Strategy
a) Engine and SOC usage; b) Power split in EV and CS mode

4.1.2 Blended CD Strategy

Instead of concentrate the electric energy on to the starting range, blended CD
strategy seeks to spread out the electric energy to supplement the engine operation over the
whole driving range so that the system efficiency is maximized [23]. Figure 4.2 conceptually
shows the engine and SOC usage, and the power split of the blended CD strategy. From

Figure 4.2 a, it can be seen, the SOC of the battery starts at the maximum value after the long
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overnight charging. It drops gradually during the EI operation and eventually being roughly
maintained (CS mode) when the SOC value reaches the specific low level. This is achieved
by setting up a threshold for the load power. When the load power is higher than this
threshold, the engine will turns on to provides the dominant power to propel the vehicle. In
such case, battery energy can be conserved during high load power because of the help from
the engine and is used to low load power scenarios. In addition, the operation point of the
engine will be moved to a higher power region where the average efficiency can be

increased[98].
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Figure 4.2 Conceptual Illustration of the Blended Charge Depletion Strategy
a) Engine and SOC usage; b) Power split in CD and CS mode
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4.1.3 Comparison of the AER-focused strategy and the blended CD strategey

Comparing Figure 4.1 and Figure 4.2, before entering CS mode where SOC is
maintained, the SOC line of blended CD strategy is less steep than that of the AER-focused
strategy because of the early involvement of engine traction. Consequently, blended CD
strategy will have a longer trip in El operation than AER-focused strategy. After entering CS
mode, the SOC behavior is similar, since they both hire the engine to provide dominant
power to drive the vehicle and recharge the battery, while the electric motor as supplement.
However, the difference in El operation makes the two strategies have different benefits in

terms of trip distance and trip pattern.

AER-focused strategy has the capability of All Electric Range (AER), in which
vehicle fuel consumption is zero. Obviously, for the trip distance less than AER, it is
favorable to use electric energy throughout the trip. In such way, zero vehicle emission and
zero vehicle fuel consumption can be achieved. However, for trip distance longer than AER,
the picture is changed. Since all the electric energy is deplete during starting AER, the engine
is forced to start to propel the vehicle and maintain the battery charge. In such case, if the trip
comprises highway driving in the start and urban stop-and-go driving pattern in the end, the
electric energy is then depleted on the highway traffic and engine has to be used for the latter
urban part. Multiple researches [13, 146-148] have indicated that it is more efficient to use
the engine for the traffic with highway pattern and the electric motor for the traffic with
urban pattern. Therefore, in such situation, both the plug-in electric energy and the engine are

not properly utilized, thus makes the system efficiency low. On the other hand, for blended
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CD strategy, similar problems will happen as well. A simple example would be a short trip
that could be fully covered by the electric energy. When the power threshold is triggered, the
engine will turn on and consequently leads to fuel consumption, which could have been
displaced by the electric energy. In such case, the capability of fuel displacement is not well

exploited, thus is not advisable.
4.2 Smart Utilization of the Plug-in Electric Energy

Based on the comparison of the two strategies, it is preferable to have a scheme that
could utilize the electric energy on the appropriate part of the drive cycle such that minimum
fuel consumption is achievable. The optimal electric energy management can be attained
through the “a prior” knowledge of the trip information (trip distance, power demand, speed
profile, etc) and global optimization technique [88, 149, 150]. However, in real world driving
condition, the trip information like power demand and speed profile is really hard to obtain
due to the uncertainty of the traffic flow. Besides, the global optimization technique, such as
DP is very time consuming, which is not available for real time implementation. Alternative
way is to find the pattern of electric energy usage from global optimizations and derive the
deterministic rules. M.P. O’Keefe and T. Markel [96] from NREL implemented dynamic
programming technique to explore the AER-focused strategy and the blended CD strategy
based on the impact of different distance of urban driving cycles. Based on the comparison of
DP results, it is found out that, for urban driving cycles, blended control strategy uses
approximately the same amount of fuel as electric-focused approach for known target

distance, however, have much higher penalty for “guessing wrong”. Therefore, PHEV should
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typically operate with an electric-focused strategy. Karbowski and Rousseau et al[95, 97]
from Argonne National Lab also applied dynamic programming technique to investigate the
rule based energy management. From the result, they found that the optimal control strategy
tends to operate the engine in its high efficiency region (not maximum efficiency), and more
importantly, under high vehicle speed or load power. This is the same result drawn by Moura

et al in [98]. Based on the results from the literatures, two conclusions can be summarized as:
a. Electric operation is more suitable for urban driving cycles.

b. When engine turns on, it is preferred that engine operates in high efficiency region,

for high vehicle speed and high load power.

Therefore, according to the comparison of the two popular energy management
strategies and the literature study, the following rules are designed in this dissertation to

accomplish the “smart” utilization of the electric energy:

1. When the trip distance is less than the remained AER, EV operation will be used

unconditionally.

2. When the trip distance is larger than the remained AER, and the current driving
pattern is identified as urban pattern, and the SOC hasn’t reached the CS level, EV

operation will be used.

3. When the trip distance is larger than the remained AER, and the current driving
pattern is identified as highway pattern, and the SOC hasn’t reached CS level,

engine will operate alone to provide the load power.
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4. When the remained trip distance is less than the remained AER, the operation will

switched to EV mode unconditionally.

It can be seen that, both the all-electric capability and the high average efficiency of
the AER-focused and the blended CD strategies are inherited in the proposed one. However,
in order to implement the designed strategy, the information of the total trip distance is
necessary. Although it belongs to the future drive cycle, it is still much easier than
anticipating the power demand and speed profile. A single driver input or data from onboard
GPS would be enough to provide this information. Moreover, the last rule is designated to
monitor the remained distance-to-go and compare it with the estimated remained AER. When
the distance-to-go is smaller than the remained AER, the operation will unconditionally
switch to EV mode to deplete the battery energy by the end of trip. Such case is due to fully
use the potential of fuel displacement of the PHEV. Actually, previous research works[5, 24]
have already shown that significant more fuel would be consumed if the battery was not
consistently depleted at the end of trip. So, this rule helps to achieve lower fuel consumption.
Additionally, the last rule is able to mitigate the effect of small change in trip distance on the
selection of operation mode based on AER. This can be explained through Figure 4.3.
Assume there two trips, whose length are 39 miles and 40 miles respectively. Both of the
trips have a part of highway driving in the middle as is seen from the figure. Since the
designed AER is 40 miles, which is enough to cover the 39 miles trip all electrically, the
SOC behavior line of 39 mile trip drops to the 0.3 gradually (black dash line). However, for
41 mile trip, since the length is longer than the AER, without the last rule, the SOC behavior

will follow the red dash line. In such case in the highway part, the engine will take over the
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propulsion work, therefore, the SOC is roughly unchanged during the highway part of the trip.

Afterwards, since the trip becomes urban driving again, the motor traction will be used

making the SOC continue to drop. By the end of the 41 mile trip, the SOC is 0.5. So, only 2

miles difference in trip length leads to 0.3 difference in SOC, which is detrimental on fuel

economy. Under the same situation, with the last rule, during the highway driving, when the

calculated remaining trip distance is less than the remained AER, the operation

unconditionally switched to all electric operation, leading the battery being depleted by the

end of the trip, seen as green line. Therefore, with the last rule, both the 39 miles and 41

miles trip have the lowest SOC by the end of the trip as expected.
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Figure 4.3 SOC behavior with and without trip adjustment
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4.3 Intelligent Energy Management Strategy

As mentioned in the previous section, the smart utilization of the electric energy
requires the operation modes being switched between the motor traction and the engine
traction according to different driving patterns and trip lengths. Manually switching could
add a lot burden to the driver, which is unacceptable. Therefore, an automatically controlled
energy management strategy that dictates both the sources of the tractive energy is developed
in this study. Based on the total trip length, SOC level, and the current driving pattern, it will
determine the appropriate operation modes of the vehicle so as to utilize the plug-in electric

energy and the gasoline more efficiently and rationally.

The flow chart of the strategy is shown in Figure 4.4, where SOC_th means the
lowest allowable SOC value; S is the total trip length; and AER is the estimated available all
electric range. It can be seen that before starting, the SOC of the battery will be checked,
upon which the available all electric range will be estimated as an input of the strategy. Full
SOC indicates the designated maximum AER whereas zero AER when the SOC equals to

SOC_th. The total length of the trip is also required as an input.

The strategy starts with checking the SOC level. When SOC < SOC th, the battery
cannot be discharged any more. Thus, only CS operation mode is available. When SOC >

SOC _th, the operation mode is determined by the total trip length and current driving pattern.

However, EV operation modes will always be used during the starting certain time
interval, provided the SOC is high enough. This is because the driving pattern identification

module developed in Chapter 3 requires a certain amount of historical vehicle speed data
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collected from a time interval to identify the current driving pattern. This time interval
depends on the speed profile of the driving cycle, which, in this study, is around 22 seconds.
In addition, it is very likely that the starting portion of the trip is with urban driving pattern,

which makes it even more reasonable to use EV operation mode.

After the driving pattern is available, the trip length will be checked first. When the
trip length is less than the estimated AER, S < AER, the vehicle will operate all electrically
throughout the whole trip, causing SOC drops drastically. When the trip length is larger than
the estimated AER, S > AER, the vehicle operates under CD mode where the driving pattern
obtained from the identification module is checked to determine to use electric energy or fuel
energy. In highway driving pattern, due to the high efficiency of the engine operation,
engine traction will be dominant, leading the SOC level being maintained. In urban driving
pattern, where efficiency of the engine operation is low, electric traction will be preferred. In
such case, the vehicle operates in EV mode, in which SOC is decreasing. During the
depleting of the battery, the SOC is monitored in real time. The vehicle will be obliged to
switch to CS mode, when SOC reaches the lowest threshold, to prevent the battery from

being over-discharged.
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4.4 Summary

In this chapter, the electric energy management strategy is developed. The goal of this
strategy is to properly utilize the cheap and clean electric energy onto the necessary part of
the trip such that fuel economy can be improved. Multiple control rules are designed taking
the results of dynamic programming and efficiency analysis as references. Although the
energy management strategy developed is not globally optimum, by considering the trade-off
between the computation time, the information required, and the marginally benefit, the

strategy proposed is optimal in the average sense.
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CHAPTER 5. POWER FLOW MANAGEMENT STRATEGY FOR

CHARGE SUSTAINING MODE

5.1 Power Management Problem

Based on the proposed energy management strategy, during the electric intensive (EI)
mode, motor and battery system will be employed to cover most of the vehicle propulsions.
Engine only works during highway drive when it can operate under high load power or in
efficient region. Therefore, the power flow management of the drivetrain in EI mode
exclusively pursues the load-following scheme. However, after the SOC drops to a specific
low level that drives the vehicle into CS mode, the problem becomes more complicated. Due
to the nature of multiple power sources, there are five possible operation modes existing in

terms of power flow, shown in Figure 5.1
(a) Engine Traction Mode: Only the engine propels the vehicle.
(b) Motor Traction Mode: Only the motor propels the vehicle.

(c) Engine Charging Mode: Engine propels the vehicle while providing additional

power to recharge the battery.

(d) Power-assist Mode: Both engine and motor provides propulsion power

simultaneously.

(e) Regenerative Braking Mode: The Kkinetic energy stored on vehicle inertia is

recuperated by motor working in generating mode.
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Figure 5.1 Power flow diagram of hybrid electric vehicle

In engine traction mode, motor traction mode and regenerative braking mode, only
one power source is involved. The power flow control is primitive constrained load following.
The constraints could be the engine power limit, motor torque limit, or SOC, etc. However,

in engine charging mode and power-assist mode, two power sources are involved. How to
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determine the optimal power distribution between the two power sources such that the fuel

consumption is minimized is the main problem that needs to be solved by the control strategy.

It is worth to mention that although the power flow concept is illustrated with parallel
structure, the same power management problems are applicable regardless of configuration
of the drivetrain. As a result, this chapter will focus on the power flow control problem in

CS mode.

5.2 Charge Sustaining Strategy
The thermostat strategy is the most primitive method that has been widely used of
regulating the SOC behavior [90, 151-157]. The concept of the strategy is shown in Figure
5.2. In this strategy, when SOC approaches to the top threshold of the SOC window, the
engine turns off and the battery provides the power to meet the load demand. When SOC
reaches the bottom threshold, the engine turns on and operates at its optimal region to
recharge the battery until the SOC hit the top line again. In such way, the SOC can be

controlled within the desired window.
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Figure 5.2 Illustration of thermostat strategy for SOC regulation
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It can be seen that, with thermostat strategy, the engine either operates in its optimal
region or stops. Thus, the average efficiency of engine is optimized. In this dissertation, the

thermostat strategy is hired to control the battery SOC in CS mode.
5.3 Power Flow Control Strategy of Mechanical Coupled (Parallel) Drivetrain
5.3.1 Control Strategy for Power Assist Mode

During CS mode, when the load power exceeds the power capacity of the engine, the
motor traction is required to supplement the engine to meet the load power. In such case, the
most appropriate power split of the engine and the electric motor is required. In this
dissertation, the comprehensive energy loss (CEL) is introduced as the criterion to evaluate
the optimality of different power split ratios between the engine and motor. It includes the
energy loss in the engine, the electric drive system and the pathway that it takes to reach the
wheels. The process of determining the optimal power split can be explained by Figure 5.3
and Figure 5.4. In mechanical coupling drivetrain, since engine and motor are mechanically
connected to wheels, implying that the speed of both are determined by the vehicle speed, the
optimal torque split is actually our target. Assume, at this moment, the required load torque,

after transmission, is larger than the maximum engine torque

Tlaod > Te_max * rew (5. 1)

Where T,, is the transmission ratio from the engine to the wheel; T,,,; is the required

load torque; T, is the maximum engine torque under current speed.

e_max
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In such case, motor torque is required to supplement the engine. The relationship

between the motor torque and engine torque follows the undetermined equation (5.2).

Te*rew+Tm*rmw =T, (5.2)

~ "load

As is shown in Figure 5.1 and Figure 5.2, if the engine operates at point A to provide
its maximum torque to meet the load requirement, the minimum motor torque is T, , which
can be calculated by Equ (5.3).

Ta = (Tload _TA * rew) / low
TA = Te_max (53)

If the engine shuts down (point B), motor needs to operate at point b to provide all the

load torque, expressed as Equ (5.4).

Tb :Tload /rmw
Ty =0 (5-4)

It is obvious that the available engine operation point locates on the line AB. With
each selection between point A and point B, there is an associated motor operation point.
Based on the efficiency map of the engine and the motor, shown in Figure 5.1 and Figure 5.2,

the comprehensive energy loss of each power split can be calculated as:
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sgn(P.) sgn(Py)
Eloss = Pe * 1_[ij + I:)m * 1_[iJ
7. M

Pe =Te*Ne1Pm ZTm*Nm7PIoad

=T,

*N

load

+ PIaod * 1_[

77tr

1 Jsgn(ﬂuau)

(5.5)

Where, 77, and 77,, are the associated efficiency of the engine and the motor. 7, is the

efficiency of the transmission.

Therefore, for each torque split subject to Equ (5.1), the associated comprehensive

energy loss will be calculated. The power split with the minimum comprehensive energy loss

is determined to be the optimized engine and motor operation points.
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Figure 5.3 Power split of proposed strategy on engine BSFC map.
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Figure 5.4 Power split of proposed strategy on motor efficiency map

5.3.2 Control Strategy for Engine Charging Mode

Previously in the design of rule-based control strategy, it is believed that operating the
engine at its most efficient region will make the best fuel economy [31-33]. Therefore, many
rule-based controllers operate the engine at its most efficient area during the engine charging
mode[146, 158]. However, with the introduction of global optimization algorithm such as
dynamic programming technique, it is found that, the global optimal control does not always
operate engine on its highest efficiency line[149, 159], which opposes the engineering
intuition in rule-based design. Therefore, in this dissertation, instead of evaluating the system
fuel consumption, an alternatively way of using comprehensive energy loss to determine the

optimal power flow control is proposed.
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The analysis of comprehensive energy loss for mechanical coupled drivetrain is
explained through Figure 5.5. In mechanical coupled drivetrain, when the engine is
propelling the vehicle and charging the battery, the energy delivered by the engine is
allocated into two parts. One part is directly transmitted through mechanical transmission for
propelling the vehicle, shown in Figure 5.5 as power flow route 1. The other part of the
energy will go through the motor, operating as a generator, to charge the battery, shown in
Figure 5.5 as power flow route 2. On condition that the engine efficiency map and the
efficiencies of the mechanical coupler, the gear box, and the differential are known. It is very
straightforward to calculate how much energy is going to be lost on power flow route 1.
Similar to power flow route 1, with the efficiency map of motor, charger, and battery, the
energy loss on during charging can also be obtained. However, the calculation of the energy
loss on route 2 has not finished yet. It is known that the objective of the CS mode is to
maintain the SOC level, not increase the SOC level. Thus, this amount of energy charged into
the battery will eventually be used in traction. In addition, in CS mode, all of the propulsion
energy comes from burning the fuels. The part of energy that charged into the battery will
eventually be used for propelling the vehicle. It is reasonable that when assessing the
efficiency of the fuel, the energy loss on this event should also be included in addressing the
system energy loss. This leads to the loss analysis of consuming the energy charged into the
battery, which is shown in Figure 5.5 as power flow rout 3. Therefore, the comprehensive
energy loss of engine charging mode includes the energy loss on all of the 3 power flow

routes.
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Figure 5.5 Power flow analysis of engine charging for parallel drivetrain

Due to the fact that the utilization of the electric energy occurs in the future operation,
the load and motor operations are unknown, which makes it very hard to quantify the energy
loss on power flow rout 3. Proper assumption is necessary to evaluate the energy loss in this
situation. Additionally, the energy loss is also related with the predefined SOC window.
Higher charging power makes the SOC reaches the top threshold quickly. Hence, within
certain driving range, the times that SOC fluctuates between the predefined SOC window
will increase. By the end of the trip, more energy will go through the electric path, causing
more energy loss on conversion. On the other hand, lower charging power will makes the
engine operate in low efficiency region. Thus, more energy will be lost inside the engine.
How to incorporate the accumulative effect of SOC window over the future operations into

the optimization of the power split is a challenging problem as well.
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In this dissertation, in order to find the optimum power split, an innovative approach
of estimating the comprehensive energy loss is developed. In the approach, piecewise
linearization is used first. In each step, it is assumed that the required load power, charging
power and vehicle speed are all constant. The normalized system energy loss is then defined
as the total energy loss on every component during charging and discharging the battery for

one cycle of the SOC window normalized over the travelled distance. The detail of the

approach can be explained by Figure 5.6 -5.8. Assume the current load is P, . Due to the
mechanically connection between the engine, motor, and the wheel, the speed of the engine

and motor are determined to be N, and N, . Therefore, to meet the load requirement, the

minimum engine torque is T, .

T, =— (5.10)

Where I, is the gear ratio from the engine to the wheels.

Assume the engine operates at point B to deliver additional power to charge the

battery. Thus, the engine power and charging power are expressed as:

PB :TBNe (5.11)

Po=(R-F) (5.12)
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The associated motor operation point is shown in Figure 5.5 as point b. The motor

power is then expressed as:

P,=R=-P,=-(FR,-R) (5.13)

To address the energy loss over the 3 routes, assume the engine provides constant

charging power from t, to {,, shown in Figure 5.8. During this time, the SOC changes from

0.3 to SOC 0.5. So, the charging time can be expressed as:

ty =t -t = ESOC_window / Pch (5.14)

During 1, , the energy loss on engine, motor, converter and battery can be expressed as:

Engine: B, =Rt (1-7.) (5.15)
Motor: B, =PFyt, -7, &) (5.16)
Converter: B o, =B (1=70ny o) (5.17)
Battery: E uu on = E om0 henr_cn) (5.18)

Where P; is the power of engine operating at B; Mm_en 1S the efficiency of the motor

operating at the associated point. It can be obtained from the motor efficiency map; 7,,, 4 is
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the overall efficiency of the power converters; 7., ¢ is the efficiency of battery during
charging.

Therefore, the total energy loss during charging phase is:

E =B oy +tE . +E +E pa_en (5.19)

1_eng 1_conv

Obviously, if we assume the energy loss on mechanical transmission is negligible,
E, ., is the total energy loss on route 1, while E, | +E , +E . o is the total energy

loss on route 2. As mentioned before, since the energy discharging is a future event, to
estimate the energy loss on route 3, an assumption is made that the charged electric energy

will be used to propel the vehicle under the same load power as during the charging.
Therefore, as is shown in Figure 5.8, from t, to {, the SOC changes from 0.5 to 0.3. The

discharging time is calculated as:

L =t —t = ESOC_window / Pdch (5.20)

P =R (5.21)

Additionally, since the engine is turned off when the battery SOC approaches the top
line, the energy loss during discharging does not include the engine. Therefore, it can be

expressed as:
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E i =E n+tE oo T E bat_aon

E =Pl [i_:L]
- M

EI conv EI m( L - J
N N Mconv

1
El_batt_dch = El_conv [— _1]
Thatt_dch

At last, the comprehensive energy loss is obtained by:

E| total — El_ch + El_disch

Note that here the time t,, ;, and {, are only used to calculate the comprehensive

(5.22)

(5.23)

(5.24)

(5.25)

(5.26)

energy loss, they are the pseudo time that is non-related with the time of the real vehicle

driving.
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Figure 5.6 Analysis of energy loss in engine during engine charging
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Figure 5.8 Analysis of SOC during engine charging

Now let’s see how to use the comprehensive energy loss to optimize the power split.
Consider the charging torque or power delivered by the engine is divided into large, medium
and small region indicated by B,C and D (Figure 5.9). Obviously, at B, engine has the highest
efficiency of the three, thus has the lowest power loss in engine. Similarly, at operation point
D, the engine has the lowest efficiency thus has the highest power loss in engine, while
operation point C is in the middle. Hence, to charge the same amount of energy (SOC from
0.3 t0 0.5), B has the lowest energy loss on engine. The relationship of the energy loss of the

three operations points in engine is derived as:

E_LOSS_me, <E_LOSS_me. <E_LOSS _me, (5.27)
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Figure 5.10 shows the associated motor operation points as b, ¢ and d. It is not hard to
read that the operation efficiency of b is the lowest, while the d the highest and c in the
middle. Therefore, it can be inferred that to charge the same amount of the energy, b has the
highest energy loss than ¢ and d. Moreover, during calculation of comprehensive energy loss,
the load power and vehicle speed are assumed constant, by using electric drive for the
propulsion during the discharging phase, the motor will have the same efficiency for points b,
¢, and d, and eventually has the same energy loss during the discharging. Therefore, the

relationship of the electrical energy loss of the three operations can be derived by:

E_LOSS ele, >E_LOSS ele, <E_LOSS_ele, (5.28)

In addition, from the SOC behavior of the three operations shown in Figure 5.12, the
slope of line AB is larger than AC and AC indicating the higher charging power. The slope
of line BB’ is equal to that of line CC’ and DD, indicating the same discharging power.
Therefore, to finish one energy cycle of SOC, the time required by ABB’ is the smaller than
that of ACC’ and ADD’. This also indicates that, if engine operates at point B, with the same
load and speed, in order to drive a certain time or distance, more mechanical energy have be
delivered to electrical path. From the energy analysis, in electrical path, energy will be
changed its form for four times before it reaches the wheel. The efficiency of changing the
energy form is very low. The more energy delivered to the electrical path, the more energy
lost on conversion. Therefore, the electrical energy loss of B is larger than C and D. This

reinforced the conclusion of equation (5.28).
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From equation (5.27) and (5.28), and the previous analysis, it can be found that as the
increasing of engine charging power, the energy loss in mechanical path decreases while the
energy loss in electric path increases. This conclusion gives the inspiration that somewhere
between the engine operation points that have the largest and smallest charging power, an
optimal engine operation exists such that the associated comprehensive energy loss is

minimum.

However, the ultimate criterion to evaluate a control strategy is the fuel economy,
which is miles per gallon (MPG). Minimum comprehensive energy loss does not necessarily
guarantee the best MPG, because it's only the function of engine and motor operation points,
which is independent with the travel distance. To overcome this drawback, the definition of
normalized comprehensive energy loss is introduced. In the calculation of comprehensive

energy loss, since the vehicle speed is assumed constant. The distance travelled during one
entire cycle of battery SOC (from {, to {, in Figure 5.6) can be obtained as S. In the same SOC
cycle, the comprehensive energy loss is estimated as E, . Therefore, the normalized

comprehensive energy loss is defined as:

| _total

OcgL = S (5.29)

At each second, the normalized comprehensive energy loss of each possible selection

of the engine operation will be evaluated. The engine and motor operation with the minimum

Qg 1S determined as the optimal control target.
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Figure 5.9 Optimal engine operation selection during engine charging

Figure 5.10 Optimal motor operation selection during engine charging
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Figure 5.11 SOC behavior of the selected engine and motor operation

5.4 Power Flow Control Strategy of Power-Split (Series-parallel) Drivetrain

The configuration of the power-split drivetrain is shown in Figure 5.12. The engine

and generator/motor (G/M) are connected to the ring gear and the sun gear of the planetary

gear set respectively, while the traction motor (TM) is connected to the carrier or the yoke.

Based on the characteristics of the planetary gear set, the relationship of the torque and speed

of the engine, the TM, the G/M, and the wheels can be expressed by:

i P i P
lga"h Tom + 1420

T, = TDiff

(5.30)
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i_a)rM =i_a)c = a)Diff (5.31)
g2 gl
o, = 1 Wy + ly 1) (5.32)
S R P '
. 1+in?
T, = Q+igmy ) Tey = -;rZOTe (5.33)

sr'/0

Where, T;y,, T, Ty, and Ty, are the torque of the TM, the engine, the G/M, and
the input of the differential. @y, , @,, @, , @, and @, are the speed of the TM, the engine,
the G/M, the carrier, and the input of the differential. igl and ig2 are the gear ratio from the
TM and the carrier respectively to the differential. I, is the gear ratio from the ring gear to

the sun gear. 77,,7); and 77, are the transmission efficiency from the TM to the differential,

the carrier to the differential, and the ring gear to the sun gear. g is the sign function of the

transmission( g =+1 for @, > ®,, B =-1for 0, <®,).

Since equation (5.30) and (5.32) are underdetermined equations, the engine torque
and engine speed can be adjusted by the torque of the TM and the speed of the G/M.

Therefore, both the torque and the speed of the engine are decoupled from the driving wheels.
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Figure 5.12 Configuration of series-parallel hybrid drivetrain

By controlling the clutch, locks, engine, generator/motor, and the traction motor, there

are over 10 possible operation modes of the drivetrain. However, not all of them are really

used, depending on the drivetrain design, driving conditions, operation characteristics of the

major components and so on [1]. Based on the design of the drivetrain configuration and the

components in this study, the available operation modes are:

1. Speed-coupling mode

1.1.Engine-alone propulsion

1.2.Engine propulsion with G/M speed coupling

1.3.G/M alone propulsion
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2. Torque-coupling mode
2.1. TM-alone propulsion
2.2. G/M propulsion with traction motor torque-coupling motoring
2.3.Engine propulsion with TM torque-coupling generating
2.4.Engine propulsion with G/M speed-coupling plus TM torque-coupling
generating

3. Regenerative Braking

The control method of each of the operation modes will be given respectively in the

control strategy of EV mode and CS mode
5.4.1 The Control Strategy of EV mode

Three drivetrain operation modes are available in EV mode, which are the mode 1.3,
mod e 2.1, and mode 2.2. In mode 1.3, the engine is shut down; lock 1 releases the sun gear
and the shaft of the G/M; lock 2 locks the ring gear to the stationary frame; the TM is de-
energized. In this case, the vehicle is propelled by the G/M alone. In mode 2.1, both the
engine and the G/M are shut down; lock 1, 2 and the clutch can be either engaged or released.
The TM alone propels the vehicle. In mode 2.2, lock 2 locks the ring gear to the stationary
frame; engine is shut down; lock 1 releases the sun gear and the shaft of the G/M. In such
case, the G/M and the TM forms a mechanical coupled drivetrain, in which the torque of the

G/M and TM are added together for the traction.

The selection of each mode is based on vehicle speed, and the traction torque required

by the load. Figure 5.13 shows the traction torque developed by the maximum torque of the

99



TM and the G/M respectively, and combined maximum traction torque developed by the TM
and the G/M. When the load torque is smaller than the maximum torque of G/M, both the
G/M and the TM (mode 1.3 and mode 2.1) can be used for traction. According to the
drivetrain configuration, when the G/M and the TM are used alone to propel the vehicle, they
are all mechanically connected to the wheels. With the fixed vehicle speed and required load
torque, the operation points of them are fixed. Therefore, by evaluating the energy loss based

on their efficiency map, the one with less energy loss is selected.

When the load torque exceeds the maximum torque of the G/M, but smaller than the
maximum torque of the TM, either the TM alone propulsion and the TM and G/M torque
coupling propulsion (mode 2.1 and mode 2.2) are available. However, mode 2.2 requires the
control of the locks, clutch and the TM and G/M, which makes the system too complex. It is
not appropriate to use such complex system unless it is necessary. Therefore, in this situation,

only the TM is used to propel the vehicle.

The most extreme condition in EV mode is when the load torque is so large that it
exceeds the torque capability of the TM. In such case, mode 2.2 is used. The power split of
the G/M and TM can be obtained using the same technique that is employed for determining

the power split of the engine and the electric motor in section 5.3.
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Figure 5.13 Traction torque capability of the series-parallel hybrid drivetrain

5.4.2 The Control Strategy for Engine Charging

In CS mode, the engine propels the vehicle and charges the battery through the G/M,
TM or both. The energy charged into the battery will eventually be used for the propulsion
through the electric motor. As is known, with the same load, the energy loss of engine in
engine propulsion is higher than that of the motor in motor propulsion. From this point of
view, the motor propulsion should be used as much as possible, which requires the SOC to be
maintained at a high level as much as possible. Therefore, the larger charging power from the
engine is preferred. However, the energy used for electric propulsion comes from the engine

and is delivered to the wheels through 4 times of transformation of its form (mechanical —
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electrical — chemical — electrical » mechanical), while in engine-direct propulsion, the
energy is transmitted directly to the wheels through the mechanical transmission. Therefore,
the loss of the energy on transmission for directly delivery (transmitted to the wheels through
mechanical transmission) is lower than that for indirectly delivery (charged into the batter

and eventually applied to wheels). From this perspective, smaller charging power is preferred.
It can be seen that this is the same trade off problem as the energy loss analysis for the
mechanical coupled drivetrain. Similar technique can be applied to analyze the energy loss of
the drivetrain in CS mode. However, due to the introduction of planetary gear set and the

G/M. There are more possible power flow routes than the mechanical coupled drivetrain.

The comprehensive energy loss of the torque and speed coupled drivetrain in CS
mode is analyzed using Figure 5.14. In CS mode, engine traction is used to propel the vehicle,
the power generated from the engine flows directly through the mechanical transmission to
the wheels, represented by route 1. The energy loss on route 1 includes the loss inside the
engine and the loss during the mechanical transmission. In addition, the engine also provides
power to charge the battery through the G/M and the TM. The power flows are represented
by route 2 and route 3. The energy loss on route 2 and 3 includes the loss of the G/M and TM,
the power converters and battery. Since the efficiency map of all the components are
available, the energy loss on each route can be calculated if their operation points are
determined. From equation (5.30) ~ (5.33), given the load torque speed, the operation of the

G/M and the TM can be determined by the operation of the engine. Assume the torque and

speed on the differentials are known as T 4, and @ 4¢,; The engine operation points are
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selected as T ., and @.,, by solving the equation set of (5.30)~(5.33), the operation points of

the G/M and the TM are:

Teowo =Teo /! isrﬂf (5.34)

oo = A+ isr)igleiffo —i @, (5.35)
1 277" 1+ n?

Trgo = —— Tpio — 2o L0 T 5.36

™o igl771/j e ig1771ﬂ i 770 ® ( )

Oy = a)DiffOigZ (5.37)

Therefore, from the efficiency map of the engine, G/M and the TM, the energy loss of

each part can be obtained.
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Figure 5.14 Power flow analysis of engine charging mode for series-parallel drivetrain

However, as described before, in CS mode, when assessing the energy loss of using
fuel, all the losses from the engine to the wheels should be accounted. The electric energy
charged into the battery also comes from the burning the fuel. The loss on its path to wheels
should also be included. But since it will be used in future propulsions, which are
unpredictable, to evaluate the energy loss during its future traction, the same assumption as

in parallel drivetrain are made, which assumed that the electric energy charged into the
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battery will eventually be used through the TM to propel the vehicle at the same load as of
during the charging. The power flow route is shown in Figure 5.14 as route 4. Since in TM

alone propulsion mode, the TM is mechanically linked to the wheel, with determined load,

T 4o and @ 4, the operation of the TM are:

Wry1 = Opi g2 (5.38)
1
Trne = ﬁTDiffo (5.39)
Iglnl

With the efficiency map of the TM, it is easy to obtain the energy loss of applying the
charged electric energy. Moreover, to address the effect of SOC window on the energy loss,
the same technique used in mechanical coupled drivetrain is applied. As a result, at each
possible engine operation, the total energy loss of charging and discharging the battery for

one entire SOC window with the constant load is obtained.

After defining the comprehensive energy loss, the problem becomes how to find the
operation that has the minimum comprehensive energy loss. As is shown in Figure 5.5, in
mechanical coupled drivetrain, the optimal engine operation points can only be found with
the fixed speed (vertically on the speed-torque map). However, in torque and speed coupled
drivetrain, the engine is completely decoupled from the wheels. The speed of the engine can
be adjusted by the G/M, while the torque of the engine can be adjusted by the TM. Therefore,

as is shown in Figure 5.15, assume L is the operation point of engine required by the current
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load. By starting the G/M and TM, the entire shaded area is the possible engine operation
points. Through searching the entire shaded area, the engine operation points with the
minimum average comprehensive energy loss is selected as the optimal control solution

which will achieve the minimum fuel cost.
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Figure 5.15 Illustration of selecting the optimal engine operation in a series-parallel
drivetrain
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Figure 5.17 Illustration of operation of the G/M associated with the engine operation
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5.5 Summary

In this chapter, a power management strategy is developed for both parallel and
series-parallel drivetrain. It determines the optimal power split between the engine, traction
motor, and generator if applicable, during CS mode. Through rationally presuming the future
battery discharging behavior and trading off the energy loss between the mechanical system
and electrical system, an innovative approach to calculate the normalized comprehensive
energy loss is proposed. It can be used as the criteria for the optimality of the control
solution. The power split with the minimum normalized comprehensive energy loss is found

to be the optimum.

In addition, a new customer behavior indicator is also created. Unlikely to the
conventional vehicles, instantaneous MPG of a hybrid drivetrain doesn’t necessarily reflect
system energy consumption, since part of the fuel energy may be stored into the battery. Low
instantaneous MPG may still lead to higher overall fuel economy, and visa versa. However,
in this chapter, the proposed innovative algorithm evaluates the energy loss of the energy
flow from tank to wheels, tank to battery, as well as the battery to wheels, and normalizes it
over the travelled distance within the current time step. Therefore, the average
comprehensive energy loss is a representative of the “system consumption” of the hybrid
drivetrain. With this as an indicator, the customers can adjust their manipulations accordingly

to achieve higher fuel efficiency.
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CHAPTER 6 IMPLEMENTATION OF DRIVETRAIN CONTROL

STRATEGY

One of the major targets of the control strategy design is to achieve the real-time
driving condition implementation. Based on the previous two chapters, the proposed control
system consists of two layers of controls, namely, the management of plug-in electric energy
and the management of the drivetrain power distribution. The energy management is
deterministic-based and uses the pre-trained LVQ neuro network for identifying the driving
patterns. Therefore, the energy management can be readily implemented in real time controls.
However, in power management, the optimal control is obtained through searching the
operation point with minimum system energy loss over the entire solution domain. The
global minima searching process may bring additional computation load that will become a
main drawback of implementing the proposed control strategy in real-time driving condition.
In this chapter, the main effort will be focused on the real-time implementation of the power
management strategy. Different implementation algorithms are discussed and compared first.
The most viable method with small sacrifice are selected for implementation. Simulation

results and accuracy analysis are also presented at last.
6.1 Vehicle Simulation Model

For the simulation setup, the backward simulation method is used in this dissertation.
The driver model is assumed ideal, thus the power demand and speed profile from the known

drive cycle are applied as inputs. The vehicle is modeled as a point mass. The dynamic
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equation of vehicle propulsion is used to simulate the torque and power demand under given

speed profile.

T, = Mof, c05a+%paCDAfV2+Mgsina+5M ?j_\t/ (6.1)

P., = Mdf, cosaV +%paCDAfV3+MgsinaV +5MVZ—\: (6.2)

req

Where Treq and Preq are the torque and power required at the wheels respectively; M
is the vehicle mass; g is gravity coefficient; V is the vehicle speed; f, is rolling resistance
coefficient, & is the road angle , p, is the air density; C, is the aerodynamic drag
coefficient; A, is the frontal area of the vehicle; & is the mass that equivalently converts the
rotational inertias of rotating components into translational mass.

The engine model is previously built based on [1, 19]. To mitigate the computation
load, the static efficiency map is extracted from the offline simulation. In the same way, the
model of motor and generator model are also built as static efficiency map based on the data
borrowed from ADVISOR. The efficiency maps of engine, motor and generator will be

shown in the later analysis.
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Figure 6.1 Equivalent circuit battery model.

The battery model are built based on the equivalent circuit mode shown in Figure

6.1[71]. The SOC in discrete time can be calculated as:

V., -V —4(R, P
SOC,,, =SOC, ——= = (R +RIR, (6.3)

2(Rint + Rt)Qb

Where R, is the internal resistance, and V,, is the open circuit voltage. They are

functions of battery SOC. Q, and P, are the maximum battery charge and instant battery

power respectively.
6.2 Solution Domain Analysis

In parallel drivetrain and series-parallel drivetrain, the engine decoupling is different,
leading to different operation regions. Therefore, for the optimal control method proposed in

chapter 5, the solution domain of the control strategy is analyzed.
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6.2.1 Solution domain for parallel drivetrain

In parallel hybrid drivetrain, the engine is mechanically linked to the wheels, meaning
that at any given load, the engine speed is determined and only the engine torque is available
to be controlled. In such case, it is easy to see that, during CS mode when the engine is
required to charge the battery while propelling the vehicle, the available engine operation
region is the range of engine torque varying from the required load torque to the maximum
torque under given engine speed. Moreover, according to Chapter 5, the solution domain of
controlling the whole drivetrain (based on the average comprehensive energy 10ss) is
uniquely correspondent to the engine torque. Thus, the characteristics of the solution domain

can be analyzed by varying the engine torque.

Two different road loads are selected that require the engine to operate at the same
speed of 2000rpm, but different torques (Load1:Te=30Nm; Load 2:Te=40Nm). In this
dissertation, we define such operation points as the original engine operation points that are
shown as O1 and O2 in Figure 6.2 (a). So, the available engine operations are the straight line
O1M and O2M respectively while the corresponding motor operations are straight line OM1
and OM2. From the Figure 6.2, it can be seen that the efficiency over O1M, O2M, OM1 and
OM2 are different. This will cause the calculated average comprehensive energy loss

nonlinear, or worse, discontinuous and non-differentiable.
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Figure 6.2 Possible operation points of the engine and electric motor.

The calculated efficiencies and energy losses for Load 1 and Load 2 corresponding to
different engine torques are shown in Figure 6.3 (a) and (b) respectively. In the figures, the
engine, motor and system efficiency are indicated in blue lines, while the red lines represent
the average energy loss of the engine, motor and the whole system. The point with the
minimum average comprehensive energy loss is also marked out with green diamonds. It can
be seen that, as the engine torque increases, the engine efficiency increases as well and
reaches its max value at the maximum engine torque. However, the system efficiency shows
a concave upward shape, due to the influence of motor efficiency. On the other hand, the
average energy loss curves are different pictures. As the engine torque increases, although
the efficiency grows, more power is lost, thus the average energy loss curve of engine is a
concave downward. The electric system energy loss, however, increases all the time because
more energy from the engine circulates through the battery. This will cause more energy loss

during changing the energy form.
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Figure 6.3 Average energy loss and efficiency of proposed strategy for parallel drivetrain at
(@) ne=2000, te=30Nm, (b) ne=2000, te=40Nm

The minimum system average energy loss, which corresponds to the optimal engine
torque are indicated by the green diamonds. From the comparison of the two figures, two
interesting facts are found: 1. Operating the engine at its highest efficiency doesn’t lead to the
best operation from system viewpoint. It actually may become the worse operation point due
to too much energy loss at higher load, as is shown in Figure 6.3 (b). This fact coincides with
our analysis when designing the drivetrain control strategy in Chapter 5. However, since the
system efficiency and energy loss lines are very close to the lines of the engine, it gives
proves that engine is still the dominant component from system efficiency and energy loss
point of view. Therefore, when optimizing the drivetrain control strategy towards higher fuel
economy, engine should be prioritized. 2. Another interesting fact is that the shape of the
system average energy loss curve is different from what is expected to be a continuous curve.

In the circled area, the curves have the “zigzag” shape. This is caused by the different
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variations of component efficiencies. Although it is not a problem during off-line simulation
where exhaustive enumerate method is used, it set a large barrier for the real time
implementation. Because potential discontinuous, or non-differentiable curve rules out the

possibility to use the gradient based or differentiation based algorithm to find the minima.
6.2.2 Solution domain for series-parallel drivetrain

In series-parallel drivetrain, both the rotating speed and torque of the engine can be
adjusted for seeking the optimal control. To study the characteristic of the solution domain
under the proposed optimizing scheme, two different loads are selected that require the
engine to operate at Ne=2000 pm, Te=10Nm (Load 1) and Ne=2000 rpm, Te=40Nm (Load 2)
respectively. The available operation region of the engine, motor and generator are shown in
Figure 6.4 and Figure 6.5. From Figure 6.4 (a) and Figure 6.5 (a), it can be seen the available
engine operation region is between the hyperbolic curve of the load power and the engine
envelope curve. The two different loads also have common engine operations regions.
However, difference original engine operation points produce different operation regions of
the TM and GM, shown in Figure 6.4 (b)-(c) and Figure 6.5 (b)-(c). This will make the
efficiency of the TM and GM completely different, which again makes the whole system
efficiency varies with original engine operation point. The efficiency of each component and
the whole system are shown in Figure 6.6 (2) and (b), while the average energy loss of engine,

electrical system, and whole drivetrain system are shown in Figure 6.7 (a) and (b).
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Figure 6.5 Operation region and optimal operation points of (a) Engine, (b) TM and (c) GM
for original engine operation point at Te=50Nm and Ne=2000 rpm

From Figure 6.6, it can be seen that, the efficiency of TM over the whole available
region is around 0.9, while the efficiency of GM varies a lot (from 0.55 to 0.85). However,
the shape of the efficiency of TM changes more than GM. This is all caused by different
operation region shown in Figure 6.4 and 6.5. Additionally, the surface of system efficiency
is very close to that of the engine, indicating that engine still dominant the system efficiency

in series-parallel drivetrain.
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The average energy loss of engine, electrical system and the whole system is
calculated according to the proposed method. The results are shown in Figure 6.7. It can be
seen, the average system energy loss of load 2 is generally higher than that of load 1. This is
because the original engine operation point of load 2 is already in its mid region. The energy
saved in the engine by dragging its operation point to the highest region cannot balance the
energy loss in TM and GM, thus producing more system energy loss. However, the average
system energy loss of load 1 also has two high value area, which are the low power low
speed region and low power high speed region, This is because: 1 At low power low speed
area, GM is in motoring mode while TM is in generating mode, in such case, a power
circulation is created, which results to large energy loss. 2 At low power high speed, although
the efficiency of GM is high, the engine efficiency is very low, causing large system energy
loss. The shape of the system average energy loss is also a point of interest, because it affects
the difficulty of locating the global minima. The shape of the two different loads are
obviously different. For load 1, surface of the system average energy loss has two “saddle
points” in the high torque region, and two “peaks” at the low torque region. The surface of

load 2, however, is more favorable, which is a continuous concave.

The optimal operation points with respect to engine operation are marked on Figure
6.6 and 6.7. According to Figure 6.6, the optimal engine operations are found to be at
Ne*=2000 rpm, Te*=84.9Nm (Pe=18.16kW), indicating that, the best solution is only adjust
the engine torque with TM. This is because, the original engine speed is already in the region
where the high efficiency can be achieved, as is shown in Figure 6.6 (a). Therefore, moving

the engine operations to its highest efficiency point will force the GM to work under low
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speed, where the efficiency is as low as 0.55. To avoid unnecessary energy loss and power
circulation, only adjust the engine torque with the TM works is the optimal solution.
However, for the optimal solution of load 2, the picture is totally different. From Figure 6.7
(b), the optimal engine operation point is at Ne=2000 rpm, Te=50Nm (Pe=10.47kW), which
is the original engine work points. The reason is that the efficiency of the original engine
operation point of load 2 is already in its mid region (around 0.28). Therefore, the potential
ability of saving energy by adjusting the engine operation points is limited. On the other hand,
when using TM and GM to adjust the engine, part of the energy from burning the fuel will be
injected into the electrical path, thus create energy loss during changing of its form.
Therefore, when the profit of adjusting the engine operation to the highest efficiency region
cannot make up to the loss of using the TM and GM, a better choice is to only use the engine

to propel the vehicle.
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To summarize, the final task to implement the proposed power management strategy
is to locate the engine operation corresponding to the global minimum system average energy
loss. However, solution domain of the system average energy loss varies with the original
engine operation, and is totally determined by the combination of the efficiency of every
component in the drivetrain. Therefore, a generic approach of searching the global minima is

necessary for the implementation.
6.3 Global optimization algorithms

From the analysis of the solution domain, the real time optimization problem
becomes the real time global minima searching problem. However, since the solution domain
is purely determined by the efficiency combination of all the components in the system, the
shape of the response function could be multi-modal involving many local minima, or noisy
and discontinuous, or even worse non-differentiable. Gradient based algorithms such as
sequential quadratic programming (SQP) using the derivative information cannot not search
the entire design/control space and cannot find the global minimum [53, 124]. Derivative-
free algorithms, such as genetic algorithm (GA) and particle swarm optimization (PSO), do
not rely on the derivatives. Therefore, these algorithms work exceptionally well when the

objective function is noisy and discontinuous [121].

In this section, several non-derivative searching algorithms that can possibly be used
for implementation are studied. They are the Simulated Annealing Algorithm, Particle

Swarm Optimization, and Diving Rectangles algorithm
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6.3.1 Simulated Annealing Algorithm

Simulated Annealing (SA) is proposed by Kirkpatrick et al [160] in 1983, it is a
stochastic algorithm based on the analogy of the annealing process in metal smelting. The
algorithm starts by evaluating the objective function of a randomly assigned state point as the
current result and then jumps to evaluate the objective function of a new randomly assigned
state point [161]. However, the objective function of the new point could be better or worse
than the current one. The acceptance or rejection of the latter depends on an acceptance

probability P(dE), that is borrowed from the annealing process of metal smelting. Therefore,

the decision process of SA algorithm is expressed as:
If J(Y(@i+1) > J(Y(i)), move to the new point
If J(Y(i+1) < JI(Y(i)), move to the new point with possibility P(dE)

In which, J is the cost function, Y (i) is the state input of the current step, while
Y (i +1) is the state input of the new step. The possibility P(dE) can be expressed [162, 163]

as:

P(dE) = exp(—0) (6.4)
Where T is the parameter that controls the algorithm’s evolution, dE is the

difference between the value of evaluated objective function of the candidate solution and the

current one.
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It is necessary to point out that the probability P(dE) will reduce as time, and
eventually become stable, meaning that, after many evolution, there is a very small
possibility that the new point with worse solution will be accepted. In such case, with certain
possibility, the algorithm can “jump” out of the local minima, thus may able to converge to
the global optimum. However, if the randomly assigned points never tap the area with global
minima, it is also possible that the algorithm will stuck in a flat area or another local minima,

whose objective function value is even worse than the previous found ones[60].
6.3.2 Particle Swarm Optimization

Particle Swarm Optimization (PSO) is an evolutionary stochastic optimization
technique developed by Eberhart and Kennedy in 1995[164]. It simulates the social behavior
among bird individuals (particles) flying through a multi-dimensional space, searching for
food. During the searching process, each particle “flies” through the problem space by the
adjustment of its “flying” trajectory according to its previous best performance (self-
cognitive) and the historical best performance in its neighborhood (social influence)[61, 165,

166].

The algorithm is initialized with a population of random velocity and position. The

solution is found by evaluating the fitness values. Then each particle adjust its flying velocity

and position in the search space in terms of its own best known position P, and the

swarm’s best known position G, ,that are obtained through calculating the fitness value.

Whenever the better fitness values are found, the particle best known position and the

swarm’s best known position will be updated. The algorithm will terminate when the good
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enough fitness value is found or the maximum number of iteration is reached [52, 58, 59,

167]. The updating process of the velocity and position of each particle can be expressed as:

Vi =wv ok (Pbest — x¢) +c,r) (Gbest! — x)
Xt =xK vt (i=1,2,---,m) (6.5)

Where I, and I, are two pseudo-random scalar between 0~1. C; and C, are the
acceleration coefficients, and are usually chosen as 2 for most applications [168]. Factor W

is the inertia weight and M is the size of the swarm. B, is the best position experienced by

the i particle, and G, is the best position experienced by the swarm.

PSO is a heuristic as it makes few or no assumptions about the problem being
optimized and can search very large spaces of candidate solutions. Because it is a pattern
search approach that do not require the problem to be explicit or differentiable, it can
therefore be used on optimization problems that are partially irregular, noisy, change over
time, etc [59]. However, since the adjustment of the “flying” trajectory depends on the self-
best position and the swarm-best position, the swarm may be quickly attracted to one
position that is not the global optimal and make the early convergence decision [162]. So,
PSO do not guarantee an optimal solution is ever found. Moreover, although PSO is more
efficient than the Genetic Algorithm[160], the computational load still is too large for real

time implementation.
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6.3.3 Dividing RECTangles algorithm

DIRECT is a deterministic global sampling algorithm developed by D.R. Jones et
al[161, 163]. The name comes from “DIviding RECTangles”, which describes the way the
algorithm moves towards the optimum. The algorithm begins by dividing the search space
into the unit hypercubes by adopting the center-sampling strategy. The objective function is

evaluated at the midpoint of the domain, where a lower bound of each center-vertex distance

is constructed. After certain number of iterations, the lowest point of the smallest center-

vertex distance is selected as the global optimum [59, 60, 124].

A visual representation of the first three iterations of the DIRECT algorithm is shown
in Figure 6.8. It can be seen, the first sample is selected at the center of the initial hypercube
(point 1). This cube is then trisected, resulting another two samples at point 2 and 3. The
objective function of the 3 samples are evaluated shown on the right. So, for the first iteration,
point 1 is found to be the potential optimal of center-vertex distanced. In the second iteration,
the hypercube containing point 1 is trisected again, obtaining two potential optimal of point 3
and point 5 at center-vertex distant d and d1. Since there are two sizes of hyperrectangles
after iteration 2, in the third iteration, they are further divided, creating 3 sizes of
hyperrectangles with 3 potential optimal points at center-vertex distance d, d1 and d2
respectively. Such process will continue until a maximum iteration number is reached or the

objective function is good enough [39, 60, 125, 165, 166].

DIRECT requires no knowledge of the objective function gradient. Instead, it treat the

objective function as a “black box” and uses the information from the sampling to decide
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where to search next [165]. Therefore, DIRECT algorithm is suitable for resolving the global
searching problems confronted in the implementation process. Moreover, it guarantees the

global optimality of the results.

However, based on the literatures [39, 60, 125, 161], the DIRECT algorithm will
globally converge to the minimal value of the objective function only when enough large
iterations are performed. In such case, this global convergence may come at the expenses of a
large and exhaustive search over the domain, thus might not be fast enough for real time

implementation.
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Figure 6.8 Graphical representation of the first three iterations of the DIRECT algorithm [60].
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6.3.4 Performance Analysis

Based on the previous analysis, simulated Annealing algorithm does not guarantee to
find the global minima[160]. Therefore, only the PSO algorithm and the DIRECT algorithm
are simulated with MATLAB PSO toolbox [45, 169, 170] and DIRECT toolbox [58]. Their
ability of locating the global minima and converging time are tested for real time

implementation.

Two optimization test functions [167], sphere function (unimodal) and the Goldstein
Price (GP) function (bimodal) are hired as the objective function. The expression of the

functions are:

Sphere: f(X,%,)=(x —20)* +(x, —25)* with f,;, =0 at X, =20 and X, =25

GP: (%, %) =(+(X +X, +1)?(19-14x +3x” 14X, +6X X, +3X,))
(30+(2x, —3X,)*(18—32x, +12x,> + 48X, —36X,X, +27X,’))

with f,, =3 at X, =—1and X,=0

The test results for PSO algorithm are plotted in Figure 6.9 and Figure 6.10. Within
50 iterations, the PSO is able to find the global minima of both Sphere function and GP
function. The time elapsed before convergence is 6.65 second and 6.75 second respectively.
Since for both of the test functions, 50 iterations were consumed, therefore PSO generally

spend the same time to find the minimum point of Sphere and GP.
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The results of DIRECT algorithm are shown in Figure 6.11 and Figure 6.12. It can be
seen that for Sphere function, DIRECT algorithm expend 8 iterations and a maximum of 107
function evaluations before converging to the minimum point. However, for GP function, a
total of 14 iterations and 191 maximum function evaluations are presented to find the global
minima. Moreover, the time consumed for Sphere and GP by DIRECT are 0.13 second and
0.34 second respectively. The differences in iterations and time consumed caused by the
different shapes of the test functions. Because GP function have more “saddle points” than

the Sphere function, to guarantee the global minimum, more iterations are required.
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Iteration Statistics for Sphere test Function
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Figure 6.11 (a) Iteration statistics for sphere test function by DIRECT
(b) Iteration command window of DIRECT
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Figure 6.12 (a) Iteration statistics for GP test function by DIRECT
(b) Iteration command window of DIRECT
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6.4 Real-time Implementation Method

Real time control system are closed-loop system where one has a tight time window
to gather data, process data, and update the system[171]. Therefore, the computation
algorithm has to be fast enough to catch up with the system clock. According to the
literatures [139, 172-176], a vehicle level controller for a hybrid drivetrain should be able to
process a decision command that is ten times faster than the vehicle’s operation. In other
words, if the vehicle’s operation is on a 1 second time step, the controller needs to process a
command in 0.1 second. In the previous section, two possible real time implementation
algorithms are introduced and simulated on the computing platform with Intel i7 3.4GHz
quad-core processor (8M cache) and 16G ram memory. The simulation result shows with the
sphere function whose shape is much favorable, the best result is 0.13 second obtained by
DIRECT algorithm, which didn’t meet the 0.1 second criteria. Furthermore, since the
objective function in our proposed algorithm is much complex than the sphere function, it is
anticipated that much longer time will be consumed for PSO and DIRECT algorithm.
Therefore, the implementation with PSO and DIRECT will not be further discussed in here.
Nevertheless, because the research only focuses on the validation of the proposed
implementation algorithms, with capable hardware and proper manipulation and management
on improving the code quality, they may still be feasible choices for real time

implementation.
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6.4.1 Lookup tables for real time implementation

Look up table methods are widely used in the real time control due to its simplicity,
reliability and easy implementation. The table can be built from off-line simulation.
Quantization and interpolation approaches are involved. The state and control values are first
discretized to form finite grids. Certain values that do not fall exactly on the quantized values
of the grid will be obtained through interpolation. Therefore, because of the interpolation and
approximation, the control of look-up table method will deviate from the optimal one.
However, the error can be mitigated by increasing the density of the quantized grid. If
ignorable sacrifice of accuracy can be traded off over the calculating speed, it is still a wise

choice.

In this dissertation, the look-up tables based on the proposed power management

algorithm are built for parallel and series-parallel drivetrain.
a. Look-up tables of parallel drivetrain

According to the proposed power management algorithm delivered in Chapter 5,
during CS mode when engine is required to charge the battery, the objective function of
optimizing the engine torque is a function of vehicle speed (equivalent to engine speed), and
the required propulsion torque, which is also is a function of vehicle acceleration. Therefore,
the look-up tables of optimal engine torque are built with respect to engine speed and vehicle
accelerations. Five tables are produce for five different gear ratios respectively. The tables

are shown in Figure 6.13 to Figure 6.17.
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Figure 6.14 Optimal engine torque for engine charging mode with 2" gear
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Figure 6.15 Optimal engine torque for engine charging mode with 3" gear

Figure 6.16 Optimal engine torque for engine charging mode with 4™ gear
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Figure 6.17 Optimal engine torque for engine charging mode with 5™ gear

From the Figure 6.13 to 6.17, under certain engine speed, when the required
acceleration (traction torque) is low, without the adjustment from the motor, the engine will
work in its low efficiency region, in such case, the optimal choice is to use the motor to
adjust the engine torque to its high efficiency area. Although additional energy loss are
generated on the motor and the battery, the marginal benefit of increasing the engine
efficiency is large enough to make the whole drivetrain system have minimum average
energy loss. On the other hand, when the required traction torque is large enough that,
without and adjustment, the engine already lies in the medium-high efficiency area. In such
case, increasing the engine efficiency does make up to the energy loss on the electrical

system. Therefore, the optimal choice is to only use the engine for propelling the vehicle.

It is worth to point out that, the negative acceleration in the figure is caused by the air

drag and road friction. So the engine may still work for propelling to overcome the drag,
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albeit the vehicle is decelerating. Figure 6.18 plots the accelerations created by the drag force
under different gear ratios. It can be seen that the shape of the cut-off line of Figure 6.13 to

Figure 6.17 is the same with the corresponding lines shown in Figure 6.18.

~ -0.7

gy

£

~ 0§

e

2 g

(@]

o

©

= 0.4

o]

°

£ 03 -

3 3" gear
e ___:’)ﬁ’
g -0.1 1> gear 1
g

< 00 1000 1500 2000 2500 3000 3500 4000 4500

Engine speed (rpm)

Figure 6.18 Acceleration created by drag force

Another scenario that is considered in the power management strategy is when the
required torque exceeds the limit of the engine. In order to meet driver’s demand, the motor
works to assist the engine. However, the power split of the engine and motor need to be
optimized so as to achieve the minimum average energy loss for the whole system. The look
up table of the optimal engine torque and motor torque are shown in Figure 6.19 and Figure
6.20. They are obtained with respect to the discretized engine speed (equivalent to vehicle

speed) and the percentage of required torque over the maximum motor torque.
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It can be seen that, as the required torque increases, the optimal engine torque is zero
at the beginning part until the motor reaches its maximum torque capacity. So motor is
always preferred when the required torque doesn’t exceed its capacity. This implies that the

motor alone propulsion always leads to smaller average energy loss of the whole system.

Engine torque (Nm)

Figure 6.19 Optimal engine torque during the engine-motor combined traction.
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Motor torque (Nm)

Figure 6.20 Optimal motor torque during the engine-motor combined traction

b. Look-up table of series-parallel drivetrain

Similar to the parallel drivetrain, the look-up tables for the optimal power control of
series-parallel drivetrain is built with exhaustive search. The optimal engine torque, speed,
and the corresponding TM torque and GM speed are obtained with respect to the original
engine speed and torque, which is defined as the engine operation under the current load
without adjustment from TM and GM. Therefore, with any load demand, the corresponding
engine torque and speed with locked TM and GM can be derived. Thus, from the lookup
tables shown from Figure 6.21 to Figure 6.24, the optimal decision of controlling engine
operation can be attained. This optimal decision ensures the system to have minimum

average energy loss.
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Figure 6.22 Optimal engine speed for propulsion and charging of series-parallel drivetrain

139



60"
40

20l

4500

TM optimal torque (Nm)

Figure 6.23 Optimal TM torque for engine propulsion and charging of series-parallel
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Figure 6.24 Optimal GM speed for engine propulsion and charging of series-parallel
drivetrain
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From Figure 6.21 and Figure 6.22, it can be seen that when the original engine torque
is less than around 25Nm and the original engine speed is less than 2500 rpm, the optimal
control is to use the TM and GM to move the original engine operation point to its high
efficiency region, which is between the speed of 2500 rpm and 3000 rpm, and torque of
85Nm approximately. In such case, both the TM and the GM are in generating mode.
However, with the small original torque, when the original speed is over 2500 rpm, GM is
not operating to adjust the engine speed. Only the TM works in generating mode to boost the
engine torque to its maximum capacity. This is because when the original operation speed
locates in the engine’s high efficiency speed region (between 2500 rpm and 3500 rpm),
moving the engine speed to its maximum efficiency speed is inefficient. The marginal energy
saved on engine cannot balance the energy lost on GM. Additionally, when the original speed
is beyond the high efficiency speed region (over 3000 rpm), to pull the operation point back
to its high efficiency region, the GM needs to work in motoring mode, while the TM works
in generating mode. In such case, a power flow circulation is created between TM and GM,
which is extremely unfavorable. Therefore, only adjusting the engine torque with TM is

optimal from the system point of view.

The corresponding optimal TM torque and GM speed are shown in Figure 6.23 and
Figure 6.24. It clearly demonstrates that GM does not work in motoring mode (positive speed)
and works consistently in generating mode (negative speed) when the original engine speed
is under 2500rpm. It can also be seen that over the whole speed region, TM is applied to

attain the optimal engine torque when the original engine torque is low.
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6.4.2 Accuracy Analysis of Look-up Tables

When the desired result is not on the fixed grid of look up tables, interpolation
technique will be used. This will introduce certain errors. To analyze the effect of the error
on the overall fuel consumption, simulations of parallel drivetrain with exhaust search
method and look up tables method are performed for comparison. In the simulation, the
initial SOC is set at 0.3. So, the results represent the performance in CS mode. 6 repeated

UDDS drive cycles and 3 repeated HWFET drive cycles are used for the simulation.
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Figure 6.25 Engine operation points in CS mode under 6 UDDS cycles with (a) exhaustive
search; (b) look up table
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Figure 6.26 engine operation points in CS mode under 3 HWFET cycles with (a) exhaustive
search; (b) look up table

The engine operation points under each method for UDDS and HWFET are shown in
Figure 6.25, and Figure 6.26. It can be seen that, due to the use of look up table, there are
several engine operations that are different from the results of exhaustive search. However,
most of the operation points are identical. The detailed values of the simulation are also
compared in Table 6.1. It can be seen that with the look up table method, the fuel
consumption achieved in UDDS is 69.21MPG. Compared with 69.62MPG under exhaustive
search, it’s only 0.6% smaller. However, the time required to finish the 8231 second
simulation is only 7.98 second. This is a huge improvement on the simulation time with only
marginal sacrifice. The same thing happens on HWFET cycle, with the sacrifice of 0.53%

less on MPG, the time improved from 2624.23 second to 3.42 second.
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Table 6.1, Simulation results of 6 UDDS cycle and 3 HWFET cycle under exhaustive search
method and look up table method

9490.34

69.62 69.21
2624.23 3.42
51.47 51.20
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CHAPTER 7 COMPARATIVE STUDY

The control strategies studied in the previous work usually employs different size of
components and is aimed at different types of vehicles. Therefore, it is very hard to compare
the performance with the proposed control strategy. However, dynamic programming (DP)
technique is well accepted as the benchmarking tool that mathematically guarantees to
deliver the global optimum solution [72, 73, 101, 103]. That is to say, using DP, the
maximum potential of fuel saving (global optimum solution) on a drivetrain is able to obtain.
In such case, the results of the developed control strategy can be directly compared to the DP

to evaluate its performance.
7.1 Dynamic Programming Technique

Dynamic programming is a generic optimization approach which can provide
globally optimal solution subjecting to the constrained nonlinear programming problems[69].
Based on Bellman’s principle of optimality, the optimal control policy can be attained by
transforming the complex decision-making problems into a series of subproblems [96, 177].
To be more specific, the discrete-time dynamic programming can be expressed as

minimizing the cost function:

‘]:GN(XN)+nzlLk(Xk’uk) (7.1)

And subject to:
X, = f.(x,u), k=01..,N-1 (7.2)
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where X, is an element of a system state, U, is the control input.

If there is 7~ = {u;,uf,...,u;&} that minimize the cost function J, then it is considered

optimal control solution:

In the discrete-time format, the hybrid electric vehicle model can be expressed as :
x(k +1) = f (x(k),u(k)) (7.3)

Where u(k) is the vector of control variables such as the command torque from the

engine and motor (Nm), the gear shift command to the transmission, and the desired engine

speed (rpm) if necessary. x(k) is the vector of state variables of the system. The objective of
the optimization scheme is to find the optimal control input u(k) such that the following cost

function can be minimized over a driving cycle:

325 Lx(K).u(k))
o (7.4)

= NZ fuel (k) + £NOx(k) +vPM (k)

k=0

LN

Where N is the duration of the driving cycle, L is the instantaneous cost including
fuel consumption and engine NOx and PM emissions. In this research, since emission is not
the point of interest, the weighting factor of NOx and PM are set to zeros: 4 =v=0.
Additionally, due to the capability and safety concerns of the components, the optimization

problem of HEV is also confines by constraints:
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Inequality constraints are:

a,

e_min < a)e (k) <o,

e_max

Te_min (we (k)) < Te (k) < Te_max (a)e (k))

7.5
T, (@, (K, S0CHN <T, (K <T, ., (0,(0,50CK)
SOC,;, <SOC(k)<SOC,.,
Equality constraints are:
Ve (K) = Vi (K) L6
T 4T =T (7.6)

where @, is the engine speed, T, is the engine torque, T, is the motor torque, Treq is
the required torque, SOC is the battery state of charge, v, is the vehicle speed, V,, is the

required vehicle speed from the drive cycle.

Applying the forward dynamic programming technique, the HEV fuel consumption
minimization problem can be divided into a sequence of subproblems. The sumproblem for

step 1:

J,(x(@) = min[L(x(@), u()) + G (x,)] (7.7)
Step k for 1<k < N:
3 (x(k)) = rp(ikp[L(Xk )+ 3,y (x(k=1)] (7.8)
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Where J; IS the optimal cost-to-go function at state x(k). It represents the optimal

resulting cost that if at state k-1, the system starts at state x(k —1) and follows the optimal

control input. Using the above equations, the control problem can be solved recursively to

find the optimal control solution over the entire driving cycle.
7.2 Comparative Simulation Analysis
7.2.1 Comparative Study of the Power Management Strategy

The power management strategy is studied first with computer simulation. In order to
test the performance in CS mode, the initial and final SOC state are set to 0.3. With the same
vehicle model and simulation setup, the DP and the proposed control strategy are simulated
over UDDS, HWFET, US06, ECE and New York driving cycles. Additionally, to show the
improvement, the previously built constraint engine on-off control strategy is also simulated
with the same model and driving cycles. The fuel economy for parallel and series-parallel
configurations are shown in Table 7.1 and Table 7.2. It can be seen that, the proposed
strategy improves the fuel economy over all the five driving cycles compared with the
constraint engine on-off strategy. Specially, in the low speed urban pattern driving cycles,
such as UDDS and NY, the improvement is over 25%. Additionally, the results obtained by
DP represent the optimal fuel economy that can be achieved. It can be seen that, the proposed

strategy leads to the fuel economy that is only around 6% deviated from DP.
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Table 7.1 Fuel economy comparison for parallel drivetrain

Table 7.2 Fuel economy comparison for series-parallel drivetrain

The component energy loss of each driving cycle with DP, the proposed strategy and
the constraint engine on-off control strategy are shown in Figure 7.1. The unit of the energy
loss is kd/lkm. Apparently, for each driving cycle, DP achieves the minimum overall loss.
However, if we consider the energy loss on each component, the engine loss of the proposed
strategy and DP is almost the same, while there is a big difference of loss on the other
components. To analyze the loss, the engine and motor operation points, and SOC behavior

simulated with the three control strategies over UDDS and HWFET driving cycles are shown
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from Figure 7.2 to Figure 7.6. Figure 7.2 shows the SOC behavior of the three strategies over
UDDS driving cycle. The SOC obtained by DP is mainly retained at 0.3 over the whole cycle,
while the SOC of CELMS and engine on-off fluctuates around 0.3. Since there is energy
flowing in and out of the battery, the loss on battery for CELMS and engine on-off is higher

than DP.

From Figure 7.3 and 7.5, the green rectangles indicate that the constraint engine on-
off strategy tries to operate the engine in its most efficient region as much as possible. This is
because the objective of this strategy is to optimize the operation of engine for it’s the largest
source of energy loss. However, proposed strategy tries to trade-off the engine loss with the
motor and battery loss such that the system loss can be reduced. Therefore, although the
engine is not always works in the “best” area (blue starts), the overall fuel consumption is
still better than the constraint engine on-off control. For DP control, the operation of the
engine (red circles) is further scattered than the proposed strategy. This is because DP has the
“a prior” knowledge of the whole speed profile and power demand. Thus, the engine
operation is able to be optimized accordingly such that the fuel consumption can be

minimized.
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Figure 7.1 Component energy loss of parallel drivetrain with DP and proposed control
strategy for PHEV, and the engine on-off strategy for HEV
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Figure 7.2 SOC behavior of DP, proposed strategy and engine on-off strategy for parallel
drivetrain over UDDS driving cycle
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Figure 7.4 Motor operation points of DP, proposed strategy and engine on-off strategy for

parallel drivetrain over UDDS driving cycle.
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Figure 7.4 and 7.6 show the motor operation over UDDS and HWFET superimposed
with the motor efficiency map. It can be seen that, DP control strategy (red circles) tries to
operate the motor in higher speed, lower torque region, where the motor efficiency is very
high. However, the motor tends to provide more torque under the control of the proposed
strategy and engine on-off strategy. Therefore, the energy loss on motor for the latter two

strategies is higher than DP.

To quantitatively show the difference of component operations of the three control
strategies, the efficiency of each component over UDDS cycle is shown in Figure 7.7. It can
be seen that, DP has the lowest engine efficiency. However, with the sacrifice of engine
efficiency, DP is able to achieve a higher efficiency of the motor and the battery, making the
whole system efficiency the highest. One the other hand, the constraint engine on-off strategy
is able to achieve the highest engine efficiency. But the motor and battery drags the whole
system efficiency to be the lowest. Therefore, it can be inferred that, to achieve a high system
efficiency or fuel economy, only optimizing the engine (the component with the highest

energy loss) is not enough. The optimization should be performed towards the whole system.

The component efficiency of the proposed strategy is shown in the middle of Figure
7.7. It can be seen that the proposed strategy trades off the engine efficiency with motor and
battery efficiency. Although none of the component efficiency is the highest, the high system
efficiency is achieved, which is very close to the result of DP(19.84% for the proposed,

while 20.73% for DP).
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Figure 7.7 Component and system efficiency of DP, proposed strategy and the constraint
engine on-off strategy for parallel drivetrain over UDDS driving cycle

The component energy loss under the selected five driving cycles for series-parallel
drivetrain is shown in Figure 7.8. It can be seen that, the biggest difference on component
energy loss is on the generator/motor (GM) in the UDDS and HWFET cycle. This happens
because in the proposed strategy, based on the look up table obtain by offline simulation,
when the engine speed is within the high efficiency area, the generator doesn’t work to
further adjust it. The engine operation points shown in Figure 7.9 clearly show that, most of
the time, generator with the proposed strategy stays at zero rpm, indicating that the generator
does not work. Therefore, the energy loss on generator is much smaller compared with DP

result. Figure 7.10 shows the engine operation points. With the involvement of generator,

155



similar to the result in parallel drivetrain, the engine operation is scattered within the whole

operation area.
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Figure 7.8 Component energy loss of DP strategy and the proposed strategy for series-
parallel drivetrain

There is also large difference of the energy loss on motor between the proposed
strategy and DP. The moto operation of the two strategies are simulated and shown in Figure
7.11. It can be seen the proposed strategy tends to deliver higher motor torque than DP.

However, higher torque output also drags down the motor efficiency. Therefore, in Figure
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7.8, the energy loss on motor of CELMS is higher than that of DP. This may be caused by the
motor alone propulsion during the all-electric operation. Since the energy management
strategy proposed in Chapter 4 is a deterministic based strategy. Such scheme employs the
static rules that are not capable of optimizing over the entire driving cycle when utilizing the
electric energy. Future work is necessary to make the energy management strategy more

adaptable.

Figure 7.12 shows the SOC behavior. The SOC obtained by DP is roughly maintained
constantly at 0.3. However, due to the thermostat strategy employed, the SOC in the
proposed strategy always fluctuates between the upper and lower threshold, making more

energy loss on battery than DP.
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Figure 7.9 Generator operation point of DP and the proposed strategy for series-parallel
drivetrain over UDDS driving cycle
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Figure 7.12 SOC behavior of DP and the proposed strategy for series-parallel drivetrain over
UDDS driving cycle

7.2.2 Comparative Study of the Energy Management Strategy

The energy management strategy designed in this research is aimed to control the
electric energy utilization. Different from the AER-focuses strategy and blended CD strategy,
it shifts the vehicle traction to engine when highway driving pattern is identified. Therefore,
the extreme situation for the proposed strategy is the driving cycle with all highway and all
urban driving pattern. To address these situations, three simulations of electric energy
utilization is performed, the driving cycle information are shown in Figure 7.13 together with
the SOC curves. From the figure it can be seen the behavior of SOC for the proposed energy
management strategy depends on the pattern of the drive cycle while the SOC from DP
always decrease gradually to the minimum level over the whole cycle. This figure also shows
the two extreme situations which are the 73.08 miles all urban cycle and 83.45 miles all
highway. Their fuel economy, electricity consumption and the mile per dollar costs are

reported in Table 7.3, in which the MPG as primary means the fuel economy when engine is
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turned on as the primary source, while the MPGe as primary indicates the equivalent fuel
economy when battery is used as the primary source. It is important to point out in DP
strategy, there is no obvious domination of propulsion from the engine or the electric motor.
Most of the time, they are working together to provide the propulsion of the vehicle.
Therefore, MPG as primary and MPGe as primary are not applicable for DP. In addition, the
prices of the gasoline and electricity for calculating the miles/dollar are $3/Gallon and
$0.12/KWh respectively. It can be seen that when engine or motor is turned on as the primary
power source, the MPG as primary and MPGe as primary simulated with the proposed
strategy has the relationship of URBAN>BLENDED>HIGHWAY. This is reasonable
because more energy is applied on overcoming the aerodynamic drag on highway driving
than urban driving. Moreover, since MPG only reflects for the fuel consumption, to make the
result more reasonable, the MPGe and Miles/dollar cost are all listed out in the table. The
MPGe is obtained by equaling 33.7KWh electricity to 1 Gallon gasoline. In sum, from Table
7.3, under the extreme situation, the proposed energy management is able to achieve MPG
that is less than 8% deviated from result of DP and MPGe and Mile/dollar 5% deviated from
DP. However, the proposed energy management strategy performs well in the blended drive
cycles (41.72 miles highway and 39.85 miles urban blended together). From the table, the
SOC behavior for the proposed strategy under the blended drive cycle is close to that of the
DP result. The MPG is 84.54 which is 3.25% lower than DP, while the MPGe and

Miles/dollar are less than 2% lower than DP.
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Table 7.3 Fuel economy for DP and proposed control under highway, urban and blended
driving cycles with initial SOC=0.8.

129.04 | 92.64 N/A N/A 28.00 N/A
118.96 | 88.03 54.01 184.83 26.80 -7.81
75.66 | 62.96 N/A N/A 19.77 N/A
70.29 | 59.38 49.61 112.56 18.73 -7.10
87.29 | 70.50 N/A N/A 21.96 N/A
84.45 | 68.69 49.40 152.71 21.44 -3.25
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Moreover, a comparison between the proposed energy management strategy and the
AER-focused strategy is fulfilled with the same power management strategy on the parallel
drivetrain. The speed profile of driving cycles, engine power and SOC behavior are shown in
Figure 7.14 and Figure 7.15 respectively. It can be seen that, for the proposed energy
management strategy, during EI mode, the engine propulsion is employed when the drive
cycle has highway pattern. In such case the electric energy is only applied to the urban
pattern driving cycle, making the EI range much longer than the designated pure electric
range, which is 40 miles. However, in the AER-focuses strategy which follows EV/CS
routine, the electric energy is intensively depleted during the starting certain range, making
the SOC drops drastically in the first. After the SOC reaches the certain low level (0.3 in
such case), it is being sustained. Therefore, the El range for EV/CS routine is 33 miles. The
MPG, electric consumption and unit price of travelling are obtained and listed in Table 7.4.
From the simulation, the 83.95 MPG for the proposed strategy and 79.67 MPG for AER-
focused strategy are achieved respectively, leading to a 5.36% improvement over the AER-
focused strategy. This is because in the EV/CS routine, the operation enters CS mode much
earlier than the proposed strategy. In such case, more fuel energy is cycled through the

battery, cause much more energy loss on energy conversion.
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Table 7.4 Fuel economy for the comparison of energy management strategies over 140 miles
blended driving cycles with initial SOC=0.8.

MPG MPGe M!DG as MI?Ge as Miles/dollar
primary primary
AER focused 79.67 70.87 60.16 157.17 22.71
En 83.95 74.20 58.36 194.86 23.73
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Figure 7.14 Driving cycle, engine power and SOC for the proposed strategy
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Figure 7.15 Driving cycle, engine power and SOC for AER-focused strategy

7.2.3 Simulation Study with Real World Driving Data

Previous researches have shown that, the control scheme developed based on the
standard driving cycles doesn’t achieve equivalent fuel saving compared with the simulation
and dyno test[95, 178-181]. Therefore, in this dissertation, the real world driving data is hired
to test the proposed vehicle control strategy as well. The real world driving is provided by the
Computational Laboratory for Energy, Air, and Risk (CLEAR) directed by Dr. Chris Frey at

Department of Civil Engineering at North Carolina State University[182-184]. It includes the
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speed profile, the road grade, and the independent acceleration profile captured by the
vehicle OBD logger. The routes are shown in Figure 7.16 while the speed profiles are shown

in Figure 7.17.
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Figure 7.17 Speed profile of the driving cycle captured in RTP area of NC

To test the performance for the proposed vehicle strategy, the four driving cycles are
combined end-to-end to form a 54 mile driving cycle shown in Figure 7.18. The initial
battery SOC is set to 0.8. The vehicle is simulated with the proposed strategy and the AER-
focuses strategy. Figure 7.18 shows the SOC profile of the AER-focused strategy. It can be
seen that the electric energy carried by the battery are depleted on the first starting 34 miles.
After the SOC drops to 0.3, the engine turns on, and the vehicle operates in CS mode for
around 20 miles. Figure 7.19 shows the SOC profile and engine power for proposed strategy.

It can be seen that, during the electric intensive mode, when the driving pattern are identified
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as highway pattern, the engine turns on to take over the vehicle propulsion. In such case, the
SOC drops gradually and reaches 0.3 by the end of the trip. In such case, the electric energy
is used all on the urban driving cycles, which is expected. It is also worth to mention that,
with the road grade and acceleration, the captured driving cycles are much more aggressive
than the standard HWFET and UDDS cycle. Therefore, in the proposed strategy, there is
time in which engine is not working under highway driving pattern. This is because the
torque requirement during this time is too high. In such case, traction motor is started for the
propulsion. The fuel economy and electricity consumption obtained in these two simulations
are listed in Table 7.5. It can be seen that the fuel economy for AER-focuses strategy and the
proposed strategy are 144.93 and 153.3 respectively. Therefore, an improvement of 5.9% on

fuel economy is achieved by proposed.

Table 7.5 Fuel economy for the comparison of energy management strategies over 54 miles
real world data with initial SOC=0.8.

MPG MPGe MPGas | MPGeas | \\ociollar
primary primary
AER e 144.93 91.56 54.35 155.38 26.90
Proposed 153.3 94.35 4258 177.22 2758
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7.3 Summary

In this chapter, the comparative study of the proposed control strategy and DP
optimization strategy is performed by simulation. Additionally, the proposed strategy is
tested from standard EPA driving cycles and the real world driving cycles. The results show
that although the control achieved is not globally optimal. With the proper sacrifice such as
the a priori knowledge of the detailed speed and power demand of the driving cycle and the
computing speed, which limits the capability for real time implementation, the proposed
control strategy is able to achieve fuel economy that is 6% in average deviated from the

global optimum results.
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CHAPTER 8 CONCLUSION AND FUTURE WORK

8.1 Conclusion

PHEVs have been touted for their potential to reduce the oil based fuel consumption
and cut greenhouse gas emission. Different from HEVs, it has two energy input ports,
namely, the electric energy from the utility grid and the liquid fuel. Due to the different
operation cost of the two energy sources. How and When to use What energy to achieve the
global minimum fuel consumption have become a complex optimization problem. Various
research works have been accomplished to address this problem. The control strategies
established can be generally categorized into two groups, which are rule-based strategies and
optimization-based strategies. Rule-based strategy is suitable for real time control, however,
cannot fully exploit the potential on fuel saving. Optimization-based is able to achieve the
global optimal control solution, but requires the “a prior” knowledge of drive cycle and is
computational intensive. To this end, a control strategy that can achieve the global optimal
(or suboptimal) solution while also available for real time implementation is necessary. This
dissertation presented a comprehensive study on the design and implementation of the

control methodology for PHEVS.

Chapter 1 first gives background of the hybrid vehicles. The major features of HEV
and PHEV are compared, which reveals the key point of PHEV control problem.
Consequently, an extensive literature review of the current control strategies on HEVs and
PHEVs are delivered. In Chapter 2, the component sizing of the drivetrain is proposed. Based

on the concept of hybrid drivetrain, the size of the engine, motor as well as the battery are
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determined such that the designated vehicle performance can be achieved. Starting from
Chapter 3, the whole control strategy for PHEV is presented. Chapter 3 focuses on the
driving pattern identification. It is accepted that different driving cycles have different
distribution of the power and energy demand. Additionally, according to the literature review,
for PHEV, the two energy sources, or more specifically, engine and motor have their own
preference of driving patterns when aiming to achieve significant fuel savings. Therefore, it
is easy to understand that, if the current driving pattern is noted, the utilization tactic of the
two energy can be adjusted accordingly such that the minimum fuel consumption or
maximum system efficiency can be accomplished. With this in mind, the two methods,
deterministic and LVVQ neural network, of the traffic identification are applied. They both
employs the short term statistical feature of the historic vehicle speed data as inputs. Results

show that the LVVQ neural network outperforms the deterministic method.

In this dissertation, the complex control problems of PHEV are summarized into two
layer controls, which are the energy control layer aiming to maximize the fuel displacement
and the power control layer dedicated to minimize the fuel consumption. Using the driving
pattern identified as the guidance, a deterministic energy management strategy is developed
in Chapter 4. It inherits the merits of the two popular energy management strategies proposed
by the NREL and ANL. Both the all-electric capability and the high system efficiency can be
guaranteed. Moreover, to assure the maximum fuel displacement, the strategy also monitors
the remaining distance-to-go and remaining electric range, such that the all-electric operation
can be switched on when necessary to deplete the battery by the end of the trip. The power

control layer in Chapter 5 is particularly designed for operations in CS mode. It determines
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the optimal power split between the engine, traction motor, and generator if applicable.
Instead of using the fuel consumption as the objective function, in this research, the average
comprehensive energy loss is hired as the criteria for determining the optimality. It is a
normalized value of energy loss over the travelled distance during each time step. Since all
the losses on the energy flow paths from the fuel tank to the wheels are included, the average
comprehensive energy loss is a representative of the “system consumption” of the hybrid
drivetrain. It also provides a behavior indicator for the customer, which is equivalent to the
MPG display in conventional vehicles. With such, the customers can adjust their
manipulations accordingly to achieve higher fuel efficiency. Using the innovative algorithm,
for a given power demand, the average comprehensive energy loss of each possible power
split can be obtained. The one with the minimum average comprehensive energy loss is

determined as the optimal operation.

By now, it can be seen that the original complex optimization problem has become a
global minima searching problem. However, to achieve the real time implementation, the
searching time might be a challenging problem. In particularly, for series-parallel drivetrain,
for any power demand, the solution domain is a surface, implying that the searching process
could be time-consuming. What’s worse, since the solution domain mainly depends on the
efficiency map of the components, the searching surface could be multi-modal, non-
continuous, or non-derivative, which excludes the common derivative algorithm. To this end,
in Chapter 6, several algorithms, e.g. Simulated Annealing (SA), Particle Swarm
Optimization (PSO), and Dividing Rectangle (DIRECT) are studied and tested. The results

show that DIRECT is the fastest algorithm that is capable of locating the optimal solution in
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0.4 second. However, this is still not fast enough. The look up table method are finally
selected and implemented in the simulation. The simulation results show that the look up
table method is able to achieve the overall fuel consumption that is only 0.5% deviated from
the exhaustive search method, while the time elapse for obtaining one solution is Imicro

second.

In Chapter 7, the comparative study of the proposed control strategy and global
optimization based on dynamic programming is performed. The simulation results show that
the proposed control strategy can achieve comparable fuel economy with the dynamic
programming in CS mode. However, due to lack of information of the future driving cycles,
in electric intensive mode, dynamic programming still outperforms the proposed control

strategy.

Overall, this dissertation provides a methodology for the control of PHEVS. Although
it seeks the local optimal solution, the results are very close to the global optimization
method. More importantly, it overcomes the restriction of global optimization, which

requires the “a prior” of the driving cycle, and thus is available for real time implementation.
8.2 Future Work

Some potential future directions that merit further study are listed as follows:
e The designed energy management strategy in Chapter 4 only uses two driving
patterns to determine the utilization of two energies. However, the driving
cycles can actually be categorized into many types based on the speed

profile[65, 173], e.g. urban, suburban, freeway, high-speed freeway, etc.
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Further study can focus on the strategies that accommodate different driving
patterns.

In the implementation method of Chapter 6, the look up table is finally
employed based on the simulation time obtained by desktop used. However,
look up tables are generated from offline simulation, thus lack of adaptation to
different driving scenarios. Real time calculation is still preferable to achieve
better fuel savings. Moreover, the computation time of an algorithm depends
on many factors. Taking the DIRECT algorithm as an example, the simulation
time obtain in MATLAB does not necessarily represents the speed in real
world situation. Consider if DIRECT algorithm can be coded without
recording many tuning parameters and be converted to neat C file, it is not for
sure that it cannot be implemented in real time control. However, this part of

work can only be verified in hardware in loop experiments.
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