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ABSTRACT

PREDICTIVE ENERGY MANAGEMENT STRATEGIES FOR HYBRID ELECTRIC
VEHICLES APPLIED DURING ACCELERATION EVENTS

The emergence and widespread adoption of vehicles with hybrid powertrains and onboard com-
puting capabilities have improved the feasibility of utilizing predictions of vehicle state to enable
optimal energy management strategies (EMS) to improve fuel economy. Real-world implemen-
tation of optimal EMS remains challenging in part because of limits on prediction accuracy and
computation speed. However, if a finite set of EMS can be pre-derived offline, instead of onboard
the vehicle in real time, fuel economy improvements may be possible using hardware that is com-
mon in current production vehicles. Acceleration events (AE) are attractive targets for this kind
of EMS application due to their high energy cost, probability of recurrence, and limited variabil-
ity. This research aims to understand how a finite set of EMS might be derived and applied to
AEs based on predictions of basic AE attributes to achieve reliable fuel economy improvements.
Models of the 2010 Toyota Prius are used to simulate fuel economy for a variety of control strate-
gies, including baseline control, optimal EMS control derived via dynamic programming, and
pre-derived control applied with approximate prediction to AEs. Statistical methods are used to
identify correlations between AE attributes, optimal powertrain control, and fuel economy results.
Then, key AE attributes are used to define AE categorization schemes of various resolutions, in
which one pre-derived EMS is applied to every AE in a category. Last, the control strategies are
simulated during a variety of drive cycles to predict real-world fuel economy results. By simulat-
ing fuel economy improvement for AEs both in isolation and in the context of drive cycles, it was
concluded that applying pre-derived EMS to AEs based on predictions of initial and final velocity

is likely to enable reliable fuel economy benefits in low-aggression driving.

il



ACKNOWLEDGEMENTS

I would like to thank my advisor Professor Thomas Bradley for the insight, dedication, and trust
he has offered throughout my graduate studies; Professors Jason Quinn and Charles Anderson for
their guidance and support as members of my Master’s committee; Professor Zachary Asher for his
contributions to this research, as well as for the mentorship he provided me as a first-year graduate
student; and Josh Payne, Heraldo Stefanon, and Lisa DiMaggio of Toyota for their sponsorship

and contributions to this project.

il



DEDICATION

This thesis is dedicated to my parents, Anthony and Susan Trinko, whose consistent love and

support lay the foundation for everything I have accomplished.

v



TABLE OF CONTENTS

ABSTRACT . . . . . e il
ACKNOWLEDGEMENTS . . . . . . e iii
DEDICATION . . . . . e e e v
LISTOF TABLES . . . . . . e e e e e vii
LISTOF FIGURES . . . . . . e e e viii
Chapter 1 Background . . . . . .. 1
1.1 Research Questions . . . . . . . . . . . . . ... e 3
1.2 Novel Contributions . . . . . . . . . .. ... e 3
1.3 Publications . . . . . . ... L 3
Chapter 2 Prepare Simulation Tools . . . . . . . . .. ... . L oo 4
2.1 Develop and Validate Vehicle Model . . . . . .. ... ... .... ... 4
2.2 Define Control Strategies . . . . . . . .. . .. ... . .. .. ... 7
22.1 Baseline EMS . . . . . ... . 7
222 Optimal EMS . . . . . . . . . 11

2.3 Gather AEDataset . . . . . . . .. .. ... 15
Chapter 3 Identify Key AE Attributes . . . . . . . . . .. ... ... ..o 17
3.1 Define List of AE Attributes . . . . . . . .. .. ... ... ... ... 17
3.2 Characterize EMS Variations . . . . . ... ... ... ... ....... 18
3.2.1 Filter Data and Manually Classify Subset . . . . . . ... .. ... ... 20
3.2.2 Reduce Variables and Identify Key Attributes ViaPCA . . . . .. . .. 22

3.2.3 Train Neural Network to Classify Control Type . . . .. .. ... ... 23
324 Classification Results and Discussion . . . . . . . .. ... ... .... 25

33 Conclusions . . . . . . ... 28
Chapter 4 Investigate AE Categorization Approaches . . . . . . .. ... ... .. ... 30
4.1 Define Experimentation Process . . . . . . ... ... .. ... ... ... 30
4.1.1 Categorize AEs . . . . . . . . .. 30
4.1.2 Select Expected AE . . . . . . . ... 31

4.1.3 Correct FE for SOCError . . . . . . . .. .. .. . ... .. ... 31

4.2 Categorize Using Initial and Final Velocity . . . . . ... ... ... ... 34
4.2.1 Investigate Control Type Mismatch . . . . . . . ... .. ... .. ... 37
4.2.2 Investigate Prediction Error . . . . . . ... .. ... L. 41

423 Adjust Category Sizes . . . . . . . . . ..o 42

4.3 Categorize Using Other Attributes . . . . . . . . ... ... ... ..... 44
4.4 Conclusions . . . . . . .. L 45
4.4.1 AE Factors Influencing FEResults . . . . ... ... ... ....... 45
4.4.2 Categorization Factors Influencing FEResults . . . . .. ... ... .. 45



Chapter 5 Implement Optimal EMS in Drive Cycles . . . . . ... ... .. ... ... 47

5.1 Evaluate Individual AEsinCycles . . . . ... ... ... ......... 48
5.2 Individual Cycle Results . . . . . .. ... ... ... .. .. ....... 49
5.2.1 City Driving Cycle: NYCC . . . . ... ... ... . ... ... 49
5.2.2 Other City Driving Cycles . . . . . .. .. ... .. ... ... ..... 53
523 Highway Driving Cycle: HWFET . . . ... .. ... ... ... ... 54
524 Other Highway DrivingCycles . . . . . . . ... ... ... ...... 57
5.2.5 Aggressive Driving Cycle: US06 . . . . . . ... .. ... ... .... 57

5.3 General Results . . . . . . . . . . ... .. ... 63
5.3.1 AE Factors Influencing FEResults . . . . . .. ... ... ....... 65

5.4 Conclusions . . . . . . . ... e 70
54.1 Research Question #2 . . . . . . . . . . . . . . .. . e 70
54.2 Research Question #3 . . . . . . . . . . . ... .. ... ... . ... 71
Chapter 6 Summary . ... e e 72
Bibliography . . . . . . L e e 74
Appendix A Listof Acronyms . . . . . . . . .. ... e 78
Appendix B AE Attribute Terminology . . . . . . . . .. . . ... ... 79
Appendix C  Additional Categorization Investigations . . . . . . . .. ... ... ..... 84
C.1 Categorize Using Final Velocity and Duration . . . . . . .. .. ... ... 84
C.1.1 Investigate Control Type Mismatch . . . . . . .. .. .. ... ... .. 88
C.1.2 Investigate Prediction Error . . . . . . .. ... ... . oL 90
C.13 Adjust Category Sizes . . . . . . . . . ..o e 91

C.2 Categorize Using Average Acceleration and Final Velocity . . . . . . . .. 92
C.2.1 Investigate Control Type Mismatch . . . . . . ... ... ... ... .. 97
C22 Investigate Prediction Error . . . . . . . .. ... . oo 99
C.23 Adjust Category Sizes . . . . . . . . . ..o 100
Appendix D Additional Drive Cycle Investigations . . . . . . ... ... ... ...... 102
D.1 City Driving Cycle 2: Denver Downtown . . . . . ... ... .. ..... 102
D.2 City Driving Cycle 3: Fort Collins Downtown . . . . . . ... ... ... 105
D.3 Highway Driving Cycle 2: Denver Highway . . . . ... ... ... ... 108
D4 Highway Driving Cycle 3: Fort Collins Highway . . . . .. .. ... ... 111

Vi



2.1
2.2

3.1
3.2

4.1
4.2
4.3

5.1
5.2
53
54
5.5
5.6
5.7
5.8
59

A.l

C.1
C2
C3
C4

D.1
D.2
D.3
D4
D.5
D.6
D.7
D.8

LIST OF TABLES

Significant parameters defining the 2010 Toyota Prius model . . . . . . . .. ... ..
FE results demonstrating validation of Baseline EMS model for FE investigations . . .

Attributes and criteria used to filter AE dataset . . . . . . . .. ... ... ... ...
Top 5 coefficients for PCl and PC2 . . . . . . . . . ... ... ... ... .......

Summary of category schemes examined . . . . . . . ... ... ... L.
Summary of velocity category scheme . . . . . .. ... ... ... ... ... ...
Finer and coarser categorizations by velocity . . . . . . . . . . ... ... ... ....

Drive cycles and control strategies investigated in Chapter 5. . . . . . . .. ... ...
Results for all drive cycles and control strategies . . . . . . . . ... .. ... .....
Characteristicsof the NYCCcycle . . . . . . . .. ... ... ... ... .......
Characteristics of AEsinthe NYCCcycle . . . . .. ... ... ... ... . .....
Characteristics of the HWFET cycle . . . . . .. . ... ... ... ... .. ...
Characteristics of AEs in the HWFET cycle . . . . . .. ... ... ... ... ....
Characteristics of the USO6cycle . . . . . . . . . .. .. ... ... ... ... ...
Characteristics of AEs in the USO6¢cycle . . . . . . . ... ... ... ... ......
Contingency table relating AE FC results to mismatch condition . . . . . .. ... ..

Acronyms used in thisdocument . . . . . . .. .. ... L.

Summary of duration category scheme . . . . . . .. .. ... ... oL,
Finer and coarser categorizations by duration . . . . . . .. ... ... ... .. ...
Summary of acceleration category scheme . . . . . . .. .. ... ... ........
Finer and coarser categorizations by duration . . . . . . . .. .. ... ... ... ..

Characteristics of the Denver Downtowncycle . . . . . . . ... ... ... ......
Characteristics of AEs in the Denver Downtowncycle . . . . . .. ... .. ... ...
Characteristics of the Fort Collins Downtowncycle . . . . .. ... ... ... ....
Characteristics of AEs in the Fort Collins Downtowncycle . . . . .. ... ... ...
Characteristics of the Denver Highwaycycle . . . . . . . ... ... ... ... ....
Characteristics of AEs in the Denver Highwaycycle . . . . . ... ... ... .....
Characteristics of the Fort Collins Highway cycle . . . . .. ... ... ... .....
Characteristics of AEs in the Fort Collins Highwaycycle . . . . ... ... ... ...

vii



2.1
22
2.3

2.4

3.1
32
33
34

3.5
3.6
3.7
3.8
3.9
3.10

4.1
4.2
4.3
4.4
4.5

4.6
4.7
4.8
4.9
4.10
4.11

5.1
5.2
53
54
55
5.6
5.7
5.8

LIST OF FIGURES

FE simulation method for (a) Baseline EMS and (b) Optimal EMS (exact schedule
prediction) . . . . . . L. L e e e e
Validation of adjusted model using trace comparison with EPA drive cycle battery SOC
andengine speed . . . . ... e
a) [llustration of matrix generated by dynamic programming algorithm; b) Illustration
of matrix with conversion of time index to velocity index . . . . ... ... ... ...
FE simulation method for (a) Optimal EMS (exact AE prediction) and (b) Pre-Computed
EMS (approximate AE prediction) . . . . . . . . . . ... o

List of attributes calculated foreach AE . . . . . . ... ... ... ... ... ...
Example plots of AE with delayed control (left) and advanced control (right) . . . . . .
Diagram of AE dataset analysis process . . . . . . . . . . .. ... ...
[lustration of an AE with multi-modal accelerator pedal signal and multi-modal engine

POWET . . . v ot e et e e e e e e e e e e e e
Biplot of coefficients for PCl and PC2 . . . . . . . . .. ... ... ... ... ..
Exploration of cutoff confidence levels. . . . . ... .. ... ... .. ........
Manual verification of ANN classification . . . . . . .. ... .. ... .. ......
Classification of AE dataset, plotted by principal component . . . . . .. .. .. ...
Classification of AE dataset, plotted by median and range of velocity . . . . . . . . ..
Classification of AE dataset, plotted by vgandv; . . . .. ... ... ... ......

Example of AE with SOCy mismatch . . . ... ... ... ... ...........
Mustration of FE correction method for SOCy . . . . . . .. ... ...........
FE correction fit lines for an example 5 x 5 categorization scheme . . . .. .. .. ..
Population of velocity categories . . . . . . . . . . .. ...
FE improvement results by velocity category in order of decreasing mean FE improve-
MENt . . . . . . . e e e e e e e e
Median FE improvement results organized by velocity category . . . . . . . . ... ..
Expected AE control type organized by velocity category . . . . . ... .. ... ...
Actual AE control types on grid corresponding to velocity categories . . . . . . . . . .
Control type mismatch and FE improvement for velocity categories . . . . . . . . . ..
Duration prediction error, FE improvement, and SOC; error for velocity categories

FE results for finer and coarser velocity categorizations . . . . . . . .. .. ... ...

Linear fit of dFC and dSOC for allcycle AEs . . . . . . ... .. ... ... .....
FE results for NYCCcycle . . . . . . .. . .. .
Simulation outputs for the NYCCcycle . .. ... ... ... ... ... .......
FE results for HWFET cycle . . . . . . . . . . . . . .. . . . . .. ...
Simulation outputs for the HWFET cycle . . . . . ... ... ... ... .......
FE results for USO6 cycle . . . . . . . . . . . . . .
Simulation outputs for the USO6 ¢cycle . . . . .. . ... ... ... ... ... ...
AE #4 from the US06 cycle, the worst-performing AE of anycycle . . . . . . . .. ..

viii



5.9 FE results for truncated USO6cycle . . . . .. ... .. ... ... ... ... ..., 62

5.10 Simulation outputs for the truncated USO6¢cycle . . . . . . .. . ... ... ... ... 63
5.11 FEresults forall sevencycles . . . . . . . . .. .. ... . 64
5.12 v; and vy versus dFC forallcycle AEs . . . . . ... ... ... .. ... .. ... 65
5.13 Velocity increase and average acceleration versus dFC for all cycle AEs . . . . . . .. 67
5.14 Category population versus dFC forallcycle AEs . . . . . . ... ... ... ..... 68
B.1 Example of engine state changing outside of "acceleration" . . . . . . ... ... ... 79
B.2 Example engine power trace with amodalityof2 . . . . . ... ... ... ... ... 80
B.3 Illustration of ramp-up, ramp-down, and stabilization . . . . . . ... ... ... ... 81
B.4 Illustration of ramp-uprate . . . . . . . . . . . . e e e 82
B.5 Iustrationof dip. . . . . . . . . . . . e 83
C.1 Population of duration categories . . . . . . . . . . . . ... 85
C.2 FE improvement results by duration category in order of decreasing mean FE improve-

001 0 L 86
C.3 Median FE improvement results organized by duration category . . . . . . .. .. .. 87
C.4 Expected AE control type organized by duration category . . . . . . . . ... ... .. 88
C.5 Actual AE control types on grid corresponding to duration categories . . . . . . . . . . 89
C.6 Control type mismatch and FE improvement for duration categories . . . . . . . . .. 90
C.7 Prediction error, FE improvement, and SOC error for duration categories . . . . . . . . 91
C.8 FE results for finer and coarser duration categorizations . . . . . . . . . .. .. .. .. 92
C.9 Population of acceleration categories . . . . . . . . . . .. ... 94
C.10 FE improvement results by acceleration category . . . . . .. .. ... ... ..... 95
C.11 Median FE improvement results organized by acceleration category . . . . . . .. .. 96
C.12 Expected AE control type organized by acceleration category . . . . . . . . ... ... 97
C.13 Actual AE control types on grid corresponding to acceleration categories . . . . . . . . 98
C.14 Control type mismatch and FE improvement for acceleration categories . . . . . . . . 99
C.15 Prediction error, FE improvement, and SOC error for acceleration categories . . . . . . 100
C.16 FE results for finer and coarser acceleration categorizations . . . . . . . ... ... .. 101
D.1 FE results for Denver Downtowncycle . . . . . .. .. ... ... ... .. ...... 103
D.2 Simulation outputs for the Denver Downtowncycle . . . . . .. ... ... ... ... 104
D.3 FE results for Fort Collins Downtowncycle . . . . ... ... .. ... ........ 106
D.4 Simulation outputs for the Fort Collins Downtowncycle . . .. ... ... ... ... 107
D.5 FE results for Denver Highwaycycle . . . . . . . ... .. ... ... ... .. ..., 109
D.6 Simulation outputs for the Denver Highwaycycle . . . . ... ... ... ... .... 110
D.7 FE results for Fort Collins Highwaycycle . . ... ... ... ... ... ....... 112
D.8 Simulation outputs for the Fort Collins Highwaycycle . . . ... ... .. ... ... 113

ix



Chapter 1

Background

In 2016, the transportation sector was the greatest contributing sector to United States green-
house gas emissions, accounting for 28% of total emissions [1]. It was also responsible for over
55% of total nitrogen oxide emissions in the United States [2]. Greenhouse gas emissions are
a leading cause of climate change [3], and air pollution, including nitrogen oxide pollution, is
the world’s fourth leading cause of premature death [4]. Efforts are widespread and increasing
to mitigate the transportation sector’s harmful impacts on climate and health. Improving the fuel
economy (FE) of the vehicle fleet is one of the most widely researched methods for doing so [5].

One large body of research aims to improve FE by optimizing vehicle control, most promi-
nently via Eco-driving and optimal energy management strategies (Optimal EMS) [6]. Eco-driving
involves reducing overall vehicle energy output by optimizing vehicle speed and implementing
efficient driving behaviors. Rather than changing driving behavior, Optimal EMS improves the
efficiency with which a powertrain achieves a driver’s desired velocity trace, giving it a consumer
acceptance advantage over Eco-driving strategies [7].

Some forms of Optimal EMS are used in current vehicles. In general, since hybrid electric
vehicles (HEV) can draw power from multiple different sources at the same time, they benefit
from more powertrain degrees of freedom and are ideal targets for Optimal EMS. For example,
many HEV control strategies adjust engine torque and speed so that the engine always operates
at its highest efficiency for the requested engine power output, which is a form of instantaneous
Optimal EMS [8].

Whereas instantaneous Optimal EMS implements control in reaction to real-time changes in
vehicle operation, further improvements to FE are achievable if the EMS changes from reaction-
based to prediction-based. It has long been understood that knowledge of future power demands
enables more globally fuel efficient EMS [9]. Vehicles are increasingly equipped with "intelli-

gent" technologies that are beginning to enable this type of prediction. Location systems, cameras,



and radar, and future technologies including vehicle to vehicle communication (V2V) and vehi-
cle to infrastructure communication (V2I), are expected to enable drastically improved prediction
capabilities [10].

Two main approaches are used in the literature to derive a globally optimal FE solution with
predictive Optimal EMS: dynamic programming (DP) [11] and Pontryagin’s minimization princi-
ple [12]. DP is more commonly implemented because it is straightforward to apply, robust, and
numerically computable [13, 14].

Most existing predictive Optimal EMS studies involve prediction of full drive cycles, which
is far beyond the capabilities of current vehicle technologies [6]. One study that does not involve
full cycle prediction implements a Predictive Optimal EMS in a real vehicle, but that study uses
stochastic dynamic programming, which does not achieve a globally optimal solution [15,16]. An-
other article studies prediction of traffic behavior over short time horizons to enable cooperative
cruise control to improve FE, which is an example of a specific application of drive prediction for
FE [17]. Even simpler predictions of driver behavior may be achievable using technologies that
exist in current production vehicles. For example, the ending speed when accelerating might be
accurately predictable using information gathered by camera or location systems. However, the
means and potential to implement FE-improving control algorithms using these types of informa-
tion are not well defined in literature.

Acceleration events (AEs) are of particular interest for FE improvement efforts because of their
high power demand relative to most segments of a typical drive cycle [18]. Key AE attributes,
such as ending speed or duration, are simpler to predict precisely than second-by-second speed
or power traces. In generalized driving, AEs with approximately identical attributes repeat, po-
tentially enabling individual predictive Optimal EMS to be derived once and applied many times.
FE improvements via Optimal EMS during AEs may thus be possible on current vehicles despite
hardware limitations on prediction fidelity and computation speed.

These considerations lead to a modified approach to Optimal EMS using dynamic program-

ming (DP). The Optimal EMS matrix containing the DP exact optimal control solution can be used



as a lookup table to obtain near-optimal solutions even when used for a slightly different driving
segment than the one for which the matrix was derived. This enables a vehicle controller to im-
plement stored control matrices based on predictions of basic AE attributes, achieving a portion of

the FE improvements theoretically enabled by exact AE prediction.

1.1 Research Questions

To seek understanding of the FE improvement potential for pre-computed Optimal EMS, we

addressed a sequence of research questions:

1. How do differences between AEs correlate with differences between AE Optimal EMS?

2. What FE tradeoffs occur when prediction accuracy is reduced from exact velocity trace pre-

diction to prediction of basic AE attributes?

3. How can low-accuracy-prediction enabled EMS be applied to achieve consistent FE benefits

in real driving contexts?

1.2 Novel Contributions

1. Identify how key attributes of AEs influence AE Optimal EMS
2. Characterize the FE improvement potential of pre-computed Optimal EMS during AEs
3. Utilize categorization approach to apply EMS to AEs

4. Apply optimal control as a function of velocity to monotonic drive segments

1.3 Publications

Portions of the research in this thesis appear in publications that have been submitted, pub-
lished, or presented. I published and presented a preliminary study of pre-computed EMS applied
to AEs in drive cycles at SAE World Congress 2018 [19]. Also, material from Chapters 4 and 5 has
been submitted for journal publication, authored by Dr. Zachary Asher, my advisor Dr. Thomas

Bradley, and me.



Chapter 2

Prepare Simulation Tools

In Chapters 3-5, modeling and simulation techniques are used to characterize and predict the
real-world performance of Predictive Optimal EMS during AEs. In this chapter, the vehicle model,

control strategies, and driving data used for these investigations are described.

2.1 Develop and Validate Vehicle Model

The Toyota Prius has consistently achieved the highest FE in its class [20], so it is an ideal
vehicle to model for investigations of new HEV FE improvement techniques. The 2010 model
was chosen for its commercial prevalence and publicly available parameter information. A model
of the 2010 Toyota Prius, derived using the Autonomie modeling software, has been shown to
correlate closely with real-world performance [21]. The referenced model is not publicly available,
so a model was developed and validated by modifying a 2004 Toyota Prius model included with
Autonomie with 2010 Prius parameters. Table 2.1 is a list of key parameters defining the model,
where m = vehicle mass; Ficgmax = Maximum engine power; my, is the fuel consumption model;
Ticg = engine torque; wicg = engine speed; Wiracmax 18 the maximum traction motor speed; Weenmax
is the maximum generator motor speed; Qparo 1S the initial battery capacity; Ny, and Ny, are
the number of teeth on the sun and ring gears in the planetary gearset; R, is the battery’s internal
resistance; Aoy 18 the frontal area of the vehicle; C,.. = coefficient of rolling resistance; g = final
drive ratio; rynee; = Wheel radius; C; = drag coefficient; and V,,. = open circuit battery potential.

The Autonomie software produces high fidelity models that are useful for realistic modeling
of a variety of vehicle signals, including power split control in a HEV, but are computationally
expensive in simulation. Even if disregarding concerns about long computation times, it would
be infeasible to use the Autonomie model with DP to derive the Optimal EMS, because states
in Autonomie are dependent on preceding states, which is incompatible with the DP formulation

(described in Section 2.2.2). Instead, the Autonomie model was used only to simulate the Baseline



Table 2.1: Significant parameters defining the 2010 Toyota Prius model

m 1380 kg Afront | 2.6005 m?
Picemax | 73 kW C,. |0.008
Mfyel f(Tice, wice) [22] || rpa | 3.27
Wirac,max 10,000 rpm Twheel | 0.317 m
Wgen,max 13,500 rpm Cd 0.250
Qrano | 6.5 Ah Voe |201.6V
N, sun 30 N, ring 78

Rine 0.373 Q

EMS engine control strategy, which was used as an input to a lower fidelity "power split" vehicle
model for the remaining vehicle signal calculations. Details on the original development of the
power split model are in a previous publication from the author’s lab group [23] and reproduced
briefly here.

The power split model is based on equations describing vehicle dynamics, a modeling approach
that is well-defined in the literature [22,24-26]. The power required to propel the vehicle at velocity

v must be provided as a sum of engine power and electric propulsion system power:

Pprop = Fpropv = Pelec + PICE (21)

Picg 1s an input to the power split model, so the equation is rearranged to solve for Pyje:

Pelec = Lprop¥ — P)ICE (22)

Firop effects vehicle acceleration and counteracts the forces opposing vehicle motion:

. 1
FPYOP = muv + Crrmg + §CdpairU2Afront (23)

where v is the acceleration of the vehicle, calculated using a numerical derivative; g is acceleration

due to gravity (9.81 -2); and py; is the density of air (1.1985 X£). For this research, grade angle

sec?

is assumed to be zero.



P, is served by the battery, with an efficiency penalty modeled as a function of torque and

speed of the generator and traction motors:

Tlelec = f (Wgem Tgena Whrac Ttrac) (24)

as defined by efficiency maps supplied with the Autonomie model. 7. is enforced such that

energy is always lost due to inefficiencies in the electric system, whether charging or discharging:

Pbatt = nelecPelec if Pelec < 0 (25)

1
Pbatt = _Pelec if Pelec >0 (26)

elec

where positive values of B, represent discharging. At timestep 4, battery SOC is calculated for

the next timestep ¢ + 1 using the following equation:

‘/oc - \/ V;)% — 4P battRint
2}%irnC)batt,o

SOC,;; = SOC; — At 2.7)

To enable fast computation when solving the DP formulation, fuel consumption is modeled
using a cubic response surface [27] representation of a publicly available Brake Specific Fuel

Consumption (BSFC) map for the Generation III Prius [22]:

BSFC (ﬁ) = A1 + Aswice + AsTice + AswiceTice + A5w12CE+

AsTig + ArwiceTieg + AswicgTice + AoTieg  (2.8)

where all A values are fitted constants. This BSFC surface has an ideal operating line [28] that
represents the instantaneous optimal FE operating point (in terms of torque and speed) as a function

of engine power. The fuel consumption during a timestep At is thus



1 hour

ue = | BSF T
Mifuel (grams) ( SFC x 3600 soc

) PceAt (2.9)

where Picg 1s in kW and At is in seconds.

The angular speeds of powertrain components are constrained by a planetary gearset:

P 1
= Weep ——— ring ——— 2.10
WICE = Wy 1+p+w T, (2.10)
where p = % Speeds are also constrained by limits on the electric motors, given in Table 2.1.
ring

The ring gear speed is linearly related to vehicle speed:
Cring = —2 2.11)

T"wheel

2.2 Define Control Strategies

The model’s powertrain is controlled by one of two different control strategies: a Baseline
EMS, meant to simulate stock vehicle performance, and an Optimal EMS, derived via DP to opti-

mize FE over a predicted driving schedule.

2.2.1 Baseline EMS

The Autonomie model is simulated over a drive cycle v(t), defining the Baseline EMS Picg(t),
which also implicitly defines P..(t) via Equation 2.2. The power split model is used to calculate

the remaining outputs, including mg,;, SOC, and FE. This is illustrated in Figure 2.1a.



Baseline Optimal Cycle
Drive Cycle: Drive Cycle:
t, v(t) t, v(t)

Actuation:
Computed
DP Matrix

Prce

Actuation:
Autonomie
Model

Pice

A

Performance Calculation: Performance Calculation:
Power Split Model Power Split Model
mfuel.-soc mfuei: soc

A
Results: Results:
FE, SOC¢ FE, SOC¢
(a) (b)

Figure 2.1: FE simulation method for (a) Baseline EMS and (b) Optimal EMS (exact schedule prediction)

To validate the Baseline EMS, the process in Figure 2.1a was used for three standard Envi-
ronmental Protection Agency (EPA) FE test schedules and the FE results, corrected for change
in SOC [29], were compared with experimental results for the 2010 Toyota Prius obtained by

Argonne National Laboratory (Table 2.2) [30].

Table 2.2: FE results demonstrating validation of Baseline EMS model for FE investigations

EPA Drive Cycle | Simulated FE | Measured FE | % Difference
UDDS 76.4 mpg 75.6 mpg +1.1%
US06 45.0 mpg 45.3 mpg -0.6%

HWEFET 69.1 mpg 69.9 mpg -1.1%

Since FE differs by less than +1.2% for all drive cycles, the model could be considered suf-
ficiently validated in accordance with standard practices. However, for extra validation certainty,
another validation step is used. In addition to FE, Argonne National Laboratory provides time

traces of selected measurements from tests of the Generation III Prius. Simulated traces of battery



state of charge (SOC) and engine speed are qualitatively compared to experimental traces (Figure
2.2).

With battery SOC (Figures 2.2a, 2.2c and 2.2e), the simulated trace for each cycle closely
follows the experimental trace for the first ~150 seconds of the cycle. The values of SOC start
to diverge at later times during the cycle, but the shapes of the two curves generally resemble one
another throughout the cycle. Since AE typically have much shorter durations than 150 seconds,
SOC is expected to be accurately simulated for the full duration of individual AE.

Simulated and measured engine speed (Figures 2.2b, 2.2d and 2.2f) match closely for the US06
and HWFET cycles, except for a tendency for the simulated engine to shut off more frequently
than the physical engine. While the global match with the UDDS cycle is not as close, shorter time
windows demonstrate similarities in the two traces.

In similar studies, if validation is performed, researchers are often satisfied with just comparing
simulated and measured FE. After additionally comparing traces of battery SOC and engine speed,

this model is considered sufficiently validated for FE studies.
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Figure 2.2: Validation of adjusted model using trace comparison with EPA drive cycle battery SOC and
engine speed
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2.2.2 Optimal EMS

The Optimal EMS is derived using deterministic DP, which uses backwards recursion to avoid
solutions that are not optimal as defined by the Bellman Principle of Optimality [31,32]. The DP
scheme used for this study was detailed and validated in a previous publication [23] and will be
described only briefly in this section.

In general, DP is used to compute optimal control as a function of system state by minimizing
a cost function, subject to system constraints. For this study, the optimal control variable is engine
power Ficg, which also implicitly defines P, via Equation 2.2; the state variable is battery SOC;
and the cost function is fuel consumption mg,. For the purposes of the DP scheme, vehicle
velocity trace v(¢) is an exogenous input upon which the state variable, SOC, partially depends.

The state and cost are given by the following equations:

SOC(k 4 1) = SOC(k) + f(SOC, Picg, v, k) At (2.12)
N-1

Cost =Y myet + W (SOC; — SOC(N))? (2.13)
k=0

where W is a penalty weight arbitrarily set at 10,000, & is the timestep index, N is the number of
timesteps, and At is the size of a timestep. Equation 2.12 incorporates Equations 2.3-2.7 and 2.10-
2.11, and Equation 2.13 incorporates Equations 2.8-2.9. The allowable state and control spaces

are

40 % < SOC(k) <80 %  (k=0,..N) (2.14)

0kW < Peg(k) <73kW  (k=0,..N —1) (2.15)

To summarize, the DP scheme is used to calculate engine power (discretization AP;cp = 0.1

kW) for every feasible battery SOC (discretization ASOC = 0.02%) for every timestep in a drive
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cycle (discretization At = 0.4 sec) to minimize fuel consumption for a velocity trace v(t) and
desired SOCy. In future studies, other measurements (e.g. battery temperature) and cost variables
(e.g. battery life impacts) may also merit inclusion but were not included in this research.

The output of DP for a velocity trace can be visualized as a two-dimensional matrix of engine
power, where row indices represent values of SOC and column indices represent timesteps (see
Figure 2.3a). For any initial SOC (SOC,;), the DP matrix can be used as a lookup table to generate
the optimal control solution Picg(t) achieving the driving schedule v(¢) that results in a desired

SOC;.

Fip By oo B v(t1), v(ts), ) V(ty)

tlewLDOS
(JCUWDOS

Picg (ty, SOCy) : Pice (v, SOCy)

HTWDOS ‘
Y

(a) (b)

Figure 2.3: a) Illustration of matrix generated by dynamic programming algorithm; b) Illustration of matrix
with conversion of time index to velocity index

Exact Drive Cycle Prediction

A DP formulation achieves an upper limit on FE improvement over the baseline strategy if
prediction error is zero, i.e., if v(t) is known exactly. This level of prediction fidelity may never
be achieved in reality, but the results of simulations with zero prediction error serve as useful
comparison points for the simulation results of more implementable EMS.

To calculate FE improvement with exact cycle prediction, the optimal control matrix is com-

puted using v(¢) and SOC; from a Baseline EMS simulation. Ensuring that the baseline and
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optimal solutions achieve the same SOC; is essential for demonstrating improvement in FE; oth-
erwise, FE could be artificially improved by utilizing more battery energy than the Baseline EMS.
As illustrated in Figure 2.3a, the matrix is used as a lookup table with the time index of the drive
cycle to obtain Picg(t). Then, Picg is input to the power split model, which is used to calculate fuel

consumption, SOC, and FE, as shown in Figure 2.1b.

Exact AE Prediction

Whereas an upper limit on FE for a drive cycle v(t) is achieved by applying Optimal EMS
to the entire cycle, an upper limit on FE with only predictive control of AEs can be achieved by
simulating the Optimal EMS during AE (with exact AE prediction) and the Baseline EMS for the
remainder of the drive cycle.

For this research, AEs are defined as segments of the drive cycle in which 1) vehicle speed
increases monotonically, 2) the total increase in speed is greater than 9 mph, and 3) the time
duration of increasing speed is greater than 4 seconds.

To calculate FE improvement for a drive cycle with exact AE prediction, the DP matrix is
computed for each AE. The drive cycle is simulated where the Baseline EMS determines Pjcg for
all but AE segments, and Optimal EMS determines Ficg during AEs. This composite engine power
trace Picg(t) is input to the power split model to calculate fuel consumption, SOC, and FE. This is

illustrated in Figure 2.4a.
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Figure 2.4: FE simulation method for (a) Optimal EMS (exact AE prediction) and (b) Pre-Computed EMS
(approximate AE prediction)

Pre-Computing Optimal EMS for Approximate AE Prediction

Since the matrix generated via DP is a discrete array of optimal Picg(k, SOC) for timesteps k =
0...N, it can be used as a lookup table for a different drive cycle with the same number of timesteps.
This can yield a near-optimal solution if the new drive cycle is similar to the one to which DP was
applied. However, the constraint of identical durations makes this method challenging to apply in
practice.

If optimal control is only applied to AEs, there is a way around the constraint of equal du-
ration. AEs are monotonically increasing segments of v(¢), so they are able to be indexed using
velocity. This enables the DP matrix to be converted from a mapping with respect to time and SOC
(Pice(k, SOC)) to a mapping with respect to velocity and SOC (Picg(vk, SOC)), as shown in Figure
2.3b. With this conversion, it is possible to derive a DP matrix for one AE (the "expected AE") and
apply it to any other AE ("actual AE") with the same velocity range as the expected AE, regardless

of any difference in duration. Whereas drivers are not constrained to repeat AEs with equal du-
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rations, accelerator pedal traces, or other attributes, traffic laws encourage repetition of AEs with
equal velocity ranges (for example, 0-25 mph AEs on neighborhood streets). In Chapter 3, the
hypothesis that velocity range correlates with Optimal EMS attributes is investigated. In Chapter
4, different approaches to categorizing AEs to achieve similar velocity ranges are investigated.

As shown in Figure 2.4b, this strategy is simulated identically to the strategy with exact AE
prediction, except that Picg is calculated using a "stored" DP matrix derived for an expected, rather

than actual, AE.

2.3 Gather AE Dataset

Data used in simulations for this research come from a 384-drive-cycle dataset recorded at
10 Hz (At =0.1 second) from several Toyota Prius drivers. The average cycle duration is 1086
seconds, and the average speed is 28 mph. AEs in the drive cycles were identified using the logic

statement:

[(v; —vj_1) and (vj41 —v;) and (vj4o — v;41) and (vj13 — v;42)] < 0.05 mph (2.16)

where j is the timestep index within the drive cycle. If this inequality is true, i.e. if speed is

0.05mph —

ecs 0.5";7@ for the next 3 timesteps, the section containing v; is an

increasing by at least
AE candidate. Of sections identified as AE candidates, those with a time duration greater than 4
seconds and a speed increase greater than 9 mph are included in the AE dataset. With this process,
7,708 AEs were extracted.

To simulate AEs in isolation, the speed trace of each AE was modifed to begin and end at
a steady speed. From experiments using both the Baseline and Optimal EMS, it was found that

prepending 8 seconds of steady speed at the initial AE velocity and appending 12 seconds of steady

speed at the final AE velocity are sufficient for the model to start and finish at a steady state. With
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this modification, the durations of AEs in the dataset range from 22 seconds to 76 seconds, and the

minimum and maximum speeds reached in the dataset are 0 mph and 50 mph.
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Chapter 3
Identify Key AE Attributes

As implied in the description of the pre-computed optimal EMS strategy (end of Section 2.2.2),
it is hypothesized that reliable FE improvements can be achieved if the expected AE and the actual
AE have similar ranges of velocity, or similar initial and final velocities (V; ezpected = Vi actuar and
Vf eapected ~ Vfactual)- This 1s based on the expectation that AEs with similar initial and final
velocities likely have similar velocity profiles, and therefore have similar optimal control profiles.
Thus, the control applied to the actual AE is similar to the optimal control profile, and the resulting
FE should be near-optimal.

If this hypothesis is true, then v; and v; must be significant attributes accounting for variance
in the optimal EMS. In this chapter, these and a variety of other attributes are gathered and investi-
gated in order to test the hypothesis underlying the proposed optimal control approach, as well as

to develop an understanding of how the optimal EMS varies across the AE dataset.

3.1 Define List of AE Attributes

The baseline and optimal EMS (exact prediction) are applied in simulation to every AE in the
AE dataset, and simulation outputs, including engine power, total vehicle power, fuel consumption,
and SOC, are saved for each AE. Attributes based on simulation inputs and outputs, defined in
addition to v; and vy, are computed as a post-processing step. These attributes are listed in Figure

3.1 and some are defined in Appendix B.
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Range (Min —» Max during acceleration) XX X |X* X Calculate Baseline, Optimal, and difference
Average (during acceleration) XX X X* X
Average /Peak Ratio (during acceleration) XX X X* X
Variance (during acceleration) XX X X* X
Standard Deviation (during acceleration) XK X X* X
Median (during acceleration) XXX X* X
Modality X X [X
Time from ramp-up start to velocity ramp-up L LS LS
Time from ramp-down end to velocity stabilization XX |xX* X
Time to 50% of maximum from ramp-up XXX xX* X
Time to 75% of maximum from ramp-up XXX X* X
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Dip (Start - Minimum) x* X*
Start (beginning of pedal ramp-up) HE X
End (end of pedal ramp-down) XF | X*
End - Start X*F | X*

Figure 3.1: List of attributes calculated for each AE

3.2 Characterize EMS Variations

During manual examination of AE optimal control traces Ficg(t), two broad control "types"
were identified. For some AEs, Pcg(t) is low or zero for an initial portion of acceleration, and
high for the remainder of the acceleration. In these cases, engine power can be described as being
"delayed" until partway through the AE, so this control type is named "Delayed" control. When
control is not Delayed, the engine provides power throughout the AE duration, often providing
more engine power than the Baseline EMS initially. This control type is named "Advanced" con-

trol. Examples are given in Figure 3.2.

18



]
=]

Engine Power (kW)
& 4 N W B oo & ~N @ ©
Engine Power (kiV)

—/\/\— ::

o 5 10 15 20 25 30 0
Time (s) 0 5 10 15 20 25 30 35

Time (s)
(a) Delayed

(b) Advanced

Figure 3.2: Example plots of AE with delayed control (left) and advanced control (right)

Since these two control types represent significant differences in optimal EMS, understanding
which AE attributes predict Delayed or Advanced control may yield an understanding of which
attributes account for the greatest variance in optimal EMS. Furthermore, the ability to predict
whether Delayed or Advanced control is appropriate for a given AE may enable a simplified opti-
mal EMS derivation technique (a path not pursued in this research).

The attributes listed in Figure 3.1 are used with filtering, PCA, and artificial neural network
(ANN) methods to classify AEs into Delayed and Advanced subsets, for which the process is

illustrated in Figure 3.3.
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Figure 3.3: Diagram of AE dataset analysis process

3.2.1 Filter Data and Manually Classify Subset

The dataset of Section 3.1 is filtered to remove AEs unlikely to represent either control type
based on the criteria in Table 3.1. If the results for an AE meet any of the criteria, the AE is

removed from the analysis.

Table 3.1: Attributes and criteria used to filter AE dataset

Signal Attribute Criterion
Accelerator Pedal Signal Modality >1
Engine Power Modality > 1
Fuel Consumption Total: Optimal - Baseline >0
Battery SOC End: Optimal - Baseline #0
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It was observed that AEs whose control type are not clearly Delayed or Advanced often have
multi-modal accelerator pedal signal and/or engine power. In these cases, the velocity curve is
often not smooth, and since the accelerator pedal is being depressed and released sequentially, the
AE may best be considered as multiple, immediately sequential AEs. These would complicate the
control type investigation, so they are filtered out. Figure 3.4 illustrates an example of an AE with

5 accelerator pedal signal modes.

WVelocity

41 Velocity
Baseline Accel Pedal %

Baseline Engine Power

Velocity (kph)
Velacity (kph)
Engine Power (KW

102

L . . i i . lg
5 10 15 20 25 5 10 15 20 25
Time (s) Time (s)

Figure 3.4: Illustration of an AE with multi-modal accelerator pedal signal and multi-modal engine power

It was also observed that for a small fraction of the dataset, optimal control results in increased
fuel consumption and a mismatch in SOCy, a rare consequence of discretizing the problem. These

AEs are also filtered out.

Manually Classify Subset

Filtering reduces the dataset from 7725 AEs to 5591 AEs. Randomly selected AEs from the
filtered dataset were manually examined for control type based on plots of baseline and optimal
engine power. Figure 3.2a is a representative plot of Delayed control, and Figure 3.2b is a plot of
Advanced control). Each AE was placed into one of two categories: Delayed or Advanced.

Delayed control was identified as involving engine shutoff at the beginning of acceleration be-

fore reaching a high, short-duration peak. Advanced control was identified as involving relatively
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steady engine power for the full duration of the AE. Only AEs whose control type were obvious
were classified. After examining approximately 450 AE, 46 examples of Delayed control and 206

examples of Advanced control were obtained.

3.2.2 Reduce Variables and Identify Key Attributes Via PCA

As dozens of attributes are calculated for each AE, the dataset has dozens of dimensions and is
difficult to visualize. Principal Components Analysis (PCA) is a commonly used tool for reducing
the dimensionality of this type of dataset, with the added benefit of highlighting the attributes
that contribute most to variance among the samples. Prior to PCA, if attributes have significantly
different ranges (e.g. if SOC were given as a fraction and power were given in watts) the data
may be standardized, but for this data, ranges of attributes are all within an order of magnitude, so
standardization is not performed.

Each of the principal components (PCs) is a linear combination of 106 attributes calculated
from five signals (velocity, acceleration, optimal engine power, vehicle power, and battery SOC).
There are 106 PCs, but the first two PCs account for 85.9% of the variance in the dataset, whereas
the remainder account for a total of 14.1%, so PC1 and PC2 are analyzed. Each PC is described by
106 coefficients, one for each input attribute, where the magnitude of a coefficient is proportional to
the attribute’s contribution to a PC. The coefficients for the five most significant attributes defining
PC1 and PC2 are given in Table 3.2. Figure 3.5 is a biplot visualizing all of the coefficients making
up PC1 and PC2 3.2. From Table 3.2, all five of the highest contributors are velocity attributes.
Further, from Figure 3.5, the top 5 attributes have overwhelmingly greater magnitudes than the
remainder. This is striking, especially since the attributes are obviously interrelated (e.g. velocity

range is the difference between maximum and minimum velocity).
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PC1 PC2
Signal Attribute Coefficient | Coefficient
Velocity Maximum 0.4641 0.1356
Velocity Minimum 0.4172 -0.5007
Velocity Range 0.0468 0.6363
Velocity Mean 0.4560 -0.0943
Velocity Median 0.4660 -0.0339
Total Variance Explained |  66.4% | 20.9%

Table 3.2: Top 5 coefficients for PC1 and PC2
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\ Mean Velocity
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| Minimum Velocity |
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Figure 3.5: Biplot of coefficients for PC1 and PC2

3.2.3 Train Neural Network to Classify Control Type

The manually classified AE subsets (section 3.2.1) are used to train an artificial neural network
for classification. The network is structured with two input units (for PC1 and PC2), two hidden
layers of 10 units each, and an output layer of one unit. The output is a number between 0 and 1
that indicates a confidence level that the AE for which PC1 and PC2 are input has an Advanced

optimal control profile. An output of 0 indicates high confidence classification as Delayed control,
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an output of 1 indicates high confidence classification of Advanced control, and an output of 0.5
indicates a low confidence classifying as either control type.

A common technique to avoid overfitting is to reserve a portion (here, 30%) of the dataset
for testing the neural network, so only 70% of the manually classified AEs are used to train the
network. The trained network accurately classified 100% of the training data, and misclassified
only 3 of the 75 AEs reserved for testing (96% testing accuracy).

As shown in Figure 3.6, most AEs are classified with high confidence by the ANN: over 70%
are classified with greater than 99% confidence (a classification value less than 0.01 (Delayed) or
0.99 (Advanced)). The small fraction of AEs (< 2%) that are weakly classified are removed: neural

network outputs between 0.25 and 0.75 are considered to be undefined classifications.
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Figure 3.6: Exploration of cutoff confidence levels.

To verify the ANN classification results, AEs not in the training/testing set are randomly chosen
(examples in Figure 3.7), classified, and manually examined. After examining several AE near
each confidence level (100%, 75%, 25%, 0%) the ANN classification appears to agree with the

manual classification.
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Figure 3.7: Manual verification of ANN classification

3.2.4 Classification Results and Discussion

The ANN is applied to all 5591 AEs in the filtered dataset. Figure 3.8 is a plot of PC1 and PC2
for every AE, with classification indicated by color. There is a gap in the points where examples

of low-confidence classifications were removed.
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Figure 3.8: Classification of AE dataset, plotted by principal component

Figure 3.8 illustrates that a neural network is likely not the simplest way to successfully classify
AE control types. A linear cutoff on the basis of PC1 and PC2 would succeed as well, or even on

the basis of PC1 alone. For example, a precise criterion for Delayed control could be:

PC1 < 50 3.1

The PCs enable a precise classification, but recall that information about the Optimal EMS
was included in PCA. It is desirable to classify control type without computing the Optimal EMS
first, i.e. without using attributes associated with the Optimal EMS. Given that the overwhelming
majority of the information captured by PC1 and PC2 comes strictly from the velocity trace, it is

expected that velocity attributes alone could be utilized to make a successful classification model.
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From Figure 3.5, the five greatest constituents of PC1 and PC2 are maximum, minimum, mean,
median, and range of velocity. Pairs of long, perpendicular line segments in the biplot correspond
to pairs of attributes that account for significant portions of total variance in both PCs. Two nearly
perpendicular pairs are chosen to investigate: range and median of velocity, and maximum and

minimum velocity (or v; and v;). These pairs of attributes are plotted in Figures 3.9 and 3.10.

120 Advanced

Range of Speed (kph)

Delayed
0 20 40 60 80 100 120 140

Median Speed (kph)

Figure 3.9: Classification of AE dataset, plotted by median and range of velocity

From Figure 3.9, control type might be classified using a linear criterion:

(Vmedian < 15 kph) AND [(v; — v;) < 30 kph] (3.2)

where control type is Delayed if the criterion is satisfied, and control type is Advanced if not.
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Figure 3.10: Classification of AE dataset, plotted by vy and v;

From Figure 3.10, v; and v; appear to separate the control types nearly as well as PC1 and PC2.

A linear criterion based on both v; and v; would precisely define this separation, and even

vs < 25 kph (3.3)

would work.

3.3 Conclusions

The experiments in this chapter primarily address Research Question #1:

1. How do differences between AEs correlate with differences between AE Optimal EMS?
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Despite utilizing attributes associated with a variety of different signals, it was repeatedly found

that attributes of the velocity trace v(t) account for the majority of the variation in the dataset:

e The five PCA coefficients with the greatest magnitudes, and therefore explaining the most

variance in the data, were all found to be attributes computed from v(¢).

e PC1 and PC2, which are primarily comprised of v(t) attributes, enable precise classifica-
tion (testing accuracy of 96%) between the two Optimal EMS control types observed in the

dataset.

e v(1) attributes, and in particular v + and v;, enable almost as precise classification as PC1 and

PC2.

The results in this chapter support the hypothesis that AEs with similar v¢ and v; have similar

Optimal EMS. This lays the foundation for experiments in the remaining chapters.
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Chapter 4

Investigate AE Categorization Approaches

In Section 2.2.2, the approach is introduced of computing the Optimal EMS for an "expected"
AE and applying it to an "actual" AE, enabling the Optimal EMS to be pre-computed and stored
onboard the vehicle and implemented in real time. In practice, this requires some method of
matching a predicted "actual" AE to a stored "expected" AE.

As concluded in Chapter 3, attributes of the velocity trace v(t) are well correlated with variation
of Optimal EMS attributes. In this chapter, the method of separating AEs into categories based on
attributes of v(t) is proposed and evaluated. In the main text, AEs are categorized in terms of

initial and final velocity v; and v;. Categorization methods utilizing duration ¢; — ¢; and average

acceleration rate 1;; :: are also investigated (Appendix C).

4.1 Define Experimentation Process

To obtain measures of the magnitude and reliability of FE improvement enabled by different
categorization approaches, an experimentation process is defined and repeated. AEs are split into
categories; an expected AE is selected for each category and the optimal EMS for the expected AE

is applied to every AE in the category; and FE results are corrected for SOC error.

4.1.1 Categorize AEs

A two-dimensional categorization scheme is used, where the AE dataset is separated into cate-
gories based on two attributes. The range of each attribute is divided into bins, and each category
corresponds to some combination of bins. For example, one category might be defined as AEs
with 0 < v; < 1kph and 20 < vy < 25 kph. The three categorization schemes investigated are

summarized in Table 4.1 (results for schemes 2 and 3 are in Appendix C).
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Table 4.1: Summary of category schemes examined

Attributes Used Initial Velocity Final Velocity
1 Number of Bins 13 14
Expected AE Selection Duration
Parameters Used Duration Final Velocity
2 Number of Bins 10 10
Expected AE Selection Final Velocity
Parameters Used | Average Acceleration Final Velocity
3 Number of Bins 10 10
Expected AE Selection Initial Velocity

4.1.2 Select Expected AE

For each category, one "expected" AE is selected. The Optimal EMS computed for the expected
AE is the control strategy applied to all AEs in the category, so the expected AE should be a
characteristic representative of the category.

The expected AE is chosen as the AE with the median value of a third attribute, additional to the
two used to define the categories. For example, in a category defined as AEs with 0 < v; < 1 kph
and 20 < vy < 25 kph, there is one AE with a duration that is shorter than exactly half of the
AEs in the category, and longer than the other half. By applying the Optimal EMS for this AE to
the rest in the category, the average difference between expected and actual duration is minimized.
The attribute used to choose the expected AE for each categorization scheme is given in Table 4.1.

The expected Optimal EMS for each category is applied to every AE in the category, using the

method introduced in Section 2.2.2, and the results are saved.

4.1.3 Correct FE for SOC Error

When applying Optimal EMS with exact prediction, the change in battery SOC during the AE
is constrained to perfectly match the baseline change in SOC. When expected control is applied to

an actual AE, this is no longer the case, as illustrated in Figure 4.1.
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Figure 4.1: Example of AE with SOC; mismatch

FE improvement relative to baseline must be adjusted to account for SOCy deficits or excesses
relative to baseline SOCy, since the battery is charged by burning fuel. A commonly used method
is to convert SOC; differences into equivalent amounts of fuel by assuming a nominal energy
conversion efficiency, but that would be insufficient here because the Optimal EMS inherently
takes advantage of the variability in engine efficiency. Instead, the fuel equivalency method is
applied individually to each category, based on the assumption that the engine’s average efficiency
within a category has less variability than it does in general.

In individual categories, a linear relationship between SOC; error and FE improvement is
observed. As shown in Figure 4.2, the slope of a linear fit of SOC; error and FE improvement can

be used to obtain the SOC¢-corrected FE improvement for each AE.
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Figure 4.2: Illustration of FE correction method for SOC

This FE correction method is described by the following equations:

FEoptimal - FEbaseline

AFE = 100 4.1
FEbaseline 8 % ( )
ASOC; = SOC optimal — SOC paseline (4.2)
AFEcorrected = AFE — mASOCf (43)

where m is the slope of the fit line, obtained via least squares linear regression, of AFE versus
ASOC for the category. As an example, Figure 4.3 shows the lines of best fit calculated for all

categories in an example 5 x 5 categorization scheme.
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Figure 4.3: FE correction fit lines for an example 5 x 5 categorization scheme

Once corrected for errors in SOCy, the FE improvement results for applying Optimal EMS for
an expected AE to an actual AE can be used to identify areas of greatest and least benefit in a given
categorization scheme. In the next section, results for categorization schemes based on vy and v;

are evaluated.

4.2 Categorize Using Initial and Final Velocity

Table 4.2: Summary of velocity category scheme

Attributes Used | Start Velocity End Velocity
Number of Bins 13 14
Expected AE Selection Duration

Categories are defined using initial velocity and final velocity (referred to here as the "velocity"
category scheme). Category bins are 5 kph wide, with the exception of a 0-1 kph initial velocity

bin representing AEs that begin at O kph, and a 0-15 kph final velocity bin because none of the AEs
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have a final velocity less than 10 kph. The scheme constrains initial velocity and final velocity to
60 and 80 kph, respectively. There are 13 bins of initial velocity and 14 bins of final velocity, for
a total of 13 x 14 = 182 categories. Since initial velocity is always less than final velocity, 64
of these categories are empty. As illustrated in Figure 4.4, the dataset overwhelmingly consists of

AEs that begin at zero speed.
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Figure 4.4: Population of velocity categories
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Figure 4.5: FE improvement results by velocity category in order of decreasing mean FE improvement

FE improvement results are shown in Figure 4.5. Every point along the horizontal axis cor-
responds to a single category, sorted by decreasing mean FE improvement (points in (a) and (b)
correspond vertically between the two plots). The initial and final velocity defining each category
are given in Figure 4.5a. The 25th, 50th (mean), and 75th percentiles of FE improvement are given
in Figure 4.5b.

For some categories, the mean FE improvement is negative, with a greater likelihood for cat-
egories with greater initial and final velocities. For these categories, the differences between the
25th and 75th percentiles of FE improvement also tend to be greater than for the other categories,
indicating greater variability in FE improvement. As shown in Figure 4.4, the high-velocity cate-

gories are sparsely populated, which may account for the greater variability in these categories.
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Figure 4.6: Median FE improvement results organized by velocity category

Figure 4.6 is another visualization of FE improvement per category, showing the median FE
improvement for each category analogously to Figure 4.4. Matching what is apparent in Figure

4.5, the greatest FE improvements are achieved in lower-velocity, more populated categories.

4.2.1 Investigate Control Type Mismatch

In some instances where FE was reduced relative to the Baseline EMS, it was observed that
Delayed control was being applied to an AE for which the Optimal EMS is Advanced control, or

vice versa. The ANN classification of control type from Chapter 3 was used to investigate whether
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this explains FE loss in general. The control type of the expected AE for each category is shown

in Figure 4.7, and the control types of the actual AEs are shown in Figure 4.8.
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Figure 4.7: Expected AE control type organized by velocity category
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Figure 4.9: Control type mismatch and FE improvement for velocity categories

Figure 4.9a replicates Figure 4.5b, additionally depicting maximum and minimum FE improve-
ment for each category. Again, horizontal axis points correspond vertically between the plots.
Figure 4.9b is a stacked bar graph showing the number of AEs in each category, with blue bar seg-
ments representing AEs whose optimal control type matches the applied control type, and yellow
segments representing AEs whose optimal control type does not match the type applied. The dot
above each bar indicates the applied control type for the category.

Since Delayed control is applied to low-velocity AEs, there is further evidence that the greatest
FE improvements are achieved for low-velocity AEs: all of the red dots are on the left end of the
plot. There is also more evidence that the worst-performing categories are the least populated: all
of the categories toward the right end of the plot contain fewer than 50 AEs, whereas all but two

of the 20 best-performing categories have more than 50 AEs. Since every case of control type
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mismatch cases occurs in one of the 23 best-performing categories, there is no evidence in Figure

4.9 to support the hypothesis that control type mismatch is a primary cause of FE reduction.

4.2.2 Investigate Prediction Error

Prediction error, or the difference between expected and actual v(t), is hypothesized to be the
primary cause of FE reduction. Prediction error in vy and v; are constrained by the categorization,
whereas error in AE duration is not, so in this section prediction error refers specifically to duration
prediction error. Figure 4.10 plots duration prediction error against FE improvement and SOC;

CITOr.
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Figure 4.10: Duration prediction error, FE improvement, and SOC/ error for velocity categories

Here, the prediction error is defined as the actual duration minus the expected duration, so, for
example, a duration error of -5 seconds means the actual AE is 5 seconds shorter than the expected
AE, or, the AE duration was overestimated by 5 seconds. FE reductions occur more commonly as

prediction error increases in the negative direction, whereas positive duration errors do not seem
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to cause significant FE reductions. Negative prediction error also associates with greater SOC
errors. Overall, there is evidence to suggest that overestimating the actual AE duration has a more

detrimental effect than underestimating actual AE duration.

4.2.3 Adjust Category Sizes

Since AEs in well-populated categories tend to have greater FE improvement on average, cat-
egorizing more coarsely to increase average category population could improve FE results. How-
ever, prediction error, in terms of duration and in terms of v and v;, increases with coarser catego-
rizations, which may be detrimental to FE results. In this section, the FE improvement results for

coarser and finer categorizations are obtained and analyzed, as summarized in Table 4.3.

Table 4.3: Finer and coarser categorizations by velocity

Attributes Used | Initial Velocity Final Velocity
Number of Bins 1-200 1-200

Expected AE Selection Duration

Figure 4.11 is a representation of the different schemes that were simulated. Figure 4.11a shows
the bin counts for vy and v; that define each scheme, Figure 4.11b shows the mean, 25th, and 75th
percentiles of FE improvement for each scheme (inclusive of all categories), and Figure 4.11c
shows the frequency of matching and mismatched control type. Schemes are sorted by decreasing

final velocity bin counts from left to right.
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Figure 4.11: FE results for finer and coarser velocity categorizations

With more categories, mean FE improvement is greater, likely because finer categorization res-
olutions admit smaller prediction errors. But, with extremely fine categorization schemes such as
the 200 x 200 categorization, categories are so sparsely populated that many are occupied by one
or fewer AEs. Categories with just one AE have one expected AE and zero actual AEs, so FE
improvement results cannot be obtained. This is why the total number of AEs in the fine catego-
rizations, as shown in Figure 4.11c, is significantly less than the size of the dataset (7725 AEs).
This suggests that the results are limited by the AE dataset: with an infinite AE dataset, an infinitely
fine categorization would be expected to approach the FE achievable with exact prediction.

Bin counts for initial velocity and final velocity do not have symmetric effects. For example,
with 1 v; bin and 200 v bins, the mean FE improvement is approximately 2% with a tight confi-

dence interval on the mean, and the range between the 25th and 75th percentile is about 4%. In
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the opposite scheme, with 200 v; bins and 1 v bin, the mean FE improvement is negative with an
extremely wide confidence interval, and the range between the 25th and 75th percentiles is nearly
10%. This trend holds with different categorizations, suggesting that constraining error in vy is
more important than constraining error in v; for achieving reliable FE improvement.

In application, the size of the AE dataset and the number of expected AEs that can be stored
onboard a vehicle are limited. The results in Figure 4.11 suggest that FE improvement is nearly
equivalent for any scheme with 10 or more vy bins, such as the 13 x 12 categorization scheme

investigated earlier in the section.

4.3 Categorize Using Other Attributes

As discussed in the previous section, the primary goal of a categorization scheme is to con-
strain prediction error in order to match the expected and actual v(¢) as closely as possible. It is
possible that constraining error in attributes other than v; may enable greater or more reliable FE

improvements. To investigate this, two other categorization schemes, utilizing duration ¢y — ¢; and

vf
ty—

average acceleration rate : in combination with vy, are studied (details in Appendix C).

The major conclusions of Section 4.2 are supported by the results in Appendix C. The most
reliable FE improvements are achieved in categories containing AEs with low speeds, long dura-
tions, and low acceleration rates, irrespective of control type mismatch (Figures C.6 and C.14).
Averaged over all categories, the FE improvement for the best categorization schemes is between 1
and 2% regardless of the categorization attributes. Categorizing based on duration enables slightly
greater FE improvements on average (Figure C.8), but categorizing based on acceleration rate en-
ables a slightly smaller range of FE improvements (Figure C.16. An upper limit on average FE

improvement appears to be achieved for 10 x 10 (or even slightly coarser) schemes, regardless of

categorization attributes.
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4.4 Conclusions

In this chapter, the FE results of applying Optimal EMS control via a variety of categorization

methods were analyzed. This chapter primarily addresses Research Question #2:

2. What FE tradeoffs occur when prediction accuracy is reduced from exact velocity trace

prediction to prediction of basic AE attributes?

Prediction accuracy was varied by adjusting the attributes and resolutions with which categories
are defined, and the FE results were compared with baseline FE results. Key conclusions are listed

below.

4.4.1 AE Factors Influencing FE Results

e The greatest and most reliable FE improvements are achieved for low speed, long duration,
and low acceleration rate AEs, regardless of category scheme. FE reductions tend to occur
during high-aggression AEs, which are characterized by high speeds, short durations, and

high acceleration rates.

e FE improvements are more reliably achieved when the actual AE duration is equal to or

longer than the expected AE duration.

e On average, categories for which the Expected AE Optimal EMS is of the Delayed control
type achieve greater FE improvements than those with Advanced control type, regardless of

category scheme.

e Mismatch of control type between the expected and actual AE does not correlate with losses

to FE.

4.4.2 Categorization Factors Influencing FE Results

e Prediction error of final velocity must be constrained via categorization to achieve consistent

FE improvements.
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e Constraints on initial velocity error, duration, and average acceleration are less impactful
than constraints on final velocity error, but constraining one in addition to final velocity

error can improve FE results.

e Average FE improvement increases with increasing categorization resolution, but reaches a

reasonable upper limit when each attribute is divided into 10 bins.

e The poorest average FE improvement occurs in sparsely populated categories.

The results in this chapter suggest that a 13 x 14 categorization scheme based on vy and v;
approaches a reasonable upper limit on average FE improvement. In the next chapter, Expected

AE Optimal EMS utilizing this categorization scheme is applied to drive cycles.
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Chapter 5

Implement Optimal EMS in Drive Cycles

In Chapter 4, Optimal EMS were applied to AEs in isolation. In this chapter, the categorization
method of Chapter 4 is applied to AEs in the context of drive cycles.

The four control strategies introduced in Chapter 2 are applied to seven drive cycles of various
types, as shown in Tables 5.1a and b. The Baseline EMS achieves the FE upon which FE improve-
ment is defined, utilizing no prediction. The Approximate AE Optimal EMS applies an expected
Optimal EMS from the corresponding category based on simulated predictions of v; and v;. (The
Approximate AE Optimal EMS is also referred to as the Disturbed AE Optimal EMS, referring
to prediction error as a "disturbance" to the system.) The Optimal AE and Optimal Cycle control
strategies utilize the exact velocity trace v(t) to derive and implement Optimal EMS during AEs

and throughout the drive cycle, respectively.

Table 5.1: Drive cycles and control strategies investigated in Chapter 5

(@)
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(b)

Cycle
e Cycle Name
Type Prediction Control Used
NYCC
L During AE Mot During AE
Denver
City Downtown None Baseline Baseline
Fort Collins
Downtown Appraximate/ Expected Had i
HWFET Disturbed AE Optimal
Denver ) .
; Exact AE Exact Optimal Baseline
Highway Highway =
Fort Collins £ — £ octimal | E -
Highway xact Cycle xact Optima xact Optima
Aggressive usoe6




The overall FE results for all seven cycles are shown in Table 5.2. Results for one cycle of each
driving type (city, highway, and aggressive) is analyzed in detail in the main text, and results for

the remaining cycles are in Appendix D.

Table 5.2: Results for all drive cycles and control strategies

: Baseline | Approximate | Optimal AE |Optimal Cycle
Drive Cycle
. FE (mpg) | AE FE (mpg) | FE (mpg) FE (mpg)
40.13 40.82 4219
s b 116% | 054% 3.91%
61.39 61.60 64.15
= i 0.50% 0.84% 501%
38.38 39.81 4210
s il 3.92% 5.06% 11.10%
Denver 65.94 67.56 68.33 75.90
Downtown i 2 46% 3.63% 15.12%
Denver 71 92 72.68 72.90 ITAT
Highway 7 2.05% 2.37% 8.36%
Fort Collins 62 19 63.53 64.19 66.54
Downtown ’ 2.16% 3.22% 6.99%
Fort Collins 50 52 50.65 50.90 53.84
Highway ’ 0.26% 0.75% 6.58%

5.1 Evaluate Individual AEs in Cycles

As a measure of the effect an individual AE’s control has on a drive cycle’s overall FE, dFC,

the net fuel consumption increase or reduction caused by the disturbed EMS is calculated:

dFC = (FC f,Disturbed — FC f,Baseline) - (Fci,Disturbed - FCi,Baseline) (51)

Just as in Chapter 4, Disturbed EMS may result in a different SOC; than Baseline EMS. To
correct for this, the dFC metric is adjusted using a linear fit (Figure 5.1) on dFC versus dSOC for

all cycle AE (Figure 5.1), where dSOC is defined as:

dSOC - (Socf,Disturbed - SOCf,Baseline) - (SOCi,Disturbed - SOCi,Baseline) (52)
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Then,

dFCorrected = AFC — m dSOC (5.3)

where m is the slope of the fitline (3.406 %rg‘gc). Finally, dFC is converted to fuel consumption

per distance traveled during the AE (L/100km). (Calculating dFC~! and converting units would
theoretically result in a measure of FE, but in practice results in extremely large numbers due to

rounding error and near-zero division.)

dFCcorrected
dFCnorma ized — — 1. . 54
fized distance 5-4)

Figure 5.1: Linear fit of dFC and dSOC for all cycle AEs

5.2 Individual Cycle Results

5.2.1 City Driving Cycle: NYCC

In simulations of city driving, FE improvement potential is high for both Optimal Cycle and

Optimal AE control, and Approximate AE FE is nearly as high as Optimal AE FE. Most likely as a
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result of the low-aggression driving common to these cycles, effective fuel consumption reduction
is achieved in the vast majority of AEs, leading to high FE gains.

The New York City Cycle (NYCC) is a standard EPA test schedule meant to simulate low
speed urban driving. It includes many low-aggression AEs, frequent stops, and almost no cruising.
With an average speed of 11.4 kph, it is more than twice as slow as the next-slowest cycle stud-
ied. In previous sections, it was found that significant and reliable FE improvements are achieved
for low-aggression AEs, which is true here: the greatest Approximate AE and Optimal AE FE
improvements of all the cycles are achieved for the NYCC.

A variety of characteristics and results for the NYCC are listed in Table 5.3; the simulated FE
results are plotted in Figure 5.2; selected simulation outputs are plotted in Figure 5.3; and results

for individual AEs are given in Table 5.4.

Table 5.3: Characteristics of the NYCC cycle

Drive Cvecle Duration | Distance A;e:g;e SM::d #AE Time | Baseline | Approximate | Optimal AE |Optimal Cycle
YC® | (seq) | (km) P P %AE | FE (mpg) | AE FE (mpg) | FE(mpg) | FE (mpa)
(kph) (kph)
39.38 39.81 42 10
o,
NYCC 598 19 114 446 13 24 8% 37.90 3.00% = 06% 1110%
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Figure 5.2: FE results for NYCC cycle
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Figure 5.3: Simulation outputs for the NYCC cycle
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Table 5.4: Characteristics of AEs in the NYCC cycle

NYCC
Initial Final _ _ _ ) dFC dFC
Speed | Speed D“'('ast)"’“ cit’:;"ry gggt“r’z: Dg;ﬂ:'f;d dFC (mL) | dSOC (%) | corrected | normalized
(kph) (kph) (mL)  |(mL/100km)
1 138 36.9 6.4 32| Advance | Advance | 060 0.12 0.18 ~41.61
A 35 17.4 48 107 Delay | Delay 0.04 0.03 20.07 5464
3 00 28.0 56 178 Delay | Delay -0.40 -0.09 -0.10 -45.35
4 o0 26.0 7.6 178 Delay | Advance | -0.05 0.02 0.13 39.23
5| 256 40.3 11.6 65 Delay | Advance | 1.62 0.51 0.13 -12.08
6| 00 344 7.6 138 Delay | Delay 208 -0.57 0.15 -37.35
AE# | 7] 186 22 56 43| Advance | Advance | 209 -0.48 2047 -96.27
8] 251 40.2 10.0 65 Delay | Advance | 205 0.59 0.06 6.89
o 00 33.0 7.6 138 Delay | Delay 1.48 -0.31 043 | -117.31
10| 34 17.2 5.2 107 Delay | Delay 0.24 0.13 019 | -132.35
1100 323 13.2 138 Delay | Advance | -0.38 -0.06 0.16 264
1204 16.4 8.0 230 Delay | Delay 20.66 0.04 079 | -471.84
13 110 446 11.6 25 | Advance | Advance | -0.46 -0.04 .0.32 23261

The Disturbed Optimal EMS achieves a significant portion (77%) of the FE improvement
achieved by Optimal AE control and 35% of the FE improvement achieved by Optimal Cycle
control. With the exception of some instances of high engine power for SOC correction, the Dis-
turbed engine power trace appears to follow the Optimal AE engine power trace closely, indicating
that the categorization scheme sufficiently limits prediction error to provide a close match between
the Expected and Actual Optimal EMS.

The results for this cycle illustrate how apparent increases to fuel consumption, like in AEs #5
and #8, can result in increases to SOC that allow significant fuel consumption reductions later in
the cycle. From Table 5.4, four AEs have positive dFC, which might seem to apply that prediction
error is causing a reduction to cycle FE during those AEs. However, only one (AE #8) has a positive
SOC-corrected dF'C', so the net result of Disturbed Optimal EMS is a significant improvement to

cycle FE.

5.2.2 Other City Driving Cycles

Two other cycles with city driving are simulated. The Denver Downtown and Fort Collins

Downtown drive cycles were measured from real-world driving. The simulation results are in
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Appendix D. Although FE improvements achieved by Disturbed EMS along the other city driving

cycles are smaller than for the NYCC cycle, they are the next two greatest among all cycles studied.

5.2.3 Highway Driving Cycle: HWFET

FE improvement potential via AE Optimal EMS in highway driving is typically much lower
than in city driving, since AEs reach higher speeds and are less frequent, with cruising dominating
the cycle. Despite the low improvement potential, positive FE improvement is achieved in all
highway cycles.

The HWFET (Highway Fuel Economy Test) cycle is the standard EPA highway test schedule.
It is mostly high-speed cruising and involves only 4 AEs which account for only 10% of driving
time. Room for FE improvement is therefore small when EMS are confined to AE windows, but
a significant portion of the potential FE improvement is still achieved via Disturbed EMS control.
A variety of characteristics of the HWFET cycle are listed in Table 5.5; the simulated FE results
are plotted in Figure 5.4; selected simulation outputs are plotted in Figure 5.5; and results for

individual AEs are given in Table 5.6.

Table 5.5: Characteristics of the HWFET cycle

Divire Cvnle Duration | Distance A\sre:g; SM::d #AE Time | Baseline | Approximate | Optimal AE |Optimal Cycle
y (sec) | (km) P P %AE | FE (mpg) | AE FE (mpg) | FE(mpg) | FE (mpg)
(kph) (kph)
61.39 61.60 64.15
o,
HWFET 764 16.5 778 96.4 4 10.0% 61.08 0.50% 084% = 01%
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Figure 5.4: FE results for HWFET cycle
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Figure 5.5: Simulation outputs for the HWFET cycle
Table 5.6: Characteristics of AEs in the HWFET cycle
HWFET
Initial Final " - ! . dFC dFC
Speed | Speed D“;:t)w" ctfg L"ry ggﬂt’:: Dés:,‘r’]t"r’;d dFC (ML) | dSOC (%) | corrected | normalized
(kph) (kph) (mL) |(mL/100km)
1 00 57.5 24.4 231 Delay | Advance | -0.08 -0.03 0.00 0.07
AE# |2 457 72.3 17.2 23 Advance | Advance | 229 0.80 -0.45 -15.46
3 741 91.6 19.2 18 Advance | Delay -4.00 -0.81 -1.23 -28.55
4 742 89.2 17.2 18 Advance | Advance | -0.65 0.00 -0.65 -16.64

The Disturbed EMS achieves 60% of the FE improvement achieved by Optimal AE control

and 10% of the FE improvement achieved by Optimal Cycle control. The Disturbed EMS engine
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power trace deviates visibly from the Optimal EMS engine power trace, running at higher power

earlier in each AE than any other control strategy.

5.2.4 Other Highway Driving Cycles

Two other cycles with highway driving are simulated. The Denver Highway and Fort Collins
Highway drive cycles were measured from real-world driving. The simulation results are in Ap-
pendix D. The results for the Fort Collins Highway cycle are similar to the results for the HWFET
cycle, where the AE Optimal EMS achieves a small FE improvement (less than 1%), of which
the Disturbed EMS achieves a portion. The Denver Highway cycle has greater FE improvement

potential than the other highway cycles because it includes both highway and city driving.

5.2.5 Aggressive Driving Cycle: US06

The US06 cycle is the aggressive EPA test schedule, characterized by high-speed driving, fast
accelerations, and an extended high-speed cruising period in the middle. More than half of the
AEs have final velocities greater than the highest-speed v category, so the expected AE is often of
significantly lower speed than the actual cycle AE. With so much driving beyond the boundaries of
the dataset and a great deal of cruising, the US06 cycle has the least room for improvement of any
cycle, during AEs or otherwise, and is the only cycle for which FE improvement is not achieved
with Disturbed Optimal EMS control. A variety of characteristics of the US06 cycle are listed in
Table 5.7; the simulated FE results are given in Figure 5.6; selected simulation outputs are plotted

in Figure 5.7; and results for individual AEs are given in Table 5.8.

Table 5.7: Characteristics of the US06 cycle

Dive Tl Duration | Distance A;e:g;e SM::d #AE Time | Baseline | Approximate | Optimal AE |Optimal Cycle
YC® | (seq) | (km) P P %AE | FE (mpg) | AE FE (mpg) | FE(mpg) | FE (mpa)
(kph) (kph)
& 4013 40.82 42 19
Uso6 600 129 77.3 1292 12 26 6% 40.60 116% 0.54% 3.01%
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(a) USO06 cycle FE results
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(b) USO06 cycle FE improvement results

Figure 5.6: FE results for US06 cycle
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Figure 5.7: Simulation outputs for the US06 cycle
Table 5.8: Characteristics of AEs in the US06 cycle
uso6

Initial Final ] ] : y dFC drFc

Speed | Speed D”T’st,"’" Ctt‘:;"w ggﬂt':: D(':s;‘;::’;d dFC (mL) |dSOC (%) | corrected | normalized

(kph) (kph) (mL) | (mL/100km)
1 041 71.0 18.0 110 Advance | Advance | -374 -0.68 -1.50 -81.44
2l 00 90.5 19.2 54 Advance | Advance 3.50 0.47 1.89 £3.39
3 836 113.3 13.2 18 Advance | Advance 1.28 -0.07 1.53 44.35
4 00 856 18.8 54 Advance | Advance 8.87 0.09 8.55 27587
5| 848 100.6 11.6 18 Advance | Advance -1.28 -0.04 -1.15 -39.31

AE# |6 100.2 120.5 20.0 18 Advance | Advance 266 -0.45 4.19 71.42

7l 1143 127.3 8.2 18 Advance | Advance 263 0.16 2.08 70.74
8 00 454 8.4 166 Delay Delay -0.02 -0.11 0.37 66.30
g 111 458 76 27 Advance | Delay -0.20 -0.19 0.46 76.76
10 1.9 45,1 8.4 85 Delay Delay -1.29 -0.42 0.14 22.86
11 39 483 6.4 85 Advance | Advance | -2.04 -0.74 0.48 97.28
120 00 82.9 128 54 Advance | Advance 0.54 -1.91 7.03 456.56
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Disturbed EMS control achieves a lower FE than the Baseline EMS. dFC improvement is
achieved in only 2 of 12 AE, indicating that the Disturbed EMS is poorly equipped to control AE
this aggressive.

AE #4 is the most unsuccessful application of Disturbed EMS control for any AE in any cycle
simulated. Simulation outputs for this AE are given in Figure 5.8. The Disturbed EMS underesti-
mates the required engine power and discharges the battery during the first half of the AE, likely
because it "expects" the AE to end soon and at a speed lower than 80 kph. Since the second half
of the AE is a gradual acceleration at high speed, the AE effectively lasts about 10 seconds longer
than the Disturbed EMS expects it to, and since it must make up for the large SOC deficit from the
first half, it runs the engine at maximum power for 3 full seconds. As a result, a significant amount
of fuel is consumed at low engine efficiency and is clearly a worst-case example for Disturbed

control.
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Figure 5.8: AE #4 from the US06 cycle, the worst-performing AE of any cycle

Since AEs in the US06 cycle are faster than the fastest AEs in the dataset, the US06 cycle is
a poor example for Disturbed Optimal EMS application. In practice, the Disturbed Optimal EMS

may be turned off by default during high-speed and high-aggression driving. To simulate this, both
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the cruising section and the outlier AEs were removed from the US06 cycle and the simulation was
repeated. The FE results are shown in Figure 5.9 and outputs of the simulation are plotted in Figure
5.10. With this truncation, the Disturbed EMS achieves 72% of Optimal AE FE improvement and

61% of Optimal Cycle FE improvement.

Baseline

Disturbed AE

Optimal AE

Optimal Cycle

1 1 1 1 1 1 1 1 1
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(a) Truncated US06 cycle FE results

Disturbed AE
Optimal AE

Optimal Cycle

1 1 1 1 1

0 0.5 1 15 2 2.5 3
Fuel Economy Improvement Over Baseline (%)

(b) Truncated US06 cycle FE improvement results

Figure 5.9: FE results for truncated US06 cycle
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Figure 5.10: Simulation outputs for the truncated US06 cycle

5.3 General Results

The FE results for all seven cycles, sorted in order of increasing Disturbed EMS FE improve-
ment are given in Figure 5.11. The cycle on which the Disturbed EMS is least successful is US06,
the aggressive cycle; the next three are the highway cycles; and the cycles with the greatest Dis-
turbed EMS performance are the city cycles. This is one indication that Disturbed EMS control is

most successful in city driving and less successful with increasing aggressiveness.
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Figure 5.11: FE results for all seven cycles

64



5.3.1 AE Factors Influencing FE Results

To understand how AE attributes correlate with FE results, initial and final velocity (Figure
5.12) and speed increase and average acceleration (Figure 5.13) are plotted against normalized

dFC.
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(a) Initial velocity versus dFC for all cycle AEs
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(b) Final velocity versus dFC for all cycle AEs

Figure 5.12: v; and vy versus dFC for all cycle AEs
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The plots in Figure 5.12 reinforce that disturbed control is not well suited to AEs with high vy.
The greatest increases to normalized dFC all occur when v; is near zero and vy is greater than 80
kph, while the greatest and most frequent reductions to dFC occur when v; and vy are both low.
dFC is never negative above a starting speed of 90 kph or an ending speed of 100 kph.

High aggression driving implies high speeds as well as fast accelerations. To understand how

VE—;
ty—t;

this affects FE, increase in velocity vy — v; and average acceleration are plotted against

normalized dFC (Figure 5.13).
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Figure 5.13: Velocity increase and average acceleration versus dFC for all cycle AEs

Smaller velocity increases enable the greatest reductions to FC, while the greatest increases to
FC occur for AEs during which velocity increases by the greatest amounts. This trend can also be
seen when duration is taken into account: FC is never reduced when acceleration rate is greater

than 5 kph/s, and almost never increased when acceleration rate is less than 2 kph/s.
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As concluded in Chapter 4, FE performance is often poor for sparsely populated categories. In
Figure 5.14 the number of AE in the category is plotted against dFC. As shown, the greatest FC
reductions occur for the most populated categories, but increases to dFC occur for sparsely and

densely populated categories alike.
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Figure 5.14: Category population versus dFC for all cycle AEs

In agreement with the conclusions of Chapter 4, FE improvements occur in cycles and locally
among AE when the driving style is low-aggression. This may be explained in part because poten-
tial FE benefits are smaller for higher-aggression drive cycles. For the NYCC, the maximum FE
improvement that can be achieved via AE control (i.e., by the Optimal AE EMS) is 5.06%, whereas
for the US06 cycle it is 0.54%. This may also be because the AE dataset is not representative of
the highest-aggression AEs seen in the drive cycles. A greater portion of the potential FE benefits

may be achievable using a dataset that represents a wider variety of driving styles.

Control Type Mismatch

Chapter 3 introduced the hypothesis that applying the wrong control type (Delayed or Ad-

vanced) to AEs via Disturbed Optimal EMS causes reductions to FE. This misapplication is termed
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"mismatch." In Chapter 4, it was found that none of the cases of mismatch occurred in any of the
worst-performing categories.

To understand the effect of mismatch in cycles, every AE in every cycle was examined man-
ually to identify the control types applied by the Optimal AE EMS and Disturbed AE EMS. Of
315 AEs, there were 67 occurrences of positive dFC (i.e., FE reduction) and 54 occurrences of
mismatch, but only 7 occurrences of both, which may suggest that mismatch is not correlated with

FE loss. The results of the mismatch characterization are shown in Table 5.9.

Table 5.9: Contingency table relating AE FC results to mismatch condition

FC Reduced?

Yes No
No 201 60 261
Mismatch
Condition?
Yes 47 7 54
248 67 315

Using the data in Table 5.9, Fisher’s exact test of independence was performed. The null
hypothesis for this test is that there are no nonrandom associations between the two categories
(negative dFC and mismatch), so the null hypothesis must be rejected (p-value < 0.05) to be able
to claim a significant association between mismatch and FE. The test results in a p-value of 0.1425,
meaning the null hypothesis cannot be rejected. Therefore, control type mismatch is not signifi-

cantly correlated with positive or negative FE effects.
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5.4 Conclusions

In this chapter, the FE results of applying Disturbed Optimal EMS control to AEs in cycles
were obtained and analyzed. The results of this chapter primarily concern Research Questions #2

and #3.

5.4.1 Research Question #2

2. What FE tradeoffs occur when prediction accuracy is reduced from exact velocity trace

prediction to prediction of basic AE attributes?
The results in this chapter support conclusions from Chapter 4:

e (From Chapter 4): The greatest and most reliable FE improvements are achieved for low
speed, long duration, and low acceleration rate AEs, regardless of category scheme. FE re-
ductions tend to occur during high-aggression AEs, which are characterized by high speeds,

short durations, and high acceleration rates.

— The greatest cycle FE improvements are achieved for the city cycles, which are char-
acterized by low-aggression driving.
— As shown in Figures 5.12-5.13, with increasing final velocity, velocity increase, and

average acceleration, the magnitude of FE loss increases.

e (From Chapter 4): Mismatch of control type between the expected and actual AE does not

correlate with losses to FE.

— This is further evidenced by the results of the Fisher test on the cycle AE set (Section

5.3.1)

e (From Chapter 4): The poorest average FE improvement occurs in sparsely populated cate-

gories.

— As shown in Figure 5.14, the greatest FE losses occur during AEs in sparsely populated

categories.
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5.4.2 Research Question #3

3. How can low-accuracy-prediction enabled EMS be applied to achieve consistent FE benefits

in real driving contexts?

e The methods introduced in Chapter 3 are used in this chapter to apply Disturbed AE EMS
in cycles and evaluate the results. By accounting for the effects of over- and under-charging
the battery on fuel consumption, it was shown that FE improvement can be achieved via

Disturbed AE EMS despite local increases to FC during an AE.

e Following from the conclusions addressing RQ#2, Disturbed AE EMS are best applied to

low-aggression AEs, which are common in city driving.

e Overall cycle FE improvement potential is limited in highway driving, since AEs are rare

and, if they occur, are of high speed.

e The dataset containing expected AEs can limit the FE improvement potential of Disturbed
AE Optimal EMS, as evidenced by the poor performance on the US06 cycle. Choosing not to
apply the Disturbed AE Optimal EMS to AEs that are poorly represented by the dataset may
be one way to enable robust FE improvements, as shown by the application to the truncated

USO06 cycle.
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Chapter 6

Summary

This thesis presents an approach for applying Optimal EMS during AEs to improve FE that
is implementable using hardware common on current production vehicles. Simulation methods
were used to characterize the FE improvement potential with the approach and evaluate a variety
of methods of EMS application.

In Chapter 2, the simulation tools required to investigate AE Optimal EMS, including a vehicle
model and four Optimal EMS application methods, were defined.

In Chapter 3, attributes of AE velocity traces and corresponding Optimal EMS were analyzed
via PCA and neural network classification. A variety of evidence was presented to support the
hypothesis that initial and final velocity are significant attributes accounting for variation in the
Optimal EMS. This improved confidence that AE prediction on the basis of initial and final velocity
could enable near-optimal EMS.

In Chapter 4, a categorization approach for selecting EMS based on predictions of AE attributes
was presented and evaluated. FE improvements averaging between 1 and 2% were demonstrated
to be achievable for categorization schemes that include final AE velocity as one of the defining
attributes and 10 or more bins of each defining attribute. The greatest FE improvements were
demonstrated to occur during AEs with low speeds and accelerations, whereas FE reductions were
more likely to occur during AEs with high speeds and accelerations.

In Chapter 5, EMS were applied to AEs in seven drive cycles via a categorization scheme from
Chapter 4 based on initial and final AE velocity. FE improvement was achieved for all but the most
aggressive drive cycle, with the greatest FE improvements being achieved in city driving. If the
categorization method of application is applied only during low-aggression AEs, FE improvement
is predicted to be significant and robust.

Efforts are well underway to implement this Optimal EMS approach in a physical HEV to

demonstrate real-world FE improvements during AEs. This has involved design and fabrication of
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a test HEV platform, and will require developing methods for predicting AE attributes, translating

the simulated control strategies into actual HEV control software, and a whole lot of testing.
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Appendix A

List of Acronyms

Table A.1: Acronyms used in this document

Acronym | Meaning

AE Acceleration Event

ANN Artificial Neural Network

BSFC Brake Specific Fuel Consumption
DP Dynamic Programming

EPA Environmental Protection Agency
FC Fuel Consumption

FE Fuel Economy

HEV Hybrid Electric Vehicle

ICE Internal Combustion Engine

PCA Principal Components Analysis
SOC State of Charge
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Appendix B

AE Attribute Terminology

"During Acceleration"

Many of the attributes are calculated "during acceleration," meaning only during timesteps of
changing vehicle velocity. This is often different from the time during which the variable itself is
changing in value, because steady speed does not necessitate steady engine state. An example of

this 1s shown in Figure B.1.

14 - 10
’ During
Velocity Acceleration
Baseline 2 .
12 4 "
= = = QOptimal
A | v A0 1 18
il
10 <€ >
(L v §
T s} i i 8
3 i B Engine g
= I Power 5 O
g 6l 1 ; L%
B i Changing o
3 ¥ "2
| . l ‘ p o
4 1L 13 UJ
i
[
24 E I 2
I
1 1
0+ ]
|
L 1 ]l PR sl B L +— 0
0 5 10 15 20 25
Time (s)

Figure B.1: Example of engine state changing outside of "acceleration”

Modality

Accelerator pedal signal, engine power, and total vehicle power often display multiple modes,
or peaks. "Modality" is expressed as the number of modes. One mode has occurred when the
signal exceeds and drops below its mean "during acceleration" value. An engine power signal with

two modes is shown in Figure B.2.
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Figure B.2: Example engine power trace with a modality of 2

Ramp-Up / Ramp-Down / Stabilization

All of the signals are at a steady state value for several timesteps at the beginning and end of
each AE. Ramp-up is the time at which the signal first begins to change from its initial steady state
value, whereas ramp-down or stabilization are the time at which the signal first reaches its final
steady state value. Stabilization applies to the velocity trace, since velocity never decreases during
an AE, while ramp-down applies to all other traces, whose magnitudes begin and end at low values

relative to their values during acceleration. These are illustrated in Figure B.3.
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Figure B.3: Illustration of ramp-up, ramp-down, and stabilization

Ramp-Up Rate
Ramp-up rate R? is the average rate of change of a signal between the time of ramp-up and the

time the variable reaches its maximum:

Xmaz - Xss
R— (B.1)

tmam - tramp—up

where X, is the signal’s maximum value, X ;,;; is the signal’s initial steady state value, t,,,.
is the time at which the signal assumes its maximum value, and ¢, 4,y 18 the time at which

ramp-up begins for the signal. This is illustrated for an engine power trace in Figure B.4.
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Figure B.4: Illustration of ramp-up rate

Dip

Engine power and battery SOC sometimes drop below their steady-state values for a short time
before increasing during acceleration. "Dip" is the difference between the initial steady-state value
of the signal and the minimum value of the signal during acceleration. This is illustrated in Figure

B.5 for an engine power trace.

82



{ Velocity
——— Baseline | | 204
= = = QOptimal

Velocity (kph)
Battery SOC (%)

49.95

7 8 9 10 dil 12
Time (s)

Figure B.5: Illustration of dip.

Note on Accelerator Pedal Signal

Accelerator pedal signal is obtained from the drive cycle dataset from which the AE velocity
traces were originally obtained. AE are analyzed as occurring at steady state, where the vehicle
is simulated as moving at constant velocity before and after acceleration. Thus, accelerator pedal
signal is unavailable before and after acceleration, so its value during those times cannot be used
in AE classification. However, its modality during acceleration is a useful statistic for filtering AE
for control type analysis (discussed in the next section), so post-processing statistics on accelerator

pedal signal are still calculated.
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Appendix C

Additional Categorization Investigations

C.1 Categorize Using Final Velocity and Duration

The analysis applied in Section 4.2 is applied to a category scheme based on final velocity
and AE duration (referred to here as the "duration" category scheme), as shown in Table C.1. All

figures are analogous to the figures in Section 4.2.

Attributes Used Duration Final Velocity

Number of Bins 10 10

Expected AE Selection | Initial Velocity

Table C.1: Summary of duration category scheme

Duration category bins are approximately 3 seconds wide and velocity category bins are ap-
proximately 7 kph wide. AEs are constrained to a duration range of 0-30 seconds and an end
velocity range of 0-80 kph. Of the 10 x 10 = 100 categories, 86 are occupied by AEs. The

numbers of AEs in each category are illustrated in Figure C.1.
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Figure C.1: Population of duration categories
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C.1.1 Investigate Control Type Mismatch
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Figure C.4: Expected AE control type organized by duration category
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Figure C.6: Control type mismatch and FE improvement for duration categories

For this scheme, prediction error is expressed as the difference between actual and expected

initial velocity. Figure C.7 compares prediction error to FE improvement and SOC; error.
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Figure C.7: Prediction error, FE improvement, and SOC error for duration categories

Adjust Category Sizes

Attributes Used Duration

Final Velocity

Number of Bins

1-10

1-10

Expected AE Selection | Initial Velocity

Table C.2: Finer and coarser categorizations by duration
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C.2 Categorize Using Average Acceleration and Final Velocity

The analysis applied in Sections 4.2 and C.1 is applied to a category scheme based on final ve-

locity and average acceleration (referred to here as the "acceleration" category scheme), as shown

in Table C.1. All figures are analogous to the figures in Section 4.2. Average acceleration is defined

as
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Attributes Used

Acceleration Magnitude Final Velocity

Number of Bins

10 10

Expected AE Selection

Initial Velocity

Table C.3: Summary of acceleration category scheme

Acceleration category bins are approximately 0.6 kph/s wide, with maximum acceleration con-

strained to 6 kph/s. Final velocity category bins are approximately 7 kph wide. Of a total of

10 x 10 = 100 categories, 95 are occupied. The numbers of AEs in each category are illustrated

in Figure C.9.
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C.2.1 Investigate Control Type Mismatch
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Figure C.12: Expected AE control type organized by acceleration category
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Figure C.14: Control type mismatch and FE improvement for acceleration categories
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0
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For this scheme, prediction errors in duration and initial velocity are more or less uncon-

strained, but since average acceleration is linearly related to duration, initial velocity, and final

velocity, duration and initial velocity errors are approximately proportional to each other. Predic-

tion error is chosen as error in duration.
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C.2.3 Adjust Category Sizes

Attributes Used

Accel Mag Final Velocity

Number of Bins

1-10 1-10

Expected AE Selection

Initial Velocity

Table C.4: Finer and coarser categorizations by duration
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Appendix D

Additional Drive Cycle Investigations

D.1 City Driving Cycle 2: Denver Downtown

The Denver Downtown cycle is a real world, urban cycle. It has a higher top speed, a much

longer distance and duration, more AEs, and a higher baseline FE than the NYCC. A variety of

characteristics of the Denver Downtown cycle are listed in Table D.1, and the simulated FE results

are given in Figure D.1.

Table D.1: Characteristics of the Denver Downtown cycle

Drive Ciicla Duration | Distance A;e;aeg:: SM::d #AE Time | Baseline | Approximate | Optimal AE |Optimal Cycle
Y (sec) | (km) e P %AE |FE (mpg) | AE FE (mpg) | FE(mpg) | FE (mpg)
(kph) (kph)
Denver G 67.56 68.33 75.90
S 22028 159 26.1 716 28 21.7% 6594 > 46% 3.63% 15.12%
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Figure D.1: FE results for Denver Downtown cycle

Disturbed control achieves 68% of the FE improvement achieved by Optimal AE control and
16% of the FE improvement achieved by Optimal Cycle control. Again, the disturbed dF'C trace
follows closely behind the Optimal AE trace. The length of the cycle gives the Optimal Cycle
strategy plenty of room to maneuver, so it stores battery energy early in the cycle to permit almost
full-EV operation from approximately t = 800 seconds to t = 1200 seconds when power demands
are low. This results in huge FE improvement over baseline, which disturbed control does not
approach.

This cycle also illustrates the need for SOC correction of dF'C. From Table D.2, of the 9

AE with positive dF'C', only two remain positive after SOC correction, but two with negative
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uncorrected dF'C have positive dF'C after correction. Regardless, the losses to FE are again easily

recouped by the contributions of the other cycle AE.
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Figure D.2: Simulation outputs for the Denver Downtown cycle
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Table D.2: Characteristics of AEs in the Denver Downtown cycle

Denver Downtown
Initial Final . . . . dFC dFC
Speed | Speed D”;‘:'o" ctti:f;lor:y gzgt'::: Dés:;::’;d dFC (mL) | dSOC (%) | corrected | normalized
(kph) | (kph) (mL)  |(mL/100km)
1 o0 235 76 217 Delay | Delay | 037 20,08 011 4323
2| 158 487 136 32 | Advance | Delay | 0.33 0.00 034 | 2488
3 42 60.9 272 44 Delay | Advance | 3.08 0.91 20.02 -0.62
4 00 47.9 15.2 166 Delay | Delay | -1.70 -0.29 069 | -5599
5| 00 457 18.4 166 Delay | Delay 0.86 0.39 046 | -3458
6| 450 58.8 1.2 57 | Advance | Advance | -3.26 -0.90 019 | -1200
71 01 254 9.2 178 Delay | Delay | -0.19 -0.06 0.02 7.84
8| 08 16.7 6.4 230 Delay | Delay | 026 0.02 034 | 25523
o 00 246 15.6 217 Delay | Delay | -1.86 20,02 .78 | -277.10
1006 14.0 124 321 Delay | Delay | -087 0.01 089 | -451.84
1100 18.9 14.4 230 Delay | Delay | 085 20.02 079 | -204.60
12| 05 13.5 5.2 321 Delay | Delay | 018 20.07 0.08 91.02
13 00 26.2 11.6 178 Delay | Delay 0.00 0.00 -0.01 -3.19
ags L1409 19.9 7.2 230 Delay | Delay | -0.17 -0.03 006 | -31.36
15| 148 29.0 7.2 9% Delay | Delay | 012 20.01 007 | _-16.75
16| 0.0 20.3 10.8 217 Delay | Delay 0.26 0.30 076 | 24159
17 87 22 124 129 Delay | Delay | -2.31 -0.16 .77 | -349.79
18] 269 40.8 13.2 65 | Advance | Advance | 056 0.41 082 | 6578
79| 200 54.5 20.4 26| Advance | Advance | 234 20.59 034 | 1583
200 0.0 39.1 124 119 Delay | Delay 0.21 0.03 0.12 14,57
21 13 405 18.4 92 Delay | Delay 0.48 0.28 047 | -38.70
22|09 423 224 155 Delay | Delay 0.34 0.28 062 | -3658
23] 0.0 51.9 23.2 210 Delay | Delay | -1.90 -0.32 083 | -46.54
24| 00 55.3 16.4 231 Delay | Delay 0.16 0.19 048 | -33.46
25| 0.0 51.9 18.8 210 Delay | Delay | -152 -0.27 059 | -37.05
26| 24 43.9 15.6 92 Delay | Delay | -0.49 -0.04 035 | -28.98
2710 54.0 244 210 Delay | Delay 0.08 -0.02 0.16 6.57
28 562 69.5 13.2 33 | Advance | Advance | 0.62 20.03 0.51 2258

D.2 City Driving Cycle 3: Fort Collins Downtown

The Fort Collins Downtown cycle is another real world city cycle, with many similar charac-

teristics to the Denver Downtown cycle but a shorter duration, which leads to lower Optimal Cycle

FE improvement potential. A variety of characteristics of the Fort Collins Downtown cycle are

listed in Table D.3, and the simulated FE results are given in Figure D.3.

Table D.3: Characteristics of the Fort Collins Downtown cycle

Drive Cvecle Duration | Distance A;ELZ%E SM:: d SAE Time | Baseline | Approximate | Optimal AE |Optimal Cycle
y (sec) | (km) p P %AE | FE (mpg) | AE FE (mpg) | FE (mpg) | FE (mpg)
(kph) (kph)
Fort Collins 5 63.53 64.19 66.54
o—— 1074 121 405 776 19 2 7% 62.19 >16% 300% 5.09%

105



Baseline

Disturbed AE

Optimal AE

Optimal Cycle

1 1 1 1 1 1 1 1

30 35 40 45 50 55 60 65 70
Fuel Economy (mpg)

(a) Fort Collins Downtown cycle FE results

Disturbed AE
Optimal AE

Optimal Cycle

1 1 1 1 1 1

0 1 2 3 4 5 6 7
Fuel Economy Improvement Over Baseline (%)

(b) Fort Collins Downtown cycle FE improvement results

Figure D.3: FE results for Fort Collins Downtown cycle

Disturbed control achieves 67% of the FE improvement achieved by Optimal AE control and
31% of the FE improvement achieved by Optimal Cycle control. Though it lacks the low-speed
driving section in the middle of the Denver Downtown cycle, the Optimal AE FE is approached

just as closely.
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Figure D.4: Simulation outputs for the Fort Collins Downtown cycle
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Table D.4: Characteristics of AEs in the Fort Collins Downtown cycle

Fort Collins Downtown

Initial | Final . . . i dFC dFc
Speed | Speed D“g"’“ cifﬁ;’;y ggtr:tr:'z: Dg;‘;:':;d dFC (mL) | dSOC (%) | corrected | normalized
(kph) (kph) (mL) | (mL/100km)

1 00 19.2 96 230 Delay | Delay | -049 -0.02 -0.41 -154.82
2183 525 116 26 | Advance | Advance | 146 0.10 112 97.07
313 67.2 26.4 31__| Advance | Advance | 027 0.07 052 14,92
4150 52.9 13.2 26 | Advance | Delay | -0.78 -0.06 -0.59 4217
5 252 527 16.4 50 | Advance | Advance | 0.07 0.13 0.36 119.08
o 1.1 722 252 3 Delay | Delay 237 0.92 0.74 22.77
705 56.2 12.4 231__| Advance | Delay | -3.65 0.79 0.95 78.65
8__ 236 59.3 12.4 47 | Advance | Advance | 152 0.13 21.09 74,93
9 238 59.7 13.2 47 Delay | Advance | -1.11 -0.05 0.94 -60.16

AE# [ 1005 67.0 252 160 Delay | Delay | 002 0.02 10.09 3.21

1 1.1 44.1 11.6 92 Delay | Delay | -0.01 0.03 0.09 13.01
12 192 625 10.4 15 | Advance | Advance | -1.05 0.07 -0.80 63.21
13617 75.0 132 18| Advance | Advance | 0.39 0.32 0.71 29.56
14 0.7 277 8.4 178 Delay | Delay | -0.87 0.28 0.09 31.23
15279 43.9 14.0 65 Delay | Advance | -0.49 0.00 047 -33.86
18] 1.2 24.1 7.2 20 Delay | Delay | -0.16 -0.03 -0.05 -21.84
17219 374 9.2 &6 Delay | Delay 0.33 0.12 0.06 -8.56
18 1.1 14.4 52 50 Delay | Delay | 061 0.10 027 | 21865
19| 52 245 6.0 129 Delay | Delay 0.12 0.00 0.11 44,06

D.3 Highway Driving Cycle 2: Denver Highway

The Denver Highway cycle is a real-world cycle characterized by high-speed highway driving

in the first third, high-traffic highway driving in the middle third, and urban driving in the final

third. Since much of the cycle is not high-speed cruising, the room for FE improvement is greater

than for the other highway cycles. A variety of characteristics of the Denver Highway cycle are

listed in Table D.5, and the simulated FE results are given in Figure D.5.

Table D.5: Characteristics of the Denver Highway cycle

Drive Cvcle Duration | Distance A;e:g:: SM::d #AE Time | Baseline | Approximate | Optimal AE |Optimal Cycle
Y| seq | (km) | TP 4 %AE | FE (mpg) | AE FE (mpg) | FE(mpg) | FE (mpg)
(kph) | (kph)
Denver i 7268 7290 7717
ighwa 1256.8 16.0 458 905 18 19.8% 7122 5 05% > 379% 336%
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Figure D.5: FE results for Denver Highway cycle

Disturbed control achieves 87% of the FE improvement achieved by Optimal AE control and

25% of the FE improvement achieved by Optimal Cycle control. In all but the second AE, which

is the only AE during which FE is lost, disturbed engine power matches the optimal engine power

traces closely.
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Table D.6: Characteristics of AEs in the Denver Highway cycle

Denver Highway
initial | Final : _ _ : daFC dFC
Speed | Speed |Duration | #AEin | Optimal |Disturbed) oo ) | 4eoc (%) | corrected | nommalized
(kph) (kph) (s) Category | Control | Control (mL) (mL/100km)
1 16 66.5 184 31| Advance | Advance | 148 | -002 | -141 65.13
2 385 73.1 136 12| Advance | Advance | 0.31 0.00 0.31 14.90
3 605 787 164 18| Advance | Advance | _-043 | -001 039 | 1258
a 287 475 10.4 53| Advance | Advance | 0.3 0.35 045 | 4137
5 161 336 10.8 82 Delay | Dely | 183 | -035 | -064 | 9102
8 194 3.3 10.4 51 Delay | Advance | 0.11 0.11 027 | 3408
71239 411 8.4 57 Delay | Advance | -0.30 0.04 043 | 6007
8 163 36.0 10.4 51 Delay | Delay | -0.23 0.10 058 | 8499
Aes 91 239 96 % Delay | Dely | 102 | 023 | -022 | 7239
0216 458 152 &8 Delay | Delay | 139 0.65 083 | 56820
1] 287 25.9 1.2 53 Delay | Advance | -0.61 003 | 050 | -4549
12 425 736 212 18 | Advance | Advance | 370 | -069 | -134 | -3818
13 271 728 24.4 15| Advance | Advance | -0.48 0.07 070 | _-18.50
14 46 63.1 21.6 44 Delay | Advance | 021 0.25 083 | 2835
1500 372 14.4 119 Delay | Delay | -059 | -009 | -030 | -36.26
18] 249 8.8 92 86 Delay | Delay | 065 | -0.17 | -0.07 9.6
17 232 446 3.2 57 Delay | Advance | -0.19 0.01 022 | 1760
18] 296 4.9 17,6 &5 Delay | Advance | 120 | -0.01 118 | 6436

D.4 Highway Driving Cycle 3: Fort Collins Highway

The Fort Collins Highway cycle is a real-world cycle characterized by high-speed urban driving

in the first half and high-speed highway driving in the second half. Since most of the cycle involves

cruising, the room for FE improvement during AE is smaller than for the other highway cycles.

A variety of characteristics of the Fort Collins Highway cycle are listed in Table D.7, and the

simulated FE results are given in Figure D.7.

Table D.7: Characteristics of the Fort Collins Highway cycle

Ot B Duration | Distance A\Sre:g; SM::d #AE Time | Baseline | Approximate | Optimal AE |Optimal Cycle
y (sec) | (km) P P %AE | FE (mpg) | AE FE (mpg) | FE(mpg) | FE (mpa)
(kph) | (kph)
Fort Collins o 50.65 50.90 53.84
Fighwiay 13108 259 71.0 136.2 11 12.9% 50.52 0.06% 0.75% 5.58%
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Figure D.7: FE results for Fort Collins Highway cycle

Disturbed control achieves 35% of the FE improvement achieved by Optimal AE control and
4% of the FE improvement achieved by Optimal Cycle control, which is the worst performance
relative to the Optimal control strategies for any cycle other than US06. Since Optimal Cycle
control can operate during cruising, its FE improvement is high. To achieve significant FE benefits

in this type of drive cycle, expanding the control window beyond AE may be necessary.
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Figure D.8: Simulation outputs for the Fort Collins Highway cycle
Table D.8: Characteristics of AEs in the Fort Collins Highway cycle
Fort Collins Highway
Initial Final . . ; : drFc dFC
Speed | Speed |Duration | #AEin | Optimal \Disturbed| oo iy | gsoc (%) | corrected| normalized
(kph) (kph) (s) Category | Control | Control (mL) (mL/100km)
1 00 26.7 104 178 Delay Delay -0.17 -0.03 0,07 -20.33
2l 09 525 124 210 Advance | Advance 0.21 0.01 0.19 18.43
3 39 323 8.4 62 Delay Delay 0.55 0.13 0.11 24.22
4 09 54.1 224 210 Delay Delay -0.73 -0.21 002 Eiios
5| 230 58.4 14.4 47 Delay | Advance | -1.01 -0.05 -0.84 -49.83
AE# | 6| 194 £9.9 15.6 9 Advance | Advance | -1.17 -0.04 -1.03 -49.11
71 &4 49.1 124 54 Delay Delay -0.43 0.04 -0.58 -53.13
g 06 51.7 16.4 210 Delay Delay -0.17 0.10 049 -30.98
gl 270 471 96 53 Advance | Advance 0.44 0.24 -0.38 -38.39
10 1.1 106.4 356 10 Advance | Advance | -1.45 -0.58 0.53 9.23
11 56 52.9 13.2 4 Advance | Advance 0.75 0.37 -0.50 -42.50
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