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ABSTRACT

Trucks are responsible for the major part of inland freight and so, they are a backbone
of the modern economy but they are also a large consumer of energy. In this context, a
dominating vehicle is a truck with heavy load on a long trip. The aim with look-ahead
control is to reduce the energy consumption of heavy vehicles by utilizing information
about future conditions focusing on the road topography ahead of the vehicle.

The possible gains with look-ahead control are evaluated by performing experiments
with a truck on highway. A real-time control system based on receding horizon control
(RHC) is set up where the optimization problem is solved repeatedly on-line for a certain
horizon ahead of the vehicle. The experimental results show that significant reductions of
the fuel consumption are achieved, and that the controller structure, where the algorithm
calculates set points fed to lower level controllers, has satisfactory robustness to perform
well on-board in a real environment. Moreover, the controller behavior has the preferred
property of being intuitive, and the behavior is perceived as comfortable and natural by
participating drivers and passengers.

A well-behaved and eflicient algorithm is developed, based on dynamic programing,
for the mixed-integer nonlinear minimum-fuel problem. A modeling framework is
formulated where special attention is given to properly include gear shifting with physical
models. Fuel equivalents are used to reformulate the problem into a tractable form
and to construct a residual cost enabling the use of a shorter horizon ahead of the
vehicle. Analysis of errors due to discretization of the continuous dynamics and due
to interpolation shows that an energy formulation is beneficial for reducing both error
sources. The result is an algorithm giving accurate solutions with low computational effort
for use in an on-board controller for a fuel-optimal velocity profile and gear selection.

The prevailing approach for the look-ahead problem is RHC where main topics are the
approximation of the residual cost and the choice of the horizon length. These two topics
are given a thorough investigation independent of the method of solving the optimal
control problem in each time step. The basis for the fuel equivalents and the residual
cost is formed from physical intuition as well as mathematical interpretations in terms
of the Lagrange multipliers used in optimization theory. Measures for suboptimality
are introduced that enables choosing horizon length with the appropriate compromise
between fuel consumption and trip time.

Control of a hybrid electric powertrain is put in the framework together with control
of velocity and gear. For an efficient solution of the minimum-fuel problem in this case,
more fuel equivalence factors and an energy formulation are employed. An application
is demonstrated in a design study where it is shown how the optimal trade-off between
size and capacity of the electrical system depends on road characteristics, and also that a
modestly sized electrical system achieves most of the gain.

The contributions develop algorithms, create associated design tools, and carry out
experiments. Altogether, a feasible framework is achieved that pave the way for on-board
fuel-optimal look-ahead control.






POPULARVETENSKAPLIG SAMMANFATTNING

Lastbilen star for majoriteten av landtransporterna av gods och 4r ddrmed en grundpela-
re i den moderna ekonomin men 4ven en stor konsument av energi. Ett dominerande
fordon i sammanhanget 4r en tung lastbil som anvinds f6r linga transporter. Syftet med
framforhallningsreglering (engelska: look-ahead control) ér att minska denna energi-
férbrukning genom att anvdnda information om framtida férhallanden, med fokus pé
vagtopografin framfor fordonet, for energiminimal reglering.

Vigens topografi ar snart tillginglig ombord pé fordon tack vare billiga enheter for
satellitnavigeringssystemet GPS kombinerat med tredimensionella kartor som ar under
utveckling idag. Malet &r att utnyttja att den hér informationen ar tillganglig f6r att minska
bréinsleforbrukningen i tunga lastbilar. Dessa fordon 4r redan idag forhallandevis effektiva
eftersom forbranningsmotorn ofta kors i fordelaktiga arbetspunkter pa grund av stor last
i forhallande till motoreffekten. Samtidigt forbrukar de mycket brinsle totalt sett och
darfor har dven smé framsteg stor effekt; enligt industrin &r en méjlig forbattring om o.5%
i bransleekonomi vard att utforska. I en serie experiment med framforhallningsreglering
pa en svensk motorvég visas att forbattringspotentialen r 3.5%, utan 6kad kortid, jamfort
med traditionell reglering.

Principen for framférhéllningsreglering beskrivs i figuren nedan med hjélp av bilder
fran den video om projektet som finns pa YouTube."

(a) Koordinater f6r den aktuella positionen tas (b) Med hjilp av positionen och en databas med
emot med en GPS-enhet ombord pé fordonet. végtopografin fas information om végens lutning.

(c) Algoritmen berdknar den mest brinsleeffekti- (d) Losningen kommuniceras till fordonet dar
va regleringen utifran tillgénglig information. den verkstlls och forfarandet borjar om.

"Videon hittas genom att soka pa frasen look-ahead control pa http: //www.youtube . com/ eller genom
foljande lank: http://www.youtube.com/watch?v=waCxqRys6v8
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viii Populirvetenskaplig sammanfattning

De besparingar som 4r majliga att uppna med framforhallningsreglering utvirderas
genom att utféra experiment med en lastbil pa motorvig. Ett realtidssystem for reglering,
baserat pa prediktionsreglering, tas fram dir optimeringsproblemet 16ses ombord i
ett iterativt schema som, i varje iteration, betraktar en viss horisont framfér fordonet.
Resultaten fran experimenten visar att en betydande minskning i bransleforbrukning ar
mojlig och att reglerstrukturen, dér algoritmen berdknar borvirden for regulatorer péa
lagre niva i en regulatorhierarki, har den robusthet som krévs for att fungera val ombord
under verkliga forhallanden. Beteendet hos regleringen har den 6nskvirda egenskapen
att vara intuitivt, och det uppfattas ocksd som naturligt och bekvamt f6r de férare och
passagerare som deltar i test och demonstrationer.

En vil fungerande och effektiv algoritm har utvecklats, baserad pa dynamisk pro-
grammering, for bransleminimeringsproblemet som ar ett olinjart optimeringsproblem
med bade kontinuerliga och diskreta inslag. En modellstruktur formuleras dar speciell
vikt ldggs vid att, pé ett adekvat sitt, inkludera fysikaliska modeller f6r vixlingar. Brans-
leekvivalenter anvdnds for att formulera problemet pa en latthanterlig form och for att
skapa en restkostnad som gor det mojligt att anvinda en kortare horisont framfor fordo-
net. En analys av de numeriska fel som uppstar pa grund av att kontinuerlig dynamik
gors diskret och pa grund av interpolation visar att bada felkéllorna minskar genom att
anvédnda en energiformulering. Resultatet dr en algoritm som ger noggranna losningar
med lag berdkningsinsats f6r ombordanvindning i en regulator for bransleminimal
hastighetsprofil och vaxelval.

Prediktionsreglering dr den etablerade 6vergripande metoden for framforhallnings-
problemet. Vasentliga fragestallningar géller darfor approximationen av restkostnaden
och valet av horisontlingden. Dessa tva fragor d4gnas en ingaende analys som ar oberoen-
de av hur optimeringsproblemet l6ses i varje iteration. Fundamenten for bransleekvi-
valenterna och restkostnaden byggs pa fysikalisk intuition savil som pd matematiska
tolkningar i termer av de Lagrange-multiplikatorer som anvands i optimeringsteori. Matt
for suboptimalitet introduceras som ger verktyg for att vilja horisontlingden med en
andamalsenlig kompromiss mellan bransleférbrukning och kortid.

Reglering av en hybrid drivlina, dar ett elektriskt system ocksé kan driva fordonet,
kombineras med reglering av hastighet och véxel. For att effektivt 16sa bransleminime-
ringsproblemet for det hir fallet anvénds fler brinsleekvivalenter och en energiformu-
lering. En anvandning demonstreras i en designstudie dar det visas hur den optimala
kompromissen mellan storlek och kapacitet for det elektriska systemet beror av vigens
karaktaristik dér det visar sig att ett relativt litet system uppnar storre delen av vinsten.

Bidragen utvecklar algoritmer, skapar relaterade designverktyg och utfor experiment.
Sammantaget astadkommes ett realiserbart ramverk som banar vag f6r energiminimal
framforhéllningsreglering ombord pa fordon.
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Chapter 1

Introduction

Efficient transportation is a matter of vital importance in the modern economy and the
backbone is road vehicles that, e.g., in Europe and in the United States account for more
than 70% of inland freight transport (Noreland, 2008; Bradley, 2000). It is therefore
attractive to reduce the energy consumption of vehicles, both from an environmental and
an economical point of view. To reduce the energy consumption, the losses in the chain
of steps from a basic energy source to a completed drive mission should be targeted. This
chain starts at a basic energy source, from which a fuel is extracted that can be converted,
on-board the vehicle, into mechanical energy.

One approach to reduce the losses of the on-board energy conversion is look-ahead
control where knowledge about future conditions is utilized to increase fuel efficiency. A
source of such information is the combination of road topography maps with the global
positioning system (GPS). This has become economically viable with the decreasing cost
of GPS devices, and road databases including elevation are now emerging from map
providers. The road topography naturally has a large influence on the motion of vehicles
with low engine power compared to the vehicle mass. The topic of this dissertation
is how the knowledge of the road topography ahead of such a vehicle can be utilized
for reducing the fuel consumption. This is achieved by longitudinal control that, for
example for a conventional powertrain means controlling velocity and gear in the most
fuel-efficient way with respect to the upcoming topography.

A common heavy vehicle is a class 8 truck, weighing more than 15 tonnes. For such
a truck, about ¥ of the life cycle cost comes from the cost of fuel, see Figure 1.1. These
trucks typically travel on open road and have a high annual mileage making them a large
consumer of fuel. For example, an average European class 8 truck travels 150,000 km
with a fuel consumption of 32.5/icokm (Schittler, 2003). In the U.S. the average fuel
consumption is 37.9 liookm (Vyas et al., 2003) and class 8 trucks consume about 68% of
all commercial truck fuel used where 70% of this amount is spent operating on open
road with a trip length of more than 161km (Bradley, 2000). For this type of vehicles, a
technology improving fuel efficiency will thus have good benefit.
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Salaries 30.9% Fuel 29.3%

Life cycle cost

Taxes
& insurances 9.0%
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>~ Interest
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Tires 7.2% & depreciation 14.8%
. 0

Figure 1.1: Life cycle cost of a class 8 truck in Europe (Schittler, 2003).

The main challenges faced when trying to reduce the fuel consumption of heavy
trucks by control are coupled to the current fuel efficiency of these vehicles and the
real-time requirements of an algorithm. Due to the large mass compared to the engine
power, heavy trucks on open road typically run at engine operating points with high
load and high efficiency. This is also indicated by the fact that, according to the industry,
any technology for long-haulage having the promise of saving 0.5% of fuel is considered
worthwhile to explore. Further, for a minimum-fuel control to be feasible on-board, an
efficient solution of a complex optimization problem is required. These challenges are
taken up in this dissertation and the contributions develop computationally efficient
algorithms and show that significant fuel savings are possible.

1.1 OUTLINE AND CONTRIBUTIONS

The continuous link in the contributions is the successive development of the framework
for look-ahead control in Paper A through C and the transfer of the methodology for
also studying hybrid electric vehicles in Paper D.

Paper A describes an implementation and evaluation of look-ahead control in a
demonstrator vehicle. A real-time control system is implemented based on receding
horizon control (RHC) where the optimization problem is solved repeatedly on-line for
a given horizon. The controller structure, where the algorithm calculates set points fed
to lower level controllers, is proven to perform well on-board in a real environment. An
experimental evaluation, on Swedish highway in normal traffic, shows a significant fuel
consumption reduction of 3.5%, without increased trip time, compared to traditional
cruise control. The controller behavior is characterized and found to be intuitive, and is
appreciated by drivers and passengers.
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The development is continued in Paper B where an efficient algorithm, based on
dynamic programming (DP), is designed for the on-line optimization problem. A model
structure is defined that allows general velocity dynamics and proper physical modeling
of gear shifts through a set of functions describing the shift process. Fuel equivalence
factors for time and kinetic energy are introduced, and these are used to reformulate the
problem into a tractable form and to construct a residual cost to be used at the end of
the horizon. Furthermore, analysis of the errors due to discretization of the continuous
dynamics and due to interpolation shows that an energy formulation is beneficial for
reducing both error sources. The result is a computationally efficient algorithm giving
accurate solutions for use in an on-board controller for a fuel-optimal velocity profile
and gear selection.

The main topics in RHC, the prevailing approach for the look-ahead problem, are
choosing a residual cost and selecting a proper horizon length, and these are addressed
in Paper C. The basis for the fuel equivalents and the residual cost is substantiated
by adding mathematical interpretations in terms of the Lagrange multipliers used in
optimization theory. Measures for suboptimality, independent of the optimization
method, are introduced that enables choosing horizon lengths with the appropriate
compromise between fuel consumption and trip time. A subsequent evaluation shows
how the road characteristics and the vehicle mass influence the choice of horizon length.

In Paper D, control of a hybrid electric powertrain is put together with control of
velocity and gear which gives a framework for the simultaneous management of kinetic
and electric energy. An efficient solution is obtained by employing more fuel equivalence
factors and an energy formulation. The formulation is applied to a design study where it
is shown how the optimal trade-off between size and capacity of the electrical system
depends on road characteristics.

The contributions altogether achieve a feasible framework for look-ahead control by
developing algorithms, creating associated design tools, and carrying out experiments. A
theme is the exploration of physically intuitive approaches. These have lend themselves
to mathematical analysis where important ideas have been an energy formulation and
the use of fuel equivalents.

1.2 PUBLICATIONS

In the research work leading to this dissertation, the author has published the following
conference and journal papers.

* E. Hellstrom, J. Aslund, and L. Nielsen. Horizon length and fuel equivalents
for fuel-optimal look-ahead control. In 6th IFAC Symposium on Advances in
Automotive Control, Munich, Germany, 2010.

* E.Hellstrom, J. Aslund, and L. Nielsen. Management of kinetic and electric energy
in heavy trucks. In SAE World Congress, number 2010-01-1314 in SAE Technical
Paper Series, Detroit, MI, USA, 2010.

* E. Hellstrom, J. Aslund, and L. Nielsen. Design of an efficient algorithm for
fuel-optimal look-ahead control. Control Engineering Practice, in press, 2010.
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* E. Hellstrém, M. Ivarsson, J. Aslund, and L. Nielsen. Look-ahead control for heavy
trucks to minimize trip time and fuel consumption. Control Engineering Practice,

17(2):245-254, 2009.

* E. Hellstrém, J. Aslund, and L. Nielsen. Design of a well-behaved algorithm for
on-board look-ahead control. In IFAC World Congress, Seoul, Korea, 2008.

» E. Hellstrom, M. Ivarsson, J. Aslund, and L. Nielsen. Look-ahead control for heavy
trucks to minimize trip time and fuel consumption. In 5th IFAC Symposium on
Advances in Automotive Control, Monterey, CA, USA, 2007.

* A. Froberg, E. Hellstrom, and L. Nielsen. Explicit fuel optimal speed profiles for
heavy trucks on a set of topographic road profiles. In SAE World Congress, number
2006-01-1071 in SAE Technical Paper Series, Detroit, MI, USA, 2006.

» E.Hellstrom, A. Froberg, and L. Nielsen. A real-time fuel-optimal cruise controller
for heavy trucks using road topography information. In SAE World Congress,
number 2006-01-0008 in SAE Technical Paper Series, Detroit, MI, USA, 2006.



Chapter 2

Prelude

As a prelude to the publications, some additional background is given in this chapter
with the purpose of putting the contributions of the papers into perspective. The main
challenges for look-ahead control, the high fuel efficiency of heavy trucks and the re-
quirements for real-time control, were briefly presented in Chapter 1 together with the
contributions. This chapter elaborates on these topics, and first an examination of the
energy use in a heavy diesel truck is made in Section 2.1 to indicate the potential increase
in fuel efficiency. In Section 2.2, the possibility for on-board control is examined and
examples are used for showing how fuel-optimal control differs from traditional con-
trol. Finally, in Section 2.3, the literature in the field is surveyed more comprehensively
than there was room for in the included papers, and the contributions are put into this
perspective.

2.1 ENERGY AUDIT

In a heavy diesel truck, the chemical energy w, stored in the fuel is converted, with
an efficiency #, into mechanical energy through the combustion process in the engine.
Some of the mechanical energy is consumed by auxiliary loads, such as the alternator
and cooling fan, and by losses in the driveline, such as friction in the transmission and
wheel bearings. After these losses w), the remaining energy w,, is transmitted to the
wheels. For an interval of distance As, this energy balance is thus

Aw, = nAw, — Aw; (2.1)

The propulsive energy w) is partly consumed by the work d from the drag forces due
to air drag and rolling resistance. Energy is also stored in the vehicle in form of kinetic
energy e when accelerating and potential energy p when climbing grades. When braking,
energy b is dissipated from the system. The energy balance becomes

Aw, = Ae+ Ap+Ad + Ab (2.2)



6 Chapter 2. Prelude

Engine losses 60%

Energy use

Driveline losses 2%

Augxillary loads 4%

Rolling resistance 13%

Aerodynamic drag 21%

Figure 2.1: Energy use for a class 8 truck on level road (Bradley, 2000).

for a distance As.

When cruising at constant speed on level road, Ae = Ap = Ab = 0. The energy
balance obtained by combining (2.1)-(2.2) for these conditions, considering a typical cur-
rent class 8 vehicle traveling at 105 km/h (65 mph) with a gross weight of 36.3 t (80,000 Ib),
is shown in Figure 2.1. These numbers correspond to 7 = 40% that is a representative
overall efficiency; the peak efficiency may reach 46% but engine losses remain the largest
individual share among these categories (Bradley, 2000).

For a heavy truck operating on a real road, constant speed is typically not possible. In
downhills, the truck may accelerate without engine propulsion due to the large mass and
it can be necessary to use the brakes for safety or legal reasons. Clearly, when using the
brakes, Ab becomes positive and energy is lost to the ambient. To investigate the brake
usage, the integral of the energy balance (2.2) over three different routes is calculated, see
Figure 2.2. The results are obtained with a model for a truck with a 360 hp powertrain
controlled by a cruise controller, and a gross weight of 40 t. The initial and terminal
velocity are the same and the routes are traveled back and forth, hence the integral of
Ae + Ap is zero. The set speed is 80 km/h and the extra speed allowed in downhills, before
braking limits the speed, is varied along the horizontal axis in the figure. It is seen that
considerable amounts of energy are wasted by braking, there is a intuitively negative
correlation with the extra speed allowed in downhills, and the values are dependent on
the road characteristics.

2.1.1 POTENTIAL BENEFITS

Knowledge of the upcoming road topography gives a better prediction of the future load
and this can be utilized by look-ahead control to improve the fuel economy. Among the
categories in the analysis of energy use in Figures 2.1 and 2.2; brake energy, auxiliary
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Figure 2.2: Energy use for a 40t truck is shown to the right, with different values for the
extra speed allowed in downhills, on the three routes shown to the left.

loads, and engine losses are the primary possible targets for look-ahead control. These
are shortly discussed below. The other categories can be targeted by, e.g., improved
lubricants and innovative design of the vehicle and the tires.

The energy wasted in braking can be reduced by slowing down prior to steep down-
hills, by using a hybrid powertrain for recovering some of the energy, and by utilizing
some of the energy for driving auxiliary units. Electrically driven auxiliary units can also
use the conventional battery as an energy buffer for fuel-optimal planning of the load.
Moreover, there is a possibility to reduce engine losses since the peak engine efficiency is
higher than the overall efficiency on a typical cycle. This can be achieved by controlling
the engine to more efficient operating points taking nonlinear engine characteristics
and gear shifting into account. A hybrid powertrain gives further possibilities to reduce
engine losses by optimizing the energy distribution, between the combustion engine and
electrical motor in a hybrid electric vehicle, and by downsizing the engine.

The gains that are possible to obtain in reality by controlling the engine, the brakes,
and the transmission are investigated and quantified in Paper A through experiments.
The benefits of a hybridization are evaluated in Paper D in a design study performed by
computer simulations.

2.2 REALIZATION OF LOOK-AHEAD CONTROL

A controller working on-board in a real environment requires a complexity that is
manageable in real-time and robustness towards disturbances and uncertainties.

The algorithm in Paper A requires tenths of a second on a laptop computer to compute
the optimal feedback solution for about 1 min ahead which enabled the realization in
a demonstrator vehicle and the experimental evaluation. The development in Paper B
increases the numerical soundness of the algorithm and reduces the computation time
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with about a factor of 10. Moreover, the results in Paper C are guiding for choosing
a well-founded residual cost and choosing a horizon length with a desired trade-off
between suboptimality and complexity. The result is an algorithm feasible to run on an
embedded system, this has been verified by an implementation on an embedded system
based on a 200 MHz ARM processor with 32 Mb RAM.

The experimental results in Paper A show that the controller structure has satisfactory
robustness towards disturbances for performing well in a real environment. Regarding
uncertainties, the vehicle mass is an important parameter typically estimated on-line.
Simulations have shown that typical estimation errors of about 10% have only minor
effects on the performance of the look-ahead algorithm (Krahwinkel, 2010). In conclu-
sion, the contributions in Paper A through C pave the way for on-board fuel-optimal
look-ahead control.

2.2.1 CHARACTERISTICS OF FUEL-OPTIMAL SOLUTIONS

To get an impression of how look-ahead control differs from traditional control, examples
of fuel-optimal solutions, obtained by the algorithm in Paper B, are computed for a typical
truck weighing 40 t and equipped with a 360 hp diesel engine. The elevation data for the
road segment, shown in Figure 2.3, come from measurements on the trial route between
Norrkdping and Sédertilje used in the experiments in Paper A, see Figure 2.6. For a
characterization of the controller behavior in practical driving, see Paper A.

The result from the algorithm is the optimal feedback law for fueling, braking, and
gear choice as a function of current position, velocity, and gear. In traditional cruise
control, the velocity is controlled towards a given set point and the gear is selected based
on current engine speed and load. This strategy is only dependent on the current state
of the vehicle whereas the optimal control law also depends on the future topography
as can be seen in Figure 2.4 where the optimal fueling level and gear choice are shown.
The figure shows the optimal feedback law for the highest gear, and the color represents
the control value. The colors dark blue, cyan, yellow, and dark red represent gears 9
through 12. The fueling level ranges through these colors where dark blue is zero throttle
and dark red is full throttle. The engine model used is an approximation that is affine in
fueling, and the solution in Figure 2.4 for the fueling has the expected bang-singular-bang
characteristics where large regions are at the constraint of either zero throttle or full
throttle (see, e.g., Froberg et al. (2006) or Paper C). For the nonlinear engine model
using measured data, with the solution in Figure 2.5, there are still large regions at the
constraints but the boundary area between them is widened and smoothed. The gear
choice is rather similar in the figures, e.g., it is noted that in the uphill after 6 km the
solution is, depending on the velocity, either to downshift from gear 12 to 11 or to keep
gear 12 and then, if the velocity decreases, to downshift two steps to gear 10.
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Figure 2.6: The route between Norrkoping and Sodertélje is marked in blue and the road
segment in Figure 2.3 is marked in red. Map data used with permission (MEDGIV-2010-
25084) from Sverigekartan © Lantmiteriverket, Gavle 2010.

2.3 LITERATURE OVERVIEW

An overview of related work is made that is more comprehensive than there was room
for in the included papers, and the contributions in this dissertation are put into that
perspective.

In the early work by Schwarzkopf and Leipnik (1977), a minimum-fuel problem for a
nonlinear vehicle model is formulated and explicit solutions for constant road slopes
are obtained by aid of the maximum principle. References to other early works are
given by Stoicescu (1995) who also studied analytical solutions. More recent studies are
reported in Chang and Morlok (2005); Froberg et al. (2006); Froberg and Nielsen (2007);
Ivarsson et al. (2009) where the latter two works focus on the connection between the
engine nonlinearities and the characteristics of the solution. Fuel-optimal strategies for
approaching a leading vehicle are derived analytically by Sciaretta and Guzzella (2005).
The related problem of traveling in a slowly moving car queue is treated in Jonsson and
Jansson (2004) where numerical results from a DP algorithm are reported.

The analytical studies treat simplistic road profiles while different numerical algo-
rithms have been proposed to solve the problem for a general road profile. Results from
a forward DP approach are reported in Hooker et al. (1983); Hooker (1988). Such a
technique is also used by Monastyrsky and Golownykh (1993) but the problem is formu-
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lated as dependent on distance instead of time and trip time is added to the objective
function besides the fuel use. Later developments, focused on heavy trucks, are reported
in Lattemann et al. (2004); Neiss et al. (2004); Terwen et al. (2004) who consider cruise
control, by adding a quadratic penalty on deviations from a cruise speed, rather than
pure fuel-optimal control. This approach was also taken by Hellstrom et al. (2006) but
in later works by the same authors, e.g., Paper A and B, the method to include time
in the objective is adopted. This is basically also the procedure in Huang et al. (2008);
Passenberg et al. (2009).

2.3.1 HEAVY TRUCKS

The transmission in a heavy truck is typically of the automated manual type due to cost,
durability and efficiency in comparison with an automatic transmission (Pettersson and
Nielsen, 2000). This has been treated with several approaches, such as assuming that
the shift process is autonomous and instantaneous (Lattemann et al., 2004; Neiss et al.,
2004; Passenberg et al., 2009) or making a continuous relaxation of the discrete signal
(Huang et al., 2008). Analytical and numerical studies have shown that the optimal shift
strategy depends on the model (Froberg and Nielsen, 2008; Ivarsson et al., 2010). These
works have suggested that a instantaneous model is too simple and that it is important to
model the losses during a shift. Explicit physical models for the shift process are used by
Terwen et al. (2004) and in Paper A. In Paper B, an algorithmic framework is proposed
that allows a general physical model of the gear shift by specifying functions for the
velocity change and the required time, distance, and fuel, respectively, during the shift.

ON-BOARD CONTROL

When considering on-board control the prevailing approach for managing the complexity,
due to changing conditions during a drive mission, is RHC. This approach is taken in
Paper A and B as well as in other recent studies on the minimum-fuel problem, e.g.,
Terwen et al. (2004); Hellstrom et al. (2006); Huang et al. (2008); Passenberg et al. (2009).
RHC is a general method for approximating the optimal control law by solving on-line,
at each time step, a finite horizon optimal control problem (see, e.g., the survey paper
Mayne et al., 2000). Main topics in RHC are how to select the residual cost at the end
of the horizon and how to select a proper horizon length. A residual cost, based on
physical intuition, is proposed and justified in Paper B, and the theoretical support for
this residual cost is strengthened in Paper C. The choice of horizon length is treated
in Paper C where measures are introduced, independent of the particular optimization
method used in each time step in RHC, that quantifies the basic compromise between
suboptimality and computational complexity when choosing the horizon length.

DEMONSTRATED CONCEPTS

In Paper A, experimental results with look-ahead control, first published in Hellstrom
et al. (2007), with significant fuel consumption reductions are reported. Recently, a
system adapting the velocity to the road topography was introduced by Daimler Trucks
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North America in collaboration with Navteq (Daimler Trucks North America press
release, 2009). A related system, although without look-ahead, has been launched by
Volvo (Volvo press release, 2006). The system senses the current road slope and utilizes
that for controlling the truck powertrain, e.g., engaging neutral gear in certain conditions.

OTHER APPROACHES

The information about road topography has also been used, in other ways than control of
velocity and gear selection, with the aim of reducing the energy consumption. Strategies
for electrically driven auxiliary units are studied by Pettersson and Johansson (2004) and
the control of neutral gear is investigated in Froberg et al. (2005); Hellstrom et al. (2006).

2.3.2 HYBRID ELECTRIC VEHICLES

The control of hybrid electric vehicles for minimum energy consumption has received
a lot of attention since the nineties see, e.g., the overview by Sciarretta and Guzzella
(2007), the dissertation Back (2006), and the monograph by Guzzella and Sciarretta
(2007). The focus has been on vehicles where the largest gain of hybridization is expected,
such as passenger cars (Paganelli et al., 2000; Sciarretta et al., 2004) and light-duty
trucks (Lin et al., 2003, 2004). These vehicles have a driving pattern rather different than
long-haulage trucks and they are not as much affected by the road slope. Therefore, the
approaches have mainly focused on the management of the electrical energy and have
not considered the potential energy and management of kinetic energy. Long-haulage
trucks are treated in Paper D where hybridization, velocity control, and gear control are
put in a common framework with equivalence factors for each degree of freedom. By
utilizing the formulation for computational efficiency from Paper B, an optimization
algorithm is applied on the evaluation of the size of the electrical system.

2.3.3 RAIL VEHICLES

The problem of optimal control for energy minimization of rail vehicles seems to have
been studied earlier than for road vehicles with papers appearing in the late fifties see, e.g.,
the work by Kokotovic et al. (1972); Liu and Golovitcher (2003) and references therein.
These problems are closely related but road vehicles typically have a transmission making
the optimal control problem more complicated. The train problem is however still an
important problem of its own as indicated by recent publications see, e.g., Khmelnitsky
(2000); Franke et al. (2002); Howlett et al. (2009). The dynamic models for train used in
these publications fit well into the algorithmic framework in Paper B as the special case
without gear shifts.
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ABSTRACT

The scenario studied is a drive mission for a heavy diesel truck. With aid of an on-
board road slope database in combination with a GPS unit, information about
the road geometry ahead is extracted. This look-ahead information is used in
an optimization of the velocity trajectory with respect to a criterion formulation
that weighs trip time and fuel consumption. A dynamic programming algorithm
is devised and used in a predictive control scheme by constantly feeding the
conventional cruise controller with new set points. The algorithm is evaluated
with a real truck on a highway, and the experimental results show that the fuel
consumption is significantly reduced.
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1 INTRODUCTION

As much as about 30% of the life cycle cost of a heavy truck comes from the cost of
fuel. Further, the average mileage for a (European class 8) truck is 150,000 km per year
and the average fuel consumption is 32.5l/icokm (Schittler, 2003). Lowering the fuel
consumption with only a few percent will thus translate into significant cost reductions.
These facts make a system which can reduce the fuel consumption appealing to owners
and manufacturers of heavy trucks. The problem scenario in the present work is a drive
mission for a truck where the route is considered to be known. It is, however, not assumed
that the vehicle constantly operates on the same route. Instead, it is envisioned that there
is road information on-board and that the current heading is predicted or supplied by
the driver. In the current work, information about the road slope is exploited aiming at a
fuel consumption reduction.

One early work (Schwarzkopf and Leipnik, 1977) formulates an optimal control
problem for a nonlinear vehicle model with the aim at minimizing fuel consumption
and explicit solutions are obtained for constant road slopes. A dynamic programming
(DP) approach is taken from Monastyrsky and Golownykh (1993) to obtain solutions for
a number of driving scenarios on shorter road sections. Inspired of some of the results
indicated in these and other works it was shown in Chang and Morlok (2005); Froberg
et al. (2006) with varying vehicle model complexity that constant speed is optimal on a
constant road slope within certain bounds on the slope. The result relies on that there
is an affine relation between the fuel consumption and the produced work. Analytical
studies of the situation when this relation is nonlinear were conducted in Froberg and
Nielsen (2007). Predictive cruise control is investigated through computer simulations
in, e.g., Lattemann et al. (2004); Terwen et al. (2004), but constructing an optimizing
controller that works on-board in a real environment puts additional demands on the
system in terms of robustness and complexity.

In Hellstrom et al. (2006) a predictive cruise controller (CC) is developed where
discrete DP is used to numerically solve the optimal control problem. The current
paper is a continuation where an improved approach is realized and evaluated in actual
experiments. One objective is to evaluate the order of fuel reduction that can be obtained
in practical driving. The strategies to achieve fuel reductions may be intuitive, but only
in a qualitatively manner. Another objective is therefore to find the optimal solution and
thereby quantify the characteristics of the best possible strategy. The purpose is also to
analyze controller behavior in real trial runs and evaluate potential benefits.

To perform this study a chain of elements is needed. Section 2 presents a vehicle
model of standard type. Section 3 deals with the DP algorithm, and it is described how
the problem characteristics are utilized to reduce the complexity, to determine penalty
parameters, and efficiently compute the criterion by an inverse technique. In Section 4
the experimental setup is presented, and finally the quantitative evaluation concludes
the study.
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2 TRUCK MODEL

The modeling follows Kiencke and Nielsen (2005); Sandberg (2001), and the resulting
model is then reformulated and adapted for the numerical optimization that is performed.
The engine torque T, is modeled as

Te(we,tif) = acw, + beus +c, (1)

where w, is the engine speed and u is the control signal which determines the fueling
level.
The control u is assumed to be bounded by

0<uf<tfmax(we) (2)

where the upper limit u, 4, (. ) is modeled by a second-order polynomial in engine
speed w,,
uf,max(we) = afwi + bf(l)E +cy.

When a gear is engaged, the engine transmits a torque T, to the clutch and
Jewe =T, - T; (3)

where J, is the engine inertia and w, is the engine speed. The clutch, propeller shafts
and drive shafts are assumed stiff and their inertia are lumped into one together with the
wheel inertia, denoted by J;. The resulting conversion ratio of the transmission and final
drive is denoted by i and energy losses are modeled by an efficiency #. When a gear is
engaged, this gives

we = iwy, T, =inT,
]lww:Tw_Tb_erw (4)

where T, is the torque transmitted to the wheel, T} is the braking torque and r,, is the
wheel radius. F,, is the resulting friction force.

When neutral gear is engaged, the engine transmits zero torque to the driveline. The
driveline equations (3) and (4) then become

]ed)e = Tea Tc = Tw =0
]lww:_Tb_erw- (5)

The motion of the truck is governed by

d
m e = Fy — Fa(v) - Fo(a) - Fu(a) ©)
where « is the road slope. The models of the longitudinal forces are explained in Table 1.
It is assumed that the transmission is of the automated manual type and that gear
shifts are accomplished through engine control, see Pettersson and Nielsen (2000). A
shift is modeled by a constant period of time 7,7, where the neutral gear is engaged
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Table 1: Longitudinal forces.
Force  Explanation Expression
F,(v) Airdrag SewAapav’
F,(a) Rolling resistance ~ mgc, cos
Fy(a) Gravitational force mgsina

before the new gear is engaged. The number of the currently engaged gear is denoted by
g- The ratio i and efficiency # then becomes functions of the integer g. The control signal
that selects gear is denoted by u,. Neutral gear corresponds to gear zero, equivalent with
a ratio and efficiency of zero.
The vehicle velocity v is
V=TyWy ?7)

where w,, is the wheel speed of revolution and r,, is the effective wheel radius. Equa-
tions (3)-(7) are combined into

dv Tw

ar ) = o (@i (i) T

dt
= Ty(uy) = 1 (Fa(v) + Fo(0) + Fi(0)))  (8)

where . r
x=[v,g] u= [uf,ub,ug] (9)
denote the state and control vector, respectively. The states are the velocity v and currently
engaged gear g and the controls are fueling u ¢, braking u;, and gear selector u,.
The mass flow of fuel is determined by the fueling level u ¢ (§cycle) and the engine
speed w, (radfs). The flow in (&) is then
eyl
2, Welf (10)
where 7., is the number of cylinders and #, is the number of crankshaft revolutions
per cycle. Using (4) and (7) in (10) gives

eyl 1

m(x,u) = vy, §#0 (11)

r rW
whereas in the case of neutral gear, g = 0, the fuel flow is assumed constant and equal to
an idle fuel flow m1;4;,.

2.1 REFORMULATION

Models (8) and (11) are transformed to be dependent on position rather than time.
Denoting traveled distance by s and the trip time by ¢, then for a function f(s(t))

df _dfds_df,

At dsdt ds (12)
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is obtained using the chain rule where v > 0 is assumed. By using (12), the models can
be transformed as desired.

The approach in this work is numerical and therefore the model equations should be
made discrete. The quantization step in position is constant and equal to 4. The control
signals are considered piece-wise constant during a discretization step. Denote

x(kh), uy = u(kh)

1 (k+1)h
7 /kh a(s)ds (13)

where the road slope «ay is set to the mean value over the discretization step. The trape-
zoidal rule is used to make the truck model (8) discrete. If a gear shift occurs during a
step, a second-order Runge-Kutta method is used for a time step equal to the delay 7,
to modify the initial values and the step length. The system dynamics is finally

Xk

(473

X1 = f (% g, o) (14)

where f(xg, ux, ay) is given by (8).

The discretized problem is incorporated into the algorithm and thus affects the
algorithm complexity. The simplest Euler method do, however, not yield satisfactory
results due to truncation errors, see Hellstrom (2007). For this reason second-order
methods were chosen.

3 LOOK-AHEAD CONTROL

Look-ahead control is a predictive control scheme with additional knowledge about
some of the future disturbances, here focusing on the road topography ahead of the
vehicle. An optimization is thus performed with respect to a criterion that involves
predicted future behavior of the system, and this is accomplished through DP (Bellman
and Dreyfus, 1962).

The conditions change during a drive mission due to disturbances, e.g., delays due to
traffic, or changed parameters such as the vehicle mass. The robustness is increased by
feedback and the approach taken here is therefore to repeatedly calculate the fuel-optimal
control on-line. The principle is shown in Figure 1. At point A, the optimal solution
is sought for the problem that is defined over the look-ahead horizon. This horizon is
obtained by truncating the entire drive mission horizon. Only the first optimal control is
applied to the system and the procedure is repeated at point B.

This section will first deal with the identification of the control objectives. Based on
these, a suitable criterion is devised and the tuning of its parameters is discussed. At the
end, the DP algorithm is outlined.

3.1 OBJECTIVE

The objectives are to minimize the energy and time required for a given drive mission.
The vehicle velocity is desired to be kept inside an interval

Vmin £ V < Vmax (15)



26 Paper A. Look-ahead control for heavy trucks. . .

Entire horizon

Look-ahead horizon

A B

Figure 1: Illustration of the look-ahead control strategy.

where v denotes the vehicle velocity. These bounds are set with respect to the desired
behavior of the controller. For example, the lower bound will be the lowest velocity the
controller would deliberately actuate. The upper bound can be set by, e.g., safety reasons
or legal considerations.

The brake system is assumed to be powerful enough to keep the upper bound in (15).
On the other hand, the lower bound is not expected to be physically reachable on all
road profiles. It is assumed though, that it is possible to keep a velocity, denoted by v;;,,,
which is positive at all times. If Equation (15) were to be used, it would not be certain to
find any feasible solution. Therefore the constraints on the vehicle speed v are expressed
as follows:

0 <min {Vpin, Viim(s)} € v < Viax (16)

3.2 CRITERION

The fundamental trade-off when studying minimization of energy required for a drive
mission is between the fuel use and the trip time. The fuel use on a trip from s = 54 to
s=sypis

M= f 7m(x u)ds (17)

where 17i1(x, u) is the mass flow per unit length as function of the state x and control u.
The trip time T is simply
srdt sf d
- [ Sds- f ) (18)
5o v

To weigh fuel and time use, the cost functlon proposed is
I=M+pT (19)

using (17) and (18) and where f is a scalar factor which can be tuned to receive the desired
trade-off.

Criterion (19) is then made suitable for discrete DP by dividing the look-ahead
horizon into N steps of length h (m) and transforming the cost function. Denote

(k+1)h (k+D)h s
my = f m(x,u)ds, tp= / —,
kh ki v

ar = vk = Vil (20)
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and the cost function can be expressed as

N-1
J= > Gk X vk k) (21)
k=0
where
My
Ge=[LB¢]| t |, k=0,1,...,N-1 (22)
ax

and B, € are scalar penalty parameters for controlling the properties of solutions. The
difference in the criterion between neighboring discretization points is typically very
small. In order to receive a smoother control, the term a; is added with a small value
of .

3.3 PENALTY PARAMETERS

The size of the factor ¢ is chosen for smoothing but still such that the term ea; becomes
considerable smaller than the others.

One way to determine the parameter f3, i.e. the trade-off between fuel and time, is to
study a stationary solution to the criterion in Equation (19). Assume that a gear is engaged
and there exists at least one control #, for which (2) holds and that gives a stationary
velocity 7, i.e. dv/dt = 0. From the equations (1), (8), and Table 1 it is concluded that &
can be written as

i=ai?+ ey + f(a) (23)

where, for a given gear, ¢; and c, are constants and f(«) is a function corresponding to
the rolling resistance and gravity, and thus being a function of the road slope a. With
(11) and (12), the fuel flow is written as

I .
;m(x,u) = cqlly (24)

where ¢4 is the proportionality constant. The cost function (19) is thus

i(9) :ASf (64 (c19? + co¥ +f(a))+§)ds (25)

where the integrand is constant with respect to s if constant slope is assumed. A stationary
point to I is found by setting the derivative equal to zero,

I 5f
dA =ff(c4 (2c1f/+c2)—£)ds:0. (26)
dv S0 P2

Solving the equation for 3 gives

B= ca? (2av + ¢2) (27)

that can be interpreted as the value of 3 such that a stationary velocity ¥ is the solution
to (26). Note that the value of 8 neither depends on the vehicle mass m nor the slope
. The calculated f will thus give the solution ¥ of the criterion for any fixed mass and
slope as long as there exists a control i ; satisfying the bounds in (2).
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3.4 PREPROCESSING

The ambition with the present work is a real-time algorithm and hence the complexity
plays an important role. The subset of the state space over which the optimization is
applied, the search space, is one determining factor for the complexity. If the search
space is reduced without loosing any solutions, obvious gains are made. A preprocessing
algorithm is therefore developed with this aim.

Since DP is used in an predictive control setting, the current velocity can be measured
and used for limiting the set of possible initial states. In order to handle terminal effects,
the final velocities are also constrained. By using the model and traversing the horizon
forward and backward before the optimization is started, the search space is downsized,
see Hellstrom (2007).

The preprocessing algorithm gives, for each stage, an interval of velocities which are
to be considered. For every stage the interval [vlo, Vi p] is discretized in constant steps of
. This makes up a set Vj,

Vi = {vlo,vlo+5,v10+26,...,vup}. (28)

3.5 DP ALGORITHM
To summarize, the optimal control problem at hand is the minimization of the objective,

N-1

min Z e (Xks Xje1> Ui> A )
8 k=0

where (} is given in (22). The system dynamics is given by
Xk = f(xp ug, o) k=0,1,...,N-1
according to (14). The constraints are
0 <min{vpin, Viim(kh)} < vk <Vpmax VK

according to (16). Due to the predictive control setting, the initial state x, is given.

With a given velocity, only a subset of the gears in the gearbox is feasible. If the oper-
ating region of the engine is defined with bounds on the engine speed [we,min> We,max >
it is easy to select the set of feasible gears. Only gears with a ratio that gives an engine
speed in the allowed range are then considered. In a state with velocity v, the set of usable
gears G, is thus defined as

G, = {g | We,min < we(Vag) < we,max} (29)

where w,. (v, g) is the engine speed at vehicle velocity v and gear number g.

Braking is only considered in the algorithm if the upper velocity bound is encountered.
Braking without recuperation is an inherent waste of energy and therefore braking will
only occur when the velocity bounds would otherwise be violated. This reduces the
complexity since the number of possible control actions lessens.
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Table 2: Truck specifications.
Component  Type Characteristics

Engine DCo Cylinders: 5
Displacement: 9 dm?
Max.torque: 1,550 Nm
Max.power: 310 hp

Gearbox GRS890R 12 gears
Vehicle - Total weight: 39,410 kg

A state x is made up of velocity v and gear number g. The possible states in stage k
are denoted with the set Sy and it is generated from the velocity range V given in (28)
and the set of gears G, given in (29). This yields

Sk={{v,g}|lve Vi, geG,}. (30)

At a stage k, feasible control actions u,” that transform the system from a state x' € Sy to
another state x/ € Sy, are sought. The control is found by an inverse simulation of the
system equations, see e.g. Froberg and Nielsen (2008). Here this means that for a given
state transition, xx to X1, the control uy is solved from (14). Interpolation is thereby
avoided. If there are no fueling level u and gear u, that transforms the system from
state x’ to x/ at stage k, there are two possible resolutions. If there exist a feasible braking
control uy it is applied, but if there is no feasible braking control the cost is set to infinity.
The algorithm is outlined as follows:

1. Let Jy(i) =0.
2. Letk=N-1

3. Let
Ji(x) = min {7+ Jea(¥) ), 5 € Si

X €3k 41
4. Repeat (3)fork=N-2,N-3,...,0.

5. The optimal cost is Jy and the sought control is the optimal control set from the
initial state.

4 TRIAL RUN

The experiments are performed on the highway E4 between the cities of Sodertilje and
Norrkoping in Sweden, see Figure 4. The truck used is a Scania tractor and trailer, see
Figure 2. The specifications are given in Table 2.

Following in this section, the experimental setup and road slope data are presented.
The last part of the section will present some results from the trial runs that have been
undertaken.
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Figure 2: The vehicle used in the experiments.
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- Set speed
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Figure 3: Information flow.

4.1 SETUP

The information flow in the experimental setup is shown schematically in Figure 3. Due
to adjustments for the demonstrator vehicle, gear shifts were not directly controlled
by the algorithm. This is handled by including a prediction model of the gear control
system and take it into account when calculating the running costs. In the optimization
algorithm, a shift that is not predicted is assigned an infinite cost. As depicted in Figure 3
the algorithm controls the vehicle by adjusting the set speed to the conventional CC.
The fueling level is therefore only controlled indirectly. The standard CC available from
Scania is used, which is basically a PI-regulator. All communications are done over the
CAN bus.

The algorithm parameters used are stated in Table 3 and the penalty factors are shown
in Table 4. The factors are adjusted in order to receive a stationary solution in the middle
of the desired velocity interval (15).

All software run on a portable computer with an Intel Centrino Duo processor at
1.20 GHz and 1 Gb RAM. With the stated parameters, a solution on a road stretch of level
road is calculated in tenths of a second on this computer.

The truck has a legislative speed limiter at 89 kn/h. Propulsion above this limit is
not possible. When the truck accelerates due to gravity above 89 km/p, the brake control
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Table 3: User parameters

Parameter Function Value
h Step length som
N Number of steps 30
h-N Horizon 1500 m
0 Velocity discret. ~ o0.2km/n
Vimin Min. allowed vel. 79 km/y
Vimax Max. allowed vel. 89 km/p

Table 4: Penalty factors

Factor  Penalizes Value
Fuel use 1.0
B Time use 6.2
€ Velocity changes 0.1

system is activated at a set maximum speed. In the trial run this limit is set to be 91 km/n.

DATABASE

The slope in front of the vehicle for the length of the look-ahead horizon is needed to
be known. It is expected that such data will be commercially available soon. But for
now, the road slope along the trial route is estimated off-line prior to any experiments.
This is done by aid of a non-stationary forward-backward Kalman filter (Sahlholm et al.,
2007). The estimated slope and elevation are shown in Figure 4. The measurements were
obtained at 20 Hz from a GPS unit. The filter inputs are vertical and horizontal velocity
of the vehicle, elevation and the number of reachable GPS satellites.

4.2 PERFORMANCE

In total, five comparative trial runs were made. All runs were done in light to moderate
traffic, and each consisted of one drive with look-ahead control and one with standard
cruise control. The algorithm parameters, see Table 3 and 4, were the same for all runs.
The trip time thus became about the same for all drives with the look-ahead control. The
set point for the CC was chosen in order to achieve a trip time close to the one obtained
with look ahead.

4.3 OVERALL RESULTS

The relative changes in fuel consumption and trip time (Afuel, Atime) are shown in
Figure 5 and Figure 6 for each direction on the trial road. A negative value means that the
look-ahead controller (LC) has lowered the corresponding value. The set point for the
CCincreases along the horizontal axis. The left-most result is maybe the most convincing
since it reduces both fuel use and trip time in both directions.
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Figure 4: Estimated road topography.

The average results in both directions that are made with the same set speed are
also calculated. For these mean values the fuel consumption was lowered with 3.53%,
from 36.33 Yiookm t0 35.03 L100km, with a negligible reduction of the trip time (0.03%) in
comparison with the CC. Also interesting to note is that the mean number of gear shifts
on this route decreases from 20 to 12 with the LC.

4.4 CONTROL CHARACTERISTICS

With the intention to give a representative demonstration of more detailed controller
characteristics, two road segments have been chosen. The first is a 2.5 km segment close
to Sodertidlje and is named the Jirna segment. The second one is a 3.5 km segment about
halfway on the trial route and called the Hdllet segment.

Each figure, see, e.g., Figure 7, is divided into four subfigures, all having the position
as the horizontal axis. The road topography is shown at the top and the coordinates
for the start and final position are also given on the horizontal axis. The next subfigure
shows the velocity trajectories for the LC and the standard CC. The third part shows
normalized fueling (acc) and auxiliary brake (brake) levels with thick and thin lines,
respectively. At the bottom, both the engaged gear number and the fuel use are shown.
Data related to the LC are displayed in solid lines and data associated to the CC are
displayed with dashed lines in these figures. Above the figures, the time and fuel spent
on the section are shown together with the relative change (Afuel, Atime) in these values
between the two controllers. A negative value means that the value is lowered by the LC.
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Figure 5: Trial run results on the road from Sodertélje to Norrk6ping with varying cruise
controller (CC) set speed.

THE HALLET SEGMENT

Figures 7 and 8 show the Hallet segment. In Figure 7, the LC accelerates at 500 m prior
to the uphill that begins at 750 m. At the top of the hill at 1750 m, the LC slows down
in contrast to the CC. The truck is thus let to accelerate by gravity alone. The CC will,
however, use a non-zero fueling as long as the truck is going slower than the set point.
The LC slow down reduces the need for braking later in the downslope and thereby the
inherent waste of energy is lessened. From the fuel integral at the bottom, it is seen that
the LC consumes more fuel the first 1.5 km owing to the acceleration, but then gains.

The trip in the other direction, see Figure 8, gives similar features. A gain of speed at
250 m and then a slow down at the top of the hill at 2250 m. In both directions, time as
well as fuel are saved.

Note that the sections in Figure 7 and 8 are not exceptionally steep. The uphill and
downbhill slope is at most about 4% for short intervals. However, they become significant
for the truck due to the large vehicle mass.

THE JARNA SEGMENT

In Figures 9 and 10 the Jdrna segment is shown. Figure 9 shows that the LC begins to
gain speed at 200 m and thereby avoids the gear shift that the CC is forced to do around
1km. At 1400 m, the LC slows down and lets the truck accelerate in the downslope.

In Figure 10, a drive in the other direction is shown. The LC accelerates at 500 m and
starts to slow down at 1400 m. The slow down lessen the braking effort needed at about
2000 m.
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Figure 6: Trial run results on the road from Norrképing to Sodertélje with varying cruise
controller (CC) set speed.

5 CONCLUSIONS

The control algorithm was proven to perform well on-board in a real environment. Using
the standard cruise controller as an inner loop and feeding it with new set points is
advantageous considering robustness against model errors and disturbances.

The gearbox consists of a set of discrete gears and there is no propulsion force during
a gear shift. Taking these facts into account renders a challenging optimization problem.
A discrete dynamic programming algorithm is devised where the search space is reduced
by a preprocessing algorithm. The algorithm computes a solution in tenths of a second
on a modern laptop computer and this allows evaluation in a real environment on-board
a truck.

The trial runs show that significant reductions of the fuel consumption can be
achieved. A fuel consumption reduction of about 3.5% on the 120 km route without
an increase in trip time was obtained. The mean number of gear shifts was reduced with
42% due to shifts avoided by gaining speed prior to uphills.

The look-ahead control mainly differs from conventional cruise control near sig-
nificant downbhills and uphills where the look-ahead control in general slows down
or gains speed prior to the hill. Slowing down prior to downbhills is intuitively saving
fuel. There is, however, no challenge in saving fuel by traveling slower, so if the vehicle
is let to slow down at some point, the lost time must thus be gained at another point.
Accelerating prior to uphills is one way which, at least for shorter hills, gives a higher
velocity throughout the hill and will reduce the need for lower gears. These strategies
are intuitive but the crucial issue is the detailed shape of the solution and its actuation
such that a positive end result is obtained, and this is shown to be handled well by the
algorithm.

A final comment is that the controller behavior has been perceived as comfortable
and natural by drivers and passengers that have participated in tests and demonstrations.
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Figure 7: The Hallet segment. The LC accelerates at 500 m prior to the uphill and slows
down at 1750 m when the top is reached.
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Design of an efficient algorithm
for fuel-optimal look-ahead control
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ABSTRACT

A fuel-optimal control algorithm is developed for a heavy diesel truck that
utilizes information about the road topography ahead of the vehicle when the
route is known. A prediction model is formulated where special attention is
given to properly include gear shifting. The aim is an algorithm with sufficiently
low computational complexity. To this end, a dynamic programming algorithm
is tailored, and complexity and numerical errors are analyzed. It is shown that it
is beneficial to formulate the problem in terms of kinetic energy in order to avoid
oscillating solutions and to reduce linear interpolation errors. A residual cost
is derived from engine and driveline characteristics. The result is an on-board
controller for an optimal velocity profile and gear selection.

43



44 Paper B. Design of an efficient algorithm. ..

1 INTRODUCTION

A drive mission for a heavy truck is studied where there is road data on-board and
the road slope ahead of the vehicle is known. The mission is given by a route and a
desired maximum trip time, and the objective is to minimize the energy required for a
given mission. Experimental results (Hellstrom et al., 2009) have confirmed that the fuel
economy is improved with this approach, and the current main challenge is the efficient
solution of the optimal control problem.

Related works for energy optimal control are found in other application areas such
as trains (Howlett et al., 1994; Franke et al., 2002; Liu and Golovitcher, 2003) and hy-
brid electric vehicles (Sciarretta et al., 2004; Back, 2006; Guzzella and Sciarretta, 2007).
Fuel-optimal solutions for vehicles on basic topographic road profiles are obtained in
Schwarzkopf and Leipnik (1977); Monastyrsky and Golownykh (1993); Chang and Mor-
lok (2005); Froberg et al. (2006); Ivarsson et al. (2009). Predictive cruise control is
investigated through computer simulations in, e.g., Lattemann et al. (2004); Terwen
et al. (2004); Huang et al. (2008); Passenberg et al. (2009). In Hellstrom et al. (2006) a
predictive cruise controller is developed where discrete dynamic programming is used to
numerically solve the optimal control problem. In Hellstrom et al. (2009) the approach
was evaluated in real experiments where the road slope was estimated by the method in
Sahlholm and Johansson (2009).

The purpose of the present paper is to develop an optimization algorithm that finds
the optimal control law for a finite horizon. The algorithm should be sufficiently robust
and simple in order to be used on-board a vehicle in a real environment, and with reduced
computational effort compared to previous works. Some distinguishing features of the
optimization problem are that it contains both real and integer variables, and that the
dimension of the state space is low. Here, an algorithm based on dynamic programming
(DP) (Bellman, 1957) that finds the optimal control law is developed. Applying DP for
high order systems is usually unfeasible due to exponential increase of the complexity
due to the discretization of the continuous variables (Bellman, 1961), but this is not
an issue in this application, since the dimension is low. Alternatively, an open-loop
optimal control problem can be solved on line repeatedly for the current state to achieve
feedback. These approaches are generally indirect methods based on the maximum
principle (Bryson and Ho, 1975) or direct methods based on transcription (Betts, 2001).
For mixed-integer nonlinear optimization, a complex combinatorial problem typically
arises with the open-loop approaches due to the integer variables (Floudas, 1995). For DP,
however, the computational complexity is linear in the horizon length which is beneficial
for this application since a rather long horizon is needed (Hellstrém, 2007; Hellstrom
et al., 2009).

Starting out the paper, a generic analysis is presented, and the model structure is
defined. The first idea to reduce complexity is to obtain a better estimate of the residual
cost at the end of the horizon, so that a shorter horizon can be used. By reducing the
search space at each position the computational complexity can be improved further.
Based on an energy formulation of the dynamics and an analysis of the discretization
errors, it is shown that a coarser grid for numerical interpolation together with a simple
integration method can be used.
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2 OBJECTIVE

The objective is to minimize the fuel M required for a drive mission with a given maxi-
mum trip time Ty:

minimize M (P1)
st. T< T()

It is possible to control accelerator, brake and gear shift. Constraints on, e.g., velocity
and control signals may also be included in the problem statement.

Since the road slope is a function of position, it is natural to formulate the vehicle
model using spatial coordinates. A simple model may have gear and, e.g., velocity as
states. Studying (P1), the time spent so far also has to be considered. A straightforward
way to handle this is to include the trip time as an additional state.

The model is discretized and dynamic programming (DP) is used for the optimization.
The complexity in DP grows exponentially with the number of states which is known as
the Curse of dimensionality (Bellman, 1961). The first step to avoid this is to consider an
alternative formulation of the optimization problem (P1). This is obtained by adjoining
the trip time to the criterion in (P1) yielding

minimize M + ST (P2)

where f3 is a scalar representing the trade-off between fuel consumption and trip time.
This is the approach taken in Monastyrsky and Golownykh (1993). With this formulation,
it is no longer necessary to introduce time as an additional state. Instead, there is an
additional issue tuning the parameter .

For a given 3, the solution for (P2) gives a trip time T'(3). This function is not known
explicitly in general. The optimal policy for (P2), for a given f, is also the optimal policy
for (P1) with Tp = T(3), since the minimum is attained in the limit for a realistic setup.
Thus, problem (P1) can be solved through (P2) if § is found such that T(f) = To. The
function T(f) is monotonically decreasing and 5 may be found by, e.g., using simple
shooting methods.

The conditions may change during a drive mission due to disturbances, e.g., delays
due to traffic, or changed parameters such as the vehicle mass. New optimal solutions
must then be computed during the drive mission. An efficient approach is to only
consider a truncated horizon in each optimization. This method gives an approximate
solution to problem (P1) where the accuracy depends on the length of the truncated
horizon.

3 A GENERIC ANALYSIS

Consider the motion of a vehicle in one dimension, see Figure 1. The propelling force
is F,. The drag force is dependent on the position s and the velocity v, and is given by
the function F,(s,v). It is assumed that this function is monotonically increasing for
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Fy(s,v) m F,
- L -
—»

Figure 1: A vehicle moving in one dimension.

positive v, that is

WZO,V>0 (1)

which should hold for any physically plausible resistance function. The problem of
finding the velocity trajectory, that minimizes the work required to move the vehicle
from one point s = 0 to another point s = S, is now studied.

Newton’s second law of motion in spatial coordinates is

dv
my—- = F,—F4(s,v) (2)

The propulsive work equals

W:fOSFPds:[OS(mV%+Fd(s,v)) ds
= %(V(S)Z_v(0)2)+fost(s,v) ds (3)

that is, the sum of the difference in kinetic energy and the work due to the resisting force
along the path.
The problem objective is now stated as

min [ (m()dd” +Fd<s,v(s>>) ds @

with the time constraint expressed as

S ds
/; mSTo (5)

where Ty denotes the desired maximum time.

If the inequality in (5) is replaced by an equality, the resulting problem is an isoperi-
metric problem. For a functional [ F(s,v,v") ds and a constraint [ G(s,v,v')ds=C
the Euler-Lagrange equation in the calculus of variations is

JoF* _iaF* B
ov  ds ov'

0, F*=F+AG (6)

where A is a constant (Gelfand and Fomin, 1963). Only smooth solutions will be consid-
ered, so it is assumed that the studied functional has continuous first and second order
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derivatives in the considered interval for arbitrary v and v'. In the present problem (4)
and (5), the functional

s
f (mvﬂ+Fd+&) ds 7)
0 ds y
is formed where A is a constant. Then, according to the Euler equation
dv oF; d 1
—_—t = - — AM-—=1]=0 8
malsJr ov ds mv) + ( vz) ®)

should be satisfied which yields that
, 0
vi—F;(s,v) =1 (9)
ov

is a necessary condition for the objective to have an extremum for a function v(s). Due
to the assumption (1), the multiplier A will be positive. Relaxing the equality constraint
to the inequality (5) does not alter the solution. Every v(s) that becomes admissible
when the equality constraint is replaced with an inequality will have a higher value of
the objective (4) due to (1).

In order to proceed, assume that the resistance function is a sum of two functions
with explicit dependency on s and v respectively, that is

Fa(s,v) = fi(s) + f(v) (10)

The condition (9) then becomes

vzaifz(v) =A. (11)
v

For a given A, the solution to (11) is constant velocity. To minimize the work for moving
the body from one point to another point, the extremum is thus a constant speed level
adjusted to match the desired trip time.

3.1 OBSERVATIONS

For the general longitudinal vehicle model, depicted in Figure 1, constant speed is the
solution to the problem of minimizing the needed work to move from one point to
another with a trip time constraint. The assumptions are that the velocity and acceleration
are smooth and that (1), (2), and (10) holds. However, due to the large mass of a heavy
truck, it is not possible to keep a desired cruising speed, and the thereby unavoidable gear
shifts have a noteworthy influence on vehicle motion. Therefore, the mass is the most
important parameter in the current context and gear selection should be considered.

4 TRUCK MODEL

The physical models are now presented. First, in the general form that is treated by the
algorithm. Explicit models in this form are then given in Section 4.1-4.4. In the last
section, an approximation of the explicit models is discussed.
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Table 1: Longitudinal forces.
Force  Explanation Expression
F,(v) Airdrag SewAapav’
F,(s) Rolling resistance  mgyc, cos a(s)
Fq(s) Gravitational force mgy sin a(s)

With constant gear number, i.e., between gear shifts, the vehicle acceleration is
given by
dv
— = f(s,v, g u (12)
5~ feveu)
where s is the position, v is the velocity, u is the control signals and g is the gear number.
The fuel mass flow is given by

m=h(v,g,u) (13)
and the consumption is obtained by integrating the flow.

A gear shift, from g; to g, with initial speed v;, is modeled by the required time for
the shift,

At =E(s,v1, 81, 82) (14)
the required distance,
As = ¢(s,v1, 81, §2) (15)
the change in velocity,
Av =vy —v = x(s,v1, 81, £2) (16)
and the consumed fuel
Am =y(s,vi, 1, 8) (17)

The model structure given by (12)-(17) is used in the optimization. Now, explicit models
are given.

4.1 LONGITUDINAL MODEL

A model for the longitudinal dynamics of a truck is formulated (Kiencke and Nielsen,
2005). The vehicle is considered as a point mass moving in one dimension, see Figure 1.
The engine torque T, is given by

Te :fe(we:uf) (18)

where w, is the engine speed and uy is the fueling control signal. The function f, is a
look-up table originating from measurements. The clutch, propeller shafts and drive
shafts are stiff. The resulting conversion ratio of the transmission and final drive i(g)
and their efficiency #(g) are functions of the engaged gear number, denoted by g. The
models of the resisting forces are explained in Table 1.

The relation

.
V=0, = —w, (19)
1
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Table 2: Truck model parameters.
I;  Lumpedinertia ¢, Air drag coefficient

I,  Engine inertia A, Cross section area
m  Vehicle mass pa  Air density
rw,  Wheel radius ¢, Rolling res. coeff.

go  Gravity constant

is assumed to hold where r,, is the effective wheel radius. Introduce the mass factor

. I + ni*l,

2
mry,

Now, when a gear is engaged the forces in (2) are
1
F, = F(inTe(v,g,uf)— Ty (up)) (20a)
Fy(s,v) = 1 (Fu(v) +F,(s) + Fg(s)) (20b)
c

Note that the conditions (1) and (10) hold for (20b). The model (12) is now defined by
dv
my— = mvf(s,v,g u)=Fp,—Fy(s,v) (21)
s

The states are the velocity v and currently engaged gear g, and the controls are fueling
u, braking uy, and gear u,. The road slope is given by a(s) and the brake torque is
denoted by Tj,. All model parameters are explained in Table 2.

4.2 FUEL CONSUMPTION

The mass flow of fuel #1 is determined by the fueling level s and the engine speed w,.
With (19), the mass flow is

Neyl eyl i
2 woup = —2= —yus (22)
2nn, 21N, 1y

m=h(v,g,u)=

where 7., is the number of cylinders and #, is the number of engine revolutions per
cycle.

4.3 NEUTRAL GEAR MODELING

When neutral gear is engaged g = 0, the engine transmits zero torque to the driveline.
The ratio i and efliciency # are undefined since the engine is decoupled from the rest of
the powertrain. The approach taken here is to define the ratio and efficiency of neutral
gear to be zero. Then, Equation (21) with i(0) = #(0) = 0 describes the vehicle motion.
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4.4 GEAR SHIFT MODELING

The transmission is of the automated manual type and gear shifts are carried out by
engine control. In order to engage neutral gear without using the clutch, the transmission
should first be controlled to a state where no torque is transmitted. The engine torque
should then be controlled to a state where the input and output revolution speeds of
the transmission are synchronized when the new gear is engaged. In the case of a truck
with a large vehicle mass, the influence of the time with no engine propulsion becomes
significant. Therefore, a model is formulated that is simple but also includes this effect.

Consider a gear shift from g; to g, with vehicle initial speed v;. The currently engaged
gear g(t) is then described by

F41 t<0
g(t)=40 o0<t<T (23)
§'5) t>7

where 7 is chosen to be constant, and hence the function in (14) is

At=§(s,vi,8,8) =1 (24)
The vehicle motion v(t) is given by solving the initial value problem given by (21) with

g=0ont e [0, 7] wherev(0) = v;. The required distance (15) is then given by integrating
v(t) over the interval,

Bs=g(svgng) = [ v(ndr (5)

and the function in (16) becomes

Av =x(s,v1,8,8) =v(1) - (26)

Fueling is required to synchronize the engine speed with the corresponding speed of the
next gear in case of a down-shift. When neutral gear is engaged,

Ie“':)e = Te :fe(we>uf) (27)
holds. Since the velocity trajectory is known through (21), the initial value w, and desired
final value w; of the engine speed are also known through (19). Synchronizing the engine

speed is thus equivalent to changing the rotational energy for the engine inertia by
I.(w? — w3)/2. The consumed fuel is then estimated by

1
Am =y(s,v1, 81, 82) = Ygfe(wlz - wp) (28)

where y (#) is introduced in Section 6.
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4.5 ENERGY FORMULATION

The model can be reformulated in terms of energy. Introduce the kinetic energy
e=—my 2
5 (29)

With the relation
dv. dv _1d ,

— =V—==——
dt ds 2ds
a model with the structure (2) then becomes

Z—i =F,-Fy (s,\/Ze/m) (30)

4.6 BAsIiC MODEL

A basic model is derived as an approximation of the explicit model (21) for the purpose
of analytical calculations later on. The speed dependence in engine torque is neglected,
ie, T.(v, g ur) ~ T(us). The approximation is typically reasonable, see Section 6 and
Figure 4. For a given gear and without braking the propelling force in (2) becomes

i
Fp = CTWT(uf) (31)

The drag force F; (s, v) in (2) is still given by (20b).

5 LOOK-AHEAD CONTROL

Look-ahead control is a control scheme with knowledge about some of the future dis-
turbances, here focusing on the road topography ahead of the vehicle. An optimization
is performed with respect to a criterion that involves predicted future behavior of the
system, and this is accomplished through DP (Bellman, 1961; Bertsekas, 1995).

5.1 DISCRETIZATION

The models (12)-(17) are discretized in order to obtain a discrete process model

X1 = Fre (%, ug)

where xy, u) denotes the state and control vectors.
Dividing the distance of the entire drive mission into M steps, the problem faced is
to find

050005 Um-1

M-1
Jo(x0) = min Cyxa) + 3 G i) (32)
k=0

where (i and () defines the step cost and the terminal cost, respectively. The step cost is
defined in Equations (38)-(40) and (44)-(45), see Section 5.4-5.5. The terminal cost is
handled by introducing a residual cost in the following section.
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5.2 RECEDING HORIZON

The approach taken here is to construct a look-ahead horizon by truncating the entire
drive mission horizon of M steps to N < M steps and approximating the cost-to-go at
stage N. The shorter horizon is used in the on-line optimization. Rewrite problem (32)
as

.....

Jo (x0) = oo min {(M(XM) + Z (k(xk,uk)}

M-1
= mm {Z(k Xk Ug) + miLr} {CM Xp) + Z (e (k> ug) }}
k=N

and define the residual cost
Jn(xn) = min  Cu(xn) Z Ci (x> k) (33)

as the cost-to-go function at stage N. Replace this function with an approximation
J%(xn) that should be available at a low computational effort. The problem is now only
defined over the look-ahead horizon and

N-1
min  Jy(xn) + D Gl ug) (34)
Ug, - UN-1 k=0
is to be solved.

5.3 DYNAMIC PROGRAMMING ALGORITHM

Denote by Uy the set of allowed controls and by Sy the set of allowed states at stage k.
The DP solution to the look-ahead problem (34) is as follows.

1. For x € Sy, let Jn(x) = J5;(x).
2. Letk=N-1
3. For x € S, let
Ji(x) = gg]rkl{(k(% u) + Je (Fi (3, 1)) } (35)
4. Repeat (3)fork=N-2,N-3,...,0.
5. The solution is made up of the policy with the optimal cost J§ (x0) = Jo(xo).

The basic principle in the algorithm above is that if the cost-to-go J; (x) isknown for I > n,
then the cost-to-go J;(x) for I = n — 1 can be computed as a function of J;(x), I > n.

Now consider the model in Section 4. Introduce the discretized position s, = nh;
and velocity v, = mh,, where h;, h, are the respective step lengths. The gear number g
is assumed to be discrete.



5. Look-ahead control 53
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Figure 2: Cost-to-go for constant gear.

For a given velocity v,, and gear number g, the cost-to-go is J;(x) = J(s;, Vi, g)-
The cost-to-go is first computed under the assumption that there is no gear shift and
the result is denoted by Jco(s4-1,vm, g). After that, gear shifts are considered and the
cost-to-go with a gear shift, Js(s,-1, Vi, £), is calculated. Finally, the cost-to-go is given
by

J(Sn-1Vim»> &) = min {Jeg(Su-1> Vin> €)> Jgs (Su-1 V> £) } (36)

The expressions for the cost-to-go for the respective case are derived in the following.

5.4 COST-TO-GO FOR CONSTANT GEAR

Consider the case of constant gear g. For every discretized value uy of the control, the
solution to

dv

(GO ST NI G )

V(Sp-1) =V

gives a trajectory v(s). The cost-to-go at the position s, and velocity v(s,) is given
by linear interpolation of J(s,,vk_1,¢) and J(s,, vk, g) where vi_; < v(s,) < vy, see
Figure 2. The interpolated value is denoted by J(u ). The consumed fuel is

S ds
AM = / h(v(s), g ttx) (38)
Sut v(s)
and the time spent is
i ds
AT = — (39)

st V(8)

where v(s) is the solution of (37). The step cost is

(eg(ur) = AM + BAT (40)
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Figure 3: Cost-to-go for a gear shift.

where the terms are given by (38)-(39). The cost-to-go at position s,_; and velocity v,,
is obtained by finding the control signal u; that minimizes the sum of the cost-to-go at
position s, and the step cost:

Jeg(Sn-tsVim» g) = muin{(cg(”k) +J(ur)} (41)

5.5 COST-TO-GO WITH GEAR SHIFT

Consider a gear shift from gear g to ¢’ # ¢ where the shift is initiated at position s,,_.
The gear shift model equations (15) and (16) give

Av = x(Sp-1,Vm> 8- &) (42)
As = @(Sn-1:Vm» 8- &) (43)
The cost-to-go at position s,_; + As and the velocity v,, + Av is obtained by using
bilinear interpolation of the values J(s;_1,vk-1,¢"), J(si-1, vk, &), J(;s1,vk-1, &), and

J(s1, vk, £'). An illustration is given in Figure 3. The interpolated value is denoted by
J'(g'). The step cost is

(os(g') = AM + BAT (44)

where the terms are given by (17) and (14),

AM =y (sp-1,Vm> 8- &) (45)
AT = E(Sﬂ—bvn’l)g)gl) (46)

The cost-to-go at position s,_; and the velocity v,, is obtained by minimizing the sum of
the cost-to-go at position s,_; + As and the step cost:

Jas(Sn-t: Vin> §) = g}i?{(gs(gl) +J'(g)} (47)
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Figure 4: The relation between fueling and engine torque for a truck engine.

6 RESIDUAL COST

An approximation ] Y (xn) of the residual cost (33) is now presented. The measured
relation between engine torque and injected fuel mass per cycle and cylinder, for a truck
engine with typical characteristics, is shown in Figure 4.

As can be seen in the figure, the function is approximately an affine function and
using the method of least squares, the gradient can be calculated. By multiplying the
quantities by the scaling factors 27,7 and n, ,;, respectively, the relation between energy
(eycle) and fueling (8/cycle) is obtained. The gradient of the scaled function is denoted by
y, (&), and it indicates how much additional fuel AM is needed, approximately, in order
to obtain a given increase of the kinetic energy Ae, i.e.

AM ~ yAe

The basic idea in the computation of the approximate residual cost is that it is assumed
that kinetic energy can be calculated to an equivalent fuel energy and conversely, at the
final stage N, using the proportionality constant y. This reflects that kinetic energy at the
end of the current horizon can be used to save fuel in the future. With this assumption,
the residual cost is in the form

Ju(xn) =C-ye (48)

where C is an arbitrary constant that can be omitted when the optimal driving strategy
is sought. In the following section, it will be shown that this approximation is accurate
when no control constraint is active. It will be seen in Section 9 that this is a reasonable
approximation of the residual cost in a more general case.

6.1 COST-TO-GO GRADIENT

Upper and lower bounds are derived for the difference between the cost-to-go of two
neighboring states. First, introduce some short-hand notation. Denote the neighboring
states at stage k by x} for i € {0,1}. The step cost is denoted by {* = {x(x;, u}) and the
cost-to-go (35) is
T =Te(xp) = min {{ + Jea (xp) }
u;\,eUk



56 Paper B. Design of an efficient algorithm. ..

where x; = Fi(x}, u}).
Now, assume that minimum is attained for ug and let {* = (°, then

P = Jea(x))
hold. Further, for any u}c e Uy,
]1 < (1 + ]k+1(x]1<+1)

holds. In particular, if there is an u} € Uy such that x| = x},, then
A =] -1 <= (49)

is an upper bound on the difference between the neighboring values of the cost-to-go. A
lower bound can be derived analogously by assuming that the minimum is attained for
u}c and that there is a ug € Uy such that x2+1 = x,lm. Let (* = (', then J' = * +]k+1(x}c+1)
and
0. 40 0 0 1
I <8 T (%p41) = €+ Tt (X51)

hold which can be combined into
A= -]">0 - (50)

as a lower bound.

6.2 COST-TO-GO GRADIENT FOR BASIC MODEL

The bounds in (49) and (50) are evaluated for the basic model, see Section 4.6, with the
energy formulation according to (30).
Assume that constants ki, k, are chosen such that the relation between fueling u and

torque T fulfills

du
ki < ﬁ <k, (51)

Consider the upper bound (49), the difference between the step costs is given by (40)

and (22),
Cl_(x— :hs[ncyl lAM-i—ﬁ(ll—lo)]
2nn, 1y Ve Ve

where Au = u} — u). Assuming that Au < kAT yields

Cl _C* < hsl;;yl ikATE +ﬁ(ll — 10)‘| (52)

Ny Ty k Vk

where AT, = T, (u}) - T (u}). Applying Euler forward to (30) and solving for AT, yields

rn B (L )
in h; cm



7. Complexity analysis 57

where Ae = e — e} and the value inside the parenthesis is negative for reasonable
parameter values. Note that it is assumed that there is a feasible control for the required
state transition. Insertion into (52), using (51), and rewriting yields

o= SAe[y(—HhSCWA“'D“)—ﬁhSZl (53)
- m

m VOp1(v0 4+ 91)

ne i 2e! . . . —
where y = .~ Lk andvi =/ k. Thus, for a discretization where v <v <7,

2nn,n
AJ h
— < - lc_(CWAaPﬂ_ﬁs)] (54)
e = m yv
holds.
The lower bound (50) is analogously treated. This yields
Al _ h B
— 2= - wAa a” — 3
e y[c o (c p o )] (55)
wherey = 72

For a large mass, ¢ ~ 1. The other two terms in the parentheses in (54) and (55) are in
the order of 10~ for typical parameters. Thus, the gradient of the value function with
respect to kinetic energy is approximately equal to the scaled gradient y of the fueling
with respect to engine torque.

7 COMPLEXITY ANALYSIS

In the DP algorithm, the state x; and the control signal u are discretized. If there are
no restrictions on the search space, the number of step costs (i (xx, ux ) that have to be
computed, at each gear and position, is equal to the product of the number of grid points
and the number of discrete control signals.

The number of possible control signals is reduced due to physical limitations, such as
limits on available propulsive force and braking force. In Figure 5 these limitations are the
dashed lines. The number of control signals can be reduced even further by taking into
account that different optimal trajectories never intersect. This principle is illustrated in
Figure 5. First, assume that the grid is uniform, and that the optimal control for a state in
the middle of the interval is computed, as shown to the left in the figure. After that the
interval is divided into two the subintervals of equal length, and the optimal control is
computed for the states in the middle of these subintervals. In these two computations,
the possible control signals, not taking physical limitations into account, are reduced by
half in average, as indicated by the gray areas in the right figure.

The interval is then divided into four subintervals of equal length and the number of
computations can once again be reduced by half in average. By continuing in the same
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Figure 5: Reducing the possible control signals.

way and divide the state space into smaller and smaller subintervals and reducing the
search space, the number of computations can be significantly reduced.

In Section g it will be shown that also the number of grid points can be reduced by
choosing kinetic energy as a state in comparison to using velocity.

8 DISCRETIZATION ANALYSIS

Performing numerical optimization of dynamical systems inevitable leads to errors such
as rounding and truncation errors. It is of course desirable, but hard to guarantee, that
such errors do not lead to that the numerical solution differ from the solution of the
original problem.

In the following illustrating examples are presented. The observed features are then
investigated by continuing the generic analysis in Section 3.

8.1 GENERIC ANALYSIS CONTINUED

Consider the problem of minimizing the fuel consumption, on a given gear, for a trip
with a constraint on the trip time. Without other constraints, braking is intuitively never
optimal and the only control left is the fueling. To study this problem the basic model is
used, see Section 4.6.

Study the objective to minimize the work needed to bring the system from s =
0, v(0) =vptos =S, v(S) = v. According to (3), the work needed is

s s
W:fo de5=/(; Fy(s,v)ds (56)

since the kinetic energy at the start and the end of the interval is the same. The time is

constrained by
S
/ s <To (57)
0o v
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The engine torque is approximately an affine function in ug, see Section 6 and Figure 4.
With this approximation, the criterion (56) is equivalent to minimizing the fuel con-
sumption. Without bounds on the control, the solution is constant speed according to
Section 3. However, the fueling has natural bounds. If constant speed is feasible and the
constraints are inactive then, clearly, the solution is still constant speed. Considering
that the constraints possibly are active, the optimal control is analytically known to be of
the type bang-singular-bang (Froberg et al., 2006). It consists of constrained arcs with
maximum or minimum fueling, and singular arcs with partial fueling such that constant
speed is maintained.

In the following, the problem given by (2) and (56)-(57) is used as a test problem.
Numerical solutions given by DP are presented and basic analytical calculations are
performed.

For the analytical calculations three mesh points, 0 < h; < 2h; are studied. The
control is assumed constant on each subinterval,

_ Uy SE€ [0, hs)
ui(s) = {u1 s € [hg, 2hy)

The objective can then be stated as

J = minh (Fy(uo) + Fy(u)) (s8)

using Equation (56) and where v(0) = vy, v(h) = v;. The maximum time Tj is chosen
as To = 2hg/vo. For flat road, constant speed is feasible and the expected solution is
constant speed, that is v; = vy.

8.2 THE EULER FORWARD METHOD

The DP solution for the test problem, using velocity as state and the Euler forward
method for discretization, is shown in Figure 6. An oscillating solution appears on the
flat segment where the solution is expected to be constant speed. The forward method
applied to the dynamic model for simulation is stable for the step lengths used, hence
such a stability analysis cannot explain the behavior. In the following, the test problem is
used to investigate the oscillating behavior of the solution to the optimization problem.
The forward Euler method applied on the model (2) gives
Viel — Vi 1

R W(Fp(ui)_Fd(si»Vi)) (59)

Now, solve (59) for F, (u;) where i € {0,1} and note that, due to the terminal constraints,
v2 = vo. Insertion into the objective (58) gives

Wee(v1) = hy (F4(s0,vo) + Fa(s1,v1)) —m (vy — v0)2 (60)

where v; now is the only free parameter.
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Figure 6: DP solution using velocity as state and Euler forward for discretization.

For flat road, the minimum of the objective is expected to occur for v; = v,. Therefore,

Wer(vo) < Wer(v1) Vv > (61)
should hold. By inserting (60) into (61),
Fd(sl’vl)_Fd(SleO) >mV1—V0 (62)
Vi— VYo h

is obtained. Approximating the differences with the corresponding derivatives yields
O dv
ov ds

Using (20b) and the models in Table 1 give 0F;/0v = ¢, A p,v/c. For typical values of a
heavy truck with m = 40-10* kg at v = 20m/s, ¢,, A p,/c ~ 0.6-10-1.2/1 = 7.2 < 8. Then
according to (63),

(63)

dv dv c,Aupavt 8-207
—=v—X < = 0.08 m/s
dr ' ds cm 40-103 /s
should hold but such a truck typically has a larger maximum acceleration. Therefore, the

discrete optimization algorithm using this method may find these oscillating solutions.

8.3 THE EULER BACKWARD METHOD

With velocity as state and the Euler backward method for discretization, the DP solution
for the test problem is shown in Figure 7. There is no longer an oscillating solution but
the expected control switches between singular and constrained arcs are damped.
Applying the backward Euler method on the model (2) gives
Vigl — Vi 1

h = m (Fp(ui) = Fi(sit1, Vi+1)) (64)
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Figure 7: DP solution using velocity as state and Euler backward for discretization.

Proceed as for the Euler forward method earlier. Solve for F,(u;) from (64) where
i € {0,1} and use that v, = vy. Insertion into the objective (58) gives

Web(v1) = hg (Fa(s1,m) + Fa(s2,v0)) + m (v —vo)’ (65)

When using this method, it is seen that there is no v; > v, such that the objective (65)
becomes lower than when v; = vy. Thus, the method guarantees that the solution for flat
road, i.e., constant speed, to the test problem is preserved. However, changes in velocity
vi # v are always penalized with the last term in (65). This is consistent with the results
in Figure 7 where the expected control switches are smoothed out.

8.4 ENERGY FORMULATION

With the energy formulation in (30), kinetic energy e is used as state variable instead of
the velocity v. The DP solutions for the test problem, with this reformulation and the
same number of grid points as before, for both Euler methods are shown in Figure 8.
The bang-singular-bang characteristics now appear clearly and there are only small
differences between the two Euler methods.

Performing similar calculations as previously, the objective value (58) becomes

Wer(v1) = hs (Fa(s0,v0) + Fa(s1,v1))
Web (V1) = hs (Fa(s1,v1) + Fa(s2,v0))

Due to (1), F;(s,v1) > F4(s,vo) if v; > v and thus, the expected solution v; = v, for flat
road is obtained. The objective values only consist of the resisting force evaluated in
different points and there is no extra term as in (60) and (65). In conclusion, with the
energy formulation, the simple Euler forward method can be used with adequate solution
characteristics.
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Figure 8: DP solution using kinetic energy as state and Euler methods for discretization.

9 INTERPOLATION ERROR

The DP algorithm is now applied on an illustrating example. The explicit truck model (21)
and the energy formulation is used. The model thus has the structure (30) with forces
given by (20). The road segment comes from measurements on a Swedish highway, see
Figure 9.

Figure 10 shows the value function at 16 different positions with a distance between
them of 200 m. The value function at position s = 3000 m is the proposed residual cost
(48) and it can be seen that the shape of the cost function is approximately preserved for
the other positions. Hence, the value function is dominated by a linear function with the
gradient y introduced in Section 6. As can be expected, the distance between the lines is
smaller in the downbhill segment compared to the uphill segment.

In the optimization algorithm it is the small deviations from the dominating straight
line that are important. A consequence of this is that the linear interpolation error
is significantly reduced if kinetic energy is used as state, instead of velocity, since the
interpolation error of the dominating linear part is zero. This means that a coarser grid
can be used and the complexity of the algorithm is reduced.

In Figure 11 the deviation from the linear function (48) is shown at four positions. It

40 b SN U SO SR ‘ Position (m)

0 500 1000 1500 2000 2500 3060

Figure 9: A road segment. The markers show the positions for the curves in Figure 11.
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Figure 10: Value function J(s, e, g) for g = 12.

is clearly seen that high velocities are most favorable at the beginning of the uphill slope,
at 400 m, and least favorable at the top of the hill, at 1200 m. The curve for s = 400 m
has a knee at 6 MJ, and the reason is that below this point a gear-shift is required. Low
velocities are most beneficial at the top of the hill and in the downhill slope, at 1200 m
and 1600 m.

10 EXPERIMENTAL DATA

A demonstrator vehicle, developed in collaboration with Scania, has been used to drive
optimally according to (P2). Detailed description of the experimental situation is given
in Hellstrom et al. (2009), and sensitivity to, e.g., mass and horizon length, is found in
Hellstrom (2007). The trial route is a 120 km segment of a Swedish highway. In average,
the fuel consumption is decreased about 3.5% without increasing the trip time and the
number of gear shifts is decreased with 42% traveling back and forth, compared to the
standard cruise controller. The tractor and trailer have a gross weight of about 40 tonnes.
In Figure 12, measurements from a 6 km segment of the trial route are shown. The
experience from the work with look-ahead is that the control is intuitive, in a qualitatively
manner. The main characteristics are slowing down or gaining speed prior to significant
hills. Slowing down will intuitively save fuel and reduce the need for braking. The lost
time is gained by accelerating prior to uphills which also reduces the need for lower gears.
However, to reduce the fuel consumption the detailed shape of the optimal solution is
crucial.

The energy formulation together with the discretization and interpolation theory
from Sections 8 and 9 leads to that the required resolution of the state grid is reduced
compared to the straightforward velocity formulation. Note that the obtained solution is
still optimal according to (P2). Furthermore, the use of simple Euler forward integration
is possible since oscillations are avoided and the residual cost enables the use of a shorter
horizon. Although a completely fair comparison is hard to make, all these factors reduce
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Figure11: J(s, e, g)+ye for ¢ = 12 and different positions s. Each curve is shifted vertically
such that its minimum is zero. The markers are also shown in Figure 9.

the computation time significantly, in total approximately a factor of 10 compared to the
previous implementation.

11 CONCLUSIONS

A DP algorithm for fuel-optimal control has been developed. Gear shifting is modeled by
functions for the velocity change and the required time, distance, and fuel, respectively,
during the shift process. A formulation that the algorithmic framework is well suited for,
since it allows a proper physical model of the gear shift and can be easily handled in the
algorithm by using interpolation. Furthermore, it was shown that a residual cost can be
derived from engine and driveline characteristics, and the result is a linear function in
energy.

The errors due to discretization and interpolation have been analyzed in order to
assure a well-behaved algorithm. Depending on the choice of integration method, os-
cillating solutions may appear, and for that the interplay between the objective and the
errors was shown to be crucial. A key point is that it is beneficial to reformulate the
problem in terms of energy. It was shown that this both avoids oscillating solutions
and reduces interpolation errors. A consequence is that a simple Euler forward method
can be used together with a coarse grid and linear interpolation. This gives an accurate
solution with low computational effort, thereby paving the way for efficient on-board
fuel-optimal look-ahead control.
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for fuel-optimal look-ahead control

Erik Hellstrém, Jan Aslund, and Lars Nielsen

Linkoping University, Linkoping, Sweden

ABSTRACT

Recent studies from several authors show that it is possible to lower the fuel con-
sumption for heavy trucks by utilizing information about the road topography
ahead of the vehicle. The approach in these studies is receding horizon control
where horizon length and residual cost are main topics. To approach these
topics, fuel equivalents previously introduced based on physical intuition are
given a mathematical interpretation in terms of Lagrange multipliers. Measures
for the suboptimality, caused by the truncated horizon and the residual cost
approximation, are defined and evaluated for different routes and parameters.
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1 INTRODUCTION

The scenario of look-ahead control is a heavy truck operating on varying terrain, and
there is road data on-board so that the road slope ahead of the vehicle is known. The
objective used is to minimize the fuel mass M required for a drive mission with a given
maximum trip time Tp:

minimize M (P1)
subjectto T < Ty

A receding horizon control (RHC) approach has successfully been used for the solution,
and experimental evidence confirms that it is possible to improve the fuel economy of
heavy trucks by this approach (Hellstrom et al., 2009). RHC is a general method to find
an approximation for the optimal control law by solving on-line, at each time step, a
finite horizon optimal control problem (see, e.g., the survey paper Mayne et al., 2000).
In this method, it is crucial how to select the residual cost at the end of the finite horizon
and how to select a proper horizon length to balance between computational complexity
and suboptimality. These two topics are in this paper given a thorough investigation that
is independent of the method of solving the optimal control problem in each time step.
The line of investigation is to consider (P1) but also the reformulation

minimize M + ST (P2)

where 3 determines the compromise between fuel mass and trip time. Problem (P1)
is solved in Hellstrom et al. (2010a) by developing an efficient algorithm for (P2). The
RHC approach is taken in recent papers on the problem (P1) for heavy trucks (Terwen
et al,, 2004; Hellstrom et al., 2007, 2009; Huang et al., 2008; Passenberg et al., 2009).
These works utilize the reformulation (P2) except for Terwen et al. (2004) where cruise
control rather than fuel-optimal control is considered by adding a quadratic penalty on
deviations from a cruise speed in (P1). Although the method of solution in each time
step differs in these studies, the length of the horizon and the residual cost are important
common issues. A residual cost is selected and explained by Hellstrom et al. (2010a)
that is linear in kinetic energy where the gradient y represents the trade-off between
fuel mass and kinetic energy at the end of the horizon. The deviation from optimality
thus depends on the length of the horizon and the choice of the fuel equivalence factors
(B, ), and the issue of suboptimality is studied here.

The paper starts out by formulating models of the longitudinal vehicle dynamics
that follows the treatment in previous papers (Hellstrom et al., 2009, 2010a). Next look-
ahead control is recalled, and measures are introduced for the suboptimality due to the
truncated horizon. The following two sections treat the fuel equivalents. These were
based on physical intuition in the prior papers but a clear mathematical interpretation is
added here by relating to well established optimal control theory. A quantitative study is
then performed to evaluate how the degree of suboptimality depends on the horizon
length, vehicle mass, and road characteristics.
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Figure 1: A vehicle moving in one dimension.

2 MODEL

The dynamics of the vehicle is modeled by considering the motion in one dimension, see
Figure 1. The propelling force is denoted by F,. The drag force is denoted by F4(s, v) and
is dependent on position s and velocity v. The velocity dynamics is given by Newton’s
second law of motion,

dv
mvg =F, = Fq(s,v) (1)

In the following, the full model and the basic model are presented. The full model
has two states and three control signals whereas the basic model is an approximation of
the full model and has one state and one control.

2.1 FuUuLL MODEL

A model of the longitudinal dynamics is formulated for a stiff driveline (Kiencke and
Nielsen, 2005). Gear shifting is considered and the ratio i and efficiency # are functions
of the current gear. The engine torque T, is given by a look-up table from measurements.
The states are velocity v and engaged gear g, and the controls are fueling uy, braking u,
and gear u,. The road slope is given by a(s) and the brake torque is denoted by Tj,. The
forces in (1) are then

1
Fp=—— (inTe(v. g ur) = Ty(up)) (2a)
1
Fy(s,v) = — (Fa(v) + Fi(s) + Fy(s)) (2b)
where ,
Cm :1+7Il+;7; Ie
mr?,

is a mass factor. The models of the resisting forces and all model parameters are explained
in Table 1 and 2 respectively.

Table 1: Longitudinal forces.
Force Explanation Expression
F,(v) Airdrag %cWAapav2
F,(s) Rolling resistance  mgoc, cos a(s)
Fo(s) Gravitational force mg sin a(s)
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Table 2: Truck model parameters.
I;  Lumped inertia ¢, Air drag coefficient

I, Engine inertia A, Cross section area
m  Vehicle mass pa  Air density
r»  Wheel radius ¢, Rolling res. coeff.

go  Gravity constant

The fuel consumption is given by integrating the mass flow of fuel M’ (¢/m),

Meyr i
M= —y (3)
2nn, 1y,
where 1., is the number of cylinders, 7, is the number of engine revolutions per cycle,
and g is grams of fuel per engine cycle and cylinder.

2.2 BASIC MODEL

A basic model is derived as an approximation of the full model for the purpose of
analytical calculations later on. A constant gear and no braking is assumed, the state is
velocity v and the control is fueling u.

Measurements of engine torque T, as a function of fueling u for a diesel engine
typically show an approximate affine relation, see, e.g., Hellstrom et al. (2010a) for
an experimental validation. Such an approximation can be interpreted as a Willans
description (Guzzella and Sciarretta, 2005). Denote an estimated gradient of this relation
by c., then

Au = c. AT, (4)

holds approximately. For the basic model, it is assumed that the fueling is proportional
to the torque with ¢, being the constant of proportionality (the drag torque offset d, is
included in the drag forces without changing the model structure). The dependence on
the road slope « is approximated to first order (« is typically a few percent). The forces
in (1) become

__inu
F, = p— (52)
Fas.v) = — (Ea(0) + F, + Fy(5)) (5b)

where F,(v) = %CWAapavz, F, = mgyc, — ;—”de, and Fy(s) = mgoa(s). The control is
bounded by
0<uc<i (6)

where # is maximum fueling. The mass flow of fuel (3) is

Neyl @

/ cy

M = Cyl, Cy = - (7)
21N, 1y,

where ¢, is a constant.
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3 LOOK-AHEAD

Look-ahead control utilizes RHC to handle the complexity due to changing conditions.
Now the RHC problem is formulated, and based on that suboptimality measures are
introduced.

3.1 RECEDING HORIZON

Combining Equations (1) and (2), the system model is given by

dx
I = f(x,u,s), x(0)=xp (8)
s
where x € X, u € U are states and controls. The problem over the entire drive mission
s € [0, S] is defined by
s
]S(xo) :minf L(x,u)ds (9)
0

uelU

where L is the running cost given by (P2).
Denote by J® the optimal cost for the RHC problem with the horizon length R. Let
s, be the current position and P = min{s, + R, S}. The problem

JR(spr %) = r'flelLr]l {gb(x(P)) + fS,P L(x,u) ds} (10)

where ¢ is a residual cost, is solved repeatedly on-line by some optimization method.
The solution is the RHC controller, denoted by u*, and the resulting trajectory is the

solution for p
x
i f(x,[,tR,s), x(0) = xg (11)
with an associated cost

N
Tox(x0) = fo L(x, u®) ds (12)

Thus, J5, gives a basis for evaluating a given horizon length R in relation to the full
#

problem given by JS in (9). The other important performance factor in RHC is the
residual cost ¢ in (10). The choice of R and ¢ will be studied in the following.

3.2 SUBOPTIMALITY MEASURES

To begin with, the basis for studying different horizon lengths is introduced. This foun-
dation is valid independent of the choice of the residual cost ¢ in (10).

The difference between the costs (9) and (12) is the central matter, and it is clear that
the relation

J*(x) < Joa(x) (13)

holds between these costs. To quantify the difference between them, a measure of the
suboptimality imposed by RHC is introduced that is the relative difference between the
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costs. Consequently, define the degree of suboptimality for a horizon length R by 7,
where

K= T (x) [15(x) =1 (14)

Clearly, Kf is non-negative, is zero for the optimal control law for the original problem
(9), and k}* — 0 when R — S. The suboptimality is decreasing with horizon length so
studying «' for varying R can be used to judge suitable horizon lengths. Note that the
measure is independent of how the optimal solution for (10) is obtained.

The application here is problem (P2) where

72 (x) = M3 (x) + BT (x) (15)

To separate the suboptimality in fuel mass M and trip time T, define the measures x5, k%

by
MﬁR (x)

MS(x)

T/fR (x) i
T5(x)

KR = . Kp= (16)

analogous to (14). The measures k7', K}, k7 are studied quantitatively for (P2) and varying
R in Section 6.

4 FUEL EQUIVALENTS

For an efficient solution of (P1), fuel equivalents have been introduced in Hellstrom
et al. (2010b,a) based on physical intuition. The support for these is substantiated in
Section 5 by a mathematical interpretation relating to optimal control theory. The use of
fuel equivalents is inspired by the electrical energy equivalents in works by, e.g., Paganelli
et al. (2000); Sciarretta et al. (2004).

4.1 KINETIC ENERGY EQUIVALENCE - RESIDUAL COST

The residual cost, the other important topic in RHC, is now treated. Starting with the fuel
equivalent y (#) that is based on that Equation (4) represents an affine relation between
engine torque T, and fueling u. The scaled gradient,

y= ol (17)

- 2mn,n ¢

defines an equivalence between energy and fuel mass.

In Hellstrom et al. (2010a), the idea is to calculate kinetic energy into an equivalent
fuel mass as an approximation of the fact that kinetic energy can be used to save fuel in
the future. The residual cost ¢(x) = —pe, where e = 3mv? is kinetic energy at the end of
the horizon, was proposed. A slightly modified residual cost is obtained by rewriting the
basic model for a small As. Equations (1),(5),(7), and (17) yield

AM =y[cuhe+ Ap + (F,(v) + F,) As] (18)
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where p is potential energy and Ap ~ mgoaAs. From (18) it is seen that a change Ae in
kinetic energy approximately equals a fuel mass yc,, Ae. Based on this, the mass factor
¢ should be included to yield

¢(x) =—ycme (19)

but ¢, is typically close to one, especially for large masses and higher gears. The value of
y for an example of a typical engine in a heavy diesel truck is 53 My or 4.6 kWh/L,

4.2 TiME EQUIVALENCE

The reformulation in (P2) is beneficial since the problem has a lower dimension than (P1)
and since, with an RHC approach, it avoids the risk of an infeasible constraint. However,
the parameter 3 has to be selected. An approximate value of 8 can be found by assuming
that the constant speed v is the solution for the trip length S. Using S = ¥Tj and (18)
gives the criterion.

) =y (p(5) - p(0)) +y (Ra(#) + E) S + 5 (20)

In a stationary point J'(¥) = 0 which yields g = y??F/ (7). The air drag force according
to Table 1 yield

B =2yP, (V) =2yP,(S/10) (21)
where P, (V) = 7F,(¥) is the air drag power. With f according to (21), J”/ () is positive

for all physically feasible parameters which shows that it gives a minimum for this
stationary case. The compromise between fuel mass and trip time is defined by the ratio

_ M _1f F 2
151 2 \" R =

A change in 8 gives another stationary speed v(8) and g. The relative changes in fuel
mass and trip time become

K,B _ Fﬂ(V(ﬁ))_Fa(f’) Kﬂ _ v

e X O A T (23)

The slope in the origin of the graph de versus K[; becomes —q~! where g is given by (22)
and so, close to the origin

qu/I + Kl; = (24)
holds. Examples of typical parameters for a heavy diesel truck and 80 km/h give 8 as 4.5 s
or 18.5/h and q as 1.2. The ratio g thus indicates that an increase in time of 1.2% gives,
approximately, a decrease in fuel mass of 1%.
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5 INTERPRETATION OF FUEL EQUIVALENTS

The fuel equivalents in Section 4 are given a mathematical interpretation by relating them
to the Lagrange multipliers used in optimization theory. To accomplish this, first an
optimal control problem is formulated and the multipliers for this problem are throughly
studied. A related work is Froberg and Nielsen (2008) where the multiplier for a velocity
state is studied.

5.1 PROBLEM FORMULATION

Consider (P1) for the basic model in Section 2.2 and treat the time constraint as an equality
constraint since the minimum is attained in the limit for a realistic drive mission:

minimize M (P3)
subjectto T = Ty

The problem (P3) is specified exactly below by (25)-(28). In the formulation, it is conve-
nient to use position s as independent variable and kinetic energy e as state instead of
velocity. The notation in the following is adopted from Bryson and Ho (1975).
The states are time ¢ and kinetic energy e with associated Lagrange multipliers
denoted by
x=(te)T, A=(ApA)T

The dynamics is

x'= f(x,u,s) = (C”um/—zeFd) (25)

Yem

The running cost is L = M’, so (7) gives the objective

s
]:minf cyuds (26)
0

uelU

with U given by (6). The trip time constraint is
v(x(8)) =t(S) - To (27)
Together with an initial condition
%(0) = (0,%mv(2,) (28)
the problem (P3) becomes completely specified.

5.2 SOLUTION

The Minimum Principle states that the optimal control minimizes the Hamiltonian H,

u* =argmin H (29)
uelU
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where H=L + AT f and

_9H

AT = . MS) = vTa—W (30)
x ox

where v is a constant vector (Bertsekas, 1995, Ch. 3.3).
For the problem (P3), the Hamiltonian is

H=L+ATf= ou+An/m2e — A Fy (31)
where o is given by
Cu
0(5) = ()’Cm + Ae(s)) (32)
YCm
The dynamics of A (30) is

A= ( Y ) A(S) = (v) (33)
“la(my:, A dm ] =
w (50)7 + 5 0
where the fact that %Fd(s, e) =+ a%Fﬂ (e) has been used.
Since H is linear in u, the solution is at one of the bounds in (6) if 6 (s) # 0. If 6 (s) = 0,

the solution is singular and can not be determined from the Minimum Principle. To
summarize, the possible controls are

0 a(s)>0
u' =34 o(s)=0 (34)
# o(s)<0

where i is the yet unknown control on a singular arc.
To find &, the singular arc is studied. Equation (32) immediately gives that if 6 (s) = 0,
then

Ae(s) = —yem (35)

If 6(s) = 0 on a finite interval, it must hold that ¢’(s) = 0. From (32) and (33) together
with (35) it then follows that

, A 3 9F,
G:J(ﬂ) —y===0 (36)

m \2e de

JF,

which shows that, since A; and are constant, the kinetic energy is constant on a
singular arc (this further implies that ¢”/(s) = 0). The control # is then given from (25)

YCm

u

=""Fy(s,V) (37)
where 7 is the constant speed. Singular arcs are possible on road segments with small
slopes such that constant speed is feasible since there must be a feasible i1, 0 < & < i1.

Solving (36) for A; and inserting the air drag force F, in (5b) shows that, on a singular
ar,

Ae =2yP, (V) (38)
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holds where P, (V) = VF,(¥) is the air drag power. Since v = A, is constant, the choice of
v such that the trip time constraint is satisfied also determines the constant speed ¥ on
singular arcs.

A complete solution for (P3) is given by solving the two-point boundary value prob-
lem given by (25), (28), and (33) where v is determined by the trip time constraint (27).

5.3 INTERPRETATION

The relationships (Bryson and Ho, 1975; Bertsekas, 1995)

o] o]
A==, H=-—
o o (39)
or equivalently
d] = \"dx - Hds (40)

form a general connection between the optimal cost function J and the Lagrange multi-
pliers A and the Hamiltonian H. The aim here is to investigate physically meaningful
interpretations of these quantities.

The control u may be discontinuous if selected according to (34). Moreover, the road
slope «(s) is typically known in discrete points oy where

a(s) = ay, se[kAs, (k+1)As) (41)

Jumps in a(s) and u(s) yield jumps in the system dynamics f, and the point at which f
changes can be seen as an interior boundary condition. Since, in this case, the condition
becomes a function only of position, it leads to that A is continuous whereas H may be
discontinuous (see Bryson and Ho, 1975, Ch. 3.5).

KINETIC ENERGY

The dynamics of A, is written as

Cwhapa

(42)
CnMm

IR
A.(s) = OAe(s) + ycmb (V) . 0=
v(s)
by inserting (sb) and (38) into (33). It turns out that the adjoint dynamics is driven by
the deviation of the optimal velocity v(s) from the constant level ¥ and it is expected
that A, (s) varies around —yc,, if v(s) varies around ¥. On a singular arc, v(s) = ¥ which
implies that A, is zero.

A variation e on an optimal trajectory gives a changed cost §] = A.Se according
to (39), i.e., a change in kinetic energy leads to a proportional change in the equivalent
fuel consumption with the constant of proportionality being A,. In particular, on a
singular arc, 6] = —yc,,0e and

o]

;- L (43)
= —=YCm,» e=—-—-mv
oele=s yem 2 3
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The change in the Hamiltonian (31) due to a change in the road slope at s = s; becomes,
since x and A are continuous,

H(si+) - H(s1-) = —Ci/\e(sl)mgo (o — k1) (44)

The Hamiltonian is therefore stepwise constant

H(s) = Hy, se[kAs,(k+1)As) (45)
and may be written as
1k
Hk:HO—C—Z)Le(jAs)mgo (o — atjoy) (46)
m j=1

for k = 1,2,...,5/As — 1. According to (40), the change in the optimal cost due to a
As with Ax = 0 is —H. Potential energy is approximately mgoa(s)As and consequently,
A¢(s) determines the proportional change in the cost due to the change in potential
energy during [s,s + As).

TIME

When solving (P3), the value of v = A; = 2yP,(¥) must be found such that the trip time
constraint (27) is satisfied. Using the time equivalent f3 in (21) is the same as choosing a
value 3, removing the trip time constraint (27) by letting ¥ = 0, and modify the objective
(26) as
¥ B
]:minf cuu+—ds (47)
0 v

uelU

that is equal to the formulation (P2). This formulation may lead to a trip time T # T,.
With the original formulation, a variation §¢ on the optimal trajectory gives a changed
cost 6] = vdt according to (39) and v is thus a measure of the increase in the equivalent
fuel consumption if the remaining time decreases.

SUMMARY

In conclusion, A; determines the constant speed ¥ on singular arcs, according to (38),
whereas A, is the decisive variable for the dynamical behavior, i.e., when the velocity
deviates from v, according to (32),(34),(42). The standard interpretation, given by (39),
of the values of the adjoint variables is that they are the gradient of the cost function
with respect to the states. In addition, it turns out in (46) that, in the position direction,
the cost function varies proportional to the varying potential energy with the constant
of proportionality equal to A,.

5.4 RESIDUAL COST

The residual cost (19) is now interpreted by aid of problem (P3). Consider an RHC
approach for solving (P3) by using the objective (47) and y = 0. The real residual cost
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for the objective (47) at position s, with x = (t, e), is

. S !
J(s, x) :1;16161[5 cuu+ Bt ds (48)

Since ¥ = 0, (30) yields that A, = 0, so it follows from (39) that J(s, x) is a function of s
and e. Equation (39) gives that

ad]

—Z =,

e (49)
According to (35), A = —ycy, on a singular arc and now, approximate A, with this

constant value on constrained arcs as well, i.e., A, ~ —yc,,. Integration of (39) with
respect to e then gives

J(s,x) » —yce + C(s) (50)
The integration constant C(s) does not affect the optimal solution and can be omitted
when choosing a residual cost ¢. Thus, this connection to optimal control theory supports
the choice of the residual cost ¢(x) = —yc, e in (19). Further, the choice is justified in
Hellstrom et al. (2010a) where it is shown that, without approximations, the real residual
cost (48) is dominated by this term.

6 QUANTITATIVE STUDY

The choice of horizon length is quantitatively studied by evaluating the suboptimality
measures in Section 3.2. The full model in Section 2.1 and three different routes, with
the characteristics and the abbreviations in Figure 2, are used. The maximum allowed
speed is 89 km/h and f3 in (P2) is chosen for a cruising speed of ¥ = 84 km/h. The vehicle
parameters are from the experimental setup in Hellstrom et al. (2009) and represent a
truck with a gross weight of 40 t with a relatively small engine of 310 hp. The computation
of the optimal cost functions (9) and (10) is done by value iteration (see, e.g., Bertsekas,
1995) by utilizing the algorithm development in Hellstrom et al. (2010a).

In Figure 3, the measure «* is shown for different horizon lengths R. It is seen that «}
depends on the route but the rate of decrease, i.e., the relative benefit of increasing R, for
around 1-2 km is similar. To study the effect on the fuel-time trade-off, Figure 4 shows
xX, versus xX for increasing R. It is observed that optimality is approached approximately
along a line with negative slope. To explain this behavior, note the following relationship
between the suboptimality measures obtained by combining (13)-(16):

MS

ﬁ (51)

0<x; (1+q) =gy +x5, q=
Now, since K}z tends to zero faster than the other terms, the solution approaches the line
qrR +x% = 0. By computing J® in (15) for varying f3, it shows that the ratio g is around 1
which explains the observed behavior. The computations also show that Equation (24)
gives a good approximation when Kﬁ[, K[; are a few percent. With a desired suboptimality
d in M, it is reasonable, based on (24), to aim for

0<qrl +xf<d (52)
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Figure 2: Elevation profiles (in one direction) and distributions of road slope values (in
both directions) for two Swedish routes and one German route.

since this is close to an optimal solution with a different 8. The optimal trade-off line
(24) and the desired area (52) are shown in Figure 4 for d = 0.5% and g given by (22).
These are used to determine horizon lengths with the appropriate compromise between
fuel consumption and trip time.

The vehicle mass is now varied by repeating the computations for lower masses down
to 20 t. The principle behavior in Figures 3-4 remains the same but the necessary horizon
length to reach a certain degree of suboptimality decreases with decreasing mass. This
effect is shown in Figure 5 where the necessary horizon length to reach the desired area
(52) for g given by (22), in both directions of the respective route, is drawn as a function
of vehicle mass.

7 CONCLUSIONS

Approximating the residual cost and choosing the horizon length are the two main
issues in RHC, and these are addressed here for the look-ahead problem. The support
for the residual cost used is strengthened by a mathematical interpretation, in terms of
Lagrange multipliers, that confirms the physical intuition. The choice of horizon length is
a compromise between complexity and suboptimality, and this compromise is quantified
by introducing measures for suboptimality. These are combined into an optimal trade-off
line that enables choosing horizon lengths with the appropriate compromise between
fuel consumption and trip time. Altogether, the framework for quantitative analysis
provide valuable insights into design and tuning for different road characteristics and
vehicle mass.
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ABSTRACT

Hybridization and velocity management are two important techniques for en-
ergy efficiency that mainly have been treated separately. Here they are putina
common framework that from the hybridization perspective can be seen as an
extension of the equivalence factor idea in the well known strategy ECMS. From
the perspective of look-ahead control, the extension is that energy can be stored
not only in kinetic energy, but also electrically. The key idea is to introduce more
equivalence factors in a way that enables efficient computations, but also so that
the equivalence factors have a physical interpretation. The latter fact makes it
easy to formulate a good residual cost to be used at the end of the look-ahead
horizon. The formulation has different possible uses, but it is here applied on
an evaluation of the size of the electrical system. Previous such studies, for e.g.
ECMS, have typically used a driving cycle, i.e. a fixed velocity profile, but here
the extra freedom to choose an optimal driving pattern is added.
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1 INTRODUCTION

Hybridization allow recovery of brake energy, optimization of the energy distribution
between engine and motor, and reduction of losses due to idling and clutching, and may
allow downsizing of the heat engine (Guzzella and Sciarretta, 2005). These possibilities
may yield better fuel economy and lower emissions despite the fact that a vehicle with a
hybrid powertrain typically is heavier than with a conventional powertrain.

Another upcoming technology is look-ahead control where, with a conventional
powertrain, there is a possibility to save fuel by taking information about the upcoming
road topography into account. Fuel-optimal algorithms that utilize such information
have lately been evaluated experimentally (Hellstrom et al., 2009). A system that adapts
the velocity to the road topography was also recently launched by Daimler Trucks North
America in collaboration with Navteq (Daimler Trucks North America press release,
2009).

Combining these two ideas in a hybrid powertrain gives extra degree of freedom in
the power flows, and information about the road topography is valuable for selecting
the power distribution in an optimal way. The power to mass ratio of heavy trucks leads
to that significant downbhills, where the vehicle accelerates without engine propulsion,
and significant uphills, where the vehicle decelerates despite maximum engine power,
are common on highways. Therefore the optimal control law is expected to be position-
variant and, for the hybrid case, the energy management of both kinetic and electrical
energy is important. These are features that distinguishes the problem from related work
on passenger cars (Paganelli et al., 2000; Sciarretta et al., 2004; Back, 2006) and light-duty
vehicles (Lin et al., 2003, 2004) where predefined drive cycles are used or time-invariant
feedback controllers are derived from stochastic control.

The purpose of this paper is to study fuel-optimal management of kinetic and electric
energy in heavy trucks traveling on open roads. The following sections present back-
ground on the scenario, the problem objective, and a model for the relevant dynamics.
The potential gain in fuel economy is then investigated and it is demonstrated that si-
multaneous management of kinetic and electrical energy is important. After that, the
fuel equivalents are recalled and used for formulating a look-ahead control scheme that
efficiently solves the minimum-fuel problem. Finally, powertrains with different sizes
of the electrical system are compared to a conventional powertrain by computing the
optimal solution.

2 BACKGROUND

For heavy trucks up to class 7, hybridization has been identified as a technology that
could improve fuel economy substantially (Bradley, 2000; An et al., 2000; Vyas et al.,
2003). The ideal candidates are vehicles mainly operating in urban areas with stop-and-go
conditions, such as transit buses and delivery trucks. For these applications, e.g., engine
downsizing and regenerative braking are expected to yield good results.

For the heavy trucks in class 8, weighing more than 15 tonnes, there is less room
for improvement. These trucks typically travels on open road at operating points with
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high efficiency and significant downsizing requires heavy electrical motors due to the
high power requirements (Bradley, 2000; An et al., 2000). On the other hand, they
are a large consumer of fuel, e.g., in the U.S. class 8 trucks consume about 68% of all
commercial truck fuel used, and 70% of this amount is spent traveling on open road
with a trip length of more than 100 miles (Bradley, 2000). Thus, any technology that
improves truck efficiency will have the best benefit for this class. The first targets for
class 8 trucks are applications where the drive pattern yields an expected good utilization
of the hybridization, such as regional delivery or drayage applications (HTUF DiaLog,
#09-01). When such hybrid powertrains matures, long-haul applications are further
developments.

3 OBJECTIVE

To achieve cost reductions, the objective is to minimize the fuel mass M required for a
drive mission with a given maximum trip time Ty:

minimize M (P1)
subjectto T < Ty

The control inputs are the torques from the combustion engine and from the electrical
motor, respectively, together with the brakes, and the gear shifts. The control signals are
fueling u,, electrical motor voltage u,,, brake torque u,, and gear selection u,. The road
slope is a function of position, and it is therefore natural to use spatial coordinates. A
model may then have, e.g., velocity and state of charge as states. A straightforward way
to handle the trip time constraint is to include time as an additional state.

4 TRUCK MODEL

A model for the dynamics of a hybrid electrical truck is formulated (Kiencke and Nielsen,
2005; Guzzella and Sciarretta, 2005). For the longitudinal motion, kinetic energy is used
as state. This has been shown to be beneficial in the case of a conventional powertrain
since it allows for simple integration and linear interpolation on coarse grids (Hellstrom
et al., 2010). It is later shown that this formulation is suitable for a hybrid powertrain as
well.

4.1 LONGITUDINAL MOTION

The prime movers are a combustion engine and an electrical motor. The torques from
the engine T, and the motor T, torque are given by

Te:fe(wa”e), T :fm(waum) (1)

where w is the rotational speed, u, is the engine fueling, u,, is the motor voltage, f, is
a lookup table originating from measurements, and f,, is specified below. The torque
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Table 1: Longitudinal forces.

Force Explanation Expression
F,  Air resistance ZewAapav’
F, Rolling resistance mgc, cos o
F,y Gravitational force  mgsina

from the engine and motor is assumed to be combined between the crankshaft and the
transmission by direct coupling. The torque at the flywheel is then

Tt = Te + Tm (2)

The components of the driveline, such as propeller shafts and drive shafts, are assumed
stiff and no clutches are modeled. The combined conversion ratio of the transmission
and final drive, denoted by i, and their efficiency, denoted by 7, are functions of the gear
number u,. The models of the resisting forces are given in Table 1.

Use the relation v = ’TWw where r,, is the effective wheel radius and the mass factor

i’nl + I,

Cm=1+ >
mr?,

where I, I, are lumped inertia before and after the transmission respectively. The dy-
namics for the velocity v is then

dv 1 (in U,
dt c,m

ETt—a—(FaJrFr‘f‘Fg)) (3)

where all model parameters are explained in Table 2. By introducing kinetic energy

e= %mv2 and noting that % = mvi—v = m% where s is position, the model is finally
s s t
written as
de iy u
cm— = —Ti—— = (Fa + F, + Fy) (4)
ds 1, Tw

4.2 BUFFER DYNAMICS

The amount of energy in the electrical buffer is denoted by b. The dynamics is governed
by the power Py, and the convention is that when P, is positive, energy flows from the

Table 2: Truck model parameters.
I, Lumped inertia ¢,  Airres. coefficient
m  Vehicle mass A, Cross section area
rw  Wheel radius pa  Air density
g  Gravity constant ¢,  Rolling res. coeff.
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buffer, and energy is stored in the buffer when P, is negative. The dynamics becomes

b db

R
TR T b (5)
The power P, equals the motor power. Thus
7’]me = me (6)

where 7, is the motor efficiency that is less than unity when P, is positive and larger
than unity when P, is negative.

An electrochemical battery is used as the buffer in the evaluation later on. The battery
is modeled by an internal resistance model (Johnson, 2002). This is an equivalent circuit
that consists of a voltage source, with open-circuit voltage U,,, in series with a resistor
with resistance R;. The battery voltage U is

U=Us - Rily (7)

where the current I, is determined by

I, = 2%1 (U(,C N 4RZ-Pb) (8)

The battery voltage is limited to an interval U € [Upin , Umax | which yields limits for the
maximum current and power for discharging and charging respectively.

4.3 FUEL CONSUMPTION
The mass flow of fuel 71 is determined by the fueling level u, and the engine speed w,

Neyl eyl 0
= L wu, = ———vu, (9)
2nn, 21N, ty,

where n,; is the number of cylinders and 7, is the number of engine revolutions per
cycle. The consumed fuel mass per unit distance is "/v.

5 RECOVERING BRAKE ENERGY

The fuel economy can be improved by reducing the brake energy. A preliminary analysis
is made to investigate the potential gain and the requirements on a storage system in
terms of energy, power, and efficiency. It is demonstrated that, with an additional energy
buffer, management of both kinetic and buffer energy is important.

The scenario considered is highway driving on open road where braking typically is
required for limiting the speed with respect to legal and safety requirements. Figure 1
shows two routes from Sweden and one from Germany. From the elevation profile and
road slope distribution it is seen that these routes have different characteristics, and this
leads to different usage of the brakes.

The numerical results in this section are obtained with a 360 hp conventional power-
train controlled by a cruise controller (CC), and a gross weight of 40 tonnes.
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Figure 1: Elevation profile (in one direction) and distribution of road slope values (in
both directions) for three different routes.

5.1 POTENTIAL GAIN

In Figure 2 the energy requirements for traveling the routes in Figure 1 back and forth are
shown. The set speed is 80 km/h and the extra speed allowed in downhills is varied along
the horizontal axis. The percentages of brake energy in relation to the total propulsive
energy show the maximum gain in fuel economy with reduced braking. The values

differ much and have the intuitively negative correlation with the extra speed allowed in
downhills.

5.2 BRAKE POWER

The required brake power for a certain speed for a given slope is given by the forces
in Table 1. A 40 ton truck in a 2% downbhill requires about 70 kW brake power to keep
90 km/h and 260 kW in a 4% downhill. The distribution of the brake power for traveling
the routes in Figure 1 back and forth are shown in Figure 3. The set speed is 84 kn/h with
5km/h extra speed allowed in downhills.

A generator covering the power range in Figure 3 would weigh several hundred
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Figure 3: Distribution of brake power for three routes.

kilograms considering a reasonable specific power. There are also constraints, depending
on the placement, that limit the physical size of the motor. However, any size of the
generator is useful for reducing the energy wasted in braking, the question is if it is
beneficial for reducing the fuel consumption despite the additional mass.

5.3 STORAGE SYSTEM

Reducing the brake energy on highways can be achieved by using kinetic energy as a
buffer or adding a device for regenerative braking. Utilizing kinetic energy requires that
there is an interval in which the velocity is allowed to vary and some energy is lost due to
increased air resistance. Devices for recovering energy may be of different types such as
electrochemical or electrostatic. Losses occur when charging and discharging the buffer,
and the mass of the device will increase the rolling resistance.

A goton truck in a 2% downhill requires, per kilometer, about 0.78 kWh brake energy
to keep 9o km/h and 2.9 kWh in a 4% downbhill. This corresponds to the capacity of a
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3.9 kWh and 14.4 kWh battery respectively with a 20% usable charge range. A significant
amount of energy can also be stored as kinetic energy. With the same numbers as above,
a velocity interval 8o+5 km/h correspond to a buffer of about 0.7 kWh which is equivalent
to the capacity of a 3.5 kWh battery.

EFFICIENCY

Utilizing kinetic energy as a buffer is, intuitively, more efficient than a device for regenera-
tive braking. Here, a simplified analysis is done to compare these strategies quantitatively.
Consider a road segment of length L;, with sufficiently steep slope « for the vehicle to
accelerate without engine propulsion and assume that T, = 0 and cosa » 1.

Assume that the recovering device is capable of absorbing the sufficient amount of
energy AW in order to keep constant kinetic energy ey. With the drag forces F;(e) »
F, + F,, the amount becomes

AW = (Fg(a) + F4(eo)) L (10)

which is a negative quantity in a steep downhill. The stored energy is —#; AW where 7 is
the storage efficiency. Given that the efficiency is equal when discharging, then —5#?AW
is the amount of energy that can be used in the future. If this energy is used to overcome
the driving resistance on a level road, then

—rlfAW =F;(eo)L, (11)

holds where L, is the length of level road.
Now, consider the case of using kinetic energy as buffer instead. For this case, the
model (4) can be written as

e'(s) = c - cre(s) (12)
where ¢; = —?—f(c, +sina),c; = C‘”CAi‘;’f“. The solution for (12) yields that the kinetic
energy in the end of the downhill is

C C
er=e(Ly) = :; + (eo - é) exp(-c2Ly) (13)

and that after the distance L3 on the level road where

1 1 —Cer
L3 = — logi
(o) C1 — C2€g

(14)

the initial kinetic energy ey is reached. Thus, the stored kinetic energy can be used
overcome the driving resistance for the distance L; on level road.

The two strategies can now be compared by requiring that the vehicle should travel
the same distance, i.e., L, = L3. Solving (10) and (11) for the efficiency gives

) 1 L

T TEG L
“FiCey 1

(15)
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Figure 4: The device efficiency #; (solid lines) and the speed v; (xm/n) at the end of the
hill (dashed lines).

where L is given by (14). Equation (15) indicates the required efficiency for the two
strategies to be equally efficient. Figure 4 shows 7 as a function of the downbhill slope «
and length L, for two different initial conditions e,. The velocity v; corresponding to the
kinetic energy e; at the end of the hill is also shown. Typical parameters of a truck with a
gross weight of 40 tonnes have been used.

A realistic value of 5?2 for a recovery device is about 60% (Guzzella and Sciarretta,
2005), 50 #]; ~ 77% which is lower than #; in Figure 4. Note also that the additional mass
of a device is not taken into account nor the fact that allowing a higher speed yields a
shorter trip time. However, when the allowed velocity interval is not sufficient to absorb
all energy there are possibilities to recover energy with a device. Examples are in longer
or steeper downhills where the velocity must be limited for safety or legal reasons. For a
fuel-optimal solution, the simultaneous management of kinetic and buffer energy is thus
important.

6 LOOK-AHEAD CONTROL

Look-ahead control is a method where future conditions are known, here focusing on the
road topography ahead of the vehicle. The minimum-fuel solution, given the information
about the future, is found through dynamic programming (DP) (Bellman and Dreyfus,
1962; Bertsekas, 1995).

6.1 DP ALGORITHM

The models (4)-(5) are first discretized in order to obtain a discrete process model

Xi1 = Fre(xp, ug)
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where xi, u; denotes the state and control vectors of dimension two (e, b) and four
(thes U, Ur, ug) respectively. The drive mission is divided into M steps and the problem
is to find

M-
Ji(x0) = min {u(xn) Z(k(xk,uk (16)

where (i and (js defines the running cost and the terminal cost respectively. The running
cost (i (xx, ug ) is defined by (P2) in Section 7.3. The terminal cost {y(xy) is treated in
the following by introducing a residual cost.

By introducing an approximate residual cost, (16) is transformed into a problem over
a shorter look-ahead horizon of N < M steps. Rewrite Equation (16) as

N-1
min Ty (xn) + D k(o k) 17)
Ug, - UN-1 k=0

where the residual cost at stage N,
M-1
Jn(xn) = omin - Cu () + > G (ks ) (18)
N> k=N

is replaced with an approximation J (xy), see (26).
The DP solution for this problem is to solve the functional equation

Ji (k) :n‘iikn{(k(xbuk)+]k+1(Fk(xk:uk))} (19)
fork=N-1,N-2,...,0 starting from

In(xn) = i (xn) (20)

being the terminal cost. When finished, J§ (xo) = Jo(x0) is the minimum cost.

When evaluating Ji1(Fi(xx, ux)) in (19), interpolation is generally needed and
bilinear interpolation is used for this purpose. It is shown in Section ¢ that this is an
appropriate method.

7 FUEL EQUIVALENTS

To facilitate an efficient solution of (P1) fuel equivalents are introduced. These relates,
approximately, a change in each of the degrees of freedom to a change in the criterion,
that is the fuel mass. The degrees of freedom are time, kinetic energy, and buffer energy.

The time equivalent is used to reformulate the problem (P1) into a problem of lower
dimension. The other equivalents are later combined into a residual cost that depends
on the states, i.e., kinetic energy and state of charge. The equivalence between fuel and
kinetic energy was used in Hellstrom et al. (2010). The equivalence factors between fuel
and charge are, e.g., used in the well known ECMS-type of control strategies (Paganelli
et al., 2000; Sciarretta and Guzzella, 2007).



7. Fuel equivalents 99

Fueling (mg/cycle~cylinder)
250
X
200
L,
150 | Ly "...f-..
RTIN
100 | et
. :k
Lot
e

. . aieTiaeee .
50 [ ot Engine torque (Nm)

.t | Il Il Il L Il 1

Il Il Il Il
200 400 600 800 1000 1200 1400 1600 1800 2000 2200

Figure 5: The relation between fueling and engine torque for a diesel engine.

7.1 KINETIC ENERGY

Measurements of the relation between engine torque and injected fuel mass per cycle
and cylinder, for a diesel engine with typical characteristics, are shown in Figure 5. As
can be seen, this function is approximately an affine function and using the method
of least squares, the gradient can be calculated. By multiplying the quantities by the
scaling factors 27zn, and n.,, respectively, the relation between work per cycle delivered
to the transmission and total fuel mass per cycle is obtained. The gradient of the scaled
function is denoted by y (#/), and it indicates how much additional fuel AM is needed,
approximately, in order to deliver a given amount of work AW, i.e.,

AM ~ yAW (21)

For a given increase of the kinetic energy Ae, the additional fuel required is

AM = XAe (22)
Ul

where # is the driveline efficiency.

The value of y can be interpreted as the inverse of the product of the indicated engine
efficiency and the fuel heating value. The approximation (21) is then the so called Willans
description (Guzzella and Sciarretta, 2005).

7.2 BUFFER ENERGY

Denote the efficiency of the electrical energy path #;,. Consider a given change Ab of
the energy level in the buffer. The energy 7, Ab is then delivered to the transmission if
discharging or the energy Ab/1, is consumed if charging. The equivalence between fuel
and buffer energy is now obtained by combining this with (21) which yields

AM ~ {ynb Ab if discharging (23)

% Ab  if charging
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For example, consider a battery as the buffer. Then #;, includes the efficiency of the
motor and for discharging and charging the battery. A given change in the state of charge
Aq yields that the energy delivered or absorbed is

Ab =UQoAq ~ U, QoAq (24)

7.3 TIME

The objective is to minimize the fuel mass on a drive mission with a given trip time as
stated in (P1). Now consider adjoining the trip time to the criterion in (P1) yielding

minimize M + T (P2)

where f§ is a scalar representing the trade-off between fuel consumption and trip time.
With this alternative formulation, it is no longer necessary to introduce time as a state.
Thus the problem (P2) has a lower dimension than (P1). However, there is an additional
issue tuning the parameter f.

The solution for (P2) gives a trip time T'(3). An approximate value of § can be found
by considering a vehicle traveling at the speed v for the length As on level road. The
criterion in (P2) is J(v) = AM + BAT where AT = % and, by using (21),

AM = yAW = XF(V)AS
n

where F(v) = F,(v) + F, + F, is the sum of the resisting forces in Table 1. In a stationary
point J'(v) = 0, it holds that 8 = %VZF’(V) and thus

B = zgpm (25)

where P,(v) = vF,(v) is the power required to resist the air drag. With this value J”(v)
is positive for all physically feasible parameters which shows that (25) gives a minimum
for this stationary case.

8 RESIDUAL COST

An approximation of the residual cost (18) makes it possible to solve the optimization
problem over a truncated horizon, see Section 6.1. The basic idea in the approximation is
that it is assumed that kinetic energy and buffer energy can be calculated to an equivalent
fuel energy and conversely, at the final stage N of the horizon, using (22) and (23). This
reflects that energy at the end of the horizon can be used to save fuel in the future.

For the buffer it must be decided whether discharging or charging should be con-
sidered since the fuel equivalent in (23) are different in these cases. If the energy level
b at the end of the horizon is less than a desired value, denoted by b, the cost should
reflect the fuel required for charging the amount b, — b. Conversely, if b is larger than b,
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the cost should be the fuel equivalent for discharging b — b,. Using (22) and (23), the
residual cost becomes

. Lp b<b
Ji(en) = C=Le—{m 0 (26)
h ynpb+D  b>bg

where C, D are constants. The crucial issue for the residual cost is that the relative cost
between different states is approximated well. Therefore, C can be omitted and D is
selected so that (26) is continuous which will allow interpolation between the linear
segments for charging and discharging.

When considering a battery, the residual cost may be expressed with the battery state
of charge g by using (24):

L UocQog q<4qo

(27)
Yy UocQoq+D g2 qo

Julew) = -Le {
n
where qo denotes the desired state of charge at the end of the horizon.

A simple approach to determine the efficiencies of the electrical path is to assign
them a constant value based on, e.g., the average efficiency for a drive mission. For
ECMS, the charge equivalence factor for a mission has also been determined without
explicit assumptions about the efficiencies by simulating the model with different con-
trol trajectories in a systematic way, see Sciarretta et al. (2004). These factors are key
parameters in ECMS since they are used as approximations for the adjoint variable in
order to determine the optimal control. Errors may;, e.g., lead to excessive violations of
constraints on the state of charge (Guzzella and Sciarretta, 2005). The DP algorithm is
not as sensitive as ECMS to the approximation since the factors are used only for the
residual cost at the end of the horizon although the sensitivity certainly increases with
shorter horizon lengths. In the following section, it is shown that assuming constant
efficiencies yields a reasonable approximation for the value function.

9 INTERPOLATION AND DISCRETIZATION

A numerical example is presented to gain insight into features of the problem for typical
parameters. The second hybrid system in Table 3 is used and the road segment comes
from measurements of the route from Norrkoping to Sodertilje, see Figure 6.

Figure 7 shows the value function J(s, e, b), for a given kinetic energy e, every 500 m
as a function of the electrical energy b. In Figure 8, the value function is shown for a
given electrical energy b as a function of the kinetic energy e. The characteristics in
these figures are observed for other e and b as well. The cost at s=6 km is the residual
cost (27). It can be seen that the form of the value function is approximately maintained
throughout the horizon and that it is dominated by the piece-wise linear residual cost
function. The distance between the lines is smaller in the downhill segments than in
the uphill segments, e.g, around 2 and 3 km. The switching point between the linear
segments in Figure 7 is for the position 6 km placed at b equal to 50% state of charge, but
occurs for different b at other positions.
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Figure 7: The value function for different positions, for a given value of kinetic energy, as
a function of the electrical energy.

In order to get similar resolution of the value function in e and g, it is natural to
select a discretization resolution in energy for the grid. The number of grid points in the
respective state will then vary with the allowed sets for the kinetic energy and electrical
energy for a given position.

The value function (s, e, q) at a given position s is dominated by a piece-wise linear
function in e and g. For the optimal solution, it is the deviations from this function that
are important. Since the errors from bilinear interpolation are zero on the dominating
linear parts, except for close to the switching point, a rather coarse discretization grid
can be used together with interpolation.

The look-ahead control scheme consists of the described DP algorithm utilizing the
fuel equivalents and residual cost that are introduced above. The algorithm is feasible
to run on an ordinary computer mainly due to the fact that the formulation makes it
possible to use a coarse grid and linear interpolation.
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10 DESIGN STUDY

A study is carried out where different powertrain designs are compared by computing
the minimum-fuel solution.

10.1 DESIGNS

Data on four Euro 5 diesel engines and other vehicle parameters were provided by Scania.
The maximum power of the engines ranges from 320 hp to 440 hp in 40 hp steps. The
320 hp engine is an inline 5-cylinder 9-litre engine and the others are inline 6-cylinder
13-litre engines.

The configurations are one conventional powertrain with look-ahead control (LC)
using only kinetic energy as a buffer, and three parallel hybrid powertrains (HLC1, HLC2,
HLC3) with increasing degree of hybridization. The 320 hp engine is used in all of these
configurations. The hybrids have a motor with maximum power of 40, 80, and 120 hp
respectively. The main characteristics of the electrical configurations are given in Table 3.
The basic assumptions for these are the following. The battery has a specific power of
1kW/kg and a specific energy 0.1 kWh/kg at cell level. At pack level these values are reduced
by a factor of 2. The motor has an average efficiency of 85% and a continuous power
rating with a specific power of 0.7 kW/kg. This corresponds to, e.g., a reasonable motor and
high-power lithium-ion battery targeted for hybrid electric vehicles (Stewart et al., 2008;
Guzzella and Sciarretta, 2005). These configurations yield a degree of hybridization (the
ratio between motor and engine power) that ranges from 13% to 38%.

The characteristics of the motor is modeled by a constant efficiency and an ideal power
profile that is parametrized by maximum power P,, and the speed w where maximum
torque and power are delivered, see Figure 9. The characteristics are symmetrical in
generator mode.
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Table 3: Three hybrid system configurations.
Battery Motor  Total
power energy power mass

Design (kW)  (kWh) (kW) (kg)

HLC1 35 3.5 29.4 111
HLC2 69 6.9 58.8 223
HLC3 104 10.4 88.3 334
P,
5 3
: =
S <
Speed Speed

Figure 9: Ideal motor characteristics.

10.2 BASELINE CONTROLLER

The four designs are compared to a vehicle with a conventional powertrain controlled
by a cruise controller (CC) without look-ahead. The comparison is made between
powertrains with the same maximum power, e.g., HLC1 is compared to a conventional
360 hp powertrain controlled by CC.

The CC determines fueling, braking levels through inversion of the system, see, e.g.,
Froberg and Nielsen (2008). The set speed determines the fueling level and the brakes
are applied when reaching the set speed plus the extra speed allowed. Gears are selected
based on engine speed and load.

10.3 RESULTS

The DP algorithm is applied back and forth on the three routes seen in Figure 1. The
algorithm parameters are constant for all runs. The allowed velocity interval is [79,89]km/h
where the lower limit is extended when it is not reachable. The allowed state of charge
interval is [40,60]%. The parameter f is selected for a cruising speed of approximately
84 km/, on level road through (25). The vehicle mass for the LC configuration is 40 tonnes,
and for HLC the mass in Table 3 is added. For CC an extra mass of 110 kg is added when
the larger 6-cylinder engines are used. The CC set speed is about 84 km/h and the brakes
are applied when the speed reaches 5 km/h above the set speed.

The CC set speed is adjusted to make the time difference small in order to make a
fair comparison of the fuel consumption. It is noted, for all of the hybrid designs on all
routes, that the corresponding conventional truck has comparable trip time with lower
cruising speed. This is due to the limited capacity of the battery and the additional mass
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Figure 10: The Norrkdping-Sodertilje route.

for the hybrid truck. The consequence is added air resistance, and this effect amplifies
with the size of the electrical system. The added rolling resistance, due to the extra mass,
further increases the additional drag forces for the hybrid designs.

The results from the road between Norrkoping and Sodertilje are shown in Figure 10.
The LC reduces the brake energy with a large amount. When adding a hybrid system
the amount of brake energy is further reduced but this is counteracted by losses in the
motor and increased drag. In total, the fuel economy is improved and the largest gain is
achieved with HLC2. Similar results show on the road between Linképing and Jonképing,
see Figure 11.

The results from the road between Koblenz and Trier, see Figure 12, have different
characteristics. Comparing the setups from left to right in the figure, fuel consumption
is reduced when adding all hybrid systems. Furthermore, there is a significant amount
of energy spent on braking even with the largest HLC3 configuration.

10.4 DiscussioN

Different characteristics of the optimal solution appear for the various designs. These
differences are connected to the characteristics of the road topography since they influ-
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ence the brake usage. To utilize most of the brake energy, the buffers of kinetic energy
and electrical energy must have sufficient capacity.

Considering the designs studied here, the buffers show to be sufficient for the routes
in Figure 10 and 11. The third route, between Koblenz and Trier, has noticeably different
characteristics than the two other routes studied, as can be seen in Figure 1 and 2. The
route has larger elevation variations, more steep slopes, and the amount of brake energy
is considerably larger than the other two routes. The gain from more hybridization is
increasing but the relative gain decreases.

In general, there are many factors for the design of a hybrid system like operating
conditions such as start-and-stop. From the long haulage perspective, however, it seems
that a rather modest hybrid system achieves most of the gain.

11 CONCLUSIONS

The potential gains in fuel economy for a heavy truck by reducing brake energy on open
roads are significant and dependent on the characteristics of the road topography. A
hybrid system can recover brake energy, and for such a truck the simultaneous manage-
ment of kinetic and electrical energy is important. The reason is that if the velocity is
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allowed to vary, even within a narrow interval, kinetic energy becomes an energy buffer
of considerable size due to the large mass of a truck. Further, utilizing kinetic energy is
an efficient way of short-term energy storage.

It shows that the formulation for an efficient look-ahead algorithm, previously used
for management of kinetic energy, works well in the extended framework including
management of electrical energy. The study of different powertrain designs reveals that
fuel economy is improved by look-ahead control with a conventional powertrain, and
that a hybrid powertrain may yield additional improvements. With a hybrid system
further reductions of the brake energy are possible but these are counteracted by losses
in the motor and increased drag. It is shown how the optimal trade-off between size and
capacity depend on the road characteristics, and also that a modestly sized electrical
system achieves most of the gain.
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