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Abstract

Off-highway vehicles are heavily relied upon for industrial transportation and have

highly energy-intensive operation. Automation of off-highway vehicles presents an

opportunity to reduce energy consumption without negative impact on productivity

through optimization. Prior studies on this topic are lacking a systematic formulation

of the optimal control problem for automation. This work introduces novel formula-

tions of the optimal control problem for a typical wheel loader drive cycle for both

diesel- and electric-powered vehicles. The formulations include development of control-

oriented mathematical models, physical constraints, boundary constraints to create the

desired cycle, and multi-objective cost functions. Simulations of the optimized trajec-

tories demonstrate feasibility of implementation and allows deeper analysis of proposed

reductions in energy. This work finds that optimal automation for a diesel wheel loader

can reduce energy consumption by 42.1% while matching or improving that productiv-

ity of a human driver. For electric wheel loaders, this work extends the feasibility of

electrification to larger sizes than those found in literature while matching diesel per-

day productivity with 1.2 battery charges compared to human drivers and 1.8 battery

charges compared to an optimal automated diesel vehicle while demonstrating 74% less

energy consumption. The diesel-powered vehicle reduces energy by optimizing the en-

gine operation point via coordination of the driving and working systems, while the

electric-powered vehicle further reduces energy consumption with a more efficient ar-

chitecture. Overall, this work demonstrates the potential for automation of off-highway

vehicles to reduce energy consumption, provides a systematic methodology for optimiz-

ing automation and evaluating its benefits, and gives a pathway to electrification of

mid-size wheel loaders using automation.
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Chapter 1

Introduction

1.1 Background and Motivations

As researchers respond to the global push to increase energy efficiency and decrease

fossil fuel emissions, the transportation industry is a major target for improvement.

According to the Lawrence Livermore National Lab, transportation accounts for 30%

of U.S. energy consumption while powered mostly by fossil fuels, using 70% of the

petroleum consumption [2]. In addition, overall energy efficiency for transportation is

estimated at only 21%. As worldwide transportation systems aim to increase energy

efficiency and sustainability, automation is seen as a tool to achieve better efficiency

without sacrificing productivity.

According to Lynch and Zigler, off-highway vehicles accounted for 8% of the U.S.

transportation sector’s energy consumption [3]. Off-highway vehicles are vehicles which

are designed for use in terrain other than public highways and roads, sometimes referred

to as off-road vehicles. The term typically refers to motor vehicles with non-passenger

applications such as agriculture, construction, or mining. Autonomous off-highway vehi-

cles have been garnering increasing attention from researchers over the last few decades.

Off-highway vehicles are energy-intensive and will continue to be widely used. In ad-

dition to reducing energy consumption, automation can also help decrease costs and

improve safety in fields such as agriculture, construction, and mining.

Off-highway vehicle dynamics are more complex than on-road vehicles because they

have another work function in addition to propulsion, which often uses fluid power.

1



2

Figure 1.1: CASE 821G Wheel Loader [1]

Internal combustion (IC) engines are widely used as the power source for off-highway

vehicles. This work will focus on wheel loaders – which make up a large portion of off-

highway vehicle energy consumption – to exemplify off-highway vehicles. Wheel loaders,

alongside excavators, are one of the most common off-highway vehicles and are used to

transport soil, ore, snow, wood chips, and construction materials in a variety of fields [4].

Wheel loaders have a hydraulic work circuit with a bucket that is powered by the engine

in conjunction with the propulsion system. This creates a complex dynamic interaction

on the engine shaft, as well as requiring professional operators to handle simultaneous

control inputs for driving, steering, and bucket motion.

A mathematical model provides the framework for understanding how the vehicle

operates. Since autonomy requires a real-time solution, the model must run quickly

while achieving sufficient accuracy to still produce useful results with the major aspects

of the vehicle considered. The system model can be divided into subsystems: drivetrain,

hydraulic work circuit, and steering, all of which are powered by the engine. Each of

these has control inputs that would traditionally be operated by a human: fuel injection

(gas pedal), brake torque (brake pedal), bucket tangential and rotational acceleration

(valve commands), and steering wheel speed. Gear shifting must be included in the

drivetrain model to have accurate results when the loader is transporting material.
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Optimization of off-highway vehicle operation is crucial to realizing the major goals of

vehicle automation. To replace human operators, autonomous vehicle require guidance

on how to complete tasks. Since energy efficiency without loss of productivity is the

primary objective, minimizing fuel consumption and cycle time are both of interest. The

vehicle must also be sure to fill the bucket completely during each loading to maintain

productivity. A formulation that can produce optimal trajectories for complete loading

cycles bound to realistic operational constraints with robustness to perturbations and

cycle conditions is needed.

To take energy efficiency and sustainability of off-highway vehicles a step further

as internal combustion engines and fossil fuels are phased out, they will be electrified.

The system model can be adapted to use a battery and electric motors in place of the

engine. With this change, wheel loaders can take advantage of the traits of electrical

power to separate the drivetrain and hydraulic systems onto two different motors. The

battery can also be used for energy storage to reduce energy wasted in braking or excess

flow. Electric power, while power-dense, is often limited by its energy-density when

applied to electrifying mobile vehicles. Using automation and systematic optimization

to improve energy efficiency and productivity will aid electrification of larger vehicles

without requiring impossibly large batteries or motors.

While optimization formulations must use control-oriented models with limited or-

der for reasonable computation time and convergence, more accurate high order models

are useful in evaluating the feasibility and detailed energy consumption of the optimized

trajectory. Simulation of a higher order, validated model will validate and evaluate the

proposed optimal results. Control systems must be designed for the relevant systems

that will represent automation of the vehicle to track the desired trajectory in simula-

tion. For additional confidence, an existing Hardware-in-the-Loop (HiL) Testbed with

a real engine loaded by a dynamometer will be used alongside simulation to evaluate

the engine-powered vehicle. This process can be used to adjust the optimal formulation

to account for additional losses or unrealistic constraints.
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1.2 Literature Review

Automation of off-highway vehicles has been an active area for over four decades [5].

While substantial progress has been made, there are still only limited autonomous off-

highway vehicles ready for deployment [6], [7]. Off-highway vehicles, and particularly

wheel loaders, typically follow repetitive working cycles that makes them well-posed for

automation. Replacing human operators with autonomous off-highway vehicles would

bring benefits in cost reduction, safety, and productivity [8]. Dadhich [4] brought for-

ward the technique road map towards fully automated wheel loaders, defining the steps

as manual operation, in-sight tele-operation, tele-remote operation, assisted tele-remote

operation, and fully autonomous. The current status remains between the tele-remote

operation and assisted tele-remote operation. Dadhich also points out the lack of a

control-oriented model appropriate for all parts of a short loading cycle and a method

to assure performance in regards to fuel efficiency, cycle time, and bucket fill factor.

Autonomous bucket loading is covered by [9, 10] using actor-critic reinforcement

learning with a neural networks trained using the trajectories of a human operator. This

method can meet cycle time and fill factor requirements for bucket loading, but makes

no guarantees on fuel consumption. Autonomous transport is studied in [11], which uses

extensive human-driven short loading cycles to determine the optimal driving trajectory

based on the orientation of the load receiver and its distance from the loading area.

Optimal trajectory planning can improve upon the trajectories chosen by human

drivers and is more generalizable. Optimization has frequently been applied to mobile

autonomous systems, as in [12, 13, 14, 15] which solve multi-stage optimization problems

for car-like robots and unmanned aerial vehicles. Several previous studies have also

covered modeling and optimization of wheel loaders. [16, 17, 18] develops an optimal

transport trajectory planning strategy to minimize cycle time and fuel consumption. [19]

uses the Genetic Algorithm for optimal transport path planning. [20] uses a random

tree algorithm and model predictive control to generate and track a transport path for

a linear kinematic model.

Even with potentially significant improvements in fuel efficiency, off-highway vehicles

cannot be run sustainably with fossil fuels. Off-highway vehicles have begun to trend

towards electrification in recent years as environmental regulations grow stricter and
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newer technologies are expected to offer better energy efficiency, lower costs, improved

reliability, and increased productivity [21]. Construction vehicles, especially excavators

and wheel loaders, are the most commonly electrified off-highway vehicles available,

with market shares for both expected to increase significantly in the coming years [22].

However, Beltrami also points out that the state-of-the-art in applications of electric

loaders is limited to vehicles under 5000 kg and 30 kW , with power correlating with

operating weight [22]. Thus while off-highway electrification is a big area of investment,

battery capacity is a limiting factor in electrifying even the larger end of compact loaders.

Automation with energy-optimization provides a key pathway to expanding the use of

battery-electric wheel loaders.

Until recently, hybrid electric powertrains are most common in off-highway optimal

control literature. [23, 24, 25] cover optimal control and energy management for hybrid

electric off-highway vehicles with predetermined trajectories. [26] uses MPC to optimize

energy management in a hybrid without a pirori knowledge of the trajectory, and [27] is

a similar work that uses Pontryagin’s minimum principle and considers battery aging.

In the last few years, literature has turned more towards full electrification and au-

tomation of compact wheel loaders with encouraging results for energy savings. [28]

demonstrates the capability of a small electric forklift to match the productivity of a

diesel one while improving efficiency from 25-28% to 77-87%. In [29], Karuppanan sim-

ulates the performance of Volvo’s autonomous and finds that control design can take

advantage of automation to improve efficiency over following human driver behavior,

but without systematically optimizing the trajectory. Zhang et al. cover speed trajec-

tory optimization for a battery electric wheel loader in [30]. They combine dynamic

programming with Brent’s method to improve computation time and optimize battery

lifetime. This study only optimizes the speed trajectory during transport phases alone,

with fixed waypoints and no consideration of the bucket loading and connection between

phases.

Results obtained by solving optimization problems should be validated to support

the proposed solution. Simulation of a validated model is commonly used for this

purpose in literature. Experimental validation gives an even higher degree of accuracy.

[31, 32] propose and use a Hardware-in-the-Loop (HiL) Testbed with a real engine

to demonstrate optimal results for connected and autonomous on-road vehicles. This
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method is simpler, safer, and less costly than field testing with a full vehicle.

Off-highway vehicles such as wheel loader currently rely on trained human drivers

to complete tasks. It is of interest to automate their operation and improve upon

human driving abilities by formulating and solving an optimization problem. This

requires a control-oriented system model to be used in real-time that covers all parts of

a typical loading cycle. Previous studies on modeling and optimization focus on only the

transport or bucket loading phases of a cycle alone. None of those that cover transport

include gear shifting in their drivetrain models. Creating an optimal formulation that

includes all phases of a loading cycle will allow for further improvements in energy

efficiency as well as better robustness to cover multiple cycles. Evaluating results from

this optimization formulation with simulations and experimentally on an HiL Testbed

provides a high degree of confidence in the claimed outcomes. These literature gaps

exist for both diesel and electric off-highway vehicles.

1.3 Overview

The objective of the proposed research is to develop a systematic method for the op-

timization of autonomous off-highway vehicles to save energy, with particular focus on

wheel loaders. A control-oriented model for the target vehicle is developed for use in

real-time optimization. The optimization problem is formulated with a robust method-

ology that can apply to a variety of cycles, powertrains, and vehicle models. The results

of the optimization will are evaluated with simulations of high order model and exper-

imentally when possible. This research is composed of three parts: diesel optimization

formulation, electrification and optimization re-formulation, and result evaluation.

Chapter 2 presents a study on formulation of the optimal control problem for an

autonomous diesel-powered wheel loader. The control-oriented model is developed and

calibrated using human driving data. The model includes the engine, drivetrain (torque

converter, gearbox, driveshaft), work circuit (main pump, bucket, tool-environment

interaction), and steering (steering system, vehicle motion dynamics). The optimization

problem is formulated with a systematic methodology. A typical loading cycle is defined

and converted into a series of constraints that are applied to the problem. The objective

function will be defined to reduce energy consumption while maintaining or improving
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productivity over human drivers. Physical constraints are applied based on human

driving data to keep the vehicle operation in a realistic setting. The methodology for this

formulation is robust to changes in the cycle definition and variable constraints. Solving

this optimization formulation shows that this methodology can achieve significant gains

in energy efficiency without loss of productivity.

Chapter 3 presents a study on electrification for an autonomous wheel loader. A

control-oriented electric-powered model is developed for an existing diesel vehicle with

minimal changes to the architecture downstream of the power source. Electric compo-

nents are sized against data for a human-driven cycle of the diesel loader. The optimal

control problem formulated in Chapter 2 is adapted and applied for an electric vehi-

cle, along with re-solving the problem for a compact diesel vehicle to directly compare

results. Physical and boundary constraints are applied systematically to the new pow-

ertrain to maintain a realistic optimization setting considering the battery and motor

specifications. Results discussed in this chapter show that the methodology provides

a pathway to expanding electrification to larger vehicles using efficiency gains from

automation and optimization.

Chapter 4 presents a study on evaluating and validating the optimal cycles created

in the two previous chapters. Developing high order, validate system models for a target

vehicle using both powertrains with controllers designed to autonomously implement a

desired trajectory allows simulation of any developed cycle with detailed analysis of

the results. For the diesel vehicle, the results are also evaluated experimentally and

discussed using a HiL testbed with a real engine. This study provides a method for

evaluating optimal results and reveals how the system’s energy efficiency is improved by

trajectory optimization. The evaluation provides additional confidence in the feasibility

of implementing an optimal autonomous wheel loader, and gives insight on how to

further improve the optimization process.

This work is reviewed and has its conclusions summarized in Chapter 5. This chapter

provides an overview of the key contributions of this work as a whole and provides

recommendations for future work in this area.



Chapter 2

Optimization Problem

Formulation of Drive Cycle for an

Autonomous Diesel Wheel Loader

2.1 Introduction

This chapter describes the formulation of an optimization problem for a off-highway

wheel loader drive cycle. Off-highway vehicle dynamics are more complex than on-road

vehicles because they have another work function in addition to propulsion, which often

uses fluid power. Internal combustion (IC) engines are widely used as the power source

for off-highway vehicles. This work will focus on wheel loaders – which make up a large

portion of off-highway vehicle energy consumption – to exemplify off-highway vehicles.

Wheel loaders, alongside excavators, are one of the most common off-highway vehicles

and are used to transport soil, ore, snow, wood chips, and construction materials in a

variety of fields [4]. Wheel loaders have a hydraulic work circuit with a bucket that

is powered by the engine in conjunction with the propulsion system. This creates

a complex dynamic interaction on the engine shaft, as well as requiring professional

operators to handle simultaneous control inputs for driving, steering, and bucket motion.

Automation of off-highway vehicles has been an active area for over four decades

[5]. While substantial progress has been made, there are still only limited autonomous

8
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off-highway vehicles ready for deployment [6], [7]. Off-highway vehicles, and particularly

wheel loaders, typically follow repetitive working cycles that makes them well-posed for

automation. Replacing human operators with autonomous off-highway vehicles would

bring benefits in cost reduction, safety, and productivity [8]. Dadhich [4] brought for-

ward the technique road map towards fully automated wheel loaders, defining the steps

as manual operation, in-sight tele-operation, tele-remote operation, assisted tele-remote

operation, and fully autonomous. The current status remains between the tele-remote

operation and assisted tele-remote operation. Dadhich also points out the lack of a

control-oriented model appropriate for all parts of a short loading cycle and a method

to assure performance in regards to fuel efficiency, cycle time, and bucket fill factor.

Autonomous bucket loading is covered by [9, 10] using actor-critic reinforcement

learning with a neural networks trained using the trajectories of a human operator. This

method can meet cycle time and fill factor requirements for bucket loading, but makes

no guarantees on fuel consumption. Autonomous transport is studied in [11], which uses

extensive human-driven short loading cycles to determine the optimal driving trajectory

based on the orientation of the load receiver and its distance from the loading area.

Optimal trajectory planning can improve upon the trajectories chosen by human

drivers and is more generalizable. Optimization has frequently been applied to mobile

autonomous systems, as in [12, 13, 14, 15] which solve multi-stage optimization problems

for car-like robots and unmanned aerial vehicles. Several previous studies have also

covered modeling and optimization of wheel loaders. [16, 17, 18] develops an optimal

transport trajectory planning strategy to minimize cycle time and fuel consumption. [19]

uses the Genetic Algorithm for optimal transport path planning. [20] uses a random

tree algorithm and model predictive control to generate and track a transport path for

a linear kinematic model.

Previous studies on modeling and optimization of wheel loaders focus on only the

transport or bucket loading phases of a cycle alone. None of those that cover transport

include gear shifting in their drivetrain models. Creating an optimal formulation that

includes all phases of a loading cycle will allow for further improvements in energy

efficiency as well as better robustness to cover multiple cycles. This study develops a

control-oriented model and optimal problem formulation for a CNH 821G Wheel Loader

and could be extended to other similar models or alternate set of specifications. The
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short loading cycle–also referred to as a Y- or V-shape cycle–will be optimized as a

common example for wheel loaders although the formulation can be used to optimize

other cycles. The short drive cycle is for a typical loading operation, where the wheel

loader is transporting material from a pile to a truck or other collection location.

The optimal control problem formulation developed in this chapter is nonlinear,

multi-stage, multi-objective, and time-optimal. Section 2.2.1 introduces the control-

oriented model that will be used. Section 2.2.2 gives more detail on the computational

aspects used in this chapter. The system model contains nonlinearities that cannot be

removed without losing significant accuracy, requiring a nonlinear method. Breaking

up the problem into multiple stages discussed in Section 2.2.3 allows the state dynam-

ics and constraints to change between stages to enable implementation of the desired

cycle. The objective function in Section 2.2.4 defines the optimality condition. Section

2.2.5 describes the state and control constraints based on physical limitations and 2.2.6

gives the initial and final conditions for each stage that create the cycle, connect the

stages, and force the vehicle to achieve the cycle objectives. To the best of the author’s

knowledge, this is the first systematic formulation of the optimal control problem of a

full drive cycle for an autonomous diesel wheel loader.

2.2 Methods

2.2.1 System Model

Fig. 2.1 shows an overview of the system model. The wheel loader is represented by

a system model with 13 states and 5 controls. The system states are engine speed ωe,

driveshaft speed ωd, vehicle x and y position xp and yp, heading angle β, steering angle

δ, steering angular speed ωs, bucket x and z position xb and zb, bucket tangential and

rotational speed vb and ωb, bucket orientation α and filled bucket area Ab. The controls

are engine fuel injection per cycle uf , driveshaft brake torque ud, steering wheel speed

us, and bucket tangential and rotational acceleration ub,tan and ub,rot.

x = [ωe, ωd, xp, yp, β, δ, ωs, xb, zb, vb, ωb, α,Ab]
T

u = [uf , ud, us, ub,tan, ub,rot]
T
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Figure 2.1: Diesel system schematic for control-oriented model

The system model can be broken into three subsystems: the drivetrain, the work

circuit, and the steering circuit, all of which are powered by the engine. The engine

shaft dynamics are given by

ω̇e =
1

Je
(Te − Ttcp − Tmp − Tbp) (2.1)

where Je is the lumped engine shaft inertia. The engine torque Te is given by Eq. 2.2,

the torque converter load Ttcp and main pump load Tmp will be analyzed further in this

section, and the brake pump torque Tbp is considered constant.

Te =
ηeqhvncyl

4π
uf − Vd

4π
(c1ω

2
e + c2ωe + c3) (2.2)

where ηe is the engine combustion efficiency, qhv is the lower heating value of diesel

fuel, ncyl is the number of cylinders, Vd is the displacement volume, and c1, c2, c3 are

calibrated friction coefficients.
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The engine fuel consumption is given by

ṁf =
ncyl
4π

ufωe (2.3)

Drivetrain

The drivetrain consists of a torque converter connected to the engine shaft, followed by

a transmission gearbox controlled by an automatic shift schedule, and the driveshaft.

The torque converter is modeled with the method presented by Kotwicki [33] with the

pump torque Ttc,p and turbine torque Ttc,t given by

Ttc,p = a1ω
2
e + a2γωeωd + a3γ

2ω2
d (2.4)

Ttc,t = b1ω
2
e + b2γωeωd + b3γ

2ω2
d (2.5)

where γ is the transmission gear ratio and a1, a2, a3, b1, b2, b3 are calibrated torque

converter coefficients.

Gear shifts for the automatic transmission system are determined by a shift schedule

that maps vehicle speed and engine throttle to gear shifts [34]. This shift schedule and

the resulting gear ratio is discrete, which presents a challenge for nonlinear programming

(NLP) solvers relying on a gradient method that requires smooth constraints. To solve

this difficulty, the shift schedule mapping is smoothed as in [35]. A piecewise linear

function is fit to each curve of the shift schedule. The ”distance” (difference between

the current speed and the speed at which a shift would occur for the current throttle)

from each point on the shift schedule to the nearest curve is stored. A smoothed lookup

table can then be computed by a sigmoid function

γk =
γi − γi+1

1 + e−Cϕ(vk,thk)
(2.6)

where k is the current timestep, γi and γi+1 are gear ratios for consecutive gears, C is a

constant that defines the steepness of the function, ϕ is the pre-calculated shift schedule

distance function, and th is the engine throttle which is linearly related to fuel injection

uf . Fig. 2.2 shows an example of the resulting map for the 4-speed forward drive with

gear numbers rather than gear ratios for readability.
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Figure 2.2: Smoothed gear mapping for forward drive

The driveshaft dynamic is given by

ω̇d =
1

Jd
(Td − Trr − Tpile − ud) (2.7)

where Jd is the driveshaft inertia and the drive torque Td, rolling resistance Trr, and

pile resistance torque Tpile are given by

Td = γTtc,t (2.8)

Trr =
Rw

kf
µmg (2.9)

Tpile =
Rw

kf
Fh (2.10)

where Rw is the wheel radius, kf is the final drive ratio, µ is the wheel friction coefficient,

m is the vehicle mass, g is the acceleration due to gravity, and Fh is the pile resistance

force. This force is the horizontal component of the force exerted on the bucket by the

pile, which is considered in Section 2.2.1.
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The vehicle speed can be calculated by

v =
Rw

kf
ωd (2.11)

Work Circuit

The work circuit consumes significant power, particularly when filling and lifting the

bucket. A control-oriented model for the work circuit is developed in this section to

represent these power requirements and the bucket motion. Model order must be kept

low for use in optimization without sacrificing important features. To accomplish this,

the pressure and flow dynamics of the hydraulic system are ignored and it is assumed

to have a constant (conservatively low) efficiency. The control inputs to the bucket

are tangential and rotational acceleration ub,tan and ub,rot. The components of bucket

velocity are given by

v̇b = ub,tan (2.12)

ω̇b = ub,rot (2.13)

The bucket position and orientation is considered in the x − z plane relative to the

vehicle position, which can be derived from the tangential-rotational motion as

ẋb = vb cosα+Rbωb cosψ cos(π − α)−Rbωb sinψ sin(π − α) + ẋp (2.14)

żb = vb sinα−Rbωb cosψ sin(π − α)−Rbωb sinψ cos(π − α) (2.15)

α̇ = ωb (2.16)

where Rb is the distance from the bucket tip to the bucket center of mass and ψ is the

angle between vb and Rbωb (assumed constant).

A power balance at the bucket tip and hydraulic pump shaft will give the pump’s op-

erating point. The power output by the bucket in the horizontal and vertical directions

are

Ph = (Fh +mbg sin(π − α))(vb +Rbωb cosψ) (2.17)

Pv = (Fv +mbg cos(π − α)Rbωb sinψ (2.18)
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Then the main pump torque with constant hydraulic circuit efficiency η is expressed as

Tmp =
Ph + Pv

ηωe
(2.19)

where mb is the mass of the bucket and Fh and Fv are found using the fundamental

earth-moving equations (FEE), see [36] for details. The FEE model is calibrated and

validated by Yu et. al. using human driving data of bucket-pile interaction in [37],

although the on-line component of this force model is not suitable for this work. The

pile shape must be known and included in the model.

For this work, it is assumed to have a simple parabolic cross-sectional shape shown

in Fig. 2.5 and described by

zpile = −3

4
x2pile + 3xpile (2.20)

The area between the pile and the bucket tip trajectory defines the amount of material in

the bucket. Eq. 2.21 describes the area dynamic using the differential height difference

between the pile and the bucket tip.

Ȧb = (−3

4
x2pile + 3xpile − zb)ẋb (2.21)

When there is no bucket-pile interaction–such as during lifting–the bucket typically

maintains orientation at its maximum angle with no rotation: α = 2
3π and ωb = 0.

With these assumptions and no pile resistance forces, the main pump torque can be

simplified during lifting:

Tmp =
(mb +mload)gvb sin(

2
3π)

ηωe
(2.22)

Steering

The energy requirements of the steering circuit are low relative to the work circuit,

so it is considered negligible. Hence, the steering model is focused on vehicle motion

dynamics rather than power demand. The wheel loader vehicle motion can be described

using the bicycle model with articulated steering split halfway along the length of the

vehicle [17]. The vehicle position and orientation (xp, yp, β) can be determined as a
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function of steering angle δ and vehicle speed v

ẋp = v cosβ (2.23)

ẏp = v sinβ (2.24)

β̇ =
2

L
v tan

δ

2
(2.25)

where L is the vehicle wheelbase. The steering angle is controlled by the steering

wheel speed through a series of hydraulic valves and cylinders. The dynamics of the

hydraulic steering circuit are approximated with a first-order delay. The time constant is

determined by running a step input through a validated full-order model of the vehicle.

δ̇ = ωs (2.26)

ω̇s =
1

τs
(−ωs +Ksus) (2.27)

where ωs is the steering angular speed, τs is the time constant of the steering system,

and Ks is a scaling constant on the steering wheel speed.

2.2.2 Computational Method

This section describes the computational formulation and solution methodology. The

optimization problem is written in MATLAB interfacing with CasADi [38] using IPOPT

[39] as the nonlinear programming solver. This formulation uses the Gauss pseudospec-

tral numerical method for multi-stage optimal control as described in [40]. Using this

method allows the cycle stages in the next section to join together and optimize across

them all at once. It is well-suited for including a lookup table representing the drivetrain

shift schedule which introduces a steep gradient under certain operating conditions. It

also allows for a time-optimal solution such that the objective function of Section 2.2.4

is usable.

To formulate and solve the problem numerically, this method discretizes the cost

function and differential, and algebraic equations during each stage, then connects the

time and states between each stages to ensure continuity. The control variables can

be set at each time step with the states interpolated between steps using third order

Lagrangian collocation. This creates a cubic spline approximation of the state derivative
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Figure 2.3: Short (V-shape) loading cycle

between steps to allow fewer time steps for each stage while maintaining accuracy.

2.2.3 Cycle Definition

The optimization problem to solve represents a typical short loading cycle. The wheel

loader travels from the dump site to the material pile, fills the bucket, and travels back

to the dump site while lifting the bucket in preparation to unload. This cycle can be

broken into six stages, described in Table 3.1 and shown in Fig. 2.3. Table 3.1 also

shows how these six stages can be paired into three phases with similar dynamics and

cycle objectives.

Separating the transport and bucket loading phases allows unnecessary states and

controls to be eliminated from the dynamics of each stage to reduce model order. Dur-

ing the transport phases, bucket orientation need not change, bucket motion in the

x direction is negligible during lifting, and the bucket filled area cannot change, so

xb, ωb, αb, Ab, and ub,rot are not considered. Similarly, steering does not occur during

the bucket loading phase where the vehicle is assumed to drive straight along the x axis

with heading angle β = π and no motion in the y direction, so yp, δ, ωs, β, and us are

not considered. While both bucket loading and transport with lifting phases contain
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Table 2.1: Short cycle phase and stage breakdown

Phase Stage

Transport
1

1. Reverse 1
2. Forward 1

Bucket
Loading

3. Digging
4. Stationary Digging

Transport
2

5. Reverse 2 (lifting)
6. Forward 2 (lifting)

bucket motion, the forces on the bucket are different. During bucket loading these forces

come from interaction with the material pile as it pushes back on the bucket. When

out of the pile and lifting, the bucket only experiences forces due to gravity acting on

the bucket and its material.

Each phase is split into a pair of stages delineated by a change in the state dynamics.

The separate reverse and forward stages allow the direction of travel to change within

the vehicle dynamics. The two digging stages prescribe that the vehicle will first drive

into the pile, then come to a stop as it finishes filling the bucket without driving into

the resistance forces from the pile. Each stage has 15 time steps.

The three phases are first solved separately before considering the full multi-stage

optimal control problem. This separate solution need not be obtained chronologically.

The bucket loading phase is solved first with fewer boundary constraints, and its initial

and final states are used to constrain the boundaries of the first and second transport

phases for continuity. The resulting solution has optimal behavior within each phase and

matching boundary conditions, but has not been optimized across all phases together.

This partially combined optimal solution is used as an initial guess to warm-start the

solution for the fully combined optimization problem, wherein all phases/stages are

formulated and solved together. This solution method improves computation time and

convergence of the full solution.

2.2.4 Objective Function and Problem Definition

Since both maximizing productivity and minimizing fuel consumption are important

in wheel loader operation, a multi-objective optimization problem is considered. Cycle
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time is used as a measure of productivity wince each cycle will transport a consistent

quantity of material. Each term in the cost function J is normalized and weighted

according to the desired emphasis on the objectives with w1+w2 = 1. The normalization

terms Tnorm and mf,norm are defined as the average cycle time and fuel consumption

for a human driver based on experimental data. The bucket fill factor is included as a

constraint to ensure that the bucket is completely filled in each cycle. The multi-stage

optimal control problem can be formulated as

min
x(s),u(s),t

(s)
f

J =

6∑
s=1

w1

t
(s)
f

Tnorm
+ w2

m
(s)
f

mf,norm
(2.28)

subject to : ẋ(s) = f (s)(x(s), u(s)), (s = 1, ..., 6) (2.29)

x
(s)
min ≤ x(s) ≤ x(s)max, (s = 1, ..., 6) (2.30)

u
(s)
min ≤ u(s) ≤ u(s)max, (s = 1, ..., 6) (2.31)

h(s)(x(s), u(s)) ≤ 0, (s = 1, ..., 6) (2.32)

g(s)(x(s), u(s)) = 0, (s = 1, ..., 6) (2.33)

x(s+1)(t
(s+1)
0 ) = x(s)(t

(s)
f ), (s = 1, ..., 5) (2.34)

where s is the stage number, the dynamic equations in Eq. 2.29 are described in Chapter

2.2.1, Eqs. 2.30 and 2.31 are the state and control bounds, Eq. 2.32 are the inequality

constraints, Eq. 2.33 are the equality constraints, and Eq. 2.34 links the stages by

constraining the initial and final states of adjacent stages to be equal. The final time

of each stage is considered as an additional optimization variable. Optimization occurs

over the state variables x(s), control variables u(s), and the final time t
(s)
f of each stage.

2.2.5 Physical Constraints

Physical constraints included in the optimal control problem present a realistic setting

for wheel loader operation. The following constraints are drawn from human driving
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data for the modeled vehicle. Eqs. 2.30 and 2.31 limit the state and control to oper-

ate within feasible ranges. In addition to these direct constraints on state and control

variables, the inequality constraints in Eq. 2.32 include limitations on algebraic combi-

nations of states and control detailed below.

Engine torque (Eq. 2.2) and main pump torque (Eq. 2.19) are limited by the

capabilities of the engine and pump.

Te − Te,max ≤ 0 (2.35)

Tmp − Tmp,max ≤ 0 (2.36)

(2.37)

There is also a terminal constraint on the second digging stage that forces the bucket

tip to be somewhere on the edge of the pile described by Eq. 2.20 when bucket loading

is completed. The particular bucket tip height and depth are not specified and can be

determined by the optimization, but it must be on the pile boundary to be ready to

leave the pile.

zb(t
(4)
f ) +

3

4
xb(t

(4)
f )2 − 3xb(t

(4)
f ) = 0 (2.38)

Polack shows that the bicycle model is accurate while the lateral acceleration alat is

less than 0.5µpg [41] where µp is the peak road friction coefficient. This constraint is not

included in the problem formulation because it is unnecessary: the lateral acceleration

is always well below this value due to the limits on steering angle and vehicle speed

and acceleration. Satisfaction of this criterion is shown with results in Section 2.3. The

vehicle lateral acceleration is

alat =
2

L
v2 tan(δ/2) (2.39)

2.2.6 Boundary Constraints for Integration of the Multi-stage Opti-

mization

Boundary constraints are designed for the initial and final states for each stage so that

the multi-stage optimization problem can be seamlessly integrated. For each stage,

the initial states must match the final states of the previous stage. These constraints–

summarized in Table 2.2–define the short loading cycle shown in Fig. 2.3. The engine
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Table 2.2: State constraints at initial (i) and final (f) boundaries of each stage

Stage: Reverse 1 Forward 1 Digging Stat. Digging Reverse 2 Forward 2

State i f i f i f i f i f i f

ωe ωe,0 – – – – – – – – – – ωe,0

ωd 0 0 0 – – 0 0 0 0 0 0 0
xp -4 – – 0 0 – – – – – – -4

yp -11 – – 0 0 0 0 0 0 – – -11
β π – – π

2
π
2

π
2

π
2

π
2

π
2 – – π

δ 0 – – 0 0 0 0 0 0 – – 0
ωs 0 – – 0 0 0 0 0 0 – – 0

xb – – – – -4 – – – – – – –
zb 0 0 0 0 0 – – – – – – 5
vb 0 0 0 0 0 – – – – – – 0

ωb 0 0 0 0 0 – – 0 0 0 0 0
α π π π π π – – – – – – –
Ab 0 0 0 0 0 – – 1 1 1 1 1

speed ωe at the beginning and end of the cycle must match to ensure there is no

extra initial energy injected. The vehicle position and orientation (xp, yp, β) define

the locations of the dump site and the material pile. The driveshaft speed ωd goes to

zero whenever the vehicle must come to a stop to switch directions or for stationary

digging. The steering angle δ and angular speed ωs are zero when the vehicle should

be driving straight longitudinally. The bucket horizontal position xb is only specified to

define the pile location and is not considered during transport phases. Bucket vertical

position zb begins at zero to start loading the bucket and must finish the cycle at the

maximum height for dumping. The bucket tangential and rotational speeds vb and ωb

are zero outside of bucket loading and lifting. The bucket orientation α is flat to the

ground as it approaches the pile. Finally, the filled bucket area Ab goes from empty to

full during the bucket loading phase, which guarantees a maximized bucket fill factor

for each cycle.

The states unconstrained at the boundary provide potential opportunities for opti-

mization, such as the vehicle position and steering angle between each transport stage,

the driveshaft speed between the first transport phase and bucket loading phase, the
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engine speed between each stage, and the bucket height and speed at the end of the

stationary digging and between the second transport stages.

For example, the optimal driveshaft speed when transitioning from transport to

bucket loading depends on both phases: For the transport phase, slowing down wastes

both time and energy due to braking while acceleration requires generating power from

the engine. In the bucket loading phase, there must be a balance between using the

drivetrain to quickly and efficiently plunge into the pile without digging too deep and

wasting energy lifting excess material that will not ultimately fit inside the bucket.

Kinetic energy from the transport phase can be converted directly into mechanical

energy by filling the bucket during loading. This optimal boundary speed that uses the

least amount of energy and cycle time while filling the full bucket is left to the solver to

determine mathematically, along with the other listed boundary states. These benefits

can only be obtained when the stages are integrated into the multi-stage optimization

framework.

2.3 Results and Discussion

Results from the proposed optimal control problem are presented in this section.

Fuel consumption and cycle time are presented with a range of weights w1 and w2

from Eq. 2.28 in Table 2.3. The percent difference columns are compared to the experi-

mental data of a human operator, which show that the performance can be significantly

improved by optimization. The cost weight variation shows that there is little benefit

to be gained from heavily emphasizing fuel savings over productivity. However, placing

a heavy emphasis on productivity over fuel savings can lead to a faster cycle time while

still saving fuel compared to a human driver. This formulation allows this trade-off to

be controlled according to the desired conditions of operation. Detailed time series of

optimal results are shown for the balanced case of w1 = 0.5, w2 = 0.5.

There are two major ways in which the optimal results are able to save energy

compared to a human driver: optimizing the engine operating point and shortening

travel distances. Fig. 2.4 shows the engine speed and torque. Engine speed is kept low

when possible, dropping quickly during the second half of each transport stage. The

engine torque typically runs at either high torque (high efficiency) or low torque (low
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Table 2.3: Optimization results

Cost Weights Time (s) (%) Diff Fuel (g) (%) Diff

w1 = 0.5, w2 = 0.5 28.2 2.1% 121 42.1%
w1 = 0.01, w2 = 0.99 40.7 -41.3% 113 45.9%
w1 = 0.99, w2 = 0.01 25.4 11.8% 159 23.9%

Human 28.8 – 209 –

power) to avoid any low efficiency, high power cases. The bucket loading phase has a

high power demand, and engine torque stays high while engine speed remains relatively

low.

The vehicle trajectory during each phase is shown in Fig. 2.5. Travel distance is

minimized by curving the transportation trajectory, which benefits both components of

the cost function. The flatter, horizontal shape at the end of Transport 1 with a longer

forward stage enables to vehicle to hit the optimal velocity when plunging into the pile

at the boundary between transport and loading. The shape of Transport 2 is more even

between stages and covers a longer total distance than the first phase as it is influenced

by the demands of the lifting requirement shown later in this section.

Fig. 2.5 also shows the bucket loading trajectory within the pile cross-section. The

bucket is filled by first driving straight into the pile with the bucket on the ground,

then rotating the bucket and pulling up through the pile vertically. The depth that the

bucket plunges is important for minimizing energy, and heavily reliant on coordinating

the vehicle speed at the end of transport and coming into the pile, which is only possible

with an optimized autonomous system.

Further results for the drivetrain are shown in Fig. 2.6. The vehicle is driven

aggressively for fast transport and quickly shifts up to second or third gear depending

on the length of the transport stage. Rather than coming to a stop at the beginning of

the bucket loading phase, the vehicle plunges into the pile with some remaining speed

and uses the resistance force to decelerate. It then remains stationary as the bucket

finishes filling to avoid wasting energy through the drivetrain. The difference between

Transport 1 and Transport 2 is shown again by the difference in gears used and speeds

reached as the hydraulic system demands power when lifting. Engine speed is kept low

to limit fuel consumption when high power is not needed.
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Figure 2.4: Engine speed and torque

Figure 2.5: Vehicle trajectory across cycle
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Figure 2.6: Drivetrain results: engine speed, vehicle speed, and gear command
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Fig. 2.7 shows how the curvature seen in the transport trajectory was produced.

The vehicle is steering at maximum speed at nearly all times during transport to reduce

travel distance as much as possible.

Fig. 2.8 shows how the bucket moves through the pile during bucket loading and

subsequently lifting during the second transport phase. The bucket moves quickly during

bucket loading in coordination with its rotation and the vehicle driving into the pile to

get the desired bucket loading trajectory. Afterwards, the bucket completes the lift

in two parts at the end of each transport stage. By lifting when the vehicle needs

to decelerate, the main pump can help pull the engine speed down to save additional

energy otherwise wasted through braking. The bucket orientation begins flat against

the ground when plunging into the pile then quickly tilts back to vertical for the rest of

the cycle.

For this solution to be used in real-time as a reference for an automated wheel loader,

it must be able to recompute the optimal solution for the next cycle before completing

the current cycle. The separate phase solution used to generate an initial guess can be

solved offline. The computation time for these results for the fully combined cycle was

16.5 seconds on a MacBook Pro with Intel i5 core, 8 GB RAM. A more powerful real-time

controller would be used in implementation, which could further increase computational

speed. Since this is significantly less than the cycle time of 28.2 seconds, this formulation

can be used for real-time operation.

2.4 Conclusion

In this chapter, a novel formulation for multi-objective optimization of an automated

wheel loader short cycle including both the transport and bucket loading phases is pro-

posed. The proposed framework can be applied to other similar vehicles or cycles and is

flexible to adjustments in model parameters, constraints, and cost weighting. A control-

oriented model for both phases is developed to facilitate the model-based optimization

design. The system model incorporates an automatic gear shift schedule for the first

time. With the selection of the appropriate physical constraints and performance in-

dexes, the optimization results show that the proposed strategy is effective in reducing

fuel consumption by 42.1% and has the potential to be incorporated into automated
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wheel loader control. The results of solving this optimal control problem can be ana-

lyzed in more detail with a simulation of a high order model. A Hardware-in-the-Loop

testbed is being built as well for further study. To demonstrate the robustness of this

formulation method, it should be applied to different cycles and vehicle models.



Chapter 3

Electrification and Optimization

Problem Formulation for an

Autonomous Wheel Loader

3.1 Introduction

This Chapter presents a study on electrification of a compact (mid-size) wheel loader

while formulating the optimal control problem for an electric powertrain. Even with

potentially significant improvements in fuel efficiency, off-highway vehicles cannot be

run sustainably with fossil fuels. Off-highway vehicles have begun to trend towards

electrification in recent years as environmental regulations grow stricter and newer tech-

nologies are expected to offer better energy efficiency, lower costs, improved reliability,

and increased productivity [21]. Construction vehicles, especially excavators and wheel

loaders, are the most commonly electrified off-highway vehicles available, with market

shares for both expected to increase significantly in the coming years [22]. While electric

vehicle development for passenger cars is reasonably mature, the literature on applying

the technology to off-highway vehicles is more scarce [42]. The primary limiting issue

in electrification of wheel loaders is energy storage. Diesel fuel has much denser energy

storage than electric batteries and refueling is much faster than recharging a battery

[43]. Because of this difference, off-highway vehicle electrification is currently focused

30
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on small to medium size vehicles [22].

Since electric off-road vehicles are still under development, trends have not yet been

fully solidified. Hybrid electric vehicles are considered the most viable option in the

short-term, but fully electrified vehicles are expected to gain popularity as technological

barriers are overcome [42]. Even among fully electrified off-road vehicles, there are

a variety of proposed designs. For electric excavators, it is common to simply swap

out the IC engine with a battery and electric motor of equivalent power, while wheel

loaders most commonly use a battery with two motors to separate the drivetrain and

hydraulic subsystems [22]. This wheel loader architecture is popular because it can

increase system efficiency and productivity by avoiding unnecessary losses caused by

competing subsystem demands. With drivetrain design in wheel loaders, it is also

important consider the strengths and weaknesses of battery power compared to IC

engine power – while IC engines are most efficient at lower speeds, a battery and electric

motor can provide peak electrical power at a wide range of speeds without loss of

efficiency [44]. With this consideration, a drivetrain with an automatic transmission

and torque converter may not be necessary with an electrified powertrain.

Until recently, hybrid electric powertrains are most common in off-highway optimal

control literature. [23, 24, 25] cover optimal control and energy management for hybrid

electric off-highway vehicles with predetermined trajectories. [26] uses MPC to optimize

energy management in a hybrid without a pirori knowledge of the trajectory, and [27] is

a similar work that uses Pontryagin’s minimum principle and considers battery aging.

In the last few years, literature has turned more towards full electrification and au-

tomation of compact wheel loaders with encouraging results for energy savings. [28]

demonstrates the capability of a small electric forklift to match the productivity of a

diesel one while improving efficiency from 25-28% to 77-87%. In [29], Karuppanan sim-

ulates the performance of Volvo’s autonomous and finds that control design can take

advantage of automation to improve efficiency over following human driver behavior,

but without systematically optimizing the trajectory. Zhang et al. cover speed trajec-

tory optimization for a battery electric wheel loader in [30]. They combine dynamic

programming with Brent’s method to improve computation time and optimize battery

lifetime. This study only optimizes the speed trajectory during transport phases alone,

with fixed waypoints and no consideration of the bucket loading and connection between
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phases.

However, Beltrami also points out that the state-of-the-art in applications of electric

loaders is limited to vehicles under 5000 kg and 30 kW , with power correlating with

operating weight [22]. Thus while off-highway electrification is a big area of investment,

battery capacity is a limiting factor in electrifying even the larger end of compact loaders.

Automation with energy-optimization provides a key pathway to expanding the use of

battery-electric wheel loaders.

This chapter will discuss electrification and automation of a Compact Wheel Loader

as an example. This vehicle has an operating weight of about 11,000 kg and engine

power rating of 120 kW . The optimization formulation developed in Chapter 2 will

be adapted appropriately for an electric powertrain and smaller vehicle. Appendix

A.1 contains the model parameters for this vehicle along with the electric powertrain

specifications developed in Section 3.2.1. To the best of the author’s knowledge, this is

the first systematic formulation of the optimal control problem of a full drive cycle for

an autonomous electric wheel loader.

3.2 Methods

3.2.1 Electric System Model

To electrify the wheel loader powertrain, the engine must be replaced with a battery

and electric motor(s). Since the properties of electric energy storage and power gener-

ation differ from that of diesel fuel, the architecture of the electric system need not be

identical. This following subsections develop the architecture design, state dynamics,

and component sizing for an electric wheel loader powertrain.

Architecture Design

This work will consider an electric powertrain architecture that takes advantage of the

properties of electric power and energy storage without introducing excessive complexity

to the system. A battery stores all the energy for the system and discharges power to

the motors. Using two electric motors, the powertrain is split between the drivetrain

and the hydraulic circuit. Each PMSM motor is connected to an inverter that converts
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Figure 3.1: Electric wheel loader architecture

the battery’s power discharge into AC power to run the motors. Fig. 3.1 summarizes

this design.

For the drivetrain, the transmission needs only two speeds due to the electric motor’s

ability to maintain high efficiency across a wide range of speeds. Many EV applications

use a single fixed-gear transmission for this reason, but the wheel loader has competing

needs to perform both transport and loading that impact motor operating conditions.

During transport, the motor needs to be capable of propelling the vehicle to move

quickly (high speed, low torque), while during loading the motor must overcome large

loads from interaction with the material pile (low speed, high torque). With a two-

speed transmission, the motor can be sized for the power demands of the cycle while

the transmission converts that power to the necessary operating point.

The hydraulic circuit itself is unchanged from the diesel-powered model. An electric

motor is connected to the main hydraulic pump through a fixed gear. Since the main

pump is the same as the one in the diesel model, it is designed to receive power at

relatively low speeds and high torques – which is an efficient operating point for an

engine. The electric motor and battery are most efficient at high speeds and torques,

so the fixed gear between motor and pump converts between these desired operating
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points.

One of the most important aspects of energy efficiency in an electric powertrain is

the ability to regenerate energy. Regenerative braking is commonly used in EVs and will

be used in this design to recapture kinetic energy by sending current back to the battery.

There is also potential to regenerate energy from the hydraulic circuit when lowering

the bucket, but this requires replacing the hydraulic main pump with a pump-motor to

recapture this potential energy. For the scope of this work, hydraulic regeneration will

not be considered since it complicates the circuit design for much less benefit compared

to regenerative braking.

State Dynamics

This section describes the dynamic system model used in formulating the electric wheel

loader optimization problem with the architecture described in the previous section.

The full system has 14 states x and 6 controls u with each phase considering only the

necessary variables to reduce complexity. Most states and controls are identical to the

diesel system of Chapter 2 and will not be repeated here. The differences come in the

powertrain: electrical states SOC, ωd, ωh and controls ud, uh replacing fuel consumption,

engine speed and fuel injection. Motor output torque is the control variable for the

electric motors.

x = [SOC, ωd, ωh, xp, yp, β, δ, ωs, xb, zb, vb, ωb, αb, Ab]
T

u = [ud, uh, ubr, us, ub,tan, ub,rot]
T

Electric power dynamics are given by:

˙SOC = −
Vbat −

√
V 2
bat − 4RbatPem

2Rbat
(3.1)

ω̇d =
1

Jd
(Td − Tbr − Trr − Tpile − bdωd) (3.2)

ω̇h =
1

Jh
(Th −

Tmp

γh
− bhωh) (3.3)
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with total input electric motor power Pem and motor loss for i = d, h

Pem = Tdωd + lossd + Thωh + lossh (3.4)

lossi = Pmax,i

(
p1

(
Ti

Tmax,i

)2

+ p2

(
ωi

ωmax,i

)2

+ p3
Ti

Tmax,i

ωi

ωmax,i
+ p4

)
(3.5)

During regenerative braking, the drive motor torque is negative, which flips the sign of

motor power and causes the SOC to increase, representing the recaptured energy as the

motor sends current back to the battery. Motor loss is used for better numerical stability

than efficiency. The SOC dynamic equation implicitly includes a resistance model for

battery losses, which are proportional to the square of discharge current or power, and

the inverter converting the motor’s high current draw and lower voltage to the battery

voltage and necessary current discharge. For all other state dynamics and algebraic

equations, see Section 2.2.1 Eqs. 2.10-2.27 substituting a mode-based fixed gear for

the transmission torque converter and shift schedule and inserting a fixed gear ratio

between the hydraulic pump and its electric motor. The constant model parameters are

summarized in Appendix A.1.

Work Circuit Constraints

While this model neglects the hydraulic dynamics, there are physical limitations on

bucket motion that must be considered. Both the speed of bucket motion and its

displacement will require constraints to maintain feasibility. This is especially important

when the hydraulic circuit is driven by its own motor, since there is nothing else requiring

speed to be sufficiently high. A relationship between bucket tip velocities and required

flow will be necessary to create desired motion. Bucket speed is produced by flow

generated at the main pump, and the flow available is limited by the pump displacement

and speed:

Qmp =
Dmp

γh
ωh (3.6)

Total flow required by the hydraulic circuit combines work circuit and steering circuit

flow demand:

Qreq = Qw +Qs (3.7)
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The flow required by the work circuit is given by the lift and tilt cylinder speeds

Qw = Aliftvlift +Atilt|vtilt| (3.8)

The linkage mechanism between the bucket tip and hydraulic cylinders is too complex

to fully include, but can be approximated with constant parameters pl, pt calibrated

against the Lagrangian mechanism model developed in [45]. The lift cylinder velocity

can be considered proportional to the bucket tangential velocity, with the tilt cylinder

velocity proportional to the bucket rotational velocity:

vlift = plvb (3.9)

vtilt = ptωb (3.10)

Steering circuit flow is modeled as proportional to the steering speed, with the parameter

ps calibrated using a high order hydraulic circuit model from [46]:

Qs = ps|ωs| (3.11)

The linkage mechanism also determines the spacial boundary that the bucket tip can

reach through the range of possible cylinder displacements. The bucket tip typically

follows curving motions: as the bucket extends away from the vehicle it also lifts off

the ground. Fig. 3.2 shows a scatter of all feasible bucket positions and a curve fit of

the boundary given by Eq. 3.12. The x-axis is horizontal bucket position isolated from

vehicle motion (xb − xp).

zb,min = pb1(xb − xp)
2 + pb2(xb − xp) + pb3 (3.12)

Component Sizing

The electrified system requires sizing the battery, electric motors, and gear ratios to

complete the model. Using data from a human-driven cycle with a diesel version of the

target wheel loader, the vehicle speed and load from the bucket material and pile pushing
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Figure 3.2: Bucket tip feasible positions

against both the vehicle motion and cylinder motion can be found. The electric motors

must first be big enough to produce the maximum required power for the drivetrain and

hydraulic circuit. The motor flux strength Φ, number of poles Pp, inductances Lq, Ld,

and winding resistance Rs are set to reasonable values for a motor to meet the power

requirement. From here, the electric motor operating points depend on the gear ratios

in the drivetrain and fixed gear in the hydraulic circuit. The motor mechanical output

limits can be approximated from electrical inputs:

Tem =
3PpΦ

2
Iq (3.13)

ωem =
1

LqPp

Vq
Iq

(3.14)

with constraints on motor speed, current, and voltage

ωem ≤ 1

PpΦ
Vmax (3.15)

0 ≤ Iq ≤ Imax (3.16)

0 ≤ Vq ≤ Vmax (3.17)

The motor speed and torque limits depend on the voltage and current provided by

the battery. The actual battery is a set of battery packs stacked in series and parallel
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Figure 3.3: Drive motor operating range with example cycle points

to produce the final output current and voltage, plus contributing their energy storage

to the total battery energy. For the sake of this work, the battery model will have an

output voltage Vnom (assumed constant), maximum current Ib,max, resistance Rb, and

nominal energy capacity Enom set to align with industrially available battery packs.

Finally, the gear ratios need to be chosen. The drivetrain transmission has two

speeds: one primarily for loading, one for transport. The gear ratio during loading can

be set to allow the drive motor to meet the maximum load demand from pile forces. The

second gear ratio is set to push all the cycle speeds into the motor’s operating range.

Fig. 3.3 shows the results of the drive cycle operating points mapped onto the drive

motor range.

The electric motor for the hydraulic circuit can be sized similarly, although there is

only one fixed gear ratio to select. The gear ratio in this case is applied to allow the

electric motor to produce sufficient torque for the main pump without drawing excessive

power. The main pump is designed to operate from engine power, which is typically

high torque and low speed – the opposite of where the electric motor is most efficient.
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Figure 3.4: Hydraulic motor operating range with example cycle points

Fig. 3.4 shows the results of the pump operating points mapped onto the hydraulic

motor range.

The full set of electric component parameters specifications can be found in Ap-

pendix A.1.

3.2.2 Cycle Definition

A typical short loading cycle for the target wheel loader is the optimization problem.

This cycle is very similar to the one developed in Chapter 2.2.3: The wheel loader travels

from the dump site to the material pile, fills the bucket, and travels back to the dump

site while lifting the bucket in preparation to unload. The stage and phase breakdown

is the same as the diesel version, described in Table 3.1 and shown in Fig. 3.5.

This cycle is not identical to the one used in the previous chapter – the digging and

dumping locations have moved to better align with the data available for the target

loader, and the bucket load and lifting height is smaller for the compact loader. The

diesel formulation will be re-solved with this cycle for comparison between the two
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Table 3.1: Short cycle phase and stage breakdown

Phase Stage

Transport
1

1. Reverse 1
2. Forward 1

Bucket
Loading

3. Digging
4. Stationary Digging

Transport
2

5. Reverse 2 (lifting)
6. Forward 2 (lifting)

powertrains.

3.2.3 Objective Function and Problem Definition

The optimization problem is multi-objective, since both productivity and energy effi-

ciency are desirable. Minimizing cycle time, with a full bucket load carried during each

cycle, will encourage productivity. Total battery energy consumed per cycle should also

be minimized. The weights w1 + w2 = 1 determine the balance of emphasis between

these costs. Each is normalized by Tnorm and Enorm, which are set to the time and

engine shaft output energy from the diesel optimal result. Engine shaft energy is more

useful than fuel input energy, since the low efficiency of the engine relative to the battery

will make it’s input energy drastically higher and the weights in that case would need to

always heavily lean towards energy emphasis. The multi-stage optimal control problem
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formulation at a high level is the same as the diesel problem except for the cost term

representing energy:

min
x(s),u(s),t

(s)
f

J =

6∑
s=1

w1

t
(s)
f

Tnorm
+ w2

E
(s)
bat

Enorm
(3.18)

subject to : ẋ(s) = f (s)(x(s), u(s)), (s = 1, ..., 6) (3.19)

x
(s)
min ≤ x(s) ≤ x(s)max, (s = 1, ..., 6) (3.20)

u
(s)
min ≤ u(s) ≤ u(s)max, (s = 1, ..., 6) (3.21)

h(s)(x(s), u(s)) ≤ 0, (s = 1, ..., 6) (3.22)

g(s)(x(s), u(s)) = 0, (s = 1, ..., 6) (3.23)

x(s+1)(t
(s+1)
0 ) = x(s)(t

(s)
f ), (s = 1, ..., 5) (3.24)

where s is the stage number, the dynamic equations in Eq. 3.19 are described in Section

3.2.1, Eqs. 2.30 and 3.21 are the state and control bounds, Eq. 3.22 are the inequality

constraints, Eq. 3.23 are the equality constraints, and Eq. 3.24 links the stages by

constraining the initial and final states of adjacent stages to be equal. The final time

of each stage is considered as an additional optimization variable. Optimization occurs

over the state variables x(s), control variables u(s), and the final time t
(s)
f of each stage.

3.2.4 Physical Constraints

The state and control variables are constrained with upper and lower bounds to provide

a realistic setting for the optimal control problem with Eqs. 3.20 and 3.21. These

bounds represent operating limits for electrical components and data-based limits for

everything else. In addition to these direct constraints on state and control variables,

the inequality constraints in Eq. 2.32 include limitations on algebraic combinations of

states and control detailed below.

The electric motors each have maximum input power depending on the size of the

respective motor. The total motor input power is limited by the battery voltage and
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maximum discharge current. When charging the battery through regenerative braking,

the net motor power must be less than the maximum charging power. In this case, the

drive motor torque and therefore power is negative, switching the direction of current.

The maximum battery charging current is a function of SOC, and since SOC changes

very little during a single cycle, the charging limit can be assumed constant per cycle.

Using the charging current over SOC curve from [32], the lower limit on net motor

power is set by the cycle SOC. This constraint still allows power regenerated by the

drive motor to go directly to the hydraulic motor through the inverter bus without

going through the battery, which could allow greater regeneration and avoids losses at

the battery. Since there is an inverter to convert between the battery discharge current

and motor input current, the total motor input current is also constrained. Finally,

the flow availability and the bucket spacial limits on bucket displacement developed in

Section 3.2.1 are included as constraints.

Pd − Pd,max ≤ 0 (3.25)

Ph − Ph,max ≤ 0 (3.26)

Pd + Ph − Pem,max ≤ 0 (3.27)

Pregen,max + Pd + Ph ≤ 0 (3.28)

ud + uh − uem,max ≤ 0 (3.29)

Qreq −Qmp ≤ 0 (3.30)

zb,min − zb ≤ 0 (3.31)

The terminal constraint on bucket position also remains to force the loading phase

to finish with the bucket tip on the pile boundary.

zb(t
(4)
f ) +

2

5
xb(t

(4)
f ) = 0 (3.32)

3.2.5 Boundary Constraints

The boundary constraints are initial and final states for each stage that integrate the

multi-stage problem and setup the desired cycle from Section 3.2.2. The initial states

of each stage after the first must match the final states of the previous stage. The
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Table 3.2: State constraints at initial (i) and final (f) boundaries of each stage

State

Stage
Reverse 1 Forward 1 Digging Stat. Digging Reverse 2 Forward 2

i f i f i f i f i f i f

SOC 0.6 – – – – – – – – – – –

ωd 0 0 0 – – 0 0 0 0 0 0 0

ωh 100 – – – – – – – – – – 100

xp 14 – – 0 0 – – – – – – 14

yp -4 – – 0 0 0 0 0 0 – – -4

β 0 – – π π π π π π – – 0

δ 0 – – 0 0 0 0 0 0 – – 0

ωs 0 – – 0 0 0 0 0 0 – – 0

xb – – – – 0 – – – – – – –

zb 0 0 0 0 0 – – – – – – 4

vb 0 0 0 0 0 – – – – – – 0

ωb 0 0 0 0 0 – – 0 0 0 0 0

α π π π π π – – 2
3π

2
3π

2
3π

2
3π

2
3π

Ab 0 0 0 0 0 – – 0.6 0.6 0.6 0.6 0.6

first stage initial condition must match the final condition for the cycle, except that

bucket lowering will be ignored. The constraints are summarized in Table 3.2. Any

state boundary that is not specified in the table is subject to optimization – the key

advantage of the combined multi-stage formulation.

3.3 Results and Discussion

Results from solving the optimal control problem formulated above are discussed in

this section. A high-level comparison of the results for the electric and diesel loaders is

shown in Table 3.3. The diesel baseline and optimal solutions are based on the same

cycle defined in this chapter. The diesel optimal results is obtained using the formulation

from Chapter 2 with this new cycle. The diesel results assume a runtime of 8 hours, and

the number of cycles completed assumes that the single cycle is representative and can
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Table 3.3: Optimization results comparison between electric and diesel vehicles

Solution Cycle Energy (kJ) Cycle Time (s) Cycles Runtime

Electric Optimal 604 27.6 535 4.1
Electric Matching 598 29.3 541 4.1
Diesel Optimal 2673 29.3 989 8
Diesel Baseline 3861 44 654 8

be repeated consistently. The optimal electric solution was solved for with cost weights

of 0.85 on energy consumption and 0.15 on cycle time, with detailed results shown for

this cycle. The Electric Matching solution uses the weight variation curve of Fig. 3.6 to

predict the optimal energy consumption if cycle time was the same as the optimal diesel

trajectory. The electric cycles and runtime are set by the battery’s energy capacity of

90 kWh. While automating and optimizing this diesel vehicle can improve productivity

by 33.4% and decrease energy consumption by 31%, electrifying the vehicle can match

the productivity while reducing energy consumption by 85%, or a further 78% reduction

over the optimal diesel case.

The downside of electrifying this system is the lower relative energy density of bat-

teries compared to diesel fuel. This is shown by the reduction in total cycles completed

and overall runtime, which is limited by the energy capacity of the battery. Based on

the battery size assumed for this study, the electric vehicle needs 1.8 full battery charges

to match the total cycles of the optimal autonomous diesel vehicle and 1.2 charges to

match the baseline, human-driven case. This indicates that the battery may be swapped

out, recharged, or increased in size to compete with a diesel vehicle’s total productivity

output – but that it is within reach using this automation method.

Fig. 3.6 shows the trade-off between cost function objectives as the weights vary.

Reducing cycle time increases productivity, but also requires higher power and thus

consumer more energy. One starred point indicates the set of results that will be dis-

cussed in greater detail for the rest of this section, which has greater emphasis on energy

consumption. The other starred point indicates the predicted energy consumption for

the cycle time to match the optimized diesel cycle.

Fig. 3.7 shows the vehicle trajectory for each stage. The boundary constraints dic-

tate the dump and pile locations, but the middle points in each phase are optimized.
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The transport trajectories, especially points 2 and 6, minimize travel distance, which

benefits both cycle time and energy consumption. The trajectory for Transport 1 flat-

tens near the end to approach the pile head-on and reach the optimal boundary state

to transition into Loading.

Fig. 3.8 shows the trajectory of the bucket tip as a two-dimensional cross-section. In

Fig. 3.8a, the pile cross-section is shown and the bucket trajectory includes horizontal

vehicle motion. The trajectory avoids large forces on the bucket by cutting near the

edge of the pile while filling the necessary area and finishing on the edge of the pile. Fig.

3.8b removes the vehicle motion and shows the isolated bucket trajectory with a map

of the feasible positions. Most of the bucket’s horizontal depth into the pile comes from

driving the vehicle forward, while the bucket itself simply rotates upward to maintain

the desired height and cut towards the pile boundary at the end of the loading phase.

Fig. 3.9 shows the operating points of each electric motor on a torque-speed map

with lines to mark efficiency. During transport, the drive motor often leaves the high

efficiency region to accelerate quickly, driven by the cost on cycle time. Counterintu-

itively, the drive motor generally runs at lower torques during digging. When sizing
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Figure 3.8: Bucket trajectory

the motor, the load torque while digging from human driving data was a limiting fac-

tor with very high loads. This difference comes from both minimizing the pile forces

during digging and coordinating the transition between transport and loading phases,

where the vehicle can use the kinetic energy built up in the first transport phase to

plunge into the pile, thereby reducing the load that the motor must overcome. For the

hydraulic motor, the lifting during transport is done at consistently high efficiency. The

digging efficiency is lower and at higher loads than during lifting to complete the most

demanding job for the hydraulics. The hydraulic motor does not use its full range of

either speed or torque, with the optimal trajectory keeping lifting speed low to limit

flow draw rather than running the motor at high speed, suggesting that in the optimized

autonomous vehicle this motor could be further downsized with the hydraulic shaft gear

adjusted as needed.

Fig. 3.10 shows the power at the input to each motor and the battery. Battery

efficiency decreases as a function of motor power – or current – draw, which motivates

the motors to operate at relatively low power. During loading, the battery power is kept

nearly constant while the motors trade off higher power operating times. During the

second transport phase, the hydraulic motor power, driven by lifting speed, is mostly

consistent except when the drive motor regenerates power through braking, allowing

the lifting to increase.

Fig 3.11 shows the electric motor speeds, vehicle speed, and gear ratio over time.

The drive motor speed follows consistent acceleration-deceleration patterns during the
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Figure 3.9: Electric motor operating points

transport phases. As the gear ratio changes when entering the loading phase, the motor

speed spikes very high while vehicle speed remains constant, then both speeds are quickly

pulled down by the load from the pile. During the second transport phase, the vehicle

comes to a complete stop between stages while lifting slowly. Each time-series plot in

this section has shown that the stationary digging stage (5) has been effectively removed

in this optimal solution. The motor speeds during the loading stages show why it is no

longer necessary – the drive motor speed drops quickly as the vehicle plunges into the

pile, pulled down by the pile load, while the hydraulic motor speed remains higher to

ensure enough flow is available for the bucket to complete its motion, dictated by the

flow constraint. This, along with lifting while the vehicle speed is low or stopped, is

only made possible by separating the powertrain with two electric motors rather than

running them on the same shaft as in the diesel-powered vehicle.

3.4 Conclusion

This study used nonlinear programming to formulate and solve a drive cycle optimiza-

tion problem for an electrified off-highway vehicle modeled on a Compact Wheel Loader.
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The high potential for energy savings via electrification is demonstrated, with the elec-

tric vehicle consuming 78% less energy than the optimal autonomous diesel vehicle for

the same cycle – although this comparison does not include the efficiency of generat-

ing the energy stored in the battery. The overall productivity of a battery-powered

autonomous and optimized electric vehicle compared to a sub-optimal human-driven

and optimized autonomous diesel vehicle is compared, finding that the electric vehicle

requires 1.2 and 1.8 full battery charges to match. This lays out a pathway for the

electrification of wheel loaders larger than those found in industry, using automation

and optimization to overcome limitations imposed by electric energy density.

The formulation can find the best-case optimal trajectory for a given set of model pa-

rameters and drive cycle, with the results representing one cycle typical in literature and

an electric loader sized based on a human driven data. This can be used to predict the

ranges of potential cycle time and energy consumption for any similar system depending

on model parameters and desired cost weight emphasis. A battery-electric architecture

with two PMSM motors splitting the powertrain into drive and hydraulic functions is

detailed. The objective function used for this study highlights the trade-off between

productivity and energy efficiency, which is especially vital when the vehicle is powered

by a battery with much lower energy density than diesel fuel. The results also show

the significance of well-designed physical and boundary constraints for this problem to

maintain a realistic simulation environment with interpretable results. Discussion of

the results elucidates why they are optimal within the boundaries of the problem. The

results obtained in this study have yet to be validated in simulation on a more robust

and accurate dynamic model or experimentally, yet they show significant promise for

the potential energy benefit of electrifying, automating, and optimizing wheel loaders.

Future work could also incorporate battery aging into the optimization, by changing the

cost function, and the hydraulic circuit efficiency’s dependence on operating conditions.



Chapter 4

Simulation and Experimental

Hardware-in-the-Loop Evaluation

of Optimal Results

4.1 Introduction

Results obtained from solving the optimization problem presented in Chapters 2 and 3

need to be validated to ensure that the proposed state trajectories and energy savings

are realistic. For verification of the results, a higher order validated model that was

unsuitable for use in optimization can run a simulation using the optimal trajectory

as a tracking reference. The optimal results are converted to a form that can serve as

inputs to the validated model so the capability for the modeled vehicle to follow the

proposed trajectory can be assessed. This process provides an effective validation of the

optimal results for both the diesel and electric powertrains.

[31, 32] propose and use a Hardware-in-the-Loop (HiL) Testbed with a real engine

to demonstrate optimal results for connected and autonomous on-road vehicles. This

method is simpler, safer, and less costly than field testing with a full vehicle. Ex-

perimental evaluation using a Hardware-in-the-Loop (HiL) system provides additional

confidence for the diesel results. The HiL testbed was built with a real wheel loader

engine connected to a dynamometer. The dynamometer is controlled in real-time to

52
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provide the engine load determined by the rest of the system model. Collaborators have

developed a control system to operate the HiL testbed and performed the experiment

[47] using results from solving the optimal formulation developed in the previous chap-

ters. The formulation from Chapter 2.2.1 is applied to the cycle in Chapter 3.2.2 for a

Compact Wheel Loader. A light-duty cycle is used with a constraint added to limit the

engine torque and load within bounds that are safe for the lab. The fuel consumption is

measured directly from the engine. This combination of the validated model with a real

engine will give highly accurate results to validate the output of the optimal solution.

While the results for the electrified wheel loader will not be evaluated experimentally in

this way, the simulation of the validated model can be compared to the HiL Testbed for

the combustion engine powertrain to determine the level of confidence in the simulation,

which can then be extended to the electrified powertrain.

A version of the high-order diesel system model used in this chapter was first pre-

sented in [46] for a similar vehicle. The HiL evaluation of optimal results for the Com-

pact Diesel Wheel Loader were originally presented in [47] with comparison to a baseline

cycle.

4.2 Methods

4.2.1 High-Order Diesel Model

Fig. 4.1 shows an overview of the high-order validated diesel system model used in this

section. Key differences from the control-oriented model used in Chapter 2 include the

engine, torque converter, transmission shift schedule, hydraulic main pump, priority

valve, hydraulic work circuit, and hydraulic steering circuit.

Engine

The engine shaft dynamics are given by

ω̇e =
1

Je
(Te − Ttcp − Tmp − Tbp) (4.1)

where Je is the lumped engine shaft inertia, ωe is the engine speed, and Te, Ttcp , Tmp,

Tbp are the engine torque, torque converter load, main hydraulic pump load, and brake
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Figure 4.1: Diesel system schematic

pump load. Based on field testing data, the brake pump torque can be approximately

constant.

The engine torque and fuel rate are modeled by a static engine map lookup table,

with inputs of throttle and speed and outputs torque and fuel rate. The mapping is

calibrated on the engine using the HiL setup in Section 4.2.4.

Drivetrain

The primary differences between the drivetrain model presented here and the one in

Chapter 2 are the torque converter model and the transmission using the actual shift

schedule along with gearshift dynamics. The shaft dynamics, loads, and algebraic con-

versions are the same.

The torque converter does not have a lock-up clutch and is modeled using a lookup

table with the speed ratio, torque ratio, and the K-factor as defined by the following
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equations [48]:

speed ratio =
γωd

ωe
(4.2)

torque ratio =
Td
γTtcp

(4.3)

K − factor =
ωe√
Td/γ

(4.4)

where ωd is the driveshaft speed, Td is the driveshaft torque, and γ is the transmission

gear ratio. The speed ratio of a torque converter uniquely determines the torque ratio

and the K-factor, which then give the torques. The torque converter connects to the

gearbox.

The modeled wheel loader uses an automatic 4-speed transmission. Gearshifts are

determined by a shift schedule, shown in Fig. 4.2, where vehicle speed and engine

throttle determine any change in the commanded gear that corresponds to values for γ.

Since the shift dynamics are fast relative to the rest of the drivetrain dynamics and shift
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transience has negligible effect on energy consumption, the gear shifts are approximated

by a first order delay with a time constant of 0.5 seconds. The dynamics at the final

drive shaft are given by

Jdω̇d = Td − Trr − Tpile − Tb (4.5)

where Jd is the lumped inertia of the driveshaft, ωd is the driveshaft speed, and Trr,

Tpile, Tb are the rolling resistance torque, pile resistance torque, and brake torque. The

shaft friction has been neglected because it is negligible compared to the load torques.

The driveshaft loads can be calculated by the following:

Trr =
Rw

kf
µmg (4.6)

Tpile =
Rw

kf
Fh (4.7)

where Rw is the wheel radius, kf is the final drive ratio, µ is the rolling friction coefficient

of the wheels, m is the total vehicle mass, g is the acceleration due to gravity, and Fr

is the pile resistance force. The brake torque applied to the final drive shaft is modeled

as linearly related to the brake pedal command. Due to the low vehicle speeds, the

aerodynamic losses can be neglected. The vehicle speed can then be calculated by

v =
Rw

kf
ωd (4.8)

Hydraulic Circuit

The hydraulic circuit, including the main pump, priority valve, work circuit, and steering

circuit have been developed by collaborators Zhao et. al. and Yu et. al. detailed in

[46, 49]. This is a 22nd-order model of the pressure, flow, and cylinder dynamics in the

system. Including these dynamics ensures that the energy losses of the hydraulic system

and its capability to track the desired optimal trajectory will be validated. In Chapter

2, this system was simplified into an energy balance with constant efficiency to convert

power at the bucket to power at the engine shaft.
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Steering

The output of the hydraulic steering circuit is steering angle δ. From here, the same bi-

cycle model vehicle dynamics from Section 2.2.1 are used to obtain position and heading

angle by coupling with vehicle speed:

ẋp = v cosβ (4.9)

ẏp = v sinβ (4.10)

β̇ =
2

L
v tan

δ

2
(4.11)

4.2.2 High-Order Electric Model

Fig. 4.3 shows an overview of the high-order electric system model used in this section.

Key differences from the control-oriented model used in Chapter 3 include the electric

motors, transmission, and hydraulic circuit. The hydraulic circuit model and vehicle

dynamics are the same as in the diesel version above, with the hydraulic main pump

powered by an electric motor through a fixed gear.
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Battery

As in Chapter 3, the battery is a voltage source with a resistance model for loss, and

the SOC dynamic matches discharge power to net motor power with the assumption

that inverters can convert voltage and current at the battery and motor as necessary:

˙SOC = −
Vbat −

√
V 2
bat − 4RbatPem

2Rbat
(4.12)

where SOC is the battery state of charge, Vbat is the constant battery voltage, Rbat is

the battery resistance, and Pem is the net electric motor power. Motor power with loss

for i = d, h is given by:

Pem = Tdωd + lossd + Thωh + lossh (4.13)

lossi = Pmax,i

(
p1

Ti
Tmax,i

2

+ p2
ωi

ωmax,i

2
+ p3

Ti
Tmax,i

ωi

ωmax,i
+ p4

)
(4.14)

Electric Motors

While motor dynamics in Chapter 3 only considered mechanical torque and speed, the

electrical dynamics are included here using the Park transform D-Q model [50]:

İi,d =
1

Li,d
(vi,d + Li,qPpωiIi,q −RiIi,d) (4.15)

İi,q =
1

Li,q
(vi,q − Li,dPpωiIi,d −RiIi,q − ΦPpωi) (4.16)

ω̇i =
1

Ji
(Ti − Ti,load − bmωi) (4.17)

Ti =
3

2
PpΦIi,q +

3

2
Pp(Li,d − Li,q)Ii,dIi,q (4.18)

where the subscripts i, d, q represent the respective motor, d-axis, and q-axis, I, V, ωm

are axial current, axial voltage, and output speed, and Pp,Φ, R, L, b, Jm are the number

of poles, magnetic flux strength, resistance, inductance, friction coefficient, and lumped

motor inertia. The drive motor inertia Jd includes the vehicle inertia and is dynamic



59

during gear shifts. The load on each motor is given by:

Td,load =
1

γ
(Trr + Tpile + Tb) (4.19)

Th,load =
1

γh
Tmp (4.20)

where γh is the fixed gear ratio between the electric motor and the hydraulic main

pump.

Drivetrain

The electrified drivetrain uses a two-speed, mode-based transmission with one gear ratio

for transport and one for loading. The dynamics are modeled with a first-order delay

similarly to the engine model, but the shift schedule is replaced by simply shifting gears

at the phase transition boundary.

4.2.3 Autonomous Vehicle Simulation

Cycle Creation

To evaluate the optimal trajectory in a simulation of the autonomous vehicle, the results

must be converted to references to track and external forces to apply. All inputs are

filtered and resampled to ensure smooth signals. The necessary simulation inputs are

summarized below:

• Engine speed (diesel only)

• Hydraulic e-motor speed (electric only)

• Vehicle speed

• Vehicle X-Y position

• Horizontal pile force

• Lift and tilt cylinder speeds

• Lift and tilt cylinder forces

The engine speed, hydraulic e-motor speed, vehicle speed, and vehicle X-Y position are

taken directly from their respective states in the optimal solution. The vehicle position

is also split by stage for the position tracking algorithm.

The horizontal pile force, along with bucket tip forces, can be found using the same
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Figure 4.4: Diesel autonomous vehicle control system

FEE model from Chapter 2.2.1. The lift and tilt cylinder speeds and forces are found

using a Lagrangian model of the bucket linkage mechanism, converting bucket motion

and forces from the optimal results to cylinder motion and forces. The force and linkage

models are developed by Yu et. al. in [37].

Diesel Control Architecture

To simulate the performance of an autonomous vehicle for the tracking problem formu-

lated above, an architecture for the low-level control is needed. The model described

in Section 4.2.1 is a high-order strongly nonlinear system with states coupled to form

a challenging Multi-Input Multi-Output (MIMO) system. For this vehicle, the engine

speed is a key variable to propagate the necessary power to both the drivetrain and the

working circuit. Based on this physical insight, a novel control architecture is proposed

in this section to decouple the MIMO system to several Single-Input Single-Output

(SISO) systems in Fig. 4.4.

Five independent controllers are designed for each subsystem of the wheel loader to

track its corresponding reference. The vehicle speed controller propels the drivetrain
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dynamics to reach the desired vehicle speed. The steering controller forces the vehicle

dynamics to follow the desired trajectory. The lift controller and tilt controller work

together to make the bucket follow the desired profile. Although the model has been

decoupled, the fundamental structure of the wheel loader of Figure 1 has been main-

tained since all subsystems demand the power from the engine through the engine shaft

dynamic equation. The references are generated from the optimal cycle as described

above for high level trajectory planning, where the optimized engine speed is vital not

only for energy efficiency, but also for the tracking performance for the entire trajectory.

The steering control section uses a two-loop structure. The outer loop computes

the necessary steering angle to track the vehicle position and the inner (actuator) loop

controls the steering wheel to produce this desired steering angle through the hydraulic

circuit dynamics. The outer loop uses a pure pursuit path tracking strategy [51, 52]

which determines the steering angle by looking ahead along the reference path and

turning towards a future point. The lookahead distance depends on velocity, and must

be tuned to avoid cutting corners and reduce oscillations.

Electric Control Architecture

The electrified system architecture naturally decouples the control for the drivetrain

and hydraulic systems, as they are now driven by separate electric motors. Similarly to

the diesel system after the engine shaft dynamics are handled, there are five indepen-

dent controllers that can be treated as SISO systems. With the powertrain decoupled,

the desired drive motor speed is determined by vehicle speed and transmission gear

ratio, while the desired hydraulic motor speed is a direct output of the optimization

solution. While the hydraulic cylinder and steering control loops can be kept from the

diesel control system above, the remaining challenge is designing the two electric motor

controllers.

The PMSMs use vector control with feedforward cancellation, which creates linear

feedback systems – similar to a DC motor – with good dynamic performance, derived in

[53]. Fig. 4.5 gives an overview of the motor control architecture. The control system

has two loops: speed control and current control. Speed control is the outer loop

to track the main objective, which determines the necessary torque. The inner loop

produces this torque with D- and Q-axis voltages as the control variables. Examining
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Eq. 4.18 shows that the output motor torque is nonlinear. Note that since Lq > Ld,

any D-axis current will reduce the generated torque. By maintaining Id at 0, the torque

will be proportional to Iq, giving tracking references for the inner current control loops.

Examining Eqs. 4.15 and 4.16 shows that the current dynamics are also nonlinearly

coupled. Using a feedforward voltage that depends dynamically on speed and current to

cancel the coupling terms reduces the current equations to linear dynamics to determine

the control voltage:

İi,d =
1

Ld
v∗i,d −

Rs

Ld
Ii,d (4.21)

İi,q =
1

Lq
v∗i,q −

Rs

Lq
Ii,q (4.22)

where the actual voltages are a combination of the control voltage and the feedforward

cancellation:

vi,d = v∗i,d − Li,qPpωiIi,q (4.23)

vi,q = v∗i,q − Li,dPpωiIi,d +ΦPpωi (4.24)

For this controller to be effective, it must be assumed that the motor model parameters

are estimated accurately and the axial currents can be measured or estimated.

The drive motor speed control has an additional input to consider with braking.

When the vehicle is accelerating or coasting, the torque is positive and will be produced

by current control as expected. However, when the vehicle is decelerating, the torque

from the speed control loop will be negative, and must be produced by a combination of

negative current (regeneration) and mechanical braking. To maximize energy efficiency,

the controller prioritizes using regenerative braking via negative current as much as

possible. The battery SOC limits its recharge current, which constrains the power that

the motor can send back as described by the regeneration constraint in Chapter 3.2.4.

The negative motor current saturates at this power limit, and the rest of the speed

control must be fulfilled with mechanical braking.
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4.2.4 Hardware-in-the-Loop Experiment

A Hardware-in-the-Loop (HiL) experiment provides an additional level of evaluation

and validation for the optimized results from the diesel vehicle. It is clear that the

engine efficiency is the most impactful part of reducing fuel consumption for the diesel

powertrain. The engine map used in the simulation is limited to static calibration,

while the engine’s operating point in the optimized cycle is highly dynamic. Using a

real engine loaded by a hydro-static dynamometer provides additional confidence in the

evaluation of the results without the time investment or safety limitations of a fully

autonomous vehicle. The engine can be controlled to track a speed reference while the

dynamometer is controlled to apply a dynamic load. The system design, setup, control,

and experiment was performed by collaborators and is described in [47]. The HiL results

use the optimized engine speed and load, and are included in the results section below.

4.3 Results and Discussion

This section presents the results of simulations of an optimal cycle trajectory for both

diesel- and electric-powered vehicles, with HiL experiment included for the diesel vehicle.

The HiL experimental results are for engine speed and torque, with the engine load
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Figure 4.6: Diesel simulation tracking performance of engine

predicted by the optimization results applied as the load on the real engine.

4.3.1 Tracking Performance

Fig. 4.6 compares the simulated engine speed and torque to the optimal trajectory. The

engine throttle is used as the control variable to track speed, while torque responds with

throttle to the load generated by the rest of the model to maintain desired speed. The

simulation shows that the engine speed is mostly tracked well with exceptions during the

loading phase and beginning of second transport phase with lifting. For the simulation,

engine speed can be followed during loading but does no increase at the beginning of

the second transport phase. The tracking error occurs because the total engine load is

too high, which is shown by the engine torque reaching its maximum value at this time.

For the HiL experiment it is the reverse – loading phase speed has a small error while

the transport phases are not an issue. The small errors in engine speed during for the

HiL system come during peak power operation, the loading phase, since controlling the

system at the peak of its performance envelope is difficult. and that the engine torque

is close to the prediction from the optimal solution.

Fig. 4.7 shows the tracking performance in the diesel system of the drivetrain and

hydraulic subsystem outputs: vehicle velocity and lift and tilt cylinder velocities. The

vehicle velocity on the left demonstrates that the drivetrain is mostly able to maintain
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Figure 4.7: Diesel simulation tracking performance of vehicle and cylinder speeds

the desired speed, although the simulated result during the second transport phase does

not able to reach the optimal peak. The worst error comes during the first half of this

phase, when he engine speed also had an error. If the optimization under-predicts the

load on the engine from the hydraulic system while running at high torque, the engine

will be unable to compensate further. Since the drivetrain and hydraulics are connected

to the same shaft, an issue from the hydraulic system impacts the drivetrain and thus

vehicle speed. The lift cylinder velocity is trends close to the optimal trajectory, but is

a too low for the first half of lifting. This is an issue with the flow available from the

main pump, which limits the achievable cylinder speeds. The optimal cycle would need

to incorporate the flow-based relationship between engine speed and potential cylinder

motion and either increase desired engine speed or decrease desired lift velocity in order

to improve the simulated tracking. With insufficient flow available for the cylinders,

the main pump torque will increase and impact the engine and drivetrain performance.

The tilt cylinder velocity tracks well. Its main operation is during the loading phase,

where the engine runs at higher speed and power than transport, so flow availability is

not an issue.

Fig. 4.8 shows the speed tracking and torque comparison for both electric motors.

In the simulation, voltage is controlled to produce torque and track speed. Both motors

are able to follow the optimal speed trajectories closely. The motor torque is also close
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Figure 4.8: Electric simulation tracking performance of motors

to the prediction from the optimal cycle, especially for the higher powered drive motor,

which consumes most of the energy for the system. This validates the motor dynamics

and that the optimization is constrained appropriately for these motor sizes.

Fig. 4.9 shows the tracking performance in the electric system for the drivetrain and

hydraulic outputs. The vehicle velocity is followed very well, which is directly related to

drive motor speed through only a transmission gear ratio. This shows that ignoring the

gear shifting dynamics in the optimization do not prevent the system from following the

desired trajectory with this mode-based transmission. The cylinder speeds also closely

track the optimal trajectory. Using the flow constraint in the optimal formulation

ensures that the pump speed is high enough to provide adequate flow for the cylinder

motion and steering – a similar constraint would be useful for the diesel formulation.

Considering steering flow in the formulation is necessary since it has priority over the

work circuit, meaning if the available flow were not sufficient for both systems, the work

cylinder tracking performance would suffer.

The electrified simulation results highlight a key advantage this system has over the

diesel vehicle. By splitting the powertrain onto two separate motors, in addition to

allowing more efficient operation, it is much easier to design a control system and to

follow the desired optimal trajectory.
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Figure 4.9: Electric simulation tracking performance of vehicle and cylinder speeds

4.3.2 Energy Analysis

Table 4.1 compares the energy consumption predicted by the optimized trajectory to the

simulation and HiL evaluation of the diesel vehicle and simulation of the electric vehicle.

For the diesel vehicle, the simulation is within 2.8% and the HiL within 0.7% of the

optimal prediction, which validates the accuracy of predictions from the optimization’s

control-oriented model. Simulation of the electric vehicle shows 6.0% higher energy

consumed than predicted by the optimal trajectory. While the electric system had

better tracking performance in the simulation than the diesel system, the percent energy

difference is higher. During optimization, neither system includes the steering subsystem

when predicting the energy or fuel consumption. Since the electric system has much

lower consumption, the steering energy is a higher portion of the total energy. The

difference between energy in the electric simulation and optimal results is 36.3 kJ , with

a difference 36.1 kJ in hydraulic motor output energy. The input to the steering system

is 40.4 kJ , while the simulated work circuit consumes slightly less energy than predicted.

There are two key outcomes of optimizing the cycle trajectory for energy efficiency:

work done is minimized while meeting cycle requirements, and the powertrain operating

point is optimized for total efficiency. Since the optimization formulation is multi-

objective to also minimize cycle time, some efficiency is sacrificed for speed according
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Table 4.1: Energy consumption results of simulations and HiL experiment compared to
optimal predictions

Solution Optimal Energy (kJ) Simulated Energy (kJ) Energy Difference (%)

Diesel Simulation 2694 2770 2.8
Diesel HiL 2694 2676 0.7

Electric Simulation 605 641 6.0
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Figure 4.10: Diesel vehicle energy flow from the simulation with average efficiencies and
total energy consumption.

to the cost weights. Figs. 4.10 and 4.11 show energy flow diagrams for the diesel and

electric vehicles using results from the simulations. The final work output produced by

each system is very similar since they must complete the same cycle, with the electric

vehicle work actually slightly higher mainly due to its better tracking performance. The

difference between the two systems comes from optimization of the powertrain rather

than work output.

The major efficiency advantage of electric power is immediately obvious looking at

the efficiency of each power source: the diesel engine averages 36%, while the battery

is 94%. This accounts for most of the electrification gains. The electric vehicle also

eliminates wasted braking energy, reducing drivetrain power and relying on regener-

ative braking. The architecture of the electrified system accounts for the remaining
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Figure 4.11: Electric vehicle energy flow from the simulation with average efficiencies
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improvement. Removing the torque converter, which averages 71% efficiency in the

diesel system, further reduces the drivetrain energy consumption. Splitting the driv-

etrain and hydraulic system onto separate motor shafts leads to an increase in main

pump efficiency, from 78% to 83%, since the hydraulic motor speed is chosen solely for

the pump. The diesel system has an overall efficiency of 15%, while the electric system

is 62%. Much of this improvement comes from replacing the engine; however, even when

discounting the power source efficiency the electric system is much better: diesel system

efficiency of 39% is increased in by electrification to 65%.

4.4 Conclusion

This chapter shows the validation and evaluation of optimal cycles for diesel and electric

wheel loaders. The diesel system is evaluated both in simulation using a high-order val-

idated model and experimentally using an HiL testbed with a real engine. The electric

system is evaluated using a simulation of a high order model. Controllers are designed

for automating the operation of diesel and electric wheel loaders to track a given refer-

ence cycle in the simulations. The evaluation shows that the optimal cycles produced

in previous chapter are reasonable and can be followed closely by the vehicles. Per-

formance of each system relative to the optimal cycle is discussed in detail. Energy

consumption predicted by the optimal formulations, the most important part of the
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results, is validated with errors of 2.8%, 0.7%, and 6.0% for the diesel simulation, HiL,

and electric simulation. Detailed energy flow analysis finds that the electric system en-

ergy improvement comes primarily from replacing the engine with a much more efficient

battery, along with allowing regenerative braking, removing the torque converter, and

splitting the drivetrain and hydraulic circuit onto separate motor shafts.

From this process, recommendations for future work to improve the accuracy and

performance of optimal formulations are found: incorporating a constraint on cylinder

motion, steering, and main pump speed to ensure sufficient flow for the diesel system;

including an estimate of steering energy consumption into the optimization; and in-

corporating a more dynamic hydraulic efficiency. Further limiting the power demand

on the engine would make the system easier to control and follow the reference tra-

jectory, but is not the main factor in tracking errors found in the diesel simulation or

experiment. This work further demonstrates the value of systematically designing the

optimal control formulation of autonomous wheel loaders, and using additional methods

to evaluate the realistic performance of an optimized cycle. Future engineers can use

the methodology presented in this chapter to validate and evaluate any reference cycle

for a diesel- or electric-powered wheel loader or other similar machine.



Chapter 5

Conclusion and Discussion

5.1 Review

In review, this work presented two trajectory optimization studies and a study on val-

idation and evaluation of optimal trajectories. The optimization studies developed

control-oriented models and systematically formulated the multi-objective optimal con-

trol problem for a target wheel loader using diesel engine and battery electric power.

The evaluation study developed high-order models and automation control architectures

for each system with analysis of optimal trajectory-following results.

In Chapter 2, the target diesel wheel loader was introduced with a control-oriented

model calibrated using human driving data. The optimal control problem was formu-

lated for this vehicle to optimize both energy efficiency and productivity. A typical drive

cycle was defined and converted into boundary constraints for a multi-stage optimization

problem to meet the objectives for a cycle. Driving data was used to develop constraints

on the state and control variables for a physically realistic optimization setting. This

study found:

• Automation and optimization of the diesel wheel loader can lead to 42.1% improve-

ment in fuel consumption per cycle while maintaining or improving productivity.

• The cost function weights of the multi-objective problem can be adjusted to slide

between 45.9% increase in fuel efficiency or 11.8% increase in productivity over a

human driver as desired.

• Computation time for solving the problem was faster than the time to complete

71
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a cycle, allowing real-time implementation by iteratively re-optimizing the next

cycle while completing the current one.

In Chapter 3, a target compact wheel loader was electrified using a battery and two

PMSM electric motors to split the drivetrain and hydraulic circuit onto different shafts.

Human driving data was used to size parameters for reasonable electric components.

A control-oriented model of the electric system was developed for use in optimization.

The optimal control problem was systematically formulated with new cost function and

constraints based on the electric powertrain, and for a compact version of the diesel

wheel loader with a different drive cycle from Chapter 2 for comparison. This study

found:

• Automation and optimization of the electric wheel loader can lead to 78% increase

in energy efficiency compared to a optimal autonomous diesel wheel loader while

matching productivity per cycle.

• A wheel loader with operating weight of 11,000kg and engine power of 120kW

can be electrified with a 90kWh battery and two PMSM motors with 120kW

and 70kW ratings and match a the daily productivity of a diesel loader with 1.2

battery charges against a human driver and 1.8 battery charger for an optimal

autonomous machine.

• The cost function weights of the multi-objective problem can be adjusted to slide

between 79% increase in fuel efficiency or 40% increase in productivity over the

optimal autonomous diesel vehicle as desired.

In Chapter 4, high order validated models were developed for wheel loaders with

both diesel and electric powertrains with focus on energy consuming subsystems. Con-

trol architectures were designed to automate operation of the vehicle given a desired

trajectory. These together allow for evaluation of any cycle trajectory with detailed

information on energy consumption and reference tracking. The diesel vehicle was also

validated experimentally using an HiL system with a real engine. This study found:

• The optimal diesel fuel consumption predicted by the optimal solution was within

2.8% of the simulation and 0.7% of the HiL experiment.

• The optimal electric energy consumption predicted by the optimal solution was

within 6.0% of the simulation, with the difference accounted for by the steering

circuit’s energy neglected in the control-oriented model.
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• Detailed energy analysis reveals where electrification improves efficiency, including

power source efficiency, regenerative braking, removing the torque converter, and

separating the drivetrain and hydraulic circuits onto different motors.

5.2 Conclusions

This work provides insight into the potential for improving energy efficiency of wheel

loaders and off-highway vehicles in general using automation as a pathway for optimizing

their operation.

• Chapter 2 develops a novel formulation of the optimal control problem for an au-

tonomous diesel wheel loader. This gives a process that can be used for automation

to improve on human operation, with robustness to variation in modeling param-

eters, cycle definition, and constraints. This chapter reveals the advantages to

optimal automation with regard to the key objectives of energy efficiency and

productivity.

• With the systematic formulation shown in Chapter 2, a similar methodology is

applied to an entirely new electric powertrain in Chapter 3. This not only demon-

strates the huge potential for energy savings through both electrification and au-

tomation, but how combining them can extend viability of electric vehicles to a

size range beyond the current state-of-the-art without requiring restrictively large

electric components.

• 4 evaluates the findings of previous chapters for accuracy and feasibility in an

autonomous machine. For optimal results to push off-highway vehicle develop-

ment towards energy-efficient automation, it is crucial to thoroughly investigate

them and motivate the significant technological development automation requires.

This chapter also demonstrated the importance of systematically formulating the

optimal control problems such that modeling assumptions and constraints can

continue to develop to add robustness and adjust to the desired application.

This work suggests that cyclical wheel loader operation can significantly improve energy

efficiency through systematic optimization and automation without loss of productivity.

Building a mathematical system model with reduced complexity and constraining it to

achieve desired objectives within physically realistic bounds is key for developing an
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effective formulation. While diesel power is currently used for wheel loaders above the

smallest sizes, and can itself be notably improved with automation, this work demon-

strates a pathway to using automation to extend electrification further with existing

electrical components.

5.3 Recommendations for Future Work

Future work in this area should focus on further exploration of optimal problem de-

velopment, addressing the technology gaps for automation, and taking steps towards

implementing optimal operation.

When optimizing for energy efficiency and production, it is important to focus model

fidelity around energy consumption while capturing objective output. Chapters 2 and 3

found that focusing on the core of how subsystems consume energy and neglecting faster

dynamics is effective, while evidence provided by Chapter 4 shows incorporating con-

straints which limit operation within controllable bounds is sufficient to allow actuators

to compensate for delays and disturbances induced by neglected dynamics. This recom-

mends future work on incorporating more information into the optimization problem

that could impact energy consumption, such as the efficiency of the hydraulic system.

While assumed constant for this work, the hydraulic efficiency – primarily main pump

efficiency – depends on operating conditions and could be worth the addition of state

and/or control variables to approximate it alongside bucket and engine/motor states.

With regard to further development on the control-oriented hydraulic system model,

Chapter 4 reveals that steering circuit flow and energy consumption can be important.

While small relative to the work circuit and drivetrain, does impact both trajectory

tracking performance – especially when all systems are powered by one engine shaft

– and overall energy – especially when the rest of the system efficiency is relatively

high, as in the electric case. All sets of optimal results emphasize aggressive steering to

minimize driving distance with no penalty on the energy it could require. Future work

could further develop the flow constraints in the optimal formulation to apply to the

diesel system and build an approximation for steering energy with the included states

and controls to consider in the energy cost.

With the autonomous control architecture developed in Chapter 4, simple feedback
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controllers are sufficient for validation and evaluation but could lack robustness and

efficiency in real operation. Future work on optimal controller design that will ensure

cycle objectives such as filling the bucket, reaching the dump site, fully lifting the bucket,

etc. are achieved while maintaining energy efficiency would ease the pathway towards

automation.

With Chapter 3 paving the way for expanding off-highway electrification via optimal

automation, a deeper understanding of the interaction between component specifications

and cycle objectives is needed. Future work on a sizing study for mid-size electric

autonomous wheel loader is supported by this work. It would be valuable to explicitly

demonstrate the potential for downsizing electric components for a given machine, find

the machine size limit for viability of electrification while using optimal automation,

and consider co-optimization of component specifications and cycle trajectory.

Finally, industrial development of autonomous wheel loaders as detailed in this work

will take steps to see implemented. HiL experimentation was shown to be effective for

validation and obtaining a deeper understanding of desired trajectories for the diesel ve-

hicle. Implementing an HiL system for the electric vehicle with real electric components

including the battery, inverters, and motors would be highly desirable for demonstrating

the potential for electrification of larger machines. Future work on partial automation

would also be useful to push technological development, including driver assistance

features and phase-specific automation focused solely on loading, lifting, or way-point

transport.

The work of this thesis demonstrates the potential for optimal automation of off-

highway vehicle, specifically wheel loaders, to significantly contribute towards reducing

energy consumption in the transportation industry. It highlights a method to not only

improve operation with automation, but to expand the scope of viable implementation

of technology like electrification. The formulations and analysis developed in this work

may be used as a reference for future projects around using automation to improve

off-highway energy efficiency.
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Appendix A

Model Parameters and

Specifications

This appendix summarizes the parameters and specifications used in each model. Model

values are pulled from directly relevant data sheets and/or curve fits to data when

available, and otherwise set to reasonable values based on literature and related data

sheets.

A.1 Control-Oriented Model Parameters
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Symbol Value Unit Description

Tbp 50 Nm Brake pump torque

Je 8 kg −m2 Engine shaft inertia

ηe 0.4722 – Engine combustion efficiency

qhv 42.9 MJ/kg Diesel fuel heat value

ncyl 6 – Number of engine cylinders

Vd 0.0067 m3 Engine displacement volume

c1 −3.8 ∗ 10−4 kg/m Engine coulomb friction coefficient

c2 0.1155 kg − s/m Engine viscous friction coefficient

c3 -4.8766 kg − s2/m Engine dry friction coefficient

a1 1.7 ∗ 10−4 kg −m2/rad TC pump torque coefficient

a2 9.9 ∗ 10−5 kg −m2/rad TC pump torque coefficient

a3 −1.6 ∗ 10−4 kg −m2/rad TC pump torque coefficient

b1 4.3 ∗ 10−4 kg −m2/rad TC turbine torque coefficient

b2 −3.1 ∗ 10−4 kg −m2/rad TC turbine torque coefficient

b3 −9.6 ∗ 10−5 kg −m2/rad TC turbine torque coefficient

C 50 – Shift schedule steepness

Jd 19 kg −m2 Driveshaft inertia

Rw 0.761 m Wheel radius

kf 24.67 – Final drive ratio

µ 0.0455 – Rolling friction coefficient

m 18170 kg Vehicle mass

g 9.8 m/s2 Gravitational acceleration

Rb 1 m Bucket center of mass radius

ψ 10 deg Bucket angle differential

mb 1537 kg Bucket mass (empty)

mload 5900 kg Material mass for full bucket

η 0.9 – Hydraulic circuit efficiency

L 3.34 m Vehicle wheelbase length

τs 0.06 s Steering circuit time constant

Ks 1 – Steering circuit gain

Te,max 850 Nm Engine maximum torque

Tmp,max 315 Nm Main pump maximum torque

Nsteps 15 – Time steps for each stage

d 3 – Order of Lagrangian collocation polynomial

Table A.1: Diesel vehicle modeling parameters used in Chapter 2
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Symbol Value Unit Description

Tbp 25 Nm Brake pump torque

Je 4 kg −m2 Engine shaft inertia

ηe 0.4089 – Engine combustion efficiency

qhv 42.9 MJ/kg Diesel fuel heat value

ncyl 4 – Number of engine cylinders

Vd 0.0067 m3 Engine displacement volume

c1 5.7 ∗ 10−5 kg/m Engine coulomb friction coefficient

c2 -0.0133 kg − s/m Engine viscous friction coefficient

c3 1.4328 kg − s2/m Engine dry friction coefficient

a1 9.2 ∗ 10−5 kg −m2/rad TC pump torque coefficient

a2 1.3 ∗ 10−4 kg −m2/rad TC pump torque coefficient

a3 −2.0 ∗ 10−4 kg −m2/rad TC pump torque coefficient

b1 2.3 ∗ 10−4 kg −m2/rad TC turbine torque coefficient

b2 −5.8 ∗ 10−5 kg −m2/rad TC turbine torque coefficient

b3 −1.7 ∗ 10−4 kg −m2/rad TC turbine torque coefficient

C 50 – Shift schedule steepness

Jd 30 kg −m2 Driveshaft inertia

Rw 0.703 m Wheel radius

kf 13.46 – Final drive ratio

µ 0.0455 – Rolling friction coefficient

m 11018 kg Vehicle mass

g 9.8 m/s2 Gravitational acceleration

Rb 1 m Bucket center of mass radius

ψ 60 deg Bucket angle differential

mb 700 kg Bucket mass (empty)

mload 1500 kg Material mass for full bucket

η 0.45 – Hydraulic circuit efficiency

L 2.75 m Vehicle wheelbase length

τs 0.06 s Steering circuit time constant

Ks 1 – Steering circuit gain

Te,max 510 Nm Engine maximum torque

Tmp,max 170 Nm Main pump maximum torque

Tload,max 400 Nm Engine total load maximum torque

Ntransport 15 – Time steps for each transport stage

Nloading 25 – Time steps for each loading stage

d 3 – Order of Lagrangian collocation polynomial

Table A.2: Compact diesel vehicle modeling parameters used in Chapters 3 & 4
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Symbol Value Unit Description

Enom 90 kWh Battery energy capacity

Vnom 800 V Battery voltage

Rbat 1 Ω Battery resistance

Imax 300 A Motor current limit

Φd 0.386 Wb Drive motor magnetic flux strength

Φh 0.2205 Wb Hydraulic motor magnetic flux strength

Pp 4 pairs Motor pole pairs

Lq 0.0032 H Motor q-axis inductance

Ld 0.0017 H Motor d-axis inductance

Rs 0.02 Ω Motor winding resistance

Jd 0.085 kg −m2 Drive motor inertia

Jh 0.05 kg −m2 Hydraulic motor inertia

bd 0.01 N −m− s/rad Drive motor friction coefficient

bh 0.01 N −m− s/rad Hydraulic motor friction coefficient

Pmax,d 121.6 kW Drive motor maximum power

Pmax,h 69.7 kW Hydraulic motor maximum power

Pmax,em 160 kW Total maximum motor power

γt,1 10 – Transmission gear ratio, 1st gear

γt,2 3 – Transmission gear ratio, 2nd gear

γh 2 – Hydraulic shaft fixed gear ratio

p1 0.0214 – Loss electrical coefficient

p2 0.0084 – Loss mechanical coefficient

p3 0.0359 – Loss shaft power coefficient

p4 0 – Loss constant coefficient

Dmp 0.0113 L/rad Main pump maximum displacement

Alift 0.0162 m2 Lift cylinder area

Atilt 0.0103 m2 Tilt cylinder area

pl 0.225 – Lift velocity coefficient

pt 0.3175 m/rad Tilt velocity coefficient

ps 0.0011 m3/rad Steering flow coefficient

pb1 1.838 1/m Bucket quadratic spacial coefficient

pb2 1.293 – Bucket linear spacial coefficient

pb3 -0.2056 m Bucket constant spacial coefficient

Ntransport 75 – Time steps for each transport stage

Nloading 25 – Time steps for each loading stage

d 3 – Order of Lagrangian collocation polynomial

Table A.3: Electric vehicle modeling parameters used in Chapters 3 & 4
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